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19

th
 century department store, in the merchants’ district of Edo. The exposures to 

complex chemical mixtures that raise regulatory concerns are those that arise from 
societies’ technological and commercial activities.   
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Definitions 
 
One of the challenges in assessing the risks associated with exposures to mixtures 
is the competing and contradictory definitions are currently used to describe 
mixtures. The following definitions will be used in this thesis.  
 
Aggregate exposure refers to individuals’ exposures to a single compound from 
multiple sources.  
 
Cumulative exposure refers to individuals’ exposures to multiple compounds from 
multiple sources. 
 
Exposure to mixtures refers to individuals’ exposures to multiple compounds from 
an individual’s interaction with group of chemicals in an environmental media, 
formulation, or food.  
 
The following table presents the framework for the definitions. 
 

 One chemical  More than one chemical  

One source  Traditional Risk 
Assessment  

Mixture  
Risk Assessment  

More than one 
source  

Aggregate  
Risk Assessment  

Cumulative Risk 
Assessment  

 
A concurrent exposure refers to exposures to two or more chemicals that occur at 
the same time or at times sufficiently close that the individual has not recovered 
from the effects of a prior exposures. 
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Chapter 1 
  

 
 

General Introduction1 
 
  

                                                                 
1
 The materials in chapters one, eight, and nine of this thesis are entirely the 

author’s and do not necessarily reflect the positions or opinions of The Dow 
Chemical Company. 
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BACKGROUND 
Findings from the fields of pharmacology, toxicology, and epidemiology have 
shown that cumulative exposures can cause effects that would not have been 
predicted based on the independent effects of chemicals [1, 2]. Studies of the 
interaction of the toxicity of chemicals began more than 90 years ago [3]. In the 
U.S. the issue of cumulative exposures of chemicals in the workplace was first 
raised in 1963 [4] and in the environmentally mediated exposures in 1980 [5]. 
Despite this long history of study, assessments of the risks posed by chemicals 
have traditionally evaluated chemicals on a chemical-by-chemical basis.  
 
Assessments of the risks from concurrent exposures to multiple chemicals present 
major challenges to exposure assessors, toxicologists, risk assessors, and risk 
managers. In addition, the available approaches for assessing cumulative risks have 
drawbacks which limit the number of cumulative risk assessments that have been 
performed. In this section, we review the issue of health effects posed to 
individuals by concurrent exposures to multiple chemicals and identify the 
challenges with regard to assessing risk from these exposures

2
. As subsequent 

chapters indicate, at least partial solutions to a number of the challenges have 
been developed. 
 
Why is there a concern with cumulative exposures? 
The toxicological concerns for concurrent exposures are based on two lines of 
argument. The first is the recognition of the increasing dominance of synthetic 
materials in the everyday life of humanity resulting in continuous exposures to 
combinations of anthropogenic chemicals. The second is the potential for additive 
effects from concurrent exposures to multiple chemicals and potentially supra-
additive effects (synergy

3
) for certain combinations of chemicals.  

 
Humans are increasingly exposed to complex combinations of anthropogenic 
chemicals [6]. Over the last 400 years humanity has steadily moved from an 
environment dominated by natural chemicals to one dominated by anthropogenic 
chemicals. In Europe, the U.S., Japan, and other countries, an individual can go 
through an entire day and touch no object, come in contact with no fabric, 

                                                                 
2
 This thesis focuses on noncarcinogenic effects in humans where thresholds are used as the 

basis for determining response. Mixtures are a concern for carcinogens but the existing 
policies that favor non-threshold approaches for this endpoint greatly simplify the issue of 
cumulative risks. With an assumption of no thresholds, dose addition and response addition 
models of cumulative exposures give the same answer. 
3
 Antagonism is of course also possible. But antagonism is of little concern for public health 

since it reduces the effects of the cumulative exposures. 
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consume no food or beverage that is not, at least in part, the creation of the 
modern chemical industry. The ubiquity of anthropogenic chemicals has raised the 
question of how to protect humanity in this new environment not from any one 
chemical but from all chemicals. Supporting this new view are calls to study the 
relationship between individuals’ total exposures to all stressors and existing 
disease patterns in a systematic way [7 - 9]. 
 
Concurrent exposure to multiple chemicals that exert the same type of a stress on 
individuals may produce additive effects. Examples of such an interaction include 
the organophosphorous pesticides [10] where multiple chemicals all interact with 
a common target (acetylcholinesterase). The public health concerns driven by 
these models suggest that while any one chemical’s stress on an individual can be 
tolerated, the cumulative stress from multiple chemicals can exceed the capacity 
of an individual. In addition, when the toxicity pathways leading to an apical effect 
of a chemical have multiple steps, additivity could occur when different chemicals 
impact different steps in a toxicity pathway [11]. This type of toxicological 
interaction can be characterized using additive models [12, 13, 1].  
 
Additive models are attractive to risk assessors because they can be applied in a 
tiered fashion. The models can begin with the conservative assumption that all 
chemicals that reach an individual follow an additive model. This assumption can 
then be refined using chemical specific data on mode of action [12, 14] to produce 
more realistic estimates of cumulative effects.  
 
The second toxicological issue is the concept of synergy. Synergy is a supra-additive 
response from multiple exposures to chemicals. Examples of synergy have been 
identified in epidemiology and a modest number of animal studies [2]. The concern 
raised by synergy is that sub-threshold exposures to two or more chemicals could 
cause an adverse effect by synergy that would not be accounted for in an additive 
model. An additional concern is that synergy is an emergent property that cannot 
be predicted based on the toxicological properties of individual chemicals.  
 
A combination of the additive and synergistic arguments has led the authors of a 
recent National Academies of Science report [15], to posit that the existence of 
background stress from chemicals in diet, nonchemical stressors, and microbial 
agents, create sub-populations of marginal individuals who are on the “verge of 
experiencing” an adverse effect. Such hypersensitive individuals will be pushed 
over the “threshold” of an adverse effect by even very small doses of a chemical 
[16, 17].  
These toxicological models have combined to produce a widespread concern that 
regulatory toxicology programs determining the safety of chemicals on a chemical-
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by-chemical basis may be missing adverse effects from cumulative chemical 
exposures. As a result of these arguments, there is a widespread recognition that 
cumulative exposures to chemicals are the unfinished business of toxicology and 
chemical regulation [1]. Regulatory agencies in the United States and European 
Union have identified effects from cumulative exposures to chemicals as area that 
should be addressed in future regulatory programs [17, 1].  
 
The conundrum of cumulative exposures 
Concerns for the potential for adverse effects from cumulative exposures to 
anthropogenic chemicals tempered, in part, by the recognition that life evolved in 
the presence of complex stressors. For example, the human diet has always been a 
complex mixture of chemicals, many with significant biological activity [18 - 20]. 
Thus biological systems must have an inherent capacity to tolerate multiple 
chemical stressors.  
 
The increasing technological environment in industrialized nations also has been 
associated with remarkable improvements in public health and continuous 
increases in life span. This has occurred in spite of concurrent increases in 
populations. Thus on a societal level the benefits of technology have outweighed 
whatever cumulative adverse effects have accompanied the rise of modern 
chemistry. Such a finding, however, is not a proof that the adverse effects do not 
exist or that there would be no benefit to society from identifying and addressing 
specific chemicals, sources, and human populations that may be at risk from the 
effects from combined chemical exposures.  
 
 
Assessing toxicity from exposures to multiple chemicals 
A number of guidance documents published by the World Health Organization, 
United States Environmental Protection Agency (U.S. EPA), and other organizations 
have identified two basic approaches to characterize risks from concurrent 
exposures to multiple chemicals, whole-mixture testing and estimating toxicity 
based on the toxicity of the components of individual chemicals [12, 13, 21 - 23].  
 
Whole-mixture testing has been limited by the fact that there are for all practical 
purposes an infinite number of mixtures that humans come in contact with during 
their lives. In addition, many mixtures change over time. For example, the specific 
composition of mixtures of anthropogenic chemicals in indoor air, food, and water 
vary from day to day. As a result, whole-mixture approaches for assessing toxicity 
have been limited to testing of products with fixed formulations or commercial 
mixtures where the composition is relatively stable over time (e.g., commercial 
solvents and petroleum products). Currently a number of regulatory programs 
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require testing of products for acute toxicity and local effects [1, 21]. Whole-
mixture testing has had a more extensive use in ecological toxicity [24] where 
whole-mixture toxicity has been determined for complex mixtures in effluents. 
Whole-mixture approaches cannot be used to address cumulative exposures, since 
these exposures are not the result of exposure to specific mixtures. 
 
As a result of the above challenges, many programs that assess mixtures and 
cumulative exposures rely on component-based approaches. For example, a 
hazard quotient/ hazard index (HQ/HI) process is used to evaluate occupational 
exposures to mixtures at hazardous waste sites in the U.S. [4, 23]. In addition, the 
U.S. EPA’s programs to regulate cumulative risks under the 1996 Food Quality 
Protection Act (FQPA) have used toxicity equivalents approaches [1] to evaluate 
pesticides. 
 
THE ROLE OF EXPOSURE AND TOXICITY INFORMATION IN ASSESSING AND 
MANAGING RISKS FROM CUMULATIVE EXPOSURES 
  
Historical bias towards toxicity data in mixture assessments 
One of the reasons why mixtures are a difficult issue for regulators is that 
traditionally most of the emphasis in cumulative risk assessments has focused on 
using the data on the toxicology of mixtures and has not considered the data on 
exposures. Toxicologists studying mixtures have focused on those mixtures that 
have interesting toxicological properties, but are not necessarily representative of 
the mixtures that actually occur in the real world or the combinations that 
individuals are exposed to from cumulative exposures. For example, one common 
approach is to test mixtures where each component is present at equitoxic doses 
(ED50s, ED10s, or some fraction of these values). Such mixtures facilitate the 
determination of whether the mixture follows additivity or independence models 
or if synergy has occurred. However, most mixtures, even if they are composed of 
large number of chemicals, are driven by the toxicity of one or two components 
[25, 26].  
 
A second challenge to studies of mixtures is the practical limitation of testing. 
Discrimination between toxicological mechanisms can only be empirically 
determined when animals are dosed at levels where significant responses occur. 
This restricts testing to doses that cause frank effect levels. Such studies produce 
findings that are not directly relevant to environmental mixtures where all 
chemicals are kept at levels below regulatory standards. Thus the toxicological 
findings must be extrapolated to mixture exposures that are far below the tested 
doses.  
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The historical dominance of toxicological data in assessing mixtures can be seen in 
the guidance on mixtures provided by the U.S. EPA in 2000 and 2007 [12, 13]. In 
the following flow chart (Figure 1), the decisions on the assessment of risks from 
mixtures are only based on the management of the limitations of data available 
data and the selection of the dose response model of mixture toxicity. 
 

 
Figure 1. Decision flow chart from the U.S. EPA 2000 and 2007 guidance documents [12, 

13] 

 
The emerging recognition of the importance of exposure information in the 
management of cumulative exposures 
This focus on toxicity has changed over time. Figure 2 presents the mixture 
strategy as developed by the WHO [14, 27). As the figure indicates in this tiered 
approach, exposure and toxicity are evaluated in parallel. Each decision to go to a 
higher tier requires more detailed data for both exposure and toxicity. Under this 
approach data on toxicity and exposure are given equal weight.  
 



 
 

 

11 
 

 
Figure 2. WHO tiered approach for mixtures [27] 

More recently, the Cefic MIAT team [28] has proposed an integrated approach that 
integrates the collection of data on toxicity and exposure (Figure 3). This decision 
tree is built on the decision tree present in the draft guidance from the EU 
Scientific Committees [29]. Both trees begin with decisions based on exposure 
rather than toxicity. The focus on exposure information in these decision trees has 
a number of benefits. First it considers when co-occurrence of chemicals actually 
occurs. If the chemicals do not co-occur, then cumulative exposures do not occur 
and an assessment is not needed. Second, in the vast majority of cases, individuals 
who are exposed to many chemicals actually have their risks driven by only a small 
fraction of chemicals. As a result the risks from exposure to complex mixtures may 
be managed by controlling a subgroup of chemicals [30]. Third, some chemicals are 
only present in small amounts and the resulting low doses to individuals can be 
characterized by using what the WHO call the Tier 0 assumptions for toxicity. An 
example of such assumptions is the use of the Threshold of Toxicological concerns 
[31].  
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Figure 3. Cefic MIAT decision tree [28] 

 

Combined Decision Tree for Assessment Cumulative Exposures 

10. Use TTC/QSAR/Read Across to estimate 
toxicity values for components without RVs

11.Determine hazard 
index (WHO Tier 0) 

14. Calculate MCR

17. Develop information on, target organ toxicity, potency, 
and mode of action to develop “groupings” of mixture 

components or TEQ-based approaches.

19. Use probabilistic models of 
exposure and advanced methods of 

toxicity assessment (WHO Tier 3)

18. Revise hazard index
(WHO Tier 2)

13. Determine hazard 
index (WHO Tier 1) 

12. Obtain new 
toxicity/exposure data 
and refine assessment

HI > 1.0 

HI < 1.0

MCR > 2 MCR < 2 

15. Low concern for combined 
effects. Take appropriate action on 

primary chemical (obtain new 
exposure /toxicity data).

9. Are RVs and 
exposure available for 

all components?

YES NO

No further action 
required

HI < 1.0 

HI < 1.0 HI > 1.0 

*RV = Reference Value
For human health RVs are 
estimates of a safe dose 

(e.g. ADI, TDI, DNEL, etc.)
For ecological criteria RVs are 
concentrations in water or soil 

(EQS PNECs, etc).

1. Is exposure of 
environmental ecosystems  

likely/ plausible? 

No RA 
possible

1. Is human exposure  likely/ 
plausible? 

No further action 
required

RA based on 
mixture as a whole

Independent 
action

8. Dose/concentration 
addition

Case by case 
RA

YESYES

YES

NO

YES

NO

NO NO

NO

NO

2. Are data available on 
the toxicity of the 

mixture as a whole?

YES

NO

YES

YES

6. Are one or more 
interactions expected ?

4. Are exposures to single 
components (and to the 

combined components with a 
similar MoA) larger than TTC?

3. Is information on the  
mixture composition 

available?

7. Do all components 
operate by dissimilar MoAs?

Take appropriate action to address 
components with doses greater 

than their respective RVs

YES

5. Do any of the predicted 
doses (concentrations) of 

components pose a concern 
(Dose  (Concentration)> RV*)?

NO

Group I Exposures

Group II 
Exposures

Group IIIA Exposures

Group IIIB  Exposures

HI > 1.0 

HI > 1.0 HI < 1.0 

16. Determine Hazard Index
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Characterizing Cumulative Exposures to Chemicals 
Methodologies for assessing cumulative exposures to multiple chemicals from 
multiples sources fall into two broad classes; monitoring and modelling. 
Monitoring approaches collect data on the presence of sources of exposure in 
individuals’ lives at specific points in time and the factors that determine the 
uptake of chemicals from these sources. Monitoring include collection of data on 
the levels of chemicals in food, air, water, and on the surfaces in residences and 
the collection of demographic and behavioural information (e.g., use of consumer 
products, activity patterns, employment, etc.). Monitoring also includes 
biomonitoring of chemicals or markers for chemicals in individuals’ bodies (e.g. 
protein adducts). Biomonitoring data can reflect both aggregate and cumulative 
exposes for individuals. When the body burden or internal markers of exposures 
have long half lives, biomonitoring can also reflect the impacts of exposures over 
long periods of time [6, 32, 33]. Recent advances in personal monitoring allowing 
for collection of longitudinal data (information on how individual’s chemical 
exposures change over time) and how individuals physically move through 
different microenviroments in their communities [34].  
 
Monitoring data, however, cannot investigate all chemicals that reach humans. 
The list of chemicals included in monitoring programs is typically limited by the 
capabilities of analytical chemistry and the cost of analyzing for chemicals. A larger 
issue with monitoring is that it cannot look into the future. Thus monitoring cannot 
be used to assist in the evaluation of chemicals before they enter commerce.  
 
The second method for characterizing cumulative exposures is simulation 
modelling. The goal of simulation models is to capture the processes that 
determine exposures (e.g., use of products, duration of time in micro-
environments where chemicals are present, and fate and transport of chemicals) 
and behaviours of individuals that influence uptake of chemicals (e.g., breathing 
rates, frequency of hand-to-mouth events, and food and water consumption 
rates). This is done by collection of data on the parameters, using dose models, 
and construction of simulation models of individuals over time [35-36].  
 
Models and monitoring are complementary. Models can guide monitoring efforts 
by identifying the aspects of a community that are most important to measure or 
portions of the community most at risk. Models can leverage monitoring data, 
predicting if, or when, monitoring results could differ in untested populations. In 
addition, simulation models can be used to predict future exposures. Monitoring 
data can provide key information on exposures that cannot be determined using 
physics-based models. An example of this is the use of survey data on food 
consumption and daily activity patterns used in the LifeLine model [38]. Finally, 
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monitoring data can be used to evaluate and in certain limited areas, validate 
model predictions [39].  
 
 
ISSUES WITH MODELING RISK FROM CUMULATIVE EXPOSURES TO CHEMICALS 
 
As discussed in the background section the current system of managing chemical 
risks has great difficulties in addressing risks from cumulative exposures to 
chemicals. The following is a list of some of the key challenges that have been 
identified in cumulative risk assessments and that may have discouraged the 
regular performance of such assessments.  
 
High cost of determining permitted doses of chemicals  
Current approaches for the evaluation of the safety of chemicals require the use of 
dozens of lengthy and resource intensive animal tests. For example, the U.S. EPA 
registration process for a single pesticide requires the manufacturer to conduct, 
analyze, and pay for some 142 different scientific tests. These tests define product 
chemistry, risks to humans and domestic animals, the environmental fate of the 
pesticide, and the pesticide's impact on nontarget wildlife. Generation of such data 
for a single chemical may take 6-10 years, cost tens of millions of dollars, and 
require large number of animals [40]. There is a growing consensus that such 
intensive levels of testing will never be performed on all of the chemicals in 
commerce [41].  
 
This high cost of testing affects both whole-mixture and component-based 
methods of testing the toxicity of cumulative exposures. First, if the existing 
approach for determining safety of chemicals will not address risks from individual 
chemicals, then it will never be capable of directly testing all of the possible 
combinations of chemicals that are received by a specific person. Second, the 
evaluation of a mixture using a component-based approach requires information 
on the toxicity of every component. As a result, assessing an environmental 
mixture could require toxicity information on dozens or hundreds of chemicals. In 
theory, the absence of information on any one of these chemicals will prevent a 
complete determination of risks from cumulative exposure.  
 
 
Existing studies of whole-mixture toxicity have largely been limited to acute 
effects  
Toxicologists studying mixtures have been limited to studies of acute toxicity. The 
reason for this is that mixture study designs require testing of individual 
components as well as chemical mixtures. This results in study designs that use 
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large amounts of animals and dose groups. Such studies become prohibitively 
expensive if they are performed over long periods of time (months or years). As a 
result study designs for mixtures have focused on acute effects.  
 
Biased nature of existing permitted doses  
The design of animal testing and assumptions and processes used in setting 
permitted doses (ADIs, RfDs, DNELS, and TDIs) are optimized to minimize false 
negatives. This is reasonable and appropriate for standards. As a result, however, 
there is a greater than 50 percent probability that the actual population threshold 
of safe doses could be ten-fold higher than the proposed permitted doses for most 
chemicals [42]. In the case of mixtures this bias is compounded since additive 
models use the permitted doses for multiple chemicals. If for example, the current 
approach will overestimate the toxicity 90% of the time then the use of two 
standards in an additive model of a two equitoxic doses will overestimate toxicity 
99% of the time [43].  
 
Emergent toxicological properties cannot be predicted using component 
approaches  
As discussed above, synergy cannot be predicted using component-based 
approaches. Synergy is a public health concern, since the presence of synergy 
could result in higher risks than predicted by additive models. Demonstration of 
synergy in animals has typically required testing in dose ranges that cause frank 
effects for one or more chemicals in a mixture. The observed responses are 
compared to the responses predicted by additive models. It is not clear in these 
studies whether synergy increases the response at unsafe doses of chemicals, or if 
synergy reduces the threshold to mixture effects. As a result, a critical issue in 
mixtures toxicity is to determine whether the threshold of interaction is always 
higher than the threshold of one or more components of the mixture.  
 
The challenge of characterizing cumulative exposures  
Cumulative exposures are difficult to characterize. Routes of exposure are often 
poorly understood or difficult to characterize on a quantitative basis. Information, 
the correlation of the use of products or behaviour that will define individuals 
cumulative exposures are often unknown [44]. Data on the behaviours of 
individuals are often limited and collected in ways that can generate biased data 
[45].  
 
Access to monitoring data is often limited by claims of confidentiality.  
Many organizations that collect data on mixtures observed in indoor air or the 
environment release only summary statistics. Mixture assessments require access 
to the raw data collected. Specifically, they require the concentrations of each 
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chemical measured in each sample along with data on the detection limit for the 
analytical method used on a sample. Obtaining access to the raw data is often 
limited by claims that the raw data is the property of the collecting organization.  
 
Model validation  
The evaluation of model predictions is a major challenge. The goals of modelling 
are often difficult to independently confirm. For example, models are often used to 
predict chronic exposures to chemicals from dietary exposures. However, 
monitoring data is often limited to information on levels of contaminants in 
specific food items and studies of intakes are often limited to a few days. Thus, a 
model’s predictions of acute exposures across individuals could be evaluated by 
methods such as biomonitoring but the predictions of interest, chronic exposures, 
cannot be easily confirmed.  
 
 
GOAL OF THE THESIS  
 
This thesis explores a number of techniques that can assist in performing 
cumulative exposure assessments and using the resulting data in cumulative risk 
assessments and risk management. A general theme in these techniques is the 
importance of understanding the exposures to the different chemicals that make 
up an individual’s cumulative exposures. Such information can be used to 
determine when screening assumptions can be used for estimating toxicity of 
specific chemicals and when the toxicity of mixtures becomes dominated by a few 
chemicals. Data on mixtures can also be used to determine which components in a 
mixture are most likely to interact. Such information can be used to prioritize when 
additional data should be collected. Finally, the information can be used to 
determine when cumulative assessments should be performed.  
 
 
 
OUTLINE OF THE THESIS 
 
This thesis presents the results of research performed on four aspects of 
cumulative risk assessments.  

1. Using simulation models to characterize cumulative exposures to multiple 
chemicals from multiple sources. 

2. Developing a framework to assessing the risk management implications of 
toxicological findings of synergy. 

3. Screening approaches for assessing the toxicity of mixtures where some 
or all of the components do not have toxicity data. 
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4. Using exposure information to evaluate the need for performing 
cumulative risk assessments. 

 
Focus 1. Using simulation models to characterize cumulative exposures to 
chemicals.  
 
Chapter 2. Assessing Aggregate and Cumulative Pesticide Risks Using a Probabilistic 
Model 
As discussed above, simulation models are a useful method for assessing 
cumulative exposures across a population. In 1994 the U.S. Congress passed the 
FQPA. This Act required the U.S. EPA to regulate the aggregate and cumulative 
risks posed by pesticides. This requirement triggered a number of private and 
governmental projects to develop simulation models for pesticides. One of the 
projects created the LifeLine

TM
 software. When toxicity equivalents are available, 

this software can evaluate the variation in individuals’ cumulative exposures to 
multiple chemicals from multiple sources. Chapter two presents the results of the 
application of the software to three hypothetical pesticides.  
 
Chapter 3. A Conceptual Framework for Modelling Aggregate and Cumulative 
Exposures to Chemicals 
Chapter 3 presents a modelling framework for determining longitudinal cumulative 
exposures to populations of individual humans. The framework call Person 
Oriented Modelling (POM) provides guidance for how to organize existing data for 
constructing computer software models using a series of nested loops. The 
methodology also provides guidance for the design of the software code. 
Variations of this methodology provide the basic design of many cumulative 
exposure models [46]. 
 
Focus 2. Developing a framework to assessing the risk management implications of 
toxicological findings of synergy. 
 
Chapter 4. Synergy A Risk Management Perspective 
This chapter reviews the concept of synergy and its potential for the impact on 
regulation of cumulative exposures or exposures to mixtures. A method for 
graphically characterizing responses from mixtures is provided that can help 
identify which components of a complex mixture are most likely to drive an 
observation of synergy. 
 
Focus 3. Screening approaches for assessing the toxicity of mixture components 
with there is no toxicological data available on one or more components of the 
mixture. 
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Chapter 5. Characterizing the noncancer toxicity of mixtures using concepts from 
the TTC and quantitative models of uncertainty in mixture toxicity 
Chapter 6. Modelling the chronic non-cancer effects of mixtures of migrants using 
Cramer classes and quantitative models of uncertainty 
These two chapters present an example of a WHO Tier 0 assessment methodology 
[14] to mixtures of anthropogenic chemicals that migrate from food contact 
materials. The methodology allows a tiered approach to assessing mixtures where 
certain components do not have toxicity data. Toxicity data for these components 
are derived based on the Cramer Classes [31] of the components structures.  
 
 
Focus 4. Use of exposure information to evaluate the need for performing 
cumulative risk assessments. 
 
Chapter 7. Maximum Cumulative Ratio (MCR): A Tool for Assessing the Value of 
Performing a Cumulative Risk Assessment 
This paper describes MCR, a new method for understanding the risks associated 
with cumulative risk assessments. This approach allows the determination of the 
value in performing a cumulative risk assessment. The methodology is applied to a 
data set of observed mixtures of pesticides in samples of surface water taken from 
urban and rural areas of the U.S.  
 
Chapter 8 presents a summary of the finding from the four focus areas and 
discusses how the effort addresses the issues with charactering risks from 
cumulative exposures. Finally, chapter 9 presents a summary of the findings of the 
work presented in this thesis and recommendation for next steps in mixture 
research. 
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Abstract 

 
Determining aggregate and cumulative risks from exposures to pesticides presents 
a number of challenges. The analysis must capture the correlations in residues that 
occur from both additive and exclusionary processes in the use of pesticides. The 
analysis also requires a quantitative mechanism for evaluating risks associated with 
exposures to mixtures of pesticides. This paper presents an analysis of aggregate 
exposures and risks associated with exposures to a pesticide, Alpha, and the 
cumulative exposure to and risk from three pesticides, Alpha, Beta, and Gamma. 
The cumulative risks are evaluated by determining the systemic (absorbed) doses 
that result from inhalation, dermal, and oral exposures to the pesticides. A ‘relative 
toxicity’ model is used to evaluate cumulative risks. The assessment of cumulative 
exposure was performed using the LifeLine™ Version 1.0. The model simulates 
pesticide exposure using an individual-based approach where daily exposures are 
evaluated for each person, season, and location. © 2001 British Occupational 
Hygiene Society. Published by Elsevier Science Ltd. All rights reserved 
 

Keywords: pesticide; exposure; risk; aggregate; cumulative; probabilistic 
 
Introduction 

 
Historically, exposure assessors have focused on characterizing the highest levels 
of exposure that will occur to an individual or a population over time as the result 
of the use of a pesticide. One approach that is used to characterize the upper 
bound of exposure is to use simple models of dose rates and a series of 
conservative model inputs. This approach has great value for screening out 
exposures that are of little concern (US EPA, 1992a). This approach forms the basis 
for US EPA exposure guidance such as the draft Standard Operating Procedures 
(SOPs) for Residential Exposure Assessments (US EPA, 1998). 
 
The difficulty with applying these approaches to aggregate or cumulative 
exposures is that an individual who receives high levels of exposure from one 
source will not necessarily receive high levels of exposure from a second or a third 
source. 
 
