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Abstract Several studies consistently show that people preteds
. over numbers to express uncertainty (e.g. Wallsten,
The paper describes a general two-step procedurehéo . .
numerical translation of linguistic terms using graetric Bude_scu, Zwick & Ke_m_p_, 1993). _Th's prefer_ence may b
fuzzy potential membership functions. In an empiristudy explained by the possibility of saying somethinguatbtwo

121 participants estimated numerical values thaespond to different kinds of subjective uncertainty by usiogly one
13 verbal probability expressions. Among the estiimeare word. First, the stochastic uncertainty about theuorence

the most typical numerical equivalent and the maiirand of an event (e.g. the probability of an increasethaf oil
maximal values that just correspond to the giveguistic price) and second, the vagueness of the eventwbat is
terms. These values serve as foundation for th@oges meant by “a significant increase”).

fuzzy approach. Positions and shapes of the ragulti

The understanding of these two kinds of uncertaithtgir
membership functions suggest that the verbal piibtyab u Ing Wo K u g

. I8 L relations to each other and the way in which thdlpénce
expressions are not distributed equidistantly aloting h . d decisi i . il
probability scale and vary considerably in symmetry umgn .reasonlng gn ecision ma Ing.|§ crucial gfoy
vagueness and overlap. The role of vagueness ftinefu application that aims to support decision makers fo

investigations in reasoning and decision makingissussed example in medicine, business, risk managemenketiag
and relations to knowledge representation and wgrki ~ Or politics. In our view, in order to contribute tihe
memory are highlighted. understanding of uncertainty, it is essential tetfuncover
Keywords: verbal probability expressions; vagueness; fuzzy the undeﬂymg relationship between .wolrd mea”'”@_ an
potential membership functions; knowledge represent; mathematical concepts such as subjective probatmiit
diagnostic reasoning; working memory fuzzy membership. Therefore, we propose a generad t
step procedure for the numerical translation ofbakr
I ntroduction probability expressions based on (1) empirical nestes

modelled by (2) fuzzy membership functions (Zadedg5,

Since the 1960s to the present time researcbiers
! up P ! Bocklisch & Bitterlich, 1994).

different scientific areas have sustained an isteri@ _ g
studying the relationship between verbal and nucaéri The paper is st_ructured as”follows. f'r.St’ we corapa
probability expressions (Lichtenstein & Newman, 7196 ve_rb:_:ll and num_erlcal probability expressions arstubs
Teigen & Brun, 2003; Smits & Hoorens, 2005). AmongeX|st|ng translation approaches. Secono!, we present
these are cognitive psychologists that inquire akibe proposal that goe.s.bey.ond o'ther. methodical issndstize
influence of uncertainty expressions on basic ddgi result_s of an empirical investigation. Thereaftae _results
processes such as reasoning and decision maki € dlscussed_ _and conclusions (?'g' fqr the_ccmmruof
(Windschitl & Wells, 1996) as well as engineersmpuiter rbal probablllt_y _s_cales for questionnaires) aghl?ght_ed.
scientists and others that focus on the charaetéiz Further, potenuahngs of the fq;zy patern clasation :
(Zadeh, 1978, 2002) or on the treatment of ungestain method for reasoning and decision processes amepoi

applications such as medical decision support Byste out.
(Boegl, Adlassnig, Hayashi, Rothenfluh & LeitichQ(2). . A
This broad interdisciplinary interest may be matah by Verbal' and Numerical PrObablllt'?S .

