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Abstract

We show that rational but inattentive agents can become polarized ex-ante. We present
how optimal information acquisition, and subsequent belief formation, depend crucially
on the agent-specific status quo valuation. Beliefs can systematically - in expectations
over all possible signal realizations conditional on the state of the world - update away
from the realized truth and even agents with the same initial beliefs might become
polarized. We design a laboratory experiment to test the model’s predictions. The
results confirm our predictions about the mechanism (rational information acquisition),
its effect on beliefs (systematic polarization) and provide general insights into demand
for information.
Keywords: polarization, beliefs updating, rational inattention, status quo, experi-
ment.
JEL codes: C92, D72, D83, D84, D91.

∗An earlier version of this paper appeared in CERGE-EI Working Papers series under the same title.
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1 Introduction

Societies are polarized1 not only in their beliefs about future policies but show significant

disagreement even in their valuations of reality – the implemented policies (status quo) – that

can be factually evaluated (e.g., Alesina, Miano and Stantcheva, 2020). Such heterogeneity

in evaluations of reality leads to differences in perceived gains and losses associated with

the adoption of a new policy and thus may have a significant influence on the demand for

information, belief polarization, and eventually, on essential economic decisions.2 Consider

policies3 that aim to achieve a climate-neutrality by 20504 as an illustrative example.5 The

consequences of adopting, for instance, carbon taxes were uncertain at the moment of choice,

whereas the opposite – to preserve the status quo – appeared to be more certain in its

consequences. Public opinion surveys suggest that such binary policy choices are often

associated with an increase in belief polarization in society, while misconceptions about

reality play a crucial role.6 This raises the question: How do status quo valuations influence

belief polarization and what important aspects of the environment determine the demand

for information?

In this paper, we present a new model of belief polarization and a laboratory experiment

that tests the model’s predictions and provides insights into determinants of the demand for

information. The key theoretical mechanism is that when attention is scarce, the relative

valuation of the status quo determines the choice of information structure, which may in turn

lead to systematic polarization of beliefs even between rational agents with the same prior

beliefs. In particular, unlike the existing literature that shows that there exist such signal

realizations that lead to belief polarization (see e.g. Nimark, Sundaresan (2019)), we show

1See, for instance Poole and Rosenthal (1984); McCarty, Poole and Rosenthal (2008); Gentzkow, Shapiro
and Taddy (2016).

2For instance, Alesina, Stantcheva and Teso (2018) document that people that are pessimistic about
the actual intergenerational mobility tend to be more favorable towards redistribution. Similar results were
shown for immigration (Alesina, Miano and Stantcheva, 2018) and income inequality (Kuziemko et al., 2015).

3Examples of such policies include carbon taxes, bans on polluting vehicles, support of infrastructure,
agriculture policies, and many others.

4Such target was declared by more than a hundred countries worldwide NPUC (2021).
5Other examples might include referendums like, for instance, the 2016 Brexit referendum.
6Dechezleprêtre et al. (2022) present how attitudes toward climate change policies differ across twenty

countries, how they vary with knowledge of the present situation, expectations about their impact, and
document impact of information treatments on the support of these policies. Douenne and Fabre (2022)
show that misperceptions about the impact of carbon pricing policies were one of the drivers of opposition
to these policies during the Yellow Vest movement in France. In general, the polarization of climate change
news is documented, for instance, by Chinn, Hart and Soroka (2020); Leiserowitz et al. (2019). In the case
of the Brexit referendum British society a few months after the Brexit referendum was even more polarized
than on the referendum day (Smith, 2019).
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that there exist states of the world in which the agents become polarized in their posterior

expected value of the new policy on average over all possible signal realizations from the

selected information structure. We label such polarization as polarization ex-ante because

it can be identified even before signals are realized as it is driven by the agent’s selection of

the information structure that is given by the agents’ objectives and primitives.

We design a laboratory experiment in which we manipulate the value of the status quo

action in order to test the theoretical predictions. The results confirm both predictions

about the key mechanism of information acquisition and the qualitative effect on beliefs,

although the overall effect is mitigated by behavioral factors. The main mitigating channel

is a preference for simple signal structures, a result that generalizes the well-known preference

for certainty. Other factors, like risk preference and subjective beliefs, are not sufficient to

explain the observed deviations from the predictions.

We begin our paper with a model that generalizes the intuition provided in a simple

illustrative example which is below in the introduction. Specifically, we model the agent

to be rationally inattentive, following Sims (1998, 2003), which allows us to account for

endogenous information acquisition without imposing any restrictions or biases on the agent’s

learning process. We consider a static decision problem with n states and two actions, in

the manner of Matějka and McKay (2015). However, in contrast to Matějka and McKay

(2015), our focus is on the evolution of beliefs. Since information is plentiful but attention is

scarce, the agent chooses to learn the essential pieces of information for her decision problem,

whether to adopt the new policy or to preserve the status quo. Thus, the agent endogenously

partitions states into groups, separating the states in which payoffs of the new policy are

higher or lower than under the status quo, and acquires costly information just to identify

which of the two groups contains the realized state. We refer to such avoidance of redundant

information about states associated with the same optimal action as state pooling effect. Our

main theoretical result (Theorem 1) proves that two agents can become polarized ex-ante

(Definition 1), that is, their expected posterior values of the new policy in expectation over

all possible signal realizations evolve in opposite directions and are further apart than the

prior expected values. In addition, we show that two agents might become polarized when

they either differ in the valuation of the status quo or in their prior expected beliefs about

the payoff of the new policy. We acknowledge, however, that the presented mechanism relies

on agents’ ability to influence the information-gathering process and thus does not aim to

capture situations in which all agents are presented with the same selective evidence, with

no power over the information source, and are asked questions about an emotionally charged
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topics (e.g., death penalty) as it is often the case in many classical psychological experiments

(see, e.g., Lord, Ross and Lepper, 1979).

The theoretical results presented rely on several assumptions about a decision maker’s

preferences and updating process that have been challenged by previous experimental find-

ings.7 In Section 3, we introduce an experiment designed to test our theoretical predictions,

in particular the state pooling effect and the presence of belief polarization ex-ante. The ex-

periment’s setup is restricted with respect to the general theoretical framework, focusing on

testing predicted behavior and not necessarily rational inattention per se. In the main task,

we focus on the choice between signal structures that might differ in their internal mental

processing costs but without explicitly stated cost, removing the assumption on a specific

functional form for the attention cost. The subjects are presented with a binary choice

and can acquire instrumentally valuable information from advisors (signal structures) before

making their decision. In the main task, participants make an information choice followed

by an action choice. For the information choice, they are presented with a pair of advisors

and can select only one of them. After that, they indicate the chosen action (status quo or

new policy) conditional on the observed signal. Our key manipulation consists in varying

the value of the status quo, and we expect this to be sufficient to revert the choice of optimal

advisor. In two separate tasks we elicit, for each participant, the subjective beliefs about

the likelihood of a signal realization, and each state (conditional on the realized signal).

Section 4 presents our main experimental results. Participants do react to the value of

the status quo, as predicted by our theoretical model, and display a preference for state

pooling information structures. Importantly, we document the belief polarization ex-ante

in our laboratory setting. The magnitude of the polarization is mitigated with respect to

the predicted magnitude, and we investigate the main behavioral channels that can explain

the deviation. We show that the evaluation of information structures is affected by non-

instrumental characteristics; in particular, preference for advisors that are characterized by

certainty (degenerate posteriors) or simplicity (fewer possible outcomes). In Section 5 we

discuss the robustness of our experimental findings and Section 6 concludes the paper with

a discussion of the limits of our model and experiment and directions for future research.

7The experimental literature contains systematic evidence of deviation from theoretical predictions in
several domains. See, for example Holt and Laury (2002) (risk preferences), Kareev, Arnon and Horwitz-
Zeliger (2002) (subjective beliefs), and Ambuehl and Li (2018) (preference over signal structures).
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1.1 Example and policy implications

In this section, we provide the intuition for our result using a simple highly restricted example

that, however, still allows us to demonstrate the main mechanism, its connection with the

real world and possible policy implications. Furthermore, the reader interested purely in the

experimental investigation should be able to skip over the details of the general model and

immediately move to the experimental part, after reading this subsection.

Intuition. Assume the state of the world v ∼ U [0, 1]. There are two risk-neutral payoff

maximizing agents (A and B) facing a binary action a ∈ {0, 1}, referring to preserving the

status quo and adoption of a new policy, respectively. Agent A prefers option a = 1 if v ≥ RA;

and agent B prefers option a = 1 if v ≥ RB, where Ri ∈ (0, 1) ∀i ∈ {A,B}.8 For simplicity

let us assume that RB < RA and that both agents have the same uninformative prior

beliefs. If information acquisition is costly, agents will demand the most instrumental signal

structure, that is, agent A will ask whether v ≥ RA and agent B will ask whether v ≥ RB,

but none of the agents would care about the exact value of v. The fact that the agents

do not distinguish some states of the world after the optimal acquisition of information,

and pool states associated with the same action together, is referred to as a state pooling

effect. Consequently, when the true state of the world v ∈ (RA, RB) the agents would

receive opposite signals with respect to whether they should adopt the new policy, given

the assumption they receive noiseless truthful signals. Therefore, agents’ posterior expected

values from the new policy would get polarized, i.e. move in opposite directions (towards

opposite extremes) and further apart as they were.

In section 2 we show that a similar pattern of behavior can be observed in a much richer

setting for rationally inattentive agents. Crucially, the full-fledged model allows us to show in

addition that the agents would not only get polarized in their posterior expected conditional

on a true state for a particular realized signal but in expectation over all possible signal

realizations from the selected information structure. We denote such divergence of beliefs as

polarization ex-ante, as it allows us to claim that agents will polarize even before signals are

received (or observed) purely on knowing their valuations of the status quo policy and prior

beliefs.

Connection with real-world examples. Our framework allows interpreting consid-

ered policies quite broadly. Consider the adoption of some particular climate change mit-

igating policies, especially the carbon tax policy, as an example. The crucial impact of

8We thank a referee for suggesting this simpler version of the example to communicate the intuition of
the model.
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the expectations and status quo valuations on people’s disagreement about measures that

should be adopted to mitigate climate change is documented by Dechezleprêtre et al. (2022),

who presents how attitudes toward climate change policies differ across twenty countries.

The specific example is provided by a series of papers by Douenne and Fabre (2022) and

Douenne and Fabre (2020). The focus of their papers is on aversion towards the carbon

tax in France, especially after the yellow vests movement in France. The mapping to our

setting is as follows. The prior dispersion in the status quo valuations can be represented

by households’ purchasing power. Simultaneously, they document dispersion in prior beliefs

(10% approving the reform vs. 70% opposing it). Importantly, for the connection with our

paper, they are able to determine the true effect of the reform, v in our case. Specifically,

70% of households are supposed to benefit from the reform and in connection with their

energy usage, they are able to compute a respondent-specific estimate of the tax incidence

on their purchasing power. They document that misperceptions about the impact of carbon

tax policies were one of the drivers of opposition to these policies during the Yellow Vest

movement in France. Interestingly, the authors also provide the information treatment9 to

reverse the pessimistic beliefs. They observe that generally, the information they provided

fails to reverse pessimistic beliefs, but they update their posterior expected valuation of the

reform in an asymmetric way - that is, they overweight negative information, showing that

they would slightly lose from the reform.10 Such observation is completely in line with our

predictions and thus provides a possible mechanism explaining the observation of Douenne

and Fabre (2022).

Policy implications. The endogenously arising state pooling effect represents a new

mechanism that can generate belief polarization. It differs from other mechanisms, for

example, confirmatory learning and information misunderstanding, which assume biases in

the processing of new information and to which the observed polarization is often attributed

(see, e.g., Fryer Jr, Harms and Jackson, 2019). It is typically considered desirable to mitigate

polarization and design policies that aim to reach this effect. In order to be effective in doing

so, it is essential to understand which mechanism is responsible for the observed polarization

and under what circumstances.

First, note that observed behavior resulting from the state pooling might be empirically

9Specifically, respondents randomly receive a piece of information about the progressivity and/or the
effectiveness of the policy as well as customized information derived from our respondent-specific estimation
on whether their household is expected to win or lose from the policy.

10In terms of the full model with three states, this corresponds to the setting when v1 < Ev < vs∗=2 <

R < v3, the impact of the policy is slightly negative in comparison with the current situation R > vs∗=2 and
as a consequence mj(s∗) < Ev.
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reminiscent of behavior generated by confirmatory learning. This remark gives reason for

caution when inferring biases from observed beliefs. Second, our mechanism highlights that

interventions affecting the status quo valuation might dramatically change the information

acquisition strategy in our setting. In comparison, the agent with a confirmation bias (ac-

quiring information that supports the agent’s prior belief) should not alter the information

acquisition strategy when the valuation of the status quo changes, but prior belief stays the

same.

1.2 Related literature

This paper contributes to the theoretical and experimental literature on information acqui-

sition, as well as to the broader literature on belief polarization. We highlight the role of

rational endogenous information acquisition about instrumental choice in belief polariza-

tion. Furthermore, our experimental study provides important insights into what aspects of

information structure are important in determining a demand for information.11

In our model, we consider a multiple states environment in which rationally inattentive

agents can choose any distribution of signals about the value of the new policy subject to

the cost of information and their valuation of the status quo policy. Modeling the agent

as rationally inattentive relieves us of the need to assume exogenously given biases12 or

bimodality of preferences (Dixit and Weibull, 2007), which are common in the preceding

literature. This in turn allows us to move in a new direction, away from findings that the

beliefs of Bayesian agents would converge over time and that they will almost surely assign

probability 1 to a true state (Savage, 1954; Blackwell and Dubins, 1962); and allowed us to

contribute to the polarization literature also by providing rational decision theory mechanism

that is not driven by the media competition (Perego and Yuksel, 2018; Bernhardt, Krasa

and Polborn, 2008) or necessarily partisan conflict (Prior, 2013; Oliveros and Várdy, 2015;

Gentzkow, Shapiro and Taddy, 2016).

The question of how inattentiveness can lead to persistent belief polarization was pre-

viously studied by Nimark and Sundaresan (2019), however, there are several significant

differences that set our reasoning apart. Nimark and Sundaresan (2019) study binary state

environments in which an agent that wants to determine the state of the world can pay a

cost to influence the noise of binary signal about the state. They document a confirmation

effect, that is, the agent selects to receive less noisy information about the state that is more

11We thank a referee for noting that our results contribute to this more general point.
12Gerber and Green (1999) review the literature that invokes some biases in learning or perception in

order to modify Bayesian updating.
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likely a priori. Consequently, two agents with the same prior belief permanently disagree,

in their setting only when they first observe different signal realizations which are in the

following periods reinforced by the confirmation effect. This is due to the fact that both

agents select initially the same information structure. In contrast, the agent in our model

endogenously decides to pool states into binary categories, thus the binary signal form is a

result, not an assumption. Even more importantly, we show that agents become polarized

ex-ante conditional on the realized state, i.e., on average over all possible signal realiza-

tions. Such polarization as we show occurs for intermediate states and thus cannot occur

in the two-state environment. Our conclusions also do not dependent on the fact that two

agents would first observe different signal realizations and thus they lead to different policy

implications.