An alternate approach is to simulate the doses received from multiple sources by 
individuals in a population. Monte Carlo analysis is often used for these 
simulations (McKone and Ryan, 1989; McKone and Daniels, 1991). Such 
simulations can allow the incorporation of data from multiple surveys. In addition, 
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Monte Carlo analysis is equally applicable for simple or complex exposure models 
(Morgan and Henrion, 1990). This allows for the simulation of multiple sources of 
exposure and multiple pesticides. Finally, the technique can be applied to complex 
time-dependent exposure models that follow individuals through multiple 
microenvironments (Price et al., 1992, 1996; Keenan et al., 1993; Harrington et al., 
1995; Goodrum et al., 1996; Muir et al., 1998). 
This paper presents an assessment of aggregate pesticide exposures (multiple 
sources of one pesticide) and cumulative pesticide exposures (multiple sources of 
multiple pesticides), and their attendant risks, using such a probabilistic model. 
The model used was LifeLine™ Version 1.0. This model was developed as part of a 
project to create and widely distribute transparent and consistent modelling tools 
for characterizing pesticide exposure (Price et al., 1999). The project has received 
funding from US EPA and USDA under co-operative agreements and has received 
additional support from private industry. Historically, probabilistic modelling has 
been used for the evaluation of dietary and residential pesticide exposures in 
products such as Calendex™ (Shurdut et al., 1998); however, the model used in this 
paper is the first attempt to model longitudinal exposures to the same individual 
over periods longer than one season. 
 
Model Description 

 
The model used in this paper draws on data from a number of different surveys of 
exposure-related factors performed in the United States. Information on daily 
activity and dietary patterns is used to evaluate daily exposures for an individual. 
These data include: 

 Natality data (Birth records), National Center for Health Statistics; 

 Residential patterns. Current Population Statistics, US Census; 

 The Third National Health and Nutrition Examination Survey, National 
Center for Health Statistics; 

 American Housing Survey, US Census and Department of Housing and 
Urban Development; 

 Nation Home and Garden Pesticide Use Survey (NHGPUS), US EPA 
(1992b); 

 National Human Activity Pattern Survey, US EPA (1996); 

 The Continuing Survey of Food Intake by Individuals (CSFII), US 
Department of Agriculture; 

 Residential Exposure SOPs (US EPA, 1998); and 

 Exposure Factors Handbook (Anon, 1997). 
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In addition, the model uses the following types of user-supplied information: 

 Data on annual or seasonal levels of pesticide residues in agricultural 
commodities and specific food forms of those commodities (e.g., cooked-
canned vs. raw); 

 Data on the reduction or increase of residues due to food processing; 

 Annual or seasonal data on the fraction of crops that might have been 
treated with the pesticide; 

 The residential uses of the pesticide; 

 Physical and chemical properties of the pesticide; 

 Frequency and levels of occurrences in ground and surface drinking water 
supplies; 

 Oral inhalation, and dermal absorption; and 

 Toxicity information (NOAEL, uncertainty factors, Food Quality Protection 
Act (FQPA) factor, and modifying factors). 

 
Using these data the model determines the individual’s exposures by modelling 
where people are born, how individuals grow and age, how they move from home 
to home and region to region of the US, how they use or do not use pesticides, and 
their daily activity and dietary patterns. Using pesticide-specific information on the 
fraction of the dermal, oral, and inhalation exposures that are absorbed, the model 
calculates the total absorbed dose received from the oral, dermal, and inhalation 
routes for each day of the individual’s life. These estimates of absorbed dose can 
be summed to give the total systemic (aggregate) dose that can provide the basis 
for assessing aggregate risk. By repeating this process many hundreds or 
thousands of times the model builds up a simulation of the distribution of 
exposures in the general population. Since the data sets in the model are taken 
from the general population of the United States the result is a model of variation 
in exposures and dose for the population of the United States. 
 

Modelling exposures to dietary residues 
 
The components of the model’s dietary analysis modules parallel the components 
of the basic equation used to estimate dietary exposure and the resulting oral 
dose: 

Dietary Exposure ꞊∑ Food ItemiResidue leveli 

i 

Dietary Dose ꞊Dietary ExposureOral Absorption 

 

where: 
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 Dietary exposure is the mass of the pesticide ingested over a period of 
time from the diet, 

 Food Itemi is the mass of the ith food item consumed on a given day, 

 Residue Leveli is the level of the residue in ith food item, and Oral 
Absorption

4
 is the fraction of the amount of pesticide that is ingested that 

is absorbed into the blood stream. 
 
The amount of each food item that an individual consumes is taken from the US 
Department of Agriculture’s 1989–91 CSFII (1991). 
 
The Residue Leveli is taken from a distribution of residues for each food item. This 
distribution is generated by the model based on distributions of residues in the 
specific Food Forms of the raw agricultural commodities RACs

5
), the amount of 

each RAC/Food Form in the food item, and processes that were performed on the 
RAC (storage, drying, cooking, etc.) during the preparation of the food item. 
 
The amount of each RAG/Food Form combination in a food item reported in the 
dietary survey is captured in a set of Recipe Files for each food reported eaten in 
that survey. The Recipe Files in the mode1 originate from TAS, Inc., and was made 
public through US EPA. These files are currently used by US EPA when evaluating 
the 1989–91 USDA CSFII consumption records. 
 
Since the data from the USDA survey and the recipes tiles are contained in the 
model, the user only provides information on the distribution of residues found on 
treated commodities and/or Food Forms, the percent of each that is treated, and 
the effects of different types of food processing on the level of residues. 
 
 
 
 
Modelling residential exposures 
 
Estimates of exposure from residential uses of a pesticide are based on data on 
pest pressures collected in the NHGPUS (US EPA, 1992b). This survey determined 

                                                                 
4 The value of the oral absorption factor can be influenced by factors such as pesticides affinity for 
different foods, the pH of the gut, and the volume of food consumed in a meal. Because of the 
uncertainly in the actual value for this factor a value of 1.0 is typically used in dietary assessments. 
5 The term RAC (for Raw Agricultural Commodity) is used as a category descriptor for all Food Forms of 
that commodity, whether or not they are raw. Among the common food forms for which separate 
residue data might be available are Raw, Cooked, Frozen-Raw, Frozen-Cooked, Canned-Cooked, and so 
forth. 
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the frequency with which specific pests required treatment in different residential 
microenvironments. These data are used, along with user-supplied information on 
the probability that a product containing the pesticide will be used to treat specific 
pests in the individual’s residence, to determine the probability and frequency of 
using each pesticide in the residence. User-supplied data on pesticide product’s 
characteristics are then used to predict the residues on surfaces and in the air of 
the residences that result from the use of the pesticide. 
 
The model also contains information on the US housing stock, including 
information on room sizes, air exchange rates and other factors. Using these data 
and the exposure equations described in US EPA guidance for residential exposure 
assessments (US EPA, 1998) the model estimates the exposures that occur by the 
oral, dermal, and inhalation routes. These data are used to estimate the absorbed 
doses for each route and the aggregate dose. These exposures include both the 
application-related exposure and the post-application exposures. The post-
application exposures considered by the model include exposures that happen on 
the day of application and on subsequent days. Table 1 presents the equations 
used to determine the exposures and doses that occur by the various routes. 
 
Modelling tapwater related exposures 
 
Pesticide residues occur in certain water supplies primarily as the result of 
agricultural uses of pesticides. When a pesticide occurs in a residence’s tapwater, 
individuals living in those residences will be exposed. The level of exposure will be 
a function of the level of residues in the water supply. In order to capture the 
variation in these levels, the model allows the input of the distributions of residues 
that are expected to occur in different types of water supplies. The user can input 
separate distributions for each of the: four Census regions; urban or rural settings; 
private wells, public water supplies, or ‘other water supplies’, and each of the four 
seasons. 
 
Based on mobility data collected by the US government and data on the sources of 
water for different types of housing stock, the model tracks the location of the 
individual’s residence in terms of Census region, setting, and source of water. Once 
the source of the water and the location of the home are determined, a seasonal 
residue level is assigned to the tapwater of the residence based on the appropriate 
season- specific distribution. 
 
Once the levels of residues are determined, the model uses typical tapwater 
consumption rates to determine the oral exposure from tapwater sources. The 
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doses associated with the exposures are determined using information on the 
fraction of the pesticide that is absorbed from the gastro-intestinal tract. 
 
Modelling Aggregate and Cumulative Risks 

 
As discussed above, the model determines the route-specific exposures received 
by a specific individual at a specific time and place. These estimates of exposure 
are used to determine the absorbed dose that results from each route of exposure. 
These route-specific doses are summed to give the total systemic (or aggregate) 
dose. This dose is then used to evaluate aggregate risks using measures of systemic 
toxicity. Route-specific effects, such as dermal irritation, are not considered in 
these estimates of aggregate risk and should be evaluated separately. 
 
Assessments of cumulative risk involve the construction of models of response 
associated with exposures to multiple pesticides. While this issue remains an area 
of ongoing research, one approach, toxicity equivalents, has been widely 
discussed. The ‘toxicity equivalents’ approach normalizes exposures to a series of 
pesticides in terms of equivalent exposure to one ‘standard’ or ‘index’ pesticide 
(ILSI, 1999). 
 
Under this approach, the pesticides being modelled are assumed to have additive 
effects and the effect of each pesticide can be defined in terms of toxicologically 
equivalent dose (TEQs) of a single index pesticide. The TEQ of a compound’s dose 
is determined by multiplying the dose times a relative toxicity factor (RTF). The RTF 
is based on measures of the relative toxicity of the compound and the index 
pesticide. 
 
Once all of the compounds’ doses are converted to TEQs, they are summed to 
produce a cumulative dose of the index pesticide. The cumulative risk is 
determined based on the cumulative dose of the index pesticide and the measures 
of toxicity for the index pesticide (such as no adverse effect levels (NOAELs), 
reference doses (RfD), or Allowable Daily Intakes (ADIs)). 
 
When the pesticides have similar route-specific absorptions, it possible to simplify 
the assessment by applying the RTF, not to the exposures, but to the measure of 
the residue levels of the individual pesticides. Once converted to the equivalent 
levels of the index pesticide, the mixture of residues is viewed as a single 
concentration of the index pesticide. This approach has been used in this 
assessment. 
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Table 1. Equations used to evaluate daily residential exposures and 

dose

 
 

 

 

 

 

Case Studies of Aggregate and Cumulative Exposure 
 

Characterizing exposures 
 
This paper includes two applications of the model. The first is a characterization of 
the aggregate risk associated with one-day exposure to a single pesticide, Alpha. 
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The second application is the characterization of the aggregate risks from two 
pesticides Beta and Gamma and the cumulative risks from the concurrent daily 
exposure to three pesticides, Alpha, Beta, and Gamma

6
. 

Cumulative exposures are determined using an approach similar to that used to 
assess aggregate exposures. In the case of dietary exposures, data on the co-
occurrence of the residues of the pesticides in a food are converted to TEQs for an 
index pesticide (in this case Alpha) and summed to give a distribution of TEQs for 
that food. These distributions of TEQs can be entered into the model as if they 
were the concentrations of a single compound. 
 
A similar approach is used for the evaluation of tapwater exposures. Data on 
concurrent levels of pesticides measured in surveys of water supplies are 
converted to a single distribution of TEQ and entered into the model. 
 
A somewhat different approach is used in the assessment of residential sources of 
exposures. For these sources of exposure, the amounts of each of the three 
pesticides applied during the use of a specific product are converted to the 
corresponding TEQs. Then the model is run with all of the products that contain 
any of the three compounds. 
 
Characterizing aggregate and cumulative risks 
 
One of the commonly used risk metrics for the evaluation of noncarcinogenic risk 
is the percent reference dose (%RfD). The %RfD for risks from aggregate exposures 
to Alpha is given by: 
 

 
 
 
 
where: 

PADAlpha is the population-adjusted dose of Alpha. For children and 
women of child bearing age the PAD is defined as the reference dose 
(RfD) for Alpha divided by the FQPA factor. For all other ages, it is equal to 
the RfD. AggregateDoseAlpha is the aggregate dose of Alpha produced by 
the model. 

 

                                                                 
6 The data used in this assessment are similar to the properties, exposures, and uses of a number of 
pesticides currently in use. However, the compounds are not meant to represent any specific pesticide.  
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Using the RTP model the cumulative risk for three pesticides, Alpha, Beta, and 
Gamma, would be calculated using the following equation: 
 

 
 
Where: 
Aggregate DoseAlphaTEQs, is the aggregate dose in units of mg Alpha 
TEQs/kg that occurs as a result of exposures to Alpha, Beta, and 
Gamma. 
 
Model inputs 
 
Alpha is used in products that control pests on apples

7
. Table 2 presents the 

residue data for Alpha on apples that were collected in a market basket survey. 
Alpha is also used in two residential pesticide products. The first, Alpha-pump, is a 
pump spray applied as a crack and crevice treatment in homes. The second, Alpha-
gran, is a granular product that is applied to turf using a drop spreader. Table 3 
summarizes the data for these two products. Beta is used on apples and on wheat. 
Table 2 gives information on the concurrent levels of Beta found in the same 
market basket survey as Alpha. The data on the concurrent levels have been used 
to estimate the cumulate level of the pesticides in units of TEQ. Table 2 also 
presents the estimates of TEQs for the mixtures of the two pesticides. The levels in 
wheat were taken from field trials. Beta is used on all wheat (percent crop treated 
equal 100%). Gamma is used in one residential product, Gamma spray, Table 3 
gives the data on this product. The amount of Gamma applied and the air levels 
are expressed in terms of mass of TEQs. 
 
The agricultural uses of Alpha contaminate surface waters used for drinking water 
supplies in areas of the southern portion of the United States. This contamination 
largely occurs during spring application of the products. Levels are below the 
detection limit during the other seasons. Table 4 presents the cumulative 
distribution of Alpha residue levels for the population living in this region and using 
surface water supplies in the spring. The levels during the other seasons are 

assumed to be equal to one half of the detection limit (0.005 g/l.). 
 
Table 5 presents the information on the acute non-carcinogenic effects of Alpha 
and the toxicological factors established for the compound. Beta and Gamma have 

                                                                 
7 For simplicity sake we do not address the issues of food processing factors or bioaccumulation of 
pesticides in beef and dairy products.  
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been determined to cause adverse effects by mechanisms similar to that of Alpha. 
Using the NOAELs in Table 5, a RTF of 0.5 has been determined for Beta and a RTF 
of 2.0 has been determined for Gamma. 
 
Alpha has been found to be well absorbed by the oral and inhalation routes and 
partially absorbed by the dermal route, the values for dermal absorption, lung 
clearance, and GI absorption are 0.03, 1.0, and 1.0. Beta and Gamma have 
absorption characteristics similar to those of Alpha. 
 
Model Operation 
 

The model was run with the data on Alpha and with the data on all three 
compounds. The model runs were performed on a PC with a Pentium III 700 MHz 
using Windows 2000. The model runs simulated exposure histories for 2000 
individuals. Different dietary and activity patterns records were selected for each 
day of each season (Price et al., 1999). 
 
Results 

 
The model generates exposure histories for each of the 2000 individuals. These 
exposure histories consist of route- and source- specific dose estimates for each 
day in the lives of the 2000 individuals. These exposure histories can be mined for 
information on the intra-individual variation of dose and risk (the variation of dose 
in one individual’s life by age and season) and intra-individual variation in dose and 
risk (variation in dose across individuals at a specific age and season.) 
 
Because of the importance of age and season it is useful to look at the average and 
the maximum doses an individual receives on any day of a given season and year 
of his or her life. The model determines the mean exposure for each age and 
season and the maximum dose that occurs on any day in the season. The average 
seasonal dose is very useful in comparing the doses to the typical individual in the 
modelled population. This measure has been used to investigate how the typical 
aggregate and cumulative doses vary by age and season. The second measurement 
is the maximum dose that occurs on any day of a season. The maximum dose is 
useful in determining the upper bounds of the distribution of doses that occur to 
individuals. The figures presented in this paper are based on either the mean daily 
dose for a season or the highest daily dose seen on any given day during a season. 
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Table 2. Measurements of concentration of alpha and beta in samples take in a market 
basket survey 

 
 

Table 3. Data on residential use of Alpha and Gamma
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Table 4. Cumulative distributions for measured levels of alpha in surface water supplies in the southern 
region of the US during spring 

 
 

 

Results of aggregate assessment 
 
Figure 1 presents the results from each source of pesticide exposure (diet, 
residential, and tapwater) and the aggregate (or total) daily dose for each year and 
season of the 2000 individuals. The dose presented is the mean of each individual’s 
mean daily dose over each season and age. This figure provides insight into the age 
and seasonal patterns of exposure and the relative contribution of each route to 
the total dose for the typical individual. The measurements are in units of 
mg/kg/day of absorbed dose. 
 
Figures 2 and 3 present the distributions of the interindividual variation in the 
population’s aggregate doses at two combinations of age/season, 3 year olds in 
winter and 35 year olds in winter. These two combinations were selected since 
winter exposures appear to be higher than other seasons and since children and 
adults appear to have different potentials for exposures. The model provides 
similar data (not shown) for all other combinations of age and season. 
 
In these figures, the doses for each individual appear on the same vertical line. The 
doses presented are the highest daily dose seen by each individual on any day 
during the season from tapwater, residential use, and dietary sources and the 
aggregate dose from all sources. These data have also been ranked from the 
individual with the lowest to the highest aggregate dose. The aggregate doses of 
each individual are presented as gray squares. Because of the number of 
individuals, these gray squares appear a gray band. The relative importance of a 
source can be seen by the vertical distance between a symbol of a route specific 
dose and the band of gray squares (the aggregate doses). Routes that are the 
dominant contribution to an individual’s aggregate dose will have a symbol that 
appears close to or directly on top of a gray square. Routes that make minimal 
contributions appear some distance below the gray squares. 
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Figure 4 presents the %RfD associated the aggregate doses of simulated 
population when the individuals for the same ages/seasons. This figure indicates 
that approximately 10% of three year olds had %RfDs in excess of 100 for at least 
one day during that season while none of the 35 years old had %RfDs in excess of 
100 on any of the days. 
 
Results of cumulative assessment 
 
Figure 5 presents a cross section of the population’s cumulative doses of Alpha, 
Beta, and Gamma during winter at age 3. The doses presented are the distribution 
of the highest daily total dose seen by each individual on any day during the 
season. The figure also presents the aggregate doses of the individual pesticides. 
All four distributions have been independently ranked by size. 
 
Figure 6 presents the %RfD associated the aggregate dose of Alpha and the 
cumulative doses of Alpha, Beta, and Gamma for three year olds in winter. This 
figure indicates that approximately 10% of three year olds had %RfDs in excess of 
100 from exposure to Alpha for at least one day per season and the fraction with 
%RfDs increased to 16% when the cumulative risks were determined. 
 

Table 5. Toxicity data for Alpha, Beta, and Gamma 
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Figure 1. Average daily doses of Alpha by age and season for the modelled population. The doses 

include the average dose for tapwater, diet, and residential sources as well as the total (aggregate) dose 
for all routes. 

 
Figure 2. This figure presents each individual’s total (aggregate) dose and the dose from tapwater, 

residential and dietary sources during winter for individuals aged three. The data for each individual 
have been ranked according to total dose. For almost all of the individuals the total dose is dominated 
by one source of exposure. Thus the symbol for the dominant source specific dose falls close to or on 

top of the symbol for aggregate dose. Residential exposure is the dominant source for individuals with 
high aggregate doses.  

Discussion 
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The results of the modelling are a function of the specific assumptions developed 
for the three pesticides and may not apply to other compounds. However, the 
results demonstrate how the model can give insights into the doses and associated 
risks that result from the exposure to each pesticide both singly and cumulatively. 
 
The results of the model runs presented in Figure 1 suggest that magnitude of the 
average daily aggregate dose in a season and the sources of those doses for the 
modelled pesticides are strongly affected by age and to a lesser extent season. The 
largest doses occur to children and occur from residential sources. After age six the 
dominant source of the average daily aggregate dose is dietary exposures. 
Tapwater exposures do not make a significant contribution at any age. 
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The limited effect of tapwater occurs in part because this source affects such a 
small portion of the population. 
 
The dietary and tapwater sources of pesticide exposures for Alpha vary by season. 
This can be seen in the cyclical pattern in the estimates of dose from each source 
in Figure 1. The seasonal variation in the tapwater is driven by the seasonal nature 
of tapwater contamination, see Table 4. The seasonal variation in diet is created by 
the seasonal pattern of consumption (more apples are consumed in the fall and 
winter than in spring and summer). 
 
Figures 2 and 3 indicate that all of the simulated individuals have at least some 
exposure to Alpha on at least one day of the winter season when they were aged 3 
and 35. This is the probable result of Alpha residues being found in apples, which 
either directly (raw) or as a component of food forms (juice, pies, pastries, etc.) 
occur in many individual’s diets. The range of maximum seasonal dose is quite 
large, ranging about three orders of magnitude across the population. As would be 
expected, the dietary doses for the 3 year old children are higher than the doses 
for the 35 year old adults. 
 
The sources of exposure for the highly exposed portions of the populations differ 
in the two age groups. For the three year olds, the top 10% of aggregate doses 
occur in individuals whose aggregate doses are dominated by residential 
exposures. In the 35 year old’s, the top 10% of the population includes individuals 
whose aggregate doses are dominated by both residential and tapwater sources. 
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In Figure 4, the aggregate doses for Alpha for 3 year olds in winter result in %RfDs 
that are greater than 100 (for at least one day per season) for about 10% of the 
population. A comparison of Figs. 2 and 4 demonstrates that both residential and 
dietary sources resulted in individuals having %RfD values greater than 100. In 
contrast none of the thirty five year olds have doses that result in values of %RfD 
that are greater than 100. This difference is due to the lower doses in adults and 
because the FQPA factor is applied to both male and female three year olds but 
only to female 35 year olds. 
 
Figure 5 presents the distribution of interindividual variation of the population’s 
cumulative doses of the three pesticides as well as the aggregate doses for each of 
the pesticides during winter at age 3. All doses are expressed in units of mg 
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TEQ/kg/day. The figure demonstrates that exposures to Gamma are limited to a 
small fraction of the population. This occurs because not all 3 year olds will reside 
in houses where Gamma is used. In contrast, almost all three year olds had some 
level of exposure to Alpha and Beta because of the use of the compounds on 
wheat and apples. 
 
Figure 6 presents the MOE and %RfD associated the aggregate dose of Alpha and 
the cumulative doses of Alpha, Beta, and Gamma for three year olds in the winter. 
This figure indicates that approximately 10% of three year olds had %RfDs in excess 
of 100 from exposure to Alpha for at least one day per season and the fraction 
with %RfDs increased to 16% when the cumulative risks were determined. Thus 
the net effect of considering cumulative risk was an increase of 6% in the 
population potentially of concern. 
 
Conclusions 

 
Since the three pesticides in this analysis are similar to actual pesticides, a number 
of conclusions can be drawn that may be relevant to other pesticides. First, 
children’s dietary exposures are expected to be higher than adults when the 
residues occur on foods that are consumed by both children and adults (apples and 
wheat). This finding is based on the fact that dietary intakes are higher for children 
on a weight basis than adults. 
 
Second, when the sources of pesticide are independent, aggregate exposures for 
most individuals in the general population will tend to be dominated by a single 
route of exposure. It should be noted that this analysis focused on the general 
population and did not investigate specific subpopulations where concurrent 
exposures would be more likely to occur (such as farm families or agricultural 
workers). 
 
Third, certain sources affect all individuals in a population while other sources only 
affect a small subpopulation. As a result, cumulative plots of dose will typically 
appear as a series of steps and the frequency distribution of doses (not shown) will 
be multi-modal. 
 
In summary, this paper demonstrates that probabilistic models such as the one 
used in this paper using data that are currently available for pesticides can 
characterize both cumulative and aggregate exposures. The specific model used in 
the paper can be used to identify the critical sources of exposure and the influence 
of factors such as age and season. For example, the findings in this analysis suggest 
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that the reduction of risks from the three hypothetical pesticides should focus on 
the residential sources of exposure. 
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Abstract 

 
Computer simulation programs have been identified as useful tools for 
characterizing uncertainty and variability in longitudinal exposures to multiple 
sources by multiple routes of exposures.  This paper provides a conceptual 
framework for such programs that separates and appropriately models the 
processes that determine uncertainty, inter- and intraindividual variability, as well 
as the processes that determine the relationships between the individuals and 
sources of exposure. The framework is based on a series of four nested loops. 
These are: the exposure event loop that models the route-specific doses to a 
person from one or more sources at one point in time; the time step loop that 
moves a person through time updating the sources and the person’s 
characteristics, the interindividual variation loop that determines the initial 
characteristics of each person modelled, and finally the uncertainty loop that 
characterizes the uncertainty from model and parameter uncertainties. This 
framework provides a flexible and internally consistent approach for the design of 
simulation software. 
 
Keywords: aggregate, cumulative, simulation, software. 
 
Introduction 

 
Over the last 10 years, there has been a growing recognition of the need for tools 
to assess exposures to multiple chemicals from multiple sources. This need has 
been driven by legislative and regulatory actions such as the 1996 Food Quality 
Protection Act (FQPA), the residual risk portions of the 1991 Clean Air Act, and the 
Voluntary Children’s Chemical Exposure Program (EPA, 2000a).  
 
There has been a general recognition that computer simulation software 
(software) is a useful tool for these assessments (ILSI, 1998, 1999; EPA, 1999, 
2000b, 2001). The goal of such software has been to characterize one or more of 
the following: 

 doses from exposures to multiple chemicals; 

 doses from exposures that occur by multiple routes from a source of 
exposure; 

 doses from exposures that occur from multiple sources; 

 variation in doses received by a person over time (intraindividual 
variation); 

 variation in doses across a population (interindividual variation); and 

 uncertainty in predicted doses. 
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This paper proposes a conceptual framework for the construction of simulation 
software that achieves these goals. This framework is based on the concept that 
models must place the concept of a ‘‘person’’ at the centre of the design. For this 
reason, the framework is often referred to as ‘‘Person Oriented Modelling’’ or 
POM. The framework is based on a series of four nested loops: the exposure event 
loop, the time step loop, the interindividual variation loop, and the uncertainty 
loop.  
 
The framework presented in the paper is not entirely new. Many software 
programs such as microexposure air programs, dietary software, and the aggregate 
and cumulative software programs developed to meet the needs of the FQPA, use 
approaches that are consistent with portions of the framework; however, no 
existing software completely incorporates the framework and the framework has 
not been clearly described in the literature.  
 
The framework is presented in the following section. Technical issues related to 
the framework are presented thereafter. Where possible, existing software 
programs that are consistent with the framework are identified. In this paper, the 
term ‘‘model’’ refers to a conceptual model and ‘‘program’’ refers to an actual 
computer program. 
 
Description of a Framework for Simulating Exposures 
 

Modelling people not sources 
 
The development of software to characterize concurrent exposures to widely 
different sources of multiple chemicals leads inexorably to a person- or receptor-
oriented designs (Price et al., 1996a; Muir et al., 1998; Zartarian et al., 2000; CLA, 
2002).  These designs focus on the population of interest rather than the sources 
of exposure. To understand the impact of the change of focus from source 
oriented to person oriented, it is useful to review the conceptual model that 
historically has governed exposure assessments, source to- dose modelling.  
 
Source-to-dose modelling begins at the point that a chemical enters the 
environment, moves the chemical through the various media, and models the 
amount and rate of a chemical enters a person, see Figure 1. Source-to-dose 
models have been used in regulations that set emission standards under the Clean 
Water and Clean Air Acts, clean up standards for hazardous waste sites, and 
tolerances for chemical additives in food. The widespread use of these models 
occurs for two reasons. First, regulatory agencies place a high priority in defining 
the relationship between a specific source and the resulting doses in the affected 
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population because the purpose of most regulatory programs is the control of 
specific sources. Second, by following a chemical from a source to a final dose, the 
researcher is forced to systematically address all of the processes that determine 
the movement of a chemical from the source to the exposed person. 
 
