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INTRODUCTION

Climate variability strongly influences marine eco-
systems (Stenseth et al. 2002), exemplified by basin-
scale biological responses to the El Niño-Southern
Oscillation (ENSO; Chavez et al. 1999), and the North
Atlantic Oscillation (NAO; Ottersen et al. 2001). These
indices provide simple measures of climate variability
and reduce the complexity associated with multiple
individual meteorological measurements (i.e. tempera-
ture, precipitation, wind speed, etc.; Stenseth et al.
2002). Global data from remotely sensed ocean color

and temperature observations, coupled to climate
indices, have contributed to our understanding of
ocean–atmosphere interactions that drive phytoplank-
ton dynamics (Behrenfeld et al. 2001). In some areas,
however, large-scale climate indices are not strongly
expressed and sub-continental processes assume
greater importance in forcing local meteorological
conditions (Stenseth et al. 2003). An alternative
approach that provides a comprehensive measure of
climate variability, while retaining local relevance,
is to construct a regional ‘synoptic climatology’ (cf.
Yarnal 1993).
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Interannual variability in phytoplankton biomass
and primary productivity is strongly expressed in tem-
perate estuaries, and multiple causes including fresh-
water flow, nutrient loading, and turbidity underlie
that variability (Boynton et al. 1982). To this end, the
proximal effects of freshwater flow on phytoplankton
dynamics have been documented for a number of estu-
arine systems, including the Hudson River (Malone
1977), San Francisco Bay (Cloern et al. 1983), the
Neuse River (Mallin et al. 1993), and the Loire River
estuary (Relexans et al. 1988). These studies have
shown that the magnitude of phytoplankton biomass,
measured as chlorophyll a (chl a), often co-varies with
flow and attendant properties, but the relationships
are generally dependent on characteristics unique to
individual systems (e.g. circulation, residence time,
morphometry, tides, nutrient and sediment loading).
While we recognize the important role that flow plays
in determining spatial and temporal dynamics of
phytoplankton in estuaries, indices of regional climate
may provide more comprehensive measures of envi-
ronmental influences. A missing element of our under-
standing is a quantitative description of the role of
regional climate in forcing variability of phytoplankton
biomass, such as has emerged for some parts of the
global ocean using ENSO and NAO indices. This is an
important area of research as we attempt to predict
effects of climate change and nutrient enrichment on
estuarine and coastal ecosystems (Cloern 2001).

Freshwater flow into Chesapeake Bay is maximal in
winter–spring, as it is in many temperate estuaries;
dominated by the freshet of the Susquehanna River
that largely determines gradients of light and nutrients
along the north–south axis of the Bay (Harding et al.
1986). The timing, position, magnitude, and extent
of the winter–spring diatom bloom are determined
in large part by the winter–spring flow (Malone 1992,
Harding 1994), and variability of flow during this
period has recently been linked to synoptic-scale cli-
mate for winter (Miller et al. 2006). An abundant liter-
ature supports the interaction of atmospheric circ-
ulation, precipitation, and freshwater flow (Cayan &
Peterson 1989, McCabe & Ayers 1989), including find-
ings for the Susquehanna River (Crane & Hewitson
1998, Najjar 1999). We suggest that a major source
of interannual variability of spring bloom intensity,
expressed by several measures of phytoplankton bio-
mass, can be traced to differences in the frequency and
types of winter weather patterns prevailing in the
Bay’s watershed in a given year.

The work described herein relates winter climate
variability at the synoptic scale to spring phytoplank-
ton dynamics in Chesapeake Bay through links to
freshwater flow and other environmental parameters
influenced by climate (Miller et al. 2006). We tested the

hypothesis that interannual differences in the frequen-
cies of winter weather types identified using a synoptic
climatology classification represent the predominant
source of variability for spring phytoplankton biomass
in Chesapeake Bay. To address this hypothesis we (1)
classified and quantified variability in atmospheric cir-
culation patterns in the region using a synoptic clima-
tology classification; (2) quantified the position, magni-
tude, timing, and extent of the spring bloom using a
16 yr time-series of surface chl a (B), euphotic layer
chl a (Beu), water column chl a (Bwc), and total biomass
(Btot) from aircraft remote sensing; (3) developed multi-
ple regression models using the frequencies of pre-
dominant weather patterns as independent variables
and 4 biomass measures as dependent variables; (4)
examined residuals of spring phytoplankton biomass
after removal of the climate signal to resolve trends.

