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ABSTRACT. Historically, total nutrient loads were understood to determine overall
autotrophic growth in Chesapeake Bay. However, the speciation and ratio of
individual nutrients has since been shown to significantly influence phytoplankton
biomass and diversity. We present evidence that the ratio of nitrate to ammonium
strongly affects chlorophyll a concentrations, more so than concentrations of total
nitrogen, or nitrate and ammonium taken alone. Moreover, the ratio’s effect may be
attributed to the preferences of different phytoplankton taxa and their dynamic
competition for particular nitrogen forms.
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INTRODUCTION
Chesapeake Bay, the largest estuary in the U.S., is bounded by a watershed spanning
64,000 square miles across six states and the District of Columbia (1). Its land to water
ratio is 14:1, the most extensive for any coastal watershed in the world (2). Home to 18
million people, the watershed is a hub for production, agriculture and development (3).
With so many people living on a land mass encroaching so significantly on a body of
water, it is no wonder the estuary was dubbed by the Washington Post (4) as “one of the
dirtiest.”
The bay’s nutrient pollution problems primarily stem from excess nitrogen and
phosphorous loading from point and non-point sources (3). When excess nutrients from
fertilizers, sewage treatment plants and stormwater runoff permeate a watershed, they
become available for uptake by algae, which begin to grow excessively (5). When excess
algae die and decompose, oxygen in the water column is depleted, leading to hypoxia,
dead zones, and fish kills (6).
Researchers have explained these eutrophic systems with Liebig’s law of minimum,
stating that plant growth is controlled by the scarcest resource, or limiting factor (7).
When neither macronutrients nor micronutrients is limiting, algae growth is
overstimulated. The law of the minimum has motivated mitigation efforts aimed at
reducing the limiting nutrient to decelerate eutrophication and improve water quality.
However, nutrient loading only partially explains the pattern of algae abundance in
water columns. While total nutrient load prevails over autotrophic growth, the ratio of
individual nutrients significantly influences phytoplankton biomass (8). Nutrient
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stoichiometry was first noted in 1933 by the oceanographer Alfred Redfield, who
observed that the ratio between nitrogen and phosphorous atoms in plankton cells
(N:P) was unexpectedly similar to that of dissolved, inorganic nitrate and phosphate in
marine waters (9). Today, it is generally acknowledged that Redfield’s ratio represents
N:P averaged over variable environmental conditions and phylogenetic groups (10).
Further, it is but one manifestation of the theory that stoichiometry exists because a
nutrient’s concentration in the water column depends not only on its availability in the
environment, but also on aquatic organisms’ abilities to uptake and assimilate it (11).
Under varying ecological conditions wherein communities of autotrophs live in waters
suffused with various nutrients, different species of phytoplankton respond to each
resource differently, according to their own nutritional needs, modulating and being
modulated by nutrient stoichiometries in the water column (8).
Beyond nutrient ratios, researchers have reported that stoichiometry in different
forms of nutrients also influence phytoplankton growth. Specifically, the preference of
cyanobacteria and diatoms, respectively, for ammonium (NH4+ ) and nitrate (NO3-) has
been reported in field studies at multiple locations ((12), (13), (14)).
This difference in N-form preferences has been used to explain the
counterintuitive observation referred to as the “ammonium paradox” (15). It is a broadly
held principle that phytoplankton expend less energy taking up NH4+ over other Nforms (16), and should therefore theoretically thrive in an environment rich in NH4+.
Despite this supposition, field experiments in the San Francisco Bay-Delta showed
higher NH4+ linked to diminished algae growth ((17), (18), (19)).
To explain this paradox, Glibert offers several theories (20) describing how the
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ratio between nitrate and ammonium (N:A) affects the composition of a phytoplankton
community and therefore, phytoplankton biomass. Essentially, the relative
concentrations of reduced (NH4+ ) versus oxidized (NO3-) forms of nitrogen in the water