The state pooling effect that emerges as a result of the model can be viewed as an

endogenously arising categories formation mechanism, a specific decision-making heuristic

(Gigerenzer and Gaissmaier, 2011), and can further provide a foundation for the settings

which assume at most two states, i.e., setting that is often used in dynamic settings (see,

e.g. Che and Mierendorff, 2019; Nimark and Sundaresan, 2019). Endogeneity of the coarse

reasoning differentiates us also from the previous literature that assumes exogenously given

categories (see, e.g., Suen, 2004; Manzini and Mariotti, 2012; Maltz, 2020). Most closely

related paper from those considering exogenously given information coarsening, is work by

Suen (2004). It investigates how information coarsening can lead to self-perpetuation of

biased beliefs and polarization of opinions. Specifically, the agents face a choice among ad-

visors who observe continuous signals about the binary state of the world. The signals are

modeled as a random draw from one of two state-dependent distributions with continuously

differentiable density functions. Each advisor, by assumption, is coarsening (pooling) signals

into binary recommendations, based on their advisor specific threshold. They show that an

agent with biased belief prefers to receive information from an advisor that conforms their

existing beliefs and hence two agents with different beliefs interpret same evidence differ-

ently, due to different advisor selection. Focus of our paper is, on endogenous information

acquisition rather than on interpretation of evidence. Hence in our model, the agent is

pooling together the states and thus selecting different information structure, rather than

pooling signals together from the same underlying information structure. Consequently, the

agent neither needs to have biased beliefs nor necessarily prefers conforming information

structures.

Recently, two contemporaneous papers Bloedel and Segal (2021) and Hu, Li and Segal
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(2022) study the optimality of binary signals when information is costly and its effect on

policy polarization, respectively. Bloedel and Segal (2021) consider a model of persuasion of

a rationally inattentive agent and show that the sender can pool states together to attract

the receiver’s attention. In our work, we show that state pooling can appear without strate-

gic interactions, but the exact way how the state are pooled differs among the papers. In

Bloedel and Segal (2021) the receiver pools together states with intermediate and high-stakes

and reveals perfectly low-stake states. In the current work the agent pools states differently

(e.g., low-stake states are never revealed perfectly), because the agent’s objective is not to

manipulate its attention and state pooling is driven by the status quo valuation. Hu, Li and

Segal (2022) study a two-candidate electoral competition model, with attention-maximizing

infomediary that aggregates information about candidates’ valence and investigate implica-

tions of personalized news vs. providing same news for everyone. Similarly as us they show

that optimal personalized signal for any voter is binary. Our paper differs from that of Hu,

Li and Segal (2022) in the driving force of the state pooling, the mechanism behind the

polarization, and the very form polarization that we study (policy polarization vs. belief

polarization).

Naturally, this paper also adds to the rational inattention literature13 by studying the

evolution of beliefs alongside the manifestation of the crucial implications of incorporating

the safe option into the choice set. The main mechanism of our paper - the state pooling

effect - is connected with the presence of the status quo policy, a particular form of reference

point. However, in contrast with the rich theories of individually determined reference points

(see, e.g., Kahneman and Tversky, 1979; Kőszegi and Rabin, 2006; Guney, Richter and Tsur,

2018), the status quo is exogenously given. At the same time, we neither assume the status

quo bias (Samuelson and Zeckhauser, 1988) nor aim to study the formation of such bias

(Ortoleva, 2010; Masatlioglu and Ok, 2014), but our focus is on the evolution of beliefs and

not necessarily the chosen actions. Hence, our paper complements the studies documenting

how current economic standing, in our setting represented by the status quo policy valuation,

influences the action taken by citizens14.

Finally, the paper adds to the experimental literature. First, in contrast to Charness,

13A survey of literature on rational inattention is provided in Maćkowiak, Matějka and Wiederholt (2020).
For a posterior-based approach see Caplin and Dean (2015) and a dynamic discrete choice model is presented
in Steiner, Stewart and Matějka (2017).

14For instance, consider Fetzer (2019) who claims that economic losers were more likely to vote for Brexit,
Dal Bó et al. (2018) who connect economic losers with the rise of the Swedish radical right, and Alesina,
Stantcheva and Teso (2018) who show that people that view social mobility more pessimistically are more
favorable towards redistribution.
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Oprea and Yuksel (2021) we focus on variation in the value of the status quo and not on

the variation in prior beliefs. Second, our findings give reason for caution for empirical and

experimental work inferring preference for information. In particular, this paper provides a

disciplined model that suggests how the preference for skewed information might crucially

depend on the value of the status quo and thus provides an important channel that is missing

in the research on whether people prefer negatively or positively skewed information, e.g.

Masatlioglu, Orhun and Raymond (2017). Third, we replicate and extend previous evidence

of certainty preference (Ambuehl and Li, 2018) in a three states environment.

2 The model

In this section, we describe the general case of the agents’ decision problem, introduce a

methodology for assessment of beliefs evolution, and present the main theoretical results.

The structure of this section is as follows. In the subsections 2.1 and 2.2, we describe the

choice problem faced by agents, which is a special case of the agent’s problem from Matějka

and McKay (2015). Subsection 2.3 discusses the evolution of the agents’ beliefs, provides

a definition of polarization ex-ante for rationally inattentive agents, and demonstrates how

such polarization can take place.

2.1 Description of the setup

There are two agents j ∈ {A,B}. Each agent independently faces a problem of discrete

choice between two options. The first option, which we refer to as a new policy, provides a

common payoff vs ∈ R that depends on the realized state of the world s ∈ S = {1, . . . , n},

where n ∈ N, n ≥ 3. When we say that the state is realized, we mean that the potential

outcome of the new policy has become possible to be evaluated. The states are labeled in

ascending order v1 < v2 < ... < vn. The second option, which we refer to as a status quo

policy, yields a known fixed agent-specific payoff: Rj ∈ R, ∀j respectively. We assume that

v1 < Rj < vn, ∀j in order to exclude trivial cases.15

The agents are uncertain which state of the world s is going to be realized and we

denote each agent’s j prior belief as a vector of probabilities gj = [gj1 gj2 ... gjn]
T , where

Pj(s = l) = gjl , ∀l ∈ S;
∑n

l=1 g
j
l = 1 and gjl > 0, ∀l ∈ S. We model the agents to be

15If Rj ≤ v1, the safe option is weakly dominated by the risky option, and if Rj ≥ vn the risky option is
weakly dominated by the safe option. In both of these cases, the agent j does not have incentive to acquire
information about the realization of the state of the world.
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rationally inattentive in the fashion of Sims (1998, 2003). Prior to making their decisions,

the agents have a possibility to acquire some information about the actual value of the

new policy, which is modeled as receiving a signal xj ∈ R. The distribution of the signals,

f j(xj, s) ∈ P (R× S), where P (R× S) is the set of all probability distributions on R× S, is

subject to the agent’s j choice. Upon receiving a signal, each agent updates her belief using

Bayes rule. However, observing a signal is costly and we assume the cost κj to be proportional

to the expected reduction in entropy16 between the agent’s j prior and posterior beliefs.

Upon receiving a signal, each agent chooses an action, and her choice rule is modeled as

σj(xj) : xj → {new policy, status quo}. The agent’s j objective is to maximize the expected

value of the chosen policy less the cost of information. Given the updated belief, the agent

j chooses the action with the highest expected payoff. The timing of the decision problem

is depicted in Figure 1.

1 . Agent j has a prior belief gj

2. Agent j chooses
information structure f j(xj , s)

3. Agent j receives a signal xj ∈ f j(xj , s)
and updates beliefs

4. Agent j chooses the action

Stage 1:
Information choice

Stage 2:
Action choice

Figure 1: Timing of the events in the problem. The decision problem consists of two stages:
an information strategy selection stage and a standard choice under uncertainty stage.

2.2 Agent’s problem

The information strategy of agent j is characterized by the collection of conditional prob-

abilities of choosing option i in state of the world s : Pj = {Pj(i|s)
∣
∣ i = 1, 2; s ∈ S},

where i ∈ {new policy, status quo} = {1, 2} denotes the option.17 Each agent j ∈ {A,B}

independently solves :

max
{Pj(i|s)|i=1,2; s∈S}

{
n∑

s=1

(
vsP

j (i = 1|s) +RjPj(i = 2|s)
)
gjs − λκj

}

, (1)

16The entropy H(Z) of a discrete random variable Z with support Z and probability mass function
p(z) = Pr{Z = z}, z ∈ Z is defined by H(Z) = −

∑

z∈Z
p(z) log p(z). For detailed treatment of entropy, see,

for example, Cover and Thomas (2012).
17According to Lemma 1 from Matějka and McKay (2015), the choice behavior of the rationally inattentive

agent can be found as a solution to a simpler maximization problem that is stated in terms of state-contingent
choice probabilities alone.
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subject to

∀i : Pj(i|s) ≥ 0 ∀s ∈ S , (2)

2∑

i=1

Pj(i|s) = 1 ∀s ∈ S , (3)

and where

κj = −
2∑

i=1

Pj(i) logPj(i)

︸ ︷︷ ︸
prior uncertainty

−
n∑

s=1









−

(
2∑

i=1

Pj(i|s) logPj(i|s)

)

︸ ︷︷ ︸
posterior uncertainty in state s

gjs









. (4)

Pj(i) is the unconditional probability that option i will be chosen and is defined as

Pj(i) =
n∑

s=1

Pj(i|s)gjs, i = 1, 2.

Here κj denotes the expected reduction in entropy between the prior and the posterior beliefs

about the choice outcome, λ > 0 is the unit cost of information and thus, λκj reflects the

cost of generating signals with different precision.

2.3 Description of beliefs evolution

The main aim of this paper is to describe the evolution of the agents’ beliefs, represented by

the expected payoff of the new policy, in each state of the world. In order to exclude situations

in which agents decide not to acquire information we assume that 0 < Pj(i = 1) < 118,

∀j ∈ {A,B}. Let us first introduce the main objects used in our analyses.

Prior expected value. The uncertainty in this model is about the realized state of

the world and thus about the actual payoff of the new policy. Without the information

acquisition stage of the problem the agent would choose the option based on the comparison

of the status quo payoff R with the agent’s j prior expected value of the new policy being

18See Caplin, Dean and Leahy (2019) for the characterization of the necessary and sufficient conditions
for solution of the discrete rational inattention problems.
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µj = E
jv =

n∑

s=1

vsg
j
s.

Posterior conditional expected value. In order to judge how the expected payoff

from the new policy changes after the signal is received and the option is chosen, we take

the position of an external observer. The observer knows that a realized state of the world

is s∗ and is interested in the agent’s posterior expected belief about the payoff of the new

policy v given the realized state s∗. Note that the agent’s posterior belief is given by the

signal she receives and thus the observer not only wants to know what the expected posterior

belief is for a given signal, but is interested in the expected posterior belief about the new

policy on average across all possible signals the agent may receive. Since there is a one to

one mapping between the selected information structure and consequently chosen action, the

posterior expected belief of interest is

mj(s∗) = E
j
i

[
E

j(v|i)|s∗
]
=

2∑

i=1

(
n∑

s=1

vsP
j(s|i)

)

Pj(i|s∗),

where option i ∈ {1, 2} = {new policy, status quo}.

Polarization ex-ante. Our objective is to study whether the agents can become po-

larized after receiving new information and how the agents’ disagreement evolves. Let us

thus first denote the difference between prior and posterior beliefs, represented by expected

values, for agent j, j ∈ {A,B} in the realized state s∗ ∈ S as

∆j(s∗) = mj(s∗)− µj.

Definition 1. We say that two agents j ∈ {A,B}, who are characterized by the pair (Rj,gj)

and are choosing between actions i = {1, 2}, become polarized ex-ante in the state s∗ ∈ S

when the following two conditions are satisfied

1.
∣
∣mA(s∗)−mB(s∗)

∣
∣ >

∣
∣µA − µB

∣
∣.

2. ∆A(s∗) ·∆B(s∗) < 0.

The condition 1 secures that the expected posterior beliefs in the state s∗ of two agents
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are further apart than the prior beliefs are 19 whereas the condition 2 ensures that the

agents update their beliefs in the opposite directions in the state s∗. Importantly, we denote

such polarization as polarization ex-ante because the measure mj(s∗), ∀s∗ ∈ S takes the

expectation of the expected value conditional on the realized state over all possible signals

and as it was shown in the rational inattention literature20 there is a one-to-one mapping

between the selected information structure and chosen action i. Consequently, once the

agents select the joined distribution of the signals and states, we can say that the agents

become polarized in expectation even before the signal is realized.

In the following theorem, we provide conditions for the presence of the states of the world

in which the agents become polarized.

Theorem 1. Two agents j ∈ {A,B}, who are characterized by the pair (Rj,gj) and for

whom one of the following conditions holds:

(a) µA ̸= µB and (µA − µB)(vs∗ −RA) > 0 ∧ (µA − µB)(vs∗ −RB) < 0;

(b) µA = µB and (vs∗ −RA)(vs∗ −RB) < 0;

become polarized ex-ante in the state of the world s∗ ∈ S.

Intuitively, the condition (µA − µB)(vs∗ − RA) > 0 means that if, for example, agent A

has a higher prior belief about the payoff of the risky option than agent B (µA − µB > 0),

then her belief should go up after information acquisition (vs∗ − RA > 0). If the belief of

agent B goes down at the same time (vs∗−RB < 0), then the two agents become polarized in

their beliefs. Due to costly information acquisition, the rationally inattentive agent chooses

only the necessary information in order to disentangle whether to select the status quo or

the new policy. This leads to the state pooling effect, when the agent endogenously divides

the states into two categories (the states in which the payoff of the new policy is higher than

the payoff of the status quo and the states in which it is lower) and chooses only information

that helps to disentangle which of these two categories the realized state s∗ is from. It is

also worth noting that the set of states where the agents become polarized are those states

where payoffs are neither very high nor very low.21

19The same measure of disagreement is used in the analyses of Kartik, Lee and Suen (2021). For axiomatic
foundations of disagreement measures see Zanardo (2017).

