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Abstract

A Bayesian framework to model temperature-dependent transmissible cancer

dynamics within soft-shell clam (Mya arenaria) populations

Carissa Mayo

Chair of the Supervisory Committee:

Michael Metzger

Quantitative Ecology and Resource Management

Bivalve Transmissible Neoplasia (BTN) is a recently recognized transmissible cancer that

spreads among bivalve species worldwide through the transmission of living cancer cells,

producing disease dynamics unlike those of typical pathogens. Its marine setting adds

a layer of complexity to disease transmission that we account for by modifying standard

infectious disease models. Many elements of BTN including transmission, seasonality, and

environmental sensitivity are not well understood, which represents a challenge for man-

aging this infectious cancer. In this study, we examined how BTN progresses within Mya

arenaria populations and how temperature affects these dynamics. To accomplish this

objective, we developed a Bayesian epidemiological model of BTN progression within clam

populations. We used this model to quantify transmission and progression rates along with

the uncertainties of these estimations. Comparisons among model variants that included

different combinations of temperature dependencies indicated that the incorporation of

temperature into the model improved its ability to reproduce the patterns observed in

survey data. The results further indicate that temperature-dependent progression had

the largest impact among the mechanisms evaluated in explaining the seasonal variation

present in survey data. However, the results of this study also suggest that there are ad-

ditional mechanisms, not included in this model, that contribute to the dynamics of BTN

infection in clam populations. Overall, this study establishes a quantitative, mechanistic

framework for describing the dynamics of BTN in natural clam populations and identifies

key areas for future research in both laboratory and field work.
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1 Introduction

Transmissible cancer is a rare phenomenon that naturally occurs in a few species, including

Tasmanian devils, dogs, and several bivalve species (Metzger and Goff, 2016). Devil Facial

Tumor Disease (DFTD) (Pearse and Swift, 2006) and Canine Transmissible Venereal Tumor

(CTVT) were identified as transmissible in 2006 (Murgia et al., 2006). More recently, in 2015,

a fatal leukemia-like cancer affecting bivalve species worldwide, including soft-shell clams, was

confirmed to be transmissible (Metzger et al., 2015). Due to its recent classification, much

remains unknown about BTN, particularly its mechanisms of spread among individual bivalves

and populations. There are no existing epidemiological models for this system, leaving a major

gap in understanding how BTN spreads in natural populations.

BTN is spread via transmissible cells derived from a single clam (Metzger et al., 2015). The

cancer cells are released by infected clams and can survive for weeks in seawater, with colder

temperatures being more suitable for their survivability (Giersch et al., 2022). Studies also

show a seasonal pattern of BTN prevalence, with higher incidence rates occurring during late

fall and winter compared to early summer each year (Leavitt et al., 1990). Therefore, tracking

both the disease infections in clam populations and the presence of BTN cells in the water

column are crucial to disease monitoring. However, we still lack quantitative estimates of the

fundamental processes governing transmission, progression, and particle persistence.

While infectious diseases occur in all ecosystems, most epidemiological models are derived from

terrestrial environments. Marine diseases, however, exhibit different dynamics, such as vari-

ations in transmission and recruitment patterns (McCallum et al., 2004). Adapting current

epidemiological models to marine environments is critical for generating accurate disease pre-

dictions, especially as marine ecosystems continue to change rapidly (Lafferty, 2017). More

generally, the approach taken in this research is relevant to many other types of aquatic disease

systems because it explicitly represents pathogen persistence in the environment and allows

processes affecting pathogen release, survival, and removal to be included in the model.

Various environmental stressors influence the conditions of an aquatic environment, which then

affect disease outbreaks (Tracy et al., 2019). Temperature, in particular, can increase the rate

of disease spread and can also potentially contribute to the survivability of pathogens in a
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marine system (Aalto et al., 2020). Data-driven modeling and seasonal forecasts are critical

elements of a disease management strategy to enable early intervention and effective disease

surveillance, especially under the threat of climate change (Groner et al., 2016). For example,

one study was the first to develop a disease model for Whirling Disease (WD) in trout and

used its results to determine a more effective treatment and management strategy (Turner

et al., 2014). The mechanisms behind observed seasonal peaks remain unidentified for BTN,

and no epidemiological framework exists to test hypotheses or predict BTN dynamics under

environmental change.

Bayesian analysis offers a powerful method for making inferences and forecasting disease spread,

especially with limited data (Cook et al., 2023; Grinsztajn et al., 2021). BTN datasets are

sparse, highly seasonal, and frequently include measurements at or below detection limits,

creating uncertainty in progression and transmission estimates. By combining prior knowledge

with available data, a Bayesian framework allows for probabilistic inference, providing posterior

distributions that quantify uncertainty in model parameters and predictions (Gelman et al.,

2020). There are also available computational methods that enable efficient exploration of wide

prior distributions (Carpenter et al., 2017). This framework supports inference even under

sparse and noisy data, a common feature of biological data and this unfamiliar disease system.

This research develops a numerical marine disease model of BTN in Mya arenaria (soft-shell

clam) populations to study the temporal patterns of the disease using a Bayesian compart-

mental modeling approach. This approach integrates controlled laboratory experiments with

environmental monitoring data to synthesize current knowledge of the disease. Cancer parti-

cles are specifically included in this model as they represent the unique mode of transmission

associated with BTN and temperature dependent effects are included to simulate both pro-

gression and particle decay. Using this framework, key transmission and progression rates can

be estimated, along with uncertainty in each parameter, and seasonal patterns can be evalu-

ated. Together, these results improve our understanding of BTN transmission and provide a

foundation for forecasting disease dynamics in changing marine environments.

Specifically, this study aims to (1) utilize a Bayesian epidemiological model to estimate key

transmission and progression rates for BTN, (2) integrate particle dynamics into a mechanistic

disease model, and (3) assess how temperature shapes seasonal BTN patterns.
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2 Methods

2.1 Model Formulation

We modeled the dynamics of transmissible cancer in a marine bivalve population using a com-

partmental epidemiological model adapted from the traditional SIR model by Tillett (1992), to

describe the BTN patterns in a Mya arenaria population. We modified this model to account

for disease latency and environmental transmission (Bidegain et al., 2016). This model is shown

in Figure 1. We included an exposed (E) stage of disease progression and a particle (P) com-

partment to represent the amount of cancer cells in the water that can cause new infections,

expressed as qPCR-derived target-sequence copies per milliliter (copies/mL). Susceptible (S)

individuals only become exposed, most likely, through uptake of disease particles from the water

column during filter feeding, since marine bivalves are sessile organisms. In the exposed stage,

individuals have a level of infection, but are not emitting cancer cells into the water column.