column elicit a variety of cellular responses within the individual organism, the
cumulative effects of which eventually cascade upwards to the community level.
Focusing solely on energetics as the regulatory mechanism for stoichiometry ignores the
cellular pathways organisms have opportunistically evolved to maintain homeostasis in
the face of variable environments (21).
Among cyanobacteria, NH4+ is the preferred N-source (22), with transportation
and assimilation generally unaffected by NO3- levels (20). For phytoplankton to
assimilate N into proteins, it must be in reduced form, where it serves as a substrate
inside the cell for glutamine synthetase, which fixes NH4+ into glutamine; glutamine is
then synthesized into other amino acids (23). Researchers previously supposed that
cyanobacteria absorbed NH4+ through simple diffusion, but it is now apparent that
aquaporins—proteins in the cell membrane conducting water and solutes into and out of
the cell—must actively maintain intracellular NH4+ at sufficient concentrations for
glutamine synthetase to operate effectively (23).
Dahm reports that, among diatoms, the preferred N-source is NO3-, even in the
presence of high NH4+ levels (24), probably because they have evolved cellular
transporters with a high affinity for NO3- (25). Studies show that elevated NH4+
inhibits both transport of NO3- into phytoplankton cells, as well as assimilation of NO3within cells (26). The inhibition of NO3- by NH4+ appears to occur at both
transcriptional and posttranscriptional phases, although phytoplankton seem to be less
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sensitive to NH4+ alone than to N:A (26).
The contrasting preferences for NH4+ and NO3- by, respectively, cyanobacteria
and diatoms, is consistent with their evolutionary development. Cyanobacteria evolved
under anaerobic conditions. They are believed to be the only organisms to have
organically evolved the ability to photosynthesize, other photoautotrophs having gained
this ability through endosymbiosis with cyanobacteria (27). They are further believed to
have caused the so-called “Great Oxidation Event,” that period between 2.45-2.32
billion years ago in which atmospheric oxygen levels rose to their current levels (28).
Diatoms evolved more recently, about one billion years ago, from the endosymbiosis of
red alga and an eukaryotic heterotroph (29), in an oxygenated atmosphere that would
therefore be more hospitable to N’s oxidized forms.
Whatever the specific mechanisms for homeostasis, Sperfeld et al. propose it is
rooted in the fitness and natural selection of organisms that have evolved metabolic
pathways to uptake and assimilate nutrients to maintain their internal composition in a
changing environment (21). Further, the aggregate, cumulative effects of these
subcellular interactions with the environment cascade upwards, until they are ultimately
manifest at individual, at community, and at large, ecosystem scales.
The large, ecosystem scale of the Chesapeake Bay is this paper’s setting. At this
scale, the influence of N:A on phytoplankton growth is further complicated by
fluctuations in the relative concentrations of NH4+ and NO3- within the watershed’s
network of streams. As opposed to being determined solely by terrestrial input, N:A is
dynamic, subject to in-stream transformations, which can sometimes occur within
minutes to hours of loading (30). In turn, in-stream transformations are facilitated by
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dynamic processes—the net result of biological activity, other nutrients, and a stream’s
physical attributes, such as depth and velocity.
Previous studies have examined nutrient uptake on large spatial and temporal scales,
across stream gradients and landscape types ((31), (32), (33)). There have also been
numerous studies investigating nutrient dynamics and algae proliferation, such as those
examining N:A’s impact on the growth of harmful algal species ((34), (20)). To our
knowledge, no one has investigated the nexus between these topics, as we do here.
We derived our data from multiple sources, which introduces heterogeneity and
constrains our ability to definitively establish causal relationships. Nonetheless, the data
include measurements of water quality indicators, phytoplankton counts, and land
attributes over multiple seasons, years, and watersheds. As such, they provide us with
the opportunity to holistically investigate biogeochemical patterns underlying eutrophic
systems around the Chesapeake.

