ABSTRACT

MOKHTARI, AMIRHOSSEIN. Evaluation of Sensitivity Analysis Methods for Application

to Microbial Food Safety Process Risk Models (Under the direction of Dr. H. Christopher Frey).

With the emergence of quantitative risk assessment modelsin the field of food safety,
there has al so been a growing recognition of the need for sensitivity analysis of such models.
Key questions that must be addressed in performing sensitivity analysis with food safety risk
models include the following: What are the key criteriafor sensitivity analysis methods applied
to food safety risk assessment?; What sensitivity analysis methods are most promising for
application to food safety and risk assessment?; and What are the key needs for implementation
and demonstration of such methods?

Microbial food safety process risk (MFSPR) models are examples in which the process of
sengitivity analysisis challenged by typical characteristics of those models such as non-linearity,
thresholds, interactions, use of both continuous and categorical inputs, and two-dimensional
simulation of variability and uncertainty.

In June 2001, NCSU hosted a workshop on sensitivity analysis. The workshop supported
the need for case studies with existing MFSPR models to demonstrate to practitioners how
sensitivity analysis methods can be used and to evaluate various specific methods.
Recommendations also were made regarding need for a guidance document to assist practitioners
in selecting, applying, interpreting, and reporting the results of sensitivity analysis.

The three main purposes of this dissertation are to: (1) evaluate sensitivity analysis
methods; (2) present examples of how sensitivity analysis can be applied to MFSPR models and

how the results can be presented and interpreted; and (3) provide guidanceto risk analysis



practitioners regarding the application of sensitivity analysis, particularly with regard to MFSPR
models as well as other risk models with similar characteristics. This study included areview of
existing methods, and a detailed series of quantitative case studies of multiple sensitivity analysis
methods applied to an E. coli O157:H7 food safety process risk model in ground beef. Methods
evaluated include Pearson and Spearman correlation analyses, sample and rank regression
analyses, sample and rank stepwise regression analyses, analysis of variance, and classification
and regression trees. The report presents results and insights from the application of these
methods to the mode!.

The methods were compared and evaluated with regard to multiple criteria, including
applicability, robustness of results, ability to rank and discriminate among inputs, providing
insights that can be used for risk management decisions, and others. The guidance provided here
represents a synthesis of rigorous yet practical information across many disciplines, including
engineering and science fields. The guidance is intended to assist exposure and risk modeling
practitioners to make effective use of sensitivity analysis methods and the insights they provide.
The guidance providesinsight regarding: (1) why and when to perform sensitivity analysis; (2)
preparation of existing or new models to facilitate sensitivity analysis; (3) defining objectives
and case study scenarios; (4) selection of methods; (5) general principles for application of

methods; and (6) presentation and interpretation of results.

[ Thiswork was supported by a cooperative agreement with U.S. Department of Agriculture’s

Office of Risk Assessment and Cost-Benefit Analysis|
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PART |

INTRODUCTION



1.0 I ntroduction

Quantitative risk assessment is an emerging tool in the field of microbial food safety
(Rose and Sobsey, 1993; Jaykus, 1996). In particular, there has been increasing development and
use of such models for food safety process risk assessment (Nauta, 2000). Examples include
models for Salmonella (SERAT, 1998), Vibrio parahaemolytics (CFSAN, 2001), E. coli
0157:H7 (FSIS, 2001), and Listeria monocytogenes (CFSAN, 2003). These models typically
include hundreds of parameters and inputs that have uncertainty and/or variability. These models
can be large and complex with typical characteristics such as nonlinearities, interactions between
inputs, thresholds or saturation points, and use of both continuous and categorical inputs (Frey,
2002). Interaction refers to a case in which the effect of an input to the model response depends
on the value of another input, while nonlinearity is arelationship between two variables in which
the change in each variable is not smply proportional to the change in the other variable. Dueto
the characteristics of MFSPR models, it can be difficult to prioritize controllable variables that
are most promising with respect to risk management goals. As a matter of good practice, it is
important to evaluate how a model responds to changesin its inputs as part of the process of
model development, verification, and validation.

Sensitivity analysis is a methodology for identifying the key model inputs that contribute
the most to variation in a selected model output or to the highest values of the output. Thus, an
analyst is often interested in identifying which one or subset of potentially many controllable
variablesis of greatest importance with regard to human exposure and risk. In the context of
food safety, an important input is one that not only has a significant influence on the variation of
the output or any desired measure of sensitivity (Hofer, 1999; Saltelli et al., 2000; Helton and
Davis, 2002), but also is controllable in practice and could be changed in order to reduce risk.

For example, Critical Control Points (CCPs) are points, steps, or procedures in the process of



bringing food from farm to the table at which direct control can be applied, and afood safety
hazard can be prevented, eliminated, or reduced to an acceptable level (Hulebak and Schlosser,
2002; Seward, 2000). Potential CCPs are typically incorporated in microbial food safety process
risk models. Sensitivity analysis results can lead to identification of important CCPs among the
list of inputs. Other reasons for performing sensitivity analysisinclude: assisting the process of
model development; prioritizing additional work aimed at reducing uncertainty in an assessment;
and providing insight into the robustness of model results when making decisions (Cullen and

Frey, 1999).

1.1  Objectives

The objectives of this project are to identify, review, and evaluate sensitivity analysis
methods for application to microbial food safety process risk models and provide guidance for
practitioners regarding application of sensitivity analysis based on case studies with the E. coli
0157:H7 food safety process risk model developed primarily by USDA (FSIS, 2001). These
objectives serve as an aid in identifying potential control points along the farm-to-table
continuum, to inform decisions about food safety research and data acquisition priorities, and to
contribute to the development of sound food safety regulations.

The analyses of this dissertation are targeted to answer several key questions that address
the overall objectives of the research. The answers to these questions are discussed in Part V11:

When should sensitivity analysis be performed?

What are key considerationsin preparation of amodel to facilitate sensitivity
analysis?

How can one select among typical sensitivity analysis methods?

What are the considerations in presenting results of sensitivity analysis methods?



Can conventional sengitivity analysis methods provide robust insightsin spite of their
apparent limitations?

How can one discriminate the importance between closely ranked inputs?

What are the implications of sensitivity analysisin atwo-dimensional probabilistic

framework compared to the one-dimensional analysis of variability and uncertainty?

1.2 Overview of Research

This dissertation is the result of athree phase project. An objective of the project was to
transfer, apply, and adapt sensitivity analysis methods devel oped in other disciplines (e.g.
complex engineering systems) to microbial food safety risk assessment.

During the first year of thisthree year cooperative agreement, NCSU prepared a literature
review of sensitivity analysis methods and convened a workshop of sensitivity analysis experts
and food safety process risk model practitioners. Several “white” papers were presented during
the first day of the workshop (Frey and Patil, 2002; Helton and Davis, 2002; Hulebak and
Schlosser, 2002; Kohn, 2002; Pate-Cornell, 2002; Thompson, 2002, Saltelli, 2002). These papers
have been revised and published in Risk Analysis as a special section on sensitivity analysis,
supplemented with an introduction that summarized the recommendations of the workshop (Frey,
2002). The participants of the workshop formulated recommendations in response to specific
trigger questions:

» What arethe key criteriafor sensitivity analysis methods applied to food safety risk
assessment?

* What sengitivity analysis methods are most promising for application to food safety risk
assessment?

* What are the key needs for implementation and demonstration of such methods?



The first question addresses the key challenges associated with sensitivity analysis applied to
food safety risk assessment, while the latter two questions pertain to recommendations for
identification, evaluation, and selection of methods and for transferring results into the hands of
practitioners.

A key criterion for sensitivity analysis and for the risk model and analysisin generd, is
that it must be relevant to a decision. This means that the model output of interest must be
directly related to the decision. For example, if adecision isinformed by whether risk is above or
below athreshold, then the model output should be a variable indicating the probability that the
estimated risk is above or below the threshold. The sensitivity analysis should pertain to
variation in inputs that causes a change in the value of this output that would lead to a different
decision.

Technical requirements of a sensitivity analysis method are manifold and may differ from
one application to another, and from one decision application to another. An ideal sensitivity
anaysis method would be model independent. Specificaly, the sensitivity analysis method
should not require the introduction of any assumptions regarding the functional form of the risk
model and, therefore, should be applicable to a wide range of different model formulations.
Although sensitivity analysis methods that are based upon linear formulations and additivity are
relatively convenient and easy to apply, it isimportant that methods be used that take into
account the simultaneous interaction among multiple inputs, especially for nonlinear models that
contain thresholds.

The method should provide not just arank ordering of key inputs, but aso some
guantitative measure of the sensitivity of each input so that it is possible to distinguish the most

strongly sensitive inputs from those with weaker influence on the selected model output. For



example, is the most sensitive of the inputs substantially more important than the second ranked
input, or do the top two inputs have approximately equal influence on the model output?

The results of both the risk analysis and the sensitivity analysis should be interpreted in
terms of plausibility with respect to governing biological, physical, chemical, and other
processes. The results should be explainable to key target audiences, such as risk managers and
stakeholders.

Because it is unlikely that one sensitivity analysis method will meet all of the criteriafor
an ideal method, the group agreed that it would be necessary to apply two or more sensitivity
analysis methods in a given context in pursuit of obtaining robust insight regarding key
sensitivities based upon different sensitivity analysis measures. Methods that have been peer
reviewed, have been clearly demonstrated, and that are readily available will be more readily
accepted by practitioners.

In response to the second trigger question, the group did not identify specific methods.
Instead, the group emphasized the key criteriathat were generated in response to the first
guestion. For example, methods that can deal with interactions, nonlinearities, discontinuities,
and discrete inputs would be preferred over methods that cannot. Methods that are global or
generic are likely to be more promising than other types of methods.

Before applying a sensitivity analysis method, it may help to reduce the computational
burden by narrowing down the search space among the input parameters. For example, if adverse
consequences do not occur unless atemperature exceeds a threshold above which microbial
growth becomes significant, it may not be necessary or important to analyze model behavior
when the temperature is below the threshold. Thus, the search space could be narrowed to cases

where the temperature is above the threshold in order to reduce computational time.



In response to the third trigger question, the group agreed that there was a need to explore
multiple sensitivity analysis methods and apply them to more than one food safety risk model.
The methods should be tested at research institutes and efforts should be made to confirm or
validate the results. The process of testing methods will help in establishing atrack record for
specific methods applied to food safety process risk models.

Based upon experience with sensitivity analysis methods and representative food safety
process risk models, practitioners indicated that it would be useful to have a guideline regarding
the use of sensitivity analysis methods. The guideline should not be too prescriptive, but should
provide useful boundaries and principles for selecting, using, and interpreting sensitivity analysis
methods, as well asin reporting results. A comparison of methods, taking into account real life
constraints, should be part of the guideline. The guideline should outline atiered approach to
sengitivity analysis. The guideline could make a useful contribution by clearly defining
terminology. Because of the interdisciplinary nature of risk assessment and of sensitivity
anaysis, terms may be defined differently by different experts or practitioners. Therefore, a
common reference regarding such definitions is important.

In Phase 2, severa sensitivity analysis methods were evaluated based upon application to
two microbial food safety process risk models (Frey et al., 2003): (1) Listeria monocytogenesin
Ready-to-Eat (RTE) foods (CFSAN, 2003); and (2) E. coli O157:H7 in ground beef (FSIS,
2001). Methods were selected from each of the three categories of sensitivity analysis techniques
defined by Frey and Patil (2002) including mathematical, statistical, and graphical. Selected
methods covered a wide range of techniques from simplistic sensitivity analysis approaches such
as nominal range sengitivity analysis (NRSA) (Cullen and Frey, 1999) to complex techniques

such as analysis of variance (ANOVA) (Neter et a., 1996) and classification and regression trees



(CART) (Breiman et al., 1981). A key output of Phase 2 was a summary table comparing the
capabilities of many sensitivity analysis methods with regard to the characteristics of MFSPR
models and with regard to anal ytic objectives.

The objective of the third and final phase of the project was to develop a document for
practitioners regarding guidance on the selection and application of sensitivity analysis methods
for food safety process risk models. The guidance was based upon input from: (1) Phase 1 of the
project, including the review of sensitivity analysis methods by NCSU and recommendations
from the workshop; (2) Phase 2 of the project, including results from the applications of multiple
sensitivity analysis methods with respect to two food safety process risk models; and (3) a
workshop conducted at Office of Cost-Benefit Analysis and Risk Assessment, USDA,

Washington (March, 2003).

1.3  Organization

Part 11 discusses the key considerationsin preparing or developing amodel in order to
facilitate sensitivity analysis. This part isa summary of the experience obtained in Phase 2 of the
project from application of several sensitivity analysis methods to the Listeria and E. coli
models. Key issues include model structure, identification and accessing of model inputs,
decision-based selection of model outputs, specification of the type of probabilistic simulation to
be performed, and suggestions for how to modify an existing model. Recommendations also are
made regarding the devel opment of new food safety process risk models. These
recommendations involve modeling environment, determination of the type of probabilistic

simulation, modeling strategies, and documentation of models.



Four manuscripts that the author has submitted or plans to submit for publication in peer-
reviewed journals comprise Parts 111 through V1 of this dissertation. More detail is available in
project reports prepared for USDA (Frey et al., 2003; Frey et ., 2004).

The paper givenin Part I11 of this dissertation provides a synthesis of information and
lessons learned across various disciplines to provide aframework to practitioners regarding
selection of sensitivity analysis methods applied to microbial food safety process risk models.
However, the framework can be applied to other exposure and risk models with similar
characteristics. The situations in which the application of sensitivity analysis to microbial food
safety process risk models is recommended are discussed. A decision framework for method
selection isintroduced. The decision framework can substantially facilitate the process of
selecting a sensitivity analysis method for a practitioner.

The manuscript presented in Part 1V evaluates classification and regression trees (CART)
for sensitivity analysis of microbial food safety process risk models. CART is evaluated on the
basis of its ability to address typical characteristics of microbial food safety process risk models
such as nonlinearities, interaction, threshold and saturation points, and categorical inputs.
Moreover, this method is evaluated with respect to identification of high exposure scenarios and
corresponding key inputs and critical limits. Two aternative approaches for ranking sensitive
inputs are explored and compared. The ability to identify key inputs and critical values of such
inputs that produce especially high (or low) values of an output wasillustrated. The implications
of sensitivity analysis based on CART with respect to development of risk management
alternatives are discussed.

The manuscript presented in Part V focuses on the concept of sensitivity analysisin a

two-dimensional probabilistic framework and itsimplication in providing more robust results



and confidence in insights regarding key model inputs. Analysis of variance (ANOVA) is
selected as a sengitivity analysis method due to its ability to address the typical characteristics of
microbial food safety process risk models. Uncertainty associated with the ranks of inputsis
guantified. Bootstrap simulation is demonstrated as an approach for discrimination of closely
ranked inputs.

The manuscript presented in Part V1 evaluates sel ected sampling-based sensitivity
anaysis methods. The case studiesin this paper develop insights with respect to the behavior and
effectiveness of the techniques under consideration when applied to microbial food safety
process risk models. A qualitative comparison of the selected sampling-based methods is
provided.

Part V11 summarizes the conclusions and recommendations based on the analyses
provided in Parts 111 to VI in order to answer the questions raised in Section 1.1. Appendix A
provides a glossary of technical termsto assist the reader.

Each part of this manuscript hasits own list of references cited.
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20 I ntroduction

Prior to application of any sensitivity analysis methods, the model under study should be
prepared for the analysis. In particular, it isimportant that the model is coded in a manner such
that the inputs and outputs are clearly identifiable and accessible. Furthermore, the characteristics
of the model, such as modularity, binning, aggregation, and probabilistic simulation options, may
constrain the use of particular sensitivity analysis methods. Sensitivity analysis should be
included in the list of primary modeling objectives at the time of model development. The
implementation of specific model development strategies will facilitate sensitivity analysis. For
an existing model, the practitioner is typically interested in applying sensitivity analysis with
minimum modification to the model. However, in some situations, if the model has not been
designed to facilitate sensitivity analysis, substantial modifications may be required (e.g., Patil
and Frey, 2003).

Generally, athorough understanding of the model and its limitationsis essential to select
well-suited sensitivity analysis methods and to determine the scope of sensitivity analysis
application. The scope of sensitivity analysis may include the entire model or could be focused
on specific modules or parts of amodel. For example, an analyst may focus sensitivity analysis
on the exposure module, which is atypical part of food safety process risk models.

This chapter focuses on the preparation of food safety process risk models for sensitivity
analysis. These models are classified into two categories; (1) existing models; and (2) new
models. For existing models, discussed in Section 2.1, the key steps prior to application of
sengitivity analysis methods are given in Sections 2.1.1 through 2.1.5.

Section 2.2 focuses on modeling strategies and recommendations for development of new
food safety process risk models in order to facilitate the application of sensitivity analysis

methods.
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21  Preparation of Existing Modelsfor Sensitivity Analysis

The characteristics of existing models have a direct influence on the choice of sensitivity
analysis methods and the scope of sensitivity analysis. In some cases, the modelers might not
have anticipated the application of sensitivity analysis, and hence, the model may not have been
developed in amanner that facilitates sensitivity analysis. To identify whether the modeling
methodology used is compatible with application of sensitivity analysis, the model hasto be
thoroughly reviewed and characterized. The following sections discuss the key features that need

to be studied in the process of understanding a model.

2.1.1 Identification of Modd Structure

The identification of model structure hel ps determine the scope of sensitivity analysis.
Important model characteristics that are related to model structure include modularity, binning,
and aggregation.

A general framework for performing quantitative food safety risk assessment isthe
modular process risk model (MPRM) (Nauta 2001a& b). Modularity is away of organizing a
model by breaking the overall model into sub-components. For example, each step or key
activity in afood safety process risk model can be modeled in a separate modul e characterized
by inputs and outputs. An example of modularity in food safety risk assessment is the E. coli
model in which there are separate modules for processes such as slaughter of cattle and
preparation of ground beef servings (FSIS, 2001). Conceptually, independent processes or

components can be modeled as separate modules. Procedures that are repeated within the model
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Figure 1. Conceptual Example of aModular Modeling Framework Comprised of Multiple
Modulesin Series.

also can be represented using modules. In a modular framework, an output from a module may
be an input to other modules. In this manner, modules are connected to each other. For example,
an output representing the contamination level of meat trim from the slaughter module can be an
input to the preparation modul e representing the initial contamination of meat trim when
modeling the grinding process.

The ability to apply sensitivity analysis typically depends upon a one-to-one
correspondence between values of an output and values of an input. Thus, if the existing model
utilizes amodular structure, in order to apply sensitivity analysis across modules in aframework
composed of multiple modules, there should be one-for-one mapping of every input value to the
output values, where the input of interest may be in one module and the output of interest could
be in a dependent module. In amodular framework, modules can be connected in two ways. (1)

serial connection; and (2) parallel connection. Figure 2-1 depicts a conceptual modeling

framework comprised of three modulesin series. Each module has exogenousinpuits (i.e., X,
X,,and X,). Furthermore, modules that depend upon other modules also have internal inputs.

The internal inputs are the outputs from the predecessor module (i.e., Y1, and Y3). Thus, a
module output is influenced directly by internal and exogenous inputs for the immediately
preceding module, and indirectly by the exogenous inputs for each predecessor module. Since

the exogenous inputs typically include variability and uncertainty of interest to the analyst or
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Figure 2. Conceptual Framework of Modulesin Paralldl.

decision maker, the typical desired objective of sensitivity analysis would be to evaluate the
sensitivity of the selected output with respect to the exogenous inputs for all of the predecessor
modules. A serial model structure that maintains the one-to-one correspondence between
exogenous inputs and the selected output facilitates sensitivity analysis.

Modules can aso bein paralel, asillustrated in Figure 2-2. The final model output is
function of the outputs from each of several parallel modules. The key difference between the
parallel and series frameworksisthat in the parallel framework each module isindependent from
the other modules. This structure permits identification of the module to which the model output
has the highest sensitivity on arelative basis. Frey et a. (2003) evaluated a case study with the E.
coli model in which serving contamination, growth effect, and cooking effect modules had a
parallel connection to the model output. A case study was prepared to prioritize the effect of
these modules on the final exposure in ground beef serving. For the case study, each module was
replaced by its corresponding output probability distribution. For evaluation of the priority rank
of the distributions of outputs with respect to variability in exposure, four cases were examined
using Monte Carlo simulation. Case Zero represented the situation in which al three variables
(i.e., serving contamination, growth effect, and cooking effect) varied based on their distributions.

For each of the other three cases, the output of one of the modules varied based on its

18



distribution, while the other two outputs were conditioned at their mean values. Comparison of
the results for these four cases helped identify which of the four cases had the largest maximum
contamination or the highest probability of exceeding contamination levels that would be
considered to be high. Results of the analysis indicated that cooking caused a maximum range of
variation in the exposure to E. coli O157:H7 organisms and that growth resulted in the highest
number of consumer exposures to positive doses of E. coli O157:H7 organismsin ground beef.

Sometimes modelers employ techniques that result in aloss of one-to-one
correspondence between exogenous inputs to predecessor modules and the output of interest.
These techniques might have been selected because they offered a computational convenience,
provided a useful intermediate summary, or facilitated exchange of data between modules.
Examples of these situations may include: (1) parameterizing empirical values of internal inputs
into theoretical distributions; (2) summarizing continuous internal inputsinto intervals (i.e.,
binning); and (3) aggregating which leads to many-to-one relationship between input and output
values.

The one-to-one correspondence between an output and model inputs may be lost, for
example, by using the inputs to estimate the parameters of a theoretical distribution that serves as
an intermediate output for the model.

Another example leading to loss of one-to-one correspondence between an output of a
module and its exogenous predecessor inputs is the use of binning for internal inputs. Binning is
a commonly used summarization technique. For example, in the E. coli model the contaminant
concentration in beef trimings is simulated as a continuous variable, but subsequently is binned
by 0.5 log increments from 0 to 8 logs (FSIS, 2001). The estimated contamination for the combo

bin isrounded to the next upper level. For instance, if the estimated contamination is 0.1 logs, it
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Figure 3. Conceptual Example of the Binning Approach, Leading to Loss of One-to-One
Correspondence.

isbinned into arange of 0to 0.5 logsand is quantified as 0.5 logs. Another example where
binning was used is the exposure module in Listeria model in which several individual meal
servings were mapped to the same dose bin. After binning, the specific simulated meal serving
that resulted in a particular dose cannot be identified. The exposure range is binned into half logs.
The fraction of serving contained in each bin is calculated (CFSAN, 2003).

Figure 2-3 illustrates how the binning approach leads to loss of one-to-one
correspondence between an output and model inputs. The figure shows a continuous distribution
of the pre-binned output values. In the binning step, n bins are defined using equal intervals.
There is a one-to-one correspondence between the pre-binned output values and sampled values
of the model inputs. For example, avalue of y; of the pre-binned output corresponds to a unique
sample from the distributions of the model inputs. This figure shows that the problem arises
when binned output values are used instead of the pre-binned output values. For example, if the
j™ bin is selected from the binned output distribution, it is not possible to trace back the values of
the inputs associated with the selected binned output value. This figure shows that thereisa

range of pre-binned output values associated with thej™ bin, and hence, there are not unique
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values of the model inputs associated with the estimated output value. In order to eliminate the
binning in an existing model, it might be necessary to substantially change the model structure.
Such a change may be beyond the scope of the analysis. Therefore, under this circumstance,
modular-based sensitivity analysis may be considered.

Aggregation refers to situations in which multiple numerical values are combined into
one numerical value. For example, in the E. coli model, the contamination level in acombo bin
is estimated based upon contamination contributed by individual meat trims from multiple
daughtered cattle. Meat trim are from cattle that are slaughtered, dehided, and eviscerated, and
are the result of afabrication process. These steps take place in different parts of the slaughter
plant. Each of these steps can be a source of contamination. The combo bin contamination level
might be influenced by only a small proportion of the incoming meat trim. The combo bin
contamination level is calculated based upon sum of the number of organisms from each of the
possible sources of contamination. Thistype of situation is challenging to sensitivity analysis
because there is a many-to-one correspondence between meat trim and the combo bin, whereas
sensitivity analysis typically considers one-to-one correspondences. Sensitivity analysis could be
based on one or more summary statistics. For example, the sensitivity of the combo bin
contamination to the average meat trim contamination, or the most contaminated meat trim could
be assessed. However, thiswould result in some loss of information. A simpler option isto
perform sensitivity analysis only on internal inputs that depend on the model output of interest
(e.g., the aggregated combo bin contamination levels), This would exclude consideration of
inputs prior to the aggregation in the sensitivity analysis. For example, the original code in the E.
coli slaughter module was modified to introduce a new composite animal that represents the

characteristics of all contaminated cattle contributing to contamination in a combo bin. This
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Figure 4. Possible Classifications of Inputsin Food Safety Process Risk Models.

composite animal has the total contamination from different contamination sources, and hence
contributes the total number of E. coli organismsto a combo bin. Sensitivity analysis for combo
bin contamination was performed with respect to the characteristics of the composite animal

(Frey et al., 2003).

2.1.2 Identification of Inputs

To perform sensitivity analysis, the inputs of interest must be identified. Inputs can be
classified in different ways. Figure 2-4 shows a possible classification of inputsin food safety
process risk models. The inputs may be of direct or indirect importance to management decisions
(e.g., serving size versus sanitation control). Some inputs may be controllable and others not (e.g.,
storage temperature versus lag period). Also, the degree of control may vary from one input to
another. Inputs may be qualitative (categorical) (e.g., ground beef consumption types) or
guantitative (e.g., storage temperature). Quantitative inputs can be continuous (e.g., storage time)
or discrete (e.g., number of infected animalsin atruck). Some quantitative inputs may be
described by empirical distributions, while other inputs may be represented by parametric

distributions.
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Model inputs may represent variability, uncertainty, or both in a probabilistic simulation.
The manner in which uncertainty is modeled may vary among inputs. In some cases, uncertainty
may be considered in the parameters of the variability distributions. For example, atriangular
distribution may be used to represent variability in storage temperature. A triangular distribution
is defined by three parameters representing minimum, mode, and maximum values of the
distribution. The mode of this distribution may be uncertain. A uniform distribution may be used
to represent the uncertainty for the most likely value. In contrast, uncertainty can be incorporated
in an input as a choice of alternative variability distributions. For example, in a case of laboratory
datafor initial concentration of a pathogen, afew parametric distributions may be good fits to
available data. There may exist uncertainty in selecting which parametric distribution better
represents the data. Uncertainty can be addressed for the input by weighting fitted variability
distributions and randomly selecting each variability distribution proportional to its weight
during simulation. For example, four parametric distributions are considered for representation
of variability in the initial concentration of the Listeria monocytogenes pathogens (CFSAN,
2003). These distributions include Beta, Weibull, Triangular, and Lognormal. Each parametric
variability distribution is selected randomly in aternative realizations of uncertainty of the model

to represent the uncertainty in the choice of a variability distribution.

2.1.3 Selection of Model Output for Sensitivity Analysis

The selection of amodel output for sensitivity analysis depends on the assessment
objectives. For example, the output of interest may be different when objective varies from
reduction in the risk of mortality in the population to reduction in the risk of mortality per
serving. The relative importance of inputsislikely to vary according to the choice of output. An

analyst should clearly determine the type of management objective that is expected before
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selecting the output of interest. Frey et al. (2003) investigated case studies with the E. coli model
in which the relative importance of inputs varied based upon the selection of output related to the
risk reduction strategies. For example, when the number of contaminated ground beef servings
was considered as the output of interest, the cooking effect and related inputs, including cooking
temperature and pre-cooking handlings, were identified as key. In contrast, when the amount of
contamination in ground beef servings was selected as the output of interest, growth and related

inputs, including storage times and temperatures, were characterized as key.

2.1.4 Probabilistic Simulation and ItsImplication for Sensitivity Analysis

The scope and detail of inferences drawn from sensitivity analysis depend on the choice
of probabilistic simulation dimensions. The presence or absence of variability and uncertainty
dimensions in the modeling process should be identified prior to selection of a sensitivity
analysis approach. Food safety process risk models typically have one-dimensional or two-
dimensional probabilistic frameworks incorporating variability, uncertainty, or both in the
simulation. The selection of the specific probabilistic dimension of amodel for sensitivity
analysis depends on the assessment objective. Figure 2-5 shows a schematic diagram of
alternative assessment objectives that are appropriate for the two modeling frameworks. The
assessment objectivesin thisfigureinclude: (1) variability only; (2) uncertainty only; (3)
variability for different realizations of uncertainty; (4) uncertainty for different realizations of
variability; and (5) co-mingled variability and uncertainty. The insights regarding sensitivity that
can be obtained from these assessment objectives are discussed in Part 111.

For food safety process risk models that have a one-dimensional probabilistic framework,
a practitioner may select variability only, uncertainty only, or co-mingled variability and

uncertainty analysis. For example, Patil and Frey (2003) evaluated case studies with the FDA
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Vibrio (CFSAN, 2001) model that has a one-dimensional probabilistic framework considering

only variability in the model inputs, and hence, sensitivity analysis was focused on variability.

A two-dimensional framework may be used to quantify variability and uncertainty

simultaneously. When analyzing the results, the analyst may prefer to focus on characterizing the

range of uncertainty regarding estimated distributions for inter-individual variability in exposure

and risk, or to focus on quantifying uncertainty in the exposure or risk for a particular percentile

or statistic from the variability dimension. In atwo-dimensional framework, it is also possible to

accommodate one-dimensional cases such asfor variability only, uncertainty only, or co-mingled

variability and uncertainty. For studies with major policy-based consequences, a practitioner may

need to apply comprehensive sensitivity analyses that fully distinguish between variability and

uncertainty depending on decision criterion. For example, when the decision criterionisto

provide specific confidence that selected percentile in the exposed population falls below a

threshold of concern, a practitioner would typically need to fully distinguish between variability

and uncertainty. In contrast, for preliminary studies a practitioner may decide to focus only on

variability or uncertainty.
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Available resources a'so may affect the selection of the number of dimensions of the
probabilistic simulation when performing sensitivity analysis. Two-dimensional sensitivity
anaysisis generaly resource intensive. It demands computational resources both during the
creation of datasets and the application of sensitivity analysis. The two dimensional analysis may
not be practicable for sensitivity analysis methods that cannot be automated. In contrast, a one-
dimensional analysis often requires fewer resources. Although application of sensitivity analysis
on asingle probabilistic dimension of the model is substantially easier, the credibility and
robustness of the insights obtained with respect to the sensitivity may be reduced because the
one-dimensional analysis often assumes that the other probabilistic dimension of the model can
be replaced with deterministic values. For example, case studies performed by Frey et al. (2003)
in which variability and uncertainty were fully differentiated show substantial ambiguity in ranks
of key variability sources when uncertainty is considered. Quantifying the degree of ambiguity in

the ranks of inputs helps in making management decisions that are robust to uncertainty.

