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ABSTRACT 

The EPA is increasingly considering the use of probabilistic risk assessment 
techniques as an alternative or refinement of the current point estimate of risk. This 
report provides an overview of the probabilistic technique called Monte Carlo 
Analysis. Advantages and disadvantages of implementing a Monte Carlo analysis 
over a point estimate analysis for environmental risk assessment are discussed. The 
general methodology is provided along with an example of its implementation. A 
phased approach to risk analysis that allows iterative refinement of the risk 
estimates is recommended for use at the INEL. 
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EXECUTIVE SUMMARY 

Monte Carlo Analysis (MCA) is a powerful tool 
for evaluating risks in the presence of uncertainty. 
The technique could be useful in future environ
mental risk assessment work done at the Idaho 
National Engineering Laboratory (INEL). This 
document provides the background information 
useful for risk assessors and risk managers to 
understand MCA. It presents the general method
ology of MCA and identifies issues that will need 
to be resolved before MCA can be effectively 
implemented at the INEL. 

MCA is a conceptually simple method of proba
bilistic risk assessment. For the input parameters in 
the risk model, a probability distribution is 
assigned based on available information about the 
parameter; these distributions are each randomly 
sampled n times. The n random realizations from 
each input parameter are then entered into the 
model to produce n risk estimates. The input dis
tributions take into account uncertainties in those 
parameters; the resulting risk values provide an 
estimate of the risk distribution. Hence, the Monte 
Carlo analysis essentially propagates the input 
uncertainties through the risk model to the result
ing risk estimates. 

In this report, the motivation for using MCA as 
an improvement over the baseline risk assessment 
(BRA) point estimates is given. Two major short
comings of the point estimate approach is that it 
suffers from creeping conservatism so that the user 
does not know how conservative the estimate is, 
and it provides limited information to the risk man
ager and public. The use of MCA helps alleviate 
both of these problems. 

The use of MCA helps focus attention on the 
uncertainty in the risk assessment Further, it pro
vides a quantitative description of the uncertainty. 
In this way, the manager and stakeholders are bet
ter able to understand the risks and are better able 
to make informed decisions. A key theme of the 
document is that uncertainty matters and MCA 
provides a practical description of the uncertainty. 

Some reasons for implementing an MCA 
include: 

• Evidence shows that "best estimates" are not 
particularly good estimates; the quality of the 
estimates is significantly improved when the 
analysis forces the consideration of 
uncertainties. 

• One purpose of risk assessment is to help 
anticipate the unexpected; again, by explic
itly considering uncertainties, it is easier to 
determine the contingencies. 

• Risk managers must rely on experts when 
making decisions; without uncertainty analy
sis, the manager cannot assess the reliability 
of the expert's information. 

Some of the disadvantages of implementing an 
MCA include: 

• Adds increased complexity to the risk assess
ment process 

• Difficult to determine a good MCA from a 
bad MCA 

• Some skepticism of MCA by regulatory 
agencies 

• More intensive data requirements than a 
BRA. 

Except under the situation in which the point 
estimate of risk leads to an unequivocal decision 
for an INEL site, the advantages of implementing 
an MCA far outweigh the disadvantages. A phased 
approach to implementing MCA risk analysis is 
recommended. Each phase would be a refinement, 
based on more information, of the previous phase. 
Sensitivity and correlation results from each phase 
would be" useful in identifying which parameters to 
focus effort on. 

In general, the MCA will be most useful when a 
better understanding of the risks and the processes 
creating them is needed. Situations in which the 
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MCA should be considered as a tool in the risk 
assessment include: 

• When the calculated baseline point risks are 
equivocal (say between 1 x 10"6 and 1 x 1(H) 

• When there are a large number of input 
parameters and exposure pathways subject to 
uncertainty. 

While the actual implementation of MCA is 
straightforward, there are a number of issues that 
need to be agreed upon by all INEL stakeholders. 
These issues include selection of parameter dis
tributions, use of expert judgment, implementation 
of correlation between parameters, and bounding 
of the assessment Of these, selection of parameter 
distributions may be the most contentious. 

When selecting parameter distributions, consid
eration must be given to the level of specificity and 
the source of the data. For some parameters and 
under certain scenarios, a distribution based on 
regional or national data may be adequate, while 
for other parameters or scenarios, the distribution 
must be site-specific. In any case, all stakeholders 
should agree to the use of the selected distributions. 

A related issue is with the development of 
uncertainty distributions for the toxicity parameter. 
Toxicity values are subject to a great deal of uncer
tainty. They are generally derived from animal 
studies using much higher doses than would result 
from any possible INEL exposure. While models 
have been proposed for extrapolating high dose 
results to low dose and animal studies to humans, 
quantifying the uncertainties in these extra
polations are not obvious. As with the other input 
parameter distributions, all stakeholders should 
agree to the use of the selected toxicity 
distributions. 

Prior to performing the MCA, the problem being 
considered must be well understood and defined 
(as with any risk assessment). The scenarios, path
ways, receptors, and contaminants of interest must 
be clearly defined and agreed upon. 

Once the problem has been well-formulated, 
there are four basic steps to implementing the 
Monte Carlo assessment. 

1. Implement a sensitivity analysis of the risk, 
identifying parameters that most impact the 
risk estimate. 

2. Determine appropriate probability density 
functions (PDFs) or cumulative distribution 
functions (CDFs) for parameters identified in 
Step 1. 

3. Implement Monte Carlo sampling of input 
distributions to calculate the risk distribution. 

- Determine the number of Monte Carlo 
samples, n, needed to get a reasonably 
precise estimate of the risk distribution. 

- Assess the reproducibility and represen
tativeness of the results. Also, imple
ment a final sensitivity analysis 
showing which parameters have the 
largest impact on the overall uncertainty 
in the risk estimates. 

4. Present a graphical summary of the results 
along with a qualitative discussion. Clearly 
identify the uncertainties that were quantified 
in the analysis. Discuss other qualitative 
uncertainties not included in the quantitative 
analysis. Present the results in such a manner 
that the significance of the risks are clearly 
understood by the decision-makers. 

The efficiency of the Monte Carlo methodology 
may be improved by using Latin Hypercube Sam
pling (LHS). In LHS, each input parameter dis
tribution is broken up into n (the number of 
samples) equi-probable intervals and a value is 
selected from each interval. These n values are then 
randomly matched with the n values from the other 
distributions to form n sets of input parameter. 
These sets are input to the model to generate n risk 
values. This method ensures good coverage of each 
of the input parameters and speeds convergence of 
the tails of the risk distribution. 
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While the MCA methodology provides a sig
nificantly better description of the risk than does 
a point estimate, it is not a panacea. It will 
require some conservative assumptions, though 
the degree of conservatism will be less than in the 
point estimate. MCA is subject to the same 
qualitative uncertainties as the point estimate, 
including that due to the model and scenarios 
considered. 

MCA methodology is recommended as a tool 
beyond the BRA point estimate of risk. While this 
document provides a general framework and meth
odology for MCA,, it is not a protocol. Currently 
WAG 7 is implementing a probabilistic risk assess
ment using MCA techniques. Some of the lessons 
learned from that experience will be invaluable in 
developing a more detailed protocol for the use of 
MCAatthelNEL. 
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Use of Monte Carlo Methods in 
Environmental Risk Assessment at the INEL: 

Applications and Issues 
1. INTRODUCTION 

Monte Carlo analysis (MCA) is an increasingly 
popular tool in human health and ecological risk 
assessment that uses distributions rather than 
single point estimates to represent input parame
ters (e.g., body weight, ingestion rate) to produce a 
distribution of risks. Human health risk assess
ments commonly use baseline risk assessment 
(BRA) methodology. In the performance of a 
BRA, the analysis typically uses conservative 
assumptions to determine a single point estimate 
of risk. For certain sites or Waste Area Groups 
(WAGs) at the Idaho National Engineering Labora
tory (INEL), it may be necessary and desirable to 
have more information about the possible risk for 
the decision-making process than a point estimate. 
As a next step, MCA 

• Allows for explicit quantitative assessment 
of the uncertainty in the risk analysis 

• Provides more information to the risk 
manager 

• Alleviates the need for conservatism. 

MCA is one of a variety of probabilistic meth
ods in risk assessment. In the field of human health 
and ecological risk assessment, the terms "proba
bilistic risk assessment" (PRA) and Monte Carlo 
analysis are sometimes used interchangeably, how
ever this report retains the distinction that MCA 
comprises a subset of the PRA methods. The U.S. 
Environmental Protection Agency's (EPA's) guide
lines for risk assessment use fairly simple models 
of exposure and risk. Because there is uncertainty 
in the input model parameters, the resulting risk or 
exposure estimates are subject to the propagation 
of these uncertainties. MCA provides a probabilis
tic approach to propagating these input uncertain
ties to better characterize the resulting risk and 
exposure estimates. It does so by the repeated 

random sampling of the input parameter distribu
tions to produce an output (risk or exposure) 
distribution. 

The advantages of the probabilistic assessment 
(and MCA, in particular) of risks and exposures 
over the point estimate approach are as follows 
(Finley and Paustenbach 1994): 

• Provides more meaningful information to 
risk managers and the public 

• Avoids disputes over best point estimates 

• Associates risk estimates with a quantitative 
measure of uncertainty 

• Reduces creeping conservatism 

• Allows for quantitative evaluation of conser
vatism in the point estimate approach 

• Provides a more meaningful sensitivity 
analysis. 

This report discusses some of these advantages 
in more detail, along with some potential problems 
associated with the use of MCA. Additionally, the 
report provides a framework for the implementa
tion of MCAs at the INEL. 

1.1 Overview 
This report serves as an introduction to MCA. It 

provides a general overview of PRA, and focuses 
on the use of Monte Carlo sampling and related 
methods. The document does assume a certain 
degree of knowledge of the current environmental 
risk assessment methods used at the INEL. The 
report is expected to be most useful to those who 
need a good understanding of Monte Carlo meth
ods. This may include both technical and manage
rial people. There is a large body of literature on 
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PRA and MCA; this report focuses on what has 
been produced for environmental risk assessment 

One of the "nice" aspects of Monte Carlo sam
pling is that it provides a conceptually simple 
method of uncertainty analysis. However, techni
cal details and issues identified in this report will 
need resolution and probably agreement upon by 
all risk assessment stakeholders at the INEL. Also, 
since point estimates of risk are also conceptually 
simple, part of the report establishes what is to be 
gained by using a Monte Carlo analysis of risk. 

The remainder of this report is divided into sev
eral broad topics. The first, comprising Section 2, 
reviews the BRA guidance and practices as they 
relate to the INEL. The second, comprising 
Section 3, discusses uncertainty and its relevance 
in risk assessment. The third, comprising Section 
4, identifies issues in MCA for which there is no 
general consensus on what constitutes best prac
tice. Recommendations for handling these issues 
are made with the understanding that all stake
holders agree and understand the consequences of 
the recommendations. The fourth, comprising 
Section 5, provides a detailed description of the 
MCA methodology. These sections provide suffi
cient detail that a risk analyst would likely be able 
to implement an MCA. Because this report advo
cates an iterative approach to MCA, no explicit 
cookbook methodology is given. Finally, Section 6 
presents an annotated example of a simple MCA 
analysis. 

1.2 Risk, Risk Assessment, and 
Risk Management 

Risk is the possibility of suffering harm or loss. 
This dictionary definition contains two key com
ponents of risk: risk only refers to negative conse
quences, and it has an element of uncertainty. A 
more formal and quantitative definition given by 
Kaplan and Garrick (1981) as the set of all possible 
triplets ( {event, probability of the event, conse
quence of the event}) from which one can derive 

the expected adverse consequence. Probability is 
considered to represent subjective degrees of belief 
as opposed to the classical frequentist definition. 

Risk analysis/risk assessment should explicitly 
do five things: 

1. Identify scenarios that can lead to loss or 
harm 

2. Identify the loss or harm that may result 

3. Estimate the likelihood of such loss or harm 
occurring 

4. Discuss the uncertainties in the estimates 

5. Clearly communicate the significance of the 
results to the decision-makers/risk managers. 

Risk management uses the results of the risk 
assessment along with other social, political, ethi
cal, and financial considerations to come to deci
sions. The uncertainties in the risk assessment 
must be factored into the decision process of the 
risk manager to ensure a result that balances all 
considerations. 

The point estimate approach used for assessing 
environmental and human health risks (and man
agement decisions) at the INEL uses a qualitative 
discussion of uncertainty. This approach assumes 
that the uncertainty inherent in the risk estimate 
can be overcome by making conservative assump
tions so as to be protective of human health and the 
environment. This tends to result in conservative, 
but hopefully not unrealistic, point estimates. 
Since the final point estimate tends to be what is 
reported or considered, publicly, it is subject to 
misinterpretation. The impact of the uncertainty on 
the estimate is nebulous in the decision-making 
process. A central theme of this report is that 
uncertainty does matter, and that MCA is a conve
nient method for quantifying that uncertainty so 
that it is more integral to the decision-making 
process. 



2. CURRENT RISK ASSESSMENT GUIDANCE 

The Federal Facilities Agreement/Consent 
Order (FFA/CO) and associated Action Plan (AP) 
describe the governance and implementation of 
remediation of the INEL and dictate the use of 
BRA in the process. The AP provides the sched
ules for all INEL operable units records of deci
sions. The critical-path schedule is based on the 
following conditions: 

1. The last Track 2 Summary Report for each 
WAG will be submitted before submittal of 
the last RI/FS scope of work for that WAG 

2. All Track 1 reviews for each WAG will be 
completed before the submittal of the last 
Track 2 Sampling and Analysis Plan for that 
WAG. 

The RI/FS process includes development and 
submittal of a draft RI report with a complete 
BRA. 

The current guidance for performance of a BRA 
is provided in the EPA's "Risk Assessment Guid
ance for Superfund Volumes I and II" (EPA 
1989a), also known as RAGS. RAGS provides 
guidance on estimating the risk to humans from 
chemical exposures. The methodology presented 
in RAGS is a baseline risk assessment because it 
assumes no remediation or institutional controls 
are applied to the site. The methodology has four 
basic steps: 

1. Data collection and evaluation 

- Gather and analyze relevant site data 

Identify potential chemical of concern. 

2. Exposure assessment 

- Analyze contaminant releases 

- Identify exposed populations 

- Identify potential exposure pathways 

- Estimate exposure concentrations for 
pathways 

- Estimate contaminant intakes for 
pathways. 

3. Toxicity assessment 

- Collect qualitative and quantitative tox
icity information 

- Determine appropriate toxicity values. 

4. Risk Characterization 

- Characterize potential for adverse 
health effects to occur 

— Estimate cancer risks 
— Estimate noncancer hazard 

quotients 

- Evaluate uncertainty 

- Summarize risk information. 

The exposure estimate results in a measure 
called the "reasonable maximum exposure" 
(RME). The RME is the maximum exposure that is 
reasonably expected to occur at a site. RMEs are 
used so that the uncertainty is essentially overshad
owed by the conservatism. The EPA recognizes 
that there is a great deal of uncertainty in environ
mental risk assessment; rather than quantifying the 
uncertainty, the RME approach biases the result to 
a high-end risk, thus protecting human health. The 
bias is expected to be large enough to account for 
the uncertainty. This is a reasonable approach for 
screening out from further consideration sites 
whose conservative risk estimate does not exceed 
the 10"6 to 1(H range (these numbers indicate the 
probability that an individual within the exposed 
population will suffer harm, typically cancer, from 
exposure to the contaminants)). RAGS states that 

Each intake variable in the equation has a 
range of values. For Superfund exposure 
assessments, intake variable values for a 
given pathway should be selected so that 
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the combination of all intake variables 
results in an estimate of the reasonable 
maximum exposure for that pathway ... 
the reasonable maximum exposure (RME) 
is the maximum exposure that is reason
ably expected to occur at a site. Under this 
approach, some intake variables may not 
be at their individual maximum values, 
but when in combination with other vari
ables will result in estimates of RME. 
(pp. 6-19, emphasis in the original) 

Due in part to concerns about the vagueness of 
the definition of the RME and its associated con-
servativeness, EPA (1992a) introduced a different 
approach for evaluating exposures. It defines three 
levels of exposure, the theoretical upper bounding 
estimate (TUBE), the high-end estimate, and the 
"typical" exposed individual. The TUBE is an 
upper limit on the exposure, beyond which no 
higher exposure can theoretically occur. The 
TUBE can be used to screen out various risk 
scenarios. The high-end exposed individual is the 
exposure/risk above the 90th percentile of the pop
ulation distribution of individual risks, but not 
higher than the individual in the population who 
has the highest risk. Note that the high-end risk is 
more a conceptual definition as given by the EPA 
(1992a). The typical exposed individual essen
tially represents the median exposure/risk. 

The point estimate approach has a number of 
disadvantages. Finley and Paustenbach (1994) cite 
four disadvantages: 

1. Repeated use of conservative point estimates 
tends to significantly overestimate actual 
exposure 

2. Limited information for risk managers and 
public is provided 

3. No associated measure of confidence is 
provided 

4. Sensitivity or uncertainty analyses usually 
not very meaningful. 

Nevertheless, the point estimate does have some 
advantages. It is generally simple to calculate. It is 
universally accepted by regulators. And it does 
allow screening of chemicals/pathways that are not 
significant risk drivers. 

Recent guidelines for exposure assessment (EPA 
1992a) recognize the value of determining distribu
tions of exposures or doses and using Monte Carlo 
methods. The guidelines state that "exposure and 
dose information needs to be put in the appropriate 
form. Ideally, this would be a distribution of doses 
of the appropriate type across the population or pop
ulation subgroup of interest." Further, in determin
ing the distribution of doses, the guidelines state 
that "If data on the distribution of doses are not 
available, but data on the parameters used to calcu
late the dose are available, a simulation (such as an 
exposure model or Monte Carlo simulation) can 
sometimes be made of the distribution." 

• These guidelines (EPA 1992a) also recognize a 
need for better uncertainty analysis. They distin
guish between uncertainty characterization (a qual
itative discussion of the thought processes that lead 
to the selection and rejection of specific data, esti
mates, scenarios, etc.) and uncertainty assessment 
(a quantitative analysis of the uncertainty). They 
identify three broad categories of uncertainty: 

1. Scenario uncertainty: Uncertainty regarding 
missing or incomplete information that is 
needed to fully define the exposure and dose. 

2. Parameter uncertainty: Uncertainty regarding 
some parameter. 

3. Model uncertainty: Uncertainty regarding 
gaps in scientific theory required to make 
predictions on the basis of causal inferences. 

Scenario uncertainty and model uncertainty are 
difficult to assess quantitatively, and hence tend to 
be relegated to a qualitative analysis in the risk 
assessment. Rish (1988) discusses three 
approaches for analyzing model uncertainty: 
(1) validation of models, (2) verification of mod
els, and (3) analysis of credible alternative models. 
Validation determines whether the model is 
representative of the phenomena being simulated. 
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Verification determines if the computer code 
accurately performs the underlying model's 
calculations. 

Parameter uncertainty is the area where most 
work has been done in developing quantitative 
methods. The guidelines (EPA 1992a) identify 
four levels of assessing uncertainty in the risk/ 
exposure estimates in increasing order of complex
ity and data requirements: 

1. Sensitivity analysis: determine the effect of 
changes to a parameter's value on the 
exposure/dose. 

2. Analytical uncertainty propagation: deter
mine how the combined uncertainty and vari
ability of the parameters produces the uncer
tainty and variability in the exposure/dose 
through use of mathematical derivations of 
variance propagations. 

