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Abstract

This paperdiscussesundamentabspectof inferencewith impreciseprob-
abilitiesfrom the decisiontheoreticpointof view. It is shavn why theequiv-
alenceof prior risk and posteriorloss, well knovn from classicalBayes-
ian statistics,is no longervalid underimprecisepriors. As a consequence,
straightforvard updating,assuggestedby Walley's GeneralizedBayesRule
or asusuallydonein the Rokust Bayesiansetting,may leadto suboptimal
decisionfunctions.As aresult,it mustbewarnedthat, in the framework of
impreciseprobabilities,updatingandoptimal decisionmakingdo no longer
coincide.
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1 Intr oduction

A powerful methodof inferencehasto provide answergo (atleast)thefollowing
threequestions:

Whatis updating?
How to learnfrom data?inference)

How to make optimaldecisions?
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TheclassicaBayesiarstatisticatheory basedn precisgprobabilities claims
to provide a comprehensie framavork to dealwith all theseaspectsimultane-
ously For a Bayesianjnferenceanddecisionmakingcoincide,andthe solution
to bothtasksis essentiallypbasedon updatingprior probabilitiesby meansof the
Bayesrule. More precisely Bayesianstatisticsis basedon two paradigmgP1]
and[P2], where

[P1] Every uncertaintycan adequatelybe describedby a classicalprobability
distribution. This in particularallows to assigna prior distribution p() on
parametespacedn inferentialproblemsandonthespaceof statef nature
in decisionproblems.

[P2] After having obsenedthe samplef xg, the posteriorp( jx) containsall the
relevant information. Every inferenceproceduredependson p( jx), and

onlyonp(jx).

Thereareseveral strongargumentdor [P2], see for instancethe discussion
in [25]. Amongthemis the decisiontheoreticfoundationby the often so-called
“maintheoremof Bayesiandecisiontheory': As discussedbelow, it saysthatde-
cision functionswith minimal risk undera prior p() can be constructedrom
consideringoptimal actionswith respecto the posteriorprobability p( jxX) asan
“updatedprior'.

In the last decadea rapidly increasingnumberof researchesave objected
against[P1], and so theoriesof impreciseprobabilitiesandinterval probability
emeged (see,e.g.,the monographdy Walley [33], Kuznetsw [22], Weichsel-
berger[39], the conferenceproceedinggde Cooman,Fine, Moral and Seiden-
feld [6] andthe web pagede CoomanandWalley [7]), offeringa comprehensie
framawork to dealwith a morerealisticandreliabledescriptionof uncertaintyIn
this context alsoconceptgyeneralizingconditionalprobability have beendevel-
oped,suggestinghe straightforward extensionof [P2], namelyto useimprecise
posteriorsto updateimprecisepriors. This approachs discussedamongothers,
by Levi ([23],[24]), andis rigorouslyjusti ed by generalcoherenceaxiomsin
Walley's theory([33]). Moreover, it is evenoftenunderstooasself-evident,and
appliedin mary caseswithoutamomentof hesitationfor instancejn the robust
Bayesiamnalysis(e.g.,[35, 26]) andin economicapplicationgfollowing Ko er
andMenges'[21] approactof decisionmakingunderlinearpartialinformation!

The self-evidenceof this way to proceeds questionechere.Fromarigorous
decisiontheoreticpoint of view, which is taken up in this paper it is becom-
ing clearwithout ary ifs and buts that— quite surprisingly— sucha procedure
may be suboptimalthe resultingdecisionfunctionmay have higherrisk thanthe
optimal decisionfunction. The presentpaperwantsto illuminate this aspect.To
achieve this goal, it proceedsasfollows: Section2 collectsbasicnotionsneeded

1For further referencesee,e.g.,Cozmans suney ([8]) on computationabspectsandthe refer
encesn [41, Sectionl].
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laterfrom classicaldecisiontheory After recallingsomegeneralaspectandter-
minology from the theoryof interval probabilityin Section3.1, bothingredients
aremelttogetherin Section3.2, wherethe generafframework for decisionmak-
ing underinterval probability developedin [1, 2] is describedrie y . Behindthis
backgroundsection4 exploresthe suboptimalityof decisionfunctionsbasedon
impreciseposteriorswhile Sections returnsto thefundamentafuestionsormu-
latedaboreandconcludesvith ashortre ection ontheconsequences bedravn
from theobsenationmadehere.

