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Abstract

We show that ambiguity attitudes vary systematically with the informativeness of available
signals, using an experimental design that varies informativeness and a method that separately
measures attitudes and beliefs. When signal-event associations are uncertain and must be in-
ferred from sampling (experience), aversion decreases as signals become more informative, and
insensitivity drops sharply under the strongest signal. By contrast, when associations are fully
known (description), aversion is essentially unchanged across informativeness levels, while in-
sensitivity shows at most a modest response. This contrast suggests the informativeness effect
reflects responses to ambiguity about signal-event associations. Separately measuring atti-
tudes and beliefs proves consequential: the two can move in different directions, and failure
to separate them overstates conservatism in updating. For beliefs, subjects in description un-
derweight signal information relative to the Bayesian benchmark, while subjects in experience
cannot be distinguished from it under our baseline prior specification, though this finding is
sensitive to the assumed prior.
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1 Introduction

The study of decision-making under ambiguity has produced a rich understanding of how individu-
als respond to unknown probabilities. Since [Ellsberg) (1961)), a large body of work has documented
that individuals exhibit systematic attitudes toward ambiguity—patterns in how they evaluate un-
certain prospects that go beyond what subjective expected utility would predict (Schmeidler, |1989;
Gilboa and Schmeidler, [1989; [Klibanoff et al., |2005)). These attitudes are predominantly studied
in settings where a decision-maker faces an unknown distribution over payoff-relevant events and
where the informational environment is held fixed. A notable departure from this view is source
preference theory, which has shown that attitudes vary across different sources of uncertainty,
reflecting differences in familiarity, competence, or the nature of the domain (Tversky and Fox|
1995; |Abdellaoui et al., 2011; Wakker, 2010). This body of work established that the context in
which ambiguity is encountered matters for how it is evaluated. Yet even with this insight, a
fundamental question remains open: does the informativeness of available signals modulate am-
biguity attitudes? This question arises naturally in most economically relevant situations, where
individuals have access to signals—observable cues that are informative about, but do not directly
determine, the events that affect payoffs (Milgrom, [1981). The informativeness of these signals
varies: a diagnostic test may be highly predictive of a disease, while a set of vague symptoms
may carry little information. Despite the centrality of signals to economic decision-making, almost
nothing is known about how the informativeness of available signals shapes ambiguity attitudes.

This gap in the literature is consequential. If ambiguity attitudes respond to the informational
environment—in particular, to the strength of the association between signals and payoff-relevant
events—then they are shaped by features of the decision problem that a principal or institution can
influence. This has implications for information design, mechanism design, and any applied setting
where a principal chooses how informative a signal to disclose to an ambiguity-sensitive agent.
Understanding this relationship, however, requires overcoming a fundamental measurement chal-
lenge: when a decision-maker receives an uncertain signal and makes a choice, her behavior reflects
both her beliefs about the payoff-relevant event and her attitudes toward the uncertainty she faces.
Without separating the two, one cannot determine whether a change in signal informativeness
affects how she feels about the uncertainty, how she updates her beliefs, or both.

Recent work has begun to examine how uncertain signals affect decision-making. [Epstein and
Halevy| (2024)) study settings where signals are ambiguous, finding that posterior beliefs frequently
violate the martingale property, which they interpret as evidence of signal ambiguity. |Shishkin and
Ortoleva| (2023)) document dilation effects when signals are uncertain, and [Kops and Pasichnichenko
(2023)) test for negative value of information under ambiguity. However, a common limitation
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explicitly acknowledge that the updating patterns they observe may be distorted by unmeasured
ambiguity attitudes. [Liang (2019)) attempts to address this confound indirectly, deriving theoretical
predictions about how certainty equivalents should behave under different models and comparing
these to experimental data, but this approach cannot quantify the degree of under- or overreaction
to information. The belief-attitude confound is not merely a technical nuisance; it can reverse
substantive conclusions. A decision-maker who appears to underreact to a signal may in fact be
updating her beliefs correctly, with the apparent underreaction reflecting ambiguity attitudes that
distort how those beliefs translate into choice.

This paper resolves the belief-attitude confound by applying the belief hedge method of |[Baillon
et al.| (2021)) to a setting with uncertain signals of varying informativeness. This method provides
independent measures of two components of ambiguity attitudes—aversion, which captures the
tendency to avoid uncertain prospects, and insensitivity, which reflects a failure to discriminate
between different levels of belief—without requiring knowledge of the decision-maker’s beliefs, and
it allows the recovery of additive beliefs (a-neutral probabilities) that are corrected for attitudinal
confounds (Li et al.,[2019). These two components distort choice in distinct ways: ambiguity aver-
sion systematically reduces willingness to bet on uncertain events, while insensitivity compresses
distinctions between events with different subjective likelihoods, making them appear more similar.
To our knowledge, this is the first study to separately identify ambiguity attitudes and beliefs in
a setting where the signal-event association itself is unknown. This joint measurement has a dual
payoff. First, it allows us to study how signal informativeness shapes each component of ambi-
guity attitudes, which is the paper’s primary contribution. Second, it produces clean measures of
beliefs that can be used to assess the quality of updating, corrected for probability weighting due
to compound risk and ambiguity attitudes—for example, insensitivity can make beliefs appear to
underweight new information even when they update correctly.

To study these questions, we design an experiment in which subjects face urns containing
colored balls marked with letters. The colors (blue, yellow, red) are the payoff-relevant events,
each occurring with known and equal probability of 1/3. The letters (A, B) serve as signals, also
with known marginal probability of 1/2. What varies across three urns is the joint distribution
of colors and letters—that is, the informativeness of the signal. In the no-information urn, letters
and colors are independent. In the weak-signal urn, there is a moderate association. In the
strong-signal urn, the association is pronounced. By fixing the marginal distributions and varying
only the signal-event correlation, we isolate the effect of informativeness on attitudes and beliefs.
The experiment employs two treatment arms drawn from the Description-Experience paradigm
(Hertwig), [2015): in the Description arm (DfD), subjects are told the exact composition of each
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association from their observations. The DfD arm serves as a known-probability benchmark in
which the only source of complexity is the compound nature of the risk. The DfE arm introduces
genuine ambiguity about the signal-event relationship, making it the primary setting for studying
how informativeness shapes ambiguity attitudes.

Our findings reveal three sets of results. First, and most centrally, focusing on the Experience
arm where subjects must infer signal-event associations from sampling, we show that ambiguity
attitudes respond to the informativeness of available signals, and that the two components of
attitudes respond differently. Aversion is clearly lower for the strong signal, with weaker evidence
for a decline already at the weak signal. Insensitivity, by contrast, requires a stronger signal
to decline—only the strong signal reduces it. These asymmetric responses suggest that the two
components of ambiguity attitudes respond differently to the degree of informational content. In
the Description arm, where urn compositions are fully known and decision-making occurs under
compound risk, we find no change in aversion across informativeness levels, while insensitivity
shows a similar but weaker pattern, declining only for the strongest signal. This contrast suggests
that the informativeness effects observed in Experience reflect responses to ambiguity about signal-
event associations rather than responses to the compound structure alone. To our knowledge, this
is the first demonstration that ambiguity attitudes vary systematically with the informational
content of signals when those associations must be inferred. The broader ambiguity literature
has predominantly studied these attitudes in settings where the information environment is fixed;
source preference theory has shown that attitudes differ across sources of uncertainty (Tversky
and Fox, [1995; Wakker, 2010). Our findings complement both perspectives by showing that the
informativeness of available signals modulates attitudes—and that it does so differently for aversion
and insensitivity.

Second, the joint measurement of attitudes and beliefs reveals that the two can move in different
directions, confirming that the confound identified in prior studies is empirically consequential. In
the Description arm, using raw matching probabilities rather than a-neutral probabilities yields
a weight on information of 0.72, compared to 0.81 after correcting for attitudes. Both estimates
indicate conservatism relative to the Bayesian benchmark, but the uncorrected estimate is further
from it, suggesting that failure to separate attitudes from beliefs may overstate the degree of
underreaction. This result validates the methodological approach and demonstrates that studies
of belief updating that do not control for attitudes, towards compound risk or uncertainty, may
draw misleading conclusions about the quality of inference.

Third, comparing across the Description and Experience arms reveals systematic differences
along both dimensions. Because these arms represent fundamentally different learning environ-

ments rather than isolated experimental manipulations, we interpret the cross-arm patterns as



descriptive characterizations of how attitudes and beliefs differ when signal-event associations are
described versus experienced. Regarding attitudes, aversion is lower in Experience across all sig-
nal strengths, while insensitivity is higher in Experience for non-informative and weak signals but
converges for strong signals. This dual pattern—that the two components move in opposite direc-
tions across conditions—would be masked by any measure that conflates them. Regarding beliefs,
subjects in Description underweight signal information relative to the Bayesian benchmark, while
subjects in Experience assign a weight that cannot be distinguished from it. The pooled compari-
son is consistent with a learning gap under the baseline prior specification, though this finding is
sensitive to the assumed prior.