3. Probabilistic uncertainty analysis: determine 
how the combined uncertainty and variability 
of the parameters produces the uncertainty 
and variability in the exposure/dose through 
use of simulation. The Monte Carlo analysis 
assigns probability density functions (PDFs) 
to each parameter, PDFs repeatedly randomly 
selects values from each parameter's PDF, 
then enters these values into the risk/ 
exposure model to produce a distribution of 
exposure/dose. 

4. Classical statistical methods: develop expo
sure/dose distributions directly from samples 
of exposures/doses. Generally, these methods 
can only be used for current risk scenarios 
which have measurable (as opposed to mod
eled) exposures/doses. 

The DOE released an Information Brief on 
Guidelines for Exposure Assessment (DOE 1994a) 
that addresses the role of uncertainty analysis in 
the exposure assessment. It reiterates the discus
sion on the categories of uncertainty presented in 
the EPA guidelines (EPA 1992a). The information 
brief distinguishes between the results obtained 
from an uncertainty characterization and an uncer
tainty assessment The distinction between the two 
methods is primarily the degree of sophistication 
in describing the uncertainty. For simple exposure 
assessment, uncertainty characterization (a qualita
tive discussion) may be all that is necessary. The 
uncertainty assessment is more quantitative and 
begins with simple measures and techniques and 
progresses to more complex methods as necessary. 

In a companion Information Brief on Risk Char
acterization (DOE 1994b), the potential changes in 
the new guidance are discussed. The new guidance 
moves away from the RME to a high-end risk 
using a 90th percentile of the risk distribution. The 
use of Monte Carlo simulation for estimating risk/ 
exposure distributions is suggested in the new 
guidelines. 
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3. IMPORTANCE OF UNCERTAINTY ANALYSIS 

The need for uncertainty analysis and PRA has 
historically come about from the field of policy 
analysis and decision analysis. Much of the work 
developed from cost-benefit analyses of a variety 
of policy issues by a small number of think-tanks. 
Probabilistic risk assessment came to the attention 
of the nuclear power policy field with the publica
tion of the Reactor Safety Study, NUREG-75/014 
(WASH-1400), of 1975. This report formally 
handled uncertainty. While the report did have 
some technical faults, it led to the adoption of PRA 
methods in assessing reactor risks, as documented 
in the PRA Procedures Guide (NUREG/CR-2300, 
1983). 

While the EPA has been slower to adopt meth
ods for handling uncertainties in risk assessments, 
it is being pressured towards more formal methods 
for handling uncertainties. In 1993, the EPA's Sci
ence Advisory Board issued a report (EPA 1993) 
recommending 

that the EPA move to a distributional 
approach for calculating the RME, i.e., 
develop distributions for each of the terms or 
variables needed to calculate individual expo
sures and their distributions. These distribu
tions determine a subsequent distribution for 
exposure, which can be calculated using 
Monte Carlo methods. 

Some of the pressure towards change in the use 
of probabilistic methods is coming from Congress. 
For example, in a 1994 bill introduced in the 
House of Representatives (H.R. 4306, "Risk 
Assessment Improvement Act of 1994"), the 
Congress finds that "uncertainties inherent in risk 
assessments are neither adequately communicated 
by risk assessors nor clearly recognized by 
decision-makers and the public." One purpose of 
this Act is to establish a risk assessment program 
in the EPA that "develops risk characterization 
guidance and oversees its implementation in order 
to communicate the full range of risks and uncer
tainties" (emphasis added). 

The EPA previously circumvented the problem 
of uncertainty by using RMEs. Virtually all param
eters in risk equations were biased such that the 
resulting risk was higher than the true risk is 
believed to be. As discussed earlier, this can lead to 
unrealistic risk estimates. It is also difficult to 
defend what constitutes a reasonable maximum or 
worst-case scenario. Morgan and Henrion (1990) 
indicate an even more insidious problem with 
point estimates: 

"There is considerable evidence to suggest 
that, because of the limitations of the human 
thought process, cognitive biases may give 
rise to "best estimates" that are not actually 
very good. Even if all that is needed is a "best 
estimate" answer, the quality of that answer 
may be significantly improved by an analysis 
that forces people to think about the full range 
of uncertainty associated with the problem." 

Rish (1988) cites several reasons why uncertain
ties must be considered in risk analyses: 

• The EPA has a responsibility to provide— 
through its regulations, guidelines, practices, 
and rulings—a reasonable level of assurance 
that protection of human health and the envi
ronment are maintained. In order to have con
fidence that this goal is achieved, the 
implications of uncertainties on regulatory 
decisions must be carefully assessed. 

• There can be considerable costs associated 
with a decision based upon analysis with a 
high level of inherent uncertainty. These 
potential costs come from adopting a course 
of action which results in unexpected nega
tive consequences, misplaced or practically 
irreversible commitments of resources, or 
policies which are difficult to alter at a later 
date when new information becomes avail
able. Analysis of uncertainties can help to 
identify a risk management strategy which is 
most flexible to uncertain or changing condi
tions, and can provide a higher degree of con
fidence that risk management goals will be 
achieved. 
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• Environmental risk analysis results can be 
highly sensitive to uncertainties in inputs or 
model formulations. Once the sources of 
uncertainties in the assessment are identified, 
their relative contribution to the overall 
uncertainty in risk estimates can be 
examined. This is useful information for 
planning measurement and modeling 
activities. 

• When there is disagreement among sources of 
information, a good decision requires know
ing the extent to which the disagreement 
would affect risk analysis results. An example 
would be disagreement among health experts 
about dose-response relationships. 

• Many technological risk management prob
lems involve complex mixtures of technical 
fact and value judgments. Explicit character
ization of uncertainties can help to distin
guish disagreements over technical uncer
tainties from those which are due to divergent 
values. 

• The act itself of examining uncertainties in a 
quantitative manner results in a broader 
understanding of the processes being mod
elled, and the sources and nature of the 
controversial issues involved. It forces a care
ful review and characterization of the present 
state of knowledge, and it provides a struc
ture for updating the risk assessment as 
information and understanding evolve. 

In addition, Morgan and Henrion (1990) cite 
other reasons for uncertainty analysis in quantita
tive risk and policy analysis: 

• A central purpose of policy research and 
policy analysis is to help identify the impor
tant factors and the sources of disagreement 
in a problem, and to help anticipate the unex
pected. An explicit treatment of uncertainty 
forces us to think more carefully about such 
matters, helps us identify which factors are 
most and least important, and helps us plan 
for contingencies to hedge our bets. 

• Increasingly we must rely on experts when 
we make decisions. It is often hard to be sure 
we understand exactly what they are telling 
us. It is harder still to know what to do when 
different experts appear to be telling us differ
ent things. If we insist they tell us about the 
uncertainty of their judgments, we will be 
clearer about how much they think they know 
and whether they really disagree. 

• Rarely is any problem solved once and for 
all. Problems have a way of resurfacing. The 
details may change but the basic problems 
keep coming back again and again. Some
times we would like to be able to use, or 
adapt, policy analyses that have been done in 
the past to help with the problems of the 
moment. This is much easier to do when the 
uncertainties of the past work have been care
fully described, because then we can have 
greater confidence that we are using the ear
lier work in an appropriate way. 

• Many real-world "decisions" are not made by 
a single person at a discrete time. More typi
cally, a decision process may involve multi
ple actors making explicit and implicit deci
sions over an extended period. A piece of 
analysis will be more useful if it treats the 
uncertainty explicidy, allowing users to eval
uate its conclusions and limitations better in 
the changing context of the ongoing decision 
process. 

• Policy analysts have a professional and ethi
cal responsibility to present not just 
"answers" but also a clear and explicit state
ment of the implications and limitations of 
their work. Attempts to fully characterize and 
deal with important associated uncertainties 
help them to execute this responsibility 
better. 

Finkel (1990) notes additional reasons for 
implementing uncertainty analysis in risk 
assessments: 

• Cost/benefit decisions should hinge on 
explicit comparisons of the probabilities and 
social costs associated with the possible true 



values of risk, not just a single comparison 
for one such value. 

• Risk managers should avoid ranking differ
ent risks simply by comparing point esti
mates. He argues that comparing point esti
mates is extremely unreliable, particularly 
when comparisons become precarious 
because the degree of conservatism is hidden. 

This is not to say that one can carelessly 
compare results from Monte Carlo analyses. How
ever, in MCA, issues of comparability are more 
likely to be well characterized, while in the BRA 
the degree of conservatism and other factors that 
can affect comparability are often unknown or not 
well described. 

The following examples are presented to sup
port the premise that uncertainty analysis is a criti
cal part of the decision-making process. These 
examples should develop an appreciation and bet
ter understanding of the role of uncertainty analy
sis in risk assessment. 

3.1 Examples 

The following examples illustrate me need for 
uncertainty assessments. Each example contrasts a 
point estimate with a result that accounts for uncer
tainty. These are brief examples focusing on mat
ters of uncertainty rather than the methods used to 
get to the results. Section 6 provides a detailed 
example of a PRA. 

3.1.1 Example 1: Does the Uncertainty 
Wash Out? Hoffman and Hammonds (1992) 
describe a lake contaminated with methyl mercury 
and the surrounding sediments contaminated with 
inorganic mercury. The upper 95% confidence 
limit of the concentration of methyl mercury in 
lake fish was 0.3 mg/kg. The corresponding 
Hazard Index (HI) point estimate of risk to the 
maximally exposed individual (from ingestion of 
fish) is 0.94. For the soil ingestion route, die upper 
95% confidence limit of the concentration of inor
ganic mercury in soil is 700 mg/kg, corresponding 
to a HI point estimate of risk of 2.33. Hence, it 
appears that die soil presents me greatest risk. 

However, after taking into account the uncer
tainty in die input parameters and running a Monte 
Carlo analysis, Hoffman and Hammonds (1992) 
came to exactly the opposite conclusion. The 95% 
upper confidence limit on the HI for the soil inges
tion pathway was 0.7. The 95% upper confidence 
limit on me HI for the fish ingestion pathway was 
1.2. They attribute this reversal to the large uncer
tainty in die Reference Dose (RfD) for inorganic 
mercury. While one would typically not compare a 
single percentile under a Monte Carlo analysis, the 
implication of diis example is mat the uncertainty 
in the RfD was not adequately described in the 
quantitative BRA point estimate. 

In this example, me uncertainty in die two esti
mates was not equivalent and did not "wash out." 
That is, the conservatism in me fish ingestion 
scenario was not sufficient to account for the 
uncertainty in the RfD for inorganic mercury. Had 
die risk manager ignored me uncertainty, the best 
decision on how to act at mis site may not have 
been made. Armed wim me results of the uncer
tainty analysis, die manager is better equipped to 
make a sound decision. 

Similar situations may occur at the INEL. In 
addition to uncertainties in contaminant toxicity 
estimates, some areas have a large variation in con
taminant concentrations that, when taken into 
account in the risk assessment, could lead to simi
lar reversals of decisions. 

3.1.2 Example 2: The Limitation of the 
Point Estimate. The point estimate provides 
limited information, particularly in view of its 
weight in risk decisions. It is not clear exacdy what 
the point estimate represents beyond a vague 
notion of a conservative estimate and "reasonable 
maximum exposure." Burmaster and Harris (1993) 
cite evidence that me EPA intends for the point 
estimate of risk not be exceeded by more than 
5-10% of the exposed population. The EPA 
(1992a) states, witii qualifiers, mat the high-end 
risks are risks "above the 90th percentile of the 
population distribution, but not higher man the 
individual in the population who has the highest 
risk." 

Even the EPA, in its 1992 guidelines for 
exposure assessment (EPA 1992a) recognize the 



limitations of the TUBE risk estimates. They note 
that the estimate is useful for eliminating sites 
from further consideration (if the estimate is less 
than the regulatory threshold). However, the 
bounding estimate of risk or exposure "cannot be 
used to make a determination that a pathway is 
significant... and it certainly cannot be used for 
an estimate of actual exposure (since by definition 
it is clearly outside the actual distribution)" (EPA 
1992a). 

So when the risk analyst presents a BRA point 
estimate of 5 x 10"5, what can be concluded? From 
the above discussion, it could be concluded that no 
more than 10% of the exposed population exceeds 
this likelihood of getting cancer, and the person 
with the maximum risk has at least this risk level. 

With an MCA, however, the risk analyst will be 
able to make more definitive statements. For 
example, an MCA allows conclusions such as: the 
risk estimate of 5 x 10"5 represents the 95th percen
tile of me population risk distribution, and that 1% 
of the population are actually subject to risks 
exceeding 1 x 10"3, or that 99% of the population 
does not exceed the 1 x 10*6 risk level, etc. 

Hence, a decision based solely on the point esti
mate are inherently based on more nebulous 
information than the MCA results. The additional 
information provided by me MCA results allows 
the risk manager to make more reasoned and 
defensible decisions. 

3.1.3 Example 3: A More Complete and 
Informative Assessment. While an MCA is 
not a panacea for all risk management decisions, it 
will improve the manager's ability to better weigh 
the costs and benefits of various alternatives. The 
following is a simplified analysis mat takes uncer
tainty into account when considering alternative 
remediation technologies. 

The manager of a site needs to choose between 
two remediation alternatives for cleaning up soil 
contaminated by carbon tetrachloride. The average 
soil concentration is 500 mg/kg. A point estimate 
of the risk is calculated to be 5 x 10"5. The manager 
has been told to reduce the risk to the 1 x 10"6 level 
by reducing the average soil concentration to 

10 mg/kg carbon tetrachloride. Two technologies 
are available for die remediation. The first method, 
Method A, provides an 85% reduction in con
centration at $1,000 per ton processed. The second 
method, Method B, provides 95% reduction in 
concentration at $3,000 per ton processed. 

The manager notes that Method A will reduce 
the concentration to about 75 mg/kg and Method B 
to 25 mg/kg. While neither memod reduces die soil 
concentration to below 10 mg/kg, Method B 
appears to be the better choice, despite the cost. 
However, the decision is reviewed internally 
before finalization. As it happens, a particularly 
sharp risk assessor is part of me review. 

The risk assessor decides to take a closer look at 
the meaning of the numbers. First, he discovers 
that the 500 mg/kg is the arithmetic mean; in fact, 
the soil concentrations are highly skewed, wim a 
median of about 50 mg/kg. The risk assessor finds 
that a lognormal distribution [with an underlying 
normal distribution mean of loge(50) and standard 
deviation loge(9)] characterizes the soil concentra
tion distribution quite well. Based on mese con
centrations, the risk assessor determines that about 
10% of the population faces risks of 1 x 10"4 or 
more, about 40% of the population faces risks of 
1 x 10"5 or more, and 75% of the population face 
cancer risks of 1 x 10"6 or more. 

When determining the uncertainty in the effi
ciency ratings of the two soil remediation methods, 
the analyst finds mat the stated values were for soil 
concentrations of up to 500 mg/kg. Further, 
Method A efficiency increases to about 95% above 
1,000 mg/kg, but is only about 75% efficient at 
small concentrations. Method B's efficiency is 
95% for concentrations up to 1,000 mg/kg, but 
then sharply decreases to 75% above 4,000 mg/kg. 
The reduction efficiencies of the methods are 
shown in Figure 1. 

Based on diis information, the risk assessor sim
ulates the application of both remediation methods 
and the resulting risks, which are shown in Fig
ure 2. First, the point estimates of risk are 1 x 10"5 

and 5 x 10"6 risk of getting cancer for Methods A 
and B respectively. Using Method A, about 47% of 
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Figure 1. Plot of the reduction efficiencies of the two soil remediation methods. 
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Figure 2. Plot of the simulated cancer risk distributions after application of two remediation methods. 
The horizontal lines are drawn at the 50th, 90th, and 95th percentiles of the distributions. 
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the risk population is at less than the 1 x 10""6 risk 
level, and that with Method B about 74% of the 
risk population is less than the 1 x 10"6 risk level. 
However, the 99th percentiles of the risk distribu
tions are quite different. For Method A, the 99th 
percentile risk is about 4 x 10'5, but for Method B 
it is 2 x 10-4. 

The risk analyst provides this information to the 
manager. The manager sees that the decision is not 
as straightforward as previously thought. It is not 
clear whether either method actually meets the 
requirement of reducing risk to the 1 x lO - 6 level. If 
these are the only two methods available for 
remediation, it is not clear which is preferred. 
Method A does not reduce the risk to a typical 
citizen (i.e., the median risk) to the 1 x 10 - 6 level, 
9% of the population is subject to risks greater than 
1 x 10"5, but leaves only 0.3% of the population 
with a risk greater than 1 x 10 - 6. Method B, which 
does reduce the risk to a typical citizen to below 
the 1 x lOr6 level, has 8% of the population subject 
to risks greater than 1 x 10*5, but is more expensive 
and leaves 2.3% of the population exposed to risk 
levels of greater than 1 x 10 - 4. 

This example is more realistic than the other two 
in that rather than providing a clear answer for a 
given decision, the MCA provides a better picture 
of the consequences of decisions. The initial deci
sion made by the manager was based on limited 
information since the uncertainty (in the soil con
centrations, in particular) was not considered. 
When the uncertainty is included in the decision 
process, the decision-maker gains a better under
standing of the issues that must be faced in the 
decision-making process. 

3.2 Possible Problems with 
Monte Carlo Analysis 

Clearly, a Monte Carlo analysis generally 
requires more effort than a BRA. The analyst must 
carefully balance the amount of effort against the 
quality of the results. To implement a "perfect" 
uncertainty analysis at a site would be impossible. 
To get site-specific information on all parameters 
that enter into a risk assessment would be highly 
unlikely. The search for the perfect risk assessment 

can easily lead to "analysis paralysis"—that condi
tion in which a larger project, which the analysis is 
intended to support, is prevented from moving for
ward due to excessive introspection of the methods 
and data. 

At some point, further data collection or more 
advanced modeling will lead to a case of diminish
ing returns. It may be difficult to determine when 
this occurs. This report assumes that the risks are 
calculated using the equations given in RAGS 
(EPA 1989a). Clearly, these simple models are not 
intended to provide particularly precise estimates 
of risk. Along with the large uncertainty associated 
with toxicity values, providing anything beyond a 
rudimentary distribution of the remaining input 
parameters may create a false confidence in the 
results. 

Because the MCA does have more advanced 
data requirements, there is a concern that distin
guishing a good uncertainty analysis from a bad 
one may be difficult (Barry 1993; Finley and 
Paustenbach 1994). The MCA analysis may be 
easily manipulated and it may be difficult to detect 
and judge the effects of the manipulations. This 
argument can also be applied to the current BRA 
process. Upon EPA's release of guidance for imple
menting MCA, concerns such as these may be alle
viated. 

A related problem is the lack of standardized 
distributions for key exposure factors (Finley and 
Paustenbach 1994; Finley et al. 1994). As dis
cussed in Sections 5 and 7, standard distributions 
have been proposed for some parameters that have 
sufficient data available. Some key parameters that 
the risk may be extremely sensitive to are site-
specific; hence, no "standard" distribution for 
these parameters is likely to to be acceptable. 
Consequently, estimating distributions for these 
parameters may require a great deal of effort. In 
some cases, models are used to generate input 
parameter distributions; in these situations, the 
input parameter distribution is, at most, as good as 
the model generating it. 

