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AIMS 

This thesis was realized as part of the EU integrated project SAFE FOODS, the overall 

objective of which was to change the scope of decision-making on food safety from single 

risks to considering foods as sources of risks, benefits and costs that are associated with 

their production and consumption, and taking into account the social context in which 

decisions are made. One of the main goals within this project was the development and 

application of new quantitative risk assessment methods that better meet the demands of 

decision-makers as just mentioned. These new methods should account for variability in 

consumer populations and uncertainties in the assessment, and they should be fit to address 

the exposure to combinations of various chemicals present in the diet. This thesis combines 

several contributions to the development of this new approach.  

Two different computational tools are used for this purpose. Biologically based 

mathematical models (or mechanistic models) are models that quantitatively describe the 

behavior of chemicals in a biological system by use of differential equations. In this thesis, 

these models have been used to study the combined effects of chemicals, and how these 

could be predicted from information of the chemicals individually. Probabilistic methods 

are computational methods that combine statistical distributions of variables instead of 

point estimates. These methods are incorporated in the risk assessment framework to 

account for the variability in a population and uncertainty in the assessment. The final 

result is an estimate of potential health risks that may occur in the population, and a 

statement on how precise that estimation is. 

FOOD SAFETY ASSESSMENT  

A variety of potentially hazardous chemicals may be present in food, e.g. natural toxins 

of plant, fungal or bacterial origin, contaminants from the environment, residues of 

pesticides applied to crops, and food additives. The presence of these toxic chemicals in 

food does not necessarily imply a health risk. Whether consumers are subject to adverse 
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health effects from exposure to these chemicals in their diet depends on the amount of the 

toxicants they are exposed to, and their tolerance towards those chemicals. So, safety or risk 

assessment of a chemical in food requires calculation of the exposure to that chemical and 

its hazard, or the amount that may be ingested before adverse health effects arise (the 

human limit value). If the former dose (concentration) is lower than the latter, there would 

be no risk.   

Calculation of the exposure involves the combination of food consumption and 

concentration of the chemical in the food items consumed. Food consumption is commonly 

estimated from surveys of consumption behavior in the population. Concentrations of 

chemicals in food are usually obtained from food quality monitoring programs. If 

concentrations are not monitored in the foods as they are eaten (e.g. apple pie) but in raw 

agricultural commodities (the apple), some information on recipes and on food processing 

may be needed to match the concentration data to the food items eaten (e.g. how much 

apple does a piece of pie contain, and how much of the chemical remains after peeling the 

apple and baking the pie?).  

Data on the effects of toxicants in humans are scarce. The dose below which no adverse 

health effects are expected is generally estimated by deriving a point of departure (PoD) 

from animal toxicity studies, and extrapolating this dose to humans. Several methods exist 

to derive the PoD, the most commonly used methods being the no-observed-adverse-

effect-level (NOAEL) approach and the benchmark dose (BMD) approach (demonstrated 

in Fig. 1). The NOAEL is defined as the highest dose group at which the effect is not 

significantly different from the controls. An important drawback of this approach is that 

the outcome depends on the study design. In the benchmark approach (Crump, 1984; Slob, 

2002) an undesired magnitude of effect, referred to as the benchmark response (BMR) or 

critical effect size (CES), is decided upon beforehand. The dose corresponding to that 

effect size, the benchmark dose (BMD) or critical effect dose (CED), is estimated by fitting 

an appropriate dose-response model. Because this approach makes use of the entire toxicity 

dataset instead of comparing each dose group to controls, it is less sensitive to study design 
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and experimental error (Dybing et al., 2002; Slob, 2002). The PoD, be it the NOAEL or 

CED, is divided by extrapolation factors to account for differences in sensitivity between 

animals and humans, and among humans, and for possible other differences between the 

animal study and human exposure (e.g. exposure route and duration).  

 

Fig. 1. Demonstration of the NOAEL and benchmark approach to derive a point of departure for risk 

assessment from animal studies. Small circles represent observations (dose and effect) of individual animals; 

large circles represent dose group means. The two highest dose groups are significantly different from controls 

(indicated by *), so the lowest dose group of 8 mg/kg is the NOAEL. The dashed lines indicate the critical 

effect size (a 5% increase in effect relative to controls) and the corresponding critical effect dose of 22 mg/kg, 

obtained from the fitted dose-response curve (solid curve). 

VARIABILITY AND UNCERTAINTY 

Risk assessment is not commonly directed towards individuals, but to a population. 

This population is characterized by variability between individuals in consumption 

behavior, concentrations of the chemicals in the foods they consume, food processing 
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habits, and variability in the tolerance towards the chemicals. As a consequence, there is 

variability between individuals in the size of the effect caused by the exposure: while in 

some individuals the effect may be negligibly small, in others it may reach adverse levels. 

The latter fraction in the population constitutes the fraction at risk. Due to incomplete and 

imperfect data, the estimation of that fraction at risk is surrounded by uncertainty.  

The current standard approach to risk assessment is deterministic: single values for 

exposure, human limit value and risk are derived that are supposed to relate to some target 

population. In order to protect (the majority of) this population with reasonable certainty 

(commonly referred to as the precautionary principle), variability and uncertainty are dealt 

with in the same way: by making conservative estimates of all input parameters. A 

drawback to this approach is that multiplying worst case estimates of several input 

parameters compounds conservatism (Cullen, 1994). A known principle in probability 

theory is that if two events are unlikely to occur, it is even more unlikely that they occur 

together. It may be hard to control the degree of conservatism of the resulting assessment, 

and to balance the risk of adverse health effects against the undesired consequences of being 

overconservative (e.g. the cost of unnecessary risk reduction, loss of benefit of the chemical).  

The deterministic approach may be suitable as a first tier approach to indicate that even 

in the worst case scenario no appreciable risk is expected. If the worst case assessment does 

indicate a risk however, what is the actual impact on health? Are risk reduction measures 

needed? A more realistic representation of the risk would be needed to answer such 

questions. In addition, the worst case approach may not be very useful in more complex 

scenarios like the tradeoff between the harmful effects of pests and the pesticides used to 

control them (e.g. mycotoxins vs. fungicides), or weighing the risks and benefits of the same 

chemical or different chemicals occurring in the same food items (e.g. poly-unsaturated 

fatty acids and dioxins in fish). Such situations ask for a more realistic estimate of the 

possible adverse effects that may occur in the population (Murray et al., 2003; Van der Voet 

et al., 2008).  
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PROBABILISTIC METHODS 

Starting point for a more realistic assessment is the separation between variability and 

uncertainty (Burmaster and Wilson, 1996; Helton, 1997; Cullen and Frey, 1999; Nauta, 

2000). Both may be described by statistical distributions, but they have different meanings. 

Variability is an intrinsic property of a population, and as such an important feature in 

assessing the impact of the expected health effects, the need for risk reduction and the type 

of risk reduction measures to be taken. Uncertainty results from a lack of knowledge, and 

may be reduced by collection of more or more specific information. Although it is 

mathematically feasible to combine the different types of distributions, by doing so the 

result is difficult to interpret. Variability and uncertainty can be and should be analyzed 

separately by use of probabilistic methods. 

Probabilistic methods have already made their appearance in intermediate steps of risk 

assessment. Variability between individuals in exposure to chemicals via food is increasingly 

assessed by Monte Carlo (MC) simulations (Cullen and Frey, 1999; Konings et al., 2003; 

Boon et al., 2005; Fryer et al., 2006). In MC simulations, random values for the input 

parameters are drawn from databases (called non-parametric sampling: the variation 

between individuals is implicit in the data, e.g. in food consumption data) or from specified 

distributions (called parametric sampling: the distributions are defined by parameters, e.g. 

processing factors). These random values are combined to compute the output: the 

exposure. A large number of simulations results in a distribution of exposures that may 

occur in the population.  

Uncertainty in this calculation is evaluated by repeating the MC simulations many 

times, drawing random values for all uncertain input parameters. A bootstrap procedure 

may be used to quantify the sampling uncertainties associated with datasets of finite sample 

size (Efron and Tibshirani, 1986). Sources of uncertainty that are not implicit in empirical 

datasets may be specified by uncertainty distributions (Helton, 1997).  

Probabilistic methods have also been introduced in hazard assessment (Baird et al., 

1996; Slob and Pieters, 1998; Edler et al., 2002). Bootstrap procedures are used to assess 
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the uncertainty in deriving a CED as PoD for risk assessment (Moerbeek et al., 2004). 

Further, distributions may be used instead of fixed values for the extrapolation factors 

accounting for inter- and intraspecies differences (Vermeire et al., 2001; Bokkers and Slob, 

2007). The uncertainty distribution of the average animal CED is then divided by 

distributions for the inter- and intraspecies extrapolation factors to derive an uncertainty 

distribution for the CED (or no-adverse-effect-level, NAEL) for a sensitive human (Slob 

and Pieters, 1998).  

Whereas these probabilistic methods gain popularity in exposure and hazard 

assessment, they are still uncommon in the last step of risk assessment: the risk 

characterization. Usually, percentiles from the exposure and/or CED distributions are used 

as point estimates to present a single value to characterize the risk (e.g. Evans et al., 2001; 

Tressou et al., 2004). This approach is an improvement compared to the fully deterministic 

approach, as it avoids some of the unnecessary compounding of conservatism. Still, much of 

the information that may be important in risk management is discarded. One of the 

objectives within the SAFE FOODS project presented in this thesis was to develop a fully 

integrated probabilistic risk assessment framework. As the output of such an assessment is 

somewhat more complex than the single value answer in the deterministic approach, this 

thesis devotes attention to ways of presenting this information in a convenient way, and to 

demonstrate the framework by illustrative examples that may familiarize decision makers 

with these more advanced methods.  

EXPOSURE TO COMBINATIONS OF CHEMICALS 

Health risk related to exposure to chemicals is commonly evaluated for each chemical 

separately. In reality, consumers are exposed to mixtures of chemicals via their diet. These 

chemicals may alter each other’s behavior within the body, and they may contribute to 

common adverse effects. In order to protect the consumer from the adverse effects of 

chemicals in their diet, the potential combined effects of these chemicals should be taken 

into account in the risk assessment. Studies on the toxicology of mixtures over the past 
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decennia have increased our understanding of the behavior of chemicals in combinations, 

but have also introduced some controversies and lively discussions in the scientific literature 

about which models may be used to describe their combined effects (Loewe and 

Muischnek, 1926; Bliss, 1939; Loewe, 1953; Berenbaum, 1989; Greco et al., 1992; 

Wilkinson et al., 2000; Feron and Groten, 2002). 

As experiments with mixtures for risk assessment purposes are scarce, while it is not 

feasible to test all possible combinations of chemicals, a key question is how the combined 

effects of chemicals may be predicted from information of the chemicals individually. An 

important principle is that such may only be done under the assumption of zero-

interaction: if the chemicals in a combination interact, information on the individual 

chemicals by definition is not sufficient to predict their combined effect. Interactions may 

be defined in a biochemical sense as follows:  

Chemicals A and B interact if the presence of chemical A alters the behavior of 

chemical B in the biological system relevant for the effect considered.  

Such interactions may take place at different levels. The chemicals may interact directly, e.g. 

engage in a chemical reaction with each other; or on a dynamic level, e.g. influence each 

other’s affinity for some binding site; or on a kinetic level, e.g. alter each other’s metabolism. 

Zero-interaction may be defined as the absence of all such interactions: the properties of 

chemical B remain unaltered, regardless of the presence of chemical A. 

Based on the assumption of zero-interaction, the expected effect of a combination of 

chemicals can be calculated by a biologically based mathematical model that quantitatively 

describes the mechanism of action of the individual chemicals (Simmons, 1996). However, 

this requires that this mechanism of action is understood in detail, and quantitatively 

known. It may involve translating toxicokinetics (i.e. the absorption, distribution, 

metabolism and excretion of the chemical) and toxicodynamics (i.e. the action of the 

chemical on the biological target) into a validated mathematical model, which is not a 
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trivial undertaking. Therefore, empirical models that predict the combined effect only from 

dose-response information of the individual chemicals would be most helpful (Berenbaum, 

1989).  

A variety of such empirical models have been proposed. As yet, the debate which 

models are valid under which conditions is ongoing. For chemicals with a common 

mechanism of action, perhaps the most widely used methods are the isobole method and 

the related (but not equivalent) method of dose addition. The isobole method is commonly 

used as a criterion to decide whether interactions have taken place in mixture experiments. 

It assumes that if chemicals A and B do not interact, in the dose-dose plot of these 

chemicals all combinations (dA,dB) lie on a straight line between the equally effective doses 

DA and DB of the individual chemicals (Fig. 2).  

 

Fig. 2. Demonstration of the isobole plot. If a combination (dA,dB) of chemicals A and B is zero-interactive, it is 

assumed to be on a straight line between the equally effective doses of the individual chemicals, DA and DB.  

 

The method of dose addition is based on the assumption that any dose of chemical B 

can be replaced by an equally effective dose of chemical A. To predict the effect for a 

combined dose (dA,dB), it is assumed that dose dB of B may be replaced by an isoeffective 

dose d’A of the ‘index chemical’ A. The effect that would be caused by dB alone is obtained 
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from the dose response curve fB(dB), and the dose of A corresponding to the same effect can 

then be found from the inverse dose response curve fA-1 of A: 

 

 

( )( )1−′ =A A B Bd f f d , 

 

The expected effect e(dA,dB) is then simply obtained by summing the doses dA and d’A, and 

finding the corresponding effect on the dose-response curve of A: 

 

 ( ) ( )′≡ +,A B A A Ae d d f d d . 

 

In the special case where the dose-response curves are parallel on log-dose scale, i.e. 

when there is a constant dose-factor between the dose-response curves fA and fB over the 

entire range of effects, any dose dB can be converted to its isoeffective dose of the index 

chemical A by multiplication with this factor between the two dose-response curves. This 

factor is referred to as the relative potency factor (RPF) or toxic equivalency factor (TEF, 

Safe, 1998). The RPF of TEF approach has been used in the cumulative risk assessment of 

various groups of chemicals with a common mechanism of action (Safe, 1998; Van den 

Berg et al., 1998; Boon and Van Klaveren, 2003; Boon et al., 2008; Müller et al., 2008). 

MATHEMATICAL MODELS TO STUDY COMBINATIONS 

The isobole method thanks its popularity as a criterion for (zero-)interaction in part to 

the work of Berenbaum (1985; 1989), who claimed its general applicability irrespective of 

the underlying mode of action. Conclusive evidence for this claim however is lacking. 

Furthermore, it is often assumed that if the isobole method can be used as a test for absence 

of interaction, and dose addition (the RPF approach) may then be used to assess the 

cumulative risk. This assumption is however not generally valid, as shown in this thesis.  
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Whereas it may not be practical to use biologically based models as a standard approach 

in cumulative risk assessment, such methods can prove very useful to test the validity of 

empirical models such as the isobole method and dose addition under various conditions. 

The question to be addressed is if experimental evidence supports the validity of dose 

addition as a predictor of cumulative inhibition, given that interaction between the 

chemicals considered is absent. Therefore, in this thesis, the question of interaction and 

that of applicability of dose addition are explicitly distinguished between. We examine 

interaction between two chemicals by analyzing experimental observations with a 

toxicodynamic (TD) model describing the mechanism of action of the individual chemicals 

that does not incorporate any interactions between them. We then explore the applicability 

of dose addition based on the results of the TD model fitted to the observations. 

OVERVIEW OF THIS THESIS 

This thesis is separated in two parts. The first part describes how biologically based 

mathematical models have been used to study the combined effects of chemicals. Chapter 2 

provides a critical evaluation of the isobole method and dose addition. The merits and 

limitations of these methods are discussed and demonstrated by a simple hypothetical 

mechanistic model. The theoretical findings of Chapter 2 are substantiated by experimental 

work in vitro in Chapters 3 and 4. In Chapter 3, interactions or the absence thereof 

between the organophosphorus pesticides (OPs) paraoxon and methamidophos are 

analyzed by fitting a toxicodynamic (TD) model to the experimental observations of the 

combined effects of these OPs (inhibition of the enzyme acetylcholinesterase) in human 

whole blood. The applicability of dose addition is further explored based on the fitted TD 

model. Chapter 4 deals with a similar analysis of the combined actions of an OP 

(methamidophos) and an N-methyl carbamate (methomyl) in vitro. This analysis was 

troubled by a biased measurement of the inhibition of AChE by both chemicals. A 

considerable fraction of the enzyme inhibited by the carbamate reactivated during 

measurements by the Ellman assay. Chapter 5 demonstrates how this measurement bias 
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was corrected for by including the experimental steps in the Ellman assay into the TD 

model.  

Part two deals with the framework for integrated probabilistic risk assessment. The state 

of the art at the beginning of this project is demonstrated in Chapter 6. It shows a pioneer 

model to integrate probabilistic exposure and hazard assessment, demonstrated by the 

example of di(2-ethylhexyl) phthalate (DEHP). This example makes clear how 

probabilistic modeling can prevent compounding conservatism. Finally, Chapter 7 shows 

the end result: the fully integrated probabilistic risk assessment framework, in which the 

possibility of cumulative exposure is incorporated. The framework is demonstrated by the 

cumulative risk assessment of OPs. The information gained in the first part of this thesis is 

applied in this framework for the cumulative assessment of common-mechanism chemicals.   
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ABSTRACT 

The isobole method is the most common criterion to judge whether interactions 

between similarly acting chemicals have taken place in a mixture experiment. Most appliers 

of this method assume that this method is applicable to any combination of substances, 

regardless of the shape of the dose-response curves of the individual substances or their 

underlying mechanism of action. Proponents commonly refer to the work of Berenbaum, 

who claimed to have proven the general applicability of the isobole method based on zero-

interaction. In this paper, we argue that his argumentation is not generally valid. We 

further demonstrate that the isobole method has limited applicability. Using a 

physiologically-based mathematical model, we provide an example of a combination of 

chemicals with zero-interaction where the isobole method would result in the decision that 

they do interact. 
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INTRODUCTION 

The prediction of effects from combined exposures to various chemicals is a field of 

research in both pharmacology and toxicology. In pharmacology, administering different 

drugs in certain combinations may result in an optimal efficacy while minimizing undesired 

side effects. Or, in particular combinations of drugs side effects might be strongly increased 

compared to those expected from the individual drugs. In toxicological risk assessment, 

there is a need to address simultaneous exposure to various chemicals that may each 

contribute to a common effect.  

In studying the effects from mixtures of chemicals, much attention is given to the 

characterization of interactions between chemicals, although the objectives may be 

somewhat different in both disciplines. In toxicology, studies with mixtures are scarce, and 

an important question for risk assessors is whether the response from a combined exposure 

can be predicted from the dose-response information available for the individual 

compounds. Such a prediction could only be done under the assumption of zero-interaction 

between the chemicals: if the interaction would be nonzero, then this interaction would 

need to be estimated quantitatively based on studies that apply mixtures of the chemicals. 

The quantitative prediction of the effect of combinations of drugs may be equally important 

to pharmacologists. However, a qualitative establishment of synergy or antagonism among 

different drugs may be an objective in itself: this information can be helpful in establishing 

an optimal treatment strategy.  

Whatever the objective, the definition of zero-interaction plays a crucial role. In a 

biochemical sense, chemicals A and B interact if the presence of chemical A alters the 

behavior of chemical B in the biological system relevant for the effect considered. Such 

interactions may take place at different levels. The chemicals may interact directly, e.g. 

engage in a chemical reaction with each other; or on a dynamic level, e.g. influence each 

other’s affinity for some binding site; or on a kinetic level, e.g. alter each other’s metabolism. 

Zero-interaction may be defined as the absence of all such interactions: the properties of 



CHAPTER TWO 

30 

chemical B remain unaltered, regardless of the presence or concentration of chemical A. 

Note that competition for the same binding site (while the affinities for that site remain 

unchanged) is not interaction, even though the binding of chemical A will be influenced by 

the presence of B.  

The obvious way to make this definition operational is by the use of mechanistic models 

(e.g. Simmons, 1996). These models quantitatively describe the mechanism of action of the 

chemicals. A mechanistic model is zero-interactive by design if none of the model 

parameters related to the one chemical depends on the presence or concentration of the 

other and if no explicit additional mechanism describing interaction is present. Although 

this seems to be a quite adequate definition of zero-interaction, it has some practical 

disadvantages. It requires that the mechanism of action of the individual chemicals be 

understood at a detailed level, and quantitatively known. Further, this information needs to 

be translated into a (validated) mathematical model, including both toxicokinetics and 

toxicodynamics, which is not a trivial undertaking. And even then the conclusions depend 

on the current state of knowledge, and may change when new mechanistic insights arise. 

For these reasons, there is a preference for an empirical method that predicts the 

expected effect for a zero-interactive combination from the observed dose-response curves 

of the individual agents. A variety of such methods have been proposed, comprehensively 

reviewed by Greco et al. (1995). Each of these methods has its own merits and their 

applicability seems to be limited to specific method-dependent conditions or to chemicals 

with specific properties. The question that is raised is: Is there a generic empirical method 

for calculating the expected effect of any zero-interactive combination, independent from 

the properties of the chemicals, such as the shape of the dose-response curves, and 

independent from the underlying mechanism of action? Such an empirical method could be 

validated with the aid of a mechanistic model as just described: the predictions of the 

empirical model should coincide with the predictions of the mechanistic model, in which 

zero-interaction is defined biochemically. 
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As yet, there is no consensus on such a generic empirical method. Some initiatives have 

been taken to make a pragmatic choice for one of the available methods to at least 

harmonize methodology and terminology concerning interactions (e.g. Greco et al., 1992). 

Combined responses of chemicals may then be categorized without making assumptions on 

the nature of interactions in a mechanistic sense. The isobole method (Loewe and 

Muischnek, 1926; Loewe, 1953; Berenbaum, 1985) is probably the most favored criterion 

for chemicals that act by a common mechanism of action. The related (but not equivalent, 

see below), method of dose addition (Loewe and Muischnek, 1926) is widely used to 

calculate the cumulative effect of common mechanism chemicals.  

Whether the isobole method would be the general solution is contested by some, while 

defended by others (Greco et al., 1995). Proponents commonly refer to Berenbaum (1985; 

1989), who claimed to have proven its general applicability, regardless of the underlying 

mechanism of action or the shape of the dose-response curves of the chemicals individually. 

His work has been an important contribution to the popularity of the isobole method as a 

criterion for defining interaction. In this paper, we carefully review the argumentation 

behind this claim of general applicability. We conclude that it is not as generally valid as 

suggested. Moreover, we provide an example, based on a simulation with a mechanistic 

model with zero-interaction, where the isobole method would decide that interaction was 

nonzero.  Finally, we discuss the implications of these findings for research focusing on 

combined effects, and for the prediction of effects from combined exposures assuming zero 

interaction. 

THEORETICAL BACKGROUND: DOSE ADDITION AND THE ISOBOLE 

METHOD  

The behavior of dilutions 

Empirical cumulative effect methods try to relate the expected effect size E of a 

combined dose (dA,dB) of chemicals A and B to the individual dose-response functions fA(d) 
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and fB(d) of the chemicals. A solution to this problem was found by defining hypothetical 

“sham combinations” of A and B, where B is not a different chemical but a k-fold dilution 

of A (so that B is k-fold less potent than A). Such a combination of A with a dilution of 

itself is zero-interactive by definition and the cumulative effect is known to be that of the 

total amount of A. Both the isobole method and dose addition are derived from the 

properties of sham combinations. As an inherent property, different dilutions of a chemical 

have parallel dose-response curves on log-dose scale, i.e. the same ratio holds between the 

doses related to two different dilutions that would lead to any effect level. This raises the 

question whether the isobole method and/or dose addition would also apply to chemicals 

that show non-parallel dose-response curves. This question will be addressed below.  

Dose addition 

A straightforward way to predict the effect of combinations of chemicals is dose 

addition. The method is based on the assumption that any dose of B can be replaced by an 

equally effective dose of A. To predict the effect for a combined dose (dA,dB), it is assumed 

that dose dB of B may be replaced by an isoeffective dose d’A of the ‘index chemical’ A. The 

effect that would be caused by dB alone is obtained from the dose response curve fB(dB), and 

the dose of A corresponding to the same effect can then be found from the inverse dose 

response curve fA-1 of A: 

 

 ( )( )1−′ =A A B Bd f f d . (Eq. 1) 

 

The expected effect e(dA,dB) is then simply obtained by summing the doses dA and  d’A, and 

finding the corresponding effect on the dose-response curve of A: 

 

 ( ) ( )′≡ +,A B A A Ae d d f d d . (Eq. 2) 

 



THE ISOBOLE METHOD AND DOSE ADDITION 

33 

In the special case where the dose-response curves are parallel on log-dose scale, i.e. 

when there is a constant dose-factor between the dose-response curves fA and fB over the 

entire range of effects, this factor between the two dose-response curves can be used to 

convert any dose dB to its isoeffective dose of the index chemical A. This factor is referred to 

as the relative potency factor (RPF) or toxic equivalency factor (TEF, Safe, 1998). For 

instance, when A is the index chemical, then 

 

 

( )

( )
( ) ( )

1

1

−

−
= = + ×; ,A

B A B A A B B

B

f E
RPF e d d f d RPF d

f E
, (Eq. 3) 

 

where fA-1 and fB-1 are the inverse dose-response functions of A and B. So, fA-1(E) denotes 

the dose of A leading to effect level E, and the same for B. 

When the dose-response curves of A and B are not parallel on log-dose scale, dose 

addition cannot be a valid approach to predict their combined effect. This can easily be 

proven, as shown in Fig. 1. Consider a combination (dA,dB) of doses that individually would 

result in an equal effect: fA(dA) = fB(dB), so that dA and dB may be exchanged for one another. 

Expressing dB in an isoeffective dose of A gives dA, so that the combination (dA,dB) is 

expected to give the same effect as dA + dA (= 2×dA). Alternatively, we could have expressed 

dA in an equivalent of B to obtain 2×dB. If the dose-response curves fA(d) and fB(d) are not 

parallel on log-dose scale, by definition a two-fold increase in the dose of B does not lead to 

the same increase in effect as a two-fold increase in the dose of A. In other words, two 

alternative predictions of the combined effect are possible, depending on our arbitrary 

choice of the index chemical. Obviously, this cannot be valid. 
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Fig. 1. With non-parallel dose-response curves on log-dose scale, the effect predicted by dose addition 

depends on the index chemical chosen: the combination (dA,dB) expressed in A or in B results in different 

predictions of the effect size.  

The isobole method  

The effects of combinations can be plotted against the doses of chemicals A and B in a 

three-dimensional graph (Fig. 2, left panel). The isobole method is based on the 

assumption that the response surface of zero-interactive mixtures is characterized by 

straight line isoboles, i.e. the isoboles (= curves where effects are equal) are assumed to be 

straight lines connecting the isoeffective doses of the individual chemicals. Horizontal 

projection of the response surface into the dose-dose space gives an isobole plot or 

isobologram (Fig. 2, right panel). The isoboles are given by the equation: 

 

 1+ =A B

A B

d d

D D
, (Eq. 4) 

 

where dA and dB are the doses of A and B in a particular combination, and DA and DB are 

the doses that, if applied individually, result in the same effect size as the combination. If 

indeed the isoboles of zero-interactive combinations are straight lines, then for synergistic 

combinations the left side of Eq. 4 will be smaller than one (and the isoboles concave), for 

antagonistic combinations larger than one (and the isoboles convex). Eq. 4 can be extended 

to combinations of n chemicals, giving the ‘hyperplanes’ of equal effect: 
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Fig. 2. Demonstration of the isobole method. Left: the dose-response curves of chemicals A and B in a three-

dimensional graph. Combinations of A and B leading to effect size E are assumed to be on a straight line 

connecting the individual doses DA and DB which both correspond to the same effect. Right: an isobologram is 

the horizontal projection of the three-dimensional graph. The combination shown (dA,dB) is on a straight line 

between DA and DB, and is expected to be isoeffective to either DA or DB. 

