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ABSTRACT 

Many countries screen import consignments to guard against the entry of exotic pests, contaminants, and 

pathogens. A widely used strategy is to pool individual units into groups and test each group for presence or 

absence of contamination. Consignments are typically rejected if there are any detections. Screening samples 

are commonly designed to give a high chance of detection assuming a design prevalence. What is less com- 

mon, however, is to analyze the history of testing outcomes to infer how many accepted consignments contain 

contaminated units, and the number of contaminated units—jointly referred to as “leakage.” We build on ex- 

isting censored beta-binomial models to answer these questions for the importation of frozen seafood into 

Australia, allowing for unknown test sensitivity and specificity. We present new theory and empirical results 

demonstrating that specificity is identifiable from test data in this context, but sensitivity is not. We also 

develop a new class of models in which consignment propensity is either zero or above a minimum positive 

prevalence threshold, motivated by our case study but applicable more widely. Past testing data are modeled 

under multiple scenarios using both hierarchical Bayes and maximum likelihood methods, revealing new 

insights into the risk of leakage. 

Keywords: acceptance sampling, beta-binomial distribution, biosecurity, group testing, multi-level models, rare events 
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tubers into the European Union ( EU, 1993 , §3.1) . We refer to 

contamination for simplicity, noting that disease, infection or 

other binary outcome may be substituted as applicable. 

Groups are usually assumed to be non-overlapping simple 

random samples of units selected from the consignment. This 

relies on sound operational practices avoiding possible clus- 

tering of contamination within groups, although this may not 

always be fully achievable, particularly when the grouping 

relates to operational units such as bags or boxes, as in our 

case study. Sensitivity analysis can be conducted to under- 

stand the impact of clustering, but its extent cannot be directly 

estimated from typically available data ( Clark et al., 2023 ) . 

The number of units in each group is usually fixed by oper- 

ational or test performance concerns. The number of groups, 

or total units tested, is often chosen so that the probability of 

detecting contamination in the sample reaches a high value 

( eg, 95%) at an assumed design prevalence for a notional typ- 
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1 Introduction 

roup Testing of Import Consignments 

Flows of goods and people across national borders come

ith the inevitable risk that contamination, disease, or in-

ection are introduced into a country ( Trouvé et al., 2024 ) .

order screening is commonly applied to slow or prevent in-

ursions and to verify the fidelity and suitability of pre-border

isk mitigation. A widespread class of designs for the impor-

ation of agricultural and other goods involves inspecting or

esting a sample of units from each consignment or shipment

nd then disallowing the whole consignment if any contami-

ant is detected, or if the number of detections is above some

hreshold. To save costs and enable a larger sample to be

ested, it is common to group units and then to test each

roup, with a presence or absence result. Examples include

eed lots imported into Australia ( Constable et al., 2018 ) , a

ariety of imports into the United States ( Ma et al., 2025 ) , and
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ical contaminated consignment ( eg, §5 of IPPC, 2008 ; Trouvé

et al., 2024 ) . Testing costs, and importer costs when tests are

destructive, may also influence the choice of the sample and

group sizes. 

If a consignment contains contamination, but it is not de-

tected due to test inaccuracy or because only a sample of units

is grouped and tested, then contaminated units will enter the

country. This is referred to as leakage, and we will refer to

the leakage rate of consignments ( proportion of contaminated

consignments that evade detection) and of units ( proportion

of units that are both contaminated and cross the border) .

The centrality of the concept of leakage is one of the features

that distinguish group testing of imports from the modeling

of rare events in general. Leakage is also relevant in public

health screening, where a subpopulation or locality may be

deemed infection-free based on testing a sample of individ-

uals, and in audit sampling, where a balance sheet or busi-

ness may be deemed compliant based on auditing a sample of

records, transactions, or items. 

Multi-level Models for Import Screening 

The assumption of a design prevalence to underpin the

sampling strategy naturally prompts the questions: what are

typical prevalence levels in consignments, and how might

these affect an assessment of risk? Can the distribution of

consignment-level prevalence be inferred, even though es-

timates of prevalence for individual consignments may be

highly uncertain? What are the implications for leakage rates,

both at the consignment level and the unit level? Can histor-

ical testing results shed light on these questions? These con-

siderations motivate modeling a distribution of consignment-

level propensities, leading to a multilevel framework that

captures both between-consignment variability and within-

consignment sampling error. The relevance of such models is

further supported by the observed distribution of test counts

across consignments, which frequently exhibit zero inflation

and overdispersion ( eg, Clark et al., 2023 ; Trouvé and Robin-

son, 2024 ) , including in the case study analyzed in this paper.

Analysis is further complicated by censoring—only a positive

or negative result is available for each group—and by test

sensitivity and specificity. 

If consignment-level propensity is assumed to follow a beta

distribution, and individual units are sampled and tested, pos-

itive test counts follow a beta-binomial distribution. Appli-

cations of beta-binomial distributions in biosecurity screen-

ing include IPPC ( 2008 ) and Trouvé et al. ( 2022 ) . When

units are tested in groups, we instead observe censored beta-

binomial observations, for which the likelihood can be readily

derived. See for example Cowling et al. ( 1999 ) who also al-

lowed for testing errors, although the beta distribution was

used as a prior rather than a latent distribution with shape

parameters requiring estimation. Clark et al. ( 2023 ) derived

distributions for the leakage of units, and the probability

of leakage, under group testing with latent beta propensi-

ties, fitting these models from historical testing results for

cucurbit seed imports. They also investigated non-random

group formation using sensitivity analysis due to the non-

identifiability of within-group clustering. An advantage of

beta models is that exact or approximate analytical results

are often tractable for simple settings ( see Trouvé and Robin-
on, 2021 for a non-beta multilevel model in a related 

ontext) . 