2 ClassicalDecisionTheory

2.1 The BasicDecisionProblem and the Data Problem

Classicaldecisiontheoryprovidesaformal framework for decisionsituationsun-
der uncertainty The decisionmaker aimsat choosingan action from of a non-

empty nite setlA = fay;:::; &;:::;a,g of possibleactions.Apart from trivial
bordercasesthe consequencesf every actiondependon the true, but unknovn
stateof natureJ 2 Q= fJg;:::;Jj;::1;Img: The correspondingoutcomeis

evaluatedby alossfunction

I : (A Q) ! IR
() 7' I(aJd)

andby theassociatedandomvariablel(a) on(Q; Po(Q)) takingthevalued(a;J).
For brevity of referencetherelevantcomponentsthe setlA of actions thesetQ
of statesof natureand the preciseloss functior? I( ), is collectedin the triple
(I1A; Q;1( ), whichis calledbasicdecisionproblem.

For mary applicationst will prove of valueto extendtheproblemby allowing
for randomizedactions.Formally, every randomizedactioncanbeidenti ed with
a classicalprobability| () on (IA;Po(IA)) wherel (fag); a2 IA; is interpreted
asthe probability to chooseactiona. The setof all randomizedactionswill be
denotedby L (IA). Pureactions,.e. elements of IA itself, areidenti ed with the
Dirac measuren the pointf ag, andthereforearealsounderstoodo be elements
of L(IA). Thelossfunctionis extendedto the domainL (IA) Q by I(l;J;) =
&Ll (a) I(a;J3}): Analogouslytol(a), I(l ) isthatrandomvariablewhichgives
thelossof | in dependencenthetruestate].

Quite oftenit is possibleto obtain someinformationon the statesof nature
by collecting additionaldata. Formally, this can be describedby an additional
“experiment' wherethe probability p; () of the outcomesdependson the true
stateJ of nature.Let X be the samplespaceof this experiment,and assume

2Throughoutthe paperit is assumedhat a (precise)lossfunction is given. On the construction
of lossfunctionsin the presenc®f ambiguity generalizinghe NeumanrMorgensterrapproachsee,
e.g.,[14] andthereferencesherein.)
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throughoutthe paperX to be nite, sothat X = fxy;:::;Xs;::1;X0. The triple
(X;Po(X); (ps())a20) is calledsamplenformation the basicdecisionproblem
togethemith the sampleinformationdataproblem
Now the decisionproblemconsistsn the choicebetweendecisionfunctions
(strategies)
d: fxg:oxg ! L (1A)
X 7 dx) =1

i.e. functionswhich mapevery obsenationx into a (randomizedpctionl which
hasto be chosenif x occurs.Let ID be the setof all decisionfunctions.Deci-
sionfunctionsarecomparedvia their overall expectedlossunderp;( ), i.e. one
considerghe socalledrisk function

k
R(d;3) 1= @ 1(d(%);3) pa(%s); (1)
s1
which producesanalogougo above, therandomvariableR(d).

2.2 Optimality Criteria

If the statesof natureare producedby a perfectrandommechanism(e.g. an
ideal lottery), andthe correspondingorobability measurey( ) on (Q; Po(Q)) is
completelyknown, the Bernoulli principle is nearly unanimouslyfavored.One
chooseshatactionl which minimizesthe expectedoss

IEpl(1)= & 1(1;35) p(fJ;g) )
j=1

amongall | 2 L(IA), andthatdecisionfunction which minimizesthe expected
risk
m
IEpR(d) = a R(d;Jj) p(fJjg) ®3)
=1
amongall d 2 ID, respectiely.

