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ABSTRACT

The uncertainty analyses are an essential part of any risk assessment. Usually the uncertainties of
reliability model parameter values are described by probability distributions and the uncertainty is
propagated through the whole risk model. In addition to the parameter uncertainties, the assumptions
behind the risk models may be based on insufficient experimental observations and the models
themselves may not be exact descriptions of the phenomena under analysis. The description and
quantification of this type of uncertainty, model uncertainty, is the topic of this report.

The model uncertainty is characterized and some approaches to model and quantify it are discussed.
The emphasis is on so called mixture models, which have been applied in PSAs. Some of the possible
disadvantages of the mixture model are adressed. In addition to quantitative analyses, also qualitative
analysis is discussed shortly.

To illustrate the models, two simple case studies on failure intensity and human error modeling are
described. In both examples, the analysis is based on simple mixture models, which are observed to
apply in PSA analyses.
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TIIVISTELMÄ

Erilaiset epävarmuustarkastelut ovat olennainen osa nykyisiä riskianalyyseja. Usein riskimallien
parametrien epävarmuudet mallinnetaan todennäköisyysjakaumilla ja analyysin lopputuloksen
epävarmuusjakauma lasketaan kyseisten parametrikohtaisten jakaumien perusteella. Edellä
mainittujen parametriepävarmuuksien lisäksi myös mallien oletukset voivat perustua riittämättömiin
kokeellisiin havaintoihin, ja itse mallit eivät välttämättä kuvaa tarkasteltavaa ilmiötä tarkasti. Tämän
raportin tarkoitus on tarkastella näiden mallintamisepävarmuuksien kuvaustapoja ja kvantitifiointia.

Raportissa tarkastellaan malliepävarmuuksien luonnetta ja erilaisia kvantifioimistapoja. Pääpaino
on todennäköisyyspohjaisilla malleilla, joita voidaan pitää useiden mallien sekoituksena. Tätä
lähestymistapaa on sovellettu muutamissa muualla raportoiduissa, PSA:iin liittyvissä tarkasteluissa.
Joitakin sekoitettujen mallien heikkouksia tarkastellaan. Kvantitatiivisten lähestymistapojen lisäksi
kuvataan lyhyesti myös kvalitatiivisia analyyseja.

Esiteltyjen mallien havainnollistamiseksi niitä sovelletaan kahteen yksinkertaiseen esimerkki-
analyysiin, jotka liittyvät komponentin vikaantumisintensiteetin ja inhimillisten virheiden
mallintamiseen. Molemmissa tapauksissa sovelletaan sekoitettuja malleja, joiden havaitaan
soveltuvan PSA tarkasteluihin.



FINNISH CENTRE FOR RADIATION
STUK-YTO-TR 95 AND NUCLEAR SAFETY

CONTENTS

1 INTRODUCTION 7

2 MODEL UNCERTAINTIES 8

3 APPROACHES FOR DESCRIPTION OF MODEL UNCERTAINTIES 12

3.1 Identification of uncertain modelling assumptions 12
3.2 Models of model uncertainty 13

3.2.1 Mixture models 13
3.2.2 A general Bayesian model 15

4 EXAMPLES 17
4.1 Modelling of failure intensity of a component 17

4.1.1 Parameter uncertainty 17
4.1.2 Model uncertainty, a finite dimensional case 18
4.1.3 Model uncertainty, an infinite dimensional case 18

4.2 Model uncertainties in a human reliability model 20
4.2.1 Description and modelling of the event sequences 20
4.2.2 Quantification of event sequences 21

4.2.3 Numerical results 24

5 CONCLUSIONS 30

REFERENCES 32



FINNISH CENTRE FOR RADIATION
AND NUCLEAR SAFETY STUK-YTO-TR 95

FOREWORDS

This study has been carried out in VTT Automation, and it has been ordered and financed by the
Finnish Centre for Radiation and Nuclear Safety (STUK). We express our gratitudes to Mr. Reino
Virolainen, who was the coordinator of the study.



STUK-YTO-TR 95
FINNISH CENTRE FOR RADIATION

AND NUCLEAR SAFETY

1 INTRODUCTION

The safety of nuclear power plants is analyzed
by using various models. Depending on the pur-
pose of the analysis the models are either deter-
ministic or probabilistic. Since experimental data
concerning many phenomena (e.g. the physical
processes after core damage, thermohydraulic
phenomena, behavior of the geologic nuclear
waste repositories) are limited or even missing,
the safety related decisions must be made purely
on the basis of model calculations. The validity
of the models is not completely proven, and there
is considerable uncertainty about the model pre-
dictions.

The uncertainty of safety assessments is consid-
ered in a quantitative way in PSAs, where the
methodology is probabilistic. The uncertainty
analysis is an essential part of PSAs of all levels.
B-sically, the uncertainty studies of PSAs are
concentrated on so called parameter uncertainty,
i.e. the uncertainty of the model parameter val-
ues. Usually the uncertainties of the model pa-
rameters are described by probability distribu-
tions, which are then used in evaluation of the
uncertainty of the final result of the model cal-
culations. This approach was adopted even in
WASH-1400 (1975). Later, the methodology has
been studied further and the topic has been a sub-
ject of benchmark studies (see NUREG/CR-2300,
NUREG-1150,Hircshberg 1990).

The uncertainty on the PSA model structures and
assumptions has not been studied is such detail
as the "parametric uncertainty". The most ad-
vanced discussion on this topic may be found

from the proceedings of the Workshop I in Ad-
vanced Topics in Risk and Reliability Analysis
(Mosleh et al 1994). The main emphasis here is
on the model uncertainty, the characterization and
interpretation of which is discussed in section 2.
The approaches proposed for the identification,
formulation and evaluation of model uncertain-
ties are discussed in section 3. To illustrate the
model uncertainty, we describe two simple case
studies in section 4.

The work discussed in this report is based on a
small study made with limited resources and it
can't be seen as a final statement about model
uncertainty. The aim of the work is to present the
problem area and some tentative solutions. From
application point of view, more research is needed
to validate the approaches discussed in this re-
port.

The approach of this report is probabilistic. Meth-
ods based on other measures of uncertainty, such
as fuzzy sets or possibility measures, are not dis-
cussed deeply. The choice to concentrate on prob-
ability models is due to two reasons: first, by our
opinion, probability is conceptually well founded
model for uncertainty, and secondly, the basic
applications discussed here are problems of level
1 PSA, in which the probabilistic models are gen-
erally adopted. In addition to the above,
probabilistic models can be interpreted in deci-
sion making through Bayesian decision theory.
The decision theoretic foundations of other ap-
proaches are not yet developed as consistently
as the Bayesian decision theory.
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2 MODEL UNCERTAINTIES

The model predictions used in decision making
are subject to uncertainties. Usually, it is thought
that there are two sources which contribute to
these uncertainties. First, there is uncertainty in
the true values of the model's parameters (e.g.
the failure probability of a hardware component).
Second, there is also uncertainty in the structure
of the model itself and the assumptions behind
the model. Often, the contribution due to the first
source is called parameter uncertainty. As dis-
cussed in the introduction, parameter uncertainty
is routinely treated in most risk assessments by
using various sampling techniques. The uncer-
tainty due to the second contribution, often
termed model uncertainty, is not usually quan-
tified and sometimes it is not acknowledged.
Some reasons for this are the absence of consen-
sus on how to quantify and represent model un-
certainty, the lack of distinction between model
and parameter uncertainties, and lack of data to
benhcmark the models. However, when making
decisions concerning safety of industrial plants,
there is a great need to deal with model uncer-
tainty. If the model uncertainty is not taken into
account, the resulting decision may be errone-
ous or sub-optimal (see Mosleh et al, 1994).

The above distinction between model and param-
eter uncertainty is not exact and sufficient for
deeper discussion. Actually, it is not even clear
what is model structure and how it is presented
in the model. To deal with model uncertainty we
must first discuss the relationship between the
reality and its representation by models. We must
know what is a model. According to Laskey
(1994), the term model refers to a representation
of a system that can be used to answer questions
about the system. Models can be physical (e.g. a
miniature model or a wind tunnel), verbal (e.g.

an analogy), mathematical or human (e.g. an ex-
pert's prediction). Often, physical models are
based on mathematical models or experimental
observations, which may be uncertain. Verbal
models or descriptions are tools of behavioral sci-
ences, but they have also been applied in risk
analyses to describe for example erroneous op-
erator actions or accident scenarios. In this re-
port we restrict the discussion on mathematical
models or expert judgements.

Mathematical models are representations of a
system, which are used to predict the value of
some target event or quantity. Usually, target
quantities in mathematical models are some num-
bers (real, integer, complex, etc.), which corre-
spond to the values of some observable physical
quantities. Furthermore, it may be interesting to
know not only one value of the target quantity,
but several values or continuum of values of that
quantity over some index set, i.e., we are inter-
ested on the set of values

X,eT = {X(t)lteT} e S, (1)

in which t is the index variable and T is the set of
all possible values of index variables. In prac-
tice, t often corresponds to time, and T is some,
possibly a very long time interval. The target vari-
able or system state variable X(t) belonging to
the state space S describes the state of the sys-
tem at index point (time point) t. In should be
noticed that the specification of the state space S
determines the view upon the system. In fact, S
is a model, and it may be a cause to modelling
uncertainties. For example, if we describe a con-
tinuous physical target quantity with a model
quantity having only denumerable state space,
we give rise to a quantization error.
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In a mathematical model, various equations and
mathematical operations are used to predict the
value of the target quantity. The model has al-
ways a form and a set of parameters, and for a
given form, e.g.

