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ABSTRACT
Classical single sampling plans (SSPs) are designed assuming that product units sampled from a lot are inspected by one inspector,
in the absence or presence of inspection errors. The scenario becomes more complicated when SSPs are applied assuming that
multiple inspectors operate in parallel on the same sample, as occasionally required in high-value-added or highly customized
industries (e.g., aerospace, defence, luxury goods, etc.). Current literature lacks a rigorous formulation of operating characteristic
(OC) curves for SSPs involvingmultiple inspectors,who independently performconformity assessments on the sameproduct units.
This paper addresses this gap by extending classical OC-curve theory to scenarios involvingmultiple inspectors, each characterized
by distinct individual error rates (i.e., probabilities of misclassifying conforming units as defective ones and vice versa). The
resulting analytical models are flexible enough to incorporate alternative aggregation criteria and sequences for consolidating
individual inspectors’ conformity assessments into an overall lot-disposition decision. Both hypergeometric (Type-A) and binomial
(Type-B) formulations of the multiple-inspector OC curve are presented. Results show that in the absence of inspection errors, the
multiple-inspector OC curve converges to the classical single-inspector curve. Moreover, aggregation criteria may significantly
influence the OC-curve shape: a majority aggregation criterion yields robust OC curves, even under moderate to high error
rates, whereas an unanimity criterion produces excessively severe OC curves, unless inspection errors are very low. Overall, the
proposed analytical framework enables a realistic design of SSPs, particularly beneficial for sectors demanding highly reliable
inspections.

1 Introduction

Multiple-inspector sampling plans are conformity assessments
in which individual product units of a sample—drawn from
a production lot—undergo parallel, independent inspection by
multiple inspectors [1–3]. In this scenario, the same sample units
are inspected in turn by the multiple inspectors, who work in a

blind mode—that is, without knowing the assessments given by
the others. The presence of redundant inspections on the same
sample units might appear, at first glance, as a possible waste of
resources; however, such inspections are justified by the need for
consistent verification in many high value-added, high-reliability
and high-customization contexts, for example, in the aerospace,
defence, nuclear, haute couture or luxury sector [4].
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Laboratory experiments show that human redundancy (e.g.,
sequential inspections by two operators) may significantly
improve defect detection in low‑prevalence visual tasks, com-
mon in safety‑critical domains, such as medical imaging and
pharmaceutical inspection [5]. Similarly, industrial research
demonstrates that two inspectors independently classifying the
same unit under a ‘two‑reject’ rule detect more defects than
one inspector alone, while preserving acceptable false‑defect
rates [6]. In aerospace and defence manufacturing, redundant
visual and dimensional inspections are standard practice for
safety‑critical parts like turbine blades or avionics assemblies,
where undetected defects could be catastrophic [7]. In luxury
manufacturing, multi‑inspector schemes are applied to ensure
flawless appearance and function in high‑value products, such
as haute couture garments or fine watchmaking, where brand
reputation relies on perfect quality [8].

Inspections—particularly manual inspections, when lots
undergo frequent changes in terms of product type, as in the case
of relatively limited supplies of highly customized products—are
inevitably subject to variability among inspectors (in terms of
experience, training, level of concentration, etc.). In such a
scenario, the use of parallel and redundant inspections allows to
mitigate the inherent subjectivity and increase alignment among
inspectors [9]. Second, the presence of multiple independent
assessments on the same product units provides insights into the
internal consistency and uniformity of inspection procedures,
as well as the performance of each inspector. This highlights
potential misalignments among inspectors in their respective
conformity assessments, suggesting corrective action or ad hoc
training interventions [8].

Although 100% inspection of the entire lot can be assumed, in
many practical contexts it is preferable to limit inspection to a
sample drawn from the lot, for both economic and technical
reasons [10, 11]. It should also be considered that a 100% inspec-
tion by a single ‘misaligned’ (e.g., inexperienced) inspector could
pose greater risks than redundant (thus more robust) inspections
conducted on only part of the lot, but by multiple independent
inspectors [8, 12].

The scientific literature describes a variety of schemes for imple-
menting sampling plans, which are summarised in the literature
review in Section 2. In this paper, explicit reference is made
to single sampling plans (SSPs) by attributes, which represent
the most basic and widespread scheme [11]. In summary, a SSP
is characterized by two main parameters: sample size (n) and
acceptance/rejection number (c). After extracting a sample of
n units from a lot (of N units), the number d of defective (or
nonconforming) units is counted: if d≤ c the entire lot is accepted
(pass), otherwise it is rejected (fail) [10, 11]. Such sampling plans
are also codified in international standards such as ISO/DIS 2859-
1:2025 [13], although they traditionally assume a single inspector
who does not make inspection errors.

In practice, when conformity assessments are not entirely
objective—due to the presence of inherently subjective
elements—each inspector may commit two primary types
of errors: (i) false conforming, where defective units misclassified
as conforming, and (ii) false defective, where conforming units are
misclassified as defective. As a result, the fraction nonconforming

FIGURE 1 Conceptual scheme illustrating a conformity-
assessment matrix with two possible aggregation sequences for
transforming its content into a final LDD for the whole lot. The
aggregation can be performed either first by rows then by column, (a)→
(b) → (d), represented by grey arrows, or first by columns then by row,
(a) → (c) → (d), represented by white arrows (adapted from [8]). The
final LDD outcome may differ based on the aggregation sequence and
the specific column-wise aggregation criteria.

(also referred to as fraction defective, percent defective or
defectiveness) resulting from the inspections carried out by each
inspector—which we henceforth refer to as ‘apparent’1—may
differ from the ‘true’ one [14, 15].

At the operational level, the results of parallel multiple-inspector
inspections can be organized in a conformity-assessment matrix,
as shown in Figure 1 (1). Each row corresponds to an i-th inspector
(i1, i2, . . . , im), each column to a j-th sample unit (u1, u2, . . . , un);
each cell reports the outcome: ‘✓’ (conforming) or ‘✗’ (defective)
of the conformity assessment of the j-th sample unit by the i-th
inspector.

A final lot-disposition decision (LDD) of pass/fail for the entire
lot must be derived from that matrix. There are many possible
aggregation approaches. For example, each inspector can first
determine a local LDD of pass/fail (row by row) and then the
various local LDDs are combined into a single global LDD
(aggregating by column). Alternatively, for each sample unit,
the local conformity assessments can first be merged into a
single global assessment (column-wise aggregation) and then
the resulting unit-level assessments can be consolidated into
one global pass/fail LDD for the entire lot (aggregation by
row) [1, 8, 16]. A recent paper [8] exemplified some of these
techniques and proposed a diagnostic indicator—Gwet’s kappa
(𝜅𝐺)—to assess the level of agreement (or disagreement) among
inspectors.

The scientific literature provides a variety of operating-
characteristic curves (OC curves) for sampling plans, which
implicitly consider a single-inspector with no inspection errors:
these OC curves express the probability of lot acceptance (Pa) as a
function of the lot defectiveness (p) [11, 13]. OC curves are crucial
tools for assessing the so-called discriminatory power of a specific
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sampling plan, also understood as severity from the supplier’s
point of view, and level of protection, from the customer’s point
of view [10, 11, 17]. The choice of the most appropriate sampling
plan—determined by the selection of the relevant n and c
parameters, so as to meet the needs of the parties involved
(typically supplier and customer, as mentioned above)—always
goes through the construction of the corresponding OC curve2.
However, when shifting to multiple-inspector plans with possible
inspection errors, the construction of OC curves becomes much
more complex, for at least two reasons: (i) sequences and criteria
of aggregation of multiple-inspector conformity assessments
need to be taken into account, and (ii) the inspection errors of
each inspector (e.g., probabilities of classifying ‘false conforming’
and ‘false defective’ units) need to be modelled.

Although there are a few studies in the literature on error-prone
inspections [11, 18–20], they generally focus on single inspectors
and do not formalize the construction of OC curves in the
multiple-inspector case. In practice, this leads to a significant gap,
because companies operating with multiple parallel inspections
often continue to use OC curves from single-inspector sampling
plans and without considering inspection errors, as if there
were only one ‘infallible’ inspector. This creates a discrepancy
between the actual procedures adopted and the quantitative tools
to analyse them.

The main objective of this paper is to fill this gap, by proposing
a rigorous formalization of the construction of OC curves for
multiple-inspector SSPs in the presence of inspection errors.
In particular, it aims to answer the three following research
questions:

RQ1: What analytical model extends the classic definition of OC
curves to the multiple-inspector context, incorporating the
different propensity of each inspector to commit errors?

RQ2: To what extent do the multiple-inspector OC curves differ
from the ‘ideal’ ones (with single inspector and no inspec-
tion errors) and how do the related parameters affect their
shape and discriminatory power?

RQ3: Which configurations of sequences and criteria for aggrega-
tion are best in ensuring an effective and easily manageable
multiple-inspector sampling plan?

The rest of the article is structured into five sections. Section 2
provides a concise review of the scientific literature concerning
the approaches for modelling sampling plans in the presence
of multiple inspectors and inspection errors. Section 3 formally
defines the basic structure of multiple-inspector sampling plan
and corresponding parameters. Section 4 develops new analytical
models for the construction of the OC curves, analyzing several
possible sequences and criteria for aggregation. The formulation
of the new analytical models is considerably more complex than
in the ‘ideal’ case, since both the errors of individual inspec-
tors and the ways in which the multiple-inspector conformity
assessments are aggregated must be taken into account [21].
Section 5 provides numerical examples of OC-curve construction,
discussing their practical implications. The conclusions summa-
rize contributions of originality, application aspects, limitations,
and possible lines of future development. Finally, the appendix
contains additional material detailing the previous analysis.

