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Nothing has changed !! 
 
"…….The paradox between attempting to analyze “too much” information and still not having enough 
- although frustrating - should not be discouraging, for this will lead to eventual acknowledgement by 
our administrators that complex problems do not have simple solutions. This is progress. Biology 
without pollution is intricate, exacting and dynamic, while biology compounded by a single source of 
pollution may at times be overwhelming. Thus, biology with multiple-variable pollutants demands 
extraordinary insight as well as foresight into placing the problems into perceptive…….." 
 
 (Salo 1974) 
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1 General introduction, aims and outline of the 
thesis 

Historical perspective 
Over the past century, the vast increase in industrial activities resulted in the release of toxic 
substances to the environment. In 1962, the publication of the book “Silent spring” by Rachel 
Carson (Carson 1962) for the first time informed the public about the human health risk 
associated with chemical exposure. Some 10 to 15 years later, governmental authorities and 
environmentalists in both Europe and the USA came to realize that chemical exposure may 
also influence ecosystem integrity. This slowly resulted in the development of 
ecotoxicological methods to set environmental quality criteria (EQC) and conduct ecological 
risk assessments (ERA). In the ‘70-ies these studies focused on the pollution of aquatic 
ecosystems and somewhat later in the ‘80-ies they were also expanded to soil and sediment 
pollution. Ecological toxicology or ecotoxicology thus is a very young branch of the 
biological and ecological sciences. To verify what new hazards might occur, ecotoxicologists 
simply started experimentation by putting a single proverbial goldfish in a bowl and adding a 
range of toxicant concentrations. Since these early days, toxicity testing evolved with the 
application of highly standardized testing protocols for a range of different species. Reliability 
and reproducibility have greatly been enhanced by the process of standardization. However, 
even nowadays, this type of experiments is still producing results that have very little 
relevance for the ecological effects that may occur in the natural environment. Only over the 
past decennium, efforts have been undertaken to evaluate the results of ecotoxicological 
studies in a wider ecological perspective, and the present thesis results from this development. 

Ecotoxicological risk 
Ecosystem integrity is in general indicated by the occurrence of characteristic species, 
appropriate biodiversity and proper functioning in terms of nutrient cycling and energy flux. 
A rather simplistic, but widely applied and justifiable paradigm in ecological risk assessment 
is the statement that an ecosystem is protected when all species belonging to that system are 
able to survive and reproduce (USEPA 1992b, 1998b). Ecological risk thus can be defined as 
the proportion of species liable to be affected in their well being. For protecting an ecosystem 
against adverse effects from intoxication, this would require that all species possibly 
occurring in the ecosystem concerned are tested for their sensitivity with respect to chemical 
exposure. This requirement can not ever be fulfilled due to the sheer numbers and diversity in 
both species and chemicals, as well as for ethical reasons to reduce the pain and distress of 
test animals. Over the past 40 years, ecotoxicologists generated sensitivity data for only a few 
hundred species in combination with a few thousand chemicals. These data were produced by 
conducting single species toxicity experiments under controlled conditions in the laboratory. 
For regulatory purposes, strict breeding, test and quality assurance protocols were developed 
under auspices of a multitude of national and international organizations (NNI, CEN, OECD, 
ISO, ASTM et cetera). These protocols are designed to ascertain that the toxicity tests deliver 
reproducible results under worst case conditions, where most of the toxicant added will 
indeed take part in the actual exposure of the organisms. The requirement to culture and 
maintain test species in the laboratory makes the small selection of test species less 
representative for the large spectrum of species that may occur in natural ecosystems. 
However, the regulatory bodies did not fail to prescribe that testing should be done on a 



Chapter 1 

2 

variety of species from different trophic levels. For aquatic toxicity evaluation, OECD directs 
testing with at least one species each of the algae, crustaceans (Daphnia) and fish, to include 
the autotrophs, herbivores and carnivores. Selected chemicals have been tested with a (much) 
larger array of species. This is in part due to the wish of ecotoxicologists to identify and 
protect the “most sensitive species”, which is a myth, as well as the wish to test and protect 
species of local or regional importance. 

Species sensitivity distributions 
Analyzing the results of the world’s resources on laboratory derived toxicity observations 
learnt that species differ in their sensitivity towards a single chemical (Hoekstra et al. 1992, 
Hoekstra et al. 1994, Notenboom et al. 1995, Vaal et al. 1997a, Vaal et al. 1997b, Vaal et al. 
2000). This may be due to differences in life history, physiology, morphology and behavior. 
Without attempting to explain the cause of variability in species sensitivity, this recognition 
led to attempts to describe the variation with statistical distribution functions, thereby putting 
the concept of species sensitivity distribution (SSD) into existence (Stephan et al. 1985, Van 
Straalen and Denneman 1989, Posthuma et al. 2002a). The basic assumption of the SSD 
concept is that the sensitivities of a set of species can be described by some kind of statistical 
distribution. Usually a parametric distribution function is applied, such as the triangular (e.g. 
Stephan 1985), normal (e.g. Wagner and Løkke 1991) or logistic distribution (e.g. Van 
Straalen and Denneman 1989). Non-parametric methods are used as well (e.g. Jagoe and 
Newman 1997). The available ecotoxicological data are seen as a sample from this 
distribution and are used to estimate the moment parameters of the SSD. The moments of the 
statistical distribution are used to calculate a concentration that is expected to be safe for most 
species of interest, which can be used to set an EQC. A more recent application is the use of 
SSDs in ERA of contaminated ecosystems. Since their introduction, the importance of SSDs 
in ecotoxicity evaluations has steadily grown until they are now used world wide. Intensive 
discussions have taken place on principles, statistics, assumptions, data limitations, and 
applications (e.g. Forbes and Forbes 1993, Hopkin 1993, Smith and Cairns 1993, Chapman et 
al. 1998, Posthuma et al. 2002a). So far, the SSD method is the only significant basis to 
predict toxic effects on natural ecosystems with multiple species. This thesis follows this 
prognostic approach, but also seeks verification from field observed effects that are 
attributable to toxicity. These effects are still hardly reported in literature. 

Bioavailability of toxicants 
Unlike the concentrations of toxicants that are applied in more or less standardized and 
controlled toxicity tests, matrix interactions in natural ecosystems may interfere with 
bioavailability. Generally speaking, physico-chemical processes (ionization, dissolution, 
precipitation, complexation, sorption and partitioning) reduce the concentration of toxicants 
that is actually experienced by the biota. These processes are depending on individual 
properties of the toxicants and on abiotic characteristics of the ecosystem exposed. Uptake, 
body burden and reallocation to target sites of action in specific tissues are also depending on 
properties of the organism exposed. Monitoring of chemicals in the environment mostly 
reports total concentrations, irrespective of the form, binding and availability of the toxicants. 
Model calculations can be applied to estimate the bioavailable fraction from measured total 
concentrations in combination with ecosystem qualifier data and physico-chemical toxicant 
properties. A wide variety of speciation models with different levels of complexity is 
available that are either mechanistic or empirical in nature (Kenaga and Goring 1980, Van der 
Kooij et al. 1991, Van Leeuwen et al. 1991, Tessier and Turner 1995, DiToro et al. 2001, 
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Santore et al. 2001). Mechanistic studies have proven that bioavailability in ecosystems is a 
major variable determining toxicity. Yet, this recognition has incompletely been included into 
the process of environmental risk assessment. So far, equilibrium partitioning and speciation 
have served to derive quality criteria for soil and sediments from quality criteria for water. 
However, risk assessment for specific water bodies generally lacks considerations of 
speciation. 

The toxicity of mixtures 
In the natural environment, chemical exposure hardly ever is restricted to a single toxicant. 
Statistical analysis of chemical monitoring data has revealed that the concentrations of many 
toxicants are highly correlated. A few examples are given of substances that generally occur 
together. The co-occurrence of zinc and cadmium generally is of geochemical origin, where 
the two metals coexist in the same ore deposits. A variety of PAH compounds is formed in 
combustion processes. A single crop is sequentially treated with different pesticides for 
protection against a variety of pests. Chemical-industrial processes, products and emissions 
may be associated with a very large diversity of substances, intermediates and even unknown 
impurities. There is no production process on this earth where there is no pollution and/or 
where no toxic, carcinogenic or mutagenic products are used or released at some stage of the 
life cycle. The production of steel uses coal (PAHs, sulfur, dioxins), wood dust causes cancer 
itself (and releases PAHs and dioxins when incinerated), plastics need crude oil (PAHs, 
benzene and dioxins), all fossil and biomass energy sources release PAHs and dioxins, and 
even human food production and health care give rise to the release of all kinds of pollutants. 
Although it is widely recognized that the environment may contain tens of thousands of man-
made substances (e.g., EEA 2003), environmental research and management has until recently 
generally been limited to 100-200 priority substances or substance groups. In the nineties of 
the past century, it was demonstrated that other, unknown substances are probably very 
important in the Rhine and Meuse rivers. Recent studies with different types of measurements 
(in-depth projects, overall monitoring), different compartments (water, sediment, suspended 
solids), and parameters (accumulation, toxicity) confirm that only a small proportion of the 
toxicity, often less than 10%, can be assigned to known substances (e.g., Hendriks 1995, De 
Zwart and Sterkenburg 2002). For the remaining substances there is a lack of analytical 
detection methods or of toxicity data. Even if all substances, exposure concentrations and 
intrinsic toxicities are known, it is extremely difficult to estimate of the overall effects of a 
mixture of chemicals. Interaction between the compounds in a mixture may amplify 
(synergism) or reduce (antagonism) their stand-alone effects, and even when the constituents 
of the mixture act independently, they can have different modes of action that may result in 
different effects in different organisms. Several models and methods for the exposure of 
single species have been designed to predict the combined effects of chemicals in a mixture 
(Bliss 1939, Plackett and Hewlett 1948, 1952, 1967, Marking 1977, Könemann 1981, 
Altenburger et al. 1990, McCarthy et al. 1992, Warne and Hawker 1995, Grimme et al. 1996, 
Altenburger et al. 2003). These models have been rigorously tested (e.g., Könemann 1981, 
Hermens and Leeuwangh 1982, Hermens et al. 1984, Hermens et al. 1985) and are found to 
be reliable for mixture studies testing relatively high doses of a few constituents. Most real 
world environmental exposures are to low doses and to a more complex range of chemicals 
(Chapin 2004, Teuschler et al. 2004). The extrapolation from single species mixture toxicity 
to in situ risk for an assemblage of species exposed to a mixture of pollutants adds 
complexity. The nature of the chemicals in the mixture, the variability of exposure routes and 
the ranges of sensitivities of the receptor organisms are all crucial factors that determine the 
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type and intensity of responses. The theoretical developments for multiple species risk 
assessment are weak, and the collection of experimental data lags far behind. Nonetheless, 
methods to evaluate the combined risk of multiple chemical exposure to multi-species 
systems are urgently needed, given the common occurrence of complex mixtures in the 
environment. Especially for complex mixtures with many constituents of different nature at 
low concentrations, the predictive mixture toxicity models still have to be validated with 
experimental data (mesocosm experiments), or with diagnostic observations in contaminated 
ecosystems. 

Effects of toxicity in a multi-factorial world 
Ecosystems that are subject to the influence of toxicants, either of geochemical origin or 
introduced by mankind, may also be subject to other kinds of natural or anthropogenic stress 
factors. For the aquatic environment, other forms of stress may encompass habitat alterations, 
temperature change, BOD loading, low oxygenation, dredging, shipping, saline intrusion, 
eutrophication or lack of food, competition or introduction of pest species, et cetera. All these 
different types of disturbances may cause effects on the original species composition 
(structure) of the exposed ecosystem and on the rate of ecosystem processes (function) 
(Heugens 2003). They may also change the sensitivity of the ecosystem with respect to 
toxicant exposure. 

 
Figure 1.1 The management context of the stressor identification (SI) process. The SI process is shown in the 

centre box with bold line. SI is initiated with the detection of a biological impairment. Decision-
maker and stakeholder involvement is particularly important in defining the scope of the 
investigation and listing candidate causes. Data can be acquired at any time during the process. 
The accurate characterization of the probable cause allows managers to identify appropriate 
management action to restore or protect biological condition (USEPA 2000b). 
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As a diagnostic tool, stressor identification (USEPA 2000b) provides a formal and rigorous 
process that identifies stressors causing biological impairments in aquatic ecosystems, and a 
structure for organizing the scientific evidence supporting the conclusions. The procedures for 
conducting stressor identification studies are outlined in Figure 1.1. 
 
Comparable “weight-of-evidence” diagnostic procedures have been designed by several other 
authors (Sediment quality Triad, Chapman 1986, In situ community experiments, Culp et al. 
2000, Lowell et al. 2000). These methods integrate chemical monitoring data with single or 
multiple species bioassay experiments and ecological field studies, in order to identify the 
most likely causative factors leading to biological ecosystem impairment. These 
developments have greatly enhanced our ability to attribute underlying causes to observed 
impact in a qualitative sense. However, they still do not allow for a quantified evaluation of 
toxic impact. Biological monitoring often indicates a shift in species composition that is not 
easily attributed to the variety of potentially underlying causes. A first requirement for the 
identification of causative factors is the availability of information on reference conditions for 
the species, community, functioning and health of the particular type of ecosystem (Wright et 
al. 1984, Moss et al. 1987, Barbour and Yoder 2000, Hawkins and Carlisle 2001, Hering et al. 
2003, Stoddard et al. 2005). The current view of aquatic ecosystems focuses on ecological 
functioning. Besides their contribution to the maintenance of biodiversity, near-natural 
streams have various functions of direct importance to society, e.g. supply of water, self-
purification, recreation, retention of water and sediment. These benefits can mainly be 
supplied by unpolluted streams with a near-natural morphology. High ecological quality is 
coherent with high functionality. A long-term, sustainable use of stream ecosystems needs the 
definition of quality or reference targets. After the deviation from the normal or target has 
been established, stressor identification may then proceed with a sequence of stressor 
elimination and diagnostic evaluation, followed by an analysis of the strength of evidence for 
each of the remaining candidate causes. After stressor identification, eco-epidemiological 
gradient analysis may quantitatively reveal the contribution of the different types of stress to 
the overall ecological impact. Eco-epidemiological gradient analysis to relate a quantified 
measure of toxicity to observed ecological effects in the field have not yet been widely 
applied. This is mainly due to a lack of the high quality, high density and corresponding 
datasets needed to perform this type of study. Biological assessments should both estimate the 
condition of a biological resource (magnitude of alteration) and provide managers with a 
diagnosis of the potential causes of any observed impairment. Although methods of 
quantifying condition are well developed, identifying and proportionately attributing 
impairment to probable causes remains problematic. Furthermore, analyses of both condition 
and cause have often been difficult to communicate to environmental resource managers and 
policy makers because of the sophisticated statistical methods used and complicated output. 

Aims of the thesis 
The general aim of this thesis is to improve methods for assessing both the ecological risk and 
the ecological effects of toxicants dispersed in surface waters. I developed routines that 
quantify the toxic risk to aquatic communities accounting for a multitude of factors that are 
relevant for natural systems. Partial validation of the proposed community risk assessment 
method is accomplished by eco-epidemiological analysis of field data, also considering the 
impact of other environmental stress factors. 
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Specific aims are: 
1. to elaborate a calculation of risk to communities that covers different patterns of 

species sensitivity and incorporates the effects of a variable bioavailability and the 
simultaneous action of many toxicants, 

2. to develop an eco-epidemiological approach to analyze monitoring data of water 
quality parameters and species composition in aquatic communities that allows for a 
validation of the risk-based predictions, and 

3. to provide proof of concept in field studies and to carry out the first attempts to 
discriminate the role of toxicants from other potential stressors. Key parameters are 
summarized graphically to support communication and application in management. 

Outline of the thesis 
Chapter 2 of this thesis introduces the concept and construction of species sensitivity 
distributions (SSD). Regularities are analyzed that can be observed in SSD curves constructed 
from a large set of aquatic toxicity data. The regularities observed relate to the slope of the 
SSD as a function of toxic mode of action, and to the differences between SSD curves based 
on acute and chronic toxicity data. 
 
Chapter 3 provides a review of methods and models that may be used to evaluate ecotoxicity 
risk in relation to matrix interactions, speciation and bioavailability of organic and inorganic 
chemicals in a contaminated environment. This paper is written as a manual to guide the 
selection of appropriate methods. No efforts have been undertaken to restrict the contents to 
the aquatic environment. 
 
Chapter 4 gives a detailed overview of methods and models for evaluating mixture toxicity. 
Existing models are proposed to be extended and combined. The proposed model extensions 
allow the evaluation of single and multiple species effects as a consequence of exposure to a 
complex mixture of toxicants. Complex mixtures of toxicants are characterized by many 
different constituents with a low individual concentration and a variety of toxic modes of 
action. 
 
In Chapter 5, an elaborate assessment model is used to generate maps of the ecological risk 
to macrofauna and macrophytes in field ditches that is associated with the application of all 
pesticides used in the Netherlands. 
 
Chapter 6 presents a novel method to attribute likely causation to observed effects in local 
fish communities in rivers. Fish abundance and abiotic monitoring data on total toxicant 
concentrations, physical habitat degradation and classical water chemistry are analyzed by 
applying a sequence of prediction models. The applied models are individually well 
established, but the most innovative aspect of this study involves linking the different types of 
models and applying them in concert. 
 
In Chapter 7 the dataset on fish and local conditions and the results of the previous chapter 
are further analyzed to reveal the meaning of ecological risk (msPAF) as a predictor of 
community impact that actually can be observed in field exposed biota. 
 
Chapter 8 provides a conceptual and technical outlook for the prediction models applied. 
Since the quantification of ecological risk for biota exposed to an environmental cocktail of 
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toxicants is strongly relying on both the concepts of species sensitivity distributions and 
mixture risk evaluation, the strengths, weaknesses, opportunities and threats for the 
application of these concepts is discussed. Options for improvement, adaptation and fine-
tuning of different model aspects are treated in detail. 
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2 Observed regularities in species sensitivity 
distributions for aquatic biota 

De Zwart, D. 2002. Observed regularities in SSDs for aquatic species. In Species sensitivity 
distributions in ecotoxicology. Lewis Publishers, Boca Raton, FL. pp. 133-154. 

Introduction 
With only 30 to 40 years of experience, ecotoxicological testing is a fairly recent 
development. Testing the sensitivity of species to chemical exposure has been applied to 
obtain information on environmentally acceptable conduct with respect to the fabrication, use 
and disposal of man-made chemicals. From the start, ecotoxicology primarily focused on the 
exposure of aquatic species because it was soon realized that the world’s water resources take 
a prominent role in receiving and relocating chemicals. The use of aquatic toxicity tests was 
further promoted by the fact that the administration of toxicants dissolved in water is simple 
and highly controllable. The huge quantity of data available prompted to limit this paper to 
species sensitivity distributions (SSD) for aquatic species. 
 
By exposing different species to the same chemicals, it soon became evident that species 
differ in susceptibility. Together with the observation that individual water bodies display 
considerable difference in their species composition, this leads to the situation where the 
scientific community conducted a multitude of tests with a large variety of species. This trend 
of diversification to study species indigenous to the ecosystem that may receive the chemical, 
was partly counteracted since the 70-ies by an urge for standardization in procedures and test 
species (Davis 1977). Standardization of test protocols with reference toxicants and uniform 
test species was considered essential for maximizing comparability, replicability and 
reliability in the determination of relative toxicity of a chemical in a legally accepted 
framework (Buikema et al. 1982). For both fresh- and saltwater testing, officially approved 
acute and chronic test batteries were identified, mainly composed of tests with algae, fish and 
invertebrates (e.g. ASTM 1980, 1981, OECD 1981). 
 
The first steps in aquatic toxicity testing were taken by putting the proverbial goldfish in a jar 
and finding the aqueous concentration of chemical causing acute mortality. This concept was 
soon extended to determine the median lethal concentration (LC50) in a number of fish 
exposed for a prescribed number of hours (e.g., LC50-96 hr). The application of acute lethality 
data in determining environmentally “safe” concentrations is obviously rather limited. In this 
respect, the need for conducting tests that were more appropriate was quickly identified. 
Chronic and sub chronic test protocols (e.g., full life cycle tests or early life stage tests) were 
developed with a much longer exposure time. In these tests the magnitude (e.g., No Observed 
Effect Concentration: NOEC) and type of effect (growth, development, reproduction) were 
defined to be ecologically more relevant. For acute toxicity tests, the test organisms can be 
collected from field populations in relatively unpolluted areas, purchased from commercial 
suppliers, or cultured in the laboratory. Acute tests are not very demanding in providing test 
species with near natural conditions and even feeding is generally omitted during the test 
period. Therefore, results are available of acute tests with many species belonging to all major 
taxonomical groups. Chronic testing, however, requires that the organisms can successfully be 
maintained in the laboratory for a prolonged period of time. This restriction implies that 
chronic toxicity tests have only been conducted with a limited variety of species. 
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The relative shortage of chronic toxicity data invoked the first use of assumed regularities in 
the sensitivity of species. Mount and Stephan (1967) promoted the use of so called application 
factors (AF), which was defined as the ratio of the chronically tolerated concentration and the 
acute LC50 for a given species. The AF was intended to provide an estimate of the relationship 
between chronic and acute toxicity as an inherent property of the chemical. Assuming 
uniformity over species, the AF could be applied to extrapolate from acute to chronic toxicity 
for those species producing difficulties in conducting chronic tests. 
 
This paper extends the work of Mount and Stephan (1967) by statistically analyzing the data 
currently available in the world’s resources on aquatic toxicity. Based on the observed 
regularities, two main topics are addressed: 

1. The possibility to predict a chronic species sensitivity distribution from the more 
widely available data on acute toxicity is investigated. 

2. It is further investigated whether a more appropriate prediction can be made if 
information on the mode of action of the toxicant is available. 

Sources of data and data preparation 

Data sources 
With the help of the USA Environmental Protection Agency, Mid-Continent Ecology 
Division (MED), Duluth, Minnesota, ALL data in the aquatic information retrieval toxicity 
database (AQUIRE) (USEPA 1984) related to the test endpoints EC50, LC50, NOEC, LOEC, 
MATC, EC0, EC5 and EC10 have been retrieved (83365 records). To enhance the coverage of 
toxicity data on pesticides, two other sources of data have been addressed: 1) The Centre for 
Substances and Risk Assessment belonging to the Netherlands National Institute of Public 
Health and the Environment (RIVM) contributed with a compilation of pesticide toxicity 
(7345 records) (Crommentuijn et al. 1997, Tomlin 1997). 2) The USA EPA Office of 
Pesticides Programs, Ecological Effects Branch, Washington, offered a set of toxicity data 
comprising 12882 records. 
 
For as many compounds as possible, information on their toxic mode of action (TMoA) was 
retrieved. Initially, the TMoA indication strongly relied upon the “assessment tools for 
evaluation of risk” (ASTER) of the USA Environmental Protection Agency, Mid-Continent 
Ecology Division (MED), Duluth, Minnesota. ASTER grossly distinguishes 8 different modes 
of toxic action with the aid of a QSAR and effect oriented expert system (Russom et al. 
1997). However, if none of the specific modes of action can be properly attributed, the expert 
system defaults to an indication of “non polar narcosis” (NP). The obvious presence of 
incorrect NP indication and the further diversification of pesticides in our data files on 
toxicity made it necessary to address other sources of data on toxic modes of action. The 
information contained in the Agrochemicals Handbook (Royal Society of Chemistry 1994) 
and the Pesticide Manual (Tomlin 1997) was manually attached to the records of toxicity data. 
This action extended the number of (pseudo) toxic modes of action recognized to 68. Based 
on the number of chemicals represented, the top-20 modes of action are given in Table 2.1. 
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Table 2.1 The 20 most recognized toxic modes of action. 

TMoA Number of chemicals 

Non polar narcosis 169 
Polar narcosis 97 
Organophosphates 77 
Multi-site inhibitor 60 
Uncoupler of oxidative phosphorylation 52 
Photosynthesis inhibitor 50 
Plant growth regulator 43 
Carbamates 29 
Plant growth inhibitor 29 
Pyrethroids 28 
Reactive dinitro group 26 
Ergosterol synthesis inhibitor 24 
Systemic fungicide 20 
Neurotoxicant: cyclodiene-type 16 
Alkylation or arylation reaction 15 
Amino acid synthesis inhibitor 14 
Diesters 12 
Dithiocarbamates 11 
Cell division inhibitor 11 
Reactions with carbonyl compounds 10 

Data preparation 
All data were brought together into a single MS Excel database with 103592 records under the 
following field descriptors: 
• CAS-number. 
• Chemical name. 
• Chemical type (Organic: pesticide/non-pesticide/organo-heavy-metal; Inorganic: heavy 

metal/other). 
• Toxic mode of action. 
• Species name (e.g., Daphnia magna). 
• Major taxon (e.g., Crustaceans). 
• Minor taxon (e.g., Cladocera). 
• Water type (fresh water, salt water, mixed and unknown). 
• Endpoint (LC50, EC50, NOEC, et cetera). 
• Effect criterion (mortality, immobility, reproduction, growth, productivity et cetera). 
• Test duration. 
• Effective concentration. 
• Reference number. 
 
Data preparation then followed a lengthy path where the following topics have sequentially 
been addressed: 
• Unification of CAS-number layout (no dashes). 
• Unification of species name spelling. 
• Removal of records with non aquatic species. 
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• Addition of water type if necessary, depending on species. 
• Unification of reported units in exposure duration (e.g., 96 hr ← 4 d). 
• Unification of reported units in effective concentration (e.g., mg/L → µg/L). 
• Removal of records with deviating concentration units (e.g., ppm, mg/kg, mMol/L, et 

cetera). 
• Designation of records to represent an acute or chronic toxicity criterion (A/C-criterion): 

1. Records with EC50 and LC50 are marked as “acute” when they have an appropriate 
test duration (See Table 2.2) and effect criterion (e.g., mortality and immobility). 

2. Records with NOEC, LOEC, MATC, EC0, EC5 and EC10 are marked as “chronic” 
when they have an appropriate test duration (See Table 2.2) and effect criterion 
(e.g., reproduction, growth, population growth, et cetera, next to mortality and 
immobility). 

• Removal of records not fitting the above acute or chronic criteria. 
• Removal of double entries originating from using multiple datasets by comparing 

references. 
• Removal of entries with effective concentration indication “greater than” or “smaller 

than” unless they are respectively the highest or the lowest concentration reported for the 
particular chemical, species and A/C-criterion combination. If not removed, modification 
of the effective concentration by leaving the numeric part only (e.g., <200 µg/L → 200 
µg/L). 

• Checking for outliers in effective concentration for multiple entries characterized by the 
same chemical, species and A/C-criterion. Verification with original reference, followed 
by correction or removal. This check demonstrated that many of the multiple entries 
corresponding in chemical and species are derived from single references. These studies 
are in general concerned with the expression of toxicity in relation to other environmental 
factors, like temperature or pH, or they involve different life stages of the same species. 
To correct for this bias, the following action has been taken: 
• Removal of records with all but minimum effective concentration from multiple 

entries with corresponding chemical, species, A/C-criterion and reference number. 
 
At this point the working dataset can be summarized as depicted in Figure 2.1. 
 
The 3462 chemicals comprise about 250 inorganic compounds of which about 180 are 
containing heavy metals. Of the remaining 3212 organic substances, at least 750 compounds 
are used as pesticides, approx. 80 substances are containing heavy metals and 738 are organo-
halogens. 
 

Table 2.2 Indication for acute/chronic criterion (after ECETOC 1993a) 

Species group Acute test duration (sub)chronic test duration 

Algae 12 h > acute 
Bacteria 12 h > acute 
Unicellular animals 12-24 h >acute 
Crustaceans 24-48 h >72 h 
Fish 4-7 d > 30 d 
Mollusks, worms, etc 2-7 d > 14 d 
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Prior to analyzing SSD, two more steps have been taken in the preparation of the working 
dataset: 
• Log-transformation of the effective concentration expressed in µg/L. The log10 is taken 

because this enables an easy interpretation of the concentration ranges involved. 
• Calculation of the average of the log10-transformed effective concentration over chemical, 

species, water type and A/C-criterion combinations to avoid multiple entries for the same 
endpoint. 
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Figure 2.1 Summary of the dataset expressed as the number of tests performed per chemical after basic data 
preparation (bars) and cumulatively (line). 

• The last step of calculating average toxicity has been done with and without the 
distinction of water type. 

 
A summary of the reduced dataset without the distinction of water type is given in Figure 2.2. 
 
The dataset contains a total of 665 compounds on which both chronic and acute toxicity tests 
have been performed. 
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Figure 2.2 Frequency distributions of the number of species tested acutely and chronically per chemical. 
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SSD calculations 

Type of Species Sensitivity Distribution used 
Maximum permissible environmental concentration values for individual chemicals are 
generally derived from laboratory-measured No Observed Effect Concentrations (NOEC) for 
single species. In its simplest form, the associated risk for exposed ecosystems can be 
evaluated by regression analysis on effects observed in laboratory exposure tests and data 
from field or semi-field experiments (e.g., Slooff et al. 1986). More sophisticated procedures 
may use SSDs to predict an environmental concentration below which only an acceptably 
small proportion of species would be affected. These methods assume that for every chemical 
the L(E)C50- (Kooijman 1987) or NOEC-values (Van Straalen and Denneman 1989, Van 
Straalen 1990, Wagner and Løkke 1991, Aldenberg and Slob 1993) for single species in a 
community can be described as random variables that are characterized by a probability 
model for which the model parameters are unknown and must be estimated from scarcely 
available data. In the Netherlands, the SSD is generally taken to be logistic for log-
transformed toxicity data, whereas in other parts of the world the normal or triangular 
distributions for log-transformed toxicity data are favored (Wagner and Løkke 1991, Baker et 
al. 1994). There are no theoretical grounds to select either of these distribution functions. The 
logistic distribution is very similar to the normal and the triangular distributions. According to 
Aldenberg and Slob (1993), the slightly extended tails of the logistic probability density 
function render marginally more conservative values in the estimation of hazard 
concentrations. Wagner and Løkke (1991) state that the logistic function has been designed to 
describe resource limited population growth, whereas the normal distribution holds a central 
position in general statistics already for decades. Due to reasons of simplicity in calculus, the 
present paper adheres to the logistic distribution based on log10-transformed toxicity data. 

The parameters of the log-logistic SSD 
Aldenberg and Slob (1993) describe the logistic distribution function of toxicity values. The 
logistic function is totally determined by the two parameters Alpha and Beta only. 
The logistic distribution function is defined by: 

 ( )
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

β
α−

−
+

=
Clog10

e1

1
CF  Equation 2.1 

Where C is the environmental concentration of the compound under consideration. 
The toxicity data are log-transformed using the formula: 

 ( )( )5010 CELorNOEClogx =  Equation 2.2 

By applying a log transformation to the effective concentrations, the distribution becomes log-
logistic. 
The first parameter of the logistic distribution, α  (Alpha), is estimated by the sample mean of 
the log10-transformed toxicity values: 

 ∑
=

==α
n
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ix

n

1
xˆ  Equation 2.3 
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The second parameter of the logistic distribution, β  (Beta), is a scale parameter estimated 

from the standard deviation ( )σ  of the log-transformed toxicity values with the formula: 

 ( )∑
=

−×
−

×
π

=σ×
π

=β
n

1i

2
i xx

1n

133ˆ  Equation 2.4 

Figure 2.3 exemplifies the cumulative representation of a species sensitivity distribution SSD 
as fitted by Equation 2.1. For derivation of Environmental Quality Criteria (EQC), the 
cumulative distribution function is generally used for obtaining the HC5, which is the 
concentration above which more than 5 % of the species is exposed to the chemical exceeding 
its NOEC (Van Straalen and Denneman 1989). By analogy, Hamers et al. (1996) use the 
distribution curve to infer which fraction of species is exposed above the NOEC. This 
parameter, called the Potentially Affected Fraction (PAF) of species, is used as a measure of 
the ecological risk of a chemical to the ecosystem at a given ambient concentration. Similar 
procedures can be used with L(E)C50 data or other toxicity endpoints. 
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Figure 2.3 Exemplary cumulative distribution function of species sensitivity fitted (curve) to observed 

chronic toxicity values (NOEC; dots). The arrows indicate the inference of a Potentially Affected 
Fraction of species (PAF-value) and the HC5. 

Data analysis 

Fresh and saltwater species 
The dataset contains toxicity values obtained with both freshwater and saltwater species. The 
SSD calculation would benefit from combining the data on freshwater and saltwater toxicity 
by producing the widest range of species tested. Combining fresh- and saltwater toxicity 
values for single chemicals is only justifiable if the average toxicities over species in both 
media are comparable. Since the average toxicity for fresh and saltwater species both are 
subject to independent stochastic error, the relation between the two has been evaluated by 
orthogonal regression (Orthogonal Regression Analysis Software, version 4.0, Orthogonal 
Software, info@orthogonal.net). Orthogonal linear regression requires information about the 
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relative errors in the x- and y-variables. One of the most common methods of providing this 
information is by using the ratio ( )λ  of the variance of the x-error divided by the variance of 
the y-error. Based on the lower number of species tested per single compound, the error in 
average saltwater toxicity is estimated to be about threefold the error in freshwater toxicity 
( )33.0=λ . 
 
The orthogonal regression of acute average toxicity over fresh and salt water species, 
presented in Figure 2.4, demonstrates that there is no statistically significant difference 
between the two (the 95% confidence interval (CI) for the slope comprises one and the 95% 
CI for the intercept comprises zero). Therefore, with the remaining calculations, fresh- and 
saltwater toxicity data have been lumped. 
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Figure 2.4 Comparison of average freshwater and saltwater toxicity. 

Fitting of the log-logistic model 
Figure 2.5 to Figure 2.8 give examples of the actual and modeled SSD for cadmium chloride, 
malathion, atrazine and pentachlorophenol, respectively. In the quantile plots the n species in 
the data set were ordered from the most (i = 1) to the least (i = n) sensitive. The quantile (or 
PAF) for each species was calculated by the applying the approximation: 

 
n

5.0i −
 Equation 2.5 
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Cadmiumchloride
Chronic NOEC: 31 species
Acute L(E)C50: 262 species
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Figure 2.5 Observed log10-transformed data on chronic (left series of dots) and acute (right series of dots) 

toxicity for cadmium chloride together with the respective fitted logistic distribution curves 

(Chronic: α̂  = 1.38, β̂  = 0.79; Acute: α̂  = 3.05, β̂  = 0.63). 

 
 
 

Malathion
Chronic NOEC: 21 species
Acute L(E)C50: 187 species
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Figure 2.6 Observed log10-transformed data on chronic (left series of dots) and acute (right series of dots) 

toxicity for malathion together with the respective fitted logistic distribution curves (Chronic: α̂  = 

1.36, β̂  = 0.95; Acute: α̂  = 2.55, β̂  = 0.75). 

 
 
 

Atrazine
Chronic NOEC: 37 species
Acute L(E)C50: 100 species
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Figure 2.7 Observed log10-transformed data on chronic (left series of dots) and acute (right series of dots) 

toxicity for atrazine together with the respective fitted logistic distribution curves (Chronic: α̂  = 

1.98, β̂  = 0.54; Acute: α̂  = 3.18, β̂  = 0.63). 
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Pentachlorophenol

Chronic NOEC: 13 species
Acute L(E)C50: 136 species
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Figure 2.8 Observed log10-transformed data on chronic (left series of dots) and acute (right series of dots) 

toxicity for pentachlorophenol together with the respective fitted logistic distribution curves 

(Chronic: α̂  = 1.85, β̂  = 0.36; Acute: α̂  = 2.77, β̂  = 0.52; double line is first part fit by eye of 

acute data: α̂  = 2.57, β̂  = 0.36). 

 

Table 2.3 Proportion of species groups tested for general and specific toxicants. The highlighted data 
indicate the groups of species that are supposed to be highly sensitive. 

Organism group Acute 
CdCl 

Acute 
Malathion Acute Atrazine Acute 

PCP 

Algae 4.6% 0.0% 38.0% 11.0% 
Cyanobacteria 0.8% 0.5% 3.0% 0.0% 
Waterplants 0.4% 0.0% 2.0% 1.5% 
Amphibia 1.9% 1.6% 3.0% 2.2% 
Annelida 6.5% 2.1% 1.0% 5.1% 
Crustacea 32.1% 20.9% 24.0% 24.3% 
Insects 6.1% 28.9% 3.0% 8.8% 
Mollusks 9.5% 11.2% 3.0% 13.2% 
Fish 23.3% 32.1% 19.0% 25.0% 
Protozoa 7.3% 0.0% 1.0% 0.7% 

 
For all compounds the selection of test species is strongly influenced by the internationally 
accepted practice for a minimum test battery to comprise algae, crustaceans and fish (ACF) 
(See Table 2.3). In Figure 2.5, both modeled acute and chronic SSD for CdCl near perfectly 
fit the available toxicity data. The measured toxicities are evenly spread. Since Cd is not 
applied as a selective biocontrol agent, the selection of test species additional to ACF has 
obviously been quite random. With the testing of insecticides and herbicides, presented in 
Figure 2.6 and Figure 2.7, the selection of test species tends to focus on the groups of 
organisms which are expected to be the most sensitive (highlighted in Table 2.3). Also with 
PCP (Figure 2.8), a more general biocide, the standard bias to test a wide variety of fish 
species, which happen to be very sensitive to PCP, leads to the observed high frequency of 
low EC50-values. It can be concluded that the over-representation of sensitive species causes a 
considerable misfit of the modeled SSD with the available data. This phenomenon is also 
observed by Newman et al. (2002) and Van de Brink et al. (2002). Newman et al. (2002) 
conclude that the log-normal model may not be a proper representation. The CdCl case 
(Figure 2.5) and also the lower part of the PCP graph (Figure 2.8) do indicate that the log-
normal or log-logistic model may intrinsically be the most appropriate way to interpret SSD. 
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The estimation of the model parameters, however, may be hampered by the bias in the 
available data. 

Regression of acute and chronic SSD parameters 
In order to relate chronic toxicity to acute toxicity, the parameters of the SSD for the 
chemicals provided with both types of toxicity data have been subject to regression analysis. 
Since the SSD parameters (Alpha and Beta) for chronic and acute toxicity tests are subject to 
independent stochastic error, the relation between the acute and chronic SSD parameters has 
been evaluated by orthogonal regression (Orthogonal Regression Analysis Software, version 
4.0, Orthogonal Software, info@orthogonal.net). Based on the lower number of species tested 
per single compound, the error in the chronic SSD parameters is estimated to be about 
threefold the error in the acute SSD parameters (λ = 0.33). Chemicals with sufficient data for 
this type of analysis were selected by applying the rule that both acute and chronic tests are at 
least performed with one species each of the algae, crustaceans and fish. Application of this 
selection criterion resulted in 89 pairs of acute and chronic alpha and beta values with 
numbers of species tested ranging from 3 to 262. 
The maximum difference between acute and chronic average toxicity over species is a factor 
of 491. The mean of the average chronic toxicity of the 89 chemicals is about a factor of 18 
(13 – 24) lower than the mean of the average acute toxicity. With a correlation coefficient of 
0.768, a strong relationship between acute and chronic average toxicity over species is 
demonstrated. The 95% confidence interval for the intercept of the regression line ranges 
from –1.973 to –0.888, which implies that average chronic toxicity is between a factor of 8 
and 94 more sensitive than average acute toxicity. It should be realized that the intercept of 
the regression line is only indicative for the lower and most uncertain outskirts of the data 
range. Interpretation of the regression by eye, and taking the rather large uncertainties into 
account, yields the overall impressions that average chronic toxicity is a factor of about 10 
lower than average acute toxicity. The confidence interval of the slope of the regression line 
encloses unity (0.889 – 1.217), which means that the difference between acute and chronic 
alpha values holds over the entire range (Figure 2.9). 
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Figure 2.9 The regression of chronic and acute alpha values. 
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The beta values for acute toxicity range from about 0.2 to 1.3, whereas the beta values for 
chronic toxicity are in the range of 0.02 to 1.65. At a beta value of 1.25 the difference 
between the sensitivity of the least and most sensitive species amounts to a factor of about 
1010. This implies that if the effective concentration for the most sensitive species is about 1 
ng/L, the least sensitive species demonstrates effects at a concentration of about 10 g/L. This 
spread in sensitivities is extremely unlikely for all known chemicals and should be regarded 
as an artifact. Extremely high or low beta values can only occur if the number of species 
tested is too low to determine a reliable beta value. With a rather low correlation coefficient 
(r2 = 0.314), the chronic beta values are not strongly related to the acute beta values. In Figure 
2.10, the number combination labels associated with the individual data points represent the 
numbers of species tested acutely (first) and chronically (second). Four of the five data points 
falling outside the 95% confidence ellipse are characterized by either an acute or chronic beta 
exceeding the unlikely value of 1.25. Three of the five outlier beta values are calculated with 
only three species tested either chronically or acutely. 
 
For bivariate data that do have a stochastic component on both axes, orthogonal regression is 
the most appropriate technique to infer a relationship. When the outliers (the points outside 
the 95% confidence ellipse in Figure 2.10) are discarded, the orthogonal regression of the 
scatterplot in Figure 2.11 approximately reveals a one to one relationship. 
 
As is illustrated in the boxplot of the difference in acute and chronic beta against the lower of 
the number of species tested in the acute and chronic tests (Figure 2.12), the outliers are 
obviously caused by the incidence of low numbers of species tested in both acute and chronic 
toxicity tests. 
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Figure 2.10 Acute and chronic beta values plotted against each other. The ellipse is representing the 95% 

confidence region of the data. The number combination with each data point shows the number of 
species tested acutely and chronically respectively. 
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Figure 2.11 The orthogonal regression of chronic and acute beta values. 
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Figure 2.12 Boxplot of the difference in acute and chronic beta against the lower of the number of species 

tested in the acute and chronic tests (categorized bin). The dots represent the observations. 

Relation of beta with toxic mode of action 
If, as a hypothesis, chemicals with the same toxic mode of action are considered to affect 
comparable species, there should be some resemblance of their log-logistic SSDs, which are 
only characterized by the alpha and the beta parameter. Different chemicals with the same 
TMoA may have considerable difference in their intrinsic toxicity. This implies that the 
average toxicity over species, or the SSD alpha parameter, will display considerable variance. 
Irrespective of the actual intrinsic toxicity, the SSD beta parameter, or the slope of the 
distribution, should be equal for compounds with the same TMoA. As is indicated in the 
previous section of this paper, the reliability of the estimated log-logistic SSD beta value is 
strongly relying on the number and variety of the species tested. 
 
This is again demonstrated in Figure 2.13 to Figure 2.15, where for three modes of action 
examples are given of acute beta values plotted against the number of species tested. The grey 
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areas in these graphs suggest that, when sufficient species are tested, the SSD beta values 
level off to a value that is characteristic for the TMoA. For substances with a non-polar 
narcosis toxic mode of action (Figure 2.13), the intrinsic beta value appears to narrow down to 
about 0.5. For the more specifically acting compounds, like organophosphates (Figure 2.14) 
and photosynthesis inhibitors (Figure 2.15), the intrinsic beta values appear to stabilize at 
values of around 0.8 and 0.6 respectively. The number of species tested, required to reach the 
constant level is in the order of 25-50. It should be noted, however, that there are very few 
chemicals tested with these numbers of species. This finding corresponds nicely to the finding 
of Newman et al. (2000). 
 
As a compromise, the compounds acutely tested with 10 or more species and at least tested 
with algae, crustaceans and fish are selected for the estimation of the TMoA specific acute 
beta value. Of these chemicals, the acute beta values are averaged over the toxic modes of 
action (Table 2.4). The generally low standard errors of the means (SEM) indicate that the 
concept of TMoA specific beta value may very well be valid. 
 

Table 2.4 Acute beta values, based on 10 or more species, averaged over toxic modes of action (n = number 
of compounds; SEM = standard error of the mean). 

Toxic Mode of Action n Avg. 
Beta SEM 

Approx. 
5-95% 

factorial 
sensitivity 

interval 

Non polar narcosis 34 0.39 0.03 1300 
Acetylcholinesterase inhibition: 
organophosphates 

27 0.71 0.03 520000 

Inhibits photosynthesis 20 0.60 0.03 67000 
Polar narcosis 13 0.31 0.03 280 
Acetylcholinesterase inhibition: 
carbamates 

11 0.50 0.05 10000 

Uncoupler of oxidative phosphorylation 8 0.38 0.05 1000 
Multi-site inhibition 6 0.62 0.07 91000 
Dithiocarbamates 6 0.57 0.05 38000 
Diesters 6 0.42 0.07 2400 
Systemic fungicide 5 0.46 0.04 4500 
Sporulation inhibition 5 0.37 0.05 950 
Neurotoxicant: pyrethroids 4 0.65 0.03 160000 
Neurotoxicant: cyclodiene-type 4 0.61 0.01 75000 
Plant growth inhibition 4 0.52 0.06 15000 
Membrane damage by superoxide 
formation 3 0.69 0.01 350000 

Cell division inhibition 3 0.63 0.21 100000 
Systemic herbicide 3 0.52 0.12 14000 
Plant growth regulator 3 0.44 0.10 3400 
Neurotoxicant: DDT-type 2 0.50 0.13 9800 
Amino acid synthesis inhibition 2 0.47 0.03 5600 
Germination inhibition 2 0.40 0.02 1600 
Quinolines 2 0.28 0.02 180 
Reactions with carbonyl compounds 2 0.28 0.07 170 
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Figure 2.13 Acute beta for 71 non-polar narcotics plotted against the number of species tested. The shaded area 

represents a subjective confidence interval for the TMoA dependent beta value. 
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Figure 2.14 Acute beta for 35 organophosphates plotted against the number of species tested. The shaded area 

represents a subjective confidence interval for the TMoA dependent beta value. 
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Figure 2.15 Acute beta for 33 photosynthesis inhibitors plotted against the number of species tested. The 

shaded area represents a subjective confidence interval for the TMoA dependent beta value. 
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Discussion 
The applicability of the concept of species sensitivity distribution for estimating acceptable 
contaminant levels or ecological risk strongly relies on proper parameterization. For adequate 
parameterization, the number and random variety of species specific toxicity data required is 
of the order of 25 to 50, as has been demonstrated in Figure 2.13 to Figure 2.15. 
If the SSD has to be based on chronic toxicity data, as is common practice, the cost and time 
required to generate reliable SSD information for the vast number of chemicals that are 
potentially released to the environment is prohibitive for its applicability. Actually, this paper 
demonstrates that the required information on chronic toxicity is at present not available for 
any of the chemicals tested. The maximum number of species chronically tested on a single 
chemical by the combined efforts of the world’s ecotoxicologists is 37 for atrazine (note the 
bias for primary producers in Table 2.3). 
Restricting the input to acute toxicity data will render the concept of SSD to be far more 
applicable. Fortunately, the statistical analysis performed in this paper indicates that for many 
compounds, the chronic toxicity averaged over species is a fairly constant factor of approx. 10 
lower than the average acute toxicity. This finding justifies the use of acute toxicity data for 
SSD parameterization. With the analysis of far less data, the same conclusion was drawn by 
Slooff and Canton (1983), who observed that that the acute LC50 and chronic NOEC for the 
same species had a better correlation than both the acute and chronic endpoint concentrations 
over taxonomically different species. Therefore, they conclude that …”it is not scientifically 
tenable that the margins of uncertainty in the predictive value of acute tests will be larger than 
those of chronic tests, nor that chronic toxicity data are indispensable for predicting 
environmental effects of chemicals”. 
For the parameterization of the log-logistic and the log-normal SSD it is only necessary to 
estimate the true mean and the true standard deviation of the log transformed toxicity data for 
the assembly of species to be modeled. In Figure 2.9, a rather high correlation can be 
observed between the acute and the chronic alpha for 89 chemicals. The high correlation is 
clearly not highly influenced by the sometimes low number of species tested for either of the 
alpha values. This can only mean that the average toxicity over species is not extremely 
sensitive to the number of species tested, provided that sufficient species diversity is 
guaranteed (minimum ACF). The standard deviation or the slope of the curve, proved to be 
highly sensitive to the number of species tested (Figure 2.12 to Figure 2.15). The observation 
that the slope of the SSD (Beta value) is related to the toxic mode of action of the chemical 
under consideration may enable the introduction of surrogate beta values as depicted in Table 
2.4. This may reduce the need to collect vast numbers of toxicity data for the construction of 
reliable SSD-curves. 
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3 Bioavailability and matrix interactions: A review 
Slightly modified after: 
De Zwart, D., Warne, A., Forbes, V.E., Peijnenburg, W.J.G.M., and Van de Meent, D. 2005. Matrix 
and media extrapolation. In Extrapolation practice for ecological effect characterization of chemicals 
(EXPECT). SETAC Press (in Press), Pensacola, FL. 

Introduction and problem formulation 
This paper is a slightly revised copy of a chapter in a book on extrapolation methods used in 
ecological risk assessment of substances (Solomon et al. 2005) that is the end result of a joint 
submission by a consortium of research groups (nodes) to the American Chemistry Councils 
(ACC) Long Range Initiative Program. The participating nodes are the Centre for Toxicology 
at the University of Guelph/Canadian Network of Toxicology Centres (Canada) working in 
partnership with the Human & Environmental Safety Division, Procter & Gamble Company 
(USA), ALTERRA – Green World Research, Wageningen University and Research Centre 
and the Laboratory for Ecotoxicology, RIVM – the National Institute of Public Health and the 
Environment (Netherlands). The goals of the Extrapolation Practice for Ecological Effects 
and Exposure Characterization of Chemicals (EXPECT) project were to collect and review 
procedures for extrapolation of ecological effects in the context of ecological risk assessment. 
We reviewed the scientific and technical basis for existing extrapolation methodologies in 
ERA, and tested several of the extrapolation methods by field responses from existing field 
studies and studies in controlled static and flowing-water micro- and mesocosm experiments. 
 
In the remainder of this text, the word “medium” is reserved to indicate the major 
environmental compartments: air, water, sediment, and soil. The word “matrix” is associated 
with the physico-chemical properties of the media. The problems associated with 
extrapolating between one medium or type of matrix to another are intricate, generally due to 
the varying chemical, physical, biological and spatial characteristics associated with different 
media. Although the thesis is only concerned with aquatic toxicity evaluations, no efforts 
were undertaken to restrict the matrix interactions discussed to those only occurring in the 
aquatic ecosystem compartment. 
 
The types of extrapolations routinely required and used in risk assessments include: 
• Media extrapolations (both directions) 

• Air-water 
• Air-soil 
• Water-sediment 
• Groundwater-soil 

• Matrix extrapolations 
• Salt water-freshwater 
• Hard water-soft water 
• River-lake-stream-pond 
• Soil type adjustments 
• Conditions in laboratory toxicity tests – field conditions 

 
There are, in fact, a large number of different extrapolations possible, each with its own 
unique problems to be taken into account. 
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As is summarized in Table 3.1, evaluation of the risk of a particular chemical requires 
information on fate and exposure and on biological sensitivity. The extrapolation issues 
dealing with matrix and media can thus be divided into exposure issues and effects issues. 
Exposure to and fate of any toxicant is governed by the interaction between the matrix 
components and the toxic chemical. The influences of chemical and matrix properties are 
highly interwoven. Therefore it is difficult to discern between exposure issues due to toxicant 
properties and exposure issues due to matrix properties. Differences in effects between media 
and matrices may be related to differences in the inherent sensitivity of the exposed biota 
originating from communities with a different species composition, and/or to differences in 
the route of uptake and excretion of the chemical. 
 
The fate of a chemical is strongly related to its ability to be transported and exert its toxic 
action elsewhere. Transport is not considered a part of this chapter. For details on transport 
related matrix interactions, the reader is referred to the SETAC book on persistence and 
transport of chemicals in the environment (Klecka et al. 2000). 
 
 
 

Table 3.1 Key variables that need to be considered when extrapolating among and within media. Columns 3 
to 5 indicate major influences of the variable on the fate of the chemical, exposure of the biota and 
biological sensitivity, respectively. 

Category Variable Fate Exposure Sensitivity 

Chemical properties: Fugacity √ √  
 Solubility √ √  
 Polarity √ √ √ 
 Reactivity √  √ 
 ..........    
Medium / Matrix properties: Temperature √  √ 
 Light √  √ 
 Redox √  √ 
 pH √ √ √ 
 Ions/hardness √ √  
 Particulates (size / nature) √ √  
 Organic carbon √ √  
 Colloids √ √  
 Exchange capacity √ √  
 Complexation √ √  
 ........    
Species properties: Taxonomic status   √ 
 Trophic status  √  
 Habitat preference  √ √ 
 Behavior  √ √ 
 Body size  √ √ 
 Life cycle type   √ 
 Timing of exposure in 

relation to life cycle 
 √ √ 

 Presence of other stressors   √ 
 Exposure route  √ √ 
 ........    
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Types of media/matrices 
In order to better understand the issues involved with media/matrix extrapolation, the types of 
media and matrices must be clearly classified and characterized. There are three basic media 
types: water, air, and soil. Within these three basic categories, there are a number of similar 
yet complex matrices, and these need to be considered independently. 

Water 

Surface water can be defined as any river, lake, stream, pond, marsh, wetland, as ice and 
snow, and transitional, coastal, and marine water naturally open to the atmosphere. Major 
matrix properties, distinguishing water types from each other, are hard and soft water, and 
saline and freshwater. Groundwater is typically defined as water that can be found in the 
saturated zone of the soil. Groundwater slowly moves from places with high elevation and 
pressure to places with low elevation and pressure, such as rivers and lakes. Partitioning 
interactions of the groundwater with the solid soil matrix is an important factor in the fate of 
toxicants. Physicochemical properties of water that may affect toxicity of chemicals in all 
water types are listed in Table 3.2. 

Atmosphere 

The atmosphere consists of 78.09% nitrogen, 20.94% oxygen, 0.93% rare gases, 0.03% 
carbon dioxide, 0.1% trace elements, as well as dust, water vapor, and anthropogenically 
emitted substances (Crosby 1998). A chemicals’ vapor pressure and its fugacity mainly 
govern the chemicals’ residence time in the air. Airborne chemicals can travel long distances. 
During airborne transportation, they may be subject to photodegradation. At low temperatures 
(polar region), persistent organic pollutants (POPs) may be transferred to water masses or 
snow and ice. 
 
