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DEDICATION 

This work is dedicated to our efforts to mitigate 

environmental damage and organismal injury through both basic 

and applied sciences, and to the spirit of careful inquiry 

alluded to in the following Confucian saying: 

liTo know that we know what we know, and 

know that we don't know what we don't 

know, that is true knowledge. II 

One implication of 

scientific inquiry 

consideration: 

this saying for 

may be reflected 

the 

in 

enterprise of 

the following 

In addition to the accelerating pursuit of answers to 

unanswered questions, progress has also occasionally resulted 

from the questioning of unquestioned answers. 
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ABSTRACT 

A serious impediment to the application of fundamental 

toxicology to the protection of human and environmental 

health is' that most organisms are -exposed to mixtures of 

chemical agents while the majority of toxicology research 

elucidates the toxic actions of individual agents. Our 

current state of knowledge is insufficient for predicting the 

effects of a combination of agents based on the dose-response 

characteristics of th~ agents administered singly. Even when 

dose-response data from mixtures and their individual 

components are available, no clear consensus exists as to 

which means are appropriate for determining if an interaction 

such as synergy or antagonism is indicated by those data. 

Sound mathematical analysis of toxic interaction is an 

essential ingredient in this pursuit. Experimental designs 

and means of data analysis permitting precarious conclusions 

remain in common use, and impede the characterization and 

elucidation of xenobiotic interactions. This thesis 

critiques some of the approaches used to address xenobiotic 

interaction, and offers specific and novel techniques and 

guidelines for improved approaches. 

Increasingly large numbers of toxicants exceed our current 

ability to assess toxicity. The development of in vi tro 

methods offers an increased ability to examine larger numbers 

of toxicants and their combinations than conventional in vivo 
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approaches given the finite resources available. This thesis 

presents evidence supporting the validation of precision-cut 

liver slice culture as an in vitro model for investigating 

hepatotoxic interactions of defined binary mixtures. Toxic 

interactions observed in vivo were demonstrated in the in 

vitro liver slice culture in two strains of rat. No 

intrinsic bias was detected by challenging this approach with 

a sham interaction (one compound combined with itself). 

Structure-activity based predictions of toxic interaction 

were demonstrated in liver slice culture. Two separate means 

of data analysis arrived at the same interpretations of the 

data for all of the experimental results described above. No 

toxic interactions were found in a limited but rigorous test 

of a bacterial toxicity assay, suggesting that interactive 

toxic responses are sensitive to the choice of biological 

model. Preliminary experiments were conducted for assessing 

the effect of mechanistic probes (metabolic manipulations) on 

established toxic interactions. 



Chapter One 

INTRODUCTION 

1.1 STATEMENT OF PROBLEM 

16 

A reliable means of quantitatively assessing toxic 

interactions is needed, as well as in vitro systems capable of 

exhibiting toxic interactions. The following discussion 

details the reasons for these needs, and attempt to place them 

in the larger context of applying fundamental toxicology to 

current problems. 

A serious impediment in the application of fundamental 

toxicology to the protection of human and environmental health 

is that most organisms are exposed to mixtures of chemical 

agents while the majority of toxicology research elucidates 

the toxic actions of individual agents. While research on 

single toxicants is necessary for understanding the effects 

and mechanisms of action of individual xenobiotics, it is not 

sufficient for evaluating the biological effects of 

combinations of xenobiotics. Specifically, our current state 

of knowledge is insufficient for predicting the effects of a 

combination of agents based on the dose-response 

characteristics of the agents administered singly. Even when 

dose-response data from mixtures and their individual 

components are available, no clear consensus exists as to 

which means are appropriate for determining if an interaction 
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such as synergy or antagonism is indicated by those data. 

Epidemiological, and laboratory evidence from toxicology 

(Mehendale 1990, Steup et al. 1991, Sipes et al. 1990, 

Pessayre et al. 1982, Klaassen and Plaa 1969, Borzellica et 

al. 1990, Casarett and Doull 1986, Carter et al. 

1990) ,pharmacology (Wampler et al. 1987, Holtzman et al. 1979, 

Greco et al., Goodman and Gilman 1990), environmental sciences 

and industrial hygiene (Doll and Peto 1981, Rothman 1976, 

Occupational Diseases, u.S. HEW 1977, Complex Mixtures, Natl. 

Rsrch. Counc. 1988) suggests that a combination of agents can 

produce effects different from those "expected" based on the 

biological responses to the individual toxicants. The 

questions of precisely what responses are expected, and how to 

interpret responses to mixtures remain controversial. These 

questions are central to the problem of interpreting (and 

eventually predicting) toxic and pharmacologic responses to 

combinations of xenobiotics and have been investigated, yet 

not fully answered for at least the past one hundred years 

(Fraser 1870, Berenbaum 1985, Kodell and Pounds 1991, 

Calabrese 1991, Yang 1994). Addressing these questions, and 

offering a step towards their solution forms a significant 

part of this thesis. 

The application of fundamental toxicology research to 

protecting human and environmental health is further 

confounded by the sheer number of potentially toxic agents -



18 

and even greater number of mixtures - to which we are exposed. 

Chemical abstracts services (CAS) currently lists more than 

fourteen million different substances with an average of 

twelve to thirteen thousand new ones added per week. The 

sheer number of chemical species in use and in the air, soil, 

water, and ingestion stream precludes rigorous investigation 

of a significant portion of even the most like~y potentially 

toxic insults. While logical constraints of which toxicants 

to investigate are offered by the physical sciences 

(environmental transport and chemical speciation), industrial 

hygiene, pharmacology, and epidemiology (most likely 

exposures) I there remains a staggering number of possible 

toxic exposures. This number increases exponentially when 

combinations of toxicants are considered. At least two 

strategies attempt to deal with this problem. The development 

of in vitro methods offers an increased ability to examine 

larger numbers of toxicants and their combinations than 

conventional in vivo approaches given the finite resources 

available. While in vi tro methods can not replace in vi vo 

methods, they offer several advantages1 and do provide 

valuable information. While developing more efficient means 

of toxicity testing is essential, it insufficient for dealing 

1 In addition to less time and expense than in vivo 
models, in vi tro methods often allow a broader range of 
manipulations of experimental conditions, and a wide variety 
of endpoint measurements. 
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with the large numbers of potentially toxic insults. Another 

promising approach is to improve our understanding of the 

mechanisms of toxicity and structure-activity relationships in 

order to improve our ability to predict the toxic effects of 

un-investigated chemicals and un-investigated combinations. 

Theoretically based predictions of the effects of untested 

toxicants are however, far from perfect; even small changes in 

structure can lead to large and unexpected shifts in toxic or 

pharmacologic effects (Snyder, 1986). Prediction of the toxic 

effects of combinations of agents is more limited still, and 

even the analytical assessment of "observable" toxic 

interactions is controversial (Berenbaum 1985, Carter 1986, 

Chou and Rideout 1991, Kodell and Pounds 1991, Calabrese 1991, 

Yang 1994). Before undertaking investigation of mechanisms of 

toxic interaction, it may be prudent to establish that toxic 

interactions are indeed taking place. Several authors have 

shown that the simple experimental designs used in the past to 

evaluate interactions are capable of reaching unreliable 

conclusions and that larger experiments than those typically 

used provide more reliable assessments of xenobiotic 

interaction (Berenbaum 1985, Chou and Rideout 1991, Kodell and 

Pounds 1991) . 

In order to discuss toxic interactions, some basic 

definitions must be agreed upon. A general consensus of 

terminology does not appear imminent in the interactions 
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literature - although some convergence seems to be occurring 

(Kodell and Pounds 1991, Calab~ese 1991). I will use the term 

"null interaction" to represent the case when xenobiotics do 

not affect each others' responses in a statistically 

significant manner. This will serve as the null hypothesis of 

no statistically detectable interaction. What constitutes a 

null interaction will therefore depend on each investigator's 

selection of a specific mathematical model of non-interaction. 

Similarly, mathematical models of non-interaction will be 

referred to as "null models" as is done in Kodell and Pounds. 

Use of the terms "null interaction" or "null model" obliges 

each investigator to state explicitly which model of non

interaction is being used as a basis of comparison and which 

statistical test(s) are being used to assess significance. 

This approach would simplify retrospective data analysis if 

the model(s) selected are later revised. Observed biological 

responses significantly greater than, or less than null (non

interactive) will be called supra-null and sub-null 

respectively. The term "interaction" will - unless stated 

otherwise - be used to indicate that the biological response 

measured exhibits a statistically significant difference from 

the response predicted by the mathematical model(s) of non-

interaction selected by an investigator. Which models are 

appropriate under which circumstances shall remain open to 

debate. This type of statistically interpreted interaction is 



distinguishable from - but not exclusive of 

and/or chemical interactions. 
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biological 

Since biological systems are altered by xenobiotics in 

ways ranging from subtle to profound, and since a second or nth 

xenobiotic in a combination encounters an altered system, any 

xenobiotic could be said to "interact" with the others' 

actions and effects on the system. One toxicant may alter the 

kinetics of absorption, distribution, metabolism, excretion 

and/or the dynamics of injury repair, metabolic pathways, 

effects on receptors, toxic or pharmacologic effects 

experienced by the other toxicant(s). Xenobiotic toxicants 

can also interact chemically with each other outside or inside 

the cell. It does not necessarily follow that all detectable 

alterations in the fate of each xenobiotic will always lead to 

a statistically significant change in the measured 

endpoint (s) . These kinds of interactions may augment or 

cancel each others' toxic effects, and may, or may not lead to 

a statistically significant departure of the (measured) 

biological responses from the responses predicted by the 

mathematical model(s) of non-interaction selected by an 

investigator. 

It is important to distinguish between measurable kinetic 

and physiological interactions between xenobiotics (a dose of 

agent "A" produces measurable changes in the distribution, 

fate and physiological affects of agent "B"), and truly toxic 
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interactions between xenobiotics (A produces changes in the 

toxic effects of B). This is especially true when attempting 

to elucidate the mechanisms of interaction. Demonstration 

that one agent causes a change in how another agent interacts 

with a given biological system does not necessarily indicate 

that any or all of the experimentally observed changes are 

influentialy involved in an observable toxic interaction. 

Conclusions about whether or not a toxic interaction is 

present, and if so, what is the nature (supra-null or sub

null) and extent of the interaction, can be influenced not 

only by the means of data analysis employed, but also by the 

experimental design (Berenbaum 1985, Carter 1986, Greco 1990, 

Chou and Rideout 1991, Kodell and Pounds 1991, Calabrese 1991, 

Yang 1994) . 

1.2 MOTIVATION AND RELEVANCE 

Simul taneous exposure of humans and the maj ori ty of 

terrestrial biota to multiple toxicants is a fact of life. 

The pure science of toxicology lays the groundwork for 

assessment of toxic hazards and risks, and eventually provides 

a foundation for toxic risk management. All of these 

activities (even pure toxicology) require a means of 

quantifying toxic responses and through hypothesis testing, 

attributing these measured responses to a set of causal 

agents. In the case of understanding toxic responses to 



23 

mixtures of toxic agents, the traditional methods of 

toxicology - as applied to individual toxicants - are limited 

in their ability to establish causal relations due to a lack 

of ability to reliably and accurately quantify toxic responses 

arising from interactions of toxicants. Accurate measurement 

has typically been the essential ingredient in moving from a 

descriptive/observational phase of science, through the 

formulation of 

science which 

prediction of 

a theoretical understanding to a level of 

permits meaningful and reasonably accurate 

events. Without accurate measurement of 

phenomena, this process is interrupted. While valuable 

insights can and have been gained prior to an ability to 

accurately quantify toxic responses arising from toxic 

interactions, a more dramatic progress in understanding the 

mechanisms of toxic interactions becomes possible with 

improved methods of quantifying such interactions. This 

requires "teasing out" the interactive responses from the 

total toxic response which also includes responses due to the 

pure toxicants alone. Mathematics is an essential tool in 

this particular endeavor, and simple arithmetic is 

insufficient for the general case of this problem (Berenbaum 

1985, Waud and Waud, 1985 Carter et al. 1986, Ager and Haynes 

1987, Greco et al. 1990, Chou and Rideout 1991, Kodell and 

Pounds 1991, Calabrese 1991, Yang 1994) . 
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Much of the literature on toxic interactions is quite 

specialized in statistics, theory, or specific applications 

and instances of alleged interaction (ibid). This may deter 

a significant portion of the growing number of investigators 

in this field from critically evaluating and using this 

literature, and may partially account for the persistent use 

of methods which have been shown to, permit precarious 

conclusions (Berenbaum 1985, Carter 1986, Greco 1990, Chou and 

Rideout 1991, Kodell and Pounds 1991, Calabrese 1991, Yang 

1994). An added motivation is that an ability to accurately 

quantify toxic and pharmacologic interactions is also 

potentially quite useful in calibrating and validating 

physiologically based phamaco/toxico-dynamic mathematical 

models of biological response. There are hopes that such 

models will eventually provide reasonably accurate predictions 

of toxic responses to both individual, and combined 

xenobiotics. Assessment and eventual prediction of toxic 

interactions will also be of obvious benefit in the regulatory 

arena. 

1.3 PURPOSE AND OBJECTIVES 

The purpose of this report is to offer some improvement 

and/or expansion of the mathematical techniques used to 

analyze toxic (or pharmacologic) interactions of combinations 
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of xenobiotics, and to provide evidence that a particular in 

vitro system can be used for evaluating such interactions. 

The objectives of this research are: 

1) to investigate and adopt or adapt mathematical techniques 

for evaluating toxic interactions, and to provide data to 

support the use of precision-cut rat liver slice culture 

(RLSC) for the study of hepatotoxic interactions; 

2) to compare results obtained with this in vitro method to 

published results obtained with in vivo methods (Pessayre 

et al. 1982, Charbonneau et al. 1986, Borzellica et al. 

1990, and particularly: Steup et al. 1991); 

3) to examine if structure-activity based prediction of 

toxic interaction is supported by experimental evidence 

in RLSC; 

4) to show that toxic interactions in RLSC are not limited 

to pairs of toxicants structurally analogous to 

tetrahalomethanes combined with trichloroethylene; 

5) to show that the interpretations of toxic interaction 

obtained above are not limited to median-e~fect derived 

residual analysis; 
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6) to test the sensitivity of the toxic and interactive 

response to different rat strains; 

7) to determine if Microtox bacterial toxicity assay is 

sensitive to toxic interactions of pairs of superfund 

site leachate types of toxicants. 

1.3.1 Scope of Study 

In scope, this study is restricted to investigating the 

toxic interactions of binary combinations of one and two 

carbon organohalides and selected metals and metaloids in 

either precision-cut rat liver slice culture or in 

Photobacterium phosphoreum (a bioluminescent marine 

bacterium). The rat strains investigated were restricted to 

Sprague-Dawley and Fisher-344 rats. The exposure regime is 

restricted to acute co-exposures, and the question of 

sequential exposures is not addressed. While most of the 

mathematical treatments of the data are applied to binary 

combinations of toxicants, most of the mathematical models of 

interaction investigated can also in principle, be extended to 

combinations of n xenobiotics. 

The focus of this dissertation is on theoretical and 

experimental toxicology, however, the methods are also 

applicable to pharmacology. 
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1.3.2 Testable Assumptions (A#) and Hypotheses (H#) 

Al) Methods of assessing toxic interactions are well 

developed, established, and fully accepted. 

A2) Not all methods of assessing toxic interactions reach the 

same conclusion for a given data set. 

A3) Determinations of toxic interaction are not critically 

dependent on the experimental design employed. 

A4) The incremental response envelope is not identical to the 

envelope bounded by dose addition and response addition. 

Hl) Rat liver slice culture (RLSC) can exhibit hepatotoxic 

interactions which have been observed in vivo. 

H2) RLSC does not exhibit an intrinsic bias towards either 

sub-null (i.e. antagonistic) or supra-null (i.e. 

synergistic) interactions when challenged with a sham 

interaction and analyzed by median-effect principle 

residuals and the marginal logistic model. 

H3) Structure-activity based predictions of toxic interaction 

are observed in RLSC. 

H4) Toxic interactions in RLSC are not limited to the 

interaction of trichloroethylene or its structural 

analogs with fully halogenated methane derivatives. 

HS) The sensitivity of RLSC to individual and combined 

toxicants is itself sensitive to the strain of rat from 

which the liver is taken. 
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H6) The MICROTOX assay is sensitive to toxic interactions of 

binary combinations of environmentally relevant toxicants 

and is sensitive to toxic interactions observed in vivo. 

1.4 ORGANlZATION OF DISSERTATION 

The remainder of this dissertation is organized as 

follows. 

Chapter two critically reviews the literature on the 

mathematical analysis of xenobiotic interactions, and on 

reports of toxic interactions of one and two carbon 

organohalides in vivo and in vitro. 

Chapter three outlines and considers the general 

requirements for experimental designs used in the assessment 

of toxic interactions, examines traditional and alternative 

designs, describes the designs used in this study, and makes 

suggestions for optimizing experimental designs. 

Chapter four describes the mathematical mod~ls and data 

analysis techniques used in this study, and describes a 

modular approach to accommodate the interchange and revision 

of mathematical models. 

Chapter five presents evidence supporting the use of 

precision-cut rat liver slice culture for the evaluation of 

toxic interactions. positive and negative interaction 

controls are presented. The in vitro results obtained in rat 

liver slice culture are compared to in vivo results from the 
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literature. Actual data from the work of Steup et al. (1991), 

are analyzed be the methods used for the in vitro data, and 

the results compared. Structure-activity relations are tested 

with the same experimental design and data analysis techniques 

used for the positive and negative controls. A pair of 

toxicants which are not both structural analogs of previous 

pairs of toxicants are tested for interactions. 

Chapter six examines differences in response to 

individual and combined toxicants when different rat strains 

are used. 

Chapter seven describes a simple, novel means of 

analyzing data from binary interaction experiments. This 

technique can be performed either graphically or by equations. 

This new technique (incremental response envelope) is compared 

to the envelope of additivity method developed by Kodell and 

Pounds (1991). The incremental response envelope presented 

here, is a general extension of Kodell and Pounds' envelope of 

additivity where dose addition is replaced with an new 

(incremental) envelope of additivity. 

Chapter eight reviews the conclusions of this study, and 

makes both general and specific suggestions for future work. 

Appendix A examines the ability of the Microtox bacterial 

toxicity assay to exhibit toxic interactions in response to 

binary combinations of compounds likely to be found in 

Superfund dumpsite leachates. 
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Appendix B presents groundwork conducted for the 

evaluation of the effects of metabolic manipulations on toxic 

interactions. 

Appendix C includes the computer code used for fitting 

Emerson's marginal logistic model (a non-linear response 

surface model) to the data. 

References are given for some of the most comprehensive 

and recent work and reviews on the subject. The reader is 

given some familiarity with this topic's basic problems and 

ideas, and the controversy on the terminology and the 

fundamental concepts used in assessing xenobiotic 

interactions. 
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Chapter Two 

CRITICAL REVIEW OF THE LITERATURE 

2.1 INTRODUCTION 

The purpose of this chapter is to provide the background 

that will place this study in a meaningful context. The 

issues reviewed and discussed are: 

1) What criteria are important in determining whether or not 

a method can clearly demonstrate a toxic interaction ? 

2) What are the commonly used methods of assessing toxic 

interactions, and what, if any, are their limitations? 

3) Which experimental designs and data analysis techniques 

can be considered logically consistent with an 

unambiguous and well founded assessment of toxic 

interaction? 

4) Which biological systems have been repeatedly shown to 

exhibit significant toxic interactions in response to 

binary combinations of one or two carbon organoha1ides ? 

What are the advantages and disadvantages, and important 

limitations of different levels of biological 

organization for the assessment of toxic interactions? 
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5) Which binary combinations of toxicants from this category 

(one or two carbon organohalides) have been convincingly 

demonstrated to produce toxic interactions? 

Assumptions examined 

1) Methods of assessing toxic interactions are well 

developed, established, and fully accepted. 

2) Not all methods of assessing toxic interactions 

reach the same conclusion for a given data set. 

2.2 ASSESSING TOXIC INTERACTIONS OF COMBINED XENOBIOTICS 

Much of the literature on this topic is quite specialized 

in statistics, theory, or specific applications. This may 

deter a significant portion of the growing number of 

investigators in this field from using this literature, and 

may partially account for the persistent use of methods which 

have been shown to permit precarious conclusions (Berenbaum 

1985, Chou and Rideout 1991). A number of approaches to 

interpreting responses to mixtures have been proposed since at 

least the 1870s (Fraser 1870, 1872). These approaches range 

in complexity from simple arithmetic to partial differential 

equations, and are published in disciplines ranging from 

statistics and theoretical biology to industrial hygiene and 

cancer chemotherapy (entire reference list) . 
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Grand claims have been made repeatedly in the development 

of the mathematical and mechanistically based theory 

underlying the development of the mathematical models which 

purport to have reduced the assessment of xenobiotic 

interaction to analytically solved quantitative models. This 

is evident even in the titles of some of these papers, and the 

names of the mathematical models: "Universal Response Surface 

Approach (URSA) II (Syracuse and Greco 1986) , liThe Expected 

Effect of a Combination of Agents: the General Solution II 

(Berenbaum 1985). A-number of the most cited theorists in 

this field point out flaws in each others work, and even the 

most salient theorists are not immune from non-idealities in 

their models (Berenbaum 1985, Carter et al., 1985, Wampler et 

al. 1987, Gennings et al 1990, Syracuse and Greco 1986, Chou 

and Talalay 1984) as critiqued in each others' papers and as 

reviewed in Kodell and Pounds 1991, Pounds and Kodell 1985, 

Chou and Rideout 1991, Calabrese 1991, Yang 1994. 

Excellent monographs and reviews of the development of 

this field can be found elsewhere (Kodell and Pounds 1991, 

Calabrese 1991, Yang 1994, Pounds and Kodell 1985, Chou and 

Rideout 1991). These references include comprehensive 

exposition of recently developed methods and examples of 

frequently used methods of assessing toxic interactions which 

have been shown to have serious limitations. One example is 

presented here of a popular experimental design and data 
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analysis method (figure 2.1) which, while applicable in some 

situations, has been shown to lead to precarious and even 

erroneous conclusions. Several other methods of data analysis 

are briefly presented and some of their advantages, 

disadvantages, assumptions, and li.mitations are discussed. 

These methods were selected to illustrate similarities and 

differences in the various approaches taken in addressing this 

problem. 

As stated in chapter one, our current state of knowledge 

is insufficient for predicting the effects of a combination of 

agents based on the dose-response characteristics of the 

agents administered singly. Even when the data from mixtures 

and their individual components are available, no clear 

consensus exists as to which means are appropriate for 

determining if an interaction (eg synergy or antagonism) is 

indicated by those data. A few recurrent themes emerge from 

the extant literature on evaluating toxic interactions: 

1) methods for assessing toxic and pharmacologic 

interactions of combinations of xenobiotics have 

been offered, revised, and added to since at least 

the 1870s (Fraser 1870,1872) i 

2) the basic definitions and methods used in assessing 

these interactions are still controversial (Yang 



1994, Calabrese 1991, Kodell and Pounds 1991, Chou 

and Rideout 1991, Plaa and Vezina 1990, Berenbaum 

1985, Carter et al. 1984); 

3) method applications which have been shown to be 

inappropriate are still in common use see 

(Berenbaum 1985, Chou and Rideout 1991, Kodell and 

Pounds 1991) for discussion; and 

4) an understanding of the responses to the individual 

components of a mixture is generally required 

before responses to their mixtures can be 

interpreted (Berenbaum 1985, Chou and Rideout 1991, 

Kodell and Pounds 1991, Calabrese 1991) . 
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It is not surprising that the assessment of the toxic 

interactions of combined xenobiotics is more complicated than 

assessing the toxicities of individual toxicants. 

Investigating the toxicities of individual toxicants usually 

begins with characterization of the dose-response relationship 

of the individual toxicant. As suggested by Klaassen (1986), 

this provides evidence that the response is in fact due to the 

chemical in question, that the response is related to the 

dose, and that the relationship is quantifiable and thereby, 

predictable. Klaassen further points out that the dose-
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response relationship is the most fundamental and pervasive 

concept in toxicology. Indeed, an understanding of this 

relationship is essential for the study of toxic materials. 

Yet, many of the approaches to assessing toxic 

interactions found in the literature do not elucidate the 

dose-response relationships of even the individual materials 

comprising the combination(s) being investigated, much less 

characterize the dose-response relations of the combined 

toxicants. In view of the greater complexity of assessing the 

responses to combinations of toxicants, and the fundamental 

need to elucidate the dose-response relationships of at least 

the individual toxicants in a combination, it is perplexing 

that so few of the reports on toxic interactions bother to do 

this. 

Interpretation of the responses to the mixtures depends 

on an accurate characterization of the dose-response 

relationships of the individual toxicants because the 

responses to mixtures need to be compared to something. This 

comparison can either be based on assumptions (typically 

implicit and untested) about the dose-response relations of 

the individual toxicants and their mixtures, or the comparison 

can be based on well characterized dose-response relations, 

and mathematical model(s) of responses to mixtures. These 

mathematical models - while imperfect - are calibrated by the 

accurate characterizations of the dose-response relationships 
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of the individual toxicants. Without accurate 

characterizations of the dose-response relationships of the 

individual toxicants, the interpretation of the responses to 

the mixtures is based on an increasingly large set of nested 

assumptions as discussed below. 

Just as characterizing and plotting the dose-response 

relations for individual materials is useful in gaining an 

understanding of these relationships, being able to plot - or 

at least discuss the dose-response relationships of 

combinations of toxicants is also useful. To begin with, a 

common language is required. Just as dose-response 

relationships of individual toxicants can be visualized as two 

dimensional curves, the dose-response relationships of 

combined toxicants can be visualized or discussed as three (or 

more) dimensional surfaces. This is a natural consequence of 

mathematics, and the terminology which results need not be 

regarded as "excessive jargon", rather it is a normal 

nomenclature used in a variety of sciences and engineering. 

The following serves as a primer for toxicologists who may be 

unfamiliar with, or have forgotten these terms. Such terms 

include: "trajectory" (a curve in three or more dimensions), 

"response surface" (a mathematical "surface!! in n dimensions 

which represents the responses - e.g. toxicity - related to 

the independent variables (eg. dose and/or time), "dose 

combination space" (the investigated range of all possible 
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dose combinations of all of the toxicants in the study), 

"hyperspace" (a space described by more than three orthogonal 

mutually perpendicular dimensions or axes), "local 

extremum" (a minimum or maximum value of the dependent 

variable - the lowest or highest point on the response surface 

- in a constrained or local region of the entire response 

surface), "global extremum" (the minimum or maximum value of 

the response surface over the entire surface), "parameter" 

(the variables or arbitrary constants such as slope or 

intercept or Hill exponent - which are fitted to the data in 

order to provide a mathematical description of the 

relationship of the dependent variable - ego toxicity - to the 

independent variables - ego dose or time), "parameter space" 

(the mathematical space described by the permissible- limits 

of the values of all of the parameters in a given mathematical 

model - -for example: concentrations are limited to positive 

values), "monotonic" (the dependent variable (eg. response) 

changes in only one direction (eg. increasing) with an 

increase in the independent variable (eg. dose or time) . 

The criteria important in determining whether or not a 

method can demonstrate the presence of a toxic interaction 

include: 1) does the candidate method produce a reasonable 

understanding of the observed dose-response relationships of 

the toxicants both individually, and in combination over the 

dose range being examined?, 2) does the candidate method use 
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some kind of quantitative model - however accurate - which 

models the responses to the combinations in the absence of an 

interaction ?, and 3) does the candidate method exhibit any 

intrinsic bias when challenged with a sham interaction (one 

compound "interacting" with itself)? 

In general the modeling approaches used to assess 

interactions of xenobiotics fall into two groups, which can be 

categorized as models of interaction and models of non

interaction. Both approaches evaluate the dose-response 

surface which the data have sampled. All methods of assessing 

xenobiotic interactions deal in some way with these dose

response surfaces. Isoboles for instance, are simply 

interpolated contour plots of these surfaces, whereas 

"response surface modeling" attempts to model the entire dose

response surface. The additive and multiplicative models are 

briefly discussed followed by a discussion of models of 

interaction and non-interaction. 

2.2.1 Traditional Approaches and Their Drawbacks 

Most of the traditional approaches either do not attempt 

to characterize the dose-response relations of the individual 

toxicants, and/or do not attempt to characterize either the 

observed (measured) dose-response surface or the modeled non

interactive (null) dose-response surface. A critique of some 

of the more commonly used methods of assessing toxic 

interactions follows. 
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2.2.1.1 Response Addition. In essence, response 

addition assumes that an arithmetic sum of responses is 

equivalent to the absence of any interaction (a model of non-

interaction) . Hence response to combinations of toxicants 

which are not equal to the sum of the responses to the 

individual components are interpreted as indicating the 

presence of an interaction. This assumes that all dose

response relations are monotonic and linear (a poor general 

assumption) or that all dose response relations are 

linearizable, and that the toxic responses to the individual 

toxicants are truly independent events. This last assumption 

requires that compounds A and B act at different sites, and 

that compound A has no influence on or interference of the 

absorption, distribution, metabolism, excretion (or efflux), 

or repair (ADMER), experienced or elicited by compound(s) B 

(and C, D, etc.). Independent action further assumes that 

injury from each additional toxicant occurs in a 

naive/intact/uninjured/fully competent biological system. 

This implies that the increments of injury/response brought 

about by each additional toxicant start from a baseline of 

zero response. These are certainly not all safe assumptions 

for the general case of all xenobiotic combinations, and are 

unlikely to be completely true even for most binary 

combinations of xenobiotics. Assuming all of the above 
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assumptions/conditions are true, response addition is still 

not without risk of misinterpreting the data. 

