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Abstract

The standard Subjective Expected Utility model of decision-making implies that in-

formation can never have a negative value ex-ante. Many ambiguity theories have since

questioned this property. We provide an experimental test of the connection between the

value of information and ambiguity attitude. Our results show that the value of infor-

mation can indeed be negative when new information renders hedging against ambiguity

impossible. Moreover, the value of information is correlated with ambiguity aversion.

This confirms the predictions from ambiguity theories and may have implications for

decision-making in uncertain and dynamic environments. Neither complexity avoidance

nor information with ambiguous reliability can reproduce the results.
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1 Introduction

Information is a means to resolve uncertainty. It has economic value. Examples run from

the Subjective Expected Utility (SEU) model of decision-making under uncertainty combined

with the standard updating rules (Blackwell, 1953; Savage, 1954) to games where information

is covertly acquired (Pavan and Tirole, 2022). A lesser known characteristic of information is

that it may increase perceived uncertainty, by turning a situation with known probabilities into
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one where probabilities are not known. This way, information can impede the decision-making

process. It can even do so to a point where its value for a non-SEU decision maker (DM)

becomes negative. Instances of this type, but unrelated to uncertainty, have been reported for

decision-making by managers (Deshpande and Kohli, 1989), and investors (Karlsson, Loewen-

stein, and Seppi, 2009). This paper proposes a way to test the connection between the negative

value of information and ambiguity aversion, and presents the results from an experimental

implementation of that test.

Our design builds on the classic thought experiment of Ellsberg (1961) to test the SEU model.

Specifically, our experiment features urns with balls where each ball is marked with one of the

numbers 1, 2, 3, or 4. The distinctive feature of Ellsberg urns is that some information about

their ball composition is missing. In our design, the numbers n1 and n2 of balls marked with

1 and 2 are known, whereas the numbers n3 and n4 are unknown. However, the total number

n3+n4 is known and is such that n1+n2 < n3+n4. Further, it is known that the balls marked

with 1 and 3 are green, while the balls marked with 2 and 4 are blue (Figure 1).

Figure 1: Ball types

1 2 3 4

To test the negative value of information, subjects in our experiment are asked to choose

between different bets on the number x a randomly drawn ball from the urn is marked with.

They are asked to choose between the bet on 1 and 2 (win if x ∈ {1, 2}, lose otherwise) and

the bet on 3 and 4 (win if x ∈ {3, 4}, lose otherwise). They are asked this question in two

different information conditions. In one such condition, call it No Color Info, the color of the

drawn ball is unknown. Note that in this condition, the winning probabilities of each bet are

known. In the other condition, call it Color Info, they know the color of the drawn ball up

front. Here, regardless of whether the drawn ball is green or blue, the winning probabilities

become unknown. For example, if the drawn ball is green, subjects may want to compare n1

and n3, where n3 is unknown. Our test of the negative value of information boils down to the

question of which of the two conditions, No Color Info or Color Info, subjects prefer. By design,

the payoffs in the Color Info condition are higher than in No Color Info. Thus, somebody who

is indifferent to the information would prefer the Color Info condition, while a preference for

No Color Info implies a negative value of the information.

Our results in this paper show that for over 49% of the participants in our experiments the

value of information is negative. As laid out above, the intuition behind these experiments is

that information breaks an existing hedge against ambiguity which may induce ambiguity averse

subjects to avoid it. The data confirms this intuition. It shows a significant correlation between

the negative value of information and ambiguity aversion. Further treatments establish that

the negative value of information is neither driven by the complexity of the decision situation,
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nor can it be replicated by information of ambiguous reliability. This underlines the robustness

of our results and corroborates the theoretical predictions on the relationship between the value

of information and ambiguity attitude (Li, 2020).

As an application, consider the following example where all news is bad news. The stock market

can be in one of two states, either up or down. An investor chooses between two investments.

The first is a real estate investment which is typically not correlated with the stock market.

The second concerns an asset where data on its correlation with the market is missing. Not

knowing whether the market is up or down, the asset is more likely to be successful than the real

estate investment is. Knowing the state of the market, however, makes the situation ambiguous,

because the correlation between the market and the asset is unknown. This makes it conceivable

that the investor ascribes a negative value to the information about the state of the market. It

is in this way that the negative value of information may explain underinvestment.

The example above involves a variable (state of the stock market) which the DM deems relevant

and whose relationship with other variables is ambiguous. Another way to induce a negative

value of information lies in a gradual resolution of uncertainty. This way, a DM’s perceived

uncertainty increases, because partial information is revealed at intermediate stages (Li, 2020).1

Theoretically, information can never have a negative value ex-ante under the assumption of

expected utility maximization and the standard updating rules (Blackwell, 1953). The idea that

a non-expected utility theory may lead to a negative value of information was first presented

in Wakker (1988) for decision making under risk. Li (2020) studies preferences that depend

on how information is dynamically revealed. Specifically, the preference relation is defined on

pairs (f, π), where f is an act and π is a partition of the state space representing anticipated

information. The paper characterizes a recursive utility representation by a set of axioms

which includes weak order and strong monotonicity. Different types of static ambiguity averse

preferences can be embedded into the model. Our results in this paper may be seen as an

experimental test for the axioms in Li (2020). With close to 80% of ambiguity averse subjects

showing a negative value of information, our findings by and large confirm the theoretical

prediction of Li (2020). On the other hand, we did not find significant support for the connection

between the value of information and dynamic consistency in Galanis (2021), although the effect

goes in the predicted direction. Future research may shed further light on these issues.

While we study the value of reliable information in this paper, a recent strand of the experimen-

tal literature studies the value of ambiguous information which is information with unknown or

ambiguous reliability (Kellner, Le Quement, and Riener, 2022; Shishkin and Ortoleva, 2023),

or unknown informativeness (Epstein and Halevy, 2020; Liang, 2021). Other studies tested

consequentialism and dynamic consistency under uncertainty (Cohen et al., 2000; Dominiak,

1Genetic testing (Oster, Shoulson, and Dorsey, 2013) and checking investment accounts (Karlsson, Loewen-
stein, and Seppi, 2009) are typical examples here.

3



Duersch, and Lefort, 2012; Bleichrodt et al., 2021; Esponda and Vespa, 2021). Out of all these,

our experiment is presumably closest to Shishkin and Ortoleva (2023). They, too, study the

value of information and its relation to ambiguity attitude when ‘all news is bad news’ as

termed by Gul and Pesendorfer (2021). However, they find no correlation between the negative

value of information and ambiguity aversion. At face value, this finding seems to contradict our

result on the corresponding correlation being positive. However, this is not the case. Making

the information that participants receive less reliable, a variation of our original experimental

setup is able to replicate the finding of Shishkin and Ortoleva (2023). This establishes that the

reliability of the information is key for the result on the negative value of information.

A large strand of the literature documents the prevalence of real-world instances of information

aversion (Hertwig and Engel, 2016; Golman, Hagmann, and Loewenstein, 2017; Brown and

Walasek, 2020), running from behavioral finance (Karlsson, Loewenstein, and Seppi, 2009) to

health (Oster, Shoulson, and Dorsey, 2013; Ho, Hagmann, and Loewenstein, 2021) and manage-

rial decision-making (Deshpande and Kohli, 1989). Other experimental studies checked whether

subjects are information averse in games, studying the phenomenon referred to as strategic ig-

norance (Dana, Weber, and Kuang, 2007; Grossman and van der Weele, 2017). Finally, a

number of studies proposed different reasons for information aversion such as anxiety (Kőszegi,

2003; Eliaz and Spiegler, 2006; Epstein, 2008), disappointment aversion (Dillenberger, 2010;

Andries and Haddad, 2020), regret aversion (Krähmer and Stone, 2013; Somasundaram and

Diecidue, 2017), optimism maintenance (Brunnermeier and Parker, 2005; Oster, Shoulson, and

Dorsey, 2013) or belief investments (Jonas et al., 2001; Dana, Weber, and Kuang, 2007). Our

study in this paper implemented as a controlled and abstract laboratory experiment highlights

the robustness of the phenomenon of information aversion and suggests in ambiguity aversion

a potential driver for such information averse behavior.

Section 2 provides formal definitions of the tested concepts. The next two sections present our

experimental designs and results. Section 5 provides a discussion of the underlying assumptions

and design choice. The final section concludes.

2 Value of Information, Ambiguity Attitude, and Dy-

namic Consistency

Let S be a set of states. For simplicity, assume that S is finite. Subsets of S are referred to

as events, i.e., any E ⊆ S is an event. Let X ⊆ R denote a set of outcomes. An act f is a

function from S to X . We consider a DM who has preferences < over the set F of all possible

acts. The DM’s preferences conditional on the occurrence of some event E ⊂ S are denoted by

<E .
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From the ex-ante view, information about the state of the world can be represented as a partition

of S (Aumann, 1974; Gilboa and Lehrer, 1991). For example, note that the information on the

color of the randomly drawn ball in the setting described in the Introduction may be represented

as the partition of {1, 2, 3, 4} into the two events G = {1, 3} and B = {2, 4}. In what follows,

we compare the theoretical value of information in two models of decision-making, one without

ambiguity, the other with ambiguity.