In most practicalapplications however, the true stateof naturecan not be
understoodasarisingfrom anideal randommechanismAnd evenif so,the cor
respondingprobabilitydistributionwill benotknown exactly. Therearetwo main
directionsto proceedn this situation:

Sincefor a classicalsubjectvist, or Bayesianaccordingto [P1], every situa-
tion underuncertaintycanbe describedoy a single, preciseprobability measure
p( ), the lack of sucha known randommechanisndoesnot make ary impor-
tantdifferenceto the decisionmaker. (S)heactsaccordingto subjectiveexpected
loss/risk In this context a specialterminology becamequite common:p( ) is
calledprior probability, andthe expressiorin (3) prior risk.
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In contrastfrom the viewpoint of an objectvist' it doesnot make ary sense
atall to assigna probabilityon (Q; Po(Q)) . Therefore the objectivist concludes
thatthe decisionmaker is completelyignorantaboutwhich stateof naturewill
occur;(s)hehasto actaccordingto a criterionbasedn completeignoranceThe
mostcommoncriterionis theminimaxrule, which concentratesntheworststate
of nature leadingin the basicdecisionproblemto

5712a(3<l(l ;J)! min (4)
andin the dataproblemto
rananR(d,J) I min: (5)

2.3 The Main Theorem of BayesianDecisionTheory

It is quite an essentiatharacteristiof Bayesiandecisiontheorythatan optimal
decisionfunctiond () minimizingthe prior risk (3) canbe obtainedby minimiz-
ing, for every obsenationf xg, the posteriorloss

m
Epixl(1) = a 1(1;3;) p(fJ;gjx) (6)
=1
where,comparedo (2), the prior p( ) is replacedvy the 'updatedprior', i.e., the
posteriorp( jx). Thisis the decisiontheoreticfoundationfor the usualBayesian
updating(seealso[P2] from the Introduction).More preciselythis fundamental
relationis formulatedin

Proposition1 (“Main theorem of Bayesiandecisiontheory”) 3 Consider a
data problem,consistingof a basicdecisionproblem(IA; Q;1()), a samplein-
formation (X; Po(X); (ps())s20) and a prior probability p( ). For every s=

mal solutionto the basic decisionproblemwith respecto p( jxs), i.e. an action
minimizing(6).

Remark 1 Thepropertyformulatedin Propositionl is constitutivefor Bayesian
decisionmaking In particular, an analogousreductionof the data problemto
basicdecisionproblemsis not possiblefor the maximincriterion (4) and(5).

3 DecisionMaking under Inter val Probability

It hasoften beencomplainedthat both classicalwaysto proceed- relying on
subjectve expectedossaswell asactingaccordingto a criterionbasedon com-
pleteignorance- areinappropriatebecausé¢hey bothdistortthe partial natureof

3Comparefor instance[4, p. 159, Result1].
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the knowledgeon the decisionmaker's hand: The objectvist's criteriatreatpar
tial knowledgelike completeignorance pftenleadingto unsatiséctory overpes-
simisticsolutions Subjectve utility/losstheoryontheotherhandidenti es partial
knowledgewith completeprobabilisticknowledge.This con icts with Ellsbeg's
[11] experimentswhich madeit perfectlyclearthatambiguity(i.e. the deviation
fromidealstochasticityplaysaconstitutverolein decisiormaking— neglecting
it mayleadto deceptve conclusions.

Impreciseprobabilitiesandrelatedconceptareunderstoodo provide a pow-
erful languagevhichis ableto re ect thepartialnatureof theknowledgesuitably
andto expressthe amountof ambiguityadequately(See[7] and[39, Ch. 1] for
recentreviews on thedevelopmenin this eld.)

3.1 BasicTerminology of Interval Probability

With respecto theintendedapplicationthewhole consideratioris restrictechere
to the caseof a nitely generatedalgebraA basedon a samplespaceW. Then,
withoutlossof generality Wis nite, andA isthepowersetof W= fwa;:::;wg.

To distinguishin terminology every probability measuran the usualsense,
i.e. every setfunction p( ) satisfyingKolmogoro/'s axiomsis calleda classical
probability. The setof all classicalprobabilitieson the measurablspace(W, A)
will bedenotedoy K (W A).

