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RÉSUMÉ

Les modèles qui servent à simuler le transfert des radionucléides dans l'environnement comprennent
habituellement de nombreux paramètres dont les valeurs sont incertaines. Il est donc essentiel
d'estimer l'incertitude liée à ces prédictions.

Les différentes méthodes permettant de quantifier l'incertitude dans la prédiction par la propagation
des incertitudes de paramètres sont passées en revue. Une approche statistique qui utilise des
techniques d'échantillonnage aléatoire est recommandée pour les modèles complexes comportant de
nombreux paramètres incertains. Selon cette approche, la fonction de densité de probabilité du résultat
du modèle est obtenue à partir de réalisations multiples du modèle, selon un échantillon aléatoire
multidimensionnel des différents paramètres d'entrée. L'efficacité de l'échantillonnage peut être
améliorée par le recours à une méthode stratifiée (échantillonnage hypercube latin). La dimension de
l'échantillon peut également être restreinte quand les limites de tolérance statistique doivent être
estimées.

Les méthodes de classement des paramètres en fonction de leur contribution à l'incertitude dans la
prédiction du modèle sont également passées en revue. On recommande des mesures de coefficient de
sensibilité, de corrélation et de régression qui peuvent être calculées sur les valeurs variables d'entrée
et de sortie produites pendant la propagation des incertitudes dans le modèle.

Une analyse d'incertitude de paramètres a été effectuée pour les modèles de chaîne d'alimentation du
CHERPAC qui estime les limites de confiance subjectives et les intervalles des prédictions à un
niveau de confiance de 95 %. Une analyse de sensibilité est également effectuée à l'aide de
coefficients de corrélation de classement partiel. Cela identifie et classe les paramètres qui sont les
principaux facteurs qui contribuent à l'incertitude dans les prédictions, ce qui guidera ainsi les travaux
de recherche futurs.
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ABSTRACT

Models used to simulate environmental transfer of radionuclides typically include many parameters, the vaules
of which are uncertain. An estimation of the uncertainty associated with the predictions is therefore essential.

Difference methods to quantify the uncertainty in the prediction by propagating parameter uncertainties are
reviewed. A statistical approach using random sampling techniques is recommended for complex models with
many uncertain parameters. In this approach, the probability density function of the model output is obtained
from multiple realizations of the model according to a multivariate random sample of the different input
parameters. Sampling efficiency can be improved by using a stratified scheme (Latin Hypercube Sampling).
Sample size can also be restricted when statistical tolerance limits need to be estimated.

Methods to rank parameters according to their contribution to uncertainty in the model prediction are also
reviewed. Recommended are measures of sensitivity, correlation and regression coefficients that can be
calculated on values of input and output variables generated during the propagation of uncertainties through the
model.

A parameter uncertainty analysis is performed for the CHERPAC food chain model which estimates subjective
confidence limits and intervals on the predictions at a 95% confidence level. A sensitivity analysis is also
carried out using partial rank correlation coefficients. This identified and ranks the parameters which are the
main contributors to uncertainty in the predictions, thereby guiding futher research efforts.

Environmental Research Branch
Chalk River Laboratories

Chalk River, Ontario KOJ 1J0

*Department of Applied Physics and Mathematics
Soreq Nuclear Research Center

70600 - Yavne, Israel

1995 October
AECL-11101
COG-94-242



ESTIMATION OF UNCERTAINTIES IN PREDICTIONS OF
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METHODS AND APPLICATION TO CHERPAC

VALUE AND IMPLICATIONS

Uncertainty in a predicted dose must be estimated as part of an assessment before informed
decisions can be made. This report provides a succinct review of the available methods for
propagating parameter uncertainties and recommends which method is the best for each type
of code. Furthermore, since efforts to improve the accuracy of dose assessments can most
profitably be concentrated on reducing the uncertainty in the parameter values to which the
model is most sensitive, methods for ranking uncertain parameters are evaluated. Uncertainty
and sensitivity analyses are demonstrated using CHERPAC, a time-dependent food model
developed under COG auspices.
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1. INTRODUCTION

In the past few years, the importance of estimating uncertainties in predictions of
environmental transfer models has been recognized. Assessing the effects of all sources of
uncertainty is difficult, but perhaps the easiest effect to quantify is that due to uncertainties in
parameter values. Uncertainties, which are due either to natural variability of a parameter
value or to lack of knowledge of the true value of a parameter, can be assessed using
analytical and statistical methods. These methods will be discussed, as will methods for
determining which parameters have the most effect on model outcome. The food chain
model, CHERPAC, is used to demonstrate two statistical methods of uncertainty analysis and
one method of sensitivity analysis. Recommendations are made to help the reader choose
which method of uncertainty or sensitivity analysis is applicable to a particular code.

1.1 Importance of the Uncertainty Issue

Models of environmental transfer are used to predict consequences of routine or accidental
releases of radionuclides into the environment. They may be used in decision-making when
field measurements are not available or are scarce. Inherently, these mathematical models only
approximate the behaviour of real environmental systems and operate with numerous
assumptions. Furthermore, the models typically include a large number of parameters, the
values of which are uncertain. It is therefore becoming increasingly accepted that results of an
assessment cannot be presented as single values (i.e., best estimates). An estimation of
uncertainty associated with the output of a model is essential and should be an integral part of
the assessment itself.

The uncertainty issue in environmental transfer modelling has been recognized as important
for a decade or more (Hoffman and Gardner, 1983). A recent publication by the International
Atomic Energy Agency is dedicated to this issue (IAEA, 1989). The international program
known as BIOMOVS II (BlOspheric MOdel Validation Study - Phase II) also devotes part of
its efforts to the issue through its Uncertainty and Validation Working Group (Baverstam,
1993).

1.2 Sources of Uncertainty in Model Predictions

Uncertainty in predictions of environmental transfer models is caused by degree of
completeness of the conceptual model, choice of assumptions for the mathematical model,
completeness of the scenario description, and problems with input data and parameter values.

In formulating a conceptual model to simulate the behaviour of a real system, treatment of all
important physical processes should be included. However, since at best the model can only
approximate reality, predictions will always have some uncertainty associated with them.
Furthermore, formulation of the computational model introduces additional uncertainty, since
mathematical or numerical approximations are often chosen for convenience as well as for
accuracy. For example, linear differential equations may be used when relationships are not
necessarily linear. The use of numerical methods can introduce additional uncertainty.



At this point in time, it is difficult to quantify uncertainties arising from the conceptual model
and the coding of the model. By testing the model's predictions against data, with positive
results, it can be assumed that this type of uncertainty is small. Data for this type of model
validation can be obtained from field observations or experiments and must be independent of
those used to develop the model. In addition, codes can be tested against analytical solutions
to verify that the mathematics is functioning as designed, and predictions can be compared
with those of other models (model intercomparison) to judge how close the results are to
consensus.

Uncertainties are also associated with preparing data for the code based on a specific scenario
description. Often times the user's interpretation of the data, i.e., his assumptions, can have a
profound effect on the model predictions. To quantify this is the focus of a working group in
BIOMOVS H (BIOMOVS II, 1993).

Uncertainty in measured input data driving the model (e.g., air or ground concentrations) is
generally due to measurement errors and to an insufficient resolution in time and space of the
observations. To reduce this uncertainty may entail defining special monitoring networks and
procedures. Quantitative assessment of this type of uncertainty is the job of the data
collectors. In addition, parameters with uncertain values within the model itself (e.g., rate
constants of transfer between different environmental compartments, food consumption rates,
etc.) always have some uncertainty associated with their values. This may be due to natural
variability in time and space or lack of knowledge when only few experimental data are
available. It may also be that the specific conditions for which the parameter values were
derived are not appropriate to the conditions in which the model is to be applied. These
uncertainties in parameter values, the subject of this report, are the one type of uncertainty
that can be easily quantified through performing a parameter uncertainty analysis (see Section
1.3).

