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A B S T R A C T

For the widely-used Becker–DeGroot–Marschak (BDM) mechanism, we provide a Bayesian
model of imperfect perception that formalizes the notion of misperceiving incentives and derive
population-level comparative static predictions for agents that must pay a cognitive cost to
improve their understanding of incentives. These predictions are not symmetric: reductions in
mistakes are more robust for cost decreases than for benefit increases. Using data from an
existing experiment and new experimental treatments, we find evidence in line with these
predictions, suggesting that subject misperceptions respond to both the costs and benefits of
better understanding the mechanism’s incentives. Moreover, a treatment that reduces the costs
of perception leads to larger improvements in understanding, and these improvements are
equivalent to learning with feedback.

. Introduction

Strategic dominance is a widespread concept in the theory of incentives and its applications, and mechanisms with dominant
trategies are the cornerstone of prominent applications such as matching (deferred acceptance algorithms), auction design (second
rice auction), belief elicitation (proper scoring rules), and value elicitation (Becker–DeGroot–Marschak mechanism). However,
espite the apparent simplicity of the incentives provided by these mechanisms, there is a corpus of evidence showing that
ndividuals systematically fail to play dominant strategies in them (Kagel et al., 1987; Cason and Plott, 2014; Hassidim et al.,
017; Rees-Jones and Skowronek, 2018; Danz et al., 2020).

Recent experiments from the lab and field have suggested that such failures can arise from difficulties in correctly perceiving the
ncentives provided by mechanisms. In a school choice setting, Kapor et al. (2020) find empirical evidence of parents’ systematic
isperceptions of match probabilities for an assignment mechanism. In a controlled lab experiment, Danz et al. (2020) find that

or the Binarized Scoring Rule (BSR), a state of the art mechanism for belief elicitation, misreported probabilities exhibit patterns
uggestive of biased perception of incentives. In a classroom experiment, Cason and Plott (2014) find that subjects report earnings
s if they are facing different incentives than those provided by the Becker–DeGroot–Marschak (BDM) mechanism.

In addition, there is a growing sense that such misperceptions are impacted by the costs and benefits of better understanding
he incentives these mechanisms provide. For example, Danz et al. (2020) note that the BSR has relatively flat incentives at truthful
eporting, so that when it comes to misperceptions of incentives, ‘‘an exacerbating factor is that the penalties to such misperceptions
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are small’’. When Berry et al. (2020) use the BDM to elicit willingness to pay for clean water technology among farmers, they
conclude that ‘‘respondents with more at stake may have taken the exercise more seriously’’.

In this paper, we offer evidence that misperceptions of the BDM’s incentives respond to both the costs and benefits of better
nderstanding the mechanism’s incentives. As a first step, we provide a Bayesian model of imperfect perception that formalizes the
otion of misperceiving incentives, and for a population of agents that must pay a cognitive cost to improve their understanding of
ncentives, we derive comparative static predictions related to the costs and benefits of more accurately perceiving the mechanism’s
ncentives. We then investigate these comparative static results experimentally using data from both an existing BDM experiment
nd new experimental treatments. We find that a treatment that reduces the difficulty of correctly perceiving the BDM’s incentives
ncreases the frequency of dominant strategy play to an extent that is comparable to learning with feedback.

Our model of misperceiving the BDM’s incentives employs standard techniques from the psychology, neuroscience, and economics
iteratures on perception and attention. We assume that agents receive noisy mental signals about an uncertain state of the world,
hich is the payoff function they are facing. We follow these literatures in assuming also that agents form correct posterior beliefs
bout the state based on these signals, and in the context of our model, these beliefs summarize an agent’s uncertainty about the
ayoff function they are facing.

We use the experimental findings of Cason and Plott (2014) (CP hereafter) to provide an empirically-validated assumption about
he form this misperception takes. They observe that subjects sometimes report payments as if they face a first-price sealed-bid
rocurement auction (FPA hereafter) when they actually face the BDM, so we assume that subjects are uncertain about whether
hey face the BDM’s payoff function or the FPA’s payoff function. With this assumption about agent confusion, our model generates
one-to-one map between an agent’s beliefs and their offers, which can be used to rationalize many dominated offers. This map

an also be used to infer the beliefs agents hold about the likelihood of each payoff function, and with these implied beliefs we
easure the extent of misperception subjects possess about the BDM’s incentives.

To provide comparative static predictions for beliefs and offers for this model, we further specialize it by assuming that mental
ignals are chosen optimally and signals have costs proportional to their informativeness, as in rational inattention theory (Sims,
003). Using this specialized model, we examine the comparative static predictions for a population of rational inattentive agents
ho may not share the same prior beliefs. We take this approach because our data is generated by a population of individuals who
ay not share the same initial misperceptions.

We consider population-level comparative statics for two model parameter values: one that represents the benefits of perceiving
he mechanism’s incentives better and another that represents the costs of perceiving the mechanism’s incentives better. First, we
nvestigate the comparative static prediction for a model parameter that represents the benefits of perceiving the mechanism’s
ncentives better: the maximum posted price. As the maximum posted price in the BDM increases, subjects benefit more from
nderstanding the mechanism’s incentives, so our model predicts that their misperception should on average decrease. Thus, their
mplied beliefs (of the likelihood that they face the BDM’s payoff function) should be higher on average. We are able to test this
rediction using data from the CP experiment because they varied the maximum posted price both within subject (across two rounds)
nd between subjects (within each round).

Using their data, we find that implied beliefs are higher on average when the maximum posted price increases, which is consistent
ith the theoretical prediction. Despite holding more accurate beliefs, the average offer is further from the dominant strategy as the
aximum posted price increases. However, our theoretical results show that such a divergence is possible as the maximum posted
rice increases: subjects can make larger mistakes even though their misperception has decreased.1

The reason for this seemly counter-intuitive result (that some subjects can be made worse off by increasing the benefits of correct
erception) is that increasing the benefits of perception through higher stakes not only changes the incentives to understand better,
ut also, and crucially, it changes the actual game subjects face, and therefore their optimal bidding behavior. And unless subjects
erfectly understand the game form, optimal bids get further from the correct bid. In other words, subjects who are moderately
istaken will improve their understanding of the payoff rule on average, but those subjects who are even slightly wrong in their
erception are induced by the treatment to make larger mistakes.

The disentangling of these two effects is possible thanks to our Bayesian model, and to the best of our knowledge it is a novel
ontribution to the understanding of subjects’ mistakes in the BDM mechanism.

Second, we investigate the comparative static prediction for a model parameter that represents the costs of perceiving the
echanism’s incentives better: the cost of information. As the cost of information falls, our model predicts both a decrease in
isperception (higher average beliefs of the correct payoff function) and a reduction in the size of mistakes (lower average offers).
o test this prediction, we vary the cost of information by comparing a replication of the CP experiment to a new treatment in
hich the payoffs to each action are specified contingency-by-contingency as in the experimental approach of Esponda and Vespa

2014), Möbius et al. (2022), and Coffman (2014).2
When we implement this ‘‘contingent thinking’’ protocol for the BDM, we find that the fraction of subjects playing in line with

he dominant strategy doubles (an improvement on the extensive margin) and that there is a general shift in offers towards the
ominant strategy (an improvement on the intensive margin). Using our model to measure misperception, we find that subjects are
5.6% more correct about the payoff function they face, which corresponds to an average increase of 20.8 percentage points in
he likelihood of the correct incentives. Given these results, our comparative static prediction for information costs appears to be
onsistent with the data as well.

1 We say subjects have made a ‘‘mistake’’ if a different offer would have increased their expected payoff.
2 See the appendix for the instructions for our replication of the CP experiment and this new treatment.
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These results suggest a novel form of rational inattention: being rationally inattentive to mechanism incentives. Several other
tudies have looked for evidence of rational inattention using experiments, but these experiments have instead studied rational
nattention to the objects of choice (Caplin et al., 2011; Cheremukhin et al., 2011; Martin, 2016; Caplin and Martin, 2017), in
erceptual tasks (Dean and Neligh, 2017; Dewan and Neligh, 2020; Khaw et al., 2017; Ambuehl et al., 2018), or to opaque taxes
Morrison and Taubinsky, 2019).3 A more closely related paper to ours is by Abeler and Jäger (2015), who consider how work effort
hanges when tax regimes are more or less complex (in terms of the number of tax rules). They find that subjects who face more
omplex rules are equally likely to respond to additional tax rules of large and small impact. They note that if agents are certain of
he impact of these rules and can only consider a fixed number of rules, then this provides evidence against rational inattention to
ax regimes.

