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Abstract

The probability weighting function describes thggwlogical weight placed on
unambiguous probabilities that depend on randomtseverlhe inverse S-shape of this
function has been well characterized in the liteiat However, little research to date has
examined the shape of the probability weightingctiom for a particular type of
ambiguous prospect: one that depends on a perskii,xnowledge, or ability. We
estimate the shape of this function using partitigaconfidence estimates for trivia
answers and certainty equivalents for the chanbeton their answers. We also
estimate the typical probability weighting functior precise probabilities by having
participants give certainty equivalents for therat®ato play lotteries with probabilities of
winning set equal to their confidence estimatese fiMd that the probability weighting
function for skill-based confidence has a uniquershape, where mid-range
probabilities are heavily underweighted. Moreowen, results help explain Heath &
Tversky’s (1991) paradoxical betting effect: atthapnfidence levels people prefer to bet
on their answers rather than an equiprobable jo#ted at low confidence levels people
prefer the equiprobable lottery over betting onrthaswers. We replicate the Heath &
Tversky effect and show that it can be explainediffgrences between the weighting of

probabilities on ability-based versus chance events



The probability weighting function for confidencstienates

In 1961, Daniel Ellsberg famously suggested thapjeeare prone to ambiguity
aversion. That is, they prefer to take risks thegterstand rather than those whose
probabilities are unspecified. If people reallg ambiguity averse, the implications are
profound. Those who are averse to ambiguity wéteris paribusprefer to stay in
salaried jobs than to start their own businessesse/inewards are less certain. They will
likewise be reluctant to experiment with new praduoew investments, or new foods.
These are all uncertain prospects whose chancgoéss are often more ambiguous
than the products, investments, and foods they know

Thankfully, many people do start their own busiesssry new products, and
diversify their investments. Heath and Tversky9QI)Poffered an explanation. They
demonstrated that when the ambiguous prospect deenan individual’s skill, it is no
longer the case that people find ambiguity aversimstead, when they feel confident of
their own success, people prefer to bet on theraselther than on an equiprobable
lottery of known risk. So, for example, when Heatld Tversky found that when a
sports fan is asked an easy sports trivia questiowhich he is 90% sure that he knows
the right answer, he will strongly prefer to takeed that pays him $100 if his answer is
correct than a lottery with a 90% chance of winrid§0. This individual is choosing an
ambiguous risk over a clear one, since his chaofcgstting the question right are less
precise than his chances of winning the lottergvéitheless, he chooses to bet on his

ability.



Heath & Tversky (1991) explain this finding withettkompetence hypothesis:
people prefer ambiguity when they feel competerhédecision context and thus
confidence in their judgment. On the flip sidegple will prefer the precise probability
of a lottery when they feel incompetent and judghoemfidence is low. They replicate
this basic pattern of betting across a range ofaloesy such as general trivia questions,
sports, politics. When people feel confident thegfer to bet on their ability to make the
right judgment rather an equiprobable lottery ettely with a probability of success
equal to their confidence estimate for their judgmeExactly the reverse occurs when
people do not feel confident. Then they preferléss ambiguous option: the
equiprobable lottery.

This effect, termegaradoxical bettingis interesting because if confidence
estimates are properly calibrated, people shouiddi&erent between betting on
themselves and the equiprobable lottery. Howesarfidence is not well calibrated.
There exists a substantial psychological literatieonstrating that people are
overconfident at moderate to high probabilitiegpfagimately 60% confident or greater)
(see Lichtenstein, Fischhoff & Phillips, 1982 fervrew). For example, among a set of
trivia answers with judged confidence of 80%, apprately 50% of the answers will
actually be correct. As a result of overconfidemsople lose money by choosing to bet
on their answers over a lottery equal to their (Im@nfidence — approximately 15% of
expected earnings (Heath & Tversky, 1991). Go@2i®3) replicated the paradoxical
betting effect by comparing willingness to bet omid answers versus accepting a

guaranteed amount of points equal to the average @ the bet. Risk seeking



increased with confidence and again, subjects ddawveer points because of this
tendency.

Intrigued by the paradoxical betting effect, we@atto extend the implications
of this finding to inform the literature on the pability weighting function. We
reasoned that paradoxical betting could be expienyeimportant differences between
the probability weighting function for pure chareeents and the probability weighting
function for confidence estimates. Specificallyeveighting of confidence relative to
chance at high probabilities and underweightingasffidence relative to chance at low
probabilities would result in the paradoxical badtpattern: betting on judgment at high
confidence and betting on a lottery equal to canfak at low confidence.

