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SESSIOn OVERVIEW
Dealing with uncertain decision outcomes is a paramount chal-

lenge in consumer decision making. Consumers choose between 
brands while having imperfect knowledge about product quality; 
they participate in lotteries with different probabilities and outcomes; 
they choose between financial products with great uncertainty about 
future returns. Despite the complexity of dealing with uncertain pros-
pects, consumers make decisions like this on a daily basis, and strik-
ingly, most often they do this relying on judgment only. This session 
consists of four papers that provide new perspectives on consumer 
choice by showing how consumers’ mental representations of risky 
prospects deviate from central assumptions made by standard psy-
chological and economic models of decision making. 

The first paper, by Rothschild and Goldstein, examines wheth-
er laypeople can comprehend and estimate the statistical moments 
(mean, variance, skewness, and kurtosis) of observed numerical 
information. The survey tradition in economics assumes only ag-
gregated responses are useful and the behavioral literature suggests 
individual estimates are biased (e.g., the overconfidence and related 
literatures). Rothschild and Goldstein, however, show that laypeo-
ple’s understanding of these subtle statistical moments is more ac-
curate than is currently believed. New methods based on graphical 
interfaces allow non-experts to produce accurate estimates of all four 
moments of a distribution. 

The second paper, by Wu and Yeomans, examines how people 
form reference points when choosing between risky decision alterna-
tives. Most empirical tests of prospect theory either use the status 
quo as the reference point or code the outcomes relative to some 
pre-determined reference point. Wu and Yeomans show, however, 
that reference point formation is affected by very basic attentional 
processes. Because people use the most recent outcome as a refer-
ence point (a recency effect), they are more likely to choose a risky 
gamble when outcomes are revealed in an ascending rather than de-
scending order. This is because individuals are typically risk-averse 
when gambles are framed as gains, but risk-seeking when the same 
outcomes are coded as losses.

The third paper, by de Langhe and Puntoni, examines how peo-
ple mentally integrate uncertain gains and losses. Landmark norma-

tive and descriptive theories of decision making (like expected value 
theory and prospect theory) assume that people integrate, or com-
bine, uncertain gains and losses using an additive integration rule 
(gain – loss). De Langhe and Puntoni show, however, that people 
show the pervasive tendency to rely on the payoff ratio (gain/loss), 
implying multiplicative integration of gains and losses. Reliance on 
the payoff ratio when choosing between mixed gambles leads to (1) 
suboptimal monetary outcomes when payoff ratio and expected val-
ue are dissociated and (2) to risk seeking (aversion) when choosing 
between mixed gambles with a negative (positive) expected value. 
The latter finding qualifies prospect theory’s prediction of general 
risk aversion for mixed gambles.

The fourth paper, by Urminsky and Yang, shows that the maxi-
mization of expected utility can best be seen as one of many potential 
heuristics available to people. Depending on the goal that is acti-
vated by the context (e.g., accurately guessing a number in a lottery), 
people may rely on many other potential heuristics. They show that 
in both lab and field studies, when people have to guess an amount 
they could win, they neglect the fact that higher guesses represent the 
same probability of winning but a higher conditional payoff. They 
label this effect “outcome neglect”.

The mental representation of uncertainty and risk is a funda-
mental topic that is likely to appeal to a wide audience, for instance, 
researchers interested in behavioral decision theory, behavioral eco-
nomics, attention, numerical cognition, and consumer financial deci-
sion making. In line with the spirit of ACR special sessions and the 
theme of the conference—appreciating diversity—the session also 
brings together research scientists with different backgrounds such 
as marketing, management, and business (Yahoo!). The participation 
of George Wu, a world-renowned expert on decision making under 
uncertainty, is especially noteworthy. All participants have agreed 
to present, should the session be accepted. The chair will facilitate 
audience discussion drawing further connections between the new 
perspectives introduced in this session and other areas of consumer 
research. 

