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Abstract

We introduce a model of a platform in which users encounter news of unknown

veracity. Users vary in their propensity to share news and can learn the veracity

of news at a cost. In turn, the production of fake news is both more sensitive to

sharing rates and cheaper than its truthful counterpart. As in traditional markets,

the equilibrium prevalence of fake news is determined by a demand and supply of

misinformation. However, unlike in traditional markets, the exercise of market power

is generally limited unless segmentation methods are employed. Combating fake news

by lowering verification costs can be ineffective due to the demand for misinformation

only being weakly reduced. Likewise, the use of algorithms that imperfectly filter news

for users can lead to greater prevalence and diffusion of misinformation. Our findings

highlight the important role of natural elasticity measures for policy evaluation.

1 Introduction

The spread of misinformation is a phenomenon that has gained substantial recent attention

due to the rise of social media platforms that facilitate the rapid diffusion of news. In the

2016 U.S. presidential election, for instance, Allcott and Gentzkow (2017) estimate that 760

million interactions with fake news occurred online, while Guess et al. (2020) show that

Facebook was a key gateway for landing on untrustworthy websites. According to Allen
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et al. (2020), however, the overall scale of the “fake news” problem is still debated, with

some arguing that exposure to fake news is low. However, the consequences can be real,

potentially influencing elections, financial markets, and disease spread,1 to the point that

the World Economic Forum has labeled it as a major global risks (see, e.g., Howell, 2013).

The pace at which internet access, social media usage, and deception technologies evolve

also suggest that this problem is far from disappearing.2

The response by key actors in the news world—most notably, social media platforms—

can be synthesized based on three tenets. First, professional, independent fact-checking is

required, resulting in the advent of a network of third-party fact checkers who verify the

accuracy of content.3 Second, the incentives of fake news producers must be weakened. For

example, in its business materials, Facebook now acknowledges to give less relevance to news

confirmed to be false and removes repeated offenders (“Fact Checking on Facebook”, 2020),

while initiatives such as the Global Disinformation Index4 rate untrustworthy websites in

an attempt to curtail their advertising revenue. Third, critically, it is the user who must

assess the veracity of news and ultimately choose how to act upon it. Flagged content

is now accompanied by either fact checkers’ reports or related material that provides the

user with context. The rationale for this policy can have technological grounds—e.g., it is

prohibitively costly for an algorithm to check all the content uploaded to a platform—but it

may also reflect a stance on the role of social media in society.5

In this paper, we introduce a flexible model of fake news that we leverage to better un-

derstand key economic forces driving the creation and diffusion of misinformation, as well

as to determine how these forces are affected by policy interventions. In light of the afore-

mentioned tenets, for instance, how impactful is the appearance of fact-checking that lowers

the verification costs borne by users? How are equilibrium outcomes affected by changes in

the attractiveness of the market as measured by the degree of competition on the supply

1For instance, a famous recent video named “Plandemic” promoted falsehoods surrounding the COVID-19
pandemic; see, e.g., DiResta and Garcia-Camargo (2020) for further details. Likewise, a temporary decrease
of $130 billion in stock value occurred after a false tweet stated that an explosion had injured Barack Obama
in 2013; see Rapoza (2017).

2By January 2020, 4.54 billion people were estimated to be using the internet, with 3.8 billion active social
media users, representing 7% and 9% yearly increases, respectively. As discussed in World Economic Forum
(2020), a major long-term concern is the use of artificial intelligence for misinformation purposes in the form
of “deepfake” videos. The latter substantially increases the costs of verification for laypeople.

3Moreover, Facebook also partners with fact-checking organizations that adhere to the International
Fact Checking Code of Principles (https://www.ifcncodeofprinciples.poynter.org)—a set of guidelines
intended to unify fact-checkers’ practices as well as their transparency—that is promoted by the Poynter
Institute for Media Sciences.

4See https://disinformationindex.org/ for further details.
5Lyons (2017) argues that this contextual approach works better at reducing sharing than exclusively

using labels.
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side? How effective is the implementation of internal filters that detect fake content before

reaching the platform’s users? A key asset of our model is that these and other questions

can be answered via a framework akin to the traditional supply and demand paradigm.

Model and findings. A platform is simply a venue where users encounter news that can

be true or false. When a user and a piece of news match, the user can choose to perfectly

learn the veracity of the news encountered at a fixed cost and subsequently opt to share

the news with an (unmodeled) group of followers. Importantly, users vary in their gains

and losses when sharing true versus false news, respectively. In our baseline model, we

capture such heterogeneity via a one-dimensional variable whereby high types enjoy more

when sharing truthful news and suffer less from passing on fake news. Finally, news are

homogeneous in their veracity from any user’s perspective, so the probability of the news

encountered being fake is simply the fraction of those types of news circulating—or the fake

news prevalence. In line with recent studies, we assume that fake news are cheaper to produce

than their truthful counterparts, and that their associated revenue is also more sensitive to

users’ sharing decisions.

The demand for misinformation maps, for any level of fake news prevalence, the mass of

users who share news without verifying them. These are the users who ultimately pass on

fake news, and their number declines as the prevalence of misinformation rises (i.e., demand

is downward sloping). The supply of misinformation maps, for any mass of users who share

without verifying, the fraction of firms that choose to produce fake news. Because fake news

are more sensitive to sharing rates, the number of firms willing to forgo the cost of producing

truthful news rises as the aforementioned mass of users grows larger (i.e., supply is upward

sloping). The equilibrium prevalence is thus determined via the intersection of these curves.

The properties of the demand for misinformation are shaped by users’ incentives to

verify and hence are central to our analysis. Naturally, verification has the scope to arise

only when its cost is below a threshold. Fixing any verification cost in the relevant range,

however, fake news prevalence matters: for low prevalence, the loss incurred when sharing

fake news happens so rarely that those who share skip verification; likewise, for sufficiently

high prevalence, the lowest type willing to share absent any verification technology is so high

that now her loss of sharing fake news is small. Thus, verification occurs only for intermediate

levels of prevalence, with users self-selecting into three groups: high types who determine

the demand for misinformation, intermediate types who verify and thus share only truthful

news, and low types who neither share nor verify.

Our first finding then pertains to reductions in verification costs not necessarily acting as

standard “demand shifters” that reduce demand at all possible levels of prevalence. Rather,
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demand can remain unchanged at extreme values of prevalence because users are insensitive

to such changes in those regions.6 Depending on the distance between (i) the equilibrium

level of prevalence when verification is not possible and (ii) a key level of prevalence around

which the demand for misinformation “contracts”, drops in verification costs may not lower

the equilibrium prevalence of fake news. Consequently, better verification mechanisms, while

affecting the demand, need not improve the veracity of information in the news market.

We then turn to the analysis of market power by studying the case of a single news

producer. From a producer’s perspective, the sharing rate in the demand for misinformation

plays the role of the price in a traditional demand function, while the prevalence variable acts

as the quantity. However, (i) the monopolist does not directly control users’ sharing decisions,

and (ii) fake news prevalence is not directly observed by the users. This informational

problem implies that the monopolist is unable to “move along” a downward sloping demand,

implying that the equilibrium prevalence is unchanged when the monopolist inherits the

cost structure of our baseline model. That said, we uncover an important consequence that

verification efforts can have for monopolistic strategies beyond “uniform” ones. Specifically,

since the demand for misinformation declines only for intermediate levels of prevalence as

verifying becomes cheaper, potential convexities that can be exploited with segmentation

techniques arise. Indeed, the monopolist can ameliorate its losses even by trivially segmenting

the market into identical sub-markets such that she operates on the concave closure of the

demand for misinformation. As a result, more misinformation is created and diffused.

Finally, we evaluate the efficacy of detection algorithms or platform’s internal filters.

Specifically, we consider the case of a filter that makes only type II errors (i.e., mistakenly

letting some false news enter the platform) whose accuracy is observed by both users and

producers—if a piece of fake news is caught, it is removed from the platform before reaching

users. In this context, we show that the prevalence and diffusion of misinformation can be

non-monotonic functions of the filter quality, which means that a rise in filter precision could

increase the creation and diffusion of fake news. Intuitively, by affecting the inference made

by users at the moment of receiving news, such filters can induce more unverified sharing, an

equilibrium effect that can outweigh the negative direct effect that they have on production

for a large range of qualities.

Applied relevance. As documented in Allcott and Gentzkow (2017) and Tucker et al.

(2018), the market for online fake news features (i) minimal entry barriers (e.g., website

creation), (ii) low content production costs (e.g., savings on accurate reporting), and (iii)

6We establish conditions on primitives guaranteeing that, as verification costs fall, the demand formally
becomes more elastic in the region where a reduction occurs.
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whether ideologically or profit-driven, clicks being the main source of profitability, all of

which our model captures. In turn, the greater sensitivity of fake news profits to sharing

rates can be justified on three grounds. The first, related to (iii), is that traditional media

outlets are driven by reputational long-term goals and their platform-related revenue is

usually less critical than that for small websites. Second, fake news typically have a novelty

element that can shield them from congestion losses related to duplication when reaching

users. Third, there are behavioral considerations: Vosoughi et al. (2018) found that fake news

spread faster, deeper and broader than true news, with fake news evoking more emotional

responses. While not modeling these details explicitly, we believe that they make a strong

case for having an upward-sloping supply of misinformation.

The number of fact-checking outlets has grown worldwide from 44 in 2014 to almost 300

as of June 2020; see Stencel and Luther (2020).While this trend has lowered search costs

for users, it has not eliminated verification costs: to make an informed decision, users have

to review reports whether searching independently at specialized sites (e.g., Snopes.com or

PolitiFact.com) or when costlessly accessing them as part of contextual information provided

in platforms. Furthermore, the efficacy of fact checking is still in dispute: apart from a well-

recognized capacity problem, fact checks may not reach their targets (Guess et al., 2020),

and when they do, the effect on sharing can be short-lived (Friggeri et al., 2014). Our results

indicate that even if information is readily available, the fact that individuals’ verification

incentives are inevitably linked to the pervasiveness of fake news can be an avenue that

jeopardizes fact-checking attempts. This highlights the importance of analyzing users’ and

producers’ decisions jointly.

Complementing this attempt to affect demand via empowering consumers with access to

information are platforms’ efforts to directly affect the stock of misinformation reaching users.