 

Table 3.2 Water matrix factors that may modify the toxicity of substances to aquatic organisms. 

Property Explanation 

Suspended particulate matter Adsorption to particulate matter will make chemicals less 
biologically active 

Water Temperature Dictates volatilization rate of chemical, affects the chemical 
activity of contaminants and the physiological processes of 
organisms 

Water velocity Dictates transport and dilution of chemical 

Water viscosity Affects water movement and solute diffusion 

Dissolved oxygen Reduction of oxygen increases susceptibility to toxicants by a 
factor of 2 in aquatic organisms (Sprague 1984) 

PH Effects the form, reactivity, solubility, and toxicity of some 
contaminants 

Salinity Salts may bind with chemicals, allowing them to become 
biologically inactive or precipitate out 

Light penetration Light may speed up the degradation of some chemicals, or 
create harmful metabolites that are more toxic than the original 
form 
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Table 3.3 Soil matrix factors that may modify the toxicity of substances to soil organisms.  

Property Explanation 
Bulk density Indicates the pore space available for water and roots. Influenced by soil 

composition (mineral content, mineral type and organic matter), and soil 
texture 

Mineral type Affects adsorption of the chemical 

Grain size 
distribution 

Affects the surface area where adsorption can take place 

Water content Influences partitioning and availability of chemicals 

Permeability Affects ability of a soil to transmit water or air 

Structure Dictates the porosity of the soil 

pH Affects the form, reactivity, solubility, availability and toxicity of some 
contaminants 

Metal content Affects the toxicity of some substances (mainly heavy metals) with binding, 
or antagonistic mechanisms, e.g., by alkaline-earth metals and aluminum 

Organic matter 
content, type and 
% carbon 

Influences soil sorption properties for heavy metals and organic chemicals 

Temperature Affects the chemical activity of contaminants and the physiological 
processes of organisms 

Soil porosity Influences percolation 

Inorganic ions Can bind to chemicals, rendering them inactive and affecting transportation 

Soil 

There are a number of different types of soils, each varying in the percentage of sand (2.0 to 
0.05 mm), silt (0.05 to 0.002 mm), clay (<0.002 mm), organic matter of different types, water 
content, earth alkaline metals and other inorganic substances. Soil structure depends strongly 
on the abiotic characteristics mentioned above. Further, the composition and structure of the 
soil influences the species composition of the soil biota and vice versa. While large particles 
are generally inactive, smaller particles may be chemically active, complicating the 
extrapolation among soil types. Soil colloids (finely divided particles of one substance 
suspended in another) can acquire electrical and surface properties that influence adsorption 
of gases, ions and organics. The matrix properties of different soils are the factors that make 
extrapolation between soils difficult. Soil properties that may affect the toxicity of a chemical 
are listed in  
 
Table 3.3. 

Sediment 

Sediments can be defined as deposits of solid material laid down in water bodies. Minerals 
usually dominate sediments, but sediments may also contain organic substances, including 
humic substances of different nature. Sediments may be considered the ultimate sink for 
hydrophobic chemicals. While sediments have many of the same properties as soils, the high 
water content and possible anaerobic conditions distinguish this matrix into a category of its 
own. 
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Sources of pollution and routes of entry and exposure 
There are several routes of chemical entry into the environment. Contaminants are introduced 
by natural as well as anthropogenic sources. Man-made chemicals may first enter the 
environment by aquaculture, agriculture, illegal and legal manufacturing processes, human 
use and disposal, septic / municipal sewage and animal husbandry. Once in the environment, 
toxicant fate depends upon the type and physico-chemical properties of the media and of the 
toxicant itself. 

Atmosphere 

Volatile chemicals reach the atmosphere via direct emission to the air or by volatilization 
from water, soil, surfaces, and from plant and animal respiration. Once in the air, diffusion, 
advection and precipitation/deposition are the major sources of movement. 

Surface water 

Major routes of entry of chemicals into surface waters include precipitation, drift, runoff, 
industrial and sewage outfalls, groundwater, and human disposal. Once in the surface waters, 
the chemicals may be transported via advection (bulk movement by currents), molecular 
diffusion (due to random thermal movement of molecules), turbulent diffusion (mixing) and 
dispersion. Chemicals may also be transported while adsorbed to suspended particulate 
matter. 

Groundwater 

Chemicals may enter groundwater as landfill leachates, deep well injection of hazardous 
wastes, leaching from soil and water, or from septic tanks. Diffusion and advection are the 
typical mechanisms of chemical transport in groundwater. Groundwater may be taken up via 
human use or empty onto the surface waters via a natural spring. 

Soil and sediment 

Soils may be exposed to toxicants by direct input of chemicals at dumpsites, due to 
application of pesticides or accidental spillage, and transfer from elsewhere. Whether 
originally emitted to air or water, many of the persistent toxicants exhibit their toxicity in the 
stationary media, sediment, and soil. 

Media and matrix related exposure 
The overall aim of this type of extrapolation is to predict exposure and/or effects from one 
medium or matrix to another. Although physico-chemical (fate and exposure) and biological 
(sensitivity) extrapolations can be addressed separately, it will become clear in the following 
that there are many links between these elements of risk that can complicate the extrapolation 
process. The elements of the extrapolation process and the interactions between physico-
chemical and biological features that are involved are schematically depicted in Figure 3.1. 
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Figure 3.1 Schematic overview of the properties and processes that are governing matrix and media 

extrapolations. 

The development of extrapolation methods for all possible steps strongly relies on both theory 
and quality and number of available data. Conducted studies can be focused on developing 
general theories applicable to all situations, but can also be only valid for the selected 
combination of objects studied. Care should be taken that the results of these latter studies are 
only applicable under the assumption that the extrapolation is dealing with comparable 
objects and processes, that is, for example: a freshwater to saltwater extrapolation of 
sensitivity derived for compound A may not be applicable for compound B. 

Extrapolation related to physico-chemical properties of media 
and toxicants 

Toxic Metals 

Environmental quality objectives for toxic substances are derived on the basis of risk 
considerations, where “risk” usually has the meaning of the likelihood and/or extent of an 
adverse effect. It is the purpose of ecotoxicological risk assessment to distinguish between 
contaminated waters, soils, or sediments that will or will not produce effects. In the case of 
metals, total concentrations in waters, soils, and sediments commonly span several orders of 
magnitude. Organisms, however, do not respond to total concentrations, and hence quality 
criteria that are based on total concentrations are unlikely to be predictive of adverse 
biological effects. The total amount of a substance may not be toxicologically meaningful, as 
it may partly be non-available for uptake by organisms. This would not be important as long 
as availability would be a constant factor. This, however, is not the case and it is the variation 
in some crucial matrix and medium properties that results in a substantially different 
availability for uptake of compounds by organisms. When taking this into account, by 
applying appropriate extrapolation techniques, this will improve accuracy in predicting (no) 
effects. 
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Surface waters: Various authors have stressed that the “total metal or dissolved metal 
concentration” approach is inadequate as it does not reflect the true exposure to and effects on 
aquatic organisms (Luoma 1983, Morel 1983, Pagenkopf 1983, Playle et al. 1992, Playle et al. 
1993b, 1993a). The importance of explicitly considering bioavailability in the development of 
water and sediment quality criteria for metals has been demonstrated (DiToro et al. 1991, 
Allen and Hansen 1996, Ankley et al. 1996) and is gaining increased recognition by the 
scientific community and some (US) regulatory authorities (Bergman and Dorward King 
1997, Renner 1997). Laboratory toxicity studies completed during recent years have enhanced 
the current understanding of the physiological basis of how metals exert toxicity on aquatic 
organisms (Pagenkopf 1983, Playle et al. 1992, Playle et al. 1993b, 1993a, Janes and Playle 
1995). Parallel investigations of metal speciation have elucidated the chemistry of metals in 
aquatic systems, including the formation of organic and inorganic metal complexes and 
sorption to particulate organic matter and to biotic ligands. These studies have, in 
combination, led to an improved understanding of how site-specific water chemistry affects 
bioavailability, how the route of uptake influences exposure, how metals interact with aquatic 
organisms to exert toxic effects at the organism’s site of action, and how toxic effect levels 
can be predicted. The translation of the above-mentioned studies into toxicity-related 
bioavailability models and especially the Biotic Ligand Models (BLM) are gaining increasing 
interest in the scientific and regulatory community for evaluating metal bioavailability and 
toxicity in a cost effective and technically defensible manner (DiToro et al. 1997). 
 
Soils: Especially in the case of soils, there has been little consideration of the factors that 
modulate the bioavailability of metals. In this respect it is necessary to develop methods 
which contain qualitative and quantitative descriptions of differences in bioavailability: 
• Between soils typically used for laboratory testing and field soils. 
• Between contaminated and non-contaminated (natural background) soils. 
• Among contaminated field soils. 
 
It should be noted that (bio)availability needs to be dealt with as a dynamic process, 
comprising at least two distinct phases: a physico-chemically driven desorption process, and a 
physiologically driven uptake process requiring identification of specific biological species as 
objects of study. Soil organisms potentially have different uptake routes. It is thought that 
most organisms that live in the soil (i.e., including plants) are primarily exposed via pore 
water, and that organisms that live on the soil are mainly exposed indirectly via their food. 
Differences in exposure route are likely to differ between species with a soft and permeable 
skin (sometimes including gills or roots) and a hard physically protective, but impermeable 
integument. This distinction is of quantitative importance, since in the case of uptake via 
ingestion, gut conditions determine the transfer of chemicals rather than external conditions. 
There is evidence for predominant pore water uptake of organic substances by soft-bodied 
animals, but due to their complex physico-chemical behavior such evidence is presently only 
circumstantial for metals. Free metal ions in pore water are often considered to be the toxic 
fraction that can actually be taken up by organisms. Clearly, both abiotic (soil characteristics) 
and biotic (species-dependent) aspects determine “bioavailability”. 
 
Metal concentrations and metal activities in the pore water are dependent upon both the metal 
concentration in the solid phase and the composition of both the solid and the liquid phase. In 
matrix extrapolation, and with emphasis on the pore-water exposure route, it is therefore of 
great practical importance to have a quantitative understanding of the distribution of heavy 
metals over the solid phase and the pore water. A relatively simple approach for calculating 
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the distribution of heavy metals in soils is the so-called equilibrium partitioning (EP) concept 
(Shea 1988, Van der Kooij et al. 1991). The EP concept assumes that chemical concentrations 
among environmental compartments are at equilibrium and that the partitioning of metals 
among environmental compartments can be predicted based on partition coefficients. The 
partition coefficient, Kp, used to calculate the distribution of heavy metals over solid phase 
and pore water is defined as: 

(l/kg)    
][Metal

][Metal
 = K

 waterpore

phase solid
p  Equation 3.1 

Kp is not a constant and may vary by several orders of magnitude. It is affected by element 
properties and both solid phase and pore water characteristics. Knowledge of the relationship 
between soil characteristics and Kp values enables calculation of the distribution of heavy 
metals over the solid phase and pore water for different soils. When coupled to an uptake 
model for metals by biota that are directly or indirectly exposed via the pore water, the 
relationships for predicting Kp values may be used to predict metal uptake for these organisms 
on the basis of the metal concentration in the solid phase and some selected soil properties. 
The latter should, like the total concentrations, be easily determinable. 
 
Sediments: A similar approach as in soils can be applied to metal contaminated sediments, 
where sulfides, measured as Acid Volatile Sulfides (AVS), have been demonstrated as being 
the predominant factor controlling metal mobility and toxicity. In this regard the difference of 
SEM (Simultaneous Extracted Metals) and AVS (SEM – AVS), referred to as excess SEM, 
often does a good job of predicting the absence of toxicity (Allen et al. 1993). Luoma and 
Fisher (1997) state that the association of metal bioavailability with AVS in sediments is not 
straight-forward in all cases. 

Organic compounds 

Sorption, or inter-media transport, is of importance in systems that contain more than one 
phase. Chemicals will migrate from one phase to another if the phases are not in 
thermodynamic equilibrium (do not have the same fugacity). Octanol is often considered as a 
surrogate for various condensed lipophilic materials present in natural phases such as non-
living natural organic matter in soils, sediments, or aerosols and certain lipid-like constituents 
of plants, animals, and microorganisms. Although the fraction of such organic phases on a 
global scale is quite low, they are major sinks for hydrophobic contaminants (DiToro et al. 
1991). 
 
Experimentally it has been observed that the ratio of concentrations in two phases is constant 
if the concentrations of the chemical in both phases are sufficiently low (thermodynamic 
equilibrium). In this case, at equilibrium conditions the reversible distribution between phases 
can be described by a constant, which is known as the distribution coefficient: 

Kab = Ca / Cb Equation 3.2 

Where Kab is the distribution coefficient, and Ca and Cb are the concentrations of the toxicant 
in the phases a and b, respectively. 
 
For air-water systems, this equation is known as Henry’s law. For solids-water systems, the 
equilibrium constant is known as the partition coefficient (KP) or distribution constant (Kd). 
Partition coefficients are available for many organic chemicals from laboratory and field 
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measurements. As organic carbon (OC) present in water (dissolved: DOC), sediment or soil is 
the main sink for hydrophobic organic contaminants, and the partition coefficients for these 
compounds are often adjusted (normalized) with respect to the organic carbon content of these 
compartments: 

KP = Koc x foc = CS / CW Equation 3.3 

With: Koc is the organic carbon normalized partition coefficient (L/kg), foc is the fraction of 
organic carbon in the sediment or soil, and CS and CW are the concentrations of chemical in 
the solid phase and the water phase, respectively. Koc for neutral organic chemicals is often 
estimated from the octanol-water partition coefficient (Kow). 
 
It may be deduced from KP = Koc x foc that partition coefficients of hydrophobic organic 
compounds in general are dependent upon both the chemical of interest (compound specific 
properties affect the value of KOC), and the matrix properties of the medium in which it 
resides. In addition to the fraction of organic carbon present in the sorption phase, additional 
environmental factors affect partitioning. These factors include temperature, particle size 
distribution, surface area of the sorbent, pH, ionic strength, presence of suspended material or 
colloidal material, and the presence of surfactants. In addition, also clay minerals may act as 
additional sorption phases for organic compounds. Nevertheless, organic carbon-normalized 
partition coefficients for a specific chemical are fairly constant among different soils or 
sediments, provided that the additional environmental factors impacting partitioning are kept 
reasonably constant. 
 
Uptake by plants and animals is in general the consequence of a plethora of competing 
processes, both in the aqueous and in the solid phase, as well as at the interface between the 
biota and the pore water. As explained by Jager (2003), the leading theory on uptake of 
chemicals by soil- and sediment-dwelling organisms is the equilibrium partitioning (EP) 
theory, formulated and broadly adopted around 1990. Basically, this approach states that 
organisms do not take up chemicals from soils or sediments directly, but only from the freely 
dissolved phase in the pore water. A chemical will tend to distribute itself between the soil, 
water and organism phases until it is in thermodynamic equilibrium. This implies that the 
chemical residues in organisms can be predicted when the sorption coefficient of the chemical 
(partitioning between solids and water) and the bioconcentration factor (partitioning between 
water and organism) are known. This is schematically depicted in Figure 3.2. 
 

Organism

water

uptake/elimination

sorption/desorptionsoil
 

Figure 3.2 Schematic overview of the process underlying the equilibrium partitioning concept (Jager 2003). 
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Equilibrium partitioning has become an integral part of chemical risk assessment for soil and 
sediment, to predict toxicity (by extrapolation from aquatic data) as well as body residues (by 
extrapolation from total concentrations) in soil- or sediment-dwelling organisms. Currently, 
the term EP is often used in a broader sense, relaxing the precondition of equilibrium, and 
denoting the fact that (time-varying) concentrations in organisms can be predicted from the 
(time-varying) concentrations in pore water. Despite its popularity in risk assessment practice, 
limitations of EP have been observed. The most striking deviations are discussed below: 

• Sequestration or “ageing” is the process by which chemicals tend to become less 
available with time (for uptake by organisms as well as by “soft” chemical extraction 
techniques). The most likely mechanism for this behavior is that the chemical is 
moving deeper into the organic matrix with increasing contact time. Sequestration has 
been presented as a deviation from EP, but in fact it is a strong support. Granted, the 
use of equations where sorption is estimated from hydrophobicity will fail to predict 
the effects of sequestration, but EP (in the broad sense) appears to be quite robust as 
long as good estimates or measurements of pore-water concentrations are available for 
the specific situation of interest. 

• Another deviation from EP that is extensively discussed is feeding. Chemicals are not 
only taken up by organisms from (pore) water through the skin, but also from the gut. 
It is a generally held view that the existence of multiple routes of entry into an 
organism leads to deviations from EP predictions, especially for very hydrophobic 
chemicals. It is predicted (Jager 2003) that feeding becomes an important uptake route 
for earthworms when log Kow exceeds 5. For sediment organisms there is evidence 
that feeding is important for very hydrophobic chemicals, and may lead to deviations 
from EP up to a factor of 5. However, there are few studies that succeed in 
experimentally separating both uptake routes, and often conclusions on uptake routes 
are drawn without confirming that equilibrium was established, and without knowing 
the actual pore-water concentrations. Furthermore, it is unlikely that chemicals are 
transferred directly from a solid phase to an organism without intervention of a 
solution phase. 

• Biotransformation may also lead to deviations from EP, but this process is not well 
studied. Biotransformation is the uptake and metabolism of toxicants which usually 
results in more water-soluble metabolites. Especially when the exchange with the pore 
water is slow, even low levels of transformation may affect the internal exposure to 
the parent compound. 

Despite the limitations, EP is still the reference theory for discussing the accumulation of 
organic chemicals in soil organisms and for extrapolation between media and matrices. The 
use of EP requires that body residues and effects observed in biota first have to be related to 
pore water concentrations. 

Media and matrix related effects 

Extrapolation related to organism behavior 

Trophic status 

Extrapolating toxicant effects among media may differ according to the trophic status of the 
species under consideration. Whether a species is a primary producer, primary consumer or 
secondary consumer will influence which environmental compartments and media, and hence 
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which routes of uptake, need to be considered. Thus trophic status should have a relatively 
large influence on exposure but less of an influence on toxicity, per se. Few chemicals act 
specifically at individual trophic levels, unless trophic levels are characterized by specifically 
sensitive taxonomic groups or receptors. One of the few definite exceptions to this rule is the 
action of photosynthesis inhibiting herbicides that are inherently much more toxic to 
autotrophic organisms than to heterotrophs. Other possible exceptions are bioaccumulating/ 
biomagnifying chemicals which tend to have greater effects at higher trophic levels and plants 
being less sensitive to insecticides. However, such effects can be attributed to higher body 
burdens (i.e., exposure) rather than trophic level specific differences in sensitivity. 

Habitat preferences 

Habitat preferences and thus medium and matrix considerations may play an important role in 
determining the susceptibility of species to toxicants. These can be at the macro-scale. For 
example certain species may prefer waters or soils of differing mineral, organic or oxygen 
content. Differences may also occur in microhabitat preference. For example, different 
species of benthic organisms may be found at different depths in the sediment, and may orient 
with their heads facing down or up. A variety of abiotic factors that are likely to vary among 
habitats can influence exposure to and toxicity of chemicals. In addition, there may be 
correlations between habitat preference and taxon susceptibility. 

Feeding behavior 

Feeding behavior is probably one of the most important variables that need to be taken into 
account when extrapolating among media. Feeding behavior is known to affect both the rates 
of contaminant uptake from a given medium (e.g., organisms having faster feeding rates are 
likely to have higher rates of contaminant uptake), and determines which media need to be 
included in exposure calculations and how. For example, equilibrium partitioning models 
used to predict exposure from contaminant concentrations in bulk sediment typically assume 
that the partitioning of a chemical between sediment organic carbon and pore water is at 
equilibrium and the route of exposure is therefore not significant (DiToro et al. 1991). 
However, it has become clear that equilibrium partitioning models underestimate the uptake 
of sediment-associated contaminants, at least for some groups of sediment-dwelling 
organisms (Landrum et al. 1996, Selck et al. 1998, Timmerman and Andersen 2003, Selck et 
al. 2004). Such animals may accumulate a substantial proportion of their body burden from 
sediment-bound contaminants during gut passage, which would not be predicted by 
equilibrium partitioning models. Very few studies have tried to relate uptake route (e.g., 
dissolved contaminants taken up over external body surfaces versus particle-bound 
contaminants taken up over the gut surface) to toxicity (e.g., Vijver et al. 2003). There is 
limited evidence to suggest that contaminants taken up over the gut may be less toxic (Selck 
et al. 1998, Selck et al. 2004). However, technical constraints involved in separating effects of 
starvation from effects of uptake route prevent firm conclusions from being drawn. Clearly 
the relationship between exposure route and subsequent toxicity is of key importance in the 
development of media extrapolation models and one that deserves more thorough study. 

Avoidance 

Perhaps the most difficult aspect of organism behavior to include in media extrapolation 
procedures is that relating to avoidance. Different species exhibit a diverse array of avoidance 
behaviors, which they may display in response to natural biotic or abiotic factors in their 
environment and in response to chemical exposure. Some of the most common include 
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avoidance responses of fish to heavy metals and other contaminants (Sandheinrich 2003), 
aversion of contaminant-treated diets by birds (Hooper 2003), and drift in stream invertebrates 
(Sibley et al. 1991, Davies and Cook 1993). Such avoidance behaviors would act to reduce 
exposure, but are generally ignored in extrapolation approaches. Changes in behavior could 
potentially have importance in media extrapolation in that they could alter the relative 
importance of different uptake routes. For example, if a contaminant is partitioned between 
diet and water, and an exposed species is able to detect and avoid the contaminated food, the 
relative importance of water as an exposure route could be increased even though total 
exposure may decrease. 

Extrapolation related to intrinsic sensitivity 

Fresh water versus marine toxicity 

Most of the ecotoxicological data available in the open literature are derived from aquatic, 
freshwater species. For example, the European Centre of Ecotoxicology and Toxicology of 
Chemicals (ECETOC) Aquatic Toxicity (EAT) database, one of the most extensive 
ecotoxicological databases, contains a total of 2200 entries covering 368 chemicals and 137 
aquatic species (ECETOC 1993b). Of the entries, 76% are freshwater species and the 
remaining 24% cover marine species. Comparisons between freshwater and marine fish and 
invertebrates (Hutchinson et al. 1998) using this database indicated that the sensitivities of 
freshwater and saltwater species were within a factor of 10 for 91% of EC50 values for fish 
but only 33% for invertebrates. An update of the database (EAT-3) that contains 5,400 values 
(about 24% of which are for marine species) suggests that approximately one third of the 
marine fish, invertebrate and algal species are more sensitive (by a factor of 2 or greater) than 
their freshwater counterparts (ECETOC 2001b). Overall, the data available to date do not 
indicate systematic or consistent differences in the sensitivity of marine versus freshwater 
taxa. However, very little is known about the sensitivities of taxa found exclusively or 
primarily in marine environments (i.e., Ctenophora, Mesozoa, Echinodermata, Nemertina, and 
Porifera). There is some concern that the comparisons made to date may be biased (ECETOC 
2001b). 

Differences in body size 

Differences in body size within species can have an important influence on effects 
extrapolation as a result of changes in surface area: volume relationships with size. Such 
allometric relationships place constraints on uptake (of chemicals as well as food, oxygen, 
etc.) and excretion processes, metabolic rates, and most other physiological rate processes 
(Calow and Townsend 1981). Differences in body size may become an issue in media 
extrapolation to the extent that media properties influence organism growth rates and body 
size. For example, adult body size of marine species may be somewhat lower in estuarine 
populations than in fully marine populations, and such differences in body size could in 
principle exacerbate or ameliorate other effects of salt content on chemical exposure or 
toxicity. Soil infauna species, living in the interstitial space between the soil grains, are 
generally smaller in size than species living in a less confined habitat. 
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Extrapolation related to multiple stresses 
Multiple stress issues are generally not specific for particular media and matrices. In applying 
media and matrix extrapolation techniques, however, these issues should be considered as 
boundary conditions for the validity of the applied models. 

Temperature as a modifier of toxicity 

Abiotic factors may alter exposure and/or alter physiological susceptibility to toxicants. For 
example, temperature is one of the most important variables that determines the distribution 
and abundance of species (Cossins and Bowler 1987) and imposes critical limits on fitness. 
As a result of increasing metabolic rate, increasing temperature can increase the uptake and 
toxicity of contaminants by poikilothermic species, but may also increase rates of 
detoxification and excretion of toxicants (e.g., pyrethroid insecticides, NRCC 1987). 
Temperature extremes in themselves are stressful to organisms, causing induction of various 
stress proteins, which may be associated with fitness costs (Hoffmann et al. 2003). 

Low oxygen as a modifier of toxicity 

Decreased oxygen concentrations (hypoxia and anoxia) can alter the fate of chemicals and 
hence influence exposure. However reduced environmental oxygen levels can act as an 
additional source of stress, particularly for aquatic species. Some species may decrease their 
aerobic respiration rates as environmental oxygen concentrations decline, and may or may not 
increase anaerobic respiration rates in turn (e.g., Linke-Gamenick et al. 2000). From a 
medium/matrix point of view: oxygen levels in organic-rich, shallow aquatic systems can 
show substantial diurnal variations as a result of changes in rates of photosynthesis and 
respiration of primary producers. Organisms living closest to the bottom will likely 
experience greater temporal variations in oxygen than organisms living closest to the water 
surface. Since at least some toxicants may be expected to increase oxygen demand (Newman 
and Unger 2003), enhanced toxicity at reduced oxygen levels may occur. 

Resource limitation as a modifier of toxicity 

Although populations of organisms employed in toxicity tests (especially chronic tests) are 
generally maintained under conditions of adequate food and other limiting resources, field 
populations will often exist under conditions of density-dependent resource limitation. 
Competition for food, space, light or other key variables keeps populations from growing 
exponentially. Although population size may temporarily exceed carrying capacity, over the 
long term, average population growth rates will not exceed zero. Studies that have compared 
the combined effects of toxicants and density-dependent factors (largely food availability) on 
population dynamics are somewhat equivocal. Partly this appears to be a result of 
experimental design constraints (Forbes et al. 2001). At this point, the weight of evidence 
indicates that toxicant effects on population growth rate are less in density limited populations 
than in exponentially growing populations (Sibly et al. 2000, Forbes et al. 2003). However, 
there are a number of complicating issues related to the form of the density dependence 
(Grant 1998, Barata et al. 2002), the relative strengths of the density versus toxicant effects 
(Linke-Gamenick et al. 1999), and effects on other population-level endpoints such as 
carrying capacity (Forbes et al. 2003). 
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Presence of other toxicants 

The presence of other chemicals in the exposure medium (or in other media) can influence the 
sensitivity of organisms to single contaminants in the mixture. Chemicals may interact 
additively, synergistically or antagonistically, and there are a number of approaches available 
to model such interactions (see Chapter 4 on mixture toxicity). Klerks (1999) has argued that 
it is less likely for exposed organisms to adapt to complex mixtures than to single chemicals. 

Extrapolation tools available 
Table 3.4 gives an overview of available media/matrix extrapolation tools and models that 
will be discussed in the following sections. In the layout of the table a distinction is made 
between methods that are mainly related to exposure and bioavailability, methods that are 
mainly related to biological phenomena and properties that modulate effects and methods that 
deal with a mixture of both. Where possible it is indicated whether the method is restricted to 
a certain medium (water / soil) and whether the method is based on knowledge of underlying 
processes (mechanistic) or on statistical relationships established in dedicated experiments 
(empirical). Furthermore, the methods have been grouped according to the types of toxicants 
involved (inorganic / organic / pesticide). The last 3 columns in the table give an indication of 
the input required for toxicant, media /matrix and species properties, respectively. 

Extrapolation tools related to exposure and bioavailability of 
metals 

Toxic metal speciation models for water 

In the aquatic ecosystem, complexation to organic and inorganic ligands and competition 
between toxic metals and Ca or Mg ions for biological adsorption sites, reduces the actual 
amount of metal available for uptake by organisms. Chemical equilibrium models applicable 
to natural systems include RANDOM (Murray and Linder 1983, Bryan et al. 1997, Woolard 
and Linder 1999), MINTEQA2 (Allison et al. 1991), PHREEQE (Parkhurst et al. 1980), 
CHESS (Santore and Driscoll 1995) and WHAM (Tipping and Hurley 1992, Tipping 1998). 
The solution to all chemical equilibrium problems depends on simultaneously satisfying all 
the mass balance and mass action equations for the defined system. For metal speciation in 
aqueous systems this includes inorganic complexation to ligands such as hydroxide or 
fluoride and mineral surfaces as well as organic complexation to binding sites within natural 
organic matter (NOM). 
 
As an example, the mechanistic computer program MINTEQA2 is an equilibrium speciation 
model that can be used to calculate the equilibrium composition of dilute aqueous solutions in 
the laboratory or in natural aqueous systems. The model is useful for calculating the 
equilibrium mass distribution among dissolved species, adsorbed species, and multiple solid 
phases under a variety of conditions including a gas phase with constant partial pressures. 
 
A comprehensive database is included that is adequate for solving a broad range of problems 
without need for additional user-supplied equilibrium constants. The model employs a pre-
defined set of components that includes free ions such as Na+ and neutral and charged 
complexes (e.g., H4SiO4, Cr(OH)2+). The database of reactions is written in terms of these 
components as reactants. The MINTEQA2 computer program is in the public domain and 
available from: http://www.epa.gov/ceampubl/mmedia/minteq/index.htm. 
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Table 3.4 Tools and models for media-media and matrix extrapolation. NA is “not applicable”. 

 Model/Tool Toxicant 
type 

Toxicant 
properties 

Matrix 
Properties 

Organism 
Properties 

Methods mainly related to exposure and bioavailability 

 Metal speciation 
Mechanistic 
Retrospective 
Water 

Metal Identity of metal pH, Ionic 
strength, ligands, 
sorption (clay), 
interactions 
(e.g., pH-Clay) 

NA 

 Metal speciation 
Empirical 
Retrospective 
Soil / Sediment 

Metal Identity of metal pH, Ionic 
strength, ligands, 
sorption (clay), 
interactions 
(e.g., pH-Clay) 

NA 

 Biotic ligand 
Mechanistic 
Retrospective 
Water 
Species specific 

Metal Identity of metal pH, Ionic 
strength, ligands, 
sorption (clay), 
interactions 
(e.g., pH-Clay) 

Identity of 
species, 
Identity of 
bioligands 

 BCF-1 
EP-Organic 1 
Mechanistic 
One compartment 
Retrospective 
Water 

Organic Kow, Ka NA Lipid content 

 BCF-2 
EP-Organic 1 
Mechanistic 
Multi-compartment 
Retrospective 
Water 

Organic Kow, Ka DOC 
Suspended OM 

Lipid content 

 BCF-3 
EP-Organic 3 
Mechanistic 
Multi-compartment 
Retrospective 
Soil / Sediment 

Organic Kow, Ka OM Lipid content 

 McKay, multi- 
compartment models 
Mechanistic 
Prospective 
Diverse media 
 

Organic Kow, Kdeg, Ka Vol, T NA 

Methods mainly related to biological properties modulating effects 

 Species Sensitivity 
Distributions 
Mainly water 
Empirical 

All TMoA 
EC50 
NOEC 
 

NA Taxon identity 
Taxonomic level 

Mixed methods (both exposure and sensitivity related) 

 Ecological models 
Mixed emp./mech. 
Very diverse media 
Site & situation specific 
 

All Kow, Ka 
Degradation rate 
(DT50) 

Diverse 
properties 

Lipid content, 
Behavior 
(feeding), 
Body size, 
Metabolism 
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Table 3.5 Exemplary distribution of chemical species in an example output of the MINTEQ speciation 
program (input: Hardness = 10 mg/L CaCO3, DOC = 10 mg/L, Total Zn = 10 mg/L, pH between 6 
and 10) 

pH 6 7 8 9 10 

Species % of total 
[Zn] 

% of total 
[Zn] 

% of total 
[Zn] 

% of total 
[Zn] 

% of total 
[Zn] 

Zn+2 85.355 82.459 73.196 23.533 0.422 
Zn DOC 14.128 15.916 15.312 9.412 0.359 
ZnOH+ 0 0.766 6.815 22.176 3.994 
Zn(OH)2 (aq) 0 0.012 1.059 34.614 62.451 
Zn(OH)3

- 0 0 0 1.786 32.168 
Zn(OH)4

-2 0 0 0 0 0.137 
Zn(CO3)2

-2 0 0 0 0.021 0 
ZnCO3 (aq) 0 0.384 3.223 8.356 0.465 
ZnHCO3

+ 0.505 0.463 0.388 0.1 0 
 

Matrix extrapolation undertaken by this model means that the model calculates the free metal 
ion concentration as the toxic species, given a total metal concentration and site specific 
conditions in terms of water hardness, DOC, salinity, et cetera. As an example, according to 
the MINTEQ model, a type of water with a hardness of 10 mg/L CaCO3, a DOC content of 10 
mg/L, a total Zn concentration of 10 mg/L and a variable pH, gives a distribution of Zn 
species as given in Table 3.5. It is obvious that the bioavailable Zn2+ fraction is strongly pH 
related. At all but the highest pH, a considerable part of the total zinc concentration is 
complexed by DOC and thus rendered biologically inactive. At higher pH an increasing 
fraction of total Zn is made less available by hydroxide formation. 

Toxic metal speciation models for soil and sediment 

Soil. There are no mechanistic equilibrium partitioning models for toxic metals available for 
the soil and sediment compartments. However, the free metal ion concentration in pore water 
that is considered relevant for uptake in biota (water exposure route) may 
experimentally/empirically be related to the total metal content of the soil, according to the 
following formula: 

(l/kg)    
]IonMetal[Free

]Metal[Total
 = K

 waterpore

phase solid
p  Equation 3.4 

To obtain insight in metal partitioning in field soils, and to enable derivation of (pragmatic) 
methods for calculating Kp-values, experimental data on in-situ partitioning of 6 metals (Cd, 
Cr, Cu, Ni, Pb, and Zn) were collected in Dutch field soils (De Groot et al. 1998). The total 
metal concentrations in the soil were determined after aqua regia digestion. The free metal ion 
concentrations in pore water were calculated from the total pore water concentrations 
measured by applying the MINTEQ model with the input of measured pore water 
characteristics: pH, DOC, Ca, Mg, Na, K, Fe, Mn, Al, Cl, NO3, SO4 and PO4. In addition, soil 
properties assumed to affect metal partitioning were quantified: soil pH (CaCl2 extraction), 
sequential Loss on Ignition percentages of soil (LOI1 = Temperature up to 550 °C, equals 
percentage of Organic Matter (OM), followed by LOI2 = Temperature up to 1000 °C, equals 
percentage of Carbonates), soil Cation Exchange Capacity (CEC), w/w percentages of clay 
particles (lutum fraction < 2 µm), fine silt particles (between 2 and 38 µm) and the amount of 
Aluminum oxide and Iron oxide (mmol/kg). Multiple linear regression was applied to the set 
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of soil properties (including DOC (mg/L) in pore water) and Kp-values thus derived. As 
carbonate acts as an additional sorption phase in soils with pH-values > 7.5, a distinction was 
made between soils with and without detectable amounts of carbonate present. 
 
The extrapolation from total soil concentration to bioavailable pore water concentration of 
heavy metals proceeds as follows with the model: 

(mg/l)  
(l/kg)K

(mg/kg)]Metal[Total
 = ]IonMetal[Free

p

phase solid
 waterpore =  Equation 3.5 

If no information is available on the carbonate content of the soil or if carbonate is present in 
detectable quantities, the model is applied with the regression coefficients given in Table 3.6. 
If the carbonate content in the soil is not detectable, the model is applied with the regression 
coefficients given in Table 3.7. 

Table 3.6 The quantitative relationship between log-transformed partition coefficients of Cu, Cr, Ni, Cd, Pb, Zn 
(defined as the ratio of the total metal concentration in the solid phase (aqua regia digestion) and the 
free metal ion concentration in the pore water) and soil and pore water characteristics. 

Metal Regression equation obtained Statistics 

Cu log Kp = -1.27 + 0.72 * pH(CaCl2) + 0.92 * log LOI1% - 0.24 * log Silt% r2
adj=0.86, n=46, 

F=93.7, P<0.001 

Cr log Kp = 1.89 + 0.28 * pH(CaCl2) + 0.40 * log Fe-ox r2
adj=0.72, n=46, 

F=59.9, P<0.001 

Ni log Kp = 0.38 + 0.43 * pH(CaCl2) + 0.50 * log Clay% r2
adj=0.87, n=44, 

F=138.3, P<0.001 

Cd log Kp = -1.48 + 0.55 * pH(CaCl2) + 0.58 * log LOI1% + 0.40 * log Al-ox r2
adj=0.87, n=45, 

F=103.0, P<0.001 

Pb log Kp = 0.07 + 0.70 * pH(CaCl2) + 0.56 * log Silt% r2
adj=0.84, n=45, 

F=113.6, P<0.001 

Zn log Kp = -1.04 + 0.55 * pH(CaCl2) + 0.60 * log Clay% + 0.21 * log Al-ox r2
adj=0.87, n=46, 

F=102.9, P<0.001 
 

De Groot et al. (1998) also give regression parameters for calculating the total metal 
concentration in pore water from the total concentration in the soil. If site-specific physico-
chemical pore water characteristics are available in addition, the predicted total metal 
concentration in pore water can be extrapolated to the bioavailable ion concentration in pore 
water by site-specific application of the MINTEQ model. 

Table 3.7 The quantitative relationship between log-transformed partition coefficients of Cu, Cr, Ni, Cd, Pb, Zn 
(defined as the ratio of the total metal concentration in the solid phase (aqua regia digestion) and the 
free metal ion concentration in the pore water) and soil and pore water characteristics for soils that do 
not contain any detectable carbonate. 

Metal Regression equation obtained Statistics 

Cu log Kp = -1.03 + 0.64 * pH(CaCl2) + 0.20 * log Clay% + 0.35 * log Al-ox r2
adj=0.92, n=28, 

F=98.5, P<0.001 

Cr log Kp = 2.46 + 1.03 * log CEC + 0.26 * pH(CaCl2) - 0.85 * log LOI1% r2
adj=0.77, n=28, 

F=31.3, P<0.001 

Ni log Kp = 0.48 + 0.42 * pH(CaCl2) + 0.43 * log Clay% r2
adj=0.88, n=25, 

F=91.8, P<0.001 

Cd log Kp = -0.68 + 0.43 * pH(CaCl2) + 0.28 * log Fe-ox + 0.54 * log Al-ox + 
- 0.64 * log DOC 

r2
adj=0.89, n=26, 

F=50.5, P<0.001 

Pb log Kp = 0.43 + 0.55 * log CEC + 0.61 * pH(CaCl2) 
r2

adj=0.83, n=28, 
F=68.2, P<0.001 

Zn log Kp = 0.94 + 0.36 * pH(CaCl2) + 1.14 * log LOI2% r2
adj=0.836, n=28, 

F=69.7, P<0.001 



Chapter 3 

44 

Sediment. The most widely-used approach to model metal bioavailability in sediments is 
based on the tendency of many toxic metals (Cd, Cu, Pb, Ni, and Zn) to form highly-insoluble 
metal sulfides in the presence of acid-volatile sulfide (AVS). Metals are predicted to be 
unavailable (and sediments non-toxic) if the molar sum of the concentrations of metals is less 
than the molar concentration of AVS (Ankley et al. 1996). 

The Biotic Ligand Model 

The biotic ligand model (BLM) is gaining increased interest in the scientific and regulatory 
communities for predicting and evaluating metal bioavailability and toxicity of metals, 
because it takes into account both metal speciation and interactions at receptor and transport 
sites on the organism –water interface (De Schamphelaere and Janssen 2002). Allen (1999) 
linked existing water chemistry models such as the CHESS model (Santore and Driscoll 
1995) and the WHAM model (Tipping 1994) to ecotoxicological endpoints (e.g., Playle et al. 
1993a, 1993b). The resulting Biotic Ligand Model (Figure 3.3) incorporates chemical 
interactions between dissolved organic ligands (humic acids and fulvic acids) and inorganic 
ligands (Ca++, Mg++), between toxic metal ions and dissolved organic ligands (humic acids 
and fulvic acids) and inorganic ligands (OH-, SO4--, CO3--, Cl-, HCO3-) as well as 
interactions between cations (Ca++, H+, Na+, Cu++) and biological binding sites (biotic 
ligands). This BLM is based on a conceptual model similar to the gill site interaction model 
(GSIM) originally proposed by Pagenkopf (1983) and the free ion activity model (FIAM) as 
described by Campbell (Campbell 1995). The model therefore supports the hypothesis that 
toxicity is not simply related to total or dissolved metal concentration, but that metal 
complexation and interaction at the site of action need to be considered. The BLM has been 
calibrated towards acute ecotoxicity endpoints (L(E)C50) for fish and invertebrates and is 
under revision by the US EPA for integration into the US regulatory framework. To further 
validate this approach in Europe (De Schamphelaere and Janssen 2002), an extensive research 
project has been set up to evaluate the applicability of the BLM not only for acute but also for 
chronic exposures. Acute and chronic models were established and validated in (1) European 
surface waters of varying physico-chemical characteristics; (2) during a multi-species 
mesocosm test set-up and (3) using native organisms collected in European waters. 
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Figure 3.3 Schematic representation of a BLM for zinc and fish. GSIM stands for Gill Surface Interaction 

Model. WHAM V is the fifth version of a chemical equilibrium model for water, sediment, and 
soil of ion-binding by humic substance. 
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A detailed description of the biological, chemical, mathematical and computational aspects of 
the BLM can be found in DiToro et al. (1991) Santore et al. (2001) and De Schamphelaere 
and Janssen (2002). 
 
BLM model application. A BLM for estimating effects of metal exposure in fish and 
Daphnia is publicly available from http://www.hydroqual.com/wr_blm.html. Thermodynamic 
information to describe metal accumulation at the biotic ligand is based on the work of Playle 
and others (Playle et al. 1993a, 1993b, Janes and Playle 1995). Site concentrations and 
binding constants for gill interactions with metals, hydrogen ion, and cations such as calcium, 
magnesium, and sodium provide a functional description of metal accumulation while critical 
biotic ligand concentrations are based on a dose-response relationship of mortality to 
accumulation at the gill (MacRae 1994). BLM predictions for copper and silver toxicity to 
freshwater fish have been compared to results from bioassay studies (Janes and Playle 1995, 
Erickson et al. 1996). For example, Erickson et al. (1996) showed that a wide range in 96-
hour LC50 values resulted from adjustments to the pH, DOC, alkalinity, and hardness 
conditions of the test waters. The BLM was used to predict the effects of copper exposure to 
Fathead Minnow. Input data to the BLM included measured water chemistry (pH, DOC, Ca, 
Mg, Na, K, Cl, SO4, and CO3 concentrations). The BLM predicts the total copper LC50 
values, based on the amount of copper necessary for accumulating lethal biotic ligand 
concentrations as presented in Table 3.8. The predicted LC50 can be compared to the 
measured total concentrations in the field. 

Table 3.8 Example input and output of the BLM model for copper toxicity in fish. 

Input values   Valid range 

 Variable Unit Value Min Max 

 Temperature oC 29 0.01 50 

 pH unit 8.45 5 9 

 Dissolved Organic Carbon mg/L 5.6 0.01 20 

 Humic Acid %  10 0.01 100 

 Total Ca mol/L 0.0020 0.01 100 

 Total Mg mol/L 0.0007 0.01 100 

 Total Na mol/L 0.0033 0.01 100 

 Total K mol/L 0.0002 0.01 100 

 Total SO4 mol/L 0.0015 0.01 100 

 Total Cl mol/L 0.0028 0.01 100 

 Total CO3 mol/L 0.0038 0.01 100 

Output values Unit Value Unit Value 

 LC50 Total Cu mol/L 3.87E-05 µg/L 2456 

 Free Cu mol/L 1.10E-07 µg/L 7.00 

 Active Cu mol/L 6.28E-08 µg/L 3.99 

 Organic Cu mol/L 2.62E-06   

 Total Organic Cu mol/L 1.17E-05   

 Gill-Cu2+ nmol/g wet weight 4.65   

 Gill-CuOH+ nmol/g wet weight 2.68   



Chapter 3 

46 

Equilibrium partitioning models for organic chemicals in water 

One compartment model. Regarding the bioavailability of organic pesticides, a rather 
comprehensive review is available from the Swedish Agricultural University (Widenfalk 
2002). According to Bacci (1994), bioconcentration is the accumulation of freely dissolved 
contaminant in water by aquatic organisms through nondietary routes. In water-only 
exposures, the primary route of uptake of dissolved contaminants in fish is across the gill 
epithelium, but depending on the compound, the species and animal body size, a substantial 
part of the body burden (25-40%) may penetrate across the epidermis (Landrum et al. 1996). 
In many cases, the toxicokinetic behavior of organic contaminants in aquatic organisms can 
be approximated by a first-order, one-compartment model. The degree of bioconcentration at 
steady state, represented by the bioconcentration factor (BCF), depends both on the rate of 
absorption and the rate of elimination: 

BCF= k1/k2=Cb/Cw Equation 3.6 

where k1 is the uptake rate (e.g., ml/h), k2 is the elimination rate constant for the compound 
(e.g. ml/h), Cb is the concentration in the organism at steady state, and Cw is the concentration 
in water at steady state. Using the freely dissolved water concentration and assuming no 
biotransformation, this BCF represents the relative solubility of the compound in water versus 
the organism’s tissue. Biotransformation processes and active elimination can reduce the 
BCF. The steady state condition represents the maximal accumulation that can be attained for 
a given set of exposure conditions (Landrum et al. 1996). However, conditions may change so 
rapidly that steady state may not be attained except under controlled conditions, a problem 
that makes actual bioconcentration difficult to predict. The mechanism of bioconcentration 
from water is comparable to the uptake mechanisms of contaminants from pore water. 
 
Partition coefficients are used to describe the distribution of nonpolar organic compounds 
between water and organisms. It can be viewed as a partitioning process between the aqueous 
phase and the bulk organic matter present in biota (Schwarzenbach et al. 1993). The premise 
behind the use of equilibrium models is that accumulation of compounds is dominated by 
their relative solubility in water and the solid phases, respectively. Equilibrium models, 
therefore, rely on the following assumptions (Landrum et al. 1996); 
• the compounds are not actively biotransformed or degraded, 
• there are no active (energy-requiring) processes dominating the distribution, 
• the conditions are sufficiently stable for a quasi-equilibrium to occur, 
• environmental factors, such as temperature, do not change sufficiently to alter the 

equilibrium conditions and 
• organism and/or organic matter composition is not sufficiently variable to alter the 

distribution. 
 
A commonly used partition coefficient is the 1-octanol/water partition coefficient, Kow, which 
is the ratio of a chemical’s concentration in 1-octanol to its concentration in water at 
equilibrium in a closed system composed of octanol and water (Bacci 1994). The 1-octanol is 
chosen to mimic biological lipids. For organic chemicals, log Kow ranges from –3 to 7. When 
log Kow exceeds 3, substances are considered hydrophobic (Elzerman and Coates 1987). The 
Kow partition coefficient has been extensively used as an estimate of the bioconcentration 
factor (BCF). Under the assumptions of Landrum et al. (1996), together with an estimated 
lipid content of about 5% in biota and an assumed equal affinity of the compound for both 
body fat and octanol, the BCF can be calculated by the use of: BCF=0.048* Kow (Paasivirta 
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1991). This equation can vary depending on the species used. The relationship between log 
Kow and BCF can be viewed by scatter plot analysis (Figure 3.4). These plots show a clear 
relationship for many compounds and over a broad range of log Kow, but there are also several 
discrepancies. In general, there is a good linear relation between log BCF and log Kow for low 
or moderately hydrophobic compounds (log Kow 3-6) but this relation breaks down for 
strongly hydrophobic compounds (log Kow >6) (Hawker and Connell 1986, Landrum et al. 
1996);. Hawker and Connell (1986) argue that the lack of linear relationship for these strongly 
hydrophobic compounds depends on the fact that the time needed to reach equilibrium is 
generally longer than the exposure time. 
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Figure 3.4 Plots of log BCF- versus log Kow -values, showing the lack of linear relationship for very 

hydrophobic compounds. Modified from de Wolf et al. (1992) and Barron (1990). 

The maximal observed value for log BCF is acquired for compounds having a log Kow 
between 5 and 6 (Landrum 1989, Landrum et al. 1996). Recently even a negative linear 
relationship between BSAF (biota-sediment accumulation factor) and log Kow was 
demonstrated for very hydrophobic PCBs (log Kow >6.7) (Maruya and Lee 1998). This 
negative relationship is thought to be due to difficulty of the relatively large molecules to 
penetrate membranes because of diffusion and blood flow rate limitations. In addition, it has 
become evident that 1-octanol is not an ideal solvent for larger molecules (Landrum and 
Fisher 1998). The equilibration model has been criticized for its fundamental assumptions of 
negligible metabolism, lack of steric hindrance, and ignorance of the importance of blood 
flow in controlling uptake, distribution, and elimination. The factor determining uptake of 
some compounds appears to be molecular size, rather than molecular weight, whereas steric 
hindrance might be of importance for the transfer between water and organism (Barron 1990, 
Landrum et al. 1996). One of the freely available models to estimate Kow values is KOWWIN 
from the USEPA. KOWWIN™ has been incorporated into the EPI Suite™ which is available 
at http://www.epa.gov/opptintr/exposure/docs/episuitedl.htm. 
 
For the matrix extrapolation process for non-polar organic compounds in most surface waters, 
the applicability of a first order, single compartment equilibrium model means that the total 
aquatic concentration of the toxicant may be considered as entirely available to the exposed 
organisms, independent of differences in matrix properties. If the dissolved organic carbon 
(DOC) content in the water is low (<30 mg/L) and the organic toxicant under consideration is 
moderately hydrophobic (Kow < 3 to 4), the observed toxicity in laboratory toxicity tests can 
be applied without further correction for bioavailability (see Table 3.9). 
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Table 3.9 Bioavailable fraction of organic toxicants as a function of DOC and Koc. 

 DOC (mg/L) 1 5 10 15 20 25 30 
 Foc,DOC 0.000001 0.000005 0.00001 0.000015 0.00002 0.000025 0.00003 
logKOC Koc Percent available      
-1.21 0.06 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 
-0.21 0.62 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 
0.79 6.17 100.00% 100.00% 99.99% 99.99% 99.99% 99.98% 99.98% 
1.79 61.66 99.99% 99.97% 99.94% 99.91% 99.88% 99.85% 99.82% 
2.79 616.60 99.94% 99.69% 99.39% 99.08% 98.78% 98.48% 98.18% 
3.79 6165.95 99.39% 97.01% 94.19% 91.53% 89.02% 86.64% 84.39% 
4.79 61659.50 94.19% 76.44% 61.86% 51.95% 44.78% 39.35% 35.09% 
5.79 616595.00 61.86% 24.49% 13.95% 9.76% 7.50% 6.09% 5.13% 

 
Toxicant ionization. A complicating factor forms the estimation of bioavailability of more 
polar, dissociating chemicals, like phenols, amines, amides and a variety of modern 
pesticides. Dissociation or ionization is strongly pH dependent. Generally, the non-dissociated 
toxicant has a much higher hydrophobicity than the ionized form. Therefore, the overall 
partitioning is also strongly influenced by pH. The negative log of the acid ionization constant 
(pKa) is defined as the ability of an ionizable group of an organic compound to donate a 
proton (H+) in an aqueous media. The computed quantity is a measure of its apparent pKa, or 
macroscopic dissociation constant, at equilibrium, normally taken at 25°C. The pKa value of 
an organic compound arises from the ionization of either an acid or base, at a specific center 
in the structure. The dissociation (apparent) constants for acid and base are commonly 
expressed as: 
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where the corresponding equilibria are: 
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The pKa of an acid (or protonated base) is simply expressed as: 
pKa = - log (Ka) 
and that for [ H+ ] as 
pH = - log ( [ H+] ) 
 
which together in conjunction with equilibrium expressions above result in the useful 
Henderson-Hasselbach equation: 

pH - pKa = log([ A
-
 ] / [ HA ] ) = log( [B] / [ HB+]) Equation 3.8 

This equation indicates that at a given pH value, the basic form predominates if pKa < pH or 
the reverse if the pKa > pH. This form of the equation is useful when interpreting the pH-
toxicity relationship. The toxicity of a polar compound is given at a particular pH, 
corresponding to a particular ratio of compound dissociation. If the environmental pH 
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deviates from the pH at which the toxicity is determined, a pH correction is necessary to 
predict the appropriate partitioning of the chemical between biota and matrix. As a rule of 
thumb, the ionic form of the chemical has a bioaccumulating capacity (Kow) and thus a 
toxicity that is a factor of 10 lower than the non-dissociated parent compound (USEPA 
2000a). With the aid of the dissociation formulae, a toxicity correction can be calculated: 

• Toxicity (EC50 or NOEC) at any pH is inversely proportional to BCF (a high toxicity 
corresponds to a low EC50) and thus to Kow pH, according to BCF=0.048* Kow 
(Paasivirta 1991). 

Kow pH = Kow non-dissociated *(0.9*non-dissociated fraction + 0.1)  Equation 3.9 

• pH toxicity test = x: The non-dissociated fraction in the toxicity test (fnd,test) is: 
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• pHenvironment = y: The non-dissociated fraction in the environment (fnd,env) is: 
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• A model for estimating the dissociation constant pKa from chemical structure can be 
found at http://www.chemsilico.com/index.html. 

