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Foreword

ISO (the International Organization for Standardization) is a worldwide federation of national standards bod

ies

(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

overnmental and

non-goverimental, in liaison with ISO, also take part in the work. ISO collaborates closely with- the

Internationgl Electrotechnical Commission (IEC) on all matters of electrotechnical standardization.

Internationpl Standards are drafted in accordance with the rules given in the ISO/IEC Directives, Part 2.

The main ftask of technical committees is to prepare International Standards. Draft International Standafds

the technical committees are circulated to the member bodies for voting. Publication as
Internationgl Standard requires approval by at least 75 % of the member bodies casting.a-vote.

an

In other cjrcumstances, particularly when there is an urgent market requirement for such documents| a

technical gommittee may decide to publish other types of normative document;

— an ISO Publicly Available Specification (ISO/PAS) represents an agréement between technical experts in
an ISQ working group and is accepted for publication if it is approved’by more than 50 % of the membjrs

of the |parent committee casting a vote;

— an ISQ Technical Specification (ISO/TS) represents an agréement between the members of a techn
commfittee and is accepted for publication if it is approved by 2/3 of the members of the committee cast

e years, revised to become an International Standard, or withdrawn. If the ISO/PAS or ISO/TS
confirmed,|it is reviewed again after a further_three years, at which time it must either be transformed into
Internationpl Standard or be withdrawn.

Attention i$ drawn to the possibility that'some of the elements of this document may be the subject of pat
rights. ISO| shall not be held responsible’for identifying any or all such patent rights.

ISO/TS 20p81 was prepared by~ Technical Committee ISO/TC 147, Water quality, Subcommittee SC
Biological Inethods.
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Introduction

Ecotoxicity tests are biological experiments performed to examine if either a potentially toxic compound, or an
environmental sample (e.g. effluent, sediment or soil sample) causes a biologically important response in test
organisms. If so, the goal is to determine the concentration that produces a given level of effects or produces
an effect that cannot be distinguished from background variation.

In @ test, organisms are exposed to different concentrations or doses of a test substance or-a tesll substrate
(e.g. waste water, sludge, or a contaminated soil or sediment), sometimes diluted in a test medium|. Typically,
at least one group of test organisms (the control group) is not exposed to the test substance or subpstrate, but
is gtherwise treated in the same way as the exposed organisms.

The endpoint(s) observed or measured in the different batches may be the numbef of surviving prganisms,
size or growth of organisms, number of eggs or offspring produced orfany relevant biochemical or
physiological variable that can be reliably quantified. Observations are madeyafter one or several jpredefined
osure times. The endpoint’s relationship with the concentration of the tested chemical or substrate is
examined. The way statistics are applied may have a considerable impact'on the results and conclysions from
ecoqtoxicity tests, and consequently on the associated policy decisions. Various documents (Willipms 1971,
Piggorsch and Bailer 1997, Tukey et al. 1985, Pack 1993, Chapnian et al. 1995, Hoekstra 1993| Kooijman
angl Bedaux 1996, Laskowkj 1995, Chapman 1996, OECD 1998,YASTM 2000) exist on the use qf available
statistical methods, the limitations of these methods and:how to cope with specific problematic data.
Didcussions of statistical principles and commonly used techniques are found in general referencg¢s such as
itage and Berry (1987) [basic information on hypoth€sis testing and regression, transformations], Finney
(1978) [analysis of quantal data, especially probjt“models], Hochberg and Tamhane (1987)| [thorough
treatment of multiple comparison methods], Newman (1994) [information related to biology-bas¢d models,
], and Sparks (2000) [a collection of articles covering field and laboratory experiments, rhultivariate
teghniques, risk assessment, and environmental monitoring].

When problematic data are encountered_or critical decisions depend upon inferences from ecotoxicity tests,
comsultation with a qualified statisti¢ian is useful. (Statisticians should be consulted before beginning the
experiment to ensure proper design,. sample size, limitations, and to be sure that the study is actually able to
angwer the research question that'the experimenter poses. Once bad data have been collected, there is little
a sftatistician can do to rectify-the problem.)

Clguse 8 contains a table.listing all the existing ISO and OECD ecotoxicity standards/guidelines that could be
anglysed using this-guidance document. For each standard/guideline, reference is made to the adapted
clauses of this Technical Specification.

Clguse 4 details~the different statistical approaches that can be used for the analysis of ecotoxicity data,
depending ‘on/the aim. In particular, it gives the assumptions made when using hypothesis-testing methods,
comcentration-response modelling methods or biology-based methods and their limitations. It also gives some
indication on experimental design issues. Some general principles and advice are also given for the process
of data analysis

Clause 5 deals with hypothesis testing, Clause 6 with dose-response modelling and Clause 7 with biology-
based methods.

There was an ISO resolution (ISO TC 147/SC 5/WG 10 Antalya 3), as well as an OECD workshop
recommendation (OECD 1998), that the NOEC should be phased out from International Standards.

However, the NOEC is still required in many regulatory standards from many countries, and in some cases,
where a detailed determination of an EC, is not relevant and the alteration of the study design is too costly to
fulfil the requirements for regression models. Therefore guidance is provided on the statistical methods for the
determination of the NOEC.
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In the annexes, examples of analyses with the three main methods (hypothesis testing for NOEC estimation,
dose-response modelling and biology-based modelling) of four different data sets are given. They concern:

— acute toxicity on Daphnia magna,;
— inhibition of algae growth;
— reproduction of Daphnia magna; and

— fish growth.
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Scope

s Technical Specification offers guidance on statistical methods used for the_analysis
ndardized ecotoxicity tests. It focuses on statistical methods for obtaining statistical es
ameters in current and future use, e.g. EC, (LC,), NOEC, NEC.

b methods described are intended to cover laboratory ecotoxicity tests (aquatie; sediment and/o
ts), and may also be relevant for other toxicity tests.

b main objective of this Technical Specification is to provide practical guidance on how to 3
bervations from ecotoxicity tests.

bothesis testing, concentration-response modelling and biology-based modelling are discuss

pddition, some guidance on experimental design is.givéen. Although the main focus is on giving
the experimentalist, a secondary aim is to help .these who are responsible for evaluating to
ally, the document may be helpful in developing new toxicity test guidelines by giving info

Normative references

e following referenced documents are indispensable for the application of this document.
brences, only the edition (€ited applies. For undated references, the latest edition of the

cument (including any amendments) applies.

D 3534-1: —1), Statistics — Vocabulary and symbols — Part 1: General statistical terms and ter
bability

Terms-and definitions

the'purposes of this document, the following terms and definitions apply.

bf data of
timates of
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production).
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icity tests.
mation on

For dated
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ms used in

3.1

accuracy
measure of how close the estimate is to the “true value” of the parameter (this true value is unknown)

3.2

precision
measure of the amount of variability in the estimate (quantified by the standard error or the confidence interval
of the estimate)

1)

To be published. (Revision of ISO 3534-1:1993)
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NOTE Precision may be increased by using larger sample sizes or by reducing the experimental variation. However,
as Figure 1 illustrates, although an estimate may be precise, this does not imply that it is also accurate.

inaccurate accurate

imprecise * Q @

precise . ®

NOTE The dot represents the true parameter value. The circle represents the confidence interval of the estimate.
Small circlep indicate high precision. Large circles indicate low precision.

Figure 1 — Conceptual illustration of accuracy and precision

3.3
concentration
amount of test material in the testing environment

NOTE 1 It is expressed, for example, as milligrams per litre'in water, and as milligrams per kilogram in soil and in fogd.

NOTE 2 [Concentration and dose both refer to the-@amount of test material to which the test organism is subjected.
Statistical mpethods for both types of studies are identical; however, interpretations are different. Although “concentratjon”
is used thrgughout this Technical Specification, all~the statistical methods presented here also apply to studies in whigh a
dose is used.

3.4
dose
amount of test material administered to a subject

NOTE 1 It is expressed,.€.g) in milligrams/kilogram-body mass in an avian bolus study.

NOTE 2  |Concentration and dose both refer to the amount of test material to which the test organism is subjecfed.
Statistical mpethods<far. both types of studies are identical; however, interpretations are different. Although “concentratjon”
is used thrgughout’ithis Technical Specification, all the statistical methods presented here also apply to studies in whigh a
dose is usedl.

3.5

confidence interval

x % confidence interval for a parameter is an interval of values that theoretically covers the true value of the
estimated parameter with x % confidence

NOTE 1 Standard confidence intervals are based on the assumption that the underlying mathematical model is correct.
It does not capture model uncertainty.

NOTE 2 A more precise definition is the following: interval estimator (7, T,) for the parameter 6 with the statistics 7},
and 7, as interval limits and for which it holds that P[T; < 6 < T4] > 1 - a. [ISO 3534-1,—].
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NOTE 3  Associated with this confidence interval is the confidence level 100(1 — a) % where a is generally a small
number. The confidence level is typically 90 % or 95 %. The inequality P[T; <6< T,] > 1 - a holds for any specific but
unknown population value of 6.

NOTE 4 A confidence interval does not reflect the probability that the observed interval contains the true value of the
parameter (it either does or does not contain it). The confidence reflects the proportion of cases that the confidence
interval would contain the true parameter value in a long series of repeated random samples under identical conditions.

3.6 Data types
3.6.1

qupntal/binary data
dafa that arise when a particular property is recorded to be present or absent in each individual

NQTE 1 An individual shows an effect or it does not show an effect. Therefore, these data can exhibit only two states.

NQTE 2  Typically, quantal data are presented as the number of individuals showing the pfopé€rty (e.g. mortality) out of
a tgtal number of individuals observed in each experimental unit. Although this can be expressed as a fraction, it should be
noted that the total number of individuals cannot be omitted.

3.4.2
cohtinuous data
dafa that can (theoretically) take any value in an open interval, for instance any positive number

EXAMPLES Measurements of length or body mass.
NQTE 1 Due to practical reasons, the measured resolution depends on the quality of the measurement|device. For
exgmple, if test units are observed once per day, then “time toshatch” can only be recorded in whole days; However, the
underlying distribution of “time to hatch” is continuous.

NQTE 2  Typically, continuous data have a dimensiory(e.g. grams, moles/litre).
3.6.3

digcrete data

dafa that have a finite or countable number of values

NQTE There are three classes of. discrete data: nominal, ordinal and interval.

— | Nominal data express qualitative attributes that do not form a natural order (e.g. colours).

moderate effect or high-effect). These data cannot be interpreted with regard to relative scale (i.e. an ordjnal variable
with a value of “4>can be interpreted as being higher then the value of “2”, but not twice as high). Ordi
often be reduced\ie’quantal data.

— | Ordinal data reflect thesrelative magnitude from low to high (e.g. an individual shows no effect, mi1ima| effect,

al data can

— | Interval data (e.g. number of eggs or offspring per parent) allows the ranking of the items that are measured, and the
differences, 'between individuals and groups can be quantified. Often, interval data can be analysed ag if the data
were continuous. The analyses for interval discrete data are presented in this Technical Specification; [analyses of
nominatl and ordinal data are not included but are addressed in a future revision.

3.7
effect
change in the response variable under consideration compared to a control

NOTE 1 For quantal endpoints, an effect is usually described in terms of a change in the percentage of individuals
affected.

NOTE 2  For continuous endpoints, an effect is typically described in terms of a percent change in the mean values of
the endpoint, but it can also be described in terms of absolute change.
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3.8 Effect concentrations

3.81

quantal effective concentration

quantal EC_

concentration of test material in water, soil, or sediment that causes x % change in response (e.g. immobility)
during a specified time interval.

EXAMPLE An example of a concentration-response relationship and its associated estimates of EC,, and ECy, are
illustrated in Figure 2.

NOTE 1 It is expressed, e.g. in milligrams per litre or milligrams per kilogram.

NOTE 2 |The x % change in response corresponds to an effect predicted on x % of the test organisms at™a gipen
concentratign. This parameter is estimated by concentration-response modelling.

3.8.2
quantal effective dose
quantal ED

dose of tegt material that causes x % change in response (e.g. immobility) during a S§pecified time interval
NOTE 1 It is expressed, e.g. in milligrams per kilogram body mass in an avian bolus-study.

NOTE 2 [The x % change in response corresponds to an effect predicted dn\x % of the test organisms at a given
concentratign. This parameter is estimated by concentration-response modelling.

3.8.3
quantal lethal concentration

h

quantal LG,

concentratjon of test material in water, soil, or sedimentthat causes x % change in response (i.e. mortality)
during a specified time interval.

EXAMPLE An example of a concentration-response relationship and its associated estimates of EC,, and EC, [are
illustrated ir] Figure 2.

NOTE 1 It is expressed, e.g. in milligrams per litre or milligrams per kilogram.

NOTE 2 |The x % change in response~eorresponds to an effect predicted on x % of the test organisms at a gipen
concentratign. This parameter is estimated by concentration-response modelling.

3.84
quantal lethal dose
quantal LD,

dose of tegt materialthat causes x % change in response (i.e. mortality) during a specified time interval

NOTE 1 It is expressed, for example, in milligrams per kilogram body mass in an avian bolus study.

NOTE 2 The 9% r\hongn n response rnrrncpr\nde toan effect pr’odir\l‘nd on—x% of the test r\rggniemc at g gi /en

concentration. This parameter is estimated by concentration-response modelling.

3.8.5
continuous effective concentration
continuous EC

concentration of test material in water, soil, or sediment that causes x % in the size of the endpoint during a
specified time interval

NOTE 1 It is expressed, for example, in milligrams per litre or milligrams per kilogram.

NOTE 2  This parameter is also estimated by dose-response modelling.
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3.8.6
continuous effective dose
continuous ED,

dose of test material (e.g. mg/kg-body mass in an avian bolus study) that causes x % in the size of the
endpoint during a specified time interval

NOTE 1 It is expressed, for example, in milligrams per kilogram body mass in an avian bolus study.

NOTE 2  This parameter is also estimated by dose-response modelling.

3.9
en}ipoint
regponse variable
biological parameter observed
EXAMPLE Survival, number of eggs, size or growth, enzyme level.
NQTE An ecotoxicological study can have one or many endpoints.

Observed effect

A NOEC
| Loxc
100% i )
control *
50%
0% \4 v N
ECyy EC;s Concentrtion
NQTE The order of the'parameters given in this figure has been taken at random.
Rigure 2 — lllustration of a concentration-response relationship and of the estimates of the|EC  and
NOEC/LOEC

3.10
effpctive time
E X

time at which an effect of x % is expected at a specified test concentration when the test organisms are
exposed to a given concentration of material in water or sediment or soil

NOTE ET, is estimated by modelling a time-response relationship.

3.1

lethal time

LT,

time at which an effect of x % is expected at a specified test concentration when the test organisms are
exposed to a given concentration of material in water, sediment or soil, and when the response of interest is
mortality
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3.12

experimental unit
replicate unit
smallest unit of experimental material to which a treatment can be allocated independently of all other units

EXAMPLES Aquariums, beakers, or plant pots.

NOTE

By definition, experimental units shall be able to receive different treatments. Each experimental unit may
contain multiple sampling units on which measurements are taken. Within each experimental unit, sampling units may not
be independent. However, in some special case situations, individual organisms (housed in common units) can be treated
as the experimental units: these special cases require some proof or strong argument of independence of organisms.

3.13
sampling
unit for wh
EXAMPLES
NOTE

3.14

unit
ch the measurement is taken

Fish, daphnia or plants.

The sampling unit is not always identical with the statistical unit.

extrapolafion

prediction
NOTE 1

NOTE 2
concentratiq
extrapolatio

3.15
interpolat
prediction

NOTE

interpolation.

3.16

hormesis
effect whe
concentrat

NOTE 1

bf the value of variates outside the range of observations
Extrapolation may not lead to a reliable estimate (see e.g. 6.4).

When an EC_ estimated from a fitted concentration-response-function is lower than the lowest nonZz
n tested in the study, or higher than the highest concentration tested in the study, it is obtained
n.

on
bf the value of variates within the range of observations

When the EC_ is between two consecutive nonzero test concentrations, it is said to be obtained

re the tested substance is a stimulant in small concentrations, but it is inhibitory in la
ons, resulting in a biphasic (or U-shaped) concentration-response relationship

This observed_stimulatory effect may be due to the tested substance, but it could also be due to

experiment,

NOTE 2

| artefact (e.g.“solvent effect, non-random allocation of treatments to experimental units, experimental error).

Models.incofrporating hormesis are not detailed in this Technical Specification. Two issues of Critical Revig

in Toxicology [20045>31(4) and 31(5), pp. 351-694] and other journal articles discuss the issues concerning horme|
Some discussioncan be found in Environment Canada (2003).

ero
by

by

rge

an

bWS
Sis.

3.17

lowest observed effect concentration

LOEC

lowest concentration out of the tested concentrations at which a statistically-significant difference from the

control gro
EXAMPLE

NOTE

up is observed
An example of LOEC is illustrated in Figure 2.

The LOEC is obtained by hypothesis testing.
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3.18

no observed effect concentration

NOEC

tested concentration just below the LOEC

EXAMPLE An example of NOEC is illustrated in Figure 2.
NOTE The NOEC is obtained by hypothesis testing.

3.19

m . —
relttionship in which the true, underlying concentration-response relationship exhibits an increase or a

degrease over the range of concentrations in the study

NQTE If the concentration-response is monotone and non-increasing, the location parameters' (mean|or median)
wolild exhibit the following relationship: vq > v4 > v, > v3 >. . . = v, where y is the location parameter and 0, 1] 2, ..., k are
the|concentration groups. If the monotone relationship is non-decreasing, the inequalities are revefrsed.

.20

comcentration in which the compound does not affect tHe.endpoint, even after very long expogure to the

parametric method
mgthod which assumes that\all the properties of the model are specified, except for the values of the
parameters

EXAMPLE 1 In classical analysis of variance (ANOVA), the residuals are assumed to follow a normal distfibution with
a mean of zero and seme unknown variance.

EXAMPLE 2 InvPoisson regression, the response variable is assumed to follow a Poisson distribution (pgrameters to
be pstimatedqn'the fitting process).

method which contains weaker assumptions an the parametric metho . about the shape of the
distribution of the residuals, and the analysis is often based on ranks of the observations
NOTE The non-parametric analogue to a two-sample t-test is the Mann-Whitney test. Non-parametric regression is
often conducted using a variety of smoothing techniques.

2) With fewer constraints.
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3.25
parsimony principle
principle that data should be described with as few parameters as possible

NOTE A common decision criterion of including more parameters in the model is the observation that such leads to a
significantly better description of these data.

3.26

systematic error

situation that a single concentration (dose) group differs from the others not only with respect to the intended
treatment (i.e. the concentration or dose) but also with respect to some unintended experimental factors

EXAMPLE Containers housing the animals may differ by themselves, and in a design with few or only one contafner
per dose grpup a deviating container may lead to a systematic error in that group.

NOTE The factor of time may underlie systematic errors in various ways, e.g. time of feeding, timeé{of observat|on.
The problem of systematic errors is that they may be wrongly interpreted as an effect of the intended treatment.

3.27
statistical|significance
observed fleviation from what was expected under the null hypothesis, it is unlikely to be attributablel to
chance vaftiation

EXAMPLE In hypothesis testing, a result is statistically significant at the chosen level « if the test statistic falls in|the
rejection region.

NOTE In this Technical Specification, the o-level is 0,05 unless otherwise stated.

4 Geng¢ral statistical principles
4.1 Different statistical approaches

4.1.1 Geheral

For each ¢f the three analysis methods\introduced below, it is necessary to obtain data from a designed
experimen} with replications of controls* and concentration groups. All three classes of analysis methgds
(hypothesis testing, concentration-response modelling and biology-based methods) are suitable for data from
toxicity tests as currently standardized by several OECD and ISO guidelines. However, designs for each of
these studies can be optimized with respect to cost-effectiveness and the selected analysis approach. The
number and spacing of the _€oncentrations depend on the study being conducted and the type of data analysis
to be utilizg¢d.

For each df the thre€ approaches introduced below, the following is provided:

— a brief description of the use of each method in ecotoxicity tests;

— a brief outline of specific analysis methods presented in the later clauses of this Technical Specification;

— alisting of some major assumptions and limitations for each approach.

4.1.2 Hypothesis-testing methods

Hypothesis testing is a statistical inference technique used to compare the responses among two or more test
groups. Hypothesis testing has many uses in ecotoxicology, ranging from detecting whether there is a
significant difference in the measured response between the control and a given concentration, to establishing
an LOEC and an NOEC. Discussion in this Technical Specification focuses on use in determining LOECs and
NOECs, the most frequent use of hypothesis testing in OECD guidelines.
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Methods discussed in Clause 5 include analyses for quantal data and continuous data. For both types of data,
parametric approaches (when an underlying distribution e.g.: normal, log-normal is characterised) and
non-parametric approaches (when weaker assumptions are made regarding the distribution) are presented. In
Clause 5, assessment is limited to conducting data analysis separately at each time point, though this is not a
limitation of the method. Three terms often used when discussing hypothesis tests are: Type | errors, Type Il
errors, and power (Table 1).

Type | errors (false positives) occur when the null hypothesis is the truth but the hypothesis tes

t results in

a rejection of the null hypothesis in favour of the alternative hypothesis. The probability of making a Type |

error is often referred to as « and is usually specified by the data analyst — often at 0,05, or 5 %

Se

Se

making a Type Il error is often referred to as S (1 — power).

given that the alternative hypothesis is true. Power of a test varies with sample size, varia

Power to detect differences can be increased by increasing the sample size and/or reducing
the measured responses. Thus, if a test has low power to detect an‘effect of a given s
equivalent to saying that the test has a low probability of detecting an‘effect of that size.

Table 1 — Probabilities of finding a significant or.non-significant test outcome,
given that the null hypothesis-is.true or not

State of the world
Result of hypothesis test
HO true HA true
not significant 1-a Type Il error
Vit
L Type | error
significant " 1— = power

veral assumptions made when conducting hypothesis tests to determine the NOEC are given bel

The concentration-response relationship may or may not be assumed depending on the specifi
tests used.

This approach makes only weak assumptions about the mechanisms of the toxicant or the big
organism.

veral limitations of using hypothesis testing to determine the NOEC are given below.

Since-the NOEC (or NOEL) does not estimate a model parameter, a confidence interval
assessed.

Type Il errors (false negatives) occur when the alternative hypothesis is true but the test fails-tp reject the
null hypothesis (i.e. there is insufficient evidence to support the alternative hypothesis). The)prpbability of

Power is the probability of rejecting the null hypothesis (Hj) in favour of the alternative hypothesis (H,),
nce of the

measured response, the size of an effect that it is of interest to detect, and:the choice of stafjstical test.

ariation in
ze, this is

PpwW.

C statistical

logy of the

cannot be

The value of the NOEC is limited to being one of the tested concentrations (i.e. if different values were

chosen for the tested concentrations, the value of the NOEC would be different).

If the power is low (due to high variability in the measured response and/or to small sample size), the

biologically important differences between the control and treatment groups may not be id

entified as

significantly different. If the power is high, it may occur that biologically unimportant differences are found

to be statistically significantly different.
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4.1.3 Concentration-response modelling methods

Regression methods are used to determine the relationship between a set of independent variables and a
dependent variable. For designed experiments in ecotoxicology, the main independent variable is the
concentration of the test substance and the dependent variable is the measured response (e.g. percent
survival, fish length, growth rate). Regression methods fit a concentration-response curve to the data and use
this curve to estimate an Effective Concentration (EC,) at a given time point. The mathematical model used
may be any convenient function that is able to describe the data; however, some models are more frequently
used and accepted within the ecotoxicity testing literature. Several methods are available for model fitting and
parameter estimation.

Methods iscussed in Clause 6 include analyses for quantal data and continuous data. Parameiric
approaches (when a specific underlying distribution is assumed) are presented.

Although hon-parametric methods have been developed for fitting concentration-responsg 'curves &nd
estimating|an EC_, they are not presented in this Technical Specification.

— Sources on non-parametric regression include:
Green and Silverman (1994), Easton and Peto, Fan and Gibjels (1996), Hardle,/W. (1991), Azzalini and
Bowmian (1997), Silverman B. (1985), Akritas and Van Keilegom (2001), Carroll et al. (1999) and Smjth-
Warnegr et al. (1998).

— Software for non-parametric regression can be found.

The effect of exposure time is considered in Clause 6.

Although power is typically only discussed when hypothesis.tests are conducted, both sample size and
variation in the response variable within groups affect thevinferences of concentration-response models|as
well. Sma|l sample sizes and high variability in thefesponse within groups increase the width of the
confidencyq interval of the parameters of interest (e.g."EC,), and the fitted model may not reflect the tfue
concentratjon-response relationship. To increase ‘the level of confidence in the parameter estimate, the
number of|replicates can be increased and measures to minimize unexplained variability could be taken. The
width of the confidence interval also depends on the experimental design (i.e. the location and numbef of
concentratjons chosen). Finally, in addition™to precision, accuracy of the estimated parameter is just|as
important. [To enhance accuracy, concentrations should be chosen such that various different response levels
are observed.

These spdcific properties of the(experimental design, the number and spacing of doses and the numbef of
replicates,|are related to the.value of x of interest in the particular experiment. Different designs may|be
employed [o estimate an ECgg, as opposed to an EC5. Further guidance for the design of experiments of {his
type is dis¢ussed in Clause.6.

Several agsumptions 6f concentration-response modelling are:

— the muodéls"® discussed in this Technical Specification assume the responses have a monotgnic
conceptration-response relationship;

— the fitted curve is close to the true concentration-response relationship;

— this is an empirical model and does not make strong assumptions about the mechanisms of the toxicant
or the biology of the organism.

Several limitations of concentration-response modelling are:

— estimation of EC, values outside the concentration range introduces a great deal of uncertainty (i.e.
extrapolation outside the range of the data);
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once the experiment has been performed, the resulting concentration-response data may not be suitable
for the estimation of parameters of a concentration-response model. In particular, when the gaps between
consecutive response levels are so large that many different concentration-response models would fit
equally well to the observed data, interpolation would not be warranted.

41.4 Biology-based methods

The biology-based methods presented in this Technical Specification provide models for exploring the effect
of the test chemical over time as well as incorporating a toxico-kinetic model for the behaviour of the chemical.

ral aquatic
t, daphnia

regroduction test, and alga growth inhibition test). The models presented in this Technical Specification utilize

dymamic energy budget theory (see Clause 7 for details and associated referencés):” This theory
quantitative description for the processes of feeding, digestion, storage, maintérance, growth, de
regroduction and ageing and their interrelationships. As with concentration-response modelling, t
confidence in the parameter estimates (as evidenced by the width of the caonfidence interval) is a
safnple size and inherent variation in the response.

Befause of additional assumptions regarding the toxico-kinetic behaviour of the chemical and thg
behaviour of the organism in the system, it is sometimes possiblé.to carry out additional extrapolatiq

ponses to a con-specific or physiologically-related species of a different body size for a
pound.

veral general assumptions made when-using biology-based methods are the following.

The models discussed in this_Technical Specification assume the response has a
concentration-response relationship.

This analysis method incorporates mechanistic models for toxico-kinetics and physiology.

veral limitations of bioclogy-based methods are the following.

Estimation of¢parameter values (e.g. EC, and NEC) outside the concentration range introdug
deal of uncertainty (i.e. extrapolation outside the range of the data).

When the' gaps between consecutive response levels are so large that different biology-bas
would it equally well to the observed data, NEC estimations would not be warranted, if
sUbstantially between the models.

provides a
belopment,
he level of
function of

biological
n from the
tions need
d-research
amples of
sponses to
cies using
given test

monotonic

es a great

ed models
they differ

To date, models have been developed for some of the common aquatic toxicity tests (acute and chronic

tests on survival/immobility for daphnia and fish, fish growth test, daphnia reproduction test, and alga

growth inhibition test). Nevertheless, these models can be applied to any test species.
4.2 Experimental design issues

4.21 General

The usual factors (independent variables) studied in ecotoxicity tests are the concentration of

the tested

substance and the duration of exposure. For the estimation of the effect at a given condition, it is necessary to

replicate these conditions, to control experimental variation (see 4.2.3).
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The experimental design, amongst others, specifies the tested concentrations of the substance, the number of
replicates and the number of containers per tested concentration, as well as the times of observation.

4.2.2 NOEC or EC: Implications for design
The estimation of an EC,. puts different demands on the study design than does the assessment of an NOEC.
— When the aim is to assess an NOEC, an important demand is that the study warrants sufficient statistical

power. To that end, the concentration (dose) groups need a sufficient number of replicates (possibly at
the expense of the number of dose groups). Many test guidelines are based on this principle.

— When|the aim is, however, to provide an estimate of an EC,, the primary demand on the study desig||| is
to havie a sufficient number of concentration (dose) groups. This may be at the expense of the numbef of
replicates per group (e.g. keeping the total size of the experiment the same), since the precision of the
estimated EC,. depends more on the number and spacing of concentrations than on the sample size per
conceptration or dose group.

— The dpmands for study designs aimed at estimating an NOEC or an EC, are further discussed in 5./1.7
and 65, respectively.

Therefore,[the choice between assessing an NOEC and estimating an EC, should actually be made befpre
designing the study. If one wishes (or is required) to assess both, a compromise between the two opposjng
demands ghall be made, i.e. a design with both a sufficient number of dosé/groups and a sufficient numbef of
replicates |n each group.

— The number of replications per group needed for assessing an’\NOEC depends on the desired power of
the statistical test involved (see 4.1.1).

— For agsessing an EC,, three concentration groups, next to the control group, is an absolute (theoreti¢al)
minimum. However, when just one dose group appeared to have been unluckily chosen, the assessmgent
of an EC,. would probably fail, and more concentration groups are therefore required in practice.

Design re¢ommendations for experiments using;a biology-based model include those for EC,. Additional
recommendations are discussed in 7.8.3.

4.2.3 Ranhdomization

Variability jis inherent in any biological data set. This variability is directly visible in continuous and discrete
data. Althqugh the following discussion holds for any type of data, it is easiest to use continuous data as|an
example. In analysing concentration-response data by statistical methods, the observed scatter is sometimes
called noise or variation, but-when designing experiments and interpreting results it is good to understand the
reasons fof the noise. The-following factors may play a role:

a) the variation between the individual animals, due to genetic differences;

b) the differences in the conditions under which the animals grew up prior to the experiment, resulting in
epigenetic differences between animals;

c) the heterogeneity of the experimental conditions among the animals during the experiment;

d) variation within subjects (i.e. fluctuations in time, such as female hormones, which may be substantial for
some endpoints); and

e) measurement errors.
Randomization processes are used in designed experiments to eliminate bias in estimates of treatment effects,
and to ensure independence of error terms in statistical models. Ideally, randomization should be used at

every stage of the experimental process, from selection of experimental material and application of treatments,
to measurement of responses.
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To minimize the effects of the first two factors, animals need to be randomly distributed into concentration
groups. To minimize the effects of the third factor (both intended and unintended, such as location in the
room), application of treatments should be randomized as much as possible. To minimize the effects of the
fourth factor, the measurement of responses should be randomized in time (e.g. although all responses are
recorded at 24 h, the order in which the experimental units are measured should be randomized). With good
scientific methods, measurement errors can be minimized.

In some circumstances, it may be difficult, or expensive, to randomize at every stage in an experiment. If any
experimental processes are carried out in a non-random way, then statistical analysis of the experimental data
should include a phase in which the potential effect of not randomizing on the experimental results is
examined

4.24 Replication

As
req
the
me
the
wh

discussed above, noise cannot be avoided, and therefore it is necessary to assign-a“certain
licates (experimental units) to each treatment group and control group. The numbet of replicates
power in hypothesis testing and the confidence limits of parameter estimates. A'standard assun
thods is that replicates are independent. Treating observations as independént, replicates, wher
y are not, represents an error called pseudo-replication (Hurlbert, 1984)\ This issue becomes
en animals are housed together, as in a tank or beaker.

There are two types of housing effects:

containers may differ from each other in some (usually unkndwn) sense;

the organisms within a container affect each other’s responses.

e first effect may result in different mean responses between containers (at a given concentrg
e of non-independence can be addressed_by taking the variation between containers into acc
istical model. For instance, with contintiods data this may be done using a nested ANOVA,
individual observations are nested within the container.

The second effect might distort the distribution of the observations related to the individual orga
insfance, with quantal data, the\“assumption of binomial distribution may not hold. In an exd
comtinuous data, when there (s)competition among individuals in the same container, the respor
individual organisms may appear bimodal. See Clause 5 and Clause 6 for more detailed discussion

4.2.5 Multiple controls included in the experimental design

common in @guatic and certain other types of experiments that the chemical under investigation
inistered-successfully without the addition of a solvent or vehicle. In such experiments, it is cu
incjude two.control groups. One of these control groups receives only what is in the natural
enyironment (e.g. dilution water), while the other group receives the dilution water with added solv
test chemical. In ecotoxicity experiments, these are often termed negative or dilution water (non-s

number of
influences
ption of all
eas in fact

important

h effects result in non-independence (or pseudoreplication) of the individual organism’s responsgs.

tion). This
bunt in the
where the

hisms. For
mple with
ses of the

b

D.

cannot be
stomary to
laboratory
ent but no
blvent) and

solvent controls.

OECD recommends limiting the use of solvents (OECD 2000); however, appropriate use of solvents should
be evaluated on a case-by-case basis. Details regarding the use of solvents (e.g. recommended chemicals,
maximum concentrations) are discussed in the relevant guideline documents for a specific ecotoxicity test. In
addition, regulatory guidelines shall be followed by both controls with regard to the range of acceptable values
(e.g. minimum acceptable percent survival or mean oyster shell deposition rate). Multiple control groups can
be utilized regardless of whether the experiment was intended for hypothesis testing (i.e. determination of an
NOEC), regression analysis (i.e. determination of an EC,), or biology-based methods. The focus of this
subclause is to present a data analysis methodology for experiments in which a solvent is used.

Data from the two control groups are analysed to determine if the solvent had a statistically significant effect
on the measured response. If there is a statistically significant difference between the negative and solvent
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control groups, any conclusions and inferences based on this study could be impacted due to the presence of
a solvent effect. If there are no significant differences in the means (or proportions for quantal data or medians
for non-parametric data) between the negative and the solvent controls, then it is concluded that there is
insufficient evidence to detect a difference between the controls.

The solvent control group is the appropriate control group for comparisons with treated groups. Each group
shall have the same solvent concentration as the control. For a toxicity test in which a solvent is used in
conjunction with the test chemical, the assumptions are that the solvent had no effect on the responses of
interest and there was no interaction between the test chemical and the solvent. With the addition of a
negative control (as is required in all experiments using a solvent), the assumption regarding a solvent effect
can be tested However_ unless the chemical is also tested in absence of a solvent the assumption of no

interaction|between the solvent and the test chemical cannot be evaluated.

Some pradtitioners consider combining the data into one “pooled control” for comparison to the treated grolips
when no sfatistically significant differences between the solvent and negative control were identified."Howeyer,
this does not take into account the fact that the differences between the two controls mightnet have bgen
detected With a statistical test because the sample sizes are too small (i.e. low power) or thatit combines {wo
sources of|variability.

The methqds used for statistical comparison of negative and solvent controls vary depending on the typg of
data and the assumptions regarding distribution of the data. Methods and mathematical details for carrying put
these testd are found in Clause 5 and its associated annexes.

4.3 Progess of data analysis

4.3.1 Geheral

A typical data analysis more or less follows a general patteri, usually constituting the following steps. Fifst,
the data afe plotted and visually inspected. Then, a suitable type of analysis is chosen, based on particylar
assumptions that appear reasonable for the data at hand~’After the analysis, the underlying assumptions are
checked. If necessary, an adjusted analysis is performed. And finally, the results are reported by making plots
and/or tables.

4.3.2 Data inspection and outliers

A useful first step in analysing dose-response data is to visually inspect the data. For continuous data, the
individual fesponses (together with the-group means) may be plotted as a function of dose. For quantal d3ta,
one may glot the observed frequencies of response as a function of dose. These plots are useful to assgss
whether the data show a doserresponse relationship. Further, these plots may indicate any peculiarities in the
data. In particular, the observed data may show outliers, i.e. data points far away from intuitive expectation| or
from the general pattern shown by the data. In continuous data, one may detect both outliers that relate to the
individual prganism (orf\more generally, the biological system serving as the experimental unit), and outliers

systemat|
organisms in the various dose groups were heId in dlfferent aquaria, and one of them contamed an |nfect|on
Or, the organisms in the different dose groups were treated in a specific order (with respect to feeding, time of
observation, etc.). Detection of this type of outliers typically cannot be enforced by any formal statistical
method, and one has to rely on visual inspection, judgement and experience.

Obviously, treatment group outliers are highly undesirable, since they directly interfere with the effect that one
wishes to measure, thereby increasing the probability of both false positive and false negative results. For
example, an NOEC may be assessed at a level where substantial effects do occur, or an LOEC may be
assessed at a level without real effects (i.e. from the chemical). The only way to prevent outliers at the group
level is a design that is perfectly randomized with respect to all experimental actions that may potentially
influence the (observed response of) the biological system. In practical biological studies, however, perfect
randomization is hard to realise, and it is not feasible to reduce the probability of getting group outliers to nil.
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Therefore, it is paramount to make the study design relatively insensitive to potential outliers, i.e. by
randomized replicated dose groups, and/or by increasing the number of different doses (followed by dose-
response modelling, see Clause 6).

Outliers at the individual level can only be detected in continuous data. When a particular distribution is
assumed for the scatter in the data, the judgement of outliers may be based on a specific, small probability
that any single data point could occur. This implies that the judgement of outliers can depend quite strongly on
the assumed distribution. For example, values that appear to be extremely high when assuming a normal
distribution may be judged as non-extreme when assuming a log-normal distribution. Vice versa, low values
may be judged as extremes when assuming a log-normal distribution, but not so when a normal distribution is
assumed

The statistical analysis of the data is sensitive to individual outliers, although less dramatically~thgn to group

oufliers. On the one hand, individual outliers may result in biased estimates of the effect (either t
toq large). On the other hand, the estimate of the residual variance (the “noise”) is increased, im
statistical tests tend to be less powerful, and estimated parameters (e.g. EC,) less) precise. T
regsons can be found explaining the outliers, it is favourable to delete them from theyanalysis.

though non-detectable, individual outliers can also occur in quantal datasand affect the an
example, when just one of the individuals in the controls shows a response(but is in fact an outlier,
mdy have quite an impact on the statistical analysis. Being non-detectable, individual outliers a
prgblem in quantal data than in continuous data.

In

Th
by
Atk

conclusion, outliers can have dramatic effects on the statiStical analysis and the conclusid
erefore, it is very important to reduce their impact by using designs that are relatively insensitive |
utilizing replicated dose groups and/or multiple dose.groups. More information can bg
inson (1985), Belsey et al. (1980) and Cook and Weisberg (1982).

4.3.3 Data inspection and assumptions

4.3.3.1  Scatter
ual inspection may be used to explore,the general pattern of the scatter around (continuous) d
e may find out if the scatter around ;the mean response appears to be symmetrical or skewed

atter is more or less homogenous. Heterogeneity of variance (scatter) may have a biological ba

an response. This distinction is important, both for the analysis and for the interpretation of resu

it may be theoret|caIIy expected that the standard deviation

o small or
plying that
herefore, if

alysis. For
this outlier
e a larger

ns drawn.
o them, i.e.
found in

ata. Thus,
and if the
5is, i.e. the
ecrease in

scatter may also be related) to the statistical distribution of the data, e.g. the scatter increasg¢s with the

ts. Further

be related

increases

In |log- normaIIy d|str|buted data,

Iso, for the

gamma dlstrlbutlon the CV is expected to be homogenous. When a partlcular dataset (such as masses,
concentrations) shows scatter that increases with the mean, one may plot such data on the log-scale, which
usually makes the scatter independent from the means. In addition, when the scatter is relatively large (say,
with a CV larger than 20 %), the scatter may be skewed on the original scale, but not on the log-scale. The
latter would confirm that the pattern in the scatter is a result of the underlying distribution.

As another example, counts may follow a Poisson distribution. Here, the variances are expected to be equal
to the means (or proportional to them). Such a pattern should vanish when the data are plotted on square root
scale.

Finally, in quantal data with replicated dose groups, it can be also be expected a priori that the scatter
between the replicates depends on the mean response (this follows directly from the properties of
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frequencies). Here, one may plot the frequencies after the transformation arcsin(\p), where p is the observed
frequency (fraction). This transformation is able to remove the (theoretical) relationship between the variance

and the mean frequency (assuming a binomial distribution).

4.3.3.3 Heterogeneous variances and true variation in response

Heterogeneity in the scatter might also be caused by the treatment (the applied chemical) itself, i.e. so

me

individuals respond stronger to the chemical than others. This could happen when genetically heterogeneous
organisms are used, e.g. subject to genetic polymorphism. In many toxicity tests, however, the organisms
used are genetically homogenous, and real (biological) heterogeneity in response to the chemical is, in those

cases, not[verytikety:

4334 onsequences for the analysis

Heterogengity of variances may be a matter of scaling that can be removed by the right~transformati
Usually such a transformation also tends to make the data more normally distributed. Thus;,one may ap
standard methods based on normality (e.g. +-test, ANOVA, linear regression) to the transformed data. Anot

(i.e. genefjalized linear models). When a particular transformation is found that\results in homogen
variances,|only one variance parameter needs to be estimated. Thus, all the data contribute in the varia
estimate, Which is in statistical terms reflected by a larger number of degrees of.freedom 3).

approach is to omit the transformation, and use methods that are directly based on the“assumed distribu};on

However, when the heterogeneity of variances appears to be due to real biological heterogeneity in respon
among individual organisms, one should carefully consider if further_analysis is meaningful. For exam
when the ¢rganisms (or experimental units) consist of two distinct subpopulations, one responding, the ot
not, any egtimated change in mean response has no useful mearning. When such two subpopulations can
distinguished from observable features (e.g. sex), the appropriate way to proceed is to analyse b
subpopulations separately, or by using the observable feature‘as a covariate (see, e.g. 6.3.3, and Figure 14

4.3.4 Trgnsformation of data

Many standard parametric methods (e.g. ANQYA, ttests, linear regression analysis) assume norm
distributed|data and homogenous variances. In practice, the data often deviate from these assumptions, an
so, the inferences resulting from these ‘standard methods may be disturbed. A variance-stabiliz
transformgtion is often applied to the data, and then the statistical analysis is performed on the transforn
data. Examination of residual plots (plet.6f the residuals vs. the predicted values) and tests of heterogeneity
variance (e.g. Levene, Bartlett, Hartley’'s F-max, or Cochran’s Q) can help to identify instances when
variances among the concentration groups are unequal. References on this topic include Box and Cox (196
Box and Hijll (1974), Box and Tidwell (1962), Draper and Cox (1969).

pn.
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For a varignce-stabilizingdransformation to exist, there shall be a relationship between the population means

and varianices. In many\Cases, the theoretical distribution of the response variable can guide the choice ¢
transformgtion. Examples are given below.

— If the YInderlying distribution is assumed to be Poisson, the square root transformation,

’

f a

v =0 or v = [(v+ 1)), is used.

— If the underlying data are log-normal, the log-transformation, y;" = log(y;), is often used.

— For proportions with binomial distributions, the arc-sin square-root [y;’ = arcsin(yi”z)] and

Freeman-Tukey [y, = (v; + 1)V2 + (y,/2)] transformations are often used.

3) In general, it is favourable to include as few parameters (that need to be estimated from the data) as possible in

the

analysis, and yet describe the data accurately. Too few parameters probably result in biased estimates; too many

parameters tend to result in too wide confidence intervals. This is also referred to as the parsimony principle.
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If the underlying theoretical distribution is unknown, a data-based procedure (Box-Cox transformation)
can be used (Box and Cox,1964).

The use of transformations often simplifies the data analysis, in that the more familiar and traditional data
analysis methods can be used, but care shall be taken in interpreting the results of this data analysis. Several
aspects are discussed below.

If a transformation is used, it is also necessary to back-transform the means and confidence intervals to the
original scale, when reporting results. It is not correct to back-transform the standard errors. It is important to

understand that the back-transformed means differ from the arithmetic means of the original data. These

bag ahsiormed-means-shottd-bethterpretedas—estimatesot-themed otthe Ungs alal¥a listribution,
if {he transformed data are normally case of a
log this value
estimates the median of the underlying log-normal distribution.

When a transformation is not used in the data analysis, the difference in the means.is a logical measure for

of [1,2 g). The back-transformed difference in means (of the transformed data) however has anoth

angl R? (coefficient of determination). Not all data problems can+be fixed by transformation of the res
example, if a large percentage of the responses have the“same measured value (ties), no tran
addresses that issue.

4.3.5 Parametric and non-parametric methods

4351 General
A
honogeneous, possibly after a particular transformation. In that case, one may analyse the d
standard parametric methods based on normality. Or, one may choose to analyse the data b
pafticular distribution other than the normal. Here, some basic aspects of parametric and non-

mdthods are discussed.

4.3.5.2 Parametric. methods

WH
pa
pa
cal
dis

en the data‘are assumed to follow a particular statistical distribution, they can be summariz
ameters of.that distribution. For example, data that are normally distributed can be summarized
ameters;\the mean and the variance. Therefore, methods that are based on an assumed distr
ed ‘parametric methods”. Obviously, these methods intend to estimate the parameters of the
fribution, such as the mean and the variance, or any derived parameters, such as the EC..

size of an effect. This difference is interpreted as an absolute change in the original units (e.g. a decrease

er, usually
the back-
he median

, e.g. test
s are that
coefficient)
ponse. For
sformation

visual inspection of the data may“have indicated that the scatter is more or less symmetric and

ata by the
ased on a
parametric

red by the
by just two
bution are
(assumed)

If one is interested in the value of some entity (such as the EC), rather than a “categorical” answer (significant
or nonsignificant), parametric methods are the natural approach of analysis. In addition, in hypothesis testing,
parametric methods such as ANOVA are also widely used.

Whatever distribution is assumed, parametric methods are based on the general principle of fitting the data to
the model. In hypothesis testing, this may be the ANOVA model; in dose-response modelling, this may be a
particular dose-response model.

— In applying parametric hypothesis tests, one shall examine the data for outliers, deviations from normality
and homogeneity, assessment of monotonicity of the dose response (for some approaches), and do a
general assessment of whether the proposed model adequately describes the data. These points are
discussed in depth in 5.1, 5.1.4, 5.1.6,5.2.2.3,5.2.25,5.3.1,5.3.1.3,5.3.1.4,5.3.1.6, and 5.3.1.7.
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— In dose-response modelling, the process of model fitting is eminent and indeed the focus of the analysis.
Therefore, in any dose-response analysis (as discussed in Clauses 5, 6 and 7) the user should
understand the general principles of model fitting. These are discussed in 4.3.6, 5.1.4, 5.2.2, 5.3.1, and
6.7.

4.3.5.3 Generalized linear models (GLMs)

Generalized linear models are an alternative approach to use parametric methods when the normality
assumption is violated. In this approach, the analysis of the (untransformed) data is based on another (than
normal) distribution, for example, a Poisson distribution (for counts), or a binomial distribution for frequencies.
GLMs are potdistussed i this—T ectmicat-Specification, amdthe Teader s Teferredto the titerature{McCuttagh

and Nelder, 1983; Kerr and Meador, 1996).

4.3.5.4 |Non-parametric methods
Non-paranpetric methods have been developed for those cases where one is not willing“\to assume any
distributior] at all. These methods can be used to test the null hypothesis that the observations in two [(or
more) treafment groups do not differ (i.e. they stem from the same, but unknown distribution). These methgds
are based| on the rank order of the observations. Therefore, significantly different treatment groups pre
supposed [to differ in the medians (since the median can be defined in terms-of“rank order). To prevent
misundersjanding, the medians should always be reported when non-parametric methods were usged.

(Differencgs between means may not be consistent with differences between medians, i.e. means are mpre
sensitive t¢ outliers than medians are).

4.3.5.5 How to choose?
Parametrig analyses have various advantages over non-parametfic methods.
— They are typically simpler to conduct (wide availability;of software).

— The methods have been developed for a wider array of designs (e.g. designs with replicated dg¢se
groups).

— The cpnfidence intervals are more easily~computed.
— The nethods are more universally used.

— Interpretation of results is often easier.
Non-paranpetric methods have the following advantages.
— They are based on»very weak assumptions.

— Furthgr, sinee non-parametric analyses are based on the rank order of the data, they are less sensitive to
outliens tHan*parametric analyses.

When the data appear to comply with the assumptions (after a visual inspection) of a particular parametric
analysis, parametric is the obvious method to choose. The assumptions can be further checked as part of the
analysis (e.g. by examining the residuals, see below). It may be noted that parametric analysis based on
normal assumptions is reasonably robust to mild violations against the assumptions. When a data
transformation results in a (better) compliance with the normality assumptions, one should be reminded that
transformations other than the log-transformation may impair the interpretation of the results. This is because
the log-transformation is naturally linked to the intuitive notion that biological effects are proportional (or
multiplicative) rather than additive (compare definition of EC,). Thus, when omitting or applying a log-
transformation does not make a large difference for complying with the assumptions, one might choose to
apply it for reasons of interpretation.
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In situations where specific distributions are natural candidates for the data type at hand, one may consider

the use of GLMs.

When no regular distributions can be assumed, as e.g. in the case of tied observations4), one may resort to

non-parametric analysis.

4.3.6 Pre-treatment of data

In general, pre-treatment of data (other than data transformation) is not a favourable strategy for da
A few practical examples are discussed.

ta analysis.

So
for

me methods (e.g. the probit and logit models for quantal dose-response analysis) use a logstran
concentration. It is not appropriate to add a small positive constant to the zero-concentratio

sformation
h (or to all

comcentrations) to avoid taking the log of zero (see Clause 6 for more details). ,The shape of the
coicentration—response curve is very sensitive to the constant and a biological basis for chqosing one
comstant over another is very unlikely to ever exist.

A ¢urrent habit in analysing continuous data is to divide the observed responses by the (mean
regponse in the controls. These corrected observations then reflect the percent change compd
conmtrols, which is usually the entity of interest. However, such a pre-treatment of the data is improg
other problems, it assumes that the (mean) response in the controls is known without error, which

casge. Therefore, this should be avoided, and instead the backgroundesponse should be estimats

observed
red to the
er. Among
is not the
d from the

dafa by fitting the model to the untreated data. Thus, the estimationerror in the controls is treated i the same

waly as the estimation errors in the other concentration groups. (se€ e.g. 6.2.3 and 6.3.3).

4.3.7 Model fitting

Alllparametric methods employ the general principle 6f2model fitting. The particular assumptions th
baged on can be regarded as a particular model. THie model contains specific parameters, and the
dafa analysis is to estimate these parameters. The-parameters are estimated by fitting the model to

As a very simple example, consider a single sample of data. If it is assumed that these d
al distribution, then the model is simplycthe normal distribution. The model contains two parameters, th

at they are
goal of the
the data.

ata follow a
e mean and

the| variance. Depending on which values~are chosen for the parameters, the agreement between the distribution and the
datp is better or worse. The question now'is “what parameter values give the best agreement between the m¢del and the
dath, i.e. give the best fit of the modelto the data?”.

should be maximizéd) and when this is achieved, the associated parameter values are called
likglihood estimates.

Anpther muchyused fit criterion is the residual Sum of Squares (SS). This measure is defined as
thg squaredresiduals, i.e. the differences of each separate observed response with its associate
redponsel(according to the model). The best fit is found by minimizing the SS. In the simple examg

e data and
ctly follows
od criteria
maximum

the sum of
| expected
le of fitting

a njormal distribution to a single dataset, the residuals are simply the differences of the observat

ons to the

mean. By changing the value or the mean, the 5o varies.

The value of the mean resulting in the best fit, is exactly the value of the (arithmetic) sample mean. Put
another way, the sample mean is the estimate of the mean of a normal distribution that results in the best fit
according to the SS criteria. In the special case of a normal distribution, the sample mean is at the same time
the maximum likelihood estimate. In other distributions however, the maximum likelihood or minimizing the SS
results in different estimates of the parameters. For instance, for quantal dose-response data, the sum of
squares is not appropriate, and the likelihood is the usual fit criteria.

4) Tied data are two or more observations of the same value. Parametric methods do exist for tied data, but these are
beyond the scope of this Technical Specification.
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The same principle of model fitting holds for more complicated models than a single dataset. For example, by
replacing the mean of the normal distribution by a function of the dose, we obtain a dose-response model.
Here, fitting the model by minimizing the SS or by maximizing the likelihood results in the same fit (because of
the normality assumption).

A general method of finding the best fit is by trial and error, i.e. in an iterative search one tries to improve the
likelihood by changing the parameter values, until an improvement can no longer be found. General
algorithms exist that can perform such an iterative search in an efficient way. In particular models (“linear”
models), the maximum likelihood estimates can be derived from explicit formulae and search algorithms are
not required (for that reason linear models used to be popular before the availability of computers). In non-
linear mo ' i the
calculations underlying these algorithms, fitting non-linear models does require some basic understanding of
the generdl principles of search algorithms (see 6.7).

4.3.8 Model checking

4.3.8.1 Analysis of residuals

After a mqgdel has been fitted to the data, a final check for the appropriateness of-the fitted model may|be
performed| Do the data indeed comply with the model assumptions?

For instange,

— Do the data comply with the assumed distribution (in parametric analyses)?

— Are the variances homogenous (e.g. in ANOVA)?

— Is the [dose-response model suitable for the dose-response data at hand (in dose-response analysis)?
A general ppproach for checking such assumptions is_the’analysis of residuals: the differences between the
observatiophs and the value predicted by model. For instance, in ANOVA the predicted value is the associafed
group megn, while in dose-response modelling, it.is the value of the model at the relevant dose.
To check the distribution, the residuals can(be*taken together and be plotted in a single histogram, or in a
(distributiop-specific) QQ-plot®). Visual inspection of such plots may reveal deviations from the assunjed
distribution, in particular when inspecting* a QQ-plot, which should be linear if the data comply with the
assumed distribution. Formal tests exist' as well (see Clause 5), but it should be noted that a mild violation of
the assumptions is no reason for coneern, and tests do not measure the degree of violation.

Various other plots of the residuals can be made, e.g.

— againgt the predicted-value (i.e. the group means, usually), to check if the variances are homogenoug (if
such were assumed);

— against the model prediction, to check for systematic deviations from the fitted model;

— againstother experimental factarsif relevant_for instance the order in time by which the observations
were made. Such a plot may show if the pertinent factor influenced the response systematically.

