
 

 

 

1696 

 
 

 

“Using Advice Without Considering Its Quality:  
A Laboratory Experiment of Demand for Advice” 

 
 

Jacopo Bregolin, Astrid Hopfensitz and Elena Panova 

 
 

 
January 2026  

 



Using Advice Without Considering Its
Quality: A Laboratory Experiment of Demand

for Advice.∗

Jacopo Bregolin,†Astrid Hopfensitz,‡Elena Panova.§

Abstract

We experimentally test how the content of advice, namely, its
alignment with common priors, influences beliefs about its quality
and future demand for it. We reject the theoretical hypothesis that
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1 Introduction

In many situations, private decision makers buy advice from experts. Exam-

ples include purchasing financial advice from intermediaries, paying physi-

cians for medical guidance, or buying news from the media. Consumers of

professional advice may remain uncertain about its quality. The high volatil-

ity of investment returns makes it difficult to evaluate the effectiveness of an

investment strategy. Similarly, the lack of counterfactual knowledge makes it

hard to assess whether a prescribed treatment was optimal, or which political

candidate or policy would have been best. Therefore, experts may bias their

advice in their own interest.

An influential theoretical literature on reputational cheap-talk suggests

that experts will confirm the common priors regardless of their true opin-

ions to signal their competence.1 The demand side of this theory rests on

two assumptions. First, consumers update their beliefs about an advisor’s

competence based on the content of the received advice using Bayes’ rule. Sec-

ond, their demand for advice increases with their posterior beliefs regarding

the advisor’s competence. However, there is substantial evidence of errors in

belief updating (for surveys see: Camerer 1998 and Benjamin 2019). Further-

more, the empirical and experimental literature on demand for information

(discussed in more detail below) has documented numerous deviations from

theoretical predictions regarding the demand for information (see Ambuehl

1The empirical literature has also found that advisors bias their advice following de-
mand pressures. For instance, Camara and Dupuis (2021) finds that movie reviewers bias
their review towards the common prior, Alpert et al. (2023) show that direct-to-consumer
advertising increases doctors’ prescriptions of the advertised drugs, and Mastrorocco et al.
(2025) find that weather news coverage is biased towards the political leaning of the local
market.
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and Li 2018, Golman et al. 2022, Reshidi et al. 2021 and references therein).

In this paper, we present results from a laboratory experiment designed

to test whether the alignment of given advice with common priors indeed

increases the demand for future advice. The setup of our experiment is the

following: participants guess the color of a ball “drawn” by their computer

from a jar containing ten balls, most of which are green and the remainder

are blue. Correct guesses are rewarded. The participants have computerized

advisors that generate advice of uncertain quality. Specifically, an advisor

is equally likely to be perfect or defective. A perfect advisor always provides

correct advice, while a defective advisor provides advice that is equally likely

to be correct or false. Participants make guesses over two periods. In the

first period, advice is provided for free. In the second period, participants

decide whether or not to purchase advice before guessing. These two periods

together constitute a round. A participant’s advisor(s) remain the same

throughout a round. Participants are observed across fifteen rounds in total,

each time with a new set of advisors.

We consider six different experimental treatments (N=307). In the four

baseline treatments (N=208), we vary the precision of the common prior,

which is determined by the number of green balls in the jar: either 6 out

of 10 (weak) or 7 out of 10 (strong); and the number of available pieces of

advice: either one or two.2 In these treatments, we do not elicit beliefs about

the quality of the advice, instead asking about these beliefs only in a post-

experimental survey. Additionally (N=99), we conducted one treatment for

2This is inspired by the debate on the impact of competition on the quality of profes-
sional advice: in finance (see references in Jin 2024), in healthcare (Sivey and Chen, 2019;
Currie et al., 2025), and in the media (Gentzkow and Shapiro, 2008).
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each prior (i.e., weak and strong) with a single piece of advice, in which

participants were asked to report their beliefs about the advisor’s quality

after receiving advice in the first period.

We find that, across all treatments, the demand for advice in period two

does not depend on whether the first-period advice is confirmatory (green) or

contrarian (blue). Two prominent behavioral demand patterns emerge: First,

we observe that many participants (between 22% and 34%) either purchase

all available advice or abstain from purchasing altogether (we call this in the

following an “all-or-nothing” demand pattern). Second, the demand of the

remaining participants tends to match that observed in the previous round,

conditional on their guess in that round being correct, reminiscent of the

hot-hand fallacy (see Gilovich et al. 1985, Miller and Sanjurjo 2018). Recall

that the quality of advisors across rounds is independent; therefore, following

such a “win-stay, lose-shift” rule cannot improve guessing accuracy.

In the same vein, we find that 1) the advice received in period one does not

affect participants’ willingness to pay for advice, elicited through the Becker

et al. (1964) BDM mechanism, and 2) the rate at which advice is followed in

period two, conditional on purchase, does not depend on the content of the

advice received in the previous period.

In sum, we observe a lack of elasticity with respect to the impact of the

content of the received advice on demand, willingness to pay, and guess-

ing. These patterns align with participants’ posterior beliefs about advisor

quality, contingent on the received advice. The beliefs elicited during the

experiment, as well as those reported in the post-experimental survey, show

little evidence that an advice confirming the common priors is seen as a signal

4



of quality. About half of the participants do not update their beliefs about

the quality of the advisor at all.3

While the above purchasing strategies are very different from Bayesian

predictions, we find that guessing patterns are broadly aligned with them. We

find clear evidence of participants using both the priors regarding the color

distribution and the received advice when guessing. Indeed, in our treatments

with single piece of advice, participants tend to follow advice, either received

or bought. They are more likely to follow advice recommending green (likely

outcome) than blue (unlikely outcome), and this difference is larger when the

likelihood of green is higher (strong prior versus weak prior).

These findings suggest that advice induces participants to update their

beliefs regarding the state of the world, while largely foregoing inferences

regarding the quality of advice itself.

Related literature. Our study directly relates to Meloso et al. (2023),

as we also examine reputational cheap-talk theory through laboratory ex-

periments. However, in Meloso et al. (2023), the advisors (referred to as re-

porters) are human and bias their reports toward common priors to enhance

the perceived quality of their private signals. Our study shifts attention to

the receivers of advice. We investigate not only their beliefs about the qual-

ity of advice depending on its alignment with common priors, but also the

3While persistence of beliefs about the quality of advice could be attributed to con-
servatism bias (Edwards, 1982), the perfectly rigid beliefs observed in many participants
suggest that they may be failing to recognize the alignment of advice content with common
priors as a signal of quality, which is rather consistent with base-rate neglect (Kahneman
and Tversky, 1973).
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demand for and use of advice.4

Thereby, our findings contribute to a sizable economic literature study-

ing deviations from the Bayesian paradigm in the demand for information.5

Probably most closely related are recent experimental studies investigating

the demand for instrumentally valuable information in neutral, non-strategic

settings. Ambuehl and Li (2018) elicit the valuation of viewing an informa-

tive signal on a binary state of the world before guessing the state. They find

overvaluation of low-quality information and undervaluation of high-quality

information (compression effect).6 Augenblick et al. (2025) show that the

compression effect is robust across different environments. Specifically, in

addition to abstract and naturalistic experiments, it is observed for sports

betting markets and financial markets. Our findings regarding a discon-

nection of purchasing decisions from beliefs about the quality of advice are

consistent with the compression effect.

Our analysis focuses on how the alignment of advice with common pri-

ors influences perceptions of its quality and subsequent demand. In this

4In some treatments in Meloso et al. (2023), the quality of advice is evaluated by human
participants who are motivated to make accurate assessments based on the alignment of
the advice with both the common priors and the true state (color). Their assessments are
consistent with Bayesian updating, in that posteriors are ordered in a Bayesian way for
some beliefs about the advisors’ reporting strategy. Note that this finding is not necessarily
inconsistent with ours, as there are several differences in experimental design. First, in our
experiment, the receivers of advice are certain about the reporting strategy: they know
that computers truthfully report their signals. Second, they form their posteriors based
solely on the alignment of advice with common priors, while remaining uncertain about
the true state. Finally, our belief elicitation is not incentivized, which may lead beliefs to
deviate from rational updating (Gächter and Renner, 2010).

5The literature has also found deviations in Bayesian updating in learning from signals.
For instance, Kapons and Kelly (2025) provide field evidence of prior-biased inference,
while Aydogan et al. (2025) find experimental evidence of confirmatory and conservatory
biases.

6They also find a preference for information structures that may remove uncertainty.
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we are different from recent work in psychology and behavioral economics

studying the impact of instrumental, hedonic, and cognitive motivations on

the demand for information (Golman et al., 2022; Kelly and Sharot, 2021).

Heterogeneity in information demand may stem from the different weights

individuals assign to these three motives (Kelly and Sharot, 2021). In our

setting, advice has no emotional or moral dimension. While our results may

provide some insights into the motivations underlying the purchase of ad-

vice (such as the observation that buyers tend to follow the advice at a very

high rate, seemingly relying on distinct heuristics and exhibiting substantial

heterogeneity), we do not directly study this question.7

Also related is work by Schoar and Sun (2024) who show, using a ran-

domized controlled trial, that participants rate financial advice significantly

higher when it aligns with their reported priors regarding the best investment

strategy (either passive or active). Note that in their setting, there is room

for belief confirmation motives, which have been shown to be as important

as accuracy concerns (Chopra et al., 2024).

Our neutral setting without scope for motivated reasoning is reminis-

cent of Charness et al. (2021) and Nunnari and Montanari (2025). However,

their focus differs from ours: they study choices over biased sources of in-

strumentally valuable information. In their designs and unlike our setting,

computerized advisors have known quality and are biased either toward or

against the common priors. Charness et al. (2021) find a tendency to choose

advisors with a specific bias, while Nunnari and Montanari (2025) find a

7We briefly examine purchasing motivations using a post-experimental survey. Tables
6 and 7 in Appendix E show that most participants’ purchasing decisions are motivated
by cognitive rather than instrumental reasons.
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tendency to choose the least biased advisor.

The rest of the paper is organized as follows: Section 2 describes the

underlying model and its predictions. Section 3 outlines the experimental

design and procedure. Section 4 presents our findings. Section 5 concludes.

