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INTRODUCTION

Submerged aquatic vegetation (SAV) provides a
wide range of ecosystem services to coastal marine
systems, estuaries, lakes, and rivers. Some of these
services, such as providing structural habitat for fish
and crustaceans (Heck & Thoman 1984, Heck et al.
2003) or food for waterfowl and aquatic mammals
(Lubbers et al. 1990), directly support aquatic biota
(Heck & Thoman 1984, Heck et al. 2003). Other
 services provided by SAV affect the biota indirectly
by altering ecosystem processes. For example, SAV

can stabilize sediments (Agawin & Duarte 2002, Bos
et al. 2007) by dampening water movements (Hem-
minga & Duarte 2000, Gruber et al. 2011) and can
regulate water quality within SAV beds (pH, dissol -
ved oxygen, and nutrient levels) (Hemminga &
Duarte 2000, Lubbers et al. 1990, Wigand et al. 2001).
As SAV is so functionally important, better under-
standing of the causes of temporal variation in its
abundance is an important research and manage-
ment goal (Orth et al. 2006).

The sources of variability in SAV density and areal
coverage are complex, particularly in large, dynamic
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estuaries with many tributaries (Cerco & Moore
2001). The strengths of stressors on SAV can vary
spatially. For example, stressors from human activi-
ties on the land are heterogeneously distributed
among watersheds (Li et al. 2007, Patrick et al. 2014).
The effects of natural stressors that drive SAV
dynamics (Robbins & Bell 2000), particularly storms,
also vary spatially. There have been some efforts to
characterize temporal dynamics in SAV across large
landscapes. For example, Orth et al. (2010) compared
temporal trends in SAV abundance among 7 large
case study areas within the Chesapeake Bay and also
among the bay’s major salinity zones. They related
those trends to water quality changes, and they
demonstrated that SAV was recovering from prior
declines at different rates in the different salinity
zones. Lyons et al. (2013) used remote sensing to
characterize differences in the trends of cover, per-
sistence, and density among different seagrass
meadows of the Eastern Banks of Australia.

Multiyear trends are important, but are not the
only components of temporal variation. Interannual
variation in abundance is a less-studied component
of temporal patterns that may appear as fluctuations
around a mean level or around a multiyear trend
(Fig. 1A) (Turchin 2003). Important year-to-year vari-
ations can even be masked by multiyear trends
(Fig. 1B). Quantifying year-to-year variation in SAV
abundance (Fig. 1C) and understanding its causes

are important questions in their own right and can
provide additional information to help understand
trends. Focusing explicitly on the interannual varia-
tion can enable better characterization of important
drivers, particularly when many variables are simul-
taneously changing through time (Turchin 2003).

Quantifying the synchronicity of interannual varia-
tion among subunits of a system can be especially
informative. Synchronous variations in SAV abun-
dance across many tributaries of an estuary can
reveal the drivers that control variation at large
extents and help separate the shared patterns from
the idiosyncrasies of individual tributaries. Groups of
tributaries with SAV that respond synchronously can
be managed with a single plan, but tributaries with
markedly different dynamics may require different
management strategies.

We used the Chesapeake Bay as a case study to
quantify the synchronicity in SAV abundance among
embayments in a large estuary and to examine the
causes of interannual fluctuations in SAV abun-
dance. The Chesapeake has experienced major
changes in SAV abundance over the last several de -
cades (Moore et al. 2000; http://www.vims.edu/ bio/
sav), and there is a strong regional interest in re -
storing SAV. Bay-wide SAV abundance had been
declining gradually for decades before 1972, the year
when SAV populations crashed after Hurricane
Agnes (Orth & Moore 1984). Since 1972, parts of the
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Fig. 1. Conceptual diagram illustrating the different types of temporal variation that can be extracted from a time series. (A)
A hypothetical example of SAV recovering over time. (B) Multiyear trends, either curvilinear or linear, can be fitted to the data.
(C) The residual interannual variation after removing the linear trend (B) from the time series (A). Quantifying and explaining
this residual interannual variation (C) was the focus of our analyses, while previous studies of SAV dynamics have focused
instead on trends (B). (D) A hypothetical example of SAV abundance recovering over time in many subestuaries. (E) The first
common mode of variation extracted from the multi-dimensional data set using empirical orthgonal function (EOF) analysis.

This mode can also be detrended as illustrated in (A) to (C)
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bay have shown different temporal patterns of SAV
abundance, including further declines, strong re -
covery, slow recovery followed by a collapse, no
change, and frequent boom and bust cycles. The
wealth of monitoring data available for Chesapeake
and prior work on temporal trends and their relation
to changes in water quality (Orth et al. 2010) made
the Chesapeake an ideal case for our study of inter-
annual variability. Broader understanding of spatial
and temporal variation in stressors and SAV
responses will help meet the restoration goals for the
entire estuary (Batiuk et al 1992, 2000) and will help
to inform restoration efforts in other systems with
complex SAV dynamics.

The Chesapeake Bay is a diverse system with 23
SAV species, which differ in substrate preference,
morphology, minimum light requirement, heat toler-
ance, sensitivity to waves and other physical forces,
growth rate, and dispersal capability (Bourn 1932,
Backman & Barilotti 1976, Congdon & McComb
1979, Goldsborough & Kemp 1988, Steward 1991,
Kimber et al. 1995, Moore et al. 2000, Kemp et al.
2004). Dividing the estuary into salinity zones helps
account for some of those differences (Moore et al.
2000, Orth et al. 2010, Patrick et al. 2014, 2015) in
SAV responses to stressors. For example, poor water
clarity may have greater impacts on polyhaline SAV
communities dominated by Zostera marina because
Z. marina requires more light than the species domi-
nant in the lower salinity zones (Batiuk et al. 2000,
Kemp et al. 2004).

