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SUMMARY

Monte Carlo simulation of an accident risk modelaotomplex safety critical operation provides vhlea
feedback to the decision makers that are respen§iblthe safety of such operation. By definitisach a Monte
Carlo simulation model differs from reality at vauis points and levels. Hence, the feedback to ¢bésidn makers
should include an assessment of the combined affetfiese differences in terms of bias and uncadstaat the
simulated risk level.

In literature the assessment of risk bias and taicgy due to differences in parameter values basived most
attention, e.g. Morgan and Henrion (1990) [1], Kumo#o and Henley (1996) [2]. Obviously, there arenynather
differences between model and reality than dueatampeter value differences only.

The paper presents a structured approach for gessment of bias and uncertainty in Monte Carlalsition
of accident risk due to differences in parametéuesas well as differences that fall beyond thaupeter level. For
the assessment of differences in parameter valeedollow the first-order differential analysis ofias and
uncertainty in the accident risk under log-normeguanptions, e.g. [1], and combine bias and unceytaistimates
of parameter values with log-normal risk sensitbdt for these parameter variations. Because thebeurof
parameter values may be large, this assessmemrtfisrmped in two phases. In the first phase anahhbias and
uncertainty assessment of parameter values isrpgtblargely using expert knowledge. The secondeliacuses
on the parameter values that have the largestteffeche risk level; for these, statistical datacidlected and
sensitivity analysis is performed by running detiidaMonte Carlo simulations.

For the assessment of bias due to other differethegsparameter value differences, the paper casliire two
structured approaches by Zio and Apostolakis (19386)One of their approaches assumes alternatethgpes for
the risk case considered, develops an alternatelnfodeach alternate hypothesis, assesses théeviekfor each
alternate model, and elicits experts on the prdipalthat each alternate model is correct. Theosel approach
uses an adjustment factor to compensate for difé@® between model and reality, and elicits expfertsthe
estimation of this adjustment factor. The noveltiythis paper is to combine, per non-parameter reiffee, one
alternate hypothesis with one adjustment factai,tarevaluate the bias through the following twbneates for each
non-parameter difference:

1. the probability that there is a difference, i.e #iternate hypothesis is correct; and

2. the conditional risk bias given that the alterrtatpothesis is correct, i.e. the conditional adjesihfactor.
These estimates per non-parameter difference aleagd by teams of safety experts and operatiexgrts, and
then combined into an overall bias estimate fonali-parameter differences. The estimation of thesefactors by
experts appears to work quite naturally, especgilige the estimation of the conditional risk b&supported by the
risk sensitivity knowledge for each of the modetgmaeters stemming from assessment of the paramahae
differences. The novel structured bias and unc#gtadssessment approach is illustrated for a Md@eglo
simulation based accident risk assessment forraraffic operation example.



1 INTRODUCTION

Within the large variety of safety critical induss, air traffic poses exceptional multi-agent camination and
coordination challenges to the design of advangeetadions. Each aircraft has its own crew, and eaelw is
communicating with several human operators in ciffié air traffic management and airline operatioc@htrol
centers on the ground in order to timely receiva@rirctions critical to a safe flight. The implicatiis that safety of
air traffic is the result of highly distributed @ractions between multiple human operators, praesgdand technical
systems.

Accident risk assessment through Monte Carlo sitimraf novel air traffic operations provides vabla safety
feedback to the designers and decision makers exfettoperations [4], [5]. Such Monte Carlo simuladiare
directed to nominal as well as non-nominal situaion air traffic situations and provide the bafis risk
evaluations such as the probability of a collidi@tween a pair of aircraft. By definition, a modé#ters from reality
and the resulting accident risk results are unceead may be biased. Air traffic operation desigrend decision
makers are in need of feedback that includes asas®nt of the bias and uncertainty of these diffegs and their
combined effect at the level of accident risk.