13 Definitions

A mathematical model can be practically viewed as a function Y of independent variables X,,
X2, ..., X,,, and possibly also of time t.

Y = f{Xx,X2l . ..,Xml t )

For example, if we deal with radionuclides in a food chain model, the output function Y may
be ingestion dose to man while X,, X2, etc. represent parameters such as deposition velocity,
concentration ratio, diet and so on. As mentioned above, uncertainty in Y is a function of
uncertainty in the data driving the code and in the parameter values within the code itself.
For the sake of simplicity we shall henceforth refer to both the measured driving variables
and the parameters within the code as input parameters or variables of the model. A
convenient way to represent uncertainty in input parameter values is to describe them as
probability density functions.



Parameter uncertainty analysis is defined as being the determination of uncertainty or
imprecision in Y resulting from the collective variation in X,, X2) .... Xm. The uncertainty
associated with Y can be conveniently described as a probability density function,
summarizing estimates of its range, mean, variance and different percentiles.

A parameter uncertainty analysis deals only with uncertainty introduced by estimating or
deriving values of the model parameters. In some cases where different submodels are
available to describe one important process, alternatives are numbered and the numbers are
used as the values of an additional uncertain parameter (i.e., the submodels are sampled with
a certain probability in a series of realizations of the code).

Steps of a parameter uncertainty analysis are as follows:

• Identify the parameters that are potentially important contributors to the uncertainty in the
model prediction on the basis of previous knowledge or of preliminary sensitivity
calculations.

• Select for each parameter a probability density function that best fits the subjective
distribution of its values according to a survey of experts' opinions.

• Account for dependencies between parameters by introducing restrictions and measures of
the degree of association, such as correlation coefficients.

• Propagate the probability density functions of the parameters through the model to
generate a probability density function of the predicted values.

A closely related area is sensitivity analysis. It is defined as being the determination of the
change in Y in response to individual changes in input parameter values. Sensitivity analysis
therefore is used to identify the main contributors to variation or uncertainty in Y. The last
step in an uncertainty analysis should be the ranking of parameters according to their
contribution to the uncertainty in the model prediction.

2. METHODS OF PROPAGATION OF PARAMETER UNCERTAINTIES

A feeling for uncertainty in predictions can be gained by running the code with extreme
values of input parameters or by checking the effect on the predictions of varying the values
of an individual parameter. However, to quantify uncertainty in the prediction of a
mathematical model, (i.e., to propagate through the model the probability density functions of
the uncertain input parameter values to produce a probability density function of the
prediction), two general approaches can be used: the analytical approach and the statistical
approach.

2.1 Analytical Methods

In limited instances, uncertainty in the prediction can be estimated analytically when the
model structure is simple and properties of assumed distributions of parameter values are
straightforward. For instance, such an approach is possible with a multiplicative chain model
in which the output is the product of lognormally distributed input variables. The output will



also have a lognormal distribution. This approach has been used with equilibrium food chain
models (Hoffman and Baes, 1979; Shaeffer, 1980; Hoffman et al., 1982).

In general, if the model can be reduced to an algebraic equation, common methods such as
variance propagation and moment matching can be applied. A good presentation of both
methods, including examples, appears in IAEA Safety Series No. 100 (IAEA, 1989).

2.2 Statistical Methods

Analytical methods are generally not applicable when models are more complex. Complex
models have many input and output variables, are not easily reduced to a single system of
equations, show discontinuities in model behaviour and have correlations among input
variables. For complex models, a statistical approach based on a stochastic (Monte Carlo)
technique should be used Several alternative methods are outlined below.

2.2.1 Simple Random Sampling

This is the basic method of Monte Carlo implementation of a model. The different steps in
applying the method are as follows:

(a) values for each input parameter are described by a probability density function (pdf)
(b) a large number of samples is taken randomly from each pdf. These randomly sampled

values for each input parameter are combined as sets of random input to the code

A -
, J. —

(c) the model is run for each set of randomly selected input variables, and multiple values
of each output variable are obtained

, i = 1, 2 , . . . , m

(d) the set of Y® values is used to provide a representation of the true output distribution.
The sample size m has to be large enough for the representation to be reliable.

The main advantage of this method is its very general applicability: there is no restriction on
the type of parameter distributions or of the functional relationship between input and output.

The major disadvantage of this method is the large sample size needed, typically of the order
of several thousands or more, which may be prohibitive for codes even with moderate running
times. Moreover, the method cannot be easily used to assess the sensitivity of the results to



changes in the pdfs of the input parameters, since the whole analysis has to be performed
again.

This method has been used with relatively simple radio ecological models, which did not lend
themselves to analytical methods (O'Neill et al., 1981; Matthies et al., 1981; Schwarz and
Hoffman, 1981; Hoffman et al., 1982).

2.2.2 Stratified Random Sampling

Methods of constrained or stratified sampling were developed to reduce the large sample size
necessary for simple random sampling. The best-known method of stratified sampling is Latin
Hypercube Sampling (LHS) (McKay et al., 1979; Iman and Shortencarier, 1984). Its steps are
presented below.

(a) The range of each input variable (described by a pdf) is divided into n intervals of
equal probability.

(b) For each variable, one value is selected randomly in each interval according to the pdf
of the parameter values

(c) The n values of variable 1 (X,) are paired randomly with the n values of variable 2
(X2), creating n pairs (X,,X2). These n pairs are in turn combined randomly with the n
values of variable 3 (X3) to form n triplets (XUX2,X3), and so on, until a set of n
m-tuples is formed, which is the Latin hypercube sample of size n.

Stratified sampling ensures that even a moderate sample size is sufficient to cover the range
of input variables: only tens to a few hundred intervals, and therefore runs, of the computer
model, are typically needed.

A restricted pairing procedure has been added in order to avoid undesired pairwise
correlations among some of the variables (Iman and Conover, 1982). This technique also
permits the induction of a rank correlation structure among specified input variables.

LHS has been used for uncertainty analyses of some complex radioecological and
consequence models (Alpert et al., 1985; Iman and Helton, 1988). Due to its advantages, this
method has become increasingly popular and is implemented in commercial software
packages such as Crystal Ball (Decisioneering Corporation, 1990).

The main disadvantage of LHS is that the estimates of the prediction pdf and its statistics are
biased by a generally small amount.

2.2.3 The Response Surface Method

Response surface techniques have been used since the fifties to solve various problems in
fields such as chemical engineering, agriculture or mechanical engineering (Box et al., 1978).
The use of the response surface method in uncertainty analysis is intended to overcome
disadvantages of simple random sampling. It has been applied in nuclear safety (Cox, 1977;



Vaurio and Mueller, 1978; Olivi et al., 1984), in accident consequence analysis (Hofer and
Krzykacz, 1981) and in food chain dose assessment (Downing et al., 1985).

The basic idea is to replace the complex output function

Y = f{Xlf X2, . . . , Xm)

by an analytical approximation

the response surface, which is a simple function of the input parameters, e.g. a low-degree
polynomial.

The uncertainty in Y resulting from the joint variation in X,, X2, ..., Xm is estimated by using
YRS. A Monte Carlo simulation of the relatively simple response surface is not restricted by
cost considerations.