 

The idea of the isobologram as a graphical presentation of combined effects originates 

from Fraser (1872). Important contributions to its use as a criterion to define interactions 

were made by Loewe et al. (1953, hence, combinations with straight line isobole are often 

referred to as “Loewe-additive”) and by Berenbaum (1985; 1989). The hypothesis that 

isoboles of non-interacting chemicals must be straight lines can be derived from the 

properties of ‘sham combinations’ as follows. Let substance B be the k-fold dilution of 

chemical A. Isoeffective doses of these substances are given by = ×B AD k D . Combinations 
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(dA,dB) are isoeffective to DA and DB if the total amount of A equals DA. Dose dB contains 

= ×B A
B

B

d D
d

k D
 of A, so that: 

 

 + × =A
A B A

B

D
d d D

D
. (Eq. 6)  

 

Dividing both sides by DA gives Eq. 4.  

 

The isobole method is mainly used qualitatively to characterize the effects of 

combinations, i.e. whether or not they show synergy or antagonism. The same assumption 

can be used quantitatively to predict the effects of zero-interactive combinations. However, 

this is not straightforward. Suppose the dose-response functions fA(d) and fB(d) are known. 

We would like to use these functions to predict the effect E of a given combination (dA,dB), 

assuming that Eq. 4 applies. There is an unknown dose of each of the individual chemicals 

that would cause the same effect: E = e(dA,dB) = fA(DA) = fB(DB). If we would know DA, we 

could find DB from the inverse dose-response function of B: fB-1(fA(DA)). Substituting this 

expression for DB in Eq. 4 gives:  

  

 
( )( )1

1
−

+ =A B

A B A A

d d

D f f D
, (Eq. 7) 

 

in which DA is the only unknown. Eq. 7 can rarely be solved analytically. Usually, the 

solution can be found numerically only by using an iterative algorithm.  

Dose addition and the isobole method are not equivalent 

Dose addition and the isobole method are often considered equivalent methods. If a 

combination is found to be zero-interactive by the isobole method (by evaluation of Eq. 4), 

it is commonly assumed that dose addition may be used to calculate the cumulative effect. 
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This assumption is not always correct: the underlying assumptions differ between the 

methods. They do give the same prediction for chemicals with parallel dose-response curves 

on log-dose scale, as demonstrated in Fig. 3. Note that the dose factor between the curves is 

constant (d’A/dB = DA/DB), resulting in parallel isoboles.  

 

Fig. 3. Parallel dose-response curves yield parallel isoboles: d’A/dB = DA/DB. Both methods predict that the 

combination (dA,dB) shown is isoeffective to DA of A. The isobole method: (dA,dB) is on a straight line between 

isoeffective doses DA and DB. Dose addition: dB may be replaced by the isoeffective dose d’A of A and added to 

dA, resulting in DA. 

 

Since both methods correctly predict the expected effect of sham combinations, it seems 

reasonable to assume that they both apply to combinations of chemicals that really behave 

as dilutions of each other. As just discussed, such chemicals should have parallel dose-

response curves. But what if chemicals are combined that have non-parallel dose-response 

curves? As shown above, dose addition in that case has different solutions depending on the 

index chemical chosen, while the isobole method has only one solution. It follows that both 

methods cannot be equivalent.  

Is the isobole method generally valid? 

For the isobole method it is less easy to see that it is not generally valid. As it takes the 

expected effect as a starting point, the isobole method has only one solution for any 

combination, even in the situation of non-parallel dose-response curves. Therefore, it does 
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not face the same theoretical objection as dose addition. Berenbaum (1985; 1989) claimed 

to have found the proof of its general applicability irrespective of the shapes of the dose-

response curves or the underlying mechanism of action. At first sight, his argument appears 

totally valid. Nonetheless, there is a hidden fallacy in his argument, as shown below.  

Basically, Berenbaum’s argument can be summarized as follows. Sham combinations of 

one chemical with a dilution of itself are by definition zero-interactive. Their isoboles can 

be shown to be straight lines. Real combinations that behave in the same way, i.e. showing 

straight line isoboles, must be zero-interactive as well. This is not a solid proof, but an 

argument based on similarity. It could be considered plausible at best. For instance, it seems 

unlikely that chemicals that do interact would nonetheless produce straight line isoboles, 

just like sham combinations of a single chemical do.  

Then the opposite situation. When a real combination differs from a sham combination 

by not showing linear isoboles, the real combination does not behave like a sham 

combination, and hence it cannot be zero interactive. Again, this is not a proof. It uses the 

assumption that the only possible difference between the sham and the real combination is 

that interactions may take place in the latter. Obviously, other differences exist between real 

combinations of chemicals and a sham combination of a single chemical. For instance, rates 

of metabolism may differ, or affinities to a receptor. Therefore, the question remains if 

zero-interactive combinations could not produce isoboles that are not straight lines. If it 

could be shown that such is actually possible, then the isobole method would have been 

proven invalid as a generic empirical method. The next section discusses a mechanistic 

model of a zero-interactive combination that produces curved isoboles.  

EXAMPLE OF CURVED ISOBOLES AND ZERO-INTERACTION 

A mechanistic model describing the combined effect of two chemicals 

Various mechanistic models have been developed and used to predict the effect of 

combined exposures (Yang et al., 1995; Simmons, 1996; Haddad et al., 2001; El-Masri et 
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al., 2004). Here, we present a simple mechanistic model to specifically test the hypothesis 

that zero-interaction necessarily leads to straight line isoboles, even if the dose-response 

curves of the agents are not parallel. The model is hypothetical, but inspired by the 

phenomenon of cholinesterase inhibition by organophosphorus pesticides (Mileson et al., 

1998), and demonstrated in Fig. 4. The essence is that the model describes a biological 

mechanism as it could exist.  

The model describes two chemicals A1 and A2 that competitively inhibit an enzyme Q by 

occupying its active site. The occupied Q may be reactivated by hydrolysis of the residue of 

chemical A1 or A2. The complex may age, after which reactivation no longer occurs. Q is 

synthesized and may degrade spontaneously. The chemicals are subject to yet another, non-

competitive pathway of metabolism following Michaelis-Menten kinetics. The effect under 

consideration is the percentage inhibition of enzyme Q, given by ( )0
1 100= − × %i Q Q . 

After a single administration of a particular combination of doses, the resulting inhibition 

will increase with time, and then decrease again due to de novo synthesis and reactivation of 

the enzyme. We therefore take the maximum inhibition in time as the effect to be 

considered. 

 

Fig. 4. A conceptual zero-interaction model that may result in non-parallel dose-response curves. Enzyme Q is 

synthesized (1) and degrades spontaneously (2). Chemicals Aj (with j  (1,2)) inhibit Q by binding to its active 

site, forming the complex QAj (3). This complex QAj may be reactivated by metabolizing chemical Aj (4). 

Alternatively, the complex may age (indicated by x), after which reactivation no longer occurs (5). The 

chemicals have an alternative pathway of metabolism following Michaelis-Menten kinetics (6). 

 

∈
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The model, including the parameter values used in both examples, is described in more 

detail in the Appendix. None of the properties related to an individual chemical depend on 

the presence or concentration of the other, and, in a biochemical sense, these chemicals do 

not interact. 

Model simulations 

Using the mechanistic model, the isobole method can be validated for a well-defined 

situation, by comparing the predicted effects of the model with the predictions from the 

isobole method based on the individual dose-responses generated by the same model. 

For convenience, we define a mixture by the total dose 
1 2

= +mix A AD d d , and the ratio 

of the chemicals in the mixture: 

 

 
1 2

1 2: :
A A

mix mix

d d

D D
α α = .  

 

A study design with fixed mixture ratios over a range of (total) doses is commonly referred 

to as a ray design (Gennings, 1996). The dose-response curves of mixtures with various 

fixed ratios can be plotted in the same (two-dimensional) plot, together with the curves of 

the individual chemicals.  

We generated the dose-response curves for the individual agents and for several fixed 

ratio mixtures from the mechanistic model (see Fig. 5). Next we derived the dose-response 

curves for these fixed ratio mixtures, by applying the isobole method to the (generated) 

individual dose-response curves, as follows. The isobole equation (Eq. 4) can be rewritten 

by dividing both sides by Dmix: 

 

 1 2

1 2

1α α
+ =

A A mixD D D
 (Eq. 8) 

 



THE ISOBOLE METHOD AND DOSE ADDITION 

41 

For a specified effect size, the corresponding doses of the individual chemicals 
1
AD  and 

2
AD  are determined from the individual dose-response relationships. These doses and the 

mixture ratio (α1 and α2) are inserted in Eq. 8 to yield the isobole prediction of Dmix. By 

repeating this for a series of effect sizes, the dose-response relationship of Dmix according to 

the isobole method is found, which can be compared to the “true” dose-response 

relationship of Dmix according to the mechanistic model. The divergence of the isobole 

dose-response curve from the “true” dose-response curve will be expressed as the percent 

difference of the isobole Dmix from the “true” Dmix at each level of enzyme inhibition.  

 

Fig. 5. Left panel: enzyme inhibition (%) versus log10 of dose (µmol). The solid black curves from left to right 

are the “true” dose-response curves for fixed ratio combination of chemicals A1 and A2 with an α1 of 1 (A1 only), 

0.8, 0.6, 0.4, 0.2 and 0 (A2 only). The gray dotted curves (coinciding with the black curves here) are the dose-

response curves predicted by the isobole method. Right panel: divergence (%) of the isobole predictions from 

the “true” dose-responses of the mixtures plotted against the enzyme inhibition (%).  

Results 

In the first example, the chemicals are assumed to differ only in their affinity for the 

enzyme. This situation leads to parallel dose-response curves (on log-dose scale), not only 

for the individual chemicals, but also for the fixed ratio mixtures (see Fig. 5, left panel). 

Here, one may imagine that either of the individual chemicals could behave as a dilution of 

the other, and the mixtures of the two chemicals would be expected to behave accordingly. 

Indeed, the mixture dose-response curves predicted by the isobole method (gray dotted 
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curves) coincide with the model simulations (black curves, hardly visible behind the gray 

dotted curves). The (horizontal) distance between the predicted and “true” curves plotted 

for the whole range of effect sizes (right panel) confirms this: the isobole method predicts 

the true enzyme inhibition very closely.  

 

Fig. 6. Left panel: enzyme inhibition (%) versus log10 dose (µmol). The solid black curves from left to right are 

the “true” dose-response curves for fixed ratio combination of chemicals A1 and A2 with an α1 of 1 (A1 only), 0.8, 

0.6, 0.4, 0.2 and 0 (A2 only). The gray dotted curves are the dose-response curves predicted by the isobole 

method. Right panel: divergence (%) of the isobole predictions from the “true” dose-responses of the mixtures 

plotted against the enzyme inhibition (%). The divergence increases with increasing α2. 

 

The mechanistic model can be parameterized in various ways, such that it leads to non-

parallel curves. We show an example in which the (maximum) rates of metabolism by the 

alternative pathway differ between the chemicals (step 6 in Fig. 4). Figure 6 (left panel) 

shows that these conditions yield non-parallel curves. We now see that the isobole 

prediction diverged considerably from the dose-response curves according to the 

mechanistic model, despite its lack of interactions. The isobole corresponding to 50% 

enzyme inhibition in this second example is plotted in an isobologram in Fig. 7. The 

combinations simulated by the mechanistic model clearly lie above the straight line 

connecting the isoeffective doses of the individual agents. So, the isobole method would 

have led to the conclusion that the chemicals show antagonism.  
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Fig. 7. Isobologram of the second example. Combinations of A1 and A2 that lead to an enzyme inhibition of 

50% should be on the straight line according to the isobole principle. The diamonds represent combinations in 

various mixture ratios that were found to lead to 50% inhibition by the zero-interaction mechanistic model.  

DISCUSSION 

Berenbaum claimed that the isobole method applies to any combination of chemicals as 

a tool for detecting interactions, regardless of the shape of their dose-response curves or the 

underlying mode of action. His argument is based on two properties of sham combinations 

of a chemical and a dilution of itself: (1) no interactions can take place; (2) the combined 

effect is known: it equals that of the total amount of the chemical. Berenbaum tacitly 

assumes that the only difference between sham and real combinations is that interactions 

can potentially take place in the latter. Therefore, he argues, if the effect of a real 

combination does not relate in the same way to the individual dose-response curves as it 

does in the case of a sham combination, interactions must have taken place (Berenbaum, 

1985, 1989).  

This argument is not valid. The fact that any particular combination of chemicals shares 

one of the properties of sham combinations, i.e. no interaction, does not imply that it also 

shares the other property of sham combinations, i.e. the combined effect is given by the 
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total amount of both chemicals (after correcting for potencies). It ignores the possibility 

that in real combinations of chemicals the effect is generated by more complex, yet non-

interactive, processes than those in a sham combination. In such cases, the combined effect 

might relate differently to the dose-responses of the individual chemicals. By a simple 

example, we demonstrated that this can indeed be the case. Our mechanistic model 

described the combined inhibition of an enzyme by two chemicals. It did not incorporate 

interactions between the chemicals at any level, so that the observed deviations from the 

isobole predictions can only be explained by processes other than interaction.  

Deviations from additivity or from isobole predictions may be expected under 

conditions where the chemicals behave differently from dilutions of a single chemical. 

Dilutions of a single chemical only differ in potency, and their dose-responses are parallel 

(on log-dose scale). Example 2 showed however that for different chemicals non-parallel 

dose-response curves could result from exactly the same mode of action (Fig. 6). In this 

example, differing rates of an alternative metabolic pathway caused a difference in the shape 

of the dose-response curves.  

Another example could be generated where the chemicals behave differently in time, e.g. 

the time frames in which their effects develop differ between the two. Such chemicals do 

not behave like a sham combination, and their dose-response curves, particularly when 

observed at a specific point in time, may not be parallel on log-dose scale. The isobole 

method can be expected to fail here.  

In conclusion, two explanations are possible when deviations from linear isoboles are 

found in a mixture experiment: either the chemicals have interacted, or they did not but the 

isobole method does not give the expected effect. This leaves the isobole method unsuitable 

as a general criterion for interactions. As yet, the only valid way of discriminating between 

the absence or presence of interaction in a true biochemical sense is by mechanistic 

modeling. This conclusion may be inconvenient for those interested in detecting 

interactions: mechanistic modeling requires information on the mechanisms of action, 

which is often not or not sufficiently available.  
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In many cases however, in toxicology and pharmacology alike, it is the predictability of 

the combined effect of the chemicals that is of interest. If an experiment shows that effects 

from particular combinations coincide with the predictions from the isobole method, this 

would support using this method for predicting other dose combinations. When deviations 

from the isobole predictions are observed, the reason why − either interactions or other 

conditions − is irrelevant for the predictability of effects at other dose combinations: the 

isobole method does not work here, whatever the reason.  

A multitude of rival approaches and terms regarding combinations and their effects have 

been proposed in the past decades. Initiatives have been taken to harmonize terminology 

and methodology. Greco et al. (1992) proposed to use the isobole method as a strictly 

empirical reference model that may be used to compare the effects of combinations of 

common target chemicals. Outcomes of mixture experiments are characterized as Loewe 

additivity, Loewe synergy or Loewe antagonism.  

Our results would support such a pragmatic approach: the outcomes of a mixture 

experiment may be compared to the situation of linear isoboles, without drawing 

conclusions about what caused any deviations found. However, the terms Loewe synergy 

and Loewe antagonism are potentially misleading. While they are defined as deviations 

from a particular pattern in empirical observations only, the terms can easily be mistaken to 

hint at biochemical interactions, while these might in reality be absent (as exemplified in 

Fig. 7). It would be less confusing to speak of Loewe additivity and deviations thereof (i.e. 

Loewe-subadditive or Loewe supra-additive effects). To prevent misconceptions, the terms 

interaction, synergy and antagonism are better reserved for situations in which chemicals 

are known to (not) interact in a biochemical sense.  
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APPENDIX 

The following differential equations describe the time course changes of chemicals Aj, 

the enzyme Q and their complexes QAj depicted in Fig. 4: 
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where [Aj], [Q] and [QAj] are the concentrations of Aj, Q and QAj (mM); d[Aj]/dt, d[Q]/dt 

and d[QAj]/dt are their respective rates of change (mM×h-1); vmaxj and kmj are the 

maximum velocity (mM×h-1) and Michaelis-Menten constant (mM) for detoxification of Aj 

via the alternative pathway; kij is the bimolecular rate of inhibition (mM-1×h-1); krj and kaj 

are the first order rates for reactivation and ageing of the enzyme-chemical complex QAj 

(h-1); S is the zero-order rate for de novo synthesis (mM×h-1) and kd the first order rate of 

spontaneous degradation (h-1) of Q.  

The model code for solution of the differential and algebraic equations and graphical 

representation of the results was developed in the ACSL-based software package 

acslXtreme®. The dose of the mixture was expressed as the total concentration (mM) of the 

chemicals and the mixture ratio α1:α2. Multiplying the dose by the fraction αj gives the 

initial concentration of Aj. The virtual volume of the system was 1 mL. The initial 

concentration of Q was 0.05 µM. The corresponding kd was 0.01 h-1. S was obtained by 

multiplying the initial Q by kd, given that the initial Q equals the equilibrium between 

synthesis and degradation (S/kd). Parameter values used in the examples are listed in Table 

1. Details on the model simulations are mentioned in the Model simulations section in this 

paper.  
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Table 1. Model parameterization in the examples shown in Figs. 5 and 6.  

Parameter Fig. 5 Fig. 6 

 A1 A2 A1 A2 

ki 600 300 300 100 

kr 0.02 0.02 0.02 0.02 

ka 0.01 0.01 0.01 0.01 

vmax 5000 5000 2 10 

km 250 250 0.1 0.1 
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ABSTRACT 

Theoretical work has shown that the isobole method is not generally valid as a method 

for testing the absence or presence of interaction (in the biochemical sense) between 

chemicals. The present study illustrates how interaction can be tested by fitting a 

toxicodynamic model to the results of a mixture experiment. The inhibition of 

cholinesterases (ChE) in human whole blood by various dose combinations of paraoxon 

and methamidophos was measured in vitro. A toxicodynamic model describing the 

processes related to both OPs in inhibiting AChE activity was developed, and fit to the 

observed activities. This model, not containing any interaction between the two OPs, 

described the results from the mixture experiment well, and it was concluded that the OPs 

did not interact in the whole blood samples. While this approach of toxicodynamic 

modeling is the most appropriate method for predicting combined effects, it is not rapidly 

applicable. Therefore, we illustrate how toxicodynamic modeling can be used to explore 

under which conditions dose addition would give an acceptable approximation of the 

combined effects from various chemicals. In the specific case of paraoxon and 

methamidophos in whole blood samples, it was found that dose addition gave a reasonably 

accurate prediction of the combined effects, despite considerable difference in some of their 

rate constants, and mildly non-parallel dose-response curves. Other possibilities of 

validating dose addition using toxicodynamic modeling are briefly discussed.   
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INTRODUCTION 

Exposure to combinations of chemicals that act by a common mechanism of action may 

result in cumulative effects. For the purpose of cumulative risk assessment, it is often 

assumed that the combined effect of such chemicals, in the absence of interactions, can be 

predicted by dose addition. That is, the doses of each of the chemicals may be replaced by 

an equally effective dose of one of them (the so-called index chemical), and their sum be 

regarded as a surrogate dose of the index chemical. The assumption of dose addition 

underlies the toxic equivalency factor (TEF) or relative potency factor (RPF) approach 

(Safe, 1998). Apart from a common target and mechanism of action and the absence of 

interactions, dose addition requires that the dose-response curves of the individual 

chemicals be parallel on log-dose scale (Bosgra et al., 2008; Chapter 2).  

Organophosphorus pesticides (OPs) are an example of chemicals with a common 

mechanism that consumers may be exposed to simultaneously. Only few studies on the 

combined effects of OPs have been published. Richardson et al. (2001) are among the few 

who quantitatively compared the observed inhibition after simultaneous exposure to two 

OPs with the inhibition as predicted by dose addition. The inhibition of serum 

cholinesterase by chlorpyrifos-oxon and azinphos-methyl-oxon appeared to deviate 

considerably from dose addition at high doses. The authors proposed several explanations, 

including competition for binding to nonspecific detoxifying enzymes and allosteric 

modulation of the target enzyme. They observed considerably non-parallel log-dose-

response curves of the individual OPs, but did not seem to realize that this by itself could be 

the explanation for the observed deviations from dose addition (Bosgra et al., 2008)  

Most other studies examined combined exposures of OPs in a more qualitative way. For 

instance, several investigators have shown that in sequential exposure to different OPs, the 

order of administration may have a marked influence on the combined effect (Singh, 1986; 

Karanth et al., 2001; Richardson et al., 2001; Karanth et al., 2004). When this happens, it is 

usually concluded that the particular OPs did not show dose addition, and that interactions 
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must have taken place, be it at a kinetic level (e.g. induction of bioactivating enzymes) or at 

a dynamic level (e.g. allosteric modulation of the active site of AChE). If OPs indeed 

interact, this may be of importance in defining a strategy for their cumulative risk 

assessment. Dose-response information of individual chemicals that interact cannot be 

sufficient to predict their combined effects. However, the observation that reversing the 

order of sequential administration has an impact on the combined effect does not 

necessarily imply that (biochemical) interactions must have taken place. Many processes are 

involved in the mechanism of action, the rates of which may differ between the OPs. Since 

the inhibitions are usually observed at a fixed point in time, the influence of the order of 

administration on the observed combined effect might be fully explainable from the 

dynamic behavior of the individual chemicals, without being subject to any interaction. The 

expected effect of sequential exposure to different OPs does not follow simply from their 

individual dose-response curves. More complex models that account for the time course of 

inhibition, such as toxicokinetic and toxicodynamic (TK-TD) models, are needed to 

compute the expected effect and to conclude whether or not interactions must have taken 

place. So, although the studies just mentioned may reflect realistic human exposure patterns 

and have provided insight in the behavior of combinations of OPs, they do not answer the 

question if interactions have in reality taken place.  

Thus far, our hypothesis that deviations from dose addition can also result from 

differences in behavior between the individual chemicals, and not necessarily from 

interaction between them, was based on theoretical considerations and model simulations 

(Bosgra et al., 2008). In the present study, we tried to substantiate these theoretical findings 

with real observations. We examined the combined effects of OPs following simultaneous 

exposure, taking the dynamic nature of the processes involved into account, i.e. how they 

develop over time. The experiment was performed in human whole blood in vitro, where 

red blood cell AChE, serum BuChE and A-est are expected to play a role. The OPs 

paraoxon (the active metabolite of parathion) and methamidophos were chosen for their 

marked differences in affinity to AChE and in reactivation rate. The observed inhibition 
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was described by a TD model incorporating the processes illustrated in Fig. 2, including the 

competitive inhibition of AChE and BuChE. In the model, the OPs were assumed to show 

no interaction, i.e. the rate constants describing the processes for the individual OPs were 

not influenced by the presence of the other OP. If the model is capable of describing the 

observed inhibition, this indicates that interactions between the OPs do not exist.  

While the terms dose addition and zero-interaction are often used as being equivalent, 

it is crucial to distinguish between the two. The term interaction refers to 

biological/biochemical mechanisms, while dose addition is a (simple) method for predicting 

the effect, assuming that interaction does not exist. The question to be addressed is if 

experimental evidence supports the validity of dose addition as a predictor of cumulative 

inhibition, given that interaction between the OPs considered is absent. Therefore, we 

explicitly distinguished between the question of interaction, and that of applicability of dose 

addition. We examined interaction between the two OPs by analyzing the observations 

with the TD model. After that, we explored the applicability of dose addition based on the 

results of the TD model fitted to the observations.  

MIXTURE EXPERIMENT 

Chemicals 

Paraoxon (diethyl p-nitrophenyl phosphate, POX, purity 98.4 %) and methamidophos 

(O,S-dimethyl phosphoramidothioate, MMP, purity 98.1%) were obtained from Chem 

Service Inc. (West Chester, PA, USA). Human acetylcholinesterase, acetyl-(β-

methyl)thiocholine iodide (S-Amechol), S-butyrylthiocholine iodide (BuSChI), 5,5’-

dithiobis(2-nitro)benzoic acid (DTNB, Ellman’s reagent) were obtained from Sigma-

Aldrich (Bornem, Belgium). Potassiumdihydrophosphate and sodiumhydrogenphosphate-

dihydrate were obtained from Merck (Darmstadt, Germany). Saponin was obtained from 

Fluka (Bornem, Belgium). 
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Blood was drawn from a healthy volunteer in tubes containing heparin and tubes 

containing ethylenediaminetetraacetic acid (EDTA) as an anticoagulant. It was diluted 10-

fold in a 1% saponin solution and stored at -20°C.  

Stock solutions of POX and MMP were prepared in isopropyl alcohol in concentrations 

between 2-4 mg/ml, and stored at -20°C. 

Inhibition experiments 

In a first pilot study, the time courses of inhibition by POX and MMP were determined 

at concentrations of 2 and 2000 nM, respectively. In a second pilot, the dose-response 

relationships of POX and MMP were determined after 6 h of incubation. The second pilot 

was used to establish the concentrations of the OPs and their mixtures for the main 

experiment, as follows. Concentrations of POX and MMP were derived with an intended 

AChE inhibition of 20 to 80% in increments of 10%. Mixtures were spread over the dose-

dose space, in a way that they were lying on straight lines according to the isobole design 

(Fig. 1). For instance, 1.5 nM POX or 2000 nM MMP correspond to around 40% 

inhibition of AChE after 6 h, and these concentrations were combined in a ratio 30%-70%, 

and 70%-30% (see Table 1). 

 

Table 1. Experimental setup according to an isobole design: intended AChE inhibition after 6 h (%) by 

concentrations of POX, MMP and their combinations (nM) 

It=6 (%) POX (nM) POX:MMP (nM) MMP (nM) 

  70:30 50:50 30:70  

20 0.7 0.49; 225  0.21; 525 750 

30 1.0  0.5; 650  1300 

40 1.5 1.05; 600  0.45; 1400 2000 

50 2.0  1.0; 1400  2800 

60 2.7 1.89; 1170  0.81; 2730 3900 

70 4.0  2.0; 2900  5800 

80 6.0 4.2; 2850  1.8; 6650 9500 
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Fig. 1. Plot of the experimental design. Filled diamonds and squares represent the doses of POX and MMP, 

respectively (nM), that in increasing concentration should correspond to 20, 30, 40 50, 60, 70 and 80% AChE 

inhibition after 6 h. Open circles represent the combinations of POX and MMP. 

 

To obtain the concentrations in Table 1, the appropriate dilutions of the pesticide stock 

solutions were prepared in 20 mM phosphate buffer (pH 6.9). Of these dilutions, samples 

of 125 µl were added to 125 µl of the thawed diluted blood, and incubated at 25°C. As a 

control, the same quantity of the phosphate buffer without pesticides was added to the 

blood. All treatments were tested in blood with heparin, as well as in blood with EDTA as 

anticoagulant. By chelating calcium, EDTA abolishes the calcium-dependent hydrolysis of 

OPs by A-esterases (A-est). Heparin does not inhibit A-est. The difference between 

heparin- and EDTA-treated samples allows estimation of the A-est activity. Four replicates 

for each treatment were tested.  
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Determination of cholinesterase inhibition 

The activity of AChE and BuChE was separately determined using the Ellman assay 

(Ellman et al., 1961), modified for analysis by 96-well plate reader. After 1 and 6 h of 

incubation, 10 µl samples of the medium were added to 1 ml of a DTNB solution (0.8 mM 

DTNB in 100 mM phosphate buffer, pH 8.0). A portion of 100 µl was pipetted in the well 

of a 96 well plate. Next, 100 µl of 0.8 mM S-Amechol or 0.8 mM BuSChI was added. The 

absorption was measured by a UVM-340 96 well plate reader (Asys HiTech GmbH, 

Eugendorf, Austria) at 412 nm. Absorption was measured again after 70 min. The 

difference ∆Abs in absorption between 0 and 70 min is a measure for the residual enzyme 

activity. The percentage inhibition IEllman is calculated from the ratio between the ∆Abs of an 

exposed sample (OP≠0) and unexposed controls (OP=0): 
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Previous experiments have indicated that AChE shows no activity towards BuSCh. 