2 Literature Review

Acceptance sampling plans have been developed in various
configurations, including single, double, sequential and skip-
lot plans, each balancing inspection effort and risks [11]. For
example, double sampling plans allow a second sample when the
first sample results are inconclusive, improving efficiency at high
quality levels [22]. Fully sequential plans inspect units one by
one, making acceptance/rejection decisions as soon as enough
evidence is collected, often minimizing the average sample size
[23]. Skip-lot plans further reduce inspection by occasionally
skipping lot inspections once a supplier has a demonstrated
history of good quality, thereby lowering costs while maintaining
overall protection through periodic sampling [12, 24, 25].

Traditional acceptance sampling theory and standards (e.g., MIL-
STD and ISO 2859) assume perfect inspections—that is, every
defective unit in the sample is detected and no conforming unit is
falsely rejected—underwhich these plans can achieve the desired
producer’s and consumer’s risk points [13]. In practice, however,
human or device inspectors are subject tomisclassification errors,
and inspection errors can significantly degrade the performance
of acceptance sampling. An inspector may erroneously classify a
conforming unit as defective or overlook a truly defective unit,
analogous to Type-I and Type-II errors in hypothesis testing.
These errors have long been recognized to flatten the OC curve
and reduce the discriminatory power of sampling plans [26]. In
other words, a plan under imperfect inspection will accept bad
lots more often and reject good lots more often than predicted by
the ‘ideal’ OC curve, in the absence of inspection errors.

Researchers have incorporated such inspection error probabilities
into acceptance sampling models to evaluate their impact on lot
acceptance criteria and to adjust plan parameters for mitigating
risks. For instance, models have been proposed to optimize
sampling plans economically by accounting for the costs of
false decisions due to inspector errors. Overall, the literature
confirms that even modest error rates can significantly affect
key performance metrics (e.g., supplier and customer risk),
underscoring the importance of considering inspector accuracy
in plan design [26]. One approach to improve the reliability of
inspections, especially for critical applications, is to employ mul-
tiple inspectors (or repeated inspections) for the same units. By
having multiple inspectors independently examine each sampled
unit, the chance that a defect goes undetected is reduced, and
likewise the chance of wrongly scrapping a conforming unit
can be minimized through cross-verification. Multiple-inspector
sampling plans (also known as multiple inspection or repeated
screening procedures) have been shown to enhance detection
accuracy at the cost of additional inspection effort [27]. For exam-
ple, expensive or safety-critical components (such as microchips
or aerospace parts) are often subjected to repeated inspections to
ensure that the probability of an undetected defect is extremely
low [27]. Franceschini et al. [8] explore the problemof aggregating
the assessments of multiple inspectors in an acceptance sampling
context, highlighting how to combine individual inspection
results into a final lot disposition decision. Early analyses of
multiple-inspector scenarios suggest that agreement rules (e.g.,
requiring consensus or majority votes) will affect the composite
OC curve of the plan. This emerging body of work on multiple-
inspector plans extends the classic acceptance sampling theory by
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explicitly accounting for inspector-to-inspector redundancy and
inconsistency.

It is important to clarify that the multi-inspector scenario in this
study is different from the problem of multiple hypothesis tests
on different attributes of the same unit. In the latter domain—a
distinct branch of the literature—one conducts multiple statis-
tical tests on various quality characteristics of a unit or lot,
often requiring specialized error control procedures.Metrics such
as the family-wise error rate (FWER) and false discovery rate
(FDR) have been developed to manage the overall Type-I error in
such multiple-testing situations [28–30]. These methods ensure,
for example, that if ten independent features of a product are
tested, the chances of any false defect signal or the proportion
of false defect signals can be controlled across all tests. However,
those approaches assume different tests or inspection criteria
per unit and aim to avoid spurious rejections when examining
numerous attributes simultaneously. In our context, by contrast,
all inspectors are performing homologous checks for the same
defect criterion on each unit—effectively repeating the same test
multiple times to improve its accuracy. Thus, concepts like FDR
and FWER are not directly applicable here, except by analogy.

The focus of the present research is on how multiple identical
inspections (by human inspectors or test devices) can be com-
bined to influence the OC curve and risks of an acceptance
sampling plan. This fills a gap in the acceptance sampling
literature: while single-inspector plans with inspection errors
are well studied, comprehensive characterization of OC curves
for multiple-inspector sampling plans has remained scarce. Our
contribution builds on the above streams of research by deriving
the OC curve for multiple-inspector plans with inspector errors
and examining how inspector redundancy can restore or enhance
the discriminatory power of acceptance sampling.

Finally, some authors have proposed modelling inspector
behaviour through latent variables, such as in structural equation
models (SEM) or latent class frameworks. These approaches are
suitable when the true status of inspected units is unobserved,
and inspector accuracy must be inferred from data [31]. In
the present study, however, we assume known or empirically
estimated error rates for each inspector (cf., Section 3.2), which
allows for a direct analytical formulation. As such, latent
modelling was considered unnecessary given our data and goals.
Nonetheless, SEMapproachesmay prove valuable in future inves-
tigations involving richer datasets or scenarioswhere both inspec-
tor reliability and unit truth must be simultaneously inferred.

3 Problem Formalization

This section recalls the configuration of an ‘ideal’ SSP for
attributes without inspection errors and illustrates its extension
to themultiple-inspector case, where each inspector is potentially
prone to inspection errors.

3.1 ‘Ideal’ SSPWith a Single Inspector Without
Inspection Errors

Let us consider a lot consisting of N product units, characterised
by a certain defectiveness (or fraction nonconforming) p=D/N,D

being the number of defective elements in the entire lot. A sample
of size n is extracted from the lot, intended for inspection by a
single inspector, using a classical SSP and assuming no inspection
errors. The aim of the inspection is to determine whether the
whole lot should be accepted or rejected, based on the following
two-step rule (i.e., the same SSP’s LDD recalled in Section 1):

1. the number of defectives (d) in the sample is determined
through inspection;

2. if d ≤ c, where c is the acceptance/rejection number, the
whole lot is accepted (pass); otherwise, it is rejected (fail).

The choice of parameters (n, c) can be made directly, through
targeted statistical risk analyses for the parties involved (supplier
and customer), or indirectly, following established international
standards such as ISO/DIS 2859-1:2025 [11, 13].

For lots of finite size (N) and in the absence of inspection errors,
the OC curve of a SSP can be constructed using the formula based
on the hypergeometric distribution [32]:

𝑃𝑎 = ℙ (𝑑 ≤ 𝑐) =
𝑐∑

𝑑=0
ℙ (𝑑) =

𝑐∑
𝑑=0

(
𝐷

𝑑

)(
𝑁 − 𝐷

𝑛 − 𝑑

)
(
𝑁

𝑛

) (1)

When n is much smaller than N (i.e., n << N or n/N ≤ 0.1), it is
common practice to approximate the termℙ(𝑑) in Equation (1)—
that is, the probability of detecting exactly d defectives among the
n sampled units—by replacing the hypergeometric distribution
with the binomial one [32]:

𝑃𝑎 = ℙ (𝑑 ≤ 𝑐) =
𝑐∑

𝑑=0
ℙ (𝑑) =

𝑐∑
𝑑=0

(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑 (2)

It can be noticed that the formula in Equation (2) does not take
into account the specific value of N, but simply assumes that the
condition n << N holds. Figure A1 (in Appendix A.1) contains an
example of OC curves for a sampling plan with parameters N =
15, n = 3 and c = 1. For the same sampling plan, we determined
both the OC curve based on the hypergeometric distribution
(Equation 1), also called Type-A OC curve, and the (approximate)
OC curve based on the binomial distribution (Equation 2), also
called Type-B OC curve.

3.2 Extension to Multiple Inspectors With
Inspection Errors

Compared to the ‘ideal’ SSP, two new elements are now
introduced: (i) the presence of several inspectors, m in total,
who individually and independently formulate their conformity
assessments on the same sample of n units drawn from the
lot, and (ii) the possibility that each inspector makes inspec-
tion errors. In particular, each i-th inspector (i = 1, 2, m) is
characterised by two error rates:

ai: probability of misclassifying as ‘defective’ (✗) a unit that is
truly conforming (‘false defective’). Consequently, (1 − ai) is
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the probability of (correctly) classifying as ‘conforming’ a unit
that is truly conforming.

bi: probability of misclassifying as ‘conforming’ (✓) a unit that is
truly defective (‘false conforming’). Accordingly, (1 − bi) is the
probability of (correctly) classifying as ‘defective’ a unit that is
truly defective.

The above two probabilities depend on the i-th inspector’s skills
for a certain type of product. They must be estimated empirically,
for example, through training sessions for the inspectors them-
selves, comparisons between different inspections, inspections
of training items whose actual defectiveness is known, and so
on3 [8].

3.3 Conformity-Assessments Matrix and
Aggregation

The results of multiple inspections can be summarised into the
conformity-assessment matrix (see Figure 1 (1)). The next step
is aggregating the conformity assessments (✓/✗) to obtain a
global pass/fail decision of the lot. This aggregation includes two
possible steps:

∙ Aggregation by row: the classical SSP’s LDD (cf. Section 3.1) is
applied row by row, leading to a (local) pass/fail decision.

