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1 Introduction

Millions of people now ask artificial intelligence what to think about political questions:

which party to trust, which policy will work, or how to resolve a tradeoff. Political con-

versations with AI are already common and frequently involve requests for information and

explanation rather than simply expressions of opinion (Zu, 2026). Adoption of AI has been

fast (Faverio and Kikuchi, 2026; Bick, Blandin and Deming, 2024), and these conversations

appear to move people, with a growing body of evidence showing that they can shift be-

liefs and political attitudes (Costello, Pennycook and Rand, 2024; Hackenburg et al., 2025).

This gives rise to a new informational environment in politics, combining the personalization

of interpersonal communication with the scale of mass media and giving individuals direct

answers to questions they would otherwise have to resolve through multiple sources. Its real-

world implications are ambiguous: AI can make individualized information and explanation

widely accessible, but the same capacity for personalization allows it to adapt answers to

users’ preferences and prior beliefs. Such sycophantic behavior has been documented in AI

systems (Perez et al., 2023; Wei et al., 2023; Sharma et al., 2024). It is therefore natural

to ask whether personalized political advice by AI will promote learning and cohesion or

reinforcement and polarization, and what its consequences are for welfare.

We argue that the answer depends critically on whether individuals understand how AI

advice is generated. The AI has an incentive to tilt its message toward what the individual

would like to be true. A sophisticated individual anticipates this and filters out the pre-

dictable political tilt; anticipating that response, however, the AI tilts its message further.

In the end, sophistication disciplines posterior beliefs but amplifies pandering: political pref-

erences no longer distort beliefs, yet individuals remain less informed because they cannot

recover information the AI chose not to transmit. By contrast, naive individuals interpret

politically tilted advice as evidence, and while this spares them from the more extreme

messaging induced by sophistication, their own preferences find their way into their factual

beliefs, potentially generating polarization and radicalization. When the AI is uncertain
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about an individual’s sophistication, the presence of naive individuals in the pool can in-

duce it to preserve more information about the state, benefiting sophisticated individuals;

at the same time, naive individuals bear the cost of mistaking the remaining political tilt for

information.

In this paper, we build a model of an individual receiving political advice from AI. The

individual has a prior belief about a state of the world and a political preference that need

not coincide with that belief, and chooses an action that trades off matching the state against

following this preference. The AI is better informed about the state and observes the in-

dividual’s characteristics. It chooses a personalized message, trading off the accuracy of its

advice against the individual’s perceived utility; to raise the latter, it has an incentive to

create the impression that the state is closer to the individual’s preferences than it really

is. The message is then transmitted with noise, creating an inference problem. Individuals

may differ in how well they understand this pandering incentive: sophisticated individuals

recognize it and correctly anticipate the AI’s communication strategy, whereas naive individ-

uals underestimate the AI’s willingness to accommodate their preferences or, at the extreme,

believe that the AI simply tells the truth. We focus on linear (more precisely, affine) equilib-

ria, which exist and are unique under mild conditions and permit a rich set of comparative

statics.

Specifically, stronger incentives to pander make AI advice less responsive to the state,

and thus less informative to the individual, while making it more responsive to the individ-

ual’s political preference. Greater precision of the individual’s prior information, as well as

higher communication noise, make manipulation less effective and therefore make AI advice

more responsive to the state and less politically tilted. The former effect is particularly conse-

quential: better-informed individuals receive more informative advice precisely because their

beliefs are harder to manipulate, implying, surprisingly and perhaps dishearteningly, that

those who have the most to learn may also receive the most distorted information. The latter

implies that more precise communication need not maximize learning, because its direct in-
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formational benefit may be offset by the stronger incentive it creates to distort the message.

In the presence of naive individuals—or, more generally, individuals who underestimate the

AI’s incentive to pander—messaging may become more truthful, but these individuals’ po-

litical preferences begin to distort their posterior beliefs. Paradoxically, the familiar risk

associated with “echo chambers” is relatively benign here: when what individuals would like

to believe coincides with what they already believe, AI advice moves their posteriors toward

the truth. In contrast, individuals whose political preferences are at odds with their priors

receive extreme pandering toward their preferences, with an additional push to counteract

their prior beliefs, potentially resulting in beliefs much more extreme than their preferences

alone would suggest. In other words, it is among individuals whose prior information is in

sharp discord with what they would like to hear that the greatest scope for polarization

arises; in practice, this may be exacerbated by such individuals’ likely greater propensity to

turn to AI for advice.

These results suggest that interventions aimed at improving AI political advice can have

unintended effects. The most direct remedy is, quite obviously, to reduce the incentive to

pander at the expense of accuracy. Other seemingly beneficial interventions, however, can

backfire: more precise communication can reduce learning by making manipulation more ef-

fective, appearing open-minded when seeking AI advice can invite greater manipulation, and

even simply educating users about AI’s sycophancy can induce more aggressive pandering.

Whether such interventions are beneficial therefore depends on the underlying parameters

of the communication problem. Although the responsiveness of AI advice to the true state

may be difficult to measure directly because the state itself is difficult to vary, the model’s

tractable solution allows it to be inferred from dimensions that can be experimentally ma-

nipulated. By varying the stated political preferences and prior beliefs of otherwise identical

synthetic individuals, one can estimate how AI advice responds to each and use these re-

sponses to recover its responsiveness to the state and the effective parameters governing

communication. The model can therefore turn observable patterns of personalization into
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predictions about otherwise difficult-to-observe distortions in information transmission, and

ultimately into counterfactual assessments of which interventions improve learning and which

may inadvertently make it worse.

This paper contributes to several literatures. First, it relates to the rapidly growing lit-

erature on artificial intelligence and politics. AI advice can be informative: Luettgau et al.

(2025) show that conversational AI can increase political knowledge, while Velez, Green and

Sevi (2025) find that personalized chatbot voting advice improves knowledge of party po-

sitions. Conversations with AI can also change political attitudes and choices (Lin et al.,

2025; Hackenburg et al., 2025), and frontier AI systems can outperform even expert human

persuaders (Hackenburg et al., 2026). Most directly related to our analysis, AI systems can

condition their responses on what they learn or infer about the individual. Miyazaki and

Hall (2026) show that stated policy positions can substantially shift AI voting recommenda-

tions in Japan, while Perez et al. (2023); Wei et al. (2023); Sharma et al. (2024) document

sycophantic behavior, including a tendency to agree with an individual’s stated views rather

than provide a more accurate answer. Related audits document political biases in LLM

outputs (Santurkar et al., 2023) and show that these outputs can depend on the politi-

cal identity or other characteristics inferred from the individual (Törnberg and Schimmel,

2026; Kearney, Binns and Gal, 2025). Conlon and Schwardmann (2026) find that AI advice

depolarizes choices on average despite being measurably sycophantic, while experimentally

increasing sycophancy attenuates this effect; Marvel and Ju (2026) find that warnings about

sycophancy do not eliminate its effects on belief updating and confidence. More broadly, Ace-

moglu, Ozdaglar and Siderius (2025); Acemoglu, Lin, Ozdaglar and Siderius (2026); Chan-

dra, Kleiman-Weiner, Ragan-Kelley and Tenenbaum (2026) study related consequences of

AI-mediated communication and information for beliefs, polarization, and democratic dis-

course. To the best of our knowledge, ours is the first paper in the literature on AI and

politics to distinguish individuals’ prior beliefs from their preferences over what they would

like to be true.
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Second, the paper relates to the theoretical literature on signaling (Spence, 1973) and

strategic communication (Crawford and Sobel, 1982). An important branch of the communi-

cation literature studies settings in which misrepresentation is costly (Kartik, Ottaviani and

Squintani, 2007; Kartik, 2009; Bénabou and Tirole, 2006), while Blume, Board and Kawa-

mura (2007) show that communication noise can improve information transmission. Related

models of social signaling study settings in which individuals seek to induce particular so-

cially desirable inferences about themselves, rather than simply to be perceived as a higher

type (Bernheim, 1994; Andreoni and Bernheim, 2009; Bursztyn, Egorov and Fiorin, 2020;

Bursztyn et al., 2023). Prendergast (1993) shows that subjective performance evaluation

can induce workers to bias their reports toward what they believe their supervisors think in

order to signal competence. Our paper belongs to this line of signaling models in which the

sender seeks to steer inference toward a particular target rather than uniformly upward or

downward. We contribute a tractable version of such a model with a continuum of states,

allowing the direction and magnitude of desired distortion to vary across individuals in a

way that is particularly useful for studying political preferences and polarization.