 
As an example, 2,4-Dichlorophenol (24DCP) is an acidic compound with a pKa of 7.68 and a 
Kow nd of 3.06 (Mackay et al. 1997). Consultation of the US EPA Ecotox database reveals a 
chronic reproduction toxicity for Daphnia magna with a NOEC of 210 µg/L at a pH of 7 
(record #: 847). With the aid of the extrapolation technique presented above, the pH 
dependent toxicity is calculated and presented in Figure 3.5. 
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Figure 3.5 Extrapolated pH dependence of Daphnia sensitivity for 2,4-dichlorophenol. The � represents the 

measured toxicity (210 µg/L) at pH = 7. 
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Two or multi-compartment models. To estimate the bioavailability of highly hydrophobic 
chemicals in waters with a high DOC content or a high content of suspended organic matter, 
equilibrium partitioning models with more than only the biological compartment must be 
used. The reason for this is that the organic matrix of the medium competes with the 
organism’s lipids for the relative solubility of the contaminant. By the nature of the dissolved 
organic carbon (DOC) analysis and the analysis of suspended particulate organic carbon 
(POC) in water – chemical or thermal oxidation, followed by detection of CO2 evolution – the 
partitioning has to be related to Koc instead of the Kow. For the type of DOC in surface waters, 
Koc DOC = Kow * 0.62 (or log Koc = log Kow – 0.21 (Karickhoff and Brown 1979, Kenaga and 
Goring 1980). For calculating the sorption to POC, the Model PCKOCWIN is available from 
USEPA. Koc POC estimations are based on the Sabljic molecular connectivity method with 
improved correction factors. Koc POC is the ratio of the amount of chemical adsorbed per unit 
mass of organic carbon in soils, sediments, or sludge to the concentration of the chemical in 
solution at equilibrium. PCKOCWIN™ has been incorporated into the EPI Suite™ which is 
available at http://www.epa.gov/opptintr/exposure/docs/episuitedl.htm. 
 
The fraction of the total dissolved organic toxicant that is available for uptake by biota is 
considered to be freely dissolved in water. This fraction equals: 

POC,ocPOC,ocDOC,ocDOC,oc
free fKfK1

1
f

×+×+
=  Equation 3.12 

where foc,DOC and foc,POC are the w/w fractions of the organic carbon contained in dissolved 
and particulate matter, respectively (5 mg/L = 0.000005). The organic carbon content in 
surface waters ranges from near zero mg/L in alpine lakes to a maximum of 30-35 mg/L in 
murky “brown” or “black” water types, containing a visibly large amount of humic 
substances. Table 3.9 gives the available dissolved organic toxicant fraction for different 
types of water as influenced by DOC and Koc. From this table it can be concluded that only in 
the case of very hydrophobic toxicants should the sorption to DOC be taken into account. The 
bioavailable fraction can be used as an availability correction factor in matrix extrapolation 
for surface water, given that both the total dissolved toxicant concentration and the DOC/POC 
concentrations are quantified, either by measurement or by estimation. 
 
Toxicant ionization. For dissociating ionizable toxicants, the overall Koc (of the non-
dissociated plus the ionized fraction) can again (see section on the single compartment 
organic equilibrium model) be calculated by: Koc = Koc non-dissociated*(0.9*non-dissociated 
fraction + 0.1) (USEPA 2000a), where the non-dissociated fraction is calculated from the pH 
in the water and the pKa of the toxicant. If the toxicity of the freely dissolved toxicant is 
estimated by comparison with experimental toxicity data, the pH-shift in toxicity also has to 
be taken into account. 
 
Aquatox model. The model Aquatox (freely available from USEPA: 
http://www.epa.gov/ost/models/aquatox/) is a general ecological risk assessment model that 
represents the combined environmental fate and effects of conventional pollutants, such as 
nutrients and sediments, and toxic chemicals in aquatic ecosystems. Unlike the steady-state 
models mentioned above, Aquatox is a dynamic model that includes the progress of sub 
processes in time, based on process rate information. It may consider several trophic levels, 
including attached and planktonic algae and submerged aquatic vegetation, invertebrates, and 
forage, bottom-feeding, and game fish; it also represents associated organic toxicants. It can 
be implemented as a simple model (indeed, it has been used to simulate an abiotic flask) or as 
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a truly complex foodweb model. The model has been implemented for streams, small rivers, 
ponds, lakes, and reservoirs. The model is intended to be used to evaluate the likelihood of 
past, present, and future adverse effects from various stressors including potentially toxic 
organic chemicals, nutrients, organic wastes, sediments, and temperature. The stressors may 
be considered individually or together. The fate portion of the model, which is applicable 
especially to organic toxicants, includes: partitioning among organisms, suspended and 
sedimented detritus, suspended and sedimented inorganic material, and water; volatilization; 
hydrolysis; photolysis; ionization; and microbial degradation. In its simplest use, the Aquatox 
model can be applied to calculate matrix related fate and effects extrapolations in the risk 
evaluation process. For its more elaborate applications, e.g. toxicity related aquatic food web 
modeling, the reader is referred to the section on ecological modeling. 
 
In the following example the Aquatox model is run in its simplest form (without biota) for a 
400 m2 and 1 m deep pond with a DOC of 10 mg/L and 1.2 kg/m2 organic matter in the 
sediment layer. On day one, a total amount of 50 µg/L of the insecticide chlorpyrifos is added 
to the water phase of this imaginary water body. The model results are presented in Figure 
3.6. From this graph it is clear that the equilibrium condition is never reached due to 
degradation of the toxicant. Furthermore, it illustrates that even the primary sorption process 
from water to DOC takes a few days. 
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Figure 3.6 Results of an Aquatox model run specifying the fate of chlorpyrifos over time after a one-time 

addition of 50 µg/L of this pesticide to a small pond. 

Naturally, hydrophobic toxicants also tend to adhere to organic substrates in the sediments of 
the water body. This phenomenon will be treated in the following paragraph. 

Equilibrium partitioning models for organic chemicals in soil and sediment 

In soil and sediment, a number of physical, chemical, and biological factors affect the 
bioavailability of organic contaminants. Since many of these determinants may 
simultaneously demonstrate site-specific variation, and since all of them influence toxicant 
uptake in their own right, the exposure and bioavailability of organic contaminants in 
sediment is difficult to predict. The variability in prediction of contaminant accumulation, 
using log Kow, is markedly higher for exposure via solid media than for aqueous exposure 
(Landrum and Fisher 1998). The reason for this is that the organic matrix of the solid medium 
competes even more strongly than water dissolved organics with the organism’s lipids for the 
relative solubility of the contaminant. To overcome this uncertainty in prediction, a two-
compartment model using biota-sediment accumulation factors (BSAF) has been developed. 
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In this model, the lipid-normalized contaminant concentration in the organism is divided by 
the carbon-normalized concentration in the sediment resulting in a BSAF that is independent 
of the compound’s log Kow. The independence of the Kow of the toxicant is only valid 
assuming that body fat and soil/sediment organic matter have equal affinity for the toxicant. 
In their review, Landrum and Fisher (1998) report studies that have quantified BSAF among 
organisms and sediments, in which the variance can exceed 100-fold between the lowest and 
highest values even for the same contaminant. Spacie (1994) showed that equilibration time 
between contaminant and sediment particles increases with increasing log Kow and particle 
size, and may take considerable time in some conditions. Therefore there might probably be a 
lack of true equilibrium or steady state in any experiment, which complicates the 
interpretation of the obtained accumulation factors. Furthermore, bioavailability is not 
necessarily identical for contaminants of similar hydrophobicity throughout the sediment 
(Landrum and Fisher 1998). One explanation for this could be differences in the distribution 
of contaminants among the different types of particles in the sediment (Harkey et al. 1994). 
Several researchers have shown that organic contaminants preferentially sorb to small and 
organic rich particles. For example, Weston et al. (Weston et al. 2000) found that 
benzo[a]pyrene (BaP) concentrations in the fine-grained material (<63 µm) were 5-8 times 
higher than in the bulk sediment. Similarly, Kukkonen and Landrum (1996) demonstrated that 
about 60-70% of the mass of BaP and hexachlorobiphenyl (HCBP) was associated with 
sediment particles in the 63 µm to 31 µm range. The results show that the estimation of 
bioavailability and bioaccumulation of contaminants from sediments is highly complex. The 
relationship between concentration of contaminants in sediment and bioaccumulation is not 
linear even when normalized for organic carbon and lipid, and additional factors are probably 
required to make better predictions. 
 
For calculating the bioavailable fraction of an organic contaminant in soil, essentially the 
same methods apply as for the water compartment. The difference between the water and the 
soil/sediment compartments is mainly caused by the possibly much higher fraction of toxicant 
adsorbing refractory organic material in soil/sediment and by the limited pore water and 
groundwater volume. For peaty soils the organic fraction may be as high as 80% w/w, so that 
the major part of hydrophobic chemicals will be adhered to the soil particles. Since the 
transfer of the toxicant, even in soil, is still considered to be water mediated, the toxicity in 
the soil /sediment matrix will generally be much lower than the toxicity in surface water. By 
the nature of the type of analysis generally applied to generate information on the organic 
content of soil/sediment (fom, fraction weight loss on ignition at a temperature of around 1000 
°C), the organic sorption coefficient (Kom) has to be related to “organic matter” instead of 

“organic carbon”. Based on the average type of organic soil material, the ratio of 
oc

om

K

K
 can be 

fixed to 0.526. For all toxicants, Koc can be calculated using the model PCKOCWIM from 
USEPA. The bioavailable fraction of the organic toxicant, freely dissolved in pore water, can 
be calculated according to the method already specified for the water compartment: 

omom
free fK1

1
f

×+
=  Equation 3.13 

The equation is generalized to include polar compounds by applying the following formula: 
Kom = Kom non-dissociated*(0.9*non-dissociated fraction + 0.1) (USEPA 2000a), where the non-
dissociated fraction is again calculated from the pH in the pore water and the pKa of the 
toxicant (see Section 2.4.1.1) 
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MacKay type multi-compartment model: SimpleBox 

SimpleBox was created as a research tool in environmental risk assessment. SimpleBox is 
implemented in the regulatory EU model EUSES that is used for risk assessment of new and 
existing chemicals. Dedicated SimpleBox 1.0 applications have been used for integrating 
environmental quality criteria for air, water, and soil in The Netherlands. Spreadsheet versions 
of SimpleBox 2.0 are used for multi-media chemical fate modeling by scientists at 
universities and research institutes in various countries. SimpleBox models exposure 
concentrations in the environmental media. In addition to exposure concentrations, 
SimpleBox provides output at the level of toxic pressure on ecosystems by calculating 
Potentially Affected Fractions (PAF) on the basis of Species Sensitivity Distribution (SSD) 
calculus. 
 
SimpleBox is a multi-media mass balance model of the so-called Mackay type. It represents 
the environment as a series of well-mixed boxes of air, water, sediment, soil and vegetation 
(compartments). Calculations start with user-specified emission fluxes into the compartments. 
Inter-media mass transfer fluxes and degradation fluxes are calculated by the model on the 
basis of user-specified mass transfer coefficients and degradation rate constants. The model 
performs a simultaneous mass balance calculation for all the compartments, and produces 
steady-state concentrations in the compartments as output. SimpleBox defines three partially 
nested spatial scales: a regional and continental scale nested in a temperate northern 
hemisphere scale, plus tropical and arctic northern hemisphere scales. Applicability is limited 
to environmental situations where spatial differences in concentrations within compartments 
or boxes are negligible or unimportant. The model is fully described in publicly available 
RIVM-reports (Van de Meent 1993). Advantages and limitations of multi-media fate models 
are described and evaluated in a SETAC publication (Cowan et al. 1995). The most recent 
spreadsheet version (3.0) of SimpleBox is available at no cost from 
HA.den.Hollander@rivm.nl. 
 
Example of SimpleBox use. Measured concentrations are not always available or may even 
be non-existent, as in the case of planned production of new substances. A producer may 
consider marketing a new herbicide that is believed to perform better with respect to 
unwanted side effects (leaching to groundwater, run off to surface water, volatilization and 
subsequent deposition to nearby natural ecosystems). Modeling may then assist decision 
making. 
 
In the example, SimpleBox 3.0 was used to analyze the environmental performance of a 
substitute compound with existing pesticides, with atrazine as reference compound. 
SimpleBox modeled the environmental fate of the agriculturally used pesticides in a generic 
river basin (230,000 km2) where 60% of the land is used for agriculture, 10% is urban, and 
30% is "natural". In the calculations it was assumed that agricultural soil is loaded at a 
constant rate, viz. the average annual pesticide use. Pesticides are eliminated from agricultural 
soil by degradation and transport to other compartments. Steady-state concentrations in air, 
fresh water, coastal seawater, agricultural, and natural soil were calculated for the 47 most 
intensively used active ingredients in the Netherlands. Thereupon, toxic pressures (PAFs) 
were derived from the concentrations in water (dissolved) and soil (pore water), using α- and 
β-parameters of the log-logistic Species Sensitivity Distributions of each compound. Results 
are shown in Table 3.10. Typical use rates run up to 0.16 kg of active ingredient per hectare of 
agricultural land per year (atrazine and substitute 0.12 and 0.1 kg/ha/yr, respectively). 
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Typically 20% of all of this is degraded in the agricultural soil system: 72% for atrazine, and 
98% for the slightly better degradable substitute. Lesser proportions find their way to air, 
surface water and groundwater. Logically, highest pesticide concentrations are predicted in 
agricultural soil; concentrations in the non-target compartments are typically much lower. For 
example, concentrations in seawater are roughly two orders of magnitude lower than 
concentrations in pore water of agricultural soil, both for atrazine and the proposed substitute. 
Atrazine and the substitute primarily differ with regard to the proportion that volatilizes to air 
(atrazine 0.4%, substitute <<0.1%). As a result, a greater concentration difference between 
agricultural soil and natural soil is predicted for the substitute than for atrazine. This is also 
reflected in the calculated toxic pressures on ecosystems. Atrazine and the substitute have 
approximately equal toxicities, and are/will be used in similar quantities. Toxic pressures in 
agricultural soils are comparable, as are the toxic pressures in aquatic ecosystems. However, 
toxic pressures on natural terrestrial ecosystems are predicted to be much lower for the 
proposed substitute. 

Table 3.10 Modeled fate, concentrations and toxic pressures (PAF) of pesticides for a generic river basin. 

 Unit Typical 
pesticide 1) Atrazine Substitute 

Use in agriculture kgai/ha/yr- 0.001 0.16 0.12  0.1  
      
Air-water partition coefficient - 10-10 10-4 10-7 10-7 
Solids-water partition coefficient - 10-1 104 8 100 
Degradation half-life in water d 0.2 40 18 8 
Degradation half-life in soil d 0.3 300 50 40 
α-value aquatic species g/L -7 -2.7 -3.84 -4.5 
β-value aquatic species  0.34 0.75 0.62 0.7 
      
Degradation in agricultural soil % 19 100 72 98 
Uptake from agricultural soil by 
vegetation 

% 0 45 16 0.2 

Run off to surface water % 0 21 6 0.5 
Leaching to groundwater % 0 21 6 0.5 
Volatilization to air % 0 22 0.4 <<0.1 
      
Bulk concentration in agricultural soil g/kgw 4x10-9 2x10-5 1x10-5 1x10-5 
Concentration in pore water 
agricultural soil 

g/L 4x10-11 3x10-5 4x10-6 3x10-7 

Bulk concentration in fresh water g/L 6x10-12 3x10-6 6x10-7 2x10-8 
Concentration dissolved in fresh water g/L 5x10-12 2x10-6 6x10-7 2x10-8 
Bulk concentration in coastal sea water g/L 2x10-13 4x10-7 8x10-8 2x10-9 
Concentration dissolved in coastal sea 
water 

g/L 2x10-13 4x10-7 8x10-8 2x10-9 

Bulk concentration in air g/m3 1x10-16 1x10-9 2x10-12 3x10-14 
Bulk concentration in natural soil g/kgw 8x10-14 2x10-7 8x10-8 3x10-9 
Concentration in pore water natural 
soil 

g/L 4x10-16 1x10-7 3x10-8 8x10-11 

      
Toxic pressure agricultural soil %2) 0 24 7 5  
Toxic pressure fresh water %2) 0 7 2 1  
Toxic pressure coastal sea water %2) 0 2 0.5 0.3 
Toxic pressure natural soil %2) 0 1.4 0.2 0.03 

1) 5th and 95th centile of 47 active ingredients modeled 
2) Percent of species exposed to a concentration higher than their NOEC: Potentially 

Affected Fraction (PAF) 
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Extrapolation tools solely related to species properties 
There are few specific extrapolation methods that attempt to extrapolate species sensitivities 
across media/matrices. The types of inter- (life-cycle models) and intra- (allometric models, 
physiologically based toxicokinetic models, dynamic energy budget models, etc.) species 
extrapolations only marginally deal with the influence of media and matrices. The few 
extrapolations that have been investigated or applied (e.g., predicting marine species 
sensitivity from freshwater species sensitivity) are based purely on empirical correlations 
between sensitivity distributions of selected taxonomic groups in different media and 
matrices. Pastorok et al. (2002), in their book on Ecological Modeling in Risk Assessment, 
deal with inter- and intra- species extrapolations. 

Extrapolation tools related to exposure / fate and species 
sensitivity 
A variety of aquatic and terrestrial ecosystem models have been developed to represent biotic 
and abiotic structures in combination with physical, chemical, biological and ecological 
processes. Several of these may be particularly promising for assessing the risks of toxic 
chemicals to ecological systems. They vary in terms of performance, practical feasibility, the 
resources required for site specific parameter estimation, and the extent to which they have 
been or can be validated. An excellent review of ecosystem models relevant to risk 
assessment, that assesses each model in terms of its realism, relevance, flexibility, treatment 
of uncertainty, degree of development and consistency, ease of estimating parameters, 
regulatory acceptance, credibility and resource efficiency is provided by Pastorok et al. (2002, 
Chapters 9 and 10). These authors also provide equivalent reviews of food web models (that 
describe feeding relationships or predator-prey relationships among all or some species in an 
ecological community; (Pastorok et al. 2002, Chapter 8) and landscape models (that differ 
from ecosystem models in being spatially explicit and in potentially including several types of 
ecosystems; (Pastorok et al. 2002, Chapter 11). 
 
The USEPA Aquatox model (http://www.epa.gov/ost/models/aquatox/) provides a possibility 
to model toxicant effects in a food web consisting of several trophic levels, including attached 
and planktonic algae, submerged aquatic vegetation, several types of invertebrates, and 
several types of fish. It has been implemented for streams, small rivers, ponds, lakes, and 
reservoirs. The fate portion of the model, which is applicable especially to organic toxicants, 
includes: partitioning among organisms, suspended and sedimented detritus, suspended and 
sedimented inorganic material, and water; volatilization; hydrolysis; photolysis; ionization; 
and microbial degradation. The effects portion of the model includes: chronic and acute 
toxicity to the various organisms modeled; and indirect effects such as release of grazing and 
predation pressure, increase in detritus and recycling of nutrients from killed organisms, 
dissolved oxygen decline due to increased decomposition, and loss of food base for animals. 
Aquatox represents the aquatic ecosystem by simulating the changing concentrations (in mg/L 
or g/m3) of organisms, nutrients, chemicals, and sediments in a unit volume of water. As such, 
it differs from population models, which represent the changes in numbers of individuals. As 
O'Neill et al. (1986) stated, ecosystem models and population models are complementary; one 
cannot take the place of the other. Population models excel at modeling individual species at 
risk and modeling fishing pressure and other age/size-specific aspects; but recycling of 
nutrients, the combined fate and effects of toxic chemicals, and other interdependencies in the 
aquatic ecosystem are important aspects that Aquatox represents and that cannot be addressed 
by a population model. 
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As an example of a response-oriented Aquatox analysis, the model was run for a pond that is 
adjacent to a corn field. The customary application pattern for the pyrethroid insecticide 
esfenvalerate to corn has been entered into the model. The model predicts the density of 
diatoms, blue-green algae, detritivore invertebrates, herbivore invertebrates, predatory 
zooplankton and a variety of fish of different sizes. Figure 3.7shows the difference in the 
densities of the groups of organisms with and without the application of the toxicant. Based 
on toxicity data, it is expected that the most sensitive group of species, the herbivore and 
detritivore invertebrates, will suffer the most. However, complete extinction is observed in the 
fish species that are much more resistant to esfenvalerate. Reduction of the herbivore 
community leads to a marked increase in the diatom community. This can only be attributed 
to indirect effects. 
 

 
Figure 3.7 Aquatox model run showing the modeled differences in the density of species with and without the 

normal application pattern of esfenvalerate to a small pond adjacent to a corn field. 

Choosing the extrapolation methods 
An array of extrapolation types for matrix/media extrapolation has been given, with specific 
approaches being dependent on compound-, medium/matrix- and species/ecosystem 
properties. Guidance to provide a systematic orientation in the array of methods is useful 
when considering their practical use in regulatory practice. 
 
Risk assessment schemes are usually designed in a tiered way, allowing choosing methods 
that are simple, cheap and conservative in the lower tiers, and providing methods with higher 
complexity, higher prediction accuracy and reduced conservatism in the higher tiers. Despite 
this common basis, there are no rules of thumb to identify which method for exposure and 
effect assessment should be applied in which tier. Linking extrapolation methods to tiers is a 
matter of choice, with choices being dependent not only on scientific merits but also on the 
(national) regulatory context and the data that are available. Guidance can thus only be given 
by choosing a subjective starting position. 
 
Table 3.11 gives an overview of a possible starting position: generic and simple in the lower 
tier, more specific and complex in higher tiers. 
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Note that the number, variety and type (empirical, mechanistic) of extrapolation approaches 
are higher for the exposure assessment side of the problem. For the effects assessment 
relatively few methods do as yet exist, and many of them have a limited applicability (typical 
compound, typical organism group, et cetera). Note further that, over time, when scientific 
concepts improve and become more operational and when empirical techniques are replaced 
by mechanistic approaches with broader applicability, the tiers may change accordingly. 
 
Given the tiered system, evidently, any step in the exposure- and effects assessment can be 
considered in a deterministic or probabilistic way. This does affect the outcomes of the risk 
assessment, but it does not influence the choice of extrapolation methods as guided by the 
decision tree itself. 
 
With three tiers for both exposure and effects assessment, a decision tree can be designed as 
follows (Figure 3.8). In the decision tree, the assessor is asked to answer a series of questions, 
leading through the tree to the required technique at the appropriate tier in the assessment 
scheme. 
 
 

Table 3.11 Tiers in Media and Matrix extrapolation. 

Tier Characteristics 

Exposure  

1 

Assume all molecules of the compound to be fully available for uptake by biota, 
i.e., use total concentrations of a compound, i.e., do not apply any matrix-media 
extrapolation method to address possible differences in exposure levels between 
laboratory and field conditions 

2 

Assume that the matrix/medium influences the speciation of the compound 
which in turn influences exposure, i.e., assume that the matrix/medium 
determines which proportion of the molecules of the compound is available for 
uptake (the “supply”-side of bioavailability, or physico-chemical availability 
assessment), i.e., apply matrix/media extrapolation methods to address 
differences in exposure levels between laboratory and field conditions 

3 

Assume that not only the matrix/medium (“supply”) influences uptake and 
exposure, but also the biological “demand” in a species-specific way, due to an 
organism’s ecological preferences and behavior and its eco-physiological 
apparatus 

Effects  
1 Assume that the exposed organisms experience a level of stress caused by the 

matrix/medium similar to the level of stress that they encountered in the 
laboratory tests, i.e., do not apply extrapolation methods to address possible 
sensitivity differences between laboratory and field conditions caused by 
additional matrix/medium associated stress factors 

2 Assume that the exposed organisms experience a level of stress caused by the 
matrix/medium dissimilar to the level of stress that they encountered in the 
laboratory tests, i.e., do apply extrapolation methods to address possible 
sensitivity differences between laboratory and field conditions caused by 
additional matrix/medium associated stress factors 

3 As in Tier 2, not further specified due to lack of systematic, broadly applicable 
concepts or approaches 
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There are three levels of questions that can guide users to the available models for matrix and 
media extrapolation, viz. procedure, compound and matrix related questions. 
Regarding procedure, a basic question asks whether the problem is a typical general problem 
that asks for a tiered and efficient approach that starts from generic approaches and ends in 
specific, or a typical site-specific assessment problem. In the latter case, one would start with 
site-specific information in the earliest stages of the assessment. Further, typical procedure 
questions for Matrix and Media extrapolation are whether there is a prescribed procedure to 
be followed (e.g., enforced by the regulatory context), and whether a trigger is defined or to 
be defined to go to a next tier. 
 
Typical questions related to the compound are whether the toxicity data that are available 
match with the situation that is being investigated, both regarding the matching of the test 
matrix and the assessed matrix (physico-chemical processes determining availability), and 
regarding the species that were tested and the typical species for the assessed situation (biotic 
similarity). 
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Figure 3.8 Decision tree for media and matrix extrapolation. 

Typical questions related to the matrix are: 
• What is the medium (water, soil, sediment)? 
• Is there a need for inter media extrapolation? 
• What is the matrix (water type, soil type, sediment type and their physico-chemical 

characteristics)? 
• Is there a need for intra media extrapolation? 
• What properties of the matrix could affect availability (pH, Organic Matter content, et 

cetera?) 
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• In which way do these properties act in a compound dependent way? 
• What properties of the matrix could act as stressors? 
• Is there reason to believe that there are matrix-specific differences in sensitivity? 
 
Typical questions related to the biota are: 
• What is known about the likely route(s) of exposure? 
• Are there behavioral issues that might affect exposure? 
• How well do the species for which toxicity data are available relate to the species for 

which risk is being assessed? 
 
In answering these questions, the risk assessor is guided to the extrapolation methods 
provided in this Chapter. 

Uncertainties 
There are numerous sources of uncertainty and variation in natural systems. These include: 
site characteristics such as water depth and soil type, which may vary from site to site; 
environmental conditions such as water flow, temperature, and light, which may have a 
stochastic component; and critical biotic parameters such as maximum photosynthetic and 
consumption rates, which vary among experiments and representative organisms. In addition, 
there are sources of uncertainty and variation with regard to pollutants, including: pollutant 
loadings from runoff, point sources, and atmospheric deposition, which may vary 
stochastically from day to day and year to year; physico-chemical characteristics such as 
octanol-water partition coefficients and Henry Law constants that cannot be measured easily; 
chemodynamic parameters such as microbial degradation, photolysis, and hydrolysis rates, 
which may be subject to both measurement errors and indeterminate environmental controls. 
 
Increasingly, environmental analysts and decision makers are requiring probabilistic modeling 
approaches so that they can consider the implications of uncertainty in the analyses. The user 
can explore uncertainty by specifying the types of distribution and key statistics for a wide 
selection of input variables to the risk assessment process. Depending on the specific variable 
and the amount of available information, any one of several distributions may be most 
appropriate. A lognormal distribution is the default for environmental and pollutant loadings 
and concentrations. A sequence of increasingly informative distributions should be considered 
for most parameters. If only two values are known and nothing more can be assumed, the two 
values may be used as minimum and maximum values for a uniform distribution; this is often 
used for parameters where only two values are known. If minimal information is available but 
there is reason to accept a particular value as most likely, perhaps based on calibration, then a 
triangular distribution may be most suitable. Note that the minimum and maximum values for 
the distribution are constraints that have zero probability of occurrence. If additional data are 
available indicating both a central tendency and spread of response, such as parameters for 
well-studied processes, then a normal distribution may be most appropriate. 
 
The extrapolation methods related to differences in media and matrices are mainly governed 
by sorption processes. Therefore, uncertainty analysis should try to address toxicant properties 
related to sorption (Kd, Kow, Ka, et cetera) and matrix-specific characterization of sorption 
sites (qualitative and quantitative). Some of the computerized models for exposure and effects 
assessment explicitly include options for treating key variables as probability distributions 
(e.g. Aquatox). 
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In general, the relationship between the concentration of a contaminant in the pore water and 
the total concentration in soil is rather uncertain due to geographical differences and lack of 
knowledge. The following are a few points that can be addressed to improve our ability to 
make reliable availability predictions. 
 
• Organic matter is an important agent in soils for adsorbing metals as well as organic 

contaminants. However, part of the organic matter might be in solution (DOC, Dissolved 
Organic Carbon). As a consequence, sorption onto organic matter might, in some cases, 
increase the total concentration in the pore water and thus mobility of the toxicant. In 
other words, the influence of organic matter is not unequivocal. 

• In many references that describe the relationship between the concentration of a 
contaminant in the pore water and the total concentration in soil, the kind of pore water 
concentration assessed (inclusive or exclusive of organic and inorganic metal complexes) 
is not mentioned. 

• Although many soil organisms are exposed to the freely available metal fraction, other 
organisms show adverse effects due to intake of contaminated soil particles. In the latter 
case, the freely available metal fraction is not the right key parameter for assessing 
ecotoxicological effects. 

• In general, the relationship between the concentration of a contaminant in the pore water 
and the total concentration in soil varies with soil depth due to variation in soil 
characteristics. Because soil samples in most experiments are taken in the upper soil layer, 
where at least the organic matter content is relatively high, the calculated available 
fraction of contaminants generally underestimate the actual average available fraction of 
contaminants for the whole unsaturated soil profile. 

• The best experimental set-up to derive the relationship between the concentration of a 
contaminant in the pore water and the total concentration in soil is under discussion. Field 
experiments, especially those with in situ contaminated soils, match better with 
contaminated sites evaluation. Time-dependent influences like pore-water content could 
show a large variation in the pore-water concentration with time. Laboratory experiments 
suffer from lack of reality when spiked soils, sometimes containing high metal 
concentrations, are used. 

 

Conclusions 

Short overview of what is available in media and matrix 
extrapolation 
Media and matrix extrapolation is mainly concerned with bioavailability and fate of toxic 
substances. To a large extent, the properties of the matrix in combination with the properties 
of the toxicant determine the uptake of a toxicant by the biota, and thus the consequential 
effects. A large difference can be observed between the methods available for calculating 
matrix interference with organic and inorganic toxicants. Organic compounds are considered 
to follow the rules of equilibrium partitioning between the large-molecule organic constituents 
of the matrix and the lipid content of the exposed organisms. A number of computer operated 
models are available for predicting equilibrium partitioning exposure. The required input for 
those models (partitioning coefficients or fugacities and proportions of partitioning 
compartments) are, in general, easily available. For inorganic toxicants, mainly heavy metals, 
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speciation is considered to govern availability. In the water compartment, metal speciation 
can be tackled in a mechanistic way. A large number of computer programs are available to 
calculate the proportion of the metal species capable of entering the exposed organisms. The 
input to those calculations requires a quantification of a number of water chemical variables 
(pH, hardness, DOC, et cetera). For the soil and sediment compartments, the bioavailable 
fraction of the metals is, in general, empirically related to a number of soil and sediment 
characteristics (pH, cathion exchange capacity, calcium content and such). 
Different media and matrices may also be characterized by species that have an intrinsic 
susceptibility that is different for the toxicants they are exposed to. However, knowledge on 
this aspect is scarce and it is seldomly evaluated on a site by site basis. 

Levels of complexity recognized 
In media and matrix evaluation, three general levels of complexity can be recognized. The 
most simple approach assumes that all toxicants are completely available to be taken up by 
the biota. In this case, no extrapolation is required. A slightly more complicated step in the 
extrapolation process requires the calculation of bioavailable fractions of toxicants. The 
highest level of complexity additionally includes the action of physiological processes to the 
expression of the results. 

Areas lacking information 
Bioavailability of metals in soil and sediments is a topic that requires strengthening from a 
scientific point of view. Chemical speciation models for metals in soil and sediment are in the 
process of being developed. Media and matrix related differences in intrinsic sensitivity of 
species is a topic that deserves to be studied. 

The level of verification 
Bioavailability considerations for both toxic metals and organic chemicals are either based on 
sound knowledge on chemical processes or on pure empirism. Both lines are extensively 
verified. 

Regulatory use of media and matrix extrapolation 
In the US as well as in Europe, the use of matrix extrapolation techniques for estimating the 
bioavailability of toxicants is officially encouraged. An example is the Ohio EPA (Ohio EPA 
1996) recommendation to use hardness corrected water quality criteria for heavy metals. The 
EUSES (Jager 2003) computer program of the EU for predicting the risk of new compounds 
to be released into the environment, corrects for partitioning processes in the calculation for 
all types of effects. 
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4 Complex mixture toxicity for single and multiple 
species: proposed methodologies 

De Zwart, D., and Posthuma, L. 2005. Complex mixture toxicity for single and multiple species: 
proposed methodologies. Environmental Toxicology and Chemistry: Accepted March 2005. 

Introduction 
Most ecotoxicological studies focus on exposure and effects of single compounds (Yang 
1994). However, organisms in a polluted environment are generally exposed to many 
pollutants (e.g., EEA 2003). With the exception of effect-based diagnostic bioassay 
interpretation (e.g., Whole Effluent Toxicity, WET), most regulatory methods for the 
management of chemical compounds are based on single-substance risk evaluations, in 
combination with some basic toxicological models to predict the joint effect of chemical 
mixtures on single species (e.g., Bliss 1939, Plackett and Hewlett 1952, Vouk et al. 1987, e.g., 
Yang 1994, Henschler et al. 1996). These models have been rigorously tested (e.g., 
Könemann 1981, Hermens and Leeuwangh 1982, Hermens et al. 1984, Hermens et al. 1985) 
and are found to be reliable for mixture studies testing high doses of a few constituents. Most 
real world environmental exposures are to low doses and to a more complex range of 
chemicals (Chapin 2004, Teuschler et al. 2004). The extrapolation from single species 
mixture toxicity to in situ risk for an assemblage of species exposed to a mixture of pollutants 
adds complexity. The nature of the chemicals in the mixture, the variability of exposure routes 
and the ranges of sensitivities of the receptor organisms are all crucial factors that determine 
the type and intensity of responses. The theoretical developments for multiple species risk 
assessment are weak, and the collection of experimental data lags far behind. Nonetheless, 
methods to evaluate the combined risk of multiple chemical exposure to multi-species 
systems are urgently needed, given the common occurrence of complex mixtures in the 
environment. For example, in the Netherlands more than 375,000 terrestrial sites are listed to 
be contaminated by variable mixtures of toxicants beyond the negligible risk level 
(VROM/RIVM 2004). Likewise, decisions need to be made on handling nearly 400 million 
m3 of Dutch multiple contaminated sediments to be dredged in the next decennium (AKWA 
2001). Validated methods for mixture risk assessment might be beyond current reach. At 
least, a relative ranking of contaminated sites and of the most affected group of species, as 
well as identification of the most hazardous compounds are all important for informed 
management decisions. 
 
This paper aims to 1) review current conceptual approaches of mixture toxicity evaluation for 
single species, and to 2) review existing technical procedures for mixture risk calculation, in 
order to 3) explore, discuss and define technical procedures for estimating the risks of 
complex toxicant mixtures for multi-species biological systems, and to 4) explore limitations, 
technical feasibility (input data) and options for validation. 

Single species effect prediction for toxicant mixtures 

Concepts and limitations 
Methods to assess the joint action of components in a mixture of toxicants are largely based 
on the conceptual groundwork laid by Bliss (1939), and are mathematical rather than 
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biological in nature. Plackett and Hewlett (1952) expanded Bliss’s scheme with the possible 
types of interactions that can occur between chemical components of mixtures (Table 4.1). 

Table 4.1 The four possible types of joint action for mixtures as defined by Plackett and Hewlett (1952). 

 Similar Joint Action Dissimilar Joint Action 

Non-Interactive Simple similar action 
(concentration addition) 

Independent joint action 
(response addition) 

Interactive Complex similar action Dependent joint action 

 
For the non-interactive or independent types of joint action it is assumed that the chemicals in 
the mixture do not affect the toxicity of one another. Two different models are available, 
depending on the toxic modes of action (TMoA) of the chemicals in the mixture. The 
modeling approach commonly known as concentration addition (CA) relates to simple similar 
action (SSA), and concerns mixtures of chemicals with the same TMoA. The modeling 
approach called response addition (RA) is related to independent joint action (IJA) and is used 
to predict the combined effect of toxicants with dissimilar TMoA. No models other than 
empirical observations are available for the prediction of interactive joint action (either for 
similar or dissimilar TMoA), where the constituents of the mixture influence each other in the 
expression of their toxicity. 
 
The models of CA and RA are commonly used for the analysis of experimental data, to 
provide a succinct summary of extensive and complex bodies of test data in terms of assumed 
mechanistic actions. When a model is considered appropriate for a mixture, it can serve for 
predictive purposes (like formulating a null-hypothesis for an experiment), or for risk 
assessment. 
 
In single species risk prediction for individual toxicants and toxicant mixtures, the effect is 
expressed as the proportion of an exposed population that is likely to be somehow affected by 
toxic action (quantal responses), or as reduction in performance parameters such as growth, 
clutch size and juvenile period (continuous responses). Both SSA and IJA are commonly 
applied for both response types. 
 
Limitations mentioned by Plackett and Hewlett (1952) have however gone unnoticed by 
followers of the mechanistic school of mixture toxicity (see Review of mixture toxicity 
evaluations). Three main limitations are identified: 
 
First, the four options of Plackett and Hewlett (1952) (Table 4.1) can only be distinct for 
binary mixtures. However, mixtures are usually not binary. Mixtures occurring in the 
environment may be more complex in the sense that they both contain groups of compounds 
that share the same TMoA and groups of compounds with different TMoA. Only recently, 
experimenters and theory developers have started to investigate how the conceptual mixed 
models for this should be formulated (Ankley and Mount 1996, Vighi et al. 2003), but they 
did not provide a protocol for the mathematical analysis of experimental data for such 
complex mixtures. 
 
Second, the four identified mechanisms presented in Table 4.1 relate to two levels of 
interaction at the molecular level: chemical – biological receptor interactions on the horizontal 
axis, and chemical – chemical interactions on the vertical axis. Applied in mixture 
ecotoxicology, these options are most often interpreted as being the only four distinguishable, 
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clearly separate mechanisms. The opposite may be true: the responses in ecotoxicological 
whole organism studies are often the outcome of an array of interactions of compounds in 
various organs and tissues within individual organisms. The work of Ashford (1981) 
developed in the framework of human pharmacology suggests an extension due to the effects 
of factors modulating exposure and of factors that eventually determine the measured 
response. Ashford proposed to study subsystems within the study entities (see Figure 4.1 and 
Table 4.2). This approach implies that a set of mathematical formulae should be envisaged, 
based on the number of components in the mixture, the number of subsystems and the number 
of sites of action. In Figure 4.1 the External Stimuli are the exposure concentrations outside 
the organism. The Effective Stimuli (ES) are the concentrations that enter the tissues. The 
Operational Stimuli (OS) are the concentrations at particular target sites of action (Ti). The 
stimuli ES and OS depend on internal distribution processes amongst tissues, and OS needs 
not be the same at all sites of action in different tissues. A receptor Rj can be present in one 
system Sk, or in more systems. The action can be a toxic interaction, where the compounds in 
the operational stimulus and the receptors are fully complementary (full stimulus-receptor 
(S/R) match; function fully inhibited) or a partial interaction, whereby the stimulus does 
inhibit the normal function, but not fully. Compounds may affect different subsystems Sk, 
with different combinations of Rj. The figure shows critical endpoints being mechanistic 
effects at target sites of toxic action in exposed subsystems and overall effects at the level of 
the organism (e.g., on mortality and reproduction rates). The latter effects are studied in 
ecotoxicology, the former in pharmacology. The final toxic effect, as observed in altered 
mortality, reproduction or growth rates, is the net effect of all subsystem-level effects, 
including their interactions. 
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Figure 4.1 Imaginary scheme of a general concept on the joint action of chemical compounds (Ashford 1981), 

adapted to describe ecotoxicological effects at the single-species whole organism level. Ashford’s 
External Stimulus is the mixture, e.g., of an organic compound and a metal-containing compound. 
Ti is the concentration at target site i. Rj is a receptor for toxicant j. Sk is physiological subsystem 
k. The arrows of variable thickness leading to mortality and reproduction are indicating the relative 
contribution of underlying processes to the overall effects studied in ecotoxicology. 
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Table 4.2. The six possible combination mechanisms for the joint action of toxicants, as defined by Ashford 
(1981). 

 Correspondence with components of the stimulus 
(compounds in the mixture) 

 None Some All 

Common sites of action 
(Similarity) 

Dissimilar 
(and noninteractive) Partially similar Similar 

Common subsystems 
(Dependence) 

Independent 
(and noninteractive) Partially dependent Fully dependent 

 
Thus, an organism can be seen as a collection of identifiable subsystems with similar 
toxicological characteristics, such as the cardio-vascular system, the nervous system, et cetera. 
Each subsystem may have various active sites for the toxic action of compounds. Within these 
subsystems the four-concept table may be mechanistically appropriate to consider: a mixture 
may act according to any of the four types of interaction. However, between subsystems, the 
same mixture is likely to cause quantitatively different responses. Since an organism is 
composed of an array of subsystems, the outcome of a mixture study with compounds with 
distinctly different TMoA on reproduction effects may demonstrate a response that is 
numerically similar to simple similar action, while the underlying responses in all subsystems 
(e.g., endocrine, energetic and metabolic systems) will certainly mechanistically differ from 
simple similar action. To our opinion, the concept of Ashford (1981) implies the existence of 
a third interaction level (next to toxicological and chemical interactions), namely: within-
organism interactions between organ systems that are involved in shaping the net effect on 
integrative endpoints (like reproduction). Furthermore, Ashford clearly identified the 
possibility that the external stimulus is not the same as ES and OS, which identifies the 
additional need to address exposure interactions. 
 
The third issue is associated to the complexity introduced by Ashford (1981). Often an over-
interpretation of the experimental results can be observed. Many authors declare that 
compound mixtures act concentration- or response additively, where they only showed that 
the results were numerically similar to predictions from either of the two models. Rarely do 
ecotoxicological studies show the mechanistic phenomena that occur at the target site of 
intoxication. To our opinion, this implies that results of studies should be given in terms of 
“the response is similar to CA” or “the response is less than expected from CA” rather than 
the mechanistic terms “operates according to SSA” and “antagonistic”, respectively. 
 

Review of mixture toxicity evaluations 
 
Recently, a very elaborate review of methods for mixture toxicity evaluation was produced by 
Warne (2003), addressing most of the following examples. 
 
In the vast majority of aquatic mixture toxicity studies, the toxicity of a mixture is compared 
only to the toxicity predicted by CA, irrespective of the TMoA of the mixture constituents 
(EIFAC 1980, Könemann 1981, Hermens et al. 1985, Wang 1987, Deneer et al. 1988, Faust et 
al. 1994, Altenburger et al. 1996, Ross and Warne 1997, Deneer 2000, ECETOC 2001a). In 
summary, approximately 70% of the mixtures acted according to the CA model; 10-15% 
showed lower effects than expected under the CA model (antagonistic toxicity) and 10-15% 
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showed more toxicity than predicted under CA (synergistic toxicity). Only 5% of the mixtures 
demonstrated a level of toxicity that differed from a CA-based prediction by a factor greater 
than 2.5, and 1% of mixtures had toxicity values that differed by more than a factor of 5. 
 
The earliest mixture toxicity review (EIFAC 1980) concluded that concentrations of 
chemicals below 0.2 Toxic Units (TU, concentration expressed relative to toxic criterion 
concentration) did not contribute to the toxicity of the mixture. This has been contradicted by 
a series of papers originating from the Netherlands (Könemann 1981, Hermens et al. 1985, 
Deneer et al. 1988), showing that equitoxic mixtures containing 8, 9, 11, 24, 33 and 50 
organic chemicals with likely the same TMoA were reacting according to the CA model. 
Altenburger et al. (2000) and Faust et al. (2001) clearly demonstrated that the toxicity of 
complex mixtures with assumed similarly acting chemicals tested with luminescent bacteria 
and algae, is highly predictable with the CA model. 
 
Using the same toxicity tests with complex mixtures of purely assumed dissimilarly acting 
chemicals, Backhaus et al. (2000b) and Faust et al. (2003) showed that the RA model 
produced the best prediction. They found that CA underestimated the median effective 
concentration (EC50) (i.e., overestimated toxicity) of these mixtures by a factor of less than 
three. 
 
From the recent studies that compared CA and RA, it is concluded that assumed mechanisms 
of action are apparently applicable to select the likely best predicting mixture extrapolation 
model, even though exact mechanisms of toxic action are not entirely known. 

Modeling concepts and protocols for single species 

Attribution of toxic mode of action 
In view of best applicable model selection, it is clear that predictive ecotoxicological effect 
assessment of mixtures strongly relies on the correct assignment of the modes of toxic action 
of chemicals in relation to the (multiple) receptors found in the organism studied. Neutral 
hydrophobic organic compounds are believed to act by a similar, non-specific toxic mode of 
action (often called non-polar narcosis, minimum toxicity, partial toxicity or baseline toxicity) 
that every hydrophobic compound can exert, but that can be masked by other, more specific 
toxic effects (Könemann 1981). In other words, almost every hydrophobic chemical at least 
exerts a narcotic, non-specific toxicity that contributes to the joint toxicity of mixtures, and 
this is often referred to as baseline toxicity (Verhaar et al. 1992). All species are supposed to 
respond to aspecific non-polar narcosis that occurs as a consequence of membrane disruptive 
processes. 
 
The group of unspecific reactive chemicals comprises a large set of structurally diverse 
substances with a broad range of toxicities, and these chemicals may have different molecular 
receptors. A large variety of substances for the control of agricultural pests and human 
infectious diseases has been introduced. The purpose of pesticide and antibiotic application is 
evidently to eradicate specific nuisance species. Therefore, these substances are highly 
specific in their TMoA. 
 
Organisms are most sensitive to a chemical when the primary target receptor is present and 
reached upon exposure. Due to lack of an appropriate receptor in bacteria or autotrophic 
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organisms, the toxic mode of action of neurotoxicants, such as organo-phospate esters, may 
correspond to non-polar narcosis in these non-target species. The same may hold for the toxic 
mode of action exerted by photosynthesis inhibitors in heterotrophic organisms. 
 

Table 4.3 The most frequently assigned toxic modes of action (TMoA), with examples of associated 
chemicals and sensitive type of aquatic organisms (De Zwart 2002). 

TMoA Chemical group (examples) Most sensitive aquatic taxa 
Non polar narcosis1) Non-substituted aliphatic and aromatic 

organics 
Not specific 

Polar narcosis1) Phenols, amines Not specific 
Acetylcholinesterase 
(AChE) inhibition: organo-
phosphates1) 

Azinphos, chlorpyrifos Insects, crustaceans 

Multi-site inhibition Organo-tin compounds Mollusks, annelids 
Uncoupler of oxidative 
phosphorylation1) 

Chlorophenols, chloroanilines Not specific 

Photosynthesis inhibitor Triazines, urea herbicides Algae, macrophytes 
Plant growth regulator Propachlor, dicamba Macrophytes 
Acetylcholinesterase 
(AChE) inhibition: 
carbamates1) 

Aldicarb, pirimicarb. Carbaryl Insects, crustaceans 

Plant growth inhibitor 24D, MCPA Macrophytes 
Pyrethroids Deltamethrin Insects, crustaceans 
Reactive dinitro group Dinitrobenzene, dinitrotoluene Not specific 
Ergosterol synthesis 
inhibitor 

Conazoles Fungi 

Systemic fungicide Furalaxyl, Guazatine Fungi 
Neurotoxicant: cyclodiene-
type 

Lindane, endosulfan Insects, Crustaceans 

Alkylation or arylation 
reaction 

Nitrosoamines Not specific 

Amino acid synthesis 
inhibitor 

Meturones Not specific 

Diesters 1,2-Benzenedicarboxylic acid-Dibutyl 
ester 

Not specific 

Dithiocarbamates Dimethyldithiocarbamate Fungi 
Cell division inhibitor Asulam, diallate, triallate Not specific 
Reactions with carbonyl 
compounds 

Aldehydes Not specific 

1) Toxic modes of action identified by ASTER (Russom et al. 1997) 

 
For many compounds we retrieved information on their primary target toxic mode of action 
(De Zwart 2002). Initially, the TMoA indication strongly relied upon prediction by the 
“assessment tools for the evaluation of risk” (ASTER) an expert system designed by the U.S. 
EPA (Russom et al. 1997). The ASTER method distinguishes 8 different not highly specific 
TMoA with the aid of a quantitative structure activity relationship (QSAR) and an effect-
oriented expert system  (non-polar, polar and ester narcosis, oxidative phosphorylation 
uncoupling, respiratory inhibition, electrophile reactivity, acetylcholinesterase (AChE) 
inhibition, and central nervous system (CNS) seizure). However, if none of the specific modes 
of action can be properly attributed, the expert system defaults to an indication of “non polar 
narcosis” (NP). The obvious presence of such incorrect NP indications and the known 
diversity of pesticide TMoA made it necessary to add other sources of data on TMoA. The 
information contained in the Agrochemicals Handbook (Royal Society of Chemistry 1994) 
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and the Pesticide Manual (Tomlin 1997) was used to extend the number of TMoA to 68. 
Another great web-resource for getting information on the specific TMoA of pesticides is: 
http://www.alanwood.net/pesticides/. Based on the chemicals represented in our toxicity 
database (De Zwart 2002), the most frequently assigned TMoA are given in Table 4.3. 

The funnel hypothesis for CA in complex mixtures 
Warne (Warne 1991) observed that mixtures containing less than five compounds had highly 
variable toxicities as compared to CA. Complex mixtures with more than ten compounds 
generally exhibited a toxicity level well-predicted by the CA model. Warne and Hawker 
(Warne and Hawker 1995) proposed an explanation for this observation. All chemicals, 
regardless of whether they have a specific mode of action also exert a non-specific toxic effect 
(baseline toxicity, Verhaar et al. 1992). The observed phenomenon can be explained if there 
would be threshold concentrations below which the specific modes of action would not occur 
and above which they do. At the concentrations leading to acute toxicity, the toxicity will be 
predominantly due to the specific mode of action. At the low concentrations that occur in 
environmental mixtures, the relative contribution of the specific mode of action decreases 
while that of the non-specific mode remains. The “Funnel hypothesis1” (Warne and Hawker 
1995) states that as the number of components in mixtures increases there is an increased 
tendency for the toxicity to act similar to CA. 

The concepts of Simple Similar Action and Concentration 
Addition 
Simple similar (joint) action (SSA) assumes that the components of a mixture behave as 
concentrations or dilutions of one another, differing only in their potencies (Bliss 1939). The 
response to the mixture can be predicted by the CA model, which implies summing the 
concentrations of the components after adjusting for the differences in potencies. 
 
In ideal cases, the concentration-response curves of the compounds in the mixture are parallel 
(i.e., the regression lines of probits on log concentrations are parallel), and tolerance or 
susceptibility to the components is completely positively correlated (the organisms most 
susceptible to chemical A also will be most susceptible to chemical B). It has been suggested 
that the requirement for parallel dose-response curves and complete correlation of tolerances 
may be too stringent (Plackett and Hewlett 1952), and that in the low-concentration region in 
which the response is approximately linear, CA may hold for all independently acting 
chemicals (Svendsgaard and Hertzberg 1994). 
 
Due to its conceptual and numerical ease of application, CA is the modeling technique that 
has been most commonly used as null hypothesis in the assessment of mixture responses to 
known components. The model is usually applied to characterize the responses observed in 
single-species toxicity experiments in which the response to several compounds with assumed 
same modes of action is considered. 
 

                                                 
1 The name choice of the “funnel-hypothesis” of Warne and Hawker is a little odd, as several hypotheses with 
the same name exist. For instance, it should not be confused with either the original funnel hypothesis Darwin 
wrote to describe visual mimicry, or the respiratory funnel hypothesis widely used in entomology or even the 
coronal funnel hypothesis in astrophysics and magnetical geophysics. 
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The concept of CA has first been applied to analyze the response of toxicant mixtures for 
which only baseline toxicity was to be expected. Provided that the modes of action are 
characterized on a molecular mechanistic level, little conceptual objection can be found 
against using this model for modes of action other than baseline toxicity, i.e. for compound 
groups with specific target toxicity like organo-phosphorous (OP)-insecticides. 

Protocol for the CA model 

The joint effect of compound mixtures that have the same toxic mode of action and that show 
no toxicological interactions can be calculated using the CA model (Plackett and Hewlett 
1952). Several CA-related methods to assess effects have been relatively well developed 
(Gentile et al. 1999). CA implies that the contribution of the individual toxicants to the overall 
effect can be added in the form of toxic units (TU) (Sprague and Ramsay 1965). 
 
CA of a mixture can be described by the equation (Könemann and Pieters 1996) 

( ) ( ) ( ) ( ) LL+++= ∑ BD/BdAD/AdTU ,  Equation 4.1 

where d(A), d(B)... is the actual exposure concentrations of the compounds A and B..., D(A), 
D(B)... is the exposure concentrations of A and B... that cause a standard response such as an 
median lethal or effective concentration (LC50 or EC50) or a no-observed-effect-
concentration (NOEC). TU is expressed as dimensionless Toxic Units. The individual terms 
d(A)/D(A) and d(B)/D(B) are called toxic equivalence quotients (TEQ). 
 
CA implies that the standard response is expected to occur at TU = 1. Because no 
concentration threshold exists for CA, the concept predicts that a response may occur when 
organisms are exposed to a mixture of compounds where each of the constituents separately 
would not induce any effect. This is an important implication, as ecosystems often experience 
mixtures of chemicals at low concentrations. 
 
The TU or TEQ approach for the CA model suffers from a serious drawback. The method is 
based on point-estimate assessments taken from the whole of the concentration-effect 
relationship, because the standard response is often set at the LC50, the EC50 or the NOEC. If 
the slopes of the concentration-response relationship for all compounds in the mixture is not 
considered, there is no way to determine how far away a TEQ value is from the effect of 
concern (Solomon and Takacs 2002). 
 
An improvement would be to use whole concentration-response functions for CA modeling, 
which is possible when adequate effect information for the individual components of a 
mixture is available. This can be done in a probabilistic way by applying the following 
protocol, provided that the compounds share the same TMoA. 
 