MATERIALS AND METHODS

Synoptic climatology. Regional-scale climate vari-
ability was quantified using an eigenvector-based,
map-pattern, synoptic climatology classification, de-
scribed in Yarnal (1993) and Miller et al. (2006). We
obtained 5° × 5° latitude – longitude gridded, sea-level
pressure (SLP) data from the National Center for
Atmospheric Research (NCAR; http://dss.ucar.edu) to
create a 48-point (6 × 8) grid of SLP data covering the
area 25 to 50° N latitude and 65 to 100° W longitude.
Principal component analysis (PCA) was performed on
a correlation matrix of daily SLP against time (d) to
reduce spatial variability in the SLP data from the orig-
inal 48 points to a smaller number (7) of new variables
that explained the majority of the variability (90%) in
the original data. Those 7 variables were submitted to
a 2-stage clustering procedure to group the data into
similarly occurring modes of variance that related to
similar atmospheric circulation patterns. The first stage
of the clustering procedure (average linkage) was used
to determine the number of clusters (10) that made up
a significant fraction (>2%) of the total number of days,
and to determine ‘seed’ values for the subsequent
k-means clustering procedure. The second clustering
technique (k-means) regrouped the data into one of 10
dominant seed clusters  determined to be important
using the average linkage clustering technique. Aver-
age SLP maps for each of the 10 clusters were then pro-
duced by taking the mean value for each grid point
within the daily maps. The seasonal frequencies-of-
occurrence of each weather pattern for every year
were then computed for use in multiple regression
models.

Remotely sensed data. Biomass, B (mg chl a m–3),
was determined for the surface layer using aircraft
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ocean color measurements from light aircraft (Harding
et al. 1994, 1995). Flights were conducted ~20 to 30
times per year (March to October) on a set of tracks
covering the mainstem Bay (Fig. 1). Geo-referenced
data were collected from an altitude of 150 m at a
ground speed of approximately 50 m s–1 using multi-
spectral radiometers. NASA’s Ocean Data Acquisition
System (ODAS) consisting of 3 nadir-viewing radiome-
ters (460, 490, and 520 nm) with 15 nm bandwidths and
a 2° field-of-view was used from 1989 to 1995. Succes-
sive versions of the commercial Sea-viewing Wide
Field-of-view Sensor (SeaWiFS) Aircraft Simulator
(SAS II, III:  Satlantic) with 10 nm bandwidths, 3.5°
field-of-view, and 7 and 13 wavelengths, respectively
(SAS II 412, 443, 490, 510, 555, 670, and 683 nm; SAS
III 380, 400, 412, 443, 470, 490, 510, 555, 670, 685, 700,
780, and 865 nm) were used from 1995 to 2004.

B was computed using a spectral curvature algo-
rithm (Campbell & Esaias 1983) applied to water-leav-
ing radiances at 460, 490, and 520 nm for ODAS, and
443, 490, and 555 nm for SAS II and III. Radiometric
calibrations were made at NASA for ODAS and at Sat-
lantic for SAS II and III. Retrievals of B relied on local
algorithms developed from matchups with concurrent
in situ measurements from monitoring cruises of EPA’s
Chesapeake Bay Program (CBP; www.chesapeake
bay.net/) and our own cruises. We defined a match as
±12 h on the same day, ±0.01° latitude and ±0.005°
longitude (Harding et al. 1994, 1995). The working
equation retrieved log10 B with an RMS error of 0.21
(log units). Flight data were interpolated onto a 1 km2

grid for visualization and further analyses using a
2-dimensional, inverse-distance-squared, octant search
(Harding et al. 1994, 1995).