In this study, we analyzed the patterns and po -
tential causes of interannual fluctuations in SAV
abundance in Chesapeake Bay from 1984 to 2009.
We used individual subestuaries as the units of
observation. Each subestuary is a small tributary
embayment with a unique local watershed (Li et al.
2007, Patrick et al. 2014). We quantified the variation
that was common among the subestuaries in each
salinity zone and tested for multiyear trends in the
common variation, and then removed those trends (if
present). The resulting residuals contained the inter-
annual fluctuations of SAV abundance that were
shared among the subestuaries in each salinity zone.
To quantify potential drivers of those interannual
variations, we tested for significant relationships of
the interannual fluctuations in SAV abundance with
detrended fluctuations in the water quality stressors
that are the focus of current SAV restoration efforts.
We hypothesized that the salinity zones should differ
in: (1) the degree of synchronicity in interannual vari-
ations in SAV abundance, (2) the dominant patterns
of interannual variation in SAV abundance, and (3)

the water quality stressors that are significantly cor-
related with the dominant patterns of interannual
variation.

We expected these differences in patterns and
drivers because of differences in the physiology and
life history of SAV species among the salinity zones
(see above). Our analyses demonstrate the applica-
tion of statistical methods for analyzing complex time
series data. The results enhance understanding of
the factors that are responsible for fluctuations in
SAV abundance. This knowledge can help improve
SAV management in the Chesapeake Bay and other
estuaries.

MATERIALS AND METHODS

Study region

Chesapeake Bay has a surface area of 3360 km2

and 23260 km of shoreline. The estuary contains
many SAV communities, including diverse oligoha-
line communities dominated by wild celery Vallis -
neria americana, hydrilla Hydrilla verticillata, and
Eurasian watermilfoil Myriophyllum spicatum; meso-
haline communities dominated by widgeongrass
Ruppia maritima, sago pondweed Stuckenia pecti-
nata, and redhead grass Potamageton perfoliatus;
and polyhaline communities composed of eelgrass
Zostera marina and widgeongrass (Moore et al. 2000)
(Fig. 2). The large area, complex shoreline, and many
tributaries make it difficult to identify generalities
that apply throughout the estuary; therefore, prior
studies have introduced the use of subestuaries as
effective units of observation and analysis (King et al.
2005, Li et al. 2007, Patrick et al. 2014, 2015). Each
subestuary has its own local watershed (Fig. 3), and
subestuaries can be treated as replicates in statistical
analyses that quantify regional patterns (such as re -
lationships within a salinity zone) and estuary-wide
patterns (Li et al. 2007, Patrick et al. 2014, 2015).

Data sets

The spatial extent and density of SAV were quanti-
fied annually from 1984 to 2009 (except 1988) from
annual aerial photography that captures more than
90% of the SAV in Chesapeake Bay (see Moore et al.
2000, Orth et al. 2010, and http://www.vims. edu/
bio/sav for details of SAV mapping and the resulting
data sets). SAV density was reported in 5 categories:
none, very sparse (0 to 10% cover), sparse (10 to 40%
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cover), moderate (40 to 70% cover), or dense (70 to
100% cover).

We summarized SAV abundance within the sub -
estuary boundaries defined by Patrick et al. (2014).
To estimate SAV abundance, we summed the prod-
uct of area and density across all the SAV beds within
a subestuary and then normalized the total by di -
viding by the maximum potential habitat area within
the subestuary (Li et al. 2007, Patrick et al. 2014). We
mapped potential habitat for SAV as the area where
the water is 2 m deep or shallower, minus no-grow
zones (areas previously found to be unable to support
SAV) (USEPA 2003), plus any additional areas where
SAV was observed in aerial photos since 1984 or in
historical surveys from earlier in the 20th century
(Moore et al. 2004). Density values in the summation
were the midpoints of the density categories listed
above (e.g. sparse cover ranged from 10 to 40%, and
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Fig. 3. Study subestuaries within Chesapeake Bay. The local
watershed of each subestuary is outlined in black and col-
ored according to the salinity of the subestuary: oligohaline
(n = 20, yellow); mesohaline (n = 53, green); and polyhaline
(n = 18, pink). Land (brown) and water (blue) are from the
2001 National Land Cover Dataset (Homer et al. 2004)

Fig. 2. Salinity ranges, light requirements, and substrate preferences for the dominant species of SAV in Chesapeake Bay.
Light requirements (red numbers) are expressed as the minimum percentage of surface light that must reach the leaves for
plants to survive (Batiuk et al. 2000). Definitive minimum light requirements for Myriophyllum spicatum are not available; this
species (as well as Hydrilla verticillata and other freshwater taxa) can form surface canopies to overcome turbid conditions
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we used the 25% midpoint in our calculations for
sparse cover). Subestuaries were then assigned to
salinity zones based on the Chesapeake Bay Seg-
mentation Scheme (CBP 2004). We analyzed data
from 91 subestuaries in 3 salinity zones: oligohaline
(OH; 0.5 to 5 ppt, n = 27); mesohaline (MH; 5 to
18 ppt, n = 53); and polyhaline (PH; >18 ppt, n = 18).
We dropped 8 tidal fresh subestuaries from further
analyses because there were not enough tidal fresh
systems to support the empirical orthogonal function
(EOF) analysis (see below).