Axioms for interval-valuedprobabilitiesP( ) = [L( );U( )] canbe obtained
by looking at the relation betweenthe non-additve set-functionL( ) andU( )
andthe setof classicalprobabilitiesbeingin accordancavith them.On a nite
samplespace as consideredhroughoutthis paper several conceptsof intenal
probability coincide.They all areconcernedvith set-functions

P(): A! Zyg:=1f[L;U]jO L U 19
AT P(A) = [L(A);U(A)]

with
M=fp()2 KMWA)jLA) p(A) U(A);8A2Ag6 0: @)

and 9
inf p(A)=L(A) =
p()2M

sup p(A)=U(A) ;
p()2M

8A2 A: 8)

SuchP( ), andthe correspondingset functionsL( ) andU( ), are called lower
andupperprobability ([17]), ervelopes([34, 9]), cohereniprobability ([33]) and
F-probability ([37, 38, 39)). In the gametheoreticsettingM is the “core'. Here
Weichselbergesterminologyis usedcallingM structue. Notethat,by (8), there
is aone-to-onecorrespondenceetweerP( ) andthe structureM .
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Two-monotonecapacitieq[17], alsocalled supermodulacapacitieq[9]) or
corvex capacitieq[18]), aswell asbelief functions([28, 42]) arespecialcases.
More generalsetsof classicalprobabilitiesare obtainedby the theory of co-
herentprevisions([33]), i.e. by assigningnterval-valuedexpectationdEy, () :=
MEM ();YIEp ()] onasetK of randomvariableson (W, A). By the lower en-
velopetheorem([33, p.134]) andthe factthatclassicalexpectationandclassical
probabilitiesuniquelycorresponavith eachother, thede nition of coherencean
berewrittenin away similarto (8). SinceWalley [33] did not coin anamefor the
resultingsetof classicaprobabilities,it will be calledstructur, too.

The interval-valuedfunctionsor functionalsand the structureare dual con-
ceptsthey uniquelydeterminesachother Theresultsobtainedn this paperwill
begivenin termsof thestructure.

Many conceptsof classicalprobability theory can be generalizedappropri-
ately For decisionmakingthe notion of expectationis the mostimportantone.
Looking atthestructureM , oneway how to de ne expectatiorfor interval prob-
ability andhow to extendthefunctionallEy, to randomvariablesX 6K suggests
itself (seealsothe naturalextensionin [33]): GivenastructureM K (W A)

IEp X := HEyX;UYEyX = inf IEpX; sup IEpX 9)
p()2M p()2M

is the (interval-valued)expectationof X (with respecto F).*

3.2 GeneralizedExpectedLossand Risk

In this sectionthe decisionproblemasdescribedn the Introductionwill be an-
alyzedin the situationwherethe decisionmalker's knowledgeon the statesof
natureis ambiguous expressedoy a structureM of classicalprobabilitieson
(Q;Po(Q)). To focusthe argumentatioron the essentialdeas,it is assumedhat
the samplinginformationconsistsof classicaprobabilities®

The generalizatiorof the conceptof probability now allows to considergen-
eralizedprior probabilitiesdescribingthe decisionmalker's stateof knowledge.
With the notion of interval-valuedexpectationfrom (9) oneimmediatelyobtains
thebasicelementof ageneralizediecisiontheory:

De nition 1 Considerthe basicdecisionproblem(IA;Q;l()), a structue M
K (Q; Po(Q)), andasamplenformation(X; Po(X); (ps( ))s20). For every(ran-
domizedaction)| 2 L(IA), andeverydecisionfunctiond 2 ID; the expectations

4An alternatve way to de ne expectationfor non-additve setfunctionsis the Choquetintegral
(or fuzzyintegral) (c.f., e.g.,[9]). For the caseof two-monotoneandtotally monotonecapacitiedoth
notionsareequialent(cf., e.g.,[9, Prop.10.3,p. 126]). Therefore the resultsdevelopedbelon are
thenvalid for the Choquetintegral, too.

