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Ambiguous language is ubiquitous and often deliberate. Recent theoretical work (Bose 
and Renou, 2014; Kellner and Le Quement, 2018; Beauchêne et al., 2019) has shown 
how language ambiguation can improve outcomes by mitigating conflict of interest. 
Our experiment finds a significant effect of language ambiguation on subjects who are 
proficient at Bayesian updating. For ambiguity averse subjects within this population, 
a significant part of this effect operates via the channel of subjects’ desire to reduce 
ambiguity. For both ambiguity averse and neutral subjects within this population, an 
additional behavioral channel is also present.

© 2022 The Author(s). Published by Elsevier Inc. This is an open access article under the 
CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Individuals often make use of ambiguous formulations. Such ambiguity often appears deliberate as it could easily be 
avoided. Governors of the US central bank have been known for their use of cryptic language. In 1995, a speech by Alan 
Greenspan gave rise to very different headlines, the New York Times writing “Doubts voiced by Greenspan on a rate cut” 
and the Washington Post writing instead “Greenspan hints Fed may cut interest rates” (see Blume and Board, 2014).1 Other 
examples include contracts or advertising messages as well as political speech—e.g., former UK Labour Party leader Jeremy 
Corbyn’s stance on Brexit.

How and why senders resort to ambiguous messages remains subject to discussion. Clarifying this requires understanding 
better how audiences react to such messages. We conduct a lab experiment that focuses on a specific type of ambiguous 
messages characterized by non-probabilistic uncertainty about the used communication rule. After such a message, a re-
ceiver who originally had a unique prior now faces multiple posteriors, which he is not willing to compound into a single 
probability distribution over the unknown state of the world. Such non-probabilistic uncertainty is labeled ambiguity in 
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the decision theory literature, motivating our use of the term ambiguous messages. In our setup, non-probabilistic uncer-
tainty about the communication rule is generated by conditioning messages on privately observed draws from urns with an 
unknown composition (so-called Ellsberg urns). Echoing this description, real language features many expressions (cryptic 
sentences, unclear words) whose use cannot be described in probabilistic terms and which are, in this sense, ambiguous 
in their meaning. The type of ambiguous messages we study could be seen as a specific instance of vague language. By 
vagueness, one often means that the language is produced according to an unclearly defined rule.2

The study of language as an equilibrium phenomenon goes back to the seminal contribution of Crawford and Sobel 
(1982), which has since spurned a vast literature; theoretical, applied, and experimental (see Sobel, 2013; Blume et al., 
2020, for reviews). Key applications include settings with multiple senders or receivers, repeated communication over time, 
boundedly rational players or image concerns. Equilibrium communication in the baseline Crawford and Sobel (1982) does 
not feature ambiguity or vagueness but simply imperfect (i.e., coarse) information transmission: intervals of sender types 
pool on the same messages and thus leave the receiver ex post uncertain.

Kellner and Le Quement (2018) as well as Beauchêne et al. (2019) have shown how ambiguity might emerge in ad-
dition to pooling in the Crawford and Sobel (1982) model. The communication strategy there combines partitioning with 
non-probabilistic randomization. A central insight is that rather than hindering communication, language ambiguation—i.e., 
making language non-probabilistic—can help improve communication by mitigating conflict of interest. The insight is rele-
vant to important applications (see for example Evdokimov and Garfagnini (2019) for an experiment on communication in 
organizations).

Our experiment aims at testing whether real subjects’ response to language ambiguation echoes theory. Does ambigua-
tion affect behavior in the expected direction and in a quantitatively significant way? If so, via which channels? Besides 
ambiguity averse (or loving) subjects’ specific response to ambiguity, behavioral effects could potentially be significant.

We find that ambiguation significantly shifts behavior in the expected direction. We focus our analysis on subjects who 
demonstrate good Bayesian updating skills when faced with standard partitional messaging rules, and we call these Bayes-
Competent. For Bayes-Competent subjects who are ambiguity averse, a significant part of the effect of language ambiguation 
operates through a specific hedging mechanism driven by subjects’ desire to reduce ambiguity. Perfect hedging would cor-
respond to the case where agents pick an action after observing an ambiguous message, which ensures that their expected 
utility is the same whatever the true randomization probability used by the sender. This effect complements an anchoring 
effect of similar magnitude. Among Bayes-Competent subjects who are ambiguity neutral, the hedging effect appears to be 
absent.

In the main treatment task, each subject (also called DM) must choose a number after observing a message issued by an 
automated process. The message provides information on an unobservable state drawn from [0, 100]. DM’s payoff decreases 
linearly in the distance between number and state. We run variations of this task within and between subjects. Our main 
focus is on the ambiguous variant, which we now describe.

The state ω is drawn from an (unambiguous) uniform distribution on [0, 100]. The latter interval is partitioned into 
three subintervals [0, 50), [50, c) and [c, 100], for some known c. There are three messages, �, X , and #. If ω ∈ [0, 50), 
the message sent is �. If instead ω lies in [50, c) or [c, 100], the message conditions also on an unobservable draw from a 
so-called Ellsberg urn featuring blue and red balls in unknown proportions. If the draw is red, the message is X if the state 
lies in [50, c) and # if it lies in [c, 100]. If the draw is blue, the use of X and # is reversed.

After observing �, DM has a unique posterior, so we expect her to choose 25, the conditional expectation of ω. In 
contrast, X and # leave DM with multiple posteriors, and her choice should thus depend on her ambiguity attitude and 
belief updating.

If a DM is ambiguity averse and uses prior by prior updating, a wide range of common models of decision-making under 
ambiguity (max-min, α-max-min, or the smooth model) predict that her optimal action is greater than 75 if c is greater than 
75. Similar behavior could arise under a known urn composition if the DM does not reduce compound lotteries. Instead, an 
ambiguity neutral DM considering both colors equally likely (at least on average) should choose 75 after X and #.

To gain some intuition, consider the case of a max-min DM choosing an action (a number) after the signal X or #. 
Such a DM evaluates every action according to its worst-case scenario, the lowest expected utility among all possible urn 
compositions. Practically, the decision maker needs to consider only the two extreme scenarios, which correspond to a 
degenerate urn composition (all balls red or all blue). Given the messaging rule, under one of these scenarios, the state ω is 
uniformly distributed over the interval [50, c), under the other scenario over the interval [c, 100]. For low actions, the worst-
case scenario corresponds to the high interval, and expected payoffs are increasing in the action. As the action increases, 
the worst-case scenario at a certain point changes to the low interval, and expected payoffs now become decreasing in the 
action. Overall, the worst-case expected utility is inverse v-shaped and uniquely maximized at the action where the worst-
case scenario shifts. At this action, all possible urn compositions yield the same expected utility, and thus, the decision 
maker is fully hedged against uncertainty.

To understand that this max-min action is greater than 75, note that for the action 75 the worst-case scenario uniquely 
corresponds to the high interval, as we explain now. Under the high interval, if 75 is chosen, the loss of |75 −ω| is uniformly 

2 See for example Lipman (2009); Williamson (1996); Peirce (1902). Lipman (2009), discussing vagueness, gives the example of the word “tall”, where 
the threshold above which someone should be called “tall” is uncertain (words such as “many”, or “good” are other examples).
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distributed over the interval [c − 75, 25] (with c − 75 > 0). Under the low interval, the loss is distributed instead over [0, 25]
and any loss in (0, c − 75]) is twice as likely as any loss in (c − 75, 25]. Thus, the high interval leads to a more adverse 
distribution of losses (in the sense of first-order stochastic dominance) and thus lower expected utility for the action 75. 
Next, note that under the high interval, since the state is known to be above c > 75, expected utility is still increasing in 
the action at 75. Thus, worst-case expected utility is increasing at 75 as well.3

We run a two-by-two treatment design. The first variable is the subjects’ knowledge of the composition of the urn 
(so-called risky vs. ambiguous treatments). The second variable is whether subjects are given help in updating their beliefs.

After the main treatment task, subjects perform a set of control tasks checking their (1) ability to update beliefs, (2) 
anchoring tendency, (3) risk and ambiguity aversion, and (4) cognitive ability.

Literature review Starting from Ellsberg (1961), a rich theoretical literature has developed on the subject of decision-making 
under ambiguity.4 Decision-making under ambiguity has also been studied experimentally.5

A new experimental literature studies responses to ambiguous signals. Epstein and Halevy (2019) study signals of 
ambiguous precision and distinguish between attitudes towards “prior-ambiguity” and “signal-ambiguity”. They find non-
indifference to signal-ambiguity and an association between attitudes towards prior- and signal ambiguity. Shishkin and 
Ortoleva (2019) and Kops and Pasichnichenko (2020) study the value of ambiguous signals in the case where “all news is 
bad news”.6 In this case, an ambiguity averse decision maker using prior-by-prior updating assigns a lower valuation to a 
given bet after every signal realization. The key is that for such signals—call them dilation signals—the set of posteriors after 
any signal realization contains the original set of priors.7 Shishkin and Ortoleva (2019) compare the willingness to pay for 
a 50:50 bet with and without being exposed to a dilation signal. The authors find, that empirically, decision makers do not 
assign a negative value to dilation signals, in contrast to theoretical predictions. Kops and Pasichnichenko (2020) instead of-
fer a choice between two comparable options, both of which involve being exposed to a dilation signal. The signal provides 
payoff-relevant information only for the second of two options, and this second option yields slightly higher payoffs in all 
states. They find that decision makers prefer the first option, where the dilation signal is not payoff-relevant, and, when 
given a further choice, prefer not to be exposed to the dilation signal.

In contrast to Shishkin and Ortoleva (2019) and Kops and Pasichnichenko (2020), in our experiment, signals have positive 
ex ante value—a relevant case for many applications—as they always reveal whether ω lies above or below 50. Yet, between 
our ambiguous treatment and an alternative in which X or # would be merged, a DM would prefer the latter. Without 
commitment, the ambiguity contained in X or # has a negative value ex ante. To reconcile Shishkin and Ortoleva (2019)
with our findings, one could posit that DMs ignore only signals that are not valuable from an ex ante perspective.

