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Abstract

We use a simple model to analyze several policies currently proposed in the public sphere to
reduce the effects of misinformation. We show that the efficacy of these policies crucially de-
pends on the strategic sophistication and reasoning abilities in the population. We focus on
the following policies: censorship, where news can be moderated by governments or social
media platforms; content diversification, where agents are given news representing different
viewpoints or are shown news that is counter to their prevailing beliefs; accuracy nudging,
where agents are encouraged to think more critically about news they receive; and perfor-
mance targets, where social media outlets try to regulate the amount of misinformation on
their platforms. We show that policies that work well for naive agents can perform poorly or
completely backfire for Bayesian agents and vice versa. These insights highlight the impor-
tance of sophistication as a factor that regulators should consider when deploying policies to
fight misinformation.

1 Introduction

The challenges that misinformation presents to learning and decision making touch on all as-

pects of our lives. The slow uptake of the COVID-19 vaccine in many parts of the world provides

a recent and important example. Policymakers and researchers have attributed a substantial

portion of this vaccine hesitancy to misinformation,1 and policies to combat the misinforma-

tion problem are currently being proposed and debated in the public sphere. These policies

range from gentle nudges that encourage people to carefully consider the veracity of the news

they receive to more interventionist strategies like outright censorship of content.

In this paper, we argue that an important factor currently missing from this policy debate

is the strategic sophistication of the population. There is recent work documenting the role

that this sophistication plays in how agents respond to misinformation, e.g., Pennycook and

*University of Michigan Ross School of Business
†Laboratory for Information and Decision Systems, MIT
1See for example Loomba et al. (2021) and the press release from the U.S. Surgeon General (2021).
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Rand (2018, 2021). Yet, this has not been an element that regulators have incorporated into their

discourse. We examine several policies through the lens of agent sophistication. These policies

are currently proposed or deployed by regulators, platforms, and researchers across multiple

disciplines. For all these policies, strategic and cognitive sophistication emerges as an important

factor that can make the same policy successful in one context but unsuccessful or even harmful

in another.

We model sophistication using the classical models of the social learning literature: (sophis-

ticated) Bayesian learning and (naive) DeGroot learning.2 In these models, agents try to uncover

an underlying state of the world, e.g., whether a vaccine is safe or not, and do so by learning from

news they receive as well as by exchanging opinions with each other. The news that agents re-

ceive contains a mixture of organic news (which is correlated with the correct state but not com-

pletely accurate) and misinformation (which is orthogonal to the state). Agents do not know if

a piece of news is organic or misinformation, but as documented empirically in van der Linden

et al. (2020), they know that misinformation exists but do not agree on whether it comes mostly

from the left or right. Mostagir and Siderius (2021) show that in this setting, Bayesian agents can

be less immune to misinformation and more prone to mislearning than DeGroot agents . Other

recent work has studied how different learning mechanisms can contribute to polarization and

spread of misinformation. For example, in Haghtalab et al. (2021), agents who start with the

same information but use different learning mechanisms can reach conflicting conclusions. In

a similar vein, Jackson et al. (2019) demonstrate that limiting the number of times a message

can be shared in a social network can make DeGroot agents more robust to information distor-

tion compared to their Bayesian counterparts. We show that these differences between learning

mechanisms extend to how agents respond to different policies. The policies we consider are

those currently discussed in the public sphere to curb misinformation.

Our paper is organized as follows. In Section 2, we discuss an overview of our results, includ-

ing the intuitions for our findings, and the ties to existing empirical literature on misinformation

policies. In Section 3, we supply our formal model of reasoning and networked learning. In Sec-

tion 4, we provide the four main results about the efficacy of our four different misinformation

policies. In Section 5, we conclude. All proofs and simulations are provided in the Appendix.

2For more context, see the survey of Golub and Sadler (2017). Additionally, for even more details, see the works of
Gale and Kariv (2003), Mueller-Frank (2013) and Mossel et al. (2014) for Bayesian learning, and Degroot (1974) and
Golub and Jackson (2010) for DeGroot learning.
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2 Overview of Results

Censorship. Platforms sometimes remove content that they believe is false and/or harmful.

For example, in the early stages of the pandemic Twitter stated that it would begin removing

Coronavirus-related posts that deny expert recommendations or promote fake treatments and

prevention techniques.3 Theorem 1 shows that such policies do not work for a Bayesian popula-

tion, who start rationally spinning narratives about what else the platform might be censoring,

and use that rationalization to hold on to their existing beliefs and not learn. On the other hand,

DeGroot populations can be influenced and have their minds changed through censorship, with

the caveat that the platform is reasonably sure that what they are censoring is highly likely to be

false information.

Content Provision. Balanced provision of content is another contender for a policy that might

dilute the effects of misinformation. In this policy, agents are shown a diverse set of news that

might be counter-attitudinal to their beliefs. The idea is that social media, through microtar-

geting, keeps users in “filter bubbles,” where they mostly see content that agrees with their be-

liefs. Exposure to different viewpoints can move agents out of these bubbles and improve their

learning outcomes. This policy echoes the Fairness Doctrine, which required news providers to

present both sides of a controversial issue. The policy was eliminated in 1987, in a decision that

has been cited as one of the reasons for the rise of partisan talk radio. Theorem 2 shows that

the negative consequences that resulted from biased coverage cannot be reversed by simply re-

instating an equal-coverage policy. While the policy helps DeGroot agents learn the true state,

its effects on Bayesian agents is more complex: when the amount of misinformation in the sys-

tem is manageable, showing diverse content can help learning. However, once the amount of

misinformation crosses a certain threshold, diverse content does not help.

Accuracy Nudging. Mild interventions that only nudge people towards certain actions have

become ubiquitous in fields like healthcare and financial planning. In the context of misinfor-

mation, accuracy nudging encourages and reminds agents to carefully consider the veracity of

the news they receive. Experiments have shown that these nudges can increase awareness and

help people spot false news and eventually learn better, although replications suggest that the

size of the effect might not be as large as initially believed. Our model offers several interesting

insights when it comes to how nudging interacts with strategic sophistication, and offers a possi-

ble explanation for these experimental observations. Bayesian agents are aware of the presence

3https://blog.twitter.com/en_us/topics/company/2020/covid-19#misleadinginformation
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of misinformation and take that into account when learning from news, and so nudging leaves

them unaffected. DeGroot agents however can benefit from nudging, but interestingly, it is also

possible that encouraging them to think more carefully about news can lead to worse learning

outcomes. When nudging is beneficial, DeGroot agents are endowed with “moderate sophis-

tication”: they are not as gullible as traditional DeGroots, in the sense that the nudge induces

them to consider the accuracy of the news they receive, but they are also not as sophisticated

as Bayesians, in the sense that they aggregate the information they receive from their friends

without worrying about how these friends arrived at their beliefs. It turns out that this moderate

sophistication can outperform both the naive DeGroots and the sophisticated Bayesians.

On the other hand, consider a scenario where a lot of the misinformation actually argues for

the correct state, i.e., the information is false but the conclusion that one would draw from it is

correct (e.g., the true state is that a vaccine is safe and effective, but the misinformation pushes

this conclusion on the agents through outlandish claims about all the good things that will hap-

pen if a person is vaccinated). In this case, accuracy nudging might actually lead to DeGroots

failing to learn the correct state when they would have learned it correctly without the nudge. The

reason is that as agents start questioning the veracity of information they receive (e.g., they think

there are a lot of false claims about the vaccine’s effectiveness) they incorrectly discard correct

information as misinformation. This can tip the scale towards the information arguing for the

incorrect state and eventually makes the agents believe that this state is indeed the correct one.

This suggests that nudging should be used carefully, as it may not be as innocuous as it appears.

Performance Targets. Removal of all misinformation from a platform is a desirable but un-

realistic goal. We consider regulations that are either internal (to a platform) or external (e.g.,

government policy that platforms must obey) that decree a threshold for an “acceptable” level

of misinformation floating on a platform. These performance targets have been discussed in

a recent Facebook whitepaper (Facebook, 2020). The amount of misinformation on a platform

leads to a certain mislearning rate – a probability with which agents fail to learn. Theorem 4

shows a somewhat surprising finding: for the same mislearning rate, Bayesian societies should

be more regulated than DeGroot societies, i.e., the platform should strive to remove more mis-

information when the population is strategic compared to when it is naive.

3 A Model of Reasoning with Misinformation

In this section, we present a model of reasoning based on networked social interactions, building

on the work of Mostagir and Siderius (2021).
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Basic Setup. There is a true state θ ∈ {L,R}which advocates for either a left-wing or right-wing

proposal. Agents learn about θ both from content (via “news articles”) and from others in the

population (via “social learning”). We consider a discrete-time model with a finite (but long)

learning horizon T , and each agent i updates her beliefs πi,t about θ over time t = 0, 1, 2, . . . , T

(as described below).

