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ABSTRACT

In this document, a method for using expert judgements is described. The method consists of several
phases, including the selection and training of the experts, elicitation of experts' judgements,
probabilistic modeling and combination of experts' judgements and documentation of the judgement
process. The expert training and elicitation process is rather similar to that applied in the NUREG-
1150 study. The combination of experts judgements is based on a Bayesian framework utilizing
hierarchic models. The posterior distributions of the variables under analysis can be interpreted as a
Bayesian counterpart of the combined or aggregated (consensus)distributions, and they are determined
by applying Markov chain Monte-Carlo methods. The properties of the method are illustrated by
some simple examples. The method is tested in a case study belonging to the benchmark exercise on
the use of expert judgement in level 2 PSA, organized as a concerted action of European Commission
Fourth Framework Programme on Nuclear Fission Safety.
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TIIVISTELMÄ

Raportissa kuvataan menetelmä, joka mahdollistaa asiantuntija-arvioiden käytön PSA-työssä.
Menetelmä koostuu useasta vaiheesta, mukaanlukien asiantuntijoiden valinnan ja koulutuksen,
arvioiden muodostamisprosessin, arvioiden todennäköisyysperustaisen mallintamisen ja
yhdistämisen. Asiantuntijoiden koulutus ja arvioiden muodostamisprosessi ovat kuvatussa
menetelmässä varsin samanlaisia kuin yhdysvaltalaisessa NUREG-1150 tutkimuksessa sovelletut
lähestymistavat. Arvioiden yhdistämismenetelmä perustuu Bayesilaiseen mallintamisympäristöön,
joka hyödyntää hierarkisia malleja. Yhdistämismenetelmän tuottamat posteriori jakaumat vastaavat
perinteisempien menetelmien yhdistettyjä tai aggregoituja (konsensus)jakaumia. Posteriorijakaumat
muodostetaan soveltamalla Markovin ketjujen Monte-Carlo simulointia. Menetelmän ominaisuuksia
havainnollistetaan yksinkertaisilla esimerkeillä. Menetelmää testataan EU:n tutkimusohjelmaan
kuuluvassa benchmark-tutkimuksessa, joka koskee tason 2 PSA:n asiantuntija-arviointimenetelmiä.
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FOREWORD

This report has been made in connection to the research project "Risk and Reliability Analysis
(LURI)" belonging to the Finnish nuclear energy research program "Reactor Safety (RETU)". The
work has been carried out in VTT Automation. The work was ordered and financed by the Finnish
Centre for Radiation and Nuclear Safety (STUK). We express our gratitudes to Mr. Reino Virolain-
en, who acted as the coordinator of the study.

The method developed in this project was applied within a case study belonging to the benchmark
exercise on the use of expert judgement in level 2 PSA, organized as a concerted action of European
Commission Fourth Framework Programme on Nuclear Fission Safety. In the case study, one of the
authors acted as the normative expert. The domain experts were Mr. Olli Kymalainen, Mr. Timo Okko-
nen, Mr. Risto Sairanen and Dr. Jorma Sandberg. The work by the domain experts was essential to the
success of the project, and we express our gratitudes to them.
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1 INTRODUCTION

This report discusses an expert judgement
methodology developed for applications at all
levels of probabilistic safety assessment (PSA).
The main applications are expected to be at PSA-
levels 1 and 2. The methodology has been
developed for such issues for which the
experimental data is not sufficient and about
which there is no general consensus about the
physical phenomena. Similar methods have been
applied also in other contexts. The methods are
based on Bayesian statistical models, which are
discussed widely in literature [1-3] . The
framework applied here is that of hierarchical
Bayes models, which makes it possible to treat
all kinds of evidence in a consistent and
transparent way [4, 5].

The main objective of the expert judgement
methods is to produce predictions for uncertain
variables in the form of probability distributions.
During the process of producing predictions, the
uncertain variables are modeled and the physical
phenomena behind them are elaborated, which
makes the predictions more credible.

The number of experts participating into the
process may vary, and in the case of several
experts, one objective is to combine the expert
judgements in a consistent way. This doesn't
generally mean that a consensus between the
experts is reached. The combination of the
judgements may be interpreted here as eliciting
and using all available information to update the
predictions. Further, an important objective is to
document the expert judgements in such a way
that it is open to criticism and easy to reproduce.

In principle, there is no restrictions on the
applicability of the method. Possible application
areas are human error analysis and analysis of
software based emergency automation systems,
and the analyses of highly uncertain physical
phenomena. However, if the phenomena are
complex, it may be difficult to formulate the
elicitation questions and determine the prior
distributions. In practice, it is preferable to apply
ignorant or non-informative priors, which should
be determined for each model.

It is important that the experts understand the
method and the probability calculus. If the experts
do not accept and understand the methodology and
the principles in expressing uncertainty, then the
predictions may be of poor quality. On the another
hand, the transparency of Bayesian models make
it possible to analyze the sensitivity of the
predictions, and to evaluate their quality.

The numerical problems connected with the
Bayesian models may prevent the use of more
complex models. Modern Monte Carlo Markov
Chain methods (e.g. the Gibbs sampler) help to
overcome some of these problems.

This report is organized as follows. First we outline
the method developed for STUK (section 2) and
discuss the mathematical models on which the
method is based (section 3). In section 4 we
describe an application of the method in a case
study belonging to the benchmark exercise on the
use of expert judgement in level 2 PSA, organized
as a concerted action of European Commission
Fourth Framework Programme on Nuclear Fission
Safety [6].



FINNISH CENTRE FOR RADIATION
AND NUCLEAR SAFETY STUK-YTO-TR 129

2 METHODOLOGY OUTLINE

The method consists of six phases, which are shortly described in the
following. Depending on the issue under analysis and on the resources
available, some of the phases may be skipped. The phases are discussed
in the order in which they are performed and thus the following forms
also the specification of the procedure. The phases correspond rather
exactly to those of the NUREG-1150 approach, [7J.

2.1 Training of experts

In order to make sure that the experts interpret
their task in assessing unknown parameters and
to help the expert in encoding their assessments
in probabilistic terms a short introduction to the
probabilistic expert judgement methodology is
needed. Furthermore, one objective of the
introduction is to ensure that the experts accept
the methodology and understand its principles.
The introduction is given during a training
session.

The training includes discussions on the concepts
of probability theory and statistics. If necessary,
the concepts are illustrated by simple examples.
The expert judgement methodology is presented
and it is applied to simple cases which are as
similar as possible to the case under analysis. One
aim of the training is to ensure that the experts
are properly calibrated. This means that if the
experts are equally uncertain about an unknown
variable, then their distributions for the variable
are as equal as possible. Often the experts are
able to use probability statements, and the
training is needed only for checking the experts'
abilities.