A rich body of work studies behavioral biases in belief updating (see for example Kahneman and Tversky, 1974; Oechssler 
et al., 2009). Anchoring occurs when irrelevant information becomes a reference point distorting peoples’ belief updating 
and action choice. For example, exposure to a random integer might affect guesses on the percentage of African countries in 
the UN. Cognitive sophistication has been shown to negatively correlate with such bias (see Oechssler et al., 2009; Bergman 
et al., 2010).

There exists a lively literature on strategic information transmission and various forms of vagueness, both theoretical 
and experimental. A key message of this literature is that vagueness can help incentivize more informative communication 
by senders and ultimately improve welfare. There are two strands of literature, (a) papers that take a non-probabilistic 
uncertainty approach and (b) papers that take an expected utility approach.

We build on the non-probabilistic uncertainty approach proposed in Kellner and Le Quement (2018) and Beauchêne et 
al. (2019).8 The other set of contributions studies language vagueness in an expected utility framework. A common aspect 

3 Under alternative models such as the smooth model and the α-max-min model, the DM is still influenced by worst-case expected utility, though to a 
lesser extent. Accordingly, the mechanism described above still applies but affects the DM’s action to a lesser degree. The same also applies if a max-min 
decision maker would not consider all possible probability distributions but, say, only those which she considers particularly plausible.

4 Ellsberg (1961) presents a thought-experiment displaying behavior incompatible with subjective expected utility maximization. He rationalizes behavior 
by introducing ambiguity aversion. The max-min Expected Utility model (Gilboa and Schmeidler, 1989) posits that an ambiguity averse DM facing multiple 
priors evaluates each action according to its worst-case expected utility across priors and maximizes the thereby constructed lower envelope. The smooth 
model of ambiguity aversion (Klibanoff et al., 2005) incorporates second order beliefs (a prior over priors) and quantifies the degree of ambiguity aversion 
through a concavity parameter which is a counterpart of the standard risk parameter. The max-min model and the smooth model yield similar predictions 
in our setup. Given ambiguity averse preferences (defined over an unrestricted domain) and an updating rule, the behavior must violate either dynamic 
consistency or consequentialism (see e.g., Siniscalchi, 2011; Hanany and Klibanoff, 2007, 2009).

5 Fox and Tversky (1995) finds that the effect of ambiguity is greater if only a subset of options features ambiguity. Halevy (2007) shows that ambiguity 
aversion strongly associates with the failure to reduce compound lotteries. Cubitt et al. (2019) find evidence that choices are more in line with the smooth 
ambiguity model than with max-min. Dominiak et al. (2012); Bleichrodt et al. (2018) find that subjects’ updating procedure is harder to reconcile with 
dynamic consistency than with consequentialism.

6 For theoretical discussions of the value of information under ambiguity aversion see Siniscalchi (2011); Li (2020).
7 See Seidenfeld and Wasserman (1993) for the first definition of dilations.
8 Both build on Bose and Renou (2014), where a principal can use an Ellsbergian device to make the agents face ambiguity. Kellner and Le Quement 

(2018) considers the case of cheap talk with an ambiguous distribution of the state, and find that in sender optimal equilibria, the sender randomizes 
between partitional strategies and thereby hedges against exogenous ambiguity. See also Colo (2021) for a complementary analysis of cheap talk under 
exogenous ambiguity. Ambiguity in strategic settings has been studied in general in Azrieli and Teper (2011), Bade (2011) and Riedel and Sass (2014). See 
also Lo and Chung (1996) and Klibanoff (2001) on equilibrium in ambiguous beliefs.
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is the presence of some known noise process that generates randomness in the message received by the receiver or in 
the interpretation thereof. Garbling, by generating pooling of sender (S) types, can induce the receiver (R) to react less 
adversarially to messages, in turn incentivizing S to reveal more. In the partitional equilibria of Blume et al. (2007), R’s 
expectation is a weighted average of the conditional expectation without transmission error and the ex ante mean, implying 
a beneficial upwards distortion of R’s action. In Blume and Board (2014), the sender abstains from choosing messages that 
minimize the effect of exogenous channel noise, thereby similarly achieving a conflict-mitigating effect. Giovannoni and 
Xiong (2019), building on a framework by Blume and Board (2013), studies cheap talk under language barriers that restrict 
messages that can be respectively sent and understood. Under the standard communication protocol, language barriers 
weakly improve equilibrium welfare by relaxing incentive conditions.

Comparing the expected utility approach to the approach of Kellner and Le Quement (2018) and Beauchêne et al. (2019), 
a number of clear differences appear. In the latter, noise is entirely endogenous, it does not come in the form of a well-
specified stochastic process, and it affects R’s actions via a different channel, namely hedging against ambiguity.9

Language vagueness has also been studied experimentally. Closest to the above contributions, Blume et al. (2021) find 
that—as predicted by theory—garbling of information via a mediator can improve reporting incentives by advantageously 
distorting the receiver’s response to information. Vagueness has also been shown to have value through other types of 
channels. Agranov and Schotter (2012) study a privately informed principal sharing information with agents about poten-
tially asymmetric payoffs in a coordination game. Coarse communication helps by hiding payoff asymmetries which hurt 
coordination by weakening focal points. Serra-Garcia et al. (2011) study sequential public good games in which a leader 
privately informed about the good’s value can communicate with others. Leaders prefer using vague messages rather than 
explicitly lying and achieve the same efficient outcome as if lying due to imperfect updating by followers. In Blume et al. 
(2019), exogenous garbling of sender messages improves incentives to reveal unfavorable information by mitigating risk 
through the option to plausibly deny specific interpretations. Finally, Evdokimov and Garfagnini (2019) investigate experi-
mentally communication within organizations à la Alonso et al. (2008) and conjecture that receivers’ biased behavior might 
originate in ambiguous communication as in Kellner and Le Quement (2018).

2. Experimental design

2.1. Main treatment task

In the main treatment task, the state of the world ω is given by a number between 0 and 100, which is drawn from 
a uniform distribution on [0; 100].10 An automated process generates an informative signal (also called message) about 
the state. Upon observing the signal, a subject has to choose a point estimate of the true state and is rewarded in money 
according to the distance between the state and her estimate. Denoting the chosen action by a, the payoff function is simply 
given by −|ω−a|. Accordingly, given a unique probability distribution of ω, the subject’s expected payoff maximizing action 
is the expected value of the state.11

We now describe the signal-generating process in more detail. The state space [0, 100] is partitioned into three adjacent 
intervals [0, 50), [50, c) and [c, 100], which we call intervals 1, 2 and 3, respectively. Moreover, there is an urn containing 
100 balls which can be either red or blue. Before a message is sent, a ball is drawn randomly from the urn, the color of 
which is not observed by the subject. Let θ be a random variable that takes either value r if the drawn ball is red or b if it 
is blue.

The message sent depends on ω and θ as follows. If ω ∈ [0, 50), the signal sent is � no matter the value of θ . If ω lies 
in the intervals 2 or 3, the emitted message depends on ω and on the value of θ . If θ = r, then the sent message is X if 
the state is in the interval [50, c) while the message is # if the state is in the interval [c, 100]. If, on the other hand, θ = b, 
then the messaging rule on these two intervals is reversed; i.e., the message is # if the state is in the interval [50, c) and 
the message is X if the state is in the interval [c, 100].

We will refer to this task as Main-Treatment. Participants make nine decisions in Main-Treatment. The value of c
changes with each repetition and is drawn from the set {54, 64, 86, 96}. The values of c are assigned in random order, in a 
way that guarantees that each subject was assigned each value at least twice across the nine iterations. We introduce two 
independent dimensions of between-subjects variation. These are described below.

The first dimension of between subjects variation has to do with what subjects know concerning the distribution of 
colors in the urn. In the so-called Risky environment, the subject knows that there are 50 red and 50 blue balls in the urn. 
In the so-called Ambiguous environment, the subject has no information regarding the proportion of red and blue balls in 
the urn.

9 Lipman (2009), studying cheap talk under aligned interests, argues that explaining the value of vagueness requires assuming bounded rationality. Jäger 
et al. (2011) consider a sender with an infinite type space endowed with a finite message set. Equilibrium language is, by definition, imprecise, and the 
paper identifies efficient languages.
10 Within the experiment all random draws are simulated using the random number generator of zTree (Fischbacher, 2007).
11 Computerizing the sender makes the problem under consideration a decision problem as opposed to a game between a strategic sender and a receiver. 

This leaves no scope for other-regarding or moral preferences (Gneezy, 2005; Wang et al., 2010).
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The second dimension of between subjects variation is whether or not we provide subjects with help in forming beliefs. 
Across the Risky, and Ambiguous environments, in case help is provided, we assist subjects in evaluating the conditional 
probabilities of different messages across intervals 1-3. In the Risky environment, we point out that messages X and #
each have a conditional probability 1

2 of being sent both on intervals 2 and 3 (and 0 on interval 1). In the Ambiguous

environment, subjects are asked to propose a potential composition of the urn. Given this composition, we provide the 
conditional probabilities of the different messages in the different intervals. Subjects are asked to repeat this procedure for 
several possible urn compositions (at least two, at most four).

2.2. Control tasks

Our control tasks cover four themes: Agents’ belief updating abilities, their anchoring propensity, their attitudes to risk 
and ambiguity, and finally their general understanding and ability.

2.2.1. Belief updating ability
Choice after message � in the main treatment task In the main treatment task, as message � does not depend on draws from 
the Ellsberg Urn, it allows us to evaluate to which extent the participants follow Bayesian updating in the absence of 
ambiguity. The control variable starchoice records the difference between the choice after this message and the Bayesian 
choice 25.

Only red balls task The decision is identical to the Main-Treatment task, with the difference that subjects are told that the 
urn contains only red balls. The task is repeated three times and each repetition features a new independent draw of the 
state.

Belief elicitation task This set of controls is referred to as Beliefs. We explicitly elicit subjects’ probabilistic beliefs over 
the actual interval within which the state is contained. Subjects face the same signal-generating process as in the Main-

Treatment task. However, the value for c is fixed at 80, and they now are informed about the distribution of colors in the 
urn, independent of the previously encountered Main-Treatment task, in which they were faced with either a risky or an 
ambiguous urn.