For instance, according to Lyons (2018), Facebook has allowed fact-checkers to proactively

identify fraudulent stories and modified its machine learning algorithms to improve detection

rates and reduce the visibility of false news, but at the same time recognizing the sensitivity

associated with companies dictating what is true and not on behalf of users; see, e.g., Halon

(2020). Our finding of increased prevalence after the introduction of a filter that attempts

to remove false news before reaching users provides an economic rationale for the concerns

associated with letting social media platforms dictate what is true or not. Equally important,

our analysis is able to link the severity of the problem to key underlying primitives, which

is crucial for designing effective policy interventions.

The problem of fake news is obviously more complex in that other considerations, such

as behavioral biases and political ideologies can be at play in specific instances. Our analysis

nevertheless uncovers fundamental forces that will continue to prevail even after accounting
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for them. Moreover, it shows that elasticity measures traditionally used in applied work have

natural counterparts in this world, and their estimation is necessary for policy evaluation.

The paper proceeds as follows. We first review the related literature below. Section 2

then introduces the model and in Section 3 we perform the equilibrium analysis. Section 4

is devoted to comparative statics, Section 5 examines the extent of monopoly power, and

Section 6 studies the equilibrium effects of internal filters. All proofs are in the appendix.

Related literature. In addition to the empirical and institutional work referenced above,

our paper connects to several strands of literature.

First, there is a recent body of literature on fake news social media characterized by

two features: users dislike sharing fake news, and they have access to technologies that

enable them to inspect the news at hand. We share with Kranton and McAdams (2019)

that fake news is an equilibrium phenomenon, but our modeling and spirit are different:

our focus is on the users’ incentives to engage in costly verification, while theirs is on how

the network structures affects outcomes. Henry et al. (2020) in turn develop a model like

our demand side with linear costs and imperfect verification to explain properties of their

experimental data showing that fact-checking reduces fake news sharing; by allowing more

general propensities for sharing, as well as a production side, our model illuminates on the

conditions for such reductions to effectively take place. Finally, in a dynamic model with

an exogenous supply of fake news, Papanastasiou (2020) shows that “news virality” can be

understood as a traditional rational cascade also facilitated by a costly acquisition of signals.

Regarding our analysis of competition, there is work that explores the extent to which

market forces discipline outlets’ incentives to distort the truth or slant their reports (e.g.,

Mullainathan and Shleifer, 2005; Gentzkow and Shapiro, 2008); our invariance result points

to an information friction—namely, users not directly observing the prevalence of fake news—

as a likely source limiting a monopolist’s ability to exercise market power in the traditional

way. Relatedly, the optimal segmentation we obtain via the concave closure of the demand

function relates to the techniques in Kamenica and Gentzkow (2011) for Bayesian persuasion

problems (see Bergemann et al., 2015, for the connections with price discrimination). Yet,

a key novelty is that fake news prevalence, acting as the prior, is endogenous in our model.

Our non-monotonicity results relate to the phenomenon whereby policies aimed at pro-

tecting individuals backfire due to a change in people’s behavior, automobile safety being

a classic example (Peltzman, 1975). In this line, the experimental design by Pennycook

et al. (2020) shows that labeling only a subset of false news leads users to believe that those

untagged are more accurate, which positively influences their sharing. While users in our

model are certain that news have passed a filter, the underlying logic is similar—thus, we see
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their evidence as compelling when applied to our exercise of evaluating the use of imperfect

filters. In addition, we show that this negative effect can result from individuals’ verification

incentives being undermined and that the problem can be exacerbated by more fake news

reaching platforms due to suppliers’ response.

To conclude, this paper contributes to the literature exploiting the tractability of match-

ing models in settings where individuals choose to protect themselves from harm with en-

dogenous intensity: Quercioli and Smith (2015) examines the economics of counterfeiting,

while Vásquez (2019) develops an equilibrium theory of crime and vigilance.

2 The Model

We develop a static model of a platform intended to capture a situation in which a large

number of heterogeneous users interact with a large number of heterogeneous news producers

without established reputations for veracity.

A unit mass of infinitesimal risk neutral users participating in an online platform en-

counter “uncertified” news, i.e., news for which truthfulness cannot be determined upon

first contact (e.g., by reading the headline, the originating website, or even the whole ar-

ticle). These encounters are one-to-one and random from the perspective of all platform

participants.7 A fraction ν ∈ [0, 1] of those news items are false: we refer to this variable as

fake news prevalence.

Upon encountering a piece of news, each user can decide to uncover its veracity at a

fixed cost t ≥ 0—for instance, the time costs reviewing a series of related articles presented

as part of “contextual information” or the search costs when consulting specialized websites

for fact checks, etc. After this decision is made, the user can subsequently share the news

depending on her sharing preferences, which vary across the population. We model this

heterogeneity via a one-dimensional variable z ∈ [0, zmax], with zmax ∈ R+ ∪ {∞}, reflecting

that the benefit of sharing truthful news is z, while the absolute loss from sharing fake news

is `(z), where ` : [0, zmax] 7→ R+ ∪ {∞}. We assume that types z are distributed according

to a cumulative distribution function (CDF) G(·) which is continuously differentiable with

density g(·) ≡ G′(·) and support [0, zmax]. The payoff of not sharing news is normalized to

zero (so all payoffs can be seen as net of a consumption benefit).8

7Of course, this randomness assumption is not intended to reflect that encounters are truly accidental.
Instead, it captures a limited reach by news outlets over specific individuals when targeting a subpopulation
of interest. This could be because the platform’s targeting service offers an imperfect degree of granularity at
the user level, or because the algorithm mediates matches using information not possessed by news producers.

8Assuming linear sharing benefits in z is without loss: if benefits were v(z) ∈ [0, zmax] and strictly
increasing, then we could have redefined types z̃ ≡ v(z), CDF G̃(z̃) ≡ G(v−1(z̃)), and losses ˜̀(z̃) ≡ `(v−1(z̃)).
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In this baseline specification, the loss function `(·) is strictly decreasing. Economically,

this implies that higher types have (i) a higher propensity to share news (the ratio z/`(z)

is increasing in z) and (ii) a weaker incentive to verify news (the ratio t/`(z) is increasing

in z).9 We further make the following assumption.

Assumption 1. The loss function `(·) is twice continuously differentiable and satisfies:

(i) No loss at the top: `(zmax) = 0.

(ii) Non-increasing elasticity of losses: (z`′(z)/`(z))′ ≤ 0 for all z < zmax.

Part (i) ensures that for any level of prevalence, there are always types who share news

items without verifying them—this assumption is realistic, but more critically, it is innocuous

in that our statements require minor qualifications after relaxing it. Part (ii) is just techni-

cally convenient—we explain its role in the next section. Examples of functions with these

properties are `(z) = z−γ (with zmax =∞), or `(z) = (zmax − z)γ, γ ≥ 0, and zmax <∞.

We now turn to the supply side. There is a unit mass of infinitesimal risk-neutral produc-

ers, each of them facing the choice of producing a single unit of truthful versus fake content.

Producing fake news is costless, while producing truthful content is costly (e.g., expenses

associated with editorial norms such as accessing primary sources or cross-validation of in-

formation). Firms differ in their technologies: the unit cost of producing truthful news, r,

varies according to a CDF F (·) that is continuously differentiable with density f ≡ F ′ and

support in [0, 1].10

The benefit of producing a piece of fake news is given by the fraction of users who end up

sharing this type of news; we denote this fraction by σ ∈ [0, 1] and refer to it as the sharing

rate of unverified news, as fake news items are shared only if they are not verified. On the

other hand, we will study the benchmark case in which the revenue of each unit of true

content is completely insensitive to its sharing rate, with a value set to 1. Consider the case

of advertising revenue from users visiting the host website. While truthful news may trigger

fewer platform-originated visits per share relative to fake news (e.g., due to a perceived lack

of novelty, as argued in Section 1), producers of trustworthy content can reach out to major

news outlets in parallel, pass their stringent screening tests, and channel more visitors via

references in those outlets. Thus, the revenue of truthful outlets is less sensitive to sharing

rates on platforms. Our model examines the perfectly unresponsive benchmark case, which

gives rise to an everywhere increasing supply of fake news.11

9Section 7 discusses this inverse relation of sharing propensities and verification incentives as well as other
modeling assumptions.

10We discuss some institutional details of the supply side of this market in the beginning of Section 5.
11Normalizing the inelastic return to producing truthful news to 1 is qualitatively irrelevant.
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Definition 1 (Equilibrium). A competitive equilibrium consists of a prevalence ν∗ and a

sharing rate of unverified news σ∗ such that (i) users’ sharing decisions are optimal given

the prevalence level ν∗ and (ii) producers’ choices of news veracity are optimal given σ∗.

In a competitive equilibrium, users make their sharing decisions taking as given the (cor-

rectly anticipated) fake news prevalence, while producers decide between fake and truthful

content taking the mass of individuals who share without verifying as fixed.

This model can be seen as short for the steady state of a platform with a rapidly evolving

inflow of news. Specifically, each period can be divided into two stages. First, a new cohort

of news items enters the platform, each encountering a user. Second, if the user shares a

fake item, this news becomes visible to a subset of individuals, yielding a payoff of 1 to the

untrustworthy website: from an ex ante perspective, the producer receives σ. In the next

period, either the previous cohort of news is public information, or the algorithm gives it less

relevance in the users’ news feed in favor of the new cohort; in either case, the subsequent

sharing rate of those old news items is limited, making the initial rate the most relevant for

payoffs. In this context, the natural metric capturing the overall visibility of fake news is

the (equilibrium) fraction of them that are shared,

∆∗ ≡ ν∗σ∗. (1)

We refer to it as the rate of diffusion of fake news.

3 Equilibrium Prevalence and Rate of Diffusion

The demand for misinformation. Fake news will diffuse only when they are not verified,

because the verification technology is perfect and passing on false news entails losses to users.

As the prevalence of fake news changes, users’ varying propensities to share and incentives to

verify will lead to variations in the sharing rate of unverified news. Since this rate shapes the

benefits from producing fake news, an induced demand for misinformation naturally emerges.