Finally, one may perform a formal goodness-of-fit test. This test is sensitive for all the assumptions
simultaneously. A significant overall test of goodness-of-fit may indicate that one of the assumptions is not met,
but this does not necessarily imply that the model is not useful for the particular purpose of the analysis. Here,
one should judge the nature of the violated assumption and its potential impact on the results one is interested
in. On the other hand, a nonsignificant goodness-of-fit test does not imply that the model used may be
regarded as reliable. The test is more easily passed when the data contain relatively little information, and, as

5) The QQ-plot corresponds to a plot of observed quantiles versus expected quantiles.
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a result, various models may pass the goodness-of-fit test, but lead to different conclusions. In other words,
not only the model, but also the data should be “validated”, by asking the question of whether or not they
contain the information needed for answering the question of interest. The evaluation of a dose-response
model for describing a particular dataset is more fully discussed in 6.4.

4.3.8.2 Validation of fitted dose-response model

In dose-response modelling, it may happen that the data appear to be unsuitable for that approach. This
would happen if the dose-response information is too weak to have faith in any fitted dose-response model
(see 6.4). For example, there may be large gaps between response levels or too few dose levels in areas
where—the reSponse bilallgcb |c||Jiu':y. Fhereforethe—estimatiomofamEC s Ulliy warranted—if) the dose-

X
redponse data contain sufficient information on the shape of the dose-response relationship.

4.3.9 Reporting the results

The final step in a statistical analysis is reporting the results. Basically, two types(oflinformation|should be
given: the results of the analysis, and the justification of the methods (assumptions) used.

The results of the analysis typically consist of summarizing statistics. In current practice, these are usually the
mdans and standard deviations (or standard errors) per dose group. Thismay not generally be th¢ best way
of feporting results, however.
When a parametric analysis assuming homogenous variances is-applied, it is more informative to report the
esfimate of the common variance (residual Mean Square), together with a justification of the hgmogeneity
assumption (e.g. a plot of the individual data or of the residuals against dose).

When a log-transformation is applied before the analysisyit is more adequate to report the geomefric means,
andl the (possible common) geometric standard deviation (GSD) or Coefficient of Variation (CV).

When an NOEC is assessed, the associated test'Used should be reported, along with the test outcomes.

In fhe case where an EC, is assessed, the fitted model should be reported, as well as the justificatipn that the
mddel was acceptable for assessing thg EC, (see 6.4).

Mdre specific guidance for reporting results is given at the end of Clauses 4, 5 and 6.

5 | Hypothesis testing
5.1 |Introduction

5.1.1 General

This clause provides an overview of both hypothesis testing and methodological issues specific to determining
NQECs-under various experimental scenarios. It is divided into three major parts.

The first part includes flow-charts summarizing possible schemes for analysing quantal (Figure 3) and
continuous data (Figures 4 and 5), along with some basic concepts that are important to the understanding of
hypothesis testing and its use in the determination of NOECs. Special attention is given to the choice of the
hypothesis to be tested, as this choice may vary depending on whether or not a simple dose-response trend is
expected, and on whether increases, or decreases (or both) in response are of concern.

The remainder of the clause is divided into two major subclauses that discuss statistical issues related to the
determination of NOECs for quantal and continuous data (4.2 and 4.3 respectively) and provide further details
on the methods listed in Figures 3 and 4.

This division reflects the fact that different statistical methods are required for each type of data, and that
problems arise that are unique to the analysis of each type of data. An attempt has been made to mention the
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most widely used statistical methods, but to focus on a set of methods that combine desirable statistical
properties with reasonable simplicity. For a given set of circumstances, more than one statistical approach
may be acceptable. In such cases, the methods are described, the limitations and advantages of each are
given, and the choice is left to the reader.

The flow-charts in Figures 3 and 4 indicate a possible choice of methods. Examples of the application of many
of these methods, mathematical details and properties of the methods are presented in E.1.

The most commonly used methods for determining the NOEC are not necessarily the best. Relatively modest
changes in current procedures for determining NOECs (e.g. selection of more powerful or biologically more
plausible statisti i ientifi i i i i
are more| protective of both the environment and business interests. Thus, some of the meth
recommenided may be unfamiliar to some readers, but all of the recommended methods should be compatible
with currerjt ISO and OECD guidelines that require the determination of NOECs.

A basic pifinciple in selecting statistical methods is to attempt to use underlying statistical models that are
consistent|with the actual experimental design and underlying biology. This principle has\historically bgen
tempered py widely adopted conventions. For example, it is traditional in ecotoxicological studies to analyse
the same rlesponse measured at different time points separately by time point, although.ifi many cases unifjed
analysis methods may be available. It is not the purpose of this subclause to explore this issue. Instepd,
discussion|is restricted to the most appropriate analysis of a response at a single'tilne point and, usually, fgr a
single sex|

NOECs, a$ defined and discussed in this Technical Specification, are based on a concept sometimes called
“proof of hazard”. In essence, the test substance is presumed to ‘be 'non-toxic unless the data present
sufficient gvidence to conclude toxicity.

Alternativel approaches to assessing toxicity through hypothesis‘testing exist. For example, Tamhane ef| al.
(2001) and Hothorn and Hauschke (2000) developed an approach based on proof of non-hazard. Specificqlly,
if an acceptable threshold of effect is specified, such asa20 % decrease in mean, then the maximum spfe
dose (MAXSD in Tamhane et al., 2001) is the highest concentration for which there is significant evidence that
the mean gffect is less than 20 %. These are relatively new approaches that have not been thoroughly tested
in a practi¢al setting, and for few endpoints is there_agreement on what level of effect is biologically imporfnt
to detect. Al current guidelines regarding NOECare based on the proof of hazard concept. For these reas¢ns,
this alterngtive approach is not presented in this clause, though it does hold some promise for the future. The
only common exception to this is in regard to limit tests, where in addition to determining whether there is a
statistically-significant effect in the single“test concentration, one also tests for whether the effect in the test
concentratjon is less than 50 %. A simple #-test can be used for that purpose.

It should gflso be realized that statistics and statistical significance cannot be solely viewed as representalive
of biological significance. There can be no argument that statistical significance (or lack thereof) depends|on
many factgrs in addition t¢ the magnitude of effect at a given concentration. Statistics is a tool that is useq to
aid in the fdeterminationf what is biologically significant. If an observed effect is not statistically significant,
the basis [for deciding that it is nonetheless biologically significant is, obviously, not statistical. Lack| of
statistical significance may be because of a low power test. On the other hand, a judgment of biological
significance without sufficient data to back it up is questionable.

The flow-chafis—and—methodeloay—presented—indicate—preliminary—assessment—of-data—to—helb—guide—the
analysis. For example, assessments of normality, variance homogeneity, and dose-response monotonicity are
advocated routinely. Such preliminary assessments do affect the power characteristics of the subsequent
tests. The alternative to making these assessments is to ignore the characteristics of the data to be analysed.
Such an approach can be motivated on the perceived general characteristics of each endpoint. However, this
does not avoid the penalty of sometimes using a low power or inappropriate method when the data do not
conform to expectation. A bias of this clause is to examine the data to be analysed and use this examination
to guide the selection of the formal test to be applied. The preliminary assessment can be through formal tests
or informed by expert judgment or some combination of the two. Certainly expert judgment should be
employed whenever feasible, and when used, is invaluable to sound statistical analysis. These charts provide
guidance, but sound statistical judgment sometimes leads to departures from the flow-charts.
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The flow-charts (Figures 3 and 4) are intended to include experiments which contain only two concentrations
(control and one test concentration). Such experiments are generally referred to as limit tests and the methods
described are applicable to these tests.

It should be noted that tests of hypotheses might also be required for various special-case assessments of
study results (e.g. use of a contingency table to assess the significance of male-female differences in
frequency of responses at some dose). These types of analyses are beyond the scope of this Technical
Specification.

The terms “dose” and concentratlon are used mterchangeably m this clause and the control is a zero dose or
zerg i control, so

th e positive
comcentration group
Th sts, are all

available in commercial software. For example, they are available in SAS version 87and higher®}. The two-
sided Tamhane-Dunnett test (though not called as such) is available in SAS)through the gtudentized
mgximum modulus distribution provided by the probmc function. Where these tests are discussed, glternatives
arg provided, so that the reader can follow the general guidance of this clause/without being forced|to develop

It i$ observed that there is no special flow-chart for the exact Jonckheére-Terpstra and exact Wilcpxon tests.
One of the appealing features of these two tests is that there are both-asymptotic and exact versions and the
saimne logic applies to both.

Both solvent control and nen-solvent control are present.
|
Yes L No
Compare controls using Fisher's
Exact test. Do confrols differ?

|
Yesl ¢N°

I Drop non-solvent.control | C‘:’T]t{i”e cotr:trols, .
retaining subgroups

v v

l Dose response experiment with > 2 doses? |

Yesi I ¢N°

| Expect monhotone dose response? | | Compare treatments to a common control? |
Yes & ¥ No Yes | ¢ N
Use step-down trend/test Use pairwise comparison Use pairwise comparison Non-standard dpsign.
{e.g. based on Gochran- (e.g. Fisher’'s Exact test (e.g. Fisher's Exact test Not discussed Here.
Armitage or.JonKheere with Bonferroni-Holm with Bonferroni-Holm
correction) correction)

*Both scientific judgment and regulatory guidance must be considered in deciding whether to pool non-solvent and solvgnt

coftrols The flow-chart depicts appropriate actions if pooling is permissible given these constraints

NOTE Note that the dose count in > 2’ includes the control.

Figure 3 — Analysis of quantal data: Methods for determining the NOEC

6) SAS version 8 is an example of a suitable product available commercially. This information is given for the
convenience of users of this Technical Specification and does not constitute an endorsement by ISO of this product.
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Both solvent control and non-solvent control are present.
|

Yes ¥ No
Compare controls using
Wilcoxon.
Do controls differ?
1
Yes § 3 No
Drop non-solvent control | Combine controls*,
retaining subgroups

| l

'| Dose-response experiment? |
Yes l I 1 No
Expect monotone dose response & there are >2 doses** in test? | I Compare treatments to a common control?
Yes ¢ | 1 No Yes i3 3 No

Use step-down trend test Assess data for normality Assess data for Non-standard design.
(e.g. based on Jonkheere, or and variance homogeneity. normality and variance Not discussed here.
alternptively, if data are Data normal and homogeneity. Data
normal and homogeneous, homogeneous? normal and
Willians test ) homogeneous?

l : I

Yes § 3 No - Yes § 3 No
Use garametric pairwise Go to Use parametric Use non-parametric pairwise
compgrison (e.g. Dunnett's @ pairwise comparison comparison (e.g. Mann-
test) (e.g. Dunnett's test) Whitney with Bonferroni-Holm
On next page correction)

* BotH scientific judgment and regulatory guidance must be considered in deciding whether to pool non-solvent and solvent

contrdg

*k Do

Is. The flow-chart depicts appropriate actions if pooling is permissible'given these constraints.

es include 0-dose control

Note: [If there are <5 experimental units per treatment, or there are'massive ties (see text), then exact trend or pairwise tests
shouldl be used if possible.

Figure 4 — Analysis of continuous data: Methods for determining the NOEC

O,

Data normally distributed?

-M

-Unequal variance t-test with Bonferroni-Holm
correction)

Yes No
Use Tamhane-Dunnett test or perform pairwise Use non-parametric pairwise comparison (e.g.
comparisons (e.g. using Dunn'’s test or Mann-Whitney with Bonferroni-Holm
-Dunn’s Test with Bonferroni-Holm correction or correction)

ann-Whitney with Bonferroni-Holm correction or

Note: If there are <5 experimental units per treatment, or there are massive ties (see text), then exact trend or pairwise tests
should be used if possible.

Figure 5 — Analysis of continuous data: Methods for determining the NOEC (continued)
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5.1.2 NOEC: What it is, and what it is not

The NOEC (3.18) is defined as the test concentration below the lowest concentration that resulted in a
significant effect in the specific experiment, i.e. the NOEC is the tested concentration just below the LOEC.

A significant effect is generally meant to be a statistically significant effect, as resulting from a hypothesis test.
Obviously, no claim can be made that the condition of organisms exposed to toxicants at the NOEC is the
same as the condition of organisms in the control group, or that the NOEC is an estimate of the threshold of
toxicity (if such exists). Rather, no effect could be detected in this particular experiment. The detectability of an
effect depends on the quality and the size of the experlment and the statlstlcal procedure used. Of course,
ality of the

experiment can be quantified by the concept of statlstlcal power. For a given nuII and alternative-|
sample size and variance, statistical power is the probability that a particular magnitude of effect
sighificant test outcome. In large experiments (i.e. many replicates), smaller sized effects‘are defectable as

comnpared to small experiments. Thus, one may consider the detectable effect size of a-particular
as|an analogue of the detection limit of a particular chemical analysis. The detectable effect s
incfeased not only by using larger sample sizes, but also by taking measures (to.make the ex
(repidual) error smaller and by selecting more powerful statistical tests.

Pojver calculations are useful for the purpose of designing experiments in sGch a way that effect siz
comsidered relevant are likely to be (statistically) detected. Care shall be.taken when using informa
poyer for interpreting an NOEC. If the test was designed to detect a_ difference of x %, and arn
treptment effect is not found to be statistically significant, this doesmot-allow one to conclude with
el of confidence that the true effect in the population is less thanx%.

Maaningful confidence intervals for the effect size at a given concentration are sometimes pq
application of this is discussed in 4.1.4 and methods for doing this are developed in E.3. For some t

ypothesis,
esults in a

bxperiment
ze can be
perimental

es that are
tion on the
observed
B specified

ssible. An
echniques,

obfaining meaningful confidence intervals is very difficult.and this is discussed in greater detail in that annex.

5.1.3 Hypothesis used to determine NOEC

5.1.3.1 Understanding the question to be’answered

The hypothesis that is tested in determining the NOEC for a toxicological experiment reflecis the risk
asgessment question and the assumptions that are made concerning the underlying charactgristics, or
statistical model, of the responsés being analysed (e.g. does the response increase in an grderly, i.e.
mdnotone way with increasing.toxicant concentration?).

b statistical test that js'used depends on
the hypothesis-iested (e.g. are responses in all the groups equal?),
the associated statistical model, and

the distribution of the values (e.g. are data normally distributed?).

Thusit is necessary to understand the question to be answered and to translate this question into appropriate

null and alternative hypotheses before selecting the test procedure.

The need to select a statistical model for assessing the results of toxicity tests is not unique to the hypothesis
testing approach. All methods of assessment assume a statistical model. The hypothesis testing approach to
the evaluation of toxicity data is based, in part, on keeping to a reasonable number the untestable or difficult-
to-test assumptions, particularly those regarding the statistical model that is used in reaching conclusions. The
models used in regression and biology-based methods use stronger assumptions than the models used in the
hypothesis-testing approach.

The simplest statistical model generally used in hypothesis testing assumes only that the distributions of
responses within these populations are identical except for a location parameter (e.g. the mean or median of
the distribution of values from each group).
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Another statistical model that is often used assumes that there is a trend in the response that is associated

with increa

sing exposure.

Each of these models suggests a set of hypotheses that can be tested to determine whether the model is
consistent with the data. These two types of hypotheses can further be expressed as one-sided or two-sided.
The discussion below is developed in terms of population means, but applies equally to hypotheses
concerning population medians.

5.1.3.2

HO N /J
where
H; [=

Thus, one
at least on
the treatm
appropriats
alternative
but an incn
of offspring
reversed.

5.1.3.3

In the two-
H»] . /,l

5.1.34

If no assu

assumed),

treatments

such tests

comparing

In toxicolo

chemical. It is further.often true that biology suggests that if the chemical is toxic, then as the level of expos

is increassd
increasing

One-sided hypothesis

The most pasichypothesis(imone-sided formmcambestatedas fottows—————————————————————————]

)= 1y = o =...= (g versus Hy : ug > u;for at least one i, (Mode

D, 1, 2, 3, ..., k denote the means of the control and test populations, respectively:

tests the null hypothesis of no differences among the population means @gainst the alternative t
b population mean is smaller than the control mean. There is no investigation of differences amc
ent means, only whether treatment means differ from the control mean. The one-sided hypothesi

hypothesis (i.e. in Hy : ug> p;) would be appropriate if a decrease in the endpoint was a conce

pase was not (for instance, if an exposure was expected to induce infertility and reduce the num
). If an increase in the endpoint was the only concern, then.the direction of the inequality would

Two-sided trend test
sided form of the hypothesis, the alternative hypothesis is:

) #44; for at least one .

Trend or pair-wise test

mption is made about the-relationships among the treatment groups and control (e.g. no treng
the test statistics are based on comparing each treatment to the control, independent of the ot
. Many tests have been developed for this approach, some of which are discussed below. M
were developed for.experiments in which treatments are qualitatively different, as, for example
various new therapies or drug formulations to a standard.

py, the treatment groups generally differ only in the exposure concentration (or dose) of a sin

d, thesmagnitude effect tends to increase. Depending on what response is measured, the effec
exposure may show up as an increase or as a decrease in the measured response, but not both

hat

ng
5 IS

e when an effect in only one direction is a concern. The direction’of the inequality in the above

rn,
ber
be

is
her
ost
in

gle
ure
of

The statistical model underlying this biological expectation is what is called a trend model or a model
assuming monotonicity of the population means:

Hy = My

26

\%

lo = g >=. .. =y (or with inequalities reversed) (Mode

12)
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The null and alternative hypotheses can then be stated as

Note that 1 > is equivalent, under the alternative, to uy> 4 for at least one i. If this monotone model is
accepted as representing the true responses of test organisms to exposure to toxicants, it is not possible for,
say, us to be smaller than 4 , and ug not to be smaller.

Under the trend model and tests designed for that model, if tests of hypotheses H, vs. H, reveal that 3 is

)
sig

0 1 . ’ 3
hificant trend exists across the span of doses including g and 3, the span including 1 and g

nt with the

Fo
ba
po
ne

the majority of toxicological studies, a test of the trend hypothesis based on Model 2 is consistq
bic expectations for a model for dose response. In addition, statistical tests for trend tend t
verful than alternative non-trend tests, and should be the preferred tests if they~are applicabl
cessary early step in the analysis of results from a study is to consider each éndpoint, decide

b be more
e. Thus, a
whether a

tre
co
va

To
su
en
ste
of
inc

Th

or

un
lea
sig

f

nd model is appropriate, and then choose the initial statistical test based on‘that decision. Onl
cluded that trend is not appropriate, do specific pair-wise comparisons make'sense to illuminate
ability.

Kicologists sometimes do not know whether a compound causes i/measurements of continuou
h as growth or mass to increase or decrease, but they are confident it acts in only one directior
ipoints, the two-sided trend test is appropriate, described in.4.1.7. One difference between im
p-down procedures for quantal data and continuous data is that two-sided tests are much more
nterest for continuous variables. Such a model is rarelysappropriate for quantal data, as only
dence rate above background (control) incidence are of interest in toxicology.

b two-sided version of the step-down procedure is\based on the underlying model:

Hy <

st one inequality is strict), one first tests separately each one-sided alternative at the 0,0
hificance with all doses-present.

If neither of these tests is significant, the NOEC is higher than the highest concentration. If bo
tests are significant, a trend-based procedure should not be used, as the direction of the trend i

If exactly’one of these tests with all the data is significant, then the direction of all further tes
direCtion of the significant test with all groups.

y after it is
sources of

5 variables
. For such
blementing
ikely to be
increased

der this model, in testing the_hypothesis that all population means are equal against the alternafive (that at

P5-level of

th of these
5 unclear.

ts is in the

Th

raaftar tha nrocedure—is—as-in the one-sidaed-test excent all tasts araat tha 0 025 sianifican
FeaHer—he—p+ ctre+1s—aS1H11Re—-ohe-siaec—1esth ptaH—testsareatthe—J;u<oSsightHeah

maintain the overall 0,05 false positive rate.

e level to

Where it is biologically sensible, it is preferable to test the one-sided hypothesis, because random variation in
one direction can be ignored, and as a result, statistical tests of the one-sided hypothesis are more powerful
than tests of the two-sided hypothesis.

Note that a hypothesis test based on Model 2 assumes only a monotone dose response rather than a precise
mathematical form, such as is required for regression methods (Clause 6) or the biology-based models
(Clause 7).
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5.1.4 Comparisons of single-step (pair-wise comparisons) or step-down trend tests to determine
the NOEC

51.4.1 General discussion

In general, determining the NOEC for a study involves multiple tests of hypotheses (i.e. a family of hypotheses
is tested), and either pair-wise comparisons of treatment groups, or a sequence of tests of the significance of
trend. For these reasons, statisticians have developed tests to control the family-wise error rate, FWE (the
probability that one or more of the null hypotheses in the family are rejected incorrectly), in the multiple
comparisons performed to identify the NOEC.

EXAMPLE For example, suppose one compares each of ten treatments to a common control using a simple(zfest
with a false|positive error rate of 5 % for each comparison. Suppose further that none of the treatments has an @ffect, |i.e.
all of the treatment and control population means are equal. For each comparison, there is a 5 % chance.'of, finding a
significant dlifference between that sample treatment mean and the control. The chance that at least-one’of the [ten
comparisonk is wrongly declared significant is much higher, possibly as high as 1 — 0,950 = 0,4 or 40 %:

11

The methdd of controlling the family-wise error rate has important implications for the power/of the test. There
are two gpproaches that are discussed: single-step procedures and step-down /proCedures. There gare
numerous |variations within each of these two classes of procedures that are suitéd \for specific data types,
experimental designs and data distributions.

A factor that shall be considered in selecting the methods for analysing theresults from a study is whether the
study is a fdose-response experiment. In this context, a dose-response experiment is one in which treatments
consist of A series of increasing doses of the same test material. MonGtone responses from a dose-respomse
experimen} are best analysed using step-down procedures based onitrend tests (e.g. the Cochran-Armitage,
Williams, ¢r Jonckheere-Terpstra trend test), whereas non-monotone responses shall be analysed by pair-
wise comparisons to the control (e.g. Fisher's Exact test or Dupfett’s test). This subclause discusses when to
use each qf these two approaches.

5.1.4.2 ingle-step procedures
Single-step procedures amount to performing all-possible comparisons of treatment groups to the contfol.
Multiple cdmparisons to the control may be made, but there is no ordered set of hypotheses to test, and|no
use of thg sequence of outcomes in deciding which comparisons to make. Examples of the single-step
approach include the use of the Fisher's Exact test, the Mann-Whitney, Dunnett and Dunn tests. Since many

keep the
comparisoh tests, such as Fisher’s exact and Mann-Whitney, a Bonferroni adjustment can be made: a styidy
with k treafment levels would_beyanalysed by performing the pair-wise comparisons of each of the treatmgnt
groups to the control groupeach performed at a significance level of a/k instead of a. (This is the Bonferroni
adjustment.) Equivalentlythe calculated p-value ignoring multiplicities is multiplied by £. That is, pbi =k’p;. The
Bonferroni j i
conservatig

For the Ho
of treatme
a/(k I+ 1 v S i i i S C vV () {

is =}, then all compansons with 7 > j are Judged non- S|gn|f|cant W|thout further comparisons. It is helpful
(erght 1992) to report adjusted p-values rather than the above comparisons. Thus, report
P (1)—p(1) *(k— I+ 1) and then compare each adjusted p-value to «. Table 2 illustrates the advantage of the
Bonferroni-Holm method. In this hypothetical example, only the comparison of Treatment 4 with the control
would be significant if the Bonferroni adjustment is used, whereas all comparisons except the comparison of
the Control with Treatment 1 would be significant if the Bonferroni-Holm adjustment is used.
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Table 2 — Comparison of adjusted and unadjusted p-values
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Comparison Unadjusted p Bonferroni-Holm Bonferroni Adjusted p-
value Adjusted p value values
P P
Control — Treatment 4 p(1)= 0,002 0,002°4 = 0,008 0,002°4 = 0,008
Control — Treatment 2 p(2)=0,013 0,013'3 = 0,039 0,013'4 = 0,052
Control — Treatment 3 p(3)= 0,020 0,020°2 = 0,040 0,024 =0,08
Controt—Freatment+ UG AR 8:310*4+—"0;316 8-34+64—

brnatives based on the Sidak inequality [each comparison at level 1 — (1 — @)!] are also)ava
hferroni and Bonferroni-Holm adjustment guarantee that the family-wise error rate is less“than
conservative. Other tests, such as Dunnett’s, have a “built-in” adjustment for the atimber of cq
de and are less conservative (hence, more powerful). For completeness, it shotld’be unders
y one comparison is made, the Bonferroni and Bonferroni-Holm adjustments leave the p-value U
course, there is no need to refer to an adjustment in this simple case; hut the discussiorn
pdlessly complicated if special reference is always made to the case of only'‘one comparison.

.4.3  Step-down procedures

p-down procedures are generally preferred where they are applicable. All step-down procedures
based on a sequential process consisting of testing an érdered set of hypotheses concerni
ks, or trend. A step-down procedure based on trend (for example) works as follows.

First, the hypothesis that there is no trend in respans€’ with increasing dose is tested when the
all dose groups are included in the test.

Then, if the test for trend is significant, the high dose group is dropped from the data sq
hypothesis that there is no trend in the reduced data set is tested.

s process of dropping treatment groups and testing is continued until the first time the trend t
hificant. The highest dose in the_feduced data set at that stage is then declared to be t
tinguishing features of step-down-procedures are that the tests of hypothesis shall be performed
er, and that the outcome pf each hypothesis test is evaluated before deciding whether to te

controlling the family-wise error (FWE) rate.

tep-down method: typically uses a critical level larger than that used in single-step procedures,
imit the numbet o0f comparisons that need to be made. Indeed, the special class of “fixed-sequ
scribed belowfix the critical level at 0,05 for each comparison but bound the FWE rate at 0,05.

notonie:

5ts.based on trend are logically consistent with the anticipated monotone pattern of responseg
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minimizes the number of comparisons that need to be made, and in all the methods discussed here, a trend
model is explicitly assumed (and tested) as a part of the procedure.

Procedures that employ step-down trend tests have more power than procedures that rely on multiple pair-
wise comparisons when there is a monotone dose response because they make more use of the biology and
experimental design being analysed. When there is a monotone dose response, procedures that compare
single treatment means or medians against the control, independent of the results in other treatments (i.e.
single-step procedures), ignore important and relevant information, and suffer power loss as a result.

The trend models used in the step-down procedures do not assume a particular precise mathematical
relationship between dose and response, but rather use only monotonicity of the dose-response relationship.
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The underlying statistical model assumes a monotone dose response in the population means, not the
observed means.

Rejection of the null hypothesis (i.e. rejecting the hypothesis that all group means, or medians, or distributions
are equal) in favour of the stated alternative implies that the high dose is significantly different from the control.
The same logic applies at each stage in the step-down application of the test to imply, whenever the test is
significant, that the high dose remaining at that stage is significantly different from the control. These tests are
all applied in a one-sided manner with the direction of the alternative hypothesis always the same. Moreover,
this methodology is general, and applies to any legitimate test of the stated hypotheses under the stated
model. That is, one can use this flxed sequence approach W|th the Cochran- Armltage test on quantal data,
and the Jonck s of
trend can also be used in thls manner.

5.1.4.4 Peciding between the two approaches

Bauer (19p7) has shown that certain tests based on a monotone dose response can have poor power
properties [or error rates when the monotone assumption is wrong. For example, departures|from monotonigity
in non-target plant data are common, where they arise from low dose stimulation. Davis and Svendsgagrd
(1990) suggest that departures from monotonicity may be more common than previously thought. Thgse
results sudgest that a need for caution exists. There are two testing philosophies used to determine whethgr a
monotone |dose response is appropriate. Some recommend assessing in a general way for an endpoinf or
class of endpoints, whether a monotone dose response is to be expected biologically. If a monotone trend is
expected, then trend methods are used. This procedure should be augmented, at a minimum, by adding that,
if a cursofy examination of the data shows strong evidence of departure from monotonicity (i.e. large,
consistent|departures), then pair-wise methods should be used instead:

A second philosophy recommends formal tests to determine if there is significant monotonicity or significant
departure from monotonicity. With continuous data, one can usé\either

a) a posltive test for monotonicity (such as Bartholoméw’s test) and proceed only if there is evidencd of
monofonicity, or

b) use a['negative” test for departure from monotenicity (such as sets of orthogonal contrasts for continugus
responses and a decomposition of the, Chi-squared test of independence for quantal responses) gnd
proceéd unless there is evidence of non-monotonicity.

Details on|these procedures are given in*E.1 and E.3. Either philosophy is acceptable. The second approach
is groundef in the idea that monotonicity is the rule, and that it should take strong evidence to depart from this
rule. Both japproaches reduce the‘ikelihood of having to explain a significant effect at a low or intermediate
concentratjon when higher congentrations show no such effect. The “negative” testing approach is mpre
consistent|with the way tests-for normality and variance homogeneity are used and is more likely to result ip a
trend test than a method that requires a significant trend test to proceed. This is what is shown in the flow
diagrams presented below.

Formal tesfts for mionotonicity are especially desirable in a highly automated test environment.

One simplgprocedure that can be used in this situation for continuous responses is to construct linear gnd
quadratic confrasts of normalized rank statistics (1o avoid the complications that can arise rrom non-normal or
heterogeneous data). If the linear contrast is not significant and the quadratic contrast is significant, there is
evidence of possible non-monotonicity that calls for closer examination of the data or pair-wise comparison
methods. Otherwise, a trend-based analysis is used.

A less simple, but more elegant procedure would be to construct simultaneous confidence intervals for the
mean responses assuming monotonicity (i.e. isotonic estimators based on maximum likelihood criteria;
see E.3) and use a trend approach unless one or more sample (i.e. non-isotonic) means fall outside the
associated confidence interval. For quantal data using the Cochran-Armitage test, there is a built-in test for
lack of monotonicity.
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Where expert judgement is used, formal tests for monotonicity or its lack may be replaced by visual inspection
of the data, especially of the mean or median responses. The same concept applies to assessing normality
and variance homogeneity.

5.1.5 Dose metric in trend tests

Various authors have evaluated the influence on trend tests of the different ways of expressing dose (i.e. dose
metrics), including actual dose-values, log(dose), and equally-spaced scores (i.e. rank-order of doses).
Lagakos and Lewis (1985) discuss various dose metrics and prefer the rank-order as a general rule. Weller

and Ryan (1998) likewise prefer rank ordering of doses for some trend tests.

When dose values are approximately equally spaced on a log scale, there is little difference betv
log(dose) and rank-order, but use of actual dose values can have the unintended effect of tufning 4
intd a comparison of high dose to control, eliminating the value of the trend approach and compr
poyver properties. This is not an issue with some tests, such as the Jonckheere-Terpstra‘test discus|
since rank-order of treatment groups is built into the procedure. With others, such as [the Cochra
angl contrast-based tests, it is an important consideration.

Extensive computer simulations have been done (J.W. Green, in preparation)>to compare the us
order to dose-value in the Cochran-Armitage test. One simulation study invelved over 88 000 se
regponse scenarios for 4- and 5-dose experiments found 12 % to 17 % .of the experiments wherg
order scoring found lower NOEC than dose-value did, and only 1 %~of the experiments where

scores led to a lower NOEC than when the rank-order scores wére used. In the remaining case

veen using
 trend test
pmising its
sed below,
n-Armitage

te of rank-
s of dose-
e the rank-
Hose-value
s, the two

mgthods established the same NOEC. While these simulations-fesults do not, by themselves, jusiify the use

of rank-order over actual dose levels or their logarithms, they.do suggest that use of rank-orde
lespen the power of statistical tests. All trend-based tests discussed in this Technical Specification
conmtrast tests for monotonicity, are based on rank ordering of doses.

5.1.6 Role of power in toxicity experiments

The adequacy of an experimental design and the statistical test used to analyse study results
evaluated in terms of the power of the statistical test. Power is defined as the probability that 3
hypothesis is rejected by the statistical test in favour of a true alternative. That power deper
altgrnative hypothesis. In the contextof toxicology, the larger the effect, the higher the power to
effect. So, if a toxicant has had someeffect on the organisms in a toxicity test, power is the proba
difference between treatment gretips and the control is detected. The power of a test can be calcu
knpw the size of the effect to(be detected, the variability of the endpoint measured, the number o
grqups, and the number of replicates in each treatment group. (Detailed discussions are given in §
angl E.1 and E.3).

It dhould be understood that the goal of selecting a method for determining an NOEC is not to fin
poyerful method) Rather, the focus should be on selecting methods most appropriate for the dat
reqult. Power is~Certainly an ingredient in this selection process. As discussed below, power can
designing experiments and selecting statistical tests to reduce animal use without loss of statist
This can-be accomplished by selecting an inherently more powerful test applied to fewer animals,
reqult4s, to retain the power of more traditional tests but use fewer animals.
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The primary use of power analysis in toxicity studies is in the design stage. By demonstrating that a study
design and test method have adequate power to detect effects that are large enough to be deemed important,
if we then find that, at a given dose, there is no statistically significant effect, we can have some confidence
that there is no effect of concern at that dose. However, power does not quantify this confidence. Failure to
adequately design or control an experiment so that statistical tests have adequate power can result in large
effects being found to be statistically insignificant. On the other hand, it is also true that a test can be so
powerful that it finds statistically significant effects of little importance.

Deciding on what effect size should be considered to be large enough to be important is difficult, and may
depend on both biological and regulatory factors. In some cases, the effect size may be selected by regulatory
agencies or specified in guidelines.

© 1SO 2006 — Al rights reserved 31


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

ISO/TS 20281:2006(E)

A requirement to demonstrate an adequate power to detect effects of importance removes any perceived
reward for poor experimental design or technique, as poor experimental design is shown to have low power to
detect important effects, and leads to the selection of more powerful statistical tests and better designs. The
latter is preferable to the alternative of increasing sample sizes. Indeed, it is sometimes possible to find
statistical procedures with greater power to detect important differences or provide improved estimates and
simultaneously decrease sample sizes.

For design purposes, the background variance can be taken to be the pooled within-experiment variance from
a moving frame of reference from a sufficiently long period of historical control data with the same species and
experimental conditions. The time-window covered by the moving frame of reference should be long enough
to average o i i i xperi ift | i

expected
Cochran-

to the variance used in designing the experiment. If this test finds significantly higher observed variance (¢.g.
based on & Chi-squared or F-test) than that used in planning, then the assumptions made at design time may
need to bejreassessed.

5.1.7 Experimental design

Factors that shall be considered when develeping experimental designs include the number and spacing of
doses or gxposure levels, the number ofisubjects per dose group, and the nature and number of subgrodips
within dos¢ groups. Decisions concerning these factors are made so as to provide adequate power to defect
effects that are of a magnitude deemed biologically important.

The choicg of test substance.Goncentrations is one aspect of experimental design that shall be evaluated|for
each indivjdual study. The (@oal is to bracket the NOEC with concentrations that are as closely spaced|as
practical. If limited information on the toxicity of a test material is available, test concentrations or doses ¢an
be selectefl to cover airange somewhat greater than the range of exposure levels expected to be encountefted
in the field|and shouldjinclude at least one concentration expected not to have a biologically important effect. If
more inforation<is available this range may be reduced, so that doses can be more closely spaced. Whgre
effects arelexpected to increase approximately in proportion to the log of concentration, concentrations should
be approximately equally spaced on a log scale. Three to seven concentrations plus concomitant controls are
suggested, with—the—srmatter—experiment —sizetypicatfor acutetests—and—targer experiment sizes most
appropriate when preliminary dose finding information is skimpy.

The trade-off between number of subjects per subgroup and number of subgroups per group should be based
on power calculations using historical control data to estimate the relative magnitude of within- and among-
subgroup variation and correlation. If there are no subgroups, then there is no way to distinguish housing
effects from concentration effects and neither between- and within-group variances nor correlations can be
estimated, nor is it possible to apply any of the statistical tests described for continuous responses to
subgroup means other than the Jonckheere-Terpstra test. Thus, a minimum of two subgroups per
concentration is recommended; three subgroups are much better than two; four subgroups are better than
three. The improvement in modelling falls off substantially as the number of subgroups increases beyond four.
(This can be understood on the following grounds. The modelling is improved if we get better estimates of
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both among- and within-subgroup variances. The quality of a variance estimate improves as the number of
observations on which it is based increases. Either sample variance has, at least approximately, a Chi-
squared distribution. The quality of a variance estimate can be measured by the width of its confidence
interval and a look at a Chi-squared table verifies the statements made.) The precise needs for a given
experiment depend on factors such as the relative and absolute size of the between- and within-replicate
variances. Examples 1 and 2 in Annex E.3 illustrate the trade-offs between replicates per concentration and
subjects per replicate.

In any event, the number of subgroups per concentration and subjects per subgroup should be chosen to
provide adequate power to detect an effect of magmtude judged |mportant to detect This power determination

be given to
ower for a
A widely

cating more subjects to the control group than to the treatment groups in order to optimize p
n total number of subjects. The optimum allocation depends on the statistical test-to\be used.
treatments

treatment
ed square-
+ nVk, and
nett’s test.
and Fisher

— kn. (It is almost equivalent to say ng = nVk.) This has been shown to/optimize power for Dur
5 used, often without formal justification, for other pair-wise tests, suéhhas the Mann-Whitney

selection of an allocation rule is furthér complicated in experiments where two controls are us
controls are combined for furthertesting, a doubling of the control sample size is already achi¢g

do|not consider the gffect of any increase in variance as concentration increases. One alternative,
comsequences in {exms of resources and treatment of animals, is to add additional subjects to
grqup without subtracting from treatment groups. There are practical reasons for considering th
study is mueh \more likely to be considered invalid when there is loss of information in the contr|
treatment.groups.

5.1.8°- Treatment of covariates and other adjustments to analysis
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It is sometimes necessary to adjust the analysis of toxicity data by taking into account some restriction on

randomization, compartmentalization (housing) or by taking into account one or more covariates
affect the conclusions.

EXAMPLE

While a thorough treatment of this topic is not presented, some attention to this topic is in order.

that might

Examples of potential covariates include: initial body masses, initial plant heights and age at start of test.

For continuous, normally distributed responses with homogeneous variances, analysis of covariance

(ANCOVA) is well developed. Hocking (1985) and Milliken and Johnson (1984) are among
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references on this topic. For continuous responses that do not meet the normality or homogeneity
requirements, non-parametric ANCOVA is available.

Shirley (1981) indicates why non-parametric methods are needed in some situations. Stephenson and
Jacobson (1988) contain a review of papers on the subject up to 1988. Subsequent papers include Wilcox
(1991) and Knoke (1991). Stephenson and Jacobson recommend a procedure that replaces the dependent
variable with ranks but retains the actual values of the independent variable(s). This has proved useful in
toxicity studies. Seaman et al. (1985) discuss power characteristics of some non-parametric ANCOVA
procedures.

When the be
accomplished through logistic regression techniques. In this case, the covariate is a continuous regresgor
variable apd the dose groups are coded as “dummy variables”. This approach can be more generglly
described |n the Generalized Linear Model (GLM) framework (McCullagh and Nelder 1989). For quantal data,
Koch et af. (1998), Thall and Vail (1990), Harwell and Serlin (1988), Tangen and Koch (1999a, 199Pb)
consider spme relevant issues.

Adjustmentts shall be made to statistical methods when there are restrictions on randomization of subjects
such as hqusing of subjects together. This is discussed for both quantal and continuods data in 5.2.2.5, 5.2.3,
and 5.3.7/1, where the possibility of correlations among subjects housed together is considered, as pre
strategies for handling this problem. In the simple dose-response designs being discussed in this clause, other
types of rgstrictions on randomization are less common. However, there is a*large body of literature on the
treatment ¢f blocking and other issues that can be consulted. Hocking (1985) and Milliken and Johnson (1984)
contain digcussions and additional references.

Transformation of the doses (i.e. not response measures) in hypothesis testing is restricted, in this clause| to
the use of rank order of the doses. For many tests, the way that dose values (actual or rank order) fre
expressed|has no effect on the results of analysis. An exception.js'the Cochran-Armitage test. (See E.1.)

5.2 Qugntal data (e.g. mortality, survival)

5.2.1 Hypothesis testing with quantal data to determine NOEC values

In this cladise, the selection of methods and(experimental designs for determining NOEC values focuses|on
identifying [the tests most appropriate for detecting effects. The appropriateness of a given method hinges|on
the design| of the experiment and the_pattern of responses of the experimental units. Figure 3 illustrates|an
appropriat¢ scheme for method selection, and identifies several statistical methods that are described in detail
below. There are, of course, other-statistical procedures that might be chosen. The following discussjon
identifies many of the procedures’/that might be used, gives details of some of the most appropriate, and
attempts tg provide some insight’into the strengths and weaknesses of each method.

If there arg¢ two negative.controls (i.e. solvent and non-solvent), Fisher's Exact test, applied just to the fwo
controls, ig used to determine whether the two groups differ wherever it is appropriate to analyse individual
sampling Units. Where replicate means or medians are the unit for analysis, the Mann-Whitney rank sum test
can be usgd. Further discussion of when each approach is appropriate is given in 5.2.2 and 5.2.2.4. 4.p.5
contains discussions of issues regarding multiple controls in an ecotoxicity study.

Figure 3 identifies a number of powerful methods for the analysis of quantal data. There are, of course, other
statistical procedures that might be chosen. The following discussion identifies many of the procedures that
might be used, gives details of some of the most appropriate, and attempts to provide some insight into the
strengths and weaknesses of each method.

The methods used for determining NOEC values on quantal data can be categorized according to whether the
tests involved are parametric or non-parametric and whether the methods are single-step or step-down.
Table 3 lists methods that can be used to determine NOEC values. Some of these methods are applicable
only under certain circumstances, and some methods are preferred over the others.

Except for the two Poisson tests, those tests listed in the column “Parametric” can be performed only when
the study design allows the proportion of organisms responding in replicated experimental units to be
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calculated (i.e. there are multiple organisms within each of multiple test vessels within each treatment group).
Such a situation yields multiple responses, namely proportions, for each concentration, and these proportions
can often be analysed as continuous. For very small samples, such a practice is inappropriate.

Typically, if responses increase or remain constant with increasing dosage, the trend-based methods perform
better than pair-wise methods, and for most quantal data, a step-down approach based on the Cochran-
Armitage test is the most appropriate of the listed techniques. The strengths and weaknesses of most listed
methods are discussed in more detail below.

Table 3 — Methods used for determining NOEC values with quantal data

Method Parametric Non-Parametric
Single-step 2 Dunnett Mann-Whitney € with Bonferroni-Holm correction
(pair-wise) Poisson comparisons Chi-squared with Bonferroni-Holm correction

Steel's Many-to-One
Fisher's Exact test with Bonferrahi-Holm correctid

>

Step-down P Poisson trend Cochran-Armitage
(trend-based) Williams Jonckheere-Terpstra test
Bartholomew Mantel-Haenszel
Welsch

Brown-Forsythe
Sequences of linear contrasts

NOTE The tests listed in this table are well established as tests of the-stated hypothesis in the statistics literature.

@  All listed single-step methods are based on pair-wise comparisons.

b All step-down methods are based on trend tests.

¢ The Mann-Whitney test is identical to the Wilcoxon rankssum test.

5.2.2 Parametric versus non-parametric tests

5.2.21 Basis

Parametric tests are based on assumptions that the responses being analysed follow some given|theoretical
distribution. Except for the Poissen methods, the tests listed in Table 3 as parametric all require that the data
be [approximately normally distributed (possibly after a transformation).The normality assumption ¢gan be met
for|quantal data only if the~experimental design includes treatment groups that are divided into subgroups, the
quantal responses are€-tised to calculate proportions responding in each of the subgroups, |and these

$ approach
limjts the possibilities of doing trend tests to those based on contrasts, including Welsch and Brown-Forsythe

comnparisons allowing for unequal variances
’2“v or¢guatntaraata,Paray aue—to

given in E.1.

(Dunnett 1980, Tamhane 1979). These methods may njot perform

The Cochran-Armitage test is listed as non-parametric, even though it makes explicit use of a presumed
binomial distribution of incidence within treatment groups. Some reasons for this are given in E.1. Fisher's
Exact test is likewise listed as non-parametric, even though it is based on the geometric distribution. The
Jonckheere-Terpstra test applied to subgroup proportions is certainly non-parametric. An advantage of
Jonckheere-Terpstra over the cited parametric tests is that the presence of many zeros poses no problem for

7) SAS version 6 is an example of a suitable product available commercially. This information is given for the
convenience of users of this Technical Specification and does not constitute an endorsement by ISO of this product.
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the analysis and it provides a powerful step-down procedure in both large- and small-sample problems,
provided the number of subgroups per concentration is not too small. An example in E.3 illustrates this

concern.

5.2.2.2

Single-step procedures

Suitable single-step approaches for quantal data are Fisher's Exact test and the Mann-Whitney test to
compare each treatment group to the control, independently of other treatment groups, with a Bonferroni-Holm
adjustment. Details of these tests are given in E.1.

5.2.2.3
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The k — 1 ¢f Pearson Chi-squared statistic deeomposes into a test for linear trend in the dose response an

measure o

2
X (k-1

where

1) is thek — 2 df Chi-squared test statistic for lack of fit.

Step-down procedures

Choice of step-down procedure

ep-down procedures for quantal data are based on the Cochran-Armitage and Poisson trend te
ogical determination is made whether or not to expect a monotone dose response:

judgement is to expect monotonicity, then the step-down procedure descfibed below is follow
the data strongly indicate non-monotonicity.

udgement is not to expect monotonicity, then Fisher's Exact test is used.

5 of quantal data is based on the relationships between the reSponse (binary) variable and factq
ses, the Pearson Chi-squared (x2) test for independence éan“be used to find if any relationsh

Test for monotone dose response

bves on biological grounds that there is a manotone dose response, then the expected coursg

use a trend test. However, statistical procedures should not be followed mindlessly. Rather, ¢
mine the data to determine whether it is<gonsistent with the plan of action. There is a simple §
y to check whether the dose response,is-monotone.

f lack of fit or lack of trend,

2 2
=Xt Xk-2)

is the 1 df-calculated Cochran-Armitage linear trend statistic; and

The detaild

bts.
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of
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ofthe computations are provided in E.1

If the trend test is significant when all doses are included in the test, then proceed with a trend-based step-
down procedure.

If the trend test with all doses included is not significant but the test for lack of fit is significant, then this
indicates that there are differences among the dose groups but the dose response is not monotone. In this
event, even if we expected a monotone dose response biologically, it would be unwise to ignore the contrary
evidence and one should proceed with a pair-wise analysis.

36
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The Cochran-Armitage trend test is available in several standard statistical packages including SAS and
StatXact8). StatXact also provides exact power calculations for the Cochran-Armitage trend test with equally

spaced or arbitrary doses.

5.2.2.3.3 Analysing the monotonic response for quantal data — Step-down procedure

A suitable approach to analysing the monotonic response for quantal data is as follows.

Perform a Cochran-Armitage test for trend on responses from all treatment groups including the control.

[T the Cochran-Armitage test IS significant at the 0,05 level, omit the high doSeé group, re-cq
Cochran-Armitage and Chi-squared tests with the remaining dose groups.

Continue this procedure until the Cochran-Armitage test is first non-significant at the 0,05"level.

The highest concentration remaining at this stage is the NOEC.

.2.3.4 Possible modifications of the step-down procedure

bre are two possible modifications to consider to the above.
irst, as noted by Cochran (1943), Fisher's Exact test is more powerful for comparing two groug

chran-Armitage test when the total number of subjects in the two groups is less than 20 and alsg
| is less than 40 and the expected frequency of any celliis less than 5. This includes most

investigating the lower doses further. This’can be done by using Fisher's Exact test to compare theg
doge groups to the control, with a Bonferroni-Holm adjustment. The Bonferroni-Holm adjustment
intp account only the number of,comparisons actually made using Fisher's Exact test. The inc
mgthod within the step-down procedure to handle non-monotonic results at lower doses is sug
quantal data (but not for continuous data) for two reasons.

First, there is a sound procedure built into the decomposition of the Chi-squared test for
monotonicity thatis directly related to the Cochran-Armitage test.

Secondly,.experience suggests that quantal responses are more prone to unexpected (¢
incidence\rates at lower doses than continuous responses, so that a strict adherence to a pure
process.ay miss some adverse effects of concern.
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5.2.2.41 Parametric and non-parametric procedures

The following parametric and non-parametric procedures are discussed because under some co

nditions, a

parametric analysis of subgroup proportions may be the only viable procedure. This is especially true if there
are also significant differences in the number of subjects within each subgroup, making analysis of means or

medians problematic by other methods.

8) SAS and StatXact are examples of suitable products available commercially. This information is gi

ven for the

convenience of users of this Technical Specification and does not constitute an endorsement by ISO of these products.
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5.2.2.4.2 Pair-wise ANOVA-based methods

Pair-wise ANOVA-based (weighted by subgroup size) methods performed on proportion affected have
sometimes been used to determine NOEC values. While there can be problems with these proportion data
meeting some of the assumptions of ANOVA (e.g. variance homogeneity), performing the analysis on
proportion affected opens up the gamut of ANOVA-type methods, such as Dunnett’s test and methods based
on contrasts. Failure of data to satisfy the assumption of homogeneity of variances can often be corrected by
the use of an arcsine-square-root or other normalizing and variance stabilizing transformation. However, this
approach tends to have less power than step-down methods designed for quantal data that are described
above, and is especially problematlc for very small samples These ANOVA-based methods may not be very
powerful g
concentratjon. Williams’ test is a trend alternatlve that can be used, when data are normaIIy distributed~With
homogenepus variance.

5.2.2.4.3 | Jonckheere-Terpstra trend test

A non-pargmetric trend test that can be used to analyse proportion data is the Jonckheere<Terpstra trend tgst,
which is intended for use when the underlying response on each subject is continuous @nd the measuremgnt
scale is at|least ordinal. The most common application in a toxicological setting is forrmeasures such as size,
fecundity gnd time to an event. The details of this and other tests that are intended for use with continugus
responses|are given in 5.3. A disadvantage of the use of the Jonckheere-Terpsira trend test for analysing
subgroup proportions where sample sizes are unequal is that it does not take sample size into account. I is
not proper|to treat a proportion based on 2 animals with the same weight{as one based on 10, for example.
For most tpxicology experiments where survival is the endpoint, the sample sizes are equal, except for a rare
lost subjedt, so this limitation is often of little importance. Where a sub-lethal effect on surviving subjects is the
endpoint, then this is a more serious concern.

The methdds described in Table 4 are sometimes used but tefidto be less powerful than the ones designed
for quantall data given in Table 3. They are appropriate only.if résponses of organisms tested are independegnt,
and there s not significant heterogeneity of variances among groups (i.e. within-group variance does not vary
significantly among groups). If there is a lack of independence or significant heterogeneity of variances, then
modificatigns are needed. Some such modifications.are discussed below. In the ANOVA context, a robust
ANOVA (elg. Welch's variance-weighted one-way-ANOVA) that does not assume variance homogeneity ¢an
be used.

5.2.2.4.4 | Poisson tests

Poisson tests can be used as alternatives in both non-trend and trend approaches (see Annex E.1). A robust
Poisson approach (Weller and Ryan, 1998) using dummy variables for groups, or multiple Mann-Whitney tests
using subg@roup proportions_as_the responses could be used. In each case, an adjustment for number of
comparisohs should be made! For the robust Poisson model, this would be of the Bonferroni-Holm type. For
the Mann-Whitney test,the/Bonferroni-Holm adjustment could be used or these pair-wise comparisons cojuld
be “protecied” by requiring a prior significant Kruskal-Wallis test (i.e. an overall rank-based test of whether any
group differs from any)other). It should be noted that the Mann-Whitney approach does not take subgroup size
into account, but.this is usually not an issue for survival data.

5.2.2.5

The assumptions that shall be met for the listed methods for determining NOEC values vary according to the
methods. Assumptions common to all methods are given below, while others apply only to specific methods.
The details on the latter are given in E.1.

Assumption: Responses are independent.
All methods listed in Table 4 are based on the assumption that responses are independent observations.
Failure to meet this assumption can lead to highly biased results. If organisms in a test respond independently,

they can be treated as binomially distributed in the analysis. (See 4.2.4 for further discussion.) It is not
uncommon in toxicology experiments for treatment groups to be divided into subgroups.
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For example, an aquatic experiment may have subjects exposed to the same nominal concentration but
grouped in several different tanks or beakers. It sometimes happens that the survival rate within these
subgroups varies more from subgroup to subgroup than would be expected if the chance of dying were the
same in all subgroups. This added variability is known as extra-binomial (or extra-Poisson) variation, and is an
indication that organisms in the subgroups are responding to different levels of an uncontrolled experimental
factor (e.g. subgroups are exposed to differing light levels or are being held at differing temperatures) and are
not responding independently. In this situation, correlations among subjects shall be taken into account.

For quantal responses, an appropriate way to handle this is to analyse the subgroup responses; that is, the
subgroups are considered to be the experimental unit (replicate) for statistical analysis. Note that lack of

in Inpndpnr‘n can arise from at least two sources: differences in conditions among the tanks and i

nteractions

among organisms.

Wi
do
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h mortality data, extra-binomial variation (heterogeneity) is not a common problem, but it/is still a
a formal or visual check. Two formal tests are suggested: a simple Chi-squared test-and an im
Potthoff and Whittinghill (1966). Both tests are applied to the subgroups of edach-treatmen
arate tests for each treatment group. While these authors do not suggest one, an adjustm
ber of such tests (e.g. Bonferroni) is advisable. It should be noted also that the Chi-squarg
come undependable when the number of expected mortalities in a Chi-squdred cell is less than
Int, an exact permutation version of the Chi-squared test is advised(and is available in co
ilable software, such as StatXact and SAS.
If

rganisms are not divided into subgroups, lack of independence cannot be detected easily, and
for| establishing independence falls to biological argument. If ¢here is a high likelihood of agg
competition between organisms during the test, responses may.not be independent, and this possih
be [considered before assigning all organisms in a test level to.a single test chamber.

It should be noted that even if subgroup information.Gs entered separately, a simple applica
Coghran-Armitage test ignores the between-subgroup (i.e. within-group) variation and treats th
thdugh there were no subgrouping. This is inapprepriate if heterogeneity among subgroups is sign
same is true of simple Poisson modelling.
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ise and is appropriate when thereisJextra-binomial variation. The beta-binomial model of William
pther modification of the Cochran-Armitage tests that allows for extra-binomial variation. If the J
‘pstra test is used, there is~no adjustment (or any need to adjust) for extra-binomial variatiq
thod makes direct use of the-between-subgroup variation in observed proportions. However, as

bve, if there is considerable variation in subgroup sizes, this approach suffers by ignoring sample
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jusk the twocentrols as a step in deciding how to interpret the experimental data. For quantal (e.g. mortality)
dafa, Fisher's”Exact test is appropriate. The decision of how to proceed after this comparison of |controls is
given in 42.5.

tion

E.1 contains details of the principle methods discussed in 5.2, including examples.

E.2 contains a discussion of the power characteristics of the step-down Cochran-Armitage test and Fisher's

exact test.

