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Abstract
Mycotoxins are toxic metabolites which are a by-product of the fungal diseases that are prevalent in many
commodity food crops such as grains, nuts, fruits and legumes. Due to food safety concerns, the maximum
acceptable level of individual mycotoxins in various food stocks is subject to national and international regulations, and to specific food-industry norms. The development of acceptance-sampling protocols to ensure
that individual suppliers and individual food-stock lots conform to these regulations and norms is therefore of
considerable interest. In this report, we provide the relevant background on mycotoxin testing, and consider
the need for further development of the theory and practice to include the following topics: (a) quantification of sampling and measurement uncertainty, (b) composite sampling and sub-sampling, (c) non-normal
sampling distributions, and, (d) reduced-risk plans for variables sampling.
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Introduction

The prevalence of fungal diseases in commodity food crops such as grains, nuts, fruits and legumes
is attributable to the initial dispersal and attachment of spores from the external environment, followed by the spread of this infestation under conducive growth conditions. The onset and spread of
fungal diseases can potentially occur at any point in the planting, growth, harvesting, storage and
transportation stages of the agricultural processing pipeline for the food crop.
In turn, these fungal diseases lead to the production of specific toxic metabolites known as
mycotoxins, whose presence above certain concentration levels in food stocks intended for human
or animal consumption is of great concern from a food-safety perspective. Furthermore, even at
apparently benign levels, the presence of mycotoxins detracts considerably from the nutritional
value and retail quality of the contaminated food stock.
The presence of the precursor fungal molds and diseases, and the concomitant high levels of
mycotoxins in food stocks, are both associated with a number of enabling factors. These factors
include, the conditions of moisture, relative humidity, temperature, substrate and pH levels encountered during the growth, harvesting and storage of the crop; the associative growth with other fungi
and micro-organisms in the contaminated food-stock lot; and, the stress and damage to the crop

caused by weather, insects, fertilizer and mechanical harvesting. The high mycotoxin levels, once
established, continue to persist even if the precursor fungal disease has been treated and eliminated
from the food stock [42, 10].
The detection of high mycotoxin levels in food stocks is a worldwide problem, and hundreds of
problematic mycotoxin varieties have been identified. Some of the prominent varieties that are frequently tested for include aflatoxin (AFL), deoxynivalenol (DON), zearalenone (ZEN), fuminosin
(FUM) and ochratoxin (OCH). The precursor fungal molds that are often of greatest concern include
Aspergillus, Penicillium and Fusarium [7]. In the U.S., the Food and Drug Administration (FDA)
has established regulatory limits for the maximum concentration of individual mycotoxins in certain
food stocks, and these limits typically range from parts per million (ppm) to parts per billion (ppb);
for instance, the regulatory limit for AFL in grain stocks is 20 ppb [20]. In other cases, the FDA has
established advisory limits; for instance, the recommended maximum limit is 1 ppm for DON [18],
and 2-4 ppm for FUM [19], in food stocks intended for human consumption. The Grain Inspectors,
Packers, Stockyards Association (GIPSA), which is an agency of the U.S. Department of Agriculture (USDA), provides reference material on fungal diseases and mycotoxins [21], and guidelines
for mycotoxin testing in grain stocks (see http://www.gipsa.usda.gov/GIPSA). In addition, various commercial vendors of testing kits, sample preparation equipment, and laboratory analytical
services, such as Romer Labs (www.romerlabs.com), Neogen Corporation (www.neogen.com),
VICAM (www.vicam.com), among others, also provide practical guidance on many aspects of the
sample preparation and analytical procedures for mycotoxin testing.
Individual processed-food manufacturers have also adopted stringent norms and practices at
their manufacturing facilities to identify and eliminate any incoming food-stock lots with high
mycotoxin levels. An important concern is that many mycotoxins are heat-resistant chemical compounds, whose levels cannot be reduced by the usual pasteurization and sterilization steps used
during food processing for eliminating microbiological contaminants. The difficulties associated
with mycotoxin remediation, therefore, make it especially critical to identify and reject any unacceptable food-stock lots before entry into the manufacturing facility. Consequently, manufacturing
facilities that implement the Hazard Analysis Critical Control Point (HACCP) program, invariably
locate a control point specifically for mycotoxin testing at the inlet grain-supply dock. (HACCP is
a well-known and widely-adopted set of guidelines provided by the U.S. Department of Agriculture (USDA) for the monitoring of any biological, chemical, or physical agents at various stages
during food processing steps, which in the absence of proper controls at these stages, may lead to
the release of a contaminated product that causes illness or worse.)
Some of the salient issues that must be addressed by processed-food manufacturers for the
testing, identification, and elimination of mycotoxin-contaminated food stocks are as follows:
First, the transfer of fungal spores from the environment to the crop which initiates the precursor
fungal infestation can occur from the seeds, soil and air during planting and growth, or from the
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containers and equipment during storage and transportation. Similarly, the subsequent spread of
the fungal disease and the concomitant increase in the mycotoxin levels can occur at any point in
the agricultural processing pipeline where favorable growth conditions are encountered. For early
identification, therefore, it is desirable to carry out the mycotoxin testing at all locations in the field,
storage and supply network. However, this network may not be fully known, and even when known,
the locations may often be inaccessible; in practice, it may only be feasible to perform the required
testing at the entry point of the food-stock lots to the manufacturing facility.
Second, the detection of mycotoxin levels near the maximum acceptable limit requires careful
sampling, sample preparation and analytical measurement, which must be performed by trained
field personnel using specialized equipment and experimental controls, with further calibration and
confirmatory testing under even more rigorous laboratory conditions. The size of the bulk material
in the food-stock lots can range from hundreds to thousands of tons, with a wide variety of storage
formats including bags, bushels and bins, and transportation formats including trucks, railroad cars
and ships. Given the size and variety of the bulk materials, it is indeed a challenge to develop
a consistent and standardized protocol for obtaining compact, representative samples of the bulk
material for mycotoxin measurements.
Third, a substantial portion of the inter-lot variations in the mycotoxin levels can be traced
to and linked with the conditions associated with the provenance of each individual food-stock
lot. However, this provenance is rarely tracked in a reliable manner from farm to factory, even
though the tracking would enable the mycotoxin testing protocols to be customized to the actual
or perceived risk. In addition, often, there may be significant intra-lot variations in the mycotoxin
levels due to the localized nature of the fungal growth during lot storage and transportation (e.g.,
due to the pattern of moisture infiltration within a grain storage silo). These intra-lot variations of
the mycotoxin levels may often be characterized by a non-uniform and clumped spatial distribution,
with stratification between the grain and dockage components of the bulk material. The presence
of such clumping and stratification effects is important for designing appropriate sampling and
measurement protocols for mycotoxin testing.
Fourth, mycotoxin testing protocols typically comprise of three distinct stages, viz., the collection of sample-increments of the bulk material which are combined into a composite sample, the
homogenization and reduction of this composite sample, and the analytical measurement on the
reduced sub-samples. However, the magnitude of the individual contributions from each of these
stages to the overall uncertainty is often not known, and therefore, there are few guidelines for
reducing this overall uncertainty, keeping in mind the relative time and cost of each distinct stage in
the testing protocols.
The outline of this report is as follows. Section 2 provides background information on the
typical mycotoxin measurement and testing protocols, along with a brief overview of the relevant
acceptance-sampling theory in this context. Section 3 considers certain additional topics, such as,
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sampling and measurement uncertainty, composite sampling, non-normal sampling distributions,
and risk-based criteria for acceptance-sampling methods; in our opinion, these topics are of considerable relevance for the further development of mycotoxin testing. Section 4 concludes with a few
observations on the implementation of mycotoxin testing programs.