2 Theoretical predictions.

2.1 Underlying model.

We begin by describing the optimal demand for advice as modeled in the

reputational cheap-talk literature. However, unlike that literature, we focus

exclusively on the demand side by assuming that the supply of advice is

non-strategic. The supply consists of one or two signals of uncertain quality,

which we refer to as advice. In the experiment, these signals are mechanically

reported by machines (robots).

Our model of demand for advice is as follows. An individual receives

reward R for guessing the hidden state of Nature in two successive periods

indexed with t = 1,2. The period specific state xt is drawn from distribution

xt =

{
G, with probability p
B, with probability 1− p,

(1)

where p ⩾ 1
2
.8 The states in different periods are independent.

Before making a guess, the individual can receive one or two period-

specific pieces of advice about the prevailing state, indexed by i = l, r. When

only one piece of advice is available, the index i takes the value l.9 Advice i

8In our experiment, the state xt corresponds to the color of the ball drawn from the
jar in period t: either Green (xt = G) or Blue (xt = B).

9During the experiment, the advice indexed by l (r) is presented by the robot positioned
on the left (right) side of the computer screen.
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in period t is denoted by ait. In period 1, advice is provided free of charge.

In period 2, advice is available at a price of ε per piece.

The period-invariant quality qi of advice i is equally likely to be perfect

(qi = 1) or defective (qi = 0).10 The qualities of different pieces of advice are

independent. A perfect piece of advice always matches the prevailing state,

whereas a defective one is equally likely to match or mismatch the state.

To facilitate the updating of beliefs about the quality of advice based on its

content when two pieces of advice are available, we assume that the signal

structure is nested :

ait =

{
xt, if q

i = 1, or qi = 0 and zt = H;
{G,B} \ {xt} , otherwise,

(2)

where zt denotes the outcome of a period-specific flip of a fair coin: heads

(zt = H) or tails (zt = T ). Notice that this signal structure guarantees that

different pieces of advice of the same quality (either both perfect or both

defective) always agree. Therefore, agreement between different pieces of

advice provides no information about their quality. Conversely, disagreement

implies that one piece is perfect while the other is defective.

2.2 Calibration

We limit the precision of the common priors to the following interval:

0.5 < p < 0.75. (3)

The lower bound indicates that the common prior is more informative than

defective advice. The upper bound provides a necessary and sufficient con-

10Because in our experiment the advice is non-strategic, as explained in the first para-
graph of this section, we use the term “perfect” instead of “smart,” as commonly used in
the literature on reputational cheap talk, and “defective” instead of “dumb.”
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dition for “contradictory” advice B to be likely correct. For simplicity in our

experimental design, we let p be a multiple of 1
10

and, consequently, focus on

two values: 0.6 and 0.7.11

To minimize the impact of risk- or loss aversion on the demand for advice,

we set the price of receiving advice substantially lower than the stakes of

guessing.12 Specifically, we assume that the reward for a correct guess is

R = 500, while the price of receiving advice is only ε = 5. Thus, purchasing

advice is worthwhile if and only if it increases the probability of guessing

correctly by at least one chance in one hundred.

2.3 Rational beliefs and behavior.

This section summarizes our theoretical predictions.

Rational beliefs and behavior with one advice.

Prediction Set 1. Suppose only one piece of advice is available.

(i) Optimal first guess: It is optimal to follow the advice in period 1 for

either p ∈ {0.6, 0.7}.

(ii) Rational posteriors: If p = 0.6, the Bayesian posterior is 0.55 when

period 1 advice is G and 0.44 when it is B. If p = 0.7, the posterior is 0.58

when period 1 advice is G and 0.38 when it is B.

(iii) Demand for advice in period 2: If p = 0.6, it is optimal to buy

advice in period 2 regardless of whether period 1 advice was G or B. If

p = 0.7, it is optimal to buy advice in period 2 only if period 1 advice was

11In our experiment, the period-specific state corresponds to the color of a ball drawn
from an urn containing ten balls of two different colors.

12This is relevant to the applications discussed in the first paragraph of the Introduction.
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G.

(iv) WTP for advice in period 2: The WTP is 86.36 if period 1 advice

is G and 61.11 if it is B. If p = 0.7, the WTP is 45.83 if period 1 advice is

G and 0 if it is B.

(v) Optimal use of advice in period 2 (conditional on purchasing):

If p = 0.6, it is optimal to follow advice in period 2 conditional on bying

regardless of whether period 1 advice was G or B. If p = 0.7, it is optimal

to follow advice in period 2 only if period 1 advice was G. Otherwise, it is

optimal to guess G.

A technical proof of Prediction Set 1 is presented in Appendix A.1. The

intuition behind these predictions is as follows.

Suppose first that the advice in period 1 is G, which is aligned with the

common prior (hereafter referred to as confirmatory advice). In this case, it is

trivially optimal to guess G. Suppose instead that the advice is B (hereafter,

contrarian). It remains optimal to follow the advice, as in our calibration

the probability of its correctness exceeds the precision of the common prior.

This provides the reason for prediction (i).

Note that defective advice is confirmatory with probability 0.5, whereas

perfect advice is confirmatory with probability p > 0.5. Therefore, confir-

matory advice is most likely perfect, while contrarian advice is most likely

defective. The higher the probability p, the more strongly the advice content

influences the posteriors, as reported in prediction (ii).

When p = 0.7, the difference in posteriors following confirmatory and

contrarian advice is large enough that, if the advice is contrarian, it loses its

influence on guessing in the second period, becoming thereby useless. When
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p = 0.6, the effect is weaker, so the advice remains influential and potentially

useful no matter whether it was contrarian or confirmatory in period 1.13

This explains prediction (v).14

The best alternative to buying and following advice in period 2 is to guess

G, which matches the state with probability p. Therefore, WTP equals the

difference between the probability that advice matches the state and the

prior probability p, scaled by R, would it be positive, and to 0 otherwise.

The figures are reported in prediction (iv).

We find the demand for advice by comparing the WTP for it with its

price. The demand is positive in all cases except when p = 0.7 and the

period 1 advice is contrarian, as stated in prediction (iii).

Rational beliefs and behavior with two pieces of advice.

Prediction Set 2. Suppose that two pieces of advice, l and r, are avail-

able.

(i) Optimal first guess: For either p ∈ {0.6, 0.7}, the optimal first guess

is B if both pieces of advice are B, and G otherwise.

(ii) Rational posteriors: When both pieces of advice are G, each is per-

fect with probability 0.53 if p = 0.6, and 0.55 if p = 0.7. When both pieces

of advice in period 1 are B, each is perfect with probability 0.35 if p = 0.6,

and 0.24 if p = 0.7. When the two pieces of advice differ, advice G is perfect

with probability p, while advice B is perfect with probability 1− p.

(iii) Demand for advice in period 2: If different pieces of advice agree

13The threshold precision of common priors below which advice remains influential,
regardless of its period 1 content, is p < 0.68.

14We use backward induction reasoning and therefore establish prediction (v) before
predictions (iv) and (iii)
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in period 1, it is optimal to buy both of them in period 2. If they disagree, it

is optimal to buy only one piece of advice, namely the one which was confir-

matory in period 1.

(iv) WTP for advice in period 2: Table 1 below summarizes the WTP

as a function of the content of the first advice. “Best” denotes the WTP for

the advice most likely to be perfect, “Additional” denotes the WTP for an

extra piece of advice in addition to the best one,15 and “Both” denotes the

WTP for receiving both pieces of advice jointly.

Table 1: Optimal willingness to pay for advice.
p = 0.6 p = 0.7

period 1 advice Best Additional Both Best Additional Both
ai1 = G, a−i

1 = B 100 0 100 75 0 75
ai1 = a−i

1 = G 82.35 12, 46 91.18 38.16 24, 72 56.58
ai1 = a−i

1 = B 65.38 12, 43 73.08 2.27 24, 17 15.91

(v) Optimal use of advice in period 2 (conditional on purchas-

ing):16 If the decision maker has only the advice with the highest perceived

quality, it is optimal to follow this advice. If the decision maker has both

pieces of advice, it is optimal to guess G if at least one pice of advice is G

and B otherwise. These statements hold for either p and for any content of

the first advice.

Prediction Set 2 is proved in Appendix A.2. The intuition for these

predictions is as follows.

15In the experiment, we observe only WTP (subjectively) “Best” and WTP “Both”.
16We do not analyze the optimal use of advice perceived to be of inferior quality.
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In period 1, each piece of advice is equally likely to be perfect. Therefore,

when the two pieces of advice agree, it is optimal to follow them. When they

disagree, it is optimal to rely on the prior. This explains prediction (i).

When different pieces of advice agree in period 1, they are equally likely to

be perfect a posteriori (most likely perfect if the advice is confirmatory, and

most likely defective if it is contrarian). If they disagree, the decision maker

can interpret this in two ways: either the confirmatory advice is perfect and

the contrarian advice is defective, or vice versa. The first explanation is more

plausible. This is the reason for predicion (ii).

In period 2, it is optimal to rely on the common priors, if there is no

further information for guessing. If the advice with the (weakly)17 highest

perceived quality (hereafter, the best advice) is available, it is optimal to

follow this advice. When both pieces of advice are available, it is optimal, in

our calibration, to follow the same guessing rule as in period 1, as stated in

prediction (v).18

Given the above optimal use of advice, we compute the WTP for the best

advice as the difference between the probability that it matches the period 2

state and the prior probability p, scaled by R. An additional piece of advice

can influence guessing only when the best advice is contrarian, either by

correcting the guess in state G or by inducing an error in state B. Therefore,

the WTP for this additional piece of advice is equal to the difference between

the probability that it corrects guessing and the probability that it creates

an error, scaled by R. Finally, the WTP for both pieces of advice is equal to

17Note that when different pieces of advice agree in period 1, their perceived qualities
are the same.

18Once again, we use backward induction reasoning and therefore establish prediction
(v) before predictions (iv) and (iii).
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the difference between the probability of making a correct guess using this

information and the prior probability p scaled by R. In this way we find the

values reported in prediction (iv).