2.1 Value of Information in SEU Model

In the SEU model (Savage, 1954), the DM’s preferences are characterized by a utility function

u : X → R and a unique subjective belief p about the states of the world in S. Assume that

the DM is facing the problem of choosing a single act from a finite set F ⊆ F . The value V0 of

such a choice set without information is given by

V0 = max
f∈F

∑

s∈S

p(s)u (f(s)) (1)

i.e., the maximal expected utility available by choosing an act from F . The value VE of the

same choice set conditional on an event E ⊂ S is given by

VE = max
f∈F

∑

s∈E

pE(s)u (f(s)) (2)

which is the maximal expected utility with respect to the update pE of p. An elementary piece

of information is represented by a partition of S into two sets A, Ā ⊂ S. Then, the value of

information is defined in the following way.

Definition 2.1 (Blackwell (1953)). Let F ⊆ F be a choice set and {A, Ā} be a partition of S.

Under SEU, the value of information {A, Ā} is given by

V OI =
[

p(A)VA + p(Ā)VĀ

]

− V0 (3)

where V0 and VA, VĀ are defined by equations (1) and (2) respectively.

Thus, the value of information equals the expected increase in utility resulting from being

able to condition the choice of an act on the elements of the partition. Note that because

p = p(A)pA + p(Ā)pĀ and mathematical expectation is linear in probabilities, we have

p(A)
∑

s∈A

pA(s)u (f(s)) + p(Ā)
∑

s∈Ā

pĀ(s)u (f(s)) =
∑

s∈S

p(s)u (f(s))

for any f ∈ F . Therefore, the expression in the square brackets of (3) is always greater than

or equal to V0, because the optimal acts associated with VA and VĀ are chosen independently.
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Thus, V OI ≥ 0 for any DM, choice set, and information under SEU. Intuitively, information

expands the DM’s choice set to include combinations of conditional acts, which cannot harm.

2.2 Value of Information in Maxmin Expected Utility Model

Under ambiguity, however, the value of information can be negative. According to the Maxmin

Expected Utility (MEU) model (Gilboa and Schmeidler, 1989; Ivanenko and Labkovskii, 1986),

the DM’s subjective beliefs form a set C of probability distributions on the state space. The

DM ranks acts by maximizing the minimal expected utility of an act with respect to this set

of beliefs. Hence, the value of a choice set F ⊆ F without information is

V0 = max
f∈F

min
p∈C

∑

s∈S

p(s)u (f(s)) (4)

and the value of the same choice set conditional on an event E ⊂ S is

VE = max
f∈F

min
pE∈CE

∑

s∈E

pE(s)u (f(s)) (5)

where CE is the Full Bayesian (includes updates of all beliefs) update of C.

Definition 2.2 (Li (2020)). Let F ⊆ F be a choice set and {A, Ā} be a partition of S. Under

MEU, the value of information {A, Ā} is given by

V OI = min
p∈C

[

p(A)VA + p(Ā)VĀ

]

− V0 (6)

where V0 and VA, VĀ are defined by equations (4) and (5) respectively.

To see that the value of information in (6) can be negative, the following intuition may be

helpful. Although the DM can choose different acts conditional on A and Ā, the minima over

CA and CĀ in (5) may be reached at the updates of different beliefs. Moreover, there is another

minimum in (6). Hence, information works as if it expands both the DM’s and Nature’s choice

sets. Whether the value of information is negative, positive, or zero depends on which side

benefits from such an expansion more.

From the experimental perspective, estimating the values in (6) can be difficult, as it requires

eliciting the DM’s set of beliefs. However, as will be explained in the next section, the structure

of our experiment allows us to assume that VA = VĀ. Hence, the expression in (6) becomes

V OI = VE − V0 (7)

for E ∈ {A, Ā}. Thus, we get a simple criterion for the value of information to be negative,

which is V OI < 0 if and only if VE < V0.
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2.3 Ambiguity Attitude and Dynamic Consistency

Ellsberg (1961) pointed out that missing information about probabilities, commonly referred to

as ambiguity, affects preferences in a way that cannot be explained by the SEU model. Consider

three events represented by non-empty and pairwise disjoint sets A,B,C ⊂ S. Assume that

only the probabilities of A and B ∪ C are known. Let bE be a bet on an event E ⊆ S, i.e.,

bE(s) = x for s ∈ E and bE(s) = y otherwise, for some x ≻ y. Then, preferences bA ≻ bB and

bA∪C ≺ bB∪C are inconsistent with SEU and are referred to as ambiguity averse. The opposite

preferences bA ≺ bB and bA∪C ≻ bB∪C , referred to as ambiguity seeking, cannot be described by

SEU either. The remaining two variants bA ≻ bB, bA∪C ≻ bB∪C and bA ≺ bB, bA∪C ≺ bB∪C are

consistent with SEU and referred to as ambiguity neutral. For a summary of experimental work

on this topic, see Oechssler and Roomets (2015) and Trautmann and Van De Kuilen (2015).

Dynamic consistency links conditional and unconditional preferences in the following way.

Definition 2.3. Let {A, Ā} be a partition of S. Preferences are dynamically consistent if for

any f, g ∈ F , we have f < g only if either f <A g or f <Ā g.

For example, the preferences (f < g, g ≻A f, g ≻Ā f) are dynamically inconsistent because

the ex-ante preference of f < g is not implemented in any of the events in {A, Ā}, since both

g ≻A f and g ≻Ā f . While dynamic consistency is implied by the combination of SEU and the

standard updating rules, this is not a given under ambiguity models such as MEU.

3 Experimental Design

We conducted two experiments with an overall of 222 incentivized participants in the laboratory.

The first experiment provides a simple test of the negative value of information and its relation

to ambiguity aversion. Complementing this experiment, we ran a second experiment to probe

the robustness of the results from the first experiment. This second experiment extends our

analysis of the negative value of information to its sensitivity on the stakes in the experiment, to

information with unknown or ambiguous reliability and to the role of complexity in explaining

the results.

3.1 Design of First Experiment

Our first experiment builds on the variant of an Ellsberg urn depicted in Figure 2. The urn

contains 21 balls. Every ball has a color and is marked with a number. There are five green

balls marked with the number 1 and five blue balls marked with the number 2, n1 = n2 = 5.
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Each of the remaining eleven balls is either green and marked with a 3, or, it is blue and marked

with a 4. The exact numbers n3 and n4 are unknown to the participants. But, it is known that

n3 + n4 = 11. Subjects in our experiment are asked to choose between different bets on the

number a randomly drawn ball from the urn is marked with.

Figure 2: Ellsberg-type urn
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Our experiment consists of five problems of pairwise choice between bets. Out of these five

choice problems, three were designed to test information aversion and dynamic consistency

under uncertainty. The other two choice problems elicit participants’ ambiguity preferences. In

each choice problem, participants are asked to choose between two different bets. Each choice

problem reveals how much each bet pays depending on the number of a randomly drawn ball

from the urn.

3.1.1 Testing Value of Information

Intuitively, information that breaks an existing hedge against ambiguity may lead to a negative

value of information for ambiguity averse DMs.

To see how we translated this intuition into our experimental design, consider the choice between

the two bets on a randomly drawn ball from the urn, listed in Table 1. When the color of the

drawn ball is not known upfront, each of these bets is risky. The probability of getting the

higher prize is 10

21
for 12 and 11

21
for 34. On the other hand, when the color is known upfront,

each of these bets becomes ambiguous. For example, after knowing that the drawn ball is

green, the winning chance in 12 changes from 10

21
to 5

5+n3
, where n3 is unknown. Similarly, the

winning chance in 34 changes from 11

21
to n3

5+n3
, which is ambiguous as well. For an ambiguity

averse DM such ambiguity is undesirable and he may even be willing to forego a small payoff

premium to avoid the ambiguity that comes with the information about the color. A similar

argument can be made in case the drawn ball is blue.

Next, we lay out the precise formulation of our decision tasks eliciting the value of information.

In Problem 1, participants are asked to choose between the two bets 12 and 34 not knowing
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Table 1: Bets in Problem 1 (No Color Info condition)

5 balls 5 balls 11 balls

1 2 3 4
12 e 10 e 10 e 4 e 4
34 e 4 e 4 e 10 e 10

the color of the drawn ball (No Color Info condition). Table 1 specifies what each bet pays

depending on the number that the randomly drawn ball is marked with.

For Problem 2, a ball is randomly drawn before participants are asked to make their decision

between the two bets of this choice problem. Participants can see the color of the drawn ball,

but the number it is marked with remains unknown to them (Color Info condition). Table 2

specifies what each bet pays depending on the number. Note that the only difference between

the bets in this and the previous problem lies in the payoff increase of e 0.5 in every state.

Table 2: Bets in Problem 2 (Color Info condition)

5 balls 5 balls 11 balls

1 2 3 4

12
∗

e 10.5 e 10.5 e 4.5 e 4.5
34

∗
e 4.5 e 4.5 e 10.5 e 10.5

In Problem 3, participants are asked to choose between the two bets they have chosen in the

previous two problems. Let c1(12, 34) and c2(12
∗
, 34

∗
) specify participant’s bets chosen in

Problems 1 and 2. Then, in the third problem, this participant is asked to choose between

c1(12, 34) vs. c2(12
∗
, 34

∗
)

Say, a participant has chosen 34 in Problem 1, i.e., c1(12, 34) = 34, and 12
∗
in Problem 2,

i.e., c2(12
∗
, 34

∗
) = 12

∗
. Then, in the third problem, she is asked to choose between 34 and

12
∗
. Note that 34 still refers to the No Color Info condition and 12

∗
still refers to the Color

Info condition.