Lay Understanding of the First Four Moments of 
Observed distributions: A test of Economic and 

Psychological Assumptions

ExtEndEd AbStRACt
Numbers abound in everyday life; laypeople regularly observe 

prices, sizes, distances, and beyond. Mental representations of this 
information can inform decision making, much as statistical sum-
maries inform scientific inference. 

Economic theory suggests that people coordinate subjective 
expectations with subjective utilities to determine what actions are 
undertaken. A fairly standard assumption in modeling is that indi-
viduals have perfect expectations. When generalizing from empirical 
data, it is similarly standard to only trust revealed behavior as the 
expression of both expectations and utility. Thus, economists study 
utility by assuming perfect expectations and study expectations by 
assuming rational utility calculations.

The practice of surveying assumes that, in aggregate, individual 
estimates of the first moment are unbiased. However, the individual 
decision making tradition has long reported biases that affect individ-
ual-level expectations, such as anchoring effects, primacy effects, re-
cency effects, and attention to local maxima (e.g., peak-end biases). 



Advances in Consumer Research (Volume 40) / 285

While expected to be unbiased in aggregate, the view that individual-
level estimates of expected value are accurate has no champions. 
Indeed, the “wisdom of the crowd” logic is based on that idea that 
estimates are inaccurate, though in symmetrical ways. 

In survey research, it is common to ask laypeople what they 
believe to be an “average” value. However, there are many measures 
of central tendency, such as mean, median, and mode, and it is not 
clear which definition respondents assume. 

The psychological literature assumes that estimates of the sec-
ond moment are too narrow, the so-called overconfidence effect, 
which is moderated by various question formats that lead to better 
calibration and discrimination. We test, under the various elicitation 
techniques, whether estimates of distributions exhibit systematic 
overconfidence. Finally, there has been little research in any disci-
pline on lay intuitions of third and fourth moments: skewness and 
kurtosis. Our tests of understanding the third and fourth moments 
help establish a baseline and gauge human sensitivity to higher mo-
ments.

In this research, we control the statistical information presented 
to decision makers and then gauge the degree to which people’s per-
ceptions of the first four moments are accurate. In order to simulate 
the natural flow of numerical information that decision makers might 
encounter in watching the news or observing prices over time, we 
provide participants with sequences of 100 numbers, drawn from 
six distinct beta distributions of varying shapes. Randomly assigned 
groups use one of multiple elicitation techniques to express beliefs 
about the quantities they observed. 

At the start of the experiment, the participants are told “Imagine 
we have a bag with a million ping pong balls in it. Each ball has a 
value between 1 and 20 written on it. In the next 100 seconds, we 
will randomly choose 100 balls from the bag and show you their val-
ues.” When the presentation begins, each number appears on screen 
for 3/5 of a second so that the participant sees 100 numbers in one 
minute.  Participants are told “Now imagine we are throwing the 
100 balls back into the bag and mixing them up. We will now draw 
100 balls at random from the bag. We will refer to this as our second 
draw.” After this, participants are randomly assigned to one of four 
main question sequences.

In the first condition we ask the respondents to create a full 
probability distribution that would describe the second draw. We do 
this by providing a graphical user interface with which the respon-
dent can distribute 100 balls into buckets representing the 20 pos-
sible numbers of the distribution.

The second condition elicits fractiles of a distribution by asking 
respondents to “think about our second draw of 100 balls [and] imag-
ine they were arranged in front of [the respondent] with the smallest 
values on the left and the largest values on the right. “ We then ask 
them to provide the likely values of the 5th, 25th, 50th, 75th, and 95th 
balls from the left.

The third and fourth conditions address the first moment di-
rectly. In the third condition we ask the respondent to provide the 
mean of the second draw, providing the definition of a mean. This 
contrasts with the fourth condition, in which we ask for the “aver-
age” of the second draw, leaving the participants free to interpret 
the term as they wish, with the purpose of gaining insight into how 
people understand the term “average”.

The fifth condition addresses the second moment directly. Par-
ticipants are asked to provide the value they are 90% certain a ran-
dom ball would be greater than and, in addition, a value they are 90% 
certain a random ball would be less than.