Group testing from a single population without the first 

evel model for propensity has also been investigated ( eg, 

epworth, 2019 and references therein) . 

utline and Contributions of This Paper 

We consider the importation of frozen prawns into Aus- 

ralia. Around 800 consignments are imported annually with 

round 300 000 prawns per consignment, so this represents 

 significant import pathway with concomitant biosecurity 

isks. Prawns are tested in 13 groups of 5 from each consign- 

ent, which is intended to achieve a 95% chance of obtaining 

t least one positive test result when infection comprises 5% 

f a consignment ( DAFF, 2023 , §17.2.3) . We analyze histor- 

cal test outcomes for whitespot syndrome virus ( WSSV) by 

tting multilevel models with latent beta variables. 

Motivated by the case study, we develop several major ex- 

ensions to existing models for multilevel group testing data. 

n particular, we address the statistical problem of estimating 

are-event prevalence and leakage using censored, grouped 

bservations, where test sensitivity or specificity may be un- 

nown. These contributions include: 

( i) New findings regarding the identifiability of model pa- 

rameters in multilevel group testing with potentially 

unknown sensitivity and specificity, based on approx- 

imations assuming rare events. Our focus is on group 

testing, but the results apply even to groups of size one, 

ie, to individual item testing. 

( ii) A minimum positive prevalence framework, account- 

ing for the biological implausibility of very small pos- 

itive prevalences. This approach has not been consid- 

ered in previous literature. 

( iii) Analytical and approximate formulas for leakage at 

both the consignment and unit levels. These are new as 

existing formulas either do not allow for imperfect test- 

ing ( eg, Clark et al., 2023 ) or consignment-level het- 

erogeneity. 

Section 2 introduces notation and a two-level model with 

eta-distributed consignment propensities, extending hierar- 

hical beta-binomial frameworks similar to those used by 

PPC ( 2008 ) , Trouvé et al. ( 2022 ) , and Clark et al. ( 2023 ) . 

n particular, we extend Clark et al. ( 2023 ) by incorporat- 

ng imperfect testing ( sensitivity and specificity) and a mini- 

um positive prevalence threshold. The latter reflects biolog- 

cal considerations, where the latent propensity is zero with 

ome probability or, if contamination is present, exceeds a 

ositive lower bound due to ( for example) the virulence of 

 virus. Analytical approximations to the likelihood suggest 

hat specificity and a shape parameter controlling heterogene- 

ty are identifiable, but sensitivity and mean prevalence are 

ot, assuming that contamination is rare and heterogenous. 

In Section 3 , we apply the new models to the frozen prawn 

ata using maximum likelihood, Markov Chain Monte Carlo 

ampling, and an approximate Bayes method. We find that 

rofile likelihoods are relatively flat with respect to sensitiv- 

ty but strongly identify specificity near 1, consistent with our 

heoretical results in Section 2 . The minimum positive preva- 

ence models indicate that the threshold parameter is weakly 
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Table 1 Summary of notation. 

Symbol Definition 

m Number of items in each group 

B Number of groups in a consignment 

b Number of groups selected for testing from each consignment 

N Total number of units ( eg, prawns) in a consignment, N = mB 

n Total number of units ( eg, prawns) selected in each consignment, n = mb

Xi j� Indicator for contamination of unit � in group j of consignment i 

Xi j Number of contaminated units in group j of consignment i , values 0 , 1 , . . . , m 

Yi j Presence of contamination in group j of consignment i , equal to I(Xi j > 0) ˜ Yi j Test result in group j of consignment i equals Yi j except for measurement error 

TXi Total number of contaminated units in consignment i , TXi =
∑ B 

j=1 Xi j 
txi Number of contaminated units among sampled groups, txi =

∑ b 
j=1 Xi j 

tyi Number of positive groups among sampled groups, tyi =
∑ b 

j=1 Yi j ˜ tyi Number of positive tests among sampled groups, ̃  tyi =
∑ b 

j=1 ̃  Yi j 
Li Leakage in consignment i , defined as Li = TXi I (̃  tyi = 0) 
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dentified. Together, the models enable insights into leakage

isks for policy makers, including the effect on leakage when

arying the number of groups tested. 

Section 4 presents conclusions and future directions. The

roposed models and methods are implemented in an R pack-

ge and are being used to inform decisions by the Australian

epartment of Agriculture, Fisheries, and Forestry. We antic-

pate that similar analyses of historical test data will become

ncreasingly common in import biosecurity practice globally.

2 Censored Beta-binomial Models with Test 
Sensitivity and Specificity 

2.1 Notation and measurement error setup 

ach consignment is assumed to contain N units ( in our case,

rawns) . We assume that the N units are randomly divided

nto B groups each containing m = N/B units. Of these B

roups, b are selected for testing. We will index groups from

 , . . . , B , with groups 1 , . . . , b being the sampled groups and

roups b + 1 , . . . , B being the remainder. The non-sampled

roups may not actually be constructed in practice—it is not

nusual for b groups of equal size to be extracted and tested

ithout any subdivision made in the remainder. However,

e still define notional non-sampled groups for convenience.

onsignments may be of unequal size in practice, although we

gnore this for simplicity, noting that generalizing to varying

ized consignments would be straightforward in principle. 

We define Xi j� as indicating the presence ( 1) or absence ( 0)

f contamination in a unit � of group j in consignment i , where

j = 1 , . . . , b ( group) and � = 1 , . . . , m ( unit within group) . We

rite Xi j for the number of contaminated units in group j of

onsignment i , j = 1 , . . . , B , and so Xi j may take on values

 , 1 , . . . , m . 

