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Abstract

We develop a model of belief formation in which normatively irrelevant cues in-
fluence which states come to mind. Beliefs depend on two key factors: representative-
ness, the similarity of a cue to high-utility states, and resonance, the cue’s ability to
evoke many states. We show how to derive testable predictions from the model from
subjective similarity judgments, a method we showcase in a controlled experiment
in which participants estimate probabilities in a task involving uninformative cues.
Beliefs systematically shift with cues’ (separately measured) resonance and represen-
tativeness, consistent with the model’s predictions. Finally, we explore economic ap-
plications of our framework, showing how cue-based beliefs can underlie (and make
novel predictions about) seemingly disparate behavioral phenomena, such as expe-
rience effects, projection bias, present bias, uninformative advertising, and under-
diversification.
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1 Introduction

Standard models in economics—even those incorporating behavioral frictions—tend

to assume that agents’ beliefs are a function only of objectively relevant pieces of infor-

mation, such as their priors and the likelihood of signals. At the same time, there is a

widespread understanding that this picture must be incomplete: elicited expectations

seem overly sensitive to respondents’ local context, advertisements meant to persuade

consumers include many seemingly irrelevant features, and experimental economists

worry endlessly that their survey design or task framing will prime individuals to give

different beliefs than they “normally” would.1 In other words, beliefs appear sensitive to

normatively irrelevant cues. While this (sometimes implicit) knowledge is ubiquitous, the

role of cues in shaping expectations has thus far largely resisted formal economic analy-

sis.2 How can we make progress on incorporating cues into economic models? What data

are required to discipline such a theory and yield testable predictions from it, and what

implications do cue-based beliefs have for economic choices?

In this paper, we describe and experimentally test a model of beliefs from cues. Our

agent decides whether to take an action—for example, purchasing a product or investing

in a particular portfolio—whose value depends on the state of the world. A standard

rational agent would simply integrate over all possible states to form her belief about

the action’s expected utility. Our agent, instead, is more likely to think of states that are

similar to the context she is forming her belief in. We model the context as a collection

of cues—endogenous or exogenous—that bring certain states to mind more than others.

The strength of this association between cues and states depends on their similarity to

each other.

When the context consists of a single cue, we show that belief distortions (i.e., the dif-

ference between the agent’s belief and the truth) depend on the correlation between how

similar the cue is to various states and the utility the action yields in those states. Bor-

rowing from Kahneman & Tversky (1972), we call this the cue’s representativeness (with

respect to high-utility states).3 When the context contains multiple cues, cue-based dis-

1See Taubinsky et al. (2024) for evidence on expectations being excessively sensitive to local contexts.
The fact that many advertisements appear to lack informational content has long been documented (Stern
& Resnik 1991) and studied by economists (e.g, Milgrom & Roberts 1986, Becker & Murphy 1993). For
reviews of experimental/survey design, see Haaland et al. (2023) and Stantcheva (2022), each of which
discusses the hazards that framing poses for researchers.

2Empirical tests of these forces instead rely heavily on researchers’ intuitions about how particular cues
might operate, with resulting disagreements and inconsistencies in results across experiments. See Cohn &
Maréchal (2016) and Chivers (2019) for helpful discussions/reviews.

3Kahneman & Tversky (1972) describe the representativeness of an instance as in part depending on
how similar it is to the population it comes from. Our notion of the representativeness of a cue (with
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tortions are a convex combination of the representativeness of each component cue. The

weight a particular cue receives depends on its resonance: that is, how many states are

similar to it and therefore come to mind when it is part of the agent’s context. Intuitively,

even a highly representative cue may fail to move beliefs if it does not resonate: that is,

though the states similar to a cue may be ones with extreme utility values, it may fail to

move beliefs appreciably if these states are few in number and therefore outweighed by

those of other cues.

We then show how to derive simple, testable comparative statics from the model.

Predicting the effect that a cue will have on beliefs requires estimates of its resonance

and representativeness, which ultimately depend on the underlying similarity between

states. Though economists do not typically collect data on similarity, cognitive psycholo-

gists have long elicited and analyzed data on subjective similarity judgments to map out

associations (e.g., Tversky & Gati 1982, Ashby & Perrin 1988, Nosofsky 1992). With data

on such judgments, one can compute the resonance and representativeness of any given

cue and then test whether the effect of cues on beliefs depends in the predicted way on

these similarity-derived quantities.

We showcase this method, and thereby test the model, in a simple controlled ex-

periment. Participants are tasked with forming beliefs about a simple data-generating

process, framed as a “game” that can either result in a win or a loss. Each game con-

sists of seven rounds that either add or subtract points from its total score. The number

of contributed points each round is uniformly and independently drawn from the set

{+1,+2,+3,+4,−5,−6}. A game results in a win if the sum of contributed points across all

seven rounds is strictly positive. Participants must guessing the share of games that re-

sult in a win vs a loss. The large number of states (67) precludes participants from simply

enumerating all the wins and losses, raising the possibility that cues may influence which

states come to mind and therefore what beliefs they form.

To test this possibility, participants are randomized to either form beliefs absent any

additional cue, or they are shown one or more cues framed as example games that they

can watch while they form their beliefs. These example games are objectively uninfor-

mative: the correct answer to the question participants are forming beliefs about already

logically follows the description of the rules of the game without any cue. Thus, the

rational benchmark—and indeed the benchmark for any agent who responds only to ob-

jectively informative signals (e.g, even one who under- or overreacts to data)—is that

these cues should have no effect on beliefs. Furthermore, participants are explicitly told

that examples are randomly assigned and should not have any effect their beliefs. After

respect to a utility function) depends on how similar the cue is to states that yield high utility.
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eliciting beliefs, participants are asked to make pairwise similarity judgments between

example games. We then use these data to estimate the resonance and representativeness

of cues.

We find that these cues have large effects on beliefs, and that these effects are system-

atically related to their (separately measured) resonance and representativeness. Moving

from a cue that is representative of losses to one representative of wins increases beliefs

about the share of wins from 45.6% to 62.3% (87% of a standard deviation, p < 0.01), with

control-group beliefs in between these two values (and significantly different from both,

p < 0.05 for both comparisons). We then estimate the model using average beliefs across

136 randomly generated cues. We find that our model explains over 57% of the maximum

explainable variation in the data, despite having only two free parameters (resonance and

representativeness of the underlying latent context).

Finally, we provide evidence on the effect of providing multiple cues. Recall that be-

liefs are a convex combination of the representativeness of the cues the agent faces. An

implication of this result is that while providing multiple (say) positive cues can continue

to increase beliefs beyond the effect of a single cue, there are sharp limits to the belief

changes that can be achieved through cues alone. In particular, the maximum represen-

tativeness of a set of cues represents an upper bound on the belief distortions that set

can induce. To test this prediction, we provide some participants with either zero (our

control group), one, five, or ten cues, randomly drawn from a set of what we call our

Baseline Win and Loss cues. We find that, relative to providing only one cue, providing

five Baseline Win/Loss cues further moves beliefs toward those cues’ representativeness.

However, providing ten such cues has no additional effect relative to five, with beliefs

stabilizing close to their representativeness.

Having provided experimental evidence for the model, we then show that beliefs

from cues may help to unify and shed additional light on seemingly disparate behav-

ioral anomalies. We start by embedding our theory into an otherwise standard model of

intertemporal choice under uncertainty, where an agent decides how much to consume

today versus save for the future. The agent’s ability to imagine future states depends

on whether they are cued by her context, which we assume includes the states she has

already lived through (including the current state). We derive a similarity-augmented

Euler equation that specifies how two factors distort the agent’s savings decisions away

from the rational benchmark: what we call differential cueing and cognitive discounting.

First, the agent’s savings decision depends on whether her context (past and current

states) differentially cues high marginal-utility future states. This leads the agent to ex-

hibit both experience effects (Malmendier & Nagel 2011)—acting as though the future will
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resemble states she has personally lived through—and projection bias (Loewenstein et al.

2003)—acting as though the future will resemble today. If she has lived through high

marginal-utility states (e.g., unemployment or the Great Depression), or if she is cur-

rently in such a state, she will save more and consume less (than the rational benchmark),

even if these cues are not objectively informative about the distribution of future states.

Critically, these effects operate through, and therefore are moderated by, similarity: an

agent whose home was burglarized will later appear more risk-averse over theft-related

expenses (e.g., renter’s insurance) but less risk averse in dissimilar domains (e.g., flood

insurance). Bringing one state to mind crowds out others, and so the agent will exhibit

inconsistent and sometimes paradoxical risk attitudes.

Second, the extent to which the future—and therefore the need to save—comes to

mind at all depends on how much the present cues it, a force we call cognitive discount-

ing. Thus an agent will look more patient when her present circumstances are similar to

many future states but more imprudent in unusual circumstances: she will scrimp at the

grocery store but splurge while on a vacation. This same force could operate over the life

cycle: an agent will become more patient over time the longer she has lived in situations

that resemble the (likely) future. Thus a worker who has previously bounced between

jobs or locations will slowly begin to save more once she lands a steady career in a city

she likes (the opposite of what a standard model would predict given the reduction in

uncertainty).

Further, on the intuitive assumption that the distribution of states is stationary, the

agent exhibits dynamically-inconsistent present bias (Laibson 1997, O’Donoghue & Ra-

bin 1999): her discount factor is especially severe over the immediate future but levels

off over longer horizons. Similarity drives this result. The “dropoff” in similarity to the

present (and therefore in ease of imagination) between today and tomorrow can be severe,

as any unusual present circumstances will likely disappear. But the dropoff in similarity

to the present between 365 days from now and 366 days from now will likely be negli-

gible (and, in the limit, zero). Thus our agent is especially impatient regarding benefits

that can accrue in the near future, but will trade off benefits between more distant dates

(asymptotically) rationally.

So far, we have considered a case where an agent faced exogenously given cues. Our

experiment showed however that externally provided cues have large effects on beliefs,

even in cases where agents are explicitly told they are normatively irrelevant. This raises

the question of how a persuader, armed with the ability to cue strategically chosen states,

can manipulate the agent to her advantage. To study this, we model a persuader that

designs a product along with a cue to boost the agent’s willingness to pay for it. For

4



example, a financial advisor might both construct a portfolio of assets and then try to

“sell” her client on it by cuing her with its upside. Or a firm might produce a consumer

good—whose overall usefulness may depend on how often the customer finds herself in

certain situations (e.g., sunny weather for a convertible car)—as well as an advertisement

to help its customers imagine how they will use it. We then ask what cue the persuader

chooses as well as how the ability to provide cues influences the product she designs.

Our main result highlights a novel tradeoff between riskiness and persuade-ability.

Consider a financial advisor designing a portfolio for a risk-averse client. A perfectly safe

asset yields the same return in all states, but for precisely this reason it is impervious

to cueing: there is no cue the advisor could provide that would boost the agent’s beliefs

about its expected return. In contrast, a risky portfolio (one, say, heavily invested in a

particular industry) raises the possibility of persuasion through cueing (“The tech sector

might take off!”). The client therefore ends up with an under-diversified portfolio, be-

cause it maximizes the fees the advisor can extract. In a consumer-product setting, this

same force leads to greater ex post regret than in the rational benchmark. The firm de-

signs more “specialized” products—like warranties or time-share vacation homes—with

particular, high-utility use cases, which the firm cues in its advertisements to customers.

Buyers in turn end up in these high-utility situations less than it felt like they would when

they purchased the product. These analyses show how cue-based persuasion can affect

more tangible aspects of the economy like portfolio compositions and product design.

