N
N

N

HAL

open science

BEWARE OF BLACK SWANS AND DO NOT
IGNORE WHITE ONES?
André de Palma, Mohammed Abdellaoui, Giuseppe Attanasi, Moshe
Ben-Akiva, Helga Fehr-Duda, Ido Erev, Dennis Fok, Ralph Hertwig, Nathalie
Picard, Martin Weber, et al.

» To cite this version:

André de Palma, Mohammed Abdellaoui, Giuseppe Attanasi, Moshe Ben-Akiva, Helga Fehr-Duda, et
al.. BEWARE OF BLACK SWANS AND DO NOT IGNORE WHITE ONES?. 2014. hal-01092090

HAL Id: hal-01092090
https://hal.science/hal-01092090v1

Preprint submitted on 8 Dec 2014

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-01092090v1
https://hal.archives-ouvertes.fr

&

P
PouTECHNIouE ECOLE POLYTECHNIQUE OAJ’S

CENTRE NATIONAL DE LA RECHERCHE SCIENTIFIQUE

BEWARE OF BLACK SWANS AND DO NOT IGNORE WHITE ONES?

André de Palma
Mohammed Abdellaoui
Giuseppe Attanasi
Moshe Ben-Akiva
Helga Fehr-Duda
Ido Erev
Dennis Fok
Craig R. Fox
Ralph Hertwig
Nathalie Picard
Peter P. Wakker
Joan L. Walker
Martin Weber

2014

Cahier n° 2014-34

DEPARTEMENT D'ECONOMIE

Route de Saclay
91128 PALAISEAU CEDEX
(33) 169333033
http://www.economie.polytechnique.edu/

mailto:chantal.poujouly@polytechnique.edu




Beware of black swans and do not ignore white ones?

André de Palma (corresponding author)
Ecole Normale Supérieure de Cachan, 61, avenue du Président Wilson, 94235 Cachan, Cedex,

France and CECO, Ecole Polytechnique, Palaiseau, France
Tel: 33 6 88 71 43 44 ; Fax: 33 1 47 40 24 60 ; Email: andre.depalma @ens-cachan.fr

Mohammed Abdellaoui
HEC-Paris, GREGHEC, 1, rue de la libération, F78351 Jouy en Josas, France

Giuseppe Attanasi
Université de Strasbourg, BETA, 61, avenue de la Forét Noire, 67085 STRASBOURG Cedex

Moshe Ben-Akiva
Massachusetts Institute of Technology, 77 Massachusetts Avenue, Cambridge, MA 02139,
USA

Helga Fehr-Duda
Swiss Federal Institute of Technology Zurich, Chair of Economics, Clausiusstrasse 37, 8092
Zurich, Switzerland

Ido Erev
William Davidson Faculty of Industrial Engineering and Management, Technion, Israel
Institute of Technology, Technion City, Haifa 32000, Israel

Dennis Fok
Erasmus School of Economics, Erasmus University Rotterdam, P.O. Box 1738, 3000 DR
Rotterdam, the Netherlands

Craig R. Fox
UCLA Anderson School of Management and Department of Psychology, 110 Westwood
Plaza #D511, Los Angeles, CA USA

Ralph Hertwig
Max Planck Institute of Human Development, Center for Adaptive Rationality, Lentzeallee 94,
14195 Berlin, Germany

Nathalie Picard
Université de Cergy-Pontoise, THEMA, 33 Boulevard du Port, 95011 Cergy-Pontoise Cedex,
France and CECO, Ecole Polytechnique, Palaiseau, France

Peter P. Wakker
Erasmus School of Economics, Erasmus University Rotterdam, P.O. Box 1738, 3000 DR
Rotterdam, the Netherlands

Joan L. Walker
University of California Berkeley, 111 McLaughlin Hall, Berkeley CA 94720

Martin Weber
School of Business, University of Mannheim, 68131 Mannheim, Germany



Abstract

Uncertainty pervades most aspects of life. Froracsiglg a new technology to choosing a
career, decision makers often ignore the outcorhésed decisions. In the last decade a new
paradigm has emerged in behavioral decision relsearahich decisions are “experienced”
rather than “described”, as in standard decisi@ompn The dominant finding from studies
using the experience-based paradigm is that desiflom experience exhibit "black swan
effect”, i.e. the tendency to neglect rare eveblisder prospect theory, this results in an
experience-description gap. We show that severahtige conclusions can be drawn from
our interdisciplinary examination of the putativgerience-description gap in decision under
uncertainty. Several insights are discussed. Ristle the major source of under-weighting
of rare events may be sampling error, it is argined a robust experience-description gap
remains when these factors are not at play. Se¢badgesidual experience-description gap is
not only about experiengeer se but also about the way in which information canagg the
probability distribution over possible outcomeseiarned.