The different steps in applying the method are (CEC, 1984):

(a) selection of a restricted group of n important input parameters to be analyzed,
generally on the basis of a preliminary sensitivity analysis.

(b) selection of a sample of values for each of the group parameters. The sample selection
is performed according to an experimental design (Kleijnen, 1975; Box et al., 1978;
Montgomery, 1984), in order to minimize the number of experimental points needed to
get the required information.

(c) execution of simulation runs of the model ("experiments") for different sub-groups of
the sample according to a specified order. The different realizations of the output
function Y; are used to build the response surface YRS by regression methods. A
typical surface is represented for instance by a second-degree polynomial with
cross-terms:

where b0, bk, b ^ and bkj are coefficients answering to the least squares criterion.

(d) The function YR,, is used as a replacement to estimate by Monte Carlo simulation the
distribution of the output function Y.

The main disadvantage of the method is the difficulty in assessing the validity of
approximating the original output function by the response surface on the whole parameter
space. This approach has nevertheless some advantages:



It is economical, since a response surface can generally be fit with several tens of
model runs.

It is convenient when one has to investigate the influence of different distributions of
input parameters. Only the last step has to be repeated, and this can be done
economically.

Regression coefficients may serve as estimates of sensitivity coefficients.

2.2.4 Statistical Tolerance limits

Developed within the framework of non-parametric statistics, statistical tolerance limits are
defined: for any distribution of measurements, a one-sided tolerance limit is given by the
largest (or the smallest) value from a sample of size n, where n is determined so that one may
be confident at a level of (100*g)% that at least (100*a)% of the measurements will be
smaller than the largest value in the sample (or larger than the smallest value in the sample)
(Walpole and Myers, 1985).

It is therefore possible to determine an upper (lower) limit for the model output by performing
a limited number of Monte Carlo runs and selecting the maximal (minimal) prediction value.
The derivation of size n of the simple random sample is given by (Hofer and Krzykacz,
1984):

n * I n (1-y) / I n a

If for instance a = y = 0.95, n > 58. In other words, the maximum predicted value from a
random sample of size 58 (or larger) is an upper 95% confidence limit of at least the 95%
percentile of the distribution of the model prediction.

Advantages of the method are the relatively low number of runs required and the fact that it
is not dependent on the type of output distribution. However, it does not provide the whole
distribution, but only an upper (or lower) limit for a specified percentile.

23 Recommendations

Analytical methods are recommended whenever they are applicable. However, it may be
assumed that most models of environmental transfer e.g., dynamic food chain models, are
complex enough to preclude the use of analytical techniques.

None of the statistical methods presented is best in all instances. The choice of a method
depends on the model to be analysed and the questions to be answered by the uncertainty
analysis:
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1) When the computer code is fast and inexpensive to run and a complete analysis of
uncertainty in the output is needed, simple random sampling (Monte Carlo) is
preferred. Confidence limits on estimates of the mean, the variance, and percentiles of
the prediction pdf can then be computed directly.

2) When computer resources are limited and a complete analysis of uncertainty in the
output is needed, stratified random sampling (LHS) is recommended. Its limitations
should be kept in mind, however: estimates of the prediction pdf and its statistics are
biased, although the amount of bias is generally small.

3) When the probability distributions assumed for the input variables are highly uncertain
("uncertainty in the uncertainty"), it may be constructive to repeat the analysis with
different distributions. In this case the response surface method is appropriate, since
the surface simulation is the only stage to be repeated, and it can be done efficiently.
However, it is difficult to assess the validity of the response surface on the entire
parameter space.

4) Finally, when the analysis is intended to provide only upper or lower limits of a
desired percentile of the prediction distribution, computation of distribution free
statistical tolerance limits from a simple random sample is sufficient.

Correlations between pairs of parameter values will exist in models that treat processes which
are correlated in nature (e.g., the inverse correlation between the binding of a nuclide to soil
and the availability of that nuclide to the root for uptake). When using statistical methods,
correlations should be taken into account to avoid unrealistic combinations of parameter
values and to reduce the corresponding exaggerated variability in the calculated endpoints.
Various methods for incorporating correlations into an uncertainty analysis exist; the
covariance matrix method has been recommended by BIOMOVS (Baverstam, 1993).

Since uncertainty analysis is subjective, whatever method used should be documented very
carefully so that others will be able to evaluate what was done.

3. METHODS FOR RANKING UNCERTAIN PARAMETERS

One of the goals of an uncertainty analysis is to rank model parameters according to their
contribution to overall uncertainty in the model prediction. This ranking may then provide a
criterion to efficiently allocate further research efforts aimed at reducing overall uncertainty.

This task can be performed using two different approaches, depending on model type and
complexity. It can be conducted either within the framework of classical sensitivity analysis,
or by applying methods of correlation and regression and using related measures of
sensitivity.



3.1 Classical Sensitivity Analysis

In its simplest form, sensitivity analysis consists of varying (perturbing) selected input
parameter values, one at a time, over a specified range and recording the corresponding
changes in the model predictions. Those parameters causing the largest relative changes in
predictions are defined as important. However, this procedure should be used as a preliminary
tool only in view of its very limited scope, since the results may strongly depend on the
magnitude and direction of the perturbation in the selected input parameters. Moreover, it may
be a prohibitively time-consuming task for complex models involving many parameters.

A more formal approach consists of calculating sensitivity coefficients which are the partial
derivatives of the output function with respect to the input parameters (Tomovic and
Vukobratovic, 1972). These sensitivity coefficients can be computed two ways. In the first
way, the direct or forward method, a forward system of equations for sensitivity coefficients
is obtained by differentiation of the physical model governing equations with respect to each
of the input parameters. This method can be solved exactly. However, a different set of
equations must be solved for each parameter to obtain the complete matrix of sensitivity
coefficients, since the form of the differentiated equations depends on the particular parameter
considered. According to the other method (adjoint), a system of equations that is adjoint to
the forward system is developed and solved, providing sensitivity coefficients of a single
response function with respect to all input parameters (Cacuci, 1981a and 1981b).

These techniques have been used in reactor physics and thermal-hydraulics for more than a
decade (Cacuci et al., 1980). However, their implementation may require a considerable
amount of code development work (Cox and Baybutt, 1981), particularly if applied to an
already existing code (Toomarian et al., 1988). An automated procedure based on the use of
computer calculus has been developed to implement them more easily (Oblow et al., 1986).
The use of this procedure has been demonstrated with a model of atmospheric dispersion and
terrestrial food chain (Horwedel et al., 1992).

Another disadvantage of this sensitivity approach is its local aspect, i.e. sensitivity coefficients
are calculated at one point in the parameter space of the model, which is generally the set of
nominal (or best-estimate) values of the parameters. In practice, it is necessary to evaluate
sensitivity functions for several sets of input parameter values if large variations in the inputs
are to be accommodated (Cox and Baybutt, 1981), leading to increased computational efforts.

For the above-mentioned reasons, the deterministic approach of differential sensitivity analysis
may not be very practical in most modelling situations. A statistical approach which would
make use of the same information gathered during the propagation of the parameter
uncertainties may be preferred. A statistical analysis of the relationship between selected
values of input parameters and values of model predictions provides measures of sensitivity in
the form of correlation and regression coefficients.
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3.2 Correlation and Regression Measures of Sensitivity

A statistical approach is appealing, since it exploits the random sample of values of input and
output variables generated during uncertainty propagation. Moreover, the measures of
sensitivity are global, since they estimate the degree of association between the output and the
different input parameters over their entire sampled distributions. Sensitivity analysis is here
closely related to the fitting of regression models intended to approximate the relationship
between output and the different input parameter values of the prediction model.

