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Many of the other talks at this conference are a good introduc-
tion to my presentation today. While Dr. Zach and I do not
have a background in animal epidemiology, we are looking at

how tools of engineering risk analysis can be applied to human and
animal epidemiology, as well as to food safety. In particular, we want
to apply these tools to those problems of interest to the Center for
Foreign Animal and Zoonotic Disease Defense.

We have only recently started this work, so I won’t talk about our
results today. Instead, I will focus on examples of the methodology,
using some food-safety examples from the published literature. Fun-
damentally, in risk assessment, we define risk as a function of both
the likelihood of something bad happening, and the severity of that
outcome (see Slide 2). For example, Kaplan and Garrick (1981),
defined risk as involving both uncertainly and some kind of loss or
damage. I’m going to focus in this talk on the uncertainty quantifica-
tion (as shown in light blue on Slide 2), rather than the consequences.
Risk assessment provides “A means to characterize and reduce
uncertainty to support our ability to deal with catastrophe through risk
management” (Zimmerman and Bier 2002; see Slide 3). Fundamen-
tally, risk management is a decision process. It is a social and polit-
ical process by which people decide what to do, while taking into ac-
count a wide variety of factors. Risk assessment is an input to the
process, and provides technical information to inform decision making
in light of all these other considerations and value judgments.

The Center for Risk and Economic Analysis of Terrorism Events
(CREATE), based at the Univ. of Southern California and funded by the
Dept. of Homeland Security, has defined a process that includes four
basic modeling steps (see Slide 4). The first step is risk assessment,
followed by consequence assessment (that is, how bad the outcome
could be, once we know the likelihood of something bad happening).
The third step refers to what types of emergency response actions
are available to help mitigate the consequences. Finally, the economic
assessment is done, based on the severity of the final consequences
(taking into account the emergency response; this step determines the
total economic impact of the event (above and beyond the health or
mortality consequences), and so completes the list of input needs that
a decision maker might have.

The overall goal of risk assessment is that it be “credible and fully
defensible” (American Industrial Health Council and others 1989; see
Slide 5). In particular, it should provide a comprehensive statement of
the current uncertainties, so that if you have a good risk assessment
in hand, there should be a small chance of “after-the-fact surprises.”

Therefore, a good risk assessment should have large uncertainty
bounds if the true uncertainties are large, rather than focusing on a best
estimate and then finding out later that the true situation was much
better or worse than the best estimate.

The intent is that a good risk assessment “explicitly and fairly
conveys scientific uncertainty, including a discussion of research that
might clarify [and reduce] the degree of uncertainty” (American Indus-
trial Health Council and others 1989). Once we know how big the
uncertainties are and where they arise in the risk assessment, we can
use this knowledge to prioritize decision making about where to spend
our research dollars to reduce risk in the long term, as well as which
protective measures should be put in place in the short term.

Note that many of the sources of uncertainty that we address in a risk
assessment may not be adequately addressed by some of the current
models. For example, current epidemiological models may do a good
job of predicting what will happen if a particular strain of foot-and-mouth
disease is introduced into the U.S. However, when making decisions
about which protective measures to put in place, we will not know which
strain will be brought into the country. This gives rise to some additional
uncertainties, beyond those addressed by most current models. Sim-
ilarly, we currently do not know the extent to which foot-and-mouth dis-
ease can be spread by airborne mechanisms. Of course, we could run
an epidemiological model assuming that there is significant airborne
spread, and then run it again assuming that there is not, but ideally, it
would be nice to be able to integrate these two possibilities and get an
overall statement of uncertainty about the outcomes of an outbreak
(given our uncertainty about airborne spread).

To further clarify these issues, I’d like to introduce terminology to
distinguish between “state-of-knowledge” uncertainty (scientific un-
certainty) and “population variability” (Kaplan 1983; see Slide 6). For
example, variability might refer to differences from one person to
another, or from one animal to another, whereas state-of-knowledge
uncertainty represents systematic scientific uncertainty. As an exam-
ple of state-of-knowledge uncertainty, we would typically not yet know
much about the effectiveness of a vaccine that had not yet been fully
developed. These factors are also sometimes described as aleatory
uncertainty (variability) and epistemic (state-of-knowledge) uncertainty
(Paté-Cornell 1996).

