
Modelling survival
under chemical stress

A comprehensive guide

to the GUTS framework

Tjalling Jager and Roman Ashauer



ii

Modelling survival under chemical stress

A comprehensive guide to the GUTS framework

© 2018-2023 Tjalling Jager and Roman Ashauer. All rights reserved.
ISBN 978-1-9999705-1-2
Version 3.0, July 20, 2023

This e-book is available from Leanpub, and can be downloaded from https://leanpub.
com/guts_book. The book can be obtained totally free of charge. However, please con-
sider paying for it: that gives us the opportunity to continue working on this book,
and on other ones. A version (and error) log can be found on the support page:
http://www.debtox.info/book_guts.html. If you did not download this book from
Leanpub (recently), check the landing page for the book to see if there is an update.

Original artwork by Tom Parker (drawings on Page 8, 71 and 91): https://www.
facebook.com/TomParkerIllustration/.

You can cite this book as:
Jager T and R Ashauer (2023). Modelling survival under chemical stress. A compre-
hensive guide to the GUTS framework. Version 3.0. Toxicodynamics Ltd., York, UK.
Available from Leanpub: https://leanpub.com/guts_book.

Alternatively, refer to one of the papers in the open literature. E.g., the general paper
on guts [134].

If you spot errors (spelling, grammar, conceptual, or mathematical), please notify us
by email (see addresses below).

Tjalling Jager

tjalling@debtox.nl
DEBtox Research, Stevensweert, The Netherlands

Roman Ashauer

roman@ecotoxmodels.org
University of York, York, United Kingdom and Syngenta Crop Protection AG, Basel
4058, Switzerland

https://leanpub.com/guts_book
https://leanpub.com/guts_book
http://www.debtox.info/book_guts.html
https://www.facebook.com/TomParkerIllustration/
https://www.facebook.com/TomParkerIllustration/
https://leanpub.com/guts_book


Contents

Preface vii

About this book . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

Support on the web . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

About the authors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

Warnings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

1 Introduction 1

1.1 Relevance of survival . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 The descriptive approach . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 General aspects of tktd modelling . . . . . . . . . . . . . . . . . . . . 4

1.4 Individual tolerance versus stochastic death . . . . . . . . . . . . . . . 7

1.5 History of guts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.6 Structure of this book . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2 Description of guts 17

2.1 The full guts model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2 Special cases and parameters explained . . . . . . . . . . . . . . . . . . 21

2.3 Statistics and model �tting . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4 Thoughts on optimal test design . . . . . . . . . . . . . . . . . . . . . . 40

3 Mathematical treatment 45

3.1 The full guts model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.2 The reduced guts model . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.3 Special cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.4 Notes about implementation . . . . . . . . . . . . . . . . . . . . . . . . 56

3.5 Statistics and model �tting . . . . . . . . . . . . . . . . . . . . . . . . . 57

4 Case study: dieldrin in guppies 71

4.1 Data set and modelling platform . . . . . . . . . . . . . . . . . . . . . . 71

4.2 Selecting models and starting values . . . . . . . . . . . . . . . . . . . . 72

4.3 Fitting the models to the data . . . . . . . . . . . . . . . . . . . . . . . 75

4.4 Intervals on model parameters . . . . . . . . . . . . . . . . . . . . . . . 78

4.5 Intervals on model curves . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.6 Model predictions with intervals . . . . . . . . . . . . . . . . . . . . . . 88



iv CONTENTS

5 Case study: propiconazole in amphipods 91
5.1 Data set and modelling platform . . . . . . . . . . . . . . . . . . . . . . 91
5.2 Preliminary �t and pro�ling . . . . . . . . . . . . . . . . . . . . . . . . 92
5.3 Bayesian analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
5.4 Detailed plots with prediction intervals . . . . . . . . . . . . . . . . . . 99
5.5 Predictions and validation . . . . . . . . . . . . . . . . . . . . . . . . . 103
5.6 Including body-residue data . . . . . . . . . . . . . . . . . . . . . . . . 107