5.3 and E.3 contain discussions of the methods for continuous responses that can be used to analyse
subgroup proportions, as discussed above.
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5.2.4 Sta

tistical items to be included in the study report

The report describing quantal study results and the outcome of the NOEC determination should contain the
following items:

— test endpoint assessed;

— number of test groups;

— number of subgroups within each group (if applicable);

— identif

cation of the experimental unit;

— nominal and measured concentrations (if available) for each test group;

— numbeér exposed in each treatment group (or subgroup if appropriate);

— numb
—  propo

— confid
consig

— pvalu
— name
— the dg
— the N(
— pvalu

— design
histori

— actual

— plot of

5.3 Hypothesis testing with continuous data (e.g. mass, length, growth rate) to determine

NOEC

531 Ge

br affected in each treatment group (or subgroup if appropriate);

tion affected in each treatment group (or subgroup if appropriate);

tent with the distribution of observed responses (see E.3);
b for test of homogeneity if performed;

of the statistical method used to determine the NOEG;

se metric used;

DEC;

e at the LOEC (if applicable);

power of the test to detect. an. effect of biological importance (and what that effect is) based
cal control background and(variability;

power achieved in the study;

response data vefsus concentration.

héeral

ence interval for the percent effect at the NOEC, provided that ‘the basis for the calculation

on

Figure 3 provides a scheme for determining NOEC values for continuous data, and identifies several statistical
methods that are described in detail below. As reflected in this flow-chart, continuous monotone
dose-response data are best analysed using a step-down test based on the Jonckheere trend test or Williams
test (the former applicable regardless of the distribution of the data, the latter applicable only if data are
normally distributed and variances of the treatment groups are homogeneous).

40
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Non-monotonic dose-response data should be assessed using an appropriate pair-wise comparison
procedure. Several such are described below. They can be categorized according to whether the data are
normally distributed or homogeneous.

— Dunnett’s test is appropriate if the data are normally distributed with homogeneous variance.
— For normally distributed but heterogeneous data, the Tamhane-Dunnett (T3) method (Hochberg and

Tamhane 1987) can be used. Alternatively, such data can be analysed by the Dunn, Mann-Whitney, or
unequal variance t-tests with a Bonferroni-Holm correction.

Al [ Py lo 1 ol Lo H D A VA Lo 4 & A n £ H H I
— INUTTETTOTTTTIAl Udta Lall VT dailalyosTl Uy USlTy DUrimT Ul VidTTT=VVTTIUITY 1T©olo - WILT a DUTT rroni-Aoim

correction.
—| Normality can be formally assessed using the Shapiro-Wilk test (Shapiro and Wilk 1965).
—| Homogeneity of variance is assessed by Levene’s test (Box 1953).

—| Dunn’s test, if used, should be configured only to compare groups to contral.

Alllof these procedures are discussed in detail below. Alternatives exist to-these if the software used does not
incjude these more desirable tests. For normality, the Anderson-Darling,“Kolmogorov-Smirnov, Gramér-von
Migses, Martinez-Iglewicz and D’Agostino Omnibus tests are available))For variance homogeneity,|Cochran’s
Q, | Bartlett's and the Maximum F tests can be used. The tests described in detail in this ¢lause are
rejommended where available, based on desirable statistical properties.

There are, of course, a number of statistical procedures that are not listed in Figure 3 that might also be
applied to continuous data. The following discussion identifies many of the procedures that might be used,
andl attempts to provide some insight into the strengths and weaknesses of each.

Taple 4 lists methods that are sometimes used fp* determine NOEC values. Some of these methods are
applicable only under certain circumstances, ahd some methods are preferred over the others. Parametric
tests listed are performed only when the distribution of the data to be analysed is approximately normally
disfributed. Some parametric methods\/also require that the variances of the treatment groups be
approximately equal.

Table 4 — Methods used for determining NOEC values with continuous data

Method Parametric Non-Parametric
Single-step 2 Dunnett Dunn
pair-wise) Tamhane-Dunnett Mann-Whitney with Bonferroni-Holm cofrection
Step-down P Williams Jonckheere-Terpstra
trend-based) Bartholomew Shirley
Welch trend
Brown-Forsythe trend
Sequences of linear contrasts

P_All listed single-step methods are based on pair-wise comparisons.
b

All step-down methods are based on trend tests.

5.3.2 Parametric versus non-parametric tests

The parametric tests listed in Table 4, all require that the data be approximately normally distributed. Many
also require that the variances of the treatment groups be equal (exceptions are the Tamhane-Dunnett, Welch
and Brown-Forsythe tests). Parametric tests are desirable when these assumptions can be met. The failure of
the data to meet assumptions can sometimes be corrected by transforming the data (see 4.3.4).
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Some non-parametric tests are almost as powerful as their parametric counterparts when the assumptions of
normality and homogeneity of variances are met. The non-parametric tests may be much more powerful if the
assumptions are not met. Furthermore, a test based on trend is generally more powerful than a pair-wise test.

A decision to use a parametric or non-parametric test should be based on which best describes the physical,
biological and statistical properties of a given experiment.

Piegorsch and Bailer (1997) warn that use of the Jonckheere-Terpstra test requires that shapes of
distributions or the response variable be equivalent. In many cases, this translates to requiring that the
response variable have a common variance. They conclude the appllcablllty of the Jonckheere- Terpstra testis
brought into—que A est
discussed |in detail below is a dlstrlbut|0h-free trend test, that fact alone does not mean that its results are,pot
¢ to heterogeneity of variance. While most people who have investigated the usual non-parametric
methods flnd them less sensitive to these problems than the usual parametric procedures, they, are hot
to these problems. To address this question, a large power simulation study has been\carried put
(J.W. Gregn, manuscript in preparation) comparing the effects of variance heterogeneity on the“Jonckhegre,
Dunnett, ahd Tamhane-Dunnett tests. These simulations have shown the Jonckheere tesf\to be much l¢ss
affected by heterogeneity than the alternatives indicated and to lose little of its good power. properties.

Heterogengity and non-normality are inherent in some endpoints, such as first or last day of hatch or swim pp.
There is obpserved zero within-group variance in the control and lower concentratiefis quite often and non-zgro
variance im higher concentrations. No transformation makes the data normal, or homogeneous. It may|be
possible t¢ apply some generalized linear model with a discrete distribution’ to such data, but that is pot
addressed|in this clause.

5.3.3 Single-step (pair-wise) procedures

5.3.3.1 General

These tests are used when there is convincing evidence (statistical or biological) that the dose response is hot
monotone | This evidence can be through formal tests or through visual inspection of the data, as discussged
in 5.3.4. Phir-wise procedures are also appropriate’when there are differences among the treatments other
than dose,|such as different chemicals or formulations. These tests are described briefly here. Details of each
test, inclugling mathematical description, power, assumptions, advantages and disadvantages, relevant
confidencq intervals, and examples are discussed in E.3.

5.3.3.2 Dunnett's test

Dunnett’s fest is based on simple rtests from ANOVA but uses a different critical value that controls the
family-wise error (FWE) ratefor the k—1 comparisons of interest at exactly «. Each treatment mear] is
compared |to the control{mean. This test is appropriate for responses that are normally distributed with
homogenepus variances/and is widely available.

5.3.3.3 Tamhane-Dunnett test

Also knowh(as the T3 test, this is similar in intent to Dunnett’s test but uses a different critical value and fhe
test statisticforeactrcomparisonm uses onty the variance estimates fromr those groups. s appropriate when
the within-group variances are heterogeneous. It still requires within-group responses to be normally
distributed and controls the FWE rate at exactly o.

5.3.34 Dunn's test

This non-parametric test is based on contrasts of mean ranks. In toxicity testing, it is used to compare the
mean rank of each treatment group to the control. To control the FWE rate at « or less, the Bonferroni-Holm
correction (or comparable alternative) should be applied. Dunn’s test is appropriate when the populations
have identical continuous distributions, except possibly for a location parameter (e.g. the group medians differ),
and observations within samples are independent. It is used primarily for non-normally distributed responses.
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5.3.3.5 Mann-Whitney test

This is also a non-parametric test and can be applied under the same circumstances as Dunn’s test. The
Mann-Whitney rank sum test compares the ranks of measurements in two independent random samples and
has the aim of detecting if the distribution of values from one group is shifted with respect to the distribution of
values from the other. It can be used to compare each treatment group to the control. When more than one
comparison to the control is made, a Bonferroni-Holm adjustment is used.

5.3.4 Step-down trend procedures

pnckheere-
tone dose
ugh visual
5es versus
However,
toxicology
ch, Brown-

used, one
gddvantages
in E.3.

continuous
d to follow

5.3.5.2 Preliminaries

The procedure described is suitable if-the experiment being analysed is a dose-response study wjith at least
twg dose groups (Figure 8). For clarity, the term “dose group” includes the zero-dose control. Befofe entering
thg step-down procedure, two preliminary actions shall be taken.

First, the data are assessed:-for monotonicity (as discussed in 5.1.5). A step-down procedure basgd on trend
tegts is used if a mono6tonic response is evident. Pair-wise comparisons (e.g. Dunnett’s, Tamharle-Dunnett,
Dunn’s test or Mann=Whitney with a Bonferroni-Holm correction, as appropriate) instead of a trend{based test

Nekt, examine the number of responses and number of ties (as discussed in 5.3.6.1). Small samplgs and data
sefs with massive ties should be analysed using exact statistical methods if possible. Finally, if a jparametric
prdcedure “(e.g. Dunnett's or Williams’ test) is to be used, then an assessment of normality and variance
homogeneity should be made. These are described in 5.3.6.2 and 5.3.6.3, respectively.

5.3.5.3  Step-down procedure

5.3.5.3.1 Preferred approach

The preferred approach to analysing monotonic response patterns is as follows.

— Perform a test for trend (Williams or Jonckheere) on responses from all dose groups including the control.

— If the trend test is significant at the 0,05 level, omit the high dose group, and re-compute the trend statistic
with the remaining dose groups.
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— Continue this procedure until the trend test is first non-significant at the 0,05 level, then stop. The NOEC
is the highest dose remaining at this stage.

— If this test is significant when only the lowest dose and control remain, then an NOEC cannot be
established from the data.

5.3.5.3.2 Williams' test

Williams’ test is a parametric procedure that is applied in the same way the Jonckheere-Terpstra test is
applied. This procedure, described in detail in E.3, assumes data within concentrations are normally
distributed[@and homogeneous.

In addition|to the requirement of monotonicity rather than linearity in the dose response, an appealing featlre
of this prqcedure is that maximum likelihood methods are used to estimate the means (as,well as fhe
variance) based on the assumed monotone dose response of the population means. The resulting estimates
are monotopne.

An advantpge of this method is that it can also be adapted to handle both between-7and within-subgrgup
variances.| This is important when there is greater variability between subgroups than chance alone wojuld
indicate. Williams’ test shall be supplemented by a non-parametric procedure-to cover non-normal| or
heterogeng¢ous cases. Either Shirley’s (1979) non-parametric version of Williams’ test or the Jonckhegre-
Terpstra tgst can be used, but if these alternative tests are used, one loses the' ability to incorporate multiple
sources of| variances. Limited power comparisons suggest similar power_¢haracteristics for Williams’ and the
Jonckheerg-Terpstra tests.

=

5.3.5.3.3 | Jonckheere-Terpstra test

The Jonckheere-Terpstra trend test is intended for use when.the underlying response of each experimental
unit is confinuous and the measurement scale is at least ordinal.

The Jonckheere-Terpstra test statistic is based on jeint rankings (also known as Mann-Whitney counts) of
observations from the experimental treatment groups. These Mann-Whitney counts are a numerical
expression of the differences between the distributions of observations in the groups in terms of ranks. The
Mann-Whitney counts are used to calculate a test statistic that is used in conjunction with standard statistical
tables to determine the significance of a trend. E.3 gives details of computations. The Jonckheere-Terpstra
test reducegs to the Mann-Whitney test when only one group is being compared to the control.

The Jonckheere-Terpstra test has.many appealing properties. Among them is the requirement of monotonigity
rather than linearity in the dose-response. Another advantage is that an exact permutation version of this test
is availabl¢ to meet special-needs (as discussed below) in standard statistical analysis packages, including
SAS and $tatXact. If subgroup means or medians are to be analysed, the Jonckheere-Terpstra test has the
disadvantdge of failing to’take the number of individuals in each subgroup into account.

Extensive |power_simulations of the step-down application of the Jonckheere-Terpstra test compared| to
Dunnett’s fest have demonstrated in almost every case considered where there is a monotone dose responise,
that the Jpnckheere- Terpstra test |s more: powerful than Dunnett s test (Green JW., in preparation for
) ) ) )an
the Jonckheere-Terpstra is when the dose response is everywhere flat except for a single shift. These
simulations followed the step-down process to the NOEC determination by the rules given above and covered
a range of dose-response shapes, thresholds, number of groups, within-group distributions, and sample sizes.
The development of the Jonckheere-Terpstra test is available in many places, including Lehmann (1975).

5.3.6 Assumptions for methods for determining NOEC values

5.3.6.1 Small samples — Massive ties

Many standard statistical tests are based on large-sample or asymptotic theory. If a design calls for fewer
than 5 experimental units per concentration, such large-sample statistical methods may not be appropriate. In
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addition, if the measurement is sufficiently crude, then a large proportion of the measured responses have the
same value, or are very restricted in the range of values, so that tests based on a presumed continuous
distribution may not be accurate. In these situations, an exact permutation-based methodology may be
appropriate.

While universally appropriate criteria are difficult to formulate, a simple rule that should flag most cases of

concern is to use exact methods when any of the following conditions exists:

a) atleast 30 % of the responses have the same value;

b) atleast 50 9% of the responses have ane of twao \IQllan;

c) | atleast 65 % of the responses have one of three values.

StgtXact and SAS are readily available software packages that provide exact versions~of'\many ugeful tests,

su¢h as the Jonckheere-Terpstra and Mann-Whitney tests.

5.3.6.2 Normality

WH
no

en parametric tests are being considered for use, then a Shapiro-Wilk-test (Shapiro and Wil
mality should be performed. If the data are not normally distributed, then either a 1

k 1965) of
ormalizing

trapsformation (4.3.4) should be sought or a non-parametric analysisyshould be done. Assessm
nofmality can be done at the 0,05 significance level, though a 0,01¢evel might be justified on the g
ANOVA is robust against mild non-normality. The data to be-checked for normality are the resi
differences in group means are removed; for example, from~an ANOVA with concentration,

negessary, subgroup, as class (i.e. non-numeric) variables

~

g

.6.3  Variance homogeneity

If
valliance homogeneity should be performed. kevene’s test (Box, 1953) is reasonably robust again

.g. 0,001) if this testis’used. Levene’s test, on the other hand, is designed to test for the very
homogeneity~that cause problems with ANOVA, so that a higher level significance (0,01
comjunction withthis test can be justified. Where software is available to carry out Levene’s
rejommended‘\over Bartlett’s.

For pair<wise (single-step) procedures, if the data are normally distributed but heterogeneous, the
velsionnof Dunnett’s test (called Tamhane-Dunnett in this Technical Specification) is availabl

TO

nt of non-
unds that
Huals after
nd, where

parametric tests are being considered for usé’and the data are normally distributed, then @ check of

5t marginal
N Levene's
individual
robust to

tures from
ed without
nown that

departures
pbr 0,05) in
test, it is

n a robust
e. Such a

prqcédure is discussed in Hochberg and Tamhane (1987). Alternatives include the robust pair-wi

se tests of

Welch and Brown-Forsythe. If the data are normally distributed and homogeneous, then Dunnett’s test is used.
Specific assumptions and characteristics of many of the tests referenced in this subclause are given in E.3.

Of course, expert judgement should be used in assessing whether a significant formal test for normality or

variance homogeneity reveals a problem that calls for alternative procedures to be used.
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5.3.7 Operational considerations for statistical analyses

5.3.7.1  Treatment of experimental units

A decision that shall often be made is whether the individual animals or plants can be used as the
experimental unit for analysis, or whether subgroups should be the experimental unit. The consequences of
this choice should be carefully considered. If there are subgroups in each concentration, such as multiple
tanks or beakers or pots, each with multiple specimens, then the possibility exists of within- and among-
subgroup variation, neither of which should be ignored. If subjects within subgroups are correlated, that does
not mean that |nd|V|duaI subject responses should not be analysed. It does mean that these correlatlons
should be e
replicated
especially |13.5), Milliken and Johnson (1984, especially Chapter 23), John (1971), Littell (2002) and mny
additional feferences contain treatments of this.

Technical pote: If both within-subgroup and between-subgroup variations exist and neither is_negligible, then
the step-down trend test should either be the Jonckheere-Terpstra test with mean of median subgroup
response @s the observation, or else an alternative trend test such as Williams’ or Bréwn-Forsythe with the
variance used being the correct combination of the within- and among-subgroups variances as described in
the discussion on the Tamhane-Dunnett test in E.3.

Given the possibility of varying subgroup sample sizes at the time of measurement, it may not be appropripte
to treat all subgroup means or medians equally. For parametric comparisofis, this requires only the use of the
correct combination of variance components, again as described as. E.3. For non-parametric methads,
including Jonckheere’s test, there are no readily available methods for combining the two sources of variab|lity.
The choices are between ignoring the differences in sample sizes-'and ignoring the subgroupings. If the
differenceg in sample sizes are relatively small, they can be ignpred. If the differences among subgroups are
relatively gmall, they can be ignored. If both differences are relatively large, then there is no universal best
method. A|choice can be made based on what has been gbserved historically in a given laboratory or fgr a
given type|of response and built into the decision tree.

5.3.7.2 dentification and meaning of outliers

The data [should be checked for outliers that might have undue influence on the outcome of statistical
analyses. [There are numerous outlier rules that can be used. Generally, an outlier rule such as Tukgy’s
(Tukey, 1977) that is not itself sensitive.to-the effects of outliers is preferable to methods based on standard
deviations] which are quite sensitive 10 the effects of outliers. Tukey’s outlier rule can be used as a formal fest
with outliefs being assessed from residuals (results of subtracting treatment means from individual values) to
avoid confpunding outliers and treatment effects.

Any respopse more than 4,5 times the interquartile range above the third quartile (75th percentile) or below
the first quartile (25th percentile) is considered an outlier by Tukey’s rule. Such outliers should be reported
with the repults of the analysis. The entire analysis of a given endpoint can be repeated with outliers omitted to
determine whether.the 'outliers affected the conclusion. While it is true that non-parametric analyses are l¢ss
sensitive tp outliers than parametric analyses, omission of outliers can still change conclusions, especially
when sample-Sizes are small or outliers are numerous.

Conclusions that can be attributed to the effect of outliers should be carefully assessed. If the conclusions are
different in the two analyses, a final analysis using non-parametric methods may be appropriate, as they are
less influenced than parametric methods by distributional or outlier issues.

It is not appropriate to omit outliers in the final analysis unless this can be justified on biological grounds. The

mere observation that a particular value is an outlier on statistical grounds does not mean it is an erroneous
data point.

5.3.7.3  Multiple controls

To avoid complex decision rules for comparing a water and solvent control, it is recommended that a non-
parametric Mann-Whitney (or, equivalently, Wilcoxon) comparison of the two controls be performed, using
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only the control data. This comparison can be either a standard or an exact test, according to whether the
preliminary test for exact methods is negative or positive. If a procedure for comparing controls using
parametric tests were to be employed, then another layer of complexity can result, where one has to assess
normality and variance homogeneity twice (once for controls and again later, for all groups) and one shall also
consider the possibility of using transformations in both assessments.

5.3

.74 General

Outliers, normality, variance homogeneity and checks of monotonicity should be done only on the full data set,
not repeated at each stage of the step-down trend test, if used. Diagnostic tools for determining influential

obs
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bervations.

| Statistical items to be included in the study report

e report describing continuous study results and the outcome of the NOEC detérmination sho
following items:

description of the statistical methods used;

test endpoint assessed;

number of test groups;

number of subgroups within each group and how handled.(if applicable);

identification of the experimental unit;

nominal and measured concentrations (if available) for each test group;

the dose metric used,;

number exposed in each treatment:group (or subgroup if appropriate);

group means (and median, if @.non-parametric test was used) and standard deviations;

confidence interval for'\the percent effect at the NOEC, provided that the basis for the ca
consistent with the distribution of observed responses (see E.3);

the NOEC;
p value at the LOEC (if applicable);

resulis of power analysis;

plnf of response versus concentration

servationscamatsobevery hetpfutimevatuatingthesensitivity of amamatysistotheeffectsofafew unusual
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6 Dose-response modelling

6.1 Introduction

The main regulatory use of dose-response modelling in toxicity studies is to estimate an EC,, the exposure
concentration that causes an x % effect in the biological response variable of interest, and its associated
confidence bounds. The value of x, the percent effect, may be specified in advance, based on biological (or
regulatory) considerations. Guidelines may specify for which value(s) of x the EC, is required. This clause
discusses how an EC_ may be estimated, as well as how it may be judged that the available data are
sufficient tp do so.

Dose-resppnse (or concentration-response) modelling aims at describing the dose-response data as ‘a’whole,
by means [of a dose-response model. In general terms, it is assumed that the response, y, can be descrihed
as a functipn of concentration (or dose), x

y=flx
where f'cah be any function that is potentially suitable for describing a particular dataset.

Since y is gonsidered as a function of x, the response variable y is also called the‘dependent variable, and the
concentratjon x, the independent variable. As an example, consider the linear function:

y=a+4bx
where the fesponse changes linearly with the concentration. Here,"a~and b are called the model parameters

By changing parameter a one may shift the line upwards or downwards, while by changing the parametgr 5
one may r¢tate the line. Fitting a line to a dataset is the process of finding those values of a and 4 that resulf in
“the best fjt”, i.e. making the distances of the data points'to the line as small as possible. Similarly, for any
other dosetresponse model, or function £, the best fit may be achieved by adjusting the model parameters.

This example illustrates that the data determine.the values of the parameters a and b, and thereby the locatfjon
and angle of the line. However, whatever the data, the result of the fitting process is, for this model, alwayg a
straight ling, so the flexibility of the dose-response model in following the dose-response data is limited| In
general, the flexibility of a dose-respoinse ‘model tends to be larger when it includes more parameters. For
example, the model:

y=a4bx+cx?+dx3

has four parameters (a, b<c'and d), which can all be varied in the fitting process. Therefore, this model is mpre
flexible compared to thédlinear model, and can take on various shapes other than a straight line. One might
conclude Here: “the more parameters, the better”, but that is not the case. It only makes sense to include mpre
parameters in a.model when the data contain the information to estimate them [also referred to as the
parsimony|principle (3.25)], or when including the parameter in the model leads to a significantly better fit.

The fit of the -
of the residuals, where the reS|duaIs are S|mply the dlstances (dlfferences) between the data and the model
value at the pertinent concentration. The best fit is then found by minimizing the sum of squared residuals, or
briefly the Sum of Squares (SS). Another measure for the fit is the likelihood, which is based on a particular
distribution that is assumed for the data (e.g. a normal or log-normal distribution for continuous data, a
binomial distribution for quantal data, or a Poisson distribution for count data). In that case, the best fit is found
by maximizing the likelihood (or the log-likelihood, which amounts to the same thing). See 4.3.6. for a general
discussion of model fitting.

In this clause, a dose-response model is generally written as y=f(x), where x may denote either the
concentration or dose. Indeed, a concentration-response and a dose-response model are not different from a
statistical point of view. The response, y, may refer to data of various types. The type of the response data,
either quantal or continuous (see Clause 3), does make an important difference, not only for the statistical
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analysis, but also for the interpretation of the results. In this clause, dose-response modelling is separately
discussed for quantal (6.2) and for continuous (6.3) data, since the statistical analysis is completely different.
The flow-chart given in Figure 7 summarizes the main lines of a dose-response modelling approach.

Of course, the response in biological test systems not only depends on the concentration (dose) but also on
the exposure duration. Yet, most ecotoxicity tests only vary the concentration (dose), at a single exposure
duration. Therefore, the larger part of this clause addresses how to model the concentration-response
relationship, ignoring the exposure duration. Obviously, any results from the statistical analysis then only hold
that particular exposure duration.

for
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duration (or to, e.g. a single acute oral dose).

In this clause, the terms EDgo/EC5,/LD54/1-Cy( are used interchangeably, as well as ED /EC,/LD,/

X
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u
both quantal and continuous data. In the other subclauses of this clause, time is considered
use 7, the role of time and exposure duration in describing the response is further discusse
spective of biology-based modelling.

Modelling quantal dose-response data (for a single exposure duration)

1 General
uantal response, y, is defined as y = k/n, where £ is the number of responding organisms (or eX
ts) out of a total of n.

uantal response may also be expressed as a percentage, bab the total number of observed unitg
omitted. For example, 2 responses out of 4 is not thesame information as 50 out of 100
use 4.

e purpose of dose-response modelling of quantal‘data is to estimate an EC, (LC,), where x
centage, usually equal to or lower than 50 %. When the dose-response data relate to a particu
osure duration, the estimated parameters (ECg, or EC,) obviously only hold for that particula

notes a particular response level (ysually smaller than 50). Note that x in model expressions d

ponse is a
ed in 6.6,

as fixed. In

d from the

perimental

, n, cannot
See also

is a given
lar (single)
r exposure

| C,, where
enotes the

comcentration (or dose). In human risk assessment, the term Benchmark dose (BMD)?) is used, and is, for the

Cas

Th

comcentration-response-relationship.

e of quantal data, equivalentito.the EC, (but not so for continuous responses, see 6.3).

b terms dose and concentration are used interchangeably, as well as dose-response relatig
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9) Orginally the BMD was introduced by Crump (1984) as the lower confidence bound of the point estimate. More
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ently this is often indicated as BMDL.
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More than 2 dose groups (incl. controls) showing different* response levels?

yes no

p exit
y
Quantal data ?
ves no
y A 4
More_than one Continuous data? I
partial response?
no I yes yes no
A 4 \4 A
ECs( migh} be estimated Fit various Fit various Not discussed in this documerit
by other mdthods models models ¢
(see 6.2.2) (see 6.2.1) (see 6.3.1)
¢ y For ordinal data, see the PROAST software
For §C,, (X<50): Model.s ﬁtt.m.g equally
exit well give similar EC,.
estimates 2** see 6.4
no | yes
exit Are confidence intervals among®EC, estimates extremely different?
no | yes
choose lowest confidence bound exit

Key

Exit: EC, |cannot be assessed from the data at hand; repeat the experiment with more (adequate) doses, or gg to
Clauge 5.

* I.e. gpparently different, given the noise in the data.

*%

In aqdition, it should be assessed by visualinspection that the fitted model is sufficiently supported by the data.

NOTE Doses = concentrations.

Figure 6.— Flow-chart for dose-response modelling

6.2.2 Chpice of model

6.2.2.1 General

A (statisticpl) dose=response model serves to express the observed response as a function of dose, to provide
for a tool {o estimate the parameters of interest (in particular the EC,) and assess confidence intervals |for
those estimates. A statistical regression model itself does not have any meaning, and the choice of the model
(expressiohyTstargety arbitraryitisthedata; motthemodet;, that determinesthedose Tesporse;, and thereby
the EC,. Of course, an improper choice of the model can lead to an inappropriate estimate of the EC,, but the
choice of the model is in most ecotoxicity studies governed by the data.

Numerous dose-response models are theoretically possible, but in practice only a limited number are applied,
mostly determined by historical habits in the field of application. Only the more frequently applied models are
discussed here. See 6.4 for a discussion on model selection.

For quantal data, an obvious property for a dose-response function is that it ranges between 0 and 1 (0 % and
100 %). Further, one would normally expect the response to be monotone, i.e. it only increases (or decreases).
Cumulative distribution functions (e.g. normal, logistic, Weibull) obey that property, and are therefore
candidates for dose-response modelling of quantal data.
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The use of cumulative distribution functions for quantal dose-response modelling can also be considered from
the idea of tolerance distributions. By assuming that each individual in the population observed has its own
tolerance for the chemical, a tolerance distribution expresses the variability between the individuals. Plotting
the tolerance distribution cumulatively results in the quantal dose-response relationship, where the fraction of
responding individuals (at a given concentration) is viewed as all individuals having a tolerance lower than that
concentration. For example, a predicted response of 25 % at concentration 10 ppm is interpreted as 25 % of
the individuals having a tolerance lower than 10 ppm. Given this interpretation, the slope of a quantal dose-
response relationship is a reflection of the variability between the individuals, with steeper slopes meaning
smaller variability in tolerances.

assumed
ately log-
history of
ymmetrical
ms of the

jeneral, a dose-response model for quantal data is a function of the concentration“or dose x:

y=Ax)

where y is the quantal response.

It i
the

5 important to keep in mind that in the model, y represents the€ true response, which may be thqg
fraction of responding individuals in the infinite population, or as the probability of respon

ind
co
s

incjude a background incidence parameter by putting

where a denotes the true background probability of response, and g(x) is a function increasing from

ividual. The function f{x) is chosen such that it equals_zero at concentration zero (and unity
centration). However, theoretically, the probability of response in the unexposed population mig
I, but it cannot be (strictly) zero. Therefore, it is theoretically more appropriate to extend the

y=fx)=a+(1-a)gx)

ught of as
se for any
for infinite
ht be very
model and

0 to 1 forx

increasing from zero to infinity. In this:formulation, the response at infinite concentrations remains unity

(simce g(x) = 1 for infinite x).
Some of the more commonly uséd models are discussed below. For a more extensive list of models, see
Scholze et al. (2001).
6.2.2.2 Probit model
The probit modelhis the cumulative normal distribution function. In practice, it is usually applied to the
log-concentrations, implying that a log-normal tolerance distribution is assumed. The probit model (Wwithout the
bagkground‘mortality parameter «) can be expressed as
X
2)= b [log(x) -~ log(EDgo)] = b log(=2—) (™)

wh

ere z is the standard normal deviate associated with probability y.

At first sight, the use of log-concentration in this model appears to present a problem for dose zero. Note,
however, that for

x =0, z=— o, and the associated probability, y, is zero.

In other words, Equation (1) assumes that the probability of ever observing a response in the control group is
strictly zero. Therefore, when Equation (1) is fitted to the data, the control observations can just as well be
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deleted'9). They only provide information to the model when a background parameter is included in the model
[see Equation (5)].

The standard normal deviate cannot be calculated from an explicit expression, as opposed to the logit model
(see below). Common statistical software packages use standard algorithms; therefore, this should not
concern the user.

The probit model has two parameters: the ED5, and the slope ().

The EDg is the median of the (log-normal) tolerance distribution, and the slope is the inverse of the standard
deviation of-that-distribution

Figure 7 shhows an application of the probit model to mortality data.

probit model, y = a+(1-a)*pnorm(b*log10(x/c}))

- N
==}
2]
2 o
£ o | N
£° _
& i
] 2 00355
c b-: 42556
ke AT
E g‘ cony® TRUE
LD20: 0.165
N
Q_ a 0.46
o
I I f I
-1.0 0.5 0.0 05
log10-dose
Key
a backgrgund mortality
b slope
¢ LDg

NOTE  Dpshed lines indicate the LD,
“gnorm” is the cumulative standard normal distribution function.

On log-scaley.the zero concentration is minus infinity.

Figure 7 — Probit model fitted to observed mortality frequencies (triangles) as a function of log-dose

10) Adequate software simply sets the log-likelihood score for observations in the control group at zero (whatever the
observations). When a background response parameter is included in the model [see Equation (5)], the log-likelihood
score associated with the observations in the control group only depends on the value of the background parameter.
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6.2.2.3 Logit model

The logit model is the cumulative logistic distribution function. The logistic distribution has wider tails than the
normal distribution, but is similar otherwise. Just as with the probit model, the logit model is usually applied to
the log-concentrations.

The logit model (without the background mortality parameter, a) can be expressed as

1
r 1 + exp[b log(EDgg/k)] @

where y is the probability of response.

immediately that, in the limit, y equals zero for x approaching zero. In fitting the> model, the control
obsgervations can be simply deleted, as they do not provide any information, unless a(background parameter is
incjuded [see Equation (5)].

Just as in the probit model, the logarithm of dose does not present any problem for doseizero. It cIn be seen

The logit model has two parameters: the EDg and the slope, b.

The EDjgq is the median of the (log-logistic) tolerance distribution, and the slope is related to thge standard
deyiation, s, by

T

Stol,dist —
NE)
Figure 8 illustrates the logit model applied to the same mortality data as Figure 7.
log-logistic model; y = a+(1-a)/(1+exp(b.log10(c/x)))
o |
«© _]
o
2 @ :
B.\¢ versian: 8.6
o model : AS
% a: 0.0356
@ b 7.2526
p=4 c: 0.2554
=4 fik: -34.16
Q conv: TRUE
S T
g O
- LD20 : 0.167
© .
o
o
I I ! !
-1.0 -0.5 0.0 05
log10-dose
Key
a background mortality
b slope
¢ LDg,

NOTE Dashed lines indicate the LD,

Figure 8 — Logit model fitted to mortality dose-response data (triangles)
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6.2.2.4 Weibull model

The Weibull distribution is not necessarily symmetrical, and is usually applied to the concentrations
themselves (not their logs). The Weibull model (without the background mortality parameter, a) may be
expressed as

y =1 - exp [~ (x/b)°] ®)

It has two parameters, a location parameter, b, and a parameter ¢ (high values of ¢ give steep slope). The
EDg is related to » and ¢ by

EDsq b In(2)1¢

Figure 9 illstrates the Weibull model applied to the same mortality data as Figures 7 and 8.

weibull model, y = a + (1-a)(1-exp(-(x/b)*c))

1.0

0.8
L

version) 8'6,

0.6

Uk -34.02
conv: TRUE

fraction responding
0.4

LD20 : 0.145

0.2

-1.0 -0.5 00 05

log10-dose

Key
a backgraund mortality
b  “locatioh” parameter
¢ “slope” parameter

NOTE  Dpshed lings indicate the LD,

Figure 9 — Weibull model fitted to mortality dose-response data (triangles)

The LDs, equals b In(2)"c = 0,145.

NOTE The data and the model in Figures 7 to 9 are plotted against log-dose with the purpose of improving the
readability of the plots. However, the Weibull model was fitted as a function of dose, while the probit and logit models were
fitted as a function of log-dose.
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.2.5 Multi-stage models

The multi-stage model (see e.g. Crump et al., 1976) is often used for describing tumour dose-response data. It
is usually applied in a simplified version (the linearized multi-stage model, briefly LMS):

1 bx ex? — a3

= - exp {-a - - -

y -}

(4)

where the number of parameters is also called the number of stages. It includes the one-stage model:

y 1 exp { — a bx }

als|

No
Th

in
sta

6.2

Th
Th
the

Th
inc
the
wh

He|

relationship for the fraction of the pepulation that did not show a response at concentration
tkground-corrected ECyq then simply is the EC5 as given by g(x). For example, when g(x) denofes the log-

ba
log
in

Fo

EX]

p referred to as the one-hit model.
fe that in the multi-stage model background mortality is included, and equals 1 — exp(=¢):

b multi-stage model can be regarded as a family of nested models. For exampleby)setting the p
he three-stage model equal to zero, one obtains the two-stage model. Thus, one can let the
ges depend on the data (see below for a further discussion of nested models).

.2.6  Definitions of EC5y and EC,.

e EC, is defined as the concentration associated with x % response, with the ECg, as a spec
e situation of nonzero background response complicates the‘definition of the ECgy and of the
background response may be taken into account in various ‘ways.

e ECg is defined as the concentration associated with*50 % response. However, a 50 % res
dence) can relate to the whole population, irrespegtive of the background response, or only to

population that did not respond at concentration zero. Consider the general quantal dose-respg
ere the background response (incidence), «, is included as a model parameter:

y=fx)=a+(1-a)gx)
re g(x) may be any cumulative tolerance distribution, ranging from zero to one. It reflects the dos¢
istic model, then parametereyis the background-corrected EC5(,. This definition of the ECgj (LD
Figures 7 to 9.

response levels x %-smaller than 50 %, the EC, may be defined in various ways, e.g.

x %/100 % =AEC,) — a (additional risk)
x %/100.% = [(EC,) — a] / (1 — a) = g(EC,)

(extra risk)

AMPLE 1 Additional risk definition

arameter d
number of

al case’?).
EC,, since

ponse (i.e.
hat part of
nse model

®)

b-response
zero. The

ko) is used

For example, when the background response, a, amounts to 3 %, then the EC according to the additional risk definition

cor

EXAMPLE 2

responds to a response in the population of 13 %, since 13 % — 3 % = 10 %.

Extra risk definition

In the extra risk definition, the EC,, would correspond to a response of 12,7 %, since (12,7 % — 3 %) / 97 % = 10 %.

11) In human risk assessment, the term Benchmark dose (BMD) is used, defined as the dose associated with a certain
Benchmark response (=x %). Originally the Benchmark dose was defined as the lower confidence limit of the point
estimate (Crump, 1984), also indicated as BMDL. See also Table 5 in 6.3.
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Note that the background-corrected EC,, according to the extra risk concept, is equal to the (uncorrected) EC,.
of g(x) in Equation (5). Therefore, extra risk appears favourable, but the numerical difference for the EC,
based on additional or extra risk is usually small. The illustrative examples in Figures 7 to 9 used the
additional risk concept.

In ecotoxicity testing, the additional risk is common for the EC, when x < 50 %. However, in the case of the
ECs, the background response is usually taken into account according to the extra risk concept (as in
Figures 7 to 9).

It may be noted that in other disciplines, still other risk concepts are used. For instance, in epidemiology, more
common measures are relative risk (rnepnncn of exposed enhjnr\fe divided hy response in non-expased

subjects) gnd derived concepts, such as attributable proportion, and odds ratio.

6.2.3 Model fitting and estimation of parameters

6.2.3.1 Software and assumptions

Fitting a mpdel to dose-response data may be done by using any suitable software, e.g."SAS (www.sas.com),
SPSS (www.spss.com), splus (www.insightful.com)'2), and PROAST'3) (Slob, 2003)-

The user Hoes not need to be aware of the computational details, but some“understanding of the bdsic
principles in non-linear regression is required to be able to interpret the results properly. These principles are
discussed|n 6.7.

Furthermofe, the user should be aware of the assumptions underlying the fit algorithm. For quantal data, it is
usually assumed that the data follow a binomial distribution, andrthe common fit algorithm is based|on
maximizing the binomial likelihood (see 6.2.4 for a discussioncof the assumptions). The parameter vallies
produced by this algorithm are the values associated with the maximum likelihood, and are also called the
Maximum [ikelihood Estimates (MLEs).

Maximum Jikelihood can only be applied for data including at least two concentrations with partial responses,
otherwise the MLE of the slope tends to infinity, When the data only include 0 % and 100 % responses| or
only a single concentration with partial response, the slope of the dose response can therefore not|be
estimated.|But there are several methods available for estimating the ECy5 in those situations. These methods
include prqcedures for assessing the precision of the estimated ECg (Hoekstra, 1993).

6.2.3.2 Response in controls
Instead of| estimating the background response (incidence) as a parameter in the dose-response model,

Abbott’s correction is often used’in situations where dose-response data show nonzero observed responsg in
the controlp. In this corregtion; each observed response, p;, is replaced by

(pi —pp) / (1 - po)

where py denotes-the observed background response.

However, since-the ed s-error-which-is =
into account in this way. Instead the background response should be treated as an estimate containing error,
just like the observed responses in the other dose groups. By incorporating the background response as a
parameter in the model, it is estimated from the data, and estimation errors are accounted for, e.g. in
calculating confidence intervals.

12) SAS, SPSS and splus are examples of a suitable products available commercially. This information is given for the
convenience of users of this Technical Specification and does not constitute an endorsement by ISO of these products.

13) The PROAST (Possible Risk Obtained from Animal Studies) software is available upon request (Wout.slob@rivm.nl).
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As already discussed, it is theoretically impossible that the probability of response in the controls equals
(strictly) zero. Therefore, the background response should be regarded as an unknown value, and be
estimated from the data, even if the observed background response is zero (the fact that all observed control
individuals did not respond does not imply that a response is impossible). Nonetheless, as Figure 10
illustrates, the background response may be estimated to be (virtually) zero, and in such situations fixing the
background response at zero versus estimating it as a free parameter in the model does not make much
difference (although the confidence intervals could be different, but probably not too much). Of course, one
may always compare both ways of analyses in any practical situation.

It should be noted that omitting the background parameter from the model has the advantage of one less
parameter to he estimated (pnrcimnny prinr‘ilnlp) but at the same time the ohservations in the cantrol group

arg made worthless in that way.
In practice, it may happen that the best fit of the model results in a negative estimate 6f the Hackground
regponse. To prevent this, the model should be fitted under the constraint that the background resgonse shall
be[nonnegative (i.e. a > 0). Instead of a negative estimate, the background response «’associated with the
best fit is, in those situations, then estimated to be zero.
log-logistic model, y = a+(1-a)/(1+exp(b.log10(c/x)))
e L s e ST
“u'; version: 8.5
5 o e
% (=] bf:‘D10,9312
o W Cna
‘s conv: TRUE
>
g CES 0.1
g « CED = 62804
o o
o
g -
e |
Q
I 1 I 1 1
1.0 1.5 2.0 2.5 3.0
log10-dose
NQTE Here baekground mortality (parameter «) was included as a free parameter in the model, and estimated to be
cloge to zero. Thesdashed lines indicate the LDg,, and the LD,
Figure 10-=— Logit model fitted to mortality dose-response data (triangles), with background|mortality

6.2:3:3—Analysisof datawith-variousobserved-fractions-at each-dosegroup

Ecotoxicological (quantal) dose-response data often show replicated observed fractions at each concentration
or dose group.

EXAMPLE 1 For example, the individual organisms in each dose group may be housed in different containers, each
container resulting in an observed fraction of responding organisms.

EXAMPLE 2 As another example, the fraction of fertile eggs may be observed in individual female birds, where each
dose group consists of various female birds.

In more general terms, these designs have various experimental units per dose group, and in each
experimental unit the fraction of responding sampling units is counted. Of course, a dose-response model can
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be fitted to such data by simply regarding the various observed fractions at each dose group as true replicates.
In that case, it is assumed that the experimental units themselves (e.g. aquaria, of female birds) do not differ
from each other.

If this cannot be assumed, the variability between experimental units shall be taken into account in the
statistical analysis. Here, two approaches are briefly mentioned.

— One approach is to apply a normalizing (e.g. the square-root arcsine) transformation to the observed
fractions related to each experimental unit. The transformed data can then be analysed as continuous
data, as discussed in 6.3. However, this approach is problematic for data with 0 % and 100 % responses.

— Anothgr approach is to account for the among-container variation by adjusting the binomial distributipn.
For example, the parameter reflecting the probability of response in the binomial distribution"may|be
assumed to follow a beta distribution (reflecting the variability among containers). This implies-that the
obseryed response is beta-binomial distributed rather than binomial, and the associated likelihood may|be
maxinjized (see, for example, Teunis and Slob 1999).

Subclause|5.2.2.5. gives a description of two methods for deciding whether extra binomialvariation is presgnt.

6.2.3.4 |Analysis of data with one observed fraction at each dose group

When the ptudy design has only one container per dose group, the analysis @ppears at first sight simplerfas
compared |to the situation of replicated containers at each dose. However, this is apparent only. If the
containers|differ by themselves, this between-container variation resultsinextra-binomial variation just as well.
Theoretically, the variation among containers could be taken intoraccount by the approaches mentioned
above. However, experience with how this works in practical ecotoxicity data appears to be lacking.

6.2.3.5 [Extrapolation and EC,

Because of the fact that a fitted statistical model only reflects the information in the data, extrapolation outside
the range [of observation is usually unwarranted. Consequently, an EC, that is estimated to be below fhe
lowest applied (nonzero) dose should not be trusted.

6.2.3.6 Confidence intervals

Whatever flefinition for the EC, is usegd:itis estimated from the point estimates of the parameters in the madel.
When thege point estimates are ohtained by maximum likelihood, these are Maximum Likelihood Estimates
(MLEs). The EC, is also a MLE when'it is (indirectly) calculated from these values.

The MLE for the EC5, or any other EC,, is a point estimate only, and may, to a larger or smaller extent,|be
imprecise.|The imprecisioh may be quantified by the standard error of the estimate, but it is more informafive
to calculatge a confidence interval. A confidence interval indicates the plausible range for the parameter, ¢.g.
a 95 %-confidence interval is supposed to contain the true value of the parameter with probability 95 %.

Confidencg intervals may be assessed in various ways:

— plus orminustwice the parameter's standard error (provided by most dose-respornse software);, which is
estimated by the second derivative of the likelihood function (Hessian or information matrix), possibly with
Fieller's correction (Fieller, 1954);

— based on the profile of the log-likelihood function, using the Chi-squared approximation of the
log-likelihood;

— value(s);

— bootstrap methods (see e.g. Efron 1987, Efron and Tibshirani 1993);
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Bayesian methods, in particular if one has some preliminary knowledge on the plausible ra
parameter.

Various studies have compared the first three methods (see e.g. Moerbeek et al. 2004).

6.2.4 Assumptions

6.2.4.1 General

nge of the

A dose-response model consists of a deterministic part (the predicted dose-response relationship) and a

stachastic part (describing the noise). The assumptions made in the statistical part are analogous

hy
asy

6.2

Th

Ad

6.2

6.2

In

theg
theg
theg

othesis testing, and are only briefly mentioned here. The focus in this clause is on(the
umption, that of the (deterministic) dose-response model.

.4.2  Statistical assumptions
b assumptions for hypothesis testing equally hold for dose-response modelling:
binomial distribution for observations per experimental unit, i.e. independence between the ani

model, it is additionally assumed that experimental units do not vary.among each other by the
at the same dose);

no systematic differences (caused by unintended experimental factors) between dose groups (
particularly relevant for unreplicated designs, i.e. one container per dose-group);

the values of the concentrations/doses are assunied to be known without error, or, in situati
they are measured, the measurement errors are\assumed to be negligible.

Hitional assumption:

the fitted model has a shape that is ¢lase to the true dose-response relationship.
.4.3  Evaluation of assumptions

.4.3.1 Evaluation of basic assumptions

assumption of binomially distributed data may not be met, due to variation among the experimn
mselves. One Wway to check this is by fitting a model based on a betabinomial distribution, and
associated log-likelihood with that obtained from a fit based on a binomial distribution. This g

cam be done-by;a likelihood ratio test, since the binomial and betabinomial distributions are nested.

6.2

.4.3:2( " Evaluation of the additional assumption

to those in
additional

Mmals in the

same experimental unit (e.g. container). When the experimental unitiS)not accounted for in tr:]r statistical

selves (i.e.

he latter is

ons where

esigns with sample-units (e.g. organisms, eggs) within experimental units (e.g. containers, female birds),

ental units
comparing
omparison

Fu

firmentof the assumption that the shape of the fittedmodet s close to the true dOSe-Tesponse

lationship

depends not only on the choice of a proper dose-response model, but also on the quality of the dose-
response data. Therefore, one not only needs to consider if the model is suitable to describe the data, but also
if the data are good enough to sufficiently guide the model in obtaining the right shape. For a fuller discussion
of evaluating the shape of the fitted dose-response model, see 6.4.
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6.2.4.4

6.2.4.41

Consequences of violating the assumptions

Consequences of violating basic assumptions

When the assumption of binomial distribution is not met, due to variation between experimental units, a fitted
quantal dose-response model may result in a biased estimate of the EC , as well as in too narrow confidence

intervals.

6.2.4.4.2

Consequences of violating the additional assumption

Given that
(that the f
ECsq than

The (point

extreme cases not even include the true value of the EC..

Therefore,
confined b
different E

the EC, based on various models that fit the data equally well (if repeating the*experiment, aimed at m

concentrat

6.3 Dose-response modelling of continuous data (for a single exposure duration)

6.3.1 Pu

While a q
system) h
quantitativ
continuous
identical b
amount of
follow a c€

Continuou
distribution
different w|
responses
population

EXAMPLE
the average

The purpo

tted model indeed reflects the true underlying dose-response relationship) is less serious. for
for an EC, (the more so for lower values of x).

estimate of the EC may be inaccurate (biased), and the associated confidenceinterval may
it is not recommended to estimate an EC, if the fitted model does not appear to be sufficie
y the data from visual inspection, or if it is found that various models fitting equally well resul

C, estimates. In the latter case, one might consider constructing an overall confidence interval

ons with partial responses, is not an option).

rpose

hantal response is based on the observation oftwhether or not each single organism (biolog
bs a particular property (e.g. death, clinical\signs, immobilization), a continuous response i
b measure of some biological property (e:g. body mass, concentration of enzyme). Such
response is measured in each experiméntal unit. Since organisms (biological systems) are ne

scatter, depending on the homogeneity of the treatment group. This scatter may be assumed
rtain distribution, e.g. a normal, a Iog-normal, or a Poisson distribution.

5 data do not only differ(from quantal data in a purely statistical sense (i.e. the underly]
ay. While the EC, in_quantal responses relates to a change in response rate, an EC, in continug
relates to a change in the degree of the effect, as occurring in the average individual (of

observed).

An ICgiin-a fish test is associated with a 10 % inhibition of the growth rate in the “average” fish (un
experimental conditions).

e -0f 'dose-response modelling of continuous data is to estimate the EC, where x is any gi

percentag¢.""When the dose-response data relate to a single exposure particular duration, the estimated k&

the data include both (close to) 0 % and (close to) 100 % responses, violation of the assumpﬂion

an

ntly

in
for
bre

cal
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a
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y themselves or are not observed .under identical conditions, the resulting data show a cerfain

to

ing

). A more fundamental 'difference is that changes in response are interpreted in a complefely

DUS
the

der

en

C

obviously only hold for that particular exposure duration (or to, e.g. a single acute oral dose).

6.3.2 Terms and notation

In this subclause, the following terms and notations are used. The continuous response, y, is related to the
dose (or concentration), x, by the function, 1"

y=£x)
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In ecotoxicology, the term EC, is defined as the concentration (or dose) associated with an effect x1), where x
is defined as
- 1j %,

i.e. x is defined as a percent change in the (average) level of the endpoint considered, e.g. a 10 % decrease in
mass.

W EC,)

x% =100 [
v (0)

In human toxicology, different terms exist for the EC.. The equivalent terms are

—| CED (Critical Effect Dose), which is equivalent to the EC,, and

—| CES (Critical Effect Size), which is equivalent to x in EC, (see e.g. Slob and Pieters 1998).
Holwever, in human toxicology another approach has been proposed, which is based\on’a change in response
rather than on a change in the degree of effect. In that approach (also called the- hybrid approach)| the terms

BMD and BMR are used (e.g. Crump 1995, Gaylor and Slikker 1990), but these terms are not conpparable to
thg EC  in continuous responses in ecotoxicology. The following table summarizes the terms.

Table 5 — Terms in human toxicology

Ecotoxicology Human toxicology term
Quantal response X BMR (benchmark response)
(x in terms of response) EC, BMD (benchmark dose)
Continuous response CES (critical effect size)
(x in terms of degree of effect) (c)) CED (critical effect dose)
Continuous response — BMR
(BMR in terms of response) — BMD

6.3.3 Choice of model

6.3.3.1 First distinctions

A (ptatistical) dose-respense model only serves to smooth the observed dose response, to estimatelan EC, by
int¢rpolating between “applied doses, and to provide for a tool to assess confidence intervals. A statistical
redression model itself does not have any meaning, and the choice of the model (mathematical expression) is
y a limited
r of useful

is made as
lations are
relatively S|mple and could be done without a computer which is hardIy p033|ble for non- Imear models.

Clearly, given the widespread use of computers, this advantage has become more and more irrelevant, and
non-linear models are gaining attention, as they may be considered to more realistic for reflecting a
dose-response relationship (see below). Yet, linear models are briefly discussed, for the sake of completeness.
After that, a number of other models (or family of models) is discussed, most of which are non-linear.

14) Note that x is used for both concentration (dose) and the degree of effect.
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6.3.3.2 Linear models

Linear regression models are defined as models that are linear with respect to their parameters. They can be
nonlinear with respect to the independent variable and thus not only include the straight line, but also
quadratic, or higher order polynomials:

y =a + bx

y =a + bx + x?

y =a + bx + ex? + dx’

etc.

These models have the property that the parameters (a, b, etc.) in the model can be estimated by,evaluating a
single (explicit) formula (as opposed to non-linear models, see below), which makes them relatively easy to

apply.

Another adgvantage is that these models are nested. For example, the quadratic model-can be turned intp a
linear model by taking ¢ = 0. Inversely, a linear model can be turned into a quadratic, model by incorporating
an additiopal parameter (here: ¢). It can be statistically tested, if the additiop-'of’ parameters leads t¢ a
significant jmprovement of the fit (e.g. by an F-test).

Linear moglels may be incorporated in the framework of GLM (generalizedilinear models), see e.g. Bailer and
Oris (1997).

A disadvantage of linear models is that they are not necessarily, strictly positive, while biological endpoints
typically are (if the data are not pre-treated), which makes them theoretically implausible. Further, they are hot
necessarily monotone, which can result in doubtful results, especially in the situation of a limited numbefr of
dose groups.

6.3.3.3 Threshold models

A thresholfd model is a model that contains a parameter reflecting a dose-threshold, i.e. a dose below whiich
the changg in the endpoint is (mathematically) zero. In general, a threshold model is given by

y=a ifx <c;
y=a4flx—c) ifx>c (6)
where

¢ denotes the threshold concentration; and
Alx) may be anyfunction.

For example;invthe (“hockey stick”) model.

y=a ifx<c
y=a+b(x—c) ifx>c, the response is linear above the threshold.

The threshold concentration could be called an ECy, i.e. an EC_ with x=0. At first sight, the threshold
concentration appears attractive, as it avoids the discussion of what value of x in EC, is ecologically relevant.
However, various objections can be raised against the use of threshold models. One of them is that the (point)
estimate of the threshold can be dependent on the dose-response relationship, i.e. the function that is chosen
for f{x) in Equation (6).
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6.3.3.4  Additive versus multiplicative models

Strict continuous data (e.g. masses, concentrations) observed in toxicity studies usually have nonzero values
in unexposed conditions, and the question then is to what extent the compound changes that level. Clearly,
the compound interacts with that background level, by whatever biological mechanisms. This idea may be
expressed in simple mathematical terms by incorporating the background level (a) in the dose-response
model in a multiplicative way:

fx)=a - g(x) (7)

ratherthan-in-an-additive AVYZ1VA

fix)=a+ gx) (8)
as|is more common in models discussed in statistical textbooks.

NQTE The models based on quantal models discussed in the previous subclause are afso-additive.
Of [course, the whole idea of defining the EC, as a given percent change compared to the backgroynd level is
in concordance with the multiplicative interaction between compound and background level, as expressed in

Eqpation (7). A further convenience of the multiplicative model is that two)populations (e.g. specles, sexes)
sh{wing different background levels but equally sensitive to the compgund are, in this way, charagterized by

thg same g(x). This implies that in the multiplicative model, two equally-sensitive populations (but pgssibly with
different background levels) are defined to have the same EC..

