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Summary

Impact assessment (lA) in policy making processesraceived increasing
attention in recent years. One of the major chghsnin IA is how to
rationally handle and make maximum use of infororain uncertain and
gualitative data so that the best course of actanbe reliably identified.
It is discussed in this chapter how the EvideriRahsoning (ER) approach
for multiple criteria decision analysis (MCDA) céde used to take the
challenge. The ER approach and its software imphatien, called the
Intelligent Decision System (IDS), are developedthwa focus on
rationally handling a large amount of informatidnboth a qualitative and
guantitative nature and possibly with different e of uncertainties in
assessment problems. It applies belief decisionriceat for problem
modelling so that different formats of availabletadeand uncertain
knowledge can be incorporated into assessment ggese It uses an
evidential reasoning process on the data to genasgessment outcomes
that are informative, rational and reliable. Selvesamples are examined
to demonstrate how IDS can be used to supportitesivin different
stages of an IA process, namely (i) problem sty (i) assessment
model building, including value elicitation, (iii)data collection,
management, and aggregation, and (iv) data présentand sensitivity
analysis. This investigation shows that IDS is motly a versatile
assessment supporting tool, but also a knowledgeagement tool which
helps to organise assessment knowledge and datamsygally for better
traceability, consistency and efficiency in asses#m
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1 Introduction

Policies and regulations affect many people orrmsses in many ways.
To enable better policy making, impact assessmijt @ process of
identifying the future consequences of a currenprmposed action, has
received increasing attention in recent years am@&CD countries

(Organisation for Economic Co-operation and Dewelept) (OECD,

1997;George and Kirkpatrick2007).

Initially IA was focused on whether regulations wWbuimpose an

unnecessary burden on the private, public or thiettors. It was
essentially an economic cost benefit analysis té&alising that an
assessment may not be complete without properindakto account all

factors in question, over recent years, a numbepuohtries have begun to
establish new forms of integrated IA that includes tassessment of
unintended, long-term or non-market effects anérifinkages between
different issues of concern. For example in the UKhas been expanded
to include the consideration of social, environmménand economic
impacts (George and Kirkpatrick, 2007; BRE, 200&) & becoming more
complicated.

To further add to the complication, various typésicertaintymay exist
in data collected for IA, such as probability dewerandom events and
factors, imprecise estimates for long term effeedégueness in subjective
judgements, and incomplete data sets due to unkmowmissing parts of
facts. How to rationally incorporate qualitativeiteria and uncertain
knowledge in an assessment poses a major challémgboth IA
practitioners and researchers in the field of mldticriteria decision
analysis (MCDA).

To cater for the needs of handling the increasorgplexity and difficulty
in 1A, MCDA approaches have been introduced andieggn IA as
reported in numerous literatures. (Seppald, 200MaoZet al, 2006;
Manoliadis and Vatalis, 2003). In this chaptersitllustrated by examples
how the recently developed approach, the EvideRe&dsoning approach
in MCDA, and its software implementation, IntelligeDecision System
(IDS) (Yang, 2001; Yang and Xu, 2002a,b) can bdieggo support IA
and what are its advantages and limitations.

Generally, there are four stages in an IA procéks. first two stages are
concerned with the modelling process of an assegsoneblem, which are
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relatively independent of individual policy optiots be assessed. The
other two stages are mainly specific to individpalicies. In practice, it
may be necessary to go through some of the stagesnher of times in
order to refine the assessment model and clarifyesof the uncertainties
in the assessments of alternative options. The §tages are summarised
as follows.

The first stage is to define and construct an assest problem. At this

stage, the following questions need to be addre¥8bdt are the scopes of
the assessment? What are the alternative options#héat areas or on

which criteria the performances of the options neege assessed?

The second stage is to establish an assessmergvitai or model by

asking the following questions. How should the perfance of each

option in each area be measured? Are better peafares in some areas
more important than in others? If so, how to elibi relative importance
of each area or criterion? How uncertainties irssients can be clarified
and recorded for further analysis?

The third stage is data collection and handling.tth$ stage data from
different sources are collected in order to rae plerformances of each
option in the concerned areas. The data may bestefdgeneous nature,
and their quality may vary. Hence potential protdemthis stage are how
to manage data from different sources and extnaalityy information from
the data, how to handle uncertainties in the datd,how to aggregate the
data to arrive at reliable and rational assessmgicbmes.

The fourth stage is the interpretation of the aswesit outcomes and the
following questions may be asked. Are the outcommsvincing? Have
they included all aspects and taken into accodnpgihions of different
stakeholders? Are the outcomes explainable andhegnbe traced back to
their sources? What are the effects of any unceytain data and
subjective judgements? How can the outcomes, tliectsf of any
uncertainties, and their traceability be clearlggemted to stakeholders?

In this chapter, it is described how IDS can supp®iin each of the four

stages. It is arranged as follows. In the nextisecthe ER approach and
the IDS software are briefly outlined. The processé using IDS to

support IA in its four stages are then illustratesing examples. The
features and advantages of the ER approach araisdest in the

concluding remarks.
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A few points should be noted while reading thisptba

« In MCDA, attribute and criterion are often usecenchangeably. It
is also the case in this chapter.