In addition to the methodology, the significance
of the experts assessments with respect to the
issue under analysis is discussed. The use of the

results is described and the necessary information
about the issue is given. The models describing
the phenomena are presented and interpretations
to their parameters are given.

The NUREG-1150 approach, [7], also gives
advice in selecting the experts.The experts should
have demonstrated their experience by publi-
cation, consulting or managing research in the
areas related to the issues, and they should
represent a wide variety of experience as is
obtained in universities, consulting firms,
national laboratories, companies or government
agencies. Further, the experts should be know-
ledgeable about the state of the art and have as
wide a perspective of issues as possible, and they
should be willing to have their judgements
elicited.

2.2 Elicitation of experts
assessments

The elicitation of experts estimates can be done
in many ways. In some cases it is enough to ask
the experts to give estimates for the unknown
variables, sometimes they are also asked to assess
their uncertainty about the estimates or to give a
whole probability distribution for the variables.
The elicitation process depends both on the
phenomena under analysis and the form of the
discussions between the experts.
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In our method, the elicitation is performed in two
steps, which require two elicitation sessions.
During the first session, the issue under analysis
is first described to the experts and relevant
information on the issue is distributed to the
experts. The significance of the issue is discussed,
and its relations to other issues are considered.
After the issue description, the variables for
which experts' estimates are needed, are selected.
Further, the form of experts estimates is defined.
Usually the experts are asked to give whole
probability distributions or certain quantiles, but
also other types of estimates may be applied.
When the form of estimates is defined, the experts
are asked to give their initial assessments, either
during the first elicitation session or within a short
period after the session.

After the first session, the experts make their
individual analyses on the issue. Depending on
the case, they may perform analyses with
computer models, review literature and analyze
experimental observations available. Further, the
experts identify the most important factors having
impact on the phenomena, and evaluate their
effect. In this phase, the experts need not to make
any probability statements on the variables under
analyses. The experts are asked to write a report
on their analyses. The format of the report is free,
but the reports must not refer to the probability
statements about the variables. Depending on the
resources available and on the later use of the
experts' judgements, the extend of the report
varies.

The second elicitation session consists of two
parts. Firstly, the experts present the results of
their individual analyses, and distribute their
reports to other experts. The experts are allowed
to discuss about the issue, but the probability
estimates (i.e. the experts' estimates) are not
deeply discussed during the session. During the
discussion, the assessment task is clarified and
the models and the decomposition of the
phenomena are revisited. Further, the nature of
probability distributions applicable into the case
under consideration is discussed. The normative
expert leads the discussion. Secondly, the experts
give their assessments individually after the
discussions. The assessments are written on a

form developed specifically for the issue, and
they are discussed with the normative expert. The
final estimates are compared with the initial
estimates and the causes for possible changes are
discussed. Further, the impact of the experts'
discussion is identified. Depending on the case,
the experts assessments may be direct estimates,
estimates with uncertainty bounds (e.g. .05-, .50-
, .95-fractiles), or continuous or discrete
probability distributions. When possible,
computer tools are used in the individual
elicitation sessions. In addition to the above
assessment, more incomplete information, such
as pairwise comparisons may be asked. The
normative expert makes consistence checks on
the assessments, and illustrates the meaning of
the probability statements.

2.3 Modeling and combination of
expert assessments

Our expert judgement model is based on a
Bayesian approach. The inference is based on the
following tasks. First, a full probability model
for all variables is constructed. Then, the model
is conditioned on observed data which are in our
case the experts' assessments. Conditioning
results to posterior distributions for unknown
variables. The ingredients of the full probability
model are the prior distribution for the variables
and the model for experts' assessments.

The prior distribution presents the knowledge
about the unknown variables before experts'
assessments are available. If there is not much
prior information on the variables, then the prior
distribution is chosen so that it doesn't have much
effect on the posterior distribution. It must be
noticed that the form of the prior must be
specified separately for each case.

The expert assessment models determine the
likelihood function. In the simplest case they
describe the stochastic relationship between the
true parameter value and the assessment of a
single expert. In more complex cases, these
models also describe the possible dependencies
between the experts. An example on the expert
assessment model is the additive error model,
applied by Mosleh andApostolakis, [1 ], in which
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the relationship between the experts estimate is
equal to sum of the value of the unknown variable
and a random error. The Bayesian ordinal
comparison models discussed by Pulkkinen in [2]
is another example of modeling imperfect or
imprecise evidence provided by the experts.

We emphasize that the form of the error model
must be selected specifically for each assessment
problem. In some cases, the probability dis-
tribution of the unknown variable in question may
be discrete or it may have discontinuities. It may
also be restricted on an interval instead of entire
real line. Further, the variables under con-
sideration may be dependent, which should be
taken into account in the expert model speci-
fication. For mathematical simplicity, our models
are based mainly on Gaussian random variables
and their transformations.

The expert assessment models determine the
conditional probability distribution of the
assessment given the true value of the unknown
variable. If there are several experts, the model
should determine the conditional joint dis-
tribution of the experts' estimates given the true
value of the variable. This joint distribution is the
likelihood function, which together with the prior
distribution determines the posterior distribution
through the use of the Bayes' rule.

The models describing the experts' assessments
must be discussed with and accepted by the
experts. Their parameters must be based on the
information gathered during the elicitation process.
The specification of the expert assessment models,
or the likelihood function is not easy. In order to
specify such a model one must be able to model
the experts' abilities to produce estimates for
unknown variables. However, if the structure of
the models is simple, as the additive error model

or the paired comparison models, [2], it is possible
to interpret the model in a straightforward and
transparent way. Depending on the models and the
case under analysis, practical guidelines must be
given for the specification and parametrization of
the expert models.

2.4 Sensitivity analyses

The sensitivity of the posterior distribution to the
prior distribution and the parameters of the other
models is an essential part of our approach. Many
of these analyses can be made prior to the
assessment sessions, and the results of these
analyses may be discussed with the experts
beforehand.

In our approach the sensitivity analyses are made
with respect to the prior distribution, the
parameters of the expert estimate model (e.g. the
variance of the error term in the additive error
model) and the dependence between the experts.

2.5 Discussion and feedback
from the experts

The results from the analysis are discussed with
the experts. In this connection, there is a possibility
to review and also to revise the estimates. In
practice, it is however impossible to make
extensive revisions to the assessments.

2.6 Documentation

The last phase of our approach is the docu-
mentation and the interpretation of the results. The
documentation includes a critical evaluation of the
models and their parametrizations as well as a
description of the elicitation process. The reports
written by the experts are included to the final
report.