To apply the framework of Section 2, we make the following assumption.

Assumption 1. (MEU) The DM’s preferences are represented by the MEU model with the

state space S = {1, 2, 3, 4}, the set of outcomes X = {4, 4.5, 10, 10.5} and acts 12, 34, 12
∗
, 34

∗
.

The DM’s utility function u : X → R is strictly increasing. The information is represented by

the partition {G,B}, where G = {1, 3} and B = {2, 4}.

We classify participants choosing bet c1(12, 34) in Problem 3 as showing a negative value of

information and those choosing c2(12
∗
, 34

∗
) as showing a non-negative value of information.
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This classification is based on the following reasoning. Note that, since act c1(12, 34) is optimal

in the set F = {12, 34} without information, the value of c1(12, 34) is equal to V0 in Equation

(4). Similarly, the value of c2(12, 34) (not observed in the experiment) equals VE from Equation

(5) for E = G or E = B depending on what ball was actually drawn. Since acts 12 and 34 are

symmetric with respect to color, as is the information about urn compositions, this motivates

the following assumption.

Assumption 2. (Color Symmetry) VG = VB.

In other words, the DM’s choice in Problem 2 and the resulting utility do not depend on the

color of the drawn ball. Assumption 2 allows us to simplify the value of information given by

Equation (6) to V OI = VE−V0, where E ∈ {G,B} is the color of the drawn ball. Because acts

12
∗
and 34

∗
dominate acts 12 and 34 by e 0.5 in every state, we have c2(12

∗
, 34

∗
) ≻ c2(12, 34).

Hence, the observed preference c1(12, 34) ≻ c2(12
∗
, 34

∗
) implies c1(12, 34) ≻ c2(12, 34). The

latter implies VE < V0, from which V OI < 0 follows.

Note that if the observed preference c1(12, 34) ≻ c2(12
∗
, 34

∗
) is in fact the indifference

c1(12, 34) ∼ c2(12
∗
, 34

∗
), the value of information is still strictly negative because we have

c1(12, 34) ∼ c2(12
∗
, 34

∗
) ≻ c2(12, 34), which implies VE < V0.

Intuitively, c1(12, 34) ≻ c2(12
∗
, 34

∗
) means that the DM leaves money on the table in exchange

for not knowing the color of the randomly drawn ball upfront. Since all bets are symmetric

w.r.t. color, this observation does not depend on whether the color of the ball which was actually

drawn is green or blue. Section 5.1 provides a critical discussion of the two assumptions laid

out here.

3.1.2 Testing Dynamic Consistency

Dynamic consistency requires that ex-ante contingent choices are respected by updated prefer-

ences. In our experiment, we classify participants choosing bet 12 from Problem 1 and bet 12
∗

from Problem 2, or respectively, bets 34 and 34
∗
as dynamically consistent. All other partici-

pants, i.e., those choosing 12 and 34
∗
, or, 34 and 12

∗
, we classify as dynamically inconsistent.

The assumption underlying this classification is the following.

Assumption 3. (Color Symmetry Continued) The DM’s conditional preference <E be-

tween acts 12
∗
and 34

∗
does not depend on the event E ∈ {G,B}.

Say, a green ball is drawn in the Color Info condition. To see why preferences

12 ≻ 34, 12
∗
≺G 34

∗
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are dynamically inconsistent, note that, abusing notation, 12
∗
= 12+ 0.5 and 34

∗
= 34+ 0.5.

It follows from Assumption 1 that 12 ≻ 34 implies 12
∗
≻ 34

∗
. On the other hand, 12

∗
≺G 34

∗

implies 12
∗
≺B 34

∗
by Assumption 3. Taken together, the preferences above imply

12
∗
≻ 34

∗
, 12

∗
≺G 34

∗
, 12

∗
≺B 34

∗
,

which are dynamically inconsistent by Definition 2.3. The same reasoning also establishes that

the preferences for 34 and 12
∗
are dynamically inconsistent, as well.

3.1.3 Testing Ambiguity Attitude

The structure of our test for ambiguity aversion is a variation of the Ellsberg 3-color problem.

Following the ambiguity-literature, we test for the DM’s ambiguity attitude by offering two

choice problems. Specifically, in Problems 4 and 5, participants choose between two bets in the

No Color Info condition (see Table 3). Note that the bets 1 and 14, as well as 3 and 34, differ

only in their payoffs in state 4. While 1 and 34 are risky bets, the bets 3 and 14 are both

ambiguous. By the usual interpretation, participants choosing the risky bets 1 and 34 (resp.,

the ambiguous bets 3 and 14) are classified as ambiguity averse (resp., seeking). All other

participants, i.e., those choosing 1 and 14, or, 3 and 34, are classified as ambiguity neutral.

Table 3: Bets in Problems 4 and 5 (No Color Info condition)

5 balls 5 balls 11 balls

1 2 3 4
1 e 10 e 4 e 4 e 4
3 e 4 e 4 e 10 e 4
14 e 10 e 4 e 4 e 10
34 e 4 e 4 e 10 e 10

A problem common to ambiguity related experiments is how to deal with indifference. We tackle

this problem in two ways. First, the number n3 + n4 of ambiguous balls is one larger than the

number n1 + n2 of risky balls. This extra ball acts as a tie breaker. Hence, preference for 1

over 3 cannot be explained by indifference alone. Second, for each choice problem, we asked

participants about their confidence in their choices such that we could interpret participants

stating the lowest level of confidence as having no confidence that their choice is better than

the alternative in this choice problem, i.e., as being indifferent between the two options. In

Section 4.2.7, we use this measure as a robustness check in the analysis of our results.

Finally, Table 4 provides a summary chart of all five experimental tasks that spells out how

choices in each task constitute the tests of the value of information, dynamic consistency, and

ambiguity attitude in our experiment. Appendix A contains the analysis of our five choice

problems using different models of decision-making.
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Table 4: Summary chart of experimental problems and tests

Problem 1 Problem 2 Problem 3 Problem 4 Problem 5

12 vs. 34 12
∗
vs. 34

∗
c1(12,34) vs. c2(12

∗
,34

∗
) 1 vs. 3 14 vs. 34

Test

Negative VOI - - c1(12,34) - -

Dynamically Consistent
12

34

12
∗

34
∗

-
-

-
-

-
-

Dynamically Inconsistent
12

34

34
∗

12
∗

-
-

-
-

-
-

Ambiguity Averse - - - 1 34

Ambiguity Neutral
-
-

-
-

-
-

1

3

14

34

Ambiguity Seeking - - - 3 14

Notes: Problems 1, 4, and 5 refer to the No Color Info condition, Problem 2 refers to the Color Info condition,
Problem 3 refers to both.

3.1.4 Implementation & Lab Procedures of First Experiment

The experiment was conducted in November and December 2019 in the AWI Lab at Heidelberg

University. We implemented the above-described decision tasks as a pen-and-paper experiment.

Subjects were recruited via SONA System and paid in cash directly after the experiment. All

participants received a show-up fee of e 4 and could earn additionally up to e 10.5 from the

decision tasks. The experiment took about 45 minutes, for which participants earned, on

average, e 12.8. For practical reasons, in the laboratory, we used non-transparent, colored

balls that could be opened and filled each with a folded piece of paper that was marked with

a number from one to four. Furthermore, instead of urns we used cardboxes. We used two

identical boxes, i.e., one box for the No Color Info condition and another for the Color Info

condition. Before each session, the boxes were checked to contain the correct distribution of

colored, marked balls. Participants did not have any information as to what the distribution

of the eleven ambiguous balls in each box were, but the physical boxes were visibly placed on

the experimenter’s table for all subjects to see and could be inspected by participants after

each session. Before decision sheets were distributed, uncertainty about the ball color of the

randomly drawn ball for the Color Info condition was resolved. This was done with the help of a

randomly selected participant who performed this random draw. The ball’s color was announced

and the ball remained unopened on top of the cardbox, for everyone to see, until the end of

the experiment. So, the number it was marked with remained unknown. Participants marked

their choices on the decision sheets and answered a demographic questionnaire including our

question about urn-compositions. Then the decision sheets were collected. Another randomly

selected participant randomly picked one of five cards that determined which of the five choice

problems was payoff-relevant. The shuffled cards were presented face down. For each of the

five choice problems, there was one card referring to it. If the payoff-relevant choice problem

involved the Color Info condition (Problems 2 and 3), the previously drawn ball was opened

and the number was revealed to participants. If the payoff-relevant choice problem involved the
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No Color Info condition (Problems 1, 3, 4, and 5), the same participant performed a random

draw from the other box, opened the drawn ball, and revealed the number it was marked with

to participants. Final payoffs were calculated, participants were paid and dismissed from the

lab. On their way out, they could inspect the urns if they wanted to.2

3.2 Design of Second Experiment

The second experiment complements the first one. Their designs overlap in many respects.