However, the turnover of S-Amechol by AChE must be corrected for cross-reactivity with 

BuChE. The previously determined maximum velocity turnover of S-Amechol by BuChE 

appeared to be 20% of that of BuSCh (unpublished result). So, 20% of the ∆Abs measured 

with BuSCh as substrate must be subtracted from the ∆Abs measured with S-Amechol as 

substrate (resulting from turnover by both AChE and BuChE) to obtain the ∆Abs due to 

AChE alone. All measurements were corrected accordingly.   

ANALYSIS BY A TOXICODYNAMIC MODEL 

We first analyzed the results of the mixture experiment by a cumulative toxicodynamic 

(TD) model. This model is based on the mechanism of action of the individual OPs (see 

Fig. 2), and does not incorporate any interactions between them.  
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OPs inhibit the enzyme acetylcholinesterase (AChE) by phosphorylating the active 

serine site of the enzyme (Fukuto, 1990; Mileson et al., 1998). The resulting 

phosphorylated AChE can be reactivated by hydrolysis of the phosph(or)yl residue, which 

typically occurs at a slow rate. Dealkylation of the residue makes the bond even more stable, 

a process called aging. Inhibition and ageing prevents the enzyme to contribute to the 

turnover of the natural substrate: the neurotransmitter acetylcholine (ACh). Accumulation 

of ACh in the synapses may lead to overstimulation of cholinergic receptors and cause 

adverse symptoms of cholinergic crisis. Besides in synapses, AChE is present on the 

membranes of red blood cells. The structurally related enzymes butyrylcholinesterase 

(BuChE, present in serum) and carboxylesterase (CaE, mainly present in the liver) can be 

inhibited by OPs in the same manner. The physiological function of these extrasynaptic 

enzymes is obscure, but they are generally considered to act as a buffer for OP toxicity. 

Alternative metabolic pathways for OPs include cytochrome P450 (mainly hepatic) and 

non-target esterases present in serum (A-esterase, paraoxonase: Aldridge, 1953). OPs 

containing a phosphorus-sulfur double bond require cytochrome P450-mediated 

bioactivation to their oxon. 

 

Fig. 2. Mechanism of action of OPs. (1) Inhibition by phosphorylation of the active site of the B-esterase 

(AChE or BuChE); (2) reactivation by hydrolysis of the phosphoryl residue; (3) ageing by dealkylation of the 

phosphoryl residue; (4) hydrolysis of the OP by A-esterases. 
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Model description 

The following differential equations describe the time course changes of the enzymes 

AChE and BuChE; POX and MMP, indicated by j∈ (1,2); and phosphorylated AChE 

and BuChE: 

 

 ( ), ,

[ ]
[ ] [ ] [ ]

j

A j B j j j

d OP
ki A ki B km OP

dt
= − × − × − ×  (Eq. 1) 

 ( )
2

1

, ,

[ ]
[ ] [ ] [ ]A j j A j j

j

d A
ki A OP kr AOP

dt =

= − × × + ×∑  (Eq. 2) 

 ( )
2

1

, ,

[ ]
[ ] [ ] [ ]B j j B j j

j

d B
ki B OP kr BOP

dt =

= − × × + ×∑  (Eq. 3) 

 ( ), , ,

[ ]
[ ] [ ] [ ]

j

A j j A j A j j

d AOP
ki A OP kr ka AOP

dt
= × × − + ×  (Eq. 4) 

 ( ), , ,

[ ]
[ ] [ ] [ ]

j

B j j B j B j j

d BOP
ki B OP kr ka BOP

dt
= × × − + ×  (Eq. 5) 

 

where [OPj], [A], [B], [AOPj] and [BOPj] are the concentrations of OP j, of AChE and 

BuChE, and of AChE and BuChE phosphorylated by OPj mM), respectively; d[OPj]/dt, 

d[A]/dt, d[B]/dt, d[AOPj]/dt and d[BOPj]/dt are their respective rates of change (mM×h-1); 

kiA,j and kiB,j the bimolecular rates of inhibition of AChE and BuChE by OP j (mM-1×h-1); 

krA,j, krB,j, kaA,j and krB,j are the first order rates for reactivation and ageing of the complexes 

AOPj and BOPj (h-1); kmj is the first order rate of metabolism of OP j by A-est (h-1).  

The percentage inhibition predicted by model simulation is calculated by: 
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where At is the amount of unoccupied AChE left at time t, and A0 is the initial (or total) 

amount of the enzyme. The model was implemented in the simulation software package 

acslXtreme®.  

Model fitting 

The concentrations of AChE and of BuChE in the overall blood sample used were 

measured in the unexposed control samples. The estimated concentrations of 5.2 and 34 

nM, corresponding to 4.7 and 2.1 IU/mL blood, respectively, were used as fixed parameter 

values in the model. These values are within the range reported for healthy individuals 

(Bellino et al., 1978).  

Two model fitting strategies can be followed to indicate the absence of interactions. 

The rate constants can be estimated from the data of the individual OPs only. If the TD 

model with these estimated parameters fits the mixture data well, this can be seen as an 

indication of the absence of interactions. Alternatively, the (zero-interactive) TD model can 

be fit to the data of both individual OPs and their combinations. If the model predictions 

do not deviate systematically from the observed inhibition percentages, this also indicates 

an absence of interactions. Because of the similar number of individual and combined doses 

in the study design, we applied the latter strategy.  

The model was fit to all the observed inhibition percentages (including four replicates at 

each dose (combination) of POX and MMP; including inhibition of both AChE and 

BuChE measured after both 1 and 6 h; and including heparin and EDTA as anticoagulant) 

in a single fit procedure, by adjusting the rate constants as defined in the model expressions 

above. The rate constant for metabolism by A-est, kmj, was fixed at 0 for blood samples 

containing EDTA as anticoagulant.  

Results 

The model estimates of the parameters associated with the best fit are listed in Table 2. 

The rates of inhibition and reactivation of AChE found were in line with values previously 

reported in the scientific literature (De Jong et al., 1982; Robinson and Beiergrohslein, 
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1982; Kardos and Sultatos, 2000; Kousba et al., 2004). Fig. 3 shows the time course of 

AChE activity by POX (2 nM) and MMP (2000 nM) determined in the first pilot study. 

Samples were drawn from two simultaneous replicates of each OP at several time points 

ranging from 1 to 24 h. Within the observed time interval the AChE activity decreases, 

while the rate of decrease slows down with time. Further, it can be seen that the two OPs 

do not substantially differ in rate of decreasing AChE activity. 

 

Table 2. Rate constants of inhibition, reactivation and ageing of AChE and BuChE by POX and MMP, and 

hydrolysis of POX and MMP by A-est, estimated by the TD model.  

Parameter POX MMP 

 AChE BuChE AChE BuChE 

ki (mM-1×h-1) 1.11×105 1.09×105 82.4 26.9 

kr (h-1) 0.096 0.064 0.48 0.22 

ka (h-1) 0.075 0.099 0.086 0.10 

km (h-1) 0.003 0.002 

 

 

Fig. 3. Time course change of AChE activity (%) following exposure to a concentration of 2 nM POX (left 

panel) and to a concentration of 2000 nM MMP (right panel). The symbols represent measurements from two 

replicates; curves represent the prediction by the fitted TD model.  
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The AChE inhibition by all combinations measured after 6 h of incubation (with 

heparin) is listed in Table 3. The variation between replications of all treatments was rather 

high, including that in the controls. No signs of large decay of AChE throughout the 

experiment were observed. The model predictions of the AChE inhibition after 6 h are 

shown in Table 3, and plotted against the measured inhibitions in Fig. 4. This figure shows 

that the model predictions correspond well to the observations. Since the predictions are 

made by the TD model lacking any interactions, this result indicates that the two OPs do 

not interact. 

 

 

Fig. 4. Predicted AChE inhibition according to fitted PD model against the measured inhibition of AChE 

after 6 h of incubation. Filled diamonds correspond to samples of POX only, filled squares to samples of MMP 

only, and open circles correspond to mixtures of both OPs. Error bars indicate the standard deviations in four 

replications of the measured inhibition. 
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Table 3. All combinations of POX and MMP and their inhibition of AChE (%) after 6 h of incubation 

measured (mean and standard deviation of four replicates), predicted by the fitted TD model, and predicted by 

dose addition with POX as index chemical.  

Combination AChE inhibition (%) after 6h 

POX; MMP (nM) Measured TD model Dose addition, 

POX as index 

0; 750 16.8 (± 8.3) 11.4  

0.21; 525 19.0 (± 4.4) 12.0 12.2 

0.49; 225 17.0 (± 8.5) 13.1 13.3 

0.7; 0 17.5 (± 7.6) 14.0  

0; 1300 23.2 (± 6.3) 18.8  

0.5; 650 33.5 (± 13.5) 19.0 19.5 

1; 0 20.7 (± 11.5) 19.7  

0; 2000 25.8 (± 14.4) 27.4  

0.45; 1400 26.3 (± 18.0) 27.5 28.3 

1.05; 600 34.5 (± 13.1) 28.0 28.9 

1.5; 0 26.0 (± 10.9) 28.8  

0; 2800 41.5 (± 12.2) 36.1  

1; 1400 41.0 (± 13.8) 36.1 37.7 

2; 0 39.5 (± 8.3) 37.3  

0; 3900 52.7 (± 15.9) 46.4  

0.81; 2730 55.3 (± 12.1) 46.2 47.8 

1.89; 1170 40.0 (± 8.7) 46.9 49.0 

2.7; 0 52.5 (± 6.0) 48.2  

0; 5800 62.8 (± 11.8) 60.4  

2; 2900 59.7 (± 5.9) 61.4 64.9 

4; 0 63.0 (± 7.2) 64.9  

0; 9500 73.8 (± 11.1) 78.0  

1.8; 6650 72.8 (± 12.4) 78.2 81.6 

4.2; 2850 81.0 (± 6.4) 80.1 83.4 

6; 0 82.7 (± 5.5) 82.5  
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PREDICTION BY DOSE ADDITION 

The analysis of the observations with the TD model showed that interactions between 

POX and MMP may be assumed to be absent in predicting the observed inhibitions from 

mixtures of both OPs. The question now is if the combined effects can be predicted in a 

more simple way, that is, by dose addition based on the individual dose-response curves. A 

minimal requirement for applying dose addition is that the individual dose-response curves 

should be parallel on log-dose scale, otherwise the prediction depends on an arbitrary 

choice of the index chemical (Bosgra et al., 2008). Fig. 5 shows the dose-response curves of 

POX and MMP individually, generated by the TD model as it was fit to the whole mixture 

experiment. The curves appear to be slightly non-parallel.  

 

Although in theory the combined effects cannot be predicted by dose addition in the 

case of non-parallel curves (on log-dose scale), the predictions might nonetheless be 

reasonably accurate for practical purposes. The normal way to check this would be by 

applying dose addition based on empirical dose-response models fitted to the individual OP 

samples, and compare the predictions with the observations from the combined samples. 

The disadvantage of this approach is that both these predictions and the observations 

contain noise due to experimental variation, hampering a very precise comparison.  

  

Fig. 5. AChE inhibition (%) against log10 of dose (µmol) of POX (diamonds) and MMP (squares) and TD 

model prediction of the dose-response curves.  
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By using the TD model for this purpose, the problem of experimental noise is avoided. 

When it is assumed that the fitted TD model does in fact exactly represent the behavior of 

two hypothetical OPs, and that they are not subject to any interaction, the error in applying 

dose addition could be established much more precisely. Further, instead of having to 

assume that interaction is lacking, we actually know for the TD model that interaction is 

absent. Thus, we applied dose addition based on the individual dose-response curves 

generated by the TD model, to predict the inhibition of various mixtures according to the 

TD model. Since the individual dose-response curves are nonparallel, the RPF is non-

constant, and dose addition can only be applied by applying concentration-specific dose 

addition. So, when POX is chosen as the index chemical, for each combination POX plus 

MMP, the inhibition that would result from only the concentration of MMP in the 

combination is obtained from its dose-response curve. This concentration of MMP is 

replaced by the concentration of POX that would have resulted in the same inhibition. 

Now these two doses of POX are summed, and the inhibition can be read of from the dose-

response curve of POX. This prediction by dose addition can be compared to the “real” 

inhibition, i.e. the one given by the TD model. To show the impact of the choice of the 

index chemical, similar calculations were done with MMP as the index chemical.   

The predictions by dose addition are listed in the last column of Table 3 (with POX as 

index chemical), next to the “real” inhibition according to the TD model. They are also 

plotted in Fig. 6, showing that the “real” inhibition resulting from the combinations was 

reasonably predicted by dose addition. Note that small differences were observed between 

predictions with POX or MMP as the index chemical (see Fig 6), in particular at higher 

inhibition levels.  
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Fig. 6. AChE inhibition predicted by dose addition against the “real” inhibition according to the PD model 

(after 6 h of incubation). Diamonds represent the predictions using POX as the index chemical; squares 

represent the predictions with MMP as the index chemical. 

DISCUSSION 

The purpose of this study was to elaborate on our theoretical findings about interaction 

and dose addition (Bosgra et al., 2008) by examining a mixture study with two OPs in a 

whole blood sample. In analyzing the data from the present mixture experiment, we 

addressed the question of whether or not the two OPs showed interaction by comparing 

the cumulative AChE inhibition by POX and MMP with the inhibition as predicted by a 

TD model. This TD model, which reflected the mechanism of action of the individual 

OPs, while lacking any mechanism of interaction, described the data well. This suggests 

that no interactions between POX and MMP have taken place. It could be that interactions 

were not noticed due to experimental variation. But in the case of interaction, systematic 

deviations would be expected, and these were not apparent. Further, following the 

alternative fitting strategy (see section: Model fitting), we estimated the model parameters 

only from the data of the individually administered chemicals. The model with these 
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parameter estimates explained the entire dataset almost equally well in terms of log-

likelihood (results not shown).  

As expected, we found marked differences in several rate constants between POX and 

MMP. It might be hypothesized that this would cause the relative behavior of these OPs to 

differ from that of simple dilutions of a single chemical, the underlying idea behind dose 

addition. However, their time courses of inhibition, following approximately equipotent 

doses, were similar (Fig. 3). Further, the dose-response curves of POX and MMP measured 

after 6 h of incubation appeared to be only slightly non-parallel (Fig. 5). In the case of non-

parallel curves, the predicted outcome depends on the arbitrary choice of the index 

chemical. In other words, two predictions are possible for the same binary mixture, 

depending on which chemical is expressed in equivalents of the other (Bosgra et al., 2008). 

In the present dataset the two curves were close to parallel, and the predictions based on 

either index chemical were quite close to each other, while both being close to what they 

should have been according to the TD model (Fig. 6). This illustrates that dose addition 

may produce a reasonable prediction of cumulative inhibition for non-interacting 

chemicals, when the individual curves are only mildly non-parallel. 

For chemicals that clearly show non-parallel dose-responses, the influence of the index 

chemical is much stronger, as illustrated by the data presented in Richardson et al. (2001). 

They found that the dose-response curves for inhibition of serum ChE by chlorpyrifos-

oxon (C=O) and azinphos-methyl-oxon (AZM=O) were considerably non-parallel. For a 

combination of the two OPs in concentrations that would individually lead to 30% 

inhibition, a combined inhibition of 46% was expected based on equivalents of AZM=O. 

On the other hand, if C=O was used as the index OP, the expected inhibition of the same 

combination was 75%. The inhibition actually observed was in between (68% and 61% in 

two series of experiments). Various biological explanations were proposed by the authors, 

including a role for detoxifying enzymes and allosteric modulation of the active site of 

AChE. They did not seem to realize that dose addition cannot be applied when the dose-

response curves are considerably non-parallel.  
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In the present study, we found no evidence of interactions between the OPs in the 

processes taking place in a whole blood sample. Of course, it cannot be excluded that 

interactions do take place at a toxicokinetic level in the whole organism. For instance, the 

presence of one OP may induce liver enzymes involved in bioactivation or detoxification, 

which could alter the behavior of other OPs.  

Such interactions have been proposed to explain the phenomenon that in sequential 

exposure to OPs, the order of administration influences their combined effect (Singh, 1986; 

Karanth et al., 2001; Richardson et al., 2001; Karanth et al., 2004; Timchalk et al., 2005). 

An alternative hypothesis is that the order of administration is expected to influence the 

combined effect because of differences in dynamic behavior between the individual OPs. 

For instance, the time it takes for the inhibition to reach a maximum may differ between 

the OPs. When a slow inhibitor is followed by a faster inhibitor such that their time points 

of maximum inhibition overlap, their combined effect may be higher than in reverse order: 

in the first situation maximum inhibition may have been reached, but not in the second. A 

distinction between these explanations can only be made if the expected effect under the 

assumption of zero-interaction is known. And the expected effect under zero-interaction 

can only be derived from a TD model that describes the processes in time. Dose addition is 

not an adequate criterion for interaction here, as it does not take processes in time into 

account, and hence it cannot predict what may happen after different sequential exposures. 

As sequential exposure may reflect a realistic human exposure pattern − food items 

containing different OPs may be consumed at different times − it would be worthwhile 

exploring these possibilities further. To that end, combination studies with sequential 

exposures should be accompanied by toxicodynamic modeling. If a TD model without 

interaction could explain the various effects that are observed after different sequential 

exposures, it could be used to predict combined effects at any sequential exposure scenario. 

The latter would also hold for a TD model with interaction, but it will probably not be easy 

to assess the exact mechanism of interaction if such would actually take place.  
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The present results showed that dose addition may give a reasonable prediction of 

cumulative inhibition for two non-interacting OPs in a blood sample, as long as the 

individual dose-responses are only mildly non-parallel. The TD model that was developed 

and fit to the mixture experiment may serve for future simulation studies, to address some 

additional questions. For instance, to what extent can the individual dose responses be non-

parallel such that dose addition still produces a good approximation of the combined effect? 

Or, is a similar rate of decreasing AChE inhibition with time a necessary condition for 

that? Further, the TD model can be extended with the toxicokinetics of the OPs, and 

examine if dose addition is expected to hold in the whole organism, and under which 

conditions. Such a TK-TD model may also serve to investigate if dose addition holds for 

the maximum (steady state) inhibition reached under repeated dosing, as opposed to 

inhibition at a fixed point in time, as was done in the present study. 
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ABSTRACT 

The applicability of dose addition to combinations of OP-esters and carbamates has 

been questioned based on theoretical considerations, but these have not been well 

supported by experimental findings. In the present study, the inhibition of AChE by 

combinations of methamidophos (an OP-ester) and methomyl (a carbamate) was examined 

in vitro. AChE inhibition was measured by the Ellman assay. We addressed the question of 

interaction between the OP-ester and carbamate by a toxicodynamic (TD) model reflecting 

the mechanism of action of the individual chemicals, without incorporating any interactions 

between them. The model was extended by including the experimental actions in the 

Ellman assay to correct for in the different reactivation rates in phosphorylated and 

carbamylated AChE, which caused a bias in the observations from the assay. This zero-

interactive TD model described the observations well, indicating that the OP-ester and 

carbamate did not interact. The applicability of dose addition was further explored by 

applying dose addition to the predicted inhibition by the TD model. Despite the 

differences in dynamics between methamidophos and methomyl, their dose-response curves 

were close to parallel, and dose addition gave a reasonably accurate prediction of the 

combined effects 
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INTRODUCTION 

Organophosphorus pesticides (OP) and N-methyl carbamates (CB) are two classes of 

widely used pesticides that exert their adverse effect via the same molecular target: they 

inhibit the enzyme acetylcholinesterase (AChE). Occupied AChE can no longer contribute 

to the turnover of the neurotransmitter acetylcholine (ACh), which may cause synaptic 

over-stimulation. So, if these chemicals are simultaneously present in a target tissue, they 

may be expected to contribute to a cumulative effect. To protect consumers from adverse 

health effects from these pesticides, these should preferably be addressed in a cumulative 

risk assessment.  

The relative potency factor (RPF) approach is commonly used to assess the cumulative 

risk of chemicals with a common target or mechanism of action. The RPF approach is 

based on the assumption that the combined effect of these chemicals can be predicted by 

the method of dose addition. That is, the doses of each of the chemicals may be replaced by 

an equally effective dose of one of them (the index chemical), and their sum be regarded as 

a surrogate dose of the index chemical. Due to differences in mechanism of action and 

dynamic properties between OPs and CBs, however, it remains unclear if dose addition 

accurately predicts their combined effects. Hence, in some cumulative risk assessments OPs 

and CBs were addressed separately (EPA, 2002; EPA, 2007; Boon et al., 2008), whereas in 

others these pesticides were treated as one group (Boon and Van Klaveren, 2003; Jensen et 

al., 2003). 

Whether the assumption of dose-additivity holds, depends among others on the 

behavior of the chemicals individually (Bosgra et al., 2008b; Chapter 2). The chemicals 

must behave as if they were dilutions of each other. Hence, their dose-response curves 

should be parallel on log-dose scale (i.e. a constant dose factor between the curves over the 

entire range of effects). Whether this applies to combinations of OPs and CBs may be 

questioned. For both pesticide classes, the toxicodynamics of AChE inhibition can be 

described by a classic (simplified) enzyme-substrate reaction: 
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2

→ →+ + +i rk k

H O
AChEOH IX AChEOI HX AChEOH IOH , 

 

where the active enzyme AChEOH is phosphorylated or carbamylated to AChEOI by the 

inhibitor IX (with leaving group X) with rate ki, and the inhibited enzyme may be 

reactivated by hydrolysis of the phosphoryl or carbaryl residue with reactivation rate kr, 

leaving the inactivated inhibitor IOH (Aldridge 1953). A major difference between OPs 

and CBs relates to the reactivation rate, which is typically much faster for the carbamylated 

enzyme than for the phosphorylated enzyme. Furthermore, the phosphoryl residue may 

loose one of its alkyl groups by hydrolysis, after which reactivation becomes virtually 

impossible. This ageing process does not occur with the carbamyl residue (Fukuto 1990). 

Because of the different time frames by which the processes take place, OPs and CBs might 

not behave as simple dilutions of each other, and this could lead to differently shaped (non-

parallel) dose-response curves at a specific point in time. Under these conditions, dose 

addition does not hold (Bosgra et al. 2008b). 

The difference in dynamics between OPs and CBs may have an additional implication. 

If the exposure to a combination is not simultaneous but sequential, the order and timing of 

exposure may have a significant influence on the time course and magnitude of inhibition. 

This phenomenon has been observed for combinations of two OPs (Singh 1986; Karanth et 

al. 2001; Richardson et al. 2001; Karanth et al. 2004), and may be more pronounced for 

combinations of OPs and CBs between which the differences in time course of inhibition 

could even be larger. Certain carbamates have even been suggested as prophylaxis against 

OP warfare agents based on the notion that a carbamate, if administered before an OP, 

may ‘protect’ the enzyme from forming a much more stable bond with the OP (Heyl et al. 

1980; Maxwell et al. 1988). As a consequence, dose addition does not seem appropriate for 

predicting the effects of sequential exposure to OPs and CBs. The inhibition after 

sequential exposure does not follow from the dose-response curves of the individual 
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chemicals, and can only be predicted by dynamic models that describe the underlying 

processes in time, such as toxicokinetic (TK) and toxicodynamic (TD) models.  

Besides the behavior of the individual chemicals, the applicability of dose-additivity also 

depends on the behavior of the chemicals in combination: the chemicals must not interact 

with each other. In case of interactions, (dose-response) information on the individual 

chemicals by definition is not sufficient to predict their combined effect.  

Thus far, the notion that interactions and/or differences in dynamics between OPs and 

CBs may give rise to deviations from dose-additivity has been mainly based on theoretical 

considerations. The purpose of the present study was to address the issue by an 

experimental study. We examined the inhibition of isolated human AChE in vitro by 

combinations of the OP methamidophos (MMP) and the CB methomyl (MTL), 

administered simultaneously. The observations were described by a cumulative 

toxicodynamic (TD) model based on the mechanisms of action of the individual chemicals 

(see Fig. 2). In the TD model, MMP and MTL were assumed to show no interaction, i.e. 

none of the model parameters related to one chemical depends on the concentration of the 

other. If this model is capable of describing the observed inhibition by the combinations, 

this indicates that no interactions between the pesticides have occurred. Next, the 

applicability of dose addition was explored based on the TD model fitted to the 

observations. So, in the analysis of the combined effects, we explicitly distinguished 

between the question if (at the receptor level) the chemicals actually interact, and the 

question if dose addition applies.  

The fraction of inhibited AChE was determined by the Ellman assay (Ellman et al., 

1961), which adds the substrate acetyl(β-methyl)thiocholine (S-Amechol) and measures its 

turnover rate by a colorimetric method. The inhibited fraction is calculated from the 

difference in turnover between an exposed and an unexposed sample. This method assumes 

that, after the actual inhibition experiment, the ratio between inhibited and free enzyme 

remains constant for the duration of the assay. Particularly for CBs, this may not be the 

case. Due to the high reactivation rates, a considerable fraction of the carbamylated enzyme 
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may be reactivated during the measurement, so that the inhibition is underestimated 

(Nostrandt et al., 1993; Hunter et al., 1997). This creates a bias, as the reactivation rate of 

phosphorylated AChE is much lower. A comparison of the predicted effect with these 

biased measurements is bound to lead to the wrong conclusion. We corrected for the 

reactivation during the Ellman assay by extending the TD model describing the inhibition 

experiment itself, i.e. the model includes the processes taking place during the Ellman 

assay. This correction method has been described in more detail in a separate paper (Bosgra 

et al., 2008a; Chapter 5).  

MIXTURE EXPERIMENT 

Chemicals 

Methamidophos (O,S-dimethyl phosphoramidothioate, MMP, purity 98.1%) and 

methomyl (S-methyl (EZ)-N-(methylcarbamoyloxy)thioacetimidate, MTL, purity 99.0%) 

were obtained from Chem Service Inc. (West Chester, PA, USA). Human 

acetylcholinesterase (AChE), acetyl-(β-methyl)thiocholine iodide (S-Amechol), 5,5’-

dithiobis(2-nitro)benzoic acid (DTNB, Ellman’s reagent) and bovine serum albumin 

(BSA) were obtained from Sigma-Aldrich (Bornem, Belgium). Potassiumdihydro-

phosphate and sodiumhydrogenphosphate-dihydrate were obtained from Merck 

(Darmstadt, Germany).  

Stock solutions of MMP and MTL were prepared in isopropyl alcohol in 

concentrations between 2-4 mg/ml, and stored at -20°C. 

Inhibition experiments  

In a pilot study, the time courses of inhibition by MMP and by MTL were both 

determined at concentrations of 2000 and 200 nM, respectively. In a second pilot, the 

individual dose-response relationships of MMP and MTL were determined after 6 h of 

incubation. This second pilot was used to establish the concentrations of the pesticides and 

their combinations for the main experiment as follows. Concentrations of MMP and MTL 
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were derived with an intended approximate AChE inhibition of 20 to 80% in increments of 

10%. The observed dose-response curve of MTL seemed to level off above 60 % inhibition. 

