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ARTICLE INFO ABSTRACT

Keywords: Harmful Algal Blooms (HABs) are a hazard for coastal environments worldwide; identifying screening thresholds
Phytoplankton of chlorophyll-a (chl-a) associated with increased risk of HABs is a management priority. Molecular surveillance
Alexandrium of coastal phytoplankton and bivalve biotoxins could be used to link chl-a with HAB risk, but requires an un-
f;’;;z:;na derstanding of whether the HAB risks increase uniformly as chl-a rises, or whether some taxa are dispropor-
Mytilus tionately favored, and if these relationships vary by season. In this study, we present a novel use of molecular

abundance data to investigate the scientific bases for estuarine chl-a thresholds protective against HABs. In San
Francisco Bay (SFB), California, the relationship between molecular relative abundance (as measured by 18S
metabarcoding) of nine different HAB taxa, absolute quantitative polymerase chain reaction (QPCR) abundance,
and mussel toxin concentrations of a subset of the taxa were investigated for thresholds as a function of
increasing chl-a. Our results show most HAB taxa did not increase in absolute or relative abundance during SFB’s
spring bloom interval, when chl-a levels were highest (>10 ug/L) but the assemblage was dominated by non-
harmful diatoms. However, several flagellated, mixotrophic taxa did increase above their molecular baseline
in fall, and the combined probability of any HAB occurring above baseline was elevated when chl-a reached ~4.6
ug/L in the fall. This work demonstrates the promise of molecular approaches in disentangling the seasonally
complex interplay between stressors and phytoplankton/HAB community responses and has the potential to
provide clearer, more cost-effective monitoring and mitigation strategies for managers.

Chlorophyll-a
Conditional probability

1. Introduction
1.1. The need for threshold identification in harmful algae monitoring

Harmful Algal Blooms (HABs) are globally significant aquatic haz-
ards impacting human and environmental health through the produc-
tion of toxins, depletion of dissolved oxygen necessary for biota, and
other hazards (Grattan et al., 2016; Sellner et al., 2003). Nutrient
pollution and eutrophication are known to contribute to the severity and
frequency of toxic HABs (Anderson et al., 2008; Heisler et al., 2008;
Wurtsbaugh et al., 2019), and controlling eutrophication drivers is one
of the primary long-term management strategies to reduce the risk of
HAB occurrence. Management actions or strategies can be informed by
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water quality goals or thresholds. “Thresholds” here are defined as
disproportionately large changes in response variables relative to a small
change in the environmental explanatory variable, resulting in condi-
tions which could be of management concern. Examples of parameters
used to set water quality targets include nutrient concentrations or
loads, algal density, HAB abundance, or toxin concentrations (Batiuk
et al., 2009; Tango and Batiuk, 2013). Establishing nutrient thresholds
for each individual species can be challenging because of the complex
ecological factors that shape phytoplankton community composition
and HAB species-specific responses to nutrient gradients (Davidson
et al., 2014). Therefore, the approach commonly taken in water quality
management is to select biomass-related thresholds, such as chlorophyll
a (chl-a), that are predictive of HAB abundance or toxins and use
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numerical or statistical models to link these to nutrient concentrations or
loads (Stevenson, 2014).

Vulnerability to toxin uptake, exposure and depuration varies among
food web species. Indicator species are frequently fish and shellfish of
commercial, recreational or subsistence importance. Risk evaluations
have been conducted for crustaceans considering exposure to cyano-
toxins (Garcia et al., 2010) and to limit toxin exposure for oysters, clam,
and mussel harvests (Frolov et al., 2013; Trainer and Hardy, 2015).
Mussels are abundant filter-feeders, having a multi-year life span, and
therefore provide a suitable target for understanding space-time expo-
sure to diverse toxins, accumulation of toxins relative to plankton dy-
namics in the system, and threshold responses in exposure risk.

Common approaches to criteria threshold derivation have included
detecting differences from reference conditions (Gibson et al., 2000) or
developing effects-based criteria (US EPA, 2017). Identification of
change points has attracted prior research interest in terms of identi-
fying nonlinear changes in biotic conditions which may not present
ready visual evidence. Conditional probability analysis represents a
possible statistical approach to relating the probability of one event to
another event as a function of a continuous environmental variable
measures (Sutula et al., 2017).

Past efforts to establish chl-a based numeric thresholds of HAB risk
have often relied on the reasonable hypothesis of a “proportionate in-
crease” or “all boats rise” paradigm, in which increasing algal biomass
leads to proportional increases in the abundance of all phytoplankton
species, including harmful ones (Sutula et al., 2017). An advantage of
the proportionate increase paradigm is that it does not necessarily
require any information about how the prevalence of a particular HAB
species changes along a eutrophication gradient. The PI paradigm ap-
plies to HAB species that dominate a significant proportion of total
phytoplankton biomass, such as diatom-dominated phytoplankton
communities in coastal ecosystems (e.g., well documented correlations
between chl-a and Pseudo-nitzschia abundance and toxin concentrations
in the southern California Current System; Sandoval-Belmar et al.,
2023). However, it is unlikely that all taxa covary equally with chl-a,
particularly in different seasons when other factors such as light avail-
ability, salinity and temperature are at play. An alternative paradigm
that could be used to set thresholds is a “disproportionate increase”
paradigm, i.e., HAB species disproportionately increase in abundance
along gradients of increasing eutrophication (Glibert, 2020). Two causal
mechanisms for this disproportionate increase have been documented in
experimental studies. First, different HAB taxa respond in opposite ways
to seasonal changes in salinity, temperature, nutrients and other envi-
ronmental variables (Camargo and Alonso, 2006; Kudela et al., 2008;
Nejad et al.,, 2018; Smayda and Trainer, 2010). Second, flagellated
HAB-forming species have been shown to be selected for by turbulence
and light limitation in the water column, since they can migrate to
maximize their access to light (Shikata et al., 2015; Smayda, 2010;
Zheng et al., 2023). Generally in Northern Hemisphere temperate es-
tuaries, diatoms proliferate in spring months when higher flows and
salinity stratification provide them with plentiful access to a nutrient
and light-rich surface layer, while dinoflagellates and raphidophytes
dominate in fall, when mixotrophy and swimming ability provides them
with an advantage in nutrient acquisition (Burkholder et al., 2008;
Smayda and Trainer, 2010). In a case when winners and losers are ex-
pected to be present among phytoplankton, the hypothesis to test be-
comes whether individual harmful algae taxa proliferate in line with
their general group: does Pseudo-nitzschia increase alongside other di-
atoms in spring, and does Dinophysis increase along with other di-
noflagellates in fall? Do abundance patterns of HAB-forming taxa follow
the broader covariation of dinoflagellate, raphidophyte and diatoms in
an estuarine system? Confirming whether phytoplankton dispropor-
tionately increase relative to each other in field studies has been difficult
due to both natural variability and potential limitations of methods used
for detecting, classifying, and quantifying relevant taxa (e.g., micro-
scopy is sometimes unable to differentiate between closely related taxa,
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or quantify phytoplankton community across the entire size spectrum;
Zingone et al., 2015).

1.2. Metabarcoding as a useful but noisy monitoring tool: accounting for
error

Metabarcoding and quantitative polymerase chain reaction (qPCR)
methods can be used to cost-effectively and consistently document
phytoplankton community structure in extended time series that are
highly complementary to traditional microscopy approaches. The ability
to measure counts per volume is a major advantage of qPCR analysis, but
if approaches demand the quantification of increasing numbers of
distinct taxa, metabarcoding can be more scalable due to its high
throughput nature (Esenkulova et al., 2020). However, interpreting
metabarcoding results requires accounting for the varying sensitivities
and biases of different molecular assays (Ayala et al., 2023). Because of
the amplification needed for metabarcoding analyses, the data are
expressed in terms of relative rather than absolute abundance. Due to
this amplification, metabarcoding can be considered a more qualitative
monitoring analysis, more appropriate for surveillance approaches
rather than exact quantification (Santoferrara, 2019). It has been pro-
posed to be more useful for presence/absence based detection or ap-
proaches accounting for the stochastic factors influencing molecular
detection (Gold et al., 2023). Because of the difficulty of disentangling
confounding impacts from amplification, care must be taken to account
for these probabilistic factors. Despite these shortcomings, meta-
barcoding approaches have advantages in observing taxa that are diffi-
cult to monitor reliably over time microscopically, such as
dinoflagellates, where small sizes and general similarity of forms can
lead to misidentifications via microscopy (Culverhouse et al., 2003; Kim
et al., 2024). The ability to improve identifications of different harmful
algae through time as taxonomic databases improve is another major
advantage for molecular approaches. Alongside microscopy, the depth
and breadth of identification from metabarcoding is particularly useful
for differentiating fine-scale seasonal differences in relative abundances
(Hammond et al., 2022).

Dichotomization (also called discretization) of a continuous depen-
dent variable into a binary one based on a chosen cut-off point has been
used in studies where a parameter is difficult to compare to a continuous
predictor variable (Murtaugh, 1996), or due to contamination by addi-
tive errors which introduce noise, as is common in molecular data
(Shentu and Xie, 2010). The choice of cut-off point used to evaluate the
dependent variable is important, as setting too high or low can reduce
statistical power, and ideally the specific cut-off will be informed by
corroborating data (Murtaugh, 1996). Such an approach is useful to
inform a binary output based on uncertain or error-prone data (Ge et al.,
20105 Liu et al., 2002). The binary dependent variable can then be
compared to a continuous explanatory variable via approaches like
Conditional Probability Analysis (CPA), which quantifies the probability
of one event occurring as a function of another event (Hollister et al.,
2008; Paul and McDonald, 2005; Sutula et al., 2017). For datasets like
metabarcoding where some stochasticity is introduced by the amplifi-
cation process, a probabilistic approach like CPA helps to quantify those
uncertainties.

1.3. Study area

SFB is the largest estuary in California, consisting of six sub-
embayments (Jassby et al., 1997). Phytoplankton production has his-
torically been dominated by a spring bloom event, when chl-a values
over the channel regularly exceed 10 pg/L, levels which are unusual in
the remainder of the year (Jassby et al., 2002). SFB is among the most
nutrient-enriched estuaries globally (Cloern et al., 2020), but has been
historically resistant to typical symptoms of eutrophication such as high
phytoplankton biomass and resulting low dissolved oxygen (Cloern
etal., 2020; Novick and Senn, 2014). This resistance has previously been
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attributed to the attenuation of light by high turbidity, intensive tidal
flushing to remove biomass and replenish dissolved oxygen, and
top-down control by large populations of invasive grazing bivalves, but
some research suggests those controls may be degrading in recent de-
cades (Cloern et al., 2020, 2007). To that end, chl-a concentrations in
SFB have been increasing during the spring blooms, during the sum-
mertime baseline, and with the emergence of a fall bloom (Cloern and
Jassby, 2012; Sutula and Senn, 2015). There is also growing evidence
that multiple harmful phytoplankton taxa are commonly detected in SFB
(Sutula et al., 2017; Peacock et al., 2018), leading to heightened con-
cerns over the potential risk of HAB events (Sutula et al., 2017).
Previous work identified that average monthly chl-a thresholds in
SFB (i.e. 13 pg/L) were associated with an increase in the probability of
higher harmful taxa abundances and toxin concentrations, an analysis
based on the “proportionate increase” paradigm (Sutula et al., 2017).
However, the dataset used in this prior study had limitations in being
able to test either hypothesis, including low data density and uncertainty
in taxonomic identification via microscopy, particularly for small sized
or rare phytoplankton. The reduced data density also reduced its use-
fulness for assessing the relative risk of particular HAB taxa between
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different seasons. This uncertainty led to major investments in moni-
toring for shellfish toxin, metabarcoding and limited qPCR monitoring,
which has generated a dataset that can now be queried to disentangle
seasonal and spatial relationships among HABs and chl-aq, and to
investigate the scientific basis for HAB related thresholds.

Continued and expanded monitoring has increased our knowledge
on the seasonality of HAB species found in SFB, with emerging infor-
mation on their drivers (Kudela et al., 2023). Prior studies have estab-
lished that the dinoflagellate Alexandrium, which generates the
neurotoxin saxitoxin associated with Paralytic Shellfish Poisoning, is
consistently present in SFB (Sutula et al., 2017; Peacock et al., 2018),
and in 2018 the occurrence of saxitoxin was noted to exceed the human
health warning threshold (Egel, 2018; Marine Biotoxin Monitoring Report,
2018). Other HAB taxa are known to be present in SFB in low to mod-
erate relative abundances (Kudela et al., 2023), including Heterosigma
akashiwo, a raphidophyte with ichthyotoxic properties which caused an
unprecedented bloom event in August 2022, leading to mass fish deaths
and hypoxic conditions throughout SFB (Kudela et al., 2024). Dinophysis
and other similar harmful unarmored, mixotrophic dinoflagellates have
also been identified as present within SFB, and its toxin has previously
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Fig. 1. Map of San Francisco Bay, showing the distribution of research vessel (R/V) Peterson cruise stations along the channel in purple, and the mussel toxin
sampling sites are around the Bay in orange. Letters indicate site names. Bathymetry data from National Centers for Environmental Information and California

Natural Resources Agency (National Centers for Environmental Information, 2018).
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been determined to bio-accumulate in excess of public health standards
in local mussels (Peacock et al., 2018). Heterosigma (Jeong, 2011;
Nygaard and Tobiesen, 1993), Dinophysis and a selection of other similar
HAB-forming taxa are united by a mixotrophic life habit, flagellar
motility, and other adaptations which may enhance their ability to seek
optimal conditions in estuarine settings like the tidally dynamic SFB and
to seek alternative energy sources when photosynthesis is limited by
light attenuation from suspended sediments (Burkholder et al., 2008).
TheseF HAB taxa may be particularly favored in SFB during the dry
summer and fall, when there is opportunity for longer residence times
and stratification is at its annual lowest point (Cloern, 1991).