For assessment of uncertainty in risk assessmeiougaapproaches have been proposed (e.g., [1][GBI[7].
[8], [9]). One categorization in uncertainty sowgds made by distinguishing between aleatory (octsstic) and
epistemic (or state-of-knowledge) uncertaintiegadry uncertainty reflects the inherent randommégzocesses
and is usually represented by probability distiifmg in the model itself. Epistemic uncertaintyleefs restrictions
in the state-of-knowledge used for the developnoérbhe model. Another categorization is made byirdisiishing
between uncertainties that arise from phases inpatational modeling and simulation. For instancg] [
distinguishes conceptual model uncertainty, mathiealanodel uncertainty and computer code uncegtafamore
detailed categorization is used in [8], which cdess uncertainty due to activities related to cphcal modeling,
mathematical modeling, discretization and algoriteetection, computer programming, numerical sofytiand
solution representation. In spite of the recognitid these wide ranges of types of uncertaintyealistic accident
risk assessment problems, until recently the assegsof uncertainty in parameteralues has attracted the largest
part of academic interest, as is illustrated by @bviously, there are many other types of diffeemnthan those
related to parameter values, for example: numegpakoximations, model structural differences, hdgdhat are
not incorporated in the model, differences betwidenassumed and the operational concept in reldifyreparation
to assessing the effect of differences between hettk reality, all types of differences have toithentified first,
and subsequently each difference has to be forauilatterms of an unambiguous model assumption.

For the larger set of differences between accidektmodel and reality, Zio and Apostolakis [3] é&ped two
rather unique approaches for a structured assessofielias and uncertainty. One method assumesnatter
hypotheses, develops models for each hypothesissses the risk level for each of these modelsebeits experts
on the probability that each model is correct. Theond method uses an adjustment factor to comigefwsathe
differences, and elicits experts for the estimatibthis adjustment factor. In this paper we coreltime adjustment
factor and alternate hypotheses approaches ohf8]dne method. The key towards this is a decortipnsdf an
adjustment factor for each model structural diffiee2into a product of two factors: 1) how often sltfee difference
not apply, and 2) how severe is the difference whpplicable. The estimation of these two factorsekperts
appears to work quite naturally, especially sitmedeverity estimation is supported by risk serigitknowledge for
each of the simulation model parameters.

The paper is organized as follows. First, ChaptedeXelops the mathematical framework of bias and
uncertainty, based on [10]. Chapter 3 developstas and uncertainty assessment process. Chaphestrates its
application to an en-route air traffic scenarioa@ter 5 provides a discussion of results.

2 MATHEMATICS OF BIAS AND UNCERTAINTY ASSESSMENT

2.1 Mathematical problem definition

Accident risk is assessed by first developing ahsstic accident risk model, which includes adaptid
assumptions. For the formal bias and uncertainsessnent approach [10] we distinguish assumed pézam
valuesv and other model assumpticas

Y In this paper, a parameter is a variable thatraesiwa Euclidean or integer value, e.g. mean tirheess failures of a particular system.



« V={V,..,V} are the parameter values assumed in the accidgntmodel, with n, the number of

parameters, and
« a={3q,.., 8} are the other model assumptions (i.e. non-paranasgumptions), wittn, the number of

other model assumptions.
In order to capture bias and uncertainty withinahmamatical setting, we represent each parameig aasumption
and each model assumption as one random variattlesalect all these random variables into two mandectors:

e V= (\/1,...,\/n ) is a vector of random variables for the paramedtures in the accident risk model,
« A=(A,..., A) is avector of random Booleans, whéye=1 if model assumptiog, holds true, and\ =0

if model assumptiod, does not hold true.
We denote the actual risk a6A, V). If all assumptions would have no effect at ttek flievel, then accident risk
equals the conditional expectation pfA,V) given the parameter values are equaVtand all other assumptions
hold true, i.e., accident risk would be equal to:

pAV)=Ep(AV)| A=1,V="}, @)

with 12 (1,...,1) a vector with all ones.

It is the aim of the bias and uncertainty assestttieenharacterize stochastic propertiep@A, V), such as
expected value and 95% uncertainty interval, imgeofp(1,V) and the stochastic properties\fand A.

2.2 Mathematics for parameter values
In order to evaluate assumptions due to (randofférdnces in parameter values, we develop a charaation

of p(1,V) in terms ofo(1,V) . For this we define for each parametanaltiplicative biash = E(V/)/V and a
length |, of the 95% credibility intervalfor the value of thé" parameter, such ther{V, O[Q¥y/ |, bvI]} =0.95.