X(t) (2)

different values of the parameters A.t represent
models within a family that is characterized by
the form F(-). The form F(-) describes the rela-
tionships between X(t), t and the parameters. It
may be differential equation, transition probabili-
ties of a stochastic process etc.. The dimen-
sionality of the model depends on the dimensions
of S, T and the parameters space.

We notice that the distinction between form and
parameters is artificial: conceptually it is possi-
ble to represent the form by hierarchical struc-
ture of parameters and "supcrparamctcrs". This
causes difficulties in distinction between model
and parameter uncertainties.

In the most simple cases the predictions by a
model involves systems whose behavior is suffi-
ciently well understood, and a mathematical
model provides a faithful and accurate represen-
tation of the systems behavior. This type of
straightforward predictions are sometimes called
consolidative models because they consolidate
known information about a system into a form
that can be used as a surrogate for the system
itself (see Laskcy, 1994, Bankes, 1993).

It is worth noticing that by following the Bayesian
subjective interpretation of probability we can't
interprete probability models totally as consoli-
dativc. According to Bayesian interpretation
probability is not a property of the nature or real
system but the observer's expression of his/hers
uncertainty about the system. In addition to a sys-
tem's behavior probability models describe also
the observers or modelers uncertainty about the
system's behavior and thus they do not corre-
spond to the system straightforwardly, i.e. they
can't be seen as surrogates for the system. Ac-
cording to more objectivistic interpretations of
probability, the probability distributions of sys-
tem's states are objective entities of nature and

also probability models can be surrogates for the
system. However, by frequentistic interpretations,
probability statements always refer to a large
ensemble of systems or a large ensemble of sys-
tems histories, which do not actually exist in all
cases.

In addition to consolidative models Bankes
(1993) discusses exploratory models, which are
models for systems for which consolidative mod-
els don't exist. The purpose of exploratory mod-
elling is to identify plausible models, modeling
assumptions, and to identify the range of
behaviors predicted by the plausible models and
the relationships between the modeling assump-
tions and model outputs. Further, exploratory
modeling is expected to find assumptions hav-
ing a large impact on model outputs, and to identi-
fy predicted system behaviors that arc robust
across different modeling assumptions. Many of
the models applied in risk assessment or safety
related decision making are exploratory in the
above sense. By interpreting the results of ex-
ploratory models as if they are those of consoli-
dativc models may lead to serious problems (for
more discussion, see Laskey (1994)).

Laskey (1994) uses the term models uncertainty
to refer to problems in which there exist no vali-
dated and commonly accepted consolidative
model for the systems whose behavior must be
predicted. Usually, the term is used to refer to
uncertainty about the functional form of a model.
In the cases there exist no consolidative model
agreed upon, the modelers must identify a set of
plausible assumptions and models. The identifi-
cation of the plausible models is not sufficient
for quantification of the model uncertainty; for
that purpose, the uncertainty about the plausible
model and assumptions must be parametrized in
some way. In any case, the model uncertainty re-
fers to the lack of commonly accepted and vali-
dated form (in the sense of eqn. (2)) of the model.

One way to approach model uncertainty is to con-
sider the way to remove the uncertainty. If the
model describes physical and observable entities
of nature, the only way to reach absolute certainty
on about the variables is to observe their values.
If the model is probabilistic, some of the param-
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eters of the model are not observable in the usual
sense (e.g. failure rate and the parameters and
assumptions having impact on it). It is not possi-
ble to exactly identify the parameters or the va-
lidity of modelling assumptions behind a single
realization of a random phenomenon, but it is in
principle possible to make statistical inference
on these factors. One of the basic problems in
the model uncertainty issue is that uncertain
models must be applied to predict phenomena
for a long period of time or to predict a unique
phenomena (e.g. phenomena in a nuclear waste
repository for a long time, or a plant specific
phenomena in a rare or postulated accident se-
quences a nuclear power plant), for which there
can't be any physical observations.

To characterize the diffrenece between model and
parameter and model certainty we now study how
these uncertainties reduce when additional ob-
servations of the system to be modelled are ob-
tained. We consider first the case in which the
models are deterministic and the observations are
complete and no measurement errors exist. Let
variable of interest be X(t), t e T, and the plausi-
ble models, F^t,-), i=l,...,m be of the form

where 8(-) is the 8-function. We notice that the
posterior distribution of the parameter vector is
the restriction of the prior on a set parameters
satisfying the equation

X(t) =

i), teT,i =
(3)

i.e. each of the models describe the behavior of
X(t) for each t by a finite number of parameters.
If there is no model uncertainty, one of the mod-
els, say F,(t,-), predicts exactly the values of X(t).
However, if the parameters are unknown, obser-
vations are needed to estimate the parameters.
We assume that this uncertainty is described by
a joint probability density

in which 4 is a known parameter. Since we as-
sumed that there are observations are complete,
we may without loss of generality assume that a
set of values of X(t) are directly observed. Let
the observations be X(t,), X(t,),..., X(t,.). The like-
lihood function is

L(X(t,),..,X(tk)|A,)

= F,(tai,..a!j
x(t2) = F,(ta, ?.!,..., O

x(tk) = FidkAi,...,*.!,,)

(6)

If k>n,, it is possible that the posterior distribu-
tion of the parameter vector is concentrated in
one point, which is the true value of the param-
eter vector. However, if the mapping defined by
(6) is not one-to-one, for each t e T, then it may
happen that an unique true parameter value is not
found. If the mapping is one-to-one, and k>n,,
and there is no solution to the equation (6), then
one must conclude the model is not valid.

Next we assume that in addition to the param-
eter uncertainty there is also model uncertainty,
which is describe by a discrete probability distri-
bution, defined by

P("model Fi(-,.-.,0 is valid")
(7)

As above, we may determine the likelihood func-
tion as

(8)= respect,)-F,(tai,...X)].

(5)

The prior distribution of the parameter vectors
A( and the plausible models Fi9 i=l,...,m is de-
fined by

(9)

where we have made obvious independence as-
sumptions about the parameter vectors of the dif-
ferent models.

We may determine the posterior distribution of
A{ and the models F( by applying the Bayes rule.
We notice that more observations is needed in

10
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order to reach certainty about the models and their
parameters than in the case with parameter un-
certainty only. The statistical inference works in
such a way that models which don't fit to obser-
vations are excluded when a contradictions with
the observations occur.

The next step in the generalization of the above
model is to assume that the observations are not
complete in such a way that only a part of X(t) is
observed. An example of incomplete observation
is that if X(t) is a r-dimensional vector (X,(t),...,
Xr(t)), only some s-dimensional vector
Y(t)=(Y,(t),...,Ys(t)), s<r, the components of
which are deterministic functions of the compo-
nents of X(t), is observed. In that case the posteri-
or distribution can't generally be concentrated at
one point, if a finite number of observations is
made.

We generalize next the above model to include
noisy measurements, by which we mean that the
relationship between the observed variable, Y(t),
and X(t) is stochastic. We still assume that the
relationship between the model parameters and
X(t) is deterministic for each model. We may
model the noisy measurements by a conditional
probability distribution defined by

P(Y(t)edY(t)IX(t)) = h(Y(t)IX(t))dY(t) (10)

Since there is a deterministic relationship (see
eqn. (3)) between the parameters A. (correspond-
ing to the model F.) model and X(t) we may eas-
ily derive from (10) the conditional distribution

(11)

and we rrv?y determine the posterior distribution
o I" v;-sir [A.,{F=F.}] by using the Bayes rule

P(Y(t)edY(t)lA,,{F =

= h.(Y(t)lA1,{F = F.})dY(t)

By assuming that the k measurements, Y(t,),...,
Y(tk), are statistically independent (given the
parameters and the model), the likelihood func-
tion is of the form

L(Y(t,),...,Y(tk)lA.,{F =

= nlL.hl(Y(t,)lA.,{F =

,) Y(t.»

(12)

(13)
The posterior distribution (depending on the prior,
the models F. and the likelihood) may converge
very slowly to a neighbourhood of one point,
which corresponds to the "true model and it pa-
rameters".

The final step of the generalization is that also
the relationship between the parameters and X(t)
is stochastic. The process of updating the prob-
ability of the models and the distribution of the
model parameters remains the same as in the
above. The convergence of the posterior distri-
bution is naturally slower.

From the above we may conclude that it is possi-
ble to find exactly the true model from the set of
exactly defined plausible models and true param-
eters only in the case of deterministic model and
complete observations. In that case it is also pos-
sible to make clearer difference between model
and parameter uncertainty. The identification of
the true model and parameters gets more diffi-
cult and the relationship between model and pa-
rameter uncertainty get more unclear with the
increasing stochasticity of the model. In any case
it is worth noticing that to be able to make statis-
tical inference on the model and parameter un-
certainty all the uncertainties must be described
by probability distributions and thus, they must
be parametrized.

Sometimes uncertainties have been modelled by
fuzzy approaches. It is interesting to note how
the uncertainty described by fuzzy models dis-
appear. Since fuzziness refers to imprecise or
inexact definition of entities (e.g. the sets with-
out grisp boundaries), the uncertainty disappears
immediately when the things are defined pre-
cisely. Thus the uncertainty describe by this way
is not connected directly to observations.