The vast majority of the literature on probabiligighting has examined
probabilities that depend on purely random evemgemarily lotteries (e.g., Kahneman
& Tversky, 1992; Prelec, 1998; Gonzalez & Wu, 198Bdellaoui, 2000}. The
probabilities associated with random events arenlbmguous, in that they are precisely
specified or can be can be calculated, and thegarmpletely out of ones’ control, in that
there is no way to increase your probability obaipive outcome.

Outside of the laboratory, the resolution of uraiety rarely involves pure
chance. In the real word, outcomes often depenahers skill, ability, intelligence,
knowledge, motivation, etc. — factors that aredme degree under your control.
Moreover, for prospects that depend on one’s asliprecise probabilities can not be
calculated. People must introspect to determiag tonfidence that they will have a

positive outcome. The probability that your invesht portfolio will be profitable, that

! There has also been some research examiningdbalglity weighting function for ambiguous riskde.
Hogarth & Einhorn, 1990; Tversky & Fox, 1995; FoxXT&ersky, 1998, Kilka & Weber, 2001)



your marriage will succeed, or that your goal carrdached are all inherently ambiguous
and to some degree under your control. We spexctiiat the probability weighting
function differs for these types of real world grests in which people can exercise
control over the ambiguous probabilities associatitkd outcomes.

For such prospects, people base their decisionngaia their confidence
estimate that a given outcome will be achieaad on the weight they assign to their
confidence. This formulation is consistent witR-atage model of decision making for
ambiguous prospects (Fox & Tversky, 1995, 1998ka&& Weber, 2001). First people
judge the probability and then they weight it bg grobability weighting function. To
give an example, let's say you have an idea farsaness venture. You judge that you
are 75% confident that you have the right skillsowledge, contacts, motivation,
resources to be successful. The question we algra@sthe second stage of the process:
How will you weight your 75% confidence as you exsé the utility of the prospect?
The normative standard for the first stage of tbeision making process is proper
calibration. That is, you should succeed 75% eftiime across all prospects for which
you are 75% confident. The normative standardhifersecond stage in the process is
linear weighting of confidence, as both underwermghtind overweighting leads to
deviations from expected-value maximizing decisi@ssuming calibration is correct).
Decision making about whether or not to perusevargcourse of action, which course of
action to select from a set of alternatives, amdvidduation of a prospect that one owns
the right to pursue all depend on how confidenceaghted.

Despite the relative importance of understanding people weight confidence

estimates for decision making, we know little abihig function looks like. In the



current paper, we estimate the shape of the prityalbeighting function for confidence
estimates and contrast it to the well charactenmetability weighting function for
chance events. We hypothesized that differentegjlating of random probabilities and
confidence estimates can account for the paraddxétang effect.

The probability weighting function for precise rama probabilities, as described
by Kahneman & Tversky (1992) has several distiaatdres. It is an inverse S-shaped
function, which is concave for low probabilitiesdacronvex for high probabilities.

People subjectively overweight the likelihood olviprobabilities and underweight the
likelihood of high probabilities. The functionrslatively flat in mid-range probabilities,
indicating diminished sensitivity to changes inlmabilities. Since the paradoxical
betting effect demonstrates that people prefermgetin chance when their confidence is
low to moderate, we hypothesized that confidentienates are underweighted relative to
chance at low to moderate probabilities. The reves true at high probabilities. People
prefer to bet on themselves when they are highhfident, thus we hypothesized that the
confidence estimates are overweighted relativéngmce at high probabilities.

Similarly, Goodie (2003) first proposed confidemstimates can be modeled
using the probability weighting function of prospéteory and that paradoxical betting
can be accounted for with a weighing function fonfadence that is progressive
(underweights low probabilities and overweightshhpgobabilities). Goodie (under
review) qualified this account by noting that theighting function for confidence
estimates need not be progressive, but simplyréggessive than the probability

weighting function.



The familiar inverse-S-shaped probability weightfagction was described by
Tverskey and Kahneman (1992) using a one pararugtetion that captures the
discriminability or sensitivity between differentgbabilities:

b

p
p’+ (- p)” @)

w(p) =

Later a two-parameter function was proposed (see@ez & Wu, 1999 for discussion),

where one parameteg () controls curvature (i.e. discriminability or s#ivity) and one

parameter § ) controls elevation (i.e. attractiveness):
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Asg increases, the sensitivity to changes in proldgslincreases (i.e. there is less
curvaturef A low g results in a probability weighting function thasembles a step

function. Asaincreases, elevation or attractiveness increasssveeto the objective
probability (i.e. the 45 degree line). This paréanallows the function to be completely
above or below the 45 degree line. We modeled fpjonfidence estimates and
precise probabilities using this two-parameter Wergy function, as it places fewer
constraints on the shape of the function than tleegarameter function.