For the individual components of the mixture, estimate both slope and EC50 by fitting a log-
linear regression model (or another appropriate continuous model, usually for sigmoid 
concentration-response data) to the range of concentrations and effects observed in 
standardized single species – single substance toxicity experiments. Within possible models, 
log-linear models comprise either logistic regression for a qualitative response (proportion of 
organisms affected) or probit regression for a quantitative response (proportion of functional 
decline). In practical terms, probit models come to the same conclusions as logistic 
regression, but have the drawback that probit coefficients are more difficult to interpret (there 



 Mixture toxicity 

 71 

is no equivalent to logistic regression's odds ratios as effect sizes in probit). Both the 
cumulative standard normal curve used by probit as a transform and the logistic (log odds) 
curve used in logistic regression display an S-shape. Though the probit curve is slightly 
steeper, differences are small. The formula for the logistic regression is: 

 ( ) )EClogc(log
1

P1

P
lnPLogit 50−

β
=

−
=  Equation 4.2 

And for the probit regression: 

 ( ) ( )50EClogclog
1

5PProbit −
σ

+= , Equation 4.3 

where P is the probability (or proportion) of effect, c is the concentration that is supposed to 
cause this effect, and β and σ (standard deviation) are the respective slope coefficients of the 

regression. The ratio of σ over β is a constant: 81.1
3

=π=
β
σ

. Probit values can be obtained 

from a probit table, or by applying the Microsoft Excel function NORMINV(P,5,1). 
 
Test whether the slopes of the concentration response curves are about equal. We suggest a 
maximum deviation of ± 10%, otherwise the compounds with outlying slopes should be 
attributed to a different TMoA, and their risk should be addressed by the RA model. 
 
Calculate the toxic strength of the mixture as cumulated TU, based on the concentrations and 
the estimated EC50 values for the individual components (as described with the TU or TEQ 
approach). 
 
Calculate the combined effect according to CA. To calculate the combined proportion of 
effect (P) in a log-logistic manner, substitute TU and the average of β in: 

 
β

−
+

=
TUlog

e1

1
P  Equation 4.4 

For the log-probit evaluation there is no analytical solution, other than for instance to apply 
the Microsoft Excel function, ( )( )1,Average,0log(TU),NORMDISTP σ= , that is providing 
the cumulative density function (CDF) of the normal distribution by Taylor series 
approximation (Hastings 1955). 

 
Using this protocol, the effect level to be expected from any environmental, realistic mixture 
can be predicted from combining single-species/single-compound effect data with the CA-
approach. 
 
While the TU or TEQ and the probabilistic approaches are useful in estimating the potency of 
different mixtures to a single species using CA, they must be used with caution when 
extrapolating from one species to another (Compton and Sigal 1999). Species may not 
respond to the set of toxicants in the same way (Parrott et al. 1995), which would invalidate 
the use of the same TEQs or concentration response curves across species or species groups. 
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The concepts of Independent Joint Action and Response 
Addition 
Independent joint action (IA or IJA), also known as simple independent action (Bliss 1939), 
assumes that the chemicals act independently and by different modes of action. The tolerance 
(or susceptibility) of organisms to one component may or may not be correlated with 
tolerance to another. Although, the correlation coefficients (r) of organism tolerance to 
individual constituents of the mixture are theoretically in a continuous range between -1 and 
+1 (including zero), the concept of RA has only been worked out for three distinct cases. In a 
binary mixture, the organisms most susceptible to chemical A may also be most susceptible to 
chemical B (complete positive correlation indicated by r = +1) or may be least susceptible to 
chemical B (complete negative correlation indicated by r = -1), or the susceptibilities to the 
two chemicals may be statistically independent (r = 0). The response to the mixture can be 
predicted from the responses to the separate components and the correlation of tolerances. RA 
is usually applied to characterize the responses observed in single-species toxicity tests for 
chemicals with assumed dissimilar modes of action. 

Protocol for the RA model 

The combination effect for binary mixtures of compounds with different modes of action is 
calculated fully analogous to the general probability calculus laws derived for any pair of non-
excluding processes (Hewlett and Plackett 1979). In the two-compound case, this yields 

 )BA(P)B(P)A(P)BA(P ∩−+=∪ , Equation 4.5 

when a species is affected by compound A and/or B. Regarding the last term of this equation 
there are various theoretical possibilities, yielding three extreme specific cases. The form of 
RA will be different depending on the correlation of susceptibility to the components of the 
mixture. 
 
If the organisms most sensitive to chemical A are also most sensitive to chemical B, 
susceptibilities to chemicals 1 and 2 are completely and positively correlated. The correlation 
coefficient r is equal to one. The expected response P to the mixture of chemicals A and B at 
concentrations that individually produce responses P(A) and P(B) is equivalent to that for the 
chemical with the highest response. Thus: 

 )B(Pand)A(Poflowest)BA(P =∩  Equation 4.6 

If P(A) and P(B) are equal, the expected response obviously is P(A) = P(B). This type of RA 
can be applied to the assessment of mixtures where each component in the mixture acts on a 
different physiological or biochemical subsystem and produces different effects. This method 
can easily be extended to mixtures with more than two components. If the susceptibility of the 
organisms to all possible pairs of components in a more complex mixture is fully positively 
correlated, the overall effect stays equal to that of the component with the highest response. 
This type of RA is likely less applicable to ecotoxicity evaluation, where the endpoint (e.g., 
mortality, reproduction or growth) integrates a set of physiological or biochemical subsystem-
level effects (c.f., Ashford 1981). 
 
If the organisms most sensitive to chemical A are least sensitive to chemical B and vice versa, 
susceptibilities to chemicals 1 and 2 are completely and negatively correlated. Under this 
circumstance, the predicted response to the mixture would be simply effect additive as long as 
the total of the responses to chemicals A and B was less than unity. 
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 1)B(P)A(PAnd0)BA(P ≤+=∩ ) Equation 4.7 

This type of RA occurs when each component in the mixture acts on a different physiological 
or biochemical system but contributes to a common response (Anderson and Weber 1975). 
This type of joint action is often referred to as RA sensu strictu because the total toxicity of 
the mixture is equal to the sum of the biological responses elicited by each chemical 
individually. It is conceptually impossible to extend this type of RA prediction to mixtures 
with more than two components. This would require that the organism susceptibility to all 
possible pairs of constituents is fully negatively correlated. This assumption leads to a conflict 
because, if r(A-B) = -1 and r(B-C) = -1, then r(A-C) = 1. 
 
Intermediate to these two extremes is the case where the susceptibility to the two chemicals is 
statistically independent (r = 0). In this case, some of the organisms that would not respond to 
chemical A would respond to chemical B. In this case, the total response rate for the mixture 
is: 

 )B(P)A(P)B(P)A(P)BA(P ⋅−+=∪  Equation 4.8 

For mixtures with more than two chemicals with different TMoA, this leads to: 

 ( )( )i

n

1i

XP11)Mixture(P −−= Π
=

 Equation 4.9 

This type of RA is the best option for predicting the combined effects of species to complex, 
but known mixtures, where complete negative correlation for all of the components is 
conceptually impossible, and complete positive correlation is highly unlikely in view of 
Ashford’s concepts (Ashford 1981). 

Interactive joint toxicity 
Models do exist to analyze the occurrence of interactive joint action in binary single species 
toxicity experiments (Jonker 2003). Such models are well equipped to serve as null-model for 
a precision-analysis of experimental data, next to generalized use of CA and RA as alternative 
null-models. However, in our opinion these models are not applicable to quantitatively predict 
the combined toxicity of mixtures with a complexity that is prevalent in a contaminated 
environment, since the parameters of such models are not known. Recently a hazard index 
(Hertzberg and Teuschler 2002) was developed for human risk assessment in the exposure to 
multiple chemicals. Based on a weight-of-evidence approach, this index can be equipped with 
an option to adjust the index value for possible interactions between toxicants. It seems very 
well possible to apply a comparable kind of technique for ecotoxicological risk assessment of 
mixtures for single species. However, it is concluded that general current application of this 
approach is prevented by lack of the information needed. 

The mixed-model approach, combining CA and RA 
As can be deduced from the review above, most studies on mixture toxicity have been 
conducted on single species exposed to binary mixtures. In case of studies with more complex 
mixtures, generally, the toxicants either have all been selected to operate by the same mode of 
action, or they have all been selected to represent different modes of action. In the complex 
situation of a multiple contaminated environment, it is likely that the biota is exposed to a 
mixture where several modes of action are represented by a variety of toxicants (Chapin 2004, 
Teuschler et al. 2004). Literature does not provide methods to predict the combined toxicity 
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of such mixtures; here we propose a protocol that will support the analysis of experimental 
data for such mixtures in single-species tests. 

Proposed protocol for mixed model calculations 

Predicting the toxicity of a complex mixture of toxicants could build on observations that both 
CA and RA could be useful to predict the overall response, depending on the assumed TMoA 
of the mixture constituents (Altenburger et al. 2000). The proposed protocol consists of a 
mixed two-step approach. In the first step, the protocol requires evaluation of the CA 
responses to individual modes of action. In the second step, the protocol requires evaluation 
of the response additive effect of different modes of action. 
 
The proposed protocol seems a logical extension to the evaluation scheme provided by 
Plackett and Hewlett (1952) for the problem of predicting effects of complex mixtures of 
known composition. However, there are as yet no data available to verify its predictive 
capacity. Verification would need the results of an array of mixture toxicity experiments, 
where a variety of assumed TMoA are represented by multiple toxicants. 

Implications for mixture risk assessment in species 
assemblages 
Hardly any experimental data nor field observations are available on mixture toxicity and the 
responses in species assemblages (Cairns et al. 1990, Carder and Hoagland 1998, Arrhenius et 
al. 2004). Nonetheless, risk assessment and legislation often focus on protection of 
community-level endpoints and at the prediction and quantification of local risks for 
biodiversity. For addressing multi-species risk of mixture toxicity, we propose to follow the 
same pathway as followed in general mixture studies in single species ecotoxicology. That is: 
consider exposure, consider the molecular interactions, assign TMoA, and apply a mixed-
model approach based on this. The practical proposal for mixture risk assessment that stems 
from this choice is worked out and discussed below. 

Mixture toxicity risk prediction for species assemblages 

SSD construction and data requirements 
Species differ in their sensitivity towards a single chemical (De Zwart 2002), due to many 
biotic traits. Without necessarily attempting to explain the cause of variability in species 
sensitivity, this recognition led to attempts to describe the variation with statistical 
distribution functions, thereby creating the concept of species sensitivity distribution (SSD) 
(Posthuma et al. 2002a). Available ecotoxicological data are seen as a sample from this 
distribution and are used to estimate the moment parameters of the SSD. Assuming that 
ecosystems are characterized by assemblages of species with variable sensitivity, the risk of 
chemical exposure to a single compound can be expressed by using the appropriate SSD and 
calculating the proportion of species from a generic species pool likely to suffer an effect at a 
certain toxicant concentration. This potentially affected fraction of species (PAF) is used to 
quantify the risk for species assemblages. Recent critiques on the SSD method (Forbes and 
Calow 2002, Selck et al. 2002) are concerned with comparability of endpoints, weighting of 
individual species, functional sensitivity, and the difference between the test species included 
in the SSD and the species occurring in natural ecosystems. To our opinion, all these critiques 
can be addressed by proper selection of SSD data. 
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An often-mentioned disadvantage of SSDs is that they require relatively large data sets for 
each compound (Leung et al. 2002, Selck et al. 2002, Wheeler et al. 2002). Of course, this 
especially holds if the available data have to be split over different taxa. From a scientific 
perspective, and in relation to the analysis of fundamental statistical features of the data set, 
the number of data that is required for a valid assessment is not fixed. Alternatively, it should 
follow from the properties of the data set that is already available. In some cases, 4 data for 
the compound itself may be sufficient, providing an SSD-model that does not further improve 
when adding toxicity data for that compound. In other cases, especially when many data are 
available from a congeneric compound, even fewer data may be sufficient, by using the 
statistical techniques of Aldenberg and Luttik (2002) together with the regularities in toxicity 
data to estimate surrogate SSD-shape parameters (De Zwart 2002). A recent European 
workshop recommended developing methods to execute risk assessment for small datasets 
and to develop guidance on how to implement them (Hart 2001). Acute-to-chronic 
extrapolation might provide another route to tackle apparent data needs (Mayer et al. 1994, 
De Zwart 2002). 

Mixture assessment 
The risk of exposure to individual chemicals as calculated with the SSD method is based on 
the same mathematical principles as used in the derivation of concentration-response curves 
in single species toxicity evaluation. As for individual species, both the CA and RA models 
can conceptually be applied in ecological risk assessment for species assemblages exposed to 
mixtures of toxicants, now being formulated probabilistically (Traas et al. 2002). 
 
The protocols to aggregate compound-specific PAF values to a single risk estimate for a 
mixture of compounds are derived from common toxicological theories on joint effects of 
compounds. They are applied after corrections for differences in bioavailability among test 
media and the actual field conditions have been made. This adaptation to reflect actual 
exposure is conceptually motivated by the common theory of molecule-receptor interactions, 
which implies that the concentrations at the target sites of action should be addressed rather 
than external concentrations (Ashford 1981). This adaptation is further numerically motivated 
by observations that matrix interactions cause major differences in availability between 
substrates (De Zwart et al. 2005b). 
 
Based on the evidence obtained from the single-species studies, the following protocols are 
proposed for preliminary assessment of risks for species assemblages exposed to mixtures. 

Proposed risk models for Simple Similar Action in species 
assemblages 
At the species level, the TU approach has been used to express the toxicity of one compound 
as a fraction of another with the same toxic mode of action. Transfer of the TU principle to 
Species Sensitivity Distributions (SSDs), by scaling compounds in a similar way, results in 
Hazard Units (HU). 
 
For compounds with allegedly the same toxic mode of action, a single SSD can be derived 
using (relative) CA quantified by Hazard Units, representing the separate compounds and any 
mixture of these compounds. It is assumed that the toxic mode of action in this case applies to 
all species from which the SSD is derived. The multi-substance Potentially Affected Fraction 
calculations for CA (msPAFCA) are performed according to the following protocols. These 
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protocols require toxicity data and SSDs for all components of the concentration additive 
mixture for a variety of species. 

Protocols for CA risk calculation 

Two subprotocols are presented, the first for baseline toxicity, and the second for groups of 
compounds with the same assumed primary TMoA. 
 

Method A: Aspecific mode of action (baseline toxicity) 
Full baseline toxicity can only exist in mixtures of organic compounds that exhibit only 
baseline toxicity (about 60% of all organic industrial compounds (ANZECC 2000)). 
According to the funnel hypothesis (Warne and Hawker 1995), responses near baseline 
toxicity will also occur in mixtures of all organic compounds with extremely low 
concentrations. 
 
Toxicity data with the same type of evaluation criterion, either chronic NOEC or acute 
L(E)C50 values, or any ECx, are obtained from an appropriate data set for each compound. 
Depending on data availability, the sets of species included in the SSDs for different toxicants 
may, or may not be matched. Care should be taken to include species of different trophic 
levels and to include endpoints with comparable relevance to population success (Forbes and 
Calow 2002). For some toxicants, the toxicity data may be limited to the set of species 
prescribed in standard testing protocols (e.g., OECD 1981): algae, crustaceans (Daphnia) and 
fish). The set of toxicity data may be extended by applying relative methods to extrapolate 
unknown species sensitivity from known species sensitivity (Asfaw et al. 2004, Mayer et al. 
2004, Von der Ohe and Liess 2004). Usually, the existing databases contain mainly classical 
criteria, such as chronic NOEC and acute EC50 or LC50 values, not ECx, nor raw 
concentration-effect data. In general, SSDs for deriving environmental quality criteria are 
based on chronic NOEC data that are relatively scarce as compared to acute data. Therefore, if 
chronic data are used, the resulting SSDs are less representative of the sensitivity of natural 
species assemblages (Forbes and Calow 2002). Also, NOEC exceedence does not give a clear 
indication of the type and magnitude of effects to be expected. Whether the chronic NOEC is 
the appropriate criterion to use in ecological risk calculations depends on the assessment 
problem itself. An influential factor for the choice of acute or chronic criteria is the level of 
contamination that is to be assessed. If the contamination level is very low, NOECs might be 
good for ranking – though the meaning of msPAF as output is relatively unclear; if it is high 
as in the case of spills or highly contaminated sites, EC50 values might be more 
discriminative for ranking. 
 
In laboratory toxicity experiments, usually great care has been taken to ascertain that the 
major proportion of added toxicant is bioavailable. Therefore, it is important to correct for  the 
biologically active fraction of the compounds for the field data under investigation (e.g., De 
Zwart et al. 2005b). 
 
Toxicity data are scaled into dimensionless hazard units (HU), defined as the concentration 
where the effect criterion (e.g., NOEC) is exceeded for 50% of all species tested, i.e., the 
median of the toxicity data of the whole data set: 
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The SSDs for each compound are obtained by fitting a log-logistic or log-normal model to the 
log toxicity data in Hazard Units (HU). For the log-normal procedure, the SSDs are fully 
characterized by the slope of the CDF that equals the standard deviation (σ) of )HUlog( j

i , the 
median of the distributions is zero by definition. If a log-logistic procedure is applied, the 
slope of the curve (β) is given by: 
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For the CA model to be applicable, it is essential to verify that the slopes for the different 
mixture constituents are about equal (we suggest a maximum deviation of ± 10%), otherwise 
the compounds with outlying SSD slopes should be attributed to a different TMoA, and their 
risk should be added by the RA model. 
 
For each compound present in an environmental sample, the bioavailable exposure 
concentration is again recalculated to Hazard Units: 
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The HU values are added (non-log transformed) for substances with corresponding TMoA 
and corresponding slope: 
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The log-normal CA model gives the toxic risk for mixture constituents with the same TMoA 
by applying the Microsoft Excel function: 
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Using the log-logistic CA model, toxic risk for mixture constituents with the same TMoA can 
be calculated by: 

 
( ) 1HUlog

TMoA,CA
TmoA

TmoA

e1msPAF

−

β
Σ−

⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛
+=  Equation 4.15 

Method B: Specific modes of action 
For compounds with a specific toxic mode of action, the situation is more complicated. Some 
species experience the same type of effect due to specific interactions at targets sites that only 
occur in a fraction of the species, and other species only experience narcosis, due to a lack of 
specific target sites for the compound (see Table 4.3). This holds, for example, for organo-
phosphate (OP) biocides. Each OP biocide acts by acetyl-cholinesterase inhibition, and thus 
all compounds in this group can be seen as dilutions of each other for those organisms that 
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have a receptor for this compound (e.g., insect larvae and crustaceans). In such cases, CA 
modeling (conform Method A) should be applied for the specifically working OP-biocides, 
with an SSD for sensitive species. However, species or groups of species that lack the target 
receptor are not sensitive for OP-exposure (e.g., bacteria and algae), and will only experience 
narcotic baseline toxicity, or a secondary level of toxicity (Solomon and Takacs 2002). This 
means that CA for specific TMoA is only appropriate within a single SSD, if the SSD consists 
of species having the specific receptor. For the organisms without the receptor, it may be 
more useful to consider narcotic or aspecific CA according to method A. This implies a split 
of SSD curves according to groups of species with different types of receptors as proposed by 
Posthuma et al. (2002b). 

Proposed risk model for Independent Joint Action in species 
assemblages 
Multiple species risk for independent joint action in terms of the potentially affected fraction 
of species can be assessed using models that are essentially the same as for the prediction of 
response additive effects in single species. The underlying assumption in the application of a 
RA-model for compounds or groups of compounds with different TMoA is that correlation of 
species sensitivities to the different constituents of the mixture is considered to be absent. 
 
The calculation of the multi-substance Potentially Affected Fraction for independent joint 
action or RA (msPAFRA) is performed according to the following protocol. 

Protocol for RA risk calculation 

The msPAFCA,TMoA values for the different TMoA in the mixture are calculated according to 
the section describing the multiple species risk model for CA, even if a TMoA is only 
represented by a single substance. The combination effect for compounds with different 
modes of action is again calculated analogous to the probability of two non-excluding 
processes (Hewlett and Plackett 1979). For the present use in SSDs, it is assumed that 
sensitivities are uncorrelated in RA. For more than two chemicals or groups of chemicals with 
different TMoA, this leads to: 

 )msPAF1(1msPAF
TMoA

TMoARA ∏ −−= , Equation 4.16 

for TMoA =1 to n substances or modes of action, with msPAFRA representing the multi-
substance Potentially Affected Fraction of various (groups of) compounds calculated by RA. 

Mixed model allowing species-dependent modes of action 
Various msPAF-protocols for complex, known mixtures can be conceptualized on the basis of 
the above protocols. 
 
First, the msPAF protocol originally proposed by Hamers et al. (1996) applied CA only to 
compounds with a narcotic TMoA, while all other compounds were treated following RA. 
 
Second, in our current practice, CA is also applied to mixtures of non-narcotic compounds 
with the same TMoA, such as photosynthesis inhibition, acetyl-cholinesterase inhibition, et 
cetera, whereby this is conceptually most appropriate when the ecotoxicity data set is split 
into subunits of target and non-target organisms. 
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Third, when the mixture contains compounds with highly specific modes of action, that also 
differ for the different groups of species, it is possible to generate mixed model (CA and RA) 
msPAF values (again) for the individual groups of species – provided that sufficient toxicity 
data are available. In this approach, a single assessment for a contaminated ecosystem yields 
various msPAF values for different groups of species. 
 
As a last step in the aggregation process, an overall msPAF can be calculated by averaging 
over the msPAF generated for different groups of species. This average msPAF may be 
weighted according to the relative representation of groups of species in the field (Forbes and 
Calow 2002, Posthuma et al. 2002b). The weighting may be motivated in different ways, for 
example, numerically-based, biomass-based, or trophic position-based. Non-weighting relates 
to the fact that the SSD-approach handles species as equal entities (numbers), with each the 
same weight. Non-weighting implies that each species group is considered of the same 
ecological importance in any respect. Weighting can be preferred when some species groups 
are considered more important than others, such as in the case of a subgroup containing so-
called ecosystem engineers. The weighting itself may be helpful to tailor the basic (numerical) 
outcome to the problem under investigation. As yet, no universally applicable and validated 
method has been derived. Table 4.4 gives a hypothetical mixed-model example calculation for 
the msPAF of a mixture containing different TMoA for different species groups, where the 
species groups have equal weight in the analysis. 
 

Table 4.4 Example msPAF calculation for a freshwater pond with a hypothetical but realistic exposure to a 
mixture of toxicants with different modes of action (TMoA) for different groups of species. The 
calculations are made on the basis of the database of De Zwart (2002). The values in bold identify 
the cases where the probability of effects is exceeding 5%. The estimates of risk obtained from 
SSDs (gray-scaled) can be aggregated to overall risk (expressed as msPAF). msPAF values per 
species group were calculated assuming concentration addition within toxic modes of action, and 
response addition between toxic modes of action.  

Compounds 
Benzene 

& 
Naphthalene 

Zinc Cadmium Atrazine Malathion msPAF 

TMoA NP Narcosis Zn 
action 

Cd 
action 

Photos. 
inh. 

AChE 
inh.  

Taxon       
Algae 0.010 0.013 0.058 0.143 ND 0.211 
Cyanobacteria ND ND ND 0.381 ND 0.381 
Crustaceans 0.005 0.062 0.014 0.001 0.283 0.341 
Insect (larvae) 0.010 0.026 0.000 0.000 0.009 0.045 
Mollusks 0.006 0.104 0.007 0.000 0.000 0.116 
Worms/leeches 0.003 0.012 0.001 ND 0.000 0.016 
Amphibia 0.004 ND 0.000 0.000 0.000 0.004 
Fish 0.007 0.045 0.017 0.000 0.000 0.068 
    Overall msPAF 1) 0.148 
All species 0.015 0.029 0.095 0.072 0.008 0.203 
1) The Overall aggregation value (msPAF) shown here is calculated as the average of the 

msPAF values on different taxa in the last column. 
NP Narcosis = non-polar narcosis; Photos. inh. = Photosynthesis inhibitor; 
AChE inh. = Acetylcholinesterase inhibitor. ND = Not Determined. 
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Discussion and conclusions 
We reviewed current conceptual and modeling approaches in mixture ecotoxicology to derive 
practical risk assessment protocols for species and species assemblages. From the review of 
conceptual approaches in mixture ecotoxicology it appeared that there is a large difference 
between a mechanistic and a probabilistic view on mixture toxicity and mixture risk. A 
mechanistic view leads to emphasis on the distinction of TMoA and physico-chemical 
properties first, then on the choice of the appropriate model, followed by a comparison of 
model predictions with experimental observations. A probabilistic orientation leads to the 
observation that CA often yields a relatively good prediction of observations in the numerical 
sense, with a frequent and slight bias to conservatism, even for compounds with different 
TMoA (Backhaus et al. 2000a, Backhaus et al. 2000b, Faust et al. 2003). These different 
viewpoints frequently caused misunderstanding in debates (see, Suter et al. 2002) between 
scientists adopting the causal-analytical viewpoint (for research) and those developing 
operational instruments (for practical use in risk assessment). In this paper, we merge the 
viewpoints and propose mixed-model methods for complex mixture risk assessment based on 
probabilistic modeling, starting from mechanistic considerations. 
 
Two main models were encountered most frequently: CA and RA action are regarded as the 
two biologically plausible reference concepts suitable to calculate an expected combined 
effect based on effect information from the components of the mixture under consideration. 
The appropriate selection of the reference concept to be applied is believed to depend on the 
similarity of the mode of action of the components, an unambiguous type of information 
(Grimme et al. 1996) since the TMoA of a compound is co-determined by the receptor. One is 
therefore often left with the dilemma of two possible ways to assess the same data. 
Consideration of the quantitative difference in the expected combined effect or the modeling 
of a prediction window using both concepts might be more helpful than selecting one by 
chance. 
 
Our analyses suggested that the ideas of Ashford (1981) should be taken into account into 
mixture ecotoxicology. These ideas have received no attention in ecotoxicology, although 
they are a logical extension to the mechanism-based mixture modeling involving species. 
Ashford’s ideas can further be seen as a prelude to the interactions between multiple toxicants 
and multiple species, as a next level of added complexity and improved relevance of mixture 
studies. In this added level, species can be considered as active sites of mixture effects: they 
are the ecological receptors (equivalent to the toxicological target sites of action, i.e., the 
toxicological receptors), and the subsystems can be envisaged as species groups that show 
interactions, e.g., within and between functional groups in a food-web. The proposed mixed-
model approach for assemblages, preceded by an exposure analysis, is in line with Ashford’s 
ideas; the ecological interactions need further attention. Whether Ashford’s ideas can be fully 
worked out in 1) concept, in 2) experimental evidence and thus in 3) validated predictive 
frameworks remains to be solved by mixture ecotoxicologists. 
 
Various options exist for practical application of the proposed protocols for risk prediction. It 
was shown that databases are available to assign a primary TMoA to a compound. When 
using protocols to predict species-level responses, the predictions can be verified using the 
large data set that is available in the reviews on mixture effects. When using the msPAF 
protocols, the methods to obtain the single-species, single-compound input data have been 
provided. The proposed methods are further theoretically attractive compared to the 
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alternative of simply adding risk quotients (RQ). Still, some remaining weaknesses apply 
equally to the RQ and the msPAF approach, with the latter having less drawbacks in general 
(see the arguments on non-linearity of response curves by Solomon (2002)). One of the most 
useful features of the SSD-concept is that its output in terms of dimensionless PAF-values can 
be aggregated to reflect the risk posed by multiple substances, according to a set of protocols 
that are motivated by established toxicological principles and that are further supported by 
quantitative data on model behavior and model characteristics. Example calculations given by 
Traas et al. (2002) suggest that different aggregation protocols (based on all species lumped in 
SSDs rather than non-lumping according to hypothesized subgroups of species with and 
without the molecular target) do not lead to large differences in predicted msPAF. 
Hypothetical SSD calculations have shown that the numerical results of risk calculations 
following either CA or RA (with r = 0) do not differ much when the slopes of the single 
toxicant SSDs are in the range of β = 0.4 to 0.6 for the log-logistic model. Mathematical 
analyses of an array of mathematical response models are supporting the viewpoint that, in the 
case of lack of data on TMoA, reasonable robust risk predictions can be obtained, especially 
when slopes are approximately equal (Drescher and Bödeker 1995). If a mixture consists of 
compounds with moderate and similar slope values, then this would remove part of the 
necessity to have a debate on mechanistic principles in the absence of data to support either 
viewpoint. When the slopes diverge outside the given bounds, or are different among 
substances, the outcome of the assessment could be characterized as likely overestimating or 
likely underestimating the direct risks as a consequence of mathematical model 
characteristics. It remains to be established how robust predictions of msPAF are when 
compared to field or mesocosm data, and how uncertainties proliferate through the whole 
protocol (see below). Despite the profitable mathematical characteristics, it should be noted, 
however, that the principles of combination toxicology, derived from single species, are 
directly transposed to the level of multiple species, with the hidden assumption that joint 
effects transfer unchanged from species to community level. Whether this assumption holds 
true remains an open question. 
 
When interpreting SSD-based risk predictions, one should note that the SSD-approach solely 
focuses on direct effects of toxic compounds on species assemblages. Indirect ecological 
effects resulting from changes in species interactions are an aspect not reflected in the msPAF 
risk modeling proposed in this paper. It is likely, that indirect effects can only occur when 
direct effects are there, and that their importance increases at increasing levels of direct 
effects. When msPAF can be calculated like in Table 4.4, ecologists might be able to identify 
some possible indirect effects, e.g., when msPAF values for primary producers are high there 
is an increased probability of indirect effects on grazers. Confirmation studies could shed light 
on the implications associated with increased levels of toxic risk. 
 
This paper proposes the use of SSD and mixture toxicity models in ecological risk 
assessment, by calculating the multi-substance potentially affected fraction of species 
(msPAF) on the basis of measured or predicted (biologically active) concentrations of toxic 
compounds in the environment. The proposed multiple species risk model incorporates both 
views into a single procedure and thus serves to underpin improved risk assessment. For 
msPAF to be a useful parameter in risk management, it is crucial to obtain values of msPAF 
that are relevant to predict community risk under field conditions, either in an absolute sense 
where risk is linearly related to ecological effects, or in a relative sense, where the method is 
useful for ranking contaminated sites, but the real ecological meaning of msPAF is still rather 
unclear. The results of msPAF evaluations can be validated by analyzing combined physico-
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chemical and biological monitoring data or with mesocosm experiments. Observing effects in 
the field may be difficult due to high variability and a lack of a reference situation. The 
expected effects may be masked if less sensitive species outcompete the affected species 
(Klepper et al. 1999, Mulder et al. 2003) or effects may be larger than expected due to 
interactions between species not predicted by single species toxicity tests. Ecological 
interactions are an important point to consider when interpreting SSD-based output. In 
practice, different natural or any other non-toxicological environmental stressor may influence 
the effects of toxicants either directly by affecting the species’ viability or through 
interactions with the compound. This is a factor that is not taken into account when 
calculating mixture risk in the proposed way. 
 

Uncertainties in risk calculations 
 
There is quantifiable uncertainty in the steps associated with SSD and msPAF assessments 
(cf. Klepper et al. 1998). Although there is as yet no universal procedure to develop a specific 
SSD-based ecological risk assessment, it is essential to take uncertainties into account. One of 
the options to present uncertainties is the use of confidence intervals. Although the confidence 
intervals of a single toxicant PAF can be calculated quite easily (Aldenberg et al. 2002), the 
mixture risk approach uses additional concepts and parameters, for example related to 
exposure and bioavailability issues. These uncertainties should be superimposed on those of 
the separate SSDs, implying that further uncertainty analysis of SSD-based models is needed, 
along with a clear ecological interpretation of the final output and its confidence interval. 
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5 Ecological effects of pesticide use in the 
Netherlands: modeled and observed effects in 
the field ditch 

De Zwart, D. 2005. Ecological effects of pesticide use in the Netherlands: Modeled and observed 
effects in the field ditch. Integrated Environmental Assessment and Management, 1(2): 123-134. 

Introduction 
Although small, the Netherlands experience a very intensive agricultural practice in 
comparison to other European countries. Of the total dry surface area of about 32,500 km2, 
about 22,000 km2 is dedicated to open land use for culturing crops and feeding cattle. In 1998, 
approximately 6.5 million kg of 261 different active pesticide ingredients was applied to both 
pasture and crop lands. The elevation of about half the country is at sea level. Without dunes 
and water barriers, the Netherlands would be flooded. Therefore, the agricultural land is 
drained by an extensive system of man-made ditches. The ditches are connected to canals, 
from which the excess water is pumped to rivers and, eventually, to the sea. In the lower 
regions of the country, the ditches form a network with an interdistance between 25 and 100 
meters. 
 
Because of the close proximity of agriculture and surface water, and depending on the 
application requirements, land use, and chemical properties of the different pesticides, there 
may be the potential for unintentional contamination of the aquatic environment. The question 
is whether unintended releases of pesticides to the environment present a significant risk to 
the aquatic community. 
 
Local and regional water management in the Netherlands is in the hands of regional Water 
Boards, responsible for flood control, water quantity, water quality and the treatment of urban 
wastewater. Each of the 35 regional Water Boards operate a monitoring network. The 
concentrations of pollutants and water quality parameters are regularly measured in 
combination with surveys of the occurrence of aquatic species. However, a certain lack of 
realism in measured pesticide concentrations may be ascribed to the sampling schemes, which 
are not adjusted to the regime of pesticide application. There may also be regional 
discrepancies between the types of pesticide measured and the types of pesticide used in 
agricultural lands. 
 
This paper introduces a novel modeling method that uses the distribution of crop types in 
agricultural areas to map the potential risks associated with predicted pesticide exposure to 
organisms in aquatic communities. Compared to measured pesticide concentrations, this 
method has the advantage that modeled effects can be attributed locally to the types of crops 
grown, as well as to the types of pesticides used. Using this proposed approach enables 
environmental managers and scientists to conduct scenario studies that can guide policy 
decisions in land use planning and in pesticide regulation. 

Objectives of this study 
The objectives of this study were to demonstrate that aquatic exposure to pesticides can be 
predicted with plausible results based on knowledge of the crops grown and crop-specific 
pesticide application rates, and including several exposure pathways and attenuation 
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processes. Because aquatic exposure concentrations, without some understanding of pesticide 
toxicity does not provide any information on ecological impact, a second objective was to 
convert predicted concentrations of individual pesticides and mixtures of pesticides into 
estimates of aquatic risk to potentially affected species. Scaling pesticide concentrations 
according to toxicity may ultimately provide a valuable asset to risk management and 
legislation, because it will enable the ranking of crops, pesticides, exposure routes, and 
regional exposure according to their predicted ecological impact. The third objective was to 
evaluate whether the modeled impact of pesticide use could be demonstrated in the biota of 
field ditches that will also be subject to the influence of other environmental stress factors. 

Methods 
A Geographical Information System (GIS) was used to estimate pesticide concentrations in 
field ditches by combining a crop map with crop-specific weekly application rates of 
pesticides. The main input to the analysis was the 1998 map of the Netherlands specifying the 
types of 51 different crops grown on agricultural land (including grassland). The GIS map 
contained about 122,000 grid cells, each representing 500 × 500 m of land area. 
Exposure pathways and processes incorporated in the assessment to calculate freely dissolved 
water concentrations included: (1) Aquatic exposure by direct spray drift, (2) Run-off and 
drainage from the soil (R&D), (3) Wet and dry deposition for airborne pesticides, (4) Sorption 
to soil particulates, (5) Leaching to deeper groundwater, and (6) Degradation in soil and 
water. By using species sensitivity distributions (SSD) for aquatic species (De Zwart 2002), 
together with criteria for mixture toxicity evaluation (Traas et al. 2002, De Zwart and 
Posthuma 2005), the calculated concentrations of different pesticides were transformed into 
risk estimates for a aquatic community. The risk is expressed as the multi-substance 
Potentially Affected Fraction of species (msPAF), which is defined as the proportion of 
species exposed to a mixture of pesticide concentrations exceeding their respective Predicted 
No Effect Concentration (PNEC). 

Available data 
Land use and crops - Geographical land use data were obtained from a database on land use 
based on satellite imaging for the years 1999 and 2000 (LGN4; http://www.lgn.nl/, September 
2003). The satellite image recognizes 8 types of agricultural land use. The land use data were 
aggregated to the scale level of grid cells of 500 m by 500 m by calculating the distribution of 
land use classes from 400 pixels (25 m x 25 m) on satellite images within each grid cell. The 
land use data were combined with the 1998 detailed inventory data on municipal crop areas 
from the Agricultural Economics Research Institute (LEI-DLO, 
http://www.lei.dlo.nl/home.htm, September 2003). This inventory, comprising 540 out of 548 
municipalities in the Netherlands, quantified the area of 51 different crops in each 
municipality. To relate actual crop data to land use classes, the areas of the 51 crop types were 
proportionally classified into each of 8 agricultural land use classes in each grid cell within 
each municipality. If several crops are grown that belong to the same land use class, then the 
relative area of those crops in the municipality was applied to the area of the corresponding 
land use class in each grid cell in the municipality. With most land use classes only a few 
crops are associated. Using this approach, 26 of 51 different crops were assigned to the land 
use class that contains “other agricultural crops”. The national surface area of the 8 
agricultural land use classes and the number of crops are shown in Table 5.1. The crops and 
their land use class are given in Table 5.2. 
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Table 5.1 Land use classes*); National coverage and distribution of land use classes in the Netherlands in 
1998. 

Code Land use class Surface area (km2) Number of crops 

1 Pasture 12510 3 
2 Corn/maize 2590 3 
3 Cereals 1870 2 
4 Potatoes 1790 5 
5 Sugar beet 1140 1 
6 Fruit orchards 280 5 
7 Flower bulbs 230 6 
8 Other crops 1850 26 

 Total 22260 51 
*) Data from LGN4 (http://www.lgn.nl/) 

 
Data on pesticides - For the 51 crops, the national use of 261 pesticides on a weekly basis in 
1998 was available from the ISBEST 4.0 database maintained by Alterra, Wageningen 
(http://statline.cbs.nl/, September 2003, http://www.alterra.nl). Together with the estimated 
crop areas, nation wide and for each grid cell, this information generates the estimated weekly 
use of active ingredients in kg/gridcell/week. For each of the 261 different active pesticide 
ingredients it was possible to generate estimates of the chemical properties presented in Table 
5.3 by consulting open literature, as well as by querying publicly available databases on 
chemical properties. These data can be found in the original RIVM report (De Zwart 2003), 
which is freely available on the internet (http://www.rivm.nl). Drift is expressed as the crop-
specific percentage of the applied dose (kg/gridcell/week) transferred to a hectare of surface 
water. Based on the data describing weekly application rates for the individual pesticide 
ingredients, per crop and per grid cell, together with chemical properties, a query of ISBEST 
4.0 generated data on the average fraction of each pesticide ingredient transferred to the soil. 
The drift given by ISBEST 4.0 is based on the evaluation of experimental data presented in 
De Nie (2002). 

Table 5.2 Crops quantified within each of the land use classes indicated in Table 5.1. 

Class Crop name Class Crop name Class Crop name 

1 Grass seed 6 Pear, old 8 French endive 
1 Permanent pasture 6 Pear, young 8 Green peas 
1 Temporary pasture 7 Daffodil 8 Headed cabbage 
2 Corn 7 Gladiolus 8 Hedge plants 
2 Corn-cob mix 7 Hyacinth 8 Leek 
2 Fodder maize 7 Iris 8 Marrowfat pea 
3 Summer barley 7 Lily 8 Other flowers 
3 Winter wheat 7 Tulip 8 Oyster plant 
4 Plant potato on clay 8 Asparagus 8 Park trees 
4 Plant potato, other 8 Brown beans 8 Perennial garden plants 
4 Potato on clay 8 Cabbage, storable 8 Plant onion 
4 Potato, other 8 Chicory root 8 Rose 
4 Starch potato 8 Cocktail onion 8 Seed onion 
5 Sugar beet 8 Conifer 8 Small carrot 
6 Apple, old 8 Dwarf bean 8 Sprout cabbage 
6 Apple, young 8 Field bean 8 Strawberry 
6 Other fruit tree 8 Flowers to be dried 8 Winter carrot 
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Air concentrations and deposition - During 2000 and 2001, the Netherlands Organization 
for Applied Scientific Research TNO operated a monitoring program quantifying the 
concentration of pesticide ingredients in air and precipitation at 18 stations in the Netherlands 
(TNO 2002). 34 out of 261 pesticide ingredients were selected for this monitoring program by 
virtue of their ability to evaporate and become airborne. The concentrations of pesticides in 
air and precipitation were converted to nation-wide 10-km square grid cell-based maps by 
applying kriging interpolation. The concentration in air was expressed in ng/m3, averaged per 
4-week period. The quantity of pesticides in rainwater was expressed in grams per hectare per 
4-week period. Divided by 4,000, this yielded the estimated weekly load (kg/ha/week) used in 
the current analysis. 

Table 5.3 Chemical properties of active pesticide ingredients *) 

Property Clarification 

Kom (L/kg) The partitioning coefficient between soil organic 
material and pore water used to calculate the 
concentration of pesticide in run-off and drainage 
water as interpolation input for the meta-model 
PEARL. 

kW (1/wk) The degradation rate constant in water per week 
used to calculate the residual concentration from 
the previous weeks exposure. 

kS (1/wk) The degradation rate constant in soil per week used 
to calculate the concentration of pesticide in run-off 
and drainage water as interpolation input for the 
meta-model PEARL. 

VdW (cm/s) 
for 34 compounds 

The downward dry deposition velocity to water in 
centimeter per second used to calculate dry 
deposition of airborne pesticide per unit area of 
surface water. 

VdS (cm/s) 
for 34 compounds 

The downward dry deposition velocity to soil in 
centimeter per second used to calculate dry 
deposition of airborne pesticide per unit area of soil. 

LC50 (µg/L) Toxicity of the compound for a variety of aquatic 
species, sub-divided by major taxon and used for 
constructing species sensitivity distributions that 
form the basis for toxic risk estimation. 

Toxic mode of action 
(TMoA) 

An indication of the molecular processes affected 
by the chemical. 99 different modes of action are 
recognized and used to make decisions on applying 
a concentration- or a response addition strategy in 
calculating the combined risk of exposure to 
multiple chemicals. 

*) Data from secondary sources and reported by (De Zwart 2003) 

 
The weekly amount of rain (mm) was calculated as one fourth of the 4-weekly amount. Daily 
average temperature data during the period 1991 to 2000 were obtained from the Royal 
Netherlands Meteorological Institute (http://www.knmi.nl/product, September 2003). Weekly 
potential evapotranspiration (PET in mm) was calculated from the 10-year series of daily 
average temperature values, using the relationship between T and PET from the 30-year 
monthly averages given in Table 5.4. 
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Table 5.4 Monthly average temperature and potential evapotranspiration rates in the Netherlands *) 

Month Temp (oC) PET (mm/month) 

1 2.8 8.3 
2 2.9 15.7 
3 5.6 32.9 
4 8.1 56.4 
5 12.5 85.1 
6 15.0 90.2 
7 17.2 95.1 
8 17.1 83.1 
9 14.2 50.3 

10 10.4 27.8 
11 6.3 11.5 
12 4.0 6.5 

*) Data from KNMI (www.knml.nl) 

 
Pesticide concentration in surface water run-off and drainage water - The PEARL model 
(Leistra et al. 2000) was used to generate a meta-model table of pesticide concentrations in 
surface water run-off and drainage water (pore water) as a function of two chemical properties 
for a range of imaginary pesticides, and assuming an application of 1 kg per hectare to a 
standard soil. The chemical properties were the half-life in soil (DT50), ranging between 1 and 
200 days; and, partitioning between soil organic matter and pore water (Kom × fom), ranging 
between 1 and 200 (L/kg). The table was generated assuming that the organic matter content 
of soil was 4.7%. 
 
Grid-based soil properties - From the 500-m square grid cell-based soil map of the 
Netherlands (De Vries and Denneboom 1992), relevant soil properties were identified. These 
data are summarized in Table 5.5. 
 

Table 5.5 Soil properties in the Netherlands. 

Property Clarification 

fom The fraction of organic matter in the soil used to 
calculate soil sorption and the concentration of 
pesticide in run-off and drainage water as interpolation 
input for the meta-model PEARL. 

fwater The fraction of surface water area per grid cell used to 
calculate the additional effect of exposure to the 
pesticide content in drainage and run-off water. 

Soil permeability 
(m/day) 

The leeching velocity of water in soil in meters per day 
used to calculate the proportion of precipitation excess 
that will end up as run-off and drainage water. 

 
Species monitoring data in ditches - Water Boards operate an ecological monitoring 
network that provided species census data for 257 field ditches in the Netherlands where 
empirical data on macrofauna and macrophytes were collected. The 1998 data were retrieved 
from the database Limnodata Neerlandica (Royal Haskoning, pers. comm., April 17th, 2003). 
The database comprises counts of 1,007 macrofauna taxa and 291 macrophytes. Removing 
extremely scarce species, a total of 344 macrofauna taxa and 113 macrophytes were retained 
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for this study. If a station was evaluated two or more times during 1998, then the maximum 
count per taxon was used. Identified taxa range from species to order. For practical purposes, 
the term “species” will be used for all entities, regardless their taxonomic level. The 
biological dataset was matched with a chemical dataset at 212 out of 257 stations. The dataset 
included data on the concentrations of chloride (Cl), total phosphorus (TP), Kjeldahl nitrogen 
(KN), dissolved oxygen (DO), and pH. If the stations were visited several times, then the 
average was calculated from the number of observations recorded in 1998. 
 
Exposure assumptions and analysis - The following assumptions were made in the exposure 
calculations: 

1. All calculations were performed to estimate exposure and risk in a field ditch assumed 
to have an overall width of 1 m and a depth of 0.30 m, with sides sloping 45 degrees. 
The water volume in 1 square meter of standard field ditch was 210 liters. 

2. All fluxes of pesticide input to a field ditch on a weekly basis were assumed to take 
place at a single moment in time. 

3. The surface water in a field ditch was assumed to be completely stagnant, despite the 
input of rain and drainage water. 

 
All calculations, including the risk estimation, were performed one grid cell at a time, without 
considering the influences of adjacent grid cells into account. This is considered an allowable 
option by realizing that the particular geomorphology of the Netherlands is rather 
homogeneous on a regional scale, where geomorphology is linked to crop type. The 
algorithms used in this study are available on the internet at http://www.rivm.nl/ 
bibliotheek/index-en.html (De Zwart 2003). The steps taken to perform the exposure 
assessment are summarized in Table 5.6. 

Table 5.6 Steps taken to perform the exposure calculations per grid cell that quantify the concentrations of 
261 pesticides in field ditches. 

Step Result Method of calculation 

1 Rain input to ditches (L/L/wk) Actual precipitation data, combined with standard 
ditch dimensions. 

2 Rain input to soil (L/m2/wk) Actual precipitation data (mm/m2/wk). 

3 Concentration of 34 
pesticides in rain water 
(µg/L/wk) 

Pesticide loading with rainwater (g/ha/wk), 
combined with precipitation per week (mm/wk). 

4 Spray drift exposure of ditch 
to 261 pesticides (µg/L/wk) 

Combination of crop area per grid cell in relation to 
the national crop area and crop-related pesticide 
use, together with the crop- and pesticide-specific 
drift transfer percentages and the dimensions of the 
standard ditch. Since only half of the ditches are 
located downwind of the application field, the 
calculated drift input is divided by 2. 

5 Dry deposition of 34 
pesticides to the standard 
ditch (µg/L/wk) 

Weekly concentration of 34 pesticides in air 
(ng/m3), combined with the dry deposition velocity 
to water (cm/s) and the dimensions of the standard 
ditch. 

6 Soil loading contribution A: 
Soil loading of 261 pesticides 
during application (kg/ha/wk) 

Function of the crop area per grid cell in relation to 
the national area, the national use of related 
pesticides, and the soil transfer fraction. The soil 
surface area treated is corrected for the untreated 
area of surface water per grid cell. 
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Step Result Method of calculation 

7 Soil loading contribution B: 
Dry deposition loading of 34 
pesticides to soil (kg/ha/wk) 

Merging of weekly maps of air concentrations 
(ng/m3) with the downward dry deposition velocity 
to soil (cm/s). 

8 Soil loading contribution C: 
Wet loading of 34 pesticides 
to soil (kg/ha/wk) 

The data have been directly provided by the TNO 
data set. 

9 Total loading of 261 
pesticides to soil (kg/ha/wk) 

Calculated as the sum of the three soil loading 
contributions, A, B and C. 

10 Concentration of 261 
pesticides in run-off and 
drainage water (R&D in 
µg/L/wk) 

Interpolation of the “PEARL” meta-table with the 
actual Kom partitioning coefficients of the pesticides 
and the local soil organic fraction. The DT50 (d) in 
soil has been calculated from the degradation rate 
constant, kS (1/wk). The interpolation result is 
subsequently multiplied by the total soil loading of 
the given pesticide obtained in the previous step. 

11 Precipitation surplus 
(L/m2/wk) 

Subtraction of potential evapotranspiration (PET in 
mm/wk) from precipitation (mm/wk). 

12 Volume of R&D-water 
received by the ditch (L/L/wk) 

Correction of precipitation surplus for leaching to 
deeper groundwater storage, taking the ratio 
between the wet and the dry surface area into 
account. According to Meinardi and Schotten (In 
prep.), there is a log-linear relationship between soil 
permeability and the fraction of precipitation surplus 
transferred to surface water. A maximum of 80% 
transfer to surface water corresponds to a low 
permeability of 0.01 (m/day), and a minimum of 5% 
is reached at a high permeability of 20 (m/day). 

13 Iteration of final concentration 
of 261 pesticides in the ditch 
(µg/L/wk) 

All the above calculations are performed for a single 
grid cell at a time, for all 261 pesticide ingredients 
and for all 52 weeks in the year. Per ingredient, the 
final water concentration iteration starts with 
calculating the concentration that is left over from 
last week concentration after one week of 
degradation in the water of the ditches. 
Subsequently, the drifted and the dry-deposed 
concentrations are added to the initial concentration 
to form a subtotal concentration after “dry addition”. 
The final concentration for the present week is 
calculated by adding the water contained pesticide 
input from rain and R&D-water, with a correction for 
volume change. In order to stabilize the 
concentration of pesticide ingredients remaining 
from past week, this iteration loop is continued for 5 
times 52 weeks (5 years). The first week of the 
second year, the final concentration from past week 
is set to the final concentration of the last week of 
the first year, etc. 

14 Temporary storage of the 
exposure assessment results 

The weekly individual pesticide concentration in the 
field ditches of the grid cell under consideration is 
attributed to the origin of the exposure in terms of 
percentages of pesticide ingredients originating 
from past week exposure (old), drift exposure (drift), 
dry deposition (dry), wet deposition (wet) and R&D, 
respectively. 
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Risk calculation 
Species sensitivity distributions - Toxic risk was calculated using the SSD methodology 
(Posthuma et al. 2002a). A SSD curve (Figure 5.1) is a cumulative density function (CDF) of 
laboratory derived toxicity data for a single toxicant. In this study, the SSD curves were 
assumed to follow a log-normal distribution of no-observed effect concentrations (NOEC). 
SSD curves are used to derive Environmental Quality Criteria (EQC) and quantify 
ecotoxicological risk. As an EQC, the Hazard Concentration for 5% of the species (HC5) 
predicts an environmental concentration below which only an a priori acceptably small 
proportion of species (5%) would be affected. As a risk estimate, the SSD is used to predict 
the proportion of species exposed to a concentration generating an adverse effect (the 
Potentially Affected Fraction: PAF), due to the fact that the concentration exceeded the 
NOEC of the affected species. 
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Figure 5.1 Cumulative probability distribution of species sensitivity fitted to the observed chronic no-

observed effect concentrations for different species (NOEC). The arrows indicate the inference of 
a potentially affected fraction of species (PAF-value) and the hazard concentration for 5% of the 
species (HC5) 

Toxicity data for each pesticide ingredients was obtained from De Zwart (2002). Both acute 
median effect concentrations (EC50) and chronic NOEC concentrations were 10log-
transformed before calculating the average log(toxicity) (abbreviated as AVG) over major 
taxonomical groups of organisms, and the associated standard deviation (STDEV). If 
sufficient chronic toxicity data were available, then the risk evaluation was based on the 
NOEC. For many of the pesticide ingredients, chronic data were extremely scarce. In those 
cases, the risk calculation was performed with chronic toxicity data extrapolated from acute 
observations. An uncertainty factor of 10 was applied to the acute SSD; in other words, 
AVGchronic = AVGacute/10 and STDEVchronic = STDEVacute (De Zwart 2002). For the 261 
pesticides, a total of 1,143 AVG and STDEV values were calculated and used as input for the 
risk calculation applied to each of the 18 major taxonomic groups (AVGTax. Grp and STDEVTax. 

Grp). 
 
Toxic risk per pesticide ingredient - From the calculated weekly exposure concentrations, 
the theoretical risk of each pesticide ingredient to each major taxonomical group was 
calculated by applying the function NORMDIST(10log(Present week’s final concentration 
(µg/L)), AVGTax. Grp, STDEVTax. Grp, 1) found in Microsoft Excel. 
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The theoretical risk per ingredient and per major taxon was averaged over the major 
taxonomic groups. Because the dataset generated by this calculation would be too large to 
store electronically (122000 × 261 × 52 ≈ 1.7 giga-records), the PAF-values per pesticide and 
per grid cell were averaged over 52 weeks and only the non-zero values of the yearly average 
PAF (Avg PAF) were retained for future use in the analysis. The yearly average origin of 
loading percentages (Old%, Drift%, Dry%, Wet%, and R&D%) for each pesticide ingredient 
also were retained in the analysis. 
 
Combined toxic risk of all pesticide ingredients - The combined toxic risk (multi-substance 
potentially affected fraction, msPAF) of all 261 pesticide ingredients was evaluated by 
sequentially applying the mixture toxicity mixed-model (Traas et al. 2002, De Zwart and 
Posthuma 2005). For pesticide ingredients with the same Toxic Mode of Action (TMoA), 
concentration additivity was assumed. The weekly calculated concentrations for each 
pesticide ingredient were transformed to Hazard Units per taxonomic group (HUIngredient, 

Tax. Grp), by dividing by Grp.TaxAVG10 , followed by summation (ΣHUTMoA, Tax. Grp). The weekly 
combined theoretical risk per TMoA and per major taxonomic group (msPAFTMoA, Tax. Grp) 
was then calculated by applying the function NORMDIST(10log(ΣHUTMoA, 

Tax. Grp),0,Average(STDEVTax. Grp),1). For groups of ingredients with different TMoA, the 
response of each major taxonomic group is calculated applying a response additive model. It 
was assumed that aquatic species do not share a significant correlation in their sensitivity for 
different toxicants: msPAFTax. Grp = 1- Π(1 - msPAFTMoA, Tax. Grp). The final theoretical risk 
(msPAF) was calculated as the average msPAFTax. Grp among all taxonomical groups 
considered in this analysis, assuming equal weight of major taxonomical groups. Because the 
dataset generated by this calculation was too large to store electronically, the average msPAF 
per 4 week period was retained. 
 