You can have uncertainty without variability; for example, if all an-
imals are equally susceptible to a particular disease, but we don’t know
much about their level of susceptibility. Similarly, you can have vari-
ability without uncertainty. For example, if we knew that the risk of some
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particular pollutant to children was systematically different than its risk
to adults, but did not know the actual risk to either group, then we
would have variability by age and also uncertainty. However, if we knew
the actual risk levels to both children and adults, then we would not have
scientific uncertainty, only variability.

Of course, in most real-world situations, we will have both state-of-
knowledge uncertainty and population variability, and they can be difficult
to disentangle from each other. In fact, the difference between variabil-
ity and uncertainty is not necessarily fundamental. For example, some
sources of uncertainty might be effectively irreducible in the short term
(say, in the next 6 mo), if there is not enough time to research them
before a decision must be made. However, if we’re also trying to set
longer-term research agendas, then a lot of uncertainties that are
irreducible in the short term might be researchable through programs
that would yield good answers 5 or 10 y from now.

Monte Carlo simulation is commonly used to help predict what might
happen in a disease outbreak. Here, I’m going to talk about a variant
of that methodology that is called “2-dimensional Monte Carlo analysis”
(see Slide 7). The purpose of this approach is to create a single overall
statement of uncertainty, including not only the types of randomness
and variability that are already commonly taken into account in sim-
ulations, but also systematic scientific uncertainties (such as lack of
knowledge about infectiousness, susceptibility, and so on). This is im-
portant, because randomness and variability have different implica-
tions for policy than broader scientific uncertainties. So, while it is nice
to have a single overall statement of how uncertain we are, we also
want to be able to distinguish variability from scientific uncertainty in
order to look at their different policy implications.

To make this more understandable, I will use as an example a sim-
ulation of a fast-food franchise (see Slide 8). If I already owned a fran-
chise at a particular location, I may have variability from day to day in
how many people come into that store, how long it takes to serve them,
and what they order. However, in this case, I would most likely have
a lot of data with which to characterize the average arrival rate of
customers and their average service time, so I would have variability
with little or no uncertainty.

By contrast, if I were planning to open a new franchise that doesn’t
exist yet, at a different location where there are currently no fast-food
restaurants, then I would have not only variability from customer to
customer and from day to day, but also uncertainty about how many
customers will arrive on average. Capturing this uncertainty in my sim-
ulation and looking at its effect on the profitability of my restaurant might
help me make decisions. For example, if the analysis reveals that the
arrival rate of customers at this location might be so low as to make a
restaurant unprofitable, I could choose to do more market research
before deciding whether to open a restaurant at this particular location.

My co-author, Dr. Zach, and I are just starting this process for animal-
health risk analysis, so we do not yet have results to present. There-
fore, I’m going to present an example of 2-dimensional Monte Carlo from
the published food-safety literature (Humphreys and others 2001). This
analysis examined a naturally-occurring toxin (fumonisin) in corn and
corn products, and potential health concerns for the U.S. population
(see Slide 9). There is uncertainty about both the quantity of this toxin
in corn-based food products, and also uncertainty about how much corn
different people in the U.S. consume. Moreover, while the toxicity of
fumonisin has been measured in mice and rats, differences between
rodents and humans create uncertainty when extrapolating the animal
results to humans. Of course, different humans may also have different
levels susceptibility to the toxin. Finally, the mechanism of fumonisin
toxicity in humans is uncertain, and it is unclear whether it is more similar
to the mechanism of toxicity in rats or mice. Given all of these sourc-
es of uncertainty and variability, the government needs to decide whether
to regulate allowable levels of fumonisin toxins in corn.

For background purposes, fumonisin is a mycotoxin that grows
naturally on corn and maize, which are used for both human and
animal consumption throughout the world (see Slide 10). The level of
fumonisin contamination in corn depends on weather/climate and other
factors. For example, droughts and insect damage make corn more
susceptible to the fungus that produces this toxin. (The fungus grows
on the corn kernels while they are still on the corn plant, and is often
not visible). The severity and effects of fumonisin toxicity vary from
species to species with horses being especially sensitive (see Slide
11). In mice, the most sensitive toxicity endpoint is liver cancer, where-
as for rats, the most sensitive endpoint is renal lesions. Human data
is of course, limited, although it appears that fumonisin could cause
a variety of diseases in humans, including esophageal cancer, gas-
trointestinal diseases, and liver or renal cancers.