11
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3 APPROACHES FOR DESCRIPTION OF
MODEL UNCERTAINTIES

3.1 Identification of uncertain
modelling assumptions

Before discussing the quantification of model
uncertainty, it is beneficial to approach the prob-
lem from qualitative point of view. Models are
always based on various assumptions, the valid-
ity of which is certified in most cases. The certi-
fication is possible, if there are empirical obser-
vations on the phenomena under analysis. When
observations are missing, one must base the
analysis purely on the assumptions and expert
judgements. However, when safety critical phe-
nomena are modelled for decision making pur-
poses, it is important to systematically review the
various modelling assumptions.

In PSA context the qualitative uncertainty analy-
sis is often neglected, and only few published re-
ports are available on this topic. For the usual,
parametric uncertainty analysis this may not be
a problem, since these analyses consist mainly
on the assignment of probability distributions to
uncertain parameters and the uncertainty
propagation. The probability distributions are de-
termined either on the basis of plant specific
empirical evidence or expert judgement. The
methods for the statistical analysis of operational
experience are wellknown and there may not be
essential uncertainties behind the models applied
in these analyses. In some cases (for example
CCF-models and data) various weighing tech-
niques are applied in the analysis of data (see for
Mosleh et al (1988)). This kind of weighing pro-
cedures may be a cause for serious uncertainties,
and thus they should be documented carefully.
Same is true for the use of expert judgements.
However, the treatment of parameter uncertainty
is rather well established, and the PSA commu-

nity is well aware of the techniques and proce-
dures as well as of the possible problems of the
approach. Unfortunately, the assumptions behind
the PSA models are not documented as carefully,
and their uncertainties are not always reviewed.

One systematic approach to identification and
preliminary evaluation of uncertainties is de-
scribed by Holmberg and Himanen (1991). In
their analyses, the uncertainties were identified
according to the hierarchy of PRA models con-
sisting on several modelling levels. At each level
of the modelling hierarchy the details of the
model were investigated by reviewing critically
each modelling assumption. Further, the findings
of the review were documented on a specific un-
certainty analysis form. At the same time, the sig-
nificance of the possible uncertainties in the as-
sumptions was evaluated. For example, the physi-
cal basis for the various success criteria of emer-
gency systems were analyzed in detail.

A procedure to qualitatively review any model
and its assumptions could follow the lines dis-
cussed by Holmberg and Himanen (1991). Each
modelling assumption could be documented and
the uncertain issues could be pointed out. Al-
though these uncertainties would not be analyzed
quantitatively, they could be reviewed by any
other person of review group, which is neces-
sary when the models are applied in decision
making. Further, by identifying the uncertain
modelling assumptions, it is possible to find
means to reduce the uncertainty or to quantify it.

Another approach for both qualitative and quanti-
tative model uncertainty analysis is discussed by
Theofanous, (1994). The basic idea of the Risk-
Oriented Accident Analysis Methodology
(ROAAM) is to decompose the model into three

12
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categories of cause-effect relationships. These
categories are described cither by deterministic
parameters (category 1), random parameters (cat-
egory 2) and intangible parameters (category 3).
The categories are subject to some further re-
quirements.

First, the decomposition should be such that each
cause-effect relationship represents a well-de-
fined physical problem. A key aspect of well-
posedness is absence of unquantifiable bifurca-
tion or sudden transition in behavior. In this case
the model is deterministic, which may, however,
admit random or intangible parameters. Secondly,
the random parameters should be supported by
statistical basis, or at least be amenable to statis-
tical inference. In this case the model is
stochastic. Thirdly, the intangible parameters in-
clude those that do not fall into cither of the above
two categories, that is, they cannot be related to
other, known, parameters through deterministic
or stochastic model. Although the classification
or decomposition may not follow the Bayesian
interpretation of probability, it is a useful task to
perform it as a practical step of the modelling: it
requires a careful review of the modelling as-
sumptions.

The quantification in the ROAAM approach is
probabilistic: both the random and intangible pa-
rameters are describe by probability distributions.
However, the values of random parameters are
obtained by means of stochastic models and sta-
tistical data as opposite to the intangible param-
eters the values of which are based on expert
judgement. By classifying the parameters into the
three categories one actually makes sure that the
quantification process is systematic and the ba-
sis of the parameter estimates is studied carefully.
The ROAAM approach has been used in several
practical cases (see for example Theofanous, et
al (1987), Pilch et al (1993) and Additon et al
(1994)).

3.2 Models of model uncertainty

3.2.1 Mixture models

One of the basic models for describing the model
uncertainty is a probabilistic mixture of several

plausible models. This class of model was already
discussed in section 2. Here we discuss only
probabilistic mixture models, but the extension
of the approach to the case of deterministic mod-
els is obvious. The basic idea of the mixture mod-
els is the following.

We assume that there are m plausible models,
M],...,Mm. Under model h i the quantity of inter-
est, X, has the conditional distribution, f(xl0.,M.),
in which 0. is the parameter specific to the model
M.. In the Bayesian formulation, the uncertainty
on 0. is expressed by a probability distribution
g.(9.IM.). Further, a probability that the model M.
is "correct" is assumed to be P(Mi). The (uncon-
ditional) probability distribution of X is deter-
mined by the rule of total probability

f(x) = I™.P(Mi)jOie0if(xl0i,Mi)g(0ilMi)d0i.

(14)

which is actually a finite mixture of conditional
models

f(xlM0 = i. (15)

The model (15) is in turn an infinite mixture of
conditional models f(xl0.,M.).

According to Laskey (1994) the above model
((14)-(15)) is appropriate when the models
M1,...,Mm arc an exhaustive set of models for the
quantity X. One of M. represents a consolidative
model for X, but we are not sure which one.

Apostolakis, (1994) and (1990) discusses a simi-
lar approach, and makes a difference between
aleatory and episctemic models. The aleatory
models refer to phenomena under "stochastic
uncertainty" and the epistemic models to the
"state-of-knowledge uncertainty" on the valid-
ity or acceptability of various modelling assump-
tions and parameter values. From the probability
calculus point of view, there is no reason to make
this difference.

There has been some discussion about the valid-
ity of the mixture model approach. For example,
Bier (1994) argues that the mixture model can-
not be applied if the plausible models are not

13
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mutually exclusive and collectively exhaustive.
Similarly, Winkler (1994) criticize the interpre-
tations of the model probabilities P(Mj).

According to our interpretation, the set of plau-
sible models need not to be mutually exclusively
in the sense that another model may include the
other model as a special case. If M. is interpreted
as a "metaparameter" conditionally on which and
the parameters the model of the variable of in-
terest is given, there is no reason to require that
these conditional distributions should be of ex-
clusive, different forms. For example, let us as-
sume that X is a stochastic lifetime of a compo-
nent, and M, and M., arc two assumptions given
which the conditional survival distributions of
the component arc

P(X>xlM,,6l) = e"ou (16)

and

P(X>xlM2,82,63,64) =

Now it is clear that the M, includes M, as a spe-
cial case, but still the mixture model

P(X>x) = X:.,P(M,)je,P(X>xle,)M,)g(©,lM,)d©.,
(18)

in which 0. = 9, and 0,=(8,,63,64) are the pa-
rameters, and g.(-l-) are their conditional distri-
butions, is a valid presentation of model uncer-
tainty in this case. On another hand, the set of
model must be exhaustive, in such a way that it
specifies all plausible models relevant to the case
under analysis: if this is not requirement is not
fulfilled, then it is not possible to determine the
probability distribution P(MS).

The critique of Winkler (1994) is directed to the
interpretation of the model probabilities P(Mj).
First, the existence of a correct model is ques-
tioned. In the mixture model, where the prob-
abilities P(M.) sum to one, it is assumed that a
correct model exists and it is one of the models
M,,...,Mm. Thus the use of the mixture models is
allowed only in the cases where the set of possi-
ble models can be exactly formulated and there
is certainty, that one of the models is really the

correct model. This is actually the case in some
PSA level 1 modelling uncertainties. We may be
interested to describe the uncertainty on the suc-
cess criterion of an emergency system, which may
for instance be one of the alternatives l/r,...,r/r.
We may say that if the space of plausible models
is well defined (and possibly finite), then the
mixture model is allowed. However, there arc
ca^es in which the critique of Winkler (1994) is
fully applicable.

From the statistical point of view the mixture
models have some good properties. For exam-
ple, averaging over all the models provides bet-
ter predictive ability, as measured by a logarith-
mic scoring rule, that using any single model M.,
or

-E[ln(I^f(xlMi,D)P(Mil,E))]

< -E[ln(f(xlMj,D)], Vj,
(19)

where D is the evidence and the expectation is
with respect to the mixture distribution (sec
Madigan & Raftery, 1994). The above follows
from the nonnegativity of the Kullback-Leibler
information divergence. The mixture approach
dso makes it possible to simplify the model as-
sumptions in a sequential manner, when data be-
comes available.

From calculational point of view the mixture
model is appealing. It is rather easy to sample
from the resulting mixture distributions and de-
termine the statistical properties of the variable
of interest. Further, the approach can be imbedded
into the conventional uncertainty propagation of
PSA.