We compiled a 5-year time series (2015 through 2020) of HAB mo-
lecular data, shellfish toxins, and chl-a data at stations throughout SFB
(Fig. 1, Table 1), and used that data set to investigate several research
directions. The goals of this study were to investigate the following: (1)
document the status, trends and seasonal covariance of chl-a with mo-
lecular measures of HAB abundance (qPCR) or relative abundance
(metabarcoding) and shellfish toxins, (2) investigate the validity of the
disproportionate increase paradigm, and (3) for HAB taxa with viable
relationships, identify thresholds in either qPCR-measured harmful
genus abundance or chl-a that signal changes in the risk in the magni-
tude of the HAB event. We also investigated whether any of these
changes in probability were nonlinear in nature with any jumps in
probability at diagnostic chl-a levels, which would merit selecting
abundance thresholds applicable across taxa. These relationships and
thresholds represent an application of molecular data with promise for
similar coastal and estuarine settings around the globe.

2. Methods

2.1. Compilation of data: ship-based sampling: chl-a, metabarcoding and
qPCR sequencing

After compiling the 5 year time series of shellfish toxins, HAB mo-
lecular data, and chl-a data at stations throughout SFB (Fig. 1, Table 1),
we used that data set to: (1) document the temporal and spatial corre-
spondence of bulk phytoplankton biomass (as measured by chl-a), HAB
species abundances, and shellfish toxin concentration, (2) document the
relationships between shellfish toxins, HAB absolute or relative abun-
dance and chl-a, in order to test the “disproportionate increase” hypoth-
esis in SFB, and (3) develop risk-based models and identify thresholds
for HAB abundance and/or chl-a (Fig. 2). Ship-based data used in this
study consisted of chl-a samples, 18S metabarcoding relative abun-
dances, and qPCR absolute counts per mL, collected between 2014 and
2020. Molecular (18S and qPCR) and chl-a samples were collected on
cruises on the Research Vessel (R/V) Polaris from 2014-2015 and R/V
Peterson (after 2016) traveling along the SFB channel, which occurred
on a monthly basis from 2014-2020, with the majority of samples
occurring at stations 33, 32, 27, 22, and 18, and a small minority of
samples occurring at other stations (Fig. 1, Table 1). Samples were
collected via a submerged fixed intake 1-2 m below the bow of the ship.
500 mL of water was passed through a 47 mm, 0.7-micron glass fiber
filter (Whatman GF/F, Cytiva Life Sciences, Marlborough, MA, USA),
with a small minority of samples (~5 % of samples) during high
turbidity conditions being collected from 250 mL of filtered water.

Table 1
Information on the duration, number of samples and sampling platform for the
different data types used in this report.

Data type Years # samples in this ~ Shore/ship
measured study (n) based
18S Metabarcoding 2014-2020 280 Ship
Alexandrium quantitative 2015-2020 270 Ship
polymerase chain reaction
Chlorophyll a 2014-2020 280 Ship
Mussel saxitoxin 2015-2020 849 Shore
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Filters were stored at —80 °C and later cut in half with sterile scalpels (to
create an archive). DNA extraction was conducted on one filter half
using the Qiagen PowerSoil DNA extraction kit (Qiagen, Venlo,
Netherlands). The extracted DNA was amplified using polymerase chain
reaction and sequenced for 18SrRNA genes using a MiSeq sequencer
(Illumina, San Diego, CA, USA) (Otten et al., 2021). Primers spanning
the V5 and V7 regions (Euk1132F, Euk1423R) of the 18S rRNA gene
were used (Hugerth et al., 2014). Sequencing reads (counts of appear-
ance of a sequence) were demultiplexed and alignment and taxonomic
identification was conducted in QIIME2 (Bolyen et al., 2019). Primer
sequences were removed with cutadapt in R (Martin, 2011). A curated
SILVA database based on version 132 was used for 18S sequences. HAB
taxa mentioned in this report were validated via BLAST against the
National Center for Biotechnology Information database. More infor-
mation on the workflow used to process molecular data can be found in
Otten et al. (2021).

As an additional validation step, microscopy-based monitoring data
on phytoplankton community composition from the same water quality
cruise stations was downloaded (Nejad et al., 2018), and matches were
identified based on collection at the same station and date as the mo-
lecular samples present in our dataset. Pseudo-nitzschia, Heterosigma and
Dinophysis were identified as genera sharing the most shared analysis
dates between the datasets. Microscopy-based percent relative abun-
dance was calculated by dividing counts by the total counts present in
the sample. Values were cross-plotted to investigate the correspondence
between microscopy-based relative abundance and
metabarcoding-based relative abundance (Fig. S1A).

Two genera, Alexandrium and Pseudo-nitzschia, were also analyzed
with quantitative Polymerase Chain Reaction (QPCR), a technique more
directly translatable to cell density (Coyne et al., 2022), using a LUNA
Universal Probe or SYBR Master Mix on aniQ5 Multicolor Real Time PCR
Detection System (Bio-Rad Laboratories, Hercules, CA, USA) (Otten
et al., 2021). qPCR for Alexandrium was conducted with primers
Alex_5.8S_F/R (Galluzzi et al., 2005), while detection of Pseudo-nitzschia
used PnAll F/R (Hubbard et al., 2008). Samples from the same day and
station were cross-plotted to compare variations in metabarcoding
percent abundance of each of the two taxa to the cells/mL estimates
from qPCR (Fig. S1B,C). Because the counts/mL output of qPCR is not
directly translatable to the metabarcoding measures of relative percent
abundance, we instead used a logistic regression approach to relate the
probability of metabarcoding-based detection to the qPCR-measured
abundances.

Metabarcoding data have an advantage of being able to resolve
identifications to species level in some cases, but the nine taxa investi-
gated in our study vary in terms of their respective coverage in taxo-
nomic databases and in the diversity of sequences present at the 18S
locus. This means that some genera are more difficult to identify to
species, particularly among the dinoflagellates (Hoppenrath, 2017;
Stern et al., 2010). Because a major focus of this study is about assessing
relative risk of different taxa proliferating above their baseline, we have
conducted all taxonomic identification to the genus level for greatest
comparability between groups. Though this does not account for
species-specific differences in toxin production (Anderson et al., 2012),
most HAB monitoring programs assess HABs at the genus level using
microscopy, so this method provides a comparable assessment of rela-
tive risk. To provide a conservative aspect to our surveillance approach,
we included taxa such as Gyrodinium in our analysis due to the presence
of HAB-forming species in each respective genus, despite currently not
being able to resolve identifications in our dataset to conclusively
demonstrate that particular species’ presence.

2.2. Mussel toxin sampling
Samples of Mytilus spp. mussels (a multi-species assemblage of

M. californianus and members of the M. edulis complex) were collected
biweekly for phycotoxin analysis from ten floating docks bordering SFB
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Fig. 2. Schematic illustration of connections between the different data types utilized in this study, including comparing chlorophyll a (chl-a) concentration to
metabarcoding or quantitative polymerase chain reaction (qQPCR) data, and how each of those data types can be compared to a risk-related analysis of undesir-

able outcomes.

from 2015-2020, though the majority of samples were collected at sites
RB, GG, BM, BI, OP, CP and RW (Fig. 1, Table 1). At each site, five
mussels were collected, stored frozen at —20 °C, thawed, shucked, and
homogenized into a representative pooled sample for each station and
date. Samples were analyzed for saxitoxin concentration at the Univer-
sity of California at Santa Cruz. Saxitoxin was measured via enzyme-
linked immunosorbant assay (ELISA), both following the approaches
of Peacock et al. (2018). The method detection limits are 3 ng/g for 1 g
of tissue for saxitoxin. Tissue toxin concentrations were compared
against toxin thresholds derived from regulatory guidelines and litera-
ture sources for saxitoxin (Table 2). Regulatory shellfish advisory
thresholds were infrequently exceeded; instead, ecological thresholds
relevant for chronic sublethal effects and the potential for trophic bio-
accumulation were the primary focal point of this analysis.

2.3. Analytical approach

2.3.1. Overview

Different HAB-forming taxa have different baseline abundances (the
relative abundance at the lowest chl-a level), methods of detection, and
thresholds of risk available for their abundance and associated hazards,

Table 2
Summary of shellfish toxin screen thresholds employed in this study.

Threshold name Concentration

Human consumption
advisory level

Bioaccumulation or
reporting limit

Sublethal threshold

800 ng/g (California Department of Public Health
threshold) (Egel, 2018)

100 ng/g = toxin dietary accumulation above
background levels (this study, Fig. 4)

300 ng/g = Sublethal toxicity exhibiting neurotoxin
symptoms, including slowed valve closure and
elevated stress indicator metabolites (Beauclercq

et al., 2023; Lavaud et al., 2021)

which resulted in a variable ability to test one or both hypotheses
(Tables 2, 3). For Alexandrium shellfish toxin, qPCR abundance, and
metabarcoding data were available, which allowed us to investigate the
basis for disproportionate increases. If the disproportionate increase
hypothesis was supported, we would expect to observe a rise in the
qPCR-based absolute abundance of Alexandrium and Pseudo-nitzschia as
a function of chl-a. For all other HAB taxa listed in Table 3, only met-
abarcoding data were available, which limited the testing to the
disproportionate increases and generation of chl-a thresholds when re-
lationships were documented.

We assessed metabarcoding-determined relative abundance data for
a broad assemblage of HAB taxa, including Alexandrium and Pseudo-

Table 3

Table of percent abundances required for different taxa to
reach their genus-specific 87th percentile of relative abun-
dance. Some taxa are inherently rare in the dataset, like
Pseudo-nitzschia, while others are quite common, such as
Gyrodinium. These abundances are in terms of percent of total
reads, and not necessarily directly related to absolute cell-
based abundance. This is due to the differential response of
different sequences to amplification as well as the ability of
some taxa, particularly the dinoflagellates, to produce repli-
cate genomes.

Taxon Percent abundance
Alexandrium 1.2

Dinophysis 0.083

Gonyaulax 0.85

Gyrodinium 4.4

Heterocapsa 2.5

Heterosigma 0.14

Noctiluca 0.65

Prymnesium 0.22
Pseudo-nitzschia 0.040
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nitzschia, and seven additional taxa (Dinophysis, Heterosigma, Hetero-
capsa, Gonyaulax, Noctiluca, Gyrodinium, and Prymnesium), that have
been identified as taxa of concern in other coastal and estuarine systems
and are included in international HAB databases (Intergovernmental
Oceanographic Commission of UNESCO, 2021; Lundholm et al., 2009).
We then developed risk-based models that described how the proba-
bility of exceeding relative abundance thresholds increased with chl-a.
Since relative abundance thresholds for HAB taxa are not generally
available, they were instead set by investigating the relative abundance
at which a known harmful alga coincided with elevated toxin levels in
grazers, with that abundance threshold being applied to investigate the
other HABs. The disproportionate increase paradigm can be tested by
comparing the probability of different taxa increasing or decreasing in
relation to abundance-based thresholds as a function of chl-a, as
described below.

2.3.2. Statistical analysis

All metabarcoding results are presented in terms of percent of total
reads (count of reads for that taxon from that sample, divided by the
total reads for the filter). Mussel samples were matched to qPCR and
metabarcoding relative abundances from ship-based samples, according
to geographic proximity and close temporal matches. Geographic
matches were identified based on sub-embayment, with various matches
of time intervals and geographic proximity being tested, before settling
on matched mussel stations being assigned to a zone of influence of
approximately 10 km surrounding a ship station. The temporal matches
were identified based on mussel samples occurring within 14 days after
a ship-collected sample. Chl-a and metabarcoding samples were syn-
optically collected from a ship. Observations were seasonally binned
based on the climatological trends in temperature, salinity and photo-
synthetically active radiation typically observed in SF Bay (Fig. S2), as
follows: (1) Fall = August through October, (2) Winter = November
through January, (3) Spring = February through April, and (4) Summer
= May through July.

Chl-a, molecular and mussel toxin data were visualized as parallel
time series to initially diagnose whether the observed values align with
prior literature observations of phytoplankton dynamics. Additionally,
the relative seasonal occurrence of toxins in mussels were analyzed.
Because the toxin concentration data were not normally distributed as
determined by Shapiro-Wilks tests, a Kruskal-Wallis comparison of
medians was used as a non-parametric alternative to Analysis of Vari-
ance. qPCR and toxin data were compared to investigate positive trends
in co-occurrence of higher Alexandrium density and the concentration of
the corresponding toxin in nearby mussels. Quantile Generalized Addi-
tive Models (GAMs) were included for the 75th and 90th percentiles of
toxin concentrations (Fasiolo et al., 2021) to identify positive relation-
ships at distinct quantiles, and to further investigate threshold effects via
conditional probability analyses (see below). All data analysis was
conducted with R version 4.2.2 (R Core Team, 2025), with code avail-
able in the Supplemental Materials. Metabarcoding taxonomic assign-
ment dataata files are available at the Environmental Data Initiative
(Killam et al., 2025). Metabarcoding reads are deposited in the National
Center for Biotechnology Information (NCBI) Sequencing Read Archive
(SRA; Sayers et al., 2025) under bioproject ###. R code is available at
Zenodo (Killam, 2026).

