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Abstract5

The rise of unprecedented heatwaves globally has caused an increase in mass mortality events,6

motivating the need for accurate predictions of population declines. Predicting organismal func-7

tion under fluctuating thermal regimes is a central challenge in thermal biology, particularly in8

intertidal systems where organisms experience rapid shifts between submerged and aerial expo-9

sure. Here, we developed thermal death time (TDT) curves for the eastern oyster Crassostrea10

virginica under both immersed and emersed conditions to construct exposure-specific thermal11

tolerance landscapes (TTLs). Using heart rate monitoring to determine time to death, we found12

significant differences in thermal tolerance between immersion and emersion. At lower lethal13

temperatures, submerged oysters survived longer than oysters in air, but this relative tolerance14

flips at temperatures above 37 °C. We then integrated these TTLs into a dynamic survival model15

that accounted for tidal cycles, allowing us to predict cumulative survival of oysters in the inter-16

tidal zone. After calibrating the model to account for field acclimation, our model predictions17

corroborated the survival of oysters in the field, demonstrating the utility of exposure-specific18

TTLs in forecasting survival outcomes. Simulated warming of 2 °C in air, water, and both ex-19

posures revealed particular sensitivity of oysters to atmospheric heatwaves — survival dropped20

by 12.9 – 13.8% across modelled sites when only air temperatures were increased. Our find-21

ings highlight the importance of considering exposure type in thermal tolerance assessments22

and provide a framework for predicting organismal responses to thermal stress in fluctuating23

environments.24
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1 Introduction28

Climate change is warming the baseline over which extreme temperature pulses occur in both29

air and water, driving an increase in atmospheric and marine heatwave events globally (Harris30

et al., 2018; Hobday et al., 2018; Oliver, 2019; Xu et al., 2022). Environmental variability (or31
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weather) occurring over minutes to months, rather than gradual mean warming over decades,32

disproportionately drive biological responses because short-term variability more closely matches33

the timescale of organismal function and lifespans (Bailey and van de Pol, 2016; Bates et al., 2018;34

Sasaki et al., 2025; van de Pol et al., 2017). Indeed, some of the most apparent responses to ongoing35

anthropogenic warming are mass mortality events driven by extreme heatwaves, particularly in36

marine foundation species that cannot behaviorally thermoregulate (Smith et al., 2023; Smith et37

al., 2024; Wernberg et al., 2024).38

The unprecedented rise of modern marine mass mortality events has made the use of correlative39

data approaches to predict their occurrence and extremity difficult, as analogous historical events40

are rare. Mechanistic ecophysiological models provide a method of determining biological responses41

to environmental variability (measured as body temperature), allowing for more direct quantifica-42

tion of the effects of a rapidly changing climate and weather system (Briscoe et al., 2023; Peterson43

et al., 2015). Traditional thermal performance metrics, whether derived dynamically or statically,44

are traditionally treated as thresholds that set a hard limit between organism persistence and death45

(Angilletta, 2009; Deutsch et al., 2008; Lutterschmidt and Hutchison, 1997). However, predicting46

when these mortality events will occur requires understanding not only the upper thermal limits47

organisms can tolerate, but also the duration over which exposure to extreme temperatures can be48

sustained before physiological failure occurs. Critically, these translation approaches have struggled49

to accommodate the temporal component of thermal exposure. The path towards organism death50

is not a sudden cliff, but is rather due to an accumulation of thermal injury as different molecular,51

cellular, and organismal processes fail to maintain internal homeostasis (Ern et al., 2023; Ørsted et52

al., 2022). Temperature stress through time can be conceived as a dose that results in predictable53

organismal impacts corresponding to the magnitude of temperature stress and its duration.54

Given marine invertebrate mass mortalities have been attributed to extreme atmospheric and55

marine heatwave events, reconceiving of thermal tolerance as a time-integrated trait would advance56

our ability to predict biological responses. Recent advances in Thermal Death Time (TDT) curve57

models, also called Thermal Tolerance Landscapes (TTL) and Thermal Load Sensitivity (TLS), seek58

to describe the effects of lethal temperatures as a dose response (Arnold et al., 2025; Jørgensen et al.,59

2019; Rezende et al., 2014). These approaches describe a predictable response of organismal time60

to death over static temperature exposure. The underlying empirical survival likelihood functions61

(Rezende et al., 2020) or mortality rates (Jørgensen et al., 2021) can further be used to predict62

survival across variable temperature regimes by interpolating survival values into a continuous63

Thermal Tolerance Landscape (TTL; (Bullard et al., 2026); (Rezende et al., 2014)). TDT curves64

can vary in slope (‘sensitivity’) and intercept (‘acute tolerance’) across species (Alruiz et al., 2022;65

Jørgensen et al., 2021; Jørgensen et al., 2022; Rezende et al., 2014), ecotypes (Dwane et al.,66

2021), acclimation (Baeza Icaza et al., 2025; Castañeda et al., 2015), life stages (Truebano et al.,67

2018), and oxygen availability (Verberk et al., 2023). The TDT curve is ultimately an emergent68

phenomenon composed of multiple molecular, cellular, and organismal processes interacting at69

different timescales and temperature exposure to drive organism time to death (Arnold et al., 2025;70
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Bullard et al., 2026).71

Dose frameworks like TTLs are thought to better describe thermal stress than static meth-72

ods in highly variable environments like the intertidal zone (Dwane et al., 2021; Rezende et al.,73

2014). A key dimension influencing mortality risk in intertidal organisms is the cyclical alternation74

between aerial exposure and seawater immersion across tidal cycles, which imposes recurring and75

position-dependent thermal stress (Stillman et al., 2025). Many organisms in this harsh environ-76

ment are well adapted to deal with temperature extremes, as well as concurrent stressors arising77

from desiccation, wave exposure, solar radiation, and shifts in water quality and oxygen availabil-78

ity. However, the heatwaves have accelerated the rate of catastrophic mortality events, such as79

the 2021 heat dome in the Pacific Northwest of the US and Canada that resulted in billions of80

dead organisms across a large geographic area (Hesketh and Harley, 2023; Raymond et al., 2022;81

Raymond et al., 2024; White et al., 2023). On short timescales, intertidal organisms can experi-82

ence extreme and dynamic intertidal temperatures that make performance difficult to predict from83

the mean conditions alone (Denny, 2017; Dowd et al., 2015). Over longer timescales, organisms84

may accumulate plastic responses through prolonged exposure, seasonal acclimation (Dowd and85

Denny, 2020; Pereira et al., 2025) and variation across life stages (Deschamps et al., 2025; Dwane86

et al., 2025; Giménez, 2023). Rather than averaging over or removing this temporal component of87

variability to make inference easier, mechanistic models like TTLs emulate how organisms process88

varying temperature exposures and translate them into biological rates (Villeneuve and White,89

2024). A pressing question is whether periodic immersion in the intertidal can buffer extreme90

emersion temperatures, and whether atmospheric or oceanic warming will be more impactful for91

intertidal organisms. Given the different stressors operating during low tide emersion and high92

tide immersion, it is not clear whether the TDT/TTL framework and dynamic survival models will93

accurately describe and predict intertidal stress accumulation.94

Predicting when conditions result in mortality and quantifying the extent of mortality remain95

challenges to effectively forecast future mass mortality events in response to heatwaves. Here, we96

investigate the potential for exposure-dependent thermal sensitivity in intertidal populations of the97

eastern Oyster, Crassostrea virginica (Gmelin, 1791), using a thermal tolerance landscape approach.98

We first conducted static time to death assays for oysters in water (immersion) and air (emersion)99

exposures to determine if exposure type alters TDT shape. We then build a dynamic tolerance100

model that switches between thermal tolerance landscapes parameterized under different exposure101

scenarios depending on intertidal exposure and validate the model survival predictions against102

oyster field survival in Great Bay, New Hampshire, USA. We also use a simulation-based calibration103

of the dynamic tolerance model using field data to account for potential baseline differences in lab-104

held and field-deployed oysters. Finally, we explored the sensitivity of oysters across both exposure105

states to warming by calculating the rate of death (heat failure rates) and by adding 2 °C to106

measured intertidal water temperatures.107

We hypothesize that different intertidal exposures (immersion or emersion) present unique phys-108

iological challenges that propagate at different rates under stressful temperatures, resulting in dif-109
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ferent underlying thermal death time curves. Namely, we expect oysters exposed to air will be more110

die faster than oysters submerged in water over low temperatures due to desiccation, but that at111

higher temperatures immersed oysters will persist for longer than emersed oysters due to metabolic112

depression during air exposure. Warming in air will be more deleterious to oyster survival than113

the same amount of warming in water due to the relatively smaller warming tolerance margin in114

aerially exposed oysters, despite the more rapid heat failure oysters experience in water. We further115

expect that our lab-parameterized dynamic tolerance model will slightly overpredict mortality of116

field oysters due to the acclimation potential of these oysters to variable intertidal conditions.117

2 Materials and Methods118

2.1 Organism Collection and Preparation for Experiments119

We collected 400 adult NEH line diploid Eastern oysters (Crassostrea virginica) from Fox120

Point Oysters, an aquaculture site located in Great Bay, New Hampshire, USA (43°07’45.6”N,121

70°51’03.6”W), for use in immersed and emersed thermal tolerance experiments in the summer and122

fall of 2024. We kept experimental oyster stock used for immersed experiments in a 300-liter flow-123

through circular tank with airstones, so that oysters were able to filter feed from the raw seawater.124

We kept experimental oyster stock in a 300-liter flow-through circular tank with airstones, so that125

oysters were able to filter feed from the raw seawater. Water temperatures in the flow-through126

CML seawater system averaged 14.7 °C (2.2 °C s.d.) during the experimentation period (May127

9th-September 9th 2024). Oysters used in immersed experiments were acclimated in a 568-liter128

indoor recirculating seawater system for at least one week prior to experimentation, with a chiller129

setpoint of 15 °C (15.2 °C, 0.96 s.d.) to match the average acclimation temperature of oysters in130

the immersed TDT experiment.131

We measured and weighed oysters selected for experimentation using an analytical balance and132

digital calipers. Average shell mass across immersed treatments was 40.9 g (7.0 g s.d.), and average133

shell height was 75.2 mm (7.4 mm s.d.), and in the emersed treatments the average shell mass was134

20.0 g (4.8 g s.d.) with an average shell height of 61.0 mm (5.4 mm s.d.; Table S1). Because oyster135

sizes between experiments were different due to availability, we included size as a covariate in later136

models.137

We used two ElectricBlue PULSE V2 (ElectricBlue CRL, Porto, Portugal) heart frequency138

loggers to amplify and record infrared signals from Vishay CNY70 optical infrared sensors (Vishay139

Intertechnology, Inc, Malvern, PA, USA). Infrared detection of heart beats relies on infrared (IR)140

light-emitting diode sensors with a dual emitter and phototransistor to record reflected light. By141

detecting changes in reflected light when positioned over a heart, the PULSE unit records the142

fluctuations as an electric signal for later processing (Abbas et al., 2024; Burnett et al., 2013;143

Levinton et al., 2020; Lima et al., 2025). PULSE units recorded data at 20Hz (5ms intervals).144

We used a rotary tool (WEN 23190, WEN Products, Elgin, IL, USA) with a sanding attachment145

to grind a hole directly above the heart in the left (cupped) valve, as the shell of C. virginica is146
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generally too thick to allow for sufficient IR transmission and reflection back to the sensor.147

2.2 Submerged and Exposed Experimental Design148

For the immersed experiment, we exposed oysters to chronic, static water temperatures in a149

flow-through experimental seawater system composed of ten 80L tanks equipped with a system-wide150

control system (APEX, Neptune Systems, Morgan Hill, CA, USA) to monitor and control water151

quality parameters through connected heat bars. We were limited to 20 oysters per experimental152

trial (10 in the case of our first submerged trial) due to the PULSE units having capacity for ten153

channels each (Table S5). Therefore, we conducted a series of sequential, time-blocked trials in154

order to obtain desired sample sizes. We ended the trial once all oysters had died (determined by155

both referring to heart rate data and manual manipulation of shells) across treatments.156

For the emersed trial, we used a pair of heated incubation chambers (Insect Rearing Chamber157

IN03, Darwin Chambers, St. Louis, MO, USA) to create static aerial temperature treatments. We158

maintained mean humidity levels between 68-72% by filling a tray of reverse-osmosis freshwater159

at the bottom of each chamber. These humidity levels approximate intertidal humidity levels in160

Great Bay, which are between 50-90% (Cheng et al, unpublished data). We recorded chamber161

temperature and humidity levels with separate digital loggers and with probes in a glycol solution162