The nature of the decision after receiving a signal differs from that encountered in the Main-Treatment task. A specific 
task is repeated twice with minimal modification. In the first variant of the task, subjects can choose between a fixed 
option A and a list of versions of Option B, each being indexed by a value of x ∈ (0, 1). Option A yields 100 ECU if the state 
is in the interval 2 and 0 otherwise. Option (B, x) yields 100 ECU with probability x and otherwise nothing. The values of x
considered are {.1, .2, .3, .35, .4, .45, .5, .55, .6, .65, .7, .75, .8, .9.}. We chose this grid to be sufficiently fine in the region of 
interest. The second variant of the task is identical, except that option A yields 100 ECU if the state is in interval 3 and 0 
otherwise.

In the two above variants of the task, the value of x at which the subject switches from option A to option B indicates 
the probability that she attributes to the respective interval (2 in the first task, 3 in the second). An expected utility DM 
should attribute probability 0 to intervals 2 and 3 after message �. The probability assigned to interval 2 should be .6 after 
X and #. The probability assigned to interval 3 should be .4 after X and #. After X and #, if the elicited probabilities 
for intervals 2 and 3 do not add up to one, this could be a sign that, perhaps due to difficulties in updating, participants 
consider also the risky treatment in fact as ambiguous.

2.2.2. Anchoring propensity
The Anchoring 1 and Anchoring 2 control tasks test subjects’ anchoring propensity. A concern in our setup is that the 

partitioning of the [0, 100] interval potentially makes threshold c an anchor. Subjects who anchor might display a tendency 
to choose an action close to c. Anchoring 1 and Anchoring 2 provide simplified environments in comparison to the Main-

Treatment task. The expectation is that subjects who anchor in the treatment also anchor in these simpler tasks. Anchoring 
1 and Anchoring 2 share the following basic features. The task is iterated 3 times with an independent draw of the state 
in each repetition. The value of c changes across periods. Each subject observes three out of the four values in the set 
{54, 64, 86, 96}. Observed values and their order are randomly determined.

In the Anchoring 1 control task, we reduce the signal space to {�, X} and subjects are informed that they will receive 
signal � if the state is in interval 1 and X if it is either in interval 2 or in interval 3. Threshold c has thus lost its significance, 
i.e. it should not affect the action taken by DM in response to messages X and #. Both of these messages contain only the 
information that ω ≥ 50, whatever the value of c.

In the Anchoring 2 control task, the messaging rule conditions on the color of the ball drawn from the urn. For subjects 
participating in a risky treatment, the urn is known to contain 50% red balls. For subjects participating in ambiguous 
treatments, the composition of the urn is unknown. As usual, the message is � if the state is in interval 1. If the drawn ball 
is red and the state is either in interval 2 or 3, then the message is X. If on the other hand the ball is blue and the state is 
either in interval 2 or 3, then the message is #. Again, note that the threshold c should not affect the action taken by DM 
in response to messages X and #. Both of these messages contain only the information that ω ≥ 50, whatever the value of 
c.
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Table 1
Signal generating process in the Main-Treatment task and 3 selected control tasks.

Color [0,50) [50,c) [c,100] Urn composition

Main-Treatment red ball � X # risky or ambiguous
blue ball � # X

Red Balls Only red ball � X # all balls are red
blue ball � # X

Anchoring 1 red ball � X X as in main task
blue ball � X X

Anchoring 2 red ball � X X as in main task
blue ball � # #

2.2.3. Risk and ambiguity attitude
In the Uncertainty-Attitudes tasks, we elicit risk and ambiguity aversion within the same framework in order to con-

struct a risk-corrected measure of ambiguity aversion, our control variable of interest.
In the risk aversion elicitation task, subjects face multiple similar choices. The first Option, A, is indexed by a value of 

x ∈ (0, 1). Option (A,x) yields x ECU for sure. We consider a grid of equally spaced values for x given by 0,5, . . . ,100. The 
payoff of the other Option, B, depends on a draw from an urn containing 50% white balls and 50% black balls. It yields 
100 ECU if the drawn ball is white and otherwise 0. One expects that decision makers choose B for low values of x, A 
otherwise. The exact switching point indicates their risk attitude.

The ambiguity aversion elicitation task is similar in structure to the one used for risk aversion and comes in two similar 
variants. The first variant is identical to the risk aversion task, with the difference that the composition of the urn deter-
mining the payoff of Option B is now unknown. The second variant is identical to the first, with the only difference that 
Option B now yields 100 ECU if the drawn ball is black and 0 otherwise. In all Uncertainty-Attitudes tasks, participants 
indeed switched only once. This allows us to partition ambiguity attitudes set into three categories as follows. We define a 
subject as Ambiguity averse, Ambiguity neutral, and Ambiguity loving if her switching point in both ambiguity aversion tasks 
is located after, at, or before the switching point in the risk aversion task, respectively.12

2.2.4. General understanding and ability
Pre-treatment control questions Before the main task, subjects have to answer questions concerning the signaling rule and 
pay-off calculations which verify that they understood the instructions. To make guessing more tedious, subjects are told 
that after mistakes, they will be asked to answer the concerned questions again, without being told where they made a 
mistake. This procedure aims at incentivizing subjects to think more carefully about the correct answers.

Cognitive ability tests Subjects perform two standard non-verbal tasks, which both provide general measures of cognitive 
ability: The Raven’s matrices test (Raven) and the cognitive reflection test (CRT, Frederick, 2005). The latter measures in 
particular subjects’ proneness to give answers governed by impulses rather than deliberation. The task is numerical, which 
matches the nature of our experiment.

2.2.5. Overview of controls
The control tasks Red Balls Only, Anchoring 1 and Anchoring 2 are closely related to the Main-Treatment task, in the 

sense that each introduces one specific modification to the messaging rule used in the Main-Treatment. Table 1 summarizes 
these four tasks.

Given that each of the tasks Red Balls Only, Anchoring 1 and Anchoring 2 is repeated three times and that the state 
belongs to interval 1 with probability one half, the probability that a subject receives three times the message � is (.5)3. 
For each of the Red Balls Only, Anchoring 1 and Anchoring 2 control tasks, we thus expect to receive an informative 
answer for each of the subjects in 1 − (.5)3 = 87.5% of the cases. We will therefore have a full set of these three controls 
for approximately 76% of the subjects. As this subset is randomly determined and not correlated with any decisions made 
by the subjects, we can separately analyze this subset without worrying about selection due to the availability of controls.

Table 2 gives an overview of the complete sequence of control tasks performed by subjects together with elicited vari-
ables.

2.3. Implementation and procedures

The payment was made according to the Random Incentive Scheme: At the end of the experiment, subjects received 
a payout for one round of one task taken from the complete set of tasks minus the Raven and CRT tasks. The task and 
the round were selected fully randomly. At the end of the experiment, subjects were informed of the selection and the 

12 No subjects were not classifiable according to this rule. For the vast majority of subjects, switching points differed by no more than one unit across the 
two versions of the ambiguous task.
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Table 2
Summary of experiment.

Main-Treatment Treatments: c ∈ {54,64,86,96}
Variations: (Risky / Ambiguous × Help /No Help)
9 repetitions

Main-Control Three repetitions for each control task

Further controls
Beliefs Belief elicitation
Uncertainty-Attitudes Ambiguity and risk aversion test
CRT Cognitive reflection test
Raven Raven’s matrices 9 items assessment

obtained payoff, where 100 ECU corresponded to 8e. Subjects also received a fixed payment of 2.50e for the CRT and
Raven tasks, and they learned their results for these tasks. In experiments with ambiguity sensitive subjects, there is a 
theoretical possibility that the random incentive scheme is not incentive compatible (Bade, 2015; Baillon et al., 2022a). In 
practice, the evidence is mixed. Oechssler et al. (2019) find low evidence of hedging across multiple decisions. Baillon et al. 
(2022b)—who explicitly address the incentive compatibility of the RIS—provide evidence that this can be a severe concern 
if hedging opportunities are fairly straightforward. See also the discussion in footnote 14 in Cubitt et al. (2018). As argued 
below, our main task does not create such straightforward hedging opportunities across repetitions.

The experiment was conducted at the experimental laboratories at Mannheim and Düsseldorf in May 2016 and April 
2017, respectively, with a standard student subject pool recruited with ORSEE (Greiner, 2004). In total 119 subjects par-
ticipated in the experiment. We ran 12 sessions where each session lasted around 45 minutes. The experiment was 
programmed in z-tree (Fischbacher, 2007). The average payoff was 9.56e.13

3. Theoretical predictions for the main task

In the risky environment, the messages # and X provide no more information than the fact that ω ≥ 50. Indeed, the 
probability of any of these being sent given ω ∈ [50, c) is 1

2 and the same holds true conditional on ω ∈ [c,100]. It follows 
that DM’s best response to these messages is E [ω|ω ∈ [50,100]] = 75. This carries over to the ambiguous environment if 
DM applies expected utility and, at least on average, considers both colors equally represented.

We now discuss the ambiguous environment for an ambiguity averse DM. As she does not know the distribution of 
colors in the urn, a subject faces ambiguity after observing # and X. In this section, we base our prediction on the max-min 
model, which is simple and widely used. If the DM uses prior by prior updating, the max-min model specifies that she will 
choose the action with the highest worst-case expected payoff across (updated) priors. In this section, we assume that the 
subject acts as if considering all proportions of red balls between 0 and 1 possible. Then, the max-min best-response a∗ to 
# and X can be shown to be given as follows.

a∗ =
{

100 − 5
√

100 − c if c ≤ 75

50 + 5
√

c − 50, if c > 75
(1)

To understand this, simply note that we only need to look at the intersection between two different expected payoff 
functions. Fig. 1 shows these two functions. U (a|1, X) indicates the expected payoff of choosing action a after observing 
message X under the assumption that all balls in the urn (and hence the drawn ball) are red. U (a|0, X) is the counterpart, 
assuming that all balls in the urn are blue. Note that U (a|1, #) = U (a|0, X) and U (a|0, #) = U (a|1, X). For any action, the 
highest and lowest expected utility arises under a scenario where all balls have the same color (and is thus captured by one 
of these two curves). Counterparts for other urn compositions are located between these curves. For a max-min decision 
maker, guided by the worst-case scenario, the objective function is the lower envelope (in bold) of the two curves, and it is 
maximized at the point where the two curves intersect. In other words, for this action, the expected utility of the decision 
maker is the same whether all balls are red or all balls are blue (it is actually the same for any distribution of colors). 
By equalizing expected utility across possible urn compositions, the max-min action thus completely hedges the decision 
maker against ambiguity.14

To gain some intuition, observe that one could think about the problem as finding the right compromise between the 
two actions which are optimal given each of the two possible sub-intervals [50, c] and [c,100], each of these actions being 
located on different sides of 75. The smaller sub-interval warrants a larger deviation from 75 than the larger sub-interval. An 

13 See the Online Appendix for instructions and screenshots.
14 For an ambiguity loving “max-max” decision maker, the objective function is the upper envelope of the two curves. As illustrated in the graph, the 

optimal action for a cutoff above 75 is to state a number above 75. It can be shown that for any value of the threshold c, the max-max action is on the 
same side of 75 as the max-min action, but further away from 75. In that sense, the predicted effect of our form of language ambiguation on the decisions 
of ambiguity loving subjects is of a similar nature as the predicted effect on ambiguity averse subjects, but simply more extreme.
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Fig. 1. Expected utilities given extreme urn compositions.

