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Abstract

Quantitative microbial risk analysis modelling is increasingly being used in food safety as a tool to evaluate health
risks. Accurately forming such models can be very difficult due to the uncertainty in the available data. Second
order Monte Carlo simulation allows for the inclusion of this uncertainty and separates it from the variability incor-
porated in the model. This modelling process is illustratedby performing a simple risk assessment on the infection of
Campylobacter during chicken preparation at a typical New Zealand barbecue.
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1. Introduction

Risk analysis is the qualitative or quantitative assess-
ment of the potential impact of risk [1]. Risk analysis is
an important and widely used tool, and is vital in high
risk fields such as the health and chemical industries.
The accurate use of risk analysis can help in the un-
derstanding and management of risk which can lead to
precautionary action and the protection of those at risk.

Quantitative microbial risk analysis (QMRA) is
specifically used to estimate health risks that arise due
to exposure to harmful microbes. Typically in a food
safety related QMRA, the aim is to statistically model
the transmission of a specific pathogen through a chain
of processes [2]. The resulting model will acquire an
estimate of the probability of adverse effects upon con-
sumption. The model can then give information about
which links in the chain lead to a higher abundance of
the pathogen. This is very helpful when trying to pre-
vent or limit the effect of the pathogen upon consump-
tion.

Applying an accurate QMRA model can potentially
be quite complex as there are often many details that
need to acknowledged. Finding the abundance of the
pathogens on certain surfaces is essential to building a
QMRA model, but doing so is both time-consuming and
inexact. Therefore, there is likely to be a large amount
of uncertainty in these data sets, and thus in the models.
Expressing this uncertainty in the models is an integral
part of the QMRA.

The inability to precisely predict future outcomes is
due to two components, variability and uncertainty [1].
Variability represents the naturally occurring random
heterogeneity within a population [3], [4]. Uncertainty
is the lack of knowledge, or level of ignorance, about the
parameters representing the system being modelled [1].
The variability of a system cannot be reduced, however
the uncertainty of a system can be reduced upon further
study or measurement. The combination of variability
and uncertainty is referred to as total uncertainty [1].

Keeping uncertainty and variability separate can be
very important and useful to a risk analysis model [4].
Mixing the two together will bring about model out-
puts that are difficult to interpret, as they will include
the mixture of both variability and uncertainty. By sep-
arating them, the effect that both the variability and un-
certainty has on the model output can be deduced. If
uncertainty turns out to be the dominating component,
then one would know that the model can be improved by
further collection of information [1]. Separating vari-
ability and uncertainty can aid in the understanding of
the system being modelled, and give valuable insight
into where in the model the total uncertainty can be re-
duced.

Probability distributions are used to represent both
the variability of the population and the uncertainty of
the parameters used in the variability distributions. The
core structure of the risk analysis model is based around
the variability distributions in the system being mod-
elled. Once in place, the uncertainty distributions as-
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sociated with the parameters representing the variabil-
ity can be added. Monte Carlo simulation can then be
applied by first generating an estimate of the parame-
ters from the uncertainty distributions. These param-
eters are then fixed while large samples of realisations
can be generated from the corresponding variability dis-
tributions. This looping procedure can then be repeated
many times with different parameter estimates. This
two-stage process is referred to as a second order Monte
Carlo simulation.

It is widely recognised that a major cause of food-
borne illnesses is a result of unsafe food practices in
the home [5]. Cross-contamination is the transfer of
pathogens from one object to another and is believed
to be a major factor in causing these illnesses [6]. In
particular, the pathogenCampylobacteris recognised
as a substantial cause of these foodborne illnesses [7].
In fact it is amongst the top five pathogens which cause
the most infections worldwide [8]. One of the leading
causes ofCampylobacterinfections is through the con-
sumption or handling of chicken products [7]. With this
in consideration, it is understandable why food safety
authorities may want to conduct a QMRA on the risk of
infection ofCampylobacterthrough the unsafe prepara-
tion of chicken in the home.

By performing a QMRA on the cross-contamination
of Campylobacterduring chicken preparation in the
home, estimates can be gained about the number of
colony-forming units (CFUs) ofCampylobacterthat
are consumed, and hence probabilities of infection can
be deduced. If these probabilities are substantially
high (and the model is believed to be accurate), food
safety authorities can then take appropriate action in
reducing the risk of infection. The model can also be
used to assess which parameters (which may represent
cooking malpractices) are more influential in causing a
higher contamination ofCampylobacter. Clearly, cross-
contamination can occur in many different forms which
can make model fitting an arduous task, thus separat-
ing variability and uncertainty is an additional task that
is commonly neglected [3]. For this reason, it is often
beneficial to keep the model simple by emphasising the
more important risk factors.