20See, e.g., Matějka and McKay (2015).
21For instance, it is clear that in case (b) of Theorem 1 the agents become polarized in the states of the

world in which vs∗ ∈ (RA, RB). Given the structure of payoffs, such states s∗ are intermediate.
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The rationally inattentive agents do not always diverge in their beliefs, but their beliefs in

some situations can converge or they can become further apart in their beliefs while updating

towards the same extreme state. We describe all these scenarios in Appendix B.

3 Experimental design

Our theoretical results show that the agent-specific value of the status quo determines the

information structure selected. As a consequence, two agents with different values of the

status quo might become polarized in expectations. In particular, the rationally inattentive

agent chooses to learn whether the outcome of the new policy is better or worse than the

status quo, and not to learn the exact state-dependent outcome of the new policy. We have

denoted this information strategy as state pooling behavior.

The main results of the model rely on several assumptions about a decision maker’s

preferences (risk neutrality), ability to estimate probabilities (by correctly updating beliefs),

and motivation (information has a purely instrumental value). The experimental literature

reports a large amount of evidence that casts doubts on human ability to perform these tasks

as accurately as the theory requires, and highlights that belief divergence could be mitigated

or enhanced by human biases. We are interested in testing whether belief divergence in

expectations, the main result of our model, can occur in a lab setting and whether behavioral

components enhance or mitigate its magnitude.

In the following sections of the paper we investigate whether our normative model is also

accurate in describing human behavior. We do so by running a lab experiment in which

participants are allowed to collect information before making choices under uncertainty. We

collect actions and beliefs separately, and combine them to compute a cardinal indicator for

beliefs divergence and to compare human behavior and theoretical predictions. Our design

allows us to test whether a manipulation of the status quo affects the choice of information

source and generates belief polarization in expectations.

The experiment is quite demanding in terms of complexity of the setting, structure of the

decision process, and length of the instructions. We take several steps in order to improve

the subjects’ experience and reduce potential sources of confusion (details in Appendix C).

In particular, before the main task – task 2 – we use a simplified training task – task 1 – to

make sure subjects familiarize themselves with the environment and the interface. Our main

exposition and results refer to task 2 (and subsequent control tasks). Additional insights

from task 1 results are presented at the end of the results section and in Appendix I.
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3.1 Overview of the experimental design

The experiment comprises four tasks and a final questionnaire. In the first and second

tasks, subjects face a binary choice between the opaque box (risky action), which contains

a single “color ball,” the value of which depends on the unknown color, and the transparent

box (safe action), containing a single ball whose value is known. The color ball is randomly

drawn from a box containing three balls (states) with different colors (red, yellow, blue) with

uniform probability of being selected. The two tasks differ in the way we provide interim

information about the color ball. In task 1 four possible advisors (representing degenerate

signal structures) are evaluated separately and subjects report their willingness to accept

(Becker-DeGroot-Marschak method,22 BDM thereafter) renunciation of the signal. In each

trial for task 2 only two advisors are displayed and the subject makes a binary choice between

them. In tasks 3 and 4 we elicit unconditional and conditional beliefs for different advisors,

assigned exogenously. We ensure incentive compatibility by paying subjects for a single

decision randomly selected from the entire experiment. Subjects never receive feedback

about their decisions until the very end of the experiment. Each subject participates in all

of the following tasks, in the order listed below.

3.2 Task 1 - Colorblind advisor game

In each round of task 1 subjects (i) choose an action contingent on the advisor and signal

received (Figure 2a) and then (ii) indicate for each advisor the willingness to accept renun-

ciation of its signal (Figure 2b). This task is presented at the beginning of the session to

familiarize participants with the choice environment and the notion of the advisor.

Subjects play 10 rounds with the same four advisors and different lottery return values.

Three of the advisors in this game (named Red, Yellow, and Blue) are described as colorblind

to all colors except the subject’s own. They are able to observe the color ball and report

truthfully whether it matches her own name’s color.23 The fourth advisor is named Rainbow

and reports every color accurately, without uncertainty. In each round, the subject chooses

which box she would pick in each hypothetical advisor/answer scenario (strategy method).

Then, the subjects fill out a multiple choice list for each of the four advisors, choosing

between pairs of options: “Choice with the X advisor” (X is replaced with the advisor’s

name) or “Choice without advisor + w extra points,” for w between 0 and 20 points, in 2

22Becker, DeGroot and Marschak (1964).
23For example, the Red advisor returns a signal RED or NOT RED, which is easy to interpret.
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(a) Task 1, Screen 1: Action choice (b) Task 1, Screen 2: WTA for each advisor

Figure 2: Task 1 - Colorblind advisor game. Left: Subjects choose an action (box) contingent
on the advisor and signal received. The possible values of each action are indicated on the top
of the screen. Each state (ball color) is equally likely to occur. Right: Subjects indicate for
each advisor the willingness to accept renunciation of its signal in a series of binary choices
(BDM method). At most one switch is allowed. Action choices selected in the previous stage
are reported on the bottom of the screen.

points intervals.24

3.3 Task 2 - Imprecise advisor game

In each round of task 2 subjects (i) choose one advisor between the two options available

(Figure 3a) and then (ii) indicate the signal-contingent action for each signal (Figure 3b).

(a) Task 2, Screen 1: Advisor choice (b) Task 2, Screen 2: Action choice

Figure 3: Task 2 - Imprecise advisor game. Left: Subjects choose one signal structure
(advisor) between the two options available. Each advisor is a triplet of state-contingent
signal probabilities. Right: Subjects indicate the signal-contingent action for each signal
(strategy method).

24The value w at which a subject i switches from preferring the former to the latter option reveals her
subjective valuation wi

I .
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Subjects play 40 rounds with different pairs of advisors and values for the ball in the

transparent box.25 Each round comprises two parts. First, subjects observe a pair of advisors

and make a binary choice to select which advisor they want to consult. Subsequently, only

the selected advisor is consulted, a signal-contingent binary choice is implemented, and the

participant chooses one box based on the signal received. Each advisor is defined as a triplet

of state-contingent conditional probabilities of providing a binary signal.

The 40 rounds are designed as a combination of 20 advisor pairs and two values for the

ball in the transparent box (safe option). The advisors are selected in order to examine

preference over sources of information and formulate predictions about the effect of the safe

option on information collection and posterior beliefs. In particular, 11 out of 20 pairs of

advisors are designed such that a Bayesian agent would pick different advisors by changing

the safe option.

3.4 Task 3 - Card color prediction game

In each round of task 3 subjects indicate the likelihood of observing each signal for a given

advisor (Figure 4a). We elicit the subjects’ signal probability beliefs for each of the 20

advisors using a single slider with sensibility to the unitary percentage level. Each round

contains a single advisor from those used in task 2 and subjects are asked to report the

probability of a black or white card being shown. We incentivize accurate and truthful

reporting by using the quadratic loss scoring rule with payoffs expressed in probability points

(likelihood of winning the bonus prize).

3.5 Task 4 - Ball color prediction game

In each round of task 4 subjects indicate the likelihood of each state given an advisor and

signal (Figure 4b). We elicit the subjects’ posterior probability beliefs for each of the 20

advisors and for each possible signal realization, using a double slider with sensibility to the

unitary percentage level. Each round contains a single advisor from those used in task 2

and one realized signal (black or white card). The subject is asked to report the probability

of a red, yellow, or blue ball being in the opaque box after observing the card color. We

incentivize accurate and truthful reporting by using the quadratic loss scoring rule with

payoffs expressed in probability points.

25The ball in the transparent box can take two values (30 and 65 points). The values for the balls in
the opaque box are unchanged during the task (10, 50, and 80 points, uniform probability of being drawn).
Details on the pairs of advisors used in the 40 rounds can be found in Appendix E.
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(a) Task 3: Beliefs over signal likelihood (b) Task 4: Beliefs over state likelihood

Figure 4: Left: Task 3 (Card color prediction game). Subjects indicate the likelihood of
observing each signal (card color) for the given advisor. Right: Task 4 (Ball color prediction
game). Subjects indicate the likelihood of each state (ball color) given an advisor and signal.
In both tasks subjects move the slider(s) and receive a number of probability points (chance
of winning the bonus prize) according to the quadratic loss scoring rule described in the
instructions.

3.6 Questionnaire

The final part of the experiment is a questionnaire designed to collect demographic vari-

ables (including field of study and familiarity with Bayes’ rule), psychological measures (Life

Orientation Test - Revisited,26 LOT-R hereafter), risk attitude (Holt-Laury risk elicitation

method with multiple price list, Holt and Laury 2002, HL hereafter), cognitive ability (five

questions from the Raven Progressive Matrices Test, Raven hereafter), as well as questions

on the subjects’ strategy in the first and second task.27

3.7 Procedure

The experiment was run in the CELSS (Columbia Experimental Laboratory for Social Sci-

ences) between August and September 2019.28 The experiment was coded in MATLAB

(Release 2018b) using Psychotoolbox 3 (Psychophysics Toolbox Version 3). Eighty-five vol-

unteers were recruited using the platform ORSEE29 (Online Recruitment System for Eco-

nomic Experiments) and were naive to the main purpose of the study. All subjects provided

written, informed consent. The whole experiment took on average 85 minutes, including

instructions and payment. On completion of the experiment, the subjects received payment

26See Scheier, Carver and Bridges (1994).
27We did not collect questionnaire information for the first 22 participants to the experiment.
28The experimental protocol was approved by the Columbia Institutional Review Board, protocol

AAAS5801.
29See Greiner (2015).
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in cash according to task performance. Each subject received a $10 show-up fee, and played

for a bonus prize of $15. In addition, a subject could earn between $0.10 and $4 in the

risk elicitation task and $0.50 for each question of the cognitive test, up to $5. The average

payment was $25. A small number of participants were recruited for each laboratory session

(6 on average) in order to facilitate clarification questions during the experiment.

3.8 Hypotheses

Our experiment allows us to test the main predictions of the model, as well as disentangle

the possible factors that mitigate or enhance the results with respect to the behavior of an

optimal decision maker. The first hypothesis refers to the crucial effect of the status quo on

information acquisition.

Hypothesis 1. A change in the status quo (safe option) generates a reversal in the choice

between advisors when such a reversal is optimal.

We test this hypothesis by collecting choices over information structures under different

values of the safe option. The optimal advisor choice would not be sufficient to generate

belief polarization. The second hypothesis refers to the result that appears in the title of the

paper.

Hypothesis 2. A change in the status quo (safe option) generates beliefs polarization in

expectations.

In order to test this hypothesis we need to collect additional data, on top of advisor

choices and final actions. For this reason, we collect subjective beliefs after receiving a

signal.30 There are three main channels that may mitigate or enhance the results with respect

to the behavior of an optimal decision maker: non-standard preferences over realized states,

biased beliefs, and non-standard preferences for information structures. We summarize these

potential confounding factors in three channels.

Channel 1. Subjects evaluate information structures based on non-standard preferences over

the realized state, e.g. risk aversion or risk seeking.

Channel 2. Subjects evaluate information structures based on subjective beliefs about the

likelihood of signal and state realizations.

30An alternative approach to construct polarization would be to elicit subjective evaluations of the risky
action after receiving a signal. The elicitation of subjective beliefs has the advantage of providing additional
information on the belief channel, one of the possible confounding factors for the emergence of polarization.
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Channel 3. Subjects evaluate information structures based on non-instrumental character-

istics, including ease of processing of the signals (certainty, few possible outcomes).

Our setup allows us to test the main hypotheses and study the three behavioral channels

by collecting detailed data about willingness to pay and binary choices between information

structures.

3.9 Experimental investigation

We consider a setting with three possible states and two actions that generate state-contingent

payoffs. The actions represent two policies: the current policy (the status quo), whose return

R ∈ R is known and independent of the state, and a new policy, whose return vs ∈ R is

uncertain. The state of the world s ∈ S = {r, y, b} is represented by a color associated with

the deterministic return for the uncertain policy: r (red, low return), y (yellow, interme-

diate return), or b (blue, high return), with 0 < vr < vy < vb < 100 and vr < R < vb.

An agent with a correct uniform prior belief P(s) = 1
3
, ∀s observes an informative signal

about the state and selects one of the two policies. The return of own choice depends on the

selected action and the realized state, and represents the probability, expressed in percents,

of receiving a fixed prize k ($15 in our laboratory experiment).

Information is valuable because it informs the subsequent binary choice between policies.

We let σ ∈ {0, 1} denote the realization of a stochastic signal that the subject may observe.31

Since we have three states and two possible signal realizations, a signal structure is a triplet

of state-dependent probabilities PI(σ = 1|s).32 We will refer to such a triplet I as an

information source or advisor.33

The Bayesian agent represents a natural benchmark to consider the objective value of

information in this environment. Let V (I) denote the bonus that renders the agent indif-

ferent between playing the game without additional signals34 (but receiving additional V (I)

“tickets”) and playing the game with the signal structure I. The valuation of the information

31In the main task of the study, all advisors have two signal realizations. In the first task, the fully
revealing (rainbow) advisor has three possible signal realizations σ ∈ {0, 1, 2}.

32Notice that the signal is deterministic in the case of a triplet of degenerate probabilities.
33Notice that even though the three states are equally likely, the two signals need not be equally likely.
34Playing without any additional information is, from a theoretical perspective, equivalent to playing with

a purely noisy signal. We prefer to refer to the former case for the sake of clarity.
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structure I is given by a chosen lottery and by the observed signal

V (I) =
∑

σ∈{0,1}

max

{
∑

s∈S

vsPI(s|σ), R

}

︸ ︷︷ ︸

=V (σ|I)

PI(σ)−max

{
∑

s∈S

vsP(s), R

}

︸ ︷︷ ︸

=V (∅)

, (5)

where V (∅) is the expected value of the action chosen without observing any signal and

V (σ|I) is the expected value of the action chosen after receiving signal σ from advisor I.

We can generalize the subjective valuation in order to include non-instrumental preference

over information. A decision maker i has a subjective valuation V i(I) of the signal structure

I that depends both on the instrumental value V (I) and other characteristics of I; for

example the type of “optimistic/pessimistic” information that it provides. We postpone

further discussion about possible differences between Bayesian and subjective valuation of

information to the results section.

4 Experimental results

This section contains the main results of the experimental investigation. We report aggregate

choices between sources of information (Section 4.1) and provide evidence that (i) subjects

do react to the value of the status quo as predicted by the theoretical model, (ii) the variation

in the status quo leads qualitatively to the belief polarization in our laboratory setting and

(iii) we observe preference for state pooling information structures.

In section 4.2, we discuss to what extent the main behavioral channels introduced in

section 3.8 cause deviations of the participants’ behavior from optimality. We verify that

subjects’ actions are consistent with the optimal behavior of a risk-neutral agent and that

their beliefs about the likelihood of signal and state realizations are close to the optimal ones.

Consequently, we identify the evaluation of information structures based on non-instrumental

characteristics as a major driver of the observed deviations from optimality.