Table 3
Max-min action a∗ .

c c − 75 a∗ a∗ − 75

54 −21 66.1 −8.9
64 −11 70 −5
86 11 80 5
96 21 83.90 8.9

expected utility decision maker takes into account that the smaller sub-interval is less likely to be the relevant one, so that 
75 is her optimal compromise action. Instead, an ambiguity averse decision maker is not concerned with the probability 
of the smaller interval, but guided by the worst-case scenario. Hence, she behaves as if over-weighting the smaller sub-
interval, leading to a deviation from 75. Note that from an ex ante point of view, the decision maker prefers to play 75 after 
both X and #, but her preferences change after receiving these messages. We refer to Kellner and Le Quement (2018) for 
further explanations.15

For the values of c used in the experiment, Table 3 summarizes the corresponding max-min actions and how much they 
deviate from 75.

In a theoretical extensions section at the end of the paper, we generalize the result obtained above. If subjects perceive 
the urn as less than fully ambiguous or rather act according to the smooth model of ambiguity aversion and the α-max-min 
model, the effect of shifting c above 75 remains qualitatively the same though is smaller in magnitude. As to the symmetry 
of the set of priors entertained by the agent, we believe that we give subjects no reason to adopt an asymmetric set of 
priors.

Observe that the above predictions may carry over to the risky urn, if decision makers fail to reduce compound lotteries, 
as demonstrated e.g., in Halevy (2007). A higher aversion towards second-order risk generates similar predictions as the 
ambiguity aversion model.

We summarize these results by stating the following key prediction:

Prediction 1. In the ambiguous environment:

(i) The higher the threshold c, the higher is, on average, the number chosen by participants after messages X and #.
(ii) This effect is present for ambiguity averse participants, but not for ambiguity neutral participants.

These predictions apply to ambiguity averse or neutral decision makers who are quantitatively sophisticated enough to 
understand the messaging rules and who are free from anchoring biases. We expect anchoring bias to influence choices 
in the same direction as ambiguity aversion. In contrast, the implications of low sophistication are difficult to predict. In 
consequence, in our main analysis, we restrict ourselves to studying quantitatively sophisticated participants. The regressions 
that we run on this selected population in order to identify a possible hedging effect (of the type described above) explicitly 
control for subjects’ anchoring tendency as estimated from the anchoring tasks.

15 Note that our experiment (which uses the random incentive scheme) does not create any immediate opportunities to hedge across repetitions of the 
main task. First, we tell participants that the composition of the urn may change at any time. If the receiver in fact believes that the urn could change 
in every repetition, then she would have no opportunities to hedge at all in the max-min expected utility model. Second, even assuming the subjects 
believed that the urn remains the same in every period, they face uncertainty about which message they will receive in future iterations of the task. Most 
importantly, in each future iteration, they will receive, with a probability of 50 percent, the � message, which induces purely risky beliefs about the state 
in the corresponding round. Thus, the presence of the � message inhibits hedging across periods.
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Fig. 2. Density of choices in Main-Treatment. Note: The figure shows the smoothed density of choices for the four different values of the threshold 
c ∈ 54, 64, 86, 96 using an Epanechnikov kernel in Main-Treatment when receiving an ambiguous message. There are significant differences between all 
pairs of c (p-value < .01) except for the comparisons (c ∈ 86, 96 and c ∈ 54, 64, p-values 0.820 and 0.827, respectively).

Finally, note that a property of our setup is that whatever the value of threshold c in the ambiguous environment, the 
DM attaches strictly positive ex ante value to the signal if she evaluates it in terms of her consistent planning ex ante 
utility, which is her ex ante max-min expected utility anticipating her future (possibly dynamically inconsistent) behavior. 
We prove this claim in Appendix A.1. The intuition is that although ambiguity leads the DM to take an ex ante suboptimal 
action whenever the state is above 50, this is more than compensated by the fact that the signal always beneficially reveals 
whether the state is below or above 50.

4. Results

We first present all subjects’ behavior pooled across all variants of Main-Treatment (risky and ambiguous, help and no 
help), after these received either X or #. Fig. 2 shows the estimated density of choices using an Epanechnikov kernel pooled 
over the ambiguous and risky urn. Visual inspection reveals that choices are skewed in the direction of c. Using Wilcoxon-
rank-sum tests making pairwise comparisons of distributions of choices across different levels of c, we find significant 
differences between all pairs of c (p-value < .01) except for the comparison pairs (c ∈ 86,96 and c ∈ 54,64, p-values 
0.820 and 0.827, respectively). Our evidence thus supports Prediction 1 (i). One aspect of the estimated densities is that 
these visually resemble a mixture of two densities, one centered around c and another centered around 75, though this 
description is not exhaustive.

Given the complexity of the main treatment task, we would expect that behavior differs not only between ambiguity 
averse and ambiguity neutral participants, but also between subjects displaying different levels of quantitative sophistication 
(basic conceptual understanding of signaling rules, ability to do Bayesian updating). As a measure for this quantitative 
sophistication, we classify participants as “Bayes-Competent” based on their decisions in the two instances where only 
one layer of uncertainty is involved in the message. One instance is when they see the � message in the main treatment. 
Another instance is when they perform the Red Balls Only control task. The total number of decisions, across these two 
instances, is at least 6. Across these instances, a decision is marked as correct if and only if the DM chooses the exact 
expected value of the state conditional on the observed message. To allow for occasional errors, we require a subject to be 
correct in these tasks 80 percent of the time in order to be classified as “Bayes-Competent”. This results in 47.90 percent 
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Table 4
Effect of c by urn type and ambiguity attitude and more than 80% of Bayes control correct.

Panel A: Ambiguity averse Pooled Ambiguous Risky

c 0.116** 0.126** 0.096

(0.049) (0.061) (0.078)

Anchoring control -6.145 -0.940 -12.095

(4.674) (5.906) (7.385)

c x Anchoring control 0.086 0.035 0.146

(0.060) (0.076) (0.094)

Num.Obs. 272 144 128

R2 0.151 0.137 0.188

R2 Adj. 0.030 0.013 0.053

Panel B: Ambiguity neutral Pooled Ambiguous Risky

c 0.024 0.015 -0.161

(0.073) (0.248) (0.172)

Anchoring control -16.503** -26.525 0.583

(6.691) (19.010) (18.766)

c x Anchoring control 0.193** 0.289 0.257

(0.092) (0.281) (0.253)

Num.Obs. 112 30 109

R2 0.182 0.251 0.225

R2 Adj. 0.044 0.055 0.128

Note: This table reports the effects of c on the choice of Bayes-Competent subjects using fixed effect panel 
regressions. Column (1) reports the effects when pooling all urn types, columns (3) and (4) report the effects 
of the ambiguous and the risky urn types, respectively. In Panel A we present the results for subjects classi-
fied as Ambiguity averse by our control task, while Panel B reports the effects of for the Ambiguity neutral 
subjects. Significance is reported at the following levels: *** <.001, ** <.01, * <.05.

of 119 subjects in our sample being classified as Bayes-Competent.16 In the main analysis presented in what follows, we 
focus exclusively on such participants. Within this population, we study separately ambiguity averse and neutral subjects. 
Ambiguity averse subjects constitute 53.78 percent of the full population of subjects and 56.14 percent of the population 
of subjects classified as Bayes-Competent. The corresponding frequencies of ambiguity neutral subjects are respectively 
27.73 percent and 24.56 percent. The corresponding frequencies of ambiguity loving subjects are respectively 18.49 percent 
and 19.30 percent.

In the following analysis, we adopt a panel regression framework accounting for the panel structure of our data and 
differentiating out the decisions in Main-Treatment. The independent exogenous variable is c, the dependent variable is the 
chosen action a. We estimate the following linear panel model:

ait = α + β1cit + β2 Anchorit + β3cit × Anchorit + εit (2)

In the above regression, the second and the third variable control for subjects’ individual tendency to anchor their 
decision on the threshold c, and thus allow us to differentiate out the behavior in our Anchoring 1 and Anchoring 2
anchoring control tasks. Coefficient β3 captures the part of the effect of c which is due to anchoring. Instead, coefficient β1
captures the part of the effect of c that is not due to anchoring. This lies at the core of our analysis as it should be expected 
to capture the hedging effect of c when ambiguity averse decision makers face an ambiguous urn.

Panel A of Table 4 reports regression results for ambiguity averse Bayes-Competent subjects, pooling Help and No Help 
treatments. Column (1) shows coefficients when pooling both urn types, while columns (2) and (3) show the results when 
considering separately the Ambiguous (32 subjects) and the Risky urn treatments (28 subjects). The coefficient on c is 
positive and significant in the pooled regression and in the ambiguous urn regression. The coefficient on c in the risky urn 
regression is slightly smaller and not significantly different from zero. This in line with our Prediction 1(ii). We summarize 
the results of Panel A of Table 4 in what follows:

Result 1. Among Bayes-Competent and ambiguity averse subjects facing an ambiguous urn, the threshold c has a signifi-
cantly positive influence on the chosen number, after controlling for their susceptibility to anchoring.

