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Abstract

Low-inflow estuaries are highly variable and productive habitats. Organisms in these systems must cope with constantly
changing conditions. This study investigates the continuous response of oysters to environmental stimuli in a small, low-
inflow, estuary, Los Pefiasquitos Lagoon (LPL), in San Diego, California, USA. The oysters were placed on a mooring at
near-surface and near-bottom locations and instrumented with noninvasive sensors to measure their shell opening (oyster
valve gape), concurrently with physical and chemical measurements (water depth, salinity, temperature, dissolved oxygen,
pH, solar radiation, wind velocity, and wave radiation stresses) over 136 days. The time series of each oyster with each
variable over tidally averaged and shorter time scales were analyzed using traditional statistical methods. The strongest
gape relationships were with salinity and dissolved oxygen (Spearman correlation coefficient 0.6), among the oysters near
the water surface. Diurnal phase averaging showed how the surface oysters open and close in phase with insolation, while
the near-bottom oysters have a lagged response. Tidal phase averaging further illustrates the distinct gape behavior, with
surface oysters closing consistently during low tides, and bottom oysters generally remaining open. A subset of variables
that had high Spearman correlations (near surface oxygen and salinity, near-bottom pH, solar irradiance, and near-bottom
turbidity) and their 18-hour time lags were used to test a set of multivariate models for predicting surface oyster valve
gape. The best performing model (2 = 0.75) was consistent with the correlation analysis, showing salinity and dis-
solved oxygen to be the most important predictors. Key insights from this study are that oysters in LPL have predictable
responses to environmental conditions (particularly salinity and dissolved oxygen) with differing responses to conditions
near-surface and near-bottom on tidal and tidally-averaged, and faster than tidal timescales.

Keywords Low-inflow estuaries - Intermittently closed estuaries - Crassostrea gigas - Oyster valve behavior -
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Introduction

Estuaries have consistently been cited as one of the most

Communicated by Eric N. Powell ;
economically valuable ecosystems (Costanza et al., 1997,

B< Niv Anidjar 2014; de Groot et al., 2012). In the United States, eight of
nanidjar@ucsd.edu the ten largest metropolitan areas are in regions border-
I Seripps Institution of Oceanography, UC San Diego, La ing estuaries, comprising 40/? of the natl'o'n s population
Jolla, CA, USA (Rouleau et al., 2021). Estuaries are sensitive to changes
2 Coastal and Marine Institute, San Diego State University, in climate which alter forcing fjrom the atmosl?here, ocean
San Diego, CA, USA and upstream end members, while at the same time are sub-
3 Tijuana River National Estuarine Research Reserve, San Je(_:t_ed to Slgmﬁcam direct human modlﬁcajuons: In Or(,ier .to
Diego, CA, USA mitigate the negative effects of human modifications, signif-

icant management and restoration projects have been imple-
mented in impacted estuaries (Fuentes et al., 2020; Kennish,
2004; Walker et al., 2025). Monitoring estuarine conditions

4 Tufts University, Medford, MA, USA

Bay-Delta Office, U.S. Bureau of Reclamation, Sacramento,
CA, USA

Published online: 01 August 2026 &)\ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s12237-026-01759-6&domain=pdf&date_stamp=2026-7-31
https://doi.org/10.1007/s12237-026-01759-6
mailto:nanidjar@ucsd.edu
https://orcid.org/0009-0009-1905-7385

175 Page 2 of 20

Estuaries and Coasts (2026) 49:175

in a cost effective and accessible manner is necessary for
making such management decisions and implementing suc-
cessful restoration plans (Roegner et al., 2008).

Low-Inflow estuaries (LIEs) are estuaries with minimal
or intermittent freshwater input that exist worldwide in
Mediterranean climates (Largier, 2023). Many of these LIEs
experience a wide range in environmental and water qual-
ity conditions due to multiple compounding factors includ-
ing the potential for hypersaline conditions and inverse or
weak circulation (Largier, 2023). Many also experience
significant mouth morphological changes including inter-
mittent inlet mouth closure (intermittently closed estuaries,
ICEs) during times of high waves and low freshwater flow
(Behrens et al., 2013; McSweeney et al., 2017; Orescanin &
Scooler, 2018). During times of weak or no circulation, poor
water quality, including build up of pollution and develop-
ment of hypoxia can occur (Cousins et al., 2010; Gale et al.,
2007; Harvey et al., 2023).

Southern California LIEs and ICEs face a multitude
of stressors and are heavily managed to avoid negative
human and ecosystem consequences (for example, hypoxia,
flooding, and mosquito breeding during inlet closures)
(e.g., Elwany 2011). The patchwork of entities operating
at different scales (e.g., local, state, regional, and federal),
combined with divergent management objectives (e.g.,
ecological protection versus infrastructure maintenance),
monitoring systems, and sensor networks, complicates
the management landscape (Pratt, 2014; Sandag, 2025).
Regional environmental managers have expressed a need to
better understand when water quality conditions pose direct
risks to biotic communities. In this context, biosentinels
offer the potential to augment existing monitoring data and
strengthen estuary management decision-making across
these systems (Southern California Wetlands Recovery
Project, 2018; Walker et al., 2025).

Often, environmental management bodies deduce bio-
logical dynamics from physical measurements and sparse
biochemical measurements that involve slow benchtop anal-
yses or single-use tests. Chemical water quality analysis can
be expensive. Bae and Park (2014) note that the average cost
to analyze 126 US EPA pollutants is $1000 per sample, and
monitoring ecosystems at population and community lev-
els can be slow (e.g., counting individuals). Comprehensive
chemical analysis of all potential environmental toxins is not
always possible (Bub et al., 2025). However, living organ-
isms respond to a range of chemical and physical stimuli,
through changes in behavior and physiological processes to
maintain homeostasis. By measuring and describing behav-
ioral and physiological variability, we can diagnose unusual
behavior indicative of a change in the environment, possibly
undetected by conventional sensors, or indicative of multi-
stressors. Oysters are one organism that can act as these
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‘biological early warning systems’ (BEWS) where patterns
in their behavior (e.g., valve gape) reflect their health, pos-
sible stress, and response to their environment. BEWS have
been used around the world (e.g., France, Germany, USA,
China, Japan, and Korea) to monitor water quality through
the behavior of individual organisms. BEWS have involved
observing bacterial growth, algal fluorescence, plankton
movements (e.g., Daphnia), fish movements, and bivalve
behavior (Bae & Park, 2014). Sessile bivalves such as oys-
ters are well suited as the basis for BEWS, due to their sen-
sitivity to and bioaccumulation of contaminants, as well as
their easy manageability in comparison with mobile organ-
isms (Vereycken & Aldridge, 2023). Bivalves have been
used to monitor water quality at least since the early 20th
century with the work of Marceau (1909), and have been
used for monitoring drinking water supplies in some loca-
tions (Borcherding, 2006; de Zwart et al., 1995). Bivalves
are known to respond with their valve gape behavior to a
broad set of environmental chemical changes including
salinity, dissolved oxygen (DO), pH, copper, uranium, and
toxic algae (Fournier et al., 2004; Porter & Breitburg, 2016;
Tran et al., 2004, 2007, 2010).