Verification of toxic risk with ecological field observations - Pesticide toxicity is not the 
only environmental condition governing species composition, as also other physical, 
chemical, and biological characteristics affect the expected community. The observed species 
composition in the field, in terms of the number and abundance of species, may, to a limited 
extent, directly be related to the predicted toxic risk associated with pesticide exposure. 
However, in view of the absence of extreme exposure levels, and the expected relevance of 
other environmental stressors, this approach was considered unlikely to yield sufficient 
explanatory power. 
 
Since the available dataset on biological and chemical observations in field ditches covers 
only 212 sites, it is statistically impossible to include many of the variables possibly 
governing species occurrence. The number of predictors (related to degrees of freedom) 
should be at least a factor of about 10 less than the number of observations. Especially, with 
habitat characteristics that are generally expressed in categories the increase in degrees of 
freedom will quickly exceed this requirement. 
 
Therefore, a few chemical water characteristics (Cl, TP, KN, DO and pH) were selected based 
on an earlier analysis of the importance of factors determining aquatic community 
composition (Ertsen and Wortelboer 2002). The influence of individual environmental 
predictors can only be discerned if the variables are not highly correlated. The dataset of 
chemical observations in field ditches, joined with the corresponding yearly average estimates 
of total toxic risk (msPAF) was analyzed to reveal correlation structure. The association 
between the observed abundance of macrofauna species and macrophytes and the 6 abiotic 
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predictors was established by Generalized Linear Modeling (GLM) (McCullagh and Nelder 
1989), yielding a GLM for each species. 
 
Assuming a Poisson distribution, species-specific regressions take the form of Equation 5.1: 
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 Equation 5.1 

The 6 predictors were added stepwise to the model with linear and quadratic terms. The 
quadratic terms were introduced to address non-linear response relationships, such as 
ecological optima. The stepwise procedure used the Bayesian Information Criterion (BIC) 
(Schwarz 1978) to restrict the addition of terms to those that have a significant contribution to 
the overall model (P < 0.05), making the full model highly significant. Calculations were 
conducted using S-Plus 2000 software (MathSoft, Inc., Cambridge, MA, USA.). The models 
were used to isolate the driving force of predicted pesticide toxicity on species assemblage. 
The relationship between toxic risk and both field-observed species richness and total 
individual counts was also evaluated. 

Results and discussion 

Toxic risk of pesticide ingredients 
Only 18% of the 261 pesticides produced a non-zero risk in one or more grid cells. The 
national average of the toxic risk (Avg PAF) for individual pesticides and the number of grid 
cells with non-zero risk are shown in Table 5.7. Because each pesticide is linked to specific 
crops, as well as to the proportion of the pesticide applied to a particular crop, Table 5.7 
makes it possible to score crop categories according to their respective impact on total 
pesticide toxic risk. Per crop category, the sum over pesticide ingredients is taken of the 
Avg PAF multiplied by the number of grid cells and multiplied by the proportion of crop use. 
With 58% weighted risk attribution, potatoes contribute most prominently to the total toxic 
risk predicted in field ditches. 
 
On a nation-wide scale, it can be concluded that only 7 pesticides account for approximately 
96% of total pesticide risk to the aquatic community. This is calculated by multiplying the 
Avg PAF of a pesticide with the number of grid cells where this pesticide exhibits a non-zero 
risk and expressing this quantity relative to the total (Table 5.7). The top 7 pesticide 
ingredients were fungicide maneb (36%), fungicide fentin-acetate (24%), pyrethroid 
insecticide lambda-cyhalothrin (11%, pyrethroid insecticide deltamethrin (10%), insecticide 
chlorpyrifos (8%), herbicide isoproturon (5%), and herbicide monolinuron (2%). 
Although pyrethroid insecticides (Erstfeld 1999) are known to readily degrade, the predicted 
risk to the aquatic community associated with the use of these pesticides is quite high 
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(approximately 21%). It should be noted, however, that exposure is not only dependent on 
persistence, but also on the frequency and amount of application. For pyrethroid insecticides, 
the application rate is frequent; despite rapid degradation, the high intrinsic toxicity of this 
class of pesticides may still produce adverse effects on the aquatic community. 

Table 5.7 Pesticide ingredients, arranged according to the calculated average toxic risk (Avg PAF), and the 
number of grid cells that produce non-zero risk, the associated crops and their proportion of 
pesticide use. 

Pesticide 
ingredient Avg PAF #Grid cells Crop Proportion of use 

in crop 
fentin-acetate 44% 36560 Potato 97% 
maneb 34% 70558 Potato 57% 
   Onions 18% 
   Flowers 14% 
pirimiphos-methyl 23% 3906 Flowers 98% 
tolylfluanide 20% 209 Fruit trees 90% 
isoproturon 19% 17657 Cereals 97% 
captan 18% 821 Fruit trees 84% 
   Flowers 14% 
monolinuron 17% 7553 Potato 94% 
esfenvalerate 17% 814 Flowers 47% 
   Potato 43% 
lambda-cyhalothrin 15% 46153 Potato 58% 
   Flowers 21% 
   Cereals 9% 
   Vegetables 8% 
deltamethrin 15% 46959 Potato 55% 
   Flowers 13% 
   Onions 8% 
diflubenzuron 12% 6314 Fruit trees 97% 
thiram 11%  Fruit trees 80% 
   Strawberries 11% 
fentin-hydroxide 8% 668 Potato 95% 
phosalone 6% 4648 Fruit trees 81% 
   Vegetables 19% 
chlorpyrifos 6% 92874 Flowers 37% 
   Potato 31% 
   Grass 20% 
fenbutatinoxide 5% 2335 Fruit trees 43% 
   Garden plants 33% 
   Strawberries 19% 
metsulfuron-methyl 5% 1017 Cereals 89% 
   Grass 11% 
permethrin 5% 290 Vegetables 38% 
   Grass 36% 
   Flowers 12% 
   Garden plants 5% 
propachlor 5% 387 Onions 94% 
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Table 5.8 The average pesticide-specific contribution of exposure routes (%) to the overall calculated 
exposure of field ditches in the Netherlands. 

Ingredient Residue from 
previous week 

Spray 
drift 

Dry 
deposition 

Wet 
deposition 

Run-off and 
drainage 

atrazin 72 10 10 8 0 
azinfos-methyl 89 11 0 0 0 
captan 1 84 1 13 0 
carbaryl 89 11 0 0 0 
carbendazim 81 19 0 0 0 
chloorfenvinfos 73 17 4 5 1 
chloorthalonil 41 49 1 8 0 
chlorpyrifos 72 12 6 10 0 
cyhexatin 66 34 0 0 0 
deltamethrin 71 29 0 0 0 
diazinon 59 23 0 19 0 
diflubenzuron 84 16 0 0 0 
dimethoate 48 36 12 2 1 
dinoterb 79 21 0 0 0 
diquat dibromide 39 52 0 0 9 
DNOC 60 0 4 36 0 
esfenvalerate 42 58 0 0 0 
fenbutatinoxide 51 49 0 0 0 
fentin-acetate 62 38 0 0 0 
fentin-hydroxide 66 34 0 0 0 
heptenofos 39 61 0 0 0 
isoproturon 88 12 0 0 0 
koperoxychloride 62 34 0 0 5 
lambda-cyhalothrin 57 43 0 0 0 
lindane 46 5 12 37 0 
linuron 53 47 0 0 0 
mancozeb 50 50 0 0 0 
maneb 49 39 0 0 13 
MCPA 44 18 0 33 5 
methiocarb 30 63 0 7 0 
metoxuron 42 58 0 0 0 
metribuzin 89 11 0 0 0 
metsulfuron-
methyl 

75 25 0 0 0 

mevinfos 34 51 14 1 0 
monolinuron 63 35 0 0 2 
permethrin 61 39 0 0 0 
phosalone 76 24 0 0 0 
pirimiphos-methyl 64 36 0 0 0 
propachlor 65 11 5 20 0 
simazin 55 41 0 0 4 
terbutryn 92 8 0 0 0 
terbutylazin 74 10 0 15 1 
thiram 41 59 0 0 0 
tolylfluanide 36 64 0 0 0 
triazofos 67 33 0 0 0 
zineb 42 58 0 0 0 
Total Average 58 33 1 5 1 
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For 46 pesticide ingredients, Table 5.8 gives the average percentage of the origin of pesticide 
loading to field ditches. For most ingredients, the residue from previous week’s exposure is 
most prominent (average 58%). Spray drift exposure is the second most important source of 
exposure (average 33%), followed by the amount of pesticide in wet deposition (average 5%). 
Dry deposition, as well as run-off and drainage, are negligible sources of exposure to the 
aquatic community. 
 
The frequency distribution of toxic risk in the aquatic ecosystem associated with the 
agricultural use of pesticides is given in Figure 5.2. The aquatic community in up to 75% of 
grid cells is predicted to suffer minor impact, with up to 5% of the species affected. A 
maximum of 51% impact on the aquatic community was predicted for exposure to the mixture 
of ingredients. 
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 Figure 5.2 Frequency distribution of pesticide risk for all grid cells of 25 hectare in the Netherlands during 4-
week intervals in 1998 

 
The 4-week average total toxic risk of pesticide use on the aquatic assemblage of species in 
field ditches is depicted in the maps presented in Figure 5.3. From left to right, and from top 
to bottom, the maps represent the 13 4-week intervals in 1998. White grid cells indicate a lack 
of data or areas where no pesticides are used (e.g., large water bodies). The lightest grey color 
shown in Figure 5.3 indicates an average toxic risk affecting less than 5% of the aquatic 
species potentially present in field ditches. Darker colors represent increasingly higher levels 
of predicted adverse effects. 
 
As shown in Figure 5.3, the first 3 months of the year hardly any pesticides are used, and the 
toxic risk of the pesticide mixture is below 5%. Pesticide use begins in April, evident in 
Figure 5.3 on the maps that appear darker in color. Overlaying the risk maps with the known 
distribution of crops, it can be shown that the culture of flower bulbs, potatoes and fruit trees 
are mainly responsible for the onset of toxic risk. The months of the year that indicate the 
highest risk of pesticide use for non-target aquatic species are June to August. The risks 
predicted for the last three 4-week periods of the year are associated with the application of 
soil fumigation disinfectants, mainly in flower bulb growing areas. 
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Generalized linear modeling results 
The abiotic set of 5 field observations and msPAF at 212 field ditch sites in the Netherlands, 
used to explain the observed abundance of species, has a certain correlation (Table 5.9). In 
Table 5.9, the lower part of the table shows correlation coefficients (r), while the upper 
shaded portion of the table describes the significance of the correlation. In the upper part, bold 
print indicates the few significant relationships between the variables. Pesticide toxic risk 
(msPAF) has a significant correlation only with chloride concentration (P << 0.001). The 
correlation, however, was due to 4 brackish outliers in the chloride dataset. Because the 
objective of this study was only to relate the modeled pesticide risk use to the species 
composition in field ditches, the observed significance of the correlations in the other 
variables was not considered of importance, nor was the omission of habitat characteristics 
that generally have a very important influence on species composition. 

 
Figure 5.3 Predicted ecotoxicological risk (msPAFNOEC) of pesticide use in field ditches. The 13 maps from 

left to right and from top to bottom represent the development of pesticide risk for 4-week periods 
throughout the year 1998. Darker colors indicate higher risk, up to the maximum level of 51% 
msPAF. 
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One or more of the 6 abiotic predictor variables show sufficient explanatory capacity for the 
GLM-predicted numerical abundance of 306 out of 344 macrofauna species and 92 out of 113 
macrophytes. Figure 5.4 shows the frequency distributions of the explained deviance of the 
GLMs for macrofauna (average 35%) and macrophytes (average 20%). By excluding msPAF, 
the average explained deviances reduce considerably to 29% and 18%, respectively. 

Table 5.9 Correlation cross table (r - lower left) and the significance of each correlation coefficient (P - 
upper right, shaded - bold print indicates significance at P < 0.05) for the abiotic set of field 
observations. 

 CL TP KN msPAF PH DO 

Cl  0.564 0.284 0.000 0.000 1.000 
TP 0.13  0.005 0.992 0.000 0.090 
KN 0.16 0.25  0.874 0.363 0.007 
msPAF 0.40 -0.08 -0.11  1.000 0.069 
pH 0.42 0.49 -0.15 0.04  0.000 
DO -0.06 0.19 -0.24 -0.19 0.57  

Cl = chloride, TP = total phosphorous, KN = Kjeldahl nitrogen, 
msPAF = pesticide risk – multi-substance potentially affected fraction of 
species, pH = acidity, and DO = dissolved oxygen 

 
When the values of the abiotic predictors for each of the 212 field ditch sites are substituted 
into the calibrated regression formulae for each species, the part of the linear predictor related 
to msPAF (li x msPAF + mi x msPAF2) indicates the “driving force” of toxic risk in terms of 
the natural log transformed numerical abundance of species. The msPAF portion of the linear 
predictor is called “contribution of msPAF”. Negative values of the contribution indicate a 
force lowering species abundance; positive values increase species abundance. 
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Figure 5.4 Frequency distributions of the explained statistical deviance in the generalized linear regression 

explaining the observed abundance of macrofauna and macrophyte species as a function of 6 
environmental factors. 
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In Figure 5.5, the msPAF contribution, irrespective of positive or negative contributions, is 
averaged over the respective groups of species and plotted against the local toxic risk 
(msPAF) for the aquatic community. Figure 5.5 illustrates that macrophytes are relatively 
insensitive to the modeled toxic risk of pesticide mixtures. This is most probably due to the 
fact that only two herbicides, comprising 7% of the total risk, are among the top 7 pesticides 
used in agricultural lands. The macrofauna assemblage in field ditches field appear to be more 
strongly associated to mixture risk of pesticides; up to a toxic risk of about 10 %, the toxicity 
does not reduce species abundance. When pesticide mixture risk is increasing, average 
predicted species abundance in field ditches is gradually forced lower. In terms of the 
predicted abundance of species (related to the probability of occurrence), the negative trend of 
the msPAF-contribution with increasing toxic risk means that a sizeable abundance of species 
that may be predicted by the other predictors is gradually multiplied by an increasingly small 
number (minimum is: e-50 ≈ 10-22) at higher toxic risk. This implies that it becomes much 
more likely that average numerical abundances of species, and thus the probability of 
occurrence, is reduced at higher toxic risks of pesticide use. 
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Figure 5.5 The relationship of mixture toxic risk and the modeled contribution of msPAF in terms of driving 

force to species abundance for macrofauna and macrophytes. 

Comparison of model results to field observations 
Only a weak relationship was observed between predicted mixture risk values (msPAF) and 
macrofauna species composition in field ditches, both in terms of the total number of species 
and the overall abundance of individuals. For the macrophytes such a relationship was 
completely lacking. To be able to observe the weak regression trends in the macrofauna data, 
abundant species and scarce species with more than 1,400 or less than 10 individuals at 
individual sites had to be removed from the analysis. The increased scatter of the data 
introduced by the most abundant and scarce species in the dataset obscured any trends in the 
data. By reducing the dataset to 299 macrofauna species, the slopes of the regression lines are 
clearly not significant (r2

macrofauna,# species is 0.027 and r2
macrofauna,total abundance is 0.01), and the 

percent difference between the predicted number of macrofauna species at the calculated risks 
of 0% and 38% is 43%. For the number of macrofauna individuals, the percent difference is 
38%. Both maximum reductions in number of species and individuals correspond remarkably 
well to the maximum predicted risk of pesticide use (38%) on the aquatic community. 
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Figure 5.6 shows the ranking distribution of the correlation coefficients between the pesticide 
toxic risk values (msPAF) and the observed abundance of individual macrofauna and 
macrophyte species. At the 212 monitored field ditch sites, 29% of the macrofauna species 
(n=299) have a positive correlation between their abundance and toxic risk. These species 
may be marked “opportunists” since they most probably display indirect effects by filling the 
gap left by the 71% of “sensitive” species that are reduced in abundance with increasing toxic 
risk. For macrophytes (n=106), opportunist and sensitive species represent 20% and 80% of 
the community, respectively. Figure 5.6 clearly illustrates why diversity indices, species 
richness and total abundance are not very sensitive indicators for ecological effects over a 
wide range of toxic exposure. Diversity effects are obscured by a shift in species composition. 
The abundance of some species is reduced, at the same time other species increase, leaving 
the overall change in biodiversity indices unchanged even though biodiversity itself changes 
considerably. Without the attribution of a tolerance score to the individual species or relating 
species composition to a reference community, it is generally not possible to demonstrate 
toxic effects on species diversity, unless an extremely high level of toxicity is detrimental to 
the majority of species. 
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Figure 5.6 Distribution of the correlation coefficient (r) between pesticide toxic risk (msPAF) and the 

observed abundance of individual macrofauna species (n=299) and macrophytes (n=106) 

 
Table 5.10 gives the top 10 sensitive and opportunist species in macrofauna and macrophytes 
assemblages, respectively. To my knowledge, there are still insufficient data to relate this 
grouping to a known sensitivity of the individual species. Studies by Klepper et al. (1999) and 
Mulder et al. (2003), indicate the differences in endpoint sensitivity between responses at the 
macro-scale of observation (e.g., species numbers and diversity indices) and at the micro-
scale of observation (e.g., the waxe and wane of individual species). In Mulder et al. (2003), 
for example, the responses of nematode communities to environmental stress, in terms of total 
density, was the most sensitive, followed by numbers of taxa and the Shannon-index, while 
NOECs for separate species covered a broad range from sensitive to tolerant species. 
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Table 5.10 Top 10 sensitive and opportunist macrofauna and macrophyte species in field ditches in the 
Netherlands. 

Macrofauna Macrophytes 

Sensitives Opportunists Sensitives Opportunists 

Arrenurus crassicaudatus Anisus leucostomus Butomus umbellatus Callitriche sp. 

Collembola Chironomus plumosus Galium palustre Ceratophyllum demersum 

Erpobdella octoculata Cricotopus sylvestris Lycopus europaeus Glechoma hederacea 

Helochares sp. Haliplus lineatocollis Mentha aquatica Juncus effusus 

Limnesia maculata Neomysis integer Nuphar lutea Lemnaceae 

Mideopsis orbicularis Physa acuta Nymphaea alba Phragmites australis 

Piona conglobata Valvata cristata Peucedanum palustre Potamogeton pectinatus 

Piona imminuta  Ranunculus sceleratus Potamogeton pusillus 

Polypedilum nubeculosum Rumex hydrolapathum Spirodela polyrhiza 

Radix ovata  Solanum dulcamara Wolffia arrhiza 

Conclusions 
Though highly complex, both in concept and in computer programming, a GIS-based analysis 
of the potential for exposure of aquatic communities in field ditches in the Netherlands to all 
pesticides used in outdoor agricultural practice can be accomplished. Regarding the 
uncertainties in the exposure model, it can be stated that the applied rates of major individual 
transfer and attenuation processes are all supported by experimental evidence (Leistra et al. 
2000, De Nie 2002). For validation, it would have been nice to be able to compare the 
predicted concentrations to concentrations measured in the monitoring network. 
Unfortunately, this is impossible due to lack of data. The monitoring network has very little 
focus on field ditches, and only 2 of the top 7 pesticides (chlorpyrifos and isoproturon, with 
only 8 and 5% of modeled impact, respectively) have some coverage in the monitoring data of 
larger water bodies. 
 
The conversion of pesticide exposure concentrations in field ditches allows for a toxicity 
scaled comparison and ranking of pesticides attributable to particular types of crop. The maps 
produced on the aquatic risk of combined pesticide exposure seem plausible from underlying 
knowledge on the where, what, and when of crops and pesticide use. 
 
The field verification study was not able to draw firm conclusions regarding the predicted 
impact of pesticide use on overall biodiversity. The field verification work performed in this 
study only gives an indication that the effects on aquatic ecosystems, predicted from the crop-
based use of pesticides, may indeed be realistic, even though the available data on species 
abundance proved to be low (only 212 field ditch sites were available for 1998). However, the 
GLM-regression and the correlation between pesticide toxic risk and individual abundance of 
species showed a highly significant relationship between toxic pesticide risk and the 
abundance of some individual aquatic species. A toxicity related shift from sensitive to 
tolerant or opportunistic species can be observed for a few species. The majority of aquatic 
species are indifferent with respect to the predicted level of pesticide exposure believed to 
occur in field ditches in the Netherlands. The ecological implications on the aquatic 
community are an area that deserves further research. 
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Appendix 5.1: Pesticides and physico-chemical 
properties 
Active pesticide ingredients with estimates of physico-chemical properties (TMoA = toxic 
mode of action; kW = degradation rate constant in water; Kom = partitioning coefficient 
between water and soil organic matter; kS = degradation rate constant in soil; VdW = vertical 
displacement velocity to water; VdS = vertical displacement velocity to soil). The table is 
sorted according to toxic mode of action. 
 
Toxicity data are omitted, because the dataset comprises nearly 1150 records. 
 

Active ingredient TMoA kW 
(1/wk) Kom kS 

(1/wk) 
VdW 

(cm/s) 
VdS 

(cm/s) 

triazamaat Unknown 1.00 138.95 0.50   
Na-p-tolueen- 
sulfonchloramide Unknown 1.00 7.20 0.50   

ethefon Unknown 1.00 138949.55 0.43   
benazolin(-ethyl) Unknown 1.00 56.60 0.50   
triforine Unknown 1.00 5568.19 0.23   
buminafos Unknown 1.00 138.95 0.50   
dazomet Unknown 1.00 7.20 0.69   
polyvinylacetaat Unknown 1.00 3.27 0.50   
trinexapac-ethyl Unknown 1.00 3.40 0.50   
pyridaben Unknown 1.00 233034.38 0.50   
d-karvon Unknown 1.00 138.95 0.50   
azijnzuur acid 1.00 0.72 0.50   
boraat acid 1.00 0.14 0.50   
formaldehyde aldehyde 2.31 1.97 0.50   
glutaaraldehyde aldehyde 1.00 0.71 0.50   
metaldehyde aldehyde 1.00 109.65 0.49   
cymoxanil aliphatic nitrogen 1.00 3738.89 0.50   
dodine aliphatic nitrogen 3.47 0.18 0.24   
guazatine aliphatic nitrogen 1.00 138.95 0.50   
propyzamide amide 0.09 93.63 0.08   
diflufenican anilide 1.00 13453.65 0.02   
abamectine antibiotic 1.00 1483.98 0.17   
kasugamycine antibiotic 1.00 5.35 2.91   
streptomycine-sulfaat antibiotic 1.00 7.20 0.50   
validamycine antibiotic 1.00 0.00 0.50   
chloorfacinon anticoagulant 1.00 43090.63 0.50   
fentin-acetaat antifeedants 1.00 776.71 0.50   
fentin-hydroxide antifeedants 1.00 5459.37 0.06   
chloorthalonil aromatic 0.69 491.39 0.16 0.12 0.00 
dichloran aromatic 1.00 93.73 0.50   
kresol aromatic 1.00 138.95 0.50   
nitrothal-isopropyl aromatic 1.00 603.57 0.50   
clodinafop-propargyl aryloxyphenoxypropionic 4.62 138.95 6.07   
fenoxaprop-P-ethyl aryloxyphenoxypropionic 1.00 2578.86 0.54   
fluazifop-P-butyl aryloxyphenoxypropionic 1.00 138.95 0.50   
haloxyfop-ethoxyethyl aryloxyphenoxypropionic 1.00 4452.20 0.50   
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Active ingredient TMoA kW 
(1/wk) Kom kS 

(1/wk) 
VdW 

(cm/s) 
VdS 

(cm/s) 

haloxyfop-P-methyl aryloxyphenoxypropionic 1.00 2688.47 0.09   

propaquizafop aryloxyphenoxypropionic 1.00 7517.42 0.50   
quizalofop-ethyl aryloxyphenoxypropionic 1.00 138.95 0.50   
quizalofop-P-ethyl aryloxyphenoxypropionic 1.00 138.95 0.50   
1-naftylaceetamide auxins 1.00 28.15 0.50   
1-naftylazijnzuur auxins 1.00 77.20 0.50   
3-indolylazijnzuur auxins 1.00 15.43 0.50   
3-indolylboterzuur auxins 1.00 86.73 0.50   
flutolanil benzanilide 1.00 8283.18 0.02   
carbendazim benzimidazole 0.17 103.34 0.05   
thiabendazool benzimidazole 1.00 598.61 0.01   
thiofanaat-methyl benzimidazole 1.00 622.71 0.50   
ethofumesaat benzofuranyl alkylsulfonate 1.00 147.43 0.16 0.43 0.15 

benfuracarb benzofuranyl- 
methylcarbamate 0.69 4200.46 0.50   

dicamba benzoic acid 0.14 0.45 0.25   
sulcotrion benzoylcyclohexanedione 1.00 138.95 0.50   
broompropylaat bridged diphenyl 1.00 35491.61 0.50   
dicofol bridged diphenyl 0.17 1483.98 0.11   
asulam carbamate 1.00 133.57 0.50   
benomyl carbamate 0.69 647.78 0.04   
carbaryl carbamate 0.09 105.40 0.49   
carbofuran carbamate 0.35 14.08 0.06   
diethofencarb carbamate 1.00 237.84 0.50   
methiocarb carbamate 2.31 97.40 0.15   
pirimicarb carbamate 0.03 42.52 0.09 0.40 0.25 
propamocarb-
hydrochloride carbamate 1.00 138.95 0.50   

propoxur carbamate 0.69 18.56 0.16   
carbeetamide carbanilate 1.00 729.22 0.50   
chloorprofam carbanilate 0.12 251.19 0.18 0.44 0.07 
desmedifam carbanilate 0.87 531.76 0.15   
fenmedifam carbanilate 4.62 789.12 0.07   
profam carbanilate 1.00 46.93 0.49   
buprofezin chitin synthesis inhibitors 0.14 4200.46 0.07   
cyromazin chitin synthesis inhibitors 1.00 93.63 0.04   
diflubenzuron chitin synthesis inhibitors 0.35 1918.04 0.15   
teflubenzuron chitin synthesis inhibitors 1.00 6956.10 0.50   
metazachloor chloroacetanilide 1.00 101.29 0.50   
metolachloor chloroacetanilide 0.17 128.40 0.05 0.42 0.14 
propachloor chloroacetanilide 0.17 118.65 0.81 0.45 0.03 
atrazin chlorotriazine 0.17 83.18 0.08 0.46 0.24 
cyanazin chlorotriazine 0.14 90.01 0.35   
simazin chlorotriazine 0.09 63.10 0.08 0.47 0.13 
terbutylazin chlorotriazine 0.03 97.40 0.04   
azaconazole conazole 1.00 138.95 0.01   
bromuconazool conazole 0.05 537.24 0.50   
cyproconazool conazole 1.00 547.77 0.01   
difenoconazool conazole 1.00 24077.50 0.50   
epoxiconazool conazole 0.03 138.95 0.02   



 Effects of Pesticides 

 105 

Active ingredient TMoA kW 
(1/wk) Kom kS 

(1/wk) 
VdW 

(cm/s) 
VdS 

(cm/s) 

imazalil conazole 1.00 1218.19 0.03   
myclobutanil conazole 1.00 206.20 0.07   

penconazool conazole 1.00 8610.90 0.50   
prochloraz conazole 1.00 206.20 0.04   
propiconazool conazole 1.00 256.20 0.04   
tebuconazool conazole 0.01 1311.46 0.02   
triadimenol conazole 0.01 372.76 0.03   
triflumizool conazole 1.00 23.52 0.35   
koperhydroxide copper 1.00 0.14 0.50   
koperoxychloride copper 1.00 7.20 0.50   
brodifacum coumarin 1.00 14808901.9 0.50   
bromadiolon coumarin 1.00 822415.77 0.50   
difenacum coumarin 1.00 2634112.30 0.50   
difethialon coumarin 1.00 188057833 0.50   
cycloxydim cyclohexene oxime 1.00 1859.59 4.85   
sethoxydim cyclohexene oxime 1.00 51.79 0.97   
isoxaflutool cyclopropylisoxazole 1.00 138.95 0.50   
captan dicarboximide 19.41 93.63 1.62 0.45 0.01 
folpet dicarboximide 1.00 635.12 0.50   
iprodion dicarboximide 1.00 277.24 0.35   
procymidon dicarboximide 1.00 531.76 0.69 0.45 0.00 
vinchlozolin dicarboximide 1.00 9301.89 0.24 0.45 0.13 
pendimethalin dinitroaniline 1.00 1483.98 0.05   
dinoterb dinitrophenol 1.00 1167.35 0.50   
DNOC dinitrophenol 0.17 116.34 0.50 0.48 0.03 
mancozeb dithiocarbamate 1.00 138.95 0.07   
maneb dithiocarbamate 1.00 3.33 0.07   
metiram dithiocarbamate 1.00 76862.46 0.24   
thiram dithiocarbamate 1.00 266.51 0.32   
zineb dithiocarbamate 1.00 372.76 0.16   
ziram dithiocarbamate 1.00 372.76 0.16   
amitraz formamidine 6.93 372.76 3.43   
aluminium-fosfide fosfide 1.00 7.20 0.50   
gibbereline gibberellins 1.00 7.20 0.50   
gibberella zuur A3 gibberellins 1.00 1.59 0.50   
gibberellin A4 + A7 gibberellins 1.00 1.59 0.50   
dikegulac-natrium growth inhibitors 1.00 138.95 0.50   
maleine hydrazide growth inhibitors 1.00 2.43 0.16   
chloormequat growth retardants 1.00 0.00 0.67   
daminozide growth retardants 1.00 5.91 0.43   
cloquintoceet-mexyl herbicide safeners 4.62 138.95 3.69   
fenchlorazool-ethyl herbicide safeners 1.00 138.95 0.50   
n,n-diallyldichloor- 
aceetamide herbicide safeners 1.00 35.53 0.50   

natriumhydroxide hydroxide 1.00 0.14 0.50   
ferrosulfaat inorganic 1.00 7.20 0.50   
codlemon insect attractants 1.00 138.95 0.50   
fenoxycarb juvenile hormone mimics 0.23 372.76 0.22   
desmetryn methylthiotriazine 1.00 64.35 0.50   
prometryn methylthiotriazine 1.00 277.24 0.08   
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Active ingredient TMoA kW 
(1/wk) Kom kS 

(1/wk) 
VdW 

(cm/s) 
VdS 

(cm/s) 

terbutryn methylthiotriazine 0.03 673.86 0.12   
chlofentezin mite growth regulators 1.00 2903.07 0.12   
hexythiazox mite growth regulators 1.00 1772.44 0.16   

dimethomorph morpholine 2.31 181.27 0.50   
dodemorf morpholine 0.17 63518.05 0.03   
fenpropimorf morpholine 1.00 2636.82 0.50   
bromoxynil nitrile 0.87 330.77 0.88   
dichlobenil nitrile 0.69 107.50 0.07 0.49 0.01 
ioxynil nitrile 1.39 776.71 0.38   
aclonifen nitrophenyl ether 1.00 2536.46 0.08   
bifenox nitrophenyl ether 1.00 2682.70 0.41   
fenolen non polar narcosis 1.00 138.95 0.50   
indeen non polar narcosis 1.00 288.77 0.50   
minerale olie non polar narcosis 1.00 138.95 0.50   
naftaleen non polar narcosis 1.39 411.42 0.16   
xylenol non polar narcosis 1.00 138.95 0.50   
dienochloor organochlorine 0.03 372.76 0.03   
lindaan organochlorine 0.17 463.14 0.01 0.44 0.00 
MCPA organochlorine 0.69 0.06 0.50 0.46 0.37 
chloorfenvinfos organophosphate 0.17 130.96 0.04 0.41 0.07 
dichloorvos organophosphate 1.39 27.00 2.88 0.48 0.01 
fosethyl-aluminium organophosphate 1.00 138.95 0.50   
fosfamidon organophosphate 1.00 5.35 0.29   
glufosinaat-
ammonium organophosphate 1.00 51.79 0.69   

glyfosaat organophosphate 0.69 5679.18 0.10   
glyfosaat-trimesium organophosphate 1.00 138.95 0.50   
heptenofos organophosphate 1.00 33.55 0.50   
mevinfos organophosphate 1.00 25.45 1.62 0.46 0.34 
pyrazofos organophosphate 1.00 673.86 0.50   
tolclofos-methyl organophosphate 1.00 673.86 0.16 0.11 0.00 
azinfos-methyl organothiophosphate 0.17 90.01 0.49 0.39 0.01 
chloorpyrifos organothiophosphate 0.09 5568.19 0.08 0.40 0.01 
diazinon organothiophosphate 0.02 227.58 0.12 0.41 0.01 
dimethoaat organothiophosphate 0.23 10.68 0.62 0.46 0.30 
ethoprofos organothiophosphate 0.17 56.05 0.50   
etrimfos organothiophosphate 1.00 1237.31 0.50   
fosalon organothiophosphate 0.69 179.59 0.23   
malathion organothiophosphate 0.46 622.71 4.85 0.41 0.09 
methidathion organothiophosphate 1.00 20.48 0.69   
omethoaat organothiophosphate 1.00 0.23 0.50   
oxy-demeton-methyl organothiophosphate 1.00 29.22 0.50   
parathion-ethyl organothiophosphate 0.35 553.17 0.35 0.44 0.01 
pirimifos-methyl organothiophosphate 1.00 372.76 0.16 0.43 0.02 
thiometon organothiophosphate 1.00 497.13 0.50   
triazofos organothiophosphate 1.00 232.12 0.50   
vamidothion organothiophosphate 1.00 1.36 0.50   
azocyclotin organotin 1.00 138.95 0.50   
cyhexatin organotin 1.00 1318.26 0.05   
fenbutatinoxide organotin 4.62 758.58 0.02   
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Active ingredient TMoA kW 
(1/wk) Kom kS 

(1/wk) 
VdW 

(cm/s) 
VdS 

(cm/s) 

hymexazool oxazole 1.00 2.44 0.50   
aldicarb oxime carbamate 2.31 18.56 0.34   
butocarboxim oxime carbamate 1.00 10.47 0.50   
methomyl oxime carbamate 0.17 13.01 0.16   
oxamyl oxime carbamate 1.00 7.20 0.61   
thiodicarb oxime carbamate 1.00 337.73 0.23   
perazijnzuur peroxide 1.00 0.13 0.50   
waterstofperoxide peroxide 1.00 0.05 0.50   
broomfenoxim phenoxy 1.00 603.57 0.50   
2,4-D phenoxyacetic 0.17 23.52 0.59 0.45 0.07 
dichloorprop phenoxypropionic 0.03 776.71 0.50   
dichloorprop-P phenoxypropionic 1.00 776.71 0.50   
mecoprop-P phenoxypropionic 1.00 64.35 0.23   
dichlofenthion phenyl organothiophosphate 1.00 21431.73 0.50   
fenitrothion phenyl organothiophosphate 0.35 179.59 1.21 0.40 0.03 
fonofos phenyl organothiophosphate 2.31 331.13 0.12   
parathion-methyl phenyl organothiophosphate 0.69 372.76 0.97   
dichlofluanide phenylsulfamide 0.12 195.90 0.69   
tolylfluanide phenylsulfamide 1.00 26.48 0.50   
chloorbromuron phenylurea 1.00 101.32 0.12   
chloortoluron phenylurea 1.00 53.88 0.04   
diuron phenylurea 0.69 128.40 0.05   
isoproturon phenylurea 0.09 113.79 0.28   
linuron phenylurea 0.17 232.12 0.08   
metobromuron phenylurea 1.00 53.88 0.50   
metoxuron phenylurea 1.00 31.00 0.50   
monolinuron phenylurea 1.00 63.10 0.08   
pencycuron phenylurea 1.00 11519.52 0.50   
fenamifos phosphoramidate 1.00 125.89 0.10   
acefaat phosphoramidothioate 0.10 1.81 1.76   
tebufenpyrad pyrazole 1.00 138.95 0.50   
deltamethrin pyrethroid ester 0.07 167564.82 0.26   
esfenvaleraat pyrethroid ester 1.00 1543.73 0.81   
fenpropathrin pyrethroid ester 1.00 138.95 0.50   
fenvaleraat pyrethroid ester 1.00 1543.73 0.14   
lambda-cyhalothrin pyrethroid ester 1.00 32253.10 0.16   
permethrin pyrethroid ester 0.23 13010.25 0.16   
pyrethrinen pyrethroid ester 1.00 138.95 0.50   
pyridaat pyridazine 1.00 67324.68 0.50   
chloridazon pyridazinone 1.00 60.65 0.23   
clopyralid pyridine 1.00 7.82 0.03   
fluazinam pyridine 1.00 138.95 0.05 0.38 0.01 
fluroxypyr pyridine 1.00 9.68 0.50   
pyrifenox pyridine 1.00 1311.46 0.50   
triclopyr pyridine 1.00 16.82 0.11   
imidacloprid pyridylmethylamine 0.06 138.95 0.02   
bupirimaat pyrimidine 0.06 305.99 0.04   
fenarimol pyrimidine 1.00 241.47 0.01   
pyrimethanil pyrimidine 1.00 138.95 0.50   
fenpiclonil pyrrole 1.00 1788.82 0.50   
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Active ingredient TMoA kW 
(1/wk) Kom kS 

(1/wk) 
VdW 

(cm/s) 
VdS 

(cm/s) 

Alkyldimethylbenzyl- 
ammoniumchloride 

quaternary ammonium 1.00 138.95 0.50   

Alkyldimethylethyl- 
Benzylammonium- 
chloride 

quaternary ammonium 1.00 138.95 0.50   

Didecyl- 
Dimethylammonium- 
chloride 

quaternary ammonium 1.00 138.95 0.50   

diquat dibromide quaternary ammonium 0.69 0.00 0.50   
paraquat-dichloride quaternary ammonium 1.00 138949.55 0.00   
quinmerac quinolinecarboxylic acid 1.00 0.91 0.50   
dithianon quinone 1.00 247.25 0.41   
zilverthiosulfaat silver 1.00 0.02 0.50   
azoxystrobine strobin 1.00 138.95 0.50   
kresoxim-methyl strobin 1.00 138.95 0.50 0.46 0.02 
amidosulfuron sulfonylurea 1.00 138.95 0.50   
metsulfuron-methyl sulfonylurea 1.00 24.10 0.50   
rimsulfuron sulfonylurea 1.00 1.72 0.50   
triflusulfuron-methyl sulfonylurea 1.00 138.95 0.50   
zwavel sulfur 1.00 138.95 0.50   
piperonylbutoxide synergists 1.00 51.79 0.97   
etridiazool thiazole 1.00 691.36 0.50   
EPTC thiocarbamate 0.17 109.65 0.81   
prosulfocarb thiocarbamate 1.00 8283.18 0.50   
tri-allaat thiocarbamate 1.00 743.75 0.06 0.40 0.00 
metamitron triazinone 1.00 38.52 0.17 0.40 0.09 
metribuzin triazinone 0.17 49.79 0.12   
amitrol triazole 1.00 1.57 0.24   
bitertanol triazole 0.35 3201.38 0.12   
bentazon unclassified 0.02 220.08 0.20 0.48 0.28 
lenacil uracil 1.00 564.19 0.50   
methabenzthiazuron urea 1.00 256.20 0.04 0.40 0.15 
furalaxyl xylylalanine 1.00 158.25 0.50   
metalaxyl xylylalanine 1.00 28.65 0.07   
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6 Use of predictive models to attribute potential 
effects of mixture toxicity and habitat alteration 
on the biological condition of fish assemblages 

De Zwart, D., Dyer, S.D., Posthuma, L., and Hawkins, C.P. 2005. Use of predictive models to attribute 
potential effects of mixture toxicity and habitat alteration on the biological condition of fish 
assemblages. Ecological Applications: Provisionally accepted August 2005. 

Introduction 
Prevention and minimization of adverse alterations to ecosystems are the principle goals of 
environmental management. Ecosystem degradation is caused by one or more physical and 
chemical stressors operating together (Baird and Burton 2001), which produce a typical 
sequence of biotic change with increasing stress (Davies and Jackson 2005). Some human-
caused stressors have no natural counterparts, whereas other stresses represent alterations in 
naturally occurring factors. Assessing the degree of alteration and assigning causality often 
requires a wide array of tools. Methods for measuring the magnitude of biotic degradation in 
aquatic communities are well developed (e.g., Karr 1981, Moss et al. 1987), but diagnoses of 
probable causes rely on various combinations of expert judgment, application of multivariate 
statistics, and weighting of evidence. Unfortunately, these methods often require a great deal 
of expertise to use and interpret, and their results are often difficult to communicate. Further, 
mixtures of potentially toxic compounds are often not a part of such assessments. Although 
identification of the causes of biological impairment may always require application of 
sophisticated tools, there may be more elegant and effective ways of presenting complicated 
information. A method is needed that communicates both the magnitude of impairment and 
the likely relative importance of different stressors in that impairment. In this paper, we 
describe such a method. 
 
Our purpose is to describe a general eco-epidemiological diagnostic framework for linking 
measures of ecological impairment with likely causes (Bro-Rasmussen and Løkke 1984). The 
specific method combines ecological, ecotoxicological, and exposure modeling to provide 
statistical estimates of the effect of different natural and anthropogenic stressors on stream 
fish assemblages. We show the outcome of such analyses as easily understood pie diagrams. 
We initially conducted this analysis with no knowledge of the local fish fauna as a way of 
ensuring a ‘blind’ procedure. However, once we created maps showing species loss and likely 
stressors, we then examined the literature to determine if the observed patterns were 
consistent with previous observations. 

Methods 

Schematic outline 
We used a large (1552 sites) data set consisting of measures of fish species composition and 
abundance, habitat descriptors, and water chemistry to assess how well we could link local 
impairment to site information. All data were placed into a geographic information system 
(GIS) to facilitate data management and linkage with various statistical and graphic programs. 
In the following sections we describe the data set, analyses, and methods in which results 
were simplified to Effect and Probable Cause pie charts (hereafter, EPC). A schematic outline 
of the analytical steps is presented in Figure 6.1. 
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Figure 6.1 Schematic outline of the steps in data analysis needed to derive the degree of impact per site (pie 

sizes) and the statistical association of impact to the predictors (slice sizes). 

Raw data: origin, handling, merging, choices 

River network data 

We obtained baseline data for Ohio rivers from the U.S. Environmental Protection Agency's 
(U.S. EPA) reach file Version 1 (RF1) (USEPA 1992a). This file presents rivers as a series of 
connected line segments at a scale of 1:500,000. However, the data do not have network 
features, which are essential for establishing up-down stream relationships. We therefore used 
ARC/INFO v 7.0.4 (Environmental Systems Research Institute (ESRI), Redlands, California) 
to create a river network from the RF1 line file within a GIS database (Dyer et al. 2000). 

Fish data 

We used survey data provided by the Ohio Environmental Protection Agency (Ohio EPA), 
Columbus, Ohio, USA, for 98 native and 19 introduced fish species (Trautman 1981, Barbour 
et al. 1999) for the years 1990-1996. Prior to analysis all sample counts were standardized to 
≤ 300 individuals by randomly re-sampling any original field count > 300 individuals to 300 
individuals. Resampling was done without replacement to mimic how a large field sample of 
fish would be subsampled manually. If the original sample contained < 300 individuals, we 
used the original count. 

Physical habitat data 

Local, site-specific, fish habitat data were provided by the Ohio EPA. Habitat data included 
sampling location (latitude, longitude), drainage area above each sample site, and the 
individual metrics used to derive Ohio EPA’s Qualitative Habitat Evaluation Index (QHEI, 
Rankin 1989). Briefly, the QHEI is derived from seven metrics scored by expert judgment: 
substrate, in stream cover (cover), channel quality (channel), riparian/erosion condition 
(riparian), pool, riffle, and vertical gradient (slope). In addition to the QHEI metrics, the 
number of modified warm water habitat attributes (WWATR, data set range 0 - 9) was 
included as an indicator of the degree to which sites conformed to reference conditions. 
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Reference WWATR attributes included: no channelization, silt free substrates, boulders, 
cobbles and gravel in substrate, moderate to high sinuosity, low overall and riffle 
embeddedness, presence of fast current and eddies, presence of varied cover and a maximum 
depth > 40 cm. The number of modified WWATR provided an antithesis metric to the other 
habitat factors, indicative of altered sites. 
 
We extracted locations of wastewater treatment plants (WWTP) from U.S. EPA’s Needs 
Survey (USEPA 1989) and Permit Compliance System (PCS, USEPA 1992c) databases, 
which included a total of 567 Ohio WWTP facilities discharging to RF1 river reaches. 

Chemical habitat data 

Measured water chemistry 
We extracted ambient water chemistry data for Ohio streams from U.S. EPA’s STORET 
database (USEPA 1995). Parameters were: total metal concentrations (Cd, Cu, Pb, Ni, Zn), 
dissolved oxygen, hardness, total ammonia, pH, and total suspended solids. Too few data for 
organic contaminants, BOD, and inorganic nutrients (P and N) were available for use in this 
study. Water chemistry data were retrieved for the years 1990-1996, the same time period 
over which data on fish assemblages were compiled. The median and 90th centile 
concentrations for each water chemistry parameter were determined per site. 

Calculation of cumulative effluent 
We obtained mean flow data for all receiving waters from U.S. EPA’s RF1 river file. We 
combined these values with flow data obtained from municipal WWTPs to estimate dilution 
factors and cumulative percent WWTP effluent. We used cumulative percent WWTP effluent 
as surrogate measure of persistent wastewater constituents within stream reaches. Percent 
cumulative effluent was calculated as the ratio of WWTP flow to receiving stream flow for 
headwater segments. For all other segments, WWTP flow included not only contributions 
from facilities on those river segments, but also contributions from facilities upstream (e.g. 
main stem, tributaries) of those segments. 

Estimation of household contaminants in rivers 
We used the GIS-ROUT model (Dyer and Caprara 1997, Wang et al. 2000, Wang et al. 2005) 
to estimate riverine concentrations of contaminants derived from household-products. GIS-
ROUT is a national scale model that assumes a per capita use per day of product ingredients 
to determine WWTP loads, derives effluent concentrations by estimating removal of these 
chemicals as a function of treatment type, and then predicts receiving water concentrations in 
all RF1 river reaches by accounting for dilution, first order losses, and upstream contributions 
via the simultaneous routing of reaches (Wang et al. 2000). We estimated environmental 
concentrations of five consumer product ingredients (triclosan, linear alkylbenzenesulfonate 
(LAS), alcohol ethoxylates (AE), alcohol ethoxylate sulfates (AES) and boron) at both mean 
and critical low flows (7Q10). Loadings and treatment plant removal varied substantially for 
each compound as did in stream losses (Table 6.1). 
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Exposure modeling of toxicants 

Heavy metals 
The toxicity of heavy metals for fish is strongly associated with the dissolved fraction in 
ionized form (Sorensen 1991), which depends on water hardness. We estimated the 
bioavailable fractions of Cd, Cu, Ni, Pb and Zn in each reach using Ohio EPA’s hardness-
based criteria (Ohio EPA 1996). 

Table 6.1 Annual U.S. consumption volumes for triclosan, linear alkylbenzene sulfonate (LAS), alcohol 
ethoxylates (AE), alcohol ethoxylate sulfates (AES) and boron as well as wastewater treatment 
plant (WWTP) removals and first-order river loss rates as used for GIS-ROUT model estimations 
for riverine concentrations in Ohio. Parenthesis below chemical names refer to the average alkyl 
and ethoxylate chain lengths, respectively. 

 Chemicals 
  

Triclosan 
LAS 
(C12) 

AE 
(C13-E3.1) 

AES 
(C13.45-E1.5S) 

 
Boron 

National volume use (metric tons) 6001) 303,4583) 141,9763) 268,0773) 4,5363) 

Per capita use per day (g) 0.0062 3.137 1.467 2.771 0.0467 

WWTP Process WWTP Removal (%) 

Activated Sludge 951) 994) 994) 984) 04) 
Oxidation Ditch 951) 994) 994) 984) 04) 
Rotating Biological Contactor 951) 984) 994) 984) 04) 
Lagoon 951) 984) 994) 984) 04) 
Trickling Filter 801) 804) 964) 934) 04) 
Primary 301) 274) 18.94) 04) 04) 
In-stream degradation First-order river loss (d-1) 

River Loss 0.2642) 0.72) 31.22) 242) 05) 
1) McAvoy et al., 2002 
2) Federle and Schwab, 2003 
3) SRI, 2002 
4) McAvoy et al., 1998 
5) Dyer and Caprara, 1997 

Household product chemicals 
We considered the modeled concentrations of the household product chemicals boron, AE, 
AES, LAS, and triclosan to be entirely bioavailable. 

Total ammonia 
Unionized ammonia (NH3) is 100 times more toxic for fish than the ammonium ion (NH4

+) 
(USEPA 1999). We expressed total ammonia as the 90th centile value of total ammonia values 
measured at a site. We estimated NH3 from total ammonia following methods given in 
USEPA (1999). Because ionization of ammonia is dependent on pH and temperature, we used 
site-specific median pH and assumed a constant temperature of 12 °C in the calculations. 

Risk estimation of chemicals and mixtures 
Instead of using separate compound concentrations, we calculated two summary indicators of 
risk based on the bioavailable fractions of the studied chemicals to depict the potential 
influence of various contaminants on fish: 1) the multi-substance Potentially Affected 
Fraction of species (msPAF) for chemicals of industrial and geochemical origin (NH3, Cd, 
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Cu, Ni, Pb, and Zn), and 2) the msPAF for household product constituents (boron, AE, AES, 
LAS and triclosan). This procedure provides indicators for potential toxic stress, while 
minimizing the number of parameters to the assessment (entering the toxicity of individual 
contaminants would imply added degrees of freedom and reduction of statistical power). 
Converting the exposure concentrations of each contaminant to a msPAF value required two 
steps. 
 
We first used Species Sensitivity Distributions (SSD) (Posthuma et al. 2002a) to estimate 
toxic risk for each compound (Figure 6.2). Toxic risk is expressed as the Potentially Affected 
Fraction of species (PAF) at a given concentration. A SSD is defined by a log-logistic 
function in which alpha (α) specifies its median and beta (β) its slope. We used laboratory 
aquatic toxicity data from the U.S.EPA Ecotox database (USEPA 2002) to construct SSDs for 
ammonia and heavy metals. Our goal was to derive SSDs for chronic effects. Since chronic 
toxicity data were scarce compared to the availability of acute toxicity test data, even for 
common chemicals like heavy metals and ammonia, we estimated chronic SSDs by first 
calculating acute SSDs and then applied an assessment factor of 10 (i.e., left-shifted) 
following De Zwart (2002). That is, we estimated the chronic SSD for metals and ammonia 
from acute toxicity data by applying Alphachronic = Alphaacute – 1 and Betachronic = Betaacute. The 
assessment factor we used is different from and far more robust than a standard acute-to-
chronic ratio for individual species. The derivation of surfactant (LAS, AE, AES) SSDs 
required normalization to mean surfactant structures following a procedure based on 
quantitative structure-activity relationships (Van de Plassche et al. 1999). Hence, for all 
compounds, chronic alpha and beta values (Table 6.2) could be derived to estimate potential 
risk. To account for both direct and indirect effects, we included data on fish toxicity, as well 
as on toxicity for other species that may constitute the food supply of fish (algae and 
invertebrates). 
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Figure 6.2 Derivation of a Potentially Affected Fraction (PAF) of species from aquatic toxicity data used to 

build a Species Sensitivity Distribution (SSD) per chemical. Each SSD consisted of a log-logistic 
model where alpha and beta correspond to the median and slope, respectively. 

 
We then combined the PAF values for individual compounds within both industrial chemicals 
and household product categories to derive msPAF values. In doing so, we assumed that all 
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compounds had different toxic modes of action (TMoA) and calculated both msPAF values as 
though responses were additive and species were uncorrelated in their sensitivity for the 
different toxicants (De Zwart and Posthuma 2005). 
 
 

Table 6.2 Chronic aquatic Species Sensitivity Distributions (SSD) information needed to calculate the 
Potentially Affected Fraction (PAF) of species for each toxicant, with Kolmogorov-Smirnov test 
for goodness-of-fit by the logistic model. 

 Alpha Beta Number of 
species unit Dmax

1) P Logistic 
Model 

Ammonia 2.42 0.39 14 µg/L 0.17 0.78 Accepted 
Cadmium 1.98 0.72 134 µg/L 0.08 0.41 Accepted 
Copper 1.10 0.60 33 µg/L 0.07 0.99 Accepted 
Nickel 2.50 0.66 19 µg/L 0.15 0.74 Accepted 
Lead 2.29 0.31 18 µg/L 0.16 0.68 Accepted 
Zinc 2.26 0.70 58 µg/L 0.08 0.82 Accepted 
Boron 1.15 0.38 20 mg/L 0.18 0.50 Accepted 
AE -0.18 0.33 22 mg/L 0.08 1.00 Accepted 
AES -0.34 0.34 10 mg/L 0.25 0.50 Accepted 
C12LAS 0.16 0.27 19 mg/L 0.14 0.78 Accepted 
Triclosan 1.18 0.45 11 µg/L 0.23 0.52 Accepted 
1) Kolmogorov-Smirnov maximum deviation statistic 

 

Data integration 
We used an imputation scheme (Dyer and Wang 2002) to associate biological samples with 
the nearest habitat and chemistry samples. Briefly, we created a point-coverage of the 
locations of water chemistry, fish, and habitat samples in ARC/INFO, which was overlaid on 
the RF1 river network. We then divided the RF1 river network into segments whose 
boundaries were defined by significant changes in hydrologic features, such as the confluence 
of WWTP discharges and tributaries. We combined segments < 30 m long with the next 
downstream segment. Finally, we assigned each sample to a river segment, and associated 
biological samples with the nearest habitat and chemistry samples within a segment. Applying 
this procedure resulted in a total of 1552 river sampling sites with both fish survey data and 
geographical information (latitude, longitude, slope, and drainage area). About 45% (695) of 
these sites had complete biological, habitat, and chemical data representation (Table 6.3). 
 