This paper contributes to several literatures. To the ambiguity literature, we provide the first
evidence that ambiguity attitudes respond to signal informativeness when signal-event associations
must be inferred from experience, with aversion and insensitivity responding differently to the
degree of informativeness. This effect is absent when signal-event associations are fully known.
Our findings are consistent with the spirit of source preference theory (Tversky and Fox, [1995;
Abdellaoui et all [2011; Wakker, 2010), which established that attitudes vary across sources of
uncertainty and hypothesized that the amount of knowledge or competence a decision-maker has
about a source is a key driver of this variation; whether differences in signal informativeness
operate within a source or effectively define distinct sources is an open question we return to in the
discussion. To the literature on belief updating (Benjamin) 2019;|Ambuehl and Li, 2018; |Augenblick
et al.l |2024)), we contribute a method that jointly measures attitudes and beliefs. The broader
updating literature has addressed the confound between probability weighting under risk and beliefs
by employing belief elicitation methods that are robust to such distortions. However, these methods
retrieve probabilistic beliefs at the cost of discarding information about attitudes — one cannot
measure both simultaneously. The belief hedge method resolves this tradeoff, producing beliefs
that are corrected for both probability weighting and attitudes while also delivering independent
measures of the latter. To the Description-Experience gap literature (Hertwig, 2015; [Wulff et al.,
2018; Bohren et al.l |2024), we extend the framework from payoff-relevant events to signal learning.
Our cross-arm comparison, while subject to the multiple structural differences inherent to this
paradigm, reveals that the two components of attitudes move in opposite directions across learning
environments, a pattern that would be masked by measures that conflate them.

To illustrate, consider a doctor diagnosing a patient. She observes a persistent cough — a
symptom shared by many conditions, from a mild infection to something more serious — so the
association between this symptom and any particular disease is far from clear. When she decides
whether to prescribe medication, that decision reflects both what she believes about the likelihood

of the disease and how she feels about the uncertainty surrounding the signal. Suppose she appears



to underreact to the symptom, hesitating to prescribe despite informative evidence. A natural
interpretation is that she has not updated her beliefs enough. But it is equally possible that
her beliefs have moved appropriately and her hesitation instead reflects aversion to the residual
uncertainty — she knows the disease is likely but is reluctant to act on uncertain evidence. These
two explanations lead to different conclusions: one is a failure of inference, the other a feature
of preferences. Without separating attitudes from beliefs, one cannot tell which is at work, nor
whether a stronger signal-event association would change her behavior by improving her inference,
by reducing her aversion, or both.

The remainder of the paper is organized as follows. Section [2| describes the experimental
design. Section [3|introduces the measures of ambiguity attitudes and beliefs, the hypotheses, and
the statistical framework. Section [] presents the results, and Section [f] discusses implications and

directions for future research.

2 Experimental design

2.1 Procedure

The experiment varies the informativeness of signals across three urns within a between-subjects
design with two arms: the Experience arm (DfE) and the Description arm (DfD). Subjects in
both treatments faced three urns that differed in the level of informativeness associated with the
underlying signal: no (for no information), weak, and strong signal urns. Following [Shishkin and
Ortoleva| (2023); Epstein and Halevy| (2024]) we fix the prior of PR-events, and in contrast to these
studies we fix the prior for the distribution of the signals. By fixing both marginal distributions,
we ensure that the only source of variability across urns is the correlation between signals and PR-
events. This design choice is central to isolating the effect of signal informativeness on attitudes:
any variation in attitudes across urns cannot be attributed to differences in the probability of
events or signals themselves.

More concretely, in both conditions subjects were informed about the marginal distribution of
color of the balls (PR-events) and Letters written on the balls (signals). The subjects were told
that the urns contained balls that were colored blue, yellow and red in equal proportions of 1/3,
and marked with a letter, A or B in equal proportions of 1/2. The joint probability of Colors
and letters differed by urn, hence varying the degree of informativeness of the signal. The varying
signal probabilities conditional on the colors of each urn are shown in Table [T}

In informative cases (the “weak” and “strong” urn), letter A was always a signal favoring red and
blue disfavoring, and letter B was the opposite. The letters never signaled anything about yellow.

Subjects were paid a show-up fee of $5.00 USD and had the opportunity to win a bonus of $20



Urn Informativeness

No  Weak  Strong
P(A|Blue) 1/2  1/3 1/6
P(B|Blue) 172 2/3 5/6
P(A|Yellow) 1/2 1/2 1/2
P(B|Yellow) 1/2 1/2 1/2
P(A|Red) 1/2  2/3 5/6
P(B|Red) 1/2  1/3 1/6

Table 1: Signal likelihood conditional on color, by urn

(a) No (b) Weak (c) Strong

Figure 1: Urns color and letter distribution



USD. One of their choices was selected at random to determine the bonus payment. The question
implemented for real at the end was selected before any choices were made (but kept hidden) to
ensure that uncertainty attitudes did not affect the incentive compatibility of the payment.

The procedure was as follows: First, subjects received common information about the three
urns they would encounter. This information included the proportions of balls of colors and letters
in the urns. Subjects were also informed that each color had at least one ball marked with each
letter.

The subjects then received information on the joint distribution of colors and letters in the first
urn according to their assigned arm, each arm is explained in[2.2] The computer then performed a
random draw from the urn. The color of the drawn ball was kept hidden, but the letter on it was
announced. Subjects then made a series of choices between two types of prospects: one prospect
paid $20 if the color of the retrieved ball matched a specified color (20¢,,0), and the other prospect
was a lottery with a specified probability p of winning $20 (20p0). To explain the mechanics of
the lottery, let us look at a particular decision in which the subject chose between the event and a
lottery with a chance of winning of 50 out of 100. Before the decision is made, a random number
between 1 and 100 was picked but it was not revealed. If the subject chose the lottery and the
selected number was smaller or equal to 50 (that is, the chances of winning), then the subject
would receive the bonus of $20. Probabilities are presented as chances, as it is well known that
probabilities are easier to understand if expressed as relative frequencies (Gigerenzer) (1996]).

For example, as in Figure [2] a participant might choose between winning the bonus if the ball
marked A is red and playing a lottery with a chance of winning 50%. The matching probability is
the probability p at which the participant is indifferent between the two options 20¢,;0 ~ 20p0. It
will depend on the participant’s belief that the event would occur and the participant’s attitudes
towards uncertainty. The matching probabilities between the lottery and the bet on the color were
derived using the bisection method, and the matching probabilities are defined as the midpoint
between switching points. A further explanation of the bisection method can be found in Appendix
Six matching probabilities were elicited: three for single-event prospects (e.g., the retrieved ball
is red) and three for their complement (e.g., the retrieved ball is yellow or blue). Monotonicity was
enforced in the choices: the matching probability of a composite event could not be lower than that
of any of its single events. After the six matching probabilities were elicited, subjects continued to
the next urn until they completed this process for all three urns. The order of presentation of the

urn was randomized.



OPTION 1: Receive a bonus of $20 if the ball marked with A is OPTION 2: Receive a bonus of $20 with a chance of

red
O N
out of 100

o @)

Figure 2: Example of a matching probability

2.2 Information arms

As mentioned above, the treatment arms differed only in the type of information provided on the
contents of the urn. In the DfD arm, subjects were given exact information about how many
balls of each color were marked with A and how many were marked with B before the ball that
would determine the state of the world was drawn. This condition provides a setting where the
signal-event association is fully known, so any attitudes observed reflect the compound nature of

the risk rather than ambiguity about the association. Figure [3] gives an example.

. 2 are marked A O 6 are marked A . 10 are marked A
10 are marked B 6 are marked B 2 are marked B

Figure 3: Interface of the information in the urn in the DfD arm

In the DfE arm, subjects were not informed about the urn’s exact composition. Instead, they

could sample from the urn with replacement as many times as they wished, consistent with the

standard sampling paradigm in decisions from experience (Hertwig} [2015; |Olschewski et al., [2024)).

In this condition, the signal-event association must be inferred from observed draws, so subjects
face uncertainty about this association. Our analysis focuses on ambiguity attitudes and belief
updating; however, for completeness, Appendix [F] summarizes sampling behavior and presents

additional analyses of it. In line with the DfD-DfE literature highlighting the role of memory in

experience-based choice (Cubitt et al.,2022)), we provided a memory aid that displays the complete

sampling history throughout, such a tool is also present when subjects made choices. Figure[dshows



an example of the interface used in the Experience arm, with the colored sequences of the top being

the sampling history.