The sixth and seventh conditions take a step back and address 
the full distributions, rather than the moments that define them. In 

the sixth condition, participants try to identify the distribution they 
observed in a forced-choice task involving two histograms. The sev-
enth condition is identical, except that participants choose between 
tables of numbers.

By way of results, we find that laypeople are able to produce 
accurate estimates of all four moments of a distribution: point-esti-
mates -- including distinctions between the mean, median, and mode 
-- confidence ranges, and representations of the skewness and kurto-
sis. We show how the “average” relates to these different measures 
and that laypeople are able to make meaningful distinctions between 
these different kinds of average when they utilize a graphical elici-
tation method. Using new methods, including graphical interfaces 
that allow the specification of an entire distribution, we allow non-
experts to expressed information that they have, but would be unable 
to communicate in ordinary surveys.

Recency and Reference-Point Formation:  
the Effect on Risky Choice behavior

ExtEndEd AbStRACt
Prospect theory posits that outcomes are evaluated relative to a 

reference point (Kahneman & Tversky, 1979), with individuals typi-
cally risk-averse when gambles are framed as gains, but risk-seeking 
when the same outcomes are coded as losses. However, most empiri-
cal studies either use the status quo as the reference point or code the 
outcomes relative to some pre-determined reference point (for ex-
ceptions, see Abeler et al., 2011; Camerer et al, 1997; Heath Huddart 
& Lang, 1999; Heath, Larrick & Wu, 1999). Until recently, there has 
been almost no empirical or theoretical literature on how reference 
points are determined and updated. 

Recently, Koszegi & Rabin (2006, 2007, 2009) proposed a the-
oretical model in which reference points are “rational expectations” 
of future outcomes (see Arkes et al. (2008) and Baucells & Weber 
(2011) for two recent empirical studies of reference point formation). 
We suggest that Koszegi and Rabin’s theory is an incomplete ac-
count of the process of reference point formation. Consider, for ex-
ample, an investor who has seen a series of prices for a stock. Beliefs 
may not be rational because an investor believes in momentum or re-
gression effects. Moreover, there may also be attentional or memory 
biases that may influence how individuals weight information and 
hence make decisions.

In this paper, we examine how a very basic attentional bias, 
recency, influences reference point formation and ultimately wheth-
er participants choose a risky gamble. We control explicitly for be-
liefs by providing participants with objective information about the 
choices involved. We nevertheless find that participants are more 
likely to choose the gamble over a sure thing if the highest value 
of the gamble is revealed last, rather than first. We argue that this 
result is consistent with a recency-based reference point account. If 
the largest outcome serves as a reference point, then outcomes will 
be viewed as losses, a domain in which individuals are most likely 
to be risk-seeking. 

Study 1
Study1 used a 2 x 2 between-subjects design in which partici-

pants saw outcomes either in an ascending or descending sequence 
and were either endowed with a gamble or the expected value of 
a gamble. The three possible outcomes were $2, $3, and $10. Par-
ticipants who were endowed with the gamble were given the option 
to switch to a sure thing of $5, while others were given the option 
to switching from a sure thing of $5 to the gamble. To increase the 
possibility of an attentional bias, participants completed 3 minutes 
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of anagrams as a distraction after revealing each of the first two out-
come values. After participants saw the final outcome, they were 
given the choice between the gamble or a sure thing (at EV).

Results
One hundred and forty participants were recruited through a 

downtown community sample. We analyzed the between-subjects 
effects of order and endowment in a binary logistic regression and 
found that both main effects are significant, with no interaction be-
tween the two. Participants gambled more when they were given 
the payments in ascending order (48.6%) than in descending order 
(33.3%). Participants also gambled more when they started with the 
lottery (50%) than when it was the sure thing (31.9%). 