The goal of this study is to investigate the continuous
response of oyster valve gape to environmental stimuli in a
small, low inflow, intermittently closed estuary subject to a
wide range of conditions, providing baseline data for oyster
valve response in an LIE and ICE. The study site is Los
Pefiasquitos Lagoon (LPL), a LIE and ICE located in San
Diego, California, USA. Using an open source hardware
and software system described in Miller (2022), Crassostrea
[Magallana] gigas oysters in LPL were instrumented with
noninvasive sensors to measure their shell opening (oys-
ter valve gape) over time, concurrently with physical and
biogeochemical measurements. The oyster monitors, as
well as salinity, temperature, depth, and DO sensors were
attached to a mooring in the LPL main channel, at two dif-
ferent depths (see Fig. 1). This vertical resolution allows for
a deeper level of analysis not just of the oysters, but of their
responses to stratification, which is an essential and well-
studied component of estuarine dynamics. The study exam-
ined conditional averaging of oyster valve gape over diurnal,
tidal, and spring/neap cycles, correlation of the time series
of each oyster with each variable at tidally averaged and
shorter time scales, and variable joint distributions. Given
the relationships found between different environmental
variables and nonlinear dynamics observed, we show the
potential use of a multivariate function of environmental
variables to predict oyster activity.

Compared with previous research involving oyster val-
vometry in estuaries, this work is a specialized effort at uni-
fying physical oceanographic methodologies with those of
behavioral ecology. Examination of organismal response
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Fig. 1 Maps and schematics of Los Pefiasquitos Lagoon (LPL) study
site. a Inset map of California, with the study location on panel b indi-
cated with a rectangle. b Closer view showing the watershed, contours
of offshore bathymetry, and locations of the CDIP wave buoy [square],
the Ellen Browning Scripps Memorial Pier (NOAA tide gauge, irradi-
ance data [star]), the upstream USGS flow gauge [diamond], and the
study site shown in ¢ indicated with a rectangle. ¢ Contour map of the

across a very wide range of parameters is made possible
by virtue of the estuary type and by having sensors located
near-surface and near-bottom across a strongly stratified
water column. This work addresses key knowledge gaps by
utilizing long, high temporal resolution data, and extensive
in-situ co-located environmental and water quality vari-
ables. Specifically, we hypothesized and found that:

1. Opysters near the surface have distinct valve gape behav-
ior from oysters near the bottom of the water column,
related to water column stratification.

2. Oyster valve gape varies periodically on diurnal, tidal,
and fortnightly time scales, and so will have relation-
ships with variables that are also periodic on those tim-
escales due to known physical processes.

3. These relationships may be nonlinear, and correlated
with each other, so a qualitative analysis of their joint
distributions is necessary to understand to which vari-
ables the oysters are directly responding.

4. The majority of oyster valve gape variance can be
explained by some time-varying combination of the con-
currently measured variables.

LPL topography and nearshore bathymetry overlain on a Google map
satellite image. The mooring location is indicated with an orange disc,
at approximately 32.93337° N and —117.25716° E.. d A schematic of
the LPL channel cross section and the mooring. Note that the view is
facing upstream, and the pH and turbidity sensors (at the NERR LPL
NW station) are by the northwest stream bank offset across the estuary
by less than 10m

Methods
Field Site

Los Pefiasquitos Lagoon (LPL) is a small LIE and ICE in
northern San Diego, southern California, USA. The LIE
nature and strongly stratified, tidal dynamics of LPL inher-
ently provide a wide range of environmental conditions.
The inlet closes at least once seasonally, during which time
the conditions respond strongly, including extended periods
of hypoxia and overall estuarine freshening (Harvey et al.,
2023). Precipitation, and resulting freshwater runoff, occurs
mainly in late winter and early spring, during occasional
storms. LPL is shallow, with a maximum depth of approxi-
mately 4 meters. The main channel is no wider than 70
meters, and the entire estuary covers about 2 km? Fig. 1(c).
The inlet crosses a beach consisting of sand and cobbles.
Inlet closures occur mainly during late spring due to accre-
tion caused by large waves coincident with minimal river
flow (Elwany, 2011; Harvey et al., 2023). Since 1932, the
inlet has been constricted under a bridge as part of the con-
struction of Highway 101 / North Torrey Pines Road, which
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has led to more frequent closures. LPL is the outlet of a
roughly 255 km? watershed which includes Carmel Creek,
Carroll Creek, and Los Pefiasquitos Creek Fig. 1(b).

Prior to development by western settlers, LPL was a pre-
dominantly open estuary. As a result of increased closures
caused by the highway berm (originally built in 1915 and
modified in 1932) and increased year-round urban runoff, the
salt marsh and salt flats of LPL have largely been replaced
by brackish wetlands (Beller et al., 2014). These changes
have led to increased occurrence and breeding of mosquitos
which are vectors for viruses that cause human encephali-
tis, e.g., the West Nile Virus. Moreover, inlet closures result
in rapid hypoxia at depth and upstream flooding risk. The
2015-2016 El Nifo led to more frequent and severe mouth
closures, indicating that the estuary state is sensitive to cli-
mate conditions (Harvey et al., 2020). To maintain ocean-
estuary water exchange, and prevent ecological collapse,
sediment dredging is performed when the inlet is closed or
is near closing. Dredging is done at least once a year, but
has been done up to 6 times in one year (2016). The cost
of a single dredging is $115,000 to $130,000 (Harvey et
al., 2023; Mike Hastings, personal communication). Each
dredging moves between 2,000 and 30,000 m? of sediment
(Crooks et al., 2019). During the 2020 Southern California
harmful algal bloom, following the conclusion of the sen-
sor deployment investigated in this study, LPL suffered a
mortality event of fishes and invertebrates, associated with
intermittent hypoxia, and abnormally high pH followed by
abnormally low pH (Skelton et al., 2024). Mouth manage-
ment decisions are applied using real-time measurements
of dissolved oxygen and water levels as well as other fac-
tors such as mosquito presence. Restoration projects in LPL
focus on increasing tidal influence and salt marsh in the
back of the lagoon (Los Pefiasquitos Lagoon Enhancement
Plan, 2018).

Instrumentation

The oyster mooring was deployed in the main estuary chan-
nel upstream of the mouth and the first two bends Fig. 1(c)
on November 25, 2019 and recovered on April 9, 2020 (136
days). This deployment period was chosen to monitor the
oysters through the winter time when freshwater input is
present, and into the spring when there is potential for inlet
closure due to sill build up following winter storm waves,
all of which are conditions that were likely to cause changes
in flow and water quality that might drive animal behavioral
responses. Data collection stopped earlier than planned due
to water intrusion in the data logger housing. The mooring
was redeployed on May 18, 2020 during an inlet closure,
however all instrumented oysters died within 5 days. This

@ Springer

second deployment is not included in the main analysis of
this study, and is used qualitatively in the discussion section.