Integrated biomass (Beu, Bwc and Btot). Beu (mg chl a
m–2) was computed for each grid cell as the product of
B and euphotic-layer depth (Zp), estimated as the 1%
isolume from Secchi depth for the closest CBP cruise
station (≤ 2 wk). Bwc (mg chl a m–2) was calculated
from log–log regressions of bathymetrically-weighted
integrals of chl a from vertical profiles, <Bwc>, on B
developed with CBP data (cf. Harding et al. 1994).
Analysis of variance showed statistically significant
differences in the slopes of regression equations for
different years; accordingly we used equations devel-
oped for each year to generate <Bwc> from remotely
sensed B. Back-transformed <Bwc> data were com-
bined with depth (H ) for each grid cell from a digital
bathymetry to give Bwc. All 3 biomass measures were
log-normally distributed and were log10-transformed
for all analyses and back-transformed for graphical
display. Total biomass, Btot (metric tons chl a), was cal-
culated as the sum of all Bwc measurements for the
entire Bay. Data from depths greater than the median
bay depth (7.7 m) were used to calculate means for
regional regression models.

Data were analyzed for 6 regions of the mainstem
bay defined by latitude (Harding 1994; present Fig. 1).
Regional means for spring (April and May) were com-
puted for B, Beu, Bwc, and Btot from flights spanning
1989 to 2004. Data from 5 to 15 flights were obtained
each spring, depending on weather and aircraft avail-
ability. Shipboard data were substituted for aircraft
data for spring 1996 due to instrument malfunctions.
No statistically significant (τ > 0.05, Mann-Kendall
trend test) trends were observed in any of the regional
time-series.

Ancillary data. Temperature and precipitation data
were obtained from the National Climate Data Center
(NCDC; http://cdo.ncdc.noaa.gov). Divisional data
from the 8 climatic regions within the Susquehanna
River basin (Pennsylvania Divisions 4, 5, 6, 7, 8; Mary-
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Fig. 1. Chesapeake Bay showing flight lines from Chesapeake
Bay Remote Sensing Program. Thick, black lines and Nos. 1 to
6: regions; (s) Chesapeake Bay Program stations. Regions = 1:
36.95–37.40°N; 2: 37.41–37.80°N; 3: 37.81–38.40°N; 4: 

38.41–38.80°N; 5: 38.81–39.10°N; 6: 39.11–39.66°N
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land Division 6; New York Divisions 1,
2) were weighted by area to produce a
single estimate of temperature or pre-
cipitation. Climate division data were
used to provide comprehensive mea-
sures of temperature and precipitation
from all stations in a division (Guttman
& Quayle 1996). Freshwater flow (m3

s–1) for the Susquehanna River was
obtained from the United States Geo-
logical Survey gauging station at the
Conowingo Dam (USGS-01578310;
http://waterdata. usgs.gov/nwis). Win-
ter (December to February) climate
indices for ENSO and NAO were
obtained from the National Weather
Service, Climate Prediction Center
(www.cpc.ncep.noaa.gov). Data on
water column properties that influence
phytoplankton dynamics (Zp, and dis-

solved inorganic nitrogen; DIN) were obtained from
CBP water quality monitoring cruises.

Regression analyses. Multiple linear regression
models were developed to investigate the relation-
ship between regional phytoplankton biomass in
spring and the frequency-of-occurrence of winter
weather patterns described by the synoptic climatol-
ogy. To clarify, regional measures of phytoplankton
biomass in spring were the dependent variables,
weather pattern frequencies were the independent
variables, and each year was an observation (n = 16).
Selection of independent variables for inclusion in
each model was determined by the combination of
weather patterns that explained the maximum
amount of variance in the data set while producing a
significant model (p < 0.05). Explained variance was
measured as the adjusted r2 to account for the
increased variance explained with increasing num-
bers of explanatory (independent) variables. Multi-
colinearity of the independent variables was checked
with the variance inflation factor (VIF) diagnostic in
SAS (Cody & Smith 2005); no variable in the models
had a VIF >5 (values > 10 indicate serious problems
with multi-colinearity). Testing for trends in residuals
of the multiple linear regression models was done
with the Mann-Kendall trend test. All statistics were
performed in SAS Version 9.1 (SAS Institute).
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Weather % TA PA Wind Conditions
pattern (°C) (mm) direction speed (m s–1)