But, they also differ in subtle details. The similarities and differences in their designs can be

understood best by dividing the questions of the second experiment into the following three

categories: replication (REP) questions, complexity (COM) questions and ambiguous reliability

(ARL) questions. Overall, the second experiment comprises ten choice problems. Table 5 shows

how the ten choice problems of the second experiment divide into the three categories of REP,

COM, and ARL questions. Each of the ten choice problems is implemented in a Multiple Price

List (MPL) format. This amounts to fifteen questions (or lines) per every choice problem. The

middle (8th) question of every choice problem always offers a choice between the two plain

urn-bets of the corresponding problem. The first seven questions each add a different extra

payment to the first plain urn-bet, but keep the second plain urn-bet as is. The last seven

questions do it vice versa, by keeping the first plain urn-bet as is and adding extra payments

to the second plain urn-bet. These added extra payments take the values of e 5.00, e 2.00,

e 1.50, e 1.00, e 0.75, e 0.50, and e 0.25.

Table 5: Summary chart of the second experiment and its robustness tests

Problem 1 Problem 2 Problem 3 Problem 4 Problem 5 Problem 6 Problem 7 Problem 8 Problem 9 Problem 10

Questions

REP X X X X X - - - - -

COM - - - - - X X X - -
ARL - - (X) - - - - - X X

Notes: All ten choice problems of the second experiment are implemented using an MPL format. Problems 1, 2,
3, 4, and 5 replicate (REP) the five choice problems from the first experiment. Problems 6, 7, and 8 provide a
test for complexity (COM) avoidance in the test of the negative value of information. Problems 9 and 10 vis-a-vis
Problem 3 test for the role of the reliability of the information in the test of the negative value of information.

3.2.1 Replication (REP) Questions

The questions in this category aim at a replication of the first experiment. They involve the

same tests as the first experiment does. Also, the two urns for these tests, Urn U1 and Urn K1,

are as described in Section 3.1. Where the replication questions differ from those of the first

experiment is in the way they are implemented. Instead of asking a single binary question per

2A replication package including all instructions, data, analysis files and other materials is available at
https://osf.io/w8k2p/. Instructions were translated from German. Original instructions are available from
the authors upon request.
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every choice problem, each of the five choice problems is now presented in the MPL format laid

out above. Table 6 lists the plain urn-bets of Problems 1, 2, 3, and 4.

Table 6: Plain urn-bets without extra payments (i.e., middle questions) of
Problems 1, 2, 3, and 4 in the second experiment

5 balls 5 balls 11 balls

1 2 3 4
1 e 10 e 4 e 4 e 4
3 e 4 e 4 e 10 e 4
14 e 10 e 4 e 4 e 10
34 e 4 e 4 e 10 e 10
12 e 10 e 10 e 4 e 4
34 e 4 e 4 e 10 e 10

12
∗

e 10 e 10 e 4 e 4

34
∗

e 4 e 4 e 10 e 10

Notes: No Color info condition (all Urn U1): Problem 1 (1 vs. 3), Problem 2 (14 vs.
34), Problem 3 (12 vs. 34); Color Info condition (Urn K1): Problem 4 (12

∗
vs. 34

∗
)

The plain urn-bets of Problem 5 are determined by the participant’s choice in the middle

question of Problem 3 and the choice in the middle question of Problem 4. The bottom rows of

Table 6 list the corresponding possible plain urn-bets. Let c3(12, 34) and c4(12
∗
, 34

∗
) specify

a participant’s bets chosen in these middle questions of Problems 3 and 4. Then, c3(12, 34)

and c4(12
∗
, 34

∗
) serve as the plain urn-bets for the implementation of Problem 5 in the MPL

format.

3.2.2 Complexity (COM) Questions

The questions in this category serve as a robustness check for the results on the negative value

of information from the first experiment and the REP questions of the second experiment. The

idea is to test whether these results could be driven by the relative complexity of the choice

problems where the color of the drawn ball is known.

To check this, the setup of the complexity questions is almost identical to that of the replication

questions on the negative value of information. The only difference between the two setups lies

in the different Ellsberg-type urns to which the questions refer. Recall that for the replication

questions, the Ellsberg-type urns are as described in Section 3.1. The number of 3 balls in these

urns is unknown, as is the way in which this number was determined. There is ambiguity. This

is different for the two urns, Urn U2 and Urn K2, in the complexity category. For these urns,

it is known how this number is determined such that there is no ambiguity. To be precise, the

number of 3 balls (and, thus, also the number of 4 balls, n4 = 11 − n3) in the Ellsberg-type

urns for the complexity questions is determined randomly such that every number 0, 1, 2,

. . . , 11 is equally likely. Everything else about these urns is the same as for the urns in the
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replication category, i.e., as described in Section 3.1. This way, the complexity questions retain

the complexity of the replication questions, but not the ambiguity about how the composition

of the urn was determined. Of course, the instructions explicitly inform participants about the

differences between the two categories. Table 7 lists the plain urn-bets of Problems 6 and 7.

Table 7: Plain urn-bets without extra payments (i.e., middle questions) of
Problems 6 and 7 in the second experiment

5 balls 5 balls 11 balls

1 2 3 4

12
†

e 10 e 10 e 4 e 4

34
†

e 4 e 4 e 10 e 10

12
††

e 10 e 10 e 4 e 4

34
††

e 4 e 4 e 10 e 10

Notes: No Color info condition (Urn U2): Problem 6 (12
†
vs. 34

†
); Color Info condition

(Urn K2): Problem 7 (12
††

vs. 34
††
)

The plain urn-bets of Problem 8 are determined by the participant’s choice in the middle

question of Problem 6 and in the middle question of Problem 7. Table 7 lists all possible plain

urn-bets. Let c6(12
†
, 34

†
) and c7(12

††
, 34

††
) specify a participant’s bets chosen in these middle

questions of Problems 6 and 7. Then, c6(12
†
, 34

†
) and c7(12

††
, 34

††
) serve as the plain urn-bets

for the implementation of Problem 8 in the MPL format.

3.2.3 Ambiguous Reliability (ARL) Questions

The questions in this category extend our analysis of the negative value of information to

information with unknown or ambiguous reliability.

To do so, we set up an urn which is identical to the corresponding one in the replication

category. Figure 2 serves again as illustration. Then, we put each of the 21 balls in the urn

inside another slightly larger ball. Figure 3 illustrates the resulting Urn U3. Each of the larger

balls is non-transparent, openable, and also of green or blue color. The key idea is that the color

of inner and outer ball do not have to match. When a ball from this urn is drawn, participants

only receive information about the color of the outer ball. The color of the inner ball remains

unknown. Therefore, knowing the color of the outer ball, say green, does not rule out that the

inner ball is blue, containing an even number (2 or 4). It is in this way that the information

here is made less reliable. The reason being that, as for the other categories, all questions in

the ARL category refer to the number that a drawn ball is marked with and this number only

has a guaranteed relationship to the color of the inner ball, not to that of the outer ball.

In essence, the setup here involves a variation of Problem 4 and Problem 5 from the REP

category of the second experiment. Table 8 lists the plain urn-bets of Problem 9.

15



Figure 3: Ellsberg-type Urn U3 with balls inside other balls
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Table 8: Plain urn-bets without extra payments (i.e., middle questions) of
Problem 9 in the second experiment

5 balls 5 balls 11 balls

1 2 3 4

12
◦

e 10 e 10 e 4 e 4
34

◦
e 4 e 4 e 10 e 10

Notes: Outer Color Info condition (Urn U3): Problem 9 (12
◦
vs. 34

◦
)

The plain urn-bets of Problem 10 are determined by the participant’s choice in the middle

question of Problem 3 and the choice in the middle question of Problem 9. Table 6 and Table

8 list the corresponding possible plain urn-bets. Let c3(12, 34) and c9(12
◦
, 34

◦
) specify a

participant’s bets chosen in these middle questions of Problems 3 and 9. Then, c3(12, 34) and

c9(12
◦
, 34

◦
) serve as the plain urn-bets of Problem 10.

3.2.4 Implementation & Lab Procedures of Second Experiment

The second experiment was conducted in March 2023 in the BEElab of the School of Business

and Economics at Maastricht University. To keep it as close as possible to the first experiment,

we again implemented the above-described decision tasks as a pen-and-paper experiment. Sub-

jects were recruited via ORSEE System and paid via bank transfer after the experiment. All

participants received a show-up fee of e 3 and could earn additionally up to e 15 from the deci-

sion tasks. The experiment took about 50 minutes, for which participants earned, on average,

e 11.9. As in the first experiment, the equipment consisted of non-transparent, openable, col-

ored balls and cardboxes. Before each session, the overall five identical cardboxes were checked

to contain the correct distribution of colored, marked balls. The two boxes for the condition

replicating the first experiment were filled as in the first experiment (see Section 3.1.4). For

the two cardboxes of the complexity condition, the number of 3 balls was determined using a

random number generator. The two boxes were then filled accordingly with the corresponding
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number of green balls containing folded pieces of paper, each marked with the number 1 or 3,

and the corresponding number of blue balls, each marked in the same way with the number 2

or 4. For the condition on information with unknown reliability, we prepared the balls as in

the condition replicating the first experiment. These balls were then put inside slightly larger,

non-transparent and openable balls. The larger balls were of green and blue color, as well. True

to the nature of this condition, participants did not have any information as to how the color

of the larger ball relates to the color of the ball inside it. The physical boxes were placed in the

center of the room such that every subject could see them throughout the entire experiment.