the essential role language plays in our daily. Iferbal ~ There is broad agreement concerning the differeatufes
probability terms, such agrobably or thinkable are very Of verbal and numerical expressions (see TeigenrénB

future events or about the degree of belief in hypses. Ccommonly described as precise, unambiguous and
For example, a typical statement that illustrates tse of espemally useful for .calculatlons. Additionallyet quality
linguistic terms in the conversation of stock markaders of numerical expressions can be evaluated and oupa

could be: “It isvery unlikely that there will be a significant predictions of normative mod_els such as Bayes nets.
increase in the price of oil in the next month viature.”. Currently many researchers in the area of cognitive
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pfs;llqchology utilize sub(jective probabilities fordthmdellling Translating Words I nto Numbers

of human reasoning (e.g. Bayes nets in inductiaeniag : : : :
and reasoning (Tenenbim Grfis & Kemp, 2000 | 102110 1vesete e mpactof eral e
a_pproach is very fruitful and the obtalned_ resatiatribute and the communication of uncertainty m,ethods havbet
highly to the understanding of psychological preessbut, developed for the “translation” of verbal into nuial

at the same time, it focuses only on the probabilit ) Th read b £ traos]
dimension of uncertainty. Generally, vaguenessnistreer ~ ©XPressions. There are already a number of tramslat

facet of people’s subjective uncertainty and shawd be studies that utilized different estim_qtion and slat_ion
neglected. The effects of vagueness, such as eaelppl Procedures. Among these are empirical approachieg us
described by Kuhn and Budescu (1996) for hazarkl risdirect estimation techniques for instance on aestam 0
decisions, have received much less research ameimi 0 100 (Beyth-Marom, 1982) or pair comparison megho
psychology. Although it is investigated more in ieegring  (Wallsten, Budescu, Rapoport, Zwick & Forsyth, 1p&é
and other domains, where the practical significamce Wwell as expert consultations for example to create
clearly observable from its prevalence in real-gorl knowledge bases for decision support systems (Betegl.,
decisions, vagueness is also crucial for psycho@dgi 2004). A summary and discussion of different estioma
approaches. Zadeh (1965) proposed the fuzzy framkewoapproaches, that map verbal probabilities onto raamical
for the handling of vagueness and pointed out thaprobability scale, is provided by Teigen and Br2aq3).
probability theory and fuzzy approaches are compleary Recurrent findings in the studies using empirical
rather than competitive (Zadeh, 1995). Hence, fidssible  estimations are that the mean estimates of theaberb
to combine probability and fuzzy accounts and theprobability expressions are reasonably similar sujimg
advantages of bridging the gaps have been discussegk jdea that words are translatable. At the same, there
recently (Singpurwalla & Booker, 2004). N is a large variability between individuals indicagi

In contrast to numerical probabilities, probabiliords jnconsistency in word understanding which may I¢ad
are vague, with ambiguous meaning. They canno@bye .,mmunication problems. Although there are differen

ulse_(icl_ f(;)rb calculatior}s andtthteir mﬁanindg is_oftsriypn views on whether verbal probability expressions are
Cﬁ(glrlel’(novzlgjeznznod aexcoenri:)écésur(iefe?ch?ema(IJ?r? &? guantifiable or not (Teigen & Brun, 2003), we ag@im
P 9 P ’ poinp Budescu et al. (2003). They propose to treat pritibab

probabilities and base rates of events). Nevertkelmost words as fuzzy sets and use fuzzy membership fmeti
people in most everyday situations use words rathan (MFs) over the probability scale to represent theigue

numbers when describing their own uncertainty. V¥aae ) o . LU
perceived as more natural, easier to understand afB€anings. They elicited judgments of membershipsing

communicate and they are useful in situations whe@ Multiple stimuli estimation method in which probiay
uncertainty can not at all be verbalized exactly.values (0, 0.1, ..., 0.9, 1) are presented simultasigavith
Numerical and verbal expressions are closely asgatiand ~ @ Verbal probability expression. Their results shthat the
refer to the underlying concept of probability atere is Peak value and skew of the MF describing a proltgbil
evidence that people can use numbers and wordpression depends on the words meaning. Therefueg,
interchangeably (Jaffe-Katz, Budescu & Wallsteng9)9 conclude that properties of the MF can predicteigample
But, at the same time, words and numbers do nommedhe directionality (positive vs. negative verbapesssions,
exactly the same thing. such as probable vs. improbable) of probabilitydgor
Furthermore, it can be assumed from various exprisn
that the use of numbers versus words affects huma®bjective of the Paper