We related SAV abundance to 4 indicators of water
clarity: chlorophyll a (chl a; µg l−1), dissolved organic
carbon (DOC; mg C l−1), total suspended solids (TSS;
mg l−1), and Secchi depth (m). We also related SAV
abundance to the total nitrogen load from major trib-
utaries (Mg N d−1), temperature (oC), and salinity
(ppt). Chl a, DOC, TSS, Secchi depth, salinity, and
temperature came from the Chesapeake Bay Pro-
gram water quality monitoring program (http:// www.
chesapeakebay.net/data/ downloads/ cbp _ water _
quality _database_1984_present), which collects water
samples at hundreds of sites throughout the estuary
every 2 wk from March to October and once a month
from November to February. Samples are often col-
lected mid-channel, even in small rivers, but can be a
reasonable representative of conditions in the near-
shore environment up to 0.5 km away (Batiuk et al.
2000). We omitted samples collected from water
more than 2.5 m deep because that water may not
have been interacting with the SAV in the shallow lit-
toral zone. For each year, the average water quality
value at each sampling location was calculated for
the SAV growing season (March to October). The
averages from all points in a year were used to create
an estuary-wide raster layer on a 500 m grid using an
inverse-distance-weighted spatial interpolation with
the shoreline as a boundary (Childs 2004). The mean,
minimum, and maximum values for each water
quality variable in each year and each salinity zone
were summarized for further analysis. In addition
to the growing season average, monthly chl a val-
ues were also summarized for the months when
SAV seedlings and initial vegetative shoots are
emerging (March, April, May, and June). We aver-
aged each water quality indicator within each
salinity zone of the estuary to create a zone-wide
time series of annual values.

We used river nitrogen loads to evaluate the influ-
ence of nitrogen delivered from the Chesapeake Bay
watershed on SAV abundance. Annual total nitrogen
loads (Mg N yr−1) from major tributary rivers of the
estuary were extracted from the US Geological Sur-

vey (USGS) River Input Monitoring Program data 
base (see list of rivers at http://cbrim.er.usgs.gov/). 
We considered nitrogen loads from all of the rivers 
combined, from just the Susquehanna River (the 
largest tributary to the estuary), and from the 
Susquehanna and Potomac rivers (the 2 largest tribu-
taries) combined.

Data analysis

Detrending

Significant linear trends were removed from the 
water quality time series to focus the analyses on 
relating year-to-year changes in SAV abundance to 
year-to-year changes in water quality (Fig. 1C). We 
tested for a trend in each time series using a Mann-
Kendall (MK) test, a non-parametric test appropriate 
for time series data (Hirsch & Slack 1984). If the trend 
was statistically significant, it was subtracted from 
the data to ‘detrend’ the time series (Turchin 2003). 
The results of linear trend analysis are in Supple-
ment 1 at www.int-res.com/articles/suppl/ m537 p121 
_ supp. pdf. Detrending removes possibly exogenous 
trends and so increases the ability to detect other 
dynamics (Nychka et al. 1992) or exogenous inter -
annual dyna mics.

EOF analysis

We analyzed individual time series of annual SAV 
abundance from 91 subestuaries. Collectively, these 
data form a ‘multidimensional time series’ (Jassby & 
Powell 1990) consisting of many univariate time 
series measuring the same property in the same 
units. A method called EOF analysis (Bjornsson & 
Venegas 1997) or principal component analysis for 
time series (Jassby et al. 1992, Cloern & Jassby 1995) 
can reduce the dimensionality of a multidimensional 
time series. For example, EOF analysis reduced the 
dozens of time series in each salinity zone of our 
study to just 1 or 2 that explained most of the tempo-
ral variation among the many original series (see 
Results). The reduced time series can be further ana-
lyzed to draw conclusions about temporal patterns 
that are shared across the entire group of individual 
time series (Jassby & Powell 1990).

We applied EOF analysis to the subestuary time 
series of SAV abundance in each salinity zone (18 
polyhaline, 53 mesohaline, and 20 oligohaline sub -
estuaries) using the Wq package in the statistical

http://www.int-res.com/articles/suppl/m537p121_supp.pdf
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software R v.2.11.0 (R Development Core Team 
2010). We used scree plots to select reduced time 
series that explained 25% or more of the variation in 
the multidimensional data set (Gotelli & Ellison 
2004). These so-called ‘modes of variation’ (Bjorns-
son & Venegas 1997) represent temporal patterns 
that are shared among the subestuaries in each 
 salinity zone. The modes of variation were tested for 
linear trends and then detrended if necessary (see 
above, Fig. 1C) prior to further analysis (see Supple-
ment 1).

