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Paralytic shellfish poisoning risk assessment in the west coast of Canada
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H I G H L I G H T S

• A novel autoregressive framework forecasts PSP risk from toxin history.
• Stacked ensemble of 11 models achieves high predictive accuracy (AUC ≈ 0.95).
• Multivariate toxin profiles significantly outperform total PST for risk prediction.
• The framework is robust when using harmonized legacy (bioassay) monitoring data.
• SHAP analysis identifies key toxins (NEOSTX, C-2) driving regional PSP risk.
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A B S T R A C T

Paralytic Shellfish Poisonings (PSPs) are a major public health concern requiring robust environmental moni
toring. We developed and validated a machine learning framework to assess PSP risk in blue mussels (Mytilus 
edulis) along Canada’s west coast. Our study comprised three experiments that tested the ability of 11 models to 
forecast risk using historical toxin data (2000-2020). Results showed that lower detection thresholds and the use 
of multivariate toxin profiles significantly improved predictive accuracy. Tree-based algorithms, in particular, 
excelled with this detailed data. A stacked ensemble model consistently matched the best individual model’s 
performance, achieving an AUC (area under receiver operating characteristic curve) over 0.912 across all ex
periments and offering a robust solution for operational forecasting. Model interpretation revealed that recent 
toxin history and specific compounds like Neosaxitoxin (NEOSTX) and N-sulfocarbamoyl gonyautoxin-3 (C-2) 
were the most important predictors, aligning with regional ecological dynamics. This framework provides a 
powerful, data-driven tool for enhancing early warning capabilities and supporting proactive risk management.

1. Introduction

Harmful algal blooms (HABs) pose a significant and increasing threat 
to water quality and public health worldwide [1,2]. Among the various 
toxins produced by these blooms, Paralytic Shellfish Toxins (PSTs) are of 
particular concern due to their potential to accumulate in shellfish and 
cause serious illness in humans [3]. Ingestion of contaminated shellfish 
can lead to Paralytic Shellfish Poisoning (PSP), a potentially fatal illness 
characterized by neurological symptoms such as tingling, numbness, 
paralysis, and respiratory failure [4]. In the Pacific Northwest, these 
blooms are often dominated by Alexandrium catenella and cause PSTs to 
accumulate in filter-feeding shellfish. This poses risks to human con
sumers and impacts local economies reliant on shellfish harvesting and 

aquaculture [5]. In Canada, closures to shellfish harvesting are initiated 
when PST levels exceed the regulatory limit (80 μg STX.eq 100 g− 1) [6]. 
Current monitoring approaches primarily involve laboratory analyses 
(e.g. HPLC and mouse bioassay), which are time-consuming and costly. 
This can lead to delays to effective public health protection, under
scoring the value of developing proactive environmental management 
strategies.

In response to such challenges across various environmental do
mains, machine learning has emerged as a powerful tool for predictive 
analysis and risk assessment of hazardous materials. Its applications are 
diverse, ranging from identifying spatiotemporal patterns and assessing 
ecological risks associated with heavy metal contamination in water 
bodies and soils [7,8] to predicting the bioaccessibility of contaminants 
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like polycyclic aromatic hydrocarbons in food [9]. Furthermore, ma
chine learning models are increasingly utilized for quantitative predic
tion in chemical risk assessment, offering new approaches for assessing 
toxicological impacts and broader environmental hazards [10]. Such 
data-driven approaches collectively enhance environmental monitoring 
and facilitate more accurate health and ecological risk assessments.

For instance, previous studies have investigated deep learning 
models based on chemical fingerprints [11] and models incorporating 
environmental variables such as water temperature and salinity [12,13]. 
Random forest and boosting models have also been applied to PSP and 
HAB forecasting, including predicting PST exceedances in Southeast 
Alaska from hydrographic and meteorological data [14] and forecasting 
Alexandrium minutum blooms in the Adriatic Sea [15]. Nevertheless, the 
environment-driven models often depend on frequent, high-quality 
environmental observations (e.g. nutrient levels and chlorophyll-a), 
which are frequently sparse and may be missing at key time points—this 
data sparsity has been shown to limit algal bloom prediction models 
even in well-monitored lake systems [16]. Moreover, complex ecolog
ical dynamics and species-specific variability have consistently chal
lenged the generalizability and transferability of environment-driven 
modeling frameworks [17]. For example, models that rely on incorpo
rating environmental factors to predict PSP risk face difficulties. The 
complex interplay between environmental factors, inherent shellfish 
physiology, and the intricacies of toxicokinetics can vary significantly 
across different locations and times [18].

