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Foreword

ISO (the International Organization for Standardization) is a worldwide federation of national standards
bodies (ISO member bodies). The work of preparing International Standards is normally carried out
through ISO technical committees. Each member body interested in a subject for which a technical
committee has been established has the right to be represented on that committee. International
organizations, governmental and non-governmental, in liaison with ISO, also take part in the work.
ISO collaborates closely with the International Electrotechnical Commission (IEC) on all matters of
electrotechnical standardization.

The procddures used to develop this document and those intended for its further maintenanceyare
described|in the ISO/IEC Directives, Part 1. In particular, the different approval criteria needed-\for the
different {ypes of ISO documents should be noted. This document was drafted in accordance with the
editorial fules of the ISO/IEC Directives, Part 2 (see www.iso.org/directives).

Attention|is drawn to the possibility that some of the elements of this document may. be the subject of
patent rights. ISO shall not be held responsible for identifying any or all such patent rights. Detailq of
any patenf rights identified during the development of the document will be in the.Introduction andjor
on the IS( list of patent declarations received (see www.iso.org/patents).

Any trade name used in this document is information given for the conveniénce of users and does pot
constitutqg an endorsement.

For an exyplanation of the voluntary nature of standards, the ¢ieaning of ISO specific terms gnd
expressiohs related to conformity assessment, as well as information about ISO’s adherence to the
World Tr3gde Organization (WTO) principles in the TechnicakBarriers to Trade (TBT) see www.liso
.org/iso/fpreword.html.

This document was prepared by Technical Committee;ISO/TC 34, Food products, Subcommittee SC [16,
Horizontal methods for molecular biomarker analysis.

Any feedback or questions on this document should be directed to the user’s national standards body. A
complete Jisting of these bodies can be found @twww.iso.org/members.html.
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Introduction

Qualitative (binary) analytical methods (e.g. applied to screening tests) for use in the analysis

of food or

food products (including seeds of food crops) with the purpose of demonstrating the presence/absence
of a given measurand in a sample should provide objective evidence that they are adequate for their
intended use. A validated test method is much preferred over one that has not undergone studies to

determine its accuracy and reliability for its specific purpose. These methods that yield a bin
(yes/no, positive/negative, etc.) are referred to as “qualitative” or “binary” methods.

ary result

Aswith quantitative methods, qualitative method performance has to be characterized with respect to

the¢ concentration of the measurand. However, only two conditions are indicated in the result;

either the

mdasurand is detected (a positive result) or it is not detected (a negative result). Whilednterpnationally

re¢ognized guidelines (e.g. ISO 5725-2, References [7] and [16]) have been produced,over

the years

to lharmonize the validation of quantitative analytical methods, no consensus iscyet available among

stgkeholders on a practical implementation of the performance criteria approachto the va
quplitative methods for use in food and food products.

C
sensitivity, selectivity, false positive rate and false negative rate, based on detection/non
of the measurand in the test sample. The limitation of this approach-ivas the underlying aj
that the method had a predictable response to the presence of-a-measurand present at g

)

idation of

hceptual approaches for validating qualitative methods classically focused on parameters such as

detection
sumption
non-zero

concentration. In practice, however, a non-zero concentrationcan result in a variable probability of

a positive result in the assay. Treating the concentration of measurand as a continuous var
regsonable and/or previously determined confidence in\a“defined matrix using a specific
mdthod is a better predictor of measurement responsecthan a two-state, zero/non-zero varia

Thiis document describes the assessment of probability of detection (POD). This approd
for] comparison of probabilities across concentrations and further allows for a simple
representation of validation data as a POD response curve graphed by concentration with 3
erffor bars of the mean POD value. This approach expresses the POD as dependent on concent
goql of validation is to characterize the résponse probability curve as a function of measurar
copcentration.

A umber of models have been described in the literature for the calculations of the confidenct
of the POD and confidence intérvals or predictive ranges for concentrations in case of a f
negative result, e.g. Referencés' [4], [8], [9], [11], [17], [19] and [20]. Whereas qualitative mg
oflen evaluated at 50 %, they are used close to 100 %, or at levels where the sample size is a
as to always obtain a clear positive or negative result. The present specification is therefore
of ain extensive discussion of the possible improved models for characterization of qualitativg
particularly focused/on the characterization of the methods close to the 0 and 100 % POD
performance chiaracteristics include:

a) | the mean'POD across laboratories (LPOD);

b) | thé corresponding confidence interval of the LPOD, which is the interval estimate of the 1

jlable with

analytical
ble.

ch allows
graphical
issociated
fation; the
d mass or

e intervals
ositive or
thods are
Hjusted so
the result
methods,
rases. The

hean POD;

L1 J: - S 1c £o4 1 o £1.1 - L DA
C) LIIT PICTUICLIUIT I VAl TOT TULUI© OUSTT VAUUILS UI'1dDUTdLULy SPEUITIU TUDS.

An advanced statistical method allows the user to calculate confidence and/or prediction intervals for
the concentrations where the user would expect positive or negative results. To do so is particularly

challenging where the POD is close to 0 % or 100 %.
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ISO/TS 16393:2019(E)

Molecular biomarker analysis — Determination of the
performance characteristics of qualitative measurement

methods and validation of methods

1 _Scope

Thiis document specifies methods that yield a binary result and are used for the deterrnlination in
foad or food products (including seeds of food crops) of the presence of molecular bigmark

me

copcentrations at the limit of detection (LOD).

brs. These

thods are typically used where the measurand is expected to be present in very/small amjounts and

Mdthods are validated in terms of the probability of detection (POD) and of the precision of the POD.

