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A B S T R A C T

Elucidating the impact of global climate change on aquatic ecosystems, particularly through phenological shifts 
in primary producers, is critical for understanding ecological resilience. Here, we focus on the phenological shifts 
in chlorophyll as a proxy for algae biomass and primary production in aquatic ecosystems, specifically in Lake 
Erie as well as concentrations of the toxin microcystin. By tracking temporal changes in each, we identified key 
phenological phases important to estimate duration, magnitude, and intensity of harmful algal blooms (HABs). 
Determining which influential biotic and abiotic factors such as temperature, wind speed, nutrient availability, 
and climate change is most important, is a long-term management need for Lake Erie, which can be explored 
using our methodology. Our novel statistical framework employing Bayesian generalized additive mixed models 
described seasonal chlorophyll and particulate microcystin concentration from Lake Erie and our simple geo-
metric method identified the start, peak, and end of algal blooms. This research enhances our understanding of 
the ecological effects of nutrient pollution on aquatic ecosystems and provides a repeatable method for deter-
mining phenological events without the need for user defined cutoffs which aids in the management and miti-
gation of HABs, safeguarding water quality in regions dependent on lakes for drinking water.

1. Introduction

Articulating the timing of cyclical biological events is vital for un-
derstanding ecological dynamics and ecosystem resilience (Meng, 2021; 
Roslin et al., 2021). As global temperatures rise, aquatic ecosystems are 
experiencing subtle variations in the timing of physical events 
(Anderson et al., 2021; Hrycik et al., 2024; Visser and Both, 2005; Wang 
et al., 2024; Woolway et al., 2021). Additionally, changes in seasonal 
temperatures are expected to extend the growing season leading to 
phenological mismatches between physical and biological events 
(Woolway et al., 2021). These variations exert major ecological effects 
on aquatic biota, mainly by determining the availability of light, nutri-
ents, carbon and oxygen to organisms (Asch et al., 2019; Woolway et al., 
2021). Although not fully explored, phenological shifts of aquatic pri-
mary producers may offer critical insights into how climate change is 
restructuring the foundational productivity cycles that fuel aquatic food 
webs. Phenological shifts in chlorophyll — a measure of algae biomass— 
can indicate changes in the duration, magnitude, and intensity of 
harmful algal blooms (HABs) in aquatic ecosystems. These shifts arise 
from community responses to both local and climatic forcing (Greve, 

2003; Ho et al., 2015; Inouye, 2022; Woods et al., 2022).
Tracking chlorophyll temporal changes has been instrumental in 

identifying phenologically- important phases across lakes. For example, 
Adams et al. (2021) identified periods of chlorophyll increase and linked 
these trends to changes in environmental stressors in time series chlo-
rophyll data in lakes ranging across three climate zones. Temperature 
(Kim et al., 2024; Shi et al., 2019), wind speed, nutrient availability (Shi 
et al., 2019), climate change (Moe et al., 2022), species invasion 
(Rohwer et al., 2023), and sensitivity to food web changes (Bailey and 
Hood, 2024) are examples of biotic and abiotic factors that primarily 
influence the initiation, duration, and termination of phenological 
events in aquatic ecosystems. However, a rigorous numerical framework 
that identifies aquatic phenological events that can be applied in any 
waterbody and is flexible enough to work with limited spatial and 
temporal data is still required as managing water quality is globally 
important.

Lake Erie, a drinking water source for ~11 million people (Miller 
et al., 2017), has a history of water quality problems due to the regular 
occurrence of HABs resulting from excessive nutrient loading 
(Boegehold et al., 2023). Ongoing HAB events in Lake Erie have led to 
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economic losses via impacts to property values, commercial fishing, 
recreation, and cultural services (Wolf et al., 2022). The 2014 Lake Erie 
algal bloom caused the city of Toledo to restrict its drinking water sys-
tem to a cost of ~65 million dollars (Bingham et al., 2015). Conse-
quently, municipal drinking water systems must surveil water quality 
regularly and quickly employ remediation technologies (He et al., 
2016). This surveillance is complicated as algal blooms in Lake Erie can 
exhibit a range of toxin concentrations relative to their chlorophyll 
(Rinta-Kanto et al., 2009). Decoupling Lake Erie toxic and non-toxic 
phenological patterns would facilitate managers to concentrate their 
remediation efforts and constrain costs within defined temporal 
windows.

