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• We develop a space-time geostatistical
approach for modeling algal bloom variability.
• Model synthesizes data from an international suite of monitoring programs.
• Trends characterize spatiotemporal patterns and effect of wind mixing on chl-a.
• Model simultaneously estimates bloom
surface area and overall biomass.
• Results show potential to inform Lake
Erie algal bloom monitoring design.
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a b s t r a c t
Harmful algal blooms (HABs) have been increasing in intensity worldwide, including the western basin of Lake
Erie. Substantial efforts have been made to track these blooms using in situ sampling and remote sensing. However, such measurements do not fully capture HAB spatial and temporal dynamics due to the limitations of discrete shipboard sampling over large areas and the effects of clouds and winds on remote sensing estimates. To
address these limitations, we develop a space-time geostatistical modeling framework for estimating HAB intensity and extent using chlorophyll a data sampled during the HAB season (June–October) from 2008 to 2017 by
ﬁve independent monitoring programs. Based on the Bayesian information criterion for model selection, trend
variables explain bloom northerly and easterly expansion from Maumee Bay, wind effects over depth, and variability among sampling methods. Cross validation results demonstrate that space-time kriging explains over half
of the variability in daily, location-speciﬁc chlorophyll observations, on average. Conditional simulations provide,
for the ﬁrst time, comprehensive estimates of overall bloom biomass (based on depth-integrated concentrations)
and surface areal extent with quantiﬁed uncertainties. These new estimates are contrasted with previous Lake

2

S. Fang et al. / Science of the Total Environment 695 (2019) 133776

Erie HAB monitoring studies, and deviations among estimates are explored and discussed. Overall, results highlight the importance of maintaining sufﬁcient monitoring coverage to capture bloom dynamics, as well as the
beneﬁts of the proposed approach for synthesizing data from multiple monitoring programs to improve estimation accuracy while reducing uncertainty.
© 2019 Elsevier B.V. All rights reserved.

1. Introduction
Harmful algal blooms (HABs) are a growing global threat to ecosystems and human health (Huisman et al., 2018). HABs threaten ecosystems and drinking water through surface scum formation, increased
risk of hypoxia, food web alteration, and potential toxin production. Ingestion of cyanobacterial HAB-related toxins, the most well-studied
being microcystins, have been linked to numerous health issues, including liver and skin diseases (Paerl and Paul, 2012; Torbick et al., 2018). In
August 2014, microcystins contaminated drinking water and prompted
a “do not drink” advisory for over 400,000 residents near western Lake
Erie (Steffen et al., 2017).
Cyanobacterial HABs have become larger and more persistent over
the last decade in western Lake Erie (Bertani et al., 2017; Michalak
et al., 2013; Sayers et al., 2019), as they have in many northern lakes
(Taranu et al., 2015). To address HABs in Lake Erie, Canada and the
United States have committed to “undertake and share research, monitoring and modeling necessary to establish, report on, and assess the
management of phosphorus and other nutrients and improve the understanding of relevant issues associated with nutrients and excessive
algal blooms” (United States and Canada, 2012). This emphasis on
HAB management has motivated development of multiple models
that relate bloom size (e.g., biomass) to nutrient loading (Ho and
Michalak, 2017; Scavia et al., 2016; Verhamme et al., 2016), and the
suite of models is now used for HAB forecasts (NOAA, 2019). These forecasting models rely on robust estimates of nutrient loading and HAB size
for calibration and veriﬁcation. However, unlike the nutrient load,
which is determined from intensive daily monitoring of the Maumee
River (Jarvie et al., 2017), less intense and disparate monitoring protocols leave large uncertainties and discrepancies among estimates of
HAB size (Bertani et al., 2016; Bertani et al., 2017).
In Lake Erie, most large-scale HAB estimates are derived from remote sensing (Sayers et al., 2019; Stumpf et al., 2016a). However,
these estimates are limited by cloud cover, the limited spatial and temporal resolution of speciﬁc satellite sensors, and algorithm retrieval uncertainties brought about by suspended sediments and adjacency
effects (Matthews, 2011). Furthermore, remote sensing only determines near-surface HAB concentrations, such that overall HAB estimation may be biased depending on how meteorological conditions
inﬂuence the position of the bloom within the water column (Wynne
et al., 2018; Wynne et al., 2011). Efforts to overcome these limitations
have included the use of composite images (Stumpf et al., 2003;
Tomlinson et al., 2004) and rolling averages (Manning et al., 2019) to
estimate annual maximum HAB size.
In situ observations have also been used to quantify HAB size
expressed, for instance, as algal biomass (Bridgeman et al., 2013;
Chafﬁn et al., 2011; Kane et al., 2014), and to validate remote sensing algorithms (Wynne et al., 2008). However, in situ observations are laborious and costly for large spatial and temporal coverage (Page et al.,
2018). Fortunately, with several public and private sector groups
collecting samples in recent years, temporal and spatial coverage has increased. Bertani et al. (2017) applied a machine learning approach to
compare the temporal variability of in situ bloom measurements from
various sampling programs and how this variability related to potential
environmental drivers (e.g., wind). Golnick et al. (2016) explored differences among the sampling methods and analytical procedures of various monitoring programs, showing potential discrepancies among
datasets, particularly when surface cyanobacterial scums were present.