We find the demand for advice by comparing the WTP for it with its

price. It is optimal to purchase both pieces of advice if they agree in period

1; otherwise, it is optimal to purchase only the advice that was confirmatory

in period 1, as reported in prediction (iii).

3 Experimental design and data.

Overview. Based on the above theoretical framework, we have devel-

oped a controlled laboratory task. We will use Figure 1 to describe the details

of this task.

Figure 1: Sequence of events in a round.

Specific features (the number of green balls,the number of robots, the absence of belief
elicitation in period 1, and no “bidding” for advice in period 2) indicate that this is a
round from 1 to 10 in the weak-prior baseline treatment with one robot.

In the task, the participant (referred to as “she”) was repetitively guessing

the color of a ball “drawn” by her computer from a jar containing ten balls,

most of which were green and the remainder blue.19 Each correct guess was

19Note, once again, that this task has no intrinsic relevance for the participants, which
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rewarded with points.

The participants had computerized advisors. An advisor was represented

by the drawing of a robot and its advice was visualized by a colored ball

(either green or blue), as shown in Figure 1. Each robot was equally likely to

be perfect or defective. A perfect robot always provided correct advice, while

a defective robot offered advice that was equally likely to be correct or false.

All probabilities were objectively specified and explained to participants, and

their understanding was checked.

Each trial (hereafter, round) consisted of two periods, as illustrated in

Figure 1. In period 1, advice was provided free of charge, while in period

2, participants had the option to purchase advice. An advisor’s quality was

reassigned at the beginning of each round and remained the same until the

end of that round. To help participants remember this, the image of each

robot representing an advisor remained the same across the two periods of a

given round (as in Figure 1) and changed at the beginning of a new round.

Participants received the feedback on their performance and on the quality

of their advisors in a round only after submitting their second, and the last,

guess in that round (see, once again, Figure 1). Thus, the only information

available for their purchasing decision in period 2 was the content of the

advice received in period 1.

Overall, there were 15 rounds. In rounds 1 to 10, the price of advice in

period two was fixed. In the final five rounds, the participants’ WTP for

advice was elicited via a BDM procedure.20

limits the scope for motivated reasoning. Indeed, a growing body of evidence shows that
when information relates to personal traits, individuals tend to give more weight to positive
news than to negative news (see e.g., Thaler 2024).

20Recall that BDM stands for Becker, DeGroot, and Marschak (1964). In our experi-
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Treatments. We designed six different treatments: four baseline treat-

ments and two treatments with belief elicitation. In the baseline treatments,

we varied the precision of common priors and the number of available pieces

of advice. The precision of common priors was manipulated by adjusting the

number of green balls in the jar: weak prior treatments contained 6 green

balls, whereas strong prior treatments contained 7 green balls. The number

of available pieces of advice was varied by providing either one robot or two

robots. We employed a within-subject design with respect to the number of

robots, and the order was counterbalanced.21 Common priors were presented

on a between-subject level. Participants’ beliefs about the quality of their

advisors were elicited only in a post-experimental survey.

In two additional one-robot treatments, which differed in the precision

of common priors, we elicited participants’ beliefs about the quality of their

advisors immediately after receiving advice in the first period (before guess-

ing). We asked the participants: Given the message of your advisor above,

what is the probability that it is perfect? We remind you that your advisor

can either be perfect or defective. As in the baseline treatments, participants’

earnings were solely based on guessing correctly the color of the ball, tak-

ing into account the cost of buying advice. Beliefs about the quality of the

advisor were not additionally incentivised.

ment, participants were asked to propose a price for advice. They would receive the advice
only if their proposed price was at least as high as a hidden, randomly generated value.
This procedure, equivalent to a second-price sealed-bid auction, created an incentive for
participants to propose a price equal to their true willingness to pay for advice. Partici-
pants were explicitly informed about these incentives, in addition to having the procedure
explained and their understanding tested.

21About half of the participants began the experiment with the one-robot treatment and
then continued with the corresponding two-robot treatment, while the other half proceeded
in the opposite order.
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Procedure. The experiment was conducted in the experimental eco-

nomics laboratory of the Toulouse School of Economics. The four baseline

treatments were implemented in June 2021 and May 2023, and the belief elic-

itation treatments in December 2024.22 The experiment was programmed in

oTree (Chen et al., 2016) and participants were recruited using a standard

recruitment procedure.23

After signing a consent form (reproduced in Appendix B), each partici-

pant was randomly assigned a computer terminal. Participants were aware

that they were allowed to leave the experiment at any point, however, only

a show-up fee would be paid in this case. Participants in the baseline treat-

ment were informed that there were two parts in the experiment (treatments).

They received information about the second part only after having completed

the first part. Participants in the belief elicitation treatments participated

in only one part (treatment).

In each part, participants first received some preliminary instructions

and then read the task instructions (these are reproduced in Appendix C).

These instructions were followed by a series of questions to verify their un-

derstanding (see Appendix D for the list of questions and the rate of correct

responses).24 Participants then started with the task as described above. At

22We ran a total of 28 sessions: 22 with the baseline treatments and 6 with belief
elicitation. On average, sessions had 9 participants in the baseline treatments and 16
in the belief elicitation treatments. Since we run the belief elicitation treatment after
investigating the data of the previous treatments, we have pre-registered the experiment
(AsPredicted #202830)

23The experimental protocol was approved by the TSE/IAST ethics committee in May
2021.

24If a participant selected the correct answer to a question, they were notified, and the
next question appeared on the screen. Otherwise, the participant was informed that their
answer was incorrect; the correct answer and the corresponding part of the instructions
were displayed on the screen, and the participant had to click the “Next” button to
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the beginning of each round the participants were reminded of the number

of green balls in the jar with a visual reminder (see Figure 1, bottom left).

Participants were informed that, at the end of the experiment, one round

from each part would be randomly selected for the final payout. Points earned

during this round would be added to the show-up fee and then converted into

euros at a rate of 100 to 1. Earnings in period 1 were: 500 points if the first

guess was correct, and 0 points otherwise. Earnings in period 2 were either

0 or 500 points, depending on whether the second guess was correct, less the

price paid for advice if it was purchased. In rounds 1 to 10 the price of advice

was fixed at 5 points. In rounds 11 to 15 the participants had to propose a

price in a range from 0 to 250, and received advice if and only if this price

was higher than a randomly drawn value.25 The show-up fee amounted to

500 points in the belief-elicitation treatments and 500 points in each part of

the baseline treatments.

The participants received some post-experimental questions (presented in

Appendix E) inquiring into: their choices, their skills in belief updating, their

demographic characteristics, their willingness to solicit advice in real-life sit-

uations, and their attitude to risk.26 In treatments with belief elicitation,

these questions were asked at the end of the session. In the baseline treat-

ments, participants received questions about their choices after each part,27

proceed.
25We drew the random value from a uniform distribution between 0 and 100, but we

allowed participants to bid up to 250. The 0-100 range is based on theoretical predictions
of behavior. We allowed a larger bid to avoid bunching and influencing choices.

26Questions regarding participants’ choices were mandatory, while other questions were
optional; nonetheless, participation was nearly universal.

27Recall that these parts corresponded to different treatments with the same number of
green balls but a different number of robots.
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with all other questions presented at the end of the session.

Participants collected their total earnings at the end of the experiment

in an isolated room. Earnings were paid in cash. In the baseline treatments,

participants were informed about their earnings for each part immediately

after completing it.

Data. Table 2 provides an overview of the participants’ characteristics.

Columns 1 to 3 correspond to the baseline treatment sessions, with Column

1 reporting statistics for all participants and Columns 2 and 3 broken down

by year. Column 4 corresponds to the belief elicitation treatments.

In total we had 307 participants. The representation of genders was ap-

proximately balanced. Most (but not all) participants were students from dif-

ferent fields (53% reported following economics-related fields). Self-reported

propensity to solicit advice and to take risk were not skewed in either di-

rection. The participants showed a high performance on control questions,

with the median participant answering correctly about 70% of the questions

(see Appendix D for details). According to the post-experimental survey,

participants did not consider the decisions to be particularly difficult. The

experiment lasted, on average, 42 minutes in the baseline treatments (two

parts) and 22 minutes in the belief elicitation treatment (one part). Overall

earnings averaged 11-12 euros per part.28

28Participants in the baseline treatments earned roughly twice as much as those in the
belief elicitation treatments because the baseline used a within-subject design involving
two different numbers of robots, whereas the number of robots was held constant in the
belief elicitation treatments.
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Table 2: Number of observations and participants’ characteristics.

All Base-
line Sam-
ple

June 2021 May 2023

Belief
Elicit.
December
2024

N. participants 208 122 86 99
N. participants (Prior 0.6) 107 61 46 52
N. participants (Prior 0.7) 101 61 40 47
Female 47.6% 41.8% 55.81% 63.64%
Age 22.71 22.72 22.69 21.08
Native French 82.84% 84.03% 81.18% 82.65%
Color-blind 0.97% 0.83% 1.16% 0.0%
Educ. [years after high school] 2.80 2.90 2.64 2.85
Economics majors 57.86% 53.57% 64.29% 44.74%
Self-report: Advice seeking (1-10) 5.51 5.74 5.19 5.36
Self-report: Risk seeking (1-10) 5.53 5.61 5.42 5.67
Self-report: Difficulty of decisions
(1-10)

5.23 5.29 5.15 4.08

% of correct control questions 69.21% 72.16% 65.03% 71.07%
Bayesian Exercise 1 58.32 59.93 56.13 59.05
Bayesian Exercise 2 31.27 31.39 31.10 30.64
Earnings (euros) 23.16 23.36 22.88 11.78

Advice seeking, risk seeking, and difficulty in decision-making represent participants’
self-reported propensity to ask for advice, willingness to take risks in real life, and
difficulty in making decisions during the experiment, measured on a scale from 1 to 10.
The table reports average values. The Bayesian exercises tested participants’ ability in
Bayesian updating and were optional. The correct solutions were 75 for Exercise 1 and
33 for Exercise 2.

