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Abstract.
We examine whether people have an intrinsic preference for negatively skewed or positively
skewed information structures, and how these preferences relate to intrinsic preferences for informativeness. Results from lab experiments show a strong intrinsic preference for positively skewed
information and suggest that providing such information may reduce information avoidance. Evidence from field studies in decision-relevant and ego-relevant contexts replicate these findings and
confirm that the provision positively skewed information can improve information uptake. We discuss our findings through the lens of existing theories, and as well as the potential trade-offs in
information provision policies.
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1. Introduction
Imagine that you have recently submitted a paper to a top journal. You are attending a
conference where two of your previous mentors, Paul and Nell, are also present. You are considering
asking them their opinions about the fate of your paper at this journal. Neither can have any
influence on the outcome, and you cannot make any changes to the paper; therefore, their views
are entirely non-instrumental at this time. They tend to have equally informative opinions but differ
in how they communicate them. Paul likes to be quite certain of a good outcome before he gives you
a thumbs-up, whereas Nell gives a thumbs-down only if she is quite certain of a bad outcome. Would
you talk to either of your mentors at the conference? If so, to whom would you prefer to talk? The
type of information you seek, and thus whether you talk to Nell or Paul, is likely driven by how you
think it would make you feel as you wait to learn about the fate of your paper. As previous work in
economics and psychology has discussed, the desire to regulate anticipatory emotions (e.g., hope and
anxiety) regarding a self-relevant outcome may lead to intrinsic preferences for information – that is,
a desire for or aversion to certain types of information beyond any preferences for the information’s
instrumentality with respect to the person’s future actions (see Bénabou [2015], Bénabou and Tirole
[2016], Golman et al. [2017], Molnar and Loewenstein [2021] for reviews).
Until now, most the theoretical and experimental work in this domain has focused on preferences regarding the timing of information.1 When only a single signal is provided before the
outcome is realized, signals that resolve more uncertainty earlier are signals that are more informative. However, information sources differ not only in their informativeness, but also, and often,
in the type of information they can provide. We focus on this important, and less-understood,
dimension of intrinsic preference for information, referring to it as preference for the skewness of
information. Some information sources are negatively skewed: they eliminate more uncertainty
about an undesired outcome if they generate a bad signal, but they are unlikely to generate a bad
signal (e.g., Nell’s feedback). Other signals are positively skewed: they eliminate more uncertainty
about a desired outcome if they generate a good signal, but they are unlikely to generate a good
signal (e.g., Paul’s feedback).
There are two main reasons why examining preferences for skewed signals is crucial for a
complete understanding of intrinsic information preferences. First, many information sources in
the real world are inherently skewed. For example, medical tests vary in their ability to rule in
or to rule out a disease, human resources departments vary in their style of feedback, companies
1

Theoretical work in this domain includes research focusing on preferences for earlier versus later resolution
of information (e.g., Kreps and Porteus [1978], Grant et al. [1998], Caplin and Leahy [2001]), and preferences for
gradual versus one-shot/clumping of information (e.g., Ely et al. [2013], Kőszegi and Rabin [2009], Dillenberger
[2010]). Examples of experimental work that focus on timing of information include Chew and Ho [1994], Ahlbrecht
and Weber [1997], Arai [1997], Lovallo and Kahneman [2000], Von Gaudecker et al. [2011], Brown and Kim [2014],
Falk and Zimmermann [2014], Kocher et al. [2014], Zimmermann [2014], and Ganguly and Tasoff [2017].
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systematically differ as to when they provide an optimistic earnings guidance, and news outlets
covering highly anticipated elections results differ in their interim predictions. Second, skewness
is closely related to the anticipatory emotions, which prior literature identifies as drivers of nonstandard information preferences. Receiving a bad signal from a positively skewed information
source does not diminish hope as much as getting a bad signal from a negatively skewed source
does. Receiving a good signal from a positively skewed information source carries a higher risk of
eventual disappointment, unless it fully reveals the outcome. Therefore, examining preferences for
skewness and their relationship with preferences for informativeness is useful for gaining a deeper
understanding of intrinsic information preferences, which in turn influences information demand
even when information is instrumental.
In this paper, we explore (1) whether people prefer negatively or positively skewed information
structures when they are equally informative, (2) whether they prefer more or less informative
structures, and (3) how individual preferences for skewness and informativeness are related. Our
investigation reveals two main findings, which have important implications for models of intrinsic
information preferences and for optimal information design policy in contexts where information
avoidance is a concern.
First, the results reveal a widespread preference for positive versus negative skewness. In other
words, individuals prefer ruling out more uncertainty about a desired outcome (and tolerating
uncertainty about an undesired outcome) than for ruling out more uncertainty about an undesired
outcome (and tolerating uncertainty about a desired outcome). In our running example, these
preferences suggest that most people would prefer talking to Paul, the advisor whose positive
feedback, while rare, is more informative than his negative feedback. Preferences for positive
skewness are strongly held. Individuals exhibit an average informational premium (i.e. a willingness
to pay) for positively skewed signals that is higher than not only other signal structures with the
same variance (but lower skewness) but even compared with full information.
Second, our results suggest that policy makers might be able to convince information avoiders
to acquire some information by providing very informative signals when delivering good news,
sufficiently noisy signals to preserve hope when delivering bad news. There has been a concern in
the literature that some people may avoid information even when it is free.2 Our results show that
this concern has merit: there is a sizable proportion (ranging from 11% to 30% across five studies)
of individuals who avoid the most informative signals. However, we also find that a significant
minority them of these individuals are willing to acquire information if it is positively skewed (and
2
Economists have discussed the potential impact of intrinsic information preferences on information demand
and the implications for the design of information structures across many domains, such as health [Kőszegi, 2003,
Caplin and Eliaz, 2003, Caplin and Leahy, 2004, Oster et al., 2013b, Schweizer and Szech, 2013], media consumption
[Mullainathan and Shleifer, 2005], and finance [Andries and Haddad, 2014].
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will continue to reject it if it is negatively skewed). Several models, such as Caplin and Eliaz [2003],
Eliaz and Spiegler [2006a], Schweizer and Szech [2013], Dillenberger and Segal [2017], hypothesize
that providing positively skewed information may help reduce information avoidance. Our results
provide concrete evidence for this idea and suggest that skewness should be considered in policy
design, especially where information avoidance is of policy concern.
We present evidence from three lab experiments with a total 1,182 participants and two field
studies with 1,226 individuals. The lab experiments ask individuals to choose among information
structures that reveal clues about whether or not they won a $10 lottery, which would be revealed
in 30 minutes. The design, which we detail in Section 2, rules out any instrumental value of
information and exogenously sets (common) priors. This allows us to construct choices among
signals with tightly controlled properties to identify intrinsic preferences for skewness independent
of preferences for informativeness. Experiment 1 examines these informational preferences and the
associated monetary premia in a between-subject design. Experiment 2 replicates these patterns in
a within-subject design and speaks directly to how an individual’s preferences for informativeness
and skewness are related.3 In an extension, we also examine how preferences for skewness and
informativeness vary across priors. The field studies, presented in Section 3, examine informational
preference in contexts in which individuals are known to avoid information even when information
has instrumental value: health information (see e.g., Oster et al. [2013a], Golman et al. [2017],
Ganguly and Tasoff [2017]) and intelligence feedback (see e.g., Eil and Rao [2011]). Naturally, it
is difficult to control for the informational properties or instrumental value of signals in the field.
We choose domains in which providing both informative signals and skewed (but less informative)
signals is not only possible, but also natural: genetic test results regarding a person’s likelihood of
developing Alzheimer’s disease, and feedback about one’s relative performance on an IQ test. We
designed the field studies to extend our findings to context-rich environments and illuminate tradeoffs relevant to determining how and when providing positively skewed information can improve
welfare. Overall, our results suggest that skewness of information provided can increase both the
extensive margin (how many people are willing to acquire information) and the intensive margin
(how much they value the information).
In Section 4, we discuss our main findings in the context of existing experimental literature,
and through the lens of extant theories of intrinsic information. This discussion highlights our
empirical contributions and offers conditions on utility functions that can rationalize the observed
behavior for the benefit of future theory work in this domain. Section 4 also discusses how and
when providing positively skewed information can improve welfare. When providing informative
signals is costly, our results suggest that a social planner should maximize skewness subject to any
3

The lab experiments also assist participants in computing probabilities and updating beliefs, to ensure that
preferences reflect utility and not cognitive-processing constraints or flaws in Bayesian updating.
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constraint on informativeness that can be achieved. Independent of cost considerations, when it is
possible to provide multiple signals, our results suggest that offering positively skewed signals in
addition to a fully revealing signal may improve welfare under some conditions, which we detail.
Section 5 concludes with a discussion of the implications of our findings for adjacent fields and
fruitful avenues for further research.
2. Experimental Investigations
We conducted tightly controlled lab experiments to assess whether people prefer information structures that, given equal priors, are more accurate at predicting the worse outcome than
those that are more accurate at predicting the better outcome when information is entirely noninstrumental. These experiments also shed light on the relationship between individuals’ preferences
for skewness and informativeness. In this section, we provide an overview of the theoretical preliminaries that inform our experimental design, summarize common protocols and discuss important
features that allow us to identify intrinsic preferences. Then, we present each experiment’s unique
features and results.
2.1. Preliminaries. We begin by outlining the preliminaries of the experimental design. We
consider a situation in which there are three periods (0, 1, and 2). In Period 0, individuals have a
prior probability distribution over the states and the payoffs that will be realized in Period 2. In
Period 1 they receive a signal that might cause them to update their priors. In Period 2 the states
are revealed and individuals receive their payoff.4 There are two possible outcomes, high and low,
with utility values u(H), u(L), and the prior probability on the high outcome is denoted as f .
The decision-maker has access to a set of binary information structures: the realizations are
G (good) or B (bad). A good (bad) signal is one that increases (decreases) the beliefs about
the outcome being high relative to the prior. The information structures in this context are fully
characterized as points in [0, 1]2 : (p, q), where the probability of a good signal conditional on the
high outcome is p = p(G∣H), and the probability of a bad signal conditional on the low outcome
is q = p(B∣L). Individuals cannot take any actions conditional on information; thus all preferences
for information must come from intrinsic, rather than instrumental, motivations.
We suppose that individuals have preferences for information structures (p, q) given the prior
f , denoted by ≿f .5 Information preferences in the real world are typically observed for a given prior
— for example, testing preferences given the chances of a genetic defect being found in the embryo.
4The outcome is always learned, which distinguishes our setting from environments in which it is possible for

individuals to avoid learning at all, such as in Alaoui [2012].
5We directly work with preferences over information structures. Intrinsic information preferences are typically
modeled as preferences for two-stage compound lotteries (lotteries over lotteries). There is a natural bijection between
prior-information structure pairs and two-stage compound lotteries. Our formal results in Section 4 make use of this
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Given the domain of all possible signal structures represented as points in the (p, q) space (with p
on the horizontal axis), we only consider preferences for those that lie above the line p + q = 1 along
with the point (.5, .5). We denote this set as S ∶= {(p, q)∣ p + q > 1} ∪ (.5, .5). All points in S have
a natural interpretation: a good (bad) signal is good (bad) news. Also, S is the minimal set that
allows us to capture all possible posterior distributions.6

Figure 1. Examples of Information Structures on (p, q) space

Figure 1 provides some examples of information structures in S (this set corresponds to the
shaded upper triangle in the figure) when f = .5. The information structure (1,1) denoted by A
resolves all information at once, because a good signal implies that the outcome is H for sure, while
a bad signal indicates that the outcome is L for sure. In contrast, information structure (.5,.5),
denoted by D is an information structure that conveys no information at all, because the posterior
after either signal is equal to the prior. Information structures (.55,.55) and (.76,.76), denoted by C
and B, resolve some interim uncertainty. We refer to signals along the diagonal p = q as symmetric.
Given that uncertainty is fully resolved in Period 2, receiving a signal from A (D) in Period 1 is
equivalent to an early (late) resolution of uncertainty, whereas receiving a signal from B or C in
Period 1 is equivalent to a gradual resolution of uncertainty.
In our experiments, we use different choices between information structures to separately
identify preferences for informativeness and preferences for skewness. In line with the literature to
identify preferences for informativeness, we asked participants to compare information structures
relationship. Experiments examining preferences for the resolution of uncertainty when framed as compound lotteries
include Miao and Zhong [2012], Abdellaoui et al. [2013], and Halevy [2007].
6We can only include a single point along the line p + q = 1 (i.e., (.5,.5)). This is because all points in the line
p + q = 1 are uninformative — they induce a two stage compound lottery where the posterior after any information
is always equal to the prior. We formalize all these statements in Appendix F.
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that vary in their Blackwell informativeness.7 We refer the reader to Appendix F for details on
the formal definition of Blackwell informativeness in our setting. Intuitively, the posteriors under
the Blackwell more informative structure are a mean-preserving spread of the posteriors under the
Blackwell less informative one. Signals on the symmetric line in Figure 1 are increasingly Blackwell
more informative going northwest from D to A. More generally, however, Blackwell’s ranking of
information structures is incomplete – there are many structures that are neither (strictly) more or
(strictly) less informative than a given other. Figure 1 provides an illustrative example, indicating
the set of information structures that are ranked in terms of their Blackwell informativeness with
respect to information structure (.3,.9), denoted by X, with the upper (lower) region including
signals that are Blackwell more (less) informative than X.
The main focus of this paper is to document whether individuals have preferences for skewness
— that is, in Period 1, do individuals prefer to resolve more uncertainty about the high outcome
or the low outcome? We define the skewness of an information structure as the standardized third
moment of the posterior distribution it induces.8 In Figure 1, symmetric information structures
have zero skewness, structures to the west of the diagonal are positively skewed (e.g., T and X),
and those to the east of the diagonal are negatively skewed (e.g., U and Z). Information structure T
provides a 25% chance to resolve all uncertainty in favor of the high outcome (giving a posterior of
1), while delivering worse-than-before news 75% of the time (delivering a posterior of 31 ). Conversely,
U provides a 25% chance to resolve all uncertainty in favor of the low outcome (giving a posterior
of 0), while delivering better-than-before news 75% of the time (and giving a posterior of 23 ). When
f = .5, any symmetric pair of information structures across the diagonal have the same mean and
variance (e.g., the pair T and U , or the pair X and Z).
Choices in these two domains (informativeness and skewness) identify different properties of
the utility function, and as our theoretical results show, preferences for skewness and informativeness are orthogonal concepts. We define a decision-maker with a preference for informativeness
(uninformativeness) as having a convex (concave) utility function over compound lotteries. Grant
et al. [1998] show that an individual always chooses the more (less) Blackwell informative signal
if and only if they have a preference for informativeness (uninformativeness). One of our novel
contributions is to relate observed choices over differently skewed information structures to the
7Blackwell’s ordering was originally designed to be used in situations in which the individual’s payoff in Period
2 depends on both the state and an action taken by individuals in Period 1. However, as Kreps and Porteus [1978]
and Grant et al. [1998] demonstrate, there is a meaningful mapping between Blackwell’s ordering and information
preferences even when information is non-instrumental (i.e., when individuals cannot take any action based on it).
8In the theoretical literature, there are other notions related to preferences for skewness, including the central
third moment, third-order stochastic dominance, third-degree risk order, and Dillenberger and Segal [2017]’s notion
of skewness. Given a 50% prior and signal structures that are reflections of one another across the diagonal, all
these orderings coincide. Moreover, holding variance fixed across information structures, as we do when testing for
skewness, implies that the ordering imposed by third central moment and our notion coincides.
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structure of utility. We define a decision-maker with a preference for positive (negative) skewness
as having a convex (concave) marginal utility function over compound lotteries. Proposition 1 in
Section 4 shows that considering choices among equivariant signal structures that vary in their
degree of skewness, allows us to identify whether a decision-maker has a preference for positive or
negative skewness.9 Our approach parallels that of Menezes et al. [1980], who show that in order
to disentangle preferences for the skewness of monetary lotteries (i.e. downside risk aversion) from
risk aversion, it is necessary to examine preferences over lotteries that are equivariant but differ in
skewness.
We also study the relationship between preferences for informativeness and preferences for
skewness in several ways. First, we explore the extent to which individuals who exhibit a preference
for more or less informative signals exhibit different preferences for skewness. Second, we consider
whether there is a trade-off between individuals’ preferences for skewness and the preferences for
informativeness — for example, is it the case that individuals who prefer symmetric Blackwell less
informative signals to symmetric more informative signals (e.g., (.5,.5) to (1,1)) are still willing to
choose a positively skewed signals over a less informative signal (e.g., (.3,.9) to (.55,.55))?
2.2. Protocol. We recruited participants for an in-person study at the Ross Behavioral Lab of
the University of Michigan’s Ross Business School in exchange for $7 compensation for showing
up. When the participants arrived at the lab, they read and signed the consent form, and then
received raffle tickets, which gave them a chance of winning an additional $10. The experimenter
gave the raffle tickets to participants from a ticket roll one by one, making it transparent to all
participants that each of them had an equal (and exogenously determined) chance of winning the
lottery. Participants then watched an instructional video that explained that whether a particular
ticket wins or loses the lottery is determined by the last digit of the ticket number and the outcome
of a 10-sided die throw. They learned that the experimenter would roll the die and cover it with a
cup (after seeing the die outcome) to hide the outcome from the participants. If the die outcome is
an odd (even) number and the last digit of the ticket the participant is holding is also odd (even),
they would win $10; otherwise, they would not win any additional money. In this manner, the
experiment set prior beliefs about the chances of the high outcome (winning $10) at f = .5, for all
participants. The instructions emphasized that the outcome of the die would not be announced
publicly before the experiment was over. Participants learned that they would enter their ticket
number in the program, and the experimenter would supply a code so that the computer would know
whether they won or lost, even though the participants would not. Instructions gave hypothetical
9Variance is only one completion of Blackwell informativeness: when p ≠ q, for a given f , if (p′ , q ′ ) is more

Blackwell informative than (p, q), then the former has a higher variance; however, the converse is not necessarily
true (and thus equivariant signals cannot be strictly ranked according Blackwell ordering). As Proposition 1 shows,
holding variance fixed plays a special role in identifying preferences for skewness in comparisons across information
structures.
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examples of this process to explain how the computer would know more than the participants did,
and how it could generate clues upon demand.
In Experiment 1, each participant was presented with a pair of information structures (betweensubjects design). In Experiment 2, each participants indicated a preference for an information
structure among five pairs, with one being chosen randomly for realization (within-subjects design).
Participants were informed of the sequence of the events that would follow before making a choice.
In particular, they learned that they would make a choice (or, choices) between two clue-generating
options, observe the clue generated by the option (or, one of the options) they choose, and sit with
that clue for about 30 minutes as they worked on unrelated hypothetical questions for the rest
of the experiment until the die outcome was announced. That participants knew about the delay
from the time of information acquisition to the time of uncertainty resolution is important for the
design. In the absence of this information, participants would not have the need to manage beliefs
and related anticipatory emotions. Instructions also clarified that the information would not change
whether they actually won the lottery or not, nor would it help them elsewhere in the experiment.
After they listened to these instructions, participants entered the last digit of their raffle ticket they
received and the code supplied by the experimenter. On the following page, they answered several
comprehension questions about the instructions they received. The program instructed them if
they answered any question incorrectly.
Each information structure was presented as containing two boxes, each holding 100 red or
black balls. The first box contained 100p red balls and 100(1 − p) black balls. The second box
contained 100(1 − q) red balls and 100q red balls. Figure 2 shows an example for (.9, .3) as Option
1 and (.3, .9) as Option 2 and the summary provided to the participants under each box.

Figure 2. Graphical Presentation of Information Structures
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Before making a choice between the two information structures, subjects watched another
instructional video that detailed the information structures. The instructions clarified that the
computer would draw a ball from the first box if the participant won the lottery, and from the
second box otherwise, participants could observe the color of the ball, but not which box it was
drawn from; thus, the color of the drawn ball would serve as a signal regarding the state of the world.
The instructions also specified the likelihood of observing a ball color and the posterior probability
of winning associated with a color for each information structure. After answering questions that
checked participants’ comprehension of the instructional video, they arrived at a page that displayed
the two options graphically and repeated the information regarding the likelihood of observing a
ball color and the posterior probability of winning associated with a color for each information
structure. Participants made a choice between the two information structures and indicated their
preference intensity. Figure 10 and Figure 11 in Appendix H display examples of these questions.
We assessed preference intensity on a scale from 0 (indicating indifference between the two options)
to 10 (indicating an extremely strong preference for the preferred option over the alternative).
Participants always had to make a choice between information structures, even if one of them was
uninformative (i.e., (p, q) = (.5, .5)). In Experiment 1, after each participant made a single choice
among a pair of information structures, they also decided whether they would agree to see a ball
drawn from their nonpreferred information structure rather than a ball drawn from their preferred
information structure, in exchange for x cents, where x ranged from 1 to 50.10
Based on the participant’s choices, the program drew a ball from the appropriate information
structure and displayed the color of the ball to the participants.11 After observing the ball color,
participants were asked to indicate their posterior beliefs of winning the lottery (see Figure 15
in Appendix H). They then waited for 30 minutes and answered non-consequential questions in
the meantime.12 Regardless of whether participants acquired any information about winning the
10In order to provide familiarity with this list-price elicitation, Experiment 1 included a seemingly unrelated initial

warm-up task, in which participants chose between a pen and a postcard and indicated their willingness to switch
objects for a list of compensation amounts. In Appendix H, Figures 7, 8 and Figure 9 show screen shots of these
warm-up questions. Whether or not the random number generator in the initial task induced a switch away from
the participant’s chosen object had neither an economically nor a statistically significant impact on the minimum
compensation required by participants to switch information structures (b = −1.66, p = 0.23).
11
In Experiment 1, the program randomly picked one of the willingness-to-switch statements and carried it out,
determining if the participants received any additional compensation and the information structure from which they
would see a ball drawn. Figure 12 in Appendix H displays the preamble to the willingness to switch elicitation, Figure
13 shows the list of willingness to switch questions, and Figure 14 displays the page informing the participants of the
chosen statement and the implication of their answer to the statement. In Experiment 2, participants indicated their
choice and their preference strength for each pairwise comparison before the computer randomly picked one question,
and displayed the participant’s preferred information structure in that question as well as the color of the ball drawn
from it.
12
In Experiment 1, participants explained the reason they preferred the information structure of their initial choice,
indicated their choices in a hypothetical monetary gamble if the risk was realized today, wrote short essays regarding
the difference between motives and intentions behind an action, and indicated their choices in a hypothetical monetary
gamble if the risk was realized a week from today. In Experiment 2, they made hypothetical choices in questions
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raffle or not, the waiting period and the filler tasks were the same. At the end of the study, one
participant was invited to lift the cup and announce the die outcome. Each participant was paid
privately.

2.3. Identification of Intrinsic Preferences. Our lab experiments address four important challenges in identifying preferences for non-instrumental information. First, they ensure that information is entirely non-instrumental. In the real world, information typically has some instrumental
value, which can confound identification of intrinsic preferences. The experiments keep the participants in a controlled environment where they could not engage in any actions based on information
to rule out any instrumental use of the information acquired.
Second, the protocol eliminates confounds that may arise from cognitive-processing constraints
or flaws in Bayesian updating. The instructions provide the participants with information about
the probability of observing any given signal, and what posteriors they should have after observing
the signal. Eliminating confusion about objective beliefs allows us to elicit choices that reveal
intrinsic information preferences.13
Third, our design allows us to separate preferences for the skewness (determined by the third
derivative of the utility function) from the preferences for the timing of information (determined by
the second derivative of the utility function). When eliciting preferences for skewness, we present
participants with a pair of positively and negatively skewed information structures that have the
same variance and absolute level of skewness, but vary in the sign of their skewness. In this manner,
the design ensures that elicited strict preferences cannot be attributed to preferences for earlier or
later resolution, but rather only to preferences for skewed information structure.
Fourth, the experiment exogenously sets common priors. This allows us to construct signals
with known posterior distributions, a necessary feature for assessing their informativeness and
skewness. This also allows us to generate exogenous variation in priors to assess how informational
preferences change with initial expectations.