While these studies indicate some of the challenges associated with
working with data from multiple monitoring programs, there remains
the need to synthesize these data within a coherent framework to improve HAB estimation (Ho et al., 2017; U.S. Congress, 2017).
Spatio-temporal correlation analysis and geostatistical modeling is a
promising approach for addressing HAB estimation challenges.
Geostatistics has been shown to outperform simpler interpolation approaches (Murphy et al., 2010; Varouchakis and Hristopulos, 2013),
while quantifying estimation uncertainty (Chilès and Delﬁner, 2012).
However, as with all statistical methods, the accuracy and precision of
geostatistical estimates are strongly dependent on the quantity and
quality of the available sampling data. Geostatistical modeling has
been applied to characterize hypoxia (Obenour et al., 2013; Zhou
et al., 2014) and phytoplankton distributions (Ludovisi et al., 2005;
Wang and Liu, 2005; Zhao and Cai, 2004) in lakes and coastal areas.
However, such models have typically focused only on spatial estimation.
In contrast, space-time geostatistics incorporates temporal trends and
temporal correlation to allow for probabilistic estimation through time
(Kyriakidis and Journel, 1999). The utility of space-time approaches
has been demonstrated for modeling water quality in river networks
(Holbach et al., 2014; Money et al., 2009; Money et al., 2011) and
more recently for hypoxia in the Gulf of Mexico (Matli et al., 2018).
In this study, we propose a space-time framework for integrating
multiple in situ HAB datasets to characterize spatio-temporal chlorophyll a (chl-a) dynamics in western Lake Erie. While chl-a is not speciﬁc
to cyanobacteria, high summertime chl-a concentrations in Lake Erie
are indicative of cyanobacterial blooms (Newell et al., 2019). The unique
approach developed here simultaneously estimates surface-layer and
water column-integrated chl-a concentrations to account for the propensity of Microcystis to rise in the water column under quiescent conditions (Bosse et al., 2019; Rowe et al., 2016). Speciﬁc objectives include
(a) develop probabilistic estimates of bloom biomass and areal extent
throughout June to October of each year by integrating ten years
(2008–2017) of in situ chl-a data from an international group of sampling programs; (b) assess how different sampling approaches and
wind speeds impact chl-a biomass estimation; and (c) inform HAB
monitoring network design. In addition, we evaluate the new HAB estimates based on their uncertainties (related to sampling coverage) and
how they compare with the ﬁndings of previous Lake Erie studies.
2. Materials and methods
2.1. Study area and ﬁeld methods
The western basin of Lake Erie (WBLE, approximately 3000 km2) is
relatively shallow compared to the rest of Lake Erie, averaging just
7.4 m in depth, and is thus subject to intermittent stratiﬁcation and
wind-driven mixing (Wynne et al., 2011). In this study, the eastern
boundary of the WBLE was deﬁned as a line from Marblehead, Ohio to
Point Pelee, Canada (Fig. 1a). Chl-a is a common algal surrogate for
algal biomass and often used as a reference for HABs (Steinman et al.,
2017; Welschmeyer, 1994). We synthesized chl-a concentration measurements from ﬁve ongoing water quality monitoring programs
(Fig. 1b).
The following ﬁve in situ monitoring programs provide chl-a observations over the bloom season (June–October, 2008–2017): NOAA (National Oceanic and Atmospheric Administration, Great Lakes
Environmental Research Laboratory), OSU (The Ohio State University,
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Fig. 1. (a) Map of the western basin of Lake Erie (WBLE) with in situ sampling locations shown. Monitoring programs include NOAA (National Oceanic and Atmospheric Administration,
Great Lakes Environmental Research Laboratory), OSU (The Ohio State University, Stone Laboratory), USGS (the U.S. Geological Survey, Great Lakes Science Center), UT (University of
Toledo, Lake Erie Center), and ECCC (Environment and Climate Change Canada). The near-Maumee region is the pink circle with a radius of 37 km from Buoy Station THR01. (b) Count
of all sampling events from different programs from 2008 to 2017, with colors corresponding to program legend in the map. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

Stone Laboratory), USGS (the U.S. Geological Survey, Great Lakes Science Center), UT (University of Toledo, Lake Erie Center), and ECCC (Environment and Climate Change Canada). The programs routinely
performed ship-based cruises to collect water samples, where each
cruise contained multiple sampling “events” conducted at speciﬁc locations and times. NOAA has been monitoring water quality at several
sites in WBLE since the early 2000s. The surveys have been carried out
between late spring and early fall at intervals of 7 to 14 days. NOAA sampling covers an area of about 600 km2 with roughly 7 km between stations. These stations are located within 37 km of the Maumee River
mouth, referred to as the “near-Maumee” region in this paper (Fig. 1a
pink area). Surface samples were collected with a 0.75 m long vertical
Niskin bottle centered at a depth of 0.75 m below the water surface.
Since 2015, NOAA has additionally collected bottom samples.
In contrast to NOAA, the other monitoring programs primarily use
an “integrated” water-column sampling method (Golnick et al., 2016).
Integrated sampling uses a tube sampler that typically collects water
from the surface to 1 m above the sediments, or up to 8 m maximum
depth. The USGS collects samples in this way, weekly to biweekly
from May to October in the vicinity of Monroe, Michigan (Fig. 1a). The
spacing between sampling stations is approximately 7 km over an
area of approximately 100 km2. The UT sampling area partially overlapped with NOAA, and integrated samples were collected biweekly
from May to October at a spatial interval of about 8 km. ECCC integrated

sampling covered almost the whole WBLE with sparse measurements
(N35 km interval typical spacing) and only conducted large cruises in
2013–2015. OSU focused sampling on Sandusky Bay and the south
shoreline of WBLE, conducting sampling more frequently (twice a
week or weekly) and at higher spatial resolution (about 4 km interval)
than the other programs. The OSU dataset also includes sampling by a
volunteer group of charter boat captains. These volunteer samples are
integrated over the upper 2 m of the water column and thus treated
as surface samples in this study. We also note that USGS occasionally
collected samples over the upper 2 m of the water column (at times of
strong stratiﬁcation), and these samples are also treated as surface samples. Each monitoring program had different analytical methods to measure chl-a concentrations, but all used ﬁltration to capture
phytoplankton on a glass ﬁber ﬁlter and an organic solvent to extract
chl-a from cells (Golnick et al., 2016).
In addition, we used ancillary data such as bathymetry and wind
speed to check the potential chl-a response to mixing conditions. Bathymetry data were acquired from NOAA's National Centers for Environmental Information (https://www.ngdc.noaa.gov). Hourly wind speeds
from the National Buoy Data Center (https://www.ndbc.noaa.gov) for stations SBIO1, THLO1, and THRO1 were adjusted to a consistent 10 m height
following the method described by Beletsky et al. (2003). The adjusted
point-location data were used to spatially interpolate wind speeds across
the WBLE through inverse distance weighting.
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2.2. Space-time geostatistical model
In the space-time geostatistical model, observed values of chl-a concentration z(x, y, t) are considered as a realization of a spatio-temporal
random ﬁeld where, x, y, t represent longitude, latitude, and time, respectively. The space-time geostatistical model (Gelfand et al., 2010)
can be represented as:
zðx; y; t Þ ¼ μðx; y; t Þ þ ηðx; y; t Þ þ εðx; y; t Þ