The mooring was anchored using lead weights, and
the top of the mooring line was attached to a foam boo-
gie board. The total mooring line length was about 5 meters
to allow for tidally varying water levels and scope during
strong currents. Sensors were attached to the mooring line
using hose clamps and zipties. Near-bottom sensors were
attached about 0.5 meters above the bottom, suspended by a
subsurface float. Near-surface sensors were attached about
0.2 meters below the surface. The water column depth at the
mooring varies from around 1 to 2.9 meters with the top/
bottom sensors varying from 0.3m apart to 2.2m apart.

On the mooring, both near-surface and near-bottom,
was a Seabird SBE 37 CTD to measure salinity, tempera-
ture, and depth, and a Precision Measurement Engineer-
ing Mini-DOT to measure DO concentration. The CTDs
sampled every five minutes. The DO sensors sampled every
minute. Sensors were affixed to Crassostrea gigas oys-
ters originating from the shallow banks of LPL. This spe-
cies is non-native, having been introduced sometime after
2005, and was chosen due to its prevalence in this system
(Crooks et al., 2015). Ten oysters were deployed, five near
the water surface (just beneath a floating platform), and five
near the estuary bottom Fig. 1(d). Two of the near-bottom
oysters were not included in the analysis, because one oys-
ter died soon after deployment, and the other oyster’s sen-
sor malfunctioned. Oyster shell valve opening and closing
was monitored using a Hall effect sensor (A1395, Allegro
Microsystems, Manchester NH) and neodymium magnet
(6.35 mm diameter, 1.59 mm thick) glued to the opposing
shell valves (Miller, 2022; Wilson et al., 2005), such that
changing distance between the Hall effect sensor and mag-
net as the shell opened and closed was registered as a chang-
ing voltage. Voltage values were recorded by a custom data
logging device based on Arduino open-source hardware
designs (https://github.com/millerlp/MusselGapeTracker).
Raw voltage values were recorded at 5 s intervals, and were
converted to estimates of opening distance (units of mm)
and then to relative opening (gape fraction, 0 for completely
closed to 1 for completely open for each individual oyster)
using the methods described in Miller and Dowd (2017).
The original 5 second interval data were decimated to 1
minute intervals for subsequent analysis.

Just northwest of the mooring (less than 10 meters away)
is a National Estuarine Research Reserve (NERR) monitor-
ing station which includes pH and turbidity measurements,
sampled every 15 minutes near the bed (Station LPL NW,
data accessible at http://torreypines.trnerr.org/). Cross-shore
and along-shore radiation stresses (S, and S, respec-
tively) were sampled hourly from the Coastal Data Infor-
mation Program (CDIP) monitoring and prediction point


https://github.com/millerlp/MusselGapeTracker
http://torreypines.trnerr.org/

Estuaries and Coasts (2026) 49:175

Page50f20 175

offshore of Torrey Pines Beach (site D0587). River flow,
sampled every 15 minutes, was obtained from a USGS
gauge upstream on Los Pefasquitos Creek Fig. 1(b). Global
horizontal irradiance was obtained from the National Solar
Radiation Database’s Physical Solar Model version 3, at the
nearest spatial bin to the mooring. The model output has a
2 km spatial resolution and a 30 minute temporal resolu-
tion. Observed irradiance from the Ellen Browning Scripps
Memorial Pier in La Jolla near the field site compared well
to this model product, but was not available for the full time
series, and so was not used as part of this study. Offshore
water level (sampled hourly), wind direction and speed
(sampled every 15 minutes), were obtained from the NOAA
tide and meteorological station (station ID 9410230) located
on the Ellen Browning Scripps Memorial Pier, about 7.5
kilometers south of the mooring Fig. 1(b).

Data Analysis
Data Preparation

To enable ease of analysis, all time series were cleaned, fil-
tered, and subsampled to 30 minute intervals. Gaps in the
oyster valve gape fraction time series, no longer than two
hours, were interpolated using an autocorrelation kriging
method. Data were 60-minute low pass filtered with a first
order Savitzky-Golay filter (to avoid phase shifting and
ringing typical of convolution based filters) and then sub-
sampled to 30 minute intervals so that all time series were
aligned with uniform time stamps, resulting in 6543 sub-
samples in each time series. Sub-sampling following filter-
ing produces values that represent 60 minute means of the
I-minute sampled oyster valve gape fraction. The 30-min-
ute processed time series was tidally averaged (using a low-
pass Godin filter described in Godin et al. 1981) and the
higher frequency residual was calculated by subtracting the
tidally averaged data from the 30 minute processed data.

Spearman Correlations

To determine which environmental variables may be sig-
nificant drivers of oyster valve gape behavior, a cross-cor-
relation analysis was performed. Spearman correlation was
chosen rather than Pearson correlation because the oyster
valve gape data is not normally distributed. Variables with
which many of the oysters have similar values of both the
lag time of the central peak correlation, as well as their cen-
tral peak correlation values, are determined to be significant
environmental drivers of oyster valve gape behavior. Pair-
wise Spearman cross correlations between the oyster valve
gape fraction time series and environmental data (water
depth, insolation, northerly and easterly wind velocity

components, pH, turbidity, cross-shore and along-shore
wave radiation stresses, river flow, salinity, temperature,
and DO) were calculated. Although they may not directly
influence one another due to stratification, near-surface oys-
ter valve gape was compared with the near-bottom measure-
ments of pH and turbidity because prior work in LPL, as
well as data shown here, indicate that surface and bottom
parameters still co-vary due to the strongly tidal nature of
the estuary (Harvey et al., 2023).

Different estuarine processes influence water proper-
ties on tidal and tidally averaged time scales, with the tid-
ally averaged time scale relevant to the residence time of
nutrients and pollutants (Geyer & MacCready, 2014). For
this reason, the cross-correlation analysis was performed
for the tidally averaged and high-frequency residual (i.e.,
tidal and higher) separately, as well as for the full 30 min-
ute processed data (to determine the overall most correlated
variables). The most consequential peak in the cross-corre-
lation, chosen between the two prominent peaks around a
lag of zero, was chosen as the central peak correlation and
lag time. Statistical significance of the central peak correla-
tion is defined as the likelihood that this lag would still be
the central peak given another random sampling of the data.
This significance was calculated using a Monte Carlo surro-
gate method (N=200). Surrogate data were generated using
a random phase technique, to preserve the spectrum of the
measured data.

Phase Distributions

In order to determine the relationships between tidal and
diurnal solar cycles and oyster valve gape, and characterize
the distinct behaviors of near-surface and near-bottom oys-
ters over these cycles, tidal and diurnal phase distributions
of oyster valve gape were calculated. Similarly to Harvey
et al. (2023), tidal phase was defined between two offshore
higher-high water levels. Tidal cycles that were not clearly
semidiurnal (where a higher high tide was not followed by a
lower high tide) were not included (13 tidal cycles). Incom-
plete tidal cycles at the beginning and end of the oyster
deployment were also not included.

