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ABSTRACT

We developed a Bayesian hierarchical modeling framework to establish a short-term forecasting model of par-
ticulate cyanobacterial toxin concentrations in Western Lake Erie using chlorophyll a concentration as the
predictor. The model evolves over time with additional data to reflect the changing dynamics of cyanobacterial
toxin production. Specifically, parameters of the empirical relationship between the cyanobacterial toxin
microcystin and chlorophyll a concentrations are allowed to vary annually and seasonally under a hierarchical
framework. As such, the model updated using the most recent sampling data is suited to provide short-term
forecasts. The reduced model predictive uncertainty makes the model a viable tool for risk assessment. Using
data from the long-term Western Lake Erie harmful algal bloom monitoring program (2008-2018), we illustrate
the model-building and model-updating process and the application of the model for short-term risk assessment.
The modeling process demonstrates the use of the Bayesian hierarchical modeling framework for developing

informative priors in Bayesian modeling.

1. Introduction

Large scale harmful and nuisance algal blooms (HABs) in lakes are
recognized as a public health threat because of the risk of exposure to
cyanobacterial toxins (various congeners of microcystin or MC) (Van
Dolah et al., 2001). As lakes represent a significant resource providing
services from recreation to water supply, forecasting high toxin levels is
an important public service. Accurate prediction of toxin levels is,
however, elusive because of the poorly understood processes of micro-
cystin production and degradation. In addition to nutrient (phosphorus
and/or nitrogen) enrichment and climate change and their impact on
the composition of toxic and non-toxic genotypes for cyanobacteria
species (Heisler et al., 2008; Davis et al., 2009; O’Neil et al., 2012; Paerl
and Huisman, 2008; Suominen et al., 2017), studies have proposed
triggers of toxin production ranging from the presence of phyto-
planktivorous fish (Jang et al., 2004) to infectious virus (Steffen et al.,
2017). Until we have a better understanding of the main causes of toxin
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production, an empirically-based risk assessment approach offers a
reasonable starting point.

Many authors have explored the correlation between MC and other
related variables such as chlorophyll a (hereafter, Chla) concentration.
For example, several authors used the US EPA’s National Lake asses-
semtn data to model MC at a continental scale (Yuan et al., 2014; Yuan
and Pollard, 2017; Taranu et al., 2015) using nutrient concentration and
a number of environmental variables. They used both classical and
Bayesian statistical modeling approaches. Shan et al. (2019) divided MC
concentrations into high, moderate, and low categories and used a
Bayesian networks model to predict the likelihood of each category for
three large lakes in China. While modeling MC across a large number of
lakes based on lake’s trophic status (nutrient concentrations) are often
successful, such cross-lake models often do not reflect the patterns of
change in MC within a lake, due to Simpson’s paradox (Qian et al.,
2019). Stumpf et al. (2016) discussed the use of Chla as a predictor of MC
in Lake Erie to evaluate the spatial variability of MC. More recently Liu
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et al. (2020) used a hydrodynamic model and satellite-based Chla
measurements to forecast near-term Chla concentrations in the Western
Basin of Lake Erie. The forecasted Chla concentrations were then used to
estimate MC based on simple linear regression models predicting MC
from Chla, developed from recent in situ measurements. The model-
predicted MC was linked to the measured MC data again to derive
conditional probabilities of MC concentration exceeding several rele-
vant environmental management thresholds (Liu et al., 2020). However,
researchers are still exploring how to best predict MC concentration in
Lake Erie.