Discussion
We replicated Sprenger & Andreoni’s (2011) finding of an en-

dowment effect for risk, which could be the result of either an effect 
on risk preferences (Koszegi & Rabin, 2007), or a possession-based 
endowment effect (Brenner et al., 2007). We also find that partici-
pants gamble more when the last value was the highest than when it 
was the lowest, consistent with a recency-based account of reference 
point formation. One alternative explanation is that there is an effect 
of affect on risk preferences (Loewenstein et al., 2001) rather than an 
effect of attention on reference point formation. That is, participants 
may have felt happy after getting a high final value and which led 
them to be more risk-seeking. To rule out this alternative explana-
tion, we must test multiple value sets, varying both the final value 
(low or high) and the relative order (ascending or descending).

Study 2
We conducted a second study to examine the robustness of our 

effect and to minimize the effect of positive affect. We implemented 
a within-subjects design and simplified the design from Study 1: the 
gambles had two rather than three outcomes and participants were 
always endowed with the gamble. We used 6 different gambles, 
($1,$3), ($1,$6), ($1,$9), ($4,$6), ($4,$9), and ($7,$9), with each 
gamble shown in either ascending or descending order. To test for 
the ascending series as affect account, we used gambles in which the 
highest outcome was relatively low or relatively high.

During each of the 12 rounds of the study, participants learned 
the “heads” value of a coin, then spent 45 seconds doing anagrams 
as a distractor, then learned the “tails” value of the same coin, and 
finally chose between staying with the gamble or switching to a sure 
expected. After all 12 rounds, one of the 12 coins was randomly cho-
sen from a bag and flipped “for real.” 

Results
Overall, participants were more likely to gamble when the 

same value pair was presented in ascending order (45.1%) than in 
descending order (40.3%). We found this directional pattern for 5 
of the 6 series. A logistic regression, controlling for the fixed effects 
of value pair and participant, confirms this effect. A separate logistic 
regression that includes the value of the final outcome replicates this 
finding and shows no effect of that final value on risk preferences.

Discussion
We replicate the recency effect in a within-subjects design in 

another paradigm where beliefs are held constant. Note that we do 
not find evidence that the absolute level of the second value has an 
effect on risk preferences, which would be predicted by an affect ac-
count. Rather, we argue that increased attention on the second value, 
through both recency and the built-up anticipation during the ana-
grams, caused it to be a more salient comparison standard for the 

choice. Consequently it received more weight as a reference point 
for evaluating the attractiveness of the gamble.

the Role of Payoff Ratio in  
decision Making Under Uncertainty

ExtEndEd AbStRACt
Many decisions involve the possibility of financial gains and 

losses. Our understanding of decision making under risk is based 
on Expected Value Theory (Pascal, 1670/1966), Expected Utility 
Theory (von Neumann & Morgenstern, 1944), and Prospect Theory 
(Kahneman & Tversky, 1979). These landmark theories share the 
fundamental assumption that people integrate, or combine, expected 
gains and losses using an additive integration rule.

To illustrate, imagine that you are asked to choose between two 
gambles. With gamble A, you either win $5 or lose $9. With gamble 
B, you win $15 or lose $20. Which gamble should you choose, gam-
ble A (+5, .50; -9, .50) or gamble B (+15, .50; -20, .50)? Additive 
integration implies subtracting expected losses (or a transformation 
thereof) from expected gains (or a transformation thereof). Accord-
ing to Expected Value Theory, for instance, the value of gamble A is 
-2 (i.e., EVA = 2.5 - 4.5) and the value of gamble B is -2.5 (i.e., EVB 
= 7.5 - 10). According to Prospect Theory, the value of gamble A is 
-5.72 (i.e., PTA = 2.06 – 7.78) 1 and the value of gamble B is -10.29 
(i.e., PTB = 5.42 – 15.71). Both normative and descriptive theories 
of decision making therefore predict a preference for gamble A. We 
presented 109 college students trained in economics and statistics 
with this choice and 68% opted for gamble B (χ2(1) = 10.96, p < 
.001). We claim that people prefer gamble B because it has a more 
attractive gain/loss ratio, or payoff ratio (i.e., 15/20 = 0.75), than 
gamble A (i.e., 5/9 = 0.56). 