Even if all of the dose response relations of the 

individual components in a combination are linearizable by 

some mathematical transformation (eg. logarithmic, probit, 

logit, sine, exponential, inverse function, etc.) then the 

conclusions drawn from this type of data analysis are 

restricted to the transformed domain(s) or scales in which the 

linear relations hold. Even if all of the above assumptions 

are explicitly addressed (virtually un-encountered in the 

literature), and they are satisfied, errors in interpretation 

are still possible in the mid to upper regions of the dose

response surface. This results from the fact that all 

biological responses are at some dose level "saturable" and 

reach an asymptotic limit. Under arithmetic models of non

interaction such as response addition, a combination of a dose 

of agent "A" causing a sixty percent cell kill and a dose of 

agent "B" causing a seventy percent cell kill, would be 

expected to result in an impossible 130% cell kill in the 

absence of any interaction. 

This type of data analysis (response addition) is the 

most frequently employed in the literature reporting specific 

xenobiotic interactions. It is often employed with an 

absolute minimum 

relationships of 

of 

the 

sampling 

individual 

of the dose-response 

materials and their 
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A typical experimental design leading to a 

response addition based analysis of the data, samples each 

toxicant or drug at only one dose level, and samples the dose

response surface at a single point (Chakrabarti and Brodeur 

1986, Buchet and Lauwerys 1987, Soni and Mehendale 1991A,B, 

Aragno et al. 1992, Das et al. 1985) This type of 

experimental design is. typically termed a 2x2 factorial 

design. The dose response relations of all toxicants are 

assumed to be the straight line connecting the one observation 

to the origin (zero dose zero response). Without an 

understanding of the dose-response relationships of the 

individual toxicants, the responses to the mixtures can easily 

be misinterpreted. If this method is challenged with a sham 

interaction - one agent "interacting" with itself - it becomes 

apparent that the response to the sham mixture can be 

explained by the dose-response curve of that toxicant alone 

(figure 2.1). Interpreting such a deviation from arithmetic 

additivity as an interaction can thereby result in an 

erroneous conclusion for the reasons shown in figure 2.1, and 

for the failure of the specific conditions present in the 

experimental system to satisfy the assumptions outlined above. 

More rigorous approaches to using response addition 

analysis employ a factorial experimental design (described in 

section 3.2) - or more commonly, a partial factorial design -

(Tardif, Plaa, and Brodeur 1992, Ikatsu and Nakajima 1992, 
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Stacey 1987, Charbonneau et al. 1986, Pessayre et al. 1982, 

Kefalas and Stacey 1989, 1991, 1993). These experiments are 

often analyzed by an analysis of variance (ANOVA). The 

elements of response addition are implicit in ANOVA analyses 

in that deviations from a summation of responses to the 

individual components of a combination are interpreted as an 

interaction between the individual drivers of the response; 

the toxicants. 

It is difficult if not impossible to accurately ascertain 

the· behavior of a non-linear curve from a single sampling 

point. It is more difficult still to ascertain the behavior 

of a non-linear response surface from a single sampling point. 

Since significant interactions can not be expected to be 

uniformly distributed across the combination space, single 

point sampling can miss entirely the dose combination regions 

producing an interaction unless it has already been 

determined that the selected sampling point represents a dose 

combination producing a significant interaction. If however, 

a quantitative model of the non-interactive response surface 

has been properly calibrated by the data, then a distinction 

can be made as to whether a single (carefully selected and 

accurately determined) response surface sampling point is less 

than or greater than the calibrated theoretical non

interactive response surface at that one point. 
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When the interaction is decidedly sub-null (or 

antagonistic), or when the inference of interaction is 

restricted to the linear low dose regions of all of the 

components of the combination (s) being investigated, the 

response addition model of non-interaction is a reasonable 

starting point as a benchmark of comparison as long as all of 

the dose-response relations are both monotonic and linear. 

Whether or not any of these conditions are met for a given 

study is rarely discussed in the literature. 

The- simplest expression of response addition as it is 

commonly used in the literature is illustrated in equation 

2.1. 

Where: 

Equation 2.1 

Response Additivity 

R(A,B) = R(A) + R(B) 

R(A,B) = the response to a given combination of toxicants "A" and "B" 

R(A) = the response to a given dose of "A" 

R(B) = the response to a given dose of "B" 

A version of response addition based on probability and 

tolerance distribution theory has been developed by Kodell and 

Pounds (1991). This model estimates the probability that a 
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given combination of toxicants A and B will be tolerated (as 

defined by the choice of experimental endpoint) by the members 

of a given population. This model was derived for quantal 

data and is expressed by equation 2.2. 

Where: 

Equation 2.2 

Response Additivity 

P(A,B) = f,(k+b,A) + f2(k+b2B) - f,(k+b,A)f2(k+b2B) 

P(A,B) = probability of a toxic response to a given combination of A and B. 

A, B = doses of compounds A, and B. 

f( ... ) = an unspecified monotonic function of quantity ( ... ). 

k = a constant representing background probability. 

b = a coefficient adjusting the magnitude of probability. 

f,(A) = an unspecified monotonic function of the dose of compound A. 

f2(B) = an unspecified monotonic function of the dose of compound B. 

Response 

analogous 

additivity (zero 

to the mutually 

correlation of tolerances) is 

non-exclusive response surface 

models discussed below. The hypothesis that the predicted 

model fits the observed data is tested by the C statistic for 

quantal data (i.e. response or non-response of individual 

animals) I and the F statistic for quantitative data (i.e. 
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graduated biochemical endpoints). Definitions and discussion 

of these statistics are found on p 571-572 in Kodell and 

Pounds (1990). 

2.2.1.2 Dose Addition. While the underlying mechanistic 

model for response addition is an independent and separate 

site and mode of action for the individual toxicants, dose 

addition derives from a mechanistic model where all toxicants 

have the same site of action, and contribute to a common 

(measured) biological response. This model of non-interaction 

is a descendent of the "similar joint action" model of Bliss 

(Mumtaz et al., 1993, Bliss 1939). Some authors do not 

consider it strictly necessary for all of the individual 

toxicants to have identical modes of action (Kodell and Pounds 

1991, Calabrese 1992). In dose addition (also known as 

concentration additivity), the toxicants are assumed to differ 

only in potency, and a potency ratio is formed from the dose

response data of the individual toxicants (equation 2.3). 

This potency ratio is generally obtained by finding the molar 

ratio of the ECsos of the respective toxicants for a given 

endpoint. 

Where: 

Equation 2.3 

Dose Addition 

R(A,B) = R(A +pB) 

R(A,B) = the response to a given combination of toxicants "A" and "B". 
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A, B = the doses of toxicants- A, and B in that given combination. 

p = the potency ratio of A and B; usually = ED so of A I EDso of B. 

R(A+pB) = the response to a A plus pB (a surrogate of A) . 

The (sometimes unspoken) assumption here is that the dose

response curves of all of the individual toxicants in the 

combination are parallel, and differ only in their leftward or 

rightward shifts on the dose axis. For this to be a safe 

assumption, all of the individual dose-response curves would 

not only have to be members of the same family of curves, but 

also have the same inflection points (if any), and have the 

same asymptotes; all for the same measured experimental 

endpoint. Assuming that these conditions exist without 

testing for them may lead to errors in data interpretation 

(Kodell and Pounds 1990). This is especially true if the 

assumptions are made (without testing) for the general case of 

all xenobiotics and all measured endpoints. While the 

underlying assumption of parallel dose-response curves was 

considered by Charbonneau et al. (1990) - although the study 

showing this is not cited - the assumption of identical sites 

of action was not addressed. If the dose-response curves of 

the individual toxicants are not parallel, then applying the 

potency ratio to toxicant A and estimating the response to a 

given dose of A (times the potency ratio) by interpolating the 

dose-response curve of toxicant B will give a different answer 



than if the roles of toxicants A and B are reversed. 

ambiguity of interpretation suggested a new method 
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This 

of 

obtaining an envelope of additivity which is developed in 

chapter seven. Rather than repeat the preceeding explaination 

of dose addition in chapter seven, a brief desciption of the 

proposed new envelope of additivity will be given here for 

continuity. This new method is derived from a new definition 

of dose additivity (an envelope) and the envelope of 

additivity described by Kodell and Pounds (1991). The 

envelope of additivity proposed here does not use zero as a 

baseline for each increment of toxicity, but rather uses the 

level of toxicity produced by the toxicant(s) already 

accounted for in the antecedent response. Hence this new 

approach does not assume that an additional nth toxicant 

encounters a naive or uninjured biological system, but rather 

the nth toxicant encounters an already injured - or otherwise 

compromised - biological system. A more accurate picture 

probably lies between these two models of injury. This idea 

is developed further in chapter seven. 

Concentration or dose additivity (perfect positive 

correlation of tolerances) is analogous to the "mutually 

exclusive" response surface models discussed below. A 

probabilistic version of dose addition was developed by Kodell 

and Pounds (1991), (equation 2.4). The hypothesis that the 
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predicted dose addition model fits the observed data is tested 

by the C statistic for quantal data (i.e. response or non

response of individual animals), and the F statistic for 

quantitative data (i.e. graduated biochemical endpoints). 

Definitions and discussion of these statistics are found on p 

571-572 in Kodell and Pounds (1990). 

Where: 

Equation 2.4 

Dose Additivity 

P(A,B) = f(k + b(A + pB)) 

P(A,B) = the probability of a toxic response to a giv"en combination 

of toxicants A and B. 

f( ... ) = an unspecified monotonic function of quantity ( ... ). 

A, B = doses of compounds A, and B. 

k = a constant representing background probability. 

b = a coefficient adjusting the magnitude of the probability. 

p = the relative potency of compounds A and B. 

Dose addition is not used as often as response addition 

in the toxic interaction literature to date. However, dose 

addition forms the basis for the development of the "hazard 

index" (equation 2.5) used by the United States Environmental 
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Protection Agency (EPA) (Mumtaz et al. 1993, Svendsgaard and 

Hertzberg, 1993). The relationship of the hazard index to 

dose addition can be seen by noticing that each toxicant in 

the summation is weighted for relative potency by dividing the 

exposure level by a decision level such as an Eeos or LOAEL 

(Lowest Observable Adverse Effect Level) . 

Equation 2.5 

Hazard Index for Interactions 

Where: HI. = hazard index for interactions 

UF. = uncertainty factor for interactions 

E j = exposure level for the ph toxicant 

DL j = defined (or decision) level for exposure to the i1h toxicant; 

i.e. a specific level of the response endpoint. 

2.2.1.3 The multiplicative model. The mUltiplicative 

model assumes that the effect of a combination of toxicants is 

represented by the product of the effects of the individual 

toxicants if no interaction is taking place. This approach is 

based on probability theory which indicates that the 

probability of independent events occurring together is the 

product of the probabilities of their individual occurrences 



(Berenbaum 1985, Smith 1968) . 
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While this may be a good model 

for primarily independent or "one-hit" modes of injury such as 

radiation (Smith 1968), the assumption that the actions and 

effects of multiple xenobiotics are independent events does 

not represent the majority of cases of chemical exposures. 

Further, a one-hit model of injury results in a simple 

exponential dose-response curve which is not sufficiently 

flexible to simultaneously account for other biological 

processes such as sequential enzyme or transport saturation 

and/or repair processes (Smith 1968) 

2.2.1.4 Inspection of Response Surfaces. If sufficient 

dose-response data are gathered for both the individual and 

mixed toxicants to enable a reasonable characterization of the 

response surface, then a qualitative assessment of the 

response surface can be attempted by visual inspection. This 

is of course limited (for most people) to three dimensional 

surfaces, hence binary combinations of toxicants. 

The strategy offered in the literature for visual evaluation 

of such response surfaces is essentially to view them as a 

continuum of isoboles or families of dose-response curves. 

Imagine an iso-effect plane intersecting the response surface 

(or a waterline at a given effect level), this is an isobole. 

The entire response surface viewed as a continuous 

collection of isoboles - would be flat if no interaction were 

indicated by the data (figure 2.2). If one imagines a wind 
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blowing from below the response surface, the isoboles which 

comprise it would be bowed toward the origin and would be 

interpreted as indicating a supra-null interaction (figure 

2 .2) . A wind blowing down on the "sail" of the response 

surface produces isoboles bowed away from the origin, 

indicating a sub-null interaction. This approach suffers not 

only from a lack of quantitation, but is also subject to all 

of the assumptions and limitations associated with isoboles 

(discussed in section 2.2.1.5 below). Most salient among 

these, is that curvature in the response surface can also 

arise from dissimilar dose-response curve shapes, thus 

confounding a simple interpretation of surface curvature 

( figure 2. 3) . 

An alternative interpretation is to view the surface as 

two different families of curves. Consider the set of curves 

that lie on a three dimensional response surface and run 

parallel to one of the dose axes when vi.ewed from above (i.e. 

from the positive end of the response axis). There is one 

such set of curves for each toxicant dose axis. If the curves 

in one of these sets remain parallel to each other as the dose 

of the other toxicant increases, this suggests that the 

addition of the other toxicant does not produce an change in 

the response to the first toxicant. If however, the curves 

within such a set deviate from mutual parallelism as the dose 

of the other toxicant increases, this suggests that the other 
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toxicant produces a change in the response to the first 

toxicant; an interaction. 

A separate type of surface distortion is possible. A 

trough or ridge in the response surface is a feature which is 

not likely to result from the propagation of individual 

toxicant dose-response curve dissimilarities into the mixture 

region. If the ridge or trough line follows along a ray from 

the origin, there is a strong suggestion the interaction is 

sensitive to the molar ratio of the toxicants. Which molar 

ratio produces the greatest interaction could be most easily 

interpreted from ray form troughs or ridges on a residual 

response surface (residuals described in section 4.2 below). 

2.2.1.5 Isobolar Analysis. Isoboles are equi-effect 

contour plots of dose-effect (or dose-response) surfaces when 

the surface is plotted with the dose axes in the horizontal 

plane, and the effect axis is vertical. An isobole can be 

visualized as a shoreline on the dose-effect surface with the 

water level representing an effect level. When viewed from 

above in three dimensions, this bird's-eye view of the dose

response surface II shoreline II gives us a two-dimensional 

proj ection onto the (horizontal) dose plane. The isobole 

IIwater level II then corresponds to an effect level, and the 

combinations of the two toxicants giving that effect can be 

read directly from each point along the isobole IIshoreline ll
• 

In general, isoboles which are bowed towards low dose (concave 
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"up" in two dimensions) indicate that lower doses are needed 

for combinations to produce the same level of effect as the 

individual toxicants. These concave up isoboles are 

interpreted as indicating supra-null interactions for these 

dose combinations (figure 2.4). Similarly, concave down 

isoboles curving away from low dose indicate higher doses are 

needed in the combinations in order to produce the same level 

of effect as the individual toxicants. These isoboles are 

generally interpreted as indicating sub-null interactions, 

although several interpretations are offered in the literature 

(Kodell and Pounds 1991, Yang 1993, Calabrese 1991). 

Isobole curvature can also arise from dissimilar shapes 

of the dose-response curves of the individual toxicants, and 

this curvature is not always fully attributable to xenobiotic 

interactions. Isoboles are easiest to interpret when the 

dose-effect curves for both individual toxicants are either 

quite similar in shape, or are both linear (Berenbaum, 1985). 

Dose-effect curves have been linearized by log, logit, probit, 

and even sine transformations of the dose scale, depending on 

the shapes of the untransformed dose-effect curves. The basic 

isobole equation (equation 2.6) is similar to the models 

developed by Berenbaum (1985), and Chou and Talalay (1984). 

The inverse function of a fitted dose-effect equation (the 

same equation solved for dose) can also be used to linearize 

the dose-effect relation. This amounts to plotting effect 
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versus ECx (an expression of concentration). Dose scales can 

be based on mass, moles, fractions and multiples of ECsos, or 

on ECx values. Interpretation is facilitated when the same 

type of scale is used for all of the dose axes in a given 

isobolar plot. Isoboles have been constructed and interpreted 

in a variety of ways, some of which are controversial (Chou 

and Rideout 1991, Kodell and Pounds 1991, Plaa and Venzina 

1990, Svendsgaard and Hertzberg 1993, Calabrese 1991). 

Gennings et al. (1990) and Carter et al. (1984) have developed 

means of plotting confidence envelopes around isoboles. 

Isoboles at the 50 % effect level typically have the narrowest 

confidence intervals and are the most often used. The common 

practice of examining only the ECso isobole however may miss 

interactions which occur in lower or higher dose regions. 

Similarly, sampling combinations only along the straight 

diagonal line between the ECsos of the individual toxicants can 

produce effect levels other than 50% and thereby miss the ECso 

isobole if it is curved. Finding where the 50% effect plane 

intersects the dose-effect surface may require a different 

sampling strategy. See "experimental design" below. 

Equation 2.6 

Isobole equation for binary mixtures. 
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Where: A = concentration of compound A producing effect x in combination with B. 

B = concentration of compound B producing effect x in combination with A. 

A", B" = EC" values of compounds A and B; the concentrations (or doses) 

of A or B alone (not in combination) producing effect x. 

2.2.1.6 Sum of Fractional ECsos. This approach to 

assessing toxic interactions is a hybrid of the response 

addition and isobole methods. The basic assumption is that if 

all of the individual toxicants are added to the mixture in 

the amount of fractions of each agents' ECso such that all of 

the fractions comprising the mixture sum to one, then the 

resultant response will also be fifty percent of maximal (ECso ) 

in the case of no interaction. Deviations from this 

expectation are interpreted as indicating an interaction. 

While the basic logic is good, this approach is susceptible to 

the same assumptions and mis-interpretations as are response 

addition and the isobolar methods. Further, this approach 

highlights the sensitivity of interpretation to the choice of 

dose scales used. For instance, one half of the concentration 

of an ECso is not necessarily equivalent to the concentration 

required to produce a twenty five percent response (an EC2S ) • 

Thus dose scales based on molarity are apt to reach different 

conclusions than those based on concentrations corresponding 

to specific levels of effect (EC10 ' EC20 , EC30 , etc.). Added to 

these concerns is the practical problem that the numeric value 



62 

established for a particular ECso is far from immutable. This 

is due to biological (and technical) variability of response 

from one experiment to the next (or one laboratory to the 

next) arising from differences in batches of animals, 

chemicals, assay instruments, laboratory techniques, 

experimental conditions, times of day (eg. diurnal glutathione 

fluctuations) and other undetermined factors. While most 

investigators attempt to minimize these differences, this 

finite but unavoidable variability adds noise to the 

interpretation of one experiment based on the results of a 

previous one. A way to avoid this last problem is to employ 

larger experimental designs which allow an internal frame of 

reference for the comparison of responses (see chapter three) . 

A statistically based quantitative interpretation of the data 

from this design can be derived from the confidence intervals 

about isoboles developed by (Gennings et al. 1990). 

2.2.2 Response Surface Modeling Approaches 

In general the modeling approaches used to assess 

interactions of xenobiotics fall into two groups, which can be 

categorized as models of interaction and models of non

interaction. Both approaches evaluate the dose-response 

surface which the data have sampled. Just as the dose

response relationship for a individual toxicant can be modeled 

by an equation which describes the dose-response curve, the 

dose-response relationship for a combination of toxicants can 
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be modeled by an equation which describes a mathematical 

"surface". For two xenobiotic toxicants (A and B), and one 

type of measured response (R), this surface has three 

dimensions (A,B,R) and can be plotted and visually inspected. 

For three (or more) xenobiotics, and one measured response, 

this surface would have four (or more) dimensions and would 

need to be "inspected" mathematically. All methods of 

assessing xenobiotic interactions deal in some way with these 

dose-response surfaces. Isoboles for instance, are simply 

interpolated contour plots of these surfaces, whereas 

"response surface modeling" attempts to model the entire dose

response surface. The simplest and least satisfactory 

approach is to assess the dose-response surface only at a 

single point, unless it has already been determined that it is 

a point of significant interaction. Since significant 

interactions can not be expected to be uniformly distributed 

across the combination space, single point sampling can miss 

entirely the dose combinations producing an interaction. The 

additive and multiplicative models are briefly discussed 

followed by more recent models of interaction and non

interaction. 

2.2.2.1 Models of Interaction. Models of interaction 

generally estimate an interaction parameter which is derived 

to represent the direction and degree of interaction once the 

model has been fit to the data. The 95% confidence interval 
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for the estimate of the interaction parameter is inspected for 

inclusion of specific benchmark values - typically zero or 

one, depending on the model which represent the null 

hypothesis of "no interaction" or "additivity". Interaction 

parameter values significantly greater than the selected 

benchmark value are interpreted as indicating a supra-null 

interaction (or supra-additive or synergistic). Interaction 

parameter values significantly lower than the benchmark value 

are interpreted as indicating a sub-null interaction (or sub

additive or antagonistic). The value used as a benchmark of 

comparison depends on the mathematical model used and 

knowledge or assumptions about the nature of the putative 

interaction as discussed below. Interactive models often 

require computer programs (such as Statistical Analysis System 

- SAS) which can fit non-linear equations for surfaces to the 

entire data set of the interactive experiment. These 

equations may have up to seven or eight parameters which are 

fit to the data. Finding unique or optimal values for these 

parameters can be non-trivial, and may require a number of 

judgements by the investigator, as well as some familiarity 

with non-linear mathematical modelling. A fundamental problem 

arises when attempting to fit a six or seven parameter model 

to small data sets (eg < 30 observations), in that unique 

parameter fits with reasonably small confidence intervals are 

notoriously difficult to obtain. The models of interaction 
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discussed in this review include the median-effect model of 

Chou and Talaylay (1984), the universal response surface 

analysis model of Syracuse and Greco (1986), the marginal 

logistic model developed by Emerson (Michaud 1994), and the 

empirically based logistic model of Carter et al. (1984,1985). 

The median-effect principle (MEP) of Chou and Talaylay 

was derived from the law of mass-action and has been applied 

to a variety of phenomena as described below. The MEP is used 

to estimate a numeric value for the "combination index" (eI) 

which is compared to a value of one, the authors' benchmark of 

summation or additivity. Chou and Talalay point out that this 

model, while quite generally applicable, is limited to certain 

families of curve shapes -i.e. hyperbolic and sigmoidal 

(Rideout and Chou 1991, Berenbaum 1985, Chou and Talalay, 

1984). Because the MEP (median-effect principle) is derived 

from the law of mass action, it is thereby related to a number 

of equations of fundamental importance: equations for enzyme 

kinetics, adsorption isotherms, ligand binding, pH equilibria, 

and drug-receptor interaction (Michaelis-Menten 1913, Hill 

1913, Langmuir 1918, Scatchard 1949, Chou and Talalay 1985) . 

The MEP equation in its simplest form - a model of non

interaction - follows (equation 2.7). Formula notations may 

have been changed from those used in the reference papers in 

order to improve the uniformity of notation in this review. 



66 

Equation 2.7 

The median-effect principle equation. 

Where: fa' fu = fractions of the biological system affected, and unaffected 
(respectively) by a given treatment. 

A 

Aso = 

h = 

Note that fa + fu = 1, so fu = 1 - fa. 

dose or concentration (as appropriate to the situation) of xenobiotic 
A used in a given treatment. 

dose or concentration of xenobiotic A producing a 50% effect; the 
dose of A where fa= fu , also known as the EDso or ECso 
for agent A. 

a Hill-type exponent permitting sigmoidal curves. 

Chou and Talalay have derived two forms of the MEP i the 

mutually exclusive and mutually non-exclusive forms. These 

two forms are intended for cases with one common site of 

action (of the xenobiotics), and two separate, independent 

sites of action respectively. These cases are analogous to 

the dose addition and effect addition cases respectively, as 

presented by Pounds and Kodell (1985) and Kodell and Pounds 

(1991). The combination index equation for these forms of the 

MEP (Chou and Rideout 1991) follows (equation 2.8) i note that 

Hill-like exponent has been dropped. 
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Equation 2.8 

The combination index versions of the MEP. 

A B AB CI = -+-+ 0;--

A:c Bx Afix 

Where: 

CI = the Combination Index. 

A and B = doses or concentrations of xenobiotics A and B. 

Ax = dose or concentration of A producing an x~ effect. 

Bx dose or concentration of B producing an x~ effect. 

and ~ = 0 for the mutually exclusive model, or 

1 for the non-exclusive model. 1 

The interpretation of the values estimated for CI are as 

follows: CI <1, =1, >1, indicate synergy, additivity 

(summation) , and antagonism respectively. Thus the 

combination index represents a quantitative estimate of the 

degree of interaction. The Hill-like exponent (a coefficient 

in log forms of equations) is not present in equation 2.8 

shown here, and disappears between equations 8 and 9 in Chou 

and Rideout and Chou (1991), and 4 and 5 in Chou and Talalay 

(1984). An explanation for this was not immediately apparent 

1 Note: Chou and Rideout (1991) also define A and B as 
the doses of these materials which produce effect x when in 
combination, and Ax and Bx as the doses of A and B which 
produce effect x by themselves. This is analogous to the 
isobole equation and to Berenbaum's model of non-interaction 
(Berenbaum 1985) . 
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in these references, although it appears that the Hill-like 

exponent may now simply be embedded in the combination index. 

The "mutually exclusive" version of the median-effect 

principle (Chou and Talaylay) was derived under the assumption 

that the xenobiotic agents under consideration both exert 

their effects by acting at the same receptor site(s) and can 

exclude each other from the site of action (compete). The 

authors of this model point out that it is generally 

applicable to enzyme kinetics, drug-receptor interactions, and 

a wide range of other phenomena (Chou and Rideout 1991), Chou 

and Talalay, 1984). While a common site of action may be a 

good assumption for certain toxicants, drug-drug-receptor or 

enzyme-substrate-inhibitor interactions, it may be less 

appropriate in cases of less specific or poorly understood 

agents, such as highly reactive toxicants which may exert 

their effects as a result of actions on a variety of 

"receptors" or target macromolecules and intracellular 

chemical species. On the other hand, the relative non

specificity of some toxicants may make for small mechanistic 

differences between closely related toxicants such as some 

halogenated alkanes. These considerations suggest that the 

use of a mutually exclusive model of interaction for related 

toxicants may be acceptable as a first approximation. 

A mutually non-exclusive model of interaction was derived 

for agents acting exclusively at independent sites (Chou and 
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These agents would 

therefore not exclude each other from these sites, and would 

be assumed to act by entirely different mechanisms at the 

beginnings of their effect cascades. This model also may be 

less than generally ideal for toxicants which work by similar 

and/or overlapping mechanisms. 

influences through several 

Toxicants may exert their 

sites of action, such as 

cytochromes P-450, membranes, redox status, simultaneously or 

in concert. The non-exclusive model includes a "cross-term" 

which mUltiplies the effects of the independent agents. While 

the coefficient of this or a closely related term is estimated 

as an interaction parameter in' other models, here it is 

assigned a value of one and a combination index estimated 

(equation 2.8). The value estimated for the combination index 

is compared to a value of one. The authors of the MEP point 

out that the use of a value of one for this parameter as a 

benchmark of additivity (summation) is conservative in the 

interpretation of synergy and favors an interpretation of 

antagonism or additivity (Rideout and Chou, in Chou and 

Rideout 1991). In view of the lack of a model of interaction 

ideally suited for toxicants whose mechanism(s) of action are 

unclear, a parsimonious approach may be desirable. The use of 

the mutually exclusive model of interaction for toxicants of 

unknown mechanism (s) may produce some false positives in 

interpreting synergy, but is conservative from a safety 
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standpoint (and potentially very costly economically), while 

the slightly more complicated mutually non-exclusive model may 

overestimate antagonism. 

Some of the points made about the median-effect principle 

in Rideout and Chou (1991) may be easy to misinterpret. To 

paraphrase: 

Instead of drawing empirical curves to fit the 
data, the median-effect principle approach uses 
data to fit the theory (i.e. the mass-action law) . 
Because there is a basic fixed law, this approach 
requires relatively few data points to achieve the 
correspondence between the data and the theoretical 
function. 

In attempting to model observed natural phenomena, the 

model(s) are typically fit to the data, rather than the other 

way around. If the model and the data differ, it is the model 

which must be changed to fit the observations of nature 

regardless of how elegant the model may be. The assumption 

that "relatively few data points" are required to characterize 

an observable system's response, requires a high degree of 

confidence that the model used to describe the system is very 

close to an accurate description of that system. While this 

may often be the case in physics, and may often be the case 

for specific applications of the MEP, toxicologists may wish 

to be cautious in applying the MEP with relatively few data 

points to the broader scope of all xenobiotic interactions. 

For a model to not only provide an accurate description of an 

observable phenomenon, but to do so because it mathematically 
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describes the underlying physical mechanisms of the system, 

requires a very high standard of evidence. Good statistical 

correlation between observation and theory is not in itself 

sufficient indication that the physical underpinnings of the 

phenomenon are both understood and correctly formalized by 

mathematical description. Some authors express a strong 

preference for mechanistic/physically based models over 

empirical ones, even to the point of suggesting that 

meaningful interpretation is possible only with physically 

based models (Rideout and Chou 1991). This view is at 

variance with the results of several studies from other 

disciplines which show that empirical models can be as, and 

sometimes more accurate than models derived from mechanistic 

views of physical processes (Michaud and Sorooshian, 1994). 

Also, the line between empiricism and process can be difficult 

to draw (Smith, 1968). 

The model of Syracuse & Greco - the universal response 

surface analysis (URSA) (Greco et al. 1990, Syracuse and Greco 

1986) - is similar to the median-effect principle and the 

marginal logistic model in that it estimates similar 

parameters ECsos, Emax , and a Hill-like exponent and 

describes the same family of hyperbolic and sigmoidal curves. 

