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Abstract
Within the EU, the management of the risks of chemicals currently falls under a new
legislation called Registration, Evaluation, and Authorization of Chemicals (REACH).
Within the next 10 years, the existing (eco)toxicological data gaps for the more than 100 000
chemicals on the European Inventory of Existing Commercial Substances (EINECS) should
be filled. The challenge is to provide this toxicity information in a fast, cost effective manner,
avoiding the use of experimental animals as much as possible. In this regard, REACH
has provisions to allow for the use of in vitro and/or in silico methods, e.g. those based on
(Quantitative) Structure Activity Relationships [(Q)SARs], to provide toxicity information
or identify hazards of chemicals. This information can subsequently be used to identify
priority chemicals for further risk evaluation. A QSAR is based on the assumption that
the biological activity of a new or untested chemical can be inferred from the molecular
structure, or properties of similar compounds whose activities have already been assessed.
Therefore, using the chemical structure of chemical compounds as the sole input, one can
build a toxicity prediction model based on parameters that define the physico-chemical
properties and relative reactivity of the compounds. The objective of this thesis was to apply
OECD guidelines in the development of validated QSAR models that describe acute toxicity
of selected groups of EINECS chemicals to various organisms. In addition, an estimate
was made of the total number of EINECS chemicals that could be possibly evaluated using
(Q)SAR approaches.
Based on experimental toxicity data from literature and in silico calculated log Kow (a measure
of hydrophobicity) values, a QSAR advisory tool was developed that directs users to the
appropriate QSAR model to apply for predicting toxicity of substituted mononitrobenzenes
to five types of organisms within specified log Kow ranges. In a next study, QSAR models
were developed to predict in vivo acute toxicity of chlorinated alkanes to fish based on data
from in vitro experiments, and even based on in silico log Kow data only. Furthermore,
using toxicity data from acute immobilization experiments with daphnids, an interspecies
QSAR model was developed to predict toxicity of organothiophosphate pesticides to fish
based on toxicity data for daphnids and in silico log Kow values. The QSAR models for the
mononitrobenzenes, chlorinated alkanes, and organothiophosphates covered in total 0.7 %
of the 100 196 EINECS chemicals. In a final step, using chemical classification software,
54 % of the EINECS chemicals were grouped into specific classes that can in theory be
subject to QSAR modeling. The safety assessment of one group of compounds that could
not be classified e.g. botanical extracts might be done by further development of a method

recently reported for the safety assessment of natural flavour complexes used as ingredients in
food. This would result in an additional 3 % of the EINECS chemicals that could potentially
be covered by SAR approaches, bringing the total percentage of EINECS compounds that
can be covered by (Q)SAR approaches to 57.
In conclusion, the results of this thesis reveal that, (i) in vitro experiments and even in silico
calculations can help to reduce or replace animals used for experimental toxicity testing and
(ii) despite the fact that individual QSARs may often each cover only limited, i.e. less than
1%, of the EINECS compounds, (Q)SAR approaches have the potential to cover about 57 %
of the EINECS compounds.
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Introduction
Chemicals are part of everyday life. They are present in our shower gels, the shoes
we wear, the medicines, textiles and cars we use, the packaging material of our food,
the electronic devices that make our life convenient and many more. The importance of
chemicals in everyday life is such that we cannot do without them and their use is ever
increasing. Global trade in chemicals almost doubled from € 962 billion in 1996 to € 1 641
billion in 2006 (1). The chemical industry within the European Union (EU) accounts for about
€ 476 billion of the total sales (Figure 1.1), which is about 30 % of the global sales. The EU
chemical industry comprises about 27 000 enterprises employing about 1.2 million people,
which accounts for about 6 % of the total workforce in the manufacturing industries (1).

Chemical sales (billion Euros)

600
500
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Asia

European
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NAFTA*

Rest of
Europe**

Latin
America

Others***

Region
Figure 1.1: Geographical breakdown of world chemical sales. *North American Free Trade Area,
**Switzerland, Norway and Central and Eastern Europe, ***Oceania and Africa. Adapted from
CEFIC, 2007)

The use and production of chemicals has been associated with several industrial and
environmental incidences over the years. These include for example, (i) the methylmercury
poisoning in the Minamata bay in Japan between 1932 and 1968 (2, 3), (ii) the dichloro-diphenyltrichloroethane (DDT) pesticide poisoning in the USA in the 1960s, documented in the book,
Silent Spring, by Rachel Carson (4), (iii) the dioxin poisoning incident in Seveso, Italy in 1976
(5), and (iv) the methyl isocyanate poisoning in Bhopal, India, in 1984, popularly known as the
Bhopal incident (6, 7). In addition, there is chronic exposure to much lower levels of chemicals,
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which is much more often occurring than dramatic incidences. Incidences of some diseases
e.g. testicular cancer in young men, breast cancer, and allergies have increased significantly
over the last decades and some evaluations have related this to increased exposure to chemicals
(8). The Scientific Committee on Toxicity, Ecotoxicity and the Environment (CSTEE)
stated that “…links have been reported between high levels of persistent potential endocrine
disrupting chemicals and reproductive and developmental effects in wildlife populations” (9).
Globally, there are about 16 million chemicals registered for use by the Chemical
Abstracts Service. Within the EU, the registration of chemicals is governed by regulation
(EC) 793/93, which classifies chemicals into two categories, “existing” or ”new”, depending
on the date on which they entered the market (10). “Existing” chemicals were already on
the EU market in the period between 1 January 1971 and 18 September 1981. They amount
to 100 196 chemicals and are listed on the European Inventory of Existing Commercial
Chemical Substances (EINECS) (EC, 1990). Since 19 September 1981 only 4 381 “new”
chemicals (at the time of writing this thesis) have been added and they are listed on the
European List of Notified Chemical Substances (ELINCS) (11). In comparison, in the
USA, about 2 000 chemicals are notified every year. Both ELINCS and EINECS chemicals
are regulated by more than 40 pieces of legislation (12). While ELINCS chemicals were
required to be tested before introduction on the market when their volumes were as low
as 10 kg per year and higher, EINECS chemicals were exempted from premarket testing,
even though they constituted 99 % of the total volume of chemicals on the market at that
time (8). Therefore, there exist large toxicity data gaps for EINECS chemicals. Out of the
approximately 2 700 high production volume (HPV; production volume > 1 000 ton per year)
EINECS chemicals, 141 chemicals were identified as priority substances for risk assessment
and possible recommendations for risk reduction (12). Comprehensive risk evaluation has
been completed for less than 30 % of these 141 chemicals. Analysis of the availability of
data for all the HPV chemicals indicated that only 3 % of the HPV chemicals had a full
toxicity data set needed for risk evaluation, while 28 % had minimal data sets (Table 1.1) (13).
To address the concerns about the lack of toxicity information for EINECS
chemicals, the European Commission adopted a new regulatory framework for the
Registration, Evaluation, and Authorization of Chemicals (REACH) in December
2006 (14). REACH came into force in June 2007 and it shifts the responsibility of
assessing and managing the risks posed by chemicals from governments to industry.
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Table 1.1: Percentage of the 2 700 high production volume EINECS chemicals for which effect data
are available. (13)
Test type

Fulla dataset (%)

Minimalb dataset (%)

Environmental Fate/Biodegradation

30

61

Ecotoxicological

9

72

Acute toxicity

29

81

Chronic toxicity

58

58

Mutagenicity

37

68

Developmental/Reproductive

20

15

Environment

5

57

Human Health

12

33

All data

3

28

Full dataset –Environmental fate (photodegradation, stability in water and soil, biodegradation, bioaccumulation)
Ecotoxicological (toxicity to aquatic invertebrates, aquatic plants, andmicroorganisms)
Acute toxicity (oral, inhalation, dermal, eye and skin irritation, sensitization)
Chronic toxicity (repeated dose toxicity)
Mutagenicity (genetic toxicity in vitro and in vivo)
Developmental and reproductive toxicity
b
Minimal dataset –Any one of the endpoints in environmental fate, ecotoxicity, acute toxicity, mutagenicity and
developmental/reproductive toxicity plus biodegradation and chronic toxicity
a

Some of the main aims of REACH are (i) improved protection of human health and the
environment, (ii) maintenance and enhancement of the competitiveness of the EU chemical
industry, and (iii) promotion of non-animal alternatives to chemical testing. A comparison
of the old and new (REACH) chemical management systems is shown in Table 1.2. Within
the REACH framework, manufacturers are required by the year 2018 to provide toxicity
information for about 30 000 chemicals with annual production volumes greater than 1 ton. The
amount of toxicity data required for a chemical increases with increasing production volume.
There is currently ongoing debate about the potentially large number of animals that
have to be used for experimental toxicity testing as an outcome of REACH. These concerns
also arise from the numbers of animals that are currently used worldwide for experimental
purposes. In 2005, about 14 million animals were reported to be used worldwide, with use
within the EU accounting for 12 million (15), and the USA using about 2 million animals
(16). The USA figure excludes rats and mice, because their usage is not generally reported
(16). The numbers of animals used could be higher than 100 million per year, as usage is not
reported on other continents. The guiding principles for animal experimentation over the
last 50 years are mainly based on measures aimed at reducing, refining, and/or replacement
of animals for experimental purposes, traditionally known as the “three R’s” (17).
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Table 1.2: Comparison of the old EU chemical management system, and the new system, REACH.
(14)
Old chemical management system

REACH

Knowledge gaps in many of the chemicals on the Close the knowledge gaps by providing safety
EU market.
information about chemicals produced or
imported in volumes higher than 1 ton /year per
manufacturer / importer.
The ‘burden of proof’ was on the authorities
who needed to prove that the use of a chemical
substance was unsafe before they could impose
restrictions.

The ‘burden of proof’ will be on industry and all
actors in the supply chain who have to demonstrate
that the chemical can be used safely.

Notification requirements for ‘new substances’
started at a production level of 10 kg. Already
at this level, one animal test was needed. At
1 ton, a series of tests including other animal
tests had to be undertaken.

Registration will be required when production/
import reaches 1 ton. As far as possible, animal
testing will be minimized.

Costly to introduce a new substance on the
market. This encouraged the continued use of
“existing”, untested chemicals and inhibited
innovation.

Innovation of safer substances will be encouraged
under REACH through lower registration costs for
new substances.

Public authorities were obliged to perform
comprehensive risk assessments that were slow
and cumbersome.

Industry will assess the safety of identified uses,
prior to production and marketing. Authorities will
focus on issues of serious concern.

These principles encourage (i) replacement of the use of animals with alternative
techniques, (ii) reducing the number of animals used to a minimum, obtaining information
from fewer animals or more information from the same number of animals, and (iii) refining
the way experiments are carried out to ensure that animals suffer as little as possible (17).
There have been global efforts to implement the three R’s while still better monitoring
the effects of chemicals. Efforts to implement the three R’s have resulted in the establishment
of animal alternative centers, e.g. the John Hopkins Center for Alternatives to Animal Testing
(CAAT; http://caat.jhsph.edu/) in USA, the Netherlands Centre for Alternatives (NCA; http://
www.vet.uu.nl/nca/), and the European Center for the Validation of Alternative Methods
(ECVAM; http://ecvam.jrc.it/). Within the REACH framework, there are provisions to
allow alternative testing methods e.g. in vitro and in silico. Due to the large amount of
toxicity information that is required within 10 years, methods that can help to direct priorities
for future toxicity testing will help to save time, money, and animals. In this regard, in
silico methods such as those based on (Quantitative) Structure Activity Relationships
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[(Q)SARs] are expected to provide toxicity information or identify hazards of chemicals,
and this information can subsequently be used to identify priority chemicals for further risk
evaluation. The objective of this thesis was to develop validated QSAR models that can be
used to predict the toxicity of chemicals, and thus help set priorities for future toxicity testing
of chemicals and help to reduce the numbers of animals used for experimental purposes
within REACH. In addition, an estimate was made of the total number of EINECS chemicals
that could be possibly evaluated using QSARs.
(quantitative) structure-activity relationships
A (Quantitative) Structure-Activity Relationship [(Q)SAR] is based on the assumption
that the biological activity of a new or untested chemical can be inferred from the molecular
structure, or properties of similar compounds whose activities have already been assessed
(18). When the relationship is developed with (i) non continuous or categorical data, it is
called a SAR and (ii) continuous or quantitative data it is called a QSAR (18). In order for
one to perform a QSAR analysis, three elements are needed: (i) biological data for a set of
chemicals, (ii) a descriptors e.g. for physical or chemical properties of the chemicals, and
(iii) a statistical method to relate the biological activity and the descriptor(s) (19). The two
main fundamental assumptions of QSARs are that (i) similar chemicals have sufficiently
common mechanistic elements, that they may have a rate-determining step and free energy
requirements for activity in common, and (ii) differences in reaction rates for this common
rate-limiting step will give rise to observed differences in activity or quantitative potency
(18).
The first work on QSARs can be traced back to the PhD thesis work of Cros (1863) in
Strasbourg, France, who showed that a relationship exists between the toxicity of primary
aliphatic alcohols and their water solubility (20). In the field of aquatic toxicology, QSARs
can be traced back more than 100 years to the work of Hans-Hörst Overton in Zürich and
Meyer in Marburg who demonstrated that the potency of substances producing narcosis
in tadpoles and small fish is in direct proportion to their partition coefficients measured
between olive oil and water (21, 22). In 1969, Corwin Hansch, considered the founder
of modern QSAR research, stated that the biological activity for a group of congeneric
chemicals is related to their hydrophobicity, electronic and steric properties (23). In 1970,
McFarland modified this relationship and indicated that toxicity is a combination of uptake
into, or through, biological membranes (log of penetration) and the interaction of the toxicant
with the molecular site of action (log of interaction) (Eq. 1), taking into account both the

17

Chapter 1

General introduction

Chapter 1

toxicokinetics and toxicodynamics of the compound (24).
log toxicity = a(log of penetration) + b(log of interaction)
where a and b are reaction coefficients.

Eq. 1

The process of developing a QSAR model involves several basic steps (Figure 1.2).

Figure 1.2: Basic scheme for the development of QSAR models. Adapted from (19). Modified to
include OECD guidelines for QSAR model development (25).
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Initially an endpoint to be modeled is selected, followed by identification of the chemical
group for which the model will be developed. If the number of chemicals is sufficiently
large, they can be split into a training set and a test set. Training set chemicals are used
during the development of the model, while the test set chemicals are used to validate
the model. The selection of appropriate descriptors to relate to the endpoint can be done
a priori if the mechanism of action is already known, or one can start with a large number
of descriptors and use computer software to select the best descriptors that correlate with
toxicity. The descriptors can be physicochemical (e.g. hydrophobic), electronic (e.g. dipole
moment, energy of the highest occupied molecular orbital (Ehomo) or the energy of the lowest
unoccupied molecular orbital (Elumo) or steric (molecular volume, molecular weight) (19).
Examples of commonly used descriptors and the xenobiotic characteristic they reflect are
shown in Table 1.3.
Table 1.3: Examples of descriptors that can be calculated and the relevant xenobiotic characteristics.
Calculated descriptor

Relevant xenobiotic characteristic

Reference(s)

octanol water partition coefficient;
log Kow

hydrophobicity/lipophilicity

(26, 27)

dissociation constant; pKa

ionization

(28)

energy of the highest occupied
molecular orbital; Ehomo

ionization potential, ease of oxidation,
nucleophilic reactivity

(29, 30)

energy of the lowest unoccupied
molecular orbital; Elumo

oxidation potential, ease of reduction,
electrophilic reactivity

(29)

molecular weight, molecular volume, binding to receptor
molecular surface area

(31, 32)

molecular refractivity; MR

size and polarizability of a molecule fragment (33)

heat of formation

activation or reaction enthalpies

(29)

dipole moment

charge separation in a molecule

(29)

The most commonly used physicochemical descriptor is the octanol-water partition
coefficient, log Kow, which reflects the ability of organic compounds to passively partition and
accumulate in organisms (26). The importance of hydrophobicity in explaining the toxicity
of a large set of industrial chemicals was shown for example, by the work of Könemann and
Veith (26, 27). Where log Kow alone is not sufficient to account for toxicity of chemicals,
additional descriptors to be included may be (among others), electronic ones e.g. the energies
of the frontier orbitals of the molecules (Figure 1.3).
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Energy

LUMO
HOMO

nucleophile

ΔE

electrophile

Figure 1.3: Molecular orbital diagram for the reaction between an electrophile and a nucleophile of
a reactive toxic intermediate and its toxicological receptor. (29). The smaller the difference in energy
between the HOMO of the nucleophile and the LUMO of the electrophile, the larger the energy ΔE
gained as a result of the interaction and the higher the reactivity (34). ΔE = energy gain from the
interaction between HOMO of the nucleophile and LUMO of the electrophile

The energies of the frontier orbitals e.g. the lowest unoccupied molecular orbital
(LUMO) and the highest occupied molecular orbital (HOMO) direct the electrophilic and
nucleophilic reactivity of a compound and its toxicological receptor (34). Reactivity between
an electrophile and a nucleophile increases when i) the Ehomo is increased or ii) the Elumo is
decreased (34). Given that the toxicological receptor is constant for a series of chemicals
to be modeled by a QSAR, the relative reactivity and thus toxicity of a series of chemicals
may be modeled by looking at their relevant frontier orbital without the requirement for
knowledge on the orbital characteristics of the toxicological receptor.
Traditional QSARs use experimentally derived descriptors e.g. ionization potential,
vapor pressure, and log Kow, among others to quantify physico-chemical characteristics
(35, 36). However, due to lack of large data sets of experimentally derived parameters,
QSARs have been developed based on parameters defined using quantum mechanical
computer calculations. Due to the increasing power of computers, quantum mechanical
computer calculations have become a valuable and widely applicable tool in (bio)chemical
research. Using the chemical structure of a compound as the sole input, they provide the
possibility to calculate parameters that define the physico-chemical properties and relative
reactivity of a compound. The possibilities for the use of computational quantum mechanical
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calculations in QSAR studies in toxicology have already been demonstrated. (29, 37-43).
Computational models offer the advantages of ease of use, speed, and low costs.
The correlation between the chosen descriptor(s) and the endpoint is often analyzed
with statistical software. The most common correlative method is regression analysis.
Regression analyses are simple to carry out and produce results that are easy to understand
(18, 44). The correlation can also be investigated using pattern recognition techniques, and
they are usually multi-dimensional and non-linear, thus they are often complex and difficult
to interpret (18).
In a next step, the reliability of the developed QSAR model can be tested by comparing
the endpoint values the model predicts to the experimentally determined endpoint values
of similar chemicals (training set chemicals). If the predictions are poor, one can restart
the model development by using different descriptors, or noting training set compounds,
whose predicted values deviate greatly from the experimental values. This can help to
identify compounds that act by a different mechanism of action (19). If the predictions are
good, one can define the selection criteria and limits of the model and then make toxicity
predictions to other chemicals that meet the selection criteria, and were not used during
model development.
Although QSAR models have been used in regulatory assessment of chemical safety
in many countries for many years, there were no universal principles for their regulatory
applicability. Researchers used different criteria for judging the quality of QSAR models.
In 2004, member countries of the Organization for Economic Cooperation and Development
(OECD) agreed on the principles for developing and validating (Q)SAR models for their use
in regulatory assessment of chemical safety (45). These guidelines are discussed in brief in
the next section.
oecd guidelines for (q)sar development and validation

In order to facilitate the consideration of a (Q)SAR model for regulatory
purposes, the (Q)SAR model should be associated with the following five categories
of information: i) a defined endpoint, ii) an unambiguous algorithm, iii) a defined
domain of applicability, iv) appropriate measures of goodness-of-fit, robustness, and
predictivity, and v) a mechanistic interpretation (45). In 2007, the OECD published a
“Guidance Document on the Validation of (Q)SAR Models” with the aim of providing
guidance on how specific (Q)SAR models can be evaluated with respect to the OECD
principles. In the following section, each of the five categories is discussed briefly.
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i) A defined endpoint
A QSAR model needs to be based on a clearly defined end-point that refers to a
physicochemical, biological, or environmental effect that can be experimentally determined
and thus modeled. This implies that it should be not only clear which endpoint is being
modeled but also how it is experimentally defined, since a given endpoint could be determined
under different experimental conditions and protocols (25).
ii) An unambiguous algorithm
An unambiguous algorithm seeks to ensure transparency of the model that is used to
generate predictions of a toxicity endpoint based on chemical structure and/or physicochemical
properties (25). This holds for the algorithm defining the QSAR model but also for the
descriptors used in these algorithms. Descriptors relevant to the toxicity endpoint, calculation
methods, software packages, and algorithms should preferably be based on methods that
are publicly available. The statistical technique, used to analyze the relationship between
toxicity and the physicochemical descriptors should be transparent (25).
iii) A defined domain of applicability
As models are a simplification of reality, their limits should be well defined (46). This
principle reflects the fact that QSARs are associated with limitations regarding the types of
chemical structures, physicochemical properties, and mechanism for which a model generates
reliable predictions. In the simplest approach the domain of applicability can be defined by
the boundaries of the descriptor values for the compounds in the training set (47).
iv) Appropriate measures of goodness-of-fit, robustness, and predictivity,
This principle requires that parameters that reflect both the internal performance of the
QSAR model as well as its predictivity should be provided. The internal performance can
be characterized based on the goodness-of-fit and robustness of the model determined based
on the training set. These qualities of the QSAR models can be characterized by the number
of compounds used in the study (n), coefficient of determination (r2), standard error of the
estimate (s), variance ratio (F), the internally cross validated coefficient of determination
(r2int), and the externally validated co-efficient of determination (r2ext) (25).
v) A mechanistic interpretation
The OECD guidelines also state that a QSAR should be associated with a mechanistic
interpretation, whenever this is possible. Such a mechanistic interpretation links the descriptors
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used in the model and the endpoint being predicted (25). Any effort in the validation process
to show that the QSAR model is consistent with other knowledge of fundamental processes
in chemistry and toxicology increases the credibility and acceptance of the predictions from
the model (25). The mechanism(s) of toxicity of chemicals are broadly classified into four
categories: i) non-polar narcotics, ii) polar narcotics, iii) unspecific reactivity, and (iv)
specific mechanism of action (48). Non-polar narcotics do not interact with any specific
receptors in an organism and their toxicity is entirely dependent on their hydrophobicity.
In the absence of any specific mechanism of toxicity, a chemical will always be as toxic as
its hydrophobicity indicates, a phenomenon called “baseline toxicity”. Polar narcotics are
slightly more toxic than baseline toxicity, and they usually possess hydrogen bond donor
activity, e.g. phenols and anilines (49). Chemicals with unspecific or specific reactivity have
enhanced toxicity when compared to baseline toxicity. Unspecifically reacting chemicals
react with certain chemical structures commonly found in biomolecules, e.g. epoxides,
which react with sulfhydryl groups of cysteine residues of peptides while specifically acting
chemicals react with specific receptor molecules e.g. DDT, which interacts with sodium
channel regulating receptors in neurons (48).
Altogether, these OECD guidelines should provide regulatory bodies with a scientific
basis for making decisions on the acceptability of data generated by (Q)SARs, and also
promote the mutual acceptance of (Q)SAR models by improving the transparency and
consistency of (Q)SAR reporting.