As already mentioned in above, most of the at-
tempts to account for model uncertainty in PSA
arc based on some type of mixture approach. For
example, it is possible to interpret the ROAAM
approach (see Theofanous (1994)) as a version
of a mixture model. The framework described
by Chhibber ct al (1992) is also based on mix-
ture models. Similarly, one of the most polpular
approaches in Bayesian statistic seems to be
based on mixture models (see Raftery et al
(1993)).

14



STUK-YTO-TR 95
FINNISH CENTRE FOR RADIATION

AND NUCLEAR SAFETY

Chhibber et al (1991) have presented the meth-
odology for casting physical mechanistic mod-
els in a general framework of uncertainty, with
special reference to contaminant transport mod-
els, discussed the sources of uncertainty and pos-
sible methods for its representation. They have
recognized that substantial difficulties still re-
main, especially the problem of model depend-
ence and these are subjects of current research.
In the paper have also been emphasized the role
of expert opinions and subjective probabilities
in the quantification of model uncertainty.

According to Chhibber et al (1991) the case where
a single model is available is admittedly easier to
handle than one in which there are multiple mod-
els. If several models are available, then the infor-
mation available for processing is large and psy-
chologically more credible. However, the practical
difficulties imposed in order to adhere to the theory
may become insurmountable. Further, Chhibber et
al (1991) point out the dependence amongst mod-
els. It is natural to expect that the development of
models would ordinarily be drawn from common
knowledge or databases. Therefore, it appears that
inter-model dependence is the norm and independ-
ence the exception. Further, if there are several
models and in addition to point estimates, we have
available ranges, the problem becomes unmanage-
able. The basic approach in quantification of the
model uncertainties proposed by Chhibber et al
(1991) leans on the use of mixture models.

Glaeser et al (1994) describe a combined param-
eter and model uncertainty analysis approach
with an application to a post-experiment calcu-
lation in thermal hydraulics. Their approach is
based on a Monte-Carlo simulation model, which
combines the above classes of uncertainties to-
gether. Basically the approach may be interpreted
as a mixture model. Glaeser et al (1994) describes
an application of uncertainty analysis, using the
software system for uncertainty and sensitivity
analysis which supports the probabilistic
modeling of parameter uncertainties.

3.2.2 A general Bayesian model

The critique against mixture models by Winkler
(1994) and Bier (1994) give a reason to consider

other models for accounting model uncertainty.
Winkler (1994) describes generally an approach,
which could solve the weaknesses of mixture
models.

The idea of the general model is the following.
We assume that the unknown variable of interest
is X, which may be multidimensional (or even
infinite dimensional). The a priori information
on X is described by a probability distribution,
g(x). Further, we assume that there m models for
X, each of the form

fi = (20)

in which G; represents both the assumptions and
parameters of the model f. Each of the models
provides information on X, and thus we may in-
terpret them as observed variables . To use this
information in updating the distribution of X, we
may use the Bayes rule. For that we need the like-
lihood function, i.e. the conditional joint distribu-
tion of f,,...,fm, given X=x, which we denote by
I(f,,...,fjx). According to Bayes' rule we have

g(x|f,,...,fm) cc g(x)l(f,,...,fm|x). (21)

The basic difference between the mixture mod-
els and the above model is that here probabilities
are not assigned to models, but the likelihood
function is used to represent the relationship be-
tween X and the models f,,...,fn. The resulting
posterior distribution will most likely not be of
the mixture form.

In practice, it is hardly possible to determine the
likelihood function of the above model except in
some very simple special cases. The difficulties
originate from the possible high dimension of X
and from the abstractness to deal with conditional
probabilities needed in the determination of the
likelihood function.

Generally, we may model the dependencies be-
tween the models by defining the likelihood func-
tion in a suitable way. By using the mixture mod-
els this could be more difficult, and in some cases
even impossible.

We notice the similarity of the above approach
and a general Bayesian framework for using ex-
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pert judgements discussed by Pulkkinen (1994). adopted by practitioners. The uncertainty or sen-
If we interpret the models f,,...,fm as expert judge- sitivity analysis of deterministic differential equa-
ments, then the approach becomes understand- tion models may be based totally on determinis-
able: the experts give their estimates for the un- tic methods, one may for example apply so called
known variable X, which is the used in updating differential inclusions of the form
the distribution of X.

dx
In the above we have discussed only probabilistic ~jT G G(x(t)), (22)
approaches. Thij is only one possibility. There
have been several attempts to apply fuzzy mod- in which G(x(t)) is a set depending on x(t). Ti:e
els and belief functions in evaluation of uncer- mathematics of these models is difficult, and it
taintics (see for examples Preyssl (1987), is not probable that this type of models will be
Pulkkinen et ai (1987)). These attempts have not practically applied in near future.
been very successful and they have not been
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4 EXAMPLES

4.1 Modelling of failure intensity
of a component

4.1.1 Parameter uncertainty

To illustrate the relationship between modelling
and parameter uncertainty we consider a simple
example. We study models to describe a compo-
nent's failure intensity, and we model the failure
occurrences by a stochastic point process. For
simplicity we assume that the underlying point
process is a Poisson process with time depend-
ent intensity X(t). Consequently, the number of
failures in the time interval [0,T] follows a
Poisson distribution

= n|A.(s),O<s<T) =
n!

(23)

We notice that the above distribution is condi-
tioned on the values of X(t) in the interval [0,T].
We may say that our uncertainty on the number
of failures given the failure intensity is described
by the Poisson distribution (23).

Next we assume that we do not know the failure
intensity function completely. We may describe
this uncertainty in many ways. First, we may
parameterize the failure intensity function, for
example by

= \(t,e),9G0, (24)

in which 0 is the parameter space, and assume
that the value of the parameter is not known. The
uncertainty on the value of parameter 6 is natu-
rally modelled by a probability distribution

in which x is the parameter of the distribution
g(xlx). Parameter x may be known or unknown,
in the latter case the uncertainty is again mod-
elled by a probability distribution. If q is known,
the failure intensity is selected from the family
of failure intensities determined by (24). For ex-
ample, is l(t) is a constant,

A.(t) = Ut,Q) = 9 (26)

then the model selects the constant failure
intensities determined by 0. In that case all the
possible realizations are constants failure
intensities, and there is no uncertainty on the
"time behavior" of the intensity. Similarly, (26)
determines the form of failure intensity family,
and for each parameter value, a member from
that family is chosen. For power law intensities

= Ä.(t,9i,e2) = Git02 (27)

independently of the values of parameters, we
obtain an intensity of this form.

Since we assumed that the parameter value is
unknown, we obtain the (unconditional) distri-
bution of the number of failures by integrating
(over) the distribution of 8

P(NT = n) = |0<a T{NT = n| X(s, 8),0 < s < T)g(0| £)d9

= Le
 4 —g(ei$)de.

(28)
n!

= g(ei$)de, (25)

After obtainining additional evidence we may
update the distribution of the parameter. Gener-
ally, the additional evidence decreases the uncer-
tainty, which finally disappears. Then the model
picks up one member of the family (24). If the
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assumption of the form of the failure intensity if
"wrong", the additional evidence doesn't correct
the situation, although the uncertainty on the pa-
rameter value has disappeared. This means that
the model involving only "parameter uncertain-
ties" is not sufficient.

4.1.2 Model uncertainty, a finite
dimensional case

To describe the uncertainty on the form of fail-
ure intensity function we assume that there are
m possible failure intensity families, which are
each parametrised by their own parameters. Thus
the set of failure intensity models is

M =
(29)

We don't know which of the models is the "true
model", and again we describe this uncertainty
by a probability distribution

P({Mi is true}) = n ; , II, >0, = 1.
(30)

In addition to the uncertainty on the failure in-
tensity function, we don't know the values of the
parameters 6 r The conditional distribution of 0j
given the model is

= g,(9i)dei. (31)

The unconditional or marginal distribution of the
number of failures is a mixture of distributions
(34)

and the conditional distribution of the number of
failures given both the model (M.) and 6f is natu-
rally

ACT ft. V e"Al(TlBi)

P(NT = n | e i ,M, )= A ' U ' U - ' , e , (32)
n!

in which

Ai(T,6i) = £x,(t,ei)dt. (33)

The corresponding conditional distribution given
only the model (M;) is obtained by integrating
(32) over the distribution of 9;

00= I
n!

P(Nl. = n) = (35)

If we obtain statistical evidence, the distributions
of 0. and the probabilities P(M.) are updated by
the Bayes rule. However, generally variables be-
come dependent, and depending on the models,
it may not be very easy to infer which of the
models M. is the "true model".

We may say that the model given by (23)-(28)
describes "model uncertainty" as opposite to the
model given by (29)-(35), which describes pa-
rameter uncertainty. Also the latter model is
parametrized and we may think M. as a param-
eter. We notice that the model (29)-(35) has larger
dimensionality. The dimension of the parameter
uncertainty model is equal to the dimension of
the parameter space (0) , but the dimension of
the model given by (29)-(35) is equal to that of
the cartesian product of the parameter spaces 0.
and the "model space", M. Thus the considera-
tion of model uncertainties requires more abstract
models. This is demonstrated further in the fol-
lowing rather abstract construction.

4.1.3 Model uncertainty, an infinite
dimensional case

In above, we described the model uncertainty by
a finite set of possible failure intensity functions,
each having a finite dimensional parameter space
0.. The failure intensity is parametrized with fi-
nite number of parameters. An obvious generali-
zation is to model the failure intensity by using
infinitely many or even indenumerable number
of parameters.