We assumed the observations to be highly influenced by reactivation during measurement 

of the inhibition (see Fig. 3), so that the true concentrations of MTL corresponding to the 

various levels of inhibition could only roughly be estimated. Mixtures were spread over the 

dose-dose space, in a way that they were lying on straight lines according to the isobole 

design (Fig. 1). For instance, a single dose of 1150 nM MTM or of 339 nM MTL 

corresponds to 40% inhibition of AChE after 6 h, and these concentrations were combined 

in a ratio 30%-70%, and 70%-30% (see Table 1). 

 

Fig. 1. Plot of the experimental design. Filled diamonds and squares represent the doses of MMP and MTL, 

respectively (nM), which in increasing concentration correspond to approximately 20, 30, 40 50, 60, 70 and 

80% AChE inhibition after 6 h. Open circles represent the combinations of MMP and MTL. 

 

To obtain the concentrations in Table 1, the appropriate dilutions of the pesticide stock 

solutions were prepared in 20 mM phosphate buffer (pH 6.9). Isolated human AChE was 

dissolved in a phosphate buffer in an intended concentration of 1.75 U/ml (equivalent to 

1.94 µmol/ml). Samples of 15 µl of the pesticide dilutions were added to 15 µl of the 
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AChE solution, and incubated at 25°C. As a control, the same quantity of the phosphate 

buffer without pesticides was added to the AChE solution. Four replicates for each 

treatment were tested. 

 

Table 1. Experimental setup according to an isobole design: intended approximate AChE inhibition after 6 h 

(%) by concentrations of MMP, MTL and their combinations (nM). 

It=6 (%) MMP (nM) MMP:MTL (nM) MTL (nM) 

  70:30 50:50 30:70  

20 700 490; 37.8  210; 88.2 126 

30 1100  550; 110  219 

40 1650 1155; 102  495; 237 339 

50 2300  1150; 251  501 

60 3300 2310; 228  990; 531 759 

70 5400  2700; 588  1175 

80 7000 4900; 599  2100; 1397 1995 

 

Determination of AChE inhibition  

The activity of AChE was determined using the Ellman assay (Ellman et al., 1961), 

modified for analysis by a 96-well plate reader. This method is based on the hydrolysis of 

the enzyme’s substrate S-Amechol to acetic acid and β-methylthiocholine (MeSCh), and 

the subsequent reduction of the reagent DTNB by MeSCh to the yellow anion 5-thio-2-

nitrobenzoate (TNB-). The absorption of yellow light is determined by spectrophotometry.   

After 6 h of incubation (tdtnb) a 10 µl sample was taken from each incubation medium 

and added to a 500 µl solution of 0.8 mM DTNB in MilliQ water. Samples of 100 µl were 

then transferred to a 96 wells plate to enable simultaneous measurement of the absorption. 

Dilution in DTNB and the transfer to the 96 wells plate took 40 min. Then, 100 µl of 0.8 

mM acetyl-(β-methyl)thiocholine iodide (S-Amechol) was added (at tsubs). The addition of 

S-Amechol took approximately 1 min from the first to the last well. Absorption of yellow 

light was then measured in a UVM-340 96 well plate reader (Asys HiTech GmbH, 
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Eugendorf, Austria) at 412 nm in 4 min intervals from 0 to 24 min after addition of the 

substrate. 

Even in absence of MeSCh some DTNB is spontaneously reduced to TNB- over time. 

In our experiment, spontaneous formation of TNB- resulted in a background absorption of 

yellow color Abs0 of approximately 0.1 absorption units (AU) just before the addition of S-

Amechol. It took approximately 1 min to add S-Amechol to all wells, after which the 

absorption was measured in all wells simultaneously. Therefore, the time interval between 

tsubs and the actual measurements of the absorption differed between the wells, creating a 

difference in yellow color at the first measurement. We estimated the time interval for each 

sample by linear extrapolation of the absorption versus time data to the background 

absorption Abs0. Each time point of absorption measurement was then corrected by adding 

this interval.  

The inhibition measured by the Ellman method (not accounting for the reactivation 

during the assay), IEllman (%), is usually calculated as: 
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I
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 (Eq. 1) 

 

where ∆Abs is the difference between the last and the first measurement of the absorption 

(thus assuming linear increase in absorption). The fraction of inhibited enzyme is one 

minus the unoccupied fraction, which is calculated by the ratio between the ∆Abs of an 

exposed (C≠0) and unexposed (C=0) sample.  

ANALYSIS BY A TOXICODYNAMIC MODEL 

We analyzed the results of the mixture experiment by a cumulative toxicodynamic (TD) 

model. This model is based on the mechanism of action of the individual pesticides 

described below (see Fig. 2), and does not incorporate any interactions between them. The 

biased measurement due to differences in reactivation during the Ellman assay is accounted 
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for by incorporating the processes taking place during the assay into the model. These 

processes, and how they are exactly described in the dynamic model are discussed in more 

detail elsewhere (Bosgra et al., 2008a). 

The mechanism of action of both OPs and CBs can be described by enzyme-substrate 

reactions. They inhibit AChE by phosphorylation and carbamylation of the active serine 

site of the enzyme, respectively. Reactivation of the carbamylated enzyme by hydrolysis of 

the carbamyl residue occurs at a faster rate than reactivation of the phosphorylated enzyme 

by hydrolysis of the phosp(or)yl residue. Dealkylation of the latter residue makes the bond 

with the enzyme even more stable, so that reactivation becomes virtually impossible. This 

process called ageing does not occur in the carbamylated AChE. 

 

Fig. 2. The mechanism of action of OPs (left cycle) and CBs (right cycle). Inhibition occurs by formation of a 

Michaelis complex between AChE and inhibitor, and subsequent phosphorylation or carbamylation of the 

active site of the enzyme. The enzyme may be reactivated by hydrolysis of the phorphoryl or carbamyl residue. 

The phosphoryl residue may age by dealkylation.  
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Toxicodynamic model.  

The time course changes of the OP MMP, the CB MTL, AChE, phosphorylated and 

carbamylated AChE are described by the following differential equations: 

 

 
[ ]

= [ ] [ ]OP

d OP
ki OP Q

dt
− × ×  (Eq. 2) 

 
[ ]

= [ ] [ ]CB

d CB
ki CB Q

dt
− × ×  (Eq. 3) 

 ( ) ( )
[ ]

= [ ] [ ] [ ] [ ] [ ]OP CB OP OP OP CB CB

d Q
ki OP ki CB Q kr ka Q kr Q

dt
− × + × × + − × + ×  (Eq. 4) 

 ( )
[ ]

= [ ] [ ] [ ]OP
OP OP OP OP

d Q
ki OP Q kr ka Q

dt
× × − + ×  (Eq. 5) 

 
[ ]

= [ ] [ ] [ ]CB
CB CB CB

d Q
ki CB Q kr Q

dt
× × − ×  (Eq. 6) 

 

where [OP], [CB], [Q], [QOP] and [QCB] are the concentrations of MMP and MTL, and of  

free, phosphorylated and carbamylated AChE (mM), respectively; d[OP]/dt, d[CB]/dt, 

d[Q]/dt, d[QOP]/dt and d[QCB]/dt are their respective rates of change (mM×h-1); kiOP and 

kiCB the bimolecular rates of inhibition of Q by OP or CB (mM-1×h-1); krOP and krCB are the 

first order rates for reactivation of the complexes QOP and QCB (h-1); kaOP is the first order 

rate of ageing of QOP (h-1).  

The dilution in DTNB solution is incorporated in the model by recalculating the 

amounts and concentrations of Q, CB and QCB at tdtnb according to the protocol described 

above. The samples are further diluted by addition of the substrate S-Amechol. Again, this 

is incorporated in the model by recalculating the amounts and concentrations of Q, CB and 

QCB at tsubs. In addition, the turnover of S-Amechol by the unoccupied enzyme, producing 

MeSCh and acetic acid, is described by the following equation: 
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[ ]

[ - ] [ ]s

d MeSCh
k S Amechol Q

dt
= × ×  (Eq. 7) 

 

where d[MeSCh]/dt is the rate of formation of MeSCh (mM×h-1); [S-Amechol] is the 

concentration of the substrate S-Amechol (mM) and ks is the bimolecular rate constant of 

hydrolysis of S-Amechol (mM-1×h-1).  

The amount of MeSCh formed is considered equal to that of the yellow anion TNB-. A 

predetermined extinction curve of TNB- (i.e. the relationship between TNB- concentrations 

and absorption) links the absorption (the measurement variable) to the MeSCh 

concentration (a model variable): 

 

 
0

[ ]Abs Abs MeSCh E= + ×  (Eq. 8) 

 

where Abs0 is the background absorption due to spontaneous reduction of DTNB, and E is 

the extinction coefficient of the yellow anion at 412 nm (13960 AU×M-1×cm-1) (Ellman et 

al., 1961). The model was implemented in the simulation software package acslXtreme®. 

The model was fitted to all the absorption versus time data (including four replicates of all 

combinations of MMP and MTL) in a single fit procedure, by adjusting the rate constants 

as defined in the model expressions above.  

 

The fitted model was used to estimate the amount of unoccupied enzyme Qt at the at 

the time point of interest − before the dilution and addition of the substrate (tdtnb = 6 h).  

This Qt=6 is divided by the sum of active and occupied enzyme Qtot to derive the 

‘reconstructed’ percentage inhibited:  

 

 6
100 1

=
 

= × − 
 

t
reconst

tot

Q
I

Q
 (Eq. 9) 

 



CHOLINESTERASE INHIBITION BY A COMBINATION OF OP & CB 

85 

The inhibition expected to be measured by the Ellman method in the usual way (IEllman) was 

computed by the TD model by evaluating Eq. 1.  

Results  

The observed AChE inhibitions associated with the various combinations in the in vitro 

mixture experiment are summarized in Table 2. No signs of large decay of AChE 

throughout the experiment were observed.  

The model that included only the biochemical processes during incubation (Eqs. 2 

through 6) was not capable of describing the carbamate and mixture data well (as shown in 

Bosgra et al., 2008a). The fit was much improved by extending the model with the 

processes taking place during the Ellman assay. The estimates of the parameters associated 

with the best fit of the latter model are listed in the third column of Table 3.  

Fig. 3 shows the observed inhibitions of the doses of both chemicals individually, 

together with the dose-response curves predicted by the TD model taking the bias during 

the measurements into account (third column of Table 2). Also shown are the predicted 

dose-response curves as they would have occurred prior to dilution and addition of the 

substrate. As expected, the difference between the inhibition before the assay and the 

inhibition measured by the assay appears to be much larger for MTL than for MMP, due 

to the higher reactivation rate.  
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Table 2. Inhibition of AChE (%) for (the combinations of) MMP and MTL after 6 h of incubation as observed 

in the Ellman assay (mean and standard deviation of four replicates), and the model prediction of that 

observation (third column). The fourth column provides the reconstructed inhibition at 6 h, i.e. without the 

bias in the Ellman assay. The fifth column shows the predictions by dose addition with MMP as index 

chemical.  

Combination IEllman (%) Ireconst (%) at 6 h 

MMP; MTL (nM) Measured TD model TD model Dose addition, 

MMP as index 

0; 750 16.5 (± 5.6) 16.4 27.9  

0.21; 525 15.5 (± 3.3) 18.0 26.5 27.3 

0.49; 225 15.9 (± 1.8) 20.5 24.7 25.4 

0.7; 0 24.0 (± 7.0) 20.9 22.2  

0; 1300 23.5 (± 2.8) 23.7 40.3  

0.5; 650 26.7 (± 2.5) 27.6 37.1 38.9 

1; 0 31.0 (± 8.0) 27.1 31.3  

0; 2000 30.5 (± 3.6) 30.2 51.2  

0.45; 1400 30.6 (± 4.0) 33.2 49.3 51.9 

1.05; 600 32.4 (± 4.3) 38.8 47.0 49.9 

1.5; 0 42.5 (± 18.0) 38.4 42.8  

0; 2800 35.5 (± 2.0) 35.9 60.9  

1; 1400 43.0 (± 3.9) 42.8 57.8 62.6 

2; 0 42.0 (± 4.0) 46.9 52.1  

0; 3900 42.5 (± 3.6) 41.5 70.2  

0.81; 2730 47.2 (± 3.0) 46.0 68.5 72.9 

1.89; 1170 59.4 (± 5.1) 55.2 67.1 73.3 

2.7; 0 52.0 (± 4.0) 55.3 62.0  

0; 5800 46.9 (± 1.9) 46.6 78.5  

2; 2900 58.5 (± 1.5) 57.9 77.3 84.5 

4; 0 65.0 (± 4.0) 66.6 75.9  

0; 9500 52.2 (± 2.3) 51.5 86.2  

1.8; 6650 63.7 (± 2.9) 56.3 84.7 89.1 

4.2; 2850 68.7 (± 1.9) 67.8 83.6 90.7 

6; 0 74.0 (± 2.0) 72.5 82.1  
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Fig. 3. Measurements of AChE inhibition (%) by MMP (left panel) and MTL (right panel), with the dose-

response curves predicted by the TD model at the point of measurement and taking the bias in the Ellman 

assay into account (solid curves), and the reconstructed dose-response curves as they would have occurred at 

the end of the incubation (dotted curves).  

 

 

The observed AChE inhibitions are plotted against the measured inhibitions in Fig. 4, 

showing that the TD model predictions correspond well to the observations. Since the 

predictions were made by a model lacking any interactions between MMP and MTL, this 

result indicates that these pesticides do not interact regarding the processes that took place 

in vitro.  

 

 

Table 3. Rate constants of inhibition, reactivation and ageing of AChE by MMP and MTL, and turnover rate 

of ATCh by AChE estimated by the TD model.  

Process Parameter  MMP MTL 

Inhibition ki (mM-1×h-1) 0.7×103 1.6×103 

Reactivation kr (h-1) 0.21 0.57 

Ageing ka (h-1) 0.059 - 

Substrate turnover ks (mM-1×h-1) 2.1×105 
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Fig. 4. Measured AChE inhibition (%) against predicted value according to the fitted TD model (both 

calculated in the usual way: Eq. 1). Filled squares correspond to MMP samples, filled diamonds to MTL 

samples, and open circles to the applied combinations of MMP and MTL. Error bars represent the standard 

deviation of 4 replicates. 

PREDICTION BY DOSE ADDITION  

The analysis of the in vitro mixture experiment with the TD model indicated that 

interactions between MMP and MTL (on the receptor level) are absent, or minor at most. 

The question now is if the combined effects can be predicted in a simpler way, viz. by dose 

addition. A minimal requirement for applying dose addition is that the individual dose-

response curves should be parallel on log-dose scale. In the case of non-parallel curves, the 

prediction depends on an arbitrary choice of the index chemical (Bosgra et al., 2008b).  

Fig. 3 shows the dose-response data of MMP and MTL individually and the 

corresponding dose-response curves predicted by the fitted TD model. From these 

“observed” dose-response curves, the conclusion would be drawn that they differ 

considerably in shape, and dose addition would not apply. However, these observations are 
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influenced by differences in reactivation during the Ellman assay. The reconstructed dose-

response curves, as they would occur at the start of the assay according to the fitted TD 

model, appear to be much closer to parallel.  

Obviously, dose addition cannot result in good predictions of the combined effects if 

applied to the “observed” dose-responses, which are biased themselves. Instead, it should be 

applied to these reconstructed dose-response curves. If the Ellman assay were adjusted and 

performed such that reactivation does not or hardly disturb the observations (see 

Discussion), the observed dose-response would be closer to reality, and the correction as 

made in the TD model would not be necessary. In that case, it might be possible to predict 

the combined effects by dose addition in a way that is sufficiently accurate for practical 

purposes. Therefore, we address the question if dose addition results in a reasonable 

estimate of the combined effects of this OP and CB by applying it to the reconstructed 

dose-response as provided by the TD model. An additional advantage of using the TD 

model for this purpose is that the comparison between the true combined effect and that 

predicted by dose addition is not hampered by experimental variation. Further, instead of 

having to assume that interactions do not occur, we actually know that no interactions are 

present in the TD model.  

Thus, we applied dose addition to the individual true dose-response curves according to 

the TD model as follows. When MMP is chosen as the index chemical, for each 

combination of MMP and MTL the inhibition that would result from that concentration 

of MTL only is obtained from its dose-response curve. This concentration of MTL is 

replaced by the concentration of MMP that would have resulted in the same inhibition. 

Now these two doses of MMP are summed, and the corresponding inhibition is read off 

from the dose-response curve of MMP. This prediction by dose addition can be compared 

to the true inhibition of the combination, i.e. the one given by the TD model. To show the 

impact of the choice of the index chemical, similar calculations were done with MTL as the 

index chemical.  
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The “true” inhibitions as given by the TD model, and those predicted by dose addition 

(with MMP as index chemical) are listed in the last two columns of Table 2. They are also 

plotted in Fig. 5, showing that the true inhibition resulting from the combinations is 

reasonably predicted by dose addition. Note that small differences were observed between 

predictions with MMP and MTL as index chemical (Fig. 5), in particular at higher 

inhibition levels.  

 

Fig. 5. AChE inhibition (%) predicted by dose addition from the simulated ‘true’ individual dose-response 

curves of MMP and MTL at 6 h of incubation against the TD model prediction of the true inhibition by the 

combinations. Diamonds and squares represent the predictions using MMP or MTL as the index chemical, 

respectively.  

DISCUSSION 

In practice, a cumulative risk assessment of AChE inhibitors must be based on dose-

response information of the individual chemicals. Dose addition is considered the 

appropriate method for predicting the combined effects from chemicals with a common 
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target or mechanism of action. Dose addition not only requires that the chemicals do not 

interact, but also that the individual chemicals behave as dilutions of each other (their dose-

response curves need to be parallel on log-dose scale). It has been questioned if the latter 

applies to combinations of OPs and CBs, because of their different reactivation rates and 

the absence of ageing in CBs. The purpose of the present study was to elaborate on this 

issue by studying the inhibition of isolated human AChE in vitro by combinations of the 

OP methamidophos and the CB methomyl.  

The idea was to first establish that the OP and the CB considered did not show any 

interaction, by fitting a zero-interaction toxicodynamic model to the observations from the 

mixture study. The first version of the model, describing the mechanism of action of the 

chemicals (inhibition, reactivation, ageing) as shown in Fig. 2, did not produce a good fit to 

the data (Bosgra et al., 2008a), not only for the combined, but also for the individual doses. 

We realized that the way the Ellman assay was executed might have introduced a bias in 

the observations. Due to the high reactivation rate of carbamylated AChE, a substantial 

fraction of the inhibited enzyme might have been reactivated during the incubation period, 

and this could have contributed to the production of the yellow anion TNB-. For OPs, this 

is less problematic as the phosphorylated enzyme is more stable.  

Extension of the model with the processes related to the experimental actions in the 

Ellman assay improved the fit substantially. From this extended model, it was indeed found 

that a considerable fraction of carbamylated AChE must have been reactivated during the 

measurement. As opposed to the first version of the model, the extended (zero-interaction) 

model resulted in a good prediction of the mixture data (Fig. 4). As a consequence, it could 

be concluded that the two chemicals had not interacted in this in vitro system.  

The reactivation rate constant of carbamylated AChE observed for MTL in this study 

was not as high as reported for some other CBs (e.g. Dawson, 1995), but still a factor of 

three higher than the reactivation rate observed for MMP (0.57 and 0.21 h-1, respectively). 

Considering this higher reactivation rate and the absence of ageing of the carbamylated 

enzyme, the reconstructed dose-response curves of MTL and MMP after 6 h of incubation 
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were remarkably similar in shape (Fig. 3). Predictions by dose addition appeared to be 

reasonably accurate. Only small differences were found between the predictions with MMP 

or with MTL as the index chemical, in line with the dose-response curves being only 

slightly non-parallel on log-dose scale.  

As a consequence, if the Ellman assay were adjusted such that the inhibition were 

measured without bias, the combined effect of OPs and CBs may be sufficiently accurately 

predicted by dose addition under the assumption of zero-interaction, despite their different 

reactivation rates, and absence or presence of ageing. Several procedures to optimize the 

measurement of AChE inhibition by carbamates have been proposed. Factors that cause a 

rapid change in the fraction of enzyme inhibited during the Ellman assay are dilution of the 

medium, addition of a competitive substrate (in our case S-Amechol), and the time 

between these two steps. A radiometric method (Johnson and Russell, 1975) has been 

proposed, which requires less extensive dilution and shorter incubation time (Nostrandt et 

al., 1993; Hunter et al., 1997). Alternatively, adjustments of the protocol have been 

proposed to optimize the assay for measurement of inhibition by carbamates, involving 

minimization of the dilution, of the time between dilution and addition of the substrate and 

of the duration of measurement itself. Still, any measurement of inhibition by CBs based 

on the turnover of a substrate of AChE is to some extent influenced by the high 

reactivation. Depending on the desired precision, it may be worthwhile to analyze even data 

from these improved protocols by the model we presented in this paper.  

The conclusions drawn from this study regarding the absence of interaction and dose-

additivity only apply to these pesticides under the conditions studied. First, although no 

indication of interactions were found at the receptor level, kinetic interactions might occur 

between these pesticides in vivo. For instance, the induction of alternative pathways of 

metabolism like hepatic mixed function oxidases by CBs may also affect the detoxification 

of OPs (e.g. Costa and Murphy, 1983), although such induction usually requires chronic 

(low) doses.  
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Second, only some of the processes that play a role in AChE inhibition in vivo were 

represented in this simple in vitro system. For instance, the fraction of AChE inhibited by 

MTL around the time point of measurement (6 h) seemed stable, but in fact resulted from 

a dynamic equilibrium between reactivation and inhibition. The TD model describing the 

effect of dilution during the Ellman assay illustrated that reducing the CB concentration 

may drastically change the course of inhibition (Bosgra et al., 2008a). So, whereas in this 

simple experimental setting the dynamic behavior of the CB resembled that of the OP, the 

dynamic difference between OPs and CBs may be emphasized in the presence of alternative 

pathways of detoxification such as hydrolysis by A-esterases. The fraction of an inhibitor 

that is not bound to AChE may then be subject to hydrolysis, so that less of the inhibitor 

remains available to occupy reactivated enzymes.  

Third, in the mixture experiment AChE inhibition was observed after simultaneous 

administration of the OP and the CB. In sequential exposure, the order and timing of 

administration may markedly influence the time course and maximum observed inhibition, 

caused by differences in dynamic behavior between the pesticides. This phenomenon has 

been observed with combinations of OPs that showed less pronounced differences in 

reactivation rates (Singh, 1986; Karanth et al., 2001; Richardson et al., 2001; Karanth et al., 

2004). From the dose-response curves of the individual chemicals, it does not follow how 

the inhibition of AChE develops over time, and dose addition may not be appropriate for 

sequential exposures. This deserves further study, as the daily exposure to OPs and CBs via 

food may be spread over several meals.  

TD models as presented here may be used to address various questions in future 

simulation studies. It may be extended with toxicokinetics to explore whether, and under 

which conditions, dose addition holds in the whole organism. Such simulations contribute 

to a better understanding of the behavior of combinations of OPs and CBs, which could be 

an important step in defining a strategy for their cumulative risk assessment.  
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ABSTRACT 

The Ellman method is a popular assay to determine the activity of acetylcholinesterase. 

It is known to give problems when measuring the enzyme inhibition by carbamate 

pesticides due to high reactivation rates. Two steps in the assay alter the normal time course 

change of enzyme activity: dilution of the sample and addition of a competitive substrate. 

These steps cause an increase in the fraction of unoccupied enzyme during the assay, so that 

the inhibition is underestimated. Here, we present a mechanistic model of 

acetylcholinesterase inhibition by carbamates that includes the steps of the Ellman assay 

that alter the occupied fraction of the enzyme after the inhibition experiment itself. This 

model may be used to correct measurements of inhibition by carbamates for these 

alterations. 
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INTRODUCTION 

In the early 1960s, Ellman and coworkers developed a method for colorimetric 

determination of acetylcholinesterase (AChE) activity (Ellman et al., 1961). The method is 

based on the hydrolysis of the enzyme’s substrate acetylthiocholine (ASCh) to acetic acid 

and thiocholine (SCh), and the subsequent reduction by SCh of the 5-dithiobis-2-

nitrobenzoate ion (DTNB) to the yellow anion 5-thio-2-nitrobenzoate (TNB-). The yellow 

color is measured in a spectrophotometer. Since the extinction coefficient of the yellow 

anion is known, the increase of yellow color in time can be converted into activity of AChE 

(in U/ml). The AChE activity can be measured in a variety of samples, e.g. in serum, whole 

blood, organ tissue homogenate or isolated AChE in solution. 

This method is often used to measure the inhibition of AChE by inhibitors such as 

organophosphorus (OP) or carbamate (CB) pesticides. The residual enzyme activity is then 

expressed as the fraction of the activity of an unexposed sample. OPs bind to the active site 

of the enzyme, just like the natural substrate acetylcholine. It inhibits the enzyme because 

the spontaneous reactivation by hydrolysis of the phosphorylated enzyme is several orders 

magnitude slower than that of the acetylated enzyme. Further, one of the alkyl groups of 

the phosphoryl residue may be hydrolyzed in a process called ageing, after which 

reactivation is no longer possible. The mechanism of action of CBs is somewhat different. 

Reactivation by hydrolysis of the carbamylated enzyme occurs at a much faster rate than 

that of the phosphorylated enzyme (though still much slower than the acetylated enzyme). 

Furthermore, the carbamylated enzyme does not age.  

We used a mechanistic model describing these processes to analyze the inhibition of 

isolated AChE in vitro by the OP methamidophos (MMP), the CB methomyl (MTL) and 

combinations of both. The inhibition was measured by the Ellman assay. The model gave 

an adequate description of the MMP data, but was incapable of adequately describing the 

inhibition by MTL and by the combinations.  
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Several investigators have noted that using the Ellman assay to measure AChE 

inhibition by carbamates may be problematic due to the relatively high rate of reactivation 

(Nostrandt et al., 1993; Hunter et al., 1997). The normal time course change of enzyme 

activity – resulting from inhibition by the CB and reactivation – is disturbed by two steps in 

the assay. First, samples are extensively diluted before addition of the substrate. Inhibition 

is a second order process, the rate of which depends on the concentrations of CB and the 

active enzyme. Both are drastically lowered by dilution. Reactivation is a first order 

spontaneous process, and dilution does not affect the relative reactivation rate of the 

fraction of inhibited AChE (see Eq. 2 in the Toxicodynamic model section). Second, by 

addition of the substrate, the CB (already lowered in concentration) has to compete for 

binding sites with a substrate that is both present in excess and has a higher affinity for the 

enzyme. Taken together, these processes cause that the fraction of the enzyme contributing 

to the production of yellow color increases during the Ellman assay. Hence, the measured 

AChE activity gives an underestimation of the inhibition before the assay. For OPs this 

bias is not problematic, because reactivation rates are much lower.  

A radiometric method (Johnson and Russell, 1975) has been proposed as an alternative, 

which requires less extensive dilution and shorter incubation time (Nostrandt et al., 1993; 

Hunter et al., 1997). Alternatively, adjustments of the protocol have been proposed to 

optimize the assay for measurement of inhibition by carbamates, involving minimization of 

the dilution, of the time between dilution and addition of ASCh and of the duration of 

measurement itself. Still, any measurement of inhibition by CBs based on the turnover of a 

substrate of AChE is influenced to some extent by the high reactivation. Despite this 

measurement error, the Ellman method remains popular as a cheap and fast method to 

measure AChE activity.  