6 Case study: �upyradifurone in midges 111
6.1 Data set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
6.2 Model analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
6.3 Calibration and validation . . . . . . . . . . . . . . . . . . . . . . . . . 116
6.4 Model predictions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
6.5 Calibration on all data sets . . . . . . . . . . . . . . . . . . . . . . . . . 127
6.6 Conclusions on this case study . . . . . . . . . . . . . . . . . . . . . . . 133

7 Use cases 135
7.1 Dose-response modelling and LC50 calculation . . . . . . . . . . . . . . 135
7.2 Oil pollution in the marine environment . . . . . . . . . . . . . . . . . 136
7.3 Pesticides in aquatic systems . . . . . . . . . . . . . . . . . . . . . . . . 139
7.4 Intermittent pesticide exposure in terrestrial mammals and birds . . . . 141
7.5 Pesticide e�ects in bees . . . . . . . . . . . . . . . . . . . . . . . . . . . 142
7.6 Opportunities within reach . . . . . . . . . . . . . . . . . . . . . . . . 145
7.7 Predicting toxicity of untested compounds via read-across . . . . . . . . 147
7.8 Identifying or con�rming mechanism of action (grouping into category) 150
7.9 Extrapolation across species . . . . . . . . . . . . . . . . . . . . . . . . 151
7.10 Mixture toxicity and sequential or time-variable exposures to multiple

toxicants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152
7.11 Sub-model in individual-based population models . . . . . . . . . . . . 153
7.12 Assumptions behind extrapolations to other scenarios . . . . . . . . . . 153

8 Model evaluation 157
8.1 Conceptual model evaluation . . . . . . . . . . . . . . . . . . . . . . . . 158
8.2 Implementation veri�cation . . . . . . . . . . . . . . . . . . . . . . . . 159
8.3 Data evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
8.4 Model output veri�cation (calibration) . . . . . . . . . . . . . . . . . . 160
8.5 Model analysis (sensitivity and uncertainty) . . . . . . . . . . . . . . . 162
8.6 Model output corroboration . . . . . . . . . . . . . . . . . . . . . . . . 167
8.7 Evaluating model quality for era . . . . . . . . . . . . . . . . . . . . . 168

9 Outlook 173
9.1 U is for uni�ed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173
9.2 Big open research questions . . . . . . . . . . . . . . . . . . . . . . . . 173
9.3 Developments in regulatory setting . . . . . . . . . . . . . . . . . . . . 174
9.4 What do we need? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

Bibliography 175



CONTENTS v

Glossary 189

Appendices 193

A Ring test 193
A.1 Data provided to modellers and tasks set . . . . . . . . . . . . . . . . . 194
A.2 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 196
A.3 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202
A.4 Ring-test participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203
A.5 Brief description of software platforms . . . . . . . . . . . . . . . . . . 203

B Model extensions 215
B.1 Extensions of TK . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 215
B.2 Extensions of the damage module . . . . . . . . . . . . . . . . . . . . . 223
B.3 Extensions for the death mechanism . . . . . . . . . . . . . . . . . . . . 225
B.4 Mixture toxicity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231
B.5 E�ects of temperature on parameters . . . . . . . . . . . . . . . . . . . 235
B.6 Rules for starting values, for local optimisation . . . . . . . . . . . . . . 236

C Typical identi�ability problems and limit cases 239
C.1 Fast and slow kinetics . . . . . . . . . . . . . . . . . . . . . . . . . . . 239
C.2 Single-dose runaway . . . . . . . . . . . . . . . . . . . . . . . . . . . . 249
C.3 Relevance of the runaway cases . . . . . . . . . . . . . . . . . . . . . . 250
C.4 Identifying background hazard . . . . . . . . . . . . . . . . . . . . . . . 254

