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Lake Erie is a classic case of development, recovery from, and return to eutrophication, hypoxia, and harmful algal
blooms. Forecast models are used annually to predict bloom intensity for thewholeWestern Lake Erie Basin, but
do not necessarily reflect nearshore conditions or regional variations, which are important for local stakeholders.
In this study we: 1) developed relationships between observed whole basin and nearshore bloom sizes, and
2) updated and extended a Bayesian seasonal bloom forecast model to provide new regional predictions. The
western basinwas subdivided into 5 kmnear-shore regions, and bloom start date, size, and intensity were quan-
tified with MODIS-derived images of chlorophyll concentrations for July–October 2002–2016 for each subdivi-
sion and for the entire basin. While bloom severity within each subdivision is temporally and spatially unique,
it increased over the study period in each subdivision. The models for the 5 km subdivisions explained between
83 and 95% of variability between regional sizes andwhole bloom size for US subdivisions and 51% for the Cana-
dian subdivision. By linking predictive basin-wide models to regional regression estimates, we are now able to
better predict potential bloom impacts at scales and in specific areas that are vital to the economic well-being
of the region and allow for better management responses.

© 2019 International Association for Great Lakes Research. Published by Elsevier B.V. All rights reserved.
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Introduction

Anthropogenic eutrophication of inland and coastal waterways is a
global concern that has serious ecological and economic consequences
(Hondorp et al., 2010, Breitburg et al., 2018). Many of the largest and
most productive water bodies around the world are threatened with
habitat loss and decreasing biodiversity, leading to public health risks
and reductions in economic output (Brooks et al., 2017). In many
cases, nutrient over-enrichment has created systems favorable for pro-
ducing low oxygen (hypoxic) bottomwaters in vertically stratified sys-
tems and proliferation of several species of colonial cyanobacteria
(Heisler et al., 2008). Often referred to as harmful algal blooms
(HABs), these cyanobacteria colonies impact virtually every aspect of a
system's ecological and economic value, from degrading aquatic habitat
through light limitation to impairing recreational use due to surface
scum formations. In some cases colonies produce toxins that endanger
the health of organisms that live in the system as well as people that
r Quality Research, Heidelberg

.

es Research. Published by Elsevier B
depend on the water body for food and drinking water (Otten and
Paerl, 2015).

Lake Erie is a classic case of development, recovery from, and return
to eutrophication, hypoxia, and HABs. Substantial increases in nutrient
loading from agricultural, industrial, and urban sources in the mid-
20th century led to severe water quality degradation in the 1960's
(Rosa and Burns, 1987; Bertram, 1993; Makarewicz et al., 1989).
These highly publicized problems ultimately led the governments of
the United States and Canada to shape a Great Lakes Water Quality
Agreement (GLWQA, 1978) with a focus on phosphorus (P) load reduc-
tion. The subsequent P abatement programs led to a relatively quick re-
covery (DePinto et al., 1986) as indicated by decreases in total
phosphorus (TP) loads (Dolan, 1993), water column TP concentrations
(DePinto et al., 1986; Ludsin et al., 2001), phytoplankton biomass (espe-
cially western basin cyanobacteria), and central basin bottom-water
hypoxia (Makarewicz and Bertram, 1991; Bertram, 1993; Charlton
et al., 1993), as well as by recovery of several ecologically and econom-
ically important fishes (Ludsin et al., 2001).

These improvements were relatively short lived, however, because
hypoxia and HAB biomass began to increase during the 1990's (Scavia
et al., 2014). There has been a return of extensive central basin hypoxia
(Burns et al., 2005; Zhou et al., 2013; Rucinski et al., 2014) and increases
.V. All rights reserved.
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Fig. 3. Bloom sensitivity (bloom size/load) for total phosphorus (open circles) and
bioavailable phosphorus (filled circles) for the years 2002–2016. The P value for both
lines was P b 0.001.