2.3.3. HAB absolute and relative abundance thresholds

To identify levels of chl-a associated with an increased risk of HABs,
it was first necessary to identify intermediary absolute or relative
abundance thresholds for harmful taxa, or disproportionately large
changes in a response variable relative to a small change in the envi-
ronmental explanatory variable.

For harmful taxa in which shellfish toxin data were available, the
relation between the probability that toxin thresholds would be excee-
ded in nearby mussels as a function of increasing metabarcoding relative
abundance and qPCR absolute abundance was assessed using CPA
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(Hollister et al., 2008; Paul and McDonald, 2005; Sutula et al., 2017).
CPA relates the probability of one event, such as a threshold being
exceeded, as a function of another continuous variable. Paired
metabarcoding-toxin observations were ordered by increasing percent
abundance. Toxin threshold exceedance was then set as a binary vari-
able (1 if the threshold was exceeded and O if not). Following the
approach of Hollister et al. (2008), the estimates were then boot-
strapped, resampling the dataset 1000 times with replacement (Frick
et al., 2023), and the same CPA was conducted. Of the 1000 simulations,
the 97.5th percentile and 2.5th percentiles were used to construct a 95 %
confidence interval around the data. gPCR and metabarcoding relative
abundance thresholds were identified at the point of the upper bound of
95 % confidence interval of the CPA indicating 50 % probability of the
chosen mussel toxin threshold.

For harmful taxa in which toxin data were not available, CPA was
performed to observe the occurrence of nine HAB taxa of concern above
background relative percent abundance levels. For these analyses, the
percent abundance threshold of a particular taxon could not be set at a
static level across taxa, as the HAB taxa all have different baseline
percent abundances in the dataset. Some taxa like Heterocapsa are quite
common, while others like Dinophysis are often rare. We instead iden-
tified increases in molecular relative abundance above baseline as a
function of chlorophyll concentration. Therefore, the change in the
baseline relative abundance threshold was used as a metric to investi-
gate whether those changes co-occurred with increasing chl-a. Alexan-
drium reaching 1.2 % of reads represented the relative abundance level
at which 100 ng/g toxin was >50 % likely to be detected in nearby
mussels, as indicated by the upper confidence interval of the CPA
crossing 50 % probability. That abundance corresponded to the 87th
percentile of all Alexandrium abundances in the dataset, which was used
as a threshold by which to assess if other taxa were above or below their
respective baseline abundances (Table 3).

2.3.4. Chl-a relative abundance thresholds

The taxon-specific relative abundance thresholds were then gathered
and used to create a series of CPAs for each taxon among the nine HABs
as a function of chl-a, subset by season. Some taxa rose above their
respective abundance baseline as a function of chl-a concentration,
while others stayed flat or declined. To standardize comparisons be-
tween taxa, probabilities were converted to represent a “risk multiple”
above baseline by dividing calculated probabilities by the baseline
probabilities (the probability at the lowest chl-a level). The probability
baselines for each taxon are viewable in Table 4. Among the analyzed
taxa, a subset were identified which were of particular interest in terms
of their disproportionate increase in abundance as a function of chl-a,
and the nonlinearity of that increase. Such nonlinear increases in mo-
lecular abundance could be suggestive of the early stages of bloom-like
proliferation in terms of cellular division in the water column (Metfies
et al., 2020; Needham and Fuhrman, 2016).

Table 4
Baseline probabilities of 87th percentile threshold being exceeded. These
represent “global” probabilities of the event occurring across the chlorophyll
distribution. For each Conditional Probability Analysis plot, the increasing or
decreasing probabilities are divided by this baseline to obtain a probability
multiple.

Taxon Winter Spring Summer Fall
Alexandrium 17.9 17.4 8.6 4.7

Dinophysis 16.1 7.2 7.1 21.9
Gonyaulax 3.6 10.1 21.4 15.6
Gyrodinium 8.9 10.1 5.7 25.0
Heterocapsa 7.1 13.0 17.1 12.5
Heterosigma 5.4 15.9 5.7 25.0
Noctiluca 8.9 11.6 20.0 10.9
Prymnesium 10.7 5.8 18.6 17.2
Pseudo-nitzschia 21.4 18.8 10.0 31
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All HAB taxa were subsequently combined together and a grouped
CPA was conducted to investigate the probability of any HAB taxon
rising as a function of chl-a concentration. The package ‘EnvCpt’ was
used to identify statistically significant changepoints in the data (Killick
et al., 2025), with the ideal changepoint model and resulting change-
points being selected from among twelve possible models by selecting
the one with the minimum Aikike Information Criterion/Bayesian In-
formation Criterion ratio. To assist in visualization of nonlinear in-
creases probability in relation to chl-a, an approximate instantaneous
slope along the combined CPAs was visualized using a GAM (Wood,
2023), using the REML method and 30 knots. The derivatives along the
fitted GAM were then identified using the finite differences method, via
the “derivatives” function in the gratia package (Simpson and Sing-
mann, 2024), to identify areas of nonlinear increase or decrease in
probability of occurrence. A derivative value of 2 would indicate that the
probability was doubling per additional ug/L of chl-a.

3. Results
3.1. Temporal occurrences of saxitoxin and Alexandrium

Saxitoxin was frequently detected in mussel tissue, and its concen-
tration showed temporal association with elevated presence of Alexan-
drium in the metabarcoding data. Saxitoxin exceeded the California
Department of Public Health (CDPH) threshold of 800 ng/g in March
2018 (Fig. 3B), at which time CDPH issued a saxitoxin warning. This
event also was a peak of Alexandrium in the relative abundance data
(~10 percent abundance; Fig. 3A). Saxitoxin concentrations occurred in
excess of 300 ng/g several times in the 2017-2018 period and more

Harmful Algae 154 (2026) 103086

regularly exceeded the 100 ng/g threshold during that interval. Alex-
andrium was noted across the Central SFB and South Bay down from
Station 18 near the Bay entrance (the Golden Gate Bridge) to Station 32
(at the entrance to the Lower South Bay).

Comparing the seasonal median toxin concentrations, the majority of
observations of saxitoxin above 100 ng/g occurred in spring (Fig. S3),
but most of those spring observations coincided with chl-a concentra-
tions around 5 pg/L (Fig. S4). A Kruskal-Wallis test indicates that saxi-
toxin median concentrations were significantly different across seasons
(chi-squared = 31.323, df = 3, p-value < 0.0001).

3.2. Exceedance of toxin thresholds in mussels as a function of absolute
and relative abundance

Saxitoxin concentrations in mussels show a positive relationship
with qPCR counts/mL for Alexandrium (Fig. 4A). There is a positive in-
flection in the probability of mussels recording saxitoxin above 100 ng/g
when Alexandrium reaches 1000 qPCR counts/mL (Fig. 4A). Alexandrium
declines in absolute abundance at higher chl-a concentrations consistent
with the spring phytoplankton bloom (Fig. 4B,D).

Comparing the metabarcoding relative abundances to the probabil-
ity of exceeding different concentrations of their toxins in mussels,
Alexandrium shows a positive relationship with the occurrence of saxi-
toxin above a given concentration (Fig. 5). The probability of saxitoxin
exceeding 100 ng/g begins at around 20 % probability as a baseline. The
probability that the concentration in mussels exceeded 100 ng/g passed
50 % when Alexandrium reached 1.2 % of 18S reads. Mussels reached a
50 % probability of exceeding 300 ng/g when Alexandrium reached 2.4
% of reads (Fig. 5).
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3.3. Seasonal probability of HAB taxa exceeding thresholds as a function
of chl-a

Among the nine HAB taxa investigated, most exceedances of the 87th
percentile at higher chl-a were observed in the fall, particularly for
Heterosigma, Heterocapsa, Gonyaulax, Dinophysis and Gyrodinium (Fig. 6).
At 4.6 ug/L chl-a, Heterosigma shows an upward inflection in probability
of exceeding its baseline abundance of 0.14 %. The other four taxa
increased more monotonically. Heterocapsa, which had a higher baseline
abundance, also had a much higher optimized threshold of 2.55 %
abundance, which it approached 75 % probability of exceeding at high
fall chl-a levels. Summer and fall generally display higher chl-a medians
than the preceding eras, though fall is distinguishable by concentration
appearing more frequently in the 5-10 pg/L range, with the preceding
era showing more variability above and below that level.

In the other seasons, most HAB taxa show negative relationships with
chl-a concentration (Fig. 6), though Heterocapsa seemed to increase in
percent abundance in relationship to chl-a across seasons. Alexandrium
and Gonyaulax were more likely to exceed their high thresholds of 1.3 %
and 4.4 % in the summer at the highest chl-a values.

Investigating the combined probability of any of the studied HAB
taxa exceeding their thresholds in different seasons (Fig. 7A), we

observed a rapid increase in probability of any of the studied species
exceeding their baseline abundance above 4.6 pg/L in fall. When the five
genera with the greatest fall increases identified in Fig. 7 are subset out
(Fig. 7B), the slope is steeper, reaching above a 1.75x probability
multiplier of encountering any member of the mentioned genera above
their baseline abundance at higher chl-a levels.

4. Discussion

Using molecular data in a novel analytical approach, we identified a
seasonal chl-a threshold of 4.6 ug/L corresponding to a disproportionate
increase in risk of flagellate mixotrophic HABs. The relative and absolute
qPCR-measured abundances of Alexandrium both show positive re-
lationships with the probability of saxitoxin observation in nearby
mussels, pointing to the utility of molecular thresholds as early warning
or screening values for potential shellfish consumption risk, either to
humans or aquatic life. This work demonstrates the promise of molec-
ular approaches in disentangling the complex interplay between
stressors and phytoplankton/HAB community responses and has the
potential to provide better information to guide management of eutro-
phication at lower cost over the long run than non-molecular methods.
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each analysis.

4.1. No evidence for “proportionate increase” response with increasing
chl-a

We used a molecular monitoring approach to investigate evidence
for both the “proportionate increase” versus the “disproportionate in-
crease” hypotheses. We found that the “proportionate increase” hy-
pothesis does not appear to be applicable to the HAB-forming taxa
common to SFB. In fact, the density of Alexandrium and Pseudo-nitzschia
declined in the qPCR abundance data at the highest chl-a concentra-
tions. In SFB, as well as many similar temperate estuaries, the spring
phytoplankton bloom is typically dominated by diatoms like Thalassio-
sira or Skeletonema (Caffrey et al., 1998; Smayda and Trainer, 2010;
Tiselius and Kuylenstierna, 1996) which do not pose known human
health risks and are considered an important food source for primary
consumers (Glibert et al., 2011). At chl-a levels above 10 pg/L, such as
during the spring bloom, Alexandrium appears to be outcompeted by
other taxa (Fig. 4). Additionally, higher spring chl-a does not always
correlate with increased mussel toxin. Saxitoxin is largely uncorrelated
with chl-a, or even declines at the highest chl-a levels (Fig. S4). There-
fore, population dynamics of HAB-forming taxa in SFB can be decoupled
from the growth or loss trajectory of the overall phytoplankton
community.

Alexandrium proliferates at high chl-a values in summer, but the
summer increase has very large confidence intervals due to the sparse
sampling of Alexandrium in that season. Saxitoxin concentrations in
mussels, meanwhile, were highest mostly in the spring (Fig. S3), but
only at low to moderate spring chl-a values (Fig. S4). While the dilution
effect of increased availability of food as well as greater grazing selec-
tivity of mussels during the spring bloom could explain the lower overall
toxin concentration in mussels at the highest spring bloom chl-a values
(Strohmeier et al., 2005), it is more likely that a genuine decline in
Alexandrium abundance accounts for this lower toxin concentration.
This is evidenced by the fact that qPCR counts for Alexandrium decline to
near-zero during the spring bloom (Fig. 4B). Alexandrium in SF Bay has
previously been proposed to thrive in times of higher salinity (Cloern
and Dufford, 2005), so it is possible that Alexandrium is unable to
compete in the lower salinity conditions associated with March and
April, when the diatom-dominated spring bloom typically occurs
(Cloern, 1984; Cloern and Jassby, 1995).

4.2. Selected SFB HAB taxa show a disproportionate response to
increasing chl-a, but only during some seasons

Our analysis shows some taxa are disproportionately favored with
increasing chl-a during some seasons. This study as well as previous
work have shown HAB-forming genera such as the raphidophyte Het-
erosigma akashiwo and some dinoflagellates like Dinophysis, Heterocapsa,
Gonyaulax, and Gyrodinium generally show lower probability of prolif-
erating above their baseline relative abundance at higher chl-a levels in
the spring, but increase as a function of chl-a in the fall, when chl-a
levels were historically low (Fig. 6)(Cloern et al., 2005; Kudela et al.,
2024). Comparing literature expectations of the behavior of
higher-order groups, many of the studied dinoflagellates and the
raphidophyte Heterosigma do follow the patterns expected of their
groups, though Alexandrium and Noctiluca diverge from that pattern
(Table 5). Dinoflagellates and raphidophytes share flagellated mor-
phologies and a mixotrophic life history, which may incline them to
proliferate in the late summer, a time of high insolation and higher
salinity, with less salinity stratification that favors diatoms (Cloern et al.,
2017). Under these conditions, flagellated taxa may benefit from being
able to swim to remain in the photic zone during the daylight hours and
travel throughout the water column at night scavenging nutrients.
Additionally, Heterosigma and the selected dinoflagellates are all mixo-
trophic (Burkholder et al., 2008; Jeong, 2011) and thus able to source
nutrients from various dissolved phases or by ingesting bacteria or
picoplankton at a time of year when nutrients are lower than during the
spring bloom interval (Cloern, 1996; Peterson et al., 1985).