Note that our predicted pattern of results canbeoachieved by statistical

differences between conditions fgror o alone. The two parameters vary together to

2 This is true so long as the function is regresaive not progressive, i.e. curved in the otherctive
where low probabilities are underweighted and lugibabilities are overweighted.



effect the shape of the weighting function. Lesgressivity (a higheg) will not

necessarily produce the predicted pattern (untessurves crossed the 45 degree line at
a high probability) and we make different predingdor elevation § ) depending on the
probability range. Thus, we predictedgaa combination that produces a confidence
weighting function that is underweighted for lownmderate probabilities and
overweighted at high probabilities relative to tireighting function for chance.

We are not the first to offer an explanation fog guestion of why people exhibit
paradoxical betting. Heath & Tversky (1991) spatad that perhaps their results had
something to do with credit and blame. The lodithes explanation would have to go
something like this: when people feel competeray tieel they deserve more credit for
betting on their own abilities and succeeding ttieay deserve blame for failing. This
difference does not hold for high-probability chargambles — attributions of credit and
blame for winning random lotteries should be legmningful. Thus, in anticipation of
credit for being correct, they prefer to bet onirt@swer at high probabilities. Yet this
whole pattern reverses itself in domains where |gefgel incompetent, and there people
feel they deserve relatively more blame for failtivan credit for success, so they prefer
the equiprobable chance gamble. Taylor (1995)dquartial support for this hypothesis.
Her results are somewhat complex, however, an@mitiely consistent with Heath and
Tversky. We explore the ability of credit and blattributions to account for
paradoxical betting and contrast this explanatith wur differential probability
weighting hypothesis.

Overview of experimentdn the current study, we test the proposition that

confidence-based betting can be explained by eifficl weighting of probabilities of



winning a lottery and confidence estimates. Expernit 1 elicits the weighting function
for confidence and for chance probabilities in twleen-subjects design. Participants
give confidence estimates for trivia questions ti@h give certainty equivalents for their
willingness to bet on their answers. They als@ gigrtainty equivalents for lotteries with
specified probabilities. Participants then stalether they prefer to bet on their answer
or an equiprobable lottery. The results are comsisvith our proposition that

differential weighting of confidence and chancelakys paradoxical betting, but because
we used a between-subjects design, we are unablatistically test the hypothesis using
difference scores in certainty equivalents for ceaand confidence. Experiment 2
largely replicates the results of Experiment 1 gsirwithin-subject design and we do
find that difference scores predict paradoxicatibgt Experiment 2 also explores the
guestion of whether credit and blame attributioss affer a psychological explanation

for paradoxical betting.

Experiment 1. Between-subjects design
Methods

Participants. Seventy-seven Carnegie Mellon University undergatek
participated in this experiment. They were reeditrom a subject pool in which
students received extra credit in one of theirthess school classes in exchange for
participation. Participants were run in groupgpproximately 20 subjects per session.

Procedure. Initially, participants answered 30 trivia quessorSince we were
most interested in the extremes of the weightimgfion, the trivia questions were

selected based on pre-testing to be either haed®y in order to have confidence
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judgments cluster at low and high probabilitiesn @&ample of an easy question was,
“Who is currently vice president of the United &®” An example of a hard question
was, “The musical “Rent” is a modern retelling diat opera?” See Appendix 1 for a
complete list of the trivia questions.

Next, the experimenter explained that the partidipavould complete three more
sections of the experiment, with 30 questions Thesection and $100 at stake for each
guestion. At the conclusion of the experiment, pagicipant would be chosen at
random to have one of his or her questions coutfit kgal money at stake.

The next two sections were counterbalanced: thédamce judgment section and
the pricing section. In the confidence judgmertisa, the instructions asked
participants to indicate their confidence thatitlagiswer for each question was correct,
from 0% confident to 100% confident. In ordernoentivize the participants to give
accurate estimates, the quadratic scoring ruleused. This rewards participants based
on both on whether their answer was correct anghein confidence. If the answer was
correct then the money they received was 2anul if the answer was incorrect, they
received 1-p where p is confidence (von Winterfelt & Edwarti986; Selten, 1998).
With this procedure both under and over confiderecdeice potential earnings. The
instructions contained a chart to help explaingt@ing system and explained that they
could make the most amount of money if they gaweiate judgments. See Appendix 1
for experimental materials. Participants were gigezen pens to fill out their confidence
estimates to prevent them from gaming the sconystes by changing trivia answers to
wrong answers and stating that they were 0% conffjdie which case each question