In support of policy decisions, the analysis carried out by Hum-
phreys and others (2001) estimated the exposure of the U.S. popu-
lation to fumonisin, as well as the extent of uncertainty about that
exposure (see Slide 12). This uncertainty was treated as the “outer
loop” in a 2-dimensional Monte Carlo analysis. By contrast, the vari-
ability analysis (or “inner loop”) of a 2-dimensional Monte Carlo analysis
is simply an ordinary (“one-dimensional”) Monte Carlo simulation. In
the problem being described here, there is uncertainty about both corn-
consumption levels and the amount of fumonisin in corn. The combi-
nation of these could result in up to 3 orders of magnitude uncertainty
about individual dietary exposure to fumonisin. [Strictly speaking, dif-
ferences in corn-consumption levels and the extent of fumonisin con-
tamination probably represent variability—from person to person
(for consumption levels), and over time (for contamination levels)—
rather than uncertainty. However, for consistency, we are adopting the
same categorization of uncertainty and variability as used by Hum-
phreys and others (2001).]

The chart on Slide 13 shows the levels of fumonisin that have been
measured in different types of corn products in the U.S. (Humphreys
and others 2001). For example, corn meal has relatively high levels
of fumonisin contamination, while popcorn, corn chips, and corn flakes
have much lower levels. For comparison purposes, Canada has had
essentially no fumonisin contamination in some years, but higher lev-
els in other years, possibly due to drought conditions (Kuiper-Goodman
and others 1996). South Africa often has high levels of fumonisin
contamination in corn, possibly due to differences in climate and ag-
ricultural practices (Marasas 1997).

Humphreys and others (2001) looked at the effects of various
possible regulatory measures on levels of fumonisin consumption.
For example, Slide 14 shows fumonisin exposure per person per day
as a function of both the level of corn consumption and the maximum
allowable concentration of fumonisin in corn. The light blue line at the
top of this figure shows the toxin consumption under circumstances
with no regulatory limit on fumonisin contamination. As the limit of al-
lowable fumonisin contamination in corn is reduced (down to 0.5 parts
per million), the exposure to the toxin decreases (as we would expect).

However, interestingly, reducing the allowable contamination level may
not substantially reduce the exposure levels of vulnerable individuals
with the greatest corn consumption. This suggests that those individ-
uals with high levels of corn consumption may still be heavily exposed
to fumonisin, even if the corn itself is less heavily contaminated.

Humphreys and others (2001) also studied the effects of consump-
tion advisories (see Slide 15). Under this alternative, government
authorities could advise people to limit their intake of certain corn
products, in a similar manner to what is now done for Great Lakes fish.
The chart on Slide 15 is similar to the previous one, but shows the
effects of differing consumption advisories on total fumonisin intake,
as a function of people’s (original) levels of corn consumption. The light
blue line at the top again shows the extent of fumonisin intake with no
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consumption advisory. As the recommended consumption limit in
advisory decreases, the daily toxin intake is markedly reduced. Thus,
consumption advisories would seem to have a greater effect on re-
ducing peak levels of fumonisin intake than contamination limits, be-
cause consumption advisories specifically address risks to those
individuals who consume large amounts of corn.

Humphreys and others (2001) also studied the effects of variability,
or the “inner loop” of the Monte Carlo simulation (see Slide 16). In their
study, the variability was taken to include the effects of extrapolation
from rats to humans, differences between individuals (for example, due
to different body weights), and the inadequacy of the data available for
characterizing the dose-response relationship to fumonisin. [Again, the
effects of extrapolation from rats to humans and the inadequacy of
dose-response data would perhaps be better characterized as con-
tributing to uncertainty rather than variability, but for consistency, we
are adopting the same terminology as Humphreys and others (2001).]
Estimation of the toxicity in Humphreys and others (2001) was based
on expert opinion (see Slide 17). Specifically, a pathologist provided
ratings of the severity of clinical consequences resulting from different
levels of toxin exposure, based on available toxicity information. Rat-
ings ranged from 0 to 3, with 1 representing the smallest observable
effect, values less than 1 representing sub-clinical effects, and val-
ues close to 3 representing severe effects.