When input parameter values are generated from 
computationally complex models, the large num
bers of simulations required by MCA may be 



impractical. There are techniques for improving 
the statistical efficiency of the general Monte Carlo 
method. The most well-known of these methods is 
Latin Hypercube Sampling (LHS), which applies a 
particular stratified sampling design to the input 
parameter distributions. Another useful method is 
importance sampling, in which the probability of 
selecting an input value is proportional to its 
inherent significance rather than its likelihood of 
occurrence; in particular, if a certain portion of the 
risk/exposure distribution was of great interest, 
input parameter values more likely to result in that 
output of interest could be assigned a higher proba
bility of being sampled. 

As with the BRA point estimates, there are qual
itative uncertainties in the MCA results that cannot 
be ignored. The quality of the MCA is only as 
good as the selected risk model. The risk and expo
sure equations given in RAGS (EPA 1989a) were 
intended for BRA estimates; that is, these models 
are expected to use conservative assumptions to 
generate a conservative point estimate of risk. 
Such a model cannot be expected to produce 
unbiased and precise estimates of risk. 

The simple BRA model may not begin to take 
into account the true complexities of determining 
exposures and risks. The model does not explicitly 
account for correlations between the input vari
ables (although using an MCA or LHS sample can 
alleviate this problem). Age, in particular, may 
heavily impact risk, but is not explicitly included 
in the BRA risk models (there is discussion of 
treating children separately from adults in RAGS; 
others suggest treating older age groups separately 
as well). Care must be taken in associating the tox
icity value with the appropriate exposure measure: 
absorbed dose, effective dose, etc. Finally, the true 
exposure is extremely difficult to model, due to 
variation in contaminant concentrations across 
time and space and variation in human habits. 

The MCA technique does have some inherent 
shortcomings, but these should not pose a problem 
to its use in human health risk assessment. Morgan 
and Henrion (1990) note that under certain com
plex probability calculations, discrete probability 
tree models are preferable to MCA. In particular, if 

there is any Bayesian inferences to be made or the 
correlation structure is complex, then there may be 
reasons to prefer discrete probability trees. Iman 
and Helton (1988) point out that MCA and, in par
ticular, LHS can induce undesirable correlations 
between input parameters. However, there are 
methods that will control these correlations. 

Difficulty in estimating the tails of the input 
parameter distributions implies difficulty in 
estimating the tails of the risk distribution. It may 
be reasonable to compute risks for that part of the 
population with the greatest risk separately from 
the remainder of the population. This would pro
vide for a more careful assessment of the model 
used and the validity of the extremes of the input 
parameter distributions (and the association of 
extreme input parameter values). 

3.3 Uncertainty, Variability, and 
Sensitivity 

The environmental risk assessment literature 
tends to make a distinction between uncertain 
parameters and variable parameters. The distinc
tion helps identify which parameters to focus on to 
improve the uncertainty analysis. A sensitivity 
analysis is separate from an uncertainty analysis. 
However, sensitivity analyses are commonly used 
to help guide the effort in the uncertainty analysis. 

3.3.1 Uncertainty and Variability. In quanti
tative uncertainty analyses for environmental risk 
assessment, it is customary to distinguish between 
parameters that are uncertain and those that are 
variable. An uncertain parameter is one for which 
little data or information is available; hence the 
parameter value is literally uncertain. A variable 
parameter is one for which there is sufficient data 
or information, but the parameter does vary; for 
example, heights of men in a population cannot be 
quantified by a single height. Clearly, by these def
initions some parameters may be bom variable and 
uncertain. 

Variability in a parameter can be treated in two 
ways: 

1. Run the model on each element/member of 
the population or distribution. For example, a 
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wind rose is a population of wind speeds and 
directions, and the entire wind rose can be 
part of a computer model of airborne 
transport. 

2. Let the variability help generate the uncer
tainty distribution. For example, body weight 
varies among adults, and this distribution can 
be determined from data. A random adult 
ingesting vegetation or water has an uncer
tain body weight—that is, the postulated 
adult would know his/her own weight, but 
the analyst does not. Therefore, the distribu
tion of adult body weights (describing vari
ability) becomes the uncertainty distribution 
(describing the lack of knowledge). This 
method of treating variability is commonly 
used in environmental risk assessment. 

If a variable quantity is difficult to measure, the 
estimated variability gives only an initial approxi
mation of the corresponding uncertainty distribu
tion. That is, there is uncertainty in the moments 
(e.g., mean, variance) of the underlying distribu
tion for that variable quantity. There is likely to 
even be some uncertainty in the form of the dis
tribution (e.g., normal, lognormal). Then this first 
approximation of the uncertainty distribution must 
be widened to reflect the fact that the population 
characteristics are not known very well. For exam
ple, it is known that the toxicity of a contaminant 
can depend upon age, sex, health, etc. That is, the 
toxicity is known to vary. However, typically there 
is little or no empirical data on toxicity in humans; 
that is, the toxicities are also subject to a great deal 
of uncertainty. The variability among humans 
would be treated just as variable body weights 
were treated above, but now the resulting uncer
tainty distribution must be widened to reflect the 
fact that even for a human of specified age, sex, 
health, etc., the toxicity is uncertain. In this exam
ple, this uncertainty may dominate the original 
variability. 

When variable parameters are used in an MCA, 
the distribution used to characterize the variability 
is often considered to be an uncertainty distribu
tion. This is argued from the point of view of sam
pling. When sampling from the distribution, 

essentially an individual from the underlying pop
ulation is selected; since it is not known which 
individual is to be selected, it is uncertain as to 
which value the parameter will take on. This 
argument better justifies the identical handling of 
uncertain and variable quantities in an MCA. 

Distinguishing between uncertain and variable 
parameters allows one to better focus efforts at 
improving the analysis. Essentially, a parameter 
with well-described variation and no uncertainty 
cannot be better known. That is, additional data or 
information will not substantially improve the 
quality of the uncertainty assessment On the other 
hand, uncertain parameters are not sufficiently 
well known. For these parameters, additional data 
or information will potentially improve the quality 
of the uncertainty assessment. 

From the perspective of the risk manager or 
decision-maker, the distinction between uncer
tainty and variability is not likely to affect deci
sions. While the final uncertainty in the risk esti
mates is generated as a result of uncertain and 
variable input parameters, the risk manager gener
ally does not need to distinguish that part of the 
total uncertainty due to uncertain input parameters 
and variable input parameters. 

3.3.2 Sensitivity and Uncertainty Analy
sis. Quantification of uncertainty is commonly 
accompanied by a sensitivity analysis. A sensitiv
ity analysis determines how much a parameter 
affects the final result. For a unit change in the 
parameter's value, the sensitivity analysis deter
mines how much change occurs in the final result. 
The uncertainty analysis quantifies the uncertainty 
in the final risk as a function of the uncertainties in 
the input parameters. Additionally, the uncertainty 
analysis will commonly quantify the proportion of 
the risk uncertainty due to each input parameter. 

The sensitivity of the result may be assessed 
locally or globally. Local sensitivity is measured 
on subsets of the ranges of the input parameters. 
The sensitivity of the risk to local perturbations of 
the input parameters varies depending upon the 
local ranges selected. A global sensitivity analysis 
considers the effect of the input parameters on the 
risk by considering the input parameters across 
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their full range of possible values. A global sensi
tivity analysis is related to the uncertainty analysis 
in that the range of the input parameters depends 
upon the uncertainty and variability in those 
parameters. 

The sensitivity analysis is a useful tool for 
focusing the effort expended in the MCA. Prior to 
performing MCA calculations, the sensitivity anal
ysis will identify which parameters' distributions 
to treat probabilistically. For INEL applications, 
this has already been done to a great extent by 
Smith (1994). 

3.4 Summary 

Quantitative uncertainty analysis provides 
numerical estimates about the quality of the 
results. In the case of risk assessments, the quanti
tative uncertainty analysis results in the range and 
likelihood of risks to human health or ecological 
receptors from exposures to contaminants. It is 
important to recognize that an uncertainty analysis 

is more than a propagation of error terms. While 
this report focuses on that part of an uncertainty 
analysis which is primarily concerned with propa
gation of error, the qualitative analysis, as dis
cussed in the RAGS, is no less important. A com
plete uncertainty analysis should be a statement 
about the quality of the data, results, and/or deci
sions as well as the quantitative uncertainty results. 

The PRA methods discussed in this document 
are a special case of uncertainty analyses and sup
port the decision-making of the risk manager. 
Upon completion of the MCA, the risk assessor 
provides the results to the risk manager, who will 
use these results in the decision-making process. 
This process must also consider social, political, 
and financial issues, which typically are not cov
ered under the uncertainty analysis/PRA. The 
focus of this report is to provide the decision
maker with an adequate description of risk so that 
the decision-maker can make a more informed 
decision. However, the PRA/uncertainty analysis 
is not the only factor in making such a decision. 
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4. ISSUES 

There are a number of important issues in imple
menting an MCA. Resolution of these issues is not 
simply determining what approach is technically/ 
scientifically "best" (which, by the way, does not 
necessarily have a simple answer). As with risk 
assessment in general, mere is no "perfect" MCA 
analysis of a given problem. While a perfect stan
dard may not exist, an MCA with less uncertainty 
and bias and more representativeness would be 
considered a better analysis. Considering the cur
rent state of the DOE budget, the question needing 
to be answered is whether the analysis is sufficient 
for decision-making. 

Given the lack of current regulatory guidance 
for Monte Carlo sampling, diese issues may need 
to be resolved on a project-by-project basis. Most 
of these issues will require agreement between all 
the agencies (DOE, EPA, State of Idaho) with 
oversight of the INEL environmental programs. 

Throughout the following sections, a phased 
approach to PRA is assumed. Each phase is a 
complete analysis, but is also an iterative refine
ment of the die previous phase. Refinements can 
include reducing the conservatism, using more 
site-specific data, using more detailed models of 
exposure or contaminant transport, etc. Stopping 
rules would include: 

• It is highly probable that the overall carcino
genic risk is less than 1 x 10"6 or the overall 
non-carcinogenic hazard index is less than 
one. 

• It is highly probable diat the overall carcino
genic risk is greater than 1 x 10"4 or the over
all non-carcinogenic hazard index is greater 
than one. 

• Resources (time, budget) preclude the further 
refinement of the MCA. For the given level 
of resources required, the amount of informa
tion gained by continuing to a further refine
ment is not likely to significantly improve the 
quality of the risk assessment or decision. 

• Information outside of the risk assessment 
provides enough useful information that, in 
conjunction with the risk assessment results, 
a decision can be agreed to by all stakeholders. 

4.1 When to Implement a Monte 
Carlo Analysis 

Because implementing an MCA can be time-
consuming, it is not desirable to perform an MCA 
with every risk assessment done at the INEL. For 
example, if the BRA risk is less than 1 x 10"6 for 
carcinogens or the HI is less than 1 for non-
carcinogens, men an MCA is not likely to affect 
any decision-making. Conversely, if the point 
estimate of risk is extremely high (e.g., greater 
than 1 x 10"4), an MCA is not likely to signifi
cantly improve the risk manager's decision. 

Within the environmental risk assessment com
munity, there is litde discussion of when to imple
ment an MCA. Price (1993b) suggests that MCA is 
most useful when either the RME risks exceed me 
regulating criteria by less than a factor of ten, and/ 
or the typical estimate does not result in an unac
ceptable risk. Finley and Paustenbach (1994) note 
mat as the number of exposure pathways and input 
parameters increase, die difference between the 
BRA point estimate and the 95m percentile of the 
MCA risk distribution also increases. Based on 
Finley and Paustenbach (1994), another criteria 
could be whether secondary pathways (e.g., ingest
ing beef from cows mat grazed on contaminated 
vegetation) are used in the risk assessment, since 
they found that secondary pamways can signifi
cantly increase the uncertainty in the risk esti
mates, resulting in an order of magnitude differ
ence between the RME risk estimate and me 95th 
percentile of the MCA risk distribution. 

Hattis and Burmaster (1994) provide a general 
discussion of when to implement an MCA analy
sis. Their suggestions focus on how the MCA can 
support project objectives. Hence, while they dis
cuss how MCA can quantify uncertainty, they also 
consider how MCA is beneficial in determining 
whether additional information would be cost 
effective, how die MCA can identify and address 
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vulnerable subpopulations, and how it can be used 
to prioritize and evaluate remediation alternatives. 

A cost-benefit approach to implementing an 
MCA would likely be useful. Iterative refinement 
may also be a useful strategy. If the BRA point esti
mate of risk is between 1 x 10"6 and 1 x 10 -4, afirst-
level MCA analysis might be run. This first-level 
MCA could be based on available data and, with 
great caution, expert opinion. For some future path
ways, complex computer models, such as those for 
groundwater transport, may be required. In these 
cases, an iterative approach may be difficult 
because a significant portion of the MCA effort will 
be spent on running the computer model. 

The MCA will be most useful when the risk 
manager would like the following: 

• A better handle on me degree of conservatism 
of the BRA point estimate (i.e., determine 
where the point estimate falls in me resulting 
MCA risk distribution). 

• A better understanding of the distribution of 
risks across the population (i.e., determine 
what proportion of a population is subject to 
a given level of risk or exposure). Also, iden
tify those subpopulations that might be most 
at risk from exposure. 

• More information on the ability to improve 
the risk estimates. Determine which path
ways, contaminants, or parameters contribute 
most to the uncertainty in the risk or expo
sure. Consequently, determine whether the 
uncertainty can be significantly reduced by 
focusing effort on those causes. 

• In general, then, a better understanding of the 
risks and the processes creating them. Stron
ger, more complete, risk/exposure informa
tion upon which to base decisions. 

It is suggested that an MCA be implemented 
when the following conditions are met: 

• The point estimate of risk is between 1 x 10 - 6 

and 1 x 10"4 or the HI is between 1 and 10. 

• There are a large number of input parameters 
and exposure pathways subject to uncertainty. 

• The cost of implementing at least a first step 
MCA can be justified by at least considering 
the cost of improving the quality of the 
decision versus the cost of no additional 
information. 

4.2 Level of Detail and 
Specificity 

This issue concerns the magnitude of scope of 
the MCA. The example shown in Section 6 is an 
extremely simple analysis. It uses a very simple 
exposure model and does not take into account any 
site-specific information (except contaminant con
centrations in soil). The example does not use 
transport models. MCAs at me INEL can use this 
simple approach or go into much greater detail. 

The decision on the level of detail required will 
need to be based on a cost-benefit analysis. If data 
is not currently available or complex transport 
models need to be used, then the cost for imple
menting a higher quality MCA may outweigh the 
benefits. In line with the iterative refinement 
approach, at some point a further refinement of the 
MCA results may not be worth the benefit. 

Many of the risk scenarios considered at the 
ENEL require extensive modeling transport of con
taminants (e.g., to the groundwater). In some cases 
these models are quite complex, have many inputs, 
and are time consuming (costly) to run. So one 
issue is the extent to which the uncertainty in these 
outputs should be quantified. Implementing a 
Monte Carlo analysis of 5,000 to 10,000 runs 
could be prohibitive. 

Under these conditions, the result of the trans
port model (e.g., concentration in groundwater) 
may be treated separately from the risk model. For 
example, a distribution of the concentrations in 
groundwater may be generated by applying LHS to 
the transport model. LHS is a stratified Monte 
Carlo sampling technique requiring far fewer runs 
than a regular Monte Carlo sample, while still 
resulting in good uncertainty estimates. This 
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distribution could then be entered into a broader 
Monte Carlo sample for estimating the risk 
distribution. 

Because a large proportion of the uncertainty in 
the risk estimates is due to the uncertainty in the 
toxicity values, it has been suggested that distribu
tions for toxicity parameters could be generated by 
applying different high-dose to low-dose extrapo
lation models or using PBPK (physiologically-
based pharmacokinetic) models (Price 1993). 
Implementing these methods requires a great deal 
of time and expertise. 

A good MCA will use site-specific input param
eter distributions. However, site-specific data may 
not always be available due, for example, to cost 
or, in the case of future risk scenarios, unattainabil-
ity. When site-specific data is not available, collec
tion of such data may be considered. Alternatively, 
data from similar sites may be used in its place or 
regional data may provide a practical surrogate. In 
any case, when site-specific data is not available, 
caution must be applied to avoid unrepresentative 
exposure and risk estimates. 

If surrogate data is used, the biases and uncer
tainties that affect the representativeness of the 
data should be considered (Barry 1994). That is, 
the ways in which the surrogate data may differ 
from the true site condition should be assessed. If 
biases can be identified and can impact the results, 
then they should be corrected for. If biases cannot 
be identified, then a method for quantifying the 
uncertainty introduced by the surrogate data 
should be implemented. 

If further refinement is needed but the costs of 
implementation are prohibitive, other methods 
could be explored. Alternative exposure and toxic
ity models may be worth considering. Switchover 
analysis with the current data could be insightful. 
A switchover analysis determines where in an 
input parameter's distribution, the (discrete) deci
sion would change. So, for example, one might 
determine what contaminant concentration results 
in a probable risk of 1 x 10"6, and compare this 
value to the current site concentrations to 

determine if it is feasible to clean the soil down to 
that concentration. 

4.3 Selection of Parameter 
Distributions 

Site specificity is one aspect of the larger subject 
of selection of parameter distributions. The issue 
of development of parameter distributions is criti
cal to a meaningful MCA. For some parameters, 
there may be plenty of observed data to arrive at a 
highly accurate distribution/characterization; some 
other parameters' distributions may be specified 
from theory. However, there will always be param
eters for which there is not enough available data 
nor understanding to get an accurate distribution. 

A number of references discuss distribution 
selection (in particular, Morgan and Henrion 1990; 
and Finley et al. 1994). Region III of the EPA 
expects that the PDFs will be based on peer-
reviewed literature and site-specific data (EPA 
1994). Regardless of the source or method of selec
tion, the selected distributions must be agreed to 
by all stakeholders. 

"Standard" PDFs for risk assessment parameters 
are becoming more available in the literature. 
Finley and Paustenbach (1994) cite 11 exposure 
parameter studies which they believe have suffi
cient data and applicability for which standard dis
tributions can be developed. Brorby and Finley 
(1993) present some suggested standard PDFs. 
Finley et al. (1994) present standard distributions 
for 10 exposure parameters and provide valuable 
advice on selecting distributions. Table 1 identifies 
the parameters considered in these studies. 

Distribution selection is not as simple as finding 
a reference in the literature. For example, consider 
soil ingestion by children. EPA (1989b) cites at 
least 7 studies of soil ingestion by children, with 
average amounts ranging from 20 to 100 mg/day 
(not including pica behavior). Of course, some of 
these studies may have flaws which would elimi
nate them from consideration (e.g., not adjusting 
for trace elements in food). Still 3 or 4 sets of rea
sonable data may remain. Now should the "best" 
data be selected or should the results be collapsed 
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Table 1. Risk equation parameters for which enough data are available to develop standard probability 
density functions (from Finley and Paustenbach 1994). 

Soil ingestion rates (children) 
Body weights 
Vegetable ingestion rates 
Particle deposition rates 
Dermal soil adherence 
Mother's milk ingestion rates 
Inhalation rates 
Exposure duration 
• Time since last job change 
• Residential occupancy period 

(meta-analysis)? For this example, Thompson and 
Burmaster (1991) selected the "best" data set to 
determine a PDF. They used the data set from the 
original study to calculate the PDF. Brorby and 
Finley (1993) also selected the study they consid
ered "best" for this parameter—but it was a differ
ent study than that selected by Thompson and 
Burmaster.(1991). In fact, Brorby and Finley 
(1993) consider the data used by Thompson and 
Burmaster (1991) to be of low quality (Thompson 
andBurmaster 1991 made some transformations of 
the data to account for the data's shortcomings). 
Hence, it is necessary to thoroughly review the 
available data on a parameter and evaluate its qual
ity. It may be necessary to enlist the expertise of 
•relevant technical professionals to help determine 
which data sets are of sufficient representativeness 
and quality. 