Additional econometric and empirical work might tegjuired to fully flech out these
tentative conclusions. However, there was a comnsetigat an initially polemical literature

turns out to be constructive in drawing researttveards greater rapprochements.

Key words: Black swans, risk, ambiguity, four-fold patterimon)-expected utility,

probabilistic choices, experience-based decisiokimyadescription-based decision making.



1 Introduction

The standard paradigm for studying decision undsretainty entails presenting
participants with choices between prospects thatdascribed as event-contingent outcomes
(e.g. lose $50 with probability .5, and nothingeasthise; gain $100 if the home team wins and
nothing otherwise). The decision maker is eithevjled with objective probabilities from
the outset (risk), or has to assign subjectivelihkb®ds to events (ambiguity). Most of the
accumulated empirical findings observed a robusteacy for people to overweight small
probabilities, and to underweight moderate to tpgbbabilities under risk (e.g. Tversky and
Kahneman 1992). Similarly, under ambiguity peotded to overweight events that they
perceive to be unlikely, and underweight events they perceive to be likely (Tversky and
Fox, 1995; Fox and Tversky, 1998; Wakker 2010).

In the last decade a new paradigm has emergedhavioeal decision research in
which decision are “experienced” rather than “désdd”. Both probabilitiesand outcomes
must be learned through sampling, i.e. repeated/sdwith replacement from a probability
distribution unknown to the decision maker (Hertwigal. 2004). The dominant finding from
studies using this paradigm is that decisions fexperience are characterized by diminished
impact of rare events (see Barron and Erev 2008witget al. 2004). Taleb (2007) refers to
a related under-sensitivity to rare events as tleekBSwan effect. The contrast between
decisions from experience and decisions underisisisually referred to as the “experience-
description gap.”

In this paper we take a critical look at the exgece-description gap. First, we take
stock of prior contributions to this literature.céad, we propose to investigate ways to enrich
the study of the experience-description gap usthguaced econometric tools that explicitly

account for errors and heterogeneity. Third, wenafit to reconcile the literature on decisions



from experience with recent empirical literature (hescription based) decision under

ambiguity (Attanasi, Gollier, Montesano and Pad¥,3).

2 Risk and Ambiguity in Prospect Theory

In standard decision making under uncertainty pgradan alternative, or prospect
is described by a list of event-contingent outcamesillustrate, letxgy denote the prospect
that pays $ if event E obtains, andy®therwise For instance, setting= 10,y =1, and R =
“rain tomorrow,” the prospect &0 denotes a prospect yielding $10 if there is tamorrow
and $1 otherwise. The evaluation of such altereatiequires an assessment not only of the
desirability of outcomes (utilities), but also dfet likelihoods of the corresponding events
(probabilities or their generalizations). Underkristandard decision theory recommends
evaluating an alternative usirexpected utility(EU), i.e. the probability-weighted average
utility of the outcomes. Thus, the EU ofgll0is P(R)u(10) + (EP(R))u(1) (P: probability;u:
utility). Risk aversionthe preference of a sure outcome over a risky paiswith equal or
higher expected value, is commonly assumed to adrisk, withp = P(E), we often write
Xpy instead ofxgy. EU explains risk aversion using a concave utilinction over states of
wealth—for example if gaining $200 adds less thaicd the utility of gaining $100, then a
decision maker should prefer $100 for sure to ageot that offers a 50-50 chance of $200 or
nothing.

Several empirical results challenge the descriptigkdity of EU. Allais’ (1953)
famous example for risk challenged the descripiafdity of EU. It suggests that people do
not weight the utilities by their probabilities. kogenerally, the assumption of risk aversion
is violated by the commonly observéalrfold patternof risk preferences: risk aversion for
moderate to high probability gains and low proligbibsses, coupled with risk seeking for

low probability gains and moderate to high prokbabibsses (Tversky and Kahneman, 1992).