6.3.3.5 Models based on “quantal” models
Continuous dose-response data from ecotoxicity tests¢have often been described by dose-resporise models

that are derived from the models used for quantal data, i.e. models whose predicted values range flom zero to
on¢. To make these models applicable to continuous models, they are usually adjusted as follows:

¥ =3(0) + D) —»(0)] fix)

for|increasing dose responses, and

y=y() + (0) = y(e)] [1 - fAx)]

for|decreasing responses (see e.g. Bruce and Versteeg 1992, Scholze et al. 2001),
where

y(0) is the (predicted) background value;

y(ec) is'the (predicted) value at infinite dose; and

fix), " is any quantal dose-response model.

NOTE These models are multiplicative (with respect to the background response), while their shape is typically
sigmoidal.

EXAMPLE When the logit model is chosen for f{x), the associated model for the continuous data becomes

y() - y(0)
1+ exp[bIn(ED5p/x)|

y =y(0) +

In current practice, it is common to correct the data for the background response, and fit the model without a
background parameter. As discussed in 4.3.5, this procedure of pre-treatment of the data ignores the
estimation error in the observed background, and is therefore unsound. By incorporating the parameter y(0) in
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the model to be fitted, the estimation error is taken into account, and therefore this approach should always be
taken.

6.3.3.6 Nested non-linear models

Slob (2002) proposed to use the following nested family of multiplicative non-linear models for general use in
dose-response modelling.

Model 1:  y=a witha >0
Model 2: [ y=a exp(x/b) with e >0
Model 3: | y = a exp[£(x/b)9] witha>0,6>0,d > 1
Model 4: [ y=alc—(c—1)exp(-x/b)] witha>0,6>0,¢>0
Model 5: | y=a{c— (c - 1) exp[-(x/b)]} witha>0,5>0,¢>0,d > 1
where
y i$ any continuous endpoint; and

x  denotes the dose (or concentration).
In all modgls, the parameter

presents the level of the endpoint at dose zero, and

—
Far}

a

b  can be considered as the parameter reflecting.the efficacy of the chemical (or the sensitivity of the
slibject).

At high doses, Models 4 and 5 level off to the valdgac, so the parameter
¢ can be interpreted as the maximum relative change.

Models 3 @nd 5 have the flexibility to(mimic threshold-like responses (i.e. slowly changing at low doses, 4gnd
more rapidly at higher doses).

All these mpodels are nested to.each other, except Models 3 and 4, which both have three parameters.

In all the npodels, the parameter a is constrained to being positive for obvious reasons (it denotes the valug of
the endpoint at dose_Zero). The parameter d is constrained to values larger than (or equal to) one, to prevent
the slope ¢f the fungtion at dose zero being infinite, which seems biologically implausible. The parameter b is
constrainefl to be\positive in all models. Parameter ¢ in Models 4 and 5 determines whether the functjon
increases pr_decreases, by being larger or smaller than unity, respectively. To make Model 3 a decreasjng
function, a|minus sign has to be inserted in the exponent.

These models have the following properties.
— The predicted response is strictly positive.
— They are monotone, i.e. either decreasing or increasing.

— They do not contain a threshold, but they are sufficiently flexible to show strong curvature at low doses,
so as to mimic threshold-like responses.

— They can describe responses that level off at high doses.
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— Two populations that differ in background level but are equally sensitive can be described by the same
model, with only parameter a being different between the populations.

— It can be easily tested if two populations differ in sensitivity (by the likelihood ratio test).

— When two populations differing in sensitivity can be described by the same model from this family, with
only parameter b (and possibly a) being different between the two populations, the difference in sensitivity
can be quantified as the ratio of the value of b. This way of expressing differences in sensitivity is
analogous to the relative potency factor, and to the extrapolation factors used in risk assessment.

F £ alal 4l | o ol H ol lo 1 ' Lait £ |
O dalr ve TITOuUTCIS, UI1T Lux odll VT UTITvoUu Uy UValualllly alt TAPICUIL TUTTITUIA.

ECx:{'In[(x+1_2)/(1_0)]}1/d

where

x isdefinedasx= y(EC )/a—1;
¢ =0 for Models 2 and 3; and

d =1 for Models 2 and 4.

Clgarly, the five multiplicative models given here only apply-for‘those endpoints that are strictly ppsitive and
haye a nonzero background value (value of y in unexpesed conditions). For example, describipg internal
co;I:centration as a function of external concentration is mot possible with these models, as in thaf case, y is

expected to be zero for x = 0.

The procedure of selecting a model from this nested family of models, i.e. accepting additional parameters
only when it results in a significantly better fit, is illustrated in Figure 11.

In fhis dataset, the following log-likelihoods were found:
—| Model 1: 277,02;
—| Model 2: 339,90;
—| Model 3: 339,90;
—| Model 4: 3514 %;
—| Model 57851,11.
Mddel3 resulted in exactly the same fit'®) as Model 2, while Model 5 resulted in the same fit as Mpdel 4. But
Madet4 is significantly better than Model 2 (critical difference is 1,92 at « = 0,05, according to the likelihood

ratio test) and, therefore, Model 4 should be selected for this dataset. (Note that Model 3 and Model 4 are not
nested; they both have three parameters).

15) Adding a parameter to a model can, by definition, not result in a lower (optimum) log-likelihood. When the log-
likelihood remains the same, the additional parameter is estimated at the value that makes it disappear. In this case the
parameter d was estimated to be one.
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y =a*[c - (c-1)exp(bx)]
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b) Improved exponential model, with additional parameter, c,
enabling the response to level-off

The marks indicate the observed (geometric) means of the observations.

Figure 11 — Two members from a nested family of models fitted to the same data set
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6.3.3.7  Hill model

Enzyme kinetics and receptor binding are usually described by the Hill model. It was introduced by A.V. Hill
in 1910 in order to model the binding of oxygen to haemoglobin. The model is well known by enzymologists,
biochemists and pharmacologists, and could be considered as one of the very few examples of a
mechanistically based model. It has the form

where c is called the Hill parameter.
By(setting ¢ = 1, it is equivalent to the Michealis-Menten expression in a strict sense, with
a denoting the maximum level of y at infinite dose, and

b denoting the ED5( (dose resulting in half the maximum response).

The following formulation makes more sense for toxicology, since the parameter noted 5 in the Hjll model is
actually a thermodynamic equilibrium dissociation constant, K , that can\be changed as EC5y" which is more
familiar to toxicologists and is homogenous to a concentration (or dose):

» =3O+ [0
50 T X

It i$ worth noticing that the Hill model is analytically equivalent to the logit model:

-1
ECsg 1 }
. G (o) ol
EC

X go-i-x”

It should be noted that dose-response data observed in in vivo studies are not the result of a single{underlying
redeptor binding process, but offmany processes acting simultaneously. Yet, it may be a very accurate model
for|describing particular data;-see e.g. Figure 19.

6.3.3.8 Non-monotone’models

In some cases, dose-response data appear to be non-monotone. Unfortunately, it is not easy to assess if this
is flue to an underlying dose-response relationship that is indeed non-monotone. It is not unlikgly that an
apparent non=monotone dose response in observed data is due to experimental artefacts, either |[systematic
errprs in upreplicated dose groups or simply random noise. Although the latter possibility can be ghecked by
statistical’methods, the former cannot. Therefore, when the apparent monotonicity is based op a single
treatment group, no unambiguous conclusion can be drawn. Only multiple dose studies with a clear
nofR-rReRetene—pattern—supported—by—various—consecutive—dose—groups—may—provide—evidenee of a real

non-monotone response.

When it is assumed that the data do not contain any systematic errors, the straightforward way to test for non-
monotonicity is by fitting a non-monotone model to the data, and by comparing the fit with a nested model that
is monotone. For an example of a nested non-monotone model, see Brain and Cousens (1989) or Hoekstra
(1993).

If the non-monotone model appears to be significantly better, it may still be doubtful if this particular model
reflects the true dose-response relationship. The practical difficulty is that non-monotone models are highly
data-demanding, in particular with respect to the number of consecutive dose groups around the local
maximum (or minimum) of the response. Otherwise, the location and height of the local maximum response
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are highly model-dependent. Therefore, fixation of the local maximum response requires the enclosure by
sufficiently close adjacent dose groups. Since the location of the local maximum response is not known in
advance, the study design would require a large number of dose groups. Therefore, when non-monotone
dose-response relationships may be expected (as in plant growth data), a larger number of dose groups
needs to be incorporated in the study design.

Of course, dose-response models include more parameters to be estimated, and this is another reason that
many dose groups are required. In most practical data sets, various non-monotone models would give
different results, and therefore can often not be trusted.

be aware ¢f the computational details, but some understanding of the basic principles in_nonlinear regressjon
is required|to be able to interpret the results properly. These principles are discussed in 6.7.

Furthermofe, the user should be aware of the assumptions underlying the fit algorithm. For continuous data, it
is often apsumed that the data follow a normal or a log-normal distribution:”In the latter case, a Ipg-
transformgtion is used to make the data (more closely) normally distributed. When a normal distribution with
homogenous variances is assumed (possibly after transformation), maximizing the likelihood or minimizing the
Sum of Squares amounts to the same thing (see 4.3.6). When another distribution is assumed (e.g. a Poisgon
for counts), the model may be fitted by maximum likelihood, based on.the particular distribution assumed. The
parameter|values produced by maximum likelihood are also called:the Maximum Likelihood Estimates (MLEs).

6.3.4.2 |Response in controls

In all the models discussed here, the background response is incorporated as a model parameter in the model.
This parameter should be estimated from the data, before deriving the EC, or IC,. Pre-treatment of the data
(dividing all responses by the mean background response) should be avoided (see also 4.3.4).

6.3.4.3 Fitting the model assuming normal variation

When the priginal data are assumed to"be normally distributed with homogenous variances, the model may|be
fitted by efther maximizing the log-likelihood function based on the normal distribution, or by minimizing the
sum of squares. Both methods™result in the same estimates of the regression parameters, which are
maximum |ikelihood estimates {MLEs) in both cases. The fitted model describes the arithmetic mean response,
as a functipn of dose.

6.3.4.4 Fitting the model assuming normal variation after log-transformation

both the modél, predictions and the data, and then either maximizing the log-likelihood function based on the
normal digtribution, or minimizing the sum of squares. Both methods result in the same estimates of the
regression parameters and the residual variance, which are maximum likelihood estimates (MLEs) in both
cases. It should be noted that the resulting parameter estimates do relate to the original parameters of the
(untransformed) model. Substituting the estimated regression parameters in the model results in a prediction
of the median (or geometric mean) response as a function of dose. Therefore, in plotting the model together
with the data, the back-transformed means (which are equivalent to the geometric means) should be plotted
(see e.g. Figure 11).

When the residualvariation is assumed to be log-normal, the model may be fitted after first Iog-transforrr}ing

16) SAS, SPSS and splus are examples of a suitable products available commercially. This information is given for the
convenience of users of this Technical Specification and does not constitute an endorsement by ISO of these products.
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While the MLEs of the regression parameters relate to the model on the original scale, the MLE of the
variance (s2) relates to the log-transformed data. Apart from this variance (s2) on log-scale, the variation of the
scatter around the model (i.e. of the regression residuals) may be equivalently reported by the geometric
standard deviation (GSD), which is the back-transformed square root of s2, or by the coefficient of variation

(CV), which relates to s2 by
CV = exp(sz) -1

when s2 relates to the variance of the data after natural log-transformation, or by

cV = i exp [s2In (10)] - 1
when the log,g-transformation was applied to the data.

A
nof

=

first sight, a disadvantage of taking the logarithm of the data before fitting is that-the logarithm of
exist. Although zero observations for continuous responses rarely occur in egotoXicity testing, th
m4gy be noted. Zero observations usually mean that the response is below the*detection limit rathe
zelo. By regarding zero observations as truncated observations, they can be\easily and accurately
by [incorporating the information that the observation is lower than thetdetection limit in the log
furjction.

6.3.4.5 Fitting the model assuming normal variation after 6ther transformations

When another transformation is applied to the data, the same transformation should be applied to
belore maximizing the likelihood (or minimizing the SS). Both the fitted model and the transformeg
be|back-transformed before plotting. Again, the resulting”plot relates to the predicted and obsery

regponse, as a function of dose (assuming that the transformation made the scatter symmetrical).

6.3.4.6 No individual data available
In reported studies (published papers),cndividual observations are not always given. Instead, 1
standard deviations (or standard errors of the mean) for each dose group are commonly reported
mgan and standard deviation are. “sufficient” statistics for a sample from a normal distributio
regponse model can just as well\be fitted based on these statistics without any loss of informati
possible outliers), by adjusting the log-likelihood function (Slob, 2002). In the case of an assumed
disfribution, sufficient statistics are provided by the geometric mean and the geometric standard d
by [the (arithmetic) mean and standard deviation on log-scale. These can be estimated from th
mgan and standard deviation (Slob, 2002). Figure 11 exemplifies a dose-response analysis app
regorted means and-standard deviations, without knowing the individual data, but taking the reporte
deyiations into acceunt.

6.3

.4.7 _Fitting the model using GLM

Sincethe log-likelihood function directly derives from the postulated distribution, one may theoretica

zero does
e following
r than truly
dealt with
-likelihood

the model,
data may
ed median

neans and
Since the
N, a dose-
on (except
log-normal
bviation, or
e reported
lied to the
d standard

[ly assume

any distribution, and apply maximum likelihood for fitting the model based on that assumption. Fo

a number

of distributions (the so-called exponential family of distributions), one may make use of the theory of
Generalized Linear Models (GLM), and use existing software without deriving and programming one’s own
formulae. The GLM framework is also useful for analysing data with replicated concentration groups.

The Poisson distribution is a member of this exponential family, and the existing GLM software can be directly
used. Thus, one may assume this distribution for the analysis of counts, and check if the distribution is
reasonable.

The gamma distribution is another example of a distribution belonging to the exponential family. This
distribution can be directly dealt with by the existing (GLM) software (e.g. in SAS, SPSS, splus). The gamma
distribution is very similar to the log-normal distribution regarding its behaviour of describing the variation in
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data. Therefore, an analysis based on either one of these two distributions may be expected to give very
similar results. However, there are a few differences.

estimated by the geometric means).

expectation (as estimated by the arithmetic means).

An analysis based on the log-normal distribution results in a model describing the median response (as

An analysis based on the gamma distribution describes the response in terms of the statistical

Therefore, the latter fitted model lies, on the whole, at a lower level than the former because the mean is

|arger than-the—-median (fhn more-so for Iargnr nvpnrimnrﬁal \lariafinn’ Le more skewed cr\aﬂnr) Howen

er,

both analy
as the EC

5es may be expected to result in similar point estimates for the EC,: the difference in level cang
is a ratio of the two medians, or of the two mean levels, respectively.

A second gifference is, that the analysis based on the gamma distribution results in an estimateef the resid
n terms of the variance on the original scale, while for the analysis based on’ the log-normal

variation i
distribution

6.3.4.8

In many s
intentional
temperatu
model sim
covariate.

Such an a
three diffe
depend or
duration w
variance p
smaller.

, the residual variation is estimated in terms of a CV (or a GSD: geometric standard’deviation).

Covariates

tudies, not only the concentration is varied systematically. Other“factors may also be var
y as part of the design. For example, a chemical is studied cunder various conditions, ¢
e, pH or soil condition. Instead of fitting a model to each subsetf data, it is often possible to fit

els

ual

ied
..
the

Liltaneously to the whole data set, by letting a particular parameter (possibly more) depend on that

nalysis is illustrated in Figure 12, where AChE inhibition was measured at three points in time, i.e
'ent exposure durations. Here, a four-parameter model was fitted, two of which were allowed

at
to

duration. Thus a total of nine parameters was, estimated, while a separate analysis for each

ould have resulted in a total of 15 estimated’parameters (three times 4 regressions plus d
arameter). The gain of this is that the resulting confidence intervals for the EC, estimates

ne
are

70

© 1SO 2006 — All rights reserved


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

ISO/TS 2028

y =a”[c - (c-1)exp(-(x/b)"d)]

3000

version. 8.4

var-  0.04183
a-3  1763.05074
a7 2280.80581

b-7  27.48354
b-13  13.28721
c 0.04451
d 0.38207
loglik 6522
conv: TRUE

2500

2000

fact1: week
fact2: week
CES 02
CED3 04841
CED7 0.3562

1500

1:2006(E)

acethylchgline esterase activity (U/l)
1000

500

0.17: 0.36 | 0.48

-1

T

0

dose (log-scale)

Key

triapgles 3 weeks

cirdles 7 weeks

plupes 13 weeks

NQTE Marks denote the geometric group means, the individual observations are not plotted here. The [background
AChE levels increase with duration (age), while the EC, (CED’ffor CES = 0,20) decreases with exposure dpration. The

mo

Hel used is Model 5 from the nested family of models propesed by Slob (2002).

6.3.4.9 Heterogeneity and weighted analysis

In [concordance with the parsimony principle (as discussed in e.g. 6.1), it is favourable fo assume

homogenous variances betweendose groups; in this way, only one single parameter for the residual variance

ne¢ds to be estimated. However, it should be noted that the term “homogenous variances”|is closely
assgociated with the normal.distribution. When other distributions are assumed, the variances are ggnerally not

expected to be homogenous, e.g.:

—| for log-normally)(or Gamma) distributed data, variances increase with the means (more speciIcaIIy, CVs
are predictedto be constant), and this heterogeneity should vanish when the data are log-transformed.
Thus, it'mdy be assumed that (on the original scale) the CVs are homogenous, and the statistigal analysis
would-result in a single estimate of the CV;

—| dor Poisson-distributed data (counts), the variances also increase with the mean. In fact they|should be
cquod to-the means; atrcHf-thedata—confirm thio, no-variance palalllctcl needs-to-be-estimated:-In practice,

Figure 12 — Cholinesterase inhibition.as a function of dose at three exposure durations

this assumption is often violated, with the variances being larger than the means. This is called extra-

Poisson variation, and an extra parameter may be estimated expressing the proportionalit
between mean and variance.

y constant

Apart from statistical reasons (the parsimony principle), the issue of homogenous variances should also be
considered for biological reasons. It might be that the organisms did not respond equally to the compound due
to variability in sensitivity, and this is reflected in the variances. It is not easy to discriminate between statistical
heterogeneity (distribution effects) and biological heterogeneity (“true” effects). For that reason (among others),
it is important to carefully consider what distribution should be assumed, e.g. by using historical data on the
same (or similar) endpoint examined for other chemicals (or treatments).
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When the

heterogeneity of variances cannot be explained by the underlying distribution, one might conclude

that the responses themselves are heterogeneous. Statistically, this implies that the precision of the estimated
group means is not the same among groups. This may be taken into account in the statistical analysis by
using a weighted analysis, e.g. weighted least squares, where the squares are multiplied by a weight, usually
the inverse of the standard deviation of the relevant group, or by using maximum likelihood where a variance
is estimated for each separate group'”). For a more extensive discussion, see e.g. Scholze et al. (2001).

A weighted analysis should result in a more efficient estimate of the mean response (as a function of dose) in
situations where the data are considered to reflect the same underlying response, and the heterogeneity is

due to diff
when the

erences in measurement errors. The interpretation of a mean response is, however, problematic
hptpmnpnmf\/ reflects that the population responds hpfpmnpnpnnel\/ in particular when this is

caused by

EXAMPLE
this endpoir
then increag

However,
females. H
with homo

NOTE
decreases,

dlstlnct subpopulahons that d|ffer in response.

As an example, consider Figure 13, where relative liver masses are plotted on the log-scale| (since| for
t, the scatter is normally proportional to the mean level). In this particular example, the scatter first decreages,
es with the dose. This might lead one to perform a weighted analysis (e.g. weighted least squares).

bs Figure 14 shows, the heterogeneity in variances is caused by different responses in males gnd

itting the model taking sex into account results in two different dose-response’ relationships, each
jenous scatter around it.
4. o
2
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Normally, relative liver masses show homogenous scatter in log-scale, but in these data the scatter first
hen increases with dose’

Figure13 — Relative liver masses against dose, plotted on log-scale

17) When the heterogeneity in response changes systematically with the dose in a way that cannot be explained by the
underlying distribution, one may also incorporate a dose-response relationship for the variation parameter in the likelihood

function.
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Figure 14 — Dose-response model fitted to the data of Figure 13, showing that the heterogeneous
variance was caused by males (triangles) and females (circles) responding differently to the|chemical

6.3.4.10 Confidence intervals

Confidence intervals may be assessed in various ways;
—| the delta method, i.e. plus or minus twice (or;the relevant standard normal deviate times) the standard
error as estimated by the second derivative\of the likelihood function (Hessian or information matrix); the

standard errors of the parameters are prévided by most dose-response software;

—| based on the profile of the log:likelihood function, using the Chi-squared approximation of the
log-likelihood;

—| bootstrap methods (see e@y Efron 1987, Efron and Tibshirani 1993);

—| Bayesian methods, in)particular if one has some preliminary knowledge on the plausible range of the
parameter value(s):

The relative perfermance of the first three methods applied to a typical toxicological dataset (from a rodent

study) has been‘examined by Moerbeek et al. (2004). In this study, the second and third method |resulted in
sinilar intervals, while the first method appeared less accurate.

6.3.4.11 ' Extrapolation

Because of the fact that a fitted statistical model only reflects the information in the data, extrapolation outside
the range of observation is usually unwarranted. Therefore, estimating an EC, that is much lower than the
lowest applied (nonzero) dose or concentration should be avoided.

6.3.4.12 Analysis of data with replicated dose group

The individual organisms in each dose group may be housed in different containers. In that case, the
individual observations may not be independent, due to systematic differences between the containers
themselves. A straightforward and relatively simple approach for analysing such data is to follow two steps.

— In the first step the model is fitted as though the data were independent (i.e. the observations from
various containers at the same dose are taken together and treated as a single sample).
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— Then, the residuals from the fitted model are calculated and these are subjected to a nested analysis of
variance, resulting in an estimate for the (residual) variance within as well as among the containers.

Strictly, the first step of this method is not completely valid, as it assumed independence between the
observations. However, the results would normally not be much different (especially so for more or less
balanced designs).

One may also fit a mixed model to the data, i.e. a model that contains both the (systematic) dose-response
relationship and the random variation between containers.

These anrluono roacildt in an actimata Af tha variatian amana ~antainare and tha racidiial viariatian it in
qt Co—TeTuTrtTHar St ate— o —trc— Voot o g oo eroarta—e—TeSiGuat—varattor—yvry

containers
In studies |without replicated dose groups, the variation between containers is incorporated into_the residual

variance. Theoretically, the variation between containers can still be estimated in designs with “a sufficient
number of|dose groups, but practical experience with real toxicity data appears to be lacking,

6.3.5 Assumptions

6.3.5.1 General
A dose-response model consists of a deterministic part (the predicted dose-response relationship) and a
statistical part (describing the noise). The assumptions made in the statistical part are analogous to those in

hypothesig testing, and only be briefly mentioned here. The focus 4n ‘this subclause is on the additional
assumption, that of the (deterministic) dose-response model.

6.3.5.2 [Statistical assumptions
The assumptions for hypothesis testing equally hold for dese-response modelling:
— indepg¢ndence between the animals in the same experimental unit (e.g. container);

— no variation between experimental units(€:g. containers) themselves, if they are not incorporated in the
statist|cal analysis;

— a particular statistical distribution @nd variance structure for the residual variation, e.g.
— nermal distribution with homogenous variance;

g-normal distributioh with homogenous Coefficient of Variation (CV);

|
o)

— gamma distribution with homogenous Coefficient of Variation (CV);

— Ppisson.distribution without variance parameter, or with additional parameter for extra-Poisgon
vTriation;

— no systematic differences (due to unintended experimental factors ) between dose groups;

— the values of the concentrations/doses are assumed to be known without error, or, in situations where
they are measured, the measurement errors are assumed to be negligible.

6.3.5.3  Additional assumption

The shape of the fitted model is close to the true dose-response relationship.
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6.3.6 Evaluation of assumptions

The statistical assumptions are similar to those in hypothesis testing, and may be further checked by plotting
(analysing) the residuals (see 4.3.6 and Clause 5). However, the additional assumption (acceptance of the
fitted dose-response model) is the most important, and the reader should first of all read and understand 6.4.

6.3.7 Consequences of violating the assumptions

6.3.7.1 Basic assumptions

Viglation of the assumption that containers do not vary amongst each other: While this variation. is

int
pa
est

Sy
md

account in the statistical analysis, it does not have much impact on the point estimate(of-{
ticular when the number of replicates is similar between dose groups). It does, however,
imate of the confidence interval, which is too narrow.

stematic differences between (unreplicated) dose groups, caused by some unintefided experime
y have a deforming effect on the fitted model, and thereby result in a biased estimate of the EC,

not taken
ne EC, (in
distort the

ntal factor,
However,

esppecially for multiple dose designs, the effect may be small: systematic deviations in particular d¢se groups

are
pra
bef
the

If g
reg
grd
theg

Ad

, to a greater or lesser extent (depending on the situation), mitigated by, the other dose grd
cess of fitting a single dose-response model to the complete data~set. To prevent system
ween dose groups as much as possible, attention should be paid ta, applying randomization prag
study protocol (see also 4.2.2).

ne suspects that experimental units (e.g. containers) vary by themselves, then one should i

ups (keeping one container per dose). In both designs{the container effect can be estimated,
latter design this can only be done indirectly and maycbe difficult in practice.

ose-response model is often relatively insensitivéto outliers. See Figure 15 for an illustration.

ups in the
atic errors
cedures in

ncorporate

licated dose groups in the design (e.g. various containers.per dose group), or increase the number of dose

hithough in
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NOTE The estimate of'the ECy5 (CED at CES = 0,05) is only mildly affected, even though the outlier is in the |top
dose. The 90 % confidencg. interval was estimated at (1,63 to 2,30) with the outlier included, and at (2,12 to 2,93) when
excluded.

FigTre 15'— Model fitted to dose-response data with and without an outlier in the top dose

6.3.7.2 Additional assumption

Violation of the assumption that the shape of the fitted model is close to the true dose-response relationship
results in a biased estimate of the EC,. There is no remedy against violation of this assumption, other than to
repeat the study with an improved design. Therefore, it is not recommended to estimate an EC, if the fitted
model appears not sufficiently confined by the data from visual inspection, or if it is found that various models,
fitting equally well, result in different EC, estimates. In the latter case, one might consider constructing an
overall confidence interval for the EC_ based on various models that fit the data equally well (if repeating the
experiment, aimed at more concentrations with different response levels, is not an option).
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6.4 To accept or not accept the fitted model?

6.4.1 Can the fitted model be accepted and used for its intended purpose?
A fundamental issue in dose-response modelling is the question

“Can the fitted model be accepted and be used for its intended purpose (such as estimating an

EC,)?".

The issue is not that the model used should be the “right” model, since there is no such thing (at least not for
statistical models). A statistical model completely hinges on the dose-response data, and the quality of the

dafa is in fact the crucial aspect. In the fitting process, a model tries to hit the response at the obser
Bup when it is used for assessing an EC, by interpolating between observed doses, the model shou
thg response in the non-observed dose range in between. In other words, there are two aspeets in
thg fitted model: one should not only assess if the model succeeded in describing the obsérved

ved doses.
d also “hit”
evaluating
responses,

bu{ also if the model can be trusted to describe the non-observed responses in betwegn. The forer aspect

foquses on the quality of the model, the latter on the quality of the data. The following discussio
how to deal with these two aspects. It should be noticed that this discussion. halds for both q
comtinuous dose-response data.

6.4.2 Is the model in agreement with the data?

This question may be addressed using the goodness of fit. Goedness-of-fit methods can be
absgolute or in a relative sense. In an absolute sense, one may test if the data significantly devi
particular model. It should be noted that this test is sensitive nét only to the inadequacy of the mod
bu{ also to any violations of the basic assumptions (e.g. no independent observations, outliers). In p
single deviating concentration group (due to some unknown experimental factor) could make the
rejected significantly even when it perfectly follows the<éverall trend in the data. Therefore, the
gopdness-of-fit test should never be strictly applied, A'visual check of the data is always neede
overrule a goodness-of-fit test.

The goodness of fit may also be used in a relative way, i.e. to compare the fits of different mog
mddels are nested (as discussed in 6.2.2 and 6.3.2), the likelihood ratio test can be applied to det
nuEber of parameters needed for deséribing the data. For non-nested models, one may use
crieria (Akaike 1974, Bozdogan 1987), but this test is not exact.

It h

a
relationship as a whole. In_particular, it is more sensitive for (systematic) errors in the data that
oc¢ur in one of the dosg groups in the range of interest. As discussed in 6.3.4, one of the advantags
regponse modelling is.that potential systematic errors in a single dose group may be mitigated by th

as been suggested to focus-thie goodness of fit to the region of interest (around the EC,). This a

6.4.3 Do the.data provide sufficient information for fixing the model?

Th
alw

s question is at least as important as the previous. Therefore, the fitted dose-response mo
ays(be visually inspected, not only to see if the data are close to the model, but also to check

h indicates
hantal and

sed in an
ate from a
el chosen,
articular, a
model be
(absolute)
j and may

els. When
ermine the
he Akaike

bproach, in

sense, undermines the whole idea of dose-response modelling, i.e. describing the dosg¢-response

happen to
ps of dose-
e others.

del should
if the data

prqvide sufficient information to confine the model. Here, one should ask the question

“If additional data on intermediate dose groups had been available, could that have substantially

changed the shape of the dose-response relationship as compared to the current fitted model?”.

(See also 4.3.6.)

Another way to deal with this question is by comparing the outcomes from different fitted models. If the data
do contain sufficient information to confine the shape of the dose-response relationship, different models fitting
the data (nearly) equally well, result in similar fits and similar estimates of the parameters. To illustrate this (for
the case of quantal data), the results of Figures 7 to 9 are summarized in Table 6. In this case, the results are
quite independent from the model chosen, and one may conclude that the data provide sufficient information
to rely on dose-response modelling.
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Table 6 — Results of fitting three different models to the same data set (see Figures 7 to 9)

a | Log-likelihood

Model a LD LDy Confidence interval of LD,
(background
response)
Probit 0,0355 0,256 4 0,165 0,112 to 0,217 -34,01
Logit 0,0356 0,255 4 0,167 0,121 to 0,220 -34,16
Weibull 0,035 2 0,262 5 0,145 0,084 to 0,218 -34,02
@  Copfidence intervals hased on 1 000 parametric haatstrap runs

As anothe
to the goo
therefore i];
on the mo

(see 4.1).

illustration, Figure 16 shows two different models fitted to the same (continuous) data. Again, due
i quality of the data, they result in very similar estimated concentration-response relationships, 4
a similar (point) estimate of any EC,. In situations where the results (in particular, the-EC ) depg¢nd
el chosen, it cannot be considered as a reliable estimate, and other methods should be conside

nd

red
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Figure 16.—"Two different models (both with four parameters) fitted to the same data set r¢sulting
in similar dose-response relationships

In purrent practice, there is a tendency to focus on the first part and a formal goodness-of-fit t@st is often
redarded as (sufficient) evidence that the model is acceptable. This is unfortunate, since a goodness-of-fit test
tends to be more easily passed for data with few dose groups, and in exactly that situation, the second
condition is more likely not to be met. In addition, a goodness-of-fit test assumes that the experiment was
carried out perfectly, i.e. perfectly randomized with respect to all potentially relevant experimental factors and
actions. Clearly, this assumption is not realistic.

The ideas discussed here are further illustrated (theoretically) in Figure 17. In the left panel, the data are
insufficient to establish the dose-response relationship, leaving too much freedom to the model. In the right
panel, the data are sufficiently informative to confine the shape of the dose-response relationship.
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NOTE 1 These figures also illustrate that more dose groups are more important than-higher precision (indicated by
vertical error bars). Although the precision of the EC  estimate is lower in 17a), it is more likely to be biased.

NOTE 2  |Dose group number 1, as indicated on the abscissa, may be read as the control group in these plots.

Figure 17 — Two data sets illustrating that passing a goodnéess-of-fit test is not sufficient
for accepting the model

A number pf general guidelines may be formulated in choosing@nd accepting a particular model for describjing
the dose-r¢sponse data.

— When|one of two nested models results in a significantly better fit, choose that model, otherwise the gne
with fewer parameters. One more parameter ‘in-the model can be regarded to result in a significantly
better|fit (at « = 0,05) if the log-likelihood jis-increased by at least 1,92 (which is half the critical Ghi-
squared value with one degree of freedopiat’a = 0,05). One may also follow this procedure as a proxy|for
non-ngsted models (or use Akaike's criteria).

— When| two (or more) models have:the same number of parameters, but one of them has a bejter
goodness of fit, the choice of the better fitting model is obvious. However, if one prefers for some reagon
the other model, one may use\Akaike’s criteria to compare the model fits (Akaike, 1974; Bozdogan, 1987).

— When|two models restilt)in a similar goodness of fit, but their shapes are very different (resulting in
differgnt estimates of'the EC,), no conclusion can be made other than the data being inconclusive. In this
situatipn it is not recommendable to derive an EC, based on dose-response modelling.

— The sjtuation<that two (or more) models show a similar goodness of fit, both being similar in shgpe
(resulfing<in¢similar EC_ estimates), this can be considered as a confirmation that the data provide
sufficipntinformation to assess the dose-response relationship, and estimate the EC .

It is re-emphasized that a dose-response model, as long as it is not based on the mechanism of action of the
particular chemical, only serves to smooth the observed dose-response relationship, and to provide for a tool
to assess confidence intervals. A statistical regression model itself does not have any biological meaning, and
the choice of the model (expression) is to some extent arbitrary. It is the data, not the model, that should
determine the dose-response relationship, and thereby the EC, (Figure 17). When different models (with
similar goodness of fit and equal number of parameters) result in different EC, estimates, the data are
apparently not suitable for dose-response modelling.

Dose-response models that are based on the mechanism of action of the particular chemical are, as opposed

to statistical models, supposed to contain information by themselves, and therefore be less sensitive to data
gaps (between dose groups). However, they do contain unknown parameters that need to be estimated from
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the data, and it appears sensible to follow the guidelines described here in such models just as well.
Mechanistic dose-response models are extremely rare, and contain some general elements at best. In the
biological models discussed in Clause 7, the biological mechanisms in the models relate to the normal

physiology in organisms rather than to the mechanism of action of specific chemicals.
6.5 Design issues

6.5.1 General

Concentration-response modelling can only be applied if the data contain sufficient information on

the shape

of [the concentration-response relationship. Although this condition should be judged in each
sityation, experience teaches us that at least four different response levels are needed (including
grqup) in the case of continuous data. A similar condition holds for quantal data, e.g. two partial K
(almost) complete mortality and (almost) complete survival. When one actually “knows”nn.advan
comcentration-response relationship is linear, designs with fewer concentration groups_Cmay be @
andl, as a matter of fact, they are more efficient in terms of precision. However, it seems rare that (
confident a priori that the concentration-response is indeed linear (usually not.much is known i
abput the tested chemical's action on the test organism) and extra comcéntration groups

rejommendable.

A
for
for
res
(co

grg
eff

esign with three concentration groups and a control may result in conCentration-response datg
concentration-response modelling. However, it is always advisable)to include more concentrat
various reasons. If just one of the concentration groups was inadequately chosen (e.g. no

ponse), concentration-response modelling fails. Furthery)systematic differences between

ups), which may result in biased estimation of the congentration-response relationship. This un
bct can be diminished in designs with more concentration groups.

general, it may be stated that for the purpose.of estimating an EC, it is important to have

6.9.2 Location of dose groups

Concretely, for the purpose of-estimating an EC,, the available number of organisms (replicates)
allgcated to at least three [(excluding the controls), but preferably more concentration groups.
sufficient number of coneentration groups (resulting in different response levels), one needs tog
lowest and highest concentration level.

For quantal data,{one may aim at four concentrations showing different response levels, includi
none and (nearly)-complete responses together with two concentrations with partial responses, as

individual
the control
ills next to
ce that the
onsidered,
ne can be
n advance
are highly

that allow
on groups
bbservable
treatment

ncentration) groups are not unusual in toxicity testing (€:g."caused by systematic order in handling the

favourable

h sufficient

ber of dose groups, to prevent biased estimates of the EC,. The allocation of the organisms (or

Es in each

should be
Next to a
choose a

hg (nearly)
B minimum

An only be
nse levels
preferably

potentially

include at least four dlfferent (in a rough statlstlcal sense, that is, they appear detectable from the noise)
response levels.

Interestingly, simulation studies show that the intuitive idea of concentrating dose levels around the EC_ is not

optimal. Designs that include sufficiently high dose levels (or rather sufficiently different response levels
compared to the controls) perform better (Slob, in preparation).

6.5.3 Number of replicates

In typical quantal data (with both 0 % and 100 % observed response levels), the precision of the EC declines
with x, and the size of the experiment (total number of organisms or units) should be larger for smaller values
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of x that are considered appropriate. Thus, when only an ECgj is required, a smaller experiment is required
than when an EC, is aimed for. In continuous dose response, this phenomena appears to be less prominent.

Theoretically, in quantal dose-response analysis, the relationship between the precision of an EC, and the
size of the experiment can be calculated. However, the number of organisms needed to obtain any given
precision depends on the slope of the dose-response function itself, which is typically unknown before the
study.

For the generally applicable nested family of (five) models, given in 6.3.2, simulation studies are being

performed (for continuous data), to provide an indication of the (total) number of replicates necessary to
achieve a padticular precision for the F(‘x (anh, in Inrnpnrnﬁnn)

6.5.4 Balanced versus unbalanced designs

Due to the principle of leverage, observations in the extreme dose groups have more influence on fhe
resulting npodel fit than the middle dose groups. This suggests that designs with larger sample sizes in the
extreme d¢se groups may be more efficient than designs with the same sample sizes in all|dose groups. Yet,
preliminary simulation studies indicated that a design with twice the sample size in the controls performed gnly
slightly befter than one with equally sized dose groups. But more simulation studies_are needed to give mpre
definite angwers to this question.

For designs with replicated experimental units (e.g. containers), where the number of replicates is small, $ay
two, it appears wise to allocate a higher number of replicates in the_€ontrols, since a single erronegus
replicate ir] the controls may then have a large impact on the model fit.

6.6 Exposure duration and time

6.6.1 Geheral

It may be gxpected a priori that the response in biologi¢al systems is not only a function of dose, but alsq of
the duratidn of the exposure. Therefore a model that describes the response as a function of both dose and
duration wpuld be more informative and give a more complete picture. Exposure duration is however a mpre
d factor than dose, because it interferes with the factor time. The factor time has an impact by itself,
€.g. on ageing, adaptation and repair of the processes underlying the response. Depending on the question to

different groups-of-individuals with different exposure durations and compare the response at the

The secon(d type_of'study is quite common in ecotoxicity testing in general (the others may be relevant|for
specific sifuations)> Usually, in these studies the same (individual or groups of) organisms are followed oyer
xample, the same orgamsms are recorded to have died or not. Or, egg productlon is monitored |for
J L to
different expenmental unlts As a result, the observatlons may be or not be mdependent and thls should be
taken into account in the analysis of the data. This subclause briefly discusses the analysis of this type of data
for both quantal and continuous data.

6.6.2 Quantal data

When a quantal response is observed at various points in time (e.g. number of additional deaths recorded
each day while maintaining exposure at the same level), the statistical analysis of the dose-response data
may be extended to include this extra information. Some authors have suggested fitting a dose-response
model to the separate data sets, i.e. for each exposure duration separately, and plotting the ensuing ECgs as
a function of time. The value to which this function levels off is called the incipient ECs, interpreted as
the ECg for “infinite” exposure. This is not a proper method and should be avoided, for various reasons.
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— First, conceptual problems arise, e.g. an incipient LCgy does not make sense as more than 50 % of the

(orfmortality) function, or, more generally, in a quantal time-response function. This function may i
defiving the log-likelihood given the observed frequencies of response,Zin the usual way. Ther¢ is a vast

literature on survival analysis (see e.g. Cox and Oakes 1984, Miller 1981, Tableman and Kim 20(
exa

6.6

6.6

Fo

EX]
the

EX]

It i

animals die without any exposure at longer exposure durations.

Second, statistical problems arise, e.g. the dose-response data at different time points are not

independent, which hampers the establishment of confidence intervals for the incipient ECgy,.

And third, comparing dose-response models (such as the log-logistic) that are fitted for several time

points separately may lead to inconsistent results (e.g. the fitted dose-response functions
exposure durations intersect each other).

mple of dose-response modelling based on the hazard function/see 7.2.
.3 Continuous data

.3.1 General

many continuous endpoints, observations can be‘(and sometimes are) made in time.

AMPLE 1 For example, body masses of animals can be determined at particular time intervals during th
growth of algae can be monitored over time,
AMPLE 2 As another example, the'number of eggs produced can be counted at specific time intervals.

5 re-emphasized that the observations in time may relate to the same or to different units (g

defermining if the data should be treated as dependent or independent observations.

6.6
In
EXi

tha
reld

for various

y (multiple

assuming
pond (e.g.
at that age.
led by the
the dose-
a survival
e used for

4). For an

e study. Or,

rganisms),

.3.2 Independent-observations in time

some studies, theyobservations in time relate to different units.

\MPLE In algal growth studies, the biomass at a concentration is followed in time (e.g. day 0, 1 and R). Suppose
once any\of the algal test vessels has been measured, it is removed from the test. In that case, each |observation

tes toranother vessel, and the data can be treated as independent, i.e. they can be taken together in a sing

As

an/ illustration consider the data in Figure 18, where at 9 different concentrations the bio

e analysis.

mass was

measured at three consecutive days (each time with two replicates). Here a time-response model (i.e. a dose-
response model with dose replaced by time) was fitted to all the data simultaneously, by assuming that the
biomass at time zero was equal among the concentrations, while the growth rate differed between the
concentrations. Thus, for each concentration a slope parameter » was estimated, but only a single parameter
a and a single variance parameter. Thus, 11 parameters in total were estimated in a simultaneous fit of the
model to these data.

18)

The hazard may be formally defined as — {[dS(¢)/d7)/ S(¢)}, where S(¢) denotes the survival function.
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atrazine
4 y = a*exp(bx)

version: 8.4
var-

a-

b-0
b-0.01

in- fluor

0.0 0.5 1.0 1.5 2.0

day
NOTE Here, an exponential growth model was fitted, thereby estimating a single background value (@), a separate
growth rate|(b) for each concentration, and a single residual variance (forlog-biomass). Note that replicates are treated as
independent observations in this analysis.

Figure [18 — Observed biomasses (marks) as a function of time, for nine different concentrations
of Atrazirie

The estimpted growth rates can subsequently bé’ subjected to a dose-response analysis, as shown| in
Figure 19.

y=d+a*x*c/(b+ x*c)

version; 8.5
var- 0 0,00014
aa [1-1.70483
bb (1 0.06433
cc ) 1.54356
dd (1 1.58514
loglik 0 35.33
conv : TRUE

1.5

CES D001
CED 0 0.0387

|

1.0

growth_rate.

0.5

0.0

T T T T
-3.0 -2.5 -2.0 -1.5 -1.0 -0.5

log10- conc
NOTE Point estimate of EC,, (= CED): 0,038 7 mg/l, with 90 % confidence interval: (0,035 1 to 0,042 4), based on
1 000 bootstrap runs.

Figure 19 — Growth rates as derived from biomasses observed in time (see Figure 18) at nine different
concentrations (including zero), with the Hill model fitted to them
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6.6.3.3 Dependent observations in time

When the data in time relate to the same experimental units, the observations cannot be treated as
independent data, and an analysis as in Figure 18 is improper. When the data show a clear trend in time, a
straightforward approach is to fit the exponential growth model to the biomasses, but now allowing each
experimental unit (flask) to have its own growth rate. This amounts to fitting a separate time-response model
for each separate experimental unit, and subsequently subject the relevant!®) parameter estimates to a
dose-response analysis. This analysis is analogous to that illustrated in Figures 18 and 19, but the
concentration-response data now have replicates (see Figure 20).

atrazine
y=d+a*xtc/(b+xc)
version: 8.5
var- 0 0.00047
aa (1 -1.70272
v | bb 71 0.06392
- cc 0 1.54687
dd O 1.58429
loglik C 73.28
conv: TRUE
sfx: 1
selected :
CES D01
CED 0 0.0388.
o o
g -
1
£
E
2
o
w |
=
T 1 1 1
3.0 25 2.0 1.5 -1.0 05
lag10- conc
NQTE Here, the individual flasks were takencinto account, resulting in two growth rate estimates for eagh (nonzero)

corjcentration, and six growth rates for concentration zero.

Point estimate of EC,, (= CED): 0,038 8'ng/l, with 90 % confidence interval: (0,0355 to 0,042 1), based on 5000
bogtstrap runs.

Figure 20 — Estimated growth rates as a function of (log-)concentration Atrazine

It may be noted that the.confidence intervals for the EC,, as derived from the data in Figure 19 and Figure 20
arg very similar, despite’/the fact that in the latter case there are more data points. The reason |is that the
information in both-data sets is in fact the same.

In glata sets where no trend in time is apparent, one may just as well take the average over time (inf each unit)
andl apply the,dose-response analysis to the averages.

6.7 .~ Search algorithms and non-linear regression

As discussed previously, non-linear regression models can only be fitted in an iterative “trial and error”
approach. Computer software uses efficient algorithms to do that, and the user does not need to worry about
the exact nature of the calculations. However, some basic understanding of the search process in required in
order to interpret the results. In addition, such understanding is needed to evaluate whether the algorithm was
successful or not, and if not, what if anything can be done about that.

19) The relevant parameter should follow from understanding the biological process. In algal biomass, the obvious
parameter is the growth rate; when the observations relate to the number of eggs, supposed to level off at a constant level
with age, either the parameter reflecting that level or the parameter reflecting the rate at which that level is reached could
be the relevant parameter.
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An iterative algorithm tries to find “better” parameter values in a process by evaluating if the fit can be
improved by changing the parameter values. By regarding the fit criteria as a function of the parameters, the
problem is in fact to find the maximum (in the case of likelihood) or minimum (in the case of Sum of Squares)
of that function. Although algorithms have been developed to do this in an efficient way, one should keep in
mind that the algorithm cannot see in advance where the optimum of the function is. One may compare the
algorithm with a blindfolded person, who can only feel if there is a slope or not (and how steep it is). The
algorithm recognizes the optimum by the property that around the optimum the slope changes from increasing
to decreasing (or vice versa).

Obviously, the algorlthm can only start searching when the parameters have values to start with. Although the

software often g
not unusu
parameter$) that the end result depends on the starting values chosen, and the user should be aware-of.th3

The algorit

6.8 Reporting statistics

6.8.1 Qu

With quantal data, the follewing should be reported:

86

The a
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This
This d
usuall

The a
functiq
when

the data. Another reason could be that the informationn~the data is poor relative to the number
eters to be estimated. For example, a concentration=response model with five unknown parametgrs
t be estimated with a four-concentration-group>study. As another example, the variation betwg

parar
canno
the o
conce
find a
such

paran

test emdpoint assessed;

numb

antal data

sociated parameter values can be considered as the “best” estimates (MLEsif the likelihood W

maxirllized). However, it can happen that the log-likelihood function has not oné but more (local) maxima.
eans that one may get other results when running the algorithm again;_but with other start values.

an be understood by remembering that the algorithm can only “fegl” the slope locally, so tha
y finds the optimum that is closest to the starting point.

gorithm has not converged, i.e. the algorithm was not able 1@ find a clear optimum in the likelihg

pservations within concentration groups may"*be large compared to the overall change in

htration-response. In these cases, the likelihood function may be very flat, and the algorithm can
point where the function changes between increasing and decreasing. The user may recogn
situations by high correlations between parameter estimates, i.e. changing the value of (¢
eter may be compensated by another, leaving the model prediction practically unchanged.

pr of test.groups;

hm keeps on varying the parameter values until it decides to stop. There are two possible reasgns
for the alggrithm to stop the searching process.

gorithm has converged, i.e. it has found a clear maximum in the log-likelihoodfunction. In this case

as

tit

od

n, but it stops because the maximum number of iterations (trials) is exceeded. This may ocgur
the starting values were poorly chosen, such that the associated model would be too far away from

of

en
the
not
ize
ne

numb

pr-0f subgroups within each group (if applicable);

identification of the experimental unit;

nominal and measured concentrations (if available) for each test group;

number exposed in each treatment group (or subgroup if appropriate);

number affected in each treatment group (or subgroup if appropriate);

proportion affected in each treatment group (or subgroup if appropriate);

the dose metric used;
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the model function chosen for deriving the ECgj (EC));

plot of dose-response data with fitted model, including the point estimates of the model parameters and

the log-likelihood (or residual SS);
fit criteria for other fitted models;
the EC5 together with its 90 %-confidence interval

if required: the EC together with its 90 %-confidence interval;

7

) 1 (4 ! H £l H 1
MU TOU ustcU TUT UTTIVITTY CUTTTIUTTILT TTTICT vdls.

.§.2 Continuous data

ith continuous data, the following data should be reported:

test endpoint assessed;

number of test groups;

number of subgroups within each group (if applicable);

identification of the experimental unit;

nominal and measured concentrations (if available) for each'test group;
the dose metric used,

number exposed in each treatment group (or subgroup if appropriate);

arithmetic group means and standard deviations, but geometric group means and standard
log-normality was assumed;

the model function chosen for defriving the EC,;

plot of dose-response datalwith fitted model, including the point estimates of the model parar
the log-likelihood (or residual SS);

fit criteria for otherfitted models;
the EC, (CED) together with its 90 %-confidence interval;

method.used for deriving confidence intervals.

Heviation if

heters and

Biology-based methods

71

71

Introduction

.1 Effects as functions of concentration and exposure time

Biology-based methods not only aim to describe observed effects, but also to understand them in terms of
underlying processes such as toxico-kinetics, mortality, feeding, growth and reproduction (Kooijman 1997).

Thi

s focus on dynamic aspects allows exposure time to be treated explicitly.

This clause focuses on the analysis of data from a number of standardized toxicity tests on mortality, body
growth (e.g. fish), reproduction (e.g. daphnia), steady-state population growth (of e.g. algae, duckweed). The
guidelines for these tests prescribe that background mortality is small, while the duration of the test is short
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relative to the life-span of the test-organisms. Moreover the tests are done under conditions that are otherwise
optimal, which excludes multiple stressors [e.g. effects of food restriction, temperature (Heugens 2001, 2003)],
and quite a few processes that are active under field conditions [e.g. adaptation, population dynamics, species
interactions, life-cycle phenomena (Sibly and Calow 1989)]. The type of data that are routinely collected in
these tests are very much limited, and do not include internal concentrations of test compounds. These
restrictions exclude the application of quite a few potentially useful methods and models for data analysis,
such as more advanced pharmacokinetic models and time series analysis, see e.g. Newman (1995). The
theory behind biology-based methods can deal with dynamic environments (changing concentrations of test
compounds, changing food densities), but the application in the analysis of results from toxicity tests is
simplified by the assumption that organisms’ local environment in the test is constant.

Biology-based methods make use of prior knowledge about the chemistry and biology behind the obseéryed
effects. This knowledge is used to specify a response surface, i.e. the effects as a function of the (eonstgnt)
concentratjon of test compound in the medium and the exposure time to the test compound. This response
surface is |[determined by a number of parameters. The first step is to estimate these parameters.from data.
The secord step is to use these parameter values to calculate quantities of interest, such @s-the EC -time
curve, or the confidence interval of the No Effect Concentration (NEC). It is also possible to use thg¢se
parameter|values to predict effects at longer exposure times, or effects when the concentration in the medium
is not constant. If the observed effects include those on survival and reproduction_of individuals, thg¢se
parameter$ can also be used to predict effects on growing populations (in the field)y[Kooijman (1985, 1988,
1997), Hallam et al. 1989].

It is esserjtial to realize that EC, values decrease for increasing exposure‘time, as long as the exposjre
concentratjon and the organism’s sensitivity remain constant. This is partly,due to the fact that effects depend
on internal concentrations (Kooijman 1981, Gerritsen 1997, Péry et al’ 2002), and that it takes time for the
compound| to penetrate the body of test organisms. (The standardyis to start with organisms that were pot
previously |exposed to the compound.) The exposure period during\which the decrease is substantial depends
on the properties of the test compound and of the organism and.the type of effect.

For test cqmpounds with large octanol-water partition cogfficients and test organisms with large body sizes,
this period|is usually large. The LCs for daphnia hardly decreases for a surfactant after two days, for instance,
but their UCg, for cadmium still decreases substantially after three weeks. For this reason, biology-baged
methods fif a response surface to data, using all obsérvation times simultaneously. If just a single observatjon
time is available, however, these methods can'still be used and the response surface reduces to a response
curve. Obyiously, such data hardly contain information about the dynamic aspect of the occurrence of effe¢ts.
The parameter(s) that quantify this aspect .are then likely to be poorly defined. This does not need to|be
problematic for all applications (suchJas' the interpolation of responses for other concentrations at that
particular gbservation time; this is the job of dose-response methods).

It is strong|ly recommended, however, for a two-day test on survival, for instance, to use not only the countg at
the end of the experiment, but‘also those at one day. Such data are usually available (and GLP even requires
the reporting of those data),\but these data are not always used. More recommendations are given in 7.8.

In practice| it is not untisual that very few, if any, concentrations exist with partial effects; survival of a cohort of
individuals| tends.to-be of the “all or nothing” type in most concentrations. High concentrations run ouf of
surviving individuals more rapidly than lower concentrations. This can occur in ways such that for each single
observatiop Atime, no, or very few concentratlons show partial mortallty ThIS situation also occurs if eqch
individual = -
analysis; one then has jUSt a smgle |nd|V|duaI per concentratlon because no two concentratlons are exactly
equal. Although such a case is generally problematic for dose-response methods, because a free slope
parameter has to be estimated (Kooijman 1983), biology-based methods do not suffer from this problem,
because the (maximum) slope is not a free parameter (model's slope of concentration-survival curves
increases during exposure), and the information of the complete response surface is used. An example is
given in 7.3.

Biology-based methods allow the use of several data sets simultaneously, such as survival data, sub-lethal
effect data, and data on the concentration of test compound inside the bodies of the test organisms during
accumulation/elimination experiments. As is discussed below, logical relationships exist between those data,
and these relationships can be used to acquire information about the value of particular parameters that occur
in all these data sets. Both the statistical procedures and the computations can become somewhat more
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complex in this type of advanced applications, but free and downloadable software exist that can do all
computations with minimum effort (see below).