2

Background

This section describes a typical set of protocols for mycotoxin testing, and discusses the relevant
acceptance-sampling theory in this context. Our emphasis here is on those aspects of the theory
that motivate the various topics considered further in Section 3. A broad framework for mycotoxin
testing is provided by the theory of sampling for bulk particulate materials [38, 44], which is concerned with the following two general issues: first, obtaining representative samples of the bulk
particulate material for the physical or analytical measurements, and second, identifying all sources
of uncertainty in the overall measurement accuracy.
A good overview of acceptance-sampling theory for characterizing bulk particulate materials
can be found in the papers by Duncan [11, 12, 13]. The specific case of mycotoxin testing within
this framework has also been described in several places, most notably in several papers by Whitaker
and co-authors [25, 26, 27, 46].
A wide range of applications in analytical testing [17] and microbiological testing [4] share the
important characteristic that the sample collection step is far less expensive and time-consuming,
when compared to the sample preparation and analytical measurement step. For this class of applications, therefore, it is costly and impractical to carry out a separate measurement for each individual
sample increment of bulk material, and as a practical alternative, the individual sample increments
are aggregated and blended into a single composite sample, which is then reduced and sub-sampled
for the analytical measurement. The use of sample composites in this way significantly reduces the
time and cost of testing, although it does not directly provide an estimate for the intra-lot sampling
variability, which is required for implementing an acceptance-sampling protocol.

2.1

Overview of Measurement Protocols

Figure 1 is a schematic of the different stages involved in mycotoxin testing for a food-stock lot
such as a truck load of shelled corn. The three stages depicted here are, respectively, stage I – the
collection of sample increments from the bulk material to form a sample aggregate; stage II – the
homogenization and reduction of the resulting sample aggregate; and stage III – the sub-sampling
and analytical measurement step. The exact details of each stage will depend on several factors,
including the specific mycotoxin being tested, the nature, size and storage format of the food-stock
lot, and the time, cost and accuracy requirements of the analytical measurement protocols.
In the bulk sampling stage, or Stage I, a representative aggregate sample is obtained by
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Sample
Preparation

Analytical
Testing

1Samples are obtained
from grain lots
(trucks,railroad cars, silos)
typically from 10-20
locations within each lot

1Aggregated samples are
passed through riddles and
sieves to remove dockage,
stones and foreign material

1Three sub-samples A, B
and C obtained from
comminuted sample

1Manual, mechanical or
robotic sampling is
performed using triers or
gravity-fill probes
1Grain lots are sampled by
covering the
horizontal/vertical
dimensions according to
recommended spatial
sampling patterns
1Samples are approx 10 to
20 kg after aggregation.

1Sample is ground, with
vacuum cleaning or
purging the grinder
between multiple grindings
to avoid crosscontamination in samples.

1A and B samples are
tested using ELISA at the
lot sampling site itself

1Ground and comminuted
sample is mixed thoroughly

1C sample is saved and
tested using HPLC if
required (offsite and
requires several hours to
days, but is the gold
standard)

1 Divider is used to
produce multiple subsamples of approx 100 gm
for analytical testing

1ELISA protocols from field
test locations are validated
against HPLC at least once
a year

Figure 1: Typical Set of Measurement Protocols for Mycotoxins

extracting individual sample increments that are roughly of sub-kilogram size from different spatial
locations within the food-stock lot. These individual sample increments are extracted using specialized sampling probes when the bulk material is stationary, or using continuous extractors when the
bulk material is being transferred; in either case, the resulting sample increments are chosen to be
representative of the bulk material in terms of the weight, composition and particulate strata. It is
often the case that the mycotoxin contamination may often be found in clumps and clusters, or preferentially segregated into certain particulate strata, rather than uniformly or randomly distributed
throughout the bulk material [23, 46]. This phenomenon is a result of the selective spread and
growth of the precursor fungal disease due to the local conditions of moisture infiltration and saturation within the bulk material, and the relative inability of certain constituents within the crop to
withstand the fungal infestation. As a result, in this case, many of the sample increments extracted
from the bulk material may have no measurable mycotoxin contamination, while a few sample
increments may have exceedingly high levels. The resulting increase in sample variability, which
is a consequence of the clumping and preferential segregation, may require many more sample
increments to be collected in order to obtain a satisfactory acceptance-sampling plan.
In the sample compositing stage, or Stage II, the aggregate sample obtained in Step I is blended
and homogenized, often using special-purpose machines which intersperse the grinding and milling
steps with frequent mixing and redistribution. In particular, the frequent mixing is needed to reduce
the variations that can arise due to the preferential segregation of the mycotoxin contaminant within
certain sieve grade components of the milled aggregate. For example, in one study [2], the finest
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grade of the milled sample, which contained a disproportionate fraction of the mycotoxin contaminant, tended to be retained as a residue that jammed the parts of the grinding device, thereby
resulting in large variations in the measured mycotoxin levels unless this residue was consistently
removed and well mixed into the final milled aggregate.
In the analytical measurement stage, or Stage III, a few sub-samples of roughly hundred grams
in size are obtained from the homogenized sample aggregate in Stage II, and certain extraction
and analytical techniques are used to measure the individual mycotoxin levels. Although omnibus
tests are not widely used, certain subclasses of mycotoxins have very similar characteristics and
may be jointly measured in a single test. A recent review [40] discusses many of the analytical
techniques used for mycotoxin measurement, such as Thin Layer Chromatography (TLC), HighPressure Liquid Chromatography (HPLC), and Enzyme-Linked Immunosorbent Assay (ELISA),
for which standardized protocols and certified testing kits are widely available. The most widelyused technique for onsite mycotoxin measurement is ELISA because of its speed and simplicity,
but the HPLC technique is often regarded by practitioners as the “gold standard” for calibration and
confirmatory testing.
Finally, based on these measurements, certain decisions are made on whether the food-stock lot
should be accepted, rejected, or tested further. The simplest protocol, which is often the default in
food safety applications [24], is to reject the food-stock lot if even a single measurement exceeds
the maximum allowable limit. However, this approach ignores the totality of the distribution of the
measurement values, which can be very useful for carefully estimating and reducing the acceptancesampling risks, as described in detail in Section 2.2. In fact, the uncertainty and distribution of the
measurement values plays a key role in the acceptance-sampling theory, and a careful review of
the relevant protocols may often suggest appropriate, cost-effective approaches for reducing this
uncertainty; these approaches may include the use of multiple aggregate samples, more sample
increments per aggregate sample, more careful compositing, homogenization and reduction of the
aggregate samples, replication of the various steps in the measurement protocols, and frequent calibration and confirmatory testing of the onsite measurement techniques.