Diurnal phase was found from solar irradiance by align-
ing solar noon and solar midnight from the clearsky GHI
provided by the PSM. Distributions of oyster valve gape
behavior were determined in 100 phase bins, with respect
to these definitions of the tidal, and diurnal phases. All sur-
face oysters and bottom oysters were included in these dis-
tributions. This resulted in 122 tidal cycles, and 133 diurnal
cycles. The effect of the fortnightly spring neap cycle was
examined by splitting the tidal cycles into two even groups
(61 cycles each) by tidal range, where the spring and neap
groups had mean tidal ranges of 2.11 meters and 1.32 meters,
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respectively before calculating the phase distribution. These
phase distributions were analyzed in lieu of spectral analy-
sis to observe nonlinear and harmonic effects, building on
the linear analysis in Tran et al. (2011).

Joint Distributions

To examine the shared influence of two variables on oys-
ter valve gape, three dimensional joint distributions were
also generated for near surface and near bottom oysters. The
median oyster valve gape in each 2-dimensional bin was
calculated to show a typical value of oyster valve gape as a
function of these variables. The joint distribution of oyster
valve gape with DO and salinity was chosen due to their
similar cross correlation coefficients and lag times, as well
as their similar tidal phasing (Harvey et al., 2023), so the
joint distribution can show their conditional relationships.
The joint distribution of oyster valve gape with pH and tur-
bidity was similarly chosen due to their similar cross cor-
relation coefficients. In addition, both pH and turbidity were
only measured near the bottom of the water column, so fur-
ther examination of these joint distributions can clarify the
significance of their relationships with near surface and near
bottom oyster valve gape behavior.

Multivariate Models

In the absence of direct measurements, it would be useful
to have a model to predict oyster valve gape as a function
of more commonly monitored environmental conditions.
Here we test a few nonlinear models and compare them to
a linear model. We tested a set of models that most directly
tests the hypothesis that oyster valve gape is dynamically
dependent on the local state of the environment. Specifically
we tested three variations of Empirical Dynamic Model-
ing (EDM), using k-nearest neighbor (knn) regressor from
the scikit-learn Python library, and two models from the
pyEDM Python library, namely Simplex and S-Maps (Sugi-
hara, 1994; Sugihara & May, 1990). Note that all previously
described analysis was done using MATLAB however this
analysis was done using Python because there is no MAT-
LAB equivalent to these EDM Python libraries. Six skill
metrics are used to evaluate the linear and nonlinear mod-
els: the coefficient of determination (R?), root mean square
error (RMSE), Willmott skill (Willmott, 1981), model bias,
Pearson’s correlation, and Spearman’s correlation.

The theoretical basis for EDM is mechanistic, and only
has predictive power when the variables chosen belong to
the same dynamical system, and are dynamically causal
(Deyle & Sugihara, 2011; Sugihara et al., 2012). By choos-
ing the right set of observable environmental variables and
their time delays to define an embedding space, the attractor
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that corresponds to the full dynamics of the system will be
reconstructed. This enables accurate prediction of future
states by searching for nearest neighbors on this multidi-
mensional attractor. Briefly, the Simplex model calculates
the centroid of the nearest neighbors of the prediction point
on the attractor as an estimate of the target point, and the
S-Map model calculates a linear regression of the nearest
neighbors with the target variable, which provides a slightly
different estimate than the Simplex model. We also tested
the knn regressor, which uses a different distance weight-
ing for the nearest neighbors (the knn regressor uses an
inverse distance weighting, while Simplex and S-Maps use
an exponential weighting). These three variations of EDM
were chosen because, although oyster valve gape behavior
is assumed to be similar when environmental conditions
are similar, the type of locality in the state space (distance
weighting, local functional relationship) is unknown. Com-
parison among these variations is necessary to determine the
most appropriate EDM model for this dataset. Since S-Maps
calculates local linear regressions in the state space of the
chosen variables, it also provides predictions of the relative
contribution of each variable to predictions of oyster valve
gape fraction.

The same embedding was used for all of these models.
Filtered valve gape fraction for the surface oysters was
predicted as a function of filtered simultaneous measure-
ments of near surface DO and salinity, near-bottom pH,
solar irradiance, and near-bottom turbidity, as well as the
values of these variables 18 hours previously. This set of
variables was chosen based on an assessment of the values
of the valve gape-variable cross correlations found previ-
ously, as well as the assumption that oyster valve behavior
is dynamic, and is therefore a function of previous system
states. The lag value was chosen based on the peak lag of
the autocorrelation of the mean valve gape fraction of the
surface oysters. The number of nearest neighbors used for
each prediction was twenty percent of the number of points
in the training set. This value was chosen based on a brute
force search for the value that gave the best model skill.
Valve gape fraction and the predictor variables were fil-
tered using a 6-hour causal half-hamming filter. The data
were then subsampled to a 1.5-hour interval. This filtering
and subsampling reduced noise and model runtime, respec-
tively, while preserving features on timescales in the data
that are known to influence valve gape behavior, such as the
diurnal and tidal timescales (Tran et al., 2011). Subsampling
additionally ensures that data points are maximally indepen-
dent, which is particularly important for such a short time
series where a rigorous test of the model requires evaluation
of skill metrics on many randomized data shuffies.

If more data collection would lead to better nonlinear
models, i.e. the state space is not yet optimally resolved,
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then we expect that with increasing training library size,
nonlinear model skill metrics would continue to improve,
while linear model skill would increase more slowly or level
off. In order to evaluate the benefit of increased data collec-
tion on model skill, the models were evaluated by shuffling
the data 100 times, and fitting the models on training librar-
ies of various sizes, from 5 to 85% of the total length of the
dataset. Each instance was tested on an out-of-sample set of
shuffled data (15% of the total length of the dataset), as well
as an in-sample set of data (30% of the training library used
for that model instance). Data shuffling prevented biases
caused by the uneven temporal distribution of states (e.g.
some segments in the time series have more open oyster
valve gape states than closed states). In-sample testing was
used to evaluate model overfitting (skill metrics for in-sam-
ple testing should be comparable to the skill metrics for out-
of-sample testing).