3.2.1 Multiple Linear Regression

If the model prediction Y is a function of parameters X,, X2, ..., Xm, a linear regression model
of the following form can be constructed from a given random sample (Xlj5 X2J, ..., X^j, Yj)
of size n (j = 1, 2,..., n):

Y = a0 + a ^ + a2x2 + . . . + amxm + e,

8 being the residual and the coefficients a,,, a,, ..., a,,, being obtained according to a given
criterion, which is usually the least squares criterion: minimization of £ (Yj - Yj)2, where Y is
the value estimated by the regression model.

A commonly accepted procedure to build the regression model is a stepwise regression
procedure (Draper and Smith, 1966) designed to include in the model only statistically
significant variables. In this procedure, the input parameter having the strongest linear
relationship with Y (the largest sample correlation coefficient) is first selected. Other
parameters are inserted in turn until the regression equation is satisfactory according to a
predetermined criterion. At each step, partial correlation coefficients (see below) are used as a
measure of the importance of parameters not yet in the equation. As a new parameter is
entered into the regression, its partial F-test value is examined for significance, and all
parameters already incorporated into the model are re-examined, possibly leading to their
rejection. The process is continued until no more parameters are admitted and no more are
rejected.

A convenient way to measure the adequacy of the fitted model is provided by the coefficient
of determination R2. The definition of R2 stems from the following property of least-squares
regression

which states that the total variation in Y (sum of squares - SS - about the mean) can be
represented as the sum of the variation due to regression on the X's (SS due to regression)
and the variation due to lack of fit of the model (SS about regression). R2 is defined as the
ratio of SS due to regression to SS about the mean:
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R2 = £ (fj -Y)2 / £ (Yj -Y)

It varies between 0 and 1 and indicates the proportion of the variation in Y that is explained
by the regression model. This explanatory power can also be partitioned among the input
parameters, as proposed by Fisher (1990): the ratio R2

S /R2
t represents the contribution of each

parameter to the variation in Y, R2, corresponding to a regression with parameter X; only and
R2

t to a regression with all the parameters.

It should emphasized that the measures that will be presented are only valid as long as the
relationship between Y and the input parameters is adequately described by the fitted
regression model, i.e. for large R2 values.

Different coefficients of correlation and regression can be computed, either on the values
themselves or on rank-transformed values. They may be used in ranking the contribution of
different uncertain parameter values to uncertainty in model predictions.

3.2.2 Standardized Regression Coefficients (SRC's)

The coefficients â  i = 1, 2, ..., m of the multiple linear regression model are the partial
derivatives of Y with respect to the input parameters X;. The aj indicate the change in Y
associated with a unit change in Xi( all other Xk, k * i, remaining constant. These regression
coefficients therefore provide a measure of the sensitivity of the output to changes in the input
parameters. However, since the values of the coefficients depend on the units in which the
parameters are expressed, they cannot serve to measure the relative importance of the
parameters.

If Y and X; are standardized according to

Y* = (Y - T) / sY, X- = (Xi - X - i ) / s x i , i = l , 2 , . . . , m

where Y and X; are the sample means and sY and sxi are the sample standard deviations, the
linear regression model in the standardized variables is:

Y* = a x X + a;x; + . . . + a'X*

The coefficients a;*, i = 1, 2, ..., m are called standardized regression coefficients. They
indicate how many standard deviation changes in Y are associated with one standard deviation
change in Xj, all other Xk, k * i, remaining constant. They can therefore provide a measure of
the relative importance of the input parameters.
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However, if strong correlations exist between uncertain parameters, SRC's estimated from
different random samples of size « may show a large variability (IAEA, 1989). The ranking
by SRC's is in this case less reliable than in the case of weak or no correlations.

3.23 Partial Correlation Coefficients

A partial correlation coefficient (PCC) indicates the degree of linear relationship between
those portions of the model prediction and the uncertain parameter that cannot be explained
by a linear relationship of each to the remaining uncertain parameters. In other words, a PCC
measures the linear relationship between the model prediction and an input parameter, with
the possible linear effects of the remaining parameters removed.

The partial correlation of Y and X;, adjusted for all Xk, k * i, may be explained as follows:

if Y = Jb0 + S jbjjJfj. + ex and Xi = c 0 + S CyXk + e2

are linear regression models for Y and Xs in the variables Xk, k = 1, 2, ..., m, k * i, then the
PCC of Y and X; is the correlation coefficient of the residuals e, and e^

From a given random sample (X^, X2j, ..., XmJ, Yj) of size n (j = 1, 2,..., n), the sample PCC
is obtained as the sample correlation coefficient rrlr2 of the residuals ( e, „ e2l), ( e, 2, e2^),
- . (eu'

Both measures, SRCs and PCCs, are closely related (Iman et al., 1985):

PxiY

where PXiY is the PCC for X; and Y
Bj is the SRC for Xj
RXi

2 is the coefficient of determination of the regression of X; on Y and the remaining
X's
RY

2 is the coefficient of determination of the regression of Y on the X's

Both measures are useful in ranking the importance of input parameters. Although the
rankings provided are generally similar, they are not necessarily identical, since they yield
different types of information. The PCC's measure the unique or unshared contribution of
each variable, while the SRC's parcel out the non-unique or shared contribution in a manner
consistent with maximizing the explanatory power of the regression model (Iman et al., 1985).
The ranking may be based on absolute values of either the partial derivatives of the
standardized regression model (SRC's) or unique contributions of the input parameters to the
explanatory capability of the fitted model (PCC's).
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3.2.4 Coefficients Calculated on Rank-Transformed Data

Nonlinear relationships between variables as well as extreme values may affect the ability to
use the previous measures, which are based on an assumption of linearity. However, if raw
data are replaced by rank-transformed data (the smallest value of each variable being assigned
the rank 1, ..., up to the largest value of a sample of size n being assigned the rank n), the
same regression procedures can be applied on the ranks. The rank transformation tends to
linearize monotonic nonlinear relationships and to reduce the effects of extreme values.
Standardized regression coefficients and partial correlation coefficients can then be calculated
on rank-transformed data. SRRC's and PRCC's are indicators of the degree of monotonic
relationship between sample values of the model prediction and uncertain parameters. As
such, they are expected to provide generally a more suitable ranking means than indicators of
the degree of linear relationship only.

3 3 Recommendations

Although automated procedures are available nowadays to help implement classical
(differential) sensitivity analysis (Horwedel et al., 1992), the statistical approach is more
appropriate for most of the situations in which environmental transfer models are analysed.
This is because the approach is economical (i.e., it uses the same information that was
produced during propagation of parameter uncertainties) and because the derived measures of
sensitivity are global (i.e., parameters are allowed to vary over their whole ranges, as opposed
to differential sensitivity analysis being locally performed around a point in the parameter
space).

It is important to remember that sensitivity measures derived from regression are meaningful
only as long as the regression model has a high explanatory power (expressed by the
coefficient of determination R2).

A FORTRAN 77 code is available to calculate PCC's and SRC's on raw data as well as on
rank-transformed data (Iman et al., 1985). The use of both the SRC and the PCC is
recommended, since the information they provide is slightly different and complementary.
Moreover, since the relationships between model predictions and uncertain parameters of
interest are more likely to be nonlinear (but monotonic) than linear, the use of coefficients
calculated on rank-transformed observations is recommended.