As the disease progresses, clams become infectious (I) and release cancer cells, contributing to

the particle concentration compartment. The system equations are provided below.

dS

dt
= −βPS +mI (1a)

dE

dt
= βPS − αE (1b)

dI

dt
= αE −mI (1c)

dP

dt
= γI − δP (1d)

Parameter β represents the transmission rate between cancer cells in the water and susceptible

individuals. The rate α governs the time from exposure to being infectious with particle emis-

sion. Infectious individuals shed particles into the water at rate γ, and δ denotes the decay

rate of particles. We assume a closed population with no natural births or deaths unrelated to

disease. To maintain a constant population size, we add an input term mI into the susceptible

class, where m is the disease mortality rate. This balances the loss of infected individuals,

ensuring the total population remains constant over time, N = S + E + I. Individuals that die
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from the disease are not explicitly tracked beyond the infectious class. The removed class is

therefore not included in the model without loss of information when the population balance

is enforced, as is standard in models assuming constant population size (Tien and Earn, 2010).

Tables 1 and 2 summarize the model variables and parameters.

Figure 1: SEIP model structure.

Table 1: Model variables.

Symbol Definition Units

S Proportion susceptible unitless (fraction)
E Proportion exposed (infected, not emitting) unitless (fraction)
I Proportion infectious (infected, emitting cancer cells) unitless (fraction)
P Cancer cell concentration (particles) in the water copies /mL
N Total population size (normalized to 1 in the model) unitless (fixed at 1)

Table 2: Model parameters.

Symbol Definition Units

β Disease transmission rate between susceptibles and wa-
terborne cancer cells

(copies/mL)−1· day−1

α Progression rate from exposed to infectious day−1

m Mortality rate of infectious individuals day−1

γ Particle shed rate copies/mL · day−1

δ Particle decay rate day−1

We hypothesized that disease dynamics are influenced by temperature, particularly in shap-

ing seasonal patterns of transmission. To test this, we incorporated temperature-dependence

into two key model parameters: the transmission rate β and the particle decay rate δ. Prior

work demonstrated the thermal decay of cancer cells in saltwater (Giersch et al., 2022), and

laboratory data suggested that temperature also affects disease progression in clams (see Fig-

ure 2. (d)). However, these relationships are contradictory to disease prevalence with an increase
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in cell decay hindering disease transmission and increased disease progressions accelerating it in

warmer temperatures. Thus, we explored and compared models where either or both of these

parameters vary as a function of temperature to determine how the seasonality we observe in

populations is shaped. These model variants are defined in Table 3.

Table 3: Model variants.

Model Description

1 No temperature-dependence
2 Temperature-dependent decay only (δT )
3 Temperature-dependent transmission only (βT )
4 Both temperature-dependent parameters

To account for seasonal temperature variation in the survey sites, we modeled the temperature

as a sine wave with a period of one year (with t in days):

T (t) = µT + AT · sin(2πt
365

+ ϕ)

where µT (◦C) is the mean annual temperature, AT (◦C) is the amplitude, and ϕ is a phase

shift. For the temperature-dependent components of the model, temperature was transformed

to a standardized, dimensionless index, zT (t) = T (t)−µT

|AT |/
√
2
, so that coefficients were estimated

on a centered and comparable scale. This improved interpretability and numerical stability

(Gelman et al., 2020). Our laboratory data show that temperature affects cancer progression

within clams, thus we modeled temperature as a modifier of the effective transmission rate βeff.

We modeled temperature-dependent progression as

βeff = β · βT , βT = logit−1(aβ + bβzT (t)),

where βT is a temperature-dependent progression modifier bounded between 0 and 1. We

modeled particle decay as

δT = exp(aδ + bδzT (t)).

This captures the relationship of temperature effects on cancer cell decay in the water. Further

explanation on these derivations is provided in Section 2.4 and Appendix A.
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2.2 Structural Identifiability

To identify which parameters and combinations of parameters of the SEIP transmission model

can be uniquely recovered from ideal, noise-free observations, independent of any particular

dataset, we analyzed the structural identifiability of the model (Wieland et al., 2021). We

utilized the full ODE system of Model 4 (both temperature-dependent parameters) so identi-

fiability was evaluated in the most complex case to reveal all possible issues and ensure that

identifiability can only improve under simplifications. We used the ’StructuralIdentifiability.jl’

package in Julia (Dong et al., 2023) by declaring the observed outputs (S,E,I,P) and stating

the model parameters and ODEs.

The results showed that most model parameters were structurally identifiable, including the

progression rate (α), death rate (m), and particle shedding parameter (γ). However, the base-

line transmission rate (β) and its temperature effect (βT ) were not individually identifiable and

only their product, βeff was identifiable. Similarly, aβ, bβ, aδ and bδ were not identifiable. Initial

conditions for all compartments were also non-identifiable, which is common without early-time

data or informative priors.

Accordingly, in the model, we parameterized and reported the effective transmission βeff and

δT directly. We also anchored initial values to baseline observations using informative priors,

which improves identifiability.

2.3 Bayesian Framework

The SEIP disease transmission model was implemented within a Bayesian framework. Following

Bayes’ theorem, the posterior distribution of the unknown parameters, P (θ|y), is proportional

to the product of the likelihood, P (y|θ), which represents the probability of the observed data

given the parameters, and the prior distribution, P (θ), which encodes prior knowledge or belief

about the parameters (Gelman et al., 2020):

P (θ|y) ∝ P (y|θ) · P (θ)
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Prior distributions for each parameter reflect available biological information from laboratory

experiments or plausible ranges. For parameters with strong empirical support, informative

priors were used to convey precise biological constraints. For parameters with limited data,

weakly informative priors were specified to encode broad, biologically plausible ranges without

overly constraining inference, allowing the data to dominate the posterior. The following section

details prior specifications for all parameters in the SEIP model.

2.4 Prior Distributions Informed by Laboratory Data

From laboratory data conducted by the Pacific Northwest Research Institute (Figure 2) and

existing biological understanding, we derived informative or weakly informative priors for each

parameter. These priors help enforce biologically realistic constraints and improve model sta-

bility, especially in the presence of limited or noisy field data. When sufficient data were

available, we used time-to-event data and concentration measurements to fit probability dis-

tributions directly. Where data was sparse, we used weakly informative priors that encode

plausible ranges without constraining inference. Following methods in classical epidemiologi-

cal modeling, we define time-to-event parameters using positive-valued distributions. Gamma

distributions are commonly used to represent waiting times such as latency and infectiousness

periods due to their flexibility and interpretability (Anderson and Watson, 1980). In addition

to gamma distributions, we use lognormal priors where greater skewness or heavier tails are

needed, particularly for weakly informed parameters where prior knowledge is limited. For all

weakly informed parameters and their hyperparameters, we followed a prior predictive checking

approach (Schad et al., 2021), iteratively adjusting hyperparameters of tentative priors until

simulated trajectories from the model were biologically plausible and model diagnostics were

clean, while maintaining vague boundaries. Data collection and preprocessing follow Giersch

et al. (2025) and Giersch et al. (2022). Here we focus on the SEIP modeling and prior derivation.

Full details on data subsetting, regression procedures, and distribution fitting are provided in

Appendix A. The prior distributions and their data sources are summarized in Table 4.

Initial conditions were treated as unknown parameters with informative priors anchored to

the early field observations. The initial host-state values, [S(0), E(0), I(0)], were assigned a

Dirichlet prior centered on the first two observed SEI proportions, while the initial particle
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concentration P (0) was assigned a lognormal prior informed by the first two eDNA survey

measurements. These initial values were structurally unidentifiable (Section 2.2), so anchoring

them was necessary to stabilize estimation and improve sampler behavior.