The weakness of this approach is that the characteristics of the source define the 
starting point of the model and to a large extent determine the design of the 
subsequent portions of the model. 
 

 
 
This dominance causes problems when the goal of the assessment is to determine 
the total exposure to a chemical or group of chemicals. Software that assesses 
aggregate exposures (total dose a substance received from multiple sources) and 
cumulative exposures (total doses of multiple substances received from multiple 
sources) must address multiple, independent, and diverse sources of exposure (see 
Figure 2). This creates a need for consistency across the different source-to-dose 
models. Consider a program that simulates the doses from two independent 
sources where both sources require the determination of a chemical’s 
concentration in a microenvironment, such as a backyard. If one module of the 
software assigns the person to an urban town house with a small yard and a 
second assigns the person to a rural home with a large yard, then the predictions 
of the total dose are not likely to be a realistic description of an actual person. 
Similar problems occur with assumptions concerning the person’s age, weight, or 
the season when the exposure occurs. EPA refers to this as the need for 
consistency in the ‘‘temporal, spatial, and demographic characteristics’’ of persons 
within the population (EPA, 1999). This need for consistency of assumptions for 
the characteristics of the modelled person and the microenvironments the she or 
he interacts with leads to the development of person-oriented model designs and 
moves the ‘‘sources of exposure’’ to the periphery of the model design.  
 
Modelling exposures from multiple sources, by multiple routes, and multiple 
chemicals 
 
An application that demonstrates the first two loops of the framework, the 
exposure event loop and the interindividual loop, is given in Figure 3, a flow chart 
for a multi-route, aggregate, and cumulative software program.  In this example, 
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only two chemicals are assessed; however the approach can be extended to any 
number of chemicals.   
 
The exposures in this example are assumed to occur over a period of time 
sufficiently short that; (1) when determining the toxicological effects of the 
exposures, the doses of a chemical from each source can be treated as a constant 
dose for the duration of the period of time; (2) the levels of each chemical in the 
relevant microenvironments can be treated as constants, and (3) the person’s 
exposure-related characteristics (body weight, breathing rate, tap water 
consumption, location, etc.) can be treated as constants. This period may be as 
short as a few seconds, or as long as a year, depending on the toxicological end 
point of interest, the person, and the sources of exposure (Price et al., 1996a).  
 

 
Figure 2. Multi-source exposure modelling. 
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Figure 3. Flow chart for a model of interindividual variation in exposures to multiple 

chemicals – one time step. 

 
As Figure 3 indicates, the program begins by determining the exposure-related 
characteristics of the first person being simulated in the software. These 
characteristics are those parameters required to determine the doses from the 
various sources that are related to the person and which influence the dose 
estimates for more than one source. The parameters could include information on 
demographics, housing, activities, relevant microenvironments, and the 
individual’s physiology.  
 
The assignment of the values for these characteristics is done by sampling from 
distributions that reflect the interindividual variation of the population of interest.  
For example, if the population is defined as pregnant women, then the age-specific 
pregnancy rates can be used to assign the age for the women being simulated. If 
the population is defined as persons living in a specific county then local 
demographic information can be used to assign a distribution of characteristics for 
the population.  
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Once the data for the person are determined, the program enters the exposure 
event loop. In this loop the program determines the probability of being exposed 
to each of the potential sources of the chemicals. This potential is conditional on 
the characteristics of the person. For example, if a person is one year old there is a 
higher chance that she or he will have an oral exposure to a phthalate plasticizer 
used in toys than if she or he is 25 years old. Women are more likely to have 
acetone exposure from use of nail products than men. Children living in houses 
with large lawns have a greater chance of exposure to residential lawn products 
than children living in multi-storey apartments.  
 
The decision of whether a person is exposed is made independently for each 
source of each chemical. This allows the assessor to characterize when exposures 
to different sources of the same or different chemicals will and will not co-occur. 
For example, an assessor may wish to assume that person who rides a bus to work 
on a given day will not commute in a car. Thus, in an assessment of benzene 
exposure, the determination of benzene exposures from commuting in a car versus 
in a bus can be set up as mutually exclusive. Where the exposures are associated 
with one another the decision that one exposure occurs can be used to increase 
the probability of exposure to a second source. Thus, a glycol ether exposure from 
a floor stripper (wax remover) can b e linked to an exposure from a subsequent 
application of a floor wax. This process also applies to the co-occurrence of 
different chemicals. Exposure to benzene can be modelled to co-occur with 
exposure to butadiene when they have a common source (tailpipe emissions). 
Exposures to two pesticides in competing products (that control the same pest) 
can be made mutually exclusive. This ability to make conditional decisions on 
whether a person is exposed is a critical component of the proposed framework.   
 
 Once the decision has been made that the person has been exposed to a specific 
source of a chemical, then a source-to-dose model is used to determine the dose 
for each of the relevant routes of exposure. Unlike software that is based on 
traditional source-to-dose models, the characteristics of the source, the transport 
processes, and the exposure calculations can be made contingent on the 
characteristics of the person being assessed. This allows the software to maintain 
consistency in these characteristics across the various source-to-dose models.   
 
If the exposure occurs, then the doses from the exposure to the source are 
determined. Exposure to a source may result in doses that occur by a single or 
multiple routes (oral, dermal, and inhalation) of exposure. The estimates of the 
doses from each of the relevant routes of exposure are not combined at this step 
in the simulation but are saved by route. Once the various doses are saved, the 
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program moves to the next source (another cycle in the exposure event loop). If 
the exposure to a source does not occur, then the framework proceeds to the next 
source. This program continues until all of the sources for all of the chemicals have 
been evaluated. 
 
The doses produced in one exposure event loop can be used in a variety of ways. 
The doses from each source can be summed to give total route-specific doses for 
each chemical in the mixture to which the person was exposed. In addition, the 
doses can be segregated by source to give the source-specific doses. The route-
specific doses can be used:  
 

1. As inputs to route-specific risk characterization models (using the relevant 
toxicological benchmarks for the oral, inhalation and dermal doses);  

2. Used to estimate the total dose and used in non-route specific models of 
risk; 

3. used in models of cumulative risk for exposure to mixtures; or 
4. used as inputs to physiologically based pharmacokinetic (PBPK) models of 

organ specific doses in the person 
 
The source-specific doses can be used to determine the relative source 
contribution of each source.  
 
Once the determination of the first person’s exposures is complete, the program 
leaves the exposure event loop, returns to the beginning of the program, and 
selects another person. This return creates the second type of loop in the 
framework, the individual loop. In this loop, the characteristics of this new person 
are again selected based on data on the interindividual variation of persons in the 
population of interest. Once these values are assigned, the exposure event loop is 
re-entered. The program continues to cycle through the individual loop until the 
desired number of individuals has been simulated. The outputs of this process are 
sets of route- and source-specific doses for each chemical for each of the 
simulated persons in the model run. This set of doses characterizes the 
interindividual variation in the dose(s) of a chemical or a mixture of chemicals 
across the population for a specific duration at a specific point in time.  
 
A number of software programs use this approach to estimate daily doses of 
pesticides and chemicals from dietary and air exposures. Dietary software such as 
DEEM™ (Barraj et al., 2000), and the dietary portions LifeLine™ (The LifeLine 
Group, 2002), and CARES™ (CLA, 2002) are software that follow this approach. 
When assessing a daily dietary dose, these programs pull a dietary record for one 
person from the United States Department of Agriculture’s Continuing Survey of 
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Food Intakes by Individuals (CSFII). The CSFII record contains the name and amount 
of each food item a person consumes on a day. Using this record and a list of foods 
that have pesticides residues, the programs go item by item through the daily diet 
(the exposure event loop). For each food item, the program checks to see if there 
was a residue on that food item. If there is no residue, the program goes on to the 
next food. If there is a residue, then the program determines what is the 
concentration of the residue and what is the dose from consuming the food item. 
At the end of the list, the total oral dose of pesticide from all foods is determined 
and given as an output of the daily dose. This process is repeated with other 
records (the individual loop).  
Microenvironmental software programs track persons through a series of 
microenvironments and determine the total air exposure. Examples of such 
programs include pNEM (Law et al., 1997); SHAPE (Ott, 1981); CPIEM (Rosenbaum 
et al., 2002). A similar approach also is used in SHEDS for inhalation exposure (EPA, 
2002a). These software programs begin by selecting a record of the activities of 
one person over a single day from the results of surveys of human activities such as 
the National Activity Pattern Survey (Klepeis et al., 1996), or from the Consolidated 
Human Activity Database (EPA, 2002b). These records consist of diaries of one 
person’s daily activities that specify the microenvironments the person occupied 
during a day (bedroom, kitchen, car, office, etc.), a description of what activity was 
performed in that microenvironment, and the duration of the activity. These 
programs then select the first microenvironment and determines the inhalation 
dose given the person’s breathing rate, duration of time in the microenvironment, 
and the level of contaminant in the air of the microenvironment. Once the dose is 
determined, the program moves to the next microenvironment (the exposure 
event loop). This process is repeated until all microenvironments are completed. 
The total inhalation dose is then determined for the day. This is repeated for each 
person in the population of interest (the interindividual loop). EPA has used this 
approach to estimate cumulative exposures to organophosphorous pesticides 
(Price et al., 2002; EPA, 2002c).  
 
Modelling longitudinal exposure 
 
In the above examples, the exposures are assumed to happen during a single point 
in time. Over longer periods of time, inputs to the source-to-dose models cannot 
be assumed to be constant.  In addition, exposure to specific sources will begin and 
end at specific times.  As a result of these changes, a person’s exposures will vary 
over time. 
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Figure 4. Flow chart for the complete framework consisting of four loops: uncertainty, individual, time 

step, and exposure event. 

 
Figure 4 presents a flow chart for a longitudinal software program that determines 
how individuals’ exposures change over time. (Note, to simplify the presentation 
the flow chart only addresses a single chemical. As discussed above, the 
framework can be extended to any number of chemicals.) 
 
Modelling longitudinal exposures is achieved with an additional loop called the 
‘‘time step loop’’. The time step loop occurs between the exposure event and the 
individual loops. As Figure 4 indicates, the program again begins with a definition 
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of the person’s characteristics; however, now the characteristics are those that 
apply to the first time step. The program then enters the exposure event loop and 
the exposures from each exposure source are modelled. As discussed above, the 
period of time that applies to the exposure event loop is assumed to be sufficiently 
short that all of the inputs to the exposure-to-dose models can be viewed as 
constants. Once each source of exposure is modelled, the program determines if 
there is an additional time step to be modelled. If there is an additional step, the 
characteristics of the person, the microenvironments, and the sources of exposure 
are modified to reflect changes that occur between the two time periods. Once the 
characteristics are revised, the program then returns to the beginning of the 
exposure event loop to determine the doses that occur to the individual in the new 
time step. This returning back and revision of the time-sensitive characteristics is 
the time step loop. If there are no additional time steps to be assessed, the 
program moves to the next person (the individual loop). 
 
There are a number of methods for modelling longitudinal exposures in individuals 
who have been adopted by different modellers and the area is the subject of 
ongoing research. A full discussion of the approaches is beyond the scope of this 
paper; however, the proposed framework provides support to longitudinal models 
in two ways. First, the framework provides the longitudinal models a rich definition 
of the time variant and invariant characteristics such as the nature of the 
microenvironments, day of the week, and season of the year.  
 
Second, the framework is modelled a series of chronological time steps. By 
sequentially modelling the time steps, the framework is able to use the 
characteristics of the person, microenvironment, and sources at one time step to 
predict characteristics at the subsequent time step. This allows the modeller to 
capture known temporal dependencies. For example, body weight would not be 
expected to significantly change from day to day but would change over ages 0 to 
18. Painting a room in a home will result in a release of glycol ether on the day that 
the paint is applied and on subsequent days.  
 
The output from this longitudinal model is an ‘‘exposure history’’ for each of the 
modelled persons. The exposure history consists of the route- and source-specific 
doses for each chemical for each time step. The exposure histories of multiple 
persons allow the characterization of both inter- and intraindividual variation. This 
approach has been used in a number of longitudinal models (LifeLine™ (The 
LifeLine Group, 2002), CARES™ (CLA, 2002), SHEDS (EPA, 2002a), APEX (EPA, 2003), 
and Calendex™ (Novigen, 2000).  
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This output of the time step loop can be used in a number of ways. First, the data 
can be averaged to give estimates of the average dose over longer periods of time. 
Thus, if the time step was a single day and if the model is run for 365 days, then 
the daily doses can be averaged to give a prediction of the person’s annual average 
dose. Second, the highest daily dose in a given year can be determined by ranking 
the 365 daily doses for a single simulated person. This ‘‘peak’’ annual daily dose 
can be used to evaluate acute risks that the person receives over time (Price et al., 
2002). This peak exposure can be useful in the evaluation of events that happen 
infrequently such as painting a room or staining a deck.  
 
Third, the exposure histories can be used as inputs to PBPK models. Such models 
can be used to predict the time course of internal doses that occur because of total 
exposures. These internal doses can be used to estimate doses to the reproductive 
organs and the foetus. Because the data are longitudinal exposures for a specific 
person, the cumulative impact of chemicals, their metabolites, and cellular damage 
can be modelled (LifeLine, 2005). Because exposure histories are available for each 
person, the interindividual variation in such measures of cumulative impact can be 
modelled.  
 
Modelling uncertainty 
 
Up to this point, the discussion of the framework has been limited to variation, 
interindividual variation in selecting a person’s characteristics and intraindividual 
variation in the person’s characteristics over time. Uncertainties in the inputs and 
their impact on the resulting dose estimates have not been discussed.  
 
The estimates of exposure produced by this framework are subject to a number of 
uncertainties. Inputs to simulation programs are subject to uncertainties from 
sampling bias, limitations in analytical methodologies, or limited sample size 
(Morgan and Henrion, 1990). In addition, use of specific algorithms results in 
additional uncertainty (modelling uncertainty) (EPA, 1992). Finally, there are 
unknown sources of uncertainty (surprise) (Hammit and Shlyakhter, 1999).  
 
Modelling cannot be performed for all sources of uncertainty. However, 
uncertainty in inputs and in algorithms can be characterized in the framework 
using a fourth loop called the uncertainty loop. Figure 4 presents a flow chart for a 
software program similar to that in Figure 3 but where uncertainty is quantitatively 
modelled in an outer uncertainty loop. In this outer loop, the framework adopts 
alternative analyses of exposure that reflect uncertainty in model inputs and 
model algorithms. For example, if the distribution of air concentrations in homes is 
described by a lognormal distribution with an uncertain mean, alternative values 
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for the mean can be specified in the outer loop. The approach of using an outer 
loop to model uncertainty has a long history in simulation software (Bogen and 
Spear, 1987; Hoffman and Hammonds, 1994; Price et al. 1996b). The approach is 
also used in SHEDS (EPA, 2002a).  
 
The output of this joint model of uncertainty and variation is an uncertainty 
distribution around each of the outputs of the framework described in the 
previous section. Thus while the model described in Figure 3, can provide an 
estimate of the 95th percentile for an annual average exposure to persons in a 
population, the addition of the uncertainty loop allows the determination of 
confidence limits on that estimate that reflect specific sources of uncertainty 
 
Technical Issues in the Application of the Framework 
 

Defining the population 
 
Characterization of interindividual variation begins by assigning sets of values that 
reflect the variation in the values occurring in the population of interest. This 
requires that the software begin with a clear definition of the target population. 
Without a clear description of the population that is being assessed, it is possible 
to bias the assessment and misuse data. Populations can b e defined in three ways; 
in terms of the specific sources of exposure included in the assessment, the 
availability of data, or the use of a standard predefined population.  
 
As discussed above, the population in source-to-dose models is the population 
receiving a dose from the source. Examples of this approach include consumers 
who use a product or persons living downwind or downstream of a point source. 
This approach raises some difficulty in that such populations may differ from the 
general population and, thus, data on variation taken in the general population 
may not be relevant. For example, householders with gardens tend to be older 
than the general population of homeowners (USEPA, 1992). Thus the use of data 
on the number of small children in homes in the general population will 
overestimate the frequency of small children present in homes with gardens. 
Defining the population in terms of an exposure source becomes unwieldy when 
multiple sources of exposure are being modelled. Consider an assessment that 
evaluates three phthalates and uses the exposures to the chemicals as the basis for 
the population to be modelled. One phthalate is used in cosmetics, the second in 
children’s toys, and the third in food packaging (ATSDR, 1990, NCEH, 2003). Each 
phthalate has a distinct exposed population (toys - small children, cosmetics - older 
children and adults, food containers - all ages) and have some potential for overlap 
(small children passively come into contact with makeup on adults, some young 
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children actively use makeup, some parents handle toys, and all consuming food 
packaged with the phthalate). Such cumulative populations become very difficult 
to describe or to model.  
 
The alternative approach is to define the population in terms of some independent 
demographics. Examples might include, the general US population, all persons 
living in town houses, workers in a specific SIC code, or all 3-year-old children. 
Under this approach, persons in the population are included in the software 
whether or not they are actually exposed to one or more sources and the program 
determines if they are exposed or not exposed. If they are not exposed, the 
program predicts a dose of zero for the persons. The result is a prediction of the 
distribution of doses in a population that includes some fraction of the population 
having zero doses.  
 
This approach has a number of advantages. First, it allows the use of national 
demographic data for the population. Second, the program can be extended to 
new sources of exposure. The drawback to this approach is that it wastes the 
computer’s time in selecting and evaluating nonexposed persons. However, 
tailoring the program to the demographic groups with the greatest potential for 
exposures can minimize this drawback. For example, if the exposure is associated 
with swimming in a home pool, the program can be limited to homeowners with 
pools.  
 
A third approach is to use a predefined population that is based on one or more 
major surveys of exposure related information. CARES™ has created a ‘‘reference 
population’’ of 100,000 persons who have detailed information on their properties 
specified. The population is designed to be representative of the US population 
(Sielken and Holden, 2001). In Calendex™ all adults are based on the persons who 
participated in the 1994–1996, 98 Continuing Survey of Food Intake by Individuals 
(Novigen, 2000). SHEDS is based on the persons with activity patterns in CHADS 
database of activity patterns (EPA, 2002a). The drawback to this approach is that 
subpopulations of interest may not be well represented in such reference 
populations.  
 
Modelling correlation and autocorrelation 
 
A major concern in defining inter- and intraindividual variation in exposures is the 
correlation among values that occur for different characteristics. Failure to capture 
correlations can affect the estimates of the distributions of dose and risk. There 
are two approaches to defining correlations. The first approach is to rely on data 
taken from a record of data taken from a single person (a record-based approach). 
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Record-based approaches capture the correlations between the values of a 
person’s exposure characteristics since the data come from a single person. 
Record-based approaches have been used for the evaluation of dietary and human 
activity pattern-based assessments.  
 
There are, however, drawbacks in relying entirely on a record-based approach. 
First, while surveys have been performed of human activities and diet, no survey 
has been performed that captures all of the behaviours that are associated with 
chemical exposure (use of consumer products, hobbies, home heating system, 
room sizes, or air exchanges rates). In addition, it is difficult to obtain survey 
results on a person’s behaviours for periods of time longer than one or two days. 
Therefore, strict reliance on record-based approaches cannot be used to 
investigate exposures that occur over longer periods of time then a few days. 
Because of these limitations many software programs cannot rely on a strict 
record-based approach.  
 
Modelling the person, family structure, and residence 
 
The characteristics of the person go beyond data on activities and physiology. The 
person’s potential for exposure will require defining the person’s residence and 
family structure. The reason for this is that the potential for exposure will be 
affected by both the characteristics of the residence and the activities of other 
persons in the home.  
 
The characteristics of a home have a great influence on the potential exposure. 
Parameters that should be considered in the model included room sizes and air 
exchange rates, the relationships between room locations, heating systems, and 
the presence of attached garages, workrooms, and home offices.  
 
The family structure has a great influence on exposures. Parents of infants in their 
homes have different activity patterns, diets, and uses different products then 
adults without children. Thus, the model may be required to assign a family 
structure to the person (other adults, children, infants, etc) present in the home. 
Modelling family and other personal interactions is an open-ended task. Therefore 
it is critical that the user define the sources that will be modelled and limit the 
modelling of other individuals to those events that affect the person’s exposures to 
those sources.  
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Management of outputs 
 
A drawback to the proposed approach is the amount of data that would be 
generated. Consider the following scenario: An analysis of inter- and intraindividual 
variation is performed and generates estimates for 1000 children. The software 
determines inter- and intraindividual variation of daily doses of five chemicals over 
the 2-year period from the children’s second to fourth birthdays. This requires 
calculating estimates for 730 days (2x365 days). If the exposures occur by all three 
routes, then for each day there are three doses for each of the five chemicals. The 
total number of doses modelled is:  
 
1000×730 days×3×5= 1.1×10

7 

 
If the uncertainty in the estimates is evaluated then an additional 500 iterations of 
the uncertainty loop are performed.  
 
1.1×10

7
×500= 5.5×10

9
 

 
As this demonstrates, even a modest number of iterations for uncertainty and 
variation can result in very large data outputs. These outputs result in large files 
and long run times.  
 
One approach that can assist in this problem is to decide prior to the assessment 
which outputs are of interest and save only those outputs that are of interest. For 
example, if the analysis of interest is annual exposures then the model can be 
instructed to average the 730 days into two annual doses. This would reduce the 
output files 365 fold. If confidence limits are needed on the mean and the 95th 
percentile of the variation in the population, then the mean and the 95th 
percentile of the simulated population can be determined as part of the 
uncertainty loop and saved. This will reduce the output to 1000 outputs (500 
estimates of the mean and 500 estimates of the 95th percentile). The drawback to 
this approach is that the model will have to be rerun if alternative measures are 
required.  
 
Summary 

 
The framework described in this paper, while simple, has the ability to model 
doses with duration ranging from acute to lifetime and for ages varying from 
conception through birth to any age. The approach can be extended to any 
number of chemicals, sources of exposure, and routes of exposure. The approach 
allows for the correct separation inter- and intraindividual variation and 
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uncertainty. Finally, the proposed approach is consistent with many models 
currently in use or under development by EPA, academia, and industry.  
 
Person-oriented modelling rather than source oriented modelling provides a 
number of advantages. First, it is the risks to persons and how they change as a 
function of sources and mitigation that is the ultimate goal of the model. Second, 
inter- and intraindividual variation in dose and risk are key outputs for the model. 
Thus, the model should begin with a specific focus on inter- and intraindividual 
variation. Third, defining internally consistent doses from exposure to multiple 
sources and routes of exposure to one chemical or to multiple chemicals can only 
occur if the same person is modelled for each source. Focusing the modelling on 
the person allows for the calculation of internally consistent models of the 
person’s exposures with regard to time, location, age, and source. Finally, focusing 
on the person allows the model to track each person over time (from the 
characteristics of the parents at conception, the characteristics of the mother 
during pregnancy, and the characteristics of the person from birth to the end of his 
or her life).  
 
Construction of computer programs based on this framework has the additional 
benefit of increasing linearly with the number of sources. This is in contract to 
programs such as decision tree analysis where model complexity and run times 
increases geometrically. This means that large numbers of sources can be tracked 
in one model. In addition, adding additional sources to an existing model can be 
easily performed.  
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Abstract 

 
This chapter presents an assessment of current risk management practices for 
synergy. This approach is the reverse of the approach used in most discussions of 
synergy that focuses on the implications of synergy for risk management. In this 
chapter, we ask .What characteristics would synergistic effects need to have to 
cause the current methods for assessing chronic human noncancer effects to 
underestimate the toxicity of mixtures?. To answer this question, we review how 
synergy could affect the toxicity of a mixture and how noncancer risks of mixtures 
are determined and managed. These findings characteristics are used to 
investigate the relevance of specific findings of synergy and suggest directions for 
future research in this area. The chapter provides graphic and quantitative 
approaches tools for relating research findings of synergy to risk management 
decisions. An illustration of the application of these tools is provided. On the basis 
of the data available, it appears that many examples of synergy in the literature 
have little relevance to chronic noncancer risk management decisions and that 
existing approaches for risk management of mixture exposures that do not 
consider synergistic effects are protective.  
 

Keywords: complex mixtures; critical effect; reference dose; relative potency 
factor; risk management; chronic; sensitive human NOAEL; interaction threshold.  
 
Introduction 

 
Any discussion of the risks from exposure to mixtures quickly comes round to the 
concept of synergy and the role that synergy plays in the toxicity of mixtures. All 
too often, at this point, the conversation ceases to be hopeful and the tone 
becomes one of quiet frustration [1]. There is a recitation of examples where 
synergy has been shown to occur and then a litany of reasons why it is difficult to 
address the issue. One might hear statements similar to the following: “Well the 
currently available in vivo tools are not amenable to investigating synergy,” “There 
are an infinite number of combinations we can’t test them all,” “We acknowledge 
the potential for synergy, but do not address it quantitatively,” and “There are no 
agreed upon methodologies for accounting for synergy.” At the end, one is left 
with the impression that whether or not synergistic effects actually pose a risk to 
public health, the understanding of the risks posed by synergy is still a work in 
progress. 
 
This chapter investigates the issue of synergy using an approach that has been 
touched upon in prior publications [2], but has not been fully explored. Instead of 
asking how risk management can account for the occurrence of synergy, this 
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chapter asks what characteristics would be required in order for synergy cause risk 
management processes (that do not account for synergy), to underestimate the 
risks posed by mixtures of chemicals? This chapter begins with a review of synergy 
and the current practice of risk management of chemical mixtures. The estimates 
of the safe doses of mixtures and their components for test animals and humans 
permitted under current models of mixture toxicity are examined and the 
implications of the models for exposure to components of the mixture are 
discussed. A graphic approach is then presented for integrating findings of synergy 
into the risk management frameworks established by current models of mixture 
toxicity. An illustration of the approach is provided. Finally, we review the current 
literature on findings for low-dose interactions and recommendations for 
extrapolation of synergy observed at high doses to lower doses.   
 
This chapter focuses on risk management of chronic noncancer effects in humans 
from exposure to discrete mixtures. Elevated toxicity due to synergistic 
interactions is an issue that also needs to be considered for acute noncancer and 
for cancer end points and for effects on environmental receptors (algae, fish, birds, 
etc.); however, these issues are not addressed in this chapter. Exposure to 
mixtures occurs in a variety of ways, such as exposures to discrete mixtures, 
cumulative exposures from multiple sources, co-exposure to parent compounds 
and metabolites, and so on. This chapter focuses on exposure to discrete mixtures; 
however the conclusions in this chapter may be relevant to other types of 
mixtures.  
 
Synergy 
 

The term synergy has been applied to a number of different phenomena [2, 3]. In 
this chapter, synergy is defined as a supra-additive dose response as a result of 
concurrent exposure to two or more chemicals [4]. Synergy has been observed to 
occur in a number of instances [5] and there are a number of mechanisms by 
which synergy occurs [5–7].  
 
Synergy poses a number of challenges to assessing risks from mixtures. It appears 
as an emergent property of mixtures and is difficult to predict from the results of 
the limited in vivo studies that are typically available for chemicals [1]. The concern 
is that like a “wild card” synergy could potentially turn any combination of low-
toxicity components into a toxic mixture of concern. Because synergy can elevate 
toxicity and is not readily predictable, it hangs like a cloud over mixture risk 
assessments.  
The occurrence of synergy and other interactions is favoured by the laws of 
mathematics. Exposure to a mixture of two compounds (A and B) produces one 
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opportunity for synergy since there is one pair of chemicals (AB). Mixtures of three 
compounds (A, B, and C) have three opportunities for synergy since there are three 
unique combinations (AB, BC, and CA). For a mixture of 30 compounds there are 
435 pairs and for a mixture of 100 compounds, 4950 pairs. By this argument, if 
synergy occurs in only one pair of chemicals in 10 000, then at least one instance of 
synergy would occur in half the mixtures containing 100 compounds.   
 