2 614 lelala|a alele o) alalala 14 A A 6lAlalA

Figure 4: Interface for the Sampling stage of DfE arm

3 Analysis

Eliciting the six matching probabilities allows us to adopt the belief hedge method (Baillon et al.|
2021). In particular, we use the specification found in Baillon et al.| (2018]). This method allows for

the measurement of ambiguity attitudes without knowing the subjects’ beliefs and it also allows for
the derivation of such beliefs. This separation is essential for the questions this paper addresses. To
study how signal informativeness shapes ambiguity attitudes, we need to ensure that variation in
matching probabilities across urns reflects genuine attitudinal differences and is not confounded by
differences in beliefs. Similarly, to study how beliefs react to information, we need measures that
are not contaminated by attitudes. For example, in the case of the strong signal, if the letter is A,
individuals should change their beliefs toward the ball being Red with a higher probability, while
decreasing the probability of Blue. At the same time, the ease with which subjects can associate the
letter with a color in such a high-information signal should reduce the uncertainty they perceive.
Such an effect should be more noticeable especially in the Experience arm where distributions are
not known, thus reducing ambiguity attitudes. On the other hand, in a low or no information

situation, individuals are found to overreact to signals, changing their beliefs when they should not

(Ba et al.} 2024} |Augenblick et al.| [2024), and their attitudes are more pronounced. Disentangling

attitudes and belief effects allows us to properly estimate the reaction of both of these behavioral

constructs to informational content.
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3.1 Ambiguity attitudes

Individuals in both the Experience and Description conditions face three urns u € {N, W, S}, where
N stands for the no information urn, W for the urn with the weak signal and S for the urn with
the strong signal. For each urn, a ball is drawn, and then the letter on the ball ¢ is announced,
o € {A, B}. The event of the ball being of a particular color is represented by Col = k for simple
events and Col = k U for composite events, where k # [ and k,l € {Red,Yellow, Blue}. For
simplicity, we write m,, ; instead of m(k|o,), as all matching probabilities elicited are conditioned
on the same letter for a given urn.

If individuals were Subjective Expected Utility Maximizers, then the matching probability
would just give us their belief about the event m,(Col) = P(Collo,). Such beliefs would be
congruent with probabilities, so m,(Col) + m,,(Col¢) = 1. Typically, individuals do not comply
with SEU meaning that their elicited beliefs are contaminated by their attitudes. For example, an
ambiguity averse individual would reveal m,(Col) + m,(Col®) < 1. It was the case that in order
to affirm that the subjects’ beliefs were contaminated by attitudes, it was necessary to know the
uncontaminated beliefs beforehand; this is not necessary now when using [Baillon et al/s method.

Let Mg, = (Mu, Biue + Mu, Red + Mu,yellow)/3 be the average matching probability for all single
events and let all composite event matching probabilities average be M¢, = (My,BlueUyeliow +

M, Y ellowURed + My, BlueuRed)/3. The proposed index of ambiguity aversion is as follows
by =1 - (ms, +mc,)

For Subjective Expected Utility maximizers we have g, = 1/3 and T, = 2/3 and thus b = 0
the neutrality point. Typically, the index is in [—1,1]. Under ambiguity neutrality, the matching
probability of an event and its complement sum to 1; under ambiguity aversion, this sum falls below
1. The index b captures the average of this shortfall: when b > 0, individuals dislike the uncertain
events, preferring even lotteries with low winning probabilities over betting on the event. The
opposite, b < 0, means a systematic preference for the uncertain events. In the DfD arm, positive
values of b reflect avoidance of the complex (i.e. compound) urn’s risk in favor of the simpler risk
of the lottery, whereas in the DfE arm they reflect avoidance of uncertainty in favor of known risk.

The aversion index captures a motivational aspect, that is, pursuance or avoidance of uncertain
events. The next index captures the cognitive side of uncertainty attitudes. In particular, it
captures to what extent ambiguity confuses individuals, ultimately making them have an all-
or-nothing attitude in which different levels of belief are treated alike. It has been called the

a—insensitivityﬂ index (Dimmock et al., [2016).

La-insensitivity stands for Ambiguity generated likelihood insensitivity
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1 _
Ay = 3 X (3 — (me, —msu)>

Expected utility maximizers have a,, = 0. Most of the indices will lie in [0,1]. Under ambiguity
neutrality, composite events are judged as more likely than single events, and the difference between
their matching probabilities is ¢, — g, = 1/3. As individuals become confused by ambiguity,
this difference shrinks: single and composite events are treated more alike. The index a measures
how much this difference falls short of 1/3. In the extreme case, individuals make no distinction
between single and composite events (¢, = Mg, ), yielding a = 1.

As this work uses measurements of attitudes that the Description-Experience gap has not used
before, it is worth relating them to the parametric forms used in this literature. The most popular
was proposed by |Goldstein and Einhorn| (1987). In this form there are two parameters, an elevation
parameter and a curvature parameter. The aversion index used in this work relates to the elevation
parameter in probability weighting functions, while the a-insensitivity index is closely related to
the curvature parameter. A crucial difference, however, is that in the Goldstein-Einhorn family
elevation and curvature are not independent, whereas the indices used here are orthogonal (Baillon
et al.|(2021), Theorem 12). This independence is important for our analysis because, as we will

show, aversion and insensitivity move in opposite directions between Description and Experience.

Within-arm analysis: does informativeness shape attitudes?

The primary question is whether attitudes vary with the informativeness of the signal. If signal
informativeness shapes ambiguity attitudes, then the indices should differ across the No, Weak,

and Strong urns within the same treatment arm:
7J 77 77
by # by # bs

ay # aly #
with j € {DfD,DfE}. We expect that the indexes decrease as the signal becomes more informa-
tive, because a stronger signal-event association should make the event more appealing. Whether
the two components respond similarly or differently to informativeness is an open question. Prior
work suggests they capture distinct aspects of ambiguity attitudes — insensitivity has been found
to respond to cognitive factors such as competence with the source and time pressure (Kilka and
Weberl, 2001} Baillon et al.l |2018]), while aversion has not. However, these findings do not directly

speak to the effect of signal informativeness, which is novel to this study. The orthogonality of the
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two indices (Baillon et al. 2021) means that any differential response can be detected, should it
exist.

This within-arm comparison is informative in both treatment arms, but for different reasons. In
the Experience arm, where the signal-event association is not known, variation across urns would
indicate that attitudes respond to the informativeness of the signal as it is inferred from sampling.
In the Description arm, where the association is fully known, the same comparison provides a
benchmark: if attitudes also vary with informativeness under full information, it would suggest that
stronger signal-event associations make individuals more comfortable betting on events regardless

of whether uncertainty is present, rather than this being a phenomenon specific to ambiguity.

Between-arm analysis: do attitudes differ across Description and Experience?

Following the literature from the Description-Experience gap that has found that individual deci-
sions differ under both conditions (Wulff et al. |2018; |[Hertwig) |2015)), we also perform a comparison

between arms. The general averages of both indexes should differ:

FDID ” FDIE

DfD DfE

b #b

In addition, we compare each urn with its counterpart in the other arm:

@ DID £ g DIE

—DfD , —DJfE
by # by

This between-arm comparison serves a dual purpose. It extends the DfD-DfE literature to a setting
with signals. It also helps contextualize the within-arm effects: if informativeness shapes attitudes
in Experience but not in Description, the effect is specific to conditions where the signal-event

association is not fully known.

3.2 Beliefs

The method used in this work allows for measurement of the a-neutral probabilities as well. They

are additive probabilities that capture beliefs once corrected for ambiguity attitudesﬂ (Li et al.|

2Li et al.|(2019) characterize these probabilities as the belief that the ambiguity neutral twin of our subjects will
have and show the assumptions necessary to obtain them
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2019). The a-neutral probabilities conditional on the signal are:

May,501 + Moy, iUk — My k — Myl
2(1 — ay)

w(Col = iloy) =

where i, k,l € {Blue,Yellow, red}.
The analysis of the updating of a-neutral probabilities follows methods in the literature that

estimate under- or overweighting of probabilities.

3.2.1 Updating Analysis

Given the additive beliefs, it is now possible to analyze how they react to information in both DfD
and DfE. In order to estimate the parameter quantifying the weight individuals give to information,
we assume the widely applied quasi-Bayesian model (Grether, 1992 Holt and Smith}|2009; |Ambuehl
and Li, |2018; |Coutts, 2019; Mobius et al., 2022; |Augenblick et all [2024) and we use a log-odds
specification to derive it. Such specifications are known as the Grether regressions, but in most
studies using them the state space is binary, and log-odds completely capture it. Instead, here we
calculate the Grether regressions for the log-odds of each color and its complememﬂ as seen in
equation [2] where we model how subject 7 uses signal ¢ from urn u to form the a-neutral belief
i, with p capturing the weight given to new information. When p = 1 individuals update as a
Bayesian would. when p < 1, individual underreacts to information and when p > 1 they overreact

to it.

Given that the unconditional probabilities of the colors are always 1/3, then the log odds of
the priors is always In(1/2). Thus, the constant in this specification will just reflect the log-odds
of the priors as seen in Eq. [3] Hence, it is important that individuals understand the composition
of the urn. Because of this, a comprehension questiorﬂ was added about the contents of the urn

and subjects who did not correctly answer it were removed from the analysis.

m;(Col|oy,) B Pi(0,|Col) _
n (1 - m<col|au>> = fot pin <P¢<au|cozc> e )

3Ba et al.| (2024) argue against using the Grether equations for more than three spaces because multiple log-odds
ratios are needed to capture all possible combinations of states, thus implicitly assuming that agents distort each
pair of prior odds and signal likelihoods in an identical way. We relax this by considering the log-odds of the
state and its complement, thereby reducing the number of necessary log-odds combinations to equal the number of
states. Moreover, the Dirichlet prior assumed for the DfE arm (Section has the aggregation property: the
marginal distribution of any event versus its complement is a Beta distribution. The log-odds of each color versus
its complement thus corresponds to the log-odds of a natural binary partition, rather than an artificial binarization
of the three-state space.