* The following section on the ER approach may beystd for
readers who are not interested in the technicahildebf the
approach. To apply the approach, the IDS softwaxviges
friendly interfaces for users to construct assessmedels, record
assessment data and carry out necessary calcglation

2 The ER Approach and IDS

MCDA is a branch of operational research concermgth making
assessments and choices when there are severalatites, and when
each alternative has merits as well as drawbacksr {5 short history of
over 30 years, along with the advancement of coergethnology, many
approaches have been developed to support systegmatiysis of complex
MCDA problems (Belton and Stewart, 2002). One @f thajor challenges
in the MCDA is how to rationally handle uncertainokvledge including
qualitative factors (Buchanan and Shortliffe, 198dger, 1987 and 1995;
White, 1990). Without properly taking all relevattributes or criteria into
account, an assessment is incomplete and the oateoay be biased
(Huang and Yoon, 1981; Saaty, 1988; Stewart, 1%3hg and Singh,
1994; Roy and Vanderpooten, 1997).

Over the past two decades, considerable reseaschden conducted on
integrating techniques from artificial intelligeneed operational research
for handling uncertain information (Balestra anddkias, 1990; Beynon
et al 2001; Chen, 1997; Yen, 1989). Along this loferesearch, the ER
approach and IDS software are developed in resgoribe growing needs
to develop scientific methods and tools for dealivith MCDA problems
under uncertainty in a way that is rational, rdkabrepeatable, and
transparent. The ER approach uses concepts fromraesisciplines,
including decision sciences in particular utilihebry (Keeney and Raiffa,
1976), artificial intelligence in particular theetbry of evidence (Shafer,
1976), statistical analysis and computer technol@gsng and Singh,
1994; Yang and Sen, 1994; Zhang et al, 1989). Cosdpawith
conventional MCDA methods, in the ER approach a MQWoblem is
modelled using a belief decision matrix (Huynh [e2806; Yang and Xu
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2002a), of which the conventional decision matrisrefich, 1989), as
indicatively shown in Table 1, is a special case.

2.1 MCDA Problem Modelling Using Belief Decision Ma  trix

In a belief decision matrix, the performance ofassessed option on a
criterion is represented by a distribution instedda single value, as
indicated in Table 2. For example, some businesplpéelieve that if UK
joins the Euro, there will be less uncertainty lneit business planning
because the uncertainty associated with the fltictuaf exchange rates
between pound sterling and the Euro is no longeissue. However, for
businesses whose customers and suppliers are @itliee UK or other
countries outside Euro zone, there will be no diffiees. If people are
asked to rate the impact of UK Euro membership®taliility for business
planning”, it is unlikely to get a unanimous answ®uppose we use the
following 5 grades to rate the impact

e Hj: Very negative,
¢ H: Negative

¢ Hs: Neutral

* H, Positive

¢ Hs: Very positive

and 70% of the responses are Positive and 30% &eutren the
assessment (or a piece of performance evidenca)dshe expressed as

S(A(0) ={(Br1:H1) (B3 H2): (BarHa): (B4, Ha)o (Bsp. Hi )
={(0,H}),(O.H;), (0.7,H;), (03 H,), (O, H;)}
1)
Equation (1) is referred to as a distributed assess or simply a

distribution whereD, denotes option 1 ( UK to join the Eurd), criterion
1 (Stability for business planning), aS(h:(O,)) the performance d; on

A. 0<pB,,<1 (n=1, .., 5) denotes the degree of belief that the

alternativeO; is assessed oy to the gradeH,. S(A(O,)) reads that
O, is assessed to the grattk, to a degree of3,,on the criterionA (n=

1, ..., 5), or the option “Joining the Euro” is asses to be Positive on
“Stability for business planning” to degree of 3@¥d neutral 70%.
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Using decision matrix, the performance informatsfiown in equation (1)
needs to be approximated by a single value, suci@stive”, while in
belief decision matrix, each element can be aibigion and it accepts the
distributed performance information as it is withapproximation.

Further more, if there is missing information intajat can be represented
by a distribution without either adding new or takiaway existing

information from the data. For example, suppose résponses in the
above example are 25% Positive, 60% Neutral and d&%nswers given.

Normally either the missing answers need to beaogul by some

estimates or the responses with missing answerdistzarded, including

the answers to other questions. Either way, inféionan data may have
been distorted. Using a distribution, the informatiin data can be
maintained by expressing the assessment as

S(A(G,)) :{(ﬁn! Hl)!(ﬁz,v Hz)!(ﬁs,v H3)’(ﬁ4,1! H4)!(ﬁs,1’ Hs)}
={(0,H,),O,H,), (06,H;), 025H,), (O, Hs)}

Note that in the above equati@:ﬂﬁn'lz 085<1. Generally, there
must be Zi:lﬁ”rlsj' and if ZL,BM<1, then the assessment

S(A(Q,)) is considered to be incomplete. Obviously,E::l,li’m1 =1

then the assessment is complete. In the ER frankewoth complete and
incomplete assessments can be accommodated (Y@dg))2

More generally, if an assessment problemlhatiributesA (i =1, ...,L),
M optionsO; (j =1, ...,M) and usingN evaluation grade$l| (n=1, ...,

N) to assess the options on each attribute, theataxncan be constructed
with S(A(O,)) as its element in théh row andjth column where

S(A(O))) is given as follows:

S(A(O))) ={(H,,5,;(O;)), n=1---,N}
i=1,...L, j=1,..M )
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Table 1 Decision Matrix