Since the Hill-like exponent was dropped in the median-effect 

principle (equation 2.8), this model (URSA, equation 2.9) may 

be more versatile than the MEP in its surface fitting 
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abilities. An interaction parameter (a) is estimated 

simultaneously with the other six parameters. The 95 percent 

confidence interval for a is inspected for inclusion of zero; 

the benchmark of non-interaction. When a is not different 

from zero, the third term in the equation drops out and the 

null hypothesis of non-interaction is accepted. Synergy is 

interpreted for a > 0, and antagonism for a < o. Advantages 

of this model include: a straightforward interpretation of the 

value estimated for alpha, the use of familiar and 

biologically meaningful parameters, and that the envelope of 

permissible curve shapes fits a wide variety of biological 

phenomena. Disadvantages of this model include: the 

possibility that denominator values can pass through zero in 

the parameter search process causing the model to "blow up", 

the difficulty in converging on unique parameter estimates -

especially for small data sets (eg 30 points), that 

simultaneous estimation of alpha and all other parameters 

corrupts the estimates of those parameters which should depend 

only on the dose-response behavior of the individual toxicants 

(eg ECso,h), and that the model is implicit in E (effect) 

making it more difficult to plot surfaces with simple 

software. 
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Equation 2.9 

Universal Response Surface Analysis (URSA) 

A 1=----- B 
+------

ccAB 
+ ----------------

E-E A ( 0 ,l/ht. 
50 E -E' con 

E-E 
BSO( 0 )l/hs 

Econ -E 

E-E E-E 
ASOBso(--O )1/

2h
t. ( 0 )1/2h

s 

Ecoll-E Ecoll-E 

Where: 

A, B = doses or concentrations of xenobiotics A and B. 

Aso ' Bso doses (or concentration) of A and B producing 
a 50% effect. 

hA' hB = Hill-like exponents for xenobiotics A and B. 

Eo = background effects. 

Econ = Emax+ Eo; maximum plus background effects. 

E = the effect predicted by the model for combinations 
of xenobiotics A and B. 

ex = an interaction parameter (explained in text above) . 

The marginal logistic model by Emerson (equation 2.10) 

estimates an interaction parameter (alpha) and it's confidence 

interval (Michaud et al. 1994). This model is similar to 

Syracuse and Greco's model in that the same basic parameters -

ECsos, Emax ' Hill-like exponents, and interaction parameter -

are estimated. Our experience with fitting these two models 

suggests that the marginal logistic model tends to be more 

stable with small data sets (eg. 20-30 observations; each in 

quadruplicate) . 



Where: E(A,B) = 

A, B 

= 

Aso, Bso 

Ci. 
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Equation 2.10 

The marginal logistic model 

the predicted effect for combinations of 
xenobiotics A and B. 

doses or concentrations of xenobiotics A 
and B. 

background effects. 

maximum effect predicted for the given 
data. 

concentrations of A and B predicted to 
give 50% of the maximal effect (ECsos for 
A and B) . 

Hill type exponents allowing sigmoidal 
fits. 

an interaction 
below) . 

parameter (discussed 

This model is fit to the entire data set - individual and 

mixture responses - and all seven parameters estimated. The 

95% confidence interval for the interaction parameter Ci. is 

then inspected for sign and inclusion of zero or 1. Some 

controversy exists on when to use Ci.=o or Ci.=1 as an index of 

non-interaction. Positive intervals for Ci. not including 0 or 

1 are interpreted as supra-nUll, while intervals including 0 

or 1 are interpreted as an acceptance of the null hypothesis 
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Negative intervals for CY. which do not 

include 0 or 1 are in principle interpreted as sub-null. 

However, negative values of CY. may make this model unstable (CY. 

occurs in the denominator) and the model may fail to converge 

on unique parameter estimates. 

Convergence on unique parameter estimates is also 

sensitive to the parameter search algorithm used. Three 

variations of gradient search algorithms were tried on the 

previous two models: steepest descent, Gauss-Newton, and 

Marquadt. Of these three, the steepest descent method failed 

to converge most often; especially for the URSA model 

(equation 2.9). The Gauss-Newton and Marquadt methods often 

converged and typically agreed very well with each other. 

Simplex based search algorithms have been suggested as being 

less inclined than gradient methods to get trapped in local 

minima, although such methods on these models in this work. 

The software used was SAS (Statistical Analysis System). The 

search algorithms and models were tested with real and 

synthetic data sets. Synthetic data sets were generated by 

assigning realistic values to the parameters in the model, 

with CY. = 0, and generating a set of values for the dependent 

variable (effect) E (A, B) corresponding to reasonable 

ranges of the independent variables A, and B. Twenty data 

points were generated for each data set at the same sampling 

points in the toxicant combination space that were used to 
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Noise was introduced into the 

synthetic data by letting Emax vary within a narrow range. The 

parameter values estimated by fitting the model of interaction 

to these synthetic data sets should be in close agreement with 

the values used to generate the synthetic data. In 

particular, the 95% confidence interval for a should include 

zero. These criteria were not always met. Using a greater 

number of data points and/or fitting a smaller number of 

parameters would increase the likelihood of converging on 

unique and reasonably accurate estimates of the model 

parameters. 

Fitting all seven parameters in the model simultaneously 

gave estimates for the toxicologic parameters ASQ and BSQ 

which were not in good agreement with the values estimated 

from the individual toxicant dose-response curves. Since the 

model estimates for ASQ and BSQ are influenced by the mixture 

data, and the estimates from fitting the Hill equation to the 

individual dose-response data are not, the Hill equation 

estimates for the individual toxicants were considered more 

accurate than the model estimates. Fitting a seven parameter 

model to data from only 20 sampling points (n = 4 to 8 per 

point) may be a questionable activity to begin with. This 

problem combined with the superior estimates of the individual 

dose-response curve parameters (ASQ' BSQ' ml , and m2 ) obtained 

from the Hill equation fits to individual toxicant data, led 
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to fixing these individual toxicant parameters at their Hill 

estimated values and then fitting the remainder of the 

interaction model to the entire data set. This approach led 

to estimates of ~ which were in agreement with the expected 

value of zero for the synthetic data sets, and were positive 

for the real data sets which had positive "residuals" by the 

method of residuals described in section 4.2 below. This 

agreement with the expected outcomes for three synthetic data 

sets and with the results of the residual method applied to 

three real data sets, suggests that fitting these models of 

interaction while holding constant the individual dose

response curve shape parameters (estimated independently from 

the individual toxicant data) not only preserves the accuracy 

of the toxicologically important ECso parameter, but also gives 

a more reliable estimate of the interaction parameter ~. 

While the Hill equation and the previous three models can 

be fit to many of the dose-response relations observed in 

pharmacology and enzyme inhibition studies, the basic law of 

mass-action and receptor theory which underpins these 

approaches may become increasingly complex when applied to 

more general xenobiotic interactions where equilibrium 

conditions may not be attained, xenobiotics may not bind 

reversibly to a known or stable receptor population, and the 

dose-response curve shapes may not be as predictable as they 

are for drug-drug-receptor, or substrate-inhibitor-enzyme 
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interactions. Some xenobiotics have been observed to act at 

a variety of receptor sites, inactivate their metabolizing 

enzymes, and take different metabolic pathways at different 

concentration levels. Highly reactive toxicants can bind 

irreversibly and can be relatively non-specific in their sites 

of action. These cases may require a fundamental 

reformulation of these models, and interaction of xenobiotics 

with radiation (an exponential dose-response relation) may 

require an entirely different model (Smith, 1968). While 

radiation damage and irreversible binding of reactive 

toxicants suggest a one-hit model, toxicants exhibit a wider 

range of site specificity than do the more uniformly random 

hits of radiation. It is possible or even likely that no one 

model based on physical processes will adequately describe 

interaction (or non-interaction) for xenobiotics in general. 

The laws of mass-action and chemical equilibrium, as applied 

to enzyme kinetics or drug-receptor kinetics, typically model 

the statistical behavior of three or four molecular species 

interacting with each other in an equilibrium condition. In 

the specific cases (eg enzyme kinetics, drug-receptor 

interaction) where these simple interactions dominate an 

observable aspect of a larger biological system cell, 

tissue, organism - this massive simplification allows some 

reasonably accurate predictions to be made. To extend models 

essentially derived from the law of mass-action to cases in 
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which all the dominant molecular players may not yet have been 

identified, are not in equilibrium, and have not had their 

kinetics characterized, may be less certain. The interactions 

of multiple toxicants in complex biological systems, may 

provide cases which stretch the scope of such models. 

The previous models of interaction have in common: 

estimates of parameters with physiological significance, the 

mechanistic assumptions of reversible binding between 

molecules originating outside the body (xenobiotics - or their 

metabolites) and inside the body (endogenous), equilibrium 

conditions, and dose-response relations which can be described 

by hyperbolic or sigmoidal monotonic curve families. The 

statistically based logistic model of Carter (1985), Carter et 

al. (1984,1985), Wampler et al. 1987, Gennings et al. 1990, 

Solana et al. 1988, Stablien and Carter 1980) does not make 

the above assumptions about underlying mechanisms, and does 

not estimate parameters intended to have defined physiological 

significance. This model (equation 2.11) estimates an 

interaction parameter ({312) and can readily be modified to 

model non-monotonic and time dependent dose-response relations 

such as those occurring in cancer chemotherapy. This is done 

by replacing the linear argument (on the right-hand side) with 

one or more polynomials such as quadratics (Stablien and 

Carter 1980). The unknown values of the parameters are 

estimated from the experimental data by the method of maximum 

likelihood. Gennings et al. (1990) and Carter et al. (1984), 
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have also developed means of finding confidence intervals 

about isobolograms. It should be noted however, that 

parameters which have no direct physiological significance are 

not as easy to verify by independent experimental measurement 

as are parameters - such as ECso - which do. 

Where: 

Equation 2.11 

The logistic model 

log [p I (l-p)] 

p = proportion of animals/tissue/cells responding. 

A = dose or concentration of xenobiotic A. 

B = dose or concentration of xenobiotic B. 

f30 = parameter associated with the background response rate. 

f31' f32 = parameters associated with the effects of A and B respectively. 

f312 = parameter associated with the interaction between A and B. 

The models of interaction shown above require use of computer 

programs and model fitting skills which are more 

sophisticated than those generally used by toxicol0.gists. 

Models of non-interaction are typically easier to use than 

models of interaction such as those shown above. 

A few words of caution on the use of models of 

interaction may be in order. 



81 

First, if the responses to individual and mixed toxicants 

are modeled together, then the parameters for the individual 

toxicants (eg. ECso ) are often corrupted by fitting them 

simultaneously with all the other parameters. "Uncorrupted" 

parameters for the individual toxicants (eg ECso ) can be 

estimated from the dose-response fits of the individual 

toxicants. These uncorrupted individual toxicant parameter 

estimates can then be held constant while fitting the 

remainder of the model of interaction to the entire data set. 

This has the added advantage of forcing the estimate of the 

interaction parameter to depend primarily on the mixture data, 

and not to be unduly influenced by also trying to accommodate 

fitting the individual toxicant data. 

A second word of caution relates to parameter search 

algorithms. Not all of the parameter search algorithms used 

to fit the models to the data are created equal or are capable 

of converging on unique parameter estimates for some models, 

even for well behaved data sets. This is particularly true 

for some of the interactive models which often require seven 

or more parameters to be fit simultaneously. Attempting to 

fit a seven parameter model to only one or two dozen data 

points can be a frustrating and even questionable activity. 

Convergence on similar parameter estimates by different 

parameter search algorithms, and using different initial 

parameters values increases confidence in a unique solution. 

Bootstrapping can give confidence bounds on the variances of 
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the parameter estimates (Efon and Tibshirani 1986, Hall and 

Wilson 1991, Carr and Portier 1993). Sensitivity of model 

output to parameters, and model robustness vary considerably 

from model to model. Most models are derived under some 

simplifying assumption (s) and possess limitations. These 

assumptions and limitations are not always explicitly stated, 

may place some constraints on the possible interpretations of 

the results, and should therefore be appreciated. 

The data analysis methods of Chou and Talalay (1984), 

Chou and Rideout (1991) i Berenbaum (1985) i W.H. Carter et al. 

(1985) i Greco et al. (1990) i and others may provide estimates 

of interaction parameters, and along with the rigorous and 

comprehensive works of Kodell and Pounds, E.J. Calabrese, and 

R.H. Yang, comprise some of the most recent developments and 

comprehensive writing in the field of interactions. The 

problem of which model to use in the case of toxicants of 

unknown or incompletely described mechanisms appears to be 

unresolved. Most response surface models are not trivial to 

use, may be sensitive to the parameter search algorithms used, 

may not be robust in the allowed parameter search space, and 

may require large data sets (>100) in order to converge on 

unique estimates for the large number (5-8) of parameters 

used. While these models are much more sophisticated than the 

majority of the often inappropriate techniques currently being 

used, they are also substantially more complicated. Highly 

sophisticated and complicated analyses of data from 
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interactive experiments are not likely to enjoy general use. 

Since toxicant and drug interactions are a general problem and 

since studies using inappropriate experimental design and data 

analysis ~re commqn, a relatively simple yet meaningful 

approach is needed. While accuracy and validity of analysis 

should not be significantly sacrificed to gain simplicity and 

thus general use, the more complicated an approach is, the 

less it is likely to be used. The methods presented here 

attempt to provide a relatively simple yet meaningful means of 

analyzing data from toxicant interactions. These methods by 

no means provide an ideal or universal solution to the problem 

ofXassessing toxic or pharmacologic interactions of chemical 

mixtures, however the overall approach is offered as a step 

towards a unifying strategy for the wide array of 

investigators already working on this problem. It is hoped 

that means of assessing xenobiotic interactions which are 

reasonably accurate, yet sufficiently straightforward and 

versatile in their application to enjoy wide spread use, will 

soon emerge. 

2.2.2.2 Models of Non-Interaction. Models of non-

interaction are used to predict ~the responses to mixtures 

expected if there is "no interaction". Observed responses are 

then compared to the predicted non-interactive (null) 

responses to see if and how they differ. The null responses 

predicted for the mixtures comprise a (presumed) non

interactive (null) dose-response surface. This null surface 
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corresponds to the surface obtained from an interactive model 

by setting the value of the interaction parameter equal to the 

benchmark value of zero or one (depending on the model). 

Hence all of the interactive models described above can be 

made into models of non-interaction by setting the interaction 

parameter to it's null value (usually zero or one), and 

simplifying the equation. The null surfaces described by 

these models can themselves serve as benchmarks of non

interaction against which the observed responses to mixtures 

can be compared. Observed responses to mixtures which are 

significantly greater than the predicted non-interactive 

benchmark - the null surface - are interpreted as supra-null, 

and observed responses significantly less than the null 

surface as sub-null. These ideas are developed further as 

11 residuals 11 (section 4.2 below). 

Non-interactive models may require computer programs (eg 

MINSQ, Micromath, Salt Lake City, UT) which can fit non-linear 

curve equations with 3 or more parameters to the data sets of 

the individual toxicants. These "curve-fitting" programs are 

simpler and easier to use than the "surface-fitting programs" 

described above for interactive models. Parameters estimated 

for. the data from the individual toxicants (eg ECso ' h) can 

then be substituted into a compatible model of non-interaction 

to calibrate it. This approach requires that the equations 

used to describe the responses to the individual toxicants (eg 

the Hill equation) have the same parameters as the equation 
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used to model the non-interactive responses to the mixtures 

(eg the median-effect equation or the marginal logistic 

model) . 

A number of the more traditional methods of assessing 

toxic interactions covered above in section 2.2.1 are in 

essence, models of non-interaction, and can be used to 

est.imate a non-interactive or null response surface. Kodell 

and Pounds take this a step further in formalizing, in a 

general way, a non-interactive envelope. Kodell and Pounds 

developed an envelope of additivity - first described by Steel 

and Peckham (1979) which is founded on tolerance 

distribution theory. To paraphrase: individuals are presumed 

to have varying degrees of tolerance to a particular toxicant, 

thus implying a probability distribution of tolerances. (or 

responses) (Pounds and Kodell 1985, Kodell and Pounds 1991). 

This approach offers two benchmarks of comparison: dose

additivity and response-additivity, equations 2.2 and 2.4 

above. When fit to the response data of the individual 

toxicants, these two types of dose-response models predict two 

types of response to the mixtures, dose-additivity and 

response-additivity. These two types of predicted response 

are then plotted along with the observed data, and serve as 

the boundaries of an envelope of additivity against which the 

data can be compared. This approach explicitly addresses the 

lack of a completely general definition of additivity by using 

an envelope of additivity as a basis of comparison. The 
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authors carefully point out the range of nomenclature which 

has been used to describe different types of interaction, and 

have refrained (in Kodell and Pounds 1991, Pounds and Kodell 

1985) from giving specific names to the three regions of their 

plots (below, within, and above the envelope of additivity) . 

The use of unspecified functions to describe dose-response 

relations prevents this approach from being limited to a few 

families of curve and surface shapes. This flexibility helps 

make this one of the most generally applicable approaches to 

modeling non-interaction to date. Concentration additivity 

(perfect positive correlation of tolerances) and response 

additivity (zero correlation of tolerances) are respectively 

analogous to the mutually exclusive and mutually non-exclusive 

models discussed earlier. The hypothesis that the predicted 

models fit the observed data is tested by the C statistic for 

quantal data (i. e. response or non-response of individual 

animals), and the F statistic for quantitative data (i.e. 

graduated biochemical endpoints). Definitions and discussion 

of these statistics are found on p 571-572 in Kodell and 

Pounds (1991). 

Isoboles are equi-effect contour plots of dose-effect (or 

dose-response) surfaces when the surface is plo~ted with. the 

dose axes in the horizontal plane, and the effect axis is 

vertical. Isoboles are covered in more detail above in 

section 2.2.1.5. For our purposes here, it is sufficient to 

recall that the observed response surface can be viewed - and 
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estimated - as a continuum of isoboles. This surface can then 

be compared to the corresponding planar (II flat II) surface which 

shares the same edges2 as the observed response surface. Just 

as a straight isobole represents the case of non-interaction 

in the traditional isobolar plot, the non-interactive response 

surface comprised of a continuum of these isoboles is flat. In 

more than three dimensions, this surface is also IIflat ll (a 

hyperplane) and serves as a model of non-interaction against 

which the observed data can be compared. 

Since the use of models of non-interaction is to serve as 

a basis of comparison for observed interaction data (Berenbaum 

1985), the information of direct interest is the difference 

between the observed data and the predicted null response 

surface. It is the difference between these two response 

surfaces (predicted and observed) which carries the 

information of the direction (sub- or supra-) and relative 

degree (quasi-quantitative) of the putative interaction. This 

difference can be assessed directly by evaluating the 

residuals (observed minus predicted) themselves, and permits 

teasing out and examining the signal due to interactions from 

the total response signal (equation 2.12). This is analogous 

to the lIobjective function ll used in systems engineering and is 

susceptible to some of the same numerical methods used in that 

field. Using a model of non-interaction as a basis of 

2 the edges of a response surface are necessarily 
estimates of the dose-response relationships of all of the 
individual xenobiotics represented by that surface. 
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comparison is not new, and was suggested in the work of Dr. 

M.e. Berenbaum, although the use of residuals or the 

development of this approach is not evident in the toxicology 

literature. One of the contributions made here to the 

investigations of toxic interactions is to develop, extend, 

and publish this (relatively) simple yet versatile approach to 

interactive data analysis (Michaud et al. 1994). As a direct 

expression of the deviations of the observed data from 

mathematical models of non-interaction, residuals - defined as 

the differenc~s between the observed responses and predicted 

null responses - can be used with almost any model of non-

interaction. Further, most models of interaction can be 

turned into models of non-interaction by setting the 

interaction parameter to the null value - typically zero or 

one - and predicting the null surface for the experimental 

range of toxicant doses. 

Where: Observed 

Predicted = 

Equation 2.12 

Residual equation. 

Residual = Observed - Predicted 

the end-point observed (measured) in response to a specific 
dose combination. 

the null response predicted (by the selected model of non
interaction) for the same specific dose combination as 
immediately above. 

Residuals significantly greater (or less than) zero 

indicate that the observed responses are significantly greater 
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(or less than) the predicted null responses and are 

interpreted as supra-null or sub-null respectively. At-test 

can be used to assess if a difference from zero exists either 

for ~ach group of replicates corresponding to a specific dose 

combination, or for the entire group of residuals. To test 

the hypothesis that the residuals are different from zero, a 

two tailed t-test can be used. To test the hypothesis that 

the residuals are either greater or less than zero, a one 

tailed t-test is preferred. Not using a confidence envelope 

for the residuals equals zero plane is analogous to the 

current practice of not using a confidence interval for the 

null value (usually zero or one) of the interaction parameter 

in models of interaction. An increase in the confidence that 

a precise interpretation of the data has been made may be 

obtained by a statistical method known as "bootstrapping" 

which involves a highly repetitive random resampling of 

replicates and refitting the model to these data subsets. 

This provides confidence bounds on the variances of the 

parameter estimates, and can be useful in further refining the 

distinction between random variation and true trends in the 

data. 

A particularly useful feature of residual analysis is 

that plotting the residuals versus the doses shows the dose 

ratios and concentrations which produce the greatest departure 

of observed responses from predicted null responses. This 

approach can provide information - on response sensitivity to 
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dose ratio and level - valuable for both investigation of 

mechanisms of interaction, and for optimization of clinical 

drug therapy. For instance, mechanistic probes producing 

significant shifts in the residual surface shapes or maxima 

may indicate that the process which was manipulated by the 

probe is involved in the mechanism of interaction. 

Experiments can thus be optimized by focusing the sampling of 

the dose-response surface in the dose combination regions 

producing residual maxima, where the observed and predicted 

null responses are most different. Because residuals may be 

significantly different from zero in limited and non-uniform 

regions of the dose combination space, a design which samples 

the combination space at only one or two dose combinations 

stands the chance of missing the dose regions where the 

observed biological response differs significantly from the 

mathematically predicted null response. 

possibility (which can not be ruled 

In addition to the 

out) that toxic 

interactions are significant for a select range of toxicant 

doses and dose ratios, the residuals must approach zero as 

both predicted and observed responses approach response 

saturation. Since residuals are not expected to be uniform 

across the entire dose combination space, sweeping conclusions 

about all possible combinations of two agents seem 

inappropriate. A conservative interpretation might limit 

conclusions to only the specific dose combinations tested, or 

at least to the regions of the dose-response surface which 
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have been well characterized. Due to the sensitivity of 

residual magnitude to both the sampling points selected and 

the values of the estimated null responses, conclusions 

drawn about interactions are dependent not only on the 

experimental design used, but also depend on which model(s) of 

non-interaction are selected as a basis for comparison. 

Comparison of the observed data against several models of non

interaction tests the generality of the data interpretation. 

This idea is developed further in chapter four, the modular 

approach (section 4.7). 

The method of residuals offers versatility, relative 

simplicity, and ease of interpretation. In addition to 

statistical analysis, residuals from binary combinations can 

be graphed and interpreted more intuitively than many other 

approaches. This attribute alone may increase the use of some 

of the more recently developed mathematical models - which can 

be used with residuals - by offering an alternate and possibly 

simpler means of data analysis. A practical guide and example 

of calculating and evaluating such residuals is given in 

chapter 4. 

The assumptions of the mathematical models used to assess 

toxic interactions are essentially hypotheses that are often 

untested in the application of the models. In the comparison 

of observed versus expected responses, the expected response 

can be based primarily on assumptions (untested hypotheses) or 

alternatively, on actual measurement and more limited - or 
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even tested assumptions. Testing the hypotheses 

(assumptions) which the selected models are based on or 

derived from, and relying more on toxicological measurement 

and less on assumption will be a significant step forward from 

the methods of assessing toxic interaction which are most 

frequently used at present. 

2.3 Hepatotoxic Interaction of One and Two Carbon 

Organohalides 

This critical review of the literature on the toxic 

interactions of xenobiotics is far from comprehensive and is 

restricted to selected studies examining the hepatotoxic 

interactions of one and two carbon organohalides in mammalian 

systems. 

The literature reports of hepatotoxic interactions among 

this class of compounds exhibit a strong preference for using 

a partial factorial experimental design, and a response 

addition model of non-interaction as a basis of comparison for 

data analysis. Hence their conclusions are susceptible to the 

same assumptions and limitations associated with response 

addition (discussed above) and the often abbreviated 

experimental designs employed (discussed belo.w in chapter 3) . 

Notable exceptions are full factorial designs used by 

Borzellica et al. (1990), and Steup et al. (1991) who use 

response surface modelling and 

respectively for data analysis. 

dose addition models 

None of these papers 
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explicitly address all of the assumptions of response addition 

(or alternative models) discussed above, most do not 

explicitly state the model of non-interaction used as a basis 

for comparison, and some are not very clear as to the specific 

experimental design(s) used. Of the investigators using 

response addition, some use the 2x2 factorial experimental 

design which samples each toxicant or drug at only one dose 

level, and samples the dose-response surface at a single point 

(Chakrabarti and Brodeur 1986, Buchet and Lauwerys 1987, Soni 

and Mehendale 1991A,B, Aragno et al. 1992, Das et al. 1985), 

and others use a more rigorous factorial experimental design 

(described in chapter 3) or more commonly, a partial 

(incomplete) factorial design - (Tardif et al. 1992, Ikatsu 

and Nakaj ima 1992, Stacey 1987, Charbonneau et al. 1986, 

Pessayre et al. 1982, Kefalas and Stacey 1989, 1991, 1993, 

Sipes et al. 1990, Steup et al. 1991). 

In most cases the responses to the mixtures are not so 

dramatic or unambiguous that they are not susceptible to 

explanations other than the presence of a toxic interaction. 

In some cases however, 

sufficient magnitude 

individual toxicants) 

the responses to the mixtures are of 

(relative to the responses to the 

that an explanation not including a 

toxic interaction is unlikely (Pessayre et al. 1982, Soni and 

Mehendale 1991A, B, Steup et al. 1991, Sipes et al. 1990, 

Gunawardhana et al. 1990, Azri-Meehan et al. 1994). 

Additionally, several different investigators and laboratories 
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have arrived at the conclusion that carbon tetrachloride 

(CC14 ) and trichloroethylene (TCE) produce a toxic interaction 

in vivo while using different: experimental designs, exposure 

regimes, rat strains, and different toxic endpoints (Pessayre 

et al. 1982, Borzellica et al. 1990, Sipes et al. 1990, Steup 

et al. 1991). Similar conclusions were reached for these and 

related compounds by several investigators using in vi tro 

models (Ruch et al. 1986, Stacey 1987, Kefalas and Stacey 

1991,1992) . 

A number of investigators have pursued an understanding 

of the mechanisms of interaction by measuring a number of 

toxic and physiologic endpoints, and by examining the effects 

of specific and non-specific metabolic manipulations (Soni and 

Mehendale 1991a, b, Ikatsu and Nakaj ima 1992, Kefalas and 

Stacey 1989, Aragno et al. 1992). A diverse array of agents, 

hypoxia, and stress have been reported to enhance carbon 

tetrachloride hepatotoxicity (Aragno et al. 1992). Carbon 

tetrachloride (CC1 4 ) is metabolized via cytochromes P-450 to 

the trichloromethyl radical which initiates lipid peroxidation 

thus damaging cell membranes, while chloroform (HCC1 3 ) - and 

to some extent CC14 - is bioactivated to phosgene, a highly 

reactive carbonyl able to attack proteins (Harris et al. 1982, 

Ruch et al. 1986, Sipes et al. 1977, Kubic and Anders, 1980). 

Harris et al. (1982) suggest that alcohol potentiation of CC14 

hepatotoxicity may be due in part to selective induction of 

CC14 metabolism to phosgene. Another possible mechanism by 
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which a second toxicant (eg. trichloroethylene) may increase 

CC14 toxicity, is to increase CC14 initiated lipid peroxidation 

(Harris et al. 1982). This hypothesis has been investigated 

.by using antioxidants - such as vitamin E (Aragno et al. 1992, 

Ruch et al. 1986) or N,N'-diphenyl-p-phenylenediamine (DPPD) 

(Ruch et al. 1986, Kefalas and Stacey 1989) - as probes to 

interfere with a second agent's (not CC1 4 ) putative 

enhancement of CC14 induced lipid peroxidation. These efforts 

have met with mixed results, with reports of prevention or 

reduction of the potentiation of CC14 induced toxicity (Aragno 

et al. 1992, Ruch et al.1986), and no protection from 

antioxidants (Aragno et al. 1992, Kefalas and Stacey 1989). 

Other possible mechanisms of toxic interaction reflecting 

redox status (eg. depletion of glutathione) and energy status 

(eg. inhibition of ATP synthesis) have been investigated with 

dithiothreitol (DTT) a thiol reducing compound and 

cyanidanol - a stimulant of ATP synthesis respectively 

(Kefalas and Stacey 1989, Soni and Mehendale 1991a,b). 

Findings from these studies have variously been interpreted as 

indicating that these metabolic manipulations do (Ruch et al. 

1986, Soni and Mehendale 1991a,b, Aragno et al. 1992) and do 

not (Soni and Mehendale 1991b, Kefalas and Stacey 1989) 

protect against the enhancement of CC14 induced toxicity by a 

second xenobiotic. While a picture of the underlying biology 

is beginning to emerge, the range of interpretations for these 

studies has not produced a clear trend in the elucidation of 
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the mechanisms of toxic interaction. The work of Mehendale 

and others, while building a substantial body of evidence 

supporting the inhibition of repair as a mechanism 

contributing to the interactive toxicity of CC14 with other 

xenobiotics, does not explain the wide range of 

interpretations of results encountered in the literature on 

this topic. 

These investigations have been seriously hampered in 

attempts to ascribe the presence or absence of toxic 

interaction to the affects of the manipulations, by the lack 

of a quantitative means of assessing the presence and degree 

of toxic interaction. The most frequently used approach to 

assessing toxic interactions response addition is 

typically not explicitly stated and in practice, is often 

based largely on unstated and untested assumptions. This 

suggests a need for a more rigorous and quantitative approach 

to assessing toxic interactions. 