2.2

Overview of Acceptance Sampling

In industrial quality testing, acceptance-sampling methods are typically used when exhaustive
testing is not possible due to excessive time and cost, and because the sampled contents may be
rendered unusable by the testing process itself [41]. In these situations, the accept/reject decision
on the lot quality must be made after only testing a small fraction of the lot contents. The tacit
assumption is that the lot contents have the same origin and provenance, and that a statisticallyrepresentative sample is chosen for quality testing.
The performance of an acceptance-sampling plan is given by its operating characteristic (OC)
curve, which is shown schematically in Figure 2. Typically, the acceptance-sampling plan is chosen
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THE OPERATING CHARACTERISTIC CURVE

Lot Acceptance Probability
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Type I error prob. (1)

A – Accept Quality Limit (AQL)
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Figure 2: Schematic Operating Characteristic Curve

to provide a fixed performance at two specific values of the lot quality variable (we assume here
without loss of generality that large values of this variable correspond to poorer quality); viz., a
lower value denoted by A, for which the lot should be accepted with some high probability (1 − α),
and an upper value denoted by R, for which the lot should be rejected with some high probability
(1 − β) (with α + β ≤ 1). These two values A and R are referred to as the “acceptable quality
level” (or AQL), and the “rejectable quality level” (or RQL), respectively. Similarly, α is referred
to as the “producer’s risk” which is the probability that a lot at the AQL will be rejected by the
sampling plan, while β is referred to as the “consumer’s risk,” which is the probability that a lot at
the RQL will be accepted by the sampling plan. The special case A = R often arises in practice, for
which the acceptance sampling plan should ideally lead to an OC curve that drops sharply at A = R;
however, since α + β = 1 in this case, it is not possible to simultaneously reduce the producer’s and
consumer’s risk independently.
The remaining discussion in this section is limited to a a single-stage, non-rectified, acceptancesampling plan (in the terminology of [41]). For mycotoxin testing applications, we can assume that
the size of the aggregated sample increments is very small relative to the bulk material in the foodstock lot, so that the removal of the sampled material has no impact on the size and composition of
the remaining bulk material. Further, we initially assume that the analytical measurements are separately performed for each individual sample increment, since the standard acceptance-sampling
theory primarily deals with this case (this assumption is clearly not appropriate for mycotoxin
testing, where sample compositing is ubiquitous and essential).
Acceptance sampling plans fall into two broad categories [41], viz., attributes sampling (AS)
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which are typically used when only qualitative measurement outcomes are available (e.g., whether
or not the measurement exceeds a reference value), and variables sampling (VS) which are typically
used for quantitative measurement outcomes (e.g., the actual magnitudes of the measurements). The
AS and VS plans are both relevant for mycotoxin testing, however, the VS plans make relatively
more efficient use of the measurement data when the pre-requisites and assumptions are valid; since
this is invariably the case, only the VS plans are considered in further detail here.
The basic theory for the VS plans as described below, requires that the individual sampleincrement measurements Yi are independent random variables that follow a normal distribution
Yi ∼ N (µ, σ2 ). This assumption may appear stringent, but in many cases, a preliminary transformation of the measurement data is often sufficient to induce normality. For instance, the Box-Cox
family of transformations defined by
(
(ξ)
Yi

=

ξ

(Yi − 1)/ξ
logYi

ξ 6= 0,
ξ = 0,

(1)

which includes the log and power-law transformations as special cases, are widely used for this purpose. Many statistical packages provide routines for obtaining the maximum-likelihood estimates of
the Box-Cox parameter ξ in (1), and for evaluating the normality of the resulting transformed variable (e.g., by examining Quantile-Quantile plots of the transformed variable on a normal probability
graph).
For the VS plan, the measurements Yi for some n independent sample increments are taken,
and the sample increment mean and variance are obtained as Ȳ = (1/n) ∑ni=1 Yi and S2 = ∑ni=1 (Yi −
Ȳ 2 )/(n − 1) respectively. The lot is considered to be of acceptable quality if Ȳ + kS < U with respect
to the specified threshold value U, for some value k. We only consider the case where U is a specified
upper threshold value, since this is the relevant case for mycotoxin testing. Suitable values for (n, k),
which define the VS plan, can be obtained by specifying the desired performance criteria for the
corresponding OC curve. Let θ = P(Yi > U), where 0 < θ < 1 is the exceedance probability with
√
respect to the threshold value U (note that since Yi ∼ N (µ, σ2 ), we have 2θ = erfc((U − µ)/ 2σ)
in terms of the complementary error function). The lot acceptance probability based on the sample
increment measurements Yi is then given by P(accept) ≡ P(Ȳ + kS < U), as shown schematically in
Figure 3, with reference to the distributions of Yi and Ȳ respectively.
From sampling theory for the normal distribution [41], it is well known that the random variable
√
Z = n(Ȳ − µ)/σ has a standard normal distribution Z ∼ N (0, 1), and the random variable V =
(n − 1)S2 /σ2 has a Chi-squared distribution with n − 1 degrees of freedom V ∼ χ2n−1 . Furthermore,
p
Z and V are independent random variables, for any real value δ, the ratio t = (Z + δ)/ V /(n − 1)
is a random variable with a non-central t-distribution t ∼ T (n − 1, δ) with n − 1 degrees of freedom
and non-centrality parameter δ, whose corresponding cumulative distribution function is given by
√
FT (x; n − 1, δ). Letting z1−θ = 2erf−1 (1 − 2θ) denote the quantile function for the standard normal
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Y
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Figure 3: Schematic for Variables Sampling
distribution expressed in terms of the inverse error function, we specifically consider the case δ =
√
√
− nz1−θ for which t ∼ T (n − 1, − nz1−θ ).
√
The acceptance probability for the OC curve is then given by P(Ȳ + kS < U) = P(t < −k n) ≡
√
√
FT (−k n; n − 1, − nz1−θ ). The appropriate values for (n, k) for a VS plan consistent with the producers’s risk (α, θA ), and consumer’s risk (β, θB ) respectively, can then be obtained by noting that
the AQL θA is the exceedance probability for which the probability that the lot should be accepted
is greater than 1 − α, and the RQL θB > θA is the exceedance probability for which the probability
that the lot should be accepted is less than β. Thus, given specific values for (α, θA , β, θR ), suitable
values for n and k for the appropriate VS plan can be evaluated from the two conditions,
√
√
FT (−k n; n − 1, − nz1−θR ) < β,
√
√
FT (−k n; n − 1, − nz1−θA ) > 1 − α.

(2)
(3)

The required quantile functions for the non-central t-distribution are available in several statistical
software packages (some packages only consider the case δ ≥ 0, in which case (2)–(3) can be
rewritten using the identity FT (−t; n−1, −δ) = 1−FT (t; n−1, δ), which follows from the symmetry
properties of the non-central t-distribution).
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The theory described here for the OC curve of a VS sampling plan has other useful applications
to mycotoxin testing as well. For example, it is possible to specify tolerance bounds for the quantiles
of the normal distribution N (µ, σ) from which the n samples Yi are taken. Note that if µ and σ are
known, then the 1 − θ quantile is given by U = µ + z1−θ σ, where z1−θ is the quantile function for
the unit normal distribution. In practice, µ and σ are unknown, but tolerance bounds for U can be
obtained in terms of the sample mean Ȳ and standard deviation S in the form Ȳ +k1−θ S. For instance,
the quantity Ȳ + k1−θ S is a lower bound to the quantile U with confidence level 1 − α, where k1−θ is
√
√
obtained from FT (−k1−θ n; n − 1, − nz1−θ ) = 1 − α. Similarly, from the symmetry of the normal
distribution, it can be seen that Ȳ + k1−θ S is a upper bound to the quantile U with confidence level
√
√
1 − α, where k1−θ is obtained from FT (k1−θ n; n − 1, − nzθ ) = 1 − α. For mycotoxin testing, it
is possible to specify suitable values for α and θ, and based on the sample measurements Yi , obtain
these tolerance bounds for U, which may be of considerable interest for evaluating the food safety
risks.