Attribute 1 Attribute | ... | Attribute L
Alterriative S(':A‘_L'_(Iol)) S(A (Ol)) S(AL (Ol))
Alternative
- S(A(O,)) S(A (0,)) S(A.(OL)
Alternative
" S(A(Ow)) S(A (Oy)) S(Au (0))
Table 2 Belief Decision Matrix
) Attribute Attribute
Attribute 1 | L
Aterna S(A(G)
e”la Y ={(HL B ) S(A(0)) S(A (0)))
(Hy: B}
Aemane | s(a 0, S(A©,) | | S(A,0)
Alternative
" S(A(Oy)) S(A (Oy)) S(Ay (0))

This matrix is called belief decision matrix (Tal#l¢, in contrast to the
normal decision matrix (Table 1). It should be wiotieat a performance on
a criterion can be measured using numerical vabnes set of evaluation
grades. It should also be noted that different gradts, possibly with

different number of grades in them, may be usedafsessing different
attributes [Yang, 2000].
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It is commonly known that different attributes malay different roles in
an assessment and their importance is represegtedtribute weights.

Supposec; is the weight of attributd, (i = 1, ...,L). Because weights
represent the relative importance of attributegytican be scaled (or
normalised). In the ER approach, the normalisasuch tha0< &, <1
and ZL w =1

=11

2.2 ER Approach for Information Aggregation

Instead of aggregating average scores, the ER agipremploys an
evidential reasoning algorithm (Yang & Singh, 1994ng & Sen, 1994;
Yang, 2001) developed on the basis of the evideooabination rule of
the Dempster-Shafer theory (Shafer, 1976) to aggeehelief degrees in
performance distributions. The outcome of the agafien is also a
distribution, not a single score.

Without loss of generality and for illustration pose, the ER algorithm is
presented below by assuming that the performanea alternative option
is decided by its performances on two criteAa and A,. Detailed
descriptions and the properties of the aggregaiioness can be found in
Yang and Xu (2002a,b).

Suppose the performance on criterfgris given by equation (1) and @éq
by
S(AZ(O;L)) :{(51,2’ Hl)’(ﬁZ,Z’ HZ)!(ﬁS,Z’ HS)v(ﬁ4,2’ H4)1(/B5,2’ H5)}
={(0,H,), O5H,), O5H;),(O,H,),(O,H;)}

(3)
Further suppose the normalised weight&oandA; are &, = 0.4 anda,
= 0.6 respectively. The problem is to aggregate tthe assessments
S(A(Q,)) and S(A(O,)) to generate a combined assessment
S(A(G)) O S(A(G)) - In the exampleS(A (O,)) and S(A,(O,)) are
both complete. If not, the rational handling of theknown portion of its
performances is to assume that the missing podidhe performance can

be rated to any grade frohh to Hs. The details of the ER algorithm for
the example is given below and its more generienéir capable of
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aggregating both complete and incomplete assessnigrdescribed in
Yang & Sen, [1994] and Yang [2001]. Let

5
pn = a’.l.ﬁn,l (n = 1""15) and pH :1_a)12ﬁn'1 :1_0.)1: 0.6 (4)

n=1
5
Uy = @,B,, "N=1,...5) andq, =1-w,» B,, =1-@,=04  (5)
n=1
where eachp, or g, (n =1,...,5) is referred to as basic probability mass,

and p, and g, are the remaining probability mass unassigned yooén

the graded, (n =1, 2, 3, 4, 5). Their values are given in tAedw and i
column of Table 3.

The ER algorithm is used to aggregate the basibghitity masses to
generate combined probability masses, denoted, iy = 1,...,5) andr,,
using the following equations:

rn:k(pnqn+qun+pan)’ (n:1,...,5) (6)

My =k(Pya4) (7)
where
-1
5

k={1->>"pa, 8)

t=1 n=1
n#t

From Table 3, we have

k = (1- (0.084+0.036+0.036)) " = 0.844* =1.185,

=0, r,=kxp,0, =1185x 018=0.213,

r, =kx(p,0; + p,0; + P50, ) =1.185% (0.084+ 018+ 0.112 = 0.446
r, = k(p,q,) =1.185x0.048=0.057,

r, =k(p,0,)=1185x 024=0.284

If there are more than two criteria, the combinedbpbility masses can
then be aggregated with the third assessment isaiime way. The process
is repeated until all assessments are aggregabedcdmbined probability
masses are independent of the order in which iddali assessments are
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aggregated. If there are several levels of critémiaa hierarchy, the
aggregation process is carried out from the botewal criteria one branch
at a time until the top of the hierarchy is reachéte belief degrees in the
aggregated performance distribution are calculdteth the combined
probability masses. Suppose the final combinedsassent for the option

O, is represented as follows:
S(0) ={(Hy. £1),(H5, 5,),(Hs, B3),(Hy, £a),(Hs, Bs)} - (9)
where B, (n=1, ..., 5) are the combined belief degrees gengitate