2.3.1 In Vivo Studies 

The study by Pessayre et al (1982) in Sprague-Dawley rats 

gave strong evidence of toxic interaction between CC14 and TCE 

in spite of a simplistic response addition type analysis of 

the data. The contributions of the dose-response 

relationships of the individual toxicants were explored but 

not analyzed beyond the traditional response addition 

approach. The responses to the mixtures were however 

sufficiently larger than the responses to the individual 
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materials for several toxic endpoints strongly suggesting that 

toxic interactions were in fact occurring. Had they explored 

the dose-response relationships of the individual toxicants 

beyond the dose ranges used in the mixtures (i.e. a simplex 

design - see chapter three), a stronger argument could be made 

for the presence of toxic interactions. The skeletal 

factorial design used (no central sampling points) did permit 

a consideration of the contributions to the responses made by 

the individual toxicants for a subset of the entire 

experimental design. Since the dose-response relationships of 

the individual toxicants remain flat (near zero response) 

beyond the dose ranges used in the lower dose mixtures in the 

design, it is quite probable (although not analyzed) that the 

contributions of the individual toxicants to the responses to 

these mixtures are insufficient to account for the large 

responses seen. This is thereby indicative of the presence of 

toxic interactions for these endpoints. Such endpoints 

include serum alanine aminotransferase (ALT or SGPT), 

histology (necrosis), and - in microsomes - lipid peroxidation 

as measured by thiobarbituric acid reactants. The data were 

not as suggestive of interactions for the loss of glutathione, 

and were essentially negative for loss of cytochromes P-450, 

and irreversible binding of HC-labeled CC1 4 and TCE. A 

sensitivity of ALT leakage to the sequence (and sequence 

interval) of administration was also demonstrated. 
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Borzellica et al. (1990) used a complete 4x4 factorial 

experimental design and analyzed their data using response 

surface modeling, the logistic model of interaction of Carter 

et al. (1986, 1988). The relatively rigorous experimental 

design and data analysis technique employed make this a very 

rare paper in this narrow field of the literature. Carbon 

tetrachloride (CCI4 ), trichloroethylene (TCE) , and chloroform 

(HCCI 3 ) were administered by gavage in an aqueous solution 

with five percent Emulphor (an emulsifier) to male Sprague-

Dawley derived CD rats. The rats were anesthetized with 

sodium pentobarbital, heparinized, cannulated, fasted 

overnight, and dosed the following morning. Toxic endpoints 

measured included serum activities of the liver enzymes: 

alanine transaminase (ALT or SGPT) , aspartate transaminase 

(AST or SGOT) , and sorbitol dehydrogenase (SDH). 

Two aspects of this work may be cause for concern; the 

additional (non-target) xenobiotics present in the animal, and 

relationship of the data to the method of data analysis. 

First, the xenobiotics introduced into the animals 

include not only the toxicants targeted for investigation, 

but: an anesthetic (sodium pentobarbital), heparin, and an 

emulsifier (Emulphor). The possibility exists that one, some 

or all of these materials may affect the adsorption, 

distribution, metabolism, or excretion (ADME) of the target 

toxicants, and may also affect the repair processes evoked by 

the injury produced by these toxicants. Sodium pentobarbital 
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was administered some time (unspecified) the day before the 

morning dosing. This barbiturate has a half -life of from 

fifteen to fifty hours in adult humans (Physician's Desk 

Reference, 45 th Ed.) and could compete with the toxicants for 

cytochromes P-450 thus influencing toxicant metabolism. The 

heparin while undoubtedly given at very low dose,' is quite 

potent in it's inhibition of coagulation. While it seems 

unlikely that such a specific inhibitor of the blood clotting 

process could have far reaching consequences in most 

situations, can any and all influence on adsorption and/or 

distribution and/or excretion of the toxicants under study be 

ruled out? These three processes involve the gut lining and 

splanchnic circulation, the vasculature at large, and the well 

vascularized kidney, all of which could conceivably experience 

a small but potentially significant alteration of function 

(i.e. transport) with heparinized blood. Heparin was 

introduced at 3,6,12,24,36,48, and 72 hours postgavage (serum 

sampling times) . Emulphor a "slightly toxic" 

polyethoxylated derivative of Castor beans - comprised five 

percent (50, 000 ppm) of the dosing vehicle. A natural 

product, the chemistry, adsorption, distribution, metabolism, 

excretion, and effects of Emulphor are complex and not 

completely defined. The potential influences of these three 

additional xenobiotics may be negligible, but could quite 

conceivably influence the toxic events under study in 
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undefined ways. Where possible, appropriate controls added to 

the experimental design would help clarify these questions. 

Second, the version of Carter's logistic model of the 

response surface which was used in this study was suitable for 

monotonic response surfaces, while the observed response 

surfaces were - in several cases - not monotonic. Gennings et 

al. (1990) have developed models which use quadratic (or 

higher order polynomials) expressions and permit modeling non

monotonic response surfaces. Further, the dose-response 

relationships of some of the individual toxicants and toxic 

endpoints were only partially characterized; some, not even 

beyond their threshold doses. The responses to these 

toxicants were only examined at three dose levels each. The 

following agents did not respond (flat dose-response curves) 

in the dose ranges examined: HCCl 3 (chloroform) for the ALT, 

and AST endpoints, and TCE (trichloroethylene) for the ALT, 

AST, and SDH endpoints. CCl4 (carbon tetrachloride) elicited 

a clear response only for the highest dose level for the ALT 

endpoint, and HCCl 3 produced a less significant (greater than 

control) response only at it's highest dose for the SDH 

endpoint. Without knowing where the threshold doses are and 

the shapes of the individual response curves, it is difficult 

to predict the magnitude of the expected responses under the 

assumption of non-interaction. This weakens the basis of 

comparison used to evaluate the observed responses to the 

toxicants, particularly when a factorial design has been used. 
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The reasons for this are discussed in chapters three 

(experimental designs) and four (mathematical modeling and 

data analysis). The authors conclude that toxic interactions 

were observ,ed for both combinations (CCI 4 + HCCl 3 , and CCl4 + 

TCE) based on the (very small) positive interaction parameter 

({312) estimates. The authors' figures three through eight show 

both the observed and the modeled response surfaces. Visual 

inspection suggests that these are not all ideal fits of model 

to data, and two of the modeled surfaces (figures 6, and 

especially 8) have relatively flat response surfaces which 

appear to be comprised mostly of relatively straight isoboles; 

suggestive of no interaction. To the extent that the 

interactions have been accurately characterized, the study 

does show that the degree of interaction is clearly sensitive 

to the toxic endpoint measured. 

Studies involving ternary combinations of toxicants (two 

organohalides and one oxygenated hydrocarbon) using simple 

models of additivity and incomplete factorial designs include 

Charbonneau et al. (1986,1990), and Ikatsu and Nakajima 

(1992) . Charbonneau et al. (1986,1990) investigated the 

binary and ternary combinations: carbon tetrachloride (CCI4 ) 

+ trichloroethylene (TCE) , and CCl4 + TCE + acetone in male 

Sprague-Dawley rats. The rats were pre-treated with acetone 

("a single po injection"), and after eighteen hours, CCl4 and 

TCE in corn oil were injected intraperitonealy. The data were 

analyzed under a response addition model in one paper (1986), 
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and under a dose addition model in the other (1990). The 1986 

paper concludes that TCE "potentiates" CCI4 , although the data 

offered as evidence of this (in their figure 1) does not 

support a deviation from additivity even under a response 

addition model. Ikatsu and Nakajima (1992) pre-exposed male 

Wistar rats to ethanol by oral administration and then to CCl4 

and HCCl3 by inhalation. These investigators did not find 

strong indications of toxic interaction for the binary 

combination of CCl4 + HCCl 3 , but found a dramatic increase in 

toxicity for CCl 4 + HCCl 3 in ethanol pre-treated rats for serum 

SGPT and SGOT toxic endpoints. This response was of 

sufficient magnitude to suggest a supra- "additive ll effect. 

However, with the limited data and data analysis, it is 

difficult to know if the majority of the observations in this 

work can or can not be explained without an interpretation of 

toxic interactions. What was clear from these papers is that 

pre-treatment with ethanol or acetone does increase the toxic 

response to these organohalides. Since these pre-treatments 

are capable of inducing cytochrome P-450 2E1 - an enzyme which 

bioactivates these toxicants - this result is not unexpected, 

and sheds little light on toxic interactions between 

organohalides. 

The dose-response relationships of the individual 

toxicants were not well characterized - in some cases, not 

measured at all - in these three papers. The assumptions of 

the response addition model were not explicitly discussed or 
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experimentally verified in Charbonneau et al. (1986) or Ikatsu 

and Nakajima (1992). One of the assumptions for dose addition 

(parallel dose-response curves) was said to be examined in 

previous studies (Charbonneau et al., 1990) although these 

studies were not cited or included. In view of .the 

difficulties and controversy regarding the analysis and 

interpretation of toxic interactions of binary combinations of 

toxicants (see chapter two), attempts to assess the toxic 

interactions of three agents using the simplest models of 

interaction (with the most assumptions) and a fragmented 

experimental design, may not provide conclusions with 

particularly high levels of confidence. 

Steup et al (1991) used a full factorial design and a 

response addition model to assess the interaction of CCl4 and 

TCE in male Sprague-Dawley rats. The responses (serum ALT) to 

the combinations of toxicants were of such magnitude relative 

to the responses to the individual toxicants, that it appears 

unlikely that the responses to the combinations could be 

adequately explained only by the dose-response relationships 

of the individual toxicants. 

Greater confidence in this interpretation can be obtained 

upon re-analyzing the data with another mathematical model of 

non-interaction (see chapter five). More extensive sampling 

in higher dose ranges of the individual toxicants would have 

allowed interpreting the responses to the highest mixture 
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concentrations based on a stronger understanding of the dose

response relationships of the individual toxicants. 

Harris et al. (1982) reported greater responses to acute 

co-exposure combinations of CCl4 and HCCl 3 than those responses 

observed in "subtoxic" doses of the individual toxicants for: 

serum glutamate-pyruvate 

expiration, total hepatic 

transaminase 

calcium, and 

(SGPT) , ethane 

histopathology 

endpoints in Long-Evans rats. Although the authors describe 

the doses of the individual agents as "subtoxic", their 

results do not support this description for all of the 

endpoints where mixture responses greater than "additive" were 

found. Several of the doses of the individual agents appear 

to be in the critical post-threshold dose region where 

response increases are often highly non-linear with respect to 

dose. Since the dose-response relationships of the individual 

toxicants were not well characterized, it is difficult to 

interpret the responses to the mixtures. A partial factorial 

experimental design was used, and response addition is implied 

as a non-interactive basis for comparison. 

associated with this type of interactive 

analysis were not addressed. 

The assumptions 

toxicity data 

It is notable that no supra-additive effect was found for 

the combination of CCl4 and HCCl 3 for the conjugated diene 

formation endpoint. This is notable because lipid 

peroxidation - for which conjugated diene formation is an 

index - has emerged as a hallmark of CCl4 toxicity and CCl 4 
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This finding is even 

more remarkable in light of their finding a supra-additive 

effect for ethane expiration. Ethane expiration - also an 

index of lipid peroxidation - has been shown to be highly 

correlated with conjugated diene formation (Lindstrom and 

Anders 1978). The authors discuss possible reasons for this· 

unusual result. Also curious, is the report of a [supra

additive] increase in liver calcium. The authors discuss the 

"disruption of the microsomal calcium pump by [CCI4]", but do 

not discuss any mechanism by which total liver calcium is 

increased. Since entire liver homogenates were ashed and 

calcium measured by atomic absorption, it is difficult to see 

how any release of calcium from the endoplasmic reticulum into 

the cytosol could be detected. Sequestration of serum calcium 

by the liver cells could conceivably occur through modulation 

of plasma membrane calcium channels, although this is not 

discussed. 

The responses to the mixtures as measured by SGPT and 

ethane expiration were of such magnitude relative to the 

responses to the individual toxicants, that it may be 

difficult to account for these responses by careful 

consideration of the dose-response relationships of the 

individual toxicants alone. The verbal description of the 

histopathology results sounds significant, however, the 

numeric representation of these results does not appear as 

convincing. A more extensive experimental design (i.e. full 
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factorial or simplex/ray design) combined with a more 

quantitative approach to assessing the toxic interactions 

would allow a clearer interpretation of the results. 

2.3.2 In Vitro Studies 

Although hepatocytes have been reported to exhibit toxic 

interactions in response to the combinations of chemicals 

tested (Pessayre et al. 1982, Ruch et al. 1986, Stacey 1987, 

Kefalas and Stacey 1987,1991,1993) some of the results may be 

susceptible to misinterpretation due to the arithmetic 

analysis of the data (Berenbaum 1985, Chou and Rideout 1991, 

Kodell and Pounds 1991). Lamb et al. (1989) employing a 

substantially more rigorous experimental design and analysis 

of the data, conclude that their analysis suggests that 

combinations of chloroform and carbon tetrachloride produce 

greater than additive effects for the toxic endpoints they 

measured. 

Further elucidation of the individual toxicities of 

several of the toxicants investigated for interactions in this 

thesis were carried out by Glende and Recknagle (1992), and 

Azri et al. (1990,1992). Azri et al. (1992) demonstrated that 

a variety of toxic endpoints can be measured in liver slice 

culture, and that these endpoints are indicative of site

specific damage in the liver lobule (i.e. centrilobular or 

periportal). Azri-Meehan et al. (1994) sequentially exposed 

rat liver slices to bromotrichloromethane (BrCCI)) and 

chloroform (HCCI)), and measured a variety of endpoints at 
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The loss of tissue potassium for 

both sequences of the combination was dramatically less than 

for the individual toxicants, which were not different from 

the. control .. With one exception, the other endpoint responses 

to the mixtures were not dramatically different from the 

responses to the controls and the responses to one or both of 

the individual toxicants. The exception, the loss of 

isocitrate dehydrogenase (ICDH) was dramatically greater for 

slices exposed to HCC1 3 followed by BrCC1 3 • The reverse 

sequence of exposure did not produce as strong a response. 

The basic experimental design used was a 2x2 factorial with 

the one combination point being administered in both sequences 

(A~B,B~A), and responses were measured at 0,3,6,9, and 12 

hours. The slices were pre-incubated for one hour, the first 

toxicant administered at that time, and the second toxicant 

administered an hour later. Slices exposed to a single 

toxicant were also exposed at the second hour, an hour after 

the pre-incubation. The statistical analysis used was ANOVA 

followed by Student-Newrnan-Keuls analysis with p<O. 05 

considered significant. This implies response addition as a 

basis of comparison for the responses to the mixtures. The 

basis of comparison used for determinations of significance 

appears to be the unexposed controls rather than the responses 

to the individual toxicants, however, this is not explicitly 

stated. It nevertheless appears difficult to explain the 
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three strong responses to the mixtures3 by resorting to dose-

response - or in this case, time-response - relationships. 

This suggests that the data represent a supra-null 

interaction. 

Glende and Recknagle (1992) found that carbon 

tetrachloride, bromotrichloromethane, chloroform, and 1,1-

dichloroethylene all activate phospholipase A2 (PLA2) in 

isolated rat hepatocytes, and that this event precedes the 

release of lactic dehydrogenase (LDH, an indicator of liver 

injury) . It is suggested by these investigators that this 

event may be part of the chain of causality mobilizing 

intracellular calcium, activating an array of hydrolases, and 

leading to cell death. Although Glende and Recknagle did not 

investigate the effects of combinations of these toxicants on 

PLA2 activation, lipid peroxidation, and cell death, their 

work suggests a possible mechanism of interaction. since both 

phospholipase A2 activation and lipid peroxidation can weaken 

the structural components of organelle and plasma membranes, 

the interplay of the effects induced by the individual 

toxicants may accelerate membrane degradation, resulting in 

compromised integrity of the endoplasmic reticulum, consequent 

initial calcium release, calcium induced calcium release, 

further activation of calcium dependent PLA2 and calcium 

3 tissue potassium loss for BrCC1 3 ~ HCC1 3 and HCC1 3 ~ 
BrCC1 3 mixture sequences, and loss of ICDH activity for HCC1 3 

~ BrCC1 3 • 
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dependent proteases, further structural damage (eg. blebbing) , 

and cell death. 

2.4 Summary 

A variety of methods of assessing toxic interactions are 

present in the literature and are used in the analysis of 

interactive experiments. These methods are not equivalent; 

they embody a range of assumptions and limitations, and no 

consensus is apparent for a fully general means of assessing 

toxic interactions or a fully general model of interaction or 

non-interaction. One of the contributions made here to the 

investigations of toxic interactions is to develop, extend, 

and publish the method of residuals, a (relatively) simple yet 

versatile approach to interactive data analysis (Michaud et 

al. 1994). 

Many reports of toxic interaction in vivo and in vitro do 

not explicitly disclose the basis for deciding if toxic 

interactions are indicated by the data, and what assumptions 

were made in the interpretation of the experimental results. 

Explicit identification of the methods and models used to 

analyze data from interaction experiments would facilitate 

comparison and critical evaluation of reported results. Some 

of the studies reviewed here are founded on relatively 

rigorous experimental designs and data analysis techniques 

(Lamb et al. 1989, Borzellica et al. 1990), and other studies 

have found responses to mixtures dramatically greater than the 
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responses to the individual toxicants (Pessayre et al. 1982, 

Steup et al. 1991, Mehendale 1990, Azri-Meehan et al. 1994). 

As studies incorporating both of these features become 

commonplace, it is likely that the elucidation of the 

mechanisms 

interactions 

occurrence. 

responsible 

will become 

for toxic (and 

a more deliberate 

pharmacologic) 

and frequent 



Chapter Three 

EXPERIMENTAL DESIGN 

3.1 GENERAL REQUIREMENTS 
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A well designed experiment increases the probability of 

obtaining useful information from the data. Experimental 

designs can be optimized by using prior information and/or 

preliminary experiments to identify the doses ranges required 

to elicit those responses which provide the information being 

sought. Toxicologists, pharmacologists, and cancer 

chemotherapists may have greater interest in the low, medium, 

and high ranges of the dose-response relations respectively. 

For interaction experiments, the first question often is 

whether observed responses differ significantly from predicted 

null responses. 

determine which 

In addition, the investigator may wish to 

specific xenobiotic ratios, dose levels, 

incubation duration, and sequence of exposure produce the 

greatest difference between observed responses and predicted 

null responses. Identifying the conditions showing the 

greatest (or least) interaction can play a vital role in 

probing mechanisms of interaction and optimizing 

chemotherapeutic regimes. 

The National Research Council's publication Complex 

Mixtures (1988) suggests: 



Testing complex mixtures presents a formidable 
scientific problem. The key to attacking this 
problem lies in the analysis and planning of the 
strategy or experimental approach. The extent and 
nature of testing should be guided closely by what 
is known and what needs to be learned. 
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The same could also be said for investigating interactions of 

simple (i.e. binary) mixtures. An overall strategy for 

assessing interactions of xenobiotics is to measure the 

responses to specific selected doses of individual and mixed 

xenobiotics, and then to use mathematical models to determine 

if the data deviate from what would be expected if there were 

no interaction. In short, are observed responses different 

from the non-interactive responses predicted by the model? If 

observed and predicted responses are significantly different, 

an interpretation of interaction is made under the assumptions 

and limitations of: the mathematical model(s) selected, the 

experimental design, the biological system, the exposure 

regime, and the endpoint(s) measured in the experiments. 

In brief, the steps to implement this strategy are to: 

1) select the components to be used in the study (experimental 

design, mathematical model, biological system, experimental 

endpoint to measure, route of administration, and chemical 

species of the xenobiotics presented), 2) perform preliminary 

experiments to establish the dose ranges and incubation times 

to be used, and if applicable, the sequence of exposure, 3) 

design the interaction experiment (select the exposure regime 

and the specific doses of individual and mixed xenobiotics to 
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4) measure the responses to the doses of 

individual toxicants and their mixtures which were selected in 

the experimental design, 5) use mathematical model (s) of 

interaction and/or non-interaction to analyze the data, and 6) 

interpret the results and consider the assumptions and 

limitations of the experimental design and data analysis 

methods. Greater detail for steps one through four is given 

below, and steps five and six are covered in chapter four. A 

few basic types of experimental design appropriate to these 

kinds of studies are outlined, and general considerations, 

suggested guidelines, and possible pitfalls in experimental 

design, and data analysis of biological responses to chemical 

mixtures are discussed. 

3.1.1 Initial Selections 

The first step is to select the study components 

biological system, chemical forms of the xenobiotics, routes 

of administration, endpoints to be measured, experimental 

design, mathematical models. Making even preliminary 

selections early will facilitate the preliminary dose-response 

experiments, and the design of a specific interaction 

experiment. The constraints imposed by the focus of the 

research question and the availability of resources aid in 

narrowing the field of selections. Initial results may 

suggest some re-selection of these study components. 
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Several general guidelines not often represented in the 

interaction literature may be helpful in selecting the 

components to be used in a study of xenobiotic interactions. 

1) Because interaction studies are particularly 

sensitive to noise in the data, the biological 

model systems selected should be as homogeneous as 

is practical in order to minimize noise in the 

measured responses. 

2) Similarly, toxicological or pharmacological 

endpoint(s) which have high signal to noise ratios, 

are highly reproducible, and are well established, 

are particularly useful in interaction experiments. 

3) Since xenobiotics will be differentially speciated 

and/or metabolized en-route to their sites of 

action, the toxicants and/or drugs of interest 

should be presented to the biological system as the 

chemical species which are appropriate to the 

selected biological system. Also, the dose ranges, 

exposure times, and route(s) of administration 

should be compatible with the biological system and 

the research question being asked. 



4) The experimental design(s) - including numbers of 

replicates and mixture sampling points - to be used 

need to be based not only on the question being 

asked, relevant literature data, the preliminary 

data, and the means of data analysis to be used, 

but must also consider the limitations of the 

laboratory. Even simple interaction experiments 

can become surprisingly large, especially if time

courses are examined, and experimental designs 

should therefore consider the limitations of: 

incubation space, availability of tissue or 

animals, how the endpoints change with time, etc. 

5) The various mathematical model(s) used for 

assessing deviation from non-interactive (or 

additive) responses to combinations of the 

individual toxicants differ in their assumptions, 

derivation, and application. These models can be 

sensitive to: 
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a) the size of the data sets - some models require large 

data sets in order to converge on unique parameter 

estimates, 

b) how much noise is in the data - confidence intervals 

expand rapidly with increas~d noise, 
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c) the computer programs used to fit the models to the 

data are not all equivalent some parameter 

estimation algorithms may not converge on unique 

solutions for a given data set. 

These models vary considerably in the difficulty of their 

implementation, and the clarity and quantity of instruction 

for their use (T.R. Fraser (1870,1872), Wampler et al. (1987), 

Greco et al., (1990), National Research Council (1988), Kodell 

and Pounds (1991), Calabrese, (1991), Yang (1993), Chou and 

Rideout (1991), Pounds and Kodell (1985), Berenbaum (1985), 

Plaa, M. Vezina (1990), Gennings et al. (1990), Carter Jr. et 

al. (1984), Steel (1979), Chou and Talalay (1984), Syracuse, 

and Greco (1986), Solana et al. (1988), Stablien and Carter 

(1980), Loewe (1953), Ager and Hayes (1987), Smith (1968), 

Steel and Peckham (1979). These study component selections 

(1-5, above) need not occur in the order given above and may 

need to be re-selected depending on the results of preliminary 

experiments. 

3.1.2 Preliminary Experiments 

Once the (initial) selections have been made, preliminary 
." ." 

experiments for each of the individual toxicants are helpful 

in determining the dose ranges and durations of exposure and 

incubation which produce measurable changes in the endpoint (s) 

examined. If the preliminary experiment(s) characterize the 
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shapes of the dose-response (or exposure-effect) curves for 

each individual toxicant at several time-points, then a 

rational design of subsequent experiments is possible and a 

sound basis for interpretation of the responses to mixtures is 

established. Without an understanding of the dose-time

response behaviors of the individual toxicants it can be 

difficult if not impossible to quantitatively interpret the 

responses to mixtures of these toxicants Berenbaum (1985). 

The range of responses (eg. 5% to 95%) which needs to be 

characterized depends on the mathematical model used, the 

biological endpoint measured, and the question being asked. 

Toxicologists for example, may require a detailed 

characterization of responses to low doses while 

pharmacologists and cancer chemotherapists may require more 

detailed characterization of middle and high dose ranges. As 

a rule of thumb, dose ranges for the individual toxicants 

should bracket - by a factor of from two to ten - the doses of 

these toxicants which occur in the combinations which are 

being tested. 

evaluated in 

This allows 

terms of the 

individual toxicants. 

3.2 DESIGNING THE EXPERIMENT 

responses to mixtures to be 

responses observed for the 

Once approximate dose-response relations have been 

determined for the individual toxicants - for the selected 
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biological system, incubation period, and measured end-point -

an effective and efficient interaction experiment can be 

designed. By effective, I mean that the data collected allow 

a meaningful interpretation to be made about the presence and 

nature of an interaction. By efficient, I mean that each 

sampling point adds new information to the characterizati.on of 

the dose-response surface. Some experimental designs employ 

redundant sampling of the dose combination space in dose 

regions where the response is saturated or below threshold. 

Repeated sampling of sub-threshold or saturated responses does 

not usually provide as much new information as sampling in 

dose regions with moderate responses. If the research 

question is "do two xenobiotics interact or not" rather than 

"what is the shape of the dose-response surface", then some 

designs (eg. factorial) are likely to oversample the mixtures 

or under sample the individual toxicants. A more efficient 

experimental design in this case could use a more sparse 

sampling of the combination space while still allowing a 

reasonably accurate characterization of the responses to the 

individual toxicants. In cases which do require 

characterization of the shape of the dose-response surface, a 

more thorough sampling of the dose-response surface will be 

advantageous. 

find dose 

An example of such a case is when attempting to 

combinations producing maximal or minimal 
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interactions, for instance: to optimize drug combination 

therapy. 

In sum, an experimental design permitting an 

interpretation of the responses to combinations of xenobiotics 

should not only provide data which allow for an accurate 

description of the dose-response curves of the individual 

toxicants, but should also provide at least a partial 

characterization of the dose-response surface of the combined 

toxicants - the mixtures. These two design objectives are not 

always satisfied. Factorial, augmented central composite 

design and, ray design experiments are examples which can 

satisfy these objectives to varying degrees and are 

illustrated in figures 3.1-3.3. As discussed above, both low 

and high sampling densities of the dose combination space have 

their own particular advantages and disadvantages depending on 

the research objective. 

In addition to selecting the basic experimental design 

and sampling density needed for a particular research 

question, the specific concentrations or doses selected have 

a strong influence on the quality of information provided by 

the data. Dose selections for the mixtures should be based on 

an understanding of the dose-response relations of the 

individual toxicants, and any knowledge of the type (eg supra

null or sub-null) and degree of the putative interaction. For 

instance, sampling at higher dose levels is desirable when 
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sub-null interactions are expected, but will very likely 

result in redundant sampling of saturated responses in cases 

where supra-null interactions are expected. If such prior 

knowledge is unavailable, it is prudent to keep the doses of 

the mixture components more or less centered in the dose 

ranges of the individual toxicants. This sampling of the 

various combinations of the individual toxicants - also known 

as the mixture or combination space - can be skewed toward the 

low end of the dose range of the individual toxicants if a 

supra-null (or synergistic) interaction is expected, and 

skewed high if a sub-null (or antagonistic) interaction is 

expected. These weightings allow supra- or sub-null responses 

- respectively - room to occur in characterized and relatively 

sensitive regions of the dose-response space. Measuring the 

responses to the individual toxicants and to their mixtures in 

the same experiment helps reduce inter-experimental 

variability which could confound data analysis and 

interpretation. Sources of variability introduced into the 

data by running separate experiments for individual and mixed 

toxicants include differences in: biological preparations or 

animal groups, dosing/exposure episodes, times of day (i.e. 

diurnal variation of glutathione levels) , incubation 

conditions, and measurements of endpoints. 

Interpretation of the responses to the mixtures depends 

on an accurate characterization of the responses to the 
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individual toxicants because the responses to mixtures need to 

be compared to something. This comparison can either be based 

on assumptions about the dose-response relations of the 

individual toxicants and their mixtures, or the comparison can 

be based on well characterized dose-response relations, and 

mathematical model(s) of responses to mixtures. These 

mathematical models - while imperfect - are calibrated by the 

accurate characterizations of the dose-response relationships 

of the individual toxicants. These dose-response 

relationships can often be reasonably well characterized by 

sampling four (or more) replicates at each of five (or more) 

doses of each individual toxicant, where each dose is from -2x 

to lOx the next lowest dose. Such sampling stands a good 

chance of providing a reasonable idea of the behavior of the 

dose-response relation from threshold to response saturation. 

Sampling multiple replicates at multiple locations 

increases the confidence in interpreting the responses to the 

mixtures by providing a basis of comparison which relies more 

on measurement and less on assumption than approaches which do 

not attempt to characterize the dose-response behaviors of the 

individual toxicants. Research questions investigating which 

dose combinations produce the greatest interaction will 

require characterizing the full ranges of dose-response 

relationships of the individual toxicants. For the more 

limited question "is an interaction present?", only specific 
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portions of these relationships need to be characterized. 

Additionally, different mathematical models require different 

degrees of characterization of the dose-response 

relationships. When the investigation is not restricted to a 

specific region of the dose-response relations, and prior 

information on the nature of the interaction is unavailable, 

a good rule of thumb is to bracket the ECsos of each individual 

toxicant with two doses on each side. This makes a total of 

five doses for each individual toxicant, and a control. For 

instance: 0, 1/4, 1/2, 1, 2, and 4 times the ECsos estimated 

for each toxicant, are reasonably simple and reproducible 

doses. Dose scales can be based on mass, moles, fractions and 

mUltiples of ECsos, or on ECx values (concentrations required 

to produce x% effects). Experimental designs based on ECx 

values (eg. EC10 ' EC2S ) may simplify data analysis and 

interpretation but are also less reproducible, especially 

between laboratories. I prefer dose scales based on multiples 

of ECso estimates because of their biological relevance and 

their applicability to diverse biological systems and 

endpoints. It should be noted that dose ratios based on these 

different dose scales will not necessarily be the same but 
- ,-

will still allow a spread of dose ratios to be selected. 