We conducted an extensive exploratory analysis of the long-term
monitoring data from Western Lake Erie that did not reveal any mean-
ingful empirical relationship between MC concentration and various
candidate predictors including nutrient concentrations. Only measures
of phytoplankton biomass (e.g. Chla and particulate organic carbon)
showed a consistent positive correlation with MC concentration.
Although phytoplankton biomass is a necessary condition for MC,
biomass measures, including Chla, do not capture the sufficient condi-
tions for high MC. For example, the composition of toxic genotypes of
Micrositis spp in bloom may be a result of factors such as temperature,
nutrient (Davis et al., 2009), light limitation (Kardinaal et al., 2007),
and/or carbon chemistry and pH (Van de Waal et al., 2011). These are
the same factors that determine primary productivity. In other words,
the connection between MC and Chla can be depicted as a latent struc-
ture where both MC and Chla are causally linked to some unknown
common factors (or latent variables, Fig. 1). Accordingly, the apparent
correlation is “direction-separated” (Pearl et al., 2016). The direction-
separated correlation does not imply a direct causal link but can be
useful for prediction if the underlying latent varibles are reasonably
stable. However, because our lack of knowledge of factors influencing
MC we expect that the MC-Chla relationship vary over time. A simple
empirical model (e.g. a log-log linear model) fit to existing data may
only be valid for a short time. As a result, a simple empirical MC-Chla
relationship needs to be updated frequently to reflect the changing
environment. We accommodated possible changes in the underlying
structure using a Bayesian hierarchical framework over two temporal
scales: allowing model parameters to differ yearly and well as weekly/
biweekly within a year. Pooling data using a hierarchical structure
(referred to as “partial-pooling” in the literature (Gelman and Hill,
2007)) reduces model parameter uncertainty by including many ob-
servations (Qian et al., 2015). Additionally, a hierarchical structure
prevents misleading results that can arise when data are improperly
aggregated, a phenomenon known as Simpson’s paradox (Cha et al.,
2016; Qian et al., 2019). While the hierarchical structure is a flexible
framework to account for uncertainty due to external factors, a large
part of uncertainty associated with MC data is related to the lab mea-
surement method (Qian et al., 2015), which cannot be accounted for by
external factors. Thus, predictive uncertainty of an empirical model of
MC is most likely high. A successful predictive model should, therefore,
aim at provide a tool for risk assessment, such as predicting the proba-
bilities of MC concentration exceeding certain threshold values. Our
Bayesian hierarchical model predicted MC concentration distribution
can be readily used to derive such probabilities.

Unknown
Latent
Variables

()

Fig. 1. Direction separated correlation induced by common factors.
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2. Methods
2.1. Western Lake Erie sampling

Western Lake Erie was sampled approximately weekly at set sam-
pling stations (Fig. 2) from late spring (April-May) until fall turnover
(October) from 2008-2018 (regularly-sampled stations). Additional
samples were collected either at the surface (0.75 m) or scums during
large Microcystis blooms (bloom-chasing samples). Samples were
collected with a modified clean Niskin bottle (Fahnenstiel et al., 2002),
poured into acid-washed 4 L Nalgene containers, stored in coolers, and
brought back to the Great Lakes Environmental Research Laboratory
(GLERL) for immediate processing.

Pigment samples were filtered onto Whatman GF/F filters (0.7 pm
nominal pore size) and frozen until extraction the next day. Chla was
estimated with two replicate filters extracted with N, N-dime-
thylformamide (Speziale et al., 1984) and analyzed on a Turner Designs
fluorometer calibrated with commercial Chla standards.

Two replicates for particulate microcystin (MC) were filtered onto
Whatman GF/F 47-mm filter (0.7 pm nominal pore size, 2008-2015) or
Isopore 47-mm membrane filters (3 pm pore size, 2016-2017) and
frozen. Filters were placed in 70:30 methanol:water, sonicated and then
extracted for 12 h at —20 °C (2008-2015). After removing the solvent
extract, the extraction was repeated twice again for an hour
(2008-2015) (Lawton et al., 1994). After 2015, toxins were extracted
using commercially available Abraxis QuikLyse kits. We used the par-
ticulate MC because it is used by the US EPA in developing recreational
ambient environmental criteria for Lake Erie (USEPA, 2019).

