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Abstract

Weanalyzecommunicationof uncertaintyamongindividualsasafunctionof
theparties'preferencefor modesof communication.We assumethatdiffer-
entindividualsmaypreferpreciseNumericalprobabilities,Rangesof proba-
bilities or Verbaldescriptionsof probabilities,andconsiderall possiblepair-
ings of communicatorsandreceiversunderthis classi�cation.We propose
a generalcriterionof optimalconversionamongthevariousmodalities,de-
scribeseveral instantiationstailoredto �t thespecialfeaturesof thevarious
modalities,andillustratetheef�cacy of theproposedprocedureswith empir-
ical resultsfrom severalexperiments.
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1 Intr oduction

Considera situationwheretwo individualscommunicateaboutstochasticevents.
The two areequallyinterestedandmotivatedto communicateasef�ciently and
preciselyaspossible.This paperis concernedwith proceduresthat canbe em-
ployedto addressthe individuals' differentpreferencesfor modality of commu-
nicatingprobabilisticopinions.Although many decisionanalystsandorthodox
Bayesiansconsiderprecisenumericalprobabilitiesto be the languageof uncer-
tainty, many people(laymanandexperts,alike) preferto useprobabilityphrases
(e.g.review by BudescuandWallsten[6]) or otherimprecisevariantsof probabil-
ity. In thispaperweproposewaysto achievethehighestpossiblelevelof accuracy
in communicationwhile accommodatingtheseindividualpreferences.

� This work hasbeensupportedby the US NationalScienceFoundationunderAward No. SES
9975360.Any opinions,�ndings, andconclusionsor recommendationsexpressedin this publication
arethoseof theauthorsanddonotnecessarilyre�ect theviewsof theUSNationalScienceFoundation.
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1.1 Reasonsfor preferencesof speci�c communicationmodes

Spontaneouspreferencesfor oneparticularmodemaybedueto severalfactors:
The perceived nature of the uncertaintyto be communicated–Budescuand

Wallsten[6] havespeculated,andOlsonandBudescu[14] havedocumentedem-
pirically thatmostindividualspreferto useprecisenumericalestimatesto com-
municateuncertaintyaboutrepeatedeventswith aleatoryuncertainty, but tend
to usemoreimprecisemethodswhencommunicatingtheprobabilitiesof unique
eventswith epistemicuncertainty.

Theperceivedstrengthof theavailableinformation–Theresponsesto thesur-
vey conductedby Wallsten,Budescu,Zwick, andKemp[18], indicatethatpeople
would gravitatetowardsmoreprecisemodesof communication,if they perceive
theavailableinformationto be�rmer , reliableandvalid.

The person's role in the communication–In the samesurvey Wallstenet al.
[18] have foundthatmostpeoplepreferto useimprecisetermswhenthey com-
municateto others,but preferothersto communicateto themin preciseterms,if
possible(seealso,BrunandTeigen[2] andErev andCohen[8]).

In addition to thesesystematicfactors,preferencesmay be dueto plain in-
dividual differencesthat re�ect one's lifetime experiencesin dealingwith, and
communicating,uncertainties.

1.2 The problem

Theneedto communicateprobabilitiesarisesin avarietyof situations.A common
caseis whenboth individualshave prior opinions,have accessto somerelevant
(possiblyoverlapping)information,andwish to exchangeinformationto further
re�ne theirrespectiveestimates.In thissymmetriccasethedesignationof commu-
nicatorandreceiver is arbitrary, asthetwo individualscanactin bothcapacities.
Forexample,thinkof two friendswhotalk aboutthechancesof theirfavoriteteam
to win a game.Theotherprototypicalcaseinvolvesasymmetriccommunication:
only oneindividual, theForecaster(F for short),hasaccessto, or possessesthe
necessaryexpertiseto makesenseof, therelevantinformationfor theprobability
estimation.Thesecondindividual, theDecisionMaker (or DM) needsto make a
choiceor decisionon thebasisof theF's estimate,andwithout thebene�t of his,
or her, own probability assessment.For example,think of an investor(the DM)
who getsfrom his, or her, favorite �nancial advisorestimatesof the likelihood
thatcertaininvestmentpolicieswill succeed.

The two situationsaresimilar in many respectsbut the former is morecom-
plex becauseacompleteanalysisshouldtake into accounttheprocessesthatgov-
ern the combinationof one's own opinionswith estimatesobtainedform oth-
ers(Yaniv andKleinberger [19]). To simplify theanalysis,we will focuson the
secondcase.In the samespirit, we will not considerthe casewhereoneneeds
to aggregatemultiple forecastsfrom varioussources(Budescu,Rantilla,Yu and
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Karelitz [5], Wallsten,BudescuandTsao[17]).
To summarize,we analyzean asymmetricdyadic communicationsituation

whereoneF andoneDM shareacommoninterestin optimizingcommunication,
but they may have differentpreferencesfor modality of communicatingproba-
bilistic opinions.