Dose ranges selected for the individual toxicants should 

be based on the shapes of their individual dose-response 

curves and an intent to sample the full range of response -
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from no response to response saturation - or the range of 

response dictated by the means of data analysis to be 

employed. For instance, sampling at exposure levels intended 

to produce response saturation is needed in order to 

accurately fit the Hill equation to the data. This does 

however lead to exposure levels which may otherwise be beyond 

those of significant toxicological interest. 

The following sections examine experimental designs for 

investigating xenobiotic interactions with brief exposition of 

three experimental designs, and some of their advantages and 

disadvantages. 

3.2.1 Traditional Designs: Advantages and Disadvantages 

A good interaction experimental design should provide 

data which allow for an accurate description of both the dose

response curves of the individual toxicants, and at least a 

partial characterization of the dose-response surface of the 

combined toxicants the mixtures. Factorial, augmented 

central composite design and, ray design experiments can 

satisfy these criteria. These designs are illustrated and 

described in this and the next section (figures 3.1 - 3.3). 

Sampling each individual toxicant at five concentrations is 

not excessive if one wishes to gain an understanding of the 

shape of each dose-response curve - a virtual necessity for 

interpreting the responses to mixtures. The designs shown 

here are abbreviated for clarity to three doses for each 
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individual toxicant and are restricted to binary mixtures. 

These designs can however, be increased in sampling density, 

and expanded to n xenobiotics if required by the research 

question. 

Factorial designs are simple to construct, are widely 

used, and provide a uniform sampling of the combination space. 

The frequently employed 2x2 factorial design (Figure 3.1) 

(zero and one concentration of each individual toxicant) 

requires extrapolating each dose-response relation from the 

response to a single dose of each toxicant. Interpretation of 

this design generally assumes that both individual toxicants 

have linear dose-response curves. Since this simplifying 

assumption is often not satisfied, this approach can lead to 

erroneous conclusions (Berenbaum 1985, Chou and Rideout 1991) . 

More extensive factorial designs are often analyzed by simple 

bar graphs and by the ANOVA technique, both of which assume 

that an arithmetic addition of responses is equivalent to no 

interaction. While this assumption may be functional in 

restricted regions of some dose-response curves, or in cases 

where only one toxicant elicits a response in the relevant 

dose range, or alternatively when a sub-null interaction 

exists, it is not a good general assumption for non-linear or 

unknown dose-response relationships. 

A relatively rigorous factorial design which samples two 

individual toxicants at five concentrations each plus a 
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control (a 6x6 factorial design) also samples 25 combinations 

for a total of 36 design points. If four replicates are used 

for each design point, and the experiment is repeated three 

times, then 432 individual samples must be prepared, 

incubated, and their responses measured for each binary 

combination of xenobiotics. A 5x5 factorial design is shown 

in figure 3.1. Disadvantages of factorial designs can include 

the lleed to prepare a large number of treatment groups, 

increased opportunity for dose measurement error, and 

redundant sampling of saturated and uninteresting responses. 

If the question is simply whether or not two xenobiotics 

exhibit any interaction rather than what is the shape of the 

dose-response surface, then a more efficient experimental 

design could use a more sparse sampling of the combination 

space. Central composite designs, and to a lesser extent, ray 

designs do this. 

3.2.2 Alternative Designs: Advantages and Disadvantages 

Simplex designs sample the individual and combined 

toxicants along straight diagonal lines such as putative 

isoboles (figure 3.2). While such vectors are a logical first 

approximation, the actual set of non-interactive biological 

responses is often somewhat different than simple linear 

algebra would suggest. Because it is typically not known 

apriori exactly which dose combinations will in fact fallon 

a given isobole, often the investigator must still interpolate 
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the response surface in order to estimate isobole loci. 

Unless combined with a ray design, a simplex design may not 

give information on the response sensitivity to toxicant 

ratio. Low sampling density simplex designs may miss the dose 

combination region(s) which produce significant interactions. 

A limited simplex design may be a relatively efficient first 

pass at determining the dose combination regions producing 

significant interactions. 

Augmented central composite designs (Figure 3.2) sample 

the combination space and the individual toxicants, while 

conventional central composite designs sample only the 

combination space and not the individual toxicants. Sampling 

the individual toxicants at five doses each, plus a control, 

allows a reasonably accurate characterization of the responses 

to the individual toxicants. Sampling at several - say five 

to seven - points in a central region of the combination space 

can provide a fair indication of the behavior of the dose

response surface for the mixtures. The central region 

sampling can be skewed towards high or low dose ranges if sub

null interactions (i.e. antagonism) or supra-null interactions 

(i.e. synergy) respectively are anticipated due to literature 

reports or initial experiments. The central composite design 

is one of the most efficient means of sampling the behavior of 

a surface. Sampling at only a few points (eg. 1-3) however 

increases the risk of missing important features of the dose-
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response surface, such as where the observed response surface 

deviates significantly from the theoretical null surface - or 

sampling in dose combination regions where the response is 

saturated. 

Ray design experiments (f igure 3 .2) 

combination space along II rays II or lines 

sample the 

of constant 

combination ratio such as 1:1 or 1:3 

B) . Advantages of such designs 

(compound A : compound 

include: a) ease of 

preparation - serial dilutions of any combination ratio occur 

along a ray, b) serial dilution can reduce dose measurement 

error, and c) the sensitivity of the response to xenobiotic 

'ratio is easily observed in ray design experiments but is not 

as apparent in factorial or central composite designs. 

Sensitivity of the response to toxicant ratio can be 

particularly valuable information in both pharmacology and 

toxicology. In practice, the sampling points along the rays 

can be selected to intersect selected hypothetical non

interactive isoboles - such as the diagonal line connecting 

the ECsos of the individual toxicants. Such a design (figure 

3.3) is simply a combination of a the ray and simplex designs. 

In addition to the advantages listed above, ray designs offer 

sampling versatility, a reasonable economy of sampling the 

combination space, and aid in the graphic and analytic 

interpretation of the data. 
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3.2.3 Optimizing Experimental Design 

Techniques discussed in more detail below (data analysis 

via residuals; section 4.3) permit locating the regions of the 

dose combination space which produce the greatest interactions 

between toxicants. This can be done by finding the maxima in 

the residual surface. For now let us describe the residual 

surface as the difference between the observed responses and 

the responses predicted assuming no toxic interaction exists. 

Thus the residual surface - the residuals plotted against the 

doses of the individual agents - represents the direction and 

degree of interaction. Residual maxima then represent the 

largest interactions detected by the experiment. The dose 

combinations producing these maxima are readily identified 

visually from the plot (Figure 3.4) and analytically from the 

equation of the residual surface. Identifying the dose ratios 

and dose levels producing the largest interactive responses 

can be valuable for both investigation of mechanisms of 

interaction, and for optimization of clinical drug therapy. 

For instance, mechanistic probes producing significant shifts 

in the residual surface shapes or maxima may indicate that the 

process which was manipulated is involved in the mechanism of 

interaction. Experiments can thus be optimized by focusing 

the sampling of the dose-response surface in the dose 

combination regions producing residual maxima i where the 

observed and predicted null responses are most different. 
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Because residuals can be significantly different from 

zero in limited and non-uniform regions of the dose 

combination space, a design which samples the combination 

space at only one or two doses stands the chance of missing 

the dose regions where the observed biological response 

differs significantly from the mathematically predicted null 

response. Since residuals can not be expected to be uniform 

across the entire dose combination space, sweeping conclusions 

about all possible combinations of two (or more) agents are 

inappropriate. A conservative interpreta"tion limits 

conclusions to only the specific dose combinations tested, or 

at least to the regions of the dose-response surface which 

have been well characterized. It is nonetheless common for 

investigators to assume that experimental design is not 

influential. This view can be stated as: 

Assumption 3: 

Determinations of toxic interaction are not 

dependent on the experimental design employed. 

If a specific test of assumption three is desired, one 

can simply attempt to evaluate the results depicted in Figure 

3.4 - a residual response surface - by finding the values of 

the residuals at different points in the combination space. 

Each different point represents a different 2x2 factorial 
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experimental design, and reaches a separate conclusion. For 

dose combinations in the region of the residual maximum, an 

interpretation of interaction is made, whereas dose 

combinations out on the flat plateau of the residual surface 

lead to a conclusion of no interaction. Whenever two given 

sampling points are not on the same residual contour line then 

the separate conclusions will also be different conclusions. 

This is true for any case where the residual surface is non

zero and non-uniform, or has non-zero first derivatives (any 

vector) with respect to dose. So 

conclusions drawn about interactions 

it is apparent that 

are dependent on the 

experimental design, and assumption three above can be 

rejected. Conclusions also depend on which model(s) of non

interaction are selected as a basis for comparison. 

Comparison of the observed data against several models of non

interaction tests the generality of the data interpretation. 

Evaluating the residuals described above can be done with any 

quantitative model of non-interaction. The method of 

residuals thus offers versatility of application, relative 

simplicity, and ease of· interpretation. In addition to 

statistical analysis, residuals from binary combinations can 

be graphed and interpreted more intuitively than many other 

approaches to interactive data analysis. This attribute alone 

may increase the use of some of the more recently developed 

mathematical models - which can be used with residuals - by 
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offering an alternate and possibly more simple means of data 

analysis. 

Utilizing residual maxima in optimizing experimental 

design requires that sufficient experimentation and analysis 

has been carried out to identify these maxima. As a starting 

point in a ray design experiment, the dose ranges for the 

individual toxicants can be selected to bracket the ECsos 

estimated in the preliminary (individual toxicant) 

experiments. The mixture space can be sampled at three 

concentrations of each of three ratios: 1:3, 1:1, 3:1 of the 

two xenobiotics being tested (Figure 3.3). If synergy has 

been reported in the literature, the mixture space should be 

sampled at toxicant exposure levels below those estimated to 

produce response saturation. This leaves room for supra-null 

responses to occur below response saturation, and in dose 

regions where responses to the individual toxicants have been 

characterized. The reciprocal relation applies for cases of 

reported antagonistic interaction. 
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Chapter Four 

MATHEMATICAL MODELING AND DATA ANALYSIS 

4.1 INTRODUCTION 

This chapter describes the mathematical models and data 

analysis techniques used in this study. It also describes a 

modular approach used to accommodate the interchange and 

revision of the experimental designs and biological and 

mathematical models in order to test the generality of the 

conclusions. 

The modeling approaches used to assess interactions of 

xenobiotics generally fall into two groups which could be 

categorized as models of interaction and models of non

interaction as described in chapter two. Both of these types 

of models have been used to analyze the data from this study. 

The essential distinguishing features of these types of models 

are briefly reviewed here. For a more comprehensive 

discussion of modeling toxic interactions, see chapter two. 

Models of interaction estimate an interaction parameter 

which is derived to represent the direction and degree of 

interaction once the model has been fit to the entire data 

set. The 95% confidence interval for the estimate of the 

interaction parameter is inspected for inclusion of specific 

bench mark values - typically zero or one - which are expected 

to represent no interaction or additivity. Interaction 
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parameter values significantly greater (or less than) than the 

selected null bench mark value are interpreted as indicating 

a supra-null interaction (or sub-null interaction). The value 

used as a bench mark of comparison depends on the mathematical 

model used and knowledge or assumptions about the nature of 

the putative interaction (Mehendale 1990, Steup, et al., 1991, 

Sipes et al., 1990, Pessayre et al. 1982, Klassen and Plaa 

1969, Borzelleca et al. 1990, Azri-Meehan et al. (1994), 

Klaassen et al. 1986). Interactive models may have up to 5 or 

7 parameters, and require computer programs (eg. Statistical 

Analysis System; SAS) which can fit non-linear equations for 

surfaces to the entire data set of the interactive experiment. 

Models of non-interaction predict the responses to 

mixtures expected if there is no interaction. These predicted 

responses to the mixtures comprise a (presumed) non

interactive dose-response surface which describes the 

responses which are expected if there were no statistically 

significant interaction (the null hypothesis). This "null 

surface II has n+1 dimensions where n is the number of 

individual toxicants in the mixture. For this study of binary 

mixtures, the non-interactive dose-response surface is 3-

dimensional and can be plotted. This surface corresponds to 

the surface obtained from an interactive model by setting the 

value of the interaction parameter equal to the bench mark 

value of zero (in this case) or one (for other models). These 
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non-interactive surfaces can serve as bench marks of non

interaction against which the observed responses to mixtures 

can be compared. Observed responses to mixtures which are 

significantly greater than the predicted non-interactive bench 

mark surface, are interpreted as supra-null, and observed 

responses significantly less than the bench mark surface as 

sub-null. Rather than plotting and evaluating two response 

surfaces for each experiment - the observed and null response 

surfaces the difference between these surfaces the 

residual surface - is plotted and evaluated. 

Data analysis techniques used in this study employing a 

model of non-interaction will be presented first, followed by 

a data analysis technique employing a model of interaction. 

The model of non-interaction selected is a modification of 

Chou and Talalay's median-effect principle, and the model of 

interaction used is the marginal logistic model of Emerson. 

4.2 DATA ANALYSIS BY COMPARISON TO A MODEL OF NON-INTERACTION 

First, the Hill equation (Equation 4.1) was fitted to 

each of the dose-response data sets from each of the 

individual toxicants (one at a time), then the numeric values 

estimated for the parameters (ECso ' Emax ' h) for the Hill 

equation were substituted into the null model (Equation 4.2) 

in order to calibrate it. A mathematicl model can be 

calibrated in much the same way as an analytical instument is 
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To calibrate an instrument, knobs (typically 

potentiometers or capacitors) are adjusted so that II known II 

(llstandard ll ) quantities - such as chemical concentrations, 

voltages, temperature, etc. produce appropriate 

corresponding instrument readings (estimated values). A 

calibrated instrument provides readings which reflect the 

value of the quantity being measured. Thus values can be 

estimated - sometimes very accurately - for previously unknown 

instances or values of the measured quantity. A mathematical 

model is calibrated in much the same way, with II known II or 

observed relationships replacing IIknown ll physical quantities 

(eg. chemical concentrations). Instead of adjusting knobs, a 

model is calibrated by adjusting parameter values during the 

model fitting process. This allows model inputs - such as 

doses - to be mapped to model outputs, such as estimated 

biological responses. This is analogous to using a calibrated 

instrument to map inputs (i. e. actual concentrations) to 

outputs - estimated values for the measured concentrations. 

The null model once calibrated, describes a theoretically 

non-interactive response surface for the specific toxicants 

and biological model used in the experiments. This null 

surface then serves as a basis of comparison - a benchmark -

against which the observed (measured) responses to the 

mixtures were evaluated. The difference between this null 

surface and the observed response surface were found at the 
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dose combinations used in the experimental design, by simply 

subtracting the null response values from the observed 

response values at each dose combination in the design. 

Where: 

Equation 4.1 The Hill equation is fit to data from each toxicant. 

Emax A h 
E(A)=---

AEC h + A h so 

E(A) = modeled Effect of compound A 

A = concentration of compound A 

Emax = maximal effect estimated by this model 

AECso = ECso estimated for compound A 

and h = a Hill exponent which allows fitting sigmoidal curves. 

The Hill equation was fit to the dose-response data from the 

individual toxicants (Tables 4.1, 4.2, Figure 4.1) by using a 

non-linear curve fitting program (MINSQ, Micromath, Salt Lake 

City, UT.). Most of the tables and figures in this chapter 

are taken from chapter five for the purpose of illustrating 

the analysis methods. Note that a variety of shapes are 

possible for different dose-response curves (eg. hyperbolic, 

sigmoidal, exponential, or compound curves) and the selected 

equation should fit the data well enough to provide a 

reasonable mathematical description of the dose-response 



TABLE 4.1, Sample data averaged from three experiments combining CC1 4 and TCE 

Individual toxicants Combined toxicants 

CC14 Effect SE TCE Effect SE CC14 TCE Effect SE 

(mM) (% -~K+) (mM) (% -~K+) (mM) (mM) (% -~K+) 

0 0 0 0 0 0 0 

0.13 37 2 0.86 23 1 0.19 1.3 71 3 

0.25 59 3 1.7 27 3 0.38 2.6 90 1 

0.51 72 2 3.4 79 3 0.76 5.1 92 1 

1.0 70 3 6.9 91 1 0.06 1.3 75 6 

2.0 88 1 13.7 92 <1 0.13 2.6 87 3 

0.25 5.1. 91 1 

0.19 0.43 68 3 

0.38 0.86 84 2 

0.76 1.7 92 1 

SE standard error 

-~ -
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Toxicant A B 

Emax 80.4 96 .9 
EC50 0.14 (roM) 2.12 (roM) 
h 1. 56 2.29 
r2 .990 .991 
MSC 2.09 2.65 

MSC = model selection criterion 

Hill equation parameter estimates and curve fit 
statistics for the responses to the individual 
toxicants A and B. 
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relations. See Calabrese (1991), Chou and Rideout (1991), 

Kodell and Pounds (1991), and Talarida and Murray (1981) for 

examples of equations for modeling dose-response curves. The 

Hill equation used here fits rectangular hyperbolae and 

sigmoidal curve families. Computerized non-linear curve 

fitting programs such as MINSQ are practically indispensable 

in the actual fitting process for non-linear relationships. 

The MINSQ software - a straightforward, menu driven program -

requires initial estimates of the equation parameters. For 

the Hill equation, rough initial estimates of Emal< and ECso can 

be made by inspecting the data, and a value of one can be used 

as an initial estimate of the Hill exponent (h). Positive and 

negative infinity can typically be accepted as upper and lower 

bounds on the parameter estimates for most of the lower order 

curves encountered in toxicology. 

How well the equation fit the data was assessed both by 

visual inspection and the goodness of fit statistics; r2 and 

MSC (model selection criterion). These statistics are easily 

generated by the non-linear curve fitting program MINSQ at a 

95% confidence level. 

4.2.1 Modified median-effect principle 

The model of non-interaction (Equation 4.2) used in this 

study was a slight modification of the mutually exclusive 

version of the median-effect principle (M.E.P). The M.E.P. is 

discussed in greater detail in chapter two. Equation 4.2 
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differs from the mutually exclusive version of the median-

effect principle by using separate Emax and Hill exponent 

estimates for each of the individual toxicants. This allows 

the edges of the non-interactive (null) dose-response surface 

to lie along the observed dose-response curves of each 

individual toxicant, and the null surface to connect these 

curves smoothly. No claim is made here that this modification 

of the median-effect equation is an accurate theoretically 

based model of xenobiotic interactions in general. Rather 

Equation 4.2 is treated as an empirical sm?othing function 

which connects two independently observed exposure-effect 

relationships while maintaining fidelity to each of them. 

Equation 4.2 modified median-effect equation predicts 

a non-interactive response surface for binary combinations. 

E(A,B) = 

Where: E(A,B) effects predicted for combinations of A and B under 

the assumption of no interaction. 

AECso and BECso = ECso values estimated for toxicants A and B. 
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A and B = 

4.2.2 Residual Analysis 
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maximum effects estimated for toxicants A and B. 

Hill type exponents estimated for toxicants A and B. 

concentrations of toxicants A and B. 

Analysis of the data was accomplished by comparing the 

predicted non-interactive (null) response surface1 to the 

actual responses observed for the specific combinations of 

toxicants (Table 4.1) which were designed and measured in the 

experiments. The information desired is the difference 

between observed and predicted null responses to the specific 

mixtures tested. This difference can be represented by 

subtracting the predicted null responses from the observed 

responses, leaving the residuals. This is illustrated by 

taking a vertical slice through an observed response surface, 

and a predicted null response surface (Figure 4.2). This 

residual approach is discussed in greater detail in chapter 2. 

Recall that if the predicted and observed responses are the 

same (indicating no interaction), the residuals will not be 

significantly different from zero. Residuals showing a 

systematic departure from zero indi,cate that the observed and 

predicted responses are not the same. Residuals with a 

systematic and significantly positive trend are interpreted as 

I described by a calibrated model of non-interaction. 
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supra-null, and likewise, those with a negative trend, as 

indicating a sub-null interaction. For binary combinations of 

xenobiotics, the residuals can be plotted in three dimensions 

- as trajectories for ray design experiments (Figure 4.3). 

Human visual inspection is a fairly sophisticated means of 

pattern recognition and aids in a qualitative assessment of if 

and how the residuals are systematically different from zero. 

The residual data set was obtained by subtracting the 

null responses predicted for specific dose combinations from 

the observed responses to the corresponding specific mixtures 

selected in the experimental design. The null responses were 

predicted by the model of non-interaction (Equation 4.2) after 

it was calibrated to the data. A computer spread-sheet 

program (SuperCalc, Computer Associates International Inc.) 

was used to generate a data set for the null responses by 

writing the calibrated equation for the null surface (eg. 

Equation 4.2) into a column of cells2 in the spread-sheet (say 

column E) (Table 4.3). 

Table 4.3 
Example of a computer spreadsheet for 

calculating null responses and residuals. 

Dose A Dose B Residual Observed 
Column: A B C D 

0 300 -2.8 87 
30 0 l.3 61 
7.5 56 37.4 80 

Null 
E 

89.8 
59.7 
42.6 

2 This column of equations can easily be updated for new 
experiments by using "absolute addresses II for the fitted 
parameters (ECsos etc.) in the spread-sheet equations. 
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The specific toxicant concentrations used in the actual 

exposures (individual toxicants and mixtures) were written 

into columns A and B. The actual responses observed for these 

specific concentrations and combinations were written into a 

fourth column (D). Column E values (the predicted null 

responses) were then subtracted from column D values (the 

observations) to give the residuals in column C. 

to statistical treatment, the residuals 

In addition 

and their 

corresponding concentrations (in columns A and B) were plotted 

as a surface or - for ray design experiments - as trajectories 

(curves in 3-D). A residuals = 0 plane was plotted in the 

same space to provide a visual reference for comparison 

(Figure 4.3). The data and the residuals = zero plane were 

plotted with "Graftool" software (3-D Visions Corporation, 

Torrance, CAl . 

As a result of the fact that finite inter-experimental 

variation is virtually inescapable in biology, residuals were 

calculated independently for each of the three or four 

replicate experiments. This ensures that the responses to 

mixtures are compared to responses to the individual toxicants 

from the same experiment. The averages of three sets of 

residuals obtained from three replicate experiments are 

plotted in the figures in chapter five. The residuals from 

these three replicate experiments were also compared to zero 

by a one-tailed t-test in both averaged and un-averaged form. 
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The residuals were significantly greater than zero (p < 0.01) 

in both cases. A one or two-tailed t-test was used to compare 

residuals to the bench mark value of zero. In cases where the 

original research question was "is the observed response 

supra-null or not ?", a one-tailed t-test was used to test the 

alternative hypothesis that the toxicants produce a toxic 

interaction. Otherwise, a two-tailed t-test was used to test 

the null hypothesis that no toxic interaction is indicated by 

the data. 

4.3 DATA ANALYSIS BY EMERSON'S MARGINAL LOGISTIC MODEL 

OF INTERACTION 

The marginal logistic model (M.L.M.) by Emerson (Equation 

4.3) was fit to the entire data sets of several of the 

toxicant combinations examined. The PROC NLIN non-linear 

function search algorithms in the statistical analysis system 

(SAS) was used to estimate the model parameters I and in 

particular, an interaction parameter (alpha) and it's 

confidence interval. Three parameter estimation algorithms 

were used; "Gauss-Newton" (analytic solution of second 

derivatives), "gradient" or "steepest descent" (a vector 

method) I and the "Marquadt" (a variation of Gauss-Newton) 

method. The M.L.M (marginal logistic model) model is similar 

to the median-effect equation in that the same basic 

parameters - ECsos, Emax , Hill-like exponents are estimated. 
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Important differences are that the M.L.M. is fitted to the 

entire data set while the M. E. P. is calibrated by Hill 

equation parameters estimated for each toxicant individually, 

and the M.L.M. estimates an interaction parameter while the 

M.E.P. does not. My experience with using the M.L.M. suggests 

that it tends to be considerably more stable with small data 

sets (eg. 20-30 observations; each in quadruplicate) than the 

universal response surface analysis (URSA) approach of Greco, 

and that it is not as easy to use as the M.E.P. as calibrated 

by the Hill equation. 

Equation 4.3 marginal logistic model 

Where: E(A,B) = the predicted effect for combinations of xenobiotics A and B. 

A, B = doses or concentrations of xenobiotics A and B. 

Eo = background effects. 

Emax = maximum effect predicted for the given data. 

A so, Bso = Concentration,s of A and B predicted to give 50% 

of the maximal effect (ECsos for A and B). 

hM hB = Hill type exponents allowing sigmoidal fits. 

a = an interaction parameter (discussed below). 
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This model was fit to the entire data set - individual and 

mixture responses - and all of the seven parameters estimated. 

The 95% confidence interval for the interaction parameter a 

was then inspected for sign (positive or negative) and 

inclusion of zero or 1. Some controversy exists on when to 

use a=O or a=l as an index of non-interaction. Positive 

intervals for a not including 0 or 1 are interpreted as supra

null, while intervals including 0 or 1 are interpreted as an 

acceptance of the null hypothesis of no interaction. Negative 

intervals for a which do not include 0 or 1 are in principle 

interpreted as sub-null. However, negative values of a may 

make this model unstable (a occurs in the denominator) and the 

model may fail to converge on unique parameter estimates. 

Since convergence on unique parameter estimates is also 

sensitive to the parameter search algorithm used. Three 

variations of gradient search algorithms were used to fit the 

M.L.M. to the data: Gauss-Newton, steepest descent, and 

Marquadt. Of these three, the steepest descent method failed 

to converge most often. The Gauss-Newton and Marquadt methods 

often converged and typically agreed very well wi th each 

other. Simplex based search algorithms have been suggested as 

being less inclined than gradient methods to get trapped in 

local minima although I have not tried such methods on these 

models. 
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The parameter search algorithms and models were tested 

with real and synthetic data sets. Synthetic data sets were 

generated by assigning realistic values to the parameters in 

the model, with a = 0, and generating a set of values for the 

dependent variable (effect) E (A, B) corresponding to 

reasonable ranges of the independent variables A, and B. 

Twenty data points were generated for each data set at the 

same sampling points in the toxicant combination space that 

were used to collect the real data. Noise was introduced into 

the synthetic data by letting Emax vary within a narrow range. 

The parameter values estimated by fitting the model of 

interaction to these synthetic data sets should be in close 

agreement with the values used to generate the synthetic data. 

In particular, the 95% confidence interval for a should 

include zero. These criteria were not always met. Using a 

greater number of data points and/or fitting a smaller number 

of parameters would increase the likelihood of converging on 

unique and reasonably accurate estimates of the model 

parameters. 

Fitting all seven parameters in the model simultaneously 

gave estimates for the toxicologic parameters Aso and Bso 

(parameters of the Hill equation) which were not in good 

agreement with the values estimated from fitting the 

individual toxicant dose-response curves. Recall that each 

set of Hill equation parameters represents only the dose-
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response relationship of an individual toxicant, and should 

not be influenced by the presence or absence of any potental 

interaction. since the model estimates for Aso and Bso are 

influenced by the mixture data, and the estimates from fitting 

the Hill equation to the individual dose-response data are 

not, the Hill equation estimates for the individual toxicants 

were considered more accurate than the model estimates. 

Fitting a seven parameter model to data from only 20 sampling 

points (n = 4 to 8 per point) may be a questionable activity 

to begin with. This problem combined with the superior 

estimates of the individual dose-response curve parameters 

(Aso ' Bso ' and h) obtained from the Hill equation fits to 

individual toxicant data, led to fixing these individual 

toxicant parameters at their Hill estimated values and then 

fitting the remainder of the interaction model to the entire 

data set. This approach led to estimates of a which were in 

agreement with the expected value of zero for the synthetic 

data sets, and were positive for the real data sets which had 

positive "residuals" by the method of residuals described 

below. This agreement with the expected outcomes for three 

synthetic data sets and with the results of the residual 

method applied to three real data sets, suggests that fitting 

these models of interaction while holding constant the 

individual dose-response curve shape parameters (estimated 

independently from the individual toxicant data) not only 
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preserves the accuracy of the toxicologically important ECso 

parameter, but also gives a more reliable estimate of the 

interaction parameter a. 

4.4 STATISTICS 

Student's t-test was used to determine if the residuals 

were either significantly greater than zero (a one-tailed 

test) or significantly different from zero (a two-tailed 

test) . The null hypothesis was always "no interaction is 

indicated by the data" and the alternative hypothesis was 

either "a supra-null interaction is indicated" or "an 

interaction is indicated". 

For the marginal logistic model the 95~ confidence 

interval for the interaction parameter can be inspected for 

inclusion of the selected bench mark value - either zero (for 

"mutually exclusive" type model) or one (mutually non

exclusive model). For this study, an argument can be made to 

use zero as a basis of comparison for the M.L.M. interaction 

parameter (a) since the mutually exclusive model of the 

median-effect principle (slightly modified) is used as the 

basis of comparison for the residuals (for reasons discussed 

in chapter two and in section 4.3). 

Both approaches - residuals or interaction parameter -

assume that the selected bench mark value represents an 

estimate of "true" non-interaction and that the errors are in 
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the residuals or the interaction parameters respectively. 

This is of course a simplification in that the accuracy of the 

bench mark representing non-interaction depends on the 

accuracy of the estimates of all the other parameters, and 

also on the validity of the assumptions under which the bench 

mark was derived and selected. 

4.5 THE MODULAR APPROACH 

Analysis of the same data by two methods; the method of 

residuals using Equation 4.2 as. a basis of comparison, and 

alternatively by the marginal logistic model of interaction, 

yielded the same interpretation for the CT + TCE combination. 