Slide 18 shows the contributions of both uncertainty and variability,
as defined by Humphreys and others (2001), to human nephrotoxic
risk under a variety of regulatory scenarios. (The graph is dimension-
less, because the units can be difficult to interpret.) In Slide 18, the red
bars represent the effects of uncertainty with no variability; the pur-
ple bars represent variability with no uncertainty; and the cream-col-
ored bars represent the effects of both uncertainty and variability. Thus,
for example, the red bars show the estimated risk levels if both corn
consumption and the extent of fumonisin contamination (treated as
aspects of “uncertainty” in this study) were at relatively high levels.
Conversely, neglecting the uncertainty (or “outer loop” of the Monte
Carlo simulation) and setting only those factors treated as variability
to high levels would give us the purple estimates of risk (rather than
the cream-colored estimates). This could result in estimates of risk that
are low by about a factor of ten.

Thus, the results on Slide 18 demonstrate the value of 2-dimension-
al Monte Carlo analysis. In particular, it may sometimes be worthwhile
to conduct additional research to reduce uncertainty. In this particular
case, those factors categorized as “variability” appear to contribute
more to the overall risk than those categorized as “uncertainty,” and
in any case, all of the risk estimates were low enough that no further
regulatory action was judged to be necessary (see Slide 19). Howev-
er, in cases where the overall risk estimates are higher, it could be
important to take uncertainty into account in order to avoid underes-
timating peak risks. Some of the risk-management options that could
have been considered if fumonisin risks had been too high might in-
clude contamination limits and consumption advisories (see Slide 20).
Limits on the maximum toxin levels in corn products put the burden of
risk reduction on corn producers. By contrast, consumption advisories
(which seem to be more effective at controlling peak exposures) put
the burden on consumers.

If consumption advisories were to be adopted, it would be desirable
to collect information on vulnerable population subgroups (such as the
young, the poor, and pregnant women), as well as data on consumption
levels by ethnicity and region. By contrast, if any regulatory efforts were
to take the form of contamination limits, then additional information on
toxin concentrations by region might be useful, along with information
on how contaminated corn might move through the supply chain.

To summarize our discussion of Humphreys and others (2001), I
want to emphasize that the conclusion of this study showed only low

levels of risk, and little reason for concern about fumonisin levels in the
U.S. corn supply (see Slide 21). However, there are some caveats to
that conclusion. In particular, risks may not be as low as indicated above
if the data on corn consumption are not representative of the entire U.S.
(for example, if some high-consumption regions were omitted), and if
the measured levels of fumonisin in corn crops did not include data
obtained under drought conditions. Finally, Humphreys and others
(2001) assumed that kidney lesions are the most sensitive toxicity
endpoint in humans. If some other endpoint is more important than kidney
lesions, then the risk could again be higher than indicated here.

As documented in Slides 22 and 23, much higher levels of fumonisin
contamination in corn products have been observed in South Africa
(Marasas 1997). Moreover, the risks of fumonisin toxicity are especially
high for poor populations that subsist on corn as a dietary staple, and
that may not be able to afford to buy clean, uncontaminated corn
(Marasas and others 1988). The exposures to such populations could
well be high enough in some situations to pose a serious hazard.

In the work that Dr. Zach and I are doing for the Center for Foreign
Animal and Zoonotic Disease Defense, we hope to be able to apply this
technique to control of foot-and-mouth disease (see Slide 24). In
particular, this analysis will address not only the effects variability and
randomness (for example, due to differences in weather conditions
and disease-transmission contacts from day to day), but also some
of the scientific uncertainties (such as the infectivity of foot-and-mouth
disease). Ideally, we would hope to be able to capture both variability
and uncertainty, since they have different implications for decision
making. For instance, if different herds have different susceptibility
based on their genetics, that problem can’t necessarily be solved by
further research. Those herds are always going to be different, no
matter how much one studies them. By contrast, if there is scientific
uncertainty about a factor such as infectivity or airborne spread, that
can be addressed by research.