Results

Distributions of Oyster Valve Gape and
Environmental Time Series

Figure 2 shows the time series and distributions of 30 min-
ute processed (a-b) and tidally averaged (c-d) oyster valve
gape, with the 30 minute processed time series showing a
two day segment of the record to highlight its variability.
On the shorter timescale Fig. 2(a-b), variability between

Opyster valve gape over two days
T

individual oysters is observed. However, within each set,
oysters at the same depth in the water column behave simi-
larly to one another and exhibit different patterns of opening
and closing between the surface vs. the bottom group. The
distributions show both depth groups experienced bimodal
distributions with a peak at fully closed (0 gape fraction)
and a broad peak centered around a gape fraction of 0.5 Fig.
2(b). The distributions also show that the surface oysters
were open less frequently than the bottom oysters. On the
tidally averaged timescale, each oyster behaved similarly to
those within the same depth set Fig. 2(c-d), and the surface
vs. bottom oyster sets followed each other fairly closely until
late February, when the two oyster sets began to show an
inverse relationship in their gape behavior. When the tidally
averaged time series shows a high gape fraction it reflects
a time period when oyster closures only occur briefly each
day/semi-diurnal period (see for example the shorter time
series in panel a), however when the tidally averaged time
series has a valve gape fraction near zero, that indicates that
oysters were closed over the majority of the semi-diurnal
period. All oysters were predominantly closed at the start
and end of December 2019 and predominantly open through
January and most of February 2020. The surface oysters
were closed for most of the time in March and April Fig.
2(c), which is reflected in the tidally averaged distributions
Fig. 2(d).

The full time series of oyster gape and all environmen-
tal variables are further examined by plotting their fields by
time of day versus day (see Figs. 3 and 4). In this view,

30 min processed
valve gape fraction

surface
bottom

20 Jan 00:00
PST

19 Jan 00:00 19 Jan 12:00

Opyster valve gape over full data collection period
T T T

20 Jan 12:00 21 Jan 00:000 0.05 0.1
Probability density

over full dataset

Subtidally filtered
valve gape fraction

Dec Jan Feb
2019-2020

Fig. 2 Time series and distributions of Crassostrea gigas valve gape.
The vertical axes on all panels shows the fractional valve gape, where
zero indicates that an oyster is fully closed, and one indicates that an
individual oyster is at its maximum gape that was observed over the
entire data collection period. a 2-day snippet of 30 minute processed
valve gape. The raw time series is shown faintly in the background.

Mar Apr 0 0.02 0.04
Probability density
over full dataset

b The distribution of the full 30 minute processed time series. ¢ Tid-
ally averaged valve gape over the full 4.5 month record, with its cor-
responding distribution at the right. The vertical gray bar highlights
the time period shown in panel a. 30 minute processed time series are
shown faintly in the background of ¢. d The distribution of the full tid-
ally averaged time series

@ Springer



175 Page 8 of 20

Estuaries and Coasts (2026) 49:175

Water level  Insolation Wind N Wind E
m Wm™2 ms~! ms~!
200 600 5 0 5 5 0 5

-

12:00 — £ T ‘rﬁlﬂ“mqm

Fig. 3 Time series of 30 minute processed environmental variables
measured in or near to Los Pefiasquitos Lagoon from late November
2019 through April 2020. The variables shown from left to right are
water level (m), Solar irradiance (Wm™2), northerly and easterly
wind speeds (ms~1), pH, turbidity (NTU), cross-shore and along-
shore radiation stresses Sz and Szy (m?), and river flow (m3s~1).
Time of day is shown on the horizontal axes, and calendar day is

diurnal processes will show up as vertical stripes, tidal pro-
cesses will show up as diagonal stripes, and event-scale
variability will show up as horizontal stripes. This is most
easily seen on the diurnally forced solar irradiance, which
results in strong vertical stripes on Fig. 3b. Wind forcing is
strongly diurnal. These figures also highlight well known
high vertical stratification (Fig. 4 ’Surface-Bottom Differ-
ence’ in salinity ) (Harvey et al., 2023), and a diurnal phase
shift in surface vs. bottom heating (Fig. 4 ’Surface-Bottom
Difference’ in temperature). Water level is tidally forced and
thus shows diagonal stripes on Fig. 3a. Waves and river dis-
charge are dominated by event-scale variability. It is also
clear that events influence other water quality parameters as
expected such as salinity and DO, which clearly vary with
river discharge events. The other variables show a mixture
of diurnal, tidal and event variability (pH, turbidity, DO,
salinity, temperature).

The time series in Fig. 4 shows that oyster gape has diur-
nal, tidal, and event-scale variability. Overall, the bottom
oysters are more open than the surface oysters (blue), par-
ticularly during these river discharge events Fig. 4. While
a clear diurnal cycle is a bit hard to discern from each oys-
ter set given overlap of semi-diurnal and event variability,
the difference in the top and bottom oyster gape shows a
clear diurnal pattern (i.e. surface oyster gape fraction being
higher than bottom oysters during daytime hours and lower
at night) suggesting a diurnal phase shift between each set.
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shown on the vertical axis. Displaying the data by both time of day and
time highlights diurnal features as vertical stripes across the figures
and tidal (semi-diurnal) features as diagonal lines. Event-scale features
appear as horizontal stripes. Note that the color bars for turbidity and
river flow are capped below their maximum values to highlight their
variability

The surface oysters close during events when salinity and
DO are low (horizontal dark lines across gape, salinity, and
DO panels), coinciding with transient events of high river
flow, low pH and high turbidity seen in Fig. 3 (horizontal
lines at the same time periods).

Spearman Correlations

The strongest relationships of near-surface oyster valve
gape are on the tidally averaged timescale, with salinity
and dissolved oxygen at the surface Fig. 5. Salinity leads
or lags behind surface oyster valve gape by no more than
2.5 hours. Dissolved oxygen leads surface oyster valve gape
by no more than 14.5 hours. On the tidally averaged tim-
escale, surface oyster valve gape is consistently positively
correlated with insolation, pH, salinity, and dissolved oxy-
gen, and is negatively correlated with water depth, turbidity,
alongshore radiation stress Sy, and river flow. On the tid-
ally averaged timescale, near-bottom oyster valve gape has
the clearest relationships with northerly wind speed (with
lags ranging from 26.5 to 40.5 hours), positively correlated
with easterly wind speed (with lags ranging from -2.5 to 13
hours), and negatively correlated with alongshore radiation
stress (with lags ranging from -1.5 to 5 hours).

On the high-frequency (30 minute processed minus
tidally averaged) timescale, the surface oysters have the
strongest and most consistent relationships with insolation
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(positive), temperature (positive), water depth (negative),
and northerly wind speed (negative) (Fig. 6). Near-bottom
oyster valve gape has the clearest relationships with insola-
tion and temperature on the high-frequency timescale. Sur-
face oyster valve gape leads temperature by about 5 hours,
while bottom oyster valve gape leads temperature by an
hour or less. Surface oyster valve gape is approximately in
phase with insolation (lagging behind by an hour or less),
while near-bottom oyster valve gape is negatively corre-
lated with insolation, leading it by six hours.

The cross correlations of the 30 minute processed data
reveal a more complex picture, with all variables but north-
erly wind and crossshore radiation stress S, having some
statistically significant correlations with surface oyster valve
gape (Fig. 7). Salinity, DO, river flow, pH, and turbidity
have the overall strongest correlations with surface oyster
valve gape. Bottom oysters overall have a weaker response
to all variables, with some significant correlations with
both wind components, alongshore radiation stress Sgy,
and temperature.