To construct this demand function, it is instructive to first examine the case in which

verification is prohibitively costly or simply not available. We assume that whenever there

is indifference between sharing or not, users will desire to share. Given a conjectured preva-

lence ν, therefore, a user of type z will share the news encountered when her expected sharing

payoff is non-negative, i.e.,

(1− ν)z − ν`(z) ≥ 0.

Since the propensity to share, z/`(z), is strictly increasing, for any ν ∈ [0, 1] there exists a
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unique threshold type z̄(ν) ∈ [0, zmax] such that all users z ≥ z̄(ν) choose to share, where

(1− ν)z̄(ν)− ν`(z̄(ν)) = 0. (2)

Clearly, fewer users are willing to share as the prevalence increases, so z̄(ν) is strictly increas-

ing; moreover, z̄(0) = 0, and the fact that there are no losses at the top of the distribution

(part (i) in Assumption 1) implies that z̄(1) = zmax. For prevalence ν ∈ (0, 1), the population

segments in two sets, with high types determining the sharing rate of unverified news.

Suppose now that the platform users can learn the authenticity of news at a moderate

verification cost t. For any given level of prevalence ν, consider the users who were willing

to share when verifying was not an option, i.e., z ≥ z̄(ν). In this region, each type z can

avoid the loss ν`(z) provided that the verification cost t is paid. Each user’s willingness to

engage in verification is then given by the change in her sharing payoff, namely,

ν`(z)− t.

This expression decreases as z rises because `′ < 0. Thus, high types will be willing to verify

if and only if the threshold type z̄(ν) is willing to do so, i.e., ν`(z̄(ν)) ≥ t.

We refer to the mapping ν 7→ ν`(z̄(ν)) as the (threshold) sharing downside function.

This function is non-negative and vanishes at ν = 0; it also vanishes at 1 because the highest

type is always willing to share news. Letting

t† ≡ max
ν

ν`(z̄(ν)), (3)

we conclude that no user finds it optimal to verify the news encountered when t > t†. Part (ii)

in Assumption 1 then ensures that the following lemma holds.

Lemma 1. The sharing downside function ν 7→ ν`(z̄(ν)) is quasi-concave.

By the previous lemma, for each verification cost t < t†, there exists a non-empty interval

[ν, ν̄] such that type z̄(ν) is willing to verify if and only if ν ∈ [ν, ν̄]. For any given level of

prevalence in this region, it then follows that

z̄h(ν) ≡ `−1(t/ν) (4)

is the highest type willing to verify news. Observe that z̄(ν) ≤ z̄h(ν) < zmax, with equality

only when ν ∈ {ν, ν̄}. Additionally, z̄h(ν) rises in ν and falls in t since the inverse loss function

`−1(·) is strictly decreasing. Let us then define z̄h(ν) for all ν ∈ [0, 1] by z̄h(ν) = z̄(ν) when
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ν /∈ [ν, ν̄]—for notational convenience, we omit the dependence of z̄h(ν) on t.12

We refer to z̄h(ν) as the marginal type (at prevalence ν), as it effectively corresponds to

the lowest type of user who is willing to share unverified news. Indeed, if ν /∈ (ν, ν̄), it is

suboptimal for type z = z̄ to verify. However, since the payoff from verifying and sharing

is (1 − ν)z − t, this is also suboptimal for types z < z̄ who, in turn, were unwilling to

share absent the verification option. Thus, z̄h(ν) = z̄(ν) is the last type to verify without

sharing in this region. Likewise, if ν ∈ (ν, ν̄) all types below z̄h(ν) verify and share up until

z̄l(ν) ≡ t/(1− ν), type below which not sharing is again optimal.

All told, the sharing rate of unverified news at prevalence ν—i.e., the mass of users who

skip verification yet share at that level—is given by 1 − G(z̄h(ν)). We can then define the

demand for misinformation as the locus

σD(ν) =

1−G(`−1(t/ν)) if ν ∈ (ν, ν̄);

1−G(z̄(ν)) if ν /∈ (ν, ν̄),
(5)

where z̄(ν) satisfies (2). In particular, if ν ∈ [ν, ν̄], the population segments into three sets:

1. low types z < z̄l neither share nor verify;

2. intermediate types z ∈ [z̄l, z̄h] verify and thus share truthful news only;

3. high types z > z̄h share without verification.

Notice that if fake news prevalence ν /∈ [ν, ν̄] the middle segment vanishes: no one verifies

content, but users with high sharing gains, i.e. z ≥ z̄, still choose to share news.

Figure 1 depicts two demand functions, with the inferior (superior) one derived using a

value for t that is below (above) t†, the value above which no one ever verifies news (see (3)).

As shown in the figure, both coincide for extreme values of ν, reflecting that the inferior

curve exhibits verification only for intermediate values of prevalence. Both functions are

strictly decreasing due to the marginal type z̄h(ν) being increasing in ν.

The supply of misinformation. We now turn to the supply side. Recall that fake news

items are costless to produce and sensitive to sharing rates: the profit of producing one unit of

false content is σ, the sharing rate of unverified news. On the other hand, producing truthful

news yields a deterministic revenue 1, but each unit is costly to produce. Conjecturing an

12The role of Assumption 1 is now apparent: relaxing part (i) sometimes leads to verification intervals of
the form [ν, 1], which does not alter our conceptual findings due to ν > 0 generically; part (ii) ensures that
the verification region is convex, which simplifies the description of the findings.
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Figure 1: The demand for misinformation for G(z) = 1 − e−0.5z and `(z) = 1/z. The dashed
blue line (top) represents the demand for news when verification costs are high, i.e., t ≥ t† = 0.5,
whereas the black line represents the demand with active verification t = 0.25 < t†.

equilibrium sharing rate of unverified news, σ, a producer with cost r chooses to produces

fake content if and only if

r ≥ 1− σ. (6)

The mass of producers choosing to produce fake news is then 1−F (1−σ), which in turn

determines the likelihood that each user will encounter fake content in the platform. The

supply of misinformation is then simply defined as the locus

νS(σ) ≡ 1− F (1− σ). (7)

Notice that, as the sharing of unverified news σ rises, more producers prefer to create fake

news content. As a result, the supply function νS(·) is upward sloping with νS(0) = 1−F (1) =

0 and νS(1) = 1− F (0) = 0.13

Equilibrium prevalence and diffusion. A competitive equilibrium arises when the sup-

ply and demand forces balance each other. As expected, the rising supply and falling demand

curves, as well as their continuities, imply that there exists a unique equilibrium.

Proposition 1 (Existence and uniqueness).

(a) There exists a unique equilibrium (ν∗, σ∗) for all verification costs t > 0.

13In reality, some fake news producers create content with purely harmful intentions: the trade-off they
face is not between producing fake and truthful news, but rather to enter the market or not. If greater
sharing rates of unverified news elicit more entry of such malicious producers, the supply of misinformation
would remain upward sloping and it would be even more sensitive to sharing rates.
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Figure 2: Equilibrium in the market for fake news: G(z) = 1− e−0.5z, `(z) = 1/z, F (r) = r2, and
t = 0.25 < t† = 0.5.

(b) There is a value t̂ > 0 generically strictly below t† such that, in equilibrium, a positive

mass of users verify news if and only if verification costs are strictly below t̂.

Figure 2 displays the equilibrium in the market for fake news using the demand exhibiting

non-trivial verification incentives from Figure 1. Observe that the rate of diffusion of fake

news ∆∗ corresponds to the rectangular shaded area, ν∗σ∗, reminiscent of total revenue in a

traditional competitive market.

By falling in the region [ν, ν̄] where verification incentives are at play, this equilibrium does

entail a non-trivial mass of users verifying the news they encounter. The wedge between t̂

and t† alluded to in part (b) of Proposition 1 states, however, that this is not always the

case: non-trivial reductions in verification costs need not guarantee that verification actually

occurs in equilibrium. We turn to this issue and other comparative statics in the next section.

4 Comparative Statics

The ability to examine equilibrium outcomes employing a framework akin to supply and

demand naturally brings to light measures of sensitivity, or elasticities, as critical tools for

policy analysis. In this section, we explore some comparative statics intended to highlight

the importance of further applied work in this area.

Changes in verification costs. Our first observation pertains to the aforementioned

wedge between the verification costs t† and t̂ of Proposition 1 being a critical element to

study in assessing the efficacy of partial reductions in verification costs.
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Figure 3: The downside sharing function. Left: `(z) = 1/z2.5. Right: `(z) = 1/z. Both panels
assume t = 0.25 and zmax =∞.

In deciding whether to verify news, recall that the threshold type at prevalence ν, z̄(ν),

trades off the downside of sharing false news, ν`(z̄(ν)), against the upfront payment t. Let

ν† := arg max
ν∈[0,1]

ν`(z̄(ν))

denote the maximizer of the downside sharing function, which captures the level of preva-

lence at which verification incentives become active once lowering verification costs below t†:

lowering t below t† would induce verification only if prevalence ν was very close to ν†. Fig-

ure 3 plots the downside sharing function induced by the (constant elasticity) loss family

`(z) = 1/zγ, γ > 0: reducing t below t† increases the scope of verification by enlarging the

verification interval [ν(t), ν(t)] where ν† lies. Outside this region, either the likelihood of

the news being fake is too low, or the threshold type suffers too little when passing on fake

news, and thus no verification is induced.

Above t†, changes in verification costs t induce no verification for all levels of prevalence:

the equilibrium prevalence remains unchanged at a value that we denote νo. The distance

between νo and ν† is therefore of key importance: reductions in t that do not generate

verification intervals containing νo will not affect equilibrium outcomes—the value of t̂ in

Proposition 1 is then characterized as sup{t ≤ tmax| ν(t) = νo} if νo < ν†, and replacing ν

by ν̄ in the previous set if νo > ν†. Figure 4 depicts a situation in which t = t† = 0.5, yet

the equilibrium is unaffected unless verification costs fall by more than 75%.