(GSP-6G, Elitech Technologies, San Jose, CA, USA; Fig. S14).163

We placed ten oysters outfitted with infrared sensors connected to a PULSE heart frequency unit164

into a subtank (immersed) or chamber (emersed) and monitored them daily for signs of gaping and165

cessation of cardiac activity. We stopped the experiment once all oysters showed no signs of cardiac166

activity and continued gaping even after manipulation. Due to equipment limitations, we were only167

able to conduct experiments on two emersed temperatures concurrently, as opposed to up to five168

concurrent temperatures with the immersed experiment, Table S5). Additional methodological169

details are available in Appendix Supplementary Materials and Methods 1.170

2.3 Field Mortality Data171

To validate our survival predictions, we monitored field-deployed oysters at two local inter-172

tidal sites in the summer of 2025. C. virginica is found intertidally throughout the Great Bay173

estuary, often associated with rockweed (Ascophyllym nodosum) cover (McKown et al., 2025). We174

deployed 83 oysters between May 16th and September 10th at Brackett’s Point (“bracketts”, 40175

oysters, 43°03’39”N 70°52’21”W) and between May 29th and September 9th at Jackson Estuarine176

Lab (“JEL”, 43 oysters, 43°05’31”N 70°51’53”W) in Great Bay, NH. Both sites have established177

intertidal oyster populations. Field-deployed oysters were from the same source we used for TDT178

experiments and were of similar size to those used in laboratory TDT trials. We labeled individual179

oysters and measured shell height using calipers to the nearest mm. At both sites, we periodically180

(weekly-biweekly) checked each oyster for signs of mortality, indicated by gaping valves that did181

not close upon touch.182
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At Brackett’s Point, we evenly spaced eight cupside-up oysters to five 30 cm square cement183

pavers affixed with two part epoxy (A-788 Splash Zone Epoxy, Pettit Paint, Greensboro, NC, USA).184

On one paver, we affixed a temperature logger (T7.3 Envlogger, ElectricBlue, Porto, Portugal)185

recording temperatures every 15 minutes (Fig. S15). Each paver was inserted into cages made with186

12.7mm galvanized hardware cloth to exclude predators. We placed these cages at roughly 1m187

above mean lower low water (MLLW; calculated later to be 0.904m MLLW) in the upper intertidal188

zone.189

At JEL, we used four replicate oyster aquaculture 18 mm mesh bags containing eight oysters190

each and one bag with 11 oysters (Fig. S16). This design differed from the experiment at Brackett’s191

Point due to equipment availabilities at experiment start time. We again measured and labelled192

oysters in the same fashion as at Brackett’s Point. We deployed these bags in the upper intertidal193

zone, approximately 0.5m above MLLW (calculated later to be 0.681m). Oyster bags were anchored194

into the substrate in the upper intertidal, along with a HOBO TidbiT MX (HOBO Data Loggers,195

Bourne, MA) recording temperatures every 15 minutes. We also deployed a water pressure logger196

(MX20L-04, HOBO Data Loggers, Bourne, MA) within one of the field oyster cages recording197

ambient pressure data every minute between May 19th and June 12th at JEL and June 18th198

and July 1st at Brackett’s Point. This ambient pressure data, in combination with intertidal199

temperature, were used to score each temperature observation as immersed or emersed at both200

JEL and Brackett’s Point (Appendix Supplementary Materials and Methods 4).201

2.4 Data Analysis202

2.4.1 Tank Temperature and Dissolved Oxygen203

We used mean water temperature as recorded by the Apex system probe or a temperature204

logger. The summary statistics for temperatures obtained with other data sources are found in the205

supplementary material (Table S6). To determine if dissolved oxygen changed across temperature206

treatments and with death, we calculated the 90th and 10 percentiles of dissolved oxygen to repre-207

sent the approximate values when oysters entered experiment and when oysters died (most oxygen208

consumed; Table S7). We used a linear model to test for differences in dissolved oxygen across209

temperature treatments, and a one-way ANOVA to test for differences in dissolved oxygen between210

the 90th and 10th percentiles. This and all following analyses were conducted in R (v. 4.3.3).211

2.4.2 Cardiac Activity Analysis212

We conducted wavelet analyses of heart beat activity for each oyster on hourly timesteps using213

the WaveletComp package (Roesch and Schmidbauer, 2018). We extracted time to death for indi-214

vidual oysters by manually inspecting hourly wavelet plots for cessation of heartbeat activity. We215

used 15-minute intervals as our standard for time to death precision. We discarded nine oysters216

from analysis because the heartbeat was not apparent at any time during the spectral analysis.217

In the supplementary material (Appendix Supplementary Materials and Methods 3), we provide218
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further methodological details and examples of wavelet heartbeat spectral plots, raw heart beat219

signal, and resultant time to deaths.220

2.4.3 Oyster TDT Model221

To model oyster thermal death time, we examined our time to death data with generalized linear222

mixed effects models to examine variation arising from experiment dates, oyster size (mass, grams),223

exposure type, and assay temperature in a model-selection framework. Prior to constructing linear224

models of oyster time to death, we tested if oyster shell sizes were significantly different between field225

sites and field/lab experiments using one-way ANOVAs and Estimated Marginal Means (EMMs)226

averaged over sites and experiments obtained from the emmeans package (Lenth et al., 2025). We227

used total wet mass (g) and height (mm) of individual oysters as a proxy for size. Exploratory228

analysis found no differences in body mass (Type II one-way ANOVA, χ8 = 6.09, P = 0.637), or229

shell height (Type II one-way ANOVA, χ8 = 7.298 , P = 0.505) across temperature treatments in230

lab experiments, but oysters used in the immersed experiments were significantly larger and heavier231

than those used in the emersed experiments (Type II one-way ANOVA, χ1 = 95.095 , p = <0.001;232

Table S4). Therefore, we provided mass as a term in some of our candidate models to ensure mass233

did not explain significant variance in time to death residuals.234

Once we established the inclusion of mass and the ability to remove the acclimation temperature235

term (Appendix Supplementary Materials and Methods 2), we proceeded constructing candidate236

additive and interactive models (Table 1). We used the corrected Akaike’s information criterion237

(AICc) to examine support for the most parsimonious models, with a cut-off of ∆AICc < 2 (Burn-238

ham and Anderson, 2002). We first compared AICc values between a basic linear model (log10(time239

to death) temperature x exposure) and a model with experiment as a random intercept (log10(time240

to death) temperature x exposure + (1|experiment)) using the lme4 package (Bates et al., 2015).241

Based on a lower AICc value for the basic model and the small variance explained by experimental242

trial (0.008), we elected to drop this random effect from model exploration. Data residuals across243

candidate models were all normally distributed (Shapiro-Wilk test, P > 0.05).244

To calculate thermal death time parameters, we used the best-supported model as the basis245

for the tolerance.landscape function developed by Rezende et al. (2014, 2020). This function246

calculates the acute thermal tolerance parameter CTmax(1min) as the x-intercept (log10(t) = 1247

min) of the semilogarithmic TDT curve and the chronic thermal tolerance parameter z as the248

slope of the relationship between assay temperature (Tassay) and log10-transformed time to death249

(t) (Equation (1)). We also calculate CTmax at a duration of 1 h (CTmax(1h)) to derive a more250

biologically relevant measure of thermal tolerance equivalent to single-threshold thermal tolerance251

metrics (Jørgensen et al., 2021).252

log10 (t) =
(CTmax(1min) − z)

Tassay
(1)

We propagated error around the slope and intercept parameters from each linear model within253
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the tolerance.landscape function to calculate standard error around the z (1/slope) and CTmax(1min)254

(-intercept/slope) parameters. We estimated the error using first-order Taylor series expansion via255

the Delta method. We used the variance around the slope term alone to calculate the error around256

z. To calculate error around CTmax(1min) , we needed to propagate uncertainty in both intercept257

and slope, requiring calculation of a covariance matrix and mixed partial derivatives.258

2.5 Heat Failure Rates259

Heat failure rates provide a thermodynamically informed measure of how sensitive a physiolog-260

ical rate (in this case, time to death) is to increasing temperature. Converting thermal tolerance261

to heat failure rates aligns this response to how metabolic scaling is typically understood (Dell et262

al., 2011; Jørgensen et al., 2022; Payne et al., 2025; Stark et al., 2025). This translation allows for263

the application of scaling theory to understand how different stressors may or may not have pre-264

dictable effects on thermal tolerance, which has not been adequately explored. To determine how265

sensitive oyster death rates are to temperature and situate our results against other time to death266

data in mollusks, we calculated the heat failure rate of C. virginica from the empirically derived267

TDT curves using an Arrhenius analysis of activation energies, and compared these rates against268

values from a previous meta-analysis supplemented with values from the literature ((Jørgensen et269

al., 2022)). The slope β of the relationship between the log of heat failure rate (1/time to death,270

min) and 1/temperature (in Kelvin) results in a scaling parameter of heat failure sensitivity. The271

Arrhenius activation energy, which provides a thermodynamic measure of temperature effects on272

heat failure, can then be calculated:273

Ea =
−Rβ

NaC
(2)

Where R is the molar gas constant (8.31 J K−1mol−1), Na is Avogadro’s constant (6.022×1023274

mol−1), and C is a unit conversion factor into electrovolts (eV ) (1.602 × 10-19 J eV −1). A low Ea275

(≈0.66 eV ) is common in permissive-range, monotonic models of biological rates as described in the276

Metabolic Theory of Ecology (MTE), such as metabolic rate (Brown et al., 2004; Dell et al., 2011;277

Michaletz and Garen, 2024; Sibly et al., 2012). Higher Ea values are common in the descending278

portion of unimodal TPCs (Arnoldi et al., 2025; Michaletz and Garen, 2024), and exceed 4 eV279

up to 20 eV for steep TDT curves (Jørgensen et al., 2022). By calculating activation energy, we280

can also determine Q10, a measure of the factorial change in rate over a change of 10 K and is a281

more common cognate of Arrhenius activation energy Ea (Q10 between 2-3 is typical for monotonic282

metabolic rates, and exceeds 1,500 for lethal TDTs). Following methods outlined by (Jørgensen et283

al., 2022), we calculated the Q10 of thermal death time curves as:284

Q10 = e

10KEa

kbT 2 (3)

Where Ea is the activation energy for heat failure, kb is Boltzmann’s constant (8.617×10-5285
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eV K−1), and T is a chosen temperature from which Q10 is calculated. We chose 307.91 K (34.76 °C)286

as the mean assay temperature in our expanded dataset of mollusk thermal death time experiments287

(Jørgensen et al., 2022).288

2.6 Field Mortality Prediction with Intertidal Dynamic Survival Model289

We extended our analysis of C. virginica time-dependent thermal tolerance to the creation of an290

intertidal dynamic survival model (Villeneuve and White, 2024). This model integrates two thermal291

tolerance landscapes we parameterized for low tide (emersed) and high tide (immersed) oysters. To292

simulate error around our predictions, we bootstraped time to death data to create 100 TTLs based293

on the original data. We further collected field data on oyster mortality in the upper intertidal294

to validate the predictions of this intertidal dynamic survival model against empirical data. To295

ensure the oysters used in field deployments were similar in size to those used in laboratory TDT296

experiments, we compared shell height across field and lab oysters using estimated marginal means297

(EMMs) from a linear model with site (Brackett’s Point, JEL, Lab Immersed, Lab Emersed) as a298

fixed effect.299

2.6.1 Temperature Logger Immersion300

We determined the tide height and immersion history of the field mortality temperature logger301

relative to the Squamscott River tide gauge (NOAA 8422687; Section Supplementary Materials and302

Methods 4). We determined the temperature logger at JEL and Brackett’s Point to have a height303

of 0.681 m and 0.904 m, and a time offset from the reference tide station of 17 and 6 minutes,304

respectively (Fig. S17). From these tide heights, we reconstructed the immersion status of each305

time point from the intertidal temperature logger time series. We interpolated our field temperature306

data from 15min to 1min resolution using linear interpolation to match the time resolution of the307

pressure data, providing a time series of field temperature and exposure type at one-minute intervals308

at both JEL and Brackett’s Point.309

2.6.2 Implementation of the Intertidal Dynamic Survival Model310

Rezende et al. (Rezende et al., 2020) developed a numerical algorithm to predict mortal-311

ity through time given a temperature time series and a thermal tolerance landscape (TTL). The312

method iteratively shifts a survival probability function, defined by the TTL, in response to tem-313

perature fluctuations and calculates instantaneous mortality at each time point. Total mortality314

is the cumulative sum of all of these mortality rates. However, in order to account for organism315

recovery that occurs after exposure to stressful temperatures, the total stress must be ‘reset’ at316

some interval (in terrestrial systems, every night), and the total survival over multiple resetting317

periods is calculated as the cumulative sum of survival fractions at the end of each day.318

We adjusted the dynamic.landscape model developed by (Rezende et al., 2020) to both in-319

tegrate TTLs from immersed and emersed oysters and reset stress at the end of each tidal cycle320
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in our new function dynamic.landscape.2curve. This function conditionally uses one of the two321

provided TTLs based on a temperature observation (emersed or immersed) to calculate heat stress322

at a given timestamp. We first broke up the temperature time series by tidal cycle, defined as323

starting with immersion (“immersed” status) and ending with the last emersed observation after324

a cycle of submersion and exposure occurs (Fig. 1A-B). Using experimentally-derived TTLs for325

immersed and emersed oysters (Fig. 1C-D), we allowed stress to accumulate starting from the first326

observation of submersion and ending with the last emersed temperature of the tidal cycle, thus327

effectively resetting stress every tidal cycle. Once the function finishes calculating the minimum328

survival Smin,TTL1 during the immersed period of the tidal cycle j, it switches to using the emersed329