In the EPA Region m guidance (1994), it is rec
ommended that PDFs be developed from profes
sional judgment only when no data is available and 
only in the form of triangular or uniform distribu
tions. Conversely, Seiler and Alvarez (1994) 
present a strong argument against using triangular 
or uniform distributions when little or no data is 
available, as discussed in Section 5.2.2. Regardless 
of the distribution used to represent the parameter, 
the selected distribution must be technically 
defensible. 

Total water ingestion rates 
Total tapwater ingestion rate 
Total skin surface area 
Skin surface area by body part 
Time in a shower 
Total fish consumption 
• Marine 
• Freshwater 
• Shellfish 
• Recreationally harvested fish 

With respect to the MCA protocol, then, there 
are a number of issues to be considered. Specifi
cally, while the MCA protocol can provide guide
lines on selecting and developing PDFs for param
eters, recommending distributions (beyond what is 
already available in the literature) is a task unto 
itself and requires knowledge in the area of the 
parameter under study. 

In any case, all agencies and stakeholders 
involved in the risk assessment and decision
making process must agree to the selected distribu
tions. This should help guarantee that the distribu
tions are sufficiently broad to account for all 
uncertainties in the parameters. 

Development of a distribution for the toxicity 
parameter merits particular attention. The potency 
parameter used in risk assessment is arguably the 
most critical parameter in the risk model. It is the 
sole link between the exposure assessment and the 
risk. The toxicity/potency of a chemical is typi
cally determined from dose-response studies, 
typically animal studies. 

The problem with the potency measures is the 
high degree of uncertainty in them. While there are 
a number of reasons for this uncertainty, the two 
largest sources of uncertainty are likely (1) extrap
olation from animal studies to humans, and 
(2) extrapolation from high doses to low doses. 
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For carcinogens, the potency is given by the 
"slope factor" (SF, also called a "cancer potency 
factor") and has units of (kg-d)/mg. The SF is the 
risk per dose. It is calculated as the upper 95% con
fidence limit of the slope of the (log) linear rela
tionship between dose and response (usually fre
quency of tumors), with intercept at zero dose 
(i.e., no threshold). Clearly, the no-threshold 
assumption is at least conservative (if not realis
tic); however, the low-dose extrapolation model is 
more difficult to characterize with respect to 
conservativeness. 

For non-carcinogens, the potency is given by the 
"reference dose" (RfD) and has units of mg/(kg«d). 
Non-carcinogens are assumed to have a threshold, 
that is, a dose below which there is no adverse 
affect. The RfD is essentially the threshold (the 
"No Observed Adverse Effect Level" or NOAEL) 
from chronic exposure studies. More specifically, 
the RfD is the NOAEL divided by uncertainty 
factors. 

There is evidence supporting extrapolation of 
potency results from animal studies to humans (for 
example, see Allen et al. 1988). However, there is 
a concern that correlations in potency between dif
ferent species may be an artifact of the experimen
tal design (see Freedman et al. 1993). There are 
also known instances of chemicals that are carcino
genic in humans but apparently not in animals (for 
example, benzene and arsenic). PBPK modeling 
was designed to overcome the difficulty of extrap
olating animal study results to humans. It has been 
applied in monte carlo risk assessments (e.g., Cro-
nin et al. 1995). 

These uncertainties propagate into the final risk 
estimate. Price (1993a) states that "compounds... 
for which low-dose human potency is based solely 
on extrapolation from high-dose animal experi
ments, uncertainties in risk are dominated by the 
uncertainty in potency." He further cites a 1985 
Office of Science and Technology report which 
states that the "estimated carcinogenic potency 
does not necessarily give a realistic prediction of 
the risk. The true estimate of risk is unknown, and 
may be as low as zero." Finley and Paustenbach 
(1994) state that "it is likely that the inherent 

conservatism and degree of uncertainty in the slope 
factors far outweigh the lack of precision in the 
exposure assessment." 

Developing distributions for potency can be 
extremely difficult and controversial. Finley and 
Paustenbach (1994) note that SF PDFs for 
2,3,7,8-TCDD, benzene, and benzo(a)pyrene have 
been proposed. While they propose generating 
PDFs by applying a variety of low-dose extrapola
tion models to the best available data, this likely 
will not quantify all the uncertainties in these 
parameters. Clearly there is a need to better charac
terize the uncertainty distributions of contaminant 
toxicities. Again, when such distributions are 
developed they will need to be agreed upon by all 
agencies and stakeholders involved in the 
decision-making process. 

4.4 Sensitivity Results 
Most of the literature on MCA (e.g., Thompson, 

et al. 1992; Finley and Paustenbach 1994; 
Burmaster and Anderson 1993) suggests that for 
each MCA an initial sensitivity analysis should be 
implemented to determine which parameters 
should be varied and which can safely be held 
constant without significantly affecting the final 
risk distribution. The authors agree that in most 
INEL MCA applications, an initial sensitivity 
analysis should be implemented. However, when 
similar scenarios, models, and contaminants are 
addressed in other previous INEL MCAs, it may 
be possible to rely on the previous sensitivity 
analysis results. 

The sensitivity results will allow the risk asses
sor to better determine which parameters should be 
treated probabilistically. Burmaster and Anderson 
(1993) suggest the parameter be treated probabilis
tically if the range of the parameter accounts for a 
dominant fraction of the variation or range in the 
predicted risks. 

The literature is somewhat vague on how to 
implement the preliminary sensitivity analysis. 
While some suggest developing PDFs or CDFs for 
all parameters of interest and then running the sen
sitivity analysis to focus on the most important 
parameters, this would be redundant. Another 
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method determines rough upper and lower limits 
on the parameter and examines how much the risk 
changes over this range of the parameter (while, 
holding the remaining parameters constant). This 
method, the nominal range method, is discussed in 
detail in Section 5. 

At the INEL, Smith (1994) used different crite
ria to identify parameters that can be expected to 
require a more focused effort for developing dis
tributions. These parameters are identified in 
Table 2 and are expected to be highly uncertain and 
the risk is highly sensitive to changes in these 
parameters. Although the risk results may be most 
dependent upon the assumptions/distributions 
developed for these parameters, they are not neces
sarily the only parameters that should be treated 
probabilistically in a particular MCA project. 

4.5 Correlation Between 
Parameter Uncertainty 
Distributions 

One limitation of current MCAs is characteriz
ing and accounting for correlations between input 
parameters. While there are methods for handling 
correlations in MCA (Morgan and Henrion 1990), 
there is little data available on the strength of cor
relations between parameters commonly used in 
risk and exposure assessments. 

Evidence suggests that it is important to account 
for correlations between parameters; the degree of 
importance depending upon the strength of the cor
relation. Smith et al. (1992) found that ignoring 

correlation may seriously bias the resulting risks; 
however, they also conclude that in some circum
stances correlation can be ignored, and give a 
method for assessing how much effect correlation 
may have on results. Circumstances in which cor
relations may be ignored (because they will not 
substantially impact results) include: 

• Weak correlations 

• Correlations between variables with low 
influence/sensitivity. 

Burmaster and Anderson (1994) consider a cor
relation greater than 0.6 (in absolute value) to be 
"strong." While this use of a cutoff value is an 
oversimplification, Burmaster and Anderson 
(1994) suggest performing some simulations with 
and without the correlations to see how much dif
ference they can make. 

With the possible exception of treating children 
separately, age is not generally considered in the 
EPA exposure models. However, age does poten
tially account for a large proportion of the variation 
in some of the input parameters, such as weight 
and toxicity. Finley et al. (1994) suggest that a way 
to minimize errors due to correlation between 
parameters that are a function of age is to use age-
specific distribution functions, breaking the expo
sure assessment calculations down by age. 

When two (or more) parameters are positively 
correlated, and are summed in the model, then the 
mean will be unaffected but the variance will 

Table 2. Sensitive and uncertain parameters in INEL risk assessments (Smith 1994). 

Contaminant leach rate from 
metals 

Diffusion rate of volatiles and 
semi-volatiles out of waste form 
into gas phase 

Contaminant leach rate from 
sludges 

Contaminant leach rate from 
surface washoff 

Hydrological properties of basalt Hydrological properties of interbed 
fractures sediments 

Reference doses (nonradiological) Slope factors (nonradiological) Sorption coefficients for disturbed 
areas (source zone) 

Sorption coefficients for interbed 
sediments 

Thicknesses of individual 
sedimentary interbeds 
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increase (than if the correlation is not accounted 
for). If the positively correlated parameters are mul
tiplied, then both the mean and variance will be 
larger than if the correlation is not accounted for, if 
they are divided, then the mean and variance will be 
smaller than if the correlation is not accounted for. 

When using complex computer models 
(e.g., contaminant transport models) the correla
tions may be accounted for to some extent by the 
models. Complex causation mechanisms that can
not be accounted for by simply including a correla
tion coefficient must be part of the model, if the 
MCA results are to be representative. As a rela
tively simple example, the radionuclide activity in 
a waste repository will change over time due to 
decay. The amount it changes is a function of the 
half-lives of the radionuclides. However, the rela
tionship between activity and half-life cannot be 
quantified by the correlation coefficient; rather, the 
model must take decay into account. 

4.6 Expert Opinion 

When dealing with uncertain parameters (as 
opposed to variable parameters), a degree of sub
jectivity is required when developing the distribu
tion. Eliciting expert opinion is one way to obtain 
distributions for uncertain parameters. 

When data are not available and bounding dis
tributions (e.g., uniform, triangular) do not provide 
enough specificity, then subjective probability dis
tributions may be developed. The subjective meth
ods can roughly be divided between informal and 
formal methods. Informal methods include self 
assessment, brainstorming, causal elicitation 
(without structured efforts to control biases), and 
taped group discussions (Barry 1994). While the 
informal approaches are clearly less costly in the 
short term, they may provide an incomplete 
description of the uncertainty in the parameter and 
the results will be more difficult to defend. Formal 
methods are likely to perform significantly better 
than informal methods under the following condi
tions (Barry 1994): 

• Data are unobtainable and existing data must 
be supplemented 

• Information to be gathered will have a major 
impact on the results of the study 

• The available information is highly variable 

• The issues are complex 

• The representativeness of available data is 
questioned 

• Existing findings must be supplemented, 
interpreted, or extended because of new data 

• Several experts will be employed individu
ally or as a team 

• The findings are expected to undergo close 
scrutiny or subject to legal challenge 

• Expert opinions will be used extensively by 
other studies 

• The costs of redoing an informal study that 
failed to withstand criticism or that used 
faulty methods are expected to exceed the 
costs of conducting a formal elicitation study. 

Use of expert judgment has weaknesses, one of 
which is a substantive problem in quantifying the 
tails of the distribution. The tails of the resulting 
risk distribution are of greatest regulatory interest 
and are most influenced by the tails of the input 
parameter distributions. Expert opinion is least 
effective at estimating tails of the distribution due 
to the greater uncertainty associated with extreme, 
rare events. Morgan and Henrion (1990) provides 
an overview of three methods for formal elicitation 
of expert opinion, along with further references. 

4.7 Bounding the 
Assessment/Problem 

The general form of the question/decision to be 
considered by risk analysis is "Does this site pres
ent a significant risk to humans/environment?" 
The answer to this question may depend upon how 
it is framed. When determining significant risk, the 
assessor must understand what population is to be 
considered. In the past, risk assessments have ten
ded to focus on the most sensitive subpopulations 
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(that is, they have been conservative). The EPA 
(1992a) suggests three portions of the population 
should be considered: the TUBE, a member of the 
population in the top 10% of risk, and a median 
population risk. 

Some authors have cited a need to consider tails 
of distributions separate from the remainder of the 
distributions (e.g., Barry 1994; Lambert et al. 
1994; Haimes et al. 1994). Whether this possibility 
should be developed and described in this docu
ment depends upon the framing of the assessment 
question. There is consensus that standard methods 
for parameter distribution selection do not ade
quately address the tails of the distributions. 
Hence, if the assessment question is framed such 
that the tails of distributions are important, then 
discussion of tail estimation should be included. 
However, if it is decided that, for example, the 
TUBE be a point estimate (as it should be) and the 
median and 90th percentiles will be the driving 

risk values, then the tails may likely be ignored in 
most cases. 

As with many of the other issues discussed here, 
the scenarios, pathways, models, endpoints, etc. 
must be agreed upon by the stakeholders. In order 
to meet the expectations/requirements of all the 
stakeholders, the problem must be clearly defined 
and understood by all stakeholders. 

4.8 Ecological Risk Assessment 

The use of probabilistic exposure models for 
ecological risk assessments at contaminated sites 
at the INEL has the same advantages and disadvan
tages as the human health efforts. The develop
ment of distributions, however, may be even more 
difficult due to lack of available information on the 
multiple receptors at the site. The complex food 
web and multiple species issues may also be 
problematic. 
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5. METHODOLOGY 

In this section, the methodology for performing 
an MCA is developed. There are three critical steps 
in the process. 

1. Implement a sensitivity analysis of the risk, 
identifying parameters that most impact the 
risk estimate. 

2. Determine appropriate probability density 
functions (PDFs) or cumulative distribution 
functions (CDFs) for parameters identified in 
Step 1. 

3. Implement Monte Carlo sampling of input 
distributions to calculate the risk distribution. 

- Determine the number of Monte Carlo 
samples needed to get a reasonably pre
cise estimate of the risk distribution. 

- Assess the reproducibility and represen
tativeness of the results. Also, imple
ment a final sensitivity analysis show
ing which parameters have the largest 
impact on the overall uncertainty in the 
risk estimates. 

4. Present a graphical summary of the results. 

The following sections provide more details on 
the implementation of these steps. 

This document recommends the use of Monte 
Carlo simulation for risk distributions. Monte 
Carlo methods, including LHS, are conceptually 
and computationally simple to implement. Envi
ronmental risk assessment commonly uses com
plex transport models. Most other methods of 
uncertainty analysis cannot handle computational 
complexity as easily as Monte Carlo methods. 
However, other methods of uncertainty analysis 
are available. So, while most, if not all, the envi
ronmental risk analyses at the INEL are well suited 
to MCA, other methods might be considered. 
Alternative techniques are introduced and further 
referenced in Morgan and Henrion (1990). 

5.1 Initial Sensitivity Analysis 
Once the decision has been made to proceed 

with MCA, the initial step is to determine which 
parameters most impact the risk estimates. When 
the range of a parameter's uncertainty distribution 
account for a dominant fraction of the range in the 
predicted uncertainty in the risks, the risk would be 
considered sensitive to that parameter (Burmaster 
and Anderson 1993). 

To determine which parameters meet this crite
ria, an initial sensitivity analysis should be imple
mented. The method suggested is called the "nom
inal range" sensitivity analysis (Morgan and 
Henrion 1990). Before implementing the nominal 
range method, the user may find it useful to 
initially decide (subjectively) which parameters 
most impact the risk. These initial identifications, 
though subjective, may be useful later in assessing 
the representativeness of the results from the 
nominal range analysis. 

5.1.1 Nominal Range Method. Essentially, 
this method measures the change in risk over the 
expected range of parameter values. Those param
eters that cause the greatest change in risk are con
sidered the most important and should be handled 
probabilistically in the MCA. The nominal range 
method identifies those parameters which account 
for a dominant fraction of the range in predicted 
risks. Except for some problems discussed later, 
the method is straightforward to implement 

1. Estimate a reasonable minimum, median or 
average, and maximum for each parameter. 
These values are expected to be rough esti
mates, and should not require a great effort to 
determine. Expending too much effort would 
defeat the purpose of the initial sensitivity 
analysis: to focus the effort on the most 
important variables. 

2. For each parameter, calculate the risk at the 
minimum and maximum values while hold
ing all the remaining parameters at their 
median or average. The "swing weight" for 
the parameter is then the absolute value of the 
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difference between the risks at the maximum 
and minimum for that parameter. 

3. Rank the swing weights from largest to 
smallest; the largest swing weights represent 
the most important parameters. A rule of 
thumb for the cutoff has not yet been estab
lished. Consequently, a visual inspection of 
the rankings combined with professional 
judgment is required. 

5.1.2 Some Caution Is Required. Certain sit
uations may cause serious problems with imple
mentation of the nominal range method. First, 
there may be so many parameters or the model may 
be so complex that it is impractical/prohibitive to 
vary each parameter. Second, the presence of inter
action between parameters may invalidate the 
results. 

When there are many parameters, it may not be 
reasonable to vary each one, especially when the 
risk calculations are expensive to run. This is par
ticularly a problem when running transport model 
codes for exposure estimates. In these situations, 
the analyst could use prior knowledge about which 
parameters are most important in the code, and 
vary only those parameters. Alternatively, it may 
be possible to use of fractional factorial designs to 
reduce the number of runs required to determine 
the most sensitive parameters. 

The presence of interaction between parameters 
can lead to invalid results. Interaction occurs when 
the effect of one parameter on the risk depends 
upon the level of another parameter. For example, 
because a child's blood/brain barrier is not fully 
developed, it is more susceptible to lead poisoning 
than an adult's. A low concentration of lead which 
may not have any significant impact on an adult 
may have devastating effects on a child. Hence, the 
effect of lead on health depends upon age. This is 
an interaction. 

Interaction can be assessed through a more 
rigorous selection of parameter levels than those 
produced using the nominal range method. If inter
action is suspected, the analyst should consider 

methods that can assess interaction, such as facto
rial designs. 

5.2 Distribution Selection 

As discussed previously, selecting parameter dis
tributions for use in the analysis is a critical and 
often difficult step in MCA. Selection of represen
tative distributions is essential to obtain meaningful 
results from the MCA. Care must be taken in select
ing accurate descriptions of the range and likeli
hood of parameter values so that the distributions 
adequately describe both the variation and uncer
tainty in the parameter. Distribution selection can 
be difficult due to a lack of available data, amount 
of effort required, and technical complexity. 

The following Sections, 5.2.1 through 5.2.3, 
give more details on parameter distributions and 
their selection. The first section discusses the types 
of quantities that may enter a risk equation and 
how they should be handled in an MCA. The 
second section gives an overview of the types of 
distributions that are commonly used to character
ize a parameter. The third section discusses meth
ods for selecting distributions. 

5.2.1 Types of Quantities. Morgan and 
Henrion (1990) identify six types of quantities that 
may enter a risk or exposure model as shown in 
Table 3. A review of the MCA literature might 
imply that distributions can and should be devel
oped for all parameters in the risk assessment 
equations. Morgan and Henrion (1990) present a 
strong argument against excessive use of probabil
ity distributions. Their main thesis is that certain 
quantities in a risk equation are not adequately 
characterized by probability distributions and 
entering them as such can result in misleading or 
vague results. 

While distributions may be developed for any 
quantity in a risk or exposure model, it is important 
to recognize the limitations and implications. As 
shown in Table 3, Morgan and Henrion (1990) rec
ommend that only empirical parameters be treated 
probabilistically in an MCA. Uncertainty in other 
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Table 3. Summary of types of quantities used in risk/exposure equations (Morgan and Henrion 1990). 