Fig. 1. Map of (A) Lake Erie and (B) the western basin, with the 5 km nearshore regions
defined for this study. Hatched area denotes the extent of western basin used for this
study.
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in cyanobacteria blooms in the western basin (e.g. Microcystis spp. and
Lyngbya wollei) (Bridgeman et al., 2012; Stumpf et al., 2012; Michalak
et al., 2013), with record blooms set in 2011 (Michalak et al., 2013)
and 2015, and a bloom in 2014 that led to a “do not drink” advisory
for 400,000 people living in the Toledo, OH area.
Fig. 2. MODIS derived bloom biomass estimates and spring total phosphorus and
bioavailable phosphorus loads to the western basin of Lake Erie 2002–2016. Loading
data acquired from the National Center for Water Quality at Heidelberg University,
Tiffin, Ohio, USA.
This degradation inwater quality prompted theUS andCanada to re-
vise the GLWQA and set new P load reduction targets (GLWQA, 2016),
and they are developing domestic action plans (IJC, 2017) to reach
those targets over the long term. Shorter-term actions include produc-
ing seasonal HAB forecasts that predict the severity of the late summer
maximum bloom biomass as a function of spring P loads from theMau-
mee River watershed, the primary HAB driver (Obenour et al., 2014;
Bertani et al., 2016; Stumpf et al., 2016; Verhamme et al., 2016). While
these forecasts help thewater supply, fishing, and recreation communi-
ties prepare for severe blooms, to date the forecasts only estimate the
severity of the overall bloom, not its expected location. To address this
shortcoming, we present an approach that extends the existing HAB
forecast models in Western Lake Erie by relating their predictions of
basin-wide bloom sizes to the corresponding bloom sizes in nearshore
regions derived from MODIS imagery. This results in predictions at
smaller spatial scales that are more useful to management entities,
stakeholders, and the general public.

Despite an unremarkable bathymetry, Lake Erie's western basin has
significant spatial heterogeneity driven by winds, hydrodynamics, and
the distribution of tributary loads that plays a key role in bloom
Fig. 4. MODIS derived bloom size estimates from the Michigan Tech Research Institute
(MTRI) data used in this study compared to estimates used in previous studies (Stumpf
et al., 2016).



Fig. 5. Spatial distribution of HAB characteristics for 2002–2016. (A) The percentage of imageswith a HAB presence July–October. (B) Date of earliest HAB occurrence across study period.
For each map, presence of HAB is defined as chlorophyll concentration N 18 μg/l.
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development and distribution (Jiang et al., 2015). For example, the two
major tributaries entering the western basin, the Maumee and Detroit
Rivers, differ widely in flow, total suspended solids, and P concentra-
tions (Reichert et al., 2010). The contrast between these tributaries
produces a southern shore dominated by the warm, turbid water of
the Maumee, and a northern shore reflecting the colder, clearer
water of the Detroit River (Reichert et al., 2010). In the early years
of the resurgent western basin HABs, this difference in composition
and flow of the Detroit and Maumee water masses kept blooms typ-
ically along the southern shore. In more recent years, however,
blooms have been recorded in the Detroit River plume and along
the northern shore. Thus, the potential ecological, economic, and
public health impacts are now no longer focused only on the south-
ern shore. Because of this shift in the scale and location of potential
impacts, it is important to understand and predict bloom size and in-
tensity not only at the basin scale, but also in different regions within
the basin.

