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Abstract
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know. Our model highlights the challenge of getting experts to admit uncertainty, even
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[...] it is in the admission of ignorance and the admission of uncertainty that

there is a hope for the continuous motion of human beings in some direction

that doesn’t get confined, permanently blocked, as it has so many times before

in various periods in the history of man.

— Richard Feynman, John Danz Lecture, 1963

Policy-making is hard.

— Callander (2011)

1 Introduction

Political decision-makers frequently make disastrous choices. They waste blood and trea-

sure on unwinnable wars, destroy economies with poor monetary policy, and underestimate

the threat of coups or revolutions before their opponents show up at the gates. Sometimes

poor decisions are made despite the availability of information about how they will turn

out. Decision-makers may not consult the right experts, or ignore their advice. Other times

the best course of action isn’t even knowable, and the real danger is being persuaded to take

risky action by “experts” who pretend to know what policies will work.

Most work on strategic communication in political science focuses on problems driven by

differences of preference (“bias”) among experts and decision-makers (e.g., Gilligan and

Krehbiel, 1987; Patty, 2009; Gailmard and Patty, 2012). However, even if experts have

the same policy preferences as decision-makers, some are more competent than others at

assessing the available evidence required to give good advice. And, as a literature in eco-
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nomics and finance on career concerns following Holmström (1999) makes clear, experts’

desire to appear competent (“reputational concerns") can distort the actions of agents, in-

cluding the advice they give to principals (e.g., Ottaviani and Sørensen, 2006).

We bring this style of communication model to a political context, and also place a novel

focus on the difficulty of policy questions. As is familiar to anyone who has tried to study

the causal effect of policies (empirically or theoretically), some questions are harder to an-

swer than others. Uncertainty may be driven by expert incompetence or by the difficulty

of the policy question. However, as long as knowledge about the effects of policies is cor-

related with competence, uninformed experts (competent or not) risk a reputational hit for

admitting uncertainty. As a result, experts who care about perceptions of their competence

will be reluctant to say “I don’t know”.

Can this problem be solved by validating experts’ claims, either by asking other experts,

checking other sources, or waiting to see if their predictions come true? Our core contention

is that the answer depends on what exactly gets validated. Perhaps the most intuitive kind

of validation is what we call state validation, or checking whether the expert claims are

correct. We find that—at least by itself—this is not effective at getting uninformed experts

to report their ignorance. On the other hand, difficulty validation, which means checking

whether the question was answerable in the first place, tends to be much more effective at

inducing experts to admit uncertainty.

We develop a formal model which highlights this problem and our proposed solution in

a clear fashion. A decision-maker (DM, henceforth “she") consults an expert (henceforth

“he") before making a policy decision. The DM is uncertain about a state of the world that

dictates which policy choice is ideal. The DM is also uncertain about the quality of the

expert and whether the optimal policy is knowable. Experts are either competent (“good”)

or incompetent (“bad”), and the question of which policy is better is either answerable
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(“easy”) or not (“hard”). Bad experts learn nothing about the state of the world. Good

experts learn the state if and only if the question is answerable. This means there are two

kinds of uninformed experts: bad ones who never learn truth, and good ones faced with an

unanswerable question.

The expert then communicates a message to the decision-maker, who chooses a policy.

Finally, the decision-maker – potentially endowed, ex post, with information about the state

or question difficulty – forms posterior beliefs about the expert quality. The best decisions

are made in an honest equilibrium, where experts who know which policy is better reveal

this information, and the uninformed types all say “I don’t know.”

Our main analysis studies the scenario where an expert primarily cares about his reputation.

That is, the expert has relatively little concern for the quality of the policy made, though he

is unbiased in the sense that the expert and DM agree on which policy is best (conditional

on the state). If the DM gets no ex post information about the state or difficulty – the no

validation case – our answer is bleak. Since they face no chance of being caught guess-

ing, uninformed types could claim to know whether the policy would succeed and appear

competent. As a result, honesty is impossible.

What if the DM learns the truth about the ideal policy (state validation) before evaluating

the expert? One might expect that state validation can induce honesty, since it is possible to

“catch” uninformed experts guessing incorrectly. But what should the DM infer when see-

ing an incorrect guess: that the expert is incompetent, or just that he is uninformed? Under

a restriction to strategies and beliefs related to the Markov refinement common to repeated

games, we show that the competent uninformed experts and the incompetent uninformed

experts must play the same strategy. Further, upon observing an incorrect guess, the DM

should infer that the expert is uninformed but still possibly competent; i.e., the exact same

inference if the expert said “I don’t know”. Since the expert might get away with guessing,

3



and being caught is no worse than admitting uncertainty, an honest equilibrium is still not

possible.

The limits of state validation echo past pessimistic results about how reputational concerns

limit communication (e.g., Ottaviani and Sørensen, 2006). However, our focus on the im-

portance of problem difficulty also suggests a novel path forward. The key barrier to honest

communication with state validation is that it does not allow the competent experts asked

an unanswerable policy question to differentiate themselves from the incompetent experts.

Consider this from the perspective of a competent but uninformed expert: he knows that

he is uninformed because it is impossible to know which policy is better, but precisely for

this reason he can’t do a better job of guessing the state than an incompetent expert. Where

the competent expert does have a definitive advantage over the incompetent expert is not in

knowing which policy is better, but in knowing whether the ideal policy is knowable in the

first place.

We build on this insight to reach our key positive result: if the DM learns ex post whether

the question was answerable (difficulty validation), partial if not complete admission of

uncertainty is possible.1 The good uninformed experts admit uncertainty, confident that the

DM will learn the ideal policy wasn’t knowable. Bad experts may admit uncertainty as

well, if this is safer than guessing and potentially getting caught making a prediction when

the validation reveals that the question was unanswerable.

These results have practical implications for how political decision-makers should structure

their interactions with experts. Consulting experts with an interest in good policy being

made, or investing in methods to check if their predictions are correct (e.g., running pilot

studies) is useful for some purposes, but not for eliciting admission of uncertainty. Rather,

it is important for decision-makers to be able to eventually learn whether the questions they

1As elaborated in Section 5, this also requires either non-zero policy concerns or state validation.
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ask are answerable. We discuss several ways this can be accomplished, such as consulting

multiple experts or ensuring decision-makers (or someone who evaluates experts) have

some general expertise in research methods in order to be able to evaluate what claims are

credible.

In addition to highlighting the importance of difficulty validation, we derive several com-

parative static results. First, incentives to guess are weaker when experts are generally com-

petent. This implies that admission of uncertainty can be more frequent in environments

with more qualified experts. Second, when questions are ex ante likely to be answerable,

experts face a stronger incentive to guess. So, the quality of policies can be lower in en-

vironments where the ideal policy is more frequently knowable, because this is precisely

when bad experts guess the most, diluting the informative value of any message.

The reader will find a discussion of related literature in Section 2, the setup of the model in

Section 3, and our solution concept in Section 4. In Section 5, we show how this solution

concept quickly rules out admission of uncertainty for several cases of the model. Then,

in Section 6, we focus on the “minimal” case where admission of uncertainty is possible:

when the DM exercises difficulty validation and the expert has small policy concerns. In

this setting we explicitly characterize the conditions for honest equilibria and we explore

several comparative statics of interest. Section 7 concludes with a summary and discussion

of some of the broader implications of the model.

2 Related Work

Uncertainty about ideal policy has at least two causes. First, different people want different

things. Even if the effects of policy choices are well-known, it may be hard to determine
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what is best collectively. Second, consensus about the effects of different policies is rare.

The world is complicated, and frequently the most credible research gives limited if any

guidance about the effects of political decisions.

Decision-makers can try to learn about what policies will work in several ways. They can

hold debates about policy (Austen-Smith, 1990), try to learn from the experience of other

polities, or experiment with new policies on a tentative basis (Callander, 2011). Either as a

part of these processes or separately, they can consult experts employed by the government

(staffers, bureaucrats, other politicians) or elsewhere (think tank employees, academics,

pundits) (Calvert, 1985),2 or delegate to them where optimal (Dessein, 2002).3

Even if there are experts who have a solid grasp on the wisdom of proposed policies, there

are always less competent “experts” who lack valuable information but may still pretend

to be informed. And with heterogenous preferences, even good experts may disagree with

decision-makers about how to best use this information. As a result, the challenges to

knowing the ideal course of action in the first place (ignorance and preference bias) gen-

erate parallel problems of getting this information into the hands of actual policy-makers.

Further, if the policy-makers themselves have more information than voters and heteroge-

nous competence, the signaling implications of their choices may also lead to sub-optimal

policies.

The main literatures we draw on study these problems, and Table 1 presents a classification

of the most related work to clarify where our model fits in. The rows correspond to the

identity of the “sender”, and the columns to whether the main conflict of interest is differing

policy preferences or the sender’s desire to appear competent.

2See also Manski (2019) for a broader discussions about communication of scientific uncertainty in policy
analysis.

3See Fehrler and Janas (2019) for a model and experiment on delegation with a focus on competence.
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Table 1: Classification of Related Literature

Preference Bias Reputation for Competence

Expert/Advisor
Crawford and Sobel (1982),

Gilligan and Krehbiel (1987),
Gailmard and Patty (2013)

Ottaviani and Sørensen (2006),
Rappaport (2015),

This Paper

Decision-maker Fearon (1999),
Fox and Shotts (2009)

Holmström (1999),
Ashworth (2012),

Canes-Wrone et al. (2001)

Notes: Here we classify related literature by whether the informed party/sender is an advisor (top row) or the
actual decision-maker (bottom row), and whether the main conflict of interest is different preferences over
ideal policy (left column) or reputation for competence (right column).

Most of the political science literature on decision-making under uncertainty highlights

the problems which arise when actors (experts, policy-makers, bureaucrats, voters) have

different preferences or ideologies. The top left cell of Table 1 contains examples where,

following Crawford and Sobel (1982), an informed advisor or expert (not the decision-

maker) may not communicate honestly because of a difference in ideal policy. Much of

this work has studied how different institutional features like committee rules in congress

(Gilligan and Krehbiel, 1987), bureaucratic hierarchies (Gailmard and Patty, 2012), alter-

native sources of information (Gailmard and Patty, 2013), and voting rules (Schnakenberg,

2015) either solve or exacerbate communication problems. Formal models of communica-

tion in other political settings such as campaigns (Banks, 1990), lobbying (Schnakenberg,

2017), and international negotiations (Kydd, 2003) also focus on how different preferences

affect equilibrium communication.

Our main innovation with respect to the formal theories of expert communication in po-

litical science is to bring focus to the other main barrier to communication: reputation

concerns (right column of Table 1). Most related work on reputation for competence fo-

cuses not on experts but politicians themselves (bottom right cell of Table 1). In some of

these models (following Holmström 1999), politicians exert effort (e.g., Ashworth, 2012)
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or otherwise manipulate the information environment (e.g., Little, 2017) to make signals

of their ability or performance more favorable. Closer to our setting, others model the

competence of decision-makers as affecting their ability to discern the best policy. In these

models, concern about reputation can lead to suboptimal policy choices if, for example,

voters think certain policies are ex ante more likely to be favored by competent politicians

(Canes-Wrone et al., 2001). The bottom left cell of Table 1 contains examples of models

where politicians also want to develop a reputation for being ideologically aligned with

citizens (Fearon, 1999), which sometimes creates tradeoffs with concerns for competence

(Fox and Shotts, 2009).4

We argue that studying the reputation concerns of experts (top right cell of Table 1) is fun-

damental in political settings. By definition, experts typically have more policy-relevant

information than politicians. Further, particularly in a cheap talk environment where ex-

perts have no direct control over the policy being made (and frequently have a relatively

small impact on what choice is made), they sometimes, if not usually, care more about

their reputation for competence than the impact of their advice on policy. To our knowl-

edge, there are no other models of “reputational cheap talk” in political science. Related

work in other disciplines has shown that reputation concerns lead experts to bias and over-

state their reports in order to convince a decision-maker that they are the “good" type (e.g.,

Ottaviani and Sørensen, 2006), though the exact kind of lie this induces may depend on the

career stage of the agent (Prendergast and Stole, 1996) or the precise information structure

(Rappaport, 2015).

In addition to bringing this style of model to a political context, we contribute to the repu-

tational cheap talk literature by focusing on heterogeneity in the difficulty of questions, and

4Not all work in the bottom row involves choices made by politicians. For example, Leaver (2009) studies
bureaucrats with reputation concerns (and a desire to avoid public criticism) may make suboptimal choices
(bottom right cell), and judges fear having decisions overturned by higher courts who may have different
preferences (e.g., Hübert, 2019) (bottom right).
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introducing the notion of ex post validation of question difficulty rather than whether ex-

perts’ claims were “correct”. In one sense this is related to the precision of experts’ private

information in models such as Ottaviani and Sørensen (2006), or their accuracy in related

and recent work on screening forecasters by Deb et al. (2018) – it creates variation in the

quality of signals. However, there is an important feature that differentiates difficulty as

we have formulated it: it is a property of the problem itself, not the expert or the expert’s

signal. This drives our results. Validating the difficulty of problems generates the key in-

formational wedge between good uninformed experts (who know the problem difficulty)

and bad experts (who do not).5

3 The Model

Our model is motivated by the following scenario: a decision-maker (abbreviated DM,

pronoun “she”) is making a policy choice. The DM could be the chief executive of a

country, a local executive (governor, mayor), or the head of a bureaucracy. There is an

unknown state of the world which affects the optimal policy. However, the DM does not

observe this state; to this end she employs an expert (pronoun “he”). Experts may be

competent or incompetent. Competent experts sometimes know the state of the world, but

other times the state is unknowable. Incompetent experts know nothing.

For concreteness, we will use a running example where the policy in question is how much

to restrict the emissions of a chemical, and the DM is the head of an environmental agency

with statutory authority to set this regulation level. The expert could be a scientist within

the agency or hired as an external consultant. A natural source of uncertainty is whether

5The closest to what we are calling difficulty in the prior literature that we are aware of is the information
endowment of managers in Dye (1985) and Jung and Kwon (1988), in an altogether different setting where
shareholders are uncertain as to the informational endowment of managers.
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the chemical in question is harmful to humans. If it is harmful, the DM will want to choose

more stringent regulations; if it is not harmful there is no reason to regulate emissions. The

expert will learn whether the chemical is harmful if two things are true: (1) he is competent

enough to locate and digest the relevant scientific literature, and (2) this literature contains

an answer to whether the chemical is harmful. If the expert is not competent or there is no

scientific consensus on the effect of the chemical, the expert will not learn anything useful.

3.1 The Information Environment

We formalize this information structure as follows.

State of the World. Let the state of the world be ω ∈ Ω ≡ {0, 1}. The state of the

world encodes the decision-relevant information for the DM (e.g., ω = 1 if the chemical in

question is harmful to humans and ω = 0 if not). It is unknown to the DM at the outset,

which is why she consults an expert.

Let p1 represent the common knowledge probability that the state is 1, and so it is equal to

0 with probability 1− p1. To reduce the cases to consider, we also assume that ω = 1 is the

ex ante more likely state, so p1 ≥ 1/2.6

Expert Types. The expert has a type θ ∈ Θ ≡ {g, b}, which indicates whether he is

good (able to digest the relevant scientific literature) or bad (not able to digest the scientific

literature). For linguistic variety, we often call good experts “competent” and bad experts

“incompetent”. Let pg ∈ (0, 1) be the probability than an expert is good, and so 1 − pg

6By the symmetry of the payoffs introduced below, substantively identical results hold if state 0 is more
likely.
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represents the probability of a bad expert. This probability is common knowledge, and the

expert knows his type.

Question Difficulty. The difficulty of the question is captured by another random vari-

able δ ∈ ∆ ≡ {e, h}. That is, the question may be easy (the scientific literature is informa-

tive about whether the chemical is harmful), or hard, (the best research does not indicate

whether the chemical is harmful). Let pe be the common knowledge probability that δ = e,

and so δ = h with probability 1− pe. The difficulty of the question is not directly revealed

to either actor at the outset.

Experts Signal. The expert’s type and the question difficulty determine what he learns

about the state of the world. In our main analysis, we assume that the expert receives a

completely informative signal if and only if he is good and the question is easy. If not,

he learns nothing about the state. (In Appendix E, we analyze a more general information

structure which only assumes that a signal is more likely to be informative when the expert

is good and the question is easy.) Formally, let the signal be:

s =


s1 ω = 1 , θ = g and δ = e

s0 ω = 0 , θ = g and δ = e

s∅ otherwise.

(1)

In what follows, we will often refer to an expert who observes s0 or s1 as informed, and an

expert who observes s∅ as uninformed. Importantly, this distinction is not the same as good

and bad. If an expert is informed he must be good, because bad experts always observe s∅.

However, an uninformed expert may be good (if δ = h) or bad.
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Figure 1: Nature’s Play and Experts’ Information Sets
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An important implication of our signal structure is that the good expert infers δ from his

signal, since he observes s0 or s1 when δ = e and s∅ if δ = h. More concretely, a competent

expert can review the relevant literature and always determine whether the harmfulness of

a chemical is known. On the other hand, bad experts, who always observe s∅, learn nothing

about the question difficulty.