Site classification 
Ohio EPA classified 114 of the 1552 sites as least altered reference sites (Stoddard et al. 
2005) based on best professional judgment (Rankin 1989), of which 60 sites had complete 
data as described above. For sites with complete data, abiotic variables were usually only 
weakly correlated with one another, if at all (see correlation structure in Figure 6.3). Most 
significant (P < 0.001) correlations were expected, e.g., slope was negatively correlated with 
drainage area (r = -0.57), the cumulative amount of effluent (r = -0.21), and suspended solids 
(r = -0.17) and positively correlated with dissolved oxygen (r = 0.18) and pH (r = 0.13). Most 
habitat characteristics were positively correlated with one another (r = 0.34 – 0.54), indicating 
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that altered sites had been degraded in a variety of ways. Modified Warm Water Habitat 
Attributes were negatively correlated with all other habitat factors (r = -0.38 to -0.67). 

Table 6.3 Statistical attributes of measured and modeled abiotic predictors and their use in RIVPACS and 
generalized linear models (GLM). 

Centiles 
 

 
 
Variable 

 
 
Abbrev. 

 
 
Units 

5% 25% 50% 75% 95% 
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18 
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(3 

Habitat Characteristics            

 Latitude LAT Dec. degrees 39.23 39.73 40.14 41.1 41.46 X X X H 
 Longitude LONG Dec. degrees -84.47 -83.88 -83.03 -81.98 -80.97 X X X H 
 logDrainage Area logDA Km2 1.18 1.96 2.54 3.11 3.77 X X X H 
 logGradient logGRAD ft. drop/mile -0.08 0.4 0.76 1.08 1.49 X X X H 
 Channel alterations (high = less) CHANNEL Range 0 - 20 6.5 12.5 15.25 17 19   X H 
 Cover alterations (high = less) COVER Range 0 - 20 6 11 13 15 18   X H 
 Pool alterations (high = less) POOL Range 0 - 12 5 8 9.5 11 12   X H 
 Riffle alterations (high = less) RIFFLE Range 0 - 8 1.5 3 4.5 6 7   X H 
 Riparian alterations (high = less) RIPARIAN Range 0 - 10 3.5 4.75 6 7 9   X H 
 Substrate alterations (high = less) SUBSTR Range 0 - 20 6 12.5 15 17 19   X H 
 No. Modified Warmwater 

Habitat Attributes WWATR Range 0 - 9 1 2 4 5 7   X H 

Measured Chemistry            

 Dissolved Oxygen (median) DOMED mgO2/L 4.96 6.82 7.82 8.71 10.39   X C 
 pH (median) PHMED Std. Units 7.5 7.81 8 8.17 8.4   X C 
 Hardness (median) HARDMED mgCaCO3/L 138.5 236 290.5 343 411.3   X C 
 Total suspended solids (median) TSSMED mg/L 5 8 15 26 58   X C 
 Total Ammonia (90 percentile) NH3 mgN/L 0 0 0.08 0.22 2.8     
 Total Cadmium (90 percentile) µg/L 0 0 0 0 0.8     
 Total Copper (90 percentile) µg/L 0 0 0 0 17     
 Total Lead (90 percentile) µg/L 0 0 0 0 50     
 Total Nickel (90 percentile) µg/L 0 0 3 5 15.3     
 Total Zinc (90 percentile) 

 
 
Heavy Metals 
HM 

µg/L 0 17 32 60 170     
Modeled Chemistry & Ecotoxicity            

 % Cumulative Effluent (median) EFFMED Percent 0 0.37 2.01 4.91 20.42   X E 
 msPAFNH3-Metals

(1 (90 percentile) PNH3HM90 Percent 0 0.07 0.11 0.21 0.43   X T 
 msPAFHH

(2 (low flow) PHHL Percent 0.01 0.03 0.08 0.14 0.36   X T 
1) multi-substance Potentially Affected Fraction of species based on species sensitivity distributions for ammonia and heavy metals, including 

cadmium, copper, lead, nickel, and zinc. 
2) multi-substance Potentially Affected Fraction of species based on species sensitivity distributions for the household (HH) product 

constituents, Boron, AE, AES, LAS and Triclosan. 
3) Grouping in Figures 6.7, 6.8 and 6.9: H = Habitat, E = Effluent, C = Chemistry, T = Toxicity 

  

Ecological and statistical techniques 
Quantifying the amount of biological alteration and identifying likely causes of impairment 
required two main series of analyses, each of which consisted of several steps (Figure 6.1). 

Quantifying biological condition and impairment: RIVPACS modeling 

Comparison of the observed fauna with that expected to occur in the absence of human-
caused stress provides a basis for quantifying the biological condition of potentially stressed 
ecosystems. RIVPACS-type models (Moss et al. 1987, Hawkins 2005) estimate the 
probabilities of capturing each species in the regional species pool at each local site assuming 
reference conditions and given a standard sampling program. These probabilities are used to 
estimate the number of species expected (E) at a site. The ratio of observed (O) to expected 
taxa (O/E) at a site provides an indicator of condition that is easy to interpret (i.e., the 
proportion of expected species that were present). We built a model from data collected at the 
114 reference sites and then applied the model to all 1552 sampling sites. 
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Figure 6.3 Scatterplot with regression lines and correlation matrix of the abiotic input data, comprising the 18 

different predictors for the RIVPACS and GLM models. The scales in the scatterplot matrix are 
alternating on the x and y axis. 

The RIVPACS model used only four predictors of assemblage composition (latitude, 
longitude, drainage area and stream channel slope). These predictors are unlikely to be 
strongly affected by human activity. RIVPACS models are empirical rather than causal 
models, and use predictor variables that are surrogates for one or more causal factors. In this 
case, latitude and longitude were surrogates for historical biogeographic factors and factors 
associated with ecoregion. Drainage area was a surrogate for the multiple environmental 
features that change with increasing stream size, and stream slope was likely a surrogate for 
both current speed and substrate character. We evaluated a model that used ecoregions as 
predictors, but it performed less well than the model based on latitude and longitude. 
 
The mechanics of RIVPACS models have been thoroughly described elsewhere (e.g., Wright 
et al. 2000, Hawkins and Carlisle 2001) and we give only a brief description here. Given a 
standard sampling effort, RIVPACS-type predictive models assume that the probabilities of 
capture (Pc) are functions of the preferences and tolerances of different species to naturally 
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occurring environmental conditions. We developed a model from observations made at the 60 
reference sites and used estimates of Pc for each species at each site to estimate the expected 
(E) number of species at a site by summation of Pc over all species with a Pc ≥ 0.5. We then 
determined how many of the species predicted to occur at a site with Pc ≥ 0.5 were actually 
observed (O) and calculated the ratio O/E as a measure of departure from expectation in 
missing species. We also identified the specific species missing at each site. When applied to 
many non-reference sites, RIVPACS output can be summarized to identify those taxa that 
were either found at more sites than expected (increasers) or fewer sites than expected 
(decreasers). The number of sites at which a species is expected is estimated as the sum of 
Pc’s for that species across all assessed sites. The ratio of observed/expected sites (SO/SE) 
describes a species overall response to stressors at these sites. We calculated these ratios for 
all species to evaluate the ecological realism of the RIVPACS assessments. We compared 
these estimated region-wide responses with species-specific tolerance information 
summarized in Barbour et al. (1999). We arbitrarily assigned all taxa with SO/SE values > 1.25 
as tolerant (T), those with SO/SE values < 0.75 as intolerant (I), and those with values between 
0.75 and 1.25 as neutral or intermediate (M), terms used in Barbour et al. (1999). We then 
compared these T, M, I assignments to the similar 3 category assignments compiled in 
Barbour et al. (1999) and then noted if one or more of the 7 sources they used differed with 
our assignments. 
 
The O/E ratios were the basis for calculating the radius of the Effect and Probable Cause 
(EPC) pie charts in which a larger radius implies more missing species and a larger 
impairment. To calculate the radius, impairment was expressed on an absolute scale of 0 to 1. 
However, by applying the O/E method, O can theoretically exceed E because of sampling or 
prediction error. This could result in pie sizes (1-O/E) that are negative. Furthermore, this way 
of scaling may also result in a positive pie size that would imply impairment even when all 
species that are expected are actually observed. To address this issue we considered any 
species with Pc ≥ 0.5 as expected to occur and counted these species as an alternative way of 
estimating E and calculating pie sizes. This alteration resolved both problems of negative pie 
size and the potential problem of implying impairment when no species were missing. This 
approach did not compromise the analyses because estimates of E based on counting species 
with Pc ≥ 0.5 and summing all Pc ≥ 0.5 were strongly correlated (r2 = 0.98). 

Identifying likely causes of impairment: GLM modeling 

Construction of GLM models 
We used Generalized Linear Models (GLM, McCullagh and Nelder 1989) to quantify the 
associations between each of the 117 fish species and the environmental variables. We 
initially planned to model the presence/absence of species using binomial logistic GLM 
regression, but this approach did not explain much of the variance. We therefore used Poisson 
GLM regression to quantify associations between species abundances and environmental 
variables, which yielded substantially better results. 
We built 2 sets of models. We used one set of models (GLM4) to predict species abundances 
from the same 4 predictors used in the RIVPACS model. The form of those models was: 

logGRAD · e logDA  · d LONG  · c  LAT · b  a  )ln(O iiiiii ++++= , where Oi = the predicted 
abundance of species i. We then constructed another set of models (GLM18) to describe 
species responses to both natural environmental and stressor gradients (Table 6.3). These 
models took the form: 
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 logGRAD · e logDA  · d LONG  · c  LAT · b  a  )ln(O
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++++

+++++=

 Equation 6.1 

We forced all GLM18 models to use the four natural variables that were used in the 
RIVPACS and GLM4 models. We then added both linear and quadratic forms of the seven 
habitat- and seven contaminant-related variables to the models by a stepwise procedure. The 
stepwise procedure used the Bayesian Information Criterion (BIC, Schwarz 1978) to restrict 
the addition of terms to those that had a significant contribution to the overall model (P < 
0.05), based on type I evaluation of sums of squares. Calculations were conducted with S-Plus 
2000, Professional Release 3 (MathSoft, Inc., Cambridge, MA, USA). Predictor variables that 
were not selected by this procedure received a regression coefficient of zero value. 
 
We considered, but did not include interactions of predictor variables on the response of 
species into our analyses. Several types of interactions are likely to occur. Some assemblages 
may be more sensitive than others, leading to interactions among natural and stressor 
variables. Jointly acting stressors may be more damaging than the sum of individual effects 
(synergistic effects). There may be a limit to the extent of degradation, i.e., once a portion of 
the fauna is lost to one stressor, the assemblage may be insensitive to other stressors; 
antagonistic effects. We did not include interactions in our analyses at this time for three 
reasons. 1) With only 695 observations, the addition of interaction terms would severely 
reduce statistical power due to added degrees of freedom. 2) There is no pre-existing 
knowledge available to guide us on what predictors are likely to interact in their effect. 3) By 
not considering interactions, estimates of stressor contribution to the overall effect on species 
assemblages likely are conservative, i.e., underestimates of the actual contribution. 
 
We created both full and null models for each species. Null models were of the form 
ln(abundance) = a, where a is the mean abundance of the species across all sites. GLM output 
consisted of regression coefficients, degrees of freedom, and deviance residuals for both the 
full (DEVfull) and null models (DEVnull). We used explained deviance (ED) as a measure of 
the explanatory capacity of each model, where ED = (DEVnull – DEVfull)/DEVnull. 
 
The objective of the GLM-modeling was to isolate the likely effects of different stressor 
variables on fish abundance. As in the RIVPACS models, we needed to distinguish between 
the effects of stressor variables on fish and effects associated with natural factors. However, 
direct regression of the differences between observed abundances and those expected from the 
GLM4 models, i.e., [ln(Oi) – ln(Ei)], on the 14 stressor variables resulted in significant 
convergence problems. To avoid this problem, we fit GLM18 models directly to the ln(Oi) 
data but included the abundance predicted by the GLM4 model (Ei,GLM4) as a way of 
accounting for naturally occurring variation. For example, ln(Oi,GLM18) = ln(Ei,GLM4) + GLM18 
modeled effects of the stressors that are potentially of anthropogenic origin. This approach is 
only valid when the natural and other stressor variables are not substantially correlated, 
otherwise the values of the regression coefficients would not be independent of one another. 

Identification of likely causes of impairment 
We used statistically significant associations between species abundances and stressor 
variables to identify likely causes of biological impairment. While we recognize that such 
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associations do not necessarily imply causation we use the term ‘cause’ in this restricted sense 
in the remainder of the paper. 
We linked the abundances of individual species and the stressors occurring at individual sites 
as follows: 
1. Predicted density. We applied the calibrated GLM18 regression models to predict the 
abundance of species i at any site (Ei,GLM18) as a function of both the naturally occurring and 
stressor conditions occurring at a site. 
 
2. Unexplained variance (unknown causes). We calculated the unexplained variance in 
species abundances at each site as the departure from a linear association between observed 
[ln(Oi)] and expected [ln(Ei,GLM18)] abundances over all species. We expressed unexplained 
variation as (100-r2·100), and included this value as one of the slices in the EPC pie diagrams. 
 
3. Identity of missing species. The RIVPACS model output allowed us to identify those 
species that were expected at Pc ≥ 0.5 but not observed at the 695 Ohio river sites. 
 
4. Associations with different stressor variables. If a species was missing at a site as a possible 
consequence of unfavorable levels of some or all stressors we measured, the contribution of 
those stressor variables in the GLM18 model prediction should be negative. For example, if 
species i is missing at site x because of a lack of dissolved oxygen, the value of (f1,i · 
DOMEDx + f2,i · DOMEDx

2) should be negative. The relative potential influence of each 
stressor variable is simply that stressor’s negative contribution divided by the sum of all 
negative stressor contributions for missing species. These proportions along with the 
unexplained variance were used to size the pie slices in the EPC graphs. We also aggregated 
site-based estimates to derive insight regarding the overall regional importance of different 
stressors. We calculated regional values as simple averages of the percentages of variation in 
abundances associated with different measured factors observed at individual sites. These 
percentages were used along with percent unexplained variation to construct a regional 
summary EPC pie graph. 
 
Note that the RIVPACS model also identifies species that are not expected at a site, but were 
nonetheless observed. The attribution model can be adjusted to also identify the likely causes 
for such increases by evaluating just the positive contributions of individual stressor variables 
in the GLM 18 models for unexpected species observed. However, because of length and 
complexity limitations, we do not present these complementary assessments in this paper. 

Results and discussion 

RIVPACS modeling 
Latitude, longitude, drainage area and stream channel slope accounted for 51% of the 
variation in observed species richness at reference sites (Figure 6.4). Although the RIVPACS 
model accounted for a considerable amount of natural variation in species composition and 
richness among reference sites, at least some of the unexplained variation was likely 
associated with natural factors that we did not or could not measure or factors that we only 
partly accounted for. The associated error in RIVPACS assessments must therefore be 
addressed when inferring both overall biological condition and loss of specific species. 
O/E values of 0.8 and 1.2 approximately corresponded to the 10th and 90th centiles of the 
reference site values and were used as error thresholds for inferring if non-reference sites 
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were biologically impaired (Figure 6.5). Of the 1438 non-reference sites, approximately 50% 
were in non-reference condition (O/E < 0.8) and we considered 23% of sites as being severely 
impaired (O/E < 0.5). 
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Figure 6.4 The goodness-of-fit of the RIVPACS model, based on 114 reference sites. 

The RIVPACS assessments of individual species responses (Appendix 6.1) were generally 
consistent with the literature (Trautman 1981, Barbour et al. 1999), especially considering that 
little quantitative information exists and the literature disagreed markedly for some species. 
Of the 98 taxa native to Ohio and the 19 introduced species, our assignments agreed with 63 
of those and disagreed with 33. Disagreements never involved more than one category (e.g., 
tolerant (T) in one and intolerant (I) in the other). The RIVPACS-based estimates showed that 
17 species native to Ohio were found at more sites than expected. These species represented 
tolerants whose distributions and/or abundances have increased and include species such as 
the gizzard shad (Dorsoma cepadianum) that was predicted to be at no sites. In addition, the 
common carp was found at 803 sites and would have occurred at none prior to human 
introduction and presumably habitat alteration. Forty species were found at substantially 
fewer sites than expected (decreasers). Some of these species were predicted to be widespread 
given their distribution among reference sites. 
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Figure 6.5 The distribution of O/E values generated by the RIVPACS model for both reference sites (114) 

and potentially impacted sites (1438). 



 Effects attribution  

 123 

GLM modeling and the derivation of slice sizes 

Response of species abundances to natural and stressor variables 

We were able to produce GLM4 and GLM18 models for 96 of the 117 species assessed by the 
RIVPACS model. The species for which we could not construct models had low numbers of 
occurrences in the 695-site data set. The regression coefficients for the natural predictors in 
both sets of models were generally similar (Figure 6.6) implying that the values of the 4 
natural and the 14 potential predictors of habitat deterioration and pollution were not seriously 
correlated, a necessary condition for assessing the effects of stressor variables with the 
approach we used. Only logGRAD had significantly different GLM4 and GLM18 regression 
coefficients (slope = 0.79), which is not surprising in view of its observed correlation with 
some of the other predictors. However, logGRAD had little effect on overall model 
predictions (1%). Much more natural variation in species abundances was associated with 
variation in latitude (50%) and longitude (46%) than drainage area (4%). The remaining 
correlations in the predictor dataset were mainly associated with habitat factors. These 
correlations may have introduced some bias in the attribution of effects to individual habitat 
factors. In the final presentation of the results, we therefore grouped the different habitat 
factors into a single pie slice. In view of these considerations, we are confident that our 
combined use of GLM 4 and GLM18 models described realistic responses of species to the 
different stressors. 
 

y = 0.9723x + 0.1577
R2 = 0.7484

-6

-4

-2

0

2

4

6

8

10

-6 -4 -2 0 2 4 6 8 10
Coefficients of logDA in GLM4

C
o

ef
fi

ci
en

ts
o

f
lo

g
D

A
in

G
L

M
18

y = 1.0762x - 0.0274
R2 = 0.8121

-5

-4

-3

-2

-1

0

1

2

3

4

5

-5 -4 -3 -2 -1 0 1 2 3 4 5
Coefficients of LAT in GLM4

C
o

ef
fi

ci
en

ts
o

f 
L

A
T

 in
G

L
M

18

y = 1.0458x + 0.0641
R2 = 0.6111

-3

-2

-1

0

1

2

3

4

-3 -2 -1 0 1 2 3 4
Coefficients of LONG in GLM4

C
o

ef
fi

ci
en

ts
o

f 
L

O
N

G
 in

G
L

M
18

y = 0.793x + 0.0105
R2 = 0.5447

-4

-3

-2

-1

0

1

2

3

4

-4 -3 -2 -1 0 1 2 3 4
Coefficients of logGRAD in GLM4

C
o

ef
fi

ci
en

ts
o

f
lo

g
G

R
A

D
in

G
L

M
18

y = 0.9723x + 0.1577
R2 = 0.7484

-6

-4

-2

0

2

4

6

8

10

-6 -4 -2 0 2 4 6 8 10
Coefficients of logDA in GLM4

C
o

ef
fi

ci
en

ts
o

f
lo

g
D

A
in

G
L

M
18

y = 0.9723x + 0.1577
R2 = 0.7484

y = 0.9723x + 0.1577
R2 = 0.7484

-6

-4

-2

0

2

4

6

8

10

-6 -4 -2 0 2 4 6 8 10
Coefficients of logDA in GLM4

C
o

ef
fi

ci
en

ts
o

f
lo

g
D

A
in

G
L

M
18

y = 1.0762x - 0.0274
R2 = 0.8121

-5

-4

-3

-2

-1

0

1

2

3

4

5

-5 -4 -3 -2 -1 0 1 2 3 4 5
Coefficients of LAT in GLM4

C
o

ef
fi

ci
en

ts
o

f 
L

A
T

 in
G

L
M

18

y = 1.0762x - 0.0274
R2 = 0.8121

y = 1.0762x - 0.0274
R2 = 0.8121

-5

-4

-3

-2

-1

0

1

2

3

4

5

-5 -4 -3 -2 -1 0 1 2 3 4 5
Coefficients of LAT in GLM4

C
o

ef
fi

ci
en

ts
o

f 
L

A
T

 in
G

L
M

18

y = 1.0458x + 0.0641
R2 = 0.6111

-3

-2

-1

0

1

2

3

4

-3 -2 -1 0 1 2 3 4
Coefficients of LONG in GLM4

C
o

ef
fi

ci
en

ts
o

f 
L

O
N

G
 in

G
L

M
18

y = 1.0458x + 0.0641
R2 = 0.6111

y = 1.0458x + 0.0641
R2 = 0.6111

-3

-2

-1

0

1

2

3

4

-3 -2 -1 0 1 2 3 4
Coefficients of LONG in GLM4

C
o

ef
fi

ci
en

ts
o

f 
L

O
N

G
 in

G
L

M
18

y = 0.793x + 0.0105
R2 = 0.5447

-4

-3

-2

-1

0

1

2

3

4

-4 -3 -2 -1 0 1 2 3 4
Coefficients of logGRAD in GLM4

C
o

ef
fi

ci
en

ts
o

f
lo

g
G

R
A

D
in

G
L

M
18

y = 0.793x + 0.0105
R2 = 0.5447R2 = 0.5447

-4

-3

-2

-1

0

1

2

3

4

-4 -3 -2 -1 0 1 2 3 4
Coefficients of logGRAD in GLM4

C
o

ef
fi

ci
en

ts
o

f
lo

g
G

R
A

D
in

G
L

M
18

 
Figure 6.6 Comparison of the regression coefficients for 96 different species for the “clean” descriptors 

(LAT, LONG, logDA and logGRAD) in the GLM4 and GLM18 models. 
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Explanatory capacity of the GLM models 

GLM4 models explained between 15 and 25% of the variation in species abundances, 
whereas the GLM18 models explained between 45 and 55% of abundances (Figure 6.7). The 
difference in the amount of variation associated with GLM4 and GLM18 models indicated 
that, on average, stressor variables influenced species abundances by about 15-25% above 
that associated with the 4 natural variables. 
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Figure 6.7 Frequency distributions over 96 species of explained deviance in the GLM4 and GLM18 models 
as well as the difference in explained deviance between the two models. 

Geographic patterns in likely causes of impairment 

Sites that were highly impaired by loss of species occurred throughout Ohio Figure 6.8 and in 
both urban and rural areas. Stressors associated with water chemistry were most often 
associated with species loss, followed by degraded habitat, percent cumulative effluent, and 
ecotoxicity. Sites with deviating stressor attribution were first identified by ‘double blind’ 
analysis (anonymous sites and species). Mapping of sites with stress-associated loss of 
species uncovered that particular combinations of stressors were regionalized throughout 
Ohio. Our inferences regarding the types of stressors affecting species in these regions were 
generally consistent with previous analyses as illustrated in the following 4 examples (Figure 
6.9). 
 
(A) Black River. The Black River, located in northern Ohio, west of the city of Cleveland, is 
composed of two branches, East and West. Impairment was greater in the West Branch than 
the East Branch, and water chemistry appeared to be the dominant stressor, followed by 
habitat alteration ecotoxicity and percent municipal effluent causing. The smaller amount of 
impairment observed at the East Branch was mostly associated with water chemistry and 
modified habitats. These results agree with Ohio EPA’s assessment of the biological 
impairment of the Black River and selected tributaries (Ohio EPA 1994a). More recently, 
Ohio EPA’s 305b report (2000) specifically indicated that the primary stressors for the West 
Branch were heavy silt loads and bank erosion as a result of row crop agriculture. Failing 
septic systems were also identified as potential sources of impairment. In contrast, the East 
Branch was noted as having a high quality fish assemblage, typically attaining the state’s 
Warm Water Habitat criteria. Unknown factors dominated likely stressors in the city of Elyria 
and downstream to Lake Erie. At these sites, U.S. EPA judged nutrients, organic enrichment, 
and flow alteration from combined sewer overflows and storm sewers as the primary causes 
for impact (USEPA 1998a), factors that we could not include in our analyses. 
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Figure 6.8 Effect and Probable Cause (EPC) pie charts for 695 sites in Ohio. Size of the pie is proportional to 

impact (i.e., large pie = large impact). Size of slice is relative to probable cause. Stressors grouped 
in four main types (colors) for ease of interpretation. For a color reproduction of this map, the 
reader is referred to the back cover of this thesis. 

 

 
Figure 6.9 EPC pie charts for selected Ohio rivers: (A) Black River; (B) Cuyahoga River; (C) Hocking River; 

and (D) Flatrock Creek. See Figure 7 for legend. WTP indicates a waste water treatment plant. For 
a color reproduction of this map, the reader is referred to the back cover of this thesis. 
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(B) Cuyahoga River. Located in NE Ohio, the Cuyahoga River flows through the major 
metropolitan areas of Akron and Cleveland. Minimal impairment was evident in the 
headwaters of the Cuyahoga (upstream of City of Akron) with most measured degradation 
associated with water chemistry and unknown factors. However, from Akron downstream, 
impairment greatly increased, and our assessment identified water chemistry, habitat 
alteration, municipal effluent, and toxicity from metals and ammonia as likely causes. Ohio 
EPA (1994b) identified habitat degradation and exposure to pollutants (land use, number of 
spills and number of combined sewer overflows and storm sewer overflows) as likely 
stressors. 
 
(C) Hocking River. Located in SE Ohio, the biological impairment in the upper Hocking 
River has been primarily associated with the irregularities of wastewater treatment in the town 
of Lancaster (Ohio EPA 1997). Throughout the entire main stem, siltation, habitat alterations, 
organic enrichment, nutrients, metals, and pH, respectively, have been associated with the 
greatest number of impaired reaches (USEPA 1998a). Downstream of Lancaster to the Ohio 
River, increased levels of metals and siltation has been attributed to mining and stream bank 
modifications. Although our analysis attributed approximately 50% of impairment to 
unknown factors, our results generally agreed with Ohio EPA reports and indicated that 
effluent was a key factor in the upper Hocking and that the ecotoxicity of metals was more 
important downstream. Our results were also consistent with Ohio EPA’s conclusion 
regarding the importance of stream bank modifications in the lower Hocking. 
 
(D) Flatrock Creek. A small tributary to the Auglaize River, Flatrock Creek is located in NW 
Ohio. According to Ohio EPA, biological impairment in Flatrock Creek, upstream of 
Paulding, was attributed to organic enrichment and flow alterations (USEPA 1998a). Our 
analyses also indicated that much of the impairment was associated with alterations in water 
chemistry and habitat modifications. Our methods identified the toxicity of mixtures in 
addition. In these reaches, household product ingredients were the primary mixture 
components. 

Ohio-wide overview 

Aggregation of all results over all sampling sites showed that, for the state of Ohio as a whole, 
40% of fish species were missing relative to reference site expectations (Figure 6.10). A large 
proportion (50%) of biological effects was associated with unknown factors and model error. 
The remaining 50% of effects was associated with variation in stressors, most of which was 
related to alteration in water chemistry and habitat (28% and 16%, respectively). Metals and 
ammonia toxicity and cumulative sewage effluent both were associated with 3% of the 
biological degradation. The high proportion of unexplained effects is understandable because 
other stressors known to affect aquatic ecosystems, such as alteration in stream flow, 
pesticides, industrial discharges, input of cooling water, and fishing activities, were not 
included in our analyses. 
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Figure 6.10 Ohio-wide average of the proportional change in species composition of lost species, together with 

an average proportion attribution of causative factors. 

Conclusions 
We have shown how integration of different assessment tools can be applied to identify both 
the magnitude and likely causes of biological impairment. The proposed method combines 
ecological, ecotoxicological, and exposure modeling to provide statistical estimates of the 
effect of different potential stressors on stream fish assemblages. Although a set of statistical 
analyses was required, the end product could be presented as simple Effect and Probable 
Cause pie-charts that greatly facilitate both interpretation and communication of results and 
decision-making. 
 
The most innovative aspect of this study involved linking different types of models, all of 
which have been individually applied in the past for many purposes. Applying these models 
in concert yielded results that generally matched the interpretation of experts who assess and 
manage Ohio surface waters. Our inferences were strengthened because our analyses were 
blind to both previous assessments of impairment and previous inferences regarding the cause 
of impairment at specific sites. These double-blind analyses demonstrate that this approach 
may be a robust means of assessing the likely causes of biological impairment in freshwater 
ecosystems. 
 
Further testing of the approach should include expanding the data set and methods to other 
stress factors (e.g., pesticides and biological stressors), addressing the issue of stressor 
interactions, and inclusion of other biological endpoints (e.g., alteration of invertebrate or 
algal assemblages). A primary focus of future work should be on reducing the unexplained 
variance and model error in the approach. Because of the many degrees of freedom (many 
predictors) relative to the number of sites in this study, it was not possible to apply a scheme 
of external validation, something that must be conducted in future work. We also need to 
evaluate how well the approach can be applied to other data sets. Further testing should also 
determine if the predicted responses to particular types of perturbation are consistent with 
known autecological data for different species, such as the quantitative pollution tolerance 
values that are being developed by various researchers (e.g., Yuan and Norton 2003). In 
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summary, the results of this study were encouraging and provide a foundation on which future 
refinement of both the general approach as well as specific methods used can be built. 
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Appendix 6.1: Species tolerance derived from RIVPACS 

Table 6.4 Summary of the RIVPACS modeling results for 1438 non-reference sites in terms of the 
ecological sensitivity of individual fish species as compared to the sensitivity derived by Barbour 
et al. (1999). Species are arbitrarily assigned tolerant (T) when the number of sites where they 
actually occur (SO) is exceeding the number of sites where they are expected (SE) with a factor of 
1.25 (SO/SE > 1.25). Species are marked intolerant (I) when SO/SE < 0.75, and those with values 
between 0.75 and 1.25 are marked as neutral or intermediate (M). 

Taxon 

Mean 
Predicted 

Probability 
of Capture 

Number 
Sites 

Expected 
(SE) 

Number 
Sites 

Observed 
(SO) 

SO/SE SO/SE 
Tolerance 

Tolerance 
Assignment 
in USEPA 

RBP  
(Barbour et 

al 1999) 

Agree 

Bluntnose Minnow 0.86 1213 1138 0.94 M T N 

Northern Hog Sucker 0.79 1120 868 0.77 M I/M Y 

Central Stoneroller 0.77 1085 873 0.80 M M/T Y 

Rock Bass 0.70 986 730 0.74 I M/I Y 

White Sucker 0.69 974 986 1.01 M T N 

Rainbow Darter 0.65 924 493 0.53 I M/I Y 

Greenside Darter 0.65 916 688 0.75 I M/I Y 

Striped Shiner 0.62 875 708 0.81 M M/T Y 

Creek Chub 0.61 858 803 0.94 M T N 

Smallmouth Bass 0.60 857 695 0.81 M M/I Y 

Green Sunfish 0.60 853 968 1.13 M T/M Y 

Golden Redhorse 0.58 818 623 0.76 M M/I Y 

Spotfin Shiner 0.55 775 767 0.99 M M/T Y 

Bluegill Sunfish 0.54 759 853 1.12 M M/T Y 

Johnny Darter 0.49 693 592 0.85 M M Y 

Sand Shiner 0.45 645 422 0.65 I M N 

Longear Sunfish 0.44 619 511 0.83 M I/M Y 

Fantail Darter 0.43 609 354 0.58 I M N 

Largemouth Bass 0.40 569 646 1.14 M M/T Y 

Banded Darter 0.37 519 253 0.49 I I Y 

Silver Shiner 0.35 500 274 0.55 I I/T Y 

Logperch 0.34 475 328 0.69 I M N 

Channel Catfish 0.31 435 350 0.81 M M Y 

Black Redhorse 0.28 399 259 0.65 I I Y 

Shorthead Redhorse 0.27 388 238 0.61 I M N 

Yellow Bullhead 0.27 377 509 1.35 T T/M Y 

Silver Redhorse 0.23 330 256 0.78 M M Y 

Blacknose Dace 0.23 328 330 1.01 M T N 

Silverjaw Minnow 0.23 324 246 0.76 M M/T Y 

Freshwater Drum 0.21 302 205 0.68 I M N 

Rosyface Shiner 0.21 291 136 0.47 I I Y 

Mottled Sculpin 0.20 290 170 0.59 I I/M Y 

River Chub 0.19 270 150 0.55 I I/M Y 

Quillback Carpsucker 0.18 249 238 0.96 M M/T Y 

Stonecat Madtom 0.17 246 112 0.46 I I/M Y 

Rosefin Shiner 0.17 239 142 0.59 I M N 

Mimic Shiner 0.16 227 40 0.18 I I/M Y 

Grass Pickerel 0.16 226 181 0.80 I M N 

Orangespotted Sunfish 0.16 224 184 0.82 M M Y 

Spotted Bass 0.15 219 153 0.70 I M N 
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Taxon 

Mean 
Predicted 

Probability 
of Capture 

Number 
Sites 

Expected 
(SE) 

Number 
Sites 

Observed 
(SO) 

SO/SE SO/SE 
Tolerance 

Tolerance 
Assignment 
in USEPA 

RBP  
(Barbour et 

al 1999) 

Agree 

Pumpkinseed Sunfish 0.14 203 230 1.13 M M Y 

Spotted Sucker 0.14 198 173 0.87 M M/I Y 

Black Crappie 0.13 190 152 0.80 M M Y 

Blackstripe Topminnow 0.13 177 98 0.55 I M N 

White Crappie 0.12 169 228 1.35 T M/T Y 

Steelcolor Shiner 0.11 161 80 0.50 I M/I Y 

Hornyhead Chub 0.11 159 52 0.33 I I/M Y 

Suckermouth Minnow 0.11 157 170 1.08 M M Y 

Variegate Darter 0.11 153 35 0.23 I I/M Y 

Sauger 0.09 127 86 0.68 I M N 

Emerald Shiner 0.09 122 140 1.15 M M Y 

Orangethroat Darter 0.08 117 119 1.02 M M Y 

Common Shiner 0.08 115 141 1.23 M M Y 

Warmouth Sunfish 0.07 106 64 0.60 I M N 

Fathead Minnow 0.07 104 114 1.09 M T N 

Yellow Perch 0.07 100 87 0.87 M M Y 

River Carpsucker 0.07 94 119 1.27 T M N 

Brook Silverside 0.06 91 55 0.61 I M/I Y 

Brindled Madtom 0.06 91 31 0.34 I I/M Y 

South. Redbelly Dace 0.06 83 59 0.71 I M/I Y 

Golden Shiner 0.06 83 113 1.37 T T Y 

Black Bullhead 0.06 82 68 0.83 M M/T Y 

Redfin Shiner 0.05 78 129 1.66 T M/T Y 

Gravel Chub 0.05 75 54 0.72 I M/I Y 

River Redhorse 0.05 75 48 0.64 I I Y 

Tadpole Madtom 0.04 62 45 0.72 I M/I Y 

Dusky Darter 0.04 61 22 0.36 I M N 

Trout-Perch 0.04 60 53 0.88 I M N 

Amer Brook Lamprey 0.04 56 16 0.29 I I Y 

Redside Dace 0.04 52 17 0.32 I I Y 

Streamline Chub 0.04 50 12 0.24 I I Y 

Bigeye Chub 0.03 48 22 0.45 I I/M Y 

Flathead Catfish 0.03 48 114 2.38 T M N 

Northern Pike 0.03 47 37 0.78 T M/I N 

Bowfin 0.03 40 13 0.33 I M/T N 

Eastern Sand Darter 0.02 35 7 0.20 I I Y 

Brown Bullhead 0.02 30 40 1.33 T T/M Y 

Black Buffalo 0.02 28 38 1.37 T M/I N 

Slenderhead Darter 0.02 28 10 0.36 I I Y 

Smallmouth Buffalo 0.02 28 91 3.27 T M/I N 

White Bass 0.02 28 90 3.24 T M/T Y 

Bluebreast Darter 0.02 23 3 0.13 I I Y 

Tippecanoe Darter 0.02 23 6 0.26 I I Y 

Tonguetied Minnow 0.02 22 12 0.54 I I/M Y 

Central Mudminnow 0.01 21 20 0.95 T T Y 

Walleye 0.01 20 41 2.00 T M N 

Least Brook Lamprey 0.01 17 28 1.63 T M/I N 

Highfin Carpsucker 0.01 14 34 2.45 T I/M N 

Longnose Gar 0.01 14 55 3.96 T M N 

Mooneye 0.01 14 10 0.72 ND I ND 
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Taxon 

Mean 
Predicted 

Probability 
of Capture 

Number 
Sites 

Expected 
(SE) 

Number 
Sites 

Observed 
(SO) 

SO/SE SO/SE 
Tolerance 

Tolerance 
Assignment 
in USEPA 

RBP  
(Barbour et 

al 1999) 

Agree 

Silver Lamprey 0.01 14 5 0.36 ND M N 

Bigmouth Buffalo 0.01 11 26 2.31 T M N 

Bullhead Minnow 0.01 11 52 4.61 T M N 

Ghost Shiner 0.01 11 4 0.35 ND M/I ND 

Greater Redhorse 0.01 11 13 1.22 M I N 

Muskellunge 0.01 11 10 0.94 T M/I N 

Least Darter 0.01 9 12 1.31 ND M/I ND 

Spotted Darter 0.01 9 0 0 ND I ND 

American Eel 0.00 0 2 ND ND M/T ND 

Bigmouth Shiner 0.00 0 16 ND T M N 

Blue Sucker 0.00 0 1 ND ND I ND 

Brook Stickleback 0.00 0 7 ND ND M/I ND 

Channel Shiner 0.00 0 1 ND ND M ND 

Common Carp 0.00 0 803 ND T T Y 

Creek Chubsucker 0.00 0 8 ND ND M/T/I ND 

Gizzard Shad 0.00 0 499 ND T M/T Y 

Goldeye 0.00 0 1 ND ND I ND 

Longnose Dace 0.00 0 1 ND ND I/M ND 

Mountain Madtom 0.00 0 4 ND ND I ND 

Northern Madtom 0.00 0 1 ND ND I ND 

Popeye Shiner 0.00 0 2 ND ND I ND 

Shortnose Gar 0.00 0 1 ND ND M ND 

Silver Chub 0.00 0 5 ND ND M/I ND 

Skipjack Herring 0.00 0 10 ND ND M ND 

Spottail Shiner 0.00 0 13 ND ND M/I ND 

Threadfin Shad 0.00 0 2 ND ND M ND 

Western Banded Killifish 0.00 0 1 ND ND T/M ND 
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7 Fish community responses in the field show the 
empirical meaning of the potentially affected 
fraction of species as relative measure of mixture 
risk 

Posthuma, L., and De Zwart, D. 2005. Fish community responses in the field show the empirical 
meaning of the potentially affected fraction of species as relative measure of mixture risk. 
Environmental Toxicology and Chemistry: Submitted.1 

Introduction 
A major challenge in risk assessments for toxic compounds is the spatially explicit and 
meaningful quantification of risks, to enable effective focus of risk managers on key problems 
(Bradbury et al. 2004). The Species Sensitivity Distribution (SSD) concept can be used for 
this. The basic assumption of the SSD concept is that the sensitivities of a set of species can 
be described by some kind of statistical distribution. The available ecotoxicological data are 
seen as a sample from this distribution and are used to estimate the moment parameters of the 
SSD as depicted in Figure 7.1. 
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Figure 7.1 The Species Sensitivity Distribution (SSD) concept. Dots: input data (laboratory ecotoxicity data 

for a compound for a set of species). Line: fitted SSD. The Potentially Affected Fraction of species 
(PAF) is derived from an ambient concentration (X � Y). Environmental quality criteria (EQC) 
are derived from a chosen value of Y (Y � X, here HC5 (e.g., Van Straalen and Denneman 
1989)). 

SSDs are used in the derivation of environmental quality criteria (EQCs); more recently, use 
for site-specific assessment of toxic risk in contaminated ecosystems evolved (Posthuma et al. 
2002a). For the latter, Klepper et al. (1997, 1998) introduced the concept of the Potentially 
Affected Fraction of species (PAF), Traas et al. (2002) and Posthuma et al. (2002b) 
introduced the multi-substance PAF (msPAF) concept to address mixtures. Derivation of 
mixture risk involves site-specific exposure assessment. msPAF is calculated from the PAF 
values of separate compounds by grouping the compounds in an environmental mixture 
according to Toxic Modes of Action (TMoA), and by applying classical mixture toxicology 
rules of calculation (De Zwart and Posthuma 2005). Mapping of msPAF with a Geographical 
Information System (GIS), and deriving risk management conclusions from such data, could 
be an answer to the challenge mentioned above. 
                                                 
1 Both authors had an equal share in the preparation of this paper. 
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Due to their practical use, SSDs have large implications in legislation and risk management. 
Therefore, they are being discussed intensively (Posthuma et al. 2002b, Suter et al. 2002, Van 
Straalen 2002). Critical issues are fundamental (e.g., the approach is statistical rather than 
ecological) or technical (e.g., the required number of ecotoxicity data). Many issues remain 
unresolved, and SSD results may (thus) be inaccurate. However, SSDs are attractive for 
practical reasons, since programmed models (e.g., Van Vlaardingen et al. 2004) and input 
data (e.g., USEPA 2002) are available. The combination of possible weaknesses and practical 
use motivates the need for model confirmation. 
 
Confirmation studies (Emans et al. 1993, Okkerman et al. 1993, Posthuma et al. 1998, 
Klepper et al. 1999, Versteeg et al. 1999, Posthuma et al. 2001, Giddings et al. 2002, Smit et 
al. 2002, Van den Brink et al. 2002, Mesman et al. 2003) mainly focused on the 5th centile of 
SSDs constructed from chronic NOEC values (No Observed Effect Concentration - 
SSDNOEC), i.e., Hazardous Concentration for 5 percent of the species, HC5. Adverse effects 
were usually observed at (substantially) higher concentrations than the HC5 (e.g., Versteeg et 
al. 1999, Van den Brink et al. 2002), which matches with the general protection objective of 
the HC5 (Van Straalen and Van Leeuwen 2002). These findings supported the continued use 
of SSDs for EQC derivation. Further, values like the HC50 are also used in risk management 
(Swartjes 1999), as it is unlikely that sites are only contaminated up to the HC5 level for a 
single compound. 
 
The confirmation studies are, however, insufficient to support broader use of SSDs. First, the 
general finding that the predicted HC5, NOEC is lower than the observed NOECEcosystem is true 
for any prediction that is systematically conservative. Second, confirmation studies should 
test whether whole SSDs match field responses along a gradient of responses, also exceeding 
the HC5 level. SSDs can be shifted left or right compared to field response curves. Third, 
various authors (Posthuma et al. 2001, Smit et al. 2002, Mulder et al. 2003) have shown that 
several measures of effect can be used to define field responses, so that a single SSD might be 
compared to various measure-of-effect curves. Fourth, SSDs can be constructed from chronic 
NOEC values, or from acute E(L)C50 values (median effective or lethal concentration, further 
abbreviated EC50), or any other chosen toxicity criterion. SSDs constructed from these criteria 
yield an array of possible SSDs: an SSDNOEC at the low end yielding a PAFNOEC to identify 
the fraction of species for which the NOEC is exceeded (effects need not be discernable in 
nature); an SSDEC50 at the higher end yielding a PAFEC50 to identify the fraction of species 
that likely show substantial effects (acute observable mortality). Fifth, confirmation studies 
have not yet focused on community effects of mixtures of compounds in multi-stress 
conditions, i.e., true field conditions. 
All this implies that the “ecological meaning” of environmental concentrations that exceed the 
fifth (or any other) centile of an SSD is still unclear, as is the implication of the presence of 
mixtures. What does PAFNOEC or PAFEC50 mean in terms of species loss or changed 
ecological function? 
 
The purpose of this study was to investigate whether and how msPAF is associated to 
community responses in the field. Monitoring data on abiotic conditions and fish species 
abundance in Ohio surface waters were analyzed (De Zwart et al. 2005a) in an eco(logical) 
epidemiological study. In our previous paper (2005a), emphasis was put on multiple stress 
analysis, identification of impact and probable causation and clear GIS presentation of results 
for risk communication. The concept of Effect and Probable Cause (EPC) pie diagrams was 
developed to quantify impact and probable causation (Figure 7.2A), and substantiated by 
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multidisciplinary analysis of a large monitoring database (Figure 7.2B) to yield a GIS-
presentation of the magnitudes of local impacts on fish assemblages and probable causation of 
impacts (Figure 7.2C), but no attention was paid to the question what the variation in msPAF 
meant in terms of community change. In the present paper, the original data and the eco-
epidemiological analyses provided the basis for analyzing the meaning of msPAF for exposed 
field communities. 

Materials and methods 
The major components for the current study are: 
• The monitoring data set of Ohio rivers 
• Method 1: Quantification of toxic risk (msPAF) values from the Ohio data set 
• Method 2: Quantification of mixture impacts in multi-stress conditions 
• Method 3: Confirmation: meaning of msPAF for different measures of effect 
 
The earlier study (De Zwart et al. 2005a) presented detailed aspects of the items 1 to 3, but 
did not confirm the meaning of msPAF for field exposed communities (item 4). To avoid 
excessive repetition in the two papers, we will here only present information that is essential 
for the purpose of confirmation. 

The monitoring data set 
The monitoring data pertain to biological, geographical, physical and chemical data. 
Imputation based on the nearest neighbor within designated stream reaches linked biological 
samples with the most representative habitat and chemistry samples (Dyer and Wang 2002). 
The number of sampling sites with both fish census data and geographical information 
(latitude, longitude, slope, and drainage area) was 1552, 695 of which had complete 
biological, habitat, and chemical data. Of the 1552 sites, 114 were designated reference sites 
(Rankin 1989, Stoddard et al. 2005), and 60 of those 114 reference sites had complete data. 
All sites or subsets were used for the different modeling approaches (see below). 
 
Biological data consisted of local abundance data for 100 endemic fish species. 
 
Abiotic baseline data for Ohio rivers (USEPA 1992a) were summarized in a GIS database 
(Dyer et al. 2000), which included locations of wastewater treatment plants (WWTP) 
(USEPA 1989, 1992c). Mean flow data were combined with effluent data from WWTPs to 
estimate dilution factors and the cumulative percentage of effluents in the river reaches. 
Habitat data included sampling location (Latitude, Longitude), drainage area above each 
sampled site, vertical gradient (slope), and habitat characterization metrics scored by expert 
judgment (Rankin 1989) (provides a list). Ambient water chemistry data collected were: 
dissolved oxygen, hardness, pH and total suspended solids. Median and 90th centile values 
were determined per site. Toxicant concentrations were either measured (USEPA 1995) (total 
metal concentrations of Cd, Cu, Pb, Ni, Zn and total ammonia), or modeled by river routing. 
The GIS-ROUT model (Dyer and Caprara 1997, Wang et al. 2000) and the dilution factors of 
WWTPs were used to estimate river water concentrations of cumulative effluent and the 
concentrations of household product constituents (triclosan, linear alkylbenzenesulfonate 
(LAS), alcohol ethoxylates (AE), alcohol ethoxylate sulfates (AES) and boron). After toxic 
risk calculation (msPAF) over the two subgroups of the 12 toxic compounds, the data set 
contained 18 abiotic variables. 
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Table 7.1 Statistical attributes of measured and modeled abiotic predictors and their use in RIVPACS and 
generalized linear models (GLM). 

Centiles 
 

 
 
Variable 

 
 
Abbrev. 

 
 
Units 

5% 25% 50% 75% 95% 

R
IV

P
A

C
S

 

G
L

M
4 

G
L

M
18 

G
ro

u
p

(3 

Habitat Characteristics            

 Latitude LAT Dec. degrees 39.23 39.73 40.14 41.1 41.46 X X X H 
 Longitude LONG Dec. degrees -84.47 -83.88 -83.03 -81.98 -80.97 X X X H 
 logDrainage Area logDA Km2 1.18 1.96 2.54 3.11 3.77 X X X H 
 logGradient logGRAD ft. drop/mile -0.08 0.4 0.76 1.08 1.49 X X X H 
 Channel alterations (high = less) CHANNEL Range 0 - 20 6.5 12.5 15.25 17 19   X H 
 Cover alterations (high = less) COVER Range 0 - 20 6 11 13 15 18   X H 
 Pool alterations (high = less) POOL Range 0 - 12 5 8 9.5 11 12   X H 
 Riffle alterations (high = less) RIFFLE Range 0 - 8 1.5 3 4.5 6 7   X H 
 Riparian alterations (high = less) RIPARIAN Range 0 - 10 3.5 4.75 6 7 9   X H 
 Substrate alterations (high = less) SUBSTR Range 0 - 20 6 12.5 15 17 19   X H 
 No. Modified Warmwater 

Habitat Attributes WWATR Range 0 - 9 1 2 4 5 7   X H 

Measured Chemistry            

 Dissolved Oxygen (median) DOMED mgO2/L 4.96 6.82 7.82 8.71 10.39   X C 
 pH (median) PHMED Std. Units 7.5 7.81 8 8.17 8.4   X C 
 Hardness (median) HARDMED mgCaCO3/L 138.5 236 290.5 343 411.3   X C 
 Total suspended solids (median) TSSMED mg/L 5 8 15 26 58   X C 
 Total Ammonia (90 percentile) NH3 mgN/L 0 0 0.08 0.22 2.8     
 Total Cadmium (90 percentile) µg/L 0 0 0 0 0.8     
 Total Copper (90 percentile) µg/L 0 0 0 0 17     
 Total Lead (90 percentile) µg/L 0 0 0 0 50     
 Total Nickel (90 percentile) µg/L 0 0 3 5 15.3     
 Total Zinc (90 percentile) 

 
 
Heavy Metals 
HM 

µg/L 0 17 32 60 170     
Modeled Chemistry & Ecotoxicity            

 % Cumulative Effluent (median) EFFMED Percent 0 0.37 2.01 4.91 20.42   X E 
 msPAFNH3-Metals

(1 (90 percentile) PNH3HM90 Percent 0 0.07 0.11 0.21 0.43   X T 
 msPAFHH

(2 (low flow) PHHL Percent 0.01 0.03 0.08 0.14 0.36   X T 
1) multi-substance Potentially Affected Fraction of species based on species sensitivity distributions for ammonia and heavy metals, including 

cadmium, copper, lead, nickel, and zinc. 
2) multi-substance Potentially Affected Fraction of species based on species sensitivity distributions for the household (HH) product 

constituents, Boron, AE, AES, LAS and Triclosan. 
3) Grouping in Figure 7.2: H = Habitat, E = Effluent, C = Chemistry, T = Toxicity 

  
Substantial variation was present in the data set of abiotic variables (Table 7.1). Correlations 
amongst variables were determined, since the interpretation of the confirmation studies may 
be hampered by such correlations. Although correlations between parameters were reported in 
detail in De Zwart et al. (2005a), we would like to underline that the correlation between 
msPAF and other abiotic parameters were non-significant. Table 7.1 also shows which 
parameters were used in the different modeling steps used in Method 2. 

Method 1: Quantification of multi-substance toxic risk (msPAF) 
The quantification of msPAF consists of site-specific exposure assessment and calculation of 
single compound PAFs and msPAFs. The toxicity of heavy metals for fish is strongly 
associated with the dissolved fraction of the metals that is ionized (Sorensen 1991), which is 
related to water hardness. Field exposure to metals was calculated from the 90th centile Cd, 
Cu, Ni, Pb and Zn concentrations, the median local water hardness and hardness correction 
factors (Ohio EPA 1996). The modeled critical low flow concentrations of household product 
chemicals boron, AE, AES, LAS, and triclosan were considered as entirely bioavailable. Un-
ionized ammonia is about two orders of magnitude more toxic than the ammonium ion 
(NH4

+), and ionization depends on pH and temperature (USEPA 1999). Unionized ammonia 
was calculated from the 90th centile value of measured total ammonia, using site-specific 
median pH and assuming a constant temperature of 12 °C. SSDs (Posthuma et al. 2002a) were 
used to estimate toxic risk (PAF) for each compound (Figure 7.1). 
 



 Meaning of msPAF 

 137 

 
Figure 7.2 A. The concept of Effect and Probable Cause (EPC) diagrams. B. Steps in the multi-disciplinary 

data analysis needed to derive impact per site (pie size), association of impact to the predictors 
(slice sizes) and statistical error. C. End result: GIS-mapped EPC-diagrams for 695 sampling 
locations. The graph only serves to illustrate the method, but not to present results. A color print of 
figure C is printed on the back cover of this thesis. 
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Laboratory acute aquatic toxicity test data (EC50) were obtained from the USA EPA Ecotox 
database (USEPA 2002) to construct SSDEC50 curves for ammonia and heavy metals. SSDEC50 
curves for surfactant (LAS, AE, AES) were obtained from a QSAR-based procedure (Van de 
Plassche et al. 1999). Log-logistic functions, in which alpha (α) specifies the median and beta 
(β) the slope (De Zwart 2002), were fitted to these data. Chronic NOEC toxicity data were too 
scarce to directly construct SSDs. Therefore, chronic SSDs were estimated by applying an 
assessment factor of 10 (i.e., a left shift of SSDEC50 to obtain SSDNOEC, (De Zwart 2002)). The 
PAF values for individual compounds within both industrial chemicals and household product 
categories were combined to derive separate msPAFNH3&Metals and msPAFHH values and 
msPAFOverall, both for acute and chronic exposure. All compounds were assumed to have 
different toxic modes of action (TMoA), so that the risk of the mixtures could be 
approximated using response addition. Thereby, it was assumed that species were independent 
in their sensitivity for the different toxicants (De Zwart and Posthuma 2005). 

Method 2: Quantification of mixture impacts in multi-stress 
conditions 
Impacts to local fish communities were quantified with various classical summary parameters, 
viz. species richness index (S = number of species in the sample), total abundance (N = total 
number of individuals in the sample), the Shannon-Wiener diversity index (Shannon and 
Weaver 1949) (H = -Σ(pi ⋅ log2pi), where pi is the proportion of species i in the sample), and 
the Shannon equitability (Evenness) index (Shannon and Weaver 1949) (EH = H/log2S). 
 