4 Results.

This section is divided into three parts. The first presents our findings on the

demand for advice in period 2 (hereafter, demand). The second reports par-

ticipants’ beliefs about the quality of their advisors after receiving first period

advice (hereafter, posteriors). The third describes the guessing patterns.29

29For the baseline treatments, we observe no significant differences between the two
sets of sessions conducted in 2021 and 2023. We also find no effect of the order of treat-
ments differentiated by the number of robots on the outcomes (demand for advice, rate of
following advice, and posteriors). We, therefore, report our findings for the pooled dataset.
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4.1 Inelastic demand and its segments.

Inelastic demand. Recall that, according to theoretical predictions, in

the strong-prior treatment with one robot, and in either prior treatment with

two robots, the demand for advice should be higher when period 1 advice is

confirmatory. However, our data do not show this pattern.

Finding 1 (inelastic demand). Demand for advice in period 2 does not

depend on the content of advice received in period 1 in any treatment.

Indeed, Figure 2 shows that the average rate of advice purchases at a

fixed price does not depend on the content of period 1 advice: there is no

statistically significant difference between purchases following confirmatory

versus contradictory advice in either the weak- or strong-prior treatments.30

Figure 2: The average rate of advice purchases across rounds 1 to 10.
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For treatments with two robots, we present the demand for advice generated by the robot
on the left of the screen. Reports 95% confidence intervals.

30Unless specified otherwise, throughout the paper, figures report averages at the partici-
pant levels and 95% confidence intervals, computed as ±1.96σ̂ where σ̂ represents standard
errors computed at the participant level.
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We find that this result is quite robust as illustrated by Figures in Ap-

pendix F. It continues to hold when: restricting the sample to rounds 6 to 10,

in order to control for learning (see Figure 11); when considering demand for

advice generated by the robot on the right of the screen (instead of the left)

in treatments with two robots (see Figure 13); when restricting the sample

to participants who understood that the advisor does not change across the

two periods of the same round without additional explanations (see Figure

12); and when controlling for demographics and year-fixed effects (see Tables

8 and 9).31

In the same line, Figure 3 shows that the WTP for advice among par-

ticipants who wish to purchase it does not depend on the content of advice

received in the previous period. This result passes all the robustness checks

discussed in the previous paragraph.32

Remark 1 The average values presented in Figures 2 and 3 differ substan-

tially from the theoretical predictions

In particular, demand at a given price in the weak-prior treatment with

one robot in Figure 2, left, is almost twice as low as predicted, despite the

price of advice being fixed at only 1% of the reward for a correct guess.

The average rate of purchasing advice and average WTP are similar across

treatments.33

31Actually, in the weak-prior treatment with one robot, adding participant-fixed effects
yields a small but significant effect opposite to the theoretical predictions.

32For brevity, we invite interested readers to request the supporting evidence.
33Recall that in period 2 of rounds 11 to 15, we first ask participants whether or not

they would like to purchase advice and only then elicit their WTP. This may explain why
the average rate of purchasing at a price of 5 points, depicted in Figure 2, is only about
one-half, while the average elicited WTP, depicted in Figure 3, is much higher than 5
points.
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Figure 3: The average WTP for advice among participants who wish to
purchase advice.
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In rounds 11 to 15, we first ask participants whether or not they would like to purchase
advice in period 2 and only then elicit their WTP. Reports 95% confidence intervals.

While Finding 1 and Remark 1 highlight deviations from theoretical pre-

dictions, the following demand pattern aligns well with rational behavior.

Remark 2 (precision of common priors and demand). Demand in

the weak prior treatments is higher than in the strong prior treatments

This difference may be explained by the fact that more informative priors

offer better guidance for independent guessing, which alignes well with par-

ticipants’ tendency to guess “green” when no advice is provided (see Set of

Findings 3 below).

Remark 3 (belief elicitation and demand). Belief elicitation about

quality of advice is associated with a lower demand for advice

Considering the average rate of purchasing advice (regardless of the content

of period 1 advice) in rounds 1 to 10, we find 55% in the baseline weak prior
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treatment with one robot, compared to only 47% in the weak-prior treatment

with belief elicitation. In the strong prior treatments, the corresponding

figures are 49% and 40%. Hence, participants’ rate of purchasing advice is

about 8 percentage points lower when they are asked about its quality. One

possible explanation is that this question makes the uncertainty of advice

quality more salient.

Behavioral demand patterns. A closer examination of demand pat-

terns reveals two behavioral phenomena. The first is participants’ tendency

to treat advice as an all-or-nothing commodity.

Remark 4 (“all-or-nothing” demand). Two prominent demand rules

emerge: buy any available advice and buy no advice.

Indeed, Table 3 shows that between 22% to 34% of participants (depend-

ing on treatment), either always bought any available advice (columns All)

or never bought any advice (columns Nothing) across all rounds.34

Table 3: Percentage of participants always and never buying any advice, by
treatment.

One Robot (baseline) Two Robots Belief Elicitation
Total All Nothing Total All Nothing Total All Nothing

Prior on Green

0.6 (weak) 107 22 (20.56%) 14 (13.08%) 107 10 (9.35%) 20 (18.69%) 52 7 (13.46%) 11 (21.15%)
0.7 (strong) 101 10 (9.9%) 18 (17.82%) 101 0 (0.0%) 23 (22.77%) 47 4 (8.51%) 10 (21.28%)

Number and share of participants in a given treatment who always or never bought
advice in rounds 1 to 15. Total corresponds to the sample size, All to the subsample who
always buys, and Nothing to the subsample who never buys.

Comparison of the rows in Table 3 shows that a higher precision of com-

mon priors is associated with a lower share of participants fully adopting

34Figures 14 and 15 in Appendix F depict the distribution of participants’ rates of
purchasing advice in the baseline treatments with one robot and in the belief elicitation
treatments.
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the rule “All” and a higher share of participants fully adopting the rule

“Nothing,” consistent with demand being relatively high in the weak prior

treatments, as highlighted in Remark 2.

Furthermore, in the baseline treatments with two robots, participants who

do not fully adopt one of the above two demand rules tend to purchase either

both pieces of advice or none in each round, as shown in Figure 4. Notice that

this holds even when one piece of advice in period 1 is confirmatory while

the other is contradictory, revealing their different qualities. Recall that,

theoretically, this should induce participants to select one piece of advice,

namely the one that was confirmatory in period 1.

Figure 4: All-or-nothing demand pattern in treatments with two robots.
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Participants can purchase 0, 1 or 2 pieces of advice. The bars stack the rates at which they
made each of these strategies. 1 from Green(Blue) refers to buying one piece of advice
from the robot that advised Green(Blue).

Focusing on participants who do not fully adopt either demand rule iden-

tified in Remark 4, we observe an alternative demand pattern.

Remark 5 (hot-hand fallacy). The participants who do not fully adopt
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either rule All or Nothing, tend to maintain the same demand as in the

previous round, as long as it is associated with successful guessing

Figure 5 illustrates this tendency by showing the rates at which participants

maintained their previous-round demand (excluding those who always bought

all advice or never bought any), depending on whether their previous-round

guess was correct (“won”) or incorrect (“lost”).35 Participants were signifi-

cantly more likely to maintain their demand after a correct guess, whereas

after an incorrect guess they were about equally likely to stick with or change

their demand. Note that such “win-stay, lose-shift” demand rule cannot im-

prove guessing accuracy because advisor quality is independent across rounds.

This may reflect a hot-hand fallacy, as documented in the literature, pio-

neered by Gilovich et al. (1985).

4.2 Persistent beliefs about advice quality.

Finding 1 suggests that at least one ingredient of reputational cheap-talk

theory is missing: either participants do not revise their beliefs about the

quality of advice based on its content, or their subsequent demand for advice

is influenced by factors other than the perceived quality of that advice.36 We

use data from treatments with beliefs elicitation to examine whether partici-

pants revise their beliefs in response to the advice received and whether their

35In treatments with one robot, we distinguish between two demand choices: buying one
piece of advice or buying none. In treatments with two robots, we distinguish among three
choices: buying both pieces of advice, buying one, or buying none. We observe similar
patterns when considering a finer categorization of four demand choices, separating buying
the advice shown by the robot on the left from buying the advice shown by the robot on
the right instead of grouping them as “buying one piece of advice”.

36Note that Remarks 4 and 5 support the latter, while leaving open the possibility that
the former also holds.
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Figure 5: Hot hand demand.
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subsequent demand increases with these updated beliefs.

Finding 2 (beliefs about quality of advice). In the strong prior treat-

ment, average posteriors about the quality of advice are 4.8 percentage points

higher following confirmatory advice than following contrarian advice. In the

weak prior treatment, there is no statistically significant difference.

Indeed, the average posteriors in treatments with belief elicitation during

the experiment are generally higher when period-one advice is confirmatory

(see Figure 6), however, this difference is small relative to theoretical predic-

tions and is significant only in the strong prior treatment.37

While 28.8% of participants in the weak prior treatment and 25% in the

strong prior treatment assign, on average, a higher posterior probability to

advice being perfect following confirmatory rather than contradictory advice,

consistent with Bayesian updating, 11.54% in the weak prior treatment and

37Figure 16 in Appendix F plots the distribution of average beliefs, by advice received.
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Figure 6: Average posteriors in rounds 1-10 of belief elicitation treatments.

Advice Green
in Period 1

Advice Blue
in Period 1

48

50

52

54

56

58

60

P
ro

b
.

A
d

vi
so

r
is

P
er

fe
ct

(%
)

Prior on Green:

0.6 (weak)

0.7 (strong)

Reports 95% confidence intervals. Rounds 1-10.

13.46% in the strong prior treatment update their beliefs in the opposite di-

rection, and about half of participants (51.92% in the weak prior treatment

and 42.31% in the strong prior treatment) do not update their beliefs about

advice quality based on its content at all.38 This is illustrated in Figure

7, which plots participants’ average posterior beliefs following confirmatory

advice (horizontal axis) against posterior beliefs following contrarian advice

(vertical axis). Each circle represents a particular combination of posterior

values, with the circle’s radius proportional to the percentage of participants

exhibiting that posterior ratio. In either treatment, we observe a large con-

centration at 50%, resulting in a prominent “bubble.”39

Finding 3 (posteriors and demand). Higher posteriors on the quality

of advice are not associated with a higher demand for advice.