Filter-feeding mussels act as natural integrators of environmental 
exposures, continuously accumulating toxins in their tissues. This 
property makes their toxin histories a stable predictor of future PSP risk, 
compared to sporadic environmental measurements. The importance of 
mussel-based monitoring is recognized across the globe. For example, 
NOAA’s long-running Mussel Watch Program has demonstrated the 
effectiveness of mussels as sentinel organisms for contaminant surveil
lance over decades [19]. In Canada, the Canadian Shellfish Sanitation 
Program (CSSP), jointly administered by Canadian Food Inspection 
Agency (CFIA), Department of Fisheries and Oceans (DFO), and Envi
ronment and Climate Change of Canada (ECCC), relies on routine mussel 
biotoxin testing to guide closures to shellfish harvest and protect public 
health [20]. These precedents provide strong justification for using 
toxin-history data as predictors in autoregressive forecasting models.

The critical knowledge gap, therefore, is that while environment- 
driven models have been extensively tested, few studies have system
atically evaluated whether toxin histories themselves, which are already 
routinely collected, can provide a robust basis for forecasting. This study 
addresses this gap by developing and validating an assessment frame
work that uses historical toxin concentrations and multivariate toxin 
profiles in sentinel mussels (Mytilus edulis) to predict future risk, thereby 
systematically evaluating an autoregressive toxin-history approach. The 
primary objective of our approach is to provide an early warning 
capability, which could significantly improve shellfish safety manage
ment by allowing for more timely and targeted interventions. This study 
benchmarks 11 diverse models, including tree ensembles, deep learning, 
and statistical baselines, and demonstrates that autoregressive toxin- 
history forecasting is both feasible and operationally robust.

Given the temporal dynamics often observed in toxin accumulation 
and depuration in shellfish, recent historical data—including toxin 
concentrations and compound profiles from preceding days—are 
inherently strong predictors of the near-future risk [21,22]. This study 
develops and evaluates a framework that leverages this temporal dy
namic pattern to forecast PSP events with a defined lead time. The aim is 
not to replace essential laboratory assays but rather to develop a system 
that serves as a valuable early warning tool for proactive risk assessment 
and management. Such a system could potentially optimize the fre
quency and spatial targeting of resource-intensive sampling and ana
lyses, thereby improving the overall efficiency and responsiveness of 
shellfish safety monitoring programs and assisting management 
decisions.

The problem formulation is described in 2.2. A collection of machine 
learning and statistical models is compared, and an ensemble model is 
developed and introduced in 2.3. The details about the three experi
ments are shown in 2.4. The results are presented in 3 and discussed in 4.

2. Materials and methods

2.1. Data

We acquired 20 years (2000–2020) of PST data on blue mussels from 
the Canadian Food Inspection Agency (CFIA), including 372 sites on the 
west coast of Canada. The data distributions were highly uneven and 
sparse since the data were collected based on the monitoring re
quirements [21]. The data covered three time periods. First, mouse 
bioassay was used to measure the PST level during 2000–2010. The 
measurement was recorded as the total amount of PST with a detection 
limit of 40 μg 100 g− 1 STXdiHCl eq. The second period (2011–2015) was 
featured with a transition; HPLC (High Performance Liquid Chroma
tography) was gradually introduced to replace mouse bioassay. After 
2015, more detailed measurements of individual PST compounds 
became available with a detection limit of 1 μg 100 g− 1 STXdiHCl eq. 
This included N-sulfocarbamoyl-11-hydrosulfate toxins (C-1, C-2), 
gonyautoxin-1 through − 5 (GTX-1, GTX-2, GTX-3, GTX-4, GTX-5), 
Neosaxitoxin (NEOSTX), Saxitoxin (STX), decarbamoylgonyautoxin-2 
and − 3 (dcGTX-2, dcGTX-3), decarbamoylsaxitoxin (dcSTX), and a 
summation of the 12 compounds as the total amount of PST.

2.2. Problem formulation

This study aimed to forecast whether the risk of PST level for a site 
exceed the threshold at the target time, based on its historical data. We 
formulate this problem as a binary classification based on a time series of 
PST levels. As indicated in Fig. 1, the history, XT,s, is defined as a time 
series with a fixed duration of c days and occurs d days (history distance) 
before the target event at time step T, which is 

XT,s = {xt,s : t ∈ [T − d − c,T − d − 1], s ∈ S}

where t represents the time step in days and S represents the data 
collection for a site. The time span between T − d − c, and T − d − 1 is 
referred to as the history window. The target is a binary risk indicator 
represented by YT,s ∈ {0,1}, where 0 represents no risk and 1 at risk. The 
objective is to learn a classifier such that 

YT,s = f(XT,s) = f(xt=T− d− c,s, ..., xt=T− d− 1,s)

2.3. Method

2.3.1. Data selection and quality control
The raw monitoring data was collected in a highly irregular manner, 

with time gaps between adjacent data points at a single site ranging from 
days to months. To ensure the data was suitable for time-series 
modeling, we established a set of quality control criteria to select 

Fig. 1. Scheme of problem formulation. The task is to predict whether the total 
PST value at timestep T would exceed a predefined risk threshold based on the 
history time series between timesteps T-d-c and T-d-1.
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valid data segments. For any given target prediction time T, the corre
sponding historical data was included only if it met the following 
conditions: 

• Maximum gap constraint: The time between any two consecutive 
measurements within the history window must be less than 21 days. 
This threshold, hereafter referred to as max gap, was selected based 
on a sensitivity analysis detailed in (Supplementary File A.1) to 
ensure an optimal balance between data quality and representation 
coverage.