2.1.5 Madification of Models

In some situations a model must be modified to apply sensitivity analysis. Some common
modifications are discussed in this section. These modifications often demand changing data
storage procedures, including model inputs, outputs, and internal inputs. Additional
maodifications may be required for some specific models.

In order to perform sensitivity analysis, a dataset including values generated during the
probabilistic simulation for each input and corresponding output values should be available. Asa
common practice in programming, generated values of each input are stored dynamically in the
model. Typically, old values of an input from a previous iteration are replaced with new values

to conserve the memory space and run time. Thus, it may be necessary to modify the model in
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order to store these values for future reference. Based upon the modeling environment, these
values can be stored in a separate data file, spread sheet, or inside the model in an array. The
software package used for application of sensitivity analysis may influence the format that would
be used for data storage. For example, SAS® can read formats such as comma-separated values
(.cov).

Storage of intermediate values estimated during the simulation of amodel is useful in
some cases. For example, in situations in which values of an internal input are binned before
using in other parts of the model, it is helpful to store individual values of the intermediate input
prior to binning. If the output of interest is calculated in the original model based upon a binned
internal input, then the model should be modified, as discussed in Section 2.1.1, so that the

output is calculated for individual values of the internal input.

2.2  Preparation of New Modelsfor Sensitivity Analysis

To facilitate the application of sensitivity analysis when developing a new moddl, it is
essential to consider the proper use of modeling techniques and model implementation. Good
software engineering practices in general help application of sensitivity analysis (Frey et al.,
2003). This section discusses some measures that can be used to facilitate sensitivity analysis
when building a new model. These measures involve modeling environments, different
approaches for characterizing variability and uncertainty, modeling strategies, and model

documentation, which are discussed in Sections, 2.2.1 through 2.2.4, respectively.

2.2.1 Modeling Environment

Modeling environments involve: (1) the format of data storage; (2) the use of add-in

software packages; (3) programming environments; and (4) aggregation and binning.
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It isdesirable to store data as pairs of inputs and outputs to facilitate the application of
sengitivity analysis. The stored format should be compatible or easily convertible to the formats
accepted by software packages commonly used for sensitivity analysis. Examples of such
formats are comma separated values (.csv) and free text format (.txt).

Storing data as pairs of inputs and outputs may not be an optimal solution, especially for
models with an extensive number of inputs and outputs or alarge number of iterations during
probabilistic simulations. As an alternative storing approach, application of relational databases
is recommended. Using a database for storing the results of the analysis can facilitate the process
of managing and retrieving the information in the form of outputs and corresponding inputs. A
well-defined database can decrease the required storage space and increase the speed of
retrieving data. An example of this strategy to store data for performing sensitivity analysisisthe
Environmental Protection Agency (EPA), Stochastic Human Exposure Dose Simulation,
(SHEDS) Pesticide model (Zheng and Frey, 2003).

“Add-in” isaterm used, especially by Microsoft, for a software utility or other program
that can be added to a primary program. Examples of add-in software packages are Crystal
Ball™ or @Risk, which are applicable to Microsoft Excel. The use of add-in software packages
hel ps reduce the amount of programming. However, the add-in software packages typically do
not provide access to the code used to perform the various operations, and thus restrict the
flexibility of the model with respect to possible modifications for sensitivity analysis. Performing
the operations inside spread sheets using add-in software packages makes it accessible to those
without knowledge of the programming language, but may make it difficult to audit the model.
For complex and large models coded in Excel sheets, it becomes very difficult to understand the

flow of the model and connection between different parts and modules inside the model.
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The choice of programming environments depends on the skill of the modeler, use of
add-ins, and the scope of the analysis. For models that are extensive and that will be used for
multiple analyses, a programming language environment and good software engineering
practices are recommended. The choice of modeling environment should account for atrade-off,
if any, between the skills of the analyst, resources, anticipated needs for future model
refinements, and desired flexibility with regard to sensitivity analysis. The codes for most of the
operations used in food safety process risk models, such as Monte Carlo simulation, are available
as open source codes on the internet that can be downloaded free of charge. Open source codes
of other available codes, such as R are also available that could be used for sensitivity analysis.
The use of object-oriented or modular codes to perform various operations facilitates
modification and enhancement of models. Also, well-documented codes can be easier for a
knowledgeable analyst to audit compared to the add-in software.

If there is some rationale for application of binning in amodel, it should be provided as
an extra functionality. The user should be able to access the actual numerical values of an output
before binning without having to modify the model itself. Hence, pre-binned values should be
stored. Aggregation resultsin similar restrictions for application of sensitivity analysis as does
binning. If aggregation is part of areal food safety process under study, such as the aggregation
of meat trims to combo binsin slaughter plants, then the aggregation may be unavoidable. In
some cases, aggregation is done because of lack of information about individual processes and
insufficient understanding of what is exactly happening from a biological viewpoint. Hence,
different processes in the continuum of bringing food from farm-to-table may be aggregated into
ablack box. In these cases it may be practical to refrain from aggregation by collecting more

detailed data regarding the process under study.
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2.2.2 Characterizing Variability and Uncertainty in a Probabilistic Simulation

The choice of probabilistic dimensionality depends on the assessment objective. If the
objectives include characterizing inter-individual variability in exposure or risk, or identifying
key sources of controllable variability in order to inform risk management decisions, a
probabilistic simulation of variability should be included. If the objectives include quantification
of uncertainty due to lack of knowledge, evaluation of the robustness of risk management
options, or identification of key sources of uncertainty, then a probabilistic simulation of
uncertainty should be included. If the assessment objective motivates inclusion of both
variability and uncertainty, then a choice can be made between a one-dimensiona simulation in
which variability and uncertainty are co-mingled versus atwo-dimensional simulation in which
they are distinguished. The former may be interpreted as treating variability as a source of
uncertainty about a representative member of a population, while the latter istypically preferred
if the objective includes characterizing exposure or risk to different member of a population.
Although the number of dimensions of probability simulation for afood safety risk assessment
model depends on specific problems under study, ideally, both variability and uncertainty should
be characterized since the explicit separation of variability and uncertainty helps analysts or
decision-makers to understand how model outputs might improve.

When both variability and uncertainty dimensions are incorporated into a model, special
attention should be paid to the modeling strategies to make the separation of variability and
uncertainty practical. When distinguishing between variability and uncertainty, an analyst may
be interested in quantifying the range of uncertainty regarding the population distribution of
variability and/or key sources of uncertainty for specific fractiles of the variability distribution of
the output. The former is easily addressed in a two-dimensional simulation framework in which

there are multiple realizations of the distributions of inter-individual variability. The latter case
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requires that the set of random numbers associated with the variability dimension of each model
input remain constant in multiple realizations of uncertainty. Part 111 provides further discussion
regarding the latter case. An example of afood safety process risk model following this
modeling strategy isthe Listeria model in RTE foods (CFSAN, 2003). In this model, the set of
random numbers generated for sampling from variability distributions of inputs are stored. At
each uncertainty realization of the model, the model used the stored random numbers for

sampling from variability distributions of inputs.

2.2.3 Modeling Strategies

A basic strategy in building anew model is to develop independent modules to facilitate
sengitivity analysis. An independent module is one that does not share inputs or internal data
with its predecessor or successor modules, and hence, the module is self-sufficient for
calculation of its output. This modeling strategy is most easily achieved when using modulesin
parallel, as shown in Figure 2-2. For modules in series, as shown in Figure 2-1, aslong as the
one-to-one correspondence can be preserved, it is possible to attribute variation in the output to
the inputs of one or more modules.

The main functionalities in amodel should be implemented in separate modules. For
example, there might be separate modules for random number generation, core model simulation,
simulation result summarization and presentation, sensitivity analysis module, and others. An
example of the use of such a strategy is the C++ version of the EPA/SHED S/Pesticide model
(Zheng and Frey, 2003). A modular framework can easily incorporate future additions of new
functionalities ssimply by adding new modules without requiring extensive modification of the

original model.
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2.2.4 Mode Documentation

Good documentation of the model structure and implementation is necessary to facilitate

future application or modifications of a model. Good documentation includes:

Introducing the model and its probabilistic framework

Explaining of the model equations

Introducing the model inputs and corresponding probability distributions and units

Introducing the model outputs and corresponding units
It is necessary to introduce amodel clearly and in detail, including mathematical equations used
to describe the model and how the model was implemented in a computer program. Good
documentation will also help the application of sensitivity analysis. For example, it will help an
analyst to better understand a model including its inputs and outputs, and to select appropriate
methods to perform sensitivity analysis. Good documentation requires that the model structure,
the composition of model components, assumptions used, and software structure design
implementing the model be clearly presented. For example, each module in a model should be
clearly explained regarding its purpose, associated assumptions, itsinterior functional
relationships, and its inputs and outputs. Each input should be clearly described regarding its
type (e.g., probability distribution, numerical value or logical decision variables, and quantitative

versus qualitative), values, associated variability and/or uncertainty dimensions, and its unit.
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ABSTRACT

We present a guideline for selection of sensitivity analysis methods applied to microbial
food safety process risk (MFSPR) models. The guideline provides useful boundaries and
principles for selecting sensitivity analysis methods for MSFPR models. Although the guideline
is predicated on a specific branch of risk assessment models related to food-borne diseases, the
principles and recommendations provided are typically generally applicable to other types of risk
models. Applicable situations include: prioritizing potential critical control points; identifying
key sources of variability and uncertainty; and refinement, verification, and validation of a model.
Based on objective of the analysis, characteristics of the model under study, amount of detall
expected from sengitivity analysis, and characteristics of the sensitivity analysis method,
recommendations for selection of sensitivity analysis methods are provided. A decision
framework for method selection is introduced. The decision framework can substantially

facilitate the process of selecting a sensitivity analysis method for a practitioner.

Key Words. Sensitivity analysis, microbial food safety process risk model, variability,

uncertainty
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1.0 I ntroduction

There has been increasing development and use of quantitative models for microbial food
safety process risk (MFSPR) assessment (Rose and Sobsey, 1993; Jaykus, 1996). The purpose of
MFSPR modelsistypically to provide insight regarding possible risk management strategies.
These models can be large and complex. Thus, it can be difficult to prioritize controllable inputs
that are most promising with respect to risk management goals. Sensitivity analysis can be used
as amethodology for identifying the key model inputs that contribute the most to variation in a
selected model output or to the highest values of the output. An analyst is often interested in
identifying which one or subset of potentially many controllable inputsis of greatest importance
with regard to human exposure and risk. Other reasons for performing sensitivity analysis
include assisting in the process of model development. For example, when a model is devel oped
by ateam or in response to suggestion from multiple stakeholders, it is often the case that many
features incorporated into the model are not essential. The identification of inputs that are of
insignificant sensitivity could be used to guide the elimination of particular inputs or components
of the model. Critical evaluation and reduction of the size of the model can help in preventing the
model from becoming so large and unwieldy that it is no longer practical. However, sensitivity
analysisis not currently used in practice as effectively asit could be because of lack of a
comprehensive framework for choosing and applying such methods.

There are severa techniques for sensitivity analysis used by practitioners and analystsin
numerous fields, including microbial risk assessment. Some may be useful and more rigorous for
MFSPR model (Crick et al., 1987; Morris, 1991; Helton, 1993; Saltelli et al., 1999). This paper
isthe result of aresearch to transfer, apply, and adapt sensitivity analysis methods developed in
other disciplines (e.g. complex engineering systems) to microbial food safety risk assessment.

Promising sensitivity analysis methods were identified, reviewed, and evaluated (Frey and Patil,
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2002; Frey et al., 2003) and input from experts and practitioners were obtained (Helton and
Davis, 2002; Hulebak and Schlosser, 2002; Kohn, 2002; Pate-Cornell, 2002; Thompson, 2002,
Saltelli, 2002). The need for guidance to practitioners regarding selection, application,
interpretation, reporting, and documentation of sensitivity analysis methods is addressed (Frey et
al., 2004). Considering the wide range of sensitivity analysis methods, a practitioner should have
aresource viawhich to more clearly understand which methods are appropriate for a specific
application. This paper summarizes the key findings in response to this concern.

This paper isintended to assist the practitioner regarding the following key questions:

When should | perform sensitivity analysis?

How can | select among typica sensitivity analysis methods?

2.0  When to Perform Sensitivity Analysis?

Sensitivity analysis of a MFSPR model is useful for: (1) prioritization of potential
critical control points; (2) identification of key sources of uncertainty and variability; and (3)

model refinement, verification, and validation.

21 Prioritization of Potential Critical Control Points

A critical control point (CCP) is apoint, step, or procedure at which control can be
applied, and afood safety hazard can be prevented, eliminated, or reduced to an acceptable level
(Hulebak and Schlosser, 2002; Seward, 2000). Examples of CCPs include cooking, chilling,
prevention of cross contamination, and product formulation controls.

Sensitivity analysis helps prioritize the possible CCPs that are incorporated into the
model. Furthermore, sensitivity analysis can provide insight regarding critical limitsfor a
particular CCP in order to develop preventive measures. A critical limit isacriterion that must

be met for each preventive measure associated with a CCP (e.g., the maximum allowed food
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storage temperature). In the case where the CCP is a measurable variable in food production,
handling, or preparation, insight regarding the critical limit is of direct risk management

relevance.

2.2 ldentification of Key Sourcesof Variability and Uncertainty

Uncertainty represents the lack of perfect knowledge of an input and can be reduced by
further measurements. Variability represents a true heterogeneity in the population, and cannot
be reduced by further measurement (Murphy, 1998; Anderson and Hattis, 1999; Cullen and Frey,
1999). Variability is also interpreted to refer to the certainty that different individuals have
different exposures and different risks (NRC, 1994).

In order to prioritize data collection activities, it is useful to prioritize the key sources of
uncertainty and variability. In many cases, the variability in exposures is typically influenced by
only a subset of the model inputs that are subject to variability. Similarly, the uncertainty in a
selected model output may be influenced by only a subset of the model inputs that are subject to
uncertainty. It would be a poor allocation of scarce resources to spend an equal amount of time
developing probability distributions for al model inputs, if the output is sensitive to only a small
number of inputs. Sensitivity analysis can be applied to a probabilistic risk assessment model to
provide insight regarding which model inputs contribute the most to uncertainty, variability, or
both, for a particular model output. Thisinsight can then be used to allocate scarce resources
preferentially to data collection or research for those inputs that matter the most to the

assessment.

2.3 Mode Refinement, Verification, and Validation
During the process of developing or refining a model, sensitivity analysis can be applied

for verification and validation of model-based analysis (Saltelli, 2002).

39



Verification is a process of checking whether a model isimplemented as it was intended
to be. Sengitivity analysis can be used to assess whether the model output responds appropriately
to achange in model inputs. For example, if storage temperature increases, one typically expects
an increase in the growth of microbial pathogens and, therefore, in exposure. If a model responds
in an unexpected way to changes in one or more inputs, then trouble-shooting efforts can be
focused to identify and correct the source of the problem.

Sensitivity analysis can assist in the validation process. Validation typically includes
comparison of model predictions to independent empirical datafor the model output under a
known set of conditions. When validating amodel, it is typically necessary to specify input
values to reproduce a particular scenario for which real-world data are available for the model
output. However, in many cases, the corresponding real world values are not known for al of the
model inputs. Thus, judgments often must be made regarding what values to assign to some
model inputs for which empirical data are not readily available. In order to determine how
accurately a particular input must be estimated, it is useful to understand how substantially the
model output respondsto it.

The overall assessment objectives should be clearly laid out before the model is built.
Once the objectives are defined, the model must be designed to address these objectives. For
example, if the objective isto develop insight into possible risk management strategies, variables
that can be controlled should be incorporated into the model. The answers sought from
application of sensitivity analysis should be clearly listed. The usefulness of sensitivity analysis
can then be assessed based on whether the available methods can address the questions under

consideration in amanner that is appropriate to the characteristics of the model.
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The choice of an appropriate sensitivity analysis method should depend on the objectives,
model characteristics, amount of detail expected from sensitivity analysis, and characteristics of
the method. In general, methods that are not sensitive to specific model characteristics, such as
non-linearity, interaction, thresholds, and categorical inputs, are likely to be more robust. Criteria
for selecting an appropriate sensitivity analysis method are incorporated into a decision
framework presented here. When the framework suggests more than one applicable method, it is
recommended that more than one method be applied and the results compared, if resources allow,

in order to obtain more robust insight with respect to sensitivity.

3.0 Sdection of Sengitivity Analysis Methods

Sensitivity analysis methods are typically categorized based on their scope, applicability,
or characteristics. For example, Frey and Patil (2002) broadly classify sensitivity analysis
methods with regard to characteristics as mathematical, statistical, and graphical methods.
Alternatively, Saltelli et al. (2000) classify sensitivity analysis methods with respect to the
application and scope as screening, local, and global. The former approach is used here.

Examples of mathematical methods include nominal range sensitivity analysis (NRSA)
(Cullen and Frey, 1999) and differential sensitivity analysis (DSA) (Hwang et al., 1997;
Grievank, 2000). Examples of statistical sensitivity analysis methods include sample (Pearson)
and rank (Spearman) correlation analysis (Edwards, 1976; Gibbons 1985), sample and rank
regression anaysis (Draper and Smith, 1981; Neter et al., 1996), analysis of variance (ANOVA)
(Neter et. al., 1996; Steel et. al., 1997), classification and regression tree (CART) (Breiman et al .,
1984), response surface method (RSM) (Khuri and Cornell, 1987; Myers and Montgomery,
1995), Fourier amplitude sensitivity test (FAST) (Saltelli et al., 2000), mutual information index

(MI11) (Jelinek, 1970; Merz et al., 1992), and Sobol’ s indices (Sobol, 1993, Saltelli et al., 2000).
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Examples of graphical sensitivity analysis methods include scatter plots (Kleijnen and Helton,
1999) and conditional sensitivity analysis (Frey et al., 2003). These methods are used in the
decision framework introduced in this section. Further discussion of these methods are provided

in Frey and Patil (2002) and Frey et al. (2003, 2004).

3.1 Key Questionsfor Selection of Sensitivity Analysis Methods

The selection of a sensitivity analysis method appropriate for a particular case study
depends on the characteristics of the model and the case study. This section discusses a series of
six key questions that the practitioner should consider before choosing a method. These
guestions should be considered a starting point for selecting a method. The analyst should
determine whether there are additional considerationsin a particular case study beyond the issues

addressed here.

3.1.1 What arethe Objectives of Sensitivity Analysis?

Knowledge of the objectives helps an analyst efficiently allocate the available time and resources
to select an appropriate sensitivity analysis method that can provide relevant information and
insight. Some common objectives of sensitivity analysisareto: (1) rank the importance of model
inputs (e.g., critical control points); (2) identify combinations of input values that contribute to
high exposure and/or risk scenarios; (3) identify and prioritize key sources of variability and
uncertainty; (4) identify critical limits; and (5) evaluate the validity of the model. Some of these
objectives, such as (3) and (5), might primarily be research issues, while others are typically
associated with risk management or regulatory decision-making.

Rank ordering the model inputs based on their contribution to the variation in the output of
interest is atypically employed approach. An analyst can provide recommendations for model

refinement through further data collection to improve model input distributions using the insight
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from rank ordering the inputs. Mathematical and statistical sensitivity analysis methodsin
general provide quantitative ranking of model inputs (Frey et al., 2003). Graphical sensitivity
anaysis techniques typically do not provide quantitative rankings of inputs.

An analyst may be interested in identifying ranges of key inputs that lead to high
exposure and/or risk in MFSPR models. For example, decision makers and regul atory agencies
may be interested in identifying conditions responsible for high contamination levelsin the
process of bringing foods from the farm to the table. Some statistical methods, such as CART
and ANOVA, can be used to identify combinations of inputs that |ead to high exposures and risk
(Frey et al., 2003).

Objectives based upon identification and prioritization of key sources of variability and
uncertainty in a probabilistic model are typically fulfilled using statistically-based sensitivity
analysis methods. In addition, the analyst typically prefers that the sensitivity analysis method
should provide quantitative measures of sensitivity for ranking key sources of variability and
uncertainty. Depending upon the assessment objectives with regard to whether and how
variability and uncertainty should be distinguished, sensitivity analysis can be applied in aone or
two-dimensional probabilistic smulation framework. For example, if the assessment objective
includes distinguishing between inter-individual variability in exposure versus uncertainty, then
atwo-dimensional probabilistic simulation framework would typically be employed. Ideally, in
such situations the process of sensitivity analysis should be automated because of the potentially
large number of model iterations required.

If the objectiveisto identify critical limits for controllable inputs, it is often necessary to
use relatively sophisticated sensitivity analysis methods. Thisis particularly the case if the model

has substantial nonlinearity, interactions, or thresholds. These methods often involve a
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probabilistic simulation (e.g., Monte Carlo ssmulation). Critical limits are sometimes associated
with saturation points or thresholds in the input domain. Sensitivity analysis methods based upon
linearity assumptions are not well-suited for identification of these kinds of limits. However,
some statistical (e.g., ANOVA, CART) and graphical methods (e.g., scatter plots) can provide
useful insightsin these situations (Frey et al., 2003).

If the objective isto evaluate the validity of the model, then the analyst istypically
interested in: (1) qualitative characteristics of how the output responds to changes in one or
more inputs; and/or (2) how the output varies quantitatively as a result of varying inputs.
Qualitative characteristics can include: (a) does the output increase or decrease if an input
increases?; (b) does the output vary in alinear, monotonic, or non-monotonic manner?; (c) are
there threshold or saturation effects, or other characteristics of specific interest (e.g., inflection
points, singularity points)?; and (d) are there interactions between two or more inputs that vary
simultaneously? With regard to each of these characteristics, or perhaps others, the analyst will
typically assess whether the model output is responding in an appropriate or explainable manner.
If so, then confidence in the model tends to increase. If not, then corrective measures with
respect to the model structure and assumptions are indicated. Sources of errorsin a model
response could include incorrect specification of the inputs or a problem with the analytical

model or the computer code.

3.1.2 Based Upon the Objectives What Information is Needed from Sensitivity
Analysis?

The analyst should decide prior to analysis what information is of most interest.
Examples of information that could be useful, depending upon the objectives, include: (1)
qualitative or quantitative ranking of inputs; (2) discrimination of the importance among

different inputs; (3) grouping of inputs that are of comparable importance; (4) identification of



inputs that are not important; (5) identification of critical limits; (6) identification of inputs and
ranges that produce high exposure or risk.

The analyst will typically want to be able to distinguish whether an input is of high,
moderate, low, or no importance with regard to a particular output. Therefore, it is often useful to
be able to discriminate regarding whether one input is more important than another input, even if
the output is sensitive to both. Some statistical methods provide measures of whether one input is
significantly more sensitive than another input. Several inputs may have comparable importance
with regard to a particular output. The analyst may wish to group inputs that are of comparable
importance based upon similar sensitivity index values. Similarly, the analyst may wish to
identify inputs that are not important to the assessment. Information regarding unimportant
inputs is useful because it istypically not necessary to devote additional resourcesto refining the
assumptions for such inputs. Such resources can be prioritized el sewhere.

In order to identify critical limitsin amodel, the selected sensitivity analysis method
should have the capability of comparing the model responses for different intervals for one or
more model inputs. Similarly, if the objective is to identify high exposures, the selected
sensitivity analysis method should identify the inputs and their ranges that are responsible for
such exposures. Methods such as CART or ANOV A have capabilities to provide these kinds of

insights.

3.1.3 What arethe Characteristics of the Model that Constrain or Indicate
Preference Regarding Method Selection?

MFESPR models usually have specific characteristics that may constrain the application of
sengitivity analysis methods. These characteristicsinclude: (1) nonlinearities; (2) interactions;

(3) thresholds and saturation points; and (4) categorical inputs (Frey, 2002).
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Anideal sensitivity analysis method should be model independent. Specifically, a
sensitivity analysis method should not require any assumptions regarding the functional form of
the risk model and should be applicable to different model formulations. Some methods are
considered to be globa and model-independent. An exampleis CART. However, some methods,
including many commonly used methods, are based upon assumptions regarding the functiona
form of the model. For example, sample correlation analysis or linear regression is based upon
the assumption of alinear model. In some cases, alinearizing transformation could be made,
such as alog transformation, in order to have a more nearly linear model response to changesin
inputs. Thus, with appropriate transformations, sometimes it is possible to apply these techniques.
Rank correlation coefficients or rank regression are based upon the assumption of a monotonic
model. If asensitivity analysis method based upon an assumed functional form of amodel is
applied to amodel with different characteristics, then the results of the sensitivity analysis may
not be valid.

Because interaction between inputs is often one of the common characteristics of MFSPR
models, an analyst should select a sensitivity analysis method that can deal with interactions. The
most commonly used mathematical sensitivity analysis methods (e.g., NRSA, DSA) are not able
to capture interaction effects between model inputs. However, many statistical methods, such as
ANOVA, CART, Soboal, or appropriately specified regression approaches, can identify
interactions between model inputs. Graphical methods may provide insights regarding
interaction effects; however, the use of graphical methods typically requires expert judgment
based upon visual inference and therefore is a qualitative approach to sensitivity analysis.

Identification of thresholds and saturation points that have a substantial effect on the

model output (e.g., exposure or risk) is useful because they may imply critical limits. Sensitivity
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anaysis methods that enable an analyst to compare variation of the model output in different
regions of an input domain are appropriate for identification of these model characteristics. Such
methods include ANOV A, CART and some graphical sensitivity analysis methods. ANOVA
provides direct statistical measures for tracking thresholds and saturation points. Graphical
sensitivity analysis methods provide visual insight regarding possible thresholds or saturation
points in an input domain. For example, scatter plots can assist in identification of thresholds and
saturation points taking into account simultaneous variation of other inputs. Graphical analysis
based upon conditional sensitivity analysis can also help identify thresholds and saturation points
for an input conditional on point values from other inputs.

Categorical or qualitative inputs are commonly used in MFSPR models. Examples
include food categories, season, consumer age, eating location, and consumption type.
Mathematical methods such as NRSA and DSA do not accommodate these types of inputs.
However, an analyst could ssimply run the model with different values of such an input while
other inputs are held constant and assess the range of variation in the model output compared to
that obtained when each of several other inputs are varied individually. Among statistical
sengitivity analysis methods, ANOVA and CART can deal with categorical inputs. Regression
analysis can deal with categorical inputs by using dummy variables (Neter et. al.,1996).
Graphical sengitivity analysis methods can be used to visualize the variation of model output

versus different categorical values of inputs.

3.1.4 How Detailed isthe Analysis?

Screening or refined sensitivity analyses can be conducted based upon the objectives of
an analysis. The choice between the two istypically governed by resource availability, the

importance of the analysis, and the stage of the assessment. Screening anal yses require fewer
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resources than refined analyses. A screening analysis might be used in the early stages of model
development to help refine the model and its inputs and to assess model validity. Typical
screening analysis methods include local mathematical methods such as DSA or NRSA, aswell
as sample or rank correlation coefficients available in commercial statistical software packages.
A refined analysis might typically be used in the later stages of analyses with a model that has
undergone previous screening analyses. A refined analysisis preferred if the results will be used
to make decisions regarding commitments of large amounts of resources for further model
development, data collection for model inputs, or risk management strategies. However, the
choice of arefined analysis should account for atrade-off, if any, between the skills of the
analyst, resources, anticipated needs for custom programming, and potentially higher required
time with regard to sensitivity analysis.

Screening and refined analysis can be used together. The time and effort to execute a
refined analysis often depends on the number of inputs that are included in the analysis.
Therefore, it is often useful to use a screening method to identify model inputs that are not
important with regard to variation in the output of interest. The refined analysis can then be
applied to asmaller set of inputs for which there is reason to believe that the model output has at
least some sensitivity.

When applying a screening analysis method, the analyst should keep in mind that there
are severa potentialy critical limitations of such methods, including: (1) screening methods are
often not model-independent, and therefore the insights may be inaccurate if the model structure
deviates significantly from the theoretical basis of the method; (2) some screening methods are
local, and cannot adequately account for simultaneous variation in multiple inputs; and (3) for

local screening methods, it may not be possible to identify the inputs and ranges that lead to the
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highest risk or to gain useful insight regarding critical control points. Thus, it is preferable to
confirm results from a screening method with a different method or to follow-up with arefined

anaysis.

3.1.5 Can Commonly Used Methods Adequately Addressthe Characteristics of
Interest in the Analysis?

Under pressure of deadlines and faced with constraints of an existing model, an analyst
may prefer to use readily available features of existing software tools rather than attempt to
implement more refined techniques. Such features typically include sample (Pearson) and rank
(Spearman) correlation coefficients applied in the context of a one-dimensional probabilistic
simulation. These methods are applicable to global sensitivity of linear or monotonic models,
respectively. Sample correlations are not a robust method for dealing with thresholds or
interactions and cannot provide useful insights when applied to categorical inputs. Rank
correlations are more robust than sample correlations with regard to thresholds but are not
capable of providing insight regarding the existence of athreshold or the value of the threshold.
If an analyst chooses to proceed with an available method whose theoretical basis differs from
the key characteristic of the model to which it is applied, then the accuracy and robustness of the

results cannot be assured.

3.1.6 Isthelmplementation of the Selected Sensitivity Analysis Method Post Hoc?

A sensitivity analysis method isreferred to as post hoc if it is applied to previously
prepared results from probabilistic or deterministic smulation of amodel but is not included as a
component of the model itself. Therefore, the application of a post hoc sensitivity analysis
method does not contribute to the process of model simulation, but it may impose requirements
regarding the type and format of data that should be stored from the simulation. For example,

regression analysis can be applied to a dataset of randomly generated values of the inputs and
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corresponding output values. In these cases, it is possible for the sensitivity analysisto be
performed in a different software environment and by different personnel compared to the
simulation modeling. Examples of methods that can be applied post hoc include sample and rank
correlations, regression analysis, ANOVA, CART, and graphical techniques.