In general, additive integration is suitable when the quantities to 
be integrated are commensurable—that is when they have a common 
standard or belong to the same category—but is not suitable when 
the quantities to be integrated are not commensurable. For example, 
when choosing between two jobs differing in workload (measured 
in hours) and salary (measured in dollars), to compute a summary 
statistic that jointly considers time and money, one does not subtract 
the number of hours worked from total dollars earned. In situations 
where the quantities to be integrated are not commensurable, multi-
plicative integration is appropriate. For example, a useful statistic to 
compare the two jobs could be dollars per hour.

Additive integration thus assumes that gains and losses are 
commensurable. From a normative point of view, this is of course 
warranted because gains and losses are typically measured with the 
same standard (e.g., money). From a psychological point of view, 
however, the assumption that gains and losses, even when mea-
sured with the same standard, are perceived as commensurable is 
not straightforward. Recent developments in emotion research (Ca-
cioppo, Gardner, and Berntson 1999, Larsen, McGraw, and Caciop-
po 2001) and neuropsychology (Yacubian et al. 2006; Zhong et al. 
2009) suggest that losses are not merely the opposite of gains, but 
that they are experienced as something different altogether. When 
evaluating risky decision alternatives, people may therefore have a 
natural tendency to integrate gains and losses using a multiplicative 
rule. If so, the payoff ratio is a summary statistic that people may be 
especially sensitive to.

In a theoretical analysis, we analytically derive the conditions 
under which payoff ratio, expected value, and prospect theory are 

1  Consistent with Tversky and Kahneman (1992), these es-
timates are based on a value function with an exponent of .88 and a 
loss aversion parameter of 2.25.
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dissociated. This analysis also predicts that reliance on the payoff ra-
tio as a proxy for expected value leads to risk aversion (seeking) for 
mixed gambles with a positive (negative) expected value, whereas 
prospect theory predicts general risk aversion for mixed gambles. 
Five empirical studies support the payoff ratio as an important driver 
of risky choice.

In our first study, participants rated one of four gambles on a 
scale from -10 (extremely unattractive) to +10 (extremely attractive): 
A(+4, .50; -2, .50), B(+8, .50; -5, .50), C(+2, .50; -4, .50), and D(+5, 
.50; -8, .50). Across both the positive (A and B) and the negative 
domain (C and D), participants rated the gambles with the higher 
payoff ratio, gambles A and D, as more attractive than the gambles 
with the lower payoff ratio, gambles B and C, although the gambles 
with the lower payoff ratio had a higher expected value.

In our third study, participants were asked to choose two times 
between pairs of gambles. The first pair of gambles was: A(+300, 
.50; -150, .50) and B(+500, .50; -200, .50). According to expected 
value, prospect theory, and payoff ratio, participants should favor 
gamble B. We constructed the second pair of gambles by adding a 
sure gain of $100 to all payoffs of the first pair of gambles: C(+400, 
.50; -50, .50) and D(+600, .50; -100, .50). Similar to the first pair, 
gamble D is superior to gamble C in terms of expected value and 
prospect theory. However, adding a sure gain of $100 reversed the 
rank of the two gambles in terms of payoff ratio. If individuals rely 
on payoff ratio to choose between gambles, we should observe a 
preference reversal across the two gamble pairs. Consistent with reli-
ance on the payoff ratio, 78% of participants chose gamble B over 
gamble A and 64% of participants chose gamble C over gamble D. 

In our fifth experiment, all participants are presented with a 
gamble A (+60, .50; -30, .50). Half of participants are presented with 
another gamble B (+80, .50; -__, .50) for which the loss is missing. 
The other half of participants are presented with a gamble C (+__, 
.50; -40, .50) for which the gain is missing. Participants are asked 
to match the two gambles in terms of attractiveness. We find that 
most participants match the payoff ratio of both gambles, but not the 
expected value.

We will discuss the implications of multiplicative integration 
for multi-attribute evaluations and attitude formation.