Defining a temporal window that identifies the start and end of a 
bloom, and the environmental conditions that favor this window, has 
been separately addressed for chlorophyll concentration, cyanobacteria 
abundance, and toxin phenological patterns (Beltran-Perez and Waniek, 
2021; Kim et al., 2024; Scharfe and Wiltshire, 2019). A primary method 
for this is the detection of cardinal dates of the onset, peak and end of a 
phenology in a time series using a Weibull distribution function 
(Rolinski et al., 2007). This approach ensures that the fitted phenology is 
unimodal and has lower predicted concentrations at the beginning and 
end of the season. This function has been fit to time series observations 
to identify key phenological transition dates (Beltran-Perez and Waniek, 
2021; Kim et al., 2024). Typically, the onset is the date when the model 
fit reaches a specific threshold concentration. The peak and end dates 
normally correspond to the date of the maximum value of the fit and to a 
lower threshold, respectively. The scale parameters of the Weibull 
function can be optimized to provide the best fit to the time series data, 
identifying the key transition dates in a repeatable manner (Rolinski 
et al., 2007). Although the Weibull function provides a flexible 
phenomenological model to extract biologically meaningful transition 
dates, and despite recent improvements (Belitz et al., 2020), conceptual 
and practical issues limit the utility of this estimator, which can be 
problematic for making generalizations from sparsely sampled data and 
less appropriate to algal communities that exhibit generation times of 
days, resulting in substantial changes within weeks (Iler et al., 2021).

Previous methods of estimating algal bloom start and end include 
chlorophyll concentrations exceeding and subsequently dropping below 
an investigator-defined concentration, conditions relative to an 
investigator-set percentage of peak conditions, or deviations from an 
investigator-defined background concentration (Ho and Michalak, 
2015; Palmer et al., 2015; Shi et al., 2019). These approaches are 
difficult when applied to a large basin like western Lake Erie. Chloro-
phyll conditions in Lake Erie are heterogeneously distributed spatially 
with concentrations differing from near-shore to offshore (Rowland 
et al., 2019). Because of this spatial heterogeneity, low concentration 
sites, that exhibit bloom patterns yet may never exceed the user defined 
cutoff for start of bloom, are difficult to incorporate into basin wide 
estimates. The opposite condition also exists where high concentration 
sites are always observed above the cutoff and again become difficult to 
incorporate into estimates of lake phenology. Additionally, chlorophyll 
concentrations are stochastic and observations exceeding a defined limit 
may be observed, preceding potentially by weeks, the high concentra-
tion event defined as a bloom or the seasonal peak. A method that can be 
consistently applied to a broad spectrum of concentration ranges, be 
flexible enough to incorporate all possible observations, and be used 
broadly in any waterbody is needed.

Bayesian generalized additive mixed models are robust to zero- 
inflated and censored data (Bailey and Hood, 2024; Murphy et al., 
2019). These models allow information to be shared across different 
levels of a model and efficiently incorporate the temporal correlation 
inherent in the data. They can be useful to incorporate below detection 
limit observations, and random effects on year and site to accommodate 
high and low concentration conditions while still fitting seasonally 
driven patterns. With these models, investigators can avoid indepen-
dently fitting curves according to structures in their dataset or study 

design, instead, parameters defining the annual onset, peak, and dura-
tion can be fitted hierarchically. Here, we define a novel geometric 
method of determining chlorophyll and microcystin bloom start, peak, 
and end that can accommodate the spatial distribution of heterogenous 
maximum chlorophyll and particulate microcystin concentrations in 
western Lake Erie. Our method leverages the information sharing ca-
pacity of hierarchical Bayesian approaches that enable us to fit seasonal 
patterns to sites with differing numbers of observations.

2. Material and methods

Chlorophyll (µg/L, n = 1182) and particulate microcystin (micro-
cystin, µg/L, n = 1182) concentration data were retrieved from the 
National Oceanographic and Atmospheric Administration (NOAA) Na-
tional Centers for Environmental Information OneStop web application 
(Cooperative Institute for Great Lakes Research University of Michigan 
and NOAA Great Lakes Environmental Research Laboratory, 2019) 
(Fig. 1). Observations retrieved were made at 8 sites across western Lake 
Erie from 2012 to 2021 (Boegehold et al., 2023). Samples were collected 
approximately weekly from May to October, however the frequency and 
sampling period varied by year and site. Of the 1182 paired observations 
of chlorophyll and particulate microcystin, 439 particulate microcystin 
observations were reported as below the detection limit (0.1 µg/L).