This paper contributes first to a literature on decision-making under complexity. Re-

cent work considers how beliefs and actions are distorted when agents cannot retrieve

all relevant information, consider all relevant hypotheses or features, and/or noiselessly

implement decision procedures (e.g., Bordalo, Gennaioli, et al. 2024a, Woodford 2020,

Caplin et al. 2019, Gabaix 2019, Enke & Graeber 2023, Bordalo et al. 2023a, Graeber

et al. 2023, Ba et al. 2023, Bohren et al. 2024, Oprea 2024, Conlon 2024, Augenblick et

al. 2024). Our paper also speaks to the related literature on failures of contingent rea-

soning (see Niederle & Vespa 2023 for a review), where agents fail to fully or accurately

consider states in which their actions are especially relevant (e.g., Esponda & Vespa 2014,

Martínez-Marquina et al. 2019, Moser 2019).4 Some of this literature studies cues, though

typically only regarding their ability to bring to mind past memories (Bordalo et al. 2023b,

4An interesting difference between our framework and the literature on failures of contingent reasoning
is that these papers often focus on settings with few (e.g., only two) relevant states; we speculate that one
force driving some failures of contingent reasoning in these studies may be the difficulty of correctly or
fully simulating a given state. For example, participants in Esponda & Vespa (2014)’s experiment appear
not to realize absent prompting that there is no state where one action out-earns the alternative action. We
abstract away from this consideration in our study and instead focus on the question of which states people
simulate, rather than their ability to accurately simulate a given state conditional on attempting to do so.
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Bordalo, Burro, et al. 2024b, Enke et al. 2024, Bordalo, Gennaioli, et al. 2024b). Our work

shows that a similar framework can be productively applied to study which unrealized
future states come to mind when agents form beliefs.

Our work also complements a growing literature on changing mental models (Eliaz &

Spiegler 2020, Schwartzstein & Sunderam 2021, Barron & Fries 2023, Charles & Kendall

2024). Existing theories tend to assume that, of the models people are exposed to, they

adopt only one (e.g., the best-fitting model or the one that delivers the highest anticipa-

torty utility). Our focus instead is on associations: our agent equally “counts” all states

that she thinks of, but which states come to mind depends on the similarity between them

and the cues she faces.

Next we contribute to a literature on simulation in economics and psychology. The

role of simulation (the process of imagining future states/scenarios) in forming beliefs

has long been recognized and studied in psychology (e.g., Kahneman & Tversky 1981,

Dougherty et al. 1997, Gershman et al. 2017, Chater et al. 2020). It has received less

attention in economics, with some important exceptions. For example, Bordalo, Burro,

et al. (2024b) study how memories of past experiences can serve as cues to aid or inhibit

simulation of future risks. Becker & Mulligan (1997) models an agent who can invest in

her ability to appreciate the future, while Gabaix & Laibson (2022) study how an agent

who (realizes she) can only approximate future utility flows noisily will often seem to act

impatient or present biased.

Lastly, as alluded to above, our model closely resembles theories of memory retrieval

(Kahana 2012, Bordalo et al. 2023b), reflecting work in psychology finding overlap be-

tween the brain processes underlying simulation and memory (Schacter et al. 2007,

Gilbert & Wilson 2007, Schacter et al. 2012, Mullally & Maguire 2014, Benoit & Schacter

2015). Our focus on the importance of similarity between states in facilitating simulation

echoes other work in economics studying similarity as a underlying driver of many cog-

nitive processes, such as memory retrieval (Mullainathan 2002, Enke et al. 2021, Charles

2022b,a, Bordalo et al. 2023b, Graeber et al. 2023, Link et al. 2023, Bohren et al. 2024,

Colonnelli et al. 2024), categorization (Mullainathan et al. 2008, Bordalo, Gennaioli, et

al. 2024a, Evers et al. 2021), reinforcement learning (Barberis & Jin 2023), and reasoning

by analogy (Gilboa & Schmeidler 1995).

2 Model

In this section, we first describe the basic setup of the model, which formalizes how

an agent forms beliefs by sampling states of the world. States come to mind more readily
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when they are more similar to the cues the agent faces while forming beliefs, leading to

belief distortions. We show that two properties of cues—summarizing whether they bring

many states to mind and the extent to which those states favor a particular hypothesis—

determine their effect on beliefs. These lead to testable comparative statics based on the

underlying similarity structure of the state space, which can be proxied for by eliciting

similarity judgments. We then conclude this section by discussing the limits of cue-based

belief distortions.

2.1 Setup

Objective environment Let Ω be the set of possible states of the world, with the like-

lihood (or frequency) of ω ∈Ω given by π(ω). The agent is considering an action whose

payoff ψ(ω) is state-dependent. Under the frictionless rational benchmark, the expected

utility of the action is then given by Ψrat ≡
∑
ω∈Ωπ(ω)ψ(ω).

Similarity The key idea that our model formalizes is that, unlike a standard rational

agent, an agent may struggle to consider all possible states, and the context in which she

forms her beliefs may influence which states come to mind. In particular, we assume that

states are more likely to come to mind the more similar they are to the context the agent

faces (Bordalo et al., 2023b). This implies that normatively irrelevant elements of her

context—which we call “cues”—can distort her beliefs by bringing similar things to top

of mind.

Formally, we assume an exogenous similarity function S : Ω×Ω 7→ [0,1] on the state

space, where S(ω,ω) = 1 for all ω. S(ω1,ω2) captures the degree to which ω1 is similar

to (or “associated with”) ω2. We can then generalize S to apply to weighted subsets of

Ω by averaging element-wise similarity. Formally, let A and B be weighted subsets with

support Ω, withwA(ω),wB(ω) be the weight ofω in A and B. Then, the similarity between

A and B is given by:

S(A,B) =
1

|A| · |B|

∑
ω,ω′∈Ω

wA(ω)wB(ω′) · S(ω,ω′), (1)

where |A| =
∑
ωwA(ω) and |B| =

∑
ωwB(ω).

Context and cued beliefs We focus on cues that can be modeled as elements of Ω.

Formally, we define the local contextC = {ω,wC(ω)} as a weighted subset of Ω, withwC(ω)

capturing the weight of ω in C. We assume the agent simulates utility Ψrat by imagining

7



(or “simulating”) possible states. Drawing from past work (Bordalo et al., 2023b), we

model this as an associative sampling process. In particular, we assume the agent has an

unbiased “mental database”—she is aware, in a sense, of all possible states ω and their

objective likelihood π(ω)—but the sampling process that allows her to access these states

is distorted by the context C. In particular, we assume the probability she samples a state

ω is proportional to its similarity to the context S(ω,C). In the large sample limit, the

agent’s simulated distribution is then proportional to:

πs(ω|C) ∝ π(ω) · S(ω,C), (2)

where S(ω,C) is given by Equation 1. We assume that the agent is naive about the context

distortion: her beliefs are thus given by the simulated distribution πs(ω|C). Equation 2

highlights that the beliefs cued by the context can be simply viewed as the true distri-

bution π with context-dependent distortion weights S(ω,C). When sampling is unbiased

(S(ω,C) = 1), one recovers the rational benchmark.

Interpretation We view our model as providing a tractable way of incorporating as-

sociative (i.e., similarity-based) cues into a model of belief formation. Naturally, many

assumptions are simplifications. For example, the similarity function in our model is

exogenous, but other work microfounds and endogenizes similarity by considering how

many salient features two items have in common (Tversky, 1977; Bordalo et al., 2023a).

We also model cues simply as subsets of the state space, which is restrictive: for example,

our model will fail to incorporate effects of describing a state in different terms or of cues

that differ greatly in type from states of the world (e.g., an agent’s current emotions). But

our framework provides a natural starting place for analyzing the effect of many common

cues: for example, the agent’s current situation, her experience of past states, depictions

or descriptions of scenarios (e.g., in advertisements), and so on.

Finally, though for simplicity we describe our agent as making a choice under

uncertainty—where she is evaluating the probability of different states of the world—

our framework can be applied more generally. The crucial ingredients are that there

be 1) a large set of objects about which agents are forming beliefs, and 2) an associative
structure over these objects. Though risky choice under unknown states of the world is a

natural example of a setting with these two inputs, there are others that lack any “true”

uncertainty. For example, an agent may be forming beliefs about her own past experi-

ences, where her recall of memories is partly shaped by their associations (Bordalo et al.,

2023b). Or an agent may be trying to evaluate how often she will find herself in various
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situations in the future, about which she may in principle already know enough to decide

with certainty. All of the analysis to follow could equally apply to a persuader trying to

convince an agent in settings like these where there is no “true” uncertainty.

2.2 Characterizing cued beliefs

Characterizing beliefs To build intuition, we first focus on the case where ψ(ω) = I(ω ∈
H), H ⊂Ω. In that case, Ψrat = π(H): the agent is assessing the likelihood of a hypothesis

H , which is a subset of the state space. Equation 2 implies the following lemma regarding

how a given context C = {ωc,w(ωc)} distorts the assessment of π(H).

Lemma 1. Let W (ωc) = E[S(ω,ωc)] be the average similarity of ωc to ω ∈ Ω and DH (ωc) =∑
ω∈H S(ω,ωc)π(ω)∑
ω∈Ω S(ω,ωc)π(ω) −π(W ). The agent’s beliefs given context C = {ωc,w(ωc)} are given by:

πs (H |C)−π(H)︸              ︷︷              ︸
Context distortion

=

∑
ωc∈Cw(ωc) ·W (ωc) · DH (ωc)∑

ωc∈Cw(ωc) ·W (ωc)
. (3)

Lemma 1 shows that the effect of ωc ∈ C on the assessment of π(W ) is characterized

by two summary statistics based on similarity. The first isW (ωc) = E[S(ω,ωc)], which we

call the resonance of ωc, which is the average similarity of ωc to other states in Ω. Because

cues bring states to mind in proportion to their similarity, the resonance of ωc captures

the extent to which ωc brings many states to mind. The second quantity, DH (ωc), is

what we call the representativeness of ωc with respect to hypothesis H . DH (ωc) intuitively

captures whether the states that ωc bring to mind tend to be consistent with hypothesis

H . Equation 3 implies that the effect of context C on the agent’s beliefs about H is a

convex combination of the representativeness of each of its constituent cues, with weights

proportional to their resonance.

Figure 1 visualizes the effect of a context containing two cues on the agent’s beliefs. We

consider the case in which Ω = R, with the true distribution π given by the normal dis-

tribution N (0,1). We endow Ω with the similarity function S(ω,ω′) = exp
(
−κ2 (ω −ω′)2

)
.

Suppose that the agent is assessing the likelihood of H = {ω ≥ 0}, where the context con-

sists of two equally weighted cues: C = {−2,1}. The red and blue curves in Figure 1 plot

respectively S(ω,1) ·π(ω) and S(ω,−2) ·π(ω), the beliefs that each cue would induce ab-

sent the other. The resonance of each cue is given by the total mass under each curve,

while the representativeness of each cue with respect to H is given by the ratio between

the darker and lighter areas for each curve. As the figure illustrates, ωc = 1 both has

higher resonance and representativeness (with respect to H) than ωc = −2. The resulting
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Figure 1: Context-distorted beliefs

context-distorted beliefs are shown by the dashed curve.

Proposition 1 generalizes the expression in Lemma 1 to any utility function ψ(ω):

Proposition 1. The agent’s beliefs Es[ψ(ω)|C] in context C are:

Effect of cues︷                     ︸︸                     ︷
Es[ψ(ω)|C]−E[ψ(ω)] =

∑
ωc∈Cw(ωc) ·W (ωc) · Dψ(ωc)∑

ωc∈Cw(ωc) ·W (ωc)
, (4)

where Dψ(ωc) = Cov[S(ω,ωc),ψ(ω)]
E[S(ω,ωc)]

is the representativeness of ωc with respect to ψ.

Note that the only difference between the expressions in Lemma 1 and Proposition 1

are in the definition of representativeness. Representativeness in Proposition 1 is defined

as the covariance between the similarity to ωc and the value of ψ. Thus, it captures the

representativeness of ωc with respect to high-utility states. The function is equivalent to

the previous notion of representativeness when ψ(ω) = I(ω ∈H).

2.3 Limits to cues

Aggregation limits While our framework predicts that beliefs are malleable to cues

and irrelevant changes in the context, our theory also predicts limits to such instability.

In particular, context-driven belief distortion is constrained by the maximal representa-
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tiveness of a cue:

Es[ψ|C]−Ψrat ≤max
ω∈C
Dψ(ω). (5)

Equation 5 holds even in the limit as |C| 7→ ∞, illustrating a stark failure of aggregation.

The intuition for this result is simple: cues move beliefs by shifting which states are more

available and top of mind. When there are multiple cues, cues interfere with each other

– making one state more top of mind crowds out other states. Furthermore, the limits to

belief distortion are governed not by objective probability, but the underlying associative

structure, a point we turn to next.