Solar Phase Distributions

The surface and bottom oysters have distinct diurnal behav-
ior Fig. 8. While the surface oysters are most open around
noon, the bottom oysters are most open later in the day, near
dusk. This is also seen on Fig. 4 bottom left panel. This
phase offset can also be seen in Fig. 6 with the lagged cor-
relations between each oyster and temperature. These cor-
relations indicate that peaks in oyster valve gape preempt
maximum temperature by about an hour for the bottom oys-
ters and by about four hours for the top oysters. The peak
daily temperature of coastal water occurs in the late after-
noon/early evening, a few hours after the peak insolation at
solar noon (Rasmussen et al., 2020), a time difference that
mirrors the lags seen here. This distinct behavior between
surface and bottom oysters is consistent at the quartiles of
the distributions (Fig. 8).

Tidal Phase Distributions

The tidal phase distributions of oyster valve gape also shows
distinct behavior between the surface and bottom oysters
(Fig. 9). Both sets of oysters have a lower median valve
gape around the higher-low tide (27 in Fig. 9), although the
surface oysters’ response is far more dramatic. Both sets
of oysters have a predominantly diurnal tidal pattern. Har-
vey et al. (2023) show the highest stratification of the tidal
cycle around this higher-low tide in LPL, which is likely
due to tidal straining during the ebb tides, and is commonly
observed in estuaries (Geyer & MacCready, 2014; Stacey
et al., 2001). Stratification results in less vertical mixing,

possibly reducing food availability to oysters at both depths,
through reduced mixing of phytoplankton to the lower water
column and reduced mixing of nutrients into the upper
water column. The surface oysters have a larger response
to this since the stratification often leaves them in fresher
water from upstream.

Median oyster valve gape fraction is greater during
spring higher-high tides than during neap higher-high tides.
Surface oysters close following spring lower-low tides and
following neap lower-high tides (not shown). This may be
a result of the estuary briefly losing high salinity inflow
from the ocean due to a combination of the inlet sill and
low water level at spring lower low tide, thus reducing the
water and possibly nutrient flow around the oysters. Water
level within LPL continues to ebb and freshen until around
midway through the rising tide, indicating that the oysters
are responding immediately to the changing tide (Harvey
etal., 2023).

Joint Distributions

While correlation coefficients show which variables have
relationships, the complex nature of those relationships is
not easily quantified. Salinity, dissolved oxygen, and pH are
positively correlated with surface oyster valve gape, while
turbidity is negatively correlated with surface oyster valve
gape. These relationships are all consistent with the oysters
responding to tidal and episodic forcing, as these variables
are all correlated with the tidal cycle in LPL (Harvey et
al., 2023) and consistent with episodic storm forcing. To
clarify the relative influence of these correlated variables
on median valve gape fraction, we look at the joint distri-
butions of median valve gape fraction with respect to dis-
solved oxygen and salinity, and pH and turbidity Fig. 10.

For oysters near the surface, when salinity is less than
approximately 30 PSU, oyster valve gape has a dissolved
oxygen threshold around 7 mg L~!, above which oysters
are most open. When salinity is higher, the oxygen thresh-
old is lower, around 4.5 mg L~!. This suggests that oysters
respond to both oxygen and salinity, and that high values of
either one is associated with open valve gape, even if the
other is lower.

Oysters near the bottom of the water column similarly
are more open when there is high salinity and high dissolved
oxygen. The bottom oysters are more open when dissolved
oxygen is greater than approximately 5 mg L~!, and do not
have a clear salinity threshold value. Although the bottom
oysters spend more time within a narrower range of salinity
(higher values) and dissolved oxygen than the surface oys-
ters, the bottom oysters appear to be more willing to remain
open in a broader range of salinity and dissolved oxygen
concentration.
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{ Fig. 4 Time series of 30 minute processed data from the LPL mooring
from late November 2019 through April 2020. The variables shown,
each in its own column, are oyster valve gape fraction (labeled as Gape
fraction), salinity (Sal, PSU), temperature (Temp, °C'), and dissolved
oxygen (DO, mgL~1). The top row labeled at the left in purple as
’Surface’ shows the data from the surface sensors. The middle row,
labeled at the left in brown as *Bottom’, shows the data from the bot-
tom sensors. The bottom row, labeled at the left as ’Surface-Bottom
Difference’ shows the difference between the surface and the bottom
sensors where positive (red) values indicate that the top sensors have
higher values than the bottom and negative (blue) values indicate that
the bottom sensors have higher values than the top. Time of day is
shown on the horizontal axis, and day is shown on the vertical axis as
done in Fig. 3. Compare to Figure 1 in Tran et al. (2011)

Surface oysters are most open when turbidity is below
approximately 8 NTU, as long as pH is above approxi-
mately 7.8. Bottom oysters are more tolerant of higher tur-
bidity than are the surface oysters when pH is high, with
a threshold that increases linearly. Bottom oysters have a
threshold pH of approximately 7.6, below which they are
closed at all values of turbidity. It is important to note that
here pH and turbidity are both measured near the bottom of
the water column, so some differences in the upper water
column may not be captured by this analysis with the sur-
face oysters.

A joint distribution of median valve gape fraction with
respect to pH and salinity (not shown) reveals that surface
oyster valve gape is more dependent on salinity, while bot-
tom oyster valve gape is more dependent on pH. The salinity
cutoff for median surface oyster valve gape is approxi-
mately 27 PSU when pH is 8.6, increasing to approximately
33 PSU when pH is lower, at 7.4. The pH cutoff for median
bottom oyster valve gape is approximately 7.9 when salinity
is 18 PSU, decreasing to a pH of around 7.5 when salinity
is 34 PSU.

Multivariate Models

Given the stronger relationships of near-surface oyster
valve gape compared to that of near-bottom oyster valve
gape, the multivariate models were only tested using data
from the near-surface oysters. All models tested explained
a large fraction of the variance (R?), indicating that the
chosen variables together explain surface oyster valve gape
behavior (although not necessarily causally) Fig. 11. Using
80% of the full time series, or 108 days of data for the train-
ing library, the largest R? value across all models is 0.84, for
S-Map. The smallest R? value is 0.41, for knn. Similar val-
ues for in and out of sample skill scores indicate that these
models are not overfitting, and should generalize well to
new data. S-Map provided the model with the highest skill,
improving rapidly over the other models as the training set
size increased, indicating the nonlinearity of the dataset,

and that the state space is not yet fully resolved, and model
performance will improve with new data in varying estuary
conditions Fig. 11.

The time series of surface oyster valve gape fraction from
March 1 to April 8 2020 is shown in Fig. 12 along with the
predictions of one instance of each model, trained on data
from December 26 2019 to February 28 2020 (a 70% / 30%
training / prediction split ). In this model instance, S-Map
has the best skill scores (R? =0.48, RMSE = 0.14,
Willmott Score = 0.84, Bias = 0.04, Pearson’s p = 0.73,
Spearman’s p = 0.74), followed by Simplex (R? = 0.27,
RMSE = 0.88, Willmott Score = 0.71, Bias = —0.33,
Pearson’s p = 0.61, Spearman’s p = 0.67).