5Thewholeframawork canbe extendedo imprecisesampleinformationwithout substantiadlif -
culties(cf., alsothebrief outlinein [1]).
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IEp I(1') andIEy R(d) are the generalizedxpectedossandthe generalizedx-
pectedisk (with respecto theprior informationM ), respectively

NotethatlEy, I(1 ) andIEy, R(d) areinterval-valuedguantitiesIn mostcases,
comparingthe generalizedxpectedossof actionsdirectly will leadonly to par
tial orderingson IA andL (IA). If alinear (complete)orderingof actionsis de-
sired,anappropriateepresentatioris neededThis is amappingfrom IR IR to
IR which evaluatesntervalsby realnumbergo usethe naturalorderingon IR for
distinguishingoptimalactions.

Expressinghe probabilisticknowledgeby a structuremeansthat inside the
structurethereis completeignorance:none of the elementsof the structureis
‘morelikely' thananotherone.Thereforeseveralauthorg(seetheliteraturecited
below) suggestetb apply themaximincriterionto thestructure'.Thentheinterval-
valuedexpectationsrerepresentetly theupperinterval limit alone Accordingly,
anactionl oradecisionfunctiond is optimaliff

UEM(I(1 ) YIEm(I(1)); 8 2 L(IA): (10)

and
YEpm (R(D))  YIEm(R(d); 8d2ID; (11)

respectiely. The criterion (10) correspondsamongothers,to the Maxmin ex-
pectedutility model([15]) andto the MaxEMin criterion consideredy Ko er
and Menges([21]; cf. also[20] andthe referencegherein)).(11) is alsocalled
Gamma-Minimaxprinciple (e.g.[4, Section4.7.6],[39). Thesecriteriawill be
usedin this papertoo®

Remark 2 It shouldbe notedthat the criterion consideedhere containsthe two
main classicaldecisioncriteria as border cases:If there is perfectprobabilistic
informationandtherefore no ambiguity thenM consistsof onesingleclassical
prior probability p() only; (10) and (11) coincidewith Bayesoptimality with
respecto p( ). Ontheotherhand,in the caseof completelyacking information,
the prior informationconsistsof all classicalprobabilitieson (Q; Po(Q) (‘non-
selectve' or 'vacuous'prior). Thenit is easilyderivedthat

VIEy (1(1)) = J_zfr?;:i:r:];rT]gl(cl;JJ-) and YIEy (R(d)) = jzfr?ﬁme(d;Jj);

and(10) aswell as(11) leadto theminimaxcriterion.

6This is done,however, without claimingthatthis is the only appropriatechoice.Indeed already
in the seminalpaperby Ellsbeg [11] therearestrongargumentsor additionallytaking into account
othercriteria.A corvenientandneverthelesse xible choiceis alinearcombinatiorof lowerandupper
limits (compareeg.qg.,with [11, p. 664],[18],[40], [39, Ch.2.6]).
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4 Robust BayesianAnalysis and GeneralizedBayes
Rule

4.1 Posterior LossAnalysis

The searchfor a decisionfunctionis much more costly thanthe calculationof
optimalactions.Therefore anaturalattempto solve (11) reliesontheideaof the
maintheoremof Bayesiandecisiontheory(comparePropositionl): afterhaving
obsened f xg, calculatethe (now imprecise)posteriorto updatethe imprecise
prior, andthendeterminghe actionminimizing posterioross.

Before discussingpropertiesof this way to proceedin detail, the informal
descriptionjust givenhasto be madeprecise:

De nition 2 Considerthe basicdecisionproblem(IA;Q;l()), a structue M
K(Q;Po(Q)), and a sampleinformation (X; Po(X);(ps())J20). Assumehat
p(fJg)>0;812Q; 82 M.

i) Then,for everyx2 X, call
Mix=fp(jxjp2 Mg (12)
theimpreciseposteriorgivenx, andl 2 L(1A) with
YEM jx(1(1 :37)  YEwm jx(1(1:3))); 81 2L(1A);  (13)

an optimal actionwith respecto the posteriorossgivenx.’

action J(xs) is optimal with respecto the posteriorlossgivenxs, is called
posteriodossoptimal decisionfunction.