In contrast, some methods require a different simulation strategy and therefore may have
to be programmed or implemented manually or interactively with the model. Some of this will
depend upon how the model is structured. For instance, among statistical methods for sensitivity
anaysis, Sobol’s method, Fourier amplitude sensitivity test (FAST), and mutual information
index (MI1) typically are not post hoc. These methods require approaches to model simulation
different than the conventional Monte Carlo methods and therefore must be incorporated into the
simulation process. The application of these kinds of methods typically requires more advance
planning and coding than do the post hoc methods. Although these are powerful methods that
offer advantages over push-button methods, their widespread practical application is limited until

software becomes available by which these methods can be easily incorporated into a risk model.

3.2 Decision Frameworksto Assist in Selecting Sensitivity Analysis Methods

Figure 1 shows that the first step in selecting an appropriate sensitivity analysis method is
to decide on the level of detail expected from sensitivity analysis. Thisfigure presents two levels
of sensitivity analysis. (1) screening analysis; and (2) refined analysis. For screening analysis,
the choice of sensitivity analysis method depends on the simulation approach of amodel. If a
deterministic approach is selected for screening analysis, particularly for local sensitivity
analysis, then mathematical sensitivity analysis methods are recommended. For probabilistic
approaches, push-button techniques including sample and rank correlation coefficients are listed

as appropriate methods. In contrast, if a practitioner decides to perform arefined analysis, the
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choice of amethod depends on the objective of sensitivity analysis. Three objectives are listed in
the decision framework for refined analysis. (1) model refinement; (2) identifying key sources
of variability and uncertainty; and (3) identifying high exposure scenarios. For the latter
objective, two classes of methods are introduced. Class A introduces methods that provide
explicit measures for addressing high exposure scenarios. CART is the only method introduced
in this class capable of addressing high exposure scenarios directly (Frey et. al., 2003; Mishra et
al., 2003). Methods introduced in Class B (including ANOVA, conditional sensitivity analysis,
and scatter plots) require judgment of an analyst for interpretation of the results and
identification of inputs responsible for high exposure scenarios. The decision framework for
method selection considering the first two objectivesisillustrated in Figure 2.

When the objective of sensitivity analysisis either model refinement or identifying key
sources of variability and uncertainty, the choice of an appropriate method for sensitivity
anaysis depends on the characteristics of the model under study. Figure 2 considers four
characteristics for afood safety model: (1) non-linearity; (2) interaction; (3) categorical inputs;
and (4) threshold and saturation points.

For non-linear models, the choice of a method first depends on whether or not the model
ismonotonic. The decision framework is further classified based upon the condition of whether a
sensitivity analysis method is post hoc or integrated with software. For models with interactions,
the selection of method depends on whether the implementation of the selected method is post
hoc. Post hoc methods are classified as of Class C or D. Methodsin Class C directly take into
account interaction between model inputs, while the results of methodsin Class D involve
anayst judgment in order to address interaction between inputs. Methods appropriate for models

with categorical inputs are classified based upon post hoc or integrated implementation. When
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the model under study has thresholds or saturation points, sensitivity analysis methods are
classified based on whether they explicitly address such characteristics. Methods in classC
include ANOVA and scatter plots (SP), which explicitly handle possible thresholds or saturation
pointsin amodel, while methods in Class D include CART and conditional sensitivity analysis,
which require analyst judgment for quantifying available thresholds and saturation points.

Asasummary, Table 1 provides key characteristics addressed by selected sensitivity
anaysis methods. These methods were evaluated with respect to multiple characteristics based
upon case studies performed by Frey and Patil (2002) and Frey et al (2003). Idedlly, a sensitivity
analysis method should respond to the effects of simultaneous variation in al inputs. The
methods were evaluated to determine if they address nonlinearities in response to an input. The
identification of the presence or absence of threshold in the model response was evaluated. The
ability of sensitivity analysis methods to identify and provide detailed insights regarding the
existence of interaction among inputsis considered to be critical for MFSPR models. Some
methods handle only quantitative inputs and others can address both quantitative and categorical
inputs.

Because high exposure cases are often of special interest, methods that can help identify
and characterize conditions leading to high exposures may be preferable. The ability to address
uncertainty about importance of inputs viatwo-dimensional analysis can provide an indication of
robustness and confidence in the efficiency of an identified control measure.

Some methods are easier to apply in practice than others. The ease of application may
often constrain the feasibility of amethod. A method is typically easier to implement when

software tools for implementing the method already exist, especidly if they have user-friendly
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interfaces. Of course, ease of implementation will be afunction of software availability and
programming skill level.

The ability to produce quantitative rankings and the ability to evaluate the statistical
significance of the rankings are useful to identify the relative importance of inputs and the
confidence that should be imputed to the rankings. Some methods produce more useful measures
by which to discriminate the importance among similarly ranked inputs. Finally, although each
method has a different theoretical basis, the bottom line for practical use of the methodsis
whether they produce reasonable results even if there are departures from key assumptions of the

method.
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Table 1. Summary of Key Characteristics of Selected Sensitivity Analysis Methods

o Sensitivity Analysis M ethod
Characteristic |\ psa | psa [_Correation Regresson | \novA | CART | FAST | Sobol | RSM | MII | sP | csA
Sample | Rank | Linear | Rank
S|mul_tar_1eous No No Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes | Yes | Yes
Variation
Non-linearity No No No Yes No Yes Yes Yes Yes Yes Yes | Yes | Yes | Yes
Threshold No No No No No No Yes® Yes No No No No Yes | Yes
Interaction No No No No Yes Yes Yes Yes Yes Yes Yes Yes | Yes | Yes
Quqlltatlvgvs. No No No No Yes No Yes Yes Yes Yes Yes No Yes | Yes
Quantitative inputs
High Exposure No No No No No No Yes Yes No No No No | Yes | Yes
TWO—Dlmen_S|0na| No No Yes Yes Yes Yes Yes No Yes Yes Yes Yes No No
Analysis
Ease of . No No Yes Yes Yes Yes No No No No No No Yes No
Implementation
anntltatlve Yes Yes Yes Yes Yes Yes Yes No? Yes Yes Yes Yes No No
Ranking of Inputs
Measure of
Statistical No No Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes | No No
Significance
Discrimination of Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes | No® No
Important Inputs
Robust in Practice No No Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes | Yes | Yes
& A method for ranking the input based upon the contribution of each input to reduction in total deviance was explored and is promising for future

development
® Can be based upon expert judgment
¢ Depends on proper definition of factor levels

NRSA: Nominal Sensitivity Analysis DSA: Differential Sensitivity Analysis ANOVA: Analysisof Variance CART: Classification & Regression Tree
CSA: Conditional Sensitivity Analysis RSM: Response Surface Method MII: Mutual Information Index ~ SP: Scatter Plots
FAST: Fourier Amplitude Sensitivity Test
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PART IV

EVALUATION OF CLASSIFICATION AND REGRESSION TREESFOR
SENSITIVITY ANALYSIS: CASE STUDY FOR THE E. COLI FOOD SAFETY
PROCESSRISK MODEL
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Abstract

Classification and Regression Trees (CART) is evaluated for sensitivity analysis of
microbial food safety process risk (MFSPR) models. Sensitivity analysisisatool for:
guantifying the impact of changesin input values on model outputs; evaluating how the variation
in the output of amodel can be apportioned, qualitatively or quantitatively, among model inputs,
and identifying factors contributing to particular outcomes (i.e., worst, best) of interest. CART is
evaluated on the basis of its ability to address typical characteristics of MFSPR models such as
nonlinearities, interaction, threshold and saturation points, and categorical inputs. Moreover, this
method is evaluated with respect to identification of high exposure scenarios and corresponding
key inputs and critical limits. Application of this method isillustrated with examples from the
cooking effect part and the slaughter module of an E. coli food safety process risk model. Two
approaches are presented for ranking sensitive inputs: (1) visualization of the tree; and (2)
contribution of selected inputs to the reduction in the total impurity (e.g., deviance) of simulation
results. These approaches typically produce similar but not always identical rankings. For
example, an input that appearsin thefirst split in aregression tree does not necessarily have the
greatest cumulative contribution to reduction in deviance. The ability of CART to address
interactions and thresholds was evaluated. The ability to identify key inputs and critical values of
such inputs that produce especially high (or low) values of an output wasiillustrated. The
implications of sensitivity analysis based on CART with respect to development of risk

management alternatives are discussed.

Key Words: Sensitivity Analysis, Classification and Regression Trees, Interaction, Threshold,

High Exposure, Microbial Food Safety Process Risk Models
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1.0 I ntroduction

The objective of this paper isto evaluate classification and regression trees (CART) asa
sensitivity analysis method for application to microbia food safety process risk models
(MFSPR). CART enables an analyst to identify key inputs or interactions between inputs and the
corresponding ranges associated with particular output values (Breiman et al., 1984). This
method also can identify ranges of key inputs that are associated with high exposure and/or risk.
Mishraet al. (2003) used CART for sensitivity analysis of a probabilistic model for atotal
system performance assessment (TSPA) of the Y ucca Mountain repository system in Nevada,
demonstrating the capabilities of CART to handle categorical data and account for input
interactions. However, CART has not been demonstrated in applications to MFSPRs. MFSPR
models, sensitivity analysis, available methods for sensitivity analysis, and the rationale for
focusing on CART are briefly discussed. Several key motivating questions are presented. The
answers to these questions are devel oped based upon case studies of the application of CART to
the output of a probabilistic MFSPR model.

Quantitative risk assessment is an emerging tool in the field of microbial food safety
(Rose et al., 1993; Jaykus, 1996). In particular, there has been increasing development and use of
such models for food safety process risk assessment (Nauta, 2000). Examples include models for
Salmonella (SERAT, 1998), Vibrio parahaemolytics (CFSAN, 2001), E. coli O157:H7 (FSIS,
2001), and Listeria monocytogenes (CFSAN, 2003). These models typically include hundreds of
parameters and inputs that have uncertainty and/or variability.

MFSPR models typically are characterized by nonlinearities, interactions between inputs,
thresholds or saturation points, and use of both continuous and categorical inputs (Frey, 2002).

Non-linearity is a relationship between two variables in which the change in one variable is not
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simply proportional to the change in the other variable. A threshold isavaluein an input domain
below which amodel output does not respond to changes in the input. Similarly, a saturation
point is an input value above which the model output does not respond. Interactionisacasein
which the effect of an input depends on the value of another input. Categorical inputs, such as
gender and season, have values that are mutually exclusive.

Dueto the typical characteristics of these models, it is often difficult to get reliable
insight regarding which model inputs contribute the most to uncertainty, variability, or both, for
a particular model output using a simple evaluation of model results. Uncertainty represents lack
of perfect knowledge regarding an input value or distribution. Uncertainty can be reduced by
further measurements or information. Variability represents true heterogeneity in a population,
and cannot be reduced by further measurement (Murphy, 1998; Anderson and Hattis, 1999;
Cullen and Frey, 1999). Some sources of variability are controllable (e.g., refrigeration
temperatures during food storage) whereas others are inherent properties that are referred to as
stochastic variability (e.g., differing susceptibility among members of an exposed human
population). Knowledge of key sources of uncertainty is useful in prioritizing additional data
collection or research. Knowledge of key sources of variability is useful in identifying control
measures or prioritizing information gathering to produce more accurate estimates.

Sensitivity analysisis used to quantify the impact of changesin input values on model
outputs (Cullen and Frey, 1999). For probabilistic models, sensitivity analysis can be based upon
attribution of variation of the model response to variation in model inputs. In this context,
sensitivity analysisis the study of how the variation in the output of a model can be apportioned,
qualitatively or quantitatively, among model inputs (Saltelli et al., 2000). Although many

sensitivity analysis methods focus on apportionment of the variance in an output to variancein



model inputs, other measures of sensitivity can be considered. For example, one could focus on
characterizing the combinations of model input values that produce high-end exposure estimates.

In interpreting the results of sensitivity analysis, a distinction can be made between an
input that is sensitive versus one that isimportant to a particular assessment objective. A
sensitive input is any input that has a significant influence on the variation of the output (Saltelli
et al., 2000). An input is more sensitive than another if it produces alarger contribution to the
measure of sensitivity being used, such as contribution to variance in an output (Hofer, 1999;
Helton and Davis, 2002) or association with high-end values of particular concern (Mishraet al.,
2003).

In the context of food safety, an important input is one that is sensitive but that is also
controllable in practice and could be changed in order to reduce risk. For example, Critical
Control Points (CCPs) are points, steps, or procedures in the process of bringing food from farm
to the table at which direct control can be applied, and afood safety hazard can be prevented,
eliminated, or reduced to an acceptable level (Hulebak and Schlosser, 2002; Seward, 2000).
Potential CCPs are typically incorporated in MFSPR models. Sensitivity analysis results can lead
to identification of important CCPs among the list of sensitive inputs.

Sensitivity analysis methods are typically classified into categories based on their scope,
applicability, and characteristics. For example, Frey and Patil (2002) broadly classify sensitivity
analysis methods with regard to characteristics as mathematical, statistical, and graphical
methods. Alternatively, Saltelli et al. (2000) classify sensitivity analysis methods with respect to
the application and scope as screening, local, and global. Examples of commonly used sensitivity

analysis methods are regression-based techniques (e.g., Helton, 1993), variance decomposition
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methods (e.g., Saltelli et al., 1999), and scatter plots (e.g., Kleijnen and Helton, 1999; Saltelli et
al., 2000; Frey and Patil, 2002).

Frey et al. (2004) presented a comparison of the capabilities of many sensitivity analysis
methods with regard to the characteristics of MFSPR models and with regard to analytic
objectives. Methods were compared with respect to characteristics such as ability to: consider
simultaneous variation in inputs; address non-linearity, interactions, and thresholds; handle
aternative input types; address high exposure scenarios; provide quantitative measures of
importance; and implement easily. A key conclusion was that methods conventionally used for
senditivity analysis and available in commercial statistical software packages (e.g., correlation
analysis and stepwise regression analysis) may not provide robust results when applied to
MFSPR models, and hence, should be used carefully, if at al. However, CART was identified as
apromising method that can deal with nonlinearity, interaction, thresholds, and categorical
inputs, aswell as provide insight into situations that produce high exposure or risk. Hence,
CART is selected here as afocus for further evaluation.

The application of CART for sensitivity analysis is demonstrated via case studies with
the E. coli O157:H7 food safety process risk model in ground beef. This model was selected
because it represents an important public policy issue and has key characteristics of typical
MFSPR models. Ground beef servings contaminated with E. coli O157:H7 organisms are
estimated to be responsible for some 73,500 cases of infection, 2,150 hospitalizations, and 61
deaths in the United States each year (Mead € al., 1999). Children under 5 and elderly people
over 65 years old have the greatest concern regarding the infection with the E. coli O157:H7

organisms (FSIS, 2001). The case studies demonstrate the capabilities of CART in addressing
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specific model characteristics, such as non-linearity, thresholds, interaction between inputs, and
categorical inputs.
The results presented in this paper address the following key questions:

What are the advantages of CART as amethod for sensitivity analysis when applied

to MFSPR models?

How are key characteristics of MFSPR models addressed using CART?

How can CART be used to gain insight into the contribution of sensitive inputsto

high exposure or risk scenarios?
A brief description of CART is provided. The E. coli model is briefly discussed and a specific
probabilistic analysis scenario is defined for evaluation of CART. Results based on the
application of CART are presented. Comparisons are provided between the CART results and
those from two commonly-used sensitivity analysis methods, including correlation analysis and
stepwise regression analysis. Finally, comments regarding the general applicability of CART to

MFSPR models are presented.

20 Overview of Classification and Regression Trees

CART has several advantages as a sensitivity analysis method. CART is nonparametric
and does not require assumptions of a particular distribution for the error term. CART is resistant
to the effects of outliers since splits usually occur at non-outlier values (Roberts et al., 1999).
CART results are invariant with respect to monotonic transformations of the independent
variables. Asaresult, it is not necessary to test a number of transformations to find the “best” fit
(Halmark et al., 2002). CART can capture non-additive behaviors (Mishraet al, 2003). Because
the datain the case study are from a complex non-linear MFSPR model, this characteristicisa

distinct advantage over conventional regression-based sensitivity analysis methods.
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Tree-based models are statistical models designed for supervised prediction problems,
and can be used for partitioning data (Breiman et al., 1984). In a supervised problem a set of
inputsis used to predict the output values. When the output is categorical, the model isa
classification tree. For a continuous output, the tree-based model isaregression tree. The
combined methodology is referred to as classification and regression trees (CART).

Figure 1 shows a schematic diagram of atree-based model. Each tree isread from top to
bottom starting at the root node. Each internal node represents a split base on the values of an
input. Each input can be selected once or multiple timesin atree. Each split a an internal node
represents an inequality. A case moves left if the inequality istrue and right otherwise. The
terminal nodes of the tree are called leaves. Each leaf represents a predicted mean output value.
For a categorical output, each leaf shows specific classes of the output, while for a continuous
output, leaves show statistically significantly different mean values for the output. Each path
from the root node to aleaf isa* classification rule” that specifies specific cut-off values of
selected inputs that lead to a leaf.

Each split in atreeis selected in order to reduce some measure of node impurity (Loh et
al., 1997). In classification trees, three common measures of node impurity are Gini Index
(Breiman et al, 1984), entropy (Quinlan, 1993), and the chi-sgquared test (Kass, 1980). For
regression trees, deviance is typically used as a measure of node impurity (Morgan and Sonquist
1963, Breiman et al., 1984). A splitting criterion is typically defined based on the reduction in
the value of a measure of node impurity associated with a specific input and a cut-off value
selected for the split. An optimal split is the one that maximizes the reduction in the measure of
node impurity. For the case studies presented in this paper, regression trees are used since the

selected outputs are continuous.
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Figure 2 shows a schematic diagram of a split, in which a dataset in a parent node with ng
data pointsis classified into two child nodes with n; and n, data points, respectively, where ng =
n; + n,. The split is defined based on an input and a cut-off value within the domain of the input.
The cut-off value is used to classify ng data points into n; and n, data points. The number of data
points that are less than or equal to the cut-off valuesisn;. Conversely, n, isthe number of data
points for which values are greater than the cut-off value. A parent node can be aroot node or an
internal node, while a child node can be an internal node or aleaf. The measure of impurity in
the split based on the change in deviance (DD) is defined as:

DD =D(0) - {D() + D(2)} (1)

D(t) represents the total deviance in the nodet and is calculated as:

3
D) =Q (¥, - %.)° 2
j=1
where,
N = Number of data points at nodet;t=0, 1, 2.
Vi = j™ output value at nodet; t=0,1, 2, andj = 1,..., n..
A = Mean output value at nodet; t=0, 1, 2.

An appropriate split and corresponding cut-off value are those that maximize the DD valuein
Equation 1. Termination of splitting typically is specified to occur when the number of data
points at a node drops below a selected minimum, or when the maximum possible reduction in
the dataset impurity for a particular node is less than a selected minimum (Breiman et al., 1984).
When using CART for sengitivity analysis, the nodes are typically evaluated qualitatively
based on their relative contribution in determining sensitive inputs. The earliest splits contribute

most to the reduction of impurity in the dataset, and hence, inputs selected in those splits are
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typically considered to be most sensitive. Unless there is collinearity between inputs, CART
selects only the most sensitive inputs and values of these inputs that result in the maximum
reduction in the dataset impurity (Breiman et al., 1984). For MFSPR models, sample values of
inputs are typically simulated as independent; hence, model inputs are not collinear. Typically,
but not always, inputs used as a basis for splits in the top nodes have more influence on the
response variable in comparison with inputs in the lower nodes. Thus, input precedence in the
tree provides insight regarding sensitivity. Another indication of sensitivity for an input isif itis
selected repeatedly at multiple levels within the tree.

Breiman et al. (1984) devised a measure of input sensitivity for CART based upon the
contributions of inputs to the reduction in the dataset impurity. Based on this measure, the
amount of cumulative contribution of selected inputs in atree to the reduction of the total dataset
impurity indicates input sensitivity. For regression trees and for cases that an input is selected
multiple timesin atree, corresponding to each selection, avalue for DD is calculated using
Equation (1). Inputs are prioritized with regard to sensitivity based on the relative magnitude of
their total contribution to the reduction of the dataset impurity (e.g., deviance). Hence, the higher
the contribution of the input to the reduction of the total impurity, the higher is the rank.

CART was applied to the case studies using S-PLUS® Version 6.1. This software has the
ability to perform CART analysis on a dataset using a Graphical User Interface (GUI) (S-PLUS,

2000).

3.0 Overview of the E. coli O157:H7 Food Safety Process Risk Model

The US Department of Agriculture (USDA) developed a farm-to-table process risk model

to evaluate the public health impact from E. coli O157:H7 in ground beef (FSIS, 2001). This
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model was developed in Microsoft Excel using @Risk, an add-in software package, as the basis
for performing probabilistic smulations.

The E. coli O157:H7 risk assessment includes hazard identification, exposure
assessment, hazard characterization, and risk characterization steps. The E. coli model has a
modular framework. In amodular framework, each key activity in the model ismodeledin a
separate module. Each module may have inputs that are calculated based upon a predecessor
module, and may produce outputs that are fed to a successor module. Within modules, binning is
often used. Binning is a summarization technique in which values of an output are binned into
predefined intervals. For example, in the E. coli model the contaminant concentration in beef
trimingsis estimated as a continuous output, but subsequently is binned by 0.5 log increments
from 0 to 8 logs (FSIS, 2001). Because of binning, there is aloss of one-to-one correspondence
between outputs of one module and the inputs of its predecessors. Therefore, binning is an
obstacle to global sensitivity analysis of an entire model. Thus, for the case studies, CART is
applied to specific modulesin the exposure assessment step.

In the E. coli O157:H7 model, the exposure step is the foundation for other steps. For
example, in the hazard characterization step, the dose response relationship is estimated based on
the results of the exposure assessment step and available surveillance data regarding infection
with E. coli O157:H7. Uncertainty in exposure results leads to uncertainty in the dose-response
relationship. The exposure step also quantifies the relationship between potential CCPs and
exposures. Thus, the case studies were focused on this step.

The exposure assessment step consists of three major modules: (1) production; (2)
dlaughter; and (3) preparation. The preparation module consists of three parts. (1) growth

estimation; (2) cooking effect; and (3) serving contamination. The exposure assessment is based
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upon a probabilistic approach for modeling the prevalence and concentration of the E. coli
pathogen in live cattle, carcasses, beef trim, and a single serving of cooked ground beef.

Figure 3 shows a schematic diagram of the connection between the final model output
and different modules and parts of the model in the exposure assessment step. Two sections of
the exposure assessment step were selected for the case studies. (1) cooking effect part of the
preparation module; and (2) slaughter module. These sections have characteristics such as
thresholds and interactions between inputs. The mean values and 95 percent probability ranges
for each input are givenin Tables 1 and 2 for the cooking effect part and the slaughter module,
respectively. Results from application of CART to other parts and modules of the exposure
assessment step are available in Frey et al. (2003).

The cooking effect part evaluates the effect of cooking ground beef servings on the total
number of E. coli O157:H7 organisms considering the cooking temperature, precooking
treatments, and the cooking place (i.e., home versus away from home). Precooking treatments
are characterized based upon precooking storage temperature and storage time. Nine aternative
precooking treatments are given in Table 3. The output in the cooking effect part is the mean log
reduction in the number of E. coli organisms due to cooking per ground beef serving.

In the slaughter plant, combo bins are filled with meat trims from cattle harvested from
feedlots and breeding herds. Combo bins are containers that hold 2,000 Ibs of meat trims. The
output from the slaughter module is a distribution describing the frequency of the E. coli
organisms in combo bins made during high and low prevalence seasons (i.e., summer and

winter).
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4.0  Probabilistic Analysis Scenarios

This section explains the probabilistic analysis scenarios defined for each case study. The
cooking effect part has a one-dimensional probabilistic simulation incorporating variability. The
number of iterations selected for the variability analysis simulation is 65,000, based on the upper
limit of what can be stored in each Excel sheet.

In the slaughter module, inputs incorporate both variability and uncertainty. Alternative
approaches can be used to distinguish between variability and uncertainty in inputs and their
contribution to the output variation (Cullen and Frey, 1999; Frey et al., 2004). These approaches
include: (1) variability only; (2) uncertainty only; (3) variability for different realizations of
uncertainty; (4) uncertainty for different realizations of variability; and (5) co-mingled of
variability and uncertainty. The choice of an appropriate approach should be made taking into
account the assessment objectives, the data quality objectives, the availability of data, and the
importance of the assessment. For the purpose of demonstrating the capabilities of CART, a one-
dimensional probabilistic simulation is adequate.

Co-mingled analysis of variability and uncertainty is selected as the probabilistic
approach in the slaughter module. In this approach, variability and uncertainty in inputs are
incorporated but not distinguished, thereby producing in only one dimension the largest range of
values that might be assigned to each model input. This approach could be a preliminary step in
prioritizing data collection or the development of distributions for model inputs (Frey et al.,
2004). An analyst may wish to assess the key sources of variation regardless of whether they
represent variability or uncertainty. Moreover, an analyst may make a judgment that it is difficult
to separate variability from uncertainty (e.g. Nauta, 2000) or that a two-dimensional probabilistic
approach isimpractical or not necessary based upon the assessment objectives. For the case

study, 65,000 realizations are performed.
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5.0 Application of CART

This section presents results from application of CART to the probabilistic analysis
scenarios defined in Section 4. Section 5.1 shows how CART addresses interactions between
inputs and can be used to identify thresholds in the model response based on a case study with
the cooking effect part. Section 5.2 demonstrates the capability of CART to address high
exposure scenarios with a case study for the slaughter module. When applicable, CART results
are compared to results from conventional sensitivity analysis methods, including stepwise

regression analysis and correlation analysis.

5.1  Application of CART to the Cooking Effect Part

The regression tree from application of CART to the cooking effect part is shownin
Figure 4. The vertical distance below each split indicates the portion of deviance that is reduced
because of the split. Cooking temperature is inferred to be the most sensitive input becauseit is
selected in the first node and appears repeatedly throughout many of the lower nodes of the tree.
Precooking treatment appears several times in the tree but not in the first node, suggesting that
thisinput is of secondary sensitivity.

The total deviance for the ssmulated output valuesis 639,900. The regression tree reduces
approximately 95 percent of the total deviance. The contribution of each input to reduction in
deviance is summarized in Table 4. Each appearance of an input in the tree is denoted with a
numerical entry in the table. For example, cooking temperature appears three times in the fourth
level of thetree at nodes 6, 7, and 8, and hence, three values are calculated for the reduction in
the total deviance corresponding to these nodes. The total reduction in the deviance associated

with each input is based upon the cumulative effect of repeated splits at lower levels of the tree.
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Cooking temperature has alarger contribution to the reduction of the total deviance. Hence, this
input is selected as the most sensitive one.

Stepwise regression analysisis selected as a conventional sensitivity analysis method for
comparison with the CART results. There are categorical inputs in the cooking effect part. Thus,
correlation analysis cannot be used for sensitivity analysis. The results given in Table 5 show
that aregression model that includes cooking temperature and precooking treatment accounts for
amost 76 percent of the output variation. Moreover, results show that there is a statistically
significant interaction between selected inputs in the regression model that explains amost 5
percent of output variation. The interaction is modeled based upon a multiplicative term.

Inputs are ranked based on their partial R? value. The partiad R? value for each step is
determined as the difference between the R? values for the current step and the R? values for the
previous step. Based on the partial R? values, cooking temperature and precooking treatments are
ranked as first and second inputs, respectively. In stepwise regression, only the inputs that have P
values less than 0.05 are included indicating that selected inputs and the interaction term are
statistically significant. Stepwise regression analysis provides similar results with respect to
identification of inputs with highest sensitivity when compared to CART. Despite this similarity,
Sections 5.1.1 and 5.1.2 demonstrate that CART providesinsights not available with commonly

used methods such as stepwise regression.

5.1.1 Addressing InteractionsUsing CART

The ability of CART to account for interaction between sensitive inputs makesit a useful
method compared to linear or additive models such as regression models. CART can provide
explicit insight regarding the nature of the interaction effect between inputs by identifying how

inputs affect model response, without any assumptions regarding the model structure. In contrast,
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when using regression analysis, the analyst must hypothesize what the interaction is and include
appropriate termsin the regression model to attempt to account for such interactions. Asthe
number, complexity, or both, of interactions increases, the development of appropriate regression
models becomes more difficult. Thus, an advantage of CART is that important interactions are
represented without need for prior specification of interaction terms.

Although the regression resultsin Table 5 imply that there is a significant interaction
between cooking temperature and pretreatment, the inferred characteristics of the interaction are
predicated upon the assumed regression model. By comparison, the CART results enable
discovery of more detailed and specific insights as to the interaction, which is more complex
than ssimply a multiplication of two terms. Figure 4 shows that the partitions with respect to
precooking treatment typically separate the first few such treatments (i.e., a, b, and c) from the
remainder. The mean log reduction in E. coli organismsis greatest for the leaf number 12,
corresponding to an average reduction of 12.1. This average reduction is based upon a cooking
temperature of greater than 85 °C and precooking treatments of ¢ through i. In contrast, the
lowest reduction is based upon a cooking temperature of less than 53.2 °C irrespective of the
type of pretreatment, asindicated the leaf number 1. The larger average reductions are typically
associated with higher cooking temperatures and with precooking treatments other than a and b.

This interaction pattern indicates that not only increasing cooking temperature, but also
defrosting ground beef servings at room temperature prior to cooking could lead to high values
of log reduction in the number of E. coli organisms. Table 3 shows that for precooking
treatments c to i ground beef servings are kept in room temperature (e.g., temperature between
21°C and 30°C) for few hours prior to cooking. Thisinsight can be used as arecommended

practice for cooking ground beef servings such as hamburger patties.