Participants were allowed to inspect the cardboxes after the experiment. Before decision sheets

were distributed, it was emphasized that only one question will determine earnings. Then,

uncertainty about the ball color of the randomly drawn ball from the corresponding boxes in

every Color Info condition was resolved. This was done with the help of a randomly selected

participant who performed these random draws. The ball’s color was announced and it re-

mained unopened on top of the cardbox, for everyone to see, until the end of the experiment.

So, the number it was marked with remained unknown. Participants marked their choices on

the decision sheets and answered a demographic questionnaire including our question about

urn-compositions. The order of decision sheets and questionnaire was reversed for half of the

participants. Then all sheets were collected and uncertainty about which of the questions deter-

mined participants’ payoffs was resolved. This was done by use of a mobile app that generates

random numbers and the help of another randomly selected participant who operated the app.

If the payoff-relevant question involved a box with a previously drawn ball, this ball was opened

and the number was revealed to participants. If the payoff-relevant question involved another

box, then the same participant performed a random draw from the corresponding box, opened

the drawn ball, and revealed the number it was marked with to participants. Final payoffs were

calculated and participants were dismissed from the lab.3

4 Results

4.1 Results of First Experiment

4.1.1 Summary Statistics

In total, 115 subjects participated in the first experiment. Subjects’ average age was 23.2 years,

and the share of economics students was 25%. With 57%, the share of female participants was

reasonably close to 50% in our experiment.

3A replication package including all instructions, data, analysis files and other materials is available at
https://osf.io/w8k2p/.
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Figure 4: %-Choices for the two Options in Problems 1-5

Figure 4 shows what fraction of participants chose which of the two options in each of our

five choice problems. For example, 17% chose the stochastically dominated Option 1 (12) in

Problem 1 (see Section 4.2.7 for a robustness check that excludes these subjects).

4.1.2 Negative Value of Information

Our main research question is whether subjects do assign a negative value to information

under uncertainty. Such participants would choose their preferred option in Problem 1 over

their preferred option in Problem 2, when it comes to their choice between these two bets

in Problem 3. Table 9 shows the percentage of participants that made negative VOI-choices.

The main result of our study is very clear: at 62%, the share of participants showing a

negative value of information is substantial.4 We refer to these 71 subjects as the VOI−

group and to the remaining 44 subjects as the VOI+ group.

Table 9: Share of the negative VOI

Problem 3 Share N

c1(12, 34) vs. c2(12
∗
, 34

∗
) 62% VOI− ** 115

Notes: Column “Share” shows percentage of c1(12,34) chosen in Problem 3.
Binary choice: Two-sided binomial test against p = 0.5. ** denotes significance at
5%.

Motivated by recent theoretical work, we checked whether the negative value of information

is correlated with ambiguity aversion. Indeed, as Figure 5a shows, subjects in the VOI−

group were more often ambiguity averse than subjects in the VOI+ group (p = 0.028,

two-sided proportion test). The percentage doubles, from 21% to 42%.5 On the other hand,

the VOI+ group was more often ambiguity neutral than the VOI− group (p = 0.080, two-sided

proportion test).

Among ambiguity averse subjects, 77% showed a negative value of information (Figure 5b).

4This share is 64% if subjects who chose the stochastically dominated option in Problem 1 are excluded.
5These shares are 20% and 44% if subjects violating first-order stochastic dominance are excluded (p = 0.03,

two-sided proportion test, N = 96).
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(a) (b)

(c) (d)

Figure 5: (a) Distribution of ambiguity attitude for each type of information behavior, (b) distribution of
information behavior for each type of ambiguity attitude and dynamic consistency, (c) and (d) show corre-
sponding shares if subjects violating first-order stochastic dominance are excluded (AA ambiguity averse, AN
ambiguity neutral, AS ambiguity seeking, DC dynamic consistency, DI dynamic inconsistency)

Thus, our findings are in line with the predictions of recent theoretical contributions. The fact

that we were able to replicate the relationship between the VOI and ambiguity attitude put

forward by the theory of Li (2020), counteracts worries that our results stem from subjects’

choices being random or driven by confusion.

On the other hand, the correlation between VOI− and ambiguity aversion is not perfect. Specif-

ically, 58% of the VOI− group are not ambiguity averse. This suggests that the negative value

of information may be more than a mere by-product of ambiguity aversion. Indeed, the drivers

for consistent behavior in these two tests may well be of a different nature. To behave in line

with the SEU model combined with the standard updating rules in our test of DMs’ ambiguity

attitudes, that is a variation of the Ellsberg 3-color problem, participants need to be probabilis-

tically sophisticated. On the other hand, to behave like this in our test of the negative value

of information, it suffices for participants to ignore the color of the drawn ball.

We asked participants about their confidence in their choices for each choice problem on a 1 to

5 scale (Figure 6a). Participants in the VOI− group were significantly less confident in their

choices for Problem 2 than in their choices for Problem 1 compared to participants in the VOI+

group (difference in confidence between decision tasks: VOI− 1.14 vs VOI+ 0.41, p = 0.002,

two-sided t-test). The larger drop in confidence from Problem 1 to 2 for the VOI− group is

exactly what we would expect from participants who prefer to avoid partial information and
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(a) (b)

Figure 6: (a) Average confidence on 1-5 scale for each type of information behavior, Problems 1-3 (b) distri-
bution of dynamic consistency for each type of information behavior

settle for c1(12, 34) in Problem 3.

We also asked participants for their estimates of the number of green balls in the Color Info

and No Color Info conditions in a questionnaire at the end of the experiment. The average

distance between the two estimates was not significantly different for VOI+ and VOI− subjects

(p = 0.208, two-sided t-test). Therefore, it seems unlikely that the negative value of information

was driven by a suspected difference in urn composition.

Finally, in our data, there is no significant correlation between the negative value of information

and dynamic inconsistency. Figure 6b shows that the percentage of dynamically inconsistent

choices is larger in the VOI− group. But this difference is not statistically significant.

4.1.3 Ambiguity Attitudes

Ambiguity averse subjects constitute 34% of our sample, ambiguity neutral 59%, and ambiguity

seeking 7% (Figure 5a). This distribution of ambiguity attitudes is similar to the one reported

in Bleichrodt et al. (2021).

We can largely confirm the common finding of a fourfold pattern of ambiguity attitudes (Kocher,

Lahno, and Trautmann, 2018) restricted to the gain domain. That is, we observe a moderate

fraction of participants, 44%, who prefer the risky option 1 to the ambiguous 3 when the

likelihood of winning is low, as in Problem 4. Furthermore, when the chances of winning are

moderate to high, as in Problem 5, the fraction of participants who prefer the risky option 34

to the ambiguous option 14 increases sharply to 83% (p < 0.001, two-sided proportion test).

As the fourfold pattern suggests, in our experiment, the share of risky choices is significantly

higher for high likelihood gains than it is for low likelihood gains.

The proportion of subjects who chose the risky option in Problem 4 and the proportion of

subjects who chose the risky option in Problem 5 are both higher in the VOI− group than in
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the VOI+ group, although not statistically significant (Problem 4: 51% vs 34%, p = 0.121;

Problem 5: 86% vs 77%, p = 0.350; two-sided proportion test). Even this separate analysis

of the relationship between ambiguity attitude and the value of information provides further

support for the connection between ambiguity aversion and the negative value of information.

4.1.4 Dynamic Consistency

Based on participants’ responses to Problems 1 and 2, we can classify them as dynamically

consistent or not. Table 10 shows that 64% of all participants in our experiment are dynamically

consistent. This number is higher than the 32% reported in Dominiak, Duersch, and Lefort

(2012), but very close to the 66% in Bleichrodt et al. (2021). Most of the violations of dynamic

consistency, 90%, take the pattern of 34 in Problem 1 and 12
∗
in Problem 2. The opposite

pattern of choosing 12 and 34
∗
is responsible for only 10% of the overall violations, which is

not surprising, given that 12 is the stochastically dominated option in Problem 1.

Table 10: Share of dynamically consistent choices

Problem 1 & 2 Share N

12 ≻ 34 iff 12
∗
≻ 34

∗
64% DC *** 115

Notes: DC = dynamic consistency. Column “Share” shows per-
centage of choices 12 and 12

∗
(resp., 34 and 34

∗
) in Problems 1

and 2. Binary choice: Two-sided binomial test against p = 0.5.
*** denotes significance at 1%.

The result changes when we look at the subgroup of participants who are ambiguity averse

according to the last two choice problems. In line with the results by Dominiak, Duersch, and

Lefort (2012), ambiguity averse participants are significantly more often dynamically incon-

sistent (51% vs. 28%, p = 0.021, two-sided proportion test). On the other hand, ambiguity

neutral participants are more often dynamically consistent (75% vs. 49%, p = 0.008, two-sided

proportion test).

4.1.5 Gender and Age

Finally, we find a weak gender effect insofar as the share of females is larger in the VOI− group

than in the VOI+ group (63% vs 46%, p = 0.091, two-sided proportion test). Furthermore, the

percentage of VOI− among females is 18% larger than this percentage is among males (69% vs

51%, p = 0.075, two-sided proportion test).