TTL to calculate minimum emersed survival Smin,TTL2, but continues the time shift started at the330

beginning of the tidal cycle (Equation (4)).331

Sj = Smin,TTL1 − (100− Smin,TTL2) (4)

This allows stress to carryover from submersion. To calculate cumulative mortality over the332

length of entire tide series (n), we calculated the final cumulative sum of mortality Sfinal across333

both immersed and emersed exposures for each tidal cycle j (Equation (5)).334

Sfinal = 100×
n∏

j=1

(
Sj

100
) (5)

To parse the proportion of mortality occurring during tidal cycle submersion and exposure, we335

summed log-transformed mortality across tidal cycles (Fig. 1E). This log transformation accounts336

for the multiplicative nature of survival over time, allowing additive comparisons across tidal cycles337

and enabling attribution of cumulative mortality to each condition. In addition to calculating total338

survival over the temperature time series across both field sites, we also calculated survival using339

just a single TTL (immersed or emersed) for all tidal cycles to examine the relative importance of340

each exposure type to total mortality.341

To establish prediction goodness-of-fit, we first calculated a percent change analysis of field342

and predicted survival data based on field survey dates. From this percent change analysis, we343

then calculated Root Mean Square Error (RMSE) between model predicted survival and observed344

survival at each field site. We also calculated Kaplan-Meier survival estimates for each field site345

using the survival (Therneau et al., 2026) package to calculate the 95% Confidence Interval of346

field observed survival probability. At JEL, we observed two extreme mortality events on July 18th347

and 24th, 2025 that did not correspond with extreme temperature events in our intertidal logger348

data. Construction at the marine station dock occurred during this time period. Therefore, we349

conducted an analysis both including (results in Section Supplementary Materials and Methods 2)350

and excluding (results in main text) these two mortality events from our goodness-of-fit analysis,351

as they likely represent non-thermal stressors.352
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Figure 1: Conceptual figure of predicting survival in the intertidal eastern oyster
Crassostrea virginica in a single tidal cycle. A tide cycle is defined as starting with immersion
and ending immediately after a full immersion-emersion cycle. A) A tidal height time series and
corresponding temperature logger tide height are used to delineate periods of submersion and
exposure (immersion and emersion). B) These periods of logger submersion are converted to an
exposure status for observed intertidal temperature taken from a data logger. C) and D) represent
the thermal death time (TDT) curves for oysters submerged in water (immersion at high tide,
blue) and exposed to air (emersion at low tide, red). These curves are then used as the basis for a
probabilistic Thermal Tolerance Landscape (TTL) for each exposure type. E) Each exposure TTL
is then used to calculate cumulative survival conditionally based on the exposure status of each
temperature observation. We finally calculate the survival of oysters across multiple tide cycles to
produce a prediction of cumulative survival over time in the intertidal.
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2.6.3 TDT Bootstrapping353

To quantify error around our modeled survival estimates, we used a nonparametric bootstrap354

procedure to resimulate thermal tolerance landscapes for each of the two exposure types 100 times,355

and then predict survival over field temperatures using these 100 landscapes. We resampled the356

empirical residuals of each time to death experiment with replacement, stratified by temperature,357

to match the original sample size we used in each experiment. This resampling procedure maintains358

the original statistical structure of the time to death data while allowing for variability in slope and359

intercept estimates. We then refit the linear models to each resampled dataset and recalculated360

thermal tolerance landscapes using the tolerance.landscape function, resulting in 100 bootstrap361

thermal tolerance landscapes. We then used our custom dynamic.landscape.2curve function to362

predict survival over the field temperature time series using each of the 100 bootstrap thermal363

tolerance landscapes for both exposure types.364

2.6.4 TDT Curve Simulation-Based Calibration365

Exploration of average field acclimation temperature data revealed that oysters used in TDT366

experiments were exposed to mean intertidal acclimation temperatures (mean immersed oysters 14.7367

°C, 2.2 °C s.d., mean emersed oysters 15.2 °C, 0.96 °C s.d.) with average water temperatures at368

JEL and Brackett’s Point calculated from intertidal loggers (two week post-deployment mean water369

temperatures, mean JEL 16.32 °C (2.29 °C s.d.), mean Brackett’s Point 17.28 °C (1.63 °C s.d.).370

However, intertidal air temperatures were warmer and much more variable (JEL 19.07 °C 7.47 °C371

s.d. and Brackett’s Point 19.46 °C 6.29 °C s.d.), indicating field oysters may have become acclimated372

to both variable and warmer exposure conditions. Therefore, we completed a sensitivity analysis373

to see how manipulating TDT curve parameters based on hypothetical acclimation to warmer374

temperatures would affect our predicted survival results. We chose two larger CTmax(1min) values375

and two smaller z values in addition to the original calcualted values. This is based on research in376

Drosophila and the oyster Magallana gigas that show acclimation to warmer temperatures tends377

to increase CTmax(1min) and decrease z (Baeza Icaza et al., 2025; Rajagopal et al., 2005). These378

authors found warming acclimation increased CTmax(1min) by about 2-3 °C and decreased z by about379

2, or did not reduce z at all. Based on the behavior of these parameters, we bootstrap simulated380

the survival over field temperatures again, but this time varying the slope (z and CTmax(1min))381

and intercept (z) across all possible combinations, for a total of 18 new TTLs (all combinations382

of 3 candidate z and CTmax(1min) values per curve equals 9 parameter sets per immersed/emersed383

exposure, with a total of 81 unique combinations; Fig. S18). Similar to the bootstrapping simulation384

procedure used to resimulate the original two TTLs, we resimulated the data by resampling with385

replacement the empirical residuals, but over TDT curves with one of the 18 possible slopes and386

intercepts. We then recalculated survival through time of oysters at JEL and Brackett’s Point using387

intertidal logger temperature data, and the difference in survival between field survival census dates388

calculated for both field and candidate predicted survival data. From this percent change analysis,389

we calculated model prediction goodness of fit with Root Mean Square Error (RMSE) for each390
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candidate TTL combination. We identified the immersed and emersed TDT parameter combination391

that minimized RMSE across candidate parameters as a possible field acclimation-optimized model.392

2.6.5 Warming393

To determine the relative importance of future air and water temperature warming to field oyster394

survival, we simulated future temperature scenarios by adding +2 °C to either air temperatures395

during emersed periods only, water temperatures during immersed periods only, or both air and396

water temperatures simultaneously. We then used the optimal selected TDT curve parameters from397

the simulation-based calibration step as the basis of the TTLs used to predict survival under these398

future warming scenarios.399

3 Results400

3.1 Thermal Death Time Curves and Thermal Tolerance Landscapes401

Under model selection the best-supported model modeled time to death as an interactive func-402

tion of treatment temperature and experiment exposure type (Table 1). We found strong support403

for the interactive effect (P = 0.003) of temperature and exposure type on time to death (Gaussian404

Linear Mixed Effects Model, F3,136 = 194.6, R2 = 0.811). The model predicted time to death to405

decrease significantly with increasing temperature (P < 0.001). The slope of the immersed TDT406

curve (β = -0.171) was significantly steeper than the slope of the emersed TDT curve (β = -0.091, P407

< 0.001), indicating that while immersed oysters were more tolerant than emersed oysters at lower408

temperatures, immersed oysters accumulated heat stress faster than emersed oysters as temperature409

increased (Table 2).410

Model K AICc ∆AICc
AIC

Weight
Log

Likelihood
log10(min.of.death) ∼ temp× exposure 5 66.13 0 0.95 -27.84
log10(min.of.death) ∼ temp×massg × exposure 9 72.07 5.95 0.05 -26.34
log10(min.of.death) ∼ temp+massg × exposure 5 105.86 39.73 0 -47.71
log10(min.of.death) ∼ temp+ exposure 4 107.21 41.09 0 -49.46
log10(min.of.death) ∼ temp+massg + exposure 6 107.99 41.86 0 -47.68
log10(min.of.death) ∼ temp 3 115.6 49.48 0 -54.71

Table 1: Model selection outputs for TDT experiments. Bold face font indicates model selected
for ultimate analysis.

While we did not record tank-specific oxygen concentrations for each oyster, and thus omitted411

this as a model term, our analysis indicates that dissolved oxygen (DO) levels, represented by the412

90th and 10th percentiles, did not significantly vary across temperature treatments. DO at the 90th413

percentile (Linear Model, P = 0.822) and the 10th percentile (Linear Model, P = 0.617) remained414
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Estimate Standard Error t-value P value
Intercept 6.662 0.324 20.590 <0.001
Temperature ( °C) -0.091 0.008 -11.788 <0.001
Immersed Exposure 2.949 0.453 6.503 <0.001
Emersed Exposure -0.080 0.011 -7.015 <0.001

Table 2: Linear model summary of the immersed and emersed experiment TDT models
(log10(min.of.death) ∼ temp× exposure). Bold font indicates P values < 0.05.

consistent between treatments, suggesting similar maximum and minimum DO levels. However, a415

One-way ANOVA revealed that the 10th percentile of DO was significantly lower than the 90th416

percentile across all temperature treatments (P < 0.001), indicating a marked reduction in DO as417

oysters neared mortality. These findings suggest that oxygen dynamics may have contributed to418

thermal tolerance across all temperature conditions.419

We calculated the acute thermal tolerance parameter CTmax(1min) = 56.24 °C ± 5.38 (-intercept/slope420

± SE), the biologically realistic tolerance at one hour exposure CTmax(1hr) = 45.83 °C, and a ther-421

mal sensitivity parameter z = 5.85 ± 0.33 (-1/slope ± SE) for the immersed oyster TDT. For the422

emersed oyster TDT, we calculated comparatively larger parameter values of CTmax(1min) = 73.05423

°C ± 6.87, CTmax(1hr) = 53.55 °C, and z = 10.97 ± 0.66 (Fig. 2). While the interactive model424

explained 81.1% of the variance (adjusted R2 = 0.811), TDT curves calculated for each exposure425

explained slightly more variance (emersed R2 = 0.83, immersed R2 = 0.8). Above 37.03 °C, where426

these two TDT curves intersect, oysters that were emersed in air could withstand elevated tem-427

peratures longer than when in an equivalent water temperature. Below 37.03 °C, oysters in water428

could withstand lethal temperatures longer than oysters in air.429
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Figure 2: Thermal Death Time (TDT) curve for adult C. virginica exposed to air and
water immersion heat stress. Thermal Death Time (TDT) curve for adult C. virginica exposed
to air and water immersion heat stress. Ribbons around lines of fit are confidence intervals. Dashed
line of fit describes the model when extrapolated beyond bounds of time to death data collected.
Inset table contains TDT parameters, including R2 (goodness of fit between the parameterized
TDT curve and raw data), CTmax (acute thermal tolerance, x intercept when y = 1 min), and z
(chronic thermal tolerance, slope of line). Standard error around CTmax and z were propagated
with Taylor series expansion via the Delta method from linear model fit parameters (see Methods).
The black point and dashed lines indicate the point of TDT curve intersection at 37 °C and 1,941
minutes.