Third, the paper relates to the literature on media slant and audience demand for polit-

ical information. In models of demand-driven media bias, outlets may slant reports toward

consumers’ prior views because consumers prefer confirmatory accounts or infer source qual-

ity from agreement with their expectations (Mullainathan and Shleifer, 2005; Gentzkow and

Shapiro, 2006; Gentzkow, Shapiro and Stone, 2015). Empirical work finds that newspapers’

slant responds strongly to the ideological preferences of their readers (Gentzkow and Shapiro,

2010), while cable-news audiences disproportionately choose outlets closer to their own po-

litical views (Martin and Yurukoglu, 2017); see also Zhang et al. (2026) on AI-mediated

communication and strategic information provision. Our setting emphasizes individual-level

strategic tailoring: the AI can condition communication on the individual’s prior beliefs,

preferences, and expected sophistication, making both the direction of slant and the in-

formativeness of advice endogenous to the recipient. A key distinction from much of the
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media-bias literature is that we separate what individuals believe from what they would pre-

fer to be true, allowing the two to affect communication in distinct and potentially opposing

ways.

Fourth, the paper relates to empirical work on political communication and persua-

sion (DellaVigna and Gentzkow, 2010). Political communication can affect turnout, vote

choice, and attitudes through interpersonal contact (Gerber and Green, 2000; Broockman

and Kalla, 2016) and mass media (DellaVigna and Kaplan, 2007; Enikolopov, Petrova and

Zhuravskaya, 2011), although persuasive effects of campaign contact in general elections are

often small (Kalla and Broockman, 2018). A related strand studies how individuals pro-

cess and retransmit political information after receiving it (Chandrasekhar, Larreguy and

Xandri, 2020; Egorov, Guriev, Mironov and Zhuravskaya, 2026). Much of this empirical

work treats the content of communication as given and studies its effects on recipients. Our

model instead endogenizes the message itself: the AI strategically chooses both its slant and

informativeness in anticipation of how the individual will interpret it.

Finally, the paper speaks to the literature on political polarization and echo chambers.

One strand studies how biased processing of common information can produce polariza-

tion (Taber and Lodge, 2006; Dandekar, Goel and Lee, 2013; Levy and Razin, 2019), while

another emphasizes selective exposure and interaction with like-minded sources and individ-

uals (Bakshy, Messing and Adamic, 2015; Bail, 2021). Recent evidence also suggests that AI

need not be polarizing: conversations with AI representations of the political outgroup can

reduce partisan misperceptions and animosity (Lira, Castelo, Puntoni and Toubia, 2026),

while Conlon and Schwardmann (2026) find that AI advice can be depolarizing even when it

is measurably sycophantic. Our model highlights a distinct channel through which person-

alized communication can affect polarization, one that does not require selective exposure

or motivated reasoning. In the model, the AI responds to what individuals would prefer to

be true, and the consequences depend on how these preferences relate to their prior beliefs.

This distinction yields an implication opposite to the usual echo-chamber intuition: align-
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ment between beliefs and preferences can mitigate distortion, whereas divergence between

them creates the greatest scope for radicalization and polarization.

The rest of the paper is organized as follows. Section 2 presents the theoretical framework.

Section 3 characterizes equilibrium communication for naive and sophisticated individuals

and derives its comparative statics. Section 4 studies communication with mixed audiences

and its implications for polarization. Section 5 discusses implications for the design and

evaluation of AI political advice, and Section 6 concludes. The Appendix contains all proofs.

2 Formal Setup

There is a one-dimensional policy space and a continuum of individuals I with political

preferences characterized by their ideal point pi, i ∈ I. We assume that the distribution of

political preferences has finite first and second moments.

There is also a state of the world θ, the realization of which is not known to individuals; it

may be thought of as a policy choice that maximizes the utility of the median voter, or max-

imizes the total societal welfare, or something else that individuals are interested in learning.

Importantly, we do not assume that θ is connected to the aggregate of political preferences:

for example, the state might mean that a pro-choice policy on abortions maximizes social

welfare, but a majority may be ideologically pro-life, or vice versa. It is common knowledge

that θ is normally distributed:

θ ∼ N
(
θ0, δ

2
)
,

and each individual i ∈ I gets a private signal

ϕi = θ + ηi,

where ηi ∼ N (0, τ 2), with noise ηi independent across individuals and of θ. Thus, from the
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standpoint of individual i, the distribution of θ conditional on the realization of signal ϕi is

θ | ϕi ∼ N
(
bi, σ

2
)
, (1)

where

bi = E (θ | ϕi) =
τ 2

δ2 + τ 2
θ0 +

δ2

δ2 + τ 2
ϕi, σ2 ≡ δ2τ 2

δ2 + τ 2
.

Since this update happens before any interesting part of the model, we will refer to bi as

individual i’s prior belief about θ and note that everyone’s priors have the same variance σ2.

Individuals seek to learn more about θ, and to do so they interact with an AI agent

(henceforth Agent, “it”). We assume that Agent knows θ precisely and, when interacting

with individual i, observes the individual’s prior belief bi and political leaning pi, as well as

preference parameters αi and γi.
1 We deliberately give Agent rich information about the

individual in order to isolate the consequences of strategic personalization from the separate

problem of inferring individual characteristics. Thus, the forces we study would remain

present even for an idealized AI that inferred these characteristics perfectly. Individuals

know that their priors and preferences are observed by Agent.

In its interaction with individual i (henceforth Individual, “she”), Agent sends a private

message mi, and Individual observes a noisy signal

µi = mi + εi,

where εi ∼ N (0, ν2); we will allow ν2 to be small but not infinitesimal to get uniqueness of

1In practice, these characteristics may be inferred from a combination of demographic information, prior
interactions, and the style of questioning. We consider an Agent that receives only noisy signals about the
individual it advises in Section 3.4. The assumption that Agent knows θ precisely is also less restrictive
than it may appear: even if it did not know θ initially, it could learn from interacting with a small but
representative sample of individuals and then use this information when interacting with the rest of the
continuum.
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equilibrium.2 Individual then takes an action yi with the goal of maximizing expected utility

Ui(µi) = max
yi

E (ui | µi) ,

where the expectation is taken given Individual’s prior bi and her beliefs about Agent’s

communication strategy, and

ui = −γi
(
αi (yi − θ)2 + (1− αi) (yi − pi)

2) ,
with αi ∈ (0, 1), γi > 0. In other words, Individual seeks to choose an action that, in

expectation, balances social welfare and her political preferences, with the former taken

with weight αi and the latter with complementary weight, and γi captures the intensity of

Individual’s preferences over this decision. The optimal action is therefore

y∗i = αiθ̂i + (1− αi)pi,

where θ̂i is the posterior mean of θ after observing µi, so θ̂i = E (θ | µi). The actions may

be thought of as having social consequences (e.g. through donating, canvassing or voting)

but for the model they need not. For example, consumption decisions such as purchasing an

electric car may balance considerations about the future price of gasoline, which Individual

would like to forecast accurately, against her political or ideological preference for reducing

carbon emissions.

Agent, when sending message mi to individual i, cares about factual accuracy but also

2If message mi is directly observable by Individual, there would be multiple equilibria, including a fully
informative equilibrium and a continuum of fully uninformative ones, similar to Bernheim (1994). With
noisy communication, the equilibrium is unique under mild assumptions, and as an additional bonus we can
use the “signal to noise” ratio as a measure of informativeness of equilibrium. The assumption of noisy
communication was used to achieve uniqueness and tractability in prior work (Acemoglu, Egorov and Sonin,
2013, 2026).
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about Individual’s expected utility, and maximizes