• Signal presence: At least one measurement within the history 
window must have a value greater than the minimum value present 
in the dataset, ensuring that the model learns from meaningful sig
nals rather than null data.

• Boundary points requirement: To prevent extrapolation, there 
must be at least one real measurement within max gap days prior to 
the start of the history window and at least one between the end of 
the history window and the target date.

This rigorous selection process ensures that every time-series 
segment used for training and testing is underpinned by sufficiently 
dense and well-bounded empirical data.

2.3.2. Data preprocessing
After selecting high-quality data segments, the data was pre

processed to create uniformly sampled time series suitable for machine 
learning models. The data within each selected history window was 
linearly interpolated to a daily frequency using the interp1d function 
from the SciPy library [23].

Linear interpolation was chosen because it is a conservative and 
robust method for this application. Unlike more complex algorithms, a 
linear approach does not introduce artificial oscillations between data 
points, which could create misleading patterns. This method assumes a 
constant rate of change between measurements. This is a reasonable 
first-order approximation for the biological processes of toxin accumu
lation and depuration over the short time frames enforced by our max 
gap criterion.

2.3.3. Dataset assembly and splitting
To construct the final dataset from the preprocessed time series, we 

parsed the data for each site over the entire study period. For every 
potential timestep T, the corresponding history window was evaluated 
against the quality control criteria defined in 2.3.1. If the criteria were 
met, the interpolated history, XT,s, was generated. This feature set, along 
with its corresponding binary risk indicator, YT,s, was then added to the 
final dataset.

The key parameters for this process were defined as follows: 

• History window size: 63 days
• History distance: 7 days
• Risk threshold: 80 μg 100 g− 1 STXdiHCl eq, consistent with the 

Canadian regulatory limit.

Finally, to ensure that the models were evaluated on unseen future 
data, we chronologically divided the entire dataset into training and 
testing sets. This approach prevented data leakage and provides a real
istic assessment of the models’ forecasting performance. The specific 
time periods used for training and testing in each of the three experi
ments are detailed in 2.4.

2.3.4. Models and ensemble learning
We applied 11 machine learning models to predict YT,s based on XT,s. 

These models include: 

• Tree-based models (7): AdaBoost (ADA), LightGBM (LGB), XGBoost 
(XGB), Random Forest (RF), Extra Trees (ET), Gradient Boosting 
Classifier (GBC) and CatBoost. [24–30]

• Deep learning models (2): Long Short-Term Memory (LSTM) net
works and Temporal Convolutional Networks (TCN). [31,32]

• Statistical models (2): Logistic Regression (LR) and Linear 
Discriminant Analysis (LDA). [33,34]

To enhance predictive performance and create a more robust fore
casting tool, we developed a stacked ensemble model that integrates the 
outputs of all 11 individual models. This technique leverages the diverse 
strengths of different algorithms by training a final "meta-model" to 
learn the optimal way to combine their individual predictions.

The process involves two stages. First, the 11 "base models" are 
trained on the primary training set. Second, these trained models 
generate predictions on a separate validation set. These predictions are 
then used as input features to train a final ElasticNet regression model 
[35], which serves as the "meta-model." The ElasticNet model learns the 
best weighting of the base model outputs to produce a single, more 
reliable forecast. This entire stacked ensemble framework was imple
mented using the StackingClassifier function from the scikit-learn 
(sklearn) library [36]. This approach creates a final model that is often 
more accurate and generalizable than any single model alone.

2.3.5. Data imbalance and evaluation metrics
PSP events are infrequent, with only approximately 5 % of PST levels 

in the dataset exceeding regulatory thresholds. This significant class 
imbalance often impairs the performance of classifiers, leading to a 
trivial result that classifies all samples into the majority class.

Due to this imbalance in the data, the accuracy metric can lead to a 
misleading result. For example, a model can achieve high accuracy by 
simply classifying all samples as negative (the majority class). Other 
metrics like recall, precision, and their harmonic mean, F1-score, are 
subject to the selection of a classification cutoff. Each of the 11 models 
has different sensitivity, and their performance measured by these 
metrics in a single cutoff value (typically 0.5), could introduce bias. 
Receiver Operating Characteristic (ROC) curve is a visual representation of 
model performance across all cutoff selections. It is a plot of true positive 
rate vs the false positive rate at different cutoffs. We selected the area 
under the ROC curve (AUC) as an evaluation metric, because it is 
invariant to the cutoff selection and robust to class imbalance [37]. A 
perfect model has an AUC score of 1, meaning that it always correctly 
assigns positive and negative labels regardless of the cutoff selection and 
data skewness. The worst AUC score is 0.5, meaning that the model is 
equivalent to randomly assigning positive or negative labels with equal 
probability.