Type of quantity Example Treatment of uncertainty 

Empirical parameter 

Defined constant 

Decision variable 

Value parameter 

Index variable 

Model domain parameter 

Contaminant concentrations, body 
weight, soil ingestion rate 

%, Planck's constant 

Remediation method 

Risk tolerance, value of life 

Time, location 

Time increment 

Probabilistic, parametric, or 
switchover 

Certain by definition 

Parametric or switchover 

Parametric or switchover 

Certain by definition 

Parametric or switchover 

quantities should be treated through parametric 
analysis or through switchover analysis. 

Li parametric analysis, the uncertain parameter 
is varied over a range of possible values without 
specifying the probability of that value occurring. 
That is, the model is analyzed for a range of values 
of the uncertain parameter. This allows one to 
assess whether changes in the parameter's values 
has any effect on the response. 

In switchover analysis, the uncertain parame
ter's values are back-calculated to determine where 
in the range of the parameter's values a change in 
decision would occur (if anywhere). This results in 
a series of possible decisions and the uncertain 
parameter's values that are compatible with that 
decision. For example, the method used to remedi
ate a site will affect future risk. For each remedi
ation method considered, one could back-calculate 
to determine under which conditions (of the 
remaining parameters) the risk is minimized. This 
would be a switchover analysis. 

Before discussing the types of quantities 
encountered in risk and exposure assessment, it 
should be noted that the determination of the type 
of a given quantity may vary depending upon the 
situation. For example, when determining Maxi
mum Concentration Limits (MCLs) for drinking 
water, the EPA may consider the MCL to be a deci
sion variable. However, the INEL, when assessing 

compliance with regulatory standards, would con
sider the MCL a defined constant. 

5.2.1.1 Empirical Parameters. Empirical 
parameters or chance variables are quantities that, 
at least in theory, are measurable properties of the 
system/population being.modeled. Many variables 
in exposure and risk models are empirical quanti
ties. Examples include carcinogenic slope factors, 
daily consumption of water by a 1- to 5-year-old 
child, and number of days a person is exposed to a 
contaminant. The key property of an empirical 
parameter is that it represents a measurable prop
erty of the population/system. 

There are generally five types of empirical 
parameters used in human health risk assessment 
that may require distributions for use in an MCA: 

1. Contaminant concentrations 

2. Slope factors and hazard indexes 

3. Certain pathway parameters 

4. Transfer coefficients 

5. Demographic statistics. 

Empirical parameters are the only type of quan
tity that Morgan and Henrion (1990) recommend 
to be treated probabilistically (i.e., through proba
bility distributions) in an MCA. Unlike other types 
of quantities that may be entered into an MCA, 
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empirical parameters do have true, observable 
values; however, these true values are typically 
unknown and hence subject to both uncertainty 
and variability. 

This guidance recommends that empirical 
parameters should be the only parameters treated 
probabilistically. The remaining types of quantities 
are presented for informational and awareness 
purposes. 

5.2.1.2 Defined Constants. Defined 
constants are physical constants, including values 
such as Jt, Planck's constant, and the number of 
days in the year. Obviously, these values are 
constant by definition and would not be varied in 
an MCA. 

5.2.1.3 Decision Variable. Decision vari
ables are parameters over which there is direct con
trol. For example, the remediation method used to 
clean up a site would be a decision variable since 
there is a choice of methods available that could be 
implemented. Decision variables have no "true" 
value, but have a set of possible values, one of 
which must be selected. Decision variables are not 
"uncertain" and cannot be treated probabilistically. 
They are commonly analyzed through switchover 
techniques to help the decision-maker determine 
the optimal value of the variable. 

5.2.1.4 Value Parameters. Value parame
ters represent aspects of the preferences of the 
decision-makers or the people they represent Two 
common examples include the controversial 
"value of life" and the risk tolerance (the degree of 
risk aversion). These parameters are often treated 
probabilistically, but Morgan and Henrion (1990) 
argue against this treatment for two reasons: 

1. "Value parameters tend to be those that have 
the greatest uncertainty and may contribute 
most to the decision. Probabilistic treatment 
may hide the impact of this uncertainty so the 
decision-maker may not be able to see the 
implications of their possible alternative 
value choices." 

2. "It is often an important purpose of analysis 
to help people to choose or clarify their 
values. If the analysis reveals that the value 
parameter does not affect the decision, it can 
be safely ignored. Alternatively, if the deci
sion is found to be dependent upon the value 
parameter, then careful thought and refine
ment will be worthwhile." 

Morgan and Henrion (1990) further argue that 
value parameters are best treated parametrically 
(i.e., each possible realization of the value parame
ter is analyzed separately). By so doing, the 
researcher can gain insight into the implications of 
possible alternative value choices. 

5.2.1.5 Index Variables. Index variables are 
used to identify a location or cell in the spatial or 
temporal domain of a model. Examples of index 
variables include year in a multi-year model and 
grid location in a spatial model. Index variables 
may also identify a member of a set; for example, 
the RWMC is an element of the set of (potentially) 
contaminated sites at the INEL. As with defined 
constants, index variables have no uncertainty 
associated with them. 

5.2.1.6 Model Domain Parameters. Model 
domain parameters bound the spatial and temporal 
extent of the system being modeled. They also spec
ify the spatial and temporal increments of the index 
variables. They are important in both a PRA and 
BRA analysis. For example, for a future risk sce
nario, the last year modeled specifies the temporal 
domain of the model; for contaminant transport, 
depth to groundwater might be considered a domain 
parameter. Domain parameters also specify the step 
size of index variables. Domain parameters may 
also define baseline properties, such as background 
concentrations of metals in soils. 

Because the model domain parameters control 
the precision of the representation and the com
putational complexity of the model, model domain 
parameters can substantially impact the uncer
tainty analysis. The finite domain of analysis and 
finite degree of detail gives rise to "approximation 
uncertainty." It is worthwhile to vary model 
domain parameters parametrically to examine how 
they affect the results of the analysis. 
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Awareness and understanding of how the model 
domain parameters affect risk estimates is critical. 
This aspect of models is too easily overlooked. In 
particular, the temporal domain should be well 
understood when applying PRA techniques. 

The magnitude of the time-scale may signifi
cantly impact a parameter's distribution. That is, 
short-term variation often differs from long-term 
variation. Examples in which short-term variation 
is actually larger than long-term variation are fairly 
common; indeed, when averaging over periods of 
time to get daily values, the variation will decrease 
as the averaging time increases. 

Uptake parameters, whether ingestion or inhala
tion rates, for infrequently encountered substances 
can pose a particular problem in defining model 
domain parameters. Finley et al. (1994) specifi
cally cite consumption of shellfish and freshwater 
fish. A short-term survey will conclude that a vast 
majority of the population do not eat either of these 
since they are infrequently eaten by individual 
population members. Hence, basing an uptake dis
tribution for chronic uptake on such results will 
result in a poor characterization if the temporal 
domain is much longer than the survey's temporal 
domain. 

5.2.2 Types of Distributions. This guidance 
recommends that empirical variables are the only 
parameters to be treated probabilistically in an 
MCA. These variables may be entered into the 
MCA in the form of a probability distribution. In 
this section, the forms that the distribution may 
take are examined. This is essentially an introduc
tion to some commonly used distributions. For 
more information, the reader should refer to more 
definitive texts such as Evans, Hastings, and 
Peacock (1992) or Johnson and Kotz (1969,1970a, 
1970b, 1972). 

The probability distribution must identify the 
values that the variable can achieve and the likeli
hood that the value(s) will occur. This can be done 
using cumulative distribution functions (CDFs) 
which show the probability that die variable will 
take on a value less than or equal to the specified 
value. When the CDF is continuous, the derivative 

of the CDF is the probability density function 
(PDF), often simply called the density. For a dis
crete distribution, the CDF is a step function, and 
the difference of successive values is the probabil
ity mass function (PMF). 

While the shape of the distributions of the risk 
equation input parameters generally have little or 
no effect on the resulting median risk values, they 
can have a large effect on the tails of the resulting 
risk distribution. Since the tails of the risk distribu
tion are always the most uncertain and often of 
most interest, careful selection of input parameter 
distributions that adequately characterize the 
extreme values of the parameter is important. 

A case in point is the common use of the uni
form distribution when there is little or no avail
able information on a parameter. It is not clear how 
this trend started; possibly because the distribution 
has such a simple form it was convenient to use; 
also, by assigning each value an equal probability 
of occurrence (within the range of the parameter), 
it is considered a reasonable descriptor of a high 
degree of uncertainty. 

Seiler and Alvarez (1994) argue that use of the 
uniform distribution requires far more stringent 
knowledge requirements than the use of other dis
tributions. The uniform distribution is a two-
parameter distribution; the parameters represent 
the rninimum and maximum values. According to 
Seiler and Alvarez (1994), knowing exactly what 
these limits are requires a tremendous amount of 
knowledge, further saying that points even near the 
extreme values of the range have equal probability 
of occurrence also requires a great deal of know
ledge since it goes against common sense (for 
many risk input parameters). 

On the other hand, there is some support for 
using simple distributions like the uniform and 
triangular. Use of the uniform distribution is some
what conservative if the minimum and maximum 
are appropriately selected. Also, EPA Region III 
(EPA 1994) requires the use of uniform distribu
tions when distributions are based on expert judg
ment. Morgan and Henrion (1990) argue that the 
use of these distributions would indicate mat the 
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true distributions are not precisely known and may 
help prevent over-interpretation of the results. 

Characterization of the tails of a parameter dis
tribution can be a particular problem. Since risk 
managers are commonly interested in the tails of 
the risk distribution, and these tails are usually a 
result of combinations of extreme values of the 
input parameter distribution, tail characterization 
may be of particular importance. 

If the INEL protocol is to follow current EPA 
(1992a) exposure assessment guidance, then the 
focus will be on the TUBE, 90th percentile or 
higher, and the median. The TUBE is derived 
theoretically and will not rely on MCA. The 90th 
percentile and median can be estimated from MCA 
results (indeed, nonparametric confidence limits 
on these values can be developed). Finley et al. 
(1994) indicate that in their experience, estimation 
of the median and 90-95th percentile are relatively 
unaffected by extreme values. Hence, it may be 
that no special consideration of tails and extreme 
values is warranted. 

If values beyond the 95th percentile of the risk 
or exposure distribution are of interest for the 
decision-making process, then special methods for 
handling tail distributions may be required. 
Lambert et al. (1994) present a good introduction 
to extreme value statistics and methods for han
dling tails of distributions. Basically, they argue 
that the assessment of the tail of the distribution 
should often be performed separately from the 
assessment for central values. 

Distributions can be used to describe either a set 
of observable values or the likelihood that an 
unknown but estimable quantity takes on a particle 
value. In the first case, the distribution describes 
the probability or frequency with which the pos
sible values occur in the population. Distributions-
observable data can be either discrete or continu
ous. For example, the lognormal distribution 
provides a good description of adult body weights 
(Brorby and Finley 1994). In the latter case, the 
distribution represents variability and uncertainty 
in a parameter. Distributions of empirical parame
ters will be continuous. For example, the expected 

proportion of the contaminant in food that is 
absorbed would likely be described by a beta 
distribution. 

The risk analyst may have observed data; in 
which case, the analyst will try to fit the observed 
data to a known distribution. The parameters) of 
that distribution have an uncertainty distribution, 
and perhaps a variability distribution. The form of 
the distribution of a parameter may be determined 
from statistical estimation procedures (e.g., bino
mial data often lead to a beta distribution forp), or 
may be based on expert judgment In any case, the 
uncertainty or variability distribution may have 
one of the forms given next. 

Plots of the most commonly used PDFs and 
PMFs are shown in Figure 3. The characterization 
and applicability of these distributions are briefly 
discussed in the following sections. The first five 
distributions, the normal, lognormal, exponential, 
Weibull, and gamma, can apply to both data and 
parameters. The next three distributions, the beta, 
uniform, and triangular, are typically used in 
describing parameters. The final distributions, the 
binomial and Poisson, are typically used in 
describing data. 

5.2.2.1 Normal Distribution. The normal, 
or Gaussian, distribution is the familiar bell-
shaped distribution. It is a commonly used dis
tribution for describing unbiased measurement 
error and sums of random variables. This and the 
lognormal are the most familiar distributions and 
may therefore be somewhat overused. 

The PDF for a normally distributed variable is 
given by 

The mean and variance are given by u. and a 2 , 
respectively. There is no closed form of the CDF, 
though tables and numerical methods are avail
able. Many of the following distributions converge 
to the normal distribution as the coefficient of vari
ation, v, gets small, where v is the standard 
deviation divided by the mean. 
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Figure 3. Plots of the density or mass functions for common distribution types. Parameter values are as 
follows (see Section 5.2 for parameter definitions): a. Normal, solid: u. = 1, a = 0.3; dashed: u. = 1, a = 1 
b. Lognormal, solid: jjy = 1, a y = 0.3; dashed: Uy = 1, <jy = 1. c. Exponential, solid: A.=0.3; dashed: X=0.5 
d. Weibull, solid: y = 0, a = 3, 0 = 1; dashed: 7 = 0, a = 5, p = 1. e. Gamma, solid: 7=0 , a = 3, p = 1 
dashed: 7 = 0, a = 5, P = 1. f. Beta, solid: a = 3, p = 2,7= 0,9 = 1; dashed: a = 1, p = 3,7= 0,9 = 1. g. 
Triangular, solid: a = 0,7 = 0.5, P = 1.0; dashed: a = 0,7 = 0.3, p = 1.2. h. Poisson, filled: A. = 5; blank 
A. = 10. i. Binomial, filled: n = 20, p = 0.25; blank n = 20, p = 0.5. 
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There is always some probability of obtaining a 
negative value when sampling from a normal dis
tribution. As such, it is not a purely accurate des
criptor of parameters that cannot take negative val
ues (e.g., daily ingestion of water, body weight). 
This may not be of concern if the mean of the dis
tribution is located at least 5 standard deviations 
above zero, since then the likelihood of a negative 
value is extremely small, on the order of 3 x 10"7 

(three ten-millionths). If the mean is 6 standard 
deviations greater than zero, the likelihood of aneg-
ative value is about 1 x 10"9 (one billionth). Keep 
in mind, however, that Monte Carlo analyses may 
use a large number of simulations, certainly on the 
order of tens of thousands. Consequently, there is 
actually a greater likelihood of sampling a negative 
value than one might realize. For example, if the 
probability of selecting a negative value in a single 
random sample is 0.0001, then the likelihood of 
selecting at least one negative value in 10,000 ran
dom samples is about 0.63. To circumvent this 
problem, analysts will sometimes use a truncated 
normal distribution, with truncation occurring at 
the smallest possible value, commonly zero. 

5.2.2.2 Lognormal Distribution. A param
eter, x, is said to be lognormally distributed when 
y = In x is normally distributed. The lognormal dis
tribution is commonly used to describe contami
nant distributions and products of random vari
ables. This distribution is descriptive of 
nonnegative, highly skewed quantities. It is particu
larly appropriate for representing large uncer
tainties that are expressed on a multiplicative or 
order-of-magnitude basis. For example, when the 
quantity X is known within a factor of 2, or within 
an order-of-magnitude (factor of 10), a lognormal 
distribution is probably appropriate for its 
representation. 

There are two, three, and four parameter lognor
mal distributions. We consider only the two-
parameter lognormal here. The PDF for the two-
parameter lognormal distribution is given by 

- 0 0 < fly < OO, Oy > 0 , 

where Uy and oy are the mean and variance of the 
transformed variable y = In x. These are the two 
parameters most commonly used to specify a log-
normal distribution, though some authors will use 
the geometric mean [exp (p.y)] and geometric stan
dard deviation [exp (a y)]. There is no closed-form 
representation of the CDF, although it can be 
expressed in terms of the normal CDF. 

5.2.2.3 Exponential Distribution. The 
exponential distribution is important in that it 
forms the basis for a number of other probability 
distributions. The exponential distribution has 
been used to describe the time until a specific event 
occurs (i.e., the interarrival time of a Poisson pro
cess) and is sometimes said to represent "pure 
death" or "survivalship" processes (Haimes et al. 
1994). Examples include storm event durations, 
length of residence time, and spill sizes. The dis
tribution has a single scale parameter, its shape and 
coefficient of variation are constant. The gamma 
and Weibull distributions are extensions of the 
exponential distribution that provide more flexibil
ity in describing input parameters. 

The exponential distribution is unique in that it 
is memoryless. As mentioned above, the exponen
tial is commonly used to describe the time until an 
event occurs. It is memoryless because the condi
tional probability that the time until the event is 
a + b units given that the event has not occurred in 
a time units is the same as its initial probability of 
lasting b time units. 

The exponential PDF is given by 

f{x) = Xe-**; x > 0, A > 0 . 

The CDF for an exponentially distributed vari
able is given by 

Fix) = 1 - €**\ x > 0 . 

5.2.2.4 Weibull Distribution. The Weibull 
distribution is a flexible distribution used in 
numerous engineering applications. Like the log-
normal distribution, it is a non-negative distribu
tion. The Weibull distribution is commonly used to 
model failure times in "weakest link" systems; it 
has also been used to model wind speed (Morgan 
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and Henrion 1990) and spatial and temporal dis
tributions of atmospheric radioactivity (Gilbert 
1987). The estimate of 7 may be a reasonably good 
environmental "background" value, since 7 is a 
threshold parameter (Gilbert 1987). 

The three-parameter Weibull (which reduces to 
the two-parameter Weibull when 7 = 0) PDF is 
given by 

exp -f-tf - 00 < 

y < » , x> y, a > 0, 0 > 0 , 

where 7, a, and P determine the location, shape, 
and scale, respectively, of the distribution. This 
reduces to the exponential distribution when a = 1 
and 7=0. The CDF of the three-parameter Weibull 
is given by 

[-M] F(x) = 1 - exp 

5.2.2.5 Gamma Distribution. The gamma 
distribution is most commonly used to describe the 
time until k events occur in a Poisson process. It is 
similar to the lognormal, although it is less posi
tively skewed and less tail-heavy (i.e., gives a 
lower probability to extreme values) than the log-
normal. Gamma distributions have been used to 
represent precipitation quantities, pollutant con
centrations, and the time between event occur
rences when the event process has memory 
(e.g., there is event clustering) (Morgan and 
Henrion 1990). Gamma distributions have also 
been used to model interarrival times for multihit 
phenomena such as are theorized to exist in the 
process of carcinogenesis (Haimes et al.,1994). 

The gamma distribution can be a two- or three-
parameter distribution. The parameters in the 
three-parameter distributions, 7, a, and P, deter
mine the location, shape, and scale, respectively, of 
the distribution. When 7 = 0, the PDF reduces to 
the two-parameter gamma distribution. When 
a = 1, the gamma distribution is equivalent to the 
exponential distribution with parameter 1/p. The 

gamma distribution also characterizes the sum of 
independent and identically distributed exponen
tial random variables. The PDF for the three-
parameter gamma distribution is 

/(*) = 
,0-1 (x - y} 

exp i¥i — 00 < y 

< 00, x > y, a > 0, /J > 0 

The function T(k) is the gamma function; when k 
is an integer, I\k) = (k - l)(k - 2)(k - 3)-(2)(l). 
There is no closed form for the CDF of the gamma 
distribution. When a < 1, the PDF is L-shaped and 
is otherwise unimodal as shown in Figure 1. 