We do not directly observe the number of contaminated

nits Xi j even for sampled groups. Instead, all that is avail-

ble is the binary test result for each selected group. We de-

ne Yi j = I
(
Xi j > 0

)
which equals 1 if any units are contami-

ated in the group and 0 otherwise. We write TXi =
∑ B 

j=1 Xi j
and txi =
∑ b 

j=1 Xi j for the population and sample number of
contaminated units, respectively, in consignment i . We let

tyi =
∑ b 

j=1 Yi j , which is the number of sampled groups con-
taining contaminated units from consignment i , with domain

0 , 1 , . . . , b. 

Tests for pathogens or contaminants are usually imperfect.

We assume constant sensitivity �, the probability of a pos-

itive test given infection in a group, and specificity �, the

probability of a negative test given no infection. We let ˜ Yi j 
be the test result for group j in consignment i , with 1 denot-

ing a positive result ( apparent contamination) and 0 denot-

ing a negative result ( apparently contamination-free) . It fol-

lows that P 

(˜ Yi j = 1 | Yi j 
) = �Yi j + ( 1 − �) 

(
1 −Yi j 

)
. The avail-

able data are the values of ̃  tyi =
∑ b 

j=1 ̃  Yi j . 

We define the leakage to equal Li = TXi I
(̃

 tyi = 0
)
, which is

the number of contaminated units ( prawns) imported in con-

signment i , reflecting the fact that consignments are blocked if

there are any positive test results. The expected leakage E (Li )

and probability of leakage P (Li > 0) are of particular interest.

Table 1 summarizes our notation. 

2.2 Assumed two-level beta model 

We consider the following model: 

Xi j | pi i.i.d. ∼ Bin ( m, pi ) ; and ( 1)

pi 
i.i.d. ∼ Beta ( α, β) ( 2)

for consignments i and groups j, where α and β are shape pa-

rameters, and pi is a latent consignment propensity. Different

consignments are assumed to be independent. See, for exam-

ple, IPPC ( 2008 ) , Trouvé et al. ( 2022 ) and Clark et al. ( 2023 )

for related models. The model implies that TXi ∼ BB ( N, α, β) ,

where BB denotes the beta-binomial distribution. We write

μ = α/ ( α + β) so that E ( TXi /N) = E ( pi ) = μ. We extend ( 1 ) -

( 2 ) to incorporate test sensitivity and specificity. Firstly note

that P
(
Yi j = 1 | pi 

) = φi where φi = 1 − ( 1 − pi ) 
m . The distribu-

tions of the test results with error directly follow: 

˜ Yi j | pi i.i.d. ∼ Ber 
(˜ φi 

)
( 3)
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˜ tyi | pi 
indep ∼ Bin 

(
b, ˜ φi 

)
( 4) 

where ˜ φi = �φi + ( 1 − �) ( 1 − φi ) = ( � + � − 1) φi + 1 − �

can be expressed as 

˜ φi = ( � + � − 1) 
[
1 − ( 1 − pi ) 

m 
] + 1 − � ( 5) 

and Ber refers to the Bernoulli distribution. Note that ˜ φi =˜ φ ( pi ) is a function of pi . 

The marginal probability of tyi immediately follows by in-

tegrating out pi : 

P 

(̃
 tyi 
) = 

∫ (
b ˜ tyi 

)˜ φ(pi )̃
 tyi 
[
1 − ˜ φ(pi )

]b−̃  tyi 
pα−1 
i ( 1 − pi ) 

β−1 dpi 
/

B ( α, β) ( 6) 

where B is the beta function. If observations of ̃  tyi for a sample

of consignments are available, then the likelihood is given by∏ 

i P 

(̃
 tyi 
)
. Numerical integration is required—for details see

Web Appendix A . 

2.3 Approximation to the model and 

identifiability of sensitivity and specificity 

We will show empirically in Section 3 that when model ( 6 )

is fitted to our case study with α, β, �, and � all treated

as unknown parameters, the first shape parameter α and the

specificity � are reasonably well identified, but the second

shape parameter and the sensitivity � are not, with the log-

likelihood almost flat with respect to β and �. To understand

this result and whether it applies more widely, we now de-

velop an approximation to the distribution of ̃  tyi in ( 6 ) . The

approximate model will be useful to explain identifiability of

model parameters, and will also provide a less computation-

ally intensive means of fitting the model. 

We assume that β is large so contamination is rare. Under

the model defined in Section 2.2 , ̃  tyi | pi ∼ Bin 
(
b, ˜ φi 

)
and we

then assume that a Poisson approximation applies with 

˜ tyi | pi a ∼ Poisson 
(
b˜ φi 

)
. ( 7) 

This holds in distribution limit when ̃  φi → 0 with b˜ φi tending

to a constant. Although b = 13 in our case study, Hodges and

Le Cam ( 1960 ) demonstrate that the maximum absolute error

in the Poisson approximation to the binomial cumulative dis-

tribution function can be acceptable even when the binomial

population size is small, provided that the probability param-

eter is close enough to zero. Further calculations to check this

approximation are detailed in Web Appendix B . 

Using a well known property of beta random variables,

( 2 ) means that as β → ∞ , βpi tends in distribution to

Gamma ( α, α) , using the shape-mean parameterisation of the

Gamma family. Thus we can approximate the distribution of

pi as Gamma ( α, α/β) . We use the asymptotically equivalent

approximation 

pi 
a ∼ Gamma 

(
α, α(α + β)−1 

)
( 8) 

so that the first moment of the approximate distribution is

exact. 