The primary goals of this study were: 1) To use daily MODIS images
that estimate chlorophyll concentration across the western basin to de-
velop regression models that predict local bloom size in nearshore re-
gions as a function of basin-wide bloom size, and 2) To showcase the
application of these regional regression models by linking them to an
updated version of an existing Bayesian basin-wide bloom forecast
model.
Fig. 6. Trends in the mean MODIS derived chl-a concentra
Materials and methods

Study area

The western basin of Lake Erie (Fig. 1) is a large (~6500 km2), shal-
low (average depth ~7 m), highly productive system that provides a
wide range of valuable ecosystem services as an important part of the
economies of Ohio, Michigan, and southern Ontario (Allan et al.,
2017). Between the two major tributaries, the Detroit River's average
discharge (5324 m3/s) is much higher than the Maumee's (150 m3/s),
but they deliver comparable P loads (41 and 48% of the total annual
load to the western basin, respectively). However, the higher P concen-
tration in theMaumee River (Ohio EPA, 2010)makes it amuch stronger
driver of bloom development (Scavia et al., 2014; Obenour et al., 2014;
Bertani et al., 2016; Stumpf et al., 2016; Verhamme et al., 2016). In ad-
dition, a number of smaller tributaries and a series of islands along the
eastern edge of the basin contribute to significant spatial and seasonal
variability in water quality and conditions.

For our regional analyses, we divided thewestern basin into six 5 km
near-shore bands following existing political boundaries (Fig. 1). We
use 5 km bands, as opposed to other methods of delineating nearshore
from offshore, because most biological resources (Vadeboncoeur et al.,
2011) and human activities are concentrated along the shoreline, and
nearshore influence on water quality attenuates at ~3–5 km (Kelly
tions (μg/l) for each region for the years 2002–2016.



Table 1
Regional mean chl-a concentrations (μg/l), with minimum (light shades) and maximum (dark shade) for each region and the whole western basin.

Canada 5km US 5km MI 5km OH 5km Lucas 5km Ottawa 5km Whole basin

2002 12.72 5.35 13.21 8.22 7.92 8.45 4.78

2003 7.32 39.72 37.09 36.03 62.95 19.38 20.21

2004 9.80 33.25 52.78 33.04 50.00 28.60 15.25

2005 12.30 21.26 28.32 27.77 30.83 25.57 9.92

2006 9.46 27.03 24.15 28.35 36.90 22.20 15.02

2007 8.74 27.54 28.09 29.78 42.94 21.47 11.81

2008 8.19 49.57 35.83 58.88 64.73 56.32 22.09

2009 17.62 31.48 21.22 37.62 44.00 32.29 19.57

2010 18.55 43.28 33.38 44.02 60.96 41.95 19.65

2011 11.65 34.56 39.09 38.58 47.37 32.26 26.07

2012 10.25 34.02 44.52 24.73 34.05 18.15 11.17

2013 13.48 73.09 56.64 61.56 78.73 54.99 30.46

2014 14.03 38.62 49.96 24.46 33.20 16.58 21.40

2015 15.86 57.70 55.06 53.51 92.78 63.61 36.70

2016 12.20 27.09 46.97 34.32 37.65 20.45 13.56
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et al., 2015). Furthermore, land-based biological resources are depen-
dent on lake conditions to a distance of ~2–5 km (Pearsall et al., 2012;
Bonter et al., 2009). The lowest resolution bands are along the Canadian
and US shores. The next highest resolution divides the US shoreline
along the Michigan and Ohio border, and the final resolution divides
the Ohio shoreline into Lucas and Ottawa County bands.
Fig. 7. Regression curves for the 5 kmbuffers for Canada (A), US (B),Michigan (C), Ohio (D), Luc
90% prediction intervals, and dashed lines represent the 90% confidence intervals.
HAB bloom estimates

Bloom start date, extent, and intensity for the entire western basin
and for the individual regions were quantifiedwith MODIS-derived im-
ages of chlorophyll concentrations for July–October 2002–2016 devel-
oped by Sayers et al. (2016). For our analyses, we cropped images to
as County (E), andOttawa County (F). Solid line is the prediction, dotted lines represent the



Fig. 8.Model estimates vs. MODIS derivedwhole–basin HAB biomass. The open circles are
the intersection betweenmodel predictions and observed values. The dark line represents
the 1:1 relationship and the thin vertical lines represent the 90% predictive interval for
each prediction. In these plots, the 90% predictive intervals account for measurement
uncertainty, prediction uncertainty, and model parameter uncertainty, such that they
represent the likely range of bloom observations corresponding to eachmodel prediction.