76



Thus, when comparing CART to amore typically used methods, key advantages are that
CART not only enables identification of the presence of an interaction, but providesinsightsinto
the complexity of the interaction and regarding specific cut-points for selected inputs that could
be identified as the basis for eliminating or reducing undesirable outcomes. A sensitivity analysis
method such as regression that involves making assumptions regarding model form potentially

can produce unreliable or misleading insights regarding cut-points.

5.1.2 Addressing ThresholdsUsing CART

The ability of CART to identify athreshold is demonstrated via an example in the
cooking effect part. Conventional sensitivity analysis methods, such as regression analysis are
not able to identify thresholds unless an analyst has prior knowledge of the threshold and
specifies a functional form to properly capture it. However, in typical practice, sensitivity
analysis results based on correlation and regression methods are undermined if thresholds are
present since thresholds introduce non-linearity in the model. For example, the sample (Pearson)
correlation coefficient for output values versus cooking temperature is 0.92 for precooking
treatment c, implying that there is a strong linear association between the output and input values.
However, in actuality there is a nonlinear relationship that includes athreshold. Furthermore, the
correlation coefficient method cannot provide insight regarding the numerical value of the
threshold.

The partitioning of the data with respect to cooking temperature in Figure 4 suggests that
there could be a temperature threshold below which there islow reduction in E. coli organisms.
In particular, for temperatures less than 58 °C the log reduction in E. coli organisms was

substantially smaller than for any other temperature range.
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In order to confirm the identified threshold, a scatter plot for the log reduction in the
number of E. coli organisms versus cooking temperatureis given in Figure 5. Each linein this
figure represents a specific precooking treatment. There is a threshold in the response of the
model! to the cooking temperature. For example, below approximately 50 °C there istypically an
insignificant log reduction in the number of E. coli organisms. At temperatures of approximately
50 °C to 58 °C thereis a small log reduction (of 0 to 3 logs) due to cooking depending on the
precooking treatment. Above 58 °C, there is more sensitivity of the log reduction in E. coli

organisms to cooking temperature for all the precooking treatments.

5.2  Application of CART to the Saughter Moduleto Address High Exposure Scenarios

This section discusses how CART can identify high exposure scenarios and
corresponding sensitive inputs based upon application to the slaughter module. This ability of
CART isakey advantage when compared to conventional sensitivity analysis methods, as such

insights may significantly inform risk management decision making.

Four out of twelve inputs are selected in the regression tree shown in Figure 6. These
inputs include chilling effect, number of organisms, washing effect, and contaminated surface of
meat trims. The highest average combo bin contamination corresponds with leaf 9 in which there
areinitially more than approximately of 128 organisms and the chilling effect is greater than 2.2

logs.

The combo bin contamination has the greatest sensitivity to both chilling effect and the
number of organisms. The chilling effect appears in the first node of the tree. However, although
the number of organisms was not selected until the second level of the tree, thisinput

discriminates the mean response of 3,641 from another branch with much lower mean responses.
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Thus, the partitioning of data with respect to chilling effect accounts for a wide range of

variation in the response.

The total deviance for the simulated output values in the slaughter module is 3.2x10°.
The regression tree shown in Figure 6 reduces the total deviance by approximately 53 percent.
The cumulative contributions of each input to the reduction of the total deviance are given in
Table 6. Theinitial number of organisms produces the single largest cumulative contribution to
reduction in deviance, although thisinput is not selected at the first splitting node. Chilling effect
is selected at the first splitting node but has arank of second based upon its cumulative
contribution.

The rankings of sensitive inputs based upon CART are summarized in Table 7, along
with a comparison to rankings obtained with other methods, including sample and rank
regression and sample and rank correlation. Because the model is nonlinear, linear regression
using sample values produces arelatively low coefficient of determination. Thisimplies that the
rankings from both sample regression and sample correlation may not be reliable. The rankings
from these two approaches differ from those of the rank-based regression and correlation. These
latter two methods assume monotonicity. The general qualitative agreement regarding the
ranking of the two or three most sensitive inputs based upon CART, rank regression, and rank
(Spearman) correlation suggest that CART is capable of producing appropriate rankings. The
differences among these three methods for lower ranked inputs are typically not of practical
significance, since the first two inputs have a much stronger sensitivity than any of the others.
Thus, disagreement regarding the rankings of relatively insensitive inputsis not of great

conseguence.
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Because CART is anonparametric method, it does not assume any specific functional
relationship between values of model response and inputs. Hence, sensitivity analysis results
based on CART are not undermined when the model has characteristics such as nonlinearity and
interactions, while results based on conventional sensitivity analysis methods are sensitive to
these assumptions.

Figure 6 also specifies the conditions corresponding to high average contamination
scenarios, such asfor leaves 6 and 9. The classification rules for these |eaves indicate that high
values of contamination are mostly controlled by chilling effect and the initial number of
organisms on carcasses. Furthermore, by comparing similar classification rules that result in
different average contamination levels, one can gain insight into effective measures for reducing
average contamination levels. For example, a comparison of the classification rules for leaves 5
and 6 indicate that for carcasses that have initial contamination levels greater than 2,014
organisms controlling the chilling process can lead to comparatively low combo bin
contamination. Growth or declinein E. coli O157:H7 on the surface of carcassesislargely the
function of time and temperature. Fluctuation in chiller temperature or failure to adequately chill
carcasses may enable growth (FSIS, 2001).

The results from the CART analysis suggest that the process of chilling carcassesisan
areafor critical control. Even with sufficient decontamination prior to the chilling process, such
as washing carcasses, uncontrolled conditions during the chilling process (e.g., uncontrolled
chilling time and temperature) leads to substantial contamination in combo bins. CART suggests
that a cut-off value of 2.2 logs for growth of organisms during chilling isacritical value beyond
which high contamination is expected. This finding also suggests that there may be critical limits

associated with chilling time and temperature below which growth can be controlled below the
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critical value of 2.2 logs. However, chilling time and temperature are not modeled in the
slaughter module. Thus, an implication of the resultsisthat it is beneficial to disaggregate the
model and incorporate more detail regarding specific factors that influence the chilling effect in
order to estimate the corresponding critical limits.

The ability to identify complex interactions and inform the search for critical limitsisan
advantage of CART versus methods such as regression analysis. Although it is possiblein
regression analysis to account for interactions via introduction of addition termsin the model, the
results will depend upon how well the regression model mimics the behavior of the MFSPR
being smulated. Errorsin the regression model structure could translate into misleading insights.
Regression analysis may provide conditional insight with respect to high (or low) exposure
scenarios. For example, one may use the regression model to estimate the value for a selected
input corresponding to high value of the model response, while conditioning the values of other
inputs at some point estimates (e.g., mean values). This critical value cannot be generalized asiit

is conditional to selected values of other inputs.

6.0 Discussion and Conclusions

CART isapowerful method for addressing both continuous and categorical inputs. This
is an advantage compared with conventional sensitivity analysis methods. For example,
correlation analysis fails to provide accurate insight with respect to sensitivity when categorical
inputs are included in the model. Furthermore, CART does not assume any functional
relationship between values of output and inputs. These characteristics are key advantages of
CART when applied to MFSPR models with typical features such as non-linearity, interactions,

threshold and saturation points, and categorical inputs.
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Two approaches were presented for inferring sensitivity using CART: (1) visualization
of the tree; and (2) contribution of each input to reduction in impurity. These approaches
provided approximately similar rankings. In one case, the top ranked input as identified by
inspection of the tree was found to have the second largest contribution to reduction in total
deviance, but was aso identified as substantially more sensitive than the next ranked input.

The ability of CART to incorporate interaction between sensitive inputs was
demonstrated. This ability is an advantage when the number of model inputsis substantially high
and there are complex interactions that cannot easily be captured by a regression model.
Moreover, CART provides detailed insights regarding interaction effects particularly with regard
to combinations of specific ranges of values of inputs that produce a particular outcome of
interest. Such insight may be directly relevant to identifying risk management alternatives.

CART responds appropriately to the existence of thresholds in the model. Thisis akey
advantage of CART compared to conventional sensitivity analysis methods. A threshold
introduces non-linearity in the model response, which typically undermines sensitivity analysis
results based on methods that assume a specific functional relationship. Moreover, CART
provides insight regarding threshold values since these will typically be selected as cut-off values
in asplit. However, the selected cut-off value should often be verified using results from other
sensitivity analysis methods, including graphical methods such as scatter plots, in order to
understand whether the cut-off is athreshold or saturation point.

CART provides explicit insight into the ranges of values of sensitive inputs associated
with the worst, or best, outcomes. Other conventional sensitivity analysis methods are not readily
able to provide such an insight. For example, the classification rules for the highest mean

exposure identify the combination of ranges of sensitive inputs that is associated with the highest
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model output. The identification of highest exposure classes isimportant toward identifying
situations to avoid via more effective control of important inputs. Similarly, by identifying the
classification rules for the lowest exposure outcomes, one may develop detailed insight regarding
critical limits for achieving desired risk management outcomes. Thus, this capability of CART
can substantially facilitate the process of identification of important inputs and critical limits

from the stand point of risk management.

7.0  Acknowledgment

The work reported here is based on work supported by Cooperative Agreement No. 58-
0111-0-005 between the U.S. Department of Agriculture, Office of the Chief Economist, Office
of the Risk Assessment and Cost Benefit Analysis (USDA/OCE/ORACBA) and the department
of Civil Engineering at North Carolina State University. Any opinions, findings, conclusions, or
recommendations expressed in this publication are those of the authors and do not necessarily

reflect the views of the U.S. Department of Agriculture.

83



8.0 References

Anderson, E.L., Hattis, D.H., 1999. When and how can you specify a probability distribution
when you don’t know much? Risk Analysis, 19(1): 43-68.

Breiman, L., Friedman, J.H, Olshen, R.A., and Stone, C.J. (1984). Classification and regression
trees. Belmont, Calif.: Wadsworth International Group

CDC, 1982. Epidemic notes and reports: Isolation of E. coli O157:H7 from sporadic cases of
hemorrhagic colitis. United States Morbidity and Mortality Weekly Report, 31(43): 580,
585.

CFSAN, 2001. Draft risk assessment on the public health impact of Vibrio parahaemolyticusin
raw molluscan shellfish. Prepared by the Vibrio parahaemolyticus risk assessment task
force (Center for Food Safety and Applied Nutrition) for Food and Drug Administration
(FDA), USDA, Washington, DC.

CFSAN, 2003. Quantitative assessment of relative risk to public health from foodborne Listeria
monocytogenes among selected categories of ready-to-eat foods. Prepared by Center for
Food Safety and Applied Nutrition, Food and Drugs Administration and Food Safety and
Inspection Service, U. S. Department of Agriculture, Washington DC, September 2003,

http://www.foodsaf ety.gov/~dms/I mr2-toc.htmil.

Cullen, A.C., Frey, H.C., 1999. Probabilistic techniques in exposure assessment. Plenum Press:
New York.

Frey, H.C., 2002. Introduction to special section on sensitivity analysis and summary of
NCSU/USDA workshop on sensitivity analysis. Risk Analysis, 22(3): 539-545.

Frey, H.C., Mokhtari, A., Tanwir, D., 2003. Evaluation of selected sensitivity analysis methods

based upon applications to two food safety process risk models. Prepared by North


http://www.foodsafety.gov/~dms/lmr2-toc.html

Carolina State University for office of risk assessment and cost-benefit analysis, U.S.

Department of Agriculture, Washington, DC, June 2003, www.ce.ncsu.edu/risk.

Frey, H.C., Mokhtari, A., Zheng, J., 2004. Recommended practice regarding selection,
application, and interpretation of sensitivity analysis methods applied to food safety
process risk models. Prepared by North Carolina State University for office of risk
assessment and cost-benefit analysis, U.S. Department of Agriculture, Washington DC ,

January 2004, www.ce.ncsu.edu/risk.

Frey, H.C., Patil, R., 2002. Identification and review of sensitivity analysis methods. Risk
Anaysis, 22(3): 553-577.

FSIS, 2001. Draft risk assessment of the public health impact of E. coli O157:H7 in ground beef.
Prepared by the E. coli O157:H7 Risk Assessment Team for the Food Safety and
Inspection Service and United States Department of Agriculture, Washington, DC.

http://www.fsis.usda.gov/OPPD E/rdad/FRPubs/00-023N/00-023N Report.pdf.

Hallmark, S.L., Guender, R., Fomunung, I., 2002. Characterizing on-road variables that affect
passenger vehicle model operation. Transportation Research Part D: Transport and
Environment, 7(2): 81-98.

Helton, J. C., 1993. Uncertainty and sensitivity analysis techniques for use in performance
assessment for radioactive waste disposal. Reliability Engineering and System Safety,
42(2-3): 327-367.

Helton, J.C., Davis, F.J., 2002. lllustration of sampling-based methods for uncertainty and
sengitivity analysis. Risk Analysis, 22(3): 591-622.

Hofer, E., 1999. Sengitivity analysisin the context of uncertainty analysis for computationally

intensive models. Computer Physics Communications, 117(1-2): 21-34.

85


http://www.ce.ncsu.edu/risk
http://www.ce.ncsu.edu/risk
http://www.fsis.usda.gov/OPPDE/rdad/FRPubs/00-023N/00-023NReport.pdf

Hulebak, K.L, Schlosser, W., 2002. Hazard analysis and critical control point (HACCP) history
and conceptual overview. Risk Analysis, 22(3): 553-578.

Jaykus L.A., 1996. The application of quantitative risk assessment to microbia food safety risks.
Critical Reviewsin Microbiology; 22: 279-93.

Kass, G.V., 1980. An explanatory technique for investigating large quantities of categorical data.
Applied statistics, 29(2): 119-127.

Kleijnen, J.P.C., Helton J.C., 1999. Statistical analyses of scatterplots to identify important
factorsin large-scale smulations, 1: Review and comparison of techniques. Reliability
Engineering and System Safety, 65(2): 147-185.

LohW., ShihY., 1997. Split selection methods for classification trees. Statistica Sinica, 7: 815-
840.

Mead, P.S., Laurence, S., Vance, D., McCaig, L.F., Bresee, J.S., Shapiro, C., Griffin, P.M.,
Tauxe, R.V., 1999. Food-related iliness and death in the United States. Emerging
Infectious Diseases, 5(5): 607-625.

Mishra S., Deeds, N.E., RamaRao, B.S., 2003. Application of classification treesin the
sensitivity analysis of probabilistic model results. Reliability Engineering and System
Safety, 79(2): 123-129.

Morgan, J.N., Sonquist, JA., 1963. Problem in the analysis of survey data, and a proposal.
Journal of the American Statistical Association, 58(302): 415-434.

Morris, M.D., 1991. Factorial sampling plans for preliminary computational experiments.
Technometrics, 33(2): 161-174.

Murphy, B.L., 1998. Dealing with uncertainty in risk assessment. Human and Ecological Risk

Assessment, 4(3): 685-699.

86



Nauta, M.J., 2000. Separation of uncertainty and variability in quantitative microbial risk
assessment models. International Journal of Food Microbiology, 57(1-2): 9-18.

Quinlan, J.R., 1993. Programs for machine learning, San Mateo, CA: Morgan Kaufmann.

Roberts, C.A., Washington, S., Leonard, J., 1999. Forecasting dynamic vehicular activity on
freeways: bridging the gap between travel demand and emerging emissions models.
Presented at the 78" Annual Meeting of the Transportation Research Board, Washington,
D.C.

Rose, J.B., Sobsey, M.D., 1993. Quantitative risk assessment for viral contamination of shellfish
and coastal waters. Journal of Food Protection, 56(12): 1043-1050

Saltelli A., Chan, K., Scott, M., 2000. Sensitivity analysis, probability and statistics series. John
Wiley & Sons: New York.

Satelli, A., Tarantola, S., Chan, K., 1999. A gquantitative, model independent method for global
sensitivity analysis of model output. Technometrics, 41(1): 39-56.

SERAT, 1998. Salmonella Enteritidis risk assessment for shell eggs and egg products: Final
Report. Prepared by Salmonella Enteritidis Risk Assessment Team for The Food Safety
and Inspection Service (FSIS), USDA, Washington, DC.

Seward, S., 2000. Application of HACCP in food service. Irish Journal of Agricultural and Food
Research, 39(2): 221-227.

SPLUS, 2000. Guide to statistics, Volume | and I, data analysis product division, MathSoft Inc.:

Seattle, WA.

87



Internal Node Internal Node

| eaf @|@ | eaf Leaf

Leaf Leaf

Figure 1. Schematic Diagram of a Classification and Regression Tree Illustrating Root Node,
Internal Nodes, and Terminal Nodes (L eaves).

88



Parent
i{0)
My
Child, Childs
i(1) I{2)
ﬂ1 \ Mo
Mg = Ng + s i) = Impurity in a Mode

n = Mumber of Data Points

Figure 2. Schematic Diagram of a Split with ny Data Points.

89



Initial
Contamination Part

Exposure
Output

Production Slaughter
Module Madule Growth Effect Part
Gnnking Effect Par‘D

Preparation Module

Figure 3. Schematic Diagram of the Connection Between the Exposure and Different Modules
and Parts of the E. coli Model.

90



Cooking

Temperafure<B67.8
1 Level 1

Cooking Treatment:
Temperature<58 4 ah

é) Level 2

Cooking Treatment
Temperature<53.2 ahc
Level 3
Coaoking Cooking Coaking
Ly 023 Lo 148 Temperature=63.0 [ 4 g Temperature<77.4 Temperature=73.3
Level 4
Ly 2.03 Ly 3.16 Treat;‘nent: Treat;nent: ’ )
@ @ Cooking Cooking Level 5

| ITemperatureﬂ?S Temperature<85

| |
© Node Number i Ly 364 Ly 537 Lg 544 Lg 780 @ @ Lol

- | | | .
Li:# : LeafNumberi
' L 877 Ly 807 Lz 991 Lig 1210

Values in leaves represent mean log reduction in the number of the E. coli organisms due to cooking

Figure 4. The Regression Tree for the Cooking Effect Part.

91



Reductioninthe E. coli

Figure 5.

Number of Data Points: 65,000

Organisms (Log)

40 a0 g0 70 Gl a0 100

Cooking Temperature (oC)

Scatter Plot for the Log Reduction in the Number of E. coli Organisms versus the
Cooking Temperature at Home.

92



Leval 1

Level 2

Chilling Effect=2 2

MNumber of
Organisms<2014.5

Q.

Chilling Effect=1.8

®

Nurnber of Washing

Organisms=657.2 Effect<0.29
(*j:) O

Chilling Effect=0.9

®

Ly 23 L2533 Ly 753 Lg5372

Ls 673

L;

: Node Number i

Leaf Number i

Lg 13580

MNurmber of
Crganisms=127 9

Contaminated
Surface<67 .8

I
Ly 1296

| Ly 3641.0

Lg 5277

Values in leaves represent mean combo bin contamination

Figure 6. The Regression Tree in the Slaughter Module.

93



Table 1. Input Variables and the Corresponding Mean Value and 95 Percent Probability Range

in the Cooking Effect Part

Mean | 95% Probability
I nput Comment
Value Range
. Categorical input; refer to Table 3
Precooking Treatment for the ligt of levels.
. Categorical input; holds “Home”
Cooking Place and “ Away from Home” values.
Cooking Temperature (°C) | 68.9 (44.10, 87.60) Continuous input
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Table 2. Input Variables and the Corresponding Mean Value and 95 Percent Probability Range
in the Slaughter Module

Input Mean 95% Probability
Value Range
Total Number of Combo Bin for Each Carcass 4 (2, 6)
Total Number of Infected Animals 4 (0, 14)
Total Number of Contaminated Animals 5 (0, 22)
Probability of Positive Cases at both Steps of Dehiding
and Evisceration (%) 397 (0, 96.7)
Number of Positive Cases at both Steps of Dehiding and (1) (1)
Evisceration
Number of Positive Cases at Evisceration ---© ---©
Chilling Effect (logs) -0.9 (-3.0,2.1)
Number of Organisms 118.8 (0, 1100)
Trim/Vacuum/Washing Efficiency (%) 24.6 (O, 60)
Number of Organisms Added During Evisceration 1.2 (O, 2.45)
Washing Effect (%) 124 (O, 45)
Contaminated Surface Area (cn) 419.20 (0, 2590)

(1) Discreteinput which holdsvaluesof 0, 1, and 2.
(2) Discreteinput which holdsvaluesof 0, 1, 2, and 3.
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Table 3. Specification of Precooking Treatments in the Cooking Effect Part

Pre-Cooking Treatment

Specification

a

-18°C for 8 days

3°C for 9 hours

-18°C for 8 days, 21°C for 4 hours

15°C for 9 hours

3°C for 9 hours, 21°C for 4 hours

-18°C for 8 days, 30°C for 4 hours

15°C for 9 hours, 21°C for 4 hours

3°C for 9 hours, 30°C for 4 hours

b
C
d
e
f

g
h
i

15°C for 9 hours, 30°C for 4 hours

Source: FSIS, 2001
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Table 4. Reduction in Deviance Associated with Selected Inputsin the Regression Tree
Generated in the Cooking Effect Part

Reduction in the Total Deviance Corresponding to
TreeLevel @ Each Input @
Precooking Treatment Cooking Temperature
Level 1 380,170 (1)
Level 2 71,180 (3) 53,308 (2)
Level 3 18,258 (5) 3,638 (4)
5,030 (6)
Level 4 20,312 (7)
32,083 (8)
7,128 (9)
Level 5 8,877 (10)
3,734 (11)
Level 6 5,152 (12)
Sum 105,443 503,427
Per cent of
Contribution 17.3 827
Rank 2 1

(1) TreeLevelsare defined in Figure 4
(2) Numbers in parenthesis indicate the node number (See Figure 4)
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Table5. Comparison of the Results for Stepwise Regression Analysis and CART in the Cooking

Effect Part
Stepwise Regression Analysis CART
| nput Partial R | Model R? F
Value Value Value Rank Rank
Cooking Temperature (CT) 0.60 0.60 2,650 1 1
Precooking Treatment (PT) 0.16 0.76 1,630 2 2
CTxPT 0.05 0.81 120

(1) Interaction effect between cooking temperature and precooking treatment
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Table 6. Reduction in Deviance Associated with Selected Inputsin the Regression Tree

Generated in the Co-mingled Analysis of Variability and Uncertainty in the Slaughter Module

Reduction in the Total Deviance Corresponding to Each Input ¥
TreeLevel @ Chilling Initial Number Washing | Contaminated
Effect of Organisms Effect Surface
Level 1 357x10° (1)
46.4%x10° (2)
Level 2 1,057.6x10° (3)
22.7x10° (4)
Level 3 | 154.5x10° (5)
Level 4 5.3x10° (6) 45.6x10° (7)
Level 5 14.6x10° (8)
Sum 503.2x10° 1,109.3x10° 45.6x10° 14.6x10°
Per cent
Contribution 30.1 66.3 2.7 0.9
Rank 2 1 3 4

(1) Tree Levelsare defined in Figure 6
(2) Numbers in parenthesis indicate the node nhumber (See Figure 6)
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Table 7. Comparison of the Results for Stepwise Regression Analysis, Correlation Anaysis, and

CART in the Slaughter Module

Stepwise Stepwise Pearson (Sample) | Spearman (Rank)
Regression Regression Correlation Correlation CART
Inputs @ (Rank Regression) | (Sample Regression) Analysis Analysis
: 2 : 2
Pt K1 Rank | P13 K| Rank | coefficient | Rank | Coefficient | Rank | Rank®
ue Vaue
CHerr 0.640 1 0.080 2 0.145 2 0.830 1 | 102
Norg 0.120 2 0.126 1 0.172 1 0.730 2 2(1)
West 0.070 3 0.006 4 0.110 3 0.620 4 3
Pooth 0.004 4 0.002 6 0.035 7 0.435 6 ---
TNC 0.003 5 0.001 7 0.105 4 0.684 3 ---
Nevis 0.001 6 0.004 5 0.065 5 0.152 7 ---
TVW 0.001 7 0.040 3 0.060 6 0.590 5 ---
CSA L B B ) ) . ) L) I ) ) 4

(1) CHg: = Chilling Effect; CSA = Contaminated Surface Area; Nq,is = Number of E. coli O157:H7 organisms

Added During the Evisceration Step; Nog = Number of Organisms; Pyen = Probability of Positive Contaminated
Cases at Both Steps of Dehiding and Evisceration; TNC = Total Number of Contaminated Animals;
TVW = Trim/Vacuum/Washing Efficiency; W = Washing Effect;
(2) Rank in parenthesisis based upon the contribution of the input to the reduction of total deviance.
(3) Not selected as a statistically significant input.
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PART V

TWO-DIMENSIONAL SENSITIVITY ANALYSIS: APPLICATION OF ANALYSISOF
VARIANCE TO THE E. COLI FOOD SAFETY PROCESSRISK MODEL

In Preparation to be Submitted to:

Risk Analysis
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Abstract

The application of sensitivity analysisto amicrobia food safety process risk (MFSPR)
model with atwo-dimensional probabilistic framework is demonstrated. MFSPR models
typically have characteristics such as nonlinearity, thresholds, interactions, and categorical inputs
that make the process of identifying controllable inputs and key sources of uncertainty a
challenging task. The growth estimation part of the E. coli O157:H7 food safety process risk
model in ground beef is selected as atestbed. Analysis of variance (ANOVA) isselected asa
sensitivity analysis method due to its ability to address the typical characteristics of MFSPR
models. Sensitivity analysis results identified groups of inputs with comparable importance
including: the most important input; inputs of secondary importance; inputs of minor
importance; and unimportant inputs. Although wide ranges of uncertainty associated with the
rank of the inputs are identified, the importance of the inputsis found to be substantially robust
to uncertainty. This quantification helps a decision maker to confidently select inputs that matter
the most for prospective risk management decisions. Bootstrap simulation is demonstrated as an
approach for quantifying uncertainty in F values as sensitivity indices. Following the
identification of the inputs related to the storage of ground beef servings at home as the most
important inputs, risk management recommendations are suggested in the form of a consumer
advisory for better handling and storage practices.
Key Words. Senditivity Analysis, Microbial Food Safety Process Risk Models, Two-

Dimensional Probabilistic Framework, Variability, Uncertainty, ANOVA
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1.0 I ntroduction

The objective of this paper isto demonstrate how sensitivity analysis should be applied to
risk assessment models that have two-dimensional probabilistic frameworks, and how the results
from such an analysis should be presented and interpreted with a focus on microbial food safety
process risk (MFSPR) models as a case study. Although sensitivity analysis has been applied to
two-dimensional probabilistic frameworks in other scientific disciplines,:? we believe thisis
the first such systematic application to MFSPR models. In this paper particular attention is given
to distinguishing between variability and uncertainty in sensitivity analysis and itsimplication in
providing more robust results and confidence in insights regarding key model inputs.

The process of identifying key controllable inputs and key sources of uncertainty using
sengitivity analysisis challenged by typical characteristics of MFSPR models such as
nonlinearity, thresholds, interactions, and categorical inputs.® Commonly used sensitivity
analysis methods, such as correlation analysis, can be misleading when applied to complex
MFSPR models.

The following key methodological questions are addressed:
How does uncertainty in model inputs affect the ranking of key sources of variability?
Does co-mingling variability and uncertainty into a single dimension provide
different insight regarding key sources of variability than two-dimensional
smulation?
How can one discriminate the importance between closely ranked inputs?
What are the limitations of commonly used sensitivity analysis methods when applied

to MFSPR models?
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What are the implications of sensitivity analysis for refinement of the analysis and for
risk management?
Food safety risk assessment modeling is discussed. Mativations for sensitivity analysis of
MFSPR models are explained. The rationale for focusing on a selected sensitivity analysis

method and MFSPR model as atestbed is given.

1.1  Food Safety Risk Assessment Modeling

In the field of food safety, quantitative risk assessment is widely used to provide insight
with respect to risk management strategies.** ® There has been increasing development and use
of MFSPR models for risk assessment of food-borne diseases.® Examplesinclude Salmonellain
eggs,'”) E. coli 0157:H7 in ground beef,® Vibrio parahaemolyticsin raw Molluscan Shellfish,©
and Listeria monocytogenes in ready-to-eat (RTE) foods.?

MFSPR models generally have probabilistic frameworks, are able to quantify
uncertainties in the population risk, include many parameters and inputs that have uncertainty
and/or variability, have complex or highly non-linear interactions between inputs, have threshold
or saturation pointsin the model response, and use different types of inputs (e.g., continuous
versus categorical). A threshold is avalue in an input domain below which a model output does
not respond to changesin the input. Similarly, a saturation point is an input value above which
the model output does not respond. Parameters and inputs of MFSPR models are generally
guantified by using probability distributions that represent variability, uncertainty, or both.
Variability represents true heterogeneity in a population that cannot be further reduced.

Uncertainty represents lack of perfect knowledge and can be reduced by further

measurements.**17
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1.2  Need for Sensitivity Analysis

Sensitivity analysisis recognized as an essential component of analyses for complex
models.? Sensitivity analysis highlights the inputs that have the greatest influence on the results
of amodel; therefore, it provides useful insights for model builders and users."® Sensitivity
analysis provides insight regarding which model input contributes the most to uncertainty,
variability, or both, for a particular model output. Knowledge of key sources of uncertainty is
useful in prioritizing additional data collection or research.

Knowledge of key sources of variability isuseful inidentifying control measures.
Sensitivity analysisisan aid in developing priorities for risk mitigation and management
strategies. Sensitivity analysis can be used to prioritize potentia critical control points (CCP) in
MFSPR models and identifies corresponding critical limits. CCPs are points, steps, or procedures
in the process of bringing food from farm to the table at which direct control can be applied, and
afood safety hazard can be prevented, eliminated, or reduced to an acceptable level (2% 20 A
critical limit (CL) isacriterion that must be met for each preventive measure associated with a

CCP.

1.3  Selection of the Sensitivity Analysis Method and the MFSPR Model for the Case
Studies

A sensitivity analysis method applicable to MFSPR models should be able to: deal with
simultaneous variation in inputs; address specific model characteristics such as non-linearity,
interactions, and thresholds; handle alternative input types (continuous vs categorical);
discriminate among sensitive inputs; and provide quantitative measures of sensitivity.® Frey et
al. presented a comparison of the capabilities of many sensitivity analysis methods with regard to
these characteristics.®® A key conclusion was that methods conventionally used for sensitivity

analysis and available in commercial statistical software packages (e.g., correlation analysis)
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may not provide robust results when applied to MFSPR models. However, analysis of variance
(ANOVA) was identified as a promising method that can deal with nonlinearity, interaction,
thresholds, and both categorical and continuous inputs. Thus, ANOVA is selected for application
to the case studiesin this paper.