These flagellated mixotrophic harmful algae vary in their preva-
lence, with Heterosigma, Dinophysis and Gonyaulax usually appearing
below 1 percent of reads, while Heterocapsa and Gyrodinium commonly
reach 2.5 and 4.4 % of reads respectively (Table 3). However, each taxon
poses its own respective risks to the SFB ecosystem risks when envi-
ronmental conditions present a “window of opportunity” for a bloom to
occur (Moore et al., 2008). Dinophysis, Gonyaulax and Gyrodinium, for
example, produce known toxins (Gentien and Arzul, 1990; Reguera
et al., 2014; Riccardi et al., 2009), while Heterosigma and Heterocapsa’s
known mechanisms of harm are less understood but are still associated
with biomass-linked anoxia (Allaf and Trick, 2024; Wu et al., 2022), and
Heterosigma is believed to produce an as-yet unidentified ichthyotoxin
(Cembella et al., 2023). SFB is characterized by high ambient nutrient
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concentrations, (e.g., 2014-2019 median dissolved inorganic nitrogen
concentrations in excess of 30 uM in South Bay and Lower South Bay),
indicating incomplete nutrient assimilation by phytoplankton and the
potential to support additional phytoplankton biomass (Cloern et al.,
2020; Sutula et al., 2017), a response that would have significant
water-quality implications. This scenario occurred in the summer of
2022, when ideal conditions resulted in the exponential, uncontrolled
proliferation of Heterosigma akashiwo in SFB, causing widespread
ecological impacts including events of low dissolved oxygen and mass
fish kills (Kudela et al., 2024; Nardelli et al., 2026). The release of
constraining factors such as mixing and benthic grazing may change
abruptly over time, leading to surprisingly large increases or decreases
of biomass as a phenomenon that has occurred in other estuaries
(Raimonet and Cloern, 2017). This heightened risk for HAB biomass
accumulation in SFB points to the benefits of establishing chl-a thresh-
olds (Sutula et al., 2017).
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4.3. Evidence for a chl-a threshold associated with fall occurrence of
flagellated mixotrophs

Our findings suggest a relationship between chl-a values above 4.6
pg/L in fall and elevated relative abundance of Heterosigma, Dinophysis
and other flagellated, mixotrophic harmful algae. This chl-a concen-
tration is low in the context of year-round variability, but for fall, it was
historically in the upper quantile of observed values. As chl-a concen-
trations have gradually increased in SFB (Beck et al., 2022; Cloern et al.,
2020), those values have become more commonly observed in the late
summer/early fall, and now represent the mode, with the majority of
observed chl-a values clustering around that value in the last 20 years
(Fig. 6). As these chl-a levels have become more common in recent years,
it is therefore unsurprising that an unprecedented baywide high biomass
event occurred in SFB in 2022, causing impacts to ecosystem health
(Kudela et al., 2024). Looking at the combined probability of any of the
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Table 5

Comparing the dominant season identified from literature for different high
level groups in temperate estuaries from previous literature, to the results from
this study on which genera follow those expectations as measured by molecular
monitoring.

Taxon Dominant season HAB genera that follow/diverge
from dominant season
Follows Diverge
Diatoms Spring (Caffrey et al., Pseudo-
1998; Smayda and nitzschia
Trainer, 2010)
Dinoflagellates ~ Late Summer/Fall ( Dinophysis, Alexandrium,
Caffrey et al., 1998; Gyrodinium, Noctiluca
Smayda and Trainer, Gonyaulax,
2010) Heterocapsa
Raphidophytes ~ Late Summer/Fall (Li Heterosigma
and Smayda, 2000)
Haptophytes Inconsistent/lack of Prymnesium

seasonality (Jordan and
Chamberlain, 1997)

studied HAB taxa exceeding their baseline abundance, we see the
probability increases consistently as a function of chl-a concentration in
fall, but we see no consistent up or down trend in probability in other
seasons (Fig. 7A). When this combined probability is computed for only
taxa which individually showed increases in exceeding their baseline
abundance in the fall, such as Heterosigma, Dinophysis, Heterocapsa,
Gyrodinium and Gonyaulax, the slope is more drastic and converges on a
higher multiple of baseline probability (Fig. 7B).

The threshold discussed in this paper (4.6 pg/L in fall) is lower than
the previous year-round level of 13 pg/L (Sutula et al., 2017). That prior
threshold was intended to be protective against biomass-related HAB
hazards like low dissolved oxygen, and included spring data, which as
this study discusses, is dominated by diatoms not associated with HAB
risk. So instead of being a threshold of concerning conditions, the fall
threshold discussed in this study of 4.6 ug/L is intended as a
seasonally-specific indicator of conditions associated with above base-
line abundance of HAB-forming taxa.

4.4. Thresholds of relative metabarcoding and gPCR molecular HAB
abundances in relation to mussel toxin concentration

The highest mussel saxitoxin concentrations corresponded with the
highest relative abundances of Alexandrium in the dataset as measured
by 18S metabarcoding (Fig. 3). These high mussel saxitoxin concentra-
tions occurred over several months in 2018, and mussel concentrations
were in excess of 300 ng/g, a level associated with neurotoxic effects in
the mussels themselves, including reduced feeding and slowed ability to
close their valves (Lavaud et al., 2021). This 2018 window also was the
only time point when saxitoxin in our dataset surpassed the human
health advisory threshold of 800 ng/g, which was also observed in
ongoing mussel monitoring by the CDPH and triggered a public health
advisory at that time (Egel, 2018).

These data highlight the importance of identifying early warning or
screening level thresholds of qPCR abundance or relative abundance.
The relative (as measured by metabarcoding) and qPCR abundances of
Alexandrium both show positive relationships with the probability of
saxitoxin observation in nearby mussels. This points to the utility of
thresholds like 1.24 % of total reads derived via metabarcoding (Fig. 5)
or 1000 counts per ml derived via qPCR as early warning or screening
values for potential shellfish consumption risk, either to humans or
aquatic life (Fig. 4C).

A subset of observations had high Alexandrium relative abundances,
when mussel toxin was below thresholds (Fig. 5). This may have resulted
from the occurrence of non-toxic Alexandrium species that were not
captured by our genus-level analyses but are known to occur in SFB
(Cloern and Dufford, 2005), or due to variability in toxin production in
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relation to other environmental/ecological factors such as nutrient
availability, temperature, and salinity, which can increase or decrease
its comparative toxicity (Murray et al., 2021). Additionally, the gene
copies present per cell for dinoflagellates like Alexandrium can vary in
time (Ruvindy et al., 2023), and during times of high dinoflagellate
population, there can be dynamics of cross-reactivity during PCR be-
tween closely related groups (Coyne et al., 2022). Lastly, there is the
possibility that during the interval of greatest Alexandrium relative
abundances, which occurred in February 2020, the mussels, which were
sampled only a day later at nearby sites, had simply not yet accumulated
saxitoxin. All of these factors point out that further species-focused
research into Alexandrium-mussel interactions, ideally using corrobo-
rating data like qPCR, is warranted, as well as testing for saxitoxin genes.

An Alexandrium qPCR abundance of 1000 counts per ml could be of
potential future use as an early warning threshold. Previous studies
found that ingested intracellular saxitoxin represents 99 % of the toxin
fraction present in mussels (Li et al., 2024), so it is likely that the as-
sociation between Alexandrium 18S metabarcoding detections and toxin
in mussels results from higher Alexandrium cell counts in the environ-
ment rather than high extracellular toxin concentrations. When mussels
feed on phytoplankton assemblages with low relative abundance of
Alexandrium, they would be expected to accumulate lower concentra-
tions of toxin in their tissues, due to the dilution effect of other non-toxic
phytoplankton in their diet.

4.5. Setting thresholds of baseline relative abundance: the value of
probabilistic approaches for interpreting molecular data

Metabarcoding approaches can be powerful for the detection of rare
taxa, which are elusive to other monitoring methods. The methods are
also reproducible and the resulting sequences can be reanalyzed as
taxonomic classifiers improve. Despite this, they have not been as
extensively used for monitoring harmful algae as microscopy because of
certain limitations inherent in the technique. Because of the amplifica-
tion of rRNA genes from the sample, the data can only be used to
interpret relative abundance, rather than absolute abundance. There are
also sources of uncertainty that complicate efforts to interpret trends in
metabarcoding relative abundance. Imperfect taxonomic databases lead
to potential clade jumping (Cirtwill and Hamback, 2021), the multiple
18S gene copies observed in many taxa can inflate their relative abun-
dance (Marinchel et al., 2023), different amounts of source genetic
material might be sourced from filters on different days, and the process
of polymerase chain reaction itself is subject to chance processes leading
to some taxa being preferentially amplified (Bachy et al., 2013; Logares
et al., 2014). One preferable way to control this noise is to search for
thresholds of relative abundance, seeing if the probability that taxa
exceed that threshold is a function of chl-a or other continuous
explanatory variables. In effect, this discretizes the dependent variable
(Lucena-Moya et al., 2015) and allows probabilistic analysis of a binary
output, rather than a continuous variable, which is subject to numerous
sources of noise. In the case of this study, the threshold can be set to
represent a taxon's baseline abundance, with any observations above
that baseline being potentially indicative of increased population
growth. The challenge is understanding how to set the baseline
threshold in an ecologically relevant and standardized way. The
threshold could be set through iterative testing of abundance thresholds
for each taxon, finding the thresholds resulting in the greatest slope as a
function of chl-a, but that risks amplifying biases in detection, such as
the possibility that rare taxa are inordinately less likely to be observed
during times of low chl-a.

In the case of the risk modeling of this study, we selected Alexan-
drium’s relative abundance as the standard measure by which to
compare the proliferation of the other HABs. Alexandrium is known to be
regularly present in SFB (Cloern and Dufford, 2005), its toxin is
measured as part of our monitoring, and most importantly, its toxin
accumulates to levels known to be harmful to biota and humans. The
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relative abundance level of 1.2 % of reads represented the level at which
100 ng/g toxin was >50 % likely to be detected in nearby mussels. That
abundance corresponded to the 87th percentile of all Alexandrium
abundances in the dataset, which was used as a threshold by which to
assess if other taxa were above or below their respective baseline
abundances. This 87th percentile relative abundance threshold serves as
an indicator of proliferation above baseline relative abundance, merit-
ing a monitoring response, but the approach of this study could be
expanded as new data is gathered. As techniques quantifying other taxa
of concern in SFB are developed, such as a targeted assay for Heterosigma
absolute abundance, those can be used to expand the approach to set
abundance thresholds individualized to those taxa. In that way, this
probabilistic approach can continue to improve in terms of relating
broad-spectrum metabarcoding measures of abundance to the results of
targeted but less scalable monitoring approaches.

There is uncertainty in the specific risk relationships produced by
this approach, both due to the bootstrapping-based confidence intervals,
but also the specific risk thresholds identified, which were a function of
the years analyzed. The metabarcoding abundances of some taxa do not
relate well to microscopy-based estimates of relative abundance, such as
-for Pseudo-nitzschia (Fig. S1A), despite showing relationships with the
qPCR-based analyses (Fig. S1C). This parallels prior comparative
studies, which found that microscopy and molecular surveillance ap-
proaches could be complementary (Chen et al., 2024), but with weak-
nesses in sensitivity and specificity leading each method being
insufficient on its own to fully understand phytoplankton population
dynamics. This may be particularly true for rare or cryptic taxa like some
of the dinoflagellate HAB-forming taxa mentioned in this study, and also
Pseudo-nitzschia (Turk Dermastia et al., 2023). As additional data are
collected and compiled for SFB and quantified with molecular or mi-
croscopy data, new taxa of concern could be identified, since phyto-
plankton can wax and wane over decadal intervals (Cloern, 1996;
Harding et al., 2016), and their bloom events can be ephemeral and thus
rarely observed even over multiple year monitoring programs. As new
bloom events are measured, different thresholds of concern may be
identified, and our Alexandrium-based threshold could be supplanted by
an alternative measure of HAB-related risk. Thus, the type of analysis
this paper demonstrates could serve as a framework for managers to use
to re-evaluate the relative risk of HABs in an estuary where drivers and
responses change over time.

4.6. Implications for future analysis and risk assessment in SFB and other
systems

While this study focused on assessing risk of HAB proliferation as a
function of chl-a in SFB, this approach could be applied to other
explanatory variables of interest in this setting and other systems. This
approach could also be used to investigate the conditional probability of
phytoplankton proliferating in SFB in response to other variables also
measured during the channel cruises, such as temperature, light avail-
ability, salinity and nutrient concentrations. These analyses could be
combined in a unified “growth index” integrating such factors and
relating them to the conditional probability of phytoplankton growth.
Such relationships have often been investigated via empirical ap-
proaches and models (Cloern, 1999; Ralston and Moore, 2020), but the
benefit of the probabilistic approach is that it allows for modeling of the
increased probability of target taxa proliferating above baseline relative
abundance.