Th

ey do not rely on the concept of false positive/false-negative results, orthe’concept of LOD

inferences about the precision of the classical LOD can be made.

Th

is document describes the extent of method validation. The annexes provide different

mqdels that can be considered depending on the analytical method, structure of data and

ex

co
arg
mi
2

Th|

berience.

Crobiological test methods, starch, essential oils‘or quantitative methods.

Normative references

However,

statistical
statistical

ThE document does not apply to quantitative methods that are used to make a detection dgcision by
paring the value of a response to a cut-off value using a quantitative method, where th¢ methods
validated by using quantitative statistics on the@esponses. This document also does nqat apply to

e following documents are referred;to in the text in such a way that some or all of thejir content

constitutes requirements of this document. For dated references, only the edition cited applies. For

un

IS(

dated references, the latest edition of the referenced document (including any amendment

principles and definitions

IS(

mdthod for the determination of repeatability and reproducibility of a standard measurement m

5) applies.

5725-1:1994, Accuracy (trueness and precision) of measurement methods and results — Part|1: General

5725-2:1994, Acetiracy (trueness and precision) of measurement methods and results — Part 2: Basic

bthod

3 | Terms and definitions
For the purposes of this document, the following terms and definitions apply.
[SGardHECmaintainterminotogical- databasesforuseinstandardizationat-the felowingad

[SO Online browsing platform: available at https://www.iso.org/obp

[EC Electropedia: available at http://www.electropedia.org/

3.1
binary result
result from a method (3.6) of analysis where there are only two possible outcomes

© IS0 2019 - All rights reserved
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3.2

intraclass correlation coefficient

ICC

measure of the reliability of measurements (between laboratories)

Note 1 to entry: The coefficient represents agreements between two or more results measured on identical

samples.

3.3
identical
sample th

testitem
at is prepared and can be presumed to be identical for the intended purpose of measurem

ent

of the med

[SOURCE:

measurement of the measurand” has been added and Note 1 to entry has been deleted.]

3.4

lower cor
LCL

My,

lower valu

Noteltoe

3.5
mean prq
LPOD

poc?»
probabilit

concentraltion in multiple laboratories

Note 1 to ¢
for the pro

Note2toe
laboratory

3.6
method
procedurs

3.7
naturally
sample th
being inte

3.8

surand (and can be presumed to be identical for the intended purpose)

ISO 3534-2:2006, 1.2.34, modified — “and can be presumed to be identical ptrpose

fidence limit

e of a range containing the true value of the measurand with a specified probability

ntry: The symbol for LCL is taken from Reference [5].

bability of detection across laboratories

y of a positive analytical outcome of a qualitdtive method (3.9) for a given matrix at a giv

bability of detection (POD) (3.8) parameter across laboratories.

htry: The symbol for LPOD is the.symbol for POD with the lowercase Greek letter £ (lambda) to indid
wide.

that includes sample processing, assay and data interpretation

incurred sample
ht contains the measurand by virtue of its inherent characteristics rather than the measurg
ntionally added

of

fen

ntry: Throughout this document, when uséd in mathematical formulae, Pak refers to the estimator

nd

probabili
POD

P

o

ty of detection

probability of a positive analytical outcome of a qualitative method (3.9) for a given matrix at a given
concentration in a single laboratory

Note 1 to entry: Throughout this document, when used in mathematical formulae, Pa refers to the estimator for

the probability of detection parameter.

Note 2 to entry: The symbol for POD is drawn from the term P for probability and the first letter of the Greek
term for detection, aviyvevon.
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https://standardsiso.com/api/?name=2975fb92521c6d72e30d31854b2659b6

ISO/TS 16393:2019(E)

3.9
qualitative method

me

thod (3.6) of analysis with two possible outcomes

Note 1 to entry: Qualitative method is an alternative terminology to binary method.

3.10

replicate test sample
sample taken from a bulk sample such that the replicate test samples are as close to identical as
achievable, in order to constitute identical test items (3.3)

3.1
va

1
idation experiment

by one or

document
bility and

determination of method (3.6) performance parameters from a series of test results réported
mqre usually a number of participating laboratories

3.12

u;aper confidence limit

udL

Hy

upper value of a range containing the true value of the measurand with a specified probabilit|
Nofe 1 to entry: The symbol for UCL is taken from Reference [5].

4 | Characterization of a qualitative method via a validation experiment
4.1 Criteria for a standard measurement method

The following criteria should be taken into:consideration when validating a qualitative method of
angplysis:

— applicability;

— robustness;

— selectivity;

— POD related to the measurand concentration.