Outline of thesis
The aim of this thesis was to develop a computational chemistry-based QSAR
approach that enables identification of priorities within various selected groups of EINECS
chemicals. Validated QSAR models for acute toxicity of selected groups of EINECS
chemicals were developed taking into account the OECD guidelines (25). Chapter 1 gives a
general introduction on the subjects that are relevant within the context of the present thesis.
In the next three chapters, QSAR models were developed for mononitrobenzenes (chapter
2), chlorinated alkanes (chapter 3) and organothiophosphate pesticides (chapter 4). Suitable
software packages, descriptor calculation protocols, and statistical techniques for use for the
rest of the thesis were also identified in chapter 2. In each of the three chapters (2, 3, and
4), the number and type of EINECS chemicals for which the developed QSAR models were
valid were identified. In a final chapter an estimate was made of the percentage of EINECS
chemicals that can be grouped into specific chemical classes, and thus in theory be subject
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to QSAR modeling (chapter 5). This gives an indication of the potential applicability of
QSAR models to predict acute toxicity of chemicals within REACH. Finally, the overall
conclusions and a general discussion of this thesis are presented (chapter 6).
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Abstract
Fifteen experimental literature data sets on the acute toxicity of substituted nitrobenzenes to
algae (Scenedesmus obliquus, Chlorella pyrenoidosa, C. vulgaris), daphnids (Daphnia magna,
D. carinata), fish (Cyprinus carpio, Poecilia reticulata), protozoa (Tetrahymena pyriformis),
bacteria (Phosphobacterium phosphoreum), and yeast (Saccharomyces cerevisiae) were used
to establish quantum chemistry-based quantitative structure–activity relationships (QSARs).
The logarithm of the octanol/water partition coefficient, log Kow, and the energy of the lowest
unoccupied molecular orbital, Elumo, were used as descriptors. Suitable QSAR models (0.65 < r2
< 0.98) to predict acute toxicity of substituted mononitrobenzenes to protozoa, fish, daphnids,
yeast, and algae have been derived. The log Kow was a sufficient descriptor for all cases, with
the additional Elumo descriptor being required only for algae. The QSARs were found to be
valid for neutral substituted mononitrobenzenes with no -OH, -COOH, or -CN substituents
attached directly to the ring. From the 100 196 European Inventory of Existing Commercial
Substances (EINECS), 497 chemicals were identified that fit the selection criteria for the
established QSARs. Based on these results, an advisory tool has been developed that directs
users to the appropriate QSAR model to apply for various types of organisms within specified
log Kow ranges. Using this tool, it is possible to obtain a good indication of the toxicity of a
large set of EINECS chemicals and newly developed substituted mononitrobenzenes to five
different organisms without the need for additional experimental testing.
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Introduction
The European Inventory of Existing Commercial Substances (EINECS) contains
100 196 chemicals that were on the European Union market between 1971 and September
1981. Any chemical marketed after September 1981 is called a ‘‘new chemical’’ (1). It is
recognized that insufficient (eco)toxicological information exists on the hazardous properties
of many of the EINECS chemicals. This is mainly because EINECS chemicals were exempted
from premarket testing, unlike ‘‘new chemicals,’’ even though EINECS chemicals constituted
99% of the total volume of all substances on the market at that time (1). In October 2003,
the European Commission adopted a proposal for a new chemical control system called
Registration, Evaluation, and Authorization of Chemicals (REACH). One of the goals of
REACH is the development of computational prediction models to fill existing toxicity data
gaps (1). General information for about 30 000 existing chemicals marketed in the European
Union in volumes greater than one ton per year is required before 2012 (2).
In the field of toxicological risk assessment, the present view is that validated
quantitative structure–activity relationships (QSARs) can be valuable tools to rapidly screen
the toxicological potential of chemical compounds and also to help set up research priorities
in toxicological testing programs (3, 4). One of the principal assumptions that underlie the
description of QSARs is that physical-chemical properties dominate the behavior of chemical
compounds. Traditional QSARs use experimentally derived descriptors, such as ionization
potential, vapor pressure, octanol/water partition coefficient (Kow), and Hammett, Taft,
Sterimol, and Abraham parameters to quantify these physical-chemical characteristics (5, 6).
However, because of a lack of large data sets of experimentally derived parameters, attempts
have been made to define parameters to establish QSARs based on quantum mechanical
computer calculations. As the power of computers continues to increase, quantum mechanical
computer calculations have become a valuable and widely applicable tool in (bio)chemical
research. Quantum mechanical calculations provide the possibility to calculate, using the
chemical structure of a compound as the sole input, parameters that define the physicalchemical properties and relative reactivity of a compound. The possibilities for the uses of
computational quantum mechanical calculations in QSAR studies in toxicology have already
been demonstrated. From these previous initial studies, several classes of compounds
have been identified for which a possibility exists to use computational chemistry–based
parameters to estimate their toxicity (7-9). Computational models offer the advantages
of ease of use, speed, and low costs. Furthermore, they are in principle not susceptible to
experimental errors, although slightly different output descriptors can sometimes result
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because of numerical deviations or the different prediction algorithms used by the available
software. In order to establish the accuracy of quantum chemistry-based data, they need to be
rigorously validated with experimental data of good quality.
Currently, attempts are being made to define QSARs for several compound classes.
Substituted nitrobenzenes are a good starting point for two reasons. First, sufficient
experimental toxicity data exist, and, second, no attempt has been made to aggregate the
data and use them to define priorities for future toxicity testing. Substituted nitrobenzenes
are widely used in industry during the synthesis of dyes, explosives (e.g., trinitrotoluene),
solvents, plastics, anilines, and various bioactive products, such as insecticides, pesticides,
and pharmaceuticals (10, 11). Substituted nitrobenzenes are also found as by-products of
fuel combustion in vehicles and power plants and as secondary pollutants from reactions
with hydroxyl and nitrate radicals. As a result of their varied origins and uses, substituted
nitrobenzenes are widespread in ecosystems and consequently have a high potential for
causing ecotoxic effects (10). Substituted nitrobenzenes are generally electrophilic toxicants
because of the presence of the strong electron-withdrawing nitro substituent (9). The presence
of other substituents on the nitrobenzene ring results in different toxicities in part because
of different susceptibilities to nitro-reduction by enzymes, giving rise to nitro radical anions,
nitrosobenzenes, or N-hydroxylamines (12).
In this chapter, to estimate the sub(acute) toxicity of various substituted nitrobenzenes
to aquatic organisms, QSARs were developed based on computer calculated descriptors,
namely, the logarithm of the octanol/water partition coefficient (log Kow) and the energy
of the lowest unoccupied molecular orbital Elumo (eV). The log Kow generally models a
compound’s hydrophobicity, which is important in describing the passage of a compound
through membranes. The Elumo models the electrophilic nature of the nitrobenzenes, which
is important in their nitroreduction and/or covalent reaction with biological macromolecules.
The log Kow and Elumo have a clear link to the toxicity of substituted nitrobenzenes as shown
from previous studies (9, 13-15). The applicability and limits of the QSARs were also
identified by noting certain types of compounds that are outliers and certain log Kow ranges
where one should apply the QSARs for the non-polar narcotic models instead. Thus, from
this, it is possible to estimate the acute toxicity of substituted mononitrobenzenes to several
aquatic organisms. To this end, an advisory tool was established to direct the user to the
appropriate QSAR for a given organism and log Kow range.
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materials and methods

Data sets
The 15 experimental data sets used in this chapter contained acute toxicity data for
substituted nitrobenzenes to six types of organisms. These were the protozoan Tetrahymena
pyriformis (9, 11); algae Scenedesmus obliquus (13, 16), Chlorella pyrenoidosa (15), and
C. vulgaris (17); daphnids Daphnia magna (15) and D. carinata (13); fish Cyprinus carpio
(13) and Poecilia reticulata (14); bacteria Phosphobacterium phosphoreum (15); yeast
Saccharomyces cerevisiae (10); and sub-acute toxicity data to D. magna (15). The European
Chemicals Bureau supplied the EINECS list, from which the list of substituted nitrobenzenes
falling into the applicability domain of the QSARs developed in this chapter was extracted.
Molecular descriptors
Seven commercially available software packages were compared for their accuracy in
estimating log Kow values for 77 substituted nitrobenzenes. The software packages used were
CLogP Version 4.0 (Biobyte, Claremont, CA, USA) (18), ALogPs Version 2.102 (VCCLab,
Munich, Germany) (19), Kow WIN Version 1.66 (Syracuse Research, Syracuse, NY, USA)
(20), IA LogP (Chem Silico, MA, USA; http://www.logp.com), Spartan 04 for Windows_
Version 1.0.3 (Wavefun, Irvine, CA, USA; http://www.wavefun.com),
SPARC online calculator (http://ibmlc2.chem.uga.edu/sparc/index.cfm), and ACD/LogP
Version 4.67 (Advanced Chemistry Development, Toronto, ON, Canada) (21). The estimated
log Kow values were compared to experimental values obtained from the PHYSPROP database
(Syracuse Research; http://www.syrres.com/esc/physdemo.htm). To input the structure of
each molecule into the software, the simplified molecular input line entry system (SMILES)
code was used. The SMILES codes are widely used to represent a molecular structure by
a linear string of symbols (22). The SMILES codes were obtained from the SMILES-CAS
database (Syracuse Research). The Elumo values were calculated using a semi-empirical
method, applying the Austin Model 1 (AM1) Hamiltonian (23) from the program Spartan
04 for Windows® Version 1.0.3 (Wavefun) for Windows®, v1.0.3, on a Pentium 4 computer
with Windows XP Professional Service Pack 2 and 1 GB memory.
Statistical analyses
Linear regression analysis, performed in Microsoft® Excel 2000 (Microsoft, Redmond,
WA, USA), was used to select the most suitable log Kow estimation software for the substituted
nitrobenzenes. Experimental log Kow was plotted against log Kow predicted from the different
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software packages, and the resulting coefficient of determination (r2) and standard error of the
estimate (SE) values were recorded. The Statistical Package for Social Scientists (SPSS®)
10.1 for Windows® (SPSS, Chicago, IL, USA) was used to analyze the QSARs. For QSAR
descriptions, log (toxicity endpoint) was the dependent variable, while log Kow and Elumo were
the independent variables. All QSAR equations were presented in the form
log toxicity (μM) = x(log Kow) + y(Elumo) + z

			

(Eq. 1)

where x, y, and z are fitting parameters. The quality of the QSAR models was characterized
by the number of compounds used in the study (n), r2, s, variance ratio (F), and the internally
cross-validated coefficient of determination (r2int). Cross validation of the models was done
using a leave-out-many method, with 20% of the calibration compounds left out at each step.
Cross validation was done only for models with r2 > 0.65 and n/k > 5, where k is the number
of descriptors (24). The models were considered acceptable for further use when r2int > 0.5
and r2 - r2int < 0.3 (25). The validation groups were created using the method of unsupervised
stratification of cross validation to reduce bias introduced by random sampling (26). The data
were ranked according to increasing log Kow values, then the compounds were alternately
classified into five groups, and r2int was calculated according to the formula
r2int =

1 – (PRESS/SSD)

				

(Eq. 2)

where predictive sum of squares (PRESS) is the sum of the squared differences between
actual and predicted toxicity when the compounds are omitted from the regression and SSD
is the sum-of-squares deviation for each actual toxicity from the mean toxicity of all the
compounds (27). The chemical applicability domain of the models was defined in three
ways. First, the degree of extrapolation was defined by the average leverage value, h, where
leverage is a measure of the distance of a compound from the model experimental space.
The warning leverage, hw, was set at three times the average leverage value. Any compound
with h > hw falls outside the optimum prediction space of the model (24). Second, external
predictions are restricted to substituted nitrobenzenes that contain only the substituents
present in the calibration set. Third, log Kow cutoff points were set by comparing our QSAR
equations to those for non-polar narcotics. Above the cutoff point, the non-polar narcotics
QSAR should be applied in order to avoid underestimating the toxicity of compounds within
the chemical domain of the QSAR (28).
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results

Theoretically determined descriptors
The 15 data sets used to obtain experimental toxicity data to establish QSARs contained
103 substituted nitrobenzenes. The Elumo, log Kow values (estimated and experimental) for
these substituted nitrobenzenes are presented as an appendix in Table S1 available online
(42). The Elumo values ranged from -2.67 eV to -0.79 eV, while the estimated log Kow values
ranged from -0.14 to 5.03. Because of the large size of the experimental toxicity data sets,
they are also presented as appendices in Tables S2 to S10 available online (42).
Log Kow estimation
Out of the 103 substituted nitrobenzenes, experimental log Kow values were available for
77 (Table S1). The following values (r2 + s) were obtained for the various software packages:
Spartan (0.83 + 0.38), SPARC (0.87 + 0.33), IA LogP (0.88 + 0.32), ACD/LogP (0.94 +
0.15), ALogPs (0.95 + 0.21), KowWIN (0.96 + 0.18), and CLogP (0.98 + 0.15). A comparison
of the highest r2 value (CLogP) with the other r2 values resulted in a statistically significant
difference (p < 0.05) only with the r2 values for SPARC and Spartan. Based on the highest r2
value, the log Kow values estimated using CLogP were used to establish QSARs.
Definition of selection criteria for QSARs
The acute toxicity data set of substituted nitrobenzenes to the ciliated protozoa T.
pyriformis (11) was considered a suitable starting point for QSAR development, as it contains
substituted nitrobenzenes with a wide variety of substituents ranging from halogen, carboxyl,
hydroxyl, oxime, cyano, amide, to phenyl, all in the ortho, para, and/or meta positions. Figure
2.1a presents a plot of the decadic logarithm of the experimental concentration that inhibits
growth by 50 % (IGC50) for these substituted nitrobenzenes against values predicted based
on the estimated log Kow.
From Figure 2.1a, it can be seen that the following compounds are outliers:
dinitrobenzenes, nitrophenols, nitrobenzoic acids, nitrodiphenyls, and cyanonitrobenzenes.
The absolute standardized residuals for these compounds were all above the set limit of 1.5,
confirming their outlier status. Selection criteria were established for the QSARs, therefore,
which exclude these compound classes. Note that nitrobenzoic acids and nitrophenols do
not apply to the QSAR also because they are likely to be ionized at physiological pH (28).
Repeating the QSAR according to the selection criteria resulted in an improved correlation
(r2 = 0.82) when compared to the QSAR that included all the nitrobenzenes (r2 = 0.27).
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Fig. 2.1. QSARs for the correlation between the
decadic logarithm of the experimental toxicity of
substituted mononitrobenzenes and the toxicity
predicted on the basis of log Kow for different
organisms and periods of exposure: (a) 48 h for
Tetrahymena pyriformis (11) (r2 = 0.82; n = 33),
(b) 12 h for Saccharomyces cerevisiae (10) (r2
= 0.85, n = 14), and (c) 21 d for Daphnia magna
(15) (r2 = 0.83, n = 15). Please note only the
neutral, substituted mononitrobenzenes with no
cyano substituent (♦) are included in the QSAR
descriptions. Data points not included represent
substituted nitrobenzenes, which are ionized at
physiological pH of 7.4, i.e., nitrophenols and
nitrobenzoic acids (□), have two nitro groups
(Δ), contain a cyano substituent (o), and have
two phenyl rings (◊). IGC50 is concentration
that inhibits growth by 50 %.

Experimental log IGC50 (mM)

The selection criteria were corroborated using results for the remaining data sets.
Figure 2.1b and c shows the QSARs for the correlations between the decadic logarithm of
the experimental toxicity of substituted mononitrobenzenes to S. cerevisiae and D. magna,
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respectively, compared with the toxicity predicted based on log Kow. After excluding outliers,
improved correlations were obtained for both Figure 2.1b (r2 = 0.85 instead of 0.02) and Figure
2.1c (r2 = 0.83 instead of 0.08). For the remaining data sets, Table 2.1 displays statistical
parameters for comparisons between correlations obtained in QSARs described with and
without selection criteria. Notable improvements were with Scenedesmus obliquus (Eqn. 6),
where r2 increased from 0.02 to 0.81, and with D. magna (Eqn. 7), where r2 increased from
0.02 to 0.83 after applying the selection criteria. Not all QSARs improved after applying
selection criteria as shown by C. vulgaris (Eqn. 8) and P. phosphoreum (Eqn. 9), where
r2 slightly increased from 0.48 to 0.60 and from 0.04 to 0.13, respectively. A summary
of the inclusion and exclusion criteria based on the substituents present on the substituted
mononitrobenzenes is shown in Figure 2.2.
NO2

Excluded substituents
NO2, CN, COOH, OH, C6H5,

Included substituents
F, Cl, Br, CH3, CH2CH3, CH2-Cl,
CH2-CN, COO-alkyl, NH2, O-Alkyl,
Alkyl-Cl, CHO, Alkyl-OH, Acetyl,
CONH2, CH=N-OH
Fig. 2.2. Summary of included and excluded substituents for the substituted mononitrobenzene
quantitative structure-activity relationships.

Two-parameter QSARs
In a next step, it was investigated whether the addition of a second parameter, Elumo, in
the QSARs for the substituted mononitrobenzenes meeting the selection criteria would result
in improved correlations between experimental and predicted toxicity. This was in line with
the observations of Cronin et al. (9), who demonstrated an improved QSAR relationship
for nitrobenzenes after combining log Kow and Elumo as predictors. The use of Elumo as an
additional descriptor improved the QSARs only for algae species (Table 2.1) and was an
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unnecessary descriptor for the other species. For C. vulgaris, combining log Kow and Elumo
resulted in a better correlation (Eqn.10; r2 = 0.85) than using log Kow alone (Eqn. 8; r2 =
0.60). A similar improvement was also noted for C. pyrenoidosa (Eqns. 11 and 12). Slight
improvements were noted for the other algae genus, Scenedesmus (Eqns. 6 and 13–15).
Log Kow cutoff values
The 10 non-polar narcotics models describing toxicity to different organisms that
were compared to the log Kow–based QSARs developed in this chapter are shown in
Table 2.2. These QSARs were developed using toxicity data of simple alcohols, ketones,
substituted aromatic hydrocarbons, ethers, and chlorinated hydrocarbons (29). The specific
substituted mononitrobenzene QSARs of the present chapter to which they were compared
are also indicated in this table. Where the non-polar narcotics QSAR was not available for
an identical organism and endpoint, a comparison was made to the non-polar narcotics
QSAR of a similar organism; for example, the QSAR for 96-h effective concentration to
50% of population (EC50) to C. carpio (Table 2.1, Eqn. 19) was compared to the non-polar
narcotics QSAR describing 96-h toxicity to the fish Pimephales promelas (Table 2.2, Eqn.
28). All non-polar narcotics QSARs shown in Table 2.2 had r2 = 0.81. Figure 2.3 shows
plots of log Kow versus 48-h EC50 to D. magna for the QSAR for non-polar narcotics (---)
toxicity (Table 2.2, Eqn. 26) and the one developed in this chapter (—) (Table 2.1, Eqn. 18).
The two plots intersect at a log Kow value of 4.08, which is then set as the upper limit for
applying our QSAR for D. magna. Similar plots were made for the rest of the QSARs, and
the log Kow cutoff values are shown in Table 2.1. The log Kow cutoff values ranged from 2.96
to > 10.
Extraction of substituted mononitrobenzenes meeting the selection criteria from the EINECS
list
The EINECS list supplied by the European Chemicals Bureau contained
100 196 compounds with none of them containing a SMILES code. Cross-referencing
the EINECS list with the SMILES-CAS database resulted in 54 277 compounds with
SMILES codes. In Microsoft Excel 2000, based on selected aspects in the name,
molecular formula, and SMILES code, compounds satisfying the set criteria were
filtered out. Two attributes were most important in extracting the relevant substituted
mononitrobenzenes from the EINECS list. These were the presence of N(=O) and c1 in
the SMILES code, which indicate the presence of a nitro group and a ring, respectively.
These attributes accounted for the extraction of 3 074 compounds out of 54 277.

39

Chapter 2

QSAR models for mononitrobenzenes

40
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log KOW cut-off not calculated where a similar baseline QSAR could not be found; h* not calculated where q2 < 0.5. m LC50 = lethal concentration to 50 % of population. n Lowest rejected
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log toxicity (μM) = x(log KOW) + y(Elumo) + z

Table 2.1. Quantitative structure-activity relationships (QSARs) for predicting toxic endpoints for various species exposed to substituted
nitrobenzenes, using the logarithm of the octanol water partitioning coefficient (log Kow) and energy of the lowest unoccupied molecular orbital
(Elumo) as descriptors. The numbers in parentheses show the values when no selection criteriaa are used
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Table 2.2. Non-polar toxicity QSAR models for various species
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log Kow = 4.08
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log Kow
Fig. 2.3. QSARs for the correlation between the decadic logarithm of the experimental toxicity and
log Kow for substituted mononitrobenzenes (—) and for nonpolar narcotics (---) for 48 h log effective
concentration to 50 % of population (EC50) of Daphnia magna. The QSAR equations used for these
plots are shown in Table 2.1 (Eqn. 22) and Table 2.2 (Eqn. 30). LC50 is lethal concentration to 50 % of
population.