7.1.2 Parameter estimation

The maximum likelihood (ML) method is used to estimate parameter values. (The criterion of least-squared
deviations between data and model predictions is a special case of the ML method, where the scatter is
independently normally distributed with a constant variance.) If more than one data set is used (for instance,
data on body size and reproduction rate and/or internal concentration), the assumption is that the stochastic
deV|at|ons from the mean are mdependent for the different data sets. This allows the formulat|on of a

the mean

alyse effects on survival. If one has prior knowledge about the value of the elimination rate, one
ameter and estimate the other parameters (such as\the NEC) from survival data.

file likelihood functions are used to obtain confidence intervals for parameters of special inter
d to a single compact interval, but sometimes leads to two, non-overlapping intervals. Thereforg

'Lter be indicated with the term “confidence set’. Computer simulation studies have shown
fidence sets are valid for extremely\low numbers of concentrations and of test organisms (A

be
co

iance. The
, [only these

e package
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ther test, a

istributions.
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equired to
can fix this

bst, and in

ticular for the NEC. This way of quantification: of the uncertainty in a parameter value does not necessarily

e, they can
that these
ndersen et

al.{2000).
Estimation procedures have/been worked out (Kooijman 1983) to handle somewhat morg¢ complex
experimental designs, in which living individuals are sacrificed for tissue analysis during the| test. The

irmation that they wereystill living at the moment of sampling is taken into account in the es|
ameter values thatCquantify the toxicity of the compound. Péry et al. (2001) discuss the es
ameters in the case that the concentration in the media varies in time using hazard models
81) and Reinert.et al. (2002) use critical body residue models.

inf
pa
pa
(19
7.1.3 Outlook

This Technical Specification only discusses the simplest experimental designs of toxicity test
simpleést models. The authors of this Technical Specification are unaware of alternative models i

timation of
timation of
Kooijman

s and the
h the open

literature that are applicable on a routine basis, and hope that this Technical Specification stimulates research
in this direction. The models can be, and have been, extended in many different ways. All individuals are
assumed to have identical parameter values in the models that are discussed below. Individuals can differ,
despite the standardization efforts in tests. Such differences might relate to differences in one or more
parameter values (Sprague 1995). It is mathematically not difficult to include such differences in the analysis,
on the basis of assumptions about the simultaneous scatter distribution of the parameter values. Needless to
say, one really does know little if anything about this distribution. This makes such assumptions inspired by
convenience arguments rather than by mechanistic insight. A strong argument for refraining from such

20) DEBtool and DEBtox are examples of suitable products available commercially. This information is given for the
convenience of users of this Technical Specification and does not constitute an endorsement by ISO of this/these products.
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extensions is that the method becomes highly unpractical. The data simply do not allow a substantial increase
in the number of parameters that shall be estimated from routine data.

The theory covers many features, such as extrapolating from constant to pulse exposures and vice versa, and

inclu

7.2

7.21

Effects arg described on the basis of a sequence of three steps (modules):

c)

This
test

ding the effects of senescence, that are not yet worked out in software support (see 7.9).
Modules of effect-models

General

change in the internal concentration: the step from a concentration in the local environment)(here

mainténance rate, the energy costs per offspring, etc.;

the

b a
ific

change in an endpoint: the step from a change in a target parameter to a €hange in an endpoint, slich

as the{ reproduction rate, the total number of offspring during an exposure period, etc.

decomposition of the description of effects into three modules calls for\an eco-physiological model of
organjsm that reveals all possible physiological targets. The primary interest is in small effects

the
A

simplifyinglassumption is that just a single physiological process is affected at low concentrations and that this

effect can |be described by a single parameter. At higher concenttations, more processes might be affec
simultanedusly. This means that the number of possible effectsdand so the number of required paramete

ted
rs)

can rapidly increase for large effects. It is unpractical and, forour purpose not necessary, to try to descrjbe
large effec}s in detail.
The conceépt “most sensitive physiological process’ has an intimate link with the concept “no effect

concentratjon”. The general idea is that each physiological process has its own “no effect concentration”,

that

effect on the organism as a whole. Betweeh the lowest and the second lowest no effect concentrations

singl

processes|are affected, etc.

The

All method

use
med

assumes that the tested ehemical has no effect on the response at concentrations equal to, and lower th
the NOEC| Biology-based methods use the NEC as a free parameter.

Generally gach cempound has three domains in concentration:

90

these|concentrations can be ordered. Below the lowest no effect concentration, the compound has

e physiological process is affected; between the second and the third lowest no effect concentrations, {

concept “no effect concentration” is quite natural in eco-physiology (see e.g. Chen and Selleck, 196

of the|concept “no effeet concentration”. All methods assume, at least implicitly, that compounds in
ium, gpart from the tested chemical, do not affect the organism’s response. Hypothesis testing explid

nd
no
, a
)

9).

s for the analysis of-toxicity data (including hypothesis-testing and dose-response methods) make

the
itly
an,

1) ef | Think for | f ol ich | red |

for several co-enzymes of most species;

2)
concentration, provided that it remains in the no effect range. Think, for instance, of the concentrat

nts

no effect range. The physiological performance of the organism seems to be independent of the

ion

of nitrate in phosphate-limited algal populations; Liebig’s famous minimum law rests on the “no

effect” concept (von Liebig 1840);

3) toxic effects. Think, for instance, of glucose, which is a nutritious substrate for most bacteria in low

concentrations, but inhibits growth if the concentration is as high as in jam.
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It is essential to realize that the judgement “no effect’ is specific for the level of organization under
consideration. At the molecular level, molecules cannot be classified into one type that does not give effects,
and another type that gives effects. The response of the individual as a whole is involved (Elsasser, 1998).

EXAMPLE The concept “no effect concentration” can deal with the situation that it is possible to remove a kidney, for
instance, from a human subject (so a clear effect at the suborganism-level), without any obvious adverse effects at the
level of the individual (during the limited time of a test). This example, therefore, shows that below the NEC effects can
occur at the suborganismic level (e.g. enzyme induction), as well as on other endpoints that are not included in the
analysis (e.g. changes in behaviour).

Most compounds are not required for the organisms’ physiology, which means that their range of
comcentrations that cause effects due to shortage is zero, and the lower bound of the no effedt range is,
thgrefore, zero as well. Some compounds, and especially the genotoxic ones (van der Hoevencet-al. 1990, de
Rapt et al. 1985, 1987, Purchase and Auton 1995), are likely to have a no effect range of zero.as well, and the
upper bound of the no effect range is, therefore, also zero. This gives no theorétical pfoblems in
bidlogy-based methods. An NEC of zero is just a special case, and a point estimate for-this concenfration from
effect-data should (ideally) not deviate significantly from zero (apart from the Type\Verror; a Type | error
ocgurs if the null hypothesis is rejected, while it is true).

The model for each of the three modules for the description of effects js\kept as simple as ppossible for
prdctical reasons, where one usually has very little, if any, information-about internal concenfrations, or
physiological responses of the test organisms. Each of these modules carbe replaced by more regplistic (and
mdre complex) modules if adequate information is available. Some @pplications allow further simpplification.
Aldal cells, for instance, are so small that the intracellular concentration can be safely assumegd to be in
insfantaneous equilibrium with the concentration in the media/that are used in the test for growth inhibition.
This gives a constant ratio between the internal and external concentrations, and simplifies [the model
comsiderably. The standard modules are introduced below:

7.2.2 Toxico-kinetic model

The toxico-kinetic module is taken to be a first order kinetics by default; the accumulation flux is proportional to
thg concentration in the local environment, and the elimination flux is proportional to the concentration inside
thg organism. This simple two-parameter. model is rarely accurate in detail, but frequently captures the main
fegtures of toxico-kinetics (Harding and(Vass 1979, Kimerle et al. 1981, McLeese et al. 1979, $pacie and

easons for
ys that are

n the test
ected, and
always be
effect-time

e—specificatiorn =cts—ir =s—ar—eco-physiotot nodet-thatreveats sotential target
parameters and aIIows the evaluatlon of the endpomts of interest. A popular endpomt is, for instance, the
cumulative number of offspring of female daphnia in a three-week period. The model should specify such a
number, as well as the various physiological routes that lead to a change of this number. It should also be not
too complex for practical application. An example of such a model is the Dynamic Energy Budget (DEB)
model. Because it is the only model for which generic applications in the analysis of toxicity data has been
worked out presently, the following discussion focuses on this model.

The DEB model results from a theory that is described conceptually in Kooijman (2001) and Nisbet et al.

(2000), and discussed in detail in Kooijman (2000). Figure 21 gives a scheme of fluxes of material through an
animal, which are specified mathematically in the DEB model, on the basis of mechanistic assumptions. The
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model’s main features are indicated in the legend of Figure 21. The DEB theory is not confined to animals,
however, and covers all forms of life.

I P —
- food »| facces |
_gamefes |
e
e 2 1
i i 3
work , structure . matunty

Figure 21 — Fluxes of material and energy through an animal, as specified in the BEB model

Assimilatidn, i.e. the conversion of food into reserve (plus faeces) is proportional to structure’s surface arga.
Somatic apd maturity work (involved in maintenance) are linked to structure’s mass, but some components
(heating in birds and mammals, osmo-regulation in freshwater organisms) are Jinked to structure’s surface
area. Allogation to structure is known as growth; allocation to maturity as development; allocation to gametes
as reproduction. Embryos do not feed; juveniles do not reproduce; adults do not develop. Reserves gnd
structure are both conceived as mixtures of mainly proteins, carbohydrates and lipids; they can diffef in
compositign. The rate of use of reserve depends on the amount of reseryre and structure; this rate is known|as
the catabdlic rate. A fixed fraction of the catabolic flux is allocated to“somatic maintenance plus growth,|as
opposed tg maturity maintenance plus development (or reproduction)

—

The generpl philosophy behind the DEB theory is that there\isa full balance approach for food (nutrients,
energy, efc): “what goes in shall come out’. Offspring is, (indirectly) produced from food, which relates
reproduction to feeding. Large individuals eat more than small ones, which links feeding to growth.
Maintenange represents a drain of resources that is notlinked to net synthesis of tissue or to reproduction.|{An
increase of maintenance, therefore, indirectly leads<te’a reduction of growth, so to a reduction of feeding and
reproduction.

This reasoning shows that the model requires-a minimum level of complexity to address the various modeg of
action of al compound. One needs to identify this route to translate effects on individuals to that on the groyth
of natural |populations (in the field). {f*food conditions are good, investment in maintenance, for instance,
comprises| only a small fraction of the daily food budget of individuals. Small effects of a toxicant|on
maintenange, therefore, result in(very small effects on the population growth rate. If food conditions are pqor,
however, maintenance comprises a large fraction of the daily food budget. Small effects on maintenance ¢an
now translate into substantial-effects on the population size. This reasoning shows that effects on populations
depend or] food conditions, which generally vary in time [Kooijman (1985, 1988), Hallam et al. 1989]. The
different modes of aetion usually result in very similar point estimates for the NEC, within the current
experiencqg. Furtherfmore, no effects on individuals implies no effects on populations of individuals, but the
mode of agtion isparticularly important for predicting the effects at the population level.

7.2.4 Chpnge in target parameter

The value of the target parameter is assumed to be linear in the internal concentration. The argumentation for
this very simple relationship is in the Taylor's Theorem which states that any regular function can be
approximated with any degree of accuracy for a limited domain by a polynomial of sufficiently large order. The
interest is usually in small effects only, and routine applicability urges for maximum simplicity, so a first order
polynomial (i.e. a linear relationship) is a strategic choice.

The biological mechanism of a linear relationship between the parameter value and internal concentration
boils down to the independent action at the molecular level. Each molecule that exceeds an individual's
capacity to repress effects acts independent of the other molecules. Think of the analogy where
photosynthesis of a tree is just proportional to the number of leaves as long as this number is small; as soon
as the number grows large, self-shading occurs and photosynthesis is likely to be less than predicted.
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We doubtlessly require nonlinear responses for larger effect levels, but then also need to include more types
of effects. Interesting extensions include receptor-mediated effects. The biochemistry of receptors is rather
complex.

Two popular models are frequently used to model receptor-mediated effects and concentration:

a)

b)

Sufh extensions are particularly interesting if toxico-kinetics is fast, and the internal conce
prgportional to the external one (such as in cell cultures). The assumption that the target parameter

th

sigmoid concentration-endpoint relationships, which are well known from empirical results. Notig

lin

7.2
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number of offspring (in daphnia-reproduction tests), body length (inAfish-growth tests) and survival
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(dimension: probability¢per‘time) is also known as the instantaneous death rate. The hazard rate,

tof

or

the Michaelis Menten model boils down to a hyperbolic relationship, rather than a linear one
one parameter more (Muller and Nisbet 1997);

the Hill model boils down to a log-logistic relationship [and has two parameters more than
maodel (I—Iill 101(\, Garricetal ’IQQﬂ’ \indimian et al ’IQRQ)

which has

the linear

internal concentration does not translate into a linear response of the endpoint; it ysually tran

ar model is a special case of the hyperbolic one, which is a special case of the log-logistic one.

.5 Change in endpoint

e DEB model specifies how changes in one or more target parameters.translate into changes in
ipoint. Popular choices for endpoints are reproduction rates (number of offspring per time),

rvival and reproduction together determine steady-state population growth, if they are known fq
production rates depend on age, namely, and the first few ‘offspring contribute much more to
wth than later offspring. This is a consequence of the pringiple of interest-upon-interest; early off:

ay of the onset of reproduction, while direct effectson reproduction do not. The DEB model tal
se more complex, but important, aspects of repraduction. Given the DEB model, there is no ne¢
ages of the test organism once the DEB parameéters are known. This application requires some
siological knowledge about the species of test organism, but the acquisition of this knowledg
e to be repeated for each toxicity test.

Survival

1 Relationship between-hazard rate and survival probability

a)

-

effects on the suryival” probability of individuals are specified via the hazard rate. A h

he survival probability, P, (), as

surv

h(r)=— surv(t)_1%Psurv(t)

ntration is
is linear in
slates into
e that the

A specified
cumulative
probability.
r all ages.
population
5pring start

roduction earlier than later offspring. As is discussed-below, indirect effects on reproduction come with a

es care of
bd to study
basic eco-
e does not

azard rate
(2), relates

Psurv(f) = eXp{_J(;h(S) ds} .

The product # times dr has the interpretation of the probability of dying in a small time increment, d¢, given that

the

organism is alive at time .

If the hazard rate is constant, which is the standard assumption for the death rate in the control, the
relationship between the survival probability and the hazard rate reduces to

Psurv(t) = exp[—h(t)].
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Generally, the hazard rate increases with time, however. The mortality process can be modelled via the
hazard rate, as is standard in survival analysis (Miller 1981; Cox and Oakes 1984). The hazard rate can
depend on ageing and toxicity, as implied by the present model for survival, and can decrease in time, if, for
instance, the concentration of a toxic compound decreases in time. If the concentration is constant, the
ultimate LCgj equals the NEC.

7.3.2 Assumptions of survival probability at any concentration of test compound

The following assumptions specify the survival probability at any concentration of test compound:

— assunfptions on controt befaviour
— the hazard rate in the control is constant;
— tHe organisms do not grow during exposure;
— assunpption on toxico-kinetics
— tHe test chemical follows first order kinetics;
— assunpption on effects
— the hazard rate is linear in the internal concentration;
— assunptions on measurements/toxicity test
— tHe concentrations of test-compound are constant during’exposure;

— tHe measured numbers of dead individuals ¢in® subsequent time intervals are independently
multinomially distributed.

7.3.3 Summary

In summary, the model amounts to: the hazard rate is linear in the internal concentration, which follows fjrst
order kinetics. These assumptions result. in sigmoidal concentration-survival relationships, not unlike the
log-logistic one, with a slope that incréases during exposure (see Figure 22).
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NQTE The resulting ML estimates are control hazard rate = 0,008 3 1/d NEC = 5,2 ug/l; killing rate 0,437 (ug.d)™",
elirination rate = 0.79 d~'. From the last three parameters. LC -time curves can be calculated: curves for the LC, LCq
and LCgyq are shown (calculated with DEBtox and DEBtool, see 7.9). For long exposure times, the LC_ curves tend
towards the NEC, for all x, in absence of blank mortality.

Figure 22 — Time and concentration profiles of the hazard model, together with the data of Figure 27

As is shown, the three exposure-time-independent parameters of the hazard model completely determine the
response surface, thus the LC,-time curves. It is even possible to reverse the reasoning.

EXAMPLE 1
If LCg0(1¢)= 50 MM, LCqg05q) = 30 MM and LCgy 4 = 25 mM,

then NEC = 17,75 mM, the killing rate = 0,045 1/(mM.d) and the elimination rate = 2,47 1/d.
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Such reconstructions are not very reliable, however, but they improve somewhat if more LCgj values are used.

If the observation times are very close together, the resulting huge matrix of survival-count data can be
reduced to time-to-death data. Concentration-response modelling is traditionally considered to be different
from time-to-death modelling, c.f. Newman et al. (1989), Dixon and Newman (1991), Diamond et al. (1991),
but in the framework of biology-based models, these two approaches are just extreme cases of analyses of
response-surfaces; their distinction vanishes and we generally deal with mixtures of both. The log-likelihood
function then reduces to

t
_ _ J

/= 2 In b (z) Sﬂ TR
! J

where the|[first summation is across the individuals that actually died at the observed time points, excludjng
the ones that are taken alive out of the experiment. This can happen, for instance at the end of the‘experiment,
or because their internal concentration is measured in a destructive way.

The second summation is across all individuals (the ones that died, as well as the onés,that were remoyed
alive). Thid sampling scheme allows that the concentrations for all individuals differ.
EXAMPLE 2 An example of this application is as follows:
Time-to-dedth and concentration pairs (in d and mM, respectively):
(21;1); (2041,1); (20;0,9); (18;1,2); (16;1,3); (16:1,4); (15;1,5); (10;2); (9;1.8); (6;2,2); (5:2,5); (2;3); (2;4,3); (1;5); (1:4.5).
Time-of-removal and concentration pairs:
(21;0); (21}0); (21;0); (21;1).
The ML estimates for this combined data set for 19 individuals in totahare
controll hazard rate = 0,061 d-*,
NEC =/1,93 mM,
killing fate = 0,33 1/(mM.d),
elimingtion rate 0,75 d-".

This meang, for instance, that the LC50(2d):5,6 mM and the LC50(21d):2,06 mM. (Calculations were made With
DEBtool, sge 7.9.3.)

The link bgtween the DEB theory afd)the survival model is in the aging module of the DEB model, where the
hazard ratg¢, as affected by the ageing process, depends on the respiration rate in a particular way due to the

model doef gt belong to the class of generalized linear models for survival, which has been proposed for the
analysis of toxici ' 96 C

The model for effects on survival, and details about the statistical properties of parameter estimates
(especially that of NECs) are discussed in Andersen et al. (2000), Bedaux and Kooijman (1994), Klepper and
Bedaux (1997, 1997a), Kooijman and Bedaux (1996, 1996a). Effects at time-varying concentrations are
discussed in Péry et al. (2001, 2002), Widianarko and van Straalen (1996).
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7.4 Body growth

7.4.1 Routes for affecting body growth
The DEB model allows for (at least) three routes for affecting body growth:

a) a decrease of the assimilation rate: Assimilation deals with the transformation from food into reserves,
and can be affected by a decrease of the feeding rate, or a decrease of the digestion efficiency;

b) an increase of the somatic maintenance costs: These costs comprise protein turnover, the
mainienance of Intracellular and Inira-organismal conceniration gradients of compounds, osmorregulation,
heating of the body (mainly in birds and mammals), activity, and other drains on resources-that are not
linked to processes of net synthesis. Somatic maintenance costs directly compete with\body|growth for
resources (in the DEB model). Thus an increase of maintenance costs directly results lin a decrease of
body growth, due to conservation of mass and energy;

c) | an increase in the specific costs for growth: This is the case where the resource allocatipn to body
growth is not affected, but the conversion of these resources to new tissueds:

This list does not exhaust all possibilities. An interesting alternative is-in-the change of the allocation to
sofnatic maintenance plus body growth versus maturity maintenance andumaturation (or reproduction). Under
conmtrol conditions, the DEB model takes the relative investments in these two destinations to be constant (the
absgolute investments can change in time). Parasites and endocrine disrupting compounds (e.g. Ahdersen et
al. 2001, Kooijman 2000) are found to change these relative investments. It is possible that a large|number of
cofnpounds have similar effects. A practical problem in the application of a model that accounts for changes in
thg allocation fraction is that standardized tests for body growth do not include measurements that are
negessary to quantify the effect appropriately. Detailed modelling of effects on mammalian development has
beg¢n developed and applied (Setzer et al. 2001, Lau ef.al. 2000), but such approaches require adejquate data
and are specific for the compound as well as the test'organism.

7.4.2 Assumptions

The following assumptions specify the effect on body growth at any concentration of test compound
—| assumption on control behaviour

— the test-organisms follow a von Bertalanffy growth curve in the control;

—| assumption on toxico=Kinetics

— the test chemical follows first order kinetics
(Dilution by growth is taken into account);

—| assumption on effects

One of three modes of action occur:

— the assimilation rate decreases linearly in the internal concentration;

— the maintenance rate increases linearly in the internal concentration;

— the costs for growth increase linearly in the internal concentration;
— assumptions on measurements/toxicity test

— the concentrations of test-compound are constant during exposure;

— the measured body lengths are independently normally distributed with a constant variance.
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7.4.3 Von Bertalanffy growth curve

The von Bertalanffy growth curve is given by
L(t)=L,, — (L, —Lg)exp{-rpt},

where

L(¢) is the length at time, #;

Lq igrtheinitiattengtts;
L, ig[the ultimate length; and
r, is{the von Bertalanffy growth rate.

The DEB model predicts that body growth is of the von Bertalanffy type only at constantfeod densities, in the
case of ispmorphs (i.e. organisms that hardly change in shape during growth). An implied assumption|is,
therefore, that food density is constant, or high. Food intake depends hyperboljcally' on food density in the
DEB modg¢l; variations in food density, therefore, hardly result in variations in\food intake as long as fgod
remains abundant. Examples of application of the model of effects on growth by an increase of the
maintenanpe costs and by a decrease of assimilation are shown in Figures(23 and 24.
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NOTE The parameters estimates are NEC =7,65 g/l; control ultimate length =37 mm; tolerance concentration

=43,5 g/l; elimination rate = large. Fixed parameters are initial length =4 mm; von Bertalanffy growth rate =0,01 d. The
profile likelihood function for the NEC is given left. The ECO(36d):766 all; EC50(36d): 176 g/l. The use of the profile
likelihood graphs to obtain confidence intervals is explained in the legend to Figure 29.

Figure 23 — Time and concentration profiles for effects on growth of Pimephalus promelas via
an increase of specific maintenance costs by sodium pentachlorophenate
(data by Ria Hooftman, TNO-Delft)
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parameter estimates are NEC =13 g/g; contrel<ultimate length = 11,6 mm; tolerance concentration
hination rate = large.

ed parameters are initial length =0 mm; von Bertalanffy growth rate = 0,018 d. The profile likelihood fun
C is given in the bottom left graph. ECO(100d) =13 g/g; EC50(1OOd) =605 g/g.

Figure 24 — Time and congcentration profiles for effects on growth of Lumbricus rubelld
a decrease of assimilation by copper chloride (data from Klok and de Roos 1996)

e first example (Figure.28) shows that it is not necessary to have observations in time; the secor
jure 24) shows that’it is not absolutely necessary to have a control. Although inclusion of g
ays advisable, the.control is treated in the same way as positive concentrations in the DEBtox m

st

istical properties’ of the parameter estimates and the confidence one has in them obviously

comtrols and p@sitive concentrations are available.

At high eoncentrations, the test compound probably not only affects body growth, but usually als
The DEBtox software (see 7.9) accounts for differences in number of individuals of which the bog
be¢nmeasured.
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The models for effects on body growth, and details about the statistical properties of parameter estimation
(especially that of NECs, are discussed in Kooijman and Bedaux (1996, 1996a).

7.5 Reproduction

7.5.1 Routes that affect reproduction

The DEB model allows for (at least) five routes that affect reproduction. The first three routes are identical to
that for growth and are called the indirect routes. The DEB model assumes namely that food intake is
proportional to surface area, so big individuals eat more than small ones. This means that if growth is affected,
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feeding is directly or indirectly affected as well, which leads to a change in resources that are available for
reproduction. The routes not only lead to a reduction of reproduction, but also to a delay of reproduction. In
addition, there are two direct routes for affecting reproduction:

a) an increase in the costs per offspring, so an effect on the transformation from reserves of the mother to
that of the embryo;

b) death of early embryos, before they leave the mother. Dead embryos can be born, or are absorbed; only
the living ones are counted.

These twoditectroutes—-assume-that-the-allocation-to rnr\rndllr\hnn is not affected h\/ the r\nmpnllnd but-that
the compopnd affects the conversion of these resources |nto living embryos.

7.5.2 Assumptions
The followlng assumptions specify the effect on reproduction at any concentration of test compound:
— assunmptions on control behaviour

— tHe test-organisms follow a von Bertalanffy growth curve in the control;

production depends on assimilation, maintenance and growth as specified by the Dynamic Enefgy
udget (DEB) theory;

W 3

— assunmption on toxico-kinetics

— the test chemical follows first-order kinetics
(Dbilution by growth is taken into account.);

— assunmptions on effects

One of five modes of action occur:

—

He assimilation rate decreases linearly in the internal concentration;

— tHe maintenance rate increases-linearly in the internal concentration;

—

He costs for growth increase linearly in the internal concentration;
— tHe costs for reprodugtion increase linearly in the internal concentration;
— tHe hazard rate of the neonates increases linearly in the internal concentration;

— assunpptions_eh"measurements/toxicity test

— tHe€oncentrations of test-compound are constant during exposure;

— the measured cumulative numbers of young per female are independently normally distributed with a
constant variance.

7.5.3 Implication

An implication of the DEB theory is that indirect effects on reproduction (the first three modes of action) are a
reduction of the reproduction rate as well as a delay of the start of reproduction, while direct effects (the last
two modes of action) involve a reduction of reproduction only. All three indirect effects on reproduction also
have effects on growth, despite the fact that just a single target parameter is affected. The delay of the onset
of reproduction is, therefore, coupled to effects on growth. The measurement of body lengths at the end of the
test on reproduction can be used as an easy check and as an identification aid to the mode of action. This
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mode of action is of importance to translate effects on individuals into those on growing populations (Kooijman
1985, Nisbet et al. 2000).

The DEBtox software (see 7.9) accounts for possible reductions of numbers of survivors in the reproduction
test via weight coefficients; the more females contribute to the mean reproduction rate per female, the more
weight that data point has in the parameter estimation. An example of application is from the OECD ring-test
for effects of cadmium on Daphnia reproduction (Figure 25); the full results are reported in Kooijman et al.
(1998):
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The figures show the time and concentration profiles.

e =14,4d;

elimination rate = 3,0 d.
Fixed parameters are von Bertalanffy growth rate = 0,1 1/d; scaled length at birth = 0,13; scaled length at puberty = 0,42;
engrgy investment ratio = 1. The NEC does not differ significantly from 0 on the basis of these data. If a mgre accurate

est
EC

Th

mate is required, lower test concentrations should be selected. These parameter values imply EC0(21d) =
50(21d) = 0,336 mM.

Figure 25 — Effects of cadmium on the reproduction of Daphnia magna through an incrn
of the costs per offspring — Data from the OECD ring-test

b models for effects on reproduction, and details about the statistical properties of parameter

0,1 mM and

ease

estimation

(egpecially that of NECs) are discussed in Kooijman and Bedaux (1996b, 1996c).

7.6 Population growth

7.4.1 General

If individuals follow”a cycle of embryo, juvenile and adult stages, one needs the context of phypiologically
striictured population dynamics to link the behaviour of population dynamics to that of individgals. If the
individuals ‘only grow and divide, a substantial simplification is possible in the context of the DEB model. This

is

e caseiin the algal growth inhibition tests, and in tests with duckweed, for instance.

Three modes of action of the compound are delineated here. The following assumptions specify the model for
effects on populations:

assumptions on control behaviour

— the viable part of the population grows exponentially (the cultures are not nutrient or light limited
during the test);
— assumption on toxico-kinetics
— the internal concentration is rapidly in equilibrium with the medium;
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— assumptions on effects
One of three modes of action occur:
— the costs for growth are linear in the (internal) concentration;

— the hazard rate is linear in the (internal) concentration during a short period at the start of the
experiment;

— the hazard rate is linear in the (internal) concentration during the experiment;

— assunlptions on measurements/toxicity test

— the concentrations of test-compound are constant during exposure;

— tHe inoculum size is the same for all experimentally tested concentrations;

— blomass measurements include living and dead organisms;

— tHe measured population sizes are independently normally distributed with~a constant variance.
The rationale of the second mode of action (death only at the start of the experiment) is that effects relate tq
— the trgnsition from control culture to stressed conditions, not to thefstréss itself;
— the pgsition of the transition in the cell cycle. Cells are not\synchronized, so the transition occurg at

differgnt moments in the cell cycle, for the different cells:df cells are more sensitive for the transitjon

during a particular phase in the cell cycle, only those cells‘are affected that happen to be in that phase.
The EC, values for this type of test can be calculated.in various ways, with different results. One way to|do
this is on fhe basis of biomass as a function of timeg.)This should not be encouraged, however because the
result deppnds on experimental design parameters that have nothing to do with toxicity (Nyholm 19§5).

Another wpy to do this is on the basis of spécific population growth rates, which are independent of time
(Kooijman|et al. 1996a). An example of application of the DEBtox method is given in Figure 26.

Time: day, Conc: microgram/liter, Resp: 102 cells mi-'

0 0 10: 18 32 56 100 180
0.0Q00 0.4 0:8 08 1.1 1.1 1.0 1.4 1.1
0.9375 49 54 6.8 54 4.7 5.2 2.8 2.5
1.8958 70.5 774 74.5 711 64.0 56.6 6.9 3.9

Figure 26 — Example of application of the DEBtox method
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NQTE The figures show the data and the time and concentration profiles (note that this data set contains fwo blanks).
The estimated parameters are inoculum =494 cells/ml;specific growth rate =2,62 1/d; NEC = 0,053 mg/l; tolerance
corjcentration = 0,0567 mg/I.
The profile likelihood function for the NEC is given-in the lower left-hand figure. The ECy, = 0,062 4 mg/l. The robustness
of this approach is demonstrated by the fact that removal of the highest concentration leads to the same point|estimate for
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Figure 27 — The effect of a mixture of C,N,S-compounds on the growth of Skeletonema cd
via an increase of the costs for growth — Data from the OECD ring test

e model for effects on pepulation growth, and details about the statistical properties of parameter
pecially that of NECs) are discussed in Kooijman et al. (1996a). Toxic effects on logistica
pulations in batch cultures are discussed in Kooijman et al. (1983); a paper on the interferen
pcts and nutrient limitation is in preparation. (Also see Figure 27.)

Parameters of effect models

1.”“General

statum

estimation

ly growing
ce of toxic

The parameters of effect models can be grouped into a set that relates directly to the effects of the test
compound and a set that relates to the eco-physiological behaviour of the test organisms.

7.7.2 Effect parameters

7.7.21

Toxicity and dynamic parameters

The basic biology-based models have two toxicity parameters and a single dynamic parameter:

— NEC = ECy(~): No effect concentration, which is the 0 % effect level at very long exposure times

(dimension: external concentration);
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— killing rate (for effects on survival; dimension: per external concentration per time) or tolerance

conce

ntration (for sub-lethal effects; dimension: external concentration);

— elimination rate of first-order kinetics (for survival, body growth and reproduction tests; not for population
growth inhibition tests. Dimension: per time). Large values mean that the internal concentration rapidly
reaches equilibrium with the concentration in the medium. If the internal concentration is in equilibrium,
the effects no longer change. Notice that the elimination rate has no information about the toxicity of the
test compound.

7.7.2.2

Killing rate, b,

The killing
NEC:

h(t) 4

where

h(®)
hcontro
by
‘o

Cint

kscF

The kgcr

rate is the increase in the hazard rate per unit of concentration of test compound that exceeds

Cint
heontrol + bk {k _CO]
BCF .

is the hazard rate, at time, ¢;

| is the control hazard rate;
is the killing rate;
is the no effect concentration;
is the internal concentration;

is the bio-concentration factor; and

means that, if —L is below ¢, then the hazard rate equals the control hazard rate.
BCF

stands for the ratio of(the internal and external concentrations in equilibrium. No assumptions

made abolt its value; it can be very small for compounds that hardly penetrate the body.

the

are

The tolergdnce concentration quantifies the change in the target parameter per unit of concentration of fest

compound

The param

that exceeds-the NEC:

eter value is equal to the control parameter value times (1 plus the stress value).

A

s(cy)

Cint

kgcr

104

+Hf Sint
= — ——CO
C*LkBCF J+

is the stress function;
is the tolerance concentration;
is the internal concentration; and

is the bio-concentration factor.
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The target parameter value in this specification of the tolerance concentration can be the specific costs for
growth, the specific maintenance costs or another physiological target parameter. This depends on the mode
of action of the compound.

The name “tolerance concentration” refers to the fact that the higher its value, the less toxic the chemical
compound. Notice that the ratio « Cint_» has the interpretation of an external concentration that is proportional
to the internal concentration; the Pocfgrance concentration, like the NEC, has the dimension of an external

concentration. This is done because internal concentrations are generally unknown in practice. The internal

exposure time. The stress value is a dimensionless quantity, which is only introduced to\s

spe¢cification of the change in the target parameter.

7.71.3 Discussion

The NEC, the elimination rate and the tolerance concentration (or killing rate)tane parameters th
depend on the exposure time. This is in contrast to EC,, values, which do depend on exposure ti
thgt the accumulation rate (a toxico-kinetic parameter) does not occur in the/parameter set of effe
This is because less toxic compounds that accumulate strongly cannot be distinguished from toxic g
that hardly accumulate if only effects, and no internal concentrations;~are observed. This is also
why NECs, killing rates and tolerance concentrations are in tefms of external concentrations,

(changing)
mplify the

at do NOT
me. Notice
ct models.
ompounds
the reason
while the

medchanism is via internal concentrations. Effect models treat intetnal concentrations as hidden varigbles.

The kinetic parameters depend on the properties of the chemical compound. The elimination rate i
prgportional to the square-root of the octanol-water partition coefficient (P,,,), while the uptg
prgportional to the square-root of this coefficient (Koaijthan and Bedaux 1996, Kooijman 2000). Si
depend on internal concentrations, so on toxico-kinetics, effect parameters depend on the partition
as|well; the NEC, tolerance concentration and-iaverse killing rate are all inversely proportional
(Gerristen 1997, Kooijman and Bedaux 1996, Kooijman 2000). Such relationships can be used in
test parameter estimates against expectations.

S inversely
ke rate is
hce effects
coefficient
to the P,
practice to

The prediction of how the toxicity parameters depend on the octanol-water partition coefficient can e used for

selecting appropriate concentrations te-be tested.

EXAMPLE 1 An example is as follows.

Su
est

pose that compound 1 with-P, = 10% has been tested for its effects on survival, which resulted in thg
mates NEC = 1,3 mM;killing rate = 1,5 1/(mM.d); elimination rate = 0,5 1/d.

Now we have to.tesh compound 2, with a physiologically similar mode of action and a P, = 107.
We expect tofind the parameter estimates
NEE. 2 0,13 mM; killing rate = 15 1/(mM.d); elimination rate = 0,5/v10 = 0,16 1/d.

These three parameters imply that the LC,
choosing the concentration range to be tested in a test of 2 d.

b parameter

=0,47 mM and the LCQQ(Zd) =1,9 mM, which gives some guidance for

Suppose now that we tested compound 1 for effects on reproduction in Daphnia with a control max reproduction rate of

15 offspring per day.
Let us assume that the compound increases the maintenance costs.
This resulted in NEC = 1,3 mM; tolerance concentration = 10 mM; elimination rate = 0,5 1/d.
We expect to find for compound 2
NEC = 0,13 mM; tolerance concentration = 1 mM; elimination rate = 0,16 1/d.

These three parameters imply that the ECO(21d) =0,18 mM and the ECgyq
for choosing the concentration range to be tested in a reproduction test of

(Calculations with DEBtool, see 7.9.3.)
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Contrary to the more usual techniques to establish Quantitative Structure Activity Relationships (QSARs), the
influence of the P, on the parameters of biology-based models can be predicted on the basis of first
principles; these QSARs are not derived from regression techniques that require toxicity data for other
compounds. The reason why traditional regression techniques for establishing QSARs are somewhat
cumbersome is in the standardization of the exposure period. For any fixed exposure period (usually 2 d or
14 d), the LCy( (or EC5gp) for a compound with a low P, P, is close to its LCx for very long exposure times.
For compounds with a large P,,, however, the ultimate LCg, is much lower than the observed one. If we
compare LCggs for low P, and high P, values, we observe complex deviations from simple relationships,
which are masked in log-log plots and buried in the allometric models that are usually applied to such data.
(An allometric model is a model of the type y(x) = a x?, where a and b are parameters.)

Effects of modifying factors, such as pH, can be predicted, and taken into account in the analysis of toxigity
data (corrgctions on measured or nominal concentrations, and on measured or modelled pH values).JIf the
compound| affects the pH at concentrations where small effects occur, and the NEC and/or the killing'ratg of
the molecylar and ionic forms differ, the following relationships apply:

b +bj10PHPK m  1+10PHPK

b (pH) and ¢ (pH):cic .
K 1410PH-PK 0 070 1y cqQPH-PK
where
pK is the ion-product constant;

cb i$ the NEC of the ionic form;

c{)“ i$ the NEC of the molecular form;
bli( i$ the killing rate of the ionic form; and

b i$ the killing rate of the molecular ionic form (Kooijman 2000, Kénemann 1980).

The pH is|affected much more easily in soft-than in hard water (see e.g. Segel 1976, Stumm and Morgan
1996). Compounds may affect internal pH\to'some extent; in that case the relationship is approximately only.

On the asgumption that the chemical environment inside the body of the test organisms is not affected (due to
homeostatjc control), the observéd)survival pattern can be used to infer about the toxicity of the molecular gnd
the ionic form. The partitioning)between the molecular and ionic form is fast, relative to the uptake and
elimination (both in the environment and in the organism); this means that the elimination rate relates to bpth
the molecylar and the ionic.form. An example is given in Table 7.

Table 7 — Example of a pH effect on mortality

pH 7,5 7,5 7.4 7,2 6,9 6,6 6,3 6,0
(Goncentration 0 3,2 5,6 10 18 32 56 100
Days Number of survivors
0 20 20 20 20 20 20 20 20
1 20 20 20 20 20 20 19 18
2 20 20 19 19 19 18 18 18
3 20 20 17 15 14 12 9 8
4 20 18 15 9 4 4 3 2
5 20 18 9 2 1 0 0 0
6 20 17 6 1 0 0 0 0
7 20 5 0 0 0 0 0 0
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Suppose that we found the numbers of survivors as in the left table for a compound with ionisation product
constant of 9,0. The parameter estimates are (calculations with DEBtool, see 7.9.3) given in Table 8.

Table 8 — Example of estimated DEBtool parameters

Th
yie
in

Th

Molecule lon

ML 2 SD® ML 2 SD®
Control mortality rate 0,009 0,005
NEC 249 169 017 0,03
Killing rate 0,039 0,013 2,82 2,16
Elimination rate 1,48 0,50
@ ML is the maximum likelihood.
b SDis the standard deviation.

b elimination rate is proportional to the ratio of a surface area and a volume of the test organ
ds an inverse length measure. This relationship implies predictable differences between elimin
brganisms of different sizes, which have been tested against experimental data (see e.g. Gerrit
s is rather straightforward in the case of individuals of the same, spéecies, but also applies to ing

different, but physiologically related, species. The body size scaling relationships as implied b

thgory suggest predictable differences in the chemical body composition, in lipid content and in
rate and toxicity parameters. Such relationships still wait for festing against experimental data, but
in developing an expectation for parameter values; such<expectations can be used in experimen
andl in checking results of parameter estimations.

The prediction of how the three parameters of the hazard model depend on the body size
ordanisms can also be used for selecting appropriate concentrations to be tested.

EXAMPLE 2

Suppose that a compound has been tested\using fish of a mass of 1 mg, which resulted in the parameter estim

Noy

We
and

Th

NEC = 1,3 mM,; killing rate = 1,5 1/(mM.d); elimination rate = 0,5 1/d.

we have to test the compound forfish of 1 g of the same species.

the L099(2d) = 5,5 mM, which/gives some guidance for choosing the concentration range to be tested in a test of 2 d.

culations were made ‘with'DEBtool, see 7.9.3.)

.4 Eco-physiological parameters

b modef-for effects on survival has the control mortality rate as a parameter, which reg

expect to find a difference in.the-elimination rate only, i.e. 0,5/10 = 0,05 1/d. These three parameters imply that the LCf

sm, which
ation rates
sen 1997).
ividuals of
the DEB
elimination
are helpful
tal design,

pf the test

ates

):1,4mM

ults in an

(D

ponentially decaying survival probability This means that the model delineates two causes for dg

ath: death

about the actual cause of death in any partlcular case. Not onIy the data in the control, but all data are used to
estimate the control mortality rate; if no death occurs in the control, this does not imply that the control
mortality rate is zero. The profile likelihood function for the NEC quantifies the likelihoods of the two different
causes of death. Figures 22, 23 and 24 show how background causes can be distinguished from those by the
compound.
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Time: day, Conc,: microgramiiter

0.0 3.2 56 10.0 18.0 32.0 56.0 100.0
0 20 20 20 20 20 20 20 20
1 20 20 20 20 18 18 17 5
2 20 20 19 17 15 9 6 0
3 20 20 19 15 9 2 1 ]
4 20 20 19 14 4 1 0 0
5 20 20 18 12 4 0 0 0
6 20 19 18 9 3 0 0 0
7 20 18 18 8 2 0 0 0

NOTE The dataimthebody Tepresent the Tumber of surviving guppies. T e firstcoturmspetifiestheobservation
times in days, the first row specifies the concentrations of dieldrin in g/l. Figure 29 shows how an answer can be found to
the question) whether the two deaths in the concentrations 3,2 g/l and 5,6 g/l are due to dieldrin, or to “natural” causes.

Figure 28 — A typical table of data that serves as input for the survival model, as can belused in the
software package DEBtox (Kooijman and Bedaux 1996)

45 T T T T T T 45

4 44

35} <35
3 43
25 425

2 12

In likelihood

15 115

1 11

05 105

1 I 1 1 1
0 0.8 0.6 0.4 0.2 2| 4 6 0

Confidence level Concentration [ug ' ]

Figure 29 — This profile likelihood function of the NEC (right panel) for the data in Figure 28 results
from the software package DEBtox (Kooijman and Bedaux 1996)

This profil¢ determines the confiderice set for the NEC (first select the confidence level of your choice in the
left panel,|then read the In likelihead; the concentrations in the right panel for which the In likelihoods are
below this [level comprise the confidence set of the NEC; the confidence set for the NEC is a single interval|for
low confid¢nce levels, but alset of two intervals for high confidence levels). The maximum likelihood estimpte
for the NHC is here 5,29/} and corresponds to the interpretation of death in concentration 3,2 g/l dug to
“natural” cpuses; the second local extreme at 2,9 g/l corresponds to the interpretation of this death dug to
dieldrin. Figure 29 shows that this interpretation is less likely, but the figure shows that we cannot exclude this
possibility for high-eonfidence levels. If the lowest concentration would have no deaths in this data set, the
profile likelihoad\function would not have a second local extreme.

The model , v v ’ o +lendth,
and the maximum reproduction rate), that is estimated from the data, and a scatter parameter that stands
for the standard deviation of the normally distributed deviations from the model predictions. The latter
parameter also occurs in the models for effects on population growth.

The models for effects on body growth and reproduction have some parameter values that cannot be
estimated from (routine) tests. Their values should be determined by preliminary eco-physiological
experiments. These parameters are

— von Bertalanffy growth rate (dimension: per time). This parameter quantifies how fast the initial length
approaches the ultimate length at constant food density. (The food density affects this parameter.) In
principle, its value could be extracted from length measurements in the control, provided that enough
observation times are included. Under standardized experimental conditions, its value should always be
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the same, however. Moreover, the lengths are usually only measured at the end of the test only. These
data do not have information about the value of the von Bertalanffy growth rate;

initial body length (dimension: length), which is the body length at the start of the test. It is assumed that
this applies to all individuals in all concentrations. The DEB model for reproduction has a scaled length at
birth as parameter, which is dimensionless. This scaled length is the ratio of the length at birth and the
maximum length of an adult at abundant food. Since the daphnia reproduction test uses neonates, the
initial body length equals the length at birth;

scaled length at puberty (dimensionless). This is the body length at the start of reproduction in the
control as a fraction of the maximum body length of an adult at abundant food. The DEB model takes this

Th
tes

Th

7.8

7.4.

As
DH
theg
md
fits
Prq
an
be

value 0 be a constant, iIndependent of the food density. At low food density, It takes a relatiyel
to reach this length. The start of reproduction, therefore, depends on food density. The model
on reproduction needs the length at puberty. That on body growth does not use this parameter;

energy investment ratio (dimensionless). This parameter stands for the ratiocbetween t

of the catabolic energy flux that is allocated to somatic maintenance plus growth;“The maximu
capacity of the reserves is reached after prolonged exposure to abundant foed. The catabolic
flux that is mobilized from the reserves to fuel metabolism (i.e. allo€ation to somatic an

growth is taken to be constant in the DEB model). The value of the‘parameter does not affect
in a sensitive way. The logic behind the DEB theory requires its presence, however; the paran
a more prominent role at varying food densities.

e DEBtox software (see below) fixes these parameters at appropriate default values for the st
ts on fish growth and daphnia reproduction. The user can.change these values.

b models for population growth have two eco-physiolegical parameters that are estimated from th

the inoculum size (dimension: mass or, number per volume), which is taken to be e
concentrations

the control specific population growth rate (dimension: per time)
Recommendations

1 Goodness of fit

applies to all models-that are fitted to data, one should always check for goodness of fit (as inco|
Btox), inspect the-cenfidence intervals of the NEC, and mistrust any conclusion from models tha
data (see alsg™64). The routine presentation of graphs of model fits is strongly recommeng

are unagcceptably large, it makes sense to make sure that the experimental results are re
blems_with’ solubility of the test compound, pH effects, varying concentrations, varying conditi
mals interactions between test animals and other factors can easily invalidate model assumptio
helpful to realize that one approach for solving this problem is in taking such factors into acc

md

y long time
for effects

he specific

energy costs for growth and the product of the maximum energy capacity of the reserves and t{he fraction

M (energy)
flux is the
d maturity

maintenance, growth, maturation or reproduction; the relative allocation to somatic maintenance plus

the results
heter plays

hndardized

e data:

qual in all

rporated in
t do not fit
ed. “True”

dels, however;-do not always fit the data well, due to random errors. If deviations between data and model-

broducible.
bns of test
hs. It might
bunt in the

del(and apply a more complex maodel), but another approach is to change the experimental prd

tocol such

that the problems are circumvented. The models are designed to describe small effects; if the lack of fit relates
to large effects, it can be recommended to exclude the high concentration(s) from the data analysis.

Any model might fit data well for the wrong reasons; a good fit does not imply the “validity” of that model. This
should motivate to explore all possible means for checking results from data analysis; an expectation for the
value of parameters is a valuable tool.

The assumption of first-order kinetics is not always realistic in detail. A general recommendation is to consider
more elaborate alternatives only if data on toxico-kinetics are available. Depending on the given observation
times, the elimination rate is not always accurately determined by the data. In such cases, one might consider
to fix this parameter at a value that is extracted from the literature, and/or derived from a related compound,
after correction for differences in P, values.
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7.8.2 Choice of modes of action

Experience teaches us that the mode of action usually has little effect on the NEC estimates. Models for
several modes of action frequently fit well to the same experimental data set; if additional type of
measurements would have been available (such as feeding rate and/or respiration rate), it is much easier to
choose between modes of action. These modes of action are of importance to translate effects on individuals
to those on population dynamics, and how food availability interferes with toxic effects. The DEB theory deals
with this translation.

Measurements of feeding and respiration rates, and of body size (in reproduction tests) greatly help identifying

the mode .of action of the compound.-The proper identification of the mode of action is less relevant for

estimates pf the NEC.

7.8.3 Experimental design

DEBtox has been designed to analyse the results from toxicity tests as formulated in ©OECD guidelines
(numbers P01, 202, 203, 204, 211, 215, 218, 219) and ISO guidelines (ISO 6341, 1SO'7346-3, 1SO 86P2,
ISO 10229, ISO 10253, 1SO 12890, ISO 14669). The experimental design described, imthese guidelineg is
suitable fof the application of DEBtox. Confidence intervals for parameter estimates_are- greatly reduced if pot
only the nesponses at the end of the toxicity experiments are used, but also._observations during the
experiment. Ideally, one should be able to observe how fast effects build up during exposure in the data|| till
the effect Jevels satiate. Note that this does not require additional animals te be tested, only that they are
followed fdr a longer period of time.

Large extfapolations of effects, especially in the direction of longer exposure times, are generally hot
recommended; this is because, ideally, the assumptions need to“be checked for all new applications| It,
therefore, makes sense to let the optimal choice for the exposure period depend on the compound that is
tested, anfl the test organisms that are used. The higher the “solubility in fat of the test compound (¢.g.
estimated from P, ), and the larger the body size of the test.organisms, the longer the exposure should lasf.

As stated ih the Introduction, it is strongly recommendedto include all available observations into the analysis;
not only tHose at the end of the experiment, but also the observations that have been collected during the
experiment (for instance when the media are. refreshed). It is generally recommended that the number of
observations during exposure, the concentrations of test compound and the number of used test animals are
such that the model parameters can be estimated within the desired accuracy.

Experimenjtal design should optimize(the significance of the test; the significance of single-species testg is
discussed |in Reference [232]. From_a data analysis point of view, it makes sense to extend the exposjre
period till no further effects show_up. The length of the exposure period then relates to the physical-chemical
properties jof the compound.

7.8.4 Bujlding a database for raw data

Since biolggy-based'methods not only aim at a description, but also at an understanding of the processes that
underlie effectsit-is only realistic to assume that this understanding evolves over the years. In the futurg, it
might be Usefuhto reanalyse old data in the light of new insights. In anticipation of this, it is recommended to
build a ra

database

7.9 Software support

7.9.1 General

The models that are used by biology-based methods are fully derived and discussed in all mathematical detail
in the open literature; a summary of the specification is given in Annex F of this report. There is, therefore, no
need to use any of the software that is mentioned in this subclause. On the other hand, fitting sets of
differential equations to data (as required by the models for effects on body growth and reproduction), the
calculation of profile likelihoods for NECs, and the more advanced methods of fitting several datasets
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simultaneously, is beyond the capacity of most standard packages. Even if packages can do the job, the
optimization of numerical procedures (such as solving initial value problems) can be somewhat laborious.

The computations for biology-based methods have been coded in two packages, DEBtox and DEBtool, which
can be downloaded freely from the electronic DEB-laboratory at http://www.bio.vu.nl/thb/deb/. Both packages
are updated at varying intervals; the user has to check the website for the latest version. These packages are
used in (free) international internet-courses that are organized by the Department of Theoretical Biology at the
Vrije Universiteit, Amsterdam.

ble to estimate Hill parameters using non-linear regression is available under the GPL

Jleric vindimian. 9aonline fr/

An MS Excel macro a
lic ite:

7.9.2 DEBtox

DHBtox is a load-module for Windows and Unix that is meant for routine applications.

The user cannot define new models. The package has many options for paraméter estimation,

int¢rvals and profile likelihoods (for the NEC for instance), fixation of parameters-at particular valug
NHC = 0) while estimating the other parameters, calculation of statistics (such as EC .t and ET,.c

thgir confidence intervals), hypothesis testing about parameter values_/(such as NEC # 0),
regresentations to check goodness of fit, residual analysis, etc. Example data-files are provide
toxicity test.

DBBtox is a user-friendly package, and the numerical procedures are optimized for the vario

confidence
s (such as
values and

graphical
d for each

us models

(mpdes of action) that can be chosen. The elimination rate, for‘instance, is not always accurately determined
by [the data, especially if a single observation time is given..DEBtox always calculates three sets of|parameter
estimates, corresponding with the elimination rate beinga free parameter, or zero, or infinitely largge. Only the
best result is shown. The initial values for the parametérs that are to be estimated are selected aufomatically.
In fact, many trials (some hundred) are performed, and only the best result is shown. The user dogs not have
to |bother about these computational “details’. A The likelihood function can have many locgl maxima,
depending on the model and on the observations. The result of the numerical procedure to find a local
mgximum depends on the initial value; we ate’only interested in the global maximum, however. THis problem

comnplicates nonlinear parameter estimation-in practice; it is an extra reason to check the result gr.
all ppplications.)

The current version of DEBtox _¢an handle a single endpoint only (i.e. a single table of obse
regponses at the various combinations of concentration and exposure time). In the period 2002-20(
will be extended to include multiple samples to allow the analysis of effects on survival and re
sinultaneously, and to testthypotheses about differences of parameter values between samples.

7.9.3 DEBtool

DBBtool is souree code (in Octave and Matlab®) for Windows and Unix that is meant for research &
Octave is ffeely downloadable, Matlab??) is commercial. DEBtool is much more flexible than D
reduirescmore knowledge for proper use; it is less user-friendly than DEBtox. Initial values for
estimations are not automatic, for instance. DEBtool has many domains that deal with the various 4
of DPEB models in eco-physiology and biotechnology; the domain “tox” deals with applications in ec

phically in

rvations of
6, DEBtox
production

pplications.
EBtox, but
parameter
pplications
btoxicology.

The package can handle multiple data sets; several numerical procedures can be selected to find parameter
estimates. DEBtool allows researchers to estimate parameters if the variance is proportional to the squared
mean, to calculate the NEC, killing rate and elimination rate from LCg, values for three exposure times, to
estimate parameters from time-to-death data, and to extract the toxicity parameters for the molecular and the
ionic form when the pH is measured for each concentration, etc. Many specific models are coded, and the
user can change and add models.