Cross-correlation analysis

We used cross-correlation analysis to quantify the 
relationships between the water quality variables 
and the SAV abundance modes of variation pro-
duced by EOF (Turchin 2003). We considered corre-
lations in which the predictor variable affects the 
SAV response in the same time year, the next year, or 
2 yr later. We included the time-lagged variables 
because water quality conditions that affect seed 
production, transport, and establishment can impact 
recruitment and population dynamics in the next 
year and possibly in subsequent years. The predictor 
variables were 3 estimates of annual nitrogen load 
(from the Susquehanna River only, from the Susque-
hanna and Potomac rivers, and from all major tribu-
taries to the estuary) and the mean, minimum, and 
maximum for Secchi depth, TSS, and DOC within 
each salinity zone during each growing season. We 
also considered average salinity, average tempera-
ture, and average growing season chl a. To evaluate 
the possible effect of spring plankton blooms, we 
included average chl a for each month of March to 
June. Relationships of SAV modes with TSS data 
were evaluated for the entire record (1984 to 2009) 
and for 2 subsets (1984 to 1998 and 1999 to 2009) to 
assess the effect of a 1998 change in laboratory meth-
ods for measuring TSS (see Supplement 2 at www. 
int-res.com/articles/suppl/m537p121_supp.pdf).

RESULTS

EOF analysis

The EOF analysis identified the dominant temporal 
patterns in SAV abundance that were shared among 
the subestuaries in each salinity zone (Table 1). 
Based on the scree test (see ‘Materials and methods: 
EOF analysis’), we retained 2 modes of variation for

the oligohaline zone. The first mode explained 49%
of the variation in oligohaline SAV abundance and
the second ex plained an additional 25% (Fig. 4A).
The first mode (Fig. 4A) showed low points in SAV
abundance (relative to adjacent years) in 1993, 1999,
2002, and 2005, and had a significant positive trend
(MK slope = 0.018, p < 0.001). The most striking fea-
ture of the second mode was a decline from 1992 to
1997 (Fig. 4B), and it also had a significant positive
trend (MK slope = 0.015, p < 0.001). For the meso -
haline zone, we retained one temporal mode that ex -
plained 57% of the variation in SAV abundance
(Fig. 4B). This mode showed relatively low SAV
abundance in 1986, 1990 to 1993, and 2007 to 2009,
as well as a sharp drop in 2000. The mesohaline
mode did not have a significant temporal trend. The
EOF procedure was most successful in describing
poly haline subestuaries, where a single mode
explained 86% of the temporal variation in SAV
abundance (Fig. 4C). The most striking features in
the polyhaline mode were a 2001 peak in SAV abun-
dance and a sharp drop in 2006 (Fig. 4C). The poly-
haline mode had a significant positive trend across
the entire series (MK slope = 0.018, p < 0.001).

Cross-correlation analysis

There were significant cross-correlates of SAV
abundance in each salinity zone, but the variables
differed among the zones. In the oligohaline zone,
the first mode of SAV abundance had one significant
cross-correlate (Fig. 5A, Table 2): a positive relation-
ship with TSS at a 2 yr lag (i.e. high TSS was related
to high SAV 2 yr later). The correlation was also pos-
itive for both subsets of the data record (0.546 for
1984 to 1998 and 0.409 for 1999 to 2009) but was sig-
nificant only for the subset from 1984 to 1998. The
second mode of oligohaline SAV abundance was sig-
nificantly negatively correlated with maximum TSS
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Salinity zone Mode 1 Mode 2 Mode 3

Oligohaline 49.4a 24.6 a 10.8
Mesohaline 57.1a 16.3 8.4
Polyhaline 86a 6.2 2.8
aRetained for further analysis

Table 1. Variance explained by the first 3 temporal modes of
variation from EOF analysis of SAV abundance in each
salinity zone. There were 20, 53, and 18 subestuaries,
respectively, in the oligohaline, mesohaline, and polyhaline 

zones

http://www.int-res.com/articles/suppl/m537p121_supp.pdf
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at a 2 yr lag (Fig. 5B, Table 2), but the relationship
was not significant for the 1984 to 1998 and 1999 to
2009 subsets. The second mode also had 17 other sig-
nificant cross-correlates among 7 variables at 3 time
lags (Table 2), including mean salinity at a 1 yr lag,
May chl a at 1 and 2 yr lags, and the means, mini-
mums, and maximums of Secchi depth and DOC
with no lag.

Modes of SAV abundance in the mesohaline and
polyhaline zones had fewer significant cross-correla-
tions with potential drivers than did the oligohaline
zone modes (Tables 3 & 4). The single mode of meso-

haline SAV abundance was significantly negatively
correlated with mean and maximum Secchi depth in
the same year (Fig. 5C, Table 3). The single mode of
polyhaline SAV abundance was significantly nega-
tively correlated with all 3 measures of tributary
nitrogen load (Fig. 5D, Table 4). The polyhaline
mode was also significantly negatively correlated
with March chl a levels in the previous year.

We tested for a total of 216 possible cross-correla-
tions between modes of SAV abundance and water
quality variables (4 modes × 3 time lags × 18 vari-
ables), so we would expect to find 11 cross-correla-
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Fig. 4. Raw data and dominant temporal modes identified for SAV dynamics in the subestuaries of each salinity zone, (A) oligo-
haline, (B) mesohaline, (C) polyhaline. The solid black line in each plot is the first (A1, B, C) or second (A2) temporal mode of
variation, and the gray lines are the z-scored time series of individual subestuaries. The percent of variation explained by the 

mode is displayed next to the salinity zone names
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Fig. 5. Important correlates of temporal variation in SAV in each salinity zone. The left panels show the relationships as scat-
terplots and right panels show the same data plotted as time series with temporal modes in black and correlates in gray. (A)
Positive correlation between maximum observed TSS and mode 1 of temporal variation in the oligohaline 2 yr later. (B) Neg-
ative correlation between chl a in May and mode 2 of temporal variation in the oligohaline. (C) Negative correlation between
maximum observed Secchi depth and mode 1 of temporal variation in the mesohaline zone. (D) Negative correlation between 

Susquehanna River nitrogen load and mode 1 of temporal variation in polyhaline SAV the following year
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tions significant at p ≤ 0.05 by chance alone. There
were almost 3 times more significant correlations (28
total) (Tables 2, 3 & 4) than expected by chance, indi-
cating that the correlations identified merit interpre-
tation (Gotelli & Ellison 2004).