From the 45 919 compounds with no SMILES codes, 14 neutral, substituted
mononitrobenzenes with no cyano substituent were extracted on the basis of the
presence of carbon, nitrogen, and oxygen in the molecular formula. Full details of the
extractions steps are shown as an appendix in Table S11. The final list of substituted
mononitrobenzenes satisfying the conditions of the selection criteria for the newly
defined QSARs contained 497 compounds and is shown as an appendix in Table S12.
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Quality of developed QSAR models
The QSAR models were developed following the recommended guidelines set by the
Organization for Economic Cooperation and Development (OECD) in November 2004 (31).
The guidelines state that the following five major categories should be defined for each QSAR
model: endpoint, unambiguous algorithm, internal performance and predictivity, domain of
applicability, and a mechanistic interpretation, if possible (31). The biological data used
were from well-standardized assays with clearly defined endpoints. The log Kow estimation
software models tested in this chapter are of good predictive quality, as plotting experimental
against predicted log Kow resulted in high coefficients of determination (r2 > 0.81). Similar
results were obtained previously for nitroaromatics by Petrauskas and Kolovanov (21). The
differences that exist in the predictions made by the different software packages could be due
mainly to the following aspects in the training set of the model: number and type of compounds,
fragments, atoms, bond types, and correction factors. If more of the substituted nitrobenzenes
in our QSARs are present in the training set of a particular model, then that model is likely to
have a better predictive power. The prediction algorithms in IALogP and ALogPs are based
on neural networks and a combination of electronic and topological attributes (32). CLogP,
ACD/LogP, and KowWIN base their calculations on assigning values to different fragments
in a molecule and then applying correction factors for the interactions between the fragments
(18, 21). Spartan assigns contribution values to the different atoms in the molecule rather
than to fragments (33). The performance of the software models could be further tested by
comparing the correctness of the theoretical assumptions behind the calculation algorithms
(21), which is not always easy with commercial products, as the algorithms are not always
transparent. Furthermore, for untested compound classes, one should be aware that any
estimation software may give inaccurate estimations, and this always has to be checked.
The chemical domain of the QSAR models was systematically developed. Outliers
(dinitro-, cyano-, and ionizing nitrobenzenes) were omitted from the final QSARs because of
their different uptake and reaction mechanisms. Substituted dinitrobenzenes have been shown
previously to have enhanced toxicity when compared to substituted mononitrobenzenes,
probably because of their fast reduction to the corresponding aryl-hydroxylamines (9, 14,
15), which justifies their exclusion. Compounds that can ionize at physiological pH (e.g.,
benzoic acids and nitrophenols) have different kinetics of uptake in the body than those
that are neutral and may have additional toxicity by interfering with proton gradients during
oxidative phosphorylation (28). With respect to 2-, 3-, and 4-cyanonitrobenzene, only
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2-cyanonitrobenzene was an outlier. It could be due to experimental errors or to a mechanistic
reason that is unclear at this moment.
The toxicity data used to establish the QSARs were from the same laboratory sources to
avoid inter-laboratory variation (28). The statistical technique, linear regression, applied to
analyze the relationship between toxicity and the physical-chemical descriptors is simple to
use and sufficient, especially where two descriptors are involved.
Non-algal QSARs showed a high dependence on log Kow for prediction of the toxicity
of the substituted mononitrobenzenes, a relationship that has been demonstrated previously
(9, 14, 15). Using the toxicity data of Deneer et al. (14), Banerjee and Williams (34) reported
poor correlations between log Kow and toxicity to the guppy P. reticulata. For the same data
set, excluding substituted dinitrobenzenes from the QSAR analysis improved this poor
correlation. With respect to the use of log Kow as a toxicity descriptor, it is important to note
that the relation between log Kow and toxicity often remains quite empiric. Although log
Kow is often the most dominant descriptor for predicting the toxicity of certain compound
classes to certain species, it is not universal, as was shown by its inapplicability to dinitroand cyanonitrobenzenes in the present chapter. Furthermore, as octanol does not adequately
represent the type of lipids found in membranes, other researchers have recommended
replacing octanol with dimyristoyl phosphatidylcholine (DMPC) and thus log Kow with log
KDPMC/water (35).
In addition to log Kow as a predictor, the inclusion of the reactivity parameter Elumo
improved the QSARs describing toxicity only to the algae C. vulgaris, C. pyrenoidosa, and
S. obliquus. In the studies of Deneer et al. (15), a similar trend was observed after combining
log Kow and Hammett’s reactivity parameter (Σσ-) when modeling the toxicity of substituted
mononitrobenzenes to C. pyrenoidosa. They suggested that the mode of action or the
toxicokinetic behavior of the substituted mononitrobenzenes in algae could be different from
that of other organisms (15). Other QSARs of comparable quality describing the toxicity of
substituted nitrobenzenes to various organisms have been reviewed by Katrizky et al. (36).
Some of these QSARs have descriptors that are different from those used in this chapter. Roy
and Ghosh (37) used the extended topochemical atom indices to model (r2 = 0.92) toxicity
to T. pyriformis. Although the extended topochemical indices show a significant potential
for QSAR development, they still need extensive evaluation. In describing toxicity to T.
thermophila, the best QSAR obtained by Xu et al. (38) used Σσ- and the indicator variable
I as descriptors (r2 = 0.852). The indicator variable denotes the number and position of the
nitro groups. However, no model validation was performed. Using the CODESSA-PRO
software, Katrizky et al. (36) combined constitutional, topological, geometric, electrostatic,
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and quantum chemical descriptors and obtained a decent QSAR (r2 = 0.72) to describe toxicity
to T. pyriformis. However, they combined toxicity data from two independent laboratories.
The three QSARs mentioned previously could be improved by defining the applicability
domain more clearly.
Toxicity prediction and priority setting
For new and existing chemicals, the OECD requires at least three basic acute ecotoxicity
tests for risk assessment purposes. These tests describe acute toxicity to algae (72-h EC50 for
growth), daphnids (48-h EC50 for immobilization), and fish (96-h median lethal concentration
LC50) (39). These tests evaluate toxicity at three trophic levels: primary producer, primary
consumer, and top predator. In order to get a quick and broad overview of the toxicity of
substituted mononitrobenzenes, for each organism in each of the trophic levels, the ‘‘best’’
QSAR was selected based on three criteria: r2int > 0.5, a long exposure period (> 96 h where
there was more than one exposure period , and the presence of a log Kow cutoff value. Based
on the three criteria, an advisory tool was developed and is shown in Figure 2.4.
P. reticulata
(fish)

20

D. magna
(daphnid)

16

S. obliquus
(algae)

15

S. cerevisiae
(yeast)

4

28

25

27

23

3

T. pyriformis
(protozoan)
0

1

2

3

4

5

6

7

log Kow
Fig. 2.4. Advisory tool for predicting acute toxicity of substituted mononitrobenzenes to five organisms.
The black bars represent log Kow ranges where the QSARs developed in this chapter are applicable. The
white/open bars show log Kow ranges where the non-polar narcotic QSARs yield the lowest effect levels.
The numbers inside the bars refer to the appropriate QSAR models (Tables 2.1 and 2.2 respectively) to
apply within that log Kow range. Error bars show the error associated with the log Kow cut-off points.
The lower and upper (vertical dotted line) log Kow limits are set at zero and six respectively.
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Within the log Kow ranges represented by the black bars, the QSAR models developed
in this chapter are applicable. Above this range, shown in white/open bars, a risk manager
should use the non-polar narcotics QSAR models. The lower and upper log Kow limits of
using Figure 2.4 are set at 0 and 6, respectively. Since log Kow describes the kinetics of the
uptake of chemicals from water, chemicals with log Kow greater than 6 are generally taken
up too slowly to show acute toxic effects, while those with log Kow less than 0 would need
unrealistically high concentrations to display toxicity (40).
Using the scheme in Figure 2.4, a risk manager selects the appropriate QSAR to use for
prediction of toxicity based on the log Kow of the compound. For example, a hypothetical
substituted mononitrobenzene with log Kow = 2 can have its toxicity to all species
predicted by using the QSARs developed in this chapter. Another hypothetical substituted
mononitrobenzene with log Kow = 5 can have its toxicity predicted by using a combination of
both non-polar narcotics QSARs and the QSARs developed in this chapter. Table 2.3 shows
the predicted toxicities of five substituted mononitrobenzenes randomly selected from the list
of 497 compounds meeting the selection criteria set. Table 2.3 shows that predicted toxicities
increase with an increase in the log Kow values. Predicted toxicities to D. magna after 21 d
of exposure are consistently higher for all compounds when compared to the toxicity toward
other organisms.
Although the advisory tool in Figure 2.4 shows QSARs for five specific species, it is
a generally accepted approach in safety assessment in environmental toxicity that it can
be used to predict the toxicity of other similar organisms as well (41), such as other fish,
besides the specific species (P. reticulata) used for the QSAR. Although Figure 2.4 shows
our recommended QSARs, other cross-validated QSARs (r2int > 0.5) shown in Table 2.1 can
be used as well. The tool has two strong points. First, it quickly provides an overview of
toxicity across different types of organisms, and, second, only high-quality cross-validated
QSARs have been included. Whenever additional data become available, external validation
and addition of QSARs for more animal species will help strengthen the tool further.
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Chemical Abstracts Service.
Logarithm of the octanol/water partition coefficient. Estimated using CLogP Version 4.0 (Biobyte, Claremont, CA, USA).
c
Energy of the lowest unoccupied molecular orbital Estimated and Spartan 04 for Windows® Version 1.0.3 (Wavefun, Irvine, CA, USA;)
d
Toxicity predicted according to the advisory tool shown in Figure 2.4. The type of organism and period of exposure are shown underneath the name of the
organism.
e
EC50 = effective concentration to 50 % of population.
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Table 2.3. The predicted acute toxicities of five substituted nitrobenzenes selected from the EINECS list
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Future perspectives
In case industry considers producing a new substituted mononitrobenzene that fits
the selection criteria, using the methodology established here, it is possible to estimate
the toxicological effects of this new compound with no additional toxicological or animal
testing. Although the QSARs presented here refer to 497 out of the more than 100 000
EINECS chemicals (i.e., 0.5 %), QSARs will often be restricted to specific chemical classes,
as it is unlikely that one QSAR model will ever describe the full set of EINECS chemicals.
Considering this, it is a step forward that 0.5 % of the EINECS chemicals can be included in
the QSARs described in the present chapter.

Appendices
Supplementary information is available in 11 tables and is available online (42). Table
S1: log Kow and Elumo values used to develop the QSARs in Table 2.1; Tables S2 to S9:
experimental toxicity data sets; Table S11: systematic procedure for extracting the compounds
from the EINECS list satisfying the selection criteria of our QSARs; and Table S12: the list
of the extracted 497 EINECS compounds.
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Abstract
Quantitative structure–activity relationship (QSAR) models are expected to play a crucial role
in reducing the number of animals to be used for toxicity testing resulting from the adoption
of the new European Union chemical control system called Registration, Evaluation, and
Authorization of Chemicals (REACH). The objective of the present study was to generate in
vitro acute toxicity data that could be used to develop a QSAR model to describe in vivo acute
toxicity of chlorinated alkanes. Cytotoxicity of a series of chlorinated alkanes to Chinese
hamster ovary (CHO) cells was observed at concentrations similar to those that have been
shown previously to be toxic to fish. Strong correlations exist between the acute in vitro
toxicity of the chlorinated alkanes and (i) hydrophobicity [modeled by the calculated log Kow
(octanol–water partition coefficient); r2 = 0.88 and r 2int = 0.85] and (ii) in vivo acute toxicity
to fish (r2 = 0.76). A QSAR model has been developed to predict in vivo acute toxicity to
fish based on the in vitro data and even on in silico log Kow data only. The developed QSAR
model is applicable to chlorinated alkanes with up to 10 carbon atoms, up to eight chlorine
atoms, and log Kow values lying within the range from 1.71 to 5.70. Out of the 100 196
compounds on the European Inventory of Existing Chemicals (EINECS), our QSAR model
covers 77 (0.1%) of them. Our findings demonstrate that in vitro experiments and even in
silico calculations can replace animal experiments in the prediction of the acute toxicity of
chlorinated alkanes.
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Introduction
The European Inventory of Existing Chemicals (EINECS) (1) contains over 100 000
chemicals that are marketed within Europe for industrial or consumer needs. For most of
these chemicals, there is insufficient (eco)toxicological information on their hazardous
properties. To close these existing toxicity data gaps, the European Union parliament recently
adopted a new chemical control system called Registration, Evaluation and Authorization
of Chemicals (REACH) (1). One of the aims of REACH is to improve the protection of
human health and the environment by requiring industry to provide toxicity information
for the chemicals that they manufacture or distribute. There is currently an ongoing debate
about the potentially large number of animals that have to be used for experimental toxicity
testing as an outcome of REACH. Within REACH, however, there is a provision to use,
among others, sufficiently validated computational prediction models based on quantitative
structure–activity relationships (QSAR) to fill in the toxicity data gaps and thus save time
and costs, reducing the number of experimental animals used. To increase the acceptability
of QSAR models within REACH, guidelines for QSAR model development and validation
proposed by the Organization for Economic Cooperation and Development (OECD) (2) are
now widely accepted.
Chlorinated alkanes are an important group of chemicals on the EINECS list with
widespread use, large production volumes, and thus a large potential for environmental
pollution, and they are the focus of this chapter. Chlorinated n-alkanes are built from
straight chains of carbon and hydrogen with varying numbers of hydrogen atoms replaced
by chlorine atoms. The introduction of chlorine atoms into the hydrocarbon chain alters
properties such as solubility, density, volatility, and toxicity (3). Some of these changes
confer improvements that make the compounds useful commercially, but these changes can
also make them more toxic. Chlorinated n-alkanes are broadly divided into two main groups
depending on the number of carbon atoms present: lower chlorinated alkanes (LCA; C1–C9)
and polychlorinated n-alkanes (PCA; C10–C30) (4). Mixtures of commercial PCAs, known
as chlorinated paraffins, are divided into three groups: short-chain (C10–C13), medium-chain
(C14–C17), and long-chain (C18–C30) paraffins with chlorine contents varying from 35–70 %
by weight. The LCAs are widely used as industrial and household solvents, fumigants, and
intermediates in chemical synthesis (5). The PCAs are often used as lubricating additives,
adhesives, and flame retardants in rubber and textiles. The annual production volume of
PCAs is greater than 300 kilotons (4). For the PCAs, toxicity is believed to decrease from
the short to the long-chain PCAs, due to a decrease in solubility (4). It has been suggested
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that the short-chain PCAs should be included in the list of persistent organic pollutants (6).
They have a high bioaccumulation potential due to their high log Kow (octanol–water partition
coefficient) values, are persistent in the environment due to their resistance to degradation,
and thus have a potential for long-range environmental transport. Short-chain PCAs are
known to be highly toxic to aquatic organisms (6).
Despite their widespread use and presence, the amount of toxicological data on PCAs is
rather limited. Because they are produced via free radical chlorination, a single PCA preparation
can consist of many different congeners with a wide range of physicochemical properties (4).
This presents problems in attempting to estimate the toxicity of these preparations as the
toxicity of individual compounds cannot be identified. Using synthesized PCA congeners,
Fisk and co-workers described their bioaccumulation in rainbow trout (Onchorhynchus
mykiss) (7) and toxicity to Japanese medaka (Oryzias latipes) embryos (4).
For the LCAs, several studies describe their acute toxicity in literature. Crebelli and
co-workers used electrophilicity descriptors to describe their aneugenic activity to the
mold Aspergillus nidulans (8). The acute toxicity of LCAs to the protozoan Tetrahymena
pyriformis (9), the marine bacterium Photobacterium phosphoreum in the Microtox test (10),
the fathead minnow Pimephales promelas (11) the guppy Poecilia reticulate (12), and HeLa
cells (13) was determined and related to the hydrophobicity of the compounds. However, in
most of these studies, the number of chlorinated alkanes tested was either too small to be
used for QSAR modeling or was for a small range of carbon chain lengths [e.g., C1 to C5
as in studies by Könemann (12)]. As far as we are aware, there exists no QSAR model to
predict the in vivo acute toxicity of chlorinated alkanes. The objective of the present study
was to generate in vitro acute toxicity data that could be used to develop a QSAR model to
describe in vivo acute toxicity of chlorinated alkanes. Toxicity tests were performed for a
large set of chlorinated alkanes across a wide range of hydrophobicity values and carbon
chain lengths (C1–C10). The in vitro toxicity data were used to develop a validated QSAR
model with defined applicability limits following OECD guidelines. The in vitro toxicity
data were further compared to in vivo toxicity data for fish, and a prediction model for in vivo
toxicity was developed using the in vitro data. Finally, an estimate was made of the number
of EINECS compounds for which the QSAR model can make accurate predictions.
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materials and methods

Materials
Unless otherwise indicated, all chemicals were obtained from Sigma-Aldrich
(Zwijndrecht, The Netherlands) and were at least 98% pure. Stocks of chlorinated alkanes
were prepared in spectrophotometric grade dimethyl sulfoxide (DMSO) obtained from Acros
Organics (Geel, Belgium). Phosphate-buffered saline (PBS), Hank’s balanced salt solution
(HBSS), Dulbecco modified Eagle’s medium (DMEM)/Ham’s F12, fetal calf serum (FCS),
and Trypsin-EDTA were supplied by Gibco-Invitrogen (Breda, The Netherlands). Chinese
hamster ovary (CHO) wild-type cells were sourced from the American Type Culture Collection
(Manassas, VA). Cell culture flasks (75 cm2) were supplied by Corning Inc. (Corning, NY),
and culture plates (24- and 96-wells) were provided by Greiner Bio-one (Alphen aan de Rijn,
The Netherlands).
Cell culture
The CHO cells were grown in 75 cm2 culture flasks and maintained in a humidified
incubator at 37 oC, 95 % air/5 % CO2 in DMEM/F12 medium supplemented with 10 % FCS.
Once every three days, the cells were rinsed with HBSS, trypsinized, and then resuspended
and cultivated in fresh culture medium. Cells from culture flasks with confluency of at least
90 % were used for the cytotoxicity assay.
Cytotoxicity assay
The cytotoxicity of the chlorinated alkanes to CHO cells was determined in triplicate in
96-well culture plates using the MTT [3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium
bromide] assay following procedures described previously (14) with some modifications.
Where appropriate, dilution of the test compounds was done in 24-well culture plates. Two
methods of exposure were compared, direct and premix (the most commonly used exposure
method during in vitro testing). For direct exposure, there was no prior dilution of the test
compound in the dilution plate; the test compound solution in DMSO was added straight into
the medium of the culture plate. For premix exposure, there was prior dilution of the test
compound solution in DMSO using culture medium, and this culture medium containing the
test compound at the desired concentration was added to the cells in the culture plate. For
both methods, 100 µL of CHO cell suspension was seeded into each of the inner wells of
the culture plate at a final concentration of 3 × 105 cells/ml, with 200 µL of HBSS added to
the outer wells. The plate was incubated for 24 h to allow the cells to attach. For the direct
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exposure, 100 µL of culture medium with 10 % FCS (37 oC) was then added to the inner
wells followed by addition of 2 µL of each test compound solution at various concentrations.
For the premix exposure, 50 times concentrated solutions of the test compounds in DMSO
were diluted 50 times in culture medium with 10 % FCS in the dilution plate, and then,
100 µL of these medium samples was transferred to the culture plate. For both methods in
each independent experiment, (i) all concentrations were tested in 6-fold and (ii) two sets
of controls were used, one with DMSO and another with culture medium without the test
compounds or DMSO. Upon addition of the test compounds, the plates were shaken at 600
rpm on an orbital shaker (Incubator 1000, Hieroglyph Instruments, Germany) for 5 min,
followed by 21 h of incubation in the humidified incubator at 37 oC. Then the MTT reagent
was added to a final concentration of 0.5 mg/ml, and incubation continued for a further
3 h, for a total incubation time of 24 h. After this, the culture medium was removed with a
vacuum pump and 100 µL of DMSO was added to lyze the cells. The plates were shaken for
5 min to dissolve the formazan crystals formed after reduction of MTT. Subsequently, two
absorbance readings were recorded as follows: A562 for the color of the formazan crystals and
A620 for cell debris and other non-specific absorbance.
Calculation of EC50 values.
The A620 values were subtracted from the A562 values, and the result was expressed as a
percentage of the response of the DMSO control. The EC50 values of the chlorinated alkanes
were calculated using a Microsoft Excel plug-in, Life Sciences Workbench (LSW) Data
Analysis Toolbox Version 1.1.1. (MDL Information Systems, CA) with the general sigmoidal
curve with Hill slope (a-d) chosen as the best fit model.
Calculation of theoretical descriptors.
Hydrophobicity of the chlorinated alkanes was modeled using log Kow values calculated
using the software CLogP version 4.0 (Biobyte, Claremont, CA) (15) as described previously
(16). Briefly, the structure of each molecule was entered into CLogP as a simplified molecular
input line entry system (SMILES) code. The SMILES codes were obtained from the SMILESCAS database (Syracuse Research, Syracuse, NY). Solubility values were calculated using
ACD/Laboratories version 8.14 for Solaris (Advanced Chemistry Development, Toronto,
ON, Canada).
QSAR modeling
The Statistical Package for Social Scientists (SPSS) version 13 for Windows (SPSS,
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Chicago, IL) was used to analyze the QSARs with log EC50 as the dependent variable and log
Kow as the independent variable. The quality of the QSAR model was characterized by the
number of compounds used in the study (n), coefficient of determination (r2), standard error of
the estimate (s), variance ratio (F), the internally cross-validated coefficient of determination
(r2int), and the externally validated coefficient of determination (r2ext). Internal validation of the
QSAR model was performed using the leave-out-many cross-validation method, with 20%
of the calibration compounds left out at each step as described previously (16). The external
performance of the QSAR model was evaluated by testing five additional compounds that fit
into the applicability domain of the model and then comparing the predicted and experimental
toxicity values. The calculation of r2ext was performed according to the formula:
r2ext = 1-PRESS/SSD

(Eq. 1)

where PRESS (predicted sum of squares) is the sum of the squared differences between the
predicted and the experimental toxicity values for each molecule in the validation set, and
SSD is the sum of the squared deviations between the experimental toxicity values for each
molecule in the validation set and the mean experimental toxicity values of the training set
(17).
results

Twenty-one LCAs were tested in the MTT assay with CHO cells, and these model
compounds of the present study are listed in Table 3.1, together with their estimated log Kow,

water solubility, and the experimental EC50 values obtained. The MTT cytotoxicity results
were obtained using the direct exposure method. When comparing the cytotoxicity of the same
concentration of LCAs after premix and direct exposure of CHO cells, major differences were
found. After direct exposure to increasing concentrations of 1-chlorononane, for example,
a clear dose dependent decrease in cell viability was observed (Figure 3.1). After premix
exposure, however, none of the tested concentrations induced any cytotoxicity. Microscopic
examination of the 96-well plate 10 min after exposure revealed no local cytotoxicity due
to a possible temporary high concentration of DMSO when the direct exposure method was
used. Because of the lack of a dose-response relationship with the premix method, further
experiments were conducted using the direct exposure method to determine the EC50 values
reported in Table 3.1.
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1,3-dichloropropane
1,2-dichloropropane

1,1,2-trichloroethane

1,2-dichlorobutane

1,1,2,2-tetrachloroethane

1-chloro-2,2-dimethylpropane

Carbon tetrachloride

1-chloro-2-methylbutane

1-chloropentane

1,6-dichlorohexane

1-chlorohexane

1,1-dichloro-3,3-dimethylbutane

1-chloroheptane

1,8-dichlorooctane

1-chlorooctane

1,9-dichlorononane

1-chlorononane

1-chlorodecane

1,10-dichlorodecane

1-chlorododecane

1
2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

112-52-7

2162-98-3

1002-69-3

2473-01-0

821-99-8

111-85-3

2162-99-4

629-06-1

6130-96-7

544-10-5

2163-00-0

543-59-9

616-13-7

56-23-5

753-89-9

79-34-5

616-21-7

79-00-5

142-28-9
78-87-5

CAS no.

6.76

5.41

5.7

5.17

4.88

4.64

4.35

4.11

3.63

3.58

3.29

3.05

2.92

2.88

2.79

2.64

2.52

2.05

1.71
1.99

in vitro log EC50 (µM) MTT assay

in vivo log EC50 (µM)

0.18

0.88

0.52

1.04

0.94

1.61

1.48

2.18

2.94

2.76

2.56

3.34

3.54

3.72

3.76

3.849

3.87

4.42

4.11
4.46

NTAS

NTAS

1.44

1.35

1.78

1.43

1.72

1.73

1.67

2.24

2.02

2.24

2.3

2.4

2.3

2.44

2.61

3.04

2.99
3.03

i

2.89

3.24

3.4

1

1.31j

1.23j

1.63j

1.30j

1.57j

1.58j

1.52j

2.05j

1.85j

2.05j

2.11j

2.20j

2.11j

2.34

2.39j

2.85

2.87
3.01

2.55

3.02

2.09

2.79

3.06
3.09

at 25oC (µM) CHO cellsc Rat primary HeLa cellse Poecilia Phosphobacterium Pimephales
24 h
hepatocytesd 72 h
reticulataf phosphoreumg,
promelash
2h
7d
5 min
96 h

log Kowa log H2O
solubilityb
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21
1-chlorotetradecane
2425-54-9 7.81
1.38
NTAS
a
calculated using ClogP version 4.0 (Biobyte, Claremont, CA, USA), b calculated using ACD/Labs version 8.14 for Solaris (ACD, Toronto, ON, Canada),
c-h
experimental toxicity data from cthis thesis, d(18), e (13), f (12), g (10), and h (11), i not toxic at saturation, j EC50 values predicted using Eq. 3

Compound name

No.