2.4. Experiment 1: Between-subject evidence for timing and skewness preferences. A
total of 700 participants took part in this real-choice experiment conducted at the University of

that assessed their risk preferences, ambiguity aversion, ability to reduce compound lotteries and attitude differences
towards common ratios.
13
It is well documented that individuals engage in non-Bayesian updating; recent work in the context of instrumental information demand by Ambuehl and Li [2018] demonstrates that non-Bayesian updating can distort informational
choice.
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Michigan Ross Behavioral Lab.14 The experiment lasted 60 minutes. All instructions and further
details of the experiment appear in Appendix A.
Information Structures: Experiment 1 included 10 between-subjects treatments, each presenting a choice between two information structures. Treatment T1 asked participants to choose
between (1, 1) and (.5, .5), eliciting preferences for full early resolution of uncertainty versus full
late resolution of uncertainty. T2 elicited preferences between (.5, 1) and (1, .5), a positively skewed
structure and a negatively skewed structure that may lead to full resolution of uncertainty given
some signal realizations. T3 and T4 presented a comparison between two skewed information
structures, [(.3, .9) and (.9, .3)] and [(.6, .9) and (.9, .6)], respectively, where information is always resolved gradually. Treatments T2–T4 test whether people prefer information structures
that, given equal priors, are more accurate at predicting the worse outcome than those that are
more accurate at predicting the better outcome. In all treatments that present two skewed structures (p, q) and (p′ , q ′ ), we ensure that mean(p, q) = mean(p′ , q ′ ), var(p, q) = var(p′ , q ′ ), and
skew(p, q) = −skew(p′ , q ′ ). Because for f = .5 the (p, q) space is highly symmetric, these conditions imply that p = q ′ , p′ = q where p > q, q ′ > p′ . Treatments T5 and T6 asked participants to
choose between an uninformative signal (.5, .5) and the positively skewed structure in T2 and T3,
respectively. Similarly, T7 and T8 asked participants to choose between an uninformative signal
(.5, .5) and the negatively skewed structure in T2 and T3, respectively. Finally, T9 and T10 asked
participants to choose between an uninformative signal (.5, .5) and a symmetric structure with the
same variance of its posterior distribution as the skewed structures in T2 and T3 respectively.15
Results: Table 1 summarizes choices across the pairs of information structures presented by
T1-T10, and reports p-values from one-sided binomial tests against the null hypothesis of random
choice. The treatments allow us to evaluate three dimensions of intrinsic preferences for information.
First, they allow us to examine preferences for informativeness. The results from treatment T1
indicate that 70% of individuals prefer (one-shot) early resolution to (one-shot) late resolution. The
results from treatments T5–T10 show that the majority of participants prefer partially informative
structures (i.e. those that resolve uncertainty gradually over time in this context) to late resolution.
Therefore, the results reveal a preference for informativeness for the typical participant.16 However,
14

The experiment was run in two waves. A total of 223 subjects participated in treatments T1-T5 in the summer
semester of 2015, and a total of 477 subjects participated in treatments T1-T10 in the winter and spring semesters
of 2017. There were no differences in subject choices across the two waves in treatments T1-T5. Appendix A reports
results by wave.
15Due to approximation errors the variance for the symmetric structures is slightly larger than the variance of the
positively and negatively skewed structures in each set.
16There is some evidence for non-monotonicity in timing preferences in the aggregate: comparing T1 with T9 and
T10, we find that the proportion of people who prefer early resolution to late resolution of uncertainty is smaller than
those preferring gradual resolution to late resolution of uncertainty. However, these differences are not significant (T1
vs. T9: χ2 (1) = 2.38, p = .123; T1 vs. T10: χ2 (1) = .41, p = .522). Such non-monotonicity in the aggregate can be
due to heterogeneity across individuals. For example, the aggregate non-monotonicity may be driven by those who
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a substantial proportion of the participants (30%) prefer to avoid fully revealing information, a
heterogeneity we return to examining more closely below.
Table 1. Treatments and Results from Experiment 1
Treatment
N
Preferences
Percentage p-value
Early vs. Late
T1
79
(1, 1) ≻ (.5, .5)
70%
.000
Positively Skewed vs. Negatively Skewed
T2
78
(.5, 1) ≻ (1, .5)
80%
.000
T3
83
(.3, .9) ≻ (.9, .3)
67%
.001
T4
78
(.6, .9) ≻ (.9, .6)
74%
.000
Positively Skewed vs. Late
T5
75
(.5, 1) ≻ (.5, .5)
87%
.000
T6
68
(.3, .9) ≻ (.5, .5)
82%
.000
Negatively Skewed vs. Late
T7
57
(1, .5) ≻ (.5, .5)
72%
.000
T8
60
(.9, .3) ≻ (.5, .5)
77%
.000
(Symmetric) Gradual vs. Late
T9
63 (.79, .79) ≻ (.5, .5)
81%
.000
T10
59 (.63, .63) ≻ (.5, .5)
75%
.000
For each treatment of Experiment 1, the table reports the total number
of subject who participated in each treatment (N ), indicates the most
prevalent preference ordering, the percentage of subjects who indicated
this preference, and the p−values from one-sided binomial tests against
the null hypothesis of random choice.

Second, the treatments test for preferences of skewness, independent of preferences for timing
of uncertainty resolution. The results from T2, T3 and T4 show that the majority of individuals
prefer the positively skewed information structure to the negatively skewed information structure,
and increasingly so as the degree of skewness increases. Given that skewed pairs in T2, T3 and T4
resolve the same amount of information, this finding suggests that individuals prefer signals that
are more accurate at predicting the better outcome than those that are more accurate in predicting
the worse outcome. In addition, we compare how preferences change across positively skewed
and negatively skewed structures with equal variance, by comparing T5 and T7, and similarly,
by comparing T6 and T8. These comparisons shows that the more positively skewed informative
structures have higher demand. In particular, comparing T5 and T7, the proportion of individuals
choosing the positively skewed over the uninformative signal is higher than the proportion choosing
the negatively skewed over the uninformative signal (T5 vs. T7: χ2 (1) = 6.5, p = .011). A
comparison between choices in T6 and T8 also reflects the same ordering, but the contrast between
prefer (.5,.5) to (1,1) only, while those who prefer (1,1) to (.5,.5) might have monotonic preferences. In Experiment
2, we will examine these two groups, focusing on non-monotonicities in informativeness in exchange for skewness.
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these structures is not statistically significant (82% vs. 77%, χ2 (1) = .64, p = .425).17 Overall, these
results indicate a preference for positively skewed signals over negatively skewed signals with the
same degree of informativeness.
Third, the treatments allow us to assess, in aggregate, whether providing positively skewed
information structures may increase information uptake. Changing the information structure from
full early to positively skewed does reduce the fraction of individuals choosing no information: it
falls from 30% in T1 to 13% in T5 (two-sided chi-square test, χ2 (1) = 6.5, p = .011), and to 18%
in T6 (two-sided chi-square test, χ2 (1) = 3.2, p = .073). In contrast, comparing T1 to T7 and
T8 demonstrates that changing the information structure from full early information to negatively
skewed does not reduce the proportion of individuals who prefer no information.18 Therefore,
the decline in the proportion of information avoiders in T5 and T6 compared with T1 cannot be
explained by a simple preference for gradual resolution of uncertainty. These results are consistent with the notion that a proportion of participants who avoid information, including full early
resolution, are motivated by avoiding information about the undesired outcome.
Of course, it is important not only to understand the proportion of individuals choosing one
information structure over another, but also to assess how strong those preferences are. To do so,
we rely on the notion of “informational premia.” This notion corresponds to (and generalizes) the
gradual resolution premium of Dillenberger [2010] and the timing premia in Epstein et al. [2014].
Both consider situations without actions: Dillenberger [2010], as we do in this paper, examines
information structures (cast as compound lotteries), while Epstein et al. [2014] focus on uncertain consumption trees (i.e. compound lotteries with intermediate consumption).19 Our approach
to measuring information premia mirrors Dillenberger [2010], who defines the gradual resolution
premium as the amount that the decision-maker will pay to replace a compound lottery with its
single-stage counterpart (either full-early or full-late resolving lottery). In line with this, we say that
the informational premium for (p, q) for (p′ , q ′ ) is (fixing the prior belief) the minimum amount
of money that an individual would require to move from (p, q) to (p′ , q ′ ). Such a definition of
informational premium allows for a simple experimental elicitation, which we did for each binary
comparison in T1–T10. We asked whether individuals would accept a switch from receiving a signal

17The proportion of participants making the choice of the symmetric signal in T9 is indistinguishable from the

same proportion in T5 (χ2 (1) = .83, p = .361) and in T7 (χ2 (1) = 1.36, p = .243). Similarly, proportion of subjects
who want the informative symmetric signal in T10 is indistinguishable from either T6 (χ2 (1) = 1.14, p = .285) or T8
(χ2 (1) = .07, p = .791). However, the ordering of proportions suggests a (weakly) monotonic increase in willingness
to take information as its skewness increases.
1830% vs. 28% , two-sided chi-square test, T1 vs. T7, χ2 (1) = .085, p = .771; 30% vs. 23%, two-sided chi-square
test, T1 vs. T8, χ2 (1) = .85, p = .356.
19
Chew and Epstein [1989] also define a timing premia in a domain of uncertain consumption trees, but their
definition relies on the ratio of probabilities over outcomes for early and late resolving lotteries that make the
decision-maker indifferent.
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from their preferred information structure to receiving a signal from the alternative structure presented in each treatment for a list of monetary amounts up to 50 cents. Based on these incentivized
elicitations, we define a conservative measure of the informational premia of (p, q) for (p′ , q ′ ). For
example, if the participant rejects a compensation of 15 cents but accepts 20 cents, we set that
participant’s informational premium at 15.1 cents. Similarly, if the participant rejects a compensation of 50 cents, we set that participant’s informational premium at 50.1 cents. Subsequently, to
bring a sense of scale to these results, we also consider a “relative” informational premia, which is
the informational premia as a fraction of the total expected monetary value of the lottery. Such
an approach is more similar to the definition of timing premium in Epstein et al. [2014], who use
the ratio of the utility from a given information structure compared with the utility from the fully
early resolving information structure.
We analyze the informational premia through three lenses: the average premium conditional on
choice, the unconditional average premium, and premium heterogeneity. First, examining the informational premium conditional on choice demonstrates that there is a strong preference behind all
elicited choices. Table 9 (Appendix A) reports the full distributions of the minimum compensation
individuals are willing to accept to switch and the average informational premium conditional on
each choice within a treatment.20 The average conditional informational premium (which measures
the strength of preference individuals have for their chosen option in any treatment) is relatively
large, especially considering that information choice affects beliefs for a 30-minute duration for an
outcome with an expected value of $5. For example, in T5, those who chose to receive positively
skewed information had an informational premium of 32.42 cents for (.5,1) over (.5,.5); and those
who made the opposite choice had an informational premium of 29.19 cents on average. Quantitatively, the average absolute informational premium in almost all the other treatments are similarly
high — for nearly all choices in all treatments (18 out of 20), the mean absolute informational
premium was over 20 cents, and individuals’ premium for skewness was at least as high as the
informational premium for early versus late.
Second, examining the unconditional premium (i.e., the average premium across all subjects
in a treatment, regardless of their choice), we can see that the willingness to sacrifice monetary
value in order to stick with positively skewed information is relatively large compared with other
informative structures. For example, the average premia for the positively skewed signal (.5,1)
over its mirror counterpart (1,.5) is 20.5 cents, while the premium for (.3,.9) over (.9,.3) is 7.5
20We also elicit preference intensity questions. The full distribution of this metric appears in Table 8. We focus our

discussion here on the monetary measure, because preference intensity questions were unincentivized. In Experiment
2, in order to limit the increased complexity of elicitations that comes with a within-subjects design, we only ask
for preference intensity. Therefore we want to confirm that preference intensity has a relationship with incentivized
measures. We find the two measures are related: across participants and treatments the two measures have a
correlation of .35.
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cents, and the premium for (.6,.9) over (.9,.6) is 12.2 cents. These premia are at least as large
as the premiun for early resolution over late resolution (7.5 cents). Focusing on treatments T5 –
T10 in which individuals chose between an informative option and receiving no information, we
can also consider the average (across all participants) informational premia for a given structure
(p > .5, q > .5) compared with (.5,.5). Note that the unconditional information premium aggregates
over the (positive) values for (p, q) takers and (negative) values for (p, q) avoiders, and therefore
also takes into account the fraction of people choosing the informative structure. The average
informational premia for positively skewed options relative to late resolution are two to three times
larger than the premium for early resolution over late resolution – the premia for (.5,1) and (.3,.9)
are 24.2 cents and 15.5 cents, respectively.21 The informational premia of positively skewed signals
are also larger than their equivariant counterparts. Of the three partially informative structures
in an equivariant set, the information premium for the positively skewed structure is the highest,
while premium for the negatively skewed signal is the lowest. The average informational premia
for (.79,.79) and (1,.5) (relative to (.5,.5)) are 16.3 and 11.3 cents, respectively.22 The ordering in
premia reflects a monotonic increase in the value of signals as their skewness increase.23 The premia
for another set of structures [(.3,.9), (.63,.63), (.9,.3)] are 15.5, 13.8, and 7.6 cents respectively, and
are also indicative of preferences being stronger for positively skewed information, albeit differences
being less stark.24
Third, looking at the heterogeneity in premium demonstrates that these differences are not
driven solely by outliers. Figure 3 shows the inverse demand curves constructed from the cumulative
distribution of informational premium for each informative signal (relative to (.5,.5)). Panel (A)
shows the inverse demand curves for a set of (almost) equivariant signal structures [(.5,1), (.79,.79),
(1,.5)] as well as full information; Panel (B) shows the same for a set of less informative equivariant
signals [(.3,.9), (.63,.63), (.9,.3)]. At almost all potential prices, the highest demand is always
for positively skewed information.25 Indeed, we can observe the preference for positively skewed
information in two ways. First, the inverse demand curves can tell us the maximum price that
needs to be in order for a given percentage of individuals to acquire a given signal. For example, if
we want to ensure that at least half of the population acquires a given signal, then we can charge
21Two-sample Wilcoxon rank-sum tests indicate difference in distributions: T1 vs. T5: z = 3.51, p < .001; T1 vs.
T6: z = 1.41, p = .158.
22
The underlying distributions of premium associated with the positively skewed option (T5) is significantly
different than that for other equivariant signals (two-sample Wilcoxon rank-sum tests, T5 vs. T7: z = 2.73, p = 0.006;
T5 vs. T9: z = 2.23, p = 0.026, whereas T7 vs. T9: z = 0.77, p = .44).
23
Congruent with information premia indicating a stronger preference for positive skew, preference intensity differences (Table 8) for negatively skewed structures versus late resolution (T7 and T8) are more muted than preference
intensity differences for positively skewed structures over late resolution (T5 and T6).
24
Two-sample Wilcoxon rank-sum tests, T6 vs. T8: z = 1.76, p = .078; T6 vs. T10: z = 0.68, p = .496, T8 vs. T10:
z = 0.86, p = .39.
25
The differences are smaller in Panel (B). We would expect narrower differences because these signals are less
informative.
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up to 5 cents for full information, 20 cents for a negatively skewed information (1,.5), 20-25 cents
for (.79,.79) and 30 cents for a positively skewed information (.5, 1). Thus, in general, across either
panel, in order to ensure that a given proportion of individuals is willing to acquire an information
structure, the required price is lowest for positively skewed information. Second, the curves can
also provide the fraction of people who would be willing to acquire an information structure for a
given price. For example, at a price of 0, 72%, 72%, 82% and 88% of participants are willing to
acquire full information, negative skew (1,.5), (.79,.79) and positive skew (.5,1). At a price of 50
cents, this becomes 15%, 12%, 16% and 36%. More generally, for any given price, more individuals
are willing to acquire the positively skewed signal in either panel.

Figure 3. Inverse Demand Curves for Information Structures in Experiment 1

Notes: This figure plots the information premia for information structures (p > .5, q > .5)
compared to (.5, .5). Panel (A) depicts the inverse demand curves for informative structures
(1, 1) and for the structures in the equivariant set [(.5,1), (1,.5), and (.79,.79)]. Panel (B)
depicts the inverse demand curves for a set of less informative equivariant structures [(.3,.9),
(.9,.3), (.63,.63)] and for (1, 1).

We can also compare our information premia to the expected monetary value of the lottery
(i.e., constructing a relative informational premium). Among those who prefer early resolution
over (.5,.5), the relative informational premium of (1,1) over (.5,.5) is 4.7%; while among those who
have the opposite preference, the relative informational premium of (.5,.5) over (1,1) is 5.9%. The
overall average relative informational premium of (1,1) over (.5,.5) is 1.5%. Similarly, the overall
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average relative informational premium of the positively skewed signal (.5,1) over (.5,.5) is 4.8%. A
recent paper, Epstein et al. [2014] points out that estimates of Epstein-Zin-Weil model (introduced
in Epstein and Zin, 1989 and Weil, 1990) that are consistent with resolving macroeconomic puzzles
like the equity premium imply large premia for the timing of information, on the order of 20% to
30%.26 Notably, they calibrate their results so that each time period is a month. Epstein et al.
[2014] note that this is a large fraction of utility and that there is limited experimental evidence
providing evidence on the size of the premia. Our results indicate that even for much shorter time
horizons (in our case, a time period is close to 30 minutes), individuals can still exhibit fairly large
premia.27
In summary, Experiment 1 reveals a strong preference for positively skewed information.
Whether we reflect on choice proportions, information premia, the fraction of consumers willing
to acquire information at a price, or the price we can charge given a target demand level, we can
see that individuals are most interested in positively skewed information. Looking at the reasons
participants provide for choosing positively skewed signals, the desire to preserve hope emerges as
the main motivating factor for choosing positively skewed signals.28
We also want to point out that the data exhibits a strong degree of consistency. The probabilistic choice literature discusses three increasingly demanding stochastic transitivity conditions,
which are stochastic versions of the transitivity property of deterministic binary relations (Fishburn [1973]). Strong stochastic transitivity (SST) states that for any three information structure,
(p, q), (p′ , q ′ ), (p′′ , q ′′ ) if (p, q) is chosen over (p′ , q ′ ) with a probability greater than or equal to one
half, and (p′ , q ′ ) is chosen over (p′′ , q ′′ ) with a probability greater than or equal to one half, then
(p, q) must be chosen over (p′′ , q ′′ ) with a probability greater than or equal to the maximum of
the first two. SST, the most demanding rationality requirement, is often violated (see Rieskamp
et al. [2006] for a review of the existing literature regarding evidence of violations of stochastic
transitivity). Treatments T5-T2-T7 and T6-T3-T8 allow us to check SST in our data. In both
cases, SST is satisfied. Thus, our data satisfy the strongest rationality requirement proposed in
probabilistic choice literature.
Preferences over skewness, in the aggregate, satisfy a form of monotonicity: conditional on
the same variance, individuals prefer a more positively skewed structure more. Looking at choice
percentages of a given information structure over no information (which allows us to compare
choices across 3 skewness levels) we see the fraction of choices for (.5,1), (.79,.79) and (1,.5) over no
26They calculate the utility of an early resolving infinite-horizon compound lottery with intermediate consumption
to be 20% to 30% higher than that of a lottery where the resolution of uncertainty is as late as possible.
27Our results are not directly comparable to the results of Epstein et al. [2014] for several reasons. First, they deal
with an infinite horizon process with intermediate consumption, while we have a two-stage compound lottery with
no intermediate consumption. Second, they use utility values in their comparison, while we use monetary stakes.
28We provide a detailed discussion of these responses in Appendix I.
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information are 87%, 81% and 72%, choice fractions are 82%, 75%, and 77% for (.3,.9), (.63,.63)
and (.9,.3) over no information. The pattern repeats when we consider informational premia. The
average premia for (.5,1), (.79,.79) and (1,.5) over no information is 24.2, 16.3 and 11.3 cents
respectively. Similarly we find average premia for (.3,.9), (.63,.63) and (.9,.3) over no information is
15.5, 13.8 and 7.6 cents, respectively. Thus, results suggest (weakly) monotone intrinsic preferences
over the extent of positive skewness.
In contrast, the elicited information premia and the aggregate choice proportions reported in
Table 1 suggests non-monotonicity in preferences for informativeness and, in particular, a compromise between preferences for informativeness and skewness. Even more people are willing to take
the the positively skewed signal (.5,1) over no information (87%) than are willing to take an equivariant symmetric signal over no information (81%) or full information over no information (70%).
The average participant places a premium on (.5,1) nearly three times larger than the premium
they place on full information (7.5 vs. 24.2 cents). These patterns raise the potential that although
some individuals avoid fully revealing signals, and those that resolve more uncertainty about the
undesired outcome, they may demand information structures that preserve hope by resolving more
uncertainty about the desired outcome (positively skewed). However, in this experiment, participants only make a single informational choice, and thus we are limited in our ability to understand
how avoidance of full information is related to preferences for positively skewed information. Experiment 2 employs a within-subject design to provide a more direct test of whether individuals
trade off positive skew and informativeness of signals.

2.5. Experiment 2: Within-subject evidence for the relationship between preferences
for skewness and informativeness. A total of 250 participants took part in this real-choice
experiment conducted at the University of Michigan Behavioral Lab. The experiment lasted 75
minutes. All instructions and further details of the experiment appear in Appendix B.
Information Structures: The experiment presented five pairs of information structures to
each participant. Participants were specifically instructed to treat each pairwise comparison as
independent decisions.29 To keep the study manageable in terms of time and logistics, we did not
elicit participants’ willingness to pay to see a ball from their preferred information structure.

29If preferences satisfy recursivity, then eliciting multiple choices and implementing one of them does not influence
preferences (Segal [1990]). Dillenberger and Raymond [2017] show that if preferences feature additive separability, as
in Caplin and Leahy [2001], Kőszegi and Rabin [2009], and Ely et al. [2013], then so long as all choices have the same
reduced form chance of winning (as is in our setting because the prior is fixed) then our elicitation procedure again
does not affect preferences. Nevertheless, the reader may worry about behavioral differences arising from the framing
induced by the order of questions. As the result will show, Experiment 2 generates highly comparable patterns with
the results from Experiment 1, which only presented one pairwise comparison to each participants.
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The experiment had two conditions with slight variations in pairwise comparisons. Table 2
presents the five pairwise comparisons that Condition 1 and Condition 2 presented to each participant. The first and second questions presented the same options as in T1 and T2 of Experiment
1. The pairwise comparison in T3 of Experiment 1 was presented as the third question to all
participants in Condition 1, but was randomly assigned as one of two possible questions as the
fifth question in Condition 2. Similarly, the pairwise comparison in T4 of the main experiment
was presented as the third question to all participants in Condition 2, but was randomly assigned
as one of two possible questions as the fifth question in Condition 1. In both conditions, if the
participants were not assigned these pairwise comparisons as the fifth question, they were asked to
choose between full late resolution of uncertainty (.5, .5) and another symmetric signal structure
that is slightly more informative ((.55, .55)).
Taking advantage of the within-subject design, the fourth question conditioned on participants’
choice in the first question. Those who preferred early resolution in Q1 were asked Q4a, which
presented a choice between a positively skewed signal and a symmetric signal that was Blackwell
more informative than it. Participants who preferred late resolution in Q1 were asked Q4b, which
presented a choice between a positively skewed signal and a symmetric signal that was Blackwell
less informative than it. Therefore, the participant responses to Q4 allowed us to assess the extent
to which preferences for skewness may interact with preferences for the amount (or timing) of
information. For robustness, Condition 1 and Condition 2 asked different paired comparisons in
Q4a and Q4b.
Results: Table 2 summarizes choices across the information structures and reports p-values from
one-sided binomial tests against the null hypothesis of random choice.30 Table 13 in Appendix
B reports distributions of preference strength by treatment. Overall, preferences are meaningful,
with less than 5% of the individuals indicating indifference. As in the first experiment, individuals
generally prefer fully revealing information to learning nothing at all (Q1). They also prefer learning
a little bit earlier rather than learning nothing at all in just as large a proportion (Q5b). In addition,
a preference for (.5, .5) over (.55, .55) is significantly related to a preference for (.5, .5) over (1, 1)
(logistic regression, p−value= .001).
Echoing our prior results, the preference for positively skewed information is prevalent in
the population (Q2, Q3, Q5a), even more so than than the preference for early resolution. In
addition, individuals show a high level of consistency in their choice of positively skewed information
structures across questions. Among those who prefer the positively skewed option (.5, 1) to the
negatively skewed option (1, .5), 83% of those who faced only one additional question over positively
and negatively skewed structures also preferred the positively skewed option over the negatively
30The results are indistinguishable across the two conditions, therefore we collapse the data. Table 11 in Appendix

B report choice frequencies by condition and documents the lack of order effects.
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skewed option presented in the future question. Among the 129 participants who answered all
questions that presented a choice between positively skewed and negatively skewed information
structures, 76% of participants picked the positively skewed information structure in both Q3 and
Q5a, and 71% of the participants who prefer the positively skewed option (.5, 1) to the negatively
skewed option (1, .5) also preferred the positively skewed option in both of the future questions.
Table 2. Conditions and Results from Experiment 2
Cond. 1 Cond. 2
N
Preferences
Percentage p-value
Early vs. Late
Q1
Q1
250
(1, 1) ≻ (.5, .5)
78%
.000
Positively Skewed vs. Negatively Skewed
Q2
Q2
250
(.5, 1) ≻ (1, .5)
67%
.000
Q3
Q5a
183
(.3, .9) ≻ (.9, .3)
81%
.000
Q5a
Q3
196
(.6, .9) ≻ (.9, .6)
74%
.000
(Symmetric) Gradual vs. Positively Skewed
Q4a
92
(.76, .76) ≻ (.3, .9)
71%
.000
Q4a
104 (.67, .67) ≻ (.1, .95)
64%
.002
Q4b
27
(.55, .55) ≻ (.3, .9)
33%
.061
Q4b
27
(.66, .66) ≻ (.5, 1)
56%
.701
(Symmetric) Gradual vs. Late
Q5b
Q5b
121 (.55, .55) ≻ (.5, .5)
75%
.000
The table reports the total number of participants who participated in each treatment of Experiment 2 (N ), the percentage of participants who indicated a preference
for the first option in the preference ordering listed, and the p−values from one-sided
binomial tests against the null hypothesis of random choice.