1a 6.8 3.4 (±0.46) 1.0 (±0.52) W 3.0 Warm/wet
2b 17.0 –3.4 (±0.32) –0.9 (±0.20) NW 3.7 Cool/dry
3c 6.1 –0.3 (±0.48) 0.7 (±0.54) N 3.4 Seasonal/wet
4c 4.5 2.3 (±0.51) 2.5 (±0.83) W 3.9 Warm/wet
5 17.4 2.5 (±0.33) 0.4 (±0.30) W 2.7 Warm/wet
6 7.7 –0.1 (±0.46) 0.0 (±0.43) NE 2.3 Seasonal
7 13.0 –2.1 (±0.36) –0.3 (±0.23) W 4.7 Cool/dry
8 3.3 3.2 (±0.72) 1.5 (±0.83) NE 2.5 Warm/wet
9 9.2 2.1 (±0.43) –0.5 (±0.27) S 2.0 Warm/dry
10 15.0 –1.3 (±0.35) –0.7 (±0.21) S 2.0 Cool/dry

aBermuda High; bOhio Valley High; cNor’easter

Table 1. Meteorological characteristics for weather patterns during the winters
of 1989 to 2004. Wind speed and direction based on data from Baltimore-
Washington International airport. TA: temperature anomaly; PA: precipitation
anomaly; values are means ± SE. %: percentage of winter days comprised 

by relevant weather pattern

Fig. 2. Average sea-level pressure maps for each cluster.
Weather pattern number is in upper left-hand corner; H, L:
centers of high and low pressure regions, respectively; con-
tour lines: regions of constant pressure (mb). (Weather 

patterns are described in Table 1)
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RESULTS

Synoptic climatology

We identified 10 predominant winter weather patterns
using a synoptic climatology classification for the eastern
United States (Fig. 2). The resulting maps describe aver-
age SLP patterns for all days categorized into a given
cluster, showing distinct structures of high and low pres-
sure systems. Each weather pattern corresponded to a
unique combination of meteorological conditions, i.e. air
temperature, precipitation, wind speed, and direction
(Table 1). Patterns 2, 7 and 10 were common in winter,

produced below-average temperature (–2.3°C) and pre-
cipitation (–0.7 mm d–1), and accounted for 45% of win-
ter days during the study period. Patterns 1, 3, 4 and 8
were warmer (2.0°C) and wetter (1.3 mm d–1) than aver-
age and occurred on only 21% of the days, but ac-
counted for 32% of total winter precipitation (Table 1). 

Interannual variability in the frequencies of the 10
predominant winter weather patterns was high
(Fig. 3). Long-term average (LTA; 1989 to 2004) fre-
quencies varied among clusters from a low of 2.8 d for
Weather Pattern 8, to a high of 16 d for Weather Pattern
5 (Fig. 3). None of the time-series for weather patterns
showed statistically significant trends in frequency-of-
occurrence (τ > 0.05, Mann-Kendall trend test). Fre-
quencies of cool/dry weather patterns (2, 7 and 10)
varied in concert with one another and in opposition to
those of warm/wet weather patterns (1, 3, 4 and 8).

Differences in the frequencies-of-occurrence of
warm/wet and cool/dry weather patterns were associ-
ated with variability of precipitation and freshwater
flow. We compared years with the largest positive and
negative differences in frequencies of warm/wet ver-
sus cool/dry weather patterns to illustrate this point.
Warm/wet years (1990, 1996, 1998, 2003) averaged
13 d more than the LTA for Weather Patterns 1, 3, 4 and
8 and 9 d less than the LTA for Patterns 2, 7 and 10
(Fig. 4a). Winter–spring (January to April) flow from
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Fig. 3. Time-series (1989 to 2004) of winter (December to Feb-
ruary) frequency-of-occurrence for each cluster. Weather pat-
tern number is in upper left-hand corner; horizontal dotted

lines: long-term average (LTA) for each weather pattern

Fig. 4. Winter weather pattern deviations from LTA
frequency-of-occurrence for contrasting climate extremes for
years dominated by (a) warm/wet and (b) cool/dry weather

patterns
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the Susquehanna River averaged 2060 m3 s–1 for these
years, 18% higher than the LTA. In contrast, cool/dry
years (1989, 1991, 1997, 2001) had 8 d less than the
LTA for Patterns 1, 3, 4 and 8, and 7 d more than the
LTA for Patterns 2, 7 and 10 (Fig. 4b). Winter–spring
flow in cool/dry years averaged 1393 m3 s–1, 20% lower
than the LTA.