The local regression coefficients produced through this
S-Map model instance Fig. 12 reveal that out of all the pre-
dictor variables, dissolved oxygen has the largest contribu-
tion when the mean surface oyster valve gape is in a closed
state (i.e., March 13-17, 18-21, and April 7-9). Through-
out most of the rest of the time series salinity dominates
in importance. Overall, simultaneous variables had larger
coefficients than the lagged variables, except for lagged pH
which briefly has larger coefficients than all variables except
for salinity before and after the oyster closures. It is valuable
to note that this time period shown includes widely ranging
conditions with frequent freshwater input due to storms (see
Figs. 3 and 4).

Discussion

This study focused on determining the relationship on tid-
ally averaged and high-frequency time scales of oyster valve
gape behavior in LPL with salinity, temperature, depth, and
dissolved oxygen, as well as with nearby water quality and
environmental conditions such as estuary pH and turbidity,
solar irradiance, coastal water level, upstream flow rate,
offshore wave radiation stress, and wind speed. The stron-
gest relationships found were with tidally averaged salin-
ity and dissolved oxygen (positive Spearman’s correlation
coefficients of approximately 0.6), specifically among the
instrumented oysters near the surface of the water column.
The oysters near the surface also responded to pH (positive
correlation), turbidity (negative correlation), and upstream
flow rate (negative correlation). These relationships are
consistent with co-variance between the water quality vari-
ables expected during storms; freshwater input from storms
(higher upstream flow rate) brings low salinity, lower pH,
higher turbidity, and lower DO water into the estuary. Note
that during these events is also when the water column is
most stratified (see Fig. 4 bottom panel).

Bottom oysters appear far less sensitive to the measured
environmental variables on either the tidally averaged or
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Fig. 5 Cross correlations between each oyster valve gape time series
and each environmental variable at the tidally averaged time scale in
LPL. The vertical axis shows each oyster (indexed 1-3 on the bottom
of the mooring, 4-8 near the surface). Blue indicates a negative cor-
relation, and red indicates a positive correlation. The large numbers in

higher frequency time scales. They do have statistically
significant, although inconsistent, relationships with wind
speeds and along shore radiation stress .S, particularly on
the tidally averaged timescale, possibly due to the influence
of these variables on bottom mixing and sediment transport
and suspension. This is not reflected in the near-bottom
oyster valve gape correlation with turbidity, which had no
statistical significance. Despite this, near-surface oyster
valve gape was found to have a significant correlation with
turbidity. Estuaries tend to be more turbid at depth due to
the effects of stratification and fluvial and tidal sediment
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each cell are the lag in hours of the central peak. Positive lag values
indicate valve gape lagging behind the environmental variable. The
small numbers in the bottom right corner of each cell are the boot-
strapped p-values. Cross correlations with p-values less than or equal
to 0.05 are identified with bold black and yellow borders

transport (Uncles et al., 2002). The lack of a significant
correlation between near-bottom oyster valve gape and tur-
bidity can possibly be explained by acclimation of the near-
bottom oysters to more turbid conditions, which has shown
to be related to changes in the gills and pallial organs of C.
gigas (Barillé et al., 2000; Dutertre et al., 2009). There also
may be some relationships with other variables compound-
ing this such as the fact that turbidity is highly correlated
with river discharge which is shown to impact surface oys-
ters more strongly than bottom oysters due to stratification.
Correlations with wind speeds and alongshore radiation
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Fig. 6 Cross correlations of the high-frequency residuals (30 minute
processed minus tidally averaged) of the tidally averaged time series of
oyster valve gape and each environmental variable in LPL. The verti-
cal axis shows each oyster (indexed 1-3 on the bottom of the mooring,
4-8 near the surface). Blue indicates a negative correlation, and red
indicates a positive correlation. The large numbers in each cell are the

stress for both the near-surface and near-bottom oysters are
more likely indirect, all being influenced by episodic storm
conditions.

The relationships shown through cross-correlations of
oyster valve gape with temperature and insolation may be
due to surface oysters responding to light exposure and solar
radiation, rather than changes in temperature in the surround-
ing water. A cross correlation between surface and bottom
temperature with insolation (not shown in this paper), gives
a positive maximum correlation with solar irradiance at a

lag in hours of the central peak. Positive lag values indicate valve gape
lagging behind the environmental variable. The small numbers in the
bottom right corner of each cell are the bootstrapped p-values. Cross
correlations with p-values less than or equal to 0.05 are identified with
bold black and yellow borders

lag of 4.5 hours. The surface oysters thus may be respond-
ing to light, or an associated variable such as phytoplankton
abundance, while the bottom oysters are responding to tem-
perature. However, solar irradiance was not measured at the
bottom of the water column in this experiment, so directly
determining the difference in light exposure between the
surface and bottom oysters was not possible. These rela-
tionships are supported by the solar phase distribution, that
show similar lags between the diurnal cycle of oyster valve
gape and solar phase.
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Fig.7 Cross correlations of the 30 minute processed time series of oys-
ter valve gape and each environmental variable in LPL. The vertical
axis shows each oyster (indexed 1-3 on the bottom of the mooring,
4-8 near the surface). Blue indicates a negative correlation, and red
indicates a positive correlation. The large numbers in each cell are the

Phase distributions showed diurnal and tidal cycles in
oyster valve gape behavior, consistent with research at other
sites which have shown oyster valve gape to respond to
both light and temperature (Casas et al., 2018; Tran et al.,
2011). The diurnal cycle of near-surface and near-bottom
oyster valve gapes are offset by approximately a quarter of
a day, with surface oysters most open at midday, and bottom
oysters most open in the evening. This may be attributed
directly to temperature, or to other diel cycling of variables
which were not measured during this field campaign, such
as the vertical migration of plankton (on which oysters
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lag in hours of the central peak. Positive lag values indicate valve gape
lagging behind the environmental variable. The small numbers in the
bottom right corner of each cell are the bootstrapped p-values. Cross
correlations with p-values less than or equal to 0.05 are identified with
bold black and yellow borders

feed), which has been observed in other shallow estuaries,
e.g. Hall et al. (2015). Valve gape behavior aligning with
the tidal cycle appears consistent with oysters respond-
ing to tidal cycle variability in water quality parameters
as observed in LPL, which is consistent with other tidally
influenced, stratified estuaries (Harvey et al., 2023). Simi-
larly, the stronger response of near-surface oysters relative
to near-bottom oysters to their environmental conditions is
consistent with stratification leading to overall more variable
water quality conditions near the surface. The phase rela-
tionship of oyster valve gape with the tidal cycle suggests
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Fig. 8 Top panel: solar phase distributions of oyster valve gape frac-
tion in LPL. The median surface and bottom oyster data are shown
in purple and brown, respectively. Quartiles are shown in thin lines
in their corresponding colors. Bottom panel: median diurnal insola-
tion cycle, with lighter gray lines showing each instance of this cycle
(N=133), including cloud cover

that it is unlikely that oyster valve gape behavior has a direct
dependence on water velocity. The observations in Harvey
et al. (2023) show that velocity in LPL acts like a standing
wave, 90° out of phase with water level. This, together with
the predominantly diurnal tidal pattern of valve gape, indi-
cates that oysters are responding to varying water proper-
ties, rather than to velocity.