would be worth $100 by the quadratic scoring rule.
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For the pricing section, half of the sessions wkeeTrivia Pricing Condition and
the other half were the Lottery Pricing Conditidn.the Trivia Pricing Condition we
elicited certainty equivalents for each questiorabking the most they would be willing
accept to sell a bet where they would get $100sirttrivia answer was correct, $0
otherwise, for each trivia question. In the Logtericing Condition each participant was
yoked to a participant in the Trivia Pricing Comaiit. We elicited certainty equivalents
for lotteries with probabilities equal to the catgnce estimates given by participants in
the Lottery Pricing Condition, by asking the mdsyt would be willing to sell a lottery
with an X% chance of winning $100, $0 otherwise.chses where a participant in the
Trivia Pricing Condition had duplicate confidenadues, random probabilities where
generated. For example, if a subject in the TriRfiging Condition reported being 50%
confident for two trivia questions, the yoked subj@ the Lottery Pricing Condition
priced one lottery with a 50% chance of winning @a0d one lottery with a randomly
chosen percent chance of winning $100. As a reselhad many more observations in
the Lottery Pricing Condition than in the Triviaiédng Condition. In order to bolster
observations in the Trivia Pricing Condition, wa ¥4 subjects in the Trivia Pricing
Condition and 33 subjects in the Lottery Pricingh@ition. We rewarded accurate
valuation using a modified Becker-DeGroot-Marschakcedure (1964) procedure with
the end points $2 and $98, in $2 increments. sibgect in the Lottery Pricing
Condition was excluded for not understanding thekBe DeGroot-Marschak procedure.

In the last section of the experiment, we usedgutares similar to those of Heath
& Tversky (1991) in order to replicate their effed¢tor each trivia questions, participants

chose whether to be on their answer for $100 ifezr $0 otherwise, or to bet on a
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lottery with a probability of success equal to treinfidence estimate. Participants were
given red pens to complete this section to pretrerh from gaming the experiment by
changing all of their confidence estimates to 1G0% reporting that they wanted to bet
on a lottery equal to their confidence estimat®eee Appendix 1 for experimental
materials.

Results

Paradoxical bettingThe Heath & Tversky paradoxical betting effect was
replicated in our data. We expected that as cenfid increases, people would be more
likely to prefer betting on their answers over gaiprobable lottery. Confidence
significantly predicted the preference to bet or’smnswer over an equiprobable lottery
using logistic regression analysis with standardrerclustered by individual, (Odds
Ratio=1.037=7.18,p<.01, obs=221%seudd?’=.28). For every percentage increase in
confidence, the probability of betting on their wes increased by approximately a third
of a percent. See Figure 1 for a graphical reptesien of this effect.

Differential pricing of trivia and lottery betsThe results are consistent with the
hypothesis that paradoxical betting can be exptaimeunderweighting of confidence at
low to mid probabilities and overweighting of caidnce at high probabilities, relative to
the probability weighting function for chance eventable 1 displays the mean value of
the certainty equivalents for betting on answexslatteries for different levels of
probability. For probabilities and confidence jutgnts between 20% and 59% the
certainty equivalents for answers are significalggs than the certainty equivalents for
the lotteries. Above 59%, the underweighting idor@er significant and the effect

reverses above 90%, with the mean value for taviswers exceeding the mean value for
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the lottery. Though there is actually non-sigrafit overweighting of confidence relative
to chance below 20%, this does not contradict pressresearch on the paradoxical
betting effect because all experiments on paradbkietting to date have examined
confidence levels of 20% and higher, (Goodie, 2@3pdie &Young, under review;
Heath & Tversky, 1991; Taylor, 199%)Additionally, as can be seen in Figure 1,
paradoxical betting is not observed for confider@&D.

The results are summarized in Figure 2 using adswsenoothing function that
carries out a locally weighted regression. Thigcfion also allows us to examine the
shape of the function without imposing a paramedtiacture on the data. The data
reveal that the probability weighting function leabow shape, where there is a great deal
of underweighting for mid-range probabilities.

Two-parameter weighting functiomAs described in the introduction, we modeled

w(p) using a two-parameter weighting function, vhene parameteig() controls

curvature (i.e. regressivity or sensitivity to cgaa in p) and one parameter)(controls

elevation (i.e. attractiveness):

mg
a? +(1- p)?

w(p) =

% There is one exception in which Heath & Tverskgmined inherently low probability bets, e.g., who
will win the Super Bowl next year. They find pacaétal betting in that people who felt competentha
domain, e.g. sports fans, preferred to bet on treswer. However, in the current study, we wouigeet
low confidence estimates to be attributable tock taf competence. Whereas, in Heath & Tversky 1399
low confidence was attributable to there being mamssible outcomes, e.g. many teams that could
potentially win the Super Bowl.
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We estimateg andad separately for each condition using standard neal

least squares estimation in Stata. Table 3 displas parameter estimates for the Trivia
Condition, reflecting the confidence weighting ftion, and the Lottery Condition,
reflecting the probability weighting function fohance. All of the parameter estimates
were significant at p<.001. As can be seem froennibn-overlapping confidence
estimates, both parameter estimates are statigteitierent between conditions. The
significantly highep of the confidence weighting function indicatesttis less
regressive (it is more linear) than the probabiNgighting function for chance (see
Figure 3). The significantly higher of the probability weighting function reflects tha
overall, chance events are viewed as more atteactidiowever, this finding must be
gualified by the observation that this differenseliiven by the high degree of
underweighting of confidence relative to chanceat-range probabilities. At high
probabilities, this is not the case, as can be seEigures 2 and 3.
Discussion

