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Abstract

We analyzecommunicatiorof uncertaintyamongndividualsasafunctionof
the parties'preferencdor modesof communicationWe assumehatdiffer-
entindividualsmay preferpreciseNumericalprobabilities Rangsof proba-
bilities or Verbal descriptionf probabilities andconsiderall possiblepair
ings of communicatorsand recevers underthis classi cation. We propose
a generalcriterion of optimal conversionamongthe variousmodalities,de-
scribeseveralinstantiationdailoredto t the specialfeaturesof the various
modalitiesandillustratetheef cacy of theproposegroceduresvith empir
ical resultsfrom severalexperiments.
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1 Intr oduction

Considera situationwheretwo individualscommunicateboutstochastievents.
The two are equallyinterestedand motivatedto communicateasef ciently and
preciselyas possible.This paperis concernedvith procedureshat canbe em-
ployedto addresghe individuals' differentpreference$or modality of commu-
nicating probabilisticopinions. Although mary decisionanalystsand orthodox
Bayesiansonsiderprecisenumericalprobabilitiesto be the languageof uncer
tainty, mary people(laymanandexperts,alike) preferto useprobability phrases
(e.g.review by BudescuandWallsten[6]) or otherimprecisevariantsof probabil-
ity. In this papemwe proposevaysto achievethehighestpossibldevel of accurag
in communicatiorwhile accommodatingheseindividual preferences.
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1.1 Reasondor preferencesof speci c communication modes

Spontaneoupreferencefor oneparticularmodemaybedueto severalfactors:

The perceved nature of the uncertaintyto be communicatedBudescuand
Wallsten[6] have speculatedandOlsonandBudescy14] have documenteém-
pirically thatmostindividuals preferto useprecisenumericalestimatego com-
municateuncertaintyaboutrepeatedeventswith aleatoryuncertainty but tend
to usemoreimprecisemethodsvhencommunicatinghe probabilitiesof unique
eventswith epistemicuncertainty

Thepercevedstrengthof theavailableinformation-Theresponses the sur
vey conductedy Wallsten,BudescuZwick, andKemp[18], indicatethatpeople
would gravitate towardsmore precisemodesof communicationif they perceve
theavailableinformationto be rmer, reliableandvalid.

The persons role in the communicatiorin the samesurwey Wallstenet al.
[18] have found that mostpeoplepreferto useimprecisetermswhenthey com-
municateto others but preferothersto communicatego themin preciseterms,if
possible(seealso,BrunandTeigen[2] andErev andCohen[8]).

In additionto thesesystematidactors,preferencesnay be dueto plain in-
dividual differencesthat re ect one's lifetime experiencesn dealingwith, and
communicatinguncertainties.

1.2 The problem

Theneedio communicatgrobabilitiesarisesn avarietyof situationsA common
caseis whenboth individualshave prior opinions,have accesgo somerelevant
(possiblyoverlapping)information,andwish to exchangenformationto further
re ne theirrespectie estimatesln thissymmetricasehedesignatiorof commu-
nicatorandrecever is arbitrary asthetwo individualscanactin both capacities.
For example think of two friendswhotalk aboutthechance®f theirfavoriteteam
to win agame.Theotherprototypicalcaseinvolvesasymmetricommunication:
only oneindividual, the Forecaste(F for short),hasaccesgo, or possessethe
necessargxpertiseto make senseof, therelevantinformationfor the probability
estimation.The secondndividual, the DecisionMaker (or DM) need€o make a
choiceor decisionon the basisof the F's estimateandwithoutthebene t of his,
or her, own probability assessmenEor example,think of aninvestor(the DM)
who getsfrom his, or her, favorite nancial advisorestimateof the likelihood
thatcertaininvestmenpolicieswill succeed.

The two situationsare similar in mary respectdut the formeris morecom-
plex becausa completeanalysisshouldtake into accounthe processethatgov-
ern the combinationof one's own opinionswith estimatesobtainedform oth-
ers(Yani andKleinbemger[19]). To simplify the analysiswe will focuson the
secondcase.In the samespirit, we will not considerthe casewhereone needs
to aggregatemultiple forecastdrom varioussourceqBudescuRantilla, Yu and
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Karelitz [5], Wallsten,BudescuandTsao[17]).

To summarizewe analyzean asymmetricdyadic communicationsituation
whereoneF andoneDM sharea commoninterestin optimizingcommunication,
but they may have different preferencedgor modality of communicatingproba-
bilistic opinions.