Table 2
Regional regression results for theMonodmodels. TheMonod equation isμ ¼ μmax

S
KsþSwhere μmax is themaximumregional bloom extent (μ,MT) achieved by the systemat saturation, K is

the half-saturation constant, and S is the whole-basin bloom extent (MT).

Model coefficients

Subdivision K Max

Canada 5 km 6.181 1635.988
US 5 km 20,714.000 28,713.000
Michigan 5 km 4320.400 11,681.799
Ohio 5 km 18,661.000 45,161.000
Lucas Co. 5 km 5568.100 17,258.000
Ottawa Co. 5 km 31,286.000 212,431.000
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the western basin (defined as the region west of a line connecting Point
Pelee, OntariowithMarblehead, Ohio), and re-projected the original lat-
itude/longitude coordinate system into UTM-Zone 17N. In some in-
stances, data were only available at the 1000-m pixel scale, and so to
match the resolution of the other MODIS products, these were rescaled
to 250-m using bilinear interpolation. To assess the potential influence
of spatial rescaling on bloom estimates, we calculated the mean and
standard deviation of the chlorophyll values from all pixels in each
image both before and after resampling, and conducted a regression
analysis for the average and standard deviation using values after the
resampling as the predictor. The R-squared and slope coefficient were
close to 1, suggesting the resampling did not affect overall chlorophyll
concentration estimates. The minimum value for each pixel was set to
the minimum background chlorophyll concentration found in the
Great Lakes during the growing season (0.15 μgChl/l; Fahnenstiel
et al., 2016). Because the land-lake boundary was not the same in
each image, we created and applied a mask of the western basin to all
images to make the area of analysis consistent.

The pixel values of each image were subset for each subdivision
described above. Because cloud cover could affect one region and
not another, if a subdivision had b20% observable area, the data
from that day would be dropped for that region, but retained for
other regions. Additionally, a fixed model pair aerosol correction
and custom cloud masking approach was used to limit the influence
of atmospheric contamination on reflectance values in the selected
images (Sayers et al., 2016). For both regional regression analyses
and whole-basin maximum bloom estimates, we only used images
from July–October because HABs usually occur after July (Wynne
and Stumpf, 2015).

When chlorophyll concentration is above 18 μg/l and water temper-
ature is N20 °C, the phytoplankton is overwhelmingly dominated by
cyanobacteria (Sayers et al., 2016), and we therefore used these two
thresholds to ensure that we were identifying cyanobacteria and no
other phytoplankton in our analyses. To estimate total mass of
cyanobacteria chlorophyll for each region,we summed chlorophyll con-
centrations for all pixels whose values were above 18 μg/l and multi-
plied the sum by the pixel area (0.0625 km2) and a sensor optical
depth of 1 m (Wynne et al., 2010; Stumpf et al., 2016). Chlorophyll
mass was then converted to dry weight with a Microcystis chlorophyll
to dry weight ratio of 0.0038 (Lee et al., 2000, Long et al., 2001,
Chaffin, 2009, Chong et al., 2010, Chen et al., 2011). Annual estimates
of peak HAB dry weight were determined as the maximum of 21-day
rolling averages after linear interpolation of observations to fill in days
with no MODIS data and setting bloom areas to zero for temperatures
below 20 °C at the start of the bloom and below 16 °C for bloom termi-
nation. These temperatures represent thresholds at which
cyanobacteria begin to dominate the planktonic community, and are
no longer competitively dominant, respectively (Bridgeman et al.,
2012; Sayers et al., 2016). Daily western basin water temperatures
were estimated by adjusting lake-wide averages (http://tinyurl.com/
ycv6uzh5) with polynomial regressions based on western basin
observations made during summer sampling (http://tinyurl.com/
y9nn9amn).
We compared our annual basin-wide HAB estimates to those ob-
tained by Stumpf et al. (2016). In that study, HAB size is expressed in
terms of a Cyanobacteria Index (CI), which we converted to dry weight
metric tons (MT) tomatch the output of our predictivemodel bymulti-
plying by 2000 based on the definition of CI as 1020 cells and the dry
weight of Microcystis cells (20 pg/cell; Long et al., 2001, Dunker et al.,
2013, Hu, 2014). Becausewewant these regional estimates to act as ex-
tensions of the current annual bloom forecast (http://tinyurl.com/
yadcqyeb), we then converted our dry weight values to an index that
mirrors the 1–10 scale used in the bloom forecast. Our Regional Biomass
Index (RBI) is scaled to minimum and maximum bloom sizes for each
region during the study period as:

RBI ¼ ½ MTð Þ− MTminð Þð Þ= MTmax− MTminð Þð Þð � ð1Þ

Statistical analyses

Relationships between regional bloom biomass and that of the
whole basin were developed using the nls function in R (R Core Team,
2016). For these analyses, all of the chlorophyll images which fit the
criteria described above were used. The Canadian data exhibited a
strong positive skew, and thus were transformed using the Tukey's

http://tinyurl.com/ycv6uzh5
http://tinyurl.com/ycv6uzh5
http://tinyurl.com/y9nn9amn
http://tinyurl.com/y9nn9amn
http://tinyurl.com/yadcqyeb
http://tinyurl.com/yadcqyeb


Table 3
Posterior parameter means and 95% Credible Intervals for the Bayesian model.

Parameter Units of measurement Mean 95% CI

β0 1000 MT −11.15 −45.99–6.37
βw 1000 MT/(1000 MT/month) 71.36 15.1–165.41
βb 1000 MT 6.85 0.82–11.34
βt 1000 MT/year 1.28 0.10–3.75
βψ 3.08 1.08–5.74
σγ 1000 MT 5.04 3.17–7.53
θ 0.51 0.21–0.95
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ladder of powers transformation (transformTukey function in R), which
selects a lambda value that maximizes the Shapiro-Wilks W statistic.
The lambda selected for the 5 kmCanadian subdivisionswas 0.325, sim-
ilar to the value of a cube root transformation. A suite of regression
models was developed for each subdivision, including Monod, power,
exponential, and linear models. The best fit model for each subdivision
was selected based on the Bayesian Information Criterion (BIC). As
with all models, these regressions are limited by the available data,
and as the data sets grow in the future, the type of model selected
could change. Additionally, using BIC to select between different
model types can present issues when the number of observations is
low because it has a tendency to favor excessively simple models
(Weakliem, 1999). The 90% confidence and prediction intervals for
each best fit model were generated using the predict function for linear
models and predictNLS function for nonlinear models in R. While 95%
confidence intervals are typically used for scientific statistical assess-
ment, we believe 90% is more consistent with the information typically
used by our intended management and policy users. Therefore, we use
90% confidence and prediction intervals throughout.

Bayesian HAB model

To demonstrate how the output of an existingwhole-basin forecast-
ingmodel can be used tomake regional bloom predictions, we used the
probabilistic forecasting model developed by Obenour et al. (2014) and
revised by Bertani et al. (2016). This model predicts peak late-summer
bloom size inWestern Lake Erie based on spring (March–June) nutrient
load from the Maumee River and a temporal trend that reflects the
lake's apparent increasing susceptibility to HABs. The model is solved
within a Bayesian hierarchical framework that allows for simultaneous
calibration to multiple sets of bloom observations and for a differentia-
tion betweenmodel prediction (i.e., process) error and bloommeasure-
ment error (Obenour et al., 2014). For our study, however, we use the
single set of MODIS-derived observations.