3.2 Sequence of Play and Payoffs

The game proceeds in the following sequence: first, nature picks the random variables

(ω, θ, δ), according to independent binary draws with the probabilities p1, pg, and pe speci-

fied above. Second, the expert observes his competence and signal and chooses a message

from a infinite message space M. The information sets of the expert are summarized in

Figure 1. There are four: first, the expert may be bad; second, the expert may be good and

the question hard; third, the expert may be good, the question easy, and the state 0, and

finally, the expert may be good, the question easy, and the state 1.
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Next the DM observes m and takes an action a ∈ [0, 1], the policy choice. Her information

set in this stage consists only of the expert report, i.e. IDM1 = (m).

In the running example, we can interpret a as the stringency of regulations applied to the

chemical in question (restrictions on emissions, taxes, resources to spend on enforcement).

To map cleanly to the formalization, a = 0 corresponds to the optimal policy if the chemical

is not harmful. Policy a = 1 corresponds to the optimal level of regulation if the chemical

is harmful.

Formally, let v(a, ω) be the value of choosing policy a in state ω. We assume the policy

value is given by v(a, ω) ≡ 1 − (a − ω)2. If taking a decisive action of a = 0 or a = 1,

the value of the policy is equal to 1 for making the correct choice (a = ω) and 0 for

making the wrong choice (a = 1 − ω). Taking an interior action (0 < a < 1) gives an

intermediate policy value, where the v function implies an increasing marginal cost the

further the action is from the true state. This function is common knowledge, but since the

DM may be uncertain about ω, he may be uncertain about how the policy will turn out and

hence the ideal policy. Let π1 = P(ω = 1|IDM1) denote the DM’s belief that ω = 1 when

he sets the policy. Then, the expected value of taking action a is

1− [π1(1− a)2 + (1− π1)a2], (2)

which is maximized at a = π1.

The quadratic loss formulation conveniently captures the realistic notion that when the

expert does not learn the state, the decision-maker makes a better policy choice (on av-

erage) when learning this rather than being misled into thinking the state is zero or one.

That is, in our formalization it is best to pick an intermediate level of regulation when it

is unclear whether the chemical is harmful (e.g., modest emissions restrictions, labeling
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requirements). Formally, if the question is unsolvable, the optimal action is a = p1, giving

an average payoff of 1 − p1(1 − p1), which is strictly higher than the average value of the

policy for any other action.

After the policy choice is made, the DM may receive some additional information (vali-

dation), and then forms an inference about the expert competence πg ≡ P(θ = g|IDM2).

Different validation regimes (described below) affect what information the DM has at this

stage, IDM2.

The decision-maker only cares about the quality of the policy:

uDM = v(a, ω). (3)

So, as derived above, the DM will always pick a policy equal to his posterior belief that the

state is 1, π1.

The expert cares about the belief that he is competent (πg), and potentially also about the

quality of the policy choice. We parameterize his degree of policy concerns by γ ≥ 0 and

write his payoff

uE = πg + γv(a, ω). (4)

We first consider the case where γ = 0, i.e., the expert only cares about his reputation. We

then analyze the case where γ > 0, focusing attention on the case where policy concerns

are small (γ → 0) in the main text.
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3.3 Validation

Finally, we formalize how different kinds of ex post validation affect what the DM knows

(IDM2) when forming a belief about the expert competence. For our regulation example,

there are several ways the DM might later learn things about the state or difficulty of the

question.

First, there may be studies in progress which will later clearly indicate whether the chemical

is harmful. Alternatively, if the question is whether the chemical has medium or long term

health consequences, this may not become clear until after the initial regulation decisions

are made. To pick a prominent contemporary example, the degree to which we should

regulate “vaping” of nicotine and cannabis depends on the long-term health consequences

of this relatively new technology — perhaps relative to smoking — which are not currently

known.

Second, the DM could consult other experts (who may themselves have strong or weak ca-

reer concerns). These other experts could be asked about the state of the world, or perhaps

the quality of the evidence on dimensions the DM may not be able to assess (Anecdotal

evidence or scientific? Randomized control trials or observational studies? Have they been

replicated? Human or animal subjects?).

In other contexts, validation about the state of the world could naturally arise if it is about

an event that will later be realized (the winner of an election, the direction of a stock’s

movement), but where the DM must make a choice before this realization. Alternatively,

in many policy or business settings, the decision-maker may be able to validate the expert’s

message directly, whether through experimental A/B testing or observational program eval-

uation. Closer to difficulty validation is the familiar notion of “peer review," whereby other

experts evaluate the feasibility of an expert’s design without attempting the question them-
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selves. Another possibility is if the decision-maker has expertise (substantive or method-

ological) in the general domain of the question but does not have the time to investigate

herself, and so she may be able to validate whether the question was answerable only after

seeing what the expert comes up with.

Alternatively, subsequent events may reveal auxiliary information about whether the state

should have been knowable, such as an extremely close election swayed by factors which

should not have been ex ante predictable (i.e., this reveals that forecasting the winner of the

election was a difficult question).

Formally, we consider several variations on IDM2. In all cases, the structure of IDM2 is

common knowledge.

In the no validation case, IDM2 = (m). This is meant to reflect scenarios where it is

difficult or impossible to know the counterfactual outcome had the decision-maker acted

differently. The state validation case, IDM2 = (m,ω), reflects a scenario in which the DM

can check the expert’s advice against the true state of the world. In the difficulty validation

case, IDM2 = (m, δ), meaning that the DM learns whether the question was hard, i.e.

whether the answer could have been learned by a good expert. In the full validation case,

IDM2 = (m,ω, δ), the DM learns both the state and the difficulty of the question.

To be clear, many of the motivating examples blend validation about the state and difficulty.

We consider the cases of “pure” difficulty or state validation to highlight what aspects of

checking expert claims are most important for getting them to admit uncertainty.

16



4 Equilibrium Definition and Properties

The standard solution concept for a model like ours (with sequential moves and incomplete

information) is Perfect Bayesian Equilibrium (PBE). While our central conclusions hold

when using this solution concept, they become much clearer when we add a refinement

which builds on the Markov restriction common to dynamic games of complete information

(Maskin and Tirole, 2001). In this section we define the equilibrium concept in the context

of our game; Appendix A contains a more general definition and detailed discussion of

how the results change when using PBE. Appendix A also contains a discussion of past

usage of related refinements; in short, there are several applied papers which use the same

restriction of strategies that we employ, but to our knowledge this is the first paper to make

use of the refinement to beliefs that the Markov strategies restriction implies.

4.1 Markov Sequential Equilibrium

The Markov restriction in repeated games requires that if two histories of play (h1 and

h2), result in a strategically equivalent scenario starting at both histories (meaning that the

players have the same expected utilities over the actions taken starting at both h1 and h2),

then the players must use the same strategies starting in both histories. The analogous

restriction in our setting has implications for strategies and beliefs.

In terms of strategies, we require that if two types of expert face a strategically equivalent

scenario, they must play the same strategy. Most important to our model, in some cases a

competent but uninformed expert and an incompetent expert have the exact same expected

utility (for any DM strategy). PBE would allow these two types to play different strategies

despite the fact that they face identical incentives; the Markov restriction requires them
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to play the same strategy. Our restriction to beliefs essentially assumes that, even when

observing an off-path message, the DM still believes that expert still plays some Markov

strategy.

Formally, let σθ,s(m) be the probability of sending message m as a function of the sender

type, π1(m) be the posterior belief that the state is 1 given message m, πg(m; IDM2) be the

posterior belief about the expert competence, and a(m) be the policy action given message

m. Let UE and UDM be the expected utilities for each player.

PBE requires that both players maximize their utility given the other’s strategy and their

beliefs, and that these beliefs are formed by Bayes’ rule when possible. To these we add

two requirements:

Definition 1. A Markov Sequential Equilibrium to the model is a PBE which also meets

the following requirements:

• (Expert Markov Strategies): If there are two types (θ′, s′) and (θ′′, s′′) such that

UE(m; θ′, s′) = UE(m; θ′′, s′′) for all m given the DM strategies and beliefs, then

σθ′,s′(m) = σθ′′,s′′(m) for all m.

• (DM Markov Consistency): For all m and IDM2, there exists a sequence of non-

degenerate Markov strategies for the expert σk, with corresponding beliefs formed

by Bayes Rule πk1(m) and πkg (m, IDM2), such that π1(m) = limk→∞ π
k
1(m) and

πg(m, IDM2) = limk→∞ π
k
g (m, IDM2).

The key implication of Markov consistency is to rule out off-path inferences about payoff-

irrelevant information, because off-path beliefs which condition on payoff-irrelevant infor-

mation can not be reached by a sequence of Markov strategies. Our restriction is related

to that implied by D1 and the intuitive criterion (Cho and Kreps, 1987). However, where
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these refinements require players to make inferences about off-path play in the presence

of strict differences of incentives between types, our restriction rules out inference about

types in the absence of strict differences of incentives.

We use this solution concept for two reasons. The first is theoretical. People have endless

“private information” which they could, in principle condition their behavior on. In a more

complex but realistic version of our model, the expert may have private information about

not only what he learns about the chemical in question, but his personal policy preferences,

views on what kinds of scientific evidence are credible, and what he had for breakfast in

the morning. When observing an off-path message, PBE would allow for updating (or not)

on any of these dimensions, regardless of their relevance to the interaction at hand. The

Markov strategies restriction provides a principled and precise justification for which kinds

of private information experts can condition their strategies on.7 (Beliefs about the effects

of the chemical in question? Usually. What evidence is credible? Sometimes. Breakfast?

Rarely.8) The Markov beliefs restriction is then a logical implication of what observers can

update on when observing off-path messages.

The second is more practical. As we show in Section 5, our main result about the impor-

tance of difficulty validation for getting experts to admit uncertainty is nearly immediate

when using this restriction. As demonstrated in Appendix A, similar results hold when

analyzing PBE, but since the set of PBE is much larger, the comparisons are not as clean.

7Of course, a classic interpretation of mixed strategies is that the sender conditions on some random (and
“irrelevant”) information like a coin flip. However, as discussed in Appendix A, if mixed strategies are viewed
as the limit of pure strategies with payoff perturbations a la Harsanyi (1973), then only Markov strategies are
possible.

8Though see Cho and Kreps (1987, section II).
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4.2 Properties of Equilibria

Since we allow for a generic message space, there will always be many equilibria to the

model even with the Markov restrictions. To organize the discussion, we will focus on how

much information can be conveyed (about ω and θ). On one extreme, we have babbling

equilibria, in which all types employ the same strategy, and the DM learns nothing.

On the other extreme, there is never an equilibrium with full separation of types. To see

why, suppose there is a message that is only sent by the good but uninformed types mg,∅

(“I don’t know because the optimal policy isn’t clear”) and a different message only sent

by the bad uninformed types mb,∅ (“I don’t know because I am incompetent”). If so, the

policy choice upon observing these messages would be the same. However, the reputation

payoff for sending mg,∅ is strictly higher, and so the bad types have an incentive to deviate.

Still, such full separation is not required for the expert to communicate what he knows

about the state. That is, there may still be equilibria where the uninformed types say “I

don’t know" (if not why), and the informed types report the state of the world. We call

these honest equilibria. In the main text we focus on the simplest version of an honest

equilibrium, where there is a unique message mx sent by each type observing sx with

probability 1, x ∈ {0, 1, ∅}; see Appendix B for a more general definition. This is a

particularly important class of equilibria in our model as it conveys the most information

about the state:

Proposition 1. The expected value of the policy in an honest equilibrium is pgpe + (1 −

pgpe)(1 − p1(1 − p1)) ≡ v, which is strictly greater than the expected value of the policy

in any equilibrium which is not honest.

Proof. Unless otherwise noted, all proofs are in Appendix B.
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This result formalizes our intuition that it is valuable for the DM to learn when the expert

is uninformed, and follows directly from the convexity of the loss function for bad poli-

cies. For example, if the expert on environmental policy sometimes says that a chemical

is harmful (or is not harmful) when the truth is that he isn’t sure, the regulator will never

be entirely sure what the optimal policy is. Her best response to this garbled message is to

not regulate as aggressively as she would if knowing the chemical is harmful for sure, even

when the expert fully knows that this is the case.

As we will see, honest equilibria tend to fail when one of the uninformed types would pre-

fer to “guess”, mimicking the message of the informed types. So, the other equilibria we

consider in the main text are ones where the informed types still send their respective mes-

sages m0 and m1, but the uninformed types at least sometimes send one of these messages.

We refer to sending one of these messages as “guessing”, and sending m∅ as “admitting

uncertainty”. See Appendix B for a definition of what it means to admit uncertainty with

more general messaging strategies, and Appendix D for an extensive discussion of why

focusing on this class of messaging strategies sacrifices no meaningful generality for our

results.

Combined with proposition 1, these definitions highlight why admission of uncertainty is

important for good decision-making. In any equilibrium with guessing, the fact that the un-

informed types send messages associated with informed types leads to worse policies than

in an honest equilibrium. This is for the two reasons highlighted in our opening paragraph.

First, when the expert actually is informed, his advice will be partially discounted by the

fact that the DM knows some uninformed types claim to know which policy is best. That

is, decision-makers may ignore good advice. Second, when the expert is uninformed, he

will induce the DM to take more decisive action than the expert’s knowledge warrants; i.e.,

decision-makers may take bad advice.

21



5 When is Admission of Uncertainty Possible?

Between the four possible validation regimes and whether the expert exhibits policy con-

cerns, there are many cases of the model to analyze. In this section we show that the

Markov restrictions and some simple incentive compatibility constraints quickly allow us

to see when admission of uncertainty is impossible, regardless of the particular parameter

values. We then provide a complete analysis of one case where admission of uncertainty is

possible but not guaranteed for more subtle comparative static results. In other words, we

first highlight our negative results about state validation (and discuss why they do not afflict

difficulty validation), and then derive concrete positive results about difficulty validation in

the next section. Appendix C contains a full analysis of the remaining cases.

Markov sequential equilibrium has two main implications: Markov strategies, which re-

quires that payoff-irrelevant information cannot affect equilibrium play, and Markov con-

sistency, which requires that off-path beliefs cannot update on payoff-irrelevant informa-

tion. To see the immediate implications of these restrictions, it is helpful to construct the

classes of payoff-equivalent information sets. We put information sets in the same pay-

off equivalence class if experts at those decision nodes are payoff-equivalent for any DM

strategy.9 Figure 2 illustrates for the case with no policy concerns. Each row represents

an assumption on the DM’s information set at the end of the game, IDM2. Each column

represents one of the four information sets depicted in Figure 1.

No Validation, γ = 0. First, in the no validation (NV) case, IDM2 = (m). Since the

DM only sees the message when evaluating the expert, if the expert has no policy concerns

his private signal is payoff-irrelevant. Therefore there is a single payoff equivalence class

9Any two information sets can be payoff equivalent for some DM strategy: e.g., if she always picks the
same policy and competence assessment for all messages.
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Figure 2: Payoff Equivalence Classes With No Policy Concerns

NV

SV

DV

FV

b, ·, · g, h, · g, e, 0 g, e, 1

b, ·, · g, h, · g, e, 0 g, e, 1

b, ·, · g, h, · g, e, 0 g, e, 1

b, ·, · g, h, · g, e, 0 g, e, 1

Notes: This figure depicts equivalence classes under each validation regime for the case with no policy
concerns. Each row represents a validation regime: respectively, no validation, state validation, difficulty
validation, and full validation. Each column represents an expert information set.

comprised of all four information sets, as depicted in the first row of Figure 2, and the

Markov strategies restriction implies that all experts play the same strategy. In this case, all

that is left is a babbling equilibrium:

Proposition 2. With no validation and no policy concerns (i.e., γ = 0), any MSE is bab-

bling, and there is no admission of uncertainty.

This highlights the importance of the Markov strategies restriction. In our main example,

if the environmental expert does not care at all about whether a good policy choice is

made (unlikely if he is a citizen who is affected by the policy) and there is no check on his

claim about whether the chemical is harmful (again, unlikely), the information he has is not

payoff relevant. We should not be surprised that this extreme premise leads to an extreme

prediction that such an expert will not convey any useful information.

State Validation, γ = 0. A promising direction is to allow the DM to observe ω when

forming beliefs about θ. Doing so breaks payoff equivalence between types with different

information about the state, as we illustrate in the second row of Figure 2. This partition
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of payoff equivalence is rich enough to support honesty in Markov strategies. Bad experts

and uninformed good experts can pool on a message interpreted as “I don’t know”, and

informed experts can send messages interpreted as “the optimal policy is zero” and “the

optimal policy is one.”

To see this, consider the expected payoff for the expert with type and signal (θ, s) sending

message m: ∑
ω∈{0,1}

Pr(ω|s, θ)πg(m,ω).

Now, the informed types with different information about the state are not generally payoff-

equivalent since Pr(ω|θ, s) depends on the signal. However, good and bad uninformed ex-

perts, i.e. (g, s∅) and (b, s∅), are always payoff equivalent since Pr(ω|g, s∅) = Pr(ω|b, s∅).

So, the Markov strategies restriction does not preclude admission of uncertainty, or even

an honest equilibrium. However, the Markov consistency restriction does.