Instead, we assume that agents are uncertain about the incentives they face. Our innovation is to model this uncertainty using
oisy mental signals. Receiving noisy mental signals is central to signal detection theory, the drift diffusion model, and rational
nattention theory. In the economics literature, cognition is modeled with noisy mental signals in Woodford (2014), Caplin and
artin (2015), Caplin and Dean (2015), Matějka and McKay (2015) and Fudenberg et al. (2018). Like many of these papers, we

ake an as if perspective in which we formally model an otherwise intuitive process.
Also, while it might be appealing from a mathematical perspective, we do not follow a standard approach of assuming that the

ecision-maker’s mental signal is composed of actual payoffs plus a noise term drawn from some distribution. Instead, we use an
mpirically-validated assumption about the set of payoff functions that subjects think are possible. In general, collecting non-choice
ata, such as beliefs about outcomes, can be useful in determining the form that misperception takes. For example, Kapor et al.
2020) ask subjects about the probability of matches and the details of the matching mechanism, and Martínez-Marquina et al.
2019) examine the payoffs mentioned by subjects who are in an advising role. In addition, the set of payoff functions an agent
onfuses with a given one are potentially testable. For instance, in the appendix we show how the set of optimal actions varies as
his set varies, which produces testable content.

Finally, our treatments for varying the cost of better understanding the mechanism’s payoff function draw inspiration from the
ecent literature on contingent thinking. In fact, difficulties with contingent reasoning have been shown to be a key factor in failures
o play dominant strategies (Esponda and Vespa, 2019; Li, 2017). Since we do not change the extensive form across treatments, we
o not ease the cognitive burden on subjects by leveraging obviously strategy-proofness (Li, 2017) or resolving uncertainty ex-post
r ex-ante (Esponda and Vespa, 2019; Martínez-Marquina et al., 2019). This is because our goal is to isolate, within the same
echanism, the impact of changing the costs of better perceiving the mechanism’s incentives.

.1. Discussion: Practical implications

Taken together, our results offer evidence that misperceptions of the BDM’s incentives respond to both the costs and benefits of
etter understanding the mechanism’s incentives. This suggests that Danz et al. (2020) are correct to worry that flat incentives in
he BSR might lead to noise in probability elicitation and that Berry et al. (2020) are correct in thinking that subjects with more
xtreme payoffs might come to understand incentives better, leading to variation in the accuracy of preferences elicited by the BDM.

An important follow-up question is to ask whether our results offer insights for practitioners when it comes to the design of
xperiments. One takeaway from our paper is that when it comes to the BDM mechanism, addressing misperceptions with cost
eductions is more robust than with benefit increases.

Our theoretical analysis reveals that whether the average bid improves with an improvement in the benefits of better perception
epends on how mistaken a subject initially was. Subjects with an extreme prior belief of being in a FPA would not improve their
idding behavior; on the contrary, it will get further from the correct bid. However, moderately mistaken subjects will strictly
mprove their bidding behavior on average. Thus, the average effect on the bidding behavior will depend on the distribution of
rior beliefs on the population, which cannot be predicted ex-ante.

This has major implications for practitioners, given the intuitive belief that higher stakes alone can suffice to improve strategic
hoices. This is simply false for the most mistaken part of the population, who can be made worse off with high-powered incentives.
hus, with enough mistaken subjects, the total effect can be negative.

On the other hand, the effect of changing the costs of perceiving the mechanism is more straightforward and perfectly aligns
ith intuition: lowering the cost of perception improves the average beliefs (Proposition 5) as well the average bidding behavior

Proposition 6). Empirical evidence from our contingent treatment is consistent with these two predictions.
This provides a cautionary tale for practitioners. While high stakes suffice to improve the average understanding of the

echanism, they can magnify strategic mistakes due to misperception, for they impact the optimal strategy and so the total effect
s undetermined. Thus, using high stakes to incentivize good understanding of payoff rules may backfire and, while improving
nderstanding, can make a fraction of the population worse off. This is never the case with intervention addressed to improve
nderstanding by lowering costs of perception.

A second takeaway for practitioners is that lowering the costs of perceiving the mechanism’s incentives can be particularly
owerful. Moreover, an important driver of perception costs appears to be that ‘‘thinking through all contingencies is challenging in
robabilistic settings’’ (Martínez-Marquina et al., 2019). Martínez-Marquina et al. (2019) conjecture that having subjects separately

3 Relatedly, Avoyan and Schotter (2020) use experiments to study the allocation of attention across games when an agent faces more than one game at a
3
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consider payoffs for each contingency makes decisions easier because it focuses a subject’s attention on a subset of random variable
realizations, instead of the whole set of potential random variable realizations.

To help subjects think through all contingencies, experimentalists have designed a number of interventions that encourage
ubjects to consider the payoff implications of their actions contingency-by-contingency. For example, Esponda and Vespa (2019)
ocus the attention of subjects on a particular contingency by resolving uncertainty. They apply this intervention to five settings
nd find that subjects are more likely to make the correct decision once a contingency is realized. Martínez-Marquina et al. (2019)
lso aim to help subjects with contingent reasoning by resolving uncertainty, but they instead take an ex-ante perspective by having
ubjects take a single action that applies across different deterministic states. They alter the acquiring-the-company game by having
ubjects state a single price at which they would buy a company when both possible companies are available, and they find this
ntervention substantially reduces choice mistakes.

Another intervention designed to encourage subjects to consider the payoff implications of their actions contingency-by-
ontingency is one where subjects choose an action in each contingency, a consistent switching point across contingencies is enforced
r elicited, and a random choice is selected to be implemented for payment. Healy (2018) calls such an approach the ‘‘randomized
inary choice’’ (RBC) elicitation mechanism. Bartling et al. (2015) use an RBC to elicit willingness-to-pay and willingness-to-accept
or both money and goods.4 Möbius et al. (2022) and Coffman (2014) implement an RBC to elicit probabilities in which subjects
hose which ‘‘robot’’ they would let choose for them (by selecting a threshold robot), where each robot had between a 1 and 100
hance of being correct (and a random robot was then selected).

In a development context in the field, Berry et al. (2020) elicit willingness-to-pay for a clean water filter in rural areas of northern
hana using a Becker–DeGroot–Marschak (BDM) mechanism. After an initial offer is selected, the surveyor shows contingent payoffs

n ‘‘nearby’’ contingencies, and then asks if they would like to change their offer.
A common element to these interventions is that they frame information about payoffs contingency-by-contingency. In our paper,

e show that this common element is enough on its own to successfully reduce choice mistakes. In doing so, we add to the growing
vidence across a wide range of settings that the framing of information can be an effective tool for making individuals better
nformed before they make decisions. For instance, frames appear to make it easier for consumers to understand the characteristics
f an option (Hastings and Tejeda-Ashton, 2008; Choi et al., 2009), to navigate the decision problem they face (Abeler and Jäger,
015), or to compare options (Carrera and Villas-Boas, 2015; Ericson and Starc, 2016; Carpenter et al., 2019).

. Model of misperceiving the BDM’s incentives

In this section, we first introduce our approach to imperfect perception of the BDM’s incentives, and then solve for optimal offers
n the BDM with misperception of its incentives. Finally, we consider how offers and beliefs change with model parameter values
f the misperception of agents responds to the costs and benefits of correctly perceiving the BDM’s incentives.

.1. Misperception and the BDM’s incentives

The standard BDM is a simple decision problem. A subject who values a good at 𝜃 is asked to choose an ‘‘offer’’ price 𝑏, which
orresponds to the minimum price at which they are willing to sell the good. Next, a ‘‘posted’’ price 𝑝 is randomly drawn from a
niform distribution on [0, 𝑝̄]. If 𝑝 ≥ 𝑏 the good is sold and the agent is paid 𝑝. Otherwise, the agent keeps the good and obtains 𝜃.5

It is easy to see that 𝑏∗𝐵𝐷𝑀 = 𝜃 is a dominant strategy.
In the literature on perception and attention, agents are assumed to receive noisy signals about a state of the world 𝜔 ∈ 𝛺.

Our innovation is to assume that 𝛺 is the set of possible payoff functions the agent might confuse with the BDM’s payoff function.
While agents start off uncertain about which 𝜔 ∈ 𝛺 they face, they are able to reduce their uncertainty by thinking about the payoff
function they face. When there are cognitive limits, this can produce game form misrecognition, which is ‘‘a failure of the decision
maker to recognize the proper connections between the acts available for choice and the consequences of choice’’ (Cason and Plott,
2014).

Based on the empirical evidence in Cason and Plott (2014), we analyze the case where subjects could confuse the BDM’s payoff
function with the First Price Auction’s (FPA) payoff function.6 Thus, the states of the world are 𝛺 = {𝜔0, 𝜔1}, where 𝜔0 corresponds
to the BDM and 𝜔1 corresponds to the FPA.7 With the FPA, if the good is sold (i.e. if 𝑝 ≥ 𝑏) the agent is paid 𝑏 instead of 𝑝. Note the
action set is identical in both states of the world, as well as the information sets. The only difference is the way an agent believes
payoffs are determined.

The prior beliefs that an agent has about the likelihood of facing alternative payoff functions is 𝜇 ∈ 𝛥(𝛺). This prior could be set
exogenously by an experimenter, determined by an individual’s experience in a particular laboratory, or formed from day-to-day

4 They also use a deterministic belief question to assess whether subjects understand the payoffs for money and find that subjects who appear to understand
he payoffs for money still exhibit willingness-to-pay and willingness-to-accept disparities for the good.