1.3 A typology of communication preferencesin a dyad

We distinguishbetweerthreemodesf communicationprecisgpoint) Numerical
probability estimatege.qg.,0.45), preciseRangesof numericalvalues(e.g.,0.3-
0.55),andVerbalphrasege.g.,goodchance)Rangeswith preciseendpointsex-
cludeimplicit vaguerangessuchas”in the forties” or "at least0.80”, but such
expressionganbeanalyzedasverbalterms.

Thethreemodescanbe ranked from the mostprecise(N) to the mostvague
(V). In fact, the more precisemodescan be representecs specialcasesf the
morevaguemodesclearlyanN is anR wherethelowerandupperlimit coincide,
andwe will show laterhow N andR canbe viewed asspecialcasesf V under
a particularrepresentatiorof the probability phrasesThis typology implies 9
distinct dyadic patternsof dyadicpreferencegor modesof communicatiorthat
will bedenotedby orderedpairs,wherethe rst charactein thepair refersto the
F's preference.

2 Thetranslation process

The problemwe wish to addresds deceptvely simple— How to bestcorvert a
judgmentoriginally expressedn the F's favorite responsenode(N, R or V), to
anestimaten the DM' s favorite mode(N, R or V).

Thecriterion of optimalityis thelevel of (dis)similaritybetweertheF's judg-
mentstranslatednto the DM's favorite mode,andthe DM's spontaneougand
independentjudgmentsf the sameeventsin his, or her, favorite mode.For ex-
ample,assumeahatthe F prefersnumbersandthe DM prefersverbalterms(i.e.,
an[N,V] dyad).If bothhadthe sameprior probability distribution andcould ac-
cesghesamenformationpertainingto thetargetevent, X;, their spontaneouand
independenjudgmentsvould beng (%), andvpm (%), respectiely.

Any mappingof theF's spontaneougidgmentinto theDM' sfavorite commu-
nicationmodeis atranslation For example vpm[ng (X)] is theverbaltranslation
of theF's original numericaljudgmentsAn optimaltranslationis onethatmaxi-
mizesthe similarity betweerthetranslationof the F'sterminto the DM' s favorite
mode,andthe DM's spontaneougidgmentof the targetevent (assuminche/she
hasthesamepriorsandcouldaccesshe sameinformation).

Note that (dis)similarity is measuredn the scaleof the target modality (i.e.,
theonethatis favoredby the DM), soit alwaysrelieson commeasurablenitsor
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entities.On the otherhand,theseentitiesvary asa function of the DM's favorite
modality. Next we describesomesensiblechoicesfor the dissimilarity metrics.
Ourgoalin thispapelis to provide ageneraframework for thetranslatiorprocess
andillustratethe feasibility of the approachWe make no claim of optimality, or
uniquenessnbehalfof thesechoicesandrealizethatothermetricscouldbeused
in this context.

Dissimilarity betweentwo numbersnpy andng, is de ned asthe distance
betweerthem:

DS\fnpm;NEg= jrpm  NEj: Q)

Dissimilarity betweertwo rangesrpw andrg, is afunctionof theirrespectre
lengths,andtheir overlap.Considertwo rangesy1 (rangingfrom |1 to ul) and
r2 (from 12 to u2). Thewidth of the rangeover which thetwo overlapis OVi, =
Maxt 0;[Min(ul;u2) Max(11;12)]g, andthe joint rangeof valuesthey spanis
JR12 = [Max(u1;u2) Min(11;12)]. We de ne the dissimilarity betweerthe two
rangesas:

DSfrom;rFg= JRomr  OVowmir: 3]

This measuras zeroif, andonly if, thetwo rangescoincide.For ary pair of
rangesrpm andrg, theindex is maximalwhenthey aredisjoint.

Dissimilarity betweentwo verbalterms,vpy andvg, is de ned in the con-
text of a particularrepresentationf suchphrasesWallsten,BudescuRapoport,
Zwick, andForsyth[16] suggestethatprobabilityphrasesrefuzzy conceptand
proposedusing MembershipFunctions(MFs) over the [0; 1] probability interval
torepresentheirvaguemeaninggseeZadeh20]). A phrasesMF assigngo each
probabilityarealnumberthatrepresentshe (non-neyative) degreeof its member
shipin the conceptde ned by the phrase ThesevaluesarescaledbetweerD and
1 (Norwich and Turksen[13]), suchthatmembership®f O denoteprobabilities
thatareabsolutelynotin the conceptandmembershipsf 1 denoteelementghat
areperfectexemplarsof theconceptAll otherpositive valuesrepreseninterme-
diatedegreesof membershipMFs canbeestimatedlirectly (non-parametrically)
basedon the participants'direct or indirect judgments(seeBudescuand Wall-
sten[6], Wallstenetal.[16]). Alternatively, onecant MF usingspeci c families
of functions,suchaspolynomials(BudescuKarelitzandWallsten[4]), or trape-
zoidalfunctions.