Now, large β implies that pi are close to zero with high

probability. A first order Taylor approximation of φi in ( 5 )

with respect to pi gives ˜ φi ≈ ( � − 1 + �) mpi + 1 − �. Using
he properties of the Gamma distribution, we can therefore 

onclude from ( 8 ) that 

˜ φi 
a ∼ 1 − � + Gamma 

[
α, mα(α + β)−1 ( � − 1 + �) 

]
( 9) 

e now strike a fork in the road where � = 1 and � < 1 
 perfect vs imperfect specificity) lead to very different approx- 
mate distributions of ̃  tyi . We obtain from ( 7 ) and ( 9 ) that 

˜ tyi 
a ∼ Poisson 

{
b
[
1 − � + Gamma 

(
α, mα(α + β)−1 ( � − 1 + �) 

)]}
( 10) 

or � = 1 ( perfect specificity) , this simplifies to 

˜ tyi 
a ∼ NB 

(
α, bmα(α + β)−1 �

)
( 11) 

sing a shape-mean parameterisation for the negative bino- 

ial ( NB) family, because Gamma-Poisson mixtures are NB. 

pproximation ( 11 ) is related to the result of Teerapabolarn 

 2015 ) that beta-binomial distributions tend to NB when the 

econd shape parameter tends to infinity. Using the same re- 

ult from Teerapabolarn ( 2015 ) , we further approximate ( 11 ) 

y 

˜ tyi 
a ∼ BB 

(
b, α, βm−1 �−1 ) ( 12) 

hich is a more convenient model as it respects the constraint 

hat ̃  tyi ≤ b. 

By inspection of ( 10 ) , it is clear that β and � are not sep- 

rately identifiable, even if � is known. Approximation ( 12 ) 

onfirms that this is true even if � = 1 . In other words, it is 

ot possible to distinguish between rarity of true contamina- 

ion and imperfect test sensitivity. 

In contrast, ( 10 ) suggests that the specificity, �, is iden- 

ifiable when contamination is rare. In effect, 1 − � acts as 

 floor on the values of ˜ tyi ( to be precise, on the condi- 

ional mean of ̃  tyi ) . There is one caveat, however. In the limit 

hen both α and β tend to infinity at the same rate, with 

= α/ ( α + β) held fixed, the Gamma distribution in ( 10 ) 

ends to a point mass at mμ ( � − 1 + �) so that ( 10 ) becomes 

˜ tyi 
a ∼ Poisson 

{
b [ 1 − � + mμ ( � − 1 + �) ] 

}
( 13) 

his limit corresponds to zero variance in pi , so there is no 

nter-consignment heterogeneity. We can hardly identify any- 

hing. The quantity [ 1 − � + mμ ( � − 1 + �) ] can be esti- 

ated but we cannot estimate �, � or μ, even if one of these 

arameters is assumed to be known. 

We conclude that under the approximate model, provided 

hat α < ∞ ( ie, some heterogeneity between consignments) , 

he specificity and the first shape parameter are identifiable, 

ut the sensitivity and the second shape parameter are not. A 

ore detailed numerical evaluation in Web Appendix D sug- 

ests that for b = 13 and m equal to either 5 or 10, the approx- 

mation is tolerably accurate provided μ is 0.01 or less, and 

n some cases even for larger μ. Although this supplementary 

nvestigation focused on specific values of b and m , the the- 

retical results are not based on specific design settings, and 

an be expected to apply more generally where contamina- 

ion is rare and heterogeneous. 

2.4 Models incorporating a minimum positive 
prevalence 

he virus of interest in the case study is highly infectious, 

o very small non-zero values are unlikely to be biologically 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
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Table 2 Distribution of the number of positive detections per consignment out of 13. 

Positive test results: 0 1 2 3 4 5 6 8 9 10 

No. of consignments: 2815 9 10 6 1 3 2 1 2 1 

% of consignments: 98.77 0.32 0.35 0.21 0.04 0.11 0.07 0.04 0.07 0.04 
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ossible—if the virus is present at all, then it is likely to spread

eyond a minimum positive value. This conflicts with the la-

ent beta model developed in Section 2.2 , which can have

igh density of pi for values close to zero. Motivated by this

iscrepancy, we develop models which have positive proba-

ility attached to a zero value for pi , and then a continuous

istribution for k ≤ pi ≤ 1 where k ≥ 0 is a threshold called

he minimum positive prevalence. We define the new model

y: 

p∗
i = pi · I

(
pi ≥ k

)
, with pi ∼ Beta (α, β) , ( 14)

here I(·) is the indicator function. Correspondingly, the
roup-level contamination probability, under imperfect test-

ng with sensitivity � and specificity �, becomes: 

˜ φ∗
i = �φ∗

i + (1 − �)(1 − φ∗
i ) , ( 15)

here φ∗
i = 1 − (

1 − p∗
i 

)m 
. The observed number of positive

roup tests, ̃  tyi , then follows a Binomial distribution condi-

ional on pi with ̃  tyi | pi ∼ Bin (b, ˜ φ∗
i ) . Numerical integration is

equired to calculate the resulting likelihood. 

2.5 Leakage 

he leakage rate is a key metric of risk for an import pathway.

e define the leakage for consignment i as Li = TXi I
(̃

 tyi = 0
)
,

here ̃  tyi is subject to testing error ( Section 2.2) . A minimum

revalence k may also apply ( Section 2.4) . Of interest will be

he distribution of Li , P ( Li > 0) ( the proportion of consign-

ents that are contaminated and evade detection) , and E ( Li )

 the expected number of infected units entering the country

er consignment) . 