At t = 0, every agent i is born with a heterogenous prior belief πi,0 (about θ = R) which

is drawn from a (continuous) distribution H . We assume H is symmetric about belief 1/2 and

has positive density h almost everywhere. The symmetry assumption guarantees that for every

agent with prior belief leaning toward L, there is a corresponding agent (with the same tenacity)

holding a prior belief learning towardR.4 At t = 1, content is generated (as described below) and

no more content is sent into the society.5 At t ≥ 2, agents employ social learning to form beliefs

about whether the true state is θ = L or θ = R.

Content Generation. Content is generated at t = 1, with some of this content being organic and

some of this content containing misinformation. Each agent i gets a message mi ∈ {L,R} and

the agent cannot tell whether this content is organic or contains misinformation. If the content

is organic, it is generated as P[mi = θ] = p > 1/2 (i.e., organic content is more likely to argue for

the truth than not). If the content contains misinformation, then it is orthogonal to the state θ.

The proportion of misinformation arguing for state R is given by r, randomly generated ac-

cording to distribution F (but independent of the truth θ), with positive density f almost ev-

erywhere. The proportion of misinformation is q < 1/2 and the proportion of organic news is

1 − q > 1/2 (i.e., most content is organic and does not contain misinformation). As empirically

demonstrated in van der Linden et al. (2020), we assume agents agree on the amount of mis-

information in the system but do not necessarily agree on whether this misinformation leans

more left or right (per Figure 1).

Social Network. We assume that all agents are arranged in an undirected social network G. A

link i ↔ j denotes that agent i and agent j observe (or talk to) each other. We let Ni denote the

neighborhood of agent i (i.e., the set of agents j with i ↔ j). The adjacency matrix A of G is a

binary matrix with [A]ii = 1 and [A]ij = 1 if and only if i ↔ j. We assume that the network is

connected and contains no overly-influential agents (see Appendix C.1 for details).

Agents. Following previous literature, we assume agents in the society are one of two sophisti-

4This allows us to isolate the effects of misinformation policies without concerns about the entire population (as
a whole) being initially biased toward or away from the truth.

5In Appendix C.2 we show that our results apply identically if content is injected persistently over time, but com-
plicates the timing of the updating process. Hence, for simplicity, we assume that content arrives only at t = 1.
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Figure 1. Perception of misinformation by ideological belief (courtesy of van der Linden et al.
(2020)).

cation types, Bayesian or DeGroot (naive). Bayesian agents are fully strategic agents and update

their beliefs in a way fully consistent with Bayes’ rule and common knowledge of strategic inter-

actions, whereas DeGroot agents employ only heuristic-based, “rule-of-thumb” belief updating.

We describe the exact updating next:

(i) Bayesian Society: At t = 1, each Bayesian agent forms a posterior update about the state,

πi,1, given the article with message mi and knowing content may contain misinformation:

πi,1(mi = R) = E[1θ=R|mi = R] =

∫ 1

0

(p(1− q) + qr)πi,0
p(1− q)πi,0 + (1− p)(1− q)(1− πi,0) + qr

f(r) dr

πi,1(mi = L) = E[1θ=R|mi = L] =

∫ 1

0

((1− p)(1− q) + q(1− r))πi,0
(1− p)(1− q)πi,0 + p(1− q)(1− πi,0) + q(1− r)

f(r) dr

At all times t ≥ 2, agents form Bayesian posterior estimates about the state, πi,t, given their

article with messagemi and the beliefs of agents in their social neighborhood {πj,t}j∈Ni ; t≥0,

again, fully aware that there may be misinformation in the system. This is akin to the up-

dating process in Acemoglu et al. (2016), where agents are uncertain about the underlying

message distribution.

(ii) DeGroot Society: DeGroot agents are boundedly rational agents who use a learning heuris-

tic to learn θ. At t = 1, each DeGroot agent updates her belief of the state using Bayes’ rule

taking the news at face value (i.e., assuming there is no misinformation in the system). This
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is similar to how these agents update their beliefs in Jadbabaie et al. (2012):

πi,1(mi = R) = E[1θ=R|mi = R, q = 0] =
pπi,0

pπi,0 + (1− p)(1− πi,0)
(1)

πi,1(mi = L) = E[1θ=R|mi = L, q = 0] =
(1− p)πi,0

(1− p)πi,0 + p(1− πi,0)
(2)

Based on these observations, each DeGroot takes an average of all the time t − 1 beliefs of

the agents in her neighborhood to form her time t ≥ 2 beliefs, i.e., πi,t = 1
|Ni|

∑
j∈Ni

πj,t−1.

Learning. At t = T , each agent has formed her belief from both the message she has received but

also the beliefs shared by other agents. At t = T , agents take a binary terminal action ai ∈ {L,R}

that minimizes her quadratic loss E[(ai − 1θ=R)2] given her belief, πi,T . We follow the standard

definition of learning (e.g., Acemoglu et al. (2011)) and say that society learns if all agents take

the correct action (ai = θ); otherwise, society mislearns.6

Regulator. There is a regulator who has an array of policy tools at their disposal (described

below). The regulator is born ex-ante unbiased with a belief of Π = 1/2. Before the messages

are generated, the regulator conducts research to learn about the true state of the world θ. We

assume this process recovers a signal s = θ with probability 1 − ε and s 6= θ with probability

0 < ε < 1/2. When ε is large, the regulator has little confidence in its ability to uncover the truth.

When ε is small, the regulator is more confident that it can get a tighter estimate of the truth

relative to what information appears to the agents. The value of ε is common knowledge. After

the research step, the belief of the regulator is Π′ ∈ (0, 1/2) ∪ (1/2, 1).

4 Learning with Misinformation Policies

In this section, we discuss four regulatory policies currently proposed to curb misinformation.

The objective of the regulator is to maximize the likelihood of learning. We say a policy is ef-

fective if it always (weakly) improves the likelihood of learning, ambiguous if it can sometimes

strictly improve and sometimes strictly harm the likelihood of learning, and backfires if it al-

ways (weakly) harms the likelihood of learning. We analyze the impact of these policies for both

Bayesian and DeGroot societies.

6Appendix B.5.1 in Mostagir and Siderius (2021) considers alternative learning definitions (e.g., expected propor-
tion of agents who mislearn) and shows that the main insights do not qualitatively change.
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4.1 Policy I: Censorship

Censorship is one of the oldest policies for controlling access to information. The practice is con-

troversial because it typically involves a unilateral decision (e.g., by a platform or a government)

to remove certain information and make it inaccessible. The use of the policy in modern times

is more complicated as platforms try to regulate content by balancing freedom of expression

with reducing harmful speech, e.g., the aforementioned example of Twitter removing COVID-19

misinformation from the platform.

The interesting aspect of the role of censorship in our model is that the outcome of the policy

depends on the targeted audience. A benevolent censor (who is interested in agents learning

the correct state) can show the same information to two different groups and have one group

correctly learn the state of the world while leading the other farther from the truth. Underlying

these diverging outcomes is how agents with different sophistication levels perceive censorship.

No censoring technology is completely accurate: even a benevolent platform might still remove

content that is correct and/or leave content that is false. Bayesian agents use this observation

to rationally reason about what else might be censored, and dismiss information that disagrees

with their existing positions. This is reminiscent of the empirical documentation showing that

there is disagreement across ideologies about what content is censored on social media Vogels

et al. (2020). We show that censorship always hurts the likelihood of learning for Bayesian agents

but weakly improves it for DeGroots.

Analysis. There is a regulator who can control the flow of information by censoring a fraction

of the misinformation that advocates for either θ = L or θ = R (or both). First, the regulator

makes a binary decision to either Not Censor or Censor. The decision to Not Censor permits all

information, regardless of whether it contains misinformation. The decision to Censor allows

the regulator to censor 0 < δ < 1 fraction of the misinformation that appears (where δ is a given

technology parameter). Agents can observe whether the regulator has chosen to Not Censor or

Censor. This assumption is natural given, for example, observed tags that certain content was

deleted due to policy violations on Twitter.7

However, if the regulator chooses Censor, it selects a value 0 ≤ ρ ≤ 1 of the δ misinformation

arguing for θ = R to censor (and censors 1 − ρ of the δ misinformation arguing for θ = L). That

is, a policy that chooses ρ = 0 removes only the L misinformation (up to the total amount of L

misinformation) but a policy that chooses ρ = 1 removes only R misinformation (up to the total

amount of R misinformation). The type of misinformation removed (i.e., the regulator’s choice

7See, for example, https://help.twitter.com/en/rules-and-policies/notices-on-twitter.
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of ρ) cannot be observed by the users.