Let pypy, (P) and e (p) be the MFs representinghe two words beingcom-
pared.Thesimilarity betweerthetwo wordsshouldre ect theclosenesbetween
theirrespectre MFs. Therearemary possiblesingle-\aluedindicesof closeness
betweenthe two functions(seereview by Zwick, Carlstein,and Budescu21]),
andwewill only list two of themhere(thesearenot necessarilynonotonicallyre-
lated).The rst measuras thetotal absolutedistancebetweerthe two functions.
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Formally, we canwrite®:
Z,
DS, fvom;Vrg = - Oj Hom(P) Ky (P)idp: 3)

Thesecondndex is thedistancebetweerthe peaksof thetwo functions.Assume
thatbothpy,,, (p) andpy (p) aresinglepealed(seeBudescuandWallsten[6] on
this point). Let p(v) be the probability (or the centerof the rangeof probabili-
ties) at which the function p,(p) reachests maximalvalue.We de ne, a second
measuref dissimilarityas:

DS, fvom;Vrg = jp(vom)  P(Vr)j: (4)

2.1 Generalcommentson the measuesof dissimilarity

The variousmeasuresnay appearat rst glanceto be unrelatedand,somevhat
arbitrary soafew commentsandclari cations arein order First,we shouldpoint
outthatall thedissimilarityindicesaredistancesin all caseghey assigrto every
pair of (N,R or V) judgmentsa non-ngyative real number(DS= 0 only if the
two membersof the pair areidentical). The measuresre symmetric,satisfythe
triangleinequalityandinduceaweakorderover all pairs.

Onecouldinvoke othermetricsfor thesecomparisonsA particularlyelegant
approachwould be to usethe samemetric for all modalities.Technically this
is feasiblesince numberscan be representedby point MFs (membershipof 0
everywhereand1 for the chosemumber)andrangescanberepresentety at
MFs (membershipf O everywhereoutside,and1 everywherewithin the chosen
range),and treatedin the samefashionas the MFs obtainedfor verbalterms.
However, we believe that the metricsidenti ed above are bettersuitedfor our
purposedecausehey aremorein line with the particularlevel of (im)precision
implied by thethreemodalities.

The lastcommentis subtler Our de nition of similarity relieson a counter
factualscenariothat givesrise to a hypotheticalentity - the DM's spontaneous
judgmentof the target eventif he, or she,hadthe sameprior probability distri-
bution and could accesghe sameinformationthat was usedby the F as a ba-
sis for his/herjudgment.Strictly speakingthis de nition is meaningfulonly in
thosecasesvhereit makessensdo assumehatapersonsjudgmentependsnly
on the speci c informationpresentedThis implies that the relevantinformation
is unambiguousand doesnot lend itself to different(subjectve) interpretations.
In otherwords,the obsened variability amongprobabilitiesassignedo a target
eventby differentindividualscanbe attributedsolelyto differentresponsestyles
and/orrandomfactorswithin the judges.This formulation makes perfectsense

1In mostempirical applicationsthe MFs are approximatecby a setof n pointsover [0;1], so a
discreteversionof this measureanbe usedto approximatet.
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for repeatablendexchangeablevents,but not for uniqgueeventswheresubjec-
tive probabilitiesrely on internal epistemicuncertaintythat canvary systemati-
cally acrossindividuals. (Ariely, Au, Bender BudescuDietz, Gu, Wallstenand
Zaubermar1] andWallsten,Budescufrev andDiederich[15], discussvarious
facetsof this key distinction).

For example,it is quite unlikely thatif we wereto presentanti-smokingac-
tivists and tobaccolobbyistswith the resultsof a new study on the effects of
second-han@moking,they would agreein their estimationof the probabilities
that second-handmoking has seriouspublic health consequenced he differ-
enceshetweertheir estimatesvould re ect (a) their differentprior probabilities,
and(b) their differentialassessmertf the quality, reliability andvalidity of the
new data.Clearly, no translationmethodcanbe expectedto reconciledisagree-
mentsof this type. Despitetheseirreconcilabledifferencesn their opinions,we
canstill take advantageof optimal translationschemeslerived for variouspairs
of communicatordasedon their judgmentsof a standardset of exchangeable
events.Whenthesetranslationrmethodsareappliedthey canreducethe effect of
othersourcef variability amongthe participantsandprovide the mostaccurate
representatiorof the F's assessmerih the DM's favorite communicatiormode
whereaccurag is measuredby oneof thedissimilaritymetricsdiscusse@bove.