METHODS
Data. We used three broad types of raw data in this study. The first two, measurements
of water nutrients and counts of phytoplankton taxa, were collected at monitoring
stations around the Chesapeake Bay. The third are data on elevation, impermeable
surfaces, and land use derived from rasters of satellite imagery and from models. The
dataset of water nutrients consists of 15,922 observations gathered over 11 years (from
2005-2015) from 260 monitoring stations in 165 watersheds, defined at the 12-digit
Hydrologic Unit Code (HUC12) level. Spatial distribution of the monitoring stations is
shown in Figure 2. The phytoplankton dataset consists of 2,219 observations collected

6

DRAFT. DO NOT CITE OR QUOTE
from 41 monitoring stations in 27 HUC12s over 8 years (from 2005-2012). The data and
their provenance are summarized in Table 1.
Table 1. Description and source of data used in this study
Data

Description

Water nutrients

Concentrations (µg/L) of
chlorophyll a, nitrate, ammonium,
particulate carbon, dissolved
oxygen, total phosphorous, and
total nitrogen.

Phytoplankton

Counts of individuals in various
phytoplankton taxa

Land Use and
Impermeable
Surfaces

Raster based on satellite imagery

Elevation

Raster based on satellite imagery

Base Flow Index

Raster based on base flow model

Source and Metadata
http://datahub.chesapeakebay.net/
WaterQuality
Metadata:
https://www.chesapeakebay.net/documents/
3676/
wq_data_userguide_10feb12_mod.pdf
http://datahub.chesapeakebay.net/
LivingResources
https://www.sciencebase.gov/catalog/item/
5a1c31b9e4b09fc93dd63982
https://www.sciencebase.gov/catalog/item/
559e96ffe4b0b94a64018fb4
https://water.usgs.gov/GIS/metadata/
usgswrd/XML/nhd_bfi.xml

Processing point data. We log-transformed data on nutrient concentrations,
replacing zero values with 10-4, filtering data to include only those from monitoring
stations with at least three observations per season per year. We binned observations
into seasons, defining these as spring (March-May), summer (June-August), fall
(September-November), and winter (December-February). We discarded outliers using
a Cleveland plot, as prescribed by Zuur et al. (35).
Raw phytoplankton data were identified at various taxonomic levels, including a
group, labelled “blue green sphere”, used to refer to miscellaneous cyanobacteria. To
organize the data, we first categorized observations by phylum, based on taxonomy in
the online source AlgaeBase (http://www.algaebase.org). These phyla included
bacillariophyta, chlorophyta, cyanobacteria, dinoflagellata, euglenophyta,
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heterokontophyta, miozoa, ochrophta, and sarcomastigophora. Because some phyla,
such as heterokontophyte, contain a wide range of species, we looked at specific species
within these phyla and grouped them by common name, hereafter referred to as
functional groups. For example, bacillariophyta were reclassified using their common
name, diatom. Ultimately, we established four such functional groups: cyanobacteria,
diatom, dinoflagellate, and chlorophyte. Phytoplankton types with negligible counts,
such as those in the phylum sarcomastigophora, were eliminated from the analysis.
For each record, we calculated the proportion of each taxa out of the total
phytoplankton count. We then merged the phytoplankton and water nutrients dataset
by linking observations taken at the same monitoring site and on the same day, month,
and year.
Processing spatial data. We manipulated all spatial data using various R GIS
packages ((36),(37),(38),(39)). After merging all original GeoTiff rasters into a regional
raster covering the Chesapeake Bay area, we generated multiple, smaller rasters by
cropping the regional raster around the shapefile defined for each HUC12. We converted
these into matrices of pixel counts at the HUC-12 level. For each of these matrices, we
counted the number of pixels corresponding to a pixel category or numeric index and
estimated the proportion of these counts out of the total number of pixels. These
proportions served as an indicator of the proportion of land in a HUC12 associated with
a pixel category or index.
For the discrete categories underlying the land use raster, we relied on the
Anderson Land Use/Land Cover Classification scheme to categorize the raster pixels
(40). For the rasters with underlying indices measured on a continuous scale (elevation,
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impervious surface, and base flow), we converted these indices into discrete categories
by creating tertiles from the continuous scale, and calculated the proportion of each
HUC12 in each tertile.
Spatial bins based on land attributes and proximity. To establish spatial bins,
we identified the land attributes most closely related to chlorophyll a and N:A,
performing a canonical coefficient analysis (CCA) across all HUC12s (41). Using these
attributes, we conducted a cluster analysis based on Ward hierarchical clustering,
constrained by the geographical proximity of centroids of each HUC12 polygon (42). To
summarize and visualize the dominant attributes in each spatial bin or cluster, we
developed an index ranging from 0-1 for each attribute, using min-max normalization
(43).
Nutrient level comparisons based on group-level differences. To compare
differences in the levels of selected nutrients in different groups, we relied on Bayesian
Analyses of Variance (BANOVA), a form of hierarchical, Bayesian (HB) modeling
((44), (45)). We conducted a BANOVA in three analyses to evaluate differences: (1) in
chlorophyll a concentrations among spatial bins; (2) in N:A among spatial bins; and (3)
in chlorophyll a in bins defined spatially, seasonally, and by N:A groups (see next
section). Model details can be found in the Supporting Information online.
N:A groups based on model’s inflection points. To investigate the relationship
between phytoplankton composition and chlorophyll a, we used General Additive
Models (GAMs) (46). We developed GAMs in three analyses. In the first two, we
analyzed the phytoplankton dataset. First, we evaluated the relationships between N:A
and diatom and cyanobacteria counts; and second, the relationship between N:A and
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chlorophyll a. In the third application, we used GAM on the water nutrient dataset to
analyze the relationship between N:A levels and chlorophyll a. In all three applications,
we used the GAM inflection points to define three N:A groups of high, medium, and low
N:A values.
Nutrient influence on chlorophyll a based on group-level differences. We
used HB regression to estimate predictor coefficients, allowing these to vary based on
groups to which individual observations belonged (47). We estimated parameters at
both the population level, as well as at each combination of spatial bin and season.
Model details are available in the Supplemental Information online.