1.3 A typology of communicationpreferencesin a dyad

Wedistinguishbetweenthreemodesof communication:precise(point)Numerical
probabilityestimates(e.g.,0.45),preciseRangesof numericalvalues(e.g.,0.3 -
0.55),andVerbalphrases(e.g.,goodchance).Rangeswith preciseendpointsex-
cludeimplicit vaguerangessuchas”in the forties” or ”at least0.80”, but such
expressionscanbeanalyzedasverbalterms.

Thethreemodescanberankedfrom themostprecise(N) to themostvague
(V). In fact, the moreprecisemodescanbe representedasspecialcasesof the
morevaguemodes:clearlyanN is anR wherethelowerandupperlimit coincide,
andwe will show laterhow N andR canbe viewedasspecialcasesof V under
a particular representationof the probability phrases.This typology implies 9
distinct dyadicpatternsof dyadicpreferencesfor modesof communicationthat
will bedenotedby orderedpairs,wherethe�rst characterin thepair refersto the
F'spreference.

2 The translation process

The problemwe wish to addressis deceptively simple– How to bestconvert a
judgmentoriginally expressedin theF's favorite responsemode(N, R or V), to
anestimatein theDM' s favoritemode(N, R or V).

Thecriterion of optimalityis thelevel of (dis)similaritybetweentheF's judg-
mentstranslatedinto the DM' s favorite mode,and the DM' s spontaneous(and
independent)judgmentsof thesameeventsin his, or her, favorite mode.For ex-
ample,assumethat theF prefersnumbersandtheDM prefersverbalterms(i.e.,
an[N,V] dyad).If bothhadthesameprior probabilitydistribution andcouldac-
cessthesameinformationpertainingto thetargetevent,Xi , theirspontaneousand
independentjudgmentswould benF (Xi), andvDM(Xi ), respectively.

Any mappingof theF'sspontaneousjudgmentinto theDM' sfavoritecommu-
nicationmodeis a translation. For example,vDM[nF (Xi)] is theverbaltranslation
of theF'soriginalnumericaljudgments.An optimaltranslationis onethatmaxi-
mizesthesimilarity betweenthetranslationof theF's terminto theDM' s favorite
mode,andtheDM' s spontaneousjudgmentof the targetevent(assuminghe/she
hasthesamepriorsandcouldaccessthesameinformation).

Note that (dis)similarity is measuredin thescaleof the targetmodality (i.e.,
theonethatis favoredby theDM), soit alwaysreliesoncommeasurableunitsor
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entities.On theotherhand,theseentitiesvary asa functionof theDM' s favorite
modality. Next we describesomesensiblechoicesfor the dissimilarity metrics.
Ourgoalin thispaperis to provideageneralframework for thetranslationprocess
andillustratethefeasibility of theapproach.We make no claim of optimality, or
uniquenessonbehalfof thesechoices,andrealizethatothermetricscouldbeused
in this context.

Dissimilarity betweentwo numbers,nDM andnF , is de�ned asthe distance
betweenthem:

DSnf nDM;nFg = jnDM � nF j: (1)

Dissimilaritybetweentwo ranges,rDM andrF , is afunctionof theirrespective
lengths,andtheir overlap.Considertwo ranges,r1 (rangingfrom l1 to u1) and
r2 (from l2 to u2). Thewidth of therangeover which thetwo overlapis OV12 =
Maxf 0; [Min(u1;u2) � Max(l1; l2)]g, andthe joint rangeof valuesthey spanis
JR12 = [Max(u1;u2) � Min(l1; l2)]. We de�ne thedissimilaritybetweenthetwo
rangesas:

DSr f rDM; rFg = JRDM;F � OVDM;F : (2)

This measureis zeroif, andonly if, thetwo rangescoincide.For any pair of
ranges,rDM andrF , theindex is maximalwhenthey aredisjoint.