3

Topics in Mycotoxin Testing

In this section, we consider four topics that are of considerable relevance to the further development
of the theory and practice of mycotoxin testing in food-stock lots. These topics are briefly introduced
here, and subsequently discussed in greater detail in the individual subsections.
First, the basic acceptance-sampling theory for the VS plans assumes that the individual sampleincrement measurements are independent and identically distributed. However, in practice, there
may be biases and correlations between the sample increments due to spatial, temporal and batch
effects. Furthermore, it is often necessary to distinguish the contribution of each individual step to
the overall variability of the sampling and measurement protocols. A given acceptance-sampling
plan may no longer be appropriate when different analytical measurement techniques are used, or
when there are variations in the equipment, processes and human expertise across testing sites. For
example, an increase in the measurement uncertainty will shift the OC curve for a given acceptancesampling plan so as to increase the producer’s risk at the AQL [31, 32]. The correlation structure of
the sample measurements, and the absolute and relative magnitudes of the sampling and measurement errors are therefore important considerations for the specification of the acceptance sampling
plan.
Second, as noted in Section 2.1, the sample preparation and analytical measurement steps in
mycotoxin testing are invariably more expensive and time-consuming compared to the sampleincrement collection step. Therefore, since the individual measurement of each sample increment
is quite impractical, a composite sample is prepared by aggregating the individual sample increments, and the resulting aggregate is then homogenized, and finally, one or more sub-samples are
taken from this aggregate for the analytical measurement. This compositing process is equivalent
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to a “physical averaging” of the individual sample increments, and provides the same information
on the sample mean as would have been obtained by averaging the individual analytical measurements on the distinct sample increments. However, after compositing it is no longer possible to
estimate the sample variance required for the VS plan in Section 2.2; furthermore, this physical
averaging process also introduces an additional source of uncertainty in the overall measurement
process which must be quantified.
Third, the assumption that the sample-increment measurements are normally distributed is often
not valid, and although the normality-inducing tranformations described in Section 2.2 can be used
to develop the appropriate acceptance sampling plans, there are certain situations where it may be
necessary to directly account for the non-normality of the individual sample increments. As a case in
point, in the presence of clumping and stratification effects for the mycotoxin contamination in the
food-stock lot, many of the individual sample increments will have no contamination at all, while
a few remaining sample increments will have a positive-valued distribution of the contamination.
This bi-modal, non-negative and non-normal distribution for the sample-increment measurements
impacts the acceptance-sampling plan in a fundamental way, since the theory for obtaining the OC
curves for the VS plans in Section 2.2 is no longer directly applicable.
Fourth, in mycotoxin testing applications it is often difficult to sharply demarcate the transition
between acceptable and unacceptable values of the the mycotoxin levels, even below the designated
or regulatory threshold. Rather, there is a range of values over which the mycotoxin levels become
progressively unacceptable, and in such cases, it is useful to define an intermediate “marginally
acceptable” category. For example, in the VS plan, it may be desirable to introduce two threshold
values – an upper value U2 above which any measurements Yi are considered unacceptable, and a
lower value U1 < U2 with any measurements Yi between U1 and U2 considered marginally acceptable. The introduction of a marginally-acceptable range of values for Yi leads to acceptance sampling plans that are also suitable for other food-safety applications [24] besides mycotoxin testing,
where an additional level of control is often necessary to ensure the usual consumer’s risk, while at
the same time, precluding even the smallest possibility of accepting a food-stock lot with the quality
variable significantly exceeding the RQL.
The four topics outlined above are discussed in much greater detail below.

3.1

Uncertainty Quantification

In general, the mycotoxin level measurements obtained using the protocols in Section 2.1 will differ
from the actual mean level in the food-stock lot, due to the presence of systematic biases and random
errors in the various steps of the measurement process. An estimate of the various biases and the
overall measurement uncertainty is therefore desirable in order to ensure that the measurements are
sufficiently reliable and accurate, and in order to evaluate and manage the acceptance-sampling risk.
More specifically, the quantification of measurement uncertainty has a two-fold objective: first,
11

FIXED AND RANDOM EFFECTS IN MYCOTOXIN MEASUREMENT

BULK SAMPLING METHODOLOGY

SAMPLE PREPARATION METHODOLOGY

ANALYTICAL METHODOLOGY

ELISA

HPLC

Origin of Crop in Food Stock
Harvest and Storage Conditions
Moisture and Starch Content
Specific Gravity
Visible Signs of Crop Trauma
Insect Damage
Discoloration and Stains
Musty Odor
Excessive Dockage and Breakage
Analytic tests for Fungal Precursors
Sample Collection Patterns
Bulk versus Segmented Lots
Manual versus Automatic Sampling
Segregation and Stratification
Sample Increment Size and number
Compositing Technique
Grinding and Milling Time
Laboratory-specific Sample Preparation
Choice of Analytical Methodology
Laboratory-specific test calibration
Technician training and expertise
Instrument Sensitivity and Errors

Figure 4: Fixed and Random Effects in Mycotoxin Measurement

to identify the relative contributions of the different sources of variability to the overall measurement
uncertainty, and second, to evaluate the impact of this uncertainty on the acceptance-sampling plans,
given the specification of the desired producer’s risk and consumer’s risk.
In particular, the relative magnitudes of the different sources of uncertainty in the measurement
process can be used to identify the specific process steps that have the greatest potential for reducing
the overall measurement uncertainty. It should be kept in mind that the cost and time for any
additional testing to reduce the measurement uncertainty, may be quite different in the sampling,
sample preparation and analytical measurement stages of the measurement process.
Figure 4 provides a schematic of the mycotoxin measurement process, and lists some of the
fixed and random effects covariates that can be used to model the mycotoxin measurement data.
The consideration of the fixed effects is taken up in greater detail in Section 3.2. From the acceptance sampling perspective, the primary interest is in the random effects associated with the bulk
and composite sampling process, the sub-sampling and sample preparation, and the analytical measurement steps, which are responsible for the intra-lot variability, and thereby, directly impact the
performance and risk of the acceptance sampling plan for individual food-stock lots.
The quantification of measurement uncertainty for an abstract measurement system is described
in [17], and a discussion that is specialized to applications involving microbiological methods is
described in [4]. These references are concerned with two basic approaches, as described below.
The first approach, termed the “bottom-up” or “modeling” approach, uses a model-based specification to characterize the uncertainty at each step of the measurement protocols (this process can
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be formalized using methods such as Ishikawa diagrams, e.g., [41]). Subsequently, the individual
uncertainties can be combined across these steps, for example, using independence assumptions,
to obtain the overall measurement uncertainty. Some of these individual steps, particularly the
laboratory-based analytical methodologies have been extensively studied, and therefore their uncertainty characterization is well known, while other steps, such as the sampling step or the compositing
step, may be much less studied and less well characterized. A framework for the identification and
modeling of the various steps in the measurement protocols can be carried out using the “error
mechanism” classification described in the theory of bulk sampling (e.g., [38, 44]).
The second approach, termed the “top-down” or “empirical” approach, is based on analyzing
the measurements obtained with a suitable experimental design that is chosen to identify the systematic biases and random variations at the various stages in the measurement process (this design
could possibly also include measurements obtained at different testing sites and laboratories, or
using multiple, different protocols and techniques). A careful experimental design, which may
include the use of replication in various steps of the measurement process, will make it possible to
obtain measurement data sets that can be analysed by analysis-of-variance (ANOVA) techniques,
in order to estimate the relevant contributions of the individual variance components to the overall
measurement uncertainty.
Our focus is primarily on this latter “top-down” approach for the characterization of sampling
and measurement uncertainty. The analysis that is required in this case can be simply illustrated
for the case of a single food-stock lot with a mean mycotoxin level µ, with the following model
that is based on a nested experimental design in which Yi jk denotes the measured value from the
k’th analytical measurement on the the j’th sub-sample from the i’th sample increment. Then µ =
E(Yi jk ), where
Yi jk = µ + αi + βi j + εi jk ,
with i = 1, . . . , I, j = 1, . . . , Ji and k = 1, . . . Ki j . Here N = ∑Ii Ni ,