To see why, consider the simplest case of an honest equilibrium where types observing

signal sx send message mx. In such an equilibrium, the decision-maker picks a stringent

regulation when the expert says the chemical is harmful (a = 1 when observing m1), no

regulation when the chemical is not harmful (a = 0 when observing m0), and intermediate

regulation when the expert admits not knowing whether the chemical is harmful (a = p1

when observing m∅). The on-path information sets include cases where a good expert

makes an accurate recommendation, (m0, 0) and (m1, 1), and cases where an uninformed

expert (good or bad) says “I don’t know" along with either validation result: (m∅, 0), and

(m∅, 1). When validation indicates the expert was right about whether the chemical is

harmful (i.e., (m0, 0) or (m1, 1)), the DM knows the expert is good, i.e., πg(mi, i) = 1

for i ∈ {0, 1}. When observing m∅ and either validation result, the belief about the expert
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competence is:

πg(m∅, ω) =
Pr(θ = g, δ = h)

Pr(θ = g, δ = h) + Pr(θ = b)

=
pg(1− pe)

pg(1− pe) + 1− pg
≡ π∅g .

The term π∅g , which recurs frequently throughout the analysis, represents the share of unin-

formed types who are competent but asked a hard question.

For the uninformed types, the expected payoff for sending m∅ in the honest equilibrium

is π∅g . Since 0 < π∅g < pg, the expert revealing himself as uninformed leads to a lower

belief about competence than the prior, but is not zero, since there are always competent

but uninformed types.

Consider a deviation to m1, i.e., claiming to know that the chemical is harmful. When

validation reveals this to be true, the DM observes (m1, 1), and believes the expert to be

competent with probability 1. When validation reveals the chemical is not harmful, the DM

observes (m1, 0), which is off-path.

However, MSE places some restriction on this belief, as it must be the limit of a sequence of

beliefs consistent with a sequence of Markov strategies. Since the good and bad uninformed

types are payoff equivalent and play the same strategy, the worst inference that the DM can

make about the expert when observing an off-path message/validation combination is that

the expert was uninformed, i.e., πg(m1, 0) ≥ π∅g (see the proof of proposition 3). Given

this restriction on the off-path belief, in any honest MSE the payoff to sending m1 must be
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at least:

p1 + (1− p1)π∅g > π∅g .

The expert can look no worse from guessing that the chemical is harmful and being in-

correct than he would when just admitting he is uncertain. Since there is a chance to look

competent when guessing and being correct, the expert will always do so. This means there

is always an incentive to deviate to m1 (or, by an analogous argument, m0), and hence no

honest equilibrium.

A related argument implies that there is no MSE where the uninformed types sometimes

admit uncertainty (i.e., σ∅(m∅) ∈ (0, 1)) and sometimes guess m0 or m1: guessing and

being correct always gives a higher competence evaluation than incorrectly guessing, which

gives the same competence evaluation as sending m∅. So, guessing gives a strictly higher

payoff than admitting uncertainty.

Proposition 3. With state validation and no policy concerns, there is no MSE where an

expert admits uncertainty.

As shown in the proof of the proposition, there is an MSE where the informed types reveal

their information: e.g., the experts who know the chemical is harmful report this, and those

who know it is not harmful say so. However, all of the uninformed experts – competent or

not – will make a guess at whether the chemical is harmful. The equilibrium condition is

that their guessing probabilities are such that observing a claim that the chemical is harmful

or not leads to the same belief about the expert competence. So, state validation does

improve communication in general relative to no validation, but not in terms of admitting

uncertainty.
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Figure 3: Payoff Equivalence Classes With Policy Concerns

NV

SV

DV

FV

b, ·, · g, h, · g, e, 0 g, e, 1

b, ·, · g, h, · g, e, 0 g, e, 1

b, ·, · g, h, · g, e, 0 g, e, 1

b, ·, · g, h, · g, e, 0 g, e, 1

Notes: This figure depicts equivalence classes under each validation regime for the case with policy concerns.
Each row represents a validation regime: respectively, no validation, state validation, difficulty validation, and
full validation. Each column represents an expert information set, as derived in Figure 1.

Further, as shown in Appendix C, adding policy concerns (to the no validation or state

validation case) will not solve this problem unless the expert cares so much about the

policy as to accept the hit to his reputation from admitting uncertainty.

Difficulty, Full Validation, and Policy Concerns. For the DM to effectively threaten

punitive off-path beliefs, we need to break the payoff equivalence of bad types and good

but uninformed types, and this is precisely what difficulty validation (DV) does, depicted

in the third row of Figure 2. However, difficulty validation is not enough to sustain honesty,

since (unlike state validation) it does not break the payoff equivalence between the informed

experts who actually know whether the chemical is harmful.

This we view as a more minor problem, which can be solved by either combining state

and difficulty validation (FV), as in the fourth row of Figure 2, or by adding small policy

concerns, which yields payoff equivalence classes represented in Figure 3. We formally

prove results about when (complete) communication of uncertainty is possible in the next

section.
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Summary. From the payoff equivalence classes alone, we now know what cases at least

allow for the possibility of an honest equilibrium without strong policy concerns. First, we

need to break the payoff equivalence between the types with different information about

whether the chemical is harmful, which can be accomplished with either state validation

or any policy concerns. Second, we need to break the payoff equivalence between good

and bad uninformed experts, which, given the natural way we have set up the problem, can

only be accomplished with difficulty validation (or full validation, which includes difficulty

validation).

What remains is to check when honesty is in fact possible. In the next section, we do this

for the “hardest” case, with only difficulty validation and with small policy concerns. As

shown in Appendix C, the insights from this analysis are similar to what we obtain with

larger policy concerns and/or full validation.

6 Analysis of Our Main Case

While the previous section shows that difficulty validation is necessary for the admission

of uncertainty (absent large policy concerns), we have not yet shown when it is sufficient.

This section explores when difficulty validation, combined with small policy concerns, is

sufficient for honesty, or at least some admission of uncertainty.

We analyze difficulty validation rather than full validation in the main text not because we

believe the former is necessarily more common, but to show circumstances under which

the minimal validation regime is sufficient to induce admission of uncertainty. Again, in

Appendix C we show similar results arise with full validation.

The focus on small policy concerns is for both technical and substantive reasons. If the
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expert has exactly no policy concerns, then this renders the two informed types (i.e., those

who know the chemical is harmful or not) payoff equivalent, which greatly undermines the

amount of information which can be transmitted in an MSE. However, this is fragile to the

small and entirely realistic perturbation where the expert has any non-zero concern about

the quality of the policy. For example, even if the chemical in question only has a poten-

tially small impact on the environment, the expert himself could be harmed by exposure.

So, having small policy concerns allows the informed types to reveal their information hon-

estly, while simplifying the analysis of the potential deviations for uninformed types since

they (in the limit as γ → 0) will send the message which maximizes their reputation for

competence.

This also hints at the more substantive justification. In many, if not most policy-making

domains, the effect of the policy change that experts will feel in their own personal life

likely pales in comparison to their concern about perceptions of their competence, which

can affect whether they keep their job or will be hired in the future. In general, we ex-

pect that our analysis applies more to “big” policy questions that affect many people, and

where experts are very specialized and care about perceptions of their competence in that

particular domain.

6.1 Equilibrium

We continue to study the most straightforward class of messaging strategies where the

informed types send one message each which we give the natural labels m0 and m1, and

the uninformed types either send one of these messages or a third message labeled m∅ (“I

Don’t Know”).10

10 See Appendix D for an extensive discussion of the sense in which this is without loss of generality.
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In an honest equilibrium, messages m0 and m1 are only sent by informed types. So, when

observing these messages, the DM picks actions a = 0 and a = 1, respectively. At the

evaluation stage, when observing (m0, e) or (m1, e), the DM knows the expert is competent

with certainty.

Upon observing m∅, the DM picks policy p1. The competence assessment when the ex-

pert says “I don’t know” depends on the result of the validation. When the problem is

easy, the DM knows that the expert is incompetent since this fact means that a compe-

tent expert would have learned whether the chemical is harmful and sent an informative

message. So, πg(m∅, e) = 0. Upon observing (m∅, h), the DM learns nothing about the

expert competence since no expert gets an informative signal when the scientific literature

is uninformative.

Combining these observations, the payoff to the good but uninformed type for sending m∅

(who knows the validation will reveal δ = h) is

pg + γ(1− p1(1− p1)).

The bad uninformed type does not know if the validation will reveal the problem is hard,

and so receives a lower expected competence evaluation and hence payoff for sending m∅:

(1− pe)pg + γ(1− p1(1− p1)).

Since no types are payoff-equivalent, the Markov consistency requirement places no re-

strictions on off-path competence evaluations, and we can set these to zero.11 In the case

with only difficulty validation, these are the information sets (m0, h) and (m1, h), i.e., get-

11This belief can be reached by assuming a sequence of strategies where only the bad type sends a particular
message, but with a probability which approaches zero.
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ting caught guessing when validation reveals that the scientific literature is not informative.

Importantly, the expert is not caught because the DM realizes his claim is wrong, but be-

cause she comes to learn that the question was not answerable. As formalized below, such

an off-path belief is also “reasonable” in the sense that the bad uninformed types face a

strictly stronger incentive to guess than the good uninformed types.

If the DM believes that the expert is bad with probability one upon observing (m0, h) or

(m1, h), then a good but uninformed type knows he will get a reputation payoff of zero if

sending either of these messages. Further, if claiming he knows whether the chemical is

harmful, the policy is worse as well, so he has no incentive to deviate. A bad type guessing

that the chemical is harmful (m1) gets expected payoff:

pe + γp1.

which is strictly higher than the payoff for sending m0. So, the constraint for an honest

equilibrium is:

(1− pe)pg + γ(1− p1(1− p1)) ≥ pe + γp1

γ ≥ pe(1 + pg)− pg
(1− p1)2

.

Not surprisingly, when policy concerns are very strong, uninformed experts will admit

uncertainty since it leads to better policy choices. In fact, this holds for any validation

regime; see Appendix C for a comparison of “how strong” policy concerns must be to

induce honesty for each case. However, this analysis also highlights that when policy

concerns are small relative to reputation concerns, there is never an honest equilibrium

with no validation or just state validation. In contrast, with just difficulty validation,12 as

12Unsurprisingly, this constraint is even easier to meet with full validation; the key point is that difficulty
validation is necessary for honesty with small policy concerns, and sometimes sufficient.

31



γ → 0 there is an honest equilibrium when:

pe ≤
pg

1 + pg
. (5)

This inequality implies that an honest equilibrium is easy to sustain when pe is low, and

pg is high. The former holds for two reasons: a prior belief that the literature is likely not

informative about the chemical means that uninformed experts are likely to be competent,

and the uninformed expert is more likely to be “caught” claiming to have an answer to an

impossible problem. More competent experts (high pg) makes honesty easier as it means

the uninformed types are frequently competent, making admitting uncertainty look less

bad.

What if (5) does not hold? Of course, there is always a babbling equilibrium, and there is

also an always guessing equilibrium where the good and bad uninformed types always send

m0 or m1. More interesting for our purposes, there can also be an MSE where all of the

good types report honestly and the bad types play a mixed strategy over (m0,m1,m∅).13

There is a more subtle incentive compatibility constraint that must be met for this equilib-

rium to hold: if the bad types are indifferent between sending m0 and m1, it can be the case

that the informed types prefer to deviate to sending the other informed messages (i.e., the s1

type prefers to sendm0) when policy concerns get very small. See the proof in Appendix C

for details; in short, if the probability of a solvable problem is not too low or the probability

of the state being one is not too high, then this constraint is not violated and there is an

MSE where all of the good types send their honest message.14

13 This is the only MSE where the good types report honestly, and we conjecture that the equilibrium we
check for (when it exists) maximizes both the probability that the expert admits uncertainty and the expected
value of the decision. It is hypothetically possible, though we believe unlikely, that there could be an MSE
where the good types do not report honestly and this induces the bad types to admit uncertainty more often
in a manner which outweighs the loss of information from the good types.

14The proof of the proposition discusses how the intuition behind this constraint.
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Proposition 4. As γ → 0 with difficulty validation, there is an honest MSE if and only if

pe ≤ pg
1+pg

. If not, and pe ≥ 2p1 − 1, then there is an MSE where the good types send their

honest message and the bad types use the following strategy:

σ∗b (m∅) =


1−pe(1+pg)

1−pg pe ∈
(

pg
1+pg

, 1
1+pg

)
0 pe >

1
1+pg

,

, (6)

σ∗b (m0) = (1− p1)(1− σ∗b (m∅)),

σ∗b (m1) = p1(1− σ∗b (m∅)).

Proof. This is a special case of the more complete characterization of a class of MSE with

difficulty validation and policy concerns stated and proven as proposition 12 in Appendix

C.

In sum, other than in a restrictive corner of the parameter space,15 small policy concerns

and difficulty validation are sufficient to induce at least good and uninformed experts to

admit uncertainty, and potentially full honesty among all experts.

6.2 When do we observe admission of uncertainty, and from whom?

Figure 4 illustrates the equilibrium described by proposition 4, which helps provide some

more concrete insights into when we should expect to see admission of uncertainty and

good decisions. All claims that follow are comparisons within this equilibrium, though

again this is the only MSE where the good types report honestly (see footnote 13).

15The only time this does not hold is if pg

1+pg
< pe, and pe < 2p1 − 1. So, three sufficient conditions for

this constraint to remain unviolated are (1) pg is high, (2) p1 is high, and (3) pe is either low or high. Even if
both of these inequalities hold, as shown in the proof of proposition 12 in Appendix C, it is a necessary but
not sufficient condition for an incentive compatibility constraint to be violated.
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Figure 4: Illustration of expert strategies in the equilibrium identified by proposition 4, as
a function of pe and pg, with p1 = 1/2.
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In the bottom right corner (most experts are competent, most problems are hard), there is an

honest equilibrium. Substantively, this corner of the parameter space plausibly corresponds

to environments where the best experts are tackling questions on the research frontier, be it

at conferences or in the pages of academic journals. In general, the admission of uncertainty

is quite frequent in these settings: even good experts often don’t know the answer but

feel comfortable admitting this, and as a result bad experts can pool with them and admit

uncertainty too. So, while decision-makers may not always get useful advice here – recall,

most questions have no good answer — they will at least have no problems getting experts

to honestly report what they know.

In the top right corner, most experts are competent and most problems are easy. We can

think of this part of the parameter space as “business as usual” in bureaucracies, companies

or other organizations where qualified experts are addressing relatively mundane problems

that they generally know how to solve. In this case, there is little admission of uncertainty,

both because experts typically get informative signals, and because admitting uncertainty
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in this setting is too risky for bad experts to ever do it. While experts have the most infor-

mation in this region, this comes at a cost from the perspective of the decision-maker, as

bad types always guess, which dilutes the value of the informative messages.

Comparing across these two cases also hints at the question of when good or bad experts

are more likely to admit uncertainty. Our model contains a straightforward assumption

about which experts are likely to be uncertain about the state of the world: good experts

sometimes, and bad experts always. And, in an honest equilibrium (when pe < pg/(1+pg)),

this is what they will report, and so bad experts admit uncertainty more often.

However, on the other extreme, when pe > 1/(1 + pg), it is only the good experts who will

ever admit uncertainty. Put another way, if an outside observer (who the expert does not

care to impress) were to see an expert admit uncertainty in this part of the parameter space

(and in this equilibrium), she would know for sure that anyone who says “I don’t know” is

in fact competent.

More generally, good experts admit uncertainty whenever the problem is hard, so with

probability 1 − pe. For parameters where good experts sometimes admit uncertainty (the

triangle in the left of Figure 4), bad experts send m∅ with probability 1−pe(1+pg)
1−pg , which is

less than 1 − pe if and only if pe > 1/2. So, in domains of difficult problems, bad experts

are more likely to admit uncertainty, and in domains with easier questions good experts are

more likely to admit uncertainty.

6.3 Comparative Statics

We now ask how changing the probability parameters of the model affects the communica-

tion of uncertainty by uninformed experts in the MSE identified by proposition 4.
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In general, one might expect that adding more competent experts will lead to less admission

of uncertainty and better decisions, and that making problems easier will also lead to less

admission of uncertainty and better decisions. Both of these always hold within an honest

equilibrium, but can break down elsewhere. Here we highlight cases where these intuitive

results do not hold, and then summarize with a complete description of the comparative

statics.

More competent experts Adding more competent experts always leads to better deci-

sions (on average), but there are two scenarios where adding more competent experts (in-

creasing pg) can lead to more admission of uncertainty.

First, in the region where the bad types always guess, the good types are the only experts

who send m∅, so increasing pg leads to more admission of uncertainty.

More subtly, when the bad types sometimes send m∅ and pe < 1/2 (the bottom left trian-

gle), adding more competent experts leads the bad types to admit uncertainty more often.

And since this is the part of the parameter space where good types usually admit uncertainty

as well, adding more competent types leads to more admission of uncertainty overall:

Proposition 5. In the equilibrium identified by proposition 4:

(i) The expected value of the decision is strictly increasing in pg, and

(ii) The unconditional probability that the expert admits uncertainty is strictly decreasing

in pg if pe ≤ pg/(1 + pg) (honest equilibrium) or if pe ∈ (1/2, 1/(1 + pg)), and strictly

increasing in pg otherwise.