Weighing against this prediction of enhanced toxicity in complex mixtures is the 
observation that most of the objects and media we encounter in life and all foods 
we consume are complex mixtures containing hundreds or thousands of 
compounds. In the case of food, many of these compounds are known to have 
considerable toxicity [8, 9].A full discussion of risk and benefits of the complex 
mixtures that form our foods is beyond the scope of this chapter, but it is clear that 
synergy must be either extremely rare or not result in significant increases in 
toxicity in foods that humans consume (see chapter 23 for additional discussion of 
mixtures in our diets).  
Strategies to account for the occurrence of synergy in mixtures include:  
 

 Performing testing of whole mixtures; 

 Incorporating dose-response data from the joint testing of binary 
components; or 

 Modelling the mechanism of dose interaction 
 
The potential for synergy to affect a mixture’s toxicity is most directly addressed by 
testing the toxicity of the entire mixture. This approach fully captures the 
interactions between components of the mixture. Testing individual mixtures; 
however is generally not feasible because of the vast number of mixtures and the 
expense of performing in vivo testing. This may change in the future with the rise 
of in vitro approaches to toxicity testing [7] (also see chapter 7).  
 
The second option is to evaluate the interactions between individual components 
in mixtures and use these data to predict the behaviour of the entire mixtures. 
While synergy has been reported to occur in combinations of three or more 
compounds, characterizing the mechanisms of synergy has often been based on 
understanding the interaction between pairs of compounds [10–13]. The 
interactions in more complex mixtures are characterized by building on the 
understanding of binary interactions. Techniques to use data on binary mixtures 
include both PBPK-based approaches [10] and conceptual approaches (weight of 
evidence) [14–16] (see chapter 5 for additional discussion on this approach).  
 



 
 

 

67 
 

Finally, if the mechanism of action of each component in the mixture for the 
critical effect is known, then mechanistic models of the mixtures can be developed 
[7, 17]. All of these approaches require compound-specific data that may not be 
available for every component of mixtures of interest.  
 
Risk Management and Synergy 
 

Risk management of chemicals has been divided into two basic approaches. One 
approach is to assume no threshold and use a response addition model. This 
approach has been applied to cancer and genotoxic effects [15]. For other effects, 
the focus of risk management has been on estimating doses of chemicals that are 
unlikely to cause adverse effects in sensitive humans [18]. Under this approach, a 
battery of in vivo toxicity tests is used to identify a chemical’s critical effect. The 
critical effect is the effect that occurs at the lowest dose as a result of either 
chronic or acute exposure. The dose response for this effect is used to establish a 
point of departure (POD). The POD could be a lowest observed effect level 
(LOAEL), a no-observed adverse effect level (NOAEL), no-observed effect level 
(NOEL), or benchmark dose (EPA noncancer policy [19]). The POD is then used to 
estimate a dose that is protective of sensitive individuals using a series of 
adjustment factors. These adjustment factors and POD produce conservative 
estimates of safe doses that reflect the toxicity of the chemicals and the quality of 
the toxicity data available for a particular chemical [20]. These estimates of safe 
doses have been given a variety of different names by different standard setting 
organizations including reference dose (RfD), tolerable daily intake, allowable daily 
intake, or the derived no-adverse effect level  
 
Setting safe levels of a chronic exposure to a mixture is a two-step process. The 
first step is to develop an estimate of the toxicity of the mixture, the POD, based 
on in vivo study data of the mixture’s components, the mixture itself, or the 
related mixtures *15+. The second step is the extrapolation of mixture’s toxicity 
data in the test animal to an estimate of the safe dose for sensitive humans. 
 

 
Figure 15.1 Two approaches for setting safe doses for mixtures 
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Interestingly, different mixture risk assessments have performed these two steps 
in different orders, Figure 15.1. For example, the toxicity of exposure to mixtures 
of organophosphorous pesticides in diet performed by EPA under the FQPA used 
relative potency factors (RPF) to estimate the animal toxicity of the mixture and 
then extrapolated the estimates to a safe dose for sensitive humans [21]. In 
contrast, the hazard index (HI) method for evaluating mixtures first converts the 
animal data on the components of the mixture to estimates of safe dose in humans 
(RfDs) and then estimates the safe dose of the mixture for humans [15].  
 
Not all findings of synergy have a direct impact on the risk management of 
mixtures. Figure 15.2 presents results from two hypothetical examples of 
experimental data demonstrating synergy in mixtures containing two compounds 
A and B. In both examples, a dose of B (that does not cause an adverse effect) 
coadministered with a range of doses of A increases the response to A. In Example 
1, B changes the threshold of A. This type of synergy is very relevant since it 
changes the POD of the mixture. Example 2 shows that B increases the response 
rate of A above the threshold but does not change A.s threshold. This type of 
synergy does not affect the current system of noncancer risk assessment since the 
threshold dose does not change. 
 

 
Figure 15.2 Examples of synergy that changes risk management decisions for mixture and synergy that 

has minimal impact 

 
For this reason, findings about synergy that occur when one or both chemicals are 
below the NOAELs of the individual chemicals should receive additional attention. 
Such findings demonstrated that synergy both occurs and changes the mixture’s 
threshold dose.  
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Mechanisms of chemical interaction can provide plausible justification for both 
types of synergy. If B facilitates the uptake of A, then it would shift the entire curve 
by increasing the effective dose at all dose levels of A. If B inhibits the recovery 
from the effects of A, then it would change the slope of the response but not the 
threshold dose.  
 
There are also risk based issues why certain findings of synergy may not be 
relevant to the management of chronic effects. Demonstrating synergy is a 
resource-intensive process since testing of both the mixture and the mixture 
components is required. As a result, many studies of mixtures rely on acute and 
subchronic end points [22–24]. The organ or mechanism for the end points 
measured in the studies may not be the same as the critical end point used to set 
the chronic RfDs. If the end point is not related, then a finding of synergy may be of 
little importance for the management of the risk of chronic effects.  
 
More importantly, acute end points generally require much higher doses than 
chronic end points (see Section 15.6). At these higher doses, the chemical 
components of the mixture cause a number of effects that are not adverse over 
the duration of the acute tests and appear as NOAELs. These effects are known to 
occur because over longer durations of exposure they lead to chronic toxicity. 
These effects can form the bases for observations of synergy when one or both 
chemicals may be at or below the acute NOAEL. This suggests that findings of 
synergy involving doses below an acute NOAEL would not necessarily imply that 
synergy would occur below chronic NOAELs, and again may not be relevant to 
setting chronic standards.  
 
Models of Mixture Toxicity 

 
A number of recent publications review models that can be used to estimate the 
safe doses of mixtures based on toxicity data on mixture components [6, 15, 25–
27]. In the case of chronic noncancer effects where no data on interactions are 
available, the toxicity of mixtures is addressed using additive or independence 
models. The additive model has been described as being neutral with respect to 
synergy [15]. This model assumes that the components will neither suppress nor 
enhance each other’s responses or that any deviations from additivity will cancel 
each other out. Neither the additive nor the independence models of mixture 
toxicity, however, directly account for the possibility that synergy will increase a 
mixture’s toxicity.  
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Additive Models 

 
Additive models of mixture toxicity assume that each chemical produces the same 
effects but at different doses. Adjusting for these differences using relative 
potency factors (RPFs) yields equivalent doses that can be summed to determine 
the mixture’s response *6+ (This approach is also discussed in chapters 3, 4, 10 and 
18.)  
 
Under additive models, the safe dose of a mixture can be determined from the 
prediction of the composition of the mixture and information on the toxicity of 
each component. The safety of mixtures is often expressed in terms of the hazard 
index (HI). Intakes of mixtures that result in HI values of less than 1 are considered 
to be safe. (In this approach, the RPF for a chemical is the inverse of each 
chemical’s RfD). The value of the HI from exposure to one or more sources of 
multiple chemicals is given by Eq. (15.1).  
 

 
 
where Di is the dose of the ith component of the mixture (mg/kg/day) and RfDi is 
the reference dose of the ith component (mg/kg/day). The ratio of the dose to the 
RfD has traditionally been called the hazard quotient (HQ) [15].   
 
Additive models of mixture risk can be used to derive an estimate of the safe dose 
of any discrete mixture where the composition of the mixture is known and RfDs 
are available for each component of the mixture. This mixture RfD is calculated 
using Eq. (15.2) [15]  
 

 
where Fi is the fraction of the mass of the mixture for the ith component of the 
mixture.  
An alternative additive model that has been used for pesticides is based on a 
benchmark chemical and RPFs. Ratios of consistent measurements of response 
such as ED10 have been used to set the RPF values. Under this approach, the 
toxicity of a mixture is  
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where RfDB is the reference dose for the benchmark chemical, and RPFi is the RPF 
for the ith chemical. Other variations on the additive models also exist [15, 26].  
 
 
Independence Models 
 

The independence models make the explicit assumption that none of the mixture’s 
components interact. While there is no interaction, the responses from each 
component are still added [6]. This response addition could influence the 
determination of the POD if the POD is based on a benchmark dose [15]. (chapter 
10 provides additional discussion on the independence model.)  
 
Placing doses used in studies demonstrating synergy into a risk management 
framework 
 
Setting a safe level for mixtures using the independence assumption involves 
setting a separate assessment for each mixture component. In these component-
specific estimates, the safe dose of the mixture is determined on the basis of the 
toxicity of the one component and assuming that the other contaminants merely 
dilute the component. A dose of a mixture that would allow a safe dose of the ith 
component of the mixture where the mass fraction of the component in the 
mixture (Fi) is given by  
 

 
 
The mixture reference dose determined by an independence model would be the 
minimum value of the safe dose from the ith component for all of the mixture’s 
components.  
 

 
 
Exposure to the Components Permitted Under Additive and Independence 

Models 

 
The dose of each chemical component of a mixture that will occur when an 
individual receives a safe dose of a mixture (e.g., a dose less than the safe dose 
estimated by an additive or independence model) is a function of the dose of the  
mixture and the values of Fi for the individual components. The doses of the 
components permitted under the additive and independence models are  
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Under the additive model, individuals exposed to the maximum dose of the 
mixture will not receive a dose of any mixture component greater than the safe 
dose (RfD) of the component. Under the independence model, individuals exposed 
to the maximum dose of the mixture will receive a dose of one mixture component 
that is equal to the RfD of that component. Doses of remaining components will be 
at or below their respective RfDs. 
 
Placing Doses Used in Studies Demonstrating Synergy into a Risk 
Management Framework 
 
A graphic approach is used to place the doses of mixtures used in synergy studies 
and the doses allowed under different risk models into a common framework. This 
approach builds on the isobologram format used in many mixtures studies. The 
presentation of this approach takes into account the two-step process for setting 
safe levels of mixtures for sensitive humans (see Figure 15.1). The first step of the 
process is to characterize the doses permitted to test animals that would be 
allowed under additive and independent models using the Eqs. (15.7) and (15.8). 
The second step is to examine how the RfD-setting process affects the doses 
permitted for humans under the use of RfD-based models of mixture risks. The first 
step is presented in this section and the second step in Section 15.7.   
 
We begin the presentation of the approach with mixtures containing two 
compounds then expands the approach to more complex mixtures. Figure 15.3 
presents the range of possible doses of two chemicals A and B (DA and DB) 
normalized to the chemicals’ chronic NOAELs. The chronic NOAELs are defined in 
terms of the absence of all adverse effects of the chemical in a test animal. The 
normalized doses appear as two axes in the graph. The doses of A and B received 
as a result of exposure to a specific mixture appear as a point on this graph. The 
single point in Figure 15.3 indicates a study where an exposure to a mixture 
resulted in a dose that is three times the chronic NOAELs of chemicals A and B. 
 
The graph can be divided into different regions. Region 1 consists of the 
combinations of doses where both the doses of both compounds exceed their 
respective chronic NOAELs. Region 2 consists of the combinations of doses where 
one of the chemical’s doses exceeds the chemical’s NOAEL. Under risk 
management  
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Figure 15.3 Plotting the normalized doses and identifying regions of 
unacceptable chronic doses of binary mixtures 

 
 
decision making, chronic doses of mixtures that fall into regions 1 and 2 are not 
permitted, not because of concerns for synergetic effects but because of the 
toxicity of either one or both mixture components.  
 
In the case of a mixture of chemicals A and B, the maximum doses of chemicals A 
and B that are permitted from safe level of exposure to the mixture for the test 
animals are limited. For the additive model these Levels are given by Eq. (15.8).  

 
Under independence models of mixture risk, Eq. (15.5), the permitted doses are 
also restricted to doses below the NOAELs; however, the permitted doses are 
independent of the concentration of the other component. The doses of the 
components are given by Eq. (13.9).  

 
The independence model (13.9) allows dose combinations that fill the entire 
remaining region in Figure 15.4. The additive model (13.8) allows the dose 
combinations that fill a triangular area close to the origin. Region 3 is defined as 
dose combinations that are not allowed under an additive model but are allowed 
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under an independence model. Region 4 is defined as doses that are allowed 
under both models. 

 
Figure 15.4 Identifying regions of acceptable chronic does under additive 

and independence models of mixture toxicity 

 

 
Figure 15.5 Placing doses from synergy studies into the four regions and describing 

extrapolation of synergy findings from regions 3 and 4 

 
With this framework, it is possible to place data on synergy in binary mixtures into 
a risk management context. The doses of the binary components in studies that 
demonstrate synergy can be assigned a location in one of these four regions 
(Figure 15.5). Studies that have demonstrated synergy for dose combinations that 
fall in regions 1 and 2 are not directly relevant to setting safe doses of mixtures for 
chronic exposures. The additive and independence mixture models already have 
determined that such mixtures are unsafe because of the concern for the toxicity 
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of the mixture components. Thus the finding of synergy does not change the risk 
management decision for the mixture. Observations of synergy in mixtures that fall 
into region 3 are relevant for setting safe doses of mixtures under an independent 
model since such doses would be permitted under such a model. The doses that 
fall into region 4 would be relevant for setting safe doses under either 
independence or additive models.  
 
Data on synergy from dose combinations that fall into regions 1 and 2 could still 
suggest an indirect concern if the available data imply that the synergy observed at 
higher doses persists at lower doses. (These lower doses appear as a ray in Figure 
15.5.) Thus, if data suggest that a threefold increase in response above additivity 
observed at doses of A and B that are three times the test animal’s chronic 
NOAELs, and the data suggest that some portion of the increase also occurs at 
doses at the animal’s NOAELs, then the finding will be relevant for independence 
models of mixture toxicity. If the data imply that an increase also occurs at doses 
less than 50%of the animal’s chronic NOAELs (region 4), it also would be relevant 
to doses permitted under additive models.  
 
Extending the Approach to Mixtures of Three or More Chemicals 
 

The above approach for displaying the doses of mixture components can be 
extended to more complex mixtures. As discussed above, mixture of three or more 
compounds will have three or more unique pairs of chemicals. Each pair from a 
mixture that has been shown to cause synergistic effects can be plotted in one 
graph. For consistency sake, the larger of the two normalized doses is plotted on 
the x-axis and the smaller of the two normalized doses are plotted on the y-axis. 
This allows the display of how each pair of the chemicals in a mixture compares to 
the chronic NOAELS of the chemicals.  
 
An illustration of how a more complex mixture can be plotted is provided in Figure 
15.6. This figure presents the normalized doses of components in a 10 mg/kg dose 
of a mixture of five organophosphorous pesticides tested by Moser et al. [23].  
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Figure 15.5 Placing doses from studies of synergy in more complex mixtures. 

 
Since there are 5 pesticides, there are 10 unique pairs of pesticides that appear as 
10 points on the graph. All doses of the mixture components in the 10/mg dose 
groups are at or above the no-observed effect level used to set the chronic 
standards of the components. The data point for the largest pair of the pesticides 
(based on a fraction in the mixture and toxicity) occurs between Malathion (36 
times it’s (No Observed Effect Level (NOEL)) and Dimethoate (20 times its NOEL).  
 
Using the Graphic Framework to Place Data on Synergy into a Risk 
Management Context 

 
The Moser et al. study [23] investigated a mixture of five pesticides determined to 
co-occur at specific relative ratios in U.S. diets. The mixture was studied in a ray 
design where the composition of the mixture is held constant but the doses of the 
mixture are varied. The individual pesticides were studied separately and an 
additive model of the mixture’s toxicity was developed and used to predict the 
response of the mixture at the different doses. The actual responses were higher 
than those predicted by the additive model indicating a synergic response. Table 
15.1 presents the fraction of each pesticide in the mixture, the doses administered 
in the three lowest doses in the study (10, 20, and 40 mg/kg of the mixture), the 
degree of synergy (ratio of the value from a response curve fitted to the observed 
data to the value from the response curve predicted by the additive model), and 
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the NOEL used in setting the compounds’ chronic standards. The magnitude of 
synergy at the lowest dose estimated was 2.5 times higher than the additive model 
predicted and increased to 20 times higher at 40 mg/kg.  
 
Because the composition of the mixture is known and the NOELs for each 
compound are available, it is possible to estimate the maximum doses of the 
mixture and its components that would be allowed under additive and 
independence models (Table 15.2). Figure 15.7 presents the data points for top 
pair of pesticides in the three test doses and in the doses permitted under additive 
and independence models. In order to display the results of the study, the 
dose/NOEL ratios are presented on a log scale. In addition, the size of the 
synergistic factor associated with each of the doses is given above the data point 
for each dose group. Note, in order to easily place the data on the figure, the ratios 
of dose to NOAEL are placed on a log scale. As a result, the boundary between 
regions 3 and 4 now appears as a curve.  
 
 

Table 15.1 Data on components of organophosphorous pesticide mixture 
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Figure 15.7 Plot of the highest pair of components of the 10, 20, 40 mg/kg/day dose groups from Moser 
et al. [23] and the corresponding maximum doses permitted under independence and additive models. 

 
As Table 15.2 and Figure 15.7 show, the smallest of the administered doses, 10 
mg/ kg, in the Moser et al. study is 78 times larger than the doses that would have 
been permitted under an additive model and 36 times the doses that would be 
allowed under an independence model of animal toxicity. This finding is not 
surprising since a single dose was used in the study; however this indicates that the 
finding of synergy in this study falls into region 1 and is not directly relevant to the 
management of mixtures of organophosphorous pesticides.  
 
The data from the study also provide insight into whether the study’s findings 
could provide indirect evidence of synergy at lower doses. The level of the synergy 
observed was highly dose dependent. The synergy declined at lower doses 
dropping from 20- to 2.5-fold over a 4-fold change in dose. Given this finding, it is 
unlikely that synergy will persist over an additional 36–78-fold drop in dose. Thus, 
while the finding of synergy in this study may be useful in understanding the 
mechanism by which various organophosphorous pesticides interact at high doses, 
it does not provide compelling evidence that an additive model will underestimate 
chronic risks from the organophosphorous pesticides.  
 
This illustration also demonstrates that chemicals that have lower toxicity and 
occur at lower concentrations will be restricted to smaller doses under both 
models of mixture toxicity. As shown in Table 15.2, exposure to one of the five 
pesticides was limited to 1/80 of the chemical’s NOEL and two others to 1/8 of 
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their NOELs. The impact of this is a reduction of the number of pairs of chemicals 
where synergy is likely to occur. While there are ten unique pairs of pesticides in 
the mixture, there is only one pair of pesticides, Malathion and Dimethoate, where 
the doses of both chemicals are greater than 25% of the chronic NOAELs.  
 
Doses of Mixture Components Permitted Under Current Models of 
Mixture Risks for Humans 
 
Discussions in Sections 15.5 through 15.7 only address the issue of synergy in 
determining safe doses of mixtures in animals. The ultimate goal of mixture risk 
assessment is to identify safe doses that protect sensitive humans. As a result, 
assessments of the risks posed to humans must address from animal data to a 
dose that is protective of a sensitive individual. This extrapolation is performed 
using a series of uncertainty factors that convert the POD to RfDs. 
 
Recent Findings on the Relationship between Chronic Toxicity in 
Sensitive Humans and Reference Doses 

 
In the case of a two chemical mixture, the doses of chemicals A and B that are 
permitted for humans under additive models are given by Eq. (15.10) and 
independence models by Eq. (15.11).  
 

 

 
 
The relationship between the RfD and the chronic sensitive human NOAEL (CSHN) 
has been the subject of considerable debate. Hertzberg and Teuschler [16] 
acknowledged the issue but concluded that the RfD could be considered to be 
“equally uncertain and equally biased” estimates of the sensitive human NOAEL. 
Support for this position is implicit in the EPA definition of the RfD. 
 

 
 
This finding implies that the same regions can be established for sensitive humans 
using RfDs instead of the chronic animal NOAEL (Figure 15.8).  
 
This position has been challenged by the work of a number of researchers in the 
United States and European Union who have investigated the uncertainty in the 



 
 

 

81 
 

CSHN and its relationship with the RfD [28–34]. These studies consistently find that 
RfDs are in fact a very biased estimate of the chronic sensitive human NOAEL 
(CSHN). The majority of the published RfDs (>90%) established using the current 
system of safety factors have values that are at or below the chemical’s actual 
CSHN. The typical RfD set with two 10-fold safety factors is likely to be an order of 
magnitude below the actual CSHN for the chemical. When additional safety factors 
are used, the typical value of the RfD is even lower compared to the chemical’s 
actual CSHN.  
 

 
Figure 15.8 Regions 1-4 for sensitive humans based on the assumption that the RfD is an accurate and 

unbiased estimate of the chronic NOAEL for the sensitive human 

 
The impact of this systematic underestimation of the CSHN by the RfD results in a 
reduction in the fraction of the sensitive human NOAEL that is permitted in the 
doses of the components in the mixture risk models. When additive models or 
independence models are used with RfDs that there are lower than the CSHN the 
areas covered by regions 3 and 4 are reduced. Figure 15.9 presents the size of the 
regions when the RfD of mixtures A and B are both 25%

8
) of the CSHN.  

 
In order for synergy to be relevant under this situation it must occur at doses that 
are a small fraction of the CSHN.  
 
Impact of the Current System of Safety Factors on the Moser et al. [23] 
Data 

 
The chronic standards for the organophosphorous pesticides are established with 
various numbers of safety factors and the total safety factors applied to the 

                                                                 
8
 The value of 25% was selected as a reasonable amount of over estimation (4 fold). The cited 

references suggest that this degree of over estimation of toxicity would occur for the majority of 
chemicals established with the current system of uncertainty factors. 
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pesticides. NOAELs range from 10 to 3000. The impact of the use of the safety 
factors in extrapolating from animal to sensitive humans can be shown in Table 
15.3.  
 
The permitted doses of each pesticide for the test animals can be calculated using 
Eqs. (15.6) and (15.7). Table 15.3 presents these doses normalized to the animal 
NOAELs. The results show that under the additive model the compound with the 
highest fraction of its NOAEL is Malathion (0.46). Under the independence model, 
the highest fraction is again Malathion (1.0). If we assume that the RfD is 25% of 
the CSHN the equivalent values for humans would be 0.12 and 0.25. 

 
Figure 15.9 Regions 1-4 for sensitive humans based on the assumption that the RfD is an 

overestimate of the chronic NOAEL for the sensitive human by a factor of 4 

 
These findings indicate that it is likely that the additive and independence model 
will keep human exposure to small fractions of the CSHN. This finding has profound 
implications for synergy. It requires that synergy must affect humans at doses that 
are significantly less than the CSHN. In the case of the additive model, the pair of 
components Dimethoate and Malathion have the highest ratios (0.088 and 0.15). 
All other pairs of pesticides involve exposures that occur at even smaller fractions 
of the CSHN.  
 
 

Table 15.3 Doses to animals and humans permitted under additive and independence models 
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Relationship between Toxicity and Synergistic Potential 

 
The above discussion has demonstrated that in order for synergy to be relevant to 
the characterization of chronic effects from discrete mixtures, it must occur at 
doses well below CSHN. The existence of synergy at levels well below NOAELs is 
not a new question [2]. This section presents a brief summary of the literature on 
this topic.  
 
What are “Low Doses?” 
 

Publications on chemical interactions have defined “low doses” in a number of 
ways. These multiple definitions have led to a great confusion in the relevance of 
findings to the risk assessment process. The term “low dose” has been used in 
multiple ways.  
 
1) Doses causing frank effects but below acutely toxic doses (LD50) in single 
dose studies. Synergy has often been reported to occur on the basis of 
observations in acute toxicity (single doses) of mixtures. 
2) Repeated doses but over a small number of days (subacute studies) that 
cause frank effects but not lethality.  In many instances, the end point where 
synergy is observed may not be a measure of the critical effect for chronic 
durations. 
3) Doses near or below the NOAEL seen in chronic studies [36]. 
4) Doses below the chronic health standards [2]. 
 
As discussed above, from a risk management perspective, the third use is the 
correct one. As demonstrated in Section 15.6, Eqs. (15.4) and (15.6) provide a 
direct method to determine the maximum chronic doses of a mixture, and its 
components, that are permitted under additive and independence models. These 
estimates can be used to check the dose levels of any mixture where synergy has 
been identified.  
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Does Synergy Occur at Low Doses? 

 
In the 1980s, TNO began a program to look at the occurrence of chemical 
interaction at low doses [37]. The results of this work were published in a series of 
papers [38–43] that form the largest set of data mixture interaction for subchronic 
effects. These papers are the largest group of studies that look at doses closest to 
the chronic NOAELs of chemicals. The general conclusion reached from this body 
of work was that at these doses additive models appeared to be appropriate for 
groups of chemicals that have a common end point. Mixtures of chemicals that 
operated by different mechanisms and affect different organs were best predicted 
by an independence model [37]. Little or no evidence of synergy was observed. 
Konemann and Pieters [2] argue similar findings based on data from aquatic 
toxicology.  
 
These findings are based on a relatively small number of studies (<20). As a result, 
there is a need for additional research to determine whether these findings will be 
sustained by additional testing and the authors acknowledged that there might be 
exceptions to these findings [41].  
 
Can Findings of Synergy at High Doses be used to characterize the 
Potential for Synergy at Low Doses? 
 

The literature presents a surprisingly consistent answer to this question. Findings 
on interactions at high doses do not predict the existence of interactions at lower 
doses [24]. Empirical findings from ray studies such as Gennings [22], Moser [23], 
and Crofton [35] have shown that synergy is a function of dose and that as doses 
decline the intensity of synergistic effects declines. Other studies have shown even 
more complex dose responses including changes from antagonism at high doses to 
synergy and additivity at lower doses [44]. Because of these observations, Groten 
[23], Konemann and Pieters [2], and Feron and Groten [36] have strongly argued 
that there is no evidence that synergy observed at high doses can be automatically 
applied to lower doses. Gennings et al. [45] has termed the dose dependent nature 
of synergy as .interaction threshold. (The reader is referred to the extensive 
discussion on the measurement of the interaction threshold in chapters 4 and 7.)  
 
Konemann and Pieters further argue that the mechanisms by which synergy occurs 
imply that synergy is a dose-dependent phenomena. They state that there is “little 
doubt that combined dose action of compounds is a dose-dependent 
phenomenon. At low doses, “physiochemical interactions are of relatively low 
importance and toxicokinetic, and toxicodynamic may also be very rare” *2+.  
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Finally, the doses of mixture components that occur as a result of exposure to 
discrete mixtures also favour dose dependency in synergistic effects. In discrete 
mixtures, the exposures to any two chemicals are fixed by their relative fractions in 
a mixture. As the dose of one chemical declines so will the second. Consider 
Example 1 from Figure 15.2 where a dose of chemical B enhanced the toxicity of 
chemical A at all doses of A. In the case of a discrete mixture, the dose of B 
declines with A. If the effect of B on A occurs by any mechanism that is dose 
dependent, then reducing the exposure to the mixture will result in a reduction in 
synergy because the dose of B declines, so does the dose of A.  
 