Given this multiplicative character of parametelueavariations, it is customary to assume tiatis lognormally

distributed [2], [3]. For the evaluation of theeaf of variation in a parameter value we defineltigesensitivity of
the risk for parameter variation [10]:

a0lnp,v) v 0p(d,v)

~ainv, pv) ov
which is equal to the normalized sensitivity orstilzEity defined in [1], as is shown in the rightAtbside of Eq. (2).
The assessment approach of this paper charactéizdsias and uncertainty in the risk in termshof |, and s .
Under a number of conditions it can be shown [1@it tthe expected value and the 95% credibilityriraie of

p(,V) are, respectively,

@)

E{A1V)} =419 x Brexp(3 U), (3)
Pr{p(LV) € |p(,¥)x Bxexp/U)p L ¥ ) Bx exp( U ]} — 09, @)
where
B< H b’ ®)
is the total bias due to all bias contributionghef paramei::tler value assumptions, and
us i(m fshy? (6)
=

is due to all uncertainty contributions of the paeter value assumptions. It should be noticedithttis approach
all parameter variations are treated as being iewégnt of each other.



2.3 Mathematics for bias due to other differences

In this paper we assume that model assumptiondalother differences (i.e. those that are not iffiees in
parameter values) impose bias on the expected \dltlee risk, but do not have effect on the sizethef 95%
credibility interval of the risk. Hence, these atlédferences are assumptions to have a bias intpestory in risk
only:

v EEAAVY ELTY . (7)
For this factorl , we adopt the following factorization:
U= H\If , 8
\I]i:E{MA\/)lpizl""’A—lzl}. (9)
E{AAV)IA=1.., A=1
Now we define:
p £ Pr{A=0|A=1.. A, =1 (10)
E =1,...,A =1 A=
q 2 HAAVIA \=1A=G an

EAAVIA=1.., A=1
Within the context of the alternate hypotheses adpistment factor approaches of [3], the probz;/bili)if that
assumptiong, is false can be interpreted as the probabilityhef alternate hypothesis that assumpi@ris false,
and the conditional risk biaﬁ given that assumption is false can be interpreted as an adjustmentrfastith the

above definitions ofplf and qif , (9) can be shown to satisfy:

v=pd+0-4). (12)
Substituting (12) in (8) and evaluation yields:
v =T][+ 6l (d -2). (13)

Combining the above results, the expected risk ttughe bias and uncertainty of the parameter value
assumptions and the bias of non-parameter assumpfields

EA AV} =UxEL1 Y =Uxpl,V)xBxexpkU), (14)

with ¥, B andU satisfying equations (13), (5) and (6), respettivdoreover, the 95% credibility interval due to
the bias and uncertainty in parameter values amthitis of non-parameter assumptions satisfies:

Pr{p(AV) € [\IJXp(l,V)x Bx exp/U )l x p L ¥ ) Bx expy/U ]} — 09! (15)
In words, (15) means that with 95% probability, tiek lies in a credibility interval that range®ifin a minimum
level ¥ x p(1,V)x Bx eXp(—\/ﬁ ) to a maximum level x p(1,V) x Bx exp(\/a ).

3. BIAS AND UNCERTAINTY ASSESSMENT PROCESS

As explained in Chapter 1, by definition, a Montarld simulation model differs from reality at van®points
and levels. In order to get a hold on these diffees, the first step is to identify them and tonfolate them as
model assumptions. Next, the assessment of biasiacettainty due to these assumptions is doneeiriatiowing
three phases:
1. initial evaluation of parameter value assumptions,
2. simulation-supported evaluation of parameter vaksimptions, and
3. evaluation of other (i.e. non-parameter) assumption



3.1 Initial evaluation of parameter value differences
A Monte Carlo simulation model of accident risk farcomplex safety-critical operation typically indes a

large number of parameter values. It may not betjpally feasible to evaluate the risk sensitivity all these

parameter values by Monte Carlo simulations. Tleegfa first step in the bias and uncertainty assest is an
initial evaluation of the parameter value assunmgibased on expert knowledge and available statistata. This
evaluation uses classes of the size of uncertaimybias of parameter values, and the risk semgifor parameter
variation. The classes shown in Table 1 have begaldped to support this initial evaluation.

Based on the classes in Table 1, initial judgmargsacquired of the following items:

+ the direction (larger/smaller) and size of the Hiasof each parameter,

+ the size of the 95% credibility intervgl of each parameter,

+ the sign and size of the risk sensitivlly of each biased parameter,

+ the size of the risk sensitivitg of each unbiased parameter.