RESULTS
Spatial bins. The CCA indicates there are two statistically significant canonical
functions (Table 2), based on Wilk’s lambda test (41). These functions show seven
attributes correlate with chlorophyll a and N:A that have absolute values of structure
coefficients greater than 0.40. These are low elevation, elevation variability, elevation
range, and proportion in each HUC12 of water (i.e. ponds and lakes), wetlands,
agriculture, and forests (Table 3). Elevation variability is the variation in elevation
within the HUC12; elevation range is the difference between minimum and maximum
elevations.
Table 2. Wilk’s test for Significance of Canonical
functions in Canonical Coefficient Analysis, showing
both function are statistically significant with p-values <
0.05.
Wilks L

F

df1

df2

p

0.24

11.80

26

300

0.00

0.86

2.10

12

151

0.02
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Table 3. Canonical Coefficient Analysis Standardized Weights and Structure Coefficients.
Highlighted covariates have structure coefficients > 0.40. For chlorophyll a, green and yellow highlights
indicate, respectively, positive and negative correlations. For N:A, the reverse is true.
Standardized Weights

Structure Coefficients

Function 1

Function 2

Function 1

Function2

N:A

0.89

0.90

0.99

0.13

Chlorophyll a

-0.16

1.26

-0.71

0.70

Low Elevation

-0.31

0.85

-0.84

0.22

Elevation Range
Water

1.40
-0.40

0.78
-0.33

0.83
-0.65

-0.15
-0.12

Elevation Variability

-0.93

-0.72

0.64

-0.15

Wetland

-0.12

-0.44

-0.51

-0.01

Agriculture
Forest

-0.09
-0.30

0.47
-0.74

0.51
0.30

0.43
-0.44

High Elevation

-0.02

0.10

0.28

-0.13

Low Base Flow

0.11

0.39

0.15

0.10

Low Impermeable Surface
Developed

0.69
0.50

2.60
6.53

-0.09
0.07

-0.08
0.12

High Impermeable Surface

-0.17

-4.25

0.06

0.10

High Base Flow

0.02

0.41

-0.01

0.27

Dependent Variables

Covariates

The K-means cluster analysis based on these attributes yielded six spatial bins
(Figure 1). Because the water and wetland attributes were highly related, we dropped the
latter. We then conducted a Ward hierarchical clustering, constrained by geographical
proximity. In such a clustering, one has the option of choosing how much weight to
allocate values based on land attributes versus geographical proximity. Based on a scree
plot, we assigned 90% weight to the former. The geographical distribution of the spatial
bins, along with location of the monitoring stations and their average chlorophyll a
levels broken into tertiles, is shown in Figure 2.
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Figure 1. Dominant land attributes in each spatial bin
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Figure 2. Distribution of chlorophyll a levels in monitoring stations around Chesapeake Bay, each station
within a spatial bin defined by land attributes.