B, = "n (n=1,...,5) (10)
1-r,

r 0.213
For the example, we hav, =0, =—2_=
P i < 1-r, 1-0.284

=0.297,

B, =0623 £, =0.080 and S =0.
Table 3. Probability Masses

S(A(G)
S(A(0)) O p1=0 p2=0 p3=0.28 ps=0.12 Ps=0 py=0.6
S(A(0) {H} | {H} {Hg} {HJ {Hg} {H}
= u=0 P =0 | pm =0 | p3y=0 Pah=0 | pstu=0| pyo=0
o {H} {H} {®} {®} {®} {®} {H}
< =03 | P%=0| p2=0 | psG = 0.084|p40, = 0.038 psd> = 0 | puo = 0.18
oy {Hz} {®} {H} {®} {®} {®} {H}
03=0.3 | P1Gs=0 | P03 =0 | psds = 0.084|psgs = 0.036 psgs = 0 | pyds = 0.18
{Hs} {®} {®} {Hs} {®} {®} {Hs}
0a=0 P1da=0 | p0s=0 psds =0 Psdsa=0 | PsGs=0| pucs=0
{HZ {®} {®} {®} {HZ {®} {HL
gs=0 Pids=0 | p0s=0 psds =0 Psds=0 | pPsgs=0| puds=0
{Hs} {®} {®} {®} {®} {Hs} {Hs}
=04 | P14 =0| pgu =0 | pstn = 0.112|pygy = 0.048 psgn = 0 | puan = 0.24]
{H} {H} {Hz} {Hg} {Ha {Hs} {H}

2.3 Expected Utility Scores

If necessary a score can be calculated from thiildison. Before the
calculation, a utility value needs to be assigreeddch grade to represent
the preference of policy makers towards the grdigffa and Keeney,
1976). For example, suppose the utilities for thgr&des in equation (1)
are as follows:
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u(H,) =0, u(H,) = 025 u(H,) = 05, u(H,) = 0.75andu(H;) =1

An expected utility score fo©,, denoted byu(O,), can be calculated as
follows with the belief degrees as weights,

u(Q) = iu(Hi)ﬁi =0.45 (11)

It should be noted that the ER aggregation is semse a statistical and
nonlinear approach, which reinforces harmonic judgets and weaken
conflict ones (Yang and Xu 2002b).

2.4 Applying the ER Approach through IDS

As we can see from the example, ER approach ingdieadling data in a
structured way and without computer support itifiadlt to be applied

manually. To facilitate its easy application, DS developed to transform
the model building and result analysis process&s am easy window-
based click and design activity. It aims to providet only technical

supports in data processing including data cobegtstoring, retrieving

and presentation, but also cognitive supports oblem structuring and
assessment process. The rest of the chapter isededndemonstrating the
application of IDS in each of the four stages ofAamprocess.

3 IDS and Its Applications in Impact Assessment Sup  port

IDS is a Windows based software tool based on fReafproach. During
the past few years, it has been applied to sugsstssment activities in
different areas. Example of such applications idelsupplier assessment
in procurement(Sonmez et al, 2002; Xu and Yang 2005), market
performance assessment and consumer preferenceficdgion in new
product designChin et al, 200}, business performance assessment and
organisational self-assessment in total quality agement (EFQM, 1999;
Porter and Tanner, 1998; Siow et al, 2001; Xu aadgy 2003), customer
satisfaction survey (Xu and Yang 2005) in custonmefationship

L A free demo version of IDS can be obtained fromf BrB Yang via email:
jlan-bo.yang@mbs.ac.uk www.e-ids.co.uk
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management, impact assessment in policy makingapa Yang, 2002;
Xu, 2005), and risk assessment in engineering d€sig et al, 2002). The
results show that the ER approach, supported by H2S significantly
helped to improve consistency, transparency andectbity in the
assessments.

In the following discussion, the impact assessmeht UK Euro
membership is used as an example to illustratapipdication of the IDS
in each of the four stages of an IA as outlinedSiction 1, namely
problem structuring, establishing an assessmeneinddta collection and
handling, and interpretation of outcomes.

3.1 Problem Structuring

In the problem structuring phase, stakeholdersnigial set of alternatives,
key issues, constraints, and uncertainties nebd tdentified.

There are many qualitative frameworks for probléracturing. Many soft

operational research technigques can be used. The f@cused thinking
(Keeney, 1992) is also an excellent and well a@wkppproach for
generating new alternatives creatively. Post-lbften used for capturing
and organising ideas. Belton and Stewart (2002Yyigeoa comprehensive
summary on approaches for problem structuring. CA&JSE framework

is one of them. The acronym CAUSE stands for

C — identifying Criteria. Criteria should be meashle and
understandable, cover all aspects of concern tisidac
makers, and should not have redundancy.

A — identifying Alternatives.

U — identifying Uncertainties

S — identifying Stakeholders

E — identifying Environmental factors and consttsin

In the UK Euro membership problem, there are twiunaéd alternatives:
either join or not join. It is important that opamis from both pro- and anti-
Euro sides are taken into account so that a baamssessment can be
made. A quick search of the Internet can lead toynsites discussing the
gains and losses of UK joining the Euro in variaspects. Those aspects
form the basic sets of assessment criteria foptbblem.
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Generally, in an assessment problem, alternatitiermpare assessment by
many criteria and sub criteria. If the sub criteai@ still too general and
abstract to be measured, they should be broken flativer until they are
measurable. The process leads to the formation @fterion hierarchy.
IDS provides user friendly interfaces to documdme tlternatives and
construct the criterion hierarchy.

In its main window (Figure 1), there are two pariks,left is for listing the
alternative options (or simply alternatives), ar tright for listing a
criterion hierarchy. New alternatives can be adadgdlicking on the left
pane once and then the yellow arrow bu=>1on the Toolbar of the main
window. The alternatives can be renamed, and destmvith more details
if necessary by right clicking on it once. New eria can be added at any
position by clicking at the desired position andrththe blue arrow button

ﬂ (Figure 1). The newly added criteria can alsods&med and defined
with more details. For example, from searchinglttiernet, the impacts of
UK Euro membership are mainly on the following faareas: Political,
Economy, Business and People. Under each categjueye are more
detailed sub areas which are treated as sub aritend the criterion
hierarchy can be built using the IDS as shown igufé 1. IDS also
provides the facility to delete, copy and pastéeda and alternatives if
necessary.