2.2 Methods of translation

We returnnow to our original questionhow to bestcorvertajudgmentoriginally
expressedn the F's favorite responsenode (N, R or V), to an estimatein the
DM'sfavorite mode(N, R or V). Beforewe discusgranslationschemegor each
of the 9 casesit makessensdo classifytheminto threedistinctgroups:

Commormmodalities- In threecaseg[N,N], [R,R] and[V,V]) bothindividuals
sharea commonpreferencdor modeof communicationso thereis no needto
worry aboutdifferentialprecision.Corversionsmay be employedto accountfor
inter-personabifferencesn theway therelevanttermsarechoserandused.

Resolvingrzagueness In threecaseg[R,N], [V,R] and[V,N]) theDM prefers
amoreprecisemodeof communicatiorthantheF. Thus,thechallengésto nd a
translationthatresohesthe vaguenesanplicit in the F's judgmentto achieve the
higherlevel of precisionrequiredby the DM.

Imputingvagueness In the otherthreecaseg|N,R], [N,V] and[R,V]) the
DM prefersamorevaguemodeof communicatiorthantheF. Thus,thechallenge
isto nd atranslationthatreplaceghe precisionimplicit in the F's judgmentto
re ect thehigherlevel of vaguenessxpectedoy the DM.

We will discussthe three classesseparatelyln eachcasewe describeand
justify a translationmethoddesignedo optimize our statedgoal and,whenap-
propriate,we review anddiscussrelevantresultsfrom several empirical studies
thataredescribedn the next section.
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2.3 Thedata

Overthe lasttwo yearswe have conductedour experimentsdesignedo testthe
ef cacy andaccurag of varioustranslationmethodsof probability phrasegV).

The studiesvary in mary speci ¢ details (Budescuand Karelitz [3] and Kare-
litz andBudescUy11]) but they sharea setof commonfeaturesthatallow usto

analyzesomeof their resultsjointly. Thefocusonthe N andV responsess nei-

theraccidentalnor arbitrary Subjectsrarely communicateheir probabilitiesby

meansof rangeseven whenofferedthe opportunity(e.g.referencesn Budescu
andWallsten[6]). For example,in one of the studiesanalyzedbelov whenthis
optionwaspresentjt wasusedin lessthat 7.5% of the casesThus,we will not
presentary empiricalresultsconcerningranslationsnvolving Rs.

Thefour studiesnvolvedatotal of 128individuals(all studentsatthe Univer-
sity of lllinois in UrbanaChampaignandmostof themnative Englishspealers’).
All the experimentswere computercontrolled,andincludedthe following three
tasksy(1) Selectiorof apersonalerbalprobabilitylexiconincluding5-11phrases
(In afew casesome or all, the phrasesvereselectedy the experimenterbased
onpreviousresearch)(2) Elicitationof MFsfor all thephrasesand(3) Numerical
andverbalestimationof probabilitiesof a commonsetof events.

Subjectscreatedheir lists by selectingcombinationsof wordsand semantic
operatorgmodi ers, intensi ers, etc.)from two lists, or typing in phrasesThey
wereinstructedto selectphraseghat spanthe whole probability range,andthey
tendto useregularly. Membershipfunctionswere elicited usinga methodvali-
datedby Budesctietal. [4]. Eachphrasevaspresentedvith asetof elevenproba-
bilities rangingfrom 0 to 1 in increment®f 0:1. Thesubjectjudgedthedegreeto
which thetarget phrasecapturedhe intendedmeaningof eachof the elevennu-
mericalprobabilitiesby usingaboundedscale anchoredy theterms'notat all'
and'absolutely. In thelasttask,theparticipantsawv a seriesof circular, partially
shadedfamets.Their taskwasto assesshe likelihoodthat a dart, aimedat the
centerof thetarget,would hit the shadedarea.The shadedareasvariedfrom one
trial to anotherandcoveredthe full (0,1) range.On separatg@resentationthese
probabilitieswere judgednumerically (by selectingone value from a list of 21
probabilities rangingfrom 0 to 1 in incrementf 0:05), or verballyby selecting
(in somecaseaupto four) phrasedgrom their lexicons.