Notice that our point estimate of .116 for β1 in Panel A of Table 4 is below the upper bound suggested by the theoretical 
predictions in equation (1), which imply a slope between .354 (for c=86 or 64) and .417 (for c=96 or 54). This can be 

16 As a robustness check, we have also tried close variations of our classification rule, where a decision is classified as correct if it is located within a 
small region around the optimal choice. This yields essentially the same classification of subjects into Bayes-Competent and non Bayes-Competent.
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explained by subjects’ risk attitude and by the fact that subjects may perceive less ambiguity or be less ambiguity averse 
than assumed in section 3 (see discussion in section 5). Alternatively, some—but not all—of the ambiguity averse decision 
makers may resort to a dynamically consistent updating procedure (as in Hanany and Klibanoff (2007, 2009).)

In the light of Halevy (2007), who finds that ambiguity subjects treat purely risky compound lotteries as if they were 
ambiguous, it is worth noting that (restricting ourselves to Bayes-Competent subjects) we find that ambiguity averse subjects 
behave differently in the ambiguous and the risky treatments. Abdellaoui et al. (2015) and Aydogan et al. (2019) provide a 
way to reconcile our results with Halevy (2007). Both of these papers find that the positive correlation between ambiguity 
aversion and non-reduction of compound lotteries is weaker for quantitatively sophisticated decision makers. To the extent 
that the subjects that we classify as Bayes-Competent subjects are indeed on average more quantitatively sophisticated, our 
results are in line with these two latter papers.

Panel B of Table 4 reports regression results for ambiguity neutral Bayes-Competent subjects, pooling Help and No Help 
treatments. Results reveal that such subjects’ decisions are not significantly affected by c when controlling for the anchoring 
effect of c. This is true when considering only the ambiguous urn or only the risky urn, or both together. We summarize 
the results of Panel B of Table 4 in what follows:

Result 2. Among Bayes-Competent and ambiguity neutral subjects facing an ambiguous urn, the threshold c does not have 
a significantly positive influence on the chosen number, after controlling for their susceptibility to anchoring.

Taken together, Results 1 and 2 thus provide support for Prediction 1(ii) for the population of quantitatively sophisticated 
subjects. In Appendix E, we provide a counterpart of the above two regression tables for Bayes-Competent ambiguity loving 
subjects. Point estimates are in line with what we would expect from max-max decision-making.

We present results for subjects who are not Bayes-Competent in Appendix B. Such subjects react to the threshold c
even when controlling for anchoring, but the effect appears to be overall orthogonal to their ambiguity attitude. There are 
not enough observations for ambiguity loving subjects to meaningfully interpret their results. As a robustness check, we 
also conducted a median split by the performance in the Cognitive Reflection Test instead of using Bayes-competence as a 
measure of sophistication. We find qualitatively and quantitatively similar results to those obtained in our main analysis. 
These are presented in Table D.1 in the Appendix. Finally, we find no significant qualitative or quantitative differences 
between Help and No Help treatments, as reported in Table C.1 in the Appendix.

5. Alternative models of ambiguity aversion

This section provides an extended theoretical analysis of the effect of ambiguation on decision making. We extend the 
analysis in two ways, by parameterizing the level of ambiguity and by considering alternative models of decision making. 
First, we relax the assumption that the decision maker acts as if she considers all urn composition possible when evaluating 
available actions in the main experiment. Second, we consider two further models of decision making under ambiguity, 
the smooth model (Klibanoff et al., 2005) and the α-max-min model (Ghirardato et al., 2004). We first present the interim 
utility of the DM after receiving a message m, as it arises under each of these models.

Let P denote the set of probabilities of drawing a red ball from the ambiguous urn that the decision maker considers 
possible. Assuming full Bayesian updating, for any such probability p ∈ P and given the message m observed by the DM, 
she will compute a conditional pdf f (ω|p, m) over states at the interim stage. If p were known, the conditional expected 
utility of the DM would then be given by

U (a|p,m) =
∫
�

u(|ω − a|)df (ω|p,m),

where the function u captures the risk attitude of the decision maker. Under the α-max-min model, the DM’s conditional 
expected utility function is given by:

Uα(a|m) = α min
p∈P

U (a|p,m) + (1 − α)max
p∈P

U (a|p,m).

Under the smooth model, the DM additionally assigns a second order belief to every possible probability p ∈ P , capturing 
how likely she considers various urn compositions. This is modeled with a pdf μ(p) with support P . Assuming full Bayesian 
updating,17 the DM uses Bayes’ Rule to compute an updated second-order belief μ(p|m) after having observed a message 
m. Under the smooth model, the DM’s conditional expected utility function is given by:

U S(a|m) =
∫
P

φ(U (a|p,m))dμ(p|m),

17 See Hanany and Klibanoff (2007, 2009) for a dynamically consistent alternative.
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Fig. 3. Max-min preferences with small ε.

where φ is a function capturing ambiguity attitude. For a linear φ, representing ambiguity neutrality, the smooth model 
coincides with expected utility. A concave φ corresponds to ambiguity aversion, convex φ to ambiguity loving preferences.

We assume symmetry of first and second order beliefs. We let P = [1/2 − ε, 1/2 − ε] for ε ∈ (0, 1/2] and further assume 
that μ(p) is symmetric around 1/2.

In what follows, in discussing the two above models, we focus on the case where c > 75 and the DM observes message 
X . Analogous arguments carry over to the cases where c ∈ (50, 75) and/or the DM instead observes #. Note also that all 
models trivially predict that the DM chooses 25 upon observing message � as the DM faces no ambiguity in this scenario. 
We impose risk neutrality (u(|a − ω|) = |a − ω|) to obtain clear results about the involved parameters of the model, but 
qualitatively similar results apply to the case of risk aversion.18

5.1. Behavior under α-max-min utility

To gain some intuition, we consider two special cases (A and B) initially.
We begin with case (A) where ε is small but α = 1 (the classic max-min model with a smaller set of priors). Fig. 3, which 

assumes ε = 1
6 , shows the expected utility of each action under each of the two most extreme priors (i.e., urn compositions) 

considered possible by the DM, that is U (a| 1
2 − ε, X) and U (a| 1

2 + ε, X).
The dotted line corresponds to U (a| 1

2 , X) and is the limit of both curves as ε tends to 0. The decision maker picks the 
action which maximizes the lower envelope (in bold) of the solid curves. Note that this is now maximized by the value a∗∗ , 
the maximizer of U (a| 1

2 − ε, X). This action is to the left of a∗ , the value that perfectly hedges against ambiguity (where 
the lower envelope still has a kink). As a∗∗ corresponds to a prior below 1/2, its maximum will however still be above 75. 
This argument holds true for all possible values of ε > 0.19

Consider next the case (B) of α being strictly between 0 and 1, while ε = 1
2 (representing maximal ambiguity as assumed 

in the main model).
In Fig. 4, we show the objective function Uα(a|X) for two values of α (3/4, dot-dashed, and 1/3, dashed). The solid lines 

correspond to the upper and lower envelope of all possible expected utilities across priors, and recall that α is the weight 
attached to the lower envelope. When α = 3/4 (dot-dashed) the optimal action is a∗ , resulting in a perfect hedge against 
ambiguity. For α = 1/3, it is however optimal to choose an even higher action, labeled a∗∗ .

In the circumstances depicted in Fig. 4 (i.e. high ε), one can conclude that as α decreases from 1, which is often in-
terpreted as lower ambiguity aversion or less pessimism, the utility maximizing action initially remains at the value that 
hedges perfectly against ambiguity but eventually starts to increase toward the maximum of the upper envelope. For low 
values of ε as considered in Fig. 3, less ambiguity aversion may instead lead to lower actions.

The proposition below summarizes our insights formally. It allows for intermediate values of both α and ε and identifies 
a sufficient condition on these parameters such that c being larger than 75 implies that the optimal action is larger than 75. 
Note that if α > 1

2 (capturing preferences which are often considered ambiguity averse or pessimistic), then the condition 
holds for any ε.

Proposition 1. Assume u(|a − ω|) = |a − ω|. Assume that the DM acts according to α-max-min model. The DM chooses an action 
strictly larger than 75 if α > 1

2 − ε c−75
100 .

18 The analysis in section 3 analyzes a special case of the above, setting ε = 1/2. Note that simple max-min is a special case of the α-max-min model 
where α = 1. Also, assuming constant absolute ambiguity aversion, simple max-min corresponds to the limit of the smooth model as ambiguity aversion 
approaches infinity.
19 Additionally, from considering the upper envelope of all curves in the figure, one can conclude that for ambiguity loving max-max preferences (α = 0), 

the optimal action will be the maximiser of U (a| 1
2 + ε, X), and hence be below 75.
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Fig. 4. Two α-max-min objective functions.

Proof. See Appendix A.2. �
As the case of ε = 1

2 (discussed as case B above) illustrates, this condition is not necessary for large values of ε.

5.2. Behavior under smooth ambiguity

As in many applications of the smooth model, we assume constant absolute ambiguity aversion by letting φ(u) =
− exp(−αu). We further assume that the DM’s second order prior is a uniform distribution over P = [1/2 − ε, 1/2 + ε]. 
For this simple specification, we show that ambiguity aversion ensures that the DM’s optimal action is above 75 if c > 75.

Proposition 2. Assume that the DM acts according to the smooth model. Assume u(a, ω) = −|a − ω| and φ(u) = − exp(−αu)

(constant absolute ambiguity aversion). Assume that μ is uniform over P = [1/2 − ε, 1/2 + ε]. If the DM is (strictly) ambiguity averse 
(α > 0) and c > 75, then DM chooses an action (strictly) above 75.

Proof. See Appendix A.2 �
The proof proceeds by establishing that further the DM’s action moves from a∗ (the action perfectly hedging against 

ambiguity) towards 75, the more the DM is exposed to ambiguity about the expected utility that she obtains. The optimal 
action strikes a compromise between two concerns: Increasing the average expected utility (as computed by using the 
second order belief μ) by moving towards 75 on the one hand, and on the other hand decreasing the entailed ambiguity 
by moving towards a∗ .

6. Conclusion

In our experiment, language ambiguation affected the decisions of quantitatively sophisticated and ambiguity averse 
subjects by triggering hedging behavior, in line with the predictions of models of ambiguity aversion. This effect operates in 
an environment where receivers ex ante benefit from the information contained in messages, though they would benefit if 
they could selectively ignore the ambiguity created by messages.