3.2 Assessment Model Building

Having identified the options and the assessméteatrier, and implemented
the criterion hierarchy in IDS, in the second phase need to address the
following three issues and build the assessmenehamtordingly; (i) how
the performance of each option can be measuredaon eriterion, (ii)
what weights should be assigned to each critermrthait its relative
importance can be represented and (iii), what & pheference or risk
attitude of policy makers towards each assessnraategor value in the
measurement scale of each criterion. Those thiemaeglts together with
the criterion hierarchy built earlier constitute assessment model which
is used for assessing all the policy options inlAarproblem. The three
issues are discussed in turn in the following sediiens.
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M IDS - Intelligent Decision System for Multiple Criteria Assessment - [Euro.ids]

ﬁale Edit Wiew Modeling Input Analysis Report Sensitivity Window Help _lal %
D 28 3 DEwe &4 RD B

Alternative

ZlJoin = 1 Impact on UK political status in Europe

ZiNotJoin | = 1.1 UK control over EU monetary policy making

- =1 1.2 UK control over its own monetary or fiscal policy! Economic and financial sovereignty
=1 1.3 Political independence
=1 1.4 UK leadership role in Europe
2 Impact on UK economy
=1 2.1 UK exports to Europe
..z 2.2 Flexihility on coping with economic crisis, such as inflation, depression or asymmetric shocks
= 2.3 Impact on UK financial industry, such as the city
=) 2.4 Proportion of UK contribution to EU funding and UK budgetary burden
=) 2.5 Possibility of UK tax-payer financing continental pension liabilities
=1 2.6 Investment environment
3 Impact on UK businesses
=) 3.1 Stability for business planning
=) 3.2 Borrowing costs
=1 3.3 Cross-border Transactions
-1 3.4 Price transparency
=) 3.5 Book keeping and treasury management
- =1 3.6 Pound-Euro change over costs
i =1 3.7 Scope for pan-Euro sourcing, marketing, labelling and packaging
: ..z 3.8 Business taxes
=) 3.9 Competitive environment
4 Impact on UK people
- =141 Travel
-1 4.2 Job opportunities
= 4.3 VAT
4.4 Prices
=1 4.4.1 Car prices
=1 4.4.2 Energy prices
-z 4.4.3 Mortgages
=1 4.4.4 General shopping prices

< >
For Help, press FL 17/03/2007 |16:26:07

Figure 1 Support of Problem Structuring: AssessifgEuro Membership

3.2.1 Assessment Criterion Definition

Issue (i) is concerned with how performances cammieasured on each
criterion. The simplest cases are when the perfocemaf each option can
be measured numerically on a criterion without utadety, such as the
pound and euro changeover costs if it can be ettmemore or less
accurately. It is more complicated for other cas#s.qualitative
judgements are unavoidable, there is an issuewftboeduce subjectivity
and increase consistency in the assessment. Ifp#mrmances are
associated with certain random factors, the issdbean how to clarify and
represent the uncertainty in the model so thatidks associated with the
uncertainty can be revealed and examined.

On qualitative criteria, the performance of eactiapis commonly
assessed by grades. For example, the impact of Uhd Bembership in
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many areas can only be measured qualitatively dnebjaently used set of
measurement grades are:

« Very negative,

* Negative
* Neutral
* Positive

* Very positive

One problem with qualitative grades is that the mveg of a grade may
mean different standards for different people. &@duce subjectivity, it is
also a common practice to clearly define the statwdaf all grades.

For a quantitative criterion with probability untanty, traditionally the
expected or mean value is used to represent tlierpemce of an option
on the criterion. This, however, introduces infotima losses. Ideally the
probability distribution of a performance should peeserved and the
associated risks be explicitly explored in an amsest process.

The IDS software is designed with a focus on sujgpprthe model

building process of IA problems with both qualit@iand quantitative
criteria under various types of uncertaintiestarts by prompting users to
classify a criterion into one of the three logicaltegories: qualitative,
quantitative (without uncertainty) and quantitatwith uncertainty (Figure

2 and Figure 3).

For a qualitative criterion, further interfaces grevided for users to

define assessment grades, their corresponding astisxdand utilities

(Figures 4, 5 and 8). Late on, at the data cobecand handling stage,
when the performance of an alternative on this \@iterion is assessed
and rated, the grading standards defined here béll conveniently

accessible so that users can make a referenceoterisure the consistency
of the assessment.

For a quantitative criterion without uncertaintfpS prompts users to
identify the performance variation range of altéirrea options on it

(Figure 3), and the preferences of policy makersatds the different
performances. If the performance of any alternativethe criterion is
anticipated to be a probability distribution, théme “Uncertain” box

(Figure 3) should be checked and later in the datkection stage users
will have the flexibility to record the performanoé an alternative on the
criterion using a distribution.
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x

IDS Dialog: Define An Attribute -8 x|

Aftribute [3.1 Stability for business planning
Narne:

Aftribute Type: Quantitative or Qualitative

© Quantitative & Cualitative
Number of Grades: Cancel
3
Define Grades Mow?