Here, we propose a mechanistic (mathematical) model in which the Ellman reaction 

itself is incorporated. It accounts for the events that alter the normal time course change of 

the enzyme activity after the actual inhibition experiment. We use this model to study the 

scope of these alterations hypothesized by Nostrandt et al. (1993) and Hunter et al. (1997). 
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Ultimately, we want to use this model to correct the data obtained in our mixture 

experiment for the difference between MMP and MTL in reactivation during the Ellman 

assay.  

 

Fig. 1. Summary of the steps in the Ellman assay protocol that may alter the time course change of enzyme 

activity. 

MATERIALS AND METHODS 

In vitro experiment 

The protocol of the Ellman assay is depicted in Fig. 1. Isolated human AChE was 

dissolved in a phosphate buffer in an intended concentration of 1.75 U/ml (equivalent to 

1.94 µmol/ml). Methomyl (MTL) was added to yield concentrations of 0, 126, 219, 339, 

501, 759, 1175 and 1995 nM. Four replications of each concentration were tested. The 

final volume of the incubation medium was 30 µl. After 6 h of incubation (tdtnb) a 10 µl 

sample was taken from each incubation medium and added to 500 µl of 5,5’-dithiobis(2-

nitro)benzoic acid (DTNB) solution. Samples of 100 µl were then transferred to a 96 wells 

plate to enable simultaneous measurement of the absorption. Dilution in DTNB and the 

transfer to the 96 wells plate took 40 min. Then, 100 µl of 0.8 mM acetyl-(β-
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methyl)thiocholine iodide (S-Amechol) was added (at tsubs). The addition of S-Amechol 

took approximately 1 min from the first to the last well. Absorption of yellow light was 

then measured in a spectrophotometer (96 well plate reader) at 412 nm in 4 min intervals 

from 0 to 24 min after addition of the substrate.  

Toxicodynamic model 

The following differential equations describe the actions of the carbamate on AChE 

during the inhibition experiment and during the Ellman assay: 

 

 
[ ]

[ ] [ ]i

d CB
k CB Q

dt
= − × ×  (Eq. 1) 

 
[ ]

[ ] [ ] [ ]i r CB

d Q
k CB Q k Q

dt
= − × × + ×  (Eq. 2) 

 
[ ]

[ ] [ ] [ ]CB
i r CB

d Q
k CB Q k Q

dt
= × × − ×  (Eq. 3) 

 

where [CB], [Q] and [QCB] subsequently represent the concentrations of the carbamate 

methomyl, the enzyme AChE and the carbamylated enzyme (mM); d[CB]/dt, d[Q]/dt, 

d[QCB]/dt are their respective rates of change (mM×h-1); ki is the bimolecular rate constant 

of inhibition (mM-1×h-1) and kr is the first order rate of reactivation of QCB (h-1).  

The dilution in DTNB solution is incorporated in the model by recalculating the 

concentrations of Q, CB and QCB at tdtnb according to the protocol described above. The 

concentration of active enzyme [Q] is affected by inhibition and reactivation (Eq. 2). The 

inhibition term depends on the concentrations of Q and CB. The reactivation term depends 

on the concentration of inhibited enzyme QCB. The concentrations of Q, CB and QCB are all 

lowered by dilution. However, the total concentration of the enzyme (active and inhibited) 

is equally lowered by dilution. Thus, dilution decreases the relative rate of inhibition while 

it doesn’t affect the relative rate of reactivation.  
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The samples are further diluted by addition of the substrate S-Amechol. Again, this is 

incorporated in the model by recalculating the amounts and concentrations of Q, CB and 

QCB at tsubs. In addition, the turnover of S-Amechol by the unoccupied enzyme, producing 

β-methylthiocholine (MeSCh) and acetic acid, is described by the following equation: 

 

 
[ ]

[ - ] [ ]s

d MeSCh
k S Amechol Q

dt
= × ×  (Eq. 4) 

 

where d[MeSCh]/dt is the rate of formation of MeSCh (mM×h-1); [S-Amechol] is the 

concentration of the substrate S-Amechol (mM) and ks is the bimolecular rate constant of 

hydrolysis of S-Amechol (mM-1×h-1).  

Data analysis 

Even in absence of MeSCh some DTNB is spontaneously reduced to TNB- over time. 

In our experiment, spontaneous formation of TNB- resulted in a background absorption of 

yellow color Abs0 of approximately 0.1 absorption units (AU) just before addition of S-

Amechol. It took approximately 1 min to add S-Amechol to all wells, after which the 

absorption was measured in all wells simultaneously. Therefore, the time interval between 

tsubs and the actual measurements of the absorption differed between the wells, creating a 

difference in yellow color at the first measurement. We estimated the time interval for each 

sample by linear extrapolation of the absorption versus time data to the background 

absorption Abs0. Each time point of measurement of the absorption was then corrected by 

addition of this interval.  

The amount of MeSCh formed is considered equal to that of TNB-. A predetermined 

extinction curve of TNB- (i.e. the relationship between TNB- concentrations and 

absorption) links the absorption (the measurement variable) to the MeSCh concentration (a 

model variable): 

 

 
0

[ ]Abs Abs MeSCh E= + ×  (Eq. 5) 
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where E is the extinction coefficient of the yellow anion at 412 nm (13960 AU×M-1×cm-1) 

(Ellman et al., 1961). The model was fitted to the absorption versus time data of all four 

series of replications by adjusting the rate constants ki, kr and ks (an example shown in Fig. 

2).  

 

The usual way of calculating the inhibition measured by the Ellman method IEllman (%) is 

according to the following equation: 

 

 0

0

100 1
≠

=

 ∆
= × − 

∆ 

CB
Ellman

CB

Abs
I

Abs
 (Eq. 6) 

 

where ∆Abs is the difference between the last and the first measurement of the absorption 

(thus assuming linear increase in absorption). The fraction of inhibited enzyme is one 

minus the unoccupied fraction, which is calculated by the ratio between the ∆Abs of an 

exposed (CB≠0) and unexposed (CB=0) sample.  

 

Fig. 2. Example of the model fit to absorption versus time data. The figure shows four replications of a control 

sample (CB concentration 0 nM, black triangles) and the highest CB concentration (1995 nM, grey 

diamonds), and the model predictions (black and grey curves). 
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Our mathematical model describes the time course change of active enzyme during the 

inhibition experiment and the Ellman assay. With the model, measurements from the assay 

are used to estimate the amount of unoccupied enzyme Qt at the time point of interest: 

before the dilution and addition of the substrate (tdtnb = 6 h). This Qt is divided by the sum 

of active and occupied enzyme Qtot to derive the ‘reconstructed’ percentage inhibited:  

 

 6
100 1

t
reconst

tot

Q
I

Q
=

 
= × − 

 
 (Eq. 7) 

RESULTS AND DISCUSSION 

The model without correction for the reactivation during the Ellman assay did not fit 

the data well, as shown in Fig. 3. This best fit resulted in a slope of the dose-response that 

deviates from the observations. This indicates that a model describing the processes of the 

inhibition experiment (inhibition and reactivation) only is not sufficient to explain the 

observations. Maximum likelihood estimates of the parameters ki and kr were 1.5×103 

mM-1×h-1 and 1.6 h-1, respectively.  

 

Fig. 3. AChE inhibition versus log10 of the concentration of the carbamate methomyl measured in an in vitro 

study. Diamonds represent the mean of the observations in the four series; the curve represents the dose-

response predicted by the mechanistic model. The model only describing inhibition and reactivation was 

incapable of adequately describing the observations.  
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Fig. 4. Change of the fraction of unoccupied AChE in time during inhibition experiment and Ellman assay at a 

methomyl concentration of 1995 nM. Extensive dilution and addition of the substrate caused a drastic increase 

in the fraction of active enzyme after 6 h.  

 

Our corrected model included the various steps in the Ellman assay protocol that may 

alter the time course change of enzyme activity (summarized in Fig. 1). Fig. 4 shows the 

change in the percentage of unoccupied AChE during the inhibition experiment and the 

subsequent steps of the Ellman assay, giving an indication of the scope of the alterations. 

Substantial reactivation is indeed expected during the measurement.  

Maximum likelihood estimates for ki and kr of the corrected model were 1.6×103 

mM-1×h-1 and 0.57 h-1, respectively. The latter differs considerably from the estimate of the 

uncorrected model. The best estimate for ks was 2.1×105 mM-1×h-1. This model based on 

our understanding of the events occurring during the assay results in a much better fit (Fig. 

5). It can be considered a plausible explanation of the observations. Indeed, it seems that 

the extensive dilution, time between dilution and adding the substrate, and addition of the 

substrate itself result in a considerable underestimation of the inhibition by MTL.  
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Fig. 5. Observed AChE inhibition against log10 of dose of methomyl and dose-response calculated in the 

usual way (Eq. 6, diamonds and solid curve), and model estimation of the ‘true’ inhibition against log10 of dose 

at start of the Ellman assay (Eq. 7, dotted curve).  

 

In our experiment, the role of competition between MTL and S-Amechol for binding 

sites was limited. The most drastic change in the fraction of unoccupied enzyme had 

already taken place before addition of S-Amechol (see Fig. 4). Even at high MTL 

concentrations the increase in yellow color in time was only slightly supralinear (Fig. 2), 

indicating that no large changes occured in the fraction of active AChE during the 

measurement.  

 

Nostrandt et al. (1993) proposed adjustments of the protocol that involve reduction of 

the dilution, the time between dilution and addition of S-Amechol and the duration of the 

measurement. Radiometric instead of colorimetric determination of the enzyme activity 

(Johnson and Russell, 1975) could reduce these factors even more. Even then reactivation 

influences the measurements to some extent (Hunter et al., 1997). This could in part be 

explained by the competition for the binding sites between the CB and the substrate.  

 

We intend to use mechanistic modeling to analyze the results of a mixture experiment 

(Bosgra et al., 2008; Chapter 4). An important issue to be addressed is the predictability of 

the effects of combinations of OPs and CBs from information of the individual agents only. 
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The reliability of this information of the individual agents is crucial. Based on the findings 

presented here, a model not accounting for the difference in reactivation during the Ellman 

assay between OPs and CBs is bound to lead to the wrong conclusions. We believe the 

proposed model gives an adequate explanation of the data, and may help us gain insight in 

the toxic actions of combinations of OPs and CBs. 
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ABSTRACT 

While probabilistic methods gain attention in hazard characterization and are 

increasingly used in exposure assessment, full use of the available probabilistic information 

in risk characterization is still uncommon. Usually, after probabilistic hazard 

characterization and/or exposure assessment, percentiles from the obtained distributions are 

used as point estimates in risk characterization. In this way, all information on variability 

and uncertainty is lost, while these aspects are crucial in any risk assessment. In this paper, 

we present a method to integrate the entire distributions from probabilistic hazard 

characterization and exposure assessment into one risk characterization plot. This method 

is illustrated using di(2-ethylhexyl) phthalate as an example. The final result of this 

probabilistic risk assessment is summarized in a single plot, containing two pieces of 

information: the confidence we may have in concluding there is no risk, and the fraction of 

the population this conclusion applies to. This information leads to a better informed 

conclusion on the risk of a substance, and may be very useful to define the necessary 

measures for risk reduction. 
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INTRODUCTION 

The current standardized approach to assess the health risk of chemicals is a 

deterministic one: it makes use of single values both in calculations and in expressing the 

result. Three steps can be distinguished in the risk assessment process: 

(1) Hazard characterization. Generally a no observed adverse effect level (NOAEL) is 

derived from an animal study, and this value can be extrapolated to a human limit value 

(HLV) by dividing it by assessment factors (AFs) to account for inter- and intraspecies 

differences, and possibly other sources of uncertainty. 

(2) Exposure assessment. Calculating the uptake (in mg/kgBW/d) often involves 

combining data on different routes and sources of exposure and bioavailability. 

(3) Risk characterization. Risk can be expressed as the risk characterization ratio (RCR): 

the ratio between HLV and the uptake.  

 

These three steps in risk assessment involve estimating several parameters. Due to 

limitations of the data, there is uncertainty in each of those parameters. Risk managers aim 

at protecting not just the average human but (the majority of) the total population. 

Therefore, for each uncertain parameter in the calculation, risk assessors tend to choose a 

conservative value, deemed ‘reasonable worst case’. All these reasonable worst case estimates 

combined may inadvertently lead to a highly unlikely scenario. 

This approach may be sufficient when only protection of human health is at stake. In 

practice though, other interests often have to be considered, e.g. the benefits of the 

compound or cost of risk reduction measures. The deterministic approach leads to an all-

or-none statement on the risk of a substance: is the uptake higher than the HLV? At first 

sight, this strategy seems transparent. However, due to the loss of information on 

uncertainty and variability it is hard to grasp the meaning of this statement. When a 

conservative estimate of the exposure exceeds a conservative HLV, what is the probability 
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of adverse effects occurring? This makes it difficult to define risk reduction measures and 

weigh off the need for such measures against other interests. 

The advantage of using probabilistic methods is that it allows us to quantify variability 

and uncertainty in each step of the risk assessment process. We can use all available 

information without being forced to choose reasonable worst case estimates for 

intermediate parameters. Probabilistic methods are gaining attention in the first two steps 

of risk assessment. Instead of the NOAEL approach, dose-response modeling (the 

benchmark approach) is sometimes used to derive HLVs (Gaylor and Aylward, 2004; Sand 

et al., 2004; Stelljes and Wood, 2004; Allen et al., 2005). The benchmark approach is less 

sensitive to study design and experimental error, and therefore estimates the true no adverse 

effect level (NAEL) more accurately. Furthermore, it allows for quantification of the 

uncertainties involved (Baird et al., 1996; Slob and Pieters, 1998). The benefits of 

probabilistic methods have also been recognized in exposure assessment, making it possible 

to calculate variability and uncertainty in exposure e.g. from food (Pieters et al., 2002; 

Konings et al., 2003; Nicas, 2003; Matthys et al., 2005) or via the environment (Griffin et 

al., 1999; Vermeire et al., 2001; Nicas, 2003).  

In most cases, however, percentiles from the distributions derived from probabilistic 

hazard characterization and exposure assessment are used point estimates in risk 

characterization, losing all information on variability and uncertainty from the first two 

steps. In this paper, we present a method for combining all probabilistic information from 

hazard characterization and exposure assessment into a full probabilistic risk assessment. 

The risk assessment of di(2-ethylhexyl) phthalate (DEHP) is chosen to illustrate this 

method. 

Exposure to phthalates is a matter of continuous concern. DEHP is the most important 

phthalate from the viewpoint of both use and toxicity. It is used as a plasticizer in polymers, 

e.g. in building materials, flexible toys, materials in car interior, clothing and medical 

equipment. It also has uses in non-polymers like lacquers and paints, adhesives, fillers and 

printings inks. The main adverse effects found in experimental animals occur in 
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reproductive organs, males being most sensitive (damage of testes and epididymis, reduced 

sperm count and quality). Several studies indicate that animals are most sensitive to the 

effects considered during developmental life stages (Arcadi et al., 1998; Gray et al., 2000; 

Parks et al., 2000; Higuchi et al., 2003), although some adverse effects have been shown 

after exposure at later stages (Poon et al., 1997).  

The intention of this study is not to reassess the risk of DEHP, but to provide an 

example of probabilistic risk characterization. Where possible, we used the data and 

adopted the assumptions from the consolidated draft EU Risk Assessment Report (EU 

RAR) for DEHP (E.C., 2004). The EU RAR, written within the EU Existing Substances 

program, provides a detailed review of both the sources of exposure and the toxicity studies 

available. Wherever our choices deviate from those in the EU RAR, these are motivated. In 

the EU risk assessment of DEHP typical difficulties were met in all three steps of the risk 

assessment. We demonstrate that with the probabilistic approach, it is possible to make 

more realistic choices. In probabilistic methodology it is important to separate variability 

(being a characteristic of the population) from uncertainty (reflecting the lack of knowledge 

concerning one value) (Burmaster and Anderson, 1994). We characterize the risk in a two-

dimensional way: variability in daily uptake between individuals is separated from 

uncertainty in estimating the level that does not cause adverse effects in the sensitive 

human. As a first demonstration of the probabilistic risk characterization plot, we intended 

to keep the example as simple and transparent as possible. To this end, we chose to ignore 

the uncertainties in exposure assessment and to model only the variability between 

individuals. 

MODELS AND DATA SELECTION 

Basic framework 

An elaborate description of the basic framework for probabilistic hazard characterization 

has been published previously (Baird et al., 1996; Slob and Pieters, 1998). This framework 
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was applied in several risk assessments. In short, toxicity data from the animal study are 

analyzed by dose–response modeling. A family of nested models is fitted to the data. The 

likelihood ratio test is used to decide which model fits the data best (Slob, 2002). A critical 

effect size (CES) is selected, and the corresponding critical effect dose (CED) for the 

animal is calculated from the estimated dose-response relationship. Uncertainty in the 

estimation of the CED is calculated by the bootstrap method (as described by Moerbeek et 

al., 2004). The CED distribution is extrapolated to a distribution of the no-adverse-effect-

level for the sensitive human subpopulation (NAELSH) using inter- and intraspecies 

extrapolation factor (EF) distributions.  

 

For probabilistic exposure assessment, the different sources and associated routes of 

exposure are investigated. The exposure from the various routes is expressed by equations 

combining the relevant environmental and physiological parameters with information on 

concentrations. Variability in these parameters is estimated and described by distributions. 

The distributions resulting from these equations are obtained by Monte Carlo sampling.  

Hazard characterization 

In the EU RAR, a three generation continuous breeding study was considered critical 

(E.C., 2004). To assess the potential of causing reproductive effects over multiple 

generations, DEHP was administered in the diet at concentrations of 1.5 (background), 10, 

30, 100, 300, 1000, 7500, and 10000 ppm to Sprague-Dawley rats during three 

generations. The daily doses were calculated to be 0.09, 0.48, 1.4, 4.9, 14, 48, 391, and 543 

mg/kgBW/d for the mature F1 animals. The highest dose group was omitted in the F2. In 

this study, a dose-dependent increase in incidence of bilateral testes effects in the F1 was 

observed. The F1 was exposed indirectly via the F0 in utero and during lactation, and 

subsequently directly via feed (Fig. 1). Pups were sacrificed after postnatal day 60. This 

study was used to derive a point of departure (PoD) for toxicity. Dose-response modeling 

was performed using the PROAST software.  
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To obtain the uncertainty distribution of NAELSH, we divided the PoD by uncertainty 

distributions for EFinter and EFintra using Monte Carlo calculations (10,000 runs). We used 

an EFinter distribution as proposed by Rennen et al. (1999; discussed by Vermeire et al. 

2001b), which is based on an analysis of historical toxicity data. It has a geometric mean 

(GM) of 1 multiplied by an allometric scaling factor between rat and humans of 4, and a 

geometric standard deviation (GSD) of 4.5. The EFintra distribution with a GM of 3 (+1) 

and a GSD of 1.6 was proposed by Slob and Pieters (1998). The distribution is not based 

on historical data, but consistent with the assumption that the default value of 10 is 

conservative: this value coincides with the 99th percentile of the distribution. This 

distribution is shifted to the right by one unit so that all values lie above unity, as the 

sensitive subpopulation cannot be less sensitive than the average human.  

 

Fig. 1. Panel A shows the exposure scenario in the continuous breeding study. In consecutive life stages, the F1 

is successively exposed to DEHP indirectly via the F0 (umbilical cord blood, breast milk) and directly via food, 

leading to the critical effect. The grey areas represent periods of exposure to unknown levels of DEHP.  

Panel B represents the human exposure scenario. The overall human exposure pattern is believed to be 

comparable to that in the toxicity study. In the short period after lactation, sucking on toys containing DEHP 

might cause the human exposure pattern to deviate from that in the toxicity study. 
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Exposure assessment 

For a meaningful risk assessment, the human exposure scenario and that of the animal 

study should match as closely as possible. In the case of DEHP, testes damage in children 

is expected to be the critical effect. In the animal study, the concentrations to which the 

fetus/pup was exposed in utero and during lactation is unknown; we only know the 

exposure of the dam (Fig. 1). Because all pups were sacrificed after postnatal day 60 and 

exposed throughout the study, the critical exposure window for the observed effects is 

unknown. We should therefore assess the human exposure in the same exposure window – 

consecutive exposure of the fetuses/babies via their mothers during pregnancy and 

breastfeeding and exposure of the children themselves – assuming that in this window the 

exposure of rats and humans follow a similar pattern.  

 

The main sources of DEHP exposure are food and indoor air. For young children, 

sucking on toys containing DEHP might be a significant additional exposure route. 

Therefore, the human exposure pattern may deviate from that in the toxicity study in that 

period (Fig. 1). To assess the impact of this deviation, we performed an additional exposure 

assessment for young children. The parameter values for this second scenario correspond to 

1 year old children, because mouthing behavior around this age is most relevant (Juberg et 

al., 2001; Könemann, 1998).  

Uptake from food 

One of the main routes of exposure to DEHP is by food. DEHP accumulates from the 

environment into crops, meat, fish and dairy products. In addition, DEHP leaks into 

several food products from packaging material, e.g., wrapping foil and bottle caps. Eq. 1 

describes the exposure to DEHP by food: 

 

 = ×food food oralU I B  (Eq. 1) 
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where Ufood is the uptake of DEHP via food (µg kgBW/d), Ifood is the intake of DEHP 

(µg/kgBW/d) and Boral is the oral bioavailability (fraction). The dietary intake of DEHP 

(Ifood) was calculated by combining data on DEHP concentrations in different food products 

with the consumption rate of these products. Concentrations in food can be estimated 

either by prediction of the accumulation from the environment into the food chain, or by 

using monitoring data. We consider the latter more appropriate as it takes leakage of 

DEHP from packaging material into account. We used the monitoring data in Annex 2 of 

the EU RAR, summarized in Table 1.  

 

TABLE 1. Food products containing DEHP and their mean concentrations from Annex 2 of the EU RAR. 

Product DEHP (mg/kg) 

Cheese 2.2 

Butter (DEHP in wrap, 80% fat) 7.5 

Margarine (DEHP in wrap, 50% fat) 4.7 

Dairy products 0.05 

Cream 2.7 

Fish 0.5 

Bottled beer (seal of DEHP containing PVC) 0.06 

Soft drinks (seal of DEHP containing PVC) 0.055 

Eggs 0.6 

Tap water 0.011 

Grape juice 0.26 

Grapefruit juice 1.7 

Carcass meat 0.7 

Chicken 0.7 

Almonds 0.8 

Hazelnuts 0.08 

Muscat nuts 0.22 
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Having recognized which products contain DEHP, the next step is to estimate the 

consumption of these products, as primary products or as constituents in other food 

products. Consumption rates were obtained from the Dutch National Food Consumption 

Survey (DNFCS), a database containing a detailed record on 6250 subjects including food 

consumption on two days, age and bodyweight (Kistemaker et al., 1998). For each person in 

the DNFCS and each day, we multiplied the consumption of the food products by the 

DEHP concentrations, and summed the products. For effects resulting from long-term 

exposure, the variability between individuals is relevant, but not the daily fluctuations 

within one individual. 

Variability in concentrations will even out on the long run, so we only used mean values 

(Table 1). The consumption rates in the DNFCS contain both sources of variability: 

between individuals and daily fluctuations within individuals. The statistical exposure 

model STEM was used to distinguish these two sources of variability (Slob, 1993). After 

considering all bioavailability data in the EU RAR, we used an oral bioavailability (Boral) of 

95% to calculate the actual uptake of DEHP from food for both adults and children. 

Uptake from indoor air 

Because DEHP is volatile and is present in numerous building materials, inhalation of 

indoor air might be a significant route of exposure. Eq. 2 was used to calculate the uptake 

of DEHP from indoor air: 

  

 ( )( )24= × × + × ×inh inh E air dust inU B V C C T BW  (Eq. 2) 

 

where Uinh is the uptake of DEHP from indoor air (µg/kgBW/d), Binh is the inhalatory 

bioavailability (fraction), VE is the ventilation rate (m3/h), Cair is the DEHP concentration 

in indoor air (µg/m3), Cdust is the DEHP concentration adsorbed to dust (µg/m3), Tin is the 

fraction of the day spent indoors, and BW is the body weight (kg).  
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The parameter values and their data sources are summarized in Table 2. For those 

parameters that vary between individuals a lognormal distribution was assumed, except Tin 

for which a beta distribution was more suitable. The lognormal distributions were 

characterized by a geometric mean (GM) and a variability factor (k90), defined such that 

90% of the parameter values lie between GM/k90 and GM×k90. The variability factor is 

related to the standard deviation on natural log-scale (σlnX) by k90=exp(1.645×σlnX) (Slob, 

1994). In each run of the Monte Carlo simulation, random values were drawn from these 

distributions.  

 

Compared with the RAR, we chose considerably lower average DEHP concentrations 

in indoor air and as sorbed to particles. In the EU RAR, the saturated vapor pressure of 5.3 

µg/m3 was used as a worst-case indoor air concentration. The indication that a 3-fold 

higher concentration can be adsorbed to dust particles (Øie et al., 1997) led to a total of 

21.2 µg/m3. The Scientific Committee on Toxicity, Ecotoxicity and the Environment 

(CSTEE) stated that the saturated vapor pressure as a worst-case concentration is clearly 

exaggerated and not borne out by measured data (CSTEE, 2002). Furthermore, the 3-fold 

higher concentration adsorbed to dust in Øie et al. (1997) was measured at an air 

concentration approximately 300-fold lower than the saturated vapor pressure. Linear 

extrapolation of this ratio to air concentrations as high as 5.3 µg/m3 would mean that dust 

consists of DEHP for about 20%, which is unrealistic. Therefore, we estimated 

distributions for Cair and Cdust from measured data, extreme measurements being accounted 

for in the tails of the distributions.  
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Table 2. Parameter distributions for calculation of DEHP uptake by adults and children (Eqs. 1 through 3). 

Parameter Distribution References 

 Lognormal distributions*  

 GM k90  

Ifood (µg/kgBW/d) 4.3; 13.5 1.77 Calculated 

VE (m3/h) 17.6; 5.2 1.61 (ICRP, 1994) 

Cair (µg/m3) 0.86 2.2 (Clausen et al., 1999) 

Cdust (µg/m3) 0.048 2.2 (Øie et al., 1997) 

BW (kg) 67.9; 11.2 1.35; 1.26 (Kistemaker et al., 1998) 

Tsuck (min/d) 9.7 24.28 (Könemann, 1998) 

L (µg/min) 1.41 1.75 (Meuling et al., 2000) 

 Beta distributions**  

 α β  

Tin  8; 10.8 1; 0.9 (Freijer et al., 1997) 

 Fixed parameters  

Boral  0.95  (CSTEE, 2002) 

Binh  0.75  (CSTEE, 2002) 

Ctoy  0.184  (Stringer and Labunska, 2000) 

CL  0.4  (Meuling et al., 2000) 

Ptoy  0.1  (Stringer and Labunska, 2000) 

*  Lognormal distributions are described by a geometric mean and a k90, chosen such that 90% of the values lie 

between GM/k90 and GM×k90. 

** Beta-distribution is described by parameters α and β. Mean fractions Tin for adults and children were 0.89 

and 0.93. 