Finally, we analyze the willingness to pay (WTP) for information structures in the first

task (Section 4.3), where we observe that (iv) subjects display compression in their WTP

and (v) are willing to pay higher amounts for information about the most desirable state.

4.1 Beliefs polarization in the laboratory experiment

Our model predicts that a change in the status quo creates belief polarization because of

the endogenous choice of information structures (advisors). In our experimental design
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this means that, given the true state, the same decision maker will have different beliefs

(conditional on the state realization, but before the signal realization) based on her status

quo value. The experiment contains 11 pairs of trials that can be used to test whether such

polarization occurs. We combine the data collected for the binary advisor choice (task 2)

with the subjective beliefs about posterior distribution (task 4) to calculate the magnitude

of the observed polarization in the laboratory experiment.

The first hypothesis is that a change in the status quo generates a reversal in the advisor

choice when such a reversal is optimal. Figure 5a shows that the hypothesis is confirmed

in the trials from Task 2 where we expect to observe the reversal. Advisor I1, defined here

as the best one under R = 30, is chosen 66% of the times when it is optimal to do so, and

only 30% when R = 65. The difference between the two treatments is large and significant,

and confirms our first hypothesis. In Figure 5b we depict the probability of choosing the

advisor (out of the pair of advisors labeled I1 and I2) as a function of the difference in

the instrumental values of the two presented advisors, with all the values computed as in

equation 5. The probability of selecting advisor I1 increases with the difference between

the instrumental values of advisor I1 and advisor I2. All trials but one lie in the first and

the third quadrant; in lay terms, the advisor with the highest instrumental value is chosen

more often. Choice probabilities increase almost linearly and not stepwise near the zero,

suggesting that subjects do not respond only to the sign of the difference in the instrumental

values between the advisors, but to the actual value of the difference.

(a) (b)

Figure 5: Advisor selection probability in Task 2. Left: Probability of selecting I1, defined
here as the best advisor under R = 30, for each of the two treatments (11 trials per treatment,
935 observations per treatment). Right: Probability of selecting advisor I1 based on the
difference between instrumental values (22 trials, 85 observations per trial).

23



Experimental Result 1. Subjects systematically react to the value of the status quo and

choose the optimal advisor (information structure).

The advisor choice reversal is necessary but not sufficient to generate polarization. If par-

ticipants are systematically biased in the computation of probabilities, and react less (more)

to the new information provided by the signal, this will reduce (increase) the magnitude

of the polarization. We elicit subjective beliefs with a strategy-proof mechanism and we

verify that the participants hold, on average, very accurate beliefs. In the fourth task of the

session we elicit the posterior likelihood of each state, given an advisor and a signal realiza-

tion. On average, we observe accurate probability estimates, close to the predictions of an

optimal Bayesian agent. Results are displayed in Appendix H and show that 1) participants

are on average accurate in the estimate of probabilities, 2) we do not observe a system-

atic difference between estimates involving different states (i.e., we do not have evidence of

motivated beliefs, Bénabou, 2015), and 3) the results show mild evidence of conservatism

(central tendency of judgement), as vastly reported in experiments with subjective estimates

(Hollingworth, 1910; Anobile, Cicchini and Burr, 2012). A linear fit of the average subjective

estimates over the unbiased ones confirms the mild conservatism (slope β = 0.825) and the

overall good fit (R2 = 0.993).

By combining advisor choices and posterior beliefs we can finally calculate the magnitude

of polarization of beliefs. We consider separately each of the 11 pairs of trials in which the

agents should switch advisor because of the status quo manipulation. For every trial and

state, we calculate the ex-ante expected value for the risky action (conditional on the state,

but not conditional on the signal realization). The predicted polarization is computed based

on the Bayesian agent’s behavior. It is the absolute difference between the two ex-ante

expected values: one is generated under the low status quo, the other under the high status

quo. The realized polarization (Figure 6a) is calculated in the same way but it includes

the subjects’ behavior in two stages. First, we replace the posterior beliefs (Bayesian) with

the average subjective ones from task 4. Second, we replace the advisor choice probabilities

(deterministic) with the observed ones from task 2. Participants switch advisors less then

predicted, and update their beliefs slightly less than predicted, so both the components

reduce the magnitude of the realized polarization. A linear fit of the distribution shows that

the realized polarization is, on average, 32% of the predicted one, with little dispersion across

pairs of trials, as confirmed by the high R2 = 0.892.

Experimental Result 2. Variations in the value of the status quo generate ex-ante belief

divergence (before the signal realization, and after controlling for the true state) qualitatively
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analogous to those predicted by the model, but with smaller magnitude.

(a) (b)

Figure 6: Left: Polarization. Predicted polarization (for the Bayesian decision maker) and
realized polarization (based on subjects’ responses, n=85) in the 11 pairs of trials with
predicted advisor switches (3 states per pair of trials). Right: Probability of choosing the
state pooling advisor over the alternative one in the trials with exactly one state pooling
advisor. (12 trials, 85 observations per trial).

State pooling is the key mechanism for our model that determines the advisor switch. We

define state pooler advisors as follows.

Definition 2. State pooler advisor. An advisor with information structure I is a state

pooler under status quo value R when it can provide a signal σ such that the posterior belief

for the agent is either P(πs ≥ R|σ) = 0 or P(πs ≥ R|σ) = 1.

When we investigate how the probability of choosing the state pooling advisor depends on

the instrumental value of such an advisor (see Figure 6b), we can notice that the probability

is greater than 1/2 when it is optimal to select the state pooler, and otherwise it is below 1/2.

However, we can also notice that the probability of selecting the state pooler increases with

the instrumental value. When the state pooling and non state pooling advisors both have

the same instrumental value (0 on x-axis), subjects strictly prefer the state pooling advisor

in comparison to a non state pooling advisor, even though it is not more informative.

In the next section we further discuss the quantitative departure from the theoretical

prediction and we analyze separately the three main behavioral channels that represent

potential confounding factors.
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4.2 Behavioral channels of departure from theoretical predictions

Possible deviations from the optimal choice between alternative sources of information in

task 2 (imprecise advisor game) can be rationalized by risk preferences, systematically bi-

ased beliefs, and non-instrumental preferences over information structures, as discussed in

Section 3. We now consider each of these channels separately and discuss whether they

provide an explanation for the advisor choices observed.

Risk preferences represent the first behavioral channel. Possible deviations from the

optimal choice between alternative sources of information in the imprecise advisor game

(task 2) can be consistent with risk aversion, as this would affect the evaluation of each

advisor. We design our experiment in order to minimize this concern, by using probability

points as prizes (see, e.g., Harrison, Mart́ınez-Correa and Swarthout, 2013) and assigning

probabilities between 10% and 90% (to minimize concerns about extreme probability events).

Our analysis confirms that risk aversion does not represent a driver of the participants’

departure from the predictions: we summarize below the main results, with more analysis

available in Appendix G. In task 2, given an advisor and a signal realization, participants

were asked to choose one action corresponding to the risky lottery (opaque box) or the safe

option (transparent box). If we assume that the decision maker adopts a CRRA utility

function uα(x) =
x1−α

1−α
, and we use maximum likelihood method to estimate the concavity of

the utility function, represented by the risk aversion coefficient α, we obtain α̂ = 0.34, which

indicates a small risk aversion, compared to the null hypothesis α = 0 (risk neutral agent).

We test the statistical significance of adding the risk aversion coefficient in the action choice

model using the likelihood ratio test, and we reject the null hypothesis (p < 0.001). The

use of risk preferences slightly improves the predictive power, which we measure using the

likelihood ratio (Cohen et al., 2013). This measure, representing an R squared statistics for

logistic regressions, is R2
risk neutral = 0.382 using risk neutrality and R2

risk averse = 0.422 using

risk aversion. Nevertheless, the magnitude of the deviation from risk neutrality is modest

and unable to explain a choice reversal for the advisor selection.

Experimental Result 3. Participants behave similarly to a risk neutral agent, and risk

preferences represent a small driver of deviation from optimality in the choice between ac-

tions.

Biased beliefs represent the second behavioral channel. We usually assume that the

instrumental value of each advisor is determined using the exact probabilities for signal

and state realizations. We relax this assumption, and consider the behavior of an agent who
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selects the advisors based on the subjective value instead. We compute the subjective advisor

value by using the subjective beliefs about signal likelihood and state likelihood (conditional

on the observed signal) that we elicit in tasks 3 and 4, respectively. The average responses

for these tasks are shown in Appendix F, and both distributions display small conservatism

in the estimates.

In Figure 7a we depict the advisor choice probability (from a pair of advisors labeled

I1 and I2) as a function of the difference in the instrumental values of the two presented

advisors, with all the values computed as in equation 5 and using unbiased beliefs. This

is similar to Figure 5b, but now we display all 40 trials in the experiment, including those

where we do not expect to observe the advisor switch. We compare this result with Figure

7b, where the instrumental value of each advisor is computed using the average subjective

beliefs (Vsubjective). The use of subjective beliefs reduces the predictive power of the model,

which we measure using the likelihood ratio (pseudo R squared, as above): R2
unbiased =

0.563 using unbiased beliefs and R2
subjective = 0.225 using subjective beliefs. Results from

tasks 3 and 4 show that subjects’ beliefs are on average accurate (see Appendix H). The

lower predictability of advisor choices suggests that there is no systematic departure from

unbiased beliefs (that would affect both beliefs advisor evaluation). Instead, the evidence

points towards independent noise in the responses in the different tasks.35

Experimental Result 4. Participants behave similarly to an agent with correct under-

standing of probabilities. Subjective beliefs about the likelihood of signal and state realizations

represent a small driver of deviation from optimality in the choice between advisors.

Non-instrumental preferences over information structures represent the third behavioral

channel. Differently from the previous two approaches, we now assume that the decision

makers evaluate some non-instrumental features of the advisor (e.g. simplicity and certainty)

and chooses the preferred advisor based on the tradeoff between instrumental and non-

instrumental characteristics. This is equivalent to the addition of a cognitive cost for each

of the signal structures. Ambuehl and Li (2018) show that, in a two-states, two-signals

setting, subjects “disproportionately prefer information structures that may perfectly reveal

the state of the world” (certainty effect). Since we are considering a more complex three-

states, two-signals setting we separate this effect using two separate measures: certainty and

35A possible explanation for the result shown in Figure 7 is that the elicitation of beliefs is noisy and that
this noise is not systematic across the main task (advisor choice) and the elicitation task. If the beliefs are
noisy yet unbiased (or, more generally, if the systematic bias in beliefs is small enough), then the adoption
of subjective beliefs is adding noise in the estimation of the advisor evaluation and decreasing the predictive
power.
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(a) (b)

Figure 7: Task 2: Advisor selection probability (all trials). Left: Probability of selecting
I1 based on the difference between instrumental values (40 trials, 85 observations per trial).
Right: Instrumental values of the advisors are calculated using the average subjective beliefs
elicited in tasks 3 and 4.

simplicity. According to the definitions we introduce below, a certain advisor always removes

uncertainty about a specific state, whereas a simple advisor refine the posterior beliefs by

removing impossible states.

We now define formally these concepts and show how they relate to observed behavior.

Definition 3. Certain advisor. An advisor with information structure I is certain when

there exists a state s and a signal σs such that P(s|σs) = 1 and P(s|σ) = 0 ∀σ ̸= σs.

In lay terms, a certain advisor answers a yes-no question about state s. It always pro-

vides certainty that state s is, or is not, the actual state. Figure 8a plots the probability

of choosing the certain advisor given the difference between the values of the certain and

uncertain advisors. It is apparent that the probability does not increase monotonically with

the informativeness as in the previous figures. Once it is optimal to select the certain advi-

sor, the probability of choosing it jumps to 86%, on average. On the other hand, when it is

optimal to choose the uncertain advisor, the probability of selecting the certain advisor is,

on average, only 46%.

In order to extend the effect to a larger set of conditions, we introduce here cI as a

discrete measure of complexity (or cost) for the signal structure I:

cI =
∑

σ

(
∑

s

✶(P(s|σ) > 0)− 1

)

. (6)
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We use this measure to compare advisors based on their complexity.36

Definition 4. Simpler advisor. An advisor with information structure I is simpler than

an advisor with information structure J if cI < cJ .

In lay terms, a simpler advisor provides messages that can exclude more states. This index

counts, for every distinct signal realization, how many states receive positive probability in

the posterior beliefs generated by that signal. In task 2 of the study, it takes values between 1

(simplest) and 4 (most complex).37 Figure 8b shows that participants tend to prefer advisors

with a low index, even after controlling for the advisors’ value difference.

(a) (b)

Figure 8: Preference for certainty and simplicity. Left: Certainty effect. Probability of chos-
ing a certain advisor in the trials containing a certain and an uncertain advisor (14 trials, 85
observations per trial). Right: Simplicity effect. Probability of chosing the simplest advisor
(as defined in equation 6) in the trials containing two advisors with different complexity
scores (21 trials, 85 observations per trial).

We run a series of logit regressions aimed at measuring the relative importance of various

features of the advisors. In addition to the instrumental value V Bayes(I), we use the complex-

ity index cI and three binary variables to indicate whether the advisor 1) is the best in the

pair, 2) provides certainty, and/or 3) provides state pooling. The results from the regression

36Examples of advisors with different complexity scores are as follows. Complexity 1 (lowest): Certainty
advisor: 1-0-0 answers the question “is the state Red?” and always gives the correct answer. Complexity 2:
Advisor 0.5-0-0 answers the question “is the state Red?”, if the state is not Red the advisor advisor always
replies “no”. If the state is Red, the advisor replies “yes” half of the time. Complexity 3: Advisor 1-0.5-0.5
answers the question “is the state Red?”, if the state is not Red, the advisor replies “no” half of the time, if
the state is Red, the advisor always replies “yes”. Complexity 4: Advisor 0.25-0.5-0.75 returns the message
“Blue” with a higher probability when the state is blue and with a lower probability when the state is red.

37In task 1, the complexity score cI takes values 0 for the fully revealing (rainbow) advisor and 1 for all
the other (colorblind) advisors.

29



are presented in Table 1, and are consistent with the patterns previously discussed. The

instrumental value of the advisor V Bayes(I) has a significant effect on the probability of the

advisor being selected. However, certainty and state pooling are also significant.

Method: Logit, Dependent variable: Advisor choice

(1) (2) (3) (4)
Value V Bayes(I) 0.246∗∗∗ 0.217∗∗∗ 0.235∗∗∗ 0.232∗∗∗

(0.018) (0.011) (0.011) (0.019)
Best Advisor (dummy) -0.084 -0.007

(0.096) (0.102)
Complexity cI -0.359∗∗∗ -0.074

(0.037) (0.076)
Certainty (dummy) 0.511∗∗∗ 0.428∗∗∗

(0.069) (0.110)
State Pooling (dummy) 0.404∗∗∗ 0.330∗∗

(0.069) (0.102)
Trials All All All All
Observations 3,400 3,400 3,400 3,400

Table 1: Advisor choice across all the trials in task 2. The coefficients refer to the differences
between advisor I and the alternative advisor J . Statistical significance: * p < 0.10, **
p < 0.05, *** p < 0.01.