Some tests of significance are proposed to determine if the absolute values of the computed
coefficients are statistically significant. For instance, an approximate test for the PRCC is
proposed by Fisher (1990): a PRCC is significant if its absolute value is larger than the
critical value:

tm/2.n-m I <n " m
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where n is the sample size, m the number of uncertain parameters, a the significance level
and to/2>n.m the (1 - oc/2)-quantile of the t- distribution with n-m degrees of freedom.

It therefore follows that increasing the sample size may increase the number of uncertain
parameters which have statistically significant sensitivity coefficients. However, generally only
a small number of the uncertain parameters are important, and rankings beyond these
parameters have little meaning.

To get statistically stable results in a sensitivity analysis, it seems preferable to have a larger
random sample than the one strictly needed to propagate the uncertainties (Fisher, 1990).

Finally, it is worth mentioning that other techniques of sensitivity analysis are emerging, like
the uncertainty reduction method (Ishigami and Homtna, 1989), which was compared with
PCC/SRC and PRCC/SRRC and was shown to lead to close results (Togawa and Homma,
1991). However, at the present stage, it seems too early to endorse this promising method and
choose it over the more established method based on regression.

4. UNCERTAINTY AND SENSITIVITY ANALYSES OF THE CHERPAC FOOD
CHAIN MODEL

The CHERPAC food chain model is typical of models used to simulate the environmental
transfer of radionuclides. It has many parameters with uncertain values and its predictions are
therefore uncertain. Furthermore, its complex structure prevents the use of analytical methods
to propagate parameter uncertainties.

CHERPAC is described, as well as its parameters and the scenario in which it was used.
Methods recommended in the two previous chapters are then applied to estimate uncertainty
in the predictions of the model (uncertainty analysis) and to rank its parameters according to
their contribution to this uncertainty (sensitivity analysis).

4.1 The CHERPAC Food Chain Model

4.1.1 Model Description

The version of CHERPAC (Chalk River Environmental Research Pathways Analysis Code)
that will be described here was current between January 1991 and October 1992. Numerous
changes and improvements have since been made to the code.

CHERPAC is a time-dependent assessment model which calculates average monthly
concentrations in various foodstuffs plus body burden and dose for 137Cs using
finite-difference equations. The accuracy of predictions is limited to a few years
post-accident. The starting point is daily air concentration of radionuclide and daily quantity
of precipitation. The daily fraction of contaminated food for cattle is also given as input.
Being designed to calculate doses after the Chernobyl accident, the code's use is limited to an
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accident occurring in late Spring in a temperate zone where pasture is growing but other crops
have only just been planted.

The structure of CHERPAC loosely follows that of a steady-state model for calculating
derived release limits (CSA, 1987). Most calculations are made either 10 times per day or
daily. Dose is calculated from ingestion, inhalation, immersion in the plume and external
irradiation from surfaces. Monthly average concentrations in soil, leafy vegetables, non-leafy
vegetables, potatoes, rootcrops other than potatoes, fruit, grain, milk, beef, pork, eggs and
poultry are given as output. In addition, monthly average concentrations in the food fed cattle
and in human diet are given.

Assumptions will be discussed with the appropriate pathway. Information for uncertainty
analysis is given in the Appendix.

4.1.1.1 Deposition, Soil and Pasture Concentrations

Both wet and dry deposition to pasture are calculated daily. Dry deposition to pasture is
given in m s'1 with 100% retention, and wet deposition is given as the washout ratio, m3

air/m3 rain, with 10% retention.Assuming that the periods of wet deposition are short (perhaps
only an hour per day), dry deposition is treated as continuous.

Activity in soil comes from washoff (the portion of wet deposition that is not retained by
pasture vegetation - in this case 90%) and weathering of activity deposited on vegetation (the
activity weathers off vegetation with a half-life of 14 d; what is lost from the vegetation ends
up in the soil) less losses due to radioactive decay and weathering from soil. It is assumed
that the cesium is instantaneously mixed in the top 1 cm of soil (density 16 kg m'2) and that
movement downward is at a rate of 1 cm a'1 unless plowing occurs, in which case the cesium
moves uniformly to the top 15 cm and stays there due to annual plowing.

Both deposition and root uptake contribute to the concentrations in pasture vegetation. These
are calculated daily. Pasture is an undefined mixture of grasses and legumes. It is what the
cow grazes, but it also can be harvested and fed at a later time. It is assumed that pasture is
growing continuously throughout the year (until October), that yield is uniform, and that cows
feed on pasture between May and October. Between November and April inclusive, it is
assumed that the cow eats hay harvested in August.

4.1.1.2 Concentrations in Foodstuffs

Monthly average concentrations in leafy vegetables (lettuce, cabbage, spinach, parsley, kale,
etc), non-leafy vegetables (cucumber, tomato, bean, pea etc), rootcrops (radish, turnip,
rutabaga, carrot, etc), potatoes and fruit are all calculated in a similar way. Because of the
time of the Chernobyl accident (before the growing season of many northern countries) only
root uptake is calculated. The equation for predicting concentrations in all vegetables
includes uptake from soil (concentration averaged monthly) and activity from soil adhering to
the plant's surface from resuspension or rainsplash. Fruit is calculated without surface soil
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contamination. Soils in which annual vegetables are grown are plowed annually to a depth of
15 cm; migration of I37Cs in orchard soils is treated the same as in pasture soils.

Vegetables and fruit are considered to be harvested monthly during a particular season.
Processing losses for foodstuffs are averages based on cooking losses and processing losses
for storage.

Concentrations in both winter (wheat, barley, rye) and spring grains (wheat, barley, oats) for
the year of the accident are calculated using an equation (Aarkrog, 1963) which calculates
concentration based on the number of days before harvest that atmospheric contamination
occurred. A portion of contamination due to soil uptake, based on a single monthly average
soil concentration (July), was added to the aerial contamination. It is assumed that humans
and animals ate the same grain, although for humans 50% of the activity was lost due to
processing. It is assumed that the single harvest was in August.

Concentrations in milk and beef are modelled similarly, although the parameter values are
different. Activity from diet and from inhalation contribute to body burden, and from the
body burden a fraction of activity passes to milk or beef. Each day cows can receive a
different fraction of total food that is uncontaminated (from 0.0 when on pasture to 1.0 when
stabled). Calculations are made on a daily basis but the output is a monthly average.

The model for calculating concentrations in pork and poultry is similar.. Each month an
average concentration is calculated based on a specific diet. In the case of poultry , the daily
diet is uniform. In the case of pigs, each day a set quantity of milk is consumed, but grain
intake is variable by month; slaughter occurs at 6 months for pigs and 4 months for chickens.
When a cohort is slaughtered, a new "just-born" cohort enters the system. Pigs are assumed
to weigh 100 kg at slaughter, poultry 1 kg. For pigs, body burden includes the contribution
from inhalation. For chickens, a version of the equilibrium transfer from feed and ingested
soil to chicken is used, coupled with a loss rate.

Concentrations in eggs (by weight) are calculated using the equilibrium transfer factor from
ingested soil and food to eggs.

4.1.1.3 Whole Body Concentrations and Doses

Our average human is male and 20 years old, Daily diet is 2600 kilocalories. Body burden
was calculated daily both from ingestion and inhalation. Half life for cesium in the body is
considered to be 89 d.

Inhalation and ingestion doses calculated are the committed effective dose equivalents based
on concentrations in air inhaled and food ingested. To calculate dose from immersion in the
plume, it is assumed that the occupancy factor in the plume is 0.1. Shielding reduction due to
housing is 0.5 (averaged between home and work). To calculate external dose, 0.23 is the
dose reduction factor for being indoors, and 0.7 is the reduction of dose due to non-uniformity
of surfaces.
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4.1.2 The Computer Code

The computer code, written in FORTRAN 77, was originally to be run on a CYBER
mainframe computer under the NOS/VE operating system. The code was adapted to be run on
a 386 personal computer. A typical run (calculations up to three years following the release)
takes approximately 10 seconds on a 386 computer equipped with a math co-processor and
running at 25 MHz.