10
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3 APPLICATION OF A BAYESIAN
FRAMEWORK IN COMBINING
EXPERT JUDGEMENTS

3.1 The framework

The Bayesian approach is a most natural way to
model expert judgements. In our opinion, this is
not only due to subjective, degree of belief
interpretation of probability, but also due to
transparent modeling and consistent application
of probability calculus.

Probability models are used to express un-
certainty about values of certain variables. When
the models are applied in statistical inference, and
when all uncertainties are expressed with
probability distributions, we may speak about
Bayesian models. This means that we do not
actually estimate any model parameters but we
determine their probability distributions. The
power of the Bayesian approach is evident when
some variables become observed, and the
distributions of other variables are updated by
applying probability calculus. This requires
models for the joint distribution of all model
variables and models for certain conditional or
marginal joint distributions.

Expert judgements are used to obtain information
of certain random variables of interest, X? i e I,
which may be multidimensional. We assume that
the index set, / = {l,...,n}, is finite, but in principle
it may be infinite. In addition to variablesX, there
is a set of variables, which are observable. We
denote these variables by Y j e J. As X., the
variables Y may be multidimensional, and the
index set is finite, J = {1 m}. To make the
model more flexible, we assume further that there
are random variables ©r I e L = {l,...,k}, the
value of which cannot be observed directly.

In case of expert judgement modeling, we may
call the variables X. primary variables. For

example they may represent the number of
failures in a component within a certain period
of time or random maintenance costs. The
variables <9/f are parameters, hidden or auxiliary
variables. The observable variables, Y „ may
consist of statistical observations or various
experts judgements.

The main task is to update the distribution of
primary variables X., when the values of the
observable variables become known. In other
words, we have to determine the conditional
distribution of the variables X., given the
observations, Y . We denote this distribution by
p(xr,...,xn I y ,,...,ym). To do this, we have to model
the overall uncertainty by postulating the joint
distribution of the all random variables of the
model, i.e., the joint distribution of random vector

p(9l)p(e2\9l)x...x
(1)

in which we have assumed that the appropriate
conditional distributions are available. For
simplicity, we denote the above joint distribution
by p(x,y,O).

The form of the joint distribution (1) is deter-
mined by the dependencies between the variables.
Often we may assume a hierarchical dependency
structure among the variables, which simplifies
the model. For example, we may assume
conditional independence of the variables Y,
given X. and Qj (V i,j,l), which leads to the joint
distributionp(x,y,6) = p(y, \x,6)K...xp(yJx,9)x
P(x,6).

11
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We notice that the above joint distribution models
consist of networks of conditional dependencies
between random variables. Such networks are
often called Bayesian networks, belief networks
or influence diagrams. A Bayesian network can
be represented as a directed graph, in which nodes
correspond to random variables and directed arcs
between the nodes describe the statistical
dependence between the random variables,

The joint distribution p(x,y, 6) is the (a priori)
model of uncertainty on the variables. Next we
assume that Y., j e J, become known after
observations from the system are made. The
information carried by Y. , je J (e.g. expert
estimates or noisy measurements) is then used
in updating the knowledge on the variables X. .
This is possible, if the joint distribution p(x,y,O)
is such that the likelihood function, p(y\x) (or
p(y\x,9)) is directly available, or it may be
determined at least up to a constant factor.

The conditional joint distribution of X and &
given the observations has the form

p(y\x,0)p(x,6)

de' (2)
p(x,6\y) =

j p{y\x,d)p{x,d)dxde'
x,e

The conditional distribution of X given the
observations, or the posterior distribution, is the
conditional marginal distribution

(3)

The interpretation of the likelihood function,
p(y\x,6), is important especially when we are
modeling experts' judgements. The likelihood
function is the conditional probability density of
the observable random variables given the
variables of interest. Informally speaking, it is
proportional to the conditional probability to
observe Y. In expert judgement models observed
variables Xare assessments made by the experts.
Thus, the likelihood function is a probability
model about experts' behavior. It expresses
analysts' degree of belief about experts' assess-
ments given the variable of interest. For example,
in an additive error model by Mosleh and
Apostolakis, [1], it is assumed that the estimate

of an expert, Y depends on the variable of interest,
X and on a random error additively. Since the
additive error model assumes Gaussian random
variables, the conditional distribution of the
experts estimate is also Gaussian. Being the
likelihood function, it is the probability model
on the experts ability to produce estimates for X.

In above, we have assumed that the observed
variables are finite dimensional and real valued.
Usually this assumption is not restrictive in
applications. However, in the case of more
general stochastic filtering models, the obser-
vation may be a realization of a continuous
stochastic process over some period of time, Y =
(Y(t), t e[tfftj}, and the likelihood function is
not easily constructed. These problems may be
partially solved by introducing suitable para-
metrizations for infinite dimensional variables.
Similar problems occur when the observations
given by the experts, are whole probability
distributions. In principle, the above Bayesian
framework can be applied in describing these
more complex models, but the numerical
determination of the posterior distributions may
be difficult, [2], [4], [10].

To determine posterior distributions for Bayesian
models, the denominator of the Bayes formula
must be evaluated. There are several conventional
numerical techniques for that purpose, but there
are cases these methods don't apply. Our solution
is to use methods based on Monte Carlo
simulation, such as the Gibbs sampler, discussed
for example in references [5], [11] and [12].

3.2 A hierarchic Gaussian model
based on percentiles given by
the experts

3.2.1 The model

Often in risk analytic applications, the experts
judgements are elicited in the form of percentiles
of the experts' uncertainty distribution. The most
usual setting is the following. Information on an
unknown (random) variable, X, is needed. The
experts are asked to express their uncertainty on
X as selected percentiles.

12
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We denote the percentiles given by the expert j ,
j=l,...,m, by Y.(a.l),...,Y.(a.R). The percentages,
ay, r=],...,R are defined so that according to the
expert j , the probability that X is smaller than
Y/a.r) is equal to a.r, or P.(X< Y.(ajr})= ccy In
principle, the experts need not to give the same
number of percentiles and the percentages need
not to equal for each expert. In practice, the
experts are asked to give their 5%, 50% and 95%
percentiles. In that case R=3, and or; = 0.05,
a.2 = 0.50 and aj3 = 0.95 for all experts. To make
the notation simpler, we concentrate on the this
case, and denote the percentiles by Yj005, Y joand
Y.09S. The treatment of the general case is similar.