This type of uncertainty analysis can be done for almost any pa-
rameter. For instance, some traditional epidemiological models treat
parameters such as infectivity (or the differences in infectivity between
species) as known constants. With 2-dimensional Monte Carlo sim-
ulation, such parameters would not need to be represented by a single
number, but could be modeled by a distribution showing the entire
range of credible parameter values. In a way, the basic idea is simi-
lar to sensitivity analysis. However, instead of having to do a new set
of sensitivity runs for each parameter individually, by doing it in an
integrated manner, one can study the combined effects of numerous
different uncertainties all at once.

One caveat to this type of analysis is that two-dimensional Monte
Carlo simulation works well only for uncertainty about the parameters
of an individual model. However, in some cases, we may also be uncertain
about which model is most appropriate if different models give quite
different results (see Slide 25). As noted on Slide 26, Box (1979), an
eminent statistician, pointed out that “All models are wrong, but some
are useful.” If we know that our model might be wrong and that some
other model would give a different result, what can we do about it?

A study by Linkov and Burmistrov (2003) specifically investigated
model uncertainty in the context of radioactive contamination on fruit
(such as strawberries) in the aftermath of a nuclear power plant ac-
cident. The authors found radically different predictions for the cesium
concentrations in strawberries from different models. In fact, the results
from the 6 different models they considered varied by as much as
seven orders of magnitude (see Slide 27).

The graph on Slide 28 shows the ratio of the individual model results
to the median output of all 6 models for 4 different iterations of modeling
effort. Here, the iterations represent meetings in which the modelers
discussed and agreed on their assumptions, and attempted to stan-
dardize their modeling methods to achieve greater consistency. As
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shown in Slide 28, it was not until the 3rd meeting that major disagree-
ments among the results of the various models were substantially
reduced. By iterations 3 and 4, there was much closer agreement
among most of the models, but one model still gave much lower pre-
dictions than the other 5. Thus, even extensive interactions among the
modelers didn’t completely eliminate model-to-model difference, sug-
gesting that model uncertainty can be a significant consideration.

What do we do once we have these uncertainty analyses? The
first step is to communicate the results to decision makers (see Slide
29). That might be done by using probability distributions to show the
overall uncertainty about the outcome of the analysis. For example,
probability distributions for the number of infected animals in an out-
break of foot-and-mouth disease might be useful to decision makers
in understanding the range of possible scenarios that could occur. Pie
charts could also assist in risk communication by showing which
sources of uncertainty are contributing the most to the overall uncer-
tainty about the outcome. This kind of information can shed light on the
value of additional information, thereby helping in decisions about which
uncertainties are the most important to study and resolve. Eventually,
the results of the risk assessments can be used as input for a decision
analysis, in which stakeholder values are used as a basis for identi-
fying the most desirable risk-management options (see Slide 30).

To conclude, I would emphasize that methods such as two-dimen-
sional Monte Carlo analysis and other forms of uncertainty analysis
can be a useful adjunct to more traditional Monte Carlo simulation in
supporting decision making (see Slide 31). In particular, uncertainty

analysis can help guide which areas are the most important focus for
future research and data collection
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Risk Assessment

• Risk depends on both:
– Probability or frequency of an adverse 

outcome
– Severity of that outcome

• Kaplan and Garrick (1981) define 
“risk” as involving “both 
uncertainty and some kind of loss 
or damage”



Risk Assessment

• Risk assessment:
– “A means to characterize and reduce 

uncertainty to support our ability to deal 
with catastrophe through risk 
management” 

• Risk management: 
– Decision-making process 
– Involves political, social, economic, and 

technical factors



Modeling Steps

Risk Assessment

Consequence Assessment

Emergency-Response Models

Economic Assessment

(Center for Risk and Economic Analysis of Terrorism Events)



Overall Goal

• American Industrial Health Council (1989):
– Risk assessment should be “credible and fully defensible (so it will 

not result in after-the-fact surprises)”
– A good and complete risk assessment “explicitly and fairly 

conveys scientific uncertainty, including a discussion of research 
that might clarify [and reduce] the degree of uncertainty”