Water bodies in other regions have been found to display long-term
trends in chl-q, such as Narragansett Bay, Rhode Island, which has had a
long-term decline in biomass, with chl-a decreasing by 49 % since 1959
(Thibodeau et al., 2024). The ‘proportionate increase’ hypothesis would
suggest that the risk of all HABs would have declined during that in-
terval, but instead, a new hazard of Pseudo-nitzschia and associated
domoic acid has emerged in summer, which researchers have proposed
was decoupled from chl-a and largely linked to nitrogen limiting
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conditions (Sterling et al., 2022). While this study used chl-a to estimate
the relative risk of harmful algae proliferation, other settings like
Narragansett Bay could similarly use nutrient concentrations or other
explanatory variables to predict HAB risk. Other examples include Baffin
Bay, Texas, where elevated salinity correlates with increased abundance
of Aureoumbra lagunensis (Cira et al., 2021), and the West Florida shelf,
where there are links between Karenia and the abundance of other
phytoplankton groups like haptophytes (Dixon et al., 2014). Indices
combining multiple factors could also be related to the conditional
probability of harmful algal taxa exceeding abundance thresholds to
improve the ability to estimate risk of target harmful algae proliferating.

In SFB, the association between higher chl-a and increased relative
abundance of key HABs in fall could be used to identify when relative
abundances of harmful algae have the potential to begin increasing
nonlinearly as well as recurrence intervals of bloom events. Chl-a has
increased through time at several of the channel cruise monitoring sta-
tions (Beck et al., 2022). While changes in the summer chl-a value have
not tracked directly to climate change related indicators in SFB, there
have been changepoints identified in the seasonality of bloom events,
such as a long-term increase in summer chl-a, which has been linked by
some researchers to the abundance of grazing invasive clams (Cloern
et al., 2023). Generally, the probabilistic approach can be used to
extrapolate the future probability of harmful algae increasing as a
function of variables that are more easily monitored, such as chl-a
concentration.

5. Conclusion

Seasonal variations in chl-a were associated with unequal changes in
the abundance of a variety of harmful algae. Several harmful dinofla-
gellate and raphidophyte taxa increased disproportionately in the fall
and usually declined during the annual spring bloom event. In SFB in
fall, the probability that certain harmful taxa are abundant increased
when chl-a exceeded approximately 4.6 ug/L, a concentration that has
been observed with increasing frequency during ship-based cruises as
summer/fall blooms have become more common.

The molecular surveillance approach described here shows that the
raphidophyte Heterosigma and flagellated, mixotrophic dinoflagellates
with similar traits have a higher potential for growth during summer/
fall. Combining molecular metabarcoding surveillance with mussel-
based toxin monitoring allows us to set risk thresholds, which can be
used to construct risk-based models based using parameters commonly
measured during ship-based surveys, such as chl-a. This work shows the
advantages of integrating traditional methods of water quality assess-
ment like chl-a with markers of ecological status such as metabarcoding
data. A probabilistic approach can be used to inform a framework to
assess the risk for proliferation of a broad assemblage of harmful taxa,
with capabilities continuing to improve as molecular libraries expand
and new, more sensitive measurement techniques are developed. Future
work could refine risk assessments by using multiple combined factors to
quantify HAB probabilities, with the goal to quantify the risk of bloom
events harmful to human and ecosystem health and inform development
of policies to reduce the risk.

CRediT authorship contribution statement

Daniel Killam: Writing — review & editing, Writing — original draft,
Visualization, Software, Project administration, Methodology, Formal
analysis, Data curation, Conceptualization. Keith Bouma-Gregson:
Writing — review & editing, Methodology, Formal analysis, Data cura-
tion. Martha Sutula: Writing — review & editing, Writing — original
draft, Methodology, Formal analysis, Conceptualization. Raphe
Kudela: Writing — review & editing, Resources, Methodology, Investi-
gation. James Hagy: Writing — review & editing, Visualization, Meth-
odology, Formal analysis. Stephanie Anderson: Writing — review &
editing, Writing — original draft, Visualization, Methodology. David



D. Killam et al.

Senn: Writing — review & editing, Writing — original draft, Supervision,
Resources, Project administration, Methodology, Investigation, Funding
acquisition, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments

Erica Nejad, Joel Fritsch, and other U.S. Geological Survey staff
collected samples during long-term R/V Peterson channel monitoring
cruises. Timothy Otten and staff (Bend Genetics) conducted 18S and
qPCR analyses. Kristin Art (San Francisco Estuary Institute), Chris Ikeda
(San Francisco State University, Cochlan Lab) and others collected
mussels from docks. Kendra Negrey and others (UC Santa Cruz) con-
ducted toxin analyses on mussels. Funding was provided by the San
Francisco Bay Nutrient Management Strategy, NOAA MERHAB Award
NA23N0S4780288, and the U.S. Geological Survey Priority Ecosystems
Science Program. The views expressed in this manuscript are those of the
authors and do not necessarily represent the views or policies of the U.S.
Environmental Protection Agency. Any mention of trade names, prod-
ucts, or services does not imply an endorsement by the U.S. Government
or the U.S. Environmental Protection Agency. Any use of trade, firm, or
product names is for descriptive purposes only and does not imply
endorsement by the U.S. Government.

Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.hal.2026.103086.

Data availability

Data are available on the Environmental Data Initiative (Killam
et al., 2025), an open access repository, and analysis code is archived on
Zenodo (Killam, 2026). Metabarcoding reads are deposited in the Na-
tional Center for Biotechnology Information (NCBI) Sequencing Read
Archive (SRA) (Sayers et al., 2025) under bioproject PRINA1425045.

References

Allaf, M.M., Trick, C.G., 2024. Influence of multi-stressor combinations of » CO 5,
temperature, and salinity on the toxicity of Heterosigma akashiwo (Raphidophyceae),
a fish-killing flagellate. J. Phycol. jpy., 13481 https://doi.org/10.1111/jpy.13481.

Anderson, D.M., Burkholder, J.M., Cochlan, W.P., Glibert, P.M., Gobler, C.J., Heil, C.A.,
Kudela, R.M., Parsons, M.L., Rensel, J.E.J., Townsend, D.W., Trainer, V.L., Vargo, G.
A., 2008. Harmful algal blooms and eutrophication: examining linkages from
selected coastal regions of the United States. Harmful Algae HABs Eutrophication 8,
39-53. https://doi.org/10.1016/j.hal.2008.08.017.

Anderson, D.M., Alpermann, T.J., Cembella, A.D., Collos, Y., Masseret, E., Montresor, M.,
2012. The globally distributed genus Alexandrium: multifaceted roles in marine
ecosystems and impacts on human health. Harmful Algae 14, 10-35. https://doi.
org/10.1016/j.hal.2011.10.012.

Ayala, Z.R., Judge, S., Angles, S., Greenfield, D.I., 2023. A comparison between the
FlowCam 8100, microscopy, and sandwich hybridization assay for quantifying
abundances of the saxitoxin-producing dinoflagellate, alexandrium catenella. Harmful
Algae 125, 102423. https://doi.org/10.1016/j.hal.2023.102423.

Bachy, C., Dolan, J.R., Lopez-Garcia, P., Deschamps, P., Moreira, D., 2013. Accuracy of
protist diversity assessments: morphology compared with cloning and direct
pyrosequencing of 18S rRNA genes and ITS regions using the conspicuous tintinnid
ciliates as a case study. ISME J. 7, 244-255. https://doi.org/10.1038/
isme;j.2012.106.

Batiuk, R.A., Breitburg, D.L., Diaz, R.J., Cronin, T.M., Secor, D.H., Thursby, G., 2009.
Derivation of habitat-specific dissolved oxygen criteria for Chesapeake Bay and its
tidal tributaries. J. Exp. Mar. Biol. Ecol. 381, $204-S215. https://doi.org/10.1016/j.
jembe.2009.07.023.

Beauclercq, S., Grenier, O., Arnold, A.A., Warschawski, D.E., Wikfors, G.H., Genard, B.,
Tremblay, R., Marcotte, 1., 2023. Metabolomics and lipidomics reveal the effects of
the toxic dinoflagellate Alexandrium catenella on immune cells of the blue mussel,

14

Harmful Algae 154 (2026) 103086

Mytilus edulis. Harmful Algae 129, 102529. https://doi.org/10.1016/j.
hal.2023.102529.

Beck, M.W., De Valpine, P., Murphy, R., Wren, I., Chelsky, A., Foley, M., Senn, D.B.,
2022. Multi-scale trend analysis of water quality using error propagation of
generalized additive models. Sci. Total Environ. 802, 149927. https://doi.org/
10.1016/j.scitotenv.2021.149927.

Bolyen, E., Rideout, J.R., Dillon, M.R., Bokulich, N.A., Abnet, C.C., Al-Ghalith, G.A.,
Alexander, H., Alm, E.J., Arumugam, M., Asnicar, F., Bai, Y., Bisanz, J.E.,
Bittinger, K., Brejnrod, A., Brislawn, C.J., Brown, C.T., Callahan, B.J., Caraballo-
Rodriguez, A.M., Chase, J., Cope, E.K., Da Silva, R., Diener, C., Dorrestein, P.C.,
Douglas, G.M., Durall, D.M., Duvallet, C., Edwardson, C.F., Ernst, M., Estaki, M.,
Fouquier, J., Gauglitz, J.M., Gibbons, S.M., Gibson, D.L., Gonzalez, A., Gorlick, K.,
Guo, J., Hillmann, B., Holmes, S., Holste, H., Huttenhower, C., Huttley, G.A.,
Janssen, S., Jarmusch, A K., Jiang, L., Kaehler, B.D., Kang, K.B., Keefe, C.R., Keim, P.,
Kelley, S.T., Knights, D., Koester, 1., Kosciolek, T., Kreps, J., Langille, M.G.1., Lee, J.,
Ley, R., Liu, Y.-X., Loftfield, E., Lozupone, C., Maher, M., Marotz, C., Martin, B.D.,
McDonald, D., Mclver, L.J., Melnik, A.V., Metcalf, J.L., Morgan, S.C., Morton, J.T.,
Naimey, A.T., Navas-Molina, J.A., Nothias, L.F., Orchanian, S.B., Pearson, T.,
Peoples, S.L., Petras, D., Preuss, M.L., Pruesse, E., Rasmussen, L.B., Rivers, A.,
Robeson, M.S., Rosenthal, P., Segata, N., Shaffer, M., Shiffer, A., Sinha, R., Song, S.J.,
Spear, J.R., Swafford, A.D., Thompson, L.R., Torres, P.J., Trinh, P., Tripathi, A.,
Turnbaugh, P.J., Ul-Hasan, S., van der Hooft, J.J.J., Vargas, F., Vazquez-Baeza, Y.,
Vogtmann, E., von Hippel, M., Walters, W., Wan, Y., Wang, M., Warren, J., Weber, K.
C., Williamson, C.H.D., Willis, A.D., Xu, Z.Z., Zaneveld, J.R., Zhang, Y., Zhu, Q.,
Knight, R., Caporaso, J.G., 2019. Reproducible, interactive, scalable and extensible
microbiome data science using QIIME 2. Nat. Biotechnol. 37, 852-857. https://doi.
org/10.1038/541587-019-0209-9.

Burkholder, J.M., Glibert, P.M., Skelton, H.M., 2008. Mixotrophy, a major mode of
nutrition for harmful algal species in eutrophic waters. Harmful Algae 8, 77-93.
https://doi.org/10.1016/j.hal.2008.08.010.

Caffrey, J.M., Cloern, J.E., Grenz, C., 1998. Changes in production and respiration during
a spring phytoplankton bloom in San Francisco Bay, California, USA: implications
for net ecosystem metabolism. Mar. Ecol. Prog. Ser. 172, 1-12. https://doi.org/
10.3354/meps172001.

Camargo, J.A., Alonso, A., 2006. Ecological and toxicological effects of inorganic
nitrogen pollution in aquatic ecosystems: a global assessment. Environ. Int. 32,
831-849. https://doi.org/10.1016/j.envint.2006.05.002.

Cembella, A., Espinosa, O., Guzman, L., Krock, B., Lim, P., Place, A., 2023. FISH-KILLING
MARINE ALGAL BLOOMS: Causative Organisms, Ichthyotoxic Mechanisms, Impacts
and Mitigation (IOC Manuals and Guides No. 93). GlobalHAB. UNESCO-IOC/SCOR,
Paris.

Chen, X., Wei, Q., Niu, Y., Jiang, X., 2024. Complementary roles of eDNA metabarcoding
and microscopy in plankton monitoring across seven habitats. J. Plankton Res. 46,
555-566. https://doi.org/10.1093/plankt/fbae052.

Cira, E.K., Palmer, T.A., Wetz, M.S., 2021. Phytoplankton dynamics in a low-inflow
estuary (Baffin Bay, TX) during drought and high-rainfall conditions associated with
an El Nino event. Estuaries Coasts 44, 1752-1764. https://doi.org/10.1007/s12237-
021-00904-7.

Cirtwill, A.R., Hambéck, P., 2021. Building food networks from molecular data: Bayesian
or fixed-number thresholds for including links. Basic Appl. Ecol. 50, 67-76. https://
doi.org/10.1016/j.baae.2020.11.007.

Cloern, J., 1984. Temporal dynamics and ecological significance of salinity stratification
in an estuary (south san-francisco bay, usa). Oceanol. Acta 7, 137-141.

Cloern, J., Dufford, R., 2005. Phytoplankton community ecology: principles applied in
San Francisco Bay. Mar. Ecol. Prog. Ser. 285, 11-28. https://doi.org/10.3354/
meps285011.

Cloern, J.E., 1999. The relative importance of light and nutrient limitation of
phytoplankton growth: a simple index of coastal ecosystem sensitivity to nutrient
enrichment. Aquat. Ecol. 33, 3-15. https://doi.org/10.1023/A:1009952125558.