When are cues effective? To see further implications of equation 5, we impose the fol-

lowing similarity structure on Ω (Tversky, 1977). An element of ω ∈ Ω is defined by a

finite set of K features ω = (f1(ω), f2(ω), ...fK (ω)), with S(ω,ω′) =
∏K
k=1δ

I(fk(ω),fk(ω′))
k . The

parameter δk captures whether feature fk is distinctive or not: the more distinctive fk, the

lower the δk – states that disagree on the distinctive feature are judged as less similar.

Suppose an agent is assessing the likelihood of H = {fk(ω) = f̄ }, and assume for simplic-

ity that δk′ = 1 for k′ , k. Then, one obtains the following upper bound on the maxi-

mal representativeness of a cue with respect to H , which is also then an upper bound to

context-distortion:

πs(H |C)−π(H) ≤max
ω
DH (ω) ≤ 1− δk

δk +π(H)/(1−π(H))
·π(H). (6)

As equation 6 immediately implies, the scope of increasing the subjective assessment

of π(H) through cues is greater for more distinctive hypotheses (lower δk). If H is not a

very distinctive hypothesis—elements within H are not much more similar to each other

than to elements in Ω−H—it is difficult to find a cue that strongly boostsH and interferes

with Ω−H . In contrast, if the hypothesis is highly distinctive, cuing can have a large effect

on assessments. The problem of which random variables ψ(ω) are most malleable to cues

is essential to the theory of endogenous cues, which we revisit in Section 4.2.

2.4 Testable predictions

Though the theory described above is simple, it contains two objects—the agent’s con-

text C and the similarity function S—that we have intentionally left quite general. The

context might contain many cues: the agent’s current situation, past experiences, descrip-

tions/depictions of future scenarios, or any items in her environment that bring particu-

lar possibilities to mind. And many features of these cues might in turn influence their
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similarity to states of the world and therefore their effect on the agent’s beliefs. One might

worry that such generality leaves the model without testable predictions: any pattern of

beliefs could in principle be rationalized by postulating an appropriate cue and similarity

function. What, then, is the empirical content of the theory?

Fortunately, two observations allow us to formulate testable predictions. The first is

that, while the similarity between cues and states might be multifaceted, it is measur-

able. Decades of research in cognitive psychology has studied associations by analyzing

subjective similarity assessments elicited from experimental participants (e.g., Nosofsky

1988, Tversky 1977), and recent work in economics has begun to adopt these insights

(Bordalo et al. 2023a). Furthermore, one need not map out the entirety of the similarity

function S; Proposition 1 makes clear that it is sufficient to estimate the resonance and

representativeness of cues.

Second, while the context C might contain many cues—such that identifying them

all and characterizing their resonance/representativeness would be infeasible—we can

nonetheless derive comparative statics regarding the effect of a marginal cue. This is a

familiar situation to economists: for example, we cannot observe the entire bundle of

amenities that a job offers its employees, but we can derive predictions regarding the

effect that a change in one of them (e.g., the wage) ought to have on worker behavior.

Formally, suppose we wish to predict the effect that adding a cue Q to the context C

will have on the agent’s beliefs. Equation 2 implies:

Es[ψ(ω)|C ∪Q]−Es[ψ(ω)|C] =
W (Q)

WC +W (Q)
(Dψ(Q)−Dψ

C ) (7)

The above equation emphasizes that the effect of adding Q depends only on the relative

resonance and representativeness of Q compared to the remaining context C. If Q has

a higher representativeness than C, adding it to the context will boost beliefs, but the

extent of this change will depend on how resonant Q is compared to C. Beliefs thus can

be seen as a “tug-of-war” between Q and C. Each element of the context pulls beliefs

toward its respective representativeness, with its resonance determining the strength of

this pull.

Testing such predictions requires estimates of the resonance and representativeness

each cue Q among a set of possible cues Q. These can be computed using the Monte

Carlo method. Suppose we elicit pairwise similarity judgments betweenQ andN random

12



samples ω1≤k≤n ∼ π(ω). We can then compute for each Q ∈Q:

Ŵ (Q) =
1
n

n∑
k=1

S(ωk ,Q) ̂Dψ(Q) =
∑n
k=1S(ωk ,Q)ψ(ωk)∑n

k=1S(ωk ,Q)
−Ψrat.

With such estimates of W (Q) and Dψ(Q) in hand, we can then test simple comparative

statics. Holding fixedW , cues with a higher representativenessDψ should increase beliefs

by more. Holding fixed representativenessDψ, cues with a greater resonance should have

a greater effect on beliefs.

To summarize, one can derive testable predictions about the effect that each of a set

of cues Q will have on beliefs by eliciting appropriate similarity data. In the next section,

we employ this procedure in a simple lab-experimental environment as a proof of con-

cept. We show that objectively uninformative cues have large effects on beliefs that are

predictable given separately elicited similarity judgments. We discuss at the end of the

next section strategies for generating such predictions in less controlled environments.

3 Experiment

We test the model’s predictions in a simple controlled environment. Experimental

participants form beliefs about how often a “game” ends up being a “win” or “loss.” We

then test the impact of providing cues—highlighting particular outcomes of the game by

having participants watch them occur—on participants’ beliefs. We use similarity data

elicited from participants to generate predictions for the effects of these cues, which we

then test. Finally, we test the impact of providing multiple example games to explore the

limits of persuasion through cues.

3.1 Design

The Environment. The experiment begins by describing to participants a simple data-

generating process framed as a “game.” Each game has seven rounds r, in each of

which a number of points pr is added to the “total score” of the game, where pr ∈
{+1,+2,+3,+4,−5,−6} with each outcome being equally likely and i.i.d. across rounds.

To make this process intuitive for participants, it is described as rolling a six-sided die.

The faces showing one through four are displayed in green, indicating that this number

is added to the score, while five and six are shown in red, indicating subtraction. Partici-

pants are tasked with guessing the share of games that are “wins,” meaning that they end

with a total score (adding up across the seven rounds) that is strictly positive.
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Note that this environment maps directly onto the model described above. In the

experiment, the set of states Ω = {+1,+2,+3,+4,−5,−6}7 where as in Section 2 each state

is equally likely. Further, these states are naturally grouped into a focal hypothesis H =

{s :
∑7
r=1 sr > 0}, the set of wins, with its complement being the set of losses. There are also

a large number of states—67, or 279,936, of which 129,364 (46.2%) are wins—obviously

precluding the strategy of simply enumerating all winning and losing possibilities. If

participants instead form their beliefs relying on which outcomes come to mind easily,

their beliefs might be susceptible to cues.

Cues. After learning the rules of the game, all participants are shown a graph to help

them visualize how it works, as shown in the left panel of Figure 2. Those in the control

group, who are shown no additional cue, must simply wait 20 seconds before a text box

appears asking them the average number of games per 100 that are wins. Participants are

aware that this is the question they will be asked during this waiting period.

The remainder of participants are shown between one and ten additional cues before

the experiment elicits their beliefs. These cues are framed as example games that partici-

pants watch unfold by hovering their mouse over dots that sequentially depict results of

each round of the game. See the right panel of Figure 2 for an image of a completed cue.

Participants must wait 20 seconds after seeing each cue before either seeing an additional

cue or before a text box appears eliciting their beliefs about the fraction of games that are

wins.

Note that, for several reasons, these cues are objectively (and obviously) uninforma-

tive. First, the problem participants are solving does not involve any “true” uncertainty:

the correct answer to the question they are answering is logically pinned down by the

description of the data-generating process, which is fully specified even absent any ex-

ample. Second, all outcomes are equally likely, so participants cannot infer that some

outcomes are more likely from the fact that they were chosen to be shown as examples.

And finally, we explicitly (and truthfully) tell all participants who receive a cue that while

we are showing them, say, a win, we chose randomly whether they see winning or losing

examples. Thus there is no objective signal to be extracted from the example game that

participants see. Further, we explicitly state that “the example you are shown should not

impact your guess”, and participants must confirm their understanding of this fact in a

comprehension question before continuing with the experiment.

We randomly choose example games to serve as cues. In particular, we randomly

select two example games for ever possible final score between -40 and +27. This pro-

cess yields 136 randomly generated cues. Participants are then sorted into the following
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Figure 2: Belief elicitation with and without a cue

treatment groups:

• Control: Shown no additional cue, N = 108

• T1: Shown one cue randomly chosen from the 136 possible example games, N =

1449

• T5P : Shown five distinct cues with final scores between +11 and +15, N = 93 (in-

clusive)

• T5N : Shown five distinct cues with final scores between -15 and -11, N = 117 (in-

clusive)

• T10P : Shown ten distinct cues with final scores between +11 and +15, N = 125

(inclusive)

• T10N : Shown ten distinct cues with final scores between -15 and -11, N = 103

(inclusive)

Participants in the T5 and T10 treatment groups had to wait 10 and 5 seconds, re-

spectively, between revealing the final outcome of one cue and proceeding to view the

next cue. Note that these sample sizes ensure that approximately the same number of

participants saw a single cue with a final score in the range +11 to +15 (N = 110) as saw

five or 10 such cues in T5P and T10P . Similarity, approximately the same number of par-

ticipants saw a single cue with a final score between -15 and -11 (N = 113) as the number

of participants seeing multiple such cues in T5N and T10N . Henceforth, we refer to cues

with final scores in these ranges as “Baseline Win” and “Baseline Loss” cues.
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Similarity ratings. What effect should these cues have on participants’ beliefs? The an-

swer according to our framework depends on how similar they are to winning and losing

outcomes, and therefore which states come to mind in response to them. We borrow from

a literature in psychology studying similarity (e.g., Tversky & Gati 1982, Ashby & Perrin

1988, Nosofsky 1992) and elicit similarity judgments directly from participants. We then

use those ratings to estimate the availability and diagnosticity of each cue we provide.

More precisely, all participants (regardless of treatment group) made 30 pairwise sim-

ilarity judgments between outcomes of the game. Figure 3 shows what these elicitations

looked like. Each pair of cues that participants compared included one cue from our set

of 136 randomly generated cues as well as an example game randomly generated from

the true data-generating process.

Figure 3: Similarity Elicitation

Following the discussing in Section 2.4, we then use these similarity data to estimate

the resonance and representativeness (with respect to winning games) of each cue. In

particular, the resonance of a cue is simply its average similarity to other states, which

we compute by taking the sample average for each cue pooling across participants. The

representativeness with respect to winning we similarity estimate by the Monte Carlo
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method (see Section 2.4).

The left and middle panels of Figure 4 show the estimated resonance and representa-

tiveness of cues as their final score increases from -40 to 27. As is intuitive, the patterns

we see are consistent with the final score playing a critical role in explaining participants’

similarity judgments. First, cues with values closer to zero are more resonant, while those

with more extreme values are least resonant: this reflects the fact that there are more

outcomes with final scores close to zero and very few with extreme values. Second, the

representativeness of cues with respect to winning increases (approximately) monotoni-

cally as their final score increases. Again this is intuitive: if participants in part focus on

the final score as a determinant of similarity, than the games similar to a cue will tend to

be winners (i.e., its representativeness will increase) if the cue has a higher final score.

Logistics. Participants were recruited from Prolific in October 2024. The median par-

ticipant took 11 minutes to complete the experiment. Participants earned an additional

$1.00 bonus if their belief about the fraction of winning games was within 5 percentage

points of the truth.

3.2 Results

Reduced-form results. We begin by simply showing average beliefs across the treat-

ments where participants were either shown no additional cue or one such cue. These

averages are depicted in the right panel of Figure 4. We see that cues have substantial

effects on beliefs, as we can reject that beliefs are equal across treatments at the p < 0.001

level. For example, moving from the Baseline Loss to Baseline Win treatment, beliefs

increase from 45.6% to 62.3% (p < 0.001). This 16.7 percentage point increase repre-

sents 87% of the standard deviation of beliefs in the control group. Note that these effect

appear despite all such participants being told that others were being shown example

games of the opposite type (i.e., losses for Win treatment and wins for the Losses treat-

ment). Thus, though participants are aware that the opposite examples exist, and are

being shown to others in the experiment, actually “seeing” particular cues has substan-

tial effects on beliefs.