2.4 Common modalities

[N,N] Thisis the”gold standard’caseof BayesiardecisionanalysisPre-
sumablynumbersare universaland everyoneunderstandsinterpretsand uses
themin identicalfashion.Thereforenotransformations required Thereis, how-
ever, evidencethatpeoples mappingof their internalfeelingsof uncertaintyinto

20Oneof thestudieswasconcernedhith translatiorof probabilityphrasescrosdanguagesndwe
recruitednative speakrsof French,German SpanishRussiarandTurkish.
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numberds imperfect.In particulay mostpeopleover-(under) estimatdow(high)

probabilities(e.g. referencesn Erev, Wallstenand Budescy[9]), andit is con-

ceivablethat thereare systematiaifferencedn the degreeto which individuals
tendto avoid (or favor) the extremevalues.In principle, onecould quantify this

tendeng and apply appropriatestretching (or contracting) transformationsTo

illustratethis point considemultiple judges(1; 2;:::; j; j®:::;J) whojudgeaset
of stochastievents(1;2;:::;i;:::;1). Assumethat: (1) All judgeshave accesso

the sameamountof information,implying thatdifferencesn theirjudgmentsare
due only to (a) differencesin their use of the responsescalesand (b) random
components(2) All judgesspontaneouslyecognizeeventsthat areimpossible
(probability= 0), certain(probability= 1), andaslik ely asnot (probability= 0:5).

(3) Assumean”ideal judge” who is perfectlycalibrated(no biases)andaccurate
(norandomcomponent) Thushis/herjudgments p1; p2;::: pi, coincidewith the

events'”objective probabilities”.

The probability assignedy judgej to eventi is denotedby pij, andcanbe
expressedsafunctionof theobjective probability, pj, his/herbiasparameteraj,
andtherandomcomponentg;; which we assumas distributedwith pe = 0 and
(nite) se. We usea variationof Karmarkars [10] model,thatassumeshatthe
logit of the judgedprobabilitiesis a linearfunction of the logit of their objective
counterparts:

Pl =aj Log 7P < +e (5)
(1 pij) . 1 ) :

Individualdifferencedetweerjudgesarecapturedy theparametea j, which
is boundedrom below by 0 (whenall eventsareassignedh probability of 0:5).
An unbiasediudge shouldhave an a; of 1, but we expectthat mostindividu-
alswould have parameterbetweerD and1 thatareconsistentvith theregressie
modeldescribedbore.We usedaleast-squaregrocedurego estimateheindivid-
ual parametgra j, in model5. Themodel ts thedatawell for almostall subjects
(medianR? = 0:98, medianMSE = 0:13). The distribution of the individual pa-
rametersnatchesour expectations64 values(50%) are between0:55 and 0:98,
45 participants(35:2%) are almostperfectly calibrated(0:99 a; 1:01),and
only 19individuals(14:8%) have parametersaluesabove 1. To verify thatthese
differencese ect systematiéndividual differencesatherthanpurerandomerror,
we performedwo additionalanalysesfa) we comparedheseresultswith amodel
wherethe parametera j, wasconstrainedo be 1 (thusthe modelincludesonly
randomerror). A comparisorof the two modelsin termsof Rgd- favors slightly
the tted model. Themodaldifference(34% of the cases)s 0, but thereis a clear
majority (43%vs. 23%) of caseswvherethe tted model ts better(meandiffer-
encein t =0:02),evenafterwe accounfor its extraparameterSigni cancetests
comparinghe t of thetwo models(separatelyor eachsubjectyevealedhatthis
differencesvassigni cant atthetraditional0:05 level, for 25:2% of the subjects.
(b) We re-analyzedwo of thestudiesin which all subjectgudgedall thedisplays

Log
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twice, so we could obtaintwo estimatesof the parameteraj, for eachperson.
In both studies(involving a total of 55 subjects)the between-subjectgariance
componentvas considerablylarger than the within-subjectcomponent(in fact
thewithin-subjectcomponentvasnot signi cantly greaterthen0).

In principle,onecouldconvertnumericalestimate$rom onepersorto another
in anoptimalfashionby applyingsimplestretching(contracting)transformation
basednthe estimate®f theindividual parametersaj, aj 0
[R,R] The useof preciserangednsteadof simplepoint estimatese ects
one'spercevedlevel of imprecisionin his or herestimateof the probability of the
targetevent.Clearly theargumentsnvokedin the[N,N] caseregardingthenature
of the numbersapply hereaswell. This would suggesthat no transformations
areindicated.lt is concevable,however, thatthereare systematidifferencesn
the degreeof imprecisionperceved by differentindividuals andthis would in-
ducesystematidifferencesn thewidthsof their rangesOnecould quantify this
tendeng andapply appropriatémprecisionequatingtransformations.