(a) Longitudinal cancer trajectories. (b) Changepoint/infectiousness threshold.

(c) Temperature-driven decay of cancer cells. (d) Temperature effects on progression.

Figure 2: Laboratory data used to inform prior distributions. (a) Longitudinal cancer progres-
sion trajectories of individual clams, showing the level of cancer over time. Each clam was held
in a separate tank and repeatedly sampled to quantify cancer levels (Giersch et al., 2025). (b)
Changepoint analysis identifying the infectiousness threshold (24.12% cancer fraction) used to
classify infectious individuals. Clams were kept in individual tanks and water samples are taken
to monitor the concentration of cancer particles released in a period of 24 hours in addition to
the cancer fraction samples (Giersch et al., 2025). (c) Cancer cell decay rates measured in sea-
water across temperature treatments, demonstrating faster decay at higher temperatures. Each
point represents a measurement and lines represent fitted regression lines for each temperature
(Giersch et al., 2022). (d) Progression of cancer in clams across temperature treatments (n =
6 per temperature treatment), showing how temperature increases the likelihood of cancer pro-
gression. Susceptible clams were experimentally injected with BTN, maintained individually,
and the cancer fraction was monitored over time.

As there is no data to directly inform β and it is a positive rate parameter, we assigned a

weakly informative lognormal prior centered at 0.02, written as β ∼ Lognormal(log(0.02), 1.0).

Longitudinal cancer trajectories (Figure 2. (a)), previously described in Giersch et al. (2025),

were used here to inform priors for progression (α) and mortality (m). We performed a change-

8



point procedure and found an infectiousness threshold of 24.12% hemolymph cancer fraction

(Giersch et al., 2025). We used this value to define the infectious class (Figure 2. (b)). While

fitted progression curves identified when clams crossed this threshold, the starting time at 0%

cancer is unknown since we received these animals from the wild where their time of infection

was not observed, meaning only a minimum time to infectiousness (∼ 80 days) could be esti-

mated. This timescale was used to biologically inform the center of the lognormal prior for the

progression rate α, α ∼ Lognormal(log(0.01), 0.3), but was not imposed as a bound because

doing so did not affect model performance. For both β and α, standard deviations are based on

iterative model testing and chosen to balance between parameter flexibility and computational

stability. Mortality rates were better supported, and m was modeled with an inverse gamma

distribution (shape = 2.60, scale = 0.04) consistent with an average time to death of about 59

days.

The particle emission rate (γ) was estimated by eDNA measurements of cancer cell concen-

trations in the water from infectious clams (Figure 2. (b)). To account for the right-skewed

distribution of nonzero values, we fit a lognormal model on the positive values, resulting in

a lognormal(1.24, 1.93) prior for γ. The particle decay rate (δ) was estimated by exponen-

tial decay fits to cancer cell survival in saltwater (Figure 2. (c)), leading to a lognormal prior

(log(0.05), SD = 0.1). This seawater survival dataset is described in Giersch et al. (2022) and

reanalyzed here to construct priors.

Temperature effects on decay rate (δT ), were estimated by fitting linear models to individual

decay rates across temperature treatments (Figure 2. (c)). These hyperparameters were mod-

eled with normal priors (aδ ∼ N (−1.97, 0.3), bδ ∼ N (0.32, 0.06)) and truncated to enforce the

statistically significant positive relationship between cancer cell decay rate and temperature

(bδ > 0). For temperature-dependent progression (βT ), a logistic regression on binary progres-

sion outcomes (Figure 2. (d)) returned a positive, but non-significant slope. Therefore, we did

not enforce the relationship with truncation, but tighter priors were needed for model stability

(aβ ∼ N (−2.73, 2.0), bβ ∼ N (2.72, 6.0)). Temperature covariates were standardized prior to

fitting and all hyperparameters therefore correspond to the effect on the standardized tem-

perature scale zT (t). Hyperparameter standard deviations were selected iteratively for model

stability while preserving reasonable uncertainty.
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Table 4: Parameter priors.

Parameter Prior distribution Data source

β Lognormal(log(0.02), 1.0) Figure 2A (weakly informed)
α Lognormal(log(0.01), 0.3) Figure 2A (weakly informed)
m InvGamma(2.60, 0.04) Figure 2A
γ Lognormal(1.24, 1.93) Figure 2B
δ Lognormal(log(0.05), 0.1) Figure 2C

βT
aβ ∼ N (−2.73, 2.0)

Figure 2D
bβ ∼ N (2.72, 6.0)

δT
aδ ∼ N (−1.97, 0.3)

Figure 2C
bδ ∼ N (0.32, 0.06) truncated at [0,∞)

Note. Initial conditions were anchored to first two observations using informative priors (Dirichlet for
[S(0), E(0), I(0)], LogNormal for P (0)).

2.5 Field Data and Observation Models

Survey data was collected over a period of two years. We were sent soft-shell clams every other

month from Gloucester Marine Genomics Institute (GMGI) from a site in Forest River, MA

(42.508043◦N,−70.882746◦W ) beginning in February 2023 and a site in Pavilion Beach, MA

(42.700431◦N,−70.790456◦W ) beginning in April 2023. Each shipment included approximately

50 animals per site, which we processed to estimate per-animal cancer fraction. Shipments also

included three water samples per site for eDNA (environmental DNA) quantification of BTN in

the water column. The site data is shown in Figures 3 and 4. We followed our lab’s published

protocols for cancer-fraction derivation and eDNA processing without modification (Giersch

et al., 2022, 2025). The survey sites differ in observed particle dynamics and disease seasonal

patterns, but there is no clear explanation for these differences.

We obtained continuous water temperature from HOBO U24 Conductivity logger (model U24-

002-C, Onset Computer Corporation; temperature accuracy ±0.1°C) at each sample site. Using

HOBOware, we processed the hourly temperature reads over the study period and fit a sine

wave to the raw data (Figure 5) to derive the temperature parameters for each site as described

in Section 2.1. Site temperature dynamics were similar, therefore, theoretical analyses used the

Forest River parameterization, while individual parameters were used for fitting to the data.

At each sampling time t, we classify animals into counts of Susceptible, Exposed, or Infectious:

yt = (yt,S, yt,E, yt,I), nt = yt,S + yt,E + yt,I .

10



Figure 3: Survey data from Forest River, MA including SEI counts and eDNA measurements.

Figure 4: Survey data from Pavilion Beach, MA including SEI counts and eDNA measurements.
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Figure 5: Temperature data from Forest River, MA and Pavilion Beach, MA sites including
the sine wave fits. Data were unavailable 12/12/2023 to 1/11/2024 at Forest River, MA due to
recording error.

We defined our observation models as follows. The observed counts were modeled using a

multinomial likelihood. Let (St, Et, It) be the model-implied compartment fractions:

yt ∼ Multinomial(nt, pt) , pt ≡
(St, Et, It)

St + Et + It
,

where pt is normalized to sum to one to adjust for small numerical drift in the ODE solver.