How large are these effects? To answer this question, we use as a benchmark belief

updating in response to objective signals from the literature. For example, in Möbius

et al. (2022), participants receive a 75%-accurate binary signal about whether their IQ-

test score was above the median. Beliefs about the chances of actually having an above-

median performance are 48% of a standard deviation higher for those who receive a posi-
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Table 1: Resonance and Representativeness Explain Cue Effectiveness

Belief

Resonance × Representativeness 0.82∗∗∗

(0.27)
Resonance 0.22∗∗∗

(0.05)
Representativeness 0.07

(0.10)

Observations 1,448

Notes: This table shows OLS regression estimates. The dependent variable is participants’ beliefs about the
share of games that are wins, restricting the sample to treatment group T1. The independent variables are
the estimated resonance and representativeness of the cue they were shown, plus the interaction between
these two quantities. Robust standard errors, clustered at the cue level, are presented in parentheses. *, **,
and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

tive vs a negative signal.5 Thus, our uninformative cues have substantial effects on beliefs

even compared to quite precise objectively informative signals.

The data presented so far constitute an existence result: we can reject the null hy-

pothesis that cues, which are normatively irrelevant to rational agents, have no effect on

beliefs. But do cues affect beliefs in the way theory from Section 2 predicts? Proposition

1 shows that we should expect an interaction effect between the representativeness and

resonance of cues: more representative cues (w.r.t. winning) should boost beliefs about

the share of winning games particularly when they have a high resonance. Table 1 shows

that this is precisely what we find. In particular, we regress participants’ beliefs on the

resonance and representativeness of the cue those in T1 were shown, plus the interaction

between these two quantities. The positive and significant (p < 0.01) coefficient on the

interaction term reflects the fact that more resonant cues have a larger impact on beliefs,

with the direction of that impact depending on their representativeness. We can visual-

ize this interaction by comparing the three panels of Figure 4. Beliefs increase quickly

with representativeness for cues close to zero but quickly tail off as the resonance of more

extreme cues falls.

3.3 Structural estimation.

We can also use data from the Control and T1 treatments to structurally estimate the

model. Note that, because the resonance and representativeness of cues are measurable,

equation 7 has only two degrees of freedom: the resonance WC and representativeness

5This statistic comes from our own calculation using Möbius et al. (2022)’s replication files.
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D
ψ
C of the latent context. We use beliefs in the control group and for each cue in T1 to

estimates these two parameters by the generalized method of moments. Our estimate for

D(d) is 0.53, which unsurprisingly is quite close to the the average belief in the control

group (0.50). The estimate for 1
WC

is 1.95, significantly greater than zero (p < 0.01), indi-

cating (as Figure 4 already makes clear) that cues are effective in changing beliefs relative

to the control group.6 The right panel of Figure 4 plots the model-implied beliefs given

these two parameters. We see a quite close quantitative fit between the model and the

empirical treatment effects, despite the model being overidentified (138 moments to fit

two parameters). More precisely, the R2 between model-predicted and actual beliefs is

0.14, whereas a regression with cue-fixed effects (i.e., 136 indicators) yields an R2 of 0.24

(adjusted R2 = 0.17). Thus, our two-parameter model explains 58% of the maximum

explainable variation in the data (Fudenberg et al., 2019).

Figure 4: Availability + Diagnosticity + Persuasiveness

Notes: This figure shows the resonance (left panel), representativeness (middle panel), and average beliefs
(right panel) associated with cues in T1. The light blue curve shows the model-implied beliefs given our
structural estimation.

3.4 Multiple cues.

What effect does providing multiple additional cues have on beliefs? A natural sup-

position, which we explored in section 2.3, was that the total weight a set of cues gets in

the agent’s beliefs increases in their number. But even so, as we saw, persuasion through

cues imposes limits on how much the agent’s beliefs can change. In particular, though

multiple cues might be more persuasive than only one, the maximum of their represen-

tativeness is an upper bound on the agent’s beliefs. We now test this predictions.
6We estimate the reciprocal of WC so that a coefficient of zero (WC →∞) corresponds to a case where

cues have no effect on beliefs.
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Recall that in our T1, T5, and T10 treatments, participants saw either one, five, or ten

Baseline Win or Baseline Loss cues. This variation in the number of cues (holding set of

cues fixed) allows us to test whether beliefs increase in the number of cues provided and,

if so, whether beliefs remain constrained by their diagnosticity.

Figure 5 shows average beliefs, among participants who either saw a Baseline cue or

were in the control group, split by the number of cues they were shown. The dotted

lines in addition show the average representativeness of the Baseline Loss (dark blue)

and Baseline Win (light blue) cues. Two patterns stand out, corresponding to the two

predictions we are testing. First, additional cues are indeed more persuasive than only

one. Beliefs increase from 62.3% to 69.5% (p < 0.01) as we move from one to five Baseline

Win cues, and decrease from 45.6% to 29.6% (p < 0.01) when moving from one to five

Baseline Loss cues. But, second, beliefs eventually level off around the level of the cues’

representativeness as we move from five to ten such cues. We do not see a significant

increase in beliefs moving from five to ten Baseline Win cues (p = 0.32) nor a significant

decrease when moving from five to ten Baseline Loss cues (p = 0.34).

Figure 5: Multiple Cues and Aggregation Limits

To conclude, our experimental results show that cues can be quite persuasive even

in an environment in which they are obviously objectively uninformative. Further, the

magnitude of their effect on beliefs is modulated (and constrainted) by their representa-

tiveness and resonance, which we compute using separately elicited similarity judgments.

This latter result points to the usefulness of collecting novel types of data to inform and

discipline behavioral models.
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3.5 Discussion: Similarity in Less Controlled Environments

One advantage of our experimental design is that the set of all possible states is

known. This allows us to elicit similarity judgments between the cues we provide and

(a random sample of) the full distribution of states. In less controlled environments,

where the true state space is unknown, this method may not be available. How can sim-

ilarity data be used to predict the effect of cues in such cases? While fully exploring this

question is outside the scope of the present paper, two methods seem promising.

First, emerging machine-learning methods allow researchers to extract proxies for

similarity from text data. For example, Sarkar (2024) uses text from financial news to

extract measures of similarity between firms, which he shows predict excess returns. We

view extending such methods to consider the similarity between cues (e.g., news events,

pitches from financial advisors) and companies or past news events as a promising av-

enue for predicting their effects on investors, and similar methods could be applied to

other domains. Second, recall that to predict the effect of cues, one needs only to estimate

their representativeness and resonance. Eliciting proxies for these objects may be possible

even when the full state space is unknown (and therefore the Monte Carlo method we em-

ploy in our experiment is unavailable). For example, one could ask participants directly

whether states similar to a cue tend to adhere to a certain hypothesis (representativeness)

or how likely are states similar to the cue (resonance).

4 Economic applications

Having provided experimental evidence on the model’s main predictions, we now

turn to investigating its economic implications. We first study exogenous cues. In partic-

ular, we focus on the case of intertermporal choice, where an agent’s dynamic consump-

tion decisions are distorted by cued past or current experiences. We show that our model

naturally predicts experience effects, projection bias, and present bias, whose strength

depends on the similarity between cues and future states. We then turn to endogenous

cues, where a persuader jointly optimizes a product / service alongside a cue to boost the

receiver’s willingness to pay. When applied to financial persuasion, we document a novel

tradeoff between risk and persuade-ability: cue-based persuasion most strongly benefits

portfolios with risky / state-dependent returns.
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4.1 Exogenous cues: application to intertemporal choice

Setup We consider the following simplified intertemporal setting. Letωt,ωt+1, ... follow

an exogenous Markov process with known transition probability π(ωt+1|ωt). At time t,

the agent chooses a consumption plan c⃗t = (ct, ct+1, ...), subject to an intertemporal budget

constraint
∑∞
h=0

ct+h
Rh
≤Wt, where R is the exogenous rate of return. The agent’s objective

expected utility is given by:

Ut(c⃗t |ωt) = u(ct |ωt) +
∞∑
h=1

βh ·

 ∑
ωt+h∈Ω

π(ωt+h|ωt)u(ct+h|ωt+h)

 , (8)

where β is the discount rate, and the agent’s marginal utility of consumption is potentially

state-dependent. Equation 8 implies a standard Euler equation:

1 = βR ·Et
[
u′(ct+1|ωt+1)
u′(ct |ωt)

]
= βR ·Et[M(ωt+1)], (9)

where M(ωt+1) ≡ u′(ct+1|ωt+1)
u′(ct |ωt)

is the marginal utility of consumption in state ωt+1 relative

to the current marginal utility of consumption.

Context and cues The intertemporal objective in equation 8 is highly complex to eval-

uate: a rational agent needs to integrate utility all possible future states over all time

horizons. We assume for our agent, states instead come to mind in proportion to their

similarity to her context Ct, as in equation 2. Further we assume that the cues in context

Ct at time t include the agent’s current and past experienced states, each with a weight w.

Ct = {ωt−h,w(ωt−h)}h≥0. (10)

These assumptions imply that rather than optimizing her true objective function, given

by equation 8, the agent instead chooses ct to optimize:

U s
t (c⃗t |ωt,Ct) ∝ S(ωt,Ct) ·u(ct |ωt) +

∞∑
h=1

βh

 ∑
ωt+h∈Ω

π(ωt+h|ωt)S(ωt+h,Ct)u(ct+h|ωt+h)

 . (11)

Proposition 2 then follows:

Proposition 2. Let S̃(ωt+1) ≡ S(ωt+1,Ct)
S(ωt ,Ct)

be the similarity ofωt+1 to Ct, normalized by similarity
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of ωt to Ct. Equation 11 implies the following modified Euler equation:

βR ·Et[M(ωt+1)] =
(
Et[S̃(ωt+1)]

)−1
− βR · DM(Ct), (12)

whereDM(ωt+1)(Ct) = Covt[M(ωt+1),S(ωt+1,Ct)]
Et[S(ωt+1,Ct)]

is the representativeness of the current context with
respect to future marginal utility.

Note that in the absence of similarity distortions, DM(ωt+1) = 0 and S̃(ωt+1) = 1,

which recovers the normative benchmark (equation 9). Under similarity-based distor-

tions, Proposition 2 implies that there is excessively low current consumption relative

to the normative benchmark (Equation 9) if the current context is representative of high

marginal-utility states in the future (high DM(ωt+1)(Ct)). Conversely, there is excessively

high current consumption if future states are less associated with Ct (low Et[S̃(ωt+1)]).

We discuss each channel separately.

Experience and projection effects The term DM(Ct) captures whether the current con-

text is disproportionately associated with high or low marginal utility future states. One

can further decompose this term into the current state ωt and past experiences:

DM(Ct) =
w(ωt)W (ωt)

w(ωt)W (ωt) +Wpast
DM(ωt+1)(ωt) +

Wpast

w(ωt)W (ωt) +Wpast
DM(ωt+1)(Cpastt ), (13)

where Cpastt = {ωt−h,w(ωt−h)}h≥1 and Wpast =
∑
h≥1w(ωt−h) · W (ωt−h). Equation 13 shows

how cueing and similarity can provide a unifying framework for two well-established

findings in behavioral economics. First, it captures experience effects: DM(ωt+1)(Cpastt )

increases when individuals have experienced past economic disasters. Associations with

past disaster states reflect the lasting imprint of lived experiences on current decision-

making (Malmendier, 2021). Second, it captures projection bias: DM(ωt+1)(ωt) increases

during transient adverse states, illustrating how individuals implicitly over-extrapolate

current conditions (Loewenstein et al., 2003).

Beyond offering a shared framework for these effects, Equation 13 suggests that the

degree to which past experiences and present conditions shape consumption decisions

depends on similarity. In particular, similarity assessments can help researchers better

understand the scope of experience effects: the theory naturally implies that experience

effects are stronger in contexts that resemble or are closely associated with past experi-

ences. Measuring the associations between past experiences and the current context is

key to understanding the domain-specificity of experience effects – whether differences in

experiences translate to strong differences in expectations in a novel setting (e.g. would
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Depression babies react more strongly to inflation?).

Moreover, equation 13 highlights that experience effects and projection bias can func-

tion as substitutes, because they are driven by separate cues (components of the local

context) that compete for individual attention. For example, older individuals displayed

greater resilience to pessimism during the COVID-19 pandemic – their experiences of

overcoming past adversity outweighed their current experiences of the Covid crisis (Bor-

dalo, Burro, et al., 2024a). Conversely, the history of repeated financial crises are replete

with circumstances where the current narrative (“this time is different”) crowds out past

experiences (or wisdom) of repeated crises (Reinhart, 2009). Our framework not only

clarifies the interaction between past experiences and present context but also suggests

avenues for future research to quantify these effects using similarity assessments.