• Helps decision makers to quantitatively address sources 
of uncertainty: 
– Many of which are not yet adequately handled by current 

models
• Example: 

– Uncertainty about airborne spread of foot-and-mouth disease
• If simulations are run under the assumption that airborne 

spread can occur (or cannot occur), the results would 
understate the overall level of uncertainty



Risk Assessment Terminology

• Kaplan (1983) distinguishes between “state-of-
knowledge” uncertainty and “population 
variability” 

• To illustrate, in the context of food risk:
– State-of-knowledge uncertainty may refer to a lack of 

knowledge about the average effect of a particular toxin on 
health

– Variability might refer to differences from one person to 
another

• One can have uncertainty without variability:
– If all exposures result in the same (unknown) risk level

and variability without uncertainty: 
– If the risks to different groups of people are known but 

unequal



Two-Dimensional Monte Carlo

Create a single overall statement of 
uncertainty

• Integrate random effects (e.g., weather 
conditions) and population variability (e.g., 
exposure to a disease) with systematic 
uncertainty (e.g., infectiousness) 

• Distinguish randomness and population 
variability from lack of knowledge:
– And draw out their different implications for 

policy



Example

• Simulations of queuing systems (e.g., in fast-food 
industry) typically treat the exact number of 
customers and their service times as random:
– Ignore uncertainties about arrival rates and average service times!

• Two-dimensional Monte Carlo recognizes the 
uncertainty about the inputs to the simulation

• Research and data collection can reduce the 
uncertainty about arrival rates and average 
service times:
– Even though actual customer arrivals and service times will still be 

random and unpredictable



Natural Toxin in Food Supply

• Humphreys, Carrington, and Bolger (2001):
– “A quantitative risk assessment for Fumonisins B1

and B2 in US corn” in Food Additives & 
Contaminants 18(3)

• Complex risk analysis:
– Uncertain distribution of occurrence in food
– Uncertain distribution of occurrence in people’s 

diets
– Variable attenuation factor between rats and 

humans
– Variable response of human population to toxin
– Uncertain mechanism for NOAEL toxicity

• Should government regulate? 
– Need to assess costs and benefits of regulation



Fumonisin in Corn

• Fumonisins are a group of mycotoxins
produced by Fusarium moniliforme

• They contaminate corn (maize) used for 
human and animal feed in all areas of 
the world

• Level of contamination depends greatly 
on climate and other factors:
– Droughts and insect damage can increase 

contamination 
• The fungus producing fumonisin grows 

on the corn while it is on the plant: 
– And is often not visible



Toxicity of Fumonisin

• Severity and effects vary with species:
– Horses are the most sensitive to this toxin!

• Most sensitive endpoint in mice is
liver cancer lesions:
– For rats, it is renal lesions

• Human data is limited: 
– May cause esophageal cancer, 

gastrointestinal diseases, liver or renal 
cancers 



Exposure Assessment

• Estimate US population exposure (and 
uncertainty about this exposure) to assist in 
policy analysis:
– This is the outer (uncertainty) loop in the Monte 

Carlo
– Could collect more information to reduce this 

uncertainty
• There is uncertainty about both:

– Corn consumption levels 
– Presence of fumonisin in corn products 

• Large uncertainty (three orders of magnitude): 
– Range of 1,000!



Average Presence in US Corn
FDA surveillance data (1994-1995)

• Comparisons: 
– Non-

detectable 
in Canada 
1994, but 
15,000 parts 
per billion 
(ppb) in 
1993

– 7,100 -
54,000 ppb 
in South 
Africa in 
1992
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Exposure to Fumonisin
(with concentration limits in corn)
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Exposure to Fumonisin
(with consumption advisories)
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Dose/Response Estimate

• Variability in response to fumonisin:
– This is the inner (variability) loop in the Monte 

Carlo
– Costly and time-consuming to reduce this 

uncertainty
• Accounts for:

– Extrapolation from rats to humans
– Variability of the human response (e.g., due to 

differences in body weight)
– Less than adequate data on dose/response



Estimation Issues

• How to quantify the uncertainties 
about parameters like dose/response 
ratios:
– Expert opinion of risk from various levels of 

fumonisin, based on available toxicity 
information

• Pathologist’s rating scale for 
degenerative lesions in the kidneys: 
– Runs from 0 to 3, with 1 being the smallest 

observable effect
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Graph Shows Value of 2-D Monte 
Carlo Uncertainty Analysis