The impreciseposteriorfrom (12) is the main tool in robust Bayesiananalysis
(e.g.,[35]), andits useis understoodasself-evidentin thedecisiontheoretiowork

basedon the theory of linear partial information ([21] and subsequentvork).

Moreover, a strongjusti cation is provided by Walley's [33] theory The cal-

culationof M, is equivalentto applying his generalizedBayesrule, which is

thoroughlyderivedfrom generalaxiomson coherenupdating(cf. [33]). And in-

deed next to its intuitive plausibility — working with the impreciseposterior
hasmary further appealingproperties.For instance,it is a vivid tool to re ect

prior-datacon ict ([33, p.6]) andit is naturally appliedin successie updating
wherethe impreciseposteriorsenesasanimpreciseprior, onceadditionaldata
areavailable®

"Vidakovic [32] calls suchoptimaconditionalGamma-Minimassolutions.
8See however, [41, Section6].
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4.2 Suboptimality of Posterior Loss Optimal Decision Func-
tions

Thoughthis procedureseemsgo suggesttself, it must,however, be notedthatits
decisiontheoreticfoundationis lost. As hasto be discussedcere,the decision
functionconstructe@longthelinesof Partii) of De nition 2 maybesuboptimal
with respecto thecriterion(11).

A very simplecounterg&amplecanbe obtainedfrom a bordercase:Consider
thevacuousgrior informationK (Q; Po(Q)). Then,independentf x, alsotheim-
preciseposterioris vacuous. Usingit asthe “updatedprior' yields, for every x,
accordingto Remark2, the maximin solutionl ™™ of the basicdecisionproblem
astheoptimalrandomizedction.In contrastthe optimal decisionfunctioncoin-
cideswith the maximin decisionfunctiond™"( ) of the dataproblem.Typically,

countergamplescanbe obtained for instanceby consideringsituations where
the posteriomprobabilitiesaredilated(for this phenomenosee31, 36]).

Therelationto minimaxsolutionsgoesfar beyondthe bordercasecountere-
amplejust given. Indeed,the following representatiotheoremeven shows that
optimal actionsin the senseof (10) andoptimal decisionfunctionsaccordingto
(11) are minimaxsolutions(in a differentdecisionproblem,wherethe structure
senesasthe setof statesof nature)— exceptin the caseof classicalprobabil-
ity wherethe structureconsistsof a single elementonly. Therefore the optimal
solutionmustshareall the (un)pleasanpropertiesof minimax solutions,andso
areductionof the dataproblemto smallerbasicdecisionproblemscannotbe ex-
pected;the equivalenceof optimality with respectto posteriorlossandto prior
risk hasto begivenup 1°

Theorem 1 (RepresentationTheorem) Consider the basic decision problem
(IA;Q;1()), the prior structue M K (Q;Po(Q)), and a sampleinformation
(X;Po(X);(ps())2q). Thenthefollowing equivalencesold:

i) Anactionl is optimalwith respecto the criterion (10), iff it is minimax
actionin thebasicdecisionproblem(L (IA); M ;1()) with
It (Lga) M) 1 IR

(:p) oI p) =R I):

if) A decisionfunctiond () is optimal with respectto the criterion (11), iff
d () is minimaxsolutionin the basicdecisionproblem(D;M ; R()) with

R: (D M) ! R
(dip) 7' R(d;p) = IEp(R(d;J)):
9See for instance[33, p.308].

10For the samereasoralsothe essentiatompletenessf unrandomizedctions known from clas-
sicalBayesiartheory is nolongervalid.
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Sletch of the proof: For Parti) readthecriterion (10)
max, yam [Ep(1(1;3)) I min

from the viewpoint of the minimax criterion (4), whereQ hasbeenreplacedby M . To
shaw Partii), analogouslyewrite (11) in thelight of (5).