Nutrient levels. Having clustered the all HUC12s into six spatial bins, we did a
frequency count of average chlorophyll a concentrations within each bin and season
combination (Figure 3).
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Figure 3. Histogram showing counts of log(chlorophyll a) in each spatial bin and season.
Numbers within each cell is the sample size. Taller, dark dashed line represents the grand mean (1.8
µg/L). Shorter, red dashed line represents 3.9 µg/L or log(50), where 50 µg/L is the water quality goal for
chlorophyll a in Maryland jurisdictions (48).

We also conducted three BANOVAs. Kruschke and Liddel provide an overview of
different data analytic approaches to scientific inference (49). For HB modeling, they
recommend using High Density Intervals (HDI) to report results.
Our first BANOVA models the mean of average chlorophyll a concentrations
within each spatial bin across all seasons (Figure 4). The second BANOVA models the
mean of N:A within each spatial bin across all seasons (Figure 5). The third is a threeway BANOVA featuring the influence of spatial bins, seasons, and N:A groups on
chlorophyll a concentrations (Figure 6).
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Figure 4. BANOVA showing the distribution of estimated means of log(chlorophyll a) in
each spatial bin. Tall, red dashed line represents the grand mean, 1.58 µg/L. The group means for
bins 1 through 6 are, respectively, 2.43, 1.82, 1.66, 1.64, 0.98, and 0.94 . Numeric details of the HDIs are
available in Table S2 in the Supporting Information online.

Figure 5. BANOVA showing the distribution of estimated means of N:A in each spatial
bin. Tall, red dashed line represents the grand mean, 2.0 µg/L. The group means for bins 1 through 6
are, respectively, 1.46, 0.58, 1.07, 2.58, 2.28, 4.02. Numeric details of the HDIs are available in Table
S3 in the Supporting Information online.
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Figure 6. Three-way BANOVA showing distribution of estimated means of the log of
simulated chloropyll a (µg/L) in each combination of spatial bin, season, and N:A group.
(Note: zero values are not logged). Horizontal, red dashed line represents the grand mean, which is 1.62
µg/L . Horizontal, blue solid line is the group mean. For each N:A group, the thin, black vertical line is
the 80% HDI. Thicker, colored vertical lines are the 50% HDI. Points in the center are the HDI mean.
For example, during the summer in spatial bin 6, the group mean for chlorophyll a (horizontal, solid,
blue line) is higher than the population mean (horizontal, dashed, red line). This is primarily because
chlorophyll a is high in the low N:A group (the red dot); it is higher than both group and population
mean. In contrast, chlorophyll a in the high N:A group (the blue dot) is low. Numeric details of the
HDIs are available in Table S4 in the Supporting Information online.

N:A Groups. We developed five GAMs. The first, second, and third GAMs are based on
the phytoplankton data set and model the relationship between N:A percentiles and,
respectively, the proportion of diatoms and cyanobacteria out of the total count of
phytoplankton, as well as their joint proportion (Figure 7a). To develop the GAM, we
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averaged proportions across all observations within each N:A percentile. The fourth
GAM is based on the phytoplankton data merged with water nutrients data. For this, we
modeled the relationship between N:A percentile and chlorophyll a levels (Figure 7b).
The fifth GAM was developed for the entire water nutrient dataset, modeling N:A
percentiles versus chlorophyll a levels. The GAM model is not shown but the inflection
points occur when N:A is -1.03 and 3.08. For all models, we estimated the inflection
points in the GAM by noting shifts in the value and sign of the GAM slopes.
Figure 7. General Additive Models for phytoplankton data. (a) N:A percentile vs. proportion
of cyanobacteria, diatoms, and their joint proportion. Inflection points occur when N:A percentiles are
30% and 78%, or when N:A is -0.77 and 2.07 . (b) N:A percentile vs. log(chlorophyll a). Inflection
points occur when N:A percentiles are 34% and 81%, or when N:A is -0.53 and 2.28.