∙ Aggregation by column: refers to local conformity assess-
ments on a single product unit, by different (m) inspectors,
to be aggregated into a global conformity assessment by
means of an appropriate column-wise aggregation criterion.
The most common column-wise aggregation criteria are
majority, according to which the inspected unit is deemed
conforming if a majority of the inspectors classify it as such,
and unanimity—or unanimous conformity [8]—according to
which the unit is deemed conforming only if all inspectors
classify it as such. More generally, a threshold rmay be intro-
duced on the minimum number of conformity assessments to
be able to classify the inspected unit as conforming.

The above aggregation steps can be combined in two possible
sequences [8]:

∙ Aggregation first by rows (then by column): a local pass/fail
LDD is determined for each inspector, using the classical
SSP’s LDD; the (m) local LDDs are then aggregated by
an appropriate column-wise aggregation criterion (e.g., by
majority) into a single global LDD. This aggregation sequence
is schematised in Figure 1 as (a)→ (b)→ (d), represented by
grey arrows.

∙ Aggregation first by columns (then by row): first the local
conformity assessments of individual inspectors are aggre-
gated with reference to the individual units of the sample,
resulting in corresponding global conformity assessments;
these column-wise aggregations can be performed by specific
criteria (e.g., majority or unanimity). The global conformity
assessments are then aggregated by means of the classical
SSP’s LDD, resulting in a single global LDD. This aggregation
sequence is schematized in Figure 1 as (a) → (c) → (da),
represented by white arrows.

The choice of column-wise aggregation criteria (e.g., majority vs.
unanimity) and aggregation sequences (e.g., first by rows or first
by columns) is often adopted empirically, based on established
practices or on choices of operational simplicity. However, as will
be seen in the next sections, such choices may have implications
on the OC curve and thus on the discriminatory power of the SSP.

4 Development of Analytical Models

This section develops analytical models for constructing the OC
curves of a multiple-inspector SSP with inspection errors. It is
structured into two subsections that develop the fundamental
analytical models for calculating the OC curve with reference
to the two aggregation sequences: (Section 4.1) first by rows and
(Section 4.2) first by columns.

Before going into the construction of specific analytical models,
it is helpful to recall the general problem. Let us consider a
lot of size N with a ‘true’ defectiveness p. A sample of size n,
containing d ‘truly’ defective units with probabilityℙ(𝑑), is drawn
from this lot. This probability can be calculated exactly using
the hypergeometric distribution or approximately, if n << N,
using the binomial distribution, as described in Equations (1)
and (2) [32]. Next, m inspectors are considered and, for each i-th
inspector, the two error rates defined in Section 3.2 are associated:
ai (probability of false defectives) and bi (probability of false
conforming units).

The scientific literature includes several contributions on SSPs in
the presence of inspection errors, in which the misclassification
behaviour of a hypothetical i-th inspector leads to the formulation
of an apparent-defectiveness rate (𝑝′

𝑖
), which distorts the ‘true’

defectiveness (p) through the ‘distorted lenses’ of the inspector’s
errors. This apparent defectiveness, specific to each i-th inspector
and dependent on his/her individual error rates ai and bi, is often
defined as [14, 33]:

𝑝′
𝑖
= (1 − 𝑏𝑖) ⋅ 𝑝 + 𝑎𝑖 ⋅ (1 − 𝑝) (3)

The first term at second member, (1 − 𝑏𝑖) ⋅ 𝑝, represents the
contribution of defective units that are correctly identified as
such, while the second term, 𝑎𝑖 ⋅ (1 − 𝑝), accounts for conforming
units misclassified as defective (i.e., false defectives) by the i-th
inspector.

This expression for 𝑝′
𝑖
can be substituted into the binomial

formula (cf., Equation 2, assuming condition n << N holds)
to estimate an acceptance probability under error-prone confor-
mity assessments, yielding a modified probability of acceptance,
denoted as 𝑃′𝑎𝑖 :

𝑃′𝑎𝑖 =
𝑐∑

𝑑=0

(
𝑛

𝑑

)
⋅
(
𝑝′
𝑖

)𝑑
⋅
(
1 − 𝑝′

𝑖

)𝑛−𝑑
(4)

The subscript ‘i’ in𝑃′𝑎𝑖 emphasizes that this acceptance probability
is specific to the i-th inspector and reflects his/her subjective
inspection errors; furthermore, the prime symbol (′) indicates
that this is an alternative acceptance probability, distinct from
the one (Pa, in Equation 2) computed under the assumption of
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no inspection errors. It is important to note, however, that this
approach is only applicable in the case of binomial (Type-B) OC
curves, not hypergeometric (Type-A) ones. We will return to this
formulation later to analyse its applicability to multiple-inspector
context.

4.1 Case of Aggregation Sequence First by Rows

Let us assume that there are d ‘true’ defectives and thus (n
− d) ‘true’ conforming units in the sample. The i-th inspector
will correctly classify 𝑘1 (‘true’) defectives as such, 𝑘1 being a
binomially distributed variable: 𝑘1 ∼ 𝐵𝑖𝑛(𝑑, 1 − 𝑏𝑖). On the other
hand, the same inspector will misclassify 𝑘2 (‘true’) conforming
units as ‘false’ defectives, 𝑘2 being a binomially distributed
variable: 𝑘2 ∼ 𝐵𝑖𝑛(𝑛 − 𝑑, 𝑎𝑖). As a result, the total number of units
classified as defective by the i-th inspector, k = k1 + k2, will follow
a distribution obtained from the convolution of the above two
binomial distributions [32, 34]. Specifically, the probability that
the i-th inspector classifies a total of k defectives (either ‘true’
and/or ‘false’) is:

𝑃𝑖 (𝑘|𝑑) = min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

[𝑃𝑖 (𝑘1 = 𝑗) ⋅ 𝑃𝑖 (𝑘2 = 𝑘 − 𝑗)]

𝑃𝑖 (𝑘|𝑑) = min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]

⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}
(5)

Let us focus on the extremes of the summation. The dummy
variable j indicates how many of the d ‘truly’ defective units are
correctly classified as defectives. Since, by definition, j cannot
exceed the number of ‘true’ defectives, it follows that j ≤ d.
Furthermore, the quantity (k – j) counts how many of the (n –
d) ‘true’ conforming units are misclassified as defective; thus the
additional constraint (k – j) ≤ (n – d) holds. Furthermore, neither
j nor (k – j) can be negative. All the above constraints result in: 0≤

j ≤ d and 0 ≤ (k – j) ≤ (n – d); in particular, the second condition
implies: j ≤ k and j ≥ k – (n – d). Combining these constraints,
explain the expressions j≤max[0, k – (n – d)], which corresponds
to the lower index of the summation, and j ≤ min(k, d), which
corresponds to the upper index of the summation in Equation (5).

The probability that the i-th inspector classifies no more than c
defectives out of n, that is, the probability that k ≤ c, is obtained
as:

𝑅𝑖 (𝑐, 𝑑, 𝑎𝑖, 𝑏𝑖) =
𝑐∑

𝑘=0
𝑃𝑖 (𝑘|𝑑) (6)

If it is desired that allm inspectors unanimously classify at least r
conforming units, the probability of this occurring is the product
of their respective terms Ri:

𝑚∏
𝑖=1

𝑅𝑖 (𝑐, 𝑑, 𝑎𝑖, 𝑏𝑖) (7)

Equation (7) assumes that the inspected sample contains exactly
d ‘truly’ defective units (as introduced at the beginning of this
subsection). To compute the general probability that all inspec-
tors classify nomore than c units as defective, the total probability
theorem must be applied [32]. Specifically, the weighted sum
of the terms in Equation (7) should be taken over all possible
realizations of d = 0, 1, . . . , n, using as weights the corresponding
probabilitiesℙ(𝑑)—that is, the probability that exactly d defective
units are present in the sample; these probabilities were previ-
ously introduced in Equations (1) and (2), depending on whether
the hypergeometric or binomial distribution is used:

𝑛∑
𝑑=0

{[
𝑚∏
𝑖=1

𝑅𝑖 (𝑐, 𝑑, 𝑎𝑖, 𝑏𝑖)

]
⋅ ℙ (𝑑)

}
(8)

In a more general form, if it is required that—not necessarily
unanimity—but at least q inspectors out ofm satisfy the condition
of classifying nomore than c defectives, it is necessary to sumover
all combinations of inspectors of cardinality s ≥ q that satisfy the
previous condition:

𝑛∑
𝑑=0

{
𝑚∑
𝑠=𝑞

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑅𝑖 (𝑐, 𝑑, 𝑎𝑖, 𝑏𝑖)

]

⋅

[∏
𝑖∉𝐴

(1 − 𝑅𝑖 (𝑐, 𝑑, 𝑎𝑖, 𝑏𝑖))

]}]
⋅ ℙ (𝑑)

}
(9)

s being the numerosity of the subset (A) of inspectors satisfying
the imposed condition and q being an imposed threshold for the
previous parameter. In order to define all possible combinations
in which q ≤ s ≤ m, a contingency table covering them should be
considered. For example, if we havem= 5 inspectors and set q= 3,

we have the
∑𝑚

𝑠=𝑞

(
𝑚

𝑠

)
= 10 + 5 + 1 = 16 possible combinations

shown in Table 1.

Two particularly important cases are: the one where q = m,
which determines the condition ofunanimity, where Equation (9)
reduces to Equation (8); the one where 𝑞 =

⌊
𝑚

2

⌋
+ 1, which

determines the condition ofmajority.