ANOVA identifies whether mean output values change with changing values for
inputs.®® ANOVA decomposes the total variability in the output values into the main effect of
each input, the interactive effect of pair-wise combinations of inputs, and higher order
interactions among inputs.®® A main effect is the direct effect of an independent input on the
output. An interaction effect is the joint effect of two or more independent inputs on the response
variable.®” ANOVA includes a capability to assess thresholds or saturation pointsin the output.
ANOVA can handle alternative types of inputs such as continuous and categorical inputs.

The E. coli O157:H7 food safety process risk model in ground beef is selected as a
testbed.® E. coli 0157:H7 represents an important public policy issue. Ground beef servings
contaminated with E. coli O157:H7 organisms are estimated to be responsible for some 73,500
cases of infection, 2,150 hospitalizations, and 61 deaths in the United States each year.*> The
model has a two-dimensional probabilistic framework and typical characteristics of MFSPR
models.

ANOVA isbriefly described. The E. coli model is discussed and specific probabilistic
analysis scenarios are defined. Results based on the application of ANOVA are presented.
Uncertainty in ANOVA resultsis quantified. Comparisons are provided between results from
ANOVA and those from more commonly used sample (Pearson) and rank (Spearman)
correlation analyses.®® 2" Finally, insights and findings from the analyses are discussed in

answer to the key questions.
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20  Overview of ANOVA

ANOVA isamodel independent sensitivity analysis method that evaluates whether there
isany statistically significant association between an output and one or more inputs. ANOVA
does not assume any specific functional relationship between the output and inputs. However,
ANOVA assumes that the response at each value of the inputsis normally distributed with the
same variance.”®* Nonetheless, ANOVA is generally robust to deviations from this
assumption.® 39

Aninput isreferred to as a“factor” and specific ranges of values for each factor are
defined asfactor “levels’. A “treatment” is a specific combination of levelsfor different factors.
An output is referred to as a “response variable,” and a*“ contrast” is alinear combination of two
or more factor level means.®® For example, a contrast can be used to evaluate the change in the
mean growth of pathogens when the storage temperature varies between high and low levels for
a specific storage time. Contrasts typically provide insight regarding specific model
characteristics such as threshold and saturation points.

Categorical factors are easily treated as levels. Continuous factors can be partitioned to
mutually exclusive and exhaustive subintervalsin order to create levels.®® The optimal
definition of levelsfor a continuous factor is often a matter of judgment and some
experimentation may be required to determine an appropriate division.?* >

ANOVA usesthe F test to determine whether a significant difference exists among mean
responses for main effects or interactions between factors. The relative magnitude of F values
can be used to rank the factors in sensitivity analysis.*® The higher the F value, the more
sensitive the response variable isto the factor. Therefore, factors with higher F values are given

higher rankings. An aternative but related definition of sensitivity can be introduced based on

the partitioning of the total sum of squares (TSS) of the model response (Y) on al of the main
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effects and interaction effects to estimate the relative partial sum of squares (RPSS)." 39
However, the F value is preferred as it accounts for not only the sum of squares but also the

degrees of freedom associated with each factor.

3.0 Overview of the E. coli Food Safety Process Risk M odel

The U.S. Department of Agriculture conducted a farm-to-table risk assessment to
evaluate the public health impact from E. coli 0157:H7 in ground beef .® An overview of the
model isgivenin Figure 1. The E. coli O157:H7 risk assessment includes hazard identification,
exposure assessment, hazard characterization, and risk characterization steps. The exposure
assessment step consists of three major modules: (1) production; (2) slaughter; and (3)
preparation. The preparation module consists of three parts: (1) growth estimation; (2) cooking
effect; and (3) serving contamination. The exposure assessment is based upon a probabilistic
approach for modeling the prevalence and the concentration of the E. coli pathogen in live cattle,
carcasses, beef trim, and a single serving of cooked ground beef. The model isimplemented in
Microsoft Excel using @Risk as an add-in for defining probability distributions for inputs.

The E. coli model has amodular framework. Thus, each key activity ismodeled in a
separate module. For example, there are separate modules for estimation of infection of live
cattle in farms and contamination of meat trimings in slaughter plants. Each module may have
inputs that are cal culated based upon a predecessor module and its outputs may be input to a
successor module. In some cases, the output of a module is binned into predefined intervals prior
to transferring to successor module. For example, in the slaughter modul e the contaminant
concentration in beef trimingsis estimated as a continuous output, but subsequently is binned by
0.5 log increments from 0 to 8 logs.® Because of binning, thereis aloss of one-to-one

correspondence between outputs of one module and the inputs of its predecessors. Therefore,
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binning is an obstacle to global sensitivity analysis of the entire model. Creating one-to-one
correspondence in this case would require substantial restructuring and recoding of the model.
Thus, ANOVA is applied to the individual modules.

The growth estimation part in the preparation module is selected for the case studies. This
part has a two-dimensional probabilistic simulation framework. Storage temperature and storage
time at retail (Stage 1), transportation (Stage 2), and home (Stage 3) influence the E. coli
0157:H7 levelsin ground beef servings. The output is the growth of E. coli O157:H7 organisms
in ground beef servings prior to cooking.

Table 1 summarizes 13 inputs including their mean values and 95 percent probability
ranges based on the sampled values of inputsin aco-mingled analysis of variability and
uncertainty. Co-mingled analysis of variability and uncertainty is explained in Section 4.2. Table
1 also gives the type of variability and uncertainty distributions for each input.®) Uncertainty is
incorporated in the parameters of the variability distributions. For example, storage temperature
at Stage 1 has an empirical distribution based on the available data. In addition to modeling
variability in storage temperature as an empirical distribution, uncertainty regarding the actual

frequency of each temperature is modeled using a beta distribution as:®

CF, = Betal NV(éi N, Ny - é n, +1) (1)
k=1 k=1
where,
CF; = Cumulative frequency at valuei of the empirical distribution
BetalNV = Inverse of a beta distribution
n; = Number of available data at thei™ value of storage temperature
nr = Total number of available survey data
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4.0  Probabilistic Analysis Scenarios

This section explains the probabilistic scenarios defined for sensitivity analysis. Two
scenarios are introduced: (1) variability analysis for different realizations of uncertainty; and (2)
co-mingled analysis of variability and uncertainty. Procedures for application of sensitivity
analysis to these scenarios and specific insights with respect to sensitivity that can be obtained

from each of these approaches are briefly discussed.

4.1  Variability Analysisfor Different Uncertainty Realizations

In variability analysis for different uncertainty realizations, the objective of the analysisis
to distinguish between variability and uncertainty. Asillustrated in Figure 2, the focus of
sengitivity analysisin this approach isto identify the key variability inputs for each realization of
uncertainty.! 2 A realization refers to one model simulation based upon one randomly sampled
uncertainty value for each probabilistic input. In this situation, sensitivity analysis provides
insight regarding whether the identification of the key sources of variability is robust with
respect to uncertainty. Each dataset in Figure 2 includes randomly generated values (e.g., m
values) from variability distributions of each model input for a given uncertainty realization and
the corresponding model output values. Sensitivity analysisis applied separately to each
uncertainty realization. Thus, for each realization, the key sources of variability, critical limits, or
both, areidentified. This processis repeated n timesto arrive at different sensitivity rankings for

variability inputs, where n refers to the number of uncertainty realizations. For this probabilistic
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scenario, values of 100 and 650 were selected for n and m, respectively, based upon the storage
[imit in each Excel sheet.

To the extent that the sensitivity analyses yield similar results about the rank ordering of
key inputs regardless of uncertainty, an analyst or decision maker will have greater confidence
that the results of the analysis are robust to uncertainty. If the ranking of key inputs changes
substantially from one realization of uncertainty to another, the identification of key inputs

would be uncertain. Additional data collection or research may reduce this ambiguity.

4.2  Co-mingled One-Dimensional Variability and Uncertainty Analysis

There may be situationsin which it is preferred to incorporate but not distinguish
variability and uncertainty. For example, during the process of model-building, the analyst may
want to estimate the widest range of values that might be assigned to each model input for
purposes of verifying the model and evaluating the robustness of the model to large perturbations
initsinputs. Asapreliminary step in prioritizing data collection or the development of
distributions for model inputs, an analyst may wish to assess the key sources of variation
regardless of whether they represent variability or uncertainty. In some cases, an analyst may
make ajudgment that it is difficult to separate variability from uncertainty ©, or that a two-
dimensional probabilistic approach isimpractical or not necessary based upon the assessment
objectives.

Figure 3 illustrates sensitivity analysisin the context of co-mingled variability and
uncertainty. There are n datasets generated in n uncertainty realizations of the model. Each
dataset has m rows of randomly generated samples from variability distributions and the
corresponding output values. Prior to application of sensitivity analysis, these datasets are

appended together to form a single dataset with nx mrows. Sensitivity analysisis then applied to
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the co-mingled dataset and a set of rankings is obtained. For the co-mingled analysisin the

growth estimation part values of 100 and 650 were selected for n and m, respectively.

5.0 Application of ANOVA

This section presents results from application of ANOVA to each of the probabilistic
scenarios defined in Section 4. For each probabilistic scenario, results from ANOVA are
compared with results from Pearson and Spearman correl ation analyses. Application of ANOVA
to identify a saturation point in the model response and a methodology for quantifying ambiguity
in ranksin aone-dimensional analysisis demonstrated. Ranking of the important factors based
on ANOVA asoisverified.

Inputs in the growth estimation part are continuous, and hence, must be partitioned into
levels.® Frey et al. demonstrated three approaches for defining factor levels for continuous
inputs based on: (1) evenly spaced intervals; (2) evenly spaced percentiles; and (3) visual
inspection of the cumulative distribution function (CDF) for each input.® For the first approach,
each input domain is classified into equal ranges. For the second approach, the CDF of the
generated values for an input in a probabilistic simulation is used for defining factor levels at
evenly spaced percentiles. For the third approach, boundaries for each factor level are defined
corresponding to percentiles of the CDF that are associated with a substantial change in the
slope. Figure 4 illustrates an example for defining levels based on the visualization of the CDF
for maximum density. Three levels are defined for this factor based on values less than 6.5,
between 6.5 and 8.5, and greater than 8.5 corresponding to 20™ and 80" percentiles of the CDF.

A key consideration in defining levelsis the number of data points within factor levels,
which affects the power of statistical tests.®® There is atrade-off between selecting a larger

number of factor levels, which can produce more highly resolved insights regarding sensitivity
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and getting statistically significant results. Thereis aso atrade-off between the desired number
of iterations (e.g., in aMonte Carlo simulation) that are used to populate factor levels and the
computational time.

Table 2 summarizes the levels defined for factorsin the case studies. These levels are
used in both probabilistic scenarios. Levels are mostly defined based on visual inspection of the
CDF for each factor. Each CDF is prepared based on the generated values for afactor in the co-
mingled analysis of variability and uncertainty, since this probabilistic approach gives the widest
range of variation for each factor. For storage times at Stages 1 and 3, levels are defined at equal

intervals.

5.1 Variability Analysisfor Different Uncertainty Realizations

Table 3 summarizes the results from variability analysis for different uncertainty
realizations. Mean, minimum, and maximum estimated F values from all uncertainty realizations
for each factor are given. The percentage of the uncertainty realizations that produced a
statistically significant F value for each factor is quantified. Furthermore, factors are ranked
based on the relative magnitude of F values. The mean rank and the range of ranks are presented.
For each uncertainty realization, interactions between storage temperature and storage time at all
three stages are evaluated.

The factors can be classified into four categories based on their importance in uncertainty
realizations: (1) Group 1: the most important factor; (2) Group 2: factors with secondary
importance with ranks between 2 and 4; (3) Group 3: factors with minor importance with ranks 5
and 6; and (4) Group 4: factors that are unimportant with ranks between 7 and 13. Factorsin the

latter group typically were not identified as statistically significant in most of uncertainty
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realizations. Factors are classified into these four groups based on their dominant range of ranks
in uncertainty realizations.

Figure 5 depicts the probabilities associated with selection of factorsin each of the four
importance groups in uncertainty realizations. Based on the dominant importance groups for
factors, Time3 is the most important factor asit isranked 1 in 72 percent of uncertainty
realizations. A group of three factors (i.e., Temp3, Timel, and Templ) are within Group 2 with
mean ranks between 2.7 and 3.1. Factorsin Group 3 include LP3 and LP1 with mean ranks of
6.0 and 6.2, respectively. Group 4 contains seven factorsincluding GT1, GT3, GT2, Temp2, LP2,
MD, and Time2 with mean ranks between 11.0 and 12.3.

The interaction effect between storage temperature and storage time at Stage 2 is
unimportant. Since factors related to Stage 2 mostly are identified as unimportant, the
transportation step does not require additional refinement. The interaction effect between storage
time and storage temperature at home has higher importance than interaction between similar
factors at retail stores. The mean F values estimated for these two interaction effects differ by a
ratio of approximately 2. Although the interaction effects are not considered in the overall
ranking in Table 3, their relative importance can be compared with main effects using their mean
F values similar to an approach presented by Rose et al.*®® Factors contributing to the two
statistically significant interaction effects have relatively large mean F values and are categorized
in the first two importance groups. The interaction effect between Time3 and Temp3 has a mean
F value approximately the same as that of Temp3. Thus, the interaction has comparable
importance with Temp3.

Although the F values calculated for each main or interaction effect indicate the statistical

significance of corresponding effect, the coefficient of determination (R?) indicates whether the
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selected effects adequately capture variability in the response variable, and hence, can be used as
adiagnostic for the results of ANOVA.®? Generally, ahigh R? value implies that results are not
compromised by incomplete specification of effects or by inappropriate definition of the levels
for afactor. Figure 6 shows CDF graphs for R? values estimated in different uncertainty
realizations for two ANOV A models. For an ANOV A model based only on the main effects, the
95 percent probability range of R? valuesis between 0.45 and 0.72 with a mean value of 0.61.
For an ANOV A model based on all of the main effects and selected interactions as shown in
Table 3, the 95 percent probability range of R? values is between 0.77 and 0.92 with amean
value of 0.85. Therefore, interaction effects between storage time and storage temperature in
Stages 1 to 3 accounted for approximately 24 percent of the total variability in the response
variable. Because the ANOV A model with interaction terms accounts for a substantial amount of
variability in the response, ranks based on the F values are deemed to be reliable.

Pearson and Spearman correlation analyses are selected as conventional sensitivity
anaysis methods for comparison with ANOVA. Inputs are ranked based on the absol ute values
of statistically significant correlation coefficients. Table 4 summarizes mean ranks, range of
ranks, and the percentage of the uncertainty realizations that produced a statistically significant
correlation coefficient. These methods are not able to provide insight with respect to interactions
between inputs. Similar to ANOV A results, inputs can be grouped into four categories based on
their importance. The probabilities associated with selection of inputs in each of the four
importance groups are shown in Figure 7. Inputs within these categories are typically different
from those based on the ANOV A results. Some sensitive inputs (e.g., GT3 and LP3) via both
Pearson and Spearman correlation analyses were not sensitive based on ANOVA. Among

statistically significant inputs, there is not a clear agreement between the ranks based on the
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ANOVA results and those from Pearson and Spearman correlation analyses. For example, while
ANOVA selected Time3 as the most important factor, Temp3 and Timel are selected as the most
important inputs based on Pearson and Spearman correl ation analyses, respectively. However,

similar to ANOVA, Pearson and Spearman correlation analyses identified inputs related to Stage

2 as unimportant.

5.2  Co-Mingled Analysis of Variability and Uncertainty

Table 5 summarizes results when variability and uncertainty are co-mingled into one
dimension. The main effects of all factors and interaction effects between storage temperature
and storage time at all three stages are evaluated. For each factor the number of times that two-
dimensional sensitivity analysis results provided the same ranking as the co-mingled analysisis
guantified. The number of times that each factor fell into the same importance group based on
the two-dimensional analysis results also are quantified. Table 5 also includes rankings based on
Pearson and Spearman correlation analyses.

Typicaly, the F values for main and interaction effects are substantially larger than those
givenin Table 3 for the two-dimensional analysis. Substantially larger sample sizes within levels
defined for factorsin the co-mingled analysis resulted in larger F valuesimplying higher
confidence on statistically significant factors and interaction effects.

Although co-mingled analysis typically provides different ranks compared to the two-
dimensional analysis, these two probabilistic approaches provide similar results with respect to
identification of groups of factors with comparable importance. Except for the most important
factor (Time3), there istypically low probability that rankings based on the co-mingled analysis
match those from two-dimensional analysis. For example, Templ has rank of two in the co-

mingled analysis. The probability that Templ has the same rank in the two-dimensional analysis
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isonly 17 percent. In contrast, factors are categorized into the same importance group as those
for the two-dimensional analysis with substantially high probability. For example, thereis 85
percent probability from the two-dimensional analysis that Templ fitsin the group of factors
with secondary importance, thus implying that in 85 percent of uncertainty realizations, Templ
has arank between 2 and 4.

Thereisastatistically significant interaction between storage time and storage
temperature at Stages 1 and 3. The relative magnitude of F values indicates that interaction effect
between these two factors at Stage 3 has higher importance. Similar to the two-dimensional
anaysis, there is no statistically significant interaction between storage time and storage
temperature at Stage 2.

Rankings based on Pearson and Spearman correlation analyses typically are different
from ANOVA results, except for inputs related to Stage 2. All three methods identified no
statistically significant effects for inputs related to Stage 2. Groups of inputs with comparable
importance based on Pearson and Spearman correlation analysis results are different from those
identified by ANOVA. For example, the most important inputs based on Pearson and Spearman
correlation analysis are Temp3 and Timel, respectively, which are different from Time3 selected
by ANOVA. Similarly, thereislack of agreement for inputs selected in secondary and minor
importance groups based on these methods.

When performing one-dimensional probabilistic analysis, a key question is regarding
how large the differences in F values between two factors must be in order to clearly
discriminate their importance. A method for answering this question isillustrated. The range of
sampling distributions of F values providesinsight regarding how large the ratio of two F values

must be in order for the ranks of the corresponding factors to be substantially different.
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Empirical bootstrap simulation is used to generate sampling distributions of uncertainty
for F values.“? In the empirical bootstrap approach, an alternative randomized version of the
original Monte Carlo simulation is obtained by sampling with replacement from the original set
of random values. ANOVA is applied to each of the bootstrap samples to produce a distribution
of F values. Summary of the results from 200 bootstrap simulations are given in Table 6. The
summary table is comprised of mean F values, 95% probability range of F values, and
coefficients of variation. The percentage of the bootstrap simulations that produced a statistically
significant F value for each factor is quantified. The arithmetic mean of 200 ranks and the range
of ranksfor each factor also are quantified.

Thereis asubstantial range of uncertainty associated with the estimates of F value. For
example, Templ is estimated to have a mean rank of 2.9. The F value for this factor has amean
of 1445 and 95 percent probability range of 873 to 2040, or approximately plus or minus 40
percent of the mean. Temp3 has a mean rank of 3.7, amean F value of 1130, and a 95 percent
probability range of 650 to 1670, or approximately plus or minus 50 percent. The sampling
distributions of the F values for these two factors do not have statistically significant correlation.
Thus, the overlap in the confidence intervals of Templ and Temp3 indicates a possibility that the
rank order between these two factors can reverse, even though on average the F value for Timel
islarger than that for Temp3 by afactor of 1.3. Thisreversal in ranks happened in 32 percent of
bootstrap simulations. In contrast, Temp3 has a statistically significantly larger F value than the
factor with the fifth highest average rank, which is LP3. The 95 percent probability ranges for F
values of these two factors do not overlap. Therefore, athough there is some ambiguity
regarding which of the factors may be the third most important; it is clear that Templ, and Temp3

are more important than LP3.

118



The coefficient of variation is approximately 0.30 or lessfor F values greater than
approximately 200. For F values smaller than approximately 20, the coefficient of variation
ranges from approximately 0.3 to 1.85. These results suggest that the coefficient of variation may
be relatively constant for F values that are statistically significant and substantially large. Since a
95 percent probability range might typically be enclosed by plus or minus two standard
deviations for a symmetric sampling distribution, one might infer that differencesin F values of
approximately 60 percent or more imply aclear discrimination in rank order. Thisvalueis
specific to the example provided here and should not be used to make general quantitative
judgments regarding differences between F values obtained with different sample sizes or
models. However, the technique used here can be applied to other case studies. The case study
results suggest that two factors having similar F values are typically of comparable importance.

ANOVA providesinsight regarding special model characteristics such as non-linearity,
thresholds and saturation points, and interactions by comparison of mean output values at
different factor levels. Table 7 summarizes an example in which a set of contrastsis used to infer
an interaction effect between storage temperature and storage time at Stage 3 and possible
saturation points. When storage temperature in Stage 3 is at the first level (i.e., between 7.5°C
and 11°C), storage time influences growth of E. coli in ground beef until the tenth day, since
statistically significant contrasts are estimated for the difference in pathogen growth for
consecutive days through the tenth. After the tenth day there is no significant difference in the
estimated growth, indicating that maximum population density is achieved by the tenth day.
When storage temperature is at the second level (i.e., between 11°C and 14.5°C), the contrasts
indicate that maximum population density is reached in only five days. When the storage

temperature increases to the third, fourth and fifth levels, maximum population density is
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reached in four, three, and two days, respectively. This pattern indicates an interaction effect
between storage time and temperature and the corresponding saturation points for growth.
Proper definition of factor levelsfor storage time or storage temperature can help
identifying thresholds with respect to these factors which can be directly used as CLsin the risk
management recommendations. For example, knowing that growth is zero in the beginning of
the storage process, one may look for two consecutive time intervals that growth starts to show
statistically significant difference following precursor time intervals with no significant
difference in growth. The storage time level at which growth starts to show statistically
significant change is indeed athreshold. Using that cut off as a recommended storage time can
ensure prevention of growth of the E. coli O157:H7 organismsin ground beef servings. Results
in Table 7 do not show thistrend as storage time intervals are substantialy large (i.e., one day)
and growth does happen within aday. When storage temperature is at the first level (i.e.,
between 7.5 and 11°C), there is statistically significant difference in growth between the first and
the second day. Thisimplies that perhaps refining factor levels for storage time into intervals
with asmaller period (e.g., half aday or 6 hours) can help identifying such atrend in growth.

However, this refinement is not done for the case studies due to the lack of sufficient sasmple size.

53 Verification of ANOVA Results

Comparison of ANOVA and correlation analysis typically showed different insights
about the inputs that matter the most. A key question is regarding which of these methods
provides more appropriate and accurate insights with respect to the ranks of inputs. An approach
based on the conditional analysis of the model is used for verification of the ANOVA results.*?
The verification is done for the ANOV A results based on the co-mingled analysis of variability

and uncertainty.
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Conditional complementary cumulative distribution functions (CCDF) of the output are
used to verify the ANOVA results. In order to use CCDFs, a subset of important factors (i.e.,
factorsin the first three importance groups) was selected. The validity of rankings was studied by
holding the selected factors at their mean values and performing N realizations. If by holding one
or more factors at their mean values there is a decrease in the spread of CCDF graph, then it can
be concluded that selected factors are in fact important. One would expect a systematic decrease
in the spread of the CCDF graph when more important factors are conditioned at their mean
values.

Figure 8 presents the conditional CCDF graphs for two cases. (@) based on conditioning
the top six important factors using ANOV A results; (b) based on conditioning the top six
important inputs using Pearson correlation analysis results. In each case, “0 fixed” represents the
situation in which all inputs are varied based on their probability distributions, while * 6 fixed”
represents the situation in which all inputs except those with ranks 1 to 6 are varied based on
their probability distributions. For the latter case, the first six inputs are conditioned at their mean
values. Similar cases are shown when the number of “fixed” inputs varies from 1 to 5. Figure
8(a) shows a systematic decrease in the spread of the CCDF when each additional important
factor isheld at its mean value. This observation indicates that ANOVA identified the top six
important factors correctly in the co-mingled analysis of variability and uncertainty. In contrast,
Figure 8(b) shows that conditioning on mean values of GT3 and LP3 does not substantially
decrease the spread of the CCDF graph. The spreads of CCDFs when conditioning GT3 and LP3
to their mean values are approximately 0.78 and 0.76 logs compared to 0.81 logs for
conditioning Time3. Although Templ and Timel are ranked as 5 and 6 based on Pearson

correlation analysis, respectively, contribution of these inputs to the change in the spread of
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CCDF is substantially larger than that of GT3 and LP3. The spreads of CCDF when conditioning
Templ and Timel following the top four inputs at their mean values are approximately 0.58 and
0.22 logs, respectively. Comparison of the conditional CCDFs in Figures 8(a) and 8(b) for the“1
fixed” casesindicates that the most important input selected by ANOVA (Time3) has more
influence on the change in the spread of CCDF than the one sel ected based on Pearson
correlation analysis (Temp3).

Similar assessment is done but not shown here based on Spearman correlation analysis
results. Conditioning the inputs at their mean values following the order they are ranked using
Spearman correlation analysis also did not show systematic decrease in the spread of CCDFs.
Thus, ANOVA provided more appropriate and accurate insights with respect to the ranks of

inputs.

6.0 Discussion and Conclusions

This paper has demonstrated the capabilities of ANOVA as a sensitivity analysis method
for application to MFSPR models. ANOV A showed as a promising sensitivity analysis method
considering its abilities to address typical characteristics of MFSPR models such as thresholds
and saturation points, non-linearity, and interactions. Key methodological questionsraised in the
introduction are addressed in the following.

The importance of an input can vary from substantially high to low due to uncertainty in
inputs in atwo-dimensional probabilistic framework. Some inputs were consistently ranked high,
whereas others were consistently ranked low. The information about range of ranks and
associated probabilitiesis useful to adecision maker. By quantifying uncertainty in the rank of
each input, groups of model inputs with similar importance are identified. For the four groups of

model inputs identified, inputs have a clear difference with respect to sensitivity in each group
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compared to those in other groups. Although there is a wide range of uncertainty associated with
the rank of each input based on ANOVA, the importance group associated with each of the
inputs is substantially robust to uncertainty. For example, Templ has awide range of uncertainty
in ranks between 1 and 8. However, adecision maker can confidently conclude that thisinput is
of secondary importance as Templ was selected in Group 2 in 85 percent of uncertainty
realizations.

A comparison of one-dimensiona and two-dimensional results implied that the top
ranked input was the same for each of the probabilistic simulation approaches. Furthermore,
these two approaches identified approximately the same groups of inputs with comparable
importance. Thus, it may be possible to develop arobust insight regarding key inputs using a
simplified one-dimensional probabilistic simulation approach if resources do not permit atwo
dimensional approach. Alternatively, as a part of model development, sensitivity analysis can
initially be performed in a one-dimensional analysisto identify priorities for data collection due
to the computationally intensiveness of a two-dimensional sensitivity analysis. However,
although the results obtained in the specific case studies in this paper may be indicative, they are
not definitive. Thus, where resources permit, atwo-dimensional sensitivity analysisis generally
preferred unless a one-dimensional analysisis appropriately justified.

Significant differences between F values indicate that ranks associated with the
corresponding factors are clearly discriminated. In contrast, there is comparable sensitivity to
factorsthat have similar F values. Uncertainty in point estimates of F values from one-
dimensional simulations should be considered when making judgment regarding sensitivity with
comparisons of the F values of two or more factors. Bootstrap simulation was demonstrated as an

approach for quantifying uncertainty in F values based upon re-sampling from a one-dimensional
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simulation. For the case scenarios presented in this paper and selected sample size, the range of
uncertainty in statistically significant F values that were substantially large was found to be
approximately plus or minus 60 percent or less. Thisimplies that differencesin F values of 60
percent or more were associated with clear differencesin rank order between factors.

Insights from Pearson and Spearman correlation analyses typically differed from those of
ANOVA. Verification of the relative importance of sensitive inputs obtained based upon
ANOVA and Pearson correlation was done by comparison of model results when sensitive
inputs are set to their mean values in a progression. The rankings based on ANOV A were found
to be more reasonabl e than those based on correlation analysis. Pearson and Spearman
correlation analysis methods are typically built-in features of commonly used software tools such
as @Risk™ and Crystal Ball™ and are referred to here as “ push-button” methods because of
their ease of implementation. Under pressure of deadlines and faced with constraints of an
existing model, an analyst may prefer to use these methods rather than attempt to implement
more refined techniques such as ANOV A. However, akey question is whether such methods are
adequate for the intended case study. If an analyst chooses to proceed with a push-button method
whose theoretical basis differs from the key characteristic of the model to which it is applied,
then the accuracy and robustness of the results cannot be assured. In the long-run, it will be
helpful to the food safety risk community if add-ins can be developed, either as shareware or
commercialy, that incorporate sensitivity analysis methods such as ANOVA that are more
compatible with the characteristics of MFSPR models.

Insights from sensitivity analysis implied the importance of the inputs related to Stage 3
(i.e., home) with respect to their influence on the growth of E. coli O157:H7 organisms.