More easy questions When the probability of an easy problem increases, this always

decreases the admission of uncertainty as good types are more likely to be informed and

bad types are more apt to guess. The potentially counterintuitive result here is that more
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easy problems can sometimes lead to worse decisions. This is possible because when

problems are more likely to be easy, the bad types are more tempted to guess. If the bad

types never actually guess (bottom right corner) or always guess (top right corner), this

does not matter. However, when making problems easier actually makes the bad types

guess more, the messages m0 and m1 become less informative. As shown in the following

proposition, this can sometimes lead to worse decisions:

Proposition 6. In the equilibrium identified by proposition 4,

(i) The unconditional probability that an expert admits uncertainty is strictly decreasing in

pe, and

(ii) For any pg, there exists a p̃e ∈ (pg/(1+pg), 1/(1+pg)] such that v∗ is strictly decreasing

in pe for pe ∈ (pg/(1 + pg), p̃e).

7 Discussion

This paper has studied the strategic communication of uncertainty by experts with reputa-

tion concerns. Our analysis is built on two theoretical innovations: first, in our setup, the

decision-maker is uncertain not only about the state of the world, but also about whether the

state is even knowable for qualified experts. This feature is related to prior work on classifi-

cation of uncertainty; in particular, “aleatory" and “epistemic" uncertainty, language dating

to Hacking (1975). Aleatory uncertainty characterizes what we cannot know, i.e. “difficult"

questions (e.g., the roll of dice), where epistemic uncertainty is what we do not know, but

could if we were more informed.16 We show that these properties of uncertainty have real

implications, both in understanding why communication about uncertainty is hard and how

to overcome that challenge. The way we formalize the distinction between easy and hard

16The language of aleatory and epistemic uncertainty has taken particular hold in structural engineering,
where it is important in the classification of risk, see Kiureghian and Ditlevsen (2009).
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problems highlights the idea that part of being a domain expert is not merely knowing the

answers to questions, but knowing the limits of what questions are answerable.

A second innovation concerns the notion of “credible beliefs," which is closely tied to

structural consistency of beliefs (Kreps and Wilson, 1982). Honest communication in our

model is disciplined by experts’ reputational concerns — off-path, they are punished by the

low opinion of the decision-maker. But what can she credibly threaten to believe? Our use

of Markov sequential equilibrium rules out non-credible beliefs that stipulate updating on

payoff-irrelevant information.

A pragmatic way to frame our inquiry is that we ask what would the decision maker want

to learn, ex post, in order to induce the experts, ex ante, to communicate their information

honestly? We found that the intuitive answer – checking experts’ reports against the true

state of the world – is insufficient. Even when decision-makers catch an expert red-handed

in a lie, the severity of their beliefs is curtailed by the fact that good experts facing unan-

swerable questions are in the same conundrum as bad experts. Therefore, we show, state

validation alone never induces honesty. In order to elicit honest reports from experts, it is

necessary that the decision-maker also learns whether the problem is difficult. Indeed, in

environments where the expert has even very small policy concerns, difficulty validation

alone may be sufficient.

Is such difficulty validation common in the real world? As discussed throughout, we be-

lieve sometimes information about difficulty naturally comes ex post, and it can sometimes

be accomplished by methods like peer review. We conclude with a practical suggestion:

that when consulting multiple experts, decision-makers may want to give heterogenous in-

centives and ask different questions. Rewarding some for “getting things right” gives good

incentives to avoid letting personal biases contaminate advice, and potentially for collect-

ing information in order to be informed in the first place. However, as emphasized here,
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these kinds of reward schemes may exacerbate the problem of getting experts to admit un-

certainty. On the other hand, paying a flat fee to an expert who will likely not be consulted

again for their services may have drawbacks, but will make the expert much more comfort-

able admitting uncertainty. Further, some experts can simply be asked “do you think the

evidence about this question is solid” rather than emphasizing what the expert thinks the

truth is. Finding other ways to achieve difficulty validation could be a path to improving

communication in politics and organizations more generally.
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A Markov Sequential Equilibrium

A.1 General Definition of MSE

Take a general sequential game of incomplete information, and let each node (history) be

associated with information set I and an action set AI . Beliefs µ map information sets into

a probability distribution over their constituent nodes. A strategy profile for the entire game

σ maps each information set into a probability distribution over AI . Write the probability

(or density) of action a at information set I as σI(a). Let the function uI(a, σ) denote the

von Neumann-Morgenstern expected utility from taking action a ∈ AI at an information

set I when all subsequent play, by all players, is according to σ. In our setting the payoff-

relevant state depends on the information set of the DM, IDM2, and so in order to define it,

we look to affine payoff equivalence following Harsanyi and Selten (1988) and Fudenberg

and Tirole (1991).

Definition 2. A strategy σ is a Markov strategy if whenever, for any pair of information

sets I and I ′ with associated action sets AI and AI′ , and for some constants α > 0 and β,

there exists a bijection f : AI → AI′ such that uI(a, σ) = αuI′(f(a), σ) + β, ∀a ∈ AI ,

then σI(a) = σI′(f(a)).

The extension of equilibrium in Markov strategies to a setting with incomplete information

requires some additional language. Our notation and terminology parallels the treatment

of sequential equilibrium in Tadelis (2013). As consistency is to sequential equilibrium, so

Markov consistency is to Markov sequential equilibrium.

Definition 3. A profile of strategies σ and a system of beliefs µ is Markov consistent if there

exists a sequence of non-degenerate, Markov mixed strategies {σk}∞k=1 and a sequence of

beliefs {µk}∞k=1 that are derived from Bayes’ Rule, such that limk→∞(σk, µk)→ (σ, µ).

1



With this in hand, a notion of Markov sequential equilibrium follows directly.

Definition 4. A profile of strategies σ, together with a set of beliefs µ, is a Markov sequen-

tial equilibrium if (σ∗, µ∗) is a Markov consistent perfect Bayesian equilibrium.

Behavioral Motivation Markov strategies have axiomatic foundations (Harsanyi and

Selten, 1988), and can be motivated by purification arguments as well as finite memory

in forecasting (Maskin and Tirole, 2001; Bhaskar et al., 2013). In the complete information

settings to which it is commonly applied, the Markovian restriction prevents the players

from conditioning their behavior on payoff-irrelevant aspects of the (common knowledge)

history.17 The natural extension of this idea to asymmetric information games is to prevent

players from conditioning their strategies on payoff-irrelevant private information.

Our restriction on beliefs is also related to the notion of structural consistency proposed

by Kreps and Wilson (1982).18 In that spirit, Markov consistency formalizes a notion of

“credible" beliefs, analogous to the notion of credible threats in subgame perfect equilib-

rium. Instead of using arbitrarily punitive off-path beliefs to discipline on-path behavior,

we require that off-path beliefs are credible in the sense that, ex post, on arriving at such an

off-path node, the relevant agent could construct a convergent sequence of Markov strate-

gies to rationalize them.

Robustness of MSE. Though the restriction to Markov strategies itself enforces a no-

tion of robustness, there is a trivial sense in which the restriction of Markov equilibrium –

whether in a complete information setting or an incomplete information setting – is non-

robust. In particular, because it imposes symmetric strategies only when incentives are
17Applications of Markov equilibrium have been similarly focused on the infinitely-repeated, complete

information setting. See, e.g. Maskin and Tirole (1988a,b); Ericson and Pakes (1995).
18Kreps and Ramey (1987) demonstrated that consistency may not imply structural consistency, as conjec-

tured by Kreps and Wilson (1982). We observe that as the Markov property is preserved by limits, Markov
consistency does not introduce any further interpretive difficulty.
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exactly symmetric, small perturbations of a model may permit much larger sets of equilib-

ria. In the standard applications of the Markov restriction, this could be driven by future

payoffs being slightly different depending on the history of play. In our setting, good and

bad uninformed experts could have marginally different expected payoffs. Either way, we

maintain that this is a red herring. The point of the refinement, like the symmetry condition

of Nash (1950), is to hold the theorist to a simple standard: that we be precise about exactly

what kind of asymmetry in the model construction explains asymmetries in the predicted

behavior. From this perspective, another interpretation of our work is that we are reflect-

ing on exactly what informational structures introduce the asymmetry we need to obtain

honesty in equilibrium.19

Note on a dynamic interpretation We have formulated our game as a one-shot sequen-

tial game with reputational concerns, so the payoff equivalence holds without the need for

affine transformations. In the repeated game implied by the reputational concerns, this will

not generally be the case: depending on the formulation of payoffs, good experts will most

likely have a higher continuation value than bad ones in all but a babbling equilibrium.

This is where the potential for affine transformations in our definition of Markov strategies

is useful – if the prior beliefs of the DM at the beginning of a period are sufficient for the

history of the game, then setting β equal to the difference in continuation values means that

the Markov restriction still binds.
19We thank an anonymous referee for pointing out that one could also develop a notion of ε−Markov

equilibrium to make this point. This is beyond the theoretical ambition of the current work, but an interesting
direction for future work.
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A.2 MSE and SE

Here we offer a brief discussion of the prior use of the Markov sequential equilibrium

(MSE) solution concept as well as an illustration of its implications as a refinement on

off-path beliefs.

MSE is the natural extension of Markov Perfect Equilibrium to incomplete information

games. However, its usage is infrequent and sometimes informal. To our knowledge, there

is no general treatment nor general guidance to the construction of the maximally coarse

(Markov) partition of the action space, unlike the case of MPE (Maskin and Tirole, 2001).

Bergemann and Hege (2005) and Bergemann and Hörner (2010) employ the solution con-

cept, defining it as a perfect Bayesian equilibrium in Markovian strategies. In other words,

they impose the Markov restriction only on the sequential rationality condition. This is

different and weaker than our construction; our definition of MSE imposes the Markov as-

sumption on both sequential rationality as well as consistency. While they do not use the

Markov restriction to refine off-path beliefs, this is of no consequence for their applications.

To see the relevance of MSE to off-path beliefs, consider the game illustrated in Figure A.1,

which is constructed to mirror an example from Kreps and Wilson (1982).20 First, nature

chooses Player 1’s type, a or b. Next, Player 1 chooses l or r. Finally, Player 2 chooses u

or d. Player 2 is never informed of Player 1’s type. Whether Player 1 knows their own type

is the key difference between the two games.

In the first game, the player does not know their type. Posit an equilibrium in which Player

1 always chooses l. What must Player 2 believe at a node following r? If the theorist

is studying perfect Bayesian equilibrium (PBE), they may specify any beliefs they wish.

Alternatively, if they are studying sequential equilibrium (SE), Player 2 must believe that

20See, in particular, their Figure 5 (p.873).
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Figure A.1: Consistency, Markov Consistency, and Off-Path Beliefs
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Notes: This figure depicts two games, which differ in whether Player 1 knows their own type. Their type, a
or b, is chosen by Nature with Pr(a) = p and Pr(b) = 1− p. Player 1 chooses l or r, and Player 2 sees this
and reacts with u or d. Payoffs are omitted, but can be written ui(·, ·, ·).

Player 1 is of type a with probability p.

In the second game depicted, SE imposes no restriction on Player 2’s off-path beliefs. How-

ever, MSE may. If u1(a, l, ·) = u1(b, l, ·) and u1(a, r, ·) = u1(b, r, ·) (or, more generally, the

expected utilities are equal up to an affine transformation) then we say that Player 1’s type

is payoff irrelevant. The restriction to Markov strategies implies that Player 1’s strategy

does not depend upon their type. Markov consistency implies that, further, Player 2 cannot

update about payoff irrelevant information. Therefore Player 2 must believe that Player 1

is of type a with probability p.
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A.3 Non-Markovian PBE

Here we briefly discuss PBE that fail the Markov consistency requirement of MSE, and

argue why we believe these equilibria are less sensible.

In particular, we demonstrate that the most informative equilibrium under no policy con-

cerns can involve more transmission of uncertainty and also information about the state.

However, these equilibria are not robust to minor perturbations, such as introducing a van-

ishingly small random cost of lying.

Example 1: Admission of Uncertainty with No Validation. Even without the Markov

restriction, it is immediate that there can be no fully honest equilibrium with no validation.

In such an equilibrium, the competence assessment for sending either m0 or m1 is 1, and

the competence assessment for sending m∅ is strictly less than one. So the uninformed

types have a strict incentive to deviate to m0 or m1.

However, unlike the case with the Markov restriction which leads to babbling, there is an

always guessing equilibrium: If informed types always send mx = sx, and all uninformed

types send m1 with probability p1 and m0 otherwise, the competence assessment upon

observing either message is pg. So no type has an incentive to deviate.

Further, it is possible to get admission of uncertainty if the good and bad uninformed types

play different strategies. In the extreme, suppose the good types always send their honest

message, including the uninformed sendingm∅. If the bad types were to always sendm0 or

m1, then the competence assessment upon sending m∅ would be 1. In this case, saying “I

don’t know” would lead to the highest possible competence evaluation, giving an incentive

for all to admit uncertainty even if they know the state.
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It is straightforward to check that if the bad types mix over messages (m0,m1,m∅) with

probabilities (pe(1− p1), pep1, 1− pe), then the competence assessment upon observing all

messages is pg, and so no expert has an incentive to deviate.

A common element of these equilibria is that the competence assessment for any on-path

message is equal to the prior. In fact, a messaging strategy can be part of a PBE if and only

if this property holds: the competence assessments must be the same to prevent deviation,

and if they are the same then by the law of iterated expectations they must equal the prior.

So, there is a range of informative equilibria, but they depend on types at payoff-equivalent

information sets taking different actions, a violation of Markov strategies that reflects their

sensitivity to small perturbations of the payoffs.

Example 2: Honesty with State Validation or Difficulty Validation. Now return to the

state validation case, and the conditions for an honest equilibrium. Without the Markov

restriction on beliefs, it is possible to set the off-path belief upon observing an incorrect

guess to 0. With this off-path belief, the incentive compatibility constraint to prevent send-

ing m1 becomes π∅g ≥ p1. Since π∅g is a function of pg and pe (but not p1), this inequality

holds for a range of the parameter space. However, this requires beliefs that are not Markov

consistent – the DM who reaches that off-path node cannot construct a Markov strategy to

rationalize their beliefs. So we argue that the threat of these beliefs not credible.

Similarly, without the Markov restriction it is possible to get honesty with just difficulty

validation. The binding constraint is that if any off-path message leads to a zero competence

evaluation, the bad type gets a higher payoff from sending m∅ (as will the case with γ → 0

case, (1−pe)pg) than from sendingm1 (now pe). So, honesty is possible if (1−pe)pg > pe,

i.e., the same condition as when γ → 0.
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The Fragility of These Examples. A standard defense of Markov strategies in repeated

games is that they represent the simplest possible rational strategies (Maskin and Tirole,

2001). A similar principle applies here: rather than allowing for types with the same (effec-

tive) information to use different mixed strategies sustained by indifference, MSE focuses

on the simpler case where those with the same incentives play the same strategy.

Further, as shown by Bhaskar et al. (2013) for the case of finite social memory, taking limits

of vanishing, independent perturbations to the payoffs – in the spirit of Harsanyi and Selten

(1988) “purification” – results in Markov strategies as well. Intuitively, suppose the expert

receives a small perturbation to his payoff for sending each message which is independent

of type and drawn from a continuous distribution, so he has a strict preference for sending

one message over the others with probability one. Payoff-indifferent types must use the

same mapping between the perturbations and messages, analogous to Markovian strategies.

Further, if these perturbations put all messages on path, then all beliefs are generated by

Markovian strategies.21

Summary It would be possible to construct additional informative equilibria if we al-

lowed different types to play different actions, even when they are payoff equivalent. We

view this as a modeling contrivance, and this is precisely what the Markov consistency

restriction, above and beyond standard consistency, restricts. This point was previously

made by Harsanyi and Selten (1988), who contend that the property of “invariance with

respect to isomorphisms," on which our definition of Markov strategies is based, is “an in-

dispensable requirement for any rational theory of equilibrium point selection that is based

on strategic considerations exclusively." Or, in the appeal of Maskin and Tirole (2001) to

payoff perturbations, “minor causes should have minor effects."

21A related refinement more specific to our setting is to allow for a small random “lying cost” for sending
a message not corresponding to the signal, which is independent of the type (Kartik, 2009).
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B Proofs of Results in the Main Text

More general definitions Some of our results in this section rely on more general defi-

nitions of messaging strategies. Starting with “honesty”:

Definition 5. Let πs(m) be the DM posterior belief that the expert observed signal s upon

sending message m. An equilibrium is honest if πs(m) ∈ {0, 1} ∀ s ∈ S and all on-path

m.

As in all cheap-talk games, the messages sent only convey meaning by which types send

them in equilibrium. We define admitting uncertainty as sending a message which is never

sent by either informed type:

Definition 6. Let M0 be the set of messages sent by the s0 types and M1 be the set of

message sent by the s1 types. Then an expert admits uncertainty if he sends a message

m 6∈M0 ∪M1

Finally, an important class of equilibria will be one in which the informed types send dis-

tinct message from each other, but the uninformed types sometimes if not always mimic

these messages:

Definition 7. A guessing equilibrium is one where M0 ∩ M1 = ∅, and Pr(m ∈ M0 ∪

M1|θ, s∅) > 0 for at least one θ ∈ {g, b}. In an always guessing equilibrium, Pr(m ∈

M0 ∪M1|θ, s∅) = 1 for both θ ∈ {g, b}.

That is, an always guessing equilibrium is one where the informed types report their signal

honestly, but the uninformed types never admit uncertainty.
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Proof of Proposition 1: For convenience, we extend the definition of v so v(a, π1) rep-

resents the expected quality of policy a under the belief that the state is 1 with probability

π1.