Yes | Mo | Help

Describe

\_\_H
B

|

Advanced

Figure 2 Define Qualitative Criteria

1D5 Dialog: Define An Attribute =]
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Figure 3 Define Quantitative Criteria

3.2.2 Relative Importance of Criteria and Weight Eicitation

Issue (ii) is concerned with the role each criterican play in an
assessment or its weight assignment. The assignpreness involves
significant subjective judgements and need to Ippaeded in order to get
a satisfactory set of weights.
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Figure 4 Define Assessment Grades

IDS Dialog: Define the Meaning of An Evaluation Grade
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Figure 5 Define Assessment Grade Standards

In IDS, there are a couple of interfaces dedicatedsupport criterion
weight elicitation. The first one is the visual igesnent window (Figure
6). From this window, a number of methods can kesl dser eliciting and
recording the weights through an interactive graPme is the direct
assignment method (Péyhonen and Hamaldinen, 20@iljsaused when
policy makers have more or less decided what weighgive to each
criterion. The second one is the SMART (Simple Mattribute Rating
Technique) (von Winterfeldt and Edwards, 1986) radthwhich assigns
10 points to the least important criterion and mitv&n 10 to the second
least important criterion and so on. The third ehéhe SWING method
(von Winterfeldt and Edwards, 1986), which is soowehopposite to
SMART. It gives 100 points to the most importaritetion and less than
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100 points to other criteria. To apply any of theee methods in IDS,
users need only to drag and drop each bar in tieeaictive graph to an
appropriate height.

IDS Dialog: Assign Attribute Weights by Visual Scoring

Scale |- Style 7
C Onell 1] & Hundred[d 100]  Normalised Confitm Corntments I Help ‘ Ok
€ Ten[D 10] Mot Marmalised et Restart ]E Tool Bar Cancel
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000 3000 3000
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D200
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Attributes

Selected Atribute MName ‘Weight
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Attribute name ] Weight‘
=11 Impact on LK political status in Europe 30.000000
=12 Impact on LK econormy 30.000000
=13 Impact on UK businesses 30.000000
=14 Impacton UK people 10.000000

Figure 6 Weight Assignment By Interactive Graph

The second interface is for supporting weight assignts using paired
comparison. It considers only two criteria at adinthis is a frequently
used method due to the simplicity of the idea, ethmugh the derived
process is quite tedious. From the interface, tmeparisons can be carried
out between either all possible pair combinati@nsone criterion and each
of the others -1 pairs if the number of criteria in consideratisnn)
(Satty, 1988; Sen and Yang, 1994). Once the cosmasiare finished, the
set of weights best fit the comparisons is thencwated and any
inconsistency noted by IDS.

When there are multiple stakeholders, and a conseses of weights can
not be achieved, average weights or weight intsrgaten by members
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may be used. The intervals of weights can then 4 o guide the
sensitivity analyses in the next phase for weigig-funing.

IDS Dialog: Assign Weights Using Pairwise Comparisans

Far the fallowing father attribute
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Figure 7 Weight Assignment By Pairwise Comparison

3.2.3 Elicitation of Preference of Policy Makers

Issue (iii) is concerned with the preference ok aftitude measurement of
policy makers towards the performances of an ater@ on each
criterion. The measurement is accomplished by usingbmmon scale,
normally between 0 and 1 with O corresponding ®l#ast and 1 the most
preferred levels of a performance respectively.nSaccommon scale is
referred to as utility function in decision theqKeeney and Raiffa, 1976).
For example, the impact of UK's Euro membership Stability for
Business Planning is measured by the followingdsigs: Very Negative,
Negative, Neutral, Positive and Very Positive.né tpolicy makers assign
utility of 0, 0.5, 0.8, 0.9 and 1 to each of theefigrades respectively, the
utility function for this criterion may look likehe curve shown in Figure
8. If the policy makers wish to assign differentitigs to the grades, it is
supported in the IDS by an interactive interfacig\Fe 8) where users can
drag and drop the points on the curve to a degiosdion.
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IDS Dialop: Assign Attribute Utilities by Visual Scaring
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Figure 8 Interfaces for Defining Utility Functions

As indicated by equation (11), from utility funati® and the performance
distributions of alternative options, scores canchiulated and ranking
can be generated based on the scores. Thereforefdhe purposes of
utility functions is to facilitate the comparabjiiof alternatives on each
criterion at any level of the hierarchy. Througke tse of utility functions,
alternative options can be assessed on each enitasing its own most
appropriate scale first and then the assessmeatdramsformed to the
common scale. IDS has such information transfdonaprocedures
(Yang 2001) built-in to ensure that, although difg assessment grades
are used, policy makers’ preferences are equivglgmeserved in the
transformation processes and properly presentedthen aggregated
outcomes.
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Figure 9 Making Qualitative Assessment through Exnice Mapping
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Figure 10 Making Qualitative Assessment Using Bdliegrees
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3.3 Data Collection and Data Handling

Having established and implemented an assessmetelasing the IDS

software, our attention can now turn to assessidividual policies. To

assess the impact of a policy in each area (orach eriterion), data need
to be collected from different sources, includingKing at historical data
and seeking expert opinions on the potential caistsbenefits, tangible or
intangible, of implementing and enforcing a polidhere are inevitably
uncertainties in the estimates and judgements. gi@Sides a number of
interfaces to support data collection and inputcpsses. The aim of the
supports are to help improve consistency in judgesmelarify and reduce
uncertainties in assessments, and manage thealtzd.

There are three different interfaces for data irpuDS, each for one of
the three types of criteria as discussed in Sec8c¢hl: quantitative
(without uncertainty), quantitative with uncertainand qualitative.