3.2 Heat Failure Rates430

We calculated the activation energy for heat failure as 3.283 eV and a Q10 of 55.57 for immersed431

C. virginica, and an activation energy of 1.78 eV and Q10 of 8.86 for emersed C. virginica, indicating432

emersed oysters are much more temperature sensitive than immersed oysters. This failure rate is433

well within the distribution of previously calculated values for mollusks (45.16% percentile and434

9.68% percentile, immersed and emersed, Fig. S19). However, these values indicate that heat435

failure was not as rapid in C. virginica as other species, further confirmed by the relatively high436
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z values (5.85 and 10.97 for immersed and emersed oysters, respectively). Emersed oysters are437

therefore less effected by heating than immersed oysters, and generally C. virginica is a resilient438

mollusk species to warming.439

3.3 Field Validation of Intertidal Dynamic Survival Model440

Oysters used in the field experiments were not significantly longer than those used in the TDT441

lab experiments (EMM ± SE: field = 68.7 ± 1.6 mm, experiment = 68.6 ± 0.90 mm, P = 0.94).442

Oyster height was not different between field sites (EMM ± SE: Brackett’s Point = 68.7 ± 1.7 mm,443

JEL = 68.8 ± 1.8 mm, P = 0.9).444

Intertidal temperatures at our field sites had mean values of 21.4 °C (5.52 °C s.d.) at Brackett’s445

Point and 20.5 °C at JEL (4.51 °C s.d.), maximum values of 48.0 °C at Brackett’s Point and 42.3 °C446

at JEL (August 12th and July 16th 2025, respectively), and minimum values of 8.4 °C at Brackett’s447

Point and 7.7 °C at JEL (May 23rd and June 3rd, 2025, respectively; Fig. 3A). The distribution448

of immersed water temperatures closely approximated that of water temperature recorded from a449

nearby NERRS buoy, but had more extreme high temperature values (Fig. S21). This is an artifact450

of cooling loggers at the start of immersion, indicating body temperatures of oysters may be high451

at the start of immersion tidal cycles. Emersion temperature distributions were wider, reflecting452

relatively cool nighttime and cloudy day air temperatures as well as extremely hot conditions during453

sunny daytime conditions.454

Of the 83 oysters we deployed across two deployments, 42 oysters died (6 at Brackett’s Point, 36455

at JEL). We did not observe any evidence of predation from crabs or oyster drills on our deployed456

oysters. Our intertidal dynamic survival model predicted survival of 22.29% (7.7, 22.7 95% CI) for457

oysters deployed at Brackett’s Point, and 47.22% (36.4, 58.3 95% CI) for oysters deployed at JEL.458

These predictions are respectively lower and higher than field observed values of 85% at Brackett’s459

Point and 16.28% at JEL (26.2% and 290% of modeled survival (Fig. 3B), and bootstrapped final460

survival values did not overlap with any field observations (Fig. S20).461

Our method predicted higher survival at all time points compared to models that use just462

an immersed or emersed-parameterized dynamic tolerance model. In the dual-TTL model, we463

attributed 99.3%/89% (Brackett’s Point/JEL) and 0.7%/11% (Brackett’s Point/JEL) of modeled464

mortality to emersed and immersed periods of tidal cycles during the field deployments, respectively465

(Fig. S22). Overall, the model performed best at Brackett’s Point (RMSE = 6.4, 95% CI =466

5.57/6.71) compared to JEL (RMSE = 10.4, 95% CI = 10.36/10.47; Fig. S23).467

3.4 Simulation-Based Calibration of the Dynamic Tolerance Model468

Our calibration analysis of TTL parameter combinations revealed an optimal combination of469

CTmax(1min) and z values for both immersed and emersed oysters that minimized RMSE between470

predicted and observed survival at both field sites (Brackett’s Point = 0.93, JEL = 2.29; Figure 3.4).471

For the emersed TTL at Brackett’s Point, increased CTmax(1min) and reduced z CTmax(1min) = 74.2472

°C, z = 8.3) minimized RMSE, while at JEL the original CTmax(1min) and z parameters minimized473
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Figure 3: Intertidal temperatures at Brackett’s Point and JEL, with corresponding
observed and modeled survival under original TTLs. A) Intertidal temperature in the
upper intertidal of Brackett’s Point between May 16th and September 10th 2025 (left panel) and
Jackson Estuarine Lab (JEL; right panel) between May 29th and September 9th 2025, co-located
with oyster mortality survey. Red portions of the time series indicate time stamps when the
loggers (and by proxy, the field deployed oysters) were predicted to be above water (low tide,
exposed status), blue portions when loggers were predicted to be below water (high tide, submerged
status). B) Field observed survival (points), 95% CI of field survival (colored ribbon), and modeled
survival of 83 oysters distributed across Brackett’s Point and JEL. The line type indicates the type
of survival prediction, with the dashed line representing field survival, the dotted black line the
survival prediction given by the experimental data, and the multiple solid lines indicating the 100
bootstrapped survival predictions from the original survival model.
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RMSE CTmax(1min) = 73.5 °C, z = 10.4). When the two extreme mortality observations at JEL474

from July 18th and 24th, 2025 are included, RMSE for the best fit combination of parameters475

CTmax(1min) = 77.5 °C, z = 12)) rose to 10.34. For the immersed TTL at Brackett’s Point, the476

original parameters CTmax(1min) = 56.7 °C, z = 6) minimized RMSE, while at JEL a slightly larger477

CTmax(1min) and lower z minimized RMSE CTmax(1min) = 57.7 °C, z = 4.9; Fig. S24). Using these478

optimized TTL parameters, the intertidal dynamic survival model predicted survival of 83.9% for479

oysters deployed at Brackett’s Point, and 68.2% for oysters deployed at JEL. These predictions are480

closer to field observed values of 85% at Brackett’s Point and 16.28% at JEL (101.3% and 23.87%481

of modeled survival for Brackett’s Point and JEL, respectively.482
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Figure 4: Survival predictions using simulation calibrated TTLs. A) Survival predictions
produced from 81 different TTL parameter combinations (gray), with the best-fit model to field data
(red) highlighted in blue. The colored ribbons indicate the 95% confidence interval around percent
change in field survival. Modeled survival prediction using experimentally-derived TTLs shown in
black. B) Percent change analysis used to identify the optimal combination of TTL parameters
to minimize Root Mean Squared Error between predictions (gray lines) and field data (red lines
and points). Black lines and points indicate modeled survival using experimentally-obtained TTLs.
The percent change in survival given by the combination of TTL parameters that minimized RMSE
are shown in blue. For field data from JEL, the two extreme mortality observations that were not
attributable to heat stress and removed from percent change analysis and the final selection of the
optimal TTL parameter combination are shown in dotted red lines.

3.5 Climate Warming Simulation483

Under 2 °C of warming in both air and water applied to the intertidal temperatures, our model484

predicted the highest reduction in survival at both Brackett’s Point and JEL (-20.8% and -37.2%485

change from 2025 baseline and end survival of 66.4% and 42.8%, respectively; Fig. 5) using the486

calibrated TTLs for each site. Warming in just air (Brackett’s Point = -13.8% change, survival487
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= 72.3%, JEL = -30.9% change survival = 47.1%) resulted in more slightly mortality than just488

warming in water (Brackett’s Point =-12.9% change, survival = 73.1%, JEL = -21% change, survival489

= 53.9%). While Brackett’s Point was a hotter site, survival was higher than at JEL because we490

used the optimized TTL from the simulation calibration procedure, which possibly arose because491

of different heat hardening acclimation at the two sites.492

Temperatures during emersion were clearly causing the accumulation of heat stress, while water493

temperatures at both sites were both much cooler than those necessary to result in significant494

accumulation of mortality. Slightly more elevated mortality at JEL during water warming scenario495

is attributable to the less precise parsing of whether a temperature observation occurred during496

tidal immersion or emersion (see Methods).497

Figure 5: Impacts of 2° C warming on modeled intertidal oyster survival. Impacts of 2
°C warming during tidal emersion (yellow), immersion (green), and throughout the tidal cycle (red)
on predicted oyster mortality at Brackett’s Point and JEL. Warmer water had the smallest impact
on oyster survival, with warming in both air and water having the largest impact on survival due
to the relatively larger contribution of warmer emersion to mortality.

4 Discussion498

Marine and atmospheric heatwaves pose a serious threat to persistence of intertidal invertebrates499

populations, but producing predictions of lethality has been hampered by a lack of generalization500

across heat events and changing exposure. Our results suggest that while C. virginica can withstand501

high temperatures for short periods of time, the accumulation of heat stress during low tide exposure502

can lead to rapid mortality. Our field validation of the intertidal dynamic survival model suggests503

that this model is a useful tool for predicting mortality in intertidal environments, but that further504

refinement is needed to account for the complex dynamics of biological stress accumulation, recovery,505
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and acclimation in the intertidal zone.506

4.1 Thermal Death Time Curves Reveal Divergent Responses of Intertidal507

Thermal Tolerance508

We found that emersed oysters persisted at higher temperatures longer than immersed oysters,509

and vice-versa at lower temperatures. This suggests that oyster tolerance mechanisms (whether510

physiological and/or behavioral) change in strength during tidal cycles (Fig. 6). We obtained511

dramatically larger values of CTmax(1min) and z (CTmax(1min) = 73.05 , z = 10.97 for emersed512

oysters than immersed oysters, indicating enhanced emersion tolerance. When we compared the513

heat failure rate (closely linked to z, Equation (2)) for emersed oysters (eA = 1.782 eV ), these514

parameter values were similar to those for emersed tropical oysters Crassostrea rhizophorae (eA =515

1.979 eV ). This indicates such low emersed heat failure rates (and therefore high values of z) may516

be a common response in intertidal oysters (Littlewood, 1989). Heat failure in immersed oysters517

(eA = 3.283 eV ) is much more rapid than non-lethal traits in permissive temperature ranges such as518

growth and movement speed (0.5-0.8 eV ), aligning with expectations that temperature increases in519

extreme, non-permissive temperature ranges will have an exponential effect on organism persistence520

and result in lethal effects (Jørgensen et al., 2022). While emersed oysters had a much lower521

activation energy than immersed oysters, indicating a degree of aerial warming will have a smaller522

proportional effect on heat failure, our calculated value is still much higher than expected for traits523

found in non-lethal traits. Importantly, C. virginica lives much closer to its thermal limits when524

emersed than immersed (Deutsch et al., 2008; Somero, 2002; Somero, 2010), so this lower heat525

failure rate may not provide much buffer in an already extreme, and warming, environment.526

Thermal death time curves themselves are emergent statistical phenomena of many mechanisms527

working together on different scales of time and biological organization, with a baseline pattern528

explained by the physics of temperature. The intersecting, and therefore divergent, response of529

survival time to temperature across exposure treatments is likely due to interactions of multiple530

adaptive physiological traits and behavior rather than a tradeoff in a single phenotype (Fig. 6).531

Two potential mechanisms may be responsible for this observed effect: evaporative cooling through532

gaping and metabolic depression. Gaping behavior can cool bivalves compared to ambient tem-533

peratures and concurrently improve oxygenation through enhanced gas exchange across wet gill534

tissue (Hicks and McMahon, 2003; Nicastro et al., 2012; Nicholson, 2002). Numerical heat budget535

models suggest evaporation of water from wet tissues during gaping can cool overall bivalve body536

temperatures by several degrees, dependent on ambient humidity, wind speed, and solar radiation537

(Helmuth, 1998). However, evidence suggests this may not have an appreciable effect in the field538

(Jost and Helmuth, 2007; Nicastro et al., 2012). The rates of evaporation in the experimental incu-539

bators were limited by the constant levels of humidity (∼75%) across treatments, thus controlling540

for one of these covariates. We observed, but did not measure, periodic gaping within the first few541

hours of incubator experiments that could potentially lower oyster body temperature compared to542

the ambient chamber temperature. At lower durations and higher temperatures, emersed oysters543
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Figure 6: Conceptual diagram of the proposed physiological, physical, and behavioral
drivers of immersed and emersed TDT curves. At lower lethal temperatures, immersed
oysters (blue) may die due to starvation and increased susceptibility to bacterial infection, increasing
demands on energy for basic maintenance. Emersed oysters (red) experience desiccation stress
over long periods of time, impacting their ability to exchange gases across tissues and perform
other organ functions. Over higher lethal temperatures, immersed oysters may die due to an
insufficient supply of dissolved oxygen, inability to behaviorally thermoregulate via gaping, and
lack of an environmental signal to induce cellular defenses. Finally, emersed oysters may depress
their metabolism and upregulate cellular defenses in response to an emersion environmental signal,
thereby extending their time to death compared to immersed counterparts. They additionally may
gape, which can increase oxygen availability for aerobic metabolism as well as cooling the individual
through evaporation. Not shown are molecular processes such as protein denaturation and loss of
membrane layer integrity.
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may survive longer due to their higher partial pressure of oxygen in air across still-moist tissues544

compared to warmed seawater. Conversely, over lower temperatures on the TDT curve (below545

TDT curve inflection at 37 °C), oysters were subjected to longer periods of air exposure which can546

lead to drastic losses in tissue weight due to desiccation, potentially leading to a loss of resistance547

time (Helmuth, 1998; Lent, 1968; Nicastro et al., 2012; Overton et al., 2024). Given gas exchange548

occurs in wet mantle and gill tissue, the loss of resistance time in emersed oysters may also be due549

to a prolonged period of anaerobic metabolism compared to an equivalent exposure duration in550

immersed oysters.551

Oxygen limitation likely plays a critical role in the differentiation between immersed and emersed552

TDT curves. Aerobic metabolism often cannot meet the energetic demands of survival under553

extreme stress, which can further be exacerbated by a reduction of dissolved oxygen in warm water554

(Sokolova, 2013; Sokolova et al., 2012). In these cases, an organism may use anaerobic metabolism555

to attempt to keep with energy demands in the short term at the expense of long-term fitness.556

Heart rate correlates with oxygen uptake in bivalves, with heart rate increasing in tandem with557

temperature as bivalves attempt to maintain their aerobic scope through increased oxygen uptake558

(pejus), though this is often offset with some amount of anaerobiosis (Eymann et al., 2020; Götze559

et al., 2025). Once aerobic metabolism fails, and energy is produced almost exclusively through560

anaerobic pathways (pessimum), arrhythmia and bradycardia occur (Liao et al., 2021). Thus,561

slowing cardiac rate and arrhythmia in oysters should occur either once oxygen capacity is not562

met and a switch from aerobiosis to anaerobiosis occurs, and cessation of cardiac activity should563

occur when anaerobic metabolism can no longer meet energy demands through metabolic means564