The DM’s expected payoff from the game can be written as the sum over the (expected)

payoff as a function of the expert signal:

∑
s∈{s0,s1,s∅}

Pr(s)
∑
m

Pr(m|s)v(a∗(m), P r(ω|s)). (7)

In the honest equilibrium, when the expert observes s0 or s1, the DM takes an action equal

to the state with probability 1, giving payoff 1. When the expert observes s∅, the equilib-

rium action is p1 giving payoff v(p1, p1) = 1− p1(1− p1). So, the average payoff is:

pgpe1 + (1− pgpe)p1(1− p1) = v.

This payoff as expressed in (7) is additively separable in the signals, and v is and strictly

concave in a for each s. So, for each s ∈ {s0, s1, s∅}, this component of the sum is

maximized if and only if a∗(m) is equal to the action taken upon observing the honest

message is with probability 1. That is, it must be the case that:

a∗(m) =


1 m : Pr(m|s1) > 0

p1 m : Pr(m|s∅) > 0

0 m : Pr(m|s0) > 0

. (8)

If the equilibrium is not honest, then there must exist a message m′ such that Pr(s|m′) < 1

for all s. At least one of the informed types must send m′ with positive probability; if

not, Pr(s∅|m′) = 1. Suppose the type observing s0 sends m′ with positive probability.
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(An identical argument works if it is s1.) To prevent Pr(s0|m′) = 1 another type must

send this message as well, and so in response the DM chooses an action strictly greater

than 0, contradicting condition (8) and hence the expected quality of the decision in any

equilibrium which is not honest is strictly less than v.

Proof of Proposition 2: For any messaging strategy, the DM must form a belief about

the expert competence for any message (on- or off-path); since it only depends on this

message (and not the validation as in other cases) write these πg(m). So, for any type θ, the

expected utility for sending messagem is just πg(m). All types are payoff-equivalent in any

equilibrium, and therefore in any MSE they must use the same strategy. Since all messages

are sent by both informed and uninformed types, there is no admission of uncertainty.

Proof of Proposition 3: A more complete description of the MSE with no policy con-

cerns and state validation is:

Proposition 7. With state validation and no policy concerns:

i. In any MSE, there is no admission of uncertainty, and

ii. any non-babbling MSE is equivalent, subject to relabeling, to an MSE where both

uninformed types send m1 with probability

σ∗∅(m1) =


p1(1+pgpe)−pgpe

1−pgpe if p1 < 1/(1 + pgpe)

1 otherwise

–and m0 with probability σ∗∅(m0) = 1− σ∗∅(m1).

Proof. Part i is immediate in a babbling equilibrium: there is no admission of uncertainty

since there are no messages only sent by the uninformed types. Propositions 14 and 15 in
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Appendix D, shows that all MSE are equivalent, subject to a relabeling of the messages,

to one where the the s0 types send m0, the s1 types send m1, and there is only one other

potential message m∅. What remains to be shown is that in the MSE of this form, the

uninformed types never sendm∅ and sendm0 andm1 with the probabilities in the statement

of the proposition.

Recall the Markov strategy restriction implies the good and bad uninformed types use the

same strategy. As shown in the main text, in a conjectured honest equilibrium, the payoff

for an uninformed type to send m∅ is π∅g . To formally show a deviation to m1 is profitable,

recall the payoff to sending this message when ω = 1 is 1. When ω = 0, the competence

assessment is off path. Markov consistency requires that this belief be formed as the limit

to a sequence of well-defined beliefs which are consistent with a corresponding sequence

of Markov strategies. Take any sequence of Markov strategies σk and resulting beliefs:

πkg (m1, 0) =
Pr(m1, 0, θ = g)

Pr(m1, 0)
=

(1− p1)pgpeσk0(m1) + (1− p1)pg(1− pe)σk∅(m1)

(1− p1)pgpeσk0(m1) + (1− p1)(1− pgpe)σk∅(m1)
.

This belief is increasing in σk0(m1) and decreasing in σk∅(m1), and can range from π∅g (when

σk0(m1) = 0 and σk∅(m1) > 0) to 1 (when σk0(m1) > 0 and σk∅(m1) = 0). So, πg(m1, 0)

must be the limit of a sequence which lies in [π∅g , 1], and the off path belief must lie on

this interval as well. Hence the payoff to deviating to m1 is at least p1 + (1− p1)π∅g > π∅g ,

completing the proof that there is no honest equilibrium.

Now suppose the uninformed types send m∅ with a probability strictly between 0 and 1.

The competence assessment for sending m∅ is π∅g . Writing the probability the uninformed

types send m1 with σ∅(m1), the competence assessment for sending m1 and observing

12



validation that w = 1 is:

Pr(θ = g|m1;σ∅(m1)) =
pgpep1 + pg(1− pe)σ∅(m1)

pgpep1 + (pg(1− pe) + (1− pg))σ∅(m1)

≥ pgpep1 + pg(1− pe)
pgpep1 + (pg(1− pe) + (1− pg))

>
pg(1− pe)

pg(1− pe) + (1− pg))
= π∅g .

Since the competence assessment for sending m1 is strictly higher than for sending m∅,

there can be no MSE where the uninformed types admit uncertainty, completing part i.

For part ii, first consider the condition for an equilibrium where both m0 and m1 are sent

by the uninformed types. The uninformed types must be indifferent between guessing m0

and m1. This requires:

p1πg(m1, ω = 1) + (1− p1)π∅g = (1− p1)πg(m0, ω = 0) + p1π
∅
g (9)

where the posterior beliefs about competence when “guessing wrong” are π∅g and when

“guessing right” are given by Bayes’ rule:

πg(m1, ω = 1) =
Pr(θ = g, ω = 1,m1)

Pr(m1, ω = 1)
=

p1pg(pe + (1− pe)σ∅(m1))

p1(pgpe + (1− pgpe)σ∅(m1))

πg(m0, ω = 0) =
Pr(θ = g, ω = 0,m0)

Pr(m0, ω = 0)
=

(1− p1)pg(pe + (1− pe)σ∅(m0))

(1− p1)(pgpe + (1− pgpe)σ∅(m0))
.

Plugging these into (9) and solving for the strategies with the additional constraint that

σ∅(m0) + σ∅(m1) = 1 gives:

σ∅(m0) =
1− p1(1 + pgpe)

1− pgpe
σ∅(m1) =

p1(1 + pgpe)− pgpe
1− pgpe

.
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For this to be a valid mixed strategy, it must be the case that both of these expressions are

between zero and one, which is true if and only if p1 < 1/(1 + pgpe) ∈ (1/2, 1). So, if

this inequality holds and the off-path beliefs upon observing m∅ are sufficiently low, there

is an MSE where both messages are sent by the uninformed types. And the competence

assessment for any off-path message/validation can be set to π∅g (i.e., the lowest belief

possible with Markov consistency), which is less than the expected competence payoff for

sending either m0 or m1.

Now consider an equilibrium where uninformed types always send m1. The on-path mes-

sage/validation combinations are then (m1, ω = 0), (m1, ω = 1), and (m0, ω = 0), with

the following beliefs about the expert competence:

πg(m1, ω = 0) =
pg(1− pe)

pg(1− pe) + 1− pg
;

πg(m1, ω = 1) =
pgpe + pg(1− pe)

pgpe + pg(1− pe) + (1− pg)
= pg, and

πg(m0, ω = 0) = 1.

Preventing the uninformed types from sending m0 requires:

p1pg + (1− p1)
pg(1− pe)

pg(1− pe) + 1− pg
≥ p1πg(m0, ω = 1) + (1− p1).

This inequality is easiest to maintain when πg(m0, ω = 1) is small, and by the argument in

the main text, in an MSE it must be at least π∅g . Setting πg(m0, ω = 1) = π∅g and simplifying

gives p1 ≥ 1/(1 + pgpe), i.e., the reverse of the inequality required for an MSE where both

m0 and m1 are sent. Again, setting the competence assessment for an off-path message to

π∅g prevents this deviation.

So, if p1 ≤ 1/(1 + pgpe) there is an MSE where both messages are sent, and if not there is
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an MSE where only m1 is sent.

Finally, it is easy to verify there is never an MSE where only m0 is sent, as the uninformed

types have an incentive to switch to m1.

Proof of Proposition 4 See the proof of proposition 12 in Appendix C.

Proof of Proposition 5: For part i, the result is immediate in the range of pe where pg does

not change the bad type strategy. For the range where the bad type strategy is a function of

pg, plugging in the strategies identified in (6) and simplifying gives the expected quality of

the decision is:

1− p1(1− p1) +
(pepg)

2p1(1− p1)
pe − pg(1− 2pe)

. (10)

The derivative of (10) with respect to pg is:

p1(1− p1)p2epg(2pe(1 + pg)− pg)
(pe − pg(1− 2pe))2

.

which is strictly positive if pe >
pg

2(1+pg)
. Since the range of pe where the bad type plays a

mixed strategy is pe ∈ (pg/(1 + pg), 1/(1 + pg)), this always holds.

For part ii, the unconditional probability of admitting uncertainty in this equilibrium is:

pg(1− pe) + (1− pg)σb(m∅). (11)

Within the range for an honest equilibrium (where σb(m∅) = 1) the derivative of (11) with

respect to pg is −pe < 0. In the range where the bad type always guesses (σb(m∅) = 0)

the derivative is (1 − pe) > 0. Plugging in the equilibrium strategy when interior and
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differentiating with respect to pg gives 1 − 2pe, which is positive if and only if pe < 1/2.

Proof of Proposition 6: For part i, σb(m∅) is weakly decreasing in pe, so (11) is strictly

decreasing in pe.

For part ii, in the range pe ∈ (pg/(1 + pg), 1/(1 + pg)), the expected quality of the decision

is (10). Differentiating this with respect to pe gives:

p1(1− p1)pep2g(pe − 2pg + 2pepg)

(pe − pg + 2pepg)2

which, evaluated at pe = pg/(1+pg) simplifies to−p1(1−p1). By continuity, this derivative

must be negative on some nonempty interval (pg/(1+pg), p̃e). So, the value of the decision

must be locally decreasing at pe = pg/(1 + pg), and by continuity, for an open interval

pe ∈ (pg/(1 + pg), p̃δ).

C Analysis of Other Cases

Section 5 (and associated proofs) contains a full analysis of the cases with no policy con-

cerns and no validation/state validation, and Section 6 analyzes the case with small policy

concerns and difficulty validation.

Here we first tie up the cases of difficulty and full validation with no policy concerns, and

then the other validation cases with policy concerns.
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Difficulty and Full Validation with No Policy Concerns

Difficulty validation A complete description of the MSE with difficulty validation proves

challenging. However, with no policy concerns, we can show that there is never any in-

formation communicated about the state, though there can be information communicated

about the difficulty of the problem:

Proposition 8. With no policy concerns and difficulty validation,

i. in any MSE, a∗(m) = p1 for all on-path m, and

ii. there is an MSE where the good uninformed types always admit uncertainty.

Proof. Given the payoff equivalence classes, the good and informed types must use the

same mixed strategy. In any MSE, the posterior belief about the state upon observing

an on-path message m can be written as a weighted average of the belief about the state

conditional on being in each equivalence class, weighted by the probability of being in the

class:

Pr(ω = 1|m) = Pr(ω = 1|m, θ = g, s ∈ {s0, s1})Pr(θ = g, s ∈ {s0, s1}|m)

+ Pr(ω = 1|m, θ = g, s = s∅)Pr(θ = g, s = s∅|m)

+ Pr(ω = 1|m, θ = b)Pr(θ = b|m)

= p1Pr(θ = g, s ∈ {s0, s1}|m) + p1Pr(θ = g, s = s∅|m) + p1Pr(θ = b|m) = p1.

For each equivalence class there is no information conveyed about the state, so these con-

ditional probabilities are all p1, and hence sum to this as well.

For part ii, we construct an equilibrium where the informed types always send me (“the

problem is easy”), the good but uninformed types send mh (“the problem is hard”), and

the bad types mix over these two messages with probability (σb(me), σb(mh)). Since mh
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is never sent by the informed types, sending this message admits uncertainty.

There can be an equilibrium where both of these messages are sent by the bad types if

and only if they give the same expected payoff. Writing the probability of sending me as

σb(me), this is possible if:

peπg(me, e) + (1− pe)πg(me, h) = peπg(mh, e)(1− pe)πg(mh, h),

– or, rearranged:

pe
pgpe

pgpe + (1− pg)σb(me)
= (1− pe)

pg(1− pe)
pg(1− pe) + (1− pg)(1− σb(me))

. (12)

The left-hand side of this equation (i.e., the payoff to guessing the problem is easy) is

decreasing in σb(me), ranging from pe to pe
pgpe

pgpe+(1−pg) . The right-hand side is increasing

in σb(me), ranging from (1− pe) pg(1−pe)
pg(1−pe)+(1−pg) to 1− pe. So, if

pe
pgpe

pgpe + (1− pg)
− (1− pe) ≥ 0, (13)

then payoff to sending me is always higher. After multiplying through by pgpe + (1− pg),

the left-hand side of (13) is quadratic in pe (with a positive pe term), and has a root at
2pg−1+

√
1+4pg−4p2g

4pg
which is always on (1/2, 1), and a negative root.22 So, when pe is above

this root, the payoff to sending me is always higher, and hence there is a MSE where the

uninformed types always send this message.

On the other hand, if

(1− pe)
pg(1− pe)

pg(1− pe) + (1− pg)
− pe ≥ 0,

22All of these observations follow from the fact that 1 + 4pg − 4p2g ∈ (1, (2pg + 1)2).
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then the payoff for sending mh is always higher, which by a similar argument holds if

pe ≤
2pg+1−

√
1+4pg−4p2g

4pg
. However, if neither of these inequalities hold, then there is a

σb(me) ∈ (0, 1) which solves (12), and hence there is an MSE where me is sent with this

probability and mh with complementary probability. Summarizing, there is an MSE where

the bad type sends message me with probability:

σ∗b (me) =



0 pe ≤
2pg+1−

√
1+4pg−4p2g

4pg

pe(pe−pg+2pepg−2p2epg)
(1−pg)(1−2pe(1−pe)) pe ∈

(
2pg+1−

√
1+4pg−4p2g

4pg
,
2pg−1+

√
1+4pg−4p2g

4pg

)
1 pe ≥

2pg−1+
√

1+4pg−4p2g
4pg

and message mh with probability σ∗b (mh) = 1− σ∗b (mh).

This implies that, while we can learn something about the question difficulty with difficulty

validation alone, learning about the state (and attaining an honest equilibrium) require ei-

ther nonzero policy concerns or state validation (or both).

Full Validation with No Policy Concerns With full validation, there are four possible

validation results for each message. The expected payoff to sending messagem given one’s

type and message is:

∑
δ∈{e,h}

∑
ω∈{0,1}

Pr(δ|s, θ)Pr(ω|s, θ)πg(m,ω, δ).

No pair of types share the same Pr(ω|s, θ) and Pr(δ|s, θ), so none must be payoff equiva-

lent. As a result, all types can use distinct strategies, and off-path beliefs are unrestricted.

In an honest equilibrium, upon observing (m0, 0, e) or (m1, 1, e), the DM knows that the

expert is competent. Upon observing (m∅, ω, e) the DM knows that the expert is not compe-
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tent, as a competent expert would have received and sent an informative message since the

problem is easy. Upon observing (m∅, ω, h), the DM belief about the expert competence is

the same as the prior, since if the problem is hard no one gets an informative message (and

all send m∅).23 So, the competence evaluations for the on-path messages are:

πg(m0, 0, e) = 1 πg(m1, 1, e) = 1

πg(m∅, ω, e) = 0 πg(m∅, ω, h) = pg

To make honesty as easy as possible to sustain, suppose that for any off-path message

(“guessing wrong”), the competence evaluation is zero.

The informed types get a competence evaluation of 1 for sending their honest message, so

face no incentive to deviate.

A good but uninformed type knows the difficulty validation will reveal δ = h, but does

not know ω. Sending the honest message m∅ gives a competence payoff of pg. However,

sending eitherm0 orm1 will lead to an off-path message/validation combination, and hence

a payoff of zero. So, these types face no incentive to deviate.

Finally, consider the bad uninformed types, who do not know what either the state or dif-

ficulty validation will reveal. If they send m∅, they will be caught as uninformed if the

problem was in fact easy (probability pe). However, if the problem is hard, the DM does

not update about their competence for either state validation result. So, the expected payoff

to sending m∅ is (1− pe)pg.

If guessing m1, the expert will be “caught” if either the problem is hard or the state is

0. However, if guessing correctly, the competence evaluation will be 1. So, the expected

23Formally, applying Bayes’ rule gives Pr(θ = g|m∅, ω, h) = pg(1−pe)
pg(1−pe)+(1−pg)(1−pe)

= pg .
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payoff to this deviation is pep1. Similarly, the expected payoff to guessing m0 is pe(1 −

p1) < pep1, so m1 is the best deviation.

Honesty is possible if admitting uncertainty leads to a higher competence evaluation than

guessing m1, or:

(1− pe)pg ≥ pep1 =⇒ pe ≤
pg

pg + p1
.