(a)

(b)
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Nutrient influence on chlorophyll a. We developed an HB regression model to
analyze the relationship between selected nutrients and chlorophyll a at both the
population- and group-levels, shown in Figures 8 and 9, respectively.
Figure 8. Parameter estimates for regression coefficients relating nutrients to
chlorophyll a at the population level. The thin lines, thick lines, and points respectively represent
the 80% HDI, 50% HDI, and mean for the estimates. Definitions of the predictors and the HDI values
of their estimates are available in Table S5 in the Supporting Information online.
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Figure 9. Parameter estimates for regression coefficients relating nutrients to
chlorophyll a at the group level, defined by season and spatial bin. Only estimates for the
first-order polynomial for N:A are shown. HDI values for all parameters are available in Table S6 of the
Supporting Information online.
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DISCUSSION
Data support the following hypotheses: (1) the ratio of nitrate to ammonium
strongly influences chlorophyll a concentrations in the water column, more so than
concentrations of total nitrogen, or nitrate and ammonium taken alone; (2) N:A’s
influence on chlorophyll a is variable across seasons and across spatial bins defined by
land attributes; and (3) N:A’s influence is moderated by particulate carbon, dissolved
oxygen, and by the composition of the phytoplankton community in the water column,
specifically, the relative proportions of diatoms and cyanobacteria. These hypotheses
support the argument, made by some researchers, that water quality models based on
nutrient loads and rate constants can be improved with information on how nutrients
interact with the microbiome (50).
Variability in chlorophyll a concentrations around Chesapeake Bay.
Chlorophyll a concentrations are highest in spatial bins 1 and 2. This is apparent in
Figure 2’s map, and corroborated by Figure 3’s histogram and Figure 4’s BANOVA.
Conversely, observations with the lowest average chlorophyll a levels are in bins 5 and 6.
Influence of N:A on chlorophyll a concentrations. Considered alongside Figure
4, the BANOVA in Figure 5 highligths the influence of N:A on phytoplankton biomass.
Figure 5 is almost an inverse image of Figure 4, indicating that bins with higher N:A
tend to have lower chlorophyll a concentrations, while lower N:A is associated with
higher chlorophyll a.
These BANOVA results are corroborated by the parameter estimates generated by
the HB regression models featured in Figures 8 and 9. The estimates in Figure 8 suggest
20
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N:A influences chlorophyll a more than any other water quality indicator in the dataset.
Compared to the parameter estimates for particulate carbon (PC), total nitrogen, total
phosphate, dissolved oxygen (DO), pH, and water temperature, the estimates associated
with the polynomial form of N:A, along with their interaction terms, are strongly
positive or negative.
The estimate for the first-order polynomial form (N:A(1)) provides supporting
evidence for the BANOVAs of Figures 4 and 5 showing that N:A is negatively associated
with chlorophyll a. In Figure 8, chlorophyll a relates inversely with N:A(1). While this is
the overall trend, Figure 9 shows the dynamic nature of this relationship across seasons
and spatial bins.
Variability of N:A’s Influence. N:A’s complex interactions with chlorophyll a is first
suggested by the model form itself. Compared to alternative HB models (see Table S1 in
the Supporting Information online), this model delivered the best results, suggesting
that this form is most capable of computationally capturing the shifting influence of N:A
on chlorophyll a.
Adding to this dynamism, Figure 9 shows N:A’s influence is not only moderated
by PC and DO, but also that these interactions vary with season and spatial bin. Despite
these variations, some general patterns are distinguishable.
Across all bins, the effects of N:A and PC taken alone are neutral. Their effects on
chlorophyll a manifest in their interactions with each other and with DO. Across all bins
during spring, the moderating influence of PC and DO on N:A is slightly to strongly
positive. This pattern is also true across all seasons for bin 1, but differs across other
bins and seasons. For example, in bins 5 and 6, PC’s moderating influence of PC
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becomes negative in summer and fall. We discuss possible reasons for these patterns
later.
Influence of N:A and phytoplankton composition on chlorophyll a
concentrations. The GAMs in Figure 7a suggest that as N:A increases, the proportion
of diatoms increases at a steady rate, while that of cyanobacteria decreases at varying
rates. We also developed a GAM for the taxa’s joint proportions. This third GAM has two
inflection points, essentially dividing the N:A percentiles into three groups. In the first,
the joint proportion increases as the proportion of diatoms increases, while that of
cyanobacteria either increases or decreases at a slow rate. In the second, cyanobacteria
decrease much faster, resulting in the joint proportion’s decrease. In the third, the rate
of decreasing cyanobacteria slows and that of diatoms increases steadily, resulting in an
increasing joint proportion.
These patterns in Figure 7a can be explained by a key difference in the uptake of
NH4+ and NO3-. Generally, NH4+ in the water column suppresses pathways responsible
for NH4+ uptake into the phytoplankton cell, while NO3-’s presence enhances its uptake
(20). Increasing N:A should therefore be strongly associated with increasing levels of
diatoms, given their preference for NO3-. For cyanobacteria, the effect of increasing N:A
is more complex. Increasing N:A implies less available NH4+ in the water column
relative to NO3-, but also less suppression of NH4+ uptake into the cell. Cyanobacteria’s
uptake of NH4+ and their subsequent increase in biomass therefore results from the
balance between these two opposing factors.
We developed a fourth GAM to investigate the relationship between N:A and