ð1Þ

Eq. (1) is similar to multiple linear regression (MLR) but includes an
additional term η(x, y, t) representing spatio-temporally correlated
stochasticity. The term μ(x, y, t) is a deterministic space-time trend function, which can be calculated through Xβ, where X is a matrix of explanatory variables such as bathymetry and sampling type, and β is a vector
of estimated regression coefﬁcients. In addition, ε(x, y, t) is the uncorrelated error term following a Gaussian distribution N(0, τ2), where τ2
represents the spatially uncorrelated residual variance, due to
microvariability and measurement error (also called “nugget effect”).
To help ensure the residuals were normally distributed, the chl-a data
were log-transformed (Fig. S1). In this study, η(x, y, t) is a Gaussian
space-time process with mean zero and a Matérn covariance function
(Stein, 2005), parameterized as:
8
>
σ 2  ν  
<Σij ¼


 >
dij K ν dij ; dij N 0
Γðν Þ2ν−1
Cov zðxi ; yi ; t i Þ; z x j ; y j ; t j
¼
>
>
: 2
σ þ τ 2 ; dij ¼ 0

ð2Þ

where Γ(ν) is a gamma function, Kν is a modiﬁed Bessel function of the
second kind (Weniger and Cížek, 1990), ν is the smoothness parameter,
σ2 is the spatially correlated variance (also known as “partial sill”).
Matérn covariance with ν = 0.5 and ν → ∞ coincide with the exponential and Gaussian covariance functions, respectively (Gelfand et al.,
2010). Also, dij is the space-time distance calculated as:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u 2
usi; j t 2i; j
dij ¼ t 2 þ 2
α1 α2

ð3Þ

where, for any pair of observations, z(xi,yi, ti) and z(xj, yj,tj), si, j is the separation distance (UTM coordinate system), ti, j is the time lag, and α1 and
α2 represent the space (km) and time (d) scaling parameters, similar to
Matli et al. (2018). Thus, day of year is considered as an additional dimension in the space-time coordinate system. The effective spatial
(km) and temporal (d) ranges of correlation are determined by the distance or time at which covariance is reduced to 5% of the partial sill
(Gelfand et al., 2010).
To efﬁciently estimate the ﬁve unknown covariance parameters (θ
= (σ2, α1, α2, ν, τ2)) we maximize Vecchia's likelihood (Vecchia, 1988),
which is an approximation of restricted maximum likelihood (Gelfand
et al., 2010) with advantages of computational scalability and accuracy
(Katzfuss and Guinness, 2017). Once the covariance parameters are es^ is detimated, the corresponding best estimate of trend parameters (β)
termined using generalized least squares (Obenour et al., 2012):
^ ¼ XT Σ−1 X−1 XT Σ−1 z
β
oo
oo

ð4Þ

where Σoo is the covariance matrix among observations, populated
using Eq. (2).
2.3. BIC-based variable selection
To prevent overparameterization of the model, we used the Bayesian
information criterion (BIC) (Schwarz, 1978) to select a subset of trend
variables for the deterministic component of Eq. (1). BIC considers
both the goodness of ﬁt and the dimensionality (i.e., the number of

variables) of the model, wherein lower BIC scores generally indicate
better models. Our model selection framework followed a multistep
procedure. For computational efﬁciency, we ﬁrst selected the ten best
variable subsets (with smallest BIC) by constructing models using conventional MLR. The trend variables corresponding to these ten best subsets were then used to construct ten versions of the geostatistical model,
accounting for the spatio-temporal correlation among observations. The
overall best model was then selected based on a geostatistical adaptation of BIC (Huang et al., 2007; Obenour et al., 2012).
Candidate trend variables included spatial coordinates computed as
distances (easterly and northerly) from Buoy Station THR01 (Fig. 1a),
day of year from June to October, water column depth, and wind
speed. Because most sampling cruises were completed by 15:00, we
considered wind averaging periods (6, 12, 18, and 24 h) leading up to
15:00. We also considered categorical variables allowing for differences
between the two main sampling types (i.e., integrated versus surface
sampling) and a potential downward bias in USGS chl-a measurements
relative to the other program laboratories (Golnick et al., 2016). Additionally, as some studies suggested a threshold wind speed for effective
algal mixing in Lake Erie (Rowe et al., 2016; Wynne et al., 2010), we also
considered wind as a categorical variable to test whether this representation would outperform the use of wind speed as a continuous variable
(described above).
Some higher order trend variables were also considered in the
model. Because preliminary data analysis indicated that chl-a typically
peaks in late summer (Fig. S2), we allowed quadratic temporal trends
in the model. Similarly, because remote sensing indicated nonlinear
spatial patterns in chl-a (Stumpf et al., 2016b), we considered both
northerly and easterly quadratic trends in the candidate models. Moreover, two-way interaction terms among depth, wind, and sample type
were considered to expand understanding of the relationships among
these potential variables.
2.4. Conditional simulation for HAB estimation
The covariance function and BIC-selected variables were used to determine the geostatistical kriging weights across all estimation locations. For a time (t0), a unique set of weights (Λe,t) were determined
by solving the following system of linear equations (Matli et al., 2018):