This experiment, due to its within-subject design, allows us to directly investigate the relationship between preferences for informativeness and preferences for skewness. To do so, we focus
attention on two groups of individuals based on their choice between early and late resolution
of uncertainty: “avoiders” (individuals who choose (.5, .5) in Q1) and “takers” (individuals who
choose (1, 1) in Q1). First, we ask whether avoiders and takers differ in the their modal skewness
preferences, and find that they do not. Both groups prefer positively skewed information to negative skewed information: Seventy-four percent of avoiders and 73% of takers preferred (.6,.9) over
(.9,.6), and 84% of avoiders and 81% of takers preferred (.3,.9) over (.9,.3), and 81% of avoiders and
63% of takers preferred (.5,1) over (1,.5) (all proportions significantly higher than random choice,
with p < .001 in binomial tests). This result shows that the intrinsic preference for information
increases with the skew for information takers and avoiders alike.
We can also ask whether the fraction of individuals who prefer positive to negative skew
differ between avoiders and takers. For two out of the three comparisons they do not. For pairs
that lie in the interior region of the (p, q) space, we see that the fraction of avoiders and takers
that choose the positively skewed option is the same (McNemar tests, p = .32 for [(.6,.9)(.9,.6)],
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p = .29 for [(.3,.9)(.9,.3)]). However, avoiders are more likely than takers to prefer the positively
skewed information structure that resolves all uncertainty regarding the good outcome, (.5, 1), to
a negatively skewed information structure that resolves all uncertainty regarding the bad outcome,
(1, .5) (81% vs. 63%, McNemar test, p−value= .009). This result lends partial support to the notion
that individuals who avoid a full revelation of information are more likely to be driven by the desire
to preserve hope by avoiding learning about the undesired outcome.
Second, we test the conjecture that positively skewed signals may be a remedy for information
avoidance. Such a conjecture presumes a trade-off between preferences for skewness and informativeness – a form of non-monotonic preferences over information that Q4 was designed to test. The
comparisons in Q4a show that most of the individuals who exhibit a preference for early resolution
also prefer Blackwell more informative signals to positively skewed signals. Thus, we conclude that
the choices of those who prefer early resolution are mostly consistent with monotonic preferences
over information, because more than two-thirds of our participants were willing to accept less positive skew in exchange for greater Blackwell informativeness. Conversely, although fewer individuals
qualify to answer Q4b, the results suggest that more than half of those who preferred full late to
full early resolution of uncertainty in Q1 were willing to accept greater Blackwell informativeness
in exchange for more positively skewed signal in Q4b. Putting Q4a and Q4b together, we find that
avoiders are less likely to adhere to the ordering induced by Blackwell dominance when evaluating
a positively skewed structure than takers are (two-sided chi-square test, χ2 (1) = 9.47, p = .002).
Such a violation of Blackwell dominance supports the notion that people who are willing to acquire positively skewed information may avoid symmetric and negatively skewed information. This
finding lends additional support to our conjecture that a certain proportion of individuals who
avoid information when it can resolve all uncertainty about the undesired outcome may exhibit
information-seeking preferences when the signal is positively skewed.

3. Field Evidence
Our lab experiments showed strong preferences for positively skewed signals among all individuals, and a willingness to acquire positively skewed signals among those who otherwise reject fully
revealing information (and equivariant negatively skewed signals). Our field studies complement
the lab experiments and extend their results to field contexts in which information is instrumental but is avoided by a substantial proportion of individuals. These studies (i) establish external
validity of our experimental findings, (ii) evaluate the conjecture that providing positively skewed
information can increase information uptake, and (iii) provide richer insights into the trade-offs
that policy makers need to consider for optimal information provision.
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We conducted two field studies to re-examine non-standard information preferences in decisionrelevant and ego-relevant domains: preferences for genetic tests that can provide information about
one’s likelihood of developing Alzheimer’s disease later in life, and preferences for feedback about
one’s (relative) performance on an IQ test. Both studies present choices among four simple and
natural information structures to each participant: (1) no information, (2) receiving a very informative signal, (3) receiving a less informative but positively skewed signal, and (4) receiving
a less informative but negatively skewed signal. We collect a rich set of within-subject measures
of preference, including not just pairwise choices, but also willingness-to-pay for each information
structure in the Alzheimer’s disease study, and a full preference ordering of information structures
in the IQ test study.31 These data not only provide further insight into informational preferences,
but are also useful in illustrating trade-offs in information policy in these contexts.
We choose these settings for three reasons. First, as we detail below, it is not only possible,
but also natural to offer positively skewed and negatively skewed signals, as well as a more informative signal in both contexts. Second, these contexts allow us to construct designs that minimize
confounds arising in field contexts due to the lack of control over individuals’ priors and the exact
properties of information structures.32 Third, information avoidance has been discussed as a concern in both contexts. Oster et al. [2013a], Golman et al. [2017] and Ganguly and Tasoff [2017]
show that a non-trivial fraction of individuals have a desire to avoid learning medical information
about themselves. Although avoidance might increase short-term utility by ensuring that individuals do not observe negative signal realizations about their health, it can have a negative impact
on decision-making about the future. Similarly, individuals are known to engage in information
avoidance regarding potentially damaging information about ego-relevant traits such as beauty or
intelligence. The topic of information avoidance due to ego-threat has captured the attention of
economists (see Bénabou and Tirole [2016] for a review). Köszegi [2006] highlights the importance
of ego-relevant information acquisition in effort mis-allocation, and shows how a desire to maintain
a high opinion of oneself can have important economic impacts in a variety of settings, such as
investment decisions, entrepreneurial activity and motivating employees. The empirical relevance
of ego maintenance in information avoidance has been shown previously by Mobius et al. [2011]
and Eil and Rao [2011].

31However, in order to have incentivized preference elicitations while keeping them as easy to follow as possible,
we vary the preference data we collect across experiments (e.g., it would have been difficult to explain a procedure
to participants that elicited both a full preference ranking and a willingness to pay for any particular structure).
32Given a particular utility function, the relative informativeness of different signals can depend on the priors.
Similarly, the relative benefit of a particular information structure will vary with the assignment of payoffs across
states. We specifically controlled for the non-instrumentality of information, the prior, and the variance of the
signals in the lab. In field studies, preferences elicited may confound preferences for skewness and preferences for
informativeness.
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In summary, our aim is to test whether the preference for skewness and informativeness that we
have documented in the lab translate to richer contexts in which information potentially has instrumental value but has been rejected by a substantial proportion of individuals. Substantively, we are
interested in evaluating whether providing positively skewed information can increase information
uptake. Overall, the evidence confirms a persistent preference for positively-skewed information
structures in these contexts, especially among information avoiders. Moreover, the data provide
direct evidence for the role of positively skewed information structures in increasing information
uptake.
3.1. Alzheimer’s Disease. To examine informational preferences in the medical domain, we elicit
preferences for information regarding the possibility of developing Alzheimer’s disease later in life
among adults who are 40 years of age or older. Three main reasons motivate the choice of this specific disease. First, Alzheimer’s disease is known by many adults in the United States and is a feared
degenerative condition. As many adults start experiencing memory issues in their 40s and 50s, feedback about the possibility of succumbing to this disease becomes personally relevant. Second, the
probability of having genes correlated with an increase or decreased chance of developing the disease
is exogenous, giving more control over priors regarding test results than what would be possible
in other contexts. Third, genetic determinants of the disease naturally present the opportunity of
providing skewed information without unnatural manipulations. Each person has two copies of the
Apolipoprotein E (APOE) gene, each APOE gene has three variants, and each of those variants is
associated with varying risk of developing Alzheimer’s later in life.33 APOE3 allele, found in about
70% of the population, is the most common variant and is considered neutral. The protective type,
APOE2, which is the rarest form found in 5% -10% of people, is associated with reduced risk of
Alzheimer’s. The risky type, APOE4, which is found in 10% -15% of the population, is associated
with a greater risk of getting the disease. People with APOE2/APOE2 have the lowest overall
risk for Alzheimer’s and those with APOE4/APOE4 have the highest risk. The other combinations of APOE – APOE2/APOE3, APOE2/APOE4, APOE3/APOE3 and APOE3/APOE4 – fall
in between. There are genetic tests available that identify the variants a person carries. Therefore,
this setting presents a realistic and natural context to test for preference for skewed information
structures in the medical domain.
We conducted a study that first provided the aforementioned information about alleles and
the availability of genetic tests to participants. The study then asked, given the option to send in a
saliva sample to be tested, whether individuals would like to learn (or not) if they carried at least
one copy of the risky type of the gene associated with a higher risk of developing the disease. They
were also asked whether they would like to learn (or not) if they carried at least one copy of the
33Given our study and population focus, we do not consider variants on APP/PSEN1/PSEN2 genes that are

relevant for early-onset Alzheimer’s disease.
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protective type of the gene that is associated with a lower risk of developing the disease. Finally,
they were asked whether they would like to learn the exact combination of the type of APOE genes
they carry. The first of the three questions is a negatively skewed information structure, because
upon receiving confirmation of having a risky gene, uncertainty related to the undesired outcome
(developing Alzheimer’s) decreases more than the lack of confirmation decreases uncertainty about
the desired outcome. By the same reason, the second question is a positively skewed information
structure.34 The last question resolves the maximal amount of uncertainty, as it reveals the full
set of APOE genes one carries. For each question, the survey also asked individuals to indicate
whether they would be willing to pay $X to learn the answer, where X ranged from -50 to 50.
A total of 626 participants from Amazon MTurk (average age = 53 years) completed the survey,
which is reproduced in Appendix D.
Because information has decision value in this context, more information should be generally
preferred. Therefore, departing from our experimental results capturing (only) the intrinsic value of
information, we do not expect preferences for positively skewed signal to be stronger than that for
the most informative option that reveals the exact combination of APOE genes. We might expect
negatively skewed signals in this domain to be more action-relevant (and therefore have higher
extrinsic informational value) than positively skewed signals. Therefore, the potential confounds
arising from the lack of control present in our lab experiments will go against finding support for
an intrinsic preferences for positively skewed signals. In particular, for individuals with monotonic
preferences for informativeness, we expect their choices to be characterized mainly by the extrinsic
value of information. For the subset of people who trade off skewness and informativeness, the
context provides a strong test for the intrinsic preferences for positively skewed signals.
Our results indicate a strong preference for positively skewed signals, even in this domain.
We find that although individuals generally prefer to learn something about their potential risk, a
total of 28% of individuals avoided learning about the exact combination of APOE alleles. This
result is in line with prior studies that have reported information avoidance for medical information.
However, when presented with the option of learning only about whether they carry the protective
allele, information avoidance decreases to 24%. In contrast, avoidance of learning about whether
they carry the risk-enhancing allele is about the same as the avoidance of learning about both
alleles, at 29%. Thus, people are more likely to take up information that is positively skewed
compared with (i) information that is strictly more informative but relatively more negatively
skewed (McNemar χ2 = 16.1, p < .001), and (ii) information that is negatively skewed (McNemar

34In contrast to our lab experiments, however, the two skewed information structures are not necessarily equivariant. We also can not directly compare the value of information for the positively and negatively skewed signals, other
than knowing that they are not Blackwell ranked.
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χ2 = 23.17, p < .001).In this context, there is no difference between demand for negatively skewed
and more informative information structures (McNemar χ2 = 2.33, p = .13).
Table 3. Demand for Skewed Information
Taker Avoider
Takes Pos. Skew 98%
19%
Takes Neg. Skew 97%
4%
This table summarizes choice of skewed information structures in the Alzheimer’s disease study. Avoiders (N=175) refer to the
group of people who do not want to learn
the exact combination of APOE genes they
carry. Takers (N=451) want to receive this
information.

The deviation from standard preferences for informativeness is driven mainly by people who
avoid the most informative option. Table 3 reports the fraction of individuals who accepted skewed
signals across two subsets of the sample: people who did not want to learn the exact combination
of their APOE alleles (avoiders), and those who wanted to learn this information (takers). Takers
appear to simply want information and are (almost always) willing to take either of the negatively
or positively skewed options. Avoiders, on the other hand, have very different preferences. Importantly, although they reject a more informative structure, 19% of them are willing to learning only
about the protective alleles. In contrast, only 4% of them are willing to learning only about the
risky alleles (Table 3, McNemar χ2 = 23.52, p < .001).
We also analyze the strength of preferences (using the monetary amounts elicited from participants) in a way similar to our analysis in Experiment 1. Figure 4 shows the inverse demand
curve. Because of the potential instrumental value of information, we refrain from using the term
informational premium, and instead refer to it as the willingness to pay for a structure relative to
receiving no information. Among takers (Panel A), the willingness to pay for information (relative
to no information) is generally positive. Moreover, the willingness to pay for full information is
larger than that for negative skew, which is in turn higher than for positive skew.35 This ranking
is congruent with monotonic preferences for informativeness we expect from this group.
In contrast, avoiders’ willingness to pay reveal a very different ranking among information
structures. Although avoiders mostly require subsidies (i.e., they have a negative willingness to pay
for informative signals relative to no information) for all three types of information, the average
subsidy required is $29.4 for learning about the protective allele, which is smaller than the average
subsidy required to learn about the risky allele ($37.1, paired t-test, t = 3.35, p = 0.001) or both
35Takers’ average willingness to pay for the more informative information structure ($26.3) is higher than their

willingness to pay for learning only about the protective ($20.9) or the risk ($22.3) alleles (paired t-test, both p < .001).
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Figure 4. Inverse Demand Curves for Genetic Testing Results of Alzheimer’s Disease

Notes: This figure plots the willingness to pay for each information structure in
the Alzheimer’s Disease study among participants who wanted to acquire the most
informative signal (Takers, Panel A) and those who did not (Avoiders, Panel B).
In depicting these inverse demand curves, we exclude 9% of the sample who had
more than a single-crossing in the price list used to elicit willingness to pay.

alleles ($40.2, paired t-test, t = 6.62, p < 0.001). As apparent from Panel B in Figure 4, the inverse
demand curves reveal an even stronger result: the positively skewed information structure has the
highest demand at each price point. The data indicate that providing positively skewed information
may indeed reduce information avoidance: 23.4% of people who avoided learning about both alleles
and even when paid $5 to do so, would demand to learn about the positive allele if the information
were free. A total of 9.25% of them would pay a positive amount to learn this information.
Overall, this study shows that individuals who are willing to learn about both allele types always prefer learning more versus less, and therefore positively skewed information does not improve
information uptake for these individuals. In contrast, people who avoid learning about both types
of alleles seem to be primarily worried about learning of the presence of risk-enhancing alleles, and
providing a positively skewed structure makes these people more favorable towards acquiring information both on both the extensive margin (how many people are willing to acquire information)
and the intensive margin (how much they value information). These results show that for avoiders,
whose intrinsic preferences are strong enough to overcome instrumental preferences for information,
providing positive skew can help induce more information acquisition.
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3.2. IQ Test. To examine information preferences regarding potentially damaging information
about ego-relevant traits, we chose the intelligence feedback domain. People tend to care about
feedback about their intelligence, and this domain allows us to provide actual feedback in the study
itself, such that participants can make consequential choices about the type of feedback they want
to receive. However, people also have heterogeneous priors about their abilities. Therefore, in this
study, we elicit individual priors and personalize feedback options in a way that creates similar
degree of informativeness, positive skew and negative skew across participants.
The study asked individuals to participate in two two-minute tests to assess their fluid intelligence. After completing the tests, participants were asked to guess how they ranked relative to
100 randomly chosen participants. They responded with a number µ between 1 and 100, where 1
meant they expected to rank at the top, as the person with the highest score (1st among 100), and
100 meant they expected to be the worst performing person. Then, the participants were given
the option to learn how their performance actually ranked with respect to others. These questions
were personalized based on the participant’s prior µ about their rank. In particular, each participant was presented with the following four options to choose from (verbatim): “(1) No information
about how your IQ score ranks you relative to other people; (2) Learn whether your score ranked
[topcutµ ] or better, ranked between [topcutµ + 1] and [bottomcutµ − 1], or ranked [bottomcutµ ] or
worse? Depending on the answer, you will either learn that your relative performance was close to
your expectations, or that it was significantly better or significantly worse than your expectations;
(3) Learn whether or not your score ranked [topcutµ ] or better. If the answer is yes, you learn for
sure that your performance was significantly higher than you expected. Otherwise, there remains
uncertainty: your performance could rank you between top [topcutµ ] and top [µ] or be worse than
[µ]; (4) Learn whether or not your score ranked [bottomcutµ ] or worse. If the answer is yes, you
learn for sure that performance was significantly worse than you expected. Otherwise, there remains uncertainty: your performance could rank you between top [µ] and [bottomcutµ − 1], or be
better than [µ].” Henceforth, we refer to these options as (1) no information, (2) most information,
(3) positive skew, and (4) negative skew.
We picked topcutµ = µ − δµ and bottomcutµ = µ + δµ where δµ = 41 min{µ, 100 − µ}. For example,
a person who expected to rank 40th out of 100 people was asked whether they wanted to learn if
their score ranked them better than 30 or worse than 50; and, a person who expected to rank 20th
out of 100 people was asked whether they wanted to learn if their score ranked better than 15 or
worse than 25. We use δµ as a proportion of µ to create skew as a transparent approach that is
common across all priors and does not suffer from truncation. In addition, under some conditions
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(e.g., if the distribution is symmetric around the mean belief) our skewed signal structures induces
equivariant posterior beliefs under this approach.36
We asked participants to rank these informational structures in terms of preference. To incentivize this ranking, we informed them that the option they rank as 1st will have a 60% chance of
being chosen, the option they rank as 2nd will have a 30% chance of being chosen, the option they
rank as 3rd will have a 10% chance of being chosen, and the option they rank as 4th will never be
chosen. In addition, the participants were also given the chance to learn the number of questions
they got right in each test, which is an absolute (vs. relative) performance metric. The study
then executed these preferences and displayed information as appropriate. A total of 600 Amazon
MTurk participants completed the study, which is reproduced in Appendix E.
Figure 5 shows aggregate rankings over information structures. In terms of the most preferred
information structure, individuals exhibit a preference for the option that provides the most information, and then positive skew, and then no information, and finally negative skew. In terms
of information uptake, 82.2% of participants preferred the most informative option over no information, 80.5% of participants preferred the positive skew over no information, and 75.3% of
participants preferred the negative skew to no information.37 While similar proportions of individuals are willing to acquire positively skewed information (which is strictly less informative) as the
mostly informative signal (McNemar χ2 = 1.39, p = .24), significantly fewer people are willing to
take the negatively skewed option (McNemar χ2 = 16.32, p < .001). This result shows that there
is almost no difference in the proportion of individuals who want to acquire the positively skewed
option and the most informative option.
Compared with our prior experiments and with extant literature on information preferences,
the ranking data allows us to make richer within-person comparisons. We again classify participants
into avoiders (those who prefer no information over the most informative option) and takers (those
who prefer the most informative option over no information). Table 4 summarizes the top choices
of each group in the top panel, and binary comparisons of interest in the bottom panel. By
construction, 0% of avoiders rank the most informative option as the best, and 0% of takers rank
the no information option as their most preferred option. From the top panel, we observe that the
positively skewed option is more likely to be ranked first than the negatively skewed option, both
by avoiders (24.3% vs. 8.4%, p = .004) and by takers (20.9% vs. 8.3%, p < .001).
The binary comparisons in the bottom panel aggregates over all possible rankings for each
group. The preference for positively skewed information again dominates: 67.3% of avoiders, and
36Because we do not elicit the entire posterior distribution and alter our signal structures in response, as we did
in Experiment 3 in the lab, we cannot guarantee that this is always true.
37Information avoidance for the raw test score was the lowest: a total of 86% of individuals requested to learn
their absolute scores. The instructions had clarified that these scores are difficult to interpret in the absolute.
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Figure 5. Ranking of Information Structures in the IQ Test Study
Table 4. Preference Patterns for Feedback about Relative Performance on IQ Test
Avoiders
Takers
(No Info. ≻ Most Info.) (Most Info. ≻ No Info.)
Most Info. Ranked Best
0%
70.8%
Pos. Skew Ranked Best
24.3%
20.9%
Neg. Skew Ranked Best
8.4%
8.3%
67.3%
0%
No Info. Ranked Best
Pos. Skew ≻ Neg. Skew
67.3%
68.6%
Pos. Skew ≻ Most Info
71.0%
23.9%
56.1%
12.6%
Neg. Skew ≻ Most Info
Summary of information structure preferences among participants in the IQ Test study
based on elicited ranks of the following four options: Most Informative, Positively Skewed,
Negatively Skewed, and No Information. Avoiders (N=107) refer to the group of people who
rank no information better than the most informative option. Takers (N=493) refer to the
group of people who rank the most informative option better than no information.