It is noted that the condition of classifying no more than c
defectives coincides with the SSP’s LDD at the local level of the
individual inspector. In this case, the expression in Equation (9)
would correspond precisely to the Pa for the multiple-inspector
sampling plan in the presence of inspection errors by the
individual inspectors.

Moreover, it is easily verified that if ai → 0 and bi → 0 ∀i, then the
possible values of the term 𝑅𝑖 (cf. Equation 6) are:

𝑅𝑖 (𝑐, 𝑑, 𝑎𝑖, 𝑏𝑖) →

{
0 if 𝑑 > 𝑐

1 if 𝑑 ≤ 𝑐
(10)

Consequently, the acceptance probabilities in Equations (8) and
(9) would coincide with that of an ‘ideal’ SSP with c, confirming
that, in the absence of errors, the multiple-inspector model falls
back to the ideal case. Thus, in this ideal condition, the number
of inspectors, the aggregation criterion (and even the sequence,
as we will see later on) has no effect on the OC curve, which
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TABLE 1 Example of a contingency table form = 5 inspectors, covering all possible combinations in which at least q = 3 inspectors fulfil a given
condition of interest. ‘Y’ and ‘N’ respectively indicate that the condition is fulfilled or not fulfilled for a certain inspector.

Inspector 1 Inspector 2 Inspector 3 Inspector 4 Inspector 5 s = |A|

Y Y Y N N 3
Y Y N Y N 3
Y Y N N Y 3
Y N Y Y N 3
Y N Y N Y 3
Y N N Y Y 3
N Y Y Y N 3
N Y Y N Y 3
N Y N Y Y 3
N N Y Y Y 3
Y Y Y Y N 4
Y Y Y N Y 4
Y Y N Y Y 4
Y N Y Y Y 4
N Y Y Y Y 4
Y Y Y Y Y 5

remains the same as in the ideal SSP. The complete formulae of
the acceptance probability as function of N, n, c,m, ai and bi (for
i = 1, . . . ,m) are provided in Appendices A.2.1–A.2.4.

We note that the model introduced so far employs a formalism
different from the one most widely used in the literature, which
is based on the concept of apparent defectiveness (𝑝′

𝑖
, c.f., the

beginning of Section 4). This raises a natural question: can the
approach based on the apparent defectiveness be adapted to
the multiple-inspector case? Conceptually, one might define a
(local) probability of acceptance (𝑃′𝑎𝑖 ) for each i-th inspector (cf.
Equation 4) and then aggregate these probabilities into a global
lot-acceptance probability. The following expression gives the
probability that at least q out of the m inspectors simultaneously
reach an acceptance decision:

𝑃′𝑎 =
∑

∀𝐴 | 𝑞 ≤ 𝑠 ≤ 𝑚

( ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑃′𝑎𝑖

]
⋅

[∏
𝑖∉𝐴

(
1 − 𝑃′𝑎𝑖

)]})
(11)

As previously discussed, the subset A refers to the s out of m
inspectors who perform a local LDD, with q being the imposed
threshold for the minimum number of such inspectors required.
Consistent with Equation (9), this model accommodates both
types of column-wise aggregation criteria: when q = m, the
condition corresponds to unanimity; when 𝑞 = ⌊𝑚

2
⌋ + 1, the

condition corresponds tomajority.

A primary limitation of the alternative analytical model in
Equation (11) is that it applies exclusively to Type-B OC curves,
as it relies on the binomial approximation under the assumption
that n ≪ N. But is this model truly consistent with the inspec-
tion scenario under consideration? Unfortunately, the answer is
negative. Themodel overlooks a fundamental aspect of the actual

setting—namely, that all m inspectors independently assess the
same sample of n product units. In contrast, the alternative
model implicitly assumes that each i-th inspector independently
inspects a different random sample of n units drawn from
the lot. Consequently, no constraint enforces that inspectors
share a common sample and the model effectively treats their
assessments as mutually independent. This assumption diverges
significantly from the practical scenario of interest, where all
inspectors must examine exactly the same set of sample units.

A counterexample further confirms the inadequacy of the alter-
nativemodel in Equation (11). In the ideal case with no inspection
errors (i.e., ai = bi = 0 ∀i), all inspectors would make identical
local LDDs and thus the global LDD—regardless of the column-
wise aggregation criterion used (majority or unanimity)—should
match that of the ‘ideal’ SSP, implying 𝑃′𝑎 = 𝑃𝑎. However, under
the alternative model in Equation (11), each inspectors’ local
acceptance probability equals 𝑃𝑎 (i.e., 𝑃′𝑎𝑖=𝑃𝑎 ∀i) and the global

probability becomes 𝑃′𝑎 =
∑𝑚

𝑞=𝑠

[(
𝑞

𝑚

)
⋅ 𝑃𝑎𝑞 ⋅ (1 − 𝑃𝑎)

𝑚−𝑞
]
≠ 𝑃𝑎.

4.2 Case of Aggregation Sequence First by
Columns

Let us consider the other aggregation sequence, in which the
(local) conformity assessments related to each individual sample
unit (reported in a specific j-th column of the assessment matrix,
cf. Figure 1 (1)) are first aggregated into a global conformity
assessment; subsequently, the n different global assessments are
aggregated by applying the SSP’s LDD.

Let us proceed with a ‘backward’ description, assuming that the
column-wise aggregation—to which we will return later—has
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been performed and that the aggregation by row of the global
conformity assessments (✓/✗) of each j-th unit must then be
performed. Assuming the sample consists of n units, of which
d are ‘true’ defective, the remaining (n – d) units will be ‘true’
conforming. The number k of units classified in global terms as
(‘true’ and/or ‘false’) defectives is—as seen in Section 4.1—given
by the sum of the number of ‘true’ defectives (𝑘1) and that of
‘false’ defectives (𝑘2). The probability that, at the level of global
conformity assessments, exactly k conforming units are identified
is given by:

𝑃 (𝑘|𝑑) = min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

[𝑃 (𝑘1 = 𝑗) ⋅ 𝑃 (𝑘2 = 𝑘 − 𝑗)] (12)

which corresponds to the convolution of the two binomial distri-
butions: 𝑘1 ∼ 𝐵𝑖𝑛(𝑑, 1 − 𝑏), that is, the distribution of the number
of ‘true’ defectives that are globally (and correctly) classified
as such, and 𝑘2 ∼ 𝐵𝑖𝑛(𝑛 − 𝑑, 𝑎), that is, the distribution of the
number of ‘true’ conforming units that are globally misclassified
as defectives. Thus, Equation (12) can be reformulated as:

𝑃 (𝑘|𝑑) = min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏)

𝑗
⋅ 𝑏𝑑−𝑗

]

⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎(𝑘−𝑗) ⋅ (1 − 𝑎)

(𝑛−𝑑)−(𝑘−𝑗)
]}

(13)

It can be seen that Equation (13) is almost identical to the second
formula in Equation (5), except for the two terms a and b, instead
of ai and bi, respectively. The term a depicts the probability of
misclassifying a conforming unit as ‘defective’ at a global level;
consequently, (1 − a) will be the probability of classifying a
conforming unit correctly. The term b depicts the probability of
misclassifying a defective unit as ‘conforming’ at a global level;
consequently, (1 − b) will be the probability of classifying the
defective unit correctly.

In order to obtain a global LDDof pass, resulting in the acceptance
of the entire lot, it is necessary that the defectives are k ≤ c.
The probability that the group of inspectors will classify no more
than c defectives out of n, in case the sample includes d (‘true’)
defective units is thus:

𝑐∑
𝑘=0

𝑃 (𝑘|𝑑) (14)

Finally, to construct the acceptance probability (Pa) over the
entire range d = 0, 1, . . . , n, the total probability theorem is again
used [32], obtaining:

𝑛∑
𝑑=0

{[
𝑐∑

𝑘=0
𝑃 (𝑘|𝑑)] ⋅ ℙ (𝑑)

}
(15)

where ℙ(𝑑) is the probability that the sample contains d ‘true’
defective units, based on the binomial or hypergeometric distri-
bution, depending on whether the condition n<<N is verified or
not (cf. Equations 1 and 2).

Let us now take a step back and return to the previously left-
out terms a and b of Equation (13). The term a represents

the aggregate probability that a ‘true’ conforming unit will be
misclassified as ‘defective’ at a global level, taking into account
the corresponding error probabilities (ai) at the (local) level
of individual inspectors. If the criterion of unanimity is used
for the column-wise aggregation of the inspectors’ local confor-
mity assessments, the probability that all m inspectors correctly
classify a given j-th unit as ‘conforming’ is:

𝑚∏
𝑖=1

(1 − 𝑎𝑖) = 1 − 𝑎 (16)

Note that the quantity at the second term (1− a) is the aggregated
probability that, after aggregating the inspectors’ local conformity
assessments by unanimity, the correct classification of the (true)
conforming unit as such will occur. From Equation (16), it can be
obtained:

𝑎 = 1 −
𝑚∏
𝑖=1

(1 − 𝑎𝑖) (17)

We note that aggregation by unanimity is rather stringent as it
results in a value of a systematically higher than the ai values of
the individual inspectors.