Σoo
XT0

Xo
0



Λe;t
−Ge;t




¼

Σoe;t
XTe;t


ð5Þ

where Σoo is an n × n covariance matrix for n observations and Σoe,t is an
n × m covariance matrix among observations and the m estimation locations, with elements determined from Eq. (2). Xo is the n × p matrix of p
deterministic trend variables associated with the observations, and matrix Xe,t (m × p) includes the same variables for the estimation locations.
Finally, Ge,t is a p × m matrix of Lagrange multipliers used to determine
estimation uncertainties (Zhou et al., 2013).
To obtain probabilistic estimates of algal biomass, areal extent, and
annual duration, we used conditional simulations, which are spatially
consistent Monte Carlo simulations (Chilès and Delﬁner, 2012). A conditional simulation is performed at the cost of one unconditional simulation and one conditional expectation (Guinness, 2018). Following
Matli et al. (2018), unconditional simulations at the estimation and observation locations and times are given by:


zue;t
zuo;t

"


¼D

Σee
Σoe;t

T

Σoe;t
Σoo

#!T
u

ð6Þ

where, zuo;t is an n × 1 vector of simulated values at observation locations,
zue;t is an m × 1 vector of simulations at estimation grid locations, u is an
(m + n) × 1 vector of random independent samples from the standard
normal distribution, and Σee is the m × m covariance matrix between
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estimation locations. The operator D(⋅) returns the triangular matrix
resulting from Cholesky decomposition (Obenour et al., 2013;
Pourahmadi, 1999).
The unconditional simulations were then conditioned to the observed data and deterministic trends using the kriging weights:


zce;t ¼ ΛTe;t zo −zuo;t þ zue;t

ð7Þ

where, zo is the n × 1 vector of all chl-a observations, and the resulting
zce;t is the vector of conditionally simulated values across the estimation
grid at time t. Conditional simulations were used to reproduce the actual
variability (e.g., histogram) and spatial continuity (covariance) of the
ﬁeld of interest (Ersoy et al., 2008). In this study, we performed 1000
simulations of daily chl-a concentrations for each sampling type (integrated and surface). Because integrated sampling missed the very bottom of the water column (see Section 2.1), we divided the water
column into the sampled layer (upper layer) and the un-sampled
layer (bottom layer). A bottom/upper layer chl-a concentration ratio
was calculated based on available USGS data (when both integrated
and bottom samples were collected during the same event), and the
ratio (0.87) was used to estimate the chl-a concentration in the unsampled bottom layer.
Total chl-a mass was aggregated across the estimation grid, where
each grid cell's mass was determined as the (simulated) integrated chla concentration multiplied by the grid cell area (0.64 km2) and depth.
We converted chl-a mass to dry weight (referred to as algal biomass)
using the average chl-a content of Microcystis cells measured in western
Lake Erie (0.006125 g chl-a per g dry weight) (Bertani et al., 2017). For
comparison, we calculated “naïve” biomass estimates based on mean observed areal chl-a concentration (g/m2) multiplied by the representative
sampling area (Bertani et al., 2017; Bridgeman et al., 2013). We used
the near-Maumee region as the representative sampling area
(1082 km2) since 90% of the data were collected within this region
(Fig. 1a).
Surface chl-a concentrations were generally representative of the
upper 1.5 m water layer, based on the NOAA surface sampling protocol
described above. Thus, surface chl-a concentrations were used to estimate
the bloom areal extent. To determine the areal extent, a threshold chl-a
concentration is required, and we considered two thresholds (50 μg/L,
World Health Organization, 2003; and 18 μg/L, Sayers et al., 2019) in
this study. Bloom duration was estimated by counting consecutive days
of bloom above a particular concentration threshold and areal extent
(e.g., 1000 km2) from June to October.
2.5. Model implementation and performance assessment
Overall, the geostatistical framework, which was implemented in R
(R Core Team, 2018), is summarized in Fig. S3. Parameter estimation
and variable selection were performed ﬁrst, followed by kriging and
conditional simulation. Model validation was performed using a leaveone-cruise-out cross validation, which is similar to k-fold cross validation (James et al., 2013), and provided a rigorous test of the model's ability to predict across time, in between monitoring cruises. For this
validation, we divided observations into k = 394 cruises, calibrating
the model over k-1 cruises and predicting chl-a for the cruise left out.
We repeated the process for all cruises in order to obtain a complete
set of cross-validation kriging predictions. We considered all data sampled on the same day as a “cruise” regardless of which program collected the data. For OSU data, if cruises were conducted within three
days, we treated them as the same cruise. Validation performance was
characterized by root-mean-square error (RMSE) and the coefﬁcient
of determination (R2), which represents the fraction of variance in the
observations (i.e., log chl-a concentrations) explained by space-time
geostatistical estimates (Taylor, 1990). We used the bootstrap approach
from Ohtani (2000) to estimate the standard error of R2.
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3. Results
3.1. Spatial and temporal trends in observations
The BIC-selected deterministic trend variables, along with their esti^ and standard errors (σ ), are listed in Table 1. All
mated coefﬁcients (β)
^
β
trends are signiﬁcantly different from zero (p b 0.05). Overall, the deterministic component, μ(x, y, t), of the geostatistical model explains 30.6%
of the variance in chl-a (log μg/L). The annual intercepts of the deterministic trend (Table S1) account for year-to-year variability in mean
chl-a concentrations. For example, years 2011 and 2015 have the
highest intercept values, reﬂecting the large blooms in these years.
Within years, the deterministic spatial and temporal trends explain
from 18.6% to 43.8% of chl-a variability, depending on the year. The coefﬁcient for the USGS data adjustment indicates that USGS samples
were 25.2% (1−exp(−0.291)) lower than samples from other programs on the original scale (μg/L), all else being equal, which is generally consistent with the ﬁndings of Golnick et al. (2016).
Spatial trends alone explain 13.6% of the variability in chl-a, while
intra-annual temporal trends alone explain 15.1% of the variability. Spatially, the northing coefﬁcient βN suggests that higher bloom concentrations occur in the south of the study area. Easterly coefﬁcients βE and βE2
form a concave upward parabolic trend centered just east of Port Clinton (Fig. 2a). The combination of these spatial trends indicates that
Maumee Bay generally has the highest chl-a concentrations, and that
the north-central portion of WBLE has the lowest concentrations, likely
due to the inﬂuence of the low-nutrient Detroit River plume (Michalak
et al., 2013). Temporal coefﬁcients βT and βT2 indicate a concave downward parabolic trend, where chl-a concentrations typically increase
throughout June and July, peak in late August, and decline afterward.
The deterministic trends also included wind, depth, and sample type
as covariates. The variable selection procedure identiﬁed 6-hour
(9:00–15:00 on day of sampling) average wind speed as the most informative wind predictor. Results show that surface chl-a samples were
typically higher than integrated samples across typical ranges of depth
and wind speed, all else being equal (Fig. 3, Fig. S5). Also, both surface
and integrated concentrations responded negatively to increasing
wind speed, though the response was notably stronger for surface concentrations. Finally, both surface and integrated concentrations also
responded negatively to bathymetric depth, at similar rates. Consistent
with the interaction parameter between wind and depth (Table 1), at
shallower depths the effect of wind mixing was somewhat less strong
than at deeper locations. When the wind increased by 1 m/s, the average surface chl-a concentration decreased by about 6.2% and the average integrated chl-a concentration decreased by about 1.8% (on the
original scale). Overall, our model suggests that average surface layer
concentrations are 30.1% higher than average integrated chl-a concentrations (on the original scale) under average wind conditions (4.7 m/s).
3.2. Covariance of observations
In the geostatistical model, the variance not explained by deterministic trends is represented as spatially correlated and uncorrelated
stochasticity, as in Eq. (1). The covariance parameters σ2 (partial sill)
and τ2 (nugget) were estimated at 0.84 and 0.23 (log μg/L)2, respectively. The partial sill is almost four times as large as the nugget, indicating that the majority of the variance in the detrended data is spatially
and temporally correlated. The smoothness parameter, ν, is 0.17, and
together with the spatial range parameter (54.6 km) and the temporal
range parameter (39.1 days), determine how quickly the correlations
decrease spatially and temporally (Stein, 2005). Therefore, the effective
spatial and temporal correlation ranges were 91.4 km and 65.4 days
(Fig. 4a). The spatial correlation range is substantially longer than the
typical distance between sampling locations (around 8 km) and the
temporal correlation range is considerably longer than weekly or
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Table 1
^ with standard errors (σ ). Units are log μg/L
Estimated geostatistical trend coefﬁcients (β)
^
β
per unit of the predictor variable. Names in italics are used to identify the variables. Colons
represent interactions between variables.
Variable (units)