DISCUSSION

We applied advanced time series methods to iden-
tify the temporal patterns in SAV abundance that are
shared among the many subestuaries within each
salinity zone of the Chesapeake Bay (Jassby & Powell
1990, Bjornsson & Venegas 1997, Gedalof et al.
2005). We then used cross-correlation analysis to
identify stressors that correlate with those shared

patterns (Jassby & Powell 1990, Jass -
by et al. 1992). Correlative analysis
does not demonstrate causality, but
does suggest possible mechanisms for
the shared patterns. Removing trends
in the data prior to cross-correlation
analysis focused the analysis on inter-
annual fluctuations in SAV coverage
and their possible relationships to
stressors.

We found that SAV abundance was
more synchronized (coherent) among
subestuaries in some salinity zones
than in others. The first mode from
the EOF analysis ac coun ted for 86%
of total temporal variation in SAV
abundance among subestuaries in the
polyhaline zone, 57% in mesohaline,
and 49% in oligohaline. Subestuaries
of the different salinity zones differed
in their patterns of year-to-year vari-
ability in SAV abundance, and in
whichvariablesweresignificantlycor-
related with SAV abundance. Those
differences support the idea that dif-
ferent mechanisms may govern year-
to-year variation in SAV abundance in
dif ferent SAV communities. Variation
in SAV abundance in the polyhaline
zone was well explained by river nitro-
gen loads and March chl a, mesohaline
SAV abundance was cross- correlated
with Secchi depth, and oligohaline
SAV abundance was linked to May
chl a, DOC, TSS, salinity, and Secchi
depth. Biological differences among
SAV species and spatial differences in

stressors may explain some of the differences among
salinity zones (Fig. 2).

The analyses presented here differ from and com-
plement prior trend analyses (e.g. Orth et al 2010) by
focusing on interannual fluctuations in the absence
of temporal trends. We also employed a sophisticated
statistical analysis that could include more time
series than previously considered, and we used
cross-correlation instead of regression to quantify
stressor− response relationships. Detrending focuses
the analysis on explaining interannual fluctuations in
SAV abundance and can eliminate correlations that
are less likely to represent causal relationships
(Turchin 2003). For example, SAV abundance in this
system increased from 1984 to 2009, but water clarity
measured by Secchi depth declined over that same
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Predictor variable Dependent variable Lag 0 Lag 1 Lag 2

Susquehanna River Polyhaline mode 1 −0.46 −0.44
nitrogen load

All rivers nitrogen load −0.41 −0.42
Potomac + Susquehanna −0.44 −0.43
nitrogen load

March chl a −0.45

Table 4. Significant correlations of temporal modes with potential drivers in
the polyhaline zone. A negative correlation indicates a negative effect of the 

driver on SAV abundance

Predictor variable Dependent variable Lag 0 Lag 1 Lag 2

Maximum TSS Oligohaline mode 1 0.51
Oligohaline mode 2 −0.44

May chl a −0.46 −0.49
Minimum DOC −0.48 −0.47 −0.52
Maximum DOC −0.44
Mean DOC −0.47 −0.44 −0.44
Minimum Secchi −0.46
Maximum Secchi −0.66 −0.67 −0.51
Mean Secchi −0.53 −0.54 −0.49
Mean salinity −0.43

Table 2. Significant correlations of temporal modes with potential drivers in
the oligohaline zone. A negative correlation indicates a negative effect of the 

driver on SAV abundance

Predictor variable Dependent variable Lag 0 Lag 1 Lag 2

Maximum Secchi depth Mesohaline mode 1 −0.53
Mean Secchi depth −0.40

Table 3. Significant correlations of temporal modes with potential drivers in
the mesohaline zone. A negative correlation indicates a negative effect of the 

driver on SAV abundance
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period. A linear regression analysis would identify a
positive but misleading relationship between declin-
ing water clarity and increasing SAV abundance.
Applying linear regression to time series data can
identify misleading statistical relationships because
temporal autocorrelation within a time series violates
the linear regression assumption that observations
are independent (Turchin 2003, Gotelli & Ellison
2004). We used cross-correlation analysis instead of
regression to avoid this pitfall.