Rabin (2000) showed that moderate risk aversiorsfaall-stakes mixed (gain-loss) gambles
at all levels of wealth (assuming a strictly in@i®g and concave utility function) implies an
implausible level of risk aversion for large-stakgsnbles.

These empirical and theoretical violations of E®J accommodated lprospect theory
(PT), the leading descriptive model of decision emdncertainty (Kahneman and Tversky,
1979; Tversky and Kahneman, 1992). Under PT, ousoare evaluated with respect to a
reference point normalized to 0. Utilityu is strictly increasing andi(0)=0. It exhibits
diminishing sensitivity: marginal utility diminiskewith the distance from the reference point,
leading to concavity for gains but convexity fosses. Diminishing sensitivity contributes to
risk aversion for gains and risk seeking for lossHse latter goes against conventional
wisdom, but has been confirmed empirically. Fumiae, utility u is characterized blpss
aversionin which the function is steeper for losses tham-g-typically this is modeled by
multiplying utility for losses by a coefficiet > 1 (Figure 1). Loss aversion accommodates
risk-aversion for modest stakes gambles that scalps reasonably proportionally.
Probabilities are transformed by a weighting fumeti’ for gains and by wfor losses, both
normalized so thatv(0)=0 andw(1)=1, and strictly increasing (Figure 2). Henegy is
evaluated byw"(p)u(x) + [1-w"(p)]u(y) if x>y > 0; W (p)Au(x) + [1-w (p)]Au(y) if x<y < 0;

W (P)u(xX) + w (1-p)Au(y) if x> 0 >y.
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Figure 1: Prospect theory utility function



Figure 2 illustrates an S-shaped probability werghtunction. It shows that the lower
probability interval [Og] has more impact than the middle intervalg+q], which is bounded
away from the lower and upper endpoints. Similathe upper interval [1; 1] has more
impact than the middle intervalp,[ ptg]. The underweighting of moderate to large
probabilities reinforces the tendency implied by t8-shaped utility function toward risk
averse for gains and risk seeking for losses, édrses this pattern for very low probabilities,

which are overweighted.
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Figure 2: Probability weighting function

Numerous studies surveyed by Wakker (2010) havéirowed the above qualitative

empirical properties using choices among simpleyr@ospects.

3 The Description-Experience Gap

Research on “decisions from experience” (DFE) emphlradigms in which individuals
learn outcomes and their likelihoods through thgusetial sampling of outcomes. Three
experimental paradigms (see Hertwig and Erev 28068)variants thereof have been used. All

involve a choice between two or more payoff disttibns. In the most populazampling



paradigm people first sample from the distributions asgglas they wish without costs. Once
search is terminated, they decide from which distron to make a single incentivized draw.
In thefull-feedbackparadigm each draw adds to a person’s income, and shesesceraw-
by-draw feedback about the actual and forgone paydfinally, the partial-feedback
paradigmrestricts feedback to the actual payoffs. Compagsof DFE with decisions from
descriptions (DFD; made on described distributiassin the studies of decision-making
under risk; Section 2) reveal a large experiencEmation gap (Hertwig and Erev 2009).
Figure 3 illustrates this gap using six repres@rgatiecision problems. In DFE, people
behave as if the rare events have less impacttttegndeserve according to their objective
probabilities, whereas in DFD people behave dsafrare events have more impact than they

deserve (consistent with PT).

0 Sampling
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w 08 @ Full i
g v _ O Description
2 =
o
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E |
5 04
=
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Problem 1 2 3 4 5 &
Safe option 7 -4.1 11.5 2.2 6.8 11
Rizky option
Maximum 16.5 1.3 256 3 7.3 1.4
Pimaxirmum) .07 005 0,10 093 D96 097
Minimum 5.9 43 8.1 7.2 8.5 19

Expected value 7 -4.0 9.9 23 6.7 11.1

Figure 3: The experience—description gap

Choice patterns in all three experience-based maredare surprisingly similar with
the tendency to “underweight” rare events partidyleobust in the full-feedback paradigm. It
should be noted that when all possible payoffs idemntified explicitly, this eliminates

underweighting of rare events in the sampling pgradsee Abdellaoui et al. 2011b, Hadar



and Fox 2009) though this does not appear to ootuhe full-feedback paradigm (see
Yechiam et al. 2005).

What causes the description—experience gap?

Five broad contributors to the gap have been advangrior research—the first two
relate to DFE and choices consistent with undera&ig and neglect of rare events; the next
two relate to DFD, and choices consistent with wegghting of rare events; the final relates
to both.