^
β

σ^
β

Program adjustment, USGS (−)
Northing, N (km)
Easting, E (km)
Easting2, E2 (km2)
Time, T (day)
Time2, T2 (day2)
Type (surface), S (−)
Depth, D (m)
Wind, W (m/s)
Type (surface):Wind, SW (m/s)
Wind:Depth, WD (m2/s)

−2.91E−01
−1.69E−02
−7.09E−02
6.74E−04
7.73E−02
−1.68E−04
3.99E−01
−3.83E−02
1.99E−03
−1.95E−02
−1.33E−02

7.30E−02
3.81E−03
7.72E−03
1.00E−04
1.99E−02
4.42E−05
8.37E−02
1.86E−02
6.41E−03
3.69E−03
5.31E−03

biweekly sampling intervals. However, while the reported ranges are
the lags at which 95% of the covariance is lost, it is clear from Fig. 4a
that there is a substantial reduction in covariance within shorter lags.
The covariance parameters in the geostatistical model reﬂect the covariance of the data with the deterministic trends removed
(i.e., detrended data). For comparison, we also estimated the covariance
function for the raw log chl-a concentrations without trend removal
(Fig. 4b). In this case, the partial sill was 1.60 (log μg/L)2, and the effective ranges of spatial and temporal correlation were 148 km and
122 days, respectively (Fig. 4b). Thus, the deterministic trends, which
explain large-scale spatial and temporal patterns in bloom development, substantially reduce the portion of the variance explained by
the stochastic portion of the model.

Synthesizing the deterministic trends and the space-time covariance
function, we generated kriged maps of chl-a (Fig. 2b). While both the
trend maps and kriged maps illustrate the same large-scale temporal
and spatial patterns, the kriging maps provide greater spatial detail. As
a further example, Fig. S4 provides kriged chl-a maps covering the period from July 7 to August 17, 2015, at a daily time interval. These example results compare well with remote sensing images in 2015 (NOAA,
2019), which also indicated that the bloom initiated from the area
near Port Clinton, OH.

3.3. Predictive performance
Cross validation was used to assess the ability of the model to predict
(i.e., geostatistically interpolate) chl-a concentrations not included
within the calibration dataset. In this validation, entire cruises were
omitted, in turn, to test the model's ability to predict in both time and
space (Section 2.5). Cross validation predictions explained 54.8 ± 1.3%
(mean ± standard error) of the variability in the observed log chl-a concentrations, which is markedly higher than the 30.6% of variability explained by deterministic trends alone (Section 3.1). Furthermore, a
plot of observations versus predictions (Fig. S6) demonstrates that
model errors are evenly distributed with negligible heteroskedasticity.
For years with more frequent sampling (2013–2017), the cross validation predictions explained 60.7 ± 1.4% of the observed log chl-a variability, and about 42.1 ± 2.8% of the variability for years with less
frequent samplings (2008–2012). While our model is based on
geostatistics, these R2 values can be loosely compared with the results
of mechanistic phytoplankton models. According to a metanalysis of
phytoplankton models, typical R2 values are around 40–60%
(Arhonditsis and Brett, 2004), similar to what we ﬁnd here.