2.2. Exploratory data analysis

Our exploratory data analysis included a systematic search of po-
tential predictors of MC using scatter plots for direct correlations and
various conditional plots for interactive relations among multiple pre-
dictors (Cleveland, 1993). We also used classification and regression
trees (CART) to search for potential predictive variables (Qian and
Anderson, 1999), as well as the linear absolute shrinkage and selection
operator (LASSO) (Tibshirani, 1996) to explore potential predictors.
These exploratory models and plots suggested that concentrations of MC
and Chla had a consistent log-log linear relationship (Fig. 3); this rela-
tionship was, however, weak at low Chla concentrations, likely due to
the high measurement uncertainty of MC (Qian et al., 2015). This is
partly due to the log-transformation of MC concentrations, which am-
plifies the uncertainty for low MC concentrations (by expanding the
ranges for MC values below 1) while suppreses the uncertainty for high
MC values (compressing the range for MC values above 1). Accordingly,
we modeled the MC—-Chla relationship using a piece-wise linear model
(Qian and Richardson, 1997), also known as the hockey-stick model
(Qian, 2016) and broken stick model (Chiu et al., 2006). This relation-
ship is empirical. We expect that the hockey-stick pattern (especially the
flat lower arm) would be weakened when the measurement uncertainty
is reduced.

2.3. The hockey-stick model

The log-log linear relationship between MC and Chla resembled two
joint line segments. When the Chla concentration was low, the correla-
tion is weak, either because the high level of measurement uncertainty
obscured the correlation or because no correlation is expected as rela-
tively low Chla concentrations would occur in the spring and fall when
the phytoplankton community is likely nontoxic. Consequently, the line
segment at the low end of the Chla range was nearly flat (with a slope
near 0). The line segment at the high end of the Chla range has a positive
slope. The resulting model has three parameters: the height of the flat
line segment (f,, assuming ; = 0), the slope of the second line segment
(B, + 6), and the change point (¢, in log Chla) where the two line
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Fig. 2. GLERL HABs sampling sites in Western Lake Erie. Black dots are regularly sampled stations (more than 1 year of multiple site visits), the light gray are sites
from 2008 (1 yr of multiple site visits), and dark gray are bloom chasing samples (grab samples only).
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Fig. 3. Log MC concentrations are plotted against log Chla concentrations for all observations from 2008-2018. Circles depict regularly sampled stations; triangles
depict bloom-chasing samples. Color of the data points indicates the MC:Chla ratio; note this ratio is independent of Chla concentration. The red crosses (+) are data

from Saginaw Bay, showing a comparable pattern.

segments join. Combined with the observation/model error term e, the
model is:

ﬁo,' +/}1j(10g(Chla,-,-) - ¢/)

- if log(Chlay)<d¢;
log(MC;) = {ﬁoj + (By; + &) (log(Chlay) — ¢;) otherwise

Ttey
1

where the subscript ij represent the ith observation in year j. Moel pa-
rameters (fy, 5, ¢, and § are year-specific (denoted by the subscript j).

A concentration variable is most likely log-normal (Ott, 1995) (hence
logM(C is most likely normal), as a result, we assume that the error term e
has a normal distribution N(0, 6?). The log-transformation streches the
range for concentration values below 1 and compresses the range for
values above 1. As a result, a common residual variance (¢2) assumption
of the model can be justified.

The hockey stick model is a generalization of the simple log-log
linear model because the change point (¢) is a parameter to be estimated

(Qian, 2014). When the underlying pattern is log-log linear, the esti-
mated change point will be near one of the two ends of the log Chla
range. The log-log piecewise linear pattern of the MC—Chla relationship
is also observed in Saginaw Bay (Fig. 3) and elsewhere (Kelly et al.,
2019). A smoothed version of the hockey-stick model (2) was used for
computational stability (see Online Supplementary Materials for
details):

Y=Bo+ B —¢)+ (B +O)og [ 1+¢7 | +e @

where y = log(MC),x = log(Chla), and 4 is a smoothness parameter.
There are 6% of MC concentration values below the method
reporting limit of 0.01 pg/L (i.e., censored at 0.01). The censored data
were addressed in our computer code, specifically, the likelihood func-
tion for a censored MC value is defined by the normal distribution
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cumulative density function (cdf), while the likelihood function of an
uncensored value is define by the normal distribution probability den-
sity function (pdf).