2.4. Experiments

Three experiments were conducted to measure the performance of 
our models. The first two experiments use the history of the total PST 
level as a predictor. The last experiment used data on the history of 12 
individual toxin compounds, which sum to the total PST level.

Experiment I tested the models’ performance using a history of total 
PST from 2013 to 2020. Both training and testing datasets were obtained 
using HPLC method. The models were trained with data from 2013 to 
2016, and tested on data from 2017 to 2020. Note that although the 
detection limit of individual toxins was changed to 1 μg 100 g− 1 

STXdiHCl eq since 2012, the total PST level was reported with a higher 
bound of 25 μg 100 g− 1 STXdiHCl eq. Any total PST value below 25 μg 
100 g− 1 STXdiHCl eq would be reported as 25 μg 100 g− 1 STXdiHCl eq.

Experiment II tested the compatibility of the model framework with 
data collected using different technologies, simulating a common sce
nario in long-term monitoring programs where legacy data must be in
tegrated. The models were trained on bioassay data (2000–2010) and 
tested on HPLC data (2013–2020). The detection limit of 2000–2010 
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data (40 μg 100 g− 1 STXdiHCl eq) was applied to the newer data 
(collected from 2013 to 2020). To align the datasets, we clipped the 
HPLC data at the bioassay’s detection limit, setting any value below 
40 μg 100g-1to be 40 μg 100g-1 STXdiHCl eq. Invalid samples with 0 μg 
100 g− 1 STXdiHCl eq were excluded.

Experiment III compared the performance of a univariate model, 
which used the total PST concentration, with a multivariate model, 
which uses concentrations of 12 available individual PST compounds. In 
this experiment, models were trained on the data from 2015 to 2016 and 
tested on the data from 2017 to 2020. The total PST value was calculated 
by summing up the individual toxin compounds. As a result, the mini
mum total PST value is 1 μg 100 g− 1 STXdiHCl eq, different from that in 
Experiment I.

2.5. Model interpretation

To ensure the interpretability of the complex ensemble model, we 
used SHAP (SHapley Additive exPlanations) [38]. SHAP is a method 
from cooperative game theory that explains the output of a machine 
learning model by assigning each feature an importance value for a 
particular prediction.

For each prediction, every feature is assigned a SHAP value that 
represents its contribution. The interpretation of these values is twofold. 
The magnitude of the SHAP value indicates the strength of a feature’s 
influence. A larger absolute SHAP value means the feature has a greater 
impact on pushing the model’s output away from the baseline. The sign 
of the SHAP value indicates the direction of influence. For binary clas
sification task in this study, a positive SHAP value means the feature 
pushes the prediction towards the positive class (at-risk), while a 
negative SHAP value means it pushes the prediction towards the nega
tive class (no-risk).

To summarize the overall importance of each feature across the 
entire dataset, we calculated the mean of the absolute SHAP values for 
each feature. This global measure reflects a feature’s average impact on 
the model’s predictions. We used the KernelExplainer from the shap Py
thon library to compute these values for the ensemble model.

3. Results

3.1. Performance of individual model

Fig. 2 displays the performance of all models across the four exper
imental setups. The median AUC for the 11 models in each experiment 
was 0.897 (Experiment I), 0.901 (Experiment II), 0.909 (Experiment III 
univariate), and 0.939 (Experiment III multivariate), respectively. The 
highest AUC score and the corresponding best-performing individual 
model in each respective experiment was 0.915 (GBC), 0.910 (TCN), 
0.930 (LSTM), and 0.949 (GBC), respectively.

The results across the experiments revealed several key insights into 
the framework’s performance and robustness. A particularly interesting 
finding emerged when comparing Experiments I and II. Despite being 
trained on data derived from different analytical methodologies (mod
ern HPLC vs. legacy bioassay), the overall predictive potential remained 
remarkably consistent, with the median AUC across all 11 models being 
nearly identical (0.897 vs. 0.901).

However, as seen in Fig. 2, this stable median masked significant 
performance volatility among the individual models. Several algorithms 
performed differently between the two experiments; for instance, 
LSTM’s performance dropped sharply in Experiment II. This highlighted 
a critical challenge for operational forecasting: the "best" individual 
model was often data-dependent and could change as analytical 
methods evolve. This finding provided the strongest justification for our 
stacked ensemble approach. The ensemble was designed to be robust 
against this individual model instability, learning to weigh diverse 
predictions to produce a single, reliable forecast that consistently per
formed at or near the top.

Experiment III further demonstrated the significant benefit of using 
more sensitive and detailed data. The models in the univariate portion, 
which used total PST data with a lower detection limit, achieved a 
higher median AUC of 0.909 compared to the first two experiments. The 
most substantial performance gain was observed in the multivariate part 
of Experiment III, where the median AUC rose to 0.939. This confirmed 
that leveraging the profiles of individual toxin compounds provided 
significantly more predictive power than using only the aggregated total 
PST value. The performance of tree-based algorithms, in particular, 
showed a substantial increase in this multivariate setting, underscoring 
their strength in capturing the intricate patterns from this type of 
environmental data.