 
 
Discussion 
 

This chapter has outlined a series of arguments on the potential occurrence of 
synergy in humans exposed to the maximum doses permitted under different 
models currently used by risk assessors to manage exposure to mixtures. Current 
risk management practices limit chronic exposures to mixture components to 
levels that are below chronic NOAELs for the chemicals in test animals. In simple 
binary mixtures, the permitted exposures could approach the component 
chemical’s NOAELs, especially when independence models are used. However, if 
additive models are used and if the mixtures include larger numbers of 
components, the mixtures’ components will be restricted to doses much lower 
than the component’s animal NOAELs. Current practices for extrapolating from 
animal data to sensitive humans have the net effect of further reducing the ratio of 
permitted doses to the mixture components’ actual CSHNs. As seen in the Moser 
et al. example, only one of 10 possible pairs of chemicals had appreciable to both 
chemicals (Table 13.3). This pattern is expected to occur in all mixtures with 3 or 
more components.  
 
A review of the literature suggests that synergy is least likely to occur at such low 
doses. Existing studies that have demonstrated synergy have been performed at 
higher doses (region 1). Extrapolation of synergistic effects at higher doses to 
lower doses does not appear to be justified on either an empirical or a theoretical 
basis. As a result, the existing empirical findings on synergy do not appear to 
provide evidence that the estimates of safe doses produced by additive and 
independence models in chronic noncancer risk assessments are not protective. 
The existing findings of synergy may be more relevant to the establishment of 
acute toxicity standards, but the assessment of such standards is beyond the scope 
of this chapter. 
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These findings present a conundrum for mixture toxicologists who are trying to 
empirically confirm the safety of the doses of mixtures predicted by the models. 
The costs of long-term animal studies are so large that it is impossible to 
investigate the occurrence of chemical interactions at doses below the chronic 
NOAELs used in assessing mixtures. Short-term studies require higher doses that 
fall in region 1 and thus are not directly relevant to noncancer assessments. Finally, 
the existing literature strongly warns against extrapolating findings of synergy from 
high doses to low doses.  
 
The solution to this problem will not be found by continuing the current practice of 
testing mixtures at high doses. Rather, new techniques and short-term assays are 
required to detect and evaluate the low-level molecular and cellular changes that 
are precursors to chronic toxicity [7, 17]. Techniques, such as toxicogenomics, 
proteomics, and signalling pathway assessments could be used to investigate 
chemical interactions.  
 
Summary and Conclusions 

 
A complete review of the literature on synergy and a determination of the 
relevance of each published study for the assessment of the toxicity of mixtures 
are beyond the scope of a single book chapter. The key finding of this effort is that 
synergy is a phenomenon that occurs only at doses where one or both chemicals 
pose unacceptable risk to humans and thus has no direct impact on chronic risk 
management decisions. In this chapter, we have outlined an approach for 
determining the relevance of existing and future findings of synergy that can be 
applied to any discrete mixture where the mixture’s composition is defined and 
the chronic toxicity of the components are known.  
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Abstract 

 
This article explores the use of an approach for setting default values for the 
noncancer toxicity, developed as part of the Threshold of Toxicological Concern 
(TTC), for the evaluation of the chronic noncarcinogenic effects of certain chemical 
mixtures. Individuals are exposed to many mixtures where there are little or no 
toxicological data on some or all of the mixture components. The approach 
developed in the TTC can provide a basis for conservative estimates of the toxicity 
of the mixture components when compound-specific data are not available. The 
application of this approach to multiple chemicals in a mixture, however, has 
implications for the statistical assumptions made in developing component-based 
estimates of mixtures. Specifically, conservative assumptions that are appropriate 
for one compound may become overly conservative when applied to all 
components of a mixture. This overestimation can be investigated by modelling 
the uncertainty in toxicity standards. In this article the approach is applied to both 
hypothetical and actual examples of chemical mixtures and the potential for 
overestimation is investigated. The results indicate that the use of the approach 
leads to conservative estimates of mixture toxicity and therefore its use is most 
appropriate for screening assessments of mixtures.  
 
Keywords: Cramer classes; DNELs; mixtures; RfD; toxicity; uncertainty 
 
Introduction 

 
Individuals are exposed to multiple chemicals each day. These exposures occur as 
exposures to discrete mixtures and concurrent exposure to multiple chemicals 
from multiple sources.

(1) 
A number of researchers and organizations have 

developed guidance for assessing risks from exposure to mixtures;
( 1−5) 

however, 
performing assessments of actual mixtures is a difficult undertaking. The number 
of potential mixtures and the variation in the day-today composition of mixtures 
prevents addressing the toxicity of mixtures using traditional in vivo testing (whole 

mixture approaches).  
 
The alternative approaches for assessing risks from mixtures are the component-
based approaches

.(2,5)
 Component-based approaches, however, require toxicity 

information for each component of a mixture. Available toxicity information on the 
components of mixtures is highly variable. Some compounds have extensive 
toxicity databases while other compounds may never have been tested. Such data 
gaps limit the use of component-based approaches. A second problem with 
component-based approaches is that conservative assumptions used in deriving 
safe levels of individual compounds are compounded when they are applied to all 
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of the components of a mixture. Such compounding of assumptions can lead to 
overestimates of mixture toxicity

.(6) 

Use of structure-based estimates of toxicity has the potential to support 
component-based approaches by providing an alternative source of toxicity data 
on mixture components with no toxicity data. This article investigates the 
feasibility of the use of an approach developed to characterize the chronic oral 
noncancer toxicity of many organic chemicals based on the chemicals’ structures. 
This approach (hereafter called the “Cramer classes” approach) is a combination of 
work by Cramer et al

.(7)
 and Munro et al

.(8)
 and is part of a larger tool, the TTC

.(9,10)
  

 
Probabilistic models have been used to characterize the uncertainty in estimates of 
safe levels of individual substances and mixtures

.(6,11−14)
 These models allow the 

consideration of the impact of uncertainty in the estimates of the point of 
departure (POD), the use of assessment factors, and the combination of data from 
multiple compounds on the estimates of the toxicity of a mixture. This article uses 
this approach to develop “best” estimates and confidence limits for safe levels of 
mixtures. These estimates provide decision makers with a better understanding of 
the uncertainty in the estimates of mixture toxicity than simple bright-line 
criteria

.(13)
 The lower confidence limits may also provide an alternative approach 

for setting toxicity estimates for mixtures in regulatory decision making.  
 
This article follows the recent guidance on setting safe levels of substances 
proposed by the European Chemicals Agency (ECHA) in its guidance for performing 
risk assessments under the 2007 legislation, Registration, Evaluation, Authorization 
and Restriction of Chemicals

.(14)
 This guidance describes how safe doses called 

derived no effect levels (DNELs) are developed. The DNEL is defined as a dose that 
is protective of sensitive humans and is similar to the reference dose 

(15)
 tolerable 

daily intake, or allowable daily intake.   
 
The methodology presented in this article addresses chronic oral noncancer 
toxicity and therefore excludes the portion of the TTC approach that addresses 
potential carcinogens. Where one or more components of a mixture are suspected 
of posing carcinogenic risks, a separate assessment of such risks should be 
performed. Assessments of risks associated with other routes of administration are 
not addressed. This approach is also limited to chemicals that are similar to the 
chemicals represented in the Munro et al. database of no observed effect levels 
(NOELs).

(8)
 It should not be applied to metals, organophosphorous compounds, or 

highly bioaccumulative substances
.(9)

 Finally, the approach does not directly 
address the issue of synergy between chemicals. However, the proposed method 
restricts exposures to mixture components to very low doses where synergistic 
effects are not anticipated to occur

.(16)
. 
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Modelling the Chronic Noncancer Toxicity of Mixtures Using 
Component-Based Approaches  

 
Deterministic Models of Noncancer Risk 
 
Currently, the noncancer toxicities of mixtures are evaluated using either a dose-
additive or a dose-independence model.

(2)
 The additive model assumes that each 

component of a mixture acts jointly by a common mechanism in a manner that is 
proportional to the compound’s standard.

(5) 
The independence model defines the 

risk from mixture as the sum of the independent effects of the components, where 
each component is viewed as being diluted by the entire mixture. The additive 
model always predicts higher toxicities for mixtures (lower DNEL values) than the 
independence model since it reflects the toxicity of more than one chemical. 
 
Considerable effort has been spent to develop guidance on when, and when not, 
to add doses of mixture components by taking into consideration common effects, 
common target organs, and common metabolites.

(1,5)
 The additive and 

independence models provide bounds to the uncertainty in the toxicity of the 
mixture that occurs as a result of uncertainty in the degree of additivity in a 
mixture’s components. Therefore, both models are explored in this article.  
 
The estimate of the safe dose of a mixture under the additive model of mixture 
toxicity, mDNELA, is given by Equation (1):  
 

 
 
where Fi is the fraction of the mass of the mixture represented by the ith 
component of the mixture and DNELi is the DNEL for the ith component of the 
mixture.

(5)
   

 
Under the independence model, the safe dose of the mixture is evaluated in terms 
of the toxicity of each component of the mixture. Thus, setting a safe level for the 
mixture involves a separate assessment for each mixture component. A dose of a 
mixture that would only allow a safe dose of the ith component of the mixture 
(DNELi) is defined as mDNELi (Equation (2)).  
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The safe dose of a mixture determined by an independence model, mDNELI , would 
be the lowest value of mDNELi for the mixture’s components (Equation (3)).  
 

 
 
The contribution of individual components to an additive model of risk can be 
evaluated based on the toxicity weight of the component. The toxicity weight of 
the ith compound TWi is given by the inverse of mDNELi.  
 

 
 
The component of a mixture with the largest TWi value will have the largest impact 
on the mixture’s mDNELA and will determine the mixture’s mDNELI. In this article 
this component is referred to as the “dominant” component of a mixture. Based 
on Equations (1) and (3) it is clear that when the value of TWi for the dominant 
component is much larger than the sum of the TWi, values for the remaining 
components, the value of mDNELA of a mixture will approach the value of mDNELI. 
 
Using the Cramer Classes Approach to Fill Toxicity Data Gaps 
 

The derivation of mDNELA or mDNELI for a mixture requires an estimate of the safe 
dose of each component, DNELi. The Cramer classes approach provides a means of 
deriving conservative estimates of the DNELi for chronic oral noncancer effects of 
organic chemicals.  
 
Any organic compound with a known structure can be assigned into one of the 
three Cramer classes based on the compound’s structure.

(7) 
Munro et al.

(8) 

established a conservative estimate of a POD for the chemicals in each class; see 
Table I. This was done by first collecting data on the no observed effect levels 
(NOELs) of more than 600 compounds and sorting the chemicals based on their 
Cramer class.  
 

Table I. Point of Departure (POD) for each Cramer Class Based on Munro et al. (1996) 
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Then POD values were set based on the 5th percentiles of the log normal 
distributions fit to the geometric mean and geometric standard deviation of the 
NOELs of the chemicals in each of the three classes. In many instances, chemicals 
may have NOELs that exceed the POD values by orders of magnitude.  

 

Probabilistic Models of Noncancer Standards 

 
Background and Introduction to Probabilistic Assessments of Uncertainty in 
Noncancer Standards  
 

In the last 12 years, a number of researchers have investigated the uncertainty in 
noncancer toxicity standards using probabilistic models.

(11,12,17−25)
 These efforts 

have sought both to organize information on the uncertainties in each step of the 
process of establishing a standard and to quantify the resultant uncertainty in the 
estimate of the standard. The result of these efforts are probability density 
functions that describe the probability that a dose of a chemical is protective of 
“sensitive individuals” in an exposed population, given the limitations in the 
current understanding of toxicology.

(11,19,20,24)
  

 
In this project, the probabilistic models that are used to characterize the 
uncertainty in the DNELs of individual compounds are extended to predict the 
uncertainty in the mDNELA. This analysis is performed in order to avoid 
overestimating the toxicity of a mixture. This overestimation can occur because 
DNELs like reference doses (RfDs) are best viewed as lower-confidence limits of 
estimates of dose that are protective for that chemical.

(11,26)
 In the case of 

mixtures, using the DNELs for each mixture component results in an 
overestimation of toxicity, since the probability that all components of a mixture 
are as toxic as their DNELs becomes very small as the number of mixture 
components increases. This unintentional bias of the estimate of mixture toxicity 
can be avoided by modelling the uncertainty in the toxicity of the mixture and 
setting a consistent percentile of the distribution as the basis for the mixture’s 
toxicity.

(6)
  

Development of probabilistic models of mixture toxicity 
 
As discussed by Vermeire et al.,(21) the inputs in the equation used to set the DNEL 
are modelled as uncertain variables. Equation (5) is the equation that sets the 
value for DNELi:   
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where the PODi is the point of departure of the critical effect for the ith chemical 
and AFki is the kth assessment

3
 factor used in setting DNELi. Substituting this 

definition into Equations (1) and (3) gives: 
 

 
 
The uncertainty in mDNELA and mDNELI are determined by Monte Carlo modelling 
using distributions for the uncertainty in the PODs and assessment factors

9
. The 

following sections present the sources of data and approaches used for 
characterizing the uncertainty in the PODi and the various types of assessment 
factors.  
 
Uncertainty in PODi 

 
The PODi in the DNELi is traditionally the no observed adverse effect level (NOAEL) 
from a chronic animal study but could be a lowest observed adverse effect level 
(LOAEL), or a benchmark dose.

(14) 
As discussed earlier, when compound specific 

data are not available, the POD can be conservatively estimated from the 
chemical’s Cramer class. The uncertainty in the PODi varies from chemical to 
chemical and depends on the mode of action of a chemical, the nature of the 
study, and the endpoint that defines the PODi.   
 
 
 
When the value of PODi is based on a benchmark dose,

(14) 
the uncertainty in the 

PODi can be estimated from the confidence limits of the benchmark dose.
(19) 

 
 
When the PODi is derived using the Cramer classes, the uncertainty in PODi is 
determined based on the distribution of the NOELs associated with each of the 
Cramer classes. This approach is a logical extension of the assumption that the 
NOELs identified by Munro et al.

(8)
 are a representative sample of the chemical in 

each Cramer class and the 5th percentile of the NOELs will be a conservative 
estimate of the NOELs of the substances in each class. Under this assumption, 

                                                                 
9
 Other authors have used the terms “extrapolation,” “safety,” “adjustment,” or “uncertainty” factors 

for these parameters. 
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variation in the NOELs becomes a measure of the uncertainty in the NOEL of a 
chemical that is a random sample of the population of chemicals in each of the 
classes. In this article, the distribution for each Cramer class is developed by 
sampling (with replacement) the values of the NOELs for the chemicals in each 
Cramer class as presented in the appendix of Munro et al.

(8)  

 
 If the PODi of a chemical is based on a NOAEL or LOAEL, the uncertainty in the 
PODi is more difficult to estimate. Brand et al.

(27,28) 
demonstrated that the 

uncertainty in NOAEL of a chemical in a specific study is a function of the shape of 
the underlying dose-response curve, dose spacing, background level of response, 
and the number of animals tested.  
 
Distributions for assessment factors (AFki) 
 
There are a number of assessment factors that are used in setting DNELs. These 
include:   
 
1. Interspecies uncertainty.  
2. Interindividual uncertainty.  
3. Exposure duration extrapolation.  
4. Database adequacy.  
5. LOAEL to NOAEL adjustment. 
 
The number and specific nature of the assessment factors used in assessing each 
component of a mixture are determined by the toxicity data available for the 
component.   
 
The concept of replacing the single value of an uncertainty factor with a 
distribution has been described by Brand et al.

(27,28) 
and

 
Swartout et al.

(11)
 The 

distributions for each uncertainty factor are based on the interchemical variation 
in the size of the adjustment in dose required to go from one measure of toxicity 
to another. The interspecies factor is based on going from a POD in animals to a 
POD in typical humans. The interindividual factor is based on going from a POD for 
a population of typical humans to a POD in a population of sensitive humans. 
Similar distributions are set for the subchronic and database assessment factors. 
Estimates of the distributions can be based on policy considerations 

(11,20)
 or 

empirical data.
(19,30)  
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Table II. Allometric Scaling Factor for Different Species of Test Animals (ECHA, 2008) 

 
 
Interspecies uncertainty factor 
 
The interspecies uncertainty factor has been the subject of a number of 
publications.

(29−33) 
In this article, the distribution for this factor is based on the two-

part approach (allometric scaling plus a residual uncertainty term) proposed by 
Renwick

(34)
 and Schneider et al.

(33) 
The allometric term is a function of the test 

animal used in the study that set the NOAEL. Table II presents the allometric 
scaling factors proposed in recent REACH guidance

(14)
 and in Vermeire et al.

(27) 
 

 
The distribution for the residual uncertainty term is taken from Schneider et al.,

(33) 

who proposed a log normal distribution with a geometric mean and geometric 
standard deviation of 0.97 and 3.23, respectively.  
 
Interindividual uncertainty factor 
  
Data on interindividual variation and the size and variation of the factor required 
to address it has been quantitatively evaluated by Schneider et al.

(22)
 They 

proposed the use of a displaced log normal distribution with a displacement of 1, a 
geometric mean and geometric standard deviation of 2.31 and 3.57, respectively.  
 
While Schneider et al. state that this distribution will protect 90% of exposed 
individuals, the actual fraction protected is likely to be higher. The reason for this is 
that Schneider et al. assumed that the intraindividual is the ratio of dose affecting 
a typical person (an EC50) to a dose that affects some lower fraction of the 
population (EC10, EC5, or EC1,). As discussed in Price et al.,

(35) 
the ratio should be 

based on the ratio of the dose that is protective of a population of typical 
individuals and the dose that is protective of a population of sensitive individuals. 
Thus the ratio should be assumed to be applied to some larger fraction of the total 
population (perhaps EC80 or EC90) rather than the EC50. Starting from this higher 
fraction, the degree of protection resulting from the distribution of interindividual 
uncertainty factors will be considerably greater than 90%.  
 
Exposure duration extrapolation 
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Data on the uncertainty in extrapolating from subchronic to chronic PODs has been 
investigated by both Bokkers and Slob

(36)
 and Kalberlah et al.

(32)
 Kalberlah et al. 

used ratios of NOAELs to investigate the effect of extrapolating from subchronic to 
chronic doses. Bokkers and Slob used ratios of benchmark doses to investigate the 
assessment factor. This approach avoids a portion of the “noise” in the 
measurements created by the use of NOAEL and thus provides a better estimate of 
the true distribution. Bokkers and Slob reported that the distribution was log 
normal with a geometric mean and geometric standard deviation of 1.7 and 2.9, 
respectively. Data on the uncertainty in extrapolating from subacute to chronic 
POD have been investigated most recently by Schneider et al. 

(37)
 They reported 

that the distribution was log normal with a geometric mean and geometric 
standard deviation of 4.14 and 2.03, respectively.  
 
LOAEL to NOAEL assessment factors 
 
There is limited data on the interchemical variation in the extrapolation of the 
LOAEL to NOAEL and the database adequacy factors. In this article the policy-based 
distribution proposed by Swartout et al. 

(11)
 is used. If the standards for a substance 

use a full factor of 10 then the Swartout distribution is used; if the standards use a 
partial factor (3 rather than 10), then the square root of values from the Swartout 
distribution are used.  
 
 
 
 
Example Applications of the Approach 
 

The use of probabilistic models and the Cramer classes is applied to two 
hypothetical mixtures that were selected to demonstrate the approach and to 
demonstrate how the information generated by the approach could be used to 
evaluate the toxicity of mixtures. The approach is then applied to a series of actual 
mixtures of chemicals reported measured in samples of surface waters.

(38)  

 

 

Two hypothetical mixtures 
 
The first of the two mixtures is composed of equal amounts of 10 chemicals. There 
are no toxicity data available for any of the chemicals. All of the chemicals’ 
structures fall into Cramer class III.  
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The assessment factors used for the chemicals are the interspecies and the 
interindividual assessment factors. The species most frequently used in the studies 
reviewed by Munro et al.

(8) 
is the rat. Therefore, the allometric component of the 

interspecies adjustment factor used for these compounds was 4. These 
assumptions are consistent with the 100- fold safety factor applied to the PODs in 
the TTC.

(10) 
 

 
This mixture was chosen to illustrate how the toxicity of a mixture can be 
characterized where there are no toxicity data available on the mixture’s 
components. The mixture is also intended to maximize the differences between 
the independence and additive models since in this mixture 10 chemicals make 
identical contributions to the mixture’s toxicity (have the same TWi values).  
 
The second mixture is composed of toluene, a compound with known toxicity and 
two compounds with no toxicity data. The first compound’s structure falls into 
Cramer class III and the second into Cramer class II. The fractions of the 
components by weight are 50% toluene, 30% the Cramer class III substance, and 
20% the Cramer class II substance. There is a benchmark dose for toluene and the 
uncertainty in that value is used for the uncertainty in the POD.  
 
The purpose of Example 2 is to demonstrate how mixtures with a combination of 
known and unknown toxicities can be accommodated in one assessment. Unlike 
Example 1, the components vary in toxicity and weight fraction and thus have 
different TWi values.  
 
Mixtures of chemicals measured in surface water 
 
Example 3 is a real-world application of the approach to a set of 48 mixtures. These 
mixtures are taken from monitoring data of contaminants found in samples of 
surface waters in the State of Minnesota.

( 38) 
This study analyzed for a wide range 

of chemicals known to occur in wastewater discharges. In this study a total of 48 
samples of surface water were identified with measurable levels of two or more of 
these compounds. The average number of compounds in a mixture is 5.6 and 
ranged from 2 to 23. A total of 45 unique compounds were identified in one or 
more of these mixtures (see Table III).  
 
This data set was selected as an example of the type of mixtures that occur in the 
environment and include a wide range of chemicals with differing levels of toxicity. 
In this study all of the nondetects measurements were set to zero. This assumption 
was made to simplify the example and may not be appropriate in an actual 
assessment of the risks posed by the contaminants in these waters.  
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Toxicity data 
 
A search for chronic noncancer standards for the chemicals was performed using 
the sources listed in Table IV. The first database searched was the Environmental 
Protection Agency (EPA) Integrated Risk Information System (IRIS) assessment 
database, and if available, the standards from IRIS are used for this exercise. If no 
value was available from IRIS then a standard is taken from the other sources. 
Chronic noncancer standards are identified for toluene and 31 of the 44 chemicals 
in the Lee et al. data.  
 
If no adequate data were identified for a chemical, the Cramer class for the 
chemical was used to define the POD values for the chemical. Cramer classes for 
the chemicals were determined using the OECD

10
 (Q)SAR Application Toolbox 

(proof of concept version 0.6 computer software package, LMC, Bulgaria).  
 
During this search it became obvious that the methods for setting the standards 
varied with the source of the standards and the date that the standards were 
established. The values for some assessment factors used in setting some of the 
standards are not consistent with more recent approaches for setting standards. 
Therefore, in this project it was decided to use the PODs and the specific 
assessment factors used to establish the compounds’ original standards, but to 
calculate new standards (DNELi) using guidance developed by the ECHA for setting 
DNELs.

14
  

 
Some of the sources of the standards specify a database assessment factor to 
account for missing data. The definition of which data are lacking, however, 
depends on the set of data required by the regulatory body setting the standard. 
These requirements differ across different standard-setting bodies. Therefore, this 
factor was omitted in the deterministic and probabilistic analyses of the 
compounds. Application of this factor should be considered when applying this 
methodology in an actual assessment.  
 
Table III presents the Cramer classes and toxicity data identified for the 
compounds. The resulting deterministic values of DNELi for each compound are 
also listed. The DNELi values ranged from 0.0005 to 20 mg/(kg d).  
Data necessary to characterize the uncertainty in the LOAELs and NOAELs for the 
45 substances were not readily available for the substances.  

 

                                                                 
10

 http://oasis-lmc.org/?section=software 
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Table III. Compounds and Toxicity data Used in Example Mixtures 
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Table IV. Sources of Toxicity Data Considered in This Study 

 
 
In this project an estimate of the uncertainty in NOAELs and LOAELs was made by 
using a triangular distribution where the reported NOAEL or LOAEL dose is the 
most likely value of the PODi and the max and min are one-third and three times 
the value of the NOAEL or LOAEL. The selection of this distribution range is based 
on the observation that the dose spacings in most animal studies have values of 
three or less.  
 
Analyses performed 
 
The following analyses were performed for all of the example mixtures.  
 
1. Determination of deterministic values of mDNELA and mDNELI. 
2. Calculation of the ration of mDNELA and mDNELI. 
3. Determination of the uncertainty in the estimates of the mixtures’ 
toxicities under the additive and independence models (mDNELA and mDNELI) 
using Monte Carlo analysis 
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The results of the uncertainty assessments are presented using the median values 
(values equally likely to be over- or underestimates of the true threshold in 
sensitive humans) and the 90% upper and lower confidence limits of the 
distribution (the 5th and 95th percentiles). The Monte Carlo analysis used Latin 
hypercube sampling and a total of 10,000 iterations were performed for each 
mixture. This number of iterations was empirically determined to produce stable 
estimates of the reported values. Each of the 48 mixtures was evaluated to 
determine which component was dominant in the mixture using Equation (4).  
 
Fifteen of the 48 mixtures only contained compounds that had existing standards 
and thus did not require the use of the Cramer classes approach to estimate their 
toxicities. These mixtures provide an opportunity to demonstrate the degree of 
conservative bias associated with the use of the Cramer classes. The values of 
mDNELA and mDNELI for the 15 mixtures were determined using both the actual 
data for the substances and using the POD for Cramer classes for each of the 
mixture’s components. The results using the two approaches were then compared 
to determine if the use of the PODs from Cramer classes were protective.  
 
Results 
 

Examples 1 and 2 
 
The results for the first two examples are given in Table V and Figs. 1 and 2  
 

Table V. Estimates of Mixture toxicity for Examples 1 and 2 (mg/kg/d)) 
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Figure 1. Toxicity of mixture 1 under independence and additive models 
using deterministic and probabilistic approaches 

 

 
 

Figure 2. Toxicity of mixture 2 under independence and additive models 
using deterministic and probabilistic approaches 

 
Example 1 is a mixture of equal amounts of 10 compounds that fall into Cramer 
class III. The deterministic values of mDNELA and mDNELI for this mixture differ by 
a factor of 10. The lower percentiles of the uncertainty distributions for 
independence and additive models, however, differ by less than 10%. At the higher 
percentiles of the uncertainty distributions the additive and independence models 
diverge. At the 95th percentile they differ by a factor of 2. The 5th percentiles of 
uncertainty distributions for the additive and independence models are 
approximately 2.4-fold higher than the corresponding deterministic value of 
mDNELA and 4.1-fold lower than the deterministic value of mDNELI.  
 



 
 

 

105 
 

The median estimate of the uncertainty distribution of the additive model is 54-
fold higher than the deterministic estimate and the median estimate of the 
uncertainty independence model distribution is 8-fold higher than the 
deterministic estimate.   
 

Table VI. Basis for the POD for Dominant Component of Each Mixture Ranked 
by the Additive Toxicity of Each Mixture (mg/(kg/d)) 

 

 

 
Example 2 is a mixture of three chemicals with differing toxicity weights. The 
toxicity of the mixture is dominated by the toxicity of one component (30% of the 
mixture and falls into Cramer class III). Because of this dominance there is little 
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difference between the estimates of mixture toxicity under the additive and 
independence models as measured by either the deterministic or the probabilistic 
approaches. The lower 5th percentiles of the uncertainty distributions of mDNELA 
and mDNELI are threefold higher than the deterministic estimates and the medians 
are roughly 170-fold higher.  
 
