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Abstract

Sampling is a cornerstone of food safety monitoring, yet traditional frequentist approaches can yield unreliable inferences in the pres-
ence of rare or absent events, particularly when maximum likelihood estimates lie on the boundary of the parameter space and
asymptotic approximations are not justified due to insufficient event counts. This study introduces the Bayesian -binomial model
as an effective framework to improve statistical inference in sampling plans, integrating prior knowledge with observed data to yield
robust uncertainty estimates of contamination prevalence. The model was applied to ten years (2015-2024) of monitoring data on
algal biotoxins in Chamelea gallina striped clams from classified harvesting areas in the Marche Region, Italy. Given the scarcity
of historical data, three prior scenarios were tested — optimistic [$(1,10)], non-informative [$(1,1)], and pessimistic [B(5,10)] — to
evaluate sensitivity to prior assumptions. Analytical determinations for five toxin groups (domoic acid, saxitoxin, azaspiracid, okada-
ic acid, and yessotoxin) showed that all results, except one sample below the maximum legal limit, were under quantification thresh-
olds. Bayesian posterior estimates confirmed a very low probability of biotoxin accumulation above limits, even under pessimistic
assumptions. The findings demonstrate the model’s capacity to generate stable, interpretable estimates and credible intervals, which
is particularly valuable when the prevalence is not exactly zero but may be extremely small. Overall, the Bayesian -binomial
approach strengthens evidence-based decision-making in food safety surveillance, providing a transparent and adaptable tool for risk

assessment and regulatory management.
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Introduction

Food safety is a critical component of public health protection
and trade policy. Surveillance systems are implemented to monitor
biological and chemical hazards in food products. However, due to
cost, logistical constraints, and the perishable nature of many
products, only a subset of items can be tested. As it is often
impractical or impossible to observe entire populations, sampling
is essential, and statistical inference from sample data plays a pivotal
role in food safety decision-making (EFSA, 2012).

Traditional analyses generally rely on binomial models and
frequentist estimation methods. However, these can yield unreliable
estimates when few or no contaminated units are observed,
particularly in low-prevalence settings (Van der Voet and Slob,
2007). The Bayesian B-binomial model provides an effective
alternative by integrating prior knowledge with observed data,
producing more stable and informative estimates (Spiegelhalter et
al., 2004; Johnson et al., 2022).

The Bayesian framework’s core strength lies in its natural
knowledge-building process: prior beliefs are continuously updated
and refined as new data become available, providing great flexibility
in uncertainty quantification through probability theory (Gelman et
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al., 2013; Johnson et al., 2022). Bayesian methods have been
increasingly proposed as an alternative framework for food safety
risk assessment. Within this context, the Bayesian binomial model
has become a natural tool to support quantitative microbial risk
assessment (Williams et al., 2011; Ranta et al., 2015), to predict
prevalence and evaluate sampling schemes (Benschop et al., 2010),
and to compare prevalence under outbreak vs. baseline conditions
(Khan et al., 2023). This study illustrates the theoretical foundations
and practical application of the Bayesian B-binomial model to
enhance statistical inference and decision reliability in sampling-
based food safety assessments. As a case study, the model was
applied to biotoxin monitoring data (2015-2024) in Chamelea
gallina (striped clam) collected from natural harvesting areas in the
Marche Region, Italy, where only limited data are available.

Materials and Methods

In statistical inference, the goal is to estimate an unknown
quantity under uncertainty — typically expressed as a parameter of
a probability distribution. Within the Bayesian framework, a
probability distribution is inferred for the parameter given observed
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data. The Bayesian B-binomial model is mathematically tractable
and offers a clear understanding of the core components of Bayesian
inference: the prior distribution, the likelihood function, and the
posterior distribution (Johnson et al., 2022).

Let 6 denote the parameter space of interest, expressing the
probability of compliance in a sampling plan. Our prior beliefs
about 0 are expressed by a probability distribution p (), the prior
distribution. After observing data y, we update these beliefs via
Bayes’ theorem [Eq. 1]:

_ pI®)p(®
POy = =205 [Eq. 1]

Here, p (y| 0) is the likelihood function, expressing the probability
of the observed data given parameter 0, and p(y) is the normalizing
constant, or marginal likelihood [Eq. 2]:

p() = [, p,0)dm = [, p(y|0)p(6)de [Eq. 2]

Assuming a binary outcome — for instance, meeting or not meeting
a specific criterion — each sampling result can be modelled as a
Bernoulli trial with success probability 6. The number of compliant
results Y among n samples follows a binomial distribution [Eq. 3]:

p(Y = yl6 = 8) = p(y10) = (1) 07 (1 — ©)*» [Eq. 3]

The prior distribution is specified as a B (a, ) distribution [Eq. 4]:

PO) = (o8O — )0

B(a,B) [Eq. 4]