reasoning processes under certain circumstancesisdhitl his paper has the goal to present a general tem-st

and t\/\/_e{ls t(lgd%)t show that rllumterlc (;‘neaslurgs c%rocedure for the numerical translation of lingigiserms. It

e, e e e o5 compose f (1) a diect empircl estmatorime ha
9 P yields numerical data participants assigned to gories

more associative and intuitive reasoning. Thesdirfiys are .
of particular importance for reasoning situatiohattcreate words and (2) a fuzzy approach for the analysithefdata

conflicts between logical reasoning and intuitiveliéfs fes“'“f‘g In parametn_c membe:-rshl_p functions (MEfs}he
(e.g. the belief-bias effect (Evans, 2003)). pqtentlal type (Bocklisch & Bltterh.c.h, 1994). V\(eutﬂme
In belief updating processes, such as customerupro thls_ method for verbal probability expressions ..(e.g
evaluation, there is evidence for the influencnfifrmation ~ Possibl€) but the proposed procedure can also be applied fo
format (verbal vs. numerical) on order effecBhen and Other linguistic terms such as expressions of feeqy (e.g.
Hue (2007) report that numerical information leadotder ~ occasionally), strength (e.g.strong) or others and is
effects whereas verbal expressions do not. It eamsBumed therefore of potential interest for many researcras and
that the utilization of numerical vs. verbal exmies  applications. Furthermore, our method goes beyouglieg
formats result in different cognitive processest timaturn  approaches for two reasons: first, the presentedctdi
have different consequences for decisions. estimation method is frugal, efficient and easyuse to
yield data from human decision makers. Therefords i
suitable for research purposes and especially for
applications where expert knowledge is crucial &b rare
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or expensive. Second, the proposed parametric MHEseo
potential type bring along advantages compared thero
MFs (Zadeh, 1965; Budescu et al., 2003). For irtgtathey
are able to account for asymmetric probability teand are
defined continuously over the numerical probabiktale.
Hence, linguistic terms can be modelled very ré&ahfly.

(e.g. that the numerical probability value 0.250bejs to the
word doubtful). For the analysis of the empirical data
provided by the 121 participants a parametric measitie
function of the potential type (Bocklisch & Bitteth, 1994;
Hempel & Bocklisch, 2009) was used.

This function (see Figure 1) is based on tao$eight

In addition, the MFs can be implemented directly inparametersr marks the position of the mean valuaejs

applications (e.g. in fuzzy decision support syseand the
fuzzy pattern classification approach has potentitdr
psychological research (see Future Prospects atrtteof
this paper).

In contrast to Boegl et al. (2004) we do not exjpleat the
MFs of the probability words are distributed egsidntly
along the numerical probability scale and just likedescu
et al. (2003) we predict the functions to be asymnimén
shape.

Two-Step Trandation Procedure

In this section we present the details of the tteps
translation procedure for the numerical translatbwerbal
probability expressions. At first, the estimaticchnique
and the method we used in the empirical study ifneal.
Thereatfter, the fuzzy analysis and the MFs areifspec

Empirical Investigation

Participants. 121 participants (19 males) took part in the

study mainly for exchange of credits. The majonitgre
undergraduate students of the Universities of Clizmn