Sampling error and sheer unawareness of the rarems’ existence

A world in whichall risks and hazards are fully described is unatbdénal herefore,
we often cannot help but be unaware of rare evehtslose cousin of unawareness is
obliviousness due to reliance on the wrong modet & estimating financial risks with tools
that assume a normal distribution in non-Gaussramr@nments (Taleb 2007). Unawareness
of rare events can also occur in the sampling pgmaéh which people tend to sample little
(see Hertwig et al. 2004) and likely contributedhe experience-description gap documented
using the original sampling paradigm (cf. Hadar &oa, 2009). In fact, when one accounts
for sampling error in the seminal study of Hertwigal. (2004) so that decisions are analyzed
with respect teampledorobability distributions over outcomes (i.e. whatticipants actually
experienced) rather than the “objective” probapititstributions from which outcomes were
sampled (which was opaque to participants), choaoesrd well with prospect theory (Fox
and Hadar 2006).

Selective reliance on past experiences

Reliance on past experiences contributes to teawted impact of rare events in DFE.
In many settings people behave as if they rely mallssamples drawn from their past
experiences (e.g. those more recently experienseel;Hertwig et al.,, 2004), and tend to

choose as if they underweight rare events that tiaen, in fact, experienced. The impact of



this tendency also emerged in talaoice prediction competitiorfecusing on the full- and the
partial-feedback paradigms (Erev et al. 2010a, BRl@he winning models in both
competitions implied reliance on small set of pagieriences.

Tallying

A factor amplifying the gap concerns the way pewaarch in the sampling paradigm.
Hills and Hertwig (2010) found that those who freqtly switch between the payoff
distributions are likely to choose options that wnst of the time in round-wise comparisons.
Such comparisons ignore the magnitude of the wafie@t), thus giving little weight to rare
events. Frequent switchers thus strongly contributee description-experience gap, whereas
infrequent switchers are more likely to take act¢anmimpactful rare events by forming a
running mean.

The mere-presentation effect: Analogical vs. profimsal representations

Erev, Glozman and Hertwig (2008) have argued &éhaere-presentation effeatay
contribute to overweighting in DFD but not DFE. Siheally, DFD involve propositional
representations — e.g., 32 with probability 0.1ptherwise — thus putting morequal
emphasis on outcomes than their actual probakili@rrant. If attention translates into
decision weights, rare and common events’ weighlisregress toward the mean. DFE, in
contrast, invoke amnalogical representation: for instance, draws from the ahemioned
option could lead to this sequence: {0, 0, 0, BA,0, 0, 0, 0}. More attention is allocated to
the processing of the frequent than the rare events

Unpacking and Repacking

When participants sample an entire distributioroofcomes without replacement so
that there is no sampling error, and therefore nawareness, there appears to remain a
reduced but significant description-experience igagheir choices, and selective reliance on

past experiences may not play a role, as judgnastguite accurate (Ungemach et al. 2009).



Fox et al. (2013) validated the robustness offinding and argued that it was due to the fact
that decisions from experience using the sampliagagigm “unpack” occurrence of
outcomes (and therefore attention afforded thenpraportion to their objective probabilities
(Similar to Erev et al, 2008 cited above). Fox ét (@013) show that decisions from
description can be made to resemble decisions &rperience if described outcomes are
explicitly unpacked. For example, describing thécome of a game of chance in a “packed”
manner (e.g., “get $150 if a 12-sided die lands, & $0 otherwise”) leads to PT-like
preferences. In contrast, “unpacking” the same rg#gmn using a table of outcomes by die
roll (e.g., “$150 if the die rolls 1; $150 if théedrolls 2; $0 if the die rolls 3; $0 if the diellso

4”; etc.) leads to the opposite pattern of riskignences, much like decisions from experience.
Moreover, Fox et al. (2013) show that promptingisieas makers to mentally “repack”
events that are sampled from experience (by postgadentification of outcomes associated
with sampled events until after sampling is congugtleads to choices that accord with
prospect theory. This result accords with the afmetioned observation of Hills and Hertwig
(2010) that participants who sample each distrdruseparately tend toward more prospect-
theory like behavior—one presumes that such sapféicilitates a spontaneous “repacking”
of probabilities (i.e. consideration of overall irepsions of probability of each outcome).
This work is important because it suggests thaptitative experience-description gap is not

about experiencper sebut rather about the way in which information isgented.