Combining Egs. 1, 3 and 4, the posterior distribution is proportional
to Eq. 5:
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Thus, the posterior is also a f distribution [Eq. 6]:
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[Eg. 6]

where o' =a+yand B'=f+n-y

Prior specification

The choice of B (a, B) is a crucial modeling decision,
particularly in food safety contexts where regulatory or economic
implications are significant. The prior encapsulates our beliefs about
contamination probability before new data are observed (Johnson
et al., 2022). Three common scenarios are: 1) non-informative priors
(Gelman et al. 2013), e.g., B (1, 1) or Jeffreys’ B (0.5, 0.5), are used
when little prior information is available; ii) weakly informative
priors, reflecting general expectations while remaining modestly
influential; iii) informative priors, derived from historical or
empirical data, suitable for ongoing monitoring programs. When
used appropriately, the prior enhances transparency by making
assumptions explicit rather than implicit — a major strength of
Bayesian analysis.
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Case study: Chamelea gallina biotoxin monitoring

The model was applied to algal biotoxin monitoring data
collected between 2015 and 2024 along the Marche Region’s coast
(Adriatic Sea, Italy). This area spans approximately 180 km and
includes 68 classified harvesting zones and 70 sampling stations
(Giunta della Regione Marche, 2024). Samples were analyzed by
the Istituto Zooprofilattico Sperimentale dell’Umbria e delle
Marche for domoic acid (DA), saxitoxin (STX), azaspiracid (AZA),
okadaic acid (OA), and yessotoxin (YTX). Data were obtained from
the Italian Ministry of Health’s SINVSA information system. Table
1 resumes analytical methods, related limits of quantification (LoQ)
and maximum limits (ML) following the Regulation CE/853/2004
(European Parliament, 2004). Because no local data were available
before 2015 and only limited literature exists on biotoxin
accumulation in C. gallina (Poletti, 2014; Fernandez et al., 2019;
Accoroni et al., 2024; Barnouin et al., 2025), three scenarios were
compared: i) optimistic — low probability of accumulation, § (1, 10);
ii) clueless (non-informative) — uniform prior, B (1, 1); iii)
pessimistic: high probability of accumulation, § (5, 10). The first
and third scenarios are based on two opposite extreme assumptions
and could be classified as informative priors although not based on
real historical data. Analyses were conducted in R software (version
4.4.0) using the bayesrules, tidyverse, and janitor packages.

Results and Discussion

All analytical determinations, as reported in Table 2, were
classified by year and categorized into three classes of values:
<LoQ, >LoQ and <ML, and >ML. All results were below the LoQ,
except for a single 2015 sample, which exceeded the LoQ but
remained below the ML. Samples were collected from 49 different
stations, corresponding to 70% of the 70 identified sites. Of the total,
69% of samples were collected regularly between 2015 and 2023,
while the remaining 31% were obtained in 2024 during an algal
bloom event characterized by OA bioaccumulation in mussels
across all classified areas of the Marche Region. Supplementary
Table 1 summarizes the distribution of samples by year and
sampling station. Assuming that samples were independent and that
each had an identical probability 0 of being below the LoQ — the
parameter space of interest 0, where p(6=0) — the corresponding
probability density function (PDF) was calculated. Figure 1
presents, for OA, the PDFs of the prior, likelihood, and posterior
distributions under the three evaluated scenarios (optimistic,
clueless, and pessimistic) at the end of 2015, 2023, and 2024,
respectively. In Figure 1, the first column shows the PDFs obtained
by processing the results of the first year of monitoring (only 10
results, one of which with OA>LoQ): for all three hypothesized
scenarios, the posterior (the green area) appears shifted to the right,
so the probability of obtaining results with OA>LoQ appears non-
negligible. In the second column, obtained by processing the results
obtained up to and including 2023, the posterior PDFs appear
significantly shifted to the left and with higher vertices, mainly in
the first scenario; therefore, it seems unlikely that OA>LoQ values
will occur. Finally, in the third column, obtained by also processing
the results obtained in 2024, under favorable conditions for the
detection of algal biotoxins as a consequence of the intense algal
blooms that occurred in that year, all the posterior PDFs, including
that of the pessimistic scenario, appear flattened on the left, then
with a limited probability of finding OA>LoQ values.

Figure 2 shows analogous PDFs for the remaining biotoxins:
DA, STX, AZA, and YTX, with a more evident shifting to the left
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of posterior PDFs. Table 3 reports the 95% Bayesian credible
intervals for 0 at the end of 2024, calculated for OA>LoQ and for
each of the other biotoxins under the three prior scenarios.

The results indicate that the probability of observing OA
concentrations above the LoQ in C. gallina striped clams from the
classified harvesting areas of the Marche Region is extremely low,

2015 2023
|
\
4
ot |
-
8
(I "
F
it '
2
k-]
3 3
]

P 20 prior
§ B (scalea) liketinooa
2 P posterior

regardless of whether a low prior probability (optimistic scenario)
or a non-informative prior (clueless scenario) is assumed. As
illustrated in Figure 1 and the first column of Table 3, the probability
of detecting values above the LoQ is very small, even under the
pessimistic scenario, an unrealistic assumption given the available
data. For the other biotoxins, the likelihood of detecting values
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Figure 1. Probability density function related to okadaic acid, for the scenarios A (optimistic), B (clueless) and C (pessimistic), calculated
for prior, likelihood (scaled) and posterior, respectively, at the end of 2015, 2023, and 2024.