Gottingen and Zurich with an average age of 23 syear

(SD=4.6).
Materials and Procedure. Participants read a short
contextual story from the area of medical decisicaking

and were requested to take over the perspectiva of

physician. Then they assigned three numerical galtioe
each of 13 exemplars of probability words (see dliated
words in Table 1, the original material was presénin
German language) that were chosen from previoudiestu
(e.g. Budescu et al.,, 2003). Among the three nuwakri
values that had to be estimated were: (1) the & t
represents the given probability word best and (&g
minimal and (3) maximal values that just correspohile
estimations can be interpreted according to theasém
meaning of the words: the first value characterthesmost
typical numerical equivalent for the word, wheré#as other
values indicate the lower and upper border of thebal
probability expression. Participants were instrdcie give
their estimates in the frequency format (e.g. “owhmany
of 100 cases a certain diagnosis is correct # for instance

representing the maximum value of the membership
function. Regarding a class structura, expresses the
“weight” of the class in the given structure (wee s fixed
a=1 in this investigation). The parametérsandb, assign
left and right-sided membership values at the bardéthe
function. Hence, they represent the border membgssh
whereasc, and ¢, characterize the left and right-sided
expansions of the class and therefore mark theerahghe
class (in a crisp sense). The paramedeandd, specify the
continuous decline of the membership function start
from the class centre, being denoted as representat a
class. They determine the shape of the functionrerte
the fuzziness of the class.
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Figure 1. Parameters of the membership function (f)

A continuous range of membership functions, varying
from a high degree of fuzziness to crisp, is atdéaThis
function type allows considering asymmetry in fuzzy
classes by individual parameters for the left agttrhand
branches of the function. As we expect the MFs tfar
probability expressions to be asymmetric, this Ueatis
especially important for the present study.

Results
In this paragraph we present the results of thiesstal and

improbable?”). This frequency format of estimation was fuzzy analysis of the present study. The descepsatistics

proved to be better than for instance the estimatid
percentages (Gigerenzer & Hoffrage, 1998). Paditip
used a PDF online questionnaire to provide théimeges.

Fuzzy Analysis
Fuzzy Membership Functions. Membership functions are

truth value functions. The membership valug represents
the value of truth that an object belongs to a ifigeclass

were calculated with the help of SPSS software. ther
fuzzy analysis and the modelling of the MFs a saftw
package (Fuzzy Toolbox, 2008) was used.

Descriptive Statistics

Table 1 shows the descriptive statistics for thepieoal
estimates of the most typical values that corredponthe
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presented words. The minimal and maximal estimates,
indicate the borders of the semantic meaning of tt
linguistic terms, were necessary for modelling tes.
Results show that the probability words are disteld all
over the numerical probability scale with varyingtdnces.
The standard deviation and kurtosis show a systema
pattern: probability words near to the borders b t
numerical probability scale (e.gmpossible and certain)
have small standard deviations but high valuesusfolsis.
And probability words in the middle (e.ghinkable and
possible) offer a larger spread but smaller kurtosis value:
Also systematic differences exist for the skew datlng
that probability expressions with means smallentha0.5
are skewed to the right whereas words with meagkehi

than P=0.5 are asymmetric to the left. These findings are

consistent with the results reported by Budesal.€2003).

Table 1. Descriptive statistics for the estimates (most
typical values)

probability word Mear SD Skew  Kurtosis
Impossible 1.44 3.01 3.25 13.39
very improbable 5.53 5.48 1.71 2.72
quite improbable 9.99 7.94 1.42 2.2
Improbable 11.68 9.03 1.43 1.82
hardly probable 17.01 11.05 1.15 1.02
sparsely probab 1857 121¢ 112 .89
Doubtful 2134 1361 72 32
Thinkable 49.33 20.24 .35 1
Possible 51.49 21.6 .54 .53
Probable 6768 124¢ -.01 -.85
quite probable 75.07 12.89 -1.01 1.02
very probable 83.95 9.08 -1.02 1.2
Certair 96.28 645 -2.87 9.99
Fuzzy Analysis

Figure 2 shows the MFs for the 13 verbal probabilit
expressions. The representative valugs iffdicating the
highest memberships are identical to the reportedns in
Table 1.

Obviously, the functions differ considerably in pka
symmetry, overlap and vagueness. Functions at dhgels

(e.g.impossible) are narrower than those in the middle (e.g.