Endogenous cognitive discounting The second term of equation 12, (Et[S̃(ωt+1)])−1,

captures how easy it is for the individual to simulate consumption in the future. The

harder it is for the agent to think of the future (lower Et[S̃(ωt+1)]), consumption today is

higher relative to the normative benchmark (excessively high future marginal utility of

consumption). Our model is consistent with a body of work on cognitive discounting –

that time preferences may reflect difficulty in thinking about the future (Becker & Mulli-

gan, 1997; Gabaix & Laibson, 2017; Rick & Loewenstein, 2008). Relative to the literature,

our framework emphasizes that the degree of cognitive discounting (and implicit time

preferences) itself is context-dependent and depends on the similarity between the current

state and future states of the world. In particular, our framework makes the novel pre-

diction that there is greater impatience in unusual circumstances that are more dissimilar

to normal states of the world.

To illustrate this, consider the simple case in which the utility of consumption u(ct |ωt)
does not depend on ωt. Despite being completely normatively irrelevant, ωt neverthe-

less distorts consumption by influencing the relative availability of future consumption.

Assume that ωt follows a stationary AR(1) process: ωt = ρωt−1 + ϵt, ϵt ∼ N (0,σ2), where

we impose as before the similarity function S(ω,ω′) = exp
(
−κ2 (ω −ω′)2

)
. Equation 11

reduces to the following expression.

Proposition 3. The agent effectively optimizes: Ut = u(ct)+
∑
h≥1δhu(ct+h), where the implicit

decision weights δh are given by

δh = βh ·
√

τ
τ +κ

· exp
(
−1

2

( τ ·κ
τ +κ

· (1− ρh)2ω2
))

, τ =
1− ρ2

σ2(1− ρ2(h+1))
(14)

Figure 6 plots the endogenous time discount factors δh. Relative to the normative
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Figure 6: Endogenous cognitive discounting

benchmark (βh) plotted in black, the discount factors have a sharper present bias. This

arises endogenously due to the fact that the future states are less similar to current state.

More importantly, the degree to which the future is discounted against the present is state

dependent: there is much lower discounting when ω = 0, the median state of the station-

ary distribution. Conversely, when ω = 2 – the agent is experiencing a more “unusual”

state – there is sharper discounting. For example, when individuals are going through

a financial crisis, a health emergency, or emotional distress, they may over-prioritize the

current exigent circumstances. Similarly, an agent may overspend while in a nice vaca-

tion (because the boring future is really not top of mind). Conversely, an agent may also

be induced to prioritize future consumption, if it is in a setting that is similar to the cur-

rent setting (e.g. selling the next vacation in the current vacation). All these examples

highlight the context-dependence of time preferences.

Lastly, note that the log discount curves are convex: the relative discounting of con-

sumption in t + h to t + h + 1 decreases as h 7→ ∞. This “kink” in the time discounting

function generates dynamic inconsistency in consumption behavior (Laibson, 1994). We

endogenously obtain this from the simple insight that the far future and the very far

future are intuitively equally (dis)similar to the present. Formally, for any stationary

process ωt, one obtains:

lim
h7→∞

E[S(Ct,ωt+h)] 7→
∑
ω∈Ω

πstat(ω) · S(Ct,ω), (15)

where πstat is the stationary distribution of ωt. Thus, the relative discounting between

t + h and t + h+ 1 decreases to β, which generates endogenous hyperbolic discounting.
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Summary To summarize, we have applied our framework to a simple intertemporal

choice setting, where an agent’s choice of consumption across time is distorted by both

salient past experiences and the current state. In that case, similarity judgments across

different states of the world help unite and shed new light on how local context distorts

intertemporal decisionmaking.

4.2 Endogenous cues: application to persuasion

While the previous application has focused on exogenous cues – past and current expe-

riences – we now turn to the case of endogenous cues, where a persuader chooses the op-

timal cue to distort receiver beliefs. We assume as before that the receiver is naive about

the contextual distortion, and in particular does not take into consideration the strategic

motives of the persuader, following other work in behavioral persuasion (Schwartzstein

& Sunderam, 2021).

Setup Consider first the following general case. A persuader (who can be viewed as a

monopolist firm) produces a single good for a receiver, which delivers ψ(ω) in state ω.

We assume that ψ(ω) is known by the receiver: the persuader therefore cannot influence

receiver through traditional persuasion, such as by providing objectively informative sig-

nals about the frequency of states or the quality of the good in them. Instead, it simply

chooses a cue Q ⊂ Ω that alters the consumer’s context when she considers purchasing

the good. That is, it can run advertisements that highlight particular states, making them

(and associated similar states) more likely to come to mind when its potential customers

think about purchasing the good.7

As given in Proposition 1, the receiver’s subjective willingness to pay is given by:

Es[ψ|C ∪Q] = E[ψ] +

∑
ωc∈Cw(ωc) ·W (ωc) · Dψ(ωc)∑

ωc∈Cw(ωc) ·W (ωc)
. (16)

We assume the persuader extracts the full surplus from the exchange: it is able to charge

the receiver their willingness to pay for the good net of reserve utility ψ0. The persuader

thus solves a joint optimization problem over both the product design (ψ) and the optimal

cue (Q), where it maximizes the receiver’s subjective willingness to pay net of the cost of

7Of course, even uninformative advertisements in practice can do more than simply highlight states.
For example, they might influence the choice set considered by the consumer (Abaluck & Adams-Prassl,
2021), as well as which features of the good are salient, which may change how the good is categorized
(Mullainathan et al., 2008). We leave a more general treatment of the role of uninformative ads to future
work.
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producing the good c(ψ):(
Q∗,ψ∗

)
= argmax
Q,ψ,Es[ψ|C∪Q]≥ψ0

Es[ψ|C ∪Q]− c(ψ). (17)

Associative cue and product choice Equation 17 implies that the persuader’s choice of

the underlying product design (ψ) tilts towards goods that are complementary with the

technology of associative cues. For what kind of goods will there be an effective cue? By

Cauchy-Schwarz inequality, the upper bound on the persuasiveness of a cue is given by

the following expression:

Es[ψ|C ∪Q]−E[ψ] ≤ Dψ(C ∪Q) ≤ Var
(
S(ω,C ∪Q)
E[S(ω,C ∪Q)]

)1/2

·Var
(
ψ(ω)

)1/2
. (18)

The first term, Var
(
S(ω,C∪Q)
E[S(ω,C∪Q)]

)1/2
, depends on the associative structure of the state space

Ω: there must be variation in how similar states are to each other for cues to ease sim-

ulation of some states more than others. In particular, as discussed in Section 2.3 and

equation 6, associative cues favor goods that deliver high utility in distinctive states of

the world. The second term, Var
(
ψ(ω)

)1/2
, highlights that associative cues are naturally

complementary with products that deliver high utility in specialized states of the world:

variation in utility generates scope for an associative cue to overstate the value of the

good. This force leads to more ex post regret by the consumer: she does not find herself

in the high-utility states as often as it felt she would when she bought the good. Such

an agent might find herself with a rarely-visited timeshare vacation home, stuck in rush-

hour traffic in a high-speed sports car, or frequently paying for product warranties and

travel insurance she predictably ends up failing to need.

Application: portfolio choice and underdiversification When applied to risky choice

and portfolio selection, equation 18 highlights a novel tension between risk aversion and

persuasiveness. On one hand, an asset with high variance in expected returns is risky and

thus less desirable for the investor. On the other hand, for there to be scope for cue-based

persuasion, there needs to be variation in returns. For example, an advisor can help a

client to see the upside of a risky stock (and interfere with simulating its downsides),

but no cue can boost the subjective benefit of a riskless asset beyond its fixed nominal

return. When the latter force dominates, financial persuasion can induce pessimistic

investors—ones who would not even participate in the stock market otherwise—to adopt

risky portfolios that primarily payoff only in distinctive (easy to cue) states. But such an
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advisor may not be able (and in any case will not choose) to convince her to pursue the

rational diversified strategy. Below, we formalize these ideas by solving out the advisor’s

joint portfolio-and-cue choice in a simple two asset setting.

Let Ω = {ωA,ωB,ω0} with π(ωA) = π(ωB) = p. Each state of the world corresponds to

the realization of a distinct investment “theme” – for example, there may be an upcoming

AI revolution, or a breakthrough in battery technology, or neither (ω0 = the status quo).8

Correspondingly, there are two risky assets, also indexed by A and B, with the excess

return on each asset given by:

RA = α · I(ω =ωA) + ϵA, RB = α · I(ω =ωB) + ϵB, (19)

with ϵA and ϵB uncorrelated with variance σ2. We endow Ω with the same similarity

structure as that in Section 2.3: there are two features that govern the similarity between

states: whether any investment theme has materialized or not, as well as which theme

has materialized. This implies S(ω0,ωA) = S(ω0,ωB) = δ0 ≤ 1, and S(ωA,ωB) = δ1 ≤ 1.

Investors have mean-variance preferences over wealth u(W ) = E[W ]− A2V ar[W ], with

access to a riskless saving technology with excess return R0 = 0. They can access risky

investments only through their financial advisor. This advisor first provides a cue Q ⊂Ω

that highlights some states of the world but does not provide objective information on

their likelihood. In particular, the advisor has access to cues of total weight wQ, which

it can allocate to ωA and ωB: Q∗ = {ωA,w∗Q(ωA),ωB,w∗Q(ωB)}. We assume for simplicity

that the context (absent the persuader’s cue) is in the “status quo” state: C = {ω0,w(ω0)}.9

Along with the cue, the advisor jointly offers the investor a risky portfolio x∗ = (x∗A,x
∗
B),

x∗A + x∗B = 1 at the cost of a fee φ∗, which the investor accepts if the subjective expected

utility from them exceeds the reserve utility from the riskless asset.10 Proposition 4 char-

acterizes the optimal persuader action (Q∗,x∗):

Proposition 4. The persuader adopts a pure cue max{wQ∗(ωA),wQ∗(ωB)} = wQ and offers
a portfolio x∗ tilted towards the asset that loads on the cued state. The tilt of the portfolio
T (x∗) ≡ max(x∗A,x

∗
B)

min(x∗A,x
∗
B) is decreasing in the similarity δ1 between the themes.

8We assume for simplicity these themes cannot co-occur.
9Our persuasion results are unchanged if instead we setC to be the unbiased distribution over Ω, though

of course what the investor would choose to do absent an advisor (e.g., whether she would choose not to
participate) depends on the choice of default.

10Standard mean-variance optimization implies that the advisor offers a portfolio x∗ = 1
AV ar

−1
s [R](Es[R]−

R0) and extracts fees

φ∗ =
1
A

(Es[R]−R0)′V ar−1
s [Ri](Es[R]−R0), (20)

where the expectations and variance are taken over the investor’s subjective distribution given the context:
πs(ω) ∝ π(ω) · S(ω,C ∪Q).
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Figure 7: Financial persuasion: portfolio choice

To give an intuition for Proposition 4, Figure 7 plots the maximal fees obtained for a

given portfolio (xA,xB) as one varies the tilt of the portfolio (1,0) to (0,1). For both the

rational benchmark and the persuader-less benchmark, fees are maximized by the fully-

diversified portfolio: investors value safety and reward advisors that deliver it. When

the advisor can also provide a cue, however, it is the more extreme portfolios (that tilt

towards either investment theme) that receive the most boost – as shown by the gap be-

tween the blue and gray curves. The intuition is exactly that of Equation 18: there exists

a more effective cue for the less diversified portfolio. The advisor’s optimal strategy thus

tilts the portfolio towards a particular investment theme, optimally trading off persua-

siveness with losses from lack of diversification. Furthermore, the degree of diversifica-

tion depends on the associativity between different investment opportunities: the more

similar the themes, the more willing investors are to invest in both opportunities. In par-

ticular, under the natural assumption that associativity is positively related to objective

correlation—assets that do well in similar circumstances are perceived as more similar—

investors will be more persuadable to jointly invest in highly correlated projects, the op-

posite of what rational diversification would suggest. More generally, this suggests that

measuring the associativity between different investment outcomes may be important to

understanding financial persuasion and the resulting investment behavior.