 

Uptake from toys 

For young children, not only food and indoor air, but also toys containing DEHP are a 

source of exposure that might be significant. The uptake of DEHP from sucking on toys is 

described in Eq. 3: 

 

 
 

= × × × × 
 

toy

toy oral toy suck

L

C
U B P T L BW

C
 (Eq. 3) 
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where Utoy is the uptake of DEHP from toys (µg/kgBW/d), Boral is the oral bioavailability 

(fraction), Ptoy is the fraction of toys containing DEHP (fraction), Ctoy is the DEHP content 

in toys as fraction of weight (fraction), CL is the DEHP content in toys used to determine L 

(fraction), Tsuck is the sucking time (min/d), L is the leaching rate of DEHP from toys into 

saliva (µg/min), and BW is the body weight (kg). The parameter distributions and data 

sources are summarized in Table 2. Compared with the EU RAR, we added two 

parameters to the equation: Ptoy and Ctoy/CL. As a worst-case, the EU RAR assumes that all 

toys contain DEHP. The available data suggest that only a fraction of the toys (Ptoy) 

contains DEHP in significant concentrations (Stringer and Labunska, 2000). The leaching 

rate L is assumed to be proportional to the phthalate content in toys. L was determined 

using toys with a phthalate content (CL) of 40% (Meuling et al., 2000), which is higher than 

the mean content in toys (Ctoy). Therefore, we corrected the L for this difference: 

(Ctoy/CL)×L. Both the leaching rate (Meuling et al., 2000) and the sucking time (Könemann, 

1998) showed fluctuations within individuals. We corrected the total observed variance in L 

and Tsuck for the variance within individuals to obtain the variance between persons. 

Total uptake, Monte Carlo calculations 

We obtained variability distributions for the uptakes from different sources by 

evaluating Eqs. 1 and 2 for adults and Eqs. 1-3 for children 10,000 times. In each run, 

parameter values were randomly sampled from their distributions (Table 2). The uptakes 

from different sources were summed to obtain the respective total uptake distributions. The 

statistical software package S-PLUS Professional Release 3 by MathSoft was used for the 

Monte Carlo calculations. 

Risk characterization 

In this paper, we propose a method for combining the variability in the uptake in the 

human population with the uncertainty in deriving a dose below which no adverse effect 

will occur in the sensitive human subpopulation (NAELSH). This is done in a two-
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dimensional way by combining the uptake distribution with the NAELSH distribution into 

one plot as follows. Since the total uptake and the NAELSH are expressed in the same units 

(µg/kgBW/d), we can calculate for any uptake found in the exposure assessment the 

fraction of the uptake distribution below that value and the likelihood of finding an 

NAELSH above that value (Fig. 2). We plotted the fraction of the population with an uptake 

below a particular value on the horizontal axis against the corresponding likelihood of 

finding an NAELSH above that value on the vertical axis. 

 

Fig. 2. For any uptake x (µg/kgBW/d), the fraction of the population with an Utot below x and the probability 

that this uptake x does not exceed the NAELSH can be obtained from the respective distributions.  

RESULTS 

Hazard characterization 

In the continuous breeding study, there is only one dose group in the range resulting in 

a partial response (i.e., between 0% and 100%) (E.C., 2004). Therefore, these data contain 

little information on the shape of the dose–response curve. Several models could be fitted, 

leading to different CEDs (results not shown). There is not enough information to decide 

whether any one is better than the others. As dose–response modeling on these data was 

problematic, we determined a NOAEL as the PoD, which is not ideal but can be regarded 

as a surrogate for the CED. 

 



PROBABILISTIC RISK CHARACTERIZATION OF DEHP 

127 

 

 

Fig. 3. Histograms depicting the uncertainty distribution of the NAELSH (panel A) and variability 

distributions of total DEHP uptake for adults (panel B) and children (panel C) in µg/kgBW/d on log10 scale.  

 

No testis effects were observed in the lowest four dose groups (between 0.09 and 4.9 

mg/kgBW/d). Some gross necropsy findings in 2 out of 45 animals in the next dose group 

(14 mg/kgBW/d) suggest a treatment-related effect, but in the next highest dose group (48 

mg/kgBW/d) no effects were observed. The two highest dose groups clearly show an 

increase in incidence of bilateral testes effects of 9 out of 30 at 391 mg/kgBW/d and 21 out 

of 21 at 543 mg/kgBW/d. Dependent on the interpretation of the effects observed at 14 

mg/kgBW/d, a NOAEL of 4.9 or 48 mg/kgBW/d may be chosen. In the EU RAR it was 

concluded that the NOAEL is 4.9 mg/kgBW/d, taking into account the responses in the 

F2, where some effects were observed at both 14 and 46 mg/kgBW/d. We used this 

NOAEL of 4.9 mg/kgBW/d as a PoD in our calculations. We divided the PoD by 
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interspecies and intraspecies EF distributions to derive an uncertainty distribution for the 

NAELSH. The obtained distribution had a GM of 294 µg/kgBW/d with 5th and 95th 

percentiles of 23.2-3736 µg/kgBW/d (Fig. 3A).  

 

 

Fig. 4. Intake of DEHP via food against age (µg/kg BW/d). The dots represent individual intakes, the circles 

are age class geometric means. The solid curve is the fitted regression function, the dashed curves represent the 

95th and 99th percentiles. 

 

Exposure assessment 

Fig. 4 shows the age-dependent intake of DEHP via food for adults. This figure shows 

that the dietary intake is approximately constant for adults. A GM of 4.25 µg/kgBW/d was 

estimated from these data. Corrected for variation within individuals, a variability factor 

(k90) of 1.77 was estimated. For children, we estimated a GM of 13.5 µg/kgBW/d with a 

variability factor similar to that in adults. The GM, 5th, and 95th percentiles of the uptake 

distributions for the different sources of exposure in adults and children are summarized in 

Table 3. Figs. 3B and C show the whole distributions of the total DEHP uptake in adults 

and children, respectively. Sucking on toys made only a small contribution to the total 
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exposure of young children. It is therefore reasonable to compare the adult human exposure 

to the exposure as applied in the continuous breeding study. 

 

Table 3. Geometric mean, 5th and 95th percentiles of the DEHP uptake distributions from various exposure 

sources and total uptake for adults and children 

Uptake P5 GM P95 

Adults    

Food (µg/kgBW/d) 2.31 4.09 7.22 

Indoor air (µg/kgBW/d) 0.06 0.16 0.42 

Total (µg/kgBW/d) 2.49 4.28 7.42 

Children    

Food (µg/kgBW/d) 7.24 12.84 22.71 

Indoor air (µg/kgBW/d) 0.12 0.29 0.75 

Toys (µg/kgBW/d) 0.003 0.053 0.88 

Total (µg/kgBW/d) 7.58 13.19 23.07 

 

Risk characterization 

Fig. 5 shows the risk characterization plot. The fraction of the population with a total 

DEHP uptake below a given value is plotted on the horizontal axis against the likelihood of 

finding a NAELSH higher than this value on the vertical axis. In other words: the curve 

shows for any given fraction of the population how much confidence we may have in 

concluding that their uptake of DEHP is below the NAELSH, i.e. the likelihood that there 

is no risk. For example, it may be concluded that for 95% of the population our confidence 

that the uptake is below the NAELSH is approximately 99% (Fig. 5). 

DISCUSSION 

While probabilistic methods gain attention in hazard characterization and are 

increasingly used in exposure assessment, full use of the available probabilistic information 

in risk characterization is still uncommon. Usually, after probabilistic hazard 
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characterization and/or exposure assessment, percentiles from the obtained distributions are 

used as point estimates in risk characterization. In this way, all information on variability 

and uncertainty is lost, while these aspects are crucial in any risk assessment. In this paper, 

we presented a method to integrate the entire distributions from probabilistic hazard 

characterization and exposure assessment into one risk characterization plot. This method 

was illustrated by the example of DEHP using the EU RAR as a basis (E.C., 2004).  

 

Fig. 5. Risk characterization plot. For each fraction of the population, the curve shows the confidence we may 

have in concluding that their total uptake of DEHP is below the NAELSH, i.e. there is no risk.    

 

In the EU RAR, testis damage was considered the most sensitive endpoint. These 

effects were observed in a three generation continuous breeding study on Sprague-Dawley 

rats. Performing dose-response modeling on these data was problematic, because the dose 

groups appeared to be concentrated in the dose range where no responses were observed. 

There was only one dose group in the partial response range, i.e., between 0 and 100%. In a 

simulation study, Slob et al. (2005) found that the location of doses is crucial in dose-

response modeling: doses that cause a high effect are important in estimating the true shape 

of the dose-response curve even in the low dose range. But, because this dataset contained 

only one partial response, an infinite number of curves could be fitted to these data. The 
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shape of these curves is mainly driven by the inherent model properties, not by the data, so 

there is no way to determine which model describes the true dose-response relationship 

best.  

 

As a PoD for further calculations, we chose to derive a NOAEL as a surrogate for the 

CED. The lowest dose at which effects were observed was 14 mg/kgBW/d. It was not clear 

whether these incidental effects were treatment-related, because in the next highest dose 

group gross observations indicated no testis effects. Depending on the interpretation, either 

4.9 or 48 mg/kgBW/d might be chosen as the NOAEL. This indicates one of the 

weaknesses of the NOAEL approach: per definition the NOAEL has to be one of the dose 

groups in the toxicity study. It might therefore be a poor estimate of the true no-adverse-

effect-level for the animal (NAELA), but this uncertainty is hard to quantify. 

Based on all available information, a NOAEL of 4.9 mg/kgBW/d was chosen in the 

EU RAR. We adopted this value as a PoD. Though not ideal, it suited the purpose of this 

paper, which was to demonstrate the probabilistic risk characterization plot. The obtained 

NAEL distribution for the sensitive human based on a NOAEL is less wide than it would 

have been when based on a CED, because uncertainty in estimating the NAELA is not 

taken into account in the NOAEL.  

For a meaningful risk assessment, the human exposure and the exposure in the toxicity 

study should match as closely as possible. In practice, we often have to resort to historical 

toxicity data. In the continuous breeding study, the effects were observed after indirect 

exposure of the fetuses/pups during pregnancy and lactation via exposure of the dams, and 

consecutively direct exposure of the pups themselves. The exposure during pregnancy and 

lactation is known only for the dams, not for the pups. We assessed the human risk in the 

same window of exposure. The doses in the toxicity study (in mg/kgBW/d) corresponded 

to mature rats. Therefore, we assessed the exposure of adults to DEHP, assuming that the 

exposure before adulthood (in utero, during and after breastfeeding) follows the same 

pattern as in rats.  
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According to the EU RAR, sucking on toys is a significant source of exposure to 

DEHP for young children. This could imply that the human exposure pattern deviates 

from that in the toxicity study (Fig. 1). In our probabilistic assessment however, the 

contribution of sucking on toys to the total uptake was very small. This difference can be 

attributed to a major drawback of deterministic exposure assessment. A reasonable worst-

case exposure estimate is very hard to achieve by selecting point estimates for all underlying 

parameters. The larger the number of conservative parameters that are included, the more 

out of proportion the conservatism of the exposure estimate may be. Furthermore, only the 

variation between individuals is relevant for risk assessment of long-term exposure. Datasets 

of several parameters show variation between individuals as well as fluctuations within one 

individual. For those parameters, choosing the highest observation within one individual is 

not realistic, and very sensitive to possible outliers. Where applicable, we corrected the 

observed total variance for the within-person variance.  

The parameter values used in the EU RAR to calculate DEHP uptake from toys were 

all worst-case point estimates, based on the available data. A leaching rate of 8.9 µg/min 

was the maximum available observation determined at the highest phthalate content. A 

daily sucking time of 3 hours was the highest value observed in the child behavior 

observation study (Könemann, 1998). A body weight of 8 kg is in the low range according 

to the DNFCS. These estimates resulted in a DEHP uptake from toys of 200 µg/kgBW/d. 

In the probabilistic approach – using the same data but entire distributions rather than 

point estimates – none of the 10,000 runs of the Monte Carlo simulation resulted in an Utoy 

as high as 200 µg/kgBW/d. We obtained a 95th percentile of 0.88 µg/kgBW/d. As they 

were based on the same data, the worst-case point estimates in the deterministic approach 

are included in the distributions of the probabilistic approach. The advantage of the latter is 

that it indicates how likely the combination of all of those worst-case values may be.  

Because toys made only a small contribution to the total exposure, we assumed that the 

exposure patterns in human and rat were indeed similar. Young children did have a 3-fold 
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higher exposure than adults (Table 3), but this was due to a higher food consumption 

relative to body weight (Fig. 4). The same pattern occurs in rats. In fact, a 3-fold higher 

relative consumption rate by rats shortly after lactation compared to mature rats was 

observed in the continuous breeding study (E.C., 2004). Therefore, it appears that the 

assumption is reasonable.  

 

The distributions obtained from probabilistic hazard characterization and exposure 

assessment are of different types. The variability distribution for the total uptake reflects 

variation in human population. The uncertainty distribution for the NAELSH reflects 

uncertainty in extrapolation from the NOAEL in the toxicity study to a level below which 

no adverse effects are expected in the sensitive human subpopulation. The distributions of 

exposure and NAELSH cannot be combined meaningfully simply by taking the ratio of the 

two analogous to a deterministic risk characterization. We characterized the risk in a two-

dimensional plot, separating variability from uncertainty. This plot contains two pieces of 

information: the fraction of the population that is not at risk, and the confidence we may 

have in drawing this conclusion.  

A point of criticism might be that this plot is too complicated, and in risk management 

a clear cut-off point between risk and no risk is desired. However, the deterministic cut-off 

point (the margin of exposure) gives a false sense of accuracy. If the deterministic estimate 

of the uptake is below the deterministic estimate of the HLV it claims there is no risk, and 

vice versa. It ignores the possibility of drawing the wrong conclusion. It excludes the 

information to which part op the population it applies, and how reliable the statement is. 

The model proposed here does provide the possibility of such cut-off point, only better 

informed. For instance, the risk manager might desire a confidence level of 95% that at 

least 95% of the population is not at risk. In our example, these conditions are met: with a 

confidence level of 95% we may conclude that virtually the entire population is not at risk.  

Furthermore, when the deterministic assessment indicates a risk, it provides little 

information on which parameters contribute most to that risk. This information can be 
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important in defining the necessary steps in risk management. Is there considerable 

uncertainty involved? In other words, is the conclusion a conservative one due to the lack of 

knowledge concerning parameter values? In that case further research to fill in data gaps 

could improve the confidence and prevent unnecessary risk reduction measures. Is a risk 

indicated for the majority of the population, or for that part of the population with high 

uptakes? Which parameters contribute most to the variability? These questions are 

important to determine whether measures should be aimed at lowering the uptake in 

general or that reduction of extreme uptakes is sufficient, e.g., from particular sources of 

exposure. Probabilistic methods can answer such questions, and the consequences of 

possible measures can easily be simulated.  

 

It is reiterated that this study is not meant to reassess the risk of DEHP. For instance, 

the uncertainties in exposure assessment were ignored. Particularly, estimation of the mean 

DEHP concentrations in indoor air and food may contain considerable uncertainty. It is 

possible to include the uncertainties in exposure assessment in the model. The curve in Fig. 

5 would then show a steeper decrease, because it cannot be excluded that the exposure in 

reality is higher than currently estimated. As a first illustration of the probabilistic risk 

characterization plot however, we intended to keep the example as simple and transparent 

as possible. Illustrating the methodology with examples like this one may help to familiarize 

risk assessors and risk managers with probabilistic methods. These methods can improve 

the match between the output of risk assessment and the information needed by risk 

management for defining risk reduction strategies. 
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AN INTEGRATED PROBABILISTIC FRAMEWORK FOR CUMULATIVE RISK 

ASSESSMENT OF COMMON MECHANISM CHEMICALS IN THE DIET: AN 

EXAMPLE WITH ORGANOPHOSPHORUS PESTICIDES 

 

 



CHAPTER SEVEN 

140 

ABSTRACT 

This paper presents a framework for integrated probabilistic risk assessment of 

chemicals in the diet which accounts for the possibility of cumulative exposure to chemicals 

with a common mechanism of action. Variability between individuals in the population 

with respect to food consumption, concentrations of chemicals in the consumed foods, food 

processing habits and sensitivity towards the chemicals is addressed by Monte Carlo 

simulations.  A large number of individuals are simulated, for which the individual exposure 

(iEXP), the individual critical effect dose (iCED) and the ratio between these values (the 

individual margin of exposure, iMoE) are calculated by drawing random values for all 

variable parameters from databases or specified distributions. This results in a population 

distribution of the iMoE, and the fraction of this distribution below 1 indicates the fraction 

of the population that may be at risk. Uncertainty in the assessment is treated as a separate 

dimension by repeating the Monte Carlo simulations many times, each time drawing 

random values for all uncertain parameters.  

In this framework, the cumulative exposure to common mechanism chemicals is 

addressed by incorporation of the relative potency factor (RPF) approach. The framework 

is demonstrated by the cumulative risk assessment of organophosphorus pesticides (OPs). 

By going through this example, the various choices and assumptions underlying the 

cumulative risk assessment are made explicit. The problems faced and the solutions chosen 

may be more generic than the present example with OPs. This demonstration may help to 

familiarize risk assessors and risk managers with the somewhat more complex output of 

probabilistic risk assessment.  
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INTRODUCTION 

The risk of being subject to adverse health effects from chemicals in food differs 

between individuals in a population due to variation in exposure (food consumption, 

concentrations of the chemicals in food, cooking habits) and in sensitivity towards these 

chemicals. In addition to this variability between individuals, risk assessors are faced with 

uncertainties in the estimation of exposure and health limit values. In the current 

deterministic approach to risk assessment, variability (being a characteristic of the 

population) and uncertainty (resulting from lack of knowledge) are treated in the same way: 

by choosing conservative estimates for intermediate parameters in the assessment.  

This deterministic approach is satisfactory as a lower tier approach to indicate that no 

adverse effects are to be expected even under worst case assumptions. When such an 

assessment does indicate that there might be a risk, it remains unclear if adverse effects will 

actually occur. A more realistic assessment of potential health effects in the population 

would be required to judge if adverse health effects are to be expected or not. Also, it would 

be helpful in tackling more complex risk management problems, such as the risk trade-off 

between the use of fungicides and the occurrence of mycotoxins, risk-benefit analysis, or the 

weighing of adverse health effects against other factors (cost of risk reduction, economic or 

food production benefits).  

A more realistic risk assessment is one that takes all uncertainties into account without 

being conservative. Essential in such an approach is the distinction between variability and 

uncertainty. Variability is a characteristic of the population, and as such an important 

feature in assessing the impact of the expected health effects, the need for risk reduction 

and the type of risk reduction measures to be taken. It is also important to recognize the 

uncertainty in the assessment, which may be reduced by gathering more or more targeted 

information. These notions have been the starting point for a new framework for the 

integrated probabilistic assessment of exposure to chemicals in food and their effects (Van 

der Voet and Slob, 2007). In this framework, the risk is evaluated at the population level, 
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recognizing that this population is characterized by variation between individuals in 

exposure as well as in sensitivity. This variability and the uncertainty in the assessment are 

treated as separate dimensions.  

Several extended applications of the integrated probabilistic framework are discussed in 

Van der Voet et al. (2008). In the present paper, we focus on the extension of the 

framework to address groups of chemicals with a common mechanism of action in a single 

assessment. In this respect, cumulative exposure can be defined as simultaneous or 

subsequent exposures to various chemicals that contribute to a cumulative effect, in the 

same individual. In the cumulative framework presented here, the possibility of cumulative 

effects is accounted for by inclusion of the relative potency factor (RPF) approach or, 

equivalently, the toxic equivalency factor (TEF) approach. This approach predicts the 

combined effect by dose addition: the concentrations of all chemicals in the food items are 

expressed in equivalents of one ‘index’ chemical, and summed. The subsequent risk 

assessment is performed as with a single chemical. This method is believed to be 

appropriate to estimate the cumulative effects of common mechanism chemicals. It has 

been used to address endocrine disruption by combinations of dioxins and dioxin-like PCBs 

(Safe, 1998; Van den Berg et al., 2000) and the inhibition of acetylcholinesterase (AChE) 

by combinations of organophosphorus and/or N-methyl carbamate pesticides (EPA, 2002; 

Boon and Van Klaveren, 2003; Jensen et al., 2003; EPA, 2007; Boon et al., 2008). The 

RPF approach (or dose addition) not only requires that the chemicals act by a common 

mechanism, but also that their dose-response curves be parallel on log-dose scale and that 

the chemicals do not interact (Bosgra et al., 2008a; Chapter 2). 

The framework is demonstrated by the example of the cumulative risk of exposure to 

organophosphorus pesticides (OPs) in the Dutch population. OPs comprise a widely used 

class of insecticides, the residues of which are found in several common food items. Hence, 

consumers may be cumulatively exposed to these chemicals. When different OPs are 

present in the target tissue simultaneously, they may contribute to a common effect: the 

inhibition of AChE. By going through this practical example step by step, we make explicit 
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some of the problems that may be faced in cumulative risk assessment. We made an effort 

to carefully define these problems and our proposed solutions and underlying assumptions, 

which may be more generic than just the present example of OPs.  

EXTENSION OF THE PROBABILISTIC FRAMEWORK WITH THE RPF 

APPROACH  

Basic model framework 

The cumulative model discussed here is an extension of the model proposed earlier (Van 

der Voet and Slob, 2007). The risk is evaluated at the population level. It is recognized that 

this population is characterized by variability in food consumption behavior, concentrations 

of chemical(s) in food, food processing habits (e.g. cooking, peeling), body weight, and 

sensitivity towards the chemical(s). Consequently, each individual has a unique individual 

exposure iEXP on each day and a unique dose above which the effect becomes adverse: the 

individual critical effect dose iCED. The ratio of these two gives an individual’s margin of 

exposure:  

 

 =
iCED

iMoE
iEXP

. (Eq. 1) 

 

An iMoE below 1 indicates that in a particular individual the expected effect size exceeds 

the critical value (the critical effect size, CES). Note that the terms CED and CES are 

equivalent to BMD (benchmark dose) and BMR (benchmark response), respectively, but 

they are used here to emphasize that CES is defined as a percent change in average level of 

a continuous response measure, and not in terms of extra risk.  

The iEXP and iCED (and hence the iMoE) are unknown for any specific individual on 

any specific day. However, we can estimate what iMoEs may occur in the population with 

what frequency. This is done by Monte Carlo (MC) simulations: a large number of 



CHAPTER SEVEN 

144 

individuals are simulated to whom random values are assigned for all parameters that vary 

between individuals. These values are randomly drawn either from datasets directly (non-

parametrical) or from specified variability distributions (parametrical). The results are 

compiled into one population distribution of the iMoE. The risk can be summarized by a 

characteristic of the iMoE distribution, such as the fraction of the population with an iMoE 

below 1 (which can be interpreted as the probability of a critical effect, PoCE), or a lower 

percentile of the iMoE distribution.  

This uncertainty associated with each of the intermediate parameters in the assessment 

is evaluated by an uncertainty analysis: the MC simulation (discussed above) is repeated 

many times, by drawing random values (parametric or non-parametric) for all specified 

uncertain parameters in each run. This hierarchical sampling procedure results in an 

uncertainty distribution for the characteristic of interest (the PoCE, or a low percentile of 

the iMoE distribution), which can be summarized by a confidence interval.   

The RPF approach 

The RPF approach was used as the underlying principle for assessing the cumulative 

risk. The concentrations of all chemicals were expressed in equivalents (equipotent 

concentrations) of one index chemical, and then summed. All further calculations can then 

be performed as for a single chemical: an individual exposure (iEXP) is now expressed in 

equivalents of the index chemical, just like the individual’s CED (iCED).  

The RPF approach assumes that the chemicals under consideration (1) act by a 

common mode of action; (2) differ only in potency (i.e. their individual dose-response 

curves should be parallel on log-dose scale); (3) do not interact. Below we discuss to what 

extent these requirements are plausible for OPs. 

 

(1) OPs are known to inhibit AChE by a common mechanism (Fukuto, 1990; Mileson et 

al., 1998): by phosphorylation of the active serine site of the enzyme. Phosphorylated 

enzymes cannot contribute to the turnover of the neurotransmitter acetylcholine (ACh), so 

that this substrate accumulates in the synapses and may cause synaptic overstimulation. The 
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phosphorylated enzyme may be reactivated by spontaneous hydrolysis of the phosphoryl 

residue, but this typically occurs at a very low rate. Spontaneous dealkylation of the 

phosphoryl residue, a process called ageing, makes the bond even more stable, so that 

reactivation becomes virtually impossible. Still, due to partial reactivation and de novo 

synthesis, the inhibition is a reversible effect.  

(2) If the log(dose)-response curves are not parallel, there is no constant RPF over the 

range of effects. Dose addition could be applied using dose-dependent RPFs. However, the 

prediction of the cumulative effect will then depend on the trivial choice of the index 

chemical (Bosgra et al., 2008a). This creates an error in the prediction of the cumulative 

effect, depending on several factors: the extent to which the curves deviate from parallel, the 

doses and their ratios as they are realized in human exposures, and the particular index 

chemical chosen. We used dose-response modeling to verify whether the dose-response 

data of the OPs considered can be described by parallel curves.  

(3) If interactions occur between the chemicals, dose-response information by definition is 

not sufficient to predict their combined effects. Few mixture experiments with OPs are 

available, and even fewer address the question whether the combinations follow dose 

addition. In some studies deviations from dose-additivity have been reported in vitro (e.g. 

Richardson et al., 2001), but it remains unclear whether these were due to interactions or 

rather to differences in behavior between the individual chemicals (resulting in non-parallel 

dose-response curves). Our studies on mixtures of OPs have suggested that the latter may 

indeed explain deviations from dose-additivity (Bosgra et al., 2008a; Bosgra et al., 2008b; 

Chapter 3). This distinction is relevant: if interactions occur in vitro, these may also be 

expected in vivo, whereas differences in shape of the dose-response curves may be specific 

to the experimental conditions, and time of observation, and might not be observed in vivo. 

Indeed, the chemicals examined by Richardson et al. (2001), showing nonparallel dose-

response curves in vitro, were found to show parallel dose-response curves in the in vivo 

studies (see below).  We assume here that no interactions between OPs take place in vivo, 

and that dose addition gives an accurate prediction of the cumulative effects if dose-
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response relationships can be described by parallel curves (which is verified as described 

under (2)). 

MODEL DESCRIPTION AND DATA SELECTION 

Definition of the critical effect 

AChE inhibition is a transient, reversible effect. It is not fully understood how the 

symptoms of cholinergic crisis relate to the magnitude and duration of inhibition, but it is 

believed that inhibition below 20% is not related to adverse health effects. We define an 

inhibition of AChE that exceeds 20% at any time as the critical effect size (CES) in this 

assessment. The pattern of inhibition in time depends on the pattern of exposure: the dose 

and composition of combinations of OPs, and the timing between doses.  

Due to the stability of phosphorylated AChE, it may take more than 24 h for the 

enzyme activity to fully restore after a single exposure to an OP. So, after repeated doses on 

consecutive days, the peak inhibition may increase over time, before ultimately fluctuating 

around a constant level of inhibition (Timchalk et al., 2002). Human exposure is 

characterized by variation in dose, composition of combinations of OPs, and timing (a daily 

dose spread over several moments of consumption). To accurately describe the time course 

of inhibition from such exposure patterns and to predict which patterns would lead to an 

inhibition exceeding 20%, a cumulative PBPK-PD model would be needed. Considering 

the large number of different OPs occurring in the diet, developing such a model would be 

very cumbersome, and introduce many other uncertainties related to the numerous model 

parameters that are introduced in such a model.  

Although the much simpler approach of dose addition is by definition not able to 

evaluate dynamic aspects of repeated exposures and complicated exposure patterns in time, 

the following two simplifying assumptions make the RPF approach reasonable for the 

present purposes: 
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(1) We assume that all OPs an individual is exposed to on one day are ingested at the same 

time. For a single OP, it has been demonstrated that a daily dose divided over several 

moments is expected to lead to a slightly lower maximum inhibition than the same dose 

administered at once (Timchalk et al., 2002). This may also apply to combinations of OPs 

under the assumption of zero-interaction, depending on their rates of reactivation and 

timing between the doses.  