As noted in existing contributions, the use of ambiguous communication strategies in sender-receiver games would in 
principle allow for the emergence of equilibria featuring more informative communication than the standard equilibria 
predicted by expected-utility theory. Future experimental work should study games where both the sender and the receiver 
are real subjects, and study equilibrium behavior when the sender is known to privately observe some payoff-irrelevant 
and ambiguously distributed variable. Would the sender make use of the opportunity to condition his messages on such a 
variable? Would the receiver anticipate this? Would the overall effect be beneficial to both parties?
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Declaration of Interests: None

Appendix A. Proofs

A.1. Ex ante value of the signal

We here prove the following result.
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Result A.1. For any c ∈ [50,100] and not belonging to {50, 75, 100}, the DM’s consistent planning ex ante utility from ob-
serving the message is strictly higher than his ex ante utility from not observing it.

Proof. Assume that c > 75. Since the DM chooses the fully hedging action a� after # and X and 25 otherwise, her consistent 
planning ex ante utility, the max-min expected utility given the optimal behavior of future selves, is independent of the urn 
composition. The max-min utility can be most easily be computed with the urn having equally many red and blue balls, as 
it leads to a uniform conditional distribution of states over [50,100] after the messages # and X:

(
− 1

100

)⎛⎜⎝
∫ 25

0 (25 − ω)dω + ∫ 50
25 (ω − 25)dω

+ ∫ 50+5
√

c−50
50 (50 + 5

√
c − 50 − ω)dω

+ ∫ 100
50+5

√
c−50(ω − (50 + 5

√
c − 50))dω

⎞⎟⎠
= 5

2

√
c − 50 − 1

4
c − 25

4
.

Assume that the decision maker does not observe the message. Then she optimally chooses 50 and her ex ante (max-
min) expected utility is simply as follows:(

− 1

100

)( ∫ 50
0 (50 − ω)dω + ∫ 100

50 (ω − 50)dω
)

= −25.

It can be easily shown that 5
2

√
c − 50 − 1

4 c − 25
4 > −25 for any c ∈ (75, 100]. The same argument can be made for 

c ∈ (50,75). �
A.2. Proof of Proposition 1

By Bayes’ rule, for a given prior proportion p of red balls in the urn, let π(p|X) denote the conditional probability of a 
red ball having been drawn from the ambiguous urn given that message X observed. We have

π(p|X) = P (θ = r)P (X |θ = r )

P (θ = r)P (X |θ = r ) + P (θ = b)P (X |θ = b )

=
p

(
c−50
100

)
p

(
c−50
100

)
+ (1 − p)

(
100−c

100

) .

Consequently,

U [a |p, X ] = π(p|X)
1

c − 50

⎛⎝ c∫
50

u(|a − ω|)dω

⎞⎠
+(1 − π(p|X))

1

100 − c

⎛⎝ 100∫
c

u(|a − ω|)dω

⎞⎠ .

It is easily shown that for c > 75, whatever ε it holds true that 75 < a∗ < c, where a∗ is the action for which expected 
utility is the same under all possible priors in [ 1

2 − ε, 12 + ε]. Note that for a < a∗ ,

Uα(a) = αU (z|1

2
− ε, X) + (1 − α)U (z|1

2
+ ε, X).

For a < a∗ , this function is concave as it is a convex combination of concave functions.
Since a∗ < c, simple calculations establish that

Uα(a) = − 2ε
(
(c − a)2 + 50(a − 75)

) + a2 − 150z + 6250

4(c − 75)ε + 50

− 2α(c − 100)ε(25c − (a − 100)a − 3750)

4(c − 75)2ε2 − 625
.

The derivative w.r.t. a evaluated at a = 75 equals:

Uα ′
(75) = 100α(100 − c)ε

2 2 2
− 2(50 − 2(c − 75))ε

.

25 − 4ε (c − 75) 4(c − 75)ε + 50
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This is increasing in α as ε2 ≤ 1/4 and (c − 75) < 25.
Note that Uα ′(75) has its only zero at

α = 1

2
− ε

c − 75

100
.

Thus, if α is larger than this value, we have Uα ′(75) > 0. Then Uα(a) is increasing at 75. As it is concave at least for 
a ∈ [50, a∗] (with a∗ > 75), the maximizer of this function is above 75.

A.3. Proof of Proposition 2

Recall in what follows that for c > 75, whatever ε it holds true that 75 < a∗ < c, where a∗ is the action for which 
expected utility is the same under all possible priors in [ 1

2 − ε, 12 + ε].
By Bayes’ rule, using the DM’s second order prior μ, the conditional probability assigned to prior p after observing signal 

X is given by:

μ(p |X ) = μ(p)P (X |p )∫
p̃ μ(̃p)P (X |p )dp̃

=
( 1

2ε

) [
p

(
c−50
100

)
+ (1 − p)

(
100−c

100

)]
∫ 1

2 +ε
1
2 −ε

( 1
2ε

) [
p̃

(
c−50
100

)
+ (1 − p̃)

(
100−c

100

)]
dp̃

=
( 1

2ε

) [
p

(
c−50
100

)
+ (1 − p)

(
100−c

100

)]
(1/4)

.

The objective function conditional on having received the message X is thus:

U S(a|X) =
∫
P

φ(U (a|p,m))dμ(p|X),

where U (a|p, m) is constructed as explained in the main text.
Let

A(a) ≡
∫
P

U (a|p, X)μ(p|X)dp = U (a|.5, X).

Noting that φ(u + ũ)=φ(u) · φ(ũ), the objective function rewrites as:

U S(a|X) =
∫
P

φ (U (a|p, X) − A(a)) · φ(A(a))μ(p|X)dp.

As A(a) does not depend on p, this in turn rewrites as

U S(a|X) = φ(A(a)

∫
P

φ (U (a|p, X) − A(a))μ(p|X)dp.

Noting that φ−1(S · S̃) = φ−1(S) +φ−1( S̃) and recalling that the function φ(x) is monotonically increasing in x, it follows 
that:

φ−1(U S(a|X)) = A(a) + φ−1

⎛⎜⎝ 1/2+ε∫
1/2−ε

φ(U (a|p, X) − A(a))μ(p|X)dp

⎞⎟⎠ .

For a < a∗ , defining the new variable û = U (a|p, X) − A(a), we can write the integral inside brackets as:

O (a) =
¯̂u(a)∫

û(a)

φ(û) f̂ (û,a)dû.

Below, we give closed forms for û(a), ̄̂u(a) and f̂ (û, a) using integration by substitution. For a < c, note that

û = (100 − c)(2p − 1)
(
100a − a2 + 25c − 3750

)
.

50(2(c − 75)p − c + 100)
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This is monotonically increasing in p as long as a < a∗ , so that

û(a) = U (a|1/2 − ε, X) − A(a) = (c − 100)
(
2
( 1

2 − ε
) − 1

) (
a2 − 100a − 25c + 3750

)
50

(
2(c − 75)

( 1
2 − ε

) − c + 100
)

and

¯̂u(a) = U (a|1/2 + ε, X) − A(a) = (c − 100)
(
2
(
ε + 1

2

) − 1
) (

a2 − 100a − 25c + 3750
)

50
(
2(c − 75)

(
ε + 1

2

) − c + 100
) .

Using the above presented closed form for û and solving for p, we get:

p(û,a) = (c − 100)((a − 100)a − 25(c + 2(û − 75)))

2(c − 100)
(
a2 − 100a − 25c + 3750

) − 100(c − 75)
.

From dp = ∂ p(û,a)

∂ û
dû and f̂ (û, a) = μ(p(û, a)|X)

∂ p(û,a)

∂ û
we can compute

f̂ (û,a) = 625(c − 100)2
(
a2 − 100a − 25c + 3750

)2

2ε
(
(c − 100)

(
a2 − 100a − 25c + 3750

) − 50(c − 75)û
)3

.

Recall that we have:

φ−1(U S(a|X)) = A(a) + φ−1 (O (a)) .

We want to show that U S(a|X) is strictly increasing in a for a ∈ [50, 75 + δ), for some δ > 0. As φ−1 is monotonic, in 
order to show that U S (a|X) is increasing in a on some domain, it suffices to show that the RHS of the above equality is 
increasing in a on this same domain.

Note first that A(a) is differentiable and concave in a with a maximum at a = 75. Consider now φ−1 (O (a)). Again, to 
show that this is increasing in a on some domain, we simply need to show that O (a) is increasing in a on this same 
domain. Next, we shall show that O (a) is increasing in a for a ∈ [50, a∗). This, combined with what we established about 
A(a), implies that U S(a|X) is strictly increasing in a for a ∈ [50, 75 + δ], for some δ > 0.

Let us now go back to O (a). We show that it is increasing in a for a ∈ [50, a∗] by showing that for any a, ̃a ∈ [50, a∗], if 
a > ã then f̂ (·, a) second-order stochastically dominates f̂ (·, ̃a).

Note first that by construction, the expectation of û under f̂ (·, a) is 0 for all a. Let F̂ (·, a) be the corresponding cdf and 
observe

ũ∫
û(a)

F̂ (û,a)dû =
(
(c − 100)ε

(
a2 − 100a − 25c + 3750

) + 25ũ(25 − 2(c − 75)ε)
)2

2500ε
(
(c − 100)

(
a2 − 100a − 25c + 3750

) − 50(c − 75)ũ
) .

Note that the interval [û(a), ̄̂u(a)] shrinks in a for all a ∈ [50, a∗) and collapses to a single point at a∗ . By the standard 
characterization of stochastic dominance, we need to show that ∀ũ ∈ (û(a), ̄̂u(a)) the expression 

∫ ũ
û(a)

F̂ (û, a)dû is decreasing 
in a.

The derivative of the above expression with respect to a is given by

(a − 50)(c − 100)
(
εT + 25ũ(25 − 2(c − 75)ε)

) (
εT − 25ũ(2(c − 75)ε + 25)

)
1250ε

(
T − 50(c − 75)ũ

)2
,

where T = (
a2 − 100a − 25c + 3750

)
(c − 100).