(4)
K

Ni = ∑Jji ∑k i j N jk , where N is the

total number of measurements. Similarly, αi denotes the sampling variability in the i’th sample, βi j
denotes the sub-sampling variability in the j’th nested subsample, and εi jk denotes the measurement
variability in the k’th nested analytical measurement. The individual variability terms are assumed
to be independent random variables with zero mean and constant variance across the levels, i.e.,
Var(αi ) = σ2α , Var(βi j ) = Var(βi j ) = σ2β and Var(εi jk ) = Var(εi jk ) = σ2ε respectively. Then Yi jk ∼

N (µ, σY ), and from the independence assumptions in (4), it follows that the overall measurement
variance σY2 = E(Yi jk − µ)2 = σ2α + σ2β + σ2ε . This model may also be used with composite samples
instead of sample increments, although the compositing procedure should be such that an identical
number of sample-increments is used for all the composite samples under consideration. However,
in Section 3.2, the model in (4) is further generalized to also include non-uniform effects in the
compositing step.
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The respective variance components in (4) can be estimated by a nested ANOVA procedure
using measurement data obtained from a suitable experimental design. A balanced design would
require Ji = J, Ki j = K, but it may be impractical to obtain the data for such a design, particularly given the costs of obtaining a large number of measurements, and given the vagaries of the
data collection process which may lead to missing measurements in the original balanced design.
Therefore, an unbalanced design is invariably used in the data analysis step, with sufficient measurement coverage at each level of the nested hierarchy in order to perform the variance components
estimation while keeping the data collection costs manageable. However, the balanced design is
advantageous, since with the additonal assumption that random effects are all normally distributed,
i.e., αi ∼ N (0, σ2α ), βi j ∼ N (0, σ2β ) and εi jk ∼ N (0, σ2ε ), the significance tests for the variance component estimates can be carried out using the F-test (the details of the estimation procedure, and
the differences in the ANOVA procedures for balanced versus unbalanced designs are discussed for
example in [39]).
A special case of the model in (4) can be used to evaluate the batch effects in the sample increments for VS plans. These batch effects may arise because the food-stock lot itself may be provided
in a segmented form (e.g., bins, bags and truck-loads), with only a small number of batches being
selected for further sampling. In this case, the samples may exhibit significant within-batch correlation, which should be taken into account in the application of the VS plans in Section 2.2. This
situation can be modeled in (4) by omitting the term involving εi jk , e.g., so that Yi j = µ + αi + βi j ,
with the within-class correlation denoted by ρ = σ2β /(σ2α + σ2β ). It can be seen that when ρ = 1, so
that the between-batch variance is negligible and the individual measurements are essentially independent with Yi j ∼ N (µ, σβ ), the sample size is effectively N. On the other hand, when ρ = 0, the
individual measurements within each batch are essentially redundant so that Yi j ∼ N (µ, σα ) and the
effective sample size is I. The impact of the within-class correlation ρ on the acceptance-sampling
criterion in the VS plans, and in particular on the one-sided tolerance limits in Section 2.2, has been
analysed using the notion of an “effective sample size” for each ρ, whose values interpolate between
the two limits I for ρ = 0, and N for ρ = 1 [43].
An example of an unbalanced nested design is shown schematically in Figure 5. This design can
be used to estimate the required variance components, and more accurate estimates may be obtained
by increasing the replication of measurements at each level in this design. In addition, any bias due
to calibration differences in the analytical measurement techniques (e.g., ELISA and HPLC) can
also be estimated from this design.
One approach for quantifying the measurement uncertainty is through spiking experiments, such
as the one described in [2], where a fungal outbreak of penicillium verrucosum was incubated in a
barley consignment for a period of several weeks, leading to levels of Ochratoxin A in the lot that
exceeded 20 ppb. The experimental design for the measurement analysis was primarily intended
in this case to examine the effect of manual versus automatic sampling methods, and independent
14

Nested Unbalanced Design for Identifying Variance Components
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Notation: B-Bulk, S-Composite Sample, P-Homogenized Sample,
A-Analytical Sample, E - ELISA, H-HPLC

Figure 5: Schematic for Unbalanced Nested Design for Variance Components Estimation

sample increments were obtained using both techniques. In either case, the sample increments
were combined into 8 separate composite aggregates, and for each aggregate the subsequent sample
preparation and the analytic measurement steps were replicated. The results were analysed to estimate the variance components using a robust ANOVA procedure [17], with the overall uncertainty
range estimated to be 0-42 ppb for manual sampling, and 12-28 for automatic sampling. This
study showed that automatic-sampling techniques reduced the measurement errors attributable to
the sampling, and unexpectedly, as a consequence the overall uncertainty was then dominated by
the analytical measurement step. Although spiking experiments are useful for providing estimates
for the relevant variance components in the mycotoxin measurement process, the experiments are
difficult to carry out, and the mycotoxin contamination process under these controlled conditions
may not be directly comparable to that encountered in the field.
An experimental design that can be used to obtain the variance components for measurements
on the same lot across different sites is described in [35], and is based on the fact that the mycotoxin
testing is also sometimes performed when a food-stock lot leaves a delivery facility, in addition to
the usual case when the lot arrives at a receiving facility. Therefore, it often makes sense for these
two facilities to exchange their sub-sampled fractions from the same lot, so that their respective
measurements can be mutually calibrated and verified. This design is illustrated schematically in
Figure 6, and the resulting analysis can be used to determine any location bias, and to determine the
relevant variance components in the measurement process.
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Nested Crossed Design for Collaborative Analysis with Suppliers
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Figure 6: Schematic for Crossed/Nested Design for Variance Components Estimation

3.2

Composite Sampling

In mycotoxin testing, as in many other analytical testing applications, the cost for acquiring an
individual sample increment is small, while the cost of an individual analytical measurement is
high. Therefore, mycotoxin testing protocols often incorporate composite sampling, in which the
individual sample-increments obtained from the food-stock lots are aggregated, homogenized and
sub-sampled for the analytical measurement. The compositing process may be regarded as equivalent to physical averaging of the individual sample increments. The resulting composite sample
estimate for the mean mycotoxin level is equivalent to separately averaging the measurements from
the individual sample increments. Although this composite sample estimate is obtained at a far
reduced cost, there are several trade-offs to be considered. First, there is the loss in precision whenever the measurement error is of the same order as the sampling error, so that using the composite
sample measurement can lead to increased risks in the acceptance-sampling protocols. Second, the
distribution of the individual sample-increment measurements is no longer available to estimate the
sample variance, which is required for implementing a VS plan for acceptance sampling. Third,
it is no longer possible to include the relationship between the individual sample-increment measurements and other auxiliary variables, such the spatial locations from which the respective sample
increments were extracted, making it difficult to identify the spatial correlation structures and “hot
spots” within the food-stock lot.
However, with some modifications to the basic composite sampling procedure, to a large extent
many of these limitations can be removed while retaining the benefit of the reduction in measurement costs.
For example, even though the use of the VS plan for acceptance sampling is no longer straightforward when compositing is used, in practice, the required variance estimates can be recovered
from multiple, independent composite samples [8, 12], in order to implement a suitable VS plan.
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Figure 7: Schematic of Linear Mixed-Effects Model for Composite Sampling