Identifying practically controllable inputs such as storage time and storage temperature based on
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the analysis results suggests the possible risk management strategies. However, applying direct
control on the consumer side cannot be deemed as an effective risk management approach
because of the possible lack of compliance. Increasing a consumer’ s knowledge and awareness
regarding risk free ground beef handling and storage practices via consumer advisory programs
can effectively decrease the risk of exposureto E. coli organisms. Ground beef is highly
perishable and must be handled and stored properly to avoid spoilage. Insights from sensitivity
analysis indicate that even in arefrigeration temperature around 7°C, ground beef servings can
reach the saturation point in growth within few days. Thus, if ground beef servings are not going
to be consumed within few days, they should be frozen as growth does not happen at freezing
temperature. Defrosting ground beef servings should be done in the refrigerator the day before
cooking rather than at room temperature as insights from sensitivity analysis showed significant
interaction between storage temperature and storage time. High values of growth are possible
within a short amount of time at high temperature. Sensitivity analysis results showed that
growth reaches the saturation point in only a day when ground beef servings are held at room
temperature (21.5-25°C). This could even happen in afraction of aday in higher temperatures.
Although the presented case studies focused on identification of key sources of variability
followed by quantification of uncertainty in the analysis results, a probabilistic scenario can be
arranged in order to identify key contributors to uncertainty in the model output conditional on
different values for quantities that are subject to variability. Results of such an analysiswill
provide insight regarding how key sources of uncertainty for exposure or risk may change for
different combinations of values for variable inputs. For example, the key sources of uncertainty
may be different in 90" percentile of the output variability distribution compared to those for 50"

percentile. If the ranking of the key sources of uncertainty substantially changes for different
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variability percentiles, decision-makers could focus on the key sources of uncertainty for the
percentiles of most interest. For example, key sources of uncertainty can be identified for the
upper 5 percent of the population exposed to the risk. Knowledge of key sources of uncertainty
for the most exposed or at risk portion of the population can be used to prioritize additional data
collection or research that could reduce uncertainty. The assessment can be revised based upon
new information, and a decision could be made at alater time based upon the reduced

uncertainties.
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Table 1. Input Variables and Corresponding Mean Va ues, 95% Probability Ranges, and
Distribution Types in the Growth Estimation Part of the E. coli Model (FSIS, 2001)

Mean 95% Distribution Type
Factor value P,Eg?%% Y | Variaility | Uncertainty @ | UMt
Storage Temperature, Retail | g7 |77 137 EDF® Beta °c
(Templ)
Storage Temperature, ) o
Transportation (Temp?) 9.4 (7.7, 15.5) EDF Beta C
Storage Temperature, Home | g (7.7, 19) EDF® Beta °C
(Temp3)
Storage Time, Retail (Timel) | 23.4 (0.5, 92.6) Exponential Uniform hr
Storage Time, Transportation )
(Time2) 1.0 (0, 2.0 EDF Beta hr
Storage Time, Home (Time3) | 25.2 (0.6, 99.0) Exponential Uniform hr
Maximum Density (MD) 7.5 (5.4, 9.6) Triangle® Uniform log
Lag Period, Retail (LP1) 735 | (19.6,136.1) | Exponentia Normal hr
Lag Pe”"d(’LTF[Za)nSpO”a“O” 649 | (125,1315) | Exponentia Normal hr
Lag Period, Home (LP3) 72.0 (8.2, 137.9) Exponential Normal hr
Ge”era“‘zg'lr;e’ Retall 99 | (28159) | Exponentia Normal hr
Generation Time, ,
Transportation (GT2) 8.7 (1.9, 15.5) Exponentia Normal hr
Ge”era“‘zgg;e’ Home | 98 | (13,160) | Exponentia Normal hr

(1) Vaues are based on the co-mingled analysis of variability and uncertainty

(2) Uncertainty distributions are defined for parameters of variability distributions
(3) Empirical distribution function based on FSIS data. Beta distribution is used to define the corresponding
cumulative frequency at each temperature.
(4) Uncertainty is defined for the most likely value of the triangular distribution.
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Table 2. Levels Defined for Factors in the Growth Estimation Part of the E. coli Model

Factor @ Number of Levelsand
levels Corresponding Per centiles )
Templ 5 7.5-11, 11-14.5, 14.5-18, 18-21.5,>21.5 %
Temp?2 3 7.5-135, 13.5-19.5, >19.5®
Temp3 5 7.5-11, 11-14.5, 14.5-18, 18-21.5,>21.5
Timel 12 0-24, 24-48, ..., 264-288, >288 ©
Time2 2 0-35,>35
Time3 12 0-24, 24-48, ..., 264-288, >288 ©
{<6.5,6.5-8.5, >8.5}
MD 3 {20™, 80" Percentiles
{<50, 50-65, 65-95, >95}
LPl 4 {20™, 50", 80" Percentiles
{<35, 35-55, 55-90, >90}
LP2 4 {20™, 50", 80" Percentiles
{ <45, 45-65, 65-95, >95}
LP3 4 {20™, 50", 80" Percentiles
{<7,7-95,95-12.5, >12.5}
GT1 4 {20 50" 80™ Percentiles
{<45,458,812,>12}
GT2 4 {20" 50" 80™ Percentiles
{<6.5, 6.5-9.5, 9.5-13, >13}
GT3 4 {20" 50" 80" Percentiles

(1) The abbreviations used for factors in this table are the same as those defined in Table 1.

(2) Therangesthat define each factor level and the percentiles of the CDF corresponding to the break
point between factor levels are given.

(3) For thisfactor equal intervals are used as levels.
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Table 3. Summary of the ANOV A Results for Two-Dimensional Variability Simulation for
Different Uncertainty Realizations

1 Mean min, max 2 Mean | Range of
Factor F Value RarEge of F vaalu&e Frequency Rank @ Ra%lk
Templ 103 (2.0, 1233) 98 3.1 1-8
Temp2 1.0 (0.0, 15) 10 11.2 5-13
Temp3 119 (16.9, 689) 100 2.7 1-4
Timel 99 (6.8, 495) 100 2.8 1-4
Time2 0.3 (0.1, 2.7) 0 12.3 10-13
Time3 188 (32, 1449) 100 15 1-4
MD 1.1 (0.1, 5.9) 6 11.7 5-13
LP1 4.8 (0.6, 18) 77 6.2 4-11
LP2 1.1 (0.1, 7.4) 6 11.8 5-12
LP3 4.6 (0.3, 14) 87 6.0 4-12
GT1 2.0 (0.1, 47) 14 11.0 5-13
GT2 1.0 (0.1, 4.4) 10 115 5-13
GT3 1.4 (0.1,9.4) 11 11.1 5-13
TimelxTempl 66 (10.5, 340) 100
Time2xTemp2 0.7 (0.1, 4.5) 2
Time3xTemp3 123 (46, 840) 100

(1) The abbreviations used for factors in this table are the same as those defined in Table 1.

(2) The percentage of the uncertainty realizations for which the F values were statistically significant.

(3) Arithmetic average of 100 ranks for each input.
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Table4. Summary of Sample (Pearson) and Rank (Spearman) Correlation Analyses Results for
Two-Dimensional Variability Simulation for Different Uncertainty Realizations

Sample (Pearson) Correlation Rank (Spearman) Correlation
Inputs @ Analysis Analysis
Frequency @ Mean Range Frequency @ Mean Range
Rank | of Rank Rank of Rank
Templ 93 4.4 1-12 97 6.9 3-12
Temp?2 2 11.0 8-13 7 11.1 9-13
Temp3 100 1.8 1-6 100 5.1 3-8
Timel 91 4.4 1-10 100 1.7 1-5
Time2 2 10.7 7-13 6 10.9 7-13
Time3 100 3.8 1-8 100 2.0 1-6
MD 3 10.8 9-13 1 10.9 9-13
LP1 81 7.0 3-13 99 4.8 2-8
LP2 5 10.5 6-13 8 10.8 7-13
LP3 99 4.9 2-111 100 3.3 2-8
GT1 80 6.8 2-13 94 7.3 4-12
GT2 1 11.3 9-13 4 11.2 10-13
GT3 99 3.7 2-9 100 5.2 3-8

(1) The abbreviations used for factorsin thistable are the same as those defined in Table 1.

(2) The percentage of the uncertainty realizations for which the F values were statistically significant.
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Table5. Summary of the ANOVA Resultsfor Co-Mingled Analysis of Variability and

Uncertainty (R? = 0.82)

Equal Group Equal
Factor F Rank | . 8w | j,op | Group Rank Rank_
Value in 2[()2)(%) &) in 2|(33)(%) scA® | Rca ®
Templ 1,130 2 17 2 85 5 7
Temp2 0.1 13 7 4 91 13 12
Temp3 1,035 3 25 2 97 1 4
Timel 550 4 31 2 86 6 1
Time2 0.3 12 7 4 100 12 13
Time3 5,350 1 72 1 72 2 2
MD 34 9 11 4 92 9 13
LP1 261 5 38 3 66 7 6
LP2 0.7 11 10 4 95 10 11
LP3 200 6 32 3 73 4 3
GT1 52 7 16 4 84 8 8
GT2 1.0 10 17 4 85 11 10
GT3 45 8 12 4 92 3 5
Templ x Timel | 1,190
Temp2x Time2 | 0.04
Temp3 x Time3 | 2,270

(1) The abbreviations used for factorsin this table are the same as those defined in Table 1.
(2) Percent of timesthat rank in 2D analysis equals the rank based on co-mingled analysis.

3

(4)
Q)

Group 1: most important input (i.e., rank 1); Group 2: secondary importance inputs (i.e., ranks between 2 and
4); Group 3: minor importance inputs (i.e., ranks between 5 and 6); Group 4: unimportant inputs (i.e., ranks

between 7 and 13).

Rank based on sample (Pearson) correlation analysis.
Rank based on rank (Spearman) correlation analysis.
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Table6. Summary of the ANOVA Results for 200 Bootstrap Simulations for F value Statistics

M ean 95% ® | Mean Range
Factor Probability | SD/Mean @ | Freauency of
F Value (%) Rank
Range Rank
Templ 1445 (873, 2040) 0.21 100 2.9 2-4
Temp2 2.7 (0.3,7.8) 0.83 33 109 | 10-13
Temp3 1130 (650, 1670) 0.32 100 3.7 2-4
Timel 1550 (1275, 1820) 0.10 100 25 2-4
Time2 0.7 (0.0, 3.6) 1.75 2 125 | 10-13
Time3 6060 | (5250, 6860) 0.05 100 1.0 19
MD 29 (14, 45) 0.41 100 8.9 8-9
LP1 273 (236, 315) 0.07 100 5.8 5-6
LP2 1.7 (0.3,4.3) 0.68 22 114 | 10-13
LP3 325 (295, 379) 0.07 100 5.0 5-6
GT1 75 (52, 97) 0.26 100 7.0 7-8
GT2 19 (0.3,5.3) 0.70 25 11.3 | 10-13
GT3 43 (27, 55) 0.29 100 8.1 7-9
Templ x Timel 1920 (1660, 2150) 0.07 100
Temp2 x Time2 0.7 (0.3, 3.5) 1.85 2
Temp3 x Time3 3605 (3270, 4060) 0.06 100

(1) The abbreviations used for factors in this table are the same as those defined in Table 1.

(2) Theratio of standard deviation (SD) to mean F values for each factor (also referred to as coefficient of

variation).

(3) The percentage of the bootstrap simulations for which the F values were statistically significant
Time3 consistently had rank 1 in bootstrap simulations.
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Table7. Evauation of ANOVA Contrasts for the Growth Estimation Regarding the Interactions
Between Storage Temperature and Storage Time at Stage 3

Contrast Estimate® | Fvalue | Pr>F | Significant®®
T [7.5-11°C], Time 1% and 2™ days 0.005 112 | <0.0001 Yes
T [7.5-11°C], Time 2™ and 3“ days 0.026 1280 | <0.0001 Yes
T [7.5-11°C], Time 3" and 4" days 0.049 1720 | <0.0001 Yes
T [7.5-11°C], Time 4™ and 5" days 0.069 1280 <0.0001 Yes
T [7.5-11°C], Time 5™ and 6" days 0.074 610 <0.0001 Yes
T [7.5-11°C], Time 6™ and 7" days 0.103 455 <0.0001 Yes
T [7.5-11°C], Time 7" and 8" days 0.042 30.8 <0.0001 Yes
T [7.5-11°C], Time 8" and 9" days 0.031 6.8 0.008 Yes
T [7.5-11°C], Time 9" and 10" days 0.108 38.8 <0.0001 Yes
T[7511°C], Time10" and 11" days |  ---—--- 0.16 0.8 No
T [11-14.5°C], Time 1% and 2™ days 0.116 4060 <0.0001 Yes
T [11-14.5°C], Time 2™ and 3" days 0.211 5290 | <0.0001 Yes
T [11-14.5°C], Time 3 and 4™ days 0.218 2170 | <0.0001 Yes
T [11-14.5°C], Time 4™ and 5" days 0.119 240 <0.0001 Yes
T [11-14.5°C], Time 5" and 6™ days 0.087 48.4 <0.0001 Yes
T[11-145°C], Time6"and 7" days | ------ 0.9 0.6 No
T [18-21.5°C], Time 1% and 2™ days 0.55 2630 | <0.0001 Yes
T[18-215°C], Time2¥and 3%days |  ----- 0.1 0.4 No
T [21.5-25°C], Time 1% and 2™ days 0.503 6270 | <0.0001 Yes
T[215-25°C], Time2¥and 3%days |  ----- 2.4 0.09 No

(1) The Estimate column represents the estimate of the difference in the growth of the E. coli organismsin two
consecutive days.
(2) Contrasts with P values less than 0.05 are statistically significant.
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Figure 1. Schematic Diagram of the Farm-to-Table Risk Assessment Model for E. coli O157:H7
in Ground Beef. Source: FSIS, 2001.

139



Datset Tom ket)

SEHSItI\f‘.It‘y’ Ranking
Analysis Set 1
Datset Zom, k+1)
Sensitivity Ranking
Analysis =
Summary of
Sensitivity
. Analysis Results
Datset 0oy 4t
Sensitivity Ranking
Analysis Set n

Each dataset has kcolumns for inputs and one column for the output values
f o Number of uncertainty realizations

e Nurnber of variability samples

E+T o Mumber of model inputs (k) plus one output

free, E+T) - Mumber of rows and columns in each dataset
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PART VI

EVALUATION OF SAMPLING-BASED METHODSFOR SENSITIVITY ANALYSIS:
CASE STUDY FOR THE E. COLI FOOD SAFETY PROCESSRISK MODEL

In preparation to be submitted to:

Human and Ecological Risk Assessment
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Abstract

Sensitivity analysis methods can help in identifying key sources of variability and
uncertainty that could be priorities for additional data collection or research. Because microbial
food safety process risk (MFSPR) models are typically nonlinear, with interactions and threshold
effects, akey objective of thiswork was to evaluate and compare sel ected sampling-based
sensitivity analysis methods based upon application to an example model. Pearson correlation
analysis, Spearman correlation analysis, sample standardized regression analysis, rank regression
analysis, sample stepwise regression anaysis, and rank stepwise regression analysis were applied
to an E. coli O157:H7 microbial food safety process risk model with afocus on the slaughter
module. Selected methods were applied to a probabilistic simulation that distinguished
variability and uncertainty in inputsin order to identify key sources of variability with
guantification of uncertainty in those estimates. Selected methods typically identified the same
inputs as the most important one and those with no importance. However, there were differences
in the rankings of inputs with secondary and minor importance. Pearson and Spearman
correlation analyses, which do not account for interactions between inputs, typically produced
comparable results to each other but often differed from the four regression-based methods.
Selected methods are evaluated based on the characteristics of an ideal sensitivity analysis
method for application to MFSPR models.
Key Words: Sampling-Based Sensitivity Analysis Methods, Microbial Food Safety Process

Risk Models, Variability, Uncertainty
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1.0  Introduction

Sensitivity analysis is becoming increasingly recognized as an integral part of model
development and atool for helping to answer key policy questions (McCarthy et al., 1995;
Helton, 1997). Sensitivity analysis can be used for: quantifying the impact of changesin input
values on model output (Cullen and Frey, 1999); evaluating how the variation in the output of a
model can be apportioned, qualitatively or quantitatively, among model inputs (Saltelli et al.,
2002); and identifying factors contributing to particular outcomes (i.e., worst or best) of interest
(Mishraet a., 2003). Sensitivity analysis can provide insights regarding the key sources of
variability and uncertainty among model inputs, and hence, prioritize additional data collection
and research (Cullen and Frey, 1999).

Microbial food safety process risk (MFSPR) models are examples in which the process of
identifying key controllable inputs and key sources of variability and uncertainty is challenged
by typical characteristics of those models such as non-linearity, thresholds, interactions, and use
of both continuous and categorical inputs (Frey, 2002). Thus, there is a need to evaluate and
recommend methods for sensitivity analysis that can reliably be used with such models. Patil and
Frey (2003) evaluated multiple sensitivity analysis methods based upon applications to a draft
Vibrio parahaemolyticus risk assessment model developed by the Food and Drug Administration
(FDA) (CFSAN, 2001). This paper evaluates in more detail a smaller number of sensitivity
analysis methods using a different risk assessment model as atestbed, and differs from earlier
work in accounting for two-dimensional simulation of variability and uncertainty.

This paper evaluates the capability of several selected sensitivity analysis methods to
address characteristics associated with MFSPR models. The questions that this paper addresses

are:
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What are the advantages and disadvantages of the selected methods?

How does uncertainty in model inputs affect ranks of key sources of variability?
What are the key similarities and differences of results based on the selected
sensitivity analysis methods?

What are the implications of sensitivity analysis for refinement of the analysis and for

risk management?

20  Methodology

The methodology for systematic evaluation of selected sensitivity analysis methods
consists of choice of an example MFSPR model to use as atestbed, defining case scenarios,
specification of the types of simulations to apply using the model, choice of sensitivity analysis

methods, application of the methods, and comparison of results.

21 Choice of a MFSPR Model

MFSPR models have been widely used in the field of microbial food safety to provide
insight with respect to risk management strategies (Rose and Sobsey, 1993; Jaykus, 1996).
Examples include Salmonella in eggs (SERAT, 1998), E. coli O157:H7 in ground beef (FSIS,
2001), Vibrio parahaemolyticsin raw Molluscan Shellfish (CFSAN, 2001), and Listeria
monocytogenes in ready-to-eat (RTE) foods (CFSAN, 2003).

The E. coli O157:H7 food safety process risk model in ground beef is selected as a
testbed. E. coli O157:H7 represents an important public policy issue. Ground beef servings
contaminated with E. coli O157:H7 organisms are estimated to be responsible for some 73,500
cases of infection, 2,150 hospitalizations, and 61 deaths in the United States each year (Mead €l
a., 1999). The E. coli model has atwo-dimensional probabilistic framework and typical

characteristics of MFSPR models.
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2.2  Déefinition of Case Scenariosfor Example Case Studies

The E. coli model isimplemented in Microsoft Excel and uses @Risk (software add-in)
for defining probability distributions for inputs. The E. coli model has a modular framework.
Each key activity or process such as production, slaughter, and preparation is modeled in a
separate module (FSIS, 2001). Each module may have inputs that are calculated based upon a
predecessor module and its outputs may be fed to a successor module. Typically, the output of a
module is binned into predefined intervals prior to transferring to a successor module. This
modeling characteristic leads to a loss of one-to-one correspondence between outputs of one
module and the inputs of its predecessors. However, creating one-to-one correspondence in this
case would require substantial restructuring and recoding of the model. Therefore, for the case
studies, selected sensitivity analysis methods are applied to the individual modules.

The slaughter module is selected as a testbed for evaluation of selected sensitivity
analysis methods. This module has a two-dimensional probabilistic simulation framework. The
slaughter modul e estimates the occurrence and extent of E. coli contamination aslive cattle
transition to carcasses, meat trim, and aggregates of meat trims in 2000-pound combo bins
destined for commercia ground beef production. The slaughter module includes seven steps: (1)
arrival of live cattle at the slaughter plant; (2) dehiding; (3) decontamination following dehiding;
(4) evisceration; (5) final washing; (6) chilling; and (7) carcass fabrication (FSIS, 2001). The
output of interest in the slaughter module is the contamination in combo bins.

Table 1 summarizes 12 inputs including their mean values and 95 percent probability
ranges. These values are estimated based on the sampled values from probability distributions of
these inputs in a Monte Carlo simulation that co-mingles variability and uncertainty. Co-
mingling variability and uncertainty in a single dimension provides the widest range of variation

for each input (Frey et al., 2004). Among the inputs, chilling effect (CHe:), washing effect (W),
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and trim/vacuum/washing efficiency (TVW) represent potentially controllable sources of
variability. Table 1 also gives the type of variability and uncertainty distributions for each input
(FSIS, 2001). Uncertainty isincorporated in the parameters of the variability distributions. For
example, number of combo bin that each carcass contributes has a triangular distribution
representing variability in the input. The most likely value of the variability distribution is

uncertain and quantified using a uniform distribution.

2.3  Probabilistic Analysis

Alternative approaches can be used to distinguish between variability and uncertainty in
inputs and their contribution to the output variation (Frey and Rhodes, 1996; Cullen and Frey,
1999; Frey et a., 2004). The choice of an appropriate approach should be made taking into
account the assessment objectives, the data quality objectives, the availability of data, and the
importance of the assessment.

Variability analysis for different uncertainty realizationsis selected as the probabilistic
approach in the slaughter module. Asillustrated in Figure 1, the focus of sensitivity analysisisto
identify the key variability inputs for each realization of uncertainty (Frey and Rhodes, 1996;
Helton, 1997). A redlization refers to one model simulation based upon one randomly sampled
value for each probabilistic input. In this situation, sensitivity analysis provides insight regarding
the robustness of identified key sources of variability with respect to uncertainty. Sensitivity
analysisis applied separately to each uncertainty realization. For this probabilistic scenario,
values of 100 and 650 were selected for the number of uncertainty realizations and variability
iterations, respectively, based upon the storage limit in each Excel sheet. Thus, there are 100

alternative sensitivity rankings of key sources of variability. Differences in rankings among 100
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uncertainty realizations indicate uncertainty regarding the identification of key sources of
variability.
24  Selected Sensitivity Analysis M ethods

With respect to MFSPR models, preferred sensitivity analysis capabilities include ability
to: consider simultaneous variation in inputs; address specific model characteristics such as non-
linearity, interactions, and thresholds; handle alternative input types (e.g., continuous and
categorical); discriminate among sensitive inputs; and provide quantitative measure of sensitivity
(Frey, 2002).

Frey et al. (2004) presented a comparison of the capabilities of many sensitivity analysis
methods with regard to these characteristics. Although many approaches to sensitivity analysis
exist, sampling-based methods are potentially suitable because of: conceptua simplicity and
ease of implementation; availability of variety of sensitivity analysis procedures; and
effectiveness as amodel verification procedure (Helton and Davis, 2002). Sampling-based
methods have been widely used for sensitivity analysis in different scientific disciplines (Whiting
et a., 1993; Gwo et al., 1996; Kolev and Hofer, 1996; Hofer, 1999). Such methods involve
generation and exploration of a mapping from model inputs domain to the model simulation
results.

Among various available sampling-based methods, sample (Pearson) correlation analysis
(PCA), rank (Spearman) correlation analysis (SCA), sample standardized regression analysis
(SRA), rank regression analysis (RRA), sample stepwise regression analysis (SSRA), and rank
stepwise regression analysis (RSRA) are selected for evaluation with respect to their behavior

and effectiveness when applied to aMFSPR model. Each of these methodsis briefly described.
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24.1 Correlation Analysis

Correlation analysis can be performed based on the sampled values of inputs (PCA) or
rank transformed values of inputs (SCA). PCA evaluates the strength of linear association
between paired input and output values, while SCA is a measure of the strength of the monotonic
relationship between two variables and can account for monotonic nonlinear rel ationships
(Gibbons 1985, Siegel and Castellan 1988, and Kendall 1990). Both Pearson and Spearman
correlation coefficients can range from -1 to +1. A value of zero represents a lack of correlation
(Edwards, 1976). Correlation analysis measures the effect of oneinput (i.e., X;) at atime on the
response variable (Y) (Helton and Davis, 2002).

Inputs can be ranked based on the absolute values of correlation coefficients. Pearson
coefficients are inaccurate for nonlinear models, and Spearman coefficients are inaccurate for
non-monotonic models. Neither Pearson nor Spearman coefficients can capture complex

dependencies such as thresholds or directly deal with interactions among inputs.

24.2 Regression Analysis

There are many variations of regression analysis (Iman et al., 1985; Neter et a., 1996;
Sen and Srivastava, 1990). Regression analysis can be used to assess the combined effects of
multiple inputs on an output (Neter et al., 1996). This study focused on evaluation of
standardized |least squares regression since thisis a commonly used method. A regression model

is defined as:

§=b,+Q bT, )

i=1
where by, by,..., b, are regression coefficients. The term T; can be an input term (X)), an
interaction term (X; x X;), or any higher order term. Typically, the data for each input and output

are standardized to remove the effects of scale (Neter et. al., 1996).
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Similar to correlation analysis, regression analysis can be performed based on the
sampled values of inputs (SRA) or rank transformed values of inputs (RRA). SRA involves
fitting aregression model to a dataset that includes input values and corresponding output val ues,
while RRA is based upon ranks for the values of inputs and the output. RRA is especially useful
when there is high amount of variance or noise in the data or if the model is non-linear but
monotonic (Saltelli, 2000).

For alinear regression model, a standardized regression coefficient provides a measure of
importance for each input (Devore and Peck, 1996; Neter et al., 1996). Similarly, rank regression
coefficients, which are independent of scale, can be used to rank the inputs. However, rank
regression coefficients cannot be transformed back to obtain sensitivitiesin terms of the original
values of an input (Saltelli, et al., 2000).

An alternative but related definition of importance is based on the partitioning of the total
sum of squares (TSS) of the output to each of the regression terms to estimate the relative partial
sum of squares (RPSS) (Gardner and Trabalka, 1985; Rose et al., 1991). This approach is used as
ameasure of importance when interaction terms are considered in the regression model. The

RPSSfor term T, is calculated as:

RPSS, =100" (RS- RS+) @)
! TSS
where,
RSS = Regression sum of squares for the full model
RSSy = Regression sum of squares for the model with term T; missing
TSS = Total sum of squares

The adequacy of the regression model can be assessed using the coefficient of multiple

determination, R?, which is a measure of the amount of variance in the output explained by a
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regression model (Draper and Smith, 1981). In rank regression analysis, ahigh R? value

indicates a monotonic relationship.

24.3 Stepwise Regression Analysis

When there are many inputs to consider, regression models such as Equation (2) that
contain all inputstypically are unwieldy and unnecessary. Stepwise regression analysisisa
search procedure that sequentially identifies the subset of inputs that should be included in the
regression model (Neter et a., 1996). Inputs are added one at atime until no additional
significant input can be identified (Helton and Davis, 2000).

The importance of inputs is determined by the order in which they enter the regression
model, the size of the regression coefficient for each input, and the incremental changein the
coefficient of determination, known as partial R* values (Helton and Davis, 2002). When the
inputs are uncorrelated, the partial R? value is the fraction of the total uncertainty in the output

that can be accounted for by the input being added at a given step (Saltelli et al., 2000).

3.0 Comparison of Sampling-Based Sensitivity Analysis Methods

This section presents results from comparison of selected sampling-based sensitivity
analysis methods. Methods are compared based on the similarity of the results for the key
sources of variability and associated ranges of uncertainty. The macro featurein SAS°® was
implemented for automation of the application of these methods to the two-dimensional
simulation of variability and uncertainty and summarization of the results.

Later in a section for discussion and conclusions, methods are evaluated based on their
capabilities in addressing characteristics such as considering simultaneous variation in inputs,

considering combined effect of inputs, addressing interactions, applicability in atwo-
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dimensional framework, ease of implementation, providing measure of statistical significance,

and discriminating the important inputs.

3.1 Correlation Analysis

Table 2 summarizes the percentage of the uncertainty realizations that produced a
statistically significant correlation coefficient, mean ranks, and range of ranks based on PCA and
SCA in 100 uncertainty realizations. Table 2 identifies one of four importance groups with which
each input is associated: (1) Group 1: the most important input; (2) Group 2: inputs with
secondary importance with ranks between 2 and 5; (3) Group 3: inputs with minor importance
with ranks between 6 and 8; and (4) Group 4: inputs that are unimportant with ranks between 9
and 12. Inputs within each group have a clear difference with respect to sensitivity to thosein
other groups. Mean Pearson correlation coefficients are 0.69, 0.31, 0.13, and 0.03 for Groups 1
to 4, respectively, with atypically £10 percent uncertainty range, while mean Spearman
correlation coefficients are 0.90, 0.77, 0.54, and 0.14 for Groups 1 to 4, respectively, with a
typically £3 percent uncertainty range. The dominant importance group for each input is
identified and the corresponding frequency is given.

Based on PCA resullts, there istypically substantial range of uncertainty in the rank of
each input. The importance of an input can vary from substantially high to low (i.e.,
unimportant) due to uncertainty. However, the dominant importance group associated with each
input istypically robust to uncertainty. For example, CHg+ has arange of ranks between 1 and
12. However, CHg; is dominantly selected in Group 1 in 68 percent of uncertainty realizations
and thereisonly a7 percent probability that CHgs is assigned to Group 3 or 4. In contrast, there
is ambiguity with respect to the importance of Wes. Three probabilities associated with

identification of Wt in Groups 2 to 4 range from 29 to 37 percent. Thus, the actual importance
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of Wy may vary between Groups 2, 3, and 4. Figure 2(a) shows the probabilities associated with
selection of the inputsin each of the importance groups.

SCA typically provides similar results to those from PCA with respect to identification of
groups of inputs with comparable importance. For example, SCA identifies CHg as the most
important input in 84 percent of uncertainty realizations with a mean rank of 1.4. However, SCA
provides more robust results with respect to uncertainty, because: (1) the probability that each
input isidentified as statistically significant in uncertainty realizations typically is higher; (2) the
ranges of uncertainty in ranks associated with inputs are narrower; and (3) the probability
associated with the dominant importance group for each input is substantially higher. For
example, SCA identifies a statistically significant correlation coefficient for TNCB in 94 percent
of uncertainty realizations, while this probability is only 30 percent for PCA. The CHg;: rank
varies between 1 and 4 in SCA compared to 1 and 12 in PCA. N is selected within Group 2
with a probability of 84 percent compared to a probability of 57 percent in PCA. The
probabilities associated with identification of other inputs in each of the four importance groups
are shown in Figure 2(b).

A hypothesisis tested to evaluate whether there is a statistically significant difference
between estimated mean ranks for each input based on PCA and SCA. Figure 3 shows a
summary of the results including mean ranks and the corresponding 95 percent confidence
intervals. If 95 percent confidence intervals overlap, corresponding mean ranks do not
significantly differ. Typically, PCA and SCA provide comparable results for inputs with high
importance. For example, the confidence intervals based on PCA and SCA overlap for CHet,
Norg, @nd TNC. Thus, results based on the two methods are comparable for these three inputs.