Experimental Result 5. Participants significantly prefer simple advisors, and advisors

providing certainty in particular. This result is robust even after controlling for the instru-

mental value of the advisors available. This is a major driver of the observed deviation from

optimality in the choice between advisors.

In order to determine the extent to which the subjects’ deviations from Bayesianism

determine the demand for certain and simple information, we run a second set of regressions

where we control for the subjective valuation of information sources V Subjective(I) that reflect

the subjects’ deviations from Bayesianism. These results are presented in Table 2. While

the deviations from Bayesianism do mute the observed polarization, they do not play such a

significant role in affecting the demand for information. The general measure of complexity

and the certainty dummy prove significant even after we control for non-Bayesianism. Thus

we believe our results suggest an intrinsic preference for certainty/simplicity.38

38Note, however, that dummy for certainty and complexity measure are highly correlated, thus not being
simultaneously significant if they are both included.
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Method: Logit, Dependent variable: Advisor choice

(1) (2) (3) (4) (5)
Value V Bayes(I) 0.232∗∗∗

(0.019)
Value V Subjective(I) 0.054∗ 0.252∗∗∗ 0.250∗∗∗ -0.034 -0.020

(0.029) (0.020) (0.020) (0.035) (0.036)
Best Advisor (dummy) 0.871∗∗∗ 1.085∗∗∗ 0.043

(0.089) (0.112) (0.136)
Complexity cI -0.434∗∗∗ -0.113 -0.053

(0.035) (0.081) (0.085)
Certainty (dummy) 0.508∗∗∗ 0.571∗∗∗ 0.462∗∗∗

(0.065) (0.118) (0.125)
State Pooling (dummy) 0.293∗∗∗ 0.218∗∗ 0.355∗∗∗

(0.067) (0.106) (0.112)
Trials All All All All All
Observations 3,400 3,400 3,400 3,400 3,400

Table 2: Advisor choice across all the trials in task 2. The coefficients refer to the differences
between advisor I and the alternative advisor J . Statistical significance: * p < 0.10, **
p < 0.05, *** p < 0.01.

4.3 Willingness to pay for signal structures

The Colorblind advisor game introduced in task 1 provides a different dataset that we can

compare with the results from the other tasks presented in a previous section. In each of the

ten trials we collect signal-contingent actions (risky or safe options) as well as the subjective

willingness to pay (WTP) in order to observe a certain signal structure. More precisely, we

elicit the willingness to accept (WTA), expressed in probability points of winning the bonus,

in exchange for the opportunity of playing the game without the advisor.39 For each of the

four advisors in the game we elicit subjects’ valuation of the advisor using multiple price

lists, an incentive-compatible implementation of the BDM mechanism. The red, yellow, and

blue advisor provide a binary message, whereas the rainbow advisor fully reveals the true

state. Figure 9 shows, for each advisor type, the relation between subjective (averaged across

participants) and theoretical advisor value (for an optimal decision maker). We notice that

for all the advisors the subjective evaluation tends to exceed the theoretical one (positive

39Standard theory predicts that the difference between WTA and WTP is negligible when income effects
are small. We implemented several measures in order to maintain this difference as negligible: i) we used
probability points to minimize risk aversion concerns, ii) we maintain the gain domain during the whole
session and iii) we avoid framing the payment in task 1 as a cost/loss. For an exact relation of WTA and
WTP see Weber (2003).
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Figure 9: Willingness to pay for information (task 1). Comparison between the average sub-
jective valuations of advisors across participants and the valuations for the optimal decision
maker. The color used in each panel indicates the type of advisor: red, yellow, blue, and
rainbow advisors (ordered from top-left to bottom-right). Optimal valuation (dashed lines)
and linear regression estimates (dotted lines) are shown for comparison. n=85 observations
per point in each panel (10 trials, 4 advisors per trial).

intercept) and there is a general positive relation between the two, with subjective values

increasing with the theoretical ones, but not as much as the latter (slope coefficients lower

than 1). This pattern is known as the compression effect and is well known in experiments

with explicit elicitation of WTP for sources of information (e.g. Ambuehl and Li, 2018). We

have several cases of advisors whose theoretical value is equal to zero (including for most

of the yellow advisors): the observation of a signal from them is not pivotal for the chosen

action with respect to the decision without an advisor, yet the subjects invest a significant

amount of points to receive this piece of information.

Experimental Result 6. Participants display a compression effect in their willingness to

pay for information structures. They tend to overpay for advisors with low and even zero

instrumental value, and their subjective WTP increases with the theoretical values, but with
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a slope smaller than one.

The comparison of the plots of different advisors highlights a consistent pattern. The

compression effect appears similarly for all four advisors, with a similar slope of the linear

regression between observed and theoretical values. At the same time, intercepts are sig-

nificantly different, with similar values for red and yellow advisors, and much higher levels

for blue and rainbow advisors. This difference is aligned with preference for information

structure biased in favor of the most desirable (blue) state.

This result is confirmed by running a simple OLS regression of the subjective advisor

value using the theoretical value as the regressor. Table 3 shows that the slope is positive

but lower than one (compression effect) and the intercept is positive and significantly differ-

ent from zero (a result analogous to the conservative probability estimates observed in tasks

3 and 4). When we allow the intercept to differ across advisors, we notice that they are not

different between the red and yellow advisor, whereas the blue and rainbow advisors receive

significantly higher WTPs. This result is consistent with those observed in environments

with non-instrumental information (Masatlioglu, Orhun and Raymond, 2017) in which sub-

jects display wishful thinking and desire to observe signals that are more accurate about

the positive outcomes. The blue state represents the most desirable outcome in our setting,

and it is fully revealed by consulting either the blue or the rainbow advisors. The slope of

the curves is not significantly different across advisors (not reported in the table, see Ap-

pendix I) confirming that the effect does not arise from a different sensitivity to instrumental

value. Instead, it provides evidence in favor of intrinsic (non-instrumental) preference for

information structures, similarly to the previously discussed preferences in favor of advisors

providing certainty or state pooling in the posterior beliefs.40

Experimental Result 7. Participants are willing to pay significantly higher amounts for

advisors that provide evidence in favor of the most desirable state, as well as for advisors

that fully reveal the true state.

The result is qualitatively robust to the separate analysis of trials with high or low status

quo. Columns 3 and 4 contain the regressions run independently, with the two parts of

the dataset, divided based on the relative value of the status quo R with respect to the

intermediate payoff vy. Although the signs and significance of the estimates are unchanged,

40In Appendix I we provide a further analysis of willingness to accept. Importantly, we present there also
evidence that the participant demands the simplest information source that is sufficient for quaranteeing
the optimal action, as is predicted by the theoretical model. We do so by comparing the WTP for the fully
revealing signal and he highest WTP among the other advisors.
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Method: OLS, Dependent var: V i(I)

(1) (2) (3) (4)
Constant 6.66∗∗∗ 5.62∗∗∗ 3.65∗∗∗ 7.58∗∗∗

(0.166) (0.231) (0.299) (0.339)
Value V Bayes(I) 0.372∗∗∗ 0.269∗∗∗ 0.430∗∗∗ 0.116∗∗

(0.027) (0.030) (0.042) (0.047)
Red advisor -0.19 -0.31 0.26

(0.353) (0.443) (0.546)
Blue advisor 3.41∗∗∗ 3.51∗∗∗ 2.59∗∗∗

(0.349) (0.496) (0.486)
Rainbow advisor 2.74∗∗∗ 2.70∗∗∗ 2.62∗∗∗

(0.373) (0.496) (0.546)
Trials All All R > vy R < vy
Observations 2520 2520 1260 1260

Table 3: Aggregate valuations of information structures in task 1. Statistical significance: *
p < 0.10, ** p < 0.05, *** p < 0.01.

we observe different magnitudes. When the value of the status quo is higher than the

intermediate state (column 3) the intercept is lower and the slope steeper (less compression).

In this case the decision maker faces a safer choice problem and she reacts more to the

incentive represented by the instrumental value of the advisor.

5 Heterogeneity across subjects

In this section, we present how the results of the main analysis are robust across individuals,

and whether observable characteristics, such as mathematical literacy and risk attitude, can

predict the heterogeneity in their behavior. We showed in Figure 6a that at the aggregate

level we observe 32% of the predicted polarization. We replicate the analysis for every

participant: Figure 10a shows the estimated polarization coefficient p̂i for every subject,

with 0 for no polarization and 1 indicating the magnitude of polarization predicted by our

model. We observe substantial heterogeneity, with the full range of possible values, and an

average polarization equal to 53% of the prediction. We even encounter a few values above

1; this is possible when subjective beliefs are characterized by over-reaction to evidence

(instead of conservatism, as we observe at the aggregate level). In apendix K, we investigate

what role in over-reaction to evidence is played by two channels influencing the polarization.

We show that both non-Bayesian updating and ii) demand for information systematically

decrease the empirical polarization, with the belief channel increasing empirical polarization
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in only a few instances.

We previously noted that the polarization coefficient depends on advisor choices (task

2) and posterior beliefs (task 4). We separate the two components: even if subjective

beliefs represent, on average, a small deviation from the predictions, the result changes

at the individual level, and the average score jumps from 53% to 71%, reducing the missing

polarization by over one-third.

(a) (b)

Figure 10: Estimated polarization coefficient p̂i by subject. Left: Distribution of coefficients,
subjects ordered by p̂i. Right: Decomposition of the missing polarization, replacing subjec-
tive beliefs with unbiased ones.

Figure 11: Clustered distribution of participants’ advisor choices: the probability of choosing
the best advisor (based on instrumental value) and simplest advisor (based on the complexity
score).

Another way to recognize the vast heterogeneity in the subjects’ behavior is to consider

two dimensions of the advisor choice: the choice of the best advisor in terms of the instru-
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mental value, and the choice of the simplest advisor using the complexity index introduced

in Section 4.2. It could be the case that most participants suffer from a minor bias in favor of

simple advisors, or that fewer subjects have strong preferences for them. Figure 11 provides

some evidence in favor of the second explanation and suggests that the participants can

be categorized into three broad groups based on these two dimensions.41 A cluster (green)

of accurate participants that display little or no bias, a group (red) of simplicity-driven

participants consistently selecting the advisor with lower complexity, and a group (blue) of

participants whose advisor choices are close to random. Finally, we use the observable char-

acteristics of the participants to predict the heterogeneity in the polarization score presented

in Figure 10b .

6 Discussion and Conclusion

Opinions about proposed policies and pertinent issues often become polarized. The litera-

ture provides several explanations of the phenomenon, including (among others) preference

for information which confirms existing beliefs, imperfect memory, and interpretation of am-

biguous evidence as confirming existing beliefs. In this paper we explore a new source of

belief polarization that arises as a consequence of the state-pooling effect when information

is costly to acquire.

We find that the valuation of the status quo plays an important role in determining the

direction of belief updating, as it directly affects the information acquisition strategy. In our

interpretation, the agent partitions the states of the world into categories. This partition

into categories is determined exactly by the valuation of the status quo. If the two agents

have different valuations of the status quo, their information acquisition is such that they

might diverge in their opinions ex ante (before the realization of the private signal).

The large number of assumptions required by the model may cast doubts on whether

belief divergence can emerge from human behavior. We introduce an experiment in which

we manipulate the value of the status quo, and we observe that this exogenous variation

is able to generate belief polarization. We qualitatively replicate the model’s prediction,

and observe that the magnitude of the polarization is lower than predicted. We explore the

possible drivers of this difference and conclude that intrinsic (non-instrumental) preferences

for information comprise the leading factor.

Our paper sheds new light on the problem of opinion polarization in society. Although

41See Appendix K for a more detailed analysis.
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our analysis focuses on beliefs, the implications of our results easily extend to other variables

of interest, including actions and ability to infer agents’ preferences from search behavior. In

terms of inference of the agents’ type from search behavior, the reader can find more details

in Appendix L. We consider a platform, similar to Facebook, that can access both actions

(likes) and information collection (search) of its users, and we show that the search behavior

can be a powerful predictor of the agent’s private type.

We acknowledge the limitations of our model and experiment and encourage further

exploration of this important phenomenon in several directions. Our model considers indi-

vidual decision making, and there is space for extensions in different strategic environments,

including strategic voting and team coordination. Another limit of our analysis lies in the

restriction to the binary action space, and we encourage exploration of the problem with

larger action and state spaces: this feature would allow the creation of several endogenous

categories and provide a connection with models of categorical thinking. On the experi-

mental side, our design is restricted to binary information decisions (pick one out of two

advisors, or buy-no-buy choices), despite the model being much more flexible. We encourage

extension of the paradigm to different settings in which a larger signal space is associated

with a cost for the signal accuracy (either explicit, in experimental currency, or implicit, for

example time required to process the information available). The experimental estimates

of beliefs polarization combine advisor choices and beliefs over states, implicitly relying on

risk-neutral preferences. This assumption is justified by the fact that payoffs are expressed

in terms of lottery points. We also show that both risk preferences and probability update

are not major drivers of the milder polarization, and instead noninstrumental features of

information play an important role. We encourage future investigations to test the robust-

ness of the effect to alternative measures of polarization based on direct elicitations of the

value of the risky option. Finally, on the empirical side, we encourage future research to

test the implications of our model on referendum data, either with direct intervention on the

sources of information available, or using identification strategies that capture different ease

of access to media.
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A Appendix: Proof of Theorem 1

We start the proof with several useful lemmas.

Lemma 1. Conditional on the realized state of the world s ∈ S, the probability of choosing

a new policy for λ > 0 is implicitly defined by:

P(i = 1|s) =
P(i = 1)e

vs
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

,

the probability of choosing the status quo is

P(i = 2|s) =
(1− P(i = 1))e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

,

where P(i = 1) is the unconditional probability of choosing a new policy.

Proof. Lemma 1 is a direct consequence of Theorem 1 from Matějka and McKay (2015).

Lemma 2. The agent’s posterior belief about the payoff of the new policy v, given the fixed

state s∗ is

Ei[E(v|i)|s
∗] =

n∑

s=1

vsgs
P(i = 1|s∗)e

vs
λ + (1− P(i = 1|s∗))e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

. (7)

Proof.

Ei[E(v|i)|s
∗] = P(i = 1|s∗)E(v|i = 1) + P(i = 2|s∗)E(v|i = 2).