chlorophyll a (Figure 7b), which shows a similar pattern to the joint GAM in Figure 7a.
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The two GAMS show inflection points at roughly the same N:A levels. We hypothesize
the pattern in Figure 7b is caused primarily by the disparate effects of N:A on diatoms
and cyanobacteria, the two dominant taxa in our phytoplankton dataset.
Testing and interpreting the influence of N:A on chlorophyll a
concentrations. Unfortunately, not all observations in the water nutrient dataset
contained phytoplankton counts. We did, however, use all the data to develop a GAM of
N:A versus chlorophyll a. The resulting model showed two inflection points, at levels
where N:A was equal to -1.03 and 3.08. Using this information, we binned the
observations into three groups with low (below -1.03), high (above 3.08), and medium
values of N:A.
We used these N:A groups to partition simulated data from the HB regression
model and conducted a BANOVA on these data (Figure 6). The BANOVA suggests (1)
chlorophyll a levels differ across combinations of temporal and spatial bins; and (2)
within each such combination, chlorophyll a is related to N:A in a way that might
explain variation of chlorophyll a levels in the water nutrients dataset.
In Figure 6, for bin 1 across all seasons, the group means lie above the population
mean. This happens because chlorophyll a production is high in the low N:A group;
across all seasons in bin 1, the HDI mean for the low N:A group exceeds both the group
and population means. Contrariwise, in bins 5 and 6 in spring, chlorophyll a production
falls to 0 within the low N:A group, the net result being that group means fall below the
population mean.
If, as we hypothesize, patterns in the water nutrients data can be explained by Nform preferences among different phytoplankton taxa, then Figure 6 suggests that
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during spring, bins 5 and 6 do not provide an environment where cyanobacteria thrive.
This situation changes in the summer, when chlorophyll a production does occur at low
N:A, to a point where group means are either above or only slightly below the
population mean. On the other hand, given the high levels of chlorophyll a production
in bin 1 at low N:A across all seasons, watersheds there likely provide hospitable
conditions for cyanobacteria.
These hypotheses also help explain the interaction effects among DO, PC, and
N:A in Figure 9. PC is a strong correlate of chlorophyll a and we assume it is an
indicator of phytoplankton that are already in the water column and that moderate
N:A’s effects. DO is an oxidizing agent influencing N:A levels.
Figure 6 indicates that across all seasons, watersheds in bin 1 contain
phytoplankton communities that are sufficiently diverse to have taxa thriving in each
N:A group. It follows that in Figure 9, N:A, DO, and PC would interact positively to
produce more chlorophyll a, because the diverse mix of taxa could uptake and assimilate
any N-form along the N:A gradient.
In bins 5 and 6, the situation is more complicated. Figure 6 indicates that in
spring, these bins are dominated by taxa thriving primarily at high N:A levels. We
would therefore expect PC, DO, and N:A to have positive interactions stimulating
chlorophyll a production. This is corroborated by the interaction effects shown in Figure
9. But Figure 6 also indicates that in summer and fall, the phytoplankton communities
in these bins diversify to include taxa with N-preferences across all N:A levels. In these
situations, Figure 9 shows the over-all interaction effects of PC, DO, and N:A are to
inhibit chlorophyll a production.
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Glibert et al. suggest that under non-steady state conditions, as when nutrients
are in excess, phytoplankton “chase” rather than “anticipate” environmental changes
(20). If N:A levels vary from spring to summer and fall, the composition of the
phytoplankton community adapted for spring N:A levels may lag behind and not be
optimally adapted as N:A shifts to fall and summer levels.
If this is true, then PC, DO, and N:A may interact to ultimately inhibit chlorophyll
a production. Figure 10 shows that N:A levels in bins 5 and 6 dip in summer and fall,
perhaps to levels that are too low for taxa preferring high N:A. But Figure 10 also shows
that despite this dip, these levels are still higher than they are in bin 1, perhaps at levels
too high for taxa preferring low N:A. The net effect is a mismatch between N:A levels
and a phytoplankton community ill-adapted to take advantage of these levels. Similar
processes may explain the variability in Figure 9’s parameter values.
To summarize, the results from the BANOVAs, HB model, and GAMs provide a
speculative, but nonetheless plausible explanation of how variability in N:A influences
chlorophyll a. Local spatial and temporal conditions determine N:A levels. In turn, N:A
levels lead to different levels of chlorophyll a production, depending on the N-form
preferences of the phytoplankton community within each temporal and spatial gradient.
Influence of temporal and spatial conditions on N:A levels. It is beyond the
scope of this paper to provide a full explanation of how temporal and spatial conditions
affect N:A levels. But we briefly raise some possible mechanism suggested by Figures 2
and 10 and suggest that this be an area for future research. Figure 10 shows the monthly
variation in average log concentrations of selected water nutrients. Across all spatial
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bins, N:A levels plunge during the summer months, primarily because of a drop in NO3levels. This dip in N:A is associated with increases in chlorophyll a. However, N:A levels
in bins 4,5, and 6 remain relatively higher and chlorophyll a relatively lower, because
NO3- levels do not drop as significantly during the summer. Indeed, in bin 6, NO3- levels
remain relatively high throughout the year. This seasonal pattern of N:A, along with the
hypothesis regarding the N-form preferences of diatoms and cyanobacteria, is
consistent with the results in Figure 3’s histogram and Figure 6’s BANOVA.