38We observe a similar pattern in the post-experimental survey from the baseline treat-
ments, in which participants were asked to report their beliefs about the quality of an
advisor who recommended guessing “green”: 58.6% of participants in the weak prior
treatment and 35.1% in the strong prior treatment answered 50%.

39Figure D.6 in Appendix D depicts, for each treatment, the distribution of average
beliefs by advice received.
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Figure 7: Participants’ posteriors: confirmatory (horizontal) vs. contrarian
(vertical) advice.
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Table 4 reports OLS regression estimates at the round level, where the

dependent variable is a dummy taking value 1 if the participant purchased

advice, and the explanatory variable is his or her posterior on the quality

of advice. The estimates are not statistically different from zero, even with

fixed effects, which absorb variation from participants who do not update

their beliefs after receiving the first advice. Thus, a higher perceived advice

quality is not associated with a higher likelihood of purchasing advice.

4.3 Use of advice.

While participants are rather reluctant to update their beliefs about advice

quality based on its (mis)alignment with common priors, and their demand

for advice appears driven by considerations other than perceived quality,

they still rely on advice in their guesses in a manner broadly consistent with
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Table 4: Demand as a function of posteriors.

(1) (2) (3) (4)
Weak prior Weak prior Strong prior Strong prior

posteriors -0.00219 0.000756 -0.000510 -0.000303
(0.00246) (0.00118) (0.00252) (0.00195)

Constant 0.590∗∗∗ 0.435∗∗∗ 0.432∗∗ 0.421∗∗∗

(0.134) (0.0618) (0.151) (0.107)
Observations 520 520 470 470
ParticipantFE No Yes No Yes

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Bayesian updating.

Set of findings 4 (influential advice). (i) Participants tend to follow

the advice in treatments with one robot, and are even more likely to follow

agreeing advice in treatments with two robots.

(ii) These tendencies are amplified when the advice is confirmatory, especially

under strong priors.

(iii) When the two robots provide conflicting advice, or when participants

guess independently, most rely on the common priors.

Figure 8 illustrates patterns (i) and (ii) focusing on guessing in period 1.

Similar patterns arise for guessing in period 2, with a generally stronger

impact of advice on guessing (conditional on purchasing). Using the data

from baseline treatments with one robot, we find that participants are 6.21pp

more likely to follow confirmatory advice while 2.11pp less likely to follow

contrarian advice in period 2 than in period 1. These differences are respec-

tively 3.83% and 2.91% in strong prior treatments.40 Yet, the rate of follow-

40These results contrast with empirical evidence where individuals tend to overweight
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Figure 8: Guessing patterns.
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ing purchased advice is not universal, suggesting that some participants buy

advice for non-instrumental reasons.

Remark 6 (influence regardless of contents of first advice). The

rate of following advice in period 2 (conditional on buying) does not depend

on the contents of advice received in period 1.

Combined with Finding 1, Remark 6 suggests that the alignment of advice

with priors in period 1 has no impact on decisions in period 2.

As to pattern (iii), when faced with conflicting pieces of advice in the

baseline treatments with two robots, or when not purchasing advice in pe-

riod 2, about three quarters of participants guess “green”, relying thereby

on common priors.41 Specifically, the share of “green” guesses following con-

their priors and forgo expert advice (Bouacida et al., 2025) and learning from others
(Weizsäcker, 2010). However, Malmendier and Shanthikumar (2007) find, instead, that
small investors follow upward-biased analyst recommendations literally.

41This is consistent with previous evidence where, facing conflicting advice, participants
neglected the furthest ones from their prior (Yaniv and Milyavsky, 2007).
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flicting advice in period 1 is: 74% under weak priors and 75% under strong

priors; and in period 2: 63% under weak priors and 75% under strong pri-

ors. When advice is not purchased in period 2, participants guess “green”

between 61% and 76% of the time, depending on the treatment.

The above guessing patterns are consistent with participants combining

common priors and advice to update their beliefs about the correct guess,

broadly in line with Bayesian updating.

5 Conclusion.

We conducted a laboratory experiment to test how the content of advice in

an incentivised guessing task influences beliefs about its quality and future

demand. Although participants could infer advice quality from its alignment

with common priors, such alignment had no significant effect on either their

beliefs about quality of advice or subsequent demand for it. At the same

time, guessing patterns suggest that participants combined priors and advice

when forming decisions.

We hope that these results will motivate further research on the demand

for professional advice in real markets. Field experiments, in particular, could

provide valuable insights into the external validity of the mechanisms exam-

ined in this paper. An important open question concerns which indicators or

cues people use to evaluate the quality of advice. In our experiment, align-

ment with common priors fulfilled this role; however, in real world settings,

other signals may play a more prominent part. The extent to which indi-

viduals’ demand for advice depends on such evaluations likely varies across

markets. For example, media consumers may rely on news reports to guide
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private decisions (such as voting) without critically assessing their credibil-

ity, whereas consumers of financial advice are likely to be more attentive to

quality. A better understanding of these and related questions could help

assess the influence of professional advice on private decision making.
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A Proof of theoretical predictions.

A.1 Proof of Prediction Set 1.

Proof of prediction (i). By set of equations (2) and Bayes’ rule,

Pr
(
x1 = G | al1 = G

)
= 3p

2p+1
, Pr

(
x1 = B | al1 = G

)
= 1−p

2p+1
, (4)

Pr
(
x1 = G | al1 = B

)
= p

3(1−p)+p
, Pr

(
x1 = B | al1 = B

)
= 3(1−p)

3(1−p)+p
. (5)

By set of equations (4),

Pr
(
x1 = G | al1 = G

)
> Pr

(
x1 = B | al1 = G

)
. (6)

By set of equations (5) and the upper bound in (3),

Pr
(
x1 = B | al1 = B

)
> Pr

(
x1 = G | al1 = B

)
if and only if p < 0.75,

Therefore, the condition holds for either p in set {0.6, 0.7}.

Proof of prediction (ii). By set of equations (2) and Bayes’ rule,

Pr
(
ql = 1 | al1 = G

)
= 2p

2p+1
, (7)

38



Pr
(
ql = 1 | al1 = B

)
= 2(1−p)

2(1−p)+1
. (8)

By substituting p ∈ {0.6, 0.7} into equations (7) and (8) we obtain the pos-

terior values reported in part (ii) of Prediction Set 1.

Proof of predicions (iv) and (v). In period 2, the advice is correct with

probability Pr
(
ql = 1 | al1

)
+ 1

2
Pr

(
ql = 0 | al1

)
. The best alternative to pur-

chasing and following advice is to guess G, which is correct with probability

p. Therefore, the decision maker’s WTP for advice is given by:

([
Pr

(
ql = 1 | al1

)
+ 1

2
Pr

(
ql = 0 | al1

)]
− p

)
R, where R = 500. (9)

Applying straightforward calculus with equations (9), (7) and (8) yields the

values reported in part (iv) of Prediction Set 1.

Proof of prediction (iii). Comparing the WTP for advice with its price of

5 points, we find the demand described in part (iv) of Prediction Set 1. Note

that demand following advice G is positive if and only if p < 0.79, while that

following advice B is positive if and only if p < 0.68.

A.2 Proof of Prediction Set 2.

Proof of prediction (i). It is optimal to guess G if Pr
(
x1 = G | al1, ar1

)
> 1

2

and B otherwise. By Bayes’ rule,

Pr
(
x1 = G | al1 = ar1 = G

)
= 5p

4p+1
> 1

2
,

Pr
(
x1 = G | al1 = G, ar1 = B

)
= Pr

(
x1 = G | al1 = B, ar1 = G

)
= p > 1

2
,

(10)

Pr
(
x1 = B | al1 = B, ar1 = B

)
= 5(1−p)

5(1−p)+p
> 1

2
if and only if p < 0.8(3),

(11)
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hence, for either p ∈ {0.6, 0.7}.

Proof of prediction (ii). Suppose first that ai1 = G and a−i
1 = B, where

i ∈ {l, r} and −i = {l, r} \ {i} (here and throughout). By Bayes’ rule, the

decision maker infers that the coin has landed tails, that is, z1 = T , and that

the qualities of the two pieces of advice differ:

Pr
(
ql = qr = 0 | al1 ̸= ar1

)
= Pr

(
ql = qr = 1 | al1 ̸= ar1

)
= 0. (12)

With probability p, advice i is perfect and advice −i is defective:

Pr
(
qi = 1 | ai1 = G, a−i

1 = B
)
= Pr

(
qi = 1, q−i = 0 | ai1 = G, a−i

1 = B
)
= p,

(13)

Pr
(
q−i = 1 | ai1 = G, a−i

1 = B
)
= Pr

(
qi = 0, q−i = 1 | ai1 = G, a−i

1 = B
)
= 1−p.

(14)

Suppose now that al1 = ar1 = G. By Bayes’ rule,

Pr
(
ql = qr = 1 | al1 = ar1 = G

)
= 2p

1+4p
, (15)

Pr
(
ql = qr = 0 | al1 = ar1 = G

)
= 1

1+4p
, (16)

Pr
(
qi = 1, q−i = 0 | al1 = ar1 = G

)
= p

1+4p
. (17)

By equations (15) and (17),

Pr
(
qi = 1 | al1 = ar1 = G

)
= 3p

1+4p
. (18)

Suppose, finally, that al1 = ar1 = B. By Bayes rule,

Pr
(
ql = qr = 1 | al1 = ar1 = B

)
= 2(1−p)

5−4p
, (19)

Pr
(
ql = qr = 0 | al1 = ar1 = B

)
= 1

5−4p
, (20)
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Pr
(
qi = 1, q−i = 0 | al1 = ar1 = B

)
= 1−p

5−4p
. (21)

By equations (19) and (21),

Pr
(
qi = 1 | al1 = ar1 = B

)
= 3(1−p)

5−4p
, where, recall, i ∈ {l, r} . (22)

Proof of prediction (v). We describe the best period 2 guess depending

on the decision maker’s information set42

Ω ∈
{
∅,

{
ai

∗

2

}
,
{
al2, a

r
2

}}
, where

i∗ = argmax
i=l,r

{
Pr

(
qi = 1 | al1, ar1

)}
.