4The question can be found in appendix [B| Figure
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This equation will be estimated for both experience and description independently, in order to
estimate if there exists conservatism in the conditions. To explore any possible differences between

arms the two arms are pooled together and the following regression is estimated

Pi(0,|Col)

7;(Col|oy)
In ( P; (04| Col)

1_7_(_Z(Col0_u)> p0+p1 f l+p2ln(

Pi(04|Col)

where DfF is a binary variable that indicates whether subject i was assigned to the DfE arm.
Thus, p; captures whether baserate log-odds differ between DfD and DfE (i.e., a level difference in
beliefs holding the information term fixed). The coefficient ps captures the average weight subjects
place on the information in the Description arm, while ps captures whether this weight differs in
the Experience arm. The main specification in the paper uses a random-effects model, but we also
report a fixed effect specification and a clustered standard errors specification in Appendix [I] and
Appendix [J] These alternative specifications are particularly relevant for the DfE arm: because
the information term is derived from subjects’ sampling histories rather than fixed by design,
unobserved traits that affect both sampling behavior and belief reports may induce correlation

between the individual-specific component and the regresso

3.2.2 Signal Probabilities

Estimating under- or overreaction by means of Eq. [3] and Eq. [ requires the probabilities that
individuals assign to the signal given each state, P;(o,|Col). In the case of the description arm,
since individuals know the contents of the urn, it is natural that this probability corresponds
to the actual proportion of letter o, in color Col of the urn, that is P;(0,|Col) = P(0,|Col).
However, in the case of the Experience arm, individuals do not observe this information directly,
thus P;(0,|Col) # P(0,|Col) as using the actual likelihood of the urn distribution can lead to bias
in the estimation of reaction to information.

Deriving a likelihood from subjects’ actual sampling histories under DfE requires characterizing
the inference problem they face. Subjects were informed about all marginal distributions (Section
, so what is unknown is the joint distribution of colors and letters. We model the problem as
if subjects were inferring the composition of the urn they are sampling from, within the set of
compositions consistent with the known marginals. Given the constraint that each color has 12
balls, that 18 balls are marked A and 18 are marked B, and that each color has at least one ball
of each letter, there are 91 possible urn compositions.

The prior over the 91 compositions is a discrete distribution, with probability masses propor-

tional to the Dirichlet density D(a,,), m = {1,2,3,4,5,6}, evaluated at each composition’s vector

5This concern does not arise in DfD, where the information term is pinned down by the urn design and is thus
the same for all subjects facing the same urn.
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of joint probabilities. All concentration parameters o are set equal. Such symmetry reflects the
principle of insufficient reason (Savage, |1954)): before sampling, subjects have no basis for believing
that one color-letter combination is more prevalent than another. This guarantees that the prior
expectation for each joint probability is >, ny * P(Coly Noy) = 1/6. The symmetric Dirichlet
thus involves two assumptions: that no color-letter combination is favored a priori (equal o param-
eters), and a specific degree of prior dispersion (the value of ). We maintain the first throughout,
as there is no basis for breaking symmetry. We vary the second to assess robustness, since we
cannot observe subjects’ actual prior expectations about the urn compositions.

The implications of the value of a are as follows: when « < 1, more probability mass is placed
on extreme compositions, those with pronounced differences in color-letter proportions, than on
moderate ones. When « > 1, more weight is placed on compositions close to the symmetric urn
with 1/6 in each color-letter combination. The special case o = 1 is the uniform distribution,
under which all 91 compositions are equally likely a priori.

How subjects learn from sampling depends on the interaction between this prior and the ob-
served data. After each draw, posterior weights are updated via Bayes’ rule: the likelihood of
the observed color-letter combination under each composition multiplies its prior weight, and the
weights are renormalized. Because only compositions consistent with the known marginals receive
positive weight, these constraints are maintained throughout. If a subject observes more A-Red
balls, the posterior places more mass on compositions with higher A-Red proportions. How quickly
the posterior moves away from the prior depends on «: a low « concentrates mass on extreme com-
positions, so each draw is highly informative and the posterior shifts rapidly; a high « concentrates
mass on moderate compositions, so more draws are needed before the posterior departs substan-
tially from the prior. The primary analysis uses « = 1 (uniform priors). To assess robustness, we
also report results for &« = 1.5 and o = 0.15, which correspond to priors that favor moderate and
extreme compositions, respectively.

The signal probability used in the updating analysis, P;(o,|Col), is the posterior predictive
probability: the weighted average of each composition’s conditional probability of the signal given
the color, where the weights are the posterior probabilities over compositions given subject i’s
sampling history.

By deriving P;(0,|Col) from each subject’s sampling history, this work addresses two related
concerns raised in the DfD-DfE literature. |Aydogan| (2021) showed that assumptions about prior
beliefs can affect whether a gap between experience and description is detected. |Abdellaoui et al.
(2011) argued that comparisons of attitudes and beliefs should be based on the information sub-
jects actually faced, not the underlying distribution of the urn. Both concerns point to the same

principle: in DfE, the relevant signal probabilities are those implied by the subject’s own observa-
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tions, not the true urn composition. The Dirichlet model implements this principle — the posterior

P;(0,|Col) reflects the sampled information and the assumed prior.

4 Results

4.1 Data

We recruited 400 subjects from prolific, comprising 194 males and 197 femalesﬂ The average
bonus won was $7.8. Individuals were assigned to the Decision from Description or Decision from

Experience arms. Table [2| shows the composition of each group by demographic characteristic.

All DD  DfE

Age

Mean 38.98 38.35 39.61
SD 12.76  13.17 12.32
Education in %

High school 33.08 32.18 34.17
Higher education (Bachelor) 49.00 48.02 50.25
Post-graduate education 17.66 19.80 15.58
Gender in %

Female 49.00 48.02 50.25
Male 48.26  50.50 46.23
Non-binary 199 099 3.02

Table 2: Descriptive statistics for the complete sample

As stated in the pre-registration, the analysis was only performed using those individuals who
passed both comprehension checks, both questions can be found in appendix The sample is
then reduced to 295 subjects of which 142 subjects were assigned to the DfE arm and 153 subjects
were assigned to the DfD arm. Table [3] shows the composition of the subjects who passed both
comprehension checks and who will be used in the analysis.

When probabilities were recovered, there were five individuals whose probabilities did not lie
inside the unit interval, all of them in the DfE arm. Attitudes and a-neutral probabilities were
recalculated for these individuals, forcing their beliefs to lie in the unit interval. The analyses
without these individuals do not differ qualitatively and are found in the Appendix [H] The anal-
yses without probabilities being in the unit interval do not differ in magnitude from the analysis

presented here.

6The rest of the subjects reported they were non-binary or preferred not to reveal their gender
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All DD  DfE

Age

Mean 37.83 37.54 38.15
SD 12.36 12.89 11.79
Education in %

High school 34.58 33.33 35.92
Higher education (Bachelor) 48.47 47.06 50.00
Post-graduate education 16.95 19.61 14.08
Gender in %

Female 50.17 50.98 49.30
Male 4712 48.37 45.77
Non-binary 237 065  4.23

Table 3: Descriptive statistics excluding individuals who did not pass the comprehension check

4.2 Attitudes

We begin with the primary question: does signal informativeness shape ambiguity attitudes when
signal-event associations must be inferred from sampling? We then examine whether the same pat-
tern holds in the Description arm, where associations are fully known, before turning to differences

between the two conditions.

Attitudes across informativeness levels within each arm

Within-treatment repeated-measures ANOVA reveals that in the DfE arm, signal strength affects
aversion (F'(2,282) = 3.11,p = 0.05). Post-hoc analysis shows that aversion is higher for the
non-informative signal than for the strong signal (Ms_ny = —0.05,t = —2.40, ppons = 0.03), and
higher than for the weak signal at the 10% level (Myw _ny = —0.04,t = —1.89, ppons = 0.09). In the
DfD arm, by contrast, aversion does not differ across signal strengths (F'(2,304) = 1.84,p = 0.16).
When the signal-event association is fully known, varying its strength does not change how much
individuals avoid the event; as we show next, it affects only how well they discriminate between
different levels of likelihood.

Indeed, unlike aversion, there is evidence that insensitivity responds to informativeness in
both arms, though the evidence is weaker in DfD. In the DfE arm, signal strength affects in-
sensitivity (F(2,282) = 10.58,p < 0.01): the strong signal produces lower insensitivity than
both the no-information signal (Mg_ny = —0.11,t = —4.31, ppons < 0.01) and the weak signal
(Mg_w = —0.10,t = —3.85, ppons < 0.01), while the no-information and weak signals do not differ
(Prons = 0.97). In the DfD arm, a similar but weaker pattern emerges (F(2,304) = 2.83,p =
0.06): insensitivity in the strong signal is lower than in the weak signal (Ms_w = —0.05,t =

—2.30, ppons = 0.03). The complete pairwise post-hoc comparisons are in Table [J] and Table [10] in
Appendix [C]
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The effects of varying signal informativeness on aversion and insensitivity differ in two respects.
First, the two components respond differently to the degree of informativeness: for aversion, it
is sufficient for the signal to carry some information; for insensitivity, only the strongest signal
produces a decline. Second, aversion varies across urns only under uncertainty about the signal-
event association (DfE), while insensitivity varies in both arms, though the evidence is weaker
when the association is known (DfD). The within-arm patterns are evident in Figure [5| and Figure

0

0.3 0.3
0.2+ 0.2 *
I —
&1 0.1
0.1 _ =08
No Weak Strong No Weak Strong
(a) Decision from Description arm (b) Decision from Experience arm

Figure 5: Mean aversion index by urn. Symbols indicate Bonferroni-adjusted post-hoc pairwise
differences in mean aversion across urns ***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Do attitudes differ between Description and Experience?