4 Decision under described ambiguity

It seems a little odd to some of us that evidencdhe experience-description gap has
relied almost exclusively on comparisons betweenE Dgaradigms involving sampled

experience to DFD undeisk. Because outcome probabilities are generally anaig to
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decision makers in the DFE paradigms, a more apfpaoison might be between DFE and
DFD underambiguity

The presence of ambiguity introduces two complicetito decision weighting under
prospect theory. First, decision makers must jutthgelikelinood of events for themselves.
Several studies suggest that to a first approxonathoices accord with a two-stage model
(Tversky and Fox, 1995; Fox and Tversky, 1998; &oa See, 2003) in which the probability
weighting function from prospect theory is appliadged probabilities of events, consistent
with support theory (Tversky and Koehler, 1994; tRiastreich and Tversky, 1997).
Generally people tend to overestimate the likelth@d rare events and underestimate the
likelihood of very common events, which would tetdsamplify the characteristic pattern of
over- and underweighting- in prospect theory. Thkaid, with the standard sampling
paradigm in which a small number of outcomes isgachin a very compact period of time,
judged probabilities are generally quite accura&tg.( Fox and Hadar, 2006), perhaps due
people’s natural facility in counting (e.g. Hashed Zachs, 1984).

Second, the shape of the weighting function cary u@&y domain orsource of
uncertainty, which is defined as a group of events that — bajegerated by the same
mechanism of uncertainty — have similar charadiesigsee Tversky and Fox 1995, Wakker
and Tversky, 1995; Abdellaoui et al., 2011a). Ehieraccumulating experimental evidence
that the probability weighting function is systeroally affected by specific characteristics of
the decision situation, whereas the curvature efutility function is not (e.g., Fehr-Duda and
Epper 2012). For example, departures from lineaghtmg are more pronounced in affect-
laden situations than in comparatively pallid ofRettenstreich and Hsee, 2001), and high-
stake prospects are evaluated much less optintigtic. lower elevation) than low-stake
prospects are (Fehr-Duda et al. 2010). More tthet, people typically exhibit aversion to

betting on ambiguous events (Ellsberg, 1961), palgrly when they feel relatively ignorant
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or incompetent assessing those events (Heath ardkiyy 1991; Fox and Tversky, 1995; Fox
and Weber, 2002) though ambiguity seeking is oocadly observed, especially for losses
(Camerer and Weber, 1991).

If ambiguous probabilities are weighted compardgivenore pessimistically than
chance (risky) probabilities, it stands to readwat sampled outcomes will also be evaluated
more pessimistically (especially when directly casted with described risk; cf. Fox and
Tversky, 1995). In fact, Abdellaoui et al. (201Xd¥)serve such a difference in elevation of

probability weighting functions between DFD and DEBnsistent with this point of view.

5 Calibration and estimation

We assert that the study of the putative experigleseription gap can be enriched by
applying advanced econometric estimation of decigarameters, first individual, then for
(heterogeneous) groups (See Ben-Akiva et. 2012,Vdibcbx 2008). We assume observed
preferences between J pairs of prospeggsandx'qy’ The vectors denotes the subjective
parametersletermining(w,u). We assume only gains, writing=w". The PT value okyy,
PTs(Xoy), ,depends ons. Our general notation facilitates applications tbé following
techniques to decision models other than PT andattaw us to examine robustness of an

experience-description gap.

Deterministic models

One way to estimat&is by minimizing some distance function. If we caay, derive
certainty equivalents from our data, then we cde tasuch that the certainty equivalents
predicted by are as close as possible to the observations.h&netay is to minimize the
number of observed choices in J thahispredicts. This will usually give a region oftiopal

0s.
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Stochastic models

Thus far we have assumed a deterministic modelhofce and specified no error
theory. We next consider a number of probabilisticice models. After describing an error
processmaximum likelihoodML) estimation can be used to estimate

Trembling or misreporting

Decision makers can get confused and choose ragdeay with probabilityr. In this
case the probability of a “wrong” choice becom#a It can be shown that the likelihood is
then maximized by maximizing the number of cornegiledicted choices, agreeing with the
aforementioned second deterministic way. The Mlineste ofz is twice the proportion of
incorrect prediction choices.