We assume the regulator’s objective is to minimize the likelihood of society mislearning the

truth. The following characterizes the optimal strategy of the regulator:

Theorem 1. The regulator should implement Censor for the DeGroot society but Not Censor for

the Bayesian society.

Theorem 1 states that censorship is always beneficial to a DeGroot society but will necessar-

ily backfire for a Bayesian one, so the optimal censorship policy critically depends on the so-

phistication of the agents. With DeGroot agents, who take information at face value, censoring

misinformation advocating for (likely) the incorrect state is more likely to nudge beliefs toward

this state, and is better off being removed. Thus, censoring can be useful for learning. However,

we remark that the regulator does not necessarily employ a bang-bang censorship policy (ρ = 0

or ρ = 1) for DeGroots, as seen in the simulations presented in Appendix B.1.

On the other hand, any censorship policy allows (Bayesian) agents to rationalize their prior

beliefs more strongly. Because ε > 0, it is always possible the regulator is erroneous in his as-

sessment of the truth. When the censored content is unobservable, more extreme narratives

are possible: right-wing believers can spin a narrative the regulator is removing right-wing con-

tent, whereas left-wing believers can spin a narrative the regulator is removing left-wing content.

This forces the hand of the regulator, who has no choice but to allow all content to exist (i.e., Not

Censor) in Bayesian communities.

4.2 Policy II: Provision of Diverse Content

In 1949, the FCC introduced a policy known as the “fairness doctrine” which required news

providers to present both sides of a controversial issue (see Simmons (1976)). This policy was

eliminated in 1987, giving rise to news outlets that were heavily one-sided and paving the way for

partisan talk radio (Clogston (2016)). While one-sided news does not necessarily contain misin-

formation, it provides an avenue for presenting content that is skewed toward one perspective,

with misinformation (when it exists) also likely arising from this perspective. For example, a

liberal media outlet that is not required to present diverse content is more likely to present mis-

information in favor of θ = L. Hence, we assume a policy that requires “equal coverage” of both

sides of a topical issue, and model this as content being less likely to present strongly misleading

information toward one perspective.

A modern-day equivalent of the fairness doctrine is the idea of requiring social media plat-

forms to provide more diverse news feeds. As seen in Levy (2021), platforms typically try to
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increase user engagement by (algorithmically) recommending stories that match users’ profiles,

and this can result in “filter bubbles” that limit the scope of counter-attitudinal content that

users see. This has been linked to the propagation of misinformation and its influence on out-

comes such as the 2016 presidential race (see Allcott and Gentzkow (2017)). A proposed solution

is to regulate these algorithms in order to provide more diverse news, for example by requiring

content be shown “uniformly at random” from one’s social network, and not selectively filtered

(e.g., Sunstein (2018); Cen and Shah (2020)). This is similar to an equal-coverage policy, where

users of the social media platform ideally learn from a variety of sources with different perspec-

tives. As we discuss, the efficacy of this policy is highly dependent on the population type and

amount of misinformation in the system.

Analysis. We frame the provision of diverse (or counter-attitudinal) content as reducing the

probability that misinformation is heavily slanted toward one ideology or another. Formally, we

assume the policy introduces a new misinformation distribution F̃ (r) = γδDirac(r−1/2)+γF (r),

where δDirac(r− 1/2) is a Dirac delta function centered at r = 1/2 and γ is a (fixed) scalar param-

eter specifying the intensity of a policy to implement content diversity. See.

Moreover, we let q∗ denote the threshold at which misinformation is large enough that both

Bayesian and DeGroot societies mislearn with positive probability, which is incidentally the

same across both society types, given our assumptions onH and F . Our main result establishes:

Theorem 2. Implementing the equal-coverage policy always improves learning for DeGroot agents.

For Bayesian agents, there exists q∗∗ > q∗ such that for q ∈ (q∗, q∗∗), implementing equal-coverage

improves learning, but for q > q∗∗, the equal-coverage policy backfires and reduces the probability

of learning.

Theorem 2 states that the equal-coverage policy works well for DeGroot agents, but that a

“Pandora’s box” effect exists for the Bayesians: the policy works well as long as misinformation

is not extensive, but once the amount of misinformation crosses a certain threshold, the pol-

icy becomes ineffective. Essentially, this result states that the effects of eliminating the fairness

doctrine and equal coverage (partisan news and consistent disagreement) cannot simply be re-

versed by requiring that news is covered in an equal and fair manner. Recent empirical evidence

provides support for this backfire potential: by encouraging Twitter users to follow informational

sources that oppose their ideology (e.g., encouraging conservatives to follow liberals and vice

versa) can actually lead to more disagreement (e.g., make the conservatives more conservative)

and hurt learning Bail et al. (2018). Similar outcomes were observed when personalized Twit-

ter feeds were replaced by more diverse ones during the Argentine presidential debates Di Tella
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(a) When misinformation is above q∗ but below q∗∗ (b) Misinformation exceeds the threshold q∗∗

Figure 2. Figures 2a and 2b compare the equal-coverage policy when misinformation is high
(but manageable) as opposed to when it is unmanageable.

et al. (2021). The gap between q∗ and q∗∗ is explored numerically in Appendix B.2.

The intuition behind this result is as follows. When misinformation is evenly split between

left and right ideologies, and because DeGroot agents take their messages at face value, the or-

ganic messages are more likely to dominate and allow the truth to be revealed. This means the

equal-coverage policy unambiguously improves learning outcomes for this group of agents.

However, this effect is not necessarily true with a Bayesian society, as in Figures 2a and 2b. To

see this, suppose the true state is L. With low amounts of misinformation (as in Figure 2a), the

amount of right-leaning misinformation needed to spin multiple narratives (given by the verti-

cal dashed line) is low enough that making misinformation more balanced improves outcomes.

However, when misinformation is exorbitantly high (as in Figure 2b), the right-leaning misin-

formation threshold is much lower. In this way, moving the extreme cases of misinformation

toward the center actually permits more narrative spinning. This occurs because both ideolog-

ical perspectives are more easily able to (rationally) dismiss the coverage from the other side as

misinformation.

4.3 Policy III: Accuracy Nudging

Nudging has emerged as one of the less-interventionist choices that policymakers have at their

disposal (Thaler and Sunstein, 2009), the idea being that a gentle pointer towards desired be-

havior can be enough to influence outcomes in meaningful ways. The policy has been recently

studied in the context of misinformation in field experiments such as Pennycook et al. (2021,

2020). Following this line of work, we consider a policy that shifts the attention of agents toward

the accuracy of the messages they receive, with the goal of making agents more aware of the
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possible presence of misinformation.

Analysis. Recall that Bayesian agents have a fully specified learning model, in that they are aware

of the presence of misinformation. Reminding these agents that the information they receive is

possibly inaccurate does not affect their posterior beliefs or how they process information. On

the other hand, recall that DeGroot agents form their beliefs by doing a Bayesian updating on

the news they receive and a simple weighted averaging over the beliefs of their neighbors. The

nudge/reminder provides a more accurate Bayesian posterior of their belief based on content

alone, i.e., it alerts them to the possibility that news contains inaccurate information. However,

note it does not endow the DeGroots with fully “Bayesian” abilities in processing beliefs from

others (i.e., ignore redundant information or factor in other agents’ ideological priors). Thus,

in some ways nudged DeGroots have intermediate sophistication between plain DeGroots and

plain Bayesians.

Formally, at t = 1, a DeGroot agent iwho receives messagemi = R, forms beliefs about θ = R

according to:

πi,1 =

∫ 1

0

(p(1− q) + qr)πi,0
p(1− q)πi,0 + (1− p)(1− q)(1− πi,0) + qr

f(r) dr

When there is no misinformation, this reduces to the standard DeGroot update based on the

observed content (but with no nudging):

πi,1 =
pπi,0

pπi,0 + (1− p)(1− πi,0)

However, in the more general case with misinformation (i.e., q > 0), this policy nudges the pos-

terior closer to the truth (in expectation) for all prior beliefs πi,0. The case of mi = L follows a

similar update (see Appendix B.3).

In our next result, we characterize the impact of an accuracy nudging policy:

Theorem 3. Accuracy nudging does not affect Bayesian learning and when F is symmetric, does

not affect DeGroot learning. When F is asymmetric, accuracy nudging has an ambiguous effect

on learning outcomes.

As Theorem 3 shows, accuracy nudging can be an effective policy for DeGroot societies, but

has similar backfire potential. Most prominently, accuracy nudging can be too subtle of a policy

to be effective. When misinformation is not likely to be skewed toward the incorrect state (e.g.,

F is symmetric), then the net effect from nudging is nothing – nudging makes DeGroot agents

more tethered to their ideological priors, like Bayesian agents, but does not facilitate learning.