D Sampling from parameter space 259
D.1 Sampling from probability distributions . . . . . . . . . . . . . . . . . . 259
D.2 Frequentist sampling, basic principles . . . . . . . . . . . . . . . . . . . 260
D.3 Implementations of these principles . . . . . . . . . . . . . . . . . . . . 263
D.4 A closer look at the Bayesian sample . . . . . . . . . . . . . . . . . . . 265

E Relationship to Haber's rule 269
E.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 269
E.2 Special cases of damage dynamics . . . . . . . . . . . . . . . . . . . . . 270
E.3 Death mechanisms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272
E.4 Summarising the results . . . . . . . . . . . . . . . . . . . . . . . . . . 275
E.5 Reported slopes of the dk equation . . . . . . . . . . . . . . . . . . . . 277



vi CONTENTS



Preface

About this book

Stressors, such as toxicants, can cause mortality among organisms. Interestingly, not all
individuals will die at the same time in the same exposure treatment, and the number
of deaths will change with exposure time. The pattern of mortality will also depend on
the exposure pro�le (e.g., constant versus pulsed exposure), and can be modi�ed by the
addition of other stresses (e.g., mixture toxicity). Making sense of these complex issues
requires mechanism-based models, known as toxicokinetic-toxicodynamic (tktd) mod-
els. For mortality, almost all published tktd models can now be viewed as members of
an over-arching framework, that we have christened guts: the General Uni�ed Thresh-
old model of Survival. guts has been published in the scienti�c literature [134], but
a publication is obviously not the place to provide a detailed description of the model
and its background, nor to provide guidance on how to apply the model in practical
situations. Furthermore, a publication is static, while science and its application is
(hopefully) progressing. As the guts framework is now gaining broader interest in the
scienti�c, regulatory and industry communities, it is time for a more in-depth treatise.

The �rst version of this book was released in January 2018. We decided to pub-
lish this book with Leanpub for several reasons. Firstly, this provides us with the
opportunity to update our book as frequently as we like (a publication in the scienti�c
literature is static). This is not only important to repair errors, but also to include new
developments as soon as possible, so keeping it up-to-date. Secondly, Leanpub allows
people to access the book for free. This is important to reach a large audience, but also
to allow this book to function as a reference or guidance for the use of guts models in
a regulatory setting.

As the users of (results of) guts models will have very diverse backgrounds, we only
make few assumptions about the reader's knowledge regarding mathematics, statistics
and ecotoxicology. Therefore, this book should also be readable for undergraduate
students in the natural sciences. In any case, the conceptual basis of the model and
its application can be understood without full understanding of the technical details
(which we provide as well). At the end of the introduction (Section 1.6), we provide
a short `readers guide'. To refresh your knowledge of di�erential equations, modelling
and statistics, we suggest the dedicated e-book `Mechanistic modelling essentials' [133].

Note that this book deals with e�ects on survival, and potentially other `all-or-
nothing' responses (such as immobility). The guts framework, however, can not deal
with e�ects on graded endpoints such as growth and reproduction (see [10]). For those
endpoints, an energy-budget perspective is required, such as o�ered by Dynamic Energy
Budget (deb) theory (see [143, 129]). For the interested, we advise the dedicated e-book
`Making sense of chemical stress' as a gentle introduction [132].



viii Preface

Support on the web

The supporting web page for this book is http://www.debtox.info/book_guts.html,
which contains a version (and error) log and information directly relating to the book.
Additional information can be obtained from http://www.debtox.info (maintained
by Tjalling) and http://www.ecotoxmodels.org/ (maintained by Roman). Here, you
will �nd (links to) software to perform guts calculations, and (lists of) publications
that apply these concepts.
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Chapter 1