However, PCA and SCA typically do not provide comparable results for inputs that have mean
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ranks greater than 6. The confidence intervals for those inputs do not overlap indicating a
statistically significant difference for the mean ranks.

The main findings based on the comparison of PCA and SCA are asfollows: (1) both
methods normally provided similar results with respect to the identification of groups of inputs
with comparable importance; (2) the mean ranks for inputs selected in Groups 1 and 2 based on
the two methods are statistically comparable; and (3) SCA provided more robust insights with

respect to the key sources of variability.

3.2 Regression Analysis

Table 3 summarizes results based on SRA. Four interaction terms are considered in the
regression model including CHess X TVW, Norg X TVW, Norg X Wesr, @8N0 Neyise X Wess. Similar to
correlation analysis, four importance groups are defined. The most important regression term
based on SRA is CHes with amean rank of 3.9. Norg, TVW, and interaction terms including
CHet X TVW, Norgx TVW, and Norg X Weis are dominantly selected in Group2 with probabilities
between 43 and 61 percent. No regression term is dominantly selected in Group 3. Because
regression terms in Group 4 were typically identified to have no statistically significant effect in
most of the uncertainty realizations, the regression terms selected in Groups 1 and 2 account for
the most of the variability in the output that is captured by the regression model.

There is awide range of uncertainty associated with rank of each regression term causing
the importance of an input vary from substantially high to low (i.e., unimportant). The dominant
importance group for each regression term is typically robust to uncertainty. However, for some
regression terms there is ambiguity in their actual importance due to comparable probabilities
associated with each of the four importance groups. These probabilities are shown in Figure 4(a).

For example, the interaction between CHg; and TVW has arange of ranks between 1 and 16.
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However, thisinteraction is selected in Group 2 in 61 percent of uncertainty realizations and
thereisonly an 18 percent probability that CHess X TVW is assigned to Groups 3 and 4. In
contrast, there is ambiguity with respect to the importance of CSA as probabilities associated
with selection of CSA in Groups 2 to 4 range from 28 to 41. Due to the comparable probabilities,
the actual importance of CSA may vary between Groups 2, 3, and 4.

Similarity between SRA and RRA results is with respect to the identification of groups of
inputs with comparable importance. RRA results summarized in Table 4 indicate that CHgs: IS
identified as the most important input in 40 percent of uncertainty realizations with a mean rank
of 3.7. However, RRA provides different importance groups associated with TNC and CSA.
These two inputs were mostly selected in Group 2. RRA presents more robust insights with
respect to the key sources of variability. The dominant importance group associated with each
regression term istypically robust to uncertainty. Except for CHe; that has comparable
probabilities associated with Groups 1 and 2, other regression terms have clearly higher
probabilities associated with their dominant importance groups. The associated probabilities with
the importance groups are shown in Figure 4(b).For example, Py, is dominantly selected in
Group 4 with a probability of 86 percent. Thereisonly a 14 percent probability that Pyoh has a
higher importance.

A hypothesisis checked to evaluate whether estimated mean ranks for each regression
term based on the two methods are significantly different. Results from this analysis including
mean ranks and corresponding 95 percent confidence intervals for the regression terms are
shown in Figure 5. An overlap in confidence intervals indicates that the corresponding mean

ranks are statistically comparable. Typically, mean ranks estimated based on SRA and RRA for
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the regression terms are statistically comparable as the confidence intervals overlap. The only
exceptions are the mean ranks for TNC and CSA with no overlap in the confidence intervals.

Comparison of the R? values estimated based on SRA and RRA may provide insight
about the functional association between the model response and the inputs. For amodel that has
anon-linear but monotonic functional structure, the use of rank transformation can improve the
amount of variability in the output that is captured by the regression model. Figure 6 shows the
cumulative distribution functions (CDF) for the 100 R? values obtained in the two-dimensional
simulation based on SRA and RRA. The R® values for RRA varied between 0.72 and 0.89 with
an average of 0.78. The R? values for SRA vary between 0.18 and 0.80 with an average of 0.62.
Rank transformation of dataimproved the amount of variability in the output that is captured by
the regression model. Thus, the slaughter module has a non-linear but monotonic functional
form.

The main findings based on the comparison of SRA and RRA are: (1) both methods
normally provided similar results with respect to the identification of groups of inputs with
comparable importance; (2) the mean ranks for the regression terms are typically statistically
comparable; and (3) RRA provided more robust insights with respect to the key sources of

variability; and (4) the daughter module has a non-linear but monotonic functional form.

3.3  Stepwise Regression Analysis

The summary of results based on SSRA and RSRA isgiven in Table 5. The percentage of
uncertainty realizations that each term is selected in the regression model is quantified. Mean
partial R? and corresponding 95 percent probability range also are given. For each regression

term, the mean rank represents an arithmetic mean of ranks in 100 uncertainty realizations based
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on the order in which the term entered the regression model. Table 5 also provides the
importance group associated with each regression term.

SSRA selects CHeit as the most important input. Thisinput is selected in the regression
model in 97 percent of uncertainty realizations. In average, selection of CHg; in the regression
model is associated with approximately 20 percent of the output variability that is accounted for
by the regression model. CH; has a statistically significant interaction with TVW that accounts
for approximately 13 percent of the captured output variability. This interaction effect is selected
in al the uncertainty realizations. Typically, CHet, Norg, Nevise, @nd the four interaction terms
account for most of the output variability captured by the regression model. Other inputs
normally have minor contribution to this amount.

For each regression term, wide ranges of uncertainty associated with ranks are identified.
Each regression term may have substantially high to low importance. However, the dominant
importance group for each term has a probability that is typically clearly higher than those
associated with other importance groups. These probabilities are shown in Figure 7(a). For
example, the rank for TNCB varies between 5 and 15 in uncertainty realizations. However, there
isa 96 percent probability that TNCB is selected in Group 4, while thereis only a4 percent
probability that TNCB has a higher importance. There is uncertainty with respect to the
dominant importance group of Norg, West, and Norg x TVW. For example, three probabilities
associated with identification of Norg in Groups 2 to 4 range from 25 to 36 percent. Thus, the
actual importance of Nqrg may vary between Groups 2, 3, and 4.

RSRA similarly identified CHe as the most important input with a probability of 46
percent. CHg¢ accounts for 34 percent of the output variability in average and was selected in all

uncertainty realizations. CHg¢ has a statistically significant interaction with TVW that in average
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accounts for 31 percent of the output variability. Considering the mean partial R? values for
CHeft, Norg, CSA, TNCB, CHet X TVW, Norg X TVW, and Norg * WEfT, these regression terms
account for a substantial amount of the output variability that is captured by the regression
model.

There is uncertainty with respect to the importance groups for Norg, Wesr, CSA, CHeit X
TVW, and Nog x TVW based on RSRA. For these regression terms, there are comparable
probabilities associated with selection of the termsin each of the four importance groups. These
probabilities are shown in Figure 7(b). For example, Wy is selected in Groups 2 to 4 with
probabilities range between 31 and 37 percent. Thus, the actual importance of Wess may vary
Groups 2, 3, and 4.

Figure 8 shows the mean ranks and corresponding 95 percent confidence intervals for the
regression terms based on SSRA and RSRA. Similar to correlation and regression analyses, the
insight from this figure is used to evaluate the hypothesis testing whether the mean ranks for
each regression term is significantly different based on SSRA and RSRA. Typically, the mean
ranks based on the two methods are statistically comparable for the regression terms due to the
overlap in their confidence intervals.

The main findings based on the comparison of SSRA and RSRA are: (1) thereisnot a
complete agreement between results of SSRA and RSRA with respect to identification of groups
of inputs with comparable importance; (2) the mean ranks for the regression terms are typically
statistically comparable; and (3) afew regression terms account for substantial amount of the
output variability captured by the regression model The summary of results based on SSRA and
RSRA isgivenin Table 5. The percentage of uncertainty realizations that each term is selected in

the regression model is quantified. Mean partial R and corresponding 95 percent probability
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range also are given. For each regression term, the mean rank represents an arithmetic mean of
ranks in 100 uncertainty realizations based on the order in which the term entered the regression
model. Table 5 aso provides the importance group associated with each regression term.

SSRA selects CHe as the most important input. Thisinput is selected in the regression
model in 97 percent of uncertainty realizations. In average, selection of CHg; in the regression
model is associated with approximately 20 percent of the output variability that is accounted for
by the regression model. CH has a statistically significant interaction with TVW that accounts
for approximately 13 percent of the captured output variability. This interaction effect is selected
in al the uncertainty realizations. Typically, CHet, Norg, Nevise, @nd the four interaction terms
account for most of the output variability captured by the regression model. Other inputs
normally have minor contribution to this amount.

For each regression term, wide ranges of uncertainty associated with ranks are identified.
Each regression term may have substantially high to low importance. However, the dominant
importance group for each term has a probability that is typically clearly higher than those
associated with other importance groups. These probabilities are shown in Figure 7(a). For
example, the rank for TNCB varies between 5 and 15 in uncertainty realizations. However, there
isa 96 percent probability that TNCB is selected in Group 4, while thereis only a4 percent
probability that TNCB has a higher importance. There is uncertainty with respect to the
dominant importance group of Norg, West, and Norg x TVW. For example, three probabilities
associated with identification of Norg in Groups 2 to 4 range from 25 to 36 percent. Thus, the
actual importance of Nqg may vary between Groups 2, 3, and 4.

RSRA similarly identified CHg as the most important input with a probability of 46

percent. CHg¢ accounts for 34 percent of the output variability in average and was selected in all
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uncertainty realizations. CHg¢ has a statistically significant interaction with TVW that in average
accounts for 31 percent of the output variability. Considering the mean partial R? values for
CHeft, Norg, CSA, TNCB, CHet X TVW, Norg X TVW, and Norg * WEfT, these regression terms
account for a substantial amount of the output variability that is captured by the regression
model.

There is uncertainty with respect to the importance groups for Norg, Wesr, CSA, CHeit X
TVW, and Norg x TVW based on RSRA. For these regression terms, there are comparable
probabilities associated with selection of the termsin each of the four importance groups. These
probabilities are shown in Figure 7(b). For example, W is selected in Groups 2 to 4 with
probabilities range between 31 and 37 percent. Thus, the actual importance of W may vary
Groups 2, 3, and 4.

Figure 8 shows the mean ranks and corresponding 95 percent confidence intervals for the
regression terms based on SSRA and RSRA. Similar to correlation and regression analyses, the
insight from this figure is used to evaluate the hypothesis testing whether the mean ranks for
each regression term is significantly different based on SSRA and RSRA. Typically, the mean
ranks based on the two methods are statistically comparable for the regression terms due to the
overlap in their confidence intervals.

The main findings based on the comparison of SSRA and RSRA are: (1) thereisnot a
complete agreement between results of SSRA and RSRA with respect to identification of groups
of inputs with comparable importance; (2) the mean ranks for the regression terms are typically
statistically comparable; and (3) afew regression terms account for substantial amount of the

output variability captured by the regression model.
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34  Comparison of Resultsfrom Selected Sampling-Based Sensitivity Analysis Methods

Selected sampling-based methods typically provided similar results with respect to
identification of the input with highest importance and those with no importance. All methods
identified CHg; as the most important input. TNCB, Pyoth, Nboth, NPE, and Neisc Were identified
in the group of unimportant inputs by all methods. There is some ambiguity in relative
importance of inputs within secondary and minor importance groups. Selected sampling-based
methods typically provide different insights with respect to inputs in these two groups.

In general, PCA and SCA tend to have different results in comparison with the
regression-based methods. Figure 8 shows the mean ranks and the corresponding 95 percent
confidence interval for four inputsincluding CHest, Norg, TNC and TNI. These inputs are selected
as examples to demonstrate an agreement of regression-based methods with respect to providing
statistically comparable mean ranks for inputs and their typical difference to the two methods
based on correlation. Confidence intervals for the inputs based on the regression-based methods
typically overlap indicating a statistical agreement between the mean ranks. In contrast, mean
ranks based on PCA and SCA typically have statistically significant difference with the mean
ranks based on the regression-based methods with no overlap in the intervals. However, thereis

an agreement between the results based on PCA and SCA.

4.0 Discussion and Conclusions

Sampling-based methods are usually used for: identifying the variability and/or
uncertainty in the model outputs; and determining the important inputs that mostly affect that
variability and/or uncertainty. This paper demonstrated the latter using case studies with a
complex MFSPR model that has a two-dimensional probabilistic framework with afocus on

identifying key sources of variability and quantification of uncertainty in the results. Sampling-
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based sensitivity analysis procedures are based on identifying the functional association between
values of output and inputs. These methods do not provide robust results when the mapping
between output and inputs substantially differs from the one that is the underlying assumption of
the particular method. Thus, it istypically recommended that several sensitivity analysis
procedures be applied and results be compared. Using this approach there is high probability that
important model inputs will be identified by at least one of the procedures.

The key characteristics of an ideal sensitivity analysis method are given in Table 6. These
characteristics are inclusive but not exclusive and other features can be added to this comparison
based on the specific case study requirement. Each sampling-based sensitivity analysis method is
evaluated with respect to addressing these characteristics considering the insights from the case
studies. Idedlly, a sensitivity analysis method should: respond to the effects of simultaneous
variation in al inputs; consider the combined effect of multiple inputs; handle interactions and
non-linearities; be applicable in atwo-dimensional probabilistic framework; be easy to
implement; provide measure of statistical significance of inputs; discriminate the important
inputs.

Regression-based methods provided more robust insights with respect to sensitivity as
they not only assess the combined effects of multiple inputs on aresponse variable, but also they
identified statistically significant interactions between inputs. The only limitation is for cases that
there are many model inputs or the interactions between inputs are more general rather than a
particular multiplicative form. In such cases, properly addressing all interaction termsin the
regression model becomes more tedious and requires a priori knowledge of the functional form

of the interaction terms.

167



The ease of implementation may often constrain the feasibility of a method. A method is
typically easier to implement when software tools already exist, especialy if they have user-
friendly interfaces (i.e., push button methods). Basically, correlation analysisis easy to
implement as this method is atypical feature of commonly used statistical software packages
such as Crystal Ball™ or @Risk. Of course, ease of implementation will be a function of
software availability and programming skill level. However, ‘ push button’ methods such as
correlation analysis do not account for typical characteristics of MFSPR models such as
interactions. Thus, even though regression-based methods may be more difficult to apply than
some of the readily available methods such as correlation analysis, their use may be necessary to
capture important characteristics of MFSPR models.

The importance of an input based on selected sampling-based methods varied from
substantially high to low due to uncertainty in inputs. Some inputs were consistently ranked high,
whereas others were consistently ranked low. The information about range of ranks and
associated probabilitiesis useful to adecision maker. By quantifying uncertainty in the rank of
each input, groups of model inputs with similar importance are identified. For the four groups of
model inputs identified, inputs have a clear difference with respect to sensitivity in each group
compared to those in other groups. Although there is awide range of uncertainty associated with
the rank of each input, the importance group associated with each of the inputsis substantially
robust to uncertainty. For example, CHe; has a wide range of uncertainty in ranks between 1 and
12 based on Pearson correlation analysis. However, a decision maker can confidently conclude
that thisinput has the highest importance as CHg; was selected in Group 1 in 68 percent of
uncertainty realizations. Typically, rank transforming the data was associated with lower

uncertainty in sensitivity analysis results by providing: (1) higher probability for statistically
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significant inputs and interaction terms; (2) narrower ranges of uncertainty for ranks of inputs
and interaction terms; and (3) higher probability that inputs and interaction terms were selected
in a same importance group in different uncertainty realizations.

Three potentially controllable sources of variability in the slaughter module were the first
decontamination process after dehiding carcasses (TVW), the second decontamination process
after evisceration of carcasses and prior to chilling (We), and the chilling process (CHg). The
other sources of variability in the model were mostly some model parameters or variables that
cannot be directly controlled. Thus, with respect to the risk management special attention should
be devoted to key controllable sources of variability in order to reduce the risk to an acceptable
level. Identification of CHe as the most important input based on all selected methods indicates
that the chiller isan actual critical control point in a slaughter module. Growth or decline of E.
coli O157:H7 on the surface of carcassesislargely afunction of time and temperature.
Fluctuation in chiller temperature or the outright failure to adequately chill carcasses may enable
growth. Thus, even with substantial decontamination prior to the chilling step, high
contamination may become possible during the chilling process. However, chilling time and
temperature are not incorporated in the slaughter module. Thus, an implication of the resultsis
that it is beneficial to disaggregate the model and incorporate more detail regarding specific
factors that influence the chilling effect in order to have more clear insights with respect to
factors that substantially contribute to the output variability.

Selected sampling-based sensitivity analysis methods typically identified higher
importance for the first decontamination step (TVW) compared to the second decontamination
step (Werr). TVW is mostly selected in the group of inputs with secondary or minor importance,

while W is mostly selected in the group of inputs with minor or no importance. Thus, in order
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to reduce the contamination in final products of a slaughter plant it is more productive to increase
the efficiency of the decontamination process following dehiding animals. Although washing
carcasses prior to the chilling process potentially can reduce the contamination, insights from
sensitivity analysisindicated that the second decontamination step is not as effective as the first
one.

Case studies presented in this paper focused on identification of key sources of variability
followed by quantification of uncertainty in the analysis results. However, a probabilistic
scenario can be arranged in order to identify key contributors to uncertainty in the model output
conditional on different values for quantities that are subject to variability. Based on the insights
from such an analysis, one can identify how key sources of uncertainty for exposure or risk may
change for different combinations of values for variable inputs. Knowledge of key sources of
uncertainty for the most exposed or at risk portion of the population (e.g., upper 5 percent of the
popul ation exposed to the risk) can be used to prioritize additional data collection or research
that could reduce uncertainty. The assessment can be revised based upon new information, and a

decision could be made at alater time based upon the reduced uncertainties.
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Table 1. Input Variables and Corresponding Mean Va ues, 95% Probability Ranges, and
Distribution Types in the Slaughter Module of the E. coli Model

M ean 95% Distribution Type
nputs V%l.)ue P{;;?%Z '&Ey Variability | Uncertainty
Total Number of Combo Bin for . .
Each Carcass (TNCB) 4 (2,6) Triangular Uniform
Total Number of Infected 4 N .
Animals (TNI) 0, 14) Binomial Exponential
Total Number of Contaminated .
Animals (TNC) 5 (0, 22) Poisson Beta
Probability of Contaminated
Cases at both Steps of Dehiding 39.7 (0, 96.7) Uniform Binomial
and Evisceration (Pyoth)
Number of Contaminated Cases
at both Steps of Dehiding and 1 ©, 2) Binomial Poisson
Evisceration (Npoth)
Number of Contaminated Cases . . :
at Evisceration (NCE) 1 o, 3 Binomial Poisson
Chilling Effect in logs (CHest) -0.9 (-3.0,2.1) Normal Uniform
Number of Organisms (Nrg) 1188 | (0, 1100) EDF® Beta
Trim/Vacuum/Washing . .
Efficiency (TVW) 24.6 (O, 60) Triangular Uniform
Number of Organisms Added 3)
During Evisceration (Neyisc) 12 (0,249 EDF Beta
Washing Effect (W) 12.4 (0, 45) Triangular Uniform
Contaminated Surface Areain . . .
o (CSA) 419.20 (O, 2590) Binomial Uniform

(1) Vaues are based on the co-mingled analysis of variability and uncertainty

(2) Uncertainty distributions are defined for parameters of variability distributions

(3) Empirical distribution function based on FSIS data. Beta distribution is used to define the corresponding
cumulative frequency at each value of the distribution.
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Table 2. Summary of Pearson and Spearman Correlation Analyses Results

Sample (Pearson) Correlation Analysis Rank (Spearman) Correlation Analysis
Same Same
| ”'85“5 Frecgz.) '\I_\/,I:I?E R?)r;ge I mportar(L():e Importance Frecgz.) g:ﬁﬂ Re(x)r;ge I mportar(zc):e Importance
(%) ® Rank Group GrOng (%) | (%) 3 Rank Group Gro%g (%)
TNCB 30 9.3 4-12 4 65 94 10.0 9-12 4 100
TNI 97 5.2 2-11 2 66 100 5.8 3-9 3 52
TNC 97 4.5 1-12 2 80 100 3.9 1-7 2 89
Phooth 40 9.0 4-12 4 53 100 8.0 6-11 3 94
Npoth 38 8.7 2-12 4 69 65 11.5 9-12 4 100
NCE 47 8.2 2-12 4 55 84 10.2 8-12 4 94
CHegi 100 19 1-12 1 68 100 14 1-4 1 84
Norg 95 3.7 1-12 2 57 100 3.1 1-6 2 84
TVW 68 7.4 3-12 3 56 100 5.6 1-8 3 66
Nevisc 35 8.8 1-12 4 71 82 10.0 7-12 4 98
Wt 75 6.6 1-12 3 37 100 5.0 2-8 3 53
CSA 99 4.6 1-12 2 73 100 3.6 1-7 2 85

(1) The abbreviations used for factorsin this table are the same as those defined in Table 1.

(2) The percentage of the uncertainty realizations that produce statistically significant correlation coefficient (P value less than 0.05).

(3) Arithmetic mean of ranks for 100 uncertainty realizations.

(4) For each input, the importance group represents the dominant range of ranks in uncertainty realizations (See Figure 2 for corresponding probabilities). Group
1: most important input (i.e., rank 1); Group 2: secondary importance inputs (i.e., ranks between 2 and 5); Group 3: minor importance inputs (i.e., ranks
between 6 and 8); Group 4: unimportant inputs (i.e., ranks between 9 and 12).

(5) Percentage of the uncertainty realizations that each input fits within the same importance group defined based on the mean ranks.
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Table 3. Summary of Sample Standardized Regression Analysis Results

Sample Standar dized Regression Analysis
Inputs(l) Freqg. Mean Range Importance Same Importance
(%)@ | Rank® ROf Group ¥ Group (%) ©
ank
TNCB 17 13.6 7-16 4 93
TNI 21 11.9 3-16 4 80
TNC 77 8.4 1-16 4 43
Pooth 24 12.9 6-16 4 89
Npoth 58 10.3 2-16 4 69
NCE 53 10.3 3-16 4 65
CHegit 91 3.9 1-16 1 43
Norg 79 6.1 1-16 2 45
TVW 79 6.3 1-16 2 46
Nevisc 62 9.0 1-15 4 32
Wt 74 9.0 1-15 4 32
CSA 74 8.0 1-16 4 41
CHgt x TVW 8l 4.1 1-16 2 61
Norg X TVW 80 6.6 1-16 2 43
Norg X West 86 54 1-16 2 45
Nevie X Wess 66 9.2 2-16 4 60
(1) Theabbreviations used for factorsin thistable are the same as those defined in Table 1.
(2) The percentage of the uncertainty realizations that produce statistically significant regression coefficient (P

(3)
(4)

©)

value less than 0.05).

Arithmetic mean of ranks for 100 uncertainty realizations.

For each input, the importance group represents the dominant range of ranksin uncertainty realizations (See
Figure 5 for corresponding probabilities). Group 1: most important input (i.e., rank 1); Group 2: secondary
importance inputs (i.e., ranks between 2 and 5); Group 3: minor importance inputs (i.e., ranks between 6 and 8);
Group 4: unimportant inputs (i.e., ranks between 9 and 16).

Percentage of the uncertainty realizations that each input fits within the same importance group defined based
on the mean ranks.
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Table4. Summary of Rank Regression Analysis Results

Rank Regression Analysis
Inputs @) Freqg. Mean Range Importance Same Importance
(%)@ | Rank® ROf Group ¥ Group (%) ©
ank
TNCB 21 134 9-16 4 100
TNI 28 13.1 7-16 4 94
TNC 86 5.8 2-16 2 58
Pooth 31 12.4 5-16 4 86
Npoth 63 11.0 5-16 4 73
NCE 61 10.7 5-16 4 76
CHest 95 3.7 1-13 1 40
Norg 89 6.1 1-15 2 42
TVW 94 5.1 1-15 2 49
Nevisc 68 9.8 3-15 4 65
Wt 78 9.8 3-15 4 65
CSA 90 6.2 1-15 2 46
CHeg x TVW 89 54 1-15 2 44
Norg X TVW 83 6.3 1-15 2 41
Norg X West 87 6.6 1-15 2 49
Nevie X Wess 69 9.7 2-16 4 59

(1) The abbreviations used for factorsin this table are the same as those defined in Table 1.

(2) The percentage of the uncertainty realizations that produce statistically significant regression coefficient (P
value less than 0.05).

(3) Arithmetic mean of ranks for 100 uncertainty realizations.

(4) For each input, the importance group represents the dominant range of ranks in uncertainty realizations (See
Figure 5 for corresponding probabilities). Group 1: most important input (i.e., rank 1); Group 2: secondary
importance inputs (i.e., ranks between 2 and 5); Group 3: minor importance inputs (i.e., ranks between 6 and 8);
Group 4: unimportant inputs (i.e., ranks between 9 and 16).

(5) Percentage of the uncertainty realizations that each input fits within the same importance group defined based
on the mean ranks.
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Table5. Summary of Sample Stepwise Regression Analysis and Rank Stepwise Regression Analysis Results

Sample Stepwise Regression Analysis

Rank Stepwise Regression Analysis

Inputs(l) Freq. @ F'Ylaret?gl 95;’? Probabi I;ty l\R/I:r?IT Racl)r;ge Group @ Fr(gq F'Ylaret?gl 95% Probabi I;ty l\R/I:r?IT R?)r;ge Gr(<4))up
R? ange of R @ Rank R? Range of R @) Rank

TNCB 16 0.002 | (0.000,0.008) | 10.3 | 515 4 12 0.000 | (0.000,0.001) | 10.3 | 6-13 4
TNI 44 0.003 | (0.000,0.020) | 9.3 3-14 4 25 0.000 | (0.000,0.001) | 10.7 | 6-14 4
TNC 80 0.012 | (0.000,0.095) | 6.6 1-12 4 90 0.014 | (0.000, 0.050) 6.0 1-12 2
Pooth 26 0.001 | (0.000,0.005) | 10.1 | 6-15 4 58 0.001 | (0.000, 0.006) 7.7 3-14 4
Npoth 53 0.007 | (0.000,0.037) | 7.7 2-13 4 66 0.001 | (0.000,0.003) | 8.1 2-13 4
NCE 55 0.006 | (0.000,0.036) | 8.3 3-13 4 53 0.001 | (0.000,0.005) | 8.6 3-15 4
CHegt 97 0.203 | (0.000,0.690) | 2.9 1-13 1 100 0.340 | (0.000,0.720) | 3.4 1-13 1
Norg 83 0.053 | (0.000,0.420) | 5.7 1-14 4 91 0.022 | (0.000, 0.120) 6.2 1-13 3
TVW 86 0.011 | (0.000,0.067) | 6.7 2-14 4 91 0.004 | (0.000,0.015) | 5.7 3-11 2
Nevisc 56 0.053 | (0.000,0.480) | 7.7 1-14 4 63 0.001 | (0.000,0.006) | 84 2-14 4
West 82 0.008 | (0.000,0.058) | 6.7 2-13 4 97 0.004 | (0.000, 0.020) 6.3 2-13 2
CSA 84 0.012 | (0.000,0.072) | 6.8 1-13 4 97 0.032 | (0.000, 0.610) 6.2 1-11 2
CHes x TVW 96 0.128 | (0.000,0.680) | 3.8 1-13 2 100 0.312 | (0.000,0.650) | 4.4 1-12 2
Norg X TVW 87 0.072 | (0.000,0.390) | 5.5 1-13 4 93 0.055 | (0.000, 0.590) 6.0 1-13 4
Norg X West 95 0.110 | (0.000,0.510) | 4.3 1-12 2 97 0.080 | (0.000,0.510) | 4.4 1-13 2
Nevise X West 65 0.044 | (0.000,0.420) | 7.1 1-14 4 43 0.001 | (0.000,0.007) | 8.1 2-13 4

(1) The abbreviations used for factorsin this table are the same as those defined in Table 1.
(2) The percentage of uncertainty realizations that the input or the interaction term is selected for the regression model in stepwise regression analysis.

(3) Arithmetic mean of ranks for 100 uncertainty realizations. In each uncertainty realization, regression terms are ranked based on the order in which they are

selected in the regression model.
(4) For eachinput, the importance group represents the dominant range of ranks in uncertainty realizations (See Figure 7 for corresponding probabilities).

Group 1: most important input (i.e., rank 1); Group 2: secondary importance inputs (i.e., ranks between 2 and 5); Group 3: minor importance inputs (i.e.,

ranks between 6 and 8); Group 4: unimportant inputs (i.e., ranks between 9 and 16).
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Table 6. Summary of Key Characteristics of Selected Sampling-Based Sensitivity Analysis
Methods

Char acteristics Sensitivity Analysis M ethods @
PCA SCA SRA RRA SSRA | RSRA
Simultaneous Variation Yes Yes Yes Yes Yes Yes
Combi '.”ed Effect of No No Yes Yes Yes Yes
Multiple Inputs
Interaction No No Yes Yes Yes Yes
Non-linearity No Yes? No Yes? No Yes?
TWO-.DImtelSIOI‘la| Yes Yes Yes Yes Yes Yes
Simulation
Ease of Implementation Yes Yes No No No No
Measqre _of Statistical Yes Yes Yes Yes Yes Yes
Significance
Discrimination of Yes Yes Yes Yes Yes Yes
Important |nputs

(1) PCA: Pearson Correlation Analysis, SCA: Spearman Correlation Analysis; SRA: Sample Regression Analysis;
RRA: Rank Regression Analysis, SSRA: Sample Stepwise Regression Analysis; RSRA: Rank Stepwise
Regression Analysis.

(2) Rank transformation can mitigate the problem of non-linearity in monotonic models.
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Figure 2. Frequencies Associated with Identification of Each Input in an Importance Group
Based on: (a) Pearson Correlation; and (b) Spearman Correlation. Group 1: The Most Important

Input; Group 2: Inputs with Secondary Importance; Group 3: Inputs with Minor Importance; and

Group 4: Unimportant Inputs.
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Figure 3. Mean Ranks and Corresponding 95 Percent Confidence Intervals Based on Pearson
Correlation Analysis (PCA) and Spearman Correlation Analysis (SCA).
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PART VII

CONCLUSIONSAND RECOMMENDATIONS
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7.0 Summary and Conclusions

In this part, conclusions drawn from the associated research work and the results are
presented. Key questions that are raised in Section 1.1 of Part | are addressed. Suggestions for

future research directions related to this dissertation are provided.