However, if the regulator knows that most misinformation is probably opposing θ (e.g., misin-
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formation arguing COVID vaccines are unsafe), then nudging can be effective (see the proof of

Theorem 3 in Appendix A). Simulations in Appendix B.3 show how learning outcomes change as

a result of the nudge. This is summarized in Table 1.

No Effect Helps Hurts

88.4% 7.8% 3.8%

Table 1. Outcome of Accuracy Nudging Simulation (Appendix B.3).

Table 1 shows that, generally, the policy is too gentle (i.e., nudging usually has no effect), but

the policy typically helps learning more often than it hurts learning. This corroborates repli-

cation studies on accuracy nudging that question the statistical significance of this policy in

reducing the influence of misinformation (Roozenbeek et al., 2021).

More surprisingly, an accuracy nudge can backfire because it makes DeGroot agents more

skeptical about all the information they receive. While the extra diligence in vetting information

leads them to identify misinformation more often, it can also make them discard accurate in-

formation as misinformation. This implies that, depending on how much misinformation there

is in the system, encouraging agents to think more carefully about the information they receive

can lead to an overall decline in learning. This mechanism is reminiscent of the “distrust mind-

set” identified in previous work such as Ognyanova et al. (2020); Kwon and Barone (2020); Park

et al. (2020).

Another interesting aspect of nudging is that a nudged DeGroot society can perform better

than both (unnudged) DeGroots and Bayesians. Because nudging improves the awareness of

DeGroots, it pushes them towards more Bayesian-like behavior, but importantly, they do not

become full-on Bayesian. This intermediate reasoning ability allows them to outperform both

extremes and can be, in fact, first-best for learning the true state.

Remark — We assume accuracy nudging is effective for all DeGroots. An alternative formulation

is that accuracy nudging only works with some probability. For example, it is only effective for

ζ ∈ (0, 1) proportion of DeGroot agents but is dismissed by the other 1 − ζ proportion. We note

that the statement of Theorem 3 remains unchanged under this alternative formulation, but for

lower values of ζ, the “no effect” outcome from nudging (seen in Table 1) will become even more

pronounced.

13



4.4 Policy IV: Performance Targets

We consider a policy where the regulator imposes a performance target – a target that requires

misinformation on the platform to be below a certain level.8 A natural, but unrealistic, regula-

tion is to require social media platforms to set the misinformation target at 0%. As Candogan and

Drakopoulos (2020) identify, this is likely to decrease engagement on the platform . It also pro-

vides a plethora of perverse incentives; for example, it can shift the attention of the platform to-

ward eradicating misinformation at the cost of neglecting other unmeasured/unregulated obli-

gations, or it can lead to a narrower definition of what constitutes misinformation and make

reporting it harder. Thus, while decreasing misinformation is beneficial, setting a performance

target too low can have undesired effects. In this section, we consider the problem of setting the

optimal performance target for the platform.

Analysis. The motivation for adopting a misinformation performance target is to decrease the

likelihood that agents will be influenced and learn incorrectly from misleading content that ap-

pears. Unsurprisingly, mislearning is monotonically increasing in misinformation (as proven in

Mostagir and Siderius (2021)). Thus, if we assume the regulator wants to hit a mislearning target

λ > 0,9 there is a unique corresponding misinformation target q(λ) it needs to achieve. Setting

the misinformation target too high under-regulates: mislearning is high relative to the moral

hazard cost. However, setting the misinformation target too low over-regulates: it leads to very

little mislearning at the neglect of other obligations.

For the same λ, this misinformation threshold q(λ) may depend on the society type. We

denote by qB(λ) and qD(λ) the thresholds needed for the Bayesian and DeGroot societies, re-

spectively, to obtain mislearning rate λ.

Theorem 4. The regulator’s optimal policy sets qB(λ) < qD(λ) for all λ > 0.

There are two key takeaways from Theorem 4. First, it contradicts the classical intuition that

more sophisticated societies are more resistant to misinformation. For example, experimen-

tal evidence that shows that a sophisticated population requires a performance target of q(λ)

implies that a less sophisticated population requires even less regulation to obtain the same

mislearning rate. Second, it implies that if the regulator is ignorant about the sophistication of

8In particular, Facebook (2020) proposes the following possible regulatory action:

“Governments could also consider requiring companies to hit specific performance targets, such as
decreasing the prevalence of content that violates a site’s hate speech policies.”

9As stated in the white paper from Facebook (2020), a performance target should “hold companies accountable
for the ends they have achieved rather than ensuring the validity of how they got there.”
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Policy Bayesian Population DeGroot Population

Censorship Backfire Effective
Diverse Content Ambiguous Effective

Accuracy Nudging No Effect Ambiguous
Performance Targets Ambiguous Ambiguous

Table 2. Summary of Policy Efficacy. (Key: Backfire = Guaranteed to make learning worse; Effec-
tive = Guaranteed to make learning better; Ambiguous = Sometimes improves and sometimes
worsens learning; No Effect = Guaranteed to have no effect on learning.)

the agents on the platform, setting a performance target can backfire. If a DeGroot society is

mistaken as a Bayesian one, it will be over-regulated whereas if a Bayesian society is mistaken

as a DeGroot one, it will be under-regulated. Thus, controlling misinformation through perfor-

mance targets depends critically on the sophistication type of the population. Simulations (in

Appendix B.4) show that the gap between qB and qD can be quite significant, especially when the

regulator sets a mislearning target λ in the intermediate range between 0 and 1.

5 Conclusion

This paper argues that agent sophistication is an important factor to consider when drawing up

policies to stop misinformation. Agents learn in different ways and as a result their responses to

regulations might also be different or even unexpected. Not accounting for sophistication might

lead to ineffective policies or to outcomes that are worse than if the policy was not put in place

to begin with.

The policies we study are directly informed by the current conversation in the public sphere

between policymakers, researchers, and platforms. In evaluating these policies, we have con-

sidered the two main models in the social learning literature, Bayesian and DeGroot learning.

Table 2 summarizes our findings: some policies, like censorship or provision of diverse content,

are clearly sensitive to the population type. They unambiguously help the DeGroot agents but

could be ineffective or outright harmful if used in a Bayesian society. Accuracy nudging and

setting performance targets have more subtle effects, where for the same population the policy

might help or hurt depending on the parameters of the environment.

An interesting point that comes out of our focus on sophistication type is the following. Sec-

tion 4.3 shows that it is possible to boost the sophistication of DeGroots through nudging in a

way that makes them more sophisticated than DeGroots but less sophisticated than Bayesians,

and that this moderate sophistication can outperform both pure types. A natural question is
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whether there is a policy that can do the same for Bayesians, i.e., makes them behave in a less

sophisticated fashion in order to obtain better learning outcomes. Another question is to think

how these results would extend to a mixed society that combines both types of agents, or that

has even more heterogeneity when it comes to strategic sophistication.

Finally, while we studied the effects of distinct policies, it is possible that a combination of

these (and other) policies can be used in conjunction with one another to deliver outcomes that

improve on any of the policies used in isolation. This is similar to the idea of “policy cocktails”

in Jackson (2021), where a mixture of policies is proposed to address inequality. Thinking about

combination of policies is a natural next step in the fight against misinformation and constitutes

another area of promising future work.
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Appendix

A Proofs

Proof of Theorem 1. For a Bayesian society, we show (i) the regulator always has a (weak) pref-
erence for Not Censor over Censor, and (ii) has a strict preference for Not Censor over Censor
when choosing a strategy that depends on the research signal s. This implies that Not Censor
(weakly) dominates Censor for Bayesian societies. For a DeGroot society, we show (i) the regu-
lator can always obtain the same likelihood of learning as Not Censor by choosing Censor and
ρ = 1/2, and (ii) can do strictly better than Not Censor when ε is sufficiently small. This implies
that Censor (weakly) dominates Not Censor for DeGroot societies.

Part 1: We establish that if the regulator chooses Censor and some distribution σ over ρ (which
is unobservable to the society),10 mislearning occurs with (weakly) higher probability that when
Not Censor is chosen. Note that if σ is a pure strategy independent of the signal s that the regula-
tor receives, then the original signal distribution can be backed out perfectly by every Bayesian
agent. To see this, note that if the distribution of R messages is κ′ after censorship, then the
original distribution of R messages (κ) is given by:

κ′ =
κ− δρ
1− δ

=⇒ κ = κ′(1− δ) + δρ

which implies that learning is unaffected by the censorship policy.
If σ is a mixed strategy, but still independent of s, then there is a set of possible original

message distributions {κ1, κ2, . . . , κk}, given the observed κ′, one for each of the k choices of ρ
that have support in σ. Let each of these have likelihood {ζ1, ζ2, . . . , ζk} in the mixed strategy ρ
of the regulator. Then the posterior belief of a Bayesian agent at t = 2 is given by:

πi,2 =
k∑
`=1

ζ`
ηR` πi,0

ηR` πi,0 + ηL` (1− πi,0)
(3)

where ηR` and ηL` are the likelihood of the R narrative and L narrative, respectively, given (unob-
served, but inferred) original signal distribution κ` before policy `. Because H and F have full
support, the probability of learning is given by:

P[θ = L | s]
k∑
`=1

ζ`P
[
ηR` = 0 | s

]
+ P[θ = R | s]

k∑
`=1

ζ`P
[
ηL` = 0 | s

]
This is a direct consequence of the fact that if ηR` > 0 but θ = L, then there exists an agent i
with sufficiently large πi,0 < 1 (via the full support assumption on H) such that all agents j with
πj,0 > πi,0 mislearn, so society mislearns, via Equation (3). A symmetric argument applies for
ηL` > 0 but θ = R.