Actual mixtures of low-level contaminants in surface water 
 
Figures. 3 and 4 present the results of the deterministic and probabilistic modelling 
of mDNELA and mDNELI for each of the 48 mixtures. Each figure gives the 
deterministic value, the median and 90% confidence limits for the mixtures. In 
each of these figures, the mixtures are ranked based on the deterministic values of 
toxicity. As shown by the mDNELA values, the toxicities of the mixtures are highly 
variable, ranging from less than 0.01 to approximately 10 mg/(kg d).  
 
The probabilistic models of the uncertainty in mDNELA and mDNELI predicted 
median values are considerably higher than the deterministic predications. The 
average of the 48 median values is 55-fold higher for the additive model and 70-
fold higher for the independence model. There was a much closer fit between the 
deterministic estimate and the lower 90% confidence limits. The average of the 
confidence limits of both the independence and additive models across the 48 
mixtures are 1.3-fold higher than the deterministic values . . .  
 
While 31 of the 44 compounds did not require the use of the Cramer classes to set 
values of DNELi, the dominate compounds in the majority of the mixtures (30 of 
the 48) were compounds where Cramer classes were used (Table III). In addition, 
the mixtures with the lowest values of mDNELA (most toxic) were dominated by 
compounds where the Cramer classes were used to set the values of DNELi. This 
finding is not surprising since the estimates of toxicity produced by the Cramer 
class approach are intended to be highly conservative and if a mixture component 
set using the Cramer class is present as a significant fraction of the mixture, that 
component would be expected to drive the mixture’s toxicity.  
 
Additional evidence of the conservative nature of the Cramer class approach is 
given in Table VII. This table presents the toxicity values that would have occurred 
if the Cramer class had been used instead of the actual toxicity data for the 15 
mixtures where data are available on all mixture components. 
 
 

Figure 3 Toxicity of 48 mixtures of contaminants under additive models: deterministic values and 
median and 90% confidence limits of the uncertainty distribution. 
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Figure 4. Toxicity of 48 mixtures of contaminants under independence model: deterministic values 
 and median and 90% confidence limits of the uncertainty distributions. 
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Table VII. Impact of the Use of Cramer Class to Estimate Mixture Toxicity (mg/(kg d)) 

 
 

Figure 5. Determines estimates of toxicity of 48 mixtures of contaminants found in surface water 
samples 
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Figure 6. Lower 90% confidence limits (5th percentiles of uncertainty distributions) of the toxicity of 48 
mixtures of contaminants found in surface water samples 

 
 
As Table VII shows, had toxicity data not been available, the estimates of the 
mixture’s toxicities would have been 4-fold to 5,000-fold lower for the additive 
model and 3-fold to 10,000-fold for the independence model.  
 
Fig. 5 presents a comparison of the estimates of the mixture’s toxicities under 
additive and independence models. Figure 6 presents the same comparisons for 
the lower confidence limits (5th percentiles) of the uncertainty distributions of the 
additive and independence models. In both figures the compounds have been 
ranked from the lowest to the highest values of the additive model.  
 
Figure 5 shows that while the deterministic values of mDNELI are always higher 
than mDNELA, the differences are small. The actual values of the ratios of the doses 
under independence and additive models range from 1.0003 to 2.9 and average 
1.4. These small differences indicate that the toxicities of most of the 48 mixtures 
are dominated by a single compound (such as in example mixture 2).  
 
Even in mixtures where the additive and independence models give different 
answers, the probabilistic version of the additive and independence models 
produce very similar results. For example, the surface water sample with the 
largest difference between the deterministic mDNELI and mDNELA values differs by 
2.7-fold and the lower confidence limits for the samples mDNELI and mDNELA only 
differ 1.1-fold.  
 
 
 
 
Discussion 
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The approach and demonstration examples in this article indicate that Cramer 
classes can support the development of component-based estimates of mixture 
toxicity for mixtures where there are little or no toxicity data. Using Cramer classes 
it is possible to characterizing the chronic noncancer toxicity of mixtures composed 
of any number of components providing that  

 the weight fraction of each component is known; 

 the chemical structures of the components are known; and 

 the chemical structures of the components are reasonably represented by 
the chemicals in the Munro et al.

(8)
 database. 

 
In addition, Cramer classes can be used to fill in missing data for mixtures where 
data exist on a portion of a mixture’s components. Application of the TTC to 
mixtures has been discussed by Kroes et al.

(39) 
 

 
When dealing with complex mixtures of diverse chemicals, assessment using the 
TTC approach should focus on the exposure to a “marker” compound or major 
compound which represents a high proportion of the mixture and is in the highest 
Cramer class of the known constituents of the mixture.  
 
The approach proposed here differs from Kroes et al. by: one, only addressing the 
noncancer portion of the TTC; two, introducing consideration of the fraction of 
each component in the mixture into the assessment; and, three, considering the 
impact of multiple components in the mixture’s toxicity. Thus this approach builds 
on the approach suggested by Kroes et al. and brings consideration of additional 
information into the process of setting toxicity estimates for mixtures.  
 
The values of toxicity produced by use of Cramer classes, however, have a 
significant potential to overestimate the toxicity of mixtures. When the toxicity of 
the dominant component of a mixture (has the largest TWi) is defined using the 
Cramer classes, the toxicity of the mixture can be overestimated by up to three 
orders of magnitude. When such components are not the dominant compound, 
the impact of using the Cramer classes is much less of a concern. This suggests that 
when a Cramer class is used to provide toxicity estimates for one or more 
components, the user should determine if any of the components become the 
dominant component of the mixture. If this is the case then the prediction of the 
toxicity of the mixture should be taken with caution. 
 
This limitation does not mean that such estimates are without value. Such 
conservative estimates may find considerable use in screening out low-risk 
mixtures. Such uses would be consistent with the philosophy of the TTC

(10)
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This study also investigated the use of probabilistic models of the uncertainty in 
the estimates of mixture toxicity. The analyses confirm that the deterministic 
predictions are conservative. The concern that the application of conservative 
assumptions to multiple chemicals would overestimate the toxicity of mixtures did 
not prove to be an important issue since most mixtures had their toxicities driven 
by one or two chemicals.  
However, the uncertainty analysis still provides significant benefits. As discussed 
by the National Research Council

(13)
 and ECHA,

(14)
 the use of probabilistic 

techniques improves the risk assessment process by providing the risk manager 
with a context for single value measures of toxicity. For example, providing the 
median value of the uncertainty distribution in the mixture’s DNELs discloses the 
degree of precaution built into the deterministic estimates. In addition, the use of 
the 5th percentile of the uncertainty distributions provides a more objective and 
consistent measure of toxicity across different mixtures. This consistency could 
improve comparative risk determinations.  
 
Finally, the uncertainty analysis provides a quantitative guide to the impact of 
exceeding the mixture’s DNEL. As shown in Figs. 3 and 4, the differences between 
the median value and the deterministic value vary across mixtures. One of the 48 
mixtures had a median value of additive toxicity that was 306-fold higher than the 
deterministic value while another had a value that was only 5.4- fold higher. 
Clearly, a dose of the first mixture that exceeds that mixture’s deterministic DNEL 
by a factor of 10 is much less worrisome than a dose of the second mixture 
exceeding that mixture’s DNEL by a similar amount.  
 
The finding that additive and independence models produce similar results in the 
48 surface water samples was unexpected. Historically, independence models are 
thought to provide different results than additive models.

(1) 
In addition, many 

components of the mixtures were assigned the same toxicity values (they were 
evaluated using the Cramer classes and fell in the same category). This should have 
increased the difference between both the independence and additive models, as 
demonstrated with Example 1. If the pattern of one compound dominating the 
toxicity of a mixture that was observed in 48 mixtures of Example 3 occurs in other 
environmental mixtures, then the decision of whether to assume independence or 
additivity may not be a critical issue in assessing the risks of environmental 
mixtures. However, the use of both the independence and the additive models is 
still recommended to determine the value of refining the determination of those 
components of a mixture add and those that do not add.   
 
The finding that the lower confidence limits of independent and additive models 
produced similar estimates of mixture toxicity is also an interesting finding. This 
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phenomena was observed in both Example 1 where the independent and additive 
model differed by a factor of 10 and in the 48 surface water mixtures.  
 
This observation is likely to be related to the uncertainty in the estimates of the 
toxicity of the individual mixture components. This uncertainty implies that even 
when compounds appear to be making similar contributions to a mixture’s toxicity 
in a deterministic analysis, one of the substances is actually dominating the 
mixture’s toxicity. This finding should be investigated further in the future.  
 
Conclusions and Future Work 

 
This project has demonstrated that a combination of existing models in mixture 
toxicity, the Cramer classes, and probabilistic modelling of the uncertainty in 
noncancer chronic standards provide a novel and useful method of characterizing 
mixtures’ toxicity. Such characterizations are likely to be biased toward 
overestimating toxicity and thus the approach may be more relevant for screening 
decisions.  
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Abstract 

 
This paper presents a quantitative tool for assessing the toxicity of mixtures of 
substances that enter food from packaging materials (migrants). These estimates 
of mixture toxicity are believed to be conservative (the actual toxicity of the 
mixture will be less than the predicted estimates). These conservative estimates 
can be used to screen out mixtures of migrants having a low likelihood of causing 
adverse non-carcinogenic effects. The approach used in the tool is based on the 
concept of Cramer classes and existing models of mixture toxicity. The tool takes 
advantage of recent advances in modelling the uncertainty in estimates of safe 
doses of individual chemicals and mixtures of chemicals and provides both best 
estimates of safe doses of mixtures and confidence limits of those estimates. 
Lower confidence limits of the estimates of safe doses can be used to evaluate the 
adequacy of deterministic estimates of safe doses for the mixtures. Finally, the tool 
identifies components of a mixture that drive the mixture’s risk. This information 
can be used to direct the development of more refined assessments of the 
mixtures’ toxicity or strategies for risk mitigation. The tool can be used to assess 
mixtures of any number of migrants and including mixtures with migrants having 
little or no toxicity data. At the same time, the approach allows the use of toxicity 
information, when available, to improve the assessment of mixtures’ toxicity. Two 
example applications of the tool are provided.  
 

Keywords: probabilistic modelling; risk assessment – modelling; toxicology; food-contact 
materials; water 
 
Introduction 

 
Food-contact materials (FCMs) release low levels of chemicals (migrants) to foods 
during transport and storage. Current approaches for the evaluation of the safety 
of FCMs have evaluated the safety of migrants on a substance-by-substance basis. 
A single FCM, however, can release multiple migrants to a food. Current 
approaches leave unanswered the issue of combined effects of multiple chemicals. 
To address this issue, the current paper develops a quantitative tool for 
characterizing the chronic non-cancer toxicity of mixtures of migrants.  
 
The tool is based on a combination of existing models of chronic mixture toxicity 
(Interdepartmental Group on Health Risks from Chemicals (IGHRC) 2009; US 
Environmental Protection Agency (USEPA) 2000) and two advancements in 
regulatory toxicology. The first advancement is the use of Cramer classes (Cramer 
et al. 1978; Munro et al. 1996) that can provide conservative estimates of 
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compounds’ toxicity based on their structure. This use of the Cramer classes is part 
of a larger programme, the Threshold of Toxicological Concern (Kroes et al. 2004; 
Barlow 2005). The second advancement is the use of probabilistic models to 
characterize the uncertainty in derived no effect levels (DNELs). (In this paper, the 
DNEL is used to refer to a predicted dose that is protective of sensitive humans 
such as the DNEL (European Chemicals Agency (ECHA) 2008), the reference dose 
(USEPA 1993), tolerable daily intake, or allowable daily intake.) These two 
advancements bring different advantages to the assessment of mixture toxicity. 
The Cramer classes provide a means to characterize conservatively the toxicity of 
chemicals based on a chemical’s structure. Probabilistic models allow the 
definition of the confidence in the safety associated with a dose of a chemical 
(Swartout et al. 1998; Carlson-Lynch et al. 1999; Vermeire et al. 2001). The models 
allow the consideration of the impact of uncertainty in toxicity studies, the use of 
assessment factors, and the statistical implications of having multiple compounds 
contribute to the toxicity of mixtures.  
 
The tool presented in this paper addresses chronic non-cancer toxicity. Where one 
or more of the migrants released by an FCM are suspected of posing carcinogenic 
risks, a separate assessment of such risks should be performed. The approach does 
not directly address the issue of synergy between chemicals. However, the 
proposed tool restricts exposures to very low doses where synergy is not 
anticipated to occur (Könemann and Pieters 1996).  
 
Materials and Methods 

 
Modelling the chronic non-cancer toxicity of mixtures 
 
Currently, the non-cancer toxicities of mixtures are evaluated using either a dose-
additive or an independence model (IGHRC 2009). Dose-additive models assume 
that each component of a mixture acts jointly by a common mechanism in a 
manner that is proportional to the compounds’ DNELs. Dose-independence models 
define the risk from mixture as the sum of the independent effects of the 
components, where each component is viewed as being diluted by the entire 
mixture. In general, additive models predict higher levels of toxicity for mixtures 
(lower values for DNELs) than independence models.  
 
Guidance on the selection of which models are appropriate for mixtures has been 
proposed by a number of groups (USEPA 2000, 2007; Agency for Toxic Substances 
and Disease Registry (ATSDR) 2004; IGHRC 2009). In general, the independence 
models are believed to underestimate the toxicity of mixtures since two or more 
components could produce a joint effect and have an additive response. Additive 
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models are believed to overestimate toxicity since they assume that all migrants 
will cause the same effect and their doses will add. By using both models of 
mixture toxicity, the proposed tool provides bounds to the uncertainty in the 
toxicity of the mixture that occurs as a result of uncertainty in the degree of 
additivity between migrants.  
 
Under both the additive and independence models, the safe dose of a mixture is 
determined based the composition of the mixture and information on the toxicity 
of each component. The estimate of the safe dose of a mixture under an additive 
model of mixture toxicity, mDNELA, is given by:  
 

 
 
where Fi is the fraction of the mass of the mixture represented by the ith 
component of the mixture; and DNELi is the DNEL for the ith component of the 
mixture (USEPA 2000).  
 
Under the independence model, the safe dose of the mixture is evaluated in terms 
of the toxicity of each component of the mixture. Thus, setting a safe level for the 
mixture involves a separate assessment for each mixture component. A dose of a 
mixture that would only allow a safe dose of the ith component of the mixture 
(DNELi) is defined as mDNELi. The value of mDNELi for the ith component is given 
by:  
 

 
 
The safe dose of a mixture determined by an independence model, mDNELI, would 
be the lowest value of mDNELi for the mixtures’ components (USEPA 2000):  
 

 
 
The contribution of individual components to an additive model of risk can be 
evaluated based on the toxicity weight of the component. The toxicity weight is 
given by the inverse of DNELi:  
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The component with the largest weight will have the largest impact on mDNELA 
and will determine mDNELI. The identification of toxicity driver for the mixture can 
be of great assistance in the management of risks from migrants since it allows the 
manufacture to focus risk management measures on the migrant that will have the 
greatest reduction in the mixture’s toxicity.  
 
Using the Cramer classes to fill toxicity data gaps 
 
The derivation of mDNELA or mDNELI for a mixture requires that the assessor have 
an estimate of the safe dose of each component, DNELi. In many mixtures, the 
components may include compounds with little or no toxicity information. In the 
past such data gaps effectively stopped the modelling of mixture risks and required 
that the assessor develop the necessary toxicity data on the components or test 
the mixture as a whole. The Cramer classes approach provides a means of deriving 
conservative estimate of the DNELi for organic chemicals without toxicity 
information.  
 
Any organic chemical with a known structure can be assigned into one of the three 
Cramer classes. A conservative estimate of the no observed effect level (NOEL) and 
DNELi for chemicals in each category has been established by Munro et al. (1996) 
(Table 1).  
 
These values are conservative since 95% of all chemicals in a given Cramer class 
have DNELi values that are greater than the values given in Table 1 and in many 
instances may have values that exceed these values by orders of magnitude 
(Munro et al. 1996).  
 
As discussed by Kroes et al. (2004), it is important to determine if the structures of 
the migrants are represented in the chemicals in the Munro database. If a migrant 
has a unique structure, the use of Cramer classes may not be appropriate.  
 
Table 1. Values of no observed effect level (NOEL) and predicted safe dose for the three Cramer classes. 
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Probabilistic models of non-cancer risks 
 
In the last twelve years, a number of researchers have investigated the uncertainty 
in non-cancer toxicity and risk assessment using probabilistic models (Price et al. 
1995; Baird et al. 1996; Slob and Pieters 1997, 1998; Swartout et al. 1998; 
Vermeire et al. 1999, 2001; Gaylor and Kodell 2000; Kalberlah et al. 2003; Kodell 
and Chen 2007). These efforts have sought to organize information on the 
uncertainties in each step of the process of establishing a DNEL and to quantify the 
uncertainty in the estimate of the DNEL. The result of these efforts are the creation 
of probability density functions that describe the probability a dose of a chemical is 
protective of ‘sensitive individuals’ in an exposed population given the limitations 
in the current understanding of toxicology (Slob and Pieters 1997, 1998; Swartout 
et al. 1998; Gaylor and Kodell 2000). These studies have found that the degree of 
uncertainty in DNELs varies across chemicals and increases with the uncertainty in 
measures of a chemical’s chronic endpoints and number of assessment factors 
used in setting a chemical’s DNEL. In general, the studies have found that DNELs 
established using traditional values for assessment factors are protective and have 
a high likelihood of overestimating the protective dose by an order of magnitude 
or more. The quantitative information on the uncertainty in the DNEL have been 
incorporated into models of the uncertainty and variation in non cancer risk 
findings (Price et al. 1997; Carlson-Lynch et al. 1999; Bosgra et al. 2005; Van der 
Voet and Slob 2007).  
In this project, the probabilistic models used to characterize the uncertainty in the 
DNELs of individual compounds are extended to predict the uncertainty in the 
mDNELA. This step is taken in order to avoid overestimating the toxicity of a 
mixture. This overestimation can occur because DNELs are lower confidence limits 
of estimates of dose that are protective for that chemical. In the case of mixtures, 
using the DNELs for each mixture component results in an overestimation of 
toxicity since the probability that all components of a mixture are as toxic as their 
DNELs becomes very small as the number of mixture components increases. This 
unintentional bias of the estimate of mixture toxicity can be avoided by modelling 
the uncertainty in the toxicity of the mixture and setting a consistent percentile of 
the distribution as the basis for the mixture’s final toxicity (Carlson- Lynch et al. 
1999).  
 
Development of probabilistic models of mixture toxicity 
 
As discussed by Vermeire et al. (2001), the inputs in the equation used to set the 
DNEL are modelled as uncertain variables. Equation (5) sets the DNEL for the ith 
chemical of a mixture DNELi:  
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where PODi is the point of departure of the critical effect for the ith chemical; and 
AFki is the kth assessment factor used in setting DNELi. (Instead of the term 
‘adjustment’, other authors have used ‘extrapolation’, ‘safety’, ‘assessment’, or 
‘uncertainty’ factors for these parameters.) Substituting this definition into 
Equations (1) and (3) gives:  
 

 
 
In this analysis, the uncertainty in mDNELA and mDNELI are determined by Monte 
Carlo modelling using distributions for the uncertainty in the PODs and uncertainty 
factors. The analysis is performed using Microsoft Excel

TM
 and Crystal Ball

TM
 (an 

Excel add-on program for probabilistic analysis). The following sections present the 
sources of data and approaches used for characterizing the uncertainty in PODi and 
the various types of uncertainty factors.  
 
Uncertainty in PODi 

 
PODi in the DNELi is traditionally the no observed adverse effect level (NOAEL) 
from a chronic animal study, but for many chemicals it could be the lowest 
observed adverse effect level (LOAEL), or a benchmark dose, or if toxicity data are 
not available, the 5th percentile of the compound’s Cramer class. The uncertainty 
in PODi varies from chemical to chemical and depends on both the mode of action 
of a chemical and the nature of the study of that defines PODi.  
 
In this paper, if the PODi of a chemical is based on a NOAEL or LOAEL, the 
uncertainty in PODi is assumed to be described by a triangular distribution where 
the reported NOAEL or LOAEL dose is the most likely value of PODi and the 
maximum and minimum are one-third and three times the most likely values. The 
selection of this range is based on the observation that the dose spacing in most 
animal studies is a value of three or less.  
 
When PODi is derived using the Cramer classes, the uncertainty in PODi is 
determined using the distribution of the NOELs associated with each of the Cramer 
classes. This approach takes advantage of the fact that the distributions of NOAELs 
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for each of the three Cramer classes are measures of the uncertainty in the POD of 
a chemical that is conditional on the chemical’s Cramer class. The distribution for 
each Cramer class is developed by sampling from the discrete values of the NOELs 
in each class as presented in Munro et al. (1996, appendix).  
 
Distributions for assessment factors AFki 

 
There are a number of uncertainty factors that are used in setting DNELs. These 
include: 
 

 interspecies uncertainty; 

 interindividual uncertainty; 

 exposure duration extrapolation; 

 database adequacy; and 

 LOAEL to NOAEL adjustment. 
 
The number and specific nature of the uncertainty factors used in assessing each 
component of a mixture are determined by the toxicity data available for the 
component.  
 
The concept of replacing the single value of an uncertainty factor with a 
distribution has been described by Brand et al. (1999, 2001) and Swartout et al. 
(1998). The distributions for each uncertainty factor are based on the inter-
chemical variation in the size of the adjustment in dose required to go from one 
measure of toxicity to another. The interspecies factor is based on going from a 
POD in animals to a POD in typical humans. The interindividual factor is based on 
going from a POD for typical humans to a POD in sensitive humans. Similar 
distributions are set for the subchronic and database uncertainty factors. Estimates 
of the distributions can be based on policy considerations (Slob and Pieters 1998; 
Swartout et al. 1998) or empirical data (Bokkers and Slob 2007; Price et al. 2008).  
 
 
Interspecies assessment factor 
 
The interspecies uncertainty factor has been the subject of a number of 
publications (Rhomberg and Wolff 1998; Kalberlah et al. 2002; Schneider et al. 
2004; Bokkers and Slob 2007; Price et al. 2008).  
 
In the present paper, the distribution for this factor is based on the two-part 
approach (allometric scaling plus a residual uncertainty term) proposed by 
Schneider et al. (2004, 2006) and Bokkers and Slob (2007). The data for the 
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distribution of residues are taken from Schneider et al. (2006). The allometric term 
is a function of the test animal used in the study that set the NOAEL. Table 2 
presents the allometric scaling factors proposed in recent REACH guidance (ECHA 
2008) and in Vermeire et al. (2001).  
 
The distribution for the residual uncertainty term is taken from Schneider et al. 
(2006) who proposed a lognormal distribution with a geometric mean and 
geometric standard deviation of 0.97 and 3.24, respectively.  
 
Interindividual assessment factor 
 
Data on interindividual variation and the size and variation of the factor required 
to address it have been qualitatively evaluated (Schneider et al. 2004, 2006). These 
authors proposed the use of a displaced lognormal distribution with a 
displacement of 1.00 and a geometric mean and geometric standard deviation of 
2.31 and 3.57, respectively.  
 
Exposure duration extrapolation factor 
 
Data on the uncertainty in extrapolating from subchronic to chronic PODs have 
been investigated by both Bokkers and Slob (2005) and Kalberlah et al. (2003). 
Kalberlah et al. used ratios of NOAELs to investigate the effect of extrapolating 
from subchronic to chronic doses. Bokkers and Slob used benchmark doses to 
investigate the assessment factor. This approach avoids a portion of the ‘noise’ in 
the measurements created by the use of NOAELs and thus provides a better 
estimate of the true distribution. Bokkers and Slob reported that the distribution is 
lognormal with a geometric mean and geometric standard deviation of 1.7 and 2.9, 
respectively.  
 
Database adequacy and LOAEL to NOAEL uncertainty factors 
 
There are limited data on the inter-chemical variation in the extrapolation of the 
LOAEL to NOAEL and the database adequacy factors. In this project, we have used 
the policy-based distribution proposed by Swartout et al. (1998). If the standards 
for a migrant use a full factor of 10 then the Swartout distribution is used; if the 
standards use a partial factor (2 or 3 rather than 10), then the square-root of 
values from the Swartout distribution are used.  
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Table 2. Allometric scaling factors for common test species 

 
 
 
 
Application of the Tool to Experimental Data 

 
This paper presents two example applications of the tool. The first application is 
the assessment of the toxicity of a mixture of migrants extracted from a sample of 
polystyrene using ethanol (Bradley and Coulier 2007). The second application is an 
evaluation of the toxicity of a set of migrants observed in water stored in 
polypropylene containers (Skjevrak et al. 2005).  
 
Bradley and Coulier (2007) performed a study of a number of FCMs and simulants. 
The focus of the study is on low-level migrants not intentionally added to FCMs. In 
a study of polystyrene, seven compounds were identified; five of the compounds 
had their exact structures identified and the remaining two were identified as a 
‘branched alkane’ and ‘benzothiophene related’. Skjevrak et al. (2005) analysed 
water stored in polypropylene bottles. Water was stored at ambient temperatures 
for 72 h in test bottles and analysed for migrants. Seven compounds were 
detected. The migrants’ structures and concentrations were reported; Table 3 
presents the residue levels and the structures of the compounds detected in the 
two studies.  
 
As Table 3 indicates, Example 1 expresses the mixture in terms of µgdm

-2
 and 

Example 2 in terms of µg 1
-1

. In both cases, these values are a measure of potential 
exposures. The actual exposures are determined by using these values along with 
information on contact rates (surface area/mass of specific food), food or water 
intake rates, and body weights. However, the mass fractions of each migrant in the 
mixture that would be consumed (Fi) will be proportional to the fractions of the 
measurements of migration rates in Example 1 and the concentrations in Example 
2. 

Table 3. Migrant levels reported in the two examples 
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An Internet search for guidance values for oral doses was performed on the 13 
compounds. Three of the six migrants in Example 1 and one of the seven migrants 
in Example 2 had a safe dose established by a regulatory body. Cramer classes 
were determined using ToxTree-v0.01 (developed in 2005 by Ideaconsult Ltd, 
Sofia, Bulgaria); eleven of the substances had their structures completely identified 
and the remaining two compounds were sufficiently defined to allow their 
assignment to Cramer classes. The ‘branched alkane’ is assigned to Cramer class I 
and the ‘benzothiophene related’ is assigned to Cramer class III.  
 
Table 4 presents the toxicity data and Cramer classes for each of the migrants. It 
presents the original standard, the POD, and the assessment factors used in setting 
the original standard. In this paper, the values of the assessment factors were 
revised to reflect the most recent technical guidance on the values of these factors 
ECHA (2008). This guidance specifies values that differ from earlier standard 
setting approaches. The resulting DNELs for the compounds differed by up to a 
factor of five from the original standards. The final values of the DNELs are 
presented in the last column of Table 4.  
Deterministic and probabilistic version of the additive and independence models of 
the mixture DNELs were constructed using Equations (1), (3), (6), and (7), 
respectively. The distributions used were selected based on the assessment factors 
required for each compound. The probabilistic models were simulated 50 000 
times using Latin hypercube sampling. This number of iterations was found to give 
stable estimates of the 5th, 50th, and 95th percentiles for the mixture toxicity 
under the two models.  
 
 
 
 



 
 

 

126 
 

 
 
 
Finally, the relative weights of each of the mixtures’ components were determined 
using Equation (4).  
In Example 2, the data on the levels of the migrants are expressed as µg1

-1
. Using 

the exposure assumptions proposed by Skjevrak et al. (2005), 2 litres of water 
consumed per day and a 60 kg body weight, it is possible to make a conservative 
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prediction of the dose of the mixture received by an adult consuming the water. 
This prediction can be compared against the mixture DNELs developed by our 
proposed tool.  
 