To define phenological events of bloom start, end, and peak from the 
chlorophyll and microcystin data we fit an overall pattern and by-site 
annual cyclical pattern (broadly defined as low concentrations, bloom 
to a peak, and descending concentrations to an end).

We independently fit expected chlorophyll and microcystin con-
centrations (E(concentration)) to a smoothed spline of day of year (DOY) 
in a generalized additive model (GAM, Eq. (1)). GAMs allow us to use the 
sum of individual smoothers (fj) applied to predictors (xj), individual 
basis functions on each smoother, intercept term (α), and appropriate 
link functions (g) to fit models to the concentration data (Berhane and 

Fig. 1. Chlorophyll (µg/L) and particulate microcystin (µg/L) concentration 
data were retrieved from the National Oceanographic and Atmospheric 
Administration (NOAA) National Centers for Environmental Information One-
Stop web application (data.noaa.gov/onestop). These data were collected at 8 
sites across western Lake Erie from 2012 to 2021 (Cooperative Institute for 
Great Lakes Research University of Michigan and NOAA Great Lakes Environ-
mental Research Laboratory, 2019). Sampling frequency was approximately 
weekly from May to October, however this frequency varied by year and site.
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Tibshirani, 1998; Ruppert et al., 2003). Because the concentration data 
are structured by site and year, we fit these models as hierarchical GAMs 
(HGAM) (Pedersen et al., 2019). The HGAM was defined for chlorophyll 
and microcystin as a smooth on DOY with a cyclic cubic regression basis 
function (fa), a smooth on each site’s DOY with a cyclic cubic regression 
basis function (fb), a random effect smooth on year within site (fc), and a 
random effect smooth on site (fd). Cyclic regression basis functions were 
used based on the assumption that concentrations will annually increase 
from and later return to a site-specific baseline concentration. A random 
effect for year nested within site enabled a method to capture interan-
nual variability in concentrations applied to the site-specific spline, the 
random effect for each site similarly incorporates a measure of the 
inter-site variability in the overall western Lake Erie spline. 

E(Concentration) = g− 1

(

α +
∑j

j=1
fj
(
xj
)
)

fj(xi) = fa(DOY),
fb(DOY, by Site),
fc(Site, Year),
fd(Site)

(1) 

The Bayesian framework allows for the below detection limit 
microcystin observations to be fit as distributions between the left 
censor of zero and the right censor of the detection limit. These models 
were fit within a Bayesian framework assuming that our response var-
iable error is Gamma distributed (log-link function) because concen-
tration data are left censored at zero. We fit models using the “brms” R 
package (Bürkner, 2017) to compile code run in Stan (Carpenter et al., 
2017). Both HGAMs were fit with three Markov chains, burn-in of 30, 
000 iterations, thin of two, and a total of 5000 effective samples per 
chain.

The splines (Eq. (1), fa and fb) fit in the HGAM will follow the 
concave-down pattern inherited from the seasonal start-peak-end tem-
poral pattern in the concentration data. We used a geometric method-
ology to define date estimates associated with start and end of the 
chlorophyll and microcystin bloom in western Lake Erie based in these 

splines (Fig. 2). Our method repeatably produces dates for these start 
and end events, independent of any user defined threshold, by extracting 
the 15,000 samples of conditional smooths fa and fb from the Markov 
chains and plotting these smoothed concentrations per DOY per site 
from each sample. A line (AB) is drawn between the start of the annual 
concentration pattern and the peak of the conditional smooth. A second 
line (CD) is drawn perpendicular to AB where the length of CD is 
maximized. The DOY associated with point C is designated as bloom 
start for each of the 15,000 samples. The same operation is mirrored to 
define bloom end.

3. Results

The hierarchical Bayesian generalized additive models efficiently 
incorporated the temporal correlation inherent in the data, provided a 
framework that incorporated below detection limit observations, and 
used random effects on year and site to accommodate high and low 
concentration conditions while still fitting seasonally driven patterns. 
These models allowed for the extraction of the overall seasonality of 
both chlorophyll and microcystin across all western Lake Erie sites 
(Fig. 3a) and the seasonality of individual sites (Supplemental Figure 1a- 
1 h). Western Lake Erie’s overall concentration patterns for chlorophyll 
and microcystin start low through June, peak in August, and dissipate in 
October (Table S1). Our geometric method defining start, peak, and stop 
of this seasonality enabled estimates of bloom phenological events 
consistently irrespective of concentrations.