We find support for our claim that differential wghting of probabilities
associated with chance and probabilities assocwitidconfidence explains paradoxical
betting. Visual inspection of Figures 2 & 3 confs that our results are consistent with
the pattern that we predicted (note paradoxicdifgetioes not hold at probabilities
lower than 0.2). The significant differences bedweonditions at different probability
levels were in the expected directions.

Taken together, these results suggest that gneatghting of confidence relative
to chance can predict willingness to bet on one/s knowledge, rather than leaving it to

chance to decide the outcome. However, if iscliffito make this assertion because we
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can not directly analyze whether difference scoets/een trivia pricing and chance
pricing predict willingness to bet on one’s answeéhis is because different groups
priced lotteries and confidence. The primary metion for Experiment 2 was to be able
to statistically test whether the difference betvkstery pricing and trivia pricing
predicts the willingness to bet on one’s answeelmploying a between subjects design
in order to generate difference scores. FurthgoeBEment 2 extends Experiment 1 by
collecting credit and blame attributions in ordetdst the hypothesis proposed by Heath
& Tversky (1991) and Taylor (1995) for paradoxibatting.

The different shapes of the weighting function kestw conditions, not the
statistical differences between conditions forgheameters, support our predictions
regarding differential weighting. This is becawseying neither curvature nor elevation
alone can produce the predicted pattern. Howeherstatistical differences in the
parameters indicate that the confidence probahilgighting function is distinct from the
probability weighting function for chance eveni&he significantly highew for chance
indicates that, overall, the attractiveness ofibgtbn lotteries is greater than betting on
one’s confidence, though as predicted, this igmat for high probability ranges. The

significantly higherg for confidence estimates suggests less regresaind that people

are more sensitive to changes in confidence theydhe for probabilities.

Experiment 2: Within-subjects design
Methods
Participants. Participants were eighty Carnegie Mellon Undergeaési recruited

from the same subject pool described in Experinienthe experiment was
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computerized and held in sessions of approximabeinty participants per session. One
participant was excluded for technical reasons whemromputer malfunctioned and
another was excluded for complaining of emotionstrdss due to personal problems
during the experiment.

Procedures.The procedures for this experiment were very simdahose in
Experiment 1. The main difference was that eactigg@ant completed the lottery
pricing andthe trivia answer pricing. The experiment wasearcomputers in order to
facilitate the participants’ pricing of lotteridsat were equal to confidence judgments.
Finally, procedures were added to assess crediblanake attributions for betting on
lotteries or trivia questions.

The trivia questions were also changed from aaslyhard questions only to
guestions of moderate difficulty. This design dem was made based on the results of
Experiment 1, which revealed interesting effectshat-range probabilities. Questions of
moderate difficulty were chosen based on pre-tgstiWe selected questions were there
was a relatively flat distribution of confidencdismtes. We reduced the number of
trivia questions to 20 due to time constraintse 8ppendix 2 for a complete list of trivia
guestions.

After answering trivia questions all participantsre/ informed that the next four
sections of the experiment contained questions $400 at stake for each question. One
person would be selected at random to have orngesétquestions count for real money.
Participants then gave confidence judgments rewlaadeording to the quadratic scoring

rule.* Since this was a between-subjects design, ajéstsbcompleted the Lottery

* We did not counterbalance the order of confidearm estimates and trivia pricing as we did in
Experiment 1 because no order effects were found.
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Pricing and the Trivia Pricing using a modified BOgvbcedure. The order of these two
sections was counterbalanced. For the Lotteryrigyiparticipants priced lotteries equal
to their confidence estimates. As in Experimenottery probabilities were randomly
generated in cases where their were duplicate demée estimates (so as not to ask them
the same question twice) and in cases where theleone estimate was equal to O or
100, since they should always value these lotteti&® and $100 respectively. Next, as
in Experiment 1, each participant was then givendtoice of either betting on his
answer or for each question or betting on an eqbagtle lottery.