Let us consider a set of failure intensity func-
tions defined on the time interval [0,°°], and de-
note this set by L(0,°°). We assume that each
member of L(0,°°), X(-) e L(0,°°), corresponds
to a point process which is nonexplosive in a the
sense that if T, j=l,..., are the time points at which
the failures occur then

x» = (36)

18



STUK-YTO-TR 95
FINNISH CENTRE FOR RADIATION

AND NUCLEAR SAFETY

The condition of nonexplosiveness means that
during a finite time interval only finite number
of failures may occur (for more detailed discus-
sion, see e.g. Bremaud, 1981). As in above, we
assume that

= nl?i(t),O<t<T)

A(T)VAlT)

n!
,VA.(-)GL(0,OO),

in which

A(T) = j>(t)dt.

(37)

(38)

Thus the counting process NT is a Poisson proc-
ess and the condition of nonexplosiveness means
that

; <«,VT<oo. (39)

We may interpret the uncertainty about the fail-
ure intensity model in such a way that we don't
know which member of the failure intensity fam-
ily is "true". Since L(0,°°) is a space of
nonncgative functions obeying (39), it is infinite
dimensional. The failure intensity function is not
parametrized, but it is a member of infinite di-
mensional space L(0,°°). In statistics this kind of
model are often called nonparametric, although
their parameter space is infinite dimensional.

In principle we could model the uncertainty on
the failure intensity function by defining a prob-
ability measure on L(0,°°). On the other hand,
X(-) may fr* seen as a stochastic process, and thus
the probability measures on L(0,°°) describe the
statistical behavior of A.(-)- The probability meas-
ures on the path space of a stochastic process are
not easily constructed. From a theoretical point
of view, Kolmogorov's theorem on the construc-
tion of a probability space from finite dimen-
sional distribution of a random process with val-
ues in a metric space shows how such probabil-
ity measures may be constructed. The measure
is called the measure associated with (or corre-
sponding to) the random process and it can be
constructed irrespective of the probability space
(say (£2,F,P)) on which A,(-) are defined. Actually,
if Q, defined by

is the mapping determining the stochastic proc-
ess Ä.(-) and Fo is a sub-a-algebra of F defined

Fo cF ;Fo = o(Q-'(C)), C e B, (41)

where B is the c-algebra of L(0,°°) containing so
called cylindrical sets, then the measure defined
on L(0,°o), ji(-), is the image of the measure P \
which is the contraction of the measure P on Fo

under the mapping Q, i.e.

(42)

In practice, it is possible to define the above
measures only in some special cases or in some
simple subsets of L(0,°o). More detailed discus-
sion on probability measures on functional spaces
may be found for example from Gihman &
Skorohod(1974).

X(-) is an element of a probability space,
(L(0,°°),B,|J.), and the number of failures, NT de-
pends on X,(-) through the distribution (42). The
marginal distribution of NT is obtained by inte-
grating the conditional distribution (37) with re-
spect to the measure |i(-)

P(NT = n) = (43)

co Q X(-,(o), coeQ, (40)

In practice the above marginal distribution can
be evaluated only in some special cases. The dis-
tribution (43) is presented here to illustrate that
also in this very general case the form of the un-
certainty model is the same that in section 4.1.1
and 4.1.2.

Since in the above we assumed that A,(-) is a
stochastic process, it depends on the elements of
the underlying probability space, (Q,F,P), i.e.

?i(t) = ^(t,co),coeQi. (44)

By specifying the probability space (Q,F,P), and
the mapping Q determining the paths of X(-,(O)
(see eqn. (40)), it may be possible to generate
samples of random paths. For example, by as-
suming that Ä.(-,co) is a homogeneous Markov
process with finite state space, we obtain sam-
ples easily by Monte-Carlo simulation. Each of
the sample realizations correspond to a failure
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intensity function, which is different from the
other realizations (with probability one). Further,
if we obtain evidence in the form of observed
failures, we may apply Bayesian inference to
generate "posterior samples" from the path space
L(0,oo) (see e.g. Arjas & Gasparra, 1994a, 1994b).

4.2 Model uncertainties in a
human reliability model

4.2.1 Description and modelling of the
event sequences

The most important accident sequences in the risk
analysis of low power states of a Finnish boiling
water reactor involve human errors. The human
error probability estimates in that risk analysis
are based on expert judgement and on simple
structural models (see Pyy, 1993, Pyy et ai, 1992,
Pyy, 1992, Pyy & Himanen, 1993).

The most important initiator identified in the
above mentioned low power risk analysis is the
large leakage due to human errors in the mainte-
nance of main circulation pumps (MCP). These
leakages lead with high probability to the loss of
water from the reactor vessel and to a core dam-
age. In the low power risk analysis, five events
causing this very large loss of coolant accidents
we identified (TVO I/IIPRA, 1992).

During the MCP maintenance, the pump impeller
and the pump shaft are lifted up and the a plug is
installed to prevent leakage through the pump
tube. Before the impeller and shafts are lifted,
the leakage through the pump is prevented by
installing a seal flange at the bottom of the reac-
tor outlet. The seal flange is supported by a spe-
cial screw system. After installing the MCP plug,
the seal flange is removed to make the MCP
maintenance possible. During the maintenance,
there is a connection from the pump housing to
another system (system 733).

The five events causing the large leakage during
MCP maintenance are

Fl The seal flange is not installed properly (tight
enough), and the seal flange falls down when
the impeller and pump shaft are lifted up

F2 The MCP plug is not properly installed and
the error is not observed, and the seal flange
is removed

F3 The seal flange is removed when the MCP
plug is not installed due to a coordination
error

F4 The MCP plug is unfastened due to a pres-
sure shock through the system 733 and the
seal flange is removed

F5 The MCP plug is lifted by using erroneously
calibrated lift when the seal flange is re-
moved.

All of the above events are caused mainly by
human errors, and there is not empirical evidence
about the probability of these events. The only
possibility to evaluate the initiating event prob-
ability is to use expert judgements and simpli-
fied models. In any case, there is much uncer-
tainty on the values of the model parameters.

The initiating events Fl, F2, F3, F4 and F5 may
be decomposed. Here we present a decomposi-
tion, which is based on the analyses discussed in
TVO I/II (1992) and the reanalysis of the initia-
tors.

The event Fl may happen only if the flange is
not tightened enough (error El 1), the controlling
screw system can't prevent the flange from fall-
ing down (event E12) and if the leak is not ob-
served when the pump house is pressurized (event
El 3). The event E12 can be decomposed further:
it happens if there is a human error in manipulat-
ing the screws (event E14) or a mechanical fail-
ure (event El5). The boolean expression corre-
sponding to this decomposition is

Fl = E11-E12-E13

= E11-(E14 + E15)-E13.
(45)

The event F2 occurs if the MCP plug is not in-
stalled properly (event E21), and if the error is
not observed (event E22) and if the controlling
screw system does not prevent the seal flange
from falling down (event E23 = E12; same event
as in the decomposition of Fl). Event E21 is pos-
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sible, if the plug is not installed at all or if it is
not installed to the right position. The improper
installation may be recovered if it is observed;
this is possible if installation is followed prop-
erly by watching the video or by following the
lifting rod positions, which are used to indicate
the MCP plug position. The boolean expression
for F2 is

F2 = E21-E22-E23

= E21-E22-(E14 + E15).
(46)

The event F3 is a combination of human errors
due to improper coordination of maintenance
actions. It occurs, if the seal flange is erroneously
removed (event E31), and if the leak is not ob-
served and error is not recovered during the re-
moval action (event E32) and if the controlling
screw system doesn't prevent the flange from
falling down (event E33 = E23 = E12, see above).
Consequently the boolean expression for F3 is

F3 = E31-E32-E33

= E31-E32-(E14 + E15).
(47)

We notice that the model for F4 consists of sev-
eral exclusive models F4m, each of which repre-
sent the case with different number of pressure
shocks.

The event F5 may occur if the lift is calibrated in
a wrong way (event E51), and if the calibration
errors is made to the direction of too large torque
(event E52), and if a work to start the lift is erro-
neously permitted (E53). Further, it is required
that the erroneous lifting is not observed and the
error is not recovered (E54). The the boolean
decomposition is

The event F4 must be decomposed in a special
way. First, there is uncertainty on how many pres-
sure shock may appear during the maintenance
of a MCP. We may interpret this uncertainty as
modelling uncertainty: we construct a model
separately for the cases in which there occur m =
1,2,... pressure shocks, and finally mix the mod-
els by applying a probability model. In the fol-
lowing we present model for m shocks, and later,
when we describe the quantification of the event
probabilities, we discuss the mixing of the dif-
ferent models. We denote the event, that the MCP
plug is unfastened due to m pressure shock by
F4m. Given that m pressure shocks occur, an er-
ror may appear if at least one of the shocks is
sufficiently strong to unfasten the plug (event
E41m), and if at the same time the seal flange is
removed (event E42) and if the controlling screws
don't prevent the leakage (event E43=E33=
E23=E12, see above).