For particle concentration (eDNA), let yt,P (copies/mL) be the measurement and Pt the model-

implied value, where copies/mL denotes the number of target-sequence copies per milliliter of

seawater as inferred from qPCR. Measurements at or below the assay limit of detection (LOD

= 0.1, n = 5 from the Forest River site) are treated as left-censored and the likelihood ℓ(yt,P )

is the probability mass below the LOD:

ℓ(yt,P ) =


Lognormal pdf(yt,P | log(Pt), σeDNA) , yt,P > LOD,

Lognormal cdf(LOD | log(Pt), σeDNA) , yt,P ≤ LOD.

where σeDNA is weakly informed variability (σeDNA ∼ N (0, 0.35)).
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2.6 Seasonal Decomposition

To provide an analytical comparison of seasonal structure across sites, we applied classical

seasonal decomposition using the decompose function in R (R Core Team, 2020) to the time

series of the Susceptible data trajectory. These results were used as a qualitative diagnostic

of site-specific seasonality to compare the timing and structure of these patterns as well as

assessing how the model results represented the main seasonal patterns. Since the time series

was sparse over the two year period, these results are interpreted cautiously and are used to

contextualize the model outcomes among the survey sites.

2.7 Model Fitting and Inference

All of the models were implemented in Stan (Carpenter et al., 2017) using RStan, the R interface

of Stan. Stan is a probabilistic programming language for Bayesian statistical inference via

Markov Chain Monte Carlo (MCMC). The ODE systems were solved with the Runge-Kutta

4th and 5th order (RK45) solver. Four MCMC chains were run for each model, which included

1000 warm-up iterations and an additional 1000 iterations per chain, used for the posterior

samples. These samples were then processed in R (R Core Team, 2020). The implementation

code is included in the supplementary material.

Divergences occur when the sampler struggles to explore certain regions of the distributions,

indicating potential bias and unreliable results. Therefore, we aimed for low divergences of the

sampler and further assessed trace plots and R̂ values for sampler performance. Across runs

for Forest River, R̂ values indicated convergence (R̂ < 1.01) and effective sample sizes were

adequate. We observed some divergences in the post-warm-up iterations. Increasing the target

acceptance rate (0.99) removed these divergences without altering the posterior summaries.

Pavilion Beach had persistent sampling diagnostic issues. While increasing the maximum tree

depth (12) to allow the sampler to search longer in each iteration reduced divergences, tail

effective sample size warnings remained. This indicates that posterior variances may be less

reliable, but the medians and central mass may be more stable. We therefore interpret Pavilion

Beach results cautiously.

For parameters and selected derived quantities, we report medians and 95% highest posterior
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density intervals (HDIs) calculated with the HDInterval package (Juat et al., 2022). HDIs

were computed both for prior predictive and posterior draws to summarize inference and to

compare prior knowledge with updated beliefs.

To evaluate model fit, we performed posterior predictive checks (PPCs) by generating synthetic

trajectories at each MCMC draw using the sampled parameter values. These simulations

represent the model-implied dynamics for each compartment (S, E, I, and P). We also generated

observation-level predictive trajectories that incorporate sampling error at each observation

time. Both process and observation predictions were summarized with their median and 95%

HDIs. These PPCs allow visualization of model performance, assessing how the mechanistic

process and observation models reproduce the survey data measurements.

2.8 Model Comparison

We compared the four model variants (Table 3) using Pareto smoothed importance sampling

with leave-one-out cross validation (PSIS-LOO) to estimate the predictive accuracy of the model

without splitting the limited dataset (Vehtari et al., 2017). However, these estimates were in-

distinguishable across models (∆ ELPD ≤ 1.5 with SE ≈ 8-9; all Pareto-k ≤ 1.0). We also

assessed fit using posterior predictive checks (PPCs). When observational error was included,

PPCs showed similar agreement with the observed data across models (Figure 8; Appendix B),

indicating that comparison through predictive performance was also indistinguishable. There-

fore, we compared model results by biological interpretation and prioritizing seasonality results

through visual comparison. Specifically, we prioritized smaller errors in the timing and am-

plitude of seasonal dips in susceptible clams (S) and particle concentration (P) compared to

observation points. The chosen model best reproduced these seasonal features visually while

maintaining clean diagnostics.

2.9 Global Sensitivity Analysis

To determine which parameters are most influential on key disease features and should be

focused on for future data collection, we ran a sensitivity analysis based on our current prior

knowledge of model parameters. We used the Morris elementary effect method (Morris, 1991)
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implemented in Julia with GlobalSensitivity.jl (Dixit and Rackauckas, 2022). We analyzed

the most developed model (Model 4) and varied the parameters independently and uniformly

over their prior 5th - 95th percentiles with a fixed temperature forcing based on site temperature

measurements. We computed Morris indices for four features including the peak of P, peak of

I, timing of P peak, and timing of I peak to capture seasonality effects of parameters. For each

parameter and feature, we summarized the mean absolute elementary effect (µ∗) to rank the

overall influence.

2.10 Practical Identifiability

We assessed practical identifiability using parameter-recovery experiments on synthetic datasets,

following a simulation-based calibration (SBC) approach (Talts et al., 2020). Specifically, we

simulated 100 datasets from the Model 4 temperature-dependent SEIP by randomly drawing

parameter values from their prior distributions and generating observations at the empirical

sampling times using the same observation model (multinomial SEI counts and a lognormal

P measurement), and refit the model under the same priors. Since temperature dynamics are

consistent across populations, these values were kept constant among simulations. We then

evaluated recoverability by comparing posterior estimates to the true parameter values us-

ing the 95% highest-density interval (HDI) coverage, and visualized by comparing posterior

predictive latent trajectories to the simulated trajectories generated from the true parameter

combinations. Under a well calibrated model, approximately 95% of the true parameter values

should fall within the 95% HDIs. Using 100 simulations provides a stable estimate of HDI

coverage.

3 Results

Results are presented first for Forest River, where seasonal structure and model behavior are

most clearly shown, followed by Pavilion Beach, which is used to assess the generality of the

model.
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3.1 Seasonality in Site Data

Seasonal decomposition of the survey sites data shows the differing phase and structure be-

tween disease prevalence at Forest River and Pavilion Beach sites. While Forest River exhibits

a coherent seasonal signal aligned with model-inferred mechanisms, Pavilion Beach shows a

seasonal pattern that differs from Forest River in timing and shape. Forest River has two dis-

tinct seasonal spikes in the disease with one of smaller magnitude in June and a larger effect in

December. Pavilion Beach exhibits one main seasonal disease spike in April. We refer to these

seasonal patterns when presenting model results.

Figure 6: Seasonal components of the susceptible trajectories from Forest River and Pavilion
Beach survey data over the two year survey period.