This study also differed from prior work on SAV
dynamics in using subestuaries as independent repli-
cate study units and in applying EOF analysis. Sub -
estuaries are much smaller than the regions used in
prior case studies in the Chesapeake. For example,
the lower Potomac River case study region of Orth et
al. (2010) contains 11 of the subestuaries used in our
analysis as well as the shoreline of the lower Potomac
River. From 1984 to 2009, much of the SAV in the
lower Potomac River was in the subestuaries con-
nected to the Potomac River, not along the shore of
the main channel of the river. The different sub -
estuaries in this area were all influenced by the lower
Potomac through tidal exchange, but they showed
markedly different patterns of interannual variation
in SAV abundance. When the subestuaries were
pooled into the larger case study region by adding or
averaging, the areas with more SAV, such as the St.
Mary’s River, dominated the pooled behavior and the
unique dynamics of other smaller SAV populations
were lost. Integrating the subestuaries with EOF
analysis more effectively captured and quantified the
shared variation among the subestuaries. Applying
EOF to all the subestuaries in each salinity zone
improved quantification of the variation in SAV
abundance in each zone, enhanced efforts to link
that variation to water quality drivers, and revealed
important differences in SAV dynamics and drivers
across the entire estuary.

Our use of water quality data from main channel
sampling stations was one limitation of the study. We
would rather have relied on intensively sampled sites
from shallow water areas near SAV beds, but such a
database for the entire estuary does not exist. There-
fore, we used the only available data set that cap-
tures interannual variation in water quality across
the entire estuary (the extensive data from long-term
Chesapeake Bay monitoring, USEPA 2012). Despite
the possible limitation, our cross-correlation analyses
revealed interesting and interpretable patterns (see
above). That outcome is consistent with previous
reports that the available data can be reasonably rep-
resentative of conditions in the nearshore environ-

ment up to 0.5 km away (Batiuk et al. 2000). The
analysis can and should be repeated when more
water quality data from shallow water sites become
available.

Oligohaline zone

Compared to the meso- and polyhaline zones,
oligohaline SAV abundance was less synchronized
among subestuaries (Table 1), possibly because of
differences in species composition and geographic
distribution. SAV species occurring in the oligohaline
zone are freshwater macrophytes that tolerate some
salinity (Moore et al. 2000) (Table 1), and oligohaline
SAV beds are more like large river and lake commu-
nities than coastal marine communities of Zostera
marina and Ruppia maritima. The oligohaline spe-
cies have different habitat requirements and sensi-
tivities than polyhaline species (Kemp et al. 2004)
(Fig. 2). There are 13 macrophyte species in the
oligo haline zone (Moore et al. 2000, Orth et al. 2010),
but many beds are dominated by 1 or 2 species, and
the dominant species differ among subestuaries
(VIMS ground survey report; http://web.vims.edu/
bio/ sav/ field_observations.html). The difference in
dominants (and in their stressor sensitivities) con-
tributes to the observed variety in temporal dynamics
among oligohaline subestuaries. For example, dense
wild celery beds in the Elk River (VIMS ground
 survey report; http://web.vims.edu/bio/sav/field_
observations.html) may be more sensitive to human
impacts than canopy-forming invasive species like
Hydrilla and Eurasian water milfoil, which have
dominated in the Bohemia River and elsewhere
(Rybicki & Landwehr 2007). To test the hypothesis
that exotic SAV are more tolerant of human activities
than native taxa, species-specific field data from
many subestuaries are needed to complement the
complete but non-specific mapping in the annual
aerial surveys (http://www.vims.edu/bio/sav)

The most striking pattern in oligohaline SAV abun-
dance is a 1999 low followed by a rapid rebound in
the first mode of variation (Fig. 4A1). The 1999 de -
cline coincides with Hurricane Floyd, which passed
across the middle of the estuary in September of that
year (Atallah & Bosart 2003). The second mode of
variation has a marked decline that begins in 1993
and continued to a low in 1997 (Fig. 4A2), while the
first mode has a low in 1993 but rises again in 1994.
The declines in both modes in 1993 and the multiyear
period of low abundance in the second mode co -
incided with an extreme flow event. In 1993, a huge
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late-season snow storm raised Susquehanna River
flow well above the usual spring freshet. From late
March to early May, daily flow at the Conowingo
Dam remained above the 97.5th percentile of 1984 to
2009 observations (USGS Water Resource; http://
waterdata.usgs.gov/). For 4 d, flow exceeded the
much higher ‘scour threshold’, which is the minimum
flow that moves sediment stored behind the Cono -
wingo Dam into Chesapeake Bay (Lang 1982, Hirsch
2012). Large storms are major disturbance events im-
pacting estuarine SAV (Bayley et al. 1978, Orth &
Moore 1984, Orth et al. 2010), and the biggest mod-
ern SAV loss followed Hurricane Agnes in 1972.
Large storm or snowmelt events in the Susquehanna
watershed can deliver huge volumes of water and
sediment to the upper estuary, and such events can
bury or scour SAV beds (Marba et al. 1994, Mills &
Fonseca 2003, Paling et al. 2003). The 1993 spring
event was smaller than many hurricanes, but oc-
curred during the season when young SAV plants are
especially vulnerable. Spring high-flow events like
this one should receive more consideration as poten-
tial drivers of upper Chesapeake Bay SAV dynamics.