Introduction

1.1 Relevance of survival

Why are we interested in survival in the �rst place? Survival is a relevant endpoint for
many questions related to the e�ects of chemicals in the environment. Which species,
populations and communities are most vulnerable to chemical pollutants? Which chem-
icals are most likely to pose a risk to the environment? Knowing if a chemical a�ects
the survival of organisms, and in which concentration range, is central to answering
these questions. Furthermore, survival is easy to measure in short toxicity tests, which
are often termed acute toxicity tests, and has a clear and unambiguous relation with
population dynamics of a species. Often, the organism's sensitivity to lethal e�ects is
used as a proxy for toxicity in general, and acute toxicity data are required in virtually
every framework for chemical risk assessment [196, 238]. Therefore, acute toxicity tests
have been, and still are, routinely carried out for thousands of chemicals, for example
using �sh or water �ea as the test organism. Clearly, it is imperative to make the best
use of this data and the information contained in it, and model analysis is the only
way to achieve that. Finally, the knowledge that we gain, and the concepts that we
advance, through modelling survival can later be transferred to modelling other kinds
of data.

In ecotoxicology, mortality due to chemical stress is an important endpoint, both
from a scienti�c and regulatory perspective. The framework of the General Uni�ed
Threshold model of Survival (guts) originated in ecotoxicology, and this is where we
currently see most applications. However, we believe that the guts framework, and this
book, will be of interest to readers from other �elds of science as well. Mortality due to
chemicals is also of interest in human toxicology and epidemiology [228], pharmacology
and medical research [7, 153]. We can further generalise from mortality due to chemical
stress to failure or any binary event due to other stressors or external factors. This
means that modelling survival, and hence guts, becomes relevant and applicable to
problems in a diverse range of �elds. This includes biological problems [55, 96, 97, 183]
and engineering [86], where the survival of mechanical parts is modelled using reliability
theory [177], as well as social sciences where the occurrence of certain events is analysed
using event history analysis [4, 51, 112]. We believe that guts, or elements of it, can
help to generate new insights into a wide range of problems. All that is needed is to
replace the death of test organisms used as examples throughout this book with the
binary event of interest and replacing the toxicant concentration, which is the stressor



2 Introduction

Table 1.1: Examples of stressors and stressed entities in di�erent �elds of inquiry. All of those �elds
are interested in the analysis of survival (of the stressed entity) over time. In the social
sciences it would be more appropriate to talk about in�uence instead of stress.

Field of inquiry Stressor examples Stressed entity Relevant terms used

Ecotoxicology Toxicant Organisms in the envi-
ronment

Survival analysis, hazard
modelling, toxicodynamics

Toxicology Toxicant Humans Survival analysis, hazard
modelling, toxicodynamics

Epidemiology Toxicant, pathogens,
environmental factors

Humans Survival analysis, hazard
modelling

Medical research and
pharmacology

Toxicant, pharmaceuti-
cal, medical treatment
(e.g., operation, radia-
tion)

Humans, rats, mice Survival analysis, event his-
tory analysis, pharmacody-
namics

Biology Environmental factors Organisms in the envi-
ronment, humans

Reliability theory, mortality,
hazard

Actuarial science Environmental, social
and economic factors

Humans Force of mortality, mortality
rate, death rate

Engineering Mechanical forces, heat,
radiation, electricity

Machine parts or prod-
ucts

Reliability theory, failure
probability, accelerated life
testing

Social sciences Policy, social & eco-
nomic factors

Social systems, organi-
zations, human behav-
ior

Event history analysis,
transition analysis, duration
analysis

used here, with the intensity of any other stressor or causative factor.