3.2. Performance of ensemble learning

Fig. 3 shows that the performance of the ensemble model was close to 
the best-performing individual model in each experiment, despite the 
best-performing model being different in each experiment.

3.3. Spatial and temporal performance analysis

To evaluate the model’s real-world applicability, we analyzed the 
performance of the ensemble model from Experiment III across different 
geographical locations and times of the year. The monitoring data was 
not evenly distributed, with most high-frequency sites concentrated 
around Vancouver Island and the lower mainland (Figure S2). There was 
also a slight imbalance in the occurrence of high-risk events, with the 
positive ratio being slightly higher on the west coast of Vancouver Is
land. Despite this spatial bias, the ensemble model demonstrated high 
overall performance across the test sites (Fig. 4). The vast majority of 

Fig. 2. Model performance for each experiment. The dashed red line shows the median performance of all experiments. TCN, LSTM, RF, ET, ADA, GBC, LGB, XGB, 
LDA, and LR stands for temporal convolutional neural network, long short-term memory, random forest, extra trees, AdaBoost, gradient boosting classifier, lightGBM, 
XGBoost, linear discriminant analysis, and logistic regression, respectively.
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locations showed excellent performance, with AUC values often 
exceeding 0.90. While a few sites exhibited marginally lower perfor
mance, the results confirmed that the model generalized effectively 
across the primary monitoring region where data was available.

From a temporal perspective, the model’s performance remained 
strong and stable throughout the typical algal bloom season (Fig. 5). The 
AUC was consistently high from spring (week 18) through late fall (week 
49), covering the periods when PSP events were most common. This 

consistent performance indicated that the model’s predictive accuracy 
was reliable throughout the seasons of high risk.

3.4. SHAP value of the ensemble

We analyzed its decision-making process through SHAP values 
across different toxins and different weeks of the year. Fig. 6 shows 
SHAP value and mean concentration of each toxin in the samples of 
training set. The feature importance showed a significant correlation 
(r = 0.79) with the concentrations of the respective toxins. However, C- 
2, GTX-3, and GTX-4 had higher feature importance despite having 
slightly lower concentrations than GTX-1.

Fig. 7 revealed that positive and negative events had different toxin 
profiles that could affect the feature importance. Despite GTX-1 having a 
slightly higher concentration than GTX-3 and C2, positive and negative 
events contained similar percentages of GTX-1, different by 0.6 %. On 
the other hand, C-2 had a much larger differences, leading to higher 
feature importance.

Fig. 8 shows the feature importance of each toxin in each time step. 
The model primarily focused on the most recent information. In 
particular, the model focused heavily on the toxicity of C-2, GTX-3, GTX- 
4, STX and NEOSTX within 8 days prior to the target day.

4. Discussion

4.1. Predictive performance and robustness of machine learning models 
and ensemble

This study investigates machine learning models for prediction of the 
PSP outbreaks based on toxins accumulated in blue mussels. The 
comprehensive exploration across three experiments aims to understand 
the influences of different data characteristics on the model perfor
mance. The overall exceptional performance demonstrates the robust
ness of the prediction based on historic shellfish toxin data.

The consistently strong performance of tree-based algorithms aligns 
with prior ecological applications, where random forests and boosting 
methods have been used to predict PSP exceedances in Southeast Alaska 
[14] and Alexandrium blooms in the Adriatic Sea [15]. These studies 
confirm the utility of tree ensembles with environmental drivers. Our 
work extends this evidence by showing that tree-based models also excel 
when applies in a novel autoregressive context using toxin-history data, 
a setting that has not been systematically evaluated in previous PSP 
forecasting research.

Experiment II aims to address a critical, practical challenge in long- 
term monitoring: ensuring the valuable legacy data remain useful as 
analytical techniques evolve. The harmonization of the HPLC and 
bioassay datasets demonstrates the compatibility between the two. The 
strong performance (AUC 0.901), similar to that in Experiment I, dem
onstrates that our predictive framework remains highly effective when 

Fig. 3. comparing the performance of the ensemble model and the best indi
vidual model in each experiment. GBC, TCN and LSTM stands for gradient 
boosting classifier, temporal convolutional neural network, and long short-term 
memory, respectively.

Fig. 4. Spatial distribution of model performance across coastal British 
Columbia. Points represent monitoring sites colored by AUC values of ensemble 
model in experiment III according to the scale on the right.

Fig. 5. Weekly AUC performance across the annual cycle in testing set. Blue 
bars show the average AUC values of each week in the year in the testing set. 
Diagonal-hatched bars indicate weeks without data.

Fig. 6. Comparison of mean toxin concentrations of training set and their 
feature importance in predicting shellfish toxicity. Blue bars represent mean 
concentrations, while the red bars indicate feature importance scores. Toxins 
are ordered by decreasing feature importance from left to right.
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trained on properly harmonized legacy data. This highlights the 
framework’s practical value, allowing historical datasets to remain 
valuable for forecasting, which is essential for understanding long-term 
trends and improving risk assessment.