7.1  When Should Sensitivity Analysis be Performed?

The usefulness of sengitivity analysis depends on the overall assessment objectives of a
model under study. The overall assessment objectives should be clearly laid out before the model
isbuilt. Once the objectives are defined, the model must be designed to address these objectives.
For example, if the objective isto develop insight into possible risk management strategies,
variables that can be controlled and variables related to risk management objectives must be
incorporated into the model. Next, the answers sought from application of sensitivity analysis
should be clearly listed. The usefulness of sensitivity analysis can then be assessed based on
whether the available methods of sensitivity analysis can address the questions under
consideration in amanner that is appropriate to the characteristics of the model.

The case studies presented in this dissertation were basically focused on prioritizing
critical control pointsin amodel, identifying key sources of variability with quantification of
uncertainty in those estimates, and model refinement. Application of sensitivity analysis for
model verification and validation is discussed but not demonstrated. However, sensitivity
analysis also can be used for conditional analysis of a model. Conditional analysis features
“what-if” scenario analysis of amodel and can focus on identification of factors contributing to
high exposures and risks. In “what-if” scenario analysis, specific goals with respect to the risk
mitigation can be modeled. Sensitivity analysis provides atool to evaluate how these goals can

be achieved by identifying key inputs and model assumptions contributing most to the
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predefined scenario. Through this approach, the analysis can be framed in away that is more
responsive to the public’s concerns and interests, thereby facilitating public review of the
anaysis. Furthermore, sensitivity analysis can provide explicit insight into the combination of
key values and/or ranges of inputs that lead to the worst, or best, outcomes. The identification of
worst case scenarios with respect to the exposure or risk isimportant for identifying possible
approaches to mitigate exposure and/or risk.

As an example of a”what-if” scenario, risk managers may be interested in decreasing the
mean exposure level by a specific amount. The “what-if” scenario may bein the form “what if
we want to decrease the mean exposure level by onelog?’ Sensitivity analysis allows risk
assessors and managers to consider cases where the risk can be reduced by controlling the input
domains. For example, in order to constrain the mean growth of the pathogen to an acceptable
level with respect to a particular management strategy it may be necessary to hold storage
temperature below a specific limit, while holding storage time within a specific range. Deviation
of storage temperature and storage time from the identified domains may lead to a substantial
increase in the number of pathogen organisms due to growth. Thus, constraining the inputs to

specific ranges can keep the risk within acceptable levels.

7.2  What are Key Considerationsin Preparation of a Model to Facilitate Sensitivity
Analysis?

Part 11 focused on providing guidance on how to facilitate sensitivity analysis when
working with an existing model or a new model, with afocus on food safety process risk models.
For an existing model, in order to determine appropriate methods and scope for performing a
sensitivity analysis, it is necessary to clearly identify model structure, model inputs, internal
inputs used in models associated with binning and aggregation of model output of interest, and

the type of probabilistic simulation. For a new model, recommendations that can facilitate

192



sensitivity analysisinvolve the modeling environment, design of the probabilistic simulation,

modeling strategies, and documentation of models.

7.3 How Can One Select Among Typical Sensitivity Analysis Methods?

The performance of a sensitivity analysis method depends on the model structure. The
difficulty of the analysis increases when the model has characteristics such as non-linearity,
interaction, non-monotonicity, and non-additivity. A modeler typically does not have a priori
knowledge about the behavior of the model with respect to these characteristics, and hence, the
preferred sensitivity analysis method would be the one that can address all of these
characteristics. Moreover, the number and the characteristics of the inputs may affect the
selection of a sensitivity analysis method. Considering the dimensionality of the input space, the
larger the number of inputs, the more expensive and difficult the analysis, and hence, lower
tendency to select sophisticated sensitivity analysis methods. Based on our experience with the
case studies, any increase in either the number of inputs and/or their ranges of variation increases
the possibility of non-negligible interaction effects between inputs.

The selection of sensitivity analysis methods depends on factors such as objective of the
analysis, characteristics of the model under study, amount of detail expected from sensitivity
analysis, characteristics of the software used for sensitivity analysis, and available computing
resources. All the above reasons make the choice of the sensitivity analysis method a very
delicate step. Although a*universal recipe’ does not exist, we provided a decision framework
summarizing the discussions regarding selection of appropriate sensitivity analysis methods.
This decision framework can substantially facilitate the process of selecting a sensitivity analysis

method for a practitioner.

193



7.4  What arethe Considerationsin Presenting Results of Sensitivity Analysis M ethods?

The general principles for presentation of sensitivity analysisresultsinclude: (1) clearly
identify the target audience and tailor the presentation to that audience; (2) explicitly convey the
objectives of the analysis; (3) describe the scenario so that the scope of the analysisis clear; (4)
describe the model at an appropriate level of detail for the target audience; (5) describe the
rationale for the selected sensitivity analysis methods; and (6) clearly present the results of the
sengitivity analysis.

The purpose of communicating the sensitivity analysis results to an audience is to ensure
the proper and effective exchange of information and insights from the results of the analysis.
The audience may include analysts, stakeholders, media, decision-makers, or some combination
of these. The audience may include representatives of government agencies, private companies,
non-profit organizations, academic institutions, or other organizations. Furthermore, the audience
may include persons with arange of academic backgrounds and experience, including (for
example) liberal arts, food science, microbiology, toxicology, sociology, economics, medicine,
engineering, law, or others. Thus, there may be substantial variability in the background and
perspectives among members of the intended audience.

The methods for presenting and interpreting results may be different for different
audiences. Therefore, a basic principle for communicating sensitivity analysis resultsis that the
audience should be clearly identified. For example, when presenting the sensitivity results to an
audience with alimited scientific background, extensive information regarding the technical
details of the methodology is probably not helpful or could be counter-productive. The time
available with such an audience could be better spent conveying the objectives, scenarios,
general characteristics of the model, general approach used for sensitivity analysis, and

presentation of the sensitivity analysis results in plain language with the use of some supporting
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graphics. Qualitative information may be more useful than quantitative information for such
audiences. If the objective isto provide insight into priorities for CCP and the selection of

critical control limits, then the presentation could convey the relative importance of each possible
CCP in either qualitative terms or using a simplified sensitivity index.

If the target audience is primarily other analysts, or persons with a strong technical
background, then it is necessary to provide the most important technical details regarding the
methods used, the models used, input assumptions, and interpretation of results, in addition to the
basic qualitative information regarding objectives and scenarios. Moreover, the results of the
anaysis must be reproducible. However, jargon should be used with care. Even for atechnical
audience, it islikely that not everyone isfamiliar with the same jargon because each person may
have adifferent technical background. Thus, any terminology unique to sensitivity analysis
should either be avoided or will need to be clearly defined for the benefit of the audience.

An analyst should ensure that the primary objectives of the sensitivity analysis are clearly
communicated to the target audience. As arhetorical device, it is often helpful to state the
objectivesin the form of key questions that will be answered by the results of an analysis. For
example, one can state that the objective of the analysisis to answer one or more of the
following key questions:

Which controllable model inputs contribute the most to variation in exposure and
risk?

Which of the potential critical control points are the highest prioritiesin terms of
avoiding the highest exposures?

What critical limits are likely to achieve the specified risk management

objectives?
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What are the key sources of uncertainty in the analysis?

Which uncertainties are the highest priorities for reduction based upon additional

dataanalysis or research?

How well or appropriately does the model respond to changes in input values?
It is necessary to clearly describe the scenario of the sensitivity analysis when presenting the
results to audience since the results may be specific to the particular assumptions madein a
scenario. Clear introduction to the scenario will help the audience understand the implications of
the results. For example, one may want to specify to the audience whether the insights from the
sensitivity results can be generalized.

A description of the model used is helpful for the audience. Summarizing the key model
characteristics can help the audience better understand the reasons for application of the selected
sengitivity analysis methods and evaluate the credibility of the results. The description of the
model should include: (1) model characteristics; and (2) model inputs and the output of interest.
Model characteristics include linearity, thresholds, interactions, and information regarding the
probabilistic framework of the model. Probability distributions of the inputs should be provided
including specification of whether the input represents variability, uncertainty, or both. Model
outputs should be clearly presented to the audience.

Presentation of the rationale for selection of the sensitivity analysis method(s) will help
establish their credibility, relevance, and validity. For example, when amodel is non-linear and
non-monotonic, the analyst can justify why ANOV A was selected while other sensitivity

analysis methods such as correlation analysis were not used.
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7.5  Can Conventional Sensitivity Analysis M ethods Provide Robust Insightsin Spite of
their Apparent Limitations?

Conventionally used sensitivity analysis methods can be broadly classified into local
sensitivity analysis methods and “ push-button” methods. The local sensitivity analysis methods
concentrate on the local impact of the inputs on the model and typically is carried out by
computing partial derivatives of the output function with respect to the inputs. Methods classified
as “push-button” are typically built-in features of commonly used software tools such as
@Risk™ and Crystal Ball™. Under pressure of deadlines and faced with constraints of an
existing model, an analyst may prefer to use these methods rather than attempt to implement
more refined techniques. However, akey question is whether such methods are adequate for the
intended case study.

Local sensitivity analysis typically includes nominal range sensitivity analysis,
differential sensitivity analysis, and automatic differentiation. Derivatives of the model output
with respect to each input are considered as sensitivity indices. Typically, each sensitivity index
isnormalized by ratio of standard deviation of the input to the standard deviation of the output.
However, these method do not perform properly when the inputs have a dependency structure
(e.g., they are correlated) or the model is non-linear.

Push-button methods typically include sample (Pearson) and rank (Spearman) correlation
coefficients applied in the context of a one-dimensional probabilistic simulation. These methods
are applicable to global sensitivity of linear or monotonic models, respectively. Sample
correlations are not a robust method for dealing with thresholds or interactions and may not
provide useful insights when applied to categorical inputs. Rank correlations are more robust
than sample correlations with regard to thresholds but are not capable of providing insight

regarding the existence of athreshold or the value of the threshold. If an analyst chooses to
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proceed with a push-button method whose theoretical basis differs from the key characteristic of
the model to which it is applied, then the accuracy and robustness of the results cannot be
assured.

In the long-run, it will be helpful to the food safety risk community if add-ins can be
developed, either as shareware or commercialy, that incorporate sensitivity analysis methods

that are more compatible with the characteristics of the models.

7.6  How Can One Discriminate the | mportance Between Closely Ranked Inputs?

A key question in using sensitivity indices for ranking inputs based on a selected method
is regarding how much the sensitivity indices of two inputs must differ in order to infer that the
two inputs are substantially different with regard to sensitivity. Some sensitivity analysis
methods provide analytical solutions for quantifying statistically significant differencesin the
sengitivity indices. For example, for the regression coefficients as sensitivity indicesin
regression anaysis, the 95 percent confidence intervals identify the possible range of variation
for each of the coefficients. The confidence intervals are estimated based on the assumption of
normality in their corresponding distributions. Thus, inputs with overlapping confidence
intervals associated with their regression coefficients have comparable importance.

For the cases that analytical solutions are not available, possible ranges of variation for
sengitivity indices can be estimated using several simulations of the model with aternative
random numbers. Each simulation of a model may include multiple variability iterations and/or
uncertainty realizations. Alternative simulations of a model typically use different sets of random
numbers for generating samples from probability distributions of the inputs. This typically leads
to different estimates of the sensitivity index values for each input because of the random

sampling error. In order to quantify the random sampling error in the sensitivity indices, if time
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and resource are available, multiple model simulations should be run (e.g., 1000 simulations)
using different sets of random numbers for generating values from probability distributions of
inputs. If the selected sensitivity analysis method is applied to each simulation, asingle
sensitivity index would be estimated for each input, and hence, for each of the 1000 simulations.
Thus, 1000 sensitivity indices would be estimated for each input. Each of the estimated
sensitivity indices would typically differ because of random sampling error. A summary of the
distribution of the sensitivity index values for each input, such as a 95 percent probability range,
can help to quantify the possible range of variation in the sensitivity indices. When compared
with uncertainty in the sensitivity index values for other inputs, it is possible to infer whether the
rankings of the sensitivity of each input would be unambiguous or not.

Usualy it isnot practical to run the model for hundreds of simulations as each simulation
may take afew hours. As an alternative, the empirical bootstrap simulation isintroduced to
generate sampling distributions of uncertainty for sensitivity index values. Using the empirical
bootstrap approach, an aternative randomized version of the original Monte Carlo simulation is
obtained by sampling with replacement from the original set of random values. This procedureis
computationally faster than generating new random samples from the original specified
probability distributions of the model inputs. Selected sensitivity analysis method should then be

applied to the bootstrap samples to produce a distribution of the sensitivity index values.

7.7  What arethe Implications of Sensitivity Analysisin a Two-Dimensional
Probabilistic Framework Compared to the One-Dimensional Analysisof Variability
and Uncertainty?

Because of the theoretical preference in correctly distinguishing between variability and
uncertainty, two-dimensional analyses of variability and uncertainty are typically favored over

one-dimensional approaches in which variability and uncertainty are treated individually or co-
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mingled into a single dimension. The prediction of the exposure or risk may depend on the way
that uncertainty and variability is separated, and that a high end exposure or risk may be
overlooked if the distinction between uncertainty and variability is neglected. The estimation of
sensitivity in atwo-dimensional simulation provides key insights regarding the robustness of
results and, hence, the confidence that can be placed in the rankings. Thisinsight is needed to
support decision making under uncertainty. The range of ranks and probability distribution of
ranks of an input is of valuable importance to the decision maker. However, sensitivity analysis
in atwo dimensional simulation is potentially computationally intensive, and as a practical
matter, it is difficult to apply sensitivity analysis methods in atwo dimensional framework unless
they can be automated. For the demonstrated case studies, the automation was done using SAS°®
macros.

A comparison of one-dimensiona and two-dimensional results implied that the top
ranked input was the same for each of the probabilistic simulation approaches. Furthermore,
these two approaches identified approximately the same groups of inputs with comparable
importance. Thus, it may be possible to develop arobust insight regarding key inputs using a
simplified one-dimensional probabilistic simulation approach if resources do not permit atwo
dimensional approach. Alternatively, as part of model development, sensitivity analysis can
initially be performed in a one-dimensional analysisto identify priorities for data collection.
However, although the results obtained in the specific case studiesin this paper may be
indicative, they are not definitive. Thus, where resources permit, atwo-dimensional sensitivity

analysisis generally preferred unless a one-dimensional analysisis appropriately justified.
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8.0 Recommendations for Future Work

Key recommendations of this study are:

(1) The computational time was identified as a major drawback for application of
sengitivity analysis methods to the selected MFSPR model. Typically, for providing a
dataset including sampled values from probability distributions of inputs and
corresponding output val ues with reasonable sample size substantial amount of time
was required. In order to reduce the computational burden of sensitivity analysis with
respect to time, it is recommended that distributed runs of a selected model be
practiced. In order to perform a distributed run, a simulation of size n (e.g., 100,000)
can be broken into several simulations with smaller sample sizes (e.g., 10 simulations
with size 10,000). Each new simulation should be run on a different computer
simultaneously. However, in this case enough resources with respect to computer
hardware should be available. This approach can reduce the computational time
substantially.

(2) The methods evaluated in this study should be applied to other quantitative risk
assessment models, especially the models with temporal and spatial dimensionsin
exposure and risk. Such models consider accumulative exposure for each individual,
and hence, the task of identifying key sources of variability and uncertainty and
corresponding critical control limits would be challenging. An example includes
Stochastic Human Exposure and Dose (SHEDS) models developed by EPA.

(3) Thisdissertation did not evaluate variance-based sensitivity analysis methods such as
FAST and Sobol via application to some case studies. Although the idea of using
variance as an indicator of importance for inputs is not new, these methods have not

been widely used with quantitative risk assessment models and specifically in
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microbial food safety due to their complexity and lack of available framework for
application. However, variance-based sensitivity analysis methods have been widely
used in reactor safety and nuclear engineering as promising methods for sensitivity
anaysis. Variance-based sensitivity analysis methods should be evaluated via case
studies with MFSPR models and the results compared with those from methods used
here in order to better understand how alternative measures of sensitivity may lead to
different outcomes.

(4) Dueto special characteristics of the model considered as the testbad for the case
studies, there was no dependency structure between inputs. However, for cases that
inputs have dependency structures such as correlation, introduced sensitivity analysis
methods will fail to provide valid results unless special attention is considered to
guantify and incorporate such dependenciesin the analysis. Introduced sensitivity
anaysis methods should be evaluated with respect to their functionality in the case of
inputs with dependency. Approaches should be explored for quantification of
different dependency structures between inputs and possible modification of
sensitivity analysis methods for such cases.

(5) A framework for exposure and dose response phases of risk assessment models
including modules for application of sensitivity analysis should be developed. Current
risk assessment frameworks do not incorporate sensitivity analysis. Hence the
application of sensitivity analysis on existing models is often tedious as the models do
not follow a combined modeling framework. The framework should be provided
through adapting, extending, and combining methods for risk analysis devel oped

within the food safety domain, semi-formal description methods (in particular,
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methods for object oriented modeling), and computerized tools. The framework

should be tested and assessed on areal food safety model.
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APPENDIX A

GLOSSARY OF TECHNICAL TERMS
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Add-1n Software Packages “Add-in” isaterm used, especialy by Microsoft, for a software
utility or other program that can be added to a primary program. Examples of add-in
software packages are Crystal Ball™ and @Risk.

Aggregation Refersto situations in which multiple numerical values are combined into one
numerical value, such as sum or mean value. In some cases, aggregation reflects the
underlying process.

Ambiguity of Ranking Degree of uncertainty in estimated rankings of importance of model
inputs from a sensitivity analysis method because of uncertainty in the sensitivity index
or lack of significant differences in the sensitivity index of the inputs being jointly
evaluated.

ANOVA Analysis of Variance, a statistically-based method that can be used for sensitivity
anaysis.

Binning A summarization technique in which values of an internal input or output of interest are
binned into predefined intervals. Binning leads to loss of one-to-one correspondence
between an output of a module and its exogenous predecessor inputs. If binning existsin
amodel, it can affect the scope of sensitivity analysis.

Bootstrap simulation A numerical method for estimating sampling distributions and confidence
intervals for statistics based on an assumption that the “true” population distribution is
egual to the empirical sample distribution.

Branch Term used in CART to refer to the conditions on the input variables that determine
which output data go into particular data stratain aregression tree.

CART Classification and Regression Tree, a statistically-based method that can be used for

sengitivity analysis. Also known as Hierarchical-Based Regression Tree (HBTR).
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Categorical Input Also referred to as a qualitative input. Thisis a specific type of inputs with
values that are mutually exclusive. The categories are measured in nominal scale and
cannot be ordered from “highest” to “lowest” in any meaningful way. Rather, the
categories define different groups. Examples include gender, season, and consumption
type.

CCP Critical Control Point (CCP). A CCP isdefined as a point, step, or procedure at which
control can be applied and food safety hazard can be prevented, eliminated, or reduced to
an acceptable level.

CDF The cumulative distribution function for a variable indicates the probability that the
variableisless than or equal to any particular value.

CCDF Complementary cumulative distribution function for a variable indicates the probability
that the variable is greater than any particular value.

Classification Rule With respect to CART, aresult obtained from CART that enables
stratification of sample values of the output to a specific situation determined by specific
cut-points for specific inputs. For example, a classification rule could provide insight into
conditions that lead to the largest mean exposure.

Coefficient of Determination (R?) A statistic that is widely used as a goodness-of-fit measure for
regression analysis and ANOVA. R? represents the fraction of variation in the output that
can be explained by the fitted regression or ANOVA model.

Conditional Analysis Conditional analysisincludes the “what-if” scenario analysis of a model
and also identification of factors contributing to high exposures and risks.

Confidence Interval The computed interval with agiven probability (i.e., 95%) that the true

value of the statistic, such as a mean, proportion, or rate, is contained within the interval.
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Contrast A comparison between two levels (or two sets of levels) of an independent variable in
Analysis of Variance (ANOVA).

Correlation Coefficient Sample correlation coefficients provide a measure of linear association
between two variables. Rank correlation coefficients provide a measure of monotonic
association between two variables.

Critical limit A term used in HACCP to refer to a criterion or range that must be met for each
preventive measure associated with a CCP, such as minimum internal temperature,
product dimension, and cooking time.

CSA Conditional Sensitivity Analysisis a graphical method, in which the sensitivity of the
model to a small number of inputs is evaluated while other inputs are held at fixed values.

Cut-Point  With respect to CART, avalue of an input used as the basis for creating branches.

Discrete Input Aninput variable that can only assume certain integer values. An ordinal
categorical input variable could also be called discrete variable.

DSA Differential Sensitivity Analysis, amathematical local sensitivity analysis method based
upon small perturbations of inputs at a specific point in the model space.

F Value The F valueistheratio of two sums of squares (i.e. estimates of a population variance,
based on the information in two or more random samples). When employed in ANOVA,
the obtained F value provides atest for the statistical significance of the observed
differences among the means of two or more random samples.

Factor Anindependent variable or input in ANOVA.

Factorial Design An experimental design in which each level of avariableis paired with each

level of every other variables.
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Food Safety Process Risk Model A quantitative model evaluating the risk to humans exposed to
specific food borne hazard on a population basis. Food safety process risk models aim to
simulate the process of bringing food from the farm to the table.

Global Sensitivity Analysis Global sensitivity analysis apportions the uncertainty in the output
to the uncertainty in the input factors. Global methods are applicable to situationsin
which model inputs are varied simultaneously over large ranges of values, typically based
upon probability distributions assigned to each input.

Graphical Sensitivity Analysis Methods A category of sensitivity analysis methods that feature
the use of graphical techniquesto present how a model output responds to changesin a
model input. Typical graphical techniquesinclude scatter plots or conditional sensitivity
anaysis.

HACCP Hazard Analysisand Critical Control Points (HACCP). HACCP is a management
system in which food safety is considered through analysis and control of biological,
chemical and physical hazards including raw materials, handling, production, distribution
and consumption of the final product.

Important Inputs. An input to which the model output is highly sensitive or that leads to an
outcome of most interest to a decision maker.

Interaction A case in which the effect of an input to the model response depends on the value of
another input. For example, interactions can be represented in regression and ANOVA in
the form of cross-product terms, such as X~ X;, where X; and X; are inputs to the model.

Intermediate Node With respect to CART, an intermediate node refers to a node at which the

data can be successively split in aregression tree.
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Internal input A variable that is an output from a predecessor module and an input to a successor
module for modulesthat are in series.

Leaf Node With respect to CART, leaf node refers to the node at which the penultimate data
was split in aregression tree. The leaf nodeis aso referred to as aterminal node.

Level A concept used in ANOVA to refer to specific range of values for afactor.

Local Sensitivity Analysis Local sensitivity analysis focuses on the impact of changes in input
values with respect to a specific point in the input domain. NRSA and DSA are examples
of local sensitivity analysis methods.

Mathematical Sensitivity Analysis Method A category of sensitivity analysis methods that are
typically applied to a deterministic mathematical model. Examples include NRSA and
DSA.

Measure of Sensitivity Anindex by which sensitivity of model output to inputs can be
prioritized or by which insight regarding the sensitivity of the output to inputs can be
obtained. Examples include standardized regression coefficients in regression analysis
and F valuesin ANOVA. Also referred to as sensitivity index.

Model Independent A sensitivity analysis method is said to be model independent if it does not
require any specific assumption regarding the functional form of the model to whichitis
applied.

Model Validation Model validation is the comparison of model results to independent
observations from the system which is being modeled.

Model Verification A process of ensuring that the mathematical structure of amodel, its

computer implementation, and its input assumptions are as intended.
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Monotonic Relationship A relationship that occurs when there is an association between two
variables that is either consistently increasing or consistently decreasing. For example,
the degree of monotonic relationship is measured by the Spearman Correlation
Coefficient.

Monte Carlo Smulation A numerical random sampling method for generating a representative
distribution of values for each of the inputsin a generic exposure (or dose) equation to
derive an output distribution of exposure (or dose) in the population.

Node With respect to CART, anodeisan input variable at which data can be splitin a
regression tree.

Nominal Value A selected point value of a distribution, such as a minimum, mean, median, or
maximum value.

Non-linearity A relationship between two variables in which the change in each variable is not
simply proportional to the change in the other variable. Parabolic and exponential
relationships are examples of non-linearity. Non-linearity may be diagnosed from
bivariate scatter plots.

NRSA Nominal Range Sensitivity Analysis —a mathematical technique in which oneinput at a
timeisvaried over arange from low to high, while other inputs are held constant at a
nominal value.

P Value The probability of obtaining a more extreme value for atest statistic under the
assumption that the null hypothesisistrue. The P value is compared with the chosen
significance level of the test and, if it issmaller, the result is said to be significant.

Path or Classification Rule With respect to CART, a set of conditions on the input variable

from the root node leading to aleaf node in aregression tree.

210



Pearson Correlation Coefficient A type of correlation coefficient that eval uates the strength of
linear association between paired random output samples of output and input values. It is
also known as the sample correlation coefficient.

Probabilistic Analysis A numerical analysisin which frequency (or probability) distributions
are assigned to represent variability (or uncertainty) in model inputs and random
sampling techniques are used to generate model input samples that are then propagated
through the model to obtain a sample from the distribution of an output variable(s) of
interest.

“ Push-Button” Techniques A term used to refer to sensitivity analysis techniques that are
built-in features of commonly used software packages. For example, the ability to
calculate sample correlation coefficients is a built-in feature of Crystal Ball™.

Qualitative Input See categorical inpuit.

Quantitative Input An input that takes numerical values. Quantitative inputs can be continuous
or discrete. Examples include income, age, temperature, and time.

Rank Correlation Coefficient See Spearman correlation coefficient.

Realization A realization refers to one model simulation based upon one randomly sampled
value for each probabilistic input.

Refined Analysis An analysisthat isintended to be more comprehensive and/or accurate than a
screening analysis. A refined analysis typically requires greater resources of time, effort,
and computation than a screening analysis, but is expected to provide more detailed and

robust insights.
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Response Surface Method A sensitivity analysis method that develops a simplified version of
the original model so that it is possible to retain the key characteristics of the model and
to shorten the amount of time required to predict the output for a given set of inputs.

Root Node With respect to CART, the first node at which data are split in aregression tree.

RTE Ready-to-Eat food. A food that can be consumed safely without further heat treatment,
including reheating. Examples include deli salads, bagged salads, and hot dogs.

Sample Correlation Coefficient See Pearson correlation coefficient.

Sampling Distribution A probability distribution for a statistic, typically estimated based upon
random sampling error. A sampling distribution is the basis for estimation of confidence
intervals for a statistic.

Saturation point A saturation pint is avaue for amodel input above which thereis no change
in the output, but below which there can be substantial variation in the output. For
example, the maximum population density.

Scatter Plot A figurein which individual data points are plotted in two-dimensional space.

Scenario A set of facts, assumptions, and inferences about a problem of interest that helps an
anayst in evaluating, estimating, or quantifying the problem of interest.

Scenario Uncertainty Uncertainty reflecting that a defined scenario may fail to consider all the
factors and conditions contributing to the variation of the output. In the case of the food
safety process risk models, scenario uncertainty is typically associated with missing or
incomplete information needed to fully define exposure and dose.

Screening Sengitivity Analysis  Can be used to identify subset of inputs that controls most of the

output variability with low computational effort especially in models that are

212



computationally extensive and have alarge number of inputs. Screening methods are
typically less accurate than refined methods and may be used in tiered approach.

Sengitivity Analysis  The assessment of the impact of changes in input values or assumptions on
generated output values.

Sensitivity Index A quantitative measure of the degree of association between changesin the
values of amodel output relative to changesin the values of a model input

Smulation A series of calculations that attempt to predict a value or outcome. Simulation is
useful for exploring outcomes that are not observable under the conditions of interest, or
an outcome whose occurrence is potentially dangerous.

Spatial Dimension of a Scenario  The spatial considerations for a scenario including the relevant
geographic area. Depending upon the level of detail of the model, it may be necessary to
incorporate multiple scales of geographic information.

Spearman Correlation Coefficient A measure of the strength of the monotonic relationship
between two random variables. Thus, it is applicable to situations where thereisa
monotonic nonlinear relationship. It is also known as the rank correlation coefficient.

Satistical Sensitivity Analysis Methods A category of sensitivity analysis methods that are
typically applied to probabilistic models for which random samples are generated for
model inputs and corresponding samples are estimated for model outputs. Examples of
statistical sensitivity analysis methods include correlation analysis, regression analysis,
ANOVA, and CART.

Satistical Sgnificance The satisfaction of a statistical criterion determined by a priori
specification of an acceptable probability of wrongly rejecting atrue hypothesis (i.e.,

usually 0.05 percent).
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Threshold A vauein an input domain below which amodel output does not respond to changes
in the input. An example is a specific storage temperature below which zero growth is
estimated for an organism.

Temporal Dimension of a Scenario The temporal dimension of a scenario typically include: (1)
the time for each major step in a process; (2) the activity patterns of individuals or
agencies; (3) “seasona” effects, whether at a short time scale (e.g., daily, weekly) or a
longer scale (e.g., monthly, quarterly, annual); and (4) the time period associated with
occurrence of illness as aresult of one or more exposures.

Treatment With respect to ANOVA, a specific combination of levels for different factors. For
example, in afactorial design with two factors that have n and mlevels, respectively, n”
m treatments can be specified.

Two-Dimensional Probabilistic Smulation A probabilistic simulation in which variability and
uncertainty in model input are simulated separately.

Uncertainty Lack of knowledge about the “true” value of a quantity, lack of knowledge
regarding which of several alternative models best describes a mechanism of interest, or
lack of knowledge about which of severa alternative probability density functions should
represent a quantity of interest. Uncertainty is a property of an analyst.

Variability Heterogeneity of values over time, space, or different members of a population.
Variability is a property of nature.

What-1f Scenario Analysis A type of conditional analysisin which specific goals with respect to
risk mitigation can be established. As an example of a”what-if” scenario, risk managers

may be interested in decreasing the mean exposure level by a specific amount.
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