Finally, we also find that the average age in the VOI− group is lower than in the VOI+ group

(22.5 vs 24.4, p = 0.125, two-sided t-test).

See Appendix B for a table listing all correlations.

21



4.2 Results of Second Experiment

4.2.1 Construction of Variables

Each of the ten choice problems in the second experiment consists of 15 lines, where the top 7

lines offer extra payments for the choice of the first option, while the bottom 7 lines pay extra

for the choice of the second option. The extra payments are e 5.00, e 2.00, e 1.50, e 1.00,

e 0.75, e 0.50, and e 0.25. The middle (8th) line offers a choice between the two options with

no extra payments, i.e., the plain urn-bets of the corresponding choice problem.

For each choice problem, define the value as the extra payment added to the first option that

makes the DM indifferent between the two. Extra payments added to the second option are

considered as negative numbers. Assuming no multiple switching, the elicited value is the

mid-point between the two extra payments where the switch occurred.6

VOI is defined as the value in Problem 5, which is an extra payment added to the no-information

bet that makes the DM indifferent between this bet and the information bet. For the complexity

and ambiguous reliability tests, VOI is defined similarly as the value in Problem 8 and Problem

10 respectively. Note that the elicited value of ±0.125 does not contradict the hypothesis that

a participant was indifferent between the two options and was forced to break the indifference

when answering the middle line of the list. To deal with this problem, we use a conservative

approach and classify values ±0.125 as VOI zero rather than positive or negative, which may

overstate this category.

Let xi be the value in Problem i as defined above. An ambiguity averse subject prefers the

first option in the middle line of Problem 1 (so that x1 < 0) and the second option in the

middle line of Problem 2 (x2 > 0). The ambiguity premium is defined as x2 − x1 if x1 and x2

have different signs and zero otherwise. Thus, the ambiguity premium is positive for ambiguity

averse subjects, zero for neutral, and negative for seeking. Analogously, the dynamic consistency

premium is defined as x3−x4 if x3 and x4 have different signs and zero otherwise. It is (non-)zero

for dynamically (in-)consistent subjects.7

4.2.2 Summary Statistics

107 subjects participated in the second experiment. The average age was 21.2 years, the share

of economics students was 23%, and the share of female participants was 68%. 7 subjects

6For example, if a participant chose A plus e 0.75 against B, but B against A plus e 0.5, the elicited value
is 0.625.

7The ambiguity premium of ±0.25 is compatible with ambiguity neutrality because of the possible indiffer-
ence. We classified such subjects as ambiguity neutral. Similarly, the dynamic consistency premium ±0.25 is
compatible with the dynamically consistent behavior and is classified as such.
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did multiple switching in at least one choice problem. Since it is unclear how to define the

corresponding values in these cases, we excluded these subjects and analyzed the remaining

100 observations.

4.2.3 Negative Value of Information

Our conservative approach to the data of the second experiment identifies 35% of the par-

ticipants as showing a negative value of information.8 This is lower than in the first

experiment (62%). Other than by the conservative approach, this difference may also be ex-

plained by a psychological bias toward the middle of a symmetric multiple price list (Andersen

et al., 2006; List, 2007), resulting in our experiment in V OI = 0. Zooming in on the negative

VOI, it lies between 0 and −0.5 for 16%, between −0.5 and −1 for 17%, and below −1 for 2%

of participants.

As for the link between the negative VOI and ambiguity aversion, the second experiment

showed a strong connection between the two. Table 11 shows that the percentage of

ambiguity aversion in the negative VOI group (80%) is much higher than in the zero VOI

and positive VOI groups (11% and 14% resp.). The difference in the proportion of ambiguity

aversion between negative VOI and non-negative VOI subjects is significant (80% vs 12%,

p < 0.001, two-sided proportion test), as is the difference in the mean ambiguity premium (1.21

vs -0.11, p < 0.001, two-sided t-test). An OLS regression gives a negative relation between VOI

and the ambiguity premium (t = −5.29, p < 0.001).9 The likelihood of having a negative VOI

is positively related to the ambiguity premium (z = 3.08, p = 0.002, probit).

Table 11: Distribution of ambiguity attitude and dynamic con-
sistency for each type of information behavior

all negative zero positive

Ambiguity Attitude
mean ambiguity premium 0.36 1.21 -0.08 -0.14
median ambiguity premium 0 1 0 0
averse 36% 80% 11% 14%
neutral 56% 20% 81% 69%
seeking 8% 0% 8% 17%

Dynamic Consistency
mean DC premium 0.19 0.25 0.15 0.17
median DC premium 0 0 0 0
consistent 82% 77% 92% 76%
inconsistent 18% 23% 8% 24%

Notes: Columns “negative”, “zero”, and “positive” refer to VOI categories.

8This approach identifies as V OI = 0 all cases where indifference cannot be ruled out. Assuming no
indifference, the share of the negative value of information is 59%.

9We eliminated 5 outliers (N = 95).
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As Table 12 shows, 78% of ambiguity averse subjects showed a negative VOI. For 52% of

ambiguity neutral subjects VOI was zero, while the majority of ambiguity seeking subjects

(62%) had a positive VOI. Clearly, there is a difference in the mean VOI for the ambiguity

averse and non-averse subjects (-0.37 vs. 0.32, p < 0.001, two-sided t-test).

There is no relation between VOI and DC premium (t = −0.32, p = 0.75, OLS regression after

elimination of outliers). Although Table 11 shows that the proportion of dynamic consistency

among the VOI zero subjects is higher than among the rest (92% vs. 77%, p = 0.1, two-sided

proportion test), no strong conclusion in this respect can be drawn from the data.

While there were weak gender effects in the first experiment, we did not find any significant

gender or age effects in the second experiment.

Table 12: Distribution of VOI for each type of ambiguity attitude and
dynamic consistency

all averse neutral seeking consistent inconsistent

VOI - ambiguity
mean 0.07 -0.37 0.21 1.08 0 0.42
median -0.12 -0.38 0.12 0.88 -0.12 -0.12
negative 35% 78% 12% 0% 33% 44%
zero 36% 11% 52% 38% 44% 17%
positive 29% 11% 36% 62% 27% 39%

VOI - complexity
mean 0.39 0.35 0.3 1.2 0.32 0.69
median 0.12 0.38 0.12 0.75 0.12 0.25
negative 8% 8% 9% 0% 5% 22%
zero 46% 36% 55% 25% 50% 28%
positive 46% 56% 36% 75% 45% 50%

VOI - ambiguous reliability
mean -0.01 -0.12 0.03 0.23 -0.04 0.13
median 0.12 -0.12 0.12 0.12 0.12 -0.12
negative 13% 11% 12% 25% 12% 17%
zero 75% 81% 79% 25% 77% 67%
positive 12% 8% 9% 50% 11% 17%

Notes: Columns “averse”, “neutral”, and “seeking” refer to ambiguity attitudes.
The last two columns are dynamic consistency classes. Percentages need not always
add up to 100% due to rounding.

4.2.4 Ambiguity Attitudes, Dynamic Consistency, and Beliefs

In the second experiment, the distribution of ambiguity attitudes was 36% averse, 56% neutral,

and 8% seeking, which is very close to the results of the first experiment. At 82%, the share of

dynamic consistency was higher than in the first experiment.

In half of the sessions, the participants were asked for their estimates of the number of green
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balls via a questionnaire at the beginning of the experiment. This could induce them to form

beliefs about the composition of the urns. Their answers to the subsequent choice problems

were not significantly different from those who received this questionnaire at the end of the

experiment.10 This suggests that subjects form beliefs about the urn composition independent

of the questionnaire.11

4.2.5 Complexity

In both experiments, the problems where the color of the drawn ball is known up front are

arguably more complex than those where the color is not known up front. This suggests that

the negative VOI may also be driven by complexity avoidance (Bruce and Johnson, 1996;

Huck and Weizsäcker, 1999; Bayer and Ke, 2013; Duttle and Inukai, 2015; Zilker, Hertwig, and

Pachur, 2020) rather than by ambiguity aversion. To test this explanation, we measured VOI in

a situation which is almost identical to our standard test of the negative value of information.

The only difference is that the participants are now informed about how the exact number n3

of balls marked with a 3 in the urns is determined. The number n3 is determined randomly

such that every number 0, 1, 2,. . . , 11 is equally likely for n3 (and n4 is defined as 11−n3). As

such, the situation here does not involve ambiguity but retains the complexity associated with

the information about the color of the drawn ball.

As the second section of Table 12 shows, only 8% of subjects showed a negative VOI

in this situation (vs. 35% in the ambiguous situation, p < 0.001, two-sided proportion test).

As expected, this number is practically the same for ambiguity averse (8%) and neutral (9%)

subjects, so is the mean VOI (0.35 vs. 0.3, p = 0.7, two-sided t-test). There is also no connection

between VOI and the ambiguity premium in this case (t = −0.91, p = 0.36, OLS regression).

The conclusion we can draw from our data is that complexity may influence the results, but

its effect is not sufficient to explain the findings.

4.2.6 Information of Ambiguous Reliability

Shishkin and Ortoleva (2023) found no correlation between the negative VOI and ambiguity

aversion. One notable difference to our experiment here lies in the mechanism which determines

how information generates ambiguity. In Shishkin and Ortoleva (2023), the set of beliefs dilates

because the information has ambiguous reliability. When we make the information about

the ball color less reliable in our experiment, the correlation between the negative VOI and

ambiguity aversion vanishes, as well.