Fig. 2. (a) Chl-a concentration trend maps for selected dates in 2013 based on the model parameterization provided in Table 1, and (b) associated kriging maps of geostatistically estimated
chl-a concentration. The difference between (a) and (b) indicate how the geostatistical estimates, which are more directly inﬂuenced by spatially and temporally proximate observations,
differ from the smoother estimates based solely on the deterministic trends. A more extensive set of kriged chl-a maps is provided in Fig. S4.
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on record (they were not signiﬁcantly different from each other). The
correlation between algal biomass and duration was also strong (e.g., r
= 0.88 for duration of chl-a concentration N 18 μg/L over area
N 1000 km2). The HABs of 2011, 2013, and 2015 were the most severe
according to the various duration criteria considered (Fig. 7c).

4. Discussion
4.1. HAB variability and comparison to previous studies

3.4. Bloom biomass, extent, and duration estimates

Compared to previous studies of HAB variability in lacustrine systems (Bridgeman et al., 2013; Liu et al., 2011; Xu et al., 2017), this
study leverages sparse sampling data to provide high temporal resolution (daily) and spatially-resolved algal concentration and biomass estimates with quantiﬁed uncertainties. Such probabilistic estimates can
inform risk-based HABs management, considering potential ecological,
human health, and economic impacts (Brooks et al., 2016; Huisman
et al., 2018). Reliable HAB estimates are also important for calibrating
and validating forecasting models that link HABs to nutrient loading
and other environmental inﬂuences (Scavia et al., 2016; Yan et al.,
2017). Biomass, in particular, is an important HAB attribute for characterizing seasonal and interannual variability from in situ sampling data
(Bertani et al., 2017; Bridgeman et al., 2013) and remote sensing

Algal biomass and areal extent time series were estimated probabilistically using conditional simulations from June to October of each
year (Fig. 5). Naïve estimates based on simple averages from individual
cruises (see Section 2.4) followed similar temporal patterns, but were
much noisier, with 47% of such estimates falling outside the 95% conﬁdence intervals determined by conditional simulation (Fig. 5). Conﬁdence intervals were narrower for years with lower blooms and with
more observations, especially after 2013. Notably, the years 2011 and
2015 had blooms of similar size, yet the latter had 363 more sampling
events than the former (Fig. 1b), which reduced the uncertainties by
37%, on average. Results for the near-Maumee region (deﬁned in
Fig. 1a) demonstrated a similar temporal pattern (Fig. S7), but with
lower uncertainty, as 90% of samples were collected within this region.
The relationship between uncertainty and sampling intensity can be
explored further in terms of coefﬁcient of variation (Cv) (Fig. 6). The average Cv of geostatistically estimated algal biomass in WBLE was reduced by 30% when the total number of monthly sampling events
increased from 0 to 100, while for the near-Maumee region Cv reduction
reached 35%. For months with very few samples, the uncertainties
remained somewhat constrained by the deterministic trends and samples collected in nearby months. Spatially, the uncertainties (Cv) of estimated annual mean log chl-a concentrations were substantially smaller
on the U.S. side than the Canadian side of WBLE (Fig. S8).
Bloom areal extent showed similar dynamics to the biomass time series (r2 N 0.95, Fig. 5). Further analysis conﬁrmed a strong nonlinear relationship (p b 0.05) between daily bloom biomass and areal extent
(Fig. S9), enabling one to estimate biomass for a given area or vice
versa. For example, the 18 μg/L curve could be used to estimate bloom
biomass based on the extent obtained from remote sensing images
(Sayers et al., 2016). To further aid in conversion between the surface
and depth-integrated HAB measurements, based on the model output,
we quantiﬁed that the average (integrated) chl-a concentration for
the whole column was 67% of the concentration in the surface water
layer (top 1.5 m), on average. Also, the average ratio of overall biomass
in WBLE to biomass in the surface layer was 2.48 (Fig. S10).
Our results can also be aggregated to compare annual maximum
algal biomass (30-day mean), areal extent, and duration across the
years (Fig. 7). The correlation between algal biomass and extent was
very strong, with r = 0.92 or 0.99, depending on whether extent was
deﬁned based on chl-a concentration N 18 μg/L or N 50 μg/L, respectively.
Overall, 2011 and 2015 had both the highest biomass and areal extent

Fig. 4. Fitted space-time covariance function for (a) detrended log chl-a concentrations (as
used in the geostatistical model) and (b) log chl-a concentrations observations.

Fig. 3. Modeled chl-a concentration trends with wind speed and sample type (integrated
or surface) at different bathymetric depths.
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Fig. 5. Time series of geostatistically estimated mean algal biomass (metric tons, MT) with 95% conﬁdence intervals, and “naïve” estimates of algal biomass from individual cruises in WBLE.
Also shown are geostatistically estimated bloom areal extent for chl-a N18 μg/L and N50 μg/L.

(Sayers et al., 2019; Stumpf et al., 2016b). However, in the absence of a
synthesizing model, in situ biomass estimates have generally been determined from sparse and noisy estimates of individual cruises or monitoring programs without uncertainty quantiﬁcation.
Our basin-wide biomass estimates, developed through space-time
conditional simulation (Chilès and Delﬁner, 2012; Matli et al., 2018) of
chl-a, can be compared with the relatively noisy “naïve” estimates determined from simple averages of individual cruises (Fig. 5). Naïve estimates suggest that basin-wide biomass regularly ﬂuctuates over an
order of magnitude on a time scale of days. This implausible result is
likely due to the patchiness of WBLE blooms, such that individual
cruises may or may not sample the locations where the bloom is most
intense (Bertani et al., 2017; Binding et al., 2019; Vander Woude et al.,

Fig. 6. Relationship between monthly mean coefﬁcient of variation (Cv) for algal biomass
estimates (as in Fig. 5) and number of sampling events per month. Results are shown for
WBLE and near-Maumee region. Lines are the ﬁtted LOESS curves (span = 0.5).