Membership
value

1_A;l“ 34 567

89 1

o—¥ =
(I) 1-impossible OIS 8 —thinkable 1
2 —very improbable ) - 9 - possible
3 —quiteimprobable  Probability 10— probable

4 —improbable

5 —hardly probable
6 — sparsely probable
7 — doubtful

Figure 2: Membership functions of the 13 verbal
probability expressions

11 - quite probable
12 — very probable
13 — certain

The second column of the table presents peagestof
the corresponding estimation data that was redledsi
correctly. According to these results, some ofgtrabability
words are unambiguous and the reclassification veayg
successful (e.g.certain; 93.5% reclassified correctly)
Others are inconclusive and almost no estimatida paint
that was used to describe the MF was reclassifiedbctly
(e.g. improbable; 2.5 % classified correctly). Instead, the
data was classified as belonging to the neighboring
functions.

Table 2. Percentages correct reclassification

probability words Scale (13) Scale (5)
impossible 80.0 95.0
very improbabl 33.1

quite improbable 24.8

improbable 25

hardly probabl 15.1

sparsely probable 25

doubtful 42.4 77.1
thinkable 41z 61.2
possible 6.6

probable 44.2 72.5
quite probabl 33.¢

very probable 18.4

certain 93.5 93.5

thinkable) which is consistent with the observed standard

deviations and Kkurtosis values.
asymmetric and are not distributed equidistanttynglthe
probability scale. From the functions’ positiond)ree
clusters arise, that may be described byl¢d) (MFs 1-7),
(2) medium (MFs 8 and 9) and (3high (MFs 10 - 13)
probability ranges. The 13 MFs overlap in largetpand
especially when they belong to the same cluster.

To test whether the probability expressions aréndisor
not, participants’ estimates were reclassified.l&@shows
the results of the reclassification.

Most functions are

For a verbal probability scale that could be emetbin
psychological research or application, a scale with
probability words would not be useful because trads
are too indifferent according to their meaningst Ba few
words with small overlaps are selected, it is pwesio
create a scale that differentiates very well (see
reclassification rate computed by the Fuzzy Toolbox
Software in column three of Table 2). Figure 3 shanm
example scale with five probability words descrilbgctheir
MFs.
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Membership
value

1

_—

0|5 8 —thinkable
) 10 - probable
Probability 13 — certain

1-impossible
7 — doubtful

Figure 3: Membership functions of 5 selected verbal
probability expressions

Discussion
This paper aims to present a two-step procedurethfer
numerical translation of linguistic terms that gdesyond
existing approaches. First of all, the estimatidnttoee
numerical values for each linguistic term (the miggical,
minimal and maximal corresponding values) is vengél

context in which they are used and therefore wéltdme
less vague which can be observed in the MFs.

Future Prospects

Finally, we will present a short outlook that hiigfits the
potentials of the fuzzy approach for further psyobaal
research in the area of diagnostic reasoning amisida
making.

An advantage of the proposed MFs and the underlying
fuzzy pattern classification method (Bocklisch &ttBilich,
1994) is that the functions serve for the reprext@n and
combination of various kinds of vague knowledgeg.(e.
fuzzy degrees of symptom intensity such kigli fever” or
“low blood pressure”) in a multidimensional way. For
example, a physician considering the likelihoodt tlaa
patient has a certain disease presumably takesagaount
the intensity of two (or more) present symptoms in
combination prior to stating the diagnosis. Figude
exemplifies the content of a possible mental mddea

and data can be gained very efficiently, whereastmo simplified manner: three fuzzy classes (diseaseB® @)d C)

alternative procedures are more costly (Budescualgt
2003). The resulting estimation data can be andlyming
the proposed parametric MFs of the potential typesults
show, that the functions are able to model the thatavery
efficient way, creating averaged membership fumdithat

resulting out of the multivariate combination oforfeatures
(intensities of the symptoms 1 and 2) that are rilesd by
fuzzy potential membership functions.