(2) We use repeated-dose animal studies as a surrogate for maximum inhibition after a 

single dose. PBPK-PD simulations have indicated that the peak inhibition in the phase of 

steady state after repeated doses is expected to be only slightly higher than the peak 

inhibition after a single dose (Timchalk et al., 2002). By evaluating the risk for acute 

exposure, we consider as critical a single day exposure exceeding the (slightly conservative) 

CED, whereas in reality the critical effect size would be reached by repeated exposure to 

this dose on consecutive days. 

Overall, these assumptions may be considered to be slightly conservative. 

Relative Potency Factors 

RPFs convert concentrations of each OP to the equivalent concentrations of one index 

chemical. The choice of the index chemical is arbitrary, and should not influence the 

outcome of the risk assessment. We chose methamidophos (MMP) as the index chemical, 

but we repeated the calculations using acephate (ACP) to verify that the assessment is not 

influenced by the choice of the index OP. The RPF of OP i is defined as the ratio of its 

CED and that of the index OP (MMP):  

 

 =
mmp

i

i

CED
RPF

CED
. (Eq. 2) 

 

The CEDs and relative potencies of the OPs are ideally found by dose-response 

modeling. However, few dose-response data for OPs were publicly available. A database of 
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toxicity studies used in their cumulative risk assessment was provided by US EPA (EPA, 

2001). This database includes summary data (mean and standard deviation per dose group) 

on 16 of the 31 OPs for which residues were found in products on the Dutch market in 

2005 and 2006 (Table 1). AChE activity (in units, U) as a function of dose was measured in 

brain, red blood cells and serum of male and female rats, with study durations ranging from 

21 days to 2 years. The inhibition in brain at earliest time of measurement was selected for 

dose-response analysis.  

From a family of nested models, the following model was found to describe the data 

most accurately according to the likelihood ratio test (Model 4 from Slob, 2002):  

 

 ( )( )1
−

= × − − ×
x

by a c c e . (Eq. 3) 

 

For some, but not all OPs, females appeared to be more sensitive than males. This has 

also been noted in the cumulative risk assessment by the US EPA (EPA, 2001). An 

explanation could be a gender-related difference in activity of detoxifying enzymes (Moser 

et al., 1998). We have no evidence that this apparent higher sensitivity is relevant to man. 

We therefore chose the female dose-responses in rats as a basis for the hazard 

characterization of the human population as a whole, in order not to underestimate the risk.  

The model was fitted to the data of all OPs simultaneously, by forcing the dose-

response curves on log-dose scale to be parallel, and by allowing the background AChE 

activity (parameter a) and the potency (parameter b) to differ between OPs (Eq. 3). The 

parallel curves gave a good explanation of the dose-response data of all OPs, except for 

malathion. We therefore excluded malathion from further calculations. Given its very low 

relative potency (CED20 = 203 mg/kg bw), it is not likely to significantly contribute to the 

cumulative risk. The CEDs corresponding to 20% inhibition of these OPs were derived 

from the fitted curves.  
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Table 1. Estimates of the CED corresponding to 20% inhibition of AChE of 30 OPs found in food samples 

from the Dutch market and RPFs with MMP and ACP as index chemical.  

OP CED20 (mg/kg bw) RPF (MMP as index) RPF (ACP as index) 

acephate* (ACP) 4.41 0.038 1 

azinphos-methyl* 0.48 0.35 9.19 

bromophos-ethyl (6.44) 0.026 0.68 

chlorfenvinphos (0.53) 0.32 8.32 

chlorpyrifos* 2.58 0.065 1.71 

chlorpyrifos-methyl* 16.6 0.010 0.26 

diazinon* 5.15 0.032 0.86 

dichlorvos* 4.65 0.036 0.95 

dimethoate* 1.26 0.13 3.49 

ethion (0.15) 1.1 294 

fenitrothion (1.54) 0.11 2.86 

fenthion* 0.51 0.33 8.62 

heptenophos (1.07) 0.16 4.12 

mecarbam (0.45) 0.37 9.80 

methamidophos* (MMP) 0.167 1.0 26.4 

methidathion* 1.03 0.16 4.29 

mevinphos* 0.17 0.98 25.5 

monocrotophos (0.031) 5.4 142 

omethoate (0.11) 1.5 41.2 

parathion (0.86) 0.19 5.14 

parathion-methyl* 0.82 0.20 5.40 

phosalone* 5.95 0.028 0.74 

phosmet* 2.28 0.073 1.93 

pirimiphos-ethyl (0.17) 0.98 25.7 

pirimiphos-methyl* 3.57 0.047 1.23 

profenphos (42.9) 0.0039 0.10 

pyrazophos (4) 0.042 1.10 

quinalphos (6.44) 0.026 0.68 

tolclofos-methyl (1494) 0.00011 0.0030 

triazophos (28) 0.0060 0.16 

For OPs marked with an *, dose-response data were available. For the remaining OPs, descriptions of toxicity 

studies in JMPR monographs were used to estimate the RPF. The CED20 of these OPs (within brackets), 

estimated based on the assumption of parallel dose-response curves on log-dose scale, are shown for the 

purpose of comparison.  
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For the remaining 15 OPs (Table 1) no dose-response data were available. Estimates of 

the RPFs for these OPs were derived from a reference point on the dose-response curve as 

reported in the evaluations of the Joint FAO/WHO Meeting on Pesticide Residues 

(JMPR, 2007), under the assumption that their dose-response curves are parallel (on log-

dose scale) to those for which we do have dose-response data. For instance, the JMPR 

evaluation of chlorfenvinphos mentions that a dose of 1.5 mg/kg led to 45% inhibition of 

rat brain AChE. The equipotent dose of the index chemical MMP was 0.45 mg/kg 

(obtained from the fitted dose-response curve), so that the RPF of chlorfenvinphos equals 

0.45/1.5 = 0.32. These RPFs are not meant as very precise estimates to be used for future 

reference. They merely serve to complete the example to illustrate the proposed model 

framework. For the purpose of comparison, the CED corresponding to 20% inhibition is 

also estimated for these OPs, under the assumption of parallel curves. In the example of 

chlorfenvinphos, the estimated CED20 is 0.167/0.32 = 0.53 mg/kg.  

For each food item j on which OPs were found, the RPFs listed in Table 1 were used to 

express the concentrations of the various OPs 1∈( : )i h  in equivalents Q of MMP: 

 

 
1=

= ×∑,

h

Q j ij i
i

CONC CONC RPF . (Eq. 4) 

 

No correlations were assumed between the concentrations of the various OPs in the food 

items. These normalized concentration data were subsequently used for the cumulative 

exposure calculations. Besides this cumulative assessment, the risk was evaluated for each 

OP separately for the purpose of comparison.  

Monte Carlo simulations 

The distribution of iMoEs was calculated by MC simulations: a large number of 

individuals (M = 100,000) were generated for which the iEXP and iCED were calculated by 

random sampling of all variable parameters, either from datasets (non-parametrical, with 
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replacement), or from variability distributions (parametrical) as specified below. The iMoE 

is given by the ratio of these two values (Eq. 1). More detailed information on the MC 

procedures can be found in Van der Voet and Slob (2007).  

Calculation of iEXP 

Exposure calculations were performed according to the method as described, using the 

software package MCRA 6.0 (MCRA 6.0, De Boer and Van der Voet, 2007). The 

individual exposure iEXP (mg/kg) was calculated from the following equation: 

 

 
1=

× ×

=

∑ ,

k

j Q j j
j

CONS CONC Fproc

iEXP
iBW

, (Eq. 5) 

 

where for food item 1∈( : )j k  CONSj denotes the amount (g) consumed on a single day, 

CONCQ,j (mg/g) denotes the concentration of equivalents of MMP in food item j, Fprocj is 

the processing factor of the chemical on that food item (i.e. the fraction of the chemical 

remaining after processing of the food, such as peeling or cooking), and iBW is the 

individual’s body weight (kg).  

 

For each simulated individual, food items consumed on one day and the corresponding 

(self-reported) body weight were randomly selected from the Dutch national food 

consumption survey of 1997/1998, containing two-day consumption data of 6,250 

respondents between 1 and 97 years of age. To illustrate the possibility to focus on specific 

subpopulations of interest, besides assessing the risk for the whole population, the 

subpopulation of children between 1 and 6 years of age (n = 530) was addressed in a 

separate assessment. Due to their higher food consumption rates per kg body weight, 

children may be a specific subgroup at risk.  

The residue levels of OPs were derived from the Quality Agricultural Products 

database, containing monitoring programs performed in the Netherlands among others by 
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the Dutch Food and Product Safety Authority (VWA) in 2005-2006, by produce and retail 

associations (Van Klaveren et al., 2006). These OPs were analyzed in raw agricultural 

commodities (RAC). The Conversion model Primary Agricultural Products was used to 

link OP concentrations analyzed in RACs to consumption, by translating the consumption 

of foods into the consumption of RACs (Van Dooren et al., 1995). OP concentrations 

measured in fruit juices were directly linked to consumption of fruit juices. A concentration 

in MMP equivalents was randomly assigned (with replacement) to each of the food items 

1∈( : )j k  consumed.  

Sampling uncertainties associated with the finite number of consumption and 

concentration data were analyzed by a bootstrap procedure (Efron and Tibshirani, 1986) as 

described by Van der Voet and Slob (2007).  

 

The variability in food processing factors Fprocj is assumed to follow a logistic normal 

distribution (i.e. the logit-transformed Fproc is normally distributed). This distribution is 

described by two parameters: the mean M’ and standard deviation S’ (both on logit scale). 

Both the mean M’ and the standard deviation S’ are uncertain, and two additional 

parameters are needed to quantify each uncertainty. M’ is assumed to be normally 

distributed itself, with mean M and with standard deviation S” (reflecting the uncertainty in 

M’). The uncertainty in S’ is described by a χ2 distribution with df degrees of freedom. 

Processing factors drawn from the logistic normal distribution lie between 0 and 1. No 

factors were required for food preparation methods that increase the concentration, such as 

drying. The only product for which the concentration may increase compared to the RAC 

was raisins, for which residue concentration data were available.  

A list of nominal values and accompanying upper limits for processing factors for 

various processing and product group combinations were obtained from Van Klaveren et al. 

(2006). This upper limit is assumed to represent both variability and uncertainty. The 

available empirical data were not sufficient to estimate all four parameters of the processing 

factors for each method of preparation separately. We therefore let the nominal value differ 
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between methods of preparation, but assumed default values for the remaining parameters 

(S’, S” and df). These values were obtained from a default processing factor defined in a less 

abstract way by a nominal value M = 0.5, a variability upper value U = 0.7, an uncertainty 

upper value on the nominal value MU = 0.8 and an uncertainty upper value on the 

variability upper value UU = 0.95. These default values convey the considerable uncertainty 

in Fproc due to data shortage. In Van der Voet et al. (2008) it is described how the 

parameters S’, S” and df can be calculated from these values, yielding S’ = 0.52, S” = 0.84 and 

df = 1. The upper values UU corresponding to different nominal values, found by 

simulation with the default parameters, corresponded well with the upper limits in Van 

Klaveren et al. (2006).  

Calculation of iCED 

Estimates of the background (aj) and slope (bj) parameters of each OP were used to 

normalize the dose-response data to equivalents of MMP (see Fig. 2). This was done by 

multiplying the mean and standard deviation of the enzyme activity observed in each dose 

group for OP j by ammp/aj, and each dose for OP j by bmmp/bj (= RPFj). The dose-response 

model (Eq. 2) was refitted to the normalized toxicity dataset. Animal CEDs corresponding 

to 20%, 40% and 60% enzyme inhibition were derived. The latter two are considered as 

representing the effect sizes for moderate and high health impact. Uncertainty in the 

estimation of the animal CED was assessed by randomly generating new datasets from the 

fitted model following a bootstrap procedure as described by Moerbeek et al. (2004). Note 

that we did not evaluate the uncertainty in the RPFs here (see Discussion for reasons and 

implications). 

The iCED is calculated by extrapolation of the obtained animal CED to the human 

individual by inter- and intraspecies extrapolation: 

 

 animal

inter intra

CED
iCED

EF iEF
=

×
. (Eq. 6) 
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The best estimate of the interspecies extrapolation factor EFinter is obtained by allometric 

scaling as proposed by Bokkers and Slob (2007), by assuming that different species are, on 

average over all compounds, equally sensitive on this dose scale. Since the dose in the 

animal studies is expressed as mg/kg rather than as mg/kgp, the following factor needs to be 

applied to the CED derived from the animal study: 

 

 

1 p

human
inter

animal

BW
EF

BW

−

 
=  
 

 (Eq. 7) 

 

The appropriate allometric power (p) is uncertain. For instance, some have proposed to 

scale to caloric demand (p = 0.75), others to body surface area (p = 0.67). Empirical studies 

are not able to distinguish between these two options. Therefore, we quantified the 

uncertainty in the value of p by a normal distribution with mean = 0.7, and 5th and 95th 

percentiles equal to 0.65 and 0.75.  

While all species are expected to be equally sensitive on average on allometric dose-

scale, chemical-specific differences in toxicokinetics and/or toxicodynamics may cause 

humans to be less or more sensitive to a specific chemical than the experimental animal. 

This additional uncertainty was represented by a lognormal distribution with geometric 

mean of 1 and a geometric standard deviation of 2 (Bokkers and Slob, 2007). By 

propagating both sources of uncertainty (in allomtric p and in sensitivity differences) into an 

overall interspecies uncertainty distribution, it can been shown that the contribution of the 

uncertainty in p is minimal: the GSD becomes 2.05 (Van der Voet et al., 2008). This 

indicates that knowing the allometric relationship precisely is not very important. 

 

The iEFintra is drawn from an intraspecies variability distribution describing the variation 

of sensitivity between individuals in the human population. Typically, there is little 

information about this variation, and a factor of 10, considered as sufficiently conservative, 

is commonly used in deterministic risk assessments. We re-interpret this default factor in a 
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probabilistic way as follows. Individuals are known to vary in their sensitivity, but how large 

this variation is, is not known (is uncertain). However, it is considered unlikely that a 

sensitive individual is more than 10 times more sensitive than the average person. A 

sensitive individual is defined as corresponding to the 95th percentile (p95) of the variability 

distribution. It is assumed that the p95 sensitive individual is in reality somewhere between 

2 and 10 times more sensitive than the average person. This range conveys our large 

uncertainty about how variable the sensitivity to chemicals is. We equate these two values 

to the p2.5 and p97.5 confidence limits on the p95. From this information, the parameters 

of the intraspecies distribution can be calculated as demonstrated in Van der Voet et al. 

(2008). This yields a lognormal distribution with a geometric mean (GM) of 1 (by 

definition: 50% of the population is more sensitive and 50% less sensitive than average), and 

a geometric standard deviation (GSD) the uncertainty in which is described by a χ2 

distribution with 6.25 degrees of freedom (resulting in a median GSD of 1.91).  

Evaluation of uncertainties 

The uncertainty in the iMoE distribution was estimated in an uncertainty analysis. The 

MC simulations were repeated many times (B = 500), in each iteration assigning random 

values (by parametric or non-parametric sampling) to all uncertain model inputs as 

specified above. A summary of variability and uncertainty inputs is given in Table 2. From 

these simulations, the confidence intervals around the PoCE and the first percentile of the 

iMoE distribution were calculated.  

The relative contribution of each of six identified sources of uncertainty (food 

consumption, OP concentrations, processing factors, dose-response data, inter- and 

intraspecies extrapolation) to the total uncertainty of a specific model output (in this case 

the fraction of the IMoE distribution below 100), was estimated by performing 26 

simultaneous MC and bootstrap simulations with all possible combinations of each of the 

sources of uncertainty in- or excluded. A more detailed description of this procedure is 

given in Van der Voet and Slob (2007).  
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Table 2. Summary of model variability and uncertainty evaluated in the assessment. Detailed descriptions can 

be found in the text.  

Parameter Variability Uncertainty 

CONS implicit in consumption dataset nonparametric bootstrap sample from 

consumption pattern dataset 

CONC implicit in concentration dataset nonparametric bootstrap sample from 

concentration dataset for each food 

Fproc logistic normal distribution  

logit(Fproc) ~ N(M’, S’ = 0.52) 

M’ ~ N(M, S” = 0.84) 

S’: χ2(df = 1) 

CEDanimal none parametric bootstrap sample from 

fitted dose-response curve 

Allometric scaling none allometric power ~ N(0.7, 0.30) 

EFinter none Logn(GM = 1, GSD = 2) 

EFintra Logn(GM = 1, GSD) GSD: χ 2(df = 6.25) 

RESULTS 

The dose-response model that was fit to the combined data for all OPs for which dose-

response data were available, is shown in Fig. 1. Although not visually apparent in the 

original data (left panel), these fitted curves were forced to be parallel (on log-dose scale). 

This can be seen after normalizing to the background activity of the index chemical (middle 

panel. With the exclusion of malathion, these parallel curves described the data well. The 

right panel shows that correcting for the RPF of each individual chemical result in a single 

dose-response relationship, expressed in equivalents of the index chemical.  

The CEDanimal in equivalents of MMP corresponding to 20% inhibition of female brain 

AChE was 0.167 mg/kgBW/d (90% confidence interval 0.161 - 0.174). The human 

population distribution of the iCED resulting from inter- and intraspecies extrapolation of 

the CEDanimal is cumulatively plotted in the upper right panel of Fig. 2.  
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Fig. 1. Upper left panel: log-dose-response data (AChE activity in U vs. log10 of the dose in mg/kg bw/d) of 15 

OPs in the US EPA database, with fitted “parallel” curves. Upper right panel: data vertically re-scaled to the 

estimated background AChE level in the dataset of the index chemical (methamidophos). Lower panel: data 

horizontally rescaled to the relative potency of methamidophos.  
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Fig. 2. Output distributions of the integrated probabilistic risk assessment. Upper left panel: histogram of the 

population distribution of individual acute cumulative dietary exposure with MMP as index compound 

(µg/kgBW/d). Upper right panel: cumulative population distribution of the individual human CED 

(mg/kgBW/d). The middle curve represents the median distribution; outer curves represent the 5% and 95% 

confidence bounds. Lower panel: cumulative population distribution of the individual margin of exposure. 

The middle curve represents the median distribution; outer curves represent the 5% and 95% confidence 

bounds. Horizontal lines indicate the probabilities of an iMoE below 10 and below 100.  

 

Fig. 2 shows that the estimated range of individual exposures iEXP (upper left panel, in 

µg/kgBW/d) lay well below the iCED distribution (upper right, in mg/kgBW/d). To 

illustrate this: the 99th percentile of the iEXP distribution was 0.20 µg/kg bw/d (95% 

confidence interval 0.17 - 0.39); the 1st percentile of the iCED distribution was 0.0072 
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mg/kgBW/d (90% confidence interval 0.0011 - 0.023). The population distribution of 

iMoE resulting from combining the iEXP and iCED distributions is shown in the lower 

panel of Fig. 2. The fraction of the population with an iMoE below 1, which can be 

interpreted as a random individual’s probability of a critical effect (PoCE), was estimated to 

be 0 % (90% confidence interval 0.0000 - 0.0060%). In this case, it was informative to show 

(a range of) the iMoE distribution to indicate how far the exposures (iEXP) are estimated 

to be below the critical exposure (iCED) in the extreme fraction of the population. As Fig. 

3 shows, for the cumulative risk (see MMP equivalents in Fig. 3) the iEXP is estimated to 

be more than a factor of 10 away from the iCED (with 95% confidence).  

 

Fig. 3. Individual margins of exposure to 20% inhibition of AChE in the total population for the OPs 

cumulatively (black bar) and for each OP individually (grey bars). Bars indicate 98% of the population 

distribution of iMoE (1st to 99th percentile, truncated at 106), error bars show the lower 5%-confidence bound 

on the 1st percentile. 

 

Fig. 3 shows 98% of the iMoE distribution (from the 1st to the 99th percentile, truncated 

at 106). It shows that 99% of the population is estimated to have an iMoE above 111, but 

due to uncertainty in that estimate it cannot be excluded that this 1st percentile is as low as 

22 (p = 0.05). The iMoE distributions resulting from exposure to the OPs individually are 
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plotted below the cumulative distribution in order of descending contribution to the 

cumulative risk. With exception of omethoate and monocrotophos, the OPs contributing 

most to the cumulative risk were OPs for which dose-response data were available.  

Fig. 4 shows that the iMoEs in the subpopulation of young children were relatively low 

compared to the entire population. No age-dependent sensitivity was incorporated, and 

these relatively low iMoEs can be attributed to the higher exposure levels per kg body 

weight in children. Fig. 4 also illustrates the possibility of showing the margins of exposure 

to more severe effect sizes. This may be particularly useful in those cases where a 

considerable fraction of the iMoE distribution related to the primarily chosen critical effect 

size exceeds the value of one (which is not the case here).  

 

Fig. 4. Individual margins of exposure to 20%, 40% and 60% AChE inhibition in the total population (1 to 97 

years of age) and in the subgroup of young children (1 to 6 years). Bars indicate 98% of the population 

distribution of iMoE (1st to 99th percentile, truncated at 106), error bars show the uncertainty on 1st percentile 

(lower 5% confidence bound).  
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Fig. 5. Individual margins of exposure to 20% AChE inhibition in the total population (1 to 97 years of age) 

calculated with methamidophos or acephate as index chemical. Bars indicate 98% of the population 

distribution of iMoE (1st to 99th percentile, truncated at 106), error bars show the uncertainty on 1st percentile 

(lower 5% confidence bound).  

 

By fitting parallel dose-response curves on log-dose scale to obtain the RPFs, and by 

using the entire dose-response dataset to assess the uncertainty in the estimation of the 

CED of the index chemical, the estimate of the risk is not dependent on the choice of the 

index chemical. This is demonstrated in Fig. 5: methamidophos and acephate as index OP 

gave the same result. The small difference in the 5% confidence limits on the p1 (the error 

bars) can be attributed to random errors due to the finite number of iterations in the 

uncertainty analysis (B = 500).  

Fig. 6 shows the relative contribution (%) of each of six identified sources of uncertainty 

to the total uncertainty. A seventh source is the sampling error due to the finite number of 

MC iterations. The contributions were evaluated at the fraction of the iMoE distribution 

below 100. It only gives an indication of the contribution of the various sources of 

uncertainty. The result depends on the output variable for which the uncertainty is 

evaluated: some parameters have a larger influence in the tails of the distribution, others on 

the distribution as a whole. The number of iterations in this assessment (M = 100,000) was 

sufficiently large, and the contribution of sampling error is negligible.  
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Fig. 6. Relative contributions of the various sources of uncertainty to the total uncertainty evaluated at the 

fraction of the iMoE distribution below 100.  

DISCUSSION 

The purpose of the present paper was to extend the probabilistic risk assessment 

framework (Van der Voet and Slob, 2007) to deal with groups of chemicals that act by a 

common mechanism of action. The health effects associated with such chemicals can be 

assessed as a group by applying the relative potency factor (RPF) approach. This approach 

implicitly assumes that the effects following cumulative exposure can be predicted by dose 

addition. Besides a common mode of action, dose addition requires that the dose-response 

curves of the individual chemicals are parallel on log-dose scale, and that the chemicals in 

combination do not interact. So, the cumulative framework proposed here may be applied 

to any group of chemicals that meet these requirements. This present paper provided a 

practical example of probabilistic cumulative risk assessment, with organophosphorus 

pesticides as the example case.  

Cumulative exposure can be defined as simultaneous or subsequent exposures to various 

chemicals that contribute to a cumulative effect. Unlike persistent chemicals such as 

dioxins, whose effects may be of a more permanent nature, the inhibition of AChE by OPs 

is a transient, reversible effect. The maximum inhibition in time depends on the timing 

between subsequent exposures. We assumed that all OPs an individual is exposed to on a 
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particular day are ingested at the same moment. Phosphorylated AChE is relatively stable, 

and the reactivation of the inhibited enzyme typically occurs at a low rate. Hence, no large 

differences are expected between a daily dose at one point in time or divided over several 

moments (Timchalk et al., 2002), provided that no interactions take place between OPs. 

For instance, pre-exposure to an OP that induces bioactivating enzymes may increase the 

potency of OPs that need bioactivation in subsequent exposures. It has been suggested that 

such interactions are not likely to play a large role with occasional exposures to low doses 

(Timchalk et al., 2005).  

By using the RPF approach, it is implicitly assumed that no interactions between the 

chemicals take place. If interactions do occur, information on the chemicals individually by 

definition is not sufficient to predict their cumulative effects. Some studies have suggested 

interactions between OPs at a dynamic level based on the finding that cumulative effects in 

vitro deviated from dose-additivity (e.g. Richardson et al., 2001). An alternative explanation 

for such observations is that differences in behavior between the individual chemicals result 

in non-parallel curves on log-dose scale, which cause deviations from additivity. Recent 

studies on mixtures of OPs indeed suggested that the latter, rather than interactions, may 

explain these deviations (Bosgra et al., 2008a; Bosgra et al., 2008b). This distinction may be 

important: an in vitro observation of non-parallel dose-response curves might be due to 

specific experimental conditions, which do not hold for the in vivo situation. For instance, 

the active metabolites of azinphos-methyl and chlorpyrifos showed significantly non-

parallel curves in Richardson’s study, whereas our results show that the data from repeated 

dose studies of these OPs in vivo were reasonably described by parallel dose-response 

curves.  

If the dose-response curves on log-dose scale are non-parallel, the prediction of the 

cumulative effect by dose addition depends on the arbitrary choice of the index chemical. 

Although it is difficult, if not impossible, to prove that observed dose-response data have 

resulted from parallel curves, they may be close enough to being parallel for practical 

purposes. Our dose-response data were reasonably described by parallel curves (Fig. 1).  
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It should be noted that the current framework did not yet account for the uncertainty in 

the RPFs. This could be done by performing a bootstrap procedure on the curves fitted to 

the data of all OPs simultaneously, and recalculating the RPFs in each iteration. Such 

would require that the concentrations of OPs in food items be translated into equivalents of 

the index chemical in each single iteration. The same calculation could even be performed 

without having to choose an index chemical, by evaluating an individual’s margins of 

exposure to each separate chemical and combining them, as demonstrated in Van der Voet 

et al. (2008). However, as this possibility has not yet been included in our software, the 

uncertainties in the RPFs and the associated uncertainty in the iCED have not been 

accounted for. To get an indication how large the uncertainty in the RPFs might be, we 

performed a separate bootstrap (500 iterations) of the dose-response model simultaneously 

fitted to the data of all OPs. The uncertainty in the RPFs, indicated by the ratio between 

the 95th percentile and the median, ranged from 1.1 to 1.6 (results not shown). So, it 

appears worthwhile to account for this uncertainty in future assessments.  

The normalization of the concentration data before the Monte Carlo simulations has 

another implication: in subsequent calculations all OPs are treated equally. This means that 

the interspecies factor EFinter, the individual intraspecies factor iEFintra and the food 

processing factors Fprocj are implicitly assumed to be equal for all OPs. It could be argued 

that they might differ among OPs. The concentrations of OPs on the occasional product 

containing multiple OPs might not be equally affected by a method of food preparation. 

Sensitivity towards OPs depends among others on the concentration of B-esterases (B-est) 

and carboxylesterases (CaE) in blood and liver, which can function as a buffer for 

cholinergic toxicity in tissues where AChE plays a more vital role. Each OP has a unique 

affinity for these various enzymes. Individual sensitivity may also depend on rates of 

bioactivation by desulfuration (CYP 2B6, 3A4) and detoxification by dearylation (CYP 

2C19, 3A4), which may differ considerably between individuals (Tang et al., 2001). So, 

differences in sensitivity may be expected between OPs that do and do not need 
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bioactivation to their oxons. Such differences may also occur between animals and humans. 