Maximum TSS 2 yr previously was the only sig -
nificant water quality correlate of the first mode of
variability in oligohaline SAV abundance (Table 2,
Fig. 4A). There has been some concern about the
TSS data from the Chesapeake Bay monitoring pro-
gram because of a change in laboratory methods in
1998 (USEPA 2012) (see Supplement 2). When the
data were split into 2 time periods (before or after the
method change), the correlation between TSS and
the first mode of SAV variability remained positive
and similar in magnitude for both periods. The corre-
lation was statistically significant for 1984 to 1998,
but not for 1999 to 2009, mainly because the second
time series was short (n = 11). The persistence of the
positive relationship between TSS and oligohaline
SAV abundance when the time series is split sup-
ports that there is a robust relationship present
despite the method change. A positive effect of TSS
on SAV abundance seems counterintuitive, but Orth
et al. (2010) identified a similar counterintuitive rela-
tionship between the trends of upper Chesapeake
Bay TSS and SAV. They noted that aerial photogra-
phy from the period showed clear water over SAV
beds, while the surrounding waters were turbid. This
suggests that the TSS may not have limited light for
upper Chesapeake Bay SAV and that an unidentified
third factor may be responsible for the observed
peaks in TSS and SAV abundance.

Several variables were significantly correlated
with the second mode of variability in oligohaline

SAV abundance (Table 2). One variable, May chl a, is
indicative of light availability in May when oligo -
haline SAV germinate and establish (Jarvis & Moore
2008) and are therefore especially vulnerable to dis-
turbance. High levels of chl a can block light from
reaching SAV, especially during dense algae blooms
(Gallegos et al. 1997, Smayda 1997, Carstensen et al.
2007). Although blooms are typically short-lived,
they can be devastating to young SAV (Gallegos &
Jordan 2002), as documented in a well-studied May
2000 mahogany tide Prorocentrum minimum bloom
that decimated upper Chesapeake Bay SAV (Galle-
gos & Bergstrom 2005). The more common summer
blooms are less damaging because mature SAV
plants have grown closer to the surface and have
carbo hydrate reserves to survive temporary periods
of lower light (Gallegos & Bergstrom 2005). Spring-
time blooms in one year may affect SAV recruitment
and cause a decline in SAV abundance the following
year.

Salinity and Secchi depth had interesting negative
relationships with the second mode of oligohaline
SAV variation. In years with high salinity and high
Secchi depth (clearer water), SAV abundance was
counterintuitively low. Orth et al. (2010) reported a
similar relationship between high Secchi depth and
low SAV in the upper estuary. Both patterns contra-
dict the assertion that light availability is the master
variable controlling SAV abundance (Batiuk et al.
2000, Kemp et al. 2004). However, the clearer water
occurred in dry years when salinity was higher and
more stressful to the oligohaline SAV species than in
wet years. That stress likely outweighed the benefit
of clearer water and led to the coincidental negative
relationship between Secchi depth and SAV. This
result suggests that salinity may be the most impor-
tant variable controlling SAV abundance in beds that
are near their limits of salinity tolerance.

Mesohaline zone

A prominent event in the single mode of mesoha-
line SAV abundance was the sharp drop in 2000
(Fig. 4B), but that drop is not explained by the water
quality variables. Orth et al. (2010) also reported this
mesohaline event in their lower Potomac and lower
Choptank River study areas, but they did not identify
the cause. The low may be due to Hurricane Floyd,
which passed over the lower Chesapeake Bay in
September 1999 (Atallah & Bosart 2003) and caused
very high flows in mesohaline rivers, including the
5th highest flow ever reported in the Choptank River



Mar Ecol Prog Ser 537: 121–135, 2015

(USGS 2012). Floyd occurred after the 1999 SAV sur-
vey, so its effects were first observed in the 2000 sur-
vey. The rapid recovery of SAV in 2001 can be attrib-
uted to drought conditions and warming water that
promoted a population explosion of R. maritima
(Johnson et al. 2003, Orth et al. 2010).

Secchi depth was the only water quality variable
that was significantly correlated with the single
mode of mesohaline SAV abundance, which was
counterintuitively higher in years with poorer water
clarity, possibly because of the confounding effect of
salinity (as discussed above for the oligohaline zone).
The direct cross-correlation between salinity and
SAV abundance was not significant, but detrended
Secchi depth was strongly positively correlated with
average growing season salinity (R2 = 0.55, p < 0.001),
so that water clarity was higher in years with higher
average salinity. Average annual precipitation was
also positively correlated with mesohaline average
salinity (R2 = 0.30, p = 0.004). The mesohaline zone is
large, containing 63% of potential SAV habitat in the
Chesapeake Bay (Patrick et al. 2014), and encom-
passes a wide range of salinities (5 to 18 ppt) (Li et al.
2007). Some mesohaline SAV communities are at the
limits of their salinity tolerances while others, such as
R. maritima communities, tolerate the full range of
mesohaline salinity well. Such differences in salinity
tolerance can explain why there is not a clear aggre-
gate relationship between salinity and mesohaline
SAV abundance — some mesohaline communities
are stressed in high salinity years while others are
not. For mesohaline communities that are sensitive to
salinity, both wet and dry years are stressful (low
light in wet years and high salinity in dry years). The
combined chronic stress may help explain why meso-
haline SAV abundance has not recovered as strongly
as oligohaline and polyhaline SAV (Orth et al. 2010).

Polyhaline zone

SAV abundance was more synchronous among
polyhaline subestuaries than among meso- or oligo-
haline subestuaries (Table 1, Fig. 4C). Only 2 Chesa-
peake SAV species, widgeon grass and eelgrass, can
tolerate high salinity (Moore et al. 2000), so those
species dominate all the polyhaline SAV beds, yield-
ing little variation in diversity and stressor sensitivity
within and among polyhaline subestuaries.