Furthermore, it is possible to integrate both vagne
crisp information (such as precise predictions of

describe the linguistic terms continuously over theprobabilistic models) in this framework.
numerical probability scale. Because of the eight

parameters, the functions take into account asynymet  membership

which was indeed found in the empirical data. Patam
MFs with fewer parameters would model the data avith
considering asymmetry and would therefore be lesarate
and suitable for the reported data. Another adegntd the
proposed function type is that the parameters can
interpreted in terms of content on a semantic reatal and
illustrate the vague meaning of probability worderw
realistically.

Large overlaps of the functions (see Figure 2)dat
that the words are very similar in their meaninQespite

identifying words that are more distinct in theireaming

the imprecision of natural language, the MFs allow I

than others. Just as Dhami and Wallsten (2005) lse a o ! T 1 T

found five probability expressions (see Figure [Rttare
sufficiently distinct. This is especially usefukfine creation
of verbal probability scales for purposes of reseaand
application that should include unambiguous wordsenv
possible.

Finally, the presented translation procedure serags

Disease A  DiseaseB Disease C

Value p
(= Likelihood)

b

Intensity of Intensity of
Symptom 1 - Symptom 2

v

v

Intensity of Intensity of
Symptom 1 Symptom 2

Figure 4: Representation of medical knowledge using fuzzy
pattern classification method

The distance of the classes as well as their qgveda be

foundation for future investigations concerning theinterpreted in terms of similarity (disease claséeand B

influence of contexts on word understanding. Thfkience
can then be quantified by changes in the parameégising

are near to each other and therefore cause sigyilaptom
intensities, whereas disease C is apart and leskasio the

the MFs. As these parameters can be semanticallgther diseases). Furthermore, shapes and positibiise

interpreted the influence of context on the intetation of
the expressions can be investigated in detailed. Way
Wallsten and Budescu (1990) claimed, it is a prorgis
instrument to uncover the various communicatioesdhat
probability phrases serve. For instance, it islyikbat some
of the ambiguous probability words are clarified the

classes provide information about the discrimingbibf
items in working memory which in turn affects reaisg
performance. According to Oberauer, Suf3, Wilhelnd an
Wittman (2003), the coordination function of worgin
memory (WM) allows the integration of informatiosuch
as symptoms in a diagnostic reasoning processyefdre,
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WM provides simultaneous access to independentlying Systems Association World Congress and 2009 European
elements (such as symptoms and diseases) by pléeng Society of Fuzzy Logic and Technology Conference

in a common coordinate system. The coordinate sysizs (IFSA-EUSFLAT 2009), 885-890.

limited capacity to hold information and keep themJaffe-Katz, A., Budescu, D.V., & Wallsten, T.S. 889.
separated from each other. Hence, it is likely tha Timed magnitude comparisons of numerical and
precision or vagueness of the information elemésmsit is nonnumerical expressions of uncertaintylemory &
described by the MFs) is an important variableuieficing Cognition, 17, 249-264.

diagnostic reasoning processes and decision makinguhn, K.M. & Budescu, D.V. (1996). The Relative
performance. Moreover, it seems possible to prethct Importance of Probabilities, Outcomes, and Vagueires
which extent relevant and irrelevant diagnostic difipses Hazard Risk DecisionsOrganizational Behavior and
will interfere during the reasoning process (Doughe Human Decision Processes, 68(3), 301-317.

Sprenger, 2006) from the fuzzy knowledge represiemta Lichtenstein, S. & Newman, J.R. (1967). Empiricedling
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show less overlap. And the overlap can be quadtifigh (2003). The multiple faces of working memory: Stga
this fuzzy approach. This is currently the objetfurther processing, supervision, and coordinatiloel ligence 31,
investigation. 167-193.
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