The median western Lake Erie chlorophyll bloom start date occurred 
on July 9 (95 % predictive interval; June 26 – July 21). The median date 
for chlorophyll bloom peak was August 24 (95 % PI; August 21 – August 
27), while the median bloom end estimate was September 29 (95 % PI; 
September 26 – October 7) (Fig. 4). The median particulate microcystin 
bloom start date for overall western Lake Erie was July 5 (95 % PI; July 1 
– July 8). The median peak date for particulate microcystin occurred on 
August 10 (95 % PI; August 4 – August 16) and the median end of the 
microcystin bloom in western Lake Erie overall was September 23 (95 % 
PI; September 3 – October 7).

Median dates for start-peak-end chlorophyll and particulate micro-
cystin events were estimated by site (Fig. 4, Table S2). Individual site 
chlorophyll bloom start-date estimates occurred between July 6 (WE8, 
95 % PI; June 29 – July 15) and July 9 (WE 16, 95 % PI; June 28 – July 
22). Peak chlorophyll by site ranged from August 22 (WE9, 95 % PI; 
August 17 - August 25) and August 27 (WE13, 95 % PI; August 23 – 
September 8). Chlorophyll bloom end estimates by site were between 
September 26 (WE6, 95 % PI; September 24, October 1) and October 3 
(WE13, 95 % PI; September 27, October 24). Particulate microcystin 
bloom starts by site from July 5 (WE12, 95 % PI; June 30 – July 8) and 
July 12 (WE16, 95 % PI; July 7, July 18). By site particulate microcystin 
median bloom peak occurred between August 10 (WE4, 95 % PI; August 
5 – August 14) and August 20 (WE9, 95 % PI; August 12 – August 24). 
End bloom median estimates for particulate microcystin were 
September 19 (WE9, 95 % PI; September 15 – September 24) and 
September 26 (WE8, 95 % PI; September 19 - October 7). Broadly, the 
start date for both the chlorophyll bloom and the microcystin bloom are 
similar across all sites, while end bloom date estimates vary across sites 
with heterogeneous uncertainty by site (Fig. 4). The timing of peak 
events of each modeled bloom does appear to correspond to site distance 
from western Lake Erie’s major nutrient source (Maumee River, Fig. 1 
and 4).

4. Discussion

Using hierarchical Bayesian generalized additive models enabled the 
fit of multi-station time-series dependent data. The extracted repeated 
annual cycles (estimated via fitting hierarchical splines) were extracted 
and used to describe timing of phenological events and support subse-
quent hypothesis testing within an economically and environmentally 

Fig. 2. A geometric method for determining the start and stop dates of blooms 
was applied to each seasonal trend posterior sample. The method draws a line 
between the start of the trend and the peak (AB) and a perpendicular line (CD) 
from the trend line to AB where the length of CD is maximized. Point C is 
interpreted as bloom start, this process is mirrored to estimate bloom end. This 
method was applied to each of the 15,000 posterior samples of our modeled 
seasonality to generate a distribution of start and end dates.
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sensitive water body. This methodology also incorporated data collected 
at irregular intervals, while other time-series techniques require data 
collected at specified frequencies or missing values to be imputed to gap- 
fill (Amorim et al., 2021). Additionally, the lack of rigid data collection 
frequency requirements allowed for fitting models against time-series 
with missing data. This type of additive model also was insensitive to 
differing sample numbers per site and the hierarchical structure helped 
fit representative splines both through individual sites and the annual 
growing season of the whole western Lake Erie. Longitudinal datasets 
with observations below detection limits are common in ecology and 
environmental monitoring and methods which substitute user defined 
values (e.g., the detection limit or half the detection limit) fail to 
incorporate all the information about the data and its structure (Hall Jr 
et al., 2020; Lawson et al., 2020). Here, the generalized additive models 
were able to fit posterior distributions to the below detection limit ob-
servations that were truncated at 0 and at the detection limit, allowing 
our model to use all the observations and information in the dataset. The 

methods here also fit splines to time-series chlorophyll and microcystin 
concentration data, which varied in across sites from low to high con-
centration. Our hierarchical Bayesian generalized additive models were 
adept at overcoming each of these common water quality dataset chal-
lenges and produced overall western Lake Erie and by site chlorophyll 
and microcystin annual bloom patterns.