3.2 Model Trajectories

Posterior latent trajectories for the four model variants at the Forest River site are shown in

Figure 7. (a) - (d). In each panel, the lines show the posterior median trajectories for each com-

partment susceptible (S), exposed (E), infectious (I) and particle (P). The bands around each

line show the 95% HDI and the points represent the observation points for each compartment

(P values at 0.1 indicate measurements at or below the limit of detection). The model variants

1-4 are shown, representing temperature dependencies in each plot. All models broadly capture

the overall disease dynamics. The susceptible compartment (S) remains dominant while the

exposed (E) and infectious (I) compartments are low. The particle (P) compartment shows
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the greatest uncertainty in trajectory estimates. All models show a general increase in S while

showing different seasonal patterns as discussed in the following section.

Observational predictive trajectories are shown in Figure 8 for model 4 (and in Appendix B

for models 1-3), where simulated observation intervals are compared with the empirical data.

Most observations fall within the observational intervals across all model runs.

(a) Model 1 results without temperature dependent parameters.

(b) Model 2 results with temperature dependent particle decay rate δT .
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(c) Model 3 results with temperature dependent progression rate βT .

(d) Model 4 results with temperature dependent particle decay rate δT and progression βT .

Figure 7: Variant model posterior latent trajectories for the Forest River site. Posterior medians
and 95% HDIs are shown for S, E, I, and P with observations overlaid and represented by circles
(SEI) and triangles (P). P observations at 0.1 (5 observations) represent points at or below the
LOD.
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Figure 8: Model 4 trajectories with inner latent trajectory 95% HDI in color (as shown in the
previous plots) and outer observational error 95% HDI in gray for each trajectory with survey
data points for each compartment. The particle trajectory shows the limit of detection (LOD)
value by a dotted line. All particle (P) points at the dotted line (5 observations) represent
measurements at the LOD and can therefore be a value between 0 and 0.1.

3.3 Model Comparisons

As noted in section 2.7, PSIS-LOO model comparison was inconclusive and we instead assessed

seasonality results of the model trajectories. To directly compare seasonal dynamics, we overlaid

the trajectories of all four model variants with the observed data for each compartment and

observed site temperature shown visually for the Forest River site (Figure 9).
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Figure 9: Mean trajectories from models 1-4 with Forest River data, separated by compartment
S, E, I and P with a temperature grid for model performance comparisons, where red represents
the highest temperature and blue represents the lowest temperature in the observation system.
Survey data is represented by the data points. A zoomed in comparison of the trajectories is
shown in Figure B.2.

Model 1 (no temperature dependence) produces baseline linear trends with no seasonal struc-

ture. Model 2 (temperature dependence in particle decay parameter, δT ) shows seasonality in

the S, E, and I compartments, with peaks in disease prevalence in the colder-to-warmer month

transitions and produces minimal seasonal variation in P. Model 3 (temperature dependence

in the progression parameter, βT ) and 4 (temperature dependence in both parameters, parti-

cle decay and progression) generate larger amplitude seasonal cycles with patterns opposite of

model 2. These align more closely with the main observed peak in disease prevalence (Figure 6)

in the warmer-to-colder month transitions. Model 3 and 2 produce similar amplitudes in P,

though model 3 is shifted to the left, whereas model 4 shows the highest amplitudes in P.

Models 2 and 3 each capture different seasonal signals found within the empirical data. Model

2 reproduces one of the observed annual dips identified in the decomposition (Figure 6), while
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model 3 reproduces the other. When both mechanisms are included (model 4), the result-

ing trajectories strongly resemble model 3, suggesting that, among the mechanisms examined,

temperature-dependent progression (βT ) may be more influential on the fitted seasonal dynam-

ics than temperature-dependent cell decay (δT ).

3.4 Parameter Posteriors

For model 4 of the Forest River site, the comparison of the prior and posterior distribution

HDIs for the identifiable parameters α, m, and γ is shown in Figure 10. We show the raw

posterior and prior draws in Figure B.3. The posterior distribution of α shifted away from its

prior upper bound, consistent with longer latent periods than initially assumed. Its reduced

uncertainty relative to the prior demonstrates data-driven learning. The posterior of γ also has

a narrowed distribution, with less variability than its broader prior, reflecting data support for

a lower emission rate. In contrast, m shifted slightly upward, but retained a similar level of

uncertainty, implying weak data influence.

Given that β, aβ, bβ, aδ and bδ are unidentifiable in the system (see section 2.2), we instead

examine the temperature-dependent derived identifiable parameters βeff and δT (Figure 11). As

expected by laboratory studies, both exhibit an increasing trend with warmer temperatures.

βeff approaches zero in colder months, but increases to about 0.010 at peak temperatures, while

δT fluctuates between 0.09 and 0.23 throughout the year. The survey data was informative

for these quantities, as the posterior intervals are tighter than their defined priors. Notably,

although we did not explicitly impose a positive temperature dependence for βeff, the posterior

distribution is consistent with a positive relationship.
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Figure 10: Posterior and prior distributions for identifiable model parameters, α (time to I from
E), m (time to death from I), and γ (particle emission from I) with median values and 95%
HDI intervals from model 4 results.

Figure 11: Posterior draws of βeff(t) and δT (t) with median and 95% trajectories against survey
temperature grid from model 4 results.

3.5 Pavilion Beach

In contrast to Forest River, at Pavilion Beach (Figure 12) all four model variants produce

broadly similar fits to the SEI observations, so the data do not strongly distinguish βeff(t) and

δT (t) as a seasonal driver. Also, the inferred temperature effect on progression (βeff(t)) in model

3 was not consistently positive across posterior draws. Therefore, we treat Pavilion Beach as a

diagnostic site for model generality rather than a primary site for seasonal mechanism inference.
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Figure 12: Mean trajectories from models 1-4 (lines) and Pavilion Beach data (points) separated
by compartment S, E, I and P with a temperature grid for model performance comparisons,
where red represents the highest temperature and blue represents the lowest temperature in
the observation system.

3.6 Parameter Sensitivity

The sensitivity results (Figure 13) show that the most influential parameters on the magnitude

and timing of I and P trajectory peaks include α and m. γ is the least influential parameter.

The temperature effect on β and δ are of equal importance in timing of P and peak of I, but

bδ is slightly more influential on the amplitude of the P trajectory peak and the timing of the

I trajectory peak.
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Figure 13: Morris sensitivity analysis with µ∗ ranking for each parameter and four seasonal
features of model results including the timing and amplitude of the peaks of I and P trajectories.

3.7 Parameter Recovery

Across 100 simulated datasets, the model’s posterior intervals captured the true parameter

values at rates close to their predefined levels, confirming good overall calibration. Coverage at

the 95% credible level ranged from 0.80 for the progression rate (α) to 0.96 for the mortality

rate (m) and mean decay rate (δ̄T ). The mean effective transmission rate (β̄eff) and emission

rate (γ), were 0.93 and 0.95, respectively. The lower performing results for α suggests that this

parameter remains weakly informed by the data under the current prior. In contrast, δ̄T , β̄eff,

γ, and m showed accurate performance, indicating that their priors and data likelihood provide

sufficient information for accurate recovery of true values. Overall, these simulation-based

calibration results demonstrate that the model performs well, with only mild under-coverage in

the least identifiable parameter. Two of these simulations and model fits are shown in Figure 14

to visualize the latent recoverability performance of the model on data similar to the survey

data.
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Figure 14: Two example simulations representing trajectories from randomly selected combina-
tions of model parameters in the dotted lines and median model fits in the solid lines with the
95% HDI. The observed data points used to fit the model were points taken from the simulated
trajectory with added sampling noise and are also shown on the plots.