This judgment is usually based on expert knowledgenay be based on experimental or statistical.dBte risk
sensitivity of each parameter depends on the askhich the evaluation is done.

Table 1. Terminology for size of uncertainty, biasand risk sensitivity.

Qualitativeterm Uncertainty |, bias b Risk sensitivity |§ |

Modal value Interval Modal value Interval

Major 10 [6.83,x0] 4 [2.67,]
Considerable 5 [3.15, 6.83] 2 [1.33, 2.67]
Significant 2.25 [1.75, 3.15] 1 [0.67,1.33]
Minor 15 [1.30, 1.75] 0.5 [0.33, 0.67]
Small 1.2 [1.13, 1.30] 0.25 [0.17, 0.33]

Negligible 1.1 [1,1.13] 0.125 [0, 0.17]

Based on the qualitative evaluations of the bias, 35% credibility interval and the risk sensigvif each
parameter value, the risk uncertairiﬁ/' for each parameter is determined using Table @ tha risk biaskf for
each biased parameter is determined via a tablésfobias similar to Table 2.

Table 2: Risk uncertainty asresult of parameter uncertainty and associated risk sensitivity.

Risk uncertainty Uncertainty |,

|i|S : Major Considerable| Significant Minor Small Negligible

Major Major Major Major Considerable| Significant Minor

|s || Considerable Major Major Considerable| Significant Minor Small
% 2| Significant Major Considerable| Significant Minor Small Negligible
v E Minor Considerable| Significant Minor Small Negligible Negligible
é Small Significant Minor Small Negligible Negligible Negligible
Negligible Minor Small Negligible Negligible Negligible Negligible

3.2 Simulation-supported evaluation of parameter value differences

Parameters values that were judged by expertswe aanore thaiNegligible effect on the risk uncertainty or
risk bias, are now evaluated using Monte Carlo Kitian of the accident risk model. This is donethia following

steps.

* Make a list of all parameters that have a more thegligible effect on the risk uncertainty and determine for
each of these parameters a quantitative estimatedéngth of the 95% credibility interval.



» Make a list of all parameters that have a more tegligible effect on the risk bias and determine for each of
these parameters a quantitative estimate of trehbia

» Perform Monte Carlo simulations to evaluate thedegsitivity S for all parameters identified in steps 1 and 2.
The log-sensitivity is determined via first ordetimation of the derivative of Eq. (2).

» Determine the risk uncertaiml)}SI for each parameter assumption and combine thelgq.i6) with the results
of the expert-based evaluation of parameter assongptusing the modal value fdlegligiblerisk in Table 1).

» Determine the risk bialtf for each biased parameter assumption and combése ih Eq. (5) with the results
of the expert-based evaluation of parameter assongptusing the modal value fdlegligiblerisk in Table 1).

3.3 Expert-based evaluation of other differences

The evaluation of other differences (i.e. non-patEm assumptions) is based on expert elicitatioth ign
supported by the insights gained from the sensitamnalysis and evaluation of the parameter vaiseiraptions in
the previous phases. The expert elicitation is stpp by using classes for risk bias such as shnwiable 1 and
classes for the probability that an assumption doespply, as shown in Table 3.

Table 3: Qualitative terminology for the probability that an assumption does not apply.

Qualitative Probability p
term
M odal value Interval
Typical 0.8 [0.64. 1]
Regular 0.4 [0.25, 0.64]
Frequent 0.15 [0.09, 0.25]
Less Frequent 0.06 [0.04, 0.09]
Infrequent 0.028 [0.02, 0.04]
Unlikely 0.01 [0, 0.02]

The evaluation of the non-parameter assumptiodsng by the following steps:
Order these assumptions such that efficient evialuas supported. In accident risk assessment weidered,

the usual order of classes of these assumptioag iumerical approximation assumptions, b) mottetsural

assumptions, c) hazard coverage assumptions, dptapel concept assumptions. Within these classes
suitable ordering is also chosen.
Evaluate the probability that an assumption doéspply using the classes in Table 3, taking irtosideration
previous evaluations of dependent assumptions.

Evaluate the risk bias due to non-applicabilityanfassumption using the classes in Table 1.

Evaluate the combined effect of items 2 and 3 errigk bias due to a non-parameter assumptionali¢e™.
Evaluate the total bias due to the non-paramesemagtions by Eq. (13).