We interpret the combination of experts'
judgements as determining the conditional
distrib\itionp(x\yJ005,yJ0SO,yJ09S,j=l,...,m),arthe
posterior distribution of X, given the experts'
percentiles. This requires the construction of full
probability model, which relates the observable
variables to the unknown variable. Following our
Bayesian framework, we also apply unobservable
parameters.

In this section we assume that the range of the
unknown variable X is (-«?, <»). Further, we
assume that the conditional distribution of X,
given the parameters \i, and a, is Gaussian, with
the probability density

1
exp 2a2 (4)

The parameters /x and a are unknown and they
are modeled as random variables with improper
prior distributions, [13].

Pti(M)xc, (5)
and

a-'. (6)

We assume further that fi and a are independent
a priori. We could easily apply informative
distributions for these parameters.

The relationship between the parameters /u and
<7and the experts' percentiles {Y.oos, Y^.Y^)
is modeled as follows. First we assume that for
each expert there exists a set of L random

).r..., 0 ). Further, the variables 0 ,variables,
Vy, / are conditionally independent and identically
distributed given fi and a. They follow the same
distributions as X. We notice that the set {fi,
a, ©r..., 0Jy'=7 m) consists of exchangeable
random variables, which makes it possible to
update the distribution of X if the variables 01

become known. When we refer to ( 0 „..., 0.,) as
*• Jl' )L'

a vector, we denote it by 0..

In our model the variables 0 7 remain unknown,
but they are related to the experts' percentiles.
We interpret Yj005, YJ050 and YjOg$ as "sample
percentiles": the number of components of the

9 v..., 0L) is L, and the number ofvector 0. =
components 0 ; smaller than Y.005{Y.tjO.05*- jO.5ff

1S

equal to 0.05L (0.5L, 0.95L, respectively). Thus,
the experts' percentiles specify the values of
(07 , ...,0L) imperfectly. However, it is possible
to use the information provided by the experts in
updating the distribution of all other variables of
the model.

The above model is based on the Bayesian
framework discussed in the previous section. The
variable of interest or the primary variable is X,
the set of observed variables is the set of experts'
percentiles, {Yj005, Y^o, Yj095\j = l,...,m) and the
parameters or auxiliary variables are {fi,
a, GJJ,..., 0jL\j=l,...,m}. We illustrate the model
with the Bayesian network of Figure 1. We notice
that the model is a hierarchic Bayesian model.
Further, the network specifies the full joint
probability distribution of all variables of the
model.

3.2.2 Interpretation of the model

We interpret the model in the following way.
When the experts are asked to express their
percentiles for X, they have in mind a sample of
similar variables. The experts are not able to
specify the sample perfectly, and they give only
the percentiles..

The parameters to be specified by the user are
the hidden sample sizes of the experts (L) and
the percentiles asked from the expert (a.^
r=l,...,R). In above we described the model in
the case where R=R=3, and a. =0.05, a.2=0.50,

13
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variables (expert
judgements)
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Figure 1. Bayes network for the expert judgement model (notation Yt = (Yj005, Yj0 ̂  Yj095|).

and aj3=0.95, V j . These parameters have
interpretations, which are related to the quality
of the experts.

The size of the hidden sample reflects the experts
experience of expertise on the phenomena under
consideration. It describes the experts ability to
evaluate the unknown variable. If all experts are
equally qualified, then L = L, their judgements
have equal weight with respect to the posterior
distribution. If L is large, then the expert is
assumed to have a much experience on the
phenomena under analysis. The hidden variables,
0.r...,0jLj, can be interpreted as a set of
exemplars which the expert has in mind. Loosely
speaking, the hidden samples are used to estimate
the parameters of the underlying Gaussian
distribution (/4<T), and if the hidden sample size
is large, then the parameter estimates are more
exact. If L are not equal, then the hidden samples
of the experts do not contribute equally to the
estimates.

The experts' percentiles are related to the hidden
sample size. If L is small, then it is not possible
to use many percentiles. Actually, the possible
percentiles are «.,= 1/Lf a. = 2/Lf..., a.^^L.-
1)/L.. For Lj=2, the only possible percentile is
the median. It is possible to use different
percentiles and different number of percentiles
for each expert. Also these parameters reflect the
goodness and the weight of the experts.

3.2.3 Determination of posterior
distribution by using Gibbs sampler

It is impossible to determine analytically or by
simple numerical integration the posterior
distribution for the parameters (p, cr) and
predictive distribution for the variable X. The
modern Markov chain Monte-Carlo methods,
such as the Gibbs samples provide a flexible tool
for this purpose.

The idea of the Gibbs sampler is the following.
Let us assume that we have a set of random
variables Ur...,Ut and the conditional dis-
tributions p(U.\ U. j^i) are available in such a
form that samples may be easily generated from
these densities. Given an arbitrary set of starting
values, U/,..., Uk°, new values U/~p(Uj IUfj*l),
u2'~P(u2 it//, u° j*2),..., uk'-P(uk it//;**;
are generated from the conditional distributions
p(U\ Uf j^i). The step is repeated to produce
£//,..., Uk

r After large number of such iterations
we have a set of values, which converges in
distribution to (UpU2,...,Uk). The convergence of
the sequence (U1,U2>...,Uk) is based on the fact
that it is a Markov process, which has a stationary
distribution (for details, see for example [5] and
[11]).

To obtain the predictive distribution for X (or
samples form it), we first generate samples from
the posterior distribution of (ji, a). These samples
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are used in approximation of the predictive
distribution and generating samples for X. The
conditional distributions needed in the Gibbs
sampler are p(fi,a\0j j=l,...,m, data) and
p(0\0u, u *j, n,o, data). Due to the hierarchic
structure of our model these distributions have
simple forms. 0. depends on 0u only through ji
and a, and thus we may write the conditional
distributions into the forms

(7)p(Oj\fi,o,data)yj,u.

Since 0 7 ©L are conditionally independent
Gaussian random variables (given the para-
meters), their conditional distribution, p(O.p...f
©jL\fX, a,) is a product of Gaussian densities. The
data, or the experts' percentiles Ypoy Yj050, Yp95,
only restrict the variables Q.p..., G.L so that 0.05L
(0.50L, 0.95L) of them are smaller than Y.fiQS (
YJ0S0

d i r i
Yj095

i

.fiQS

irespectively). Thus the conditional
distribution (7) is the restriction of a product of
Gaussian distributions into a the set determined
by the experts' percentiles. Sampling from such
a restricted distribution is a simple task: random
variables Q.s are sampled from Gaussian
distributions and only the samples which satisfy
the restriction determined by the data are
accepted.