Because these arms represent fundamentally different learning environments rather than isolated
experimental manipulations, we interpret these comparisons as descriptive characterizations rather
than causal estimates. Table [ reports summary statistics for the ambiguity attitude indices by
treatment arm. Averaged across urns, ambiguity aversion is higher in the DfD arm than in the
DfE arm. The same pattern holds urn by urn: for each of the No, Weak, and Strong signal urns,
aversion is higher in DfD than in DfE, and in DfE average aversion is close to neutrality across urns.
By contrast, a-insensitivity is lower in DfD than in DfE both on average and within the No and
Weak signal urns — the opposite direction of aversion — while for the Strong signal urn we find

no statistically significant difference between arms. The aversion comparison is consistent with

land Trautmann (2014), who document that allowing subjects to sample beforehand increases the

relative attractiveness of the ambiguous urn. However, sampling alone cannot explain the patterns
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Figure 6: Mean a-insensitivity index by urn. Symbols indicate Bonferroni-adjusted post-hoc pair-
wise differences in mean a-insensitivity across urns ***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

observed in Experience, as aversion varies across urns with different signal informativeness within
the DfE arm, indicating that the informational content of the signal, not just the act of sampling,

plays a role.

DfE DID
Mean SD Mean SD t P

Aversion

Average 0.01 0.23 0.11 0.28 -3.28 0.00
No 0.04 0.27 0.12 0.30 -2.54 0.01
Weak -0.00 0.29 0.10 0.29 -2.96 0.00
Strong -0.01 0.24 0.10 0.29 -3.45 0.00
Insensitivity

Average 0.36 0.22 0.28 0.25 2.85 0.00
No 0.40 0.29 0.29 031 297 0.00

Weak 039 030 030 029 260 0.01
Strong 029 025 025 029 126 0.21

Table 4: Comparison of means between urns in the DfE and DfD arms

Together, these between-arm patterns show that the two components of attitudes move in
opposite directions: aversion is lower in DfE while insensitivity is higher. For the strong signal,
insensitivity converges across arms (Table [d] ¢ = 1.26,p = 0.21), consistent with the within-arm

finding that strong signals reduce insensitivity in both conditions.
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4.3 Beliefs

As described in Section [3.2] a-neutral probabilities were estimated for the individuals in both
arms. Before presenting the results using these corrected beliefs, it is useful to illustrate why
the correction matters. In the Description arm, running the Grether regression (Eq. using
raw matching probabilities as the dependent variable yields a weight on information of p = 0.72
(Table in Appendix [G)). Using a-neutral probabilities instead yields p = 0.81 (DfD column
in Table [5). Both estimates indicate conservatism relative to the Bayesian benchmark (p = 1),
but the uncorrected estimate is further from it, suggesting that failure to separate attitudes from
beliefs may overstate the degree of underreaction. The remainder of this section uses a-neutral
probabilities throughout.

As seen in Section [2| Table [1) the pairs of conditional probabilities P(A|Red), P(B|Blue) and
P(A|Blue), P(B|Red) are equal to each other within each urn, so the Bayesian posterior is the
same within each pair. For the first pair, the signal increases the posterior as informativeness
grows; for the second, it decreases it. We group them accordingly in Figure [7] for DfD and Figure
for DfE.

For individuals in the DfD arm, the main distribution statistics are summarized in Figure [7]
The black points in this figure are the measured a-neutral posterior beliefs, as explained in [3.2]
and the purple points represent the Bayesian benchmark. As an example, for the no information
sample, the Bayesian posterior is 1/3 for both signal groups. For the non-informative signal, both
the Bayesian posterior and the measured posteriors juxtapose, meaning that both are very close.
For weak and strong signals, the main pattern seems to be that the sample’s mean posteriors (in
black) are lower than the Bayesian benchmarks (in purple). In fact, for the strong urn more than
half of individuals underestimate the probability with respect to the benchmark.

In the context of DfE the comparison with Bayesian benchmarks is not as straightforward. As
subjects sample as much as they wish and see different sequences of information, the benchmark
is not a single point. Furthermore, the benchmark posterior distribution is contingent on the
parameter assumed for the priors. Figure |8 shows a comparison between the distributions of the
measured a-neutral posteriors, denoted Act., and the distribution of the Bayesian posterior derived
assuming uniform priors (o = 1), denoted U. bench. It shows that the measured posteriors have
a more variable distribution than the uniform benchmark. Figure [8] shows comparable means
in both signal groups between benchmark and the actual posteriors. However, when the signal
decreases the posterior, the median of the strong signal is lower than the benchmark, indicating
more overreaction, whereas when the signal increases the posterior this pattern is less evident.
This underlines the importance of the analysis of the under- and overreaction using Eq. [3|to derive

inferences about the subjects’ behavior. Figure [12| for the comparison of the benchmarks with the
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Figure 7: Comparison actual posterior (Black) vs Bayesian benchmark (Purple) in DfD arm

values of & = 1.5 and a = 0.15 is available in Appendix
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Act. U.Bench  Acl. U.Bench  Act. U. Bench Act. U.Bench  Act. U.Bench  Act. U. Bench
No Weak Strong No Weak Strong
(a) Signal increases posterior (b) Signal decreases posterior

Figure 8: Comparison actual posterior (Black) vs Bayesian benchmark for a = 1 (Purple) in DfE
arm

4.3.1 Uniform Prior Analysis

Table |5| shows the parameter that captures the weight individuals give to the information from the
signal (weight of information) for both arms and for the pooled models. The hypothesis that p = 1
is rejected for the DfD arm (¢t = —8.32,p < 0.01), but cannot be rejected for DfE (t = —1.58,p =

0.11). That is, subjects in DfE assign a weight to information that is not distinguishable from
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DfD DfE Pool

(1) 2) 3) (4)

Weight of Info. (p) 0.81%** 0.92%** 0.81*** 0.81%**
(0.02) (0.05) (0.03) (0.03)
W. Info x DIE 0.11* 0.12*
(0.05) (0.05)
DIE 0.02 0.02
(0.03) (0.03)
Male 0.01
(0.03)
Bachelor —0.00
(0.03)
Post-Graduate 0.01
(0.04)
Age 0.01
(0.01)

Constant —0.70%** —0.68*** —0.70*** —0.70%**
(0.01) (0.03) (0.02) (0.03)
s_idios 0.52 0.94 0.74 0.74
sid 0.00 0.00 0.00 0.00
R? 0.48 0.22 0.31 0.31
Adj. R? 0.48 0.22 0.31 0.31

Num. obs. 1324 1146 2470 2461

***p < 0.001; **p < 0.01; *p < 0.05; +p < 0.1. Stars denote significance vs p = 0; tests of p = 1 are reported in the text.

Table 5: Reactiveness to information for the DfD and DfE arms and pooling both conditions

the Bayesian benchmarkﬂ while subjects in DfD assign significantly less weight than a Bayesian
would.

Interestingly, in both the DfD and DfE arms the estimation of the constant is close to the value
of the log-odds of the prior ln(%) ~ —0.69. In fact, in the DfD arm we have t = —0.47,p = 0.63,
and in the DfE arm ¢ = 0.68,p = 0.49. This experiment was not designed to capture base rate
neglect, as prior probabilities were symmetrical and their log-odds did not change through the
experiment. However, it gives some evidence of the adequacy of the estimated mode]ﬂ

Models (3) and (4) in Table [5| pool both conditions. The key term is W.info x D fE because
it tells us whether people in the Experience arm react differently to the information in the signal

than people in the Description arm. The results show clear underreaction in the Description arm.

By contrast, participants in the Experience arm react more strongly to the signal, which brings

7This finding is likely conservative. Some a-neutral probabilities equal zero, producing undefined log-odds that
are excluded from the regression. These zeros are more frequent in DfE than in DfD and are concentrated in the
strong signal urn (see Appendix . Because the dropped observations are those where the signal had its largest
effect, their exclusion likely biases p downward in DfE.

8The model explains substantially more variance in DfD (R? = 0.48) than in DfE (R? = 0.22). This is expected:
in DfD the information term is fixed by the urn composition and is identical for all subjects facing the same urn, so
the regressor is noise-free. In DfE the information term is derived from each subject’s sampling history and varies
across individuals even within the same urn, reducing the model’s explanatory power.
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their updating closer to the Bayesian benchmark. Under the uniform-prior benchmark, this is
consistent with a learning gap. Finally, the coefficient on D fF itself is not statistically significant
(Models 3 and 4), suggesting no clear overall shift in beliefs between arms once we account for the
information in the signal; the difference mainly shows up in how strongly participants respond to
that information.