(Eymann et al., 2020; Pörtner et al., 2017). The tight connection between cardiac activity, loss565

of energetic currency, and death argues in favor of monitoring organ function with biosensors to566

determine time to death in non-model species, rather than visual assays (e.g. knock-down).567

In our experiments, immersed oysters did not have any supplemental oxygen or air bubbled into568

their tanks other than the “fresh” preheated seawater. Thus, the oxygen availability in the tank569

treatments likely decreased with an increasing assay temperature. Further, as oysters respired,570

boundary layers of deoxygenated water likely formed around each oyster, further reducing available571

dissolved oxygen (Verberk and Atkinson, 2013; Verberk et al., 2016). Over short intervals, oysters572

can override such dissolved oxygen limitations in water by metabolizing anaerobically, but without573

supplemental oxygen oysters in general can only survive in non-steady state metabolism for short574

periods. Emersed oysters may have been able to exploit the higher concentration of atmospheric575

oxygen to avoid anaerobiosis in the short term through gaping, especially if desiccation stress is low576

(McMahon, 1988). Alternatively, emersed oysters may enter metabolic depression as an anticipatory577

action to long-term emersion stress, thereby reducing their oxygen demands for aerobic metabolism578

and enabling longer survival at particularly stressful high air temperatures (Bjelde and Todgham,579

2013; Guppy and Withers, 1999; Hui et al., 2022; Marshall and McQuaid, 1991; Marshall and580

McQuaid, 2010; Shick et al., 1988). Metabolic depression is further enabled by the cessation581

of non-basal maintenance behaviors such as feeding (McMahon, 1988). Metabolic strategies can582
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differ between mollusk species, however; Lottia limpets displayed metabolic depression in stressful583

submersion and emersion temperatures, but emersed limpets had a higher final cardiac breakpoint584

temperature (Bjelde and Todgham, 2013), while Mytilus mussels experienced bradycardia when585

exposed to air (Shick et al., 1988). Critically, the oysters we used in laboratory experiments were586

acclimated to normoxic submerged conditions only, which may have limited their ability to deploy587

metabolic depression during emersed experiments and potentially provide an overly conservative588

estimation of oyster time to death in intertidally-acclimated populations (Altieri, 2006; Meng et589

al., 2018; Shick et al., 1988; Zwaan and Eertman, 1996).590

4.2 Dynamic Tolerance Models Using TTL-Switching Outperform Emersed and591

Immersed Thermal Tolerance Models592

For the first time, we modeled survival in the intertidal zone using an adjusted dynamic survival593

model to account for different thermal tolerance strategies over time in a single organism. Since594

the TDT curves of each exposure type intersect, oysters best tolerate immersion below 37 °C and595

emersion above 37 °C. Considering low tide temperatures exceeded 40 °C in the field, while water596

temperature rarely exceeded 30 °C (values above this occur occasionally as loggers cooled down597

immediately following immersion), mortality mainly occurred in response to low tide-conditions.598

Emersion temperature is likely an adaptive filter, where selective pressure to evolve behavior and599

mechanisms that can cope with extreme air temperatures may be operating in these oyster pop-600

ulations (Dong, 2023; Leeuwis and Gamperl, 2022). However, since different mechanisms (both601

physiological and behavioral) appear to operate in composite on different ends of each TDT curve,602

the overall thermal tolerance observed may be a product of multiple mechanisms rather than a603

single adaptive or tradeoff strategy (Jørgensen et al., 2019). This also suggests that mechanisms604

of stress accumulation and recovery differ not only between acute and chronic temperatures, but605

also exposure type. The extent to which recovery between emersion events occurs will depend on606

the immersed water temperature, indicating a thermal load sensitivity for intertidal organisms will607

need to account for differential recovery across tidal emergence states (Arnold et al., 2025; Buckley608

et al., 2025; Ma et al., 2018; Seuront et al., 2019).609

4.3 Experimentally Derived TTLs overpredict Field Survival610

Our standard intertidal dynamic tolerance model generally overpredicted field mortality across611

our two field sites in Great Bay (RMSE = 6.4 and 3.33, Brackett’s Point and JEL). A potential612

confounding issue of using our lab-derived TTLs within the intertidal dynamic survival model613

was the difference in acclimation regime for the laboratory oysters and the field oysters. Oysters614

used in lab experiments were kept in constant submersion conditions in water a few degrees cooler615

than the temperature of Great Bay during field oyster deployment, and field oysters were able to616

acclimate to permissive intertidal conditions before more extreme low tide conditions occurred later617

in the summer. Plasticity arising from acclimation and heat hardening to constant conditions in618

laboratory settings are known to induce plastic responses in ectotherms, although the effect size and619

24



direction of acclimation can vary across populations, species, and experimental methods (Barley620

et al., 2021; Calosi et al., 2016; Oliver and Palumbi, 2011; Schaum et al., 2022; van Heerwaarden621

and Kellermann, 2020; Villeneuve et al., 2021). Prior exposure to variable temperatures, such as622

those that occur in the intertidal, can either enhance performance or become deleterious depending623

on the frequency and amplitude of variation against background temperature (Pereira et al., 2025;624

Seuront et al., 2019; Vajedsamiei et al., 2021; Walton et al., 2025). Our simulation calibration625

indicates that modest increases in intercept or slope (increased CTmax(1min) or decreased z) of626

the underlying emersed TDT curve better predicted field data at our two study sites (RMSE =627

0.93 and 2.29, Brackett’s Point and JEL). While we cannot definitively attribute these calibrated628

parameters to warmer or more variable acclimation, the shift in curve parameters are consistent629

with experiments explicitly testing the effects of sublethal acclimation on TDT curves in Drosophila630

flies (Baeza Icaza et al., 2025) and the Pacific oyster Magallana gigas (Rajagopal et al., 2005). It is631

further possible that the immersed TDT curve also shifts due to intertidal acclimation. However,632

because mortality accumulation was extremely low to nonexistent when oysters were submerged,633

our calibration approach did not identify more optimal TDT parameters.634

We observed a 55% drop in survival at JEL over a period of two weeks that was not explainable635

by temperature alone. We hypothesize that there was some environmental event or plastic response636

that caused oysters to be more susceptible to heat stress. Hyposaline events are a well-known637

contributor to oyster mortality, particularly when occurring in tandem with elevated temperatures638

(Bible et al., 2017; Cheng et al., 2017; Du et al., 2021; Goff et al., 2016). However, salinity in Great639

Bay as measured from a nearby NERRS buoy never dropped below a normally tolerable 20 PSU640

during the study period. Hypoxia, another potential contributing factor to oyster mortality (Davis641

et al., 2023), did not occur in Great Bay in the summer of 2025 - dissolved oxygen values in the642

early summer never went below 6 mg/L (station GRBGBWQ, NERRS CDMO).643

If environmental conditions did not directly cause additional mortality, then biological causes644

may be responsible. In Great Bay, oysters spawning starts in May as indicated by the presence of645

D-hinge larvae in the water column by early June (Stasse et al., 2022). Reproductive investment for646

gametogenesis and spawning early in the season may exhaust energy reserves, resulting in higher647

demands on metabolism to supply energy under extreme temperature conditions (Li et al., 2007;648

Wendling and Wegner, 2013). Time to death could therefore have been faster than expected because649

our field oysters spawned, lowering their resistance to thermal challenge. Finally, bacterial infection650

and disease could have weakened oysters at JEL, but not at Brackett’s Point. Vibrio infections are651

more prevalent in C. virginica in warmer waters, as these conditions are more conducive to bacterial652

growth (Cowan et al., 2023; Green et al., 2019; Perdue et al., 1981; Siboni et al., 2024; Wendling and653

Wegner, 2013). However, water temperatures during the anomalous mortality event were cooler654

than later in the summer - only air temperatures had large June anomalies. Anoxic environments655

provide an advantage to anerobioic bacteria, particularly in warm water, which can also produce656

harmful hydrogen sulfide (H2S; (Steeves et al., 2025)). It is possible that immersed oysters in657

our laboratory experiments were limited by bacterial growth, particularly over long temperature658
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exposures. Further, recently spawned oysters have weaker immune system responses, which can659

provide opportunities for infection at otherwise non lethal temperatures (Li et al., 2007). Different660

oyster mortality events may be caused by different factors at different times of the year, with661

temperature only one of many stressors acting on intertidal populations. Our modeling framework662

allows us to set a null expectation for mortality due to temperature alone, allowing future work to663

identify when other factors are likely at play.664

4.4 Impact of Future Warming665

Our warming simulations indicate that aerial heatwaves are likely to be more deleterious to666

intertidal oysters than marine heatwaves in isolation. We calculated 9.5% greater mortality when667

only air temperature is increased compared to only water temperature for the oysters acclimated at668

Brackett’s Point. Many intertidal thermal tolerance assays focus on submerged thermal tolerance669

only, which may not be informative if the warming tolerance of fully submerged organisms is much670

higher than those experienced during emersion (Deutsch et al., 2008; Vajedsamiei et al., 2024;671

Walton et al., 2025). For example, the widespread mass mortality events of intertidal bivalves672

during the 2021 Pacific Northwest heatdome were mostly correlated with repeated low tide exposure673

of intertidal areas during daily solar maxima (Hesketh and Harley, 2023; Raymond et al., 2022;674

Raymond et al., 2024). Warming of water temperature in temperate marine environments is likely675

important, but in the context of recovery rather than outright contributing to the accumulation of676

thermal stress (Arnold et al., 2025; Buckley et al., 2025; Ørsted et al., 2025; Seuront et al., 2019).677

Future work can identify the point at which submersion ceases to aid in recovery, and instead678

antagonistic stress accumulation processes take over - our model can then be improved to integrate679

potential temperature-dependent recovery.680

It is also possible that oysters will adapt to future warming conditions, although such genetic681

shifts in a population will be dependent on the strength of selective pressure and genetic variation682

within intertidal oyster populations (Andreassen et al., 2025; Morgan et al., 2020). One meta-683

analysis identifies 80.5% of variation in acute tolerance (TDT curve intercept, CTmax(1min)) arises684

from genetic rather than plastic components, and that plasticity overall is limited in ability to685

dramatically shift TDT curves (Molina et al., 2024). It is worth remembering that atmospheric686

heatwaves extreme enough to result in mortality are already occurring globally, and that a 2 °C687

increase in air temperature may be an underestimate of intertidal body temperatures during the688

most extreme atmospheric heatwaves.689

4.5 Limitations and Future Directions690

We made a number of assumptions when building our mortality prediction framework for in-691

tertidal oysters in order to make such an analysis tractable. Oysters used in the thermal tolerance692

experiments and the field deployments all originated from hatchery stock, rather than wild oysters693

adapted to local intertidal thermal regimes. These oysters may have acclimated to local conditions694

during the year they were immersed at an aquaculture farm, but were not exposed to an intertidal695

26



regime before experimentation. Subtidal populations of the Pacific oyster C. gigas exhibits faster696

onset of anaerobiosis and metabolic depression when emersed compared to intertidal populations,697

which may have an adaptive genetic basis (Meng et al., 2018). We would therefore expect our698

base intertidal dynamic model to overestimate mortality for wild, intertidal oysters in the absence699

of other stressors. Parameterizing dynamic tolerance models directly from field mortality data700

using Bayesian approximation techniques is likely to result in enhanced prediction accuracy (Va-701

jedsamiei et al., 2024). Even so, the shape of underlying TDT curves and survival functions for702

oysters across exposure likely change with acclimation, energetic state, and age within a single703

summer, precluding even our enhanced intertidal model from performing equally well across the704

target data window. Finally, assumptions of consistent variance in S(t) across temperatures within705

the intertidal dynamic tolerance model may not be appropriate (Bullard et al., 2026).706