Table 4: Risk bias dueto probability and effect of the casethat a non-parameter assumption does not apply

Risk bias Probability that assumption does not apply pif
1+ pif (qf -1 Typical Regular Frequent Less Infrequent Unlikely
frequent

] Major Major Considerable Significant Minor Small dlgible
é 25 Considerablef| Considerable Significant Minor Small eghgible Negligible
o % ; Significant Significant Minor Small Negligible Negble Negligible
§ %qi Minor Minor Small Negligible Negligible Negligible | Negligible
8 g Small Small Negligible Negligible Negligible Nedjig Negligible
o Negligible Negligible Negligible Negligible Negligée Negligible Negligible




4 EXAMPLE OF BIAS AND UNCERTAINTY ASSESSMENT OF AN AIR TRAFFIC OPERATION

4.1 Accident risk model

We consider an hypothetical air traffic examplehwitan en-route sector that consists of two streafrar
traffic, flying in opposite direction, at a singféght level. This example has been developed wfth aim to
understand how air traffic control (ATC) influencascident risk, and how far the nominal spac®etween
opposite traffic streams can safely be reduced.

For the hypothetical air traffic control example aetident risk Monte Carlo simulation model waseleped
[11] using Dynamically Coloured Petri Nets [4], [L& includes dynamic stochastic representatiomsgects such
as pilot performance, controller performance, aiftcdynamics, navigation, surveillance, radar, Alight plan and
aircraft flight plan. During the development of thrdel, the following numbers of assumptions wetepéed: 89
parameter value assumptions, 24 numerical apprékimassumptions, 23 model structural assumptigtisnon-
covered hazards assumptions, and 5 operationaépbassumptions.

On the basis of the developed Petri Net model, Rl@drlo simulations were performed to evaluate glodty
distributions of the trajectories of the aircradfir fa range of values for the lane spacBigrhese Monte Carlo
simulations addressed several combinations of rain@and non-nominal events regarding, e.g., comnatioic
systems, navigation systems, surveillance systerdsnaodes of aircraft dynamics. Speed-up of the Rlddarlo
simulation was achieved by decomposing the sinariatin a sequence of conditional Monte Carlo sitiia, and
then combining the results of these conditionausitions [13]. Further processing of the data ftbemMonte Carlo
simulations by a collision risk model gives theideat risk curve presented in Figure 1. The firstt pf the curve
(up to about 10 km) is mostly determined by encermbetween aircraft flying nominally along thednés as
expected by the air traffic controller. The secquadt of the curve (from about 10 km) is mostly deteed by
encounters between aircraft of which one makesnexpected sharp turn. The model-based accidene @rnsses
the ICAO (International Civil Aviation Organizatipdefined target level of safety at a spacing afaf = 25km.

10

&

Expected number of accidents per flighthour

10
10-10 L
10'12 L L L L L L L L
4 8 12 16 20 24 28 32 Km
0 2 4 6 8 10 12 14 16 18Nm

Distance between lane centerlines S

Figure 1 ATC routine monitoring model-based accident risk as function of lane spacing S (continuous
line). Results of the bias and uncertainty assessment for S=25 km: expected accident risk (denoted by *) and
95% credibility interval (bar).

4.2 Bias and uncertainty assessment

First the differences between model and realitycofventional en-route air traffic were identifiednd
formulated in terms of model assumptions. Next theye evaluated using the bias and uncertaintysagsnt steps
of chapter 3. This particular evaluation was doysdfety analysts and supported by expert intersife first step
considered expert-based evaluation of parametemgaons. About 80% of the parameter value assumgtivere
evaluated to have Hegligiblerisk uncertainty and 4% of the parameter valuesveensidered biased, with only
one parameter having a more thHdegligible bias effect. Parameter value differences thatntiaiéy have a more
than Negligible bias or uncertainty effect at the level of riskera further evaluated using dedicated Monte Carlo



simulations. Some examples of the evaluation ofutleertainty in parameter values are given in T&blkere, the
guantitative values have been translated backatitgtive values according to Table 1.

Using the insights gained by the bias and unceytaissessment of the parameter value assumptiohsling
the sensitivity analysis, the other differencesMeein Monte Carlo simulation model and reality wevaluated.
Table 6 shows examples of the assessed bias fathall types of differences between simulation rhadd reality.