Because the Experience arm builds on information generated through sampling, it is natural
to ask whether the estimated learning gap depends on how we account for individual differences
and repeated observations. We therefore complement the main random-effects results with two
robustness checks reported in the appendix: a fixed-effects specification (Table of Appendix
and inference with standard errors clustered at the subject level (Table of Appendix |J)).
Across these checks, the qualitative pattern remains the same: the pooled interaction is positive,
indicating stronger responsiveness to the signal in Experience than in Description. The interaction
is statistically significant at the 10% level under fixed effects and becomes insignificant under

participant-clustered standard errors.

4.3.2 Comparison with different priors

As discussed in Section the choice of the initial parameter o can matter for our analysis
because it changes what is assumed about how informative subjects expected the urn to be before
observing any draws. For example, if a subject placed substantial prior weight on very extreme
joint distributions (e.g., « close to 0.15) and sampled from the strong urn, signals are highly
diagnostic under such priors and their beliefs would move drastically after observing the signal. If
we wrongly assume the baseline specification (o = 1, implying a more uniform prior), we would be
comparing these large belief updates to a more moderate Bayesian benchmark. To bridge this gap,
the estimated weight placed on information (p) would be stretched upward, tending to overstate
responsiveness to signals. Although there is no particular reason to expect such extreme initial
beliefs, exploring how the assumed prior affects the estimated responsiveness to information is
useful to assess robustness. It is worth emphasizing that the sensitivity to « concerns only the
updating analysis in DfE: the measurement of ambiguity attitudes does not require any assumption
about priors.

Table [ shows the estimate of the average weight of information for each assumed concentration
parameter . As expected, if individuals expect ex ante that extreme urns are very probable, then
signals are expected to be very informative and the implied information term becomes stronger.
With « = 0.15, the estimated weight of information is below the Bayesian benchmark (p < 1; test
of p=1: t = —5.33, p < 0.01), implying conservatism in the Experience arm under this prior. In

contrast, with o = 1.5 the estimate is close to one, thus closer to the Bayesian benchmark.
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a=1 a=1.5 a=0.15

Weight of Info. (p) 0.92*** 1.02%** 0.76***
(0.05) (0.06) (0.04)
Constant —0.68*** —0.68*** —0.67***
(0.03) (0.03) (0.03)
s_idios 0.94 0.93 0.95
s_id 0.00 0.00 0.00
R? 0.22 0.22 0.20
Adj. R? 0.22 0.22 0.20
Num. obs. 1146 1146 1146

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1. Random Effects estimation

Table 6: Reactiveness to information for different initial parameters « for the Experience arm

Table [7] reports the pooled regressions comparing Experience and Description under the same
three priors. The qualitative pattern mirrors the previous results. For a = 1 and especially for
a = 1.5, the interaction term W.Info x DfFE is positive, indicating stronger responsiveness to
information in Experience than in Description. When o = 0.15, this interaction becomes small

and we do not detect a differential impact of Experience on information weighting.

a=1 a=1.5 a=0.15
Weight of Info. (p) 0.81*** 0.81*** 0.81***
(0.03) (0.03) (0.03)
W. Info x DfE 0.11* 0.21%** —0.05
(0.05) (0.06) (0.05)
DfE 0.02 0.02 0.03
(0.03) (0.03) (0.03)
Constant —0.70*** —0.70*** —0.70***
(0.02) (0.02) (0.02)
s_idios 0.74 0.74 0.75
s_id 0.00 0.00 0.00
R? 0.31 0.32 0.30
Adj. R? 0.31 0.31 0.30
Num. obs. 2470 2470 2470

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1. Random Effects estimation

Table 7: Pooled models of reactiveness to information for different parameters « for the Experience
arm

As in the previous section, similar analyses with alternative model specifications are reported
in Appendix [l and [J}] The patterns are very similar: results for &« = 1.5 do not change, while for
a = 0.15 the pooled interaction remains close to zero and, with participant-clustered standard

errors, the coeflicient on D fFE becomes significant.

25



4.4 Summary of results
Table [§] summarizes the main findings.

Table 8: Summary of results

Panel A: Attitudes across informativeness levels within each arm

Aversion Insensitivity
Comparison DD DIE DD DIE
No vs Weak n.s. + n.s. n.s.
No vs Strong n.s. * n.s. * K ok
Weak vs Strong n.s. n.s. * * % ok
ANOVA n.s. * + *k

Panel B: Do attitudes differ between arms?

Urn Aversion® Insensitivity®
No * 33
Weak *ok *k
Strong *% n.s.
Average * % % * % %

Panel C: Weight of information (p)

Prior DfD DfE Difference®
a=1 0.81 0.92 0.11*
a=15 — 1.02 0.21%**
a=0.15 — 0.76 n.s.

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1. Panel A: Bonferroni-corrected post-hoc pairwise comparisons. Panel B:
two-sample t-tests.

@ Aversion is higher in DfD than in DfE for all significant comparisons.

b Insensitivity is higher in DfE than in DfD for all significant comparisons.

¢ Coefficient on the interaction W.Info x DfE from the pooled regression (Table [7)). Stars denote significance vs zero;
tests of p = 1 are reported in Sectionm DfD is invariant to «.

The central finding, from the Experience arm where subjects infer signal-event associations
from sampling, is that ambiguity attitudes vary with the informativeness of available signals, and
that the two components respond differently. Aversion decreases with informativeness in DfE
but not in DfD. Insensitivity decreases only for the strongest signal in both arms, though the
evidence is weaker in DfD. Between arms, aversion is consistently higher in DfD while insensitivity
is consistently higher in DfE. For beliefs, subjects in DfE cannot be distinguished from Bayesian

updating under priors that do not place substantial weight on extreme compositions, while subjects

in DfD consistently underreact to information.
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5 Discussion

The central finding of this paper is that ambiguity attitudes vary systematically with the infor-
mativeness of available signals. In the Experience arm, where subjects must infer the signal-event
association from sampling, both aversion and insensitivity decline as signals become more infor-
mative — but they do so differently. Aversion is clearly lower for the strong signal, with weaker
evidence for a decline already at the weak signal. Insensitivity requires a stronger signal before it
declines. In the Description arm, where the association is fully known, aversion does not respond
to informativeness at all, while insensitivity shows a similar but weaker pattern, declining only
for the strongest signal. These findings show that ambiguity attitudes respond to the informa-
tional content of signals, extending the literature by separately identifying attitudes and beliefs in
a setting with uncertain signals.

Our findings are consistent with the spirit of source preference theory (Tversky and Fox| |1995;
Abdellaoui et al., [2011; [Wakker, |2010), which established that attitudes vary across sources of
uncertainty and hypothesized that the amount of knowledge or competence a decision-maker has
about a source is a key driver of this variation. Within the Experience arm, varying informativeness
changes both components of attitudes, which is reminiscent of how attitudes differ across sources
that vary in familiarity or competence (Kilka and Weber| 2001). Whether differences in signal
informativeness operate within a single source of uncertainty or effectively define distinct sources
is an open question. In our design, the three urns share the same marginal distributions and differ
only in the strength of the signal-event association; one could view them as a single source with
varying informativeness or as three sources defined by their informational content. Resolving this
distinction is beyond the scope of this study.

A natural concern with our DfE design is that sampling is endogenous: subjects choose when
to stop, so the information they carry into their decision is self-selected. |Abdellaoui et al.| (2024)
address this concern by exogenously fixing the number of draws before choice and find that learning
moves ambiguity attitudes toward neutrality — a result consistent with the within-arm patterns
we observe. However, when the question is how attitudes respond to different levels of signal
informativeness, exogenous sampling may introduce its own problems: if subjects are forced to
stop before they can distinguish a weak association from a strong one, their attitudes may reflect
the imposed constraint rather than their response to the informativeness of the signal; if they are
given enough draws, the association may become effectively known, eliminating the ambiguity the
design is meant to study. Free sampling means that any residual ambiguity at the point of decision
reflects the amount of information subjects voluntarily gathered, rather than a constraint imposed

by the experimentelﬂ

9In our data, the correlation between the number of samples drawn and ambiguity attitudes is weak at best; see
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There is also a less obvious reason why exogenously varying informativeness while holding
residual ambiguity fixed may not be as straightforward as it appears in signal settings. Unlike
classical ambiguity about the state distribution, ambiguity about the signal-event association can
only be reduced by observing joint realizations of signals and events. In our design, both marginal
distributions are known and the only unknown is the joint distribution of signals and events —
so any information about the joint could in principle resolve both informativeness and residual
ambiguity simultaneously. Whether this entanglement actually confounds identification is an open
question, but it is one of the reasons we chose free sampling, where the residual ambiguity at the
point of decision is a natural consequence of subjects’ own information gathering. Now that we
have established that signal informativeness shapes ambiguity attitudes, an interesting next step
would be to explore how the mode of information acquisition — active sampling versus passively
receiving observations — and the quantity of information interact with this relationship.