2019). Small cruises (with only one or two samples) produce naïve estimates that are only modestly correlated with the geostatistical estimates (r2 = 0.30), whereas larger cruises produce somewhat more
correlated estimates (r2 = 0.59). Consistent with these ﬁndings, previously published estimates of annual peak cyanobacteria biomass from
an individual monitoring program (Bertani et al., 2017; Bridgeman
et al., 2013) have limited correlation (r2 ≤ 0.41, Table S2) with the
peak biomass estimates of this study and remote sensing studies
(Fig. 8). Overall, these results indicate both the importance of maintaining sufﬁcient cruise coverage to capture bloom dynamics (see
Section 4.2), and the importance of the space-time geostatistical approach for synthesizing data across multiple programs to improve estimation accuracy while reducing uncertainty.
The geostatistical peak biomass estimates correlate well with previously published remote sensing peak estimates (r2 N 0.60, Table S2).
However, there are some instructive deviations. For example, Stumpf
et al. (2016b) showed that the 2009 bloom peaked in early September
with the highest concentrations near the coast around Leamington,
Canada, where no in situ observations were collected. Therefore, the
geostatistical model likely underestimated chl-a mass in this area in
that year, resulting in under-estimation of the peak bloom size
(Fig. 8). On the other hand, in 2016, the geostatistical estimates indicated the bloom peaked in mid-August when cloud cover limited remote sensing coverage, likely leading to an under-estimation of the
bloom by remote sensing (Manning et al., 2019, Fig. 8). Thus,
geostatistical model estimates are limited primarily by the spatiotemporal coverage of the in situ samples (particularly on the Canadian
side of the lake), and remote sensing estimates are sometimes limited
by cloud cover. Since geostatistics can also be applied to remote sensing
data (Ha et al., 2014; Yang and Hu, 2018), future research could potentially improve HAB estimation by integrating in situ and remote sensing
data.
It is important to note that some remote sensing studies measure
chl-a concentrations (Sayers et al., 2019) while others measure
cyanobacteria-speciﬁc pigments (Stumpf et al., 2016a; Stumpf et al.,
2016b). However, our chl-a–based estimates of peak bloom biomass
correlate similarly well to both types of remote sensing estimates
(Fig. 8, Table S2), likely because Lake Erie's peak bloom has mostly
been dominated by cyanobacteria, at least over the past decade
(Jankowiak et al., 2019; Michalak et al., 2013). We also note that algal
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Ho et al. (2017) developed extent estimates based on a Cyanobacteria
Index threshold of 0.001, which is considered roughly equivalent to 50
μg/L chl-a or 105 cells/mL (Stumpf et al., 2016b; World Health
Organization, 2003). Interestingly, the estimates of Ho et al. (2017)
were more similar in magnitude to our extent estimates based on an
18 μg/L threshold. This contrast further indicates the need to better understand relationships among chl-a, cyanobacterial biomass, and cell
counts, especially given recent interest in developing Lake Erie water
quality criteria using cyanobacterial cell counts (Davis et al., 2019).
The geostatistical estimates allow us to explore empirical relationships among biomass and areal extent that could be helpful in future
studies and HAB management. The relationship between bloom biomass and extent is found to be nonlinear for the two concentration
criteria considered (Fig. S9). For the lower concentration criteria (18
μg/L), areal extent increases rapidly as biomass increases beyond 104
MT, but it begins to saturate around 2200 km2 (~75% of our WBLE
study area) for biomass values above 7.5 × 104 MT. The maximum spatial extent is likely controlled by the low-nutrient Detroit River plume,
which limits boom expansion in the northern portion of the study
area (Michalak et al., 2013; Stumpf et al., 2016b). On the other hand,
for a concentration criterion of 50 μg/L, areal extent appears to have a
positive exponential relationship with biomass, suggesting that these
smaller areas of particularly high HAB concentration will continue to expand if biomass continues to increase in future years (Kitchens et al.,
2018; Obenour et al., 2014).
Bloom duration is another measure of HAB severity, with implications for water supply risk management (Wynne and Stumpf, 2015).
Duration is likely related to climate and water column conditions
(e.g., temperature, stratiﬁcation) that control the window of time over
which HAB taxa may proliferate (Wells et al., 2015). However, yearly estimates of HAB duration in WBLE have not been reported comprehensively in previous studies. In this study, HAB duration is based on
thresholds for chl-a concentration and areal extent (Fig. 7). In general,
bloom duration estimates were strongly and linearly correlated with

Fig. 7. (a) Annual maximum 30-day mean algal biomass with 95% conﬁdence intervals for
WBLE and near-Maumee region; (b) maximum 30-day mean bloom areal extent with 95%
intervals for WBLE using alternative bloom concentration criteria; (c) bloom duration for
WBLE using multiple criteria.

biomass was determined assuming a constant biomass-to-chl-a ratio,
consistent with previous studies (Bertani et al., 2017; Conroy et al.,
2005), though cyanobacteria contributions to chl-a may vary with environmental factors such as light and nutrients (Berry et al., 2017; Chafﬁn
et al., 2018; Nicholls and Dillon, 1978). Thus, while there is general consistency among the peak bloom estimates from this and previous studies, variability in algal community composition may complicate chl-abased HAB estimates (Binding et al., 2018), and there remains a need
to better understand how ratios between cyanobacteria biomass and
chl-a vary over time.
Prior to this study, in situ measurements had not been used to quantify HAB areal extent in the Great Lakes, likely due to the sparse spatial
coverage of individual sampling programs. However, our composite
geostatistical areal extent estimates can be compared with remote sensing areal estimates (Fig. S11). Our annual maximum 30-day extent estimates based on the 18 μg/L threshold are well correlated with the
maximum extent estimates of Sayers et al. (2019) who used that
same threshold (r2 = 0.62, Table S2); and on average our estimates
are just 11% lower. Our maximum extent estimates based on 50 μg/L
were well correlated with those of Ho et al. (2017) (r2 = 0.65,
Table S2), but their estimates were, on average, twice as high as ours.