68.6% of takers rank positively skewed over negatively skewed option. Also, a total of 71% of
avoiders prefer positively skewed information to the most informative option. In contrast, only
56.1% of those individuals prefer negatively skewed information to the most informative option.
Among the avoiders, the difference in the propensity to rank the most informative signal below a
skewed signal is statistically significant (p < .005, McNemar’s χ2 = 8), and suggests that offering
positively skewed information not only offers a net benefit in increasing a preference for information
among avoiders, but also is significantly better at doing so compared to offering negatively skewed
information. Even among those who prefer the most informative option to no information (takers),
a non-trivial fraction, 23.9%, rank positively skewed information even higher, while only 12.6%
of individuals do the same for the negatively skewed option (difference is significant at p < .001,
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McNemar’s χ2 = 29.04). Overall, these results suggest a strong preference for positively skewed
information in the context of intelligence ranking feedback and a potential avenue for decreasing
information aversion.
The ranking data allows us to examine the potential preferences for positively skewed information among avoiders in more detail. We focus attention on those individuals who would, for
some information structures, be willing to acquire information, i.e., 32.7% of avoiders who do not
rank no information option as their top choice. As the top panel of Table 4 shows, among avoiders
who do not rank no information option as their top choice, the vast majority of them prefer positively skewed information best versus preferring negatively skewed information best (74% vs. 26%
p = .004). As a result, providing the positively skewed information structure in addition to the most
informative one would increase information update from 82.2% to 86.5% of the individuals. In sum,
the data show that adding positively skewed information would increase information uptake among
those who might otherwise avoid full information.
4. Discussion
4.1. Summary Findings and Contribution to Existing Literature. We explored (1) whether
people prefer negatively or positively skewed information structures when they are equally informative, (2) whether they prefer more informative structures, and (3) how individual preferences
for skewness and informativeness are related.
The bulk of the prior experimental work on informational preferences considers the choice
between fully revealing signals and uninformative signals.38 In most of these studies, preference
for fully revealing information is much more prevalent than preference for information avoidance.
Across the two experiments, a majority (70% to 82%) of individuals did prefer more informative
signals to less informative signals; however, the proportion of individuals refusing to acquire such
signals (often at a considerable monetary cost) was substantial, and comparable to the proportions
documented in prior work.
Our main contribution stems from the study of preferences for skewness and how these preferences interact with preferences for informativeness. We discuss two main findings:
38Early studies (e.g., Chew and Ho [1994], Ahlbrecht and Weber [1997], Arai [1997], Lovallo and Kahneman [2000]),

use hypothetical scenarios. Some studies ask participants to directly choose between two structures, sometimes with a
small payment/discount attached to one to avoid indifference (e.g., Chew and Ho [1994], Ahlbrecht and Weber [1997],
Brown and Kim [2014], Kocher et al. [2014]). These studies differ in their domains and elicitation schemes both from
one another and from our investigation, rendering direct comparisons difficult. Other studies have participants
provide a number to indicate the relative strength of their preference for one information structure over another,
either using an abstract scale or a hypothetical willingness to pay (e.g., Arai [1997], Lovallo and Kahneman [2000]).
Von Gaudecker et al. [2011] use both hypothetical and incentivized choices and attempt to elicit a type of certainty
equivalent. Ganguly and Tasoff [2017] elicit a relatively coarse measure of willingness to pay for either early (vs. late)
resolution, or late (vs. early) resolution.
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Finding 1. The majority of individuals, ranging from 67% to 81%, prefer positively to negatively
skewed information.
There has been very little empirical investigation of intrinsic preferences for skewness. Boiney
[1993] considers hypothetical choices between one-stage lotteries and two-stage compound lotteries
with the same mean, but his work differs from ours in several ways: his framing uses two-stage
lotteries with hypothetical choices, the design does not fix the variance of the posterior induced
by different two-stage lotteries (thus confounding skewness and informativeness), and he does not
control for the possibility that information may have instrumental value.
More recently, Eliaz and Schotter [2010] have tested preferences for skewness within a broader
investigation of demand for non-instrumental information stemming from a desire to increase confidence about making an obvious (but risky) choice. Their design shuts down anticipatory emotions
by eliminating delays between the realization of the outcome and the resolution of information. As
a result, compared with other studies, they find substantially weaker preferences for early resolution
after the decision has been made. Second, the three-stage lotteries induced by their experimental
design cannot be reduced to equivariant two-stage lotteries unless individuals are risk-neutral expected utility maximizers with regard to the third stage. This implies that if individuals are risk
averse, a preference for earlier resolution is confounded with a preference for negative skewness.
Finding 2. Those who prefer early to late resolution tend to monotonically prefer more informative
structures, and tend not to trade off skewness and informativeness. However, those who prefer full
late resolution to full early resolution may avoid symmetric and negatively skewed information,
though sometimes they are willing to take positively skewed information.
A second finding relates preferences for skewness and preferences for informativeness. We
are not aware of prior experimental evidence that speaks to this relationship. At large, our data
highlight two groups of individuals based on their preferences for informativeness. Members of the
first group (takers) constitute the majority of participants, and a majority of them monotonically
prefer more informative signals.39 Members of the second group (avoiders), who constitute a sizable
minority, have a more nuanced attitude towards information. This second group sometimes prefers
to avoid information, but they seek information out when it is positively skewed. The fact that
participants cite preserving hope as a reason for choosing positively skewed information structures
suggest that individuals may avoid information when it can eliminate hope, yet seek it when hope
can still be preserved.
39This grouping captures the majority of participants and describe their modal behavior. Note, however, that
a minority of these individuals who choose positively skewed information over full information, indicative of an
important heterogeneity that informs our discussion in Section 4.
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These two main results generate new implications for theory and for policy, which we return
to discussing below after we present some additional evidence.

4.1.1. Extension: Variation across Priors. Prior work examining preferences for early versus late
resolution has noted the sensitivity of intrinsic informational preferences to priors.40 To provide a
richer set of results and a robustness check, and to shed additional light on theoretical concerns,
we present results from a third lab experiment with 232 participants that explores how intrinsic
information preference change when priors vary. This experiment replicates Experiment 1 in its
protocol and design, except it explores a smaller set of informational treatments across two priors:
a 10% and a 90% chance of winning the lottery. The experimental details and additional results
appear in Appendix C.
Table 5 summarizes choice percentages across the three treatments (C1, C2, C3) under f = .1
and f = .9.41 Treatment C1 presents a choice between full early and full late resolution of uncertainty. Treatments C2 and C3 present a choice between positively and negatively skewed information structures. These information structures are equivariant; therefore, preferences for skewness
can be compared across priors without confounds arising from differences in informativeness.42 The
majority of individuals prefer positively skewed signals to negatively skewed signals, and full early
resolution to full late resolution of uncertainty. However, the prevalence of different preferences
vary across the two extreme priors. First, more individuals indicate that they prefer to learn the
outcome of the lottery earlier when the ex-ante probability of winning the lottery is 90% than
when the prior is 10% (89% vs. 63%, Pearson χ2 (1) = 7.23, p = .007). This result suggests that
information avoidance is more severe when the probability of the undesired outcome looms large.
Second, the preference for positively skewed information is held by more participants when the
ex-ante probability of wining the lottery is 90% (C2, χ2 (1) = 23.03, p = .000; C3, χ2 (1) = 25.19,
p = .000). This result suggests that in most cases, individuals have a stronger preference to preserve
hope when hope is initially high, although we emphasize more careful study is needed to understand
the mechanism for these suggestive results.

40Chew and Ho [1994] and Arai [1997] find that the preference for early resolution over late resolution grows as

the prior for the desired outcome increases, while Ahlbrecht and Weber [1997], Lovallo and Kahneman [2000] and
Falk and Zimmermann [2014] find mixed or no evidence for the effect of priors.
41Our results across the 10% and 90% conditions are comparable because the corresponding information structures
have the same variance and absolute skewness. However, the variance of posterior distributions is much higher when
the prior is 50%. Thus, we hesitate to directly compare the results from this experiment with those from our previous
experiments. That said, the information preferences under the 50% prior falls directly between the preferences we
found with the 10% and 90% priors.
42In addition, information pairs (p, q) and (p′ , q ′ ) in C2 and C3 are chosen such that, as in Experiments 1 and 2,
p > q, q ′ > p′ , mean(p, q) = mean(p′ , q ′ ), var(p, q) = var(p′ , q ′ ), and skew(p, q) = −skew(p′ , q ′ ).
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Table 5. Results from Experiment 3
Prior 10%
N
Preferences
C1 35
(1, 1) ≻ (.5, .5)
C2 40 (.5, .69) ≻ (.84, .35)
C3 42 (.34, .82) ≻ (.94, .21)

Pct. p-value
63%
.088
65%
.040
69%
.020

Diff. p-value
26%
.007
24%
.000
16%
.000

p-value
.000
.000
.000

Prior 90%
Pct.
Preferences
N
89%
(.5, .5) ≺ (1, 1)
38
89% (.69, .5) ≺ (.35, .84) 36
85% (.82, .34) ≺ (.21, .94) 41

On the leftmost panel, the table reports the total number of participant who participated in each treatment (N) when
prior=.1, the percentage of participants who indicated a preference for the first option in the preference ordering listed, and
the p−values from one-sided binomial tests against the null hypothesis of random choice. On the rightmost panel, the table
reports the same statistics for each treatment when prior= .9. In the middle panel, the table reports the magnitude of the
difference in choice percentages and the p−values from Pearson χ2 tests evaluating the significance of this difference.

4.2. Implications for Theory. Findings 1 and 2 not only have empirical importance, but are
also useful because they shed light on existing theories. We begin our discussion by noting that
traditional expected utility preferences imply that individuals do not have non-instrumental preferences for information (because they satisfy Segal [1990]’s “Reduction of Compound Lotteries”
axiom), and so are indifferent between all information structures. Thus, we proceed by discussing
non-standard models that can accommodate the patterns of behavior we observe in the data.43
To speak to existing models, we formally model preferences for information structure using their
equivalence to compound lotteries (see Appendices F and G), and denote the induced preference
relation as V , an arbitrary compound lottery as P , with prior f (P ). Because we focus on only two
outcomes, one-stage lotteries are isomorphic to the unit interval. V may not be expected utility, but
we restrict our attention to Gateaux differentiable functions, which allows us to analyze the local
utility functions, which we denote as v(f, P ). Local utility functions map from combinations of one
stage lotteries and compound lotteries to R.44 We denote the variance of the posterior distribution
induced by an information structure (p, q) as var(p, q) and the third normalized moment of the
posterior distribution as skew(p, q).
Recall that our results suggest an overall prevalence of preferences for informativeness and
for positive skew; albeit with important heterogeneity. There seem to be two main groups of
individuals: 1) a majority of participants who seek information and whose preferences are monotonic
in the informativeness of a signal, and 2) a substantial minority of participants who avoid fully
revealing signals but whose information aversion decreases with positive skew. We turn to developed
a theoretical framework that allows us to understand both types of individuals.
It is well known, beginning with Kreps and Porteus [1978], and further developed by Grant
et al. [1998], that that a preference for more (less) Blackwell informative signals is equivalent to the
local utility function of V being convex (concave) if mild smoothness assumptions on preferences
43
For our formal analyses, we utilize the concept of local utility functions introduced by Machina [1982], which
allow us to extend our standard tool-kit to models of non-expected utility.
44Intuitively, one can think of our analysis as providing conditions on local approximations of V (for details, see
Machina [1982] and Cerreia et al. [2014]).
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hold (see Proposition 4 in Appendix G for a formal statement.) The following new proposition
provides necessary and sufficient conditions for attitudes towards skewness of information.45 All
proofs appear in Appendix G.
Proposition 1. Let ≿f be represented by a Gateaux differentiable value function V . Suppose i)
var(p, q) = var(p′ , q ′ ), ii) skew(p, q) = −skew(p′ , q ′ ), and iii) skew(p, q) > 0 given f . If the local
utility functions of V is thrice differentiable then it has a convex (concave) derivative everywhere
if and only if (p, q) ≿f (≾f )(p′ , q ′ ).
This result parallels known results about monetary lotteries. In the binary signal - binary
outcome domain in our lab experiments, comparing skewness (fixing variance) implies an ordering
formally analogous to downside risk [Menezes et al., 1980], which allows us to relate preferences for
skewness to the third derivative. As we mentioned in Section 2.1, the goal of identifying preferences
for skewness (and so the third derivative of V ) is precisely why we chose equivariant information
structures. Proposition 1 helps us understand the first group – that is, those who prefer earlier
resolution and positively skewed information. Theory implies that these individuals have a utility
function such that the local utility functions are convex everywhere and their first derivatives are
also convex everywhere. These restrictions are consistent with a wide variety of utility functions.
In order to relate the result to known function forms, we needs some additional notation. We
denote an information structure as ν, the distribution over posteriors (µ ∈ M) that it induces as ν(µ)
and the distribution of µ over monetary outcomes x ∈ X as µ(x). Recall that in Kreps and Porteus
46
[1978], the utility function over compound lotteries is V = ∫M u1 ○ u−1
To
2 (∫X u2 (x)µ(x))d(ν(µ)).
match both a preference for early resolution as well as a preference for positively skewed information

u1 ○u−1
2 needs to be both convex and and have a convex derivative. The Epstein-Zin-Weil framework
has both u1 (x) = xρ and u2 (x) = xα as power utility functions. In this case it must be that ρ > 2α,
or in other words 1 − 2α > 1 − ρ (since the first three derivatives of u1 ○ u−1
2 are

ρ
α,

( αρ − 1) αρ and

( αρ − 2)( αρ − 1) αρ ). Recall that 1 − α measures the relative risk aversion, while 1 − ρ is the inverse of
the elasticity of intertemporal substitution (for a recent discussion, see Epstein et al. [2014]). Our
restriction accords with parameter values typically estimated in the macroeconomics and finance
literatures. For example, Van Binsbergen et al. [2012] estimate 1 − α as around 46, and 1 − ρ as
around 17. Thus, 1−2α is around 91, and the inequality holds. The estimates of 1−α and 1−ρ from
45Our requirement on the differentiability of the the local utility functions is stronger than it actually needs to be.
Using Cerreia et al. [2014]’s techniques we can relax the differentiability assumptions.
46Epstein [2008] develops a model which over compound lotteries, can be equivalent to the preferences in Kreps and
Porteus [1978]. However, when actions are present, individuals in Epstein [2008] exhibit a preference for commitment
(i.e. exhibit dynamic inconsistency), while individuals in Kreps and Porteus [1978] exhibit no such preferences (i.e.,
are dynamically consistent). Given our experiments, we cannot distinguish between these frameworks. Epstein [2008]
suggests important connections between commitment preferences and informational preferences which require further
experimental exploration.
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Bansal et al. [2007] (99 and 0.5 respectively) and Chen et al. [2013] (17-60 and 0.5-1 respectively)
are also consistent with our results, although Epstein and Zin [1991] find estimates (1 and around
4) inconsistent with our restrictions. Thus, our average participant is consistent with well-known
parameterizations of Epstein-Zin-Weil preferences.
Although Proposition 1 allows us to capture behavior demonstrated by the average participant
in our setting (i.e., those described by Finding 1), there is also a second group who form an
important minority (Finding 2). These individuals avoid many kinds of information, but are willing
to acquire positive skew. In order to capture this second group we turn to our next proposition.47
Proposition 2. Let ≿f be represented by a Gateaux differentiable value function V . If the local utility functions v(⋅; P ) of V are (i) monotone and thrice differentiable (ii) convex (concave respectively)
for all v(⋅; P ) ≥ (≤ respectively )v(f (P ); P ) and (iii) loss averse: ∣v(f (P ) − ; P ) − v(f (P ); P )∣ >
∣v(f (P ) + ; P ) − v(f (P ); P )∣ for all  > 0, then the individual will prefer no information to either
negatively skewed information or symmetric information, but will accept some positively skewed
information.
This proposition points out that the behavior of individuals in the second group is consistent
with a more complicated structure of utility over information structures. In particular, choices are
consistent with a utility function where the local utilities go from concave below the prior to convex
above the prior. We call these inverse S-shaped local utility functions.48
The prediction that individuals may avoid full information but be willing to accept positively
skewed information is present in several recent models of informational preferences including Caplin
and Eliaz [2003], Eliaz and Spiegler [2006b], Schweizer and Szech [2013], and Dillenberger and
Segal [2017]. Such a utility function can also explain why some individuals prefer no information
at low priors, but prefer information at high priors.49 Our restriction for this second group is
consistent with Kreps-Porteus preferences where u1 ○ u−1
2 is inverse S-shaped. More restrictive
models such as that of Epstein and Zin [1989] and Weil [1990], where information avoidance in
some situations implies global concavity of V , cannot explain the preferences of individuals who
avoid full information but are willing to take positively skewed information.
47This proposition resembles the results in Dillenberger and Segal [2017]. However, we obtain theoretical results

using a distinct set of sufficient conditions on preferences. While in their paper preferences satisfy recursivity and
are Frechet differentiable, our preferences only need to be Gateaux differentiable (and need not satisfy recursivity).
Their sufficient conditions involve quasi concavity of utility and the “fanning out” of indifference curves over single
stage lotteries, while we provide conditions directly on the local utility functions over two stage lotteries. Proposition
2 highlights the importance of the third derivative in driving behavior.
48One such example of such local utility functions is the family v(x; P ) = 8 − 2(−f (P ) + x − 2)2 if x ≥ f (P ); and
v(x; P ) = −16 + (−f (P ) + x + 4)2 if x ≤ f (P ).
49
Similarly, as long as the fourth derivative of V is positive it is also consistent with individuals having a stronger
preference for positive skew at high priors.
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In addition to providing constructive results about the structure of utility functions required to
match our data, we can also use our data to falsify models. For example, Proposition 1 implies that
models which do not have convex marginal utilities cannot match the mean respondent in our data
set. In fact, as our next result shows, several important classes of models, notably those of Kőszegi
and Rabin [2009](KR) and Ely et al. [2013](EFK), do not satisfy this condition. In contrast, they
predict that for equal priors a decision-maker must be indifferent between (p, q) and (q, p).50
Proposition 3. Suppose ≿.5 represented by a KR or EFK functional form. Then (p, q) ∼.5 (q, p).
Proposition 3 is in contrast to our findings where few individuals seem to be indifferent about
skewness. This result suggest that such models may need to be modified to allow for preferences
which are tilted towards positively skewed signals. This result is important to highlight because
of importance of Kőszegi and Rabin [2009] in explaining many stylized facts in the literature on
choices over lotteries and preferences for information.
4.3. Policy Implications of a Preference for Positive Skew. Across our studies, we present
a strong intrinsic preference for positive skew. Such a preference has important policy implications
in domains in which information avoidance due to intrinsic preferences is a concern. Information
provision policy is typically guided by neoclassical models where the only trade-off to consider is
the one between the benefit of providing more information and the increase in costs associated
with doing so, because individuals are assumed to prefer more information to less. Although
economists empirically recognize that useful information is not always demanded, thus far, evidence
on the existence of non-standard informational preferences had not illuminated the issue of optimal
information design faced by policy makers who want to improve information uptake. Our results
can provide some guidance in this direction by showing how skewness of information provided can
impact both the number of individuals who acquire information and the informativeness of their
acquired structures.
In many situations, accuracy of information is achieved at a cost. For example, more accurately predicting the occurrence of a disease requires running additional tests, which requires time,
money and effort. A social planner may want to maximize the uptake of information, subject to a
cost constraint. Our results suggest that positively skewed signals have the highest demand among
50Although EFK originally designed their model to explain preferences for gradual resolution of information in
contexts such as sporting events, their functional form is flexible enough to apply to other settings and can generate
not only a preference for gradual resolution of information, but also a preference for one-shot resolution of information,
depending on the parameterization. Thus, their preferences can generate behavior very similar to that predicted by
KR. We believe that it is important to discuss the general implications of their functional form, as it represents
an easily adaptable alternative to many of the other existing models. EFK present two functional forms: one that
they describe as capturing surprise and the other they describe as capturing suspense; both have strong symmetry
assumptions regarding how beliefs affect utility.
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equivariant signals, in terms of both uptake monetary premia. Thus, our first policy recommendation is to maximize the skewness of signals subject to any constraint on the informativeness that
can be achieved.
Our results reveal additional nuanced trade-offs between informativeness and skewness in
choosing the optimal set of informational structures. To highlight these trade-offs independent
of the considerations of cost, consider situations in which improving informativeness is free. Should
the social planner who is hoping to increase information uptake provide one or multiple information structures? Which ones? The answer is clear under neo-classical thinking: the social planner
should provide perfectly revealing information. However, our results (in line with many other papers) suggest that providing a perfectly revealing information structure will lead to information
avoidance on the part of a nonnegligible subgroup of the target population. Our findings also
indicate that offering an additional positively skewed, but not fully informative structure will attract the most additional uptake among those who reject more informative signals. For example,
only 72% of individuals demanded the most informative test in our Alzheimer’s disease study, yet
adding a positively skewed test would increase total test uptake to 77%. Similarly, while only 82%
of individuals wanted to get feedback after taking the IQ test, adding a positively skewed feedback
would increase the total uptake to 86.5%. Although the aggregate increase may be modest, these
gains can be important because they represent information acquisitions by otherwise information
resistant individuals.
Offering a positively skewed signal in addition to the most informative signal may decrease the
number of individuals who acquire no information, but whether it is optimal to offer it depends on
contextual substitution patterns. Positively skewed signals have lower instrumental value than fully
revealing ones. If none of the individuals who prefer the most informative signals would deviate to
acquiring the positively skewed signal when both are offered, then offering both is strictly beneficial.
Given that the majority of information takers are monotonic in their preferences for information, we
would expect this to hold for the most part. However, for a minority of individuals, cannibalization
of more informative signals by positively skewed options may be a concern in some contexts. We
observe hints of such cannibalization in Experiment 2: even though the majority of information
takers monotonically prefer more informative structures, there is a minority who would take a less
informative option in exchange for a more positively skewed information. However, the amount of
information they have to give up is small, so we might expect the proportion of takers preferring
the positively skewed partial information to full information to be lower. Such cannibalization can
be observed in our IQ test study: among individuals who prefer the most informative option to
no information, 20.9% rank positively skewed partial information as their most preferred option,
and 23.9% rank it better than the most informative option . Such cannibalization would be a
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concern to the extent that choosing positively skewed information leads to worse outcomes.51 When
cannibalization is likely, whether offering both the fully revealing signal and a positively skewed (but
less informative) signal is better than offering only the fully revealing signal depends on a trade-off
between (i) the benefits incurred by avoiders who would take the positively skewed information
(Group A), and (ii) the costs incurred by information takers (they would acquire full information if
it were the only option) who take the positively skewed information when both options are offered
(Group B). This trade-off depends on the relative sizes of Group A and Group B in the population,
as well as the instrumental value differences between the most informative signal and the positively
skewed signal compared with the value of acquiring no information. We want to emphasize that
this trade-off is expected to vary by context, and that further exploration is warranted for specific
environments.
Furthermore, when cannibalization is a concern, it may be feasible to minimize it through prices
or intermediaries in some markets. If group B’s willingness to pay for positively skewed information
(vs. not getting any information) is larger than that of group A’s willingness to pay (relative to
acquiring the most informative option), cannibalization can be reduced by charging more for the
positively skewed signal than for the most informative signal. Alternatively, if individuals are not
fully aware of the available information options, and if there is an intermediary who can sequentially
present them, the optimal policy would be to offer positively skewed information structures only to
those who had already refused the most informative option. Such a solution would be feasible and
sensible in a medical context, for example, with the physician offering the more positively skewed
test only if the most informative test is rejected.
Overall, our results suggest that policy makers should (i) often maximize skewness subject to
cost constraints (e.g., variance constraints), and (ii) when offering multiple types of information,
they should consider providing positively skewed signals as an additional option.