10There is no significant difference in the mean VOI, the proportion of the negative VOI, and the mean
ambiguity premium.

11We would like to thank an anonymous referee for suggesting this test to us.
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The last section of Table 12 shows that only 13% of subjects demonstrated a negative

VOI in the situation when information is of ambiguous reliability. VOI was zero

for the majority of subjects (75%), similarly to Shishkin and Ortoleva (2023). Moreover, the

percentage of negative VOI is similar for the ambiguity averse and neutral subjects, and there

is no significant difference in mean VOI. There is no strong connection between VOI and

ambiguity premium (t = −1.94, p = 0.056, OLS regression) either, also when restricted to

ambiguity averse subjects (t = −0.68, p = 0.5, OLS regression). There is also no connection

between the likelihood of having a non-zero VOI and ambiguity premium (z = −0.62, p = 0.54,

probit).

Therefore, the reliability of the information plays a key role. When ambiguity is generated by

information of ambiguous reliability, the negative VOI and its connection to ambiguity aversion

disappear.

4.2.7 Pooled Data and Robustness Check

Table 13 shows the results from the combined data of our two experiments. As a robustness

check, we excluded from the analysis subjects who chose a stochastically dominated option

in any of the questions, gave inadequate estimates when asked about the composition of the

urns in the questionnaire, or reported minimal strength of preference estimates in the first

experiment that could be interpreted as indifference. Table 13 shows that the main findings

from our experiment hold for both the main and the reduced sample.

Table 13: Pooled data

Only V OI < 0 AA in V OI ≥ 0 AA in V OI < 0 p-value N

all 49% 16% 63% < 0.001 215
robust 49% 15% 63% < 0.001 169

Notes: Column “V OI < 0” shows the proportion of the negative VOI. Next two
columns compare percentages of ambiguity averse choices among those with the neg-
ative VOI and the rest (two-sided proportion test).

5 Discussion

This section provides a detailed discussion of the assumptions underlying our experiment and

the specific design choices we made.
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5.1 Underlying Assumptions

Assumptions 1-3 were necessary to keep the experiment brief and reduce the number of choice

problems that participants have to answer, and to simplify the subsequent analysis.

First of all, Assumption 1 implies that the DM holds similar beliefs about the compositions of

the urns in the Color Info and No Color Info conditions. This is necessary for claiming that 12

and 12
∗
(correspondingly, 34 and 34

∗
) are essentially the same act shifted by e 0.5. We control

for its validity in a questionnaire at the end of the experiment. While the assumption may not

hold in general, we found no evidence that the difference in beliefs about urn compositions

drives our result as Section 4.1.2 establishes.

Translation invariance follows from Assumption 1 and implies that if the payoffs of two acts are

increased or decreased by the same fixed amount in each state, the preference between these

two acts does not change. This allows us to derive the preference between 12
∗
and 34

∗
when

the color of the drawn ball is unknown from the preference between 12 and 34 . Recall that

we only asked about the preference between 12
∗
and 34

∗
when the color of the drawn ball

was known. Our test of dynamic consistency relies on this property to hold. For a relatively

low increase in payoffs as is the case in our experiment (e 0.5), preferences presumably satisfy

translation invariance. For large payoff increases this assumption may become problematic, as

was recently shown by Baillon and Placido (2019) and König-Kersting, Kops, and Trautmann

(2023). Translation invariance is satisfied in SEU, MEU, and α-MEU.

Symmetry arguments play an important role throughout the paper. Assumptions 2 and 3

allow us not to care about which of the two colors, green or blue, realizes in an experimental

session. For the MEU model, these assumptions would be satisfied by a set of beliefs which is

symmetric with respect to 1 and 2, and, respectively, 3 and 4. Given the information about

the urn composition available to the participants, this seems plausible if color preferences are

neglected.

Finally, it might not be obvious how the DM aggregates the conditional utilities VA and VĀ

when she estimates the ex-ante value of information {A, Ā} under ambiguity. For Definition

2.2, we used the rule axiomatized in Li (2020). However, our results regarding the sign of the

value of information would remain valid under milder assumptions, as well. For our design, it is

sufficient to assume that if both VA < V0 and VĀ < V0, then the value of information is negative.

In other words, if the DM is worse off in any of the possible scenarios that information offers,

then the value of such information is negative. Hence, our design works for any aggregation

rule satisfying this property.
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5.2 Critical Discussion of Design Choices

This section aims to provide a critical discussion of some of our design choices.

First, the directness of our test. The primitive concept in economics for modeling individual

behavior, beliefs, and attitudes is choice. Rather than information structures themselves, the

traditional objects of choice in decision theory are sure alternatives, lotteries, or, acts. Re-

specting this tradition, the formal definition of the value of information defines this value in an

indirect way by resting on the values a DM assigns to an act and its conditional counterparts.

We follow this tradition with our test of information aversion that is based on choices between

an act and its conditional counterparts. Another way to test whether the value of informa-

tion is negative would be to directly ask participants whether they want to receive additional

information about the state of the world or not.

None of these approaches is without its drawbacks. While our design rests on the assumptions

in Section 5.1 to hold, under the alternative design participants would have to imagine the

more informed situation, they would not be able to experience both situations, but would still

be required to make a decision between the two. Furthermore, this alternative design would be

susceptible to default effects that, for tests of strategic ignorance, Grossman (2014) has shown

to play an important role when participants are asked to choose between different information

structures. Specifically, their analysis shows that the frequency of information-averse choices

ranges between 3% and 45% depending on whether ignorance is the default option or not.

Second, the random incentive mechanism. Participants in our experiment make decisions in

several choice problems and only one of these decisions is randomly selected to be payoff-

relevant at the end of the experiment. This random incentive mechanism can become an issue

if participants do not consider the decision situations in isolation (Holt, 1986; Karni and Safra,

1987; Freeman, Halevy, and Kneeland, 2019; Baillon, Halevy, and Chen, 2022b). The issue

then lies in the measurement of ambiguity attitudes being confounded (Baillon, Halevy, and

Chen, 2022a). Oechssler and Roomets (2014) and Bade (2015) were among the first to point

out that hedging motives may lead to a misclassification of ambiguity averse participants as

subjective expected utility maximizers. Translating their argument into our setup, would mean

that participants use the choice problems to bet on and against the same ball-numbers to

arrive at an unambiguous expected value. The empirically observed patterns speak against

this interpretation. The hedging explanation does not predict the strong connection between

negative VOI and ambiguity aversion (“AA in V OI ≥ 0” vs. “AA in V OI < 0”: 15% vs. 63%,

p < 0.001, n = 169, two-sided test of proportions, reduced pooled data). In the setting of our

experiment, we would expect hedging effects —if present and sizable— to result in a weaker

such connection.

Third, information aversion may be driven by quantitative sophistication or a lack thereof
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(Abdellaoui, Klibanoff, and Placido, 2015). To tackle this potential confound, we may use

whether subjects stated in the questionnaire at the end of our experiment that they took a

statistics class or that they are economics students. As for the statistics class, there is no

significant difference between subjects who took a statistics class vs. those who did not, when

it comes to negative value of information (60% vs. 63%, p = 0.861, two-sided proportion

test, first experiment). Likewise, there is no significant difference between subjects who are

economics students vs. those who are not (55% vs. 64%, p = 0.535, two-sided proportion test,

first experiment).

Fourth, multiple switching. This is not an issue for our first experiment on the negative value

of information, since it does not rely on MPLs. Our second experiment, however, does rely on

them. The MPLs used in our second experiment may induce participants to switch back and

fourth between the two bets in a choice problem when the guaranteed extra payments vary from

high to low. Typical studies in developed countries find multiple switching to affect approxi-

mately 10% of subjects (Holt and Laury, 2002; Dave et al., 2010). To reduce the occurrence

of multiple switching, we followed Bruner (2011) and emphasized that only one question will

determine earnings, before decision sheets were distributed. In line with the multiple-switching

frequencies of 2.3%− 6.7% reported by Bruner (2011), for our second experiment this resulted

in a total of 6.5% (7 out of 107) of participants to switch more than once between the two

columns of the MPL of at least one choice problem.

Fifth, complexity avoidance. Halevy (2007) and numerous subsequent contributions found

that individuals perceive compound risk similarly to ambiguity. One potential explanation

for this may lie in decision situations with ambiguity and compound risk sharing comparable

complexity. This is the idea behind the part of the second experiment that aims at disentangling

the effects of complexity avoidance and ambiguity aversion. The results suggest that when it

comes to information, the difference in the perception of compound risk and ambiguity is

significant and warrants further investigation.

6 Conclusion

The findings from our experiments show that, at 49%, the percentage of individuals showing

a negative value of information is substantial and robust. As such, the value of information

can indeed be negative when new information renders hedging against ambiguity impossible.