5 For simplicity, in the body of the paper we assume monetary amounts are continuous. In the appendix, we solve for the optimal offer strategy when prices
nd offers are discrete, and show it converges to the continuous case.

6 In the appendix, we show how the optimal strategy changes if we assume instead that subjects confuse the BDM’s payoff function with other payoff function
esides the FPA’s.

7 The restriction to a binary state space 𝛺 is a common assumption in the literature for the sake of analytical tractability. Our model is still in principle
4

solvable with more states.
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Fig. 1. The timeline of BDM with misperception.

nteractions. Also, it could be correct given the likelihood of encountering a particular set of incentives in a particular setting,
ut it need not be correct. The prior probability an agent assigns to payoffs being determined by the BDM is given by 𝜇(𝜔0). For
onvenience, we abuse notation and denote 𝜇 ∶= 𝜇(𝜔0) as the prior probability of state of world being 𝜔0. While determining the

prior of an agent about payoff functions is an empirically challenging task, our main comparative statics predictions will be robust
to changes in the prior.

Before choosing a strategy, the agent receives a mental signal about the payoff function they face, which represents their
subjective perception of the incentives they are facing. This signal can be fully informative about the payoff function, but it can
also be fuzzy and stochastic, such as the mental signal received by a subject who does not put much cognitive effort into thinking
about the incentives they are facing.8

The agent’s signal is represented by an information structure 𝜋 ∶ 𝛺 → 𝛥(𝛥(𝛺)), where 𝛤 (𝜋) ∈ 𝛥(𝛺) is the set of posterior beliefs
supported by 𝜋. We restrict information structures to those that contain Bayes plausible posteriors according to the prior 𝜇, which
we denote by 𝛱(𝜇).9 For convenience, we abuse notation and denote 𝛾 ∶= 𝛾(𝜔0) as the posterior probability of state of world being
𝜔0. In other words, 𝛾 is the agent’s belief of the likelihood they are actually facing the BDM’s incentives when choosing their offer
strategy.

The timeline of the decision problem with misperception is summarized in Fig. 1.
With misperception, the agents may be unsure of which payoff function they face, so their optimal offer strategy will reflect

this uncertainty. Based on their posterior belief 𝛾, the agent chooses a minimum selling price 𝑏 to maximize the expected payoff
accounting for the uncertainty about the payoff generating rule, this is, ∫ 𝑏

0
1
𝑝̄ 𝜃𝑑𝑝 + ∫ 𝑝̄

𝑏
1
𝑝̄ [𝛾𝑝 + (1 − 𝛾)𝑏]𝑑𝑝. The unique optimal offer

trategy is given by,

𝑏∗(𝛾) =
𝜃 + (1 − 𝛾)𝑝̄

2 − 𝛾
. (1)

As long as 𝜃 ≤ 𝑝̄, the optimal offer is decreasing in 𝛾, and for a given 𝛾, the optimal offer is increasing in 𝑝̄. This optimal offer
educes to the standard optimal strategies when posteriors are degenerate. Specifically, 𝑏∗(1) = 𝑏∗𝐵𝐷𝑀 = 𝜃 and 𝑏∗(0) = 𝑏∗𝐹𝑃𝐴 = 𝜃+𝑝̄

2 .
As a result, all offers in the range

[

𝜃, 𝜃+𝑝̄2
]

can be rationalized by our model.

2.2. Offers with optimal misperception

Without any additional restrictions on the form of misperception, our model does not indicate how posterior beliefs and offers
will change as model parameter values change. A natural restriction on misperception is to assume that information structures 𝜋
are chosen optimally. We assume further that information carries entropic costs, as in rational inattention theory.

Thus, we assume that after observing 𝜃, the agent chooses an information structure 𝜋. Once a posterior 𝛾 is observed, an offer
price 𝑏 is chosen, a posted price 𝑝 is realized, and payoffs are determined according to the BDM, regardless of subject’s beliefs.

We solve this model backwards. First, fixing a posterior, the optimal offer strategy is given by (1). Denote the payoff from this
trategy by 𝑢(𝛾). Next, considering the cost it will entail, an information structure is chosen optimally, subject to Bayesian plausibility.
pecifically, let the cost of any information structure 𝜋 be

𝐾(𝜋, 𝜅, 𝜇) = 𝜅𝐸𝜋 [𝐻(𝜇) −𝐻(𝛾)]

where 𝐻(𝛾) is the standard Shannon’s entropy. The parameter 𝜅 linearly scales the cost of an information structure, and it is typically
interpreted as the marginal cost of information.10

Given prior 𝜇, the value of choosing the optimal information structure is

𝑉 (𝜇) = max
𝜋∈𝛱(𝜇)

𝐸𝜋 [𝑣̂(𝛾)]

8 This differs from Compte and Jehiel (2007), who study the impact of an agent acquiring information about their valuations, not the payoff function itself.
9 This posterior-based approach is used to model imperfect perception and limited attention by Caplin and Martin (2015), Caplin and Dean (2015), Matějka

nd McKay (2015).
10 See Sims (2003) and Matějka (2015).
5
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where for all 𝛾 ∈ 𝛤 (𝜋), the function 𝑣̂(𝛾) = 𝑢(𝛾) − 𝜅(𝐻(𝜇) −𝐻(𝛾)), is the interim net benefit from observing posterior 𝛾 and acting
optimally afterwards.

This problem can be mapped into the sender’s problem in the ‘‘costly persuasion’’ framework of Gentzkow and Kamenica (2014)
by choosing the reference belief to be the prior 𝜇 and the value of the induced belief (adjusted for the cost of inducing that belief)
to be 𝑣̂(𝛾).11

Because 𝑉 (𝜇), the value of the above program, is the concave closure of 𝑣̂(𝜇), the concavity of 𝑣̂ determines whether or not the
agent benefits from choosing an informative information structure or not. We say an information structure is ‘‘informative’’ if it
generates posterior beliefs that are different from the prior.

Since the function 𝑣̂ is twice differentiable on (0,1), it is easily inferred that there are two cases depending on the region of
parameters: On the one hand, if 𝜅𝑝̄

(𝑝̄−𝜃)2 < 1
6
√

3
the domain of the function 𝑣̂ can be partitioned in three regions (strictly concave,

strictly convex, and then strictly concave). For the set of priors between the strictly concave regions, 𝑉 (𝜇) > 𝑣̂(𝜇), so it is optimal
to choose an informative information structure. Outside this region, the agent regards the BDM payoff function to be either very
unlikely or very likely, so it is not worth choosing an informative, but costly, information structure.

On the other hand, if 𝜅𝑝̄
(𝑝̄−𝜃)2 > 1

6
√

3
, 𝑣̂ is strictly concave for all 𝜇, so it is never optimal to choose an informative information

tructure. This establishes the following claim.

laim 1. There exists a set of priors such that choosing an informative information structure is optimal if and only if 𝜅𝑝̄
(𝑝̄−𝜃)2 < 1

6
√

3
.

While an optimal information structure exists for all model parameter values, this condition indicates when the optimal
nformation structure will or will not contain informative signals (in other words, when it is degenerated for all priors). It follows
hat when this condition holds, the optimal information structure has two posteriors in its support, that we denote by 𝛾∗1 and 𝛾∗2 .

Also, these posteriors are unique for a fixed prior. Otherwise, a contradiction with strict concavity would be reached.
It is possible to give a differential characterization of the optimal posteriors, which turns out to be useful for deriving comparative

statics. In the spirit of the ILR conditions of Caplin and Dean (2013), these restrictions are:

1. Same slope of 𝑣̂ at the optimal posteriors:

𝜕𝑣̂
𝜕𝛾

|

|

|

|𝛾∗1

= 𝜕𝑣̂
𝜕𝛾

|

|

|

|𝛾∗2

(2)

2. Same tangent of 𝑣̂ and 𝑉 at the optimal posteriors:

𝑣̂(𝛾∗1 ) − 𝑣̂(𝛾∗2 ) = 𝛾∗1
𝜕𝑣̂
𝜕𝛾

|

|

|

|𝛾∗1

− 𝛾∗2
𝜕𝑣̂
𝜕𝛾

|

|

|

|𝛾∗2

(3)

A geometric intuition for this condition can be provided using Fig. 2. The curved black line corresponds to 𝑣̂, and the straight
red line corresponds to the unique line tangent to 𝑣̂ at the optimal posteriors. The concave closure of 𝑣̂ coincides with 𝑣̂ on the
ntervals [0, 𝛾∗1 ) and (𝛾∗2 , 1] and with the tangent line on [𝛾∗1 , 𝛾

∗
2 ]. The first restriction says that the slope of 𝑣̂ at the optimal posteriors

s the same. The second adds the restriction that the red line has the same slope as 𝑣̂ at the optimal posteriors.
Finally, if the agent has a prior 𝜇 ∈ [0, 𝛾∗1 ) ∪ (𝛾∗2 , 1], the prior and posterior will coincide, so the agent’s optimal offer is 𝑏∗(𝜇).