Seasonal patterns based on the observations were fit for both the 
overall pattern across western Lake Erie (Fig. 3a) and the individual sites 
(Supplemental Figure 1a-1 h). Estimates at these two extents are 
important because modeling efforts to determine the causes of Lake Erie 
blooms are fit against both spatial scales (Del Giudice et al., 2021; 
Hellweger et al., 2022). Del Giudice et al. (2021) created a mechanistic 
model of chlorophyll as a function of nitrogen and phosphorus con-
centrations, this model was applied to 271 km2 of Lake Erie’s western 
basin adjacent the Maumee River terminus and employed a fixed nom-
inal chlorophyll bloom initiation date of July 24. Our estimate for the 
overall western Lake Erie chlorophyll bloom start date is July 9 (95 % PI; 

Fig. 3. (A) Western Lake Erie overall pattern of seasonal chlorophyll and particulate microcystin (µg/L) were estimated by Bayesian hierarchical general additive 
models (with associated 95 % predictive interval). The peak in particulate microcystin concentration precedes the chlorophyll peak. (B) 182 observations of 
chlorophyll were collected at site WE6, our method of defining the seasonal trend (orange line) and the phenological events of bloom start, peak, and end (vertical 
lines, 95 % predictive intervals as dashed lines) adequately describe the observable pattern. (C) 61 observations of particulate microcystin were collected at site 
WE16, 26 of these observations were below the detection limit (BDL). Despite the small number of samples and BDLs our methodology works to define trend and 
phenological events equally as sites with more data (B).
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June 26 – July 21), which would potentially change the behavior of 
mechanistic models at this scale. Additionally, since our estimate is a 
posterior distribution, its adoption in further Bayesian predictive models 
should be seamless. Fang et al. (2019) also generated estimates at this 
larger spatial scale for algal biomass and spatial extent of the bloom but 
fit their state-space approach to individual stations. Our splines fit by 
station would integrate succinctly in this modeling framework as dis-
tributions of daily concentrations of chlorophyll.

Our method produced sitewise annual growing season trends that fit 
the data well and enabled estimates of start-peak-end bloom events 
(Fig. 3b,c). Both particulate microcystin and chlorophyll concentrations 
have low concentration sites that would never exceed a predefined 
threshold of “bloom” and high concentrations sites whose initial values 
would begin the season exceeding the threshold. Also, the stochastic 
appearance of anomalously high individual observations of both ana-
lytes makes demarcation of seasonality as a percent of the peak difficult. 
Inherently ambiguous and bespoke site conditions make it necessary to 
estimate seasonal trends fit to chlorophyll and microcystin concentra-
tions irrespective of their magnitude. Our method generates repeatable, 
user independent estimates that can be used for similar biological 
compound seasonal estimates.

Several factors influence the width of the uncertainty about start, 
peak, and end estimates. The overall pattern of chlorophyll concentra-
tions (Fig. 3A) has wider uncertainty associated with start and end times 
because this pattern is fit against both high and low concentration sites. 
This heterogeneity of start and end conditions forces the model to fit 
higher uncertainty at the extremes resulting in “fatter tails”. Some in-
dividual sites also have wide uncertainties about start and end estimates. 
These generally results from sites where the difference between the peak 
concentration and the early and late sample concentrations are small. 
Site WE9 and WE13 (Supplemental Figure 1H and 1B, respectively) both 
have wide uncertainty in start dates because of this diminished differ-
ence between peak and early samples. Microcystin patterns are less 
susceptible to these issues as the samples collected in the beginning and 
end of the sampling period are often below detection limit. The wide 
range of uncertainty in start, peak, and end across sites (Fig. 4) reflect a 
strength of our methods because Bayesian methods fit posterior distri-
butions reflecting the true heterogeneity in environmental data. Honest 

accounting of uncertainty while confronted with challenging data is an 
important aspect of quantitative ecology.

Our overall western Lake Erie fitted seasonal pattern (Fig. 3a) 
showed differences between the start-peak-end phenological patterns of 
chlorophyll and particulate microcystin. The overall estimate of 
microcystin bloom starts an average of 3.3 days prior to the overall 
chlorophyll bloom, microcystin also peaks an average of 14.3 days prior 
to the chlorophyll bloom peak and ends an average of 6.2 days prior to 
the chlorophyll bloom. However, earlier start and end dates were 
weakly supported as 71 % and 84 % of the differences in posterior 
samples were greater than zero. The early shift for the peak microcystin 
date was strongly supported with >99 % of differences in posterior 
samples greater than zero. This early shift for bloom phenological events 
of microcystin concentration compared to chlorophyll concentrations is 
immediately applicable to eDNA studies characterizing the microbial 
population of “toxin” and “non-toxin” algal blooms in western Lake Erie 
(Wang et al., 2024). Here we cannot ascribe a driver or explanation as to 
why microcystin phenology has this early shift, however, models 
incorporating environmental covariates may explain conditions which 
cause the earlier microcystin peak.