Al measurements shall be carried out according to a standard method based on a written
that describes incfull’ detail how the measurement shall be carried out, including the applic3
selectivity of the'method. It shall incorporate information based on the robustness testing of t}

est
md

collaberative multi-laboratory trial(s).

ablished-at(the single laboratory level when developing the method. The standard meth
dified<by‘the result of experiments to determine the intermediate precision and/or the

he method
d may be
results of

4,

Performance of a validation experiment

The estimates of performance parameters derived from a validation experiment are valid only for tests
carried out according to the standard measurement method. A validation experiment can be considered
to be a practical test of the adequacy of the standard measurement method. One of the main purposes of
standardization is to standardize how methods are characterized, and eliminate differences between
users (laboratories) as far as possible. The data provided by a validation experiment will reveal how
effectively this purpose has been achieved. Pronounced differences between the laboratories often
indicate that the measurement method can be improved.

From a practical point of view, it is important and desirable to carry out a number of steps before
proceeding with the validation experiment. This includes: a) measurement of several replicates by one
operator to establish suitable test materials that will cover the desired POD levels, followed by: b) a

©lI
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mini validation experiment to establish that the instructions for the experiment are clear and sufficient
and that the test materials are suitable for the full validation experiment.

4.3 Nature of test materials

Validation of qualitative methods requires the use of known positive (low and high POD) and negative
(effectively as close as possible to zero POD) materials. Special challenges arise when a biological
material is being tested, and pure reference material (CRM traceable back to SI units) may not be
readily available. For some biomolecular methods, naturally incurred samples may be the only source
of materials for validation. The preparation and source of each material shall be documented. Wherever
possible, 4 quantitative method can be used to confirm the concentration of the measurand.

4.4 Requirements for replicate test samples

In a validation experiment, a number of replicate test samples of a specific material op-specimeng of
a specific|product are typically sent from a central point to a number of laboratories.’ The definitjon
of repeatgbility conditions states that the measurements in these laboratories shall be performed|on
identical tlest items and refers to the moment when these measurements are actually carried out.

The test materials will ideally be evaluated for homogeneity before preparing the replicate laboratory
samples tp be sent to the laboratories, or by testing a number of the replicate test samples if a suitaple
method i available. Furthermore, the replicate test samples shall bg, identical test items (under the
definition|of ISO 5725-1) when dispatched to the laboratories and the)replicate samples shall be staple
and remain identical during transport and during the different time intervals that can elapse before the
measurements are actually performed.

NOTE1 |The terms “identical” and “identical test items” are~niot the same as “identical test portions” (kee
ISO 5725-3:1994, Clause 5). There will always be some level of variation between replicate test samples (i.e.
the actual materials sent), and this is an integral part of tésting method repeatability. Test portion variability
is dependgnt on concentration, test portion size and matrix homogeneity. When preparing the replicate flest
samples for a collaborative study, the concept of identical test items is to be interpreted as each test samiple
having an gqual probability of producing a positive testresult. This means that all laboratories receive essentiglly
the same tgst items. The test portions will alway§ have some level of variation, which is an inherent part of the
measurement variation.

NOTE 2 |The number of replicate samples required to get a good estimation (at 95 % confidence) of the LPOD
for a two-dided coverage is 12 per levél for the range 25 % to 75 % LPOD for the case where 8 laboratories pre
included (dee Table E.2). If more pafticipants are available, the number of replicate samples can be lowered in
consultatiqn with a statistician. However, the larger numbers needed to get ideal estimates of the LPOD at hjigh
and low m¢asurand concentrations may not be practicable to achieve in a multi-laboratory trial.

Conditionp should be répresentative of the use of the method in the laboratory. It shall be clealrly
stated whien reporting&he results if an intermediate material, such as a ground sample or an extrgct,
is distributed for this purpose. Moreover, it shall be shown that the intermediate materials are staple
ipping conditions.

While the replicate test samples supplied at each concentration would preferably consist
unprocessearatertaH{suchaswholegratnorseedsHorderto-test the-whole-method-fromsample toresult
is, in most cases, impractical. Therefore, it is most practical to grind the material and distribute a typical powder
that would be obtained under typical conditions.

Test materials are prepared and divided into test samples before these replicate test samples are
shipped to the participating laboratories. The replicate test samples may be reduced to test portions in
the laboratory or analysed directly. The relationship is given in Figure 1.

4 © IS0 2019 - All rights reserved
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Prepare test
materials

\ 4

Divide into
replicate test
samples

\ 4

Ship replicate
test samples to
labs

L

\ 4

BRRERBE R

Replicate test samples may be reduced.to test portions in the laboratory
or an@sed directly

.
AN

dddouaealdl

igure 1 — Relationship between the test materials, replicate test samples and test portions

4.5 Robustness{ruggedness)

Thee method developer is expected to evaluate the robustness of the method against small ¢hanges in
anplytical conditions and external influences, and identify variables which could have a gignificant
effect onsmethod performance. Critical variables should be included in the standard megsurement
mdgthod (e.g. by including an acceptable temperature range).

4.6 Applicability

The user should be able to determine whether the method will be appropriate for the desired application
(fit for purpose) and if there will be limitations to its use. Applicability is the analytes, matrices and
concentrations for which a method of analysis may be used satisfactorily. An applicability statement
shall therefore be provided by the method developer. It should include a list of the known analyte(s)
or measurand(s) that can be determined by the method, and the form in which analyte(s) can be
determined, e.g. speciation, total/available, the sample matrix(es) within which those analyte(s) can
be determined. In addition to a statement of the range of capability of satisfactory performance for
each factor, the statement of applicability may also include warnings as to known interference by other
analytes, or inapplicability to certain matrices and situations. For example, concentrations that may
lead to reduced POD at concentrations higher than those normally expected should also be specified, as

© IS0 2019 - All rights reserved 5
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certain methods (such as those depending on antibodies) have the possibility of giving a negative result
at very high concentrations of the measurand (the hook effect).