The relevant statistical theory for bulk sampling using composite samples is covered from an acceptance sampling perspective in [5, 41], and the estimation of compositing and measurement errors
using techniques based on mixed effects models is described in [11, 29, 15].
An additional source of variability in composite sampling arises from the fact that, despite best
efforts, the size of each individual sample increment in the aggregated composite may not be identical, and furthermore, even when the sizes are identical, the composite sample may be imperfectly
blended, so that any sub-sampled measurement aliquots will contain dissimilar proportions and
contributions from the individual sample increments. In either case, the resulting sub-sample that is
taken for measurement may be regarded as a weighted combination of the individual sample increments, with the weights also being regarded as random variables. The use of random weights is a
novel aspect of the theory of composite sampling, and the relevant mathematical developments can
be found, for example, in [16].
Recent developments in composite sampling are described in the monograph [37], in which a
principled approach based on linear mixed-effects models is described, which can incorporate all the
sources of variability described in Figure 4. Using this approach, any fixed effects associated with
the individual sample increments can be modeled and estimated simultaneously with the estimation
of the variance components for the bulk sampling, compositing and sub-sampling, and the analytical
measurement stages respectively.
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This mixed-effects model can be written in the following hierarchical form
y = W x +εε,

(5)

α,
x = µ +α

(6)

Rγ ,
µ = F β +R

(7)

where y ∈ Rn is the vector of composite sample measurements, W ∈ Rn×m and x ∈ Rm are the weight
matrix for the composite sample and the vector of unknown sample-increment measurement values
α ∈ Rm respectively denote the population
respectively, ε ∈ Rn is the measurement error, and µ ,α
mean and sampling error for the individual sample increments respectively. In turn, the population
mean µ depends on certain fixed and random effects, where F ∈ Rm×p and β ∈ R p denote the
design matrix and parameters for the fixed effects, and R ∈ Rm×q and γ ∈ Rq denote the design
matrix and parameters for the random effects. Here, α , γ and ε are mutually-independent random
Σγ ,Σ
Σε respectively. The entries of W may be deterministic,
vectors with mean zero and variance Σα ,Σ
or may be random when it is necessary to take into account the variability of the compositing
process as described above. In either case, W ∈ Rn×m has unit row sums W 1 = 1 , and the row
wn respectively, with the j’th entry of w i being zero if the
vectors of W are denoted by w 1 , . . . ,w
corresponding individual sample increment is not a part of the i’th composite sample. In the random
wi ) = ω i , Var(w
wi ) = Σω i and Cov(w
wi ,w
w j ) = Γw iw j for i 6= j, and we note that ω Ti 1 = 1 and
case, E(w
that (0,11) is an eigenvalue-eigenvector pair for Σω i and Γwiw j .
In [37] the motivation for the model in (5)–(7) is given as follows. The unobserved sampleincrement measurements are given by the sampling distribution with mean µ and sampling variance
Σα where the population mean µ in turn depends on certain fixed effects (e.g., supplier identity,
measured moisture content, or visible damage indicators) represented by F and certain random
effects (e.g., food-stock lot identifier, originating supplier identifier) represented by R ; the relevant
data for modeling these fixed and random effects is either part of the auxiliary data, or is easily
obtained from simple measurements. Furthermore, the composite sample measurement y is assumed
to be some weighted combination of the individual sample increments, with added measurement
variance Σε .
By eliminating the unobserved quantities in (5)–(7), we obtain
W b +εε.
y = X β +W

(8)

Z = W ,bb = Rγ +α
α (note that E(bb) = 0, Var(bb) = R T Σγ R +Σ
Σα ), so that when W is a
where X = W F ,Z
fixed matrix, this form is equivalent to the well-known Laird-Ware representation for mixed-effects
models, and can be fitted using standard statistical procedures available in several software packages
(including the lmer package in R [3]).
The formulation in (5)–(7) can be applied to fairly general experimental designs such as those
shown in Figure 7. The simplest case is when the sample composite comprises of a single sample
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increment; in this case, the model is equivalent to (4). The relevant estimation methods and examples based on this methodology will be described in future work.

3.3

Non-Normal Distributions and Variables Sampling

In this section, we consider the impact of non-normality in the distribution of the sample increment measurements on the design of VS plans for acceptance sampling in mycotoxin testing. In
particular, we consider the compound Poisson-Gamma distribution, which has previously been
used in the literature to model the distribution of composite sample measurements for mycotoxin
levels [23, 26, 46], however, as shown below, this distribution can also be used to model the distribution of mycotoxin levels in the individual sample-increment itself.
More generally, we consider the random variable S = Y1 + Y2 + . . . + YN , N ≥ 0, where Yi and
N are independent random variables, and the individual Yi are identical random variables which are
conditionally independent given N. The support of Yi is the positive real axis, while the support of
N is the set of non-negative integers. The random variable S can be used to model the mycotoxin
level in a sample increment, since N can be regarded as the number of contaminated grain kernels
in a sample increment, and Yi can be regarded as the non-zero mycotoxin level in a contaminated
grain kernel.
The explicit form of the density function for the compound Poisson-Gamma distribution can
now be obtained by making specific distributional assumptions about the random variables N and
Yi . If N ∼ Po(λ) is a Poisson random variable with parameter λ, the cumulant function of S is then
given by
KS (t) = log E(etS ) = λeKYi (t) − 1,

(9)

from which we obtain
Var(S) = λ[(E(Yi ))2 + Var(Yi )].

E(S) = λE(Yi ),

(10)

Furthermore, if we assume that Yi ∼ Ga(α, β) is a Gamma random variate, then
Var(S) = λα(α + 1)/β2 .