21) Matlab is an example of a suitable product available commercially. This information is given for the convenience of
users of this Technical Specification and does not constitute an endorsement by ISO of this products.
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8 List of existing guidelines with references to the subclauses of this Technical
Specification

Table 9 — Existing guidelines

Reference

Reference
Guideline/standard Test Endpoint Reference (dose- (biology-based
(NOEC) response
. models)
modelling)
OECD 201 |ISO 8692:2004 Alga growth Growth rate 5.3 6.3 7.6
SO 145931999 [mhibition
: Area under growth 5.3 6.3 not
ISO 13829:2000 curve (biomass) recommended
OECD 202 ||ISO 6341:1996 Daphnia Immobilization 5.2 6.2 73
immobilization
OECD 203 |[{ISO 7346-1:1996 |Fish acute Mortality 5.2 6.2 7.3
ISO 7346-2:1996
ISO 7346-3:1996
OECD 204 Fish prolonged Mortality 5.2 6.2 7.3
Body mass, length 53 6.3 7.4
Avian acute Mortality 5.2 6.2 7.3
OECD 205 Avian dietary Mortality 5:2 6.2 7.3
Body mass 5.3 6.3 7.4
Food consumption 5.3 6.3 7.4 (theory
covered, but not
coded)
OECD 206 Avian-1- Body mass (FQ, F1), 5.3 6.3 7.4
generation organ mass; (body mass
food consumption,
egg-shell thickness,
egg-shell strength
Egg production, 5.2/5.3 6.3 7.5
14-day old survivors
(counts)
Egg abnormality rate, 5.2 6.2 7.3
egg fertility, viability, (chick survivgl)
hatchability, chick
survival rate
(proportions)
OECD 207 ||1SO 11268-1:4993 | Earthworm acute |Mortality 5.2 6.2 7.3
Body mass 5.3 6.3 7.4
OECD 208 |[ISO 14269-1:1993 |Non-target Emergence 5.2 6.2 7.3
1ISO. 11269-2:—2  |terrestrial plant (as survival
Biomass, Root length 53 6.3 (theory
covered, but not
coded)
Visual phytotoxicity 5.3 6.3
Mortality 5.2 6.2 7.3
ISO 15522:1999  |Activated sludge |Microorganism cell 5.3 6.3 7.6
growth
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Table 9 (continued)

ISO/TS 20281:2006(E)

Reference R(:Leor::-c ° Reference
Guideline/standard Test Endpoint (biology-based
(NOEC) response models)
modelling)
OECD 210 Fish ELS Mortality 5.2 6.2 7.3
Days to hatch 5.2/5.3 6.3 7.4 (theory
covered, but not
coded)
Hatching SUCCesS 5.2 6.2 7.3
Days to swim-up 5.2/5.3 6.3 V-4 (theory
covered, but not
doded)
Mass, length 5.3 6:3 7.4
OECD 211 |ISO 10706:2000 |Daphnia Immobilization 5.2 6.2 7.3
reproduction Fecundity 52/53 6.3 75
OELCD 212 |1SO 12890:1999  |Fish embryo and |Mortality 5.2 6.2 7.3
sac-fry stage Days to hatch 52/53 6.3 7.4 (theory
covergd, but not
doded)
Length 53 6.3 7.4
OELCD 213 Honeybee, acute |Mortality 5.2 6.2 7.3
oral
OELCD 214 Honeybee, acute |Mortality 5.2 6.2 7.3
contact
OELCD 215 (ISO 10229:1994  |Fish juvenile Mortality 5.2 6.2 7.3
growth test Body mass, length 5.3 6.3 7.4
OE[CD Chironomid Emergence 5.2 6.2 7.3
218/219 toxicity Days to hatch 5.2/5.3 6.3 7.4
Survival 5.2 6.2 7.3
Mass 53 6.3 7.4
OELCD 220 |ISO/CD Enchytraeidae Mortality 5.2 6.2 7.3
reproduction Fecundity 52/53 6.3 74
1ISO 11268-2;1998 |Earthworm Mortality 5.2 6.2 7.3
reproduction Body mass 53 6.3 7.4
Fecundity 5.2/5.3 6.3 7.5
1IS@14268-3:1999 |Earthworm Number of individuals 5.2/5.3 6.3 7.6
population size  |(for various species)
(field test)
OE[CD/221 |ISO 20079:—P Lemna growth Average growth rate 5.3 6.3 7.4
inhibition Area under growth 5.3 6.3 not
curve recommended
Final biomass 5.3 6.3 7.4
1ISO 10253:—° Marine algal Growth rate 5.3 6.3 7.6
growth inhibition Biomass 573 6.3 76
test ’ ' ’
1ISO 14669:1999 Marine copepods |Immobilization 52 6.2 7.3
ISO 11348-1:1998 |Light emission of |Luminescence 5.3 6.3 7.6
ISO 11348-2:1998 | Vibrio fischeri (for zero
1ISO 11348-3:1998 growth)
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Table 9 (continued)

Reference R(:Leor::-c ° Reference
Guideline/standard Test Endpoint (biology-based
(NOEC) response models)
modelling)
ISO 10712:1995 |Pseudomonas Growth rate 5.3 6.3 7.6
putida growth
inhibition
1ISO 13829:2000 | Genotoxicity Induction rate 5.3 6.3
(umu-tost)
1ISO 11267:1999  |Collembola Offspring number 5.2/5.3 6.3 7.5
reproduction .
inhibition Mortality 5.2 6.2 3
a To be published. (Revision of ISO 11269-2:1995)
b To be published.
¢ To be published. (Revision of ISO 10253:1995)
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Annex A
(informative)

Th
wa
Ari
at

Th
det

Analysis of an “acute immobilization of Daphnia magna” data set
(OECD GL 202 — ISO 6341) using the three presented approaches
. Data set (see Table A.1)
Table A.1 — Data set
Concentration Number of Number of Number of

immobilizations 0 h immobilizations 24 h immobilizations 48 h

0 0 0 0

0,39 0 0 0

0,78 0 0 0

1,56 0 0 1

3,13 0 0 7

6,25 0 6 11

12,5 0 5 14

25 0 5 20

50 0 19 20

100 0 20 20

.2 Examples of data analysis' using hypothesis testing (NOEC determination)

.2.1 Example 1a — Daphnia acute example: Immobility after 48 h exposure

1.1  NOEC determination by two methods

e NOEC is 1,56 wg/l by both tests shown in the flow-chart, Figure 3. In this example, there
ter control. Both Fisher's Exact test with a Bonferroni-Holm correction and the step-down
hitage test-are done to illustrate both approaches. In both cases, the overall false positive rate i
D,05 and one-sided tests are done comparing proportion alive in each concentration to that in
b p-values reported for Fisher's Exact test do not include the Bonferroni-Holm correctio
ermination of significance makes that adjustment.

vas only a
Cochran-
controlled

he control.

h, but the
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A.2.1.2 Statistical analysis list file — Daphnia live 48 h

STATISTICAL ANALYSIS LIST FILE 22)
DAPHNID LIVE48 OBSERVED DATA FROM DATASET ADAP ACUTE
GROUP STATISTICS BY DOSE

Number Number 3 Dose Test Dose
dose at risk Responding Responding Score (mg/1)

1 20 20 100 1 0
2 20 20 100 2 0.39
3 0 0 00 3 078
4 20 19 95 4 1.56
5 20 13 65 5 3.13
6 20 9 45 6 6.25
7 20 6 30 7 12.5
8 20 0 0 8 25
9 20 0 0 9 50
10 20 0 0 10 109

A.2.1.3 Fisher's Exact test versus control

FISHER EXACT TEST vs CONTROL FOR DAPHNIA LIVE48)OBSERVED
TESTING FOR A DECREASING ALTERNATIVE HYROTHESIS

Fisher's
Exact Test
Test [ose Number Number p-value Significance
(mg/1) at risk Responding (Laft) Rating

q.39 20 20 109000
q.78 20 20 1.00000
.56 20 19 0.50000
3.13 20 13 0.00416 *
qd.25 20 9 0.00007 *x
2.5 20 6 0.00000 x*x

25 20 0 0.00000 *x

50 20 0 0.00000 *x
100 20 0 0.00000 *x

* refers to P,01 < p-value < 0,05

** refers tola p-value < 0,04

A.21.4 Cochran-Armitage test using equally-spaced dose scores

Cochran-Armitage Test
Using Equally Spaced Dose Scores
Cochran—-Armitage test 3 one—-sided for DECREASE in RESPONSE

All doses included

SOURCE Test stat Deg Free p-value SIGNIF

Overall 141.11145 9 0
Trend -11.4263 1 1.545E-30 **
LOF 10.551094 8 0.2284543

100 mg/1 concentration omitted

22) In the annexes in this Technical Specification, the results of the tests shown in Courier New font include numbers with
decimal points, instead of commas, as used elsewhere in this document.
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SOURCE Test stat Deg Free SIGNIF
Overall 119.23185 0

Trend -10.46522 .239E-26 **

LOF 9.7109205 .2055557

100 and 50 mg/l concentrations omitted

SOURCE Test stat Deg Free SIGNIF
Overall 93.867043 0

Trend -9.126828 1 3.527E-20 **

LOE 10 .563053 1025704

ISO/TS 20281:2006(E)

100, 50 and 25 mg/l1l concentrations omitted

SOURCE
Overall
Trend
LOF

100, 50,

100,

SOURCE
Overall
Trend
LOF

50, 25,

SOURCE
Overall
Trend
LOF

100,

SOUREHE
Overall
Trend
LOF

Test stat
58.680261
-7.068764
8.7128292

25 and 12

Test stat
41.584158
-5.637291
9.8051068

12.5 and
Test stat
25.271739
-3.909645

9.986413

50,25,

Test stat Deg Free

3.0379747
-1.350105
1.2151899

SIGNIF

6 8.341E-11
1 7.816E-13 **
5 0.1210814

.5 mg/1 concentratiors)omitted

SIGNIF

5 7.1493E-8
1 8.6373E-9 **
4,.0£0438418

6.25 mg/\l” concentrations omitted

SIGNIF

4 0.0000444
1 0.0000462 **
0.018682

6.25 and 3.13 mg/1
concentrations omitted

SIGNIF

3 0.3858072
1 0.0884911
2 0.5446592

discussed in Figure 3 of Clause 5 and the accompanying text, the Cochran-Armitage test is firs{ applied to
entire data.set. Given that that test is significant at the 0,05 level (p-value for trend is less than 0,05), the
h concentration is omitted and the test is repeated with the remaining concentrations. This procedure is
eated wuntil the Cochran-Armitage test is first not significant. The highest concentration remairfing at that
p iscthe" NOEC. In the present case, that occurs when the highest remaining concentration is
ch-is'thus the NOEC.

1,56 mgl/l,

Two other terms are shown at each stage. The first is labeled “Overall” and is the standard Chi-squared test
with k-1 degrees of freedom for differences among the k groups represented. It is recalled that this Chi-
squared statistic is the sum of the 1-df Chi-squared statistic measuring linear trend (i.e. the square of the
Cochran-Armitage test statistic) and the k-2 df Chi-squared statistic for departure from linearity here labelled

LOF.
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A.2.2 Example 1b — Daphnia acute example: Immobility after 24 h exposure

A.2.2.1 NOEC determination by two methods

NOEC is 3,13 mg/l by the step-down Cochran-Armitage test and 25 mg/l by Fisher's Exact test. Both follow
the flow-chart, Figure 3 of Clause 5. In this example, there was only a water control. Both Fisher’'s Exact test
with a Bonferroni-Holm correction and the step-down Cochran-Armitage test are done to illustrate both
approaches. In both cases, the overall false positive rate is controlled at 0,05 and tests are done comparing
proportion alive in each concentration to that in the control. The p-values reported for Fisher’'s Exact test do
not include the Bonferroni-Holm correction, but the determination of significance makes that adjustment

A.2.22 *tatistical analysis list file — Daphnia live 24 h

Number
dose at risk
20
20
20
20
20
20
20
20
20
20

O W oo Jo Ul W

[

A.2.2.3 Fisher's Exact test versus control

STATISTICAL ANALYSIS LIST FILE

Number
Responding

20
20
20
20
20
14
15
15

1

0

DAPHNID LIVE24 OBSERVED

DATA FROM DATASET ADAP ACUTE
GROUP STATISTICS BY DOSE

% Dose

Responding Score
100 1
100 2
100 3
100 4
100 5
70 6
75 7
75 8
5 9
0 10

Test Dose

(mg/1)

FJISHER EXACT TEST vs CONTROL.‘EOR DAPHNIA LIVE24 OBSERVED
TESTING FOR A DECREASING ALTERNATIVE HYPOTHESIS

.39
.78
.56
.13
.25
2.5

25

50
100

o w kOO

Fisher's
Exact Test
Test [ose Number Number p-value Significance
(mg/1) at risk Responding (Left) Rating
0.39 20 20 1.00000
0.78 20 20 1.00000
1.56 20 20 1.00000
3.13 20 20 1.00000
6.25 20 14 0.01010
12.5 20 15 0.02356
25 20 15 0.02356
50 20 1 0.00000 * *
100 20 0 0.00000 *x
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A.2.2.4 Cochran-Armitage test using equally spaced dose scores
COCHRAN-ARMITAGE TEST
USING EQUALLY SPACED DOSE SCORES
Cochran-Armitage test is one-sided for DECREASE in RESPONSE

All doses included

SOURCE Test stat Deg Free p-value SIGNIF

Overall 136.55172 9 0
Trend -9 806625 1 2 153F-23 *%*
LOF 38.60853 8 5.8093E-6

100 mg/1l concentration omitted

SOURCE Test stat Deg Free p-value SIGNIF

Overall 99.239409 8 0
Trend -7.804546 1 2.986E-15 **
LOF 38.328473 7 2.6241E-6

100 and 50 mg/l concentrations omitited

SOURCE Test stat Deg Free p-value SIGNIF

Overall 30 7 0.000095
Trend -4.485426 1 3.6384E-6 **
LOF 9.8809524 6 0297557

100, 50 and 25 mg/l concéntrations omitted

SOURCE Test stat Deg~F'ree p-value SIGNIF

Overall 30.190275 6 0.0000362
Trend -4.240398 1 0.0000112 =**
LOF 12.209302 5 0.0320297

100, 50, 25+%w@nd 12.5 mg/l concentrations omitted

SOURCE ( Test stat Deg Free p-value SIGNIF

Overanl. 31.578947 5 7.1979E-6
Trehd -3.678836 1 0.0001172 =**
LOE 18.045113 4 0.0012093

WhHhen all concentrations at or above 6,25 mg/l are omitted, there is 100 % survival at every|remaining
comcentratiomand no test can be done, nor is a test needed. The NOEC is 3,13 mg/l.

As|diseussed in Figure 3 of Clause 5 and the accompanying text, the Cochran-Armitage test is firs{ applied to
theg entire data set. Given that that test is significant at the 0,05 level (p-value for trend is less thar| 0,05), the
h| I bUIIbUIItIdﬁUII ;b Ulllittcd dl Id thU tcbt ib IUpUdtUd vvith t:IU IUIIIdiIIiIIH CUITICTI ItldtiUl 5. Thlb Ml Cedure |S
repeated until the Cochran-Armitage test is first not significant. The highest concentration remaining at that
step is the NOEC. In the present case, that occurs when the highest remaining concentration is 1,56 mg/l,
which is thus the NOEC.

Two other terms are shown at each stage. The first is labelled “Overall” and is the standard Chi-squared test
with k-1 degrees of freedom for differences among the k groups represented. It is recalled that this Chi-
squared statistic is the sum of the 1-df Chi-squared statistic measuring linear trend (i.e. the square of the
Cochran-Armitage test statistic) and the k-2 df Chi-squared statistic for departure from linearity here labelled
LOF.
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A.3 Example of data analysis by dose-response modelling

A.3.1 General

Fitting a dose-response model to data is normally done with the aid of computer software. Therefore, the user
does not need to worry about computational details. Outcomes from different software packages should be
nearly identical when fitting the same model to the same data based on the same assumptions and methods.
However, software packages may differ extensively in how to run them. In this subclause, the discussion of
the examples is based on an analysis using the software package PROAST, but it is attempted to make the

discussion

helpful for users of other software just as well.

A.3.2 Bic

It is assun

passay on acute mortality of Daphnia magna

ned that both an ECsy and an EC, is required after two days of exposure. Thergfore, a dope-

response analysis of the mortality data at day 2 is normally sufficient. The following subclausediscusses how

such may

pe done.

A.3.3 Dose-response analysis for mortality at day 2

The data are quantal, and include more than one partial response. According“to“the flow-chart in Clausg 6

(Figure 6),
the format
illustrated
essential.
distribution

for the observed responses.

120

various models should be fitted in a way as described in 6.2.2. The\first step is to put the datg in
that is required by the software to be used. Typically, the data shall be provided in a matrix form,|as
n Table A.2. Note that the information of the sample size jifnneach concentration (dose) group is
Here, the model is fitted based on maximization of thé. log-likelihood assuming a binonpial
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Table A.2 — Data input file (as required by PROAST)

Daphnia_magna

4

1 4 0 0

Dose Response Sample_size Day

100 20 20 1

50 19 20 1

25 5 20 1

12,5 5 20 1

6,25 6 20 1

3,13 0 20 1

1,56 0 20 1

0,78 0 20 1

0,39 0 20 1

0 0 20 1

100 20 20 2

50 20 20 2

25 20 20 2

12,5 14 20 2

6,25 11 20 2

3,13 7 20 2

1,56 1 20 2

0,78 0 20 2

0,39 0 20 2

0 0 20 2

A.3.4 Fitting the probit model

First, a probit model is fitted. As discussed in Clause 6, the background response should nprmally be
esfimated as a model parameter: ' However, when, as in this particular data set, fitting the mogel with or
without a background parameter results in virtually the same outcome; the background parameter £an just as
well be omitted from the model (or, equivalently, be fixed at zero) It is preferable, in this case, to @void non-

comvergence of the (iterative) fit algorithm. Note that in fitting the model without a background parameter, the

Figure A.1 shows the fit of the probit model for this data set. The parameter 4 is the EC5, and the parameter ¢
is the slope. At may also be interpreted as the inverse of the standard deviation (o) of the underlying tolerance

data, and
there S S different. To
substantiate thls various other models are fltted in concordance W|th the flow-chart in Clause 6
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A.3.5 Fit

Next to the
As Table A
Also note
deriving ar

Table

Daphnia_magna
probit model, pi = a+(1-a)*pnorm{c*log10(x/b))

1.0

0.8

sfx: 1 L
salected : day2

addit. sk : 0.1
CED.gr1

0.6

1.8928

response

0.4

0.2

0.0

log10-dose

Figure A.1 — Probit model fitted to mortality response at day,2'== CED =EC,

ing various models

.3 shows, the resulting ECgy and EC, estimates are reasonably similar (less than 30 % differen
hat the EC, is obtained by interpolation. Thus, it may be concluded that the data are suitable

EC,q by dose-response modelling.
A.3 — Summary of results regarding four models fitted to the mortality data in Figure A.1
Model Log-lik ECs, ECyo
MLE 3 90 %-Cl ® MLE @ 90 %-CI ®

Probit - 45,60 5,64 4,53 -6,93 1,89 1,42 to 2,68

Logit — 46,46 5,63 4,59 - 6,94 1,90 1,36 t0 2,72

Weibull — 46,25 6,64 5,36 - 8,17 1,69 1,10 to 2,68

Two-stage 46,83 7,00 5,59 - 8,46 1,47 1,17 t0 1,77

a MLE =dMaximum Likelihood Estimate.

b Cl&Confidence Interval; based on 1 000 bootstrap runs.

A.3.6 Confidence intervals

probit model, three other models were fitted: the logit, the\Weibull and the (two-stage) LMS model.

ce).
for

The confidence intervals can be calculated by one of the ways described in Clause 6, depending on the
software available. In Table A.2, the 90 %-confidence intervals are of the EC5y and the EC,, are given, as
obtained by the bootstrap method (1 000 runs). They are not dramatically different between the models, and
one may choose the lowest of these. Alternatively, one may choose the lower bounds associated with the
probit model, as this model gives a somewhat higher log-likelihood value than the others. The slightly better fit
can also be seen by comparing Figure A.1 with Figure A.2.

122
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Daphnia_magna

Daphnia_magna T
two-stage madel, pi = a + {1-a)(1-exp(-{x/b)-c(x/b)*2))

weibult model, pi = a + (1-a)(1-exp(-{x/b)*c)}

10
10
L

version: 01
model: AG

08
L

aioedy: O
b2, BETIS
¢ 1378
[
conv: TRUE
st 1

selocted: gy 2

0.8

625

06

tacez: day
S 1ok 01
CEb
el

response

response
0.4
0.4
]

02
02

00
oo

log10-dose log10-dose

Figure A.2 — The Weibull (left panel) and the two-stage LMS model fitted to the mortality data at day 2

A.

Alt
the

Fir
Ob
Ho

angllysed simultaneously would be preferable.

Th

8.7 Mortality at both days

hough a single analysis of mortality at day 2 is normally sufficient, some remarks are made her
data at day 1 as well.

5t, it may be noted that a similar analysis can be done for day’ 1 separately (see Figure A.3,
viously, the EC, values are higher, and for a risk assessment these results are probably ng
wever, from the perspective of an efficient use of the data, an{analysis in which the data from bot

bre are two ways of doing a simultaneous analysis.

One is to fit the dose-response model to both days simultaneously, allowing for the fact th
some) of the parameters in the model depends on the number of days. This analysis is shown
panel of Figure A.3. Here, the parameterio (the slope) is assumed to be the same for both days
ECsq is allowed to differ between days. Thus, the simultaneous analysis estimated three p
while the two separate analyses together estimated four parameters in total.

The sum of the log-likelihoads® of the two separate analyses (-94,91) can be compared

likelihood of the simultaneous analysis (-94,75). The former log-likelihood is associated with
free parameter estimatéd from the data, and therefore can only be larger (or equal) to the
likelihood. (NOTE: This-holds in general for nested models, but not necessarily for non-nests
two models are nested when one model can be derived from the other by reducing the

parameters to be-estimated from the data.)

The likelihoed ratio test can be used to assess if the larger number of parameters in th
analyses s associated with in a significantly better fit. According to this test, the increase in log
should-be at least 1,92 to be significant at o= 0,05. It may therefore be concluded that the mg
can just as well be described by a probit model with the same slope for days 1 and 2. As Table

e on using

eft panel).
t relevant.
h days are

at one (or
in the right
, while the
arameters,

o the log-
one more
latter log-
ed models;
number of

D
L

separate
-likelihood
rtality data
A.4 shows,

the 'estimated EC, values are quite similar between a simultaneous and a separate analysis.
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1.0

0.8

06
L

response

04
L

. Daphnia_magna
Daphnia_magna

probit model, pi = a+(1-a)*pnorm{c*log10{x/b))

1.0

0.8

sfx
selected . day 1
addtt. nsk: 0.1
CEOgr

6015

r 1
CED.gr1 CED.gr2
639090117614

fesponse

02

0.0

0.2
I

00

Figure 4

Table

log10-dose log10-dose

\.3 — Probit model fitted to mortality data on day 1 (left panel), and fittéd to both day 1 ang
day 2 simultaneously

IA.4 — Results of fitting the probit model separately or simultaneously to day 1 and day 2
Day 1 Day 2 Log-lik Number of
ECsy, | EC,, | ECy | ECyq peas’taix::;s
Separate analysis 20,40 6,02 5,64 189 |-94,91(ns.) 4
Simultaneous analysis 20,25 6,39 5,64 1,78 -94,75 3

The highe
simultaneg

The gain o

First,
orinci

Secon

One of the,

However,
reason is {
may not b¢

r log-likelihood for the two separate analyses is not significantly higher than that for
us analysis.

f a simultaneous analysis is twofold.

bne may expect that the estimated values of the EC, are less likely to be biased (e.g. due to outli
dental systematic errors in-the data), simply because they are based on more data points.

expected consequences is that the confidence intervals are smaller.

he analysis as now being discussed is not completely sound from a statistical point of view. 1
hat the-data points for day 1 and day 2 are not independent, and therefore the confidence intery
p completely reliable. Nonetheless, they have been assessed for the EC5y and EC, at day 2 (3

d, the data are described by less parameters, which complies with the parsimony principle (3.25).

the

ers

he
als
see

st

Table A.5)

They are wider than those obtained from a separate analysis of day 2, which is agai

expectation, since a fewer number of parameters was estimated in this analysis.

The reason is that in this particular case, the data at day 1 appear to show more noise than the data at day 2.
Therefore, the noise is increased by including day 1 in the analysis, compared to an analysis of day 2 only. As
long as there is no clear reason why the noise at day 1 may be larger than at day 2, it is hard to say if the
noise for day 2 is in fact smaller, or only apparent or incidental. Thus, the increase in noise by including day 1

might be a

124

more realistic reflection of the overall noise in the data.
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Table A.5 — EC5, and EC, at day 2, with 90 % confidence intervals, assessed by a simultaneous

analysis of both days (see right panel of Figure A.3)

Model EC;, at day 2 EC,, at day 2
MLE 90 %-Cl ab MLE 90 %-Cl
Probit 5,64 4,50 to 7,01 1,78 1,32 t0 2,39

a It should be noted that these confidence intervals may not be completely
reliable, due to dependencies in the data between day 1 and day 2.

Lat. l
cTrceTrervar:

Th

b dependencies in the data between day 1 and day 2 may be avoided by doing a simultapeous analysis the

other way around. The mortality data may be regarded as a function of time for each dose.group, while one of

theg

parameters in the survival function is a function of dose. For instance, assuming a Weib

Ul survival

function, it might be assumed that the median survival time is some function of dosée» Another approach is to

asy

ume a dose-response analysis for the hazard function (see, for example, the next.subclause).

.4 Example of data analysis using DEBtox (biological methods)

A.4.1 Parameters and asymptotic standard deviations (ASD)

(Fq

r a definition of all parameters, see Annex F.)

Survival, Hazard model ASD Correlation coefficients
Blank mortality rate 1le-010 dt 0.000

No-effect concentration-time 1473 mgl! d 0.344 0.000

Killing acceleration 0.07524 |1 mg*.d2 0.010 0.000 0.359
Deviance 23.29

A.4.2 Graphical test of

0.8

0.6

Figure A.4 — DEBtox example: Parameters and asymptotic standard deviations (ASD)

modelpredictions against data

Concentration profile: Survival, Hazard model, unknown
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T
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Figure A.5 — Graphical test of model predictions against data
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Table A.6 — LC, values (derived from parameter values) in milligrams/litre

Day LC, ASD LCx, ASD
1 1,48 0,344 21,1 2,26
2 0,738 0,172 5,94 0,574

A.4.3 Comments

Slow kinetics appeared to fit the data best, which means that the elimination rate was too small to be
estimated reliably. This means that the model loses this parameter. The conseguence is that only the Killing

accelerati
rate itself.

be estima
confidence

The backg
parameter

126

n (which is the product of the killing rate and the elimination rate) can be estimated, not the killing
imilarly the ratio of the NEC and the elimination rate, called the no effect concentration timé, could
d, rather than the NEC itself; the bioassay did not last long enough for this compoundsThe 98 %
interval for the NEC can still be estimated.

round mortality rate was found to be nil. Notice that, excluding this parameter;‘a total of {wo
5 have been fitted on 18 data points.
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Analysis of an “algae growth inhibition” data set using
the three presented approaches

Annex B
(informative)

ISO/TS 20281:2006(E)

B.1 General
The following data set has been used. The aim of the presented analysis is to show the methodology that can
belapplied to these kinds of data.
Table B.1 — Data set on Selenastrum capricornutum
Concentration | Day 0 Day 0 Day 0 Day 1 Day 1 Day 1 Day 2 Day 2 Day 2
0 1,767 1,777 1,775 7,889 7,921 7,901 46,46 46,32 16,28
0 1,748 1,762 1,76 8,179 8,178 8/188 44,35 44,31 14,27
0 1,762 1,762 1,758 7,99 7,989 8,001 41,99 41,79 11,84
0 1,784 1,796 1,794 8,322 8,335 8,328 43,2 43,2 13,29
0 1,79 1,789 1,785 8,323 8,343 8,353 46,21 46,16 15,91
0 1,84 1,846 1,85 7,977 7,979 7,981 40,63 40,73 10,75
‘ 0,01 1,738 1,741 1,747 8,229 8,23 8,25 40,4 40,27 10,22
0,01 1,989 1,955 1,959 8,376 8,372 8,38 41,97 42,03 12,03
‘ 0,02 1,892 1,89 1,892 7,662 7,666 7,653 39,82 39,75 39,79
0,02 1,785 1,789 1,783 7,765 7,773 7,775 38,78 38,84 38,79
‘ 0,03 1,779 1,773 1,78 7,737 7,733 7,748 34,79 34,82 34,84
0,03 1,759 1,758 1,763 8,035 8,045 8,039 31,2 31,16 31,23
0,06 1,776 1,775 1,775 7,122 7,129 7,136 25,92 2591 5,96
0,06 15754 1,751 1,76 6,775 6,776 6,785 22,42 22,5 22,5
0,1 1,774 1,776 1,77 4,947 4,937 4,941 14,83 14,89 14,83
0,1 1,71 1,716 1,722 5,162 5,165 5,17 13,76 13,71 3,69
0,2 1,746 1,741 1,741 3,593 3,59 3,593 6,389 6,391 5,394
0,2 1,736 1,738 1,739 3,554 3,547 3,555 6,108 6,11 5,127
0,3 1,828 1,822 1,827 2,92 2,925 2,92 3,731 3,708 3,714
0,3 1,688 1,681 1,688 3,157 3,147 3,151 3,13 3,124 3,122
0,6 1,72 1,722 1,72 2,109 2,117 2,122 2,125 2,122 2,099
0,6 1,733 1,735 1,731 2,03 2,04 2,038 2,053 2,066 2,057

According to the July 2002, Draft Revised TG 201 [300] growth rate can be determined from cell count,
biomass, or fluorescence values. That guideline refers to Mayer P., Cuhel R. and Nyholm N. (1997), a simple
in vitro fluorescence method for biomass measurements in algal growth inhibition tests, Water Research 31:

pp. 2 525-2 531 on the use of fluorescence values for this purpose.
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Indeed, any of these three measures of mass (cell count, biomass, or fluorescence) can be used to obtain
very similar (but not necessarily identical) measures of growth rate on each replicate by fitting the model

using time, ¢, in hours, and y, the observed measure of mass. The estimate slope, b, from this fit is the sample
growth rate for a given replicate. The simplest procedure is to linearize the problem by working with logarithms
to obtain the model

log(y) =4 + b*t,

where 4 =[og(a).

In what follows, natural logarithms were used, but this choice does not affect the slope or growth-rate’estimate.
These groyth rate values can then be analysed by hypothesis testing or regression methods.

B.2 Examples of data analysis using hypothesis testing (NOEC determination)
B.2.1 Example 2a — Atrazine example: Fluorescence at Day 2

B.2.1.1 NOEC determination Atrazine by two methods

In Examplé 2a, the total biomass (or its surrogate, fluorescence) iscanalysed. In Example 2b, growth rate¢ is
analysed. INOEC is 0,01 mg/l by both tests. Both Dunnett’s test'and the step-down application of the
Jonckheerp test are illustrated, according to the chart in Figures #.and 5 of 5.1.

B.2.1.2 $tatistical analysis list file — Ecotoxicity measurements from data set Atrazine

STATISTICAL ANALYSIS LIST FILE
ECOTOX MEASUREMENTS FROM”DATASET ATRAZINE
GROUP STATISTICS FOR Average 2 BY DOSE

dose | doseval COUNT  MEAN MEDIAN STD DEV  STD ERR
1 0 6 4335278 43.5373 2.26521 0.92477
2 0.01 2 4049206 40.9206 1.21151 0.85667
3 0.02 2 39.0623 39.0623 0.69532 0.49167
4 0.03 2 32.7739 32.7739 2.55973 1.81000
5 0.06 2 23.9689 23.9689 2.44423 1.72833
6 0.1 2 14.0523 14.0523 0.79903 0.56500
7 0.2 2 6.0204 6.0204 0.19540 0.13817
8 0.3 2 3.1888 3.1888 0.41884 0.29617
9 (ANS 2 1.8543 1.8543 0.04007 0.02833

B.2.1.3 thapiro-WiIk test of normality of average 2
SHAPIRO-WILK TEST OF NORMALITY OF Average 2

STD SKEW KURT SW_STAT P _VALUE SIGNIF

1.39706 -0.099030 0.10954 0.97324 0.78479

The Shapiro-Wilk test was done on the residuals from a simple 1-factor ANOVA with concentration as sole
factor. The Shapiro-Wilk test does not indicate a problem with the normality assumption. The Tukey outlier
rule is used to identify observations that may be of special interest. Outliers can have an impact on the results,
as well as on the assessment of normality and variance homogeneity. A possibly valuable use of these
outliers would be to re-run the analysis with outliers omitted to determine whether the NOEC is affected by
these outliers. If it is, then caution should be followed in using the results. It is important to understand that just
because an observation is identified as an outlier, that does not mean the observation is “bad” or that it should
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not be used. An observation should be excluded from analysis only for scientifically sound reasons and any
such exclusion shall be clearly stated along with its justification.

B.2.1.4 Outliers and influential observations

Outliers and Influential Observations

SELENASTRUM Dose Doseval Group OBSER Pred Resid
1 1 0 I 46.1206 43.5278 2.59278
5 1 0 I 45.8606 43.5278 2.33278
6 + ¥ T 404706 43527 8—3057
B.2.1.5 Levene test for average 2

Th
we

Th
0,0
reg

B.2

.21.6 Tamhane-Dunnett one-sided test for decrease in means in average 2

LEVENE TEST FOR Average 2 - FULL Model

Effect DF LEVENE P VALUE SIGNIF
DOSE 8 3.36022 0.025754 **x

b data was found to be normally distributed (the p-value for the SW test.was 0,784 79) but group
re unequal (the p-value for Levene’s test was 0,025 754). A Tamhane-Bunnett analysis is approp

Tamhane-Dunnett one-sided test for decredse in means in Average 2
Using MAXIMUM LIKELIHOOD estimates of va¥lation on ECOTOX values.

Hose MEAN STDERR degfree CONTRQL OBS DIFF crit SIGNIF

2 40.9206 0.85667 3.68718 4375278 -2.6072 5.3026

3 39.0623 0.49167 5.87792~,43.5278 -4.4656 3.5625 *
4 32.7739 1.81000 1.56884> 43.5278 -10.7539 13.7828

5 23.9689 1.72833 1.62U87 43.5278 -19.5589 13.2920 *
6 14.0523 0.56500 5(55760 43.5278 -29.4756 3.7643 *
7 6.0204 0.13817 . 5.21273 43.5278 -37.5074 3.3204 *
8 3.1888 0.29617A\5.77453 43.5278 -40.3391 3.3255 *
9 1.8543 0.02883 5.00937 43.5278 -41.6736 3.3279 *

s, the Tamhane-Dunnett test finds significant decreases in mean response at dose 3 =0,02 1
6 mg/l and above;but not at dose 4 = 0,03 mg/l. So, there is some departure from monotonicity
ponse. Whethef the NOEC should be set at 0,03 or at 0,01 from this test is a matter of scientific j

.1.7 Monotonicity check of average 2

MONOTONICITY CHECK OF Average 2 - FULL DATA

variances
riate.

ng/l and at
n the dose
udgement.

DOSES 0, 0.01, 0.02, 0.03, 0.06, 0.1, 0.2, 0.3, 0.6 mg/1l

PARM P T SIGNIF
DOSE TREND 0.00000 **x
DOSE QUAD 0.83911

This is a formal test for departure from monotonicity in the dose response. It is based on linear contrasts, as
described in 5.1.4. In this instance, there is evidence of a linear dose-response response (p-value for dose
trend < 0,000 01), so there is no reason, based on this test, to doubt the overall monotonicity of the dose
response. We accordingly proceed with the step-down Jonckheere-Terpstra test.
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In the results presented below,
— JONC is the value of the Jonckheere-Terpstra test statistics;
— P1DNCF is the p-value associated with this test statistic to test the hypothesis of a downward trend;

— P1UPCF s the test statistic for testing the significance of an upward trend and is a default printout of the
software used and is not utilized in the present analysis, i.e. the p-value for the upward trend;

— ZC is a standardized value of the JONC statistic, computed with tie correction;

— ZCCF is ZC, except that it is computed using a standard continuity correction factor.
The CF in peveral terms refers to the use of this continuity correction factor.

p-values afe for the tie-corrected test with the continuity correction factor.

SIGNIF RESULTS are for a decreasing alternative hypothesis.

Jonckhegre Trend Test on Dose 0 + Lowest 8 Doses through 0.6/mg/1

JONC zC ZCCF P1UPCF P1DNCF(SIGNIF
2 -5.837314 -5.8087 1 2.2331EX90 **

Jonckhedgre Trend Test on Dose 0 + Lowest 7 Doses thxough 0.3 mg/l

JONC zC ZCCF P1UPCF P1DNCF SIGNIF
2 -5.422661 -5.389596 12.4387E-8 **

Jonckhegre Trend Test on Dose 0 + Lowest 6Doses through 0.2 mg/l

JONC zC ZCCF P1UPCF PIDNCF SIGNIF
2 -4.972358 -4.933512°50.9999996 2.7045E-7 **

Jonckhedgre Trend Test on Dose 0 +4 Lowest 5 Doses through 0.1 mg/l

JONC zC ZCCF P1UPCF P1DNCF SIGNIF
2 -4.476028_r4.429398 0.9999953 3.0535E-6 **

Jonckhegre Trend Test «©11) Dose 0 + Lowest 4 Doses through 0.06 mg/1l

JONC zC ZCCF P1UPCF PIDNCF SIGNIF
25+3.917286 -3.859679 0.9999432 0.0000352 **

Jonckhegre Trend Test on Dose 0 + Lowest 3 Doses through 0.03 mg/1l

JONC zC ZCCF P1UPCF P1DNCF SIGNIF
2 —-3.207487 -3.193226 0.9992%65 0.0004163 **

Jonckheere Trend Test on Dose 0 + Lowest 2 Doses through 0.02 mg/1l

JONC zC ZCCF P1UPCF PIDNCF SIGNIF
2 -2.466679 -2.363901 0.9909582 0.0050929 **

Jonckheere Trend Test on Dose 0 + Lowest 1 Doses through 0,01 mg/1l

JONC zC ZCCF P1UPCF PIDNCF SIGNIF
2 -1.333333 -1.166667 0.8783275 0.0668072
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The Jonckheere-Terpstra test is significant at the 0,05 level at each step until the highest remaining
concentration used in evaluating that statistics is 0,01 mg/l. Accordingly, the NOEC is set at 0,01 mg/l. Group
means should be examined to check for lack-of-fit to a linear trend before trend test results are accepted. That
is, blind reliance on the formal test for monotonicity is not advised. Rather, an informed judgement should be
made based on all the available information. The same holds for assessing normality.

B.2.2 Example 2b — Atrazine example: Growth rate

B.2.2.1 NOEC determination Atrazine by two methods

In Ehis subclause, an NOEC is obtained for growth rate, both by Dunnett’'s test and by the |step-down
application of the Jonckheere-Terpstra test. For ease of reference, a table of growth rates obfaingd from the
fluprescence data is given below.
Cpnc REPLICATE G_Rate Conc REPLICATE G_Rate
0 A 0,07082 0,03 B 0,06269
0 B 0,07010 0,06 A 0,05860
0 C 0,06886 0,06 B 0,05587
0 D 0,06911 01 A 0,04688
0 E 0,07050 01 B 0,04599
0 F 0,06714 02 A 0,02929
0,01 A 0,06831 02 B 0,02840
0,01 B 0,06628 03 A 0,01631
0,02 A 0,06608 0,3 B 0,01435
0,02 B 0,06692 06 A 0,00490
0,03 A 0,06476 0,6 B 0,00409

The NOEC is 0,01 mg/l by the step-down Jonckhéere-Terpstra test, as well as by Dunnett’s test.

B.2.2.2 Statistical analysis list file — Ecotox measurements from data set ATRZ_GRATES

STAPTISTICAL ANALYSIS LIST FILE
ECOTOX WMEASUREMENTS FROM DATASET ATRZ GRATES
GROUP STATISTICS FOR Estimate BY DOSE

Hose Conc COUNT MEAN MEDIAN STD DEV STD ERR
1 0 6 0.069421 0.069604 .001355632 .000553435
2 0501 2 0.067294 0.067294 .001435844 .001015295
3 @.02 2 0.066500 0.066500 .000598875 .000423469
4 0.03 2 0.063729 0.063729 .001462545 .001034175
5 0.06 2 0.057236 0.057236 .001932705 .001366629
6 0.1 2 0.046432 0.046432 .000626564 .000443048
‘1 0.2 2 0.028843 0.028843 .000627415 .000443649
Q (\.'2 2 (\.(\ll-:'l’)'7 (\_(\1'—:’2’)'7 _(\(\1’2(}01'7() _(\(\(\OQ’)’)O'7
9 0.6 2 0.004497 0.004497 .000571829 .000404344

B.2.2.3 Shapiro-Wilk test of normality of estimate
SHAPIRO-WILK TEST OF NORMALITY OF Estimate

OBS STD SKEW KURT SW_STAT P VALUE SIGNIF
22 .000988660 -0.42123 -0.42443 0.94515 0.25242
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The Shapiro-Wilk test was done on the residuals from a simple 1-factor ANOVA with concentration as sole
factor. The non-significant p-value (p = 0,25242) for the Shapiro-Wilk test indicates no reason to reject the
normality assumption. The Tukey outlier rule identified no observations of special interest and hence, no
outliers are reported.

B.2.2.4 Levene test for estimate — Full model
LEVENE TEST FOR Estimate - FULL Model

Effect DF LEVENE P VALUE SIGNIF

i VaVak =] ] 204

Q o)
| PAw e R ) [*] T .00 100

Q

H

Q
[®]

The data was found to be consistent with a normal distribution, as shown by the Shapiro-Wilk test above, and
with equalvariances, as shown by the Levene test immediately above. An analysis of variance is perfermed.

Obs Class Levels
1 dose 9

Values
123456789

B.2.2.5 Overall F-tests for ANOVA

OVERALL F-TESTS FOR ANOVA

Num Den
Obs Effect DF DF FValue ProbF
1 dose 8 13 897 .85 <.0001

As discussed in Clause 5, no use is made of this result, though it does indicate that there is significant
variation ammong the treatment means. It is a default computer output. The reader shall be prepared to make
intelligent Yise of default output.

B.2.2.6 [Estimated dose effects and Dunnett for decreasing alternatives using Alpha = 0,05

ESTIMATED DOSE EFFECTS & .DUNNETT FOR Decreasing ALTERNATIVE
USING ALPHA=.0§f ;FOR COMPARISONS TO CONTROL

Dunnett Test

one-sided Group
Estimate SIGNIF p-value Mean N
DOSE TREND * X 0.00000
DOSE_‘QUAD *x 0.00000 . .
DOSE_/2-1 0.16679 0.067294 2
BOSE 3-1 * 0.04470 0.066500 2
DOSE 4-1 * K 0.00035 0.063729 2
DOSE 5-1 *x 0.00000 0.057236 2
DOSE 6-1 *x 0.00000 0.0406432 2
DOSE 7-1 * K 0.00000 0.028843 2
DOSFEF—8=1 (VR VAVAVAVA) 0015327
DOSE 9-1 *x 0.00000 0.004497 2

The significant Dose Trend result indicates that there is a significant linear trend in the dose response and no
reason, by this formal test, to question the monotonicity of the dose response. That there is also a significant
quadratic trend is generally an indication that the overall trend is not linear. It does not, in itself, indicate non-
monotonicity. The plots in the regression analysis of these data are instructive in this regard. An inspection of
the treatment means reveals that the means are indeed monotone.

The Jonckheere-Terpstra test does not require linearity, only monotonicity.

By Dunnett’s test, the NOEC is 0,01 mg/l, the lowest concentration.
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.2.7 Check for ties in estimate

Check for ties in Estimate

Percent of all data tied at 3 most frequently observed values
Since 5 < 25%, 9 < 40% and 14 < 65%

Exact methods (StatXact) are not required on this basis.

COUNT SUMWTS NMISS NOBS RESPONSE TIES TIEPCT
1 22 2 24 0.004093 1 5
22 2 24 0.004901 2 9
1 22 2 24 0.014345 3 14
B.2.2.8 Jonckheere-Terpstra test — Concentrations through groups 2, 3,4, 5, 6,7, 8'and 9

The small number of replicates per concentration, two (except in the control) suggests an exact J
Tefpstra test may be warranted. Certainly, such a test is not wrong. Below, both the exact and

(la

ge-sample) results are given. It is observed that they do not agree. The exactFesult is considere

angl is used to declare the NOEC to be 0,01 mg/l, the same as by Dunnett’s test for this example.
below, each Jonckheere-Terpstra test is significant down to the 0,02 mg/l_concentration. The re

fin
of

he test.
Concentrations through Group"9

Jonckheere-Terpstra Teskt

Statistic (JT) 13.5000
Z -5.8373
Asymptotic Test

One-sided Pr < 27 <.0001
Exact Test

One-sided Pr <= JT 8.691E-15

Concentrations through Group 8

Jonckheere-Terpstra Test

Statistic (JT) 13.0000
Z -5.4227
Agymptotic Test

@One-sided Pr < 27 <.0001
Exact Test

One-sided Pr <= JT 1.629E-12

Concentrations through Group 7

bnckheere-
asymptotic
d definitive
As is seen
sult for the

| test, where only the lowest concentration and control remain, differsin_the exact and asymptotjc versions

Jonckheere-Terpstra Test

Statistic (JT) 12.5000
Z -4.9724
Asymptotic Test

One-sided Pr < 27 <.0001
Exact Test

One-sided Pr <= JT 2.447E-10
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Concentrations through Group 6

Jonckheere-Terpstra Test

Statistic (JT) 12.0000
Z -4.4760
Asymptotic Test

One-sided Pr < 27 <.0001
Exact Test

One-sided Pr <= JT 2.863E-08

Concentrations through Group 5

Jonckheere-Terpstra Test

Statistic (JT) 11.5000
Z -3.9173
Asymptotic Test

One-sided Pr < 27 <.0001
Exact Test

One-sided Pr <= JT 2.511E-06

Concentrations through Group 4

Jonckheere-Terpstra Test

Statistic (JT) 1. 50000
Z =3.2675
Asymptotic Test

One-sided Pr < 27 0.0005
Exact Test

One-sided Pr <= JT 1.563E-04

Concentrations-~through Group 3

Jonckheere~Terpstra Test

Statistic AYT) 10.5000
Z -2.4667
Asymptotic Test

One-giged Pr < 27 0.0068
Exdcty Test

One-sided Pr <= JT 0.0063

Concentrations through Group 2

Jonckheere-Terpstra Test

St at 1 +tico LITY 0000
Z -1.6667
Asymptotic Test

One-sided Pr < 2 0.0478
Exact Test

One-sided Pr <= JT 0.0714
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B.3 Example of data analysis by dose-response modelling

B.3.1 Data set and approach
It is assumed that an EC, is required.

The data consist of observed biomass at three consecutive days, where exposure starts at th
(= day 0). Each flask is sampled at the three points in time, so the data are not independent in time.

e first day

One approach for dose-response analysis of this type of data is to fit a dose-response model to the biomass

obsgervations for day 1 and day 2 separately. In practice, the analysis of one day only is actually usg
thet results in the lowest EC,).

Anpther approach that does make use of all data available is to consider not the biomass.but the ¢
as |a function of concentration. From a statistical point of view, this approach is more gfficient (in u
dafa in a single analysis). Further, one may argue that changes in biomass result from\changes in g
so |that growth rate is a more relevant parameter from a biological point of view. Unfortunately, no

exists on this issue. This second approach is illustrated for the Atrazine data,set/this analysis is

disiussed in Clause 6).

B.B.2 Observations

Fidure B.1 shows the observed biomass (i.e. fluorescence) datayat days 0, 1 and 2, where nin
comcentrations (including zero) of Atrazine have been applied. An éxponential model,

y = a exp(bx), was fitted to the data,

d (the one

jrowth rate
5ing all the
rowth rate,
consensus
Blso briefly

e different

where
a denotes the initial biomass at day zero;‘and
b  the growth rate.
Giyen the experimental protocol, the.initial biomass cannot depend on the concentration, and th¢refore the

ameter «a in this growth model«can be assumed constant. The parameter b is estimated by allow
bendent on the concentration,\iie. for each concentration a particular value for b is estimated. T
1 parameters are estimated-from this dataset: one value for «, nine values for b, and one value
idual variance (the variance of the residuals23) on the log-scale).

.3.3 Analysis

B.3.3.1 Firststep

In

ing it to be
hus, a total
for var, the

the ,analysis underlying Figure B.1, the observations are assumed to be independent. Hd
cussed above, at each concentration various flasks were used, and each flask was sampled a
A R L Slotted in

dis

wever, as
the three
Figure B.1

This problem may be circumvented by estimating a growth rate for each individual flask. Since 22 flasks were
observed (6 in the control, and 2 in the other concentration groups), a total of 24 parameters is estimated in
such an analysis (including a and var). Figure B.2 shows the results of this analysis.

The log-likelihood has increased from 464,80 (see Figure B.1) to 483,86 (see Figure B.2). This increase of
19,06 log-likelihood units for a model with 24 - 11 = 13 more parameters is highly significant according to the

23) The residuals are the deviations of the individual data points from the fitted model.
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likelihood ratio test (twice the difference in log-likelihood is approximately Chi-squared distributed with
13 degrees of freedom; P ~ 0,000 3). Hence, it may be concluded that individual flasks differ from each other
by themselves.

y = a*exp(bx)

In- biomass

00 05 10 15 20
day
NOTE Biomass is plotted on the log-scale, resulting in linear growth curves. Biomass was assumed to|be

log-normally distributed, with homogenous variance on log-scale (i.ex*homogenous CV). Here, 11 parameters |are
estimated (ih a simultaneous fit).

Figure B.1 — Exponential growth model fitted to biomass, assuming a constant initial biomass (a), dnd
grgwth rate (b)) dependent on concentration (0;.0,01, 0,02, 0,03, 0,06, 0,1, 0,2, 0,3, 0,6 mg/l)

y.5 a*exp(bx)

version: 8.5
var- 11 0.00277
a-[1.78151
b-1 11 1.60151
b-2 D 1.59038
b-3 (1 1.5631
b-4 (1 1.58407
b-50 1.6
b-80 1.55141
b-7 [11.55373
b-8 0 1.57376
b-8 01 1.53415
b-10 0 1.527
o b-11 0 1.48283
7 b-12 0 1.44653
@ b-13 1) 1.34851
=3 b-14 0 1.28121
(<] b-15 () 1.05227
B b-16 [ 1.02947
] b-17 0 0.65124
£ b-18 5 0.63132
b-19 17 0.3932
b-20 © 0.33893
b-21 5 0.10311
b-22 [ 0.08454
loglik 0 483.86
conv : O
sfx: 1
selected :
fact2: repl

NOTE A total of 24 parameters are estimated (in a simultaneous fit). By comparing the log-likelihood (483,86) with
that obtained in Figure B.1 (loglik = 464,80), it may be concluded that a significantly better fit is obtained, implying that
flasks (at the same concentrations) are different with respect to growth rates.

Figure B.2 — Exponential growth model fitted to biomass, assuming a constant initial biomass (a),

and growth rate (») dependent on each individual flask (six for the control group,
and 2 for each nonzero concentration)
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B.3.3.2 Second step
As a second step in the analysis, the estimated growth rates are plotted against the concentration.

Figure B.3 shows the growth rates from Figure B.2, as a function of concentration, and a dose-response
model may be fitted to these data. Here, it is assumed that the growth rates are normally rather than log-
normally distributed (one of the reasons being that negative growth rates are possible). Figure B.3 shows the
results for the Hill model fitted to the growth rates. This model fits the data extremely well, while the resulting
curve is well confined by the data. Thus, estimation of an EC,, is fully warranted. It is no surprise that different
models give very similar results and very narrow confidence intervals (see Table B.2).

atrazine
y=d+a*x*c/(b+ x*c)
version: 8.5
var- (3 0.00047
aa 0 -1.70272
w | bb (1 0.06392
- cc 0 1.54687
dd 0 1.58429
loglik {2 73.28
conv: TRUE
sfx: 1
selected :
CES/10.1
CED, 0 0.0388
2 o |
E -
I
£
S
o
(=]
2}
©
T T T T T T
-3.0 2.5 2.0 -1.5 -1.0 -0.5
fog10- conc
NQTE The Hill model is fitted here to the'data. The data are plotted against log-concentration to improve Yisibility.

Figure B.3 — Estimated growth rates (from individual flasks, see Figure B.2) as a func
of the concentration of Atrazine

on

Table B.2 —Summary of results of dose-response analysis for growth rate

Model Log-lik EC,o 90 % CI
y=d+ax®(BS+ x°) 73,28 0,039 0,0355t00,0421p
y = a [c sfe-1)exp(-x/b)] 71,17 0,035 0,03221t0 0,038 6 P

@ ~-Based on 5 000 bootstrap runs.
b

Based on likelihood profile method.

B.3.4 Assumptions

B.3.4.1 General

To check the assumptions of normality and homogeneous variances, the regression residuals (i.e. the
deviations of the individual data points from the dose-response model) may be plotted in various ways, e.g.
the so-called QQ-plot. In a QQ-plot, the observed quantiles are plotted against the theoretical quantiles, e.g.
according to the normal distribution. When data are sampled from a normal distribution, this plot should
theoretically result in a straight line. It should be noticed that fitting a line to a QQ-plot is unsound (which is not
always recognized). One may draw the theoretical straight line in the plot, with intercept equal to the mean of
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the data points and with slope equal to the standard deviation of the data points. In the case of regression, the
data points are the regression residuals, which are corrected for the dose-response relationship.

In interpreting a QQ-plot, one should realize that, due to sampling errors, fluctuations around the line can
easily arise, especially in small data sets. In particular, a pattern resembling Aesculapius’ staff is not unusual,
even for data that are sampled from a normal distribution by the computer. Hence, QQ-plots should only lead
to the conclusion that the assumed distribution is inadequate when the data show a clear overall curvature. It
is always the general trend, not single data points that should be considered.

B.3.4.2 Biomass data

The biomass observations were assumed to be log-normally distributed, and therefore the model was fittéd|on
log-scale. Hence, the residuals on a log-scale should be normally distributed with zero mean. From“the |eft
panel of Figure B.4 it may be concluded that the assumption of log-normally distributed biomass is reasonaple.
In the right panel of Figure B.4 the regression residuals are plotted for the three days separately. This plot
reveals no|differences in scatter between days, and it may be concluded that the assumption-0fhomogenegus
variances {on log-scale) is reasonable as well.

For the sgke of illustration, the same plots are shown for the residuals resulting_from an analysis withput
transformgtion. The QQ-plot shows a much less linear relationship, while the scatter is clearly pot
homogenepus between days. Clearly, an analysis after logarithmic transformation is' more adequate.

dtype: 1 dtype: 1
y = a*exp(bx) y = a"exp(bx)

@

02
02

0.1
0.1
L

regr.resid

o ==
omr

@

00
L
= Do DI

regrresid

00

T  omooomo

0.1

T T T T T T T
-3 2 -1 o 1 2 3 -03 02 -0.1 0.0 0.1 02 03
Quantiles of Standard Normal log10- day

dtype:_1 dtype: 1
y = a"exp(bx) y = a*exp(bx)

o)

05
05
oma

regr resid

00
regr.resid

00
0 o=

olc @@ s @ T o

05
05
L

8

3 2 - [ 1 2 3 03 02 £1 00 01 02 03
Quantites of Standard Normat log10- day

NOTE The QQ-plots (left panels) show that the data comply with the assumption of log-normality, but less so with
normality. The variances appear to be homogeneous for the analysis on log-scale (upper right panel), with some outliers
at day 1 (middle group). The same three outliers are visible in the QQ-plot (upper left panel). The analysis without
transformation [lower right panel] results in a large scatter in the residuals at day 1 (middle group), and the assumption of
homogeneous variances is clearly violated.