If this inequality does not hold, a fully honest MSE is not possible. However, there is always

an MSE where the good but uninformed types always send m∅. In such an equilibrium, the

bad types pick a mixed strategy over m0, m1, and m∅. Whenever the DM observes an

“incorrect guess” she assigns a competence evaluation of zero. So, the informed types

never deviate (as this ensures an incorrect guess), and good uninformed types have no

reason to guess since they know the problem is hard. Returning to the derivation of the

honest equilibrium, the off-path beliefs in this MSE are justified, in the sense that the good

types all have strict incentives to report their honest message, and the bad types are the only

ones who potentially face an incentive to send m0 or m1 when the problem is hard or m∅

when the problem is easy.

Summarizing:

Proposition 9. With no policy concerns and full validation, there is an MSE where the

informed types send distinct messages and the good but uninformed types always admit

uncertainty. If pe ≤ pg
pg+p1

, there is an honest MSE.

Proof. The condition for the honest equilibrium is derived above. So what remains is to

show there is always an MSE where the good but uninformed type always sends m∅.
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In such an equilibrium, message/validation combinations (m0, 0, e), (m1, 1, e) and (m∅, 0, h)

and (m∅, 1, h) are the only ones observed when the expert is competent. So, any other mes-

sage/validation combination is either on-path and only sent by the bad types, in which case

the competence assessment must be 0, or is off-path and can be set to 0.

The informed type observing s0 knows the validation will be (0, e), and (m, 0, e) leads to

competence assessment zero for m 6= m0. So, this type has no incentive to deviate, nor

does the s1 type by an analogous argument. The good but uninformed type knows the

validation will reveal h, and the DM observing (mi, ω, h) for i ∈ {0, 1} and ω ∈ {0, 1}

will lead to a competence assessment of zero. So this type faces no incentive to deviate.

Now consider the bad type strategy. While explicitly deriving the equilibrium strategies

here is tedious, a simple fixed point argument can be used to show existence. Write the

whole strategy with σb = (σb(m0), σb(m1), σb(m∅)), and the bad type’s expected compe-

tence assessment for sending each message when the DM expects strategy σ (averaging

over the validation result) as:

Uθ(m∅, b, σ) ≡ pe0 + (1− pe)
pg

pg + (1− pg)σb(m∅)
,

Uθ(m0, b, σ) ≡ pe(1− p1)
pg

pg + (1− pg)σb(m0)
+ (1− pe)0, and

Uθ(m1, b, σ) ≡ pep1
pg

pg + (1− pg)σb(m1)
+ (1− pe)0.

Write the expected payoff to the bad expert choosing mixed strategy σ when the decision-

maker expects mixed strategy σ̂b as U(σ, σ̂) =
∑

i∈{0,1,∅} σb(mi)Uθ(mi; σ̂), which is con-

tinuous in all σb(mi), so optimizing this objective function over the (compact) unit simplex

must have a solution. So, BR(σ̂b) = arg maxσ U(σ; σ̂) is a continuous mapping from the

unit simplex to itself, which by the Kakutani fixed point theorem must have a solution. So,

the strategy (or strategies) given by such a fixed point are a best response for the bad type
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when the decision-maker forms correct beliefs given this strategy.

Nonzero Policy Concerns

Now we the case where the expert cares about the policy made, γ > 0. Not surprisingly,

when policy concerns are “large”, there is always an honest MSE since the expert primarily

wants the DM to take the best possible action. Here we analyze how high policy concerns

have to be in order to attain this honest equilibrium, and provide some results about what

happens when policy concerns are not small but not large enough to induce honesty.

In Appendix D, we show that with no validation and state validation, in any MSE which is

not babbling, the types observing s0 and s1 cannot send any common messages. Combined

with a relabeling argument, for all of the analysis (of these validation regimes) with policy

concerns we can again restrict attention to MSE where the informed types always send m0

and m1, respectively, and uninformed types send at most one other message m∅.

While we do not rely on this result for the difficulty and full validation cases (where we

only focus on the existence of equilibria with certain properties), we analyze the analogous

messaging strategies in these cases to facilitate comparison.

No Validation Informed types never face an incentive to deviate from the honest equilib-

rium: upon observing sx for x ∈ {0, 1}, the DM chooses policy a∗(sx) = x, and knows the

expert is competent, giving the highest possible expert payoff.

Uninformed types, however, may wish to deviate. Upon observingm∅, the DM takes action
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a = π1 = p1, which gives expected policy value 1 − p1(1 − p1), and the belief about the

competence is π∅g . So, for the uninformed experts of either competence type, the payoff for

reporting honestly and sending signal m∅ is:

π∅g + γ(1− p1(1− p1)). (14)

If the expert deviates to m ∈ {m0,m1}, his payoff changes in two ways: he looks compe-

tent with probability 1 (as only competent analysts send these messages in an honest equi-

librium, and without validation this is always on path), and the policy payoff gets worse on

average. So, the payoff to choosing m1 is:

1 + γp1. (15)

It i easy to check that the payoff to deviating to m0 is weakly lower, and so m1 is the

binding deviation to check. Preventing the uninformed type from guessing m1 requires

π∅g + γ(1− p1(1− p1)) ≥ 1 + γp1.

Rearranging, define the threshold degree of policy concerns γHNV required to sustain hon-

esty by

γ ≥ 1− π∅g
(1− p1)2

=
(1− pg)

(1− pgpe)(1− p1)2

≡ γHNV . (16)

If γ < γHNV , the uninformed types strictly prefer sending m1 to m∅ if the DM expects

honesty. Given our concern with admission of uncertainty, it is possible that there is a
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mixed strategy equilibrium where the uninformed types sometimes sendm∅ and sometimes

send m0 or m1. However, as the following result shows, when policy concerns are too

small to induce full honesty, the payoff for sending m1 is always higher than the payoff

for admitting uncertainty. Moreover, since γHNV is strictly greater than zero, when policy

concerns are sufficiently small some form of validation is required to elicit any admission

of uncertainty.

Proposition 10. When γ > 0 and no validation:

i. If γ ≥ γHNV , then there is an honest MSE,

ii. If γ ∈ (0, γHNV ), then all non-babbling MSE are always guessing (i.e., σ∗∅(m∅) = 0)

Proof. Part i is shown above.

For part ii, it is sufficient to show that if γ < γHNV , then in any proposed equilibrium where

σ∅(m∅) > 0, the payoff for an expert to send m1 is always strictly higher than the payoff to

sending m∅.

The competence evaluation upon observing m1 as a function of the uninformed expert

mixed strategy is:

πg(m1;σ∅(m1)) =
Pr(θ = g,m1)

Pr(m1)
=

pgp1pe + pg(1− pe)σ∅(m1)

pgp1pe + (pg(1− pe) + (1− pg))σ∅(m1)

– and the belief about the state is:

π1(m1;σ∅(m1)) =
Pr(ω = 1,m1)

Pr(m1)
=

p1(pgpe + (1− pgpe)σ∅(m1))

p1pgpe + (pg(1− pe) + (1− pg))σ∅(m1)
.

When observingm∅, the DM knows with certainty that the expert is uninformed, so πg(m∅) =

π∅g and π1(m∅) = p1.
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Combining, the expected payoff for an uninformed type to send each message is:

U(m1; s∅, σ∅(m1)) = πg(m1;σ∅(m1))

+ γ(1− [p1(1− π1(m1;σ∅(m1)))
2 + (1− p1)π1(m1;σ∅(m1))

2])

and

U(m∅) = π∅g + γ(1− p1(1− p1)).

Conveniently, U(m∅) is not a function of the mixed strategy.

If γ = 0, then U(mi;σi) > U(m∅) for both i ∈ {0, 1}, because πg(mi;σi) > π∅g . Further,

by the continuity of the utility functions in γ and σ∅(m1), there exists a γ∗ > 0 such that

messagem1 will give a strictly higher payoff thanm∅ for an open interval (0, γ∗). The final

step of the proof is to show that this γ∗ is exactly γHNV .

To show this, let σcand(γ) be the candidate value of σ∅(m1) that solves U(m1; s∅, σ∅(m1)) =

U(m∅). Rearranging, and simplifying this equality gives:

σcand(γ) = − p1pgpe
1− pgpe

+ γ
p1pgpe(1− p1)2

1− pg

which is linear in γ. When γ = 0, σcand(γ) is negative, which re-demonstrates that with

no policy concerns the payoff to sending m1 is always higher than m∅. More generally,

whenever σcand(γ) < 0, the payoff to sending m1 is always higher than m∅ so there can be
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no admission of uncertainty. Rearranging this inequality gives:

− p1pgpe
1− pgpe

+ γ
p1pgpe(1− p1)2

1− pg
< 0

⇔ γ <
1− pg

(1− pgpe)(1− p1)2
= γHNV ,

completing part ii.

Now that we have demonstrated any MSE is always guessing, we can prove proposition

10. As γ → 0, the condition for an equilibrium where the uninformed types send both m0

and m1 is that the competence assessments are the same. Writing these out gives:

πg(m0;σ∅) = πg(m1;σ∅)

pg(1− p1)pe + pg(1− pe)σ∅(m0)

pg(1− p1)pe + (pg(1− pe) + (1− pg))σ∅(m0)
=

pgp1pe + pg(1− pe)σ∅(m1)

pgp1pe + (pg(1− pe) + (1− pg))σ∅(m1)

which, combined with the fact that σ∅(m1) = 1 − σ∅(m0) (by part ii) is true if and only

if σ∅(m0) = 1 − p1 and σ∅(m1) = p1. There is no equilibrium where σ∅(m0) = 0; if so,

πg(m0;σ∅) = 1 > πg(m1;σ∅). Similarly, there is no equilibrium where σ∅(m1) = 0.

An intuition for this result is as follows. As uninformed types send m1 more often, this has

two affects on the appeal of sending this message. First, there is a complementarity where

sending m1 more often makes the policy response to this message less extreme, which the

uninformed types like. Second, there is a substitution effect where it makes those sending

m1 look less competent. While these effects go in the opposite direction, the substitution

effect that makes sending m1 less appealing when other uninformed types do so is only

strong when policy concerns are weak, which is precisely when sending m1 is generally

preferable to m∅ regardless of the uninformed type strategy.
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State Validation. Suppose there is an honest equilibrium with state validation.

As in the case with no policy concerns, upon observing message (m0, 0) or (m1, 1) the

DM knows the expert is competent and takes an action equal to the message, and upon

(m∅, 0) or (m∅, 1) takes action p1 and knows the expert is uninformed, giving competence

evaluation π∅g . So, the payoff for an uninformed type to send the equilibrium message is:

π∅g + γ(1− p1(1− p1)). (17)

By an identical argument to that made with no policy concerns, upon observing an off-

path message, the payoff equivalence of the good and bad uninformed types implies the

belief about competence in an MSE must be greater than or equal to π∅g . So, the payoff to

deviating to m1 must be at least

p1 + (1− p1)π∅g + γp1

–and the corresponding policy concerns threshold to prevent this deviation is:

π∅g + γ(1− p1(1− p1)) ≥ p1 + (1− p1)π∅g + γp1

– which reduces to

γ ≥ p1γ
H
NV

≡ γHSV (18)

Adding state validation weakens the condition required for an honest equilibrium, partic-

ularly when p1 is close to 1/2. However, this threshold is always strictly positive, so for
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small policy concerns there can be no honesty even with state validation.

As shown in the proof of the following, if this condition is not met, then as with the no

validation case there can be no admission of uncertainty. Further, since adding policy

concerns does not change the classes of payoff equivalence, the case as γ → 0 is the same

as γ = 0.

Proposition 11. With policy concerns and state validation:

i. If γ ≥ γHSV = p1γ
H
NV , then there is an honest MSE,

ii. If γ ∈ (0, γHSV ), then all non-babbling MSE are always guessing (i.e., σ∗∅(m∅) = 0).

Proof. Part i is demonstrated above

For part ii, our strategy mirrors the proof with no validation – that is, by way of contradic-

tion, if the constraint for honesty is not met, then the payoff to sendingm1 is always strictly

higher than m∅. As above, in any MSE where σ∅(m1) > 0, the payoff for sending m∅ is

π∅g + γ(1− p1(1− p1)). The payoff to sending m1 is:

p1πg(m1, 1) + (1− p1)π∅g + γ(1− p1(1− π1(m1, σ∅(m1)))
2 + (1− p1)π1(m1, σ∅(m1))

2).

Next, the posterior beliefs of the decision-maker are the same as in the no validation case

except:

πg(m1, 1) =
Pr(θ = g,m1, ω = 1)

Pr(m1, ω = 1)
=
p1pgpe + p1pg(1− pe)σ∅(m1)

p1pgpe + p1(1− pgpe)σ∅(m1)
=
pgpe + pg(1− pe)σ∅(m1)

pgpe + (1− pgpe)σ∅(m1)
.

The difference between the payoffs for sending m1 and m∅ can be written:

pepgp1
z(σ∅(m1); γ)

(1− pepg)(pepg(1− σ∅(m1))− σ∅(m1))(pepg(p1 − σ∅(m1)) + σ∅(m1))2
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– where

z(σ∅(m1); γ) = γpepg(−1 + pepg)(−1 + p1)
2p1(pepg(−1 + σ∅(m1))− σ∅(m1))

+ (−1 + pg)(pepg(p1 − σ∅(m1)) + σ∅(m1))
2).

So any equilibrium where both m1 and m∅ are sent is characterized by z(σ∅(m1); γ) =

0. It is then sufficient to show that for γ < γHSV , there is no σ∅(m1) ∈ [0, 1] such that

z(σ∅(m1); γ) = 0.

Formally, it is easy to check that z is strictly decreasing in γ and that z(0, γHSV ) = 0. So,

z(0, γ) > 0 for γ < γHSV . To show z is strictly positive for σ∅(m1) > 0, first observe that:

∂z

∂σ∅(m1)

∣∣∣∣
γ=γHSV

= (1− pg)(1− pepg)(pepg(2− p1)p1 + (2− 2pepg)σ∅(m1)) > 0

– and

∂2z

∂σ∅(m1)∂γ
= −pepg(1− pepg)2(1− p1)2p1 < 0.

Combined, these inequalities imply ∂z
∂σ∅(m1)

> 0 when γ < γHSV . So, z(σ∅(m1), γ) > 0 for

any σ∅(m1) when γ < γHSV , completing part ii.

Difficulty Validation. As shown in the main text, the condition for an honest equilibrium

with difficulty validation and policy concerns is.

(1− pe)pg + γ(1− p1(1− p1)) ≥ pe + γp1

γ ≥ pe(1 + pg)− pg
(1− p1)2

≡ γHDV .
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As discussed in the main text, γHDV can be negative, meaning that there is an honest equi-

librium even with no policy concerns.

Proposition 12. With policy concerns and difficulty validation:

i. If γ ≥ γHDV , then there is an honest MSE.

ii. If γ ≤ γHDV , then there is an MSE where the uninformed good types admit uncertainty,

and if pe ≥ p1
2−p1 there is an MSE where all of the good types send their honest message.

Proof. Part i is shown above. For part ii, first note the equilibrium constructed in proposi-

tion 8 also holds with policy concerns: the policy choice upon observing both equilibrium

messages is p1, so each type’s relative payoff in this equilibrium is unaffected by the value

of γ. Since the good uninformed types always admit uncertainty in this equilibrium, this

demonstrates the first claim.

Now suppose the good types all send their honest message. By the same fixed point argu-

ment as proposition 9, the bad types must have at least one mixed strategy which is a best

response given the good types strategy and DM strategy. What remains is to show the good

types have no incentive to deviate from the honest message.

The message/validation combinations (m0, e), (m1, e), and (m∅, h) are on-path and yield

competence evaluations which are all strictly greater than zero.

Message/validation combinations (m0, h), (m1, h), and (m∅, e) are never reached with a

good type. So, if the bad types send those respective messages, they are on-path and the

competence assessment must be zero. If these information sets are off-path the competence

assessment can be set to zero.

Since only uninformed types send m∅, the policy choice upon observing m∅ must be

a∗(m∅) = p1. The m0 message is sent by the informed type who knows ω = 0, and
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potentially also by uninformed bad types, so a∗(m0) ∈ [0, p1). Similarly, a∗(m1) ∈ (p1, 1].

So a∗(m0) < a∗(m∅) < a∗(m1).

The good and uninformed type has no incentive to deviate from sending message m∅ be-

cause for m ∈ {m0,m1}, πg(m∅, h) > πg(m,h) and v(a∗(m∅), p1) > v(a∗(m), p1).

The s0 type has no incentive to deviate to m∅ since πg(m0, e) > πg(m∅, e) = 0 and

v(a∗(m0), 0) > v(a∗(m∅), 0). Similarly, the s1 type has no incentive to deviate to m∅.

So, the final deviations to check are for the informed types switching to the message as-

sociated with the other state; i.e., the s0 types sending m1 and the s1 types sending m0.

Preventing a deviation to m1 requires:

πg(m0, e) + γv(a∗(m0), 0) ≥ πg(m1, e) + γv(a∗(m1), 0)

∆π + γ∆v(0) ≤ 0, (19)

where ∆π ≡ πg(m1, e)−πg(m0, e) is the difference in competence assessments from send-

ing m1 versus m0 (when the problem is easy), and ∆v(p) ≡ v(a∗(m1), p) − v(a∗(m0), p)

is the difference in the expected quality of the policy when sending m1 vs m0 for an expert

who believes ω = 1 with probability p. This simplifies to:

∆v(p) = (a∗(m1)− a∗(m0))(2p− a∗(m1)− a∗(m0)).