Thebasicideaof thistheorems similarto Schneweil3' [27] representationf
abasicdecisionproblem.A closerstudyof the proof shavsthatthis theoremcan
alsobe directly extendedto imprecisesampleinformationandto the Hurwicz-
like optimality criteria brie y mentionedin Footnote6. Moreover, the fact that
in this representationhe structureM now senesasthe setof statesof nature
provides straightforwardly a framework for decisionmaking with secondorder
probabilities:in this setting,a prior weighingthe statesof natureis nothingbut a
seconcbrderdistribution.

5 Concluding Remarks

The papershavedthat,for impreciseprobability, optimality with respecto prior
risk andto posteriodossneednolongercoincide.Decisionfunctionsconstructed
by collecting, for every potentialobsenation x 2 X, the optimal actionsgiven
the correspondingmpreciseposteriorstructuremay have higher risk thanthe
directsolutionto (11). Fromthe computationapoint of view this meanghat,in
orderto calculatethe risk minimizing solution, the reductionto small, easyto
solve basicdecisionproblemswhich is characteristidor the Bayesiarapproach
in theclassicabetting,is notpossiblearny more;it is indispensabléo gothecostly
way, fraughtwith dif culty , viatheoptimaldecisionfunction Ef cient algorithms
solving this challengein contets of optimal designandtestingare provided by
FandomNoubiapandSeidel[12, 13]. Augustin[1, 3] givesa generalalgorithm
whichis, in principle,applicableto arbitrarydecisionproblemson nite spaces.
Concerningthe foundationsof statisticsit is remarkablethat, in the areaof
impreciseprobabilities the intensive debatebetweernfrequentistandBayesians
on topicslike counteractualeffects andthe principle of conditionality obtains
new importanceShouldinferencebebasednly ontheconcreteobsenationx, or
shouldonetake all potentialobserationsx 2 X into accountj.e.,evaluatethede-
cisionfunctionasawhole?Therearesoundargumentgor bothviews and,quite
evidently, theauthoris nottheoneto decidethequestiorde nitely. But, atleast,it
canbesaidthatoneshouldbeawareof thefactthatin theareaof impreciseproba-
bility, in contrasto classicatheory now the standpoinmattersjt mayin uence
the resultssubstantially The impreciseposteriordoesno longer containall the
relevantinformationto produceoptimaldecisionsinferenceanddecisiondo not
coincideary more— just asin every day life, thereis a differencebetweenac-
cumulatingasmuchinformationaspossible(inferenceandupdatingknowledge)
and making optimal decisions.This may leadto a numberof paradoes,since
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statisticiansup to now have beenusedto phraseestimatingandtestingproblems
equivalentlyasinferenceaswell asdecisionproblems.

Importantfurther insightsinto the topic shouldarisefrom a deeperunder
standingof therelationshipbetweertheresultobtainechereandthephenomenon
of dilationin conditioningimpreciseprobabilitiesasdescribedy Seidenfeldand
Wassermaf31] andWassermaandSeidenfeld36]. Thereshouldalsobeaclose
andilluminating connectiorto Jafray's [19] obsenationson sequentiatiecision
making,andto Seidenfelds paper([29]) on incoherencdn sequentiadecision
makingwhenpreferencesail theindependencaxiom!

Furtherresearchmay alsoattemptat reconcilingthe conditionalandthe so-
to-sayglobalpoint of view, themoreasthe debateon appropriatelyde ning con-
ditionalimpreciseprobabilitiesis farfrom beingclosed An increasinghumberof
resultssupportsthe ideathat thereshouldbe a symbiosisof several conceptsof
conditionalinterval probability ([10, 16, 41] andthe referencegrovidedthere.).
Theremay be somehopeto nd a notion of conditionalprobability or a mean-
ingful optimality criterion underwhich bothwaysto proceecdcoincide.ln sucha
settingtherewould be unanimityon the meaningof termslik e “updating', infer-
ence'and optimal decisionmaking', becauseahen,andonly then,the posterior
would containall therelevantinformationfor decisionmaking.
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