This use of different mathematical models to analyze the data 

exemplifies the utility of exchanging modular components. 

Arriving at the same interpretation using different modular 

components demonstrates a lack of dependence on the specific 

components selected and provides supporting evidence for the 

existence of a real biological phenomenon. Thus, findings of 

supra-null interaction for CT and TCE for different biological 

systems, toxic end-points, experimental designs, and methods 

of data analysis is a strong indication that a real biological 

phenomenon is being observed, and is not just a consequence of 

the particular components3 selected for a study. 

3 (biological system, experimental end-point, 
experimental design, data analysis technique) 



Chapter Five 

EXAMINING PRECISION-CUT RAT LIVER SLICE CULTURE 

FOR THE ABILITY TO EXHIBIT TOXIC INTERACTIONS 
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This chapter describes the measurement and analysis of 

the biological responses to binary combinations of toxicants 

in a manner intended to test the general hypothesis that liver 

slice culture is suitable for the study of hepatotoxic 

interactions. This general hypothesis is broken down into 

several specific hypotheses; each adding support to the 

validation of the use of liver slice culture for this purpose. 

The experimental design, and method of data analysis are also 

tested for intrinsic bias, and the generality of the 

conclusions respectively. 

5.1 METHODS OF DATA COLLECTION AND ANALYSIS 

5.1.1 Chemicals 

Carbon tetrachloride (CC1 4 ) (HPLC grade) , 

bromotrichloromethane (BrCC13), chloroform (HCC1 3 ), and 

trichloroethylene (TCE) (all spectrophotometric grade), were 

obtained from Aldr.ich chemical company (Milwaukee, WI). 

Concent~ations in the medium were determined by gas 

chromatography (Hewlet-Packard 5890 gas chromatograph, 2m SE30 

Ni column and electron capture detection) and by Henry's law 

calculations (Mackay and Shiu 1981, Betterton 1992). Note 



159 

that even the analytical chemistry literature does not offer 

unique values for solubility and partition coefficients for a 

given compound and a given set of conditions (Mackay and Shiu 

1981). Hence, the exposures reported here are best reproduced 

by precisely replicating the experimental conditions and the 

volumes of liquid phase toxicant injected into the one liter 

air space of the culture bottles. Exposure values can be 

inter-converted between the neat liquid volumes injected into 

1.0 liter bottles, and the estimates of media concentrations 

described above via the following ratios: 8.46 ~M/ ~l CC14/L, 

23.0 ~M/ ~l TCE/L, 18.3 ~M/ ~l HCC1 3 /L, 14.0 ~M/ ~l BrCC1 3 /L. 

5.1. 2 Animals 

Male Sprague-Dawley rats 150-200 g (Harlan Sprague

Dawley, Indianapolis, IN) were housed on autoclaved hardwood 

shavings in plastic cages at 23° C, and a 12 hr light / 12 hr 

dark cycle. Tap water and Teklad 4% mouse/rat diet #7001 

(Harlan Teklad, Madison, WI) were given ad libitum. Rats were 

allowed to recover from shipping for seven days or more prior 

to experiments. Rats were rendered unconscious with CO2 and 

were then cervically dislocated. Livers were excised 

immediately and chilled on ice in Kreb's / HEPES buffer pH 

7.5. 

5.1.3 Preparation of Liver Slices 

Eight mm cylindrical cores were produced by gently 

advancing a wet sharpened stainless steel tube (8 mm inside 
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diameter) into the liver tissue while the tube was rotated at 

120 rpm by a handheld electric screw driver. Precision cut 

liver slices (220-280 ~m x 8 mm diameter) were obtained by the 

method of Smith et al. (1989) in cold Kreb's / HEPES buffer, 

pH 7.5 with 87 mg/l of gentamicin using a Krumdieck tissue 

slicer (Alabama Research and Development Corporation, Munford, 

Alabama) . Slices were kept cold in slicing medium on ice 

until slicing was completed and pre-incubation begun. 

5.1.4 Shared Exposure Confined Atmosphere Culture System 

Liver slices were pre-incubated at 37° C in 150 ml HEPES 

buffered Waymouth's medium pH 7.5 with 87 mg/l gentamicin for 

2 hr in a 500 ml culture flask in a waterbath orbital shaker 

table. The shaker table speed was adjusted to the minimum 

that would keep the slices in suspension. Oxygen was bubbled 

slowly through a distilled water bubbler (to warm and moisten 

it) and into the 500 ml culture flask for the entire 2 hr pre

incubation. Slices were then gently washed five times in 

fresh cold Waymouth's medium and floated onto 45x45 mesh 

polypropylene screen loops (two slices per screen) so that the 

slices lay flat on the screens (Figure 5.1). The pre

incubation allows cellular potassium levels to recover from 

the insult of a lack of perfusion or perifusion while slices 

were being prepared. The pre-incubation with gentle agitation 

also allows dilution of any proteases liberated by the slicing 

process, and sloughing off of damaged cells and cell 
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FIGURE 5.1 
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Slices cultured on polypropylene screens in 
20 ml borosilicate scintillation vials. 
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fragments. The pre-incubation medium gradually becomes turbid 

during the two hour pre-incubation. After the slices are 

gently washed and placed in fresh medium, the medium remains 

clear for the entire nine hour incubation period. 

The polypropylene screen loops with the slices in them 

were then blotted to improve adherence of the slices, and then 

inserted into the necks of 20 ml scintillation vials. Vials 

were capped with teflon lined silicone rubber septa, each with 

a 6 mm hole in the center to allow the volatilized toxicants 

access to the tissue. Each 20 ml vial contained two liver 

slices and 2.5 ml of fresh Waymouth's medium. Vials were 

loaded into 1 I amber glass bottles (two vials per bottle) all 

in a horizontal position (Figure 5.2). The liver slices were 

intoxicated by injecting CCl4 and TCE through an aluminum tape 

covered hole onto an 8 mm cotton ball which was fixed to the 

inside of the aluminum lined cap of each 1 I amber bottle. 

The injection hole was immediately sealed by another strip of 

aluminum lined tape. CCl4 and TCE were administered alone or 

in combination in a ray design dose schedule (Figure 5.3). 

Slices were incubated for 9 hr at 37°C on a roller table 

converted into an incubator with a vial rotation rate of 3.5 

rpm (Figure 5.4). 
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FIGURE 5.3 Dose combinations of CC1 4 and TCE 
in a simplex/ray experimental design. 
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Roller Table / Incubator 

Culture vials in one liter bottles in a roller 
table converted into an incubator. 
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5.1.5 Data Collection 

Viabili ty Assay: The toxic endpoint measured was a 

surrogate of the ability of liver cells to maintain their 

normal potassium gradients, a sensitive measure of 

cytotoxicity (Baur et al., 1975, Grisham, 1979). Potassium 

levels in slices were measured and compared to untreated 

control slices. Slice potassium content was measured by 

placing slices in 1 ml of water and sonicating until tissue 

was fully disrupted. This was followed by precipitating 

proteins with 25 ~l 60% perchloric acid and centrifugation. 

Potassium ion concentration was measured in the supernatant by 

flame photometry. The pellets were assayed for protein using 

the Pierce (Rockford, IL) BCA protein assay. These protein 

values were found to be insensitive to even severe 

intoxication and were used to normalize potassium values for 

variations in slice mass (Smith et al., 1989). 

5.1.6 Preliminary Dose-Time-Response Experiments 

Preliminary experiments for each of the 

toxicants were done to determining the dose 

individual 

ranges and 

durations of exposure and incubation which produce measurable 

changes in the endpoint(s) examined. The preliminary 

experiment (s) aim to characterize the shapes of the dose

response (exposure-effect) curves for each individual toxicant 

at several time-points. The target range of responses to be 

characterized was from non-response to near response 
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saturation, at several time-points (Figure 5.5). A nine hour 

time-point was selected since the dose-response relationships 

of the toxicants were well developed by this time. The ECso 

values for these toxicants in this particular experimental 

system and time-point were estimated and used to design the 

interaction experiment. This allows responses to mixtures to 

be evaluated in terms of the responses observed for the 

individual toxicants. 

5.1.7 Data Reduction and Analysis 

Data in ~mol K+/mg protein were transformed to 6% K+ as: 

6%K+ 100(control-treated)/control. The Hill equation 

(equation 4.1) was used to describe the exposure - effect 

curves of the individual toxicants and was fit to the data 

using "MINSQ" software (Micromath, Salt Lake City, UT.). 

Toxicant concentrations are transformed to multiples of ECso 

for the mixtures in order to provide a clearer picture of the 

dose ranges giving rise to interactions. The Hill equation 

was fit to the exposure-effect data for individual toxicants 

(Table 5.1) and the fitted equation plotted with the data for 

each individual toxicant (Figure 5.6). The parameters thus 

estimated (Table 5.2) were used to calibrate the null model of 

non-interaction (equation 4.2) as described above in chapter 

four, section three. 
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TABLE 5.1, Data averaged from three experiments combining CC14 and TCE 

Individual toxicants Combined toxicants 

CC1 4 Effect BE TCE Effect BE CC14 TCE Effect BE 

(mM) (% -l!.K+) (mM) (% -l!.K+) (mM) (mM) (% -l!.K+) 

0 0 0 0 0 0 0 

0.13 37 2 0.86 23 1 0.19 1.3 71 3 

0.25 59 3 1.7 27 3 0.38 2.6 90 1 

0.51 72 2 3.4 79 3 0.76 5.1 92 1 

1.0 70 3 6.9 91 1 0.06 1.3 75 6 

2.0 88 1 13.7 92 <1 0.13 2.6 87 3 

0.25 5.1 91 1 

0.19 0.43 68 3 

0.38 0.86 84 2 

0.76 1.7 92 1 

BE standard error 

-0'1 
\0 
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TABLE 5.2, 
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CCl4 TCE 

Emax 80.4 96.9 

EC50 0.14 (mM) 2.12 (mM) 

h 1. 56 2.29 
r2 .990 .991 

MSC 2.09 2.65 

MSC model selection criterion 

Hill equation parameter estimates and curve fit 
statistics for the responses to the individual 
toxicants CCl4 and TCE 
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The residuals - the differences between observed and 

predicted null effects - were plotted along with a residuals 

= 0 plane grid (horizontal) to help visualize if the residuals 

were different from zero (Figure 5.7). Each of the twenty 

points plotted represents twelve separate measurements of the 

ratios of nmol K+/mg protein - three experiments, three rats, 

with each of the twenty sampling points sampled in 

quadruplicate (minimum). 

The residuals were analyzed as a group for both 

individual experiments and the average of the experiments. In 

either case, the residuals were significantly greater than 

zero (p < 0.01) by a one-tailed t-test. This indicates a 

supra-null interaction. Testing residuals as groups is 

conservative, since near-zero individual residuals (from 

individual sampling points) will pull down the group average. 

5.2 HYPOTHESIS 1 

Rat liver slice culture (RLSC) can exhibit 

hepatotoxic interactions which have been observed 

in vivo. 

This hypothesis is motivated both by the need for 

evidence either supporting or refuting the ability of RLSC to 

exhibit toxic interactions observed in vivo, and by the 

observation that literature reports of hepatotoxic 
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interactions of organohalides are not uniform in the strength 

of their supporting data, and are based on experimental 

designs and data analysis methods of varying rigor (chapter 

four) . Thus the ability of RLSC to mirror the toxic 

interactions observed in vivo is not a foregone conclusion 

based on the evidence presented in the literature. Reports of 

toxic interaction for one binary combination - chloroform and 

carbon tetrachloride are even contradictory, with some 

investigators reporting no interaction (Ikatsu and Nakajima 

1992), and other investigators reporting synergistic or supra

additive interactions in vivo (Pessayre et al. 1982, Harris et 

al. 1982, Borzellica et al. 1990, Steup et al. 1991). 

In order to determine whether or not precision-cut liver 

slice culture is a suitable in vi tro system for examining 

hepatotoxic interactions, it to necessary to discover if 

hepatotoxic interactions observed in vivo with strong 

supporting evidence (Pessayre et al. 1982, Steup et al. 1991) 

are recapitulated in this in vitro system. 

5.3 POSITIVE CONTROL: RESPONSE TO CARBON TETRACHLORIDE 

COMBINED WITH TRICHLOROETHYLENE. 

Since strong evidence has been reported by independent 

investigators that these two compounds in combination have 

been shown to produce hepatotoxicity in vivo which is of 

sufficient magnitude as to make difficult an explanation not 
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including toxic interaction (Pessayre et al. 1982, Steup et 

al. 1991), and no clear contradictory evidence is offered, 

these compounds can serve as a positive control to test liver 

slice culture for the ability to exhibit hepatotoxic 

interactions. Thus, a rigorous examination of the responses 

of precision-cut rat liver slice culture (RLSC) to carefully 

selected combinations of carbon tetrachloride (CCI 4 ) and 

trichloroethylene (TCE) permits a reasonable test of 

hypothesis one (above). The methods used in testing this 

hypothesis are detailed above in section 5.1, and discussed in 

a more encompassing scope in chapters two, three, and four. 

The results of this set of experiments were used to 

illustrate the methods used and are shown in Figures 5.5, 5.6, 

5.7, and Tables 5.1, and 5.2 in section 5.1 above. The 

responses to the individual toxicants are shown in Figure 5.6 

(above), and the residuals for the combinations of CCl4 and 

TCE (dashed lines, Figure 5.7, below) would be near zero at 

all dose levels and combinations if the observed effects were 

similar to the non-interactive effects predicted by the null 

model. The residuals for the mixtures were all nominally 

above the zero plane and above the variation seen in the 

residuals for the individual toxicants (solid lines). The 

residuals were significantly greater than zero (p < 0.01) by 

a one-tailed t-test. This indicates a supra-null interaction 

between CCl4 and TCE in RLSC (rat liver slice culture) . 



175 

I-o-CCI4 + TCE 
40r-r--r-~~~~~-r--:-r-r40 

; ~ ~ ~ : 

30 ....... ..l l .... L ..... ~ ..... L ... ; ................ i .......... t ........ /....... t .... 1 .. 30 

FIGURE 5.7 Residual trajectories for carbon tetrachloride 
(CC1 4 ) and trichloroethylene (TCE) in liver 
slice culture. 



5.3.1 Alternative Analysis of the Data: the Marginal 

Logistic Model 
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Data from the same CCl4 + TCE in vitro experiments were 

also analyzed by another mathematical model i the marginal 

logistic model of Emerson (equation 4.3). The ninety five 

percent confidence interval for alpha (a = 19.8 +/- 13.5) was 

positive and did not include zero or one. This indicates a 

supra-null interaction. The same interpretations are obtained 

for the data from all the RLSC experiments reported here (and 

below) when those data are analyzed by two separate methods: 

the method of residuals using the modified median-effect 

equation, and Emerson's marginal logistic model of 

interaction. This demonstrates that the conclusions drawn for 

the RLSC experiments in this study are not unique to one 

method of data analysis. This provides further support for 

these conclusions. 

5.3.2 Comparison with the In Vivo Results of Steup et al. 

Steup et al. (1991) examined the interaction of CCl 4 and 

TCE in Sprague-Dawley rats using a factorial design experiment 

and serum ALT levels as a toxic endpoint. The data from this 

in vivo experiment was analyzed here by the same method used 

above for the data from the rat liver slice experiments. The 

residuals for. the in vivo data of Steup et al. are shown in 

Figure 5.8. The residuals were greater than zero (p<O.Ol) and 

were interpreted as indicating a supra-null interaction. 
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These findings combined with the findings of Pessayre et al. 

(1982), Charbonneau et al. (1986), Borzellica et al. 91990) 

support the acceptance of hypothesis one; rat liver slice 

culture (RLSC) can exhibit hepatotoxic interactions which have 

been observed in vivo. 

Based on the results of section 5.3 (analyzed by two 

methods), the literature reports of in vivo interaction for 

these toxicants, and the re-analysis of the data of Steup et 

al. (1991), hypothesis one: 'Rat liver slice culture (RLSC) 

can exhibit hepatotoxic interactions which have been observed 

in vivo' is accepted. 

5.4 HYPOTHESIS 2 

Rat liver slice culture and the means used to 

assess toxic interaction do not exhibit an 

intrinsic bias towards either sub-null (i.e. 

antagonistic) or supra-null (i.e. synergistic) 

interactions when challenged with a sham 

interaction. 

This hypothesis is motivated by the ability of the most 

frequently used model of non-interaction (response addition) 

to reject the null hypothesis of no interaction in the case of 

the sham interaction - a compound lIinteracting ll with itself -

(chapter 2). This hypothesis is further motivated by the 
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possibility that an altered biological system may be more 

susceptible to toxic interaction than the parent tissue. A 

finding of interaction where none exists suggests a bias 

inherent in the method of assessing the interaction. 

Determining whether or not an interaction is indicated by the 

data where none is expected serves as a negative control. 

5.5 NEGATIVE CONTROL: THE CARBON TETRACHLORIDE + CARBON 

TETRACHLORIDE SHAM INTERACTION --..... 

Hypothesis two can be tested by challenging RLSC and the 

methods of assessing toxic interaction used in this study with 

a sham interaction. A sham interaction experiment - carbon 

tetrachloride combined with itself - was run in three separate 

experiments using the experimental design and data analysis 

methods described above (sections 5.1, 5.2) in order to test 

whether or not the null hypothesis of no interaction would be 

interpreted. 

The analysis of this sham interaction experiment (by the 

method of residuals described above) resulted in residuals 

which were not different from zero by a two-tailed t-test (p 

< 0.01) (Figure 5.9). The acceptance of the null hypothesis 

of no interaction, leads in turn to an acceptance of 

hypothesis two above. In short, no intrinsic bias in this in 

vitro model or this method of assessing toxic interactions was 

indicated by these data. 
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5.6 HYPOTHESIS 3 

Structure-activity based predictions of toxic 

interaction are observed in RLSC. 
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This hypothesis is motivated by the need for a candidate 

in vitro model of toxic interaction to be able to exhibit 

toxic interactions expected based on structure-activity 

relationships (SAR). 

5.7 TESTING STRUCTURE-ACTIVITY RELATIONS: RESPONSE TO 

BROMOTRICHLOROMETHANE COMBINED WITH TRICHLOROETHYLENE 

Bromotrichloromethane - a structural analog of carbon 

tetrachloride - is expected to behave in a similar fashion to 

carbon tetrachloride in producing hepatotoxicity. This SAR 

(structure-activity relationship) based prediction could 

reasonably be expected to be extended to the interaction of 

each of these two analogs with another compound; TCE, however, 

not all reasonable expectations are borne out by experiment. 

The methyl carbon-bromine bond (-70 kcal/mole) is weaker than 

the methyl carbon-chlorine bond (-84 kcal/mole), making 

bromine a better leaving group than chlorine (Morrison and 

Boyd 1973). The electron withdrawal from these bonds by the 

trichloromethyl moiety compared to the methyl moiety weakens 
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both of the carbon-halogen bonds under consideration. The 

greater electronegativity of chlorine over bromine combined 

with the asymmetry of bromotrichloromethane further weakens 

the carbon-bromine bond making the bromine an even better 

leaving group. This corresponds well with the greater 

hepatotoxicity of bromotrichloromethane (Sipes et al. 1977, 

Glende and Recknagle 1992). The homolytic cleavage of either 

of these bonds results in a trichloromethyl radical; a highly 

reactive species. The trichloromethyl radical (CCI)") has had 

a number of mechanisms proposed as contributing to its 

toxicity: initiation of peroxidation of the polyunsaturated 

fatty acid moieties in the lipid bilayers of cellular 

membranes (Sipes et al. 1977, Andrews and Snyder 1986), 

crosslinking of unsaturated fatty acids and binding of CCI)" 

to macromolecules (Berger et al. 1986), depletion of cellular 

non-protein thiols (Pasco et al. 1987), perturbation of 

calcium homeostasis (Albano et al. 1985), and even activation 

of phospholipase A2 (Glende and Recknagle 1992). Other 

studies have shown that lipid peroxidation is not a requisite 

for CCl4 induced cytotoxicity (Stacey and Klaasen 1981), and 

that inhibition of lipid peroxidation did not attenuate the 

"" toxicity of CCl4 combined with TCE as measured by cell 

integrity indicators (K+ or ALT or LDH leakage) (Kefalas and 

Stacey 1989). Trichloroethylene has an even wider range of 

putative toxic mechanisms than CCI)", including - but not 
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limited to - metabolism via cytochrome P-450 to a reactive 

epoxide (Reynolds and Molsen 1977). The epoxide intermediate 

can disrupt normal biological function by depleting cellular 

glutathione and/or covalently binding to chromatin - possibly 

leading to tumorigenesis or teratogenesis and other 

functional and/or structural proteins or lipids - possibly 

leading to cytotoxicity. The epoxide intermediate can also 

rearrange to trichloroacetaldehyde which can also bind 

proteins or undergo oxidation to trichloroacetic acid, 

hydration to chloral hydrate, or reduction to 1,1,1-

trichloroethanol; all potentially able to influence the 

metabolism, fate and toxicity of another parent xenobiotic. 

Since the mechanisms by which CCl4 and TCE act and 

interact have a number of plausible possibilities and not yet 

been fully elucidated, the effect of a brominated analog of 

CCl4 on this interaction, while expected to reflect that of 

CCI4 , can not be predicted with certainty. 

The objectives of this section are to provide further 

data to support the use of precision-cut rat liver slices for 

the study of hepatotoxic interactions, and to provide evidence 

supporting structure-activity based predictions of toxic 

interaction in this in vitro system. 

After preliminary experiments, bromotrichloromethane and 

TCE were combined in a simplex/ray design experiment, and the 
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data analyzed as described above in sections 5.1, and in 

chapters two, three, and four. 

Results: The Hill equation was fit to the exposure -

effect data for individual toxicants (Table 5.3) and the 

fitted equation plotted with the data for each individual 

toxicant (Figure 5.10). The parameters estimated for the fit 

(Table 5.4) were used to calibrate the null model of non

interaction (equation 4.2). The residuals were calculated, 

plotted, and compared to zero by a one-tailed t-test (Figure 

5.11). The marginal logistic model of Emerson was fit to the 

data, and the ninety five percent confidence interval for 



TABLE 5.3, Data averaged from three experiments combining BrCCl 3 and TCE 

Individual toxicants Combined toxicants 

BrCCl 3 Effect BE TCE Effect BE BrCCl3 TCE Effect BE 

(mM) (% -LlK+) (mM) (% -LlK+) (mM) (mM) (% -LlK+) 

0 0 0 0 0 0 0 

0.13 37 2 0.86 23 1 0.19 1.3 71 3 

0.25 59 3 1.7 27 3 0.38 2.6 90 1 

0.51 72 2 3.4 79 3 0.76 5.1 92 1 

1.0 70 3 6.9 91 1 0.06 1.3 75 6 

2.0 88 1 13.7 92 <1 0.13 2.6 87 3 

0.25 5.1 91 1 

0.19 0.43 68 3 

0.38 0.86 84 2 

0.76 1.7 92 1 

BE standard error 

-00 
VI 
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TABLE 5.4, 

187 

BrCCl 3 TCE 

Emax 80.4 96.9 

EC50 0.14 (mM) 2.12 (mM) 

h 1. 56 2.29 

r2 .990 .991 

MSC 2.09 2.65 

Parameter estimates and curve fit statistics 
for individual toxicants 
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alpha - the interaction parameter - was estimated as described 

above in chapter four. 

The residuals for BrCC13 combined with TCE (figure 5.11) 

were significantly greater than zero by a one-tailed t-test 

(p < 0.001). The ninety five percent confidence interval for 

alpha - the marginal logistic model interaction parameter -

was positive (a = 31.6 +/- 21.1), and) did not include zero or 

one; the benchmarks of non-interaction. 

These data support an interpretation of a supra-null 

toxic interaction between bromotrichloromethane and 

trichloroethylene in uninduced Sprague-Dawley rat liver slice 

culture, using loss of cellular potassium as the toxic 

endpoint. These results are consistent with structure

activity based predictions of toxic interaction, and the 

results observed in vivo for the combination of CC1 4 and TCE 

(Pessayre et al. 1982, Borzellica et al. 1990, Steup et al. 

1991), and taken together with the in vivo results cited, 

provide supporting evidence for structure-activity based 

predictions of toxic interaction, and support for the 

validation of this in vitro system for investigating 

hepatotoxic interactions. 



5.8 HYPOTHESIS 4 

Toxic interactions in RLSC are not limited to the 

interaction of trichloroethylene or its structural 

analogs with fully halogenated methane derivatives. 
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Motivation: The clearly dose dependent hepatotoxic 

interactions demonstrated thus far in rat liver slice culture 

(RLSC) have included trichloroethylene (TCE) as one of the 

components of the mixture. To increase confidence that toxic 

interactions in RLSC are not limited to combinations including 

TCE or its structural analogs, it is necessary to demonstrate 

toxic interaction for a pair of toxicants not including TCE or 

its structural analogs. 

5.9 TESTING FOR INTERACTIONS BETWEEN HALOMETHANES: RESPONSE 

TO BROMOTRICHLOROMETr~E COMBINED WITH CHLOROFORM 

Since chloroform (HCC1 3 ) is metabolized to phosgene 

(COC12 ) and represents a separate mechanism of toxicity from 

TCE (Harris et al. 1982, Ruch et al. 1986, Sipes et al. 1977, 

Reynolds and Molsen 1977), and since Azri-Meehan et al. (1994) 

gave strong evidence for time dependent toxic interaction 

between bromotrichloromethane (BrCC1 3 ) and HCC1 3 , these two 

toxicants were selected for testing hypothesis four. A 

finding of dose-dependent hepatotoxic interaction made with an 

independent experimental design and data analysis technique, 
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would corroborate the time-dependent interaction findings of 

Azri-Meehan et al. and provide strong evidence supporting an 

acceptance of hypothesis four. 

The objectives of this set of experiments are to test 

hypothesis four, and in so doing, determine whether or not the 

use of precision-cut rat liver slices for investigating 

hepatotoxic interactions is further supported by these new 

data and not limited to the interactions with TeE already 

reported. 

Precision-cut rat liver slices were exposed to specific 

binary combinations of toxicants (Table 5.5) then the toxic 

responses were measured and compared to a theoretical set of 

responses which model the null response of no toxic 

interaction as described above in section 5.1 and chapters 

two, three, and four. 

Resul ts: The Hill equation was fit to the exposure

effect data for individual toxicants (Table 5.5) and the 

fitted equation plotted with the data for each individual 

toxicant (Figure 5.12). The parameters estimated for the fit 

(Table 5.6) were used to calibrate the null model of non

interaction (equation 4.2). The residuals were calculated, 

plotted, and compared to zero by a one-tailed t-test for each 

of the three replicate experiments (Figure 5.13). 



TABLE 5.5, Data averaged from three experiments combining BrCCl3 and HCCl3 

BrCCl 3 

(mM) 

0 

0.13 

0.25 

0.51 

1.0 

2.0 

Individual toxicants 

Effect SE 

(% -L!.K+) 

0 

37 2 

59 3 

72 2 

70 3 

88 1 

HCCl 3 

(mM) 

0 

0.86 

1.7 

3.4 

6.9 

13.7 

SE standard error 

Effect SE 

(% -L!.K+) 

0 

23 1 

27 3 

79 3 

91 1 

92 <1 

Combined toxicants 

BrCCl 3 

(mM) 

0 

0.19 

0.38 

0.76 

0.06 

0.13 

0.25 

0.19 

0.38 

0.76 

HCCl 3 

(mM) 

0 

1.3 

2.6 

5.1 

1.3 

2.6 

5.1 

0.43 

0.86 

1.7 

Effect SE 

(% -L!.K+) 

0 

71 3 

90 1 

92 1 

75 6 

87 3 

91 1 

68 3 

84 2 

92 1 

\0 
N 
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BrCC1 3 HCC1 3 

Emax 80.4 96.9 

ECso 0.14 (roM) 2.12 (roM) 

h 1.56 2.29 
r2 0.990 0.991 

MSC 2.09 2.65 

Parameter estimates and curve fit statistics 

for individual toxicants 
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The marginal logistic model of Emerson was fit to the data, 

and the ninety five percent confidence interval for alpha -

the interaction parameter - was estimated as described above 

in chapter four. 

A residuals = 0 plane grid (horizontal) was plotted to 

help visualize if the mixture residuals are different from 

zero. The residuals for the combinations of BrCCl 3 and HCCl 3 

(dashed lines) would be near zero at all dose levels if the 

observed effects were similar to the non-interactive effects 

predicted by the null model. The hypothesis that combinations 

of BrCCl 3 and HCCl 3 produce a supra-null interactive 

hepatotoxicity in this experimental system was tested by 

determining if the residuals were significantly greater than 

zero. The residuals for the mixtures were all above the zero 

plane and above the variation seen in the residuals for the 

individual toxicants (solid lines) as assessed by visual 

inspection. The residuals were significantly greater than 

zero (p < 0.01) by a one-tailed t-test. The data from these 

experiments were also analyzed by the marginal logistic model 

of Emerson (equation 4.3). The ninety five percent confidence 

interval for the marginal logistic model interaction parameter 

(alpha) was positive (a = 19.9 +/- 14.4), and did not include 

zero or one; the benchmarks of non-interaction. 

These data support an interpretation of a supra-nUll 

toxic interaction between bromotrichloromethane and chloroform 



in uninduced Sprague-Dawley rat liver slice culture, 

loss of cellular potassium as the toxic endpoint. 

results corroborate evidence from Azri-Meehan et al. 
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using 

These 

(1994) 

who found a supra-null interaction between chloroform and 

bromotrichloromethane in precision-cut rat liver slices using 

intracellular potassium and intracellular enzyme leakage as 

toxic endpoints. The work of Azri-Meehan et al. (1994) used 

different experimental design and data analysis techniques 

than those used in this study, and used exposure/incubation 

time rather than exposure concentration as the independent 

variable against which response was related. That these two 

different approaches arrived at very similar conclusions -

dose-dependent (this work), and time-dependent (Azri-Meehan et 

al.) supra-null interactions - argues for the generality and 

validity of these interpretations of RLSC responding with 

supra-null interactions to combination{s) of 

bromotrichloromethane and chloroform. 