NOTE Applicability outside of the food sector can be referred to as “scope”.

4.7 Selectivity

Determination of selectivity is a single laboratory study designed to demonstrate that a method does
not detect non-target measurands expected to erroneously give a positive result due to chemical or
structural similarities.

The methpd should be shown to give a positive result for claimed measurands. Each measurand‘fspm
the select]vity test panel should be tested at the appropriate target concentration for each meaSurand.

4.8 Experimental design for a multi-laboratory study

4.8.1 Participating laboratories

Ideally, the chosen laboratories should be a random sampling of all potential méthod users. Laboratotfies
participatiing in any validation study for qualitative methods should have.eXperience and training in
performirg the type of method being tested. However, the participating laboratories should not congist
exclusivelly of those that have gained special experience during the processof standardizing the methpd.
Neither should they consist (exclusively) of specialist reference laboratories, in order to demonstrate
the accurgcy to which the method can perform in expert hands.

Estimating the POD at applicable measurand concentrationscan be carried out provided that|an
adequate number of replicate test samples are analysed-across a suitable number of concentratigns
and a sufficient number of laboratories. The number of replicates per laboratory and the number| of
laboratories should be chosen with consideration of the'effect of the size of the validation experiment
on the siz¢ of the confidence intervals that will be obtained.

4.8.2 Npmber of laboratories

The purpdse of involving a large number.oflaboratories in the study is to get a wider subset of potential
method upers to contribute data tothe study. Using a large number of laboratories will reduce the
subsampling error and will mean that'the estimates that are obtained in the study will be less biasgd.
In additioE, with more laboratories, it will be easier to detect a laboratory effect in the data, if if is

significanf. The absolute minimum number of laboratories reporting and included in the final statistilcal

analysis of the study is eight

4.8.3 Npmber of levels
The minirthum number of concentration levels to study should be five.

The expeliment should verify that the method is sensitive to concentration, so that at low levels there
is a low POD-and that at a high concentration there is a POD. The experiment shall be designed to best
characterize the POD curve, in as efficient a manner as possible.

One concentration level should be chosen where the expected POD is close to zero. This will demonstrate
the method will not give a positive response at low, near-zero concentrations.

There should be a second concentration level where the method is expected to give > 95 % of positive
responses.

There will be some concentration levels where the POD is expected to be in a marginal range (0,85
to 0,95 or 0,05 to 0,15), which is important to identify so that the response curve can be better
characterized and the transition concentration from medium POD to high POD can be identified. In
addition, a sample in the mid-range (35 % POD to 65 % POD) will allow the experiment to expose cases
where there is a large difference in sensitivity between participating laboratories.

6 © IS0 2019 - All rights reserved


https://standardsiso.com/api/?name=2975fb92521c6d72e30d31854b2659b6

ISO/TS 16393:2019(E)

Alterations to the above basic scheme may be advised. Five levels would be optimal, including those in
the marginal range to increase the confidence in estimation of the detection limit of the method. If the
high or low POD (e.g. POD of 0,95, or 0,05) is deemed to be more important, many replicates at the high
or low POD may be performed at the expense of replicates at the intermediate POD in order to focus the
confidence interval of the high or low POD estimates.

4.8.4 Number of replicates per level and laboratory

In order to obtain sufficient information and maintain the required statistical confidence and accuracy
of the confidence intervals, there should be at least 12 replications per level at each laboratory (for the

cage where there are 6 l[aboratories participating).

NO
for
to

TE1 The number of replicates required when characterizing a qualitative method is highep thg
quantitative methods, due to the reduced level of information provided by a qualitative method a5
h quantitative method.

NOTE 2 Both quantitative and qualitative methods have, in practice, commenly observed
dependencies between mean measurand level and variance. For the qualitative casérat concentration
obgerved POD values are close to 0 or 1, very little variation will be observed in the data sets, as obsery
be pither mostly positive or mostly negative. At concentrations where POD values fall in the fractional
befween 0,15 and 0,85), more variation will be observed within and betweemnthe laboratories. Thus, t
of feplications required by each collaborator will depend upon the range«f POD of interest. Ranges a
0 and 1 will require more replicates as the number of positive or negative results respectively app
Foff example, at least 12 replicates could be required for a range 0£,0,25 to 0,75. For a range of 0,20
leapt 16 replicates could be required, and for a range of 0,50 €0 0,90, at least 35 replicates could
Thpis, depending on applicability, the collaborative study could.use different numbers of replicates
conpcentration levels.

Fo
0,0
of

nu
no

" PODs of 0,95 or 0,05, it would be optimal to have\at least 60 replicates per laboratory, and
1 or 0,99, to have 300 replicates. This is not practicable in many cases. If less than the ide
replicates are used, the confidence intervals’ around the POD will be greater than if the
mber of replicates were used. It is recognized that the recommendations stated above are 3
F achievable in a multi-laboratory validation experiment.