Vi(mi) = −l(mi − θ)2 + k Eεi [Ui(mi + εi)] , (2)

where k, l > 0. The first term penalizes messages that are far from the true value of θ; in

particular, an Agent that cares only about accuracy would report mi = θ. The second term

says that Agent cares about the individual’s expected utility Ui. We do not take a strong

position on the reason for that; Agent may be sycophantic, but also altruistic or paternalistic

in its care for Individual’s subjective well-being, or Agent might care about approval because

it translates into more subscriptions and use. Similar incentives may arise from preference-

based training, which can reward responses that users rate more favorably even when those

responses are less accurate (Sharma et al., 2024).3

Our equilibrium concept is Perfect Bayesian Equilibrium (PBE)4 with the following re-

striction on equilibrium messaging strategies: in interacting with Individual, Agent’s strategy

is affine in θ:

mi = Aiθ +Bi,

where Ai, Bi do not depend on θ (but may depend on any other parameters). This refinement

is introduced for tractability; we will show that such an equilibrium always exists, and given

its simplicity, it would be a strong reason to focus on such equilibrium even if a non-affine

equilibrium exists. Notice that for Ai = 0 the strategy is perfectly uninformative; for Ai ̸= 0

the strategy would be perfectly revealing if mi were observable by Individual, but given the

noise εi, the inference problem is slightly more involved, with strategies with smaller |Ai|
3It is important, however, that Agent cares about Individual’s expected utility Ui, which is evaluated

given Individual’s information, and not the underlying state-contingent utility ui. The simplest reason, for
example, is that Individual might never learn θ and thus experiences expected utility Ui but not its realization
contingent on θ. Alternatively, Individual may learn θ only later, after decisions that matter for Agent (and
perhaps Individual) have already been made. For example, Individual may rate Agent’s response, decide
whether to continue using it, or subscribe based on the information available at the time. If we directly
assumed that Agent is sycophantic in the sense of disliking delivering misaligned information, meaning its

utility has a term that penalizes
(
θ̂i − pi

)2
, we would get a very similar model.

4When discussing naive individuals we will allow them to hold misspecified beliefs about Agent’s strategy.
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being less informative ex post due to a higher noise-to-signal ratio.

Throughout, we maintain the following mild assumption about Individual’s prior variance

σ2 of the state θ and the variance of communication noise, ν2. Denote

κ ≡ 47

8
− 13

8

√
13 ≈ 0.015979.

Assumption 1. ρ ≡ ν2

σ2 ≥ κ.

We will show that Assumption 1 is sufficient for uniqueness of the affine equilibrium, and

it is very mild: it holds if the variance of communication noise, ν2, is at least 1.6% of the

conditional variance of θ. In other words, it rules out highly precise communication (and

even in that case there are at most three equilibria, as long as there is nonzero noise) as well

as situations where individual’s prior σ2 (and thus the distribution of θ itself) is extremely

dispersed.

3 Analysis

From this point on, we fix an individual i and suppress the subscript i whenever this causes

no confusion.

3.1 Benchmark: Naive Individuals

It is instructive to start with the simpler case of naive individuals, who erroneously believe

that k = 0 and therefore assume that Agent’s equilibrium strategy is m = θ. Agent,

however, knows this and chooses its message taking Individual’s resulting inference rule as

given. Because Individual believes that the message before communication noise is equal to

the state, after observing m+ ε she forms the posterior belief, and we denote its mean by θ̃
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to differentiate it from the posterior mean θ̂ formed by a sophisticated individual:

θ̃ =
σ2

σ2 + ν2
µ+

ν2

σ2 + ν2
b. (3)

Individual therefore chooses action

y = αθ̃ + (1− α)p

and gets expected utility

U(µ) = −γα(1− α)
(
θ̃ − p

)2
− γα

σ2ν2

σ2 + ν2
. (4)

Here, the first term is the loss from the gap between the posterior mean of the socially

desirable action and p while the second is the posterior variance of θ. This is noteworthy:

the individual loses utility when her posterior mean of θ is far from her political preference

p and she is thus unable to choose an action that is close to both and has to compromise; in

contrast, finding out that θ is likely close to p is good news because she can choose an action

that makes both losses small. The posterior variance term reflects the loss from inability to

figure out θ precisely.

Plugging in (3) into (4) and then into (2) and dropping constant terms, Agent’s problem

becomes equivalent to

max
m

{
−(m− θ)2 − h

(
m+ ρb

1 + ρ
− p

)2
}
, (5)

where we denote h ≡ kγα(1−α)
l

and, as before, ρ ≡ ν2

σ2 . The first term pulls the message

toward the true state, while the second captures the pandering motive: Agent would like

Individual’s expected posterior belief to be close to her political preference. Since (5) is
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concave in m, the first-order condition gives us the optimal m:

m(θ) =
(1 + ρ)2

(1 + ρ)2 + h
θ +

h

(1 + ρ)2 + h
((1 + ρ)p− ρb) . (6)

Proposition 1 (Naive benchmark). Suppose Individual is naive. There is a unique equilib-

rium; in this equilibrium, Agent’s communication strategy is affine in θ and is given by (6).

The message is increasing in θ and p and decreasing in Individual’s prior b.

Proof. All proofs are in the Appendix.

This result is simple but intuitive: Agent’s desire to tell the truth makes m comove with

true state θ, while its pandering incentive makes it increasing in p. However, holding the true

state θ fixed, Agent’s message is higher when b is lower due to Agent’s need to overcome the

prior, which pulls its weight as Agent’s messages are read with noise. The parameter h may

be interpreted as the pandering motive: as h approaches zero, Agent starts reporting m = θ,

whereas a higher h makes m flatter in θ, and thus the message becomes less responsive to

the true state. Naturally, h is higher when Agent cares more about Individual’s welfare

compared to telling the truth (k/l is high) or when the stakes of Individual’s decision are

higher (γ is high), but interestingly, the pandering motive is low when α is close to zero or

one and instead it is maximized for α = 1/2. Intuitively, if Individual cares strictly about

matching the true state (α = 1) then Agent would want to make her as informed as possible

without pandering, whereas if Individual cares only about her ideological preferences (α = 0)

then she is not interested in learning θ and will ignore the message, so Agent would want

to report m = θ to maximize factual accuracy. Lastly, a high noise-to-signal ratio ρ makes

Agent’s message more reflective of θ: indeed, noise makes manipulating Individual’s beliefs

more difficult, and Agent does it less.

We now turn to the main analysis to see that most of these intuitions hold for sophisti-

cated users as well and that sophistication comes with a cost.
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3.2 Sophisticated Equilibrium

We now consider a sophisticated Individual who is aware of Agent’s true preferences and

thus of its equilibrium strategy. She knows that the equilibrium strategy that Agent is using

in interacting with her is

m = Aθ +B, (7)

where A and B only depend on parameters known to her. It is easy to see that A = 0 cannot

happen in equilibrium: if it did, m, and thus the distribution of µ, would be independent

of θ, Individual would thus not update on µ and instead form the posterior θ̂ = b; then

Individual’s action y and her expected utility U would not depend on m, and Agent would

then resort to choosing m = θ to maximize its utility (2), implying m depends on θ, a

contradiction.

Now, given that A ̸= 0, Individual starts with the prior that θ is distributed as (1) and

thus considers m to be distributed as N (Ab + B,A2σ2); then µ = m + ε is distributed

as N (Ab + B,A2σ2 + ν2). Therefore, the conditional distribution of m that she has after

learning µ is

m | b, µ ∼ N
(

A2σ2

A2σ2 + ν2
µ+

ν2

A2σ2 + ν2
(Ab+B) ,

A2σ2ν2

A2σ2 + ν2

)
.

As such, since θ = 1
A
(m−B), the posterior distribution of θ from her perspective is

θ | b, µ ∼ N
(
θ̂,

σ2ν2

A2σ2 + ν2

)
,

where the posterior mean is

θ̂ =
Aσ2

A2σ2 + ν2
(µ−B) +

ν2

A2σ2 + ν2
b. (8)

15



Individual therefore chooses action

y = αθ̂ + (1− α)p

and gets expected utility

U(µ) = −γα(1− α)
(
θ̂ − p

)2
− γα

σ2ν2

A2σ2 + ν2
. (9)

Note the similarity between (9) and (4): the first term depends on the gap between Indi-

vidual’s posterior and p, and the second term reflects the uncertainty about θ, which for a

sophisticated individual depends on the strategy Agent uses.

Now Agent, when choosing m, is able to predict Individual’s update following any real-

ization of noise ε and thus received signal µ. It solves the maximization problem

max
m

{
−l(m− θ)2 + k Eε

(
−γα(1− α)

(
θ̂ − p

)2
− γα

σ2ν2

A2σ2 + ν2

)}
;

plugging in (8) and rearranging, the problem becomes equivalent to

max
m

{
− l(m− θ)2 − kγα(1− α)

(
Aσ2

A2σ2 + ν2
(m−B) +

ν2

A2σ2 + ν2
b− p

)2

− kγα(1− α)
A2σ4ν2

(A2σ2 + ν2)2
− kγα

σ2ν2

A2σ2 + ν2

}
.