Contrasting weather patterns were associated with
distinct distributions of light and nutrients (Zp, DIN)
that influence the spring bloom of phytoplankton in the
bay. The LTA for Zp ranged from 2.5 to 5.4 m from
Region 6 to Region 1, with the deepest Zp in Region 2.
Zp in cool/dry years ranged from 2.8 to 6.2 m, whereas
Zp in warm/wet years ranged from 1.9 to 4.4 m.
Average Zp was 1.4 m deeper in cool/dry than in
warm/wet years (Fig. 5a). Surface-layer DIN was high-
est in Regions 5 and 6 closest to the Susquehanna
River, and decreased toward the bay mouth (Fig. 5b).
The LTA for DIN in these upper bay regions was 60.1
µmol N l–1. DIN in warm/wet years averaged 71.9 µmol
N l–1 compared to 55.4 µmol N l–1 in cool/dry years.

Spring phytoplankton dynamics

Climate affected the position of the spring phyto-
plankton maximum, illustrated by 3 biomass measures

(Fig. 6). During warm/wet years, maxima of B, Beu, and
Bwc were seaward of those for cool/dry years. B peaked
at 13.1 mg chl a m–3 in Region 3 for warm/wet years,
contrasted with 8.2 mg chl a m–3 in Region 5 in cool/dry
years (Fig. 6a). The Beu peak occurred in Region 2 for
both climate modes, but the magnitude of the peak
was greater during warm/wet years than cool/dry
years (47.7 vs. 36.8 mg chl a m–2; Fig. 6b). A distinct Bwc

peak occurred in Region 3 during warm/wet years,
whereas cool/dry years showed a broad plateau in
Regions 3 to 5 (Fig. 6c). Differences between warm/
wet and cool/dry years were greatest in seaward
regions (1 to 3).
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Fig. 5. Regional water column properties (mean + SE) for
warm/wet, LTA, and cool/dry years for (a) euphotic layer
depth (Zp) and (b) surface dissolved inorganic nitrogen (DIN).  

Regions progress from fresh-water (6) to saltwater (1)

Fig. 6. Regional mean (±SE) for (a) phytoplankton (B), (b)
euphotic layer (Beu), and (c) water column biomass (Bwc) for
warm/wet, LTA, and cool/dry years. Regions progress from

freshwater (6) to saltwater (1)
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Differences in B, Beu, and Bwc between cool/dry and
warm/wet years, expressed as deviations from the
LTA, displayed consistent responses to climate forcing
(Fig. 7). The largest positive anomalies for these bio-
mass measures occurred in Regions 1 to 3 during
warm/wet years (Fig. 7a,c,e). These regions averaged
49, 22, and 57% above the LTA for B, Beu, and Bwc,
respectively. Beu in Region 6 had a negative anomaly
in warm/wet years. The largest negative anomalies
occurred in Regions 1 to 3 during cool/dry years. Posi-
tive anomalies during warm/wet years were greater
than negative anomalies during cool/dry years for each
region and biomass measure.

Climate also affected the timing of the spring phyto-
plankton maximum expressed as total biomass (Btot).
Maximum Btot ~717 metric tons occurred in late May
during warm/wet years and was significantly greater
(p < 0.01) than the LTA of 455 metric tons. Btot had a
broad maximum of 383 to 445 metric tons in April and
May in cool/dry years and was less (p > 0.05) than the
LTA (Fig. 8). Spring bloom intensity using this inte-
grated measure of biomass averaged 276 metric tons
greater in warm/wet than in cool/dry years.

The spatial extent of high biomass in the Bay also
differed in warm/wet and cool/dry climate regimes
(Fig. 9). The spatially-averaged, spring mean B was
8.0 mg chl a m–3 and the area with >8 mg chl a m–3

averaged ~3800 km2 (Fig. 9b). During warm/wet
years the 8 mg chl a m–3 isopleth extended to the

Bay’s mouth and expanded the area with B >8 mg
chl a m–3 to 6836 km2 (Fig. 9a). Conversely, during
cool/dry years the area of B >8 mg chl a m–3 was
reduced to 1872 km2 (Fig. 9c).