Substituting for the conditional probabilities using lemma 1 and applying Bayes rule, we

obtain

Ei[E(v|i)|s
∗] =

P(i = 1)e
vs∗

λ

P(i = 1)e
vs∗

λ + (1− P(i = 1))e
R
λ

·
n∑

s=1

vsgs
e

vs
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

+

+
(1− P(i = 1))e

R
λ

P(i = 1)e
vs∗

λ + (1− P(i = 1))e
R
λ

·
n∑

s=1

vsgs
e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

.
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Thus,

Ei[E(v|i)|s
∗] =

n∑

s=1

vsgs
P(i = 1|s∗)e

vs
λ + (1− P(i = 1|s∗))e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

.

Lemma 3. Relations P(i = 1|s∗) ≷ P (i = 1) for 0 < P(i = 1) < 1 are equivalent to

vs∗ ≷ R. Relation P(i = 1|s∗) = P (i = 1) for 0 < P(i = 1) < 1 is equivalent to vs∗ = R.

Proof. After substitution for the conditional probabilities, the conditions P(i = 1|s∗) ≷

P (i = 1) can be rewritten as

P(i = 1)e
vs∗

λ

P(i = 1)e
vs∗

λ + (1− P(i = 1))e
R
λ

≷ P(i = 1),

which are equivalent to

(
P(i = 1)− P2(i = 1)

) (

e
vs∗

λ − e
R
λ

)

≷ 0.

For 0 < P(i = 1) < 1 the term in the first parenthesis is always positive. Therefore, the

left hand side of the inequality is positive when vs∗ > R and negative for vs∗ < R. The case

when P(i = 1|s∗) = P (i = 1) can be considered analogously.

Lemma 4. Given that the realized state of the world is s∗ ∈ S, the sign of the change in the

mean of beliefs about the payoff of the new policy ∆(s∗) = Ei[E(v|i)|s
∗]− Ev is the same as

the sign of (vs∗ −R). ∆(s∗) = 0 if and only if vs∗ −R = 0.

Proof. In order to solve the agent’s problem given by equations (1) - (4) we need to find

P(i = 1) and P(i = 2) defined as P(i = 2) = 1 − P(i = 1). These probabilities have

to be internally consistent, i.e., P(i) =
∑n

s=1 P(i|s)gs. After dividing both sides of these

conditions by P (i) we obtain the following conditions

1 =
n∑

s=1

e
vs
λ

P(i = 1)e
vs
λ + P(i = 2)e

R
λ

gs, if P(i = 1) > 0,
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1 =
n∑

s=1

e
R
λ

P(i = 1)e
vs
λ + P(i = 2)e

R
λ

gs, if P(i = 2) > 0.

The difference of these two equations is

n∑

s=1

e
vs
λ − e

R
λ

P(i = 1)e
vs
λ + P(i = 2)e

R
λ

gs = 0.

For k, which holds that vk ≤ R ≤ vk+1 we can further write the equation above as

e
vk
λ − e

R
λ

P(i = 1)e
vk
λ + P(i = 2)e

R
λ

vkgk = −
∑

s ̸=k

e
vs
λ − e

R
λ

P(i = 1)e
vs
λ + P(i = 2)e

R
λ

vkgs. (8)

We use the last equation for determining the sign of ∆(s∗), which can be written as

∆(s∗) =
n∑

s=1

vsgs
P(i = 1|s∗)e

vs
λ + (1− P(i = 1|s∗))e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

−
n∑

i=1

vsgs,

∆(s∗) =
n∑

s=1

vsgs
P(i = 1|s∗)e

vs
λ + (1− P(i = 1|s∗))e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

−
n∑

i=1

vsgs
P(i = 1)e

vs
λ + (1− P(i = 1))e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

,

∆(s∗) =
n∑

i=1

vsgs
(P(i = 1|s∗)− P(i = 1))(e

vs
λ − e

R
λ )

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

,

∆(s∗) = (P(i = 1|s∗)− P(i = 1)) ·
n∑

s=1

vsgs
e

vs
λ − e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

.

Substituting equation (8) into the sum in the last equation we obtain

∆(s∗) = (P(i = 1|s∗)− P(i = 1))

[
∑

s ̸=k

(vs − vk)gs
e

vs
λ − e

R
λ

P(i = 1)e
vs
λ + (1− P(i = 1))e

R
λ

]

.

The expression in the square brackets is positive, because for the above-defined k the sign

of (vs − vk) and the sign of e
vs
λ − e

R
λ are the same. Hence, ∆(s∗) has the same sign as

(P(i = 1|s∗)− P(i = 1)) that further, by Lemma 3, has the same sign as (vs∗ −R).

Now we can get back to proving Theorem 1. Let us first consider the case µA ̸= µB
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Without loss of generality, let us assume that µA > µB. For the condition (µA − µB)(vs∗ −

RA) > 0 to be satisfied, it is necessary that vs∗ > RA. Proposition 4 states that in this

case ∆A(s
∗) > 0. Analogously, the second condition (µA − µB)(vs∗ − RB) < 0 holds when

vs∗ < RB, which further implies that ∆B(s
∗) < 0. That is, two agents j = 1, 2 update in

different directions and the expected posterior beliefs are farther away from each other than

the priors are. Both conditions from Definition 1 are satisfied and the agents, indeed, become

polarized in state s∗. Similarly, if µA = µB, the inequality (vs∗ − RA)(vs∗ − RB) < 0, due

to Lemma 4 implies that ∆A(s∗)∆B(s∗) < 0, and the conditions from Definition 1 are thus

satisfied.

B Appendix: Belief divergence without polarization

In this appendix, we demonstrate a possibility of belied divergence when these beliefs are

updated in the same direction, which,in our opinion, is an interesting feature of our model.

Specifically, we explore the influence of the prior beliefs on the magnitude of the change in

the mean of beliefs. To study this question, we take advantage of an example with three

states and two actions. This problem is a simple benchmark and its solution exhibits the

basic features of solutions to the problems with n states and 2 actions. The solution we

analyze in this section is symbolic. Let us start with the definition of divergence of beliefs

updated in the same direction.

Definition 5. We say that two agents j ∈ {A,B}, who are characterized by the pair

(Rj,gj) and are choosing between actions i = {1, 2}, diverge in their belief updated in the

same direction when in the state s∗ ∈ S the following two conditions are satisfied

1.
∣
∣mA(s∗)−mB(s∗)

∣
∣ >

∣
∣µA − µB

∣
∣.

2. ∆A(s
∗) ·∆B(s

∗) > 0.

The parameter values that we use in this appendix are as follows: v1 = 0, v2 = 1/2,

v3 = 1, g1 = g ∈ (0, 2/3), g2 = 1/3, g3 = 2/3− g, R = 3/8, /lambda = 1/4.

Note that keeping prior probability of state 2, g2, fixed, we can vary prior probability

of state 1, g only between (0, 2/3). Also, Ev can vary only from 1/6 to 5/6. To solve the
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problem (1)-(4) it is necessary to find the unconditional probabilities P(i = 1) and P(i = 0),

which we then use for finding the conditional probabilities.

Figure 12: ∆(s∗ = 2) as a function of Ev for R1 = 3/8 and λ2 = 1/4. The red area depicts
the region of updating in the opposite direction from the realized value.

Figure 12 provides an example in which two agents diverge in the beliefs while they

update in the same direction. Since two agents differ only in their prior expectations about

the new policy, it is sufficient to look at how a single agent’s change in the mean of beliefs

∆(s∗ = 2) depends on Ev. We are interested in finding two prior expected beliefs for which

there is divergence of posterior beliefs. To do so, we need to find two points such that ∆

for the left point is lower than ∆ for the right point. In our example the red part of the

plot is a decreasing function. This means that, in our example, two agents updating in the

same direction with the same valuation of the status quo might diverge in their opinions

only when they are updating towards the realized value. However, at the black part of the

plot it is easy to find two points at which the agents diverge in their opinions.
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C Appendix: Experimental Design and Procedure

C.1 Experimental Interface and Payment

Task 1 - Colorblind advisor game

If one round from this part is selected for the bonus payment, a subject receives the $15

bonus with the percentage probability equal to the number of points that she collected in

that round. Since each line counts as a separate decision, one of which might be randomly

drawn for payment, truthful revelation is strictly optimal. We constrain subjects to have at

most one switching point for every advisor.

Task 1, Screen 1: Action choice Task 2, Screen 2: WTA for each advisor

Figure 13: Task 1: Colorblind advisor game. Left: Subjects choose an action (box) con-
tingent on the advisor and signal received. The possible values of each action are indicated
on the top of the screen. Each state (ball color) is equally likely to occur. Right: Subjects
indicate for each advisor the willingness to accept renunciation of its signal in a series of
binary choices (BDM method). At most, one switch is allowed. Action choices selected in
the previous stage are reported on the bottom of the screen.

Task 2 - Imprecise advisor game If one round from this part is selected for the bonus

payment, subjects receive the $15 bonus with the percentage probability equal to the number

of points that she collected in that round.

Task 3 - Card color prediction game If one round from this part is selected for

the bonus payment, the computer randomly determines the state and realized signal, and

subjects receive the $15 bonus with the percentage probability determined by the quadratic

loss scoring rule.

Task 4 - Ball color prediction game If one round from this part is selected for
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Task 1, Screen 1: Advisor choice Task 2, Screen 2: Action choice

Figure 14: Task 2: Imprecise advisor game. Left: Subjects choose one signal structure
(advisor) between the two options available. Each advisor is a triplet of state-contingent
signal probabilities. Right: Subjects indicate the signal-contingent action for each signal
(strategy method).

the bonus payment, the computer randomly determines the state and realized signal, and

subjects receive the $15 bonus with the percentage probability determined by the quadratic

loss scoring rule.

Task 3: Beliefs over signal likelihood Task 4: Beliefs over state likelihood

Figure 15: Left: Task 3 (Card color prediction game). Subjects indicate the likelihood of
observing each signal (card color) for the given advisor. Right: Task 4 (Ball color prediction
game). Subjects indicate the likelihood of each state (ball color) given an advisor and signal.
In both tasks subjects move the slider(s) and receive a number of probability points according
to the quadratic loss scoring rule described in the instructions.

C.2 Randomization

In all the tasks we randomize the order of the trials. For task 2 only, the first 3 trials are

randomly drawn from the subset of trials where both the advisors provide certainty (in order
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to facilitate the transition from task 1 to task 2).

In task 1 we randomize the order of the four hiring screens within each trial.

In task 2 we randomize the positions of the two advisors on the screen.

In tasks 2, 3, and 4 we randomize the advisors’ card colors (black and white). This means

that the signal-contingent choice in the second part of the round requires the subjects to

analyze every advisor separately, since the colors do not convey any intrinsic message, and

this procedure reduces the concern regarding inertia in the evaluation of the advisor and in

actions.

C.3 Subject understanding

Instructions were provided on both the computer screen, as slides that can be browsed by

each subject at the desired pace, and as a paper printout. The two versions of the instruc-

tions contained the same information verbatim. Before proceeding with every section of the

experiment, subjects were required to correctly answer all the multiple-choice questions of

the comprehension test to check understanding of the instructions. The number of questions

ranged from two to four for every section, and subjects received a one-minute timeout before

having a new attempt. Subjects were initially informed about the payment structure, the

no-deception policy of the laboratory, and that choices in one section of the experiment did

not affect any other section, or the questionnaire. A small number of subjects were recruited

for each laboratory session (6 on average) in order to facilitate clarification of questions

during the experiment.

D Appendix: Questionnaire

At the end of the four tasks, we have an additional section with a Holt and Laury test of risk

aversion (Part 1), Raven matrices test of fluid intelligence (Part 2, five matrices of different

difficulty), and a series of questions (Part 3), that we show here as they were presented to

subjects.
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E Appendix: Advisor Pairs in the Main Task

In task 2, subjects play 40 rounds with different pairs of advisors and values for the ball in

the transparent box. The ball in the transparent box can take two values: 30 points (low

status quo) and 65 points (high status quo). The values for the balls in the opaque box are

unchanged during the task (10, 50, and 80 points, with uniform probability of being drawn).

The rounds are designed as a combination of 20 advisor pairs and two values for the ball in
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the transparent box.

The table 4 shows the pairs of advisors, here labeled X and Y . Advisor names, positions

on the screen, and signal colors were randomized at the subject level. Each advisor is

presented as a triplet of conditional signal probabilities, conditional on the realized state

(value of the risky action). For each pair of advisors, the table indicates which of them has

the highest instrumental value under each status quo value (low or high), with ∼ to denote

ties.
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Advisor X Advisor Y Best Low R Best High R
Pair xbad xmed xgood ybad ymed ygood (R = 30) (R = 65)
1 0 1 1 0 0 1 X Y
2 0.25 1 1 0 0 1 X Y
3 0 1 0.75 0 0 1 X Y
4 0 0.75 1 0 0 1 X Y
5 0 1 1 0 0 0.5 X Y
6 0 1 1 0 0.25 0.75 X Y
7 0.25 1 1 0 0 0.75 X Y
8 0.5 1 1 0 0 0.75 X Y
9 0.25 1 1 0 0.25 0.75 X Y
10 0.25 0.75 1 0 0 0.75 X Y
11 0.25 0.75 1 0 0.25 0.75 X Y
12 0 0.5 1 0.25 0.5 0.75 X X
13 0 1 1 0 1 0 X ∼
14 0.25 0.75 1 0.75 0.25 1 X ∼
15 0 1 1 0.5 1 1 X ∼
16 0 0 1 0 1 0 ∼ X
17 0 0 0.5 0.25 0.5 0.75 ∼ X
18 0 0.5 0.5 0 1 0 ∼ ∼
19 0.5 0 0.5 0.5 0.5 1 ∼ ∼
20 0 0.25 0.5 0 0.5 0.75 ∼ ∼

Table 4: Pairs of advisors used in Task 2. Each pair contains two different advisors (X and
Y ), with the triplet of signal probabilities pi = Pr(σ = 1|s = i). The last two columns show
the theoretical predictions for a Bayesian decision-maker. Each pair of advisors is presented
with two different status quo values (low R and high R). For each of these values, we indicate
which of the two advisors has the highest instrumental value, with ∼ in case of a tie.