Cloern, J.E., 1996. Phytoplankton bloom dynamics in coastal ecosystems: a review with
some general lessons from sustained investigation of San Francisco Bay, California.
Rev. Geophys. 34, 127-168. https://doi.org/10.1029/96RG00986.

Cloern, J.E., 1991. Annual variations in river flow and primary production in the South
San Francisco Bay Estuary (USA). In: Elliott, M., Ducrotoy, J.-P. (Eds.), Estuaries and
Coasts: Spatial and Temporal Intercomparisons. Olsen and Olsen, Denmark,
pp. 91-96.

Cloern, J.E., Jassby, A.D., 2012. Drivers of change in estuarine-coastal ecosystems:
discoveries from four decades of study in San Francisco Bay. Rev. Geophys. 50.
https://doi.org/10.1029/2012RG000397.

Cloern, J.E., Jassby, A.D., 1995. Year-to-Year fluctuation of the spring phytoplankton
bloom in South San Francisco Bay: an example of ecological variability at the land-
sea interface. In: Powell, T.M., Steele, J.H. (Eds.), Ecological Time Series. Springer
US, Boston, MA, pp. 139-149. https://doi.org/10.1007/978-1-4615-1769-6_10.

Cloern, J.E., Jassby, A.D., Schraga, T.S., Nejad, E., Martin, C., 2017. Ecosystem
variability along the estuarine salinity gradient: examples from long-term study of
San Francisco Bay. Limnol. Oceanogr. 62, S272-8291. https://doi.org/10.1002/
1no.10537.

Cloern, J.E., Jassby, A.D., Thompson, J.K., Hieb, K.A., 2007. A cold phase of the East
Pacific triggers new phytoplankton blooms in San Francisco Bay. Proc. Natl. Acad.
Sci. 104, 18561-18565. https://doi.org/10.1073/pnas.0706151104.

Cloern, J.E., Schraga, T.S., Lopez, C.B., Knowles, N., Grover Labiosa, R., Dugdale, R.,
2005. Climate anomalies generate an exceptional dinoflagellate bloom in San
Francisco Bay. Geophys. Res. Lett. 32. https://doi.org/10.1029/2005GL023321.

Cloern, J.E., Schraga, T.S., Nejad, E., Eddy, T., 2023. Phytoplankton as indicators of
global warming? Limnol. Oceanogr. Lett., 1012.10354 https://doi.org/10.1002/
1012.10354.


https://doi.org/10.1016/j.hal.2026.103086
https://doi.org/10.1111/jpy.13481
https://doi.org/10.1016/j.hal.2008.08.017
https://doi.org/10.1016/j.hal.2011.10.012
https://doi.org/10.1016/j.hal.2011.10.012
https://doi.org/10.1016/j.hal.2023.102423
https://doi.org/10.1038/ismej.2012.106
https://doi.org/10.1038/ismej.2012.106
https://doi.org/10.1016/j.jembe.2009.07.023
https://doi.org/10.1016/j.jembe.2009.07.023
https://doi.org/10.1016/j.hal.2023.102529
https://doi.org/10.1016/j.hal.2023.102529
https://doi.org/10.1016/j.scitotenv.2021.149927
https://doi.org/10.1016/j.scitotenv.2021.149927
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1016/j.hal.2008.08.010
https://doi.org/10.3354/meps172001
https://doi.org/10.3354/meps172001
https://doi.org/10.1016/j.envint.2006.05.002
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0013
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0013
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0013
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0013
https://doi.org/10.1093/plankt/fbae052
https://doi.org/10.1007/s12237-021-00904-7
https://doi.org/10.1007/s12237-021-00904-7
https://doi.org/10.1016/j.baae.2020.11.007
https://doi.org/10.1016/j.baae.2020.11.007
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0017
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0017
https://doi.org/10.3354/meps285011
https://doi.org/10.3354/meps285011
https://doi.org/10.1023/A:1009952125558
https://doi.org/10.1029/96RG00986
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0021
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0021
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0021
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0021
https://doi.org/10.1029/2012RG000397
https://doi.org/10.1007/978-1-4615-1769-6_10
https://doi.org/10.1002/lno.10537
https://doi.org/10.1002/lno.10537
https://doi.org/10.1073/pnas.0706151104
https://doi.org/10.1029/2005GL023321
https://doi.org/10.1002/lol2.10354
https://doi.org/10.1002/lol2.10354

D. Killam et al.

Cloern, J.E., Schraga, T.S., Nejad, E., Martin, C., 2020. Nutrient status of San Francisco
Bay and its management implications. Estuaries Coasts 43, 1299-1317. https://doi.
org/10.1007/s12237-020-00737-w.

Coyne, K.J., Wang, Y., Wood, S.A., Countway, P.D., Greenlee, S.M., 2022. Chapter 10 -
Current applications and technological advances in quantitative real-time PCR
(qPCR): a versatile tool for the study of phytoplankton ecology. In: Clementson, L.A.,
Eriksen, R.S., Willis, A. (Eds.), Advances in Phytoplankton Ecology. Elsevier,
pp. 303-351. https://doi.org/10.1016/B978-0-12-822861-6.00019-4.

Culverhouse, P.F., Williams, R., Reguera, B., Herry, V., Gonzalez-Gil, S., 2003. Do experts
make mistakes? A comparison of human and machine indentification of
dinoflagellates. Mar. Ecol. Prog. Ser. 247, 17-25. https://doi.org/10.3354/
meps247017.

Davidson, K., Gowen, R.J., Harrison, P.J., Fleming, L.E., Hoagland, P., Moschonas, G.,
2014. Anthropogenic nutrients and harmful algae in coastal waters. J. Environ.
Manage. 146, 206-216. https://doi.org/10.1016/j.jenvman.2014.07.002.

Dixon, L.K., Kirkpatrick, G.J., Hall, E.R., Nissanka, A., 2014. Nitrogen, phosphorus and
silica on the West Florida Shelf: patterns and relationships with Karenia spp.
Occurrence. Harmful Algae 38, 8-19. https://doi.org/10.1016/j.hal.2014.07.001.

Egel, C., 2018. CDPH warns consumers not to eat sport-harvested bivalve shellfish from
Alameda and Contra Costa counties [WWW Document]. Calif. Dep. Public Health
Off. Public Aff. URL https://www.cdph.ca.gov/Programs/OPA accessed 9.4.24.

Esenkulova, S., Sutherland, B.J.G., Tabata, A., Haigh, N., Pearce, C.M., Miller, K.M.,
2020. Comparing metabarcoding and morphological approaches to identify
phytoplankton taxa associated with harmful algal blooms. FACETS 5, 784-811.
https://doi.org/10.1139/facets-2020-0025.

Fasiolo, M., Wood, S.N., Zaffran, M., Nedellec, R., Goude, Y., 2021. qgam: Bayesian
nonparametric quantile regression modeling in R. J. Stat. Softw. 100, 1-31. https://
doi.org/10.18637/jss.v100.i09.

Frick, H., Chow, F., Kuhn, M., Mahoney, M., Silge, J., Wickham, H., Software, P., PBC,
2023. rsample: General resampling infrastructure.

Frolov, S., Kudela, R.M., Bellingham, J.G., 2013. Monitoring of harmful algal blooms in
the era of diminishing resources: a case study of the U.S. West Coast. Harmful Algae
21-22, 1-12. https://doi.org/10.1016/j.hal.2012.11.001.

Galluzzi, L., Penna, A., Bertozzini, E., Giacobbe, M.G., Vila, M., Garcés, E., Prioli, S.,
Magnani, M., 2005. Development of a qualitative PCR method for the Alexandrium
spp. (Dinophyceae) Detection in contaminated mussels (Mytilus galloprovincialis).
Harmful Algae 4, 973-983. https://doi.org/10.1016/j.hal.2005.01.004.

Garcia, A.C., Bargu, S., Dash, P., Rabalais, N.N., Sutor, M., Morrison, W., Walker, N.D.,
2010. Evaluating the potential risk of microcystins to blue crab (Callinectes sapidus)
fisheries and human health in a eutrophic estuary. Harmful Algae 9, 134-143.
https://doi.org/10.1016/j.hal.2009.08.011.

Ge, J., Xia, Y., Tu, Y., 2010. A discretization algorithm for uncertain data. In: Bringas, P.
G., Hameurlain, A., Quirchmayr, G. (Eds.), Database and Expert Systems
Applications. Springer, Berlin, Heidelberg, pp. 485-499. https://doi.org/10.1007/
978-3-642-15251-1_38.

Gentien, P., Arzul, G., 1990. Exotoxin production by Gyrodinium Cf. aureolum
(Dinophyceae). J. Mar. Biol. Assoc. U. K. 70, 571-581. https://doi.org/10.1017/
S0025315400036596.

Glibert, P.M., 2020. Harmful algae at the complex nexus of eutrophication and climate
change. Harmful Algae 91, 101583. https://doi.org/10.1016/j.hal.2019.03.001. ,
Climate change and harmful algal blooms.

Glibert, P.M., Fullerton, D., Burkholder, J.M., Cornwell, J.C., Kana, T.M., 2011.
Ecological stoichiometry, biogeochemical cycling, invasive species, and aquatic food
webs: San Francisco Estuary and comparative systems. Rev. Fish. Sci. 19, 358-417.
https://doi.org/10.1080/10641262.2011.611916.

Gold, Z., Shelton, A.O., Casendino, H.R., Duprey, J., Gallego, R., Cise, A.V., Fisher, M.,
Jensen, A.J., D’Agnese, E., Allan, E.A., Ramén-Laca, A., Garber-Yonts, M.,

Labare, M., Parsons, K.M., Kelly, R.P., 2023. Signal and noise in metabarcoding data.
PLoS One 18, €0285674. https://doi.org/10.1371/journal.pone.0285674.

Grattan, L.M., Holobaugh, S., Morris, J.G., 2016. Harmful algal blooms and public
health. Harmful Algae 57, 2-8. https://doi.org/10.1016/j.hal.2016.05.003. ,
Harmful Algal Blooms and Public Health.

Gibson, G., Carlson, R., Simpson, J., Smeltzer, E., Gerritson, J., Chapra, S., Heiskary, S.,
Jones, J., Kennedy, R., 2000. Nutrient Criteria Technical Guidance Manual Lake and
Reservoirs (No. EPA-822-B00-001). US EPA Office of Water, Washington, D.C.

Hammond, S.W., Lodolo, L., Hu, S.K., Pasulka, A.L., 2022. Methodological ‘lenses’
influence the characterization of phytoplankton dynamics in a coastal upwelling
ecosystem. Environ. Microbiol. Rep. 14, 897-906. https://doi.org/10.1111/1758-
2229.13116.

Harding, L.W., Gallegos, C.L., Perry, E.S., Miller, W.D., Adolf, J.E., Mallonee, M.E.,
Paerl, H.W., 2016. Long-term trends of nutrients and phytoplankton in Chesapeake
Bay. Estuaries Coasts 39, 664-681. https://doi.org/10.1007/s12237-015-0023-7.

Heisler, J., Glibert, P.M., Burkholder, J.M., Anderson, D.M., Cochlan, W., Dennison, W.
C., Dortch, Q., Gobler, C.J., Heil, C.A., Humphries, E., Lewitus, A., Magnien, R.,
Marshall, H.G., Sellner, K., Stockwell, D.A., Stoecker, D.K., Suddleson, M., 2008.
Eutrophication and harmful algal blooms: a scientific consensus. Harmful Algae 8,
3-13. https://doi.org/10.1016/j.hal.2008.08.006.

Hollister, J.W., Walker, H.A., Paul, J.F., 2008. CProb: a computational tool for
conducting conditional probability analysis. J. Environ. Qual. 37, 2392-2396.
https://doi.org/10.2134/jeq2007.0536.

Hoppenrath, M., 2017. Dinoflagellate taxonomy — A review and proposal of a revised
classification. Mar. Biodivers. 47, 381-403. https://doi.org/10.1007/5s12526-016-
0471-8.

Hubbard, K.A., Rocap, G., Armbrust, E.V., 2008. Inter- and intraspecific community
structure within the diatom genus Pseudo-nitzschia (bacillariophyceae). J. Phycol. 44,
637-649. https://doi.org/10.1111/j.1529-8817.2008.00518.x.

15

Harmful Algae 154 (2026) 103086

Hugerth, L.W., Muller, E.E.L., Hu, Y.0.0., Lebrun, L.A.M., Roume, H., Lundin, D.,
Wilmes, P., Andersson, A.F., 2014. Systematic design of 18S rRNA gene primers for
determining eukaryotic diversity in microbial consortia. PLoS One 9, €95567.
https://doi.org/10.1371/journal.pone.0095567.

Intergovernmental Oceanographic Commission of UNESCO, 2021. Harmful algal
information system [WWW Document]. Harmful algae event database HAEDAT.
URL https://haedat.iode.org/(accessed 7.31.24).

Jassby, A.D., Cloern, J.E., Cole, B.E., 2002. Annual primary production: patterns and
mechanisms of change in a nutrient-rich tidal ecosystem. Limnol. Oceanogr. 47,
698-712. https://doi.org/10.4319/10.2002.47.3.0698.

Jassby, A.D., Cole, B.E., Cloern, J.E., 1997. The design of sampling transects for
characterizing water quality in estuaries. Estuar Coast Shelf Sci 45, 285-302.
https://doi.org/10.1006/ecss.1996.0199.