Next participants reported credit and blame attrdms. These procedures were
based on those described by Taylor (1995). Fdr padicipant, four trivia questions
were selected at random. For each of these qusstitey were shown the choice
between betting on their answer and betting ongaipeobable lottery. They were then
asked how much credit they deserved if they behein answer and were right, how
much blame they deserved if they bet on their answe were wrong, how much credit
they deserved if they bet on the lottery and waa, lmow much blame they deserved if
they bet on the lottery and were wrong. The oodéhese questions was
counterbalanced between participants. Responsesrej@orted using a 7-point scale
anchored at 0 = none at all and 7 = very much. Agendix 2 for an example of this
procedure.

Finally, participants reported anything that theyrid confusing in the

experiment along with demographic information.
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Results

Differential pricing of trivia and lottery betsin Experiment 2 we also replicate
paradoxical bettering (Odds Ratio=1.@%3.62,p<.01, obs=156RPseuddR2=.06)(see
Figure 4). The results are consistent with our axalion for paradoxical betting and are
largely consistent with the results of ExperimentMean pricing over probability ranges
are displayed in Table 2. For probabilities andfictence judgments between 20% and
70%, the certainty equivalents for answers areifsigntly less than the certainty
equivalents for the lottery. Above 79%, the diéfiece diminishes, becoming marginally
significant, and above 89% there is no differendée do not observe overweighting of
confidence at high probabilities, as we do in Expent 1, but the decrease in
underweighting could drive the effect. Again, #hare no significant differences below
20%, but this is not a problem for interpretinggaoxical betting since it has not been
shown to occur for confidence levels below 20%rti@rmore, Figures 1 & 2 indicate
that at very low probabilities betting on one’s\was seems to decrease with confidence.

Results are summarized in Figure 5 using a lowesothing function that carries
out a locally weighted regression of the data. sehresults replicate the bow-shaped
function for confidence judgments.

We conducted fixed effects logistic analysis &t tehether the willingness to bet
one’s answer over an equiprobable lottery can bewated for by greater pricing of
trivia answers over lotteries. Difference scoresengenerated for all observations in
which the probability of the lottery was not randgmgenerated. Fixed effects regression
was used to account for individual variation incprg. The difference score, ‘Price

Confidence - Price Probability’ is significant, indting that the preference to bet on
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one’s answer can be predicted by differences iptbbability weighting function for
confidence and chance (Specification 1 in TableVgrification of this effect can be
seen visually in Figure 6.

Next we include confidence in the model. Consistath paradoxical betting,
confidence significantly predicts preference todiebne’s answer over an equiprobable
lottery (Specification 2). Visual examination bktdata revealed that there was a U-
shape in the preference to bet on ones answekcifispgon 3 reflects this with a
significant quadratic term. The results remainhamged if the quadratic term is
excluded from the model. Specifications 4 & 5 stibat the effect of the difference
score remains significant controlling for the effe€confidence. However, this result
only a partial explanation; differential weightidges not mediate the relationship
between confidence and betting, since confidenorires significant when it is added to
the mode (Specifications 4 & 5).

Credit and blame attributionTaylor (1995) found evidence to support the
hypothesis that people prefer to bet on their arswéen they feel confident because
they will experience more credit for correct ansswdwan they will experience blame for
incorrect answers. It is not the case that yoaivecmore credit for winning a high
probability lottery than blame for losing, so bedtion one’s answer is more appealing.
Specifically, Taylor found that confidence preddtteth credit for one’s answer and
blame for one’s answer, but that the slope wastgrdéar credit than for blame,
indicating that at high confidence people feel tdegerve more credit for correct
answers than blame for incorrect answers. Shesstiaat since the comparison is

between two regression slope coefficients, themmigselevant statistical test.
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Additionally, she did not address whether theserfge of credit- or blameworthiness
mediated the effect of confidence on the decisiopet on one’s answer over the
equiprobable lottery

In our analysis, we find mixed support for the aradid blame hypothesis. We
find that confidence significantly predicts botledit for a correct answer and blame for
an incorrect answer. However, our results do eplicate Taylor’s findings. The slopes
were identical for credit and blame attributior@&redit for one’s answer is significantly

predicted by confidence =.02,t=6.64,p<.01,R?=.12. Blame for one’s incorrect
answer is also significantly predicted by confidertt=.02,t=6.17,p<.01,R?=.11.