Comparisons with informative persuasion Lastly, it is useful to compare our model to

a benchmark of purely informative persuasion. Consider the case where the persuader
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can provide true information at a cost, with the costs proportional to the mutual informa-

tion between the prior and the posterior (Sims 2011). Formally, the informative persuader

maximizes over local perturbations (π(ωA),π(ωB)) = (π0(ωA) + dπ(ωA),π0(ωB)) + dπ(ωB))

as follows:

maxφ∗(π(ωA),π(ωB))− ξ
[
log

(
π(ωA)
π0(ωA)

)
π(ωA) +

(
π(ωB)
π0(ωB)

)
π(ωB) +

(
π(ω0)
π0(ω0)

)
π(ω0)

]
, (21)

where φ∗(π(ωA),π(ωB)) are optimal fees given investor beliefs. In that case, the persuader

instead chooses the following strategy:

Proposition 5. The informative persuader locally boosts πA and πB equally and offers a per-
fectly diversified portfolio: T (x∗) = 1.

Intuitively, the persuader would like to pay the information costs and increase the

expected returns of both themes. This is because the informative persuader faces different

constraints from one relying only on cues. While the informative persuader can boost the

subjective returns of both assets, an advisor that relies just on cues faces the constraint

that different cues distract from each other. In that case, simple (and risky) is best: better

to pick a theme and maximally boost its simulation.

5 Extensions: information and cues

Finally, while we have primarily focused on the case of purely uninformative cues for

conceptual clarity, we explore how our framework generalizes to settings where there is

also genuine information regarding Ω. The generalized framework yields novel implica-

tions on how informative signals influence the effectiveness of cues.

Setup Suppose that the agent also learns of an objective signal I associated with the

likelihood function π(I |ω) : Ω 7→ R. We assume that the agent reacts to I also by sam-

pling states ω ∈ Ω subject to the local context C. That is, given both the context C and

information I , the DM’s subjective distribution across Ω is given by:

π(ω|C,I) ∝ S(ω,C) ·π(ω) ·π(I |ω). (22)

To give an intuition behind Equation 22, just like how the DM was previously assessing

a known distribution π(ω) subject to sampling distortions, the DM is now reacting to the

signal in a Bayesian manner – combining the prior and the likelihood – subject to the
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same cognitive constraint as before.11 Equation 22 reduces to our main framework when

I is completely uninformative (π(I |ω) = 1 for all ω). Conversely, it also nests Bayesian

updating when one removes similarity distortions (S(ω,C) = 1).

Persuasion and information To further explore the implication of equation 22, con-

sider the following simple example. Let Ω = R, with S(ω,ω′) = exp(−κ2 (ω−ω′)2), with the

objective distribution given by π(ω) = φN (µ0, τ
−1
0 ). Suppose the persuader wants to max-

imize Es[ψ(ω)] ≡ Es[ω], and has two means at her disposal. First, as before, the persuader

can give an uninformative cue Q. Second, the persuader now has access to a noisy signal

I of ω with precision τ , with the likelihood function π(I |ω) = φN (ω,τ−1). In that case, the

Bayesian posterior is given by:

π(ω|I) = φN

(
τ0µ0 + τI
τ0 + τ

, (τ0 + τ)−1
)
≡ φN

(
µpost, τ

−1
post

)
(23)

To complete the setup, we assume for simplicity that Dd = µpost: this implies that the

subjective mean in absence of the persuader is equal to the objective posterior – this is to

ensure that any distortion in beliefs is purely due to the persuader-provided cue. Given

these assumptions, one obtains the following closed-form expression for the optimal per-

suader cue Q∗:

Proposition 6 (Optimal cue). The persuader’s optimal cue Q∗ and agent beliefs are given by:

Q∗ = µpost +

√
τpost +κ

τpost ·κ
ν0 and E[ω|Q∗, I] = µpost +

√
κ

τpost · (τpost +κ)

(
√
ν0 −

1
√
ν0

)
,

(24)

where ν0 > 1 is the unique solution to 1 + 1
Wd

exp
(
−1

2ν0

)
= ν0.

Corollary 1. Agent beliefs E[ω|Q∗, I] are decreasing in τpost and increasing in κ. In particular,
for any signal I with precision τ , there exists an alternative signal I ′ > I with lower precision
τ ′ < τ that the persuader prefers, despite it resulting in a lower objective posterior mean.

Corollary 1 highlights the potential tradeoff faced by a persuader who has access to

both information and cues. On the one hand, a positive signal I of high precision will

move objective beliefs strongly in the persuader’s favored direction. On the other hand,

as highlighted by Equation 24, a signal of higher precision limits the scope for persua-

sion through cues: the more precise the beliefs, the lower the availability of cues that stray

11For parsimony, we are not modeling the possibility that the information, or the data, itself can act
as a cue, which causes the receiver to sample near information consistent with the data. We explore this
possibility in previous work (Bordalo et al., 2023b).
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from the objective posterior. Thus, rather than providing a positive signal with high pre-

cision, the persuader may instead find it more effective to provide a more extreme signal

with low precision, while simultaneously cuing extreme states consistent with the signal.

Our results thus suggest another mechanism for why there may be greater overreaction

to weak or extreme signals (Kwon & Tang, 2020; Afrouzi et al., 2023; Bohren et al., 2024;

Augenblick et al., 2024): these are signals for which a persuader can find a particularly

effective cue.

6 Conclusion

This paper builds on two central premises. First, the set of relevant states for a deci-

sion is often vast, and agents may therefore be unable to consider and integrate over all

of them before choosing. They must rely instead on the states they manage to simulate.

The second premise is that this process of simulation is context-dependent and therefore

susceptible to cues. Our experiments corroborate these ideas and highlight the role that

similarity and interference play in shaping how irrelevant contextual cues distort beliefs.

They also point toward a novel (to economics) type of data—similarity judgments—as a

method of generating predictions and disciplining behavioral models.

Two directions for future work appear promising. First, in this paper we focus on

an exogenously given and fixed associative structure between states. This is obviously

an oversimplification, as the perceived similarity between objects is a function of the

features agents happen to be attending to (Tversky 1977). Introducing endogenous atten-

tion, and therefore similarity, would enrich the model: cues might not only shape which

states initially come to mind, but also which features agents attend to while evaluating

their options, which in turn may shape the associations between different states (see Bor-

dalo, Gennaioli, et al. 2024a for related ideas). Second, the usefulness of similarity data in

predicting treatment effects in the lab raises the possibility of measuring associations in

the field. Which states come to mind when considering a financial investment, or which

situations one imagines using a product in, depend on those states’ similarity structures.

Measuring and deploying similarity judgments to map out these associations and the cor-

responding effects that cues have “in the wild” are open and exciting avenues for future

research.
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A Proofs

Proof of Proposition 1 The expression follows directly from summing the simulation

strength of each ω ∈Ω:

π(H) =
∑
ω∈H π(ω)∑
ω∈Ωπ(ω)

=
∑
ω∈H S(ω,d) +γS(ω,Q)∑
ω∈ΩS(ω,d) +γS(ω,Q)

=
1

A(d) +γA(Q)
· (A(d) ·D(d) +γA(Q) ·D(Q))

(25)

Proof of Proposition 2 To prove this proposition, one needs the following lemmas re-

garding cues on the real line. Recall that we assume the following similarity structure:

S(ω,ω′) = exp
(
−κ2 (ω −ω′)2

)
. Note that given any normal density φN (µ0, τ

−1
0 ), the density

distorted by the cue Q is proportional to (excluding all terms unrelated to µ0 and Q):

exp
[
−τ0

2
(ω −µ0)2 − κ

2
(ω −Q)2

]
= exp

−τ0 +κ
2

(
ω −

τ0µ0 +κQ
τ0 +κ

)2

− 1
2
κτ0(µ0 −Q)2

τ0 +κ

 . (26)

This implies that for a cue (d,Q), the subjective distribution is a mixture of two nor-

mal distributions φN
(
τ0µ0+κQ
τ0+κ , (τ0 +κ)−1

)
, φN

(
τ0µ0+κd
τ0+κ , (τ0 +κ)−1

)
each with weight pro-

portional to γ · exp
(
−1

2
κτ0(µ0−Q)2

τ0+κ

)
and exp

(
−1

2
κτ0(µ0−d)2

τ0+κ

)
. As assumed in the proposition,

we focus on the case where d = µ0: the default context does not on its own introduce

belief distortion. Then, the subjective beliefs simplify to:

Es[ω] = µ0 +
γ exp

(
−1

2
κτ0(µ0−Q)2

τ0+κ

)
1 +γ exp

(
−1

2
κτ0(µ0−Q)2

τ0+κ

) · κ
τ0 +κ

(Q −µ0) (27)

Setting η0 ≡
κτ0
τ0+κ and x ≡Q −µ0, it suffices to maximize (in x) the expression:

−1
2
η0x

2 − log
(
1 +γ exp

(
−1

2
η0x

2
))

+ log(x), (28)

which generates the FOC:

0 = −η0x+
1
x

+
γ exp

(
−1

2η0x
2
)
· η0x

1 +γ exp
(
−1

2η0x2
) =⇒ 1 =

1

1 +γ exp
(
−1

2η0x2
)η0x

2, (29)
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which is satisfied when η0x
2 = ν0. Thus, x =

√
ν0/η0 =

√
τpost+κ
τpostκ

ν0k, as desired. The ex-

pression for E[ω|Q∗, I] is immediate from substituting this expression into Equation 27.

Proof of Corollary 1 This is immediate where
√

κ
τpost ·(τpost+κ

decreasing in τpost and in-

creasing in κ.

Proof of Proposition 3 The expression for beliefs follow analogously from the deriva-

tion of Proposition 1. To prove the comparative static, note that for A, B, A+A0, B+B0 > 0,
A+A0
B+B0

> A
B ⇐⇒ A0 > B0

A
B . Applying this to the expression for beliefs, πn+1 > πn if and only

if:

πn ·

γ̃n+1A(qn+1) + (γ̃n+1 − γ̃n)
n∑
k=1

A(qk)

 < γ̃n+1A(qn+1)D(qn+1) + (γ̃n+1 − γ̃n)
n∑
k=1

A(qk)D(qk)

(30)

Substituting in: γ̃n ·
∑n
k=1A(qk)D(qk) = πn(A(d) + γ̃n

∑n
k=1A(qk)) −A(d) ·πd , suffices to

show:

πn ·

γ̃n+1A(qn+1) + (γ̃n+1 − γ̃n)
n∑
k=1

A(qk)


< γ̃n+1A(qn+1)D(qn+1) +

γ̃n+1 − γ̃n
γ̃n

πn(A(d) + γ̃n
n∑
k=1

A(qk))−A(d) ·πd

 .
(31)

Rearranging, the above is equivalent to:

0 < γ̃n+1A(qn+1)(D(qn+1)−πn) +
γ̃n+1 − γ̃n

γ̃n
(A(d) · (πn −πd)) .

⇐⇒
γ̃n − γ̃n+1

γ̃nγ̃n+1
(A(d) · (πn −πd)) < A(qn+1)(D(qn+1)−πn),

(32)

as desired.

Proof of Corollary 2 The proof is immediate from the fact that beliefs are convex com-

binations of the diagnosticity of the default context and each of the cues, with the weight

on the default context converging to 1−w∗ = 1
1+γ(n) .
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B Application proofs

B.1 Financial persuasion

We require the following lemmas:

Lemma 2. Denote πA ≡
∑
ω∈HAπ(ω|d,Q) and πB ≡

∑
ω∈HBπ(ω|d,Q). The set of beliefs that

the persuader can induce is given by (πA,πB) such that:

πA +πB =
2δ0 +γ(1 + δ1)

1 + 2δ0 +γ(1 + δ0 + δ1)
p, min{πA,πB} ≥

δ0 + δ1γ

1 + 2δ0 +γ(1 + δ0 + δ1)
p (33)

Proof. This follows from the fact that the beliefs induced by the cue (γ1,γ2) is given by:

(π1,π2,π0) ∝ (γ1 +γ2δ1 + δ0,γ2 +γ1δ1 + δ0,1 + γ̄δ0) . (34)

Lemma 3. Suppose that the persuader is constrained to offer a portfolio with fixed weight
(x1,x2) = W · (η1,η2), where η1 + η2 = 1 and ηi ≥ 0. The persuader’s message consists of
(γ1,γ2)∗ = (γ̄ ,0) if η1 > η2 and (0, γ̄) otherwise.