5. Conclusion
Intrinsic preference for information is a fertile area of inquiry with many potential applications
to important economic problems. This paper takes an important initial step towards a more
comprehensive understanding of intrinsic preferences for information in a world in which information
signals vary not only in their informativeness, but also in their skew. Our results point to three
avenues for further research.
51In the case of the IQ test, one may argue that positively skewed information structures may help preserve
self-image, which may increase motivation (Bénabou and Tirole [2002]) and therefore not necessarily lead to worse
outcomes.
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First, understanding preferences for skewness can also lead to insights into closely related
topics. Recall that our results imply very specific restrictions on the comparison of the coefficient
of relative risk aversion to the intertemporal elasticity of substitution in the Epstein-Zin-Weil
model, and provide independent verification of recent parameter estimates from the macroeconomics
literature (e.g., Van Binsbergen et al. [2012]). Moreover, our estimated informational premia are
relatively large for an only short period of delay, consistent with arguments of Epstein et al. [2014].
As Epstein et al. [2014] point out, little is known about the size of informational premia empirically.
Although the primary aim of our paper is not to provide an extensive analysis of the estimation
of informational premia, our results provide initial insights. Future work is needed to obtain more
nuanced estimation of informational premia across a wider set of contexts.
Second, our lab experiments use a binary state and binary signal realization structure. This
is the simplest but sufficiently rich environment to study preferences for skewed information. With
more than two outcomes, the space of posteriors has dimensionality greater than two, making the
definition of positive skew more involved. Many applications of information preferences similarly
focus on a two outcome space (for a recent example, see Schweizer and Szech [2016]) to reduce
complexity. But richer spaces, e.g., with trinary outcomes, can further enhance our understanding
of how individuals care about skewness. For example, trinary lotteries (say a high, middle and
low outcome) can help us understand the degree to which a preference for skewness depends on
probability mass changes across different subsets of the support of a lottery. For example to compare
differently skewed structures, we can move probability from the lowest to highest outcome (as we
do now), or alternatively between the lowest and middle, or middle and highest outcomes (which
we currently can’t examine in the binary set-up). Moreover, extending the outcomes space can
further validate the theoretical conclusions we draw from these experiments and provide sharper
empirical tests between models. It is well known that binary settings are not able to carefully
distinguish between popular models of non-expected utility (i.e. many, such as disappointment
aversion, are special cases of rank-dependent expected utility in this special domain). For example,
Ahlbrecht and Weber [1997] develop insightful tests of the Kreps-Porteus model that provide novel
results using the trinary domain. We are certain similar tools could be brought to bear on skewness
preferences.
Finally, our results indicate that the interplay between instrumental and intrinsic informational
preferences has important policy implications that depend on particular trade-offs we discussed
in the earlier section. Given the importance of context particulars in the optimal information
provision, future field work is necessary to provide more guidance for policy-makers. We hope that
our work inspires additional research on this issue.
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Appendix A. Experiment 1
A.1. Experimental Materials.
A.1.1. General Instructions. Welcome to our informational decision making session. Please read
the instructions carefully. We will ask comprehension questions in a little bit. You may have
participated in different kinds of studies across campus. The instructions we give in this study
are accurate and reflect exactly how the study will unfold. We will explain how the study is
programmed, how the computer will determine the questions and information you will see and
how you will get paid in accordance with what actually will happen. In other words, there is no
deception of any kind and you will be fully informed of the workings of the study at all times.
The session will last 60 minutes. You will receive $7 for your participation. You will also get
a pen or a postcard and may earn an additional $10 as a result of luck. If you fail to follow the
instructions or disturb the flow of the study in any way, you will be asked to leave the study.
Please silence your phones and put your belongings under the table, and leave them alone
during the entire study. We need your full engagement; even when you are not actively participating
in the study, please wait patiently and refrain from using your cell phone, checking email, surfing
the internet, etc.
This is a silent study. Please do not make any noise, you will be asked to leave the study
without any compensation if you do. If you are having technical difficulties at any time, raise
your hand quietly and the experimenter will come to help. You are not allowed to ask questions
about the content of the study to the experimenter, please read and listen to the instructions very
carefully to avoid confusion. All information pertinent to the study is contained in the instructions.
Therefore it is of utmost importance that you follow the instructions carefully. At certain points
in time, we may also ask you basic facts about the study to make sure you are following what is
going on.
In this session, you will participate in two different studies. In Study 1, we will ask you
to indicate your preference between the pen and the postcard and answer related questions. In
Study 2, you will participate in a lottery with the raffle ticket you got when you arrived. If you
win the lottery, you will earn an additional $10. If you lose the lottery, you will not get any
additional money. Both studies will be explained in detail with video instructions. Your decisions
and payments will depend on your understanding of these instructions.
In both studies, we will be using an independent web service (http://reporting.qualtrics.com/
projects/randomNumGen.php) to randomly pick numbers between 1 and 10. These numbers will
be helpful in determining outcomes in uncertain events. Each number has an equal chance of being
picked for any given event. The numbers are drawn completely randomly and do not follow any
particular sequence.
All payments will be made in cash at the end of the study.
A.1.2. Willingness to Switch Elicitation: Transcription of video instructions. Thank you for indicating your choice among the pen and the postcard. Whether you get what you chose, or the other
item, will depend on your answers in the next task. The next task will help us put a monetary
value on the strength of your preference between the two options. You’ve already indicated your
strength of preference. Now, we will ask you a list of questions that will translate the difference in
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your liking to how much we would have to compensate you in order to give you the item you did
not want to receive. You will see 10 questions, each of which will ask you whether you would change
your choice if we compensated you for the amount specified in the question. You will answer by
selecting yes or no. The stronger your preference for the item you chose over the item you rejected,
the more money we would need to pay you to give you the item you did not want to receive rather
than the item you chose. Let’s look at what these questions will look like. On your screen you
will see the following list. [screenshot of the list] Question 1 asks whether you would change your
choice if we paid you 1 cent to do that. If you say no, you will get the item you preferred to take
with you at the end of the study today. If you say yes, you will receive 1 cent and instead get the
item you did not prefer. Question 2 increases the compensation to 5 cents and asks if you would
switch for that amount. In this manner, questions keep increasing the compensation amount, until
Question 10, which offers you 50 cents to change the item you will get at the end of the study.
Clearly, you may say No to all the questions if you would need more than 50 cents to be OK with
getting the item you rejected. Or you can say yes to all these questions if you don’t care much
about which item you get. Everyone’s preferences are different, so everyone will require different
amounts to change their choice. For example, if 15 cents is not enough compensation to give up
your choice, but you would be OK with getting your unpreferred item if we paid you 20 cents or
more, your answers would look like this. Or instead, if 30 cents is not enough compensation to
give up your choice, but you would be OK with getting your unpreferred item if we paid you 35
cents or more, your answer would look like this. There are no right or wrong answers. Please think
about how much you like the item you chose versus the item you rejected. This task is designed to
elicit your true preferences. As such, we will randomly draw a number between 1 and 10 using the
online random number generator. This will determine the question we will carry out. For example,
if the number 6 comes up, we will look at Question 6. If you said No to that question, you will
keep the item you prefer. If you said Yes, you will let that item go and switch to the other item,
and receive the monetary compensation specified in Question 6. You should consider each question
independently and indicate your true preferences. If you say No when you would rather take the
money, or if you say Yes when you’d rather keep the item you prefer, you may feel regret when
we carry out your choice. So please think carefully and answer these questions according to your
own preferences. We show you the task one more time before you proceed. Think about what
compensation is too little for you to switch your choice, and what compensation would be enough.
Accordingly, click Yes or No for each question. Please raise your hand now if you had any technical
difficulties in hearing or reading these video instructions. Otherwise, click the next button.
A.1.3. Lottery and Information: Transcription of video instructions. You will participate in a lottery with the raffle ticket you were given. The chances of winning are 50%. If you win the lottery,
you will get an additional $10. If you do not win the lottery, you will not get any additional
payment. We will determine whether you won or did not win right after these instructions. The
experimenter will roll a 10-sided die and cover it with a cup. The die outcome can be 0, 1, 2, 3,
4, 5, 6, 7, 8, or 9, each with equal chance. If the die outcome is even, and your ticket’s last digit
is even, it means that you have won the lottery. If the die outcome is odd, and your ticket’s last
digit is odd, it also means that you have won the lottery. Otherwise, it means that you did not win
the lottery. So, you have a 50% chance of winning and 50% chance of not winning. Note that the
chance of winning and not winning is equal for everyone and does not depend on how many people
are in the session. Multiple people in the same session will win the lottery. Whether you win or do
not win is entirely determined by your ticket number and the die roll. There is an important detail
about how we will reveal the outcome of the die roll. When the experimenter rolls the die, she or he
will hide the outcome with a cup placed over the die until the end of the study. The experimenter
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will know the outcome at that time, but the cup will only be removed at the end of the study. So,
you will not learn about the outcome of the die roll until the very end of the study. So, even though
you know your ticket number, since you don’t know the die roll, you will not know whether you
won the lottery, even though it is determined already. At the end of the study, the experimenter
will remove the cup and everyone will be able to see the die roll. Even though you will not learn
the outcome of the die roll right away, the experimenter will give you a code to enter, in order to let
your computers know what the outcome of the die roll was. For example, say that we programmed
the survey such that the computer knows that the die roll was 4 if you typed in the code word
“mouse”, and that the die roll was 5 if you typed in the code word “house”. If the die roll is 4, the
experimenter will instruct you to enter the code word “mouse”. Of course, we will be using different
code words in the study. You will not know the number a given code word corresponds to, but the
computer will. You will also be asked to enter the last digit of your ticket number. Having both
pieces of information, the computer will be able to know immediately whether you won or lost the
lottery. Now, let’s talk about the study itself. During the first half of the study, we will ask your
preference regarding the type of clue you would like to get about whether your ticket won you an
additional $10. Remember that the outcome of the lottery is determined at the beginning of the
study, but stays hidden from you until the experimenter removes the cup. However, the computer
knows if you won, and as a result, it is able to give you additional information. You will choose
between two clue generating options, each of which can provide a different kind of information.
Please choose between these two options carefully. After you make your choice and answer a few
related questions, the computer will show you the information generated by the option you chose.
Once you observe this information, you will sit with it until the end of the study. Please take this
into account when making your choice. While everyone will eventually learn whether they won the
additional $10 at the end of the study, people may differ in their preferences regarding the type
of clue they want to sit with until they learn whether they won. As you are waiting to learn the
lottery outcome, you will be sitting with the information you learned. In the meantime, in the
second part of this study, we will ask you other questions that are unrelated to the lottery. Please
take your time in working on this part. If you finish early, please wait patiently and do not engage
in any distracting activities. Even if you finish early, you cannot leave early. At the very end of the
study, the experimenter will invite a participant to lift the cup and announce the winning ticket
numbers. At that time you will fill out the receipt forms and get paid. Please make sure that you
understand the flow of this study. When you are ready, please click next to proceed with the study.
A.1.4. Introducing the choice between information structures. The instructional videos were all
structured in the following manner: 1) The two options in the question were presented, and the
text indicating the contents of each box in the options were read. 2) For each option, the box from
which the ball would be drawn if the participant won the lottery was highlighted, followed by the
box from which the ball would be drawn if the participant lost the lottery. 3) The percentage of the
instances a red or a black ball would be drawn from Option 1 was indicated and explained, 4) The
meaning (posterior probability of winning or losing) associated with observing a red or a black ball
from Option 1 was defined and explained, 5) steps 3 and 4 were repeated for Option 2, 6) Option
1 and Option 2 were displayed next to one another and a summary of the information regarding
the likelihood of observing each ball color and the posterior probability of winning associated
with each color was included below each option. This final comparison visual is the same graphic
as the one that the participants saw when they were making a choice between the two options.
The video instructions did not provide any additional information than the information already
included on their screens right at the time of making a choice, however we believe that watching
the video instructions before making a choice forced participants to pay more close attention to this
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information and provided them with more of an understanding of how the posterior probabilities
were calculated.
Transcript of instructions common to all treatments. We will now introduce the type of questions
you will be asked in this part of the study. Please pay close attention to this video. We will be
asking comprehensive questions before the decision task. The question presents two clue generating
options. Option 1 on the left and Option 2 on the right. You will choose one of the options. Each
of these options will have two boxes inside, as shown on this slide. However, the options will differ
in the content of these boxes. Each box will have a combination of red and black balls. We will give
an example of this in the next slide. What are these boxes for? When you choose one of the two
options, the computer will draw a ball from the left box if you won the lottery, and then draws a
ball from the right box if you did not win the lottery. Remember that the computer knows whether
your ticket number is a winning number or not, because you entered its last digit and the code that
the experimenter supplied. Since the number of red and black balls in each box may differ, the
color of the ball that the computer draws from the option you chose can be an informative signal
about your chances of winning the lottery. Depending on the content of the boxes, the options can
give you further information about the likelihood that you won or did not win the lottery. The
option you will choose will differ in the amount and kind of information it can provide. We are
interested in how much and what kind of information you would like to get. This question asks
you to choose between these two options. Please pay close attention to the contents of the boxes
of each option. We will now talk about them in detail.
Transcript of T1 instructions. Let’s first look at Option 1. In the left box, there are 100 red balls
and 0 black balls. In the right box, there are 0 red and 100 black balls. If you pick Option 1 and
you won the lottery, the computer will draw a ball from the left box with 100 red balls. And if you
did not win, it will draw a ball from the right box with 100 black balls. Now, let’s look at Option
2. In the left box, there are 50 red and 50 black balls. In the right box, there are 50 red and 50
black balls. So, if you pick Option 2 and you won the lottery, the computer will draw a ball from
the left box with 50 red and 50 black balls. And if you did not win the lottery, the computer will
draw a ball from the right box with 50 red and 50 black balls. For this question, we will ask you
to pick between these two clue generating options. Think about what kind of clue you would like
to get about whether you won or not. How do these two options differ in the type of clue they can
provide? Let’s look into these options one by one. First, let’s look at Option 1. You can expect
to see a red ball from this option 50% of the time, and a black ball from this option 50% of the
time. Why? Remember that the computer is equally likely to draw a ball from either of the boxes,
because the chances of winning are 50%. So, 50% of the time you will see a red ball and 50% of
the time you will see a black ball. If you see a red ball from Option 1, you learn right away that
you won the lottery for sure. This is because red balls can only come from the left box and the
computer draws from the left box only if it determines that you have won the lottery. And, if you
see a black ball from Option 1, you learn right away that you did not win the lottery for sure. This
is because black balls can only come from the right box and the computer draws from the right
box only if it determines that you did not win the lottery. We reviewed Option 1. Now, let’s look
at Option 2. You can expect to see a red ball from Option 2 50% of the time and a black ball
50% of the time. This is because 50% of the time, the computer will draw a ball from the left box
with a 50% chance of getting a red ball. The other 50% of the time, the computer will draw a ball
from the right box, with a 50% chance of getting a red ball. So, overall you can expect to see a
red ball 50% of the time, and a black ball 50% of the time. So, if you see a red ball from Option 2,
it means that the chances that you won are 50%. Therefore, observing a red ball from this option
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gives you no additional information about whether your ticket has already won. Similarly, if you
see a black ball, you also learn that your chances of winning are 50%, giving you no additional
information about whether or not you have won the lottery. Now, let’s review the two options side
by side. In both options, the chances of seeing a red or a black ball are equal to 50%. When you
see a ball drawn from Option 1, regardless of its color, you immediately learn whether you have
won the lottery or not. Conversely, when you see a ball drawn from Option 2, regardless of its
color, you do not learn anything new about whether you have won the lottery. Therefore, a choice
between these two options is a choice about when you would like to learn the outcome of a lottery.
Option 1 reveals the outcome immediately, and Option 2 does not give you any new information
until the end of the study. Please think about which option you would prefer to see a ball drawn
from. Remember, you will get this information at the end of part one and you will sit with it,
until you learn the outcome of the die roll at the end of the study. Now, please move on to the
comprehension and choice questions by clicking the next button when it appears.
Transcript of T2 instructions. Let’s first look at Option 1. In the left box, there are 100 red balls
and 0 black balls. In the right box, there are 50 red and 50 black balls. If you pick Option 1 and
you won the lottery, the computer will draw a ball from the left box with 100 red balls. And if you
did not win, it will draw a ball from the right box with 50 red and 50 black balls. Now, let’s look at
Option 2. In the left box, there are 50 red and 50 black balls. In the right box, there are 0 red and
100 black balls. If you pick Option 2 and you won the lottery, the computer will draw a ball from
the left box with 50 red and 50 black balls. And if you did not win, the computer will draw a ball
from the right box with 100 black balls. For this question, we will ask you to pick between these
two clue generating options. Think about what kind of clue you would like to get about whether
you won or not. How do these two options differ in the type of clue they can provide? Let’s look
into these options one by one. You can expect to see a red ball from Option 1 75% of the time, and
a black ball 25% of the time. This is because 50% of the time, the computer will draw a ball from
the right box, getting a black ball 25% of those times. The other 50% of the time, the computer
will draw a ball from the left box, never getting a black ball. So, there is a 75% chance of seeing
a red ball, and a 25% chance of seeing a black ball. Now what happens if you see a black ball? If
you see a black ball from Option 1, you learn right away that you did not win the lottery. Why?
Black balls can only come from the right box, and the computer draws from the right box only if
it determines that you did not win the lottery. How about if you see a red ball? Not that the red
ball could have come from either the left or the right box. But there are twice as many red balls
in the left box than there are in the right box. So, seeing a red ball means that the chances that
you have won the lottery is higher than 50%. When we calculate the odds, observing a red ball,
means your chances of having won are 67%. We’ve reviewed Option 1. Now, let’s look at Option
2. You can expect to see a red ball from Option 2 25% of the time and a black ball 75% of the
time. This is because 50% of the time, the computer will draw a ball from the left box getting a
red ball 50% of those times. The other 50% of the time, the computer will draw a ball from the
right box, never getting a red ball. So, there is a 25% chance of seeing a red ball, and a 75% chance
of seeing a black ball. What happens if you see a red ball? If you see a red ball from Option 2, it
means that you have won the lottery. You know this for sure because the only way you can see a
red ball, is it if comes from the left box and the computer only draws from that box if you won.
How about if you see a black ball? Note that the black ball could have come from either the left
or the right box, but there are twice as many black balls in the right box than there are in the left.
So, seeing a black ball is a signal that your chances of winning are a bit worse than 50%. When we
calculate the odds, we learn that seeing a black ball from Option 2 means that your chances that
your ticket won is 33%. Now, let’s look at these two options side by side. When Option 1 shows a
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red ball, which happens 75% of the time, you know that your chances of having won the lottery are
67%. When Option 1 shows a black ball, which happens 25% of the time, you learn for sure that
you have lost the lottery. When Option 2 shows a red ball, which happens 25% of the time, you
know for sure that you have won the lottery. When Option 2 shows a black ball, which happens
75% of the time, you learn that your chances of having won the lottery are 33%. Therefore, while
the chances of getting good news is higher than Option 1, the good news from Option 2 is much
stronger. Similarly, while the chances of getting bad news is higher from Option 2, the bad news
from Option 1 is much stronger. Please think about which option you would prefer to see a ball
drawn from. Remember, you will get this information at the end of part one and you will sit with
it, until you learn the outcome of the die roll at the end of the study. Now, please move on to the
comprehension and choice questions by clicking the next button when it appears.
A.1.5. Checks and Ancillary Questions. [Instruction comprehension questions]: We already determined who won and who did not win the lottery by rolling the die. When will you learn whether
you did not win or won? What is your chance of winning the lottery? Can you, another participant
or the experimenter influence whether you won or did not win the lottery?
[Attention checks]: (after the ball color is indicated) Given this clue, what are the chances that you
won the lottery? (Next page) Please indicate the color of the ball you observed.
[Confusion prompt]: We want to know if there was any part of the study that was confusing.
Please think about what instructions or procedures in this study that were confusing and list your
confusions/questions below.
[Demographics questionnaire]: Please indicate your age. What is your gender? Please indicate how
many experimental studies you participated in at the [blinded for review] Lab in the past. Please
indicate how many experimental studies you participated in on the [blinded for review] campus
(any lab) in the past. Please choose all departments on campus where you have participated in
experiments before.
[Happiness questionnaire]: Please indicate how happy/unhappy you are feeling in the current moment by sliding the scale. -100 means you are feeling ‘very unhappy’, 100 means you are feeling
‘very happy’, 0 means you are feeling ‘neutral’. After reading the initial instructions presented
in D.1., participants were asked to rate their happiness. The same question was repeated after
the participants received a signal from the information structure, after the lottery outcome was
announced, and after the participants got paid.
Filler Task Instructions and Payment. Thank you for your answers. We will now ask you to work
on an unrelated study while you sit with the information you received and wait for the outcome
of the lottery to be revealed. There are only a few questions in this part. Please take your time
answering them in detail. Please think carefully. You have plenty of time to answer these questions.
Please do not rush. If you finish early, you will sit and wait for the end of the experiment.
[For about 30 minutes, the participants worked on the filler tasks. They saw the following
instructions upon completion of these tasks.]
Thank you. You’ve reached the end of the study. Please wait patiently for the announcement
of the roll die which will determine whether you won or lost the lottery. It is likely that others have
not yet finished answering all questions. Please wait silently in your seat. Do not distract others
in any way. Do not engage with any electronic devices (e.g., cell phones, iPods,..). Do not browse
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the web or open any other tab. Do not proceed without further instructions. You will be given a
code to proceed once the winning last digits are announced. While waiting, you may fill out the
receipt form on your desk as much as you can. Please do not guess how much you earned, we will
complete that part last, when you get paid in cash.
[The participants were given a passcode to enter once all participants arrived at this page.
Therefore, all participants proceeded to the next page at the same time.]
[Instructions on the payment page depended on the die outcome, last digit of the raffle ticket
the participant was holding, and the participants decisions in the experiment. An example is
provided below.]
We rolled a 10-sided die to determine the winning last digits at the beginning of this study.
The code you entered in the program told the computer that the die came up even. You indicated
that the last digit of your lottery ticket number is 4. You won the lottery. You will get an additional
$10.
As a result, your total payment will be the sum of $17 + 0 cents + 10 cents. Please enter the
total amount on your receipt form and complete all fields of the form. You are also taking the pen
with you.
Explanation: You are getting $7 for participation, $10 from the lottery. In the question concerning the choice between the postcard and the pen, you chose the pen. In Q4, “For a compensation
of 15 cents I would change my choice,” you indicated No. In the question concerning the choice
between clue-generating Option 1 and Option 2, you chose option 1. In Q3 “For a compensation
of 10 cents I would change my choice.” you indicated Yes.
[After the participants were paid in private, they returned back to their computers to fill in
the receipt forms and to share final comments about the study if they had any. All sessions ended
on time.]
Table 6. The order of options within each pairwise comparison presented by Experiment 1
Question
option 1 option 2
T1
(1, 1)
(.5, .5)
T2
(1, .5)
(.5, 1)
T3
(.3, .9)
(.9, .3)
T4
(.9, .6)
(.6, .9)
T5
(.5, .5)
(.5, 1)
T6
(.3, .9)
(.5, .5)
T7
(.5, .5)
(1, .5)
T8
(.9, .3)
(.5, .5)
T9
(.5, .5) (.79, .79)
T10 (.63, .63) (.5, .5)
A.2. Additional Tables.
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Table 7. Experiment 1 – Two waves of data collection

T1
T2
T3
T4
T5

1st wave
Difference
2nd wave
N Percentage
p-value
Percentage N
(1, 1) ≻ (.5, .5) 43
65%
.341
75%
36
(.5, 1) ≻ (1, .5) 45
82%
.485
76%
33
(.3, .9) ≻ (.9, .3) 47
68%
.891
67%
36
(.6, .9) ≻ (.9, .6) 46
69%
.245
81%
32
(.5, .1) ≻ (.5, .5) 42
88%
.681
85%
33

The table reports frequencies of choice and the p−values from Pearson χ2 tests evaluating the significance of the difference in choice frequencies across the two waves
of data collection in the Summer semester of 2015 and Winter/Spring semesters of
2017.

Table 8. Experiment 1: Preference Intensity Distribution
Preference Strength
0
1
2
Early vs. Late
(1, 1) ≻ (.5, .5)
0
1
1
T1
(.5, .5) ≻ (1, 1)
0
0
1
Positively Skewed vs. Negatively Skewed
(.5, 1) ≻ (1, .5)
1
0
2
T2
(1, .5) ≻ (.5, 1)
1
1
0
(.3, .9) ≻ (.9, .3)
2
2
2
T3
(.9, .3) ≻ (.3, .9)
2
0
1
(.6, .9) ≻ (.9, .6)
1
0
3
T4
(.9, .6) ≻ (.6, .9)
1
0
1
Positively Skewed vs. Late
(.5, 1) ≻ (.5, .5)
1
0
0
T5
(.5, .5) ≻ (..5, .1)
1
0
1
(.3, .9) ≻ (.5, .5)
1
0
2
T6
(.5, .5) ≻ (.3, .9)
0
2
1
Negatively Skewed vs. Late
(1, .5) ≻ (.5, .5)
1
0
2
T7
(.5, .5) ≻ (1, .5)
1
1
1
(.9, .3) ≻ (.5, .5)
3
0
1
T8
(.5, .5) ≻ (.9, .3)
3
0
0
(Symmetric) Gradual vs. Late
(.79, .79) ≻ (.5, .5) 2
0
3
T9
(.5, .5) ≻ (.79, .79) 1
0
0
(.63, .63) ≻ (.5, .5) 3
1
1
T10
(.5, .5) ≻ (.63, .63) 2
1
0

Avg.