The parameters fi and a depend on data only
through 0. j=l,...,m, and their conditional
distribution joint distribution is determined
following the standard Bayesian inference for
Gaussian variables. The conditional distribution
of a given the data and 0j=l,.. .,m is

(8)= Ya" exp

where

2<r2

2 I 2
m L (9)

j=\ /=i

y=l 1=1

q= Lm

In other words, a is distributed (given 0.
j=l,.. ,m) as Sjcql' (q-l)m , in which*?;' is the
inverse of the square root of an x / -distributed
random variable.

The conditional distribution of /x, given 0.
j=l, ...,m and a is Gaussian

p(fi\a,data) = p(/J.\c)

2(T2

The sampling from the above conditional joint
distribution of is straightforward. First a random
variable from % f -distribution generated and
Sf?iq-i' (q-l)1/2 IS calculated. Then // is generated
from the Gaussian distribution (10). The above
distributions are based on the standard Bayesian
inference on Gaussian distributions, [13]

The Gibbs sampler algorithms for the hierarchic
Gaussian model has the following steps

1. select starting values: m'°\ s""
2. set t=l

Repeat
a) sample 0!" j=l,...,m, from

conditional distributions (7)
b) sample nw, &] from distributions

3.
4.

c) set t=t+J
Until t=T
set v=l
s e i ju — fi , cj — cr

Repeat
a) sample 0!v>j=l,...,m, from

conditional distributions (7)
b) sample fi<v>, &v) from distributions

c) sample X<v> from distribution
p(x\y!v>, dv)), (4)

d) setv=v+/
Until v=Samplesize

5. Use sequence {p!v>, &vl,0Jv>j=l,.. .,m, X<V>),
v=l,...,Samplesize, as the posterior sample
for(jU, o,0fj=l,...,m,X).

In the above step 2 the Markov sequence (jx(v),
dv>, 0<v)j=l,.. .,m), is sampled until the stationary
state is reached. The steps 5-5 are executed to
generate the posterior sample.
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The posterior distributions of X may be de-
termined either by using the marginal sample
from the step 5 as the basis for an empirical
distribution, or by applying an approximation
based on the sampled (ji(v), dv>)

p{x\data) =
Samplesize

(Samplesize 1 (H)
v=l

in whichp(x\^iM, dv>) is the Gaussian distributions
given by the equation (4).

3.3 Other models

The above Gaussian model is suitable for
variables having values on (-«>, °°). If X has values
on the interval (0,°°), we may apply lognormal
distribution instead of the Gaussian model, i.e.
the conditional density ofX given the parameters
is

xo
exp

2a2 • (12)

In this case the conditional distribution of ln(X)
is Gaussian, and we may apply the model of the
previous section for the transformed variable. The
Gibbs sampler discussed for the Gaussian model
applies directly for ln(X), and thus the approxi-
mation for the posterior distribution of X is
available. We refer to the model based on (12) as
lognormal model.

Often the values of X are restricted into a finite
interval, [a,b]. In that case we map the interval
[a,b] onto the unit interval (-<*>, <*>) by using the
transformation

X-a

b-X
(13)

If we assume that the conditional distribution of
is Gaussian, i.e. ~ N(ji,&), we may apply the
Gaussian model. The probability density of X is

p(x\fi,<T) =

•exp

16

b-a

a{b - x){x - a) Jin
2"

X~a

2a2

(14)

The determination of the posterior distributions
is similar to that of the lognormal model.

The transformation (13) is a generalization of the
logit transform (p' = ln(p/(J-p)), and we refer to
the model based on (13)—(14) as logistic model.

The models discussed here are based on Gaussian
or transformed Gaussian variables. These
distributions make it possible to construct simple
Gibbs samplers. The numerical problems of the
Monte-Carlo sampling are avoided. However, it
is possible to apply other models (e.g. Weibull,
gamma and beta distributions), but usually on the
cost of more computational complexity.

The above models are applicable when the
experts express their information in the form of
percentiles. In practice, also other types of
judgements may be given. For example, some-
times it may be advantageous to use ordinal
comparisons, or event direct assessments of the
unknown variables. In these cases, we must apply
other models. The Bayesian framework presented
in section 3.1 makes it possible model almost any
situation involved in the process of expert
judgements (for examples, see [2] and [4]).

3.4 Experiments with the
Gaussian model

In the following, we shall discuss the properties
of our model by considering some simple
examples. We concentrate on the Gaussian model
discussed in the section 3.2. Since the lognormal
and the logistic models are obtained from the
Gaussian model by using simple transformations,
the conclusions from our experiments can be
extended to these models.

First we study how the experts' percentiles are
propagated to the posterior distribution. We
assume that there are four experts, which assess
their 0.05, 0.50 and 0.95 percentiles. We consider
four cases, the percentiles for which are given in
Table I. The hidden sample size is equal for all
experts, L = 20.

In CASE I, the experts agree on the percentiles.
In CASE II, the percentiles of one expert differ
significantly from the others, in CASE III, the
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Table 1.1

C A S E

1

II

III

IV

Example data.

10.05..

-10 0.

-10.0..

-10 0.

-10 0

.0.50.

..0.0.

.-8.0.

..0.0..

- 8 0

..0.95

10.0

..-6.0

10.0

-6.0

20.05.

-10 n

6.0

-2.0

-6.0

Percentiles

..0.50...0.95

...0.0...10.0

80. .100

...0.0...2.0

-3.0. 0.0

of expert

30.05...0.50

-10.0.

6.0..

-2.0.

0.0

nn
8.O..

..0.0.

30

...0.95

10.0

10.0

..2.0

60

40.05.

-10.0

6.0..

-2.0

6 0

..0.50...0.95

00...100

.8.0...10.0

...0.0...2.0

80 100

percentiles are nested in such a way that one CASE IV, where the expert disagree most. In
expert has larger uncertainty interval around the CASE II, the posterior distribution is not
common median, and in CASE IV, the experts symmetric around the median, which corresponds
give nonoverlapping uncertainty intervals. to the experts assessments.

The posterior distributions for the above example If we assume that the percentiles given by experts
cases are in Figure 2. We notice that in CASE I are those of Gaussian distributions, we may
the posterior 5%...95% interval is slightly compare our model with the direct mixtures of
broader than that of any expert As one might experts distributions.The direct mixture approach
expect, the posterior uncertainty is largest in was applied in the NUREG-1150 study, [7].