In general, P ( Li > 0) and E ( Li ) can be obtained by sim-

lating values of TXi and ˜ tyi for given parameter values of

, β, �, � and k . However, when testing is perfect and

 minimum positive prevalence k applies, exact expressions

or P ( Li > 0) and E ( Li ) can be derived. We let B(a,b) ( u, v) =
 b 

a 
tu −1 (1 − t )v−1 dt be the incomplete beta function. Then,
hen � = � = 1 , 

P [ Li > 0] = 

B(k, 1) (α, β + mb) 

B (α, β) 
− B(k, 1) (α, β + N) 

B (α, β) 
( 16)

E (Li ) = (B − b) m · B(k, 1) (α + 1 , β + bm ) 

B (α, β) 
. ( 17)

hen testing is imperfect, exact closed forms are unavail-

ble; however, the approximation ( 12 ) from Section 2.3 un-

er perfect specificity ( � = 1 ) yields approximate expressions

or P(Li > 0) and E(Li ) , allowing for � ∈ [0 , 1] and k ∈ [0 , 1) .

hen: 

P [ Li > 0] ≈ B(k1 , 1) (α, βm−1 �−1 + b) 

B (α, βm−1 �−1 ) 
− B(k, 1) (α, β + N) 

B (α, β) 
( 18)

E (Li ) ≈ (B − b) m · B(k, 1) (α + 1 , β + bm �) 

B (α, β) 
( 19)
where k1 = �(1 − (1 − k )m ) and the approximations are

based on rare events ( ie, β large) . See Web Appendix C for

details of the derivations of ( 16 ) -( 19 ) . 

3 Case Study 

3.1 Background and data 

For consistency, we use the term consignments throughout

this case study, although in practice some are subdivided.

Each consignment consists ( on average) of about 800 boxes,

with each box containing 10 bags of approximately 40 prawns

( units) . For simplicity, we assume constant consignment sizes.

A sample of 13 boxes is selected from each consignment and

one bag is selected from each box. From each of the 13 se-

lected bags, a group of 5 prawns is randomly taken for test-

ing. Tissue from each group of 5 prawns is pooled and tested

using polymerase chain reaction ( PCR) methods for WSSV or

yellowhead virus genotype 1 ( YHV1) ( no YHV1 has been de-

tected, so all positives refer to WSSV) . Each test yields a pres-

ence/absence result for the group. The PCR test is thought

to have approximately 80% sensitivity and more than 99%

specificity, although both are uncertain. The consignment

outcome is the number of positive tests out of 13. 

Group size was set at 5 to avoid loss of PCR sensitivity.

The total sample of 65 per consignment was designed to give

a 95% probability of at least one positive detection, assum-

ing a design prevalence of 5% and 90% test sensitivity ( here

we use a more conservative 80%) . It is also assumed that in-

fected units are randomly assorted among bags. The whole

consignment is blocked from importation if any of the 13

tests are positive. If infected prawns are present but no pos-

itives are detected, leakage occurs, ie, infected prawns enter

Australia. 

We will focus on testing results from 2850 consignments

over an approximately 4-year period between 2015 and 2022.

Table 2 shows the data as a frequency table. There are 0/13

positive test results for 98.8% of consignments and the re-

maining positive results range from 1 to 10, with 1 and 2 the

most frequent. Thus, positive test results are extremely rare,

and counts are very overdispersed, with quartiles equal to 1.5,

2.0, and 4.5. 

The virus WSSV is highly infectious in farmed prawns, with

prevalence when detected ranging from 48-90% in an Aus-

tralian Import Risk Analysis ( Biosecurity Australia, 2009 ) .

More recent prevalences ranged from 12-66% ( DAFF, 2023

and references therein) . Discussions with Australian biose-

curity policy managers suggest that consignments would not

normally be sourced from more than ten distinct sources, sug-

gesting that, if infection is present at all in a consignment, it

affects at least 1-2% of prawns. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
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Table 3 Posterior estimates with 95% confidence intervals ( CI) of beta-binomial parameters ( α, β, and μ) for tyi under varying sensitivity 

( �) and specificity ( �) . The exact model is developed using frequentist maximum likelihood ( ML) and Bayesian Metropolis-Hastings ( MH) 

algorithms, while the approximate model is derived using the Bayesian Hamiltonian Monte Carlo ( HMC) algorithm implemented in the brms 
R package. The posterior estimates of leakage parameters E(Li ) ( equation 17 , 19 ) and P(Li > 0) ( equations 16 , 18 ) are obtained accordingly. 

CIs for ML are based on the profile log-likelihood, while MH and HMC use Bayesian credible intervals. 

Parameter Estimators ( 95% CI) 

ML � = 0 . 8 MH � = 0 . 8 HMC � = 0 . 8 MH � ∼ U (. 75 ,. 85) 

α × 103 4.68 ( 2.99, 7.12) 4.63 ( 2.89, 6.96) 5.13 ( 3.29, 7.59) 4.58 ( 2.88, 6.80) 

β 4.40 ( 2.30, 6.87) 4.31 ( 1.94, 7.78) 6.88 ( 3.83,11.15) 4.14 ( 1.85, 7.34) 

μ × 103 1.06 ( 0.64, 1.88) 1.16 ( 0.67, 1.92) 0.77 ( 0.50, 1.15) 1.19 ( 0.69, 2.00) 

E (Li ) 26.2 ( 17.3, 34.1) 25.9 ( 16.7, 37.4) 27.4 ( 18.4, 39.1) 25.7 ( 16.6, 37.1) 

P (Li > 0) × 102 3.75 ( 2.39, 4.78) 3.68 ( 2.23, 5.56) 4.15 ( 2.66, 6.09) 3.63 ( 2.22, 5.43) 
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It is noted that even if leakage occurs, multiple conditions

must be met before it leads to a significant biosecurity event

such as spread to wild aquatic populations. PCR can detect

dead or non-viable virus. For infection to reach wild popula-

tions, contaminated prawns would typically need to be used

as bait by recreational fishers, whereas the vast majority are

instead prepared and consumed by humans. While leakage is

the focus here, the probability of actual biosecurity breaches

is much lower than the probability of leakage ( DAFF, 2023 ) . 