Let us now consider the more general case in which global
conformity is no longer determined by unanimity (which is a
very stringent condition) but if at least q out of m inspectors
classify the given unit as conforming. In this more general (and
less restrictive) condition, it follows:

𝑚∑
𝑠=𝑞

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

(1 − 𝑎𝑖)

]
⋅

(∏
𝑖∉𝐴

𝑎𝑖

)}]
= 1 − 𝑎

(18)
where A is the subset of s inspectors over m, which correctly
classify the (‘true’) conforming unit (cf. Equation 9). The specific
case of aggregation via the unanimity criterion would imply q =
m,A= {1, 2, . . . ,m}, s= |A|=m, causing Equation (18) to reduce to
Equation (16). In the specific case of aggregation by the majority
criterion, however, we have 𝑞 =

⌊
𝑚

2

⌋
+ 1.

Let us now focus on term b. If a unit is ‘truly’ defective, the i-th
inspector will have a probability (1 − bi) of correctly classifying
it as ‘defective’, and a probability bi of misclassifying it as
‘conforming’. If the unanimity aggregation criterion is adopted,
there would only be a global misclassification of the ‘truly’
defective unit as ‘conforming’ if all inspectors were wrong at the
same time. Such an event would have a probability:

𝑚∏
𝑖=1

𝑏𝑖 = 𝑏 (19)

By definition, the global probability b will tend to be very low
and certainly lower than the probability bi of the individual i-th
inspector.

Let us now consider the more general case in which global
conformity is determined no longer by unanimity but if at least
q out of m inspectors misclassify the unit of interest as being
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‘conforming’. In this condition, one has:

𝑚∑
𝑠=𝑞

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑏𝑖

]
⋅

[∏
𝑖∉𝐴

(1 − 𝑏𝑖)

]}]
= 𝑏 (20)

In the specific case of unanimity, where q = m, A = {1, 2, . . . , m},
s = |A| = m, Equation (20) reduces to Equation (19). In addition,
note that the case of no inspection errors by all inspectors—which
means ai = 0 and bi = 0 ∀i—determines a= 0 and b= 0, regardless
of whether the column-wise aggregation criterion by majority or
unanimity is applied. In this specific case, Equation (13) would
reduce to:

𝑃(𝑘|𝑑) = {
1, if 𝑘 = 𝑑

0, if 𝑘 ≠ 𝑑
(21)

Moreover, it follows that if d ≤ c, the entire lot is accepted
(probability 1); otherwise, it is rejected (probability 0). Under this
condition, Equation (15) would reduce to the Pa formula of an
‘ideal’ SSPwith parameters n and c, as shown in Equations (1) and
(2). This means that, in the absence of inspection errors, neither
the number of inspectors, nor the aggregation criterion, nor the
aggregation sequence have any effect on the OC curve, which
remains the same as the ‘ideal’ SSP.

Similar to the above, ℙ(𝑑) is the probability that the sample
actually contains d ‘true’ defective units, based on the binomial
or hypergeometric distribution, depending on the satisfaction of
the condition n << N (cf. Equations 1 and 2) [32]. The complete
formulae of Pa as function of N, n, c,m, ai and bi (for i = 1, . . . ,m)
are given in Appendices A.2.5–A.2.8.

At this point, it is worth exploring whether an alternative analyti-
cal approach—grounded in the concept of apparent defectiveness
(cf. the beginning of Section 4)—might serve as an approximation
to the rigorous model so far developed. Following this direction,
one could introduce global error rates (a and b), derived from the
aggregation of local inspector error rates (ai and bi), according to
the chosen column-wise criterion (majority or unanimity). These
global error rates, as defined in Equations (18) and (20), can
then be used to compute a (global) ‘apparent’ defectiveness (p″),
reflecting a distortion of the ‘true’ defectiveness p:

𝑝′′ = (1 − 𝑏) ⋅ 𝑝 + 𝑎 ⋅ (1 − 𝑝) (22)

The double-prime symbol (″) indicates that this apparent defec-
tiveness is distinct from the one previously defined for individual
inspectors (cf., 𝑝′

𝑖
in Equation 3). Furthermore, the absence

of the subscript ‘i’ implies that this apparent defectiveness is
defined at a global level, taking into account the aggregated
behaviour of all m inspectors. Substituting p″ into the classical
binomial acceptance formula (Equation 2) yields an approximate
acceptance probability (𝑃′′𝑎 ):

𝑃′′𝑎 =
𝑐∑

𝑑=0

(
𝑛

𝑑

)
⋅ (𝑝′′)

𝑑
⋅ (1 − 𝑝′′)

𝑛−𝑑 (23)

Numerical simulations confirm that, when ℙ(𝑑) is evaluated
with the binomial distribution, the model in Equation (23) yields
results virtually indistinguishable from those of Equation (15).
Accordingly, Equation (23) can be viewed as a simplified substi-

tute for themore rigorous Equation (15), although its applicability
is limited to Type-B OC curves.

It is worth noting that, while themodel in Equation (15) explicitly
accounts for the individual effects of ‘false conforming’ and ‘false
defective’ classifications (as driven by the corresponding error
rates), the approximated model in Equation (23) incorporates an
‘apparent’ defectiveness (𝑝′′), which already embeds both types
of errors. Despite these conceptual differences, the two analytical
approaches ultimately converge to equivalent results.

Next sections will provide some practical examples of OC-curve
construction, discussing how the choices of (i) the aggregation
sequence and (ii) the column-wise aggregation criterion can affect
the discriminatory power of the resulting multiple-inspector
sampling plan.

5 Examples of Construction of OC Curves

This section provides some practical examples of the construction
of OC curves for a multiple-inspector sampling plan in the pres-
ence of inspection errors, as well as a preliminary discussion of
the implications of different sequences and aggregation criteria.

Referring back to the example in Section 3, let us assume that a
haute-couture company receives from a supplier production lots
of N = 15 garments each. To perform the acceptance inspection,
a SSP is used with parameters n = 3 and c = 1, established
based on the AQL = 1.5% value chosen according to ISO/DIS
2859-1:2025 [13]. In the ‘ideal’ case of no inspection errors (and
single inspector), this SSP would result in the same Type-A OC
curve illustrated in Figure A1 (see Section 3.1). However, the
haute-couture context can be characterized by inspections with
inherently subjective features and non-infrequent inspection
errors, which suggest the involvement of five inspectors (m = 5)
to inspect the same garments in parallel. Consequently, the actual
OC curve of the plan (which includes multiple inspectors with
relevant inspection errors)may differ even considerably from that
of the original SSP.

Table 2 shows the profiles of five fictitious inspectors, each with
different levels of experience and corresponding propensities to
make errors. For each inspector, the error rates ai (probability of
‘false defectives’) and bi (probability of ‘false conforming’ units)
are reported for three scenarios of increasing error rates—low
(L),moderate (M), and high (H)—reflecting decreasing familiarity
with the items under inspection. In scenarios M and H, the
error rates are approximately 5 and 10 times higher, respectively,
than in scenario L, in order to emphasise the impact of severe
inspection errors. While scenarios L and M remain within
plausible ranges, scenario H employs deliberately inflated error
levels, in some cases reaching several tens of percent, to stress-
test the robustness of multiple-inspector sampling plans under
extreme error conditions.

5.1 Aggregation Sequence First by Rows

Consider the case where the content of the assessment matrix is
aggregated with a sequence first by rows (then by column). Using
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TABLE 2 Profiles and error rates (ai and bi) of five hypothetical inspectors (i1 to i5) across three scenarios: low (L) error rates, assuming that
inspectors have great familiarity with the inspected items,moderate (M) error rates, assuming that inspectors have partial familiarity with the inspected
items, and high (H) error rates, assuming that inspectors haveminimal familiarity with the inspected items. For the same scenario, themore experienced
inspectors (e.g., i1 and i2) tend to show lower error rates, whereas the less experienced inspectors (e.g., i3, i4 and i5) show significantly higher error rates.
Furthermore, the error rates in scenariosM and H are respectively five and ten times higher than in scenario L, for all inspectors.

ai bi
Inspector Profile L M H L M H

i1 i1 is an experienced inspector with a long career in
the haute-couture industry. i1 rarely makes mistakes,

thanks to a deep knowledge of materials and
production techniques.

1.2% 6% 12% 2.3% 11.5% 23%

i2 i2 is an expert with a keen eye for detail. i2 rarely
makes mistakes, due to an in-depth understanding
of the production process and conformity criteria.

1.7% 8.5% 17% 1.1% 5.5% 11%

i3 i3 has some experience in inspection but is not
entirely familiar with certain fabrics and complex
manufacturing processes. i3 tends to attribute some

false defects but is good at identifying actual
nonconformities.

6.0% 30% 60% 2.8% 14% 28%

i4 i4 is a novice and struggles to detect certain defects,
although tends to report nonconformities even

where there are none.

5.6% 28% 56% 8.4% 42% 84%

i5 i5 is the least experienced of the team and often fails
to identify the most hidden defects. Unfortunately,
insecurity not infrequently leads i5 to report false

defectives.

4.5% 22.5% 45% 8.9% 44.5% 89%

the inspectors’ error rates (Table 2) and imposing c = 1, Pa is
calculated as a function of p = D/N, based on the hypergeometric
distribution (Type-AOC curve). In particular, Equation (8) can be
used in the case of column-wise aggregation with the unanimity
criterion and Equation (9) in the case of column-wise aggregation
with the majority criterion. Figure 2 shows the resulting OC
curves for the above three error rate scenarios (L,M,H), compared
with the OC curve of the ‘ideal’ SSP (dashed line).