Figure B.4 — Regression residuals from analysis on log-scale (upper panels) and from analysis
without transformation (lower panels)
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B.3.4.3 Growth rates

The growth rates were analysed without transformation, i.e. they were assumed to be normally distributed
themselves, with homogeneous variance among concentration groups. As Figure B.5 shows, both
assumptions appear reasonable.

y= d+adty£"c/(b"c+x"c) y=d+aqt¥3§:/ (1b"c+x"c)
¢ 2 o
5 .
R N .
B g o o ° o
g g e °
< e °
3 2
-2 -‘1 (; ; '«: -2‘0 -;,5 -1‘.0 -0'.5
Quantiles of Standard Normal log10= conc:
a) QQ-plot for regression residuals for b) Regression residuals plotted aga:rlst
growth rates, confirming the assumption (log-)concentration, confirming th
of normality assumption.of homogeneous varianges
Figure B.5 — Growth rate plots
B.3.5 Dependencies due to individual flasks
The dose-response analysis discussed here was based on-the growth rates derived for the individual flasks.
As| already discussed in Clause 6, an analysis that\is based on an estimated growth ratg for each
comcentration group (as in Figure B.1) results in virtually the same estimate for the EC, and for its ponfidence
int%rval. Yet, the first analysis (separate growth rate*estimate for each flask) is favourable, as it may give the
infprmation that a particular flask might be an -autlier. Further, it may give information on weaknegses in the
study protocol, for instance when replicate \flasks in the same concentration group deviate from the general
doge-response pattern. Such would indicdate that the experimental protocol could be improved by better
rarjJdomization. In this way, the test could:be made more effective.

B.{

Fig
gra

A Examples of data analysis using DEBtox (biological methods)

1.1 Data

wth of Selenastrum capricornutum in cells per millilitre (cells/ml).

ure B.6 shows{he“data set used to analyse the effects of Atrazine in micrograms per litre (4g/l) on the

600 600
1 7 IM 01009 77463 awas ‘.1433 7 7 1 7.8069 6 6.9 3 3 Z 2.91 1{8833 1:8033
2 46.1206 440773 um 429973 458506 404706 40.0839 41.7773 39.5539 38,5706 34.5839 30.9639 25.6973 22.2406 146173 13.4073 6.1586 5.8823 34849 2.8926 1[8826 1.8259
Figure B:6 — DEBtox example: Data for effects of Atrazine in micrograms per litre on the growth of
Selenastrum capricornutum in cells per millilitre
Figure B.7 shows the parameter estimates and Asymptotic Standard Deviations (ASD).
Population growth, Growth model ASD Correlation coefficients
Inoculum size 1.446 -cells mit 0.099
Population growth rate 1.695 ht 0.035 -0.991
No-effect concentration 15.61 ug It 1.160 0.106 -0.161
Tolerance concentration 176.6 ugl! 10.834  -0.570 0.559 -0.489
Mean deviation 1.13 .cells mit
Figure B.7 — DEBtox example: Parameter estimates and asymptotic standard deviations (ASD)
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B.4.2 Graphical test

Figures B.8 and B.9 show graphical tests of model predictions against data (the different curves correspond to
the different concentrations).

Time profile: Population growth, Growth model, CAS 1912-24-9

50

E
2
8
1
Time [hour]
Figure B.8 — DEBtox example: Time profile
(Population growth, growth modelZCAS 1912-24-9)
Concentration profile: Population growth, Growth model, CAS 1912-24-9
50 [ T T T i T T o
4525 _
Y
404 .
35| .
- 30r .
E
w Br T
8 2 4
15 .
10
5
e Q Q bl } 1
0 100 200 300 400 500 600

Concentration [microgram/liter]

Figure B.9 — DEBtox example: Concentration profile
(Population growth, growth model, CAS 1912-24-9)

140 © 1SO 2006 — Al rights reserved


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

B.4.3 Profile likelihood for NEC estimate

ISO/TS 20281:2006(E)

First select the confidence level of your choice in the left panel (see Figure B.10), then read the In likelihood.
The concentrations in the right panel for which the In likelihoods are below this level comprise the confidence

set of the NEC.

Popukagion growth, Growth model, CAS 1912-24-9 Profile likelihood

4\

T T T T 4-5

In likelihood

0 1

0.5

1 08 06 04
Confidence level

0.2 B 14

¢

516 17
Concentration [ug I ]

Figure B.10 — DEBtox example: Rrofile likelihood for NEC estimate
(Population growth, growth model, CAS 1912-24-9)

Table B.3 — EC, values

Day:|" EC, | ASD | ECg, | ASD
1 156 | 1,16 139 | 575
2 156 | 1,16 61 2,03

Comments

The model for effects ‘en’the growth rate fits quite acceptably, but those for effects on adaptation and hazard
fitted slightly betterwith similar NEC values (see Table B.4). The effects on growth have been selected here to
improve the compadrability with the concentration-response method. The 99 % confidence intervgals for the
NHC values, in micrograms per litre (ug/l) for the three models are:

Table B.4 — 99 % confidence intervals for the NEC values for the three models

Model 99 % Confidence intervals
Hazard 5,89 14,4
Adaptation 4,46 9,59
Growth 13,2 17,4

These values are obtained by selecting the different models in the DEBtox software, and using its routine for
computation of the confidence interval of the NEC.

© 1SO 2006 — All rights reserved

141


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

ISO/TS 20281:2006(E)

(informative)

Annex C

Analysis of an “Daphnia magna reproduction” data set (OECD GL 211 -
ISO 10706) using the three presented approaches

Table C[T— Data set on Daphnia magna — Data for the cumulative number of offspring per femal¢
as affected by an unknown compound
Concefptration Day Number of live young produced
mg/l Rep A Rep B Rep C Rep D Rep E Rep F Rep G

( 7 0 0 0 0 0 0 0
10 13 4 12 0 8 7 6

( 12 2 14 0 0 0 0 0
( 14 13 0 14 14 13 14 34
17 25 27 31 19 32 24 38

19 34 34 40 24 40 18 38

21 0 0 0 0 0 0 0

0,014 7 0 0 0 0 0 0 0
0,014 10 8 6 12 5 8 12 7
,014 12 2 0 0 0 2 0 0
,014 14 20 16 23 14 14 20 15
,014 17 27 24 26 27 25 32 32
0,014 19 34 27 a1 33 24 35 35
0,014 21 0 0 0 0 0 0 0
,050 7 0 0 0 0 0 0 0
,050 10 10 12 11 10 1 0 0
0,050 12 0 0 0 0 18 2 0
0,050 14 12 21 22 17 0 3 11
0,050 17 26 36 26 30 8 21 0
,050 19 37 29 28 7 33 0 18
,050 21 0 0 0 20 0 19 18
0,18 7 0 0 0 0 0 0 0
0,18 10 9 7 9 7 7 0 12
0,18 12 21 16 0 3 0 — 0
,18 14 0 0 17 9 17 — 18
,18 17 27 24 23 20 23 — 23
0,18 19 34 37 28 21 0 — 33
0,18 21 0 0 0 0 23 — 0
0,64 7 0 0 0 0 0 0 0
0,64 10 5 7 7 7 0 0 6
0,64 12 0 0 21 16 9 8 17
0,64 14 7 11 0 0 17 11 0
0,64 17 28 24 25 20 25 26 17
0,64 19 0 16 32 30 0 0 31
0,64 21 22 0 0 0 30 25 0
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Concentration Day Number of live young produced
mg/| Rep A Rep B Rep C Rep D Rep E Rep F Rep G
2,3 7 0 0 0 0 0 0 0
2,3 10 0 0 4 0 12 7 0
23 12 — 0 0 4 0 0 0
2,3 14 — 11 16 15 19 13 19
2,3 17 — 16 27 21 28 18 27
2,3 19 — 12 0 0 26 0 30
2,3 21 — 0 20 13 0 26 0
8,0 7 0 0 0 0 0 0 0
8,0 10 0 0 0 0 0 0 0
8,0 12 0 0 0 0 0 0 0
8,0 14 0 0 0 0 0 0 0
8,0 17 0 0 — 0 =~ — —
8,0 19 0 — — — — — —
8,0 21 0 — — — — — —

C.
ex

C.1
Sin
val

Th
ad

posure

A1

NOEC determination by two methods

of {he dose response, there is little point in doing so.

C.1

do

ECQTOX MEASUREMENTS FROM DATASET ADAP REPRO

STATISTICAL ANALYSIS LIST FILE

GROUP STATISTICS FOR TLY14 BY DOSE

.1 Examples of data analysis using hypothesis testing (NOEC determination)

1.1 Example 3a — Daphnia chronic reproduction data: Total live young after 14 d3

e NOEC exceeds 2,35 mg/l by both methods, the highest concentration for which there was
IIt. While it is possible to fit a regression model to these data, given the non-monotone and sha

1.2 Statistical analysis(list file — Ecotoxicity measurements from data set ADAP_REPRO

ys

ce TLY14 is count data, a square-root transform is used. Not reported is an analysis of untjansformed
Lies that yielded the same conclusions.

b surviving
low nature

~N o U w N

C.1.1.3 Shapiro-Wilk test of normality

STD

0.75316

SHAPIRO-WILK TEST OF NORMALITY OF SQRT (TLY14)

SKEW
-0.43909

© 1SO 2006 — All rights reserved

0.

KURT
94111

SW_STAT
0.97340

P VALUE
0.45806

se dosevdl COUNT MEAN MEDIAN STD DEV STD_ERR
0 7 24.0000 21.0 8.4656 3.19970
0.015 7 26.2857 24.0 6.0198 2.27527
0.053 7 21.4286 22.0 10.6748 4.03471
0.19 6 25.3333 25.0 4.27740 1.74483
0.67 7 21.2857 23.0 5.4072 2.04374
2.35 6 20.0000 19.5 6.3875 2.60768
8.23 0

SIGNIF
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The Shapiro-Wilk test was done on the residuals from a simple 1-factor ANOVA with concentration as sole
factor. The Shapiro-Wilk test does not indicate a problem with the normality assumption. The Tukey outlier
rule is used to identify observations that may be of special interest. Outliers can have an impact on the results,
as well as on the assessment of normality and variance homogeneity. A possibly valuable use of these
outliers would be to re-run the analysis with outliers omitted to determine whether the NOEC is affected by
these outliers. If it is, then caution should be followed in using the results. It is important to understand that just
because an observation is identified as an outlier, that does not mean the observation is “bad” or that it should
not be used. An observation should be excluded from analysis only for scientifically sound reasons and any

such exclu

C.1.1.4 OQutHersandinfluential-observations

DAPHNIA
20
SE_PREL

0.30488

C1.1.5 |

The data W
p-value = (

C.1.1.6 (

The overa

sion shall be clearly stated along with its justification.

Outliers and Influential Observations
SQRT (TLY14) FROM FULL DATA

dose doseval group OBSER Pred
3 0.053 III 2.23607 4.46961
LO5M U95M Resid LB UB
3.85002 5.08920 -2.23354 -1.61856 I.70612
Levene test for SQRT(TLY14) — Full model
LEVENE TEST FOR SQRT (TLY14) - FULL Model
Effect DF LEVENE P VALUE SIGNIF
DOSE 5 1.20201 0432914

as found to be normally distributed (Shapiro-Wilk p-value = 0,458 06) with equal variances (Leve
,329 14). An analysis of variance is performed.
Obs Class Tevels Values
1 dose 6 123456

Dverall F-tests for ANOVA

OVERALL F-TESTS FOR ANOVA

Num Den
Effect DF DF FValue ProbF
dose 5 34 0.84 0.5330

| ANOVA F-test is not significant. However, this does not affect the remainder of the analysis.

discussed

ne

As

in-Clause 5, a significant or_non-significant F-test should not be used as a decision rule for

the

multiple comparisons of step-down Jonckheere-Terpstra test. The F-test can be affected by significant
differences among treatments of no interest to toxicology or by the necessity to control for a large number of
possible differences of no interest to toxicology.

144
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C.1.1.7 Estimated dose effects and Dunnett for decreasing Alternative using Alpha = 0,05
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ESTIMATED DOSE EFFECTS and DUNNETT FOR Decreasing ALTERNATIVE
USING ALPHA=.05 FOR COMPARISONS TO CONTROL

1:2006(E)

Dunnett Test

one-sided Group
Estimate SIGNIF p-value Mean N
DOSE TREND 0.24959
DOSE QUAD 0.65360 . .
DOSE 2-1 Q.95623 5.00841 7
DOSE 3-1 0.49052 4.46901 7
DOSE 4-1 0.92891 5.01786 6
DOSE 5-1 0.60723 4.57826 7
DOSE 6-1 0.45937 4.42441 6

b Dose Trend and Dose Quad are formal tests for departure from monotonicity in ‘the dose resp
based on linear contrasts, as described in 5.1.4. In this instance, the test for.linear dose resp
hificant but neither is the test for departure from linearity (Dose Quad), sO\there is no reason

he results presented below,
JONC is the value of the Jonckheere-Terpstra test statistics;

P1DNCEF is the p-value associated with this test statistic to test the hypothesis of a downward {

software used and is not utilized in the present analysis, i.e. the p-value for the upwa
ZC is a standardized value of ther JONC statistic, computed with tie correction;
ZCCF is ZC, except that it is computed using a standard continuity correction factor.
e CF in several terms refers to the use of this continuity correction factor.
alues are for the tie-carrected test with the continuity correction factor.

ENIF RESULTS-are’for a decreasing alternative hypothesis.

hckheede )Trend Test on Dose 0 + Lowest 5 Doses through 2.35 mg/l
hlysds, of TLY14

JONC zC ZCCF P1UPCF PIDNCF SIGNIF

bnse. They
bnse is not
based on

se tests, not to go on with the step-down Jonckheere-Terpstra test. However, an inspecfion of the
btment means does indicate some non-monotonicity in the dose response. Thus, some caution| should be
uséd in interpreting the results of the Jonckheere-Terpstra test presented below.

rend;

P1UPCEF is the test statistic for testing the sighificance of an upward trend and is a default printout of the

d trend;

281.5 -1.223426 -1.211548 0.8871572 0.1083588

Since the Jonckheere-Terpstra test with all concentrations present is not significant, no further testing is
required. Jonckheere test results are included in the summary table. Group means should be examined to
check for lack-of-fit to a linear trend before trend test results are accepted.

It is observed that neither Dunnett's test nor the Jonckheere-Terpstra test found a significant effect at any
concentration at 14 days.
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C.1.2 Example 3b — Daphnia chronic reproduction data: Total live young (TLY)
after 21 days exposure

C.1.2.1 NOEC determination by two methods

Since TLY21 is count data, a square-root transform is used. Not reported is an analysis of untransformed
values that yielded the same conclusions.

The NOEC by Dunnett’s test exceeds 2,35 mg/l, the highest tested concentration for which at least one adult
daphnia survived. The NOEC by the Jonckheere-Terpstra test is 0,19 mgl/l.

C.1.2.2 [Ecotoxicity measurements from data set ADAP_REPRO — Group statistics for TLY21 by dosle

ECOTOX MEASUREMENTS FROM DATASET ADAP REPRO
GROUP STATISTICS FOR TLY21 BY DOSE

dose dodgeval COUNT MEAN MEDIAN STD DEV STD ERR
1 0 7 84.5714 87.0 20.3130 7.64760
2 0.015 7 86.5714 89.0 11.8583 4.48201
3 0.053 7 72.2857 84.0 21.2581 8.03479
4 0.19 6 78.0000 80.5 11.4717 4.68330
5 0.67 7 71.4286 71.0 9.5748 3.61779
6 2.35 6 64.0000 65.5 16.3%07 6.68331
7 8.23 0

C.1.2.3 $hapiro-Wilk test of normality

SHAPIRO-WILK TEST OF NORMALITIY OF SQRT (TLY21)
AQUATIC DAPHNIA:(FULL DATA

STD SKEW KURT SW_STAT P _VALUE SIGNIF
0.87309 -0.34552 -0.55535 0.96350 0.22028

The Shapifo-Wilk test was done on the-residuals from a simple 1-factor ANOVA with concentration as the sple
factor. Thg Shapiro-Wilk test does not-indicate a problem with the normality assumption. The Tukey ouflier
rule was lised to identify observations that may be of special interest. For these data, no outliers wgre
identified.

C.1.2.4 Llevene test

LEVENE TEST FOR SQRT (TLY21) - FULL Model
ANALYSIS OF VARIANCE ON FULL DATA SET

Effect DF LEVENE P VALUE SIGNIF
DOSE S 0= 91555 0~ 2482069

The data was found to be consistent with a normal distribution with equal variances. An analysis of variance is
performed.

Obs Class Levels Values
1 dose 6 123456
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C.1.2.5 Overall F-tests for ANOVA

OVERALL F-TESTS FOR ANOVA

Num Den
Effect DF DF FValue ProbF
dose 5 34 1.90 0.1199

The overall ANOVA F-test is not significant. However, this does not affect the remainder of the analysis. As
discussed in Clause 5, a significant or non-significant F-test should not be used as a decision rule for the

m
dif
po

C.1

Th
arq
sig
tes
on
do

rences among treatments of no interest to toxicology or by the necessity to control for a large
ssible differences of no interest to toxicology.

.2.6 Estimated dose effects and Dunnett for decreasing alternative using alpha.= 0,05

ESTIMATED DOSE EFFECTS and DUNNETT FOR Decreasing ALTERNATIVE
USING ALPHA =.05 FOR COMPARISONS TO CONTROL

Dunnett Test

one-sided Group
Estimate SIGNIF p-value Mean N
DOSE TREND * 0.01150
DOSE QUAD 0.71556 \ .
DOSE 2-1 0.91014 9.28556 7
DOSE 3-1 0.24321 8.41734 7
DOSE 4-1 0.59511 8.81095 6
DOSE 5-1 0.25588 8.43515 7
DOSE 6-1 0.05306 7.94130 6

e Dose Trend and Dose Quad are formal tests for departure from monotonicity in the dose resp

based on linear contrasts, as described.in 5.1.4. In this instance, the test for linear dose r
hificant but not the test for departure from linearity (Dose Quad), so there is no reason, base
ts, not to go on with the step-down.Janckheere-Terpstra test. As discussed in 5.3, the only condi
these formal tests, to question the-duse of the Jonckheere-Terpstra test would be a non-signific
be trend and a significant testifor dose quad. In addition, an inspection of the treatment mea

solne non-monotonicity in the dose response, but the overall downward trend is quite evident.

In {

he results presented helow,
JONC is the‘value of the Jonckheere-Terpstra test statistics;

P1DNCEF ss.the p-value associated with this test statistic to test the hypothesis of a downward {

software used and is not utilized in the present analysis, i.e. the p-value for the upwa

significant
number of

bnse. They
bsponse is
H on these
ion, based
ant test for
s indicate

rend;

P1UPCF is the test statistic for testing the significance of an upward trend and is a default printout of the

d trend;

ZC is a standardized value of the JONC statistic, computed with tie correction;

ZCCF is ZC, except that it is computed using a standard continuity correction factor.

The CF in several terms refers to the use of this continuity correction factor.

p-values are for the tie-corrected test with the continuity correction factor.

SIGNIF RESULTS are for a decreasing alternative hypothesis.
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Jonckheere Trend Test on Dose 0 + Lowest 5 Doses through 2.35 mg/1l

JONC zC ZCCF P1UPCF PIDNCF SIGNIF
216.5 -2.761099 -2.749249 0.9970134 0.0027775 **

Jonckheere Trend Test on Dose 0 + Lowest 4 Doses through 0.67 mg/1l

JONC ZzC ZCCF P1UPCF P1DNCF SIGNIF
163.5 -2.050218 -2.035031 0.9790761 0.0194424 ~*

Jonckheere Trend Test on Dose 0 + Towest 3 Doses through 0,19 mg/l

Since the
further test
concentrat

The Jonck|
for lack-of

C.2 Exa

C.2.1 Da

Total num
rate of nun
subclause
analysed b

Since the
thereafter,
the respor
indeed inc
the first tw
and from t
data to be
statistical f

JONC zC ZCCF P1UPCF PIDNCF SIGNIF
107.5 -1.255247 -1.233604 0.8913248 0.1008208

Jonckheere-Terpstra test is not significant with all concentrations above 0,19 mg#H omitted,

on.

fit to a linear trend before trend test results are accepted.

mple of data analysis by dose-response modelling

phnia reproduction test: number of young
per of life young are reported at various points in time after exposure, showing a clear increasq

First, however, it is illustrated how the numiber of young for a particular time period may
y dose-response modelling

production of young only starts aftef,;a number of days, with an increasing rate in the per
the total count over the first two weeks, or that over the third week may, for example, be chosen|

reased with age. This figure @also illustrates that the dose-response relationship of the counts o
D weeks is similar to that over the third week. Although in this way the data from the first two we
he third week are used.together in a single analysis, the problem is that the analysis assumes
independent, which-they are not (see Figure C.2). Therefore, the analysis of Figure C.1 is fron
oint of view not validyin particular the confidence interval may not be reliable.

no

ing is required and the NOEC is 0,19. It is observed that Dunnett’s test found no-significance at any

heere test results are included in the summary table. Group means shauld be examined to che¢ck

in

nber of young produced with time. This informatien‘in time may be used, as shown at the end of this

be

iod
as

se variable for dose-responsge ‘analysis. As Figure C.1 illustrates, the production of young has

ver
pks
the
n a
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daphnia_repro
model 2 in terms of CED

varsion: 01
var-  0.08
° a-15_21 54.71408

conv: TRUE
sfx: 1
selected : days 15_211_14

fact1: days
L-5 0.6483
L95 3.9717

nr.young

-2.5 -2.0 -1.5 -1.0 -0.5 0.0
log10- conc

Figure C.1 — Number of life young as a function of concentration (on’log-scale to improve Visibility),
counted over the first two weeks (triangles) and over:the third week (circles)

CHD = EC4y. Model 2: y = a exp(bx). This model was reparameterized by substituting the parameter 5 by the
EQyo- In this way, the confidence interval for the EC,, (L-5 t0.L-95) can be estimated by the likelihnood profile
mgthod. Note that the confidence interval in this analysis may-not be reliable, due to violation of ind¢pendence

of {he data (see Figure C.2).

daphnia_repro

TLY (day 1521)

10 20 30 40
TLY (day 1-14)

Figure C.2 — Total live young (TLY) in third week plotted against TLY in first
two weeks, showing the correlations between these counts

The obvious way to avoid the problem of dependent data in the analysis of Figure C.1 is to perform the
analysis on the counts over the third week only. Another argument for this selection is that it may be assumed
that at this time the reproduction rate has reached a more or less stable level, whereas the counts over the
first two-weeks period includes the starting-up of the reproduction (leading to more variation and problems of
interpretation). According to the recommendation of Clause 6, various models are fitted to the counts over

week three.
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First the nested non-linear model proposed by Slob (2002) is fitted. This results in the following log-likelihoods:

Model 1 y=a loglik =4,19
Model 2 vy = a exp(x/b) loglik = 8,26
Model 3  y=a exp(x(x/b)9) loglik = 8,26
Model 4 y=alc—(c—1)exp(-xb)] loglik = 8,26

Model 1 y=a loglik = 4,19
Model 2 y=a+bx loglik = 8,20
Model 3 y:a+bx+cx2 loglik = 8,50

Here, ModEl 2 (straight line) is not significantly improved by higher-order polynomials, and this model may
selected frpm this family of models.

Finally, th¢ power model, y = ¢ + ax?, is fitted to the number of young. This model results in a log-likelihg
value of 9|15. However, by fixing the parameter b_toyone, the model reduces to a straight line. Hence,
power moglel and the straight line are nested, and their log-likelihoods can be compared. Since the strai
line resultgd in a log-likelihood of 8,20, the powef.model does not give a significantly better fit.

It may be ¢oncluded that these data should be described by a two-parameter model, either the exponential
the linear (straight-line) model. Figure.C:3 shows the fit of the exponential model. Table C.2 summarizes
results for poth fits, showing that the-EC/ (and its confidence interval) are similar for both models.

Table C.2 — Number of live young: Summary of results for exponential and
straight-line model, both having two parameters

Model Log-lik ECyo 90 % ClI
V= a exp(bx) 8,26 0,91 0,58 to 2,052
y=a+bx 8,20 1,00 0,69 to 2,15P

be

od
the
ght

or
the

a

o ' fite=tiketi o ool
DastU UIT PJTUINC= Coou TIieuiuud.

b Based on 1 000 bootstrap runs.

C.2.2 Assumptions

To check the assumptions of normality and homogeneous variances, the regression residuals (i.e. the
deviations of the individual data points from the dose-response model) may be plotted in various ways. Here,
two plots are considered. One is the so-called QQ-plot, where the observed quantiles are plotted against the
theoretical quantiles, e.g. according to the normal distribution. When data are sampled from a normal
distribution, this plot should theoretically result in a straight line. It should be noticed that fitting a line to a QQ-
plot is unsound (which is not always recognized). One may draw the theoretical straight line in the plot, with
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intercept equal to the mean of the data points and with slope equal to the standard deviation of the data points.
In the case of regression, the data points are the regression residuals, which are corrected for the dose-

res

ponse relationship.

In interpreting a QQ-plot, one should realize that, due to sampling errors, fluctuations around the line can
easily arise, especially in small data sets. In particular, a pattern resembling Aesculapius’ staff is not unusual,
even for data that are sampled from a normal distribution by the computer. Hence, QQ-plots should only lead
to the conclusion that the assumed distribution is inadequate when the data show a clear overall curvature. It
is always the general trend, not single data points that should be considered.

As

Eigure C 4 (unner left nanel) shows the data did comply with the assumption of log-normality
~J \ - Ll 7 7 ~J Ll ~J 77

ince these

res
(ug
ap

Alt
wa
pa
sC
di

Th
asy

ST

iduals resulted from an analysis on the log-counts. The same residuals plotted against Co
per right panel) do not reveal a clear trend, and the assumption of homogeneous variances-(on
pears acceptable.

hough not strictly needed, the residual plots are also shown for an analysis wheré)the log-tran
5 omitted (middle panels of Figure C.4), as well as where a square root transformation was apqg
nels of Figure C.4). The plots for these three situations are similar. The reason, of this similarity
tter in these data is relatively small (CV of around 20 %) A log-normal distribttion gets closer t
ribution with smaller variation (CV).

prefore, the smaller the scatter in the data, the more data are needed. to see any difference in th
uming normality, log-normality, or square-root-normality. For the 'same reason, it may be exf

hcentration
log-scale)

sformation
lied (lower
is that the
b a normal

e QQ-plots
ected that

blying or omitting any transformation has no large impact on théresults of the analysis when the¢ scatter in
data is relatively small. Indeed, re-analysing these“data without transformation resylts in an
10 = 0,90 mg/l, while the same analysis with log-transformation resulted in EC4, = 0,91 mg/I.

ap
theg
EC

daphnia_repro
model 2 in terms of CED

80

version: 01
var-0.03873
a- 55.3025
CED- 0.90929

loglk  8.26
CES: -0.1

sfx:

1
selected : days 15_21

L-5 0.5853
L-95 2.0491

nr.young

T
<25

-2.0

I I

-1.5 -1.0

log10- conc

1

-0.5

i

0.0

NQTE This model was reparameterized by substituting the parameter b by the EC,,. In this way, the| confidence

interval for the EC,, (L - 5 to L — 95) can be estimated by the likelihood profile method.

Figure C.3 — Exponential model fitted to the number of life young counted over week three
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NOTE
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o o
8
o
c o o
(]
© o
. 8 °
° © ©
PR ° g
2 °
B ° °
o
o ©
S
] ]
o o o
o
-
S Py
2 1 o 1 2 T T T T T T
Quantiles of Standard Normal 25 20 a5 SHORE0.S 00
log10- conc
dtyqe: 25 dtype: 25
y = a*exp(bx) y = a*exp(bx)
=B °
o
8 o\ e
o
=
o
o
2 ° -] -3
§ 3 o o
= i3 o
5 s ° °
g o < °
o ° o
=]
e o
~ A o
3
b ]
) T T T T T T
Quantiles of Standard Normal -2.5 -20 -1.5 -1.0 05 00
10g10- conc
dtype: 26
dtyqe: 26 y = a*exp(bx}
y = a*exp(bx) o
| S 1 8
- o
] °
w | ]
=) o o
=] S o
:g o | o o
§ 2 g e ° 8
? g’ o o °
" @ | o
<7 @ °
24 = 8 Q e °
0 ' &
9 | w | °
W v T T T T T T
26 20 45 10 05 00

Quantiles of Standard Normal

the'exponential model

Upper panels: analysis on log-scale.

DQ-plots-for regression residuals for

b) The same residuals plotted against dose
(dose on log-scale to improve visibility)

log10- conc

Middle panels: no transformation.

Lower panels: analysis on square root scale.

Figure C.4 — Plots of regression residuals
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C.2.3 Two-step analysis: Taking time into account

Similar to the algal test example, these data can be analysed in two steps, taking the information in time into
account. In the first step, the (cumulative) number of eggs is considered as a function of time. Figure C.5
shows the Hill model fitted to the data, where for each concentration a separate value is estimated for the
parameter b (= ETg, time at which 50 % of maximum value is achieved).

In these data of cumulative counts, the variance clearly increases with the mean (data not shown). A log-
transformation resulted in the variance decreasing with the mean, but a square root transformation resulted in
homogeneous variance, and compliance with the normal distribution.

daphdays
y=d+a*x*c/ (b + x*c)
o
N version: 01
- var- 1.04388
aa 100.49505
bb 16.68927
bb 16.33393
o bb 17.84819
2 bb 16.48625
bb 17.40871
bb 18.51467
cc  6.301
dd(fixed) 0
o | loglik™ %403.32
© conv: TRUE
sfxs 4
E selegted : all
3| 8 i 7| fact2: conc
>
-
z
(=]
=
(=3
N
o
day
NQTE Each symbol represents a concentration, and to each concentration the Hill model is fitted, assuning that the

parameters ¢ and ¢ are equal amongst congentrations, while parameter » was assumed to be different. The parameter d
was set at zero here (since reproduction is_Zero at time zero).

Figure C.5 — Means of number of young, plotted cumulatively against time

In {he second step, the estimated values for the ETg are considered as a function of the concentration, and a
dose-response modelis/fitted to these data (see Figure C.6). Again, the second (nonzero) concentration
appears to deviate from the general pattern (compare with Figure C.3). The EC,, for this gndpoint is
esfimated at 2,30)mg/l, with a confidence interval (1,41 to 6,19).

Since the nGmber of young are followed in time for a number of replicates at each concentration, itjis better to
estimate.an ET g for each replicate (see discussion in algal data set). This is illustrated in Figure C.f. Next the
ETEq values for each replicate may be considered as a function of the concentration (see Figurg C.8). The
E(d,5s estimated at 2,36 mg/l, similar to the value obtained in Figure C.6, but the confidence|interval is
somewhat larger (1,36 to 8,82).

From Figure C.8 it becomes apparent that the deviation of the second concentration group is caused by two
outlier replicates. When these two outliers are removed, a more regular dose-response relationship results
(see Figure C.9). This also results in a lower EC,( (1,90 mg/l), and a smaller confidence interval (1,30 to 3,49).

© 1SO 2006 — Al rights reserved 153


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

ISO/TS 20281:2006(E)

daph_ET50
model 2 in terms of CED
version: 01
var- 0.00084
a- 16.81027
CED- 2.29669
o | logiik  12.73
o~ CES: 0.1
conv: TRUE
sfx: 1
selected : all
L-5 1.4104
L-95 6.1923
Q
~N
=
=
=}
2
[17)
w
- (¢}
G
[e]
© 4

1 ] i

-2.0 -1.5 -1.0

log10- conc

-0.5

daphdays
y=d+a*x*c/(br + x*e)

1

0.0

Figure C.6 — Estimated ET;, values from Figure C.5, plotted against the concentration,
with a fitted dose-response model

100 120
I !

80
!

NLY_cumu
60
1

version: 01

day
NOTE

18 20

icate the Hill model is fitted, assuming that

the

parameters a and ¢ are equal amongst replicates, while parameter » was assumed to be different. The parameter d was

set at zero here (since reproduction is zero at time zero).

Figure C.7 — Number of young, plotted cumulatively against time
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daph_et50
model 2 in terms of CED

version: 01

o var- 000821
e- 17.33169

o CED- 2.35519

m . loglik  39.3
o | CEs: 04

::onv‘ : TRUE
w;xlecaad' N ;oo

L-5  1.3608
L-95 8.8238
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Figure C.8 — ET5,s estimated per replicate (see Figure C.7)\as a function of
the concentration with a fitted dose-response,model

daph_et50
model 2 in terms of CED

wversion: 01
var-  0.0048
a  17.00839
CED- 1.89686

N loglik  47.53

N o | cEs: o4

ets50

18

16

-2.0 -1.5 -1.0 -0.5 0.0
log10- conc

Figure.C.9 — ET5,s estimated per replicate (see Figure C.7) as a function of
the concentration, with two outliers removed

3 Examples of data analysis using DEBtox (biological methods)

1Data

Figure C.10 shows data for the cumulative number of offspring per female as affected by an unknown
compound. The data were weighted in the estimation of parameters by the number of surviving females (data
not given here).
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0.000 0.015 0.053

0.190 0.670

Time: day, Conc: milligram/liter, Resp: Number of offspring

2.350 8.230

0| 0.00000
7| 0.00000
7.14286
9.42857
24.00000
52.00000
84.57140

0.00000
0.00000
8.28571
8.85714
26.28570 21.42860
53.85710 42.42860
86.57140 64.14290

0.00000
0.00000
6.28571
9.14286

C.3.2 Parameter estimates and asymptotic standard deviations (ASD)

0.00000 0.00000
0.00000 0.00000
7.28571 4.57143
13.95240 14.71430
24.11900 21.28570
47.45240 44.85710

72.95240 60.42860

Figure C.10 — DEBtox example: Data for the cumulative number of offspring
per female as affected by an unknown compound

0.00000
0.00000
3.28571
3.95238
19.45240
42.28570
53.61900

0.00000
0.00000
0.00000
0.00000
0.00000
0.00000
0.00000

Reproduction, Maintenance model ASD Corrélation coefficients

No effect concentration 3.895e-009 mg I 0.004

Tolerange concentration 0.2265 mg I 35.175 0.233

Maximall reproduction rate 15.9 No d-1 0.646 -0872 -0.030

Elimination rate 0.001268 d- 0.199 0.233 1.000 -0.031
Von Bertalanffy growth rate 0.1 d

Scaled length at birth 0.13

Scaled leéngth at puberty 0.61

Energy ihvestment ratio 1

Mean ddviation 5.207

Figure

C.11 — DEBtox example: Parameter esfimates and asymptotic standard deviations (ASD)

Table C.3 — EC_ values (derived from parameter values)

Values in milligrams per litre

Day, EC,

ASD ECsy ASD

21 1,107°

0,44 4,22 6,59
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C.3.3 Graphical test of model predictions against data

Time profile: Reproduction, Maintenance model, ISO repro set

T T

100 ' ' T .

90 .

80~

1

701

60

50

40

Number of offspring

T

30

20

T

Time'{day]

Figure C.12 — DEBtox example: Time profile:(reproduction, maintenance model, ISO repfo set)

Concentration profile: Reproduction, Maintenance model, ISO repro set
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Figure C.13 — DEBtox example: Concentration profile (reproduction,
maintenance model, ISO repro set)
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C.3.4 Profile likelihood for NEC estimate

RepTguction, Maintenance model, ISO repro set Profile likelihood

T T T T T T 4.5
4- T -4
3.5f + 435
3 T3
I
2 25 425
©
B2 42
=
1.5\ 41.5
1T 11
0.5 -0.5
| | 1 | |
0 0.8 0.6 0.4 0.2 0 0.1 0.2 0
Confidence level Concentration [mg 1]

Figure C.14 — DEBtox example: Profile likelihood for NEC estimate (reproduction,
maintenance modelAISO repro set)

C.3.5 Bogdy length at 21 days
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Figure C.15 — DEBtox example: Body length at 21 days
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C.3.6 Comments

Th

is dataset is special in several respects. We have counts of offspring at relatively few points in time, not for

each day as the guideline recommends. This reduces the effectiveness of the biology-based method; the fact
that these data do not give detailed information about the start of the reproduction is especially troublesome.

Th

e first graph (Figure C.12) shows that reproduction starts here later than expected on the basis of the

default value of 0,42 for the scaled length at puberty. Therefore, this scaled length has been set at 0,61 to
mimic this late start. The model for effects on maintenance appeared to fit the data best; an increase in
maintenance costs reduces the ultimate length of the daphnia.

Th
cal

s is confirmed by the length data, shown in the last plot (Figure C.15); the fitted length %( 21d are
culated with DEBtool; the plotted curve involves the estimation of a single parameter: the yltimale length in

thg blank. All other parameters are already fixed by the reproduction data, and determine the toxi¢o-kinetics,
incJuding the dilution by growth, and the effects on growth during exposure. The length data were mot used to
estimate any effect parameters. The good fit of the length data confirms the effects on|growth by gn increase

of

the maintenance costs as expected from the observed effects on reproduction. Direct |effects on

regroduction would not affect body size; direct effects on growth would affect’the” growth rate, but not the

ulti
21
wit

mate size. The data do not give information about growth, but it is likely that.growth almost ceased before
d for daphnia, even in the stressed situation. The NEC was found to be_not significantly different{from zero,
h a 95 % confidence interval of (0 to 0,082) mg/I.
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Annex D
(informative)

Analysis of a “fish growth” data set (OECD GL 204/215 — ISO 10229)
using the three presented approaches

D.1 Datal\ set
The data used here have been obtained for a 21-day fish test following OECD GL204.
Test organlism:  Oncorhynchus mykiss

Temperatyre: 14°Cto15°C

Table D.1 — Number of dead fish

Control Nominal concentration of the'test item
mg/|

Dgy 0 1,0 2,2 4,6 10 22 46
1
2
3
] 1
! 2
] 2
: 2
1 1 .
1 1 p .
14 1 ] y .
1% 1 ] y .
16 1 1 p .
17 1 p p .
2 (0] 0 1 0 1 1 5
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Table D.2 — Length of the fish in millimetres

Control Nominal concentration of the test item
mg/|
0 1,0 2,2 4,6 10 22 46
5,7 5,7 5,1 5,9 5,9 6,0 5,9
53 58 6,0 5,9 5,7 5,6 5,6
6,0 5,6 5,7 5,7 55 59 6,0
5,9 6,0 5,8 5,5 5,6 5,6 5,6
% 5,9 5,5 5,5 6,0 5,6 5,7 5,3
hid 5,6 6,0 5,8 6,0 5,9 5,8 6,0
5,6 5,9 6,0 5,6 6,0 5,2 5,0
5,0 51 5,6 5,3 5,0 5,7 5,3
6,0 5,2 5,1 5,3 5,5 5,1 5,1
54 54 5,6 5,1 5,1 55 5,5
6,5 6,2 6,5 6,5 6,7 6,3 5,3
6,5 6,9 6,4 6,5 6,3 6,0 6,3
6,4 6,8 6,5 6,9 5,8 6,9 5,2
w 71 6,0 6,6 6,2 57 5,7 4,9
z 6,8 5,8 6,5 6,0 6,4 6,7 *
@ 54 6,7 7.3 6.4 57 6.7 -
6,6 6,9 6,8 5,8 6,2 5,9 *
6,3 6,3 6,1 7,2 6,8 6,2 *
6,1 6,3 6,0 6,0 6,1 5,8 *
6,7 6,5 * 6,0 * * *
Table D.3--— Wet mass in grams
Control Nominal concentration of the test item
mg/|
0 1,0 2,2 4,6 10 22 46
1,9 1,8 1,4 1,8 2,2 2,2 2,2
1,7 2)0 2,2 2,0 1,9 1,7 1,9
2,7 1,9 1,8 2,1 1,8 2,1 2,3
2,0 2,2 2,1 1,8 2,2 1,8 1,8
% 1,8 1,6 1,9 2,0 1,7 1,9 1,7
2 1,8 2,2 1,9 2,3 2,0 2,2 2,0
1,9 1,8 2,4 1,9 2,1 1,5 1,4
1,4 1,6 1,7 1,7 1,4 1,8 1,5
2,3 1,5 1,5 1,5 1,5 1,5 1,6
1,5 1,5 1,7 1,5 1,4 1,7 1,6
2,8 2,1 2,9 2,9 3,4 2,1 1,6
3,0 3,3 2,6 3,0 2,8 2,0 2,8
2,7 2,9 2,7 3,5 2,1 3,5 1,2
w 3,9 2,2 3,3 2,7 2,3 1,8 0,9
z 3.1 2,0 2,7 2,3 3.1 3.1 *
§ 18 3,1 4,0 2,7 18 3,2 .
2,9 3,2 3,0 2,0 2,4 2,2 *
2,5 2,5 2,5 4,0 3,0 2,5 *
2,2 2,5 2,2 2,2 2,3 1,8 *
3,1 2,6 * 24 * * "
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D.2 Examples of data analysis using hypothesis testing (NOEC determination)

D.2.1 NOEC determination for growth

Given that there are two measurements on each fish, one on Day 0 (before exposure to compound) and one
on Day 28, this is a repeated-measures experiment. It is unfortunate that individual fish are not identified. This
means there is no way to determine growth on an individual fish and statistical power may suffer as a result.
No replicate information is provided, so it is not possible to treat the replicate as sampling unit and do
repeated measures analysis or paired difference analysis on the replicate means. The data cannot be
analysed therefore with repeated measures methodology. There are nonetheless at least two ways to proceed

to determifie tThe NOEC.

—  Methd
the di

d 1. Compute treatment means for each day and concentration. The response to be analyseq
ference of the treatment means for each concentration, to obtain the mean growth from“day (

is
to

day 28 for that treatment group. This leaves one observation per treatment group. ANOVA methods, silich

as Du
Terps
ignore

—  Methg
Then
contrg
naturg

In the preg
is theoretid

D.2.2 Le

D.2.21 Method 1

The step-0
group omi
concentrat
for trend a
exact resu

hnett’s test, are then not available, since there is no estimate of error. However{thé Jonckhesg

s the reduced sample size in the 28-day high concentration group.

compare the growth, (day 28 mean) — (day 0 mean), in each concentration to the growth in
| by standard ANOVA methods. This is not entirely correct, since itlignores the repeated measu
of the data.

ent case, the two lead to the same NOEC, namely the 22.mg/l concentration. Of the two, metho
ally soundest. Details are provided below.

ngth

ted. The variable Deltal is the difference of the day 28 mean minus the day 0 mean for
on. This was done using SAS Proc-Freq. The default output includes both one- and two-sided te
nd both exact and asymptotic tests. These are all left for the reader to see, but only the one-sig
ts are used in the discussion:

Jonckheere-Terpstra Test of Deltal Through Conc=46
Statistics for Table of Deltal by Conc
Jonckheere-Terpstra Test

Statistic (JT) 3.0000
7 -2.1268

own Jonckheere-Terpstra test is applied; first with all concentrations present, then with the 46 rIg/I
e

re-

ra test can still be applied, preferably in its exact permutation implementation. This approach

d 2. Do a two-factor ANOVA with day and concentration, and their interaetion as the model terms.

the
res

d 1

ch
sts
ed

Asymptotic Test
One-sided Pr < Z 0.0167
Two-sided Pr > |Z| 0.0334

Exact Test
One-sided Pr <= JT 0.0218
Two-sided Pr >= |JT - Mean| 0.0437

Since the Jonckheere-Terpstra test with all concentrations included is significant at the 0,05 level (p-value for
exact one-sided trend is =0,0218), the high concentration is omitted and the test is repeated with the

remaining

162

concentrations.
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Statistics for Table of Deltal by Conc

Jonckheere-Terpstra Test
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Th

Statistic (JT) 3.0000
Z -1.5302
Asvmptotic Test

One-sided Pr < 27 0.0630
Two-sided Pr > |Z] 0.1260
Exact Test

One-sided Pr <= JT 0.0944
Two-sided Pr >= |JT - Mean| 0.1889

s test is not significant at the 0,05 level, so no further testing is required andthe’NOEC is 22 mgl/).

D.2.2.2 Method 2
D.2.2.2.1 Full trout-size data set and basic statistics for length
Fish Growth Example: Length
Trout Size Data
FULL DATA SET
Mathod 2 is a two-factor ANOVA on length, with-@ay and concentration, and their interaction as model terms.
First, the simple means are computed. It is apparent that there is a dose response, perhaps beginnipg with the
2,2 mg/l concentration.
Opbs Conc Deltal DeltaW
il 0 0.94000 1.20000
D 1 0.94000 1.10000
3 2.2 1.02222 1.27778
z 4.6 085000 1.17000
b 10 068889 0.97778
3 22 0.74444 0.93333
7 46 -0.07500 0.02500
Basic Statistics for length
mean
Dav)s Conc length std length n_ length
0 0 5.64 0.33065591 10
0 1 5.62 0.3190263 10
0 2.2 5.62 0.3190263 10
0 4.6 5.63 0.32335052 10
0 10 5.58 0.32930904 10
0 22 5.61 0.28460499 10
0 46 5.53 0.3591657 10
28 0 6.44 0.4575296 10
28 1 6.44 0.38355066 10
28 2.2 6.52 0.38005848 9
28 4.6 6.35 0.44284434 10
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28
28
28

10 6.19 0.40756731 9
22 6.24 0.43620841 9
46 5.425 0.60759087 4

It is observed that mortality in the high concentration has noticeably affected the sample size on day 28. The
other differences in sample size are quite small and are likely to have insignificant impact on conclusions.

CovParm Estimate
Residual 0.1428

Num Den

Effect
Days
Conc

Days*Con

These are
significant

D.2.2.2.2

MQ
20

These are
value indi

biological flesponse, an R-square this small is not unusual

Label

Growth:
Growth:
Growth:
Growth:
Growth:
Growth:

The appro
test is dorj
measurem

DF DF Fvalue ProbF MSERR SSQORS SSERR

1 117 84.86 <.0001 0.14282 12.1195 16.7102

6 117 3.78 0.0018 0.14282 3.2401 16.7102

c 6 117 2.57 0.0224 0.14282 2.2045 16.7102

the overall F-tests for ANOVA. It is observed that both main effects and.tHe interaction a
at the 0,05 level. The CovParm above the F-tests is the pooled sample meah-squared error.

ANOVA summary statistics
ANOVA SUMMARY STATISTCS
DELSS SSERR TOTSS RSQUARE

L1477 16.7102 36.8579 0.54663

ates the proportion of overall variation (55 %).in the data accounted for by the model. For

Class Levels Values
Days 2 0 28
Conc v 01 2.2 4.6 10 22 4o

Estimate * StdErr DF tValue Probt

46 mg/1 vs O -0(9050 0.2803 117 -3.23 0.0016
22 mg/l vs O 70,1656 0.2423 117 -0.68 0.4958
10 mg/1 vs O +0.1911 0.2423 117 -0.79 0.4319
4.6 mg/l vs Q@ -0.0800 0.2390 117 -0.33 0.7384
2.2 mg/1l ys\0 0.1022 0.2423 117 0.42 0.6739
1 mg/1l vs Q 0.0200 0.2390 117 0.08 0.9335

e on ‘the residuals from the ANOVA. As pointed out above, this test ignores the correlations

atthe 46 n

D.2.2.2.3

164

ents on the same fish (since fish are not identified individually). The only significant comparisol

Shapiro-Wilk test of normality of length

SHAPIRO-WILK TEST OF NORMALITY OF length
Variable: Resid

Moments
N 131 Sum Weights 131
Mean 0 Sum Observations 0
Std Deviation 0.3585244 Variance 0.12853974
Skewness -0.0318169 Kurtosis -0.3018538

re

basic measures that can be used for model assessment. Since this is a linear model, the R-squafed

a

briateness “of this ANOVA analysis is assessed partly through the following test for normality. This

of
is
t.
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Uncorrected SS 16.7101667 Corrected SS 16.7101667
Coeff Variation Std Error Mean 0.03132442
Basic Statistical Measures

Location Variability

Mean 0.00000 Std Deviation 0.35852

Median -0.01000 Variance 0.12854

Mode 0.38000 Range 1.91500

Interquartile Range 0.51444
Fish Growth Example: Length

Trout Size Data

FULL DATA SET

Tests for Normality

Test --Statistic--- = -————- p Value<s~+--
Shapiro-Wilk W 0.98607 Pr < W 0.2041
Kolmogorov-Smirnov D 0.065603 Pr > D ¥0.1500
Cramer-von Mises W-Sg 0.080864 Pr > W+Sg 0.2078
Anderson-Darling A-Sg 0.59964 Pr > (B5Sqg 0.1199

s is default SAS Proc Univariate output, so four tests for normality<are shown. It is highly rec
t each laboratoy select one of these tests and use it as the formal test of normality. Alter
ratory can develop a set of rules that indicate when to use which test. In either case, care shou

bmmended
natively, a
d be taken

so|as not to be guilty of selecting the statistical result desired./In"the present case, all tests yield the same
clusion. According to the Shapiro-Wilk test, the data are consistent with normality.
Variablesw' Resid
Quantile Estimate
100% Max 0.875000
99% 0.850000
95% 0.550000
20% 0.455556
5% Q3 0.270000
50% Median -0.010000
25% Q1 -0.244444
10% -0.510000
5% -0.530000
1% -0.640000
0% Min -1.040000
Stem Leaf # Boxplot
8 58 2 |
78 1 |
6 166 3 |
5 15 2 |
4 2666677 7 |
3 22666677788889 14
2 1666677889 10 - +
1 125568889 9 | |
0 12256666677788899 17 |+
-0 98844443322222211 17 e *
-1 5444322221 10 |
-2 4443322 7 - +
-3 955544433 9
-4 998443221 9
-5 85433222221 11
-6 44 2 |
-7
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Multiply Stem.Leaf by 10**-1

Fish Growth Example: Length
Trout Size Data
SHAPTRO-WILK TEST OF NORMALITY OF length
FULL DATA SET
Variable: Resid

Normal Probability Plot

0.85+ o
| +*+
| * x %
| +4 %
| * % %
| * Kk Kk kK
| * Kk kK
| +**
| * Kk kK
| * Kk kK
| * k)
| 4k kK
| 44k kK
| 4k Kk x
| * Kk Kk Kk ok kK
| KX ft
| +4++
| +++
|

-1.05+*
it e Ea a  a a e B s

-2 €l 0 +1 +2

D.2.2.2.4 | Possible outliers from ANOVA on length
POSSIBLE/OUTLIERS FROM ANOVA ON length

Obs ays Cond Length Pred Resid LB UB
1 28 Q 5.4 6.44000 -1.04 -1.01611 1.04167

D.2.2.2.5 | Levene test-forlength

]

LEVENE TEST FOR length

Effect DF LEVENE P VALUE
Days*Conc 6 0.17219 0.98381

By Levene's test, there is no reason to reject the hypothesis that the within-group variances are equal. A
standard ANOVA can be done.

D.2.3 Mass

D.2.3.1 Method 1

The Step-Down Jonckheere-Terpstra test is applied, first with all concentrations present, then with the 46 mg/!
group omitted. The variable DeltaL is the difference of the day 28 mean minus the day 0 mean for each
concentration. This was done using SAS Proc Freq. The default output includes both one- and two-sided tests
for trend and both exact and asymptotic tests. These are all left for the reader to see, but only the one-sided
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exact results are used in the discussion. It is observed, however, that for these data, the asymptotic and exact
methods do not lead to the same NOEC.

Jonckheere-Terpstra Test of DeltaW Through Conc=46
Statistics for Table of DeltaW by Conc
Jonckheere-Terpstra Test

Statistic (JT) 3.0000
Z —2.2528

Asymptotic Test
One-sided Pr < Z 0.0121
Two-sided Pr > |Z| 0.0243

Exact Test
One-sided Pr <= JT 0,0151
Two-sided Pr >= |JT - Mean| 0,0302

Sirfce the Jonckheere-Terpstra test with all concentrations included is significant at the 0,05 level, the high
comcentration is omitted and the test is repeated with the remaining concentrations.

Jonckheere-Terpstra Test of DeltaW ThfgQugh Conc=22
Statistics for Table of DeltaW by Conc

Jonckheere-Terpstxd Test
Statistic (JT) 3.0000
Z -1.6908

Asymptotic Test
One-sided Rx{K 7 0.0454
Two-sided(Pr > |Z] 0.0909

Exact Test
One~sided Pr <= JT 0.0681
Two=s5ided Pr >= |JT - Mean| 0.1361

The exact test is not=significant at the 0,05 level, so no further testing is required and the NOEC [is 22 mg/I.
Note, however, thatyif’'standard asymptotic methods were used, the test would continue one step|further, as
shown below. Thefe is no general expectation that asymptotic methods are more (or less) sensitive or
poyerful than \exact methods. A laboratory should decide on rules for the use of exact and psymptotic
mgthods and\then use whatever conclusion follows.

Jonckheere-Terpstra Test of DeltaW Through Conc=10
Statistics for Table of DeltaW by Conc

Jonckheere-Terpstra Test

Statistic (JT) 3.0000
Z -0.9798

Asymptotic Test

One-sided Pr < 27 0.1636
Two-sided Pr > |Z] 0.3272
Exact Test

One-sided Pr <= JT 0.2417

(@)

Two-sided Pr >= |JT - Mean| .4833
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D.2.3.2 Method 2

D.2.3.2.1

Full trout-size data set and basic statistics for mass

Fish Growth Example: Weight 24)

Trout Size
FULL DATA

Data
SET

A two-factor ANOVA on length, with day and concentration, and their interaction as model terms. First, the
simple means are computed. It is apparent that there is a dose response, perhaps beginning with the 2,2 mg/l

concentratjon.
Obs Conc Deltal DeltaW
1 0 0.94000 1.20000
2 1 0.94000 1.10000
3 2.2 1.02222 1.27778
4 4.6 0.85000 1.17000
5 10 0.68889 0.97778
6 22 0.74444 0.93333
7 46 -0.07500 0.02500
Basic Statistics for weight
Mean
Days Conc Weight Std weight n Weight

0 0 1.9 0.3771236% 10

0 1 1.81 0.26436507 10

0 2.2 1.86 0.30983867 10

0 4.6 1.86 0.25473298 10

0 10 1.82 0%31198291 10

0 22 1.84 025905812 10

0 46 1.8 0.2981424 10

28 0 2.8 0.56764621 10

28 1 2.3\ 0.42687495 10

28 2.2 2:88 0.52387445 9

28 4.6 2.77 0.61472668 10

28 10 2.58 0.52387445 9

28 22 2.53 0.63245553 9

28 46 1.63 0.83416625 4

It is obseryed that mortality in the high concentration has noticeably affected the sample size on day 28. The

other diffefences inample size are quite small and are likely to have insignificant impact on conclusions.