E(S) = λα/β,

(11)

From (11), it can be seen that the random variable S ∼ Tw p (µ, φ) is a Tweedie distribution of
degree p [28], with Var(S) = φ(E(S)) p where 1 < p < 2, and in terms of the parameters of the
underlying distributions, we have
p=

α+2
,
α+1

µ=

λα
,
β

φ=

λ1−p (α/β)2−p
,
2− p

(12)

and conversely,
α=

2− p
,
p−1

β=

1
,
φ(p − 1)µ p−1

λ=

µ2−p
.
φ(2 − p)

(13)
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The explicit form of the density function corresponding to (9) can be obtained by noting that
e−λ λn (n)
pYi (y),
∑
n=0 n!
∞

pS (y) =

(14)
(0)

(n)

(1)

where pYi (y) is the density function of the n-fold convolution of pYi (y), with pYi (y) = 1, pYi (y) =
pYi (y), and
(k)
pYi (y)

Z

=

(k−1)

pYi

(y − x)pYi (x)dx,

(15)

in which the integral is taken over the range of Yi .
These convolutions can be explicitly evaluated in the case of the Poisson-Gamma distribution,
where pYi (y) in (14) is the Ga(α, β) density function, by noting that

α
β
KYi (t) = log
,
β−t

(16)

so that for Yi ∼ Ga(α, β), we have

KY1 +...+Yn (t) = log

β
β−t

nα
,

(17)

(n)

since pYi (y) is the Ga(nα, β) distribution. Therefore, noting that
1
λβ =
α
α



1+α
φ

1+α
,

(18)

we obtain

pS (y) =

e−λ ,
if y = 0,
e−(λ+βy) y−1 ∑∞
W
,
if
y > 0,
n=1 n

where
(1 + α)1+α yα
Wn (y) =
αφ1+α


n

1
.
n!Γ(nα)

(19)

(20)

An important aspect of the compound Poisson-Gamma distribution for modeling the sampleincrement measurements, is that it is closed under convolution in an important special case, i.e., if
S1 ∼ Tw p (µ, φ) and S2 ∼ Tw p (µ, φ), then the random variable 1/2(S1 + S2 ) ∼ Tw p (µ, φ/2). This
property also applies to weighted sums, i.e., if Si ∼ Tw p (µ, φ/ωi ), then setting ω = ∑ni=1 ωi , the
random variable S = (1/ω) ∑ni=1 ωi Si ∼ Tw p (µ, φ/ω). Therefore, if the individual sample increment measurements follow identical Tweedie distributions, then the composite sample obtained by
combining these sample increments will also follow a Tweedie distribution [23, 26, 46].
The maximum-likelihood estimation requires the evaluation of the density function for PoissonGamma distribution, as well as the derivatives of this density function with respect to the parameters to be estimated. This evaluation can be carried out either by direct summation of the infinite
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series in the explicit form of the density function in (19)–(20), or by numerical evaluation of the
Fourier inversion integral for the characteristic function in (17), which makes it possible to carry
out the required maximum-likelihood computations using standard statistical packages [14]. This
methodology provides several advantages over alternative methods such as the method of moments
used in [23, 26] for fitting compound Poisson-Gamma distributions to mycotoxin measurements,
since in particular it can be extended to incorporate covariate effects (e.g., using Generalized Linear
Models [28]). The estimation of mixed-effects covariates, and the inclusion of composite-sampling
variance components, has been well studied for the case of the normal distribution as described in
Sections 3.1–3.2, and the extension of this theory to the compound Poisson-Gamma distribution
would be of considerable relevance for mycotoxin testing applications.
The density function for the compound Poisson-Gamma distribution is shown fitted to measurement data obtained from an experiment in which 9 trucks from a given supplier were sampled
and measured on the same day using composite samples with 10 sample increments. The resulting
model fitted using maximum-likelihood, had values µ = 4.542857, φ = 2.454988, p = 1.524490 for
the Tweedie parameters. The resulting density function is shown in Figure 8, along with the corresponding density functions that would be obtained for composite samples with 20, 40 and 50 sample
increments respectively. These distributions show significant non-normal behavior, and therefore,
particularly for low mean concentrations and a small number of sample increments, the assumption
of a normal distribution for the composite sample measurements does not appear to be justified.
The development of VS plans for acceptance sampling relies crucially on the assumption of a
normal distribution for the sample-increment measurements, as described in Section 2.2. It is known
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that the use of the normality assumption, when it is not justified, leads to an under-estimation of the
acceptance-sampling risk. The extension of the theory for VS plans to non-normal distributions
has been widely studied. For example, the modifications required for taking into account the skewness and kurtosis in a non-normal sampling distribution is considered in [45]. An extension of VS
plans to the case of the Inverse Gaussian distribution (which is a special case of a Tweedie distribution with p = 3) has been considered in [1, 9]. A similar extension to the specific case of
the compound Poisson-Gamma distribution would be of considerable interest and relevance to the
mycotoxin testing problem.

3.4

Marginal Quality in Variables Sampling

In mycotoxin testing, there is often a regulatory or advisory upper threshold value U above which
the sample-increment measurement Yi would be considered unacceptable. However, even below
this threshold, moderate values of Yi may raise quality concerns that might warrant further measurements, whereas larger values of Yi may reflect serious and unacceptable food-safety concerns
leading to possible retesting and and rejection of the food-stock lot.
These practical concerns, which arise when the measured mycotoxin levels are close to the
threshold value U, involve measurements that may be regarded as marginal or inconclusive, but the
additional sampling and retesting of the lot which is invariably carried out, may be performed in an
ad hoc manner without a formal acceptance-sampling justification.
The standard 2-class or single-threshold VS plans described in Section 2.2 are quite inadequate
for addressing the marginal quality issue, since these plans do not have a “soft” upper threshold.
Although 3-class plans have been developed for this purpose, and are widely used in other foodsafety testing applications [6, 33], they are less frequently used for mycotoxin testing.
These 3-class plans have many of the familiar requirements and properties of the equivalent
2-class plans. For instance, the 3-class VS plan requires the measurements to follow a normal
distribution (possibly after a preliminary normality-inducing transformation), as discussed in Section 2.2. However, the 3-class VS plans, by virtue of incorporating marginal quality measurements
in the acceptance sampling plan, provide greater flexibility for controlling the risk characteristics
of the VS plan. To illustrate this, note that for a specified upper threshold U, there are an infinite
number of distributions for measurements Yi ∼ N (µ, σ) for different sets of parameters (µ, σ) that
have the same exceedance probability θ = P(Yi > U). The 2-class VS plans for all these distributions
would be identical, but their risk profiles would be quite different, as illustrated by the following
example given by [33], which describes a quality variable whose log-transformed measurements
are normally distributed, with two possible parameter sets (µ1 = 4, σ1 = 1) and (µ2 = 2, σ2 = 3).
The two distributions have the same exceedance probabilities with respect to the upper threshold
value U = 5, which are denoted by θ1 ≈ 0.17 and θ2 ≈ 0.17 respectively. But changing the upper
threshold value to U = 7 results in the exceedance probabilities θ1 ≈ 0.0013 and θ2 ≈ 0.048 respec22
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Figure 9: Schematic for 3-Class Variables Sampling plan

tively. In this situation, the 2-class plans with U = 5 may not provide risk protection for very large
values of the quality variable exceeding U = 7, whereas the 3-class plans make it possible to control
the risk at each of these threshold values, as described below.
Another situation where 3-class sampling plans are of considerable interest is when the
incoming food-stock lots have been classified into groups, say by supplier type. If the mycotoxin
level measurements for a particular group are consistently close to the threshold value, then additional testing may be warranted for this group, with careful attention to the risks involved. For
instance, the food-safety risk from this supplier may be low, but there may be a long-term market
and business downside from the poor retail quality of the accepted food-stock lots. It is difficult
to address this marginal quality issue using a 2-class VS plan, even though ad hoc approaches
involving retesting of marginal food-stock lots are often used in this situation.
In addition to the acceptance-sampling plans being based on the mycotoxin level measurements,
a variety of other factors may also be incorporated into a composite score for the assessment of
marginal quality. For example, it may often be useful to sample and test for the precursor toxicogenic fungi and fungal spores, for which the microbiological tests can be carried out with high
specificity and sensitivity [7] (although, however, the absence of a toxicogenic precursor fungus is
no guarantee of low levels of mycotoxin contamination in a food-stock lot). The ability to include
these other measurements as part of a marginal quality criterion is another advantage for the specification of the 3-class VS plan.
In order to obtain the OC curves for the 3-class VS plan, let U1 and U2 > U1 denote the two upper
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threshold values corresponding to the marginal and unacceptable quality measurements respectively,
and let by θ1 = P(Yi > U1 ) and θ2 = P(Yi > U1 ) < θ1 denote the corresponding exceedance probabilities respectively (see Figure 9). The sample mean Ȳ and standard deviation S are obtained as
described in Section 2.2 for a sample of size n. The acceptance probability in this case is then given
by
√
√
P(Ȳ − k1 S < U1 and Ȳ − k2 S < U2 |θ1 , θ2 ) = P(t1 < −k1 n and t2 < −k2 n|θ1 , θ2 ),