We may write the boolean decomposition of the
event E41 in the form

F4m = E4m-E42-E43

= E4ro-E42-(E14 + E15). ( 4 8 )

F5 = E51-E52-E53-E54 (49)

The above decompositions may be uncertain; for
example we have assumed that recovery is pos-
sible in some cases which may not be true. This
uncertainty could be modelled in two ways. First,
we could construct alternative models with and
without recoveries, and assign probabilities to the
alternative models. Another possibility is to as-
sign a failure probability to the recovery actions,
and here we apply this approach.

4.2.2 Quantification of event sequences

The main principle of the human error quantifi-
cation in the above low power risk assessment is
to classify the errors into three categories. Fur-
ther, it is assumed that errors of each category
occur with a specific probability, which is com-
mon to all errors in that category. The three error
categories are defined as follows (sec TVO I/II
1992):

1 Erroneous human actions, in which there is
an obvious possibility of confusion and the
large error probability of which is supported
by evidence from the plant. This category is
applied in case of actions in which the possi-
bility to err is identified and in which the
feedback from the process is not clear. Fur-
ther, actions the performance of which is not
educated, or for which there is no experience
are classified to this category.

2 Erroneous human actions, which are usual
operation, testing or maintenance actions.
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This category is applied in the cases, where
the possibility of error is not obvious, and
when there arc no evidence or near miss
events from the plants operating experience
history. Further, the category is applied when
there is sufficient education on the perform-
ance of the action

3 Erroneous human actions, in which the task
is very simple, carefully controlled and when
there arc good possibilities to observe and
recover from the error. The category is ap-
plied for the errors, which are clear devia-
tions from the good practices and which are
extremely important to the successful and
safe operation or revision period of the plant.
There must not be any evidence on the un-
successful performance of these actions.

The error probabilities applied for the above cat-
egories are p, = 5,0E-2, p, = 1,0E-2 and p3 = 5,0E-
3. In addition to the categories, some human er-
rors are quantified by applying an event specific
error probabilities. For the uncertainty analysis
purposes, probability distributions for each error
probability are determined.

The definitions of the above error categories arc
not exact, and it may be difficult to classify the
errors properly. We may model this ambiguity in
several ways. Since the error categories arc not
exactly defined, we could model them as fuzzy
sets. In this case we should assign to each error
to be classified a degree of membership corre-
sponding to each error category. For example,
the memberships of the describing the mainte-
nance error E21 (the MCP plug is not installed
properly, see above) the degrees of memberships

mi(E21) = 0.1

m,(E21) = 0.1

m3(E21) = 0.9
(50)

which describe the certainty with which the even
E21 belongs to the each of the three error cat-
egories. We notice that the degrees of member-
ship don't add up to unity, as an opposite to prob-
abilities.

The application of fuzzy sets here would be prob-
lematic due to several reasons. Firstly, it is not

easy to assess or scale the membership functions
since they do not correspond to any physical phe-
nomena. As an opposite to this, probabilities may
always be scaled against other uncertain phenom-
ena, which the assessor is familiar with (e.g. coin
tossing). Secondly, the results of such analyses
should be presented as fuzzy subsets in the set of
the possible results, which must not be interpreted
similarly as probabilities. Thirdly, by applying
fuzzy sets together with probability models we
combine two different uncertainty models, and
the interpretation of the results is difficult. How-
ever, in the above situation with ambiguity in the
definition of error categories, fuzzy logic is con-
ceptually a proper model. Despite of the some
appealing features, we don't model the classifi-
cation errors with fuzzy set here.

We model the ambiguous error categories by
probabilistic concepts. We simply assume that
there is uncertainty about the category to which
the error under consideration belongs, and model
this uncertainty by a probability distribution. We
denote the category of error E by C(E) e {1,2,3}.

We assign to each error the probabilities

P(C(E) = i) = = 1,2,3. (51)

We model the probability of error E by a param-
eter 0E, the value of which is unknown. The con-
ditional probability distribution of 0E, given that
the error category is C(E)=i, is

P(0EedGnlC(E) = i) = g,(9E)deE,i = 1,2,3.
(52)

We assume that the above conditional distribu-
tions are beta distributions

g,(9E) =
1

Bfo.ft)
E ) M , i = 1,2,3,

(53)

where B(-,-) is the beta function. We notice that
the distribution is the same for all error in the
same error category, and the value of 6E is com-
mon to all errors belonging to the same error cat-
egory. In other words, there is so called knowl-
edge dependence between the errors. The mar-
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ginal probability distribution of 9E is evidently
the mixture

(54)
= r.,g,(eL)7t,(i)d9,.

The marginal probabilities of the errors is ob-
tained by integrating the distribution (53) over
the possible values of 0E.

The decompositions of the initiators involve also
failures of components, or human errors not be-
longing to any of the above categories. We model
the probabilities of these events by beta-distrib-
uted random variables.

In principle the evaluation of initiator probabili-
ties is straightforward. When evaluating the prob-
abilities of the initiators F1,...,F5, we sample first
the values of 0E for each error category from dis-
tributions (51), then sample the categories for
each error from distributions (52), and then cal-
culate the probability of each initiator according
to the decompositions given in the previous sec-
tion. By repeating this we finally obtain a Monte-
Carlo sample of the initiator probabilities.

The initiator F4 requires some further considera-
tion. As discussed in the previous section, we
assumed that the initiator is a boolean sum of
exclusive events F4m. Each of the events F4m cor-
respond to the case where F5 occurs as a conse-
quence of m pressure shocks. We don't know the
number of the pressure shocks, and thus it is a
random variable.

An obvious model for m is a Poisson distribu-
tion

P(M = mlv) =
m!

(55)

in which v is a parameter. The probability that a
pressure shock is sufficiently strong to remove
the plug is modelled by a random variable p,
which follows a beta distribution

<56>

The conditional probability that the plug is re-
moved given the value of p and that m shocks

occurs is
P(E4mim,p) = l - ( l - p ) " (57)

The probability that the plug is removed by any
number of pressure shocks is a mixture of prob-
abilities (57)

P(E4lp) =
m!

(58)

We may calculate the probability of F4 by ap-
plying the decomposition (48) and the above
model (55)-(58). Since we are interested on the
distribution of the probability, we sample first
the number of pressure shocks from the distribu-
tion (55), then the parameter p from distribution
(56) and finally the other parameters similarly
as the other parameters.

During the refueling outage, usually two of the
six MCPs are maintained. This means that the
failure probability of the five initiators above
should be approximately doubled. Here we quan-
tify the probabilities of initiators assuming that
only one MCP is maintained. Results of Monte-
Carlo simulations and some sensitivity analyses,
as well the model data, are discussed in the next
section.

A word of warning concerning the above uncer-
tainty propagation is needed. The result of un-
certainty propagation is a probability distribution
of the variable of interest (here the probability of
initiators). If the variable of interest, say X, de-
pends on several random parameters, 01,...,8n, it
is of the general form

x = x(61,...,en). (59)

To determine the probability distribution of X,
we obtain a Monte-Carlo sample of X, and inter-
pret the resulting empirical distribution as a sur-
rogate for the "true distribution". However, if X
itself is a probability of some event, say A, the
law of total probability must be used in order to
follow the rules of probability calculus. It means
that X must be interpreted as a conditional prob-
ability of A, given the parameters, i.e.,

X = X(e,,...,9n) = P(Aie,,...,9n). (60)
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According to the law of total probability, the un-
conditional probability of A is given simply by

= /.,™.-/U..H.X(0 e.)g(0,....,ejde,...den,

(61)

in which 0. is the range of parameter 8. and
g(-,...,-) is the joint probability density of the pa-
rameter vector. When the value of X is sampled
by sampling each of the parameters from g(-,...,-),
then we obtain a sample of random variable X
defined by (59), and it is not actually the "prob-
ability distribution of the probability of A". When
considering the previous example (section 4.1)
we followed the rules of probability in this re-
spect. Here we adopted the uncertainty propaga-
tion approach, which is erroneous from the strict
Bayesian view. The issue of uncertainty propa-
gation or "integrated uncertainty analysis" is dis-
cussed for example by Clarotti, 1988 & 1989 and
Pörn & Shen, 1992.

4.2.3 Numerical results

We discuss the input data used in the quantifica-
tion of the initiator probabilities first. Most of
the human errors pre described by the category
model discussed above. The most important pa-
rameters of the category model are the category
specific error parameters, which follow the beta
distribution (53). The parameters of there beta
distributions are

a, = 5.0, (3, = 95.0

a2 = 1.0, (52 = 99.0

a3 = 0.5, p, = 99.5
(62)

The parameters arc subjective assessments. The
expected values of the category specific error
probabilities are those applied in TVO I/II low
power risk assessment (see section 4.2.2). Fur-
ther, it should be noted that we assume knowl-
edge dependence for errors described by the cat-
egory model, i.e. each error from the same error
category has exactly same error probability. Each
of the human errors described by the category
model belongs to some of the three categories
with some probability (see eqn. (51)). The error

Table I. The events described by the error
category model and the corresponding category
probabilities.

EVENT E

E13

E14

E21

E22

E31

E32

E42

E51

E53

*B(1)

0.01

0.05

0.05

0.05

0.01

0.90

0.01

0.05

0.01

7CE(2)

0.04

0.05

0.05

0.05

0.04

0.06

0.04

0.90

0.04

7CE(3)

0.95

0.90

0.90

0.90

0.95

0.04

0.95

0.05

0.95

category probabilities, i.e. the parameters 7TE are
given in Table I.