(10)

The two terms on the second line are, respectively, the expected loss generated by communi-

cation noise ε through its effect on Individual’s posterior mean, and the expected loss from

her residual uncertainty about θ. The problem (10) is quadratic in m, with the first-order

condition yielding the unique solution

m =
(A2 + ρ)2

(A2 + ρ)2 + hA2
θ +

hA ((A2 + ρ)p+ AB − ρb)

(A2 + ρ)2 + hA2
, (11)

where we again used the notation ρ and h.
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Comparing (11) to (7), it is easy to see that strategy m given by (7) corresponds to an

equilibrium if and only if

(A− 1)
(
A2 + ρ

)2
+ hA3 = 0, (12)

B =
hA

A2 + ρ
p− hAρ

(A2 + ρ)2
b. (13)

To proceed, note that (13) implies that B is a deterministic function of A, so we can turn

to (12) to study existence and uniqueness. Its left-hand side is a fifth degree polynomial

in A, which necessarily has a real root. Furthermore, all real roots of (12) must satisfy

A ∈ (0, 1). Most importantly, under Assumption 1, the root is unique, implying uniqueness

of equilibrium.5

Before formulating the proposition, it is instructive to rewrite the equilibrium strategy

(7). Using (12) and some algebra, (13) may be rewritten as

B = (1− A)b+

√
h

(
1

A
− 1

)
(p− b).

Then (7) becomes

m = b+ A(θ − b) +D(p− b), (14)

where we denoted D =
√

h
(
1
A
− 1
)
. This is a transparent way to view Agent’s equilibrium

strategy: as compared to the individual’s prior b, the equilibrium message pulls in the

direction of θ with intensity A and in the direction of p with intensity D.

The discussion above, as well as comparative statics results, are summarized in the next

5For ρ < κ, multiplicity is possible, but even in this case there are at most three equilibria, and one can

derive other sufficient conditions for uniqueness. For example, the root is unique if h ≥ 1−8κ
3 = 13

√
13−46
3 ≈

0.29. It is instructive, however, to consider what happens as ρ → 0. First, there is always a root converging
to 0 (and notice that A = 0 is a root of (12) for ρ = 0). As for B, the denominators in (13) tend to 0, and
one can show that B → ∞ – or, more precisely, to +∞ if p > b, to −∞ if p < b, and to b if p = b. In the limit
where ρ = 0, we can sustain a continuum of equilibria with A = 0 and B being an arbitrary real number if
we specify appropriate off-path beliefs (for µ ̸= B); in other words, there is a continuum of uninformative
equilibria. Interestingly, if h ≤ 1

4 , then there also are informative (in fact, fully revealing) equilibria, defined
by A solving A(1−A) = h and B = (1−A)p. To simplify exposition, however, we focus on the case ρ ≥ κ.
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proposition.

Proposition 2. There exists an affine equilibrium given by (14) where A solves (12) and

D =
√

h
(
1
A
− 1
)
. Every affine equilibrium has A ∈ (0, 1), and if ρ ≥ κ then the equilibrium

is unique. The equilibrium message is increasing in θ and p and decreasing in Individual’s

prior b.

In other words, the sophisticated equilibrium retains most of the properties of commu-

nication with naive individuals. We next turn to learning by individuals and comparative

statics with respect to parameters.

3.3 Comparative Statics

A sophisticated Individual knows Agent’s equilibrium strategy and updates accordingly.

Plugging µ = Aθ +B + ε into (8), we get that Individual’s posterior is

θ̂ =
A2

A2 + ρ
θ +

ρ

A2 + ρ
b+

A

A2 + ρ
ε. (15)

It is worth noticing that the posterior does not depend on p: even though pandering tilts

messages, it comes as an additive term in (14), and Individual can subtract it to learn about

θ. Furthermore, unlike message m, the posterior is increasing in the prior b.

To measure the quality of learning, we use posterior variance. From (15),

Var (θ | b, µ) = σ2ρ

A2 + ρ
=

ν2

A2 + ρ
. (16)

This posterior variance also equals the expected squared error of θ̂ as an estimate of θ,

averaging over the prior and communication noise. Thus, (16) provides a natural measure of

how much Individual learns from Agent. Holding ρ fixed, a higher A therefore makes Agent’s

message more informative and lowers Individual’s posterior uncertainty. This gives A a

natural interpretation as the informativeness of Agent’s communication, or more precisely
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its responsiveness to the state. Stronger pandering incentives make communication less

informative: A is decreasing in h. Interestingly, A is increasing in ρ: a higher noise ν2 makes

manipulation more difficult for Agent, as does a more precise prior (lower σ2); in other words,

Agent provides more information to an already knowledgeable Individual.

Proposition 3. Agent’s communication is more informative (A is higher) when h is low

or ρ is high. It is more informative than communication to naive individuals if and only

if h > (1−ρ)(1+ρ)2

ρ
, which is more likely to hold when h or ρ is high, but it is never more

informative than truthful communication. Individual’s posterior variance increases in h and

in σ2. It is also decreasing in ν2 for ν2 < σ2
(√

h
2
− 1

4

)
and increasing for higher ν2.

Proposition 3 has several important implications. First, more precise prior information

(lower σ2) raises A by raising ρ. This implies that an Individual more knowledgeable about

the state receives more informative advice. On the flip side, those who have the most to

learn happen to be the ones whose beliefs are easiest to manipulate, and in equilibrium

they receive less informative communication. In other words, in this model of personalized

political advice, information begets more information, whereas ignorance may be thought of

as a trap.

Second, even though sophisticated individuals are able to subtract the pandering term and

will not update on their own political preferences p, they are nevertheless hurt by pandering.

Indeed, in equilibrium we have A < 1, in contrast to A = 1 that we would have in the case

of truthful reporting, which would take place in the absence of pandering incentives. Thus,

sophisticated individuals get less information and higher posterior variance. Remarkably,

the information loss for sophisticated individuals may – or perhaps is even likely to be –

more significant than for naive players. For example, this is true if k < l (so Agent cares

more about truth than pandering) and ρ < 0.93, provided that γ ≤ 1; in this case we have

h < (1−ρ)(1+ρ)2

ρ
. The intuition is that Agent tries to pander to both types of individuals, but

sophisticated ones see this through and remove the pandering from updating. To counter

that, Agent panders even more, which results in sufficiently extreme and sufficiently pooled,
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and thus less informative messages. Thus, paradoxically, sophistication, with all its benefits,

may result in less informative communication from Agent. For sufficiently high noise, in

particular whenever ρ > 1, communication to sophisticated individuals is more informative

than communication to naive ones regardless of h.

Third, communication noise results in less manipulation. If Agent’s pandering motives

are sufficiently strong, a marginal increase in communication noise can therefore improve

learning. That said, if the pandering motive is not too large (h < 1/4), learning deteriorates

monotonically as ν increases.

Let us now take a closer look at equilibrium messages m. We notice that (14), in case

p = b, reduces to m = b + A(θ − b); in other words, for individuals who prefer to hear

what they already believe, the message itself serves a moderating purpose. For example,

should a person process this message naively, it would simply shift her posterior toward

true θ on average. When p ̸= b, the message has an additional factor D(p − b), which

pushes the message in the direction of preference relative to prior belief. Unlike A, which

is in equilibrium confined between 0 and 1, D ≡
√

h
(
1
A
− 1
)
is unbounded: it is increasing

in h, decreasing in ρ, and tends to ∞ as h → ∞. In particular, D > 1 is possible for

h high enough; Agent then not only panders to p but overpanders, responding more than

one-for-one to p − b; whenever D > 1, individuals with |p| sufficiently high will receive

even more radical messages, |m| > |p|. Thus, stronger pandering incentives simultaneously

make Agent’s message less informative and more extreme, possibly much more extreme than

Individual’s preferences, while a more precise prior or greater communication noise works in

the opposite direction.

3.4 Robustness

The baseline model assumes that Agent knows Individual’s characteristics p, b, α, and γ.

Suppose instead that Agent observes a signal z that generates conditional distribution Z
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over Individual’s vector of parameters

(p, b, α, γ),

which we allow to be arbitrary. In particular, we impose neither independence nor parametric

assumptions on this multivariate distribution. Individual knows her own characteristics,

while Agent’s signal z and the conditional distribution it induces are common knowledge.6

Let

q ≡ γα(1− α),

and define

q ≡ E(q | Z), b ≡ E(qb | Z)

E(q | Z)
, p ≡ E(qp | Z)

E(q | Z)
, h ≡ kq

l
. (17)

The quadratic structure of the model ensures that the latter three objects are sufficient

statistics for Agent’s uncertainty about Individual.