Trivially, if Ω = {∅}, the optimal guess is G. Suppose that Ω =
{
ai

∗
2

}
.

Then, it is optimal to guess ai
∗
2 . Indeed, by Bayes’ rule and set of equations

(13), (14), (15) to (18) and (19) to (22),

Pr
(
x2 = G | ai∗2 = G, al1, a

r
1

)
⩾ Pr

(
x2 = G | ai∗2 = G, al1 = ar1 = B

)
=

=
(1+Pr(qi

∗
=1|al1=ar1=B))p

(1+Pr(qi∗=1|al1=ar1=B))p+(1−Pr(qi∗=1|al1=ar1=B))(1−p)
= (8−7p)p

(8−7p)p+(2−p)(1−p)
> 1

2

for any p < 1.625.

Pr
(
x2 = B | ai∗2 = B, al1, a

r
1

)
⩾ Pr

(
x2 = B | ai∗2 = B, al1 = ar1 = B

)
=

=
(1+Pr(qi

∗
=1|al1=ar1=B))(1−p)

(1+Pr(qi∗=1|al1=ar1=B))(1−p)+(1−Pr(qi∗=1|al1=ar1=B))p
= (8−7p)(1−p)

(8−7p)(1−p)+(2−p)p
> 1

2

for any p < 0.703. Note that both these inequalities hold for either p ∈

{0.6, 0.7}.

Finally, consider information set Ω =
{
al2, a

r
2

}
. We show that the optimal

guess is B if al2 = ar2 = B and G otherwise, for both p ∈ {0.6, 0.7} and for

42Trivially, the advice j is superior information to the advice −j = {l, r} \ {j}. We
therefore do not include a−j

2 into set Ω.
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all possible realizations of the first advice. Suppose that al1 = ar1 = B. By

Bayes’ rule and equations (19) to (21),

Pr (x2 = B | ait = B, t = 1, 2) = (7−6p)(1−p)
(7−6p)(1−p)+p

> 1
2
for any p < 0.725,

Pr (x2 = G | ai2 = G, ai1 = B) > Pr
(
x2 = G | ai2 = G, a−i

2 = B, ai1 = B
)
= p > 1

2
.

Hence, the optimal guess is B if al2 = ar2 = B, and G otherwise. Suppose

now that al1 = ar1 = G. By Bayes’ rule and equations (15) to (17),

Pr (x2 = B | ai2 = B, ai1 = G) = (6p+1)(1−p)
(6p+1)(1−p)+p

> 1
2
for any p < 0.86,

Pr (x2 = G | ai2 = G, ai1 = G) > Pr
(
x2 = G | ai2 = G, a−i

2 = B, ai1 = G
)
= p > 1

2
.

Once again, the optimal guess is B if al2 = ar2 = B, and G otherwise. Suppose,

finally, that ai1 = B, a−i
1 = G. By Bayes’ rule and equations (10) and (11),

Pr
(
x2 = B | ai∗2 = B, a−i∗

2 = B, ai1 ̸= a−i
1

)
= 1 > 1

2
,

Pr
(
x2 = G | ai2 = G, ai1 ̸= a−i

1 , i = i, r
)
>

Pr
(
x2 = G | ai∗2 = G, a−i∗

2 = B, ai1 ̸= a−i
1 , i = i, r

)
>

Pr
(
x2 = G | a−i∗

2 = G, ai
∗
2 = B, ai1 ̸= a−i

1 , i = i, r
)
= p > 1

2
.

Once again, the optimal guess is B if al2 = ar2 = B, and G otherwise.

Proof of prediction (iv). The expected efficiency of the above optimal

guess is: p if Ω = {∅};
1+Pr(qi

∗
=1|al1,ar1)
2

(23)

if Ω =
{
ai

∗
2

}
and

p
(
Pr

(
ql + qr ⩾ 1 | al1, ar1

)
+ 1

2
Pr

(
ql = qr = 0 | al1, ar1

))
+

(1− p)
(
Pr

(
ql = qr = 1 | al1, ar1

)
+ 1

2
Pr

(
ql = qr = 0 | al1, ar1

)) (24)
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if Ω =
{
al2, a

r
2

}
. Comparing the expression (23) to p, we find that the decision

maker’s WTP for advice ai
∗
2 is equal to(

1+Pr(qi
∗
=1|al1,ar1,)
2

− p

)
R, where R = 500. (25)

Comparing the expressions (23) and (24), we find that the decision maker’s

WTP for advice a−i∗

2 (in addition to advice ai
∗
2 ) is equal to

R
2

(
pPr

(
q−i∗ = 1 | al1, ar1

)
(1− Pr

(
qi

∗
= 1 | al1, ar1

)
)−

(1− p) Pr
(
qi

∗
= 1 | al1, ar1

)
(1− Pr

(
q−i∗ = 1 | al1, ar1

)
)
)
.

(26)

Finally, comparing expression (24) with p, we find that the decision maker’s

WTP for two pieces of advice is equal to the difference between (a) the prob-

ability that the above optimal guess based on this advice - namely, choosing

G if at least one advice is G and B otherwise - matches the state, and (b)

the prior probability p, scaled by R:

(p
(
1− 1

2
Pr

(
ql = qr = 0 | al1, ar1

))
+ (1− p)

(
Pr

(
ql = qr = 1 | al1, ar1

)
+

+1
2

(
1− Pr

(
ql = qr = 1 | al1, ar1

)))
− p)R.

(27)

Straightforward calculus using expressions (25) to (27) and equations (10)

to (22), yields figures in Table 1.

Proof of prediction (iii). Comparing the WTP values in Table 1 with the

price of advice (5 points per piece), we obtain the demand described in point

(v) of Prediction Set 2.

B Consent form.

The experiment was conducted in French; the English translations are pre-

sented here and throughout the text.
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Consent Form and Information on Data Privacy

The Institute for Advanced Studies of Toulouse and the Toulouse School

of Economics (1 Esplanade de l’Université, 31080 Toulouse, Cedex 06, France)

are conducting a laboratory experiment today at the Experimental Eco-

nomics Laboratory of the Toulouse School of Economics. You have been

invited because you are registered in our recruitment system. The procedures

of the experiment will be explained to you before the experiment begins.

During the experiment, you will be asked to complete certain tasks, and

your responses will be recorded in our computer system. The information

recorded during the experiment will not allow any conclusions to be drawn

about the participation or behavior of individual persons. The analysis of

the data and the presentation of the results of this experiment will be carried

out exclusively in anonymous form. Anonymous data will be archived and

may be made available to other researchers for research purposes.

There will be no link between the data generated during the experiment

and the data in the recruitment system. Receipts completed during payment

will always be kept separately. Your participation today is entirely voluntary.

If you do not participate, there will be no disadvantage to you. However,

note that in this case your earnings from the experiment will be adjusted

appropriately. You may withdraw from the experiment at any time.

For your participation and the use of your data, we ask for your consent.

Consent may be revoked at any time, for example by email to: [email contact ]

This consent is the legal basis for any use of data.

You can find a copy of this information at the experimental laboratory.

I have read the information on data privacy and agree to participate in
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the experiment and to the use of the related data as described above:

□ Yes □ No

Date Signature

Without consent, you cannot participate in the experiment today. Please

inform the person in charge of the experiment in this case. Thank you.

C Instructions.

C.1 Instructions for weak prior treatment with one
robot.43

Thank you for participating in our experiment!

In this experiment, you can earn money based on your decisions. We

therefore ask you to read the instructions carefully. Your earnings during

the experiment will be calculated in points. Your points will be exchanged

for euros at the end of the experiment at the following exchange rate:

100 points = 1 euro

In today’s experiment, you will be asked to guess the color of a ball drawn

from a pot several times. You will earn points based on your answers.

You are not allowed to communicate with other participants during the

experiment. We also ask you to turn off your mobile phones now. If you

43Instructions for the strong prior treatment with one robot are the same, with “6”
(green balls) replaced by “7” and “4” (blue balls) replaced by “3.”
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have any questions, please raise your hand and someone will come to your

desk to answer them.

What you will do

You will play a session of 15 rounds.

One of these rounds will be selected to determine your compensation at

the end of the session.

Each round consists of two periods.

In each period, a ball is drawn from (and returned to) a pot containing 10

balls, of which 6 are green and 4 are blue, as will be shown on your computer

screen. You will guess the color of this ball. You earn 500 points if your

answer is correct.

The First Period

Before giving your answer in the first period, you will automatically re-

ceive advice from your computerized advisor. In other words, your advisor

will show either a blue circle (suggesting you respond “blue”) or a green circle

(suggesting you respond “green”).

Your advisor is either perfect or defective, with equal probability. The

quality of your advisor is determined anew at the beginning of each round

and remains the same during both periods of that round. You will not be

informed about the quality of your advisor in advance.

If the advisor is perfect, their advice is correct (i.e., it shows a green

circle if the selected ball is green, and a blue circle if the selected ball is blue).

If the advisor is defective, the content of their advice depends on the

outcome of a coin flip.
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After receiving the advice, you must guess whether the selected ball is

blue or green. You will learn whether your guess was correct at the end of

the round. You earn 500 points if your guess is correct. You will also learn

the quality of your advisor at the end of each round.

The Second Period

Your advisor is the same as in the first period. You do not automatically

receive advice. You can request advice by clicking the “Advice” button.

Advice is costly (the cost is detailed below). Alternatively, you can answer

without advice. Once your answer is submitted, you will learn whether it is

correct or incorrect. You earn 500 points if your answer is correct. Addition-

ally, at the end of each round, you will also learn whether your advisor was

perfect or defective.

Cost of Advice in the Second Period

Rounds 1 to 10: If you request advice in period 2, you pay 5 points.

Rounds 11 to 15: If you request advice in period 2, you must propose

an amount between 0 and 250 (in points) that you are willing to pay for the

advice. The experiment is designed such that it is optimal for you to propose

the highest amount you are willing to pay.

Indeed, a threshold price X for the advice will be drawn randomly. If the

amount you propose to pay exceeds this threshold, you will receive the re-

quested advice and pay the threshold price X (not the amount you proposed).