3.2 Identifiability of specificity, sensitivity, and 

minimum positive prevalence 

We assessed identifiability of the parameters α, β, � and � in

the model from Section 2.2 using profile likelihoods. Details

are provided in Web Appendix E . Specificity is well identified,

with MLE on the boundary � = 1 and the log-likelihood de-

creasing precipitously as � decreases even slightly below 1.

Sensitivity � was very poorly identified, motivating the the-

oretical approximations in Section 2.3 , which confirm that

for rare events with inter-consignment heterogeneity, speci-

ficity is identifiable but sensitivity is not. We therefore con-

sider models with sensitivity fixed at � = 0 . 8 or assigned a

prior distribution U (0 . 75 , 0 . 85) . Although specificity could be

treated as unknown or assigned a diffuse prior, it is well iden-

tified from the data and is therefore fixed at � = 1 , as it is

extremely close to 1. 

We suspected that the minimum positive prevalence ( k ) in

the models from Section 2.4 would also be difficult to esti-

mate, given the paucity of positive test results. The profile

likelihood peaks at its MLE ( ≈ 0.01) . Of particular interest is

whether there is evidence that k is positive. We calculated a

p-value of 0.084 for the null hypothesis k = 0 against the al-

ternative k ≥ 0 . This provides moderate evidence that a ( non-

zero) minimum positive prevalence applies. Web Appendix E1

contains details, including an approximate 90% confidence

interval for k which is indeed wide. Due to this uncertainty,

we did not estimate k and instead conducted sensitivity anal-

yses with k fixed at 0, 0.01, and 0.02. 

3.3 Model fitting approaches 

We employed three model fitting approaches. In the first, the

approximate beta-binomial model ( 12 ) was fitted using the

Hamiltonian Monte Carlo ( HMC) method, as implemented in
he brms package ( Bürkner, 2021 ) . Note that fitting the ap- 
roximate model results in posterior distributions for α and 
� rather than α and β where β� = βm−1 �−1 , so β can be es- 
imated by multiplying β� by m � ( assuming for this purpose 

hat � = 0 . 8 ) . The brms default priors, logit (μ) ∼ t (3 , 0 , 2 . 5)

nd θ = α + β� ∼ Gamma (0 . 01 , 0 . 01) were used. 

For the second approach, Bayesian posterior distributions 

ere obtained by an implementation of the Metropolis Hast- 

ng ( MH) algorithm, using the exact likelihood calculated by 

umerical integration. Two different sets of priors were used, 

ne with � = 0 . 8 and the other with � uniformly distributed 

etween 0.75 and 0.85. 

The MH algorithm iterated on parameters θ1 , θ2 and ( when 

was not fixed at 0.8) θ3 . We defined θ1 = log (α) with prior 

1 ∼ U (−A, A ) for large A . We defined μ = expit (θ2 ) and, 

hen � was not fixed, we let � = 0 . 75 + 0 . 1 expit (θ3 ) . The 

rior distributions of θ2 and θ3 were defined such that the 

riors of μ and � were μ ∼ U (0 , 1) and � ∼ U (0 . 75 , 0 . 85) . 

urther specifications are described in Web Appendix F1 . 

Finally, maximum likelihood ( ML) estimation was imple- 

ented using the exact likelihood obtained by numerical in- 

egration for a given sensitivity and specificity. Wald intervals 

ere somewhat unreliable, so we opted to construct confi- 

ence intervals using profile likelihoods which, while compu- 

ationally slow, enabled inference about functions of the pa- 

ameters such as leakage measures. In the ML and MH meth- 

ds, likelihoods were computed by numerically integrating 

ver pi using evenly spaced beta quantiles. Leakage measures, 

 (Li > 0) and E (Li ) , were calculated from the estimated pa- 

ameters using ( 18 ) and ( 19 ) . 

3.4 Model fitting results 

able 3 shows model estimates and confidence/credible in- 

ervals from the ML, HMC, and MH methods when there is 

o minimum positive prevalence ( k = 0 ) . The MH method 

as applied both assuming � = 0 . 8 and with a prior � ∼
 (0 . 75 , 0 . 85) . The ML and MH parameter estimates, which 

re both calculated using the exact likelihood, are very simi- 

ar. This suggests that the MH results are not overly sensitive 

o the priors used. The HMC method, based on an approxi- 

ate likelihood, gave similar estimate of α, but β appears to 

ave been over-estimated by about 50% ( relative to the exact 

ethods) , while μ was under-estimated by about 25%. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
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Table 4 Posterior mean estimates with 95% credible interval ( CI) of thresholded beta-binomial parameters ( α, β, and μ) for tyi under imperfect 

test sensitivity ( � = 0 . 8 , � = 1 . 0 ) , and minimum positive prevalence ( k = 0 . 0 , 0 . 01 , 0 . 02 ) . The corresponding posterior estimates of leakage 

parameters are calculated using ( 18 ) and ( 19 ) , respectively. 