Proposition 4. Suppose that, conditional on Z, Agent has an arbitrary joint distribution

over (p, b, α, γ) with finite first and second moments. Then the affine equilibrium is equivalent

to the baseline equilibrium after replacing h, b, and p with h, b, and p, respectively. In

particular, the coefficient on θ solves

(A− 1)(A
2
+ ρ)2 + hA

3
= 0,

and

m = b+ A(θ − b) +D(p− b),

6If Individual did not know the conditional distribution of characteristics that Agent operates under, she
would partly infer it from the advice she gets, complicating her inference problem. We leave this possibility
(Individual learning, from interacting with Agent, what it knows about her) for future research.
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where

D =

√
h

(
1

A
− 1

)
.

If ρ ≥ κ, the affine equilibrium is unique.

Proposition 4 shows that uncertainty about Individual’s characteristics changes the ef-

fective type to which Agent responds, but not the structure of equilibrium communication.

Importantly, the effective prior and political preference are generally not ordinary conditional

means. Indeed, in our notation

p = E(p | Z) +
Cov(q, p | Z)

E(q | Z)
,

b = E(b | Z) +
Cov(q, b | Z)

E(q | Z)
.

Thus, correlation matters. Agent places greater effective weight on possible types for whom

changing beliefs has a larger effect on perceived utility. For example, if higher values of p

are associated with higher values of q, i.e., individuals with preferences on the right happen

to be those for whom manipulation of beliefs has a stronger effect on perceived utility, then

p exceeds the ordinary conditional mean of p, and Agent behaves as if Individual’s political

preference were correspondingly higher. The same logic applies to her prior belief b. If q is

conditionally uncorrelated with p and b, the effective characteristics reduce to their ordinary

conditional means. More generally, arbitrary dependence among Individual’s characteristics

changes the target of personalization but leaves the main forces of the model unchanged.

We conclude by noting that the same analysis applies when Agent communicates a com-

mon message simultaneously to a group of Individuals. In that case, Z would denote the

distribution of characteristics within the group, and all results above continue to hold with

the corresponding effective parameters.
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4 Sophistication and Naivete

We ended the previous analysis by showing that our results go through almost intact if Agent

is uncertain about the characteristics of the individual it advises. We assumed, however,

that the individual remains sophisticated. Here, we relax this assumption and suppose that

Agent may not know whether Individual is sophisticated or naive. Suppose that Individual is

sophisticated with probability λ ∈ [0, 1] and naive with probability 1−λ, and Agent knows λ.

A sophisticated Individual correctly understands Agent’s incentives and equilibrium strategy;

in particular, she understands that Agent is itself uncertain about her sophistication and its

strategy reflects this uncertainty. In contrast, a naive Individual believes, as in Section

3.1, that Agent reports the state truthfully. For simplicity, we assume that Agent knows

Individual’s other characteristics p, b, α, γ; the results of this Section are robust to allowing

independent uncertainty about those characteristics, following the analysis of Section 3.4.

Suppose Agent uses an affine strategy m = Aλθ+Bλ. If Individual is naive, she updates

according to (3). If she is sophisticated, she updates according to (8), with A and B replaced

by Aλ and Bλ. Agent anticipates these two different interpretations of the same message

and weights the corresponding expected utilities by 1− λ and λ, respectively. Substituting

the two updating rules into Agent’s objective and solving its first-order condition gives the

following characterization.

Proposition 5. Suppose that ρ ≥ κ. Define

sλ ≡ 1 +
h(1− λ)

(1 + ρ)2
≥ 1, hλ ≡ λhsλ, ρλ ≡ ρ

(
sλ
)2

.

Then there is a unique affine equilibrium, and it can be written as

m = b+ Aλ(θ − b) +Dλ(p− b), (18)
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where Aλ is the unique solution to

(
sλAλ − 1

) ((
sλAλ

)2
+ ρλ

)2
+ hλ

(
sλAλ

)3
= 0 (19)

and

Dλ =
1

sλ

(√
λh

(
1

Aλ
− sλ

)
+ (sλ − 1)(1 + ρ)

)
. (20)

Notice that existence and uniqueness of equilibrium follow from Proposition 2, as equation

(19) has the same form as (12) after replacing A with sλAλ, h with hλ, and ρ with ρλ, and

ρ ≥ κ implies ρλ ≥ κ. As expected, for λ = 1, we have sλ = 1, hλ = h, and ρλ = ρ, and the

equilibrium reduces to the sophisticated equilibrium characterized in Section 3.2. Likewise,

if λ = 0, the equilibrium reduces to the naive benchmark characterized in Section 3.1.

The mixed-sophistication equilibrium therefore has the same canonical form as the equi-

libria studied above: Aλ measures the responsiveness of Agent’s message to the true state,

while Dλ measures its political loading. What is new is that both coefficients now depend on

λ, the probability that Individual is sophisticated. This raises a natural question: how does

a higher share of sophisticated individuals affect Agent’s communication and Individual’s

learning?

As it turns out, perhaps surprisingly, sophistication, while benefitting the sophisticated

individual directly, imposes a negative externality across Individuals. Sophisticated Individ-

uals are better able to interpret a given message, but their presence changes the message

Agent chooses to send. In particular, a greater share of sophisticated Individuals results in a

message depending more on Individual’s political preferences, thereby increasing the polit-

ical contamination faced by naive Individuals. Furthermore, even sophisticated individuals

are affected by the externality, as an increase in their share reduces the informativeness of

the message, provided that the noise is not too high. The following proposition formalizes

these effects.

Proposition 6. The political loading of Agent’s message Dλ is increasing in the share of
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sophisticated individuals λ. The informativeness of Agent’s message Aλ is increasing in λ if

and only if h > (1−ρ)(1+ρ)2

ρ
. Furthermore, Aλ +Dλ is increasing in λ.

The intuition for the first result is straightforward. Sophisticated Individuals anticipate

and discount predictable pandering, so Agent must tilt its message more strongly toward p to

affect their perceived utility. Because Agent cannot condition its message on sophistication,

naive Individuals are exposed to this stronger political loading as well.

The effect of λ on informativeness is easiest to understand if we recall that the same

condition was present in the comparative statics in Proposition 3. A higher share of sophis-

ticated individuals makes communication more informative exactly when communication

with sophisticated individuals is more informative than that with naive ones. However, for

parameter values where communication is not too noisy and Agent is interested in truth more

than in pandering, a higher share of sophisticated individuals implies lower informativeness.

Thus, ironically, while naive individuals suffer from pandering the most, their presence dis-

ciplines Agent’s messaging and benefits sophisticated individuals. To put it in perspective:

the worst-case scenario for learning is to be the single naive individual among sophisticated;

the best case is to be sophisticated when Agent believes it is talking to a naive individual.

We next turn to how the two types interpret the resulting message. A sophisticated Indi-

vidual correctly accounts for Agent’s equilibrium strategy. As before, the political component

of the message is predictable and therefore does not enter her posterior belief. Substituting

the equilibrium strategy into (8), her expected posterior mean is

E
(
θ̂ | θ, b, p

)
= b+

(Aλ)2

(Aλ)2 + ρ
(θ − b).

A naive Individual instead updates according to (3). Substituting the actual equilibrium

message (18), we obtain

E
(
θ̃ | θ, b, p

)
= b+

Aλ

1 + ρ
(θ − b) +

Dλ

1 + ρ
(p− b). (21)
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The difference between the two updating rules is particularly transparent if we consider

separately disagreements about prior beliefs and disagreements about political preferences.

First, suppose that two otherwise identical individuals have the same political preference

p, but different prior beliefs bH and bL. Sophisticated individuals are necessarily brought

closer together:

E
(
θ̂H − θ̂L | θ, bH , bL

)
=

ρ

(Aλ)2 + ρ
(bH − bL),

and each expected posterior mean lies between the corresponding prior and the true state.

Thus, communication both reduces their disagreement and moves each of them toward the

truth.

For naive individuals, in contrast,

E
(
θ̃H − θ̃L | θ, bH , bL, p

)
=

(
1− Aλ +Dλ

1 + ρ

)
(bH − bL).