Few empirical data are available to indicate if such differences are negligible or not.   

We did not include any age or gender differences in sensitivity. The observed 

differences between male and female rats may be explained by hormone-regulated 

differences in expression of liver CaE (Moser et al., 1998). It is not clear whether this 

difference plays a similarly prominent role in humans. Age differences in sensitivity are 

likely to occur: the concentrations of B-est and CaE in blood increases with age, acting as a 

buffer for toxicity (Moser et al., 1998). In deterministic assessments, this potentially 

increased sensitivity of children is sometimes accounted for by increasing the intraspecies 

uncertainty factor for children (e.g. EPA, 2002). In a more realistic probabilistic 

framework, it could rather be incorporated by defining a relationship between age and 

sensitivity, and residual variation around it. However, no empirical data were available to 

quantify this age effect on sensitivity. The potential sensitivity of children deserves 

attention, because they already form a risk group due to higher food intake per kg body 

weight, as indicated in Fig. 4.  

 

The exposure in this assessment was calculated in person-days. No distinction was made 

between within-person and between-person variability. For a given fraction of person-days 

it could be that many individuals are exposed occasionally or few individuals frequently. In 

the latter case, effects may cumulate over consecutive days of exposure, because it may take 

more than 24 h to fully restore enzyme activity. In this assessment, this problem was 

implicitly bypassed because the CEDs were derived from repeated-dose toxicity data as a 

surrogate for maximum acute inhibition. A single day exposure exceeding this CED was 

marked as critical, whereas repeated exposure to this dose on consecutive days would be 

needed to reach the CES. PBPK-PD simulations suggested that this would result in 

slightly conservative estimates: peak inhibition at daily fluctuation around a steady state was 

found to be only slightly higher than the peak inhibition after the first exposure (Timchalk 

et al., 2002). The question how common repeated exposure on consecutive days actually is, 
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could be addressed by estimating the interindividual variability in frequency of exposure and 

in the doses exposed to, as proposed by Slob (2006). 

 

We tried to specify and account for as many sources of variability and uncertainty as 

possible. Apart from the uncertainty in the RPFs already mentioned above, some additional 

sources of variability and uncertainty were not evaluated. For instance, the uncertainty in 

consumption and concentrations were accounted for, but only the uncertainty that was 

implicitly present in the data (i.e. uncertainty related to the available sample sizes). 

However, these data may be biased. Food consumption and corresponding body weights in 

the food consumption survey were self-reported. The concentration data partly originated 

from random monitoring, but also from targeted sampling. These possible biases are 

sources of uncertainty that are difficult to quantify, and hence to evaluate. Some residue 

concentration measurements were mean concentrations based on composed samples of 

multiple units of a specific food item. Variability between units in these composite samples 

was not taken into account in this assessment. This could be done as described in Boon et 

al. (2008).  

In this assessment, we did not include exposure to N-methyl carbamates (CB), another 

class of AChE inhibiting pesticides. They can be expected to contribute to a cumulative 

effect if present in the body simultaneously with OPs. However, there is a difference in 

dynamic behavior between OPs and CBs: AChE inhibited by CBs reactivates much more 

rapidly (Fukuto, 1990). An important assumption in this assessment was that all food 

consumed on one day was eaten at the same moment. For CBs this assumption may be 

overly conservative when the intakes are in fact spread over the day. For combinations of 

OP and CB, the maximum inhibition in time depends on the order and timing of exposure. 

Exposure to a CB after an OP may lead to an inhibition comparable to both pesticides at 

the same time, whereas in reverse order the enzyme activity may be largely restored before 

the OP is consumed. To precisely estimate the inhibition following complex exposure 

patterns, a cumulative PBPK-PD model would be needed. A more pragmatic approach 
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would be to accept that the assumption that all daily food is consumed on one moment may 

be overly conservative (as in Boon and Van Klaveren, 2003; Jensen et al., 2003).   

 

Fig. 2 shows a typical result of a cumulative probabilistic risk assessment. The iMoE 

distribution (or at least its 1st percentile) has moved downwards compared to the iMoE 

distributions of the OPs individually. So, the cumulative assessment did change the picture, 

although still no prominent health effects are indicated. Such a picture may also be useful 

for risk managers: it indicates which OPs contribute most to the overall risk. The effect of 

risk reduction measures such as phasing out a hazardous OP in favor of less harmful OPs 

could be shown by model simulations of such scenarios with hypothetical residue 

concentration data.   

 

The purpose of this paper was not to re-assess the cumulative risk of OPs, but rather to 

illustrate the proposed framework for integrated probabilistic cumulative risk assessment by 

a practical example. This framework was developed to better cater to the needs of decision-

makers. The conservative deterministic approach tends to produce qualitative answers only 

(“yes, it is safe”, or, “it might not be safe”). Particularly when the assessment results in the 

second answer, a more realistic representation of potential adverse health effects is called 

for. Such would also be helpful in situations where health effects from exposure to a 

particular chemical are only one piece of information in more complex problems such as 

weighing risks of various chemicals against each other, weighing risks against benefits, or 

determining the need for reduction of the health impact. The example presented here may 

serve to familiarize risk assessors and risk managers with the somewhat more complex 

output of such probabilistic assessments. An example with a different class of pesticides has 

been provided by Müller et al. (2008). The problems noted in working out these examples 

of probabilistic cumulative risk assessment and the solutions and assumptions proposed may 

be more generic, and could be a useful reference for future assessments of other classes of 

common mechanism chemicals.  
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THE AIM OF THIS THESIS was to develop quantitative risk assessment methods that 

better meet the changing needs of decision-makers entrusted with food safety. In a complex 

decision-making context, health risk assessment is only one piece of information. The 

deterministic, conservative approach to risk assessment is no longer sufficient, as it is 

difficult to weigh worst case estimates of risk against other factors. The new methods 

should result in a more realistic representation of the health risks that may occur in the 

population, accounting for variability between individuals and the uncertainties in the 

assessment. Furthermore, they should be able to address potential health risks related to 

exposure to combinations of various chemicals in the diet.  

 

PART ONE demonstrated the use of biologically based mathematical models to analyze 

the combined effects of chemicals. A key question was: (How) can these cumulative effects 

be predicted from information of the individual chemicals?  

If chemicals in a combination do not interact, knowing their individual behavior should 

be sufficient to predict their combined effect. Or, reversely, if the behavior of the individual 

chemicals is known and their combined effect is not what is expected based on their 

individual behavior, the chemicals must have interacted. These definitions can be made 

operational by a biologically based mathematical model expressing the mechanism of action 

of the individual chemicals. Such a model can provide an answer to the question whether 

interactions have occurred between chemicals in a combination by comparing the model 

predictions with the observations. If it can be assumed that no interactions take place, the 

fitted model may be used to predict the combined effects of the chemicals. Developing 

these mechanistic models is not a trivial undertaking: the mechanism of action must be 

understood in detail, be known quantitatively and translated to a validated mathematical 

model. Because this can hardly be a standard approach in practical risk assessment, two 

central questions addressed in this thesis were:  

(1) is there an empirical model to establish the presence or absence of interactions based 

on the dose-response curves of the individual chemicals, and  
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(2) can this empirical model be used to predict the cumulative effects of combinations of 

chemicals?  

Two possible candidate models addressed in Chapter 2 were dose addition (Loewe and 

Muischnek, 1926) and the isobole method (Loewe, 1953; Berenbaum, 1985). It was shown 

that dose addition only applies if the dose-response curves of the individual chemicals are 

parallel on log-dose scale. If they are not parallel, the prediction of the cumulative effect 

depends on the index chemical chosen, which obviously cannot be valid. This implies that 

dose addition is not suitable to answer central question (1) for chemicals with non-parallel 

dose-response curves. However, it may be sufficiently accurate to answer question (2) for 

practical purposes.  

The isobole method is closely related to dose addition, but not equivalent. Both 

methods give different answers in case of non-parallel dose-response curves. The isobole 

method takes the expected effect of the combination as a starting point; it gives only one 

answer for any combination (as opposed to dose addition). Indeed, it has been hypothesized 

that the isobole method is a generally applicable method to answer question (1), irrespective 

of the shape of the individual dose-response curves (Berenbaum, 1985, 1989). In Chapter 

2, we presented a counterexample to prove that non-parallel dose-response curves on log-

dose scale may lead to curved isoboles, even in the absence of interactions between the 

chemicals. Consequently, in theory the isobole method is subject to the same restrictions as 

dose addition: only if the chemicals have parallel dose-response curves, it may be assumed 

that the isobole method can be used for answering question 1). To define interactions 

empirically by deviations from straight line isoboles is misleading, as curved isoboles may 

have other explanations besides biochemical interactions. However, if chemicals with non-

parallel dose-response curves do show linear isoboles, it seems likely that they have not 

interacted. The isobole method may also be sufficiently accurate to answer question (2) in 

practice, but calculation of the expected effect of combinations from the isobole equation is 

not straightforward, and would normally require an iterative algorithm. Therefore, dose 
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addition is preferred as a pragmatic approach for cumulative risk assessment if interactions 

may be assumed to be absent, and if the dose-response curves are reasonably parallel.  

 

Chapters 3 and 4 demonstrated how the absence of interaction and whether the dose-

response curves are sufficiently close to parallel can be verified in practice. The inhibition of 

acetylcholinesterase (AChE) by combinations of the organophosphorus pesticides (OPs) 

paraoxon and methamidophos, and by combinations of methamidophos with the N-methyl 

carbamate methomyl, were studied in vitro. The modeling approach proposed here clearly 

distinguished between the question of interaction and the applicability of dose addition. 

Toxicodynamic (TD) models based on the mechanism of action of the individual 

chemicals, in which no interactions were incorporated, were fitted to the observations of 

acetylcholinesterase (AChE) inhibition. The TD model described the combined effects of 

the OPs well, indicating that no interactions between them occur at the level of the 

dynamic processes taking place in vitro (Chapter 3). At first, this conclusion did not seem 

to apply to the combinations of methamidophos and methomyl. However, biased 

measurements of the inhibited fraction of AChE troubled the analysis of the combined 

effects. By rapid reactivation of AChE carbamylated by methomyl, the inhibited fraction 

decreased considerably during the measurement process in the Ellman assay. For the OP, 

reactivation was much slower, and this difference created a bias in the measurements. After 

correction for the reactivation rates by including the processes taking place during the assay 

in the model (Chapter 5), the TD model described the observations well (Chapter 4). 

Again, it could be concluded that no interaction had occurred.  

The fitted TD models, which assumed interactions to be absent, were used to explore 

whether the combined effects could also be predicted by simpler methods, viz. by dose 

addition. Despite considerable differences in the dynamics between the OPs, and even 

more so between the OP and the carbamate, the dose-response curves observed at a fixed 

point in time appeared to be close to parallel. Dose addition gave a reasonable prediction of 
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the combined effects in both studies. Only small differences in predictions were observed 

depending on the choice of the index chemical.  

 

It must be noted that these conclusions regarding dose-additivity only apply under the 

conditions studied in the in vitro experiments. For instance, the effects were observed at a 

fixed point in time after simultaneous administration of the chemicals. In a realistic human 

exposure pattern, a daily dose may be spread over several moments of consumption. AChE 

inhibition is a transient, reversible effect. How the inhibition develops over time does not 

follow from the individual dose-response curves, so dose addition may not be appropriate to 

predict the combined effect from sequential exposure. It may be hypothesized that because 

AChE phosphorylated by OPs is rather stable, the timing of exposures does not have a 

large influence on the maximum inhibition. This is supported by simulations with a 

toxicokinetic and toxicodynamic model of a single OP (Timchalk et al., 2002). In contrast, 

in vitro studies with combinations of two OPs indicated that in sequential exposure the 

order of administration can make a difference (Singh, 1986; Karanth et al., 2001; 

Richardson et al., 2001; Karanth et al., 2004). However, the inhibition in these studies was 

observed at a fixed point in time. Due to differences in dynamics between the OPs, the 

AChE inhibition may develop in different time frames. If at the time point of measurement 

the equilibrium between inhibited and free enzyme is still changing, it may be expected that 

the measured inhibition depends on whether the faster or the slower OP is administered 

first. The TD model presented in this thesis may be used to verify if the maximum 

inhibition is indeed less influenced by the timing of exposures. Furthermore, it may be 

extended to include toxicokinetics, to explore whether the conclusions regarding dose-

additivity also hold in vivo.  

 

Even larger differences in dynamics are expected between OPs and carbamates: the 

AChE inhibition by carbamates is believed to be of a much more temporary nature 

(Fukuto, 1990). Although this difference was confirmed in the estimated reactivation rates 
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in our experiments, it was not obvious in the time curves of inhibition of isolated AChE 

(Chapters 4 and 5): no signs of recovery of enzyme activity were observed in 24 h of 

incubation. This may be explained by the limited number of processes that took place in the 

in vitro experiment, where no alternative pathway of metabolism of the carbamate was 

present. The seemingly stable fraction of inhibited AChE in fact resulted from a dynamic 

equilibrium between inhibition and reactivation. In vivo, carbamate molecules that do not 

occupy AChE may be detoxified, among others, by A-esterases, so that the recovery of the 

enzyme activity is expected to be much faster. The maximum inhibition from sequential 

exposure to OPs and carbamates may then not be accurately predicted by dose addition. If 

the carbamate is ingested first, a considerable part of the enzyme activity may have been 

restored before exposure to the OP. The TD model presented in Chapter 4 may prove 

useful to explore how, given the dynamic differences between OPs and carbamates, their 

combined effect can best be predicted.   

 

PART TWO deals with the framework for integrated probabilistic risk assessment. The 

term “integrated” here refers to the evaluation of hazard, exposure and risk in a single 

procedure, rather than assessing hazard and exposure separately and evaluating risk based 

on the resulting distributions (or point estimates from those distributions). A particular 

challenge was to present the results from the integrated assessment in a way that is easily 

readable and interpretable to decision-makers.  

 

Chapter 6 showed the state of the art at the beginning of the project. Starting point was 

the separation of variability and uncertainty, although only part of the variability and 

uncertainty were addressed. Some pioneer ideas about how to present the final result from 

the risk assessment were demonstrated. In this chapter, the result comprised information on 

the potential health risks that may occur in the population, and the confidence with which 

statements about these risks can be made. Using the EU risk assessment report of di(2-

ethylhexyl) phthalate (DEHP) as an example (E.C., 2004), it was demonstrated how 
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multiplying conservative values for several variables can compound conservatism. Based on 

the same information, the probabilistic analysis indicated how unlikely the combination of 

those worst case estimates may be.  

Care was taken to match animal and human exposure scenarios. The toxicity study 

considered was a multiple generation study, in which rats were first exposed via the dams, 

through umbilical cord blood and breast milk, and then directly via their diet. For a 

meaningful assessment, the same scenario should be evaluated in humans. The question 

addressed was whether the animal and human exposure patterns developed similarly over 

time, requiring a statistical exposure model to analyze long-term exposure (Slob, 1993). 

 

The final, fully integrated probabilistic risk assessment framework was demonstrated in 

Chapter 7. It builds on the model presented by Van der Voet and Slob (2007). This model 

was extended to account for cumulative exposure to chemicals with a common mechanism 

of action by incorporating the relative potency factor (RPF) approach. The extended 

(cumulative) model was demonstrated by the example of cumulative AChE inhibition by 

OPs. The information gained from the biologically based models in the first part of this 

thesis was used to define a strategy for their cumulative risk assessment, and to justify 

several assumptions. For instance, it was assumed that no interactions occur between the 

OPs, and that all OPs that individuals are exposed to on a particular day were ingested at 

the same moment in time. Going through the example made explicit some of the problems 

faced in probabilistic risk assessment in general and in cumulative risk assessment in 

particular. These problems and the proposed solutions may be more generic than just the 

example of OPs.  

 

Besides the integration of hazard and exposure assessment with a two-dimensional 

analysis of variability and uncertainty, a key innovation of the new framework is the 

interpretation of the inter- and intraspecies extrapolation factors. A best estimate of the 

difference in sensitivity between animals and humans is made by allometric scaling, based 
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on the idea that on average, all species are equally sensitive if the dose were expressed not in 

mg per kg body weight but scaled allometrically to body weight, i.e. mg/kgp, where p is a 

power somewhere between 0.67 and 0.75. For a specific chemical, humans may be more or 

less sensitive than the experimental animal due to differences in toxicokinetics and 

toxicodynamics. This uncertainty is accounted for by a residual interspecies uncertainty 

distribution. An interspecies assessment factor distribution based on empirical data was 

proposed by Bokkers and Slob (2007). 

In earlier probabilistic hazard characterizations, the distribution for the intraspecies 

factor has been interpreted in either of two ways. Evans et al. (2001) regarded the 

distribution as representing the variability among individuals in the population, ignoring 

the uncertainties in the assumed distribution. Slob and Pieters (1998) assumed that the 

distribution reflected the uncertainty regarding how much more sensitive than average a 

specific sensitive individual might be, without specifying the percentile related to that 

sensitive individual. In the present framework, both variability in sensitivity and the 

associated uncertainty were included, by imagining that the human population is variable in 

sensitivity, but it is uncertain how variable. In a framework that separates variability from 

uncertainty, both aspects can be included. This approach may be closer to reality, although 

the parameter values used in Chapter 7 were still subjective. They were simply based on the 

default factor of 10, while the division of this factor over variability and uncertainty was 

rather arbitrary. Several authors have started to investigate ways to quantify the human 

variability in sensitivity empirically (Hattis et al., 1999; Pelekis et al., 2001; Pelekis et al., 

2003; Dorne and Renwick, 2005; Dorne et al., 2005). As sensitivity analysis indicated that 

the contribution of intraspecies uncertainty to the overall uncertainty may be considerable, 

it may be worthwhile to further explore these possibilities. 

 

Some of the possibilities of the proposed framework were already demonstrated in 

Chapter 7, e.g. to show the risk of each chemical individually and their cumulative risk in 

the same plot, or to focus on a specific subpopulation that is potentially at risk. Such 
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information may help define strategies for risk reduction. More applications of this model 

were explored in Van der Voet et al. (2008), for instance how this model may be used in 

risk trade-off scenarios (e.g. Muri et al., 2008), in risk-benefit assessments or in health 

impact assessment. Providing more demonstrations may familiarize risk assessors and risk 

managers with the somewhat more complex, but also more informative output resulting 

from probabilistic risk assessment, and may show how the new framework connects to the 

changed scope in decision-making on food safety. 
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SAMENVATTING 

Het doel van dit proefschrift is het verbeteren van methoden om de gezondheidsrisico’s 

van chemische stoffen in de voeding te beoordelen. In de voeding komen diverse stoffen 

voor die een schadelijk effect op de gezondheid kunnen hebben: resten van 

bestrijdingsmiddelen, natuurlijke gifstoffen, stoffen die vanuit het milieu in de voeding 

terecht komen of er bewust aan worden toegevoegd. De aanwezigheid van zo’n stof in de 

voeding betekent niet automatisch een risico voor de gezondheid van de consument. Of 

schadelijke effecten daadwerkelijk optreden hangt af van de dosis van die stof waaraan de 

consument wordt blootgesteld, en zijn gevoeligheid of tolerantie voor die stof. De veiligheid 

of het risico van een chemische stof in de voeding kan dus worden uitgedrukt in de 

verhouding tussen de dosis die nodig is om een schadelijk effect te veroorzaken (de 

zogenaamde menselijke limietwaarde) en de dosis waaraan de consument wordt 

blootgesteld.   

 

Een punt waarop de huidige aanpak van de risicobeoordeling kan worden verbeterd is 

de manier waarop rekening wordt gehouden met variatie tussen personen, en met 

onzekerheden in de berekening. Risico’s van chemicaliën worden beoordeeld op het niveau 

van een hele populatie: ondervindt ‘de consument’ ongewenste effecten van stoffen in de 

voeding? In werkelijkheid is er geen sprake van ‘de consument’, maar verschillen het 

voedingspatroon, de concentraties van stoffen in de producten die gegeten worden, de 

bereidingswijze van die producten, en de gevoeligheid voor de stoffen, van persoon tot 

persoon. De huidige standaardaanpak in de risicobeoordeling is ‘deterministisch’: ondanks 

dat verschillende parameters in de berekening variabel en onzeker zijn, worden voor die 

parameters enkele waarden of puntschattingen gekozen. Om een groot deel van de 

populatie met voldoende zekerheid te beschermen (volgens het zogenaamde 

voorzorgsprincipe) worden voor de inputparameters conservatieve of worst case aannamen 

gemaakt. Het nadeel van deze aanpak is dat door het vermenigvuldigen van meerdere worst 

case gekozen waarden de conservativiteit als het ware wordt opgeblazen. Dit is een bekend 

fenomeen in de kansrekening: als twee gebeurtenissen onwaarschijnlijk zijn, is het nog 

onwaarschijnlijker dat ze tegelijk voorkomen. 
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 Zo’n benadering is nuttig om aan te tonen dat zelfs in het meest ongunstige geval geen 

schadelijke effecten worden verwacht. Maar als de deze conservatieve berekening aangeeft 

dat gezondheidseffecten wel mogelijk zijn, heeft de stof dan werkelijk een impact op de 

volksgezondheid, of wordt die conclusie voornamelijk bepaald door onrealistische 

aannamen? Die situatie vraagt om een realistischer berekening van de risico’s die mogelijk 

in de populatie voorkomen. Zo’n realistische berekening is ook gewenst bij ingewikkelder 

vraagstukken, zoals het afwegen van risico’s tegen goede effecten van een product 

(bijvoorbeeld een advies over het eten van vis, waar zware metalen of dioxinen in kunnen 

zitten, maar ook goede vetzuren), of het wegen van het ene risico tegen het andere 

(bijvoorbeeld het gebruik van schimmelwerende middelen op graan om de ontwikkeling van 

schadelijke stoffen door schimmels tegen te gaan). 

In dit proefschrift (in het tweede deel) wordt een aanpak gepresenteerd die een 

realistischer beeld geeft van de risico’s in de populatie, en beter aansluit bij de genoemde 

vraagstukken. Een realistischer benadering begint bij een onderscheid tussen variabiliteit 

(een eigenschap van een populatie) en onzekerheid (door gebrek aan gegevens of kennis). 

Dit wordt gedaan met behulp van probabilistische methoden. Probabilistische methoden 

zijn kwantitatieve methoden waarbij hele statistische verdelingen voor variabelen worden 

gecombineerd in plaats van enkele waarden. Het resultaat is een schatting van de risico’s die 

in de populatie kunnen voorkomen, en een beschrijving van hoe nauwkeurig die schatting 

is. De methoden worden geïllustreerd aan de hand van twee voorbeelden. Het eerste is het 

risico van DEHP – een van de weekmakers (ftalaten) in plastics waar de afgelopen jaren 

veel ophef over is geweest. Het tweede is een groep bestrijdingsmiddelen (organofosfaten) 

waarvan resten op groente en fruit kunnen worden aangetroffen – een kwestie die elk jaar 

rond de feestdagen weer opduikt in de media.  

 

Een tweede punt waarop de huidige aanpak van risicobeoordeling kan worden verbeterd 

is door rekening te houden met de effecten van combinaties van chemicaliën. Mogelijke 

gevaren van stoffen worden nu meestal beoordeeld voor elke stof afzonderlijk. In 

werkelijkheid worden consumenten tegelijkertijd of opeenvolgend blootgesteld aan 

meerdere stoffen. Sommige van die stoffen kunnen in het lichaam bijdragen aan een 

gemeenschappelijk effect, of elkaars werking versterken. Door alleen naar individuele 
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stoffen te kijken worden die gecombineerde effecten gemist, en het risico onderschat. In dit 

proefschrift (in het eerste deel) worden experimenten en wiskundige modellen beschreven 

waarmee is onderzocht hoe combinaties van bestrijdingsmiddelen zich gedragen.  

Het is onmogelijk om van elke combinatie van stoffen die in de voeding kan voorkomen 

de effecten in experimenten te meten. Een belangrijke vraag is daarom of en hoe die 

effecten van combinaties kunnen worden voorspeld uit gegevens van de individuele stoffen. 

De meest nauwkeurige, maar ook omslachtige manier om het gecombineerde effect van 

stoffen te voorspellen is door hun hele werkingsmechanisme – van het moment dat ze het 

lichaam binnenkomen tot het moment dat ze in het doelorgaan hun effect uitoefenen – te 

beschrijven met wiskundige vergelijkingen: de zogenaamde toxicokinetische en 

toxicodynamische modellen. Deze TK-TD modellen kunnen heel bewerkelijk zijn, en in de 

praktijk zijn ze vaak te complex. Het zou een stuk praktischer zijn als het effect van een 

combinatie van stoffen te voorspellen zou zijn uit informatie die voor iedere stof 

beschikbaar is: de dosis-effect relaties van de individuele stoffen.  

Toxicologen en farmacologen zijn decennia lang op zoek geweest naar zulke eenvoudige 

methoden. Die zoektocht heeft een aantal verschillende methoden opgeleverd, maar ook 

een levendige discussie over welke methode de juiste is bij welke stoffen en in welke 

situatie. Hier komen de TK-TD modellen goed van pas. Van een aantal 

bestrijdingsmiddelen is het werkingsmechanisme in detail bekend, en kan die worden 

uitgedrukt in wiskundige vergelijkingen. In dit proefschrift worden deze modellen gebruikt 

om de effecten van combinaties van die bestrijdingsmiddelen, die zijn gemeten in een aantal 

experimenten, nauwkeurig te beschrijven. Op basis van die inzichten wordt gekeken hoe die 

effecten op een eenvoudiger manier kunnen worden voorspeld, en onder welke 

voorwaarden. Deze aanpak heeft een aantal misvattingen over de effecten van combinaties 

van chemicaliën aan het licht gebracht, en heeft tot aanbevelingen geleid hoe in de 

risicobeoordeling het best met die gecombineerde effecten rekening kan worden gehouden. 

Deze inzichten konden worden ingezet in voorbeeld van organofosfaten in het het tweede 

deel van dit proefschrift. 
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A4-tje bewezen kan worden, welke warnings wel en niet te negeren), maar ook erg genoten 

van onze samenwerking, je humor, je koppigheid. Als ze eens wisten wat er allemaal onder 

de pet is gebleven... 

Bas: het is fijn op tenminste iemand om je heen te hebben die snapt waar je mee bezig 

bent, om ideeën aan voor te leggen, om op niveau te discussiëren, om frustraties mee te 

delen. Let op: het einde van de NOAEL gaan we nog meemaken.  

 

To Hilko, Polly, Jacob, Peter, Stine, Elsa, Ole, Annette, Anders, Tue, Stefan, Beat, 

Leif, Shannaz, Kierstin, Kettil, Francesca, Carlo, Valentina, Jiří, Irena and the many other 

SAFE FOODS coworkers: it makes me proud to see what we have achieved together. I have 

enjoyed our cooperation enormously, and already miss exploring Europe (and its food 

safety) with all of you.  
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Collega’s van RIVM/SIR: door jullie heb ik U304 en zeer wijde omtrek (tot een 

etablissement aan de Hessenweg, een Vleutense woonkamer aan toe) als een hele fijne 

werkplek, zelfs als een tweede thuis ervaren. Ik bedank ook de collega’s van het IRAS, 

Biometris en RIKILT, en TNO-Prins Maurits Laboratorium die inhoudelijk dan wel 

organisatorisch bij mijn werk betrokken zijn geweest.  

 

Aan mijn ouders, broers, vrienden en natuurlijk Pauline: ik ben jullie dankbaar voor de 

steun, het vertrouwen, de trots, de aanmoediging, de kritiek, de afleiding, het goede 

voorbeeld, de herinnering aan dat hersens maar een deel zijn van de drie-eenheid.  

 

 

Sieto Bosgra 

Utrecht, 9 september 2008 