Table 3.1: Chlorinated alkanes present in the training set, their Chemical Abstract Service (CAS) numbers, octanol/water partitioning coefficient
(Kow), water solubility, in vitro and in vivo EC50 values. The EC50 values in the present study were determined using an MTT test in Chinese Hamster
Ovary (CHO) cells.
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Final concentration (µM)
Fig. 3.1: Comparison of the cytotoxicity of 1-chlorononane to Chinese hamster ovary cells using
direct (▲) and premix (■) methods of exposure in the MTT assay. The points on the graph represent
the mean + standard error of three experiments.

Influence of chain length and extent of chlorination on toxicity.
With an increase in chain length for single chlorinated compounds from
1-chloropentane, 1-chlorohexane, 1- chloroheptane, and 1-chlorooctane to 1-chlorononane, the
cytotoxicity increased, with 1-chlorodecane showing a deviation (Table 3.1). For compounds
with the same hydrocarbon backbone, an additional chlorine atom was associated with a
decrease in toxicity. This is shown for example by 1,6-dichlorohexane vs 1-chlorohexane
and 1,8-dichlorooctane vs. 1-chlorooctane. The short-chain PCAs 1,10-dichlorodecane,
1-chlorododecane, and 1-chlorotetradecane did not show cytotoxicity up to the maximum
soluble concentrations tested; therefore, they were excluded from the modeling process.
QSAR modeling
An investigation of the relationship between log Kow and the experimental toxicity data
from the MTT test revealed a good correlation (Figure 3.2) and can be described by the
following equation:
log EC50 (µM) = -0.45(log Kow) + 3.69
where n = 18, s = 0.19, F = 120, r2 = 0.88, and r2int = 0.85.
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(Eq. 2)
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Experimental log EC50 (µM)

Predicted log water solubility (µM)

An increase in log Kow was associated with an increase in toxicity (Figure 3.2). However,
with increasing log Kow values, also the solubility decreased until above log Kow = 4.53,
where the EC50 becomes higher than the calculated water solubility (Figure 3.2). However,
1-chlorononane (log Kow = 5.17) was still able to show toxicity above this cut-off value.

log Kow
Fig. 3.2: Quantitative structure-activity relationship for the correlation between the decadic logarithm
of the 24 h in vitro toxicity (EC50) of chlorinated alkanes (C1 – C10) to Chinese hamster ovary cells in
the MTT assay and the toxicity predicted based on log Kow (■). The dotted line (◊) shows a plot of log
Kow versus water solubility of the chlorinated alkanes (n = 18, r2 = 0.96). The two plots cross where
log Kow = 4.53.

Applicability domain of the QSAR model
The range of compounds for which the model is valid (applicability domain) was
determined by taking into account the minimum and maximum values of both the (i)
carbon chain length (C1–C10), (ii) the chlorine atoms (Cl1–Cl8), and (iii) the log Kow values
(1.71–5.70) of the compounds included in the training set. For models within a onedimensional descriptor space, the interpolation region is simply taken as the interval between
the minimum and the maximum values of the training data set (19). The theoretical toxicity
cut-off limit of log Kow = 4.53 was not taken into account here as compounds with higher log
Kow values were able to show toxicity. Taking these criteria into consideration, our QSAR
model is thus applicable to chlorinated alkanes with up to 10 carbon and eight chlorine atoms
and log Kow values between 1.71 and 5.70. These limits were used as selection criteria to
extract compounds with similar properties from the EINECS list. Using procedures described
previously (16), molecular formula, name, and SMILES codes of the EINECS compounds
were used as filtering criteria in Microsoft Excel 2003 to extract 59 compounds satisfying the
selection criteria. The 59 compounds and their predicted EC50 values are shown in Table 3.2.
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This implies that including the 18 compounds used to develop the MTT assay-based in vitro
QSAR in CHO cells, our QSAR model covers 77 (0.1 %) of the EINECS list compounds.
External validation of QSAR model
From Table 3.2, five compounds, with log Kow values within the applicability domain of
the training set were selected for additional testing to externally validate our QSAR model.
Suitable test concentrations were selected based on the predicted in vitro toxicity values,
thereby skipping range-finding tests. The experimental toxicity values, shown in Table 3.2,
correlated well with predicted values (r2ext = 0.74).
In vitro to in vivo correlation.
In a final step, it was investigated whether the acute in vitro toxicity data generated in
the present study could be used to build a model for making acute in vivo toxicity predictions
for fish. Tables 3.1 and 3.2 show the acute in vivo toxicity data for the fish, P. reticulata (12),
for the compounds that were also tested in the present study. A correlation of the in vitro and
in vivo toxicity data is shown in Figure 3.3 and can be described by the following equation:
in vivo log LC50 (µM) = 0.93[in vitro log EC50 (µM)] - 0.02

This equation was used to make

in vivo log EC50 (µM)

where n = 7, r2 = 0.76, s = 0.23, and F = 16.

(Eq. 3)

in vitro log EC50 (µM)
Fig. 3.3: Quantitative structure-activity relationship for the correlation between the decadic logarithm
of the 24 h in vitro toxicity of chlorinated alkanes to Chinese hamster ovary cells in the MTT assay
and 7 d in vivo toxicity to fish (Poecilia reticulata).
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predictions for the compounds tested in vitro for which no acute in vivo fish toxicity
data were available, and the results thus obtained are presented in Tables 3.1 and 3.2.

During the development of QSAR models, it is usually recommended where possible to
(i) use experimental data from the same laboratory to avoid inter-laboratory variation (20) and
(ii) use data sets where the ratio of number of test compounds to descriptors used for modeling
is at least five (21). Both conditions have been satisfied in this study by generating toxicity
data within the same laboratory for 26 compounds and developing a QSAR model based on
one descriptor, log Kow. The developed QSAR model also satisfies the five basic requirements
for OECD guidelines for QSAR models: clearly defined end point, unambiguous algorithm,
appropriate measures of goodness of fit, robustness and predictivity, a defined domain of
applicability, and a mechanistic interpretation. First, the end points are clearly defined (24
h EC50 to CHO cells and 7 d LC50 to P. reticulata). Second, the methods for data collection
and calculation of descriptors have been clearly described. Third, the QSAR model has been
validated both internally and externally. Fourth, the applicability domain in terms of descriptor
range and the actual list of compounds that fit into the domain have been provided. Fifth,
hydrophobicity has been confirmed as an important parameter to describe the toxicity of the
chlorinated alkanes. The strong correlation between toxicity and hydrophobicity found in the
current study (Figure 3.2) supports a non-polar narcotic mechanism of action for chlorinated
alkanes described previously (12, 22, 23). Because hydrophobicity is important for the
toxicity of chlorinated alkanes, it was essential to choose a suitable method of exposure. The
direct method of exposure resulted in higher toxicity than the premix method (Figure 3.1).
Hydrophobic compounds have been shown previously to readily adhere to plastic surfaces
of culture plates (24). This situation can easily arise during the dilution step of the premix
method where the medium containing the chlorinated alkanes is prepared in a premixing
well before transfer to wells containing the cells. This provides an additional possibility for
the chlorinated alkanes to adhere to the plastic surface of the well before the solution is
actually transferred to the cells. During the direct exposure method, more of the compound is
immediately available to the cells. However, one needs to mix the test compound thoroughly
into the culture medium by carefully pipetting up and down several times to avoid any local
cytotoxicity that can occur due to high concentrations of solvent or test compound. The presence
or absence of local cytotoxicity should always be confirmed with microscopic observations.

65

Chapter 3

discussion

Chapter 3

Table 3.2: List of EINECS compounds that fit into the applicability domaina of the QSAR model
developed in this thesis. This list excludes the first 18 compounds in Table 3.1 that were used for the
model development. The first five compounds were used as the external validation set.
Compound name

CASb no.

log Kowc

1

1,2,3-trichloropropane

96-18-4

1.98

Exp.
3.12

Prede
2.8

Expf
2.45

Predg
2.87

2

1-chlorobutane

109-69-3

2.52

3.27

2.56

3.02

3.01

3

1,5-dichloropentane

628-76-2

2.77

2.82

2.45

4

Pentachloroethane

76-01-7

3.63

2.17

2.07

5

1,1,1,2,2,2,2,3-heptachloropropane 594-89-8

4.74

1.62

1.57

1.48

6

Hexachloroethane

67-72-1

4.61

1.63

1.49

7

1,1-dichloroethane

75-34-3

1.78

2.89

2.66

8

1,3-dichloro-2,2-bis(chloromethyl) 3228-99-7
propane

1.93

2.82

2.59

9

Trichloromethane

67-66-3

1.95

2.81

2.58

10 1-chloropropane

540-54-5

1.99

2.8

2.57

11 2-chloropropane

75-29-6

1.99

2.8

2.57

12 1,3-dichlorobutane

1190-22-3

2.24

2.69

2.47

13 1,4-dichlorobutane

110-56-5

2.24

2.69

2.47

14 1,1-dichloropropane

78-99-9

2.31

2.66

2.44

15 2,2-dichloropropane

594-20-7

2.31

2.66

2.44

16 1,2,3-trichloro-2-methylpropane

1871-58-5

2.38

2.62

2.41

17 1,2-dichloro-2-methylpropane

594-37-6

2.39

2.62

2.4

18 1-chloro-2-methylpropane

513-36-0

2.39

2.62

2.4

19 2-chloro-2-methylpropane

507-20-0

2.39

2.62

2.4

20 1,1,1-trichloroethane

71-55-6

2.48

2.58

2.36

21 1,2,3,4-tetrachlorobutane

3405-32-1

2.5

2.57

2.36

22 2,3-dichlorobutane

7581-97-7

2.52

2.56

2.35

23 2-chlorobutane

78-86-4

2.52

2.56

2.35

24 1,1,3-trichlorobutane

13279-87-3

2.55

2.55

2.34

25 1,1,2,3-tetrachloropropane

18495-30-2

2.57

2.54

2.33

26 1,2,2,3-tetrachloropropane

13116-53-5

2.57

2.54

2.33

27 1,1,2-trichloropropane

598-77-6

2.58

2.53

2.32

28 1,2,2-trichloropropane

3175-23-3

2.58

2.53

2.32

29 1,3-dichloro-3-methylbutane

624-96-4

2.63

2.51

2.3

30 Tetrachloroethane

25322-20-7

2.64

2.51

2.3
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CASb no.

log Kowc

31 1,1,1,3-tetrachloropropane

1070-78-6

2.72

Prede
2.47

32 1,1-dichlorobutane

541-33-3

2.84

2.42

2.22

33 2,2-dichlorobutane

4279-22-5

2.84

2.42

2.22

34 1,1,3,3-tetrachlorobutane

39185-82-5

2.86

2.41

2.21

35 1-chloro-3-methylbutane

107-84-6

2.92

2.38

2.18

36 2-chloro-2-methylbutane

594-36-5

2.92

2.38

2.18

37 Trichloropropane

25735-29-9

3.01

2.34

2.15

38 1,1,1,2-tetrachloroethane

630-20-6

3.03

2.33

2.14

39 2,3-dichloropentane

600-11-3

3.05

2.33

2.13

40 2-chloropentane

625-29-6

3.05

2.32

2.13

41 3-chloropentane

616-20-6

3.05

2.32

2.13

42 1,1,2,2,3-pentachloropropane

16714-68-4

3.17

2.27

2.08

43 1,1,1,3-tetrachlorobutane

13275-19-9

3.25

2.24

2.05

44 1-chloro-3,3-dimethylbutane

8/5/2855

3.32

2.2

2.02

45 1,1,1-trichlorobutane

13279-85-1

3.54

2.11

1.93

46 1,1,1,2-tetrachloropropane

812-03-3

3.56

2.1

1.92

47 1,1,1,3,3-pentachlorobutane

21981-33-9

3.57

2.1

1.92

48 2-chlorohexane

638-28-8

3.58

2.09

1.91

49 3-chlorohexane

2346-81-8

3.58

2.09

1.91

50 2-chloro-2,3,3-trimethylbutane

918-07-0

3.72

2.03

1.85

51 2,5-dichloro-2,5-dimethylhexane

6223-78-5

4.09

1.86

1.7

52 2-chloroheptane

1001-89-4

4.11

1.85

1.69

53 3-chloroheptane

999-52-0

4.11

1.85

1.69

54 1,1,1,3-tetrachloro-4methylpentane

62103-09-7

4.18

1.82

1.66

55 1-chloro-2,2,4-trimethylpentane

6/4/2371

4.25

1.79

1.64

56 3-(chloromethyl)heptane

123-04-6

4.51

1.67

1.53

57 2-chlorooctane

628-61-5

4.64

1.62

1.47

58 3-chlorooctane

1117-79-9

4.64

1.62

1.47

59 4-chlorooctane

999-07-5

4.64

1.62

1.47

in vitro log EC50 in vivo log LC50 (µM)
(µM) to CHOd
to fish
cells
(Poecilia reticulata)e
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Compound name

chlorinated alkanes with up to ten carbon atoms and log Kow values between 1.71 and 5.70, b Chemical Abstracts
Service, c octanol-water partition coefficient (Kow) values calculated using ClogP version 4.0 (Biobyte, Claremont,
CA, USA), d Chinese Hamster Ovary, e EC50 values predicted using Eq. 2, f EC50 values obtained from (12), g EC50
values predicted using Eq. 3, h Compounds selected for external validation of Eq. 2.
a
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The in vitro toxicity of compounds with log Kow > 4.53 (Figure 3.2) can be explained in three
ways. First, the predicted solubility values of the chlorinated alkanes are for water only and
the solvent used in this study, DMSO, is known to increase their solubility. Second, DMSO
may increase the absorption of compounds across membranes (24, 25); thus, its use as a cosolvent could enhance their entry into the cells. Third, the test compounds can bind to the
proteins or lipids in the FCS in the growth medium, thus increasing their solubility. Previous
attempts to use hydrophobicity to explain the toxicity of chlorinated alkanes to bacteria in
the Microtox test failed (r2 = 0.19, n = 18) (26), possibly due to the short exposure time of
the assay premix exposure as in the present study (Figure 3.1), and also the absence of serum
in the medium that could increase the bioavailability of the test compounds. Toxicity results
for three of our training set compounds have been reported in other published studies and
are comparable to our data. For example, there is close agreement between the cytotoxicity
of 1,1,2-trichloroethane, 1,1,2,2-tetrachloroethane, and carbon tetrachloride to CHO cells
(current study) and to rat primary hepatocytes, both measured with the MTT assay (Table
3.1). The lower EC50 value of carbon tetrachloride to HeLa cells than to the CHO cells of
the present study could be due to a longer exposure period (72 h as compared to 24 h in the
present study). There is also close similarity between the EC50 values obtained in the current
study to the concentrations that were toxic to the guppy and fathead minnow (Table 3.1). This
similarity was extended to develop a prediction model for in vivo toxicity based on in vitro
or in silico data. The good correlation (Figure 3.2, r2 = 0.88) between the in silico-predicted
log Kow and the in vitro toxicity and the good correlation (Figure 3.3; r2 = 0.76) obtained
between in vitro and in vivo toxicity to fish support the possible use of QSAR approaches
in the safety assessments within the framework of REACH, thereby reducing the use of
experimental animals. Therefore, the results of the present study demonstrate that instead
of performing toxicity testing of chlorinated alkanes (that fit into the applicability domain)
on fish, one can carry out an in vitro CHO MTT test or even only calculate the log Kow by
available in silico models and use the QSAR models defined in the present study. On the basis
of the QSAR models that we developed, one can use in vitro or even only in silico results
to predict the in vivo toxicity to fish. The experimental and predicted (Tables 3.1 and 3.2)
in vivo toxicity data to fish can be used as a starting point for further risk assessment of the
chlorinated alkanes. A toxicity ranking of the compounds will allow the identification of the
most toxic and priority compounds. This will help to direct priorities for future testing to the
most toxic compounds, thereby further refining and reducing the use of experimental animals.
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Abstract
Within the REACH regulatory framework in the EU, quantitative structure-activity
relationships (QSAR) models are expected to help reduce the number of animals used for
experimental testing. The objective of this study was to develop QSAR models to describe
the acute toxicity of organothiophosphate pesticides to aquatic organisms. Literature data
sets for acute toxicity data of organothiophosphates to fish and one data set from experiments
with 15 organothiophosphates on Daphnia magna performed in the present study were used
to establish quantum chemistry calculation based QSARs. The logarithm of the octanol/
water partition coefficient, log Kow, the energy of the lowest unoccupied molecular orbital,
Elumo, and the energy of the highest occupied molecular orbital, Ehomo were used as descriptors.
Additionally, it was investigated if toxicity data for the invertebrate D. magna could be used
to build a QSAR model to predict toxicity to fish. Suitable QSAR models (0.80 < r2 < 0.82)
were derived to predict acute toxicity of organothiophosphates to fish (Cyprinus carpio) and
the crustacean (D. magna). Toxicity data for D. magna correlated well (r2 = 0.94) with toxicity
data for C. carpio. This implies that by performing toxicity tests with D. magna, one can use
our interspecies QSAR model to predict the acute toxicity of organothiophosphates to fish.
The three QSAR models were validated either both internally and externally (D. magna) or
internally only (carp and D. magna to carp). For each QSAR model, an applicability domain
was defined based on the chemical structures and the ranges of the descriptor values of the
training set compounds. From the 100 196 European Inventory of Existing Commercial
Chemical Substances (EINECS), 83 compounds were identified that fit the selection criteria
for the QSAR models. For these compounds, using our QSAR models, one can obtain an
indication of their toxicity without the need for additional experimental testing.
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Introduction
Since June 2007, the management of chemicals within the European Union (EU) falls
under a new legislative framework called Registration, Evaluation, and Authorization of
Chemicals (REACH) (1). REACH aims to provide toxicity information for about 30 000 out
of the more than 100 000 chemicals listed on the European Inventory of Existing Commercial
Chemical Substances (EINECS), for which there is insufficient toxicological information
on their hazardous properties. Within REACH, there are provisions to use, among others,
sufficiently validated computational prediction models based on quantitative structure-activity
relationships (QSAR) to fill in the toxicity data gaps, and thus save time, money and help to
reduce the numbers of animals used for experimental testing purposes. Guidelines for QSAR
model development and validation proposed by the Organization for Economic Cooperation
and Development (OECD) are expected to help increase the acceptability of QSAR models
for regulatory purposes (2). This article focuses on the development of validated QSAR
models to predict the acute toxicity of organothiophosphate pesticides to fish using toxicity
data for invertebrates.
Within the EU, the use of pesticides for pest control in agriculture and animal breeding
has greatly increased crop and animal yields and promoted the development of the chemical
industry (3). Since the ban on organochlorines in the 1970s (4), organophosphorous
compounds are the most widely used insecticides due to their relatively lower environmental
persistence. Because of their widespread use they are often implicated in wildlife and
human poisonings (4). The general chemical structure of organophosphorous pesticides is
shown in Figure 4.1. They are classified into two main groups, organophosphates (P=O) and
organothiophosphates (P=S) depending on whether oxygen or sulphur forms a double bond
with the central phosphorous atom. Organophosphorous compounds exert their primary
acute toxic effects by inhibiting the enzyme acetylcholinesterase (AChE). The inhibition
occurs due to a nucleophilic reaction between the hydroxyl group of serine in the active
site of AChE and the electrophilic phosphorous atom of the organophosphorous compound
resulting in the formation of a covalent P-O bond. As a result AChE can no longer hydrolyze
its natural substrate, the neurotransmitter acetylcholine, and acetylcholine accumulates at the
synaptic terminals leading to overstimulation of the postsynaptic receptor (5, 6).
Since oxygen is more electronegative than sulphur, the P=O bond is more polarized than the
P=S bond. This makes the phosphorous atom more electrophilic in the P=O than in the P=S
bond (8). In the body the P=S moieties of organothiophosphates are oxidized by cytochrome
P450 monooxygenases to their corresponding P=O or oxon form (9), which is the active form
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of the compound (10). The P=S are manufactured in larger numbers than the P=O as they are
considered to be safer and more selective due to the biotransformation step to the P=O that is
necessary to exhibit full toxicity (9).