Otherwise, if the agent’s prior belongs to [𝛾∗1 , 𝛾
∗
2 ], the posterior is stochastically determined to be one of the two optimal posteriors

characterized above, so the agent’s offer will sometimes be 𝑏∗(𝛾∗1 ) and sometimes be 𝑏∗(𝛾∗2 ).

2.3. Comparative statics of optimal misperception

In this subsection we establish comparative static predictions for two parameters of our specialized model: the maximum posted
price 𝑝̄ and the cost of information 𝜅. We first examine how a change in these two parameters impacts the optimal posteriors (Claims
2 and 3). Building on these results, we derive comparative statics for average optimal posteriors, where the average is with respect
to the optimal information structure 𝜋 (Propositions 4 and 5). Finally, Section 2.3.2 summarizes our findings for how the average
offer responds to changes in 𝑝̄ and 𝜅.

2.3.1. Comparative statics: Optimal posteriors
The maximum posted price (𝑝̄) and the cost of information (𝜅) impact optimal posteriors in systematic ways. As 𝑝̄ increases, an

agent has more incentive to obtain informative mental signals of the payoff function, so the region of priors for which it is optimal
to do so enlarges. On the other hand, as 𝜅 increases, the region of priors for which it is optimal to obtain informative mental signals
of the payoff function shrinks. These comparative statics are established with the following two claims.

11 In the framework of Gentzkow and Kamenica (2014), the reference belief does not need to coincide with the prior. Instead, it can be any fixed interior
elief against which the cost of an information structure is assessed. In our case, the reference belief happens to coincide with the prior, which is inconsequential
6

ecause the optimal information structure is independent of the fixed reference belief.
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Fig. 2. An example of 𝑣̂ (curved line in black) and the tangent of 𝑣̂ (straight line in red) at the optimal posteriors.

Claim 2. Assume 𝜅𝑝̄
(𝑝̄−𝜃)2 < 1

6
√

3
and without loss of generality that 𝛾∗1 < 𝛾∗2 . Optimal posterior 𝛾

∗
1 decreases with 𝑝̄, and optimal posterior

𝛾∗2 increases with 𝑝̄.

Proof. Use the implicit function theorem to derive conditions (2) and (3) implicitly with respect to 𝑝̄ > 0 and solve for 𝑣̂′′(𝛾𝑖)
𝜕𝛾𝑖
𝜕𝑝̄ ,

𝑖 = 1, 2 to obtain

𝑣̂′′(𝛾𝑖)
𝜕𝛾𝑖
𝜕𝑝̄

= 1
𝛾𝑗 − 𝛾𝑖

(𝛾𝑗 − 𝛾𝑖)2(𝑝̄2 − 𝜃2)

2(2 − 𝛾𝑗 )(2 − 𝛾𝑖)2𝑝̄2

≠ 𝑗, 𝑖, 𝑗 = 1, 2. Since 𝛾1 < 𝛾2, the right-hand term is positive for 𝑖 = 1 and negative for 𝑖 = 2. Combined with the fact that 𝑣̂ is
strictly concave in the optimal posteriors, this implies 𝜕𝛾1

𝜕𝑝̄ < 0 and 𝜕𝛾2
𝜕𝑝̄ > 0, as desired.

Claim 3. Assume 𝜅𝑝̄
(𝑝̄−𝜃)2 < 1

6
√

3
and without loss of generality that 𝛾∗1 < 𝛾∗2 . Optimal posterior 𝛾

∗
1 increases with 𝜅, and optimal posterior

𝛾∗2 decreases with 𝜅.

Proof. Since by assumption 𝛾∗1 < 𝛾∗2 , use again the implicit function theorem to derive conditions (2) and (3) implicitly with respect
to 𝜅, and solving for 𝑣̂′′(𝛾𝑖)

𝜕𝛾𝑖
𝜕𝜅 for 𝑖 = 1, 2, we obtain:

𝑣′′(𝛾𝑖)
𝜕𝛾𝑖
𝜕𝜅

=
𝐻(𝛾1) −𝐻(𝛾2) − (𝛾1 − 𝛾2)𝐻 ′(𝛾𝑖)

𝛾1 − 𝛾2
ince 𝛾1 < 𝛾2 by assumption, the denominator in both expressions is negative. It follows from strict concavity and differentiability
f the entropic cost function that 𝐻(𝛾1)−𝐻(𝛾2)+𝐻 ′(𝛾1)(𝛾2− 𝛾1) ≥ 0 and 𝐻(𝛾1)−𝐻(𝛾2)−𝐻 ′(𝛾2)(𝛾1− 𝛾2) ≤ 0. Therefore, the right-hand

side is negative for 𝑖 = 1, and is positive for 𝑖 = 2. Since 𝑣̂ is concave in the optimal posteriors, we have that 𝜕𝛾1
𝜕𝜅 ≥ 0 and 𝜕𝛾2

𝜕𝜅 ≤ 0, as
desired.

Building on previous claims, we first show that when agents face the BDM, the average belief is increasing in the maximum
posted price (𝑝̄).12 Intuitively, as the benefits to perceiving the payoff function correctly increase, so do the average beliefs of the
correct payoff function.

Proposition 4. Let 𝐸[𝛾|𝜔0, 𝑝̄] be the expected belief when facing the BDM and the maximum posted price is 𝑝̄. If 𝑝̄′ > 𝑝̄, then
𝐸[𝛾|𝜔0, 𝑝̄′] ≥ 𝐸[𝛾|𝜔0, 𝑝̄] for any prior 𝜇.

Proof. By definition,

𝐸[𝛾|𝜔0] = 𝜋(𝛾∗1 |𝜔0)𝛾∗1 + 𝜋(𝛾∗2 |𝜔0)𝛾∗2 =
𝜋𝛾∗1
𝜇

𝛾∗1 +
(1 − 𝜋)𝛾∗2

𝜇
𝛾∗2

12 We condition the state on when agents face the BDM because our interest is in the comparative statics of optimal misperception when subjects are facing
7

he BDM.
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with 𝛾∗1 , 𝛾∗2 , and 𝜋 implicit functions of 𝑝̄. By definition 𝜋 is constrained to satisfy

𝛾∗1𝜋 + 𝛾∗2 (1 − 𝜋) = 𝜇

o we can rewrite

𝐸[𝛾|𝜔0] =
1
𝜇

(

𝛾∗2 − 𝜇
𝛾∗2 − 𝛾∗1

)

(𝛾∗1 )
2 + 1

𝜇

(

1 −
𝛾∗2 − 𝜇
𝛾∗2 − 𝛾∗1

)

(𝛾∗2 )
2 = 𝛾∗2 + 𝛾∗1 −

𝛾∗2 𝛾
∗
1

𝜇
(4)

y using the chain rule to derive 𝐸[𝛾|𝜔0] w.r.t. 𝑝̄, we obtain

𝑑𝐸[𝛾|𝜔0]
𝑑𝑝̄

=
𝜕𝐸[𝛾|𝜔0]

𝜕𝛾∗1

𝜕𝛾∗1
𝜕𝑝̄

+
𝜕𝐸[𝛾|𝜔0]

𝜕𝛾∗2

𝜕𝛾∗2
𝜕𝑝̄

nd because 𝜕𝐸[𝛾|𝜔0]
𝜕𝛾∗1

< 0 and 𝜕𝐸[𝛾|𝜔0]
𝜕𝛾∗2

> 0 (from (4)), we conclude from Claim 2 that 𝑑𝐸[𝛾|𝜔0]
𝑑𝑝̄ > 0 as desired.

Moreover, when agents face the BDM, the average belief decreases as the cost of information (𝜅) increases. As it gets harder and
harder to disentangle states, the extent of misperception increases on average.

Proposition 5. Let 𝐸[𝛾|𝜔0, 𝜅] be the expected belief when facing the BDM and the cost of information is 𝜅. If 𝜅′ > 𝜅, then
[𝛾|𝜔0, 𝜅′] ≤ 𝐸[𝛾|𝜔0, 𝜅] for any prior 𝜇.

roof. Using the chain rule to derive 𝐸[𝛾|𝜔0] w.r.t. 𝜅, we obtain

𝑑𝐸[𝛾|𝜔0]
𝑑𝜅

=
𝜕𝐸[𝛾|𝜔0]

𝜕𝛾∗1

𝜕𝛾∗1
𝜕𝜅

+
𝜕𝐸[𝛾|𝜔0]

𝜕𝛾∗2

𝜕𝛾∗2
𝜕𝜅

and because 𝜕𝐸[𝛾|𝜔0]
𝜕𝛾∗1

< 0 and 𝜕𝐸[𝛾|𝜔0]
𝜕𝛾∗2

> 0 (see Eq. (4)), from Claim 3 we conclude that 𝑑𝐸[𝛾|𝜔0]
𝑑𝜅 ≤ 0, as desired.