Our model therefore warns that reductions in verification costs do not necessarily op-

erate as traditional demand shifters that displace the demand at all (non-trivial) levels of

prevalence. Rather, such changes are likely to reduce the demand for misinformation only

in certain regions of prevalence, so lowering verification costs may be ineffective given that
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Figure 4: Different demand functions for t = 0.5, 0.4, 0.3 and 0.15 (moving from thick to thin
dashed lines) for G(z) = 1− e−0.5z; F (r) = rζ , with ζ = 0.05; and `(z) = 1/z (which implies that
t† = 0.5). The equilibrium is affected only when t falls to 0.15

νo 6= ν† generically. The mixed evidence on the effectiveness of fact-checking on sharing could

be due to users’ perceptions of the severity of the problem, as measured by the equilibrium

prevalence, being a key variable of consideration when verification is a costly activity.14

Supply shifts. Reducing verification costs can lower the demand for misinformation 1 −
G(z̄h(ν)) by weakly increasing the marginal type z̄h(ν). This, in turn, has the potential to

make the demand more sensitive to changes in prevalence ν. Here we show that, whenever

at play, verification effects can have unintended consequences for the creation and diffusion

of fake news when such effects are coupled with changes in the supply side.

Specifically, as argued earlier, a central component of the platforms’ response to combat

fake news has been to directly reduce their supply. The methods utilized encompass banning

repeat offenders and curtailing their ability to attract advertisers, among others. The former

practice introduces costs to producing fake news that are orthogonal to content generation

(e.g., change of identity and website appearance that is needed to pass screening tests); we

can capture these via a scalar c ∈ (0, 1) representing the total expected costs of producing

fake news (i.e., a loss is incurred only if the producer is caught). On the other hand, the latter

practice reduces the returns of fake news to sharing rates (e.g., there are fewer advertisers

placing ads on untrustworthy websites); we can capture such an effect using a scalar α ∈ (0, 1)

14In situations where users are granted access to chains of comments containing evidence that a news item
is false, Friggeri et al. (2014) argue on this cost consideration that fact-checking can fail because “not all
comments [are] read by users before sharing, either due to lack of interest, or because other, more recent
comments are more easily viewable.”
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Figure 5: Left panel: introduction of an additive cost c = 0.35 to producing fake news; Right
panel: introduction of a multiplicative penalty α = 0.5 to fake news’ sharing revenue. Both panels
assume G(z) = 1− e−0.5z, `(z) = 1/z, F̃ (r) = r0.5, and t = 0.05 for the light-dashed demand.

so that the revenue of producing fake news is ασ. All told, the new supply functions are

νcS = 1− F (1 + c− σ) and ναS = 1− F (1− ασ)

respectively, from where it is clear that the incentives to produce fake content fall.

Figure 5 illustrates the changes in equilibrium prevalence, ν∗, and diffusion, ∆∗ = σ∗ν∗,

when starting from the original supply νS = 1 − F (1 − σ): the left panel depicts νcS while

the right one ναS , both in light dots; in both panels only the light-dashed (i.e., leftmost)

demand function encodes verification effects. Clearly, the equilibrium prevalence with and

without verification falls, and hence fewer fake news items enter the platform. However,

this is not necessarily the case with the rate of diffusion ∆∗ represented in the shaded

rectangles: the area decreases when there is no verification (dark gray), but it increases

when verification costs are low (light gray). Indeed, a reduction in the prevalence of fake

news reduces verification incentives—captured in the marginal type falling—which leads

users to proportionally increase their sharing of fake news. Thus, a policy that jointly

reduces verification costs and the supply of fake news can backfire in that it may increase

the visibility of such news. This can be particularly damaging if untrustworthy websites

target individuals who have a large number of followers.

Of course, the rate of diffusion at prevalence ν, ∆(ν) ≡ σD(ν)ν will increase upward

along the demand curve when

εD(ν) ≡ νσ′D(ν)

σD(ν)
< −1,

i.e., when the demand is elastic. The next proposition establishes sufficient conditions on
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primitives enabling this to occur. To this end, let εD(ν; t) make the dependence on t explicit.

Proposition 2 (Elasticities). Fix t < t̂. Then,

(i) if 1−G(z) is log-concave and `(z) is log-convex, the demand elasticity satisfies εD(ν; t′) <

εD(ν; t) for verification costs t′ < t and prevalence ν ∈ [ν(t), ν̄(t)];

(ii) the demand for misinformation is elastic at prevalence values ν ∈ [ν(t), ν(t)] if

zg(z)

1−G(z)
+
z`′(z)

`(z)

∣∣∣
z=z̄h(ν)

> 0,

and it is elastic at prevalence values ν /∈ [ν(t), ν(t)] if

zg(z)

1−G(z)
+
z`′(z)

`(z)

∣∣∣
z=z̄(ν)

> 1.

Part (i) establishes conditions under which the demand for misinformation becomes point-

wise more elastic in the verification region as verification costs fall. It holds for a large class

of distributions G with log-concave densities (see, e.g., Bagnoli and Bergstrom, 2005) and

for geometric loss functions `(z) = z−γ, for instance.

Part (ii) in turn states conditions under which the demand for misinformation is elastic

at ν for a fixed t—we can see that the condition in the no-verification region is indeed more

stringent, in line with our intuition that verification generates more sensitivity. To under-

stand the expressions, recall that z̄h(ν) = `−1(t/ν), so in any non-trivial verification region,

εD(ν) =
ν[1−G(z̄h(ν))]′

1−G(z̄h(ν))
=

g(z̄h(ν))

1−G(z̄h(ν))
· t

ν︸︷︷︸
=`(z̄h(ν))

· 1

`′(z̄h(ν))
. (8)

Consequently, distributions G with large hazard rates relax our conditions, as this rate partly

shapes the elasticity of demand with respect to percentage changes in the type. (The role of

the elasticity of the loss function ` depends on parameters.15) Finally, our condition in the

no-verification region can be derived from expression (8) once z̄h is replaced by z̄ obeying (2).

Demand shifts. Finally, let us briefly discuss the effects of traditional demand shifters

that affect demand at all points. Clearly, a strict decline in G in the sense of first-order

stochastic dominance—i.e., higher types become less frequent in the population—strictly

15For instance, for an exponential distribution of parameter λ and a constant elasticity loss function

1/zγ ,γ > 0, the left-hand side of the conditions reduces to (ν/t)
1/γ

λ− γ, where we used z̄h(ν) = (t/ν)
−1/γ

.
Whether the ratio ν/t is larger or smaller than 1 is then relevant.
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reduces the demand for misinformation at all non-trivial levels of prevalence ν ∈ (0, 1).

Thus, any equilibrium will also exhibit less prevalence and diffusion of fake news.

A similar effect takes place when the loss function ` increases pointwise, with the demand

reduction now operating via an increase in the (extended to [0,1]) marginal type z̄h(ν). In

addition, the verification region expands, as seen in z̄h(ν) ≡ `−1(t/ν).

If no verification takes place in equilibrium, however, it is unclear whether an increase in

the loss function ` facilitates verification incentives. Consider a pointwise increase in the loss

function ` when originally νo < ν†, i.e., when the equilibrium is below the level of prevalence

at which verification incentives become active. On the one hand, the maximum value of

the sharing downside function, t†, rises, thereby increasing the sensitivity of the demand

function to reductions in t from above t† at least locally around ν†. On the other hand, the

distance between the new values of νo and ν† is ambiguous. Indeed, while νo decreases due

to the demand shift generating a downward movement along the supply curve, the direction

and magnitude of the changes in ν† in general depend on supermodularity properties of the

parametrized family of loss functions that underlies the change.16

5 Market Power

In this section, we explore the extent to which market outcomes are affected by the possibility

of market concentration.17 Despite the demonstrated similarity between our approach and

traditional analyses of decentralized markets, we show that there are key informational

limitations that can hinder a monopolist’s ability to exercise market power in the traditional

way, namely, by restricting trade. Verification incentives, however, can potentially pave the

way for other more sophisticated forms of market power.

Uniform policies. To make our point, we consider a monopolist that shares the cost

structure of our baseline model. Specifically, (i) there is capacity for a unit mass of news

only; (ii) producing fake news is costless; and (iii) producing truthful news is costly according

to r ∼ F . This stochastic cost structure can be understood as a situation in which the outlet

allocates news production to reporters who vary in their skills, which naturally leads to

heterogeneous production costs. Our goal is to show that the non-observability of prevalence

ν will lead to the competitive outcome.

The monopolist’s problem is to choose a mass ν ∈ [0, 1] of fake news and 1 − ν of

16See Figure 3 for graphical changes in ν†. Formally, it can be shown that for a smooth family `(z|ϕ) with
ϕ ∈ R, if `ϕ < 0 and `(z|ϕ) is log-supermodular in (z, ϕ), then ϕ 7→ ν†(ϕ) is increasing.

17Sydell (2016) documents the existence of parent companies that own several untrustworthy websites.
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truthful content to be produced. Clearly, these fake news items will be optimally allocated

to inefficient reporters, i.e., those with a cost r ≥ F−1(1 − ν). Thus, a sharing rate of

unverified news σ leads to total profits that amount to

σ · ν +

∫ F−1(1−ν)

0

[1− r]f(r)dr (9)

where the first term reflects the profits from fake news (which are costless to produce), while

the second reflects the profits from truthful content.

To gain intuition, let us first recast this problem into one that uses our supply and demand

framework. Denote σS(ν) the inverse supply function, i.e., σS(ν) ≡ 1−F−1(1−ν) given (7).

Lemma 2 (Monopolist’s Problem). The monopolist profits (9) can be written as

σ · ν −
∫ ν

0

σS(ν ′)dν ′ +K (10)

where K is a constant (i.e., independent of ν).

In other words, maximizing total profits (9) is equivalent to maximizing fake news’ profits

in our competitive benchmark, represented by a rectangular revenue net of the area below

the supply curve. This finding is intuitive: while the monetary cost of producing fake news

is zero, the economic cost of producing each unit of fake news is the opportunity cost of

allocating a reporter to generate truthful content (so optimally producing fake news delivers

the truthful counterpart as a byproduct). This opportunity cost is captured by 1− r, which

leads to an increasing marginal cost function that coincides with our original supply curve:

the first unit of fake content is very cheap due to the most inefficient reporter being allocated

this task, but subsequent units are increasingly more expensive.

Traditional market power with uniform pricing is encoded in a downward-sloping demand

faced by the monopolist in (10). In our model, σD(ν) has this feature, but there are two

differences. First, the analog of the price from a producer’s perspective, σ, is not directly

controlled by the monopolist, as this value is derived from users’ sharing decisions. Second,

fake news prevalence, ν, is in practice hidden from users, as these do not really observe the

contemporaneous level of prevalence in real time. The non-observability of ν then renders the

determination of the equilibrium (ν, σ) effective as a simultaneous-move interaction, whereas

a traditional monopoly problem is inherently sequential, with the monopolist’s action taken

first and being observed by buyers.