The advisor pairs are selected in order to examine preference over sources of information

and formulate predictions about the effect of the safe option on information collection and

posterior beliefs. Based on the predicted behavior of a Bayesian agent, we can classify the

pairs into the following groups:

• Pairs 1-11: pick different advisors by changing the safe option (strict preference);

• Pairs 12-16: pick different advisors by changing the safe option (weak preference);

• Pair 17: always pick advisor X regardless of the safe option (Blackwell ordered signals);

• Pairs 8-20: indifference between the advisors for both safe options.
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The table 5 shows the pairs of advisors as in the table 4 extended for corresponding

measures of simplicity. In particular, we include dummy for certainty, discrete complexity

and the continuous measure of complexity. The discrete complexity measure is defined by

equation 6 and the continues measure of complexity for state s and a signal σ is defined by

following equation

cC =
∑

s

∑

σ

√

P(s|σS) (9)

Advisor X Value Simplicity measures
Advisor xbad xmed xgood (R = 30) (R = 65) Certainty Discrete Continuous

complexity complexity
1 0 0 1 46.667 70 1 1 2.4142
2 0 1 0 46.667 65 1 1 2.4142
3 0 1 1 53.333 65 1 1 2.4142
4 0 0 0.5 46.667 67.5 0 2 2.7121
5 0 0 0.75 46.667 68.75 0 2 2.6667
6 0 0.5 1 50 67.5 0 2 2.7877
7 0 0.75 1 51.667 66.25 0 2 2.7522
8 0 1 0.75 49.167 65 0 2 2.7522
9 0.25 1 1 51.667 65 0 2 2.6667
10 0.5 1 1 50 65 0 2 2.7121
11 0 0.25 0.5 46.667 66.25 0 3 3.1093
12 0 0.25 0.75 46.667 67.5 0 3 3.0391
13 0 0.5 0.5 46.667 65 0 3 3.1213
14 0 0.5 0.75 46.667 66.25 0 3 3.0755
15 0.25 0.75 1 50 65 0 3 3.0391
16 0.5 0 0.5 46.667 65 0 3 3.1213
17 0.5 0.5 1 46.667 65 0 3 3.1213
18 0.75 0.25 1 46.667 65 0 3 3.0391
19 0.25 0.5 0.75 46.667 65 0 4 3.3854
20 0.25 0.25 0.25 46.667 65 0 4 3.4641

Table 5: Pairs of advisors used in Task 2 and their certainty and complexity scores. Each
pair contains two different advisors (X and Y ), with the triplet of signal probabilities pi =
Pr(σ = 1|s = i). The next two columns show the theoretical predictions for a Bayesian
decision-maker. Each pair of advisors is presented with two different status quo values
(low R and high R). For each of these values, we indicate which of the two advisors has
the highest instrumental value, with ∼ in case of a tie. The last three columns consist of
measures of simplicity: dummy for certainty, discrete complexity score from 1 to 4, and
continuous complexity score, respectively.
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F Appendix: Further Analysis on Advisor Choice

Certain advisors provide an answer to a question of the kind: “Is the state red(/yellow/blue)?”

and allow the subject to learn with certainty if a particular state is realized (with probaility

one) or not realized (with probability zero).

Figure 18: Comparison of advisors providing the ideal state pooling question: “Is the state
red/yellow/blue ?” for two different status quo values. The color of the bar shows which
state the question is about. The figure demonstrates the state pooling behavior, and also
that participants do switch between advisors when it is valuable to do so.

Figure 18 shows advisor choice in the trials in which both advisors provide certainty. We

display separately the trials with different status quo values. When the subjects have to

choose between advisors that provide certainty and are also state poolers, that is, between

an advisor providing information whether the state is blue and another advisor providing

information whether the state is red (first couple of bars for R = 30 and R = 65), they

significantly select the former for the high value of the status quo and latter for the low

value of the status quo. This switch between advisors confirms our theoretically predicted

state pooling effect. In particular, for a status quo value R the subject wants to learn whether

the state-dependent payoff of the new policy is greater or lower than R. When subjects face

a choice between a certainty state pooler42 and certainty advisors, they select on average the

42A certainty state pooler advisor is certain (can fully reveal one state, as previously defined) and the
revealed state is the singleton one from the state pooling.
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certainty state pooler in 74% of the trials. This result appears at odds with the Experimental

Result 7 (higher WTP for information on high-value states, in task 1). This suggests that,

in case of conflict between state pooling and high-value preferences, the discrete choice task

favors the first effect over the second one.

In the two scenarios of choice between the red-advisor and blue-advisor, we see that

each option is chosen by more than one quarter of the participants, and this is at odds

with the model’s prediction, especially in a trial with a relatively simple problem. This can

be interpreted as a general signal of noise in the participants’ actions, or as a systematic

preference towards information about low or high states. Figure 19 suggests that the latter

interpretation can partially explain the pattern. Starting from all the trials, we calculate for

every subject the probability of choosing the advisor that is best under low or high status

quo value.

If choices are just noisy, we should observe most of the subjects to be clustered around

the coordinates 0.5-0.5, which would be consistent both with optimal behavior (always pick

the best advisor), and with completely erratic choices (pick randomly). If participants have

non-instrumental preferences over skewed sources of information (as shown by Masatlioglu,

Orhun and Raymond (2017)), and such preferences are heterogeneous, we would expect a

distribution of subjects that systematically deviate towards 1-0 (reveal information about

the low state) and 0-1 (about the high state). In fact, we observe that participants deviate in

both directions, and some of them also deviate towards lower probabilities in both dimensions

- this can be the case when the chosen advisor is the worse choice under both status quo

scenarios.

G Appendix: Further Analysis on Risk Attitude

In Section 4.2 we discussed how risk preferences could represent an explanation for the

subjects’ deviation from the model’s predictions. We provide here further details about

how subjects’ actions are, on average, not characterized by a significant deviation from risk

neutrality.

Figure 20a shows the realized probability of selecting the risky option as a function of
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Figure 19: Distribution of participants’ advisor choices: probability of choosing the advisor
that provides more information about the low or high state in different types of trials.

the difference in the EVs between the actions. Trials are grouped based on the x-axis value

for visualization purposes. The optimal agent would have a sharp jump in probability from

0 (when the value difference is negative) to 1. We observe a smoother transition in our data,

suggesting that action probability is modulated by the cost of mistakes, similarly to our

discussion in Figure 5b about the choice between advisors. Such a sigmoid curve is normally

found in experiments involving choice under risk (Mosteller and Nogee, 1951; Khaw, Li and

Woodford, 2019).The indifference point appears close to the trials in which both actions have

the same values, suggesting that the participants are overall close to risk neutrality.

We replicate the analysis for the choices made in task 1. An advantage of this dataset is

that we observe two types of action choice scenario.

First, when the advisor confirms the color of the hidden ball, the decision maker faces a

choice between two degenerate lotteries with different values, for example 80 points for sure

(risky action if you know the color is blue) or 60 points for sure (safe action). In these cases,

participants pick the best option 90% of the times, confirming the small amount of noise in

the action implementation in these simple choices.

Second, all the participants encounter choices with full uncertainty about the color (deci-

sion without any hint) or with a hint about two possible colors (e.g. red or yellow with equal

chance, but not blue). The participants pick the option with the highest expected value 84%

of the times, and we encounter again the sigmoid curve discussed above. The MLE of the
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(a) (b)

Figure 20: Task 2: Action selection probability. Left: Action choice under risk neutrality.
Observed probability of choosing the risky action in task 2. 6,800 observations unequally
divided across 160 cases (2 cases per trial, conditional on the advisor choice). Right: Action
choice under risk aversion (best fit). The expected values for each action is replaced with
the expected utility, with CRRA utility and the MLE coefficients α̂ = 0.34 estimated from
the dataset.

risk aversion parameter under CRRA utility is α̂ = 0.52.

(a) (b)

Figure 21: Task 1: Action selection probability. Left: Action choice under risk neutrality.
Observed probability of choosing the risky action in task 1. 100 questions (10 questions for
each of the 10 trials), 85 observations per question. Right: Action choice under risk aversion
(best fit). The expected values for each action is replaced with the expected utility, with
CRRA utility and the MLE coefficient α̂ = 0.52 estimated from the dataset.
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H Appendix: Further Analysis of Beliefs

In Section 4.2 we discussed how subjective beliefs could represent an explanation for the

subjects’ deviation from the model’s predictions. We provide here further details about how

subjects’ subjective beliefs elicited in tasks 3 and 4 display, on average, only mild evidence

of conservatism.

(a) (b)

Figure 22: Average subjective beliefs. Left: Estimated probability of receiving a signal
realization in Task 3. The plot compares the average of the subjective estimates collected
with the optimal estimates of a Bayesian decision maker. 1, 700 observations across 20 trials
(85 observations per point). Right: Estimated posterior probability of each state in task 4
conditional on the realized signal. Colors indicate which state was estimated (red, yellow,
blue). The plot compares the average of the subjective estimates collected with the optimal
estimates of a Bayesian decision maker. 20, 400 observations across 40 trials (6 observations
per trial, 85 observations per point in the plot).

In both tasks we observe accurate probability estimates, close to the predictions of an

optimal Bayesian agent. Figure 29a shows the subjective estimate of a signal realization

(y-axis, averaged across participants) compared to the optimal estimates (x-axis). Simi-

larly, Figure 29b shows the subjective estimate of each of the three possible states in the

posterior compared to the unbiased posterior, with different colors in the figure matching

the state. In both plots, the 45 degree lines represent our theoretical benchmark and we

can see that 1) participants are on average accurate in the estimate of probabilities, 2) we

do not observe a systematic difference between estimates involving different states (i.e., we

do not have evidence of motivated beliefs, Bénabou (2015)), and 3) both tasks show mild

59



evidence of conservatism (central tendency of judgement), as vastly reported in experiments

with subjective estimates (Hollingworth, 1910; Anobile, Cicchini and Burr, 2012).

For the signal probability (task 3) a linear fit of the subjective estimates p̂ over the

true probabilities p returns the coefficients p̂ = 0.041 + 0.918 · p with R2 = 0.991. For the

state probability (task 4) the linear fit for the whole dataset returns p̂ = 0.058 + 0.825 · p

with R2 = 0.993. The slopes are not significantly different across the three types of states:

βred = 0.831, βyellow = 0.805, βblue = 0.827.

I Appendix: Further Analysis of Willingness to Accept

In this section we add further results from the analysis of the willingness to accept renuncia-

tion of an advisor in task 1. We reported in Figure 9 and Table 3 that WTA is characterized

by compression, a conservatism in the evaluation of the instrumental value of an advisor

that leads to overpayment for the advisor with little or no informative value.

This result is robust across subjects, as displayed in Figure 23. For every subject, we

estimate the sensitivity to the instrumental value by using a simple OLS regression of the

subjective evaluation V j(i) over the instrumental value V Bayes(I). The graph shows the

cumulative distribution of the fitted slopes, where 0 indicates no response to the true value

and 1 indicates full alignment between the two variables. 82% of the participants show values

between 0 and 1.

Another effect discussed in the paper is the excessive value assigned to blue advisors

(that reveal the high-payoff state) and rainbow advisors (that provide full disclosure). Using

Equation 5 we can easily recognize that the value of the rainbow advisor is equal to the

highest value among the other three advisors. Participants do not seem to follow this rule,

as they tend to pay much less for the rainbow advisor. Figure 24 shows the distribution of the

differences, within each trial, between the WTA for the rainbow advisor and the maximum

of the other three WTA. Participants are willing to pay strictly less 39% of the times, and

they are willing to pay strictly more only 17% of the times.

Finally, we want to show that the extra WTA for blue and rainbow advisors is due to a

fixed premium that participants are willing to add, and not because of different elasticity to
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Figure 23: Distribution of participants’ responses to the instrumental value of the advisors
in Task 1.

Figure 24: Distribution of participants’ average excessive WTP for the rainbow advisor with
respect to the highest WTP among the three simple advisors.

the instrumental values. In Table 3 we assumed that advisors’ values can have different inter-

cepts but share the same slope. We relax the assumption in a series of regressions displayed

in Table 6. Compared to the benchmark model (column 1, same slope and intercepts for

all), we notice a major improvement in the fit when we add the advisor-specific intercepts,

which is not as much as for advisor-specific slopes.
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Method: OLS, Dependent variable: V i(I)

(1) (2) (3) (4)
Constant 6.66∗∗∗ 5.62∗∗∗ 6.80∗∗∗ 5.65∗∗∗

(0.166) (0.231) (0.167) (0.257)
Red - constant -0.193 -0.496

(0.353) (0.447)
Blue - constant 3.41∗∗∗ 3.42∗∗∗

(0.349) (0.422)
Rainbow - constant 2.74∗∗∗ 2.96∗∗∗

(0.373) (0.505)
V Bayes(I) - slope 0.372∗∗∗ 0.269∗∗∗ -0.123 0.222

(0.027) (0.030) (0.164) (0.172)
Red - slope 0.252 0.099

(0.163) (0.181)
Blue - slope 0.631∗∗∗ 0.038

(0.164) (0.180)
Rainbow - slope 0.550∗∗∗ 0.009

(0.162) (0.181)
Trials All All All All
Observations 2,520 2,520 2,520 2,520

Table 6: Aggregate valuations of information structures in task 1.
Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

J Appendix: Further Analysis of Questionnaire

We combine demographic information with two additional tasks (Holt-Laury test of risk

attitude and Raven matrices as a measure of cognitive ability) and a final questionnaire

with questions about the field of study, mathematical literacy, and other tests (Revised Life

Orientation Test, LOT-R, as a measure of optimism, questions on superstition, and questions

on risk attitude). Table 7 shows that neither of our measures of mathematical aptitude and

cognitive style is significantly associated with our measure of within-subject polarization.

Risk attitude, measured by the Holt and Laury test, shows a negative coefficient (a high risk

seeking score is associated with a low polarization score), but the effect disappears once we

introduce the demographic controls. Tables 8 - 12 show analogous analyzes for accuracy of

advisor choice in task 2, probability of selecting the simple advisor in task 2, probability of

selecting the risky action in task 1, accuracy in beliefs elicitation (tasks 3 and 4) and WTP

slope in task 1, respectively.