However, we do find some support for this hypothedien the credit and blame
measures are used to predict willingness to beina's answer instead of an
equiprobable lottery. We generated a new varidBkdra Credit Answer’, equal to
credit for betting on a correct answer minus bldondetting on an incorrect answer.
We also generated, ‘Extra Credit Lottery’, equattedit for winning the lottery minus
blame for losing the lottery. Specification 1 aible 5 shows Confidence significantly
predicts willingness to bet on one’s answeBpecification 2 includes both Extra Credit
Answer, which increases the propensity to bet @isoanswer at a marginal level of
significance, and Extra Credit Lottery, which sfggantly decreases one’s propensity to
bet on one’s answer. These effects indicate ttealitcand blame attributions help
account for paradoxical betting. However, Confickeremains significant when included

in the model (Specification 3), indicating thatditeand blame attributions do not

® Note this analysis is limited to 4 observations participant since each participatn answered teeui
blame measures for 4 randomly selected trivia duest
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mediate the relationship between confidence artihein one’s answér.Thus,
paradoxical betting can not be accounted for bglitend blame attributions alofe.
2- Parameter weighting functionWe used the same procedure as described in

Experiment 1 to modeled w(p) using a two-parameiaghting function, whereq )

controls curvature (i.e. discriminability or sensty) and (@) controls elevation (i.e.

attractiveness):

mg
a? +(1- p)?

w(p) =

Table 3 displays the parameter estimates for theal€ondition, reflecting
confidence weighting function and the Lottery Caiaah, reflecting probability
weighting function. All of the parameter estimatesre significant at p<.001. As can be

seem from the overlapping confidence estimadets not statistically different between
conditions, though it is in the right directiog € 0.74 for trivia an@ =0.68 for chance),

indicating lesser regressivity in the confidenceghieng function (see Figure 7). As in
Experiment 1, thez is significantly higher for the chance than coafide, indicating
that overall chance events are viewed as morecatteathough this is not true for high
and low probabilities, as can be seen in Figur&sr/5 This pattern is consistent with,

though less pronounced than that in Experiment 1.

® This result remains the same when all credit daché attributions are included in the model, indted
difference scores.

" We did not directly compare the effect of creditbe and differential weighting of confidence and
chance in same model, because unfortunately, weaidave enough observations where credit/blame
measures were filled out and the chance probabitity yoked to confidence.
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Discussion

Overall, these findings support our claim thateténtial weighting of uncertainty
associated with chance and uncertainty associataccanfidence help explain
paradoxical betting. The results are largely cgtesit with those of Experiment 1, except
that the overweighting of confidence relative tamte at high probabilities is less
apparent. Underweighting of confidence relativeliance decreases as probability
increases, though it does not reverse.

The primary motivation for Experiment 2 was to Ideao statistically test
whether differential pricing of lottery pricing andvia pricing predicts paradoxical
betting by employing a between subjects desigreterate difference scores. We find
that these difference scores do predict willingriedset on one’s answer, however they
can not full account for the relationship betweenfaence and willingness to bet on
one’s judgment over chance. While we find thatitrand blame attributions help
explain paradoxical betting, but they too can mdliyfaccount for the effect.

Regarding the shape of the probability weightingction for confidence, the
results of Experiment 2 support and extend theltestiExperiment 1. The weighting
functions from the 2 experiments are very simitse( Figure 3 and Figure 7). In both
experiments, the weighting function for confideestimates has a lower elevation
overall, except for at high and low probabilitids. both experiments, the regressivity of
the function for confidence is less than that foarace, though not significantly in

Experiment 2.
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Conclusion

While a parsimonious theory of the probability weigg is desirable, it is useful
to enrich the standard inverse S-shaped functitim gveater specificity to apply to
different sources of uncertainty. Uncertainty ttiatives from sources that are purely
random, unambiguous, external to the individuadl antside his or her control is
gualitatively very different from uncertainty thadg¢rives from ambiguous, internal
estimates of probabilities that the individual exert control over.

The contributions of this paper are two-fold. #ysby characterizing differential
weighting of uncertainty for chance and confidemeehelp explain the Heath & Tversky
(1991) paradoxical betting effect. The greatecipg of confidence bets relative to
chance bets predicts willingness to bet on onessvanover an equiprobable lottery.
However, it does not fully mediate the relationsbgtween confidence and judgment,
indicating that additional factors are necessarfylly explain paradoxical betting. We
test another possible factor: attributions of dradd blame. We show that paradoxical
betting also can not wholly be accounted for bygbgchological value of receiving
credit for coming up with a correct answer.

Secondly, the significant differences between tlodbability weighting functions
for chance and confidence cautions against applyjiedgamiliar inverse S-shaped
function to real world decisions based on inhegeathbiguous probabilities regarding
skill, knowledge, ability, etc. Rather, our resyliresent a starting point for confirming
and further characterizing the shape of this fumctiBased on our parameter estimations,
we expect this function to have less curvatureeladation than the probability

weighting function for chance. This suggests geple are more sensitive to changes in
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confidence than they are for probabilities and tbhatmost probability ranges (except the
high range) people find chance more attractive thetting on themselves. Descriptively,
this is a bow-shaped function in which underweiggibccurs at mid-range probabilities.