Experiment III explores the impact of evolved analytical methodol
ogies, specifically those providing lower detection limits and more 
detailed toxin profiles, on model performance. The comparison between 
Experiment I and Experiment III (univariate) directly addresses the in
fluence of these lower detection limits on predictive performance. 
Models trained on data derived from these more advanced methods 
(from post-2015 data where total PST was summed from more sensi
tively measured individual profiles) consistently outperform those from 
Experiment I, which has a higher reporting limit of 25 μg 100 g− 1 

STXdiHCl eq. This highlights that the ability to detect lower PST con
centrations, including minor sulfocarbamoyl analogs indicative of early 
bloom stages [39], provides crucial, more informative data that signif
icantly enhances model performance. This finding underscores the vital 
role of analytical sensitivity within monitoring programs for accurate 
risk assessments. Furthermore, the multivariate aspect of Experiment III 
confirms the models’ capability to leverage these detailed toxin profiles, 
allowing for a more nuanced understanding of toxin composition effects 
on predictions.

A key aspect of our framework is the use of a stacked ensemble 
model, which consistently matches or exceeds the performance of the 
best individual model in each experiment. Stacking is a powerful and 
standard technique that improves operational robustness by training a 
meta-model to optimally combine the predictions from a diverse set of 
base models. For a monitoring program where reliability is critical, this 
ensemble approach provides a more resilient and generalizable solution 
than relying on any individual algorithm.

The novelty of our study lies not in introducing new algorithms, but 
in reframing PSP prediction as an autoregressive classification problem 
based on sentinel mussel toxin histories. By systematically 

benchmarking 11 models across multiple conditions—including 
bioassay versus HPLC data, univariate versus multivariate toxin inputs, 
and varying thresholds—we show that toxin-history forecasting is both 
feasible and reliable. This formulation complements environment- 
driven approaches by capitalizing on the mussel’s intrinsic role as an 
environmental integrator.

4.2. The predictive framework in the context of PST monitoring

Timely and effective forecasting of paralytic shellfish poisoning risk 
is paramount for assessing marine environmental quality and managing 
risks to public health and aquaculture. While some predictive efforts 
incorporate environmental drivers (e.g. surface temperature, salinity, 
nutrient concentrations, chlorophyll a) [12,18], our framework utilizes 
the direct biological response of sentinel species by analyzing their 
historical PST data.

The blue mussel acts as natural bio-integrators of toxins from 
microalgae in the sea water. The detailed toxin profiles used in Experi
ment III serve as rich chemical fingerprints from which our models learn 
to assess future risk. By forecasting the evolution of toxicity within the 
sentinel species, this approach provides a practical and direct prediction 
of shellfish safety. The strength of our models lies in predicting the 
subsequent accumulation and risk within the shellfish themselves, a 
critical aspect of effective coastal environmental management. This 
approach offers several advantages. First, it can be particularly valuable 
in regions where comprehensive, high-frequency environmental data for 
all relevant parameters are too sparse or not available. The shellfish 
effectively "samples" its environment, providing a direct measure of 
toxicological impact. Second, the rich chemical fingerprints obtained 
from detailed toxin profiles contain information not only about the total 
toxicity but also potentially about the stage or type of the harmful algal 
blooms [11]. Our models learn from them to assess future risk and 
leverage this direct biological signal from the sentinel species to forecast 
the evolution of their PST levels. This approach provides a practical and 
direct prediction of shellfish safety, offering a timely assessment crucial 
for protecting human consumers and guiding aquaculture operations.

The justification for this approach lies in mussels’ role as sentinel 
organisms: by continuously filtering seawater, they integrate multiple 
environmental signals into their tissues, creating a cumulative record of 
exposure. This principle underpins long-standing monitoring programs, 
such as NOAA’s Mussel Watch Program [19] and Canadian Shellfish 
Sanitation Program (CSSP), which relies on mussel biotoxin testing to 
guide harvest closures [20]. These precedents support the use of 
toxin-history forecasting as both scientifically sound and operationally 
relevant.

However, there are trade-offs compared with conventional 
environment-driven approaches. Models that incorporate algal counts, 
hydrographic, or meteorological data can provide mechanistic insights 
into bloom initiation and, in some cases, extend forecast lead times. By 
contrast, toxin-history models primarily reflect recent exposures within 
the sentinel organism. They therefore excel in operational robustness 
and scalability but offer less explanatory power for underlying ecolog
ical drivers. We therefore view toxin-history and environment-driven 
approaches as complementary. Importantly, future work should inte
grate these two paradigms, combining toxin-history predictors with 
environmental covariates to unite the operational robustness of sentinel- 
based forecasting with the mechanistic insights of environment-driven 
models.