Since neither of these parameters pertains to the concept of “fraction” as embedded in PAF 
and to mixture exposure as cause, we developed a method to quantify the observed fraction of 
species likely affected by toxicant mixtures. This fraction was calculated from data analyses 
that involved ecological (based on reference sites), ecotoxicological (Method 1) and eco-
epidemiological modeling (statistical analyses) as explained below. The concept, the multi-
disciplinary multi-step analysis and the result (Effect and Probable Cause, EPC-pie diagrams) 
of those analyses are displayed in Figure 7.2A-C. 
 
Four preliminary steps were used to calculate the observed toxicant mixture affected fractions 
(De Zwart et al. 2005a). 
 
First, comparison of the observed fauna with that expected to occur in the absence of 
anthropogenic stress provides a basis for quantifying local impact. A RIVPACS type model 
(River Invertebrate Prediction and Classification System, Moss et al. 1987, Hawkins and 
Carlisle 2001) was built from the 114 reference sites data, using latitude, longitude, slope and 
drainage area as predictors, to predict probability of capture (Pc) per species per site. The 
model was used to estimate the number of species expected (E) at a site in pristine conditions. 
The O/E ratio (calculated on an absolute scale of 0 to 1) provides an indicator of impact, i.e., 
the fraction of species present that were expected, and provided the radius of the EPC pie 
charts (1-O/E). Large radius indicates poor biological condition. However, the fraction of fish 
species lost can not yet be attributed to specific causes. 
 
Second, Generalized Linear Models (GLM, McCullagh and Nelder 1989) were used to 
quantify the association between the abundance of each of the 100 fish species and either the 
4 RIVPACS predictors (GLM4) or all 18 abiotic predictors (GLM18). The GLM18 models 
were forced to include the four natural variables that were used in the RIVPACS model. Both 
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linear and quadratic forms of the seven habitat and seven contaminant related variables were 
subsequently added to the models by a stepwise procedure only when significant (P < 0.05) 
(BIC, Schwarz 1978). msPAFNOEC was used as a variable in the GLMs. Significant 
association between abundance (per species) and a stressor was interpreted as probable cause 
of impairment. We use the term “cause” in this restricted sense, although we recognize that 
associations do not necessarily imply causation. GLM models calculate likely causation over 
a set of sites per species but not the impact on local communities. 
 
Third, combining RIVPACS and GLM yielded site-specific subsets of GLM18 models, 
namely for the missing species identified by RIVPACS. Through these subsets, it became 
possible to generate the EPC-pie diagrams (Figure 7.2A and Figure 7.2C). The GLM18 
regression models were used to predict the numerical abundance of species i at any site 
(Ei,GLM18) as a function of both the naturally occurring and stressor conditions occurring at a 
site. If a species was concluded missing at a particular site, the contribution of the different 
stressor variables in the GLM18 model prediction were considered. The net value of the sum 
of the linear and the quadratic terms should be negative for a missing species at a site. For 
example, if species i is missing at site x, and the value of (f1,i · msPAFx + f2,i · msPAFx

2) is 
negative, this is considered evidence that the mixture of chemicals contributed to the species’ 
absence. For all missing species at a site, the relative potential influence of each stressor 
variable is thus calculated as that stressor’s negative contribution divided by the sum of all 
negative stressor contributions for the species. Unexplained variance in species abundances at 
each site was calculated as the departure from a linear association between observed and 
expected (Ei,GLM18) abundances over all species. Unexplained variance, including unknown 
causes and model error, was quantified as (1 - r2) and included in the EPCs as one of the 
slices. The information for the different variables along with the unexplained variance was 
used to size the pie slices in the EPC graphs. 
 
In a final step, the fraction of species probably lost due to the toxic action of the considered 
chemicals was calculated as the absolute pie size of a site multiplied by the relative slice size 
associated to toxic risk. 

Method 3: Confirmation - meaning of msPAF for different 
measures of effects 
The key question of this paper can be reformulated as: 
Can a function be described as:  CEEi = f(msPAF), 
where CEE is the Change in Ecological Endpoint and i is the endpoint chosen. 
In their simplest format, these functions could be derived from linear regression: 
CEEi = a i · msPAF + b i + ε, 
where a and b are constants for the respective field effect parameter i and ε is the error. Such 
functions can be either or not significant (when applicable after appropriate transformation of 
i). 
Three approaches i were used to quantify CEE (Method 3a – 3c). First (Method 3a), 
msPAFOverall, NOEC was related to a selection of classical biodiversity endpoints. Second 
(Method 3b), msPAFOverall, NOEC was related to the abundance of individual fish species. 
Pearson product-moment correlations were determined between msPAFOverall, NOEC and the 
abundance data of 100 fish species. Third (Method 3c), the combined msPAFOverall, NOEC and 
msPAFOverall, EC50 values were related to the proportion of species that was lost, as calculated 
from the local EPC data. The loss of species was both expressed as the total proportion of 
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species lost (1- O/E = pie size) and as the proportion of species lost, likely attributable to 
toxicity: Proportion of species lost (pie size) x Proportion of species loss likely attributable to 
toxicant exposure (size of toxicity slice). 

Results and discussion 

Method 1: Quantification of toxic risk (msPAF) 
Single compound PAFs corrected for field exposure conditions were reported earlier (De 
Zwart et al. 2005a). For this study, the variation in msPAF estimates was of special interest. 
This variation was substantial and a steady increase across sites was observed, with slightly 
lower representation of higher values (Figure 7.3). 
 
In approx. 10% of the sites (proportion of sites > 0.9) the msPAFOverall, NOEC for all compounds 
was higher than 50%, while the msPAFOverall, EC50 for all compounds in those sites exceeded 
10%. The latter suggests that exposure of a subset of the tested species in these water bodies 
would result in a 50% effect on a vital characteristic in 10% of the species due to the toxicant 
mixture alone, so that substantial local effects would be expected. The relationship between 
msPAFEC50 and msPAFNOEC is strong (msPAFEC50 = 0.24 · msPAFNOEC; r2 = 0.66, P < 0.001), 
but it is not a uniform factorial difference. This is a result of the non-linear characteristics of 
both SSDs. Therefore, both types of msPAF are considered separately when associated to 
Changes in Ecological Endpoints (CEEi, method 3). Both series of toxic risk estimates 
(msPAFHH, NOEC and msPAFNH3&Metals, NOEC) were not significantly correlated to any of the 
other habitat factors. This suggests that the attribution of local species loss to mixture 
exposure (in the EPC-based calculation, see Method 2) may be correct, or only slightly biased 
by other measured variables. 
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Figure 7.3 Cumulative profile plot for sites versus msPAF. 
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Method 2: Quantification of mixture impacts in multi-stress 
conditions 
RIVPACS analyses showed that there was considerable variation in degree of impact among 
sites (pie sizes in Figure 7.2C). The GLM18 analysis showed that there are highly significant 
associations between abundance variation in a selection of individual fish species over Ohio 
and the geographical or stressor variables (Table 7.2). Table 7.2 also indicates the percentage 
of species for which abundance was associated to those variables. The parameters with an 
associated linear response in most of the species (>90% of the species) are Latitude, 
Longitude, Drainage area and Gradient, but these variables were “forced in” into the GLM18 
calculations. For the other variables, which could either be adopted in the GLM18 or not, 
depending on significance of term additions, possibly non-linear (quadratic terms) responses 
were found for 43 - 67% of species. The proportion of species for which msPAFNOEC was 
significantly (P < 0.001) associated to their local numerical abundance, was 55% for the 
household product concentrations at low flow, and 50% for the 90th centile metal and 
ammonia concentrations. The variation in local concentrations of toxicants apparently 
influenced population densities in a moderate number of species, as have other variables. The 
multi-stress response pattern shown in Table 7.2 strongly suggests that the EPC-based 
analyses in Method 3c may be necessary to discriminate stressor influences per site. 

Table 7.2 Summary of the degree of significance in the GLM18 models to which the numerical abundance of 
100 fish species are associated to the geographical and stress factors in the data set. RSS: Residual 
Sum of Squares. Variable abbreviations: see Table 7.1. 

  

Significance of regression terms 
related to increase of RSS upon 

removal from the final GLM18 models 
per species 

Predictor 
variables 

Predictor 
occurs in 
percentage 
of species 

P
 ≤ 0.001 

0.001 <
 P

.≤ 0.01 

0.01 <
 P

 ≤ 0.05 

0.05 <
 P

 ≤ 0.1 

0.1 <
 P

 ≤ 0.5 

0.5 <
 P

 ≤ 1.0 

LAT 99% 71% 7% 3% 2% 11% 6% 
LONG 96% 64% 7% 3% 3% 23% 0% 
LogGRAD 94% 52% 7% 9% 6% 27% 0% 
logDA 98% 72% 3% 4% 2% 18% 0% 
DOMED 45% 86% 5% 5% 0% 5% 0% 
HARDMED 55% 85% 13% 0% 0% 2% 0% 
EFFMED 65% 92% 6% 0% 0% 2% 0% 
PHMED 43% 95% 5% 0% 0% 0% 0% 
TSSMED 67% 89% 11% 0% 0% 0% 0% 
CHANNEL 47% 96% 2% 0% 0% 2% 0% 
COVER 66% 92% 5% 3% 0% 0% 0% 
WWATT 48% 91% 9% 0% 0% 0% 0% 
POOL 46% 86% 14% 0% 0% 0% 0% 
RIFFLE 47% 87% 9% 2% 0% 2% 0% 
RIPARIAN 44% 88% 12% 0% 0% 0% 0% 
SUBSTR 50% 88% 8% 4% 0% 0% 0% 
msPAFHH, NOEC 55% 91% 8% 0% 2% 0% 0% 
msPAFNH3&Metals, NOEC 50% 92% 6% 0% 2% 0% 0% 
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Method 3: Confirmation - meaning of msPAF for different 
measures of effects 
Associations between msPAFOverall, NOEC and classical biodiversity metrics are shown in Table 
7.3 (Method 3a). Regression slope coefficients do not significantly differ from zero, 
suggesting no association between msPAF and these parameters. This was unexpected, given 
the variation in msPAF and the association with species responses concluded from the GLM 
analysis (see Method 2). Apparently, signal was lost when using summary parameters for 
biodiversity. 
 
The results of correlation analyses for individual species (Method 3b) are presented in Figure 
7.4, after ranking the species in the set of Pearson product-moment correlation coefficients 
between msPAFOverall, NOEC and density data. For both groups of toxicants combined, there are 
about as many species (10%) increasing in abundance with increasing toxicity (opportunist 
species) as there are species (13%) decreasing in abundance (sensitive species); correlation 
coefficients were non-significant (P > 0.05) for the remaining species. This pattern explains 
why Method 3a did not reveal relationships between msPAF and summary biodiversity 
parameters. 
 

Table 7.3  Regressions for change in ecological endpoint (CEE) as function of msPAFOverall, NOEC for 
classical biodiversity parameters. No significant correlation found at α = 0.05. 

Ecological Endpoint  Formula Statistics 

Total # of species CEE = -0.06 · msPAF + 16.65 r2 = 3.0 10-6 (P > 0.05)  

Total # of individuals log CEE = -0.02 · msPAF + 2.30 r2 = 0.0002 (P > 0.05) 

Shannon-Wiener index CEE = -0.11 · msPAF + 2.06 r2 = 0.0015 (P > 0.05) 

Shannon’s equitability index CEE = -0.05 · msPAF + 0.75 r2 = 0.005 (P > 0.05) 
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Figure 7.4 Species-ranked coefficients of the product-moment correlation between msPAFOverall, NOEC 

and the abundance of individual fish species. Grey area: non-significant correlations (n = 695, P > 
0.05). 
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Next, focus was put on the fraction of species lost from the local species assemblages 
(Method 3c). First, impact was quantified by the O/E scores from the RIVPACS analysis (pie 
size). Second, the impact was quantified as the species loss likely attributable to toxicant 
mixture exposure (pie size x slice size). The regression lines between msPAF and those lost 
fractions of species were determined. These analyses resulted in the formulae as presented in 
Table 7.4 and in Figure 7.5A-B. 

Table 7.4 Regressions for change in ecological endpoint (CEE) as function of msPAFOverall, NOEC and 
msPAFOverall, EC50 for the proportion of species lost, both total and likely attributable to toxicant 
exposure. 

Ecological Endpoint  Formula Statistics 

Total proportion of species lost CEE = -0.013 · msPAFNOEC + 0.40 r2 = 0.001 (P > 0.05)  

Total proportion of species lost CEE = -0.047 · msPAFEC50 + 0.40 r2 = 0.002 (P > 0.05) 
Toxicity attributed proportion of 
species lost log(CEE) = 1.19 · log(msPAFNOEC) - 1.52 r2 = 0.39 (P < 0.01) 

Toxicity attributed proportion of 
species lost log(CEE) = 0.92 · log(msPAFEC50) - 1.00 r2 = 0.40 (P < 0.01) 
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Figure 7.5 The log transformed fraction of species at a site likely lost due to toxicant mixture exposure (pie 

size x slice size related to toxicity) as a function of log(msPAF). Graph A: X=log(msPAFNOEC) 
Graph B: X=log(msPAFEC50). Both axis are on a 10log scale. The dotted lines indicate the 
hypothetically ideal 1:1 relationship. 

The total loss of species (O/E) is not significantly associated with msPAF. A significant 
regression is however present between msPAF and the loss of species attributable to toxicant 
mixtures, both for msPAFNOEC and msPAFEC50. There is some degree of circularity in these 
regressions, since msPAF defines the X-values and influences the Y-values (by the “pie size x 
slice size” calculation). This is however unavoidable when there is significant association 
between msPAF and abundance for separate species (Figure 7.4 and Table 7.2), but not for 
O/E and other summary parameters, and when the observed effects must preferably be 
defined as fraction of species. 
 
The analyses show some remarkable results, despite the double use of msPAF for defining 
both X and Y. (1) Both slopes are near unity, which is remarkable since calculation of the 
species loss attributable to toxicant exposure also may contain a non-linear (quadratic) term 
for msPAF. (2) Scatter around the regression lines represents the large variability in the data 
set. The regression line for msPAFEC50 revealed the closest and most uniform match with the 
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hypothetically ideal one-to-one relationship (dotted line) between model (acute toxic risk) and 
observation (loss of species). This may be due to the more direct way of calculating SSDEC50 
from the original toxicity data and due to the fact that EC50 exceedence is more likely 
associated with observable effects than NOEC exceedence. (3) For the msPAFEC50 values, 
nearly all scatter plot data were located below the dotted line. This observation is likely 
because impact is exerted by multiple stressors. Toxic risk may predict an effect in a 
particular proportion of species; however, these species may already be affected by any 
combination of the other stress factors, so that their loss can not statistically be attributed to 
toxic stress. (4) Additional loss of species may be induced at higher exposures due to 
ecological interactions. From the fact that graph B only displays a few instances where data 
are located above the dotted line, it may tentatively be concluded that such indirect toxic 
effects do not frequently result in additional loss of species by indirect effects to a degree 
higher than the value of the estimated msPAFEC50 in the data set. (5) Although the regression 
in graph B suggests that loss of species attributable to toxicity is a factor of 10 lower than 
predicted acute toxic risk, the scatter plot data reveal that maximum toxicity attributed loss of 
species comes close to predicted acute toxic risk (CEEmax, loss of species = msPAFEC50). 

Conclusions 
The results presented in this paper, and especially the comparison with the fraction of species 
likely lost as a result of toxicity (Figure 7.5), represent a quantitative interpretation of msPAF 
in terms of community impact under field conditions. The analysis revealed the importance of 
considering toxicant mixture effects in a multi-stress context. Associations between msPAF 
and community responses were significant only when considered per species and by putting 
focus on the species lost, not when considered by summary parameters for biodiversity. This 
is likely due to the highly dynamic set of multi-stress response types. Earlier studies (Klepper 
et al. 1999, Smit et al. 2002, Mulder et al. 2005a), reported similar differences, and 
distinguished responses at different levels of organization. Autecological responses pertain to 
changes in the numerical abundance of each of the individual species and are expected first 
for some sensitive species. Macroecological responses pertain to effects such as complete 
degradation of community structure at highly contaminated sites. 
 
Ecological considerations suggest that, at low exposure, direct effects can be negated because 
of ecological compensation mechanisms, whereas at high exposure direct effects can be 
magnified by changes in ecological interactions (Solomon and Takacs 2002), e.g., an 
insensitive predator may suffer from effects on a more sensitive prey (Cohen et al. 2003, 
Mulder et al. 2005b). This implies that the null hypothesis of Method 3 needs not necessarily 
be a linear association between msPAF and CEEi. The results of our analyses are, however, 
insufficiently clear as to “break” the linear null model in various ranges (neutralizing, linear, 
magnifying). Nonetheless, it should be acknowledged that SSD-based results pertain to 
expected direct effects only; indirect ecological effects are not part of the SSD methodology. 
Due to this (and other) limitations, SSDs may be discarded for some risk assessment 
problems. However, the current data do not support the view that the concept should be 
discarded for all problems. With tailored software (such as the computer program ETX, Van 
Vlaardingen et al. 2004) and easily obtained data, SSD-based results (EQCs, PAFs, msPAFs) 
can be generated quickly and easily. Results may be interpreted directly, e.g. as EQC or as 
(gross) ranking (of sites, compounds, affected taxa), or indirectly, e.g., as help to focus further 
investigations in higher tiers of the assessment. In a context of a tiered assessment approach, 
SSD-based results are intermediate between ratio-based methods (e.g., PEC/PNEC, with 
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safety factors to account for uncertainty) and higher tier methods either founded in field 
testing (e.g., pesticide registration) or ecology-based modeling of uniquely defined assessment 
problems. According to the principles of parsimony, SSDs may yield useful output for some 
policy targets, although the approach is an over-simplification of the ecological processes for 
which risks are determined. Limitations that follow from the fact that method is a modeling 
approach, based on statistics (as first principle) and laboratory toxicity data (as operands), 
should always be acknowledged. For EQC derivation, the criteria of accuracy, practicality and 
relevance have apparently been passed, as substantiated by use in various legislations (Suter 
et al. 2002) and by various observations that NOECEcosystem > HC5. 
 
The more recent use of the SSD method is to assess the ecological risk of exposure to 
mixtures in already contaminated ecosystems. Especially when considering the spatial 
challenges mentioned by Bradbury et al. (2004) this adds specific aspects to the SSD 
approach; the assessment of mixture risks under local exposure conditions. Expert judgment 
on mixture effects of various compounds at (relatively) low concentrations seems 
conceptually very difficult, if not impossible. The calculation of msPAF as an overall 
parameter approximating toxic stress is a possible (mid-tier) solution to this problem (De 
Zwart and Posthuma 2005). It allows for quantitative rather than subjective assessment. In a 
certain sense, the method can especially be helpful in situations where risk managers have to 
avoid “false positives”. For example: when large amounts of slightly contaminated soils or 
sediments (dredging) need to be handled, separate PAFs for all compounds may be below the 
level of concern, where msPAF might indicate concern. For such problems, the use of msPAF 
can be considered a “safe approach” for the underpinning of risk management decisions. 
 
This study shows that the statistical and intuitive meaning of msPAF is – to a certain extent – 
correct: when msPAF increases, so does the ecological response in a highly significant way 
and for a variety of species. Focusing on the “lost species”, the loss of species that can be 
ascribed to toxicity closely matches the predicted acutely occurring large effects in 50% of the 
exposed populations (msPAFEC50), at least in a relative sense (slope 1:1), and with a 
maximum equal to the msPAFEC50. As such, the msPAFEC50 may have the diagnostic 
properties required to assess ecological condition and to identify toxicity impaired ecosystems 
(Bradbury et al. 2004). The degree of response to toxicants depends thereby on the responses 
of the fish species assemblage to other stressors. If a system has already collapsed due to 
adverse conditions in any of the other stress factors, the contribution of toxicant stress to 
shaping the local community might be zero. 
 
A key (indirect) observation of this study is that the use of the msPAF approach can be very 
important to the interpretation of (future) monitoring data. Various jurisdictions (e.g., EU, 
USA) implement large scale monitoring efforts, whereby both impact and causal analyses 
(like the EPC approach) are requested. Usually, enriching sampling approaches by adding 
more variables trades off in reduced statistical and inferential power, which especially 
hampers adding the array of all potentially relevant toxic compounds. When data sets (are 
planned to) contain data for many compounds, they likely have low power when toxicants are 
considered per compound. Using msPAF might help to improve statistical power in a first 
step. The local relevance of individual compounds can be identified in a second step (by 
looking at the separate PAFs) when needed. Eventually, use of the msPAF approach may play 
a role in linking compound regulations (e.g., EU-REACH) and regulations targeting at the 
biological integrity of environmental compartments (e.g., EU-Water Framework Directive). 
This warrants further developments to improve on SSDs conceptually and in practice. 
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8 Conceptual and technical outlook 

Introduction 
The work on this thesis was started from a well established notion that the sensitivity of 
species to a toxicant obeys to certain rules (species sensitivity distribution (SSD), Chapter 2) 
that may serve as a basis to predict the potential effects of this toxicant on communities in 
nature. However, this basic concept was greatly expanded by adding the variable availability 
of toxicant molecules to biota (Chapter 3) and including the effects of toxicant mixtures 
(Chapter 4). The available information was integrated in technically complex predictions for 
aquatic communities. Departing from current tradition these prediction were put to test in 
actual large-scale aquatic systems for which measured or calculated loading with toxicants 
were used to predict in situ effects (Chapters 5, 6 and 7). Such predictions have been 
successfully tracked with observed occurrences of aquatic species (fish, invertebrates, water 
plants) for which statistical treatment of biomonitoring data was done. While it might be 
possible now to link ecotoxicological extrapolation with the diagnosis of actual ecosystem 
state, the process is (technically) very complex and presumes that concepts are properly 
applied. Therefore some key aspects are discussed, following a SWOT analysis of risk 
prediction concepts. SWOT analysis is performed to reveal the strengths, weaknesses, 
opportunities and threats for the applicability of the models for species sensitivity distribution 
(SSD) and mixture community risk, separately. The SWOT analyses are followed by an 
overview of considerations to improve or adapt these models. 

SSD-concept 
Review of discussion topics and practices in the derivation and use of Species Sensitivity 
Distributions (Suter et al. 2002) shows that two facts are relevant to the development and use 
of SSDs. First, many debates on strengths and weaknesses of the SSD approach have not yet 
been resolved. A shortlist of the current debate is given in Table 8.1. Second, despite these 
unresolved issues, SSDs are currently used in practice as shown in Table 8.2. 
 
The wide-spread use of SSDs in the derivation of environmental quality criteria, risk 
assessment and even life cycle assessment of industrial products (Huijbregts et al. 2002) can 
be marked as an opportunity. These uses show the width of subdisciplines in which SSD-
based results can be applied, and underline the importance of further development of SSD-
based risk assessment methods. 
 
Unvalidated use of the SSD method may be regarded as a threat in the sense that improper 
scaling to environmental effects in natural ecosystems may lead to overly protective or 
insufficient measures for environmental protection. 

Community mixture risk concept 
One of the major perceived strengths or advantages of SSD-based risk assessment over risk 
quotients (Solomon and Takacs 2002, Traas et al. 2002, Warren-Hicks et al. 2002) is the 
improved possibility to estimate the cumulative risk of mixtures, as dealt with in several 
assessments (Traas et al. 2002, Warren-Hicks et al. 2002, De Zwart 2005, De Zwart et al. 
2005a). 
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Table 8.1 Key topics of debates on the use of species sensitivity distributions since the SSDs were 
introduced for regulation of toxic compounds in the environment. The list is not exhaustive. 

Number Debate statements on the SSD approach 

1 Concept & Use 
1.1 Conceptually transparent to decision makers and stakeholders 
1.2 More defensible than safety factors 
1.3 Widely accepted by regulators and practitioners  
1.4 Easily understood 
1.5 Choice of centiles and confidence limits may be based on the risk manager’s 

preferences 
1.6 Not proven more reliable than alternatives 
2 Input data 
2.1 Uses common toxicological data 
2.2 Requires relatively large data sets 
3 Statistics 
3.1 Simple and familiar functions 
3.2 No mechanistic components, purely empirical 
3.3 Different distribution functions can be applied 
3.4 Fit of standard functions may be poor 
3.5 Diverse species sets result in polymodal distributions 
4 Output 
4.1 Clear graphical summary of the results of tests of multiple species 
5 Ecological relevance 
5.1 May represent effects on species (probability of effects) or communities and 

biodiversity (proportion affected) 
5.2 May account for bioavailability of chemicals 
5.3 Include methods for individual chemicals and mixtures 
5.4 Criteria based on low centiles may be overprotective 
5.5 Criteria based on the chronic NOEC as the test endpoint may be overprotective 
5.6 Ecological interactions between species (foodweb, competition) is not incorporated in 

SSD-based predictions 
5.7 Test species are not a random sample of receptor species 
5.8 Sensitive species may be over-represented 
5.9 Important species may be in the unprotected range 
5.10 Does not represent ecosystem functions 

5.11 Validation of SSD-based ecological risk assessment is costly (mesocosm 
experiments, analysis of monitoring data) and difficult in a multi-factorial context 

Table 8.2 Adoption of SSDs by national and international authorities. The list contains the authorities where 
SSDs have some legal status (Suter et al. 2002). EQC = environmental quality criteria, ERA = 
ecological risk assessment. 

Adoption of SSDs EQC ERA 

National authorities   
 Australia �  
 Canada � � 
 Denmark �  
 the Netherlands � � 
 New Zealand �  
 United States � � 

International authorities   
 OECD �  
 EU �  
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Validation of the proposed community risk assessment method for mixtures is, however, 
necessary in view of the almost complete lack of validation in literature (Suter et al. 2002, De 
Zwart and Posthuma 2005). The lack of validation certainly can be marked as a weakness of 
the applied methodology. This is especially important in the context of the not necessarily 
justified one-to-one transfer of toxicological concepts (built on molecular concepts of receptor 
interaction) to communities of organisms. However, the transfer to communities or 
assemblages of species is at least conceptually compatible with the idea of mixture risk 
assessment for species, using concentration and response addition, at least when the 
assignment of subgroups has been based on considerations that include both the toxic modes 
of action present in the mixture as well as the presence of specific receptors in the exposed 
species. In this way, the aggregation of the simultaneous action of the compounds in the 
mixture for individual groups of species likely makes toxicologically more sense than 
aggregation of risk for “whole communities” without relating compound mode of action to 
exposed groups of species, since the issue of toxic mode of action is addressed specifically 
and generally leads to an improved fit of SSD curves. 
 
Major support for the method of mixture risk calculation proposed in (De Zwart and 
Posthuma 2005) is that the predictions of mixture risk for exposed communities presented in 
the Chapters 5, 6 and 7 of this thesis seem plausible in the sense that they match the order of 
magnitude of toxicant associated effects observed in field exposed communities. 
 
Threats to the applicability of the proposed method are rather limited, as there are no 
alternative ways to evaluate the risk for ecological communities, species assemblages and 
biodiversity caused by exposure to a complex variety of chemicals. 

Improvement of ecological risk assessment methods 
The SSD approach has been adopted in various legislations, and for a range of assessment 
types (Table 8.2). Comparison of the adopted methods for deriving environmental quality 
criteria (EQC) based on the contributed chapters in Posthuma et al. (2002a), surprisingly 
shows that many operational aspects differ between the methods applied. This type of use 
evidently has many appearances and versions, which are similar only with respect to the 
central role of SSDs. For example, despite homology of protection concerns, and despite the 
common choice of the 5th centile of an SSD, as in the derivation of EQC values in the USA 
and the Netherlands, the minimum number of data required, pre-treatment of data, averaging 
in case of multiple data for the same species and endpoint, et cetera, all differ among the two 
countries. Part of the differences relate to local policy settings, part to expert judgment for a 
particular assessment. The use of SSDs in ecological risk assessment (ERA) of contaminated 
sites is less prescribed by routine methods, although some formal protocols are operational 
(Warren-Hicks et al. 2002). This lack of standardization is caused by the diversity of 
assessment problems that can be addressed using SSDs. The questions posed to the risk 
assessor range from determining the relative local risks of contamination for a range of 
contaminated sites, a range of species assemblages, a range of compounds, and a range of 
time- and spatial scales. The diversity of current SSD applications both in the derivation of 
EQCs and for ERA demonstrates that the SSD-concept is usually strongly tailored to the local 
context or to the assessment problem. 
 
The variety of options for SSD evaluation has various implications. First, the definition of the 
assessment endpoint is of fundamental importance for shaping the SSD. The assessment 
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problem should be clearly defined, and only after that is done, it can be decided whether SSDs 
are an appropriate option for the assessment, and if so, which type of SSD. For example, a 
single SSD fitted to all data might suffice, when the protection target should be defined 
generically on a national scale, without specific concerns for particular species and with low 
chance of false negatives (using a conservative cut-off centile). However, results that provide 
scientific proof that particular species groups or ecological functions are protected should not 
be expected. In those cases, the particular species groups or the ecological functions should 
have led to the definition of SSDs with other operational choices, like distinction of sensitive 
groups in the toxicity database, or to the application of other approaches. Other kinds of 
approaches to obtain the required information for prognosis are, for example, functional 
sensitivity distributions (Sijm et al. 2002, Suter et al. 2002), food-web modeling (Hendriks et 
al. 1995, Traas et al. 1998, Klepper et al. 1999). For diagnosis, the information could be 
obtained by assessments based on Triad analyses (Chapman 1986, 1996, De Zwart et al. 1998, 
Mesman et al. 2003, Rutgers et al. 2004) or the application of bioassays (Whole effluent 
testing (WET), Grothe et al. 1996). 
 
Second, the conclusions of verification efforts will only be valid for a specific type of SSD. 
These conclusions may be applicable to other SSD-approaches when both are numerically 
indistinguishable. For example, the USA HC5 that was subject of a validation study by 
Versteeg et al. (1999) has been derived with other operational choices than the Dutch HC5 of 
Okkerman et al. (1991) and Emans et al. (1993). The different quantitative operational 
choices between different SSD analyses, e.g., how data are treated, require further attention to 
avoid mis-interpretation of validation studies. 
 
To further the development of SSD-based risk assessment, a conceptual and technical outlook 
has been made. Main issues for this outlook were identified in discussions between the 
authors of the SSD book (see, Posthuma et al. 2002a) and various experts consulted in the 
final stages of preparing this book. The shortlist of debate topics, presented and numbered in 
Table 8.1 is the result of these discussions. Many of the items brought forward are already 
discussed in the previous chapters of this thesis. The remaining part of this chapter will focus 
on topics that were not or only marginally covered in the previous chapters, and that are 
considered of importance for the main message of this thesis (see Table 8.1): 
 
3.3, 3.4 and 3.5 Different distribution functions can be applied. The fit of standard 

distributions to toxicity data may be poor. Diverse species sets result in 
polymodal distributions. 

5.5 Criteria based on the chronic NOEC as the test endpoint may be 
overprotective. 

5.6 Ecological interactions between species (foodweb, competition) is not 
incorporated in SSD-based predictions. 

5.11 Validation of SSD-based ecological risk assessment is costly (mesocosm 
experiments, analysis of monitoring data) and difficult in a multi-factorial 
context. 

Statistics of toxicity datasets and model selection 
When an SSD analysis is started, choices have to be made regarding statistical techniques to 
describe the data with respect to the assessment endpoint. Cumulative distribution functions 
(CDF) can be parametric or non-parametric estimates, they can be fitted as straight lines after 
probit transformation, or they can be based on non-linear fitting techniques. Until now, the 
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debate has focused on which approach should be generally favored over others, such as 
general preference for the log-normal, log-logistic or log-triangular parametric approaches, 
for bootstrapping (Newman et al. 2002) or a hybrid of bootstrapping and parametric 
techniques (Grist et al. 2002). There are no convincing arguments that the distribution of 
species sensitivities should follow any particular statistical function. Therefore, the choice of 
approach or function must be based on pragmatic considerations rather than first principles. 
Pragmatic considerations of statistical kind should be weighted while considering the 
assessment endpoint, to determine which part of the dataset is of interest, whether to model 
the data set as a whole or subsets of the data. For example, a bimodal curve (Aldenberg and 
Jaworska 1999) could be a pragmatically good choice to fit a single SSD from all data to yield 
a robust estimate of the HC5, but for a different assessment with the same dataset, such as a 
risk assessment for a contaminated environment, it can be a poor choice (Figure 8.1). 
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Figure 8.1 An illustration of assignment of one SSD to all compiled aquatic toxicity data for a compound (top 

panels) versus the assignment of various SSDs to subselections of data (lower panels) for a 
compound with an nonspecific and specific Toxic Modes of Action, respectively (benzene, left 
panels; atrazine, right panels) (Posthuma et al. 2002b). 

Prior to choosing any function or approach, a statistical analysis could be made of the 
available sets of input data. This insight has been put forward both for ecological and human 
risk assessment by Newman et al. (2002) and Aldenberg (personal communication). What are 
the statistical characteristics of the data sets? A start can be made by presenting some basic 
descriptive statistics to summarize the data: minimum, maximum, mean, standard deviation, 
quartiles (0.25th quantile, median, and 0.75th quantile), and so forth. Quartiles are often 
considered robust indicators of spread and skewness. These estimates, and combinations of 
them, could point to deviations from symmetrical distributions, or other features of the 
distribution of the dataset. Similarly, basic statistical techniques can be employed to derive the 
Probability Density Function from the data. For example, kernel density estimation may be 
useful to detect possible shapes of SSDs, without actually assuming a certain parametric form, 
or requiring symmetry (Aldenberg, personal communication). As suggested by Aldenberg et 
al. (2002), a range of further techniques is available to assess the goodness of fit, or to take 
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various levels of uncertainty into account, including Bayesian approaches. Uncertainty may 
concern the input data (both sensitivity in the SSD and exposure concentrations in the 
exposure concentration distribution) and the model. Both basic and advanced statistical 
techniques for summarizing data sets offer ways to assist in choosing a best-fit approach for 
any dataset, be it uni- or multi-modal, with parametric or non-parametric methods. All 
different possibilities for summarizing data sets were recently added to the ETX2.0 computer 
model, freely available from RIVM (Van Vlaardingen et al. 2004). According to this 
approach, the data set defines the proper model, not the assessment context. When new 
statistical techniques are introduced, guidance on the statistical techniques that can be applied 
before choosing among the options for a given dataset should be made available to avoid 
misinterpretation. For example, when choosing the “best fitting” statistical procedure, one 
should consider to which area of the curve the “best fit” criterion should be sensitive in view 
of the assessment endpoint. Should it focus on the lower tails or on the whole curve. Do we 
want a model to be rejected when there is proper fit in the lower tail and misfit in the higher 
concentration range? This idea is implemented by the USA EPA by truncating the data for 
derivation of EQCs (Stephan 2002). Further, the statistical power of goodness-of-fit tests 
should be considered, to avoid over-interpretation of the test statistic in cases with small 
datasets. In such cases, the test might fail to detect misfit of any model, that is, several models 
would pass the test. 
 
The availability of a variety of functions and approaches might lead to “shopping” for a 
particularly conservative or anti-conservative choice if the statistical criteria for selecting a 
function are not clearly specified. For any assessment, it seems obvious that for a statistics-
based technique (like the SSD-concept) state-of-the-art statistical techniques should be 
employed to describe the data after selection. Currently, for the sake of procedural 
consistency or because of policy considerations, fixed functions are prescribed, sometimes 
yielding good and sometimes yielding bad fits to the data sets considered. Fixed functions 
seem defensible only from a policy viewpoint (transparency, consistency), not from an 
ecological or statistical perspective. The situation can be improved by replacing fixed 
functions by guidance on a range of data analysis steps that define the appropriate approach 
on statistical grounds. 

Ecological considerations regarding test endpoint 
The endpoint of the ecological risk assessment currently determines the selection of toxicity 
data types that are summarized in SSDs. Classical choices for toxicity data to construct SSDs 
are NOECs (Scott-Fordsmand and Jensen 2002, Sijm et al. 2002, Stephan 2002) or low effect 
concentrations (Gaudet et al. 2002) for derivation of protective quality criteria. For risk 
assessment problems, the use of possibly other test endpoints is advocated (Solomon and 
Takacs 2002, Traas et al. 2002, Warren-Hicks et al. 2002). No theoretical limitation exists 
regarding any test endpoint to be used for SSD construction. There might even be preference 
for acute data over chronic data, because of higher data availability (see e.g., De Zwart 2002, 
De Zwart and Posthuma 2005). NOEC data are relatively scarce as compared to acute data. 
Therefore, if chronic data are used, the resulting SSDs are less representative of the sensitivity 
of natural species assemblages (Forbes and Calow 2002). In view of the assessment endpoint, 
SSDs could also be based on test endpoints, like acute LC50 values to judge acute effects of 
spills, or chronic EC5 values if the NOEC is being replaced by statistically sounder test 
endpoints. 
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The test endpoint choice is also relevant in view of the slopes of the SSD curves, which may 
differ between groups of species (like in Figure 8.1). Risk Quotient calculations may fail to 
produce acceptable results when they are used to identify the highest risk for two compounds, 
with, for example, a five-times exceedence of their individual quality criterion. Due to 
dissimilarity of the slopes of the SSDs, the risk of a five-times exceedence may be much 
higher for specifically acting compounds than for compounds with minimum toxicity 
(Solomon and Takacs 2002). Similarly, risk predictions based on SSDNOEC might yield 
different conclusions than the ones based on SSDEC50, simply due to the slope divergence of 
the original concentration-effect curves of the tested species. The effect of divergent slopes on 
risk assessment output is illustrated in Figure 8.2. 
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Figure 8.2 (Top panel) Concentration-effect curves for acute exposure of 7 species to chlorpyrifos (thin 

lines), and the SSDs derived from them for different effect levels (SSDEC5, SSDEC50, SSDEC95), 
including an SSDNOEC of all available chronic toxicity data. (Lower panel) Concentration-effect 
curves for chronic exposure of 11 species to atrazine (thin lines), and the SSDs derived from them 
(SSDEC5, SSDEC50, SSDEC95 and SSDNOEC for comparison) (Posthuma et al. 2002b). 

Figure 8.2 (top panel) shows the SSDs resulting from acute toxicity tests with chlorpyrifos. 
Acute concentration-effect data for this specifically acting compound were collected for 3 
crustaceans and 4 aquatic insects (larval stages). For comparisons with the derivation of HCp-
values from chronic data, a typical SSDNOEC is provided, which summarizes the available 
chronic toxicity data on target and non-target organisms. The SSDs based on acute data 
(SSDAcute,EC5, SSDAcute,EC50, SSDAcute,EC95) are positioned (far) right to the SSDchronic,NOEC, and 
are steeper. This shows that target organisms are on average far more susceptible than the 
“average” aquatic organism, reinforcing the conclusion that separate SSDs for target and non-
target organisms should be interpreted for appropriate ecological resolution and interpretation 
(see also Figure 8.1). An environmental concentration of 1 µg/L will expose about only 30% 
of the collection of “generic aquatic organisms” above their chronic NOEC, but will most 
probably eradicate the more susceptible species since the risk associated to this concentration 
(PAFEC95) is about 50%. Further, the acute SSDs have slightly different slopes. Hence, a 
single environmental concentration can generate various estimates of risk with shifting 
relative risk ratios. For example, at 0.3 µg/L, the EC5, EC50 and EC95 are exceeded for 
approximately 80, 50 and 10 percent of the species (8:5:1), while this ratio shifts, to (e.g.) 
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1.3:1.15:1 at approximately 0.8 µg/L. Evidently, when there is slope divergence for the 
original test data, the conclusions of risk assessment procedures will differ when different test 
endpoints are chosen. 
 
The other example pertains to atrazine toxicity (Figure 8.2, lower panel). The concentration-
response relationships of this photosynthesis-inhibiting compound were collected for a range 
of aquatic organisms. The species are cyanophyta (1), chlorophyta (5), crustaceans (1) and 
fishes (4). Despite the algae being the target group, the SSDs were based on the overall data 
set. First, this example shows that the SSDNOEC is almost identical to the SSDEC5. An 
environmental concentration of 0.01 mg/L will only expose about 10% of the aquatic species 
above their chronic NOEC or EC5. An environmental concentration of 10 mg/L will pose risk 
to approximately 100% of the species to some extent when judged by SSDNOEC or SSDEC5. 
The latter risk estimates are hardly informative, and indistinguishable from the risks of halved 
or doubled concentrations. However, when considering the SSDEC50 or the SSDEC95, the 
analyses suggest that environmental concentration of 10 mg/L will likely imply 95% risk of 
EC50-exceedance and 70% of EC95 exceedence. Results can be badly interpretable when 
highly sensitive test endpoints are used to make risk assessments at high exposure levels (e.g., 
NOEC exceedence of 100%). 
 
Along this line of thought, the work of Giddings et al. (2003) on the definition of hybrid 
response-SSD curves may be a valuable step forward in the interpretation process of 
ecological risk. Conventional Species Sensitivity Distributions (SSDs) are constructed based 
on toxicity point estimates such as EC50s or NOECs. Concentration response information for 
individual species is lost. One solution to this limitation is to construct a family of SSDs 
based on different point estimates, such as EC5, EC10, EC25, EC50, and EC90 as is done in 
Figure 8.2. Another approach, illustrated in Figure 8.3, is to calculate the magnitude of effect 
on every species at selected exposure concentrations. For each concentration, a curve is 
generated that depicts the spectrum of responses expected among species in a community. 
Each distribution plotted shows the percentage of species (vertical axis) for which growth 
would be inhibited by more than the percentage shown on the horizontal axis. For example, 
20 µg/L atrazine would cause at least 5% growth inhibition in 20% of the species, and at least 
50% growth inhibition in about 5% of the species. This implies that, at a concentration around 
the 5th centile of the SSD for EC50s (20 µg/L), effects on most species would be small (80% 
of species would be inhibited by less than 5%), while a few species would be substantially 
inhibited (5% of species would be inhibited by 50% or more). 
 
One of the most important issues regarding the choice of test endpoints to construct SSDs is 
the relationship between the test endpoint and population performance. For chronic NOECs, 
Suter et al. (2002) already demonstrated that the relationship between test endpoint and 
population performance is unclear, partly for statistical and partly for ecological reasons. Van 
Straalen et al. (1989) and Kammenga et al. (1996) showed that population performance under 
exposure was not necessarily determined by toxic effects on the most sensitive life-cycle 
characteristic. Barnthouse et al. (1990) demonstrated that for some fish populations, typical 
chronic effects thresholds correspond to population extinction if exposure continued for 
multiple generations. There is, however, no fundamental theory on the basis of which one can 
a priori predict how a population would respond to toxic stress. For selection of the most 
appropriate test data, research into modeling the population-level implications of chronic 
exposure for a range of species and life-cycle types is needed to uncover relationships 
between life-history types, toxicant sensitivity of test endpoints, and population sensitivity. 
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Figure 8.3 Example of Response-SSD. Distribution of aquatic plant species growth inhibition by atrazine, 

assuming log-probit dose-response curves for all species (Giddings et al. 2003). 

An overview of the current status of theories and data is provided by Kammenga and 
Laskowski (2000). Posthuma and De Zwart (2005) in this thesis (Chapter 7), empirically 
demonstrated that observed effects in terms of species lost from natural fish assemblages as a 
consequence of exposure to toxicants, most closely correspond to SSD derived risk 
predictions based on acute E(L)C50 toxicity data. 

Ecological interactions 
Solomon and Takacs (2002) stipulated that the response of communities in the field need not 
be similar to the predictions of SSD analyses. There will likely be concentration-dependent 
biases, with fewer effects at low- and more effects at high concentrations and risk estimates 
(Figure 8.4). This relates to ecological interactions. Ecological interactions or indirect effects 
are not addressed by SSDs, but they can be deduced with some common ecological reasoning, 
as illustrated with a hypothetical case study presented in Table 8.3. 
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Figure 8.4 Potential role of ecosystem resiliency in response to the concentration of a toxicant and effects 

caused by interactions between organisms. Redrawn from a paper napkin original by David 
Hansen (Solomon and Takacs 2002). 
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Table 8.3 Ecological risk assessment for a hypothetical freshwater pond with a realistic exposure to a 
mixture of toxicants with different modes of action (TMoA) for different groups of species. The 
calculations are made on the basis of the database of De Zwart (De Zwart 2002). The values in 
bold identify the cases where the probability of effects is exceeding 5%. The estimates of risk 
obtained from SSDs (gray-scaled) can be aggregated to overall risk (expressed as msPAF). msPAF 
values per species group were calculated assuming concentration addition within toxic modes of 
action, and response addition between toxic modes of action (De Zwart and Posthuma 2005). 

Compounds 
Benzene 

& 
Naphthalene 

Zinc Cadmium Atrazine Malathion msPAF 

TMoA NP Narcosis Zn 
action 

Cd 
action 

Photos. 
inh. 

AChE 
inh.  

Taxon       
Algae 0.010 0.013 0.058 0.143 ND 0.211 
Cyanobacteria ND ND ND 0.381 ND 0.381 
Crustaceans 0.005 0.062 0.014 0.001 0.283 0.341 
Insect (larvae) 0.010 0.026 0.000 0.000 0.009 0.045 
Mollusks 0.006 0.104 0.007 0.000 0.000 0.116 
Worms/leeches 0.003 0.012 0.001 ND 0.000 0.016 
Amphibia 0.004 ND 0.000 0.000 0.000 0.004 
Fish 0.007 0.045 0.017 0.000 0.000 0.068 
    Overall msPAF 1) 0.148 
All species 0.015 0.029 0.095 0.072 0.008 0.203 
1) The Overall aggregation value (msPAF) shown here is calculated as the average of the 

msPAF values on different taxa in the last column. 
NP Narcosis = non-polar narcosis; Photos. inh. = Photosynthesis inhibitor; 
AChE inh. = Acetylcholinesterase inhibitor. ND = Not Determined. 

 
If, for example, algae and cyanobacteria would be the only taxa that experience a high risk, 
then it is not difficult to imagine the ecological consequences at a range of higher trophic 
levels, even without formal foodweb modeling. Such reasoning is impossible when a single 
risk estimate is produced from an overall SSD for each compound. For the current example, 
there are only few “No Data” entries. This relates to the choice of compounds. When less 
frequently tested compounds are assessed, small dataset statistics can be used as elaborated by 
Aldenberg and Luttik (2002), which in turn relates to regularities observed in SSDs as 
addressed by De Zwart (2002). The only alternative is to use the fall-back option of 
constructing overall SSDs from all toxicity data. 
 
The subdivision of toxicity data can be driven by a variety of reasons. As an extension to the 
reasons presented when introducing Table 8.3, one may for example wish to assess the local 
risk for separate functional groups in a contaminant-exposed community. Considerations on 
redundancy and ecological stability can thus be introduced in an assessment. This would 
address various objections on the lack of attention for important species or functional 
endpoints (Table 8.1). A maximum acceptable risk might be set for each functional group, in 
order to avoid unacceptable threat to any ecosystem function. Although the functional groups 
might not have a unimodal sensitivity pattern, this would allow assessment of foodweb 
stability subsequent to more generic SSD application. 
 
Incorporation of SSD modeling in a tri-trophic foodweb model for a soil community (Figure 
8.5) indicated that overall ecosystem trophic functionality may to a certain extent be resilient 
to increased risk of toxic compounds. However, already at low risk values (low toxicity) 
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sensitive species were replaced by more tolerant ones (Klepper et al. 1999). This effect seems 
to be confirmed in mesocosm experiments on nematode communities (Smit et al. 2002), as 
well as in field exposed fish and macrofauna communities (this thesis, De Zwart 2005, 
Posthuma and De Zwart 2005). 
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Figure 8.5 (Left) A tri-trophic foodweb of a soil community, to analyze the ways ecological interactions may 

influence community responses to toxicants: if predators and/or competitors are more sensitive 
than a particular species, density of a species may increase, whereas toxicant exposure in 
combination with food shortage and predation may drive a species to extinction before an acutely 
lethal concentration is reached. The most energy-efficient food chains in the web are indicated 
with solid arrows. (Right) The Responses of functional groups (detritus eaters and carnivores) to 
increased exposure, quantified as Potentially Affected Fraction, PAFNOEC. Considerable 
redundancy exists for total biomass in functional groups (top panels), but at the same time, a 
steady loss of densities per species and reduction of species diversity occurs (lower panels). The 
lines are four different model runs with 10 species for each group (Summarized after Klepper et al. 
1999). 

Validation in a multiple stress context 
The ultimate issue of concern is whether SSDs yield output that is meaningful in view of the 
assessment targets. When fundamental and technical issues are properly addressed the risk to 
species in a hypothetical pond community is predictable (Table 8.3). Is such a prediction also 
meaningful for ecological communities exposed in the field? In my opinion, various issues 
related to validation require further attention. 
 
If we assume that both exposure and sensitivity data are probabilistically distributed, which is 
the most general statistical definition of the problem (Aldenberg et al. 2002), then the SSD-
result requiring validation is the joint probability curve (JPC). Validation studies should 
address two different issues, namely: the statistical validity of the model, and the ecological 
validity of the model output. Van den Brink et al. (2002) (Figure 8.6) have made both types of 
comparisons, and used the term “confirmation” for the latter validation efforts, in line with 
Oreskes et al. (1994). 
 
The statistical validity of the model should be addressed with fundamental statistical 
techniques, by comparing the statistical features of laboratory-based probability density 
functions (PDF) or cumulative distribution functions (CDF) with those of their field-based 
equivalents, that is: field-based PDFs and CDFs. Evidently, the datasets should be 
commensurate before statistical comparisons are made, that is: they should be selected 
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because they make ecological sense, regarding exposure duration and frequency. Statistical 
techniques for PDF and CDF comparisons are well developed (Aldenberg et al. 2002), and 
might show that laboratory and field PDFs or CDFs are of similar shape and position for both 
the exposure and the sensitivity distributions. Such analyses may also show differences that 
should be further addressed, such as a shift of the field distribution to the left or right from the 
laboratory distribution. These techniques should be applied to test the validity of criticism on 
fundamental misfits in the dataset, or to calibrate the laboratory CDF to the field CDF. 
Regarding statistical interpretation, Aldenberg et al. (2002) have already mentioned the 
importance of further study into the transfer and meaning of uncertainties and variability 
through the assessment steps taken to construct the JPC. In current approaches, various 
uncertainties (model, data) are not taken into account (uncertainties in mixture risk evaluation, 
uncertainties in exposure related to a patchy environment), and it is unclear what these mean 
for the appearance and interpretation of JPCs. 
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Figure 8.6 SSD curves for chlorpyrifos based on arthropod sensitivity expressed by acute EC50 values 

collected from both laboratory tests and a semi-field test. The figure also shows the lab SSD curve 
based on all available EC50 values of aquatic invertebrates. Figure copied from Van den Brink et 
al. (2002). 

Subsequently, the ecological meaning of the risk prediction should be addressed. Unlike the 
statistical step, there are no fundamentally transparent methodologies to do this confirmation 
step. This relates in the first place to the fact that both the assessment endpoint and the 
measures of effect are often unclearly defined. For example, which response curve of Figure 
8.7 should be taken to “validate” the SSD of metals for soil organisms? Further, the meaning 
of the JPC itself needs consideration, both regarding its statistical interpretation and its 
“validity”. Regarding “validity”, the basis for the JPC is that the exposure and sensitivity 
distributions are independent. This is an appropriate assumption when the exposure 
distribution relates to a dataset of exposure concentrations that are randomly distributed over 
an area, and a species data set regarding species that are randomly distributed over this area. 
In the field, the spatial distribution of exposure concentrations may however not be random 
(hot spots), which influences the distribution of species at the studied area. Depending on 
species mobility and sensitivity, hot spots within the area will likely contain more tolerant 
species (Figure 8.8). In that case, the field-SSDs for the community at the hot spot will be 
shifted to the right on the X-axis compared to the “generic” SSD (Pollution Induced 
Community Tolerance (PICT), Molander and Blanck 1992, Suter et al. 2002). The assessment 
of ecological validity is further complicated by indirect effects that are not addressed by the 
SSD-approach at all. 
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Figure 8.7 An illustration of the different response patterns of various species groups (black markers) and 

functions (white markers) in a field gradient with metal contamination of copper, zinc and 
cadmium in soil. The X-axis marks only the copper concentrations, but the response is also 
determined by the other metals, with concentrations correlated to the copper concentrations. The 
pattern has been reconstructed from the original figures of Tyler (1984), and serves to illustrate the 
diversity of response patterns in field observations (Posthuma et al. 2002b). 
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Figure 8.8 Functional Sensitivity Distributions (FSDs) for microbial communities showing the reduced 

variance (increased steepness of CDFs) for metal tolerant communities. Tolerance was measured 
using activity measurements of sampled microbial communities on Biolog® plates. Microbial 
tolerance increases with decreasing distance to a former zinc smelter and with increasing soil zinc 
concentrations (After Suter et al. 2002). 

In my opinion, validation studies are crucial to improve the prediction accuracy of SSDs. 
However costly, field monitoring studies and mesocosm experiments may be the only way to 
identify the main issues that should be adopted in SSD-approaches. In an iterative process of 
comparisons, the SSD model and its technical features will likely stepwise be improved. 
However, data with the required quality and scope are a very scarce commodity. 
Ecological risk assessments conducted by ecotoxicologists usually address only the 
accumulation of risk of toxic compounds in the environment. Predictions pertain to toxic risks 
for communities or subcommunities with negligence of additional stress factors that might be 
present in the field. However, just as exposure to single compounds is the exception and 
exposure to mixtures of contaminants is the rule, mixtures of compounds are seldomly the 
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only stress factor in a contaminated ecosystem. Contamination is often associated with other 
environmental problems. 
 
Improving the utility of SSD-based results within a multiple-stress context is a difficult task, 
not yet broadly supported by accurate data or theories. The concept of SSDs might be 
extended by describing the sensitivity patterns to multiple stressors in multiple regression 
models, as has been done in Chapters 5and 6 of this thesis. Alternatively, one can try to 
address all other stress factors with appropriate methods or models, thereby expressing all 
effects or risks in the same measures of effect. Covariation of stresses and effects may need to 
be addressed, either mechanistically or empirically. Eventually, the multiple-stress analysis 
could provide insights in the total risk of ecological deterioration and the underlying causes. 
 