The deterministic component of the model is as follows:

ẑi ¼ βb þ β0 þ βwWi þ βtTi
βb

�
for β0 þ βwWi þ βtT iN0
for β0 þ βwWi þ βtT ib0

ð2Þ

whereβb,β0,βw, andβt aremodel parameters that predict bloom size, ẑi,
in year i, in terms of spring nutrient load,Wi, andmodel year, Ti. The pa-
rameterβb is a backgroundbloom level representing bloom size in years
with a small nutrient load. As load increases beyond a critical threshold,
Table 4
Regional Forecasts Dry Weight Biomass (MT), Regional Biomass Index (RBI), and 90% CI
for a nominal whole-basin bloom extent of 25,000 MT. Negative values correspond to
RBI below current minimum for that region.

Subdivision Dry weight 90% CI RBI 90% CI

Canada 5 km 447 375–500 0.05 0.02–0.08
US 5 km 9641 7500–11,000 0.4 0.2–0.6
Michigan 5 km 2950 2650–3200 0.3 0.2–0.4
Ohio 5 km 6649 4500–9000 0.4 −0.03–0.9
Lucas Co. 5 km 3294 300–3700 0.5 −0.9–0.7
Ottawa Co. 5 km 3294 2500–4200 0.3 0.04–0.5
the size of the bloom increases as a linear function of the load, and the
parameter βw represents the unit increase in bloom size per unit in-
crease in load. The parameterβ0 is an intercept term, andβtTi essentially
allows the intercept to change over time. The lake's increasing suscepti-
bility to HABs is reflected by a positive value of βt such that the intercept
increases gradually over time (Obenour et al., 2014). The intercept is in-
versely related to the load threshold required to increase bloom size be-
yond the background level.

The original model was revised to accommodate the single set of
MODIS bloom observations zi, which are modeled as a gamma distribu-
tion:

zi � Gamma ẑi
2
=σ2

γ ; ẑi=σ
2
γ

h i
ð3Þ

where σγ
2 represents residual model error.

For each year i, the spring nutrient load is determined as a weighted
average of January to June (m = 1 to 6) monthly loads wi, m, based on
the following equations:

Wi ¼
1P
ψm

X6
m¼1

wi;mψm ð4Þ

ψm ¼
0

mþ 1−βψ
1

8<
:

form≤ βψ−1
� �

for βψ−1
� �

bmbβψ

form≥βψ

ð5Þ

where βψ is a weighting parameter estimated probabilistically within
the model. A more detailed description of the model formulation can
be found in Obenour et al. (2014).

Bioavailable phosphorus load
The model was calibrated using the spring Maumee River bioavail-

able P load (Bertani et al., 2016), defined as the sum of the bioavailable
portions of the dissolved reactive P (DRP) and particulate P (PP) loads
(Lee et al., 1980; Baker et al., 2014):

Wi ¼ Bioavailable Pi ¼ ηDRPi þ θPPi ð6Þ

TP and DRP loads for the period 2002–2016 were estimated from
Maumee River nutrient concentration data measured by Heidelberg
University's National Center for Water Quality Research (NCWQR,
http://www.heidelberg.edu/academiclife/distinctive/ncwqr/data,
accessed on 31 May 2017), and stream flow data measured by the
United States Geological Survey (USGS, http://www.usgs.gov/water,
accessed on 31 May 2017) using the same methods outlined in
Obenour et al. (2014). The PP load was approximated as the difference
between the TP and DRP loads (Baker et al., 2014). Because DRP is ex-
pected to be approximately 100% readily available to algae, we set η=
1 (Lambert, 2012). Only a fraction (θ) of the PP load is expected to be-
come available to algae. The parameter θwas thus estimated probabilis-
tically, together with other model parameters, through Bayesian
inference.