4.3. Spatial variation in the model performance

Among the sites with an identifiable location, the model demon
strates overall high performance across British Columbia. The perfor
mance shows little variation between most sites in the testing set, 
despite the spatial data imbalance. However, it should be noted that the 
data for this spatial analysis are limited to the subset of testing sites with 

Fig. 7. Distribution of toxin percentages between positive (at-risk) and nega
tive (no-risk) events in the training set. Bars represent mean percentages with 
error bars showing standard error. The percentage numbers on top of the bars 
shows the difference between positive and negative events.

Fig. 8. Feature importance of each toxin at each time steps. The darker color 
represents higher feature importance.
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identifiable geographic coordinates, which are concentrated around 
Vancouver Island and the lower mainland. The generalization of the 
results to other areas also needs further study in the future when more 
data are available.

This robust performance is particularly notable given the inherent 
complexities and variability often encountered in marine environmental 
monitoring, which traditionally relies heavily on detailed environ
mental covariates. Research has shown that environmental predictors of 
water quality vary significantly by location along BC’s coastline [40,41]. 
These geographical and oceanographic differences create distinct envi
ronmental regimes that influence pollutant behavior and model pre
dictability. Furthermore, land-based sources like rainwater runoff and 
sewage discharges contribute significantly to eutrophication, with their 
impact varying substantially based on local watershed characteristics 
[21,42].

However, unlike models that are highly sensitive to these numerous 
and dynamic external environmental factors, our autoregressive 
framework, by focusing on the intrinsic temporal patterns of PST 
accumulation within the sentinel species, inherently accounts for the 
integration of these complex environmental influences. This approach 
significantly reduces the dependency on exhaustive external environ
mental datasets, making our model particularly adaptable and robust in 
regions where comprehensive environmental monitoring data is sparse 
or highly heterogeneous. Consequently, our model achieves strong 
predictive performance while being less susceptible to the variability 
and measurement challenges associated with diverse environmental 
covariates.

4.4. Ecological insights and implications for HAB understanding in British 
Columbia

Beyond its predictive peformance, our framework provides valuable 
ecological insights into regional PST dynamics through the SHAP anal
ysis of the ensemble model. These data-driven observations contribute 
to a more nuanced understanding of which toxins and timeframes are 
most critical for predicting risk on Canada’s west coast. Regarding 
specific toxins, the analysis confirmed the importance of several key 
compounds.

First, while the analysis is correlational, the high feature importance 
of specific compounds aligns directly with regional ecological dynamics. 
The primary PSP-causing organism, A. catenella, has a toxin signature on 
the Pacific coast dominated by N-sulfocarbamoyl (C-toxins) and 
gonyautoxins (GTX-toxins), which can comprise over 90 % of the total 
toxin content [43–46]. Our model identifies NEOSTX, STX, and espe
cially C-2 as key predictors. This data-driven finding is consistent with 
literature showing C-2 is often the most dominant compound in 
A. catenella profiles, particularly under the temperature and salinity 
conditions common to BC’s bloom season [44].

Furthermore, the model’s temporal focus on the most recent data is 
consistent with the biological processes of toxin persistence and depu
ration. Mussels are generally considered rapid detoxifiers of PSTs, 
meaning their toxin load reflects recent environmental conditions and 
makes older data less relevant for near-term prediction. Empirical 
studies demonstrate that Mytilus spp. depurate most PSTs within days to 
weeks once toxigenic algae are absent, with first-order elimination rates 
for C1 + C2 of ~0.08 d⁻¹ (half-life ≈ 8–9 days) observed in both labo
ratory and field experiments [47]. This rapid clearance implies that 
mussel toxin loads primarily reflect recent environmental exposure, 
justifying the model’s reliance on shorter historical windows. Mecha
nistically, fast depuration is facilitated by filtration and gut evacuation, 
with additional evidence for microbial or enzymatic degradation of 
absorbed toxins [48]. Comparative data from Atlantic Canada confirm 
that mussels accumulate and depurate PSTs more quickly than scallops, 
underscoring their suitability as sentinel species [49]. In contrast, spe
cies like geoduck clams have been shown to transform and retain PSTs, 
leading to longer persistence in tissues [50]. These interspecies 

differences support our focus on mussel data for near-term forecasting 
while cautioning against extrapolating model predictions to 
slower-clearing bivalves.

Second, the enhanced predictive performance observed in Experi
ment III (univariate) when using total PST values derived from the 
summation of individual compounds (effectively reflecting lower 
detection limits) highlights an important ecological aspect. The ability 
to detect minor analogs, such as the low-toxicity sulfocarbamoyl toxins, 
which might be missed with higher reporting thresholds for total PST, 
appears crucial. These compounds are often associated with the early 
stages of Alexandrium blooms [39]. Their inclusion improves model 
performance, suggesting that these early-stage toxin signatures are in
tegral to the ecological progression towards more significant, 
high-toxicity events and serve as important precursors.