2.3.2. Comparative statics: Average offers
Last, we examine how average offers change as the maximum posted price (𝑝̄) and the cost of information (𝜅) change. When

agents are facing the BDM, the average offer can either increase or decrease with 𝑝̄ depending on the prior, but the average offer
increases with 𝜅 for all priors.

Because the average optimal posterior increases with 𝑝̄, we might expect the average offer to decrease with 𝑝̄. However, this is
not true in general, as the example in Fig. 3 illustrates. Note that in general, the expression for the average offer, conditional on
facing the BDM, is given by

𝐸[𝑏(𝛾)|𝜔0, 𝜇] =

{

[𝛾∗2𝐴 − 𝛾∗1𝐵]
1
𝜇 − (𝐴 − 𝐵) if 𝜇 ∈ [𝛾∗1 , 𝛾

∗
2 ],

𝑏(𝜇) otherwise.

here 𝐴 =
𝛾∗1

𝛾∗2−𝛾
∗
1
𝑏(𝛾∗1 ) and 𝐵 =

𝛾∗2
𝛾∗2−𝛾

∗
1
𝑏(𝛾∗2 ). Observe that the expected offer is convex in the region of the domain where information

is valuable.
When it is not valuable to get informative mental signals, 𝑏∗(𝛾) shifts out as 𝑝̄ increases, which means that there is an increase

in the expected offer for all such 𝜇. At the same time, an increase in 𝑝̄ widens the region of priors for which it is optimal to get
informative mental signals. For such priors, when 𝑝̄ increases, the rate at which the average offer moves closer to the standard one
increases. The net result is that the comparative static is uncertain and any behavior can be rationalized by assuming a particular
prior (or a particular distribution of priors across subjects).

On the other hand, when 𝜅 increases, the average offer moves in a consistent direction for all priors. A higher information cost
decreases the value of disentangling the two states, and as a result, the agent misperceives the payoff function more often, resulting
in a higher average offer. This is illustrated in Fig. 4 and formally established in the following proposition.

Proposition 6. Let 𝐸[𝑏∗(𝛾)|𝜔0, 𝜅] be the expected offer when facing the BDM and the cost of information is 𝜅. For 𝜅′ > 𝜅, then
𝐸[𝑏∗(𝛾)|𝜔0, 𝜅′] ≥ 𝐸[𝑏∗(𝛾)|𝜔0, 𝜅] for any prior 𝜇.

Proof. For convenience, let 𝑔(𝜇, 𝜅) = 𝐸[𝑏∗(𝛾)|𝜔0]. First, note that by Claim 1, for 𝜅′ ≥ 𝜃2

6
√

3𝑝̄
, 𝑔(𝜇, 𝜅′) = 𝑏∗(𝜇) as choosing an

ninformative information structure is optimal for every prior and the claim is trivially satisfied. For 𝜅 < 𝜃2

6
√

3𝑝̄
, let 𝛾∗1 (𝜅) ≤ 𝛾∗2 (𝜅) be

he unique posteriors in the optimal signal structure for any 𝜇 ∈ [𝛾∗1 (𝜅), 𝛾
∗
2 (𝜅)]. Claim 3 implies that for any 𝜅′ > 𝜅, [𝛾∗1 (𝜅

′), 𝛾∗2 (𝜅
′)] ⊆

𝛾∗1 (𝜅), 𝛾
∗
2 (𝜅)]. Therefore, we have three cases: In the first case, 𝜇 ∈ [0, 𝛾∗1 (𝜅)] ∪ [𝛾∗2 (𝜅), 1], so we have 𝑔(𝜇, 𝜅) = 𝑏∗(𝜇) = 𝑔(𝜇, 𝜅′).

In the second case, 𝜇 ∈ [𝛾∗1 (𝜅), 𝛾
∗
1 (𝜅

′)] ∪ [𝛾∗2 (𝜅
′), 𝛾∗2 (𝜅)], we have 𝑔(𝜇, 𝜅′) = 𝑏∗(𝜇), and since 𝑏∗(𝜇) is strictly concave in 𝜇 we have

(𝜇, 𝜅′) > 𝜋𝑏∗(𝛾∗1 (𝜅)) + (1 − 𝜋)𝑏∗(𝛾∗2 (𝜅)) for 𝜋 s.t. 𝜋𝛾∗1 (𝜅) + (1 − 𝜋)𝛾∗2 (𝜅) = 𝜇. Since 𝑏∗(⋅) is decreasing, and
𝜋𝛾∗1
𝜇 < 𝜋,

(1−𝜋)𝛾∗2
𝜇 > 1 − 𝜋, we

∗ ∗ ∗ ∗ 𝜋𝛾1 𝑏∗(𝛾∗(𝜅)) + (1−𝜋)𝛾2 𝑏∗(𝛾∗(𝜅)) = 𝑔(𝜇, 𝜅), so the conclusion follows.
8

have that 𝜋𝑏 (𝛾1 (𝜅)) + (1 − 𝜋)𝑏 (𝛾2 (𝜅)) > 𝜇 1 𝜇 2
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Fig. 3. An example of 𝐸[𝑏∗(𝛾)|𝜔0] where 𝑝̄ = 4 (blue), 𝑝̄ = 5 (black) 𝑝̄ = 6 (red), and 𝜅 = 0.1. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

Fig. 4. An example of the impact of an increase in the cost of information on the average expected offer when agents are facing the BDM. The dashed line
corresponds to a higher 𝜅 than the one for the solid line.

In the third case, 𝜇 ∈ [𝛾∗1 (𝜅
′), 𝛾∗2 (𝜅

′)], with 𝑔(𝜇, 𝜅′) = 𝜋′𝛾1
𝜇 𝑏∗(𝛾∗1 (𝜅

′)) + (1−𝜋)𝛾2
𝜇 𝑏∗(𝛾∗2 (𝜅

′)) for 𝜋′ s.t. 𝜋′𝛾∗1 (𝜅
′) + (1 − 𝜋′)𝛾∗2 (𝜅

′) = 𝜇. Since
𝑔(𝜇, 𝜅) can be written as (see next paragraph) 𝜋′𝑔(𝛾∗1 (𝜅

′), 𝜅) + (1 − 𝜋′)𝑔(𝛾∗2 (𝜅
′), 𝜅), from strict concavity of 𝑏 and the definition of

𝑔(𝜇, 𝜅′) we conclude the desired inequality.
To see that 𝑔(𝜇, 𝜅) = 𝜋′𝑔(𝛾∗1 (𝜅

′), 𝜅) + (1 − 𝜋′)𝑔(𝛾∗2 (𝜅
′), 𝜅), note that 𝑔(𝜇, 𝜅), 𝑔(𝛾∗1 (𝜅

′), 𝜅), and 𝑔(𝛾∗2 (𝜅
′), 𝜅) are by definition convex

combinations of 𝑏∗(𝛾∗𝑖 (𝜅)), 𝑖 = 1, 2 with the distribution over 𝛾∗𝑖 (𝜅) such that they average to the corresponding prior, i.e. 𝜋𝛾∗1 (𝜅) +
1−𝜋)𝛾∗2 (𝜅) = 𝜇, 𝜋𝛾∗1 (𝜅′)𝛾

∗
1 (𝜅) + (1−𝜋𝛾∗1 (𝜅′))𝛾

∗
2 (𝜅) = 𝛾∗1 (𝜅

′), 𝜋𝛾∗2 (𝜅′)𝛾
∗
1 (𝜅) + (1−𝜋𝛾∗2 (𝜅′))𝛾

∗
2 (𝜅) = 𝛾∗2 (𝜅

′). These necessary conditions combined
ith the fact that 𝜋′𝛾∗1 (𝜅

′) + (1 − 𝜋′)𝛾∗2 (𝜅
′) = 𝜇 leads to what is required for the equality of interest to hold.

. Using existing data to study comparative statics

In this section, we test our comparative static prediction for benefits by re-examining existing data. In the BDM experiment of CP,
he benefits for accurate perception are varied because the maximum posted price varies, which allows us to examine if the level of
isperception changes when the benefits to correctly perceiving the payoff function change. Looking across maximum posted prices,
e find evidence that misperception decreases when there are higher benefits to correctly perceive the payoff function, which is

onsistent with the theoretical prediction.
9
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Table 1
Regression analysis of the CP Experiment. This table presents coefficients of linear regressions where the
dependent variable is (1) the offer price for the card, (2) a dummy variable indicating whether the offer price
is ‘‘near $2’’ (within $0.05 of $2), or (3) the implied belief of consistent subjects. Robust standard errors are
clustered at the subject level.

(1) (2) (3)
Offer Price Near $2 Implied Belief

Maximum Posted Price 0.216*** 0.004 0.032**
(0.040) (0.013) (0.014)

Round −0.257*** 0.144*** 0.141***
(0.086) (0.026) (0.029)

Constant 2.213*** 0.002 0.178*
(0.257) (0.081) (0.104)

Observations 489 489 380

Note: Robust standard errors in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1.