1

0,9

0,8

0,7

0,6

o

I"
1
5
O

0,5

0,4

0,3

0,2

0,1

0

i

/

/I

B

§

if
Y '
/

4

y

i —

—m—• •

r

—CASEI
- CASE III
- CASE II
= CASE IV

-20 -15 -10 -5 0

X

10 15 20

Figure 2. Posterior distributions for example cases.
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We compare the direct mixture approach with our
model in Figure 3, in which the direct mixtures
are presented for CASE I and CASE II. First we
note that the experts percentiles in CASE I
correspond to the Gaussian distribution
N(0,36.96). Since the experts are equal in CASE
I, also the mixture equals to this distribution. In
CASE II, the Gaussian distributions cor-
responding to the experts percentiles are
N(-8,1.48), for the expert 1, and N(8,J.48) for
expert 2-4. For the CASE I, the mixture approach

gives more narrow distribution than our method.
For CASE II, the mixture of experts distributions
is bimodal, which may, in certain cases, be a
disadvantage.

Next we study what kind of impact the hidden
sample size, L, has on the posterior distribution.
We analyze the above CASE I. (Figure 4). We
notice that the posterior distributions do not differ
very much. This is due to the fact that in both
cases the expert sample size is rather large.

1 _

O 0.9

I °'8
to 0,7
•5

o °-6

fl) Q r

Q. 0,4

JO

| 0,2-

5 0,1-

CASE I

- - - CASE I, Direct
mixture
CASE II

mixture

-20

/

/ • /

^•x-x-:

/ -
y

c-x-x-x-x-x->

y i>

1
//

/

-15 -10 -5 0 5 10 15 20
X

Figure 3. Comparison with direct mixture approach.

CASE I, L=20

• CASE I, L=100

10 15 20

Figure 4. The impact of hidden sample size.
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4 A CASE STUDY

4.1 Description of the case

We applied the method a case study belonging to
the benchmark exercise on the use of expert
judgement in level 2 PSA, organized as a concerted
action of European Commission Fourth Frame-
work Programme on Nuclear Fission Safety. The
task of the experts was to estimate physical
parameters in a simulated reactor accident out-of-
pile experiment. The physical experiment itself
shall be made later, and the results of expert
assessments can be compared with the parameters
measured during the experiment. [6].

The experiment, L-21, is described in more detail
in reference [14]. In the experiment, a quantity
up to 150 kg of oxide fuel (UO2/ZrO2/Zr) is melt
up to 3000°C in the FARO furnace, and delivered
to the test section, a full scale high pressure vessel
(up to 10 MPa 300 °C) with a water depth up to 2
m. The test L-21 is the 71" test of the FARO LWR
test series. The summary of experimental
conditions is given in Table II.

The experts teams were requested to give the 5%,
50% and 95% percentiles for the variables listed
in Table III. The variables were agreed upon
during the concerted action meetings at Ispra.

4.2 Selection and training of
experts

The elicitation followed approximately the
process outlined in Section 2. The expert team
consisted of four subject experts and one
normative expert. The experts were selected by
STUK. Due to practical reasons (limited time,
limited resources), only Finnish experts were
selected. The expertise of the experts was from
the area of thermohydraulics and core-coolant

Table II. Summary of experimental conditions, [14].

Melt

Composition, w%

Mass, kg

Temperature, K

Delivery nozzle diameter, m

Ap delivery

Initial height in rel. vessel, m

Free fall in gas. m

Water in test vessel

Mass, kg

Depth, m

Temperature (average), °C

Subcooling at melt contact, °C

Fuel to coolant mass ratio

Gas Phase

Composition, w%

Volume, m3

Pressure

80UO2+20ZrO2

125 + 20

3073 + 50

0.1
gravity

0.59

1.0

711.9

2.0
151.8

= 0

0.175

almost 100 steam

1.301

0.5 MPa

interactions. The experts had rather similar
background (degree from the department of
technical physics from the Helsinki University
of Technology, career in research institutes,
authorities or power companies). The similarity
of the background may have caused dependency
between the experts, but in small countries like
Finland it cannot be avoided. The experts had
experience also in the field of PSA, which helps
in giving probability statements on unknown
variables.

In the case study, the elicitation of judgements
was partly defined by the constraints from the
BE-EJT concerted action. The form of the
judgements was restricted to the 5%, 50%, and
95% quantiles. Further, the information on the
issues related to the experiments was given during
the BE-EJT meetings at Ispra. The reports on the
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Table HI. Variables for expert judgement.

Variable

1.

2.

3.

4.

5.

6.

Optional
variables

1.

2.

3.

Description

Peak pressure within the first three seconds of the experiment1.

Time to maximum peak pressure1 (from time of melt entering into water region),
within the first three seconds of the experiment.

Pressure1 at 15 seconds.

Long-term maximum pressure1 and related time.

Final percentage of debris fragmented (ratio of fragmented mass vs. the total
mass of fragments and contiguous cake).

Final mean diameter of the fragments.

Water and steam average temperatures at 5 seconds.

Water and steam average temperatures at 15 seconds.

Long term water and steam average temperatures at the time of maximum
pressure.

1 The pressure is the relative pressure, AP = P - Po

experiments and background information was
delivered to the experts. The time schedule of
the concerted action had also an effect on the
expert training.

As the first step after the selection of experts, the
experiment was described to the experts. This
happened at the FARO facilities, in Ispra. During
the meeting, the experts visited the FARO test
facility, and the results of earlier experiments
were discussed. The experts were allowed to ask
questions from the FARO personnel, and to
discuss with the experts from other teams
participating the BE-EJT benchmark exercise.
However, the discussions were not formal expert
elicitation discussions.

During the first meeting, the variables listed in
Table III were preliminary agreed upon (after-
wards, the definitions of the variables were
slightly modified). The definition of the variables
is, in fact, one of the most important steps in the
expert judgement process, and it should be made
rather formally. In BE-EJT exercise, the STUK's
•expert team adopted the variables as given.
Further, during the first meeting, the experts were
asked to form their initial assessments of the 5%,
50% and 95% percentiles for the variables listed
in Table III. In addition to the numerical

assessments, the expert were asked to explain the
basis of their assessments and the describe which
kind of methods were applied (e.g. computer
runs, extrapolations from earlier experimental
studies etc.). The Finnish team used the initial
assessments as the starting point of the final
assessments.

The expert training should normally be arranged
before the elicitation sessions. In the BE-EJT
benchmark exercise this not possible due to the
time schedule, and the training session was held
after the first BE-EJT meeting. In the training
session, the basic concepts of probability theory
were reviewed (probability and subjective
probability, statistical dependence, etc.). The
nature of probability statements was illustrated
by suitable examples. The examples were
selected so that they reminded the variables of
the BE-EJT exercise. The most usual heuristics
and biases of expert judgements were discussed.
Further, the expert calibration was discussed. As
an important part of the training, the Bayesian
method applied in this study, was described and
discussed. The method was applied to a simple
case study during the training session. The
variables of the case study were of the similar
nature that the variables of BE-EJT exercise,
although the phenomenon was not the same. The
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Table TV. Initial assessments.