Because the MC-Chla relationship is not directly causal, we allowed
it to vary over time, assuming that the latent structure includes variables
operating at different scales. Thus, the base model form (Eq. (2)) stayed
the same but model coefficients varied from year to year. Consequently,
our prior idea (the direction-separated correlation) was properly re-
flected in the model, consistent with both frequentist (Stein, 1956; Efron
and Morris, 1975) and Bayesian (Box and Tiao, 1973; Box, 1983; Gel-
man, 2005) theories (Cox, 1995). The natural modeling approach for
this problem is the Bayesian hierarchical model. Specifically, we
allowed model coefficients (f,,/;,6, and ¢) to vary among years without
imposing other assumptions with respect to their relative magnitudes
among years. For this work, we assume that ; = 0. As we have no
additional information on the direction of change from one year to
another, a common prior is imposed on these coefficients:

B Hp,
5 | ~MVN| | us |.Z 3)
#; Hy

By fitting a BHM, our goal is to specify the prior distribution, a
multivariate normal distribution parameterized by hyper-parameters
Hg, s Hs: My and X, representing the long-term means of the respective
coefficients and their (among year) variance-covariance matrix. The
hyper-distribution can be estimated when data from sufficient number
of years are available. Afterwards, the hockey-stick model can be eval-
uated sequentially: each time when new data are available, the hockey-
stick model is fit as a (nonlinear) regression model using the most
recently estimated hyper-distribution as the prior for model parameters.
The posterior distributions of year-specific parameters are estimated, as
well as the hyper-distribution. This sequential updating process is
evaluated in this study as follows. We used data from 2008-2016 to fit
the Bayesian hierarchical model (equations (1) and (3)) and the result-
ing posterior distribution of the hyper-distribution is used and updated
sequentially to estimate the year-specific model parameters using data
from 2017 and 2018. These sequentially updated year-specific models
were used to make short-term predictions of MC probabilities of MC
concentration exceeding selected thresholds under different Chla
conditions.

We tried to incorporate temperature explicitly (online supporting
materials) because it is a potential factor affecting cyanobacterial
growth and toxin production (Pearl et al., 2016). However, our model
was unable to separate the temperature effect from the annual variation
reflected in the annual-based hierarchical structure. This is likely
because low temperatures often occur in spring and late fall when Chla is
also low. As a result, variation in MC due to temperature change was
partially accounted for by changes in Chla. More importantly, we do not
have information on the changes in cyanobacteria genotypes which may
be more important than the effect of temperature. As a result, we sum-
marize only the results without the temperature effect explicitly
modeled (Eq. (2)).

2.4. Short-term forecasting and long-term updating

Within a given year, we fit the hockey stick model on a weekly/
biweekly basis, using the most recent monitoring data and a prior dis-
tribution for the model parameters cumulatively updated based on the
previous years’ data. The prior distribution parameters were incre-
mentally updated to reflect the short-term (or seasonal) variation. These
incrementally updated models were used to forecast the risk of high MC
events for the subsequent one or two weeks before the next sampling
event (prediction period). The predicted MC concentrations were used
to derive risks (probabilities) of MC concentration exceeding relevant
thresholds as a function of Chla. At the end of each year, the data from
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the current year are included in the hierarchical model to update the
hyper-distribution. Specifically, to evaluate this process, we divide each
year to periods, each with at least 8 observations, representing one to
two weeks of time. We used the model developed using data from 2010
to 2016 to predict the MC concentrations observed in the first period of
2017. After the prediction, the model is updated using the data from the
first period. The updated model was used to predict MC concentrations
in the next period. At each step, we evaluate the prediction accuracy.
(Computational details are in the online supplementary materials.).

This iterative process of model-fitting, forecasting, and model-
updating allowed us to approximate the changes in the factors
affecting both MC and Chla without knowing exactly what factors are
involved. Furthermore, the use of the hyper-distribution as the prior
distribution enabled a meaningful short-term forecast model based on a
limited sample size. The annual updating step ensures that we gradually
improve the specification of the priors of the hockey-stick model
parameters.

2.5. Model checking using the predictive quantile

We followed the general principle of the Bayesian predictive simu-
lation approach for model assessment (Gelman et al., 1996; Gelman
et al., 2014) and developed a probabilistic measure for evaluating our
model’s short-term predictive accuracy. Specifically, we derived a pre-
dictive log MC concentration distribution for each observation in a
prediction period using the posterior model updated immediately prior
to the prediction period (without using the MC concentrations we are
predicting). A good predictive distribution should capture the intended
future observation. One way to evaluate the predictive distribution is to
compare each observation to the respective predictive distribution and
calculate the probability of observing an observation larger than or
equal to the observed data point (the upper tail area) as a measure of the
predictive accuracy (see Figs. 9.3 and 9.4 in Qian, 2016). A good model
should lead to predictive distributions that can include a target within
the 90% credible interval 90% of the time. In other words, a good pre-
dictive model should have upper tail areas between 0.05 and 0.95 for
90% of the data.