Minimum positive prevalence, k 

0% 1% 2% 

Parameter Mean ( 95% CI) Mean ( 95% CI) Mean ( 95% CI) 

α × 103 4.63 ( 2.90, 6.97) 6.37 ( 3.79,10.00) 9.11 ( 5.09,15.34) 

β 4.31 ( 1.93, 7.77) 5.64 ( 2.61,10.03) 7.29 ( 3.43,12.86) 

μ × 103 1.16 ( 0.67, 1.92) 1.19 ( 0.74, 1.87) 1.30 ( 0.85, 1.91) 

E (Li ) 25.9 ( 16.7,37.5) 19.4 ( 12.4, 28.4) 14.5 ( 9.1, 21.3) 

P (Li > 0) × 102 3.68 ( 2.23, 5.57) 0.31 ( 0.19, 0.46) 0.15 ( 0.10, 0.23) 
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Table 3 also shows that the corresponding estimates of E (Li )

nd P (Li > 0) remain reasonably comparable across all four

ethods, underscoring the robustness of the modeling ap-

roaches in capturing leakage dynamics. Some differences

rise in the β estimates, with the approximate models con-

istently yielding higher values than those obtained using the

xact models. These discrepancies suggest a trade-off between

omputational efficiency and estimation accuracy when opt-

ng for approximate over exact modeling approaches. 

The confidence and credible intervals for all parameter es-

imates were wide but still allow useful conclusions, partic-

larly about leakage. P (Li > 0) is estimated to be between

.2% and 5.6% of consignments, and E (Li ) between 16 and

8 infected prawns per consignment. The latter interval refers

o expected leakage noting this is an average over both zero

nd positive values where the latter may considerably exceed

 (Li ) for particular consignments. 

The fitted models were consistent with the observed data,

ased on randomized quantile residual plots ( Dunn and

myth, 1996 ) , formal tests, and ( for MH) posterior predictive

hecks, with no evidence of systematic lack of fit. Further de-

ails are provided in Web Appendix F2 . 

The results discussed so far assume no minimum positive

revalence, ( ie, k = 0 ) . However, expert opinion suggests that

 non-zero minimum prevalence should apply, and in Sec-

ion 3.2 we found that k is significantly different from 0 at the

.1 ( but not 0.05) level. The ML estimate of k was approxi-

ately 0.01. Table 4 reports results under alternative values

f k ( 0%, 1%, and 2%) . The first case reproduces the results

n Table 3 . For simplicity, these models were fitted using the

H method with sensitivity fixed at 0.8. As expected, increas-

ng k shifted the posterior distribution of the beta parameters

o the right, indicating greater concentration of consignment-

evel prevalence at higher values. However, the overall mean

revalence ( μ = α/ (α + β) ) remained similar across scenar-

os, indicating that k mainly affects the lower tail rather than

he central tendency. 

Table 4 also shows the associated leakage quantities, using

 18 ) and ( 19 ) for P (Li > 0) and E (Li ) , respectively. When a

ositive k is assumed, estimated P (Li > 0) and E (Li ) are both

onsiderably reduced, particularly P (Li > 0) which reduces

rom 3.7% when k = 0 is assumed to 0.3% when k = 0 . 01

s assumed. Expected leakage drops more modestly from 26

o 19 units per consignment. We suggest that policy makers
tentatively assume k = 0 . 01 as this aligns with both expert

advice and ML estimation of this parameter. 

3.5 Communicating the risk 

The practical implications of the assumed model and param-

eter estimates for biosecurity policy and risk are not straight-

forward to extract. While E (Li ) and P (Li > 0) have intuitive

interpretations, they provide limited insight into the full dis-

tribution of leakage, particularly given that Li = 0 with high

probability. To address this, we adopt a more interpretable,

distributional summary: histograms of the number of infected

items per consignment ( TXi ) , partitioned into true positives

( TP) , false negatives ( FN) , and true negatives ( TN) , where

leakage corresponds to FN consignments. 

To make the results more concrete, we consider expected

outcomes for a notional set of 1000 consignments ( about one

year of imports) . Results were obtained by simulating both TXi 
and ̃  tyi from the assumed model, using parameters obtained

from their MH posterior distribution with � = 0 . 8 . We con-

sider minimum prevalence values k = 0 , 1%, and 2%, with

additional results in Web Appendix G . 

Figure 1 shows the results. Although information-dense,

feedback from biosecurity policy managers suggests it is use-

ful in visualizing and understanding model implications. Each

bar represents the expected number of consignments ( out of

1000) across ranges of TXi . A different scale is used for TXi = 0 ,

which dominates. Bars are color-coded by outcome ( TP, TN,

FN) : when TXi = 0 , all consignments are TN; when TXi > 0 ,

outcomes are TP ( ̃  tyi > 0 ) or FN ( ̃  tyi = 0 ) , shown as stacked

bars. False positives are not possible under perfect specificity.

For example, when k = 0 ( top panel) , over 900 of the 1000

consignments are true negatives. Around 22 consignments

contain 1-100 infected prawns, almost all false negatives

( ie, leakage) . This reflects very low prevalence ( ≤ 0 . 03% of

320 000 prawns per consignment) , making detection unlikely.

As TXi increases, detection probability rises; once infections

exceed about 5000 ( ≈ 1 . 5% ) , true positives dominate, indi-

cating the sampling is effective. The picture changes when k is

greater than zero, eliminating very small consignment infec-

tion rates and reducing false negatives. Consequently, there

is less red in the second and third panels, as ruling out tiny

infection levels makes the sampling regime highly effective.

We advocate presenting all three panels to planners, reflect-

ing pessimistic, balanced, and optimistic scenarios. 

https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
https://academic.oup.com/biometrics/article-lookup/doi/10.1093/biomtc/ujag155#supplementary-data
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Figure 1 Expected frequencies of consignments out of a notional set of 1000 consignments, broken down by the number of contaminated 

prawns per consignment and the testing outcomes in three different scenarios based on minimum propensity, k = (0 , 1 , 2)% . PCR test 

sensitivity is assumed to be � = 0 . 80 . 
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Our framework can also assess the impact of changing the

number of tests, a key lever for managing leakage risks. With

group size fixed at m = 5 ( to maintain sensitivity) , we vary

the number of groups ( b) from 13 to 20 or 26 and simu-

late outcomes with k = 0 . 01 . Figure 2 shows that increasing b

sharply reduces false negatives: P(Li > 0) falls by about two-

thirds and expected leakage by half when b goes from 13 to

26. Biosecurity managers need to maintain a balance between

operational costs, trade access, the risk of incursions and the

impact of incursions. Results like those in Figure 2 allow deci-

sions on the testing protocol to be made based on clear quan-

tified measures of the effect of sample size on leakage risk. We
 s
ecommend periodic modeling exercises of historical testing 

ata using the models like those developed here, feeding into 

ngoing review of surveillance scheme design. 