Over the last three decades, attempts have been made to develop QSAR models to predict
the acute toxicity of organophosphorous compounds to various organisms. Descriptors that
have been used include: partitioning parameters, modeled using the logarithm of the octanolwater partitioning coefficient (log Kow) (11, 12), steric (13) and reactivity parameters (1217). Most of the QSAR models developed in these studies lack a clear definition of their
applicability domain and are not externally validated, two of the five basic requirements
defined by the OECD guidelines for adequate QSAR development (2).
The use of toxicity data for one species to predict toxicity to another species is a
promising field that has received little attention. The possibilities for these extrapolations
have been demonstrated previously between algae and protozoans (18) and between
protozoans and fish (19, 20). In the present study, the possibilities to use acute toxicity data
for Daphnia magna (inverterbrate) from our own laboratory experiments to predict acute
toxicity of organothiophosphates to fish were investigated. To this end, QSAR models for
predicting acute toxicity of organothiophosphates to (i) D. magna based on our experimental
data and (ii) various fish species based on literature data were developed based on three
computer calculated descriptors: log Kow, the energy of the lowest unoccupied molecular
orbital (Elumo) and the energy of the highest occupied molecular orbital (Ehomo). The log Kow
generally models a compound’s hydrophobicity, which is important in describing the uptake
and passage of a compound through membranes. The Ehomo models the nucleophilic nature
of the organothiophosphates, which is important for their oxidation to the P=O form by the
electrophilic iron-oxo intermediate of the activated cytochrome P450 enzymes. The importance
of Ehomo in modeling cytochrome P450 catalyzed reactions has been shown previously (21, 22).
The Elumo of the P=O metabolite of the various organothiophosphates models the electrophilic
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Figure 4.1: General chemical structure of organophosphorous pesticides. The atom that forms a double
bond to P is either O (organophosphate; P=O) or S (organothiophosphate; P=S). R is usually methyl or
ethyl and X, called the leaving group, can be alkyl, heterocyclic, aryl etc. Adapted from literature (7).
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nature of this P=O metabolite, which is important for their covalent interaction with the
AChE enzyme. The applicability domain and limits of the QSARs were identified, by noting
descriptor value ranges where one can apply the QSARs. The QSAR models were validated
both internally and externally. Finally, for the developed QSAR models of the present study,
an estimate was made of the number of EINECS compounds for which the models can make
accurate predictions.

materials and methods

Acute toxicity tests with D. magna
The acute toxicity of organothiophosphates to D. magna was determined in a GLP
laboratory following the procedures described in the OECD acute immobilization test (23).
The test compounds, designated as the training set, were obtained from Sigma-Aldrich
(Zwijndrecht, The Netherlands) and were all at least 98 % pure. In order to increase diversity
and equal representativity in the chemical structures, the training set compounds were
divided into four groups based on (i) the characteristics of the leaving group (see Figure 4.1):
aromatic or aliphatic, (ii) components of the reaction centre: OOOP=S or OOSP=S, and (iii)
the R-group bound to the reaction centre: ethyl or methyl. Stock solutions of the compounds
were prepared in spectrophotometric grade dimethyl sulfoxide (DMSO) obtained from Acros
Organics (Geel, Belgium) at concentrations 10 000 times greater than the desired working
concentrations in the experiment. Before the start of each experiment, 50 µl of each of the
concentrated stock solutions was added to 500 ml of experimental culture medium (24) to
get the working concentrations. For each compound, six concentrations were tested, each
in fourfold. For each concentration, five daphnids, < 24 h old, were placed in each of four
vessels with 80 ml of the working solutions. Three sets of controls were used, (i) potassium
dichromate as a positive control, (ii) a solvent control with DMSO in place of the stock
solution with the test compound, and (iii) culture medium only. O2 concentration, pH, and
temperature were monitored during the experiment and the average values were as follows:
O2 9 mg/ml, pH 7.6, and temperature 20 0C. The test was considered acceptable when in
the solvent and culture medium only controls, not more than 10% of the daphnids should
have been immobilized or trapped at the surface of the water, and these conditions were
met in our experiments. The number of immobilized daphnids was counted at the end of
24 hours exposure. Immobility was defined as the inability to swim within 15 seconds after
gentle agitation of the test vessel (23). The nominal concentration of test substance required
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Literature toxicity data sets
Fifteen experimental toxicity data sets from the literature describing acute toxicity of
organothiophosphates to various fish species were screened for their suitability for use as data
sets for modeling. The data sets describe acute toxicity of organothiophosphates to six fish
species from five genera. For some of the fish species, data from more than one exposure
period have been given, e.g. 24 h and 96 h. The fish species for which the acute toxicity
data were obtained were rainbow trout Oncorhynchus mykiss, bluegill Lepomis macrochirus
(25-27), fathead minnow Pimephales promelas (25, 27), cutthroat trout O. clarki, lake trout
Salvelinus namaycush (25), and carp Cyprinus carpio (7). Five quality criteria were set in
order to guide the selection of suitable data sets: (i) the minimum number of compounds,
n, should be five (n > 5) (28), (ii) the toxicity data should be from the same laboratory to
avoid inter-laboratory variation (29), (iii) the toxicity data should have been generated using
standardized protocols, if not, then the materials and methods should be sufficiently described
in order to judge the quality of the experimental setup, and (iv) the compounds should be easy
to identify based on their names and/or chemical abstract (CAS) numbers. Applying these
quality criteria resulted in the elimination of 10 data sets from Mayer and Ellersieck (1986).

Calculation of molecular descriptors
Hydrophobicity of the organothiophosphates was modeled using log Kow values calculated
with the software CLogP version 4.0 (Biobyte, Claremont, CA, USA) (30) as described
previously (31). Briefly, the structure of each molecule was entered into CLogP as a simplified
molecular input line entry system (SMILES) code (32). The SMILES codes were obtained
from the SMILES-CAS database (Syracuse Research, Syracuse, NY, USA). Nucleophilicity
of the organothiophosphates was modeled using Ehomo values for the P=S version of each
molecule. Electrophilicity of the P=O metabolites of the organothiophosphates was modeled
using Elumo values for the P=O version of each molecule. The Elumo and Ehomo values were
calculated using the program Spartan ’04 for Linux Server Edition (Wavefun, Irvine, CA,
USA; http://www.wavefun.com) running on two 1.7 GHz Xeon Intel CPU’s with 4 GB
memory. Each molecule was energy minimized, and then a conformer distribution search

79

Chapter 4

to immobilize 50 % of the daphnids after 24 h of exposure (EC50) was estimated using a
Microsoft® Excel plug-in, Life Sciences Workbench (LSW) Data Analysis Toolbox Version
1.1.1 (MDL Information Systems, CA, USA) with the general sigmoidal curve with Hill
slope (a to d) chosen as the best fit model.
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was carried out using the Merck Molecular Force Field (MMFF) molecular mechanistic
model after which the lowest energy conformer was identified. The Elumo and Ehomo values
were calculated for the lowest energy conformer without further geometry optimization using
the ab initio Hartree-Fock method utilizing a 3-21G basis set.
QSAR modeling
The Statistical Package for Social Scientists (SPSS®) version 15 for Windows (SPSS,
Chicago, IL, USA) was used to analyze the QSAR models as described previously (31).
Briefly, the log (toxicity endpoint) was the dependent variable while log Kow, Ehomo, and Elumo
were used singly or in combination as the independent variables. All QSAR equations were
presented in the form:
predicted log EC50 (M) = x(log Kow) + y(Elumo) + z(Ehomo ) + c

[1]

where x, y, z and c are fitting parameters. The quality of the QSAR models was characterized
by the number of compounds used in the study (n), coefficient of determination (r2), standard
error of the estimate (s), variance ratio (F), and the internally cross-validated coefficient of
determination (r2int). Where a test set was available, the externally cross-validated coefficient
of determination (r2ext) was also determined. Internal validation of the QSAR models was
performed using the leave-one-out (LOO) validation method where n < 10. The leave-manyout (LMO) validation method, was used when n > 10, with 20 % of the calibration compounds
left out at each step as described previously (31). Compounds whose studentized deleted
residuals were outside the + 1.5 limit were denoted as outliers (33) during the modeling
process. Internal validation was only performed for QSAR models where r2 > 0.65 and n/k >
5, where k is the number of descriptors in the model (28). The chemical applicability domain
of the QSAR models was defined by taking into account two aspects of the compounds in the
training set (i) the range of values for the descriptors used for modeling and (ii) the presence
of P=S in the chemical structure.
External validation of QSAR model for acute toxicity to D. magna.
The external performance of the D. magna QSAR model based on 10 compounds was
evaluated by testing five compounds that cover the applicability domain of the model, and
then comparing the predicted and obtained experimental toxicity values. Selection of test
concentrations was based on EC50 values predicted by the QSAR model developed using
the training set data. The calculation of r2ext was performed as described previously (34).
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results

QSAR modeling: D. magna toxicity data set
Figure 4.2 presents a plot of the decadic logarithm of the experimental log EC50 values
for the 10 organothiophosphates in the training set against values predicted based on the
estimated log Kow.

-5
-6
Predicted log EC50 (M)

-7
-8
-9
-10
-11
-10

-9

-8

-7

-6

-5

Experimental log EC50 (M)
Figure 4.2: Quantitative structure-activity relationship for the correlation between the decadic logarithm
of the 24 h in vitro toxicity (EC50) of organothiophosphates to Daphnia magna and the toxicity predicted
based on log Kow (n = 10, r2 = 0.80, r2int = 0.73)
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D. magna acute toxicity test
The results of fifteen organothiophosphates tested in the D. magna acute immobilization
test are presented in Table 4.1 (compounds 1 to 15), and include the experimental EC50
values obtained together with their estimated log Kow, Ehomo, the Elumo of their P=O metabolites.
The first 10 compounds in Table 4.1 were used as the training set for building a QSAR
model and their log EC50 (M) values ranged almost five orders of magnitude (from -5.06 to
-9.82). A higher logarithmic toxicity value (e.g. -5.06) represents lower toxicity than a lower
logarithmic toxicity value (e.g. -9.82).
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2540-82-1
14816-18-3

2463-84-5

5598-13-0

55-38-9

2921-88-2

29232-93-7

18181-70-9

60-51-5

13071-79-9

121-75-5

298-02-2

333-41-5

122-14-5

298-00-0

2636-26-2

3811-49-2

18854-01-8

950-37-8

56-38-2

2597-03-7

1
2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

Phenthoate

Parathion ethyl

Methidathion

Isoxathion

Dioxabenzofos

Cyanophos

Parathion methyl

Fenitrothion

Diazinon

Phorate

Malathion

Terbufos

Dimethoate

Iodofenphos

Pirimiphos methyl

Chlorpyriphos ethyl

Fenthion

Chlorpyriphos methyl

Dicapthon

Formothion
Phoxim

Compound

methyl

ethyl

methyl

ethyl

methyl

methyl

methyl

methyl

ethyl

ethyl

methyl

ethyl

methyl

methyl

methyl

ethyl

methyl

methyl

methyl

methyl
ethyl

R group

aromatic

aromatic

aliphatic

aromatic

aromatic

aromatic

aromatic

aromatic

aromatic

aliphatic

aliphatic

aliphatic

aliphatic

aromatic

aromatic

aromatic

aromatic

aromatic

aromatic

leaving
group
aliphatic
aromatic

OOSP=S

OOOP=S

OOSP=S

OOOP=S

OOOP=S

OOOP=S

OOOP=S

OOOP=S

OOOP=S

OOSP=S

OOSP=S

OOSP=S

OOSP=S

OOOP=S

OOOP=S

OOOP=S

OOOP=S

OOOP=S

OOOP=S

reaction
center
OOSP=S
OOOP=S

Compound classificationb

3.83

3.47

2.77

4.03

2.67

2.51

2.79

3.21

3.53

3.84

2.48

4.55

0.75

5.5

3.38

4.51

3.84

3.83

3.55

1.03
4.39

-9.23

-9.88

-9

-9.03

-9.24

-9.53

-9.93

-9.76

-9.23

-9.26

-9.46

-9.19

-9.45

-9.1

-8.55

-9.58

-8.92

-9.62

-9.99

-9.61
-9.49

in eV

(P=S)

e

log KowcEhomod

2.96

1.2

3.75

1.83

3.29

2.41

1.19

1.64

2.98

4.15

3.72

4.24

3.92

2.54

3.3

1.6

3.12

1.65

0.9

2.23
1.19

in eV

(P=O)

g

Elumo f

-7.2

-8

-8.3

-8.17

-7.3

-8.78

-5.06

-9.52

-9.28

-9.82

-7.5

-8.76

-7

-5.7
-9.04

-8.33

-7.98

-7.3

-8.52

-7.2

-7.04

-7.32

-7.73

-8.04

-8.35

-7.02

-9.04

-5.34

-9.96

-7.9

-9

-8.35

-8.34

-8.06

-5.61
-8.88

Predictedi

-5.21

-5.08

-5.17

-4.79

-4.67

-4.83

-4.98

-4.57

-5.14

-5.19

log LC50 (M)j

Exp. 14 d

24 h log EC50 (M)
Exp.h

Carp

D. magna

a

Compounds 1—10 were the training set compounds for the D. magna model, and compounds 11–15 were the validation set. b see Figure 1 for information on the position of the R-group,
leaving group and reaction center on the molecule. c logarithm of the octanol-water partition coefficient. d energy of the highest occupied molecular orbital in electron volts
e
organothiophosphate f energy of the lowest unoccupied molecular orbital in electron volts g organophosphate (oxidized form of the organothiophosphate) h values obtained from experiments
in the present study, i values predicted using Eq. 3 in Table 4.2. Experimental toxicity data from j (7).

CAS no.

Noa.

Table 4.1:
Chemical Abstract Service (CAS) numbers, chemical classification scheme, calculated descriptors, and experimental toxicity data
for organothiophosphates to Daphnia magna and Cyprinus carpio (carp)
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24 h EC50 D. magna

24 h EC50 D. magna

14 d LC50i Cyprinus carpio

4

5

6

-9.99 to -8.92)

(Elumo range: 1.64 to 3.75)

(log Kow range: 2.48 to 4.03 )

-0.367(log Kow) - 0.064(Elumo) – 3.587

(Ehomo range

(log Kow range: 0.75 to 5.50)

-0.938(log Kow) - 0.639(Ehomo) - 7.294

(Elumo range: 0.90 to 4.24)

(log Kow range: 0.75 to 5.50)

-0.975(log Kow) - 0.007(Elumo) - 10.583

(log Kow range: 0.75 to 5.50)

-0.974(log Kow)- 4.598

log toxicity (M) = x(log Kow) + y(Elumo) + z(Ehomo ) + c

a
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Fd r2inte

0.84 16 0.66

0.79 32 0.73

sc

e

0.12 12 0.6

0.61

0.65

0.71

r2extf

(7)

this thesis

this thesis

this thesis

Ref for tox
data

cross-validated correlation coefficient. f externally validated

10 0.8

10 0.82 0.79 14 0.62

10 0.8

10 0.8

na r2 b

number of compounds used in QSAR model b coefficient of determination. c standard error of the estimate. d variance ratio.
coefficient of determination. g EC50 = effective concentration to 50 % of test organisms.
h
LD50 = dose lethal to 50 % of test organisms. i LC50 = concentration lethal to 50 % of test organisms.

24 h EC50g Daphnia magna

3

Equation Toxicity endpoint

Table 4.2: Quantitative structure-activity relationships (QSARs) for predicting toxic endpoints for Daphnia magna and Cyprinus carpio exposed
to organothiophosphate pesticides, using the octanol/water partition coefficient (Kow), energy of the lowest unoccupied molecular orbital (Elumo),
and the energy of the highest occupied molecular orbital as descriptors (Ehomo)
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Figure 4.2 shows that all data points are within one log unit of the regression line. Table 4.2
shows the results of the correlations between various descriptors and experimental toxicity
to D. magna (Eqns 3–5). The log Kow correlated well with experimental toxicity (Eqn. 3; r2
= 0.80). The addition of Elumo as a second descriptor did not improve the correlation (Eqn.
4; r2 = 0.80). Combining log Kow with Ehomo resulted in a slightly better correlation (Eqn. 5;
r2 = 0.82) than with log Kow only (Eqn. 3; r2 = 0.80). During the internal validation of the
three QSAR models for D. magna (Table 4.2; Eqns 3–5), the model with only log Kow as a
descriptor performed best (Eqn. 3; r2int = 0.73) when compared to the models with Elumo (Eqn.
4; r2int = 0.66) or Ehomo (Eqn. 5, r2int = 0.62) as additional descriptors to log Kow. Therefore, the
QSAR model with log Kow only was selected for external validation experiments.
External validation of D. magna QSAR model
For external validation tests, five compounds were selected to cover the log Kow range
of the training set compounds (Table 4.1, compounds 11 to 15). Test concentrations were
selected based on toxicity values predicted using the QSAR model with log Kow as descriptor
(Table 4.2, Eqn. 3). The experimental toxicity values shown in Table 4.1, correlated well
with predicted values (r2ext = 0.71).
Modeling the fish toxicity data sets
Out of all the fish toxicity data sets, an acceptable QSAR model (r2 > 0.65) was only
obtained for carp (Table 4.2; Eqn. 6; r2 = 0.80, r2int = 0.60) using a combination of both log
Kow and Elumo (Eqn. 6; r2 = 0.80, r2int = 0.60). In this chapter, we have presented only the
experimental toxicity data for carp (Table 4.1), while the rest of the toxicity data sets are
available as an appendix at the end of this thesis.
Applicability domain of the QSAR models
The range of EINECS compounds for which the two QSAR models (D. magna and
carp) are valid (applicability domain) was determined by taking into account (i) the minimum
and maximum values of the descriptors in the data sets used during the modeling process and
(ii) the presence of P=S in the molecular structure. For the two QSAR models, the minimum
and maximum values for the descriptors are shown in Table 4.2 and they were set as follows:
D. magna (Eqn. 3; log Kow range 0.75 to 5.50) and carp (Eqn. 6; log Kow range 2.48 to 4.03,
Elumo range 1.64 to 3.75 eV).
The descriptor ranges and presence of P=S in the molecular structure were combined
with the molecular formula, compound name, and SMILES codes in procedures described
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Interspecies correlations
In a final step, it was investigated whether acute toxicity data for the invertebrate D.
magna could be used to build a model for making in vivo toxicity predictions to the vertebrate
carp. Figure 4.3 presents a plot of experimental EC50 values for carp versus predicted EC50
values based on the QSAR for D. magna. From Figure 4.3 it can be seen that methidathion is
an outlier, and this is confirmed by its high studentized deleted residual value of 4, which is
outside the set limit of + 1.5. Repeating the QSAR modeling in the absence of methidathion
resulted in an improved correlation (r2 = 0.94) than in the presence of methidathion (r2 =
0.74). The plot in Figure 4.3 excludes methidathion and can be described by the following
equation:
log EC50 (M) (carp) = 0.39[log EC50 (M) D. magna] – 1.93
where n = 9, r2 = 0.94, r2int = 0.90, s = 0.06, F = 107

[2]
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previously (31) to extract compounds with similar properties from the EINECS list. Table 4.3
shows the extracted compounds together with their estimated log Kow, Elumo, Ehomo, and EC50
values. EC50 values are not indicated where the compound does not fit into the applicability
domain of the specific QSAR model. For example, no predicted EC50 value for phoxim
(compound 12) to carp is indicated because its log Kow value of 4.39 means that it lies outside
the applicability domain of the carp QSAR model (Table 4.2, Eqn. 6, log Kow range 2.48 to
4.03). The QSAR models cover 68 (D. magna) and 14 (carp) EINECS compounds in addition
to the ones used as training and test set compounds (Table 4.3). Including the training and
test set compounds shown in Table 4.1, each QSAR model covers 83 (D. magna) and 24
(carp) EINECS compounds. This implies that including the 21 compounds in Table 4.1 and
taking into account overlap between the EINECS compounds covered by each QSAR, the
two QSAR models cover 83 compounds, which amounts to ~0.1 % of the total EINECS
list.

Experimental log EC50 (M) to C. carpio

Chapter 4

Predicted log EC50 (M) to D. magna
Figure 4.3: Quantitative structure-activity relationship for the correlation between the decadic
logarithm of the 14 d experimental LC50 values of organothiophosphates to Cyprinus carpio (carp)
and EC50 values predicted using the QSAR for Daphnia magna based on log Kow (n = 9, r2 = 0.94, r2int
= 0.90). Note that the plot only includes the nine compounds (♦) whose studentized deleted residual
(SDR) lies within the + 1.5 limit. Methidathion (□), whose SDR = 4, is considered an outlier and is
not included in the plot.
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No CAS no.

log Kowa

Elumob

Ehomod log EC50
(M)f

log LC50
(M)h

(P=O)c
eV)

(P=S) Daphnia
e
(eV) magna
24 h

Cyprinus
carpio
14 d

4.36

-6.71

-8.84

4.19

-9.44

-8.17

3

10311-84-9 dialifor
4.36
O,O-di-sec-butyl hydrogen
107-55-1
dithiophosphate
3.67
O,O-diisopropyl hydrogen
107-56-2
dithiophosphate
2.61

4.19

-9.46

-7.14

4

115-90-2

fensulfothion

2.24

3.1

-9.1

-6.78

5

115-93-5

proban

1.23

2.52

-9.65

-5.8

6

116-01-8

dimethoate-ethyl

1.28

3.91

-9.25

-5.84

7

119-12-0

pyridafenthion

2.51

1.6

-8.4

-7.04

8
9

126-68-1
ethyl-phosphorothioate
13457-18-6 pyrazophos

2.02
3.07

6.79
1.96

-9.51
-8.92

-6.57
-7.59

10 13593-03-8 quinalphos

3.2

1.17

-9.07

-7.71

11 144-41-2

1.3

4.3

-9.31

-5.86

4.38

1.19

-9.49

-8.86i

13 14816-20-7 chlorphoxim
5.1
14 1497-32-1 thiobenzoic acid,
4.57
anhydrosulphide with O,Odiethyl- dithiophosphorate

2.36
1.64

-9.25
-9.28

-9.57
-9.05

15 1716-09-2 ethyl-fenthion
16 18854-01-8 isoxathion

4.52
4.03

3.15
1.83

-8.9
-9.03

-9
-8.52

-5.18i

17 2104-96-3 bromophos
18 22068-88-8 neosar
O,O-dipropyl hydrogen
19 2253-43-2 dithiophosphate
O,O-dibutyl hydrogen
20 2253-44-3 dithiophosphate
O,O-diisobutyl hydrogen
21 2253-52-3 dithiophosphate

5.1
3.11

2.5
1.88

-9.39
-9.39

-9.57
-7.63

-4.85

3.05

4.19

-9.46

-7.57

4.11

4.23

-9.36

-8.6

3.85

4

-9.48

-8.35

22 2275-18-5

prothoate

2.47

3.82

-9.19

-7

23 2310-17-0

phosalone

4.31

2.8

-9.05

-8.8

24 23505-41-1 pirimiphos-ethyl
25 24017-47-8 triazophos

4.06
2.9

3.31
2.39

-8.61
-8.88

-8.55
-7.42

26 24934-91-6 chlormephos

3.21

3.78

-9.53

-7.72

1
2

Compound name

morphothion

12 14816-18-3 phoxim

Chapter 4

Table 4.3: List of EINECS compounds that fit into the applicability domain of one or more of the two
single species QSAR models developed in the present thesis, their Chemical Abstract Services (CAS)
numbers and predicted EC50 values.

-4.84

-4.8
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No CAS no.

27
28
29
30

Compound name

log Kowa

Elumob

Ehomod log EC50
(M)f

log LC50
(M)h

(P=O)c
eV)

(P=S) Daphnia
e
(eV) magna
24 h

Cyprinus
carpio
14 d

7/6/2497
2595-54-2
2597-03 7
2636-26-2

disulfoton sulfoxide
mecarbam
phenthoate
cyanophos

2.31
3.26
3.84
2.5

4.13
3.61
2.96
2.41

-9.33
-9.28
-9.23
-9.53

-6.85
-7.77
-8.34
-7.03

31 2642-71-9
32 2921-88-2

azinphos-ethyl
chlorpyrifos (-ethyl)

3.43
4.51

1.53
1.6

-9.29
-9.58

-7.94
-8.99i

33 29232-93-7 pirimiphos-methyl

3.38

3.3

-8.55

-7.89i

34 297-97-2

cynophos, thionazin

1.6

2.15

-9.36

-6.16

35 298-02-2

phorate

3.84

4.15

-9.62

-8.35

36 298-03-3

demeton-O, demetonthione 2.64

5.65

-9.25

-7.17

37 298-04-4

4.17

4.37

-9.25

-8.66

38 298-06-6

disulfoton
O,O-diethyl hydrogen
phosphorodithioate

1.99

4.15

-9.5

-6.54

39 299-84-3
40 3070-15-3

fenchlorphos
fensulfothion sulfide

4.97
4.02

2.46
3.42

-9.48
-8.68

-9.44
-8.51

-5.28

41 30864-28-9 methacrifos
42 32345-29-2 ethyl-phenyl-thiophosphate
O,O’-diisopentyl hydrogen
43 32650-55-8 dithiophosphate
tris(2-chloropropyl)
44 33712-72-0 thiophosphate

0.98
3.42

3.07
3.62

-9.67
-9

-5.55
-7.93

-5.07

4.9

4.12

-9.52

-9.37

3.8

4.19

-9.76

-8.3

45 34643-46-4 prothiofos

5.38

2.76

-9.26

-9.84

46 35400-43-2 sulprofos
47 36145-08-1 chlorprazophos
O-(2,2-dichlorovinyl) O,O48 36560-17-5 dimethylthiophosphate
49 3811-49-2 dioxabenzofos
50 38260-54-7 etrimphos

5.48
3.27

3.27
2.25

-8.65
-8.74

-9.94
-7.78

-4.93

1.82
2.67
3.41

3.76
3.29
3.08

-9.76
-9.24
-9.39

-6.37
-7.2
-7.92

-4.78i
-5.04

51 42509-80-8 isazofos
52 500-28-7
chlorothion
53 5221-49-8 pyrimitate
tris(4-aminophenyl)
54 52664-35-4 thiophosphate

2.51
3.4
3

3.72
1.8
3.2

-9.39 -7.04
-10.02 -7.91
-8.86 -7.52

-4.75
-4.95
-4.69

2.69

3.73

-7.85

-7.22

-4.81

55 52-85-7
56 55-38-9

2.19
3.84

2.52
3.12

-9.67
-8.92

-6.73
-8.34i

-5.20i
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famophos
fenthion

-5.01
-4.66i

-5.04

No CAS no.