Table 1. Analytical methods, related limits of quantification and maximum limits following the Regulation CE/853/2004.

Analytical methods

Expressed as

Domoic acid group toxins HPLC — AESAN EU-RL-MB Domoic acid, ver 1 2008 DA mg /kg 0.2 20

Saxitoxins HPLC-FLD method EURLMB SOP — June 2020 pg STX 2HCL eq./kg 600 800
Azaspiracid-group toxins LC-MS/MS - AESAN EU-RL-MB Lipophilic toxins, ver 5 2015 ng AZA eq./kg 30 160
Okadaic acid group toxins png AO eq./kg 40 160
Yessotoxin group toxins mg YTX eq./kg 0.2 3.75

LOQ, limit of quantification; ML, maximum limit; HPLC, high performance liquid chromatography; AESAN, Agencia Espariola de Seguridad Alimentaria y Nutricion; EU-RL-MB, European
Union Reference Laboratory for Monitoring of Marine Biotoxins; HPLC-FLD, high performance liquid chromatography-spectrofluorometric detection; EURLMB SOP, European Union
Reference Laboratory for Monitoring of Marine Biotoxins Standard Operating Procedures; LC-MS/MS, liquid chromatography-tandem mass spectrometry; DA, domoic acid; STX, saxitoxin;

AZA, azaspiracid; OA, okadaic acid; YTX, yessotoxin.
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Figure 2. Probability density function related to domoic acid, saxitoxin, azaspiracid and yessotoxin, for the scenarios A (optimistic), B
(clueless) and C (pessimistic), calculated for prior, likelihood (scaled) and posterior, respectively, at the end of 2015, 2023 and 2024.

Table 2. Analytical determinations grouped by year and divided into three classes of values: <LoQ, >LoQ and <ML, >ML.
Analytical determinations 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Total <LoQ >LoQ,<ML >ML

Domoic acid group toxins 10 7 8 7 6 8 6 6 5 27 90 90 0 0
Muscle-paralysing toxin 10 7 7 5 6 7 6 5 5 27 85 85 0 0
Azaspiracid-group toxins 10 7 8 7 6 9 8 6 5 29 95 95 0 0
Okadaic acid group toxins 10 7 8 7 6 9 8 6 5 29 95 94 1 0
Yessotoxin group toxins 10 7 8 8 6 9 8 6 5 29 96 96 0 0
Total 50 35 39 34 30 42 36 29 25 141 461 460 1 0

LoQ, limit of quantification; ML, maximum limit.

Table 3. 95% posterior credible intervals at the end of 2024, calculated for okadaic acid > limit of quantification and for each of the
remaining biotoxins and related to the evaluated scenarios.

Scenarios 95% credible interval for OA>LoQ 95% credible interval for DA, STX, AZA, YTX>LoQ
Optimistic 0-0.045 0-0.031

Clueless 0-0.049 0-0.03

Pessimistic 0.011-0.099 0.006-0.094

OA, okadaic acid; LoQ, limit of quantification; DA, domoic acid; STX, saxitoxin; AZA, azaspiracid; YTX, yessotoxin.
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above the LoQ was even lower, as shown in Figure 2 and the second
column of Table 3.

Finally, data from the 10 years of monitoring on C. gallina
striped clams, from classified harvesting areas along the central-
western Adriatic coast of the Marche Region, confirmed that the
probability of algal biotoxins accumulation above the analytical
limits of quantification is exceedingly low, even considering the
limited dataset and temporal variability.

Conclusions

The fundamental strength of the Bayesian framework lies in its
intuitive and rigorous capacity to update probabilistic beliefs in light
of new evidence. The -binomial model, as shown above with the
case study of C. gallina biotoxins monitoring, is able to enhance
statistical inference from food safety sampling plans by providing:
i) robust uncertainty estimates even in the presence of sparse or
zero-positive data, such as in the case of bivalve mollusks with
limited biotoxins’ bioaccumulation ability; ii) quantitative
uncertainty assessments aligned with regulatory thresholds as in the
case of biotoxins limits stated by European Union regulation; iii)
flexibility to incorporate prior knowledge and accommodate
complex sampling designs as shown above.

Integrating this model into routine food safety surveillance and
risk assessment enables authorities to make more transparent,
evidence-based, and scientifically sound decisions.

Key advantages for food safety inference include:

- improved risk communication: Bayesian credible intervals are
easily interpretable. There is a 95% probability that the true
prevalence lies within the interval, given the data and prior
assumptions;

- flexibility: the Bayesian B-binomial model could be extended
to a hierarchical framework that accommodates variable sample
sizes and clustering structures, such as by batch or producer,
and uncertainties in prior information, which can be explored
through sensitivity analyses;

- enhanced decision support: posterior probabilities and credible
intervals directly inform regulatory and risk management
decisions;

- computational accessibility: p-binomial models can be
efficiently implemented in R (e.g., with the bayesrules package).
Opverall, while Bayesian binomial models are well established

in food safety risk assessment, their implications for sampling plan

inference under rare or zero contamination events remain
underexplored. This paper aims to fill that gap.
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