Regression models

Multiple linear regression models
using weather pattern frequencies for
winter explained 23 to 89% of the vari-
ances of B, Beu, and Bwc for spring
(Table 2). These models differed in the
weather patterns used to develop the
models, the significance of those models,
and the amount of variance explained.
Model performance measured as ad-
justed r2 was superior in the upper Bay,
close to the source of freshwater. For B,
Weather Patterns 3, 6 and 10 were
common predictors in equations that
explained an average 56% of the vari-
ance (Fig. 10a). Models of Beu explained
an average 59% of the variance for all
regions and had low error (average
RMSE = 6.2 mg chl a m–2) (Table 2,
Fig. 10b). Models of Beu had Weather
Patterns 3, 5, 6, 7 and 9 as common inde-
pendent variables. Bwc models explained
an average of 45% of the variance, with
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Fig. 7. Percent difference from LTA for 6 regions during warm/wet years and cool/
dry years in B, Beu, and Bwc. Regions progress from freshwater (6) to saltwater (1)

Fig. 8. Timing of maximum total biomass (Btot) for warm/wet, 
LTA, and cool/dry years averaged over 2 wk intervals
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better results in the upper bay (Regions 5 and 6).
Weather patterns 1, 2, 3 and 9 were important predic-
tors for Bwc (Table 2, Fig 10c). Weather Patterns 1 and 9
explained 35% of the variance in Btot summed for all

regions of the Bay (Table 2). Over-
all, Weather Patterns 3, 6, 7 and 9
were the most common indepen-
dent variables in the 19 models we
developed. Winter weather patterns
were superior to winter-spring flow,
NAO indices, and ENSO indices
as predictors of B, Beu, and Bwc for
spring, with the exception of Bwc for
Region 2, where a linear regression
on freshwater flow explained 36%
of the variance (p < 0.01).

Time-series of observed and pre-
dicted B, Beu, and Bwc for regional
models show good agreement of
model outputs with data (Fig. 11).
Interannual variability in these
biomass measures was strongly
expressed and was captured very
effectively by the models. We
detected no systematic under- or
overprediction in the models. Posi-

tive anomalies of warm/wet weather patterns (Fig. 4a)
in 1990, 1996, 1998 and 2003 coincided with peaks of
B, Beu, and Bwc in most regions. Residuals were gener-
ally small and not associated with peaks or troughs in
the time-series for these biomass measures. We used
the models to remove the climate signal and analyze
trends of B, Beu, and Bwc in the 16 yr data set. Residuals
showed no significant trends in any of these biomass
measures (τ > 0.05; Mann-Kendall trend test).

DISCUSSION

Synoptic climatology provides a regional alternative
to large-scale climate indices as a way to characterize
climate variability in the Chesapeake Bay watershed
(Stenseth et al. 2003) where NAO and ENSO have lim-
ited skill in describing weather (Miller et al. 2006). The
weather patterns identified in these analyses (Fig. 2)
agree well with literature descriptions of common
weather patterns for the area in terms of map struc-
ture, seasonality in frequency-of-occurrence, and con-
ditions associated with each pattern (Fig. 3, Table 1;
Hayden 1981, Davis et al. 1993). Of particular impor-
tance to this work were 4 infrequently occurring pat-
terns (1, 3, 4 and 8; <21% of winter days) that were
responsible for 32% of the precipitation in the region
(Table 1). Weather Patterns 3 and 4 represent manifes-
tations of Atlantic Coast ‘nor-easters’ (Hayden 1981,
Davis et al. 1993, Zielinski 2002). While relatively rare
in frequency-of-occurrence, these patterns have dis-
proportionate importance because of their potential to
deposit significant amounts of snow over much of the
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Variable Adjusted p-value Weather RMSE
Region r2 patterns

B
1 0.41 0.050 1,2,3,7,10 1.7
2 0.41 0.043 5,6,9,10 2.1
3 0.58 0.013 1,6,8,9,10 1.8
4 0.58 0.035 2,3,4,5,6,9 1.6
5 0.66 0.005 3,4,6,7,10 0.9
6 0.74 0.007 1,2,3,4,5,7,8 0.9