Let us first focus on the OC curves in the case of applying the
column-wise majority aggregation criterion (see the three upper
graphs in Figure 2). In scenario L, with relatively small errors,
the OC curve appears completely superimposed on that of the
‘ideal’ SSP. Even in scenario M, with medium to high errors,
a close proximity between the two OC curves is maintained.
In scenario H, with enormous error rates, the two OC curves
deviate more. In particular, for low p-values, ai-related errors
(propensity to classify false defectives) lead to some conforming
units being classified as defective, reducing the Pa (lower curve).
For high values of p, bi-related errors (propensity to classify ‘false’
conforming units) can generate an ‘upward’ effect on the curve,
partially reversing the typical monotonically decreasing trend. It
can be shown that, by taking the error rates to extremes, in the
limiting case where ai = bi = 100%, a curve complementary to the
‘ideal’ error-free OC curve would even be obtained (see Figure 3).

Let us now consider the OC curves in the case of applying
the column-wise unanimity aggregation criterion (cf., the three
graphs at the bottom of Figure 2). Apart from the L error-rates
scenario, in which the OC curve remains relatively close to that

in the case of no inspection errors, in the other scenarios the
OC curve drops dramatically, with low Pa values even at very
small p values. This suggests that aggregation by unanimity is
unduly severe in the presence of non-negligible inspection errors.
This aggregation criterionmay therefore only be reasonablewhen
inspectors have a relatively low propensity to make errors and
extreme caution is desired.

5.2 Aggregation Sequence First by Columns

Let us now turn to the aggregation sequence first by columns (then
by row) (cf. Section 4.2). Again, the OC curves are constructed for
the same parametersN= 15, n= 3, c= 1 andm= 5, comparing the
column-wise aggregation criteria bymajority and unanimity (see
Figure 4).

Overall, the OC-curves are very similar to those described in the
case of aggregation sequence first by rows (cf. Section 5.1). The
OC curves in the case of column-wise aggregation by unanimity
appear evenmore severe and deviate more from those ones in the
absence of errors, except in scenario L. In the case of column-wise
aggregation bymajority, the OC curves are almost identical.

5.3 Further Remarks

All the above examples refer to Type-A OC curves (based on
hypergeometric distribution), considering finite lots of N = 15
units each, sample parameters n = 3, c = 1 and m = 5 inspectors.

3648 of 3656 Quality and Reliability Engineering International, 2025

 10991638, 2025, 8, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/qre.70058 by Politecnico D

i T
orino Sist. B

ibl D
el Polit D

i T
orino, W

iley O
nline L

ibrary on [03/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



FIGURE 2 Type-A OC curves (based on the hypergeometric distribution) for a SSP (N = 15, n = 3 and c = 1) involving m = 5 inspectors, using the
sequence of aggregation first by rows. Three scenarios are considered, characterized by inspectors with increasing inspection error rates (ai and bi): L,M
andH (cf. Table 2). The three upper graphs refer to the column-wise aggregation bymajority, while the three lower graphs correspond to the column-wise
aggregation by unanimity. The dashed OC curve represents the (‘ideal’) SSP with no inspection errors.

FIGURE 3 Example of (Type-A) OC curves in the extreme case of
ai = bi = 100% ∀i, for a SSP with N = 15, n = 3, c = 1 andm = 5 inspectors.
The OC curve (solid line) is complementary to that of the SSP with no
inspection errors (dashed line), as the outcome of each inspection is
systematically ‘overturned’.

Type-B OC curves can be also constructed, approximating the
distribution with a binomial (i.e., under the assumption that N
is relatively large that the condition n ≪ N is met) and keeping
the same values of the other parameters (n = 3, c = 1 andm = 5).
The results, highlighted in Figures A2 and A3 (in Appendix A.3)
being almost entirely superimposable on Figures 3 and 4, without
showing any particular deviationsworthy of further investigation.

In summary, the proposed examples—although limited to a
single reference SSP—highlights some general aspects. First, the
column-wise aggregation of majority tends to keep the OC curve
relatively stable and close to the ‘ideal’ OC curve in the absence
of errors, as long as the inspectors’ error rates are not excessively
high. In contrast, the column-wise aggregation of unanimity
produces OC curves that tend to be excessively severe, unless the
inspectors’ error rates are relatively small (scenario L).

In addition, there does not seem to be any substantial difference
between the results obtained by applying the two possible
aggregation sequences (i.e., the sequence first by rows or the
sequence first by columns); in other words, this aspect seems
to affect the final OC curve much less than the column-wise
aggregation criterion (majority vs. unanimity). When applying
the column-wise aggregation criterion for majority, we finally
notice that error rates ai tend to make the OC curve lower for
low values of p while error rates bi tend to make it higher for
high values of p. In extreme cases of very high errors, a ‘reversal’
of the characteristic downward trend of the OC-curve is even
observed.

From a practical point of view, adopting a multiple-inspector
plan with column-wise aggregation by majority can be a very
effective strategy to contain the negative impact of inspection
errors by individual inspectors: in this way, a relatively ‘robust’
OC curve can be obtained anyway, because it is close to what
it would be in the absence of errors, which is generally agreed
between the parties involved (typically supplier and customer).

Quality and Reliability Engineering International, 2025 3649 of 3656
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FIGURE 4 Type-A OC curves (based on the hypergeometric distribution) for a SSP (N = 15, n = 3 and c = 1) involving m = 5 inspectors, using the
sequence of aggregation first by columns. Different scenarios are considered, characterized by inspectors with increasing inspection error rates (ai and bi):
L,M andH (cf. Table 2). The three upper graphs refer to column-wise aggregation bymajority, while the three lower graphs correspond to column-wise
aggregation by unanimity. The dashed OC curve represents the ‘ideal’ SSP scenario (single inspector, with no inspection errors).

In contrast, aggregation by unanimity, although it seems to offer
the utmost caution, risks lowering the Pa excessively, even for
very low values of p.

6 Conclusions

This paper introduced an analytical framework for constructing
the OC curve of a SSP in amultiple-inspector context with inspec-
tion errors. The classical SSP’s parameters (n, c) were extended
to include multiple inspectors (m), each with defined error rates
ai and bi (i.e., the i-th inspector’s probability of assigning false
defectives and false conformingunits, respectively). The proposed
analytical models encompass both Type-A OC curves (based on
the hypergeometric distribution) andType-BOC curves (based on
a binomial approximation), thereby maintaining mathematical
rigour even in the multiple-inspector setting (cf., RQ1) [11, 32].
This extension helps bridge a gap in the acceptance sampling
literature and provides a basis for quantitatively evaluating how
inspector errors and conformity-assessment aggregation policies
affect the performance of sampling plans [8].

As part of this study, two alternative sequences for aggregating
the inspectors’ conformity assessments were examined: one first
by rows, and the other one, first by columns. Each sequence was
combined with two different column-wise aggregation criteria:
majority criterion (requiring a consensus of more than half of
the inspectors) and a unanimity criterion (requiring all inspectors
to agree on the unit conformity). The analysis revealed that

the choice of the column-wise aggregation criterion has a far
greater influence on the OC curve than the choice of the
aggregation sequence (cf., RQ2). Specifically, the column-wise
majority criterion yields an OC curve that remains close to
the ‘ideal’ one (with no inspection errors), as long as inspec-
tors’ error rates are moderate, whereas the unanimity criterion
results in an exaggeratedly severe OC curve, except in the
extreme case where all inspectors’ error rates (ai, bi) approach
zero.

An important result of this preliminary study is the relative
robustness observed with the majority criterion, which is proba-
bly due to a statistical compensation effect among the inspectors’
independent errors. In practical terms, thismeans that evenwhen
inspectors exhibit relatively significant error rates (ai and bi)—
and these rates are not estimated with high accuracy or through
a rigorous evaluation of their associated uncertainty—the mere
use ofmultiple inspectors combinedwith a column-wisemajority
aggregation ensures that the resulting OC curve will remain very
close to the ideal one. This is a particularly relevant finding,
since in many practical situations estimating ai and bi accurately
can be complex and challenging [8]. By contrast, the unanimity
criterion, although maximally cautious, can make the OC curve
exaggeratedly severe even at very low p levels.

The analytical model developed in this research can be used to
calculate the OC curve for any given set of SSP’s parameters (n,
c), number of inspectors m, and individual inspector error rates
(ai, bi). This capability enables quality engineers to quantitatively
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assess the risks to suppliers and customers under a variety of
multiple-inspector configurations and to design and implement
appropriate inspection strategies (cf., RQ3). Appendix A.2
provides complete formulae for constructing OC curves in the
exemplified cases.

The multiple-inspector logic at the core of this study remains
relevant even as inspection processes become increasingly auto-
mated. Modern quality-control systems often employ multiple
independent sensors/devices, replicating the redundancy of
human multi-inspector schemes to enhance detection reliability;
for example, using data-fusion across multiple sensors in smart
manufacturing [35]. In such cases, each ‘automated inspec-
tor’ may have distinct error tendencies, and combining their
outputs—analogous to parallel human inspections—can improve
defect detection and reduce the risk of oversight.

Despite its usefulness, the proposed model assumes that the
errors by different inspectors are independent. In reality, corre-
lated error patterns might emerge even in the absence of any
interaction among inspectors—for example, if several inspectors
share a tendency to misclassify the same type of flaw, their
errors will not be statistically independent. This may motivate
relaxing the independence assumption in future research and
extending the model to account for correlated error tenden-
cies among inspectors. Addressing inter-inspector correlation in
this way would broaden the model’s applicability to a wider
range of inspection scenarios. Furthermore, it would be worth-
while to perform a more structured comparison of the two
aggregation sequences (first by rows vs. first by columns)—
which, according to the present study, have only a marginal
influence—and to revisit the model in cases where inspectors’
error rates are allowed to vary rather than being treated as fixed
values.