5.10 SUMMARY 

The following pairs of toxicants were found to interact 

in a supra-null dose-dependent fashion in rat liver slice 

culture for a tissue potassium loss endpoint when analyzed by 

the method of residuals and the marginal logistic model as 

described above: 

trichloroethylene, 

carbon tetrachloride 

bromotrichloromethane 

combined 

combined 

with 

with 



trichloroethylene, bromotrichloromethane combined 
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with 

chloroform. The interaction of carbon tetrachloride combined 

with trichloroethylene in RLSC mirrored the in vivo results of 

Steup et al. (1991) as analyzed by the method of residuals 

used here. The sham interaction carbon tetrachloride 

combined wi th carbon tetrachloride - did not produce responses 

deviating from those expected for the null hypothesis of no 

interaction. The results of these different analyses of these 

experiments are given below in Table 5.7. 
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MEP residuals (r) Marginal Logistic Model 

t-test (p<O.Ol) Ci. 95% c.L 

Combination 

CC14 + TCE r > 0 19.8 +/- 13.5 

BrCC1 3 + TCE r > 0 31. 6 +/- 21.1 

CC14 + CC14 r - 0 -1.1 +/- 5.45 

HCC1 3 + BrCC1 3 r > 0 19.9 +/- 14.4 

TABLE 5.7, Summary of interpretations of toxic interaction 
data observed in rat liver slice culture 



Chapter Six 

INTERACTIVE RESPONSE DIFFERENCES BETWEEN 

SPRAGUE-DAWLEY AND FISHER-344 RATS 

6.1 BACKGROUND AND HYPOTHESIS 5 
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The work of Gunawardhana et al. (1990) showed a distinct 

difference in the sensitivity of male Sprague-Dawley (SD) rats 

and male Fisher-344 (F-344) rats to both individual and 

combined isomers of dichlorobenzene, with the F-344 strain 

exhibiting substantially greater sensitivity. In particular, 

the toxic interaction between these chemicals was shown tO,be 

more dramatic in the F-344 rat. Additionally, reports of 

greater sensitivity of F-344 rats to the individual and 

combined toxicants carbon tetrachloride (CT) and 

trichloroethylene (TCE) have been made (Steup et al. 1991). 

These lines of evidence suggested that similar differences 

might be observed in the responses of the cultured liver 

slices from these two strains of rat to CT and TCE as 

individual and combined toxicants. This led to the following 

hypothesis. 

Hypothesis 5: The sensitivity of RLSC (rat liver slice 

culture) to individual and combined toxicants 

is itself sensitive to the strain of rat from 

which the liver is taken. 
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6.2 STRAIN DIFFERENCES IN RESPONSES TO INDIVIDUAL TOXICANTS 

This hypothesis was tested by assessing the toxicities of 

the two compounds (CT and TCE) alone and in combination in SD 

and F-344 rats. The responses to these compounds alone and in 

combination have already been evaluated in SD rat liver 

slices (chapter 5). After preliminary experiments were run to 

determine appropriate dose ranges for these compounds in the 

F-344 rat liver slices, interactive experiments were designed 

and run. The experimental design and analysis of the data 

used here were the same as those used and detailed above in 

chapter five. 

6.2.1 Animals 

Male Fisher-344 rats 150-200 g (Charles Ri ver , 

Wilmington, MA) were housed on autoclaved hardwood shavings in 

plastic cages at 23° C, and a 12 hr light / 12 hr dark cycle. 

Tap water and Teklad 4% mouse/rat diet #7001 (Harlan Teklad, 

Madison, WI) were given ad libitum. Rats were allowed to 

recover from shipping for seven days or more prior to 

experiments. Rats were rendered unconscious with CO2 and were 

then cervically dislocated. Livers were excised immediately 

and chilled on ice in Kreb's / HE PES buffer pH 7.5. 



6.2.2 CHEMICALS, PREPARATION OF SLICES, INCUBATION, AND 

DATA COLLECTION 

202 

Chemicals, preparation of slices, incubation, and data 

collection were the same as was described in chapter five, 

section one above. 

Results: The F-344 rat liver slice responses to the 

individual toxicants are shown in Figure 6.1, along with the 

SD rat liver slice responses to the same toxicants. 

6.3 STRAIN DIFFERENCES IN RESPONSES TO COMBINED TOXICANTS 

Responses were analyzed for toxic interactions by the 

method of residuals as detailed in chapter four. 

Results: The F-344 rat liver slice residuals for the 

combined toxicants are shown in Figure 6.2. The SD rat liver 

slice residuals for the combined toxicants are shown in Figure 

5.7. 
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6.4 SUMMARY 

The 95% confidence intervals for the EC50 values for each 

toxicant overlapped. Thus, the data indicate that the F-344 

rat liver slices were not significantly different in 

sensitivity to the individual toxicants than were the SD rat 

liver slices. The data also qualitatively indicate that F-344 

and SD rat liver slices were similarly sensitive to the 

interaction of the combined toxicants in these experiments. 



Chapter Seven 

A NOVEL SIMPLE GRAPHICAL OR ANALYTIC INTERPRETATION 

OF INTERACTIVE BINARY TOXICANT RESPONSE SURFACES 
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This chapter presents an original idea for analyzing data 

from interactive toxicology and/or pharmacology experiments. 

The chapter begins with an analysis of related current methods 

and presents a new analysis method that overcomes some of the 

shortcomings of the methods currently in use. 

7.1 TRADITIONAL DOSE ADDITION 

Traditional dose addition derives from the mechanistic 

viewpoint that the individual toxicants all act at a single 

site and by the same (or similar) mechanism (Mumtaz et al., 

1993, Bliss 1939). Traditional dose addition treats all of 

the individual toxicants as dilutions or concentrations of one 

another, differing only in potency. This is discussed in 

greater detail in chapter two. 

7.1.1 Assumptions and Limitations 

The assumption of the same site and mechanism of action 

for all toxicants allows treating all of the individual 

toxicants as if they all have the same shape of dose-response 

curves. Other authors point out that in order to use the dose 

addition model, it need only be shown that all of the 
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toxicants have the same (or very similar) shape dose-response 

curves, and need not have identical mechanisms of action 

(Kodell and Pounds 1991, Calabrese 1992). Either approach is 

limited to cases where the dose-response curves of all of the 

individual toxicants in a mixture have the same shape of dose

response curve ("parallel" curves), hence the ratio of 

potencies is independent of the dose of a given toxicant. 

This condition is not met for cases where the shapes of the 

dose-response curves of the individual toxicants differ. An 

additional consequence of the traditional dose addition 

equation is that the injuries from each additional toxicant 

are mathematically added to an already injured biological 

system; all injury is cumulative. This represents one 

extreme, and response addition - which represents the other 

extreme - assumes independent injury; each increment of injury 

is added to a naive/uninjured biological system. Hence the 

envelope of additivity suggested by Steel and Peckham (1979) 

and further developed as a probability based model by Kodell 

and Pounds (1991) uses dose addition and response addition as 

the bounds of an envelope of additivity or non-interaction. 

This envelope of additivity provides logical bounds on the 

actual manner of incremental injury (probably somewhere 

between these extremes). The application of this envelope of 

additivity to general toxicology is limited by the requirement 

- for dose addition - of parallel or highly similar dose-
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response curves for all of the individual toxicants. Recall 

that dose addition estimates of non-interactive response form 

one of the boundaries of the envelope of additivity. The 

extension presented here, of the work of Steel and Pe"ckham, 

and Kodell and Pounds, removes this limitation by replacing 

the dose addition surface - which is dependent on parallel 

dose-response curves - with an incremental response envelope 

which i~ not dependent on parallelism. 

7.2 INCREMENTAL DOSE ADDITION: BASED ON OBSERVED 

DOSE-RESPONSE RELATIONS RATHER THAN ASSUMPTIONS OF 

PARALLELISM 

The assumption of similar or parallel dose-response 

curves which underlies traditional dose addition either limits 

application to instances where this similarity has been 

demonstrated, or introduces the risk that the dose-response 

curves are different thus confounding the interpretation of 

the data by interpreting differences in curve shape as 

deviations from additivity. It is suggested here, that this 

problem can be avoided by not making any assumptions about the 

shapes of the individual dose-response curves, by 

characterizing these curves fairly rigorously, and by 

incorporating this information into the model of non

interaction. 
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This can be accomplished by using the inverses1 of the 

equations fitted to the dose-response relations of the 

individual toxicants to transform a given level of effect 

brought about by a specific dose of one toxicant (A), into the 

corresponding dose of the other toxicant (B) which produces 

the same level of measured effect (i.e. an EC2o ). This 

surrogate dose of B (call it B') is added to the actual dose 

of B in that combination, and the effect of B plus B' is 

estimated from the equation describing the dose-response 

relation of B alone. The steps for this procedure are 

described in more detail below. The increment of injury added 

by an nth toxicant is still assumed to add to any injury 

produced by the other toxicant(s) in the combination as in 

traditional dose addition. Again, this represents one extreme 

(one boundary) of the edges of a theoretical envelope of 

additivity. One consequence of this approach is to introduce 

an influence of the sequence in which responses to exposures 

are modeled. This influence is only significant when the 

individual dose response relations are represented by curves 

of different shapes on the same scale (not an uncommon 

occurrence). The sensitivity to sequence in this process will 

be explained and dealt with below. For simplicity, only 

modeling of binary combinations will be described in detail, 

1 Each inverse equation is just the selected and fitted 
dose-response equation solved for dose instead of for effect. 
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although this method can in principle be applied to n 

toxicants. 

7.2.1 An Analytic Approach: Estimating a Non-Interactive 

Incremental Dose Addition Envelope 

First an interaction experiment needs to be designed and 

run, and the dose-response relationships estimated by fitting 

appropriate, possibly non-linear equation(s) to the data. The 

fitted equations R (A) = fA (A) and R (B) fB (B) 2 are then 

solved for dose. These are referred to as the inverse 

functions and are represented as f A-1 (A) , 

respectively. For a given combination of toxicant "A" and 

"B", the dose addition boundary of non-interactive response 

envelope is estimated by equation 7.1 

Equation 7.1 

R(A,B) 

Where: the terms are as described immediately above. 

This equation describes a three dimensional envelope; two 

response surfaces in the usual space of two dose axes, and one 

2 R(A) is the response to a given dose of A, and fA(A) is 
the notation for the function relating A to R(A) . 
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response axis. The sensitivity to sequence in this process 

becomes apparent when one considers that for dissimilar dose

response curves, the numeric value of the response will not be 

the same when a dose of A is expressed as a surrogate dose of 

B (bottom expression on the right hand side of the equation) 

as compared to the response value when a dose of B is 

expressed as a surrogate dose of A (top expression on the 

right hand side of the equation). This is dealt with by 

finding both values of response estimated for a given 

combination of A and B and using the envelope as a benchmark 

of dose addition. This envelope will later be used in 

conjunction with the response addition estimation of the null 

surface to construct a new envelope of non-interaction. 

Calculation of this new envelope allows one to model an entire 

theoretical envelope of non-interaction. This analytic 

approach to estimating an envelope of non-interaction is best 

done with a computer. 

7.2.2 A Graphical Approach for Specific Binary Combinations 

A graphical method can be to arrive at a response 

interval for one specific combination of doses. While this 

graphical method is restricted to examining only one specific 

dose combination at a time (the most common experimental 

approach), it is simpler to use than the analytic method 

described above. This method does require reasonably accurate 

characterization of both of the individual dose-response 
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curves, but only requires one dose combination to be tested. 

The basic problem with sampling the dose combination space at 

only a single point (one specific dose combination) is that 

this highly restricted view of the dose-response surface may 

miss the dose regions which produce toxic interactions. 

Informed choices of where in the dose combination space 

interactions are likely to occur can be based on preliminary 

experiments. This is discussed in more detail in chapters 

two, three, and four. The graphic approach further 

illustrates the basis of the analytic approach used above. 

The first step in the graphical approach (after running 

appropriate experiments) is to fit appropriate equations to 

the dose-response data from the individual toxicants. These 

two dose-response relationships can then be plotted either 

side by side with the same scale for both response axes, or 

plotted with a common response axis on graph paper with a 

rectangular grid (Figure 7.1). Unless a dose range spanning 

several loglo decades is used in the experiment, plotting these 

dose-response relationships on normal graph paper (not semi

log) is recommended for greater resolution of doses, but is 

not essential. The theoretical non-interactive response 

interval - to be used as a benchmark of non-interaction - can 

be constructed for a specific dose combination by executing 

the following seven simple steps twice. The first set of 

seven steps starts with toxicant "A", and the second set of 
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seven steps starts with toxicant liB 11 • The only tools required 

are: the graph, a good ruler, a pen, and a simple (four 

function) calculator. These steps are described below and 

illustrated in Figures 7.2 and 7.3. The dose of toxicant A 

present in the combination is a 1 and the dose of toxicant B in 

the combination is b 1 • Steps one through seven follow. 

1) Mark the dose axis for toxicant A at the dose level 

a 1 • 

2) Draw a vertical line up to intersect the dose-

response curve for toxicant A. 

3) From the intersection of the vertical line and the 

dose-response curve for A, draw a horizontal line 

to intersect with the adjacent dose-response curve 

for toxicant B. 

4) From this new intersection (on the B curve), draw a 

vertical line down to the dose axis for toxicant B. 

5) Using the intersection of the vertical line and the 

dose axis of B - found in step four - as a starting 

point, add the dose b 1 (measure along the B dose 

axis b 1 units to the right of the intersection found 

in step four). 

6) From this new point on the B dose axis, draw a 

vertical line up to intersect the dose-response 

curve for toxicant B. 
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7) From this new intersection on the B curve (found in 

step six), draw a horizontal line to intersect with 

the response axis (either one if equal response 

scale side-by-side graphs were used) . 

This last intersection with the response axis is one of two 

estimates of a dose addition based non-interactive response 

which does not require toxicants A and B to have similar 

shapes of dose-response curves. The first estimate of this 

pair of estimates was arrived at by starting with toxicant A. 

The other estimate of this pair is obtained by repeating steps 

1-7 starting with toxicant B. The pair of estimates thus 

generated represents an interval of expected response based on 

dose addition which assumes that injury is cumulative. 

7.3 RESPONSE ADDITION 

Response addition derives from the mechanistic viewpoint 

that none of the individual toxicants act at the same site of 

action or by the same mechanism of action (Calabrese 1992, 

Kodell and Pounds 1991, Bliss 1939). Response addition 

operates on the assumption that injury produced by one 

toxicant does not influence (is independent of) the injury 

produced by other toxicants in the combination. 

discussed in greater detail in chapter two. 

This is 



Where: 
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Equation 7.2 Response Addition 

R(A,B) = R(A) + R(B) 

R(A,B) the response estimated for a given dose 

combination of toxicants A and B, assuming response 

addition describes the interaction. 

R(A) = the response measured for the given dose of 

toxicant (or drug) A. 

R(B) = the response measured for the given dose of 

toxicant (or drug) B. 

7.3.1 Assumptions and Limitations 

The assumption of separate sites and mechanisms of action 

for all toxicants allows treating all of the individual 

toxicants as if they all occur in un-intoxicated and uninjured 

animals. Thus each increment of injury added by each toxicant 

is calculated as starting from a baseline of no injury; from 

the bottom of the dose-response curve. This obviates the need 

to consider differences in the shapes of the separate dose

response curves of the individual toxicants - if and only if 

the responses to the doses used in the calculations are 

measured experimentally, and not just estimated from an 

untested assumption of a linear dose-response relationship. 

This limitation is often not observed in the application of 

response addition to data from studies of interactive 
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These considerations are discussed in greater 

detail and examples cited in chapter two. 

7.4 A NEW ENVELOPE OF ADDITIVITY 

The interval of non-interactive response (or envelope for 

the analytic approach) constructed in section 7.2 is compared 

to the response addition estimate(s) of non-interaction 

calculated in section 7.3. This comparison of the dose 

addition interval or envelope estimate with the response 

addition estimate(s) results in a new interval (or envelope) 

comprised of the extremes of these three points (or surfaces) . 

This new envelope of non-interaction encompasses the 

extreme mechanistic and model of injury viewpoints associated 

with dose addition and response addition. Recall that 

response addition is based on an assumption that injuries from 

the individual toxicants are independent; they do not affect 

each other, while dose addition assumes that the injuries from 

the individual toxicants are cumulative. The cumulative model 

of injury is a consequence of - but not limited to - the 

mechanistic viewpoint of a single site of action, and a common 

pathway or event cascade leading to injury. The independent 

injury model is a consequence of - but not limited to - the 

mechanistic viewpoint of entirely separate sites of action and 

pathways or cascades leading to injury. These two extremes 

represent fairly logical boundaries for estimates of non-
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interactive responses to combinations of toxicants, and as 

such offer a good starting point for bracketing the actual 

(possibly intermediate - probably more complicated) biological 

responses to mixtures. 

7.4.1 Residuals in the Envelope Context 

In order to find which responses are different from the 

responses circumscribed by the envelope of non-interaction 

described in section 7.3, a two part process is required. 

First the upper boundary of the envelope of non-interaction 

(the null envelope) is subtracted from the observed responses. 

This can be done on a point by point basis, or in general for 

the entire surfaces. The observed responses significantly 

greater than the upper boundary of the null envelope result in 

positive residuals (observed minus null responses). These 

significantly positive residuals are interpreted as indicating 

supra-null interactions for those dose combinations 

corresponding to them. Second, the lower surface of the null 

envelope is subtracted from the observed responses. Observed 

responses less than the lower null surface result in negative 

residuals. Residuals significantly less than zero are 

interpreted as indicating sub-null interactions for the 

corresponding dose combinations. Constructing the residual 

surface in this way has the effect of compressing the null 

envelope to zero thickness (along the response axis) . 
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7.5 INTERPRETATION AND REPORTING 

Residuals significantly greater or less than zero are 

interpreted in the usual way as supra-null and sub-null 

respectively. These residuals are reported as supra-null and 

sub-null for the particular models of non-interaction used to 

construct the null envelope. Residuals not significantly 

different from zero in the first step above (comparison to the 

upper boundary of the null envelope) are interpreted as non

interactive under the model of non-interaction which describes 

that upper boundary. Residuals not significantly different 

from zero in the second step above (comparison to the lower 

boundary of the null envelope) are interpreted as non

interactive under the model of non-interaction which describes 

that lower boundary. Residuals which are significantly 

different from zero, and significantly different from both the 

upper and lower boundaries of the null envelope are 

interpreted as indicating observed responses intermediate 

between the models of non-interaction which describe the upper 

and lower bounds of the null envelope. Which models of non

interaction describe the upper and lower bounds of the null 

envelope must also be reported. 
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7.6 ASSUMPTION 4 

The incremental response envelope is not identical 

to the envelope bounded by traditional dose 

addition and response addition. 

7.6.1 Test of Assumption 4 

The non-interactive response interval for one dose 

combination is calculated by both methods. If the interval is 

identical, assumption 4 will be rejected. Let two dissimilar 

dose-response relationships for toxicants A and B be 

mathematically described by the Hill equation parameters in 

Table 7.1. The Hill equation is shown in general in equation 

7.3. 

Where: 

Equation 7.3 

The Hill equation 

E(A) = the effect (or "response") estimated for a given concentration (or 

dose) of toxicant A. 

A = the concentration (or dose) of toxicant A. 

ECso = that concentration ( or dose) of toxicant A which is estimated to 

produce an effect which is 50% of the maximal estimated effect. 
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Emax = the maximal effect estimated from the data; the asymptote of the 

dose-response (exposure-effect) curve. 

h = the Hill exponent (a coefficient in log forms of the equation). 

7.6.1.1 Incremental and Traditional Dose Addition 

Intervals of Non-Interaction 

The effect of (responses to) these toxicants can now be 

estimated as a function of their dose via equations 7.4 and 

7.5. These functions may be referred to as fA and fB such that 

E (A) =fA (A) I and E (B) =fB (B) • 

Equation 7.4 

Effect as a function of toxicant A. 

*b2mOy53We lLn == yn .. I a@YEBt)<;1==yto2Y"~<; @

A 1.08+ 0.51.08 

Equation 7.5 

Effect as a function of toxicant B. 

97 B2.64 
£(B) =----

B2.64 + 3.22.64 

The inverse functions of fA and fB are simply the same 

parameters as in Table 7.1 substituted into the Hill equation 

solved for dose (equation 7.6). The inverse functions of fA 

and fB are denoted as f A-1 and fB -1 respectively. 



Parameter 

h 

Toxicant 

A 

0.5 mM 

102 

1. 08 

B 

3.2 mM 

97 

2.64 
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TABLE 7.1, Hill equation parameters for toxicants A and B 
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Equation 7.6 

The Hill equation solved for dose (or concentration) . 

(the inverse function) 

EC Eh -
I 

C = _----'-5_0 __ 

(Emu - E )h-
I 

Consider the specific combination of toxicants A and B: 0.32 

mM A + 1.6 mM B. The incremental dose addition interval 

described in section 7.2 is constructed by the process 

described in section 7.2.1 above. This is the analytic 

equivalent to the graphical approach described in steps 1-7 in 

section 7.2.2. 

Steps: 

1 and 2) Estimate the effect of (response to) 0.32 mM of 

toxicant A. From equation 7.4, E(O.32) = 38.94. 

3 and 4) Find the concentration of toxicant B which is 

estimated to give the same response (38.94); use 

the inverse function f 8 -
1

• From equation 7.6 and the 

parameters for toxicant B in Table 7.1, B (E) 

B(38.94) 2.75 mM B. 

5) Add this equivalent dose of B (estimated to give 

the same effect as 0.32 mM A) to the actual dose of 

B (1.6 mM): 2.75 + 1.6 = 4.35 mM B. 

6 and 7) Estimate the effect of this surrogate dose of B 

(4.35 mM). This surrogate dose of B represents the 



combination of 0.32 mM A + 1.6 mM B). 

equation 7.5, E(4.35) = 67.15. 
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From 

This is the effect estimated for a combination of 0.32 mM A + 

1.6 mM B, starting with toxicant A. The same process is now 

repeated starting with toxicant B. 

Steps: 

1 and 2) From equation 7.5 and Table 7.1, the effect 

estimated for 1.5 mM B is E(l.6) = 13.4. 

3 and 4) The dose of A estimated to produce this level of 

effect (13.4) is found using f A -
1 from equation 7.6 

and Table 7.1. A(E) = A(13.4) = 0.087 mM A. 

5) Add this equivalent dose of A to the actual dose of 

A: 0.087 + 0.32 = 0.407 mM A. 

6 and 7) Estimate the effect of this surrogate dose of A. 

From equation 7.4, E(O.407) = 45.36. 

7.6.1.2 The Response Addi tion Estima te. The incremental 

dose addition interval found in section 7.6.1.1 is now 

compared to the response addition estimate of non-interaction 

estimated from equations 7.2, 7.4, and 7.5. The terms 

II response II and II effect" are used interchangeably. From 

equation 7.4 the response to 0.32 mM of toxicant A is 

estimated (as in the first steps 1 and 2 in section 7.6.1.1 

above): E(O.32) = 38.94. Similarly the effect of 1.6 mM B is 

estimated from equation 7.5 (as in the second steps 1 and 2 in 
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section 7.6.1.1 above): E(1.6) = 13.4. From equation 7.2, the 

response addition estimate of non-interaction is simply the 

sum of these two responses: 38.94 + 13.4 = 52.34. 

Since this number falls within the incremental dose 

addition interval found in section 7.6.1.1, it is superseded 

by the more extreme boundaries on the estimate of the non

interactive (null) response interval. The values reported for 

the estimate of the null response interval are the extremes of 

the three numbers calculated: 45.4 to 67.1. 

Since the two dose-response curves are not parallel, it 

is inappropriate to use traditional dose addition to estimate 

a non-interactive (null) effect level. If this were done 

anyway, using the ratio of ECso values to form a potency ratio, 

error would be introduced into the estimates by using the 

dose-response curve of one toxicant to estimate the response 

of the other toxicant. This approach results in a null 

response value of 54.6 or 56.8 depending on which dose

response curve is used (A or B respectively) to estimate 

effect from the surrogate dose. Since the value estimated 

from response addition (52.3) is not inside this interval, the 

extremes for the null interval become: 52.3 to 56.8. 

The difference between the null envelopes estimated by 

incremental and traditional dose addition models is sensitive 

not only to the shapes of the individual dose-response curves, 

but is also sensitive to the specific dose combination 
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examined. The first difference is apparent from the equations 

and algorithms described above, and the second difference is 

apparent from Figure 7.3 and Table 7.2 which simply compares 

the different null intervals for specific dose combinations. 

Table 7.2 shows only five selected values along a single 

vector of the dose combination space (Figure 7.4). A 

comparison of the different null envelopes over the full dose 

ranges of both toxicants comprises four different three 

dimensional surfaces - some of which pass through each other -

and is difficult to interpret visually. 
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Toxicant Traditional Incremental 

A B Interval Interval 

0.0625 0.4 17 - 10 19 - 2 

0.125 0.8 37 - 21 33 - 13 

0.25 1.6 64 - 40 51 - 48 

0.5 3.2 84 - 68 69 - 84 

1.0 6.4 93 - 89 83 - 95 

TABLE 7.2, Differences Between Null Intervals Calculated 
with Incremental versus Traditional Dose Addition as One 
Bound, and Response Addition as the Other Bound. 
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7.7 SUMMARY 

A novel means was developed of calculating or graphically 

estimating null responses based on dose addition which does 

not share the limitation of traditional dose addition 

requiring parallel dose-response curves. This new approach -

incremental dose addition was numerically compared to 

traditional dose addition. The estimates of null response 

were found to be different for these two methods. The null 

(non-interactive) envelope bounded by dose addition and 

response addition developed by Steel and Peckham (1979) and 

Pounds and Kodell (1985) was amended to use incremental dose 

addition. The original and amended null envelopes were 

numerically compared and found to yield distinct estimates of 

the null envelope at the five points sampled along a 1:1 dose 

combination ray (vector). 

These results allow us to accept assumption 4 which 

states that the incremental response envelope is not identical 

to the envelope bounded by traditional dose addi t ion and 

response addition. The latter envelope suggested by Steel and 

Peckham (1979), and developed further by Pounds and Kodell 

(1985) suffers the limitations of the dose addition model as 

discussed above and in chapter two. The new model of non-

interaction presented here does not share the limitation of 

requiring the dose-response curves of the individual toxicant 

to have essentially the same shape (llparallelism"). 
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CONCLUSIONS AND COMMENTS 
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This chapter reports and discusses the conclusions of 

this work. Each chapter is dealt with in turn (except chapter 

one; the introduction). The acceptance or rejection of the 

assumptions and hypotheses tested are reported in the chapters 

which dealt with them. 

8.1 CONCLUSIONS 

Chapter Two: Critical Review of the Literature 

In this chapter, assumptions 1 and 2 were rejected and 

accepted, respectively, after a critical examination of the 

literature, and a numeric test of assumption 2. The 

conclusions reached by this are: 1) The methods of assessing 

toxic interactions are not as a whole, well developed, well 

established, and fully accepted, and 2) not all methods of 

assessing toxic interactions are capable of reaching the same 

conclusion for a given data set. This is demonstrated 

numerically in chapter seven. This indicates that the 

conclusions drawn from a particular study of toxic interaction 

are sensitive to the means by which toxic interactions are 

assessed. Not all reports of toxic interaction in the 

literature employ similar levels of rigor in experimental 

design and data analysis, and many reports do not explicitly 

state which basis of comparison was used as a benchmark of 
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non-interaction. Further, the question is rarely addressed of 

whether or not the assumptions - usually implicit - in these 

comparisons are considered, tested, or satisfied in the 

specific experiments reported. 

A number of investigators have attempted to elucidate the 

toxic interactions of carbon tetrachloride combined with other 

one or two carbon organohalides. These efforts have met with 

mixed results. The variety and simplicity of the approaches 

to experimental design and data analysis combined with 

routinely unexamined assumptions, make difficult the 

comparison of the results of different groups of 

investigators. This suggests the need for a unifying 

framework for assessing toxic interactions in order to 

facilitate such comparison. A candidate for such a unifying 

framework is offered here (section 4.5; the modular approach). 

Explicit statement of which model(s) of interaction (or non

interaction) are used in reports of toxic interaction would 

also improve the comparison of these reports, and facilitate 

retrospective re-analysis of the original studies as improved 

models of interaction become available. A new candidate for 

such a model - based on the work of Steel and Peckham (1979) 

and Pounds and Kodell (1985) - is presented in section 7.4; a 

new envelope of additivity. 
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Chapter Three: Experimental Design 

In this chapter, assumption three was tested by the 

comparison of conclusions drawn from two types of experimental 

design for a given data set. Assumption three was rejected, 

and it was concluded that determinations of toxic interaction 

are dependent on the experimental design employed. Several 

types of experimental design were presented, their advantages 

and disadvantages discussed, and suggestions made for 

optimizing experimental designs. 

Chapter Four: Methods 

In this chapter, none of the stated hypotheses were 

tested. Chapter four presents the means by which the null 

hypothesis (no interaction is indicated by the data) was 

tested in this study. 

Chapter Five: Examining Precision-Cut Rat Liver Slice Culture 

for the Ability to Exhibit Toxic Interactions 

In this chapter, hypotheses one through four (Hl-H4) were 

tested by experiment. The data support an acceptance of all 

of these hypotheses. This provides evidence supporting the 

positions that: 

Hl) Rat liver slice culture can exhibit hepatotoxic 

interactions which have been observed in vivo. 

H2) Rat liver slice culture and the means used to assess toxic 

interaction did not exhibit an intrinsic bias towards 
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either sub-null (i.e. antagonistic) or supra-null (i.e. 

synergistic) interactions when challenged with a sham 

interaction. 