1.2 The descriptive approach

Why do organisms die, or better: why don't all individuals die at the same time under
the same conditions? Over the years, scientists and professionals interested in the
process of mortality (biologists, toxicologists, actuaries, etc.) have generally avoided
this question and settled for a description (see Fig. 1.1 for two examples). These
descriptions have a number of problems associated with them, all related to the fact
that they are used to describe the data rather than to explain or understand them. To
focus on (eco)toxicology: in this �eld, it is common practice to �t a standard curve (such
as the log-normal or the log-logistic) to the data for survival versus concentration at a
single time point, generally at the end of the experimental test (see right panel of Fig.
1.1). From this curve, one can deduce the concentration at which 50% of the individuals
survive, and this concentration is promoted to the status of `summary statistic': all of
the information of the toxicity test is reduced to a single value. This value goes under
di�erent names, such as LC50 (when exposure is expressed as a concentration), LD50
(when exposure is expressed as a dose), EC50 (when the e�ect is not mortality but e.g.,
immobility), etc. Of course, one can also calculate an LC10 or an LC90, or in general
an LCx for any x between 0 and 100%.1 In toxicology, such summary statistics from a
dose-response �t are often referred to as the `benchmark dose' [67].

It has long been known that LC50s depend on exposure time: under constant expo-
sure, they generally decrease gradually over time, and asymptotically approach a stable

1Generally excluding the boundaries, depending on the curve that is selected to describe the data. For
probability distributions like the log-normal and log-logistic, the LC0 will always be 0, and the LC100 will
always be in�nite, irrespective of the mean and standard deviation.
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Figure 1.1: Two examples of descriptive survival functions. Left: survival curves for males and
females in the Netherlands in 2012 (data from `Nationaal Kompas'). Right: survival of
guppies after 4-day exposure to dieldrin (data from [42]). Equations for the Gompertz-
Makeham hazard function (left, hazard explained in Chapter 2, and see Appendix B.3.6)
and the log-logistic dose response are provided here without further explanation.

value, designated the `incipient LC50' (see e.g., [234]). Unfortunately, the time needed
to achieve this incipient LC50 depends on properties of the chemical (e.g., mode of
action and hydrophobicity) and the organism (e.g., species and body size). As soon as
we select a standard exposure time for the LC50 (e.g., 4 days in acute �sh tests and
2 days for Daphnia) we have generated a problem: we cannot meaningfully compare
toxicity between chemicals and species anymore. An example plot is shown in Figure
1.2; which of the two chemicals is `more toxic' to this species? The answer to that
question depends on the exposure time, which is arbitrarily standardised in toxicity
tests. Similarly, if the two curves in Figure 1.2 would represent two species exposed to
the same chemical, we would have di�culties selecting the `most sensitive' species.

exposure time

L
C

5
0

A

B

Figure 1.2: Example of LC50-time relationship for two hypothetical chemicals A and B in the same
species. Depending on where to standardise the exposure time, a di�erent conclusion of
the `most toxic chemical' will be derived. Similarly, if A and B are di�erent species for
the same chemical, it will be hard to select the `most sensitive species'.

The LC50 describes the e�ect resulting from a constant exposure concentration for

http://www.nationaalkompas.nl/gezondheid-en-ziekte/sterfte-levensverwachting-en-daly-s/levensverwachting/wat-is-in-nederland-de-levensverwachting/
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a speci�c exposure duration. This implies two constraints: the LC50 is meaningful
only when the exposure concentration in the test system has been kept constant, and
secondly, that the LC50 is relevant for �eld situations only as long as the exposure
situation is the same as that in the test (constant exposure over the same duration as
the test, and similar environmental conditions). When the chemical concentration in
the toxicity test is varying over time, the LC50 represents that particular time pattern
of exposure only. If we have an LC50 for constant exposure but want to assess the
e�ects of a time-varying exposure pattern, we have a problem: the 4-day LC50 cannot
say anything useful about the consequences of a 1-day pulse exposure. This problem is
often addressed in a rather ad hoc fashion: taking the peak exposure concentration, or
the time-weighted average concentration, and use that as if it were a constant exposure.