Since a∗(m1) > a∗(m0), ∆v(p) is strictly increasing in p, and ∆v(0) < 0 < ∆v(1).

The analogous incentive compatibility constraint for the s1 types is:

∆π + γ∆v(1) ≥ 0 (20)
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If the bad types never send m0 or m1, then ∆π = 0, and (19)-(20) both hold. So, while

not explicitly shown in the main text, in the honest equilibrium such a deviation is never

profitable.

Now consider an equilibrium where the bad types send bothm0 andm1, in which case they

must be indifferent between both messages:

peπg(m0, e) + γv(a∗(m0), p1) = peπg(m1, e) + γv(a∗(m1), p1)

pe∆π + γ∆v(p1) = 0 (21)

Substituting this constraint into (19) and (20) and simplifying gives:

pe∆v(0)−∆v(p1) ≤ 0 (22)

pe∆v(1)−∆v(p1) ≥ 0. (23)

If ∆v(p1) = 0 the constraints are both met. If ∆v(p1) < 0 then the second constraint is

always met, and the first constraint can be written:

pe ≥
∆v(p1)

∆v(0)
=
a∗(m0) + a∗(m1)− 2p1

a∗(m0) + a∗(m1)
≡ p̌δ (24)

This constraint is hardest to meet when p̌δ is large, which is true when a∗(m0) + a∗(m1) is

high. The highest value this sum can take on is p1 + 1, so p̌δ ≤ 1−p1
1+p1

.

If ∆v(p1) > 0, then the first constraint is always met, and the second constraint becomes:

pe ≥
∆v(p1)

∆v(1)
=

2p1 − (a∗(m0) + a∗(m1))

2− (a∗(m0) + a∗(m1))
≡ p̂δ (25)

This is hardest to meet when a∗(m0) + a∗(m1) is small, and the smallest value it can take

on is p1. Plugging this in, p̂δ ≥ p1
2−p1 ≥ p̌δ.
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For p1 ≥ 1/2, p̂δ ≥ p̌δ. Without placing any further restrictions on the value of a∗(m0) +

a∗(m1), this constraint ranges from p̂δ ∈ (1/3, 1). Still, if pe is sufficiently high, the

informed types never have an incentive to deviate when the bad types send both m0 and

m1.

If the bad types only send m1 but not m0, then the s0 types get the highest possible payoff,

so the relevant deviation to check is the s1 types switching to m0. The bad types sending

weakly preferring m1 implies pe∆π + γ∆v(p) ≥ 0, and substituting into equation 23 gives

the same pe ≥ p̂δ. Similarly, if the bad types only send m0 but not m1, then the relevant

constraint is the s0 types sending m1, for which pe ≥ p̌δ is sufficient.

Summarizing, a sufficient condition for the existence of a MSE where the good types report

honestly (for any value of γ) is pe ≤ pg/(1 + pg) (in which case γ ≤ γHDV ), or pe ≥ p1
2−p1 .

This completes part ii.

Now to prove proposition 4 we first characterize the optimal strategy for the bad types as

γ → 0, assuming the good types send their honest message. If sending m∅, the expert will

reveal his type if δ = e, but appear partially competent if δ = h, giving expected payoff

(1− pe)
pg

pg + (1− pg)σb(m∅)
.

When sending m0, the expert will reveal his type if δ = h (as only bad types guess when

the problem is hard), but look partially competent if δ = e:

pe
pg(1− p1)

pg(1− p1) + (1− pg)σb(m0)
.
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and when sending m1 the expect payoff is:

pe
pgp1

pgp1 + (1− pg)σb(m1)
.

setting these three equal subject to σb(m0) + σb(m1) + σb(m∅) = 1 gives:

σb(m∅) =
1− pe(1 + pg)

1− pg
;

σb(m0) =
(1− p1)(pe − pg(1− pe))

1− pg
σb(m1) =

p1(pe − pg(1− pe))
1− pg

.

These are all interior if and only if:

0 <
1− pe(1 + pg)

1− pg
< 1 =⇒ pg

1 + pg
< pe <

1

1 + pg
.

If pe ≤ pg
1+pg

, then there can be no equilibrium where the bad expert uses a fully mixed

strategy because he would always prefer to send m∅; and recall this is exactly the condition

for an honest equilibrium with no validation. If pe ≥ 1
1+pg

, then the bad type always

guesses. Setting the payoff for a bad type sending m0 and m1 equal along with σb(m0) +

σb(m1) = 1 gives the strategies in the statement of the proposition.

The final step is to ensure the informed types do not send the message associated with

the other state. Recall the IC constraints depend on a∗(m0) + a∗(m1), which we can now

restrict to a narrower range given the bad type strategy:

a∗(m0) + a∗(m1) =
(1− pg)p1(1− p1)(1− σb(m∅))

pepg(1− p1 + (1− pg)(1− p1)(1− σb(m∅)))

+
pepgp1 + (1− pg)p1p1(1− σb)(m∅)
pepgp1 + (1− pg)p1(1− σb)(m∅)

=
pepg + (1− σb(m∅))(1− pg)2p1
pepg + (1− σb(m∅))(1− pg)

.
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This can be interpreted as weighted average of 1 (with weight pepg) and 2p1 > 1 (with

weight (1 − σb(m∅)(1 − pg)), and so must lie on [1, 2p1]. So, (25) is always the binding

constraint, and is hardest to satisfy when a∗(m0)+a
∗(m1)→ 1, in which case the constraint

becomes p̂δ = 2p1 − 1. So, pe ≥ 2p1 − 1 is a sufficient condition for the informed types to

never deviate. For any pe > 0, this holds for p1 sufficiently close to 1/2, which completes

the proof of proposition 4.

Here is an example where the constraint on the informed types is violated. Suppose p1

is close to 1, and the bad types usually send m1, and rarely m0. Then the tradeoff they

face is that sending m1 leads to a better policy, but a lower competence payoff when the

problem is easy (when the problem is hard, the competence payoff for either guess is zero).

Now consider the good expert who observes signal s1. Compared to the bad expert, this

type has a marginally stronger incentive to send m1 (since p1 is close to 1). However, this

type knows that he will face a reputational loss for sending m1 rather than m0, while the

bad type only experiences this loss with probability pe. So, the bad type being indifferent

means the type who knows the state is 1 has a strict incentive to deviate to m0. In general,

this deviation is tough to prevent when pe is low and p1 is close to 1, hence the condition in

the proposition.

Comparative Statics: Difficulty Validation Can be the Wrong Kind of Transparency.

As long as policy concerns are strictly positive but small, difficulty validation is more

effective at eliciting honesty than state validation.

For larger policy concerns the comparison becomes less straightforward. Figure C.2 shows

the policy concern threshold for honesty under no validation (solid line), state validation
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Figure C.2: Comparative Statics of Honesty Threshold
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Notes: Comparison of threshold in policy concerns for full honesty under different validation regimes as a
function of pg . The panels vary in the likelihood the problem is solvable, which is 0.25 in the left panel, 0.5
in the middle panel, and 0.75 in the right panel.

(dashed line), and difficulty validation (dotted line) as a function of the prior on the expert

competence, when the problem is usually hard (pe = 0.25, left panel), equally likely to

be easy or hard (pe = 0.5, middle panel) and usually easy (pe = 0.75, right panel). In all

panels p1 = 0.67; changing this parameter does not affect the conclusions that follow.24 For

intuition, difficulty validation makes it hard to compensate bad experts for saying “I don’t

know," as there are fewer good experts who don’t know. For very easy problems difficulty

validation can be worse than no validation. This mirrors the result in Prat (2005), where

transparency can eliminate incentives for bad types to pool with good types by exerting

more effort.

This figure illustrates several results. First, in all cases, the policy concern threshold re-

24In general, honesty is easier to sustain under all validation regimes when p1 is lower, with state validation
being particularly sensitive to this change.
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quired is decreasing in pg, which means it is easier to sustain honesty when the prior is that

the expert is competent. This is because when most experts are competent in general, most

uninformed experts are competent as well, and so there is less of a penalty for admitting

uncertainty. Second, the threshold with state validation is always lower than the threshold

with no validation, though these are always strictly positive as long as pg < 1. Further, for

most of the parameter space these thresholds are above two, indicating the expert must care

twice as much about policy than about perceptions of his competence to elicit honesty. On

the other hand, in the right and middle panels there are regions where the threshold with

difficulty validation is below zero, indicating no policy concerns are necessary to induce

admission of uncertainty (in fact, the expert could want the decision-maker to make a bad

decision and still admit uncertainty).

Finally, consider how the relationship between the thresholds changes as the problem be-

comes easier. When problems are likely to be hard (left panel), difficulty validation is the

best for eliciting honesty at all values of pg. In the middle panel, difficulty validation is

always better than no validation, but state validation is best for low values of pg. When the

problem is very likely to be easy, difficulty validation is always worse than state validation

and is even worse than even no validation other than for a narrow range of pg.

However, even in this case difficulty validation still can elicit honesty from good but unin-

formed experts when policy concerns are not high enough, while there is no admission of

uncertainty at all when policy concerns are not high enough with no validation and state

validation.
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D Relabeling

Some are our formal results only rely on the existence of equilibria with certain properties.

For these results the fact that we often restrict attention to the (m0,m1,m∅) message set

poses no issues: it is sufficient to show that there is an equilibrium of this form with the

claimed properties. However, propositions 2, 3, 10ii-iii, and 11, make claims that all (non-

babbling) MSE have certain properties.25 The proofs show that all equilibrium where the

s0 and s1 types send distinct and unique messages (labelled m0 and m1) and there is at

most one other message (labelled m∅) have these properties. Here we show this is WLOG

in the sense that with no validation or state validation, any non-babbling equilibrium can

be relabeled to an equilibrium of this form.

Consider a general messaging strategy where M ⊆ M is the set of messages sent with

positive probability. Write the probability that the informed types observing s0 and s1 and

σ0(m) and σ1(m). When the good and bad uninformed types are not necessarily payoff

equivalent we write their strategies σθ,∅(m). When these types are payoff equivalent and

hence play the same strategy, we drop the θ: σ∅(m). Similarly, let M0 and M1 be the set of

messages sent by the respective informed types with strictly positive probability, and Mg,∅,

Mb,∅, and M∅ the respective sets for the uninformed types, divided when appropriate.

As is standard in cheap talk games, there is always a babbling equilibrium:

Proposition 13. There is a class of babbling equilibria where σ0(m) = σ1(m) = σg,∅(m) =

σb,∅(m) for all m ∈M .

Proof. If all play the same mixed strategy, then πg(m, IDM2) = pg and a∗(m, IDM) = p1

for any m ∈ M and IDM . Setting the beliefs for any off-path message to be the same as

25Proposition 8 also makes a claim about all equilibria, but this is already proven in Appendix B.
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the on-path messages, all types are indifferent between any m ∈M.

The next result states that for all cases with either state validation or policy concerns, in

any non-babbling equilibrium the informed types send no common message (note this re-

sult does not hold with difficulty validation; in fact, the proof of proposition 8 contains a

counterexample):

Proposition 14. With either no validation or state validation (and any level of policy con-

cerns), any MSE where M0 ∩ M1 6= ∅ is babbling, i.e., σ0(m) = σ1(m) = σg,∅(m) =

σb,∅(m) for all m ∈M .

Proof. We first prove the result with state validation, and then briefly highlight the aspects

of the argument that differ with no validation.

Recall that for this case the good and bad uninformed types are payoff equivalent, so we

write their common message set and strategy M∅ and σ∅(m) The proof proceeds in three

steps.

Step 1: If M0 ∩M1 6= ∅, then M0 = M1. Let mc ∈ M0 ∩M1 be a message sent by both

informed types. Suppose there is another message sent only by the s0 types: m0 ∈M0\M1.

For the s0 type to be indifferent between m0 and mc:

πg(mc, 0) + γv(a∗(mc), 0) = πg(m0, 0) + γv(a∗(m0), 0).

For this equation to hold, it must be the case that the uninformed types send m0 with

positive probability: if not, then πg(mc, 0) ≤ πg(m0, 0) = 1, but v(a∗(mc), 0) < 1 =

v(a∗(m0), 0), contradicting the indifference condition.
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For the uninformed types to send m0, it must also be the case that his expected payoff for

sending this message, which can be written

p1(πg(m0, 1) + γv(a∗(m0), 1)) + (1− p1)(πg(m0, 0) + v(a∗(m0), 0))

– is at least his payoff for sending mc:

p1(πg(mc, 1) + γv(a∗(mc), 1)) + (1− p1)(πg(mc, 0) + v(a∗(mc), 0)).

The second terms, which both start with (1 − p1), are equal by the indifference condition

for s0 types, so this requires:

πg(m0, 1) + γv(a∗(m0), 1) ≥ πg(mc, 1) + γv(a∗(mc), 1).

Since m0 is never sent by the s1 types, πg(m0, 1) = π∅g , while πg(mc, 1) > π∅g . So, this

inequality requires v(a∗(m0), 1) > v(a∗(mc), 1), which implies a∗(m0) > a∗(mc). A

necessary condition for this inequality is σ∅(m0)
σ0(m0)

> σ∅(mc)
σ0(mc)

, which also implies πg(mc, 0) >

πg(m0, 0). But if a∗(m0) > a∗(mc) and πg(mc, 0) > πg(m0, 0), the s0 types strictly prefer

to send mc rather than m0, a contradiction. By an identical argument, there can be no

message in M1 \M0, completing step 1.

Step 2: If M0 = M1, then σ0(m) = σ1(m) for all m. If M0 = M1 is a singleton, the result

is immediate. If there are multiple common messages and the informed types do not use

the same mixed strategy, there must be a message m0 such that σ0(m0) > σ1(m
0) > 0 and

another message m1 such that σ1(m1) > σ0(m
1) > 0. (We write the message “generally

sent by type observing sx” with a superscript to differentiate between the subscript notation

referring to messages always sent by type sx.) The action taken by the DM upon observing

m0 must be strictly less than p1 and upon observing m1 must be strictly greater than p1,26

26The action taken upon observing m can be written P(s1|m) + p1P(s∅|m). Rearranging, this is greater
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so a∗(m0) < a∗(m1).

Both the s1 and s0 types must be indifferent between both messages, so:

πg(m
0, 0) + γv(a∗(m0), 0) = πg(m

1, 0) + γv(a∗(m1), 0)

πg(m
0, 1) + γv(a∗(m0), 1) = πg(m

1, 1) + γv(a∗(m1), 1)

Since v(a∗(m0), 0) > v(a∗(m1), 0), for the s0 to be indifferent it must be the case that

πg(m
0, 0) < πg(m

1, 0). Writing out this posterior belief:

P(θ = g|m, 0) =
(1− p1)(pg(peσ0(m) + (1− pe)σ∅(m))

(1− p1)(pgpeσ0(m) + (1− pgpe)σ∅(m)
.

Rearranging, πg(m0, 0) < πg(m
1, 0) if and only if σ0(m0)

σ0(m1)
< σ∅(m

0)
σ∅(m1)

. Similarly, it must

be the case that πg(m1, 1) < πg(m
0, 1), which implies σ1(m0)

σ1(m1)
> σ∅(m

0)
σ∅(m1)

. Combining,

σ0(m0)
σ0(m1)

< σ1(m0)
σ1(m1)

, which contradicts the definition of these messages. So, σ0(m) = σ1(m)

for all m.

Step 3: If M0 = M1 and σ0(m) = σ1(m), then M∅ = M0 = M1 and σ∅(m) = σ0(m) =

σ1(m). By step 2, it must be the case that a∗(m) = p1 for all messages sent by the informed

types. So, the uninformed types can’t send a message not sent by the informed types: if so,

the payoff would be at most π∅g+γv(p1, p1), which is strictly less than the payoff for sending

a message sent by the informed types. If there is only one message in M then the proof

is done. If there are multiple types, all must be indifferent between each message, and by

step 2 they lead to the same policy choice. So, they must also lead to the same competence

assessment for each revelation of ω, which is true if and only if σ∅(m) = σ0(m) = σ1(m).

than p1 if and only if P(s1,m)
P(s1,m)+P(s0,m) > p1 which holds if and only if σ1(m) > σ0(m).

42



Next, consider the no validation case. For step 1, define m0 and m1 analogously. The

uninformed types must send m0 by the same logic, and these types at least weakly prefer

sending this to mc (while the s0 types are indifferent) requires:

πg(m0) + γv(a∗(m0), 1) ≥ πg(mc) + γv(a∗(mc), 1).

This can hold only weakly to prevent the s1 types from sending m0 (as required by the

definition). Combined with the s0 indifference condition:

πg(m0)− πg(mc) = γv(a∗(mc), 1)− γv(a∗(m0), 1) = γv(a∗(mc), 0)− γv(a∗(m0), 0),

which requires a∗(m0) = a∗(mc). Since the s1 types send mc but not m0 this requires

σ∅(m0)
σ0(m0)

> σ∅(mc)
σ0(mc)

, which implies πg(m0) < πg(mc), contradicting the s0 types being indif-

ferent between both messages.

Steps 2 and 3 follow the same logic.