For σ to be a best response for the regulator, it must be the case that:

P[θ = L | s]P
[
ηR` = 0 | s

]
+ P[θ = R | s]P

[
ηL` = 0 | s

]
= P[θ = L | s]P

[
ηR`′ = 0 | s

]
+ P[θ = R | s]P

[
ηL`′ = 0 | s

]
10For simplicity, we will assume the mixed strategy here is a discrete probability distribution over ρ, but the proof

technique generalizes to continuous distributions of σ, albeit slightly more involved.
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for all `, `′ (otherwise, the regulator has a profitable deviation). Thus, the rate of mislearning
is the same as the rate of mislearning if the regulator instead played one of ` ∈ {1, . . . , k} with
probability 1, which as we established before does not improve or hurt learning.

We next consider a strategy σ for the regulator that depends on s; in particular, the regulator
plays σL when s = L and plays σR when s = R. We assume the former has support over kL
policies {ρL1 , ρL2 , . . . , ρLkL} whereas the latter has support over kR policies {ρR1 , ρR2 , . . . , ρRkR}. For a
given policy action ρ, there are two cases:

(i) s = L: Then the distribution of R messages is given by κ′L =
κ′1−δρ`L
1−δ .

(ii) s = R: Then the distribution of R messages is given by κ′L =
κ′2−δρ`R
1−δ .

Thus for a given realization κ′ distribution of messages, we can back out each of the true distri-
butions κL, κR:

κL = κ′L(1− δ) + δρL`

κR = κ′R(1− δ) + δρR`

Let ηRL,` and ηLL,` denote the likelihood of the R narrative and L narrative (respectively) condi-
tional on the regulator’s signal being s = L and ηRL,` and ηLL,` denote the likelihood of the R
narrative and L narrative (respectively) conditional on the regulator’s signal being s = R. By the
full support assumption on H and F and assuming ε > 0, for any censorship policy (ρL` , ρ

R
` ), the

probability of learning is similarly given by:

P[θ = L | s]
k∑
`=1

ζs`P
[
ηRL,` = 0 ∩ ηRR,` = 0 | s

]
+ P[θ = R | s]

k∑
`=1

ζs`P
[
ηLL,` = 0 ∩ ηLR,` = 0 | s

]
which is strictly less than the learning probability under a strategy where σ is independent of s:11

P[θ = L | s]
k∑
`=1

ζ`P
[
ηL` = 1 | s

]
+ P[θ = R | s]

k∑
`=1

ζ`P
[
ηR` = 1 | s

]
which yields the same learning probability as Not Censor, as mentioned before. This means
Censor with a σ strategy that depends on s is never a best response for the regulator.

Part 2: Unlike the Bayesian society, recall that the learning dynamics of a DeGroot society do not
react to the censorship strategy (due to a lack of strategic sophistication). Note that when θ = L,
the fraction of R messages (κ) is given by

κ =
(1− p)(1− q) + qr − δρ

1− δ

and mislearning occurs with probability

P
[
r ≥ δ(2ρ− 1) + 2p(1− q) + 2q − 1

2q

]
= P

[
r ≥ 1− 2(1− q)(1− p)

2q

]
11This follows from the fact that the event {ηRL,` = 0∩ηRR,` = 0} is a subset of the event {ηR` = 0} for any censorship

policy `.
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when ρ = 1/2. By Lemma 1 in Mostagir and Siderius (2021), this is exactly the probability of
mislearning for DeGroot agents in the baseline model (i.e., with Not Censor) when θ = L.

Similarly, when θ = R, the fraction of R messages is given by

κ =
p(1− q) + qr − δρ

1− δ

and mislearning occurs with probability

P
[
r ≤ 1 + δ(2ρ− 1)− 2p(1− q)

2q

]
= P

[
r ≤ 1− 2(1− q)p

2q

]
when ρ = 1/2. Again, by Lemma 1 in Mostagir and Siderius (2021), this is the probability of
mislearning when the regulator plays Not Censor when θ = R.

Finally, note that as ε → 0, the regulator can (strictly) improve DeGroot learning outcomes
by electing to take action Censor and ρ → 1 (resp. ρ → 0) when θ = L (resp. θ = R) instead of
Not Censor. Because ε→ 0, the probability that s = θ converges to 1, and the optimal regulation
is to maximize the likelihood of more messages arguing for s. (This is a consequence of Lemma
1 in Mostagir and Siderius (2021).) Note the distribution of R messages when θ = L is given
by qr+(1−q)(1−p)−δρ

1−δ and when θ = R is given by qr+(1−q)p−δρ
1−δ . A policy of ρ = 1 maximizes the

likelihood that there are more than half R messages and ρ = 0 maximizes the likelihood that
there are more than half L messages (which strictly outperforms Not Censor). Both of these
strictly improve on ρ = 1/2, and by continuity, ρ = 0 and ρ = 1 strictly improve on ρ = 1/2 as
ε→ 0. Thus, Censor is optimal for the regulator.

Proof of Theorem 2. As in the proof of Theorem 1, we first prove the result for the Bayesian
society and then prove it for the DeGroot society. Because the regulator’s policy affects only F ,
which is considered common knowledge for Bayesians and does not affect learning dynamics
for DeGroots, we can apply Lemmas 1 and 2 from Mostagir and Siderius (2021) identically under
this new misinformation distribution.

Part 1: Note that F̃ still has full support for all γ. Using Lemma 2 in Mostagir and Siderius (2021),
the Bayesian society mislearns if and only r ≥ (2p−1)(1−q)

q when θ = L and mislearns if and only

if r ≤ 1 − (2p−1)(1−q)
q when θ = R. Let r∗ denote the cutoff where mislearning happens, i.e.,

r∗L = (2p−1)(1−q)
q for θ = L and r∗R = 1− (2p−1)(1−q)

q for θ = R. Observe that when q < 2(2p−1)
4p−1 both

r∗L and r∗R are greater than 1/2, but when q > 2(1−2p)
1−4p both r∗L and r∗R are less than 1/2. Moreover,

note that when q > 2p−1
2p , then r∗L, r

∗
R ∈ (0, 1) so mislearning occurs with positive probability.

Let us take q∗∗ = 2(2p−1)
4p−1 and q∗ = 2p−1

2p , where it is clear that q∗∗ > q∗. When q ∈ (q∗, q∗∗), it

is clear there is mislearning with positive probability under both the original F and F̃ . We focus
on the case of θ = L, noting that the analysis for θ = R follows the exact same technique. Note,
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however, for values of q ∈ (q∗, q∗∗):

PF̃ [r ≥ r∗L] = PF̃ [r ≥ r∗L|r > 1/2]PF̃ [r > 1/2] + PF̃ [r ≥ r∗L|r ≤ 1/2]PF̃ [r ≤ 1/2]

= PF [r ≥ r∗L|r > 1/2](PF [r > 1/2]− γ) + PF [r ≥ r∗L|r ≤ 1/2](PF [r ≤ 1/2] + γ)

= PF [r ≥ r∗L|r > 1/2](PF [r > 1/2]− γ)

≤ PF [r ≥ r∗L|r > 1/2]PF [r > 1/2]

= PF [r ≥ r∗L|r > 1/2]PF [r > 1/2] + PF [r ≥ r∗L|r ≤ 1/2]PF [r ≤ 1/2]

= PF [r ≥ r∗L]

so mislearning occurs more often under F than under F̃ . On the other hand, when q > q∗∗:

PF̃ [r ≥ r∗L] = PF̃ [r ≥ r∗L|r ≥ 1/2]PF̃ [r ≥ 1/2] + PF̃ [r ≥ r∗L|r < 1/2]PF̃ [r < 1/2]

= PF [r ≥ r∗L|r ≥ 1/2](PF [r ≥ 1/2] + γ) + PF [r ≥ r∗L|r < 1/2](PF [r < 1/2]− γ)

= PF [r ≥ 1/2] + γ + PF [r ≥ r∗L|r < 1/2](PF [r < 1/2]− γ)

= PF [r ≥ 1/2] + PF [r ≥ r∗L|r < 1/2]PF [r < 1/2] + γ(1− PF [r ≥ r∗L|r < 1/2])

≥ PF [r ≥ 1/2] + PF [r ≥ r∗L|r < 1/2]PF [r < 1/2]

= PF [r ≥ r∗L|r ≥ 1/2]PF [r ≥ 1/2] + PF [r ≥ r∗L|r < 1/2]PF [r < 1/2]

= PF [r ≥ r∗L]

so mislearning occurs more often under F̃ than F .