Variable1

1. Peak pressure, MPa

2. Time to peak pressure, s

3. Pressure at 15 s, MPa

4. Long-term pressure, MPa

related time, s

5. Percentage fragmented, %

6. Mean diameter, mm

5%

0.2

2.1

0.3

0.4

—

70

1.5

Expert A

50%

0.4

3.0

0.9

1.0

30.0

90

3.5

95%

0.9

3.0

1.4

1.5

—

100

5.0

Experts' 5%, 50% and 95% quantiles

Expert B

5%

0.5

1.0

1.0

1.0

10.0

70

1.0

50%

1,5

2,0

2,0

2.0

20.0

95

2.5

95%

2.5

3.0

3.0

3.0

30.0

100

4.0

I

5%

0.5

0.5

0.3

0.3

3.0

40

2

Expert C

50%

1.5

2.0

0.7

0.7

15.0

80

6.0

95%

3.5

3.0

1.5

1.5

60.0

100

20.0

5%

5.5

2.2

7.0

7.5

—

80

2.5

Expert

50%

7.0

2.2

9.0

9.5

—

90

3.5

D

95%

8.4

2.8

10.0

10.0

—

100

4.0
1 for definition of variables, see Table III

experts' assessments could be compared with the
true values, and thus the problem of expert
calibration was revisited.

At the end of the training session, the expert
discussed generally on the use of probability
statements. They were willing to express their
opinions in the form of percentiles. This is
probably due to the fact that the experts had been
involved with PSA studies. However, the use of
subjective probabilities in the connection with
physical phenomena seemed to be somewhat
problematic. Although they accepted the proba-
bilistic interpretation of the 5% and 95%
intervals, some of the experts thought those
intervals as physically feasible intervals. Finally,
the training session ended with a free discussion
on the topic of the BE-EJT exercise. Further, the
final elicitation questions were delivered to the
experts.

4.3 Elicitation of experts'
judgements

As already mentioned, the experts were asked to
give the their initial assessment for the quantiles
of the variables, and describe shortly the basis
for their assessments. The initial assessments are
in Table IV. The experts had no possibilities to
use any computer tools in making their assess-
ments and the time available for the assessments
was limited. The initial assessments are not
contradicting. Only one expert seems to give
significantly different values.

The final elicitation session was held at Ispra.
The experts were asked to give their assessments
for the six variables listed in Table III. We divided
the elicitation session into two phases. In the first
phase, the experts presented their views on the
issue. The experts described their reasoning and
thinking models, and identified the most
important aspects of the process under analysis.
They identified their background information and
the way they used it in the quantification of the
variables. Since the resources were limited, the
experts didn't write formal reports on their work,
but gave more or less informal oral presentation.
In their presentations, the experts tried to evaluate
the uncertainties qualitatively. Quantitative
assessments were not discussed during this phase.
After the experts' presentations, the experts
discussed on their views. The normative expert
acted as the chairman of the sessions. The second
phase of the final elicitation was the interviews
of the experts. The normative expert discussed
with each expert and asked the final quantitative
assessments. For that purpose, a form for
documenting the assessment was designed. The
experts had time to modify their estimates based
on the discussions between the experts. The
normative expert gave advice on the variables: it
was emphasized that some of the variables were
restricted to some finite interval, and they even
had discontinuities.

Due to some inconsistencies in the definition of
variables (e.g. it is not easy to interpret the
quantiles of the variable 2, time to the peak
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pressure within the first three seconds), it was represents the experts'uncertainty on the pressure
decided that the expert should draw curves on at each time point. The time evolution curves of
the time evolution of the pressure. These curves the experts are in Figures 5-8.

flT
Q.

•—> o

I2

0

5% quantilfe

50% quantile
95% quantile

0 10

Time [s]

15 20

Figure 5. The pressure curve according to expert A.
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Figure 6. Pressure curve according to expert B (expert B specified medians only for t = 2.0 s, t = 15 s
and t= 10 s).
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Figure 7. Pressure curve according to expert C.
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Figure 8. Pressure curve according to expert D.

23



FINNISH CENTRE FOR RADIATION
AND NUCLEAR SAFETY STUK-YTO-TR 129

Table V. Final assessments.

Variable1

1. Peak pressure, MPa

2 Time to peak pressure, s

3. Pressure at 15 s, MPa

4. Long-term pressure, MPa

related time, s

5. Percentage fragmented, %

6. Mean diameter, mm

5%

0.3

1 ?

0.3

0.3

—

NA2

1.0

Expert

50%

0.5

30

0.55

0.55

15.0

NA2

3.5

A

95%

1.2

30

1.25

1.25

—

NA2

6.0

Experts' 5%

Expert I

5%

0.5

1 0

0.5

0.5

3.0

NA2

1.0

50%

1.0

2.0

1.0

1.0

10.0

NA2

2.5

, 50%

3

95%

2.5

30

2.0

2.0

20.0

NA2

4.0

and 95% quantiles

5%

0.4

0.5

0.4

0.5

3.0

NA2

2.0

Expert C

50%

0.85

1.6

0.9

0.9

15.0

NA2

4.0

95%

3.0

3.0

1.4

1.4

60.0

NA2

15.0

5%

1.5

?n

2.0

2.5

—

NA2

1.0

Expert

50%

3.5

3.0

4.5

5.0

oo

NA2

3.5

D

95%

6.0

3.0

7.5

8.0

—

NA2

8.0
1 for definition of variables, see Table III.

2 the whole distribution of the variable 5 elicited from the experts (see Figures 5-8).

For the variable 5 we asked the experts to specify
the whole probability distribution of the variable.
This is due to the fact that it is possible that all
the debris is fragmented in the experiment. This
is not easily described by specifying only the 5%,
50% and 95% percentiles. The experts' cumu-
lative distributions are given in Figure 9.

The final assessments are in Table V. On the basis
of discussions the experts changed the assessment
slightly. The general tendency is towards less
contradicting estimates. During the discussions

it become clear that one of the experts (expert D)
had made an error in determining the initial
assessments. Expert D changed his assessments
most, but still his estimates seem to differ from
the others.