4 Discussion

The results of this study not only provide a foundation for understanding the dynamics of

Bivalve Transmissible Neoplasia and its effect on bivalve populations, but are also an example

of the application of Bayesian inference to dynamic biological systems.

4.1 Site-Specific Characteristics

Forest River and Pavilion Beach display different seasonal signatures in both prevalence and

particle measurements, and these site-level differences may contribute to the contrast in model

behavior across sites. At Forest River, the survey time series shows two within-year peaks; the

dominant seasonal peak is reproduced by the temperature-linked progression mechanism, while

the smaller secondary peak is captured less consistently. At Pavilion Beach, the prevalence

time series shows a single prominent spring spike (largely driven by the April observation),

whereas the eDNA record exhibits multiple within-year pulses. This mismatch in structure

suggests that additional site-specific processes affecting particle dynamics and/or detection

(e.g., particle transport, episodic release, or unmodeled biological events) may be important

at Pavilion Beach beyond what is represented in the current SEIP framework. Additionally,

individual observations can have high leverage on inferred seasonal amplitude and timing due
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to the sampling resolution, thus increased sampling density around expected peak windows

would help determine whether the Pavilion Beach spring spike reflects a consistent seasonal

feature or sensitivity to specific sampling dates.

4.2 Seasonality of Forest River Results

The results shown in Figure 9, are consistent with the hypothesis that incorporating temper-

ature dependence improves the model’s adaptability to reproduce observed seasonal patterns

in the system. Allowing disease progression and particle decay to vary with temperature ap-

peared to better reproduce the observed seasonal trends than the constant-parameter model.

The model suggested that higher temperatures were associated with faster disease progression

and faster particle decay. Despite this opposing dynamic, the inclusion of both effects produced

the closest match to the main observed seasonal pattern (December peak). While dynamics

in S, E, and I trajectories were nearly identical in Models 3 and 4 (progression temperature

dependence and both temperature dependent parameters, respectively), the trajectory of P in

Model 4 results aligned closer with observed patterns. Therefore, including both temperature

dependent parameter dynamics produced the most plausible fit among the four proposed mod-

els. However, the results also suggest that there is a dominant mechanism of seasonality of the

two proposed in this study. Since Model 4 results mostly aligned with Model 3 results, we note

that temperature-dependent progression appeared to be the more influential seasonal mecha-

nism among the two considered here of observed seasonal patterns in S, E, and I proportions,

while decay rate variation refined the timing and amplitude of the particle concentration in the

full temperature model.

While there is high uncertainty in estimates for magnitudes of seasonal parameters βeff and

δT , the fitted temperature relationships were positive over the observed temperature range

as seen in Figure 11. Therefore, under this model, higher water temperature is associated

with higher predicted BTN prevalence at this site. We performed a scenario analysis using

model 4 parameter estimates and mechanistic structure (Figure 15) in which the site’s seasonal

temperature cycle was shifted upward by 1 to 3 ◦C, consistent with projections of 1.1 to 2.4

◦C increases in the year 2050 for sea surface temperatures in the Gulf of Maine where this site

is located (Brickman et al., 2021).
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Figure 15: S, E, I, and P trajectories from model 4 parameter inference median values under
4 temperature scenarios: baseline, +1◦C, +2◦C, +3◦C mean annual temperature of the Forest
River, MA site.

While these results suggest an important role for temperature in seasonal dynamics, the global

sensitivity analysis (Figure 13) further clarifies which parameters most strongly influence model

behavior. The analysis confirms the importance of temperature-dependent effects, yet shows

that the progression variables (β, α, and m) have the most influence on seasonal attributes

and may require prioritization in future laboratory experiments. Additionally, the sensitivity

analysis demonstrates that while there appears to be significant variability in laboratory es-

timates of particle emission rate (γ), its effect on seasonal variation appeared to be minimal

when compared to other factors, and is constrained by survey data.

4.3 Data Limitations

Simulation-based validation suggested that the underlying population trajectories (S, E, I, and

P) can often be recovered and that most parameters were well estimated under the assumed data
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generating process. Overall, most parameters were informed by the survey data, which reduced

uncertainty. However, the available data (laboratory and field data) impose several limitations

on model resolution and inference. Progression parameters are difficult to estimate in lab

environments, but more information on β would help refine the estimates of the magnitude of

the temperature effect (aβ and bβ). When eDNA observations are at the LOD, these values are

treated as left-censored. This censoring reduces information about low particle concentrations

and propagates as wider observational predictive intervals for P. While the model explicitly

accounts for this measurement process, the censoring limits our ability to precisely estimate

parameters governing decay and low-level transmission. Similarly, the low frequency of sampling

restricts the ability to resolve sharp seasonal transitions in disease progression. Infectious

clam samples are particularly sparse, which may weaken estimation of seasonal forcing and

temperature-dependent effects.

The posterior predictive intervals in Figure 8 suggest that the model captures most of the ob-

servational error and measurement variability, especially in the eDNA particle data. While the

simulated trajectories capture the general temporal patterns, there remains broad variation in

observed values that cannot be fully explained by the mechanistic structure. This suggests that

biological or environmental processes not included in the current model, such as unobserved

covariates, may contribute to the observed spread. Nevertheless, by explicitly incorporating ob-

servation error, the model appropriately propagates this uncertainty into parameter estimates,

providing inference that reflects uncertainty despite noisy and incomplete data.

4.4 Model Extension

The survey data captures a repeated seasonal observation of increased particle concentration in

the summer months that also coincides with a jump in infected counts. However, this dynamic

was not captured in any model results leading us to hypothesize a mechanistic element not

included in our model formulations.

We explored an extended version of the previously described seasonal model with a hypothesized

additional mechanism in order to improve the fit to the data. In particular, we propose that the

spike in the particle concentrations during the summer months may have resulted from biological
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events such as spawning. Since the timing of spawning in clam populations is uncertain, but

generally occurs between May and August (Brousseau, 1978), we assigned the onset day tstart a

uniform prior on [140, 174] with day 0 defined as January 1. The duration dpulse has a lognormal

prior centered near 10 days (truncated to 3-20 days). The pulse is implemented as a smooth

introduction using the logistic function to avoid discontinuities that would destabilize Stan’s

ODE solver. Specifically,

pulse(t) = logit−1(k(t− tstart))− logit−1(k(t− [tstart + dpulse])

where k is a steepness constant selected as a biologically plausible pulse in the time frame

while ensuring numerical stability. This is scaled by a fixed amplitude of 0.25 and added to the

equation describing how P changes over time:

dP

dt
= γI − δTP + 0.25 · pulse(t)

The amplitude was chosen to generate particle peaks comparable in magnitude to those seen

in the eDNA data. Since the goal of this spawning pulse was to test whether adding this

mechanism could generate the observed seasonal dip seen in the Forest River site rather than

to estimate a biologically precise pulse magnitude, we treated the amplitude as a fixed scaling

rather than a parameter to be estimated. We also fixed all other parameter values to median

parameter inferences based on Forest River model 4 results. Therefore, in this model extension,

the only parameters that were inferred were the timing and duration of the particle pulse.
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Figure 16: Adjusted Forest River model 4 results with a particle concentration pulse introduced
in the summer months. Median trajectories and their respective 95% HDI are shown with data
points for each compartment S, E, I, and P.