Entering assessment data on quantitative typeitefieris straightforward
therefore it is not discussed further. If theresigertainty in quantitative
assessments, they can normally be representealaabyity distributions.
For example, suppose the “Pound-Euro changeoveas’ciidUK adopts
the Euro are estimated to be 3, 3.5 and 4 billionngls sterling with
probability of 30%, 50% and 20% respectively. IOrt provides both
interfaces to accept the information as it is andalgorithm to properly
aggregate the information in the data so that tleets associated with the
uncertainties can be revealed in the outcomes.

For qualitative type of criteria, the support taduwee subjectivity in
assessments is from two fronts. One is the pravisib an evidence
mapping interface (Figure 9). It displays the assest standards, as
defined earlier in the assessment framework (Figi)reand the related
evidence and judgements, collected and enteredsbys wat the current
stage, side by side so that the comparison of fonpeance against the
standards are made easier. In this way the assetssmade by different
assessors are geared to follow the same standards improved
consistency can be achieved. On the second fréng performance
matches a mixed grade standards, users have thibililg to assign
portions of the performance to a number of gradésgubelief degrees as
discussed in Section 2.1 (Figure 10). In this whg, assessment can be
made more objective and accurate.
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The supports from IDS also include the structuredording of the
assessment knowledge and performance evidencegaimability and
future references. From the data and the recordedwledge, an
assessment report for each policy option can bergéed automatically.
This can further save time, and improve accurady efficiency in report
preparation.

3.4 Outcome Interpretation and Sensitivity Analysis

3.4.1 Outcomes and Interpretations

IDS generates different assessment results in totherical and textual
formats. To help the interpretation and the commation of the results,
numerical ones are normally presented using graipleyding overall

assessment scores of policy options, the potep&dlormance variation
ranges when there is missing information in an sseent (Figure 11),
and performance distributions (Figure 12). Thosephbs enable the
comparisons among alternative policy options arel available on any
selected areas at different levels of the assedsriteria hierarchy.

Ranking of Alternatives on Overall impact on UK

1.0000

05000

0.3000

0.7000

04000

0.5000

Score

04000 ———

0.3000 ———

0.2000 ———

0.1000 ——

0.0000
Mot Joit
Toit the Euro

Alternative

Figure 11 Ranking of Alternatives and Performancaiadtions Due to
Uncertainty
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Ranking is based on overall assessment scoresigatee sum of utilities
of the grades in the aggregated performance digivifo of each option,
with belief degrees as weights as calculated byatou (11). The dark
grey area in the ranking score graph (Figure l#l)cates that there is
some missing information in the assessment of @ “Not Join” and

its performance score can be as high or low asahe marked by the top
or bottom of the dark grey area respectively. Toglht of the dark grey
area indicates the combined effect of the missimigrination. In the

example shown in Figure 11, the effect is small ariltl not affect the

ranking no matter whether the missing informationn$ out to be in
favour of the option or not.

Figure 12 shows the distributed overall performantdéhe two options
regarding the UK Euro membership, based on therimdtion collected in
a study. It reveals the performance compositiordifferent categories
(grades), and sheds light on why one option mabditer than the other.
Note that the portion of missing information is mlsevealed as a
percentage in the Unknown category. The distrilbusibbows that there are
both negative and positive impacts if UK joins tRaro, and mostly
neutral impacts if not. Such information allowsipplmakers to make an
informed selection. If it is desirable to find thest or worst performing
areas for an option, IDS provides a searching fandor the purpose so
that policy makers knows where exactly the risks #rgoing for the
option.

To improve transparency in policy making processbsse graphical

outcomes are available at not only the overallllespresented by the top
criterion, but also any level in the criteria hietay. Performances of all
or selected options can also be compare on a edlset of criteria across
different levels of the hierarchy.

To save time in assessment report preparationgid@rates a tailor made
assessment report for each option based on thermgdrecorded and the
assessment model, highlighting key areas to congidesach option. The
assessment model, including assessment critegassment grades and
grading standards, and assessment results on aettekyute, can all be
saved in text files. The text files provide a bagith accurate and essential
information for generating a detailed report. Togetwith a range of
graphical display of outcomes, the report shoulg b@ communicate the
assessment outcomes effectively.
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Distributed Assessment on Overall impact on UK
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Figure 12 Performance Distributions

3.4.2 Sensitivity Analysis

Sensitivity analysis is regarded as one of the vwawyortant step in any
decision analysis process. It examines the effgfatbanges in some of the
assumptions and judgements made during assessnoeatges, including
parameters such as attribute weights, shapes laf watirves, and belief
degrees assigned to the grades in an assessmehbsksjudgements and
assumptions are somehow subjective in nature dfidudtito be precise,
sensitivity analysis will help to reveal how robulse outcomes, such as
rankings of alternative options, are and therefwlp decision makers to
understand any risks involved in taking a particetaurse of action.

There are a range of sensitivity analysis functsumsported by IDS which
allow most parameters to be changed and the efféisfdayed. Three
typical graphical sensitivity analysis interfaces briefly described below.

The first type is interactive charts displaying thiects of changes in
criterion weights and belief degrees assigned tpedormance. For
example Figure 13 is a graph for examining the irankhanges of the 2
policy options in the Euro problem (join or notrjoihe Euro) when the
weight for the criterion “Impact on UK Business”aiges. The current
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weight is 30 and the option “Not Join” is rankedytrer than “Join”.
However, the graph shows that the ranking orddrchiinge if the weight
becomes 40 or larger. If any weight is around aitiga zone, the graph
helps to draw the attention of policy makers towreeght which may need
to be re-examined and elicited using a number pfaaches.