Model cross validation

To assess the model's performance when predicting conditions not
included in the calibration process, we performed a leave-one-year-
out cross validation,wherein observations fromone yearwere removed
from the dataset one at a time in turn, and the re-calibrated model was
used to predict the excluded observations (Obenour et al., 2014).

http://www.heidelberg.edu/academiclife/distinctive/ncwqr/data
http://www.usgs.gov/water
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Results and discussion

Annual peak bloom and load estimates

Estimates from theMODIS-derived data show thatmaximumbloom
sizes were relatively small in the early years of the study period and in-
creased significantly thereafter, with particularly large blooms in 2011,
2013, and 2015, corresponding with the inter-annual variability in TP
(R2=0.401, P = 0.011) and bioavailable P load (R2 = 0.439, P =
0.007) (Fig. 2). The ratio of bloom size to the P load (Fig. 3, Electronic
SupplementaryMaterial (ESM) Fig. S1) confirms the increased load sen-
sitivity of blooms first identified by Obenour et al. (2014). That is, the
unit increase in bloom size per unit increase in load increased over
time. While our approach for estimating peak blooms size differs con-
siderably from Stumpf et al. (2016), our estimates are similar to theirs
based on both their maximum 10-day composite bloom size (R2 =
0.898, P b 0.001) and their 30-day average of 10-day composites (R2

= 0.915, P b 0.001) (Fig. 4). In addition to defining the peak bloom dif-
ferently, Stumpf's algorithm isolates cyanobacteria, whereas ours is
based on chlorophyll concentrations above 18 μg/l. As such, our rela-
tively higher estimates at lower blooms sizes (e.g., 2004–2007) may re-
flect the presence of non-cyanobacteria at low chlorophyll
concentrations.

Regional dynamics

The spatial distributions of HAB frequency and start dates illustrate
the importance of understanding and predicting blooms in specific sub-
divisions (Fig. 5). Each subdivision has distinct dynamics and trends
(Fig. 6, Table 1, ESM Table S1).While chlorophyll concentrations within
each subdivision are both temporally and spatially unique, each subdivi-
sion showed increasing severity over time. For example, in five of the six
subdivisions the lowest concentrations were recorded in 2002, and the
Canadian subdivision had its lowest concentration in 2003. In contrast,
five of the six subdivisions had their highest concentrations in 2013 or
later, and none had their maximum prior to 2010. Additionally, concen-
trations after 2008 are, on average, 73.7% higher than the pre-2008
values, with a minimum of +68.5% in the US subdivision, and a high
of +79.6% in the Ohio subdivision.

Regional regression results

Based on pairs of estimates of regional and basin-wide bloom bio-
mass, a nonlinear, saturating function (Monod) was selected as the
best model for all subdivisions (Fig. 7, Table 2). The models explained
between 83% and 95% of the variability for the US subdivisions and
51% for the Canadian subdivision. This suggests that given the annual
whole-basin bloom forecast, we can now make strong predictions of
bloom size at new, smaller regional scales, particularly for nearshore
areas on the US side of the lake, which is much more affected by the
nutrient-rich Maumee River plume. The Canadian results reflect the
more complex environmental conditions that influence north-shore
blooms. While whole-basin bloom size does explain a majority of the
variance seen in the data, other factors not included in this analysis,
like the influence of the Detroit River plume, or direction and intensity
of the prevailing winds, can influence the size of the bloom observed
in the Canadian nearshore region.

Basin-wide forecasts

The Bayesian forecasting model driven with bioavailable P per-
formed well with this single data set calibrated through 2016 (R2 =
72.2%, P b 0.001, Fig. 8), although it explained less of the inter-annual
variability than the original TP and DRP models that were calibrated to
multiple data sets through 2013 (TP model: R2 = 91.9%; DRP model:
R2 = 88.0%) (Obenour et al., 2014) and the updated bioavailable P
model calibrated through 2014 (R2 = 84.2) (Bertani et al., 2016).
Model skill when performing a leave-one-year-out cross validation
(CV-R2 = 62.4%, P b 0.001) decreased relative to the Obenour et al.
and Bertani et al. models (CV-R2 = 83.8% and CV-R2 of 69.8%, respec-
tively), but is still acceptable. Posterior parameter mean estimates
(Table 3) were within the credible intervals from Bertani's bioavailable
P model, with the exception of the temporal trend parameter (βt),
which is still positive and significant but lower than Bertani et al.
(2016).