[V.,V] This situationis, probably the mostinterestingandit hasbeenthe
focus of much of our recentresearchThis caseis qualitatively differentfrom

the previoustwo for severalreasonsThereis alarge literatureindicatingthat (a)
spontaneouslypeopletendto usehighly differentand diverselexicons,and (b)

thenumericalmeaninggaswell asotherformsof representatiordssociateavith

thesewords vary dramaticallyacrosspeople(e.g.review in Budescuand Wall-

sten[6]). Thus,onecannotassumehateveryoneis equallycomfortablewith, or

interpretsidenticallytermssuchas”likely’, "poor chancé, etc.For this casewe

adwocatethe following multi-stageprocedurehatis sensitive to theseempirical
ndings: (a) eachparticipantselectshis/herown subjective lexicon; (b) MFs are
elicited for all the termsin the list; (c) the MFs of the words selectedcby the F

andthe DM areplacedon a commonprobability scaleand are matchedaccord-
ing to the criterion of choice(DS,, or DS,,). Occasionallythis proceduredoes
not yield a uniquesolution,i.e., one of the F's words can be translatedequally
well into several of the DM's words.Of course all thesewordsareequallyvalid

translationof the F's judgment.If practicalconsiderationgreventone-to-mag

translationspne of them can be selectedrandomly (or by someother sensible
tie-breakingprocedure).

We have donequite a lot of empiricalwork documentinghe ef cacy of this
approach(Karelitz and Budescu[11], Karelitz, Dhami, Budescu,and Wallsten
[12]). In eachof our studieswe comparedhe level of agreemenin assignment
of verbalphrasego the sameeventsamongnumerouspairsof distinctindividu-
als.We hypothesizedhatthe lowestlevel of agreementvould be obsenedwith
spontaneou@un-aided)verbaldiscourseandthe bestlevel of agreementvould
be foundin the caseof numericalcommunicationMost importantly we expect
thatcommunicatiorwith corvertedphrasesvould be superiorto un-aidedverbal
communicationandcloserin quality to the numericalcase.To quantifythelevel
of interpersonabgreemenive de ned two indicesof co-assignmeniVe usetwo
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measuredpecausesomeof the eventswere judgedmorethanonceandyielded
differentresponse$rom the subjects Both measuresangefrom 0 to 1 (higher
valuesindicate strongeragreement)and can be interpretedas measure®f the
accurag of inter-personatommunicatiorof impreciseopinions.

PIA - Proportionof I denticalAssignmentsthe proportionof comparisonsvhere
bothparticipantsassignedhe samephraseo agivenevent.

PMA - Proportionof Minimal Agreement the proportionof stimuli for which
bothparticipantsaassignedt leastone commonphraseo a givenevent.

In theinterestof brevity we only reportresultsbasecn PIA, whichis amore
stringentmeasurghanPMA (PIA  PMA) becausét weighsthe agreemenby
the numberof comparisonsnade(The PMA resultsarevery similar in a quali-
tative sense)Table 1 summarizesheresultsof 4 studies(detailsin Karelitzand
Budescy11]). Eachcell presentghe mean(and SD) PIA in thevariousmodes,
andacrossll pairsof subjectsanalyzed.

Tablel: Summaryof agreemenindicesfrom 4 studies

TranslationCriterion
Study | No. of VJ: Unaided DS, DS, NJ: Unaided
pairs  VerbalJudgments (Eg. 3) (Eq. 4) NumericalJudgments
1 306 0.05(0.03) 0.23(0.12) 0.22(0.10) 0.29(0.07)
2 90 0.04(0.04) 0.22(0.11) 0.19(0.09) 0.36(0.09)
3 86 0.04(0.07) 0.35(0.16) 0.35(0.16) 0.40(0.15)
4* 509 0.06(0.09) 0.34(0.15) 0.35(0.14) 0.40(0.13)

* Experiment4 involvestranslationof wordsacrossvariouslanguagesVJ is basedof the subjects’
spontaneousanslationof wordsfrom their native languageso English.

Theresultsclearly supportour predictionsunaidedvJ hadthe lowestvalues
for bothindicesin all thestudiesandNJhadthelargestvalues.Thetwo translation
criteriaclearly outperformedhe unaidedverbalcommunicatios.