Part 2: Note that by Lemma 1 of Mostagir and Siderius (2021), the DeGroot society mislearns if
r ≥ 1−2(1−q)(1−p)

2q ≡ r∗L when θ = L and r ≤ 1−2(1−q)p
2q ≡ r∗R when θ = R. It is easy to verify that

when p > 1/2 and q < 1, both r∗L > 1/2 and r∗R < 1/2. Therefore, when θ = L, for all values of q:

PF̃ [r ≥ r∗L] = PF̃ [r ≥ r∗L|r > 1/2]PF̃ [r > 1/2] + PF̃ [r ≥ r∗L|r ≤ 1/2]PF̃ [r ≤ 1/2]

= PF [r ≥ r∗L|r > 1/2](PF [r > 1/2]− γ) + PF [r ≥ r∗L|r ≤ 1/2](PF [r ≤ 1/2] + γ)

= PF [r ≥ r∗L|r > 1/2](PF [r > 1/2]− γ)

≤ PF [r ≥ r∗L|r > 1/2]PF [r > 1/2]

= PF [r ≥ r∗L|r > 1/2]PF [r > 1/2] + PF [r ≥ r∗L|r ≤ 1/2]PF [r ≤ 1/2]

= PF [r ≥ r∗L]

so mislearning occurs more often under F than F̃ . A similar approach shows there is more
mislearning under F than F̃ when θ = R using the cutoff r∗R.

Proof of Theorem 3. By definition, nudging does not affect the Bayesian society, so learning re-
mains unaffected. The rest of the proof (DeGroot learning) involves three parts: (i) showing that
learning is unaffected when F is symmetric, (ii) an example showing that learning can improve
when F is asymmetric, and (iii) an example showing that learning can become worse when F is
asymmetric.

Let πMi,1 be the posterior belief of a DeGroot agent i who takes into account possible misin-

formation, e.g., πMi,1 =
∫ 1
0

(p(1−q)+qr)πi,0
p(1−q)πi,0+(1−p)(1−q)(1−πi,0)+qr f(r) dr when mi = R, whereas let πNi,1 be

the posterior belief of a DeGroot agent i who is naive and does not, e.g., πNi,1 =
pπi,0

pπi,0+(1−p)(1−πi,0)
when mi = R. (M is to represent misinformation-cognizant and N is to represent naive.)
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Part (i): Suppose F is symmetric. First, we show πNi,1 − πMi,1 when the message is mi = R for belief
πi,0 < 1/2 is the same as πMi,1−πNi,1 when the message ismi = L for belief 1−πi,0 > 1/2. Consider:

πNi,1 − πMi,1 |mi = R =

∫ 1

0

[
pπi,0

pπi,0 + (1− p)(1− πi,0)
− (p(1− q) + qr)πi,0
p(1− q)πi,0 + (1− p)(1− q)(1− πi,0) + qr

]
f(r) dr

=

∫ 1

0

[
pπi,0

pπi,0 + (1− p)(1− πi,0)
− (p(1− q) + q(1− r))πi,0
p(1− q)πi,0 + (1− p)(1− q)(1− πi,0) + q(1− r)

]
f(r) dr

=

∫ 1

0

(2p− 1)q(1− r)(1− πi,0)πi,0
(1− p+ πi,0(2p− 1))(1− πi,0 + q(πi,0 − r)− p(1− q)(1− 2πi,0))

f(r) dr

=

∫ 1

0

[
((1− p)(1− q) + q(1− r))(1− πi,0)

(1− p)(1− q)(1− πi,0) + p(1− q)πi,0 + q(1− r)
− (1− p)(1− πi,0)

(1− p)(1− πi,0) + pπi,0

]
f(r) dr

= πMj,1 − πNj,1 |mj = L

for an agent j with πj,0 = 1− πi,0.
Next we consider the mass of agent i with prior πi,0 (equal to h(πi,0)) and the mass of agent

j with prior πj,0 = 1 − πi,0 (equal to h(πj,0)). Notice that h(πi,0) = h(πj,0) because of symmetry
in H . Note that both the set of agents with the same belief as i (call these i-class agents) and the
set of agents with the same belief as j (call these j-class agents) receive the same distribution of
L and R messages as N → ∞. Let us consider the average belief of i-class and j-class agents,
and further partition these into (i, L), (i, R), (j, L), (j, R) classes depending on which message
the agent received. Notice the average belief is given by:

1

2h(πi,0)

∫
k∈∪(i,L),(i,R),(j,L),(j,R)

πMk,1 − πNk,1

=
1

2h(πi,0)

[∫
k∈(i,R)

πMk,1 − πNk,1 +

∫
k∈(j,L)

πMk,1 − πNk,1 +

∫
k∈(i,L)

πMk,1 − πNk,1 +

∫
k∈(j,R)

πMk,1 − πNk,1

]

When there are more L messages than R messages, the first expression can be offset entirely
by a fraction of the second, and the fourth expression can be offset entirely by a fraction of the
first. Thus, to measure 1

2h(πi,0)

∫
k∈∪(i,L),(i,R),(j,L),(j,R) π

M
k,1, it is enough to consider the leftover frac-

tion of agents in (i, L) and (j, L) who update but do not offset the updates of the agents in (j, R)
and (i, R). By symmetry of H , we know that 1

2h(πi,0)

∫
k∈∪(i,L),(i,R),(j,L),(j,R) πk,0 = 1/2, and because

agents k in (i, L) and (j, L) update such thatπk,1 < πk,0, it is clear that 1
2h(πi,0)

∫
k∈∪(i,L),(i,R),(j,L),(j,R) π

M
k,1 <

1/2. Integrating over all agents in the population (for all priors) and leveraging the symmetry of
H shows that the consensus is πk,2 < 1/2 for all agents k. Identical reasoning shows πk,2 > 1/2 if
there are more R messages than L messages.

Finally, we note that if and only if r ≥ (1−2(1−q)(1−p))/(2q) there are moreRmessages when
θ = L and if and only if r ≤ (1− 2(1− q)p)/(2q), there are more L messages when θ = R. Exactly
as in Lemma 1 of Mostagir and Siderius (2021), this shows that the DeGroot society mislearns
if and only if r ≥ (1 − 2(1 − q)(1 − p))/(2q) when θ = L and r ≤ (1 − 2(1 − q)p)/(2q) when
θ = R. This proves that accuracy nudging has no effect on learning in DeGroot societies when F
is symmetric.

Part (ii): We construct an example with an asymmetricF where learning improves from accuracy
nudging. Suppose the state is θ = L, total misinformation is q = 1/5, signal strength is p = 3/5,
and misinformation distribution F is as follows: with probability α, r is r1 = 1/2, and with
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probability 1 − α, r is r2 = 1.12 Moreover the population consists of half left-wing agents (with
πi,0 = 0.4) and half right-wing agents (with πi,0 = 0.6).13

When θ = R, the fraction of R messages is p(1 − q) + qr1 = 0.58 with probability α and
p(1 − q) + qr2 = 0.68 with probability 1 − α, whereas when θ = L, the fraction of R messages is
(1 − p)(1 − q) + qr1 = 0.42 with probability α and (1 − p)(1 − q) + qr2 = 0.52 with probability
1 − α. Without accuracy nudging, the DeGroot society learns with probability α and mislearns
with probability 1−α (this follows from symmetry ofH and Lemma 1 from Mostagir and Siderius
(2021)).

With accuracy nudging, beliefs in the population at t = 1 conditional on an R message is
given by:

πi,1 = α
(p(1− q) + qr1)πi,0

p(1− q)πi,0 + (1− p)(1− q)(1− πi,0) + qr1
+(1−α)

(p(1− q) + qr2)πi,0
p(1− q)πi,0 + (1− p)(1− q)(1− πi,0) + qr2

For πi,0 = .4, we have πi,1 ≈ .466 + .014α, whereas when πi,0 = .6, we have πi,1 ≈ .662 + .012α.
The average belief is given approximately by .564 + .012α. Conversely, beliefs in the population
at t = 1 conditional on an L message is given by:

πi,1 =α
((1− p)(1− q) + q(1− r1))πi,0

(1− p)(1− q)πi,0 + p(1− q)(1− πi,0) + q(1− r1)

+ (1− α)
((1− p)(1− q) + q(1− r2))πi,0

(1− p)(1− q)πi,0 + p(1− q)(1− πi,0) + q(1− r2)

For πi,0 = .4, we have πi,1 ≈ .308 + 0.018α, whereas when πi,0 = .6, we have πi,1 ≈ .500 + .020α.
The average belief is given approximately by .404 + .019α.