The combined effect of all differences in termsb@fs and uncertainty at the accident risk levaldpicted in
Figure 1. AtS= 25 km the actual risk is expected to be 3.5 tismaaller than the model simulated risk level. The
95% credibility interval has been assessed to rénoge a factor 4.5 higher to a factor 12.2 lowearttihe expected
risk. Comparing the expected risk with the targstel of safety, it follows that the safe spacing thee operation
considered may be about 4 km less than concluddxhsis of the model-simulated risk level.

Table 5 Examples of uncertaintiesin the model risk dueto uncertainty in parameter values.

Par ameter Uncertainty Risk Risk
| sensitivity | uncertainty
Is | i

Number of aircraft entering each lane per hour Significant | Significant|  Significant
Probability of wrong clearance by controller in opjinistic control Major Significant| Significant
mode
Standard deviation of vertical position of aircraft Minor Significant Minor
Maximum course deviation during turn of aircraft Significant Minor Minor
Mean duration of communication by controller Significant Minor Minor
Lateral acceleration in turn Minor Minor Small
Standard deviation of transversal position in nomimal mode Significant Negligible Negligible

Table 6 Examples of bias assessment (+ or - indicate higher/lower risk of the actual operation with respect

to the modeled operation).

Other model assumption Type Praob. Bias Risk bias
p.f qif (Table 4)
No semi-circular use of route structure Concept| Typical Major - Major -
There is no Short Term Conflict Alert system Coricep | Typical Significant -|  Significant -
Aircraft do not run out of fuel Hazard Unlikely | Significant +| Negligible +
coverage
Pilot does not disconnect the autopilot delibeyatel Hazard Unlikely Minor + Negligible +
coverage
Ground aircraft tracking uses alpha-beta filter anModel structure| Typical Minor - Minor -
single radar coverage only is considered
Pilot performance mode is independent of modes dodel structure| Regular | Significant + Minor
technical systems or air traffic controller
There is zero probability that the aircraft pair Numerical Unlikely | Significant +| Negligible +
collides after timeT,

5 DISCUSSION

This paper has developed a novel structured apprmaassess bias and uncertainty at accidenteis that
are caused by differences between Monte Carlo atiouk and reality. In order to enable such a sired approach
we developed a novel mathematical model that captuarious types of differences and analyses thet@rims of
bias and uncertainty at the risk level. A cruciedgaratory step is to identify all these differesxemd to formulate
each of them unambiguously in terms of a modelrapsion.

Evaluation of parameter value assumptions is supgdry a sensitivity analysis of the model-bases#t for
variation of single parameter values, while allestiparameters have their nominal values. This @s ttombined
with estimation of the bias and 95% credibilityeintal of the assumed parameter values to yieldsimate of bias
and uncertainty, in terms of expected value and 8B2dibility interval, at the accident risk levdltbe Monte Carlo

simulation model.



The bias assessment for other differences thare tbbparameter values is achieved by a combinatfahe
alternate hypotheses and adjustment factor appesam{3]. In particular, the difference in the egfed risk due to
each non-parameter difference is evaluated viasawiables:

1. the probability that the assumption is false (theraate hypothesis), and
2. the conditional risk bias given that the assumpigdialse (the adjustment factor).

These variables are evaluated by teams of safeperex and operational experts, taking into account
dependencies between their evaluations. The egtimaf these two factors by experts appears to wiprite
naturally, especially since the estimation of tbhaditional risk bias is supported by the risk seévigy knowledge
for each of the model parameters stemming fromsassent of the parameter assumptions. It has beestrated
how this structured approach can be effectivelliago an en-route air traffic operation, incluglia wide range of
types of differences.

Further refinement of the mathematical backgrosnanigoing. One direction [14] is to extend the reatétical
background such that bias and uncertainty assessaefe done for a whole range of operational itimms, rather
than for one specific working condition (e.g. fdr 8 values in Figure 1, rather than for oBevalue). Another
direction is to extend the bias and uncertaintyhewatical model such that conditions regardinglilogarity and
conditional independency between differences iraqpater values are relaxed [15]. Two other compleangn
directions are:

i) to extend our expert based bias assessment ofarampter differences to conditions under which the
mathematical bias and uncertainty model holds &€,
i) to incorporate estimation of uncertainty in riskdedue to differences other than parameter values.
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