Dissimilarity betweentwo verbal terms,vDM andvF , is de�ned in the con-
text of a particularrepresentationof suchphrases.Wallsten,Budescu,Rapoport,
Zwick, andForsyth[16] suggestedthatprobabilityphrasesarefuzzyconceptsand
proposedusingMembershipFunctions(MFs) over the [0;1] probability interval
to representtheirvaguemeanings(seeZadeh[20]). A phrase'sMF assignsto each
probabilityarealnumberthatrepresentsthe(non-negative)degreeof its member-
shipin theconceptde�ned by thephrase.Thesevaluesarescaledbetween0 and
1 (Norwich andTurksen[13]), suchthat membershipsof 0 denoteprobabilities
thatareabsolutelynot in theconceptandmembershipsof 1 denoteelementsthat
areperfectexemplarsof theconcept.All otherpositivevaluesrepresentinterme-
diatedegreesof membership.MFscanbeestimateddirectly (non-parametrically)
basedon the participants'direct or indirect judgments(seeBudescuandWall-
sten[6], Wallstenetal. [16]). Alternatively, onecan�t MF usingspeci�c families
of functions,suchaspolynomials(Budescu,Karelitz andWallsten[4]), or trape-
zoidalfunctions.

Let µvDM (p) andµvF (p) be the MFs representingthe two wordsbeingcom-
pared.Thesimilarity betweenthetwo wordsshouldre�ect theclosenessbetween
their respectiveMFs.Therearemany possiblesingle-valuedindicesof closeness
betweenthe two functions(seereview by Zwick, Carlstein,andBudescu[21]),
andwewill only list two of themhere(thesearenotnecessarilymonotonicallyre-
lated).The�rst measureis thetotal absolutedistancebetweenthetwo functions.
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Formally, we canwrite1:

DSvµf vDM;vFg =
Z 1

p= 0
jµvDM (p) � µvF (p)jdp: (3)

Thesecondindex is thedistancebetweenthepeaksof thetwo functions.Assume
thatbothµvDM (p) andµvF (p) aresinglepeaked(seeBudescuandWallsten[6] on
this point). Let p(v) be the probability (or the centerof the rangeof probabili-
ties)at which thefunctionµv(p) reachesits maximalvalue.We de�ne, a second
measureof dissimilarityas:

DSvp f vDM;vFg = jp(vDM) � p(vF)j: (4)

2.1 General commentson the measuresof dissimilarity

The variousmeasuresmay appearat �rst glanceto be unrelatedand,somewhat
arbitrary, soafew commentsandclari�cations arein order. First,weshouldpoint
out thatall thedissimilarityindicesaredistances. In all casesthey assignto every
pair of (N,R or V) judgmentsa non-negative real number(DS= 0 only if the
two membersof thepair areidentical).Themeasuresaresymmetric,satisfythe
triangleinequalityandinduceaweakorderoverall pairs.

Onecouldinvokeothermetricsfor thesecomparisons.A particularlyelegant
approachwould be to usethe samemetric for all modalities.Technically, this
is feasiblesincenumberscan be representedby point MFs (membershipof 0
everywhere,and1 for thechosennumber)andrangescanberepresentedby �at
MFs (membershipof 0 everywhereoutside,and1 everywherewithin thechosen
range),and treatedin the samefashionas the MFs obtainedfor verbal terms.
However, we believe that the metricsidenti�ed above are bettersuitedfor our
purposesbecausethey aremorein line with theparticularlevel of (im)precision
impliedby thethreemodalities.

The last commentis subtler. Our de�nition of similarity relieson a counter-
factualscenariothat givesrise to a hypotheticalentity - the DM' s spontaneous
judgmentof the target event if he,or she,hadthe sameprior probability distri-
bution andcould accessthe sameinformation that wasusedby the F as a ba-
sis for his/herjudgment.Strictly speaking,this de�nition is meaningfulonly in
thosecaseswhereit makessenseto assumethataperson'sjudgmentdependsonly
on thespeci�c informationpresented.This implies that the relevant information
is unambiguousanddoesnot lend itself to different(subjective) interpretations.
In otherwords,theobservedvariability amongprobabilitiesassignedto a target
eventby differentindividualscanbeattributedsolelyto differentresponsestyles
and/orrandomfactorswithin the judges.This formulationmakesperfectsense

1In mostempiricalapplicationsthe MFs areapproximatedby a setof n pointsover [0;1], so a
discreteversionof this measurecanbeusedto approximateit.
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for repeatableandexchangeableevents,but not for uniqueeventswheresubjec-
tive probabilitiesrely on internalepistemicuncertaintythat canvary systemati-
cally acrossindividuals.(Ariely, Au, Bender, Budescu,Dietz, Gu, Wallstenand
Zauberman[1] andWallsten,Budescu,Erev andDiederich[15], discussvarious
facetsof this key distinction).