Fig. 8. Standardized WBLE annual biomass index comparison among (1) our maximum
30-day average from geostatistical modeling of integrated chl-a concentration,
(2) Stumpf et al. (2016b) maximum 30-day average based on surface-layer
Cyanobacteria Index from MERIS/MODIS-derived satellite images, (3) Manning et al.
(2019) maximum 21-day average based on surface-layer chl-a concentration from
MODIS-derived images, and (4) Bertani et al. (2017) maximum 30-day average of UT in
situ measurements (Bridgeman et al., 2013). All estimates are standardized by the mean
and standard deviation of their respective datasets.
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the maximum 30-day mean bloom biomass estimates (Section 3.4).
Thus, reductions in bloom biomass, potentially through nutrient management, are expected to produce comparable reductions in bloom duration, at least for similar climate conditions.
4.2. Wind and depth inﬂuence on chl-a estimation
In this study, we characterized how wind and depth control the relationship between surface and integrated chl-a concentrations
(e.g., Fig. 5). This relationship reﬂects the ability of cyanobacteria to
form colonies and regulate their buoyancy, potentially leading to surface layer accumulations under low wind conditions (Chafﬁn et al.,
2012; Oliver et al., 2012). However, while other Lake Erie studies suggested particular wind velocity thresholds for surface accumulation,
ranging from 4.9 to 7.7 m/s (Boegman et al., 2008; Wynne et al., 2010;
Rowe et al., 2016; Bosse et al., 2019), our model suggests a more continuous effect for the overall WBLE (Fig. 3, S5). Based on statistical variable
selection (BIC), a linear trend with wind outperformed stepwise
changes based on speciﬁc wind thresholds. Furthermore, our results indicate that a 6-hour average (9:00–15:00 on the sampling day) wind
speed is a better predictor than longer wind averaging periods, consistent with previous studies demonstrating that blooms respond rapidly
to wind-induced mixing (Rowe et al., 2016). While surface chl-a concentrations respond most strongly (and negatively) to changes in
wind speed, there is a smaller negative relationship between integrated
chl-a and wind speed. These relationships can potentially improve
bloom biomass estimation when only surface measurements are available. For example, our results indicate that at low wind speeds
(2 m/s), surface chl-a concentrations are 35% higher than integrated
concentrations, whereas, for higher wind speeds (8 m/s), surface concentrations are only 17% higher. Thus, the relationships developed in
this study can help remove biases in remote sensing bloom estimates
caused by severe wind conditions (Bosse et al., 2019; Wynne et al.,
2010).
4.3. Sampling guidance
The Harmful Algal Bloom and Hypoxia Research and Control
Amendments Act of 2017 (U.S. Congress, 2017) emphasized coordination and integration to prevent unnecessary duplication of effort
among programs. Our results provide an assessment of the ongoing
monitoring efforts, which could lead toward more efﬁcient and coordinated WBLE monitoring. For example, since 2013, the uncertainty (Cv)
of estimated chl-a concentration in WBLE decreased due to increased
sampling activity from multiple monitoring programs (Fig. 5, S8, S12).
In particular, 2015 had the most sampling events and the smallest average Cv. To constrain uncertainties in chl-a estimates in WBLE, at least 50
sampling events each month are suggested, yet increasing the total
sampling events from 50 to 115 only reduces the Cv by an additional
10% (Fig. 6), based on historical sampling patterns.
Spatially, the average Cv of estimated chl-a concentration was generally lowest in the near-Maumee region, and highest on the Canadian
side of the lake (Fig. S8, S12). Sparse sampling on the Canadian side increases estimation uncertainties throughout the entire WBLE. As illustrated in Fig. S12, average WBLE chl-a uncertainties are substantially
reduced at times when cruises are conducted on the Canadian side of
the lake. In contrast, individual cruises conducted on the U.S. side do
not substantially reduce overall WBLE uncertainties (particularly after
2011, when sampling became more frequent). Thus, managers can consider allocating more sampling resources to the Canadian side to improve basin-wide HAB estimation.
5. Conclusion
This study presents an innovative approach to HAB estimation using
space-time geostatistics. We demonstrate how the combination of

deterministic trends and spatio-temporal correlations in chl-a concentration can provide realistic estimates throughout time, even on dates
when no data are available (Section 3.3). The availability of observational data that are spatially/temporally proximate to the estimation location/time is reﬂected in the estimation uncertainties (e.g., conﬁdence
intervals), which were substantially reduced in later years with more
frequent sampling (Fig. 5). In addition, the space-time approach allows
us to assess relationships between chl-a and environmental covariates
(e.g., depth and wind) in a rigorous modeling framework that accounts
for the correlation (i.e., lack of statistical independence) among water
quality samples (Gelfand et al., 2010; Obenour et al., 2012). We ﬁnd
that wind has an important negative relationship with summer chl-a
concentration, particularly for surface samples collected at locations
with a relatively deep water column. Beyond relationships with environmental covariates, the approach also allows us to account for potential biases related to the different sampling and analytical procedures
used by various monitoring programs.
Spatially-aggregated HAB metrics, including depth-integrated biomass and surface areal extent, were estimated probabilistically using
space-time conditional simulations. Compared to remote sensing estimates, which are based only on surface concentrations, the depthintegrated biomass estimates provide new information on overall lake
productivity. At the same time, the year-to-year variability in our new
biomass estimates correlates moderately well with remote sensingderived estimates, suggesting that both approaches reasonably characterize the temporal variability in WBLE HABs. Deviations between the
geostatistical and remote sensing estimates appear to largely reﬂect
data gaps (in the availability of both in situ measurements and remote
sensing imagery) and suggest that geostatistically integrating in situ
and remote sensing data could be beneﬁcial future research. Finally,
this research, which synthesizes observations from ﬁve different U.S.
and Canadian monitoring programs, has the potential to guide more coordinated and efﬁcient HAB monitoring. We ﬁnd that at least 50 samples per month, including samples on the Canadian side of the lake,
are needed to prevent WBLE algal biomass and extent estimation uncertainties from ballooning.
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