2.5 Resolvingvagueness

[R,N] In principle, ary sensiblepersonshouldbe ableto infer a singleN
value from his/herpartnerrangewithout invoking ary translationschemeThe
individual differencesliscussedn the[N,N] and[R,R] casesapply hereaswell.
In principle,onecouldimprove the quality of communicatiorby (a) inferringthe
F's bestguesqpresumablythe centerof thereportedrange)and,if necessaryb)
applyingthe appropriatestretching (or contracting)transformation

[V.N] Recallthatevery word in the F's lexicon hasa (single-peakd) MF
de nedoverthe[0,1] interval thatdescribeshe degreeto which thevariousprob-

3DhamiandWallsten[7] andKarelitz andBudescu11] reportsimilar resultswith several other
translatiormethods.
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abilities matchthe intendedmeaningof that particularword. The MF's peak,
p(v), is the singlenumericalprobability thatis mostrepresentatie of theword's
meaningandis the translationof choice.Occasionallythe MF doesnot have a
uniguemaximum,so all probabilitieswithin a givenrangecanbe consideredo
be equallygoodrepresentationsf theword's meaningln thesecasest is cornve-
nientto translatethe word into the mid-rangeof theseprobabilities.To illustrate
the potentialaccurag of this approachwe comparedhe peaksof the 977 verbal
phrasesusedby 113 of the subjectsin our experimentswith the meanof their
numericajudgmentsvhenjudgingthe sameevents.We foundaremarkablesim-
ilarity betweenthe two sets:(a) the medianwithin-subjectdifferencebetween
the two is 0.006 andthe medianabsolutedifferencebetweenthemis 0.097;(b)
the medianwithin-subjectrank ordercorrelationbetweerthe peaksof the words
andthe meannumericaljudgmentss 0.89;and(c) the two setsare almostper
fectly relatedinearly with amedianwithin-subjectinterceptof 0:022,amedian
within subjectslopeof 1.06,anda medianRgdj of 0.90. Theseresultsindicate
thatthetranslationprocedurecanmapwith high accurag theintendedmeaning
of the wordsandpredictaccuratelythe numericalprobabilitiesusedto describe
thesameevents.

[V.R] Every MF is, essentiallya collectionof rangessinceevery level of
membershipn (0 n 1), de nesarangeof values,R(n), suchthatpu(v) n.
Typically, asn increasesR(n) becomesarraver indicatingthe rangeof values
thatpossesthat(higher)level of memberships morerestrictve. Thus,thetrans-
lation from a V to a R boils down to theissueof which thresholdn, to choose.
Presumablythereare systematidifferencedn the "typical” thresholdthatindi-
vidualstendto usein thesecircumstancesso one could quantify this tendeng
andidentify the mostappropriateangefor eachindividual. We arenot aware of
ary studieshathave collectedoothverbalandupperandlower numericalbounds
of the probabilitiesof the sameevents,sowe arenotin a positionto assesshe
ef cacy of theproposedapproach.

2.6 Imputing vagueness

[N,R] If numbersarethe universallanguageof uncertaintyandeveryone
interpretsthemidentically, any sensibleDM would infer thatthe F's singleN is
thecenterof arangethatdescribesis/heropinions,but thereis no clueregarding
the implied imprecisionof the F's opinion. One could improve the quality of
communicatiorby reversingthe proceduredescribedor [R,N], i.e., (a) applying
the appropriatestretching (or contracting) transformationfor the DM, and (b)
imputing the DM's typical bandof imprecision.We are not familiar with ary
empiricalwork alongthesdines.

[N,V] Recallthatall thewordsin the F's lexicon have single-peakd MFs
de ned overthe[0,1] interval. Thesefunctionsdescribethe degreeto which ary
given probability matcheghe intendedmeaningof the variousphrasesThe pro-



102 ISIPTA '03

posedranslatiorrule callsfor the choiceof thatphrasehathasthe highestmem-
bershipat the N in question.This procedurds not guaranteedo yield a unique
solution,i.e. therecould be severalwordswith equallyhigh membershigat that
probability, andall thesewords shouldbe considerecequally valid translations
of the numericaljudgment.If necessaryneof thesewordscanbe selectedan-
domly (or by someothertie-breakingprocedure)ln analyzingour studieswe
lookedatresponsefrom 118 subjectsvho usedanaverageof 14.85distinctnu-
mericaljudgmentsWe analyzedthe verbalresponseshat were assignedy the
subjectsto the eventsto which they assigned certainnumericalresponseOn
the average eachset of eventsthat were judgedto be equally probable(in the
numericalmode)generated..81distinctverbalphrasesandin 68% of the cases
atleastoné* of theseverbalresponsesad,indeed the maximalmembershigor
thatprobability. Anotherlook atthe samedataindicateshatfor 59.7%of the nu-
mericaljudgmentsat leastone of the verbaltermsusedwas predictedfrom the
MFs. Interestingly we found large individual differences:30 subjects(25.4%)
areat, or belov a 40% successate,while for 27 subjectg22.9%)therateof ac-
curatetranslationis greaterthan,or equalto 75%. Not surprisingly the level of
agreemenits considerablyhigherfor the extreme(0 and1), andthe central(0.5)
numericalprobabilities.