This investigation of these observations shows a strong
and consistent near-surface oyster response to multiple
environmental parameters. The strongest response is with
salinity and DO (with oysters preferring higher salin-
ity and higher DO conditions with some thresholding
effects). However, some of the conclusions drawn from
this set of analyses are challenged by co-variance of the
water quality parameters (for example, the lower salinity
water has lower pH) and nonlinear relationships between
oyster valve gape and the environmental variables.

The S-Map model was the strongest multivariate model
tested, and should be explored further as a predictive moni-
toring tool. The local linear regression coefficients for
each predictor variable provided through the S-Map model
confirm the relative importance of simultaneous DO and
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Fig. 9 Top panel: tidal phase averaged oyster valve gape in LPL. The
median surface and bottom oyster data are shown in purple and brown,
respectively. Quartiles are shown in thin lines in their corresponding
colors. Bottom panel: The black line shows the median tidal cycle of
the offshore water level, with lighter gray lines showing each instance
of this cycle (N=122). The blue line shows the median tidal cycle of
the water level measured at the mooring within LPL

salinity on oyster behavior. However, future models should
take into account the non-negativity of oyster valve gape
to produce more accurate predictions. It is worth noting
that higher skill may be possible with an optimized lag for
each variable, rather than a single lag applied to all vari-
ables. Including the lagged variables, compared with only
including simultaneous variables), moderately improved
skill scores for all models. The S-Map model improving
the most, with an increase in the R? value by about 0.05.
The overall greater performance of S-Map (and to a lesser
extent Simplex) compared with the other models is a good
indicator of the state dependence of system dynamics in
LPL. Linear analyses assume separability of the effects of
each variable, while models like S-Map and Simplex do not
rely on this assumption. Accordingly, future analyses should
explore a variety of nonlinear models.

Our study had some limitations that are important
to consider when trying to contextualize this work for
operational BEWS. To that end, we recommend the
following improvements to our methodology. Given the
significant inter-oyster variability in this study (including
the death of one oyster at the beginning of the deployment),
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Fig. 10 a Joint distributions of median oyster valve gape as a function
of salinity and oxygen in LPL. The top plot shows values for the oys-
ters near the surface with near-surface measurements of salinity and
oxygen, and the bottom plot shows the corresponding bottom measure-
ments. b Joint distributions of median oyster valve gape as a function
of pH and turbidity. The top plot shows values for the oysters near the
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surface with near bottom measurements of pH and turbidity (as these
variables were only measured near-bottom), and the bottom plot shows
the corresponding bottom oyster measurements. Larger dots indicate
more measurements in that bin, varying continuously in size. Darker
dots indicate a greater median valve gape fraction (i.e., oysters are
more open)

Fig. 11 Model learning curves,
showing six different skill metrics for
each of the four models as a function
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oyster sample size should be increased as much as possible.
We also suggest co-location of chlorophyll sensors (to
assess phytoplankton, i.e., food source, abundance), and
pH and turbidity sensors (here we were limited to pH and
turbidity only near the bed).

To observe the oyster sensitivity to cross-channel and
along-channel location, moorings could be deployed at mul-
tiple sites within a single estuary. Comparisons could also
be made to native bivalve species to examine the extent to
which their responses to environmental conditions differ in
a changing estuary and climate (Skelton et al., 2024). Valve
gape behavior of native species may also provide more effec-
tive indicators of pollution (Kelleghan et al., 2023). Finally,
comparison across different sites would help elucidate if
bivalve response varies by site or if there are some environ-
mental cues that species respond to similarly across sites.

The deployment length should be increased as long as
possible, or deployments should be overlapping, to observe
and account for seasonal cycles in environmental param-
eters and oyster valve gape, such as that observed in Tran
et al. (2011). Longer deployments will also allow observa-
tions before and during estuary inlet closures. Following the
mooring deployment analyzed in this study, the mooring was

redeployed with 8 new oysters during an inlet closure. The
oyster mooring was not deployed while the inlet was clos-
ing. During the closure, compared to conditions when the
inlet was open, near-surface and near-bottom salinity were

low, near-surface and near-bottom temperature were high,
and near-bottom dissolved oxygen and pH were low. All
but two oysters (near-surface) on the mooring died within 5
days, before the inlet reopened. The redeployment occurred
during a red tide (Skelton et al., 2024), creating particularly
challenging conditions for the oysters. Continuous oyster
valve gape observations spanning before, during, and after
an inlet closure (or other high stress or mortality event)
would be useful to determine oyster resilience to rapidly
changing conditions, and provide timescales for biological
response to inlet closures, stressors, and even for mortality.
This information would be crucial to estuary management’s
decisions regarding response time to inlet closures before
damage to the bivalve community.

All of these experimental modifications would help con-
textualize the usefulness of BEWS and the importance of
local calibration of such systems. Beyond the use of BEWS
to the environmental issue of inlet closures, there is the
potential for their application in a variety of other man-
agement contexts (Andrewartha et al., 2015; Arroyo et al.,
2022; Meira et al., 2024; Vereycken & Aldridge, 2023). This
includes exploring the use of biosentinels in issues of local
management importance, such as aquaculture (Wallace,
2023), invasive species assessment (Crooks et al., 2015),
pollution monitoring (Mladenov et al., 2024), living shore-
line creation (Ridlon et al., 2021), and developing indicators
for tracking restoration success (Walker et al., 2025).
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Conclusions

This study adds to the existing body of literature on how
bivalves and benthic organisms respond to environmental
changes in Los Pefiasquitos Lagoon (Levin et al., 2023;
Novoa et al., 2016) as well as to the body of literature on
BEWS (e.g., Bae and Park 2014). The temporal and spa-
tial scales measured and analyzed here provides new insight
into bivalve behavior in this estuary, as well as more broadly
as they can be used in BEWS. Our results show oysters
responding to both salinity and DO with a strong impact of
vertical stratification leading to differing responses of near-
surface and near-bottom oysters. There is also a response
to pH, turbidity, and a clear influence of both diurnal and
tidal cycles (which due to the estuarine dynamics drive tidal
variability in all water quality parameters). However, due
to nonlinear responses and co-variance of environmental
parameters, we tested several multivariate models. Multi-
variate nonlinear models such as S-Map show some promise
in predictability and even data attribution, thus additional
data collection to further test these models would be valu-
able. Combining further studies of this type with multi-
variate nonlinear models could allow managers to optimize
which parameters are most critical to observe for establish-
ing useful BEWS and provide insight into the use of similar
BEWS across different systems.
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