For example,it is quiteunlikely that if we wereto presentanti-smokingac-
tivists and tobaccolobbyistswith the resultsof a new study on the effects of
second-handsmoking,they would agreein their estimationof the probabilities
that second-handsmokinghasseriouspublic healthconsequences.The differ-
encesbetweentheir estimateswould re�ect (a) their differentprior probabilities,
and(b) their differentialassessmentof thequality, reliability andvalidity of the
new data.Clearly, no translationmethodcanbe expectedto reconciledisagree-
mentsof this type.Despitetheseirreconcilabledifferencesin their opinions,we
canstill take advantageof optimal translationschemesderivedfor variouspairs
of communicatorsbasedon their judgmentsof a standardset of exchangeable
events.Whenthesetranslationmethodsareappliedthey canreducetheeffect of
othersourcesof variability amongtheparticipantsandprovidethemostaccurate
representationof theF's assessmentin theDM's favoritecommunicationmode,
whereaccuracy is measuredby oneof thedissimilaritymetricsdiscussedabove.

2.2 Methodsof translation

Wereturnnow to ouroriginalquestion:how to bestconverta judgmentoriginally
expressedin the F's favorite responsemode(N, R or V), to an estimatein the
DM' s favorite mode(N, R or V). Beforewe discusstranslationschemesfor each
of the9 cases,it makessenseto classifytheminto threedistinctgroups:

Commonmodalities- In threecases([N,N], [R,R] and[V,V]) bothindividuals
sharea commonpreferencefor modeof communication,so thereis no needto
worry aboutdifferentialprecision.Conversionsmaybeemployedto accountfor
inter-personaldifferencesin theway therelevanttermsarechosenandused.

Resolvingvagueness- In threecases([R,N], [V,R] and[V,N]) theDM prefers
amoreprecisemodeof communicationthantheF. Thus,thechallengeis to �nd a
translationthatresolvesthevaguenessimplicit in theF's judgmentto achievethe
higherlevel of precisionrequiredby theDM.

Imputingvagueness- In the other threecases([N,R], [N,V] and[R,V]) the
DM prefersamorevaguemodeof communicationthantheF. Thus,thechallenge
is to �nd a translationthat replacestheprecisionimplicit in theF's judgmentto
re�ect thehigherlevel of vaguenessexpectedby theDM.

We will discussthe threeclassesseparately. In eachcasewe describeand
justify a translationmethoddesignedto optimizeour statedgoal and,whenap-
propriate,we review anddiscussrelevant resultsfrom several empiricalstudies
thataredescribedin thenext section.
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2.3 The data

Over the last two yearswe have conductedfour experimentsdesignedto testthe
ef�cacy andaccuracy of varioustranslationmethodsof probabilityphrases(V).
The studiesvary in many speci�c details(BudescuandKarelitz [3] andKare-
litz andBudescu[11]) but they sharea setof commonfeaturesthatallow us to
analyzesomeof their resultsjointly. Thefocuson theN andV responsesis nei-
theraccidental,nor arbitrary. Subjectsrarelycommunicatetheir probabilitiesby
meansof rangeseven whenofferedthe opportunity(e.g.referencesin Budescu
andWallsten[6]). For example,in oneof the studiesanalyzedbelow whenthis
optionwaspresent,it wasusedin lessthat7.5%of thecases.Thus,we will not
presentany empiricalresultsconcerningtranslationsinvolving Rs.

Thefour studiesinvolvedatotalof 128individuals(all studentsat theUniver-
sity of Illinois in UrbanaChampaign,andmostof themnativeEnglishspeakers2).
All theexperimentswerecomputercontrolled,andincludedthe following three
tasks:(1)Selectionof apersonalverbalprobabilitylexiconincluding5-11phrases
(In a few casessome,or all, thephraseswereselectedby theexperimentersbased
onpreviousresearch);(2)Elicitationof MFsfor all thephrases;and(3)Numerical
andverbalestimationof probabilitiesof acommonsetof events.

Subjectscreatedtheir lists by selectingcombinationsof wordsandsemantic
operators(modi�ers, intensi�ers,etc.)from two lists, or typing in phrases.They
wereinstructedto selectphrasesthatspanthewholeprobability range,andthey
tendto useregularly. Membershipfunctionswereelicited usinga methodvali-
datedby Budescuetal. [4]. Eachphrasewaspresentedwith asetof elevenproba-
bilities rangingfrom 0 to 1 in incrementsof 0:1.Thesubjectsjudgedthedegreeto
which thetargetphrasecapturedthe intendedmeaningof eachof theelevennu-
mericalprobabilitiesby usingaboundedscale,anchoredby theterms' notat all'
and' absolutely'. In thelasttask,theparticipantssaw aseriesof circular, partially
shaded,targets.Their taskwasto assessthe likelihoodthat a dart,aimedat the
centerof thetarget,would hit theshadedarea.Theshadedareasvariedfrom one
trial to anotherandcoveredthe full (0,1) range.On separatepresentationsthese
probabilitieswerejudgednumerically(by selectingonevaluefrom a list of 21
probabilities,rangingfrom 0 to 1 in incrementsof 0:05),or verballyby selecting
(in somecasesup to four) phrasesfrom their lexicons.