Otherwise, you will have to guess without advice.
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C.2 Instructions in weak prior treatment with two
robots.44

Thank you for participating in our experiment!

In this experiment, you can earn money based on your decisions. We

therefore ask you to read the instructions carefully. Your earnings during

the experiment will be calculated in points. Your points will be exchanged

for euros at the end of the experiment at the following exchange rate:

100 points = 1 euro

In today’s experiment, you will be asked several times to guess the color

of a ball drawn from a pot. You will earn points based on your answers.

You are not allowed to communicate with other participants during the

experiment. We also ask you to turn off your mobile phones now. If you

have any questions, please raise your hand, and someone will come to your

desk to answer them.

What you will do

You will play a session of 15 rounds.

One of these rounds will be selected to determine your compensation at

the end of the session.

Each round consists of two periods.

In each period, a ball is drawn from (and returned to) a pot containing 10

balls, of which 6 are green and 4 are blue, as will be shown on your computer

44Instructions for the strong prior treatment with two robots are the same, with “6”
(green balls) replaced by “7” and “4” (blue balls) replaced by “3.”
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screen. You will guess the color of this ball. You earn 500 points if your

answer is correct.

First Period

Before guessing in the first period, you will automatically receive advice

from your computerized advisors. In other words, each advisor will show you

a circle, either blue, suggesting you guess “blue,” or green, suggesting you

guess “green.”

Each advisor is either perfect or defective, with equal probability.

The quality of your advisors is independent; you may therefore have two

perfect advisors, two defective advisors, or one perfect and one defective

advisor.

The quality of your advisors is determined at the beginning of each round

and remains the same during both periods of that round. You will not be

informed of the quality of your advisors in advance.

If both advisors are perfect, their advice is correct (i.e., if the selected

ball is blue, both show a blue circle).

If both advisors are defective, the content of their advice depends on

the outcome of a coin flip:

If the coin lands on heads, both give correct advice (i.e., show a blue

circle if the selected ball is blue).

If the coin lands on tails, both give incorrect advice (i.e., show a green

circle if the selected ball is blue).

The figure 9 illustrates the advice given when the actual color of the ball

is blue.
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Figure 9: Illustration of what advice is provided with defective advisors.

If one advisor is perfect and the other is defective, the content of

their advice depends on a coin flip:

Heads: both give correct advice.

Tails: the perfect advisor gives correct advice, while the defective advisor

gives incorrect advice.

The figure 10 illustrates the advice given when the actual color of the ball

is blue.

After receiving the advice, you must guess whether the ball is blue or

green. You earn 500 points if your answer is correct. You will learn whether

your guess is correct at the end of each round (i.e., after the end of period

2). You will also learn the quality of your advisors at the end of each round.

Second Period

Rounds 1 to 10: Your computerized advisors are the same as in the

first period. You do not automatically receive their advice. You can request

advice by clicking the button “Advice from left advisor”, “Advice from right
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Figure 10: Illustration of what advice is provided with asymmetric quality.

advisor”, or “Advice from both advisors.” Requesting advice is costly (the

cost is detailed below). Alternatively, you can guess without advice. Once

you submit your answer, you will learn whether it is correct. You earn 500

points if your answer is correct. Additionally, at the end of each round, you

will learn whether your advisors were perfect or defective.

Rounds 11 to 15: The second period of rounds 11 to 15 is the same as

in rounds 1 to 10, except that you must propose a price you are willing to pay

for advice if you request it. Your computerized advisors are the same as in the

first period. You do not automatically receive their advice. You can request

advice by clicking “Advice from left advisor”, “Advice from right advisor”,

or “Advice from both advisors.” This request is costly (details below). You

can also guess without advice. You earn 500 points if your answer is correct.

Cost of Advice in the Second Period

Rounds 1 to 10: You pay 5 points per advisor if you request advice.

Rounds 11 to 15: If you request advice, you must propose an amount
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you are willing to pay:

If you request only one advisor, propose an amount between 0 and 250

points.

If you request both advisors, propose an amount between 0 and 250

points.

The experiment is designed so that it is optimal for you to propose the

highest amount you are willing to pay.

A threshold price X will be drawn randomly.

If the amount you propose is greater than X, you will receive the requested

advice and pay the threshold price X.

Otherwise, you will have to guess without any advice.

D Comprehension Check Questions.

D.1 Baseline treatments with one robot and belief elic-
itation treatments.

List of questions with correct answers (CA) verifying understanding in base-

line treatments with one robot and belief elicitation treatments, translated

form French:

Q1. Without any advice, what is the probability that the selected ball is

green? CA: 0.6 (0.7).

Q2. Suppose you have accessed our computer program and you learn that

the color of the ball drawn from the urn in period 1 of a given round is green.

What is the probability that a green ball will be drawn from the urn in period

2 of the same round? CA: 0.6 (0.7).
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Q3. Without any additional information what is the probability that your

advisor is defective? CA: 0.5.

Q4. You have learned that in a previous round your advisor was perfect.

What is the probability that your advisor is perfect in this round? CA: 0.5.

Q5. You have learned that your advisor in period 1 of a given round is

perfect. What is the probability that your advisor is perfect in period 2 of

the same round? CA: 1.

Q6. Suppose the color of the selected ball is green. Suppose also that

you have learned that your computerized advisor is defective. What is the

probability it advises “green”? CA: 0.5.

Q7. Without any additional information, what is the probability that

your advisor gives you correct advice? CA: 0.75.

Q8. [True or False]: defective advisor gives correct advice with probability

1
2
regardless of the color of the ball drawn from the jar? CA: TRUE

Q9. Suppose that after receiving advice in period 1 of a given round, you

make a guess. How many points do you earn if this guess is correct? CA:

500.

Q10. [True or False]: Suppose that you request advice in period 2 of some

round between 1 and 10 and you make a guess. If your guess is correct, you

earn 495 points. CA: TRUE.

Q11. [True or False]: Suppose that you request advice in period 2 of some

round between 1 and 10 and you make a guess. If your guess is false, you

lose 5 points. CA: TRUE.

Table 5 reports the percentage of participants who answered each question

correctly.
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Table 5: Percentage of participants responding correctly.
Question
number

Baseline
prior 0.6

Baseline
prior 0.7

Belief Elicit.
prior 0.6

Belief Elicit.
prior 0.7

Q1. 77.57 84.16 86.54 82.98
Q2. 75.70 86.14 71.15 80.85
Q3. 92.52 90.1 92.31 100
Q4. 66.36 72.25 55.77 63.83
Q5. 47.66 47.52 51.92 51.06
Q6. 71.96 62.38 67.31 68.02
Q7. 36.45 26.73 25 21.28
Q8. 84.11 83.17 84.62 85.11
Q9. 86.14 90.10 80.85 95.74
Q10. 85.05 84.16 78.85 80.85
Q11. 80.37 73.27 71.15 68.09

D.2 Treatments with two robots.

List of questions with correct answers (CA) verifying understanding in base-

line treatments with two robots:

Q1. Without any advice, what is the probability that the selected ball

will be blue? CA: 0.4 (0.3)

Q2. Suppose you manage to break into our computer program and learn

that the color of the ball drawn from the pot in period 1 of round 1 is blue.

What is the probability that a blue ball will be drawn from the pot in period

2 of round 1? CA: 0.4 (0.3)

Q3. What is the probability that both of your advisors are faulty in

period 1 of any given round? 0.25

Q4. What is the probability that only one of your advisors will be defec-

tive in period 1 of any given round? CA: 0.5

Q5. At the end of the previous round, it turned out that one of your
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advisors gave correct advice in both periods, while your other advisor gave

incorrect advice in one period. What is the probability that both of your

advisors will be perfect in this round? 0.25

Q6. Suppose you manage to break into our computer program and learn

that one of your advisors is perfect in period 1 of any round. What is the

probability that this advisor is perfect in period 2 of the same round? CA: 1

Q7. Suppose, once again, that you manage to break into our computer

program and learn that one of your advisors in period 1 of a round is perfect.

What is the probability that one of your advisors will be perfect in period 1

of the next round? CA: 0.5

Q8. Suppose the ball drawn from the urn is green. Suppose, furthermore,

that you manage to break into our computer program and learn that both

of your computerized advisors are perfect. What is the probability that they

will both advise ”green”? CA: 1

Q9. Suppose you manage to break into our computer program and dis-

cover that only one of your computerized advisors is perfect. What is the

probability that your advisors will disagree? CA: 0.5

Q10. Suppose, once again, that you access our computer program and

learn that both of your computerized advisors are faulty. What is the prob-

ability that your advisors will disagree? CA: 0

Q11. How many pieces of advice can you buy during period 2 of any

given round? CA: All answers are correct [i.e. 0, 1, or 2]

Q12. Suppose that after automatically receiving advice during period 1

of a round, you guess that the selected ball is blue. Let’s assume this guess

is correct. It allows you to win: CA: 500 points

55



Q13. [True or False]: Suppose you ask for the two available pieces of

advice in period 2 of a round between 1 and 10. If you guess correctly, you

win 490 points. CA: TRUE

Q14. [True or False]: Suppose you ask for the two available pieces of

advice in period 2 of a round between 1 and 10. If you guess correctly, you

win 500 points. CA: FALSE

Q15. [True or False]: Suppose you ask for the two available pieces of

advice in period 2 of a round between 1 and 10. If you guess incorrectly, you

lose 10 points. CA: True

E Post experimental survey.

E.1 Explanatory Questions (mandatory) in treatments
with one robot.

Q1. Please indicate how difficult it was to make decisions in this experiment

using a 10-point scale, from 1 very easy to 10 very difficult

Q2. Which decisions were the most difficult?

Q3. Did you use a decision-making rule?

Q4. What probability did you assign to your advisor of being perfect

after receiving their ”green” advice in period 1? (as a percentage, a round

number between 0 and 100)

Q5. We have noticed that in the first 15 rounds, it happened that you

[purchasing pattern]. Why? [See details in Table 6.]45

Q6. How much did you offer to pay for advice in period 2 of the last

round?’ options provided: [“The amount you were really willing to pay”,

45The number 15 should have been 10 because of a mistake in the program.
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“More than you were willing to pay”, “Less than you were willing to pay”]

Table 6: Reasons behind advice purchasing strategies in baseline treatments
with one robot.