When r = r1, terminal beliefs are given by:

πi,2 ≈ ((1− p)(1− q) + qr1)(.564 + .012α) + (p(1− q) + q(1− r1))(.404 + .019α) = .471 + .017α

and when r = r2, terminal beliefs are given by:

πi,2 ≈ ((1− p)(1− q) + qr1)(.564 + .012α) + (p(1− q) + q(1− r1))(.404 + .019α) = .487 + .016α

Thus, provided that α ≤ 0.81, the DeGroot society that is accuracy nudged learns with proba-
bility 1 which is strictly greater than the α probability of learning without the nudge. (When α
is too large, there is too little likelihood that r = r2 and nudged DeGroots are more skeptical of
L content, even though most of the misinformation is in fact arguing for R, so the nudge is less
effective.)

Part (iii): We consider the same parameters as from Part 2, with the exception of a different asym-
metric F given by r = r1 = 0 with probability α and r = r2 = 0.8 with probability 1 − α. When
θ = L, the fraction of R messages is given by (1 − p)(1 − q) + qr1 = 0.32 with probability α and
(1 − p)(1 − q) + qr2 = 0.48 with probability 1 − α. When the true state is L, the DeGroot society
without an accuracy nudge learns θ with probability 1.

Using the same technique as before, when r = r1, terminal beliefs are given by:

πi,2 ≈ ((1− p)(1− q) + qr1)(.569 + .028α) + (p(1− q) + q(1− r1))(.413 + .023α) = .463 + .025α

12 Note that while this is a discrete distribution, the same conclusions hold for a continuous distribution that ap-
proaches αδ(r − 1/4) + (1− α)δ(r − 4/5).

13See Footnote 12.
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and when r = r2, terminal beliefs are given by:

πi,2 ≈ ((1− p)(1− q) + qr1)(.569 + .028α) + (p(1− q) + q(1− r1))(.413 + .023α) = .487 + .025α

Notice that when α ≥ 0.52, when r = r2, the accuracy nudged DeGroot agents mislearn. Thus,
when 0.52 < α < 1, the accuracy nudged DeGroot agents learn with probability α < 1, which is
strictly worse than the baseline of almost sure learning with no accuracy nudge.

Proof of Theorem 4. Let us fix the state θ = L for concreteness (an identical analysis applies for
θ = R). Given that H and F have full support and H is symmetric, we know by Lemma 1 (resp.
Lemma 2) in Mostagir and Siderius (2021) that mislearning occurs in a DeGroot (resp. Bayesian)
population if and only if r ≥ 1−2(1−q)(1−p)

2q ≡ r∗D (resp. r ≥ (2p−1)(1−q)
q ≡ r∗B). Note that this implies

that both types of societies mislearn with positive probability if and only if q ≥ 2p−1
2p ≡ q∗. Thus,

if the mislearning target is λ > 0, it must be the case that q > q∗.
From the proof of Theorem 1(ii) in Mostagir and Siderius (2021), we know the DeGroot soci-

ety mislearns with strictly less probability than the Bayesian society when q > q∗. Moreover, it is
clear from the cutoffs r∗D, r

∗
B (in both populations) that the probability of mislearning is increas-

ing in q. Thus, the Bayesian society requires a lower misinformation threshold qB than qD for all
λ > 0.

B Simulation Details

B.1 Censorship

For simulations, we assume the regulator gets signal s = L but is not ex-ante biased toward one
belief of θ or another, starting with πr = 1/2. Under this assumption, the regulator has posterior
belief about θ after receiving signal s given by:

P[θ = R | s = L] =
P[s = L | θ = R]πr

P[s = L | θ = R]πr + P[s = L | θ = L](1− πr)
= ε

By removing ρδ (resp. (1− ρ)δ) content containing misinformation that argues for state R (resp.
state L), the proportion of content arguing for state R is given by:

κR =

{
p(1−q)+qr−ρδ

1−δ , if θ = R
(1−p)(1−q)+qr−ρδ

1−δ , if θ = L

the likelihood of DeGroot mislearning (by Lemma 1 in Mostagir and Siderius (2021)) is given by:

(1− ε) · P
[

(1− p)(1− q) + qr − ρδ
1− δ

≥ 1/2

]
+ ε · P

[
p(1− q) + qr − ρδ

1− δ
≤ 1/2

]
= (1− ε) · P

[
r ≥ δ(2ρ− 1) + 2p(1− q) + 2q − 1

2q

]
+ ε · P

[
r ≤ 1 + δ(2ρ− 1)− 2p(1− q)

2q

]
In the simulation that follows, we assume that F follows a triangular distribution a = 0, b =

1, c = 1/2 (i.e., there is roughly misinformation equally from both sides). Moreover, we let p =
3/5 and q = 2/5.

Figure 4 shows the optimal choice of ρ for the regulator who always elects Censor for DeG-
root agents, as per Theorem 1. A few observations emerge. First, when ε is low (so the research
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Figure 3. Optimal censorship split ρ for the regulator.

signal s is very indicative of θ), the optimal censorship policy is always to remove all misinforma-
tion arguing against the signal s. Second, as ε starts increasing (and the research signal becomes
noisier), the regulator still removes misinformation but becomes less tethered to signal s in this
removal, creating a more even split. As the research signal becomes very imprecise, the regu-
lator mostly focuses resources on removing misinformation from both sides equally (ρ ≈ 0.5).
Lastly, we note that as the misinformation detection technology δ improves, the regulator has
“great power and great responsibility.” In other words, the regulator should not over-exert her
belief of θ in the censorship policy, but provide more even censorship across ideological-charged
misinformation. In other words, a regulator

B.2 Provision of Diverse Content

Recall that DeGroot learning always benefits from more diverse content (per Theorem 2), so here
we focus on Bayesian learning. In Figure 4, we simulate q∗ (the level of misinformation at which
Bayesian mislearning occurs with positive probability) and q∗∗ (the level of misinformation at
which Bayesian mislearning is exacerbated by more diverse content) for different values of p.
The former is given by the solid blue line and the latter by the dashed red line, with the gap be-
tween them denoting the range for q where the diverse content policy strictly improves learning
outcomes for the Bayesian society. (Below the blue solid line learning occurs with probability
1 regardless of the policy, above the orange dashed line learning is made worse by the diverse
content policy, and in-between learning is improved by the diverse content policy.)

With highly informative content (i.e., p > 3/4), note that q∗∗ > 1/2, so the diverse content
policy is also effective in Bayesian societies (by assumption that q < 1/2). However, with organic
content that is not strongly correlated with θ, there is backfire potential when providing more
diverse content. Because the gap between q∗ and q∗∗ is increasing as the informativeness of
content (p) decreases, topics with more controversy are more likely to have a small “gap” for q
where the diverse content policy might actually be effective.
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Figure 4. q∗ and q∗∗ from Theorem 2.

B.3 Accuracy Nudging

We run a simulation with K = 106 trials to see the effectiveness (and backfire potential) of ac-
curacy nudging. We fix θ = L for concreteness. In this simulation, we assume p ∼ U [1/2, 1],
α ∼ U [0, 1], q ∼ U [0, 1/2], r1 ∼ [1/10, 1/2], and r2 ∼ [3/5, 1]. Moreover, we let half the population
begin with a left-leaning belief πL ∼ [0, 1/2] and half the population begin with the opposite
right-leaning belief πR ≡ 1− πL.