3. Results
3.1. The MC-Chla relationship

Fitting the existing monitoring data to the hierarchical hockey-stick
model (Fig. 3) shows the year-to-year variation of the MC-Chla rela-
tionship. The hockey-stick model relationship is not always obvious
when only data from a single year are plotted (Fig. 4), because of the
range of MC varies from year to year. In years without very low con-
centrations of Chla, the flat line segment may not materialize. The fitted
year-specific models largely reflect the data (reducing the fitted models
to a linear one when appropriate). The flat line segment serves as a lower
bound of estimated MC reflecting the high level of uncertainty associ-
ated with the ELISA method (Qian et al., 2015). Although precisely
predicting MC levels is difficult due in part to the measurement uncer-
tainty, the Bayesian representation of the MC-Chla relationship appro-
priately quantifies the likely distribution of MC concentration at a given
Chla concentration. As a result, the model is suitable as a risk assessment
tool for predicting the probability of MC concentration exceeding
various thresholds under a given Chla level.

3.2. Weekly updating and prediction

Using the estimated hyper-parameters based on data from
2010-2016 to specify the prior model, we updated the models for 2017
and 2018 sequentially using incremental weekly/biweekly data. Each
time when the model was updated with data collected up to the sam-
pling date we used the resulting posterior model for risk assessment
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Fig. 4. The hierarchically fit annual hockey stick models (black lines) are compared to the overall average model and the annual data points (red dots) and combined

data (gray dots).

(Figs. 5 and 6). Large cyanobacteria blooms were observed in 2017.
With wide ranges of MC and Chla, the posterior MC-Chla model
captured the general pattern after two updates, after which the
sequentially updated models accurately predicted MC of the next sam-
pling event until October, when the posterior model began to over-
predict. In 2018, Lake Erie experienced a relatively calm year in terms
of algal blooms. As observed MC were largely below 5 pg/L for the entire
year, the noise (uncertainty levels in MC) to signal (the MC—Chla rela-
tionship) ratio is high, accurate prediction is unlikely. However, as a risk
assessment tool, the model is adequate for consistently predicting low
risk (probability) of MC exceeding 5 pg/L.

3.3. Model evaluation

Data from 2017 and 2018 were used for model evaluation, using the
posterior distribution of the hyper-parameters of the hierarchical model
fitted based on data up to 2016 as priors. In each step of the sequential
updating, we use the posterior model updated for the time step to predict
the next sampling period (the prediction period). In each prediction
period, we have at least 8 observations. We calculate the upper tail areas
for these data points and present them using a simplified boxplot for
each prediction period. All upper tail areas are well within the range of
0.05 and 0.95 (Fig. 7).

4. Discussion

Statistical models are based on assumptions, and the validity of these
assumptions determines the utility of the models. Using a simple
regression of MC against Chla, we normally either fit the model using
data from multiple years or data from a single sampling event. When

fitting the model using data from multiple years, the resulting model
represents the long-term average of the MC-Chla relationship. When
using data from a single sampling event, the fitted model likely embeds
substantial temporal variability. Neither approach is likely to produce a
reliable short-term risk assessment. However, without an accurate sci-
entific understanding of the factors that trigger the production of
microcystin, we are unlikely to develop a process-based model for the
task. The Bayesian hierarchical modeling framework we adopted is a
natural compromise where we can include annual variation in the model
when building the initial model using historical data. Using the same
hierarchical modeling approach, we also included seasonal variation for
short-term forecasting. The short-term forecasting model is based on the
most recent sampling data with the long-term average MC-Chla rela-
tionship serving as an anchor to avoid the common pitfalls of fitting a
regression model with a small sample size (e.g., fitting noise).