Note that for any a ∈ (50, a∗) the denominator is non-zero if ũ ∈ [û(a), ̄̂u(a)] Thus, for a ∈ (50, a∗), the above expression 
is continuous in a, ũ, ε and c. Also, fixing all other variables in an arbitrary way, it has no zeros in ũ ∈ (û(a), ̄̂u(a)). Finally, 
simple computation shows that the above expression is strictly negative for some a ∈ (50, a∗). We can thus conclude that ∫ ũ

û(a)
F̂ (û, a)dû is decreasing in a on the relevant domain, thus establishing second order stochastic dominance as needed.

Appendix B. Non-Bayes-competent

Table B.1 reports the result for Non-Bayes-Competent subjects. We show results for ambiguity neutral (Columns 1–3) and 
averse (columns 4–6) subjects.
375



C. Kellner, M.T. Le Quement and G. Riener Games and Economic Behavior 136 (2022) 360–378
Table B.1
Effect of c by urn type for Non-Bayes-Competent subjects.

Ambiguity neutral Ambiguity averse

Pooled Ambiguous Risky Pooled Ambiguous Risky

c 0.250*** 0.231** 0.252** 0.170*** 0.249*** 0.087

(0.078) (0.105) (0.121) (0.061) (0.084) (0.087)

Anchoring control -18.718** -17.727* -19.968* -19.957*** -11.474 -28.714***

(7.841) (10.599) (11.766) (5.739) (8.051) (8.179)

c x Anch. ctrl. 0.263** 0.232 0.296* 0.273*** 0.145 0.407***

(0.104) (0.140) (0.157) (0.076) (0.106) (0.110)

Num.Obs. 148 77 71 347 175 172

R2 0.362 0.335 0.391 0.260 0.241 0.294

R2 Adj. 0.255 0.197 0.289 0.150 0.120 0.185

Note: This table reports the effects of c on choices of Non-Bayes-Competent subjects. We employ a fixed effects panel model. Columns (1) to (3) report the 
effects for ambiguity neutral subjects, column (4) to (6) for ambiguity averse subjects. Significance is reported at the following levels: *** <.001, ** <.01, * 
<.05.

Appendix C. Help and no help treatments

Table C.1 reports the results by help and no-help treatments for subjects who are Bayes-Competent.
Table C.1
Effect of c by help treatments for Bayes-Competent subjects pooled over urn types.

Ambiguity averse Ambiguity neutral

Help No help Help No help

c 0.178* 0.327*** -0.230 -0.053

(0.093) (0.122) (0.233) (0.174)

Anchoring control 19.546* 30.229** -11.428 5.868

(10.146) (13.488) (26.907) (18.304)

c × Anch. ctrl. 0.081 -0.113 0.492 0.210

(0.133) (0.180) (0.364) (0.246)

Num.Obs. 326 170 53 103

R2 0.314 0.286 0.286 0.260

R2 Adj. 0.307 0.273 0.242 0.238

Note: This table reports the effects of c on choice who are Bayes Competent. We employ a fixed effects panel model. Columns (1) to (3) report the effects 
for ambiguity neutral subjects, column (4) to (6) for ambiguity averse subjects. Significance is reported at the following levels: *** <.001, ** <.01, * <.05.

Appendix D. CRT median split

As an alternative to measuring subjects’ ability in logical and mathematical tasks, we split the sample by performance 
in the CRT test. Table D.1 reports the results and finds similar effects for subjects who performed better or equal to the 
median in the CRT compared to subjects who we classified as Bayes-Competent.
Table D.1
Effect of c by performance in the CRT task pooled over urn types.

CRT ≥ median CRT < median

Pooled Non neutral Neutral Pooled Non neutral Neutral

c 0.160*** 0.196*** 0.090 0.169*** 0.170** 0.267***

(0.034) (0.049) (0.057) (0.051) (0.066) (0.094)

Anchoring control -6.868** -6.301 -7.291 -22.414*** -15.324** -32.288***

(3.244) (4.678) (5.314) (4.900) (6.337) (9.330)

c × Anch. ctrl. 0.091** 0.084 0.103 0.303*** 0.212*** 0.421***

(0.043) (0.061) (0.070) (0.065) (0.082) (0.127)

Num.Obs. 551 308 156 412 223 104

R2 0.181 0.212 0.167 0.283 0.234 0.503

R2 Adj. 0.176 0.204 0.150 0.278 0.223 0.488

Note: This table reports the effects of c by performance on the cognitive reflection test (CRT Frederick, 2005). We employ a fixed effects panel model. 
Columns (1) to (3) report the effects for subjects with equal or above median performance on the CRT, column (4) to (6) with less than median performance. 
Significance is reported at the following levels: *** <.001, ** <.01, * <.05.
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Appendix E. Ambiguity loving subjects

Table E.1 reports the results for Ambiguity Loving subjects who are Bayes-Competent.
Table E.1
Effect of c for ambiguity loving subjects.

Bayes-Competent

Pooled Ambiguous Risky

c 0.101 0.045 -0.612***

(0.103) (0.065) (0.203)

Anchoring control -15.630* -1.190 -60.526***

(9.274) (6.626) (22.202)

c x Anchoring control 0.205 0.000 1.220***

(0.127) (0.085) (0.296)

Num.Obs. 84 45 55

R2 0.203 0.042 0.532

R2 Adj. 0.055 -0.171 0.463

Note: This table reports the effects of c on ambiguity loving subjects. We employ a fixed effects panel model. Columns 
(1) to (3) report the effects for subjects with equal or above median performance on the CRT, columns (4) to (6) with 
less than median performance. Significance is reported at the following levels: *** <.001, ** <.01, * <.05.

Appendix F. Supplementary material

Supplementary material related to this article can be found online at https://doi .org /10 .1016 /j .geb .2022 .09 .007.

References

Abdellaoui, Mohammed, Klibanoff, Peter, Placido, Laetitia, 2015. Experiments on compound risk in relation to simple risk and to ambiguity. Manag. Sci. 61 
(6), 1306–1322.

Agranov, Marina, Schotter, Andrew, 2012. Ignorance is bliss: an experimental study of the use of ambiguity and vagueness in the coordination games with 
asymmetric payoffs. Am. Econ. J. Microecon. 4 (2), 77–103.

Alonso, Ricardo, Dessein, Wouter, Matouschek, Niko, 2008. When does coordination require centralization? Am. Econ. Rev. 98 (1), 145–179.
Aydogan, Ilke, Berger, Luc, Bosetti, Valentina, 2019. Economic Rationality: Investigating the Links Between Uncertainty, Complexity, and Sophistication. 

Working Paper 653. IGIER, Universit‘a Bocconi. https://ideas .repec .org /p /igi /igierp /653 .html.
Azrieli, Yaron, Teper, Roee, 2011. Uncertainty aversion and equilibrium existence in games with incomplete information. Games Econ. Behav. 73 (2), 310–317.
Bade, Sophie, 2011. Ambiguous act equilibria. Games Econ. Behav. 71 (2), 246–260.
Bade, Sophie, 2015. Randomization devices and the elicitation of ambiguity-averse preferences. J. Econ. Theory 159, 221–235.
Baillon, Aurélien, Halevy, Yoram, Li, Chen, 2022a. Experimental elicitation of ambiguity attitude using the random incentive system. Exp. Econ. 25 (3), 

1002–1023.
Baillon, Aurélien, Halevy, Yoram, Li, Chen, 2022b. Randomize at your own risk: on the observability of ambiguity aversion. Econometrica 90 (3), 1085–1107.
Beauchêne, Dorian, Li, Jian, Li, Ming, 2019. Ambiguous persuasion. J. Econ. Theory 179, 312–365.
Bergman, O., Ellingsen, T., Johannesson, M., Svensson, C., 2010. Anchoring and cognitive ability. Econ. Lett. 107 (1), 66–68.
Bleichrodt, Han, Eichberger, Jurgen, Grant, Simon, Kelsey, David, Li, Chen, 2018. A Test of Dynamic Consistency and Consequentialism in the Presence of 

Ambiguity. Working Paper 1803. University of Exeter, Department of Economics. https://ideas .repec .org /p /exe /wpaper /1803 .html.
Blume, Andreas, Board, Oliver, 2013. Language barriers. Econometrica 81 (2), 781–812.
Blume, Andreas, Board, Oliver, 2014. Intentional vagueness. Erkenntnis 79 (4), 855–899.
Blume, Andreas, Board, Oliver, Kawamura, Kohei, 2007. Noisy talk. Theor. Econ., 395–440.
Blume, Andreas, Lai, Ernest K., Lim, Wooyoung, 2019. Eliciting private information with noise: the case of randomized response. Games Econ. Behav. 113, 

356–380.
Blume, Andreas, Lai, Ernest K., Lim, Wooyoung, 2020. Strategic information transmission: a survey of experiments and theoretical foundations. In: Handbook 

of Experimental Game Theory. Edward Elgar Publishing.
Blume, Andreas, Lai, Ernest K., Lim, Wooyoung, 2021. Mediated talk: an experiment. Working Paper. Eller College of Management.
Bose, Subir, Renou, Ludovic, 2014. Mechanism design with ambiguous communication devices. Econometrica 82 (5), 1853–1872.
Colo, Philippe, 2021. Expert-based Knowledge: Communicating over Scientific Models. Working paper 110434. University Library of Munich, Germany. 