Finally, the methodology and results presented here are directly
applicable to high-value, high-risk inspection contexts. For
instance, multiple-inspector sampling plans can be particularly
beneficial in industries such as aerospace, defence or luxury
manufacturing, where products may exhibit high variability and
exceptionally stringent quality requirements.

Nomenclature

Acronyms

AQL acceptance quality level

H high error-rate scenario

ISO International Organization for Standardization

L low error-rate scenario

LDD lot-disposition decision

LTPD lot tolerance percent defective

M moderate error-rate scenario

OC curve operating characteristic curve

RQ research question

SSP single sampling plan

Variables

ai probability of ‘false’ defectives by the i-th inspector

A subset of inspectors classifying a unit as (‘truly’ of
‘falsely’) conforming

bi probability of ‘false’ conforming units by the i-th
inspector

c acceptance number of a single sampling plan

d true number of defective units within the sample

D true number of defective units within the whole lot

i1, i2, . . . generic inspector involved in the sample inspection

k number of defective units identified by the i-th
inspector in the sample (i.e., k1 + k2)

k1 number of ‘true’ defectives identified by the i-th
inspector in the sample

k2 number of ‘false’ defectives identified by the i-th
inspector in the sample

n sample size of a single sampling plan

N lot size

m number of inspectors involved in the sample inspec-
tion

p defectiveness or fraction nonconforming or fraction
defective of a lot (i.e., D/N);

𝑝′
𝑖

‘Apparent’ defectiveness of a lot, from the (local)
perspective of the i-th inspector

Pa probability of acceptance of a lot

𝑃′𝑎𝑖 probability of acceptance of a lot, from the (local)
perspective of the i-th inspector

ℙ(𝑑) probability that a sample contains exactly d defectives

q number of inspectors classifying at least r defectives

r conventional threshold on the k value

s conventional threshold on the q value

u1, u2, . . . generic product unit of the inspected sample

✓ result of conformity in the assessment of a single
product unit

✗ result of nonconformity in the assessment of a single
product unit
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Endnotes
1The adjective ‘apparent’ indicates that the defectiveness perceived by a
specific inspector does not necessarily match the ‘true’ defectiveness,
but may be distorted by inspection errors, as formalised in Section 3.2.
In other words, it is as if the inspector’s perception of reality were
altered by a set of lenses, the distortion of which increases with the
inspector’s propensity to commit inspection errors. The contrasting use
of the adjectives ‘apparent’ and ‘true’ to describe the defectiveness of
samples/lots has also been adopted in other studies in the scientific
literature [11, 14].

2The supplier’s perspective is typically focused on a relatively low
defectiveness (p) rate—that is, the Acceptable Quality Level (AQL)—at
which the lot’s probability of acceptance should be very high, tolerating
only a small risk of rejection, that is, the so-called ‘supplier’s risk’ α,
ideally on the order of only a few percentage points. On the other hand,
the customer concentrates on a higher but still tolerable p rate—the Lot
Tolerance Percent Defective (LTPD)—which is desired to correspond to
a relatively low probability of acceptance, (i.e., the so-called ‘customer’s
risk’ β, also ideally limited to a few percentage points. The combination
of these dual perspectives leads to the definition of an OC curve that,
at least as a first approximation, satisfies both supplier and customer,
serving as an agreement [11]. In the rest of this paper, however, we will
not refer explicitly to the preliminary phase of defining the AQL, LTPD
and the associated α and β risks. Instead, we will focus on how OC
curves defined for single inspectors can change in the case of multiple
inspectors, when taking inspection errors into account.

3Gage Repeatability and Reproducibility (GR&R) studies can be used to
assess the variability of inspectors prior to actual inspections [7]. In
this paper, however, no formal GR&R study was performed; instead, it
is assumed that each inspector’s error rates (ai and bi) are estimated
through separate training trials on homologous items before the inspec-
tion phase, similar to the approach described by Franceschini et al. [8]
in the haute couture context. The systematic integration of GR&R data is
identified as a useful extension for future work.
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Appendix

A.1 Example of OC Curves for a SSP

Figure A1 illustrates the construction of Type-A and Type-B OC curves for a SSP with N = 15, n = 3 and c = 1 (cf. Section 3.1).

FIGURE A1 Example OC curves for a SSP with parameters N = 15, n = 3 and c = 1. The Type-A OC curve (solid line) is based on hypergeometric
distribution, while the Type-B OC curve (dashed line) is based on binomial distribution. The slight deviation between the two curves is attributable to
the fact that the condition n << N is not met in this case, and therefore the Type-B OC curve does not approximate the (exact) Type-A OC curve very
well [32].

A.2 Complete Formulae of Exemplified OC Curves

This section details the formulae used to construct the OC curves exemplified in the article, depending on the sequence of aggregation (first by rows or
first by columns), column-wise aggregation criterion (bymajority or unanimity) and type (i.e., Type-A or Type-B) of OC curves.

A.2.1 Type-A OC Curves, Aggregation First by Rows, With Majority Column-Wise Aggregation

Starting from the expression of Pa in Equation (9), referring to the sequence of aggregation first by rows and the column-wise majority criterion, we

substitute r= n – c, so as to refer to the parameters of the SSP, whose LDD is used in the aggregations by rows. Next, we substituteℙ (𝒅) =

(
𝑫

𝒅

)(
𝑵 − 𝑫

𝒏 − 𝒅

)
(
𝑵

𝒏

)
in order to obtain a Type-A OC curve based on the hypergeometric model (cf. Equation 1). Thus, it is obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

{
𝑚∑
𝑠=𝑞

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

(
𝑛∑

𝑘=𝑛−𝑐

{
min(𝑘, 𝑑)∑

𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]
⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}})]

⋅

[∏
𝑖∉𝐴

(
1 −

[
𝑛∑

𝑘=𝑛−𝑐

{
min(𝑘, 𝑑)∑

𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]
⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}}])]}]
⋅

(
𝐷

𝑑

)(
𝑁 − 𝐷

𝑛 − 𝑑

)
(
𝑁

𝑛

)
⎫⎪⎪⎬⎪⎪⎭
(A1)
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A.2.2 Type-B OC Curves, Aggregation First by Rows, With Majority Column-Wise Aggregation

This case is analogous to the previous one (Section A.2.1), the only difference being that one substitutesℙ (𝑑) =
(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑 , in order to obtain

a Type-B OC curve based on the binomial model (cf. Equation 2). It is thus obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

{
𝑚∑
𝑠=𝑞

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

(
𝑛∑

𝑘=𝑛−𝑐

{
min(𝑘, 𝑑)∑

𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]
⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}})]

⋅

[∏
𝑖∉𝐴

(
1 −

[
𝑛∑

𝑘=𝑛−𝑐

{
min(𝑘, 𝑑)∑

𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]
⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}}])]}]
⋅

(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑
}

(A2)

A.2.3 Type-A OC Curves, Aggregation First by Rows, With Unanimity Column-Wise Aggregation

Starting from the expression of Pa in Equation (8), referring to the use of the aggregation sequence first by rows and the column-wise unanimity criterion,
we substitute r = n – c, in order to refer to the parameters of the SSP, whose LDD is used in the aggregations by rows. We then substitute ℙ (𝒅) =(
𝑫

𝒅

)(
𝑵 − 𝑫

𝒏 − 𝒅

)
(
𝑵

𝒏

) in order to obtain a Type-A OC curve based on the hypergeometric model (cf. Equation 1). Thus, resulting in:

𝑃𝑎 =
𝑛∑
𝑑=0

⎧⎪⎪⎨⎪⎪⎩
[

𝑚∏
𝑖=1

𝑛∑
𝑘=𝑛−𝑐

{
min(𝑘, 𝑑)∑

𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]
⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}}]
⋅

(
𝐷

𝑑

)(
𝑁 − 𝐷

𝑛 − 𝑑

)
(
𝑁

𝑛

)
⎫⎪⎪⎬⎪⎪⎭

(A3)

A.2.4 Type-B OC Curves, Aggregation First by Rows, With Unanimity Column-Wise Aggregation

This case is analogous to the previous one (Section A.2.3), the only difference being that one substitutesℙ (𝑑) =
(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑 , in order to obtain

a Type-B OC curve based on the binomial model (cf. Equation 2). It is thus obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

{[
𝑚∏
𝑖=1

𝑛∑
𝑘=𝑛−𝑐

{
min(𝑘, 𝑑)∑

𝑗=max[0, 𝑘−(𝑛−𝑑)]

{[(
𝑑

𝑗

)
⋅ (1 − 𝑏𝑖)

𝑗
⋅ 𝑏

𝑑−𝑗
𝑖

]
⋅

[(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅ 𝑎

(𝑘−𝑗)
𝑖

⋅ (1 − 𝑎𝑖)
(𝑛−𝑑)−(𝑘−𝑗)

]}}]
⋅

(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑
}

(A4)

A.2.5 Type-A OC Curves, Aggregation First by Columns, With Majority Column-Wise Aggregation

Starting with the expression for Pa in Equation (13) and using Equations (18) and (20)—which refer to a and b in the case of aggregation first by columns,

under the column-wisemajority criterion—we set r=n – c to reflect the SSP’s LDD for row-based aggregation.Next, we substituteℙ (𝒅) =