Beu

1 0.36 0.082 1,2,3,5,7,10 8.5
2 0.72 0.008 3,4,5,6,7,9,10 5.8
3 0.78 0.003 2,3,6,7,8,9,10 4.6
4 0.54 0.020 3,5,6,8,9 7.5
5 0.70 0.006 1,2,5,7,8,9 4.7
6 0.41 0.026 6,7,9 5.9

Bwc

1 0.23 0.049 1,9 21.8
2 0.25 0.057 1,9 39.7
3 0.44 0.031 1,2,3,4 35.9
4 0.25 0.040 3,6,10 33.6
5 0.65 0.011 2,3,6,7,8,10 15.5
6 0.89 0.002 1,2,4,5,7,8,9 6.5

Btot 0.35 0.025 1,9 146

Table 2. Results of multiple linear regression models of winter
weather pattern frequencies on measurements of regional
spring phytoplankton standing stock. Units for RMSE are mg
chl a m–3 for B (phytoplankton), mg chl a m–2 for Beu (euphotic
layer) and Bwc (water column), and metric tons chl a for Btot

(total). Weather patterns numbered as in Table 1

Fig. 9. Spatially explicit maps of B for warm/wet, LTA, and cool/dry years
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watershed. This snow often stays locked in the basin as
‘storage’ until warmer spring temperatures release the
water as part of the spring freshet (Najjar 1999, Miller
et al. 2006). 

The patterns identified with this approach integrate
a number of environmental parameters that influence
phytoplankton dynamics, including temperature, pre-
cipitation, wind, and irradiance (Table 1; Davis &
Kalkstein 1990), supporting a quantitative analysis of
climate variability suitable for regional application
(Stenseth et al. 2003). Freshwater input to the Bay has
recently been related to variability of these weather
pattern frequencies (Miller et al. 2006). There was
coherence in the variability of several of the weather
patterns described by the synoptic climatology. The
frequencies of warm/wet weather patterns (1, 3, 4 and
8) tended to vary in opposition to cool/dry patterns (2,
7 and 10; Fig. 4). Kimmel et al. (2006) showed how
these same patterns affect zooplankton abundance,
and Austin (2002) described decadal cycles of similar
cool/dry and warm/wet weather patterns that affect
major fisheries in the Bay.

Climate forcing and associated variability of fresh-
water flow have been shown to influence phytoplank-
ton dynamics in estuaries. Cloern et al. (2005) demon-
strated that a combination of weak coastal upwelling
and sustained high pressure over San Francisco Bay
produced conditions that led to an exceptional dino-
flagellate bloom in September 2004. Smayda et al.
(2004) suggested the inverse correlation between
mean annual chl a and NAO in Narragansett Bay was
related to changes in temperature-dependent grazing.
Freshwater flow affects light availability and density
stratification in Delaware Bay (Pennock 1985), nitro-
gen loading to the Neuse River estuary (Rudek et al.
1991), and flushing rate of the Hudson River (Howarth
et al. 2000), thereby regulating phytoplankton dynam-
ics in these ecosystems.

The timing, position, magnitude, and extent of the
spring bloom in Chesapeake Bay were highly responsive
to climate forcing (Figs. 6 to 9). We observed (1) a
seaward displacement of the spring bloom in years
with greater-than-average frequencies of warm/wet
weather patterns (Fig. 6); (2) higher B, Beu, and Bwc in
warm/wet years than in cool/dry years, particularly in
Regions 1 to 3 (Fig. 7); (3) a Btot maximum later in spring
and significantly higher during warm/wet years than
in cool/dry years (Fig. 8); (4) an expanded area with
greater-than-average B during warm/wet years (Fig. 9).
The responsiveness of the spring bloom to climate is
consistent with changes in light and nutrient limitation
along the north–south axis of the Bay described in a con-
ceptual view (Harding et al. 2002). In sum, warm/wet
years are characterized by reduced light penetration in
the upper Bay, and increased nutrient throughput to the
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Fig. 10. Comparison of predicted versus observed results from
regional multiple linear regression models predicting spring

B, Beu, and Bwc
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Fig. 11. Time-series of regional predicted (s) and observed (d) results from multiple linear regression models and residuals for B,
Beu, Bwc. Horizontal dotted lines: LTA for each region; black bars: residuals. Region number is shown in upper right-hand corner
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mid- and lower bay, while the opposite conditions
prevail in cool/dry years (Fig. 5; Harding 1994).