Specifically, suppose that users conjecture an equilibrium prevalence νM , which leads to

a sharing rate σM = σD(νM). Critically, this latter value is constant from the monopolist
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Figure 6: Trivial segmentations as the concave closure of the demand with verification. The left
panel assumes an exponential distribution of types with parameter λ = 0.5 and a verification cost
t = 0.25, while the right panel a Gamma distribution with parameters 2.5 and 1, while t = 0.15.
In both cases, `(z) = 1/z and F (r) = r, the latter assumption leading to a linear supply.

perspective: taking the first-order condition in (10) using σ = σM as given then leads to

σD(νM) = σS(νM) when the users’ conjecture is correct. Thus, νM = ν∗ and the market

equilibrium is unchanged.

Segmentation strategies. At the core of the observability issue just studied is the mo-

nopolist’s inability to steer users’ behavior when changing her production decision. In this

last part, we explore the interplay between verification efforts and segmentation strategies

that also take users’ sharing decisions as fixed, and we discuss their implementation.

Our key observation—already illustrated in previous plots—is that the presence of verifi-

cation incentives, by making the demand for misinformation more sensitive at intermediate

levels of prevalence, can introduce convexities. These convexities can, in turn, be exploited

by market segmentations even when these are trivial, i.e., when the resulting subpopulations

preserve the original sharing propensities and differ only in their sizes.

Consider Figure 6, where both panels display a linear supply and verification incentives

that tend to make the demand for misinformation more convex. Fixing a level of production ν

in the interval determined by the projections of the points A and B on the x-axis, the

monopolist can achieve a sharing rate at the level of the intersection between the vertical

line x = ν and the segment AB. Indeed, this rate can be attained by segmenting the market

into two identical populations of masses α and 1− α such that the first receives ν1 ≈ 0 fake

news and the second receives ν2 ≈ 1 fake news, where ν = αν1 + (1− α)ν2.

Formally, such segmentations allow the monopolist to achieve any point on the concave
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closure of the demand for misinformation, σcoD (ν).18 The optimal segmentation can then be

found in two steps. First, for any given ν, what is the best way to segment the market?

Given our example in the previous paragraph, the maximum payoff attainable by ν is given

by ασD(ν1)+(1−α)σD(ν2), which is exactly σcoD (ν). Second, what is the best aggregate pro-

duction ν? Suppose that the segments have anticipated their respective levels of prevalence,

resulting in total production ν∗∗. The monopolist chooses ν to maximize

σcoD (ν∗∗)ν −
∫ ν

0

σS(ν ′)dν ′. (11)

Rational expectations and optimizing behavior then lead to the equilibrium characterization

σcoD (ν∗∗) = σS(ν∗∗), i.e., to a version of the competitive equilibrium condition now involving

the concave closure of the demand function. In Figure 6, this equilibrium is represented by

the intermediate dot along the diagonal: the negative effects of verification efforts on profits

are then partially mitigated by this segmentation technique. Moreover, when the demand

without verification is convex in the first place, the monopolist strictly increases its payoff

relative to a uniform policy.

Let us conclude with three observations regarding this analysis. First, this type of seg-

mentation is not equivalent to randomizing between two different levels of prevalence applied

to the whole population: ν∗∗ must be produced with probability 1 so that the cost of the

last unit of fake news produced is exactly σS(ν∗∗). Also, since the segmentations are trivial,

the monopolist must rely on information orthogonal to propensity to share (e.g., geographic

location after controlling for the observable characteristics defining the target population).19

Second, the optimization over ν in (11) considered deviations from the total produc-

tion ν∗∗ but not deviations on how to “split” ν∗∗. That is, implementing this segmentation

requires the monopolist to overcom the temptation to send its production to the segment

with the highest sharing rate, analogous to the standard commitment assumption widely

used in the persuasion/information design literature (e.g., Kamenica and Gentzkow, 2011).

Finally, while the monopolist is unable to steer the behavior of the segments “in any

period” exactly as it occurred in the uniform case (σcoD (ν∗) is fixed in (11)), a mechanism

through which the monopolist signals the prevalence level corresponding to each segment is

likely necessary. A reputational mechanism based on the consistency of past behavior could

work, provided that each subpopulation can observe its own levels of prevalence from previous

periods. Thus, a platform that preserves the opacity of the prevalence of fake news could be

18The concave closure of a function is the smallest concave function that is weakly larger than that function.
19In practice, it easy to control population sizes when targeting online in platforms such as Facebook: for

instance, by setting different monetary budgets in the locations of interest.
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more successful in limiting the exercise of market power than a transparent counterpart.

6 Internal Filters

Finally, we examine the effects of using platform-based detection algorithms. As discussed

in Lazer et al. (2018), a key concern in the public debate has pertained to the perception

that removing content before reaching users is a form of censorship. By contrast, we provide

an economic rationale for the cautious and informed use of such approach.

We consider a situation in which an algorithm screens any news that enters the platform

before it becomes visible to users. Clearly, there are direct social losses when such filters

incorrectly eliminate truthful news. Thus, we focus on the more interesting case in which

truthful news always survive, but fake news are detected with probability φ ∈ [0, 1]. In

this latter case, these news items are removed from the platform so ν(1− φ) is the effective

amount of fake news that reaches the platform’s users if the production of fake content is ν.

Because of the public announcements that platforms have made on this topic, we assume

that changes in φ are observable to both users and producers; moreover, we are interested

on the effects of introducing such filters, captured by increasing φ starting from zero.

Our analysis from Section 3 admits a straightforward adaptation to this case. To under-

stand why, let

ψ(ν, φ) ≡ (1− φ)ν

1− φν
denote the posterior chance that a news item is fake upon encountering it given a filter quality

φ ∈ [0, 1] and a fraction ν ∈ (0, 1) of the total content produced being false. Equipped with

this posterior—which falls as φ rises and as ν decays—we proceed in an analogous fashion:

1. First, we construct the threshold type—i.e., the lowest type willing to share absent the

verification option—as the solution z̄(ν, φ) ≡ z̄(ψ(ν, φ)) to

(1− ψ(ν, φ))z̄(ν, φ)− ψ(ν, φ)`(z̄(ν, φ)) = 0.

2. Following analogous arguments, verification incentives will be at play if and only if

this threshold type is willing to verify news, i.e., if ψ(ν, φ)`(z̄(ν, φ)) − t ≥ 0. In

Appendix A.5, we show that the new sharing downside ν 7→ ψ(ν, φ)`(z̄(ν, φ)) remains

quasi-concave in this augmented model, which implies that there is an interval ν ∈
(ν, ν̄) over which verification incentives arise. The highest type verifying news at a
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level of prevalence ν is then given by

z̄h(ψ(ν, φ)) ≡ `−1

(
(1− φν)

(1− φ)ν
t

)
,

which we extend to [0, 1]\[ν, ν̄] via z̄h ≡ z̄. Obviously, this type falls as φ rises, and

once again, it rises with ν. The mass of users who share news without engaging in

verification is then given by σD(ψ(φ, ν))) ≡ 1−G(z̄h(ψ(φ, ν))).

The relevant notion of demand in this case, however, is the effective demand for misin-

formation, i.e., the downward-sloping mapping

ν 7→ σeD(ψ(φ, ν))) ≡ (1− φ)σD(ψ(φ, ν))), (12)

as a piece of fake news yields a payoff σD(ψ(φ, ν))) only when it passes the filter. Each

producer then takes as given the (candidate) effective sharing rate of unverified news, σe ∈
[0, 1], which leads to a supply curve νS(σe) = 1 − F (1 − σe) as in (7). A competitive

equilibrium is characterized by equating the effective demand with the (inverse) supply.

The presence of a filter implies that encountering news is “good news” for the perspective

of any user: we have that ψ(ν, φ) < ν for all ν ∈ (0, 1); i.e., the user is now more optimistic

about the veracity of the news at hand. With more optimism, there is more unverified sharing

conditional on the encounter taking place, as reflected in the (extended) marginal type falling,

z̄h(ψ(φ, ν)) < z̄h(ν)—in other words, the users’ verification incentives relax. Critically, this

effect can outweigh the negative direct effect that the filter has on the incentives to produce

news—captured by 1−φ in the effective demand (12)—resulting in both a higher prevalence

and a larger diffusion of fake news. Indeed, this effect is likely stronger when the filter has

low quality, but depending on the primitives of the environment it can actually prevail over

an extensive region of filter qualities. Figure 7 shows that equilibrium prevalence ν∗ and the

resulting diffusion ∆∗ fall only for high values of φ (trivially attaining zero when φ = 1).

Formally, we say that the demand σD(ν) is sufficiently elastic at ν < 1 if

εD ≡
νσ′D(ν)

σD(ν)
< − 1

1− ν
. (13)

This condition guarantees that when the filter has a sufficiently low quality, a 1% increase

in φ prompts more sharing of unverified news σD by more than 1%, leading to an increase

in the effective sharing rate for a fake news prevalence ν.

Proposition 3. Suppose that when φ = 0, the demand for misinformation is sufficiently
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Figure 7: Both panel assume G(z) = 1 − e−2.5z and F (r) = r2.5. Verification costs range from
t = 0.1, 0.15, 0.2 moving upwards from thin to thick lines.

elastic at the corresponding equilibrium ν∗. Then, as φ rises, both the equilibrium prevalence,

ν∗, and the rate of diffusion, ∆∗, initially rise and then eventually fall. The sharing rate of

unverified news σ∗ rises as φ increases.

The conditions that ensure that the demand for misinformation is sufficiently elastic are

similar to those presented in part (ii) of Proposition 2—we report them in the proof of

Proposition 3 in Appendix A.5.

In general, the rate of diffusion of fake news, ∆∗, starts rising faster as φ increases when

the distribution G falls in the monotone likelihood ratio (MLR) sense. By standard results

(e.g., Athey, 2002), when G falls in this sense users have a lower propensity to share on

average, so demand σD(·) falls. In addition, the dispersion of such propensities rises.