Proof. Assume without loss of generality that η1 ≥ η2. First, we solve for the mean and

variance of the returns given beliefs (π0,π1,π2). We apply the law of iterated covariance:

Cov(X,Y ) = E[Cov(X,Y |Z)] +Cov[E[X |Z],E[Y |Z]], (35)

where X and Y are Ri , and Z is the realization of the stochastic state ω. One can work out

that given the above set-up, the perceived covariance of returns for [R1,R2] is given by:

E[R] = α ·
π1

π2

 , V ar[R] =

σ2 +α2π1(1−π1) −α2π1π2

−α2π1π2 σ2 +α2π2(1−π2),

 (36)

Consider a portfolio with weight ηi in asset i with η1 + η2 = 1. The maximal fee for
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these relative weights is given by:

f ∗(η1,η2,π1,π2) = max
W

W (η1π1 + η2π2)α − A
2
W 2

[
η1 η2

]
V ar[R]

η1

η2

 =
1

2A
(η1π1 + η2π2)2α2[
η1 η2

]
V ar[R]

η1

η2


=

1
2A

(η1π1 + η2π2)2α2

(σ2 +α2π1(1−π1))η2
1 + (σ2 +α2π2(1−π2))η2

2 − 2α2π1π2η1η2

=
1

2A
(η1π1 + η2π2)2α2

σ2(η2
1 + η2

2 ) + (π1η
2
1 +π2η

2
2 )α2 − (η1π1 + η2π2)2α2

(37)

Given that f (x) = 1/(x−1 + 1) is monotonically increasing in x, f ∗(η1,η2) is maximized if

and only if:
(η1π1 + η2π2)2α2

σ2(η2
1 + η2

2 ) + (π1η
2
1 +π2η

2
2 )α2

(38)

is maximized.

By Lemma 2, suffices to consider the case in which π1 + π2 = π̄, with π1,π2 ranging

over π̄ · (1−π∗,π∗) where π∗ > 1
2 . We proceed with the proof in two steps. First, we prove

that the expression in Equation 38 is U-shaped: increasing for π1 > C and decreasing for

π1 < C. Second, we then compare expression for the lowest and highest possible values

of π1: π1 = π̄π∗ and π̄(1−π∗) to show that the former is higher. Put together, this implies

that the expression is globally maximized at π1 at its maximal value (which corresponds

to (γ1,γ2) = (γ̄ ,0).).

Substituting in π2 = π̄ − π1, and taking the derivative with respect to π1, we obtain

that the expression is positive if and only if:

2(η1 − η2)((η1 − η2)π1 + η2π̄) · (κ(η2
1 + η2

2 ) + (π̄η2
2 + (η2

1 − η
2
2 )π1))− ((η1 − η2)π1 + η2π̄)2 · (η2

1 − η
2
2 ) > 0

⇐⇒ 2κ(η1 − η2)(η2
1 + η2

2 ) + 2(η1 − η2)(η2
1π1 + η2

2(π̄ −π1))− (η1π1 + η2(π̄ −π1))(η2
1 − η

2
2 ) > 0

(39)

The expression is linear in π1 with the slope of π1 given by (η1−η2)(η2
1 −η

2
2 ) > 0: thus, the

expression is U-shaped (which includes monotonically increasing or decreasing). Thus,

to find the global maximum, suffices to compare the original function evaluated at the

end points: π1 = π∗1 >
1
2 and π1 = 1−π∗1 = π∗2. Thus, suffices to show:
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(η1π
∗
1 + η2π

∗
2)2

κ(η2
1 + η2

2 ) + (η2
1π
∗
1 + η2

2π
∗
2)
>

(η1π
∗
2 + η2π

∗
1)2

κ(η2
1 + η2

2 ) + (η2
1π
∗
2 + η2

2π
∗
1)

(40)

Expanding and using the fact that η1π
∗
1 + η2π

∗
2 ≥ η1π

∗
2 + η2π

∗
1, suffices to show:

(η2
1π
∗
2 + η2

2π
∗
1)(η1π

∗
1 + η2π

∗
2)2 − (η2

1π
∗
1 + η2

2π
∗
2)(η1π

∗
2 + η2π

∗
1)2 = π∗1π

∗
2(π∗1 −π

∗
2)(η2

1 − η
2
2 )(η1 − η2)2 > 0,

(41)

as desired.

Proof of Proposition 4

Proof. By Lemma 3, suffices to assume without loss of generality that (γ1,γ2) = (γ̄ ,0). Let

(π1,π2) be the induced beliefs given that cue. One can easily see that the optimal portfolio

given (π1,π2) is given by:

x∗ = V ar[R]−1E[R] =
1

(σ2 +α2π1(1−π1))(σ2 +α2π2(1−π2))−α4π2
1π

2
2

σ2π1 +α2π1π2

σ2π2 +α2π1π2

 ,
(42)

with the tilt of the portfolio given by

T (x∗) =
σ2π1 +α2π1π2

σ2π2 +α2π1π2
. (43)

Denote for simplicity κ ≡ α2

σ2 . One can derive that ∂T
∂δ1

< 0 if and only if:

π2(1 +κπ2)
∂π1

∂δ1
< π1(1 +κπ1)

∂π2

∂δ1
(44)

Recall that:

π1 =
γ̄ + δ0

(1 + 2δ0) + γ̄(1 + δ0 + δ1)
, π2 =

γ̄δ1 + δ0

(1 + 2δ0) + γ̄(1 + δ0 + δ1)
, (45)

and in particular ∂π1
∂δ1

< 0 and ∂π2
∂δ1

> 0. This automatically implies the above inequality.

Proposition 7. The informative persuader locally moves beliefs equally for π1 and π2 and
offers a perfectly diversified portfolio: T (x∗inf ) = 1.
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Proof. Recall that the cost of moving someone’s beliefs (through information) from

(πd1 ,π
d
2 ,π

d
0) to (π1,π2,π0) is given by ξ ·DKL(π||πd). Given our assumption that ξ is suffi-

ciently high, suffices to consider marginal perturbations of beliefs near (πd1 ,π
d
2 ,π

d
0).

We have from the above derivation that the optimal fees given beliefs π1,π2 is given

by:

F(π1,π2) ≡
α2(π2

1 +π2
2)σ2 +α2(π1 +π2)π1π2

σ4 +α2(π1 +π2)σ2 +π1π2 ·α4 −α2
[
(π2

1 +π2
2)σ2 +α2(π1 +π2)π1π2

] . (46)

The informative persuader maximizes over local perturbations π1 = πd1 + dπ1 and π2 =

πd2 + dπ2 the following expression:

maxF(πd1 + dπ1,π
d
2 + dπ2)− ξ

log

π1

πd1

π1 + log

π2

πd2

π2 + log

π0

πd0

π0

 . (47)

The persuader objective admits the following Taylor approximation:

∇1Fdπ1 +∇2Fdπ2 −
ξ
2

dπ2
1

πd1
+
dπ2

2

πd2
+

(dπ1 + dπ2)2

πd0

 , (48)

where ∇1F = ∇2F ≡ ∇ > 0. Putting this together, for sufficiently large ξ, the following

FOC should hold:

0 = ∇− ξ · 1

πd1
dπ1 − ξ

dπ1 + dπ2

πd0
=⇒ dπ∗1 =

∇
ξ
·
 1

πd1
+

1

πd0

 = dπ∗2, (49)

as desired.

B.2 Consumer choice

Proof. We consider two extreme cases: γ2 = 0 (complete separation) and γ2 = γ̄2 (maximal

association). In the first case, the induced beliefs (when a consumer considers good i) is

given by:

(πi ,π−i ,π0) =
((δ0 +γ1)p, (δ0 +γ1δ1)p, (1 +γ1δ0)p0).

(1 +γ1δ0)p0 + (2δ0 +γ1(1 + δ1))p
(50)

By symmetry, consumers that have greater weight for ωi will select into the good that is

specialized towards ωi . Optimizing over the product design ψ net of quadratic costs, one

43



obtains the per-unit net profit of:

Πsep =
p2

(
η2(δ0 +γ1)2 + (δ0 +γ1δ1)2

)
2C · ((1 +γδ0)p0 + (2δ0 +γ(1 + δ1))p)2 (51)

Analogously, the per-unit net profits for maximal association is given by:

Πpool =
η2(δ0 +γ1 + γ̄2δ1)2p2 + (δ0 +γ1δ1 + γ̄2)2p2

2C · ((1 +γ1δ0)p0 + (2δ0 + (γ1 + γ̄2)(1 + δ1))p)2 (52)

Thus, Πsep >Πpool if and only if:

η2(δ0 +γ1)2 + (δ0 +γ1δ1)2

((1 +γ1δ0)p0 + (2δ0 +γ1(1 + δ1))p)2 >
η2(δ0 +γ1 + γ̄2δ1)2 + (δ0 +γ1δ1 + γ̄2)2

((1 +γ1δ0)p0 + (2δ0 + (γ1 + γ̄2)(1 + δ1))p)2

⇐⇒
η2(δ0 +γ1)2 + (δ0 +γ1δ1)2

η2(δ0 +γ1 + γ̄2δ1)2 + (δ0 +γ1δ1 + γ̄2)2 >
((1 +γ1δ0)p0 + (2δ0 +γ1(1 + δ1))p)2

((1 +γ1δ0)p0 + (2δ0 + (γ1 + γ̄2)(1 + δ1))p)2

(53)

As stated in the Proposition, we assume for simplicity that γ̄2 is small relative to 1 and

γ1 (the effect of cross-product associations is second order relative to the default cue and

the direct advertising campaign). In that case, the LHS and RHS simplifies to:

1−2·
(1 + δ1η

2)δ0 + (1 + η2)δ1γ1

η2(δ0 +γ1)2 + (δ0 +γ1δ1)2 ·γ2+O(γ2) > 1−2·
(1 + δ1)p

(1 +γ1δ0)p0 + (2δ0 +γ1(1 + δ1))p
·γ2+O(γ2)

(54)

Setting p̃ ≡ p0/p, Πsep >Πpool if and only if:

(1 + δ1)
(1 +γ1δ0)p̃+ (2δ0 +γ1(1 + δ1))

>
(1 + δ1η

2)δ0 + (1 + η2)δ1γ1

η2(δ0 +γ1)2 + (δ0 +γ1δ1)2 (55)

Finally, as assumed, we exploit δ0≪ δ1 < 1, which simplifies the above into showing:

1 + δ1

p̃+γ1(1 + δ1)
>

(1 + η2)δ1γ1

(η2 + δ2
1)γ2

1

⇐⇒ γ2
1 (δ2

1 + η2)(1 + δ1)− (1 + η2)δ1γ
2
1 (1 + δ1) > (1 + η2)γ1p̃δ1

⇐⇒ γ2
1 (1 + δ1)(η2 − δ1)(1− δ1) > (1 + η2)γ1p̃δ1

(56)

Note that the LHS is a cubic with a positive leading coefficient in δ1 with intercepts in

−1, 1, and η2 > 1, and the RHS is positive and linear in δ1. This implies that for δ ∈ (0,1),

there is a single crossing between the LHS and the RHS at δ = δ∗ ∈ (0,1), with the LHS
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being greater than the RHS for δ ∈ (0,δ∗) and less than the RHS for δ ∈ (δ∗,1), as desired.

The result regarding η also holds immediately from the fact that the RHS

(1 + η2)δ1γ1

(η2 + δ2
1)γ2

1

(57)

is an increasing function in η from the fact that δ1 < 1.

C Application to political persuasion

We apply our framework to the setting of political persuasion. Any public policy

(i.e. welfare, education bill, etc) entails a complex transfer from one group of agents to

another. In that case, by highlighting how a policy effects a particular group of agents, a

persuader is able to influence the public support for a given policy.

Setup We define a policy by how it affects each agent ω in the economy, where the net

benefit of the policy for ω is given by NB(ω). An agent ω’s utility given the policy Ψ is

given by:

Urat(ω|Ψ ) =NB(ω|Ψ ) + η ·
∑
ω′∈Ω

NB(ω′ |Ψ ) ·λ(ω′ |ω)−C(Ψ ), (58)

where λ(ω′ |ω) is the subjective Pareto weight that agent ω places on ω′, which reflects

the social preferences of ω and C(Ψ ) are residual costs or benefits associated with policy

Ψ . As before, the persuader highlights a subset of agents Q ⊂ Ω, which influences the

strength of simulation of ω′, π(ω′ |ω) ∝ S(ω′,d)+γ ·S(ω′,Q). One can derive the following

formula for ω’s support for a policy Ψ given C = (d,Q):

U (ω|Q) ≡
∑
ω′∈Ω

NB(ω′ |Ψ ) ·λ(ω′ |ω) ·π(ω′ |ω)−C(Ψ ) = Suprat(ω)+
Cov [λ(ω) ·NB(ω),SC(ω)]

A(d) +γA(Q)
,

(59)

where SC(ω) = S(ω,d) + γS(ω,Q). A persuader can bolster can support for a policy by

disproportionately cuing those that benefit from the policy that agents want to help.