Finally, we prove that any MSE where the messages sent by the s0 and s1 types do not

overlap is equivalent to an MSE where there is only one message sent by each of these

types and only one “other” message. This provides a formal statement of our claims about

equilibria which are “equivalent subject to relabeling”:

Proposition 15. LetMU = M∅\(M0∪M1) (i.e., the messages only sent by the uninformed

types). With no validation or state validation:

i. In any MSE where M0 ∩M1 = ∅, for j ∈ {0, 1, U}, and any m′,m′′ ∈ Mj , a∗(m′) =

a∗(m′′) and πg(m′, IDM2) = πg(m
′′, IDM2)

ii. Take an MSE where |Mj| > 1 for any j ∈ {0, 1, U}, and the equilibrium actions and pos-
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terior competence assessments for the messages in this set are a∗(mi) and πg(mi, IDM2)

(which by part i are the same for all mi ∈ Mj). Then there is another MSE where Mj =

{m}, and equilibrium strategy and beliefs a∗new and πg,new such that a∗(mi) = a∗new(m), and

πg(mi, IDM2) = πg,new(m, IDM2)

Proof. For part i, first consider the message in MU . By construction the action taken upon

observing any message in this set is p1. And since the good and bad uninformed types are

payoff equivalent and use the same strategy, the competence assessment upon observing

any message in this set must be π∅g .

For M0, first note that for any m′,m′′ ∈ M0, it can’t be the case that the uninformed types

only send one message but not the other with positive probability; if so, the message not

sent by the uniformed types would give a strictly higher payoff for the s0 types, and hence

they can’t send both messages. So, either the uninformed types send neither m′ nor m′′, in

which case the result is immediate, or they send both, in which case they must be indifferent

between both. As shown in the proof of proposition 14, this requires that the action and

competence assessment are the same for both m′ and m′′. An identical argument holds for

M1, completing part i.

For part ii and M∅, the result immediately follows from the same logic as part i.

For M0, if the uninformed types do not send any messages in M0, then the on-path re-

sponse to any mj
0 ∈ M0 are a∗(mj

0) = 0 and πg(m
j
0, 0) = 1. Keeping the rest of the

equilibrium fixed, the responses in a proposed MSE where the s0 types always send m0 are

also a∗new(m0) = 0 and πg,new(mj
0, 0) = 1. So there is an MSE where the s0 types all send

m0 which is equivalent to the MSE where the s0 types send multiple messages.

If the uninformed types do send the messages in M0, then part i implies all messages must
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lead to the same competence evaluation, which implies for any m′0,m
′′
0 ∈ M0, σ∅(m

′
0)

σ0(m′
0)

=

σ∅(m
′′
0 )

σ0(m′′
0 )
≡ r0. In the new proposed equilibrium where M0 = {m0}, set σ0,new(m0) = 1 and

σ∅,new(m0) = r0. Since σ∅,new(m0)

σ0,new(m0)
=

σ∅(m
′
0)

σ0(m′
0)

, a∗new(m0) = a∗(m′0) and πg,new(m′0, 0) = 1, and

all other aspects of the MSE are unchanged.

E Alternative Signal Structure

In this section, we consider two alternative signal specifications.

E.1 More general binary signal structure

Here is a more general formulation of the signal structure. We again assume a binary

incumbent type θ ∈ {g, b} and problem difficulty δ ∈ {e, h}. Now assume that the signal

is given by:

s =


sω with probability P (θ, δ)

s∅ o.w
(26)

where P (g, δ) ≥ P (b, δ) (with the inequality strict for at least one δ) and P (θ, e) ≥ P (θ, h)

(with the inequality strict for at least one θ). That is, more competent experts are (weakly)

more likely to get an informative signal for either problem difficulty, and easy problems are

(weakly) more likely to result in an informative signal. We assume that at least one of the

inequalities is strict so that both variable “matter”.

All other aspects of the model are the same as in the main text.
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The analysis in the main text is a special case of these assumptions where P (θ, δ) is equal

to 1 if θ = g and δ = e and zero otherwise. With the more general signal structure, there

are now up to 6 potential types, as a function of the expert signal and competence. A type

of competence θ who observes sx, x ∈ {0, 1} (if such a signal is possible for type θ; recall

this is not possible in the main formulation for θ = b types) knows that ω = x, and his

posterior belief about the problem difficulty is:

Pr(δ = e|sx, θ) =
pepxpθP (θ, e)

pepxpθP (θ, e) + phpxpθP (θ, h)
=

pepθP (θ, e)

pepθP (θ, e) + phpθP (θ, h)
. (27)

Since P (θ, e) ≥ P (θ, h), Pr(δ = e|sx, θ) ≥ pe, and if P (θ, e) > P (θ, h) the inequality

is strict. That is, since each type is (weakly) more likely to observe an informative signal

when the problem is easy, they are (weakly) more likely to believe the problem is easy

given an informative signal.

Also important for what comes, both types have an equal belief about the problem difficulty

if and only if P (g,e)
P (g,h)

= P (b,e)
P (b,h)

. This condition might hold. For example, suppose P (b, h) =

1/4, P (b, e) = 1/2, P (g, h) = 1/2, and P (g, e) = 1. Then both types are twice as likely

to receive an informative signal when the problem is easy, and hence learn the same about

the problem difficulty from getting an informative signal. However, this is a knife-edged

condition, and if P (g,e)
P (g,h)

> P (b,e)
P (b,h)

the competent type will update about the easiness of the

problem more sharply and if P (g,e)
P (g,h)

< P (b,e)
P (b,h)

the bad type will update more in the positive

direction.

A type of competence θ who observes s = s∅ maintains his prior belief about the state

(Pr(ω = 1|s∅) = p1) and his belief about the problem difficulty becomes:

Pr(δ = e|s∅, θ) =
pepθ(1− P (θ, e))

pepθ(1− P (θ, e)) + phpθ(1− P (θ, h))
. (28)
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Following a similar logic as the above, both sides will (weakly) come to believe the problem

is less likely to be easy when getting an uninformative signal. These updates are equal if

and only if 1−P (g,e)
1−P (g,h)

= 1−P (b,e)
1−P (b,h)

As with the example in the main text, MSE helps quickly pin down which types can send

different messages in equilibrium.

No policy concerns, no validation The analysis with no policy concerns or validation is

identical: all types are payoff equivalent, and any equilibrium is babbling.

No policy concerns, state validation With state validation, types who observe different

signals have different beliefs about ω, but types observing the same signal are still payoff

equivalent regardless of their competence.27 However, this will never induce honesty for a

similar reason as the main model. In an honest equilibrium, the posterior belief about the

expert competence when observing (m1, ω = 1) is:

Pr(θ = g|m1, ω = 1) =
p1pg(peP (g, e) + phP (g, h))

p1pg(peP (g, e) + phP (g, h)) + p1pb(peP (b, e) + phP (b, h))
> pg,

(29)

where the inequality follows from the assumption that our assumption that P (g, δ) ≥

P (b, δ) for both δ and one of the inequalities is strict, and hence (peP (g, e) + phP (g, h)) >

(peP (b, e) + phP (b, h)).

Similarly, Pr(θ = g|m1, ω = 1) > pg and Pr(θ = g|m∅) < pg. Given the Markov

strategies requirement, Markov consistency implies that the worst inference the DM can

27Depending on the P function they might have different views of the problem difficulty for some signals,
but since there is no difficulty validation this does not affect their expected payoff for any possible DM
strategy.
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make about the expert competence upon observing something off path is Pr(θ = g|s =

s∅) = Pr(θ = g|m∅). So, the expected utility of sending m1 is:

p1Pr(θ = g|m1, ω = 1) + (1− p1)Pr(θ = g|s∅) > Pr(θ = g|m∅) (30)

and hence this is a profitable deviation. So, there is no honest MSE with state validation

alone.

Difficulty validation and small policy concerns With difficulty validation and small

policy concerns, no two types with different beliefs about the difficulty of the problem

are always payoff equivalent. So, as long as P (g,e)
P (g,h)

6= P (b,e)
P (b,h)

and 1−P (g,e)
1−P (g,h)

6= 1−P (b,e)
1−P (b,h)

, the

Markov strategies and Markov consistency requirements have no bite, making it possible

to punish those who guess incorrectly with a belief that they are competent with probability

zero.

However, an important aspect for this to make honesty possible is for sending an infor-

mative message when the problem is hard is actually off-path. In a proposed honest equi-

librium with just difficulty validation, if P (θ, h) > 0 for some θ, then not only are mes-

sage/validation combinations (m1, h) and (m1, h) on path, but tend to be reached when the

expert is competent.

So, an important assumption to make difficulty (and small policy) concerns effective at

inducing honesty is that P (θ, h) = 0 (as was true in the main model). In words, this

implies that there are not only relatively hard or easy questions that the expert might be

asked, but there are impossible questions. We think in most domains this is reasonable,

particularly if we interpret informative messages as stating that the state is zero or one with

certainty.
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If so, the key constraint for sustaining an honest equilibrium is that good and bad un-

informed experts face no incentive to guess. The payoff to admitting uncertainty (i.e.,

sending m∅) for type θ is:

Pr(δ = e|s∅, θ)Pr(θ = g|s∅, δ = e) + Pr(δ = h|s∅, θ)Pr(θ = g|s∅, δ = h). (31)

The Pr(δ|s∅, θ) are derived above, and the second halves are:

Pr(θ = g|s∅, δ) =
pg(1− P (g, δ))

pg(1− P (g, δ) + (1− pg)(1− P (b, δ))
. (32)

The payoff to guessing m1 (which is a better deviation than m0 as long as p1 ≥ 1/2.) is

the probability that his guess is correct and the problem is easy (since an informative signal

with a hard problem is off path), times the competence evaluation in this circumstance:

p1Pr(δ = e|s∅, θ)Pr(θ = g|s1,m1, δ = e), (33)

where

Pr(θ = g|s1,m1, δ = e) =
pgP (g, e)

pgP (g, e) + (1− pg)P (b, e)
. (34)

So, as γ → 0, the condition for an honest equilibrium is that:

Pr(δ = h|s∅, θ)Pr(θ = g|s∅, δ = h) ≥

Pr(δ = e|s∅, θ)(p1Pr(θ = g|s1,m1, δ = e)− Pr(θ = g|s∅, δ = e)) (35)

for θ ∈ {g, b}. While the algebra is messier, the core idea is just like in the main case. The

trade-off here is that if the problem turns out to be easy it can be more profitable to guess,

while when the problem turns out to be hard it is better to admit uncertainty.
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Full Validation, no policy concerns Finally, consider the full validation case. Because

of state validation it is possible for experts with different views about the state to send

different messages, and as long as P (g,e)
P (g,h)

6= P (b,e)
P (b,h)

and 1−P (g,e)
1−P (g,h)

6= 1−P (b,e)
1−P (b,h)

it is possible to

set any off path beliefs to zero.

This allows for the possibility of an honest equilibrium even without the assumption that

some problems are impossible, since in an honest equilibrium incorrect guesses are never

on path, and unlike the case with just state validation can be punished with an off-path

belief that the expert must be the bad type, regardless of what the difficulty validation says.

The utility for admitting uncertainty in such an honest equilibrium is again given by equa-

tion (31). The expected utility for guessing 1 (assuming that sending an informative signal

when validation reveals that δ = h is on-path) is:

p1(pePr(θ = g|s1, δ = e) + phPr(θ = g|s1, δ = h)) (36)

so an honest equilibrium is possible if:

pe(Pr(θ = g|s∅, δ = e)− p1Pr(θ = g|s1, δ = e))

+ ph(Pr(θ = g|s∅, δ = h)− p1Pr(θ = g|s1, δ = h)) ≥ 0. (37)

As p1 → 1, this inequality never holds, but for smaller p1 it is possible.
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E.2 Continuous expert competence and question difficulty

Now let the competence of the expert θ and the difficulty of the problem δ both be uniform

on [0, 1]. Let the private signal to the expert be:

s =


s0 ω = 0, θ > βδ

s1 ω = 1, θ > βδ

s∅ o/w

where β > 0.

If β < 1, then even the hardest problems (δ = 1) are solvable by a strictly positive pro-

portion of experts. If β > 1, then there are some problems which are so difficult that no

expert can solve them. For reasons which will become apparent, we focus on the case

where β > 1, and so δ = 1/β < 1 is the “least difficult unsolvable problem”.

The expert learns s and θ, which is always partially informative about δ. In particular, an

expert who gets an informative signal knows that δ ∈ [0, θ/β], and an expert who does not

get an informative signal knows that δ ∈ [θ/β, 1]. An interesting contrast with the binary

model is that better experts don’t always know more about the problem difficulty: when

they learn the state, the range of possible values of δ is increasing in θ. However, when

the expert learns the state (particularly with state validation) knowing the difficulty is not

particularly relevant. On the other hand, when the expert is uninformed those who are more

competent can restrict the difficulty of the problem to a smaller interval.

As with the binary model, we search for honest equilibria in the sense that the expert fully

separates with respect to their signal (if not with respect to their competence). Here we

only consider the case with no policy concerns.
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No validation, State validation, Difficulty validation Even though the state space is

much larger in this version of the model, with no validation (and no policy concerns) all

types are still payoff equivalent. So any MSE must be babbling.

Similarly, with state validation there are now multiple types (differentiated by θ) who learn

the state and multiple types who do not learn the state. However, since the knowledge of

the state is the only payoff-relevant component of the type space, all types observing a

particular s must play the same strategy in an MSE. So, by the same logic as the binary

model, there is no honest MSE.

Difficulty validation alone (and again with no policy concerns; with small policy concerns

honesty might possible for some parameters) also hits the same problem as in the binary

model. Among the informed types with competence θ, those observing s0 and those ob-

serving s1 are payoff equivalent, and so no information can be communicated about the

state. It is possible that information about the difficulty of the problem can be conveyed.

Full Validation Now consider the full validation case. No pairs of types are payoff equiv-

alent, since even those observing the same signal have different beliefs about what the

difficulty validation will reveal for each value of θ. So, it is possible to use punitive off-

path beliefs where those who guess incorrectly or when no expert could solve the problem,

which is possible when β > 1.

We now show an honest equilibrium can be possible in this case. First, consider the on-path

inferences by the DM. When seeing a correct message and difficulty δ, the DM knows the

expert competence must be on [βδ, 1], and so the average competence assessment is:

πg(m1;ω = 1, δ) = πg(m0, ω = 0, δ) =
βδ + 1

2
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which is at least 1/2, and increasing in δ.

Upon observing m∅ and δ, there are two possible cases. If δ > 1/β, then no expert could

have solved the problem, and so there is no information conveyed about the expert compe-

tence. If δ < 1/β, then the DM learns that the expert competence is uniform on [0, βδ].

Combining:

πg(m∅, ω, δ) =


1/2 δ > 1/β

βδ
2

δ ≤ 1/β

.

All other message and validation combinations are off-path, and can be set to zero.

Now consider the expert payoffs.

An informed expert (of any competence) gets a payoff of βδ+1
2

> 1/2 for sending the

equilibrium message, 0 for sending the other informed message (i.e., m1 rather than m0

when s = s0), and πg(m∅, ω, δ) ≤ 1/2 for sending m∅. So these types never deviate.

Uninformed experts know the difficulty – which again will be revealed to the DM – is

uniform on [θ/β, 1]. Note that for all but the (measure zero) θ = 1 types, 1/β lies on

this interval. So, all but the most competent experts don’t know for sure if the problem is

solvable by some experts, though very competent experts can become nearly certain the

problem is unsolvable.

We can write the expected competence for admitting uncertainty to be the probability that

δ ≥ 1/β times 1/2, plus the probability that δ < 1/β times the average competence

assigned on this interval. Since the competence assessment is linear in δ on this interval,

ranging from β(θ/β)
2

= θ
2

to 1/2, this average is θ+1
4

. Combining, the expected competence
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for sending m∅ is:

Eδ[πg(m∅, ω, δ)] = Pr(δ ≤ 1/β)
θ + 1

4
+ Pr(δ > 1/β)

1

2

=
1/β − θβ
1− θ/β

θ + 1

4
+

1− 1/β

1− θ/β
1

2

=
1− θ
β − θ

θ + 1

4
+
β − 1

β − θ
1

2

which is increasing in θ.

Next consider the payoff for sendingm1; as before, this is the “better guess” since it is more

likely to be matched by the state validation. This will lead to a competence evaluation of

βδ+1
2

if ω = 1 (probability p1) and if δ < 1/β (probability 1−θ
β−θ ), and 0 otherwise. Since

the guessing correct payoff is linear in δ and the belief about δ conditional on a solvable

problem is uniform on [θ/β, 1/β], the average competence assessment when getting away

with a guess is:

θ+1
2

+ 1

2
=

3 + θ

4
.

So the payoff to this deviation is:

p1
1− θ
β − θ

3 + θ

4

which is decreasing in θ.

So, the binding constraint is that the θ = 0 prefers sending m∅, which again reinforces the
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assumption made about off-path beliefs. Honesty is possible when:

1

β

1

4
+
β − 1

β

1

2
≥ p1

1

β
(3/4)

β ≥ (3/2)p1 + 1/2.

Since p1 ∈ [1/2, 1], this threshold ranges from 5/4 to 2. That the threshold in β is strictly

greater than 1 means that there must be some possibility of getting caught answering an

unanswerable question. The threshold is lower when p1 is lower since this makes guessing

less attractive as one is more likely to be caught guessing wrong.
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