4 Conclusions 

iosecurity sampling regimes are often designed to achieve 

 high chance of detecting contamination or infection under 

n assumed fixed design prevalence. While useful for setting 

ong-term inspection regimes, this approach simplifies the re- 

lity that prevalences are highly heterogeneous across con- 

ignments and does not account for the amount of leakage at 
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Figure 2 Expected frequencies of consignments out of a notional set of 1000 consignments, broken down by the number of contaminated 

prawns per consignment and their testing outcomes for three different numbers of sampled groups, b = (13 , 20 , 26) . Minimum positive 

prevalence is assumed to be k = 1% and the test sensitivity is � = 0 . 80 . 

l  

m  

t  

M  

n  

v  

t

 

e  

fi  

t  

c  

b  

r  

i  

n  

T  

v  

s

 

a  

t  

l  

f  

h  

p  

s  

a  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 academ

ic.oup.com
/biom

etrics/article/82/3/ujag155/8817072 by guest on 18 O
ctober 2026
ow prevalences. Historical inspection results can instead be

odeled using latent consignment propensities, enabling es-

imation of leakage rates, key measures of importation risk.

odeling such data is challenging due to sparsity, predomi-

ance of zero outcomes, imperfect testing, and grouped obser-

ations. The importation of prawns into Australia exemplifies

hese issues. 

To address these challenges, this article develops new mod-

ling approaches and results. A key issue is parameter identi-

ability under sparse and grouped data. Specificity is shown

o be identifiable and is near perfect in our case study. In

ontrast, sensitivity is unidentifiable and is therefore handled

y either fixing it at 0.8 or assigning a prior over 0.75-0.85,

eflecting expert advice. We also introduce the minimum pos-

tive prevalence, reflecting the view that extremely small but

on-zero consignment prevalence is biologically implausible.

his parameter appears empirically identifiable ( albeit not

ery precisely) , with evidence of a non-zero value in the case

tudy. 

These developments yield insights that are not otherwise

vailable. In the prawn import case study, we find that al-

hough the sampling regime is highly effective, non-negligible

eakage may still occur in large consignments even when in-

ection prevalence and downstream risk are very low. This

ighlights the importance of assumptions about minimum

revalence, as the estimated probability of leakage decreases

ubstantially when this parameter is positive. The models also

llow leakage distributions to be evaluated under alternative
sample sizes, informing decisions about whether increased

testing effort is justified. For example, doubling the number

of groups tested would roughly halve infected prawns enter-

ing Australia and reduce consignments with non-zero leakage

by about two-thirds. 

These findings also suggest several directions for further

work. Other multilevel models such as generalized linear

mixed models are worth investigating for this class of prob-

lems, as they are more widely used and better supported by

software than the latent beta models developed here. The cen-

sored grouped data structure and a minimum positive preva-

lence would still need to be incorporated. Fixed or random ef-

fects covariates could also be included for country of origin,

importing company, or other consignment characteristics—

these were not appropriate for a simple biosecurity process

but would be relevant in other settings. Future work could

embed the modeling framework into a continuous sampling

plan with dynamically adapted inspection regimes ( Trouvé

et al., 2024 ) , or allow sensitivity to vary with prevalence, viral

load, or group size rather than assuming it fixed; this would

be worthwhile where supported by data or theory, though not

supported in the present case study. Another avenue would be

to incorporate testing validation data if available ( eg, from

gold-standard testing) , which would provide independent in-

formation about specificity or sensitivity. 

The model allows leakage rates to be estimated for differ-

ent values of b, which could inform design changes. Future

research should consider optimal design more generally, in-
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cluding the choice of m . This was beyond the scope of this

paper, because a realistic treatment would require a model

for test sensitivity as a function of pool size as well as quan-

tification of the relative costs associated with the number of

units extracted and the number of tests conducted. The mod-

els developed here would be an essential ingredient in such

an investigation. 

Beyond the case study, we establish a general result for

rare-event multilevel binary data: specificity and heterogene-

ity ( ie, α) can be identified even when sensitivity and mean

prevalence cannot, provided there is heterogeneity between

consignments ( or other clusters) . This applies to both group

and individual testing, since the approximations developed

in Section 2.3 are based on rarity of the events, and do not

make assumptions about the group size. Other possible ap-

plications include public health ( eg, Gelman and Carpenter,

2020 reanalyze SARS-CoV-2 antibody data clustered by zip

code where sensitivity and specificity are uncertain) , envi-

ronmental sampling ( eg, Furlan et al., 2016 consider a form

of group testing where sensitivity is known approximately

but not exactly and sites may act as clusters in place of

consignments) , and surveillance schemes for animal health

( eg, USDA-APHIS, 2024 , p28 refer to clustering in premises

and imperfect sensitivity albeit assumed known) . Further ap-

plications are discussed in Web Appendix H . 

Overall, analyzing historical test result data in a biosecurity

context presents unique challenges but also important oppor-

tunities to quantify risks that are otherwise implicit. This pa-

per shows how routinely collected inspection data can be used

to estimate leakage rates, assess the consequences of imper-

fect testing, and evaluate alternative sampling regimes. 
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