Difference p-value

23
1

8.06
6.71

.008

6
0
3
1
5
0

12
1
6
0
1
1

7.19
6.06
5.98
5.82
6.47
6.40

9 8 12
1 3 2
10 12 8
2 3 0

5
0
7
0

25
0
12
2

8.06
5.40
7.38
5.42

3
4
5
2

8
0
13
2

7
2
1
3

3
1
8
1

2
1
0
0

14
3
11
1

7.34
5.69
6.50
4.86

2
0
3
1

5
2
8
3

8
1
6
4

9
3
3
1

6
1
2
0

13
1
12
0

7.25
6.08
6.52
4.67

3

4

5

6

7

8

9

10

2
1

2
0

2
3

4
5

5
5

8
6

7
2

3
0
5
0
1
1

4
0
2
3
3
0

4
2
7
3
5
1

3
4
9
5
9
3

11 16
4 3
14 4
7 5
20 10
6 6

1
0
0
1

0
1
2
0

4
1
2
1

1
1
3
1

0
1
1
1

0
1
3
2

3
2
2
1

.058
.388
.451

.000
.006

.024
.034

.092
.021

The table reports the distribution of preference intensity of participants preferring each option across treatments. It also reports
the average preference intensity of each group, and p−values from one-sided t−tests to evaluate whether we can reject the null
that the average preference intensity reported by individuals who chose each option is the same in favor of the observed ordering.
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Table 9. Experiment 1: Information Premia Distribution
Minimum Compensation Required to Switch (cents)
0.1 1.1 5.1 10.1 15.1 20.1 25.1 30.1 35.1 40.1
Early vs. Late
(1, 1) ≻ (.5, .5)
9
5
5
2
2
7
1
1
2
9
T1
(.5, .5) ≻ (1, 1)
2
1
0
3
0
2
3
0
1
7
Positively Skewed vs. Negatively Skewed
(.5, 1) ≻ (1, .5)
6
0
1
1
2
11
2
3
4
18
T2
(1, .5) ≻ (.5, 1)
4
0
1
0
0
5
1
0
0
1
(.3, .9) ≻ (.9, .3)
6
4
5
0
2
20
1
1
0
10
T3
(.9, .3) ≻ (.3, .9)
4
1
0
2
1
8
0
1
1
7
(.6, .9) ≻ (.9, .6)
7
3
4
0
2
12
3
2
5
10
T4
(.9, .6) ≻ (.6, .9)
3
1
1
0
0
5
0
0
1
4
Positively Skewed vs. Late
(.5, 1) ≻ (.5, .5)
5
6
2
1
0
5
7
2
2
8
T5
(.5, .5) ≻ (..5, .1)
1
1
1
0
0
1
1
0
0
1
(.3, .9) ≻ (.5, .5)
8
5
0
2
1
18
0
1
5
8
T6
(.5, .5) ≻ (.3, .9)
1
2
1
0
1
2
0
0
2
1
Negatively Skewed vs. Late
(1, .5) ≻ (.5, .5)
4
5
2
1
1
6
1
0
0
14
T7
(.5, .5) ≻ (1, .5)
0
2
2
0
1
2
1
0
0
4
(.9, .3) ≻ (.5, .5)
10 5
6
2
0
10
1
1
2
5
T8
(.5, .5) ≻ (.9, .3)
5
0
0
1
0
1
0
0
1
4
(Symmetric) Gradual vs. Late
(.79, .79) ≻ (.5, .5) 5
2
2
2
2
15
2
1
2
8
T9
(.5, .5) ≻ (.79, .79) 1
0
0
2
0
5
0
0
0
1
(.63, .63) ≻ (.5, .5) 7
4
2
2
3
7
0
0
2
9
T10
(.5, .5) ≻ (.63, .63) 1
2
4
1
0
3
0
1
1
2

Avg. Cond’l Premia.

Difference p-value

12
5

23.81
29.72

.104

14
4
7
2
10
5

31.78
23.20
22.60
23.83
26.00
27.64

27
4
8
2

32.42
29.19
23.75
22.76

7
4
4
2

26.80
28.35
17.03
23.28

10
3
8
0

26.21
25.93
23.92
15.89

50.1

.035
.381
.362

.313
.430

.390
.130

.479
.071

The table reports the distribution of the minimum compensation required to switch reported by participants preferring each option. It also reports the average
conditional information premia by choice, and p−values from one-sided t−tests to evaluate whether we can reject the null that the average conditional premium are
the same across individuals who made different choices within a treatment, in favor of the ordering observed.
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Appendix B. Experiment 2
B.1. Protocol Details. The protocol of this experiment was identical to that of the main experiment except this experiment 1) did not include Study 1, 2) presented five binary comparisons
of information structures to each participant, 3) did not elicit willingness to switch, and 4) asked
a broader set of hypothetical filler questions. We only detail the protocol associated with these
differences. B.2.1 details the initial instructions participants received. The participants listened to
video instructions (as detailed in B.2.2) introducing the setup of the experiment, and informing
participants that they would be making five choices, and one choice would be chosen at random
to be carried out. This information was repeated in written instructions that followed, as detailed
in B.2.3. Before each decision task, participants listened to video instructions that presented the
options in the question. The transcription of the instructions for Q2 is included as an example in
B.2.4. After participants answered all five questions, one question was randomly chosen for each
participant to be carried out and the program randomly drew a ball from the option the participant
chose in that question and displayed it to the participant.
In the remaining time before the outcome of the lottery was to be revealed, participants were
asked a series of hypothetical questions across 5 blocks. Each block featured 10 questions, asking
whether individuals preferred to take Option A or Option B. In blocks 1-3, Option B was receiving
some amount of money for sure, beginning with $2 and increasing in $2 increments to $20 dollars.
In block 1, Option A was a gamble that was structured as follows: “a ball will be drawn from a
box with 50 white and 50 blue balls. If a blue ball is drawn you receive $30, otherwise nothing.” In
block 2, Option A was a gamble that was structured as follows: “a ball will be drawn from a box
with white and blue balls (the respective number were not specified). If a blue ball is drawn you
receive $30, otherwise nothing.” Option B was receiving some amount of money for sure, beginning
with $2 and increasing in $2 increments to $20 dollars. In block 3, Option A was a gamble that was
structured as follows: “a ticket will be drawn from an urn that features 101 tickets labeled from
0 to 100. The number on the ticket determines how many blue balls will be in a box of 100 blue
and white balls. Next, a ball will be drawn from the box. If a blue ball is drawn you receive $30,
otherwise nothing.” In block 4, Option A allowed the individual to receive $30 for sure. Option
B was a gamble that paid an 80% of x and a 20% of 0, where x varied from $34 to $74 in $4
increments. In block 5, Option A was a gamble which allowed the individual to receive a 25%
chance of $30 and 75 % chance of $0. Option B was a gamble that paid an 20% of x and a 80% of
0, where x varied from $34 to $74 in $4 increments.

B.2. Experimental Materials.

B.2.1. General Instructions. [The beginning of these instructions are identical to that of the main
experiment.]
This study will take 75 minutes and has two parts. You will receive $7 for your participation.
If you fail to follow the instructions or disturb the flow of the study in any way, you will be asked
to leave the study. In addition to the $7 for participation, you may also win an additional $10
in the lottery we will conduct. The chances of winning are 50% and whether you win $10 will be
determined by the ticket number you have.
[The rest of these instructions are identical to that of the main experiment.]
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B.2.2. Lottery and Information: Transcription of video instructions. [The beginning of these instructions are identical to that of the main experiment.]
Now, let’s talk about the study itself. During the first half of the study, we will ask your
preferences about what kind of clues you would like to get about whether your ticket won or lost.
Remember, the outcome of the lottery is determined at the beginning of the study, but stays hidden
from you until the experimenter removes the cup. However, the computer whether you won or lost,
and as a result, it is able to give you signals about the outcome. These signals will come from
your choice of clue generating options. You will make five decisions across five different questions,
each presenting two clue generating options. Each of the clue generating options has the potential
to provide signals about whether you won or lost. The amount and the type of information will
differ across these options. We are interested in learning about your preferences regarding different
types of clue generating options. Before each decision, you will watch an instructional video that
explains each of the clue generating options. It is very important that you pay attention to these
videos. At the moment you started the study, the computer picked one question at random among
the 5 questions you will answer. Each question has equal chance of being picked. Your decision
in the question that is picked at random will be carried out at the end of Part 1. In other words,
at the end of Part 1, you will observe a signal generated by the option you chose in that question.
This is done in order to make sure that you answer each of the 5 questions as if it were the only
question being asked. So please pay attention to each question. One will be carried out to give you
the type of clue you prefer about whether you won or lost. Once you observe a clue according to
your choice in the chosen question, you will sit with that clue until the end of the study. Please
take this into account when making your choices. While everyone will eventually learn the winning
lottery numbers at the end of the study, people may differ in their preferences regarding the type of
clue they want to sit with until they learn the winning ticket numbers. As you are waiting to learn
the winning ticket numbers, we will ask you other questions that are unrelated to the lottery in
the Second Part of the Study. Please take your time in answering all questions carefully. Finishing
early does not mean you get to leave. Please wait patiently and do not engage in any other activity
such as using your phone, web browsing, etc. Please also make sure not to make any distracting
noises At the very end of the study, the experimenter will invite a participant to lift the cup hiding
the die roll outcome and announce the winning ticket numbers. At that time you will fill out the
receipt forms and get paid.
B.2.3. Introduction to Information Structure Choices. In the first half of the study, there will be
5 questions, each asking you to choose 1 out of 2 options that generate different clues about your
chances of having won the lottery. Some options can give you further information about the
likelihood that you won or lost the lottery. Some options do not give any additional information at
this time. Some options give more information than others. And importantly, all these options differ
in the kind of information you can get. Please pay close attention to the instructional videos and
the options descriptions to make sure you understand these differences before you make a choice.
At the end of Part 1, we will ask you to provide a brief description of why you made each choice, so
please consider the options carefully, remembering that each option can provide different amounts
and types of information. The computer randomly picked a question among these 5 questions at
the time you started the survey. Your choice in that question will be honored and you will get the
clue you expressed a preference for. You will sit with the information you gained (if you gained any)
for the rest of the experiment. Until you are done answering all questions, you will not know which
question is picked. The chances of each question being picked are the same. Therefore, please treat
each question as if that is the only question being asked. These questions are independent of one
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another. Only one is selected randomly, and you will receive information based on your preferred
option. Now, please make sure that you have your headphones on. You will be asked to keep them
on until you are done with the first half of the study.

B.2.4. Introducing Q2: Transcription of video instructions. We want to overview some of the general points at this time. Remember that regardless of which Option you pick, the computer draws
a ball from the left box in that option if you won the lottery, and it draws a ball from the right
box if you lost the lottery. Before you see the color of the ball drawn from an option, you know
that the overall chances of winning are 50%. If your ticket number is an odd number and die roll
is also an odd number: you win Also, if your ticket number is an even number and die roll is also
an even number: you win Otherwise: you lose. So there is an equal chance of that you won or lost
the lottery. Remember that the computer knows whether you won or lost, and, the color of the
ball the computer draws from an option may give you more information. Also, another common
feature you may have already realized in the first Question, is that across all the questions, seeing
a red ball means that your chances of having won are either equal to or higher than 50%, and
seeing a black ball means that your chances are either equal to or lower than 50%. How much your
expectations of having won changes after you see a red or a black ball depends on the contents of
the boxes. Now, let’s move onto Question 2 and examine the options it presents. Now, we will
review Question 2. Question 2 asks you to choose between these two options. These options are
quite different than the simpler options you saw in Question 1. So, take a moment to inspect them
carefully. If you pick Option 1 and you won the lottery, the computer draws a ball from the box
with 50 red and 50 black balls, and if you lost the lottery, it draws a ball from the box with 100
black balls. If you pick Option 2 and you won the lottery, the computer draws a ball from the box
with 100 red balls; and if you lost, it draws a ball from the box with 50 red and 50 black balls.
How do these two options differ in the type of information they can provide about whether you
won or lost the lottery? Let’s look into Option 1 first. [Description of option 1 is identical to that
of the main experiment, and is omitted here for brevity.] Now, let’s look at Option 2. [Description
of option 2 is identical to that of the main experiment, and is omitted here for brevity.] Question
2 asks you to choose between these two options. These options are quite different than the simpler
options you saw in Question 1. So, take a moment to inspect them carefully. In Option 1 you are
more likely to see a black ball and in Option 2 you are more likely to see a red ball. In Option
1, Seeing a black ball means that your chances of winning are 33%. Seeing a red ball means that
you won for sure. In comparison, in Option 2, seeing a black ball means that you lost for sure
and seeing a red ball means that your chances of winning are 67%. Please take a moment to think
about the kind of information these options offer and what kind of information you would like to
get about your chances of winning. Remember you will get this information at the end of Part 1,
sit with it and learn the outcome of die roll at the end of the study. Now, please move on to the
comprehension and choice questions by clicking the next button when it appears.

B.3. Additional Tables. Table 11 reports choice frequencies by condition. Question 4 presented
the symmetric information structure as option 1 in both conditions. These options are not included
in this table because question 4 presented different comparisons and therefore cannot be compared
across conditions. Among the comparable questions, choice frequencies are indistinguishable across
the two conditions, with the exception of (1, .5) versus (.5, 1). Overall, we reject the hypothesis
that changing the order in which the options are presented impacts choice frequencies.
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Table 10. The order of questions and options across treatments in Condition 1
and 2 of Experiment 2

Q1
Q2
Q3
Q4
Q5

Condition 1
Condition 2
Option 1 Option 2 Option 1 Option 2
(1, 1)
(.5, .5)
(.5, .5)
(1, 1)
(1, .5)
(.5, 1)
(.5, 1)
(1, .5)
(.9, .3)
(.3, .9)
(.6, .9)
(.9, .6)
(.76, .76) (.3, .9) (.67, .67) (.1, .95)
(.55, .55) (.3, .9) (.66, .66)
(.5, 1)
(.9, .6)
(.6, .9)
(.9, .3)
(.3, .9)
(.55, .55) (.5, .5)
(.5, .5) (.55, .55)

conditional on
if (1, 1) ⪰ (.5, .5)
if (1, 1) ⪯ (.5.5)
random
random

Table 11. Experiment 2 – Choice option ordering and choice frequencies by order condition
Condition 1
Difference
Condition 2
N Percentage
p-value
Percentage N
(1, 1) ≻ (.5, .5)
119
77%
.690
79%
131
(.5, 1) ≻ (1, .5)
119
75%
.011
60%
131
(.3, .9) ≻ (.9, .3) 119
84%
.215
77%
64
(.6, .9) ≻ (.9, .6)
65
72%
.795
74%
131
(.55, .55) ≻ (.5, .5) 54
78%
.557
73%
67
The table reports the ordering of choice options in each treatment across the two
conditions, the choice frequencies of option 1, and p−values from χ2 tests that
evaluate the difference in choice frequencies of the same option.

Table 12 cross-tabulates within-person choice patterns in the questions that present positively
and negatively skewed information structures. Participants who prefer one positively skewed signal
are very likely to prefer another positively skewed signal.
Table 12. Relationships: Skewness Preferences

Pos.
Neg.

Extreme
Pos. Neg.
(.5,1) (1,.5)
(.3, .9) 107
42
149
(.9,.3)
17
17
34
124
59
183

Medium
Pos.
Neg.
(.6,.9) (.9,.6)
(.3, .9)
85
22
107
(.9,.3)
9
13
22
94
35
129

Medium
Pos.
Neg.
(.6,.9) (.9,.6)
(.5, 1) 101
26
127
(1, .5)
43
26
69
144
52
144

The table reports frequencies of participants’ choices in the questions that present positively and negatively skewed
information structures.
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Table 13. Experiment 2 Results – Preference Strength Distribution
Preference Strength
Distribution
4 5 6 7 8 9

0 1 2 3
Early vs. Late
(1, 1) ≻ (.5, .5)
0 0 3 4 1 7
(.5, .5) ≻ (1, 1)
2 1 3 3 3 2
Positively Skewed vs. Negatively Skewed
(.5, 1) ≻ (1, .5)
3 1 4 2 6 13
(1, .5) ≻ (.5, 1)
6 2 0 3 3 11
(.3, .9) ≻ (.9, .3)
2 3 2 7 8 16
(.9, .3) ≻ (.3, .9)
4 0 2 2 1 4
(.6, .9) ≻ (.9, .6)
1 5 8 12 7 12
(.9, .6) ≻ (.6, .9)
5 1 0 5 1 11
Positively Skewed vs. Symmetric
(.76, .76) ≻ (.3, .9) 4 1 1 2 3 11
(.3, .9) ≻ (.76, .76) 0 1 1 1 2 1
(.67, .67) ≻ (.1, .95) 3 2 1 2 5 7
(.1, .95) ≻ (.67, .67) 2 1 1 4 3 1
(.55, .55) ≻ (.3, .9) 0 0 0 0 0 0
(.3, .9) ≻ (.55, .55) 1 0 2 1 1 1
(.66, .66) ≻ (.5, 1) 0 0 0 2 0 2
(.5, 1) ≻ (.66, .66) 0 0 1 1 1 2
(Symmetric) Gradual vs. Late
(.55, .55) ≻ (.5, .5) 2 8 3 6 3 16
(.5, .5) ≻ (.55, .55) 7 2 0 0 1 6

Avg.

Difference p-value

12 26 47 18 78
10 11 8 5 6

8.31
6.37

.000

31
17
29
6
31
9

7.23
6.19
6.54
5.79
6.13
5.48

21
15
34
3
25
11

10

34 21 31
12 7 7
27 4 17
6 2 4
21 11 11
4 3 2

11 7 10
4 3 8
5 11 14
5 6 4
2 3 3
2 4 2
3 2 2
3 1 3

4
1
7
5
0
2
1
0

11
5
10
5
1
2
3
0

6.42
6.93
6.67
6.24
7.44
6.11
6.87
5.58

10
5

8
2

13
2

6.08
4.67

9
4

13
1

.001
.050
.051

.202
.226
.102
.123

.014

The table reports the distribution of preference intensity of participants preferring each option across treatments.
It also reports the average preference intensity of each group, and p-values from one-sided t-tests to evaluate
whether we can reject the null that the average preference intensity reported by individuals who chose each
option is the same in favor of the observed ordering.
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Appendix C. Experiment 3
The protocol of this experiment was identical to that of Experiment 1 except in this experiment 1) sessions were conducted both at the University of Michigan, and at the University of
Massachusetts, and 2) the probability of winning the lottery was either 10% or 90%, assigned at
the session level.52 A total of 123 participants from the University of Michigan and 109 participants
from the University of Massachusetts participated in this experiment in the Winter semester of 2017.
As Table 15 shows, choice percentages were not statistically different across the two campuses.
Table 14 lists the three treatments Experiment 3 presents to participants under each prior. T1
presents a choice between full early and full late resolution of uncertainty. T2 and T3 present a
choice between positively and negatively skewed information structures. Note that if a treatment
offers a choice between a positively skewed option (x1 , y1 ) and a negatively skewed option (x2 , y2 )
when f = .1, it offers a choice between a negatively skewed option (y1 , x1 ) and a positively skewed
option (y2 , x2 ) when f = .9. This design ensures that the variances induced by the structures
across priors are equal; therefore, preferences for skewness can be compared across priors without
confounds arising from differences in informativeness.
In addition, information pairs (p, q) and (p′ , q ′ ) in T2 and T3 are chosen such that, as in
Experiments 1 and 2, p > q, q ′ > p′ , mean(p, q) = mean(p′ , q ′ ), var(p, q) = var(p′ , q ′ ), and
skew(p, q) = −skew(p′ , q ′ ). Unlike in Experiment 1 and 2, because the prior is not symmetric,
pairs with the same absolute degree of skewness are not reflections of one another across the diagonal in the (p, q) space. Also, the fact that we want the structures to be equivariant and have
the same absolute skewness constrains the set of potential structure pairs. If structures have p or
q values that are too close to 1, we cannot find a matching structure that has the same absolute
skewness but the opposite sign.
Table 14. The order of options within each pairwise comparison presented by
Experiment 3
Question
option 1 option 2
Prior 10%
C1
(1, 1)
(.5, .5)
C2 (.5, .69) (.84, .35)
C3 (.94, .21) (.34, .82)
Prior 90%
C1
(1, 1)
(.5, .5)
C2 (.69, .5) (.35, .84)
C3 (.21, .94) (.82, .34)

52

A prior of 10% (90%) probability of winning was induced by telling participants that they would win the lottery
if the last digit of their ticket matched (did not match) the die outcome.
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Table 15. Experiment 3 – Choice frequencies across two campuses
U of M
Difference
U Mass
Percentage
p-value
Percentage N

N
Prior 10%
C1
(1, 1) ≻ (.5, .5)
C2 (.5, .69) ≻ (.84, .35)
C3 (.34, .82) ≻ (.94, .21)
Prior 90%
C1
(1, 1) ≻ (.5, .5)
C2 (.35, .84) ≻ (.5, .69)
C3 (.21, .94) ≻ (.82, .34)

17
20
22

72%
65%
68%

.105
1.000
.899

50%
65%
70%

18
20
20

22
21
21

95%
85%
90%

.159
.473
.343

81%
93%
80%

16
15
20

The table reports choice frequencies broken down by participant population, and pvalues from two-sided chi-square tests assessing the difference in choice proportions
across the two campuses.

Table 16. Experiment 3 Results – Preference Strength Distributions

Prior 10%
(1, 1) ≻ (.5, .5)
C1
(.5, .5) ≻ (1, 1)
(.5, .69) ≻ (.84, .35)
C2
(.84, .35) ≻ (.5, .69)
(.34, .82) ≻ (.94, .21)
C3
(.94, .21) ≻ (.34, .82)
Prior 90%
(1, 1) ≻ (.5, .5)
C1
(.5, .5) ≻ (1, 1)
(.35, .84) ≻ (.5, .69)
C2
(.5, .69) ≻ (.35, .84)
(.21, .94) ≻ (.82, .34)
C3
(.82, .34) ≻ (.21, .94)

0

1

2

Preference Strength
Distribution
3
4
5 6 7 8

0
2
1
0
1
2

0
0
1
1
1
0

0
1
1
2
1
1

1
2
1
2
2
2

1
0
1
0
0
0

4
2
5
2
2
3

2
2
4
1
3
10

2
1
5
1
0
3

3
1
4
4
2
5

1
1
1
0
0
0

8
1
2
1
1
3

7.55
4.92
5.96
5.43
4.85
6.00

0
2
0
0
2
1

0
1
0
1
1
1

2
0
2
0
2
0

0
0
0
1
0
1

0
1
1
2
0
0

1
0
0
4
5
1

1
0
0
10
8
0

6
0
1
6
6
1

9
0
0
1
9
1

0
0
0
4
0
0

15
0
0
3
2
0

8.21
1.25
3.75
6.50
6.06
4.00

9

10

Avg.

Difference p-value

.004
.272
.101

.000
.009
.039

The table reports the distribution of preference intensity of participants preferring each option across treatments. It also reports
the average preference intensity of each group, and p-values from one-sided t-tests to evaluate whether we can reject the null that
the average preference intensity reported by individuals who chose each option is the same in favor of the observed ordering.

Table 17. Experiment 3 Results – MCS Distributions
MCS
Distribution
0.1 1.1 5.1 10.1 15.1 20.1 25.1 30.1 35.1 40.1 50.1
Prior 10%
(1, 1) ≻ (.5, .5)
C1
(.5, .5) ≻ (1, 1)
(.5, .69) ≻ (.84, .35)
C2
(.84, .35) ≻ (.5, .69)
(.34, .82) ≻ (.94, .21)
C3
(.94, .21) ≻ (.34, .82)
Prior 90%
(1, 1) ≻ (.5, .5)
C1
(.5, .5) ≻ (1, 1)
(.35, .84) ≻ (.5, .69)
C2
(.5, .69) ≻ (.35, .84)
(.21, .94) ≻ (.82, .34)
C3
(.82, .34) ≻ (.21, .94)

Avg.