We assumed oysters would recover from heat stress during each intertidal cycle immediately707

upon immersing upon the next cycle. Multiple extreme aerial exposures are known to weaken in-708

tertidal invertebrates, indicating that while some recovery does occur during submersion in cooler709

water, recovery is not perfect. Multiple exposures of the blue mussel Mytilus edulis to air temper-710

atures up to 41 °C following for five days resulted in a steadily decreasing survival rate on each711

subsequent day, indicating resistance declined even with realistic immersion durations in ambient712

seawater (Seuront et al., 2019). This indicates that heat hardening and plasticity does not occur,713

and that such exposures likely overextend mussels’ ability to deploy molecular and cellular pro-714

tection to heat challenge (Clarke et al., 2000). The extent to which recovery can occur is further715

set by ambient seawater conditions - warmer water forces the limpet Patella vulgata to increase its716

basal metabolic rate, impairing their ability to repair during immersion (Seabra et al., 2016). This717

indicates that higher seawater temperature during immersion may play an equal role in mortality718

probability as emersion temperature, even in temperate systems like Great Bay. Our model could719

be further improved by setting a seawater temperature threshold beyond which only partial recov-720

ery can occur, which itself is likely a continuous function dependent on time lag from emersion,721

seawater temperature, and immersion duration. Future experimentation and alteration of the in-722

tertidal dynamic tolerance model should be undertaken to parameterize a more realistic recovery723

process.724

5 Conclusion725

The global increase in heatwave events and corresponding marine invertebrate mass mortal-726

ity events challenges our ability to produce quantitative predictions of population impacts. We727

demonstrated an experimental and modelling approach that quantifies thermal stress accumula-728

tion in the oyster C. virginica in a dynamic and fluctuating intertidal environment. While our729

laboratory-parameterized model overpredicted field mortality, we were able to generate more ac-730

curate predictions once we optimized parameters for a more variable acclimation regime. While731

explicitly our framework addresses intertidal systems, the advances we made to understand and pre-732
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dict intertidal mortality can directly help address some of the pressing problems of understanding733

unprecedented environmental and biological fluctuations by incorporating changing physiological734

states (i.e. immersed v. emersed thermal tolerance) into mechanistic predictions. The auto-735

correlation of multiple events means predictions must be able to account for both recovery and736

time-dependent stress accumulation in a marine system (Denny et al., 2009; Gerhard et al., 2023).737

Thus, intertidal environments pose a tractable, predictable system for observing the impacts of738

multiple exposures on organism mortality.739
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13 Figure legends1148

Figure 1. Conceptual figure of predicting survival in the intertidal eastern oyster1149

Crassostrea virginica in a single tidal cycle. A tide cycle is defined as starting with immersion1150

and ending immediately after a full immersion-emersion cycle. A) A tidal height time series and1151

corresponding temperature logger tide height are used to delineate periods of submersion and1152

exposure (immersion and emersion). B) These periods of logger submersion are converted to an1153

exposure status for observed intertidal temperature taken from a data logger. C) and D) represent1154

the thermal death time (TDT) curves for oysters submerged in water (immersion at high tide,1155

blue) and exposed to air (emersion at low tide, red). These curves are then used as the basis for a1156

probabilistic Thermal Tolerance Landscape (TTL) for each exposure type. E) Each exposure TTL1157

is then used to calculate cumulative survival conditionally based on the exposure status of each1158

temperature observation. We finally calculate the survival of oysters across multiple tide cycles to1159

produce a prediction of cumulative survival over time in the intertidal.1160

Figure 2. Thermal Death Time (TDT) curve for adult C. virginica exposed to air1161

and water immersion heat stress. Thermal Death Time (TDT) curve for adult C. virginica1162

exposed to air and water immersion heat stress. Ribbons around lines of fit are confidence inter-1163

vals. Dashed line of fit describes the model when extrapolated beyond bounds of time to death1164

data collected. Inset table contains TDT parameters, including R2 (goodness of fit between the1165

parameterized TDT curve and raw data), CTmax (acute thermal tolerance, x intercept when y =1166

1 min), and z (chronic thermal tolerance, slope of line). Standard error around CTmax and z were1167

propagated with Taylor series expansion via the Delta method from linear model fit parameters1168

(see Methods). The black point and dashed lines indicate the point of TDT curve intersection at1169

37 °C and 1,941 minutes.1170

Figure 3. Intertidal temperatures at Brackett’s Point and JEL, with corresponding1171

observed and modeled survival under original TTLs. A) Intertidal temperature in the1172

upper intertidal of Brackett’s Point between May 16th and September 10th 2025 (left panel) and1173

Jackson Estuarine Lab (JEL; right panel) between May 29th and September 9th 2025, co-located1174

with oyster mortality survey. Red portions of the time series indicate time stamps when the1175

loggers (and by proxy, the field deployed oysters) were predicted to be above water (low tide,1176

exposed status), blue portions when loggers were predicted to be below water (high tide, submerged1177

status). B) Field observed survival (points), 95% CI of field survival (colored ribbon), and modeled1178

survival of 83 oysters distributed across Brackett’s Point and JEL. The line type indicates the type1179

of survival prediction, with the dashed line representing field survival, the dotted black line the1180
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survival prediction given by the experimental data, and the multiple solid lines indicating the 1001181

bootstrapped survival predictions from the original survival model.1182

Figure 4. Survival predictions using simulation calibrated TTLs. A) Survival pre-1183

dictions produced from 81 different TTL parameter combinations (gray), with the best-fit model1184

to field data (red) highlighted in blue. The colored ribbons indicate the 95% confidence interval1185

around percent change in field survival. Modeled survival prediction using experimentally-derived1186

TTLs shown in black. B) Percent change analysis used to identify the optimal combination of1187

TTL parameters to minimize Root Mean Squared Error between predictions (gray lines) and field1188

data (red lines and points). Black lines and points indicate modeled survival using experimentally-1189

obtained TTLs. The percent change in survival given by the combination of TTL parameters that1190

minimized RMSE are shown in blue. For field data from JEL, the two extreme mortality observa-1191

tions that were not attributable to heat stress and removed from percent change analysis and the1192

final selection of the optimal TTL parameter combination are shown in dotted red lines.1193

Figure 5. Impacts of 2° C warming on modeled intertidal oyster survival. Impacts1194

of 2 °C warming during tidal emersion (yellow), immersion (green), and throughout the tidal cycle1195

(red) on predicted oyster mortality at Brackett’s Point and JEL. Warmer water had the smallest1196

impact on oyster survival, with warming in both air and water having the largest impact on survival1197

due to the relatively larger contribution of warmer emersion to mortality.1198

Figure 6. Conceptual diagram of the proposed physiological, physical, and behav-1199

ioral drivers of immersed and emersed TDT curves. At lower lethal temperatures, immersed1200

oysters (blue) may die due to starvation and increased susceptibility to bacterial infection, increas-1201

ing demands on energy for basic maintenance. Emersed oysters (red) experience desiccation stress1202

over long periods of time, impacting their ability to exchange gases across tissues and perform other1203

organ functions. Over higher lethal temperatures, immersed oysters may die due to an insufficient1204

supply of dissolved oxygen, inability to behaviorally thermoregulate via gaping, and lack of an envi-1205

ronmental signal to induce cellular defenses. Finally, emersed oysters may depress their metabolism1206

and upregulate cellular defenses in response to an emersion environmental signal, thereby extend-1207

ing their time to death compared to immersed counterparts. They additionally may gape, which1208

can increase oxygen availability for aerobic metabolism as well as cooling the individual through1209

evaporation. Not shown are molecular processes such as protein denaturation and loss of membrane1210

layer integrity.1211
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Supplementary Materials and Methods 1 Further Experiment Meth-1212

ods1213

Supplementary Materials and Methods 1.1 Oysters for the Immersed Thermal1214

Death Time Experiment1215

We collected 300 adult NEH line diploid Eastern oysters (Crassostrea virginica) from Fox1216

Point Oysters, an aquaculture site located in Great Bay, New Hampshire, USA (43°07’45.6”N,1217

70°51’03.6”W), for use in immersion experiments. Oysters were at least one year old, and seed was1218

originally sourced from Muscongus Bay Aquaculture. We transported 50 oysters from the farm on1219

May 9th, 2024, and 250 more on June 28th, 2024, to the University of New Hampshire’s Coastal1220

Marine Lab (CML), located in New Castle, NH, USA (43°04’18.6”N, 70°42’37.3”W). We kept ex-1221

perimental oyster stock in a 300-liter flow-through circular tank with airstones, so that oysters1222

were able to filter feed from the raw seawater. Starting on July 11th 2024, we began daily water1223

changes to remove sediment from the tank, and every three days, we provided supplementary feed-1224

ing of concentrated shellfish diet (Shellfish Diet 1800, Reed Mariculture Inc, Campbell, CA). We1225

monitored water parameters (temperature, dissolved oxygen, salinity, and pH) with a YSI meter1226

(ProfessionalPlus Multiparameter Meter, Yellow Springs Instruments, Yellow Springs, OH, USA),1227

and ammonia and nitrate using saltwater test kits (API Fish Care, Chalfont, PA, USA). Ammonia1228

levels never exceeded 0.25 ppm, and nitrate levels never exceeded 5 ppm. Additionally, we continu-1229

ously recorded water temperature in the flow-through tank with a HOBO logger every 15 minutes1230

(HOBO Tidbit MX, Onset Corporation, Onset, MA, USA). Oysters acclimated to the flow-through1231

seawater lab conditions for at least ten days before they were selected for experimentation.1232

Water temperatures in the flow-through CML seawater system averaged 14.7 °C (2.2 °C SD)1233

during the experimentation period (May 9th-September 9th 2024), whereas water temperature in1234

Great Bay, NH (National Estuarine Research Reserve System (NERRS) Buoy GRBGWQ) averaged1235

20.4 °C (2.7 °C SD). Temperatures in mid-May in Great Bay, where oysters originated, were 15 °C,1236

rising to 17 °C by June. Thus, the average temperatures in the CML acclimation tank replicated late1237

spring conditions in Great Bay. Due to an increase in mean temperature in the flow-through CML1238

seawater system in August (August mean 17 °C) as the intake seawater warmed, some experimental1239

trials were conducted with oysters who had acclimated at a slightly warmer temperature than earlier1240

trials. We included a two-week mean acclimation temperature parameter in our exploratory model1241

selection. However, exploratory analysis revealed no effect of acclimation on time to death and1242

we removed acclimation as a potential covariate term (Appendix Supplementary Materials and1243

Methods 2). Salinity in the CML holding tank averaged 31.4 (0.5 SD) PSU in July and August,1244

which was close to conditions in Great Bay during the same time period (> 28 PSU), but more1245

saline than conditions during the mid-May collection (≈ 20 PSU).1246

300-watt heaters maintained water temperatures within each individual tank using feedback1247

from individual temperature probes. Dissolved oxygen was recorded with Oxyguard oxygen probes1248

(Neptune Systems, Morgan Hill, CA), but only in the top five experimental tanks. Dissolved oxygen1249
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decreased with increasing experimental temperature during experiments, with average values rang-1250

ing from 22.6% (40°C) to 67.7% (32° C), but large variability at higher temperatures (Table S6).1251

We did not bubble air into tanks to more closely replicate environmental conditions. In order to1252

avoid build-up of ammonia and nitrate from waste products and oyster death, we used peristaltic1253

pumps (DOS Pump, Neptune Systems, Morgan Hill, CA) to pump 115 liters/day/tank of pre-1254

heated water from the bottom sump tanks to the top experimental tanks. The water flow into each1255

tank was further split using a four-way manifold to four smaller tanks (4.7 liters) housing individual1256

oysters. Thus, each large 80 liter tank (one temperature treatment) served as a waterbath for the1257

four smaller tanks. We pumped 29 liters/day of pre-heated seawater into each subtank, resulting in1258

more than six full volume replacements per day. The standpipe of each waterbath maintained the1259

water bath level just below the lip of each sub-tank, so that used water overflowed each sub-tank.1260

Temperature in sub-tanks remained stable due to the pre-heating of fresh seawater and conduc-1261

tion from the heated water bath. We recorded temperature using either the recorded temperature1262

from the APEX temperature probe or from a thermocouple probe (TC-08 Data Logger and type1263

T thermocouples, Omega Technology, Tyler, TX, USA).1264

In total, we conducted eight experimental runs of the immersed experiment. We collected time1265

to death data for 150 oysters, of which we analyzed 139. One oyster was removed from analysis a1266

priori from the first experiment due to a significantly larger shell size and mass than others used1267

in our experiments.1268

Supplementary Materials and Methods 1.2 Oysters for the Emersed Thermal1269

Death Time Experiment1270

We conducted experiments building a low tide, air-exposed C. virginica thermal death-time1271

(TDT) curve in fall of 2024, again we obtained 100 oysters from Fox Point Oysters. We acclimated1272

oysters in a 568-liter indoor recirculating seawater system for at least one week prior to experi-1273

mentation, with a chiller setpoint of 15 °C (15.2 °C, 0.96 SD) to match the average acclimation1274

temperature of oysters in the immersed TDT experiment. We maintained salinity at 31 PSU using1275

filtered seawater obtained from CML. Oysters were fed at least every three days (Shellfish Diet1276

1800, Reed Mariculture Inc, Campbell, CA), and we also changed the water every three days. Am-1277

monia levels never exceeded 0.25 ppm, and nitrate levels never exceeded 5 ppm. Additionally, water1278

temperature in the flow-through tank was recorded continuously with an ElectricBlue temperature1279

logger every 15 minutes (T7.3 Envlogger, ElectricBlue, Porto, Portugal).1280

Supplementary Materials and Methods 1.3 Oyster Preparation1281

We measured and weighed oysters selected for experimentation using an analytical balance and1282

digital calipers. Average shell mass across immersed treatments was 40.9 g (7.0 g SD), and average1283

shell height was 75.2 mm (7.4 mm SD), and in the emersed treatments the average shell mass was1284