Jeong, H.J., 2011. Mixotrophy in red tide algae raphidophytes: MIXOTROPHY IN
RAPHIDOPHYTES. J. Eukaryot. Microbiol. 58, 215-222. https://doi.org/10.1111/
j-1550-7408.2011.00550.x.

Jordan, R.W., Chamberlain, A.H.L., 1997. Biodiversity among haptophyte algae.
Biodivers. Conserv. 6, 131-152. https://doi.org/10.1023/A:1018383817777.

Killam, D., Senn, D., Chelsky, A., Otten, T., Kudela, R., 2025. San Francisco Estuary
Institute phytoplankton eDNA and toxin monitoring, San Francisco Bay, CA,
2014-2023. 10.6073/PASTA/E6EA4030847550C2ADDF08AC04543C69.

Killam, D., 2026. Harmful algae assessment. 10.5281/zenodo.18319424.

Killick, R., Beaulieu, C., Taylor, S., Hullait, H., 2025. EnvCpt: detection of structural
changes in climate and environment time series.

Kim, Y.J., Kim, H.-J., Lee, T.-K., Kang, D., Kim, H., Cho, S., Kim, J.H., Jung, S.W., 2024.
Determining ecological interactions of key dinoflagellate species using an intensive
metabarcoding approach in a semi-closed coastal ecosystem of South Korea. Harmful
Algae 138, 102698. https://doi.org/10.1016/j.hal.2024.102698.

Kudela, R., Senn, D., Richardson, E., Bouma-Gregson, K., Bergamaschi, B., Sim, L., 2024.
Evaluation and refinement of chlorophyll-a algorithms for high-biomass blooms in
San Francisco Bay (USA). Remote Sens. 16, 1103. https://doi.org/10.3390/
rs16061103.

Kudela, R.M., Howard, M.D.A., Monismith, S., Paerl, H.W., 2023. Status, trends, and
drivers of harmful algal blooms along the freshwater-to-marine gradient in the San
Francisco Bay-Delta system. San Franc. Estuary Watershed Sci. 20. https://doi.org/
10.15447 /sfews.2023v20iss4art6.

Kudela, R.M., Lane, J.Q., Cochlan, W.P., 2008. The potential role of anthropogenically
derived nitrogen in the growth of harmful algae in California, USA. Harmful Algae
HABs Eutrophication 8, 103-110. https://doi.org/10.1016/j.hal.2008.08.019.

Lavaud, R., Durier, G., Nadalini, J.-B., Filgueira, R., Comeau, L.A., Babarro, J.M.F.,
Michaud, S., Scarratt, M., Tremblay, R., 2021. Effects of the toxic dinoflagellate
Alexandrium catenella on the behaviour and physiology of the blue mussel Mytilus
edulis. Harmful Algae 108, 102097. https://doi.org/10.1016/j.hal.2021.102097.

Li, M., Cheng, J., Wang, H., Shi, J., Xun, X., Wang, Y., Lu, W., Hy, J., Bao, Z., Hu, X.,
2024. Tissue-specific antioxidative response and metabolism of paralytic shellfish
toxins in scallop (Chlamys farreri) mantle with Alexandrium dinoflagellate exposure.
Mar. Pollut. Bull. 198, 115854. https://doi.org/10.1016/j.marpolbul.2023.115854.

Li, Y., Smayda, T.J., 2000. Heterosigma akashiwo (Raphidophyceae): on prediction of the
week of bloom initiation and maximum during the initial pulse of its bimodal bloom
cycle in Narragansett Bay. Plankton Biol. Ecol. 47, 80-84.

Liu, H., Hussain, F., Tan, C.L., Dash, M., 2002. Discretization: an enabling technique.
Data Min. Knowl. Discov. 6, 393-423. https://doi.org/10.1023/A:1016304305535.

Logares, R., Audic, S., Bass, D., Bittner, L., Boutte, C., Christen, R., Claverie, J.-M.,
Decelle, J., Dolan, J.R., Dunthorn, M., 2014. Patterns of rare and abundant marine
microbial eukaryotes. Curr. Biol. 24, 813-821.

Lucena-Moya, P., Brawata, R., Kath, J., Harrison, E., ElSawah, S., Dyer, F., 2015.
Discretization of continuous predictor variables in bayesian networks: an ecological
threshold approach. Environ. Model. Softw. 66, 36-45. https://doi.org/10.1016/j.
envsoft.2014.12.019.

Lundholm, N., Churro, C., Escalera, L., Fraga, S., Hoppenrath, M., Iwataki, M., Larsen, J.,
Mertens, K., Moestrup, @., Murray, S., Tillmann, U., Zingone, A., 2009. IOC-UNESCO
taxonomic reference List of harmful micro algae. 10.14284/362.

Marinchel, N., Marchesini, A., Nardi, D., Girardi, M., Casabianca, S., Vernesi, C.,
Penna, A., 2023. Mock community experiments can inform on the reliability of
eDNA metabarcoding data: a case study on marine phytoplankton. Sci. Rep. 13,
20164. https://doi.org/10.1038/5s41598-023-47462-5.

Marine Biotoxin Monitoring Report (No. 18-12), 2018. CA Dept. of Public Health.

Martin, M., 2011. Cutadapt removes adapter sequences from high-throughput
sequencing reads. EMBnet J. 17, 10-12. https://doi.org/10.14806/¢j.17.1.200.

Metfies, K., Hessel, J., Klenk, R., Petersen, W., Wiltshire, K.H., Kraberg, A., 2020.
Uncovering the intricacies of microbial community dynamics at Helgoland Roads at
the end of a spring bloom using automated sampling and 18S meta-barcoding. PLOS
One 15, e0233921. https://doi.org/10.1371/journal.pone.0233921.

Moore, S.K., Trainer, V.L., Mantua, N.J., Parker, M.S., Laws, E.A., Backer, L.C.,
Fleming, L.E., 2008. Impacts of climate variability and future climate change on
harmful algal blooms and human health. Environ. Health 7, 1-12. https://doi.org/
10.1186/1476-069X-7-S2-S4.

Murray, S., John, U., Savela, H., Kremp, A., 2021. 4 Alexandrium spp.: genetic and
ecological factors influencing saxitoxin production and proliferation. In: Botana, L.
M., Louzao, M.C., Vilarino, N. (Eds.), Climate Change and Marine and Freshwater
Toxins. De Gruyter, Berlin, Boston, pp. 133-166. 10.1515/9783110625738-004.

Murtaugh, P.A., 1996. The statistical evaluation of ecological indicators. Ecol. Appl. 6,
132-139. https://doi.org/10.2307/2269559.

Nardelli, S.C., Bouma-Gregson, K., Senn, D.B., Killam, D., Chelsky, A., Nejad, E.,
Richardson, E.T., Otten, T.G., Kraus, T.E.C., Bergamaschi, B.A., 2026. Assessing
environmental drivers and protist community dynamics that shaped the historic


https://doi.org/10.1007/s12237-020-00737-w
https://doi.org/10.1007/s12237-020-00737-w
https://doi.org/10.1016/B978-0-12-822861-6.00019-4
https://doi.org/10.3354/meps247017
https://doi.org/10.3354/meps247017
https://doi.org/10.1016/j.jenvman.2014.07.002
https://doi.org/10.1016/j.hal.2014.07.001
https://www.cdph.ca.gov/Programs/OPA
https://doi.org/10.1139/facets-2020-0025
https://doi.org/10.18637/jss.v100.i09
https://doi.org/10.18637/jss.v100.i09
https://doi.org/10.1016/j.hal.2012.11.001
https://doi.org/10.1016/j.hal.2005.01.004
https://doi.org/10.1016/j.hal.2009.08.011
https://doi.org/10.1007/978-3-642-15251-1_38
https://doi.org/10.1007/978-3-642-15251-1_38
https://doi.org/10.1017/S0025315400036596
https://doi.org/10.1017/S0025315400036596
https://doi.org/10.1016/j.hal.2019.03.001
https://doi.org/10.1080/10641262.2011.611916
https://doi.org/10.1371/journal.pone.0285674
https://doi.org/10.1016/j.hal.2016.05.003
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0046
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0046
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0046
https://doi.org/10.1111/1758-2229.13116
https://doi.org/10.1111/1758-2229.13116
https://doi.org/10.1007/s12237-015-0023-7
https://doi.org/10.1016/j.hal.2008.08.006
https://doi.org/10.2134/jeq2007.0536
https://doi.org/10.1007/s12526-016-0471-8
https://doi.org/10.1007/s12526-016-0471-8
https://doi.org/10.1111/j.1529-8817.2008.00518.x
https://doi.org/10.1371/journal.pone.0095567
https://haedat.iode.org/
https://doi.org/10.4319/lo.2002.47.3.0698
https://doi.org/10.1006/ecss.1996.0199
https://doi.org/10.1111/j.1550-7408.2011.00550.x
https://doi.org/10.1111/j.1550-7408.2011.00550.x
https://doi.org/10.1023/A:1018383817777
https://doi.org/10.6073/PASTA/E6EA4030847550C2ADDF08AC04543C69
https://doi.org/10.5281/zenodo.18319424
https://doi.org/10.1016/j.hal.2024.102698
https://doi.org/10.3390/rs16061103
https://doi.org/10.3390/rs16061103
https://doi.org/10.15447/sfews.2023v20iss4art6
https://doi.org/10.15447/sfews.2023v20iss4art6
https://doi.org/10.1016/j.hal.2008.08.019
https://doi.org/10.1016/j.hal.2021.102097
https://doi.org/10.1016/j.marpolbul.2023.115854
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0067
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0067
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0067
https://doi.org/10.1023/A:1016304305535
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0069
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0069
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0069
https://doi.org/10.1016/j.envsoft.2014.12.019
https://doi.org/10.1016/j.envsoft.2014.12.019
https://doi.org/10.14284/362
https://doi.org/10.1038/s41598-023-47462-5
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.1371/journal.pone.0233921
https://doi.org/10.1186/1476-069X-7-S2-S4
https://doi.org/10.1186/1476-069X-7-S2-S4
https://doi.org/10.1515/9783110625738-004
https://doi.org/10.2307/2269559

D. Killam et al.

August 2022 Heterosigma akashiwo Bloom in San Francisco Bay, California. Estuaries
Coasts 49, 39. https://doi.org/10.1007/s12237-025-01629-7.

Needham, D.M., Fuhrman, J.A., 2016. Pronounced daily succession of phytoplankton,
archaea and bacteria following a spring bloom. Nat. Microbiol. 1, 1-7. https://doi.
org/10.1038/nmicrobiol.2016.5.

Nejad, E.S., Schraga, T.S., Cloern, J.E., 2018. Phytoplankton species composition,
abundance and cell size in San Francisco Bay: microscopic analyses of USGS samples,
beginning in 2014. 10.5066/F7C24VB2.

Novick, E., Senn, D., 2014. External Nutrient Loads to San Francisco Bay (Regional
Monitoring Program Report No. 704). San Francisco Estuary Institute.

Nygaard, K., Tobiesen, A., 1993. Bacterivory in algae: a survival strategy during nutrient
limitation. Limnol. Oceanogr. 38, 273-279. https://doi.org/10.4319/
10.1993.38.2.0273.

Otten, T., Art, K., Senn, D., 2021. Hamful Algae Monitoring in the San Francisco Bay
Delta: Comparative Study of Molecular Techniques and Microscopy (SFEI
Contribution No. 1022), San Francisco Bay Nutrient Management Strategy. San
Francisco Estuary Institute, Richmond, CA.

Paul, J.F., McDonald, M.E., 2005. Development of empirical, geographically specific
water quality criteria: a conditional probability analysis Approachl. JAWRA J. Am.
Water Resour. Assoc. 41, 1211-1223. https://doi.org/10.1111/j.1752-1688.2005.
tb03795.x.

Peacock, M.B., Gibble, C.M., Senn, D.B., Cloern, J.E., Kudela, R.M., 2018. Blurred lines:
multiple freshwater and marine algal toxins at the land-sea interface of San Francisco
Bay, California. Harmful Algae 73, 138-147. https://doi.org/10.1016/j.
hal.2018.02.005.

Peterson, D.H., Smith, R.E., Hager, S.W., Harmon, D.D., Herndon, R.E., Schemel, L.E.,
1985. Interannual variability in dissolved inorganic nutrients in Northern San
Francisco Bay Estuary. In: Cloern, J.E., Nichols, F.H. (Eds.), Temporal Dynamics of
an Estuary: San Francisco Bay. Springer Netherlands, Dordrecht, pp. 37-58. https://
doi.org/10.1007/978-94-009-5528-8_3.

R Core Team, 2025. R: a language and environment for statistical computing.

Raimonet, M., Cloern, J.E., 2017. Estuary—ocean connectivity: fast physics, slow biology.
Glob. Change Biol. 23, 2345-2357. https://doi.org/10.1111/gcb.13546.

Ralston, D.K., Moore, S.K., 2020. Modeling harmful algal blooms in a changing climate.
Harmful Algae 91, 101729. https://doi.org/10.1016/j.hal.2019.101729. Climate
change and harmful algal blooms.

Reguera, B., Riobd, P., Rodriguez, F., Diaz, P.A., Pizarro, G., Paz, B., Franco, J.M.,
Blanco, J., 2014. Dinophysis toxins: causative organisms, distribution and fate in
shellfish. Mar. Drugs 12, 394-461. https://doi.org/10.3390/md12010394.