Difference p-value

2
4
6
2
3
5

2
1
2
2
1
3

0
1
1
1
0
0

0
0
0
0
1
1

0
0
0
0
1
2

5
1
7
5
2
7

1
0
0
0
0
0

0
0
2
0
0
2

2
0
1
0
0
0

7
3
4
3
3
7

3
3
3
1
2
2

28.59
22.83
21.31
19.87
22.08
21.57

.404

8
2
0
3
4
3

1
0
1
1
0
0

2
0
1
5
2
0

1
0
0
0
1
0

1
0
0
2
2
0

3
1
0
6
8
1

2
0
0
1
0
0

1
0
0
1
1
0

2
0
1
1
3
0

7
1
1
10
8
2

6
0
0
2
6
0

24.37
15.05
20.35
24.30
27.66
16.72

.341

.197

.466

.184

.080

The table reports the distribution of the MCS reported by participants preferring each option. It also reports the average MCS of each group,
and p-values from one-sided t-tests to evaluate whether we can reject the null that the average MCS reported by individuals who each option is
the same in favor of the observed ordering.
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Appendix D. Field Evidence: Alzheimer’s Disease
This short survey was fielded on the Amazon MTurk platform during the first week of November
2020, among a sample of individuals who listed English as their first language and were older than
40 years. A total of 626 participants successfully completed the survey. Initially, 828 respondents
enrolled, 126 failed the initial attention check asking them to type in 10, 69 failed the attention check
about number of APOE’s, 7 did not complete the study. Participants who passed the comprehension
checks were paid $0.75 for their participation. The University of Michigan Institutional Review
Board Health Sciences and Behavioral Sciences has determined that this study is exempt from IRB
oversight (HUM00148129). Among the 626 respondents, 55% of them are female. The average age
is 53 and the average expected age of death is 82.
Consent Form Welcome to this very short survey. This is a 5 minute long survey that will
ask about your demographics, expectations, preferences. Please pay attention to all instructions /
details.
Benefits of the research to the public stem from your participation and honest answers. the
purpose of this study is to design better information tools regarding life expectancy and health.
We do not foresee any risks or discomforts of participating in this survey.
Participating in this study is completely voluntary. Even if you decide to participate now, you
may change your mind and stop at any time. You may choose not to continue with the survey at
any time and for any reason.
We will include attention checks. Failure to give the correct answer will lead to the termination
of the study without payment. Duplicate attempts are not allowed and will not receive payment.
We will protect the confidentiality of your research records by not publishing any information
that may identify you. Information collected in this project may be shared with other researchers.
We will not share any information that could identify you. All results will be reported in aggregate.
Investigator: Yesim Orhun, Associate Professor, University of Michigan. If you have questions
about this research study, please contact the researchers by emailing aorhun@umich.edu. The
University of Michigan Institutional Review Board Health Sciences and Behavioral Sciences has
determined that this study is exempt from IRB oversight (HUM00148129).
By clicking to proceed, you are confirming that you read this page and are providing consent
to participate.
– Page Break –
Front end.
● What is your gender? [Male, Female]
● What is your current age? [open ended numerical answer]
● What is your best guess of the age until which you will survive? [open ended numerical
answer]
● It is important that you pay attention to this study. Please enter ten in numerical form.
[study terminated if the answer was not 10]
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– Page Break –
Instructions and introduction of Alzheimer’s disease.
(Please read carefully to answer the attention check question in the next page) Alzheimer’s
disease is a progressive mental and physical deterioration that can occur in middle age or old age,
due to degeneration of the brain. Unfortunately, the health of the patient and his/her quality of
life degenerates progressively. There is no known cure for the disease.
Early diagnosis can give patients access to treatment options, a chance to prioritize their
health, more time to plan for the future and end-of-life plans, and a chance to save on the cost of
medical and long-term care.
Currently, several genetic tests are available to test for a person’s risk of developing late onset
of Alzheimer’s Disease. These tests can inform you of your APOE gene variant. APOE is associated
with varying risk of developing Alzheimer’s, and there are three possible types: neutral, protective,
risky.
– Page Break –

● How many APOE gene variants are there? [2,3,4. If 3 was not chosen, study terminated]

– Page Break –
Base rate information. Those who passed the attention check went on to read the following
content:
Yes, there are three APOE variants. (Please also read the following carefully). APOE3,
found in about 70% of the population, is the most common variant and is considered neutral. The
protective type, APOE2 is the rarest form, found in 5-10% of people, and is associated with reduced
risk of Alzheimer’s. The risky type, APOE4, found in 10-15% of the population, is associated
with a greater risk of getting the disease. Everyone has two copies of the APOE gene: people
with APOE2/APOE2 have the lowest overall risk for Alzheimer’s and those with APOE4/APOE4
have the highest risk. The other combinations of APOE – APOE2/APOE3, APOE2/APOE4,
APOE3/APOE3 and APOE3/APOE4 – fall in between.
– Page Break –
Elicitation of Preferences and willingness to pay. The study proceeded with:
● If we gave you the option to send in a saliva sample to be tested...
– Would you like to learn if you carried at least one copy of the risky type of the gene
that is associated with a higher risk of developing the disease? [Yes/No]
– Would you like to learn if you carried at least one copy of the protective type of the
gene that is associated with a lower risk of developing the disease? [Yes/No]
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– Would you like to learn the exact combination of the type of APOE genes you carry?
[Yes/No]
– Page Break –
● Please indicate when, if at all, you would be willing to take a test that can identify whether
you have at least one copy of the risky type of gene (heightens the risk of Alzheimer’s
disease). [Participants indicated Yes/No for the following options: Researchers pay you $50,
Researchers pay you $25, Researchers pay you $15, Researchers pay you $10, Researchers
pay you $5, Test is free to you, You pay $5 to learn, You pay $10 to learn, You pay $15 to
learn, You pay $25 to learn, You pay $50 to learn.]
– Page Break –
● Please indicate when, if at all, you would be willing to take a test that can identify whether
you have at least one copy of the protective type of gene (lowers the risk of Alzheimer’s
disease). [Participants indicated Yes/No for the following options: Researchers pay you $50,
Researchers pay you $25, Researchers pay you $15, Researchers pay you $10, Researchers
pay you $5, Test is free to you, You pay $5 to learn, You pay $10 to learn, You pay $15 to
learn, You pay $25 to learn, You pay $50 to learn.]
– Page Break –
● Please indicate when, if at all, you would be willing to take a test that can identify the
exact combination of the type of APOE genes you carry? [Participants indicated Yes/No
for the following options: Researchers pay you $50, Researchers pay you $25, Researchers
pay you $15, Researchers pay you $10, Researchers pay you $5, Test is free to you, You pay
$5 to learn, You pay $10 to learn, You pay $15 to learn, You pay $25 to learn, You pay $50
to learn.]
Priors and final questions. The study also asked:
● What’s chance you think you have at least one copy of the risky gene? Recall, in the
population, the odds are 10-15%. But you may feel that your chances are much higher or
much lower. [choose a value between 0-100%]
● What’s chance you think you have at least one copy of the protective gene? Recall, in the
population, the odds are 5-10%. But you may feel that your chances are much higher or
much lower. [choose a value between 0-100%]
● Do you have any first degree relatives (parents, siblings, children) diagnosed with the
Alzheimer’s disease? [Yes/No]
● Do you have any other reasons to make you believe that you are at a high risk of developing
this disease? [Yes, I have been diagnosed with it; I suspect I am at a very high risk of
developing the disease; No particular reason to think I have a heightened risk, but I still
worry; No, I have no reason to think I am at a higher risk than the average person]
● Please provide feedback about the survey, if you have any. [open ended]
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Appendix E. Field Evidence: IQ Test
This study was conducted on the Amazon MTurk platform during the first week of March
2021. The study took about 10 minutes and paid $1.60 for participation conditional on passing the
attention check (entering the answer to ten plus ten in numerical form). A total of 668 individuals
attempted and 609 of them passed attention checks and completed the study. Among them, 9 did
not confirm that they made an honest effort at performing their best on the IQ tests, yielding a
final sample of 600 individuals. The University of Michigan Institutional Review Board Health
Sciences and Behavioral Sciences has determined that this study is exempt from IRB oversight
(HUM00191909). The sample is well balanced across gender, age and education: 50% are women;
9% only have a high-school (or equivalent) education, 19% have some college education, 56%
graduated from college, and 17% have professional-school or graduate-school degrees. The mean
age is 39.8, with a standard deviation of 12.2.
Consent Form. This is a 10-minute-long survey that will ask you to complete two cognitive tests,
and ask questions about your demographics and information preferences. Please pay attention to
all instructions / details.
Benefits of the research to the public stem from your participation and honest answers. The
purpose of this study is to design better information tools. We do not foresee any risks or discomforts
of participating in this survey.
Participating in this study is completely voluntary. Even if you decide to participate now, you
may change your mind and stop at any time. You may choose not to continue with the survey at
any time and for any reason.
There is no deception in this study.
Information you may receive as a part of this study are meant for research purposes only.
They are not meant for medical purposes and cannot be used as a basis of diagnosis. For clinically
relevant information you should go to your physician.
We will include attention checks regarding the instructions. Failure to give the correct answer
will lead to the termination of the study without payment. Duplicate attempts are not allowed and
will not receive payment.
Since you are enrolling in this research study through the Amazon Mechanical Turk (MTurk)
site, we need to let you know that information gathered through Amazon MTurk is not completely
anonymous. Any work performed on Amazon MTurk can potentially be linked to information about
you on your Amazon public profile page, depending on the settings you have for your Amazon
profile. Any linking of data by MTurk to your ID is outside of the control of the researcher for this
study. We will not be accessing any identifiable information about you that you may have put on
your Amazon public profile page. We will store your MTurk worker ID separately from the other
information you provide to us. Amazon Mechanical Turk has privacy policies of its own outlined
for you in Amazon’s privacy agreement. If you have concerns about how your information will be
used by Amazon, you should consult them directly.
We will protect the confidentiality of your research records by not publishing any information
that may identify you. Information collected in this project may be shared with other researchers.
We will not share any information that could identify you. All results will be reported in aggregate.
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Investigator: Yesim Orhun, Associate Professor, University of Michigan. If you have questions
about this research study, please contact the researchers by emailing aorhun@umich.edu. The
University of Michigan Institutional Review Board Health Sciences and Behavioral Sciences has
determined that this study is exempt from IRB oversight (HUM00191909).
By clicking to proceed, you are confirming that you read this page and are providing consent
to participate.
Front end.
●
●
●
●

What is your gender? [Male, Female]
What is your current age? [open ended numerical answer]
What’s your education level? [Multiple choice]
It is important that you pay attention to this study. Please enter ten plus ten in numerical
form. [study terminated if the answer was not 20]

– Page Break –

Instructions and introduction of IQ tests.
In a little bit, you will be asked to complete two fluid intelligence assessment tests. These
questions are often used to assess IQ. Fluid intelligence is the capacity to think logically and solve
problems in novel situations, independent of acquired knowledge. It involves the ability to identify
patterns and relationships that underpin novel problems and to extrapolate these findings using
logic. In the first test, you will see 14 logic questions presented verbally, some of which are like [2
verbal examples inserted.] In the second test, you will see 13 non-verbal questions where you will
be asked to find the image that completes the pattern, like: [one visual example inserted].
These questions are similar to questions that have been used to rank people in terms of their IQ
scores in previous research studies. All participants are given 2 minutes to solve as many questions
as possible correctly. Some questions are easy for most participants, some questions are hard for
most, and some are extremely difficult. The 2-minute limit means that most participants cannot
answer all questions in the test. Please try to do your best, so we can assess the distribution of
correct answers in the population within the 2-minute time limit.
After taking the tests, you can choose to learn the number of questions you got right (i.e. your
raw score). However, because the questions may be easy or hard, the researchers will validate these
tests based on the population distribution of correct answers. Where you rank in the distribution
of correct answers on these tests should correlate with your fluid intelligence IQ score.
Thank you. Now, you will be forwarded to the intelligence tests. You will see two tests, each
are 2 minutes long. Please do your very best. You will be paid at the conclusion of this study, so
please click next to continue and take the intelligence tests.
Test 1
You have 2 minutes to answer 14 questions. You can skip a question if you like. Your score will
be calculated based on the number of correct answers. The timer will start when you click next.
Please proceed when you are ready. [A timer counting down from 2 minutes was always visible.
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Answer options are reproduced in brackets below, but were presented as multiple choice. These
questions were created based on pre-existing verbal intelligence practice tests.
(1) Add the following numbers together 2 3 4 5 6 and divide by 2. What is the answer? [9, 10
, 11, 12]
(2) Which number is not divisible by 3? [183, 714, 524, 660, 912]
(3) Examine the following pair of words: pebble - boulder. Choose the pair with the same
relationship. [fish - elephant, feather - bird, river - rapids, pond - ocean]
(4) If May’s father’s brother is Tom’s sister’s father, Tom is May’s .... ? [Brother, Nephew,
Cousin, Uncle]
(5) Peculiar means the same as? [Imaginative, New, Strange, Funny, Amazing]
(6) 8 10 11 9 15 21 18 12. Divide the fifth number to the right of ten by three. What is the
answer? [4, 5, 6, 7]
(7) Brad is forty-one, and has two sons, Norm and Tim. Norm is nineteen and Tim is nine
years younger than Norm. What is half their combined age? [25, 35, 70, 30, 60]
(8) 141⋯129⋯118⋯108⋯ What comes next? [100, 99, 98 97, 96]
(9) Guile means the opposite of? [Cunning, Weird, Smart, Worried, Candor]
(10) 70⋯69⋯65⋯56⋯40⋯ What comes next? [30, 26, 25, 17, 16, 15]
(11) Owen is faster than Brian. Brian is slower than Michael. Peter is not the slowest and
Michael is the quickest of the four. Who is the slowest? [Peter, Brian, Owen, Michael]
(12) There are 6 kids and 6 seats. William wants to sit next to Jack. Jack wants to sit next to
June. Flora does not want to sit next to Hugh. Dan wants to sit next to William or Flora.
June does not want to sit next to Hugh, but wants to sit next to Flora. Flora only wants
to sit next to one person. To make all children happy, who should sit next to Hugh? [Dan
only, Dan and William, Jack and William, William only, Jack only]
(13) Working together, Tom, Dick and Harry need 9 hours to paint a fence. Working alone, Tom
could complete the task in 18 hours. Dick can not work as fast and needs 36 hours to paint
the fence by himself. If Tom and Dick take the day off, how long will it take Harry to paint
the fence by himself? [9, 12, 18, 24, 36]
(14) If ’Anne’ is thirty-four and ’John’ is forty-seven, what number is ’that’? [49, 50, 51, 52, 53]
Test 2
You have 2 minutes to complete this test. You will see 13 questions. Try to answer as many
correctly as you can. In each question, you should choose the shape that most logically fits the
pattern you see. Click to proceed when you are ready. [These questions were obtained from
Chierchia et al. [2019] and are presented in Figure 6.]
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Figure 6. 13 Visual Logic Questions Included in the IQ test

After completing the tests, participants moved to answer the following questions in the final
part of the study.
Prior elicitation. Out of a random 100 participants chosen from this study, where do you think
your performance on fluid intelligence IQ tests would rank? 1 means you would rank as the person
with the highest score (1st among 100). 100 means you would rank as the person with the lowest
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score (last among 100). 50 means that you would rank in the middle of the distribution. [The
answer to this question was coded as µ. The participants were shown their answers on the next
page and were given a chance to revise their answer.]
You indicated that your expected rank in a random selection of 100 participants would be [µ].
This means that in a random selection of 100 people, on average, you expect [µ] people to score like
you or better in fluid intelligence IQ tests, and you expect to score better than [100-µ] people. Is
this an accurate description of your expectations? [Yes/No. If No was selected, participants count
re-enter their answer.]
Instructions At the end of the study, you will have the choice to learn your raw score on the tests.
You also can choose the type of additional information, if any, you would like to get about where
you ranked among a random selection of 100 people who also took the same test.
We can give you the answer to one of three feedback options, or no information at all. Your
four options are:
A No information about how your IQ score ranks you relative to other people
B Learn whether your score ranked [topcutµ ] or better, ranked between [topcutµ + 1] and
[bottomcutµ − 1], or ranked [bottomcutµ ] or worse? Depending on the answer, you will
either learn that your relative performance was close to your expectations, or that it was
significantly better or significantly worse than your expectations.
C Learn whether or not your score ranked [topcutµ ] or better. If the answer is yes, you learn
for sure that your performance was significantly higher than you expected. Otherwise, there
remains uncertainty: your performance could rank you between top [topcutµ ] and top [µ]
or be worse than [µ].
D Learn whether or not your score ranked [bottomcutµ ] or worse. If the answer is yes, you
learn for sure that performance was significantly worse than you expected. Otherwise, there
remains uncertainty: your performance could rank you between top [µ] and [bottomcutµ −1],
or be better than [µ].
[where topcutµ = µ − δµ and bottomcutµ = µ + δµ . We chose δµ = 14 min{µ, 100 − µ}.]
Information structure preference elicitation
We would like to know your preferences across these options. The option you rank as 1st will
have a 60% chance of being chosen, the option you rank as 2nd will have a 30% chance of being
chosen, the option you rank as 3rd will have a 10% chance of being chosen, and the option you
rank as 4th will never be chosen. The answer to the chosen option will be shown to you. Therefore,
please think carefully about the type of information, if any, you would like to receive.
● Please pick which of the four options below is your most preferred (most likely to be chosen)
[A, B, C, D.]
● Please pick which of the four options below is your least preferred (never chosen) [A, B, C,
D.]
● (Presented on the next page to allow for piping of unchosen options) Please pick which of
the two remaining options you prefer more than the other (the one you choose will have
30% of being selected, while the other one will have a 10% chance of being selected) [Two
remaining options]
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Then the participants were shown the implied ranking and were given a chance to revise the
ranking if needed before moving on. They were also asked:
Would you like to know about the number of questions you got right in each test? [Yes/No]
Feedback Based upon your information preferences, [option] was chosen to be revealed to you.
The answer is: [answer]
If participants wanted to learn their scores, they also saw: Out of the 14 questions presented
in the verbal reasoning test, you attempted [number] questions and got [number] of them correct.
Out of the 13 questions presented in the matrices test, you attempted [number] questions and got
[number] of them correct. Recall that these results are for research purposes only. If you have
concerns about your cognitive functioning, please see your doctor.
Thank you for your answers. This concludes the study.
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Appendix F. Formal Definitions
We will provide formal definitions for the theoretical discussion in the paper. We first discuss
the environment, then axiomatic characterizations of preferences, then particular functional forms
of preferences. In order to link our discussion more closely to the existing literature, this Appendix
will work with a domain of two-stage compound lotteries, the set of which are equivalent to the set
of prior, information structure pairs, the domain used in the body of the paper.
Formally, consider an interval [w, b] = X ⊂ R of money. Let ∆X be the set of all simple lotteries
on X. A lottery F ∈ ∆X is a function from X to [0, 1] such that ∑x∈X F (x) = 1 and the number of
prizes with non-zero support is finite. F (x) represents the probability assigned to the outcome x in
lottery F . For any lotteries F, G, we let αF + (1 − α)G be the lottery that yields x with probability
αF (x) + (1 − α)G(x). Denote by δx the degenerate lottery that yields x with probability 1. Next,
denote ∆(∆X ) as the set of simple lotteries over ∆X . For P, Q ∈ ∆(∆X ) denote R = αP + (1 − α)Q
as the lottery that yields simple (one-stage) lottery F with probability αP (F ) + (1 − α)Q(F ).
Denote by DF the degenerate, in the first stage, compound lottery that yields F with certainty. ≿
is a weak order over ∆(∆X ) which represents the decision-maker’s preferences over lotteries and
is continuous (in the weak topology). Moreover, we will define a reduction function that maps
compound lotteries to reduced one-stage lotteries: φ(P ) = ∑F ∈∆X P (F )F .
Given a function V on the set of probability measures ∆X , for each P ∈ ∆(∆X ) we say that
V is Gateaux differentiable at P in ∆(∆X ) if there is a measurable function v(⋅; P ) on ∆X such
that for any Q in ∆(∆X ) and any α ∈ (0, 1):
V (αQ + (1 − α)P ) − V (P ) = α ∫ v(z; P )[Q(dz) − P (dz)] + o(α)
o(α)

where o(α) is a function with the property that α → 0 as α → 0. v(⋅; P ) is the Gateaux derivative
of V at P . V is Gateaux differentiable if V is Gateaux differentiable at all P . We call v(⋅; P ) the
local utility function at P .
Now consider the set of prior-information structure pairs, such that the prior f has support
on [w, b]. Formally, we imagine there are a finite number N of indexed states ωi . Each state
corresponds to a different payoff for the individual. Moreover, there are M signals indexed by sj .
An information structure I is an N by M matrix, such that the entries in each row sum to 1. The
i, j-th entry of the matrix, denoted Iij gives the probability that signal sj is realized if the state is
ωi . Given a prior distribution f over states, if the individual utilizes Bayes’ rule then a posterior
probability of state ωi conditional on observing signal sj is given by:
ψj (ωi ) =

f (ωi )Iij
∑k f (ωk )Ikj

As mentioned in the body, we suppose that individuals have preferences over information
structures given the prior f , denoted by ≿f . Also, as mentioned, formally, within the economics
literature, these are typically modeled as preferences over two-stage compound lotteries; lotteries
over lotteries. Each signal si induces a lottery over outcomes — the posterior distribution ψj .
This is the lottery that individuals face in period 1 after receiving information. In period 0, the
individual faces a lottery over these possible lotteries — signal sj is received with probability
∑i f (ωi )Iij ∶= p(sj ). There is a natural bijection between prior-information structure pairs and
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two-stage compound lotteries. Not only can we map a prior-information structure pair into a
(unique) two stage compound lottery, we can also show that any given two-stage compound lottery
maps into a unique prior-information structure pair. Given a two-stage lottery P with support
p1 , . . . , pn we first can find f , the prior: φ(P )(ωi ) = f (ωi ). To identify I, observe that we have a
f (ω )Iij
set of equations pj (ωi ) = ψj (ωi ) = ∑ f (ωi k )I
, along with restrictions on the elements of I discussed
kj
k
in the main text (and with a known f ). These form a set of equations that generates a unique
solution I. Given this we can naturally map preferences and utility functionals, from the space of
prior-information structure pairs to the space of compound lotteries and vice versa.
We next summarize Kőszegi and Rabin’s functional form. Given a gain-loss functional η,
a scalar weight on expected utility κ, a scalar weight on first period gain-loss utility of ν, and
denoting, given a distribution h over the payoff across states, any ζ ∈ (0, 1). Let u(ωh (ξ)) denote
the utility of the payoff level at percentile ξ. Then the functional form is:53
V KR (f, I) = κEf (u(ωi )) + ν ∑ p(sj ) ∫

0

j

1

η(u(ωψj (ξ)) − u(ωf (ξ)))dξ

1

+ ∑ ∑ p(sj )ψj (ωi ) ∫
i

j

0

η(u(ωi (ξ)) − u(ωψj (ξ)))dξ

Because this is a complicated functional form, we will define the function for our simple binarybinary setup. The probability of good signal is p(G) = f p + (1 − f )(1 − q), and the probability of
bad signal is p(B) = f (1 − p) + (1 − f )q. pj (ωi ) denotes the posterior probability of state i after
observing signal j. Normalizing the Bernoulli utility of the high and low outcomes to 0 and 1 the
total utility of an information structure is:
V KR (f, I) = κf + ν[p(G)η(1 − 0)(pG (H) − f ) + p(B)η(0 − 1)(f − pB (H))]
+p(G)[pG (H)η(1 − 0)pG (L) + pG (L)η(0 − 1)pG (H)]
+p(B)[pB (H)η(1 − 0)pB (L) + pB (L)η(0 − 1)pB (H)]
The last functional forms we consider are those introduced in Ely, Frankel and Kamenica
(2013)Ely et al. [2013]. They have two models, both of which deliver the same predictions regarding
skewness. We provide more general forms of their models and allow for individuals overall utility
to: depend both on the expected utility of the two stage lottery as well as suspense or surprise;
and weight suspense and surprise differently across periods. We denote ϑ as a function that turns
suspense and surprise into utils. As before we have a scalar weight on the expected utility term of
κ and a scalar weight on first period suspense or surprise utility of ν.
We first consider a generalized version of Ely, Frankel and Kamenica’s model of suspense,
where overall utility is given by:
EF K
Vsus
(f, I) = κEf (u(ωi )) + νϑ( ∑ p(sj ) ∑(pj (ωi ) − f (ωi ))2 )
j

i

+ ∑ p(sj )ϑ( ∑ pj (ωi ) ∑(I − pj (ωi ))2 )
j

i

i

53Denoting beliefs in Period 0 as f (our prior) and the beliefs in Period 1 (after receiving signal s ) as ψ .
j
j

71

Simplifying to our binary-binary environment, we obtain:
EF K
Vsus
(f, I) = κf + νϑ(p(G)2(pG (H) − f )2 + p(B)2(f − pB (H))2 )

+p(G)ϑ(pG (H)2pG (L)2 + pG (L)2pG (H)2 )
+p(B)ϑ(pB (H)2pB (L)2 + pB (L)2pB (H)2 )
Ely, Frankel and Kamenica also provide a model of surprise, which we generalize, so that utility
is:
EF K
Vsurp
(f, I) = κEf (u(ωi )) + ν ∑ p(sj )ϑ( ∑(pj (ωi ) − f (ωi ))2 )
j

i

+ ∑ p(sj ) ∑ pj (ωi )ϑ( ∑(I − pj (ωi ))2 )
j

i

i

In our binary-binary setting, this becomes:
EF K
(f, I) = κf + ν[p(G)ϑ(2(pG (H) − f )2 ) + p(B)ϑ(2(f − pB (H))2 )]
Vsurp

+ p(G)[pG (H)ϑ(2pG (L)2 ) + pG (L)ϑ(2pG (H)2 )]
+ p(B)[pB (H)ϑ(2pB (L)2 ) + pB (L)ϑ(2pB (H)2 )]
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Appendix G. Proofs
We first formalize the fact that we the set S ∶= {(p, q)∣ p + q > 1} ∪ (.5, .5) naturally captures
the natural interpretation of signals (Lemma A), and we can consider it without loss of generality
(Lemma B).
Lemma A For any (p, q) ∈ S, observing a good signal increases the posterior on high outcome
relative to the prior, and observing a bad signal decreases the posterior on high outcome relative to
the prior.
Proof We will prove each part of the Lemma in turn. First we prove the first part. Recall that
for a given prior 0 < f < 1 on a high payoff and information structure (p, q), the posterior for the
high payoff given the good signal is
fp
ψG =
.
f p + (1 − f )(1 − q)
Now ψG > f if and only if
fp
ψG =
> f,
f p + (1 − f )(1 − q)
which holds if and only if
(1 − f )p > (1 − f ) − (1 − f )q,
which is the same as
p + q > 1.
An analogous series of steps establishes the result for the posterior after observing a bad signal. ◻

Lemma B For any signal structure (p′ , q ′ ) ∈ [0, 1] × [0, 1], there exists a (p, q) ∈ S that generates
the same posterior distribution. However, for any T ⊂ S there exists a (p′ , q ′ ) ∈ S such that there is
no element of T that generates the same posterior distribution as (p′ , q ′ ).
Assume that p + q < 1 (observe that all signal structures on p + q = 1 give the same posterior
distribution). In this case, denote p′ = 1−p and q ′ = 1−q. We will work with likelihood ratios rather
p
occurs with probability f p + (1 − f )(1 − q)
than posterior beliefs. Under (p, q), likelihood ratio 1−q
and likelihood ratio

1−p
q

occurs with probability f (1 − p) + (1 − f )q.
1−p′
p
′
′
q ′ = 1−q occurs with probability f (1 − p ) + (1 − f )q = f p + (1 −
1−p
′
′
q occurs with probability f p +(1−f )(1−q ) = f (1−p)+(1−f )q.
′
′

Under (p′ , q ′ ) likelihood ratio
′

p
f )(1−q). Likelihood ratio 1−q
′ =
′ ′
Therefore (p , q ) generates the same posterior distribution as (p, q). Moreover, p + q = (1 − p) +
(1 − q) = 2 − p − q ≥ 1 since p + q ≤ 1. So therefore, instead of considering some (p, q) we can always
instead consider the corresponding p′ = 1 − p, q ′ = 1 − q.