5.2.2.6 Beta Distribution. Like the uniform 
and triangular distributions, the beta distribution 
has fixed endpoints. The distribution provides a 
flexible means for representing uncertainty within 
a finite range. The beta distribution has four 
parameters, a, P, 9, and 7. The endpoints are given 
by 0 and 7. The shape and scale parameters are 
given by a and p, respectively. 

The four-parameter beta PDF [beta(cc, p, 7,9)] is 
given by 

(6-xf-1; y <x<6, a >0 , £ > 0 . 

There is no closed form for the CDF. The PDF is 
U-shaped if a < 1, P < 1, and J-shaped (or reverse 
J-shaped) if (a - 1)(P - 1) < 0, and is otherwise 
unimodal. 

5.2.2.7 Uniform Distribution. The uniform 
distribution is often used to describe parameters' 
when there is a high degree of uncertainty. Like the 
beta distribution, its range is finite. It describes sit
uations where there is an equally likely chance of 
any value in a finite range occurring. When not 
enough is known about a parameter to assess 
which values are more likely to occur, the uniform 
distribution is used. For example, a uniform 
distribution might be used to describe the proba
bility of a puncture through a drum's surface at any 
location. 
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The PDF of the uniform distribution is given by 

f®> = T^' a < x < P • fi - a 

F(x) 

0 
x - a 

i 

x < a, 

a < x < jS, 

x > fi 

As noted previously, there is some disagreement 
concerning the use of the uniform distribution as a 
representation of a highly uncertain parameter. 
Caution should be used in applying the uniform 
distribution. Occasionally a parameter may be 
described as "uniformly distributed between 10"3 

and 10"5." A strict interpretation of this statement 
would imply that the probability that the value is 
between 10"3 and 10"4 is about 0.9 and the proba
bility it is between 10"4 and 10"5 is 0.1. More 
likely, the reference was to a log-uniform distribu
tion that would assign an equal probability of 0.5 
between 10"3 and 10"4 and between 10"4 and lO'5. 

Haimes et al. (1994) recommend that the uni
form and triangular distributions may work well 
when the relative error (ratio of largest value to 
smallest) is small, say less than a factor of 10. 
When there is a large relative error, greater than a 
factor of 10, then the loguniform and logtriangular 
are useful. 

5.2.2.8 Triangular Distribution. This is 
another distribution commonly used when a great 
amount of uncertainty about the values of a 
parameter exists. Like the uniform, it is also has a 
finite range. It describes situations where it is 
believed that certain values have a higher 
likelihood of occurrence. Depending upon how the 
endpoints and mode are selected, the triangular 
distribution can result in a conservative 
approximation of truncated normal and lognormal 
distributions (Finley et al. 1994). 

The triangular distribution has three parameters. 
The minimum and maximum are denoted by a and 

P, respectively. The mode (peak) is denoted by y. 
The PDF of the triangular distribution is given by 

The CDF of the uniform distribution is given by f&) — * 

2(* - a) 
(0 _ a)(y - a) 

2(0-x) 
OS - a)(0 - y) 

a < x ^ y 

Y •& x < fi 

and its CDF is given by 

(x - ay-

F(x) = •{ 
0-a)(y- a) 

(P-xy 
1 - (fi-ayfi- Y) 

a •& x •£ Y 

Y ^ x < $ 

5.2.2.9 Poisson Distribution. The Poisson 
distribution applies to discrete, non-negative 
valued variables. It is most commonly used to 
describe the number of events occurring in a fixed 
period of time. The distribution has a single 
parameter representing the mean of the 
distribution. When this parameter is relatively 
large, the Poisson distribution is typically 
approximated by a normal distribution. 

The PMF for the Poisson distribution is given 
by 

fix) fctr* 0 < x < oo, x integer, X > 0 . 

The CDF for the Poisson distribution is given by 

F(x) 2 ] ""T~° - * < c o > x inte8er> A > 0 . 
»=o 

5.2.2.10 Binomial Distribution. The bino
mial distribution also applies to discrete, non-
negative valued variables, and is commonly used 
to describe the number of events occurring in a 
fixed period of time or space. An example would 
be the number of days of measurable precipitation 
within a year at the INEL. The distribution has two 
parameters, n and p. 

by 
The PMF of the binomial distribution is given 

/(*) = (*) Pxd ~ P)n-X , 
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(") 
where is the number of combinations of n 

n\ objects taken i at a time, -.— ... ... The binomial 
J (n — i)\ i\ 

distribution CDF is given by 

F(x) P '(i - Py-

5.2.3 Selecting Distributions. The risk ana
lyst should use whatever a priori information on a 
parameter that is available. This may require a fair 
amount of effort, but is justifiable since parameter 
distribution selection is one of the more critical 
steps in the MCA process. The information may 
come from one of the three general sources: empir
ical, theoretical, and expert judgment. 

There is no well-defined boundary between these 
sources of information; they are grouped together 
for convenience of discussion. 

5.2.3.1 Empirical Sources. Empirical 
information includes observed data from site char
acterizations and controlled laboratory experi
ments. Sources include both site sampling results 
and data from the literature. Site characterization is 
always a preferred source of information, assum
ing the data is of reasonable quality. Data from 
controlled experiments will be subject to some
what more uncertainty than site data because the 
experimental conditions may not be entirely repre
sentative of the site being assessed. 

There are a variety of sources of information, 
depending upon the parameter type. Contaminant 
concentrations can result from sampling programs 
at the site, transport models, process data, and his
toric data. Slope factors and hazard indexes are 
developed by the EPA and regularly updated in the 
Health Effects Assessment Summary Tables 
(HEAST) and IRIS databases. These databases 
commonly provide relevant references to the litera
ture that generated the estimate. Since the EPA 
does not specify distributions for slope factors and 
hazard indexes, the literature can potentially be 
useful in developing distributions. Pathway 
parameters and transfer coefficient distributions 
may be obtained from sampling, the literature, and 
theory. Demographic statistics are generated and 

reported by various government agencies, in 
particular commerce departments and health 
departments. 

A distribution can be fit to empirical data using 
the following steps: 

1. Plot a histogram of the data. 

2. Roughly determine which of the distributions 
discussed in Section 5.2.2 and shown in 
Figure 1 best represent the histogram of 
observed values. 

3. Determine estimates of the parameters of the 
distribution. For example, for the normal dis
tribution you estimate the mean and variance. 
For the more obscure distributions, the refer
ences cited in Section 5.2.2 should be con
sulted for methods of estimating the distribu
tion's parameters. 

4. Implement either a probability plot or a good
ness of fit test. Probability plots plot the 
quantiles of the observed distribution against 
the quantiles of the assumed distribution. If 
the assumed distribution is a good fit to the 
observed data, the plot will look like a 
straight line on the diagonal. Goodness of fit 
tests for distributions include the X 2 test and 
Kolmogorov-Smirnov tests. A discussion on 
their use can be found in most introductory 
statistics texts. 

5. If the assumed distribution does not appear to 
fit the data well, try other distribution types. 
If none of the distribution types fit the data 
well, it may be necessary to use boot
strapping methods in the MCA (i.e., sam
pling from the observed data), use advan
ced methods for fitting density functions 
(e.g., splines), or consult other sources of 
data (theory and expert judgment). 

There has also been work done on developing 
standard distributions; that is, distributions which 
should be the same for any human health risk 
assessment. Examples of parameters that might be 
standardized are body weight and residence time. 
Brorby and Finley (1994) propose some standard 
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distributions summarized in Table 4. In addition to 
the distributions shown in Table 4, Finley et al. 
(1994) propose standard distributions for skin area 
by body part, total water intake, total fish con
sumption, time since last job change, and time in a 
shower. Finley et al. (1994) also break many of the 
distributions down by age. This is useful in that 
breaking the MCA down into ages removes some 
unwanted correlations or contradictory sample 
selections (e.g., a five-year-old weighing 180 lb). 
In some cases, results discussed in the Exposure 
Factors Handbook (EPA 1989b) might be useful in 
developing distributions. There is also a body of 
literature generated by the nuclear industry for 
safety PRAs that may be useful in developing 
distributions. 

5.2.3.2 Theory. Scientific results on a variety 
of phenomena may provide information about 
parameter distributions, and may be preferred over 
empirical sources, particularly if the quality of the 
empirical data is questionable. For example, the 
decay of radionuclides is assumed to follow a 
Poisson distribution; while instruments for the 
detection and measurement of decay are quite sen
sitive, if the observed data were from certain con
tinuous monitors that are not precise, the use of the 
Poisson distribution may be preferred over using 
observed data since the observed data may be of 
such low quality. 

One could also refer to the Central Limit Theo
rem to help develop distributions, as discussed in 
Seiler and Alvarez (1994). From this Theorem, it 
can be inferred that if me variation in a random 
variable results from the sum of errors of other 
variables, the resulting variable will tend toward a 
normal distribution. And since the logarithm of a 
product is a sum, variables resulting from products 
of other random variables will tend toward a log-
normal distribution. 

It is preferable to use theories that are well estab
lished and accepted by the scientific community 
when using theory to develop parameter distribu
tions. Controversial theories should be avoided. If 
there are conflicting theories relating to a parame
ter's distribution, it may be necessary to treat the 

parameter through switchover or parametric meth
ods rather than probabilistically. 

5.2.3.3 Expert Judgment. Expert judgment 
should only be used to develop parameter distribu
tions as a last resort. There are some fairly 
advanced methods for eliciting expert opinion dis
cussed in Morgan and Henrion (1990) and Rish 
(1988). The EPA (1994) suggests that when expert 
opinion is used, the resulting parameter should 
only be modeled as a uniform or triangular dis
tribution because of the large degree of uncertainty. 
As previously discussed in Section 5.2.2, Seiler 
and Alvarez (1994) present a strong argument 
against this use of these "simple" distributions. 

5.3 Monte Carlo Sampling 

Monte Carlo methods provide a conceptually 
and computationally simple method for quantita
tively estimating the uncertainty in the risk or 
exposure. In crude Monte Carlo analysis, a value is 
drawn at random from the distribution for each 
input parameter in the risk or exposure equation. 
Together this set of random values is used to calcu
late the risk or exposure. The entire process is 
repeated n times, producing n independent samples 
with corresponding risks or exposures. The result
ing set of n risks or exposures form an uncertainty 
distribution for the risk or exposure. 

Latin Hypercube Sampling is a Monte Carlo 
method which is more efficient than crude Monte 
Carlo sampling. Rather man using a completely 
random sampling scheme, Latin Hypercube Sam
pling uses a stratified sampling scheme to ensure 
more efficient coverage of the input parameter 
uncertainty distributions. 

To implement Monte Carlo sampling, the num
ber of samples required to achieve a given level of 
precision in the risk estimates must be selected. It 
is also necessary to determine the software require
ments and quality of the results. These issues will 
be discussed in this section. 

5.3.1 Determine the Number of Monte 
Carlo Samples. The determination of the num
ber of samples should be approached through the 
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Table 4. Standard probability density functions proposed by Brorby and Finley (1994). 

Arithmetic Arithmetic Geometric Geometric Minimum Maximum 
Parameter Distribution mean SD mean3 SD b value value 

Child soil ingestion rate (mg/d) Lognormal 21 87 4.9 5.5 NAC NA 
Soil adherence factor (mg/cm2) Lognormal 0.34 0.64 0.16 3.4 NA NA 
Adult body weight—males (kg) Lognormal 78.7 13.5 77.5 1.19 NA NA 
Adult body weight—females (kg) Lognormal 65.4 15.3 63.7 1.26 NA NA 

Adult body weight—combined (kg) Lognormal 72.0 15.9 70.3 1.24 NA NA 
Child body weight (kg) Lognormal 13.3 4.2 12.7 1.36 NA NA 
Adult total skin surface area—males (m2) Lognormal 1.96 0.19 1.95 1.10 NA NA 
Adult total skin surface area—females (m2) 'Lognormal 1.72 0.2 1.71 1.12 NA NA 
Adult total skin surface area—combined (m2) Lognormal 1.84 0.23 1.83 1.13 NA NA 
Child total skin surface area (m2) Lognormal 0.58 0.11 0.57 1.21 NA NA 
Residential occupancy (yr) Lognormal 12.1 10.0 9.32 2.06 NA NA 
Adult inhalation rate (m3/d) Triangular 18.9 NA 18.9d NA 6.0 32.0 
Child inhalation rate (m3/d) Triangular 17.3 NA 15.075d NA 8.3 28.3 
Adult tapwater ingestion rate (L/d) Lognormal 1.27 0.68 1.12 1.65 NA NA 
Child tapwater ingestion rate (L/d) Lognormal 0.70 0.37 0.62 1.64 NA NA 

a. The logarithm (base e) of the geometric mean of lognormal distributions is the mean of the underlying normal distribution. 
b. The logarithm (base e) of the geometric standard deviation of lognormal distributions is the standard deviation of the underlying normal distribution. 
c. NA - not applicable. 
d. These values are the modes of the triangular distributions, not the geometric mean. 



data quality objectives. Specifically, it is recom
mended that the precision of the estimation of the 
median risk be controlled. This will result in a con
servative (i.e., relatively large) number of samples 
since it is more conservative than estimating an 
upper percentile of the risk distribution with the 
same precision. 

The required sample size, n, for estimating the 
ptix percentile with a given level of absolute preci
sion, Ap, is given by 

» - rfl - fife) , 

where Za is the quantile of the standard normal dis
tribution corresponding to the 1 - (ct/2) confidence 
level. 

For the median, p - 0.5. When a = 0.05 and 
Ap = 0.01, the sample size is 

n = 0.5(1 - 0 . 5 ) ^ ) = 10,000. 

This is roughly the number of samples typically 
recommended (e.g., Burmaster and Anderson 
1993; McKone and Bogen 1991). However, 
Morgan and Henrion (1990) note that this level of 
precision may be unwarranted given the empirical 
uncertainty in developing the input parameter dis
tributions. They recommend simulations on the 
order of hundreds rather than thousands. 

Others (e.g., Burmaster and Anderson 1993) 
argue that large numbers of samples are needed to 
estimate the tails of the distribution, which would 
seem to contradict the sample size equation given 
above. Li the equation given above, Ap is a fixed 
absolute precision and, as can be seen from the 
sample size formula, the extreme tails of the dis
tribution (e.g., p = 0.01) require far fewer samples 
to achieve the same level of precision for percen
tiles near the median. However, the relative preci
sion of the estimates of the pth percentiles in the 
tails is much worse than the relative precision of 
the median estimate. 

If the number of simulations required is deter
mined to be excessive due to computing 
requirements or other limitations, the best option is 
to consider using LHS. In a typical MCA, sam
pling from the input distributions is completely 
random; in LHS, stratified sampling is used. 
Essentially, in LHS each input parameter distribu
tion is broken into n strata, each having equal prob
ability of \ln (see Figure 4). A value is randomly 
selected from each stratum and randomly matched 
with values from the other input parameters to 
form the input for a single simulation run. Not only 
does the technique reduce the number of runs, it 
also can be used to ensure sampling from the tails 
of the input distributions. Iman and Helton (1985) 
provide a fuller discussion of LHS and have a For
tran routine available for its implementation. Since 
it is a common alternative method of sampling, it 
is available in commercial software packages as 
well. 

Actually, there does not appear to be any reason 
for not using LHS techniques in place of the non-
stratified MCA methodology. LHS is more effi
cient because it provides a more precise risk 
estimation in fewer runs. The only time LHS may 
run into problems is when there is periodicity to 
the distribution, as discussed in Morgan and 
Henrion (1990). However, for the types of param
eters considered in environmental and human 
health risk assessment, this behavior is extremely 
unlikely. 

5.3.2 Assess Quality of the Results. Upon 
completion of the simulation (here, a simulation is 
considered to be a fixed set of samples and their 
results), the quality of the results should be 
assessed. Two characteristics should be assessed: 
reproducibility and uncertainty importance. The 
reproducibility criterion checks whether the same 
results (within a stated level of precision) would be 
produced if the simulation were run again under 
the same assumptions. The uncertainty importance 
assesses how much the variation in the input 
parameters influences the variation in the risk. 

5.3.2.1 Reproducibility. Assessment of the 
reproducibility of the results is a check that enough 
samples were selected for the final risk distribution 
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Step I. From the first variable, randomly select 
a value (a, b. c) from each equal probability 
region (A, B,C). 

Step 2. From the second variable, randomly select 
a value (i. ii, iii) from each equal probability 
region (I. II, HI). 
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Step 3. Randomly pair the fust variable values 
(a. b, c) with the second variable values (i. ii, iii). 
These matrices show all the possible pairings. 
Note the correlation induced by the fust two 
pairings. 

Figure 4. Example of LHS, with two variables and three samples. The two input variables are normally 
distributed. Note that regions A, B, and C in the first variable and I, n, and in in the second variable each 
account for one third of the area under the curve. 

to converge. That is, if the simulation is run again, 
the same risk distribution will result (within a 
stated level of precision). The best way to assess 
reproducibility is to run another simulation of the 
same size (i.e., same number of samples) and 
compare the results with the original simulation. 
The comparison can be done using a Kolmogorovr 
Smirnov test or other related X 2 goodness of fit 
tests. Alternatively, certain summary statistics of 
the resulting distributions could be compared; for 
example, the means, variances, and selected per
centiles (e.g., 50th, 95th). Thompson et al. (1992) 
use this latter method by computing the relative 

difference between the results. They felt the dis
tributions to be reproducible if the summary statis
tics had relative differences of less than 1%. 

When comparing summary statistics, the 
extreme values (i.e., those in the tails of the dis
tributions) are likely to be fairly sensitive; particu
larly the minimum and maximum. Less extreme 
percentiles in the tails of the distribution can also 
be affected. For example, Thompson et al. (1992) 
note that when they repeated a simulation of 
10,000 samples, the 95th percentile was not quite 
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within 1% of the original simulation's estimate of 
the 95th percentile. 

5.3.2.2 Uncertainty Importance. Asses
sing the uncertainty importance is a.process of 
attributing/apportioning the uncertainty in the risk 
to the input parameters. By so doing, one can 
determine which input parameters most affect the 
final uncertainty and may take steps to reduce the 
uncertainty in the input parameter. A number of 
methods for apportioning the uncertainty are avail
able. It is recommended that at a minimum, cor
relation coefficients between each input parameter 
and the risk be determined. 

To check the uncertainty importance of the input 
variables, the individual samples (i.e., the ran
domly selected values from each input parameter 
for each simulation with the resulting risk) must be 
saved. This allows the analyst to check that the 
sampling distributions were appropriately gener
ated (e.g., the samples from a normally distributed 
input parameter with mean u. and standard devi
ation a look like a normal distribution with mean u. 
and standard deviation a). 

The Pearson correlation coefficient between the 
input parameter* and the risk y is given by 

where the subscript i refers to the ith simulation, 
Cov(x,y) is the covariance between x and y, Var(x) 
is the variance of x, and Var(y) is the variance of y. 
The correlation gives an estimate of the linear con
tribution of each input parameter to the uncertainty 
in the risk. It is inherently a global measure of 
uncertainty importance, averaging the effect of 
each input over the joint probability distribution 
for all other inputs (Morgan and Henrion 1990). 