Note that under SEU, individuals are “free to ignore the observation. That obvious fact is the

theory’s expression of the commonplace that knowledge is not disadvantageous” (Savage, 1954,

p. 107). Our results can, thus, be interpreted as evidence that many individuals are unable

to do so. Moreover, the value of information is correlated with ambiguity aversion. Neither

complexity avoidance nor information with ambiguous reliability can reproduce the results.
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While the economics and psychology literature puts forward reasons for information aversion

such as disappointment aversion, regret aversion, optimism maintenance and belief investments

(Golman, Hagmann, and Loewenstein, 2017), ambiguity theories predict that new information

can have a negative value when it breaks an existing hedge against ambiguity. Our experiment

provides support for this connection and the ambiguity theories predicting it (Li, 2020).

Our results suggest that sometimes less information may be perceived as a better option. Note

in this direction, that women at risk of developing breast cancer delay visiting the doctor

(Caplan, 1995; Meechan, Collins, and Petrie, 2002; Kőszegi, 2003), investors reject free and

independent investment advice (Lacko and Pappalardo, 2010; Bhattacharya et al., 2012; Kosfeld

and Schüwer, 2017), and financial education has a small impact on decision-making (Choi,

Laibson, and Madrian, 2010). Our results suggest that counseling on topics like health, financial

literacy and others may have to be delivered in a way that takes into account what effect the

information has on the subjectively perceived ambiguity in the situation.
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Appendix A

In this appendix, we analyze Problems 1-5 of the first experiment using prominent decision-

theoretic models.

Let the choice set be F = {12, 34} as in Problem 1. In the SEU model, consider the value of

information {G,B} defined by Equation (3). Assume p (1) = 5

21
, p (2) = 5

21
, and the uniform

belief p (3) = p (4) = 5.5
21

on {3, 4} following the principle of insufficient reason (Eichberger and

Pasichnichenko, 2021). Then, all three maxima VG, VB, and V0 are attained at 34. Clearly, the

information {G,B} has zero value in the SEU model. Hence, such a DM would not forego the

increase in payments offered by Problem 2.

To apply MEU to our experiment, assume that the DM’s set of beliefs over S = {1, 2, 3, 4} is

given by

p(1) =
5

21
, p(2) =

5

21
, p(3) =

5.5 + x

21
, p(4) =

5.5− x

21
, −ε ≤ x ≤ ε (8)

where 0 ≤ ε ≤ 5.5 measures the DM’s subjective ambiguity. In other words, the DM thinks

that the number n3 of 3-balls is in the range between 5.5 − ε and 5.5 + ε. For instance, if

ε = 2.5, then the DM thinks that the urn contains between three and eight balls marked with

“3”. Note that this set of beliefs is not rectangular (Epstein and Schneider, 2003). In principle,

subjects may form a set of subjective beliefs that includes C and is rectangular (Riedel, Tallon,

and Vergopoulos, 2018). In this case, however, the value of information is zero (Li, 2020). Since

in our experiment most subjects show a negative VOI, we abstain from assuming rectangularity

here.

Without loss of generality, we can normalize the utility of money u such that u(4) = 0 and

u(10) = 1. Then, for Problem 1, we have the minimal expected utility 10

21
for 12 and 11

21
for 34,

so that 34 ≻ 12 and V0 = 11

21
. Suppose now that while choosing between 12 and 34, the DM

is offered the information about the color of the drawn ball. By symmetry, VB = VG, so that

Equation (6) reduces to

V OI = VG − V0

and we only have to find VG. The Full Bayesian update CG is given by

p(1) =
5

10.5 + x
, p(2) = 0, p(3) =

5.5 + x

10.5 + x
, p(4) = 0, −ε ≤ x ≤ ε.

Then, for the conditional maxmin expected utility MG of 12 and 34, we have

MG(12) =
5

10.5 + ε
, MG(34) =

5.5− ε

10.5− ε
.

Thus, 12 <G 34 for ε ≥ ε∗ =
√
21

2
≈ 2.3 and 34 ≻G 12 otherwise, which implies VG = MG(12)
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for ε ≥ ε∗ and VG = MG(34) otherwise. Simple arithmetic computations show that VG < 11

21
=

V0 for any 0 < ε ≤ 5.5, so that V OI < 0. Only in the extreme case where C is a singleton set,

we have ε = 0 and V OI = 0. Therefore, for an ambiguity averse DM with MEU-preferences,

the information about the color of the drawn ball has a negative value.

Figure 7: The value of the information {G,B} under MEU-preferences and in relation to
ambiguity (epsilon)

Greater ambiguity corresponds to more money that the DM will pay/forego to avoid the infor-

mation {G,B}. Figure 7 shows this relationship assuming a linear utility function of money.

Put differently, it illustrates the monetary amount required to compensate for the negative value

of the information {G,B}. For example, if the DM thinks that the urn contains between three

and eight 3-balls, which corresponds to ε = 2.5, then she will prefer the Color Info condition

to the No Color Info condition only if the bonus payment is at least e 0.84.

Note that the MEU model can accommodate only ambiguity aversion (and neutrality when the

set of beliefs is a singleton). Since 66% of participants in the first experiment were ambiguity

neutral or seeking, we also consider the extension of α-MEU (Ghirardato, Maccheroni, and

Marinacci, 2004). In this model, the DM ranks acts by maximizing a weighted average of the

minimal and maximal expected utility of act f with respect to the set of beliefs. Here, the

value of information {A, Ā} is defined as

V OI = αmin
p∈C

[

p(A)VA + p(Ā)VĀ

]

+ (1− α)max
p∈C

[

p(A)VA + p(Ā)VĀ

]

− V0,

where

VE = max
f∈F

[

α min
pE∈CE

∑

s∈E

pE(s)u (f(s)) + (1− α) max
pE∈CE

∑

s∈E

pE(s)u (f(s))

]

and CE is the Full Bayesian update of C. Since, in our experiment, VG = VB by symmetry, the

expression for V OI collapses to V OI = VG − V0.

Figure 8a summarizes the results of numerically modeling this VOI, for all possible values of

ε and α, under the assumption that the set of beliefs is defined by Equation (8). Figure 8b
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(a) (b)

Figure 8: (a) The predicted value of information {G,B} for different pairs of (ε, α) in α-MEU. One grade of
the color scale corresponds to a e 0.5 change. V OI < 0 for the three upper right segments. V OI < 0.5 for the
two upper right segments. (b) The predicted ambiguity attitudes in Problems 4-5 for different pairs of (ε, α) in
α-MEU (AA averse, AN neutral, AS seeking).

shows how different DMs with α-MEU preferences would perform in our test of their ambiguity

attitude. This shows that, for α-MEU, the value of information can only go below e 0.5 for

ambiguity averse subjects. In our experiment, however, the share of ambiguity aversion with a

negative value of information is a mere 42%, which suggests that the α-MEU model points in

the right direction, but may be incomplete.

Segal (1990) views ambiguity as a two-stage lottery where the first (imaginary) stage is over

all possible values of the probability of the events in the second stage. Ambiguity attitudes are

represented by a rank-dependent probability weighting function in the first stage. In this model,

DMs can switch from ambiguity aversion to ambiguity seeking when the likelihood gets smaller

in the way the fourfold pattern of ambiguity attitudes in Kocher, Lahno, and Trautmann (2018)

suggests it. In the interest of brevity and since we only found a mere 7% of subjects being

ambiguity seeking, we leave the calculations for the interested reader.

While SEU-preferences combined with the standard updating rules are always dynamically

consistent, note that in the MEU model, we have 34 ≻ 12, but 12 ≻G 34 and, by symmetry,

12 ≻B 34 for ε ≥ ε∗, which is dynamically inconsistent.

Observe that SEU-preferences are always ambiguity neutral, while MEU-preferences can be

ambiguity averse. To see this, consider Problem 4. After normalizing utility, the minimal

expected utility M is

M(1) =
5

21
, M(3) =

5.5− ε

21
,

so that 1 ≻ 3 if ε > 0.5. On the other hand, in Problem 5, we have

M(14) =
10.5− ε

21
, M(34) =

11

21
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which implies 34 ≻ 14 for any such ε. Therefore, any DM with MEU-preferences and ε > 0.5

is classified as ambiguity averse in our experiment.

Appendix B

Table B1: Correlations in the first experiment

VOINEG AGE RELIG ECON STAT RIGHT MALE DYNINC AMBA AMBS

AGE -0.17*

RELIG -0.04 0.06

ECON -0.08 -0.20** 0.01

STAT -0.03 -0.04 0.05 0.25***

RIGHT -0.11 -0.07 0.09 0.00 0.01

MALE -0.19** 0.13 -0.05 0.15 0.27*** 0.17*

DYNINC 0.10 -0.08 0.03 -0.10 -0.09 -0.27*** -0.09

AMBA 0.22** -0.10 0.02 -0.12 0.09 -0.12 -0.10 0.23**

AMBS -0.07 -0.02 -0.01 0.00 -0.26*** 0.06 0.04 0.08 -0.20**

AMBN -0.18* 0.10 -0.01 0.12 0.05 0.09 0.07 -0.27*** -0.86**** -0.33****

Notes: N = 115. VOINEG = negative value of information, AGE = participant’s age, RELIG = religious, ECON =

economics student, STAT = took a statistics course, RIGHT = right political views, MALE = male gender, DYNINC

= dynamically inconsistent, AMBA = ambiguity averse, AMBS = ambiguity seeking, AMBN = ambiguity neutral.

Two-sided t-test. * denotes significance at 10%, ** at 5%, *** at 1%, and **** at 0.1%.
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