If λ is close to 0, so most individuals are naive, then Aλ + Dλ < 1 + ρ, the first factor is

between 0 and 1, and the individuals’ beliefs converge, preserving the order. As the share of

sophisticated individuals λ increases, so does Aλ +Dλ, and Agent may overcompensate the

priors for the sophisticated part of the audience so much that beliefs of naive individuals flip

(the first factor becomes negative). In principle, if h is sufficiently high, Dλ may be arbitrarily

high and the beliefs may become both flipped and polarized; however, if pandering motives

are limited (for example, if h < 1/4), then Dλ < 1 and then there is convergence in beliefs of

naive types as well. In other words, if pandering motives are moderate, there is a decrease

in polarization for all types, even though the average need not move towards the truth.

Second, suppose that two individuals have the same prior belief b, but different political

preferences pH ̸= pL. Sophisticated individuals retain identical factual beliefs after commu-

nication: their expected posteriors are independent of p, and both move toward the true
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state. Naive individuals instead become factually polarized. From (21),

E
(
θ̃H − θ̃L | θ, b, pH , pL

)
=

Dλ

1 + ρ
(pH − pL).

Individuals who initially agreed about the state therefore come to disagree about it solely

because they disagree about what they would like to be true, and thus political disagreement

becomes factual disagreement. Thus, disagreement in priors is necessarily attenuated among

sophisticated individuals and, when pandering motives are moderate, among naive individ-

uals as well. In contrast, disagreement in political preferences creates factual disagreement

among naive individuals.

We now compare the messaging and learning of individuals whose political preferences

coincide with their prior belief (p = b) with those for whom it is different. Preferences and

priors may coincide for various reasons; it may be that the individual has a prior and likes to

hear evidence that reinforces it; conversely, it might be that an individual treats her political

preference as strong evidence about θ, effectively making it her prior. At first glance, such

individuals might seem especially vulnerable to echo chambers, since Agent knows exactly

what they would like to hear. The equilibrium analysis, however, tells a different story.

If p = b, then the political component in (21) vanishes, and

E
(
θ̃ | θ, b, p

)
= b+

Aλ

1 + ρ
(θ − b),

which lies between b and the true state θ. In other words, Agent’s advice moves her expected

belief toward the truth. If all individuals in the model had p = b, then, unambiguously,

political advice by Agent would be a source of learning and depolarization, and the only

question would be about the extent of convergence.

In contrast, when Individual’s political preferences differ from her prior, political person-

alization may work against learning. For example, suppose that θ < b < p. The informational

component of Agent’s message pulls Individual’s belief downward toward the truth, whereas
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political personalization pushes it upward toward p. Communication moves her expected

belief farther from the truth if and only if

Dλ(p− b) > Aλ(b− θ).

Thus, sufficiently strong political personalization can overwhelm genuine information and

radicalize a naive individual, even though a sophisticated individual facing the same com-

munication continues to learn. This implies that the source of polarization and radicalization

in this model of political advice is not people seeking confirmation of their beliefs, but rather

those who are torn between what they know and what they would prefer the truth to be.

One might expect such individuals to have a higher propensity to seek advice from AI,

exacerbating the problem.

5 Discussion

The model suggests that the consequences of political personalization depend not only on

how strongly Agent seeks to please Individual, but also on what Agent knows about Individ-

ual and what it expects about how its advice will be interpreted. These forces interact with

Individual’s characteristics in shaping both the content and the informativeness of commu-

nication. These interactions matter for the design and evaluation of AI systems, because

interventions that appear to make advice more useful or users better equipped to interpret

it can also change Agent’s incentives.

Incentives and commitment. The most direct way to address the distortion is to eliminate

Agent’s incentive to pander to Individual. As k approaches zero, equilibrium converges to

truthful communication, m = θ. This observation leaves aside whether people would choose

to use an AI that does not pander to them. Interestingly, truthful reporting is not something

that Agent would choose as a communication strategy if it could commit ex ante, before

learning the state θ. Assuming a fully sophisticated audience, we can show that in the case
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with commitment, the optimal affine rule takes the form m = b+Ac(θ− b), where Ac is the

unique positive solution of

(Ac − 1)
(
(Ac)2 + ρ

)2
= hρAc.

In particular, the message does not depend on Individual’s p: this dependence would be

undone anyway and is costly for Agent. Interestingly, Ac > 1: a committed Agent am-

plifies variation in the state to overcome communication noise, whereas an Agent without

commitment suppresses it, providing a useful benchmark for the role of commitment.

Information, sophistication, and communication technology. The model identifies

two characteristics of Individual that discipline political pandering. First, better pre-existing

information makes Individual harder to influence: a lower σ2 increases ρ and makes messages

more informative and less responsive to Individual’s political preferences. Thus, an Individ-

ual who is known to have access to independent factual information gives Agent less scope

to manipulate beliefs. A similar logic implies that if Agent perceives individuals to be highly

confident and perhaps stubborn in their prior beliefs, its incentive to manipulate would de-

crease, whereas leading it to believe that people have little information would increase its

incentive to manipulate them.

Second, perhaps more surprisingly, Agent’s belief that Individual may be naive can dis-

cipline political pandering in the message itself. A sophisticated Individual can discount

predictable political pandering, so Agent has a stronger incentive to load its message on

political preferences when it expects a sophisticated audience. Naive Individuals therefore

discipline Agent’s pandering even though they themselves are least able to interpret it cor-

rectly. From the standpoint of limiting pandering, an Individual may thus benefit from

appearing less sophisticated but better informed. More generally, an AI system should not

presume that users will correctly undo strategic or personalized distortions. Designing com-

munication as if factual claims may be taken at face value disciplines the message before
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interpretation takes place.

The same incentive effect explains why improving communication technology, for ex-

ample, increasing the clarity of explanations or making them easier for a given user to

understand, need not improve learning. Lower communication noise makes any given mes-

sage more informative, but also makes manipulation more effective. Agent may respond by

reducing the informativeness of its message, so greater precision can offset or even reverse its

direct informational benefit. Improving the precision or seamlessness of AI communication

is therefore not a substitute for disciplining the incentives that determine what information

is transmitted.

Beliefs versus preferences. A central distinction in the model is between what Individual

believes and what she would like to be true. When p = b, political personalization does

not create an additional directional distortion in naive updating, and expected beliefs then

move toward the true state. By contrast, when p and b differ, Agent’s attempt to pander

to Individual’s preferences can pull factual beliefs away from the truth and, if sufficiently

strong, overwhelm genuine information it attempts to provide.

This distinction suggests that the problem is not personalization per se. An AI system

may appropriately use an individual’s prior beliefs to determine what requires explanation,

clarification, or correction. What is dangerous is allowing what Individual would prefer to

be true to affect the factual content of the answer. In this sense, AI should be able to

respond to beliefs without treating political preferences as evidence. Safeguards aimed only

at preventing conventional echo chambers may therefore miss the cases in which pandering is

most damaging: those in which what Individual believes and what she would like to believe

point in different directions.

Measuring AI pandering and informativeness. The model also suggests a way to

evaluate AI political advice empirically. Real systems do not come with observable values

of A, D, h, or ρ, and documenting that responses vary with users’ politics does not by

itself reveal how informative those responses are. Directly identifying A by varying the
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underlying state θ is generally difficult. The model implies that this is unnecessary. One

can instead construct synthetic individuals: otherwise identical users whose stated political

preferences p and prior beliefs b are varied experimentally while the substantive question

and other characteristics are held fixed.

To see why this is sufficient, recall that in the baseline equilibrium,

m = Aθ +Dp+ (1− A−D)b.

The experimenter does not need to manipulate the true state θ. By varying p, it is possible

to identify D = ∂m
∂p

, while variation in b allows one to measure C ≡ ∂m
∂b

= 1 − A − D.

From this, A is found from A = 1−D − C. In other words, an experiment that varies both

Individual’s prior beliefs and what she would like to believe allows one to recover Agent’s

responsiveness to the state even when the state itself cannot be experimentally manipulated.

The same coefficients also allow us to recover h and ρ, with an as-if interpretation. From

the equilibrium conditions we can find

h =
AD2

1− A
, ρ = A2

(
D

1− A
− 1

)
.

These values need not be interpreted as literal primitives represented internally by an AI

system. Rather, they provide a compact empirical characterization of its behavior and a way

to compare how different systems or design choices trade off truthful information transmission

against pandering.