The implications of our findings can be appliedigzision making under
uncertainty in organizations. Managers must oft@ke decisions based on their
confidence in their ability to achieve some goabmplete a task, make a deal, find a
solution to a problem, or produce needed infornmati®ne’s confidence determines what
course of action a person will take, with overwéiigty confidence leading to the
acceptance of unprofitable risk and underweightimigfidence leading to missed
opportunities. Managers may be biased in how thetpr the confidence estimates into
expected profit maximizing calculations. At moderkevels of confidence, they may be
overly reluctant to accept profitable prospects$.high levels of confidence, they may be
too eager to accept unprofitable prospects. liddegbetween two options, they may be
more inclined to take a prospect which they aréligonfident they can achieve over a
prospect they are moderately confident they careaehdespite the latter having a
higher expected value.

Additionally, managers often must make decisiorsetaon the stated confidence
of their employees to get a job done, solve a prblor handle a delicate situation. This
research helps managers to better interpret thwdalence estimates to make informed
decisions. For example, it seems that at mid-rgmgleabilities, when people feel neither
fully competent nor fully incompetent, people ghgainderweight their confidence. This
is a situation where employees may be in needadrdidence boost’ and the prospect

should be evaluated more favorably. Converselynyteople are highly confident, that
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is when they are most likely to be in need of anfadence reality check’ and the prospect
should be evaluated more negatively.

The main limitation of the current study is thatviis conducted in a laboratory
context and employed complex procedures to ensgsentive compatibility. Further
research could examine the confidence weightingtfan in more naturalistic decision
making situations. Such research could examingviliegness to undertake projects,
problems, prospects, etc. as a function of conideand value of expected outcomes.
Another limitation of the current study is thatsilimited to one decision making
domain: judgments of confidence on trivia questiolmsportant future research would
explore other types of skills (e.g. physical skjllmore complex problems, and long term
prospects that unfold over time, giving people ampportunities to exert control over

outcomes.
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Table 1. Certainty equivalents for betting on orsgiswer and betting on lotteries in

Experiment 1.

Confidence or Pricing Pricing
Lottery Probability of Answer Lottery t-statistic, p-value
$3
0 n=405
$12 $9
1-9 n=23 n=185 t=-1.20,p=.23
$19 $15
10-19 n=77 n=83 t=-1.31,p=.19
$17 $21
20-29 n=28 n=79 t=2.28,p=.03
$20 $29
30-39 n=26 n=73 t=3.45,p=.01
$23 $37
40-49 n=7 n=61 t=2.15,p=.04
$25 $45
50-59 n=78 n=63 t=5.26,p=.01
$57 $53
60-69 n=11 n=67 t=0.74,p=.46
$57 $61
70-79 n=30 n=39 t=0.70p=.49
$66 $72
80-89 n=36 n=56 t=1.25,p=.21
$96 $87
90-99 n=112 n=251 t=-5.50,p=.01
$99
100 n=487
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Table 2. Certainty equivalents for betting on orsgiswer and betting on lotteries in

Experiment 2.

Confidence or Pricing Pricing t-statistic and p-
Lottery Probability of Answer of Lottery value
$7
0 n=456
$10 $10
1-9 n=503 n=136 t=0.12,p=.95
$14 $16
10-19 n=195 n=179 t=1.01,p=.31
$18 $23
20-29 n=63 n=125 t=2.45,p=.02
$17 $28
30-39 n=52 n=150 t=4.97,p=.01
$28 $37
40-49 n=42 n=138 t=3.32,p=.01
$36 $48
50-59 n=149 n=159 t=4.57,p=.01
$40 $50
60-69 n=25 n=138 t=2.28,p=.02
$49 $64
70-79 n=61 n=161 t=3.90,p=.01
$63 $69
80-89 n=77 n=166 t=1.82,p=.07
$77 $77
90-99 n=491 n=178 t=0.26,p=.79
$85
100 n=393
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Table 3. Parameter estimates from the standardnsamlleast squares regression with
the two-parameter weighting function for Experimér& Experiment 2.

95% Confidence

Experiment Condition Parameter Estimate Interval
1.18
Confidence [ (.07) 1.02-1.34
1 Weighting
Between - Subjects 0.48
Design a (.04) 0.40-0.57
0.77
Probability g (0.03) 0.73-0.81
Weighting
0.75
a (0.02) 0.71-0.79
0.74
2 Confidence [ (0.04) 0.66-0.81
Within - Subjects Weighting
Design 0.54
a (0.02) 0.50-0.59
0.68
Probability [ (0.02) 0.64-0.72
Weighting
0.71
a (0.02) 0.67-0.74

Note: Standard errors in parentheses.
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Table 4. Logistic regression analysis with standardrs clustered by subj