A strength of our methodology was the information sharing that 
occurred among sites and within sites by fitted site-specific splines and 
the overall pattern. Because of this interconnection our site-wise 
phenological patterns informed the overall pattern but were still free 
to fit site-specific estimates that differed from the overall pattern (Fig. 3b 
and 3c, Fig. 4). The phenomenological event that best shows this 
disconnection is the start of bloom estimates for both chlorophyll and 
microcystin, while in the overall pattern microcystin precedes chloro-
phyll start, only site WE12 has similar weak evidence for microcystin 
early bloom start with 71 % of posterior differences exceeding zero 
(Fig. 4, Table S2). The remainder of the sites have no evidence of a 
separation in microcystin and chlorophyll bloom start. The shift to 
earlier peak microcystin is consistent across sites with >99 % of poste-
rior differences exceeding zero, except for site WE9 where 81 % of 
posterior differences exceed zero (Fig. 4). The bloom end timing is more 
nuanced for the differences between the blooms. Four sites (WE4, WE9, 
WE13, and WE16) had microcystin end dates preceded chlorophyll with 
>95 % posterior differences exceeded zero, three sites (WE2, WE6, and 

Fig. 4. Bloom phenology derived from the geometric pattern in seasonal concentrations were estimated by site as start, peak, and stop (with associated 95 % 
predictive intervals) from two independent models of microcystin and chlorophyll concentrations. Particulate microcystin concentrations peak prior to chlorophyll at 
each site except for WE9. Sites are presented in diminishing distance from the Maumee River (WE9 & WE6 closest, WE13 and WE4 furthest). The difference between 
microcystin bloom stop and chlorophyll bloom stop diminishes with proximity to the Maumee River.
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WE12) >80 % posterior differences exceeded zero, and at WE8 74 % 
posterior differences exceeded zero. There does not appear to be spatial 
pattern in the dates of the phenological start or end of microcystin and 
chlorophyll blooms based on sampling site location relative to nutrient 
inputs (Maumee River) or water inputs (Detroit River).

Seasonal timing of phenological start and end events are not only 
insensitive to spatial positions relative to riverine nutrient sources but 
are also aligned between sites whose concentrations of chlorophyll and 
microcystin are markedly different, e.g., site WE6 has a mean annual 
chlorophyll concentration of 46.66 ug/l while WE4 has a mean annual 
concentration of 14.63 yet their chlorophyl bloom start and end dates 
are indistinguishable. Future analysis may provide insights into the 
factors responsible for this timing of events.

Deterministic models that couple biological and physical processes of 
blooms in western Lake Erie have identified temperature as a driver of 
bloom onset (Del Giudice et al., 2021). Additionally, here we explicitly 
hold year as a random variable (Eq. (1)), a model approach that applies 
year as a fixed effect may also gain insights. Our approach was anchored 
in defining broad patterns in seasonality from the available observa-
tions. Superimposing the growing season trends of chlorophyll and 
particulate microcystin in western Lake Erie (Fig. 3a) should aid in 
defining experimental designs and resource allocation as scientists and 
water managers can plan field operations targeting specific bloom 
events.

5. Conclusion

Our approach has several advantages over existing phenological es-
timators. The method presented here can be used in waterbodies with a 
range of concentrations. This flexibility was required here as within 
western Lake Erie there is a gradient from very high concentrations 
inshore to lower concentrations offshore, this variety of concentration 
magnitude decreases the usefulness of a user defined exceedance value. 
By using the conditional smooths of DOY per site our method also is 
insensitive to stochastic observations of unusually high concentrations 
early or late in the seasonal cycle. Our geometric method is simple, 
broadly applicable, and can be consistently applied across investigators 
rather than diverse user defined percentages from the peak. Historic 
longitudinal datasets of water quality are easily incorporated into this 
malleable method sequence and are particularly useful for those trying 
to tell new stories with old data. Our code and data are provided at doi. 
org/10.5281/zenodo.13625365.
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