To prove the second part observe that in order for two signal structures (p, q) and (p′ , q ′ ), both
p′
p
1−p′
1−p
in S, to generate the same posteriors it must be the case that 1−q
′ = 1−q and
q′ = q .
Therefore p′ −p′ q = p−pq ′ and q −p′ q = q ′ −pq ′ , which is equivalent to q =
′

′

′

′

−p+pq ′ +p′
and
p′
′ ′
′2

q=

q ′ −pq ′
1−p′ .

+p
−pq
′ ′
′ ′
′
′
′
Simplifying, we have −p+pq
= q1−p
′ , or p q − pq p = −p + pq + p + pp − pp q − p . This holds
p′
if and only if p′ q ′ = −p + pq ′ + p′ + pp′ − p′2 , or p(1 − q ′ − p′ ) = −p′ q ′ + p′ − p′2 = p′ (1 − q ′ − p′ ). This
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equality holds if and only if p = p′ or q ′ + p′ = 1. The latter case implies that p′ = q ′ = .5 which
implies p = q = .5. The former immediately implies q = q ′ .
◻
We next prove Lemma 1, which formalizes the conditions that allow us to Blackwell rank
signals.
Lemma 1 (p′ , q ′ ) Blackwell dominates (is Blackwell more informative than) (p, q) if and only if
p
p′ ≥ max{ 1−q
(1 − q ′ ), 1 − q ′ 1−p
q }.
Proof Recall that one signal structure (p′ , q ′ ) is Blackwell more informative than another (p, q)
if and only if the distribution of posteriors induced by (p′ , q ′ ) is a mean preserving spread of the
distribution induced by (p, q). By the law of iterated expectations, the expected posterior under
(p′ , q ′ ) and (p, q) must be the same — the prior. Because there are only 2 signals (and so 2
posteriors) as well as only 2 states, the problem reduces to showing that the posteriors under
(p′ , q ′ ) are more extreme (in the sense that they are farther from the prior) than the posteriors
under (p, q). In order to simplify the proofs, we will show an equivalent result — that the likelihood
ratios under (p′ , q ′ ) are more extreme (farther from 1) than the likelihood ratios under (p, q).
p′
1−q ′

The likelihood ratios after observing a good signal under (p′ , q ′ ) and (p, q) are (respectively)
′
p
1−p
and 1−q
while the likelihood ratios after observing a bad signal are 1−p
q ′ and q .
In order for the ratios under (p′ , q ′ ) to be farther from 1 than (p, q), then

1−p′
q′

≤

1−p
q .

′

This is equivalent to p ≥

p
1−q

−

p ′
1−q q

′

and p ≥

1 − q ′ 1−p
q .

p′
1−q ′

≥

p
1−q

and
◻

Proposition 1 Let ≿f be represented by a Gateaux differentiable value function V . Suppose i)
var(p, q) = var(p′ , q ′ ), ii) skew(p, q) = −skew(p′ , q ′ ), and iii) skew(p, q) > 0 given f . If the local
utility function of V is thrice differentiable then it has a convex (concave) derivative everywhere if
and only if (p, q) ≿f (≾f )(p′ , q ′ ).
Proof We prove the result in two parts. First, we show that if i) var(p, q) = var(p′ , q ′ ), ii)
skew(p, q) = −skew(p′ , q ′ ), and iii) skew(p, q) > 0 then (p, q) induces a posterior distribution with
less downside risk, in the sense of Menezes et al. [1980], than that induced by (p′ , q ′ ). We then
show that (p, q) induces a posterior distribution with less downside risk than that induced by (p′ , q ′ )
if and only if (p, q) gives a higher utility value than (p′ , q ′ ) for all V ’s with thrice differentiable
positive third derivatives.
● Denote the posterior distributions induced by (p, q) and (p′ , q ′ ) as Z1 and Z0 respectively.
Denote the posterior beliefs after a good or bad signal for each distribution respectively
′
as ψL , ψH and ψL′ , ψH
. Since they have the same mean and variance, but the former
′
distribution has positive skew, then ψL′ ≤ ψL ≤ f ≤ ψH
≤ ψH . Denote the associated
′
probabilities with each posterior as ρZ0 (φL ), ρZ1 (φL ), ρZ0 (φ′H ) and ρZ1 (φH ). Since the
posteriors have the same mean ρZ0 (φ′L ) < ρZ1 (φL ) and ρZ0 (φ′H ) > ρZ1 (φH ).
From Menezes et al. [1980] we know that Z1 has less downside risk than Z0 if we can
obtain Z0 from Z1 by a mean-preserving spread of beliefs on the lower tail of the distribution,
and a mean preserving contraction on the upper tail of the distribution (formally the effects
of the spread have to come everywhere before the effects of the contraction); where the joint
effect of the two transformations is to preserve variance.
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We construct such a transformation. First take the weight attached to φL (i.e., ρZ1 (φL )).
We split this weight; attaching weight ρZ0 (φ′L ) to φ′L . We then attach the remaining weight
to a posterior φ̂ so that

ρZ0 (φ′L )φ′L +(1−ρZ0 (φ′L ))φ̂
ρZ1 (φL )

= φL . Observe that by construction φ̂ < φ′H

(if it was not, the mean of the distribution with support on φ′L , φ̂ and φH would be below
f ).
We now have a distribution with support on three outcomes: φ′L , φ̂ and φH . This still has
a mean of f , since our initial transformation was mean preserving. We then take the weight
attached to φ̂ and the weight attached to φH and combine them on φ′H . Observe that this is
possible since φ̂ < φ′H < φH . By construction this weight must be 1 − ρ(φ′L ) = ρ(φ′H ). After
this transformation the new distribution must also have the same mean f (by assumption).
Since we kept the weight on φ′L constant, and overall mean of the two distributions (the
one with support on φ′L , φ̂ and φH and the one with support only on φ′L and φ′H ) then the
conditional mean, looking only at the support of either φ̂, φH in the first distribution, or
φ′H in the second, must also be the same.
Thus, we can obtain Z0 from Z1 by a mean preserving spread and then a mean preserving
contraction which preserves the overall variance.
● We show both directions. First, assume that all local utility functions are thrice differentiable and have a positive third derivative. Denote the local utility function v(⋅; P ). Given
f , suppose information structure (p, q) generates a posterior distribution Z1 and (p′ , q ′ )
generates posterior distribution Z0 where Z0 has more downside risk than Z1 . We need to
show that V (Z1 ) − V (Z0 ) ≥ 0.
Let Z(α) = αZ1 + (1 − α)Z0 . By Grant et al. [1998] (pg 255) because V is Gateaux
d
differentiable dα
V (Z(α))∣α=β exists for any β in (0, 1) and is equal to ∫ v(z; Z(β))[Z1 (dz)−
Z0 (dz)]. Observe that this is simply the expected value of v under Z1 less the expected
value of v under Z0 . By Theorem 2 of Menezes et al. [1980] this is positive for any β ∈ (0, 1).
Integrating with respect to β yields V (Z(1)) − V (Z(0)) ≥ 0 which gives the required result
since V (Z(1)) = V (Z1 ) and V (Z0 ) = V (Z(0)).
Now, we show the other direction via the contra-positive. Suppose that there exists a
local utility function v(., X) that does not have a convex derivative. Denote one interval
where the derivative is everywhere concave A = [a0 , a1 ]. Then we can find a prior in A as
well as two signal structures (p, q) and (p′ , q ′ ) so that the posterior distributions are wholly
contained in A. Denote the posterior distributions of beliefs Y and Y ′ respectively, and
we will suppose that they have the same variance and same absolute level of skewness but
Y ′ has more downside risk (i.e. is negatively skewed, while Y is positively skewed). Then
v(Y ; X) > v(Y ′ ; X) by the reasoning in the previous paragraph.
For each  ∈ (0, 1) let Z0 () and Z1 () be posterior distributions given by Y ′ + (1 − )X
and Y + (1 − )X respectively.
First, observe that Z0 () and Z1 () have the same mean. Second, the latter can be
obtained from the former by the same procedure as in Step 1 of this proof, albeit using the
probabilities there as conditional probabilities. Using the Gateaux differentiability of W at
X, W (Z0 ())−W (X) = W (Y ′ +(1−)X)−W (X) = ∫ v(µ; X)[Y ′ (dµ)−X(dµ)]+)+o1 ()
and W (Z1 ()) − W (X) = W (Y + (1 − )X) − W (X) = ∫ v(µ; X)[Y (dµ) − X(dµ)] + o2 ();
o ()
o ()
where 1 → 0 and 1 → 0 as  → +0. Taking the difference between the two expressions
we get W (Z0 ()) − W (Z1 ()) = ∫ v(µ; X)[Y ′ d(µ) − Y d(µ)] + o1 () − o2 () = (v(Y ′ , X) −
1
v(Y, X))+o1 ()−o2 (). Hence [W (Z0 ())−W
(Z1 ())] > 0 for small enough , or in other words,
the value of the negatively skewed signal is larger.
◻
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Proposition 2 Let ≿f be represented by a Gateaux differentiable value function V . If the local utility functions v(⋅; P ) of V are (i) monotone and thrice differentiable (ii) convex (concave respectively)
for all v(⋅; P ) ≥ (≤ respectively )v(f (P ); P ) and (iii) loss averse: ∣v(f (P ) − ; P ) − v(f (P ); P )∣ >
∣v(f (P ) + ; P ) − v(f (P ); P )∣ for all  > 0, then the individual will prefer no information to either
negatively skewed information or symmetric information, but will accept some positively skewed
information.

Proof Denote the local utility function v(⋅; P ). Given f , suppose information structure (p, q)
generates a posterior distribution Z1 . We compare this to Z0 which is a degenerate distribution
induced by no information.
Let Z(α) = αZ1 + (1 − α)Z0 . By Grant, Kajii and Polak (pg 255) because V is Gateaux
d
differentiable dα
V (Z(α))∣α=β exists for any β in (0, 1) and is equal to ∫ v(z; Z(β))[Z1 (dz)−Z0 (dz)].
Observe that this is simply the expected value of v under Z1 less the expected value of v under Z0 .
Integrating with respect to β yields V (Z(1)) − V (Z(0)) which is exactly V (Z1 ) − V (Z0 ).
Since Z1 and Z0 both are posterior distributions with the same reduced form distribution over
outcomes (i.e., they come from the same prior), then any convex combination of them will also
have the same reduced form distribution over outcomes (i.e., prior). Thus we are integrating over
local utility functions where the second argument always has the same prior f .
Observe that Condition (iii) of the proposition implies that for all 0 ≤  ≤ min{f, 1 − f },
≤ v(f (P ); P ). This means that the individual refuses all symmetric
information structures since ∫ v(z; P )[Z1 (dz) − Z0 (dz)] is negative for any symmetric Z1 .
1
1
2 v(f (P )−; P )+ 2 v(f (P )+; P )

Condition (ii) implies that there are at least some positively skewed signals that the decisionmaker will accept. In particular, observe that since v is concave we know that lim→0+ (1 −
)v(f (P ); P ) + v(1; P ) ≥ v(f (P ); P ). Therefore there exists a positively skewed Z1 such that
∫ v(z; f )[Z1 (dz) − Z0 (dz)] > 0. Since this is true for every v we integrate over, when we integrate
up over β, it still must be true.
Conditions (i) and (ii) together imply that individuals will refuse negatively skewed information. Suppose the posteriors induced by the negatively skewed structure are xL and xH . Then
we can always find a symmetric structure with posteriors x̂L and xH . Notice that x̂L > xL , and
that both x̂L and xL are on the concave portion of v, implying that the value of v under the
negatively skewed signal is worse than under the symmetric structure. Since this is true for every
v we integrate over, when we integrate up over β, it still must be true.
◻

Proposition 3 Suppose preferences represented by a KR or EFK functional form. Then (x, y) ∼.5
(y, x).
Proof We discussed KR’s functional form previously. In our environment utility is:
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V KR (f, I) = κf + ν[p(G)η(1)(pG (H) − f ) + p(B)η(−1)(f − pB (H))]
+p(G)[pG (H)η(1)pG (L) + pG (L)η(−1)pG (H)]
+p(B)[pB (H)η(1)pB (L) + pB (L)η(−1)pB (H)]
= κf + ν[η(1)p(G)(

fp
f (1 − p)
− f ) + η(−1)p(B)(f −
)]
p(G)
p(B)

+[η(−1) + η(−1)][p(G)pG (H)(1 − pG (H)) + p(B)pB (L)(1 − pB (L))]
= κf + ν[η(1) + η(−1)]f (1 − f )(p + q − 1)
+[η(−1) + η(−1)][p(G)pG (H)(1 − pG (H)) + p(B)pB (L)(1 − pB (L))]

Setting f = .5, then we must have p(G)∣(p,q) = p(B)∣(q,p) and pG (H)∣(p,q) = pB (L)∣(q,p) . Therefore,
V KR (.5, (p, q)) = V KR (.5, (q, p))
We next turn to the EFK functional forms. Using their model of suspense, we have
EF K
(f, (p, q)) = κf + νϑ(p(G)2(pG (H) − f )2 + p(B)2(f − pB (H))2 )
Vsus

+p(G)ϑ(pG (H)2pG (L)2 + pG (L)2pG (H)2 )
+p(B)ϑ(pB (H)2pB (L)2 + pB (L)2pB (H)2 )
= κf + νϑ(p(G)2(

fp
f (1 − p) 2
− f )2 + p(B)2(f −
) )
p(G)
p(B)

+p(G)ϑ(2pG (H)(1 − pG (H))2 + 2(1 − pG (H))pG (H)2 )
+p(B)ϑ(2(1 − pB (L))pB (L)2 + 2pB (L)(1 − pB (L))2 )
= κf + νϑ(2f 2 (1 − f )2 (p + q − 1)2 (

1
1
+
))
p(G) p(B)

+p(G)ϑ(2pG (H)(1 − pG (H))) + p(B)ϑ(2pB (L)(1 − pB (L)))
Setting f = .5, then we must have p(G)∣(p,q) = p(B)∣(q,p) and pG (H)∣(p,q) = pB (L)∣(q,p) . Hence,
EF K
= Vsus
(.5, (q, p)).

EF K
Vsus
(.5, (p, q))
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We next derive the result for EFK’s model of surprise.
EF K
Vsurp
(f, (p, q)) = κf + ν[p(G)ϑ(2(pG (H) − f )2 ) + p(B)ϑ(2(f − pB (H))2 )]

+p(G)[pG (H)ϑ(2pG (L)2 ) + pG (L)ϑ(2pG (H)2 )]
+p(B)[pB (H)ϑ(2pB (L)2 ) + pB (L)ϑ(2pB (H)2 )]
= κf + ν[p(G)ϑ(2(

fp
f (1 − p) 2
− f )2 ) + p(B)ϑ(2(f −
) )]
p(G)
p(B)

+p(G)[pG (H)ϑ(2(1 − pG (H))2 ) + (1 − pG (H))ϑ(2pG (H)2 )]
+p(B)[(1 − pB (L))ϑ(2pB (L)2 ) + pB (L)ϑ(2(1 − pB (L))2 )]
Then
EF K
(f, (p, q)) = κf + ν[p(G)ϑ(
Vsurp

2f 2 (1 − f )2 (p + q − 1)2
2f 2 (1 − f )2 (p + q − 1)2
)
+
p(B)ϑ(
)]
p(G)2
p(B)2

+p(G)[pG (H)ϑ(2(1 − pG (H))2 ) + (1 − pG (H))ϑ(2pG (H)2 )]
+p(B)[(1 − pB (L))ϑ(2pB (L)2 ) + pB (L)ϑ(2(1 − pB (L))2 )]
Setting f = .5, then we must have p(G)∣(p,q) = p(B)∣(q,p) and pG (H)∣(p,q) = pB (L)∣(q,p) . Hence,
we have
EF K
EF K
(.5, (q, p))
(.5, (p, q)) = Vsurp
Vsurp
Proposition 4. Let ≿f be represented by a Gateaux differentiable value function V . Then the
local utility function of V is everywhere convex (concave) if and only if the decision-maker prefers
Blackwell more (less) informative structures.
Proof This is proved by Grant, Kajii and Polak (1998)Grant et al. [1998].

◻
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Appendix H. Screenshots from the experiment
Figure 7. Elicitation of preference in the practice round

Figure 8. Elicitation of preference strength in the practice round
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Figure 9. Willingness to switch elicitation in the practice round

Appendix I. Qualitative responses
Our lab experiments asked participants about their reasons for choosing their preferred information structures in an open-ended format. Consistent with existing theoretical explanations,
nearly all the participants cited a desire to manage anticipatory emotions, for example, by coping
with anxiety, preserving hope and limiting eventual disappointment, thus providing supportive evidence for the role of anticipatory feelings discussed by the previous literature as the foundation
for intrinsic preferences for information.
Managing Anxiety: The overarching regulatory motivation that gives rise to the desire to control
anticipatory emotions is that of managing anxiety about the future outcome. For example, when
considering whether to choose early or late resolution, many individuals cited the desire to relieve
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Figure 10. Choice elicitation (T3)

anxiety, although they showed significant heterogeneity in what they believe would be the most
effective strategy to achieve this goal. On the one hand, some individuals felt that early resolution
would help them manage anxiety better. For example, one participant stated, “I would rather know
now rather than dwell over it for the next 20 minutes.” On the other hand, some individuals thought

81

Figure 11. Preference strength elicitation

Figure 12. Preamble to willingness to switch elicitation

that delaying the information would be less stressful. For example, one participant emphasized
managing anxiety: “I have a stressful moving day coming up and I would not like to know the
result of the lottery until the end of the study because of that; I feel like Option 1 would cause
unnecessary stress in the middle of the study for some reason.” The anxiety was a concern for some
information avoiders especially when the signal could not fully reveal the outcome. A participant
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Figure 13. Willingness to switch elicitation

Figure 14. Randomly chosen willingness to switch question

explained the perils of changing his beliefs in either direction with the following statement: “I didn’t
think that Option 1, (.63, .63), had a high enough chance of telling me whether I won or not. It
could have falsely led me to believe that I lost even if I had actually won. Or, I would have then
been sad for the rest of the experiment. With Option 2, (.5, .5), I won’t feel sad with either color
ball being drawn because I still have a 50% chance.”
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Figure 15. Observing a signal

While participants often cite the desire to manage anxiety as the main reason for seeking
or avoiding non-instrumental information, it is not clear why some think avoiding information
helps reduce anxiety while others think seeking it helps. Psychologists have noted significant
heterogeneity regarding what people believe to be the best strategy to regulate anxiety through
managing beliefs. They have categorized people who prefer to keep their expectations low as
“defensive pessimists” and those who prefer to have high hopes as “strategic optimists” (Norem
and Cantor, 1986; Showers 1992 Showers [1992]).54 While defensive pessimists are motivated by
avoiding disappointment, strategic optimists place more weight on remaining hopeful. Because
symmetric information structures are equally likely to provide good and bad signals and these
signals are equally informative, we cannot understand whether individuals who avoid information
are trying to avoid good signals more than they are trying to avoid bad signals, or vice versa.
Similarly, we do not know whether individuals who seek information are trying to receive good
signals more than they are trying to receive bad signals, or vice versa. To design appropriate
policies, it is important to obtain deeper insights into these psychological motivations. The reasons
individuals provide to explain their skewness preferences take us closer to this goal.
54These coping strategies are different from dispositional optimism and dispositional pessimism (Scheier and

Carver, 1985)Scheier and Carver [1985].
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Preserving Hope versus Minimizing Potential Disappointment: The most common reason
given for choosing the negatively skewed information structure over the positively skewed structure
was the desire to avoid potential disappointment, followed by wanting the higher probability of
receiving good news. A sample of the statements that allude to the desire to avoid disappointment
includes:
● “I wouldn’t want to be led on by the hope that I won ten dollars. I would rather have
a very strong indication that I didn’t win by getting a black ball so that I wouldn’t have
uncertainty or false excitement.”
● “I’d rather know more surely that I lost if I got a black ball, than deceive myself into keeping
false hope that my black ball actually will yield a positive result.”
● “I would rather be more sure that I lost than be confident that I won because I don’t want
to get my hopes up.”
Therefore, it seems that a preference for negatively skewed information structures aligns more
with the defensive pessimism strategy to manage anticipatory emotions. In contrast, the most
common reason for preferring positively skewed information structure was the desire to preserve
hope.55 A sample of participants’ explanations about why they prefer positively skewed structures
to negatively skewed structures includes:
● “I would rather either know I won or have the knowledge that I could still win, rather than
have the knowledge that I lost.”
● “While info is essentially the same to me, slightly prefer to keep hope alive, i.e., prefer less
certainty about losing.”
● “I would rather receive positive, or at least optimistic news. Option 1 would be saddening
if I learned that I had definitely lost.”
Importantly, the theme of preserving hope also emerged as a mechanism for reducing anxiety
by avoiding information. For example, one participant explained: “I would like to be surprised,
perhaps happily at the end of the study. It stretches out my perceived participation in the game
on my end, even though the play technically stopped with the die roll.”
Given the prevalence of preferences for positively skewed signals, it seems possible that preserving hope, or strategic optimism, is an important driver of preferences for non-instrumental
information. In this regard, we find the interactions between preferences for skewness and informativeness to be interesting and important. Recall that our data revealed that there is a substantial
fraction of participants whose attitude towards the timing of resolution of information is linked to
the skewness of the information: individuals who may avoid information when it is likely that such
information will resolve much of the uncertainty regarding the undesired outcome (relative to the
desired outcome) may seek it when the information is likely to resolve more uncertainty about the
desired outcome. The participants’ statements suggest that this finding could be driven by the
fact that positively skewed information structures are unlikely to eliminate “hope”; i.e., they are
unlikely to significantly reduce beliefs about the chance of the good outcome. Therefore, the data
55While the motivation for preserving hope was by far the most common reason cited for preferring positive

skew, in the case of the choice between (.5, 1) and (1, 5), a handful of participants mentioned the desire to avoid
disappointment to explain their preference for (.5, 1). These individuals perceived (.5, 1) to prevent disappointment
more than (1, .5), because it resolved all uncertainty about winning if the news was good. For example, one participant
stated: “I would rather be sure of the good news if/when I receive it."

85

suggest that policies aiming to reduce information avoidance need to provide information sources
that are more likely to preserve hope.