A version of the CHERPAC code was also prepared for uncertainty analysis. Its input is the
output generated by a random sampling program, in which each line contains sampled values
of the model parameters for a separate run. The code performs multiple runs according to the
number of lines of the sample.

4.2 Parameters of the CHERPAC Model

CHERPAC has numerous input parameters that describe processes in the following fields:

• atmosphere-plant-soil relationships: dry and wet deposition, interception by plant
surfaces, weathering from plant surfaces, root uptake, leaching in soil;

• agricultural practices: crop yields, harvest dates, food processing;
• animal husbandry (diet, slaughter) and metabolism (absorption, transfer, excretion);
• human diet, lifestyle, metabolism and dosimetry.

Seventy of these parameters were identified as having uncertain values, but this number may
be reduced as site-specific and scenario-specific information becomes available. These
parameters are listed in the Appendix under two separate headings: 1. parameters describing
human diet and metabolism of cesium and 2. other parameters. This distinction is needed for
the analysis, as will be explained below. Some parameter values are "hard-coded" within the
code and may be uncertain. This is particularly true of values for things such as harvest dates
which are based on assumptions. These variables will contribute to real uncertainty in the
predictions but will not be assessed by a parameter uncertainty analysis.

Model parameters are best described by subjective probability density functions (pdfs). Each
pdf expresses the present state of knowledge about the appropriate parameter value. The
ranges and subjective pdfs were prepared following a thorough literature survey and analysis
of published data, according to the procedure recommended in IAEA Safety Series No. 100
(IAEA, 1989). From all alternative values for each parameter, the authors independently
selected ranges which they felt would include all appropriate parameter values. The ranges
and pdfs presented in the Appendix are those they agreed upon.

The large range of some parameters (e.g. deposition velocity, washout ratio, concentration
factors from soil to plants) reflect the fact that information of a very generic nature was used
in their derivation. When the model is to be used for a specific site, additional information
should help to derive reduced ranges.
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Dependencies between parameters were accounted for by assigning correlation coefficients to
some pairs of parameters (see the Appendix).

43 The Studied Scenario

CHERPAC was used to model body burden of 137Cs in residents of Central Bohemia, in the
Czech Republic, during the three years following the Chernobyl accident. This modelling
exercise was conducted in the framework of the IAEA/CEC Coordinated Research Programme
on the "Validation of Models for the Transfer of Radionuclides in Terrestrial, Urban and
Aquatic Environments (VAMP)" (IAEA, 1995). The exercise was designed to be a "blind
test", in that the location of the site was not revealed until after predictions had been
submitted. Thus when the distributions of parameter values for the uncertainty analysis were
selected, they were chosen from generic or global distributions with maximum uncertainty.

Given measured air concentrations and amounts of precipitation at different sites scattered in
the studied area, the participants were asked to predict, on a monthly basis, 137Cs
concentrations in different foodstuffs, its concentration in man (body burden), as well as the
resulting radiation dose. In the following text, reference will only be made to body burden,
since its estimation involves all the processes described by the CHERPAC model.

Two uncertainty analyses were performed, according to the questions asked in the modelling
exercise:

(1) In the first analysis, intended to provide uncertainty estimates (the 95% subjective
confidence interval) about the predictions (average body burden in humans as a
function of time, from April 1986 till March 1989), all 70 parameters were pooled and
allowed to vary.

(2) The goal of the second analysis was to simulate the variability of the body burden
among individuals for the second quarter of 1987 and the first quarter of 1989,
including estimates of uncertainty about the predictions. This analysis was conducted
in two stages:

• In the first stage, the only parameters allowed to vary were those related to the
human diet and metabolism of cesium (15 "human" parameters describing the daily
consumption of different foodstuffs, daily inhalation, weight of an adult, fraction
absorbed in the lung and loss rate from the body). The remaining ("other")
parameters were ascribed their best estimate values. A distribution of output values
was obtained, which simulated the variability in body burden among individuals.

• In the second stage, 95% confidence intervals about some fractiles of the distribution
(10%, 50% and 90%) were estimated by keeping the 15 human parameters constant
(for the combinations of values leading to the specified fractiles) and varying the
remaining 55 parameters.
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4.4 Results of the Uncertainty Analysis

Two statistical methods of uncertainty analysis were used to provide uncertainty estimates of
the predictions of the CHERPAC model for the studied scenario. Their results were then
compared.

4.4.1 Stratified Random Sampling

An analysis by simple random sampling, involving thousands of runs of the code, would be
prohibitively long. Therefore, according to the recommendations in paragraph 2.3 above, a
method of stratified random sampling - LHS - is preferred.

The LHS program of Iman and Shortencarier (1984) was adapted to run on a 386 personal
computer. It was used to prepare a sample of size 100, which was then read as input by the
uncertainty version of CHERPAC to perform 100 runs of the code. This sample size has
proved sufficient with other complex computer models (Iman and Helton, 1988).

The 100 values of the output variables under consideration (the I37Cs body burden on a
monthly basis during the period April 1986 - March 1989) were then analysed, in order to
estimate their empirical distribution functions, as well as their means, variances and different
percentiles. As an example, the pdf obtained for September 1986 is displayed in Figure 4.1. It
relates to the first scheme, in which all parameters were allowed to vary simultaneously. It
can be seen from Figure 4.1 that the predicted body burden in September 1986 is below
1,200 Bq kg'1 at a confidence level of 95%, given the assumed probabilistic representation of
the parameters and provided uncertainties not quantified may be neglected.

Results of the analysis, according to this scheme, are presented in Figure 4.2 for the whole
studied period. Predictions of body burden using best estimated values of the model
parameters can be seen, along with the 2.5% and 97.5% percentiles of the distributions
obtained for each month. The body burden predicted in the second quarter of 1987 lies
between 11 and 450 Bq kg'1 at a confidence level of 95%, given the same limitations as
above. The wide uncertainty band is a consequence of the large range of values of some of
the parameters.

Results of the analysis according to the second scheme are presented in Figures 4.3 and 4.4,
for the second quarter of 1987 and the first quarter of 1989 respectively. In these figures, the
central curve is the complementary cumulative distribution function (ccdf) of the body burden.
It was obtained by varying exclusively the 15 parameters describing the human diet and
metabolism of cesium, and it therefore simulates the natural variability of the body burden
among average individuals. The two outer curves define a 95% uncertainty band about the
central curve. They were derived by varying all the other parameters, which were previously
kept at their best estimated values. In Figure 4.4, due to the natural variability among
individuals (central curve), there is a probability of 0.1 for the body burden to exceed a value
of 17 Bq kg'1 during the first quarter of 1989, assuming the other parameters were best
estimates. Furthermore, given the assumed quantification of the uncertainties for the "other"
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parameters and provided uncertainties not quantified may be ignored, the value of the body
burden predicted, that is exceeded with a probability of 0.1, lies between 6 and 210 Bq kg"1 at
a confidence level of 95%.

4.4.2 Statistical Tolerance limits

In some instances one is not interested in the whole probability distribution of the output, but
only in extreme values, e.g., when compliance with regulations has to be proved. The method
based on the definition of statistical tolerance limits (see paragraph 2.2.4 above) calculates an
upper limit of a specified percentile, at a specified confidence level, by performing a
stochastic simulation of the model based on a limited number of runs of the computer code.