Outcome neglect:  
How Guessing Heuristics Supersede Expected Value

ExtEndEd AbStRACt
In decision-making, we often face situations where the goal 

of “getting it right” is highly salient, but the differences in conse-
quences if we succeed may be more easily overlooked. Consider a 
common radio call-in contest: a winning number, representing the 
prize amount, has been selected within some known range, and the 
caller has to guess it. If the caller guesses correctly, she will win 
exactly that amount. Thinking in terms of expected utility (or any 
utility-maximization approach which incorporates probabilities and 
outcomes), the right strategy is to guess the highest possible number, 
as long as all payoffs have equal probability. However, we show that 
people very rarely use this strategy.

In the first study, participants made a single guess, for an 
amount drawn from a uniform distribution between $1 and $20, in 
increments of $.50. They were told that if they guessed correctly, 
they would win that amount of money, and that they would see the 

distribution of everyone’s prize amounts at the end, to enable them to 
confirm. While the optimal guess was $20, 85% of participants gave 
a lower guess. The average guess was $13.11, significantly lower 
than $20.

In the second study, participants in a classroom setting played a 
sequential game. A prize amount was drawn at random from a pack 
of cards numbered between $1 and $10.95, in increments of $.05, 
in front of the participants. They then took turns guessing, and after 
each person’s guess, all the participants were told whether the actual 
amount was higher or lower. When a participant guessed correctly, 
a new number was drawn, until all the participants had the opportu-
nity to make one guess (4 rounds). Participants’ guesses were scored 
from 1 (highest valid guess) to 0 (lowest valid guess). The average 
guess was .67, significantly lower than 1. While participants gave 
significantly higher guesses earlier in each round, there was no evi-
dence of learning from observing others’ outcomes (better guesses in 
later rounds). We also found some evidence that round numbers were 
more likely to be guessed.

In the third study, we analyzed 154 valid guesses made by call-
ers to an actual radio contest, over the course of two months. In each 
game, a number between $750 and $2012 was chosen and callers 
made a guess. Similarly to Study 2, if the guess was correct, they 
won the guessed amount, but if not, whether their guess was too 
high or too low was announced on-air for the benefit of subsequent 
callers. Across 36 games, the first caller’s guesses averaged $1381, 
significantly lower than the optimal guess of $2012. Rescaling all 
guesses to the interval between 1 (highest valid guess) and 0 (low-
est valid guess), the average guess was .5, significantly lower than 
the optimal guess of 1. This did not vary with the time, number of 
elapsed guesses in that game, or the expected value of the best guess. 
These findings were confirmed with data from a second radio sta-
tion contest with the same general format but a different audience 
demographic.

The field data confirms the presence of outcome neglect in a 
real-world setting with high potential stakes. It is important to note 
that callers’ behavior could be explained by several alternative ac-
counts, including not believing that the numbers were randomly 
drawn, wanting to help others by “narrowing down” the range of 
valid numbers or thinking that doing so might even benefit oneself in 
the future. However, the lab studies rule out any of these accounts.

Our findings have important implications for several lines of 
research. Our results suggest that maximizing utility is best seen as 
one of many potential heuristics available to people, which can be 
easily overlooked when the goal (e.g. “accurately guessing a num-
ber”) suggests other heuristics as potentially more relevant. We will 
discuss the potential for re-framing manipulations to make utility 
maximizing heuristics more salient and thereby eliminate the effect.

While the irrationality of participants’ behavior is clearly de-
monstrable in the specific setting we use, we argue that the basic 
notion of outcome neglect generalizes to many other goal-pursuit 
settings where the negative impact may be more difficult to identify. 
Arguably, a common mistake is to overinvest in low-payoff tasks 
because we want to “get it right”, or to choose lower-payoff tasks 
strictly because of their feasibility, failing to adjust for the expected 
value. In these settings, outcome neglect may be an important cause. 
Lastly, we note that our findings represent a fairly strong failure of 
“wishful thinking”, as participants’ guesses did not reflect wishful 
thinking, even though it was in their interest to do so in this setting. 