[R,V] All thewordsin theF'slexiconhave (single-peakdandcontinuous)
MFs de ned overthe[0,1] interval. For ary x edrangeof numericalprobability
thesefunctionsdescribethe degreeto which the probabilitiesin thatrangematch
theintendedmeaningof the variousphrasesThe proposedranslationrule calls
for thechoiceof thatverbaltermthathasthehighestaveragenembershipverthe
R in questiont is possiblethattherewould be severalwordswith equallyhigh
membershipver that rangeprobabilities.All thesewordsshouldbe considered
equally valid translationsWe are not aware of studiesthat have collectedthe
relevantdatafor the empiricalevaluationof this procedure.

3 General Discussion

In this papemwe proposed unifying conceptuaframework for optimalinterper
sonaltranslatiorof probabilisticinformationfor the9 distinctcasese identi ed.
We discussedhe 9 scenariost differentlevelsof details,andprovidedextensie
empiricalsupportfor someof them.Althoughthe casesarenot encounteredvith
similarfrequeng in appliedsettingswe decidedo review all of themto illustrate
thegenerality feasibility and e xibility of the overallapproach.

Thisline of researclis partof aneffort to createageneralinguistic Probabil-
ity Translator(LiProT, for short)that could sene both asa usefulresearchool,
and a generaldecisionaid. LiProT would facilitate communicationof subjec-

4In 14.5%o0f the casesnorethanoneword tied for the highestmembershigat a given probability
Themeannumberof wordstied for maximalmembershipvas1.14.
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tive uncertaintiebetweerparticipantsn variousdecisionsituations forecasters,
judges expertsanddecisionmakers- by reducingthedangersf miscommunica-
tion of probabilitiesamongthe variousmembersf the group.

To x ideasconsidera groupof experts(physiciansjntelligenceof cers, -
nancialforecastersetc.) who communicatewith eachother possiblyelectroni-
cally form variouslocations.As partof this procesghey needto exchangeprob-
abilisticinformationbasedon the evidenceavailableto themandre ecting their
own uniqueexpertiself variouspeoplein this grouphave differentialpreferences
for modesof communicatingprobabilitiesto othersand receving information
from others,theneachof the 9 casedliscussedibore may berelevantfor some
of the pairs. The proceduresiescribedand partially testedin this paperprovide
a foundationfor sucha system.Before the meeting,the participants'preferred
modesof communicationare ascertainedtheir verbal probability lexicons are
mappedand LiProT derivesthe appropriatetranslationschemefor eachdyad.
During the meeting,every probability (N, R or V) usedby eachof the expertsis
instantly corvertedoptimally to the favorite modality (N, R or V) of eachof the
otherparticipants.

For example,assumethat participantA prefersto communicateandto re-
ceive numbersparticipantB hasa universalpreferencdor Vs, andparticipantC
prefersto communicatevith V, but to receive Ns (the modalpatternaccordingto
Wallstenet al. [18]). Every uncertaintyjudgmentprovided by A (usingNs) will
be translatedby LiProT into the closestV in judgeB lexicon (usingthe [N,V]
module),andinto the mostappropriateN for judgeC (usingthe [N,N] module).
Similarly, the verbaluncertaintyjudgmentsprovidedby C will betranslatednto
theclosestN for judgeA (usingthe[V,N] module),andinto the mostappropriate
V in B's lexicon (usingthe [V,V] module).Thus,all judgescommunicateheir
opinionsandreceve informationin their respectie preferredmodes.This ap-
proachmay betoo restrictive, sincepreferencegor a particularmodemay vary
asa function of the situation,the natureof the tarmget event and its underlying
uncertaintyA goodtranslatorshouldallow therecever of the communicatiorto
choosethe modeof communicationFor example,judge B may chooseto have
judgeA numericaltranslatedy LiProT into theclosestV in judgein mostcases,
but occasionallyhe/shemay opt for a simpler and more direct, translationinto
themostappropriateN.

In closingwe emphasizéhatthis work hasfocusedon communicatiorof un-
certainty andhasnot addressethe issueof the ef cacy of the proposedransla-
tionsin thecontext of speci ¢ decisionsituationsWe arenow conductingempiri-
calwork thatseekdo determinghedegreeto whichtheseranslatiorrules,which
wereshawn to improve the inter-personatommunicatiorof uncertaintiesgould
alsoimprove the quality of the ultimatedecisiongnvolving theseuncertainties.
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