6 Conclusion

Artificial intelligence creates a new environment for political advice: a single system can be

better informed than the individuals who consult it, communicate separately with each of

them, and adapt what it says to what each would like to hear. This paper studies the result-
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ing tension between information transmission and political accommodation. Accommodation

affects both the direction of AI messages and how much information they contain. Sophis-

ticated individuals anticipate predictable political loading and filter it out, but they cannot

recover information that Agent chose not to convey. Naive individuals instead mistake part

of the political component for evidence, allowing political preferences to enter factual beliefs

and potentially turning political disagreement into factual disagreement, polarization, and

radicalization.

These effects interact in unexpected ways when sophisticated and naive individuals coex-

ist. A larger sophisticated share induces Agent to place greater political loading in the raw

message and, in an important region of parameters, to make communication less responsive

to the true state. Thus, sophistication protects those who possess it while changing com-

munication in ways that can harm others. Better-informed individuals, by contrast, induce

more truthful advice because their beliefs are harder to manipulate. The consequences of

personalization also depend critically on the relation between beliefs and preferences. When

what individuals would like to believe coincides with what they already believe, accommoda-

tion does not distort the direction of naive updating. The greater danger arises when desired

and currently held beliefs diverge, because personalization can then make preferences look

like evidence.

Taken together, these results suggest that evaluating AI political advice requires attention

not only to whether its outputs are politically responsive, but also to how much information

they contain and how different individuals interpret them. The model also provides a way

to bring these objects to data: synthetic individuals who differ in their stated beliefs and

political preferences can be used to recover the system’s responsiveness to the state and

to political preferences and to test the model’s restrictions. Future work can extend this

framework to competing advisers, repeated interaction, and the diffusion of personalized

advice beyond its intended recipient, where additional strategic effects and spillovers are

likely to arise.
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Appendix

Lemma A1. Let h > 0 and ρ > 0 be parameters, and define

f(a) = (a− 1)(a2 + ρ)2 + ha3.

Then:

(a) f(a) = 0 has at least one and at most three real solutions. All real solutions lie in (0, 1).

(b) If

ρ ≥ κ ≡ 47− 13
√
13

8
≈ 0.016,

then the solution is unique.

Furthermore, if the solution is unique, denote it by a∗(ρ, h). Then:

(c) a∗(ρ, h) is strictly increasing in ρ and strictly decreasing in h.

(d) √
h

(
1

a∗(ρ, h)
− 1

)
is strictly decreasing in ρ and strictly increasing in h.

(e) √
h

(
1

a∗(ρ, h)
− 1

)
> 1

if and only if

ρ <
h3

(1 + h)2
.

Proof of Lemma A1. For a ∈ (0, 1), define

G(a; ρ) =
(1− a)(a2 + ρ)2

a3
.
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Then

f(a) = 0 ⇐⇒ G(a; ρ) = h.

Part (a). For a ≤ 0,

f(a) < 0,

whereas for a ≥ 1,

f(a) > 0.

Hence every real solution lies in (0, 1), and by continuity at least one solution exists.

To bound the number of solutions, differentiate G:

∂G(a; ρ)

∂a
=

a2 + ρ

a4
Φ(a; ρ),

where

Φ(a; ρ) ≡ −2a3 + a2 + 2aρ− 3ρ.

Its derivative is

∂Φ(a; ρ)

∂a
= −6a2 + 2a+ 2ρ,

which has one positive root. Hence Φ(·; ρ) first increases and then decreases in a on (0,+∞),

and therefore has at most two zeros on (0, 1). Consequently, G(·; ρ) is strictly monotone on

at most three intervals, which implies that the equation

G(a; ρ) = h

has at most three solutions.

Part (b). Suppose, to obtain a contradiction, that f(a) = 0 has more than one solution

on (0, 1); then so does G(a; ρ) = h, implying that G(a; ρ) has a local extremum on (0, 1), at

which its derivative, and thus Φ(a; ρ) changes the sign. Thus, there exists a ∈ (0, 1) with

Φ(a; ρ) > 0. Since Φ(0; ρ) = −3ρ < 0 and Φ(1; ρ) = −1 − ρ < 0, Φ(·; ρ) must attain a
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positive maximum at some v ∈ (0, 1). At this maximum,

−6v2 + 2v + 2ρ = 0,

so

ρ = 3v2 − v.

Since ρ > 0, it must be that v > 1/3. Substituting ρ, we get

Φ(v; ρ) = v(4v2 − 10v + 3).

Given that v < 1 and Φ(v; ρ) > 0, we must have

v <
5−

√
13

4
.

Now, since 3v2 − v is strictly increasing for v > 1/6, it follows that

ρ < 3

(
5−

√
13

4

)2

− 5−
√
13

4
=

47− 13
√
13

8
= κ.

However, we assumed ρ ≥ κ. This contradiction completes the proof.

Part (c). For the remaining parts, we note that at the unique root a∗(ρ, h), f(a) changes

sign from negative to positive.

Fix h, and consider ρ1 < ρ2. For every a ∈ (0, 1),

∂f(a; ρ, h)

∂ρ
= 2(a− 1)(a2 + ρ) < 0.

Therefore,

f(a∗(ρ2, h); ρ1, h) > f(a∗(ρ2, h); ρ2, h) = 0.

But this implies that a∗(ρ1, h) < a∗(ρ2, h), which proves that a∗(ρ, h) is strictly increasing in
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ρ.

Similarly, fix ρ and consider h1 < h2. Since for a ∈ (0, 1),

∂f(a; ρ, h)

∂h
= a3 > 0,

we have

f
(
a∗(ρ, h2); ρ, h1

)
< f

(
a∗(ρ, h2); ρ, h2

)
= 0.

This implies a∗(ρ, h2) < a∗(ρ, h1), hence a∗(ρ, h) is strictly decreasing in h.

Part (d). Since a is strictly increasing in ρ by part (c) and

√
h

(
1

a
− 1

)

is strictly decreasing in a on (0, 1), it follows immediately that

√
h

(
1

a∗(ρ, h)
− 1

)

is strictly decreasing in ρ.

Now fix ρ. As h increases, part (c) implies that a∗(ρ, h) strictly decreases. Hence both

factors under the square root strictly increase in h, and given that they are positive, so does

the function.

Part (e). Simple algebra shows that

√
h

(
1

a∗(ρ, h)
− 1

)
> 1

if and only if a∗(ρ, h) < h
1+h

. This holds if and only if f
(

h
1+h

)
> 0. Direct substitution and

factorization yield

f

(
h

1 + h

)
=

(h3 − ρ(1 + h)2) (h2(h+ 2) + ρ(1 + h)2)

(1 + h)5
.
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The second factor in the numerator is strictly positive, as is the denominator. Thus,

f

(
h

1 + h

)
> 0 ⇐⇒ h3 − ρ(1 + h)2 > 0,

which proves part (e). ■

Proof of Proposition 1. For a naive Individual, Agent solves (5). The objective is strictly

concave in m, so the first-order condition is necessary and sufficient:

2(m− θ) +
2h

1 + ρ

(
m+ ρb

1 + ρ
− p

)
= 0.

Equivalently, (
(1 + ρ)2 + h

)
m = (1 + ρ)2θ + h

(
(1 + ρ)p− ρb

)
.

Solving for m yields (6), establishing existence and uniqueness. The coefficients on θ and

p are strictly positive, while the coefficient on b is strictly negative, proving the stated

comparative statics. ■

Proof of Proposition 2. In the text we established that

m(θ) = Aθ +B

defines an equilibrium if and only if the equations (12) and (13) are satisfied. The properties

of solution to (12) follow from Lemma A1.

Now, to get representation (14), we use (12) to obtain

1− A =
hA3

(A2 + ρ)2
,
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and hence

D ≡

√
h

(
1

A
− 1

)
=

√
h
1− A

A
=

√
h2A2

(A2 + ρ)2
=

hA

A2 + ρ
.

Moreover,

1− A−D =
hA3

(A2 + ρ)2
− hA

A2 + ρ
= − hAρ

(A2 + ρ)2
.

Therefore,

B = Dp+ (1− A−D)b.

Plugging it into (7) we get (14). Since A ∈ (0, 1), D > 0, 1− A−D < 0 and none of these

depend on θ, b, or p, the comparative statics follow immediately. ■

Proof of Proposition 3. By part (c) of Lemma A1, in the unique equilibrium A is de-

creasing in h and increasing in ρ. Since A ∈ (0, 1), communication is always less informative

than truthful communication, which corresponds to A = 1.