Models based on winter weather explained a signifi-
cant fraction of the variance of B, Beu, and Bwc for
spring, supporting our hypothesis that climate forcing
underlies interannual variability of the spring bloom
(Figs. 10 & 11). The lagged response whereby winter
weather patterns exert a subsequent influence on
spring phytoplankton dynamics reflects the role of
regional climate variability in controlling freshwater
flow and nutrient loading (Miller et al. 2006). Applica-
tion of synoptic climatology based on a quantitative
classification of observed weather patterns to derive
predictive models of the spring bloom proved superior
to large-scale climate indices such as NAO and ENSO
(Table 3), and improves upon previous models based
on flow forcing alone (Malone et al. 1988, Harding &
Perry 1997) by capturing the ‘holistic’ nature of climate
variability (Stenseth et al. 2003). The specific weather
patterns identified as significant in multiple linear
regression models varied because each region and its
biomass estimate were uniquely forced by climate. We
found biomass measures for the lower Bay to be most
sensitive to climate differences (Regions 1 to 3; Figs. 6
& 7), whereas models for the upper Bay explained
more of the variance (Regions 4 to 6; Table 2). This is
consistent with the exacerbation of light-limitation in
the upper Bay in high flow that accompanies warm/
wet weather patterns, and fertilization of the lower Bay
wherein nutrient limitation is alleviated (Harding &
Perry 1997, Adolf et al. 2006).

The main contributions of this work were to quantify
the direct link between regional climate forcing and
spring phytoplankton dynamics in the Bay, and to fore-
cast spring biomass from winter weather. The models
we present explained a large fraction of the variance
of spring biomass; however, 11 to 77% remains unex-
plained. The synoptic climatology used here accu-
rately quantifies the types and frequencies of weather
that transit the region, but it is not capable of quantify-
ing the intensity of the weather patterns, and this limi-
tation is a probable source of the unexplained variance
in the relationships we derived. Other sources of un-
explained variance include (1) climate variability not
captured by the synoptic climatology; (2) grazing or
trophic interactions not influenced by climate variabil-
ity; (3) changes in nutrient and sediment loading unre-
lated to climate, i.e. anthropogenic impacts.

Quantifying the influence of climate variability on
phytoplankton biomass with regional models allows an
examination of residuals for other sources of variabil-
ity, such as eutrophication. However, no statistically
significant trends in the residuals were observed from
any of the regional regression models of biomass
measures. This suggests that most of the increase in

phytoplankton biomass we can attribute to increased
nutrient loading (Harding 1994) occurred prior to the
period of this study (1989), and supports the conclu-
sions of Harding & Perry (1997). Kemp et al. (2005)
related this lack of a trend in biomass during the last
20 yr to similar patterns of nutrient loading. Addition-
ally, these results suggest that there has been no rever-
sal of conditions due to management actions. Models
of phytoplankton biomass that can account for climate
variability may become increasingly valuable if pre-
dicted climate change scenarios for the mid-Atlantic
are realized (Najjar et al. 2000).

We addressed the hypothesis that differences in
regional climate represent the predominant source of
interannual variability of spring phytoplankton bio-
mass in Chesapeake Bay. To that end, we have (1)
described a procedure and results for classifying and
quantifying daily surface SLP to characterize regional
climate; (2) quantified the timing, position, magnitude,
and extent of the spring bloom for contrasting climate
conditions using B, Beu, Bwc, and Btot determined from
a time-series of remotely sensed chl a and products
derived from it; and (3) developed multiple linear
regression models using the previously described win-
ter weather patterns to describe 4 measures of phyto-
plankton biomass for spring. These models explained
23 to 89% of the variability in the regional estimates of
phytoplankton biomass. No trends were found in the
residual variability of the phytoplankton estimates
after the climate signal was removed.
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