In the model extension, the added particle pulse produced a corresponding increase in the

exposed population and helped reproduce the observed summer increase more closely than

model 4. The values used in this extension are based on limitedly available knowledge and not

well informed, therefore further work on spawning parameters is needed to make conclusive

statements of this observed spike in cancer cells. This extension motivates further exploration

of the hypothesis that spawning events produce more cancer particles in the water and thus,

future data collection should be targeted to accurately monitor the particle concentration in

the water during this time.

4.5 Future Directions

While the work presented captures key aspects of Bivalve Transmissible Cancer in clams, several

biological and environmental processes require further investigation. Future research is needed

to examine the role of spawning as a potential driver of key seasonal observations. Another

factor that can be implemented to the model mechanism is tidal dynamics of sampling locations,

which may influence cancer particle detection in sampling and impact disease transmission. An

increase number of laboratory experiments investigating temperature effects are also needed to

refine estimates of disease progression rates and the thermal sensitivity of the cancer spread.
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Increase sampling resolution during summer months would better constrain temperature effects

and validate pulse dynamics. In the field, increasing sampling frequency during summer months

would help constrain temperature-dependent effects and increase the resolution of the particle

pulse dynamics. Finally, extending surveys to additional sites spanning broader temperature

gradients would help evaluate the model at additional sites and improve the generalization of

results across populations. Field data collection continued at the sample sites through 2025,

which will provide a validation dataset for model predictions of the disease and would be an

important next step in this research.

More broadly, this modeling framework can also be extended to other disease systems in which

pathogens are released into the environment, remain outside of the host for some period of

time, and can be measured in environmental sampling. A useful feature of this model is that

it links environmental pathogen measurements directly to transmission dynamics through an

explicit environmental compartment, rather than treating those measurements as a separate

value. This allows an in depth understanding of the system as a whole and how shedding,

persistence, and removal of pathogen material in the environment may affect disease prevalence

over time. Similar systems exist in which pathogens are shed into the water and environmental

concentrations indicate exposure risk and shedding amount. For example, disease progression

in zebrafish infected with Vibrio anguillarum has been investigated with eDNA, and eDNA

experiments on white spot disease in shrimp have quantified viral shedding from infected hosts

(Henard et al., 2024; Cox et al., 2023). These examples highlight systems that can be further

explored with the mechanistic model used in this study due to their environmental pathogen

measurements to improve inference on disease dynamics.

5 Conclusion

This study provides a mechanistic model of BTN dynamics in a natural population. By syn-

thesizing laboratory experiments, environmental particle measurements, and field prevalence

surveys, the model estimates progression and transmission parameters and their uncertainties.

This model also supports the hypothesis that temperature-dependent progression contributes

to seasonality in the disease prevalence observed in survey data of Forest River, MA popula-
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tions. These results suggest that temperature-dependent progression is the dominant seasonal

mechanism among the model variants considered, particularly explaining the fall disease spikes

at Forest River. The thermo sensitive cancer cell decay rate adjusts the timing of disease in-

fections and particle concentrations, but did not appear to be the primary seasonal mechanism

in the Forest River fits.

This work provides a basis for exploring BTN dynamics under changing environmental condi-

tions. As BTN continues to affect populations, this model may be useful to capture underlying

dynamics and can be updated with new information of the disease. As shown through the

model extension of including another mechanism to the disease model, this framework can be

used to explore hypotheses and inform future data collection of the disease system such as the

link between spawning events and an increased measurement of BTN in the water column.

This modeling approach also contributes to the expanding use of Bayesian methods in disease

modeling. We demonstrated that Bayesian modeling can be useful for evaluating plausible

ecological mechanisms even with sparse, noisy, or limited data.

These results also highlight several directions for future work. Higher-frequency summer sam-

pling and targeted laboratory experiments are likely needed to better refine parameter estimates

and determine the role of spawning or other drivers of observed seasonality. Extending surveys

across broader temperature gradients and incorporating additional environmental processes

such as tidal dynamics will improve our assessment of the reliability and generality of the

model. Together, these adjustments would build on this established model to deepen under-

standing of BTN transmission and improve predictions for bivalve populations.

As environmental DNA surveillance is increasingly popularized in aquatic systems, models

that explicitly connect environmental pathogen signals to host-pathogen dynamics are likely

to become increasingly valuable for disease monitoring, hypothesis testing, and predictions.

In particular, models that represent pathogen persistence in the environment and account for

processes affecting pathogen release, survival, and removal may be especially valuable in aquatic

disease systems.
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A Priors

We reuse the laboratory datasets shown in Figures 2. (a)- (b) and the associated preprocessing

pipeline described in Giersch et al. (2025), as well as the seawater survival dataset for Fig-

ure 2. (c) from Giersch et al. (2022). Figure 2. (d) presents temperature-controlled longitudinal

experiments (4, 10, 13, 16 °C) conducted with the same workflow and preprocessing as Giersch

et al. (2025). Data at 16 °C were excluded from analysis because mortality was confounded by

non-BTN causes. All time units are in days and rates are per day. Except where noted below,

laboratory methods, qPCR processing, and cancer-fraction calculation follow those studies.

Here we document only the analysis-specific filters of the data and analyses used for the SEIP

model.

A.1 Defining Exposed vs Infectious Classes

To distinguish exposed (E) from infectious (I), we fit a single-changepoint model to a Bernoulli

transformation of the emission measurements in Figure A.1 (1 = emission detected; 0 = not

detected). After ordering observations by hemolymph fraction, we fit a single changepoint using

binary segmentation in the R changepoint package (Killick and Eckley, 2014). The estimated

changepoint occurred at 24.12% cancer, above which emission occurred. We therefore classify

clams as infectious once their hemolymph cancer fraction exceeds 24.12% , susceptible at 0%,

and otherwise they are exposed.

36



Figure A.1: Changepoint analysis identifying the infectiousness threshold (24.12% cancer frac-
tion) used to classify infectious individuals. Clams were kept in individual tanks and water
samples were taken to monitor the concentration of cancer particles released in a period of 24
hours in addition to the cancer fraction samples. The figure on the left shows how the Bernoulli
data transformation with the identified changepoint and the figure on the right shows the orig-
inal data with the labeled changepoint.

A.2 Progression (α) and mortality from the longitudinal dataset (m)

A.2.1 Hierarchical growth fits

We modeled clam cancer trajectories (Figure A.2) using a hierarchical modified Gompertz

curve 2 (Zwietering et al., 1990). Shape parameters (asymptote (A) and growth rate(µ)) were

shared at the group level and the timing parameter (λi) varied by individual clams (i). This

structure assumes broadly similar cancer growth across clams while allowing heterogeneous

onset times.