Proposition 4. Consider the curve φ 7→ ∆∗(φ), and suppose that the demand σD is suffi-

ciently elastic for low enough qualities of the filter. Then, as G falls in the MLR sense, the

fake news diffusion rate ∆∗(·) shifts downward but rises faster in φ.

To make the result concrete, consider the introduction of yet another type of detection

algorithm: one that attempts to eliminate social bots, a software in the form of fake accounts

whose goal is to speed up the dissemination of misinformation (see, e.g., Ferrara et al., 2016;

Shao et al., 2018). In our model, the effect of such an algorithm can be seen as the removal

of very high types z’s, resulting in a drop of the distribution G in the sense described above.

Proposition 4 then shows the effects of a joint intervention consisting on both removing bots

and filtering news: an environment with lower sharing propensities is more susceptible to a

relaxation of users’ incentives once news filters are introduced, potentially leading to greater

increases in the creation and diffusion of fake news.
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7 Concluding Remarks

We have developed a model of a social media platform intended to examine the effectiveness

of real-world policies aimed at alleviating the problem of fake news in social media, placing

special emphasis on how these policies interplay with verification incentives by users. Our

model highlights supply and demand forces that are central to the creation and diffusion of

fake news while illustrating how key defining features of this market introduce some nuances

relative to standard competitive analyses. Equally important, our work emphasizes the

importance of sensitivity analysis for policy evaluation: elasticity measures analogous to

those in traditional markets naturally emerge here, the knowledge of which turns out to be

critical for assessing policy interventions.

Let us conclude with a discussion of some of our assumptions, as well as other potential

interventions. First, the static nature is clearly a simplification: news transmission is a

dynamic process, which means that users can encounter news of different vintages, verify

information at different times, eliminate posts, learn from others’ actions, etc. Regardless

of the model assumed, however, the fraction of individuals who share without doing any

verification remains key from the perspective of producers. Furthermore, since producers

can target users up to some degree of granularity, it is not unreasonable to expect that the

discounted benefits of fake news diffusing through a network are a function of that “initial”

fraction of individuals. To a first-order approximation, the model is likely to be capturing a

critical variable shaping the supply of misinformation.

Second, our assumptions on the demand side aim to depict a simplified version of a

more general world in which user heterogeneity (z, `) is truly two-dimensional. Specifically,

our assumptions on the loss function `(·) imply that (i) the gains and losses are negatively

correlated across types and that (ii) users with a high propensity have weak incentives to

verify—a combination that results in a positive demand for misinformation at all non-trivial

levels of prevalence. With sufficient heterogeneity in each dimension in (z, `), one would

expect similar properties to arise in a more general world. In Appendix B, we examine

the polar opposite one-dimensional version of our model exhibiting positive correlation. If

losses `(·) are convex, the induced demand for misinformation has the same qualitative

features compared to our baseline case, as users with high propensity to share also have weak

incentives to verify. Yet, if losses are concave, the demand features regions of prevalence

wherein there is no sharing of unverified news. Since it is a priori difficult to eliminate

the possibility of sufficient two-dimensional heterogeneity, we view our demand side as the

simplest one-dimensional version of that more realistic general setting.

Third, we have assumed that the user is fully rational: in particular, the user has perfect
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knowledge of the details of the environment, is Bayesian, and holds correct expectations in

equilibrium. Clearly, there are behavioral/cognitive aspects that could play a role in this

market, but we believe that the benchmark analyzed is of particular importance. Indeed,

a sizable fraction of the efforts by platforms, fact-checking organizations, and journalist

associations have been devoted to educational programs aimed at fostering user literacy in

evaluating fake news.20 This “sophisticated” benchmark, therefore, need not be too distant.21

Finally, our choice of policy analysis has been guided by its importance in practice and

in the public debate, but other alternatives are available. It is easy to see how making the

transmission of news more costly (e.g., via additional clicks) would reduce the demand for

misinformation in our model, but it would also negatively affect the diffusion of truthful

content. More interesting is the use of algorithms that are less invasive than those that

censor news: for instance, routing news to different individuals based on past behavior, as

well as signals about the news at hand that are picked by the algorithm. These and other

topics are the subject of ongoing research.

A Omitted Proofs

A.1 Proof of Lemma 1

First, notice that the sharing downside function ν`(z̄(ν)) vanishes when ν = 0 and ν = 1,

since `(z̄(1)) = `(zmax) = 0. Also, ν`(z̄(ν)) > 0 for all ν ∈ (0, 1). Thus, ν`(z̄(ν)) > 0

has maximizer ν† ∈ (0, 1), and this maximizer must solve the first-order condition (FOC):

`(z̄)+ν`′(z̄)z̄′ = 0. We will show that the FOC has a unique solution, implying that ν`(z̄(ν))

must be single-peaked, and so it must be quasi-concave. To see this, we exploit the definition

of z̄(ν). Differentiate (2) with respect to ν to get −z̄ + (1 − ν)z̄′ = `(z̄) + ν`′(z̄)z̄′. Hence,

we must have z̄′ = z̄/(1− ν) at an optimum of the sharing downside function. But, by (2),

z̄ = ν`(z̄)/(1− ν), and also `(z̄) = −ν`′(z̄)z̄′ by the FOC. Altogether, for ν = ν† we have:

z̄′ =
z̄

1− ν
=

ν`(z̄)

(1− ν2)
= −

(
ν

1− ν

)2

`′(z̄)z̄′,

20For instance, Facebook has funded the News Integrative Initiative (https://www.journalism.cuny.
edu/centers/tow-knight-center-entrepreneurial-journalism/news-integrity-initiative/) as a
long-term tactic to alleviate fake news; see, e.g., Bernstein (2017) and Lyons (2018).

21A similar trend towards educating consumers has emerged in response to privacy considerations, i.e., con-
cerns related to adverse uses of the largely data about consumers collected online, a phenomenon consumers
are increasingly aware of. See Bonatti and Cisternas (2020) for an application to price discrimination.
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which implies that `′(z̄) = −[(1− ν)/ν]2, since z̄′ > 0. Dividing both sides by `(z̄) and using

(2) we find:
z̄`′(z̄)

`(z̄)
= −

(
1− ν
ν

)
. (A.1)

Because the elasticity of ` is decreasing in z, and z̄ is increasing in ν, the map ν 7→ z̄`′(z̄)
`(z̄)

is decreasing in ν. Following the same logic, the map ν 7→ −
(

1−ν
ν

)
is strictly increasing

in ν. Thus, (A.1) admits a unique solution, and hence the downside sharing function must

have a unique critical point. We conclude that ν`(z̄(ν)) is single-peaked, and thus the set

{ν : ν`(z̄(ν)) ≤ t} is a non-empty closed interval. �

A.2 Proof of Proposition 1

Proof of part (a): First, since σD(·) : [0, 1] 7→ [0, 1] is strictly decreasing in ν, its inverse

function νD(·) ≡ σ−1
D (·) : [0, 1] 7→ [0, 1] is well-defined and strictly decreasing. Also, observe

that this function is continuous.

Next, we examine the excess of supply function νS(·) − νD(·), which is also continuous.

Clearly, when all consumers share unverified news, i.e., σ = 1, we have νS(1) − νD(1) =

1 − F (0) − 0 > 0. Conversely, when no consumer share unverified news, νS(0) − νD(0) =

[1− F (1)]− 1 < 0. By the Intermediate Value Theorem (IVT), there exists σ∗ ∈ (0, 1) such

that the excess of supply vanishes, or νS(σ∗) = νD(σ∗). Finally, since the supply νS(·) rises

in σ, while the inverse νD(·) falls in it, σ∗ is unique because the excess of supply strictly falls

in σ. �

Proof of part (b): We now show that there exists a cutoff cost t̂ ≤ t† such that our unique

equilibrium entails a positive mass of consumers verifying news if and only if t < t̂.

To this end, let νo denote the market equilibrium when the possibility of verification is

not available (or, alternatively, when t > t†); this value exists and is unique in light of part

(a). Also, define the level of prevalence

ν† := arg max
ν∈[0,1]

ν`(z̄(ν)).

By Lemma 1, the lowest and highest solutions to ν`(z̄(ν)) = t, namely ν(t) and ν̄(t), respec-

tively, are strictly increasing and decreasing in t < t†. Moreover, ν† ∈ [ν, ν̄], and for t = 0

we have ν(0) = 0 and ν̄(0) = 1, since z̄(1) = zmax and `(zmax) = 0.

Suppose now that ν0 < ν†. We then define out verification cost of interest as

t̂ := inf{t ≤ t†| ν(t) = νo}.

27



(By continuity, this infimum is attained, and is strictly less than t†.)

Indeed, let σD(ν; t) denote the demand function parametrized by t, and observe that

σD(ν; t) ≤ σD(ν; t†) with strict inequality only over (ν(t), ν̄(t)). Also, let σS(ν) = 1 −
F−1(1− ν) denote the inverse supply function which, critically, is unaffected by changes in

t. For t < t̂, therefore, we have that νo ∈ [ν, ν̄], and so the threshold type z̄(νo) is (strictly)

willing to verify news—a positive mass of types above it will be also willing to verify news

by continuity, as desired. For t > t̂, however, νo /∈ [ν(t), ν̄(t)] and, hence,

σD(ν; t) = σD(ν; t†) over [0, ν(t)] and σD(ν; t) ≤ σD(ν; t†) < σS(ν) for ν > ν(t),

i.e., the equilibrium continues to be νo.

If instead νo > ν†, it follows that t̂ := inf{t ≤ t† | ν̄(t) = νo} is our desired threshold by

an analogous argument. Also, by continuity, t̂ < t† as long as νo 6= ν†. This concludes the

proof. �

A.3 Proof of Proposition 2

Proof of part (a). Suppose that 1 − G is log-concave and ` is log convex. Fix t < t̂, and

ν ∈ [ν(t), ν̄(t)]. Observe, in particular, that ν ∈ [ν(t′), ν̄(t′)] for all t′ < t. At this level of

prevalence, σD(ν) = 1 − G(z̄h(ν)) with z̄h(ν) obeying `(z̄h(ν)) ≡ t/ν. Log-differentiate this

latter expression to get:

`′(z̄h(ν))

`(z̄h(ν))
z̄′h(ν) = −1

ν
=⇒ νz̄′h(ν) = − `(z̄h(ν))

`′(z̄h(ν))
.