2.4 Commonmodalities

[N,N] This is the”gold standard”caseof Bayesiandecisionanalysis.Pre-
sumablynumbersare universaland everyoneunderstands,interpretsand uses
themin identicalfashion.Therefore,notransformationis required.Thereis,how-
ever, evidencethatpeople'smappingof their internalfeelingsof uncertaintyinto

2Oneof thestudieswasconcernedwith translationof probabilityphrasesacrosslanguagesandwe
recruitednative speakersof French,German,Spanish,RussianandTurkish.
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numbersis imperfect.In particular, mostpeopleover-(under-) estimatelow(high)
probabilities(e.g. referencesin Erev, WallstenandBudescu[9]), andit is con-
ceivablethat therearesystematicdifferencesin the degreeto which individuals
tendto avoid (or favor) theextremevalues.In principle,onecouldquantify this
tendency andapply appropriatestretching (or contracting) transformations. To
illustratethis point considermultiple judges(1;2; : : : ; j; j0; : : : ;J) who judgea set
of stochasticevents(1;2; : : : ; i; : : : ; I ). Assumethat: (1) All judgeshave accessto
thesameamountof information,implying thatdifferencesin their judgmentsare
due only to (a) differencesin their useof the responsescalesand (b) random
components.(2) All judgesspontaneouslyrecognizeeventsthat are impossible
(probability= 0), certain(probability= 1),andaslikely asnot (probability= 0:5).
(3) Assumean”ideal judge” who is perfectlycalibrated(no biases)andaccurate
(no randomcomponent).Thushis/herjudgments,p1; p2; : : : pi , coincidewith the
events'”objectiveprobabilities”.

The probability assignedby judgej to event i is denotedby pi j , andcanbe
expressedasafunctionof theobjectiveprobability, pi , his/herbiasparameter, a j ,
andtherandomcomponent,ei j which we assumeis distributedwith µe = 0 and
(�nite) se. We usea variationof Karmarkar's [10] model,that assumesthat the
logit of the judgedprobabilitiesis a linear functionof the logit of their objective
counterparts:

Log
�

pi j

(1� pi j)

�
= a j � Log

�
pi

(1� pi)

�
+ ei j (5)

Individualdifferencesbetweenjudgesarecapturedby theparametera j , which
is boundedfrom below by 0 (whenall eventsareassigneda probabilityof 0:5).
An unbiasedjudge shouldhave an a j of 1, but we expect that most individu-
alswouldhaveparametersbetween0 and1 thatareconsistentwith theregressive
modeldescribedabove.Weusedaleast-squaresprocedureto estimatetheindivid-
ualparameter, a j , in model5. Themodel�ts thedatawell for almostall subjects
(medianR2 = 0:98, medianMSE = 0:13). Thedistribution of the individual pa-
rametersmatchesour expectations:64 values(50%)arebetween0:55 and0:98,
45 participants(35:2%) arealmostperfectlycalibrated(0:99 � a j � 1:01), and
only 19 individuals(14:8%)haveparametersvaluesabove1. To verify thatthese
differencesre�ect systematicindividualdifferencesratherthanpurerandomerror,
weperformedtwo additionalanalyses:(a)wecomparedtheseresultswith amodel
wherethe parameter, a j , wasconstrainedto be 1 (thusthemodelincludesonly
randomerror).A comparisonof the two modelsin termsof R2

adj favors slightly
the�tted model.Themodaldifference(34%of thecases)is 0, but thereis aclear
majority (43%vs. 23%)of caseswherethe �tted model�ts better(meandiffer-
encein �t = 0:02),evenafterweaccountfor its extraparameter. Signi�cancetests
comparingthe�t of thetwo models(separatelyfor eachsubject)revealedthatthis
differenceswassigni�cant at thetraditional0:05 level, for 25:2%of thesubjects.
(b) Were-analyzedtwo of thestudiesin whichall subjectsjudgedall thedisplays
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twice, so we could obtain two estimatesof the parameter, a j , for eachperson.
In both studies(involving a total of 55 subjects)the between-subjectsvariance
componentwasconsiderablylarger than the within-subjectcomponent(in fact
thewithin-subjectcomponentwasnot signi�cantly greaterthen0).