The purpose of this repetition is torestimate repeatability, so these replicates should be analy
repeatability conditions

4.9 Validation experiment under intermediate conditions

A qingle laboratory validation can be used when it is not practicable to carry out a full multi-I
collaborative study<This study should consider intermediate precision conditions, in which obj
ar¢ carried out i the same laboratory, but one or more of the factors of time, operator or eqy
allpwed to varyIn establishing the precision of a measurement method, it is very importan
the¢ appropriate observation conditions, i.e. whether the above three factors should be cc
not. The statistical treatment of intermediate precision data is the same as data derived fro
lahoratory experiment, treating multiple days, trials and/or operators as the laboratory equi

n required
compared

systematic
where the
rations will
range (e.g.
he number
bproaching
roach zero.
to 0,80, at
be desired.
ht different

for POD of
h] number
optimum
ometimes

sed under

aboratory
ervations
lipment is
L to define
nstant or
m a multi-
ralent.

4.10 Expressing the results of a validation experiment

4.10.1 General

Data from a validation experiment can be expressed in tabular form or as a graph or figure. Tables 1

and 2 show some examples for illustrative purposes.

The (tabular) data should include POD estimate and confidence interval for every level.
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Table 1 — Examples of tabular results summaries for validation experiments

Conc N X POD 95 % LCL 95 % UCL
0 32 1 0,0313 0,0000 0,157 4
0,1 320 30 0,093 8 0,066 5 0,1307
5 320 239 0,746 9 0,696 5 0,791 4
10 320 293 09156 0,880 0 0,941 4
20 320 307 0,959 4 09317 09761
100 32 32 1,0000 0,892 8 1,0000
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4.10.2 Graphical representation of the data

Results of a validation experiment can be graphically presented as a plot of POD as a function of
concentration (see Figures 2 and 3), with 95 % confidence intervals or via a dot plot (see Figure 4). This
can be conveniently done in the R softwarel13], although other approaches may be possible. Details of
the approaches for analysis of results of the validation experiment are described in the annex(es).

YlOO — N 7——— i
80 |-
60 |-
40 |
20 |
0 7 | | | ] | |
0 5 10 15 20 25 30
X
Key
— LitA X.@yconcentration (mg/kg)
—— KitB Y LPOD (%)

NOTE 1 |LPOD is plotted against concentration inf‘parts per million of peanut flour.
NOTE 2  [Kit A (blue circles) has lower LPOD'values than Kit B (red squares).
NOTE 3 |Data from Reference [18].

Figure 2 — Examples.of POD curves for two peanut allergen test kits showing 95 %
confidence limits
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Y100 | T

80 -

Key
DNA copies/aliquot
y | POD (%)

NOTE1 POD is plotted against the number of DNA copies per aliquot.

NOTE 2  Unpublished data from Reference [6].

Figure 3 — Examples of POD curves for aiPCR reaction, showing 95 % confidence limits
calculated a€cording to Annex B
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Yi
100 F ®° ‘ 17 ‘ 17
® 3
80 o 1
o 1
60 |-
4U
20 o 1 .
ok ’16 o 1 . . _
0,4 6,4 13,3 47,1 X

Key
X  gluten|concentration (mg/kg)
y  POD (%)

NOTE 1 |Number stated at each circle represents the number of laboratgties with the same POD. The areas of
circles are proportional to number of this number. Ten replicates were afidlysed per laboratory.

NOTE 2 |Data from Reference [14].

Figure 4 — Percent POD observed by each of 17 participating laboratories for replicate samples
with a measurand concentration of betwéen 0,4 mg/kg and 47,1 mg/kg gluten

4.11 Calculation of the confidence interval for the general mean, confidence interval and
prediction interval

Confidende limits for the general meantallow calculating limits for the POD. Confidence limits for the
general mean can also be used to compare different qualitative test methods.

The raw diata from all laboratofies shall be analysed by a statistical model for estimating the confidence
limits of ¢stimates of the LPOD. Models that can be considered for the characterization of methads
based on multi-laboratory validation based on publications and submissions by the WG experts:

— modified Wilsonsiziterval model;

— dpgreeswoffreedom, v=A - 1 (A = number of laboratories) - hybrid model (see Annex B);

— maximumikelihood approaches;

— probit model as latent variable using profile likelihood (see Annex C);
— beta binomial as latent function using approximate likelihood (see Annex D).

These models described in Annexes B to D are applicable to cases where there is no clear scalar or
concentration relationship between the concentrations of measurand in the samples provided at each
POD. In cases where there is information about the scalar relationship of the samples at the PODs
tested, it may be possible to use this additional information to reduce the size of the estimates of the
confidence intervals, especially at the high and low PODs. Additional information will be available
where the methods used are quantitative methods used to make a binary decision.
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The results of using a beta binomial approach or probit approach to determine the confidence intervals
of the POD may be significant in some levels of POD and not significant at other levels. The modelling
experiment described in Annex E was designed to test for this situation.

NOTE At some levels, the differences between the results using a beta binomial approach and probit
approach can be small enough that there is not a significant practical difference in using the two models to
describe the confidence intervals.