The rest of the human errors (events El l , E52,
E54) are described by their own beta distributed
error probabilities. The parameters of these dis-
tributions are

m =0 .1 , pE11 = 999.9

= 1.0, PB4 = 9.0
(63)

The event E52 is modelled with deterministic
parameter, i.e.

P(E52) = 0.5. (64)

The event El5 is a mechanical failure, the pa-
rameter of which is also beta distributed with
parameters

= 5.0

PE15 = 995.0 (65)

The parameters of the pressure shock model (55)-
(58) are

v = 0.01

aP = 1.0

PP = 9.0
(66)

The cumulative probability distributions of the
error probabilities for each initiators are given in
Figures 1—4. The distributions are produced by
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Figure 1. The uncertainty distribution for the initiator Fl.
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Figure 2. The uncertainty distribution for the initiator F2.
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Figure 3. The uncertainty distribution for the initiator F3.
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Figure 4. The uncertainty distribution for the initiator F5.
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Table II. Numerical characteristics of the uncertainty distributions.

EVENT

F1

F2

F3

F4

F5

Expected value

4.8x109

8.8x10"7

3.7x106

6.2x10"8

3.3x10"6

Variance

3.0x1016

1.1x1011

5.0x1011

8.1 x1013

4.0x1011

Median

1.1x1011

2.8x107

2.0x106

0.0

1.1x10-8

Monte-Carlo simulation. The distribution for the
event F4 is not presented because it is concen-
trated on the value P(F4)=0, which is caused by
the fact that the number of pressure shocks is
equal to zero with rather high probability. Some
characteristics of the uncertainty distributions are
in Table II.

An important modelling uncertainty reflected in
the above distributions is the possible erroneous
classification of the human errors described by
the error category model. This modelling uncer-
tainty is described by the parameters rcE(i),
i= 1,1,2,3. To illustrate the impact of these pa-
rameters on the results we study the sensitivity
of the probability of event F3. The probability
model of event F3, events E31, E32 and E14 are
described by the error category model. The re-
sults of the sensitivity studies are in Figures 5
and 6. We notice that distributions are slightly
changed due to the different assumptions of the
error category probabilities. In Figures 5—6 we
have not varied the parameters 7tE(i), i=l,1,2,3,
strongly because we assume that there is not very
large uncertainty about the error categories. It is
clear that the uncertainty increases when the dis-
tribution determined by 7tE(i) approaches to the
uniform distribution. Further, the uncertainty in-
creases when nE(i) are varied simultaneously for
several events.

One advantage of the application of the error cat-
egory model is that evidence from all human er-
rors belonging to any error category can be used
in determination of the category specific error
probability. This is possible if there are exact
definitions of the error categories, or if the un-
certainty about the error categories is modelled

also for the statistical inference on the error pa-
rameters. The modelling is possible, if a Bayesian
view on statistics is adopted, for example by fol-
lowing the framework discussed by Pulkkinen
(1994). In order to model that uncertainty in
proper way, one should be aware on the possibil-
ity to break the so called likelihood principle.
According to Berger & Wolpert (1988), the like-
lihood principle is one of the most important is-
sues in statistics.

Another modelling uncertainty is encountered
when we determine the overall initiator probabil-
ity, i.e. the probability of the event

F = F1 + F2 + F3 + F4 + F5. (67)

If we assume that the common values for the
human error probabilities are used for each hu-
man error (knowledge dependence), the uncer-
tainty would be larger than in the case where the
human error probabilities are sampled independ-
ently. We don't study this phenomenon here.

In addition to the above uncertainties, the decom-
positions discussed in section 5.2.1 may not be
the proper ones. For example, we may have de-
composed some human actions as a boolean prod-
uct of several events. This kind of decomposi-
tion leads usually to smaller event probabilities.
However, if there is no means to obtain evidence
or expert judgements on the probability of every
event of the decomposition, then it is not feasi-
ble to decompose the event. It is possible to de-
scribe this type of modelling uncertainty by in-
corporating the expert judgement model into the
event decomposition model. In this case the main
problem is the combination different kinds of
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Figure 5. Sensitivity analysis for initiator 3.
Case 1: UEJJ)=O.O, UEJ2)=0.0, UEJ3)=1.0,
Case 2: fl, )=0.05, YlEJ2)=0.10, UEJ3)=0.85.
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Figure 6. Sensitivity analysis for initiator 3.
Case 3: nEJl)=1.0, UE32(2)=0.0, UEJ3)=0.0
Case 4: UFJl)=0.8, UFJ2)=0.15, UE32(3)=0.05.
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incomplete evidence into a predictive statistical
model. It is possible to apply the framework dis-
cussed by Pulkkinen, 1994, in the quantification
of combined expert judgement and decomposi-
tion model.

The distinction between modelling and param-
eter uncertainty in the above example is not clear,
and we could say that we have analyses only the
parameter uncertainties. However, when defin-

ing the distributions for parameters, we actually
construct a model for that. The way how evidence
is used to update the model parameter distribu-
tions depend strongly on the model and its as-
sumptions. In above, we have applied an error
category model, which makes it possible to use
much broader body of evidence. However, this
creates knowledge dependencies between all er-
rors described by the category model, and this
may have large impacts on the final results.

29



FINNISH CENTRE FOR RADIATION
AND NUCLEAR SAFETY STUK-YTO-TR 95

5 CONCLUSIONS

The aim of this report has been to give an intro-
duction of the problematic issues connected to
model uncertainty. We approached the topic by
characterizing the model uncertainty and com-
paring it with parametric uncertainty. This report
discusses the issue of model uncertainty only
form one rather narrow view and many impor-
tant aspects have not been addressed at all. This
is due to the applications which we have in mind:
the modelling uncertainties in the level 1 PSA,
the treatment of which have been probabilistic.
Another reason to the limited discussion is the
nature of this preliminary study, which has been
made with limited resources.

As several researchers earlier, we also noted that
it is not possible to make a distinction between
model and parameter uncertainty. However, we
tried to describe how the uncertainty is reduced
when additional evidence is obtained, and noticed
that due to the larger dimensionality of the "mod-
els of model uncertainty", the uncertainty is de-
creased more slowly than in the case of param-
eter uncertainty.

We discussed the description of modelling un-
certainty in section 3. The main approach applied
in PSAs is based on various mixture models.
These models apply rather well in most cases in
PSA, where the modelling uncertainties are rather
well defined: usually the alternative models are
based on a small number of clearly defined dif-
ferent assumptions, one of which is the true one.
For this type of phenomena the mixture approach
is fully applicable. One advantage of the mix-
ture models is that they may be easily incorpo-
rated the conventional uncertainty analysis of
level 1 PSA.

In the case of complex physical phenomena, in
the analysis of which the behavior of the system
must be studied for a long period of time and in
which there is a considerable uncertainty, the
model consisting of set of exclusive and exhaus-
tive assumptions may not give the right picture.
In those cases more general approaches should
be used; one possibility is to interpret the mod-
els as a kind of expert judgements and then ap-
ply Bayesian inference. In practice, one of the
basic ingredient of this general model, the likeli-
hood function can hardly be determined. Despite
of this practical difficulty, we think that it is im-
portant to notice the insufficiencies of the mix-
ture model approaches, and to develop more gen-
eral models.

To illustrate the treatment of model uncertain-
ties we considered two simple case studies. On
the first study, we modelled the failure intensity
of a component, and assumed that the functional
form of the intensity is unknown. We applied
various mixture models. The main issue of the
modelling uncertainty in this example was the
increase of the model dimension, which is in the
most general situation infinite. By adopting a
Bayesian approach, the statistical inference is
possible even for nonparametric (infinite dimen-
sional) models.

The second case study dealt with the modelling
of human error initiators in a low power PSA.
One of the basic uncertainties in that case study
was described by an error category model, which
could be easily quantified. Another model uncer-
tainty, which we identified, but not quantified,
was the uncertain decomposition of the human
errors involved. The boolean decompositions
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consisted mainly of boolean products, which
causes the fact that the probability of the whole
event is the product of the probabilities of the
sub-events. The decomposition itself may be
wrong, and furthermore, the evidence (in form
of expert judgements) on the sub-events may be
missing. One of the basic principles of probabil-
ity modeling is that the model elements must, in
some way, correspond to the evidence available,
which not be the case in our case study. If this
kind of contradiction between model and the evi-
dence is possible, one should not decompose the
events. If decomposition is however made, one
way to interpret the probabilities of the sub-events
is to think them as some kind of performance
shaping factors.

PSAs are probabilistic analyses dealing with un-
certainties. It is natural to include a probabilistic
analysis of modelling uncertainties to the frame-
work of PSA. When a quantitative perspective is
adopted, the modelers are required to express

their uncertainty in an exact manner following
the rules of probability. Further, to model the
uncertain phenomena, the modelers must iden-
tify the assumptions of the models and evaluate
their significance. This is basically a qualitative
step in the analysis process, and it should be made
and documented systematically care. Complex
mathematical formulations of the model uncer-
tainty may hide the importance of qualitative
analysis, which is the basis of any risk analysis.

The methodology for model uncertainty analy-
sis is still under development, and more experi-
ence on various approaches is needed. The issue
is connected with other problematic areas of risk
assessment, such as the use of expert judgement.
In this situation, it may be too early to require
quantitative model uncertainty assessments to be
included in plant specific risk analyses. To ob-
tain further experience, various benchmark stud-
ies on clearly defined modeling problems could
be organized.