In this investigation a simple QMRA was performed
to estimate the proportion of people who will be in-
fected byCampylobacterin a common home barbecue
setting. The model was constructed using second order
Monte Carlo simulation to allow for the separation of
the variability and uncertainty in the system. The pur-
pose of the model is to provide a basis for using second
order models in QMRA, and more specifically in food
safety risk analyses.
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Figure 1: Model summary of the cross-contamination ofCampylobac-
ter. The solid arrows represent the transfer ofCampylobacterfrom
one surface to another.

2. Methods

The scenario used as a basis for the model is based on
a very simple barbecue preparation process. Every step
in the scenario is performed by the same person, who
consumes the chicken on their own. The scenario is as
follows:

1. Uncooked chicken is picked up by hand and placed
on a plate.

2. The plate with the chicken is then taken to the bar-
becue for cooking.

3. The chicken is placed on the barbecue with tongs
and cooked appropriately. The plate remains by the
barbecue.

4. Once chicken has been cooked it is placed back on
the same plate, using the tongs.

5. The cooked chicken is then eaten with unwashed
hands.

There are two fundamental food preparation malprac-
tices in this scenario. The first is that hands are not
washed, the second is that the plate is reused. Transmis-
sion by tongs is omitted due to assumptions detailed be-
low. The chain of possible cross-contaminations is sum-
marised in Figure 1. There are two paths which can lead
to a contaminated chicken being consumed. The first is
thatCampylobacterin the uncooked chicken (C) goes to
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the hand (H), and then from the hand to the mouth (M).
The other path is whenCampylobactertransfers from
the uncooked chicken to the plate (P), and then from the
plate to the cooked chicken. This scenario now estab-
lishes a foundation in which a quantitative model can
be formed.

In order to form a quantitative model, data first needs
to be obtained. In terms of this model, there are three
main parts that need to be quantified. There is the num-
ber of CampylobacterCFUs in the initial piece of un-
cooked chicken, the CFU transfer rates during cross-
contamination and the probabilities of both a person
washing their hands and reusing their plate. The data
used to estimate these three parts of the model were
provided by the Institute of Environmental Science &
Research (ESR) in New Zealand. Because the model is
primarily focused around cross-contamination it is the
transfer rate data which is the most vital. Transfer rates
(TR) are defined as the percentage of CFUs that transfer
from one surface to another [9]. The probability distri-
butions of TR are distinctly right-skewed, and is consid-
ered to be best represented as a normal distribution on
log10(TR) with meanµ and varianceσ2 [9]. The dis-
tribution of the number of CFUs in the initial uncooked
chicken, given it is contaminated, is also assumed to be
a normal distribution of the log transformation. The pa-
rameters of this normal distribution were supplied by
previously gathered estimates performed by ESR, there-
fore it is assumed there is no uncertainty around these
parameters. Finally, the probabilities of a person wash-
ing their hand and reusing their plate were estimated
from a survey on food preparation practices, conducted
by ESR. With all the data available and a knowledge
of all the necessary probability distributions associated
with variability, the core structure of the model can be
built.

Thus far, the uncertainty in the model has not been
considered. Firstly, the parameters which have uncer-
tainty must be identified. This is theµ andσ2 param-
eters used in the normal distribution onlog10(TR) and
the probabilities related to unwashed hands (UWH) and
reuse of plate (RUP). There are two primary objec-
tives when representing uncertainty in a model, select-
ing which probability distribution to use, and then se-
lecting the associated parameters.

Through bootstrapping thelog10(TR) data, it was re-
vealed that the distribution of the sample mean and sam-
ple standard deviation appear to be approximately bell-
shaped, hence they were assumed to be normally dis-
tributed with parameters selected accordingly from the
bootstrap samples. Furthermore the Central Limit The-
orems provides a theoretical basis for representing the

distribution of the parameterµ with the normal distri-
bution. Using Bayesian inference with diffuse priors
and the use of sample proportions, the distribution of
the probabilities associated with unwashed hands and
reuse of plate can be estimated using the beta distribu-
tion. The representation of these uncertainty distribu-
tions in the model, combined with the variability distri-
butions are shown in Table 1.

Variable Variability and Uncertainty Distributions
log10(TRX→Y) Normal[Normal(x̄, s2

x̄),Normal(s2
, s2

s2)]
UWH Binomial(1,Beta(43, 275))
RUP Binomial(1,Beta(17, 288))

Table 1: Probability distributions representing the different variables.
The uncertainty distributions are in bold.