3.1. Offers in the CP experiment

In the CP experiment, subjects were provided with a physical card that gave instructions for a seller version of a sealed-bid BDM
mechanism. CP used the BDM to elicit the amount of money subjects would be willing to accept for the card itself, which could be
exchanged later for $2 if not sold. Thus, if the payoff function was perceived perfectly, the dominant strategy was for subjects to
offer $2 for their card.

After receiving the card, subjects provided an offer price for their card and then turned over the card to reveal a posted price
and filled in their actual payments in light of this posted price. In a second round, subjects were then given a new card, also worth
$2, and completed the BDM again.

The minimum posted price was always $0, but between subjects, the maximum draw for the posted price 𝑝̄ varied between $4,
$5, $6, $7, and $8, and within subject, the maximum posted price 𝑝̄ varied in the same way between cards.

As described in detail in the preceding section, our model predicts that offers will increase for some parameter values and
decrease for others. CP report that the mean offer in their experiment is mostly increasing with the maximum draw 𝑝̄, and for
offers outside of $0.05 of $2, the mean offer is monotonically increasing in the value of the maximum draw 𝑝̄. Table 1 provides
the estimates from a linear regression of offers onto the maximum posted price and round with robust standard errors clustered at
the subject level. In this regression, the coefficient on maximum posted price is positive and statistically significant (coefficient =
0.216, p-value<0.001). This means that a $1 increase in the maximum posted price corresponds to an approximately $0.22 increase
in offers.

While average offers differ between maximum posted prices, the percent of subjects who offered within $0.05 of $2 does not
appear to increase with the value of the maximum posted price 𝑝̄. As shown in Table 1, for a linear regression of a dummy variable
indicating whether an offer is ‘‘near $2’’ (within $0.05 of $2) onto the maximum posted price and round, the coefficient on maximum
posted price is not statistically significant (coefficient = 0.004, p-value = 0.783 with robust standard errors clustered at the subject
level). This suggests that changes in the benefits to accurate perception largely impact the intensive margin of perception, which
helps to justify models of partial misperception.

3.2. Using implied beliefs to measure misperception

Assuming subjects misperceive the payoff function, we can use their offers to determine their ‘‘implied’’ beliefs of how likely
they are to be facing the BDM by inverting the optimal offer function (1). Specifically,

𝛾 =
𝜃 + 𝑝̄ − 2𝑏

𝑝̄ − 𝑏
(5)

Because 𝑝̄ is in this equation, the same offer implies different beliefs depending on the range of posted prices.13 The map between
implied beliefs and offers for the different posted price ranges used in the CP experiment is illustrated in Fig. 5. The fact that the
same offer corresponds to different implied beliefs for different maximum posted prices will play a central role in our subsequent
analysis because when looking across posted price ranges, increases in offers (moving away from the dominant strategy) may not
correspond to increases in misperception about the mechanism’s payoff function.

Because beliefs are bounded between 0 and 1, this relationship places restrictions on the offers that are consistent with our
model.14 Across posted price ranges, 75.9% of offers are consistent with our model for the first card and 79.5% are consistent with

13 Because increments of the posted price are small ($0.01), the discretized version of this equation is virtually indistinguishable. In practice, the difference
n the continuous and discrete versions is less than half a percentage point, so we use the continuous version throughout our analysis.
14 We allow a 5 percentage point margin, so implied beliefs between −0.05% and 1.05% sure of the correct payoff function are considered consistent with
10
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Fig. 5. Offers and implied beliefs for the posted price ranges in CP.

our model for the second card.15 These rates are not statistically different (two-sided p-value = 0.3402 using a test of proportions),
which means that we do not have evidence that experience increases consistency with our model.

3.3. Comparative statics for benefits

As we have shown in our theoretical comparative static analysis, the average belief of the BDM should increase with 𝑝̄. In other
words, misperception should fall as benefits to accurate perception increase. We now use the implied beliefs of subjects in the CP
experiment to test this prediction.

We find a clear trend in implied beliefs for consistent subjects. As shown in Table 1, a linear regression of offers onto the
maximum posted price and round for consistent subjects yields a coefficient on maximum posted price that is positive and statistically
significant (coefficient = 0.032, p-value = 0.022 with robust standard errors clustered at the subject level). This means that holding
the round fixed, increasing the maximum posted price by $1 corresponds to an approximately 3 percentage point increase in beliefs
of the correct payoff function.

These results provide a key insight about mistakes in the BDM. Because choice mistakes are increasing in size with 𝑝̄, it might
seem that subjects are becoming less informed about the mechanism. However, our regression results suggest that misperception is
actually decreasing with the maximum posted price.

As established previously, a higher maximum posted price should lead subjects to be more certain of payoff function, but the
impact of changing the maximum posted price on offers is ambiguous. Using the map between beliefs and offers, we can determine
whether both mistakes and misperception are increasing or whether mistakes are increasing despite a decrease in misperception.

4. Using new data to study comparative statics

In this section, we test our comparative static prediction for costs by running new experiments. To vary the cost of information,
we use variation in the experimental protocol. Specifically, we implement both a replication of the CP experiment and a new protocol
in which payoffs are explained contingency-by-contingency.

4.1. Our replication of the CP experiment

We first replace the CP experiment with a new subject pool and setting. Instead of undergraduate students completing the
experiment in a classroom as in CP, our participants were all part of the Kellogg School of Management panel on Amazon’s

15 If an agent were to choose offers randomly between $0 and 𝑝̄, then approximately 25% of offers would be consistent with our model when 𝑝̄ = 4, and
approximately 38% would be consistent when 𝑝̄ = 8.
11
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Table 2
Summary statistics for our replications and rescaled offers from the CP experiment. Offers in the CP experiment
are divided in half. An offer is ‘‘near $1’’ if it is within $0.05 of $1. Standard errors are in parentheses. p-values
are from two-tailed tests of proportion for percents and from two-tailed Wilcoxon rank-sum tests otherwise. ***
p < 0.01; ** p < 0.05; * p < 0.10.

(a) Baseline replication v. CP round 1.

Baseline CP round 1 Baseline = CP
replication (rescaled) p-value

Observations 190 245
Mean offer $1.70 $1.63 0.3764

($0.73) ($0.56)
Percent offer near $1 17.4% 17.6% 0.9603
Mean offer if not near $1 $1.85 $1.76 0.0844*

($0.72) ($0.53)

(b) Baseline replication v. robustness check.

Baseline Robustness Baseline = Robustness
replication check p-value

Observations 190 92
Mean offer $1.70 $1.58 0.1792

($0.73) ($0.64)
Percent offer near $1 17.4% 18.5% 0.8190
Mean offer if not near $1 $1.85 $1.71 0.0845*

($0.72) ($0.64)

Mechanical Turk (MTurk) and completed our experiment online.16 Subjects in this panel are required to be U.S. residents over
he age of 18. Following Cavallo et al. (2017), we used many of the best practices identified in the literature for getting high quality
esponses when running studies on MTurk.17 Even with these methods, we received some offers well over the maximum posted price
̄. These outliers could represent data entry errors and are not consistent with any of the explanations we considered, so we did not
nclude offers over the maximum posted price in any of the analyses in this section. For our baseline replication, this reduced our
ample by 3.6%.18 After removing these offers, our analysis sample for the baseline replication consisted of 190 subjects (57.4%
emale; 𝑀𝑎𝑔𝑒 = 38.9, 𝑆𝐷𝑎𝑔𝑒 = 12.6).

Because our subjects took our experiment online, we needed to make one substantial change to the design, which was to replace
he card with a digital token.19 We made two other changes. First, we made the value of the token $1 instead of $2. Second, we
old subjects the distribution from which posted prices were drawn. In our baseline replication, we chose to draw posted prices
niformly from $0 to $3 in increments of $0.50. In practice, it is challenging to implement the BDM at finer increments because
ayments become cumbersome, but as a robustness check, we also run a version with increments of $0.01.

Despite differences in pools, settings, and design, we find that the baseline replication produces quantitatively similar results to
he first round of the CP experiment. To compare offers directly, we rescaled offers in the CP experiment by dividing them by 2, as
he value of the card is twice the value of the token.