The problems with the factor of exposure time and time-varying exposures, ex-
plained above, highlight the fact that the LC50 is merely a description. It describes
the e�ects in a certain setting: constant exposure over a speci�c number of days, under
standardised test conditions. Descriptions may be very useful, as long as one does not
need to extrapolate beyond the conditions used to generate the data set. Unfortunately,
in environmental risk assessment, we are usually interested in situations that are very
di�erent from those in the standardised toxicity tests. For example, for plant-protection
products, constant exposure in the �eld would be an exception, and in any case, one
is usually interested in e�ects over longer durations than those used in acute toxicity
testing.

1.3 General aspects of tktd modelling

Solving the issues raised in the previous section requires a more mechanistic approach,
that explicitly includes the factor of `time'. So why does the e�ect of a toxicant depend
on the exposure time? The �rst step to answering this question is to realise that it is
generally not the external concentration that directly produces the toxicity, but that
chemicals �rst need to be taken up into the body before they can exert an e�ect. We
thus need a toxicokinetic (tk) model. The link between internal concentrations and
e�ect comes with its own time dependencies, which is why we additionally require a
toxicodynamic (td) model.2 The term tktd modelling applies to all models that
include a mechanism-based representation of toxicokinetics (from external to internal
concentrations) and toxicodynamics (from internal concentrations to e�ects over time).
This is schematically drawn in Figure 1.3. guts also falls within this category of
models.

The application of tktd models o�ers a wide range of advantages over descrip-
tive approaches, which has been discussed in detail elsewhere [143, 18, 132]. Most
importantly, these models are the only way to deal with the fact that toxicity is a
process in time, and they are the only way to make educated extrapolations beyond
the conditions of the experimental test. Furthermore, they are the only way to learn
something useful from experimental data, which will eventually lead to possibilities to
extrapolate between chemicals and between species. These are not new insights but,
nevertheless, uptake into routine risk assessment of chemicals has been a rather slow
process. In 2006, tktd models were included in oecd/iso guidance for the analysis

2The use of the terms `kinetics' and `dynamics' in this way has been a tradition in toxicology and pharma-
cology, but di�ers from the classical use of those terms in other �elds such as physics.
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of dose-response data [201], but this did not lead to an increased use of these methods.
However, more recently, serious steps have been taken by efsa towards implementation
of tktd models in the risk assessment of plant protection products in Europe. tktd
models were mentioned as complementary method for tier-2 assessments in 2013 [78].
In 2018, a dedicated scienti�c opinion on tktd modelling was published [82], focussing
on risk assessment for aquatic organisms, and judging guts to be �ready to be used
in risk assessment�. guts also plays a prominent role in the 2023 guidance for risk
assessment of bees [83], and is mentioned as a potential tool in the risk assessment for
birds and mammals [84]. We will return to these and other practical applications in
more detail in Chapter 7.

toxicokinetics

damage dynamics

internal concentration over time

external concentration (over time)

observed effects over time

effect mechanism

toxicodynamics

damage level over time

toxicokinetics

target site

Figure 1.3: Toxicokinetic and toxicodynamic models are used to translate (time-varying) external
concentrations to time patterns of e�ects. Toxicodynamics is split up in a `damage'
module and the actual mechanism that links damage to the e�ect on the observable
endpoint (in our case: survival).

The tk module in tktd may range from a simple one-compartment model to
physiologically-based models, including a representation of organs and tissues. For
applications in ecotoxicology, the one-compartment model is the starting point as we
generally lack the information to parametrise more complex models. Furthermore, it
is good to realise that physiologically-based tk models will usually simplify to one-
compartment behaviour when the internal redistribution between the tissues is fast,
relative to the exchange with the exposure medium. Apart from adding compartments
to represent di�erent parts of the organism, such an extension may also be warranted
for organic chemicals that are biotransformed (see examples in ecotoxicology in [20, 165,
219]). For metals, more complexity in tk thinking is needed, as the relevant internal
concentration for toxicity appears to be the fraction of metal inside the organism that
is metabolically available, and in excess of physiological requirements (see e.g., [213,