Riccardi, M., Guerrini, F., Roncarati, F., Milandri, A., Cangini, M., Pigozzi, S.,

Riccardi, E., Ceredi, A., Ciminiello, P., Dell’Aversano, C., Fattorusso, E., Forino, M.,
Tartaglione, L., Pistocchi, R., 2009. Gonyaulax spinifera from the Adriatic sea: toxin
production and phylogenetic analysis. Harmful Algae 8, 279-290. https://doi.org/
10.1016/j.hal.2008.06.008.

Ruvindy, R., Barua, A., Bolch, C.J.S., Sarowar, C., Savela, H., Murray, S.A., 2023.
Genomic copy number variability at the genus, species and population levels impacts
in situ ecological analyses of dinoflagellates and harmful algal blooms. ISME
Commun. 3, 70. https://doi.org/10.1038/543705-023-00274-0.

Sandoval-Belmar, M., Smith, J., Moreno, A.R., Anderson, C., Kudela, R.M., Sutula, M.,
Kessouri, F., Caron, D.A., Chavez, F.P., Bianchi, D., 2023. A cross-regional
examination of patterns and environmental drivers of pseudo-nitzschia harmful algal
blooms along the California coast. Harmful Algae 126, 102435. https://doi.org/
10.1016/j.hal.2023.102435.

Santoferrara, L.F., 2019. Current practice in plankton metabarcoding: optimization and
error management. J. Plankton Res. 41, 571-582. https://doi.org/10.1093/plankt/
fbz041.

Sayers, E.W., Beck, J., Bolton, E.E., Brister, J.R., Chan, J., Connor, R., Feldgarden, M.,
Fine, A.M., Funk, K., Hoffman, J., Kannan, S., Kelly, C., Klimke, W., Kim, S.,
Lathrop, S., Marchler-Bauer, A., Murphy, T.D., O’Sullivan, C., Schmieder, E.,
Skripchenko, Y., Stine, A., Thibaud-Nissen, F., Wang, J., Ye, J., Zellers, E.,
Schneider, V.A., Pruitt, K.D., 2025. Database resources of the National Center for
Biotechnology Information in 2025. Nucl. Acids Res. 53, D20-D29. https://doi.org/
10.1093/nar/gkae979.

Sellner, K.G., Doucette, G.J., Kirkpatrick, G.J., 2003. Harmful algal blooms: causes,
impacts and detection. J. Ind. Microbiol. Biotechnol. 30, 383-406. https://doi.org/
10.1007/5s10295-003-0074-9.

Shentuy, Y., Xie, M., 2010. A note on dichotomization of continuous response variable in
the presence of contamination and model misspecification. Stat. Med. 29,
2200-2214. https://doi.org/10.1002/5im.3966.

Shikata, T., Matsunaga, S., Nishide, H., Sakamoto, S., Onistuka, G., Yamaguchi, M., 2015.
Diurnal vertical migration rhythms and their photoresponse in four phytoflagellates

16

Harmful Algae 154 (2026) 103086

causing harmful algal blooms. Limnol. Oceanogr. 60, 1251-1264. https://doi.org/
10.1002/1n0.10095.

Simpson, G.L., Singmann, H., 2024. gratia: graceful "ggplot’-based graphics and other
functions for GAMs fitted using “mgcv.”.

Smayda, T.J., 2010. Adaptations and selection of harmful and other dinoflagellate
species in upwelling systems. 2. Motility and migratory behaviour. Prog. Oceanogr.
85, 71-91. https://doi.org/10.1016/j.pocean.2010.02.005.

Smayda, T.J., Trainer, V.L., 2010. Dinoflagellate blooms in upwelling systems: seeding,
variability, and contrasts with diatom bloom behaviour. Prog. Oceanogr. 85,
92-107. https://doi.org/10.1016/j.pocean.2010.02.006.

Sterling, A.R., Kirk, R.D., Bertin, M.J., Rynearson, T.A., Borkman, D.G., Caponi, M.C.,
Carney, J., Hubbard, K.A., King, M.A., Maranda, L., McDermith, E.J., Santos, N.R.,
Strock, J.P., Tully, E.M., Vaverka, S.B., Wilson, P.D., Jenkins, B.D., 2022. Emerging
harmful algal blooms caused by distinct seasonal assemblages of a toxic diatom.
Limnol. Oceanogr. 67, 2341-2359. https://doi.org/10.1002/In0.12189.

Stern, R.F., Horak, A., Andrew, R.L., Coffroth, M.-A., Andersen, R.A., Kiipper, F.C.,
Jameson, 1., Hoppenrath, M., Véron, B., Kasai, F., Brand, J., James, E.R., Keeling, P.
J., 2010. Environmental barcoding reveals massive dinoflagellate diversity in marine
environments. PLOS One 5, €13991. https://doi.org/10.1371/journal.
pone.0013991.

Stevenson, J., 2014. Ecological assessments with algae: a review and synthesis. J. Phycol.
50, 437-461. https://doi.org/10.1111/jpy.12189.

Strohmeier, T., Aure, J., Duinker, A., Castberg, T., Svardal, A., Strand, @., 2005. Flow
reduction, seston depletion, meat content and distribution of diarrhetic shellfish
toxins in a long-line blue mussel (Mytilus edulis) farm. J. Shellfish Res. 24, 15-23.

Sutula, M., Kudela, R., Hagy, J.D., Harding, L.W., Senn, D., Cloern, J.E., Bricker, S.,
Berg, G.M., Beck, M., 2017. Novel analyses of long-term data provide a scientific
basis for chlorophyll-a thresholds in San Francisco Bay. Estuar. Coast. Shelf Sci. 197,
107-118. https://doi.org/10.1016/j.ecss.2017.07.009.

Sutula, M., Senn, D., 2015. Scientific basis to assess the effects of nutrients on San
Francisco Bay beneficial uses (Report to SF Bay regional water quality control board
No. 864). San Francisco Estuary Institute, Richmond, CA.

Tango, P.J., Batiuk, R.A., 2013. Deriving Chesapeake Bay water quality standards.
JAWRA J. Am. Water Resour. Assoc. 49, 1007-1024. https://doi.org/10.1111/
jawr.12108.

Thibodeau, P.S., Puggioni, G., Strock, J., Borkman, D.G., Rynearson, T.A., 2024. Long-
term declines in chlorophyll a and variable phenology revealed by a 60-year
estuarine plankton time series. Proc. Natl. Acad. Sci. 121, €2311086121. https://doi.
org/10.1073/pnas.2311086121.

Tiselius, P., Kuylenstierna, M., 1996. Growth and decline of a diatom spring bloom
phytoplankton species composition, formation of marine snow and the role of
heterotrophic dinoflagellates. J. Plankton Res. 18, 133-155. https://doi.org/
10.1093/plankt/18.2.133.

Trainer, V.L., Hardy, F.J., Trainer, V.L., Hardy, F.J., 2015. Integrative monitoring of
marine and freshwater harmful algae in Washington State for public health
protection. Toxins (Basel) 7, 1206-1234. https://doi.org/10.3390/toxins7041206.

Turk Dermastia, T., Vascotto, 1., Francé, J., Stankovi¢, D., Mozeti¢, P., 2023. Evaluation
of the rbcL marker for metabarcoding of marine diatoms and inference of population
structure of selected genera. Front. Microbiol. 14. https://doi.org/10.3389/
fmicb.2023.1071379.

US EPA, 2017. Ambient Water Quality Criteria for Dissolved Oxygen, Water Clarity and
Chlorophyll a for the Chesapeake Bay and Its Tidal Tributaries (No. EPA 903-R-17-
002). Region III Water Protection Division. US Environmental Protection Agency,
Chesapeake Bay Program Office, Annapolis, Maryland.

Wood, S., 2023. mgcv: Mixed GAM computation vehicle with automatic smoothness
estimation.

Wu, X., Liu, Y., Weng, Y., Li, L., Lin, S., 2022. Isolation, identification and toxicity of
three strains of Heterocapsa (Dinophyceae) in a harmful event in Fujian, China.
Harmful Algae 120, 102355. https://doi.org/10.1016/j.hal.2022.102355.

Wurtsbaugh, W.A., Paerl, H.W., Dodds, W.K., 2019. Nutrients, eutrophication and
harmful algal blooms along the freshwater to marine continuum. WIREs Water 6,
€1373. https://doi.org/10.1002/wat2.1373.

Zheng, B., Lucas, A.J., Franks, P.J.S., Schlosser, T.L., Anderson, C.R., Send, U., Davis, K.,
Barton, A.D., Sosik, H.M., 2023. Dinoflagellate vertical migration fuels an intense red
tide. Proc. Natl. Acad. Sci. 120, €2304590120. https://doi.org/10.1073/
pnas.2304590120.

Zingone, A., Harrison, P.J., Kraberg, A., Lehtinen, S., McQuatters-Gollop, A., O’Brien, T.,
Sun, J., Jakobsen, H.H., 2015. Increasing the quality, comparability and accessibility
of phytoplankton species composition time-series data. Estuar. Coast. Shelf Sci. 162,
151-160. https://doi.org/10.1016/j.ecss.2015.05.024. , Special Issue: Global
Patterns of Phytoplankton Dynamics in Coastal Ecosystems.


https://doi.org/10.1007/s12237-025-01629-7
https://doi.org/10.1038/nmicrobiol.2016.5
https://doi.org/10.1038/nmicrobiol.2016.5
https://doi.org/10.5066/F7C24VB2
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0082
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0082
https://doi.org/10.4319/lo.1993.38.2.0273
https://doi.org/10.4319/lo.1993.38.2.0273
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0084
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0084
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0084
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0084
https://doi.org/10.1111/j.1752-1688.2005.tb03795.x
https://doi.org/10.1111/j.1752-1688.2005.tb03795.x
https://doi.org/10.1016/j.hal.2018.02.005
https://doi.org/10.1016/j.hal.2018.02.005
https://doi.org/10.1007/978-94-009-5528-8_3
https://doi.org/10.1007/978-94-009-5528-8_3
https://doi.org/10.1111/gcb.13546
https://doi.org/10.1016/j.hal.2019.101729
https://doi.org/10.3390/md12010394
https://doi.org/10.1016/j.hal.2008.06.008
https://doi.org/10.1016/j.hal.2008.06.008
https://doi.org/10.1038/s43705-023-00274-0
https://doi.org/10.1016/j.hal.2023.102435
https://doi.org/10.1016/j.hal.2023.102435
https://doi.org/10.1093/plankt/fbz041
https://doi.org/10.1093/plankt/fbz041
https://doi.org/10.1093/nar/gkae979
https://doi.org/10.1093/nar/gkae979
https://doi.org/10.1007/s10295-003-0074-9
https://doi.org/10.1007/s10295-003-0074-9
https://doi.org/10.1002/sim.3966
https://doi.org/10.1002/lno.10095
https://doi.org/10.1002/lno.10095
https://doi.org/10.1016/j.pocean.2010.02.005
https://doi.org/10.1016/j.pocean.2010.02.006
https://doi.org/10.1002/lno.12189
https://doi.org/10.1371/journal.pone.0013991
https://doi.org/10.1371/journal.pone.0013991
https://doi.org/10.1111/jpy.12189
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0106
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0106
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0106
https://doi.org/10.1016/j.ecss.2017.07.009
https://doi.org/10.1111/jawr.12108
https://doi.org/10.1111/jawr.12108
https://doi.org/10.1073/pnas.2311086121
https://doi.org/10.1073/pnas.2311086121
https://doi.org/10.1093/plankt/18.2.133
https://doi.org/10.1093/plankt/18.2.133
https://doi.org/10.3390/toxins7041206
https://doi.org/10.3389/fmicb.2023.1071379
https://doi.org/10.3389/fmicb.2023.1071379
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0114
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0114
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0114
http://refhub.elsevier.com/S1568-9883(26)00038-7/sbref0114
https://doi.org/10.1016/j.hal.2022.102355
https://doi.org/10.1002/wat2.1373
https://doi.org/10.1073/pnas.2304590120
https://doi.org/10.1073/pnas.2304590120
https://doi.org/10.1016/j.ecss.2015.05.024

	Revisiting chlorophyll a thresholds for San Francisco Bay: insights from observations of phytoplankton molecular abundance
	1 Introduction
	1.1 The need for threshold identification in harmful algae monitoring
	1.2 Metabarcoding as a useful but noisy monitoring tool: accounting for error
	1.3 Study area

	2 Methods
	2.1 Compilation of data: ship-based sampling: chl-a, metabarcoding and qPCR sequencing
	2.2 Mussel toxin sampling
	2.3 Analytical approach
	2.3.1 Overview
	2.3.2 Statistical analysis
	2.3.3 HAB absolute and relative abundance thresholds
	2.3.4 Chl-a relative abundance thresholds


	3 Results
	3.1 Temporal occurrences of saxitoxin and Alexandrium
	3.2 Exceedance of toxin thresholds in mussels as a function of absolute and relative abundance
	3.3 Seasonal probability of HAB taxa exceeding thresholds as a function of chl-a

	4 Discussion
	4.1 No evidence for “proportionate increase” response with increasing chl-a
	4.2 Selected SFB HAB taxa show a disproportionate response to increasing chl-a, but only during some seasons
	4.3 Evidence for a chl-a threshold associated with fall occurrence of flagellated mixotrophs
	4.4 Thresholds of relative metabarcoding and qPCR molecular HAB abundances in relation to mussel toxin concentration
	4.5 Setting thresholds of baseline relative abundance: the value of probabilistic approaches for interpreting molecular data
	4.6 Implications for future analysis and risk assessment in SFB and other systems

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Supplementary materials
	Data availability
	References