Prior 0.6 (weak) Prior 0.7 (strong)
Purchasing pattern Justification

All

Pour des raisons différentes 0.20 0.17
Vous aimez rassembler toutes les informations pertinentes à vos choix 0.15 0.15
Vous avez toujours été optimiste quant à la qualité de votre conseiller 0.17 0.02
Vous avez trouvé facile de compter sur votre conseiller 0.12 0.02

Sometimes Buy

Pour des raisons différentes 0.02 0.04
Vous aimez rassembler toutes les informations pertinentes à vos choix 0.13 0.11
Vous vouliez être plus confiant dans votre décision 0.10 0.12
Vous étiez curieux 0.15 0.14
Vous étiez optimiste quant à la qualité de votre conseiller 0.11 0.09

Sometimes No Buy

Pour des raisons différentes 0.02 0.07
Vous aimez décider de façon indépendante 0.13 0.12
Vous avez tenté votre chance 0.18 0.20
Vous vouliez simplifier votre prise de décision 0.07 0.05
Vous étiez pessimiste quant à la qualité de votre conseiller 0.12 0.06

Nothing

Pour des raisons différentes 0.03 0.16
Vous aimez décider de façon indépendante 0.24 0.08
Vous avez tenté votre chance 0.03 0.08
Vous vouliez simplifier votre prise de décision 0.08 0.14
Vous étiez pessimiste quant à la qualité de votre conseiller 0.03 0.14

Share of participants who, conditional on a purchasing pattern, gave one of the suggested explanations
for their behavior. Purchasing patterns are relative to round 1 to 10 and include always bought advice
(All), bought advice sometimes, and never bought advice (Nothing). For the second strategy, we asked
for justification on why they purchased at least once, and why they did not purchase at least once.
Remark: because of a design bug, participants were told that their purchasing patterns referred to rounds
1 to 15 instead of 1 to 10.

E.2 Explanatory Questions (mandatory) in treatments
with two robots.

Q1. What probability did you assign to your two advisors of being perfect af-

ter receiving ”green” advice from each of them in period 1? (as a percentage,

a round number between 0 and 100)

Q2. What probability did you assign to your two advisors of being perfect

after receiving ”blue” advice from one of them and ”green” advice from the

other in period 1? (as a percentage, round number between 0 and 100)
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Q3. What probability did you assign to the advisor on the left of your

screen of being perfect after receiving ”blue” advice from them and ”green”

advice from the advisor on the right of your screen? (as a percentage, a

round number between 0 and 100)

Q4. What probability did you assign to the advisor on the left of your

screen of being perfect after receiving ”green” advice from them and ”blue”

advice from the advisor on the right of your screen? (as a percentage, a

round number between 0 and 100)

Q5. Did you know in advance how you were going to use the advice when

you asked for it in period 2? If so, tell us how.

Q6. We have noticed that in the first 15 rounds, it happened that you

[purchasing pattern]. Why? [See details in Table 7.]46

Q7. How much were you willing to pay for advice during the second

period of the final rounds? Options provided: [“The amount I was actually

willing to pay”; “Less than the amount I was actually willing to pay”, “More

than the amount I was actually willing to pay”.]

E.3 Questions on Demographic and Other Character-
istics (optional).

E.3.1 Demographics.

Could you please share with us the following information:

Q1. Your gender.

Q2. Your age.

Q3. Your native language.

46The number 15 should have been 10 because of a mistake in the program.
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Table 7: Reasons behind advice purchasing strategies in baseline treatments
with two robots.

0.6 (weak) 0.7 (strong)
Purchased (at least
once)

Justification

No advice

Pour des raisons différentes 0.06 0.11
Vous aimez décider de façon indépendante 0.13 0.07
Vous avez tenté votre chance 0.15 0.15
Vous vouliez simplifier votre prise de décision 0.07 0.08
Vous étiez pessimiste quant à la qualité de votre conseiller 0.08 0.10

From both robots

Pour des raisons différentes 0.03 0.02
Vous aimez rassembler toutes les informations pertinentes à vos choix 0.25 0.20
Vous vouliez être plus confiant dans votre décision 0.10 0.13
Vous étiez curieux 0.10 0.05
Vous étiez optimiste quant à la qualité de votre conseiller 0.07 0.04

From one robot only
C’était une information suffisante pour votre décision. 0.24 0.25
Pour des raisons différentes 0.08 0.07
Vous ne vouliez pas faire face à la situation où vos conseillers n’étaient
pas d’accord.

0.19 0.17

Share of participants who, conditional on a purchasing pattern, gave one of the suggested explanations
for their behavior. Purchasing patterns are relative to round 1 to 10. Remark: because of a design bug,
participants were told that their purchasing patterns referred to rounds 1 to 15 instead of 1 to 10.

Q4. What year are you in, and what is your degree?

Q5. Are you colorblind? Options: Yes, No

E.3.2 Self-assessed characteristics.

Q1. How often do you seek advice in real-life situations? Use a 10-point scale:

1 = never, 10 = always.

Q2. How willing are you to take risks in general? Use a 10-point scale: 1

= completely unwilling, 10 = completely willing.

E.3.3 Skills in Bayesian Updating.

Q1. “There are two pots, A and B, each containing 4 balls. Pot A has 3

black balls and 1 white ball. Pot B has 3 white balls and 1 black ball. One

ball is drawn from one of the pots. It turns out to be black. What is the
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probability that it was drawn from pot A?” (Answer in percent, round to a

whole number between 0 and 100).

Q2. “There is a room with 100 people, half men and half women. All men

are economists. Half of the women are economists. What is the probability

that a randomly selected economist from this room is a woman?” (Answer

in percent, round to a whole number between 0 and 100).

F Supplementary figures.

Figure 11: The average rate of advice purchases across rounds 6 to 10, by
treatment.

Advice Green
in Period 1

Advice Blue
in Period 1

0.3

0.4

0.5

0.6

R
at

e
of

B
u

yi
n

g
A

d
vi

ce
in

P
er

io
d

2

One Robot

Advice Green
in Period 1

Advice Blue
in Period 1

Two Robots
(Robot on the Left)

Prior on Green:

0.6 (weak) 0.7 (strong)

Advice Green
in Period 1

Advice Blue
in Period 1

One Robot
Belief Elicitation

For treatments with two robots, we present the demand for advice generated by the robot
on the left of the screen.

60



Figure 12: The average rate of advice purchases by participants who answered
question Q5 correctly (in treatments with one robot) across rounds 1 to 10,
by treatment.
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Figure 13: The average rate of advice purchases across rounds 1 to 10 in
treatments with two robots.
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Table 8: Demand for advice in treatments with one robot.
(1) (2) (3) (4) (5) (6)

Weak prior Weak prior Weak prior Strong prior Strong prior Strong prior
Adv1SaidGreen -0.0511∗ -0.0341 -0.0289 -0.0208 -0.00169 -0.0129

(0.0240) (0.0224) (0.0251) (0.0279) (0.0281) (0.0292)

Experiment2023 -0.0376 -0.000542 0.0243 0.0712
(0.0666) (0.0830) (0.0692) (0.0907)

D5AdviceSeeking 0.0446∗∗ 0.0425∗ 0.0335∗ 0.0304
(0.0151) (0.0183) (0.0135) (0.0166)

D7RiskSeeking -0.00680 0.00789 0.00467 0.0172
(0.0167) (0.0219) (0.0159) (0.0189)

Female 0 0 0 0
(.) (.) (.) (.)

Male 0.176∗∗ 0.183∗ 0.124 0.0926
(0.0656) (0.0884) (0.0702) (0.0939)

bac plus 0.0401 0.0713∗

(0.0411) (0.0277)

has econ -0.0202 0.0331
(0.101) (0.0811)

Constant 0.580∗∗∗ 0.263 0.0986 0.499∗∗∗ 0.197 -0.0337
(0.0134) (0.147) (0.200) (0.0165) (0.127) (0.180)

Observations 1070 1575 1095 1010 1515 960
ParticipantFE Yes Yes

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Round-level OLS regression where the dependent variable is a dummy equal to one if the participant
bought advice in the given round. Includes demographics or participants’ fixed effects as control variables.
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Table 9: Demand for advice by the robot located on the left of the screen in
treatments with two robots.

(1) (2) (3) (4) (5) (6)
Weak prior Weak prior Weak prior Strong prior Strong prior Strong prior

Adv1SaidGreen 0.0398 0.0297 0.0508 -0.0152 -0.0241 -0.0239
(0.0268) (0.0242) (0.0298) (0.0283) (0.0263) (0.0287)

Experiment2023 -0.115 -0.177∗ 0.0166 0.0231
(0.0633) (0.0736) (0.0731) (0.0996)

D5AdviceSeeking 0.0415∗∗ 0.0355∗ 0.0318∗ 0.0206
(0.0149) (0.0155) (0.0141) (0.0173)

D7RiskSeeking -0.00448 0.0139 0.00700 0.0158
(0.0183) (0.0201) (0.0156) (0.0201)

Female 0 0 0 0
(.) (.) (.) (.)

Male 0.288∗∗∗ 0.316∗∗∗ 0.100 0.00983
(0.0623) (0.0802) (0.0741) (0.0977)

bac plus 0.0224 0.0608∗

(0.0359) (0.0300)

has econ 0.0263 0.0318
(0.0906) (0.0892)

Constant 0.450∗∗∗ 0.149 0.0312 0.425∗∗∗ 0.150 0.0525
(0.0146) (0.145) (0.178) (0.0175) (0.115) (0.182)

Observations 1070 1575 1095 1010 1515 960
ParticipantFE Yes Yes

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Round-level OLS regression where the dependent variable is a dummy equal to one if the participant
bought advice in the given round. Includes demographics or participants’ fixed effects as control variables.
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Figure 14: Distribution of participants’ rates of purchasing advice in baseline
treatments with one robot across rounds 1 to 15.
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the corresponding bin.

Figure 15: Distribution of participants’ rates of purchasing advice in treat-
ments with belief elicitation across rounds 1 to 15.
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Figure 16: Distribution of participants’ posteriors on advisor’s quality.
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