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SESSION OVERVIEW
Will Bitcoin keep going up? How good is this restaurant 

with mixed reviews? Will the owner of the house accept my price 
offer? We frequently face uncertainty and risk in various aspects of 
our lives. However, not all types of uncertainty are equal – deci-
sions and judgments under uncertainty often diverge in different 
contexts. The papers in this session offer a nuanced perspective on 
certainty by investigating and disentangling the effect of different 
types of uncertainty on consumer judgments, inferences, and deci-
sion making. They further look at consumer risk taking tendency 
in important marketing contexts that involve uncertainty and show 
how consumer behavior may deviate from the predictions of stan-
dard decision-making models.

In the first paper, Fox, Tannenbaum, Ulkumen, Walters, 
and Erner investigate attributions of credit, blame, and luck associ-
ated with (in)correct predictions about the outcomes of uncertain 
events by distinguishing two dimensions of uncertainty, namely, 
epistemic (knowable) and aleatory (random). They show that epis-
temic uncertainty is associated with attributions of credit or blame 
for correct or incorrect predictions, while aleatory uncertainty 
is associated with attributions of good or bad luck for correct or 
incorrect predictions. This difference in attributions has important 
implications for choice of compensation schemes and how people 
communicate better or worse than expected outcomes. 

In the second paper, Wang, Shiri, and Janiszewski dif-
ferentiate between product outcome uncertainty (e.g., uncertain of 
what color this hair dye will result in) and preference uncertainty 

(e.g., uncertain of what hair color I want). Contrary to prior findings 
that preference uncertainty makes consumers reluctant to commit 
to a single option, the authors find that when the product option has 
uncertain outcomes, preference uncertainty inflates the perceived 
probability of preference match and thus increases purchase inten-
tion. 

The next two papers examine consumer risk-seeking 
tendency under uncertainty in important marketing contexts. Mehr 
and Lewis investigate the uncertainty regarding product quality 
when customer ratings are inconsistent. By disentangling the effect 
of rating dispersion from the frequency of 1-star ratings, they show 
that consumers are risk-seeking with respect to attribute ratings and 
prefer experiences with inconsistent (vs. consistent) ratings across 
reviewers. 

Lastly, Zeithammer, Stich, Spann, and Häubl examine 
another important context that involves uncertainty – participative 
pricing (i.e., consumers making price offers to sellers). When decid-
ing whether to submit an offer, consumers experience uncertainty 
regarding the seller’s secret threshold price and need to trade off the 
risk of offer rejection (given the participation cost) and the potential 
gain of offer acceptance. The authors find that consumers’ entry 
decision not only deviates from the predictions of a risk-neutral 
model but is also inconsistent with the level of risk aversion implied 
by their submitted offer amounts. Instead, most participants show 
prospect-theoretic preferences with downside neglect – the opposite 
of loss aversion. 

Taken together, the four papers in this session present 
distinct yet synergistic findings that advance our understanding of 
consumer judgments, inferences, and risk-taking tendency under 
different types of uncertainty, with implications for marketing strat-
egy, communication, word of mouth, pricing, and policy making. 

Attributions of Credit, Blame, and Luck Depend on 
Perceived Nature of Uncertainty

EXTENDED ABSTRACT
People routinely make predictions concerning the outcomes of 

uncertain events. For instance, financial analysts predict whether the 
price of a stock will increase, consumers predict whether a product 
will perform to their satisfaction, and doctors predict whether a treat-
ment will be successful. The outcomes of these forecasts naturally 
trigger observers to interpret why the forecast was right or wrong and 
judge the forecaster accordingly. 

In this paper we argue that the perceived nature of uncertainty 
plays a key role in these attributions. We distinguish between two 
dimensions of subjective uncertainty: epistemic uncertainty in which 
future events are seen as inherently knowable in advance (e.g., the 
answer to a trivia question) and aleatory uncertainty in which future 
events are seen as inherently random (e.g., the outcome of a dice 
roll). In six studies we demonstrate that people distinguish uncer-
tainty along these two distinct dimensions. Epistemic (knowable) 
uncertainty is associated with attributions of credit for correct predic-
tions and blame for incorrect predictions, whereas aleatory (random) 
uncertainty is associated with attributions of good luck for correct 
predictions and bad luck for incorrect predictions. 
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In Study 1 participants are presented with prediction scenarios 
involving a chance event, a trivia contest, or a hurricane trajectory. 
We show that a six-item scale concerning the nature of uncertainty 
loads reliably on these two distinct dimensions. Higher epistemic-
ness ratings are associated with stronger attributions of credit or 
blame for correct or incorrect predictions, respectively (but are not 
associated with luck attributions). Meanwhile, higher aleatoriness 
ratings are associated with stronger attributions of good or bad luck 
for correct or incorrect predictions, respectively (but are not associ-
ated with credit or blame attributions). 