4.4 Combination of experts'
assessments

We combined the assessments by using the model
discussed in section 3. There is no reason to assign
to the experts nonequal weights, and thus the

§ 1,0
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•Expert B
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- Expert D

40,0 60,0 80,0 100,0

Percentage of debris fragmented [%]

Figure 9. Experts distributions for variable 5 (percentage of debris fragmented).
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parameter L = 20 for each expert. The experts
percentiles were restricted to 5%-, 50%- and
95%-percentiles. Since all variables have
bounded range, we apply the model described in
equations (13)—(14).

The range of the variables related with the
pressure (variables 1, 3, 4) is [0, 20 MPa]. The
combined distributions based on the initial and
final estimates (Tables IV and V) are in Figures
10-12.

Table VI. Combined posterior quantities for the
variable 2 (time to peak pressure).

Posterior quantities

5 % percentile

50% percentile

Probability of no
pressure peak within
the first three
seconds

Initial
estimates

0.87

2.35

0.32

Final
estimates

0.70

2.40

0.38
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Figure 10. Combined distributions for the variable 1.
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Figure 11. Posterior distributions for variable 3.

26



STUK-YTO-TR 129
FINNISH CENTRE FOR RADIATION

AND NUCLEAR SAFETY

§

'=0,8
(A(A
J

10,6
4)
«>

2.0,4
0)

10,2
E

o 0

co

I 0,6
.2
© 0,4
"S3
o
°- 0,2

0

I

*

it
»/

— * ™

Initial estimates

- - - - Final estimates

5 10 15
Long term pressure [MPa]

20

—^iia
— •

Initial estimates

- - - - Final estimates

2 3
Long term pressure [Mpa]

Figure 12. Posterior distributions for the variable 4.
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The final posterior distributions of the variables
1,3, and 4 are narrower than the initial estimates
posterior distributions. This is due to the
assessments of the expert D, who changed his
estimates rather radically on the basis of the
discussions between experts. The other experts
changed their estimates or uncertainty intervals
only slightly.

We do not present the posterior distribution for
the variable 2 (time to peak pressure within the
first three seconds). Since it is possible that there
is no pressure peak within the first three seconds,
the probability density of this variable may be
discontinuous. This is reflected by the initial
estimates of experts A, B and C, and by the final
estimates of all experts (see Tables 5-6). We have
determined the posterior 5% and 50% percentiles
for this variable, and the posterior probabilities
that there is no pressure peak within the first three
seconds (see Table VI).

We didn't elicit the percentiles of the time to long
term pressure, but treated this variable by asking
the experts to draw "time uncertainty curves" for
the evolution of the pressure (see Figures 5-8).
The posterior time uncertainty curve is given in
Figure 13. The posterior curve is based on the

Figures 5-8, and we assume the maximum
possible pressure is 20 MPa.

The variable 5 (percentage of debris fragmented)
may have a discontinuous density function, since
it is possible that all debris is fragmented with
non-zero probability. This is reflected by the
experts assessments. The initial estimates are
given in such a form that it is not possible to
determine the posterior distribution for this
variable. As discussed in previous section, we
asked the experts to specify the whole probability
distributions for variable 5 (see Figure 9). The
cumulative posterior distribution based on the
assessment of Figure 9 is in Figure 14. The
posterior probability that all the debris is
fragmented is 0.725.

The range of variable 6 (mean diameter of
fragments) is assumed to be [0,40 mm]. The
posterior distributions based on the initial and
final estimates are in Figure 15. The difference
between the initial and final distribution is not
very large.

A summary of the results is given in Table VII,
in which we present some posterior quantities of
the combined distributions.
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Figure 13. Posterior time uncertainty curve.
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Table VII. Summary of the results.

Variable1

1. Peak pressure, Ma

2. Time to peak pressure, s

3. Pressure at 15 s, MPa

4. Long-term pressure, MPa

5. Percentage fragmented, %

6. Mean diameter, mm

6. Mean diameter, mm

5%

0.07

0.87

0.12

0.09

27.5

0.89

1.0

Initial estimates

50%

1.53

2.35

2.04

2.09

92.9

3.65

3.5

Posterior percentiles

95%

13.2

NA1

14.4

14.4

—

12.7

6.0

5%

0.14

0.70

0.11

0.11

25.0

0.73

1.0

Final estimates

50%

1.23

2.40

1.31

1.31

92.1

3.20

2.5

95%

7.00

NA1

8.05

9.31

NA2

11.6

4.0

1 see Table III

2 see Figure 14

Fraction of debris fragmented [%]

Figure 14. Cumulative posterior distribution of variable 5 based on final estimates.
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5 CONCLUSIONS

The main objective of the work behind this report
was to develop a method for using experts
judgements in probabilistic safety assessment
(PSA) and to test the methodology within the
benchmark exercise on the use of expert judgement
in level 2 PSA, organized as a concerted action of
European Commission Fourth Framework
Programme on Nuclear Fission Safety the
concerted action. The method was developed for
the Finnish Centre for Radiation and Nuclear
Safety (STUK).

The method developed consists of the selection
and training of experts, elicitation of judgements,
combination of the judgement, sensitivity
analyses and documentation. The method is based
on the NUREG-1150-methodology, and has the
same phases. However, the NUREG-1150
methodology is rather extensive, and our methods
is simplified. Thus, the method can be flexibly
applied in the cases in which the resources are
limited.

The combination of expert judgements in our is
based on a Bayesian modeling framework. The
framework makes it possible to model great
variety of elicitation formats (e.g. paired
comparisons, direct assessments, percentiles of
distributions etc.) Here we consider the case in
which the experts' assessments are given in the
form of percentiles of experts' distribution. The
models described here are based on trans-
formations of Gaussian distributions, and the
posterior distributions are determined by applying

Markov chain Monte-Carlo methods. The
algorithms were implemented into a spreadsheet
program (Excel) In many cases, the results of
Bayesian model are comparable with the direct
averaging of experts' distributions.

The method was applied in a case study belonging
to benchmark exercise on the use of expert
judgement in level 2 PSA. The objective of expert
judgements was to give numerical predictions for
an experiment on corium water interactions during
a period of time. The resources used in the
elicitation and analysis of expert judgements were
rather small compared with those of the other
participants of the benchmark. However, the
results obtained were comparable with the other
results. One of the most difficult part of the
benchmark exercise was the definition of the
variables. These problems were solved by asking
the experts to draw a time uncertainty curve about
the evolution of the process.

On the basis of the case study, we may conclude
that the method works rather well. Its application
in everyday PSA work is possible. It is at best in
such cases, where the variables are well defined
parameters of PSA model, and where the objective
of the analysis is to find the significance of safety
issues, to identify related uncertainties and to
identify need for further and deeper analyses. The
successful application of the method (or expert
judgements generally) requires understanding of
subjective probability statements, which must be
taken into account during the expert training.
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