Consequently,

εD(ν; t) :=
νσ′D(ν)

σD(ν)
=
−g(z̄h)

1−G(z̄h)
νz̄′h =

g(z̄h)

1−G(z̄h)
· `(z̄h)
`′(z̄h)

.

Finally, differentiate this elasticity expression in t to get:

∂εD
∂t

=
∂

∂t

(
g(z̄h)

1−G(z̄h)

)
`(z̄h)

`′(z̄h)
+

g(z̄h)

1−G(z̄h)

∂

∂t

(
`(z̄h)

`′(z̄h)

)
The first term on the right-hand side is positive due to (i) z̄h falling as t rises, (ii) z 7→
g(z)/(1 − G(z)) being increasing by log-concavity, and (iii) `/`′ < 0. Similarly with the

second term, as z 7→ `(z)/`′(z) falls by log-convexity, while z̄h decreases with t.

Proof of part (b): Consider ν ∈ [ν(t), ν̄(t)]. From the proof of part (a), εD(ν; t) < −1 if and
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only if
g(z̄h)

1−G(z̄h)
· `(z̄h)
`′(z̄h)

< −1⇔ zh
g(z̄h)

1−G(z̄h)
+ zh

`′(z̄h)

`(z̄h)
> 0,

as desired, where we used that `/`′ < 0.

As for ν /∈ [ν(t), ν̄(t)], recall that the demand elasticity is determined by z̄(ν) obeying

ν`(z̄(ν)) ≡ (1− ν)z̄(ν) in that region. Log-differentiate this latter expression to get

−1

1− ν
+
z̄′

z̄
=

1

ν
+
`′

`
z̄′ =⇒ z̄′

z̄
=

[ν(1− ν)]−1

1− z̄`′/`
.

In particular, 1− z`′/` > 0 at z̄. Hence, the demand elasticity can be written as:

εD(ν; t) :=
νσ′D(ν)

σD(ν)
=
−g(z̄)

1−G(z̄)
νz̄′ =

−z̄g(z̄)

1−G(z̄)
· 1

1− z̄`′(z̄)/`(z̄)
· 1

1− ν
. (A.2)

Thus,
z̄g(z̄)

1−G(z̄)
+
z̄`′(z̄)

`(z̄)
> 1⇒ εD =

−z̄g(z̄)

1−G(z̄)
· 1

1− z̄`′(z̄)/`(z̄)
< −1.

. �

A.4 Proof of Lemma 2

Recall that the monopolist’s profits at ν are given by Π(ν) := σ · ν +
∫ F−1(1−ν)

0
(1− r)f(r)dr.

Adding and subtracting
∫ 1

F−1(1−ν)
(1− r)f(r)dr we can write

Π(ν) = σ · ν −
∫ ν

F−1(1−ν)

(1− r)f(r)dr +

∫ 1

0

(1− r)f(r)dr︸ ︷︷ ︸
=:K, constant

=

∫ 1

F−1(1−ν)

[σ − (1− r)]f(r)dr +K

where in the last equality we used that σ ·ν is independent of r and that
∫ 1

F−1(1−ν)
f(r)dr = ν.

Consider now the change of variables r = 1 − σS(ν ′) where σS(ν) := 1 − F−1(1 − ν)

denotes the inverse supply function. When r = 1 we have ν ′ = 0, because the inverse supply

σS(0) = 0. Likewise, when r = F−1(1 − ν), we have ν ′ = ν given the definition of σS(·).
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Finally, dr = −σ′S(ν ′)dν ′ = −[1/f(F−1(1− ν ′))]dν ′. Altogether,∫ 1

F−1(1−ν)

[σ − (1− r)]f(r)dr = −
∫ 0

ν

[σ − σS(ν ′)]f(1− σS(ν ′))
1

f(F−1(1− ν ′))
dν ′

=

∫ ν

0

[σ − σS(ν ′)]dν ′

= σν −
∫ ν

0

σS(ν ′)dν ′,

where we have used σ is independent of ν ′. This concludes the proof. �

A.5 Proof of Proposition 3

Quasi-concavity of the sharing downside function. We first prove the claim on the

sharing downside function remaining quasi-concave.

Claim A.1. Fix φ < 1. The mapping ν 7→
[

(1−φ)ν
1−φν

]
`(z̄(ν, φ)) is quasi-concave.

Proof: It is clear that
[

(1−φ)ν
(1−φν)

]
`(z̄(ν, φ)) vanishes at ν = 0, and also at ν = 1 since z̄(1, φ) =

zmax and `(zmax) = 0. Thus, its maximum must be interior, and thus obey the FOC:

1− φ
(1− νφ)2

`(z̄) +
(1− φ)ν

1− φν
`′(z̄)z̄ν = 0, (A.3)

where z̄ν denotes the partial derivative of z̄ with respect to ν. However, by definition of z̄

we have
[

(1−φ)ν
(1−φν)

]
`(z̄(ν, φ)) ≡

[
1−ν

(1−φν)

]
z̄(ν, φ), and so the above FOC can be expressed as:

− 1− φ
(1− νφ)2

z̄ +
1− ν

1− φν
z̄ν = 0.

Thus, z̄ν = 1−φ
(1−νφ)(1−ν)

z̄. Plugging this expression for z̄ν into (A.3) yields an analog to

equation (A.1):
z̄`′(z̄)

`(z̄)
= −

(
1− ν

ν(1− φ)

)
.

By the same reasons given in the proof of Lemma 1, there is a unique value of ν that solves

this equation, from where we conclude. �

Turning to the proof of the Proposition, let ν∗(φ) denote the equilibrium prevalence given

a filter of quality φ. This value is the unique solution to the equation

(1− φ)σD(ψ(ν∗(φ), φ))︸ ︷︷ ︸
σeD(ψ(ν∗(φ),φ))≡

= σS(ν∗(φ))
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where σS(ν) := 1 − F−1(1 − ν) is the inverse supply, which is upward sloping. Totally

differentiating with respect to φ, we obtain

−σD + (1− φ)σ′D

[
∂ψ

∂ν
[ν∗]′(φ) +

∂ψ

∂φ

]
= σ′S[ν∗]′(φ)⇒ [ν∗]′(φ) =

−σD + (1− φ)σ′D
∂ψ
∂φ

σ′S − (1− φ)σ′D
∂ψ
∂ν

(A.4)

Since σ′S > 0 > σ′D and ∂ψ/∂ν > 0, it follows that the sign of [ν∗]′ is fully determined by the

sign of

χ(φ) := −σD(ψ(ν∗(φ), φ)) + (1− φ)σ′D(ψ(ν∗(φ), φ))
∂ψ

∂φ
(ψ(ν∗(φ), φ)).

Moreover, evaluating the above expression at φ = 0,

χ(0) = −σD(ν∗(0))− σ′D(ν∗(0))ν∗(0)(1− ν∗(0)),

where we have used that ψ(ν, 0) = ν and ∂ψ
∂φ

(ν, 0) = −ν(1 − ν). Consequently, when the

demand σD(·) is sufficiently elastic at ν = ν∗(0), we have that χ(0) > 0, implying that a

small increase in the filter’s quality leads to an increase in the equilibrium prevalence ν∗(φ).

Because a change in the filter has no direct effect on the supply function, the new equilibrium

is the consequence of an upward movement along the supply curve, and hence the new

equilibrium displays a higher rate of diffusion of fake news, ∆∗(φ) := ν∗(φ)σ∗(φ): intuitively,

the small increase in φ shifts the effective demand (1−φ)σD(·) up in the (ν, σe)-space around

the point studied. Conversely, as the filter becomes perfect, i.e., φ→ 1, the effective demand

shifts left towards the origin, with (ν∗(φ), σe,∗(φ))→ (0, 0) and ∆∗(φ) = σe,∗(φ)ν∗(φ)→ 0.

Finally, we show that equilibrium sharing σ∗ is monotone increasing. To see this, consider

the (ν, σ)-space. There, an increase in filter φ lowers the posterior ψ(ν, φ) and so it raises

the demand σD(ψ(ν, φ)) for every ν. At the same time, an increase in φ lowers supply

νS((1− φ)σ) at every σ. Thus, the equilibrium sharing rate σ∗ unambiguously rises. �

Conditions for sufficient elasticity. When will the demand be sufficiently elastic at a

prevalence level ν for the case φ = 0?

1. Suppose that there is verification in equilibrium, i.e., t < t̂. Using the expression (8)

for the elasticity of demand in this region, the condition for sufficient elasticity at ν is

εD(ν) =
ν[1−G(z̄h(ν))]′

1−G(z̄h(ν))
=

g(z̄h(ν))

1−G(z̄h(ν))

t

ν

1

`′(z̄h(ν))
< − 1

1− ν
. (A.5)

For concreteness, assume that the sharing gains z are exponentially distributed with

1 − G(z) = e−λz, λ > 0, and losses are geometric, `(z) = z−γ, γ > 0. Then, it is easy
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to see that the condition becomes

(1− ν)ν
1
γ > t

1
γ γ/λ.

That is, sufficient demand elasticity obtains for intermediate levels of ν, given the

quasi-concave nature of the function ν 7→ (1− ν)ν
1
γ .

2. If instead there no verification in equilibrium, we can use the expression (A.2) for the

elasticity of demand in this region, so sufficient elasticity at ν is given by

εD(ν; t) =
−z̄g(z̄)

1−G(z̄)
· 1

1− z̄`′(z̄)/`(z̄)
· 1

1− ν
. < − 1

1− ν
. (A.6)

Assuming again that the sharing gains z are exponentially distributed with 1−G(z) =

e−λz, λ > 0, and losses are geometric, `(z) = z−γ, γ > 0, the condition reduces to

λz̄(ν) > 1 + γ.

Since z̄(·) is increasing, sufficient elasticity obtains for high enough ν > z̄−1
(

1+γ
λ

)
.

In either case, sufficient demand elasticity is easier to meet when λ is high enough, i.e.,

when the hazard rate of G large. General conditions that apply to the any G and ` within

the class under study can be easily obtained from (A.5)–(A.6).

A.6 Proof of Proposition 4

Let us smoothly parametrize G(z|θ), θ ∈ R, with G(z|0) ≡ G(z), and assume that the

density g(z|θ) is log-supermodular in (z, θ). We start with a preliminary result.