The correlation coefficient indicates linear rela
tionships. If the relationship is non-linear, or either 
the input distribution or the risk distribution is 
highly skewed or has heavy tails, or there are 

extreme outliers, alternatives to the correlation 
coefficient should be considered. Probably the best 
alternative in these situations is to use a rank cor
relation (i.e., calculate the correlations between the 
ranks of the input parameters and the risk) such as 
"Spearman's p" (Steel and Torrie 1980). Regard
less of the correlation method used, it is also useful 
to plot each input parameter against the risk results 
to see if there are clear patterns in the relationships. 

5.3.3 Implementation of the Monte Carlo 
Simulation. The actual implementation of the 
Monte Carlo simulation will be determined by the 
software used. Some of the commercially available 
programs allow specification of the parameter 
input distributions, the risk equation, and the num
ber of runs. They produce summaries of the results, 
including the graphics discussed in Section 5.4. 

The MCA sampling should reflect correlation 
between the input parameters, particularly if that 
correlation has an absolute value greater than 0.6. 
As discussed in Iman and Conover (1985), correla
tion is difficult to implement in MCA, particularly 
when the input parameters follow different dis
tributional forms (e.g., lognormal, binomial). They 
propose a method for using rank correlation in 
place of linear correlation. Rank correlation is 
essentially the linear correlation of the ranks of the 
input parameters. This method has been 
implemented in a number of commercial MCA 
packages. 

Because of the large sample sizes commonly 
involved in Monte Carlo analyses, attention must 
be paid to the quality of the random number genera
tor. Computer random number generators are actu
ally based on deterministic equations; however, 
these equations are such that the length of the 
sequence is long and the pattern of the pseudo
random numbers appears to be random. There have 
been cases where widely used generators introduce 
undesirable correlations and patterns into the sam
ples. Knuth (1969) has a good discussion of random 
number generators and tests of the quality of the 
generators. 

In some cases, it may be easier to break the sim
ulation into parts. For example, if there is a large 
transport model that is too time-consuming to run 
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upwards of 10,000 times, the distribution of the 
output from the transport model may be deter
mined through other means (e.g., LHS); this out
put distribution could then be entered into the risk 
model. For example, if the transport model is used 
to determine the contaminant concentration at the 
receptor, the distribution of the concentration 
could be determined from using LHS on the input 
parameters to the transport model. The resulting 
concentration distribution could then be entered 
into the risk equation MCA. This method should 
not be implemented if the input parameters used in 
the separate model are strongly correlated with 
tfiose used in the final model. 

5.4 Presentation of Results 

It is recommended that the resulting risk dis
tributions be presented as both a frequency dis
tribution (histogram) and cumulative distribution 
with the calculated BRA point estimate clearly 
identified. 

The following should be included in the presen
tation of results: 

1. A plot of the frequency distribution (histo
gram) of the resulting risk. The BRA point 
estimate should be clearly identified on the 
plot 

2. A plot of the cumulative distribution of the 
resulting risk. The BRA point estimate 
should be clearly identified on the plot. 

3. A summary table of the resulting risks; this 
table should include the mean, standard devi
ation, number of runs, minimum, maximum, 
and the icosatiles (i.e., every 5th percentile) 
of the distribution. 

4. A summary table presenting the correlation 
coefficients between the input parameters 
and the resulting risk. 

5. For each input parameter distribution used in 
the simulations, present the PDF (graphi
cally) and a justification for the use of the dis
tribution. Note the location of the point esti
mate of the parameter used in the BRA. 

6. Clearly identify which uncertainties are 
quantified and which are left unqualified 
(e.g., model uncertainty). 

7. A discussion of the assumptions and qualita
tive uncertainties. This will include discus
sions of models used. The analyst should 
note which assumptions are conservative and 
which are not. 
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6. EXAMPLE MONTE CARLO ANALYSIS 

The following section presents a hypothetical 
example highlighting the MCA steps as presented 
in this report. It is loosely based on an example 
given in Thompson et al. (1992). In this example, 
a soil is contaminated with benzene, a Group A 
carcinogen (i.e., a known human carcinogen). The 
example considers only a residential scenario adult 
ingestion exposure. Under this scenario, a person 
lives at the site where the benzene was spilled. 
They may ingest the benzene from dirty hands, 
inhalation of particulates with subsequent inges
tion of the particulates trapped in the throat, etc. 
Results from this example MCA analysis are 
intended for illustrative purposes only. 

The equations used to calculate the risk for both 
the point estimate and MCA results are from EPA 
(1989a). The intake (mg/kg-day) via ingestion of 
chemicals in soil is given by 

Wow™.wi,„ ^O,A - CSxIRxCFxH xEFxED Intake(mg/kg-day) = BW x AT ' 

and the carcinogenic risk is given by 

Risk = Intake x SF, 

where symbol definitions are given in Table 5. 

6.1 BRA Point Estimate 

As discussed previously, the BRA point esti
mate uses a mixture of conservative and average 
estimates of the input parameters in the risk model. 
The values used for the point estimate in this 
example are shown in Table 5. The source of the 
value for each parameter in the model is also iden
tified in Table 5. These values are entered into the 
equation given above to get the BRA point 
estimate. 

Initial distributions for some of the parameters 
are also given in Table 5. It is not necessary to esti
mate parameter distributions when calculating 
BRA point estimates of risk. These distributions 
were used to determine the location of the point es
timate in the distribution. This allows some degree 

of the assessment of the conservatism of the esti
mate. How these distributions were selected are 
discussed in Section 6.3. 

The point estimate of risk for this example is 
calculated as the intake multiplied by the slope fac
tor (SF) for benzene, 2.9 x 10"2 (kg-d)/mg. Using 
the values given in Table 5, the intake is estimated 
to be 3.4 x 10"4 mg/(kg-day). The point estimate of 
risk is therefore 1 x 10"5. 

A risk value of 1 x 10"5 is a borderline accept
able risk, falling closer to the lower end acceptable 
risk of 1 x 10*6 than the upper end acceptable risk 
of 1 x 10"4. Hence it is reasonable to pursue an 
MCA in this example to clarify the uncertainties 
and conservatism in the point estimate. 

6.2 Initial Sensitivity Analysis 

The first step before implementing an MCA is 
identifying the parameters that most impact the 
risk. Those parameters having the largest effect on 
the risk should be treated probabilistically in the 
MCA. Focusing attention on these parameters will 
provide the most benefit. 

To determine which parameters are most impor
tant, a nominal range method analysis is used. 
Essentially each parameter is varied, one at a time, 
and the risk calculated while holding the remaining 
parameters at their approximate median. The range 
of the risk values calculated for each parameter are 
then ordered from largest to smallest—the larger 
ranges having more impact on the risk. 

For each parameter, a lower limit, median, and 
upper limit are determined. In this example the 
lower limit was chosen to be greater than no more 
than 5% of the parameter's distribution; the upper 
limit was chosen to be greater than at least 95% of 
the parameter's distribution. At this point it is not 
important to know the exact range of the parame
ter, rather, a reasonable estimate is required. The 
selected ranges for the parameters in this example 
are shown in Table 6. 
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Table 5. Variables and constants used in the benzene-contaminated soil ingestion scenario. 

Parameter name Symbol Units 
Point 

estimate2 Distributionb 
Distribution 
reference0 

Point estimate 
location 

Body weight BW kg 70 Female: lognormal(4.96,0.20)d 

Male: lognormal(5.13,0.17) 
Brainardetal. 1992 65th %ile 

30th %ile 

Ingestion rate m mg soil/d 100 Lognormal(2,1.7) BrorbyetaL1994 94th %ile 
Exposure frequency EF d/yr 365 

Exposure duration ED yr 30 Lognormal(0.6,1.4) Israeli etal. 1992 98th %ile 
Averaging time AT d 25,550 Beta(40^.1 ,5475,36500) Wright 1993 42nd %ile 
Fraction ingested FI Unitless 1.0 
Conversion factor CF kg/mg lxlO- 6 

Benzene concentration 
in soil 

CS mg/kg 550 Lognormal(l.7,2.7) Calculated Max.6 

Slope factor SF (kg»d)/mg 2.9X10-2 Lognormal(-433,0.67) Thompson etaL 1992 88th %ile 

a. Except for CS, CF and SF, point estimates come from EPA (1989a). The SF is from HEAST (EPA, 1991). The CS is calculated from soil sample 
results. 

b. The lognormal distribution parameters are the mean and standard deviation of the log-transformed data. The beta distribution parameters are the 
two shape parameters followed by the minimum and maximum. 

c. See discussion in Section 63 on parameter distribution selections. 

d. The lognormal distribution for body weight is in units of pounds. A conversion factor is added to the risk equation to convert to kilograms. 

e. Maximum observed benzene concentration in soil used for point estimate because 95% upper confidence limit on mean was larger than this 
maximum. 

Table 6. Input values and calculated risks for the nominal range method sensitivity analysis. 

Symbol Units 

Parameter range Calculated risk 

Parameter name Symbol Units Median Lower Upper Low High 

Body weight BW kg 67 48 94 23 x 10"9 4.9x10-9 

Ingestion rate IR mg soil/d 31 8 116 9.1 x 10-1 0 1.3 xlO- 8 

Exposure frequency EF d/yr 340 300 365 3.1 x 10"9 3.8 x 10-9 

Exposure duration ED yr 10 3 40 1.1 x 10-9 1.4 x 10-8 

Averaging time AT d 25,550 10,950 34,675 Z6X10-9 8.2x10-9 

Fraction ingested FI Unitless 0.8 0.1 1.0 4.4 xlO" 1 0 4.4x10-9 

Benzene concentration 
in soil 

CS mg/kg 53 0.05 550 35x10-" 3.5 xlO- 7 

Slope factor SF (kg-d)/mg 0.013 0.004 0.04 1.1 x 10-9 1.1 x 10-8 
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The estimated risk when all the parameters are 
held at their median value is 3.5 x 10"9. Results 
from varying parameters one at a time are shown in 
Table 6. The ordered swing weights (differences 
between the low and high risks) from the nominal 
range analysis (see Section 5.1.1) are shown in 
Table 7. 

Table 7. Rank of parameter importance in the 
risk equation as' determined by the nominal range 
method. 

Swing 
weight 

Rank Parameter name (xlO"9) 

1 Benzene concentration 
in soil 

352.2 

2 Exposure duration 13.0 
3 Ingestion rate 12.3 
4 Slope factor 9.8 
5 Averaging time 5.6 
6 Fraction ingested 4.0 
7 Body weight 2.4 
8 Exposure frequency 0.6 

Four levels of parameter importance appear to 
emerge from these results. Benzene concentration 
in soil is clearly has the most influence on the risk 
estimates. Exposure duration, ingestion rate, and 
slope factor form the next level of importance. 
Averaging time, fraction ingested, and body 
weight have a moderate influence on the risk. 
Exposure frequency has relatively little effect on 
risk. 

This grouping indicates that most of the effort 
should be spent in quantifying the uncertainty due 
to benzene concentration in soil. It would also be 
reasonable to expend some time on the second 
group of parameters (exposure duration, ingestion 
rate, and slope factor). Less is to be gained from 
effort spent developing a distribution for the 
remaining parameters. These conclusions assume 

there is no significant interaction or correlation 
between the parameters. 

In this example, because of the simplicity of the 
model, a more quantitative analysis of the impor
tance of the individual parameters can be imple
mented. By taking the logarithm (base 10) of both 
sides of the risk equation given in the introduction 
to Section 6, one can roughly quantify the propor
tion of the variance in log(risk) due to each of the 
log-transformed input parameters. The uncertainty 
in the soil concentration can change log(risk) by 
4.04 Dog(CSmax) - log(CSmin)] units. Similarly, 
the change in log(risk) due to ED, IR, SF, AT, FI, 
BW, and EF is 1.12,1.16, 1, 0.50, 1, 0.29, and 
0.09, respectively. These values can be considered 
multiples of the standard deviation of the log(risk). 
Assuming independence of the input parameters 

[so that the total log(risk) variance is the sum of the 
input parameter variances], the total sum of the 
squared changes in log(risk) is 21.24. Hence the 
percentage of total variance in log(risk) due to CS, 
ED, IR, SF, AT, FI, BW, and EF is 77,6,6,5,1,5, 
<1, and <1, respectively. 

Note that this analysis does give a somewhat 
• different ordering than the nominal range method. 
This is because in the nominal range method, the 
importance of a particular parameter partly 
depends on the medians of the remaining parame
ters—which is not the case in the rough variance 
component analysis done above. Both sets of 
results clearly indicate that soil concentration con
tributes the most to the uncertainty in the risk 
estimates. 

6.3 Parameter Distribution 
Selection 

Selection of the parameter distributions is the 
most important step in the MCA. The resulting risk 
distribution/uncertainty depends solely on the 
selected input parameter distributions (for a given 
model). Also, selection of parameter distributions 
can be a subjective process and subject to error or 
misunderstanding. While many parameter dis
tributions can be generated by someone with gen
eral knowledge, certain parameters, such as slope 
factors, generally require professional expertise. 
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The following sections discuss how the parame
ter distributions shown in Table 5 were selected. In 
some cases, the distributions were taken directly 
from the literature; in other cases, distributions 
were fit to observed data. In one case, fraction 
ingested, no information was readily available. 
Since this parameter has only moderate influence 
on risk, it will be treated as a constant (in this 
case, 1). Also, while there is information on 
amount of time spent at home (see Price et al. 
1992), it was not in a form for easy distribution fit
ting; since exposure frequency has a minor impact 
on the risk, it too will be treated as a constant. 
While body weight is not considered important, it 
will be treated probabilistically in the Monte Carlo 
analysis, only because the distribution is widely 
and easily available and does not add any signifi
cant effort to the analysis. Had its distribution, like 
those of fraction ingested and exposure frequency, 
been difficult to assess, body weight would not 
have been included probabilistically. 

Because the distributions used in this example 
are based on nationwide statistics, an assumption 

is being made that the demographics of the area 
contaminated is in some sense a cross section of 
United States. Had it been indicated that the exam
ple scenario occurs in a school yard or non
residential area, the distributions (and potentially 
the exposure model) would be different. 

6.3.1 Benzene Concentration in Soil. A 
total of 20 soil samples were randomly selected at 
the site; concentrations of benzene in those sam
ples ranged from 0.05 to 550 mg/kg. The results 
were clearly from a lognormal distribution. Fig
ure 5 shows the empirical cumulative distribution 
function and the fitted lognormal cumulative dis
tribution function. Since the observed and fitted 
values differ by less than the Kolmogorov-Smir-
nov difference (shown in Figure 5) the fitted dis
tribution is not unreasonable given the observed 
values. 

Further data analysis indicates that the benzene 
concentrations in the soil be modeled as a lognor
mal distribution with underlying normal distribu
tion parameters of 1.7 for the mean and 2.7 for the 

g. 

5K Empirical distribution 
Lognormal distribution 

Size of Kolmogorov-Smirnov 
Significant Difference 
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Figure 5. Fit of a lognormal distribution to benzene concentration in soil. The size of the Kolmogorov-
Smirnov indicates the vertical distance between the observed value and fitted distribution that would be 
considered significant at a = 0.10. 
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standard deviation. This distribution is shown in 
Figure 6. The 550 mg/kg concentration used in the 
BRA point estimate is at about the 96th percentile 
of this distribution, as illustrated in Figure 6. 

Since benzene concentration is the most influen
tial parameter in the risk equation, the quality of 
the available data should be assessed. In particular, 
the quality of the mean and variance estimates of 
the lognormal distribution would be assessed using 
standard statistical techniques, such as confidence 
intervals. If the variability of the mean and vari
ance estimates are large enough, further soil sam
pling for benzene concentrations may be war
ranted. 

6.3.2 Exposure Duration. The exposure dura
tion is the time that a person resides at the contami
nated location. The EPA (1989b—Exposure Fac
tors Handbook) reports that the 90th percentile for 
exposure duration is 30 years and the median is 
9 years. These values are based on a survey con
ducted by the U.S. Bureau of the Census in 1983. 
The values represent the amount of time the house
holder live in their current house. 

Israeli and Nelson (1992) point out that using 
time spent in the current house is biased high for 
the total residence time. That is, total residence 
time and current residence time do not generally 
share the same distribution. This is because the 
majority of households a typical person lives in are 
for relatively short periods, but may spend most of 
the time at one or two residences. Additionally, 
Israeli and Nelson (1992) note that in averaging 
total residence times over a time interval, frequent 
movers may appear several times, while in averag
ing current residence times each household appears 
only once. For the risk assessment, the total resi
dence time is of more interest. 

Israeli and Nelson (1992) develop a model for 
total residence time based on current residence 
time data collected from two large surveys of U.S. 
households. They find that the average total resi
dence time calculated for all U.S. households is 
4.6 years. Based on the results presented in Fig
ure 3 of Israeli and Nelson (1992), the distribution 
for the total residence time is highly skewed right, 
with over 50% of the population having a resi
dence time of less than 3 years at a given house. 

S3 

10^-3 10«-1 10*0 10*1 
Benzene concentration in soli (mg/kg) 

Figure 6. Probability density function for benzene concentration in soil. The vertical line indicates the 
concentration value used in the BRA point estimate. 
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A lognormal distribution with mean 0.546 and 
standard deviation 1.43 (on the log scale) provided 
a good fit to the total residence time curve from 
Figure 3 of Israeli and Nelson (1992). The 
observed and fitted values are shown in Figure 7. 
The fitted distribution passes the Kolmogorov-
Smirnov one-sample test (at a = 0.10), indicating 
that the distribution is a reasonable fit to the data. 
The PDF is shown in Figure 8. The suggested EPA 
recommended estimate of 30 years falls at the 98th 
percentile; EPA's recommended median of 9 years 
falls at the 88th percentile. These values are 
identified in Figure 8. 

6.3.3 Ingestion Rate. The ingestion rate is the 
amount of soil ingested in a given day. Soil inges
tion usually occurs incidentally as a result of hand 
to mouth contact, though pica behavior may result 
in abnormally high ingestion amounts. For adults, 
the main two soil ingestion routes are inhalation 
(of dust or wind-blown soil), with subsequent 
ingestion of soil trapped in mucous membranes, 
and adhesion of soil on hands, which are then 
placed near the mouth during smoking or eating. 

Most of the soil ingestion rate data focuses on 
children; data for adult soil ingestion is lacking. 
The EPA Exposure Handbook (EPA, 1989b) 
declines to recommend a soil ingestion rate for 
adults because of the lack of data. However, it does 
cite a study by Calabrese from 1987 (apparently 
reported in Calabrese et al., 1989) that estimates 
adults ingest 1-100 mg/day with an "intermediate" 
value of 10 mg/day. In later guidance for soil 
ingestion, EPA (1989c) recommends an ingestion 
rate of 100 mg/day for age groups greater than 
6 years old. 

LaGoy (1987) takes the results from two pre
vious studies and estimates that adults on average 
ingest 50 mg/day of soil, though it is noted that a 
value of 25 mg/day may be a better estimate for 
adults who do not exhibit frequent hand-to-mouth 
behavior. Thompson and Burmaster (1991) devel
op a lognormal distribution (with an average of 
91 mg/day) of soil ingestion by children based on 
some of the same data used by LaGoy (1987). 
Brorby and Finley (1994) also develop a lognor
mal distribution for soil ingestion by children, but 
they find the average to be 21 mg/day and base 
their results on the Calabrese data. 

Empirical distribution 
Lognormal distribution 

- I — 
10 

— r -

50 
Exposure Duration (yrs) 

Figure 7. Exposure duration (total residence time) distribution fit. 
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Figure 8. Probability density function for expos 
mates of exposure duration at 9 and 30 years. 