20.0 g (4.8 g SD) with an average shell height of 61.0 mm (5.4 mm SD; Table S1). Because oyster1285
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sizes between experiments were different due to availability, we included size as a covariate in later1286

models.1287

We used two ElectricBlue PULSE V2 (ElectricBlue CRL, Porto, Portugal) heart frequency1288

loggers to amplify and record infrared signals from Vishay CNY70 optical infrared sensors (Vishay1289

Intertechnology, Inc, Malvern, PA, USA). Infrared detection of heart beats relies on infrared (IR)1290

light-emitting diode sensors with a dual emitter and phototransistor to record reflected light. By1291

detecting changes in reflected light when positioned over a heart, the PULSE unit records the1292

fluctuations as an electric signal that can be saved on an SD card for later processing (Abbas et1293

al., 2024; Burnett et al., 2013; Levinton et al., 2020; Lima et al., 2025). The PULSE unit was set1294

to record data at 20Hz (5ms intervals).1295

We used a rotary tool (WEN 23190, WEN Products, Elgin, IL, USA) with a sanding attachment1296

to grind a hole directly above the heart in the left (cupped) valve, as the shell of C. virginica is1297

generally too thick to allow for sufficient IR transmission and reflection back to the sensor. We1298

located the approximate location of the heart on each oyster by identifying the normal height axis1299

of the left valve and its intersection with the primary ridge closest to the umbo, generally occurring1300

around one third of the shell height from the umbo. We drilled a circular hole no larger than 51301

mmin diameter and allowed drilled oysters to recover in ambient seawater for at least 24 hours prior1302

to experimentation. Of the 300 oysters used for submerged thermal stress experiments, 22 drilled1303

oysters and 21 undrilled oysters died over the course of the summer in the acclimation holding1304

tank, and of the 100 oysters used in exposed experiments, 4 undrilled and no drilled oysters died.1305

This method appears to have little effect on oyster survival, with previous experiments maintaining1306

drilled oysters for many months (Bakhmet et al., 2015; de Carvalho et al., 2022; Federighi, 1929;1307

Feng, 1965; Feng and Van Winkle, 1975; Koehring, 1937). After at least 24 hours, we checked for1308

oyster heart rate using a PULSE unit, and if a strong signal was found, we selected the oyster for1309

experimentation.1310

Supplementary Materials and Methods 1.4 Submerged and Exposed Experimen-1311

tal Design1312

For the immersed experiment, we exposed oysters to chronic, static water temperatures in a flow-1313

through experimental seawater system at CML. The system is composed of ten insulated ABS tanks1314

(80L capacity) in a 2 x 5 configuration. Tanks in the top row were used as experimental tanks, while1315

bottom tanks acted as a pre-heated water sump for each top tank. We used an internet-connected,1316

system-wide control system (APEX, Neptune Systems, Morgan Hill, CA, USA) to monitor and1317

control water quality parameters through connected heat bars (Energy Bar 832, Neptune Systems,1318

Morgan Hill, CA, USA). We were limited to 20 oysters per experimental trial (10 in the case of our1319

first submerged trial) due to the PULSE units having capacity for ten channels each (Table S5).1320

Therefore, we conducted a series of sequential, time-blocked trials in order to obtain desired sample1321

sizes. While thermal death time curves generally follow a log-linear relationship with temperature,1322

extrapolating time to death data to higher or lower temperatures can be error-prone (Jørgensen1323
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et al., 2019). Therefore, we varied assay temperatures between trials to collect time to death data1324

across a broad temperature gradient given our sample size limitations within each experiment. We1325

also recorded dissolved oxygen, salinity, and pH with a YSI probe and Ammonia and Nitrate via1326

kits in one subtank containing a living oyster per temperature treatment each day (Figure S12;1327

Figure S13). We ended the trial once all oysters had died (determined by both referring to heart1328

rate data and manual manipulation of shells) across treatments.1329

For the emersed trial, we used a pair of heated incubation chambers (Insect Rearing Chamber1330

IN03, Darwin Chambers, St. Louis, MO, USA) to create static aerial temperature treatments. We1331

maintained mean humidity levels between 68-72% by filling a tray of reverse-osmosis freshwater1332

at the bottom of each chamber. These humidity levels approximate intertidal humidity levels in1333

Great Bay, which are between 50-90% (Cheng et al, unpublished data). We recorded chamber1334

temperature and humidity levels with separate digital loggers and with probes in a glycol solution1335

(GSP-6G, Elitech Technologies, San Jose, CA, USA; Figure S14).1336
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Supplementary Materials and Methods 2 Exclusion of acclimation1337

from models1338

Two-week acclimation temperature prior to experimentation differed between experiments in1339

the submerged exposure experimental set, motivating us to perform model selection and analysis1340

with an acclimation covariate. The most parsimonious model had an interaction between temper-1341

ature and acclimation on the response of time to death in the immersed experiment. The basic1342

temperature, additive acclimation, and interactive acclimation models for the emersed experiment1343

all had the same ΔAIC, and thus we decided to select the simplest model (Table S1).1344

From this best model, we found strong support for the interactive effect (P = 0.003) of temper-1345

ature and acclimation exposure on time to death (Gaussian Linear Model, F3,76 = 117.76, R2 =1346

0.823, Table S2). From these model parameter estimates, increasing assay temperature decreases1347

log 10 time to death, and increasing acclimation temperature results in faster death at lower temper-1348

atures, but at acute exposures survival is longer than oysters from a cooler acclimation. However,1349

based on our experimental design, we only had oysters emersed to the warmer 16°C acclimation1350

in assay temperatures between 32-40 °C, while we had experiments with 13°C acclimated oysters1351

emersed to assays between 32-46°C. Thus, the acclimation-interactive model risks extrapolation1352

outside of the assay values for 16°C acclimated values (40-46°C), and when the model is re-run over1353

overlapping assay temperature values (32-40°C) acclimation was no longer a significant interactive1354

term (P = 0.418). We therefore removed all candidate models with acclimation covariate terms in1355

our final round of model selection (see main text).1356
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Supplementary Materials and Methods 3 Wavelet Analysis Meth-1357

ods and Examples1358

WaveletComp uses Morlet wavelets to analyze non-stationary time series for changes in period-1359

icity and frequency through time. Alternative heartbeat detection using local maxima or Fourier1360

transforms are difficult for non-stationary cardiac frequency data, as was the case in our lethal1361

exposure experiments. The PULSE unit uses infrared reflectance as a proxy for cardiac activity,1362

rather than a direct measure of cardiac activity using electrocardiograms. Therefore, subtle changes1363

in anatomical positioning of oyster tissue during the experiment can further change the strength1364

of the observed signal. Prior to conducting a wavelet analysis, we used a low-pass sixth-order But-1365

terworth filter from the signal package to smooth the signal and emphasize the QRS components1366

of the heartbeat (Ligges et al., 2024). We set the time resolution of our analysis to one second1367

(data recorded at 20 Hz), and the frequency resolution at 1/20. We examined periods in our data1368

series ranging from 0.5 to 60 seconds. Data were detrended by the built-in oscilloscope within1369

the PULSE unit. We visualized and saved hourly wavelet spectrum plots as individual files for1370

each channel to allow for manual inspection of heart signals. Due to the volume of data, we used1371

the University System of New Hampshire’s Premise HPC cluster with support from the Research1372

Computing Center to perform wavelet analyses.1373

Below, we provide examples of 1) normal oyster cardiac activity, 2) cardiac activity at death,1374

3) intermittent cardiac activity prior to death, 4) signal noise/non-cardiac signal, and 5) validation1375

of manually extracted death times using moving-window of signal variation.1376

Figure S1 is an example baseline signal where the oyster is alive and heart is beating over1377

an hour of data collection. Note the two periods of the signal between 0.5 and 1 seconds. The1378

corresponding raw signal for the same oyster, trial, and hour but over the first five minutes is found1379

in Figure S2.1380
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Figure S1: Wavelet analysis of submerged Oyster 9 in trial 3, 34�C, hour 7

Figure S2: Raw cardiac activity of submerged Oyster 9 in trial 3, 34�C, hour 7.

Figure S3 and Figure S4 represent typical behavior of oyster cardiac activity close to death.1381

In Figure S4 we see a very clear point of death at 35 minutes when the last heart beat peak is1382

observed. Note the milivolt range of these signals are much smaller than those occurring in the1383

normal heart rate.1384
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Figure S3: Wavelet analysis of submerged Oyster 9 in experiment 3, 34�C, hour 38

Figure S4: Raw cardiac activity of submerged Oyster 9 in experiment 3, 34�C, hour 38

In many cases, we would observe the rapid loss of consistent heart signal as shown above, but it1385

would be followed by a few hours of inconsistent QRS signals. These heartbeats are likely a spasm1386

response that accompanies near-lethal conditions, or bradycardia. Figure S5 shows the wavelet plot1387

for oyster 1, trial 1, at hour 34 in the 37°C treatment, with corresponding raw signal for the same1388

period (the full hour) in Figure S6.1389
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Figure S5: Wavelet analysis of submerged Oyster 1 in trial 1, 37�C, hour 34 – an example of
bradycardia prior to death.

Figure S6: Raw cardiac activity of submerged Oyster 1 in trial 1, 37�C, hour 34 – an example of
bradycardia prior to death.

In some cases, what appear to be heart beat signals were actually movement of dead tissue1390

from the peristaltic pump we used to exchange stale seawater with pre-heated fresh seawater in1391

each treatment bath. Below is an example as both a wavelet figure and raw data - note that there1392

is no descending peak before or after the ascendant peak. Further, notice that the range of values1393
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on the raw data is quite low. The larger periods are an artifact of the Pulse unit itself, while the1394

smaller ( 40 mv) values are the fluctuations that appear in the wavelet power image.1395

Figure S7: Wavelet analysis of signal noise in submerged Oyster 18 in trial 4, 40�C, hour 45.

Figure S8: Signal noise in submerged Oyster 18 in trial 4, 40�C, hour 45

In addition to recording time to death as a result of collapse of the wavelet function, we also1396

plotted this time to death against a rolling ten second window of the standard deviation in cardiac1397

activity. Doing so demonstrated two things 1) The infrequent absence of breakpoints in rolling SD1398
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analysis that could be used for automated point of death detection, and 2) the close agreement of1399

visually-extracted time of death from wavelet plots and rolling window SD analysis.1400

As an example, we analyze below the rolling window SD of an oyster that died quickly at 48�C.1401

The vertical red line indicates the extracted time of death from wavelet analysis.1402

Figure S9: Rolling Window analysis of cardiac activity SD in exposed Oyster 10 in trial 7, 48�C.
Vertical red line indicates the extracted time of death from wavelet analysis

Figure S10: Rolling Window analysis of cardiac activity SD in exposed Oyster 12 in trial 7, 34�C.
Vertical red line indicates the extracted time of death from wavelet analysis
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A final example is oyster 14 in trial 4, which demonstrates how the exact time where the rolling1403

window SD plateaus can be obscured by signal noise.1404

Figure S11: Rolling Window analysis of cardiac activity SD in submerged Oyster 14 in trial 4,
38�C. Vertical red line indicates the extracted time of death from wavelet analysis
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Supplementary Materials and Methods 4 Tide Height Code Func-1405

tionality1406

To determine the immersion regime of the field intertidal temperature logger, we built a function1407

to extract the tidal height of the logger and apply an interpolated time series of immersion/emer-1408

sion status to the measured intertidal temperature. We first identified logger immersion points,1409

diagnostic as precipitous drops of at least 3 °C/15 min from temperature peaks that occur during1410

summer low tide events (Gilman et al., 2006; Harley and Helmuth, 2003). In addition to manually1411

scoring immersion points, we used Automatic Multiscale-based Peak Detection (AMPD) algorithms1412

(Scholkmann et al., 2012), immersion points based on both threshold and first-derivative detection1413

in water pressure logger data from both sites, and finally manual scoring of water pressure logger1414

data. Because we were unable to deploy the water pressure loggers for the duration of the field1415

experiment, we were not able to use the raw immersion times themselves as our basis for immersion1416

point scoring. Due to the protected and enclosed nature of Great Bay, there is minimal wave splash1417

at the study location. Therefore, we did not calculate a wave splash correction factor for our logger1418

immersion events.1419

To determine the immersion regime of temperature loggers in Great Bay, we developed a custom1420

R function, tide_findR, to estimate the local tide height and time offset from the nearest available1421

tide station (43°03’11”N 70°54’46”W, NOAA Station 8422687, Squamscott River RR Bridge, NH,1422

USA) located 3.6 km and 5.9 km up-estuary from Brackett’s Point and JEL, respectively. We1423

used XTide (www.flaterco.com) to acquire the subordinate tide series at Squamscott River during1424

the field deployment period. Since tidal height and timing can vary spatially, this adjustment was1425

necessary to align logger immersion events with the local tidal cycle. The code behind tide_findR1426

can be found in the accompanying anonymized code repository: https://anonymous.4open.sci-1427

ence/r/oyster_TDT_manuscript2026-5F071428

First, the function shifts the reference tide series forward in time, extracting tide heights corre-1429

sponding to each recorded immersion timestamp. At each shift, the function calculates the sum of1430

squared differences (least squares) between observed immersion heights and the mean tide height.1431