We used MC concentration exceeding a specific threshold as an
adverse event because the occurrence of such an event may trigger
certain management practices (e.g., initiating costly carbon filtration in
a local drinking water plant). Our model can be readily integrated into a
risk assessment process for developing strategies for mitigating antici-
pated occurrence of such adverse event. As a risk assessment tool, our
model is well suited for predicting the probability of occurrence (risk) of
such an event. We predict the risk as a function of Chla because of the
availability of Chla concentrations reported from real-time sensors in
important locations in Western Basin of Lake Erie, such as the drinking
water intake of the Toledo drinking water plant.

Our model is limited to predicting the MC concentrations at a spatial
scale of the Western Lake Erie, as an empirical model is always limited
by data. Because the uneven spatial distribution of HABs, location-
specific forecasting is often more important (e.g., for locations with
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Fig. 5. Near-term forecast of the probability of MC exceeding selected thresholds for the year 2017. Red dots in each panel were the observations made during the

sampling period beginning at the date shown on the top of the panel. The black lines are the fitted model along with the 95% predictive interval (gray shaded
polygons). The dashed, broken, and dotted lines are the predicted probabilities of MC exceeding 1, 8, and 20 ug/L, respectively.
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Fig. 6. Near-term forecast of the probability of MC exceeding selected thresholds (1, 5, and 8 ug/L) for the year 2018. See Fig. 5.
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Fig. 7. Predictive upper tail areas, estimated for data points in each prediction period (red dots in Figs. 5 and 6), are presented using simplified box-plots. The open
circles represent the median, thick dark lines are the interquartile range, and the thin gray lines are the 90% credible intervals.

drinking water intakes and areas of recreational values). In principle, we
can extend our modeling framework to include specific locations if
regular monitoring data for these locations are available. Specifically, a
location-specific model can take the same functional form as the model
we presented. Instead of using the hyper-parameter distribution as the
prior (summarizing annual variation), we can use the year-specific
model parameter distribution as the basis for developing prior distri-
bution for the location-specific model at first. As we accumulate more
location-specific data, each location can develop a location-specific
sequential updating process.

Although spring TP loading is the main predictor for annual peak
algal bloom size (Stumpf et al., 2012; Obenour et al., 2014), spring TP
loading from the main source (Maumee River) was not strongly related
to lake MC and Chla concentrations (Rowland et al., 2020). The lack of
loading-concentration association appears to suggest that the nutrient
loading determines the spatial extent of elevated nutrient concentra-
tions, while algal growth is largely determined by nutrient concentra-
tion, which further indicates the need for a separate modeling effort for
evaluating toxin production.

Our Bayesian hierarchical modeling approach leverages the theo-
retical understanding of the shrinkage estimator from both classical and
Bayesian studies. By comparing the empirical Bayes literature and
studies on Stein’s paradox, we suggest that the Bayesian hierarchical
modeling framework provides a descriptive means for deriving infor-
mative prior distribution as the distribution of the parameter of interest
among exchangeable units. In our study, the parameters of interest are
the coefficients of the hockey-stick model and the exchangeable units
are multiple years.

5. Conclusions

e A predictive model of cyanotoxin microcystin is an important tool for
communities affected by severe eutrophication worldwide. Statisti-
cal modeling is often used because of the poorly understood mech-
anisms of microcystin production. Applications of such models are
necessarily at an individual-lake level. Consequently, an effective
empirical model must account for the inevitable temporal variation
in the model due to changing causes of microcystin production.

e We used a Bayesian hierarchical modeling approach to develop a
simple predictive model of microcystin using the commonly
measured chlorophyll-a concentration as the sole predictor. The hi-
erarchical structure at two temporal scales (over multiple years and
over weekly/biweekly sampling periods within a given year) allows

model coefficients to be updated over time to make short-term

forecasts of microcystin concentrations in Western Lake Erie.

The basic model form of a hockey-stick MC-Chla is not unique to

Lake Erie.

e We fit the predictive model using long-term monitoring data from
NOAA-GLERL from 2008 to 2018. We tested the model’s predictive
performance using the same model fit with data from 2008 to 2016
and making short-term predictions for 2017 and 2018. Our model
can compliment the on-going Western Lake Erie HABS forecasting
provided by NOAA by adding a weekly/biweekly toxin advisory.
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