CovParm Estimate
Residual 0.1988
Num Den
Effect DF DF FValue ProbF MSERR SSQRS SSERR
Days 1 117 79.24 <.0001 0.19877 15.7509 23.2566
Conc 6 117 3.29 0.0050 0.19877 3.9250 23.2566
Days*Conc 6 117 2.62 0.0203 0.19877 3.1254 23.2566

24) The quantity “weight” is a force (gravitational force) and is measured in newtons (N). The quantity “mass” is measured
in kilograms (kg). The use of the term “weight” in the extractions shown in the Courier New font listings is deprecated, but
is retained in this Technical Specification as this is the way it appears in the actual extractions from the program(s) used.
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These are the overall F-Tests for ANOVA. It is observed that both main effects and the interaction are
significant at the 0,05 level. The CovParm above the F-tests is the pooled sample mean-squared error.

D.2.3.2.2 ANOVA summary statistics
ANOVA SUMMARY STATISTCS

MODELSS SSERR TOTSS RSQUARE
26.1387 23.2566 49.3953 0.52917

Theseare basicmeasures that cambe used-formodetassessment—Since this isafimear modet;the) R-squared
value indicates the proportion of overall variation in the data accounted for by the model. Fer_g biological
regponse, an R-square this small is not unusual.

Fish Growth Example: Weight
Trout Size Data
CLASS LEVEL INFORMATION
FULL DATA SET

Class Levels Values
Days 2 0 28
Conc 7 01 2.2 4.6 10 22 406

Fish Growth Example: /Mjeight
Trout Size Data
TESTS OF LINEAR C€ONTRASTS
FULL DATAPSET

Label Estimate StdErx DF tValue Probt
Grpwth: 46 mg/l vs 0 -1.0750 0.3306 117 -3.25 0.0015
Grpwth: 22 mg/l vs 0 -0.2067 0J2859 117 -0.72 0.4712
Grpwth: 10 mg/l vs 0 -0.1422 0.2859 117 -0.50 0.6198
Grpwth: 4.6 mg/1 vs 0 0.01L00087 0.2820 117 0.04 0.9718
Grpwth: 2.2 mg/1 vs 0 0.1378 0.2859 117 0.41 0.6811
Grpwth: 1 mg/l vs 0 -0n01000 0.2820 117 -0.04 0.9718

The appropriateness of thisCANOVA analysis is assessed partly through the following test for normality. This
test is done on the residuals from the ANOVA. As pointed out above, this test ignores the correlations of
mgasurements on the Same fish (since fish are not identified individually). The only significant comparison is
at the 46 mg/l concentration. Accordingly, the NOEC is 22 mg/l, the same as by the exact Jpnckheere-
Tefpstra test.

D.2.3.2.3 .<Shapiro-Wilk test of normality of mass

Fish Growth Example: Weight
Trout Size Data
SHAPIRO-WILK TEST OF NORMALITY OF Weight
FULL DATA SET

Variable: Resid

Moments
N 131 Sum Weights 131
Mean 0 Sum Observations 0
Std Deviation 0.42296218 Variance 0.17889701
Skewness 0.50903274 Kurtosis 0.53166703
Uncorrected SS 23.2566111 Corrected SS 23.2566111
Coeff Variation . Std Error Mean 0.03695438
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Basic Statistical Measures

The Shapi
below, as

Location Variability

Mean 0.00000 Std Deviation 0.42296

Median -0.03333 Variance 0.17890

Mode -0.73333 Range 2.23000

Interquartile Range 0.54000

Tests for Normality

Test --Statistic---  ----- p Value------
Shapiro-Wilk W 0.979035 Pr i 0.0403
Kolmogorov-Smirnov D 0.072519 Pr > D 0.0897
Cramer-von Mises W-Sg 0.090825 Pr > W-Sqg 0.1493
Anderson-Darling A-Sg 0.632637 Pr > A-Sg 0.0978

ro-Wilk test is significant at the 0,05 level. A examination of the QQ-plot and stem-and-leaf plot
well as the p-value being just below 0,05, may suggest the violation of normality is minor. A
while it is mot included here to keep the text to a minimum, if the outliers identified below_aré omitted and

SO,
the
ed.

resulting dataset is re-analysed, the NOEC is the same and the significant ShapiresWilk test is eliminat
Altogether] this information suggests the present analysis can be accepted.
Quantiles (Definition 5)
Quantile Estimate
100% Max 1.2300000
99% 1.1750000
95% 0.8000000
90% 0.5000000
75% Q3 0.2400000
50% Median -040333333
25% Q1 <0.3000000
10% -0.4777778
5% -0.7000000
1% -0.7777778
0% Min -1.0000000
Fish . \Growth Example: Weight
Trout Size Data
FULL DATA SET
Variable: Resid
Stem )Leaf # Boxplot
12 3 1 0
11 028 3 0
10
9 7 1 |
8 02 2 |
T ES T
6 07 2 |
5 00247 5 |
4 000224 6 |
3 004668899 9 |
2 000234468 9 - +
1 0002344789 10 |
0 000002444689 12 |+
-0 776664432211 12 e *
-1 88866644200000 14 |
-2 8881100000 10 |
-3 8766644321100 13 t————- +
-4 87622200 8
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-5 7300 4 |

-6 80 2 |

-7 873320 6

_8 I

_9 I

-10 0O 1 |
e R s Sttt

Multiply Stem.Leaf by 10**-1

Fish Growth Example: Weight
Trout Size Data
SHAPIRO-WILK TEST OF NORMALITY OF Weight
FULL DATA SET

The UNIVARIATE Procedure
Variable: Resid

Normal Probability Plot

et S e st it =
-2 -1 0 +1 +2

D.2.3.2.4 . ~Possible outliers from ANOVA on mass

Fish Growth Example: Weight
Trout—S+ Data
POSSIBLE OUTLIERS FROM ANOVA ON Weight
FULL DATA SET

Obs Days Conc Weight Pred Resid LB UB
1 28 0 3.9 2.80000 1.10000 -1.11 1.05
2 28 2.2 4 2.87778 1.12222 -1.11 1.05
3 28 4.6 4 2.77000 1.23000 -1.11 1.05
4 28 46 2.8 1.62500 1.17500 -1.11 1.05
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D.2.3.2.5

Levene test for mass
LEVENE TEST FOR Weight

Effect DF LEVENE P VALUE
Days*Conc 6 0.46436 0.83347

By Levene's test, there is no reason to reject the hypothesis that the within-group variances are equal. A
standard ANOVA can be done.

D.3 Exa

mple of data analysis by dose-response modelling

D.3.1 Geperal

It is assumled that an EC, is required.

According

groups with different response levels. The dose-response data of this data set (forsboth lengths and mass
do not clgarly comply with this requirement (see figures below). However, inCview of the relatively la
number of|concentration groups, and the general trend of decreasing response ‘with concentration, the d

might non
Clause 6,

ptheless be suitable for deriving an EC4j. In accordance with the general recommendation
arious models are fitted to the data.

D.3.2 Dopse-response analysis for fish mass

In fitting the dose-response model, the mass data are assumed to be log-normally distributed. Hence,
model is fifted to the data on log-scale, i.e. both the data and“the model prediction is log-transformed. Ng

however, that the models used describe the response variable on the original scale as a function of dose.
First the ng¢sted non-linear model proposed by Slob(2002) is fitted. This results in the following log-likelihoo|
Model 1 y=a loglik = 5,21
Model 2 vy = a exp(x/b) loglik = 4,85
Model 3 y = a exp[+(x/h)7] loglik = 6,53
Model 4 y=alc - (cec¥ exp(—/b)] loglik = 4,85
Model 5 y=a{c> - 1) exp[—(x/b)]} loglik = 6,53

to the flow-chart of Clause 6, the dose-response data should include more‘thah two concentrafion

es)
Fge
ata

of

the
te,

the
the

family of models the appropnate one for descnblng the data Flgure D 1 shows the results for th|s model

Next a polynomial model is fitted to these data. Since this is again a nested family of models, the log-
likelihoods can be compared by the ratio-likelihood test:

Model 1  y=a loglik = ~5,21
Model 2 y=a+bx loglik = 5,55
Model 3  y=a+bx+cx? loglik = 6,58
Model 4  y=a+ bx+cx2 + dx3 loglik = 6,69
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Here, Model 2 (straight line) is not significantly improved by higher-order polynomials, and this model may be
selected from this family of models.

Finally, the power model, y = ¢ + ax?, is fitted to the masses. This model results in a log-likelihood value of
6,57. However, by fixing the parameter » to unity, the model reduces to a straight line. Hence, the power
model and the straight line are nested, and their log-likelihoods can be compared. Since the straight line
resulted in a log-likelihood of 5,55, the power model does not give a significantly better fit.

None of the three-parameter models gives a significantly better fit than its two-parameter counterpart. As
Table D. 4 shows, both two-parameter models g|ve srmrlar results The table also shows the results for two

It

sinpilar. Hence, although this particular data set only shows two clearly different reSponse levels

ap

—parameter model. As discussed in CIause 6, a model that contains too many parameters (i.ed

nay be concluded that both two-parameter models give similar results. Also, the confidéence in

parently contain sufficient information to warrant the estimation of the EC,,. This'may be explai

relatively large number of concentrations tested, most of which show no or onlyza small response

est

imated EC, is sufficiently supported by surrounding concentrations that have been tested.

Table D.4 — Summary of results for exponential and straight-line models

Model a Log-lik EC,o 90 % Confidence interval
¥ =a exp(x/b) b 4,85 9,19 6,86 to 13,94
¥ = a exp(x/b°) ¢ 6,53 24508 9,89 to 41,39
y= +bx d 5,55 10,55 8,56 to 14,25
y=a+bx¢ e 6,57 20,70 8,65 to 34,34

@ Note that both the first two and the\second two models form a nested couple.
b Exponential model, with two parameters.
¢ Exponential model, with three parameters.

Straight-line model, ‘with two parameters.

€  Straight-line maodel,'with three parameters.

data) may results in wider confidence intervals for the EC. This is clearly illustrated in this.casg.

associated
relation to

tervals are
5, the data
hed by the
Thus, the
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ﬁsh__growth fish_growth
y = a*exp(bx) model 2 in terms of CED
-1 version; 01 version:
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dose log10- dose
a) Concentration on x-axis b) log10-concentration on x-axis (to improve
visibility)
CED = ECjq.
NOTE The model was re-parameterized here to make the EC,, a parameter in the model (instead of 5). In this way,

the confider

Large mar!

Assumpti

To check
deviations
two plots &
theoretical
distribution
QQ-plot is
with interc
points. In

ce interval (L - 5 to L - 95) for the EC, can be calculated by thelikelihood profile method.

s: geometric means
Figure D.1 — Exponential model, y = a exp(bx), fitted to masses at 28 days

DNS

the assumptions of normality and. homogeneous variances, the regression residuals (i.e.
of the individual data points from the.dose-response model) may be plotted in various ways. He
re considered. One is the so-called" QQ-plot, where the observed quantiles are plotted against

, this plot should theoretically result in a straight line. It should be noticed that fitting a line t
unsound (which is not always recognized). One may draw the theoretical straight line in the p
bpt equal to the mean(of the data points and with slope equal to the standard deviation of the d
he case of regression, the data points are the regression residuals, which are corrected for

dose-resp

nse relationship.

In interprefing a QQ-plet one should realize that, due to sampling errors, fluctuations around the line
easily aris¢, especially in small data sets. In particular, a pattern resembling Aesculapius’ staff is not unusual,
even for data that'are sampled from a normal distribution by the computer. Hence, QQ-plots should only lg
to the conglusion that the assumed distribution is inadequate when the data show a clear overall curvature
is always theZgeneral trend, not single data points that should be considered.

the
re,
the

quantiles, e.g. according te.the normal distribution. When data are sampled from a noral

D a
lot,
ata
the

fan

ad
Lt

In Figure D.2, the regression residuals resulting from the analysis on log-scale are plotted. As the left panel
shows, the data did comply with the assumption of log-normality. The residuals plotted against concentration
do not reveal a clear trend, and the assumption of homogeneous variances (on log-scale) appears acceptable
(see right panel of Figure D.2).
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dtype: 1 dtype: 1
y = a*exp(bx) y = a*exp(bx)
O PO T T SR
v & . ° : ° o
;_5_//{0 ; Co .
; -1 0 1 2 0‘0 0‘5 1‘0 1‘5
Quanties of Standard Nomal log10- dose
a) QQ-plot (for normal distribution) of the b) The same residuals plotted againat dose
regression residuals for the analysis of (dose on log-scale to improve visibility
Figure D.1, where the model was fitted on
log-scale

Figure D.2 — Plots of regression residuals for the analysis of Figure D.1

hough not strictly needed, the residual plots are also shown for an analysis where the log-transformation

Htransformation. It should be noted that the scatter in these'data is relatively mild (CV =23 %),

-normality. For the same reason, it may be expectedthat applying or omitting the log-transforma
je impact on the results of the analysis when the scatter in the data is relatively small.

dtype: 25 dtype: 25
y = a*exp(bx) y = a*exp(bx)

05
i
oco
o000 o

coocoo o©

gure'D:1, where the model was fitted without
transformation

5 omitted (see Figure D.3). The QQ-plot now shows a slight ‘curvature, which confirms thg use of a

and that a

-normal distribution gets closer to a normal distribution, with smaller variation (CV). Therefore, {he smaller
scatter in the data, the more data are needed to see any difference in the QQ-plots assuming normality or

ion has no

g E
g g o c 0
ey o . .
2% a0 X 2 05 o 05 10 15
Quantiles of Standard Nomnal 10g10- dose
a) QQ-plot (normal distribution) of the b) The same residuals plotted against/dose
regression residuals for an analysis as in (dose on log-scale to improve visibiljty)

Figure D.3 — Plots of regression residuals

The analysis shown in Figure D.1 was repeated but now omitting the log-transformation (see Figure D.4). The
results are somewhat different, especially with regard to the upper confidence limit for the EC,, (see
Table D.5).
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fish_growth
y = a*exp(bx)
version: 01
var- 0.30316
<+ - o o] &  2.84679
o b- -0.00885
loglik -50.15
za\v :1TRUE
solected : al

CES 0.1
CED 11.7728

weight28

NOTE Large marks: arithmetic means.

Fi

©

ure D.4 — Dose-response analysis of the fish masses, but.without log-transformation

Table D.5 — Summary of results for the-exponential model fitted
to the log-transformed masses, and the untransformed masses

EC,o 90 % Confidence interval
Analysis with log-transformation 9,19 6,86 to 13,94 2
Analysis without transformation 11,78 7,791t021,94 2

@  QObtained by the likelihood profile method.

D.3.3 Dope-response analysis for fish length

The analysis of the length data is very similar to that of the mass data. Figure D.5 shows the exponential
model fittgd to the lengths (assuming lognormality). The EC,, is estimated at 31,90 mg/l, as compared to
9,19 mg/l fpr the masses.(same model fitted). Therefore, the mass data would most likely be used for deriving
an EC,,. However, ©ne might argue that a decrease in body length by 10 % is not equivalent to a decreasg in
body masg by 10%from a biological point of view.

176 © 1SO 2006 — Al rights reserved


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

ISO/TS 20281:2006(E)

fish_growth
model 2 in terms of CED
w
~ version: 01
° :-"-s:im‘u
o CED-  31.30451
o] =
~ ] conv : TRUE
sfx:1
selected : aft
0 | Cos “aasro
o
@
N
£ ©
2 o
o
o |
e
o |
'e]
o
0 ]
<~
T T 1 T T
05 0.0 05 1.0 15
log10- dose
NQTE Large marks: geometric means.

D4

Th

Figure D.5 — Exponential model fitted tothe body lengths

A Examples of data analysis using DEBtox (biological methods)

1.1 Data

e mean initial volumetric length of Oncorhynchus mykiss is 1,222 g 173.

Table D.6 —Response versus concentration at 21 d

Concentration 0 1 2.2 4.6 10 22 6
in mg/l
Response
in mean volumetric A \1,403 1,389 1,418 1,398 1,365 1,355 %2
length, g 173

4.2 Parameter estimates and asymptotic standard deviations (ASD)

No effect concentration 5.5697 mg I 7.399

‘Blank ultimate length 15.84 g1” 1.221 -0.456
Elimination rate Infinity d-1

Initial length 1.222 g1”

Von Bertalanffy growth rate 0.00059 d-

Energy investment ratio 1

Mean deviation 0.03006 g1~

Figure D.6 — DEBtox example: Parameter estimates and asymptotic standard deviations (ASD)
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Table D.7 — EC, values (derived from parameter values)
in milligrams per litre

Day

EC,

ASD

EC1o

ASD

21

5,6

7.4

37,4

5,71

D.4.3 Graphical test of model predictions against data

178
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1.4]

1.2
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Figure D.7(—'DEBtox example: Concentration profile

1
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D.4.4 Profile likelihood for NEC estimate

Bo1dg g*owth, Assimilation model, Example 3  Profile likelihood

T T T T T T T 16
1.4 =4 114
12r T {1.2
s I - 1
o
o
=
= 08} 4 {0.8
2
= osf + 106
0.4 = 4104
0.2- T H0.2
0 1 1

1 | 1 1 Il {
08 06 04 02 0 10 20 30 40
Confidence level Concentration [mg I ]

Figure D.8 — DEBtox example;'\Profile likelihood for NEC estimate

D.4.5 Comments

The

du

mean body size at the highest .céncentration was lower than the initial one; the increas
ing 21 d in the blank was very stall. The model for effects on assimilation fitted slightly bett
effects on maintenance or growth' costs. The von Bertalanffy growth rate was fixed at 5,9 1(
Kopijman, 2000), and the initial size at 1,222 g'/3 (measured mean value). The ECs is on body lef]
is not meaningful in this case.since 50 % of the blank length is far below the initial length. The

dogs not differ significantly. frem zero, with a 95 % confidence interval of 0 mg/l to 22 mg/l.
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Annex E
(informative)

Description and power of selected tests and methods

EA Destﬂau.aLseleﬂad.maLhnMuseMﬁh_quamaLdm—
E.1.1 Cochran-Armitage trend test

E.1.1.1 General

Quantal (bjnary) data can be collected and categorized by explanatory factors (such as.dosage or treatmgnt
level). An analysis of such data usually tries to indicate relationships between the response (binary) variaple

and factor$ such as dose level. In such cases, the Pearson Chi-squared (#2) test-for independence can

be

used to find if any relationships exist. The Cochran-Armitage test decomposes the Pearson Chi-squared test

into a test for linear trend for the dose-response and a measure of lack of monatonicity,

X1 = 1(21) + Z(Zk—z)

;(2(1) is the 1 df calculated Cochran-Armitage linear trend statistic; and

Zz(k_z is the k—2 df Chi-squared test statistic for lack’of monotonicity.

Suppose the number of affected individuals is Y; within'a group of N; animals exposed to dose X;.

The propottion affected by dosage X; is p; = ¥/Iy;.
The modelis
p;=Hla+ pz),

where

z;  is/the dose-metfic (e.g. log-dose or dose rank); and
H issome twice-differentiable, monotone link function such as the logistic.

The test for linear trend is a test for = 0.

Standard weighted regression gives the estimate of g as

k
> ni(pi - )z %)

_ =1
b= : ,

Zni(zi -7)?
i=1
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ere
z is the weighted mean of the z;

p is the weighted sum of the p;,.

The test statistic for g = 0 is b2/ Var(b) which is approximately distributed as sz. Formally written, the

Co

chran-Armitage Chi-squared is

Al

wh

Th
dir

\ i=1 J
ZJ’iZi ‘lf
i=1

2
X1 =
: 2
k ZNiZl
— 2 =1
pg| D Nizf -~
‘ T
i=1
ere
T,=%Y;
T'=%N;

g is the weighted sum of the ¢, = 1- p;.

e Cochran-Armitage Chi-squared can also be‘expressed as a z-statistic in order to take accq
bction of the trend. The z-statistic is obtained from the formula given by removing the expone

unt of the
nt 2 in the

numerator and taking the square-root of the déenominator. This z-test has a standard normal distribiition under

the
un
sid
wh
ap
If d
for

Ad

wh

null hypothesis of no trend, and the_probability of the z-statistic can be obtained from a tab
ler the standard normal distribution.,Only the z-statistic is appropriate for one-sided tests. UnliK
Bd test, the 42 version of the Cochran-Armitage test can remain significant in a step-down applid
en there is a change in direction of the trend. To avoid this situation when doing a two-side
plies both one-sided z-tests.with all doses present at the /2 level. At most one of these can be

that same direction at\the «/2 level.

eneral linear trend-model for quantal data is
p; = H(a +bd;),
ere

a.and b are parameters to be estimated;

e of areas
e the one-
ation even
i test, one
significant.

ne is significant, this determines the direction of the trend and all further tests are done with thg z-statistic

d; is some metric (measure) of the exposure level (e.g. dose, concentration, log concentration);
D; is the probability of response; and
H is some monotone function, (referred to as a link function), e.g.

logistic, Hy(u)=eY(1 +eY),

probit, Hy(u) = M(u),

extreme value, Hj(u) =1 —exp(eY),

one-hit, Hy(u)=1-¢e
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For examp

le, the trend model for the one-hit link function could be written as

p;=1-exp[-(a +bd,)].

Tarone and Gart (1980) showed that for any link function likely to be of practical use, the same test statistic for
significance of trend always arises from likelihood-type considerations, namely, the Cochran-Armitage test.
Thus, it is not necessary to postulate the particular form of the link function. They also showed that this test is
in general the most efficient test of trend for any monotone model. This is one of the reasons some regard the
Cochran-Armitage test as inherently non-parametric. Hirji and Tang (1998) discuss the favourable power
properties of the Cochran-Armitage test compared to various alternatives. They offer evidence that this test

can be us

E1.1.2 4

Subjects 3
monotonic
relation to
alternative
dependeng
variation, r

E.1.1.3 Power

Extensive
instance ¢
Armitage t
the NOEQG
number of
of experim
results is f

E.1.14 ¢

Given the

given tested concentration can be calculated from one of the regression models described in Clause 6
ta. There is no direct link~between the Cochran-Armitage test statistic and these confidence

quantal d3
intervals.

E1.1.5

E.1.1.5.1

The data
replicate s
larvae did

£ L 1 <l ot HN % <l ‘oot it o ot 4+ F
U TUT olTidil odITIYIT O dlTu opyalrot Udid wWilliuut uriuutc CUTTUTTTT UTdat Tt 1o dTl aoylllplullb Col.

Assumptions

re independent within and among groups and subgroups (if present). Group jroportions
with respect to the dose score. While formally, this is a test for linear trend in~thé responss

Furthermore, rank-order of doses (or equally-spaced dose scores) iswsed to reduce do

e in the test. Note that robust versions of this test are available which.'allow for extra-binon
otably one based on a beta-binomial model.

power simulations of the step-down Cochran-Armitage teést“have demonstrated that in ev
bnsidered where there is a monotone dose-response, the\step-down application of the Cochr
pst is more powerful than Fisher's Exact test. These simulations followed the step-down procesy
treatment groups and number of subjects per group: These simulation results are useful in des

ents and are being prepared for publication by:J:W. Green. A small sample giving an idea of
bund in E.2. These should be useful in experimental design.

Confidence intervals for incidence rate

discussion above of Tarone and Gart (1980), confidence intervals for the true incidence rate 4

Example from a troutiearly life stage experiment

Data set

are fromva/trout early life stage experiment. Initially, there were 20 eggs placed in each of f
ibgroups per concentration. Of those eggs that hatched (shown as the Number at risk value), so

are
in

the dose score used, it is generally the most powerful test against any monotone dose-response

5e-
hial

ery
an-
to

determination, and covered a range of dose-respanse shapes, thresholds, background rates,

ign
the

ta
for

pur
me

not ‘survive to the time of thinning. The analysis is of the larval survival to time of thinning. Th

were two

ere

ontrol groups, one water-only and the other including a solvent that is also present in all posifive

dose groups. There were no mortalities in either control, so they were combined for further analysis.
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Dose Number Number 3 Dose
(PPM) at risk Responding Responding Score
0 125 0 0.0 1
1 62 1 1.6 2
2 62 1 1.6 3
4 60 2 3.3 4
8 65 0 0.0 5
16 72 10 13.9
32 65 29 44.6
E.1.1.5.2 Cochran-Armitage test using equally-spaced dose scores
Corhran-Armitage test is one-sided for INCREASE in RESPONSE.
Allldoses included:
SOURCE Test stat Deg Free p-value SIGNLF
Overall 140.23874 6 0
Trend 8.7567722 1 Ov =
LOF 63.55768 5 2.23ME12
With the 32 ppm concentration omitted:
SOURCE Test stat Deg Freg p-value SIGNIF
Overall 34.479817 5 1.9107E-6
Trend 4.1393854 1 0.0000174 =**
LOF 17.345306 4 0.001656
With the 32 ppm and 16 pprf ¢oncentrations omitted:
SOURCE Tesg®)stat Deg Free p-value SIGNIF
Overall5:-3062133 4 0.2572958
Trend 0.7720901 1 0.2200305
LOE 4.7100902 3 0.1942989
No|further testing is required. NOEL is current high concentration, 8 mgl/l.
E.1.1.5.3 Subgroup proportions

E.1.1.5.3.1 Analysis of subgroup proportions — General

There were actually four replicate subgroups in each concentration in this experiment, which this analysis did
not take into account. The data, broken down by replicate subgroup, are as follows. With the possible
exception of the high concentration, there is no significant evidence of extra binomial variation in these data.
While it is clear that by any reasonable analysis, the high dose group is an effects level, and there is no
reason evident in the data to suggest a need to model replicate subgroups, it may be illustrative to do such an
analysis.
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For this purpose, we analyse subgroup proportions, which are reported below. With the large number of zeros,
an analysis based on the normality of the proportion dead, even after an arc-sine square-root or Freeman-
Tukey transformation is not justified. Rather, a Jonckheere-Terpstra test is done. While this ignores
differences in sample sizes among the subgroups, these differences are small, so little precision is lost by
such an analysis. Both the Jonckheere-Terpstra and Dunn tests find the NOEC to be dose 5, or 8 mg/l, the
same as the Cochran-Armitage test.

E.1.1.5.3.2 Dunn's multiple comparisons (increasing) on DEADPROP

DOSE COUNT NO MRANK ABS DIFF CRIT05 CRITO1 SIGNIF P VAL

0 8 8 10.500 0.000 9.7600 11.9665

1 4 8 13.250 2.750 11.9535 14.6559 1.000
2 4 8 13.750 3.250 11.9535 14.6559 1.000
4 4 8 16.500 6.000 11.9535 14.6559 0.688
8 4 8 10.500 0.000 11.9535 14.6559 1.000
16 4 8 26.625 16.125 11.9535 14.6559 ** 0.004
32 4 8 30.375 19.875 11.9535 14.6559 ** 0.000

E.1.1.5.3.3 Step-down Jonckheere-Terpstra test

MONOTONICITY CHECK OF DEADPROP

PARM P T SIGNIF
DOSE TREND 0.0001 *x
DOSE QUAD 0.000% **x

KEY

zC IS JQNCKHEERE STATFSTIC COMPUTED WITH TIE CORRECTION
ZCCFEF IS |ZC WITH CONTINUITY CORRECTION FACTOR
P1UPCF 1IS p-VARUE' FOR UPWARD TREND

P1DNCF 1S p~VALUE FOR DOWNWARD TREND

p-VALUES| ARE FOR TIE-CORRECTED TEST WITH CONTINUITY CORRECTION FACTOR

SIGNIF RESULTS ARE FOR AN INCREASING ALTERNATIVE HYPOTHESIS

Hi Dose JONC zZC ZCCF P1UPCF P1DNCF SIGNIF
32 332 4.4091617 4.4281667 4.7519E-6 0.9999943 *~*

16 220.5 3.0749658 3.1003788 0.0009664 0.9988541 =**

8 124.5 0.9908917 1.0305274 0.1513813 0.8292628
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E.1.1.5.3.4 Raw data for Dunn and Jonckheere-Terpstra examples

TOTRISK is the number of larvae exposed.

DEADLARY is the number of exposed larvae found dead by the end of the experimental period.
PROPDEAD = DEADLARV/TOTRISK.

REP is an identifier for a replicate subgroup within a given concentration (CONC).

(@)
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E.1.2 Fisher's Exact test

E.1.2.1 General

Fisher's Exact test is based on a 2 x 2 contingency table where control and a single treatment group are
compared according to their prospective counts (affected/not affected). The diagram below illustrates this
case.

Table E.1 — Fisher's Exact test: Contingency table

Control group Treatment group Total
Affected g o n,
Not affected ny0 nyq ny
Total ng n 4 n.

Fisher's Exact test is based on the probability of observing nq, affected subjects in the-treatment group, if| all
marginal tptals are considered fixed. This probability is given by the hypergeometric' distribution: the stated
probability| of observing ng, affected subjects in the treatment group, given thatin, subjects were affected
overall and a total of n.. subjects were in both groups combined is

[ no ][m]
P(x=|ngq) = no'_n;” o
o)

From this, pf course, the probability of observing at least g} subjects in the treatment group is

no.
P(x2lngq)= Y. P(X =i).
i=ng1

This gives|the significance level of the-ebserved response for a one-sided test of an increase in the treatmgnt
group. Fisher's Exact test can be applied to compare each treatment group to the control, independently of all
other treatment to control comparisons. When this is done, a Bonferroni-Holm adjustment for the number of
comparisohs being made can e applied to control the over-all false positive rate.

E.1.2.2 Power

The powel of Fishet’s Exact test is available in several software packages, including StatXact 4, PASS, and
Study Size. ThevTsecond of these can be found at http://www.ncss.com. The third is available| at
StudySize@CreaStat.com 25). A simple search of the internet locates several such sites, some of which have
free downlpads. It is important to understand that the power of Fisher’'s Exact test depends on the backgroynd
(i.e. control)incidence rate, with power decreasing as background raie increases (up 1o o0 %), when all other
factors are fixed.

E.1.2.3 Assumptions

Subjects are independent within and among groups and subgroups (if present).

25) StatXact, PASS, and Study Size are examples of suitable products available commercially. This information is given
for the convenience of users of this Technical Specification and does not constitute an endorsement by ISO of these
products.
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E.1.2.4 Confidence intervals
Since no dose response relationship is assumed in using Fisher’'s Exact test, only a crude confidence interval

based on the binomial distribution or its normal approximation can be constructed for the incidence rate at a
tested concentration.

E.1.2.5 Example

The same data are analysed as for the Cochran-Armitage example. In this instance, Fisher's Exact test
reports the same NOEC as the tests given above.

FISHER EXACT TEST vs CONTROL FOR DEADLARY OBSERVED
TESTING FOR AN INCREASING ALTERNATIVE HYPOTHESIS

Number Number p-value Significance
Doge at risk Responding (Right)
i 62 1 0.33155
D 62 1 0.33155
(l 60 2 0.10400
B 65 0 1.00000
1p 72 10 0.00003 x K
3p 65 29 0.00000 xx

E.1.3 Poisson tests

E.1.3.1 General

Similar to the context of the Cochran-Armitage test, quantal (binary) data can be collected and catggorized by
explanatory factors (such as dosage or treatment level). An analysis of such data usually tries [to indicate
relationships between the response (binary) variable and factors. The counts within subgroups ar¢ assumed
to follow a Poisson distribution whose mean is a function, usually linear, of some dose metric. The use of
equially spaced dosé-scores (i.e. rank-order) makes this more a test for trend than raw doses do, When there
arg large differences in doses. An advantage of the Poisson model over the Jonckheere for quantal|data is the
us¢ of a rate muliplier to adjust for unequal sample sizes.

Suppose the number of affected individuals is Y;; within subgroup ; of group i, a group of »;; animals exposed
to the ith\dose with dose score z;. The proportion affected by this dosage is p; = Yi/nij' The model is getermined
by

e My}

yl

p[Yij =y]=

where y; is a function of dose.
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E.1.3.2 Trend version of the Poisson test

For the trend version of the Poisson test, it is typical to model

Iog(,ul.j) = Iog(rl.j) +a+ fz;,

where z; is the dose-metric (e.g. log-dose or dose rank), r;; is a rate multiplier (which can be the subgroup
size) for the jth subgroup of the ith group, and « and g are parameters to be estimated. The test for linear
trend is a test for = 0.

For the Pq

against th
group is
hypothesi

E.1.3.3

For a non
column vs

components of z; are zero.

One then fests the hypotheses 3,=0, for i=1, 2, . . . against the obvious(one- or two-sided alternatiyj

Generally,

E.1.3.4 Other tests for lack of fit of the Poisson model

There are

Reference
and Patel

Software includes the GENMOD procedure in SAS-version 8 and LogXact 426) for Windows. The availabilit

LogXact of

Robust ve
(1990); Ta

E1.3.5 4

Subjects 4
Poisson di

— Forth

alternative g > 0. If this hypothesis is rejected at the 0,05 significance level, then the high\d

of positive slope is first not rejected. The high dose remaining at this stage is the NOEC:

on-trend version of the Poisson test

trend version of this test, /%, is replaced by z’;4, where g is a parameter«ector <f, > and z; i
ctor <z, > whose uth component is zero unless u=i. For i=0 (i.e. fer\the control group),

a Bonferroni-Holm adjustment is made for the number of such,comparisons made.

ests for lack of fit of the Poisson model, which are net@described here.

5 include McCullagh and Nelder (1989), Collett;(1991), Aitkin et al. (1989), Morgan (1992), Me
1999), Hosmer and Lemeshow (1989), Thomas (1983).

exact permutation procedures is especially appropriate for small samples or rare events.

sions of the Poisson tests arevavailable. [Weller and Ryan (1998); Hirji and Tang (1998); Bres
fone and Gart (1980)].

Assumptions

re independent within and among groups and subgroups (if present). Within-group counts follo
stribution.

b trend version, a monotone trend in the dose-response is assumed.

— For th

assunjes_Poisson distribution rather than normal.

e _rion-trend version, the dose metric is not used. Rather, an ANOVA-type model is used wh

itted and the model is re-fit to the remaining dose groups. This process is continued(until the

1
Q

all

es.

hta

n

ich

Note that robust versions of this test are available which allow for extra-binomial variation among subgroups.

26) GENMOD and LogXact are examples of suitable products available commercially. This information is given for the
convenience of users of this Technical Specification and does not constitute an endorsement by ISO of these products.
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E.2 Power of the Cochran-Armitage test

E.2.1 General

It is important to understand that the power of the Cochran-Armitage test depends on the background (i.e.
control) incidence rate, with power decreasing as background rate increases (up to 50 %), when all other
factors are fixed.

The powers associated with the step-down application of the Cochran-Armitage test are not available, so far
as we know, in any commercial or on-line source or even in published form. For that reason, a set of power
plots has been included. The power of a statistical test also depends on the size effect to be [found, the
number of observations per treatment group and other factors. In comparing percent effect of treatments to a
cofnmon control using a step-down trend test, additional factors affecting power are the) shape of the

comcentration-response curve, the number of concentrations and the true threshold of toxicity (if s
exists). This last point is relevant only in that it affects the concentration-response shape by af
comcentration at which the concentration-response begins to depart from horizontal.

A full treatment of the power of the step-down Cochran-Armitage test is beingprépared for publica
aid in designing experiments, the following power curves can be used. These, are for a response
lingar concentration-response shape, with no lag (i.e. threshold = 0), for sample sizes 20, 40, 60 4
number of concentrations ranging from 3 to 5.

Af
it i
pre

Lrther consideration is whether the test is done in a one-sided er¢wo-sided fashion. For quantal
5 unusual to be interested in anything but an increased incidence rate, so only one-sided f

sented. Powers for a two-sided test are, of course, lower for the same set of conditions.

E.2.2 Interpretation of the power curves
Th
of
a 9
prd
eff
the
eff
eff
ba

ree plots are presented for each of the sample sizes 20, 40, 60 and 80 subjects per concentratio]
h set of three plots show the power of detecting an effect of a given size in the highest dose. Theg
et of three plots shows the power of detecting an effect of a given size at stage two of the
cess; that is, in the second highest dose. The third of a set of three plots shows the power of d
pct of a given size in the third highest.dose, that is, at stage three of the step-down process. Fof
vertical axis is the power or probability (expressed as a percent) of finding a significant effect
bct has the magnitude given on the horizontal axis. The horizontal axis shows the true change
bct from the control or baekground rate. Five power curves are drawn in each plot corres
ckground rates of 0 %, 5 %,;40 %, 15 %, and 20 %.

To|avoid ambiguity, it Should be noted that these powers are expressed in terms of absolute, n
change. Thus, for example, they show the power of detecting an increase of 10 percentage pd
inc
10

ch a thing
fecting the

tion. As an
following a
nd 80 and

fesponses,
owers are

n. The first
second of
step-down
btecting an
each plot,
if the true
in percent
ponding to

ot relative,
ints in the

dence rate as<@ function of background rate. For a background rate of O, this is an increase filom 0 % to
% incidence.\For a background rate of 5 %, this is an increase from 5 % to 15 %. Of course, theg
Id be expressed in terms of a decrease in the rate of non-occurrence, e.g. as decreases in su
ple arithmetic allows the use of these plots to compute relative rates of change as well.

e changes
rvival rate.

achieve at

ot know in

advance W|th certalnty at WhICh concentration th|s is ewdent from the power curves that |f we are to estimate

small changes in percent effects, then large sample sizes are needed.

In all cases shown, the test used is a 0,05-level test, as described elsewhere in this Technical Specification.
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E.2.3 Example of power computations

An example of power computations using these plots might be helpful.

Suppose one wants to determine the NOEC for mortality in an experiment with daphnia magna, where past
experience with this species and suggests the background mortality rate is near zero. The goal is to be able to
detect a 20 % mortality rate. Suppose that based on preliminary range finding experiments, a decision was
made to do an experiment with five concentrations at 50 ppm, 100 ppm, 200 ppm, 400 ppm and 800 ppm of
the test compound plus a single (non-solvent) control. Furthermore, there is no anticipation of extra-binomial
varlance or within- tank correlatlons soa standard Cochran Armltage test can be done treatmg all subJects

power of the Cochran-Armitage test depends on the shape of the dose-response curve, which we_do not knjow.
Powers hgve been simulated for numerous shapes. Based on an examination of the various|power plotg, a
reasonablg choice for design purposes is the linear dose-response shape. In addition, therpower depends|on
the threshold of toxicity. For design purposes, we assume that is zero. The following plots-help.

100 {
w 3
P
o (%]
W
E |40
R
e
® o R S SILTERELIRTETCEr ety
° E
T i ¥ 1 R 1 ] ML ML)
0.04 0.08 0.08 0.10 0.12 o.14 0.8 0.8 0.20
DELTA
BCKGRND —— GO0 veAe 0.05 o EEE Q4 o % () {5 A O D0

Figure E.1 — Cochran-Armitage test: Plot showing that 5 subjects per concentration
would give very low power

Figure E.1[shows that 5 subjects per concentration would give very low power (about 25 %) to detect a 20 %
change in the high concentration. There is little point in conducting the experiment for the purpose.

Consider g design with 20-subjects per concentration (Figure E.2).
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100 1
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o' m °- w P, Q 2°

Figure E.2 — Cochran-Armitage test: Design with 20 subjects per.concentration

Th
we)
po
20

s sample size gives a power of 82 % to detect a 20 % mortality in the (800 ppm concentration
| be adequate. Next, consider the power to detect a 20 % in lower concentrations. Fortunately
ver is lost in the step-down procedure. The power to detect a 20 %. mortality rate at 400 ppm
) ppm is 78 % and at 100 ppm is 76 %. However, if the background incidence rate were 10 %

equate for most purposes.

E.2.4 Replicates

Degisions on the number of subjects per subgroup.and number of subgroups per group should be

0.20

This may
not much
s 80 %, at
instead of

o, then the power to detect an increase in mortality rate of 20\% drops to around 40 %, which would be

based on

poyer calculations using historical control data @0 estimate the relative magnitude of within- apd among-

sulbgroup variation and correlation. If there are*no subgroups, then there is no way to distinguis
effects from concentration effects and neither-between- and within-group variances or nor correlati
estimated, nor is it possible to apply any of the statistical tests described for continuous res
sulbgroup means. Thus, a minimum of-two subgroups per concentration is recommended; three sub
mych better than two; four subgroups are better than three. The improvement in modellin
sulbstantially as the number of slibgroups increases beyond four. (This can be understood on th
grqunds. The modelling is impfoyed if we get better estimates of both among- and within-subgroup
The quality of a variance estimate improves as the number of observations on which it is based
Either sample variance has, at least approximately, a Chi-squared distribution. The quality of
esfimate can be measured by the width of its confidence interval and a look at a Chi-squared table
ements made.).

Th

po
on

b number of-stibgroups per concentration and subjects per subgroup should be chosen to provid
ver to detect an effect of magnitude judged important to detect. This power determination shoul
historical*control data for the species and endpoint being studied.

5h housing
bns can be
ponses to
groups are
g falls off
b following
variances.
increases.
A variance
verifies the

adequate
be based
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C—A POWER vs MAX RATE CHANGE OF 100"DELTA%
POWER AT DOSE S IN § DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE $IZE=20
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Figure E.3 — Cochran-Armitage power versus maximum rate’change: Power at Dose 5 in 5-dose stydy,
with trend shape linear, lag = 0, sample size = 20
C—A POWER v8 MAX RATE CHANGE OF 100"DELTA%
POWER AT DOSE 4 IN § DOSE STUDY
WITH TREND SHAPELINEAR, LAG=0, SAMPLE SIZE= 20
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Figure E.4 — Cochran-Armitage power versus maximum rate change: Power at Dose 4 in 5-dose study,

192

with trend shape linear, lag = 0, sample size = 20
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C—A POWER vs MAX RATE CHANGE OF 100*DELTAS:
POWER AT DOSE 3 IN & DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= 20
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dgure E.5 — Cochran-Armitage power versus maximum rate-change: Power at Dose 3 in 5-dose study,
with trend shape linear, lag = 0,6ample size = 20

C—A POWER vs MAX RATE'CHANGE OF 100*DELTA%
POWER AT DOSE § IN 5 DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= 40
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Figure E.6 — Cochran-Armitage power versus maximum rate change: Power at Dose 5 in 5-dose study
with trend shape linear, lag = 0, sample size = 40
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C—A POWER v MAX RATE CHANGE OF 100*DELTASG
RPOWER AT DOSE 4 IN 5 DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= 40
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Figure E.1 — Cochran-Armitage power versus maximum rate change: Power at Dose 4 in 5-dose study
with trend shape linear, lag = 0, sample“size = 40
C—A POWER vs MAX RATE CHANGE OF 100*DELTA%%
FOWER AT DOSE 3 IN §\DOSE STUDY
WITH TREND $HAPE LINEAR, [AG=0, SAMPLE SIZE= 40
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Figure E.8 — Cochran-Armitage power versus maximum rate change: Power at Dose 3 in 5-dose study
with trend shape linear, lag = 0, sample size = 40
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C—A POWER vs MAX RATE CHANGE OF 100*DELTA%
POWER AT DOSE © IN 6 DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= &
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ure E.9 — Cochran-Armitage power versus maximum rate-change: Power at Dose 5 in 5-dose study
with trend shape linear, lag = 0,sample size = 60

C—A POWER v MAX RATE CHANGE OF 1CO*DELTA%
POWER AT DOSE 4 IN & DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE=
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Figure E.10 — Cochran-Armitage power versus maximum rate change: Power at Dose 4 in 5-dose
study with trend shape linear, lag = 0, sample size = 60
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C—-A POWER v MAX RATE CHANGE OF 100*DELTA%
POWER AT DOSE 3 IN & DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= 60
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Figure E.11 — Cochran-Armitage power versus maximum rate change: Power at Dose 3 in 5-dos€
study with trend shape linear, lag = 0, sample’size = 60

C—A POWER vs MAX RATE CHANGE.OF 100*DELTA%
POWER AT DOSE S IN 5,DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE=80
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Figure E.12 — Cochran-Armitage power versus maximum rate change: Power at Dose 5 in 5-dose
study with trend shape linear, lag = 0, sample size = 80
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C—A POWER ws MAX RATE CHANGE OF 100*DELTA%
POWER AT DOSE 4 IN & DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= 80
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Figure E.13 — Cochran-Armitage power versus maximum rate change: Power at Dose 4 in| 5-dose
study with trend shape linear, lag =0, sample size = 80

C—A POWER ws MAX RATE CHANGE OF 1CO*DELTA%
POWER AT DOSE3'IN 6 DOSE STUDY
WITH TREND SHAPE LINEAR, LAG=0, SAMPLE SIZE= 80
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Figure E.14 — Cochran-Armitage power versus maximum rate change: Power at Dose 3 in 5-dose
study with trend shape linear, lag = 0, sample size = 80
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E.3 Description of selected tests for use with continuous data

E.3.1 References for selected tests
General references on trend tests are Barlow et al. (1972) and Robertson et al. (1988).
Hochberg and Tamhane (1987) discuss step-down tests in general.

Selwyn (1988) discusses the use of the Cochran-Armitage test in this way to establish the NOEC.

USEPA (1995) recommends the use of step-down trend tests to establish NOECs for both quantal (incidengce)
and contirluous responses. USEPA (1995) recommends the Mantel-Haenszel test instead of the (almiost
equivalent| Cochran-Armitage test for incidence data and Jonckheere-Terpstra test for continuous-datal to
establish the NOEC.

Dunnett arjd Tamhane (1991, 1992, 1995) discuss step-down trend tests to determine the eduivalent of NOEC
in medical ftests.

Tamhane gnd Dunnett (1996) discuss them in toxicology experiments, as do Tamhane et al. (2001), Cap|zzi
et al. (1984), Tukey et al. (1985). These authors criticize single-step procedurées—as having low power of
detecting real effects and offer step-down procedures as an improvement.

Both 1- an(d 2- tailed step-down procedures belong to the class of “fixed sequence” tests in the terminology of
Westfall (1999) and Westfall et al. (1999). Such tests also belong to the more general class of closed systems
of hypothesis tests Peritz (1970) and Marcus, Peritz and Gabriel (1976). Budde and Bauer (1989) discusk a
step-down|procedure based on the Jonckheere-Terpstra test that differs from that discussed here. Kodell and
Chen (1991) apply this same idea to quantal data, includingZthe Cochran-Armitage test. These authprs
followed tHe more general but also more cumbersome closed‘system of Peritz (1970) and Marcus, Peritz gand
Gabriel (1976) rather than the fixed sequence approach.

There are| several methods used to perform the Aests of “fixed sequence” hypotheses for continugus
responses| including Williams’ test, the Jonckheere-Terpstra test, Bartholomew’s test, Welch, and Broywn-
Forsythe tgsts, and sequences of linear contrasts, among others. These are well established as tests of the
stated hyppthesis in the statistics literature.

Williams’ tgst is also a step-down trendstest commonly used to establish NOECs in toxicological experiments.
Tamhane @and Dunnett (1996) discuss.Williams’ test and two new step-down procedures for use in toxicolpgy
and drug development. They note_the’low power of multiple comparison approaches to this work in toxicolpgy
in the confext of discussing the benchmark dose approach of Gaylor (1983) and Crump (1984). They claim
Williams’ tgst loses power under'some non-monotone alternatives, while their methods do not.

Salsburg (1986) discusses“the low power of ANOVA methods in analysing dose-response experiments. |He
recommenids Bartholomew’s test as the most general test against ordered alternatives. He discusses the yise
of linear cpntrasts,\but notes that they may not be powerful in experiments where the lower doses have|no
effect and |all the,éffect is found only at the highest dose. Contrast tests make no direct use of the supposed
monotone |doSe-response relationship, and, hence, are lower in power than alternative procedures that do.
Also, linedr “contrasts test specifically for a linear relationship, not monotone relationships. If the dokse-
response is not linear with respect to the particular dose metric used, it loses power. Bartholomew’s test is
difficult to implement and Puri (1965) has shown that Jonckheere-Terpstra test is of very similar power.
Robertson et al. (1988) has shown that under some conditions, Jonckheere-Terpstra test is more powerful,
does not assume any specific shape (such as linearity) in the dose-response, and only requires monotonicity.
It is also easily incorporated into step-down procedures. Robertson et al. (1988) discuss in great depth various
tests that are appropriate in dose-response experiments, or more generally, when the explanatory variable
has an order restriction. They found that under certain conditions, namely the mean responses are
approximately uniformly related to dose order (not magnitude); Jonckheere-Terpstra is more powerful than
other alternatives considered.
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Bartholomew (1961) compares Jonckheere-Terpstra test to his own. In the case of 3 or 4 treatment groups,
Bartholomew sees little difference between the power of the two tests, for either equally spaced means or all
but one mean equal. He, in fact, found Jonckheere-Terpstra test to be preferable, given its distribution-free
nature. For larger k£, however, Bartholomew’s test is superior for the case of all means but one equal, while
Jonckheere-Terpstra is still preferable for the equally spaced means case.

E.3.2 Williams’ Test

E.3.2.1 General

Williams' test is step-down or fixed-sequence test procedure that can be used in the same situati
Jomckheere-Terpstra test. Unlike the latter, Williams’ is based on normally distributed, (hon
regponses and formally incorporates the presumed monotone dose-response in the estimatedumea

pns as the
hogeneous
h effects at

ea¢h dose. These means are called isotonic estimates and are based on maximum likelihood theory, given
thg dose-response is monotone. Isotonic estimators were developed by Ayer et al. (1955), who ¢alled their
mgthod Pool-the-Adjacent-Violators (PAVA) algorithm. Isotonic regression was intfoddced by Bgrlow et al.
(1972).

E.3.2.2 Assumptions

Independent random samples of normally distributed, homogeneous+variables with monotone means (for
example, uy < pq < pp < ... < g4). The maximum likelihood estimate of p; under the monotone asgumption is
given by

v pa—
Y,
j=u

v b

Z”/

J=u

M = Max1<u<,~ M’”igvgk

where

?j is the arithmetic mean of dose group i; and

n; is the sample size.
The roles of Min and Max are reversed for a non-increasing trend. It is easier to compute isotonic|estimators
thgn to describe thent; Given that we expect a non-decreasing trend in the means, we look for a yiolation of
thig expected resuit/If Y, > Y, 4, then we pool (or amalgamate) these two means using a simpl¢ weighted

avegrage. We then re-examine the reduced set of means for violations of the expected order and dq additional
pooling as needed. It makes no difference in the final result which adjacent means we amalgamafe first. We
comtinue.this' amalgamation procedure until the means are in the expected non-decreasing order. The control
is mevér amalgamated with positive dose groups.

It is evident from this description that, given unequal sample sizes, it can happen that doses i and i+1 are
amalgamated and 7,,4is significantly different from the control but 7;is not. There are several ways to avoid
this situation. Williams suggests re-computing the isotonic means at each stage of the step-down procedure,
using only those means remaining at each stage. In the balanced case, this is equivalent to the procedure
already described. Another alternative is to use only the reduced set of amalgamated means and declaring all
dose groups involved in the amalgamated mean to have significant effects if the amalgamated mean is
significantly different from the control. Williams also suggests other modifications.

© 1SO 2006 — Al rights reserved 199


https://standardsiso.com/api/?name=99fb273cb874d569fd2b014c0543af93

ISO/TS 20281:2006(E)

E.3.2.3

Advantages of Williams’ test

This test makes direct use of the assumed monotone dose-response both in terms of the estimated mean
effect at each dose and in the step-down conduct of the test. Under one of the modifications indicated above,
it cannot happen that a low dose shows an effect and a higher dose does not. The test can be modified to
take multiple sources of variation into account. The same method used in the Tamhane-Dunnett test below

can be us

E.3.2.4

This test |

ed for this purpose.

Disadvantages of Williams’ test

new doseyq are substantially greater than at the lower dose levels. There can be a loss in power if theré.
change in|direction at the high dose, such as might occur if there is substantial mortality in that group. |

affected in an unknown way if the data are not normally distributed or heterogeneous. (However,"Shirle
(1979) non-parametric alternative to Williams’ is available for non-normal or heterogeneous data.) Accord
to Bretz (1999) and Bretz and Hothorn (2000), the null distribution of Williams’ test is kmown only for

balanced

20 % IargTr than the nominal. Williams (1972) claims that the equal sample size<é&tror probabilities
approxima

why this test should not be used for highly unbalanced data and they provide_an;alternative test, simila
Williams bpit overcoming several difficulties.

E.3.2.5

Definitive
published

suggest pawer characteristics similar to those for the Jonckheere-Terpstra test, so long as the data meet
requiremeﬂzts for Williams’ test and there is no change in direction at the high dose. Large-sample theoret
power pro

E.3.2.6

It is somet|mes of interest to have confidence-bands for a dose-response curve. These bands can be used

construct
confidenc

parametrig

Genz and

ase. For the unbalanced case, the actual p-value when the nominal is 0,05. can be as much

ely correct if the difference in sample sizes is not great. Bretz and Hothorn (2000) give reas

Power of Williams’ test:

power properties of Williams’ test are not readily available; though limited simulations have bg
[Marcus, R. (1976); Poon, A.H. (1980); Shirley, E.A."(1979); Williams, D.A. (1971, 1972)] {

erties have been published by Puri (1965), Bretz(1999) and Bretz and Hothorn (2000).

Confidence intervals for NOEC from Williams’ test

simultaneous confidence intervals“for mean or individual responses at different doses, fq
g intervals for doses at a given\response, and to compare different dose-response curves. In

is
y's
ing
the
as
are
ns
to

en
hat
the
cal

to
rm
the

regression context, it is quite straight forward to construct such confidence bands. When no slich
model is fif to the data, other methods)shall be employed.

Bretz (1999) have.shown how simultaneous confidence intervals can be computed for the mgan
effect at each concentration-that are applicable to Williams’ and Dunnett’s tests, as well as to various othe
These progedures may suffer from the need to compute confidence intervals for means of no interest, nam
at all congentrations rather than just at the NOEC. Hence, these intervals are wider than what might
obtained bl focusing on just the NOEC. The methods of Korn, Williams, and Schoenfeld which are descrit

Brs.
ely
be
ed

below are pppropfiate in the context of Williams’ test.
According [ teOKorn (1982), for a normally distributed response, one could construct simultaneous {-«
confidence intervals for the means y; from the tollowing.

Yj—mk’N_kS/ “/lj <ﬂj<Yj+mk,N—kS/Jnj (E1)
where

my n_ is the studentized maximum modulus distribution (Hochberg and Tamhane, 1987) for k treatment

N

200

groups and N—k degrees of freedom;

is the square-root of the pooled within-group variance estimate;
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