Compound name

log Kowa

Elumob

Ehomod log EC50
(M)f

log LC50
(M)h

(P=O)c
eV)

(P=S) Daphnia
e
(eV) magna
24 h

Cyprinus
carpio
14 d

57 56-38-2

parathion (-ethyl)

3.47

1.2

-9.88

-7.98

58 56-72-4

coumaphos

4.33

1.48

-9.02

-8.82

59 57018-04-9 tolclofos-methyl
4.86
O,O-dicyclohexyl hydrogen
60 6028-46-2 dithiophosphate
4.99
61 6044-12 8 O,O,O-tris(2-chloro3.14
1-methylethyl)
phosphorothioate

2.88

-9.38

-9.33

4.16
5.29

4.16 -9.46
-10.03 -7.66

62 640-15-3
thiometon
63 64249-01-0 anilophos

3.2

4.33

-9.26

-7.71

4.36

3.08

-9.07

-8.84

4.14
3.56

-9.47
-9.37

-7.35
-7.43

4.4

-9.35

-8.62

1.26

-9.35

-7.63

4.09

-9.55

-5.5

69 757-86-8

phosmet
3.11
O,O-dimethyl hydrogen
dithiophosphate
0.93
methyl
[(dimethoxyphosphinothioyl)
thio]acetate
1.78

4.21

-9.5

-6.33

70 78-34-2

dioxathion

4.01

3.93

-9.46

-8.5

71 78-57-9

azidithion

0.79

2.83

-10.1

-5.37

72 86-50-0
73 950-37-8

azinphos methyl
methidathion

2.55
2.77

1.55
3.75

-9.42
-9.38

-7.08
-7.3

74 97-17-6

dichlofenthion

5.04

2.88

-9.83

-9.51

O-sec-butyl O-ethyl
64 68715-90-2 hydrogen dithiophosphate 2.83
65 68957-49-3 O-[1-(tert-butyl)-5-chloro- 2.91
1H-1,2,4-triazol-3-yl]-O,Odiethyl thiophosphate
66 71735-74-5 ethyl 3-[[bis(1-methylethoxy)4.13
phosphinothioyl]thio]
propionate
67 732-11-6
68 756-80-9
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-4.88

-4.84i

octanol/water partition coefficient energy of the lowest unoccupied molecular orbital in electron volts c organophosphate (oxidized
form of the organothiophosphate) d energy of the highest occupied molecular orbital in electron volts e organothiophosphate crossvalidated correlation coefficient. f EC50 values predicted using fEqn.3 (D. magna), gEqn. 6 (honeybee), and hEqn. 7 (carp). EC50
values not predicted for compounds that do not fit into the applicability domain (blank EC50 values). i These compounds already
appear in Table 4.1.
a

b
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discussion

In the present study, we have investigated the possibilities of developing a validated
interspecies QSAR model for predicting the acute toxicity of organothiophosphates to fish
using toxicity data for D. magna. We have successfully developed an externally validated
QSAR model for predicting 24 h acute toxicity to D. magna based on toxicity data generated
in our laboratory experiments and used it to develop an interspecies QSAR model to make
toxicity predictions to carp. The preference to carry out toxicity tests on D. magna was
based on several considerations. First, within the REACH regulation, Daphnia is one of the
two species (together with algae) that are preferred species for providing short-term toxicity
data (1). Second, Daphnia was preferred over algae species because (a) algal experiments
are known to result in experiments with relatively high variability due to the large diversity
of methods and protocols used for toxicity determination (35) and (b) algae are unicellular,
thus have no nerve cells, which are relevant when one wishes to consider the neurotoxicity
of organothiophosphates. Third, for Daphnia, there is a standardized OECD toxicity test
available (23). Fourth, attempts to carry out external validation experiments based on a
QSAR model developed on existing D. magna literature data (17) (data not shown) failed.
This could be probably due to variations or differences in the D. magna clones used by Vighi
et al 17 years ago with the clone we used, that could result in wide deviations in the expected
toxicity response. Therefore, it was preferable to generate our own toxicity data for QSAR
modeling and for external validation. Based on the set of toxicity data generated a QSAR
model according to OECD defined guidelines could be defined.
The OECD recommends that for each QSAR model, the following five categories of
information be provided: i) a clearly defined endpoint, ii) an unambiguous algorithm, iii)
appropriate measures of goodness of fit, robustness, and predictivity, iv) a defined domain
of applicability, and v) a mechanistic interpretation (2). Since detailed explanations of the
OECD guidelines have been published (2) and are freely available, only a brief description of
the application of the five criteria in this study will be provided. The QSAR models developed
in the present study satisfy all five (D. magna) and four (carp) of the OECD requirements.
Since a given toxicity endpoint could be determined under different experimental conditions
and protocols (2), it is important to provide all information about the experimental setup
and the measured endpoint, as done in the present study [24 h EC50 (M) for D. magna
and 14 d LC50 (M) for carp)]. For each of the three descriptors: log Kow, Elumo and Ehomo,
relevance to toxicity endpoint, calculation methods, software packages and the predicted
values of the descriptors for each compound are described and the latter were generated
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by methods that are publicly available. The statistical technique, linear regression used to
analyze the relationship between toxicity and the physicochemical descriptors is simple to
use and sufficient especially where few descriptors (in our case, two) are involved (36). This
ensures transparency of the model algorithm. The QSAR models have been validated both
internally (Eqn. 3; r2int = 0.73; Eqn. 6; r2int = 0.60), a measure of robustness) and externally
for D. magna (Eqn. 3; r2ext = 0.71, a measure of predictivity). As models are a simplification
of reality, their limits should be well defined (37). In our study, the applicability domain in
terms of both the descriptor range (for the D. magna QSAR model) and the actual list of
compounds that fit into the domain have been provided (see Table 4.3). H y d r o p h o b i c i t y
has been identified as an important parameter to describe the toxicity of P=S compounds to
D. magna. An additional parameter, Ehomo, slightly improves the toxicity prediction for D.
magna (Eqn. 5; r2 = 0.82). When comparing the correlation with log Kow only (Eqn. 3; r2 =
0.80) and that with log Kow + Ehomo (Eqn. 5; r2 = 0.82) the only marginal improvement in the
correlation when taking Ehomo into account as an additional descriptor, reaffirms the fact that
toxicity of organothiophosphates to D. magna is limited by the ability of the compounds to
enter the organism (modeled by log Kow) as shown previously (17). The slight improvement
in the correlation after the addition of Ehomo and the lack of improvement after adding Elumo
suggests that for D. magna, the conversion of the organothiophosphate to the organophosphate
(modeled by Ehomo) or the rate of reaction of the P=O metabolite of the organothiophosphate
with AChE (modeled by Elumo) are not the rate-limiting steps in the mechanism underlying
the toxicity. Toxicity to carp is dependent on both the entry of the organothiophosphates into
the organism modeled by log Kow, and their conversion to the active oxon (P=O) (modeled by
Elumo) form.
The good interspecies correlation (r2 = 0.94) obtained in this study for D. magna to carp,
seems to support the idea that one can use toxicity data for one organism to predict toxicity
to another organism. Our correlation compares well with that from previous studies using
protozoan data to predict toxicity to fish for aldehydes (r2 = 0.81) (19) and common organic
pollutants (r2 = 0.81) (20).
The results in the present study can be used in several ways to help reduce the number
of animals used for experimental purposes. In case of new organothiophosphates that fit
our defined selection criteria, the defined toxicological effects to D. magna and carp can
be estimated using our developed models without any additional animal testing. The
experimental and predicted EC50 values (Table 4.1 and 3) can be used to identify the most
toxic organothiophosphates on which future risk assessment steps should concentrate. In
case further experiments are necessary one can decide to perform experiments with D. magna
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and then use the D. magna to carp QSAR model (Eq. 2) to predict toxicity to carp. Predicted
or experimental EC50 values for D. magna can also be used in the acute threshold test (38).
This test is based on the experience that daphnids are more sensitive to toxicants than fish;
therefore, the EC50 values for D. magna can be used as an upper threshold for fish tests (38).
Using the upper threshold concentration, tests with fish can be repeated until a concentration
is reached at which no mortality is found – the so-called “step down procedure”, which can
result in a reduction of approximately 73 % in the number of fish used (38). Hoekzema et al
recently validated the test and demonstrated its usefulness for various groups of chemicals and
came to a reduction of 88 % of the number of fish used (39). All these approaches support
the reduction of the use of experimental animals, which is one of the goals of REACH (1).
QSAR models are expected to play an important role in the risk assessment
of chemicals within REACH. To allow a trustable application of QSAR models on the
regulatory scene, the implementation of the OECD guidelines for QSAR development and
validation at every step of the modeling process is very important. Whenever additional
data sets are available, it is preferable that QSAR models are externally validated. The three
QSAR models described in the present paper can altogether cover 83 compounds, equivalent
to 0.1 % of the EINECS list.
Appendices
Supplementary information is available in three tables (S1-S3) on page 137 .
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Abstract
The new EU legislation for managing chemicals called REACH aims to fill in gaps in toxicity
information that exist for the chemicals listed on the European Inventory of Existing Chemical
Substances (EINECS). REACH advocates the use of alternatives to animal experimentation
including, amongst others, (quantitative) structure-activity relationship models [(Q)SARs] to
help fill in the toxicity data gaps. The aim of the present chapter was to provide a sciencebased estimate of the number of EINECS compounds that can be covered by (Q)SAR models
for acute toxicity. Using the ECOSAR software, 54 % of the 100 196 EINECS chemicals
were classified into 49 classes that can be potentially covered by (Q)SAR models. The
largest proportion of the classified compounds (40 % of the EINECS list) falls into the classes
of non-polar and polar narcotics. Compounds that were not classified include, for example,
fish oils, botanical and animal extracts, and crude oil distillates. With rapid improvements in
analytical tools, the number of EINECS compounds for which toxicity evaluations may be
based on (Q)SAR approaches may be extended by further developing the method recently
developed for the safety assessment of natural flavor complexes used as ingredients in
food. This method is based on identification of the individual components in a mixture, and
judgment of the safety of these identified individual compounds using toxicity information
on structurally similar congeners in the respective classes. Such (Q)SAR approaches may
be applied to an additional 2 938 EINECS compounds, representing botanical and animal
extracts, leading to a total estimate of 57 % of the EINECS compounds for which (Q)
SAR based approaches may assist in their safety assessment. It is concluded that, despite
the fact that individual (Q)SARs may often each cover only a limited number, i.e. less than
1 %, of the EINECS compounds, the potential for applying (Q)SAR approaches for safety
assessment of EINECS compounds may prove to be significant.
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Introduction
The European Inventory of Existing Chemical Substances (EINECS) (1) contains more
than 100 000 chemicals that were on the European Union (EU) market before 18 September
1981. After this date, about 4 300 new chemicals were introduced on the EU market and
these compounds are listed on the European List of Notified Chemical Substances (2). It is
recognized that insufficient (eco)toxicological information exists on the hazardous properties
of many of the EINECS chemicals. This is mainly because for EINECS chemicals, unlike for
ELINCS chemicals, there were no requirements for premarket testing, even though EINECS
chemicals constituted 99 % of the total volume of all substances on the market at that time
(3). To close the existing toxicity data gaps and to ensure better protection of human health
and the environment from the risks that can be posed by chemicals, the EU adopted a new
legislation called Registration, Evaluation, and Authorization of Chemicals (REACH) (4).
This legislation came into force on June 1 2007 and shifts the responsibility of assessing
and managing the risks posed by chemicals from governments to industry. In the REACH
legislation, the amount of toxicity data required for a chemical increases with an increase
in its production volume. As a result, concerns were expressed that for high production
volume chemicals, large numbers of experimental animals might be required for toxicity
testing in order to generate the required toxicity data. Therefore, within REACH, there is
a provision to use, amongst others, sufficiently validated computational prediction models
based on (quantitative) structure-activity relationships [(Q)SARs] to fill in the toxicity data
gaps. This is expected to reduce the number of experimental animals used, and also to save
time and costs (4).
Internationally, considerable efforts are in progress to help increase the acceptability
of (Q)SAR models for regulatory purposes. In 2004, the Organization for Economic
Cooperation and Development (OECD) proposed guidelines for QSAR model development
and validation (5), that were recently updated (6). The OECD is also developing a software
package called (Q)SAR Application Toolbox that member countries can use to fill toxicity
gaps in (eco)toxicity data needed for assessing the hazards of chemicals (7). The European
Chemicals Bureau (ECB) is currently compiling an inventory of QSAR models that can be
used for regulatory purposes. For this purpose, they are developing a harmonized template,
(Q)SAR Prediction Reporting Format, which will be used to summarize and report substancespecific predictions generated by (Q)SAR models (8).
An insight into the total number of EINECS compounds that QSAR models can
potentially cover would be of interest for a potential successful application of these models
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within REACH. In our previous studies, we developed validated QSAR models for three
chemical groups, including mononitrobenzenes (chapter 2), chlorinated alkanes (chapter 3),
and organothiophosphates (chapter 4). In these chapters we also identified how many of the
EINECS chemicals would actually match the applicability domain of the respective QSARs.
This analysis revealed that the QSARs for the mononitrobenzenes, chlorinated alkanes,
and organothiophosphates covered 0.5 %, 0.1 %, and 0.1 % of the EINECS compounds
respectively, together amounting to 660 compounds, making up about 0.7 % of the EINECS
list. These numbers are schematically presented in Figure 5.1 and the question that emerges
is to what extent (Q)SAR approaches can ultimately be expected to cover the more than 100
000 EINECS chemicals.

Figure 5.1: Proportion of EINECS chemicals covered by QSAR models we developed for three
chemical groups including mononitrobenzenes (9), organothiophosphates (10), and chlorinated alkanes
(11).

Therefore, the aim of the present study was to provide a science-based estimate of the number
of EINECS compounds that can be covered by (Q)SAR models for toxicity. This was
investigated by using the Ecological Structure Activity Relationships (ECOSAR) software,
developed by the United States Environmental Protection Agency (US EPA), and quantifying
to what extent EINECS chemicals can be classified into classes that can potentially be covered
by these ECOSAR QSAR models. The effort also provided insight into what percentage and
what type of EINECS chemicals would not qualify to be included in (Q)SAR type approaches
and into the reasons why that would be the case.
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materials and methods

EINECS list
The EINECS list, containing the compounds to be classified was supplied by the ECB
as a Microsoft® Excel file. It contains 100 196 compounds and for each compound, the
following information is included: name, chemical abstracts service (CAS) number, EINECS
number, and molecular formula. The CAS numbers were copied from the Excel file and
saved into a Microsoft® Notepad (Microsoft, Redmond, WA, USA) file. The Notepad file was
used as the input file into the ECOSAR class software.
Software
ECOSAR is a user-friendly computer programme developed and routinely applied by
the US EPA for predicting aquatic toxicity to fish, daphnids and algae (12). The software
version (0.99g) used in this study can be freely downloaded from the EPA website (13). From
the main window of the ECOSAR software, the Microsoft® Notepad file was imported and
processed in batch mode. The batch output file was set to tab delimited mode to allow easy
export to Microsoft® Excel. The batch output file contained the name of the compound, CAS
number, and QSAR class and it was imported into Microsoft® Excel 2003. The CAS numbers
and compound names were compared with those in the EINECS list file for correctness.
Within Microsoft® Excel 2003 the numbers of compounds within each ECOSAR class were
counted using a 15-day trial version of the software DigDB version 7.1.3.3 (Data Instrument
Group, CA, USA; http://www.digdb.com). During installation, DigDB integrates into
Microsoft® Excel as a plug-in. Using a “roll-up” option within DigDB, the compounds in each
class were counted, and the results displayed in a new worksheet. The classes identified by
ECOSAR were further grouped into mechanism-based classes according to the classification
scheme proposed by Verhaar et al (14)

results

ECOSAR classification of EINECS compounds
Table 5.1 presents the results of classifying the 100 196 EINECS list compounds into
the classes of the ECOSAR software. The ECOSAR software classified 54 277 (54%) out of
the 100 196 EINECS compounds into 49 classes. For compounds containing more than one
functional group, ECOSAR lists all the functional groups that it can identify in a molecule and

102

QSAR models’ coverage of EINECS list

may assign more than one functional class to a specific molecule. This is illustrated in Figure 5.2
for the compound 2,5-dihydroxy-3,6-dichlorobenzoquinone; (CAS 87-88-7), where ECOSAR
identifies three functional groups and classifies the compound into the class vinyl/allyl halides
and identifies two additional classes namely quinone/hydroquinone and vinyl/allyl alcohols.

Table 5.1, therefore, also includes information on which additional functional groups were
found to occur concomitantly at least in some congeners in the respective class and lists
in column 3 the respective classes corresponding to these additional functional groups
encountered in a specific class. The results thus obtained reveal that neutral organics form
the largest class (class 1, n = 21 233). The ECOSAR software defines neutral organics
as compounds that are generally solvents, non-ionizable, and non-reactive. Table 5.1 also
shows that a large majority (80 %) of the classified compounds fall into seven classes: neutral
organics, esters, aliphatic amines, phenols and aromatic amines, acrylates and aldehydes
(classes 1 to 7). The remaining compounds (20 %) fall into 42 classes that contain less than
1,000 compounds per class (Table 5.1; classes 8 to 49).
Further grouping of ECOSAR classes
Verhaar et al. developed a classification scheme for environmental pollutants (14) in which
chemicals are divided into four categories: i) non-polar narcotics, ii) polar narcotics, iii)
chemicals with unspecific reactivity, and (iv) chemicals with a specific mechanism of action.
Non-polar narcotics include aliphatic and aromatic hydrocarbons, halogenated aliphatic
and aromatic hydrocarbons, ethers, alcohols and others (14). Considering the ECOSAR
classification scheme (Table 5.1), the neutral organics class (ECOSAR class 1), which contains
the largest number of classified compounds, would fall into the non-polar narcotics group.
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Figure 5.2: 2,5-dihydroxy-3,6-dichlorobenzoquinone (CAS 87-88-7), an example of a compound
that is classified into the classes vinyl/allyl halides, quinone/hydroquinone and vinyl/allyl alcohols by
ECOSAR due to the presence of several functional groups.
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Table 5.1: Numbers of compounds in various classes as identified by the ECOSAR software.
Class
number

Class name a

Other functional groups attached to the main class
identified by the ECOSAR software

1

neutral organics

carbon, hydrogen, bromine, phosphorous, iodine,
21233
chlorine, fluorine, selenium, sulphur, oxygen, nitrogen,
boron, silicon, germanium, arsenic, antimony, tellurium,
polonium, alkali, alkaline, lanthanides, actinides, transition
metals

2

esters

phosphate esters, vinyl/allyl ketones, surfactants-anionic,
phenols, salicylates

8259

3

aliphatic amines

esters, phenols, benzyl alcohols, benzyl amines

5985

4

phenols

salicylic acid, quinone/hydroquinone, benzyl alcohols,
triazines

3561

5

aromatic amines

phenols, esters, imidazoles, triazines

2581

6

acrylates

esters, aliphatic amines, vinyl/allyl alcohols, allylic/vinyl
nitriles

1253

7

aldehydes

phenols , esters

1032

8

hydrazines

phenols, imides, triazines

920

9

imides

imidazoles, phenols, vinyl/allyl halides , vinyl/allyl
alcohols

852

10

vinyl/allyl ketones

vinyl/allyl alcohols, vinyl/allyl ethers

831

11

acid halide

benzyl halides, thiophenes, vinyl allyls

606

12

surfactants-anionic

vinyl/allyl alcohols, imidazoles, vinyl/allyl ethers

515

13

surfactants-cationic

surfactants-anionic, triazines

493

14

benzyl alcohols

imidazoles, benzyl halides

462

15

vinyl/allyl ethers

vinyl/allyl alcohols , thiazolidinones, quinone/
hydroquinone

430

16

epoxides

esters, vinyl/allyl ketones, silanes, vinyl/allyl ethers

392

17

benzyl halides

imidazoles

369

18

imidazoles

no other substituents

349

19

methacrylates

silanes

341

20

dinitrobenzenes

esters, phenols, hydrazines

340

21

vinyl/allyl alcohols

no other substituents

283

22

silanes alkoxy

benzyl halides

260

a

class name as assigned by the ECOSAR software.
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Class name a

Other functional groups attached to the main class
identified by the ECOSAR software