Figure 10. Average concentrations of selected nutrients per month in a given year.

Figure 1 provides a snapshot of the main land attributes of each spatial bin. In bin
6, despite the large proportion of agricultural land, an attribute typically associated with
eutrophication, it also has the lowest index for the proportion of water (i.e, ponds and
lakes), the highest index for elevation range and variability, and mid-levels of forested
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land. Bins 1 and 2 have not only the lowest elevation, but also the lowest variability in
elevation. Additionally, bin 2 has the highest proportion of water.
When considered alongside Figure 2’s map and Figure 5’s BANOVA, Figure 1
suggests a spatial gradient wherein N:A decreases as water flows downstream to lower
elevations. At these lower elevations, the proportion of water in the HUC12 and the
dynamics of the Chesapeake estuary are most influential. Cha et al. note a similar
pattern in North Carolina’s Neuse Estuary and attribute it to the possibility that,
downstream, internal processes rather than riverine input exert a more dominant
influence on nutrient composition, particularly during the low-flow conditions of the
summer months (51). Peterson et al. report that headwater streams tend to be higher in
NO3- because riverine input tends to be higher in nitrate than ammonium and because
NH4+ tends to be rapidly removed by assimilation, sorption, and nitrification (30),
processes that would be enhanced by the higher stream flows that greater elevation
variability would introduce. With regards to the influence of lakes and ponds, Coban et
al. concluded that wetlands create an ecosystem conducive to N-transformations (52).
They found that N-transforming bacteria, as well as the functional genes primarily
responsible for N-transformations, were mainly distributed along the flow path of water
in wetlands.
The foregoing may explain how land attributes influence N:A. At higher
elevations, N:A is more reflective of nitrogen loads, which is predominantly NO3-, and of
the relatively more rapid removal of NH4+ from the water column. At lower elevations,
particularly in those locations where wetlands provide a haven for N-transformations,
N:A is more reflective of in-stream processes favoring NH4+ . These higher NH4+ levels
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create conditions where cyanobacteria, based on energetic and metabolic advantages,
can compete more effectively for the resources they need, thereby leading to higher
chlorophyll a concentrations.
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