(
𝑫

𝒅

)(
𝑵 − 𝑫

𝒏 − 𝒅

)
(
𝑵

𝒏

) ,

in order to obtain a Type-A OC curve based on the hypergeometric model (cf. Equation 1). It is finally obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

⎧⎪⎪⎨⎪⎪⎩

⎡⎢⎢⎢⎢⎢⎣
𝑐∑

𝑘=0

min(𝑘,𝑑)∑
𝑗=max[0,𝑘−(𝑛−𝑑)]

⎧⎪⎪⎨⎪⎪⎩
⎡⎢⎢⎢⎢⎣
(
𝑑

𝑗

)
⋅

⎛⎜⎜⎜⎝1 −
𝑚∑

𝑠=𝑚

2
+1

[ ∑
𝐴⊆{1,. . . ,𝑚},|𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑏𝑖

]
⋅

[∏
𝑖∉𝐴

(1 − 𝑏𝑖)

]}]⎞⎟⎟⎟⎠
𝑗

⋅

⎧⎪⎨⎪⎩
𝑚∑

𝑠=𝑚

2
+1

[ ∑
𝐴⊆{1,. . . ,𝑚},|𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑏𝑖

]
⋅

[∏
𝑖∉𝐴

(1 − 𝑏𝑖)

]}]⎫⎪⎬⎪⎭
𝑑−𝑗⎤⎥⎥⎥⎥⎦

⋅

⎡⎢⎢⎢⎢⎣
(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅

⎧⎪⎨⎪⎩1 −
𝑚∑

𝑠=𝑚

2
+1

[ ∑
𝐴⊆{1,. . . ,𝑚},|𝐴|=𝑠

{[∏
𝑖∈𝐴

(1 − 𝑎𝑖)

]
⋅

(∏
𝑖∉𝐴

𝑎𝑖

)}]⎫⎪⎬⎪⎭
(𝑘−𝑗)

⋅

⎛⎜⎜⎜⎝1 −
𝑚∑

𝑠=𝑚

2
+1

[ ∑
𝐴⊆{1,. . . ,𝑚},|𝐴|=𝑠

{[∏
𝑖∈𝐴

(1 − 𝑎𝑖)

]
⋅

(∏
𝑖∉𝐴

𝑎𝑖

)}]⎞⎟⎟⎟⎠
(𝑛−𝑑)−(𝑘−𝑗)⎤⎥⎥⎥⎥⎦

⎫⎪⎪⎬⎪⎪⎭

⎤⎥⎥⎥⎥⎥⎦
⋅

(
𝐷

𝑑

)(
𝑁 − 𝐷

𝑛 − 𝑑

)
(
𝑁

𝑛

)
⎫⎪⎪⎬⎪⎪⎭

(A5)
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A.2.6 Type-B OC Curves, Aggregation First by Columns, With Majority Column-Wise Aggregation

This case is analogous to the previous one (Section A.2.5), the only difference being that one substitutesℙ (𝑑) =
(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑 , in order to obtain

a Type-B OC curve based on the binomial model (cf. Equation 2). It is thus obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

⎧⎪⎨⎪⎩
⎡⎢⎢⎢⎣

𝑐∑
𝑘=0

min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

⎧⎪⎨⎪⎩
⎡⎢⎢⎢⎣
(
𝑑

𝑗

)
⋅

⎛⎜⎜⎝1 −
𝑚∑

𝑠=⌊ 𝑚

2
⌋+1

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑏𝑖

]
⋅

[∏
𝑖∉𝐴

(1 − 𝑏𝑖)

]}]⎞⎟⎟⎠
𝑗

⋅

⎧⎪⎨⎪⎩
𝑚∑

𝑠=⌊ 𝑚

2
⌋+1

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

𝑏𝑖

]
⋅

[∏
𝑖∉𝐴

(1 − 𝑏𝑖)

]}]⎫⎪⎬⎪⎭
𝑑−𝑗⎤⎥⎥⎥⎥⎦

⋅

⎡⎢⎢⎢⎢⎣
(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅

⎧⎪⎨⎪⎩1 −
𝑚∑

𝑠=⌊ 𝑚

2
⌋+1

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

(1 − 𝑎𝑖)

]
⋅

(∏
𝑖∉𝐴

𝑎𝑖

)}]⎫⎪⎬⎪⎭
(𝑘−𝑗)

⋅

⎛⎜⎜⎝1 −
𝑚∑

𝑠=⌊ 𝑚

2
⌋+1

[ ∑
𝐴⊆{1, . . . , 𝑚}, |𝐴|=𝑠

{[∏
𝑖∈𝐴

(1 − 𝑎𝑖)

]
⋅

(∏
𝑖∉𝐴

𝑎𝑖

)}]⎞⎟⎟⎠
(𝑛−𝑑)−(𝑘−𝑗)⎤⎥⎥⎥⎦

⎫⎪⎬⎪⎭
⎤⎥⎥⎥⎦ ⋅

(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑
⎫⎪⎬⎪⎭ (A6)

A.2.7 Type-A OC Curves, Aggregation First by Columns, With Unanimity Column-Wise Aggregation

Starting with the expression for Pa in Equation (13) and using Equations (17) and (19)—which refer to a and b in the case of aggregation first by
columns, under the column-wise unanimity criterion—we set r = n – c to reflect the SSP’s LDD for row-based aggregation. Next, we substitute

ℙ (𝒅) =

(
𝑫

𝒅

)(
𝑵 − 𝑫

𝒏 − 𝒅

)
(
𝑵

𝒏

) , in order to obtain a Type-A OC curve based on the hypergeometric model (cf. Equation 1). It is finally obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

⎧⎪⎪⎨⎪⎪⎩
⎡⎢⎢⎢⎣

𝑐∑
𝑘=0

min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

⎧⎪⎨⎪⎩
⎡⎢⎢⎣
(
𝑑

𝑗

)
⋅

(
1 −

𝑚∏
𝑖=1

𝑏𝑖

)𝑗

⋅

{
𝑚∏
𝑖=1

𝑏𝑖

}𝑑−𝑗⎤⎥⎥⎦ ⋅
⎡⎢⎢⎣
(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅

{
1 −

𝑚∏
𝑖=1

(1 − 𝑎𝑖)

}(𝑘−𝑗)

⋅

(
𝑚∏
𝑖=1

(1 − 𝑎𝑖)

)(𝑛−𝑑)−(𝑘−𝑗)⎤⎥⎥⎦
⎫⎪⎬⎪⎭
⎤⎥⎥⎥⎦ ⋅

(
𝐷

𝑑

)(
𝑁 − 𝐷

𝑛 − 𝑑

)
(
𝑁

𝑛

)
⎫⎪⎪⎬⎪⎪⎭
(A7)

A.2.8 Type-B OC Curves, Aggregation First by Columns, WITH Unanimity Column-wise Aggregation

This case is analogous to the previous one (Section A.2.7), the only difference being that one substitutesℙ (𝑑) =
(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑 , in order to obtain

a Type-B OC curve based on the binomial model (cf. Equation 2). It is thus obtained:

𝑃𝑎 =
𝑛∑
𝑑=0

⎧⎪⎨⎪⎩
⎡⎢⎢⎢⎣

𝑐∑
𝑘=0

min(𝑘, 𝑑)∑
𝑗=max[0, 𝑘−(𝑛−𝑑)]

⎧⎪⎨⎪⎩
⎡⎢⎢⎣
(
𝑑

𝑗

)
⋅

(
1 −

𝑚∏
𝑖=1

𝑏𝑖

)𝑗

⋅

{
𝑚∏
𝑖=1

𝑏𝑖

}𝑑−𝑗⎤⎥⎥⎦ ⋅
⎡⎢⎢⎣
(
𝑛 − 𝑑

𝑘 − 𝑗

)
⋅

{
1 −

𝑚∏
𝑖=1

(1 − 𝑎𝑖)

}(𝑘−𝑗)

⋅

(
𝑚∏
𝑖=1

(1 − 𝑎𝑖)

)(𝑛−𝑑)−(𝑘−𝑗)⎤⎥⎥⎦
⎫⎪⎬⎪⎭
⎤⎥⎥⎥⎦ ⋅

(
𝑛

𝑑

)
⋅ 𝑝𝑑 ⋅ (1 − 𝑝)

𝑛−𝑑
⎫⎪⎬⎪⎭
(A8)

A.3 Type-B OC Curves

Figures A2 and A3 contain the Type-B OC curves corresponding to the specific examples developed in Sections. 5.1 and 5.2.
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FIGURE A2 Type-B OC curves (based on the binomial distribution) for a SSP (N = 30, n = 3 and c = 1) involving m = 5 inspectors, using the
sequence of aggregation first by rows. Three scenarios are considered, characterized by inspectors with increasing inspection error rates (ai and bi): L,
M and H (cf. Table 2). The three upper graphs refer to column-wise aggregation by majority, while the three lower graphs correspond to column-wise
aggregation by unanimity. The dashed OC curve represents the ‘ideal’ SSP with no inspection errors.

FIGURE A3 Type-B OC curves (based on the binomial distribution) for a SSP (N = 30, n = 3 and c = 1) involving m = 1 inspectors, using the
sequence of aggregation first by columns. Three scenarios are considered, characterized by inspectors with increasing inspection error rates (ai and bi):
L,M andH (cf. Table 2). The three upper graphs refer to column-wise aggregation bymajority, while the three lower graphs correspond to column-wise
aggregation by unanimity. The dashed OC curve represents the ‘ideal’ SSP with no inspection errors.
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