Figure A.2: Longitudinal data subsetted into clams that start at a low amount of cancer and
progress to above the infectious level (left) and clams that begin below and die above the
infectious level (right).
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A ∗ exp
(
− exp

(µ ∗ e
A

∗ (λi − t) + 1
))

(2)

A.2.2 Time to infectiousness (α)

Figure A.3: Longitudinal data (points) of clams that have progressed to the 0.24 cancer fraction
threshold, separated by each individual clam and fitted growth curves overlaid (lines).

For progression, we included clams whose hemolymph cancer fraction was < 10% at the first

time point of the observation window and that progressed to exceed the infectiousness threshold

of 24.12% (Figure A.2). Since the start of infection (0% cancer) is unobserved, we estimated a

minimum time to infectiousness by using the assay’s limit of detection as a reference fraction and

computing the model-implied time to that level. Using the hierarchical modified Gompertz fits

(Figure A.3), we computed the time the fitted curve first crossed fI = 0.2412 and subtracted

the time the curve would equal the minimum detectable fraction fLOD = 10
10000000

= 10−6.

Summarizing across clams resulted in a group-level lower bound of about 80 days.

We represented the exposed-to-infectious rate with a lognormal prior centered around this

timepoint:

α ∼ LogNormal(µ = log(0.01), σ = 0.3)
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The dispersion (σ=0.3) is intentionally set to allow flexibility around this minimum by placing

probability mass on both longer and shorter durations than 80 days. We do not truncate α at

80.6 days, as enforcing this bound did not change fit or performance.

A.2.3 Time to death and mortality rate (m)

Figure A.4: Longitudinal data (points) of clams that have progressed to the 0.24 cancer fraction
threshold and died with a cancer fraction above 0.24, separated by each individual clam and
fitted growth curves overlaid (lines).

For mortality, we used trajectories with points below 0.24 cancer fraction and ending in death

after passing 0.24 cancer fraction (Figure A.2). From the hierarchical Gompertz fits (Fig-

ure A.4), for each clam i and posterior draw we computed the time from first crossing 24.12%

(tinfect,i) to death (tdeath,i). We added 7 days to this term since tdeath,i is the last measured

point before death and the real time of death is between that point and the next observed time

point (14 days).

∆i = tdeath,i + 7− tinfect,i

Draws with ∆i ≤ 0 (rare cases where the fitted tinfect,i occurs after tdeath,i) were discarded. This

affected ∼ 2% of posterior samples.
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For each clam we summarized the positive draws by their posterior mean µi and standard

deviation σi, compared distributions (normal, lognormal, gamma) on fitting to the means by

AIC/BIC, and chose the Gamma family (slightly better fit and correct support on R+). Under

a Gamma rate parameterization for the means of time to death for each clam i,

∆i ∼ Gamma(αi, βi), αi =
µ2
i

σ2
i

, βi =
µi

σ2
i

.

We then aggregated to a population-level Gamma using the law of total variance (Figure A.5).

µpop =
1

K

∑
µi, σ2

pop =
1

K

∑
(σ2

i + µ2
i )− µ2

pop

αpop =
µ2
pop

σ2
pop

, βpop =
µpop

σ2
pop

.

The ODE model uses the mortality rate m = 1/∆pop. If ∆pop ∼ Gamma(αpop, βpop) with rate

βpop, then

m = 1/∆pop ∼ InvGamma(shape = αpop, scale = βpop).

From our data this yields αpop ≈ 2.60, βpop ≈ 0.04, thus

m ∼ InvGamma(shape = 2.60, scale = 0.04).

Figure A.5: Estimated distributions for time to death of each individual clam with the estimated
population-level time distribution overlaid as the blue dotted line.
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A.3 Transmission Rate (β)

We lack direct experiments on natural transmission. Therefore, β is assigned a weakly infor-

mative prior centered at a biologically plausible value and tuned via prior-predictive checks:

β ∼ LogNormal(µ = log(0.02), σ = 1.0).

The larger σ maintains flexibility while preserving computational stability.

A.4 Particle Emission Rate (γ)

Using eDNA measurements of tank water from individual clams (Figure 2. (b)) that have

progressed past the infectious threshold (24.12%), we found that the emission data were zero-

inflated and right-skewed. We therefore subsetted the data for only positive emissions to fit a

prior on the emission rate conditional on emission. We fit a Gaussian model to log(CopyPerMl)

using the glmmTMB package in R (Brooks et al., 2017; R Core Team, 2020):

γ ∼ LogNormal(µ = 1.24, σ = 1.93).

A.5 Particle Decay (δ) and its Temperature Effect (δT)

We estimated the particle decay rate from survival trajectories of cancer cells emitted by clams

across temperatures 4 °C, 10 °C, 13 °C, 16 °C, 25 °C, 37 °C (Figure 2. (c)). For each trial,

we normalized P0 = 1 and fit an exponential decay, estimating δ by log-linear regression of

log(P(t)) on time.

P (t) = P0 ∗ e−δt ⇒ log(P (t)) = −δt

Pooling across trials (ignoring temperature) supported a baseline prior:

δ ∼ LogNormal(µ = log(0.05), σ = 0.1).
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To model temperature effects, we regressed log-decay rates on temperature (T):

log(δT ) = aδ + bδT

The slope was positive and statistically significant, so we used this as normal hyperpriors. The

hyperparameter standard deviations were tuned for computational stability and the truncation

of bδ enforced faster decay at higher temperatures while allowing uncertainty in magnitude.

A.6 Temperature Effect on Transmission (βT)

Using laboratory progression trials, we constructed a binary outcome for each clam at each

temperature. For each clam trajectory, Progress = 1 if any hemolymph measurement reached

at least 10% cancer fraction (i.e., ≥ 0.1), and Progress = 0 otherwise. We then fit a logistic

regression with Progress as the response and temperature T as the predictor:

βprob(T ) = logit−1(aβ + bβT ), βeff(T ) = β · βprob(T ),

where βprob(T ) ∈ (0, 1) represents the temperature-dependent probability of progression to an

infectious state.

The fitted slope bβ was positive but not statistically distinguishable from zero, so we did not

impose a positivity constraint (in contrast to bδ, where the relationship was supported and

truncated to enforce faster decay at higher temperatures). We used the regression estimates

to define moderately informative priors that improved computational stability while allowing

uncertainty in the temperature effect.
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B Model Results

(a)

(b)
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(c)

Figure B.1: Model 1-3 trajectories with observational error in 95% high density intervals as the
grey shaded region and observed data points as the black dots.
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Figure B.2: A zoomed in look at the mean trajectories from Models 1-4 and Forest River
data separated by compartment S, E, I and P with a temperature grid for model performance
comparisons, where red represents the highest temperature and blue represents the lowest
temperature in the observation system.
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B.1 Priors vs. Posterior

Figure B.3: Prior and model 4 posterior distributions of α,m, and γ with the γ prior showing
the 99th quantile for easier comparison due to the high variability in the dataset.

C Software and Reproducibility

Analyses were conducted in R, Julia, and Stan. Code to reproduce all analyses and figures will

be available on GitHub.
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