Per Proposition 1, in the naive benchmark, the coefficient on θ is

(1 + ρ)2

(1 + ρ)2 + h
.

The inequality A > (1+ρ)2

(1+ρ)2+h
is equivalent to hA > (1 − A)(1 + ρ)2, and using (12) and

simplifying we find it is equivalent to A < ρ. This, in turn, is equivalent to f(ρ) > 0, which

simplifies to

h >
(1− ρ)(1 + ρ)2

ρ
.

The left-hand side is increasing in h, whereas the right-hand side is decreasing in ρ; this

proves that this condition is more likely to hold when either of the variables is higher.
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Now consider Individual’s posterior variance:

V =
σ2ρ

A2 + ρ
=

ν2

A2 + ρ
.

Holding ρ fixed, a higher h lowers A and therefore raises V . Holding ν2 fixed, a higher σ2

lowers ρ = ν2/σ2, which by part (c) of Lemma A1 lowers A. Hence A2 + ρ falls and V rises.

Lastly, fix σ2; then increasing ν2 is equivalent to increasing ρ. Using (12), we have

V

σ2
=

ρ

A2 + ρ
= 1−

√
A(1− A)

h
.

Since A is increasing in ρ, the right-hand side is decreasing in ρ when A < 1/2 and increasing

when A > 1/2. We have A < 1/2 whenever f(1/2) > 0, which is equivalent to ρ < ρ∗, where

ρ∗ =

√
h

2
− 1

4
.

This completes the proof. ■

Proof of Proposition 4. Fix Agent’s information Z and conjecture an affine strategy

m(θ) = Aθ +B.

For an Individual with characteristics (p, b, α, γ), the expected posterior belief, conditional

on the message m chosen by Agent and before communication noise is realized, is

Eε

(
θ̂
)
=

A

A
2
+ ρ

(m−B) +
ρ

A
2
+ ρ

b.

As in the baseline model, terms involving posterior variance do not depend on the particular

message m. Hence, after dropping terms independent of m and dividing by l, Agent’s
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objective is equivalent to

−(m− θ)2 − k

l
E

q

(
A

A
2
+ ρ

(m−B) +
ρ

A
2
+ ρ

b− p

)2
∣∣∣∣∣∣Z
 .

Expanding the square and collecting the terms that depend on m, we obtain

E

q

(
A

A
2
+ ρ

(m−B) +
ρ

A
2
+ ρ

b− p

)2
∣∣∣∣∣∣Z


= q

(
A

A
2
+ ρ

(m−B)

)2

+ 2
A

A
2
+ ρ

(m−B)E

(
q

(
ρ

A
2
+ ρ

b− p

)∣∣∣∣∣Z
)

+ C,

where C does not depend on m. By the definitions in (17),

E

(
q

(
ρ

A
2
+ ρ

b− p

)∣∣∣∣∣Z
)

= q

(
ρ

A
2
+ ρ

b− p

)
.

Therefore, completing the square and again dropping terms independent of m, Agent’s ob-

jective is equivalent to

−(m− θ)2 − h

(
A

A
2
+ ρ

(m−B) +
ρ

A
2
+ ρ

b− p

)2

,

where

h =
kq

l
.

This is exactly the baseline problem with h, b, and p replaced by h, b, and p, respectively.

It follows from Proposition 2 that A satisfies the stated equation and the equilibrium

message is as stated. Finally, Proposition 2 implies uniqueness whenever ρ ≥ κ. ■

Proof of Proposition 5. Take a putative equilibrium affine strategy m = Aθ + B, and
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define

βS ≡ A

A2 + ρ
, βN ≡ 1

1 + ρ
.

Conditional on the message m chosen by Agent and before communication noise is realized,

a sophisticated Individual’s expected posterior is βS(m−B) + ρ
A2+ρ

b, whereas a naive Indi-

vidual’s expected posterior is βNm+ ρ
1+ρ

b. As in the preceding analysis, the terms generated

by communication noise and posterior variance do not depend on the particular message

m. Thus, after dropping terms independent of m and dividing by l, Agent’s problem is

equivalent to

max
m

{
−(m− θ)2 − h

(
λ

(
βS(m−B) +

ρ

A2 + ρ
b− p

)2

+ (1− λ)

(
βNm+

ρ

1 + ρ
b− p

)2
)}

.

The objective is strictly concave in m. Taking the first-order condition, solving for m and

equating the coefficient on θ in Agent’s best response with A gives

1− A

A
= h

(
λ

(
A

A2 + ρ

)2

+ (1− λ)

(
1

1 + ρ

)2
)
. (A1)

Simple algebra verifies that it is equivalent to equation (19). Since ρλ = ρ(sλ)2 ≥ ρ ≥ κ,

Lemma A1 implies that there is a unique solution. Now equating the intercepts allows us to

derive the formula for Dλ, which completes the proof. ■

Proof of Proposition 6. Write A = Aλ, D = Dλ, and s = sλ. The equilibrium condition

for A is

F (A, λ) ≡ 1− A

A
− h

(
λ

A2

(A2 + ρ)2
+ (1− λ)

1

(1 + ρ)2

)
= 0.

Since

s = 1 +
h(1− λ)

(1 + ρ)2
, λh = h− (s− 1)(1 + ρ)2,
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rearranging the equilibrium condition gives

(1− sA)(A2 + ρ)2 = λhA3.

Thus, defining x = sA, we have 0 < A ≤ x ≤ 1.

At an equilibrium, FA = T
A2(A2+ρ)

, where T = A2(1 − 2x) + ρ(2x − 3). Notice that we

have T < 0. Indeed, this is immediate if x ≥ 1/2, whereas if x < 1/2, then A ≤ x implies

T ≤ x2(1− 2x)− ρ(3− 2x) = Φ(x; ρ) ≤ 0,

where the last inequality follows from Lemma A1(b). Apart from the knife-edge equality

case, handled by continuity, the inequality is strict. Hence FA < 0.

Next,

Fλ = −h

(
A2

(A2 + ρ)2
− 1

(1 + ρ)2

)
.

Since

A

A2 + ρ
− 1

1 + ρ
=

(1− A)(A− ρ)

(A2 + ρ)(1 + ρ)
,

we have signFλ = sign(ρ−A). Therefore, by implicit differentiation, sign ∂Aλ

∂λ
= sign(ρ−Aλ).

For ρ ≥ 1, we have Aλ < 1 ≤ ρ, so ∂Aλ/∂λ > 0; moreover, (1−ρ)(1+ρ)2

ρ
≤ 0 < h, so the stated

condition holds automatically. Suppose now that ρ < 1. We have

F (ρ, λ) =
1− ρ

ρ
− h

(1 + ρ)2
,

which is independent of λ. Since FA < 0,

Aλ < ρ ⇐⇒ h >
(1− ρ)(1 + ρ)2

ρ
.

This proves the result for Aλ.

It remains to establish the results for Dλ and Aλ +Dλ. Using the equilibrium condition
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in (20),

D =
1

s

(
(1− sA)(A2 + ρ)

A2
+ (s− 1)(1 + ρ)

)
,

and hence

A+D − 1 =
ρ(1− A)(1 + A− sA)

sA2
.

Because

ds

dλ
= − h

(1 + ρ)2
< 0,

it is enough to show that D and A+D decrease in s.

Implicitly differentiating the equilibrium condition with respect to s and simplifying gives

dD

ds
=

(1− A2)M

A2s2(A2 + ρ)T
,

d(A+D)

ds
=

ρ(1− A2)N

A2s2(A2 + ρ)T
,

where

M = A4
(
x2 + ρ(2x− 1)

)
+ A2

(
ρ2(2− x2) + ρx(2− x)

)
+ ρ3(1− x)(3− x),

and

N = A4(2x− 1) + A2
(
2x− x2 + 2ρ

)
+ ρ2(1− x)(3− x).

Both M and N are positive. This is immediate for x ≥ 1/2, whereas for x < 1/2, the only

potentially negative terms are dominated because

x(2− x)− A2(1− 2x) ≥ x(2− x)− x2(1− 2x) = 2x(1− x+ x2) > 0.

Since T < 0, it follows that dD
ds

< 0 and d(A+D)
ds

< 0. Together with ds/dλ < 0, this yields

∂Dλ

∂λ
> 0,

∂(Aλ +Dλ)

∂λ
> 0,

which completes the proof. ■
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