31



FINNISH CENTRE FOR RADIATION
AND NUCLEAR SAFETY STUK-YTO-TR 95

REFERENCES

Additon SL, Pasedag WL, Theofanous TG. 1994.
The Risk Oriented Accident Analysis Methodol-
ogy (ROAAM) Applied to Passive ALWRS. In.
Proceedings of ARS 1994 International Topical
Meeting Advanced Reactors Safety, Pittsburgh.

Apostolakis G. 1990. The concept of probability
in safety assessments of technological systems.
Science, 250. 1359.

Apostolakis G. 1994. A Commentary on Model
Uncertainty. In Mosleh et al (eds.) Proceedings
of Workshop I in Advanced Topics in Risk and
Reliability Analysis. Model Uncertainty: Its
Characterization and Quantification. NUREG/
CP-0138. U.S. Nuclear Regulatory Commission,
Washington DC, USA. pp. 13—21.

Arjas E, Gasparra D. 1994a. Nonparametric
Bayesian inference from right censored survival
data, using the Gibbs sampler. Statistica Sinica
4, pp. 505—524.

Arjas E, Gasparra D. 1994b. Bayesian inference
of survival probabilities under stochastic order-
ing constraints. Submitted for publication in Jour-
nal of the American Statistical Association.

Bankes S. 1993. Exploratory modeling for poli-
cy analysis. Operations Research, 4:3.

Berger JO, Wolpert RL. 1988. The Likelihood
Principle. Institute of Mathematical Statistics,
Hayward, California, USA. 208 p.

Bier VM. 1994. Some Illustrative Examples of
Model Uncertainty. In Mosleh et al (eds.) Pro-
ceedings of Workshop I in Advanced Topics in
Risk and Reliability Analysis. Model Uncertain-
ty: Its Characterization and Quantification.
NUREG/CP-0138. U.S. Nuclear Regulatory
Commission, Washington DC, USA. pp. 91—98.

Bremaud P. 1981. Point Processes and Queues.
Martingale Dynamics. Springer-Verlag, New
York, Heidelberg, Berlin. 354 p.

Chhibber S, Apostolakis G and Okrent V. 1991.
On the quantification of model uncertainty. In
Apostolakis, G. (ed). Probabilistic Safety Assess-
ment and Management, Elsevier Science Publish-
ing Co. Inc. pp. 1483—1488.

Clarotti CA. 1988. Failure Rate Estimation. A
Dangerous Nonsense in a Bayesian View. Relia-
bility Engineering and System Safety, 20 pp.
117—126.

Clarotti CA. 1989. PSA, Subjective Probability
and decision Making. In: Proceedings of PSA' 89,
International Topical Meeting Probability, Reli-
ability, and Safety Assessment, vol 1. American
Nuclear Society, Inc. La Grande Park, Illinois,
USA. pp. 612—616.

Gihman II, Skorohod AV. 1974. The Theory of
Stochastic Processes I. Springer-Verlag, New
York, Heidelberg, Berlin. 570 p.

Glaeser H, Hofer E, Kloos M, Skorek T. 1994.
Uncertainty and sensitivity analysis of a post-
experiment calculation in thermal hydraulics.
Reliability Engineering and System Safety 45,
pp. 19—33.

Hirchsberg S (ed.) 1990. Dependencies, Human
Interactions and Uncertainties in Probabilistic
Safety Assessment. Final report of the NKA
Project RAS 470. Nordic liaison committee for
atomic energy. 274 pp. + 6 p. app.

32



STUK-YTO-TR 95
FINNISH CENTRE FOR RADIATION

AND NUCLEAR SAFETY

Holmberg J, Himanen R. 1991. Uncertainty and
Sensitivity Studies Supporting the Interpretation
of the Results of TVOI/IIPRA. In "Use of Prob-
abilistic Safety Assessment for Operational Safe-
ty, PSA'91. International Atomic Energy Agen-
cy, Vienna, pp. 203—215.

Laskcy KB. 1994. Implications of Model Uncer-
tainty for the Practice of Risk Assessment. In
Mosleh ct al (eds.) Proceedings of Workshop I
in Advanced Topics in Risk and Reliability Anal-
ysis. Model Uncertainty: Its Characterization and
Quantification. NUREG/CP-0138. U.S. Nucle-
ar Regulatory Commission, Washington DC,
USA. pp. 31—40.

Madigan D, Raftery AE. 1994. Model Selection
and Accounting for Model Uncertainty in Graph-
ical Models using Occam's Window. Journal of
the American Statistical Association, 89(428),
1535—1546.

Moslch A ct al. 1988. Procedures for Treating
Common Cause failures in Safety and Reliabili-
ty Studies. NUREG/CR-4780 (EPRI NP-5613).
U.S. Nuclear Regulatory Commission, Washing-
ton DC, USA, Electric Power Research Institute.

Moslch A, Siu N, Smidts C, Lui C (eds.) 1994.
Proceedings of Workshop I in Advanced Topics
in Risk and Reliability Analysis. Model Uncer-
tainty: Its Characterization and Quantification.
NUREG/CP-0138. U.S. Nuclear Regulatory
Commission, Washington DC, USA. 249 p.

NUREG-1150. 1989. Reactor Risk Reference
Document. U.S. Nuclear Regulatory Commis-
sion, Washington DC, USA.

Pilch MM, Yan H, Theofanous TG. 1993. The
Probability of Containment Failure by Direct
Containment Heating in Zion. NUREG/CR-6075
(draft). U.S. Nuclear Regulatory Commission,
Washington DC, USA.

Preyssl C. 1987. Combined quantitative — qual-
itative risk and safety evaluations for space flight
systems. In Probabilistic Safety Assessment and
Risk Management PSA '87. Vcrlag TUV Rhein-
land GmbH, Köln. pp. 475-^79.

Pulkkinen U. 1994. Statistical models for expert
judgement and wear prediction. VTT Publications
181. Technical Research Centre of Finland, Es-
poo. 65 p. + app. 80 p.

Pulkkinen U,- Huovinen T, Kuhakoski K. Com-
bination of several data sources. In Probabilistic
Safety Assessment and Risk Management PSA
'87. Verlag TUV Rheinland GmbH, Köln. pp.
159—165.

Pyy P. 1992. Human Factors in Scheduled Pro-
duction Outages. 7th International Symposium on
Loss Prevention and Safety Promotion in the
Process Industries, Taormina, Italy, pp.

Pyy P, Laakso K, Hänninen S, Simola K,
Himanen R. 1992. Maintenance and safety —
experience from some finnish studies. 3rd ESRe-
DA Seminar on: Equipment Ageing and Mainte-
nance. Chamonix. 13 p.

Pyy P. 1993. Nuclear Power Plant low Power
mode Probabilistic Safety Analysis. Unpublished
Licentiate Thesis, Lappeenranta University of
Technology, Faculty of Energy Engineering, Lap-
peenranta. 92 p. + 17 p. app. (In Finnish)

Pyy P, Himanen R. 1993. Shutdown Risk Analy-
sis — Lessons and Views. SRA Europe, Fourth
Conference — Rome, October 1993. 6 p.

Pörn K, Shen K. 1992. On the Integrated Uncer-
tainty Analysis in Probabilistic Safety Assess-
ment. In Petersen, K.E., Rasmussen, B. (eds.)
1992. Safety and Reliability '92. proceedings of
the European Safety and Reliability Conference
'92. Copenhagen, Denmark, 10—12 June 1992.
Elsevier Applied Science, London and New York,
pp. 463—475.

33



FINNISH CENTRE FOR RADIATION
AND NUCLEAR SAFETY STUK-YTO-TR 95

Raftery A, Madigan D, Hoeting J. 1993. Model
Selection and Accounting for Model Uncertain-
ty in Linear Regression Models. University of
Washington, Seattle, USA. 24 p.

Theofanous TG. 1994. Dealing with Phenome-
nological Uncertainty in Risk Analysis. In Mos-
leh ct al (eds.) Proceedings of Workshop I in
Advanced Topics in Risk and Reliability Analy-
sis. Model Uncertainty: Its Characterization and
Quantification. NUREG/CP-0138. U.S. Nucle-
ar Regulatory Commission, Washington DC,
USA. pp. 125—133.

Theofanous TG, Najafi B, Rumble E. 1987. An
assessment of steam-explosion-induced contain-
ment failure. Part I: Probabilistic Aspects. Nu-
clear Science and Engineering, 97(259).

TVOI/II PRA. 1992. Probabilistic Risk Assess-
ment. Section 14, Low Power States. TVO Pow-
er Company. (In Finnish).

WASH-1400.1975. Reactor safety Study. An as-
sessment of risks in U.S. commercial nuclear
power plants. NUREG-75/014. U.S. Nuclear
Regulatory Commission, Washington DC, USA.

Winkler RL. 1994. Model Uncertainty: Proba-
bility for Models? In Mosleh et al (eds.) Pro-
ceedings of Workshop I in Advanced Topics in
Risk and Reliability Analysis. Model Uncertain-
ty: Its Characterization and Quantification.
NUREG/CP-0138. U.S. Nuclear Regulatory
Commission, Washington DC, USA. pp. 107—
123.

34



ISBN 951-712-084-2
ISSN 0785-9325
Oy Edita Ab
Helsinki 1996