Continuous error

An alternative error process entails that a randomd independent, continuously
distributed noise terra is added to each PT value, or that each PT valumuitiplied by a
random positive factor. It can be seen that weinlitee well-known logit model whe& has
an extreme value distribution. In the additive ¢cake decision maker now choosgg over
X'qy" with probability

exp[PTs (xp¥)]
exp[ZPTs (xpy)] + exp [2PTs (x'q¥")]

wherec >0 denotes the scale parameter of the extreme datréoution. The bigges is, the
closer we are to random, fifty-fifty, choice. Fetending to 0, we approximate deterministic
choice. ML can again be used to estimasndo.

Random parameters

Some error models assume that in each choice isttuatnew PT model is chosen
according to some probability distribution ov&r For example, the power of the utility

function may be determined randomly for each chdigbereas the above models allow for
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implausibly frequent violations of stochastic doamee (when the PT value is close between
two options, but one stochastically dominates agrofitospect), these models allow for no
such violation. The resulting likelihood functioase more complex and require simulation
methods (Train 2009) especially when several imdial parameters have to be measured
simultaneously (e.g. the power of the utility fuoat the kink of utility between gains and
losses, and the parameter of the probability weaghtunction, as in de Palma and Picard,
2010).

Error theories for decision from experience

In DFE, probabilities of outcomes are not describiedubjects, but subjects have to
learn them from sampling. To formulate this leaghone could define the decision maker’s
knowledge about the unknown probabilitipsand q as the (prior) probability distribution
f(p,q) One can then apply PT usifig,q) and invoke the above error theories, combined with
theories of learning and updating. This may leachéav explanations of the discrepancies

between DFE and DFD, such as regarding the weiglitinrare events (black swans).

Group models and heterogeneity

While the above models focus on parameters antigidual level, the techniques can
also be used to estimate population or group lpaehmeters. Heterogeneity dfcan either
systematically vary across the population in thgitl@quation above (by interacting the
parameters with individual characteristics) or @néy vary as in the random parameter
model. The random parameter distribution is assutmdxk a distribution across a population
rather than across decision instances of a simglevidual. The random distribution can be
either continuous or discrete. The discrete cadatémt class choice model) allows one to
estimate segments of the population that havendidfi different decision behaviors. The
resulting model describes both who is likely toibehe segment as well as the segment-

specific behavior (Walker and Ben-Akiva 2011). Thauld be useful in capturing different

14



probability weighting functions and loss aversioham@cteristics as influenced by the
experimental design.

In one early attempt at econometric estimation, &oal. (2013) compared choices in a
DFE sampling paradigm to choices in decision urrddke by the same participants over a
number of studies. They relied on the most suégleparameterization of PT from a horse
race run by Stott (2006), which included a logitoermodel. A common utility function
parameter and error parameter were assumed to &p@)FE and DFD, but the (single)
weighting function parameter was allowed to varyoas methods. Estimation was
accomplished using simple MLE. Results of this stigation found that data accord well
with a stochastic PT model in which decisions frdescription are characterized by an
inverse-S shaped weighting function and decisionsnfexperience are characterized by

decision weights that almost exactly linear (Vgp) = p).

6 Conclusions

Several tentative conclusions can be drawn fromirderdisciplinary examination of the
putative experience-description gap in decisioneanchcertainty.

First, while the major source of under-responsigsn® rare and “Black Swan” events
may be sampling error (which can cause sheer ueaeas that rare events could occur) and
misplaced faith in Gaussian distributions (whiclm ¢ave rise to misplaced confidence that
rare events will not occur), a robust experienceedption gap remains when these factors
are not at play.

Second, the residual experience-description gamisonly about experiengeer sebut
also about the way in which information concerniing probability distribution over possible

outcomes is learned by a decision maker. Thus, adstthat draw decision makers’ attention

15



to possible outcomes in proportion to their probtds of occurrence (in any sort of
analogical fashion) may cause decision makers tghvéhem more linearly.

Third, if one accounts for the fact that DFE pagats entail ambiguity then one ought to
compare DFE to DFD under ambiguity (rather thaR)yisvhere decision makers generally
tend toward more “pessimistic” decision weighte firesence of ambiguity may therefore
account for some of the putative experience-descngap.

Finally, much future empirical and econometric wegkequired to fully flesh out these
tentative conclusions, but we are encouraged tatsdean initially polemical literature has
spawned so much constructive new empirical work ithdrawing researchers toward greater

rapprochement.
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