Overall Average Impact Scores

Join the Eura E E
#-Motdoin 00 T oo

Average score

0.00 20,00 40.00 £0.00 8000 100.00
Weight of Impact on UK businesses

Figure 13 Performance Distributions

The second type of graphs shows the combined sffettdifferent
parameter changes on outcomes. This type of sétsitnalysis is
normally referred to as global sensitivity analysisliterature (Saltelli,
1999; Xu and Yang, 2004). For example, Figure 1dnis of such graphs
displaying the combined effect of missing informatin the assessments
of “Not Join” on a number of criteria. Capable ofopiding global
sensitivity information is a unique feature of ID@ile most tools allow
only one parameter to be changed at a time dugngitivity analyses.

The third type is the so called cost benefit odéraff analysis graphs. It
displays the scores of all alternative options oly &wo criteria at a time.
For example, if the two criteria are “Costs” andeftifits”, as shown in
Figure 14, the two policy options in the Euro peshl can then be
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positioned in the graph according to their perfano®s on the two criteria.
This type of graph allows users to exam whetherpittential benefits of
joining the Euro are worth the costs.

Trade-Off Analysis

4.0 T | |
36 -+ Join the Euro
32 o Mot Join

28
2.4
20
1.6
1.2
0.a

0.4
0o &
0 10 20 30 40 Eﬁ &0 70 a0 90 100

Benefits (Utility Scores)

Costs £b

Figure 14 Cost Benefits Analysis

3.4.3 Model Fine Tuning

Impact assessment problems are complicated aadiitlikely to establish
satisfactory models for the problems straight awais expected that the
modelling phases need to be revisited from a nunobdéimes to make
some adjustments on parameters such as weightssaftsitivity analysis.
It may also be necessary to check if there arenginging factors that need
to be taken into account, or redundant attributas meed to be deleted. At
the same time, the policy makers may need to aiggletheir own
intuitions and rethink the problem and their preferes. Therefore the four
phases of the MCDA process may need to be repeatidthe policy
makers are relatively satisfied with the model. Thesulted model is
termed as requisite, instead of optimal by Phillip884). This process is
incisively summarised by French (1989, p110)]

“The decision makers begin the analysis ill at eagiscomforted by
some half-perceived choice before them. As theyaisaproceeds, their
perceptions, beliefs and preferences evolve, guitedhe consistency
inherent in the underlying theory. Initially, theodels used are very
simple. But, gradually as intuitions emerge, thedseis are refined. A
cyclic process is followed in which models are thuiie output reflected
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upon and examined for sensitivity, intuitions enedepding to revision of
the models, and so on. This process is stopped whdarther intuitions
emerge.”

4 Concluding Remarks

Policy making is a complicated process involvingaldey with
heterogeneous types of data with uncertain andimgisaformation. As
such, it needs to be supported with appropriatdhatetiogies and tools.
The ER approach and its software implementatioe, DS tool, are
purposefully developed for dealing with such comgion in IA
assessment problems. Through a wide range of agiplis in supporting
many complicated assessment activities, it is detnated that IDS is a
flexible tool capable of handling data with uncerti@s and providing
more transparent, informative and reliable outcomes

The capabilities of the ER approach are achievedugh the use of a
belief decision matrix to model an assessment problThe use of belief
decision matrix provides the following four advayea.

i) It helps maintain the originality of information idata. Using a
conventional decision matrix, the distributed perfance
information, such as the one shown in equationh@3 to be
approximated by a single value or grade which ity
introduces information losses or distortion. Theref the
assessment of an option can be more reliably aatistieally
represented by a belief decision matrix than byoaventional
decision matrix.

i) It provides policy makers with flexibility to cold¢ and document
assessment information in formats that are appatgptio certain
circumstances, such as in single numerical valpesbability
distribution or subjective judgements with beliefegdees.
Consequently, it helps strengthen both the confiderand
commitment levels of policy stakeholders in théiosen courses
of action.

iii) It allows all available information embedded infdient data
formats, including qualitative and incomplete datm be
maximally incorporated in the assessment procesg@sh again
leads to more reliable outcomes.
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iv) It allows the assessment outcomes to be represemieck
informatively, which helps the effective communioat of the
outcomes.

The IDS software is developed to facilitate the lmpgion of the ER
approach and realise its potential. It providesamdy the technical support
to apply the ER approach through friendly interfadeut also cognitive
support in the assessment process, and knowledgagaaent, report
generation and data presentation facilities. Eraegenl and requested by
users of IDS, a web based version of the tool lsslkeeen developed (Xu,
2005) and the UK Euro membership assessment exasnplade available
online, which is accessible from the web site wwidsco.uk.

The main limitation of the ER approach may be tetple who are used
to using conventional decision matrices for modgllIMCDA problems

may find that using belief decision matrices magklacomplicated, in

particular for modelling purely quantitative MCDArgblems. With the

support of the IDS software and the power of modesmputers, the

complication associated with data processing is goncern. Anyway,

significant efforts may be required if accurate iéfeldegrees (or

probabilities) need to be estimated and assigneda tperformance

distribution. For serious assessment problems sschA, it should be

worth handling uncertainties associated with bealiefirees. To conclude
this chapter, it may be noted that modelling arss®ient problem using a
conventional decision matrix is the same as usibglief decision matrix

if all belief degrees in the latter are either Q.or
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