As part of developing load reduction targets, cyanobacteria blooms
in Western Lake Erie were classified as “severe” when they reached an
overall biomass N9600 MT (Scavia et al., 2014), which corresponds to
a TP load of 860 MT for March–July, or 215 MT/month. This model pre-
dicts that under 2008 lake conditions, a spring Maumee TP load below
230 MT/month would be necessary to keep peak summer bloom size
smaller than 9600 MT, which is consistent with results reported in
Bertani et al. (2016) and similar to the current target. However, because
of increased sensitivity to loading, themodel run with the 2016 tempo-
ral termwould result in a bloom substantially larger than 9600MTwith
the same 230 MT/month load. Furthermore, under 2016 conditions, a
load reduction of 40% from the 2008 baseline (i.e., the GLWQA target)
would still result in blooms that are far larger the goal of blooms no
N2004 or 2012 levels 90% of the time.

Regional forecasts

To demonstrate the utility of bloom forecasts for individual regions,
we use a nominal basin-wide forecast of 25,000 MT, corresponding to a
TP load of 690 MT/month. For a bloom this size, we would expect RBI
values of 0.3 in the Michigan and Ottawa County subdivisions and 0.5
in the Lucas County subdivision (Table 4), but only 0.05 in the Canadian
subdivision (Table 4). This demonstrates the need for regional forecast-
ing, as the whole-basin estimate can result in drastically different rela-
tive impacts, even in neighboring regions like Lucas and Ottawa
counties.

While reports of HABs to the Ontario Ministry of the Environment
and Climate Change have increased since 1994 (Winter et al., 2011),
in many instances the blooms observed near the northern shore were
the result of extremely large blooms that extend from the mouth of
the Maumee to the Canadian shore and the central basin. Unlike the
bloom size relationships for the US regions, which saturate and reflect
blooms covering the entirety of the subdivision even at relatively low
basin-wide bloom sizes, the rate of saturation for the Canadian relation-
ships is much slower, with large basin-wide blooms generally required
to have a significant impact on the Canadian shoreline. The difference in
bloom impacts on theUS and Canadian regions are largely due to the ef-
fects of prevailing winds and the cold, relatively nutrient-poor Detroit
River plume. However, any protection that the Detroit River plume
may have provided to the northern shore in the past through reduced
nutrient concentrations and cooler water temperatures may not be
enough to prevent blooms on the northern shore in the future, as dem-
onstrated by the 69% increase in average chl-a concentrations for the
Canadian subdivision since 2008. Eutrophication, changes in food web
dynamics due to invasive species, and climate changemay all contribute
to increasing HAB susceptibility along the northern shore (Pick, 2016).

Using output from the existing basin-wide bloom forecasts to de-
velop regional forecasts provides managers and the public with more
focused (and more useful) bloom estimates in areas of high use and
value. Relatively small basin-wide blooms can still be significant in spe-
cific nearshore areas, and as such low whole-basin bloom severity esti-
mates may provide a false sense of security to managers and the public.
Thewestern basin of Lake Erie is a dynamic systemwith significant eco-
nomic and ecological importance and is under threat from awide range
of factors, not least of which are the impacts of harmful algal blooms. By
linking existing predictive basin-wide models to regional regression es-
timates of bloom impact, we are now able to predict impacts of a bloom
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at scales and in regions that are vital to the economic well-being of the
region and allow for better management responses.
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