H3) Structure-activity relationship based predictions of toxic 

interaction are observed in RLSC. 

H4) Toxic interactions in rat liver slice culture are not 

limited to the interaction of trichloroethylene or its 

structural analogs with fully halogenated methane 

derivatives. 

These conclusions are discussed in the following paragraphs. 

H1: A finding of supra-null hepatotoxic interactions for 

combinations of carbon tetrachloride and trichloroethylene, in 

precision-cut rat liver slice culture are consistent with the 

in vivo findings of several other laboratories (Pessayre et 

al. 1982, Charbonneau et al. 1986, Borzellica et al. 1990, 

Sipes et al. 1990, Steup et al. 1991). The same conclusions 

by several laboratories using a variety of experimental 

designs, endpoints, and analyses of the data strongly suggest 

the presence of a real biological phenomenon and serves as a 

positive control to demonstrate the ability of this in vitro 

model to reproduce the toxic interactions observed in vivo. 

The relatively rigorous simplex/ray design experiments were 

analyzed by two types of response surface modeling. Both 

modeling/data analysis approaches arrived at the same 

interpretations in all cases. This indicates that the 

interpretations were not unique to each of the means of data 
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analysis used and suggests that robust conclusions were 

reached. 

H2: Analyses of the sham interaction experiments support 

an acceptance of the null hypothesis of non-interaction and 

does not indicate the presence of any systematic bias inherent 

in either the experimental design, the biological model, or 

the analysis of the data. This serves as a negative control 

in that no interaction was found where none is expected. 

These results support the validity of this experimental design 

and data analysis for the assessment of toxic interactions. 

H3: A finding of supra-null hepatotoxic interactions for 

bromotrichloromethane a structural analog of carbon 

tetrachloride in combination with trichloroethylene in 

precision-cut rat liver slice culture is consistent with 

structure-activity relationship (SAR) based prediction of 

interaction. Since this result was not a foregone conclusion 

for the reasons discussed in chapter five, this finding 

provides further evidence of the sensitivity of this in vitro 

model of hepatotoxic response to the interactions of 

hepatotoxicants. 

H4: A finding of supra-null hepatotoxic interactions for 

bromotrichloromethane (BrCCl 3 ) and chloroform (HCCl 3 ) indicates 

that toxic interactions in rat liver slice culture are not 

limited to the interaction of trichloroethylene or its 

structural analogs with fully halogenated methane derivatives. 

These toxicants (BrCCl 3 and HCCl 3 ) have also been shown to 
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produce a supra-null or synergistic interaction by Azri-Meehan 

et al. using time rather than dose as the independent 

variable, with different experimental design, toxic endpoints 

and data analysis techniques. These findings taken together 

further support the validation of this in vi tro model of 

hepatotoxic interaction. 

Chapter Six: Interactive Response Differences Between 

Sprague-Dawley and Fisher-344 Derived Rat 

Liver Slices 

This chapter tested hypothesis five by examining the 

responses to CCl 4 and TCE individually, and in combination 

when different strains of rat were used for RLSC. The data 

suggest that the F344 rat liver slices were not more sensitive 

to the individual or combined toxicants than were the SD rat 

liver slices. 

Hypothesis five was not accepted. This lead to the 

conclusion that the sensitivity of rat liver slice culture to 

individual and combined toxicants was not itself sensitive to 

the strain of rat from which the liver is taken in these 

initial experiments. This conclusion is limited to the 

strains of rat from which the liver was taken, the 

experimental design, toxicants, measured toxic endpoint, and 

incubation period used in these initial experiments. 

Greater sensitivity observed of the liver slices taken 

from F-344 rats to the individual and combined toxicants was 
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expected based on the results of Steup et al. (1991) . The 

finding of similar sensitivity of the slices taken from both 

rat strains to the individual and combined toxicants was 

however, unexpected based on the in vivo difference in 

sensitivity of these rat strains to CT + TCE observed by 

Steup et al. (1991) and - to a lesser extent - the in vivo 

difference in sensitivity to interactions of dichlorobenzenes 

observed by Gunawardhana et al. (1990). Before investigating 

possible mechanistic reasons for these differences, it may be 

prudent to repeat the studies involving CT and TCE in a single 

in vivo and in vitro experimental design which allows a more 

direct and quantitative comparison of the results, and 

examines a wider range of toxic endpoints. 

If the results found in this study persist in the face of 

a more rigorous and quantitative in vivo and in vitro 

comparison experiment, it may suggest that the mechanisms of 

action (bioactivation and the resultant cascade of injury 

producing events) may not be the major determinants in the 

mechanism (s) of interaction (i. e. unilateral or reciprocal 

alterations in ADME or repair) in liver slice culture. Two 

mechanistically motivated possibilities for this are the 

influence of extrahepatic events such as enterohepatic 

recirculation of phase II conjugates of TCE (Reynolds and 

Molsen 1977), or differential shifting of CCl4 from a 

reductive metabolic pathway producing CCI)', to an oxidative 

pathway producing phosgene (Harris et al 1982). 
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defined 

as poor 

glucuronidation in cats) can itself be used as a means of 

probing the mechanisms involved in the production of supra

null or sub-null toxic interactions. This has an advantage 

over the more traditional chemical manipulation of biochemical 

events such as enzyme induction/inhibition or adding 

glutathione esters etc. - in that no additional xenobiotics 

are present in the biological system other than the toxicants 

under investigation. The non-target influences of the probe 

chemical(s) (eg. antioxidants, phenobarbital, 1-

aminobenzotriazole etc.) are thus avoided. This approach 

combined with experimental designs and data analysis 

techniques permitting the semi-quantitation of toxic 

interactions not just total response to toxicant 

combinations - offers a relatively direct means of probing the 

mechanisms of interaction. 

Chapter Seven: A Novel Graphical and/or Analytical 

Interpretation of Interactive Binary Toxicant 

Response Surfaces 

A novel means was developed for calculating or 

graphically estimating null responses based on dose addition 

which does not share the limitation of traditional dose 

addition; requiring parallel dose-response curves. This 

approach incremental dose addition was numerically 
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compared to traditional dose addition. The estimates of null 

response were found to be different for these two methods. 

The null (non-interactive) envelope bounded by dose addition 

and response addition developed by Steel and Peckham (1979) 

and Pounds and Kodell (1985) was amended to use the 

incremental dose addition developed in this thesis. The 

original and amended null envelopes were numerically compared 

and found to yield distinct estimates of the null envelope. 

These results permit the acceptance of the contention 

that the incremental response envelope is not identical to the 

envelope bounded by traditional dose addition and response 

addition. The latter model suffers the limitations of the 

traditional dose addition model as discussed above and in 

chapter two. 

The new model of non-interaction presented here does not 

share the limitation of requiring the dose-response curves of 

the individual toxicant to have essentially the same shape 

("parallelism"). This extends the applicability of the null 

envelope to cases which are not restricted to toxicants with 

parallel dose-response curves. While estimation of a null 

response interval for a single binary combination can easily 

be done graphically, the extension of this approach to n

dimensional null envelopes for n toxicants is practically 

restricted to the analytical approach described in chapter 

seven. 
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Testing the Microtox Toxicity Assay for the 

Ability to Exhibit Toxic Interactions 

This appendix tested the hypotheses six by testing the 

Microtox bacterial toxicity assay for sensitivity to toxic 

interactions, and the comparing this toxicity assay to 

precision-cut rat liver slice culture (RLSC). The Microtox 

assay measures loss of natural bioluminescence in the marine 

bacterium Photobacterium phosphoreum as an index of toxicity. 

H6) The MICROTOX 

interactions 

environmentally 

assay is 

of binary 

relevant 

sensitive to toxic 

combinations of 

toxicants, and is 

sensitive to toxic interactions observed in vivo. 

While rat liver slice culture exhibited supra-null 

responses to the toxicant mixtures CC1 4 + TCE, BrCC1 3 + TCE, 

and BrCC1 3 + HCC1 3 (chapter 5), and these pairs have been 

reported to interact in rats and hepatocytes (see chapter 

four), the Microtox toxicity assay did not respond in a supra

null fashion to these mixtures or any of the other 12 binary 

combinations tested. While this kind of negative finding can 

not lead to comprehensive conclusions, the experimental design 

and data analysis used here was more extensive and rigorous 

than the frequently encountered two by two factorial design 

and response addition analysis. Each pair of toxicants tested 

represents 360 measurements: thirty combination space sampling 



points, four time points, and 

Analysis of sham interactions 
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triplicate experiments. 

in both bacterial and 

mammalian systems did not yield evidence of any biases 

inherent in these assays. The results obtained wi th the 

Microtox assay do not however, support the application of this 

widely used toxicity assay for the assessment of toxic 

interactions. While bacterial models can be useful in testing 

for toxic interactions in bacteria (eg. in bioremediation or 

microbial ecosystems) they may have a more limited value in 

predicting toxic interactions in mammalian systems. 

These conclusions are limited to the toxicant 

combinations examined, the toxic endpoints measured, the 

biological systems they were measured in, the experimental 

conditions and designs used, and the mathematical models of 

interaction and non-interaction used for data analysis. While 

toxic interactions observed in vivo and in rat liver slice 

culture were not replicated in the Microtox toxicity assay for 

the toxicant combinations and experimental conditions 

investigated, these limited results can not rule out the 

possibility that the Microtox assay is capable of exhibiting 

toxic interactions. 

8.2 CLOSING COMMENTS 

Inasmuch as science is based on measurement and theory, 

the ability to quantify an event or process aids substantially 

in the understanding, and eventual prediction of that event or 
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process. The assumptions of the mathematical models used to 

assess toxic interactions are essentially hypotheses that are 

often untested in the application of these models in the 

literature. In the comparison of observed versus expected 

responses, the expected responses can be based primarily on 

assumptions (untested hypotheses) or alternatively, on actual 

measurement and more limited - or even tested - assumptions. 

Testing the assumptions which the selected models are based on 

or derived from, and relying more on toxicological measurement 

and less on assumption will be a significant step forward from 

the methods of assessing toxic interaction which are most 

frequently used at present. Establishing strong evidence 

supporting the existence and nature of atoxic interaction may 

be prudent prior to investing significant resources in 

investigating the mechanisms of a marginally implicated 

interaction. The experimental design and analyses of data 

used here avoid some of the common pitfalls reported and 

encountered in the assessment of toxic interactions (Berenbaum 

1985, Chou and Rideout 1991, Kodell and Pounds 1991). 

Having a method - such as residuals - with which to 

measure or at least categorize an interaction is a useful tool 

not only for establishing the presence of a toxic interaction, 

but also for examining whether or not a particular mechanistic 

probe alters or abolishes the observed interaction. While one 

toxicant may alter the absorption, distribution, metabolism, 

excretion, or repair of damage of/from the other toxicant(s) 
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in a mixture, detecting such alterations does not necessarily 

indicate that they are involved in the mechanism (s) of 

interaction. Metabolic manipulations altering mechanisms of 

action of the individual toxicants (eg. bioactivation) do not 

necessarily alter the mechanism(s) of interaction (eg. changes 

in toxicant uptake). The mechanisms of interaction are not 

necessarily limited to, or exclusive of the mechanisms of 

action of the individual toxicants. Further confounding 

assessment of the effects of mechanistic probes on toxic 

interactions is the fact that probe induced changes in 

responses to the· mixtures represent both changes in the 

responses to the individual toxicants, and changes in 

interaction (s) (if any). Without a means of assessing the 

nature (i.e. supra-null or sub-null) and the relative degree 

of an interaction it is difficult to assess the effects of 

mechanistic probes on the interaction itself. The residual 

method used here offers a means of teasing out the changes in 

interaction from the total probe-induced changes in the 

responses to the mixtures. 

Experiments characterizing the nature and extent of an 

interaction, or assessing the effects of mechanistic probes 

can be optimized by determining which dose combination regions 

which produce the largest interactions. These are the dose 

combinations which produce the greatest differences between 

the observed and the predicted null response surfaces; the 

maxima in the residual response surface. Observing if and how 
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mechanistic probes (eg. metabolic manipulations) alter these 

residual maxima allows assessing the impact of such probes on 

the toxic interaction itself. 

While in vi vo systems 

investigation of xenobiotic 

replaced by in vitro systems, 

have many advantages in the 

interaction, and can not be 

the cost and time needed for 

large in vivo interaction experiments can be prohibitive. In 

vitro systems: are economic for large experiments regarding 

cost and time, provide a relatively homogeneous test medium, 

and lend themselves to biochemical and metabolic manipulation 

for subsequent studies of xenobiotic interaction mechanisms. 

The liver slices used in this study (except those in appendix 

B) were from naive animals that had not experienced any 

metabolic manipulations such as induction or inhibition of 

cytochromes P450. Such metabolic manipulations were reserved 

for future studies to probe the mechanism(s) of the toxic 

interaction. Since precision-cut liver slices retain much of 

the native tissue architecture, they offer a primary culture 

alternative to hepatocytes without the attendant enzymatic 

alterations and unattached baso-lateral membranes. Precision

cut liver slice culture also offers a significant reduction in 

animal use, a variety of measurable toxic endpoints (Azri et 

al. 1992, Azri-Meehan et al. 1994), and a relatively rapid and 

economic alternative to in vivo assessment of hepatotoxic 

interactions. 
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The results of this study taken all together, contribute 

substantially to the validation of this method of experimental 

design and data analysis, and the use of precision-cut liver 

slice culture for the assessment of toxic interactions. 

8 .3 FUTURE WORK 

Future work in this area can develop along several 

avenues, both biological, and logical (mathematics and 

experimental design studies) . 

1) Since the residual method provides a means of teasing 

out interactive responses from the total responses to 

mixtures, the effects of mechanistic probes on an interaction 

can be assessed directly. This provides a basis for examining 

the effects of specific metabolic manipulations on established 

toxic interactions. Such manipulations could include 

inhibition of specific cytochrome P-450 isozymes (i.e. IIE2) 

or ion channels (i.e. Ca··), addition of naturally occurring 

antioxidants such as a-tocopherol, ~-carotene, glutathione 

(via its ethyl ester), and primary isotope effects (deuterated 

and tritiated compounds) . 

2) The modular approach (section 4.5) offers the 

advantage that the initial experimental design can be replaced 

with a more optimal design based on an analysis of the initial 

results. 

If for example, the residuals from the initial 

experiment(s) have a significant and systematic departure from 
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zero, then the residuals are likely to be furthest from zero 

in a particular region of the dose combination space. Most 

residuals will tend to approach zero at high dose because the 

response will eventually tend toward saturation regardless of 

the existence of an interaction. Thus a residual surface 

which departs from zero will tend to have a minimum or maximum 

region. This region can be found by modeling the residual 

surface and finding it's extremum. Subsequent experimental 

designs can be optimized by using this location in the dose 

combination space as the focus of further investigation. The 

dose combination under this residual extremum can be used to 

(re) locate the central sampling region in an augmented central 

composite design. 

The effects of mechanistic probes on the magnitude and 

location of residual extrema can then be assessed. Metabolic 

and other manipulations selected to probe mechanisms of 

interaction may also affect the biological responses to the 

individual toxicants in addition to affecting the responses to 

their mixtures. Any consequent alterations in measured 

response will therefore reflect changes in both the mechanisms 

of action (eg. bioactivation of individual toxicants), and 

changes in the mechanism(s) of interaction (if any), thus 

confounding a clear interpretation of the effect of the probe. 

The mechanisms of action and interaction are not 

necessarily either mutually exclusive, or mutually inclusive, 

and may overlap some, or not at all. For example, inhibition 
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of a specific cytochrome P450 may alter the bioactivation of 

one or both of the individual xenobiotics (a mechanism of 

action) without affecting how one toxicant alters the uptake 

of the other (a possible mechanism of interaction). Thus 

examination of how mechanistic probes affect the extrema of 

residual surfaces allows us to tease out how the interaction 

is altered by these manipulations. This provides another tool 

for evaluating the effects of mechanistic probes on the nature 

and degree of observable interactions. 

2) The sensitivity of an interactive response to the 

strain or specie of animal tested can be used as a tool to 

investigate the influence of physiologic aspects peculiar to, 

or pronounced in, that animal. Examples of such aspects 

include differences in the prevalence or kinetics of specific 

enzymes - such as fast and slow acetylators, differences in 

glucuronidation or the differential toxicity of glycols in an 

array of mammalian species (Casarett and Doull's Toxicology), 

or limited repair processes in gerbils (H. Mehendale; 

Burroughs-Welcome scholar address, New Orleans, 1993). This 

avenue of research can be greatly facilitated and extended 

with the use of molecular biology (i. e gene cloning and 

hybridization) techniques enabling development of designed 

biological models; both in vitro, and in vivo. 

3) The IIparallelogram ll approach to implying the 

existence in humans of a toxic interaction observed in other 

species could be fruitful. This approach starts by 
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establishing that a particular toxic interaction is observed 

in an animal model, and in a primary in vitro culture model of 

that animal. This forms one leg of the parallelogram. The 

next leg is established by a finding of a similar interaction 

in the analogous primary in vitro culture model derived from 

human tissue. The final legs of the parallelogram 

(interactive toxicity in humans) are implied since controlled 

toxicity testing in humans is generally discouraged. 

4) Due to the persistent limitations of even the most 

sophisticated mathematical models of toxic and pharmacologic 

interaction, improvement in these models and careful 

characterization of their limitations remains an important 

task. 

Models should be examined for their ability to produce 

reliable estimates of the dependent variable (i.e. response or 

effect). One aspect of this reliability, is the sensitivity 

of the model output (estimates of the dependent variable) to 

noise in the data, and to the values estimated for the model 

parameters during the model fitting process. A sensitivity 

analysis of a model examines the magnitude of the variations 

in model output in response to slight variations of the values 

of the parameters and the model inputs (eg. data or 

independently estimated parameters). Models exhibiting large 

variations in output as a result of small changes in input or 

parameter values do not produce reliable estimates of the 

dependent variable (i.e. the effect of a drug or poison). 
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Models which are relatively stable in their outputs for 

reasonable ranges of parameter and input values are said to be 

"robust" and generally produce more reliable estimates than do 

non-robust models. It should be noted that models outputs can 

also be insufficiently sensitive to model inputs. 

Another consideration is: does the structure of the 

model, and the parameter search algorithms used allow 

reasonably accurate estimates of the parameter values? Models 

with poor parameter identifiability may impose additional 

constraints on model utility. 

To begin with, sensitivity analyses of the most generally 

applicable models would be useful. A methodical and rigorous 

examination of the effect of different experimental designs 

and data analysis methods on the interpretation of a single 

comprehensive data set would also be instructive. Dr. Joel G. 

Pounds (Wayne State University, Detroit, MI) has plans to 

pursue this second objective. Different experimental designs 

would comprise subsets of the entire data set. Different 

means of data analysis would be applied to each of these 

experimental designs, and the outcomes compared. Results of 

these studies would provide logical bases for the selection of 

experimental designs, mathematical models and data analyses 

for the research question(s) being investigated. 
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FOR THE ABILITY TO EXHIBIT TOXIC INTERACTIONS 

INTRODUCTION 

The MICROTOX bacterial toxicity assay was used to both develop 

experimental design and data analysis techniques, and to test 

the assumption that toxic interactions observed in one 

biological system mayor may not be observed in other 

biological systems. It was also hoped that this toxicity 

assay would serve as an initial screen for toxic interactions 

in a tiered battery of toxicity tests. 

A.I Hypothesis 6 

The MICROTOX assay is sensitive to toxic interactions of 

binary combinations of environmentally relevant 

toxicants, and is sensitive to toxic interactions 

observed in vivo in mammals. 

A.2 The Microtox Toxicity Assay 

This appendix describes the testing of a bacterial toxicity 

assay for sensitivity to toxic interactions. The Microtox 

assay measures loss of natural bioluminescence in the marine 

bacterium Photobacterium phosphoreum as an index of toxicity. 
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The Microtox assay was examined for its ability to exhibit 

toxic interactions when exposed to pairs of toxicants found in 

waste dump site leachates. Some of these pairs have been 

shown to produce supra-additive (synergistic) interactions in 

vivo in mammals, and mammalian preparations (see chapters 

2,5,6) . 

A.3 Experimental Design and Data Analysis 

The Microtox bacterial toxicity assay was tested using a ray 

design experiment and a modification of the median-effect 

principle (chapter 4) . 

A.4 Methods 

A.4.1 Sample Preparation 

Soluble salts of metals and metaloids were dissolved in water 

and diluted to twice the final bacterial exposure 

concentrations. Organic solvents were diluted to twice the 

final bacterial exposure concentrations from stock saturated 

aqueous solutions. Actual exposure concentrations of the 

organic solvents were calculated from the aqueous solubilities 

of these compounds (Illustrated Handbook of Physical and 

Chemical Properties and Environmental Fates of Organic 

Chemicals, 1992). The lyophilized Photobacterium phosphoreum 

(P. phose.) were reconstituted in cold two percent aqueous 



252 

Nail solution as per Microbics instructions. The exposures 

followed the factory recommended procedure: adding 0.5 ml 

aliquots of the aqueous solutions of toxicant to 0.5 ml 

aliquots of the reconstituted P. phose. Toxicant samples were 

prepared in a serial dilution ray design, with six doses (zero 

and five concentrations) each of the two individual toxicants, 

and six doses each of the three different toxicant ratios 

(1:3, 1:1, 3:1). Ranges of toxicant concentrations selected 

to bracket the ECso for that chemical for the toxic endpoint 

being measured. This required preliminary experiments for 

each toxicant. Due to the criticality of timing of the assay 

and the number of samples, a five barrel repeating pipette was 

built to fit the instrument cooling block thus permitting 

rapid mixing of toxicants and bacteria. A second matching 

cooling block was also built to allow chilling the thirty 

different toxicant solutions to the required temperature. 

A.4.2 Data Collection 

Bioluminescence was read in a set sequence of the thirty wells 

in the Microtox instrument. Readings were taken initially 

after reconstituting and aliquoting the P. phose., and again 

after the recommended fifteen minute pre-intoxication pre

incubation. Toxicants were added rapidly, and sequential 

readings were taken at five, fifteen, and thirty minutes post

intoxication. The same reading sequence and time stagger 
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occurred in each set of readings. 

A.4.3 Data Reduction and Analysis 

Luminosity readings were evaluated as percent loss in 

luminosity at each time point. The base for the percents was 

the unexposed controls at the same time points. Data were 

analyzed by the method of residuals described in chapter four. 

A.S Responses to Individual Toxicants 

All of the individual toxicants tested (Table A.l) exhibited 

toxicity in the Microtox assay, and exhibited clear dose-

response relationships. 

A.6 Responses to Binary Mixtures of Toxicants 

None of the binary toxicant combinations tested produced 

results which clearly indicated toxic interactions. 

Table A.l 

Binary combinations of toxicants not exhibiting 
toxic interactions in the Microtox assay. 

Cl-Benzene + TCE 
Cl-Bz + 2-Cl-Phenol 
Cl-Bz + Phenol 
CC1 4 + CC1 4 
HCC1 3 + BrCC1 3 

CC1 4 + Cd II 
CC1 4 + Hg II 
Cl-Bz + Cd II 
Cd II + Hg II 

Cl-Bz + CC1 4 

Cl-Bz + 2,4,-dichlorophenol 
CC1 4 + TCE 
Phenol + Phenol 
HCC1 3 + CC14 
TCE + Cd II 
TCE + Hg II 
Cl-Bz + Hg II 
Pb II + 2,4, -dichlorophenol 
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The combination CC14 + TCE was used as a positive control 

since it has been shown to interact in Sprague-Dawley rats in 

vivo (Borzellica et aI, Pessayre et aI, Steup et aI, and Sipes 

et al). The residuals for the five minute time point of this 

experiment is shown in figure A.l. A sham interaction - one 

compound Itinteracting lt with itself - was tested as a negative 

control, and no bias was indicated. Three pairs of toxicants 

(CC14 + TCE, BrCC1 3 + HCC1 3 , CC14 + HCC1 3 ) which have been 

reported to interact in vivo did not produce convincing 

evidence of toxic interactions in the widely used Microtox 

assay for these pairs or for several other pairs of metals and 

organohalides. This demonstrates that care must be taken in 

selecting a biological system for testing toxic interactions. 

Bacterial models can be useful in testing for toxic 

interactions in bacteria (eg. in bioremediation, or in 

ecosystems) but may have limited value in predicting toxic 

interactions in mammalian systems. 

A.7 Summary 

The Microtox toxicity assay did not respond in a supra

additive fashion to the pairs of toxicants reported to produce 

interactions in vivo, or to any of the other 12 binary 

combinations tested. Analysis of sham interactions did not 

yield evidence of any biases inherent in the Microtox assay. 



FIGURE A.l 

o TCE + CCI4 5min Microtox 

Residual trajectories for the Microtox 
response to CC14 combined with TCE. 
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These results combined with the results of chapters 2,5, and 

6 suggest that while the widely used Microtox assay is quite 

sensitive to individual toxicants" it may not be appropriate 

for assessing toxic interactions in mammalian liver. 

Bacterial models can be useful in testing for toxic 

interactions in bacteria (eg. in bioremediation, or in 

ecosystems) but may have limited value in predicting toxic 

interactions in mammalian systems. These results are limited 

to the toxicant combinations examined, the toxic endpoints 

measured, the biological systems they were measured in, and 

the mathematical model of additivity used as a benchmark of 

non-interaction. 
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Appendix 8 

GROUND WORK FOR TESTING THE ABILITY OF METABOLIC 

MANIPULATIONS TO AFFECT OBSERVABLE TOXIC INTERACTIONS 

INTRODUCTION 

Historically, the investigation of potential mechanisms 

of interaction have been hampered by an inability to measure 

or even accurately categorize toxic interactions (chapter 2) . 

An ability to measure a phenomenon is often a prerequisite to 

accurately characterizing it, and eventually understanding it. 

Attempting to assess the effect of a mechanistic probe on a 

toxic interaction is difficult without a reliable means of 

quantitating or at least 

unmanipulated interaction. 

categorizing 

The methods 

the original and 

developed and/or 

furthered in this thesis offer a "yardstick", a basis for the 

numeric semi-quantitative comparison of toxic interactions. 

This provides a numeric basis for evaluating the effects of 

mechanistic probes on observed toxic interactions, which 

relies less on assumption and more on measurement than do most 

of the methods of assessing toxic interactions currently in 

common use. 

The general hypothesis is that altering metabolism will 

produce a consequent change in an observed toxic interaction. 

A more specific and testable hypothesis would focus on the 
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manipulation of one family of metabolic pathways, and a 

specific, and characterized toxic interaction. 

For instance: The toxic interactions which are observed 

in RLSC (chapter 5) are at least in part mediated by 

alteration in the metabolism via the cytochrome P-450 family 

of enzymes. One could hypothesize that independent 

manipulation (induction or inhibition) of this enzyme system 

will result in an alteration of the observed interactive 

response (not just changes in the responses to the individual 

toxicants) . 

B.1 Phenobarbital Induced Sprague-Dawley Male Rat 

Liver Slices 

This hypothesis can be tested by examining the affects of 

induction by phenobarbital (PB) and inhibition by 1-

aminobenzotriazole (ABT) on the characterized hepatotoxic 

interaction of BrCC1 3 combined with TCE in RLSC (rat liver 

slice culture). Before this hypothesis can be tested however, 

preliminary experiments must be run to find appropriate 

toxicant dose ranges for designing the experiments in P-450 

induced and inhibited liver slice cultures. Before these 

preliminary experiments can be done, it is necessary to 

determine effective and non-toxic treatments and doses of PB 

and ABT in RLSC. 
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B.2 Phenobarbital Induced Exposure-Effect Relationship Shifts 

A 0.1 percent (w/v) solution of sodium phenobarbital in tap 

water used as drinking water for four days prior to harvesting 

the liver was recommended by Dr. James Halpert (University of 

Arizona) for induction of cytochromes P-4S0. This treatment 

produced a distinct leftward shift of the dose-response curves 

of both BrCC1 3 and TCE compared to those observed in chapter 

five. The shift for TCE is shown in figure B.l. No toxicity 

was observed in the controls as measured by tissue potassium 

loss. 
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B.3 1-Aminobenzotriazole (ABT) Inhibition of 

Cytochromes P-450. Cytochrome P-450 metabolism was 

inhibited non-specifically with ABT in order to determine if 

perturbation of this enzyme system resulted in a change in 

observed toxic interactions. 

B.3.1 Determining the Appropriate Concentration of ABT. 

A dose of ABT was sought which would produce a distinct 

rightward shift in both dose-response curves, and yet not 

abolish the hepatotoxicity as measured by tissue potassium 

loss. ABT was included in the pre-incubation and incubation 

media at concentrations ranging from 25 to 250 f..LM. A 

concentration of 100 f..LM ABT was selected from this preliminary 

experiment for the ability to diminish but not abolish the 

toxicity of the individual toxicants. 

B.3.2 ABT Exposure-Effect Relationship Shifts 

The administration of 50 J.LM ABT in the incubation medium 

produced a rightward shift in the exposure-effect relationship 

curves compared to those observed in chapter five (table B .1) . 

Table B.1 
Dose-response curve shifts with ABT 

Toxicant ECso (jlM) ECso (f..LM) 
with ABT without ABT 

CC14 24 3.5 
TCE 5.6 4.0 
HCC1 3 12.2 3.2 
BrCC1 3 0.21 0.047 
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B.4 Summary 

Initial tests of the combination of these toxicants in induced 

and inhibited liver slices produced residuals with a large 

range of values. This severely limits the confidence in any 

interpretations of these initial results. The large 

variability may have been due to inappropriate experimental 

conditions and/or technique. The lack of a high degree of 

specificity of the induction and inhibition agents also makes 

a clear interpretation somewhat difficult. Inhibi tors of 

specific cytochromes P-450 are available and may be useful by 

themselves, and in conjunction with inducing agents in testing 

a more focused hypothesis. 
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