Study 2 replicates this finding in an experimental context where 
we prompt participants to see predictions of the spread of COVID-19 
through an epistemic lens (by asking participants to summarize a 
news story about contact tracing) or an aleatory lens (by asking par-
ticipants to summarize a news story about biostatistics). We find that 
people attribute greater credit or blame to the health minister of a 
country when they are prompted to see the uncertainty around the 
spread of COVID-19 in that country as epistemic in nature, and good 
or bad luck when they were prompted to see it as aleatory in nature. 

In Study 3 participants act as managers designing a compensa-
tion scheme for others making forecasts for different sporting events. 
When participants perceive uncertainty to be more epistemic (know-
able) they allocate a greater proportion of compensation to perfor-
mance-based pay (versus base pay), and when participants perceive 
uncertainty to be more aleatory (random) they choose longer (versus 
shorter) windows of evaluation. 

In Study 4 participants evaluate two forecasters—one who 
makes a prediction using epistemic language (e.g., “I’m 80% sure 
that sales will increase”) and another who makes the same forecast 
using aleatory language (e.g., “I’d say there’s an 80% chance that 
sales will increase”). When both forecasters are correct, partici-
pants are more likely to promote the forecaster who uses epistemic 
(“sure”) language than aleatory (“chance”) language; however, when 
both forecasters are incorrect, participants are also more likely to lay 
off the forecaster who uses epistemic language. This finding suggests 
participants’ perceptions of credit/blame are amplified by epistemic 
language whereas their perceptions of luck are amplified by aleatory 
language. 

Switching from listeners’ to speakers’ perspective, in Study 5 
we ask participants which type of language they would choose to 
express their own uncertainty—epistemic-related words (e.g. “I’m 
80% sure) or aleatory-related words (e.g. “I’d say there’s an 80% 
chance”). We find that participants are more likely to choose epis-
temic words when they are hoping for a promotion (and therefore 
presumably seeking an opportunity for more credit) but they are 
more likely to choose aleatory words when they are were worried 
about being laid-off (and therefore presumably seeking to avoid 
greater blame). 

Finally, in Study 6 we examined 13,092 quarterly earnings re-
port transcripts spanning almost three fiscal years (11 quarters), in-
cluding 1,439 firms across different major stock indices. We coded 
each transcript for the proportion of epistemic and aleatory linguis-
tic markers. We find a higher frequency of epistemic words (e.g., 
“assess,” “predict,” “model”) when earnings exceed the consen-
sus analyst forecast (and they are therefore presumably looking to 
claim more credit), and a higher frequency of aleatory words (e.g., 
“chance,” “random,” “black swan”) when earnings fall short of the 
consensus analyst forecast (and they are therefore presumably look-
ing to deflect blame and appeal to bad luck). 

Taken together our findings suggest that perceived nature of un-
certainty critically determines attributions of credit, blame, and luck 
by managers and consumers observing others’ forecasts. Recogniz-

ing this, forecasters attempt to influence managers’ and consumers’ 
impressions of the nature of uncertainty through the language they 
choose to express their forecasts. We conclude with discussions of 
broader implications of our work and promising directions for future 
research.

When Preference Uncertainty Meets Outcome 
Uncertainty: InflatedProbability Estimates of Favorable 

Outcomes

EXTENDED ABSTRACT
Consumers regularly experience uncertainties in product 

choice and purchases (Duke, Goldsmith, and Amir 2018). Generally 
speaking, there are two types of uncertainties consumers often ex-
perience (Maier, Wilken, and Dost 2015). One is product outcome 
uncertainty (Grant and Tybout 2008; Rust et al. 1999), referring to 
the uncertainty associated with product performance or functioning 
(e.g., what color my hair will look like after using this hair dye) or 
the uncertainty involved in marketing offerings or promotions (e.g., 
probabilistic selling, mystery box, uncertain gifts). The other type is 
preference uncertainty (Payne, Bettman, and Johnson 1992; Salis-
bury and Feinberg 2008), referring to the uncertainty associated with 
one’s preferences, needs, or desires (e.g., what hair color I want). 
Note that these two types of uncertainty differ in their sources, where 
outcome uncertainty comes from the external products while prefer-
ence uncertainty is more associated with the self (Van den Bos and 
Lind 2002).