As shown in Table 2, the proportion of offers near $1 is similar (17.6 for rescaled CP offers across posted prices ranges and 17.4
or our replication) and not statistically different using a two-tailed test of proportions (p-value = 0.9603). The mean of the rescaled
P offers across posted price ranges in the first round (1.70) is also similar to the mean of the offers in our baseline replication
1.63), and the distributions are not statistically different using a two-tailed Wilcoxon rank-sum test (p-value = 0.3764). Fig. 6

provides these two distributions side-by-side.
As mentioned previously, we also tested the robustness of our replication by having 92 subjects complete our replication but

with posted prices drawn from $0.01 increments. We find more offers between $0.50 increments when posted prices are drawn from
smaller increments, but as shown in Table 2, the percent of subjects offering near $1 is similar (17.4% for the baseline replication
and 18.5% for the robustness check) and the distributions are not statistically different using a two-tailed Wilcoxon rank-sum test
(p-value = 0.1792).20

In practice, it is common to tell subjects the dominant strategy of a mechanism, with the hope of avoiding problems of
misperception entirely. With this in mind, we ran an additional robustness check in which we informed subjects about the dominant
strategy in the area just above the box where they entered their offers. Specifically, we stated: ‘‘The rule for selling the token is
given below. It is a bit unusual, but its implications are straightforward. There is no way of gaming the rule, the BEST thing that
you can do is to ask yourself how much you would be willing to exchange the token for, and then offer the number closest to that

16 Bull et al. (2019) also replicate the CP experiment, but with university students and in a classroom as in CP.
17 This included requiring subjects to complete a standard attentional check question at the start of the experiment, which was passed by 97.0% of subjects
ho started the baseline replication.
18 For technical reasons, CP also removed offers over 𝑝̄ in their maximum likelihood estimation procedure, but this was just 0.8% of second round offers.
19 See the appendix for the instructions for this replication.
20 We also ran an robustness check in which 137 subjects first completed our robustness check and then either our baseline replication or our contingent
rotocol, and those results appear in the appendix.
12
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Fig. 6. Offers in our baseline replication and scaled first round offers in CP pooled across posted price ranges.

amount’’. For the 44 subjects who saw this statement, the average offer price ($1.58) and the percent offering near $1 (18.2%) were
very similar to the corresponding figures for the robustness check without this statement.21

One reason why it might not be effective to tell the subjects the dominant strategy is if subjects do not trust this guidance. In
a post-experiment questionnaire, we asked subjects: ‘‘Did you trust the statements ‘there is no way of gaming the rule’ and ‘the
BEST thing that you can do is to ask yourself how much you would be willing to exchange the token for’?’’ While 81.8% of subjects
indicated that they trusted the statement, the average offer price was higher among such subjects ($1.94), though the difference is
not statistically significant (two-sided p-value = 0.6451 using a test of proportions). Also, subjects who trust the statements might
not bother to read the payoff rule listed at the bottom of the screen if doing so is costly, so we also asked subjects who answered
yes to the previous question: ‘‘Did you decide to read the rule anyway?’’ 97.2% of these subjects indicated that they decided to
read the rule despite trusting it. If subjects are attempting to read the rule anyway, then it is possible that even in this treatment,
subjects are misperceiving the mechanism and acting based on their fuzzy perception of the mechanism’s payoff function.

4.2. A new contingent protocol

To test the comparative static prediction, our goal is to make it ‘‘easier’’ for a subject to understand the BDM’s payoff function.
However, because our model does not provide an explicit map between experimental protocols and the cost of information, we draw
inspiration from the literature, primarily the method of explaining payoffs contingency-by-contingency, as in Esponda and Vespa
(2014).

In our ‘‘contingent’’ protocol, we frame each posted price as a separate computer bidder, one of which the subject will be paired
with. Each bidder offers a different bid, and like the posted prices in the baseline replication, they are spaced in $0.50 increments.
The payoff function is identical to the one in the baseline replication: if the offer (the ‘‘minimum amount you are willing to sell the
token for’’) is at or below the computer’s bid, the subject sells the token at the computer’s bid.22

This protocol has similarities to methods for eliciting valuations that have been proposed in the experimental literature. Möbius
et al. (2022) and Coffman (2014) elicit probabilities that has a very similar framing to ours. In their task, subjects chose which
robots they would let choose for them, where each robot had between a 1 and 100 chance of being correct. Healy (2018) outlines
a ‘‘randomized binary choice’’ (RBC) elicitation mechanism in which subjects chose at each price whether they would like to sell at
that price and a consistent switching point is enforced. For payment, a random choice is selected to be implemented.23

21 For this additional robustness check, we also used $0.01 increments in the distribution of posted prices.
22 The exact instructions are provided in the appendix.
23 Bartling et al. (2015) use a ‘‘multiple price list’’ RBC to elicit willingness-to-pay (WTP) and willingness-to-accept (WTA) for both money (as in CP) and

goods. They also use a deterministic belief question to assess whether subjects understand the payoffs for money and find that subjects who appear to understand
the payoffs for money still exhibit WTP-WTA disparities for the good. Brebner and Sonnemans (2018) compare choices between the BDM and the multiple price
list RBC and find that the WTP-WTA gap is similar between for the protocols they use.
13
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Fig. 7. Offers in our baseline replication and new protocol.

Table 3
Summary statistics for our new protocol and baseline replication. An offer is ‘‘near $1’’ if it is within $0.05 of
$1. Standard errors are in parentheses. p-values are from two-tailed tests of proportion for percents and from
two-tailed Wilcoxon rank-sum tests otherwise. *** p < 0.01; ** p < 0.05; * p < 0.10.

Contingent Baseline Contingent = Baseline
protocol replication p-value

Observations 192 190
Mean offer $1.50 $1.70 0.0016***

($0.70) ($0.73)
Percent offer near $1 34.9% 17.4% 0.0001***
Mean offer if not near $1 $1.76 $1.85 0.1205

($3.25) ($2.97)
Consistent with misperception 78.6% 70.0% 0.0530*
Mean belief of BDM (if consistent) 66.4% 45.6% <0.0001***

(39.3%) (43.2%)

4.3. Comparative statics for costs

Our analysis sample for the contingent protocol consisted of 192 subjects (59.4% Female; 𝑀𝑎𝑔𝑒 = 39.3, 𝑆𝐷𝑎𝑔𝑒 = 12.9). As shown
in Table 3, the average offer from these subjects was $1.50, which is $0.20 lower than the average offer from subjects in the
baseline replication. The distribution of offers for the contingent protocol and the baseline replication are provided in Fig. 7, and
these distributions are significantly different at a 5% level (p = 0.0016 for a two-tailed Wilcoxon rank-sum test). Importantly,
34.9% of offers were near $1 with the contingent protocol, which is roughly double the percentage in the baseline replication, and
these proportions are significantly different at a 5% level (p = 0.0001 for a two-tailed test of proportions). In addition, there is a
much higher average implied belief for the contingent protocol. The average implied belief for consistent subjects increases by over
20 percentage points, and the average implied belief is significantly different at a 5% level (p<0.0001 for a two-tailed Wilcoxon
rank-sum test). Both of these findings – the decrease in average offers and the increase in average implied beliefs – are consistent
with the theoretical comparative static prediction for the cost of information.

We also find that our contingent protocol produced a similar distribution of offers to the second round of CP experiment, at
which point subjects had a round of experience with the BDM and had received feedback by calculating their first round payment.
The proportion of offers near $1 is similar (34.9% of offers with our contingent protocol and 31.0% of rescaled second round offers
in the CP experiment) and not statistically different using a two-tailed test of proportions (p-value = 0.3915). The mean of the
offers ($1.50) is also similar to the mean of the rescaled second round offers in the CP experiment ($1.49), and the distributions
are not statistically different using a two-tailed Wilcoxon rank-sum test (p-value = 0.5933). Fig. 8 provides these two distributions
side-by-side.
14
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Fig. 8. Offers in our contingent treatment and rescaled second round offers in the CP experiment.

4.4. Other explanations for mistaken offers

Because there are many possible explanations for mistakes in BDM experiments besides misperception, we use this section to
investigate several of these possibilities. We examine not just their ability to explain the mistakes observed in the CP experiment
and our experiments, but their ability to explain the difference in offers between our baseline replication and contingent protocol.

4.4.1. Other behavioral biases
A number of behavioral biases could impact the offers made in BDM experiments.24 For example, the endowment effect leads

to higher offers in the BDM because ownership creates a reference point from which losses are experienced, and the direct benefits
to ownership could lead to higher offers in the BDM because ownership creates positive feelings that make the good feel higher
valued. With bad deal aversion, agents could set higher offers in the BDM as not to get a bad deal relative to a reference point when
selling the good, and with the buy-low sell-high heuristic, they might follow an optimal rule from the world in which first offers
are higher (in anticipation of future bargaining).

However, many of these behavioral theories do not predict a change in offers between our baseline replication of the CP BDM and
our new protocol because we hold the extensive form, payoffs, and role fixed between the two protocols. For instance, behavioral
biases based on ownership of the token, such as the endowment effect and the direct benefits of ownership such as positive
feelings about the good, do not suggest a change in behavior, given that ownership is unaffected by our change in protocol. In
addition, behavioral biases based on the maximum payment, such as anchoring on the maximum possible payoff and attraction
to the maximum possible payoff, do not suggest a change, given that the distribution of posted prices (particularly the maximum
posted price) does not change. Finally, behavioral biases based on being a seller, such as ‘‘bad deal’’ aversion and the ‘‘buy-low
sell-high’’ heuristic, do not suggest a change, given that the subject is still in the role of seller.

One behavioral bias that can explain the change in offers we see with our new protocol is framing effects. For instance, this
protocol could induce a framing effect based on the repeated appearance of $1 in the instructions, which could make offering $1 a
more salient action or even make $1 the reference point.