4.12 Calculation of prediction interval for PODs in each laboratory

rtervatfor-the-meanprobak of aposttiverespenseaerossiahoratories,
expected to contain the PODs of each of the laboratories that use the)imethod is
esfimated. If this entire interval is inside an acceptable range for the value of the POD (e(g; if the bottom
enfl of the interval at a particular measurand concentration is greater than the required POD at that
concentration) then fit for purpose performance is expected in a sufficiently highbproportign of all of
the¢ laboratories that use the method. Technically, this kind of interval is called-a-tolerance interval. It
is analogous to intervals that describe expected measurement uncertainty for quantitative janalytical

mdthods.

Thiis approach can also be applied to examine the effect of intermediate.precision on POD. Intprvals can
belderived for PODs across days, operators, equipment, etc.

5 | Statistical model for test result

5.1 General

The statistical model used to characterize qualitative (binary) methods is based on the POD.

5.2 Basic model

Forl a particular material/level combination, it is useful to assume that every test result y is the sum of
thee components, as shown by Formula (1):

y=m+B+e (@8]

whHere

y isthe test result (limited to values 0 or 1);
m is the overdll mean expected response;
B is thelaboratory component of bias under repeatability conditions;

e/\is the random error occurring in every measurement under repeatability conditions.

5.3 Constraints in the model

In the qualitative model, there is a special case constraint for y in the binary case, as shown by

Formula (2):
ye{0.1} @

In this case, with the constraint placed on y, the practical implication is that m, B and e will also be
constrained for an individual replicate.
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5.4 Generalmmearn, m

For quantjtative methods, if m is in units of concentration, it is generally expected that m = ¢,(wherle ¢
is the confentration. If m is not a concentration (or amount) of measurand, m and c can be related bjy a
calibratioh function.

For qualithtive methods, this calibration cannot be easily achieved without replication, so the mean|m,
has a spefial connotation in the binary model. With the coding convention (i,et-0 = “negative” gnd
1 = “positive”), the mean is the mean probability of a positive response at the conicéntration tested. This

probabilitly is the probability of a positive response at a given concentration or POD (P, ). Yee

Formula (B):
m= P, = P(+c) (3)

5.5 Varjance parameters

Formulae|(4) to (8) for the variance parameters still applyas given in the general model of ISO 57251:

o ;2 qvar(B) (between-laboratory variance) (4)

2]
ow” Fvar(e) (5)
o2 =var (e) (repeatability variance) (6)
o =y var (e) (7)
OR =1 0/12 +Gr2 (reproducibility variance) (8)
NOTE It can'be shown that o-é =m(1-m) [1Z], i.e. the reproducibility variance is directly related to the PQD.

5.6 Relationship of qualitative model to the quantitative model

The qualitative model is not necessarily a separate model distinct from the quantitative model, but
could be considered a special case or subset of the basic quantitative model (see ISO 5725-1).

Results of a validation experiment can be graphically presented as a plot of POD as a function of
concentration, with 95 % confidence intervals. Some examples of POD curves are given in Figure 2.
Variance component estimation via ANOVA with an additive model is not strictly correct for random
laboratory variation adding to binary within-laboratory variation for a single replicate. However, with
replication of n = 12 replicates/laboratory, the linear additive model approximates very well under
the assumption of normality, e.g. see References [9] and [19], and provides for adequate parameter
estimates in practice. The repeatability SD, oy, is estimated under the binomial model, so it is exact in
the distribution sense. In the limits where POD approaches 0 or 1, observed variation is significantly
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reduced so a solution needs to be developed about how underlying variance is shared between
components.

5.7 Derivation of a limit of detection

The LOD is conventionally defined to be the concentration at which the method has a POD equal to 0,95
(POD =0,95). The 5 % 0,95 point may be used for most applications.

NOTE It is generally agreed that any value of chi-square as large as 3,841 or larger is significant. Beyond
this point lie only 5 % of sample values. There is only 1 chance in 20 that a random sample will have a chi-square

i &l 2044 Tl 1o 4l 0 iaadl 101
grgater-timairo;0 L. rirsIscanea tire 570 poHt—mn.

However, because the LOD for a method may not be well known or may require more or.lesq certainty
in ppecific applications (e.g. the 1 % point), POD curves can be used to estimate apprapriat¢ LODs for
mdthods and measurands. PODs and the LODs derived from them are estimatesybased on| a limited
number of measurements. Confidence intervals, such as the 5 % point and the 4' % point, ar¢ useful to
provide measurement uncertainty associated with the method, measurands and the concentrations at
which they are measured. Concentrations given without significance levelsshould be avoided.
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Annex A
(informative)

Estimation of the mean and variance

A.1 Sinpletaboratoryexperiment

For N obsg¢rvations, code each observation y; as shown by Formula (A.1):

1 if positive
Yi= ) : (A1)
0 if negative
Let x be the total number of positive observations, as shown by Formula (A.2):

X =Y0i (A-2)
Calculate the observed mean POD at each concentration as the ratio ofthe number of positives, x, to the
total numper tested, N, as shown by Formula (A.3):

1 - X
P, =m=y=— A.3
o y N (A3)
NOTE The confidence interval of the mean estimate: A method for calculating the characteristics qf a

method ba
intermedid
confidence

A.2 Mullti-laboratory experiment

5ed on the data derived from a single laboratoryexperiment is provided. This yields estimates of

intervals of POD values near 0 and 1,0 will be larger than 12, in the range of 60 to 300 replicates.