Contrary to prior findings that preference uncertainty makes 
consumers reluctant to commit to a single option (Dhar 1997), we 
suggest the opposite happens when the product option involves out-
come uncertainty. Specifically, when there is outcome uncertainty 
(e.g., a coffee pack without a clear intensity indicator), consumers 
with uncertain (vs. certain) preference (e.g., uncertain about their 
preferred intensity level), perceive a higher probability that the prod-
uct outcome would match their preferences (e.g., getting a pack of 
coffee at their most preferred intensity level). Consequently, a con-
sumer with an uncertain (vs. certain) preference is more likely to 
purchase a product bearing an uncertain outcome. Building on the 
sampling model of probability judgment (Sloman et al. 2004; Zhu, 
Sanborn, and Chater 2020), we suggest this occurs because the sub-
jective probability of preference match (under outcome uncertainty) 
is a function of the number of unique “samples” of preference match 
people can mentally simulate. Specifically, when preference is cer-
tain, only one unique “sample” could be drawn (e.g., I like low-in-
tensity coffee mostpreference match happens only when the coffee 
turns out to be low-intensity). On the contrary, when one’s prefer-
ence is uncertain, more unique “samples” could be drawn (e.g., if 
I like low-intensity coffee most and the coffee turns out to be low-
intensity => match, if I like moderate-intensity coffee most and the 
coffee turns out to be moderate-intensity => match). As a result, the 
subjective probability of preference match is higher when preference 
is uncertain (vs. certain), although, normatively, this probability 
should be independent of preference uncertainty.

Study 1 (N=101) tests the association between preference un-
certainty and perceived likelihood of preference match for a typical 
product involving outcome uncertainty – blindbox. Participants saw 
six styles of Bearbrick figurines from a blindbox series. Each blind-
box contains one figurine randomly selected from six styles. Then, 
participants rated the likelihood of getting a figurine they liked most 
if they purchased a blindbox, preference uncertainty among the 6 
figurines, and overall attractiveness of the figurines. As expected, 
perceived likelihood of preference match was positively associated 
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with preference uncertainty (p=.008), controlling for the attractive-
ness of the figurines. 

Studies 2a and 2b manipulate preference uncertainty and out-
come uncertainty (between-subjects) and show that preference 
uncertainty increases (decreases) the perceived likelihood of pref-
erence match and purchase intention for products with uncertain 
(certain) outcomes. In study 2a (N=198), participants imagined that 
their favorite coffee brand just released a new collection, involving 
coffees with different intensity levels (from level-5 to level-9). The 
only buying option available at the time was either a coffee pack 
randomly selected from the 5 intensity levels (the uncertain outcome 
condition) or a level-7 coffee (the certain outcome condition). To 
manipulate preference uncertainty, we either told participants that 
they felt uncertain which intensity level they would like given that 
this was a new collection (uncertain preference condition), or that 
they usually liked level-7 given their prior experience with coffees 
from this brand (certain preference condition). Results showed that 
when the intensity level of the coffee (the outcome) was uncertain, 
participants with uncertain (vs. certain) preference were more likely 
to purchase the coffee pack (p=.002). Perceived likelihood of prefer-
ence match mediated this effect (p=.031; 95%CI=[.01,.82]). When 
the intensity level of the coffee is certain, however, preference un-
certainty reduced perceived likelihood of preference match, which 
in turn reduced purchase intention (95%CI=[-.02,-.73]). Study 2b 
(N=200) replicated the findings in a different context where partici-
pants imagined buying teal hair dye for Halloween. First, they saw 
different shades of teal color from light to dark and were led to feel 
either certain or uncertain which shade would look best on them. 
Then they saw a hair dye product and learned that it was available in 
one of the shades (certain outcome condition) or that it could result 
in different shades depending on the hair textures (uncertain out-
come condition). As in study 2a, we found preference uncertainty 
increased (decreased) perceived likelihood of preference match and 
purchase intention when the outcome was uncertain (certain).