Results 

 
The results of the analysis are presented in Tables 5 and 6. The toxicities of the two 
mixtures of migrants are similar under the deterministic additive and 
independence models. In Example 1, mDNELI is 39% larger than mDNELA; in 
Example 2, it is 34% larger. These findings suggest that in both mixtures one 
migrant dominates the toxicity of each mixture. This is confirmed by Table 6, 
where the migrant with ‘benzothiophene related’ structure in Example 1 and ethyl-
4-ethoxybenzoate in Example 2 have weights that are much larger than any other 
mixture components.  
 
The probabilistic models of the uncertainty in mDNELI and mDNELA confirm that 
the point estimates are conservative. The 5th percentiles of the uncertainty 
distributions are approximately two- to three-fold higher than the deterministic 
values. The central values for the mDNELI and mDNELA are more than 60-fold 
higher than the deterministic values.  
 
In Example 2, the estimates of mixture toxicity range from 0.014 to 0.043 mg kg

-1
 

body weight day
-1

. The total amount of the mixture in any of the samples was less 
than 223 µg 1

-1
. Using the above exposure assumptions, this concentration 

corresponds to a daily dose of 0.0074 mg kg
-1

 body weight day
-1

. Since this dose is 
less than any of the predicted mixture DNELs, the collective toxicity of the migrants 
are unlikely to pose a risk to individuals consuming water stored in the 
polypropylene bottles.  
 

Table 5. Estimates of the mixtures’ derived no effect levels (DNELs) under assumptions of additivity 
(mDNELA) and independence (mDNELI) (mg kg-1 body weight day-1) for examples 1 and 2. 
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Discussion 

 
The above findings provide useful guidance to risk managers for the evaluation of 
risks posed by migrants from FCMs. The approach provides specific estimates of 
mixture DNELs that can be used to evaluate the risks posed by mixtures of 
migrants. When the doses of mixtures of migrants are below the mixtures’ DNEL 
values, the assessor can have confidence that the mixture will not pose an 
unacceptable non-carcinogenic risk. The values of mDNELI and mDNELA for a 
mixture can be compared with the uncertainty distributions to determine if the 
deterministic values are under- or over-protective. In these examples the doses of 
the mixtures could exceed the deterministic values by roughly a factor of two and 
still be highly protective.  
 
In addition, the uncertainty distributions demonstrate that the actual toxicity 
levels for the two example mixtures of migrants are likely to be 60-fold higher than 
the deterministic values. This finding reflects both the magnitude of the 
uncertainty in the estimates and the level of precaution built into the assessment 
approach.  
 
When the exposures to the mixtures exceed the deterministic values of mDNELI 
and mDNELA or the 5th percentiles of the probabilistic value of mDNELI and 
mDNELA, the risk manger is given guidance on which component should be 
addressed first. In Example 2, risk managers should focus their efforts on ethyl-4-
ethoxybenzoate.  
 

Table 6. Toxicity weightings for migrants in examples 1 and 2. 
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Addressing this risk could involve modifying the FCM to reduce the concentration 
of the migrant. Alternatively, the risk manager could choose to develop toxicity 
estimates for the compound since the toxicity of ethyl-4-ethoxybenzoate is 
established using Cramer classes. If actual data were available for the compound 
there is a large probability that the POD would be larger than the value used in this 
assessment (0.91 mg kg

-1
 body weight day

-1
). Replacing the value of the POD used 

in this assessment with actual data is therefore likely to lower the prediction of the 
mixtures risk.  
 
Conclusions 

 
This project has demonstrated that a combination of existing mixture models, the 
use of Cramer classes to estimate toxicity, and probabilistic modelling of the 
uncertainty in estimates of safe levels of exposure can provide useful 
characterizations of the toxicity of mixtures. The proposed tool has the ability to:  

 estimate the toxicity of mixtures composed of any number of migrants; 

 estimate the toxicity of mixtures that include certain organic chemicals 
with little or no toxicity data; 

 allow the use of toxicity information on individual chemicals (when it is 
available) to improve the assessment of mixture toxicity; and 

 quantify the uncertainty in the predicted safe doses. 
 
 
However, the approach produces estimates that are biased towards 
overestimating toxicity. As a result, the approach will be most useful in screening 
out low-risk mixtures. The technique also provides guidance on which migrants 
warrant the greatest attention.  
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Abstract 

 
Due to the vast number of possible combinations of chemicals to which individuals 
are exposed and the resource-intensive nature of cumulative risk assessments, 
there is a need to determine when cumulative assessments are most required. This 
paper proposes the use of the maximum cumulative ratio (MCR) as a tool for this 
evaluation. MCR is the ratio of the cumulative toxicity received by an individual 
from exposure to multiple chemical stressors to the largest toxicity from a single 
chemical stressor. The MCR is a quantitative measure of the difference in an 
individual’s toxicity estimated using a chemical-by-chemical approach and using an 
additive model of toxicity. As such, it provides a conservative estimate of the 
degree to which individuals’ toxicities could be underestimated by not performing 
a cumulative risk assessment. In an example application, MCR is shown to be 
applicable to the evaluation of cumulative exposures involving up to 81 
compounds and to provide key insights into the cumulative effects posed by 
exposures to multiple chemicals. In this example, MCR values suggest that 
individuals exposed to combinations of chemicals with the largest Hazard Indices 
were dominated by the contributions of one or two compounds.  
 

Keywords: cumulative; risk; exposure; mixtures 
 
Introduction 
 

The Concern for Cumulative Toxicity from Concurrent Exposure to Multiple 
Chemicals 
 
Humans are constantly exposed to multiple chemicals from multiple sources [1-4]. 
However, regulatory programs such as TSCA in the United States and REACH in the 
European Union evaluate risks on a chemical-by-chemical basis and do not require 
the consideration of cumulative exposures when determining human health 
effects. It has been asserted that the determination of toxicity on this basis could 
underestimate the total toxicity to individuals [4]. The chemical-by-chemical 
approach is believed to underestimate toxicity when the combined exposures to 
chemicals result in a cumulative toxicity that exceeds the toxicity of the most toxic 
of the individual chemicals. In these instances, a chemical-by-chemical approach 
could find that each chemical posed no unacceptable risk, but the mixture of 
chemicals could result in unacceptable effects. 
 
The difficulty with applying these approaches to aggregate or cumulative 
exposures is that an individual who receives high levels of exposure from one 
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source will not necessarily receive high levels of exposure from a second or a third 
source. 
 
Tools for evaluating risk from cumulative exposures have been developed by the 
U.S. Environmental Protection Agency [3], and other organizations [5-7]. Tiered 
approaches for evaluation of cumulative exposures have also been developed by 
the World Health Organization (WHO) [6,7]. However, there has been relatively 
little investigation into the magnitude of the toxicity missed if a cumulative risk 
assessment is not performed. This paper addresses this gap and is intended to be 
fully compatible with the WHO framework.  
 
The maximum cumulative ratio 
 
In this paper we describe a simple tool, the Maximum Cumulative Ratio (MCR) that 
provides a quantitative measure of the magnitude of the toxicity that is 
underestimated by not performing a cumulative risk assessment. The MCR is 
defined as the ratio of the toxicity received by an individual from exposures to 
multiple chemicals (cumulative toxicity) to the largest toxicity received by the 
individual from any one chemical (maximum chemical toxicity).  
 
This paper applies the concept of the MCR to estimates of toxicity derived from 
dose additive models. Dose additive models include simple conservative screening 
approaches that do not consider mechanism of action or the target organs (WHO 
Tier 1 assessments) and more refined assessments that do consider these factors 
(WHO Tier 2 assessments). Under additive models, a risk ratio is created by 
dividing the dose of an individual chemical by a measure of the chemical’s toxicity. 
In the case of the Hazard Index approach [4], this measure is the “permitted” dose 
for the chemical. Permitted doses include regulatory standards and guidance 
values such as the Reference Dose, Population Adjusted Dose, Allowable Daily 
Dose, Tolerated Daily Intake, or Derived No Effect Level. Other additive models of 
toxicity include the Toxicity Unit approach used in aquatic toxicology [3,8]. 
 
The values of MCR for individuals in a population (MCRi) determined using the 
Hazard Index (HI) approach is calculated using the following equations. The 
measure of cumulative toxicity received by the i

th
 individual in a population 

exposed to n chemicals is given by the individual’s hazard index (HIi):  
 

 
where HQji is the hazard quotient contributed from the dose of the j

th
 of the n 

chemicals to the i
th

 individual (Dij). The value of HQji is given by:  
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PDj is the permitted dose of the j

th
 chemical for humans. The maximum of the 

chemical-specific toxicities for the i
th

 individual is given by:  
 

 
 
The value of MCR for the i

th 
individual (MCRi,) is given by: 

 

 
 
Recognition of the importance of the ratio of the cumulative toxicity to the 
maximum toxicity from any one chemical in assessing the toxicity of mixtures is not 
new. The ratio has been used in the field of aquatic toxicology in the evaluation of 
the effects of mixtures. In 1981, Konemann [8] proposed the use of this ratio as 
part of a quantitative strategy for the determination of the type of joint action of 
mixtures of chemicals for fish. Konemann noted that the range of the ratio is 
bounded by 1 and n, where n is the number of chemicals in a mixture. The ratio 
has a value of 1 for mixtures where all of the mixture’s toxicity comes from one 
component. A mixture will have a value of n when all the chemicals are present in 
equitoxic doses.  
 
Junghans et al. [9] observed that the ratio could be used to predict when dose 
additive and independent action models of a mixture’s toxicity produce similar or 
divergent estimates of toxicity. When ratio values for a mixture are close to 1, the 
dose additive and independent action models produce virtually identical results. 
The authors go on to note that the toxicities of mixtures with ratios close to 1 are 
dominated by the contributions of a few components.  
 
The concept of MCR builds on Junghans et al.’s observation that the ratio is a 
measure of whether individuals’ cumulative exposures are dominated by a single 
chemical or are the result of the contribution of many chemicals [9]. As the 
illustration in Figure 1 demonstrates, dominance of one chemical is a critical factor 
in determining the need for a cumulative risk assessment. In this illustration, two 
individuals are assumed to have cumulative exposures to five chemicals. The 
hazard indices of the two individuals are 3. For the first individual the values of the 
Hazard Quotients for the five chemicals are, 0.6, 0.8, 0.4, 0.5, and 0.7. For the 
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second individual the values are 2.7, 0.29, 0.008, 0.001, and 0.001 (Figure 1). For 
the first individual no single chemical is a concern (all Hazard Quotients are less 
than 1.0), yet the cumulative measure of toxicity is 3 times the level of concern. 
Thus, a cumulative risk assessment is necessary for individual 1. For the second 
individual, a chemical-by-chemical based approach reaches the same conclusion as 
a cumulative risk assessment—the exposures of the second individual are 
unacceptable. Thus there is less value in performing a cumulative risk assessment 
in the second case.  
 
Figure 1. Illustration of MCR as a predictor of the need for cumulative risk assessments 

 
 
The values of MCR for the two individuals are different. The value of MCR for the 
first individual is 3.8. The value of MCR for the second is 1.1. This suggests that 
values of MCR that are close to 1 indicate a lower need for a cumulative risk 
assessment. This property of the MCR indicates that the measure can be used to 
rank the relative importance of performing cumulative risk assessments for 
different groups of chemicals and different exposed populations.  
 
In addition, MCR can be used as a quantitative estimate of the toxicity missed a 
cumulative risk assessment is not performed. The estimate of maximum hazard to 
an individual that can be identified under a chemical-by-chemical approach is 
MHQi. The estimate of the maximum toxicity identified under a cumulative risk 
assessment (assuming additivity) is HIi. MCR is the ratio of HIi to MHQi and 
therefore the fraction of the toxicity that is missed in the i

th
 individual by not 

performing a cumulative risk assessment is:  
 

 
 
For example, an MCR value of 2 indicates that 50% of an individual’s hazard index 
would be missed if a chemical-by-chemical method is used to assess the individual 
instead of a cumulative risk assessment. For a mixture with an MCR value of 1.25, 
the missing portion is 20%.  
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Application of the maximum cumulative ratio to mixtures of pest protection 
products in surface waters of the U.S. 
 
In this example, MCR values are determined for cumulative exposures to multiple 
pest protection products (PPPs) and degradation products of PPPs measured in 
surface water samples collected under the National Water-Quality Assessment 
(NAWQA) program [10]. The cumulative risk analysis performed on the mixtures 
follows the Tier 1 approach described in the WHO guidance for the assessment of 
mixtures [7]. In a Tier 1 assessment, the effects of all components are assumed to 
be addressed by an additive model of toxicity. (Under WHO guidance, mechanism 
of action is evaluated in Tier 2 assessments.)  
 
Exposures are characterized using a generic exposure scenario that is based on 
conservative exposure assumptions. The scenario assumes that the levels of 
chemicals observed in the samples occur in drinking water supplies. The doses of 
each chemical in the mixture are estimated by assuming that the water is 
consumed at a rate of 2 litres per day by an adult who weighs 60 kilograms. The 
permitted doses of the chemicals, PDj, are based on chronic non-cancer standards 
for the chemicals. Although the measured data are only a snapshot of levels of 
chemicals at one point in time, the levels of the chemicals are assumed to be 
constant over time, thus allowing the use of the chronic standards. Note: The long-
term average levels at the sampling locations would result in a smaller range of 
concentrations of chemicals. (Day-to-day variation would be averaged out.) In 
particular, the upper bound values will be lower for the long-term averages than 
for the grab samples. Thus use of chronic standards for the values of PD j will tend 
to overestimate the values of HQi for samples with high concentrations of PPPs.  
 
The values of MCR and HI from an individual’s exposure to the chemicals in each of 
the samples are determined. These data are used to investigate the relationships 
between MCR, HI, and the number of chemicals in each mixture (n). The questions 
that are investigated are:  
 

 Do MCR values vary across the samples, and if so, what is the range of 
MCR values? 

 Are the values of MCR closer to n or 1? 

 Are the MCR values correlated with n? 

 Are the MCR values correlated with the values of HIi for the individuals 
exposed to the chemicals in the samples? 

 How does the presence of chemicals that occur at levels below the 
detection limits affect the determination of the values of HI and MCR 
associated with exposure to a mixture? 
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The relationships between HI and MCR are investigated since the MCR values that 
are of most interest to regulators are those that come from the mixtures of higher 
toxicity. The relationship between MCR and n is investigated since it could provide 
insights to the values of MCR for complex mixtures where n is very large. The 
impact of non-detects is investigated since non-detects are a significant source of 
uncertainty in cumulative risk assessments [11].  
 
Experimental Section 
 

Materials 
 
The NAQWA is a program operated by the U.S. Geological Survey and is the first 
U.S. survey of PPPs and their degradation products performed on a national scale 
in the U.S. [10]. The NAWQA dataset was chosen for several reasons. First, it is a 
publically available dataset that includes a large number of samples from a wide 
range of locations. Second each sample was analyzed for a large number of 
chemicals. Finally, permitted doses for chronic exposures, PDj, are available for 
virtually all of the chemicals analyzed for in the samples.  
Data on chemical levels in samples of surface water collected under the NAQWA 
survey are available from the U.S. Geological Survey’s internet site. The dataset 
can be downloaded at [12]. These data used here were collected over the first 
decade of the monitoring program (4,380 samples from 1992–2001) and reflect 
agricultural practices of that period. The number of analytes measured in each of 
the samples varies by date and location and range from 12 to 81. The number of 
chemicals detected in the samples ranged from 0 to 29. In total, 83 chemicals were 
analyzed in one or more samples.  
 
Table 1 presents values of PDj for 81 of the 83 chemicals. The values of PDj are 
largely composed of chronic Reference Doses and chronic Population Adjusted 
Doses established by the Office of Pesticide Programs of the U.S. Environmental 
Protection Agency (Table 2). These criteria are based on multiple endpoints and 
target tissues; however as discussed above, in a Tier 1 assessment the effects are 
assumed to be additive. Permitted doses were not identified for two chemicals 
(Fenuron and Neburon). Because of the absence of PD values for these chemicals, 
they were not included in the cumulative assessment. Omitting these chemicals 
could result in lower estimates of cumulative risk; however, the frequencies of 
detection of the compounds in the samples are low (0.2% and 0.1% respectively). 
Because the compounds rarely occur, omitting the compounds is unlikely to 
change the general findings for the cumulative exposures to the mixtures.  
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Table 1. Chronic toxicity standards for chemicals measured in surface water samples 
 

 
 

Table 2. Sources of toxicity data cited in Table 1 
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Preliminary analyses of survey data and development of a subset of mixture 
samples 
 
The NAWQA dataset includes samples with no detectable levels of chemicals or 
with only one or two detections. The goal of the assessment is to investigate 
cumulative risks for individuals exposed to a number of chemicals. In order to 
obtain a dataset where exposure to a significant number of chemicals occurs, 
water samples with detectable levels of less than five chemicals were removed 
from the dataset.  
 
In the NAWQA samples, there are a large numbers of analytes with levels below 
the detection limits (non-detects). This presents a challenge for characterizing 
cumulative exposures using monitoring data. While, assessors should not assume 
that non-detected compounds are absent from samples [11], in large numbers 
non-detects can drive the estimates of the toxicity of the mixture and the values of 
MCR. In order to investigate the impact of non-detects on HI and MCR values, the 
data was analyzed using two assumptions, Case 1 where non-detects are set to 
zero, and Case 2 where non-detects are assumed to have concentrations equal to 
the detection limit (DL) divided by the square root of two (DL/2

0.5
). Better methods 

for estimating the impacts of non-detects are available; however, since the 
method used here does not have a significant impact on results of samples of 
greater human health concern (see the “Results and Discussion” Section) this 
approach is deemed to be sufficient. The assumption of chemical being present at 
the DL/2

0.5
 is a method frequently used for estimating non-detects [11].  

 
 
Statistical analyses 
 
Trends in the relationships between HI, MCR, and n were evaluated by plotting the 
data in Microsoft Excel spreadsheet and performing statistical analyses in JMP 
8.0.2 (SAS Institute Inc.). Nonparametric correlations between HI, MCR, and n were 
performed using Kendall’s rank correlation test. Correlations were evaluated using 
data on values of individual samples and the medians values for samples that are 
grouped based on n. Medians were not determined for groups with less than 10 
samples. Wilcoxon Test (a nonparametric test) was used to compare the MCR 
values of samples of HI values less than 1 with samples of HI values greater than 1.  
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Results and Discussion 

 
Results 
 
The final dataset consists of 3,099 samples. Data on the compositions of the 
mixtures are given in Table 3. As would be expected in a survey analyzing for large 
numbers of chemicals, there are more non-detects than detects in the samples.  
 

Table 3. The number of chemicals (n) in the final set of samples 
 

 
 
Table 4 presents the values of MCR and HI for Cases 1 and 2. Values of HI ranged 
over seven orders of magnitude. The inclusion of the contributions of the non-
detects had a significant impact on the minimum and mean values of the MCR and 
HI but not on the maximum values of HI. The number of samples with HI values 
greater than 1 was similar for the two cases, 63 for Case 1 and 66 for Case 2. Table 
5 give the means and ranges of MCR value for samples with HI values above and 
below 1. MCR values in samples with HI values less than 1 were two fold higher 
when non-detects were considered but largely unchanged for the samples with HI 
values greater than 1. These findings suggest that in this dataset non-detects are 
not an important factor in the determination of values of HI and MCR for samples 
with values of HI greater than 1.  
 

Table 4. Values of HI and MCR for samples in the final dataset 
 

 
 
 
 
 
 

Table 5. Comparison of MCR values of samples with HI greater or less than 1 
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Figures 2 and 3 present plots of the range of HI values in samples grouped based 
on n. The distributions of samples by n are very different in the two cases. In Case 
1 the value of n is equal to the number of detected chemicals while in Case 2 n is 
equal to the number of analytes. In the NAQWA dataset samples were taken over 
a 10 year period using a variety of analytical methods; however, most samples 
were analyzed using variation on one of two analytical methodologies. These two 
methodologies tested for 48 and 80 analytes [10]. As a result the numbers of 
analytes in the samples tend to cluster around values of 48 and 80. In contrast the 
number of detections is more evenly distributed.  
 
Figure 2. The relationship between HI and n for Case 1. HI and n have a strong positive 
correlation, Kendall’s tau-b value of 0.44 (p < 0.0001) based on all samples and Kendall tau-b 
value of 0.96 (p < 0.001) for medians of grouped samples. 
 

 
 
 
Figure 3. The relationship between HI and n for Case 2. HI and n have a weakly positive 
correlation, Kendall’s tau-b value of 0.34 (p < 0.0001) based on all samples. Correlation 
based on medians of grouped samples is not statistically significant (p > 0.05). 
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For Case 1, HI was found to be positively correlated with n based on analyses of 
both sample values and the medians for the grouped samples (p < 0.0001). The 
median values of HI were 100-fold larger in samples with 20 detected chemicals 
than in samples with five detected compounds. For Case 2, HI was weakly 
correlated with n based on sample values and was not statistically correlated with 
n based on median HI values of the grouped samples. These analyses suggest that 
when n is based on the number of detected chemicals (Case 1) it is a strong 
predictor of the value of HI. When n is based on the number of analytes (Case 2) 
the correlation is much weaker.  
 
 
 
Figure 4. The relationship between MCR and n for Case 1. MCR and n have a weakly positive 
correlation, Kendall’s tau-b value of 0.08 (p < 0.0001) based on all samples and Kendall tau-b 
value of 0.55 (p < 0.01) for medians of grouped samples. 
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Figure 5. The relationship between MCR and n for Case 2. MCR and n have a weakly negative 
correlation, Kendall’s tau-b value of –0.12 (p < 0.0001) based on all samples. Correlation 
based on medians of grouped samples is not statistically significant (p > 0.05). 
 

 
 
Figures 4 and 5 present plots of the range of MCR values as a function of n for 
Cases 1 and 2. When based on data of all individual samples, the correlations 
between MCR and n are weakly positive for Case 1 and weekly negative for Case 2. 
When based on median MCR values of groups, MCR was found to be weakly 
correlated with the number of detects (Figure 4) but not the number of analytes 
(Figure 5). These findings indicate that in this dataset, n was not a strong predictor 
of MCR values in either Case 1 or 2.  
 
Figure 6 presents a plot of MCR versus HI for Cases 1 and 2 for all the samples in 
the final dataset while Figure 7 presents samples with values of HI larger than 1. In 
Figure 6, the relationship between MCR and HI appears very different for Case 1 
and 2. In Case 1, the plot of the MCR samples appear as a diffuse cloud that tapers 
off at higher value of HI. In contrast, MCR values in Case 2 rise sharply as HI value 
decreases and separate into two distinct peaks. Additional analysis of the data 
indicated that the data points in the two peaks came from samples analyzed using 
the two different analytical methodologies. The left peak came from samples 
analyzed using the methodology that detected 48 chemicals and the right peak 
from the methodology that detected 80 samples. As Figure 7 indicates, the impact 
of the non-detects on the MCR and HI is minimal for samples that have HI values 
greater than 1.  
 
Results from the Wilcoxon Test showed that the MCR values of samples with HI 
greater than 1 are significantly lower than samples with HI values less than 1. 
These differences occurred for both Case 1 and 2 (see Table 2). This suggests that 
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MCR values are inversely correlated for higher values of HI. Figures 6 and 7 provide 
additional evidence for this relationship. Tests of the correlation found statistically 
significant negative correlations between MCR and HI for the entire dataset and 
for samples with HI values greater than 1. These finding occurred for both Case 1 
and 2. For the samples with HI values greater than 1, the MCR values average 1.26 
for Case 1 and 1.31 for Case 2. These values of MCR imply that on average 20–25% 
of cumulative toxicity predicted using the Tier 1 screening models is missed by not 
performing a cumulative risk assessment on the mixtures in the samples.  
 
 
Figure 6. Plot of MCR and HI values for all samples. HI and MCR are negatively correlated, 
Kendall’s tau-b values of –0.16 (p < 0.001) for Case 1 and values of –0.18 (p < 0.0001) for 
Case 2. 
 

 
 
Figure 7. Plot of MCR and HI values for samples with HI greater than 1. HI and MCR are 
negatively correlated, Kendall’s tau-b values of –0.22 (p < 0.001) for Case 1 and values of –
0.30 (p < 0.0001) for Case 2 
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Discussion 
 
The application of the MCR to the cumulative assessment of the risks from 
chemicals measured in the NAQWA Dataset demonstrates the potential value of 
the MCR for characterizing the need for cumulative risk assessments. MCR values 
were determined for the cumulative toxicities of the chemical mixtures in the 
3,099 surface water samples. The values of n in the NAQWA samples ranged from 
5 to 81. This demonstrates that the MCR approach can be applied to large 
numbers of cumulative exposures and can be applied to relatively complex 
mixtures when toxicity data are available for the mixture’s components. Non-
detects are a significant issue in the analysis of the NAQWA data. Including 
contributions from non-detects had a significant impact on the estimates of the 
values of HI and MCR. However, this impact was limited to those samples 
predicted to have low cumulative toxicity (HI values less than 1).  
 
The values of HI for the samples ranged over five orders of magnitude. The vast 
majority of the samples (98%) had HI values less than one. Values of MCR range 
from 1.0–4.0 (mean of 1.8) in Case 1 and 1.0–7.5 (mean of 4.0) in Case 2. These 
values are much lower than the values of n for the samples (31–81 analytes). This 
indicates that the toxicities of all of the mixtures are dominated by a very small 
fraction of the compounds present. The values of HI were correlated with n, 
indicating that samples with more detected compounds in general had higher 
estimates of cumulative toxicity. In contrast, MCR values had little or no increase 
with n. This suggests that in this dataset, higher numbers of chemicals in a mixture 
do not necessarily indicate an increased need for a cumulative risk assessment. By 
plotting MCR versus HI the analysis demonstrated that many samples have a 
toxicity that may be seven-fold greater than the toxicity of any one chemical 
component. However, for the mixtures with higher toxicity (HI values greater than 
1) the difference was less than three-fold for all of the samples and averaged only 
1.3 fold. The finding of a negative correlation of MCR with HI suggests that the 
toxicities of the mixtures of the greatest concern are driven by smaller numbers of 
compounds than the mixtures with minimal toxicity. This implies that the higher 
toxicity in these samples did not occur as a result of the contribution of multiple 
chemicals summing to unacceptable levels of toxicity, but rather from the 
presence of one (or two) chemicals that either were highly toxic or occurred at 
high concentrations. The final decision on the need to perform a cumulative risk 
assessment will be determined by many factors; however, in this case performing a 
Tier 1 cumulative risk assessment would result in only modest changes in the 
predictions of risk for the more toxic mixtures.  
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This assessment has focused on cumulative exposures to PPPs and degradation 
products of PPPs that result from the co-occurrence of the chemicals in surface 
water samples. The approach can be applied to cumulative exposures that occur 
from exposures to mixtures of chemicals in soil, air, or on indoor surfaces. The 
approach can also be applied to cumulative exposures to chemicals from multiple 
sources when the doses of the chemicals can be defined for a single individual. 
While not discussed, the MCR approach could be extended to consider non 
chemical stressors when the impact of those stressors on the toxicity of the 
chemicals is defined. Finally, as discussed above, the purpose of this analysis is the 
illustration of the application of the MCR to a real world dataset. The purpose is 
not to reach any conclusion on the safety of current levels of PPPs in U.S. surface 
waters. The levels observed in the NAQWA dataset are measures of conditions one 
to two decades ago and do not necessarily reflect current practices in the U.S. In 
addition, the exposure assumptions used in this analysis will lead to significant 
overestimates of actual chronic exposures the mixtures of chemicals in the 
samples. Many of the samples are taken from surface waters that are not 
appropriate for drinking water supplies (small streams) and the impacts of water 
treatment processes on the levels of PPPs are not considered. Under a WHO tier 1 
assessment, value of HI greater than 1 indicate that the samples would pass on to 
Tier 2 and Tier 3 assessments where more realistic exposure and toxicity 
assumptions would be used [7].  
 