The attitudes observed in the Description arm deserve separate consideration. In DfD, subjects
know the exact composition of each urn, so there is no ambiguity about the signal-event associ-
ation. The positive aversion observed in DfD therefore reflects avoidance of compound risk —
the complexity of evaluating a conditional probability structure — rather than ambiguity. This
is consistent with findings that attitudes toward compound risks differ from those toward simple
risks (Armantier and Treich| [2016; [Halevy, 2007) and from those toward ambiguity (Abdellaoui
et al.| [2015)). Moreover, the comparison of attitudes between DfD and DfE underscores the need to
account for this distinction: studies of belief updating that use matching probabilities and assume
that attitudes toward the compound signal-event structure are equivalent to those toward the sim-
ple lottery — as in |Ambuehl and Li (2018) — may mischaracterize the quality of updating, since
the compound risk literature shows precisely that these attitudes differ.

The type of uncertainty subjects face in this study also deserves clarification. Before making
their choices, subjects know which letter is on the sampled ball, which means some uncertainty
has already been resolved. This is a key difference from [Epstein and Halevy| (2024), where no
signal has been drawn and the elicitation is done for both signals. We therefore do not address
attitudes toward signal uncertainty directly, as their definition of attitudes toward signal ambiguity
requires the violation of the martingale property of Bayesian updating, and thus the elicitation of
conditional probabilities for both signals. In this experiment, since there is no uncertainty about
the color composition of the urn, what introduces uncertainty is the unknown relationship between
letters and colors — a setting with parallels to those explored by |Kops and Pasichnichenko| (2023)
and |Liang| (2019)). What we capture is the posterior ambiguity attitude after the realization of an

uncertain signal whose conditional distribution on color is unknown.

Appendix E for details.
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The between-arm comparison reveals that aversion is higher in DfD while insensitivity is higher
in DfE — opposite directions for the two components. Detecting this pattern requires indices that
are independent of each other. In the Goldstein-Einhorn probability weighting family, the eleva-
tion and curvature parameters are not independent, so opposite movements in the two components
could partially offset each other and go undetected. The orthogonality of the indices used here
(Baillon et al| (2021, Theorem 12) ensures that each component is measured without contamina-
tion from the other. This matters practically: a single-parameter measure that blends aversion and
insensitivity would show a smaller or ambiguous difference between Description and Experience,
potentially leading to the conclusion that the two conditions produce similar attitudes.

Turning to beliefs, in the Description arm subjects exhibit underreaction in their updating of the
probabilities of payoff-relevant events, consistent with findings in the literature with binary state
spaces (Holt and Smith| [2009; [Ambuehl and Lil |2018; |Coutts| |2019). This finding contrasts with
Ba et al.| (2024)), who find overreaction when there are more than two states. Several differences
between the studies may account for this: they compare over- and underreaction to an expected
value, while our states are not collapsible to a single number, and we assume a log-odds functional
form, which they avoid.

In the Experience arm, subjects assign a weight to information that is not distinguishable from
the Bayesian benchmark under priors that do not place substantial weight on extreme compo-
sitions (o > 1). This finding is consistent with Moreno and Rosokhal (2016), who observe that
new information is given greater weight under ambiguity, although in their study the unknown
element was the distribution of states rather than the signal-event association. The result depends
on the assumed prior: under o = 0.15, which concentrates mass on extreme compositions, the
learning gap disappears. The priors under which the gap is detected (o > 1) are arguably more
plausible: |Aydogan et al.| (2024)) estimated prior parameters in a two-state model and found them
to be approximately uniform, with individuals assigning greater weight to central values than to
extreme ones. However, in our three-state setting, completely discarding extreme distributions is
not possible, so the sensitivity to the prior remains a limitation. This study follows |Aydogan| (2021)
in showing the importance of priors for detecting gaps in the DfD-DfE literature; however, since
we use the belief hedge method, priors are not needed to measure attitudes — only to determine
whether there is a learning gap.

A possible solution would be to measure prior beliefs before sampling and estimate parameters
for initial priors. However, such a measure would need to be collected before sampling, which would
require eliciting conditional behavior for both signals. This would mean comparing contingent
elicitations of the prior with contingent elicitations of the posterior, and some literature suggests

that contingent thinking itself introduces bias (Aina et al., 2024). Developing methods for prior
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elicitation that avoid this confound is a direction for future work.

Returning to the doctor example from the introduction, our findings show that the concern
raised there is empirically consequential. When the signal-event association must be inferred — as
it is for the doctor facing an uncertain symptom — attitudes and beliefs are both at work, and they
respond differently to the strength of the association. Aversion declines as the association becomes
more informative, while insensitivity requires a stronger association before it drops. A measure
that conflates attitudes with beliefs would attribute her hesitation entirely to poor inference, when

in fact her beliefs may be sound and the hesitation reflects her response to the residual uncertainty.

6 Conclusion

This paper asked whether the informativeness of available signals shapes ambiguity attitudes.
Using the belief hedge method to independently measure attitudes and beliefs, we find that it
does — and that the two components of attitudes respond differently. Aversion decreases with
informativeness when the signal-event association must be inferred from sampling, but not when
it is fully known. Insensitivity responds only to the strongest signal in both conditions, though the
evidence is weaker when the association is known. These findings show that ambiguity attitudes
vary systematically with the informativeness of available signals.

The joint measurement of attitudes and beliefs proves essential. Using raw matching proba-
bilities rather than attitude-corrected beliefs overstates the degree of conservatism in updating,
confirming that the belief-attitude confound is empirically consequential. Applying the method to
the comparison of Description and Experience reveals that the two conditions differ along both
dimensions, with opposite signs: aversion is lower in Experience while insensitivity is higher. For
beliefs, subjects in Experience assign a weight to information that is indistinguishable from the
Bayesian benchmark under plausible priors, while subjects in Description consistently underreact.
This learning gap is sensitive to the assumed prior, highlighting the importance of prior elicitation
in future work.

Several open questions remain. Whether varying signal informativeness defines distinct sources
of uncertainty or operates within a single source is a question our design raises but cannot resolve.
How the mode and quantity of information acquisition interact with the effects documented here
is another direction for future research. More broadly, our results suggest that any applied setting
in which a principal chooses how informative a signal to disclose to an ambiguity-sensitive agent
should account for the possibility that the signal itself shapes the agent’s attitudes — not only her
beliefs.
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A Bisection Method

Yo}

'

o0
o

i

(o))
o]

;

u
(o)}

»

w

N

TIT

;

Figure 9: Sequence of lottery choices in the bisection method.

In this experiment, we implement the bisection method in the following way. Individuals first
faced a choice, as seen in Figure [2] The choice was between betting on the color or betting on
the lottery. Everyone started with a choice of 50% for single-color choices, and how the chances

of winning changed in the lottery choice is illustrated in Figure 0] The mechanic was as follows if
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subjects chose to bet on the color, then in in the sequence they would move up, if they chose the
lottery, then they would move down. This sequence would be repeated for 4 choices, the resulting
matching probabilities are shown in blue.

By employing the bisection method, it is possible that the subjects did not encounter the
question predetermined for payment. If this situation arose at the end of the experiment, the

participants would have had the opportunity to make their decision.

B Comprehension Questions

Consider the following choice scenario:

OPTION 1: Receive a bonus of $20 if the ball is rec OPTION 2: Receive a bonus of $20 with a chance
OR yellow ol

out of 100

From the hypothetical situations described below mark the one that would NOT give you

the bonus.

(O Option 1is chosen and the drawn ball is yellow.
(O Option 1is chosen and the drawn ball is red.
D Option 2 is chosen and the computer draws a 7.

(O Option 2 is chosen and the computer draws a 54.

Figure 10: Comprehension question about payment mechanism
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In summary:
Each umn has:

* 12 Red, 12 Yellow and 12 Blue balls (equivalently 1/3 Red,1/3 Yellow and 1/3 Blue).
* 18 of the balls are marked A and 18 are marked B (1/2 marked Aand 1/2 marked B).
® Atleastone ball in each color is Marked A and and at least one is Marked B.

® Focus on the proportion of 'A' or 'B' marked balls within each color.

The following question will test your understanding of the composition of the urns

Suppose that the urn has the following composition:

. 9 are marked A O 6 are marked A . @@ are marked A

3 are marked B 6 are marked B ?? are marked B

From the options below select the only possible values for @@ and ??.