Study 3 (N=320) provides evidence for the underlying mecha-
nism. Specifically, we argue that preference uncertainty inflates 
perceived probability of preference match by increasing the num-
ber of unique “samples” of preference match people could draw. 
If so, this effect should be more pronounced as the number of pos-
sible outcomes a product could result in increases (i.e., the number 
of unique samples increases). Study 3 used the same product as in 
study 1 except that we manipulated the number of figurine styles in 
the blindbox series (3 vs. 9). Participants imagined buying a gift for a 
friend and feeling either certain or uncertain which style their friend 
would love most. As expected, in the 9-style condition, preference 
uncertainty increases the estimated probability of getting the figurine 
their friend would like most (p<.001) and willingness to purchase 
the blindbox instead of looking for other stores (p<.001), and these 
effects were attenuated in the 3-style condition. 

In sum, this research investigates the joint effect of preference 
uncertainty and outcome uncertainty and provides novel insights 
into probability judgment and consumer decision-making under 
the two types of uncertainty. In addition, it pinpoints the conditions 
where marketers can benefit from (creating) consumer preference 
uncertainty. 

When Inconsistency is Good: Consumers’ Risk-Seeking 
Response to Attribute Ratings

EXTENDED ABSTRACT
How do consumers think about consistency in ratings? Previous 

work is mixed: some work suggests that consumers prefer consis-

tency (He and Bond 2015; Moon, Bergey and Iacobucci 2010; Sun 
2012; Zhu and Zhang 2010), while other work suggests that con-
sumers prefer inconsistency (Clemons, Gao and Hitt 2006; Moe and 
Trusov 2011; West and Broniarczyk 1998). Why are there conflicting 
results? We suggest that previous literature has confounded rating 
dispersion with the frequency of 1-star ratings. Because consumers 
take 1-star ratings most seriously, consumers prefer a product with 
a given average rating when the ratings are less dispersed (so there 
are fewer 1-star ratings). In our work, by showing participants at-
tribute ratings (e.g., ratings of the service, food, value, and ambiance 
of a restaurant), we can manipulate the consistency of how each at-
tribute is rated while controlling for the overall frequency of ratings 
of each star value. We find consumers largely prefer inconsistent 
ratings. This is because they have high expectations and, consistent 
with risk-seeking in losses (Kahneman and Tversky 1979; West and 
Broniarczyk 1998), are risk seeking with respect to low ratings.

Study 1 tested whether consumers prefer experiences with con-
sistent or inconsistent attribute ratings. Participants (N=1,186) saw 
ratings for two of six experiences, pretested to include both pleasur-
able (e.g., reading a book) and unpleasurable (e.g., going to the den-
tist) experiences. For each experience, participants saw ratings from 
two users and were randomized to either the consistent or incon-
sistent condition. In the consistent condition, the user reviews were 
similar; both users rated one attribute particularly negatively, and an-
other attribute particularly positively. In the inconsistent condition, 
the user reviews differed; one user rated one attribute particularly 
poorly (and the other attribute particularly positively), and the other 
user provided the opposite ratings. We counterbalanced which at-
tribute was rated poorly and measured preferences via three 7-point 
scale questions that were standardized and averaged for analyses. 
Participants found the consistently rated option less favorable (M 
= 5.42, SD = 1.78) than the inconsistently rated option (M=5.67, 
SD=1.43; b=-.13 t(1185)=-3.43, p<.001).

Our proposed explanation is that consumers are risk seek-
ing in losses (Kahneman and Tversky 1979). Inconsistent ratings 
are less diagnostic of the experience, and thus more uncertain or 
risky. If consumers have high reference points, then they are in the 
loss domain when ratings are below 5 stars and prefer the riskier 
inconsistent ratings. If this were true, then inducing a lower refer-
ence point should reduce the preference for inconsistent ratings. 
In Study 2, participants (N=1,560) were randomly assigned to one 
condition in this 2(rating consistency: consistent vs. inconsistent) 
x 2(expectations: low vs. high) between-subjects experiment. To 
manipulate expectations, all participants read that the average rat-
ing of dentists in a town was either low (e.g., 1.33/5 stars) or high 
(e.g., 4.67/5 stars). Participants then saw one experience, either with 
consistent or inconsistent ratings (as in Study 1). We found a sig-
nificant interaction between expectations and ratings type (b=.43, 
t(1,555)=4.22, p<.001). Participants within the high expectations 
condition preferred inconsistent (M=4.42, SD=1.56) to consistent 
ratings (M=3.80, SD=1.65; t(784.69)=-5.10, p<.001, d=-.36), while 
there was no significant difference by condition within the low ex-
pectations condition (consistent: M=3.93, SD=1.63; inconsistent: 
M=3.86, SD=1.53; t(768.22)=.93, p=.35, d=.07). 