The time offset that minimizes the least squares is selected as the best estimate of the logger’s time1432

shift relative to the reference tide station.1433

Using this optimal time shift, the function assigns a tide height to each immersion timestamp1434

and calculates a mean logger height, representing the submergence threshold. This threshold is1435

then used to classify each temperature observation as submerged (immersed) or exposed (emersed),1436

providing a time series of temperature data linked to tidal exposure. We then used identified which1437

immersion detection methods minimized sum of squares for each site. We ultimately selected the1438

manual scoring method of immersion from water pressure logger data for both sites, as the this1439

method had one of the smallest minimized sum of squares and was the most proximate measure of1440

immersion timing (compared to temperature drops). We therefore used the calculated time offset1441

and tide height using this method to categorize each temperature observation from the intertidal1442
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temperature loggers as immersed or emersed.1443

Due to the complex hydrodynamics of the Great Bay estuary, a single time offset and tide height1444

threshold sometimes incorrectly classified temperature points as immersed or emersed (McLaughlin1445

et al., 2003). This was more noticeable at JEL, where water funnels through the narrow Furber1446

Strait (300 m wide), resulting in more complex water level heights than predicted at the Squamscott1447

River tide station or observed at Brackett’s Point.1448
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Model K AICc ∆AICc
AIC

Weight
Log

Likelihood
log10(min.of.death) ∼ temp× type 5 66.13 0 0.52 -27.84
log10(min.of.death) ∼ temp+massg × type 6 66.26 0.13 0.48 -26.81
log10(min.of.death) ∼ temp+ type 5 97.45 31.33 0 -43.5
log10(min.of.death) ∼ temp+massg + type 6 97.47 31.34 0 -42.42
log10(min.of.death) ∼ temp× type+ acc 7 99.67 33.54 0 -42.41
log10(min.of.death) ∼ temp+massg × type+ acc 5 105.86 39.73 0 -47.71
log10(min.of.death) ∼ temp+ type+ acc 4 107.21 41.09 0 -49.46
log10(min.of.death) ∼ temp+massg + type+ acc 6 107.99 41.86 0 -47.68

Table S1: Model selection outputs for TDT experiments with acclimation covariates. Bold face
font indicates model selected under AIC, italic face font indicates which model was used in the final
analysis (see main text).

Estimate Standard
Error t-value P value

Intercept 21.815 4.303 5.07 <0.0001
Temperature (°C) -0.517 0.116 -4.459 <0.0001
Acclimation (°C) -0.909 0.311 -2.923 0.00456
Temperature * Acclimation 0.026 0.008 3.052 0.00313

Table S2: Model summary of the interactive temperature-acclimation TDT model for the immer-
sion experiment. We rejected this model despite the lower AIC value due to parameter significance
arising only from non-overlapping temperature treatments. Bold font indicates P values < 0.05.

Experiment Exposure Height (mm)
mean

Height (mm)
SD

Weight (g)
mean

Weight (g)
SD

exp_1 immersed 73.14 7.18 38.13 5.42
exp_2 immersed 72.31 5.87 41.60 5.65
exp_3 immersed 74.69 6.14 43.11 7.45
exp_4 immersed 82.19 6.32 43.15 8.68
exp_5 emersed 60.50 6.44 20.13 5.49
exp_6 emersed 61.17 5.70 20.20 3.29
exp_7 emersed 61.29 4.05 19.86 5.63
pilot immersed 82.39 7.68 52.47 20.90

Table S3: Mass and height of oysters used across emersed and immersed TDT experiments.

Measurement Exposure Estimated Marginal
Mean SE Lower CI Upper CI

Mass (g) emersed 20.06 1.35 16.64 23.49
Mass (g) immersed 41.85 1.11 39.16 44.54
Height (mm) emersed 60.99 2.38 55.09 66.88
Height (mm) immersed 76.37 1.88 71.79 80.95

Table S4: Estimated Marginal Means of oyster mass and height across exposure experiments.
EMMs performed over mixed-effects linear models of height or mass as a function of experiment
exposure type, with experiment time block as the random effect (1|experiment).
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Table S6: Summary statistics of experimental treatment temperatures used in TDT experiments
across exposures.

Treatment
(°C)

Mean (°C) SD (°C) Lower CI Upper CI Experiment
Temperature
Probe Source

Exposure

43 43.01 0.23 42.98 43.05 pilot apex Immersed
46 45.75 0.46 45.68 45.81 pilot apex Immersed
37 37.34 0.48 45.03 45.04 exp_1 pico Immersed
40 41.45 1.26 37.34 37.34 exp_1 pico Immersed
43 45.04 1.17 41.44 41.45 exp_1 pico Immersed
46 48.02 0.64 48.02 48.03 exp_1 pico Immersed
37 36.81 0.18 42.46 42.54 exp_1 eb Immersed
40 40.12 0.45 36.82 36.89 exp_1 eb Immersed
43 42.52 0.33 40.07 40.14 exp_1 eb Immersed
46 44.82 0.63 44.78 44.86 exp_1 eb Immersed
37 37.01 0.53 42.83 42.91 exp_1 apex Immersed
40 40.08 0.45 36.97 37.04 exp_1 apex Immersed
43 42.87 0.38 40.05 40.11 exp_1 apex Immersed
46 45.14 0.66 45.09 45.18 exp_1 apex Immersed
32 32.89 0.74 32.89 32.89 exp_2 pico Immersed
34 34.08 0.78 34.08 34.08 exp_2 pico Immersed
36 37.47 0.65 37.47 37.47 exp_2 pico Immersed
38 39.15 0.79 39.14 39.15 exp_2 pico Immersed
40 41.19 0.58 41.19 41.20 exp_2 pico Immersed
32 32.16 0.94 32.15 32.17 exp_2 apex Immersed
34 34.10 0.22 34.09 34.11 exp_2 apex Immersed
36 36.08 0.15 36.06 36.09 exp_2 apex Immersed
38 38.08 0.16 38.06 38.10 exp_2 apex Immersed
40 40.00 0.12 39.97 40.02 exp_2 apex Immersed
32 31.46 1.94 31.46 31.46 exp_3 pico Immersed
34 32.96 1.26 32.96 32.96 exp_3 pico Immersed
36 34.41 1.97 34.41 34.42 exp_3 pico Immersed
38 35.58 0.56 35.57 35.58 exp_3 pico Immersed
40 38.89 1.36 38.89 38.89 exp_3 pico Immersed
32 32.15 0.28 32.14 32.15 exp_3 apex Immersed
34 34.12 0.29 34.11 34.12 exp_3 apex Immersed
36 35.98 0.34 35.98 35.99 exp_3 apex Immersed
38 37.99 0.16 37.98 38.00 exp_3 apex Immersed
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Treatment (°C) Mean (°C) SD (°C) Lower CI Upper CI Experiment
Temperature
Probe Source

Exposure

40 39.81 0.42 39.81 39.82 exp_3 apex Immersed
32 NA NA 32.58 32.59 exp_4 pico Immersed
34 NA NA 33.85 33.86 exp_4 pico Immersed
36 NA NA 35.75 35.77 exp_4 pico Immersed
38 NA NA 37.07 37.12 exp_4 pico Immersed
40 NA NA 39.05 39.10 exp_4 pico Immersed
32 32.38 0.39 32.38 32.38 exp_4 apex Immersed
34 34.25 0.37 34.25 34.25 exp_4 apex Immersed
36 36.14 0.32 36.14 36.15 exp_4 apex Immersed
38 37.95 0.29 37.93 37.96 exp_4 apex Immersed
40 40.00 0.31 39.99 40.02 exp_4 apex Immersed
32 32.02 0.34 31.98 32.05 exp_4 eb Immersed
34 33.76 0.58 33.73 33.79 exp_4 eb Immersed
36 35.20 0.94 35.17 35.23 exp_4 eb Immersed
38 37.73 0.56 37.63 37.83 exp_4 eb Immersed
40 37.57 0.98 37.47 37.67 exp_4 eb Immersed
40 40.12 0.33 40.11 40.13 exp_5 elitech Emersed
46 46.27 0.37 46.26 46.28 exp_5 elitech Emersed
37 37.16 0.12 37.16 37.16 exp_6 elitech Emersed
43 43.39 0.19 43.38 43.39 exp_6 elitech Emersed
34 33.94 0.10 33.94 33.95 exp_7 elitech Emersed
48 48.26 0.15 48.26 48.27 exp_7 elitech Emersed
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Experiment Treatment (°C) Mean Temperature (°C) Mean DO (%) SD DO (%)
exp_2 32 32.16 61.80 9.15
exp_2 34 34.10 51.05 14.26
exp_2 36 36.08 60.21 9.70
exp_2 38 38.08 53.56 4.78
exp_3 32 32.15 62.09 4.06
exp_3 34 34.12 38.15 3.32
exp_3 36 35.98 48.40 8.66
exp_3 38 37.99 36.93 26.79
exp_3 40 39.81 66.60 3.14
exp_4 32 32.38 49.30 7.79
exp_4 34 34.25 47.48 13.54
exp_4 36 36.14 49.32 6.11
exp_4 38 37.95 57.37 1.82
exp_4 40 40.00 51.07 10.48

Table S7: Summary statistics of dissolved oxygen (DO) across treatments in three of the five
immersed experiments.
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Figure S12: Temperature of immersed oysters during laboratory experiments. All temperatures
were recorded using APEX seawater system probes except for experiment 4, where we used a
separate thermocouple probe to measure water temperature. Length of time series for each tank is
limited to amount of time any oyster was alive in that treatment.20



Figure S13: Dissolved Oxygen (DO) of immersed oysters during laboratory experiments. We
only had access to oxygen probes during experiments 2, 3, and 4. Length of time series for each
tank is limited to amount of time any oyster was alive in that treatment. However, because probes
were placed in sub-tanks, it is possible that the oyster in the subtank with the probe died before
the end of the presented time series.
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Figure S14: Humidity and temperature of emersed oysters during laboratory experiments. All
data were recorded using Elitech data logger probes.
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Figure S15: Caged oysters on pavers at Brackett’s Point, NH.

Figure S16: Caged oysters on pavers at Jackson Estuarine Lab (JEL), NH.

23



Figure S17: Tide series from Squamscott River showing calculated logger height from the
tide_heightfindR function for both A) JEL and B) Brackett’s Point. Original tide series is
displayed as dotted line, time-shifted optimal tide series as the red and blue time series. Plusses
indicate the tide height of immersion based on the unshifted tide series, while round points indicate
the tide height of immersion based on the shifted time series. The blue parts of the tide series indi-
cate timepoints where the tide is above the height of the logger (logger is underwater, submerged)
while the red parts indicate when the tide is below the height of the logger (logger is exposed).
Calculated tide height of the two oyster field deployments were 0.68 m (JEL) and 0.9 m (Brackett’s
Point) relative to MLLW
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Figure S18: All 18 TDT curves used to build 18 unique emersed and immersed TTLs. CTmax(1min)
was either held constant or increased by 1 or 2°C, and z was either held constant or decreased by 1
or 2. All possible combinations of 9 emersed and 9 immersed TTLs result in 81 unique combinations
we tested. Data were resimulated via a temperature-stratified residual bootstrap with replacement,
with slope and intercept adjusted by the candidate CTmax(1min) and z parameter pair.
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Figure S19: Activation energy (eV ) of time to death (heat failure rate) across 31 aquatic and
marine mollusks, with colored bars representing results from this paper’s experiments. Data aggre-
gated from (Jørgensen et al., 2022) and other sources.

Figure S20: Histogram of bootstrapped minimum survival values at the end of each field deploy-
ment. Histogram bars represent the spread of survival data modeled after bootstrapping emersed
and immersed TTLs in a dual-TTL model. Solid vertical lines represent the end modeled survival
using the empirical TTL from laboratory experiments. Dashed vertical lines indicate the field ob-
served survival values.
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Figure S21: Density of observed intertidal and water temperatures across two deployment times
in Great Bay, NH. Deployment 1 occurred between June 18th and August 28th, deployment 2
between July 18th and August 28th. Exposed and submerged water temperatures were identified
from intertidal temperature logger time series based on the interpolated tide height of the logger.
Water temperature was recorded over the same time period of each deployment from the nearby
NERRS buoy GRBGBWQ.

Figure S22: Density of cumulative mortality at the end of each tidal cycle for the combined-TTL
model, attributed to immersion (high tide) and emersion (low tide) periods during each tidal cycle.
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Figure S23: Percent change analysis of modeled and bootstrap data against field survival data.
The change in survival between each field census date was calculated for field data (red), predicted
survival (black), and bootstrapped survival estimates (gray)
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Figure S24: Optimal TDT curves based on percent change analysis between field collected oyster
survival data and 81 candidate TTL parameter sets (18 candidate TTLs per immersed/emersed
curve, all possible combinations).
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