Brorby and Finley (1994) argue that the Cala-
brese study was of higher quality than other stud
ies, including those cited by LaGoy (1987) and 
Thompson and Burmaster (1991)—though the lat
ter do adjust their results for known study short
comings. In any case, both Brorby and Finley 
(1994) and Thompson and Burmaster (1991) con
clude that the distributional form for soil ingestion 
by children is lognormal. 

If it is assumed that the adult ingestion rate is also 
lognormal, then it remains to estimate the mean and 
standard deviation of the distribution for use in the 
MCA. Brorby and Finley (1994) estimate the aver
age ingestion of soil for children to be 21 mg/day, 
which is less than the ingestion rate for adults as 
estimated by LaGoy at 25 mg/day. The "intermedi
ate" value of 10 mg/day for adults cited by the EPA 
(1989b) does appear to be in agreement with the 
Brorby and Finley average, since adults are gener
ally expected to ingest less soil than children. As 
such, an approximate mean of 10 mg/day will be 
used for adults. 

Duration (yrs) 

5 duration. Vertical lines indicate the EPA point esti-

Selecting the standard deviation appears to be a 
bit trickier. The standard deviation of the underly-
ing'normal distribution reported by Thompson and 
Burmaster (1991) is 0.80; that reported by Brorby 
and Finley (1994) is 1.7 (= In 5.5). Again, both of 
these numbers are for soil ingestion rates in chil
dren. Following the argument given in Brorby and 
Finley that the Calabrese data is of higher quality, 
there is reason to prefer their estimate of the stan
dard deviation. Assuming that the relative varia
tion in soil ingestion is roughly the same in adults 
and children, the standard deviation for the under
lying normal distribution of 1.7 will be used. 

Hence, a lognormal distribution with parameters 
(of the underlying normal distribution) mean 2 
(which results in an arithmetic mean of the data of 
10 in the original units, mg/d) and standard devi
ation 1.7 will be used. This distribution is plotted 
in Figure 9. The EPA recommended value of 
100 mg/d falls at the 94th percentile of this dis
tribution, as shown in Figure 9. 
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Figure 9. Probability density function for soil ingestion rate. Vertical line indicates the BRA point esti
mate of soil ingestion rate. 

6.3.4 Slope Factor. The slope factor is the ratio 
of risk to unit dose. More specifically, the slopefac-
tor represents an upper 95th percent confidence 
limit on the probability of a response per unit intake 
of a chemical over a lifetime. Since the slope factor 
is found by extrapolating from higher doses to low 
doses and is commonly based on experimental 
results with animals, it is subject to a great deal of 
uncertainty. That is, it is difficult if not impossible 
to observe a statistically meaningful estimate of the 
slope factor for low doses. Hence it is a modeled 
value that is generally not observable. 

As previously discussed, there is some contro
versy as to whether slope factors, also known as 
cancer potency factors, should be considered pro
babilistically in an MCA analysis. The EPA (1994) 
suggests that the MCA should only be applied to 
exposure results, and not to toxicity results. The 
counter argument is that holding the slope factor 
constant in an MCA defeats its purpose since the 

slope factor is typically the most uncertain 
parameter. 

Establishing the uncertainty in the slope factor 
requires a great deal of professional expertise. 
Lacking such expertise, one must rely heavily on 
available literature, if any. In this case, Thompson 
et al. (1992) have developed a CDF for ingestion of 
benzene. They found it to be lognormally distrib
uted with the underlying normal distribution 
parameters of mean -4.33 and standard deviation 
0.67. This distribution is shown in Figure 10. The 
verified EPA estimate for benzene ingestion, 
2.9 x 10"2 (mg/(kg-d))-1, is shown in the Figure, 
and is located at approximately the 88th percentile. 

6.3.5 Averaging Time Distribution. The aver
aging time for carcinogens is the estimated lifetime 
over which the dose is averaged. Note that the units 
for the averaging time used in the equation given at 
the start of Section 6 are days. The discussion here 
uses units of years so that the reader can better 
understand the magnitude of the values. 
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Figure 10. Probability density function for slope factor. The vertical line indicates EPA's estimated slope 
factor for benzene ingestion. 

Using data contained in Wright (1993) and U.S. 
Bureau of the Census (1989), a lifetime distribu
tion for persons 15 years and older was developed. 
Two types of distributions were fit to the data: Wei-
bull and Beta. These were used because they easily 
accommodate negative skewness (i.e., left-
skewed). The range used for the Beta distribution 
(which has a finite range, whereas the Weibull has 
an infinite range) was 15 to 100 years. Both dis
tributions gave essentially the same fit (see Fig
ure 11). The sum of the absolute deviations of the 
fitted value to the observed values was 0.0487 for 
the Beta distribution and 0.0481 for the Weibull 
distribution. 

Both distributions result in median age at deaths 
of 73; this is about 5 years shorter than indicated 
from life expectancy information (Wright, 1993). 
This discrepancy is in part due to a lack of informa

tion on the death rates for ages greater than 85, and 
not due to the fitting procedure. Using an age dis
tribution with an expected value larger than the 
true value is not conservative for the averaging 
time parameter. 

The Beta distribution, with shape parameters 4.2 
and 2.1 will be used as the distribution in the 
Monte Carlo simulations. This is selected over the 
Weibull because the Weibull gives higher probabil
ities to extremely old ages. The Beta distribution 
cuts off at 100 years, which while it may not be 
realistic, is a bit more conservative, and may help 
to counteract the non-conservative expected value 
of the distribution. The PDF is shown in Figure 12. 
The EPA recommended value of 70 years is at the 
42nd percentile of this distribution, as illustrated in 
Figure 12. 
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Figure 11. Averaging time (age) distribution fit. The size of the Kolmogorov-Smimov indicates the 
vertical distance between the observed and fitted value that would be considered significant at a = 0.10. 
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Figure 12. Probability density function for averaging time. Vertical line indicates the BRA point esti
mate. 
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6.3.6 Body Weight. Body weight only has mi
nor impact on the risk estimates. However, body 
weight distributions are readily available. One of 
the better quality studies is that by Brainard and 
Burmaster (1992). They find, not surprisingly, that 
the distribution differs for men and women. Men's 
weights are lognormally distributed with underly
ing normal parameters of mean 5.13 and standard 
deviation 0.17. Women's weights are also lognor- -
mally distributed with underlying normal parame
ters of mean 4.96 and standard deviation 0.20 
(original units are in kg). These distributions are 
shown in Figure 13. For men, the EPA recom
mended value of 70 kg is at the 30th percentile; for 
women, it is at the 65th percentile, as shown in 
Figure 13. 

6.4 Number of Monte Carlo 
Samples 

As discussed in Section 5.3.1, the number of 
Monte Carlo samples typically recommended is on 
the order of 10,000. This number allows all percen
tiles of the resulting risk distribution to be esti
mated within one percentile with 95% confidence. 

Since in this example a simple model is used to 
generate the exposures and risks, there is no need 
to consider LHS nor reducing the number of simu
lations. Hence, 10,000 simulations will be run. 
Further, a second set of 10,000 simulations will be 
run to validate the results from the first set of simu
lations. 

6.5 Monte Carlo Implementation 

The 10,000 sample run of the Monte Carlo sim
ulation was implemented on a DECstation 
5000/200 using S-Plus (Statistical Sciences, Inc., 
1991). 10,000 randomly selected values were 
selected from each distribution shown in Table 5, 
except for body weight. For body weight, 5,000 
samples were selected randomly from the male dis
tribution and 5,000 from the female distribution. 
The parameters not treated probabilistically, expo
sure frequency and fraction ingested, were held at 
340d/yrandl.O. 

The results are summarized in Table 8 and the 
CDF and PDF of the risk are shown in Figures 14 
and 15, respectively. The expected risk was 
1.2 x 10"7 and the median was 1.8 x 10"1 0. The 

ss -
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s 
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Figure 13. Probability density function for body weight. Vertical line indicates the BRA point estimate. 
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Table 8. Summary statistics for results of the Monte Carlo analysis. 

Statistics: 
Mean = 1.2 xlO- 7 Median = 1.8 x lO' 1 0 Std. Dev. = 1.5 xlO- 5 Maximum = = 4.4 xlO- 4 

Percentiles: 
5 4.7 x 10-13 30 2.8 x lO' 1 1 55 2.9 xlO" 1 0 80 3.8 x lO"9 

10 1.8 xlO- 1 2 35 4.8 x lO' 1 1 60 4.5 x lO"10 85 7.4 xlO"9 

15 4.4 xlO" 1 2 40 7.4 x l O 4 1 65 7.1 x lO"10 90 1.7 xlO"8 

20 9.0 xlO- 1 2 45 1.2 xlO" 1 0 70 1.2 xlO- 9 95 7.1 x 10-8 

25 1.7 xlO- 1 1 50 1.8 x lO"10 75 2.1 x 10-9 99 8.2 xlO- 7 

Risk 

Figure 14. Cumulative distribution function of risks as observed from the Monte Carlo simulations. The 
vertical line indicates the baseline risk assessment point estimate. 
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Figure 15. Probability density function of risks as observed from the Monte Carlo simulations. The 
BRA point estimate of the risk is 1 x 10"5. 

risks were approximately lognormally distributed 
with underlying normal parameters of mean -22.4 
and standard deviation 3.6. 

With this distribution estimation, the following 
can be concluded. There is roughly 50% probabili
ty that the risk for a given person exposed to ben
zene in soil will be less than 1.8 x 10*10. There is a 
0.9% probability that a given exposed person will 
have a risk greater than 1 x 10"6, and less than a 
0.03% chance that a given exposed individual will 
have a risk greater than 1 x 10"4. 

6.6 Quality of the Results 

6.6.1 Reproducibility. To confirm the results 
of the initial simulations, a second set of 10,000 
runs were made. While this may sound extreme, 
the actual time running the simulations and sum
marizing the results is small. On a DECstation 

5000/200 using S-Plus, the simulations take under 
5 seconds to run; calculating data summaries takes 
about a half-hour (including plots). 

Overall, the replicate run was in substantial 
agreement with the original set of simulations. 
Comparison of the summary statistics are shown in 
Table 9. The mean, standard deviation, and quar-
tiles, including the median, show close agreement 
with each other. The maximum, which is more sen
sitive to skewness and outliers, is generally not 
reproducible. The lognormal mean estimates for 
the original and replicate samples are 1.2 x 10"7 

and 1.0 x 10"7, respectively. The lognormal stan
dard deviation estimates for the original and repli
cate samples are 1.5 x 10"4 and 1.3 x 10"4, 
respectively. 

For the percentiles of the risk distribution shown 
in Table 10, the two sets of results again show 
close agreement through the center of the 
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Table 9. Comparison of risk summary statistics between the original simulation and its replicate. 

Simulation Mean3 Std. Dev.a IstQuartile. Median 3rd Quartile Maximum 

Original 1.2 x 10-7 1.5 x 10-4 1.7 x 10-n 1.8 x 10-1° 2.1 x io- 9 4.4 xlO- 4 

Replicate 1.0 x 10-7 1.3 x 10"4 

deviation are calculated 

1.6 x 10-n L 8 x 1 0-io i 9 x 1 0 -9 

using equations for lognormal distributions. 

4.4 xlO- 5 

a. The mean and standard 

10-7 1.3 x 10"4 

deviation are calculated 

1.6 x 10-n L 8 x 1 0-io i 9 x 1 0 -9 

using equations for lognormal distributions. 

Table 10. Comparis 
replicate. 

on of percentiles of the risk distributions between the original simulation and its 

Simulation Percentiles: 
Original 
Replicate 

5 4.7 x IO-13 

5.5 x 10-13 
30 2.8 x 10-H 

2.8 x 10-H 
55 2.9 x 10-1° 

2.7 x 10-1° 
80 3.8 x lO"9 

3.6 xlO" 9 

Original 
Replicate 

10 1.8x10-12 
1.8xl0-i 2 

35 4.8 x 10-H 
4.5 x 10-n 

• 60 4.5 x 10-1° 
4.4x10-1° 

85 7.4 xlO- 9 

6.8 x 10-9 

Original 
Replicate 

15 4.4x10-12 
4.3 x 10-12 

40 7.4x10-11 
7.3 x 10-H 

65 7.1 x 10-1° 
7.0 x 10-1° 

90 1.7 x 10-8 

1.6 xlO- 8 

Original 
Replicate 

20 9.0x10-12 
8.4x10-12 

45 1.2x10-1° 
1.2x10-1° 

70 1.2 xlO- 9 

1.2 xlO" 9 

95 7.1 x 10-8 

7.0 xlO- 8 

Original 
Replicate 

25 1.7 x 10-n 
1.6x10-11 

50 1.8x10-1° 
1.8 x 10-1° 

75 2.1 x 10-9 

1.9 x 10-9 

99 8.2 xlO- 7 

7.3 x 10-7 

distribution. At the 5th, 95th, and 99th percentile, 
there is some degradation of reproducibility. This 
increased variation in the tails is to be expected and 
reflects the uncertainty in the extreme risks. 

So it can be concluded that 10,000 simulations 
provides reasonable precision in estimation for this 
example; while the precision at the high end of risk 
is not good. Certainly, using a larger number of 
simulations would improve the reproducibility of 
the high-end risk. However, because the largest 
uncertainty is associated with the tails of the input 
and resulting risk distributions, demanding better 
reproducibility is not likely to get one closer to the 
truth. 

6.6.2 Sensitivity of Risk to Input Parame
ters. The final analysis is to assess the sensitivity 

of the uncertainty in the risk to each of the input 
parameters. Both the Pearson's correlation 
coefficient and Spearman's rank correlation coeffi
cient were calculated to contrast the results; ordi
narily only one of the correlations would be calcu
lated. Recall from Section 5.3.2.2 that the 
Pearson's correlation coefficient is more sensitive 
to skewed distributions and outliers than Spear
man's rank correlation coefficient. That is, in the 
presence of skewed data, the variation in the esti
mated Pearson's correlation coefficient will be 
larger than that in Spearman's coefficient. 

The resulting correlations are shown in Table 11. 
The Pearson's correlation gives ambiguous results 
between the original and replicate simulations. 
However, the Spearman's correlation clearly 
indicates that benzene concentration in soil, soil 
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Table 11. Measures of influence of the input parameters on the risk as observed in the original 
simulation and its replicate. 

Correlation Simulation CS IR 

Pearson's Original 0.08 0.04 
Replicate 0.28 0.22 

Spearman's Original 0.75 0.46 
Replicate 0.74 0.48 

ingestion rate, exposure duration, and to a lesser 
extent slope factor have the largest impact on the 
uncertainty in the risk estimate. Hence if a risk 
risk, they would first attempt to reduce the uncer
tainties in these parameters, if possible. It is also 
interesting to note that the averaging time, which 
was very difficult to adequately fit a distribution 
to, had little impact on the risk; little information 
would have been lost had we held this parameter 
constant 

By comparing the Pearson and Spearman cor
relation results between the two sets of simula
tions, one sees the sensitivity of the Pearson cor
relation to skewness. For example, consider 
benzene concentration in soil (CS). The original 
simulation calculated a Pearson's correlation of 
0.08; the replicate was 0.28. For the same parame
ter, the Spearman's correlation was about 0.75 for 
both sets of simulations. These results clearly illus
trate the advantage of a nonparametric correlation 
(e.g., Spearman's) over Pearson's correlation in the 
presence of skewed data. 

6.7 Conclusions 

The MCA results indicate that the probability 
that an individual is exposed to the BRA point esti
mate of risk is small, much less than 1%. Addition
ally, there is only about a 1% probability that an 
individual will be subject to a risk greater than 
1 x 10"6. Individuals with high soil ingestion rates 
or residing at the location for a long period of time 
have the highest probability of being exposed to 
excessive risks. 

ED BW AT SF 

0.09 0.01 0.02 0.02 
0.13 0.01 0.00 0.02 

0.36 -0.06 -0.07 0.20 
0.37 -0.05 -0.06 0.17 

The most important parameters were benzene 
concentration, ingestion rate, exposure duration, 
and slope factor. There was little data on adult soil 
ingestion rates, so the distribution used in the 
MCA was extrapolated from child ingestion rates 
(of which there is sufficient data). The exposure 
duration distribution used in the MCA is based on 
total residence times; these times were adjusted 
from the current residence times given by the EPA 
and others. 

The slope factor was only the third most impor
tant input parameter; it generally would be 
expected to be of much greater importance. The 
distribution for slope factor was based on results 
given in Thompson et al (1992). They derived 
these distributions by adjusting the EPA recom
mended value for a variety of factors which are 
used to derive the slope factor. The resulting dis
tributions may not have adequately accounted for 
all the uncertainty in this parameter. 

The averaging time distribution, which was 
based on age at death, did not have a significant 
impact on risk. This distribution was slightly con
servative; the median averaging time was about 
73 years, while the true median is closer to 
78 years. Shifting this distribution 5 yrs would not 
likely result in major changes to the calculated 
risks and particularly to the conclusions drawn. 
Also, the degree of conservatism in the distribution 
would be considered small. 

hi discussions with the risk manager, the risk ana
lyst would emphasize the graphical results of the 
analysis as presented in Figures 14 and 15. The ana
lyst would indicate the best estimate is 99% of the 
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population would be exposed to risks of less than 
1 x 10*6. The analyst would explain that the rela
tively high point estimates (1 x 10"5) was mostly 
due to the use of the maximum benzene 

concentration in the soil. This occurred because of 
the great amount of variation in the observed 
benzene concentrations. 
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7. SUMMARY 

In this report, the motivation for using MCA as 
an improvement over the BRA point estimates is 
given. Two major shortcomings of the point esti
mate approach is that it suffers from creeping con
servatism so that the user does not know how con
servative the estimate is, and it provides limited 
information to the risk manager and public. The 
use of MCA helps alleviate both of these problems. 

Some reasons for implementing an MCA 
include: 

• Evidence shows that "best estimates" are not 
particularly good estimates; the quality of the 
estimates is significantly improved when the 
analysis forces the consideration of 
uncertainties. 

• One purpose of risk assessment is to help 
anticipate the unexpected; again, by explic
itly considering uncertainties, it is easier to 
determine the contingencies. 

• Risk managers must rely on experts when 
making decisions; without uncertainty analy
sis, the manager cannot assess the reliability 
of the expert's information. 

Some of the disadvantages of implementing an 
MCA include: 

• Adds increased complexity to the risk assess
ment process 

• Difficult to determine a good MCA from a 
bad MCA 

• Some skepticism of MCA by EPA personnel. 

Except under the situation in which the point 
estimate of risk leads to an unequivocal decision 
for an INEL site, the advantages of implementing 
an MCA far outweigh the disadvantages. A phased 
approach to implementing MCA risk analysis is 
recommended. Each phase would be a refinement, 
based on more information, of the previous phase. 
Sensitivity and correlation results from each phase 
would be useful in identifying which parameters to 
focus energies on. 

While the actual implementation of MCA is 
straightforward, there are a number of issues that 
need to be agreed upon by all INEL stakeholders. 
These issues include selection of parameter dis
tributions, use of expert judgment, implementation 
of correlation between parameters, and bounding 
of the assessment. 

The use of MCA helps to focus attention on the 
uncertainty in the risk estimates. Further, it pro
vides a quantitative description of the uncertainty. 
In this way, the manager and stakeholders are bet
ter able to understand the risks and are better able 
to make informed decisions. A key theme of the 
document is that uncertainty matters and MCA 
provides a practical description of the uncertainty. 
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