the
te precision of the method. The number of replicates needed to provide a meaningful estimate of the

For comphprison of the results of laboratories, it has been proposed that the following approach|be
followed.
Calculatign of the mean: For‘a’multi-laboratory validation experiment, where p laboratories have
submitted results, each laboratory submits n; replicates.
The number of positivéresponses is shown by Formula (A.4):
Il i

X=3 >y (44)

1=1,2,37p

i=123,.n
For each level, the overall number of responses is shown by Formula (A.5):

N=Yn; (A.5)

16
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r each level, calculate the general mean as Formula (A.6):

ATX
Y N

3 Calculation of variances of a multi-laboratory experiment

(A.6)

Three variances are calculated for each level. They are the repeatability variance, the between-
laboratory variance and the reproducibility variance.

The repeatability variance is shown by Formula (A.7):

wlHere

The between-laboratory variance is shown by Formula.(A.8):

2 2
s5—s
S%= d= r
n
where
p P p
2 1 1
Sd:_ nizz—Tzniz :ZZHI
P=1 4 1()’1")’] PN = I(yz) —(y] =)
anfl

sh

©

2 25)21("1 —1)5,2
> (m=1)

N

512 is the within-laboratory variance for the /th laboratory and is:the mean squared devi

p is the number of laboratories;

n; is the number of observations for the /th laboratory;

Iere, owing to random effects, a negative value for s% is obtained from these calculations
uld be-assumed to be zero. The reproducibility variance is shown by Formula (A.9):

(A7)

ation;

(A.8)

the value

2 2 2
SR =Sy 75,

ISO 2019 - All rights reserved
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Annex B
(informative)

Hybrid modified Wilson interval model

B.1 Gemerat

The apprd
and 0,85,
using pub

For a mul
the LPOD,

Po =

where x is

B.2 Me

B.2.1 St
response.
.org/imis1

ach given in this annex (see References [3] and [19]), using transition points of LPODy= 0
hnd LPOD = 0,05 and 0,95, has been modelled in an improved method and can be,perforn
icly available online tools.

i-lab trial where A = number of laboratories, R = replicates per lab, N = AR'=total replicat
P ., estimate is shown by Formula (B.1):

X
— B
N (

the number of positive results.

thod for estimating LPOD, P, 95 % confidence intervals

bp 1: Enter data into the AOAC spreadsheet with' 1 for positive response and 0 for negat

15
ed

1)

ive
ac

Record the mean LPOD, s(R) and s(r). Thissspreadsheet can be found at: http://www.a
5 prod/AOAC _Docs/NEWS/09trad04_AOAC: binary-v2-3.xls.

Alternatiy
response.
the gener
identificatf

B.2.2 St

s(A)F

B.2.3 St
shown by

ely, code results as 1 for positive (detected) response and O for negative (not detect

hl mean as LPOD, s(R) and s(r)’. Do not remove any results as outliers without root ca
ion.

bp 2: Calculate s(A4), stanidard deviation due to lab effect as shown by Formula (B.2):
s(R)? =s(r)’ (B

ep 3: Calculate s (Pa) as the standard deviation of the individual laboratory POD estimates
Formmula (B.3):

Calculate statistics as described inthe ANOVA-based analysis of ISO 5725-2:1994, 7.4. Rectﬁrd

ed)

se

2)

as

J ya 2

s(Py,)

Lkroci rock)
—, % GAT B.3
\/ 1 (B:3)

A—

B.2.4 Step 4: Calculate degrees of freedom, v, for s (Pa) as shown by Formula (B.4):
v=A-1 (B.4)

18

© ISO 2019 - All rights reserved


http://www.aoac.org/imis15_prod/AOAC_Docs/NEWS/09trad04_AOAC_binary-v2-3.xls
http://www.aoac.org/imis15_prod/AOAC_Docs/NEWS/09trad04_AOAC_binary-v2-3.xls
https://standardsiso.com/api/?name=2975fb92521c6d72e30d31854b2659b6

ISO/TS 16393:2019(E)

B.2.5 Step 5: Calculate 95 % confidence limits LPOD, P, , as shown by Formulae (B.5) to (B.10):

If0,15< P, <0,85:

to.975vS (Pa>

f; =max{0,P , — (B.5)
Ja
t s|P
fi, = min Jl,P(m + L,_(O‘ﬂf (B.6)
L ]
If P, <0150r P, >0,85:
x2
x+1,9207-1,960 0 X—W+0,960 4
1. = B.7
i N+3,8415 (B.7)
x2
x+1,920 7+1,960 0 X—W+O,960 4

1. = B.8

Hu N+3,8415 (B.8)
where

x isthe number of observed positive outcomes;

N isthe total number of trials.
IfpP, =0:
.l:‘L =0

3,841 5
R B.9

Hu =33 3,841 5 (B-9)
IfP, =1

. N

= B.10

BL=vs 3841 5 (B-10)
/:t[ =1
B.B““Transition point on x (number positive)

The transition point can be specified by the number of positive observations, x. The best coverages
were found when 0, 1, 2 or 3 positives (and symmetrically 93, 94, 95 and 96 positives) were used for
the Wilson interval, and the Student interval was used for all other outcomes in between. Simulated
coverages based on hybrid modified Wilson with Student t-interval with A - 1 degrees of freedom,
transition point at X = 3 and x = 93 are tabulated in Annex E.
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Annex C
(informative)

Maximum profile likelihood based on the probit model

Even though the observed variable y of the basic model (see 5.2) is binary, encoding success of detection
as 1 and failure of detection as U, the measurand I1tsell has a (UnknownJ concentration. The latgnt
variable rhodel explicitly recognizes this fact[1Z]. If the concentration could be measured, themiodel
used in ISP 5725-2 could describe the measured concentration as Formula (C.1):

X=m+B+e (d.1)

where

X idthe measured concentration;

g the true concentration;

e

m

g the laboratory bias;

—

e ida random measurement error.