Comparable to the methods used in the Chapters 5and 6 of this thesis, several other multiple-
stress analyses have successfully been developed, using similar SSD-based techniques in 
combination with multiple regression analysis: 

1. Using a geographical information system (GIS, grid-based, spatially explicit), SSD-
based information on risks of metal mixtures for vascular plants was analyzed in 
conjunction with information of other soil factors that are of recognized importance 
for plant distribution, such as pH and groundwater table elevation (De Heer et al. 
2001). Again, this analysis showed that next to msPAF for the soil metal content, 
various soil factors explained significant parts of the observed variance in species 
distribution. The data suggest that the about 50% reduction of biodiversity in vascular 
plants in the Netherlands since 1950, the chosen reference year, can be attributed to 
various soil factors, including a significant contribution of msPAF for metals. 

2. A study relating ecological shifts within the soil nematode community of 
agroecosystems to conventional and organic farming illustrated that the combined 
impacts of soil heavy metal load and the addition of nutrients can fruitfully be 
assessed (Mulder et al. 2003). 

3. A study evaluating the reduced probability of survival of apparently stressed butterfly 
populations in a Dutch nature reserve area. The impact of pollution on plant-
Lepidoptera relationships revealed that the effects of heavy metal load in the soil can 
partly explain the loss of butterflies in the Netherlands (Mulder et al. 2005a). 

Conclusions 
Ecological interpretation of SSD-based risk assessments both as stand-alone prediction of 
ecological impact, and for validation in the context of multiple environmental stressors is a 
new field for statistical-empirical approaches. The methods proposed in this thesis are aiming 
to contribute to an improved ecological analysis of impacts in ecosystems exposed to complex 
pollution with mixtures of toxicants. The proposed methods add to the existing methods in 
that they combine different lines of modeling to not only quantify and localize impact, but 
also to assign the probable causes in an environment with multiple stress factors. I consider 
the latter to be the major message of this thesis. In my opinion this message is very important, 
as it allows for an application of ecological assessments to managing adverse ecosystem 
impacts. 
 
The methods proposed in the current thesis are in the stage of “proof-of-concept”. The types 
of models used individually have been successfully applied in ecology and ecotoxicology, but 
they have not previously been used in concert to identify likely causation of biological 
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impairment in a multi-factorial environment. The approach culminating in the Ohio study has 
successfully yielded output that was supported by expert judgment. The entire evaluation has 
been done as a “double blind” statistical analysis, and this suggests that the method is more 
robust than “proof-of-concept” would suggest. 
 
Considerable work still has to be done in order to fully demonstrate the applicability and 
validity of the linked model train. The individual models are subject to considerable freedom 
in the selection of model structure and in the selection of predictor variables. Efforts are 
currently extended to include other species groups, other types of toxicants, and other types of 
non-toxic stressors. Efforts are also undertaken to apply comparable methodology on 
monitoring datasets from different regions both in the USA and Europe. 
 
Eventually, the use of ecological risk assessment for the exposure to toxicants and other 
stressors may play an important role in linking compound regulations (e.g., EU-REACH) and 
regulations targeting at the biological integrity of environmental compartments (e.g., EU-
Water Framework Directive). 
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Summary 

Chapter 1 of this thesis gives a general introduction to the concept of ecological risk 
assessment. It sequentially presents the underlying models of bioavailability, species 
sensitivity distributions and mixture toxicity, and it explains why and how the risk assessment 
results should be validated against ecological field observations. The introduction also 
specifies the aims of the thesis: 

1. to elaborate a calculation of risk to communities that covers different patterns of 
species sensitivity and incorporates the effects of a variable bioavailability and the 
simultaneous action of many toxicants, 

2. to develop an eco-epidemiological approach to analyze monitoring data of water 
quality parameters and species composition in aquatic communities that allows for a 
validation of the risk-based predictions, and 

3. to provide proof of concept in field studies and to carry out the first attempts to 
discriminate the role of toxicants from other potential stressors. Key parameters are 
summarized graphically to support communication and application in management. 

 
Chapter 2 introduces the concept and construction of species sensitivity distributions (SSD). 
This paper presents an analysis of regularities observed in SSD curves fitted on acute and 
chronic aquatic toxicity data. For a large number of both organic and inorganic toxicants, log-
logistic species sensitivity distributions are fitted to acute (L(E)C50) and chronic (NOEC) 
data obtained from several internationally available databases. The log-logistic sensitivity 
model is characterized by two parameters only: (1) α (alpha) which is the mean of the 
observed log10 transformed L(E)C50 or NOEC values over a variety of test species, and (2) β 
(beta), a scale parameter proportional to the standard deviation of the log10 transformed 
toxicity values. A regression of acute and chronic alpha values for a large number of 
chemicals reveals that the average acute toxicity is approximately a factor of 10 higher in 
concentration than the average chronic toxicity. Provided that sufficient species are tested, 
regression analysis on the acute and chronic beta values indicates that the factorial difference 
between the sensitivities of the most and least sensitive species tested is about equal for both 
acute and chronic tests. The data suggest that the magnitude of beta values may be related to 
the toxic mode of action of the compounds considered. The observed regularities may be used 
to assign surrogate SSD parameters in case an appropriate set of chronic toxicity data is 
lacking. 
 
Chapter 3 provides a review of methods and models that may be used to evaluate ecotoxic 
risk in relation to matrix interactions, speciation and bioavailability of organic and inorganic 
chemicals in a contaminated environment. This paper does not provide new scientific 
findings, but for the first time, many available methods are compiled into a single document 
that has the style of a manual. 
 
Chapter 4 gives a detailed overview of methods and models for evaluating mixture toxicity. 
Methods for the assessment of ecological risks associated with exposure to defined mixtures 
of toxicants are reviewed and formalized for single species toxicity. Depending on the modes 
of action of toxicants in a mixture, these methods apply either the model for concentration 
additivity (CA) or the model for response additivity (RA). For complex mixtures, this paper 
advocates the use of a new two-step mixed model approach as a logical extension of model 
selection. (1) Mixture toxicity for individual modes of action is evaluated with the CA model. 
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(2) The toxicities of different modes of action are combined using the RA model. Using 
comparable mixture toxicity strategies in combination with the concept of species sensitivity 
distributions (SSD), a method is developed to address and predict the risk for direct effects on 
the composition of species assemblages and biodiversity. The data needed for modeling can 
be obtained from existing databases, and lack of data can (in part) be addressed by use of 
toxicity patterns in those databases. Both single and multiple species methods of mixture risk 
prediction are useful for risk management, since they allow for ranking of polluted sites and 
affected species, and for the identification of the most hazardous contaminants, at least in a 
comparative way. Validation of the proposed methods is feasible, though currently limited 
due to lack of appropriate data. 
 
Chapter 5 deals with risks to the aquatic ecosystem posed by the pesticides currently used in 
the Netherlands. It uses a novel method to predict aquatic exposure to pesticides founded on a 
GIS-based map of agricultural land use, comprising 51 crops in open canopy. Through the 
application of species sensitivity distributions for aquatic organisms, in combination with 
rules for mixture toxicity calculation, the modeled exposure is transformed to a risk estimate 
for aquatic species. The majority of predicted risk is observed to be caused by the pesticides 
applied to potato crops: 95% of the predicted risk is caused by only 7 of the 261 pesticides 
currently used in the Netherlands. For risk verification, local toxic risk estimates were 
compared to observed species composition in field ditches. The field verification study was 
not able to draw firm conclusions regarding the predicted impact of pesticide use on overall 
biodiversity, due to a lack of ecological reference. However, a toxicity related shift from 
sensitive to tolerant or opportunistic species can be observed. 
 
Chapter 6 presents a novel method to attribute likely causation to observed effects in local 
fish communities in rivers in the state of Ohio, United States. Biological assessments should 
both estimate the condition of a biological resource (magnitude of alteration) and provide 
managers with a diagnosis of the potential causes of any observed impairment. Although 
methods of quantifying condition are well developed, identifying and proportionately 
attributing impairment to probable causes remains problematic. Furthermore, analyses of both 
condition and cause have often been difficult to communicate to environmental resource 
managers and policy makers because of the sophisticated statistical methods used and 
complicated output. To address this need, we developed a conceptual approach that 1) links 
fish, habitat, and chemistry data from hundreds of sites collected in Ohio streams, 2) assesses 
the biological condition at each site, 3) attributes impairment to multiple probable causes and 
4) provides the results of the analyses in simple to interpret pie charts. The data set was 
managed using a geographic information system. Biological condition was assessed using a 
RIVPACS-like (River Invertebrate Prediction and Classification System) predictive model. 
The model provided probabilities of capture for 117 fish species based on the geographic 
location of sites and local habitat descriptors. Impaired biological condition was defined as 
the proportion of those species predicted to occur at a site that were observed. The potential 
toxic effects of exposure to mixtures of contaminants were estimated using Species 
Sensitivity Distributions and mixture toxicity principles. Generalized linear regression models 
described species abundance as a function of habitat characteristics. Statistically linking 
biological condition, mixture risks and species abundance allowed us to evaluate the losses of 
species with environmental conditions. Results were mapped as simple Effect and Probable 
Cause pie charts (EPC pie-diagrams), with pie sizes corresponding to magnitude of impact, 
and slice sizes to the relative probable contributions of different stressors to local impairment. 
The types of models we used have been successfully applied in ecology and ecotoxicology, 
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but they have not previously been used in concert to identify likely causes of biological 
impairment. Although data limitations constrained our ability to examine complex 
interactions between stressors and species, the direct relationships we detected should 
represent conservative estimates of stressor effects. Future refinements of the general 
approach and specific methods described here should yield even more promising results. 
Further testing of this approach should include expanding the data set and method to other 
stress factors (e.g., pesticides and biological stressors), addressing the issue of stressor 
interactions, and inclusion of other biological endpoints (e.g., alteration of invertebrate or 
algal assemblages). A primary focus of future work should be on reducing the unexplained 
variance and model error in the approach. Because of the many degrees of freedom (many 
predictors) relative to the number of sites in this study, it was not possible to apply a scheme 
of external validation. Validation and extrapolation of the method to other data sets should be 
considered. We also need to further determine if the predicted responses to particular types of 
perturbation are consistent with known autecological data for different species. 
 
In Chapter 7 the Ohio dataset on fish and local conditions and the pies and slices generated 
in the previous chapter are further analyzed to reveal the meaning of ecological risk (msPAF) 
as a predictor of community effects that actually can be observed in field exposed biota. This 
study leads to the observation that a large number of species are indifferent with respect to 
low level toxicant exposure. It seems to be the rule, rather than the exception, that a minor 
proportion of sensitive species will be replaced by more tolerant species. Up to rather high 
levels of toxicant exposure, these shifts in species composition fully obscure ecological 
impact if evaluated by summary variables like biodiversity, number of species or biomass. It 
is concluded that the prediction of toxic risks based on exceedence of acute median lethal 
concentrations, is more closely related to an observable loss of species than the more 
commonly used risk estimate based on the exceedence of chronic no observed effect 
concentrations. 
 
Chapter 8 provides a conceptual and technical outlook for the prediction models and their 
validation. Since the quantification of ecological risk for biota exposed to an environmental 
cocktail of toxicants is strongly relying on both the concepts of species sensitivity 
distributions and mixture risk evaluation, the strengths, weaknesses, opportunities and threats 
for the application of these concepts is discussed. Key topics of debates on the use of the 
probabilistic risk assessment methods applied are summarized. Of the presented short-list of 
discussion topics, a few are selected for further elaboration: 

1. Different distribution functions can be applied. The fit of standard distributions to 
toxicity data may be poor. Diverse species sets result in polymodal distributions. 
• For any assessment, it seems obvious that for a statistics-based technique (like the 

SSD-concept) state-of-the-art statistical techniques should be employed to describe 
the data after selection. Currently, for the sake of procedural consistency or 
because of policy considerations, fixed functions are prescribed, sometimes 
yielding good and sometimes yielding bad fits to the data sets considered. The 
situation can be improved by replacing fixed functions by guidance on a range of 
data analysis steps that define the appropriate approach on statistical grounds. 

2. Criteria based on chronic no observed effect concentrations (NOEC) as the test 
endpoint may be overprotective. 
• It is concluded that there is no fundamental theory on the basis of which one can a 

priori predict how a population would respond to toxic stress. For selection of the 
most appropriate test data, research into modeling the population-level 



Engelse samenvatting 

182 

implications of chronic exposure for a range of species and life-cycle types is 
needed to uncover relationships between life-history types, toxicant sensitivity of 
test endpoints, and population sensitivity. However, this thesis empirically 
demonstrated that observed effects in terms of species lost from natural fish 
assemblages as a consequence of exposure to toxicants, most closely correspond to 
SSD derived risk predictions based on acute E(L)C50 toxicity data. 

3. Ecological interactions between species (foodweb, competition) is not incorporated in 
SSD based predictions. 
• It is concluded that the response of communities in the field need not be similar to 

the predictions of SSD analyses. There will likely be concentration-dependent 
biases, with fewer effects at low- and more effects at high concentrations and risk 
estimates. This relates to ecological interactions. Ecological interactions or indirect 
effects are not addressed by SSDs, but they can be deduced with some common 
ecological reasoning, only applicable if the SSDs are split over different taxa. 

4. Validation of SSD-based ecological risk assessment is costly (mesocosm experiments, 
analysis of monitoring data) and difficult in a multi-factorial context. 
• In my opinion, validation studies are crucial to improve the prediction accuracy of 

SSDs. However costly, field monitoring studies and mesocosm experiments may 
be the only way to identify the main issues that should be adopted in SSD-
approaches. In an iterative process of comparison, the SSD model and its technical 
features will likely stepwise be improved. However, data with the required quality 
and scope are a very scarce commodity. 

 
Overall it is concluded that the proposed methods add to the existing methods in that they 
combine different lines of modeling to not only quantify and localize impact, but also to 
assign the probable causes in an environment with multiple stress factors. I consider the latter 
to be the major message of this thesis. In my opinion this message is very important, as it 
allows for an application of ecological assessments to managing adverse ecosystem impacts. 
 
The methods proposed in the current thesis are in the stage of “proof-of-concept”. The types 
of models used individually have been successfully applied in ecology and ecotoxicology, but 
they have not previously been used in concert to identify likely causation of biological 
impairment in a multi-factorial environment. The approach culminating in the Ohio study has 
successfully yielded output that was supported by expert judgment, and this suggests that the 
method is more robust than “proof-of-concept” would suggest. 
 
Considerable work still has to be done in order to fully demonstrate the applicability and 
validity of the linked model train. The individual models are subject to considerable freedom 
in the selection of model structure and in the selection of predictor variables. Efforts are 
currently extended to include other species groups, other types of toxicants, and other types of 
non-toxic stressors. Efforts are also undertaken to apply comparable methodology on 
monitoring datasets from different regions both in the USA and Europe. 
 
Eventually, the use of ecological risk assessment for the exposure to toxicants and other 
stressors may play an important role in linking compound regulations (e.g., EU-REACH) and 
regulations targeting at the biological integrity of environmental compartments (e.g., EU-
Water Framework Directive). 
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Inleiding, doelstellingen en samenvatting 

Historisch perspectief 
Sinds ongeveer 1850 heeft de enorme toename van industriële activiteiten geleid tot een 
situatie waarin het milieu in toenemende mate is blootgesteld aan giftige stoffen. In 1962 
werd in het boek “Silent spring” voor het eerst melding gemaakt van de onbedoelde 
gezondheidsschade die vooral werd veroorzaakt door het onoordeelkundig gebruik van 
bestrijdingsmiddelen (Carson 1962). In zowel de Verenigde Staten als in Europa groeide 
ongeveer 10 tot 15 jaar later het besef bij de autoriteiten en de milieulobby dat de blootstelling 
aan gifstoffen ook een bedreiging kan vormen voor ecosystemen en biodiversiteit. Dit besef 
was er de aanleiding voor dat een aarzelend begin werd gemaakt met het ontwikkelen van 
ecotoxicologische methoden voor het stellen van grenswaarden (milieukwaliteitscriteria) en 
het uitvoeren van ecologische risicoschattingen. In jaren 70 was het ecotoxicologisch 
onderzoek vooral gericht op effecten die kunnen optreden in watersystemen. In de jaren 80 
werd dit onderzoek uitgebreid met studies voor bodem- en sedimentverontreiniging. 
Ecotoxicologie is dus een erg jonge tak aan de boom van het biologische en ecologische 
onderzoek. De eerste ecotoxicologische experimenten waren wel zeer eenvoudig van aard: om 
te zien wanneer effecten begonnen op te treden, stopte men een enkele goudvis in een jampot 
met water en vervolgens voegde men hier een steeds hogere concentratie van een gifstof aan 
toe. Sinds deze eerste experimenten heeft de uitvoering van toxiciteitstoetsen een belangrijke 
ontwikkeling doorgemaakt met het formuleren van gestandaardiseerde testprotocollen voor 
verschillende soorten organismen. De betrouwbaarheid en reproduceerbaarheid zijn door het 
standaardisatieproces duidelijk veel beter geworden. Echter, zelfs tegenwoordig, levert dit 
type experimenten nauwelijks resultaten die enige betekenis hebben voor de ecologische 
effecten die mogelijk op kunnen treden in natuurlijke ecosystemen. Pas in het laatste 
decennium is een langzame start gemaakt met onderzoek dat probeert de resultaten van 
ecotoxicologische studies te plaatsen in een breder ecologisch perspectief. 

Ecotoxicologisch risico 
De gezondheid van ecosystemen wordt over het algemeen afgemeten aan de aanwezigheid 
van karakteristieke soorten organismen, een ruime mate van biodiversiteit en een goed 
functioneren in termen van energieflux en nutriëntencycli. Een tamelijk simplistische stelling 
luidt dat een ecosysteem goed functioneert als alle soorten die daar in thuis horen in staat zijn 
om te overleven en reproduceren (USEPA 1992b, 1998b). Deze stelling vormt een breed 
geaccepteerde en ook wel te rechtvaardigen grondslag waarop ecologische risicobeoordeling 
is gebaseerd. Ecologisch risico kan hierdoor worden gedefinieerd als de fractie soorten die 
geacht wordt te zijn aangetast in hun functioneren. Voor de bescherming van ecosystemen 
tegen aantasting door blootstelling aan gifstoffen zou de gevoeligheid van alle daarin 
voorkomende organismen eigenlijk moeten worden getest. Een dergelijke doelstelling zal 
nooit worden gehaald, vanwege de enorme diversiteit van zowel de voorkomende organismen 
als de potentieel aanwezige gifstoffen, maar ook vanwege ethische redenen betreffende het 
gebruik van proefdieren. Een klein leger ecotoxicologen heeft de afgelopen 40 jaar slechts de 
gevoeligheid getoetst van een paar honderd soorten organismen voor een paar duizend van de 
naar schatting 100.000 door de mens gebruikte stoffen (Commission of the European Union 
1990). Deze gegevens zijn geproduceerd door in laboratoria, onder gecontroleerde condities, 
de gevoeligheid van individuele soorten organismen te testen voor telkens een enkele stof. Op 
basis van deze testgegevens worden door nationale en internationale autoriteiten beperkingen 
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gesteld aan de industrie en het gebruik van de stoffen met een hoog risico voor mens en 
natuur. Vanwege de regulerende maatregelen en een internationaal concurrentiebeding zijn 
door nationale en internationale organisaties (NNI, CEN, OESO, ISO, ASTM et cetera) strikte 
protocollen opgesteld voor het kweken van testorganismen, het uitvoeren van toxiciteitstesten 
en kwaliteitsborging. Deze protocollen hebben tot doel te garanderen dat de toxiciteitstesten 
reproduceerbare resultaten voortbrengen onder worst-case condities, waarbij alle toegevoegde 
gifstof ook daadwerkelijk bijdraagt aan de blootstelling van het testorganisme. De eis om de 
te testen soorten in het laboratorium te kunnen kweken en in leven te houden beperkt de keuze 
van testorganismen. Hierdoor zijn de geteste soorten niet of nauwelijks representatief voor de 
soorten die in de natuur voor kunnen komen. Zo is de meest getoetste soort de watervlo, 
Daphnia magna, die in Nederland alleen “van nature” voorkomt in de apenrotsvijver van 
Artis. Een goede ontwikkeling is dat alle toetsprotocollen ter wereld een risico-evaluatie 
voorschrijven die moet worden uitgevoerd aan de hand van testen met een verzameling 
organismen van verschillend trofisch niveau. Voor het bepalen van het ecotoxicologisch risico 
in oppervlaktewater moeten de toetsen volgens de OECD minstens een soort elk van de 
groepen der autotrofe algen, herbivore watervlooien en carnivore vis omvatten. Gelukkig voor 
mijn tak van onderzoek zijn vele stoffen getest met een veel grotere diversiteit aan soorten. 
Dit verschijnsel wordt ingegeven door de algemene wens van ecotoxicologen om soorten van 
regionaal belang te testen, of om de legendarische “meest gevoelige soort” te identificeren en 
te beschermen. 

Gevoeligheidsverdeling van soorten 
Een analyse van een grote verzameling resultaten van toxiciteitsexperimenten leert dat soorten 
organismen kunnen verschillen in hun gevoeligheid ten opzichte van enkelvoudige stoffen 
(Hoekstra et al. 1992, Hoekstra et al. 1994, Notenboom et al. 1995, Vaal et al. 1997a, Vaal et 
al. 1997b, Vaal et al. 2000). Dit soortspecifieke verschil in gevoeligheid wordt veroorzaakt 
door verschillen in levenspatronen, fysiologie, morfologie, voedselkeuze en gedrag tussen de 
soorten. Zonder in te gaan op de oorzaken van dergelijke verschillen in gevoeligheid, heeft 
deze bevinding geleid tot pogingen om de variatie in gevoeligheid te beschrijven met functies 
voor statistische verdelingen. Hierdoor is het begrip “soorten gevoeligheidsverdeling” 
(species sensitivity distribution – SSD) ontstaan (Posthuma et al. 2002a). Voor de constructie 
van SSD’s wordt meestal uitgegaan van parametrische verdelingen waarmee de 
gevoeligheidsverschillen worden beschreven. Voorbeelden hiervan zijn de driehoeksverdeling 
(bijvoorbeeld in Stephan 1985), de normaalverdeling (bijvoorbeeld in Wagner and Løkke 
1991) en de logistische verdeling (bijvoorbeeld in Van Straalen and Denneman 1989). Non-
parametrische methoden worden echter ook gebruikt (bijvoorbeeld "bootstrapping" in Jagoe 
and Newman 1997). Bij het maken van SSD’s worden de beschikbare ecotoxiciteitsgegevens 
beschouwd als steekproeven uit de verdeling, waarmee de eigenschappen van de verdeling 
kunnen worden geschat. De op de gegevens gefitte verdelingsfunctie kan worden gebruikt om 
een schatting te maken van een milieuconcentratie die nog veilig is voor een groot deel van de 
blootgestelde soorten, ook al hebben we de gevoeligheid van de meeste van deze soorten niet 
gemeten. Deze veilige concentratie voor de meerderheid van soorten van de geëvalueerde stof 
kan vervolgens worden aangemerkt als een officieel criterium voor een aanvaardbare 
milieukwaliteit. Een meer recente toepassing van SSD’s is het gebruik bij een 
risicobeoordeling van verontreinigde locaties. Bij een gegeven blootstellingsconcentratie 
wordt uit de SSD de fractie soorten afgelezen die enig nadelig effect zal ondervinden van deze 
blootstelling. Het risico wordt hier dus uitgedrukt als de potentieel aangetaste fractie van 
soorten (PAF). Sinds de introductie van het SSD-concept is de toepassing daarvan wereldwijd 
gestaag gegroeid. Het SSD-concept is met gunstig gevolg onderworpen aan intensieve 
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discussies over de principes, de statistiek, de aannamen, de beperkingen van invoergegevens 
en de toepasbaarheid (zie bijvoorbeeld, Forbes and Forbes 1993, Hopkin 1993, Smith and 
Cairns 1993, Chapman et al. 1998, Posthuma et al. 2002a). 

Biobeschikbaarheid van toxicanten 
De biologische beschikbaarheid of effectiviteit van gifstoffen in natuurlijke ecosystemen is 
vaak geringer dan de totaal concentraties die veelal in milieumeetnetten worden gemeten. Dit 
wordt veroorzaakt door interacties van de gifmoleculen met de matrixeigenschappen van de 
omgeving. Hiermee wijkt de beschikbaarheid van gifstoffen in het milieu belangrijk af van 
die in ecotoxiciteitstesten, waar de testprotocollen juist de eis stellen dat alle toegevoegde 
toxicant volledig deelneemt aan de blootstelling. Algemeen kan worden gesteld dat fysisch-
chemische processen (ionisatie, oplossen, neerslaan, complexere en evenwichtsverdeling) de 
concentratie die werkelijk door de biota wordt ervaren zal doen afnemen. Deze processen zijn 
voornamelijk afhankelijk van de eigenschappen van de toxicant in combinatie met de 
abiotische eigenschappen van het blootstellingsmedium. Daarbij zijn de biologische opname 
van gifstoffen, de interne concentratie en de herverdeling binnen de weefsels, en dus het 
uiteindelijke effect ook afhankelijk van de soortspecifieke eigenschappen van het 
blootgestelde organisme. In combinatie met informatie over de geaardheid van het 
blootgestelde ecosysteem en fysisch-chemische stofeigenschappen van de toxicanten kunnen 
met modelberekeningen schattingen worden gemaakt van de biologisch beschikbare fractie 
van de toxicanten. Hiertoe zijn in ruime mate modellen voorhanden met uiteenlopende 
complexiteit. Deze modellen kunnen mechanistisch dan wel empirisch van aard zijn (zie 
bijvoorbeeld, Kenaga and Goring 1980, Van der Kooij et al. 1991, Van Leeuwen et al. 1991, 
Tessier and Turner 1995, DiToro et al. 2001, Santore et al. 2001). Mechanistische studies 
hebben bewezen dat de biobeschikbaarheid in ecosystemen in belangrijke mate de toxiciteit 
bepaalt. Ondanks deze constatering wordt de biologische beschikbaarheid nog onvoldoende 
meegewogen in ecologische risicoschattingen. Slechts bij het afleiden van bodem- en 
sediment-kwaliteitsnormen uit de normen voor waterkwaliteit wordt gebruik gemaakt van het 
evenwichtspartitie-concept. Bij het schatten van het ecologisch risico in watersystemen wordt 
de bindingstoestand van stoffen echter nauwelijks betrokken. 

De toxiciteit van mengsels 
In de natuur worden ecosystemen slechts zelden blootgesteld aan enkelvoudige 
verontreiniging. Statistische analyse van chemische meetnetgegevens leert dat de 
concentraties van vele verontreinigingscomponenten in hoge mate gecorreleerd zijn. Hier 
volgen een paar voorbeelden van stoffen die over het algemeen samen voorkomen. Als de 
concentratie van het zware metaal zink hoog is, is meestal ook de concentratie cadmium hoog. 
Dit samengaan wordt veroorzaakt door het feit dat beide metalen uit dezelfde ertslagen 
worden gewonnen. Een hele verzameling verschillende polycyclische aromatische 
koolwaterstoffen (PAK) ontstaan tegelijkertijd bij zowel natuurlijke als industriële 
verbrandingsprocessen. Voor de bescherming tegen plagen worden vrijwel alle 
landbouwgewassen behandeld met verschillende bestrijdingsmiddelen. Industriële processen 
en producten kunnen aanleiding geven tot de emissie van een grote verscheidenheid aan 
bekende stoffen, tussenproducten en zelfs onbekende verbindingen. Er bestaat geen 
productieproces dat niet ergens in de levenscyclus van het product een schadelijke uitstoot 
genereert. Bij de productie van staal wordt steenkool verbrand, hetgeen aanleiding geeft tot 
PAK, zwavel en dioxine uitstoot. Het gebruik van hout levert zaagstof dat van zichzelf al 
carcinogeen kan zijn. Bij de verbranding van hout komen weer PAK’s en dioxinen vrij, 
enzovoorts. Ofschoon het algemeen bekend is dat het milieu tienduizenden door de mens 
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gemaakte en potentieel schadelijke stoffen kan bevatten (EEA 2003), heeft het milieubeheer 
zich voornamelijk gericht op de regulering van 100 tot 200 prioritaire stoffen of stofgroepen. 
In de jaren 90 van de vorige eeuw is al aangetoond dat andere, veelal onbekende stoffen 
verantwoordelijk zijn voor de effecten die kunnen worden waargenomen in de rivieren Rijn 
en Maas. Recent onderzoek heeft met verschillende typen metingen aangetoond dat slechts 
een klein deel van de waargenomen toxiciteit, vaak rond de 10%, kan worden verklaard met 
gemeten concentraties van bekende stoffen (bijvoorbeeld in Hendriks 1995, De Zwart and 
Sterkenburg 2002). De overige stoffen kunnen ofwel niet worden gemeten, of er is geen 
informatie beschikbaar over de toxiciteit van deze stoffen. Zelfs als voor alle stoffen de 
blootstellingsconcentratie en ook de toxiciteit bekend is, is het nog niet altijd mogelijk om een 
schatting te maken van de ecologische effecten die een dergelijk mengsel teweeg kan 
brengen. Interactie van de stoffen in het mengsel kan de werking van de individuele stoffen 
versterken, maar ook verzwakken. Zelfs als de werking van de verschillende stoffen in het 
mengsel onafhankelijk is van elkaar, kunnen de overall effecten nog moeilijk te voorspellen 
zijn, omdat de stoffen verschillende werkingsmechanismen kunnen hebben die aangrijpen op 
verschillende biologische processen in verschillende soorten organismen. Voor populaties van 
een enkele soort organismen bestaan verscheidene modellen die een schatting mogelijk maken 
van de effecten die worden veroorzaakt door blootstelling aan mengsels (Bliss 1939, Plackett 
and Hewlett 1948, 1952, 1967, Marking 1977, Könemann 1981, Altenburger et al. 1990, 
McCarthy et al. 1992, Warne and Hawker 1995, Grimme et al. 1996, Altenburger et al. 2003). 
Deze modellen zijn uitgebereid getest (bijvoorbeeld, Könemann 1981, Hermens and 
Leeuwangh 1982, Hermens et al. 1984, Hermens et al. 1985) en betrouwbaar gebleken voor 
mengsels met relatief hoge concentraties van een beperkt aantal stoffen (max. 50). Een 
verontreinigd ecosysteem wordt meestal echter blootgesteld aan relatief lage concentraties 
van een veel ingewikkelder mengsel toxicanten (Chapin 2004, Teuschler et al. 2004). De 
modellen waarmee de effecten van dergelijke mengsels kunnen worden berekend zijn nog niet 
geformuleerd. De extrapolatie van de mengseltoxiciteit voor een enkele soort naar de effecten 
die op zullen treden in een levensgemeenschap die uit meerdere soorten bestaat, is eveneens 
een stap die nog moet worden genomen, terwijl ook de gegevens die benodigd zijn voor een 
onderbouwing van eventueel hiervoor te formuleren modellen vrijwel geheel ontbreken. 
Niettemin heeft het milieubeleid in toenemende mate behoefte aan modellen die de effecten 
van mengseltoxiciteit op ecosystemen betrouwbaar kunnen voorspellen. 

Ecologische effecten van toxiciteit in een omgeving met meervoudige 
stress 
Ecosystemen die zijn blootgesteld aan toxicanten zijn in de regel ook onderworpen aan andere 
vormen van verstoring (stress). Het is hierbij niet van belang of toxiciteit en andere 
stressfactoren van nature voorkomen of zijn geïntroduceerd door de mens. In 
oppervlaktewateren kan de verstoring die niet is gerelateerd aan toxische stoffen de volgende 
stressfactoren omvatten: habitat veranderingen (kanaliseren, verdiepen, stuwen, 
oeververanderingen en dergelijke), temperatuur veranderingen, toevoegen van afbreekbaar 
organisch materiaal (BOD) met als gevolg een laag zuurstofgehalte, baggeren, scheepvaart, 
zoute kwel, eutrofiering of juist een tekort aan voedsel, competitie of de introductie van 
plaagsoorten, enzovoort. Al deze verschillende typen verstoring, inclusief de toxiciteit, 
kunnen de oorspronkelijke soortensamenstelling (structuur) van het ecosysteem of de snelheid 
en het evenwicht van ecosysteemprocessen (functie) veranderen (Heugens 2003). De overige 
vormen van verstoring kunnen ook de gevoeligheid van het ecosysteem voor gifstoffen 
veranderen. Als we veranderingen constateren in de biologische structuur of het functioneren 
van ecosystemen is het niet op voorhand duidelijk welke verstoring ten grondslag ligt aan 
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deze veranderingen. In de Verenigde Staten heeft men recent een evaluatiesysteem ontworpen 
dat het mogelijk maakt om de stressfactoren die bijdragen aan de waargenomen ecologische 
verandering te identificeren (USEPA 2000b). Voor de identificatie van oorzaak/gevolg 
relaties is het noodzakelijk om te beschikken over informatie die aangeeft hoe het betreffende 
ecosysteem onder niet verstoorde conditie eruit had gezien in termen van 
soortensamenstelling, functioneren en, meer algemeen, ecosysteem gezondheid. De niet 
verstoorde toestand wordt ook wel referentieconditie genoemd. Voor het schatten van een 
ecologische referentie zijn verschillende afleidingsmodellen en -methoden beschikbaar 
(Wright et al. 1984, Moss et al. 1987, Barbour and Yoder 2000, Hawkins and Carlisle 2001, 
Hering et al. 2003, Stoddard et al. 2005). Ook kan men gebruik maken van historische 
gegevens of streefbeelden in de vorm van natuurdoeltypen (Bal 2001). Als de ecologische 
referentie is achterhaald en de afwijking ten opzichte van de normaal kan worden vastgesteld, 
kan het stressor identificatieproces voortgaan met het elimineren van mogelijke stressfactoren 
en diagnose, waarbij meerdere lijnen van bewijsvoering ten laste van kandidaatoorzaken 
worden gevolgd. Vergelijkbare “weight-of-evidence” diagnostische methoden zijn ontworpen 
door verscheidene andere auteurs (Sediment quality Triad, Chapman 1986, In situ community 
experiments, Culp et al. 2000, Lowell et al. 2000). Deze methoden integreren chemische 
meetgegevens met bioassay resultaten en ecologische veldgegevens. Hiermee kunnen de 
meest waarschijnlijke oorzaken voor ecosysteemschade worden achterhaald. Deze 
ontwikkelingen hebben in hoge mate bijgedragen aan ons inzicht in milieuproblemen. Ze 
stellen ons echter nog steeds niet in staat de ecologische effecten van de onderscheiden 
stressfactoren kwantitatief te voorspellen. Als de van belang zijnde stressfactoren zijn 
geïdentificeerd, kan eco-epidemiologisch gradiëntonderzoek in kwantitatieve zin uitsluitsel 
geven over de bijdragen van de stressfactoren aan de ecologische achteruitgang. Eco-
epidemiologisch onderzoek, waarmee de beïnvloeding van het milieu, waaronder 
milieutoxiciteit, kwantitatief kan worden gerelateerd aan waargenomen ecologische effecten, 
staat nog in de kinderschoenen (Bro-Rasmussen and Løkke 1984). Dit wordt vooral 
veroorzaakt door het ontbreken van voldoende meetnetgegevens met de juiste mate van detail 
en kwaliteit. Daarbij komt dat de resultaten van dergelijk onderzoek, vanwege 
gecompliceerde statistische methoden en ingewikkeld te verwoorden conclusies, dikwijls 
moeilijk zijn uit te leggen aan milieumanagers en mensen die beslissingen moeten nemen. 

Doelstellingen van dit proefschrift 
In algemene zin is de doelstelling van dit proefschrift betere methoden te ontwikkelen voor de 
schatting van zowel het ecologische risico als de ecologische effecten van verspreiding van 
toxicanten in aquatische ecosystemen. Bij de ontwikkeling van deze methoden wordt rekening 
gehouden met een veelheid van factoren die van belang zijn in natuurlijke ecosystemen. De 
ontwikkelde methoden zijn gedeeltelijk gevalideerd door eco-epidemiologische analyse van 
veldgegevens, waarbij ook een schatting gemaakt wordt van de invloed van andere 
stressfactoren. 
 
Meer specifieke doelen zijn: 
1. Aantonen dat het mogelijk is om voor een verzameling soorten in een aquatisch 

ecosysteem een ecologisch risico van blootstelling aan stoffen te definiëren, waarbij 
rekening wordt gehouden met de biologische beschikbaarheid en de gelijktijdige werking 
van vele contaminanten. 

2. Aantonen dat het aldus berekende ecologische risico van blootstelling aan toxicanten 
wordt weerspiegeld in effecten die in natuurlijke ecosystemen daadwerkelijk kunnen 
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worden waargenomen door toepassing van eco-epidemiologische technieken op gegevens 
die afkomstig zijn uit biomonitoring metingen. 

3. Aantonen dat de effecten die worden toegeschreven aan de blootstelling aan toxische 
stoffen kunnen worden onderscheiden van en vergeleken met de ecologische effecten die 
zijn toe te schrijven aan andere stressfactoren. 

Samenvatting van het proefschrift 
Hoofdstuk 1 van dit proefschrift omvat een Engelstalige inleiding over het hoe en waarom 
van ecologische risicoschatting gerelateerd aan de ecotoxiciteit van toxische 
milieuverontreiniging. Deze tekst heeft dezelfde inhoud als de voorgaande paragrafen in deze 
samenvatting. 
 
Hoofdstuk 2 introduceert de afleiding van soorten gevoeligheidsverdelingen (SSD). Een 
grote verzameling toxiciteitsgegevens is geanalyseerd op regelmatigheden die daarin zijn te 
herkennen. De belangrijkste conclusies uit dit hoofdstuk zijn, 1) SSD’s van stoffen met een 
verondersteld gelijk werkingsmechanisme hebben een gelijke helling, en 2) SSD curven die 
gebaseerd zijn op de overschrijding van chronische “no observed effect concentraties” 
(NOEC) zijn een orde van grootte gevoeliger dan SSD curven die zijn verkregen met 
soortspecifieke gegevens op basis van acute mediaan letale concentraties (LC50). 
 
Hoofdstuk 3 geeft een literatuuroverzicht van methoden en modellen die kunnen worden 
gebruikt voor de berekening van de biologisch beschikbare fractie van organische en 
anorganische stoffen in een verontreinigd ecosysteem. Dit hoofdstuk bevat geen nieuwe 
wetenschappelijke bevindingen, maar brengt voor het eerst de meeste methoden tezamen in de 
vorm van een soort handleiding voor een juiste keuze van de beschikbare methoden. 
 
Hoofdstuk 4 geeft een gedetailleerd overzicht van methoden en modellen die bestaan voor de 
evaluatie van mengseltoxiciteit. Vooral op grond van de in hoofdstuk 2 gegenereerde 
conclusie over gelijke hellingen van SSD’s voor stoffen met een gelijk werkingsmechanisme, 
wordt voorgesteld om een gemengd model toe te passen voor de berekening van het risico van 
mengseltoxiciteit voor ecologische levensgemeenschappen. Het gemengde model combineert 
de modellen voor concentratieadditiviteit en voor responsadditiviteit als functie van de 
werkingsmechanismen van de stoffen in het mengsel. 
 
In Hoofdstuk 5 wordt het hybride mengselmodel toegepast in combinatie met een zeer 
complex model voor schatting van de concentraties bestrijdingsmiddelen in kavelsloten. 
Beide modellen zijn gebruikt voor een schatting van het ecologisch risico dat gepaard gaat 
met al het landbouwkundig gebruik van bestrijdingsmiddelen in Nederland voor macrofauna 
soorten en waterplanten in alle Nederlandse kavelsloten. Het ecologische risico is 
gedefinieerd als de potentieel door de blootstelling aan meerdere stoffen aangetaste fractie 
van de blootgestelde soorten (msPAF), ofwel de fractie soorten waarvoor de chronische 
NOEC voor het lokale mengsel bestrijdingsmiddelen is overschreden. Uitgangspunten voor 
deze analyse waren een zeer gedetailleerde landsdekkende kaart van 51 verschillende 
landbouwgewassen voor het jaar 1998, en het wekelijkse teeltspecifieke applicatieregiem van 
alle 261 toegelaten bestrijdingsmiddelen. Een verscheidenheid aan blootstellingsroutes en 
milieuchemische processen is bij de blootstellingsberekeningen in beschouwing genomen. 
Door het gebruik van een geografisch informatie systeem (GIS) wordt het berekende 
ecologische risico weergegevens in kaartbeelden. De benadering waarbij wordt uitgegaan van 
de lokale teelt, maakt het mogelijk om landbouwgewassen en bestrijdingsmiddelen landelijk 
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te schalen op hun berekende risico voor de levensgemeenschappen in de sloot. Het berekende 
lokale risico is in enkele sloten vergeleken met veldwaarnemingen aan de lokaal 
voorkomende organismen. Vanwege een gebrek aan informatie over de samenstelling van 
lokale referentiegemeenschappen, leverde deze analyse slechts aanwijzing voor minimale 
effecten op de relatieve abundantie van soorten die zijn toe te schrijven aan de toxische 
werking van de bestrijdingsmiddelen. 
 
Hoofdstuk 6 presenteert een nieuwe methode die het met behulp van eco-epidemiologische 
technieken mogelijk maakt om de waarschijnlijke oorzaken te achterhalen van de het verlies 
aan soorten in het visbestand van rivieren in Ohio, Verenigde Staten. Met deze methode 
worden gegevens van een biologisch (vistellingen) en fysisch-chemisch meetnet (gehalten 
toxische stoffen, klassieke waterchemie en de mate van habitat degradatie) geanalyseerd door 
het koppelen van een aantal voorspellingsmodellen. De toxicologisch getinte modellen 
berekenen, 1) de blootstelling van het lokale visbestand aan een mengsel van toxicanten, 
waarbij rekening wordt gehouden met de biologische beschikbaarheid van de meegewogen 
stoffen, en 2) het ecologische risico (msPAF) voor het visbestand dat lokaal gepaard gaat met 
deze blootstelling, waarbij gebruik wordt gemaakt van SSD’s en het respons additiemodel 
voor mengsels. De voorspelling van het toxisch risico voor vis wordt gevolgd door een 
ecologische modelvoorspelling van de visstand zoals die had moeten zijn wanneer er geen 
verstoring zou hebben plaatsgevonden (lokale referentiecondities). Vergelijking van de lokaal 
waargenomen visstand met de verwachte visstand identificeert de soorten vis die lokaal 
ontbreken. De associatie van de gemeten stressfactoren met de lokale abundantie van soorten 
wordt geanalyseerd met een meervoudig regressiemodel. Als laatste stap wordt de relatieve 
bijdrage van de onderscheiden stressfactoren aan het verlies van vissoorten bepaald door de 
regressietermen te interpreteren in beperking tot de lokaal verdwenen soorten vis. De 
resultaten van deze erg complexe analyse worden als taartdiagrammen weergegeven op de 
kaart van Ohio, waarbij het proportionele verlies van soorten de grootte van de taart bepaalt, 
en waarbij de relatieve maat van de taartpunten de bijdrage van de onderscheiden 
stressfactoren aan het verlies van soorten in beeld brengt. 
 
In Hoofdstuk 7 worden de Ohio dataset en de in hoofdstuk 6 gegenereerde taartdiagrammen 
verder geanalyseerd om de betekenis van het gemodelleerde ecotoxicologische risico 
(msPAF) te achterhalen als voorspeller van daadwerkelijk waarneembare effecten op 
natuurlijke ecosystemen en de soorten die daarin voorkomen. Met dit onderzoek wordt 
aangetoond dat het merendeel van de vissoorten zich niet of nauwelijks iets aantrekt van de 
geringe toxische belasting zoals die heerst in Ohio. Evenals in andere studies (bijvoorbeeld in 
Hoofdstuk 5), lijkt het eerder de regel dan de uitzondering dat een klein deel van de gevoelige 
soorten wordt vervangen door soorten met een iets hogere tolerantie. Indien de ecologische 
effecten van blootstelling aan gifstoffen op een macroschaal wordt bestudeerd met 
geïntegreerde maten voor biodiversiteit (diversiteitsindices, soorten aantal of biomassa), is 
door de marginale verschuivingen in soortensamenstelling geen enkel effect aantoonbaar. De 
ongevoeligheid van macroschaal effecten zet door, zelfs tot een vrij hoge toxische belasting. 
De studie concludeert dat een weinig gangbare voorspelling van het ecologisch risico 
(msPAF) op basis van acute mediaan letale effecten van gifstoffen redelijk nauwkeurig 
correspondeert met de fractie soorten die in natuurlijke ecosystemen ontbreekt, terwijl deze 
soorten wel worden verwacht. De meer gangbare manier van risicoschatting, op basis van 
geen enkel optredend effect bij chronische blootstelling, heeft een hogere gevoeligheid en is 
daarmee voorzien van een veiligheidsfactor van ongeveer één orde van grootte op de 
concentratie-as. 
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Hoofdstuk 8 geeft een conceptueel-technisch overzicht van enige details waarmee rekening 
moet worden gehouden bij de toepassing van modellen voor ecologische risicoschatting. 
Omdat de juistheid van het berekende ecologische risico dat samenhangt met de blootstelling 
aan een cocktail van toxische stoffen voor de soortensamenstelling van ecosystemen nauw 
gerelateerd is aan de juistheid van zowel het concept “soortengevoeligheidsverdeling” als het 
concept “risico’s van mengsels”, zijn eerst beide model concepten aan een strekte-zwakte 
analyse onderworpen. De gebruikte modellen voor probabilistische risicoschatting zijn in het 
verleden onderworpen aan vele wetenschappelijke debatten over hun juistheid en 
toepasbaarheid. Dit heeft geresulteerd in een lijst van discussiepunten. Voorzover niet elders 
in dit proefschrift behandeld, zijn een aantal van deze discussiepunten verder uitgewerkt: 

1. De keuze van verdelingsfuncties voor SSD curve, in relatie tot de mate van afwijking 
tussen gefitte verdeling en invoergegevens en het verschijnsel multi-modaliteit. 
• Er wordt geconstateerd dat nu de keuze voor het type verdeling veelal wordt 

ingegeven door politieke overwegingen (beoordelingsconsistentie), met als 
resultaat dat de verdeling soms goed past bij de gegevens, maar ook wel eens heel 
slecht. Deze keuze zou beter kunnen worden gebaseerd op statistische 
overwegingen, waarvoor het ook mogelijk is om richtlijnen op te stellen. 

2. De mate waarin de chronische “no observed effect concentratie” (NOEC) geschikt is 
als voorspeller van ecosysteemeffecten. 
• Er wordt aangegeven dat er geen fundamentele theorie is waarmee men kan 

schatten hoe een blootgestelde populatie reageert op toxische stress. Voor een 
selectie van de meest geschikte testgegevens voor een SSD-analyse moet nog veel 
onderbouwend onderzoek worden uitgevoerd. Het onderzoek dat in het kader van 
dit proefschrift is uitgevoerd, duidt er echter op dat de effecten die werkelijk in het 
veld kunnen worden waargenomen meer in overeenstemming zijn met SSD-
voorspellingen die zijn gebaseerd op acuut dodelijke concentraties. 

3. De onmogelijkheid om interacties tussen soorten (voedselweb, competitie) tot 
uitdrukking te brengen in een risicoschatting met behulp van SSD curven. 
• Er wordt geconcludeerd dat ecologische interacties van soorten inderdaad niet 

worden gemodelleerd met de SSD-methode. Echter, door de SSD’s op te delen 
naar verschillende groepen organismen, wordt het mogelijk om een intuitieve 
schatting te maken van de indirecte effecten die mogelijk op kunnen treden in een 
voedselweb of voedselketen. 

4. Het laatste discussiepunt gaat in op de verschillende manieren van validatie en de 
hiertoe benodigde gegevens van hoge kwaliteit. 
• Naar mijn mening is het uitvoeren van validatiestudies cruciaal voor het verhogen 

van de juistheid van SSD voorspellingen. Validatie kan alleen uitgevoerd worden 
met zeer kostbaar onderzoek van ecologische meetnetgegevens en grootschalige 
modelecosystemen. Met name voor de meetnetgegevens ontbreekt het vaak aan de 
benodigde mate van detail en precisie. 

Zijn de doelstellingen van het proefschrift gehaald? 
Doelstelling 1. Is het mogelijk om voor een verzameling soorten in een aquatisch ecosysteem 
een ecologisch risico van blootstelling aan stoffen te berekenen? 
 
Conclusie 1. Ja, de combinatie van methoden die zijn gepresenteerd in de Hoofdstukken 2, 3 
en 4 maken het mogelijk een relatieve schatting te maken van de effecten die op zullen treden 
in aquatische levensgemeenschappen. Bij deze schatting wordt achtereenvolgens rekening 
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gehouden met de biologische beschikbaarheid van contaminanten, de verschillen in de 
gevoeligheid van soorten en de werking van mengsels. 
 
Doelstelling 2. Wordt het voorspelde relatieve effect weerspiegeld in effecten die 
daadwerkelijk kunnen worden waargenomen in verontreinigde ecosystemen? 
 
Conclusie 2. Ja, de eco-epidemiologische analyses die zijn beschreven in de Hoofdstukken 5, 
6 en 7 duiden erop dat een deel van de voorspelde ecologische effecten kan worden 
waargenomen, mits de effecten van andere verstoringsfactoren worden meegewogen. Om de 
ecotoxicologische effecten in absolute zin te kunnen plaatsen, is het nodig om betrouwbare 
informatie te hebben over de soortensamenstelling die zou voorkomen onder onverstoorde 
condities. 
 
Doelstelling 3. Kan het ecologische effect van blootstelling aan toxicanten verhoudingsgewijs 
worden vergeleken met de effecten die worden veroorzaakt door andere vormen van 
milieustress? 
 
Conclusie 3. Ja, de Ohio visstudie die wordt weergegeven in Hoofdstuk 6 toont aan dat het 
verdwijnen van soorten kwantitatief kan worden toegeschreven aan de verschillende vormen 
van milieudruk. Het is hierbij echter wel van belang te kunnen beschikken over zeer 
hoogwaardige gegevens. 

Tot slot 
De methoden die in dit proefschrift worden voorgesteld, mikken er duidelijk op een bijdrage 
te leveren aan een verbeterde analyse van ecologisch risico, waarbij de risico’s van de 
blootstelling aan stoffen worden meegewogen door de toepassing van ecotoxcologische 
modellen. De voorgestelde methoden zijn duidelijk vernieuwend omdat ze zich niet alleen 
richten op de lokale omvang van de voorspelde effecten, maar ook op de toewijzing aan 
oorzakelijke factoren. In mijn ogen is dit de belangrijkste boodschap van dit proefschrift, 
omdat we de bevindingen kunnen inzetten voor het terugdringen van ecosysteemschade. 
 
De methoden die worden voorgesteld bevinden zich nog duidelijk in het stadium van “proof-
of-concept”. De individuele deelmodellen worden echter al langer met succes toegepast in 
ecologisch en ecotoxicologisch onderzoek. Ze zijn hiermee het “proof-of-concept” stadium 
ontgroeid, maar zijn nog niet eerder gezamenlijk toegepast voor het afleiden van ecologisch 
risico in een situatie met vele verstorende factoren. De “dubbel blind” uitgevoerde Ohio 
studie heeft resultaten voortgebracht die zijn ondersteund door beoordelingen van lokale 
experts. Dit suggereert dat de methode meer robuust is dan de status van “proof-of-concept” 
doet vermoeden. 
 
Er moet nog een berg werk worden verzet om de toepasbaarheid en geldigheid van de 
gecombineerde modellentrein volledig onomstootbaar te maken. De individuele deelmodellen 
zijn onderhevig aan vele vrijheidsgraden in de modelstructuur en in de keuze van predictor 
variabelen. Op het moment worden pogingen ondernomen om de methode op te rekken door 
toevoeging van andere soorten organismen, additionele toxicanten en additionele overige 
stressfactoren. Ook zijn we bezig om de methoden toe te passen op gegevens uit andere 
regio’s in de Verenigde Staten en Europa. 
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Biologische Hoofdafdeling van het voormalige Rijksinstituut voor de Drinkwatervoorziening 
(RID) in Leidschendam. Het RID fuseerde in 1984 met het voormalige Rijksinstituut voor de 
Volksgezondheid (RIV) en het Instituut voor Afvalstoffenonderzoek (IVA), waardoor in 1986 
te Bilthoven het huidige Rijksinstituut voor Volksgezondheid en Milieu (RIVM) werd 
gevormd. Tot op heden werkt De Zwart bij het RIVM, achtereenvolgens bij het Laboratorium 
voor Ecologie, Water en Drinkwater (LWD), het Laboratorium voor Ecotoxicologie (ECO) en 
het Laboratorium voor Ecologische Risicobeoordeling (LER), die door interne reorganisatie 
naadloos in elkaar overgingen. 
 
In de periode tussen 1988 en 1995 was hij verantwoordelijk voor een omvangrijk project voor 
ontwikkelingshulp in India. Dit project omvatte het geven van cursussen in de ecotoxicologie, 
en het ontwikkelen van een methode voor de beoordeling van rivierwaterkwaliteit, waarbij 
naast chemische ook ecotoxicologische en ecologische informatie werd gebruikt. Verder heeft 
hij meerdere jaren (1992-heden) een omvangrijke bijdrage geleverd aan een op pan-Europees 
niveau geïntegreerd monitoring netwerk dat de effecten van grensoverschrijdende 
luchtverontreiniging op het functioneren van bosecosystemen in kaart probeert te brengen. De 
laatste jaren houdt hij zich vooral bezig met het ontwikkelen van probabilistische methoden 
voor het schatten van ecotoxicologisch risico, met als direct gevolg het voorliggende 
proefschrift. 
 



Page intentionally left blank 

206 



 Page intentionally left blank 

 207 



Page intentionally left blank 

208 



 Page intentionally left blank 

 209 



Page intentionally left blank 

210 



 Page intentionally left blank 

 211 



Page intentionally left blank 

212 

 