Why do our results suggest consumers like inconsistent ratings, 
while some previous work suggests the opposite? If consumers per-
ceive 1-star ratings as particularly diagnostic and thus aversive, then 
previous work confounding dispersion and the frequency of 1-star 
ratings could have mistaken aversion to 1-star ratings for preferences 
for consistency. Study 3 tests this hypothesis. Participants (N=1,049) 
were randomly assigned to either a consistent, inconsistent, or consis-
tent-middling condition. The consistent and inconsistent conditions 
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were as in Study 2. In the consistent-middling condition, both users 
rated every attribute as 3-stars (so the average attribute rating was 3 
stars in all conditions). Participants found the consistent-middling 
condition (M=4.60, SD=1.36) more favorable than the consistent 
condition (M=4.06, SD=1.61; t(686.33)=4.10, p<.001, d=.31), sup-
porting the possibility that consumers perceive ratings non-linearly, 
and 1-star ratings are particularly disliked. Participants also found 
the inconsistent condition (M=4.92, SD=1.36) more favorable than 
both consistent conditions (vs. consistent: t(689.66)=7.95, p<.001, 
d=.60; vs. consistent-middling: t(694.71)=4.15, p<.001, d=.31), con-
sistent with previous risk seeking behavior. 

Lastly, Study 4 tests one key facet of our proposed mechanism: 
that participants are risk-seeking with respect to ratings. To achieve 
this, we included a pure-risk condition in addition to our usual con-
sistent and inconsistent conditions; participants were randomly as-
signed to one of these three conditions. We used the stimuli from the 
dentist experience in Study 1, which showed ratings of staff helpful-
ness and staff friendliness. In all conditions, participants (N=1,019) 
viewed ratings from two users. In the inconsistent condition, partici-
pants viewed inconsistent ratings for one staff member with whom 
they would interact if they went to this dentist. In the consistent 
condition, participants viewed consistent ratings, also for one staff 
member with whom they would interact if they went to this dentist. 
The pure-risk condition stimuli showed that one user rated both at-
tributes positively for one staff member, while the other user rated 
both attributes negatively for a different staff member. Participants in 
this condition learned that there was a 50% chance that they would 
interact with each staff member if they went to this dentist. Thus, this 
condition reflected a 50%-50% lottery between a bad and good expe-
rience. Participants preferred the pure-risk (M=4.76, SD=1.51) and 
inconsistent ratings (M=4.66, SD=1.52) conditions to the consistent 
condition (M=4.14, SD=1.73; vs. pure-risk: t(671.31)=3.53, p<.001, 
d=.27; vs. inconsistent: t(669.05)=3.99, p<.001, d=.31); there was 
no significant difference between the pure-risk and inconsistent con-
ditions (t(678.93)=.64, p=.65, d=.04). These results are consistent 
with consumers preferring inconsistent ratings due to risk-seeking 
preferences. 

Overall, controlling for the number of 1-star ratings, consumers 
prefer inconsistent (vs. consistent) ratings due to a high reference 
point and consequently risk-seeking preferences. 

Risky Consumer Decision Making in Costly Participative 
Pricing

EXTENDED ABSTRACT
Consumers make price offers to sellers in a variety of domains, 

including buying cars and houses, buying used household goods 
in physical and virtual garage sales, naming hotel-room prices on 
Priceline.com, making offers to buy trendy items on StockX.com, 
and bidding in auctions for art or collectibles. Participative pricing—
i.e., consumers making price offers that sellers then either accept or 
reject—occurs in many markets and has recently expanded in scope 
due to increased digitalization.