In summary, the high model performance during the summer and fall 
bloom seasons indicates robust temporal performance. The framework 
serves not only as a forecasting tool but also as an analytical lens, 
revealing patterns in toxin data that reflect underlying ecological pro
cesses. These insights into dominant toxin profiles, early-bloom signa
tures, and species-specific persistence enhance the regional 
understanding of PSP events and can directly inform the design of more 
targeted and efficient environmental monitoring programs.

5. Limitations and future work

This study establishes a robust predictive framework for PSP risk 
using the blue mussel, Mytilus edulis, a globally recognized sentinel 
species for marine biotoxin monitoring. This species-specific focus pro
vides a strong foundation for risk assessment, but it also introduces 
limitations, since interspecies differences in toxin uptake, biotransfor
mation, and depuration may constrain the generalizability of our 
findings.

Future research can build upon this framework by incorporating 
other key monitoring species, such as clams, oysters, or scallops. Such 
multi-species models would be valuable because the underlying bio
logical processes of toxin accumulation, biotransformation, and depu
ration are known to vary significantly between bivalves. Extending the 
framework in this way would account for these interspecies differences, 
leading to an even more comprehensive and powerful regional risk 
assessment tool.

Another limitation of our framework is its reliance on toxin-history 
data alone. While this enhances operational robustness and scalability, 
it does not capture toxigenic algal bloom initiation or provide mecha
nistic ecological insights that environment-driven models provide. 
Future work should therefore focus on hybrid approaches that integrate 
toxin-history predictors with environmental covariates (e.g., algal 
counts, hydrographic, or meteorological data). Such integration would 
combine the practical advantages of sentinel-based forecasting with the 
extended lead times and ecological interpretability offered by 
environment-driven models.

A further methodological consideration is that this study uses the 
default hyperparameters for the base models without extensive tuning. 
This decision is made intentionally to mitigate the risk of overfitting on a 
dataset that, while spanning two decades, is sparse and contains a 
limited number of positive risk events. The framework’s core design 
relies on the diversity and robustness of the ensemble rather than the 
fine-tuning of a single model. The final meta-model learns to balance the 
strengths and weaknesses of these diverse models, leading to strong and 
generalizable performance. However, we acknowledge that with a 
larger and more comprehensive dataset in the future, a systematic 
hyperparameter tuning process would be a valuable next step to 
potentially enhance performance further.

6. Conclusion

This study demonstrates the significant potential of machine learning 
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frameworks as a short-term forecasting tool for Paralytic Shellfish 
Poisoning (PSP) risk in blue mussels. The central innovation of this work 
is the validation of an autoregressive, toxin-history approach, which 
reframes the prediction problem by leveraging the mussel’s intrinsic role 
as a "bio-integrator" of environmental conditions. By systematically 
benchmarking 11 models, we show that this formulation is a feasible, 
reliable, and scalable complement to conventional environment-driven 
forecasting methods.

Our comprehensive evaluation confirms that tree-based algorithms, 
particularly when aggregated into a stacked ensemble, consistently 
achieves excellent predictive performance (AUC ≈ 0.95) across multiple 
experimental conditions. The findings highlight that leveraging multi
variate toxin compound profiles significantly enhances predictive per
formance over univariate totals, and that the framework remains highly 
effective when trained on properly harmonized legacy data from 
different analytical methods.

This work validates the hypothesis that the complex environmental 
drivers of PSP risk are effectively captured within the sentinel species’ 
tissues, making its recent toxin history a direct and powerful input for 
forecasting. Our SHAP-based interpretation of the ensemble model 
provides novel ecological insights, revealing that specific toxins, notably 
NEOSTX, STX, and C-2, and data from the most recent 1–2 weeks are the 
dominant drivers of prediction. This data-driven finding is supported by 
established biological mechanisms, aligning with the known toxin sig
natures of regional Alexandrium blooms and the rapid depuration ki
netics of mussels.

Ultimately, this framework offers a pathway towards more proactive, 
data-driven, and resource-efficient PST monitoring strategies along 
Canada’s west coast. By providing timely alerts, such models can 
enhance public health protection and support sustainable aquaculture 
industries. Future work should focus on developing hybrid models that 
integrate these toxin-history predictors with environmental covariates, 
uniting the operational robustness of our approach with the mechanistic 
insights of environment-driven models. Expanding the framework to 
include other key bivalve species would further create a more compre
hensive and powerful regional risk assessment tool.

Environmental implication

This framework provides a robust early warning system for Paralytic 
Shellfish Poisoning (PSP) events in blue mussels along Canada’s west 
coast, leveraging historical toxin data. By accurately forecasting PSP risk 
(AUC 0.95), it enhances current monitoring strategies, enabling timely 
and targeted interventions to protect public health from contaminated 
shellfish. The model’s reliance on direct biological responses within 
sentinel species reduces dependency on comprehensive external envi
ronmental datasets, making it adaptable to data-sparse regions. This 
proactive, data-driven approach supports sustainable shellfish aqua
culture and harvesting industries, ultimately improving coastal 
ecosystem health management and informing environmental policy.
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