62



Method: OLS, Dependent variable: Polarization score

Baseline Full Baseline Full
(1) (2) (3) (4)

Risk attitude (Holt and Laury) −0.52∗∗∗ −0.50∗∗∗ −0.27 −0.26
(0.16) (0.16) (0.24) (0.25)

Fluid intelligence (Raven test) 0.13 0.10 0.20 0.07
(0.11) (0.14) (0.12) (0.15)

Familiar with Bayes rule 0.03 0.02 0.10 0.12
(0.10) (0.10) (0.11) (0.09)

Analytical studies 0.09 0.10 0.06 0.07
(0.09) (0.10) (0.10) (0.11)

LOT-R scale −0.03 −0.06
(0.04) (0.05)

SUPERSTITION scale −0.03 −0.01
(0.04) (0.05)

RISK scale −0.02 −0.07∗

(0.04) (0.04)

Observations 63 63 63 63
Demographic Controls ✓ ✓

Table 7: Polarization score. Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

Method: OLS, Dependent variable: Accuracy of advisor choice in task 2

Baseline Full Baseline Full
(1) (2) (3) (4)

Risk attitude (Holt and Laury) −0.36∗∗∗ −0.36∗∗∗ −0.28∗ −0.28∗

(0.09) (0.10) (0.15) (0.16)
Fluid intelligence (Raven test) 0.19∗∗ 0.16 0.22∗∗∗ 0.13

(0.07) (0.10) (0.08) (0.10)
Familiar with Bayes rule 0.09∗ 0.11∗ 0.17∗∗∗ 0.20∗∗∗

(0.05) (0.06) (0.06) (0.06)
Analytical studies −0.03 −0.03 −0.06 −0.06

(0.05) (0.05) (0.05) (0.06)
LOT-R scale −0.01 −0.04

(0.03) (0.03)
SUPERSTITION scale 0.02 0.03

(0.03) (0.03)
RISK scale −0.00 −0.03

(0.03) (0.03)

Observations 63 63 63 63
Demographic Controls ✓ ✓

Table 8: Accuracy of advisor choice in task 2. Statistical significance: * p < 0.10, **
p < 0.05, *** p < 0.01.
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Method: OLS, Dependent variable: Probability of selecting the simple advisor in task 2

Baseline Full Baseline Full
(1) (2) (3) (4)

Risk attitude (Holt and Laury) −0.07 −0.08 −0.17 −0.18
(0.11) (0.11) (0.15) (0.15)

Fluid intelligence (Raven test) −0.06 −0.08 −0.08 −0.11
(0.08) (0.10) (0.09) (0.13)

Familiar with Bayes rule −0.02 −0.01 −0.04 −0.03
(0.04) (0.05) (0.05) (0.06)

Analytical studies −0.01 −0.01 0.00 −0.00
(0.04) (0.04) (0.04) (0.04)

LOT-R scale 0.01 0.01
(0.02) (0.03)

SUPERSTITION scale 0.02 0.04
(0.02) (0.03)

RISK scale −0.01 −0.00
(0.03) (0.03)

Observations 63 63 63 63
Demographic Controls ✓ ✓

Table 9: Probability of selecting the simple advisor in task 2. Statistical significance: *
p < 0.10, ** p < 0.05, *** p < 0.01.

Method: OLS, Dependent variable: Probability of selecting the risky action in task 1

Baseline Full Baseline Full
(1) (2) (3) (4)

Risk attitude (Holt and Laury) 0.03 0.03 −0.00 0.00
(0.08) (0.08) (0.10) (0.10)

Fluid intelligence (Raven test) 0.05 0.06 0.03 0.05
(0.05) (0.07) (0.06) (0.07)

Familiar with Bayes rule −0.00 −0.02 −0.05 −0.06
(0.04) (0.04) (0.04) (0.04)

Analytical studies −0.01 0.00 0.00 0.01
(0.03) (0.03) (0.03) (0.03)

LOT-R scale 0.01 0.02
(0.02) (0.02)

SUPERSTITION scale −0.02 −0.02
(0.02) (0.02)

RISK scale −0.01 −0.01
(0.02) (0.02)

Observations 63 63 63 63
Demographic Controls ✓ ✓

Table 10: Probability of selecting the risky action in task 1. Statistical significance: *
p < 0.10, ** p < 0.05, *** p < 0.01.
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Method: OLS, Dependent variable: Accuracy in beliefs elicitation (tasks 3 and 4)

Baseline Full Baseline Full
(1) (2) (3) (4)

Risk attitude (Holt and Laury) −0.59 −0.60 −0.40 −0.51
(0.68) (0.63) (0.50) (0.53)

Fluid intelligence (Raven test) 0.45 0.45 0.34 0.48
(0.39) (0.41) (0.35) (0.35)

Familiar with Bayes rule 0.26 0.35∗ 0.37 0.42
(0.20) (0.20) (0.26) (0.30)

Analytical studies −0.15 −0.21 −0.30 −0.30
(0.19) (0.19) (0.20) (0.20)

LOT-R scale −0.03 0.07
(0.13) (0.12)

SUPERSTITION scale 0.13 0.11
(0.14) (0.15)

RISK scale 0.10 0.14
(0.09) (0.11)

Observations 63 63 63 63
Demographic Controls ✓ ✓

Table 11: Accuracy in beliefs elicitation (tasks 3 and 4). Statistical significance: * p < 0.10,
** p < 0.05, *** p < 0.01.

Method: OLS, Dependent variable: WTP slope in task 1

Baseline Full Baseline Full
(1) (2) (3) (4)

Risk attitude (Holt and Laury) −0.42∗∗ −0.39∗ −0.12 −0.15
(0.20) (0.21) (0.27) (0.28)

Fluid intelligence (Raven test) 0.27 0.31 0.31∗ 0.33
(0.18) (0.24) (0.16) (0.21)

Familiar with Bayes rule 0.20∗ 0.17 0.14 0.15
(0.10) (0.11) (0.12) (0.13)

Analytical studies −0.20∗∗ −0.16 −0.20∗∗ −0.16∗

(0.10) (0.11) (0.09) (0.10)
LOT-R scale 0.02 0.03

(0.07) (0.06)
SUPERSTITION scale −0.06 −0.03

(0.05) (0.06)
RISK scale −0.02 −0.01

(0.05) (0.06)

Observations 63 63 63 63
Demographic Controls ✓ ✓

Table 12: WTP slope in task 1. Statistical significance: * p < 0.10, ** p < 0.05, ***
p < 0.01.
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K Appendix: Further Analysis of Heterogeneity Across

Subjects

We conducted a cluster analysis of the participants’ advisor choices using two approaches. In

the first approach, we use simple clustering based on two dimensions depicted in Figure 11,

i.e., the probability that the best advisor is selected and the probability of selecting the

simplest advisor.

Figure 25: Distribution of participants’ advisor choices: the probability of choosing the best
advisor (based on instrumental value) and simplest advisor (based on the complexity score).
Clustered based on the approach 1.

Population Cluster
Red Blue Green

N 85 20 23 42
% best advisor 0.721 0.593 0.54 0.881
% simple advisor 0.671 0.868 0.563 0.636
% polarization (with Subjective beliefs) 0.531 0.302 0.366 0.731
% muted polarization (with Bayesian beliefs) 0.712 0.576 0.596 0.841
Avg beliefs slope in task 4 (1=Bayesian) 0.872 0.801 0.821 0.933
Avg Raven score 0.424 0.33 0.383 0.49

Table 13: Summary statistics for each cluster based on the approach 1.

As we describe in the main text (Section 6: Heterogeneity across subjects), the partici-

pants can be categorized into three broad groups based on these two dimensions. A cluster of

accurate participants that display little or no bias on the right side - Green cluster, a group

of simplicity-driven participants consistently selecting the advisor with lower complexity on
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the top - Red cluster, and a smaller group of participants whose advisor choices are close to

random - Blue cluster.

We further explore to what extent they show signs of updating beliefs in a Bayesian

fashion and at the same time how much the polarization is mitigated for the participants

corresponding to these three clusters.

Figure 26: Distribution of participants’ polarization and belief updating. Clustered according
to participants’ advisor choices - approach 1

Figure 26 and table 13 indicate that participants corresponding to all three groups are

updating beliefs close to the Bayesian fashion, but those from the blue and the red clusters

deviate slightly more from Bayesian updating than the participants from the green cluster.

This together with advisor choices of each cluster provides an explanation for the degree

of polarization mitigation. In particular, the green cluster’s polarization is closest to the

predicted one and the red cluster’s polarization is the most mitigated. This is due to the

fact that the green cluster is best in selecting the best advisor and preference for the simplest

advisor is a little bit above one-half. The blue cluster on one side has almost no preference

for the simplest advisor but identifies the best advisor almost randomly. In addition, de-

viates non-negligibly from Bayesian updating. Thus, the blue cluster ranks second in the

degree of mitigated polarization. The red cluster has the most mitigated polarization, as it

demonstrates the strongest preference for the simplest advisor while being only slightly above

the coin flip from identifying the best advisor and being non-Bayesian on a similar level as

the blue cluster. In table 13 we report how much the mitigated polarization changes when
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subjective beliefs are replaced by Bayesian beliefs. Importantly, the green cluster accounts

for almost half of all participants. These participants also show a marginally higher average

Raven score.

Figure 27: Distribution of participants’ advisor choices: the probability of choosing the best
advisor (based on instrumental value) and simplest advisor (based on the complexity score).
Clustered based on the approach 2.

Population Cluster
Red Blue Green

N 85 23 18 44
% best advisor 0.721 0.654 0.477 0.856
% simple advisor 0.671 0.848 0.576 0.618
% polarization (with Subjective beliefs) 0.531 0.341 0.337 0.71
% muted polarization (with Bayesian beliefs) 0.712 0.616 0.58 0.817
Avg beliefs slope in task 4 (1=Bayesian) 0.872 0.868 0.739 0.928
Avg Raven score 0.424 0.4 0.378 0.455

Table 14: Summary statistics for each cluster based on the approach 2.

In the second approach, we do clustering based on the vector of all the choices for each

subject. Each subject’s vector of all the choices consists of 40 choices, where each is 0 or 1

(referring to the advisor selected).

We report the same figures as in the previous case (Figure 27-28) and summary statistics

in table 14. The main difference between approaches 1 and 2 is in the probability of selecting

the best advisor for clusters and that the red cluster - with a high preference for the simplest

advisor is more numerous.
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Figure 28: Distribution of participants’ polarization and belief updating. Clustered according
to participants’ advisor choices - approach 2

In the rest of this appendix, we explore participants’ over-reaction to the evidence as

we documented by polarization exceeding the predicted values (above 1 on the normalized

score) in Figure 10a. Specifically, if non-Bayesian agents over-react to the evidence received

with the signal, they can reach more extreme posterior beliefs than the ones of a Bayesian

agent. In this case, we would observe an actual magnitude of polarization that is larger

than the predicted one. From figure 26, we observe that most of the participants show some

conservatism in their response, and over-polarization occurs in participants with conservative

beliefs. The two channels that can affect (reduce/increase) polarization are 1) non-Bayesian

update (yet here it typically reduces polarization due to conservatism), and 2) demand for

information. Figures 29 below show the decomposition of these two effects.

Both in the aggregate and at the subject level, non-Bayesian beliefs reduce the magni-

tude of polarization (with few exceptions, associated with conservatism). This is still possible

because, despite the beliefs being on average conservative, there is dispersion around the re-

gression curve and few participants over-react only to some evidence, but not in a systematic

way.

Changes coming from the change due to information demand always reduce the magni-

tude of polarization, by construction (these are the trials in which the model always predicts

the agents should switch, so there is no way for this channel to augment polarization).
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(a) (b)

Figure 29: Decomposition of polarization according to two channels. Left: Change in po-
larization due to beliefs. The plot shows the difference between polarization with subjective
beliefs and polarization with Bayesian beliefs, both normalized. Right: Change in polariza-
tion due to information demand. The plot shows the difference between polarization with
Bayesian beliefs and model predictions, both normalized.

L Appendix: Prediction of the status quo type

We now look at our framework from the perspective of a platform that wants to infer the type

(status quo value) of the decision maker and has access to a dataset with some observable

activities. We can divide these activities into two groups: final actions, like voting or the

choice between the status quo and a new policy, and information acquisition, like reading

newspapers or selecting an advisor in our design. For a more concrete example, imagine

a social media platform like Facebook or Twitter, that has access to a dataset of actions

performed by its users. These actions include publicly observable actions (likes, list of friends

or followers), but also a series of additional actions (clicks, searches) that involve the process

of information acquisition. Are these search activities helpful in improving the prediction of

the type of the user, on top of the observable actions?

We consider separate scenarios in which the platform has access to choices only (opaque

or transparent box), searches only (advisor X or advisor Y), or both, under the assump-

tions of our model (rational decision makers) and in the dataset collected in the laboratory

experiment. Table 15 shows the results of this exercise: having access to the search data

guarantees a much higher accuracy with respect to the action data, with minor improve-
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Prediction Data
No information 50.0% 50.0%
Choice only 69.7% 62.6%
Search only 100.0% 68.0%
Search+Choice 100.0% 68.4%
Search+Signal+Choice 100.0% 72.9%

Table 15: Inference of the agent’s status quo: predicted and realized accuracy (pairs of
trials with expected advisor switch only). The table indicates the accuracy of the prediction
of the type (status quo) of the decision maker based on the data available. The model’s
predictions are based on rational and unbiased agents. The accuracy realized refers to the
dataset collected in the laboratory experiment.

ments when both datasets are available. When we consider the trials in which we expect

to observe an advisor switch (column 2), the type prediction accuracy with advisor choices

is 68%, but it is only 62.6% when we observe only the final actions. When both datasets

are available, the accuracy increases marginally to 68.4%, with a further improvement if the

signal realization (that occurs between search and choice) is also observed.

We can conclude that, in this simple setup, the data about the choice over sources of

information is more valuable than the final action from the perspective of an observer who

wants to infer the type (status quo value) of the decision maker.

M Appendix: Timeline of the Problem

Our experimental design allows us to estimate how agents evaluate an informative signal

structure (advisor), and measure how the subjective evaluation depends on the properties

of the signal structure, including instrumental value (expected improvement in the choice

process) and non-instrumental properties (ease of interpretation).

The timing of the problem (as in task 2) can be summarized as follows:

1. The agent is informed of the prior P(s) = 1
3
∀s and the state-contingent returns

{vs}S, R.

2. One state is realized, but the agent is unaware of it.

3. The agent is offered two sources of information (advisors) I1 and I2.
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4. The agent chooses one advisor and discards the other.

5. The selected advisor observes the realized state (ball in the opaque box).

6. The selected advisor returns a binary signal, whose likelihood depends on the realized

state.

7. The agent observes the realized signal.

8. The agent chooses one action (opaque or transparent box) and receives the payoff π.

9. The agent plays a lottery and receives the final prize k with probability π
100

.

The problem presented in task 1 is similar up to a change in steps 3 and 4:

3’. The agent is offered one single source of information (advisor) I

4’. The agent indicates how much she is willing to accept renunciation of the advisor.

In the Colorblind advisor game (task 1), we elicit the probability wI such that the agent

is indifferent between making a choice after observing the realization of a known signal

structure I, and choosing without additional signals but receiving additional wI tickets to

win the prize. In the Imprecise advisor game (task 2), we offer pairs of signal structures,

and collect binary choices between advisors. If the valuation and choices differ from those a

Bayesian expected utility maximizer would display, we would like to pinpoint the source of

the deviation. For this reason, we add two control tasks to elicit a subjective signal of beliefs’

realization (Card color prediction game, task 3) and subjective posterior beliefs (Ball color

prediction game, task 4). We collect posteriors only after eliciting preference over advisors,

so we do not nudge the subjects towards thinking about information valuation in a specific

fashion.
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