According to the case presented in paragraph 2.2.4, a simple random sample of size 58 was
prepared for the 15 parameters describing man's diet and metabolism of cesium, the remaining
55 parameters being set at their best estimate values. 58 runs of the CHERPAC code were
then performed with the sample as input. The largest value among the 58 values of each of
the output variables (the 137Cs body burden during the second quarter of 1987 and the first
quarter of 1989) is an upper (95%, 95%) statistical tolerance limit, which is an upper 95%
confidence limit of the 95% percentile of the subjective probability distribution of the output.
In other words, there is a probability of 95% that the largest value is larger than the 95th
percentile of the output distribution. The largest values among the two sets of 58 values were
found to be 140 Bq kg'1 and 24 Bq kg"1 respectively. One can thus be 95% confident that
those values are not underestimates of the 95th percentiles.

95th percentiles of the empirical distributions obtained by the previous method were estimated
to be 120 Bq kg"1 and 18 Bq kg1 respectively, as can be seen on the central curves of Figures
4.3 and 4.4. They are upper 95% subjective confidence limits, i.e. the values to be predicted
are below those values at a subjective confidence level of 95%.

The (95%, 95%) statistical tolerance limits are, as expected, larger than the 95th percentiles of
the empirical distributions. However, the differences are small and results obtained by both
methods show a reasonable agreement.

4.5 Results of the Sensitivity Analysis

According to the recommendations in paragraph 3.3 above, the statistical approach was
adopted and correlation-derived sensitivity measures were calculated. This approach did not
require additional runs of the code, and inputs already produced for the uncertainty analysis
were used. The degree of association between the different model parameters and the output
variable was therefore estimated by using a random sample of parameter values (the LHS of
size 100) and the output values obtained from the corresponding 100 runs.

Although calculation of both partial correlation coefficients and standardized regression
coefficients is generally recommended, SRC's are less reliable in ranking the contribution of
the different parameters to the uncertainty in the model prediction when strong correlations
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exist between the parameters, as was here assumed (see paragraph 3.2.2 above). Therefore,
only PCC's were calculated. Rank-transformed data were used rather than the raw data, since
a monotonic relationship between the input parameters and the output is more probable than a
linear relationship. The sensitivity measures are thus partial rank correlation coefficients
(PRCC's).

The analysis was conducted according to the second scheme (see paragraph 4.3), and relates
to the estimation of body burden in September 1986. Results are given for each of the two
stages, the first stage involving the 15 parameters describing the human diet and metabolism
of cesium ("human" parameters), and the second stage dealing with the remainder ("other"
parameters). The PRCC's of the different parameters were calculated by means of the program
of Iman, Shortencarier and Johnson (1985), which was adapted to run on a 386 personal
computer. They are presented in Table 4.1 for the "human" parameters and in Table 4.2 for
the "other" parameters, in descending order of the absolute values. No test of significance was
performed, but parameters are only listed if the absolute value of their PRCC's exceeds 0.65.

Table 4.1. The partial rank correlation coefficients between the human
parameters and the 137Cs body burden in September 1986

Parameter

Loss rate from body

Daily milk ingestion

Weight of adult

PRCC

-0.96

0.75

-0.67

It can be seen in Table 4.1 that loss rate from the body, daily milk ingestion and weight of an
adult contribute most to the uncertainty in body burden predicted for September 1986. Since
this uncertainty simulates the natural variability of the body burden among individuals, it can
be said in other words that the body burden is mostly sensitive to variations in these three
parameters.

The coefficient of determination indicates that 96% of the variation of the rank-transformed
sample values of body burden is explained by a linear relationship to the rank-transformed
sample values of the "human" parameters.
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Table 4.2. The partial rank correlation coefficients between the other
parameters and 137Cs body burden in September 1986

Parameter

Washout Ratio

Yield of Pasture

Weathering Loss Rate

Wet Interception Factor

Pasture-Milk Transfer Coefficient

Deposition Velocity

PRCC

0.94

-0.92

-0.88

0.80

0.74

0.74

R'=0.97

Among the 55 "other" parameters included in the analysis, only the six listed in Table 4.2 are
considered main contributors to uncertainty in body burden, the "human" parameters being
kept at their best estimated values. They relate to dry and wet deposition (washout ratio and
deposition velocity), initial contamination of pasture (wet interception factor, yield of pasture
and weathering loss rate) and the contamination of milk (pasture- milk transfer coefficient).

The explanatory power of the multiple linear regression of the body burden on the "other"
parameters is 97%.

4.6 Conclusions

Based on distributions of parameter values, this uncertainty analysis of CHERPAC quantifies
the confidence placed on predicted body burden of residents of Central Bohemia during the
three years following the Chernobyl accident. At some specified time after the accident, the
resulting subjective probability distribution of the prediction was used to derive a 95%
subjective confidence interval, which means that the predicted value lies between the 2.5 and
97.5 percentiles of the distribution at a 95% confidence level. These results are dependent
upon the ranges and pdf s quantifying the parameter uncertainties, and they assume that all
uncertainties not quantified are negligible.

The subsequent sensitivity analysis used the same realizations of the model produced for the
uncertainty analysis. It ranked the uncertain parameters with respect to their contribution to
overall uncertainty. It was found that six months after the accident, the main contributors are
parameters describing direct cesium contamination of pasture and its transfer to milk, as well
as some human parameters (daily milk consumption, cesium excretion rate and body weight).
Additional information on these parameters should be obtained to reduce uncertainty in the
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predicted body burden. This may imply obtaining site-specific information if available or
investing in further research efforts.

Choice of stratified random sampling for uncertainty and partial ranked correlation
coefficients for sensitivity analysis was based on CHERPAC's being a complex code with
many parameters varying in size by orders of magnitude. The large uncertainties in the
predictions of body burden are due to the fact that generic parameter values, rather than
site-specific ones, were used for many important parameters, since the location of the test was
unknown. Sensitivity analysis is always dependent on the scenario and the point in time
calculated and not just on the code. Thus these results are specific to CHERPAC and cannot
be used to make generalizations about other codes. They serve only as examples of a few of
the ways that parameter uncertainty and sensitivity analysis can be implemented.

Only uncertainty in predictions due to parameter uncertainties has been assessed here, and
even some of the driving input parameters, e.g., air concentrations, were not included in the
assessment. Uncertainty due to model structure might contribute another factor of perhaps 2.
Probably assumptions, such as no delay between harvest and ingestion or no cheese in the
diet (both of which have been corrected in later versions), would contribute the most
additional uncertainty, particularly for Central Bohemia.
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APPENDIX 1
Parameters of the CHERPAC Model

Notes:

The following information is listed for each parameter: the ordinal number in the
corresponding list (human parameters or other parameters), the variable description, the
assumed distribution, and numbers defining the distribution as explained below.

Normal distribution: the two specified numbers are the .001 percentile and the .999 percentile.

Lognormal distribution: the two specified numbers are the .001 percentile and the .999
percentile. Both numbers must be positive.

Uniform distribution: the two specified numbers are the lower and upper endpoints of the
interval.

Loguniform distribution: the variable is sampled uniformly on the interval defined by the
logarithms base 10 of the two positive numbers specified.

Piecewise uniform distribution (uniform*): the variable is sampled uniformly within n (the
first specified number) subintervals, each subinterval being associated with a sampling
frequency (the next n specified numbers which sum up to the sample size). The next n+1
numbers are the endpoints of the
subintervals.