O @@ s equal to 8, 2 is equal to 3
O @@ is equal to 6, 22 is equal to 6
O @@ is equal to 4, ?? is equal to 8

O @@ s equal to 3, ?? is equal to 9

Figure 11: Comprehension question about content of the urn
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C Post-Hoc analysis

Difference t p p-corrected
Weak-N.inf -0.04 -1.89 0.03 0.09
Strong-N.inf -0.05 -2.40 0.01 0.03
Strong-Weak -0.01 -0.45  0.33 0.98

Table 9: Mean comparison by signal accuracy in aversion for the experience condition

Experience Description
Difference t p p-corrected  Difference t p p-corrected
Weak-N.inf -0.01 -0.46 0.32 0.97 0.00 0.15 0.56 1.00
Strong-N.inf -0.11 -4.31  0.00 0.00 -0.04 -1.80 0.04 0.11
Strong-Weak -0.10 -3.85  0.00 0.00 -0.05 -2.30  0.01 0.03

Table 10: Mean comparison by signal accuracy in a-insensitivity
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D Beliefs
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Figure 12: Comparison actual posterior (Black) vs Bayesian benchmarks (Purple) with o = 0.15
and o = 1.5 in DfE arm
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E zeros in probabilities and Na’s in logodds
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Figure 18: Frequency of subjects with one zero in the probability estimation by Informativeness of
the urn
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F Sampling

N Mean SD  Median @25 q75

No 142 3197 27.83 29.00 11.00 44.00
Weak 142 27.66 24.19 22.00 11.00 38.00
Strong 142 28.08 28.50 21.00  10.25 36.00

Table 11: Summary statistics of sampling by urn

Cluster RE FE
Weak —4.31* —4.31** —4.31**
(1.71) (1.63) (1.63)
Strong —3.89** —3.89* —3.89*
(1.42) (1.63) (1.63)
Constant 31.97** 31.97**
(2.34) (2.26)
R? 0.01 0.02 0.03
Num. obs. 426 426 426

***p < 0.001; **p < 0.01; "p < 0.05

Table 12: Regression of sampling by urn

RE FE Cluster
N. Samples  0.00 —0.00 0.00
(0.00) (0.00)  (0.00)

Constant 0.03 0.01
(0.03) (0.04)

s_idios 0.16

s_id 0.21

R? 0.03  0.04 0.01

Num. obs. 426 426 426
***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 13: Relationship between ambiguity aversion and Number of samples
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RE FE Cluster
N. Samples —0.00f —0.00 —0.00T
(0.00)  (0.00)  (0.00)

Constant 0.39*** 0.39***
(0.02) (0.03)

s_idios 0.23

sid 0.17

R? 0.01 0.01 0.01

Num. obs. 426 426 426
***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 14: Regression of a-intensitivity against sampling
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Weight of Info. (p) 0.72%**

(0.02)
Constant —0.60***

(0.02)
s_idios 0.46
sid 0.11
R? 0.47
Adj. R? 0.46
Num. obs. 1377

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 15: Weight of information estimated using raw matching probabilities. The dependent
variable is the log-odds of the elicited matching probability of the event relative to its elicited
complement,In(m(Col)/m(Colc)). DD arm only. Random effects estimation.

G Analysis of information weight using raw matching prob-

abilities

H Analysis without Individuals with probabilities outside

the unit interval

Taking out the individuals whose probabilities lay outside the unit interval, we find that the

differences in magnitudes are very small, and the comparisons between arms are still significative

in the same way as they were in Section

Experience  Description

Mean SD Mean SD t p

Aversion

Average 0.02 022 0.11 0.28 -4.54 0.00
Non-informative  0.05 0.27 0.12 0.30 -2.24 0.03
Weak 0.01 028 0.10 0.29 -2.53 0.01
Strong -0.00 0.23 0.10 0.29 -3.14 0.00
Insensitivity

Average 0.36 0.22 0.28 0.25 4.01 0.00
Non-informative 0.40 0.30 0.29 0.31 3.04 0.00
Weak 039 030 030 0.29 255 0.01
Strong 0.29 025 025 029 1.31 0.19

Table 16: Comparison of means between urns in the Experience and Description arms

As there was no subject in the DfD arm whose probabilities were outside of the unit interval,

within-treatment comparisons do not change for them. The within-treatment anova for the DfE

arm does change in the case of aversion (F(2,274) = 2.81,p = 0.06), while significant at the 5% level

before it is only significant at the 10% level. However, for insensitivity, the results do not change
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as much (F(2,274) = 10.06,p < 0.01). The post hoc comparison of the aversion index show that

Difference t ) p-corrected
Weak-N.inf -0.03 -1.56  0.06 0.18
Strong-N.inf -0.05 -2.37 0.01 0.03
Strong-Weak -0.01 -0.74  0.23 0.69

Table 17: Mean comparison by signal accuracy in aversion for the experience condition

the difference between the strong signal and the noninformative signal is still significant, however
there is no difference between the weak and noninformative signal at the 10% level. However, for
the a-insensitivity the differences are still significant for the comparison between the strong signal

urn, and the non-informative and weak signals.

Difference t P p-corrected
Weak-N.inf -0.02 -0.59  0.28 0.83
Strong-N.inf -0.11 -4.26  0.00 0.00
Strong-Weak -0.09 -3.64 0.00 0.00

Table 18: Mean comparison on insensitivity by signal accuracy
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Excluding these subjects results in a lower estimate of the weight of information in the Expe-
rience arm, and the pooled interaction coefficient is no longer significant at the 5% level. Table 20
shows a similar pattern across prior specifications: the interaction coefficient is lower but remains

significant for « = 1.5

DfD DfE Pool
0 @ ® @
Weight of Info. (p) 0.81** 0.90*** 0.81** 0.81**
(0.02) (0.05) (0.03) (0.03)
W. Info x DIE 0.10% 0.11*
(0.05) (0.05)
DIE 0.02 0.02
(0.03) (0.03)
Male 0.01
(0.03)
Bachelor —0.00
(0.03)
Post-Graduate —0.00
(0.04)
Constant —0.70*** —0.68*** —0.70*** —0.70***
(0.01) (0.03) (0.02) (0.03)
s_idios 0.52 0.93 0.74 0.74
sid 0.00 0.00 0.00 0.00
R? 0.48 0.21 0.31 0.32
Adj. R? 0.48 0.21 0.31 0.31
Num. obs. 1324 1119 2443 2434

**¥p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1. Random Effects estimation

Table 19: Reactiveness to information for the DfD and DfE arms and pooling both conditions
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a=1 a=1.5 a=0.15

Weight of Info. (p) 0.81*** 0.81*** 0.81%**
(0.03) (0.03) (0.03)
W. Info x DfE 0.10% 0.19*** —0.06
(0.05) (0.06) (0.05)
DIE 0.02 0.02 0.03
(0.03) (0.03) (0.03)
Constant —0.70%** —0.70*** —0.70***
(0.02) (0.02) (0.02)
s_idios 0.74 0.74 0.74
sid 0.00 0.00 0.00
R? 0.31 0.32 0.30
Adj. R? 0.31 0.31 0.30
Num. obs. 2443 2443 2443

¥ < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1. Random Effects estimation

Table 20: Pooled models of reactiveness to information for different parameters « for the Experience
arm
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I Fixed effects estimation reaction to information

DfD DfE Pool
M @) ) @
Weight of Info. (p) 0.81*** 0.90*** 0.81** 0.81***
(0.02) (0.05) (0.03) (0.03)
W. Info x DIE 0.10% 0.11%
(0.06) (0.06)
Controls No No No Yes
R? 0.49 0.21 0.31 0.31
Adj. R? 0.42 0.10 0.22 0.22
Num. obs. 1324 1146 2470 2461

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1 Fixed Effects estimation

Table 21: Reactiveness to information for the DfD and DfE arms and pooling both conditions

a=1 a=1.5 a=0.15
Weight of Info. (p) 0.81** 0.81%** 0.81**

(0.03) (0.03) (0.03)
W. Info x DIE 0.10T 0.20%** —0.06

(0.06) (0.06) (0.05)
R? 0.31 0.31 0.30
Adj. R? 0.22 0.22 0.21
Num. obs. 2470 2470 2470

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 22: Pooled models of reactiveness to information for different parameters « for the Experience
arm

J Estimation of reaction to information with clustered ro-

bust standard errors
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DD DIE Pool
Model 1 Model 2 Model 3 Model 4

Weight of Info. (p) 0.81*** 0.92*** 0.817** 0.81**
(0.04) (0.09) (0.04) (0.04)
W. Info x DIE 0.11 0.12
(0.10) (0.10)
DIE 0.02 0.02%
(0.01) (0.01)
Male 0.01
(0.01)
Age 0.01"
(0.01)
Bachelor —0.00
(0.02)
Post-Graduate 0.01
(0.02)
Constant —0.70*** —0.68*** —0.70*** —0.70***
(0.01) (0.01) (0.01) (0.01)
R? 0.48 0.22 0.31 0.31
Adj. R? 0.48 0.22 0.31 0.31
Num. obs. 1324 1146 2470 2461

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 23: Reactiveness to information for the DfD and DfE arms and pooling both conditions with
clustered standard errors.

1 1.5 0.15
Weight of Info. (p) 0.92°** 1.02° 0.76"**
(0.09) (0.09) (0.07)
Constant —0.68*** —0.68*** —0.67***
(0.01) (0.01) (0.01)
R? 0.22 0.22 0.20
Adj. R? 0.22 0.22 0.20
Num. obs. 1146 1146 1146

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 24: Reactiveness to information for different initial parameters « for the Experience arm
with clustered standard errors
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1 1.5 0.15

Weight of Info. (p) 0.81** 0.81*** 0.81**
(0.04) (0.04) (0.04)
W. Info x DIE 0.11 0.21* —0.05
(0.10) (0.10) (0.09)
DIE 0.02 0.02 0.03*
(0.01) (0.01) (0.01)
Constant —0.70%** —0.70%** —0.70***
(0.01) (0.01) (0.01)
R? 0.31 0.32 0.30
Adj. R? 0.31 0.31 0.30
Num. obs. 2470 2470 2470

***p < 0.001; **p < 0.01; *p < 0.05; Tp < 0.1

Table 25: Pooled models of reactiveness to information for different parameters « for the Experience
arm
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