In principle,onecouldconvertnumericalestimatesfromonepersonto another
in anoptimal fashionby applyingsimplestretching(contracting)transformation
basedon theestimatesof theindividualparameters,a j , a j0.
[R,R] Theuseof preciserangesinsteadof simplepoint estimatesre�ects
one'sperceivedlevel of imprecisionin hisor herestimateof theprobabilityof the
targetevent.Clearly, theargumentsinvokedin the[N,N] caseregardingthenature
of the numbers,apply hereaswell. This would suggestthat no transformations
areindicated.It is conceivable,however, that therearesystematicdifferencesin
the degreeof imprecisionperceived by different individualsandthis would in-
ducesystematicdifferencesin thewidthsof their ranges.Onecouldquantifythis
tendency andapplyappropriateimprecisionequatingtransformations.
[V,V] This situationis, probably, themostinterestingandit hasbeenthe
focus of much of our recentresearch.This caseis qualitatively different from
theprevioustwo for severalreasons.Thereis a largeliteratureindicatingthat(a)
spontaneously, peopletendto usehighly differentanddiverselexicons,and(b)
thenumericalmeanings(aswell asotherformsof representation)associatedwith
thesewordsvary dramaticallyacrosspeople(e.g.review in BudescuandWall-
sten[6]). Thus,onecannotassumethateveryoneis equallycomfortablewith, or
interpretsidenticallytermssuchas” likely”, ”poor chance”, etc.For this casewe
advocatethe following multi-stageprocedurethat is sensitive to theseempirical
�ndings: (a) eachparticipantselectshis/herown subjective lexicon; (b) MFs are
elicited for all the termsin the list; (c) the MFs of the wordsselectedby the F
andtheDM areplacedon a commonprobabilityscaleandarematchedaccord-
ing to the criterion of choice(DSvµ or DSvp). Occasionallythis proceduredoes
not yield a uniquesolution,i.e., oneof the F's wordscanbe translatedequally
well into severalof theDM' s words.Of course,all thesewordsareequallyvalid
translationsof theF's judgment.If practicalconsiderationspreventone-to-many
translations,oneof themcanbe selectedrandomly(or by someothersensible
tie-breakingprocedure).

We have donequitea lot of empiricalwork documentingtheef�cacy of this
approach(Karelitz and Budescu[11], Karelitz, Dhami, Budescu,andWallsten
[12]). In eachof our studieswe comparedthe level of agreementin assignment
of verbalphrasesto thesameeventsamongnumerouspairsof distinct individu-
als.We hypothesizedthat the lowestlevel of agreementwould beobservedwith
spontaneous(un-aided),verbaldiscourse,andthebestlevel of agreementwould
be found in thecaseof numericalcommunication.Most importantly, we expect
thatcommunicationwith convertedphraseswould besuperiorto un-aidedverbal
communication,andcloserin quality to thenumericalcase.To quantifythelevel
of inter-personalagreementwede�ned two indicesof co-assignment.Weusetwo
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measuresbecausesomeof the eventswere judgedmorethanonceandyielded
differentresponsesfrom the subjects.Both measuresrangefrom 0 to 1 (higher
valuesindicatestrongeragreement),andcanbe interpretedasmeasuresof the
accuracy of inter-personalcommunicationof impreciseopinions.
PIA- Proportionof IdenticalAssignments-theproportionof comparisonswhere
bothparticipantsassignedthesamephraseto agivenevent.
PMA- Proportionof Minimal Agreement- the proportionof stimuli for which
bothparticipantsassignedat leastonecommonphraseto a givenevent.

In theinterestof brevity weonly reportresultsbasedonPIA, which is amore
stringentmeasurethanPMA (PIA � PMA) becauseit weighstheagreementby
thenumberof comparisonsmade(The PMA resultsarevery similar in a quali-
tative sense).Table1 summarizestheresultsof 4 studies(detailsin Karelitz and
Budescu[11]). Eachcell presentsthemean(andSD) PIA in thevariousmodes,
andacrossall pairsof subjectsanalyzed.

Table1: Summaryof agreementindicesfrom 4 studies

TranslationCriterion
Study No. of VJ: Unaided DSvµ DSvp NJ: Unaided

pairs VerbalJudgments (Eq. 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 involvestranslationsof wordsacrossvariouslanguages.VJ is basedof thesubjects'

spontaneoustranslationof wordsfrom theirnative languagesto English.

Theresultsclearlysupportour predictions:unaidedVJ hadthelowestvalues
for bothindicesin all thestudiesandNJhadthelargestvalues.Thetwo translation
criteriaclearlyoutperformedtheunaidedverbalcommunication3.