4.4.2. Decision-making noise and all-or-nothing misperception
In addition to these behavioral biases, mistakes could arise in the BDM if agents have decision-making noise unrelated to their

perception of the payoff function. Further, the movement in offers towards the dominant strategy with our new contingent protocol
could be explained with a reduction in such decision-making noise.

However, using maximum likelihood estimation (MLE), we find that a representative agent model of decision-making noise based
on logit errors fits the data significantly better (in a statistical sense) if it also allows for partial understanding of incentives, as in

24 CP and Brebner and Sonnemans (2018) provide a comprehensive and detailed discussion of the possible explanations for mistakes in the BDM.
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our model. We also find that partial payoff function perception fits the data significantly better than all-or-nothing payoff function
recognition.25

As in CP, we first examine the possibility that choice mistakes are driven purely by decision-making noise by using maximum
ikelihood to estimate the ‘‘noise’’ parameter 𝜆 that best explains offers. This parameter is taken from the Quantal Response
quilibrium (QRE) approach in which the likelihood of taking an action takes the form of a multinomial logit. A feature of this
pproach is that the frequency of taking an action is increasing in its relative payoff.

To nest several models, we will use the function 𝑙𝑖(𝛾, 𝜆), which is the likelihood of offer 𝑏𝑖 if the agent has belief of the BDM 𝛾
and has noise parameter 𝜆. For the QRE specification,

ln 𝑙𝑖(𝛾, 𝜆) = ln 𝑒𝜆𝐸[payoff for 𝛾|𝑏𝑖]
∑

𝑘∈𝐾 𝑒𝜆𝐸[payoff for 𝛾|𝑏𝑘]
(6)

here 𝐸[payoff for 𝛾|𝑏𝑖] =
1
𝑝̄ (𝜃𝑏𝑖 + .5𝛾𝑝̄2 + (1 − 𝛾)𝑏𝑖𝑝̄ − (1 − .5𝛾)𝑏2𝑖 ) and 𝐾 is the set of possible offers.26

Thus, to estimate 𝜆 for a representative agent model with noise but no misperception, we set 𝛾 = 1 and find

argmax
𝜆

∑

𝑖∈𝐼
ln 𝑙𝑖(1, 𝜆) = argmax

𝜆

∑

𝑖∈𝐼
ln 𝑒𝜆𝐸[payoff for 𝛾=1|𝑏𝑖]

∑

𝑘∈𝐾 𝑒𝜆𝐸[payoff for 𝛾=1|𝑏𝑘]
(7)

here 𝑏𝑖 is the offer of subject 𝑖 and 𝐼 is set of subjects. We solve this problem using the Nelder–Mead method with 1,000 random
tarted values, and standard errors were computed using 1,000 bootstrapping samples. As shown in Table 4, the parameter that best
xplains the data is 0.8040.

CP also estimate an all-or-nothing model of payoff function misrecognition in which there is a probability 𝑀 that subjects believe
hey are facing the FPA. Specifically, they solve

argmax
𝜆,𝑀

∑

𝑖∈𝐼
ln
[

(1 −𝑀)𝑙𝑖(1, 𝜆) +𝑀𝑙𝑖(0, 𝜆)
]

(8)

We estimate their mixture model using the Nelder–Mead method with 1,000 random started values, and standard errors were
computed using 1,000 bootstrapping samples. We estimate that 84.7% of subjects are playing as if they are facing a first price
auction in the baseline replication and 36.9% in the contingent protocol. The estimate of 𝜆 is higher than with just noise: rising
from 0.8040 to 2.1864, which means that less error is needed to explain the data (𝜆 = 0 produces purely random choice).

To add partial payoff function perception, we make one small change to the CP estimation. Instead of estimating a mixture
between no payoff function misrecognition (𝑙𝑖(1, 𝜆)) and full payoff function misrecognition (𝑙𝑖(0, 𝜆)), we estimate a mixture between
no payoff function misperception (𝑙𝑖(1, 𝜆)) and partial payoff function misperception (𝑙𝑖(𝛾, 𝜆)). By allowing for a representative
osterior that captures uncertainty, we add another parameter to the model. Thus, we solve

arg max
𝜆,𝑀,𝛾

∑

𝑖∈𝐼
ln
[

(1 −𝑀)𝑙𝑖(1, 𝜆) +𝑀𝑙𝑖(𝛾, 𝜆)
]

(9)

ith this, we can estimate a very simple representative agent version of our model, which can be interpreted as a ‘‘representative
elief’’ model. In principle, we could consider richer models, such as a representative information structure with two 𝛾 ’s. In this
ase, 𝑀 could be interpreted as the probability of each belief.

We once again use the Nelder–Mead method with 1,000 random started values to perform our estimations, and compute standard
rrors using 1,000 bootstrapping samples. Using this mixture model, we find that 100% of subjects are classified as playing as if they
re unsure of the mechanism payoffs in the baseline replication and the contingent protocol. The belief 𝛾 that best explains the data
s being 39.1% sure of the correct payoff function in the baseline replication and 66.2% in the contingent protocol. The estimate of
is once again higher than with just noise: rising from 0.8040 to 2.8786, which means that less error is needed to explain the data.
he levels of error needed for the CP mixture model and the 𝛾 mixture model are not statistically different.

Because these models are nested (the noise-only model in the CP all-or-nothing mixture model and the CP all-or-nothing mixture
odel in the 𝛾 mixture model), we can use a likelihood ratio test to look for evidence of whether the fit of the model with more
arameters is significantly better than the fit of the model with fewer parameters. With large samples, twice the difference in
ikelihoods should be distributed as a 𝜒2 statistic with degrees of freedom equal to the difference in the number of parameters in
he model. For one degree of freedom, the critical value for a significance level of 1% is 6.635.

For the baseline replication, twice the difference in likelihoods between the CP mixture model and noise-only model is 52.9294,
hich is well above 6.635, so the CP mixture model has significantly better fit. For the CP mixture model and the 𝛾 mixture model,

wice the difference is 8.9922, which is again above 6.635, so the 𝛾 mixture model has significantly better fit. For the contingent
rotocol, the twice the difference in likelihoods between the CP mixture model and noise-only model is 19.695, so again the CP
ixture model has significantly better fit. For the CP mixture model and the 𝛾 mixture model, it is 26.088, so here too the 𝛾 mixture
odel has significantly better fit.

25 In the body of the text, we present the results for the baseline replication and contingent protocol, and in the appendix, we show that the same holds for
he data from the CP experiment.
26 We follow CP by discretizing the space of offers, but because the increment of posted prices is $0.50, we use $0.50 instead of $0.10.
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Table 4
Maximum likelihood estimates of different models. Standard errors are in parentheses.

(a) Baseline replication

Noise-only model CP mixture model 𝛾 mixture model

𝜆 0.8040 2.1864 2.8786
(0.4049) (0.9865) (0.5207)

90% conf. interval [0.2197,1.5776] [1.5052,4.4470] [2.1203,3.8295]
𝑀 0.8465 1.0000

(0.1550) (0.0000)
90% conf. interval [0.5734,1.0000] [1.0000,1.0000]
𝛾 0.3914

(0.0972)
90% conf. interval [0.2194,0.5352]
Avg. log likelihood −1.9322 −1.7929 −1.7693
Log likelihood −367.1215 −340.6568 −336.1607

(b) Contingent protocol

Noise-only model CP mixture model 𝛾 mixture model

𝜆 2.3937 3.8515 4.1224
(0.6101) (1.3467) (0.7113)

90% conf. interval [1.6090,3.6029] [2.3677,6.7400] [3.1602,5.4883]
𝑀 0.3693 1.0000

(0.0961) (0.0000)
90% conf. interval [0.2521,0.5443] [1.0000,1.0000]
𝛾 0.6615

(0.0494)
90% conf. interval [0.5794,0.7445]
Avg. log likelihood −1.8558 −1.8048 −1.7372
Log likelihood −358.1783 −348.3308 −335.2868

5. Conclusion

In this paper, we take a standard model of imperfect perception – receiving a noisy mental signal of the environment – and use
t to model an agent’s misperception of the BDM mechanism’s incentives. Our approach provides an as if representation for agents

who may have trouble thinking through the mechanism’s complex payoff function.
We sharpen our model by assuming that mental signals are costly, and this generates comparative static predictions for the

costs and benefits of more accurate perception. By reexamining the data from the CP experiment and generating data with new
experiments, we are able to test these predictions, and we find that behavior is consistent with our theoretical predictions.

Because we leave the extensive form unchanged between our contingent protocol and baseline replication, the difference in
mistakes between these experiments is plausibly related to a reduction in misperception of the payoff function. The remaining
mistakes we observe with the contingent protocol could be due to lingering misperceptions or other behavioral biases.

Appendix A. Supplementary material (instructions, additional analyses, replication resources, etc.)

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.euroecorev.2022.104197.
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