In the scenario, certain assumptions must be made
for simplicity in the model to be maintained. A ma-
jor assumption is that the heat of the barbecue kills
all Campylobacterin the chicken, and hand wash-
ing removes allCampylobacteron the hand. Another
assumption is that the number ofCampylobacteron
the contaminated surfaces, (i.e. hand, plate, cooked
chicken) remains constant. This means there is no
growth or deaths throughout the procedures, except
during hand washing. The cross-contamination from
hands to cooked chicken will not be considered in the
model, assuming that hands to mouth is the main cross-
contamination in regards to hands.

The model quantifies the progression of CFUs from
the initial number of CFUs in the uncooked chicken
(CFUC) through to the final number of CFUs that will
be consumed (CFUF). It is the progression through-
out the cross-contamination events that will influence
CFUF . All the procedures that take place in the sce-
nario are assumed independent and we assume all un-
cooked chicken is contaminated. The CFUs at each sur-
face were calculated using:

• CFUH = CFUC × TRC−H
• CFUP = (CFUC −CFUH) × TRC−P
• CFUCC = CFUP × TRP−CC
• CFUM = CFUH × TRH−M

And thus the final amount of CFUs that are consumed
is given by:

CFUF = CFUCC × RUP+CFUM × UWH

Once CFUF is found, the corresponding probability
that this number of CFUs will cause an infection can
be deduced using a dose-response relation. From this
the risk can then be formally assessed.
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3. Results

To quantify the different effect variability and uncer-
tainty have on the model consider the credible intervals
in Table 2. The 95% credible intervals were calculated
for the model with no uncertainty, and for the model
with uncertainty. The credible interval for the propor-
tion of people who are at risk of infection is (0.027,
0.045) with no uncertainty and (0.022, 0.053) with un-
certainty. Naturally, the interval width for the latter is
larger because it includes the uncertainty as well as the
existing variability. Therefore the increase in the in-
terval width is due to the uncertainty. The fourth col-
umn shows what proportion of the interval width is con-
tributed by the variability. In this case it is 0.581 which
suggests the impact of variability and uncertainty is rea-
sonably similar. For the confidence intervals associated
with the proportion of people who have higher proba-
bilities of infection, the variability contribution to the
credible interval seems to increase as the probability of
infection increases.

x Without Uncert. With Uncert. Interval Length of WU
Interval Length of WOU

0 (0.027, 0.045) (0.022, 0.053) 0.581
0.05 (0.013, 0.027) (0.011, 0.031) 0.700
0.1 (0.008, 0.020) (0.007, 0.023) 0.857
0.25 (0.002, 0.010) (0.002, 0.012) 0.800

Table 2: 95% credible intervals of the proportion of people,x, who are
at risk of infection for models without (WOU) and with uncertainty
(WU), for infection probabilities greater than 0, 0.05, 0.1and 0.25.

After the level of risk has been assessed, it is im-
portant to know which variables in the model have the
greatest impact onCampylobacterinfections. The cor-
relations between each variable in the model and the
CFUF were calculated. The variable with the highest
correlation of 0.158 isCFUC, followed by RUP with
0.140. All other correlations are less than 0.06. These
correlations are very weak due to the many contribut-
ing variables that effect theCFUF . The complexity of
the cross-contamination process results in many interac-
tions between the variables. This upsets the possibility
of any strong correlations with the final outputCFUF .

4. Conclusion

The model presented here provides simple guidelines
on how to use second order Monte Carlo simulation
to assess risk in a food safety QMRA. A wide range
of models can be adapted for a QMRA. The methods

used to construct this model were primarily used be-
cause they are the most common or simplistic methods
available.

Although the literature discusses ways of going about
separating variability and uncertainty, it does not seem
to discuss in much detail ways to go about analysing
or quantifying the differing effects that this separation
brings to the output of the second order Monte Carlo
model. Often the importance of separating the two is
stressed, but not how to summarise the implications of
this separation. In our model, the effect of the separa-
tion was quantified by comparing the differing margins
of error that resulted from a model without uncertainty
and a model with uncertainty. This however, may not
be the best way to go about this. Further work should
investigate better ways of quantitatively expressing this
separation.

Second order Monte Carlo simulation is an extremely
helpful tool used in risk analysis, as it allows for the
separation of variability and uncertainty which leads to
more useful and interpretable model outputs. Hence the
use of such models can lead to better risk management,
particularly in the food safety field.
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