2.5 Resolvingvagueness

[R,N] In principle,any sensiblepersonshouldbeableto infer a singleN
value from his/herpartnerrangewithout invoking any translationscheme.The
individual differencesdiscussedin the[N,N] and[R,R] casesapplyhereaswell.
In principle,onecouldimprovethequalityof communicationby (a) inferring the
F'sbestguess(presumably, thecenterof thereportedrange)and,if necessary, (b)
applyingtheappropriatestretching (or contracting)transformation.
[V,N] Recallthatevery word in theF's lexicon hasa (single-peaked)MF
de�nedoverthe[0,1] interval thatdescribesthedegreeto whichthevariousprob-

3DhamiandWallsten[7] andKarelitz andBudescu[11] reportsimilar resultswith several other
translationmethods.
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abilities matchthe intendedmeaningof that particularword. The MF's peak,
p(v), is thesinglenumericalprobabilitythat is mostrepresentativeof theword's
meaningandis the translationof choice.Occasionally, the MF doesnot have a
uniquemaximum,soall probabilitieswithin a givenrangecanbeconsideredto
beequallygoodrepresentationsof theword'smeaning.In thesecasesit is conve-
nient to translatetheword into themid-rangeof theseprobabilities.To illustrate
thepotentialaccuracy of this approachwe comparedthepeaksof the977verbal
phrasesusedby 113 of the subjectsin our experimentswith the meanof their
numericaljudgmentswhenjudgingthesameevents.Wefoundaremarkablesim-
ilarity betweenthe two sets:(a) the medianwithin-subjectdifferencebetween
the two is 0.006andthe medianabsolutedifferencebetweenthemis 0.097;(b)
themedianwithin-subjectrankordercorrelationbetweenthepeaksof thewords
andthe meannumericaljudgmentsis 0.89;and(c) the two setsarealmostper-
fectly relatedlinearlywith amedianwithin-subjectinterceptof � 0:022,amedian
within subjectslopeof 1.06,anda medianR2

adj of 0.90.Theseresultsindicate
that thetranslationprocedurecanmapwith high accuracy the intendedmeaning
of thewordsandpredictaccuratelythenumericalprobabilitiesusedto describe
thesameevents.
[V,R] Every MF is, essentially, a collectionof rangessinceevery level of
membership,n (0 � n � 1), de�nes a rangeof values,R(n), suchthat µ(v)� n.
Typically, asn increases,R(n) becomesnarrower indicatingthe rangeof values
thatpossessthat(higher)level of membershipis morerestrictive.Thus,thetrans-
lation from a V to a R boils down to the issueof which threshold,n, to choose.
Presumably, therearesystematicdifferencesin the”typical” thresholdthat indi-
vidualstendto usein thesecircumstances,so onecould quantify this tendency
andidentify themostappropriaterangefor eachindividual.We arenot awareof
any studiesthathavecollectedbothverbalandupperandlowernumericalbounds
of the probabilitiesof the sameevents,so we arenot in a positionto assessthe
ef�cacy of theproposedapproach.

2.6 Imputing vagueness

[N,R] If numbersaretheuniversallanguageof uncertaintyandeveryone
interpretsthemidentically, any sensibleDM would infer that theF's singleN is
thecenterof arangethatdescribeshis/heropinions,but thereis noclueregarding
the implied imprecisionof the F's opinion. One could improve the quality of
communicationby reversingtheproceduredescribedfor [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 any
empiricalwork alongtheselines.
[N,V] Recallthatall thewordsin theF's lexiconhave single-peakedMFs
de�ned over the[0,1] interval. Thesefunctionsdescribethedegreeto which any
givenprobabilitymatchestheintendedmeaningof thevariousphrases.Thepro-
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posedtranslationrulecallsfor thechoiceof thatphrasethathasthehighestmem-
bershipat theN in question.This procedureis not guaranteedto yield a unique
solution,i.e. therecouldbe severalwordswith equallyhigh membershipat that
probability, andall thesewordsshouldbe consideredequallyvalid translations
of thenumericaljudgment.If necessary, oneof thesewordscanbeselectedran-
domly (or by someother tie-breakingprocedure).In analyzingour studieswe
lookedat responsesfrom 118subjectswho usedanaverageof 14.85distinctnu-
merical judgments.We analyzedthe verbalresponsesthat wereassignedby the
subjectsto the eventsto which they assigneda certainnumericalresponse.On
the average,eachsetof eventsthat were judgedto be equallyprobable(in the
numericalmode)generated1.81distinctverbalphrases,andin 68%of thecases
at leastone4 of theseverbalresponseshad,indeed,themaximalmembershipfor
thatprobability. Anotherlook at thesamedataindicatesthatfor 59.7%of thenu-
merical judgmentsat leastoneof the verbal termsusedwaspredictedfrom the
MFs. Interestingly, we found large individual differences:30 subjects(25.4%)
areat,or below a 40%successrate,while for 27 subjects(22.9%)therateof ac-
curatetranslationis greaterthan,or equalto 75%.Not surprisingly, the level of
agreementis considerablyhigherfor theextreme(0 and1), andthecentral(0.5)
numericalprobabilities.
[R,V] All thewordsin theF'slexiconhave(single-peakedandcontinuous)
MFs de�ned over the[0,1] interval. For any �x edrangeof numericalprobability
thesefunctionsdescribethedegreeto which theprobabilitiesin thatrangematch
the intendedmeaningof thevariousphrases.Theproposedtranslationrule calls
for thechoiceof thatverbaltermthathasthehighestaveragemembershipoverthe
R in question.It is possiblethat therewould beseveralwordswith equallyhigh
membershipover that rangeprobabilities.All thesewordsshouldbeconsidered
equally valid translations.We are not aware of studiesthat have collectedthe
relevantdatafor theempiricalevaluationof this procedure.