• Research to reduce uncertainty can 
sometimes be worthwhile

• In this case, the variability contributes 
more to the overall risk than the 
uncertainty:
– However, all values are low enough that 

further action is not needed



Risk-Management Options 
(reduce intake in population)

• Set limits on fumonisin in corn products:
– Burden on producers

• Issue a consumption advisory:
– Burden on consumers
– Analysis shows this may be the preferred option

• Collect additional information on vulnerable 
groups:
– Young, pregnant, poor, by ethnic group, by region 

• Collect additional information on 
concentrations:
– Where do high-concentration products come from?
– Supply chain



Conclusions and Caveats 

• Small risk and little reason for concern, 
providing that: 
– Consumption data is not heavily skewed to 

urban populations
– Levels of fumonisin in corn crops exposed 

to drought conditions are included 
– Degenerative kidney lesions are the most 

sensitive human endpoint



Exposure in South Africa
(Marasas, 1997)

• Urban dwellers:  
– 84 micrograms (µg) of fumonisin per 

person-day
• Rural dwellers, healthy corn: 

– 3,262 µg of fumonisin per person-day
• Rural dwellers, moldy corn: 

– 24,780 µg of fumonisin per person-day
• Compared to an estimated tolerable 

daily intake of 56 µg of fumonisin per 
person-day 



Risk-Management Options 
(South Africa)

• Limit fumonisin in the corn crop to 0.5 
ppm?
– May reduce fumonisin in average diets, but 

only insignificantly (by 0.5 µg per person-
day)

– Wouldn’t protect the most exposed 
consumers

– May be unobtainable for subsistence 
population (import high-cost corn, or 
substitute another food)



Application to Foot-and-Mouth 
Disease

• Simulate outcomes of disease outbreaks 
for a variety of mitigation strategies:
– Epidemiology models
– Economic models

• Include variability (e.g., weather 
conditions) and uncertainty (infectivity, 
dissemination rate, airborne spread)



Additional Uncertainties

• Two-dimensional Monte Carlo works well 
for uncertainty about the parameters of a 
model:
– But some uncertainties may be inherent in the 

models
• Examples:

– The model assumes perfect compliance with 
concentration limits, but actual compliance is 
imperfect

– The model uses a conservative estimate of toxicity 
– The model omits some endpoints or damage 

mechanisms



Model Uncertainty

• Two-dimensional Monte Carlo works less 
well when some models do not include all 
relevant features 

• “All models are wrong, but some are 
useful”:
– George Box

• How can we reasonably assess the 
probability that each model is “correct”?
– Most (or all) are gross simplifications of the real 

world
– Some are known to be conservative (or non-

conservative)
– Different animals represent different human toxic 

endpoints (for example, rats versus mice)



Model Uncertainty: Example

• Linkov and Burmistrov (2003):
– ”Model uncertainty and choices made by modelers: Lessons 

learned from the International Atomic Energy Agency model 
intercomparisons” in Risk Analysis 23(6)

• Modelers interpret problems differently, 
resulting in uncertainty:
– Differences in problem formulation
– Differences in model implementation
– Different parameter selections

• Predictions from six models for cesium 
concentrations in strawberries differed by as 
much as seven orders of magnitude
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Risk Communication

• Probability distributions 
showing total uncertainty

• Pie charts showing 
contributions to overall 
uncertainty from different 
sources:
– Uncertainty versus randomness or 

variability
– Particular areas of scientific uncertainty

• Can shed light on value of 
information:
– Which uncertainties are important to 

resolve



Next Step in Decision Making

• Assessment of stakeholder values:
– As a basis for identifying the most 

desirable risk-management options

Risk Assessment

Consequence Assessment

Emergency-Response Models

Economic Assessment



Take-Home Messages

• Two-dimensional Monte Carlo 
recognizes uncertainty about inputs 
to a simulation

• Once these are highlighted, research 
and data collection can reduce the 
uncertainty