Lemma A.1. Consider distributions GH and GL, with densities gH(z) and gL(z) respec-

tively, such that z 7→ gH(z)/gL(z) is increasing. Then, the demand for misinformation σD

is absolutely less elastic with GH than GL.

Proof: Define the parametrized type distribution (z, θ) ∈ R+ × {0, 1} 7→ H(z, θ) ∈ [0,∞]

by H(z, 0) ≡ GL(z) and H(z, 1) ≡ GH(z). By standard results, the density h(z, θ) is log-

supermodular in (z, θ), since the likelihood ratio h(z, 1)/h(z, 0) = gH(z)/gL(z) is monotone.

Thus, the residual distribution 1−H(z, θ) =
∫

1[z,zmax](z
′)h(z′, θ)dz′ is log-supermodular in

(z, θ), since the indicator 1[z,zmax](z
′) is log-supermodular in (z, z′); see Lemmas 3–4 in Athey
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(2002). Altogether, −h(z, θ)/H(z, θ) is increasing in θ, or:

−h(z, 1)/H(z, 1) =
−gH(z)

1−GH(z)
≥ −gL(z)

1−GL(z)
= −h(z, 0)/H(z, 0).

Call ζ(ν) ≡ max{z̄(ν), z̄h(ν)} (with z̄h(ν) defined as z̄(ν)) in the no-verification region).

Next, using (5) with the distribution H, for almost every ν, the demand elasticity σD(·|θ) is

given by:
νσ′D(ν|θ)
σD(ν|θ)

= − h(ζ(ν), θ)

1−H(ζ(ν), θ)
ζ ′(ν).

Consequently, σD is absolutely less elastic with θ = 1 or GH than θ = 0 or GL. �

We now prove the result. Denote (1− φ)σD(ψ(ν, φ)|θ) the effective demand given θ (i.e.,

with distribution G(z|θ)). We will show that effective demand given θ is supermodular in

(φ, θ). To see this, differentiate the effective demand in φ to get:

∂[(1− φ)σD(ψ(ν, φ)|θ)]
∂φ

= −σD(ψ(ν, φ)|θ) + (1− φ)σ′D(ψ(ν, φ)|θ)ψφ(ν, φ)

= σD(ψ|θ)
[
−1 +

σ′D(ψ|θ)
σD(ψ|θ)

ψφ(1− φ)

]
Therefore,

φ

(1− φ)σD(ψ)

∂[(1− φ)σD(ψ|θ)]
∂φ

=
−1

1− φ
+
σ′D(ψ|θ)
σD(ψ|θ)

ψφ

Now observe that the elasticity of the effective demand in φ is decreasing in θ, because the

demand is absolutely less elastic as θ rises (Lemma A.1 above) and also ψφ < 0. Thus, for

each ν, if the effective demand rises (respectively falls) in φ, then it rises (respectively falls)

proportionally less (respectively more) in φ when θ > 0. Finally, since the demand σD is

sufficiently elastic at ν∗ (i.e., when φ = θ = 0), then it will continue to be so for low enough

φ, θ > 0 by continuity. �

B Other Demand Functions: Positive Correlation Be-

tween Gains and Losses

By assuming that losses are given by z 7→ `(z) decreasing, our model is one of negative

correlation between gains and losses across types. On top of this, `(zmax) = 0 implies that

the highest type—i.e., the one with the largest gain from sharing—never verifies.

We now explore the polar opposite case: positive correlation and the highest type verifies.
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We distinguish between concave and convex losses and restrict to zmax = +∞. We will

show that with concave losses, there are regions of prevalence in which no type ever shares

unverified news. However, if losses are convex, the resulting demand function is qualitatively

similar to the one we study in the baseline case, as in this case the propensity to share is

also negatively related to the propensity to verify.

B.1 Positive Correlation with Concave Losses: `′′ < 0 < `′

High verification costs. In this case, no user verifies news but some still choose to share

given the conjectured prevalence ν. Indeed, a user prefers to share when (1−ν)z−ν`(z) ≥ 0,

or z/`(z) ≥ ν/(1 − ν). Since ` is increasing and concave, and `(0) = 0, the mapping z 7→
z/`(z) is increasing. Thus, for ν ∈ (0, 1) there exists a unique consumer type z̄(ν) ∈ (0, zmax)

such that all consumers z ≥ z̄(ν) choose to share, where:

(1− ν)z̄(ν)− ν`(z̄(ν)) = 0. (B.1)

Clearly, z̄(ν) rises as ν rises. For ν = 0, 1 we let z̄(0) = 0 and z̄(1) = zmax.

Moderate verification costs. Suppose now that the users can learn the authenticity of

news at a moderate verification cost t such that someones verifies. For each level of prevalence

ν, consider those who are willing to share even if costs were high, i.e., z ≥ z̄(ν). Then, by

costly verifying news these users improve their sharing payoff by

ν`(z)− t.

Unlike in the baseline model, the value of verifying—i.e., the savings from not sharing fake

news—increases with z. Thus, type z = z̄ is the most reluctant to verify, whereas z = zmax

is the most prone to verify.

Assumption 2. `(zmax) =∞.

Given this assumption, z = zmax always verifies. Now, if it is optimal to verify for

z̄(ν), then it will be optimal for z ≥ z̄. However, if ν`(z̄(ν)) < t, then there exist a type

z̄h(ν) ∈ (z̄, zmax), with z̄h(ν) ≡ `−1(t/ν), such that all types above z ≥ z̄h prefer to verify.

Because, `′, z̄′ > 0, the function ν`(z̄(ν)) is increasing in ν, and thus there exists a unique

ν̄ such that ν`(z̄(ν)) < t if and only if ν < ν̄. To summarize, if ν ≥ ν̄ all types z ≥ z̄ verify

and share. If ν < ν̄ only types z ≥ z̄h verify and share.
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Consider now the users that were not sharing originally, i.e., z < z̄. For them, the value

of verifying is that now they may share and increase their payoff in an amount equal to

(1−ν)z− t, which is increasing in z. Logically, if verifying is suboptimal for type z = z̄ then

it is suboptimal for all types z < z̄. This implies that for a level of prevalence ν < ν̄, there

is no “entry” of new users. However, when ν ≥ ν̄, entry happens: all types z ∈ [z̄l(ν), z̄(ν)]

verify and share news, where z̄l(ν) ≡ t/(1 − ν). All told, if ν ≥ ν̄, the market segments in

two: users z ∈ [z̄l, zmax] share and verify, while users z < z̄l do not share. If ν < ν̄ then the

market segments in three: types z < z̄ do not share; types z ∈ [z̄, z̄h] share unverified news;

and types z > z̄h share and verify news.

The demand for misinformation, ν 7→ σD(ν), is given by:

σD(ν) =

G(z̄h(ν))−G(z̄(ν)) if ν < ν̄;

0 if ν > ν̄.

B.2 Positive Correlation with Convex Costs: `′ > 0 and `′′ > 0

High verification costs. Suppose that verification is prohibitively costly. Then, a user

will share only if (1 − ν)z − ν`(z) ≥ 0, or z/`(z) ≥ ν/(1 − ν). Since ` is increasing and

convex, and `(0) = 0, the mapping z 7→ z/`(z) falls in z, and so for ν ∈ (0, 1) all consumers

z ≤ z̄ find it optimal to share, where: (1 − ν)z̄(ν) − ν`(z̄(ν)) = 0. Clearly, z̄(ν) falls as ν

rises. For ν = 0, 1, we let z̄(0) = zmax and z̄(1) = 0.

Moderate verification costs. Suppose that the users can learn the authenticity of news

at a moderate verification cost t. Consider again users types z ≤ z̄. Then, by costly verifying

news these users may improve their sharing payoff in an amount equal to:

ν`(z)− t,

implying that z̄(ν) is the most prone type to verify among all z ≤ z̄.

Now, since `(0) = 0 it follows that if it is optimal to verify for type z̄(ν), then it will be

optimal for all types z ∈ [z̄h, z̄], where z̄h(ν) ≡ `−1(t/ν). However, because `′ > 0 > z̄′, the

sharing downside function ν 7→ ν`(z̄(ν)) is now non-monotone, vanishing when ν = 0 and

ν = 1. Under mild regularity conditions, ν`(z̄(ν)) is hump-shaped and thus, ν`(z̄(ν)) > t if

and only if ν ∈ (ν, ν̄). All told, if ν ∈ (ν, ν̄) all types z ∈ [z̄h, z̄] verify and share, whereas

types z ∈ [0, z̄h] share unverified news. If ν /∈ (ν, ν̄) all types z ≤ z̄ share unverified news.

Consider now types z > z̄, for which the value of verification is (1 − ν)z − t. Logically,

if verifying is optimal for type z̄(ν), then it will also be for all z > z̄. Thus, if ν ∈ (ν, ν̄)
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all types z ∈ [z̄h, zmax] share and verify news. Now, if prevalence ν /∈ (ν, ν̄) then only types

z ∈ [z̄l, zmax] verify news, where zl(ν) ≡ t/(1− ν) > z̄.

Altogether, the demand for misinformation takes the form,

σD(ν) =

G(z̄h) if ν ∈ (ν, ν̄);

G(z̄) if ν /∈ (ν, ν̄).
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Tucker, J. A., A. Guess, P. Barberá, C. Vaccari, A. Siegel, S. Sanovich,

D. Stukal, and B. Nyhan (2018): “Social media, political polarization, and political

disinformation: A review of the scientific literature,” William and Flora Hewlett Founda-

tion.

Vásquez, J. (2019): “A theory of crime and vigilance,” Tech. rep., Smith College.

Vosoughi, S., D. Roy, and S. Aral (2018): “The spread of true and false news online,”

Science, 359, 1146–1151.

38


	Introduction
	The Model
	Equilibrium Prevalence and Rate of Diffusion
	Comparative Statics
	Market Power
	Internal Filters
	Concluding Remarks
	Omitted Proofs
	Proof of Lemma 1
	Proof of Proposition 1
	Proof of Proposition 2
	Proof of Lemma 2
	Proof of Proposition 3
	Proof of Proposition 4

	Other Demand Functions: Positive Correlation Between Gains and Losses
	Positive Correlation with Concave Losses: ''<0<'
	Positive Correlation with Convex Costs: '>0 and ''>0