Both B and e are assumed to be random and to follew a normal distribution with mean zero gnd
variances G,% and Grz, respectively. A positive detegtion with y = 1 in the basic model is then given if
and only if X > 0 in the latent variable model.

The POD, Pa , is then modelled by a probit-link; given by the LPOD, PM , as shown by Formula (C.2):
Py =lP(X>0)=P(B+e>—u)=@(u+B) (d.2)

where @ is the cumulative distribution function of the standard Normal distribution.

Thus, the|probability of defection in the basic model is translated into the probability that the latent
variable describes a positive concentration of the measurand. The link between the concentration gnd
the detection probability’is given by the probit, which assumes that the random number of positjve
detection$ of a labordatory follows a binomial distribution with laboratory-specific POD equal|to
®(u + b); lhere b is;again the laboratory bias.

The pararpeters u and o =0 for the mean and the laboratory standard deviation are calculated usjng

f'l l 1 Ll pu | L. H 3ox3 +la 1 1Ll Ll | L. L. A 1 [aliohY
da prorie-lemmootapptroact raximzZmg tne 1ogKennoot, as Snowir oy rormtra (G o

k

lnE(u,G):ZlnP(Yi =n; | u,0) (C.3)
i=1

with

1 b2
P(Y;=n;|u,0)=—= jgn (n; (D(u+b))exp(——2Jdb

\2ro? . 20

where gn (x,p) denotes the probability density function of the binomial distribution with
parameters n and p.
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No closed-form solution to this maximization problem exists, but numerical solution of this problem is
standard and a web service is available from Reference [12].

Using the maximume-likelihood estimates, £, for the mean and variance, the LPOD is then estimated as

Formula (C.4):

P, =@ —LE_ (C.4)
0£+1
Lower and upper confidence limits of the 95 % confidence interval are calculated by Formulae (C.5)

anfl (C.6):

uy =min{®| ——E— Finf(ug, 0 )-In€(1,0%)<0,5 tf 75 41 (C.5)
Vol +1
angl
py =max{@| ——t— bing(ug, og)-In£(1,6%)<0,5 ¢ 975, 14 (C.6)

V02+1
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Annex D
(informative)

Maximum likelihood estimate based on beta binomial distribution

Anormal distribution has a definition range of (-oo, o) but the POD is bounded within [0, 1]. In estimating

the fluctu
e.g. Refer
sufficient

the POD i

f(p)

ences [10], [20] and [21]. A beta-distribution has a definition range [0, 1] and it is usts
y flexible, although it has only two parameters as well as a normal distribution. Let.P;
In the ith laboratory (i = 1,2,3,...,m) . Then, a beta-distribution can be used to-describe
variability of P,; among laboratories. See Formula (D.1):
1 a-1 b-1
= = 1— ]:
B(ap)” (1-p) (

where
a and
B(,)

The mean

, respectiy
in the ith

Pr(X;
Then, the

Pr(X;

The mean|
total logal

ntion or such variable, a beta-distribution 1s Irequently used 1instead of a normal distributl

b are positive constants;

is a beta function.

Pyo,andvariance, V(Py; ), aregivenby P,q =a/(@#b) and V(Pou-)zab/[(a+b)2 (a+b+1

ely. Let Xj and N; be the number of detected experiments and the number of total experime
aboratory, respectively. A binomial distribution can be used for X;. See Formula (D.2):
ni Xj np=Xj
=xilPg; =p.Ni=n;)=| " |p™ (1-p) (D
i

probability density of X; is given by a beta-binomial distribution. See Formula (D.3):

1

n; B(a+x-, b+n; —x-)

:XilNi:ni):JPr(Xi:Xilpai:prNi:ni)f(p)dp: I\ : b — (D

0 X; J B(a,b)

and variance aré-given by n;a/(a + b) and n;ab(a + b + n;)/[(a + b)2(a + b + 1)], respectively. T
ithmic likelihood is given by Formula (D.4):

g, Pr(X:<x;|N; =ni)) (0.

bn,

Iy
be

he

1)

~—"

)

nts

2)

3)

he

estimates of parameters, P,, and a, are obtained by maximizing the quantity of Formula (D.4). The
logit scale and the logarithmic scale should be used in finding the optimal Py, and optimal q,

respectively, to improve the property of maximum likelihood estimates. The asymptotic confidence
interval is calculated from the variance-covariance matrix estimated by the inverse of Hessian matrix.

The prediction interval, instead of the tolerance interval, is calculated by the quantile of Formula (D.1)
after substituting the maximum likelihood estimates. A negative-binomial distribution should be used

22
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