https://ideas .repec .org /p /pra /mprapa /110434 .html.
Crawford, Vincent P., Sobel, Joel, 1982. Strategic information transmission. Econometrica 50 (6), 1431–1451.
Cubitt, Robin, van de Kuilen, Gijs, Mukerji, Sujoy, 2018. The strength of sensitivity to ambiguity. Theory Decis. 85 (3), 275–302.
Cubitt, Robin, van de Kuilen, Gijs, Mukerji, Sujoy, 2019. Discriminating between models of ambiguity attitude: a qualitative test. J. Eur. Econ. Assoc.
Dominiak, Adam, Duersch, Peter, Lefort, Jean-Philippe, 2012. A dynamic Ellsberg urn experiment. Games Econ. Behav. 75 (2), 625–638.
Ellsberg, Daniel, 1961. Risk, ambiguity, and the Savage axioms. Q. J. Econ. 75 (4), 643–669.
Epstein, Larry G., Halevy, Yoram, 2019. Hard-to-Interpret Signals.
Evdokimov, Piotr, Garfagnini, Umberto, 2019. Communication and behavior in organizations: an experiment. Quant. Econ. 10 (2), 775–801.
Fischbacher, Urs, 2007. Z-tree: Zurich toolbox for ready-made economic experiments. Exp. Econ. 10 (2), 171–178.
Fox, C.R., Tversky, A., 1995. Ambiguity aversion and comparative ignorance. Q. J. Econ., 585–603.
Frederick, Shane, 2005. Cognitive reflection and decision making. J. Econ. Perspect. 19 (4), 25–42.
Ghirardato, Paolo, Maccheroni, Fabio, Marinacci, Massimo, 2004. Differentiating ambiguity and ambiguity attitude. J. Econ. Theory 118 (2), 133–173.
Gilboa, Itzhak, Schmeidler, David, 1989. Maxmin expected utility with non-unique prior. J. Math. Econ. 18 (2), 141–153.
Giovannoni, Francesco, Xiong, Siyang, 2019. Communication under language barriers. J. Econ. Theory 180, 274–303.
Gneezy, Uri, 2005. Deception: the role of consequences. Am. Econ. Rev. 95 (1), 384–394.
377

https://doi.org/10.1016/j.geb.2022.09.007
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib2E33DDBDD4A90AB52CB501B6C7121DA0s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib2E33DDBDD4A90AB52CB501B6C7121DA0s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF0228339769D1B03179E4125CC2E63A8s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF0228339769D1B03179E4125CC2E63A8s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF31D9458F68BDC740CD082C04B41FEA7s1
https://ideas.repec.org/p/igi/igierp/653.html
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibFD44AE059BE9239B77BB8205CF18AD09s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib9FE1B580ED29DECB28BC9EF884FDE60Es1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib5451A4E41368224A2E57501094FA1D01s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF6066A0F6B670E12471A341AECA2E37As1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF6066A0F6B670E12471A341AECA2E37As1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib46DF968B4BDDECEB47166DDAB8C4CED3s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib14DEF75E893C5CECD291947035074051s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib887A634B979026F319937599D9C26E00s1
https://ideas.repec.org/p/exe/wpaper/1803.html
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibBD59CD3D3C2FBE11684E2861D4003D11s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib830A8A7A1204EA3E9EE58E7086DC8F22s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib09C0D30E1D9C3FA516E6C68436CCEB5As1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib937BA0423604528C8DBE59291F431064s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib937BA0423604528C8DBE59291F431064s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib6B2AAC1FDC81F1E47278C1BF99FC4BE4s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib6B2AAC1FDC81F1E47278C1BF99FC4BE4s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibA53469462A00D04812F4080ECD1E98D6s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib27291085D2706EE72037353550271A88s1
https://ideas.repec.org/p/pra/mprapa/110434.html
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibC3B9F1DD621ACBF0AD8F86222C27C1F0s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib8A7E4FBBB0C640B1A6F4A66ADAEAC3CCs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib7407980F9DE212A884EA3F9BE5AF8899s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF32647C7806F19BAA7955C633FE6B285s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib491784BC176F102C26623D9AB15A882Ds1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib5BA51CCFF732E97A2D8E291347BFDBF8s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib446E1CFD542D4C16E2428F411BB2ECC5s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib5C11645E26330FFF94C7E7CFA262F2B0s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibAF8A8E130997B218BE964A034C055A83s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib1F53A60161486C954DE4D98A668278E0s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib3A1FC72CC8D57E4029E294C4C2E667B3s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibA576E7372DAE1B0045D66BCAD0586E9Cs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib67915351497C76E16022A9DB55BAD5B5s1


C. Kellner, M.T. Le Quement and G. Riener Games and Economic Behavior 136 (2022) 360–378
Greiner, B., 2004. An online recruitment system for economic experiments. In: Macho, Kurt, Kremer, Volker (Eds.), GWDG-Ber. 63, 79–93.
Halevy, Yoram, 2007. Ellsberg revisited: an experimental study. Econometrica 75 (2), 503–536.
Hanany, Eran, Klibanoff, Peter, 2007. Updating preferences with multiple priors. Theor. Econ. 2 (3), 261–298.
Hanany, Eran, Klibanoff, Peter, 2009. Updating ambiguity averse preferences. B. E. J. Theor. Econ. 9 (1), 1–53.
Jäger, Gerhard, Metzger, Lars P., Riedel, Frank, 2011. Voronoi languages. Games Econ. Behav. 73 (2), 517–537.
Kahneman, D., Tversky, A., 1974. Judgement under uncertainty: heuristics and biases. Science 185, 1124–1131.
Kellner, Christian, Le Quement, Mark T., 2018. Endogenous ambiguity in cheap talk. J. Econ. Theory 173, 1–17.
Klibanoff, Peter, 2001. Characterizing uncertainty aversion through preference for mixtures. Soc. Choice Welf. 18 (2), 289–301.
Klibanoff, Peter, Marinacci, Massimo, Mukerji, Sujoy, 2005. A smooth model of decision making under ambiguity. Econometrica 73 (6), 1849–1892.
Kops, Christopher, Pasichnichenko, Illia, 2020. A Test of Information Aversion. Working Paper. University of Heidelberg, Department of Economics.
Li, Jian, 2020. Preferences for partial information and ambiguity. Theor. Econ. 15 (3), 1059–1094.
Lipman, Barton L., 2009. Why is language vague. Working Paper. Boston University. https://sites .bu .edu /blipman /files /2021 /10 /vague5 .pdf.
Lo, Kin Chung, 1996. Equilibrium in beliefs under uncertainty. J. Econ. Theory 71 (2), 443–484.
Oechssler, Jörg, Rau, Hannes, Roomets, Alex, 2019. Hedging, ambiguity, and the reversal of order axiom. Games Econ. Behav. 117.C, 380–387.
Oechssler, Jörg, Roider, Andreas, Schmitz, Patrick W., 2009. Cognitive abilities and behavioral biases. J. Econ. Behav. Organ. 72 (1), 147–152.
Peirce, Charles S., 1902. Vague. In: Baldwin, J.M. (Ed.), Dictionary of Philosophy and Psychology, vol. 2.
Riedel, Frank, Sass, Linda, 2014. Ellsberg games. Theory Decis. 76 (4), 469–509.
Seidenfeld, Teddy, Wasserman, Larry, 1993. Dilation for sets of probabilities. Ann. Stat. 21 (3), 1139–1154.
Serra-Garcia, Marta, Van Damme, Eric, Potters, Jan, 2011. Hiding an inconvenient truth: lies and vagueness. Games Econ. Behav. 73 (1), 244–261.
Shishkin, Denis, Ortoleva, Pietro, 2019. Ambiguous Information and Dilation: an Experiment.
Siniscalchi, Marciano, 2011. Dynamic choice under ambiguity. Theor. Econ. 6 (3), 379–421.
Sobel, Joel, 2013. Giving and receiving advice. In: Advances in Economics and Econometrics, vol. 1, pp. 305–341.
Wang, Joseph Tao-yi, Spezio, Michael, Camerer, Colin F., 2010. Pinocchio’s pupil: using eyetracking and pupil dilation to understand truth telling and 

deception in sender-receiver games. Am. Econ. Rev. 100 (3), 984–1007.
Williamson, Timothy, 1996. Vagueness (Problems of Philosophy). Routledge, New York, NY, USA.
378

http://refhub.elsevier.com/S0899-8256(22)00137-3/bibC40E70327177B119BCCE51EA61AEB2B8s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib5444C964CF8234ADEF9D9123BBDB81DFs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib4E704F656595E674E24F77B8E4FE3E12s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib54BF9F988C91E60189772A92FD9C2390s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib02F326E63B9BF27D8B5B2FD07769D9FAs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibD1B1DADE9B71474C5740084DF798BD05s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib0AB324EC97FC6359399A6DE148BC0859s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib12E7E7280A6E0E2073DDECA80570DFDFs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibFC0D71D379128940AF631313D1D76AF4s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibBDDE9718F23ED64E051DFC48222DF3AEs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib47DCD7482170289DE33463F2ABC7F1A8s1
https://sites.bu.edu/blipman/files/2021/10/vague5.pdf
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib21A52171777D2BA647022FF6CBE0DB48s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibF153DE075EA0AC1A4EF4CB434553632Fs1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibCB40201B6E89BFCEF80317DD0BA5EB97s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibBD350BC77FD6FF493B973EF6F9611404s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib28F0A913F9708012BDE8C45149D69B5Ds1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibD73FC95ADAB16C5340977A1DB3D4F4C5s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib4A42727B060C46C122CEFBECBA29437As1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib3EB5DE564CF7DD17856D58524C3DC666s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib017E2BDC392DE2408A1411FC60DFC867s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib9FC207B1469A0B663C64BD95EEC15541s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bib9FC207B1469A0B663C64BD95EEC15541s1
http://refhub.elsevier.com/S0899-8256(22)00137-3/bibD8065795CAE9127495A23D4526FF662Ds1

	Reacting to ambiguous messages: An experimental analysis
	1 Introduction
	2 Experimental design
	2.1 Main treatment task
	2.2 Control tasks
	2.2.1 Belief updating ability
	Choice after message ⋆ in the main treatment task
	Only red balls task
	Belief elicitation task

	2.2.2 Anchoring propensity
	2.2.3 Risk and ambiguity attitude
	2.2.4 General understanding and ability
	Pre-treatment control questions
	Cognitive ability tests

	2.2.5 Overview of controls

	2.3 Implementation and procedures

	3 Theoretical predictions for the main task
	4 Results
	5 Alternative models of ambiguity aversion
	5.1 Behavior under α-max-min utility
	5.2 Behavior under smooth ambiguity

	6 Conclusion
	Declaration of competing interest
	Appendix A Proofs
	A.1 Ex ante value of the signal
	A.2 Proof of Proposition 1
	A.3 Proof of Proposition 2

	Appendix B Non-Bayes-competent
	Appendix C Help and no help treatments
	Appendix D CRT median split
	Appendix E Ambiguity loving subjects
	Appendix F Supplementary material
	References