Application: redistribution preferences and out-groups Consider a politician who

wishes to persuade the population to adopt a less redistributive policy. As equation 59 in-

dicates, the politician will do so by highlighting a beneficiary whom the majority thinks is

undeserving (a low λ). A particularly salient case is where the politician can exploit ma-
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jority distaste of an “out-group” (a minority for which the majority bears a lower Pareto

weight) – e.g. immigrants or ethnic minorities – to undermine support for redistribu-

tive policies. Famous cases include the welfare queen, the racialization of redistributive

politics and the issue of immigration (Alesina et al., 2023). We model this phenomenon

directly. Not only do we find that such a strategy can undermine the support for redistri-

bution, but also has broader impact on how the out-group is perceived, with potentially

pernicious welfare impact, especially for the majority poor.

Let each agent ω have income xω, with the redistributive policy restricted to a propor-

tional tax with a flat rebate (Alesina & Giuliano, 2011; Hvidberg et al., 2023):

NB(ω) ≡ cω = (1− τ)xω +
1
|Ω|

τ
∑
ω

xω. (60)

Agentω’s preferences over τ is shaped by how much she simulates each agentω′, π(ω′ |ω).

To ensure an interior τ∗, we further assume relative to equation 58 that the agent inter-

nalizes the distortive cost of the tax (1
2

1
φτ

2xω′ for each ω′ ∈Ω):

U (τ |ω,d,Q) ≡ (1−τ)xω+τx̄π+η
∑
ω′

((1−τ)xω′ +τx̄π)λ(ω′ |ω)π(ω′ |ω)− 1
2

1
φ

∑
ω′
τ2π(ω′ |ω)xω′ ,

(61)

where x̄π ≡
∑
ω′ π(ω′ |ω)xω′ .

To explicitly solve for the model, we specify the associative structure S(ω,ω′) as well

as the social preferences λ(ω′ |ω) of all agents in the economy. There are two groups of

agents: the majority TM , who forms a mass 1−q of the total population, and the minority

Tm, who forms the remaining mass q. The similarity between ω and ω′ is determined by

their relative income difference as well as whether they belong to the same group:

S(ω,ω′) = δI(Tω=Tω′ ) · exp
(
−κ

2
(xω − xω′ )2

)
. (62)

For social preferences, we assume across-group enmity: λ(ω′ |ω) = 1 if Tω = Tω′ and −λ0 <

0 otherwise.12 Finally, assume that the default context d(ω) for agent ω is given by an

agent of modal income µ of her group: d = (Tω,µ). Let us focus on the simple case where

the objective distribution of income across these groups is identical: xω ∼ N (µ,σ2) for

both groups.

12In particular, for the sake of simplicity we are shutting down for explicit fairness motives (with lower
λ for richer agents) that traditionally motivate preferences for redistribution. This is to clearly illustrate
the role of highlighting outgroups in distorting redistributive preferences. Similar conclusions hold when
one generalizes λ to account for fairness motives.
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Proposition 8 (Political persuasion and redistributive preferences). Suppose that a politi-
cian highlights a minority group with lower income, (Tm,x∗), where x∗ < µ. Every agent in the
economy perceives a majority-minority income gap: the majority group is perceived as having
higher income than the minority group. Assume for simplicity that the equilibrium redistribu-
tive policy τ∗ settles to the median majority preference.13 Equilibrium policy is less redistribu-
tive than the persuader-less benchmark (τ∗ < τ∗d), with the policy change disproportionately
hurting the poor of both groups.

The key intuition behind Proposition 8 is that a persuader can shape redistribu-

tive policies by influencing how an agent represents and simulates the poor. Under

Q = (Tm,x∗), voters increasingly imagine a poor minority as the primary beneficiary of

welfare policies. Such a strategy undermines the support for redistributive policies in

two ways. First, by highlighting the poor, the persuader lowers the perceived distribu-

tion of income in the economy: the median voter feels “relatively richer” as a result of

the cue and thinks a given redistributive policy would lower their income. Second, by

highlighting a minority poor, the persuader creates the illusion of across-group income

disparity (or in the case where there is actual across-group disparity, worsens the percep-

tion of the income gap). This implies that a redistributive policy not only helps the poor,

but disproportionately helps the minority, which is politically less popular.

This type of persuasion has two potentially pernicious effects, for both majority and

the minority. First, the biggest losers of the policy shift are ironically the majority poor.

While they believe they are trading off lower post-tax income with “punishing” the minor-

ity group, the motivating across-group differences are exaggerated (and purely illusory

in this simple case).14 Second, the strategy results in exacerbating the negative stereo-

types regarding minority members. In other words, there can be a scope for possibly

pernicious long-term effects of political rhetoric and cuing that is effective for short-term

goals: while the rhetoric of the welfare queen was effective in eroding support for re-

distributive politics, the racial animus and stereotypes it triggered has much long-run

impact on social cohesion and democratic politics.

13The assumption is made for simplicity and not strictly necessary. A similar conclusion holds when the
policy settles to the total median preferred τ∗, provided that the relative fraction of minorities is sufficiently
small.

14Some political references helpful here: a characterization of anti-welfare front being united between
the rich and the majority poor?
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C.1 Proofs

Suppose that the politician highlights a hypothetical minority agent with income x∗.

Then, for the majority group, the context C is given by the default (TM ,µ) and the per-

suader provided (Tm,x∗), which has weight γ . These cues in turn distort the implicit

distribution of agents in the economy. Here is a following useful lemma:

Lemma 4. Given the similarity function S(ω,ω′) = exp
(
−κ(ω−ω′)2

2

)
and a normal distribution

φN (µ,σ2), the similarity-distorted distribution S(ω,ω′) ·φN (µ,σ2) is exactly given by ξ((µ−
x∗)2,κ,σ2) ·φN

(
µ+κσ2x∗

1+κσ2 ,
σ2

1+κσ2

)
, where ξ((µ− x∗)2,κ,σ2) ≡ 1√

1+κσ2
· exp

(
− κ(µ−x∗)2

2(1+κσ2)

)
.

Proof. The expression follows from the following standard algebraic manipulation:

1
√

2πσ
exp

(
−

(x −µ)2

2σ2 − κ(x − x∗)2

2

)
= exp

(
−
κ(µ− x∗)2

2(1 +κσ2)

)
1

√
2πσ

exp

−(1 +κσ2)
2σ2

(
x −

µ+κσ2x∗

1 +κσ2

)2
= ξ((µ− x∗)2,κ,σ2) ·φN

(
µ+κσ2x∗

1 +κσ2 ,
σ2

1 +κσ2

)
.

(63)

Applying the lemma, note that under the cue, the income distribution of non-

minorities get distorted into (up to a proportionality constant):

(1− q) ·
[
ξ(0,κ,σ2) ·φN

(
µ,

σ2

1 +κσ2

)
+ δγ · ξ((µ− x∗)2,κ,σ2) ·φN

(
µ+κσ2x∗

1 +κσ2 ,
σ2

1 +κσ2

)]
,

(64)

while the income distribution of minorities get distorted to:

q ·
[
δ · ξ(0,κ,σ2) ·φN

(
µ,

σ2

1 +κσ2

)
+γ · ξ((µ− x∗)2,κ,σ2) ·φN

(
µ+κσ2x∗

1 +κσ2 ,
σ2

1 +κσ2

)]
. (65)

Thus, contextual distortions imply that the majority perceives the economy as consist-

ing of:

w∗M ≡
(1− q) · (ξ(0,κ,σ2) + δγ · ξ((µ− x∗)2,κ,σ2))

q · (δ · ξ(0,κ,σ2) +γ · ξ((µ− x∗)2,κ,σ2)) + (1− q) · (ξ(0,κ,σ2) + δ ·γ · ξ((µ− x∗)2,κ,σ2))
(66)

majority and w∗m = 1−w∗M minority agents. The conditional mean income of each group

48



is given by:

µM ≡ µ−
δγ · ξ((µ− x∗)2,κ,σ2)

ξ(0,κ,σ2) + δγ · ξ((µ− x∗)2,κ,σ2)
· κσ2

1 +κσ2 (µ− x∗)

µm ≡ µ−
γ · ξ((µ− x∗)2,κ,σ2)

δ · ξ(0,κ,σ2) +γ · ξ((µ− x∗)2,κ,σ2)
· κσ2

1 +κσ2 (µ− x∗)
(67)

For x∗ < µ, both µM and µm are negative – highlighting any poor agent tends to raise the

availability of all poor agents. However, note that due to δ < 1, one immediately obtains
γ ·ξ((µ−x∗)2,κ,σ2)

δ·ξ(0,κ,σ2)+γ ·ξ((µ−x∗)2,κ,σ2) >
δγ ·ξ((µ−x∗)2,κ,σ2)

ξ(0,κ,σ2)+δγ ·ξ((µ−x∗)2,κ,σ2) =⇒ µM ≥ µm: there is an induced per-

ceived income distortion between majority and minority agents. Intuitively, highlighting

a poor minority disproportionately lowers the perceived income of the minority group.

How does this distortion in turn impact the preference for redistribution? The first-

order condition implies:

τ∗(ω) = argmax
τ

(1− τ)xω + τx̄π + η
∑
ω′

((1− τ)xω′ + τx̄π)λ(ω′ |ω)π(ω′ |ω)− 1
2

1
φ

∑
ω′
τ2π(ω′ |ω)xω′

= −φ

x̃ω + η
∑
ω′
λ(ω′ |ω)π(ω′ |ω) · x̃ω′

 ,
(68)

where x̃ω = xω−x̄π
x̄π

. Note that x̄π = w∗M · µM +w∗m · µm, and the social preferences then are

given by:

τ∗(ω) = −
φ

x̄π
·
[
xω − x̄π + η (w∗M(µM − x̄π)−λ0w

∗
m(µm − x̄π))

]
= −

φ

x̄π
·
[
xω − x̄π + η(1 +λ0)w∗Mw

∗
m(µM −µm)

] (69)

Assuming that the policy settles to the median preferences. In that case, we have:

τ∗ = −
φ

x̄π
·
[
µ− x̄π + η(1 +λ0)w∗Mw

∗
m(µM −µm)

]
. (70)

In contrast, consider the case where the context is given by the default context (in the

absence of the persuader). In that case, there is no distortion in the relative income of

both populations, with the redistributive preferences given by:

τ∗(ω)d = −
φ

µ
· [xω −µ] , (71)
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with the median preferences given by:

τ∗d = 0. (72)

Denote µM = µ−αM∆, µm = µ−αm∆, where αm > αM . We have:

x̄π = µ− (w∗MαM +w∗mαm)∆, (73)

so

τ∗ = −
φ

x̄π

[
(w∗MαM +w∗mαm) + η(1 +λ0)w∗Mw

∗
m(αm −αM)

]
∆ < τ∗d (74)

Finally, welfare consequences: let’s compare the objective welfare difference from two

redistributive policies τ∗d and τ∗:

U (τ∗)−U (τ∗d) = (τ∗d − τ)∗(xω −µ)− 1
2

1
φ

((τ∗)2 − (τ∗d)2)µ. (75)

As the expression makes clear, a less redistributive policy (τ∗ < τ∗d) directly hurts agents

with lower income in both in-group and the out-group. Critically, the majority poor think

that they are accepting a lower income to avoid an unwanted net transfer to the minority.

In the simple example where there is no across-group inequality, in reality there is no such

across-group transfers. Hence, only the direct impact of the redistributive policy plays a

role in the objective welfare.

In a more general case where there is actual group income inequality – the minority

members are poorer than the majority – the majority members objectively benefit from

having lower redistribution (because it results in less subsidies to the outgroup). How-

ever, the political persuasion over-accentuates this benefit, resulting in a similar conclu-

sion: the majority poor are overpaying to punish the minority.
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