The single mode of polyhaline SAV abundance had
3 dominant features: a low in 1994, a high in 2001,
and a crash in 2006 followed by a recovery. The 1994
drop followed high river nitrogen load and March

chl a levels from the spring 1993 snowstorm and melt
event in the Susquehanna watershed (see previous
section). Such events deliver high nitrogen loads that
cause spring algae blooms (Gallegos & Jordan 1997,
2002). The 2000 to 2001 high in abundance coincided
with low nitrogen load and low March chl a levels in
1999 and 2000. The mean Susquehanna River flow of
271 m3 s−1 in the summer of 1999 was the lowest aver-
age summer flow from 1984 to 2009 (USGS Water Re -
source; http://waterdata.usgs.gov/), possibly leading
to clearer water and enhanced SAV growth. The 2006
low was caused by a well-documented heat stress
event in the summer of 2005. Z. marina is sensitive to
high temperatures, particularly when stressed by low
light availability (Orth et al. 2006, 2010, Moore &
Jarvis 2008). Despite the documented effects of heat
stress, average growing season temperature was not
significantly cross- correlated with polyhaline SAV
abundance,becauseafewdaysofheatstress inshallow
water can have devastating biological effects with -
out shifting seasonal average temperature (Moore &
Jarvis 2008).

Total nitrogen load and chl a were significantly
negatively correlated with the mode of polyhaline
SAV abundance (Table 4). Other studies have re -
ported that high nitrogen loads reduce SAV abun-
dance (Cerco & Moore 2001, Hagy et al. 2004, Orth et
al. 2010), sometimes with a time lag (Kemp & Boyn-
ton 1992) like the 1 yr lag reported here (Table 4,
Fig. 5D). The time-lagged negative effect of March
chl a may result from the sensitivity of young SAV
shoots to algae blooms. Z. marina germinates in the
fall. The new seedlings are too small to detect in the
following spring aerial survey (R. J. Orth pers.
comm.), so the loss of that cohort in the spring would
not be evident until the following year, causing the
1 yr time lag. High spring chl a levels were nega-
tively related to SAV abundance in both the polyha-
line (Table 4) and the oligohaline (Table 2) zones,
supporting the importance of short-term events early
in the growing season when young SAV plants are
most vulnerable (Moore et al. 1997, Gallegos &
Bergstrom 2005).

The need to consider SAV community differences

Roughly two-thirds of the published papers on
Chesapeake Bay SAV have focused on the poly -
haline zone species, particularly Z. marina, even
though the salinity tolerance zone for this species
includes only 16% of the potential SAV habitat in the
estuary (Patrick et al 2014) (see Supplement 3 at
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www. int-res.com/articles/suppl/m537 p121_supp. pdf). 
SAV dynamics in the polyhaline may also be easier to 
understand — there are only 2 species, so community 
processes (competition, compensatory dynamics, and 
spatial turnover of species) that affect SAV coverage 
are less complicated than in more diverse meso- or 
oligohaline communities (Rybicki & Landwehr 2007). 
Reaching SAV restoration goals for Chesapeake Bay 
will require bigger gains in the mesohaline and 
oligohaline zones than in the polyhaline, simply 
because these 2 zones contain 84% of the potential 
SAV habitat (Patrick et al. 2014). Middle- and low-
salinity species are likely just as important in many 
other estuaries, yet roughly 70% of the global litera-
ture on estuarine submerged macrophytes considers 
only marine species. Additional research efforts are 
needed to better understand the meso- and oligo -
haline SAV species and their responses to stressors 
and restoration efforts.

Incorporating community differences could also 
improve SAV management efforts. SAV restoration 
plans usually focus on improving water quality by 
setting target levels for nutrient loads or water clarity 
(USEPA 2010). Such targets should generally con-
sider the duration, timing, and frequency of events 
(USEPA 2001), and tailoring the targets to critical 
periods in specific communities could incorporate 
more of our biological understanding. For example, 
because of differences in the timing of shoot emer-
gence, a high nutrient load in March can be particu-
larly damaging to eelgrass meadows in the poly -
haline zone but not a major concern for mixed-
species communities in the oligohaline zone. Tai-
lored water quality targets could in turn lead to more 
effective watershed management plans.

Conclusions and future research directions

The dominant patterns of interannual variation in 
SAV abundance differed among the oligohaline, 
mesohaline, and polyhaline zones of Chesapeake 
Bay. Water quality variables were significantly cor- 
related with the interannual variations in SAV 
 abundance in each salinity zone, but the significant 
predictors of SAV differed among the zones. Estuary-
wide goals for SAV restoration (e. g. CBP 2014) may 
not be ecologically appropriate because the domi-
nant SAV species, their stressor sensitivities, and the 
dominant stressors change across the Chesapeake 
Bay. Fisheries are not managed for total fish biomass; 
instead, the ecology of each species is considered 
individually. Individual management plans for each

SAV species or for different community types may be
more effective than a single plan for all the SAV area
in a diverse estuary. The preponderance of estuarine
SAV research has focused on eelgrass and other sea
grasses, leaving a need for more research on the
fresher parts of estuaries to understand the dynamics
that control the SAV species that occur there. Maps
of SAV community composition would be especially
useful because it is not possible to resolve SAV spe-
cies in the annual mapping from aerial photography
or remotely sensed images. Field surveys with
detailed observations of species distributions and
bed size could be a useful addition to current SAV
monitoring, both in the Chesapeake Bay and in other
estuaries with diverse suites of SAV species.
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