Sellers and intermediary platforms may provide consumers 
with decision aids to assist them in deciding how much to offer, and 
whether to make an offer in the first place. One of the reasons why 
consumers might not submit offers on products that they are interest-
ed in buying is that preparing and submitting such offers is associat-
ed with mental and physical costs, which are a key source of friction 
in participative-pricing markets. Indeed, prior research has identified 
several sources of such participation costs—the cognitive and physi-
cal effort associated with offer preparation (e.g., Krasnokutskaya and 

Seim 2011; Samuelson 1985), the hassle associated with submitting 
the offer and waiting for the outcome (e.g., Fay 2009; Hann and Ter-
wiesch 2003), and the accounting cost arising from various fees and 
commissions charged by marketplace intermediaries (e.g., Bernhardt 
and Spann 2010; Moreno and Wooders 2011; Palfrey and Pevnits-
kaya 2008).

Price offers represent a key feature of participative pricing 
whereby consumers actively participate in determining their pur-
chase price (e.g., Haruvy and Popkowski Leszczyc 2018; Spann et 
al. 2018). An essential yet widely unexplored aspect of this form of 
pricing is that participation is often costly. In this paper, we examine 
the impact of participation costs on consumers’ entry and offer be-
havior across four incentive-compatible experiments, each of which 
used extensive within-subject designs. The behavior of interest con-
sists of two nested consumer decisions—(1) how much to offer (or 
“bid”), and (2) whether to make an offer at all, a decision that is 
typically referred to as an “entry decision” in the auction literature 
(e.g., Ertaç et al. 2011; Levin and Smith 1994; McAfee and McMil-
lan 1987; Palfrey and Pevnitskaya 2008)

In our experiments, participants were buyers of “widgets” 
(imaginary products) in a market with only one seller. The widget 
seller was computerized and entertained offers, effectively allowing 
buyers to name their own price. To decide whether an offer was ac-
cepted, the seller drew a secret (to participants) threshold price. Of-
fers that exceeded the threshold price were accepted, whereas offers 
below it were rejected.

In a (typical) round of one of our experiments, the consumer 
could submit a binding price offer to the simulated seller, and the 
seller’s threshold price determined whether the bid was accepted. 
This single-agent decision is an ideally tractable setting for gaining 
insight into consumer decision making in connection with price of-
fers and costly entry, because the analysis does not need to consider 
strategic interaction among multiple endogenously determined bid-
ders as it would in a multi-bidder auction with entry costs, as in those 
analyzed by Samuelson (1985) or Menezes and Monteiro (2000).

Nevertheless, participants in our experiments faced strategic 
uncertainty because they did not know the threshold price set by 
the seller. Therefore, they did not know a priori whether their offer 
would be successful (i.e., accepted by the seller). Consumers could 
make offers that were too low (resulting in a failure to purchase the 
product), or they could make offers that exceeded the seller’s secret 
threshold prices (thus spending more than would have been neces-
sary).

The offer amount affects both the probability that an offer is ac-
cepted and the consumer surplus. While a higher offer increases the 
probability that an offer is accepted, it also reduces consumer surplus 
if it is accepted. Thus, consumers must decide how to trade off their 
potential surplus and the probability of offer acceptance. Moreover, 
in the presence of participation costs, deciding whether to submit an 
offer involves comparing the expected utility of the payoff from bid-
ding to the utility of neither getting nor losing anything.

Overall, evidence from our experiments reveals that consumers 
not only deviate from the predictions of a risk-neutral model (that is 
often employed for its tractability), but that their behavior also can-
not be explained by the standard risk-averse expected utility model. 
In particular, entry is excessive given the level of risk aversion im-
plied by consumers’ submitted offers. We develop and estimate a 
heterogeneous flexible utility model to parsimoniously connect the 
entry and offer-amount decisions. The model estimates suggest the 
majority of participants exhibited prospect-theoretic preferences 
with downside neglect—the opposite of loss aversion.
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Our experiments also examine the potential of various decision 
aids and decision architectures to shape consumer behavior in cost-
ly-participative-pricing settings, in terms of both decision processes 
and outcomes (i.e., consumer surplus). We find that decision aids 
help consumers achieve a higher surplus only when the decision ar-
chitecture entails two stages—i.e., when the offer-amount and entry 
decisions are distinct and made sequentially. The most beneficial de-
cision architecture asks the consumer to make the decision following 
backward induction, starting with the contingent offer amount. How-
ever, this theoretically appealing architecture only helps when con-
sumers have access to a decision aid. Overall, decision aids reduce 
downside neglect. Moreover, they reduce probability misperception 
and are a substitute for learning from experience. Finally, we show 
that framing the entry decision as a choice to play a payoff-equiva-
lent lottery aligns consumers’ entry decisions with the risk-aversion 
evident from their offers.
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