Triangular distribution: the first and third specified numbers are the endpoints of the range,
while the second number is the apex of the triangle.

Trapezoidal distribution: the first and fourth specified numbers are the endpoints of the range,
while the second and the third numbers are the "apices" of the trapezoid. This distribution
was added to the distributions described in the original LHS code.

User-supplied distribution: it is a distribution of n (the first specified number) discrete values.
In the n following pairs the left numbers are the discrete values, while the right numbers are
their frequencies.

Correlation matrix: it contains n (the first supplied number) pairwise rank correlations. In the
n following triples the two first numbers are the ordinal numbers of the parameters being
correlated and the third number is the rank correlation coefficient.

For more detailed information the reader is referred to the user's guide of the LHS code (Iman
and Shortencarier, 1984).
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HUMAN DIET AND METABOLISM OF CESIUM

1. Fraction absorbed by human lung; uniform; 4.0E-01 1.0

2. Loss rate from human body; trapezoidal;
4.332E-03 4.951E-03 8.664E-03 1.386E-02

3. Daily inhalation; normal; 1.8E+01 2.8E+01

4. Weight of adult; lognormal; 3.78E+01 1.30E+02

5. Daily intake of milk; lognormal; 3.4E-01 7.65E-01

6. Daily intake of beef; lognormal; 3.9E-02 8.85E-02

7. Daily intake of pork; lognormal; 7.3E-02 1.65E-01

8. Daily intake of grain; lognormal; 2.1E-01 4.8E-01

9. Daily intake of leafy vegetables; lognormal; 3.3E-02 7.5E-02

10. Daily intake of non-leafy vegetables; lognormal; 4.4E-02 9.9E-02

11. Daily intake of root crops; lognormal; 3.6E-02 8.1E-02

12. Daily intake of potatoes; lognormal; 1.1E-01 2.5E-01

13. Daily intake of chicken; lognormal; 1.7E-02 3.8E-02

14. Daily intake of eggs; lognormal; 2.8E-02 6.4E-02

15. Daily intake of fruit; lognormal; 6.1E-02 1.4E-01

Correlation Matrix

13 2 4 -0.9 3 4 .9 4 5 .95 4 6 .95 4 7 .95 4 8 .95
4 9.95 4 10.95 4 11.95 4 12.95 4 13.95
4 14 .95 4 15 .95
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PARAMETERS OTHER THAN HUMAN

1. Dry deposition velocity; lognormal; 2.39E-04 1.06E-02

2. Washout coefficient; lognormal; 4.74E+04 1.37E+07

3. Concentration ratio for pasture; lognormal; 1.20E-03 2.98E-01

4. Weathering loss rate from pasture; lognormal; 1.18E-02 1.75E-O1

5. Wet interception factor; triangular; 2.0E-02 2.0E-01 8.0E-01

6. Concentration ratio for leafy vegetables; lognormal; 2.01E-03 2.65E-01

7. Concentration ratio for non-leafy vegetables; lognormal; 6.01E-04 4.48E-01

8. Concentration ratio for potatoes; loguniform; 6.0E-03 5.0E-02

9. Concentration ratio for root crops; lognormal; 3.26E-04 2.75E-01

10. Concentration ratio for fruit; lognormal; 1.28E-02 6.56E-01

11. Concentration ratio for grain; lognormal; 9.86E-04 3.54E-01

12. Transfer factor from inhalation to milk; lognormal; 4.79E-04 1.66E-02

13. Transfer factor from ingestion to milk; lognormal; 7.90E-04 2.74E-02

14. Transfer factor from inhalation to beef; lognormal; 6.09E-04 9.67E-02

15. Transfer factor from ingestion to beef; lognormal; 1.32E-03 2.09E-01

16. Fraction absorbed by pig lung; uniform; 4.0E-01 1.

17. Loss rate from pig; uniform; 5.OE-O3 1.0E-02

18. Transfer from ingestion to egg; uniform; 4.5E-01 1.05

19. Transfer from ingestion to chicken; uniform; 4.4 4.8

20. Dose reduction due to roughness of surfaces; triangular;
5.0E-01 7.0E-01 1.0

21. Plume shielding factor; uniform; 2.0E-01 8.0E-01

22. Groundshine shielding factor; uniform; 1.0E-01 4.0E-01
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23. Yield of pasture (fresh); lognormal; 1.97E-01 1.00E+01

24. Harvest date (Julian) of winter grain; triangular;
1.8E+02 1.98E+02 2.45E+02

25. Harvest date (Julian of spring grain); triangular;
2.0E+02 2.28E+02 2.45E+02

26. Density of ploughed soil; triangular; 1.5E+02 2.4E+02 3.0E+02

27. Density of top 1 cm soil; triangular; 1.0E+01 1.6E+01 2.0E+01

28. Breathing rate of cow; triangular; 1.0E+02 1.7E+02 2.8E+02

29. Daily hay consumption by cow; uniform; 5.0E+01 8.0E+01

30. Daily grain intake in summer by cow; triangular; 3.0 4.0 5.0

31. Daily grain intake in winter by cow; triangular; 3.7 4.7 5.7

32. Daily soil ingestion of cow; triangular; 1.0E-01 4.5E-01 8.0E-01

33. Breathing rate of beef; triangular; 8.0E+01 1.3E+02 1.8E+02

34. Daily hay consumption by beef; uniform; 2.5E+01 4.0E+01

35. Daily grain intake in summer by beef; triangular; 1.5 2.5 3.5

36. Daily grain intake in winter by beef; triangular; 1.5 2.5 3.5

37. Daily soil ingestion by beef; triangular; 0.5E-01 2.2E-01 4.0E-01

38. Daily grain intake by pig, month 1; triangular; 4.0E-01 7.0E-01 1.0

39. Daily grain intake by pig, month 2; triangular; 4.0E-01 7.0E-01 1.0

40. Daily grain intake by pig, month 3; triangular; 1.5 1.9 2.5

41. Daily intake of grain by pig, month 4; triangular; 1.5 1.9 2.5

42. Daily intake of grain by pig, month 5; triangular; 2.0 2.6 3.4

43. Daily intake of grain by pig, month 6; triangular; 2.0 2.6 3.4

44. Weight of pig; uniform; 9.0E+01 1.1E+02

45. Daily ingestion of grain by chicken; uniform; 8.0E-02 1.2E-01
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46. Daily ingestion of soil by chicken; user distribution;
2 1.0E-04 0.8 1.0E-02 0.2

47. Weight of chicken; triangular; 1.0 2.0 3.0

48. Occupancy factor for immersion in plume; triangular;
5.0E-02 1.0E-01 3.0E-01

49. Reduction factor for processing leafy vegetables; triangular;
1.0E-01 5.0E-01 1.0

50. Reduction factor for processing non-leafy vegetables; triangular;

1.0E-01 5.0E-01 1.0

51. Reduction factor for processing fruit; triangular; 6.0E-01 8.0E-01 1.0

52. Reduction factor for processing grain; user distribution;

7 0.1 .13 0.2 .11 0.3 .11 0.4 .27 0.5 .20 0.6 .13 0.7 .05

53. Reduction factor for processing beef; uniform*; 3 22 73 5 .1 .3 .8 1.0

54. Reduction factor for processing pork; uniform*; 3 22 73 5 .1 .3 .8 1.0

55. Reduction factor for processing chicken; uniform; 8.0E-01 1.0

Correlation Matrix

9 12 13 .8 14 15 .8 26 27 .8 29 30 -.8 29 31 -.8 29 32
-.8 34 35 -.8 34 36 -.8 34 37 -.8
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