Conclusions 

 
MCR may provide a useful tool to assess the value of performing a cumulative risk 
assessment. The approach can be extended to cumulative exposures involving 
large numbers of chemicals and can be applied to large monitoring datasets. The 
approach can be applied as part of Tier 1 assessments that use simple additive 
models of toxicity. The findings provide a quantitative estimate of individuals’ 
toxicities missed by not performing a cumulative risk assessment. As a result, MCR 
values could be used as part of a decision process to determine when, and where, 
future cumulative risk assessments are most needed to protect human health.  
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This thesis has explored the concept of using exposure information to understand, 
organize, and manage the risks associated with cumulative exposures. The work 
presented in this thesis demonstrates how a careful consideration of exposure 
information can:  

 Assist in the problem formulation step in cumulative risk assessment; 

 Show how screening assumptions can be used for estimating toxicity of 
certain chemicals in mixtures;  

 Identify which chemicals in an individual’s cumulative exposure have the 
greatest potential to interact and produce a super-additive response; and 

 Measure how much toxicity is “missed” by not performing a cumulative 
risk assessment. 

 
It is critical, however, to have access to the exposure information necessary to 
support a cumulative risk assessment. As a result, the thesis begins with the 
development of a tool to characterize the exposure data needed to perform a 
cumulative exposure assessment.  
 
 
Focus 1. Use of simulation models to characterize cumulative exposures to 
chemicals.  
 
Historically, the focus on chemical-specific assessments has resulted in research 
programs that report data on exposure to specific chemicals. This can, for example, 
take the form of summary tables where select percentiles or moments of the 
cumulative distributions of exposure levels or media concentrations across a 
survey population are reported. While such tables provide a convenient way of 
summarizing data and can be helpful in comparing chemicals’ relative exposures, 
they are not sufficient for cumulative risk assessments. What is necessary for such 
assessments are data on which chemicals reach a specific individual and in what 
amounts. In the case of monitoring this means access to the raw data from the 
monitoring surveys rather than summary tables. In the case of data from exposure 
models, this will require predictions of the doses to a specific individual with 
consistent characteristics. 
 
Chapter 3, presented a modelling framework, person oriented modelling (POM), 
for addressing interindividual variation in exposures, longitudinal variation in 
individual’s exposures, exposures from multiple sources, and multiple chemicals, 
and finally the uncertainty in the estimates. Building models around the person 
provides a number of advantages over traditional modelling approaches.  
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First, data on exposures to statistically representative individuals are essential for 
cumulative risk assessments since it is the characterization of risks to persons and 
how they change as a function of mitigation that is the ultimate purpose of the 
model. Second, inter- and intra- individual variation in personal doses and risks for 
a population and at a specific time are key outputs for the model. Third, defining 
internally consistent doses from exposures to multiple sources and routes of 
exposure to one chemical, or to multiple chemicals, can only occur if the same 
person is modelled for each source. This cannot be achieved by simply summing 
the outputs of separate source to outcome models. Finally, focusing the modelling 
on the person allows for the calculation of doses from the person’s exposures that 
are consistent with the time of exposure, location, and age of the individual.  
 
POM has the additional benefit of efficient programming. The complexity of a 
program designed using POM increases linearly with the number of sources. This is 
in contrast to programs such as decision tree analysis where model complexity and 
run times increases geometrically. This means that large numbers of sources can 
be included in one POM model [1]. In 2011, software based on this approach was 
used as the basis for modelling aggregate dietary exposures to chlorpyrifos and to 
model the impact of the pesticide on individual’s cholinergic system *2-4]. The 
resulting model defined the individual and used the definition to estimate 
physiology, diet, metabolism for the individual. This model design has the potential 
to be extended to include the cumulative effects from multiple pesticides that 
target cholinesterases [4]. 
 
POM raises a number of implications that go beyond the design of software. First it 
suggests that the problem formulation for cumulative exposures needs to move 
from a linear approach (Figure 1) to a person-centric model (Figure 2).  
  

 
 
 
 
 
Figure 1. Traditional source to person model.  
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Figure 2. Person oriented model. 
 
POM based models leads to the concept that the community rather than the 
individual sources should be the focus of the exposure and risk assessment 
process. The communities, collections of individuals who receive the doses from 
the sources, become the frameworks for performing cumulative exposure and risk 
assessments [5]. This suggests that cumulative exposure assessments performed 
on one community may be difficult to extrapolate to other communities. When the 
communities are very different (urban neighbourhood versus rural towns) separate 
assessments may be required.  
 
Chapter 2 of the thesis presents an example application of the POM modelling 
approach. The example presented an analysis of cumulative exposures to three 
pesticides. The pesticides were used either on crops or in individuals’ residences. 
The agricultural uses resulted in residues in foods and in public water supplies from 
ground and surface water contamination. Residential sprays to control insects 
resulted in exposures by the dermal, oral, and inhalation pathways. As a result the 
model simulated the aggregate exposures to each pesticide and the cumulative 
exposure to all three pesticides. The risk was assessed using an additive model of 
exposure. The assessment used hypothetical data, but the data were designed to 
be a realistic description of pesticides used at the time of the analysis and that 
could be provided by industry as part of a registration process.  
 
The key finding from the effort was that the model produced the data needed by 
cumulative risk assessments. In this case the data included the multi-route, multi-
source, and multi-chemical doses for each simulated individual at each point in 
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time. The model characterized both inter-individual variations in exposure and the 
variation in individuals’ exposures over time. 
 
 
Focus 2. Developing a framework to assessing the risk management implications 
of toxicological findings of synergy. 
 
Currently, synergy is an issue that while acknowledged is not quantitatively 
considered in most frameworks proposed for cumulative exposure [6-9]. Chapter 4 
reviews the concept of synergy and its potential for the impact on regulation of 
cumulative exposures or exposures to mixtures. The chapter focused on exposures 
to mixtures of chemicals. However the approach developed can be applied to 
individuals’ cumulative exposures to chemicals that occur from multiple sources. 
This chapter outlined a series of arguments on the potential for the occurrence of 
synergy in humans exposed to the doses permitted under additive or 
independence models of mixture toxicity commonly used by risk assessors. 
 
The chapter argued that synergy is only been reported to occur when humans or 
test animals receive high doses of chemicals that that are sufficient to 
independently cause adverse effects [10, 11] (i.e., frank effect levels). In contrast, 
the use of either additive or independence models to determine safe levels of 
cumulative exposures limits chronic exposures to chemicals to levels that are 
below their regulatory criteria (such are Reference Doses, Allowable Daily intakes, 
or Derived No Adverse Effect Levels). In simple binary mixtures, the permitted 
exposures could in theory approach the component chemical’s regulatory criteria; 
however, if the mixtures include larger numbers of components, the mixtures’ 
components will be restricted to much lower doses.  
 
The chapter examined a real world mixture of five organophosphorous pesticides 
[12, 13]. When an additive model was used to determine a safe dose of the 
mixture it was found that the largest exposure permitted for each of the individual 
pesticides ranged from one half to less than one seventieth of the pesticides 
regulatory standards. In addition, current conservative practices in setting 
regulatory standards (when extrapolating from animal data to sensitive humans) 
have the net effect of further reducing the ratio of the permitted doses of the 
mixture components to actual population thresholds of the chemicals. 
 
As a result of the differences in doses, the key regulatory question is “do findings 
of synergy at frank effect levels imply that synergy would occur at the doses 
permitted under additive models?” The consensus from the toxicological was that 
synergy was dose dependent and thus could not be assumed at all doses of a 
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mixture. Specifically, synergistic effects of mixtures have been shown to have 
thresholds (thresholds of interaction) below which the mixtures follow additive or 
independence models [14].  
 
The chapter also presented a methodology that can be used to evaluate the 
regulatory significance of specific findings of synergy and synergy thresholds. Using 
this methodology, risk assessors can determine if synergy is likely to occur in a 
specific set of doses that reach an individual and determine the specific chemicals 
where synergistic effects are most likely to occur. In the future this method could 
be used to evaluate all claims of synergy to determine if the findings indicate that 
additive models may not be protective. 
 
 
Focus 3. Screening approaches for assessing the toxicity of mixture components 
with no data. 
 
Chapters 5 and 6 demonstrate how the Cramer class portion of the Threshold for 
Toxicological Concern can be used to fill data gaps in mixture risk assessment by 
providing conservative estimates of compounds with missing toxicity data. Chapter 
5 presented the methodology and applied it to a set of mixture of anthropogenic 
chemicals reported to occur in samples of surface waters. Chapter 6 presents an 
application of the approach to trace level of chemicals extracted from food contact 
materials.  
 
As discussed in Chapter 1 component-based models of mixture toxicity require 
toxicity data on every component of a mixture. Thus in theory missing the data on 
a single chemical would make a cumulative assessment of risk impossible. The 
approach presented in chapters 5 and 6 addresses this problem by developing 
conservative estimates of chronic toxicity using the structure of the compounds. 
This approach is an example of a Tier 0 assessment under the WHO approach for 
assessing risks from mixtures (see Annex B of Meek et al. [15]). The approach can 
support the development of component-based estimates of mixture toxicity for 
mixtures where there are no toxicity data on any mixture components. In these 
situations the only data that are required are the weight fraction of each 
component in the mixture and the chemical structures of the components. In 
addition, Cramer classes can be used to fill in missing data for mixtures where data 
exist on a portion of a mixture’s components.  
 
The values of toxicity produced by use of Cramer classes, however, have a 
significant potential to overestimate the toxicity of mixtures. As demonstrated in 
Chapter 5, when the toxicity of the all the components of mixtures were defined 
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using the Cramer classes, the toxicity of the mixtures were overestimated by up to 
three orders of magnitude. The degree of overestimation was minimized if the 
dominant compound (having the largest hazard quotient) in the mixture was based 
on actual data. This suggests that when a Cramer class is used to provide toxicity 
estimates for one or more components, the user should determine if any of these 
components become the dominant component of the mixture. If this is the case 
then the prediction of the toxicity of the mixture should be taken with caution. 
This limitation does not mean that such estimates are without value. Such 
conservative estimates may find considerable use in screening out low-risk 
mixtures.  
 
This study also investigated the use of probabilistic models of the uncertainty in 
the estimates of mixture toxicity. The analyses confirm that the deterministic 
predictions are conservative. The concern that the application of conservative 
assumptions to multiple chemicals would overestimate the toxicity of mixtures did 
not prove to be an important issue since most mixtures had their toxicities driven 
by only one or two chemicals. However, the uncertainty analysis still provides 
significant benefits. The use of probabilistic techniques improves the risk 
assessment process by providing the risk manager with a context for single value 
measures of toxicity. For example, providing the median value of the uncertainty 
distribution in the mixture’s Derived No Effect Levels discloses the degree of 
precaution built into the deterministic estimates. In addition, the use of the 5th 
percentile of the uncertainty distributions provides a more objective and 
consistent measure of toxicity across different mixtures. This consistency could 
improve comparative risk determinations.  
 
In Chapter 6 the Crammer class approach was used to assess risks from mixtures of 
chemicals that leach from food contact materials (called migrating chemicals or 
“migrants”). Existing approaches for assessing the risks from these migrating 
chemicals have assessed each chemical separately. Combination of existing 
mixture models, the use of Cramer classes to estimate toxicity, and probabilistic 
modelling of the uncertainty in estimates of safe levels of exposure can provide 
useful characterizations of the toxicity of the mixtures of migrants. The proposed 
tool has the ability to:  

 Estimate the toxicity of mixtures composed of any number of migrants; 

 Estimate the toxicity of mixtures that include certain organic chemicals 
with no toxicity data; 

 Allow the use of toxicity information on individual chemicals (when it is 
available) to improve the assessment of mixture toxicity; and 

 Quantify the uncertainty in the predicted safe doses. 
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However, the approach produces estimates that are biased towards 
overestimating toxicity. As a result, the approach will be most useful in screening 
out low-risk mixtures.  
 
 
Focus 4. Use of exposure information to evaluate the need for performing 
cumulative risk assessments. 
 
Chapter 7 presents the concept of the MCR. This tool has been shown to be a 
simple but powerful method for evaluating the value of performing a cumulative 
exposure of a population. Cumulative exposure and risk assessments require 
significant levels of resources and when chemical-by-chemical approaches are 
sufficient to identify the subpopulations that are at risk then society benefits from 
avoiding unnecessary assessments. Values of MCR that are close to 1 indicate that 
a cumulative assessment would have little value over a chemical-by-chemical 
approach. MCR values of 2 indicate that half of the risk would be missed. MCR 
values greater than 2 indicate that the majority of the risk would be missed. 
MCR values plotted against mixtures’ toxicities provide a useful way to identify 
specific mixtures that are most in need of cumulative assessments.  
 
This chapter describes the MCR and an application of the methodology to humans’ 
hypothetical exposures to mixtures of pesticides in surface water. The data on the 
pesticides came from a large U.S. survey 3,099 samples performed from 1991 to 
2000. MCR values were determined for the cumulative toxicities of the chemical 
mixtures in the surface water samples. The number of chemicals detected in the 
samples ranged from 5 to 29. Values of MCR range from 1.0–4.0 (mean of 1.8). 
This indicates that the toxicities of all of the mixtures are dominated by a very 
small fraction of the compounds present. The values of MCR values had little or no 
increase with the number of compound in a mixture. This suggests that in this 
dataset, higher numbers of chemicals in a mixture do not necessarily indicate an 
increased need for a cumulative risk assessment. By plotting MCR versus HI the 
analysis demonstrated that many samples have a toxicity that may be four-fold 
greater than the toxicity of any one chemical component. However, for the 
mixtures with higher toxicity (HI values greater than 1) the difference was less than 
three-fold for all of the samples and averaged only 1.3 fold. This suggested that a 
chemical-by-chemical approach would have identified the majority of the mixtures 
of concern.  
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PERATO PRINCIPLE AND CUMULATIVE EXPOSURES 
 
Throughout this thesis evidence was found that the risk from cumulative 
exposures to combinations of chemicals follow the Perato Principle [16]. The 
Perato principle states that the majority of any factor that is derived from multiple 
sources comes from a minority of the sources. In the case of cumulative risks from 
chemicals the specific finding is that the majority of the risk comes from a minority 
of chemicals.  
  
In Chapter 2 when the sources of pesticide are independent, aggregate exposures 
for most individuals in the general population tend to be dominated by a single 
route of exposure. In addition, when an additive model of cumulative toxicity is 
used, most individuals have their cumulative doses dominated by one of the three 
pesticides. This can be seen in the following figure taken from Chapter 2 that 
presents the cumulative doses of the three pesticides that had been normalized to 
an index chemical (in this case pesticide Alpha) and the sum of the three doses 
across the simulated population. For individuals in the community with typical 
exposures, pesticide “Beta” dominates exposures. But for the fraction of the 
community with highest exposures (top 2%) the individuals’ exposures are 
dominated by pesticide Gamma.  
 

 
  
In Chapter 4 the results from a study of five pesticides where the doses were based 
on the pattern of doses observed in dietary studies. In this mixture one pesticide 
was found to dominate the toxicity of the mixture.  
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Chapter 5 found that additive and independence models produce similar results in 
the 48 surface water samples differing by less than a factor of 3 and on average 
differed by a factor of 1.4. Junghans et al. [17] demonstrated that the predictions 
of additive and independence models would agree only when a single compound 
dominated the toxicity of the mixture.  
 
In Chapter 7, the MCR values for exposures to mixtures of pesticides were found to 
range from 1-4 and have an average value of 1.8. Values of MCR less than 2 
indicate that a single chemical is providing more than 50% of the toxicity of the 
mixture. This was observed in mixtures that included up to 29 pesticides. 
 
While proof that all mixture exposures and all cumulative exposures will follow the 
Perato principle is beyond the scope of this thesis, the finds suggest that this is a 
topic that should be investigated in the future. 
 
Chapter 7 also presented a finding that is related to the Perato Principle, but goes 
beyond this concept. The finding was that the MCR values of mixtures were 
inversely related to the toxicities of the mixtures as measured by the hazard index 
(HI). Additional evidence for an inverse relationship between MCR and toxicity has 
been observed in drinking water exposures to ground water contaminants [18] and 
in biomonitoring studies of dioxin-like compounds [19].  
 
This finding has a number of interesting implications. First, the finding of a 
negative correlation of MCR with HI suggests that the toxicities of the mixtures of 
the greatest concern are driven by smaller numbers of compounds than the 
mixtures with minimal toxicity. This implies that the higher toxicity in these 
samples did not occur as a result of the contribution of multiple chemicals 
summing to unacceptable levels of toxicity, but rather from the presence of one 
(or two) chemicals that either were highly toxic or occurred at high concentrations. 
Second, the negative correlation suggests that the current system of chemical-by-
chemical assessment may be unusually efficient in identifying cumulative 
exposures of concern. This occurs because the difference between chemical-by-
chemical and cumulative exposure assessment are smaller for more toxic mixtures. 
It also suggests that finding of differences between chemical-by-chemical and 
cumulative exposures for mixture of low toxicological concern do not 
automatically prove that similar differences occur for mixtures with higher 
toxicities. Third, it suggests that the longstanding debate of whether additive or 
independence model are most appropriate for evaluating mixtures may have less 
value then was thought in the past. 
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Again, demonstration of whether this phenomenon occurs for all mixtures and all 
cumulative assessments goes beyond the scope of this thesis. The MCR approach 
will need to be applied to other cumulative exposures for other sources (diet, 
indoor air, consumer products, etc.) to determine if these cumulative exposures 
follow a similar pattern. Clearly this is a finding that needs additional investigation. 
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Chapter 9 
  

 
 

Summary and recommendations 
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The practice of cumulative risk assessment is astounding for its lack of progress. As 
discussed in Chapter 1 the basic concepts of additivity and independence were 
outlined in 1939 [1]. The current model of additivity was first proposed as a risk 
management tool in 1963 [2]. The issue of mixtures in the environment was 
identified in 1980 [3]. In 2012 the issue of the magnitude of the risks posed by 
cumulative exposures to chemicals remains largely unresolved with only a small 
portion of cumulative exposures from a limited number of sources are evaluated 
on a systematic basis [4]. One of the reasons for this lack of progress is the sheer 
size of the issue of mixtures. While the current TSCA inventory lists 82,000 
chemicals potentially in commerce [5], this number is dwarfed by the number of 
mixture and combinations of doses that make up current cumulative exposures. 
Clearly what is required are tools to more efficiently determine cumulative 
exposures and the risks they pose, but more importantly tools for identifying when 
and where cumulative risks will pose unacceptable risks. 
  
The concepts and approaches outlined in this thesis are an attempt to move the 
issue of assessing cumulative effects of chemical exposures forward. Chapters 2 
and 3 present a modelling framework for addressing interindividual variation in 
cumulative exposures. Chapter 4 investigates the issue of synergy and presents 
arguments that support the current use of additive models as conservative screens 
for assessing the risk of effects from cumulative exposures. Chapters 5 and 6 
demonstrate how the Cramer class portion of the Threshold for Toxicological 
Concern can be used to fill data gaps in mixture risk assessment by providing 
conservative estimates of compounds with missing toxicity data. Chapter 7 
presents the concept of the Maximum Cumulative Ratio. This tool has been shown 
to be a simple but powerful tool in demonstrating the importance of performing a 
cumulative exposure. 
  
Two ideas have emerged from the body of work. First, it is critical to determine if 
the thresholds of interaction for chemicals in a cumulative assessment are always 
higher than the lowest threshold for an individual chemical. If this is true then the 
current approach of using additive models as a screen will be protective because 
additive models will keep all doses below the threshold of interaction. Future work 
is needed to assess if this is always the case. It is possible that the rise of High 
Throughput Assays using human cells and tissues can provide insights on this issue. 
 
Second does the finding that MCR values in individuals’ cumulative exposures 
decrease as the cumulative toxicity increases consistently occur for all cumulative 
exposures. Future work will need to determine if cumulative exposures to other 
sources of exposure (e.g., dietary, indoor air, or dermal contact to consumer 
products) confirm if the patterns of smaller values of MCR with exposures to mort 
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toxic chemicals observed in existing studies of drinking water exposures are a 
universal phenomena or if there are exceptions.  
 
 
Recommendations 
It is hope of the author that the tools for assessing cumulative exposures, 
evaluating findings of synergy, filling data gaps in toxicity information, and 
evaluating the need for cumulative risk assessments will be used by researchers in 
the future. Too often in the past, chemical regulations have tended to shoot first 
and aim second. Using the MCR and the other approaches discussed in this thesis, 
researchers can identify those sources and chemicals that drive cumulative risks 
and those individuals most in need of protection. Such information can help guide 
both industry’s and government’s management of risks from cumulative 
exposures.  
 
This work has already begun with the application of the MCR approach to the 
human health effects from exposures to other to natural and anthropogenic 
chemicals in groundwater wells [6] and the patterns of exposure to dioxin like 
exposures [7]. Currently, a project is underway to apply the MCR to the human 
health and environmental effects associated to exposures to mixtures in surface 
waters [8]. A second project will investigate concurrent exposures to chemicals in 
indoor air has also recently been initiated.  
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In dit proefschrift wordt nader ingegaan op het gebruik van 
blootstellingsinformatie om de risico’s verbonden aan cumulatieve blootstelling 
(blootstelling aan verschillende chemicaliën van diverse bronnen) te begrijpen, 
reguleren en beheren. Over het algemeen is het verbazingwekkend hoe weinig 
vooruitgang er tot nu toe is geboekt in de toepassing van de cumulatieve 
risicobeoordeling. Cumulatieve risicobeoordeling is al meer dan dertig jaar geleden 
op de agenda gezet. Nu, anno 2012, blijkt slechts een klein deel van de 
cumulatieve blootstelling die afkomstig is van een beperkt aantal bronnen op 
systematische wijze geëvalueerd te worden. Eén van de redenen voor dit gebrek 
aan vooruitgang is de enorme omvang van de mengseltoxiciteitsproblematiek. In 
de Verenigde Staten vermeldt het Toxic Substances Control Act (TCA) overzicht 
circa 82000 chemicaliën, die commercieel gebruikt worden. Dit aantal valt in het 
niet in vergelijking tot het aantal mengsels en combinaties van doseringen die 
kunnen voorkomen. Dit voorbeeld maakt duidelijk dat er nieuwe methoden nodig 
zijn om op efficiëntere wijze de risico’s van cumulatieve blootstellingen te bepalen. 
Nog belangrijker zijn echter (nieuwe) methoden voor het bepalen van waar en op 
welk moment een cumulatieve blootstelling aan stoffen leidt tot onaanvaardbare 
risico’s voor mens en milieu. 
 
Zoals beschreven en bediscussieerd in hoofdstuk 1 zijn de fundamentele 
concepten van “additivity” en “independent action” reeds gedefinieerd  in 1939. 
Het huidige additiviteitsmodel werd reeds in 1963 voor de eerste keer voorgesteld 
als een methode voor risicomanagement. De mengseltoxiciteitproblematiek in het 
milieu kreeg pas in 1980 de noodzakelijke aandacht. Momenteel is de omvang van 
de risico’s van cumulatieve blootstellingen aan chemicaliën voor een groot deel 
nog steeds onbekend. In de dagelijkse praktijk wordt nog steeds maar een klein 
deel van de cumulatieve blootstellingen die afkomstig zijn van een beperkt aantal 
bronnen op systematische wijze geëvalueerd. 
 
De concepten en benaderingen, zoals beschreven in dit proefschrift, zijn een 
poging om de beoordeling van cumulatieve effecten van chemische blootstellingen 
meer onder de aandacht te brengen. De hoofdstukken 2 en 3 beschrijven een 
model om de interindividuele variatie in cumulatieve blootstelling nader te 
bepalen. Hoofdstuk 4 gaat nader in op het aspect van mogelijke synergistische 
effecten bij mengselblootstelling. Naar aanleiding hiervan worden argumenten 
aangedragen die het huidige gebruik van additiviteitsmodellen als een 
conservatieve methode voor de risicobepaling van cumulatieve blootstelling aan 
stoffen nader ondersteunen. Hoofdstuk 5 en 6 tonen aan hoe de zogenaamde 
“Cramer class portion of the Threshold for Toxicological Concern” gebruikt kan 
worden om de ontbrekende gegevens in de risicobeoordeling van chemicaliën aan 
te vullen. Hierbij kan gebruik gemaakt worden van conservatieve schattingen van 
de risico’s van stoffen waarvoor feitelijke toxiciteitgegevens ontbreken. Hoofdstuk 
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7 beschrijft het concept van de maximale cumulatieve verhouding (Maximum 
Cumulative Ratio (MCR)). Dit blijkt een eenvoudige en krachtige methode te zijn, 
die het belang aantoont voor het uitvoeren van een cumulatieve blootstelling in de 
risicoschatting. 
 
Op basis van het onderzoek beschreven in dit proefschrift kunnen er twee 
belangrijke aanbevelingen gegeven worden voor de risicobeoordeling van 
mengsels en cumulatieve blootstelling. Ten eerste is het belangrijk om te bepalen 
of de drempelwaarde voor interactie van de chemicaliën in een cumulatieve 
blootstelling altijd hoger is dan de laagste drempelwaarde voor een individuele 
stof. Als dit zo is, dan is de huidige benadering met het gebruik 
van additieve modellen beschermend genoeg. In dit geval zijn doses beneden de 
interactiedrempel. Toekomstig onderzoek zal moeten aantonen of deze situatie 
altijd van toepassing is. Wanneer in de toekomst vaker gebruik gemaakt gaat 
worden van zogenaamde “High Throughput Assays” met humane cellijnen en 
weefsels, kan op dit gebied meer inzicht worden verkregen. 
 
Ten tweede is het van belang te weten of de MCR waarden in de individuele 
cumulatieve blootstelling afnemen, wanneer de cumulatieve toxiciteit consistent 
toeneemt voor alle cumulatieve blootstellingen. Toekomstig onderzoek moet 
aantonen of cumulatieve blootstellingen aan andere blootstellingsbronnen 
(bijvoorbeeld via de voedselketen, binnenlucht of huidcontact met 
consumentenproducten) bevestigen of de patronen van lagere MCR waarden voor 
blootstelling aan mengsels van toxische stoffen, zoals onder andere waargenomen 
bij blootstelling via drinkwater, een normaal verschijnsel is of eerder een 
uitzondering. 
 
De auteur hoopt dat de in dit proefschrift beschreven methoden voor: het bepalen 
van cumulatieve blootstellingen, het evalueren van synergistische effecten en het 
opvullen van kennishiaten in toxicologische informatie in de toekomst toegepast 
zullen gaan worden. In deze context moet geconstateerd worden dat in het 
verleden bij de chemische regelgeving te veel de neiging bestond om te handelen 
zonder een duidelijk doel voor ogen te hebben. Door gebruik te maken van de 
MCR methode en andere benaderingen die beschreven zijn in dit proefschrift, 
kunnen onderzoekers zowel de bronnen en chemicaliën die de cumulatieve risico’s 
bepalen, maar ook de personen die hiervoor de meeste bescherming nodig 
hebben identificeren. Dergelijke informatie kan zowel het risicomanagement bij de 
industrie als de overheid helpen in het beheersen van de risico’s van cumulatieve 
blootstelling. 
 
Deze benadering is reeds begonnen met de toepassing van de MCR benadering 
voor het bepalen van humane gezondheidseffecten door blootstelling aan 
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combinaties van voorkomende en antropogene chemicaliën in grondwaterbronnen 
of humane blootstellingpatronen aan dioxineachtige verbindingen. Momenteel 
loopt er een onderzoeksproject waarin de MCR voor de humane gezondheids- en 
milieu-effecten gekoppeld wordt aan de blootstelling aan mengsels van stoffen in 
oppervlakte wateren. Een ander project, waarin de gelijktijdige blootstelling aan 
mengsels van chemicaliën in het binnenmilieu zal worden onderzocht, is 
recentelijk opgestart.  
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