23

anilines (aminometa)

amino-para anilines, amino-ortho anilines, triazines

252

24

vinyl/allyl halides

quinone/hydroquinone , vinyl/allyl alcohols, acrylamides

240

25

peroxy acids

thiophenes, triazines, vinyl/allyl ethers

199

26

triazines

vinyl/allyl ethers

198

27

thiols–mercaptans

silanes

193

28

isocyanates

esters, imides

183

29

acrylamide

vinyl/allyl alcohols

183

30

allylic/vinyl nitriles acrylamides, vinyl/allyl alcohols , vinyl/allyl ethers

174

31

diazoniums

esters

167

32

thiophenes

benzyl halides , acrylamides, vinyl/allyl alcohols

150

33

schiff bases

vinyl/allyl ketones , vinyl/allyl ethers

127

34

haloacetamides

benzyl halides

125

35

diepoxides

esters

118

36

diketones

esters, vinyl/allyl ketones

95

37

thiocyanates

silamines

69

38

surfactants-nonionic silanes

65

39

thiazolidinones

vinyl/allyl halides

62

40

silamines

no other substituents

58

41

benzotriazoles

phenols

57

42

aziridines

esters

38

43

quinone/
hydroquinone

vinyl/allyl alcohols

37

44

benzyl amines

imidazoles

29

45

propargyl alcohols

propargyl ethers, propargyl amines, vinyl/allyl halides

26

46

propargyl ethers

no other substituents

23

47

dinitro aromatic
amine

phenols, thiophenes , diazoniums

23

48

vinyl/allyl sulfones vinyl/allyl ethers , acrylamides

21

49

propargyl amines

18

no other substituents

Total
a

Total
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Class
number

54277

class name as assigned by the ECOSAR software.
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Aromatic amines (ECOSAR class 2), esters (ECOSAR class 25), phenols (ECOSAR class
26), and anilines (ECOSAR class 35) would fit into the polar narcotics category (14).
Based on these considerations it can be concluded that, as schematically represented in
Figure 5.3, the polar narcotics would include 17 077 EINECS list chemicals (ECOSAR
class 2+25+26+35) and the non-polar narcotics would include 21 233 EINECS
compounds (ECOSAR class 1), together covering about 40 % of the total EINECS list.
Compounds in Table 5.1 that fit the unspecific reactivity category of Verhaar et
al. include propargyls (classes 16–18), cyanates (classes 19 and 20), aldehydes
(class 28), hydrazines (class 29), and acid halides (class 31).
The ECOSAR
software classifies reactive compounds (e.g. organophosphorous, pyrethroids,
carbamates etc.) into the ester class (ECOSAR class 25) since they are esterified.
Compounds not classified by ECOSAR
The ECOSAR software was not able to classify the remaining 45 919 EINECS
compounds. Further analysis of these compounds revealed that 18 367 (40 %) of them do
not have a defined molecular formula. These include for example fish oils (e.g. cod liver
oil; CAS 8001-69-2 ), plant oils (e.g. rape oil monoglycerides; CAS 85586-30-7), botanical
extracts (e.g. sweet pea extract; CAS 90604-48-1), animal extracts (civet secretion; CAS
68916-26-7), crude oil distillates (e.g. low temperature crude tar bases; CAS 141785-66-2),
enzymes (e.g. luciferase; CAS 9014-00-0), and wastes (e.g. ethylene oxide absorber reactor
waste gases; CAS 68513-74-6). Botanical extracts (n = 2 819) and animal extracts (n =
119) in total (n = 2 938) account for 16 % of the compounds without a defined molecular
formula.
The remaining 27 552 compounds which ECOSAR was unable to classify fall into
the groups of for example, medicines (e.g. streptomycin B; CAS 128-45-0, morphine
hydrochloride, CAS 52-26-6) and salts (e.g. formic acid lead salt; CAS 7056-83-9).
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The REACH legislation focuses on providing toxicity information for about 30 000
EINECS chemicals with an annual production volume greater than 1 ton (4). The rationale
for focusing on production volume is that large production volumes increase the potential
for exposure, and therefore the potential risks associated with the chemical (15). In the
present study, we chose to focus on the complete EINECS list, rather than being restricted
by production volumes. This is because it is not known to what extent production volume
actually predicts exposure, and chemicals with low toxicity may be overrepresented among
high volume chemicals. Therefore, there can be a bias towards less acutely toxic chemicals
when one would only consider the 30 000 chemicals with annual production volumes greater
than 1 ton (15). Equally important is the fact that during development of QSAR models,
toxicity data from both low and high production volume chemicals is often used, so one might
also expect to predict toxicity of both low and high volume chemicals by these QSARs.
In order to implement QSAR models successfully, one needs to be able to classify
compounds into specific groups, based on chemical structure or mechanism of action (16).
In the present study, using the ECOSAR software, we classified approximately 54 % of the
100 196 EINECS chemicals into 49 classes (Table 5.1) that can be potentially covered by
QSAR models. As far as we are aware, this is the first attempt to categorize the complete
EINECS list into specific classes. The usefulness of ECOSAR for classification of chemicals
has been previously demonstrated. Hulzebos and Posthumus used ECOSAR to categorize 70
chemicals into chemical classes with 87 % accuracy, and this compared well (90 % accuracy)
with using DEREK, a commercial software package (17). Thus, the ECOSAR software,
which is freely available for download on the internet, seems an appropriate method for
chemical classification.
Using the classification scheme proposed previously by Verhaar et al. (1992), we further
grouped the ECOSAR classes into four groups. It has been frequently demonstrated that
the acute toxicity of both non-polar and polar narcotics can be adequately explained by their
hydrophobicity, as they are assumed to exert their toxicity via a non-specific mode of action
(14, 18-20). Most of the QSAR models published over the last 30 years have focused on
both non-polar and polar narcotics and describe QSARs for example, for chlorobenzenes
(21), alcohols and chlorohydrocarbons (22), halogenated aliphatics (23), chlorinated alkanes
(11, 18, 24). Considering that the non-polar and polar narcotics (Fig. 5.3; total of n = 38 310)
cover about 40 % of the EINECS compounds, the potential application of QSAR models for
these compounds looks promising.
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non polar narcotics
esters
aliphatic amines
aromatic amines
anilines
5985

21233

17077

non-polar
narcotics

8259
2581
252

Figure 5.3: Further grouping of ECOSAR classes into non-polar and polar narcotics according to the
classification scheme proposed by Verhaar et al (14). The polar narcotics group (smaller pie chart) is
made up of esters, aliphatic amines, aromatic amines, and anilines.

However, one needs to be aware that even within each of the specific classes, a single
QSAR model would probably not cover all of the compounds. This is illustrated in Figure 5.4,
showing that a QSAR model developed for substituted mononitrobenzenes could not cover
substituted nitrobenzenes that (i) are ionized at physiological pH of 7.4, i.e. nitrophenols and
nitrobenzoic acids (□), (ii) have two nitro groups (∆), (iii) contain a cyano substituent (О), or
(iv) have two phenyl rings (◊), because they were clearly outliers in the model probably due
to a different mechanism of action (9).
The ECOSAR software classifies nitrophenols (ECOSAR class 26) and dinitrobenzenes
(ECOSAR class 33) into different classes than the substituted mononitrobenzenes
(ECOSAR class 1), thus confirming their outlier status. Although nitrobenzoic acids and
cyanonitrobenzenes fall into the same ECOSAR class as the substituted mononitrobenzenes,
(ECOSAR class 1), other QSAR models would need to be defined for them.
The ECOSAR software does not separately categorize specifically reactive compounds
(e.g. organophosphorous, pyrethroids, carbamates etc). For example, organophosphorous
compounds exert their specific acute toxic effects primarily by inhibiting the enzyme
acetylcholinesterase (AChE) (25, 26) and pyrethroids interfere with the closing of sodium
channels in neurons (27). Most of the specifically reactive compounds are used as pesticides
and they have been the focus of several QSAR modeling efforts as demonstrated by
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Figure 5.4: QSAR for the correlation between the decadic logarithm of the 48 h experimental toxicity
of substituted mononitrobenzenes to the protozoan Tetrahymena pyriformis and the toxicity predicted
on the basis of log Kow for (r2 = 0.815; n = 33), N.B. Data points not included represent substituted
nitrobenzenes that (i) are ionized at physiological pH of 7.4, i.e. nitrophenols and nitrobenzoic acids
(□), (ii) have two nitro groups (∆), (iii) contain a cyano substituent (О), or (iv) have two phenyl rings
(◊). IGC50 = IC50 for growth inhibition. Adapted from literature (9).

QSARs described for e.g. organophosphorous compounds (28-34), pyrethroids (35-38), and
carbamates (31, 33, 34, 39). Thus, it can be expected that compounds of ECOSAR classes
that would fall into these groups of chemicals with a specific mechanism of action can all be
covered by QSARs.
For some of the compounds that the ECOSAR software was not able to classify, it is
clear that QSAR models would never apply to them. Substances that fall into the categories
petroleum and coal based substances and waste gases cannot be tested with conventional test
systems due to their complex and variable composition (40), making the application of QSAR
models unrealistic. On the other hand, the safety assessment of botanical extracts could be
conducted based on further development of an approach used for natural flavor ingredients
in food (41). The approach developed for essential oils is based on the concept that the
types of chemicals in natural flavor complexes are not infinite in structural variation, because
chemical constituents in plants originate from a limited number of biosynthetic pathways (41).
Therefore, if more than 95% of the essential oil constituents can be adequately characterized
and assigned to well defined congeneric groups, the safety of the structural classes of
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identified individual compounds can be judged using toxicity information on structurally
similar congeners in the respective classes (41) in a SAR approach. Considering the rapid
improvement and reduced costs of analytical tools, compared to the ever increasing costs for
traditional toxicity testing, this approach may prove to be potentially useful and applicable
for a wider range of botanical extracts (n = 2 819), and/or animal extracts (n = 119). This
would lead to an increase in the coverage of the EINECS list by (Q)SAR approaches from 54
277 to 57 215 compounds, equivalent to 57 % of the EINECS list.
As classification of compounds is an important first step for the implementation of QSAR
models on the regulatory scene, a next step would be to evaluate the quality of the existing
QSAR models for the identified classes, a process that is currently ongoing at the ECB (8).
Altogether, the results of the present study reveal that, despite the fact that individual QSARs
may often each cover only limited, i.e. less than 1%, of the EINECS compounds, the potential
for applying (Q)SAR approaches for safety assessment of EINECS compounds may prove
to be significant.
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The new EU legislation for managing chemicals called Registration, Evaluation and
Authorization of Chemicals (REACH) (1) aims to fill in gaps in toxicity information that
exist for the chemicals listed on the European Inventory of Existing Chemical Substances
(EINECS) (2). Within the REACH framework, manufacturers are required by the year 2018
to provide toxicity information for about 30 000 chemicals with annual production volumes
greater than 1 ton (1). The amount of toxicity data required for a chemical increases with an
increase in its production volume. There is currently ongoing debate about the potentially
large number of animals that have to be used for experimental toxicity testing as an outcome
of REACH. In 2005, about 12 million animals were used within the EU (3). Within the
REACH framework, there are provisions to allow alternative testing methods e.g. in vitro
and in silico approaches. Due to the large amount of toxicity information that is required
within the next 10 years, methods that can help to direct priorities for future toxicity testing
will help to save time, money, and animals. In this regard, in silico methods such as those
based on (Quantitative) Structure-Activity Relationships [(Q)SARs] are expected to provide
toxicity information or identify hazards of chemicals, and this information can then be used
to identify priority chemicals for further risk evaluation or even predict toxicity of congeners
within the applicability domain of the QSAR.
A QSAR is based on the assumption that the biological activity of a new or untested
chemical can be inferred from the molecular structure, or properties of similar compounds
whose activities have already been assessed (4). Traditional QSARs use experimentally
determined descriptors (5, 6). However, due to lack of large data sets of experimentally
derived descriptors, QSARs approaches have been developed that are based on descriptors
defined using quantum-mechanical computer calculations. Due to the increasing power of
computers, quantum-mechanical computer calculations have become a valuable and widely
applicable tool in (bio)chemical research. They provide the possibility to calculate, using
the chemical structure of a compound as the sole input, parameters that define the physicochemical properties and relative reactivity of a compound. Computational approaches offer
the advantages of ease of use, speed, and low costs.
In 2007, the Organization for Economic Cooperation and Development (OECD)
published a guidance document for (Q)SAR model development and validation in order to help
increase the acceptability of (Q)SAR models for regulatory purposes (7). These guidelines
state that in order to facilitate the consideration of a (Q)SAR model for regulatory purposes,
the (Q)SAR model should be associated with the following five categories of information:1)
a defined endpoint, 2) an unambiguous algorithm, 3) a defined domain of applicability, 4)
appropriate measures of goodness-of-fit, robustness, and predictivity, and 5) a mechanistic
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interpretation (7). The aim of this thesis was to develop computational chemistry-based
QSAR approaches that enable identification of priorities within various selected groups of
EINECS chemicals, and to investigate to what extent QSAR approaches can be of use in
predicting toxicty of the large number of EINECS chemicals. To this end, validated QSAR
models for acute toxicity of selected groups of EINECS chemicals were developed taking
into account the OECD guidelines and the actual number of EINECS compounds covered by
these QSAR approaches was established.
Summary of methods and results
In this thesis, QSAR models were developed for nitrobenzenes (chapter 2), chlorinated
alkanes (chapter 3), and organothiophosphate pesticides (chapter 4), Three descriptors were
investigated for their suitability in modeling the toxicity of the chemicals in the three groups
to various organisms. These were;
(i)
the logarithm of the octanol/water partition coefficient (log Kow), which generally
models a compound’s hydrophobicity, which is important in describing the
passage of a compound through membranes,
(ii)
the energy of the lowest unoccupied molecular orbital Elumo (eV), which models
the electrophilic nature of the chemicals, and
(iii)
the energy of the highest occupied molecular orbital Ehomo (eV), which models
the nucleophilic nature of the chemicals.
In a final step, a science-based estimate was made of the percentage of EINECS chemicals
that can be grouped into specific chemical classes, and thus in theory be subject to QSAR
modeling (chapter 5).
The initial task in this thesis was to identify suitable software packages, descriptor
calculation protocols, and statistical techniques for use for the rest of the thesis. This was
done using a group of compounds called substituted nitrobenzenes as they had sufficient
experimental toxicity data from the literature for modeling purposes (chapter 2). Substituted
nitrobenzenes are widely used in industry during the synthesis of dyes, explosives, solvents,
plastics, anilines, and various bioactive products such as insecticides, pesticides, and
pharmaceuticals (8, 9). As a result of their varied origins and uses, substituted nitrobenzenes
are widespread in ecosystems and consequently have a high potential for causing ecotoxic
effects (9). Out of six software packages, ClogP was identified as the most suitable one
for estimating log Kow values, a conclusion based on the highest correlation (r2 = 0.98)
between experimental and predicted log Kow values for a set of substituted nitrobenzenes.
Using experimental literature data sets on the acute toxicity of substituted nitrobenzenes to
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algae, daphnids, fish, protozoans, bacteria, and yeast the possibilities to establish quantum
chemistry-based QSARs were investigated. The log Kow was a sufficient descriptor (0.65 <
r2 < 0.98) in explaining the toxicity of substituted mononitrobenzenes to protozoans, fish,
daphnids, yeast, with an additional electronic descriptor, Elumo, being required for algae. The
QSARs were valid for neutral substituted mononitrobenzenes with no -OH, -COOH, or -CN
substituents attached directly to the ring. Based on these substituent criteria, 497 EINECS
compounds were identified that fit the selection criteria for the established QSARs. The log
Kow based QSARs for the substituted mononitrobenzenes were compared to literature QSARs
that describe the minimum or baseline toxicity of chemicals due to narcotic action in order
to identify log Kow cutoff points, above which one should apply the baseline QSAR models
instead of the ones defined in our studies. Based on these comparisons, an advisory tool
was developed that directs users to the appropriate QSAR model to apply for five types of
organisms within specified log Kow ranges.
In a next step, QSAR models were developed for chlorinated alkanes, a group of
chemicals with large production volumes that are widely used as industrial and household
solvents, fumigants, and intermediates in chemical synthesis (10), and therefore, have a
large potential for environmental pollution. Whereas in chapter 2 there were sufficient
experimental toxicity data for substituted mononitrobenzenes available in the literature for
developing QSAR models, this was not the case for the chlorinated alkanes. Therefore, in
chapter 3, Chinese hamster ovary (CHO) cells were exposed to varying concentrations of
a series of chlorinated alkanes in an in vitro cytotoxicity assay in order to generate in vitro
toxicity data that could be used to develop QSAR models and eventually be correlated to
the limited available in vivo data to describe their acute in vivo toxicity. Cytotoxicity of the
series of chlorinated alkanes to CHO cells was observed at concentrations similar to those
that had been shown previously to be toxic to fish (11). Strong correlations were observed
between the acute in vitro toxicity of the chlorinated alkanes and (i) log Kow (r2 = 0.88) and
(ii) in vivo acute toxicity to fish (r2 = 0.76). A QSAR model was developed to predict in vivo
acute toxicity to fish based on the in vitro data and even on in silico log Kow data only. The
QSAR models were validated both internally and externally. The developed QSAR models
are applicable to chlorinated alkanes with up to 10 C-atoms, up to eight Cl-atoms, and log Kow
values lying within the range from 1.71 to 5.70, and they cover 77 EINECS chemicals.
The QSAR methodologies applied to substituted mononitrobenzenes (chapter
2) and chlorinated alkanes (chapter 3) were extended to a third group of chemicals,
organothiophosphates (chapter 4). Organothiophosphates are the most widely used pesticides
since the banning of organochlorines in the 1970s (12) as they have lower environmental
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persistence, but they are often implicated in wildlife and human poisonings (12). They exert
their primary acute toxic effects by inhibiting the enzyme acetylcholinesterase (AChE). As a
result AChE can no longer hydrolyze its natural substrate, the neurotransmitter acetylcholine,
and acetylcholine accumulates at the synaptic terminals leading to overstimulation of the
postsynaptic receptor (13, 14). In order to exert their full toxicity, organothiophosphates
need to be oxidized to their active oxo-form form by cytochrome P450 enzymes (15). In
this chapter, the descriptors investigated were log Kow, Ehomo (to model the oxidation of the
organothiophosphate to its active oxo-form by cytochrome P450 enzymes), and Elumo (to model
the binding of the active oxo-form of the organothiophosphate to AChE). Toxicity data sets
used were from (i) acute immobilization experiments conducted in the present thesis with
Daphnia magna and from (ii) the literature describing toxicity to fish. Additionally, it was
investigated if toxicity data for the invertebrate D. magna could be used to build a QSAR
model to predict toxicity to fish. Suitable QSAR models (0.80 < r2 < 0.82) were derived
to predict acute toxicity of organothiophosphates to fish and D. magna. Toxicity data for
D. magna correlated well (r2 = 0.94) with toxicity data for fish. This implied that by performing
toxicity tests with D. magna, one could use our interspecies QSAR model to predict the acute
toxicity of organothiophosphates to fish. The three QSAR models were validated either both
internally and externally (D. magna) or internally only (carp and D. magna to carp). For
each QSAR model, an applicability domain was defined based on the chemical structures
and the ranges of the descriptor values of the training set compounds. Eighty-three EINECS
compounds were identified that fit the selection criteria for the QSAR models.
The QSAR models for the mononitrobenzenes (chapter 2), chlorinated alkanes
(chapter 3), and organothiophosphates (chapter 4) covered respectively 0.5 %, 0.1 %, and
0.1 % of the 100 196 EINECS compounds respectively, together amounting to a total of 660
compounds, making up about 0.7 % of the EINECS list. As the three QSAR models appeared
to cover only a small percentage of the EINECS list, in a next step, an estimate was made
of the percentage of EINECS chemicals that can be grouped into specific chemical classes,
and thus in theory be subject to QSAR modeling (chapter 5). To this end, ECOSAR, a
software package that can be freely downloaded over the internet, was used to group the
EINECS chemicals into various classes based on chemical structure. The ECOSAR software
classified 54 % of the 100 196 EINECS chemicals into 49 classes that can be potentially
covered by (Q)SAR models. The largest proportion of the classified compounds (40 % of
the EINECS list) fall into the classes of non-polar and polar narcotics. Compounds that
were not classified include, for example, fish oils, botanical and animal extracts, and crude
oil distillates. We proposed that the safety assessment of botanical extracts could be done
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by further development of a method recently reported for the safety assessment of natural
flavour complexes used as ingredients in food (16). The approach developed for essential
oils is based on the concept that the types of chemicals in natural flavour complexes are
not infinite in structural variation, because chemical constituents in plants originate from a
limited number of biosynthetic pathways (16). Therefore, if more than 95% of the essential
oil constituents can be adequately characterized and assigned to well defined congeneric
groups, the safety of the structural classes of identified individual compounds can be judged
using toxicity information on structurally similar congeners in the respective classes (16) in a
SAR approach. This would result in an additional 3 % of the EINECS compounds that could
be covered by SAR approaches, bringing the total percentage of EINECS compounds that
can be covered by (Q)SAR approaches to 57 %. A summary of the QSAR models for acute
toxicity developed in this thesis, their applicability domains and the organisms for which the
QSAR models can acute toxicity predictions are shown in Figure 6.1
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Figure 6.1: A summary of the QSAR models for acute toxicity developed in this thesis. Using estimated og Kow and/or Elumo values, in vitro
tests, one can estimate toxicity of substituted mononitrobenzenes (
), chlorinated alkanes (
) and organothiophosphates
(
) to various organisms.
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General discussion
The main objective of this thesis was to develop validated computational chemistrybased QSAR models for selected groups of EINECS chemicals and to investigate to
what extent QSAR approaches can be of use in predicting toxicty of the large number of
EINECS list chemicals. This was done using experimental toxicity data from literature for
substituted mononitrobenzenes (chapter 2) and organothiophosphates (chapter 4), and using
experimental toxicity data from our own experimental work for chlorinated alkanes (chapter
3) and organothiophosphates (chapter 4). Since the application of the five OECD guidelines
for (Q)SAR model development and validation was central in this thesis, in the following
sections, the application of these guidelines is discussed in detail.
Clearly defined endpoint
This guideline states that it should be clear which endpoint is being modeled and how
it is experimentally defined, since a given endpoint could be determined under different
experimental conditions and protocols (7). Throughout the thesis, the toxicity endpoints
were clearly defined, e.g. 24 h EC50 (μM) for CHO cells in the MTT cytotoxicity assay
(chapter 3) and 24 h EC50 (M) for D. magna in the acute immobilization test (chapter 4) and
the conditions under which the toxicity data were derived were provided. With the provision
of this information, there can be no confusion as to the period of exposure, test organism, and
the units of the test concentrations.
ii) 		Unambiguous algorithm
An unambiguous algorithm seeks to ensure transparency of the model that is used to
generate predictions of a toxicity endpoint based on chemical structure and/or physicochemical
properties (7). For each of the three descriptors used in this thesis (log Kow, Elumo and Ehomo)
their relevance to the toxicity endpoint was described, the calculation methods, software
packages and the predicted values of the descriptors for each compound were described and
the latter were generated by methods that are publicly available. For all compounds, CAS
numbers were provided, to enable easier identification, as some compounds e.g. pesticides
(chapter 4) are known by multiple names. The statistical technique, linear regression used
to analyze the relationship between toxicity and the physicochemical descriptors is simple to
use and sufficient especially where few descriptors (in this thesis, one or two) are involved
(17). All experimental data used in this thesis were from the same laboratory in order to
avoid inter-laboratory variation (18). All QSAR models developed in this thesis meet the
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requirement of a maximum of one descriptor (k) for every five compounds (n/k > 5) (19), e.g.
our QSAR model for D. magna (n = 10, k = 1, n/k = 10) (chapter 4), whilst a comparable
model for the same organism and endpoints from literature (20) does not (D. magna, n = 22,
k = 6, n/k = 3.6). In general, the larger the number of descriptors used, and the fewer the
observations in the training set, the significantly higher the probability for the occurrence of
a correlation by chance (21).
iii) Defined domain of applicability
As models are a simplification of reality, their limits should be well defined (22). This
principle reflects the fact that QSARs are associated with limitations regarding the types of
chemical structures, physicochemical properties, and mechanism(s) of action for which a
model generates reliable predictions. The domains of applicability of our QSAR models
were defined by taking into account the similarities in chemical structure and the ranges
of descriptor values of the training set chemicals (chapters 2–4). For example, the QSAR
model for describing toxicity of organothiophosphates to D. magna (chapter 4) only applies
to molecules containing a P=S moiety and with log Kow values lying between 0.75 and 5.50.
In cases where log Kow was used as a descriptor, cut-off points were set by comparing QSAR
equations to those for non-polar narcotics (where available). Above the cutoff point, the
non-polar narcotics QSAR should be applied in order to avoid underestimating the toxicity
of compounds within the chemical domain of the QSAR (chapter 2) (18). In this thesis,
we went a step further developing a methodology for extracting chemicals that fit into the
applicability domain of our QSAR models (chapter 2), and providing lists of EINECS
chemicals that fit into the applicability domains of the QSAR models for the three chemical
groups (chapters 2–4).
iv) Appropriate measures of goodness-of-fit, robustness, and predictivity
This principle requires that parameters that reflect both the internal performance of the
QSAR model as well as its predictivity should be provided (7). The internal performance
of the models was characterized based on the goodness-of-fit (r2) and robustness (r2int), both
determined based on the training set chemicals. The robustness of the models was tested
by internal validation using a leave-out-many cross validation method, with 20% of the
calibration compounds left out at each step. The validation groups were created using the
method of unsupervised stratification of cross validation to reduce bias introduced by random
sampling. The external performance of the QSAR models was evaluated by testing a series
of additional compounds that fitted into the applicability domain of the model, and then
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comparing the predicted and experimental toxicity values. In this thesis, we validated our
QSAR models internally (chapters 2–4) and externally (chapters 3 and 4), parts of the five
OECD requirements for QSAR models that are most often neglected in most QSAR studies
published in the literature.
A mechanistic interpretation
The OECD guidelines also state that a QSAR should be associated with a mechanistic
interpretation, whenever this is possible. Such a mechanistic interpretation links the
descriptors used in the model and the endpoint being predicted (7). When a QSAR is based
on mathematical descriptors that do not relate to a mechanistic interpretation this limits the
impact of a QSAR. The descriptors used to define a QSAR model should reflect the ratelimiting step in the biological process and/or endpoint that is modeled, otherwise significant
correlations will not be obtained. This was demonstrated for chlorinated alkanes (chapter 3)
when the use of Elumo as an additional descriptor to log Kow did not improve the correlation.
Similarly, for organothiophosphates, the lack of improvement in the correlation after the
use of Ehomo or Elumo as additional descriptors to log Kow suggests that for D. magna, the
conversion of the organothiophosphates to the organophosphates (modeled by Ehomo) or the
rate of reaction of the oxidized metabolite of the organothiophosphate with AChE (modeled
by Elumo) are not the rate-limiting steps in the mechanism underlying the toxicity (chapter
4).
The QSAR models developed in this thesis showed a high dependence on log Kow
in explaining toxicity of the three chemical groups to various organisms (chapters 2–4),
and even to cellular systems (chapter 3). This agrees well with the ECOSAR software
classification results (chapter 5) where substituted mononitrobenzenes and chlorinated
alkanes were grouped into the neutral organics class, and organothiophosphates were
classified into the esters class. According to the classification scheme proposed by Verhaar et
al. (1992), neutral organics and esters would fall into the non-polar and polar narcotic groups
respectively (23). It has been frequently demonstrated that the toxicity of both non-polar and
polar narcotics can be adequately explained by their hydrophobicity, as they are assumed to
exert their toxicity via a non-specific mode of action (11, 23-25), which is in agreement with
the results of this thesis
When developing QSAR models one also needs to be aware that even within each
specific class, a single QSAR model would probably not cover all of the compounds as
shown with substituted mononitrobenzenes (chapter 2). The QSAR model developed for
substituted mononitrobenzenes could not cover substituted nitrobenzenes that (i) are ionized
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at physiological pH of 7.4, i.e. nitrophenols and nitrobenzoic acids, (ii) have two nitro
groups, (iii) contain a cyano substituent, or (iv) have two phenyl rings, because they were
clearly outliers in the model probably due to a different mechanism of action (chapter 2).
Substituted dinitrobenzenes have been shown previously to have enhanced toxicity when
compared to substituted mononitrobenzenes, probably due to their fast reduction to the
corresponding aryl-hydroxylamines (26-28), which justifies their exclusion. Compounds
that can ionize at physiological pH (e.g., benzoic acids and nitrophenols) have different
kinetics of uptake in the body than those that are neutral and may have additional toxicity by
interfering with proton gradients during oxidative phosphorylation (18). With respect to 2-,
3-, and 4-cyanonitrobenzene, only 2-cyanonitrobenzene was an outlier. This could be due to
experimental error, or a mechanistic reason, which remains to be established.
In this thesis, Elumo, a reactivity parameter, was only needed as an additional descriptor
to describe toxicity of mononitrobenzenes to algae (chapter 2), which is in agreement to an
earlier trend observed after combining log Kow and another reactivity parameter, Hammett’s
Σσ when modeling the toxicity of substituted mononitrobenzenes to Chlorella pyrenoidosa
(27).
An insight into the total number of EINECS compounds that QSAR models can potentially
cover would be of interest for a potential successful application of these models within
REACH. Using the ECOSAR software 54 % of the EINECS compounds were grouped into
classes that can be potentially covered by QSAR models, and 40 % of them fall into the nonpolar and polar narcotics groups (chapter 5). Since log Kow values can be easily estimated
with software (chapter 1), and also since most of the QSAR models published over the last
30 years cover non-polar and polar narcotics, the potential application of QSAR models to
the non-polar and polar compounds looks promising. For other compounds that ECOSAR
was unable to classify, e.g. botanical extracts, analytical identification of the individual
constituents using an adapted safety assessment approach used for natural flavor ingredients
in food (16) could be a way forward Considering the rapid improvement and reduced costs
of analytical tools, compared to the ever increasing costs for traditional toxicity testing, this
approach may prove to be potentially useful and applicable for a wider range of botanical
extracts (n = 2 819), and/or animal extracts (n = 119). This would lead to an increase in the
coverage of the EINECS list by (Q)SAR approaches from 54 277 to 57 215 compounds,
equivalent to 57 % of the EINECS list.
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Future perspectives and conclusions