Without nudging, DeGroot agents will mislearn whenever (1− p)(1− q) + qr > 1/2, and with
the two values for r ∈ {r1, r2} (with r1 < r2), mislearning occurs with probability:

0, if (1− p)(1− q) + qr2 < 1/2

1/2, if (1− p)(1− q) + qr1 < 1/2 < (1− p)(1− q) + qr2

1, if (1− p)(1− q) + qr1 > 1/2

With nudging, we assume α ∼ U [0, 1], which determines the likelihood of drawing r1 (prob-
ability α) or r2 (or probability 1 − α). Beliefs at time t = 1, conditional on message R, are given
by:

{π′L |R} = α
(p(1− q) + qr1)πL

p(1− q)πL + (1− p)(1− q)(1− πL) + qr1
+ (1− α)

(p(1− q) + qr2)πL
p(1− q)πL + (1− p)(1− q)(1− πL) + qr2

{π′R |R} = α
(p(1− q) + qr1)πR

p(1− q)πR + (1− p)(1− q)(1− πR) + qr1
+ (1− α)

(p(1− q) + qr2)πR
p(1− q)πR + (1− p)(1− q)(1− πR) + qr2

Let {π |R} = ({π′L |R} + {π′R |R})/2. Beliefs at time t = 1, conditional on message L, are given
by:

{π′L |L} = α
((1− p)(1− q) + qr1)πL

(1− p)(1− q)πL + p(1− q)(1− πL) + qr1
+ (1− α)

((1− p)(1− q) + qr2)πL
(1− p)(1− q)πL + p(1− q)(1− πL) + qr2

{π′R |L} = α
((1− p)(1− q) + qr1)πR

(1− p)(1− q)πR + p(1− q)(1− πR) + qr1
+ (1− α)

((1− p)(1− q) + qr2)πR
(1− p)(1− q)πR + p(1− q)(1− πR) + qr2
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Once again, let {π |L} = ({π′L |L}+ {π′R |L})/2. Finally, mislearning occurs with probability:
0, if ((1− p)(1− q) + qr2){π |R}+ (p(1− q) + q(1− r2)){π |L} < 1/2

1/2, otherwise

1, if ((1− p)(1− q) + qr1){π |R}+ (p(1− q) + q(1− r1)){π |L} > 1/2

The results are presented in Table 1 of the main body.

B.4 Performance Targets

We suppose that F is uniformly distributed on [0, 1]. Then one can explicitly solve for the perfor-
mance targets in each population:

qD =
2p− 1

2(p− λ)
qB =

2p− 1

2p− λ

Letting p = 3/5, we obtain the performance targets for both the DeGroot and Bayesian societies
as a function of the mislearning target λ in Figure 5. As argued in Theorem 4, perhaps coun-
terintuitively, the DeGroot target should always be more lenient than the Bayesian target. Most
interestingly, the gap in optimal targets between the sophistication types is first increasing and
then decreasing. Thus, sophistication plays a critical role for regulators who set moderate goals
for mislearning rates.

Figure 5. Performance targets across sophistication type.

C Details of Networked Learning

We highlight the networked learning details present in Appendix B.4 of Mostagir and Siderius
(2021).

C.1 DeGroot and Bayesian Network Learning

In Section 3, we considered a model of learning where all agents observe the beliefs of all other
agents. However, this is often an unrealistic assumption, and there is a wide array of literature
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that considers the subtleties of learning when these observations are incomplete (see Golub
and Sadler (2017) for a survey). The common approach to modeling this incompleteness is to
assume there is a social network with pairwise connections that determines who can observe (or
talk to) whom. In this context, the model in Section 3 assumes a complete social network, which
simplifies the relevant dynamics to two periods.

In this section, we relax this assumption by considering arbitrary network architectures and
the richer learning dynamics that occur over a longer time horizon. Under relatively mild con-
ditions on the network structure, we show network learning leads to the same outcomes and
insights found in the more parsimonious complete network setting, thereby rendering our as-
sumption to be largely without loss of generality. We do this by building off of the previous
literature on network learning in both Bayesian and DeGroot populations.

Network Preliminaries. Recall, we assume that all agents are arranged in an undirected social
network G. A link i ↔ j denotes that agent i and agent j observe (or talk to) each other. We let
Ni denote the neighborhood of agent i (i.e., the set of agents j with i↔ j). The adjacency matrix
A of G is a binary matrix with [A]ii = 1 and [A]ij = 1 if and only if i↔ j. Let dGi be the degree of
agent i in G. We say a network G is k-regular if all agents have degree k.

We consider a discrete time model (as before) but with a much longer learning horizon T ,
t = 0, 1, 2, . . . , T . We let π̃i,t denote the belief of agent i at time t under network learning, whereas
πi,0, πi,1, and πi,2 denote the beliefs of agent i at time 0, 1, and 2, respectively, in the baseline
model (i.e., a complete network).

Bayesian Population. Network learning in settings with fully rational (i.e., Bayesian) agents has
been studied in many contexts, most notably in Acemoglu et al. (2011) and Gale and Kariv (2003).
As is common in many models of Bayesian network learning,14 we assume that the network
G and initial priors πi,0 are common knowledge.15 Bayesian agents observe the beliefs of all
agents in their neighborhoods for all t ≥ 1 (i.e., agent i observes at time t the beliefs from t − 1,
{πj,t−1}j∈Ni). Our next result shows that terminal beliefs in network learning indeed converge to
the terminal beliefs of the baseline model:

Lemma 1. Suppose G is connected. Then as T →∞, π̃i,T → πi,2.

This claim follows directly from Mueller-Frank (2013). While agents do not hold a common
prior about θ, common knowledge of the heterogenous priors {πj,0}Nj=1 allows agents to recali-
brate the (updated) beliefs they see to their own prior. It is clear that the private information at
t = 1 (i.e., the messages) are drawn from a finite partition of the θ state space (conditional on
misinformation split r). Thus, by Theorem 4 of Mueller-Frank (2013), all Bayesian agents un-
cover the private information (i.e., t = 1 messages) of all other agents (including non-neighbors)
in the network as T →∞, as is the case at t = 2 in the baseline model.

DeGroot Population. Due to demanding assumptions about the reasoning abilities of Bayesian
agents, “rule-of-thumb” learning has become a popular alternative model. The most common
model is that of Degroot (1974), and later expanded upon in works such as Golub and Jackson
(2010) and DeMarzo et al. (2003). In these models, agents are assumed to update their beliefs
using the simple heuristic of taking linear combinations of their neighbors’ beliefs. Formally,

14In addition to Acemoglu et al. (2011) and Gale and Kariv (2003), see Mueller-Frank (2014) and Mossel et al. (2014).
15An alternative assumption, which does not require strong common knowledge assumptions of non-neighbor

priors or the network structure, is that the size of the smallest neighborhood grows unboundedly as N →∞.
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agent i forms belief πi,t+1 at each time t by computing:

πi,t+1 =
1

1 + dGi

πi,t +
∑
j∈Ni

πj,t


Our next result provides conditions under which DeGroot learning over the network G leads to
the same terminal beliefs as in our baseline model:

Lemma 2. Suppose G is a connected, k-regular network. Then as T →∞, π̃i,T → πi,2.

This claim follows directly from Golub and Jackson (2010). First, by Proposition 1 in Golub
and Jackson (2010), observe that consensus is reached (as in the baseline model) because the
normalized adjacency matrix A is irreducible and aperiodic, the former following from the con-
nectedness assumption and the latter following from a positive diagonal on A. Second, by The-
orem 3 in Golub and Jackson (2010), the consensus belief of the agents as T → ∞ is given by
π̃i,∞ =

∑N
j=1 v

G
j πj,1 for all agents i, where vGj is the (eigenvector) centrality of agent j (according

to the row-stochastic normalized adjacency matrix A). Because vGj = dGj /
∑N

`=1 d
G
` , we obtain

by k-regularity that π̃i,∞ = 1
N

∑N
j=1 πj,1 = πi,2.

Observe that Lemma 2 requires an additional condition not present in Lemma 1, which is
that no agent is more “influential” than any other agent in the network G, as measured by her
degree. This is easily satisfied by many network topologies, including several classes of random
networks such as Erdos-Renyi networks (where links between agents occur uniformly at ran-
dom).

C.2 Multiple Messages

Let us consider the complete network setting of Section 3 for simplicity, but note that the reduc-
tion from arbitrary network learning discussed previously still applies.

In a Bayesian society withN →∞, by the strong law of large numbers, the first round of mes-
sages reveals the true fraction ofR messages, ρR, and the true fraction of Lmessages, ρL, almost
surely. Obtaining additional messages in subsequent rounds does not alter the (almost surely)
known values of ρR or ρL, thus, learning is entirely unaffected by more incoming messages.

In a DeGroot society, after the first round of messages, agents converge to a consensus about
θ which is a function of ρR (and ρL) alone. When H is symmetric, whether ρR > 1/2 or ρL > 1/2
determines if the consensus, call it π2, lies more toward state R (i.e., π2 > 1/2) or state L (i.e.,
π2 < 1/2). By the martingale property of Bayesian updating, it is easy to see that E[BU(π2) | ρR >
1/2 ; π2 > 1/2] > 1/2 and E[BU(π2) | ρR < 1/2 ; π2 < 1/2] < 1/2 (where BU is the Bayesian up-
date for DeGroot agents conditioning on the message, given by Equation (1) and Equation (2)).
Therefore, one can show by induction that beliefs remain on the same side of belief 1/2 as they
are at t = 2 for all t ≥ T , even with additional messages. Consequently, the likelihood of
(mis)learning is unaffected by any further stream of messages.
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