3 GeneralDiscussion

In this paperwe proposeda unifying conceptualframework for optimalinterper-
sonaltranslationof probabilisticinformationfor the9 distinctcasesweidenti�ed.
We discussedthe9 scenariosatdifferentlevelsof details,andprovidedextensive
empiricalsupportfor someof them.Althoughthecasesarenotencounteredwith
similarfrequency in appliedsettings,wedecidedto review all of themto illustrate
thegenerality, feasibilityand�e xibility of theoverallapproach.

Thisline of researchis partof aneffort to createageneralLinguisticProbabil-
ity Translator(LiProT, for short)thatcouldserve bothasa usefulresearchtool,
and a generaldecisionaid. LiProT would facilitate communicationof subjec-

4In 14.5%of thecasesmorethanoneword tied for thehighestmembershipat agivenprobability.
Themeannumberof wordstied for maximalmembershipwas1.14.
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tiveuncertaintiesbetweenparticipantsin variousdecisionsituations- forecasters,
judges,expertsanddecisionmakers- by reducingthedangersof miscommunica-
tion of probabilitiesamongthevariousmembersof thegroup.

To �x ideasconsidera groupof experts(physicians,intelligenceof�cers, �-
nancialforecasters,etc.)who communicatewith eachother, possiblyelectroni-
cally form variouslocations.As partof this processthey needto exchangeprob-
abilistic informationbasedon theevidenceavailableto themandre�ecting their
own uniqueexpertise.If variouspeoplein thisgrouphavedifferentialpreferences
for modesof communicatingprobabilitiesto othersand receiving information
from others,theneachof the9 casesdiscussedabove may berelevant for some
of the pairs.The proceduresdescribedandpartially testedin this paperprovide
a foundationfor sucha system.Before the meeting,the participants'preferred
modesof communicationare ascertained,their verbal probability lexicons are
mapped,andLiProT derivesthe appropriatetranslationschemefor eachdyad.
During themeeting,every probability (N, R or V) usedby eachof theexpertsis
instantlyconvertedoptimally to the favorite modality (N, R or V) of eachof the
otherparticipants.

For example,assumethat participantA prefersto communicateand to re-
ceive numbers,participantB hasa universalpreferencefor Vs, andparticipantC
prefersto communicatewith V, but to receiveNs (themodalpatternaccordingto
Wallstenet al. [18]). Every uncertaintyjudgmentprovidedby A (usingNs) will
be translatedby LiProT into the closestV in judgeB lexicon (usingthe [N,V]
module),andinto themostappropriateN for judgeC (usingthe[N,N] module).
Similarly, theverbaluncertaintyjudgmentsprovidedby C will betranslatedinto
theclosestN for judgeA (usingthe[V,N] module),andinto themostappropriate
V in B's lexicon (usingthe [V,V] module).Thus,all judgescommunicatetheir
opinionsand receive information in their respective preferredmodes.This ap-
proachmay be too restrictive, sincepreferencesfor a particularmodemay vary
asa function of the situation,the natureof the target event and its underlying
uncertainty. A goodtranslatorshouldallow thereceiverof thecommunicationto
choosethe modeof communication.For example,judgeB may chooseto have
judgeA numericaltranslatedby LiProT into theclosestV in judgein mostcases,
but occasionallyhe/shemay opt for a simpler, andmoredirect, translationinto
themostappropriateN.

In closingwe emphasizethatthiswork hasfocusedoncommunicationof un-
certainty, andhasnot addressedthe issueof theef�cacy of theproposedtransla-
tionsin thecontext of speci�c decisionsituations.Wearenow conductingempiri-
calwork thatseeksto determinethedegreeto whichthesetranslationrules,which
wereshown to improvetheinter-personalcommunicationof uncertainties,could
alsoimprovethequality of theultimatedecisionsinvolving theseuncertainties.
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