Figure 6.2: A scheme for implementing intelligent testing strategies (ITS). Implementation of QSARs
into ITS can help to reduce costs, limit animal testing, and speed up the risk assessment process (31).
TTC = thresholds of toxicological concern.

Intelligent testing strategies are defined as any approach to the evaluation of toxicity
that is based on the use of two or more of the following: physicochemical data, in vitro
data, human data (e.g. clinical case reports), animal data (where unavoidable), computational
methods such as (Q)SAR and biokinetic models (32, 33) and thresholds of toxicological
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Within REACH, the range of possible uses of (Q)SARs includes screening and
establishment of priorities, identification of inherent toxicity (29) and classification and
labeling of chemical substances under the Globally Harmonized System (GHS) (30). The
successful implementation of (Q)SAR approaches as demonstrated in this thesis further
supports the belief that there is a future for (Q)SAR approaches in the risk assessment of
chemicals. According to Bradbury et al. (2004), the best step forward in the risk assessment
of chemicals is to use what are called Intelligent Testing Strategies (ITS) (Figure 6.2).
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concern (TTC) (31) where TTC is an exposure threshold value for chemicals, below which
no significant risk is expected (31). The results of this thesis (Figure 6.1) can be integrated
into an ITS and used to help reduce the number of animals used for experimental purposes.
The impact that (Q)SARs will have on the regulatory scene will depend on how
much regulators are willing to incorporate (Q)SARs into their decision making. Estimates
indicated that implementation of QSARs into the ITS would result in cost savings between
€ 800 and 130 million (Table 6.1) (34), and saving of between 1.3 and 1.9 million animals
(35).
Table 6.1: Costs of animal tests with and without implementing QSARs into integrated testing
strategies (34)
Test costs (million €)

Production volume (tons) per annum

Total

1–10

10–100

100–1 000

> 1 000

230

690

510

710

2130

Maximum use of QSAR 130

260

260

540

1190

No use of QSAR

Internationally, considerable efforts are in progress to help increase the use of
(Q)SAR models for regulatory purposes. The OECD has developed a software package called
(Q)SAR Application Toolbox that member countries can use to fill toxicity gaps in (eco)
toxicity data needed for assessing the hazards of chemicals (36). The European Chemicals
Bureau (ECB) is currently compiling an inventory of (Q)SAR models that can be used for
regulatory purposes. For this purpose, they are developing a harmonized template, (Q)SAR
Prediction Reporting Format, which will be used to summarize and report substance-specific
predictions generated by (Q)SAR models (37). The ECB has developed a (Q)SAR tool
named Toxtree to be implemented into an ITS. (38, 39) Toxtree is an open source application
and it contains a data mining tool, Leadscope, that can be used to provide a hierarchical
clustering of chemicals (29).
Over a period of 11 years, REACH will assemble data with a value of approximately
€ 10 billion (29). It is still unclear to what extent this large volume of data can be made
available for research purposes. Public access to this data will enable the development
of more (Q)SAR models, and the external validation of existing models. Currently,
(Q)SAR approaches are widely used in the pharmaceutical industry to predict pharmacological
properties of compounds, thus allowing for the selection of desirable candidate compounds
for synthesis. This approach could also be extended to industrial chemicals in order to
optimize their toxicological and/or ecotoxicological properties. Such an approach could also
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be used for the development of safer chemicals as well (29).
Overall, it is concluded that QSAR models are expected to play an important role in the
risk assessment of chemicals within REACH. The inclusion of QSAR approaches in ITS
will result in considerable savings in costs and in animal numbers. The implementation of
the OECD guidelines for QSAR development and validation at every step of the modeling
process will help to increase the acceptability of data generated by (Q)SARs, and also to
promote their mutual acceptance by regulatory authorities. Altogether, the results of this
thesis reveal that, (i) in vitro experiments and even in silico calculations can help to reduce or
replace animals used for experimental testing and (ii) despite the fact that individual QSARs
may often each cover only limited, i.e. less than 1%, of the EINECS compounds, (Q)SAR
approaches have the potential to cover about 57 % of the EINECS compounds.
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Het is algemeen bekend dat er onvoldoende (eco)toxicologische informatie beschikbaar
is over de mogelijk gevaarlijke eigenschappen van meer dan 100 000 chemicaliën die binnen
de Europese Unie geregistreerd zijn in de “European Inventory of Existing Chemicals”
(EINECS). Met het onlangs geïntroduceerde nieuwe EU-managementinformatiesysteem
voor chemische stoffen, genaamd Registration, Evaluation and Authorization of Chemicals
(REACH), zouden in de komende tien jaar de nog ontbrekende toxiciteitgegevens van de
EINECS-stoffen moeten worden aangevuld.
Er is momenteel een discussie gaande over het mogelijk grote aantal proefdieren dat
nodig zou zijn voor experimentele toxiciteitstesten als gevolg van de invoering van REACH.
Deze bezorgdheid komt mede voort uit het feit dat er binnen de EU op dit moment 12 miljoen
proefdieren worden gebruikt voor experimentele doeleinden. Methoden die kunnen helpen
om prioriteiten te stellen voor toekomstige toxiciteitstesten, kunnen tijd, geld en proefdieren
besparen. In dit verband bestaat de verwachting dat in silico methoden, gebaseerd op
(Quantitative) Structure Activity Relationships [(Q)SARs], informatie over toxiciteit
of risico’s van chemicaliën kunnen verschaffen. Deze informatie kan vervolgens worden
gebruikt om prioriteiten te stellen bij het bepalen welke chemicaliën voor verdere risicoevaluatie in aanmerking komen.
Een QSAR is gebaseerd op de aanname dat de biologische activiteit van een nieuweof nog niet geteste chemische stof kan worden afgeleid uit de moleculaire structuur, of uit
de eigenschappen van vergelijkbare stoffen waarvan de werking al is beoordeeld. Met de
chemische structuur van een stof als enig gegeven, kan een voorspellend model voor toxiciteit
worden ontwikkeld gebaseerd op parameters die de fysisch-chemische eigenschappen en de
relatieve reactiviteit van reeds geteste stoffen definiëren.
Dit proefschrift beschrijft de ontwikkeling van gevalideerde QSAR modellen voor
de drie volgende chemische groepen: mononitrobenzenen (hoofdstuk 2), gechlorineerde
alkanen (hoofdstuk 3) en organothiofosfaten (hoofdstuk 4), rekening houdend met de
richtlijnen die onlangs zijn goedgekeurd door de Organization for Economic Cooperation
and Development (OECD). Deze chemische groepen worden op grote schaal gebruikt en
impliceren dientengevolge een groot potentieel risico op (eco)toxicologische effecten.
Twee relevante fysisch-chemische parameters bij de modellering van de toxiciteit van de
chemische stoffen uit de drie groepen voor verscheidene organismen waren:
(i)
de logaritme van de octanol/water partitiecoëfficiënt (log Kow), die
doorgaans de hydrofobe eigenschap van een stof weergeeft, van belang
bij de beschrijving van het passeren van een stof door membranen en
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de energie van de laagste onbezette moleculaire orbitaal Elumo(eV), die de
electrofiele aard van een stof weergeeft.
Gebaseerd op experimentele toxiciteitgegevens uit de literatuur en in silico log Kow waarden,
werd een QSAR adviesinstrument ontwikkeld dat gebruikers op het spoor zet van het meest
geschikte QSAR model dat toegepast moet worden om de toxiciteit te voorspellen van
gesubstitueerde mononitrobenzenen voor vijf typen organismen (protozoa, vis, daphnia’s,
(ii)

en 0.1 % te beslaan van de 100 196 EINECS stoffen. tezamen oplopend tot 660 stoffen
ofwel 0.7 % van de EINECS lijst. Gezien het feit dat de QSAR modellen slechts een klein
percentage van de EINECS lijst bleken te omvatten, is in een volgende stap een schatting
gemaakt van het percentage van EINECS-chemicaliën die in specifieke chemische klassen
kunnen worden ingedeeld en daardoor in theorie geschikt zouden kunnen zijn voor QSAR
modellering (hoofdstuk 5).
ECOSAR, een gratis te downloaden software pakket, verdeelde 54% van de EINECSstoffen in 49 klassen die in beginsel kunnen worden gebruikt voor QSAR modellen. Voor stoffen
die niet geclassificeerd konden worden, zoals botanische extracten, zou de risicoschatting
kunnen worden uitgevoerd door verdere ontwikkeling van een onlangs beschreven methode
voor de risicoschatting van natuurlijke smaakstoffen die als voedselingrediënten worden
gebruikt. Dit zou resulteren in een extra 3% van de EINECS-stoffen die in principe kunnen
worden bestudeerd met SAR-methoden, waarmee het totale percentage van EINECS-stoffen
die met (Q)SAR benaderingen kunnen worden beoordeeld op 57% uitkomt.
Concluderend kan worden gesteld dat de resultaten van dit proefschrift uitwijzen dat
(i)
in vitro experimenten en zelfs in silico berekeningen kunnen helpen om
dierproeven voor experimentele toxiciteitproeven te reduceren of te vervangen
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algen en gist) binnen een gespecificeerde range aan log Kow –waarden (hoofdstuk 2). Elumo
was vereist als een extra parameter naast log Kow voor de toxiciteitvoorspellingen voor
algen.
In een volgende studie werden QSAR modellen ontwikkeld om in vivo acute toxiciteit
te voorspellen van gechloreerde alkanen voor vis, gebaseerd op data van eigen in vitro
experimenten, en zelfs op basis van uitsluitend in silico log Kow data (hoofdstuk 3). Bovendien
is een interspecies QSAR model ontwikkeld om toxiciteit van organothiofosfaten voor vis
te voorspellen met gebruikmaking van toxiciteitgegevens uit proeven met acute inactivering
van Daphnia magna, gebaseerd op D. magna data en in silico log Kow-waarden (hoofdstuk
4).
De QSAR-modellen voor de mononitrobenzenen (hoofdstuk 2), gechloreerde alkanen
(hoofdstuk 3), en organothiofosfaten (hoofdstuk 4) bleken respectievelijk 0.5 %, 0.1 %,
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en dat
ondanks het feit dat individuele QSARs vaak slechts een beperkte hoeveelheid
EINECS-stoffen omvatten, d.w.z. minder dan 1% daarvan, (Q)SAR methodes
het mogelijk maken ongeveer 57% van de EINECS-stoffen te beoordelen.
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Supplementary information for Chapter 4
Table S4.1: Chemical Abstract Service (CAS) numbers, calculated descriptors and experimental
toxicity data (Johnson and Finley, 1980) describing 96 h toxicity of organothiophosphates to fathead
minnow (Pimephales promelas)
No. CAS #

name

log Kow

Ehomo

Elumo

(P=S) eV

(P=O) eV

96 h log LC50 (M)

1

86-50-0

Azinphos methyl 2,549

-9,415

1,551

-4,262

2

298-04-4

Disulfoton

4,173

-9,247

4,37

-5,634

3

563-12-2

Ethion

5,569

-9,51

3,473

-5,842

4

122-14-5

Fenitrothion

3,209

-9,758

1,642

-5,875

5

55-38-9

Fenthion

3,839

-8,921

3,116

-5,581

6

121-75-5

Malathion

2,475

-9,459

3,715

-4,364

7

56-38-2

Parathion ethyl

3,468

-9,879

1,203

-5,784

8

298-00-0

Parathion-methyl 2,79

-9,931

1,188

-5,619

9

2310-17-0

Phosalone

4,31

-9,052

2,799

-5,671

10

732-11-6

Phosmet

3,109

-9,352

1,255

-4,614

11

14816-18-3 Phoxim

4,385

-9,488

1,191

-4,793

12

3383-96-8

5,736

-8,355

3,148

-5,01
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Table S4.2: Chemical Abstract Service (CAS) numbers, calculated descriptors and experimental toxicity
data describing 96 h toxicity of organothiophosphates to rainbow trout (Oncorhynchus mykiss)
No.

CAS #

name

Ehomo

Elumo
(P=O) eV

log LC50
(M)a

log LC50
(M)b

(P=S) eV

-7,24

-7,24

1

2642-71-9

Azinphos-ethyl

-9,29

1,53

2

86-50-0

Azinphos methyl

-9,42

1,55

3

2921-88-2

Chlorpyrifos ethyl

-9,58

1,60

-7,39

4

5598-13-0

Chlorpyriphos methyl -9,62

1,65

-6,44

5

56-72-4

Coumaphos

-9,02

1,48

-5,50

6

333-41-5

Diazinon

-9,23

2,98

-5,68

7

97-17-6

Dichlofenthion

-9,29

2,88

8

60-51-5

Dimethoate

-9,45

3,92

9

298-04-4

Disulfoton

-9,25

4,37

-5,17

10

563-12-2

Ethion

-9,51

3,47

-5,89

11

299-84-3

Fenchlorphos

-9,48

2,46

-5,77

12

122-14-5

Fenitrothion

-9,76

1,64

13

55-38-9

Fenthion

-8,92

3,12

14

18181-70-9 Iodofenphos

-9,10

2,54

15

121-75-5

Malathion

-9,46

3,72

-6,47

-6,22

16

950-37-8

Methidathion

-9,38

3,75

-7,33

-7,33

17

56-38-2

Parathion ethyl

-9,89

1,20

18

298-00-0

Parathion-methyl

-9,93

1,19

19

298-02-2

Phorate

-9,26

4,15

20

2310-17-0

Phosalone

-9,05

2,80

-6,39

-6,39

21

732-11-6

Phosmet

-9,35

1,26

-5,78

-6,02

22

14816-18-3 Phoxim

-9,49

1,19

23

29232-93-7 Pirimiphos-methyl

-8,55

3,30

24

3383-96-8

-8,36

3,15

Temephos

-7,87
-7,69
-5,61
-5,40
-4,53

-7,57

-8,06
-5,52

-5,48
-7,41

-5,31
-4,91

-4,85
-7,30

-6,23
-5,65
-8,13
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Table S4.3: Chemical Abstract Service (CAS) numbers, calculated descriptors and experimental
toxicity data describing 96 h toxicity of organothiophosphates to bluegill (Lepomis macrochirus)
EC50 values from a Johnson and Finley, 1980; b Bermudez-Saldana et al, 2004			
No. CAS #

name

log Kow Ehomo

1

2642-71-9

Azinphos-ethyl

3,43

-9,29

1,53

-6,49

2

86-50-0

Azinphos methyl

2,55

-9,42

1,55

-5,06

3

786-19-6

Carbophenothion

5,94

-9,18

1,81

-5,66

4

2921-88-2

Chlorpyrifos ethyl

4,51

-9,58

1,60

-6,27

5

5598-13-0

Chlorpyriphos methyl 3,83

-9,62

1,65

6

56-72-4

Coumaphos

4,33

-9,02

1,48

-4,11

-6,30

7

333-41-5

Diazinon

3,32

-9,23

2,98

-4,32

-6,25

8

97-17-6

Dichlofenthion

5,04

-9,29

2,88

-3,61

9

60-51-5

Dimethoate

0,75

-9,45

3,92

-5,10

10

298-04-4

Disulfoton

4,17

-9,25

4,37

-4,14

11

563-12-2

Ethion

5,57

-9,51

3,47

-4,42

12

299-84-3

Fenchlorphos

4,97

-9,48

2,46

-3,58

13

122-14-5

Fenitrothion

3,21

-9,76

1,64

-5,93

14

55-38-9

Fenthion

3,84

-8,92

3,16

-3,44

-5,26

15

121-75-5

Malathion

2,48

-9,46

3,72

-4,38

-6,57

16

950-37-8

Methidathion

2,78

-9,38

3,75

-5,49

-7,53

17

56-38-2

Parathion ethyl

3,47

-9,88

1,20

-3,94

18

298-00-0

Parathion-methyl

2,79

-9,93

1,19

-2,80

19

298-02-2

Phorate

3,84

-9,26

4,19

-6,28

20

2310-17-0

Phosalone

4,31

-9,05

2,80

-4,63

-6,57

21

732-11-6

Phosmet

3,11

-9,35

1,26

-4,19

-5,88

22

14816-18-3 Phoxim

4,39

-9,49

1,19

-4,73

23

29232-93-7 Pirimiphos-methyl

3,38

-8,55

3,30

24

3383-96-8

5,74

-8,36

3,15

Elumo

log LC50 (M)a log LC50 (M)b

(P=S) eV (P=O) eV
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-8,50

-8,07
-5,56

-4,58

-4,91

-5,03
-5,42
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Abbreviations
General
AChE			
CHO			
DMSO			
ECB			
ECOSAR 		
EINECS			
Ehomo			
Elumo 			
HPV			
ITS			
Kow			
LCA			
LMO			
LOO			
MMFF			
MTT			
OECD			
PCA			
P=O			
P=S			
(Q)SAR			
3Rs			
REACH			
SMILES			
SDR			
SPSS			
ZonMw			
			
			

Acetylcholinesterase
Chinese hamster ovary
Dimethyl sulfoxide
European Chemicals Bureau
Ecological Structure Activity Relationships
European inventory of existing commercial chemical substances
Energy of the highest occupied molecular orbital
Energy of the lowest unoccupied molecular orbital
High production volume
Intelligent testing strategy
Octanol-water partition coefficient
Lower chlorinated alkane
Leave-many-out
Leave-one-out
Merck molecular force field
[3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide]
Organization for Economic Cooperation and Development
Polychlorinated alkane
Organophosphate
Organothiophosphate
(Quantitative) structure-activity relationship
Replacement, reduction and refinement
Registration Evaluation and Authorization of Chemicals
Simplified molecular input line entry system
Studentized deleted residual
Statistical Package for Social Scientists
Netherlands Organization for Health Research and Development
Nederlandse Organisatie voor Gezondheidsonderzoek en 		
Zorginnovatie

Statistical
F			
n			
PRESS			
r2			
r2int 			
r2ext 			
s			
SSD			

variance ratio
number of compounds used for developing model
predictive sum of squares
coefficient of determination
internally cross validated coefficient of determination
externally validated coefficient of determination
standard error of the estimate
sum-of-squares deviation
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