(21)

p
where, for i = 1, 2, ti = (Z + δi )/ V /(n − 1) ∼ Tn−1,δi are random variables with a non-central
√
t-distribution with n − 1 degrees of freedom and non-centrality parameter δi = − nzθi , with zθi
being the quantile function for the standard normal distribution corresponding to the cumulative
probability 1 − θi . The acceptance probability in (21) can be evaluated from the joint distribution
of t1 and t2 which is a special case of a bivariate non-central t-distribution derived from a bivariate
normal distribution with correlation 1 (see (22) below).
Suitable values for the three unknowns (n, k1 , k2 ) in the 3-class VS plan can be obtained by
specifying the acceptance probability for the OC curve at three points. One possibility is to choose
two of these points to have the same producer’s and consumer’s risk as the equivalent 2-class plan,
i.e., for θ1 = θA , θ2 −→ 0+ , where θA is sufficiently small, this acceptance probability should be
some value 1 − α for small α so that the lot is accepted with high probability; similarly, with
θ1 = θR , θ2 −→ 0+ where θR > θA is sufficiently large, the acceptance probability should be some
small value β, so that the lot is rejected with high probability. Finally, if θ1 −→ θC , θ2 = θC where
θC is sufficiently large, the acceptance probability should be some small value γ; in general θC < θB ,
which implies that even a moderately high exceedance probability for unacceptable quality should
immediately lead to the lot rejection irrespective of the magnitude of the exceedance probabilities
for the marginal quality.
Then, in this case, the required conditions for the OC curve can be written in the form
(i) P(accept|θ1 = θA , θ2 −→ 0+ ) > 1 − α, (ii) P(accept|θ1 = θR , θ2 −→ 0+ ) < β, and (iii)
P(accept|θ1 −→ θC+ , θ2 = θC ) < γ. Therefore, given specific values for θA , θR , θC , α, β, γ, the quantities (n, k1 , k2 ) can be determined from these three conditions. In fact, in this special case, the
conditions (i) and (ii) are the same as that for the 2-class variables plan so that the relevant methods
for that case can be used to obtain (n, k1 ) independently from k2 ; subsequently, the value for k2
consistent with condition (iii) can be obtained in a separate step, again using methods similar to that
for the 2-class variables plan for fixed n.
Aside from the special case described above, the general case for 3-class plans can be developed,
which require the coupled evaluation of three specified conditions (similar to (i), (ii) and (iii) above)
in order to determine suitable values for (n, k1 , k2 ). This, in turn, requires the evaluation of the
acceptance probability in (21), for which an explicit integral representation is given in [36, 33];
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setting f = n − 1, this representation takes the form
P(t1 < δ1 and t2 < δ2 |θ1 , θ2 ) =

2
Γ( f /2)

Z ∞
0

2

F (x, δ1 , δ2 , θ1 , θ2 )x f −1 e−x d x,

(22)

where
p

p

F (x, δ1 , δ2 , θ1 , θ2 ) = Φ(t1 x 2/ f − θ1 )I[x≤R] (x) + Φ(t2 x 2/ f − θ2 )I[x>R] (x),

(23)

with Φ denoting the distribution function for the unit normal, I denoting the indicator function, and
p
(θ1 − θ2 ) f /2
.
(24)
R=
(δ1 − δ2 )
A series expansion of (22) in terms of elementary functions is given in [36, 33], but a straightforward
numerical procedure using generalized Gauss-Hermite quadrature for (22) can be used to evaluate
the relevant acceptance probabilities (after extending the integrand as an even function to negative
values of x, and changing the range of integration in (22) to the entire real axis). This evaluation can
then be used to obtain suitable (n, k1 , k2 ) for 3-class VS sampling plans with specified performance
criteria. As discussed extensively above, these plans are of considerable interest in applications that
incorporate marginal quality considerations.

4

Summary

We have introduced certain topics that are of considerable relevance for the further development of
the theory and practice of mycotoxin testing in the food-processing industry. These topics include:
the quantification of sampling and measurement uncertainty, the analysis of composite sampling
protocols, the study of non-normal sampling distributions for the quality variable, and the incorporation of marginal quality criteria and risk measures in variables sampling plans.
The implementation and enhancement of mycotoxin testing protocols at food-processing facilities requires a strong cross-functional and cross-organization consensus between all stakeholders,
including food-stock suppliers, process quality teams, product manufacturing teams and plant management. In addition, it requires good familiarity with the recommedations and advisories provided
by external entities such as industry groups, and national and international regulatory bodies.
From the perspective of a food-processing manufacturer, some of the considerations that arise
in implementing continuous improvement in the mycotoxin testing programs are as follows:
1. Mycotoxin testing is often carried out across multiple sites within an organization, including
sites which may be located in different states, countries and even continents. The nature of
the incoming food-stock lots, and the specific testing protocols and performance criteria at
these sites, may vary considerably, and these aspects should be carefully considered in the
evaluation and improvement of mycotoxin testing programs across the entire organization.
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2. Periodic site audits of the mycotoxin testing programs are highly desirable, and the evaluation
criteria should be customized to the specific site requirements (for example, at certain sites,
the incoming food-stock lots may be segmented into bags and bushels, which would require
alternative procedures for sampling and analysis that take into account the contribution of the
inter-segment variations to the overall measurement uncertainty).
3. A partnership with the long-term suppliers including individual farmers, farmer co-operatives
and grain storage and elevator companies, is highly desirable. This would enable the mycotoxin testing to be performed at an earlier stage in the supply chain, leading to more effective
problem isolation and corrective action. Furthermore, such a partnership would promote collaborative practices such as the exchange of samples and sample measurements, which will
contribute to the consistency, fairness and efficacy of the mycotoxin testing program.
4. A periodic review and evaluation of the analytical methodologies should be carried out to
incorporate new techniques that may reduce the time and cost, and improve measurement accuracy. However, careful consideration should be given to the trade-offs that may be involved.
For instance, certain omnibus measurement techiques may simplify the testing for multiple
mycotoxins, but the specificity of the test results for the individual mycotoxins may be potentially reduced, leading to increased risks in the existing acceptance-sampling protocols.
5. A formal communication process should be implemented for the various stakeholders in the
mycotoxin testing program; these stakeholders include, the management (to define the business goals of the mycotoxin testing process); the research team (to design the testing and
sampling plans keeping in mind the business needs and program costs); the testing team (to
execute the appropriate lot sampling and sample preparation procedures and onsite measurements); and, the laboratory team (to standardize and calibrate the onsite measurements, and to
ensure timeliness in performing the confirmatory and gold-standard measurements).
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