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▶ Misinformation is rampant in online social networks withserious societal implications.

▶ Governments do not know how to regulate and passes theblame to the platforms.
▶ ”I don’t think that Facebook or Internet platforms in general

should be arbiters of truth.” - Mark ZuckerbergQuoted in [Jackson et al., 2022]
▶ Online social networking platforms do spend significant effortto curb but without much success.
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Common Techniques
▶ Tagging/Removing [Patwa et al., 2021,Pennycook and Rand, 2019, Clayton et al., 2020,Brashier et al., 2021, Mena, 2020, Lyons et al., 2020,Carey et al., 2022, Pennycook et al., 2020a]
▶ Nudging [Pennycook et al., 2020b, Pennycook et al., 2021,Pennycook and Rand, 2021, Fazio, 2020]
▶ Debunking[Van Der Linden, 2022, Chan et al., 2017, Nyhan et al., 2014,Schwarz et al., 2016, Bhargava et al., 2023,Ecker et al., 2020, Paynter et al., 2019]
▶ Pre-bunking[Van der Linden et al., 2017, Pfau and Burgoon, 1988,Van Der Linden, 2022, Niederdeppe et al., 2015,Cook et al., 2017, Banas and Rains, 2010]
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Criticism

▶ Targeting specific users andcontent is criticized for biasand leads to mis-trust [Kominers and Shapiro, 2024b,Kominers and Shapiro, 2024a].

What can the platforms do instead?
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Research Questions

▶ Can the social network filter out false content? Peer Filtering

▶ When is Peer Filtering effective?
▶ How can the platform enhance the Peer Filtering effectwithout directly moderating content?
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Model
A large social network where users receive content either sharedby their peers or from external sources.

New content is arrives into the system and is shown to one user.Content has a veracity and an inclination:
▶ Has veracity α = T w.p. p and F w.p. 1 − p
▶ Equally likely to be inclined left or right
▶ Equally likely to be introduced to each user

Users when exposed to content decide to share/not share thecontent.
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User Model
Users have an inclination and different preferences for alignmentand truth.

T F

A 1 -1

M 1 -1

T F

A 1 -1

M -1 -1

T F

A 1 1

M 1 -1

T F

A 1 1

M -1 -1

Impartial Truthteller (IT) Partisan Truthteller (PT)

Impartial Fabulist (IF) Partisan Fabulist (PF)

Figure: Utility from sharing content for different user types.
θt := Fraction of users who are type t for t ∈ {IT , IF ,PT ,PF}.
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Private Signal
▶ When the ith user consumes content, k, they will know if it isaligned with their political views.

▶ This user also receives an independent signal sik ∈ [0, 1]regarding its veracity.
▶ sik is sampled from fT or fF depending on the veracity of thecontent itself.
▶ We pick

fT (s) = 2s fF (s) = 2(1 − s) s ∈ [0, 1]
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Agent Behavior
Agent i’s belief about the kth content veracity, where δ is theprior belief, common for all content, and δ̂(x) is the posteriorbelief given private signal sik ∼ fα

P(αk = T |sik = x) = δx
δx + (1 − δ)(1 − x) := δ̂(x).

Agent utility from sharing
IT PT IF PF

A 2δ̂(x) − 1 2δ̂(x) − 1 1 1

M 2δ̂(x) − 1 −1 2δ̂(x) − 1 −1

Figure: Expected utility of each user type for sharing an aligned (A) ora misaligned (M) content, as a function of her posterior belief δ̂(x).
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Agent Behavior
Agent sharing decisions

βα
a,t =


1 if a = A and t ∈ {IF,PF};
0 if a = M and t ∈ {PT,PF};Fα (1 − δ) otherwise, (1)

Fraction of T/F content shared for a given prior δ .
βα (δ) := ∑

a∈{A,M}

1

2
·
∑
t∈Θ θtβα

a,t = 1

2

(
θF + (θT + θI)Fα (1 − δ)) (2)

ObservationTrue content is always shared more than False content.
βT ≥ βF
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Spread Process

▶ Content either goes extinct(Bust) or spreads to the wholenetwork(Boom).
▶ If κβα < 1 then content goes bust with certainty and theexpected spread is 1

1−κβα .
▶ If κβα > 1 then the probability of going boom, qα , is given by

1 − qα︸ ︷︷ ︸Content goes bust
= 1 − βα︸ ︷︷ ︸No first share

+ βα (1 − qα )κ︸ ︷︷ ︸All descendants go bust
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Proportion of True Content

The proportion of Φ(βT , βF ) of true content is
Φ(βT , βF ) =


p

1−κβT
p

1−κβT
+ 1−p

1−κβF
If κβF ≤ κβT < 1;

1 If κβF < 1 ≤ κβT ;
pqT

pqT+(1−p)qF If κβT ≥ κβF > 1
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Equilibrium

prior belief δ

posterior belief Sharing probabilities
βT , βF

Proportion of true contentin the network Φ(βT , βF )

Equilibrium:
δ = Φ(βT (δ), βF (δ))

DefinitionAn equilibrium is a pair of sharing probabilities βT , βF thatsatisfy the equation
δ = Φ(βT (δ), βF (δ))
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True and false content bloom together

Theorem
In every equilibrium either both true and false content are in a
bust equilibrium or both are in a boom equilibrium.

▶ Since βF ≤ βT it seems like we just need to find a κ thatmakes κβF < 1 ≤ κβT

▶ But if only true news goes viral then users are more trusting
→ false news can spread.
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Existence of Equilibria

Figure: Visual Representation of how p and κ effect the equilibria. Here
θt = 1

4 for all types.
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Theorem: Existence and Uniqueness
Theorem
There exists a boom equilibrium if and only if κ > 2

1+θI . On the
other hand, there exists a bust equilibrium if any of the following
conditions are met:
▶ κ < 2

1+θI
(a unique bust equilibrium exists);

▶ κ = 2
1+θI

and p < 1
3 (a unique bust equilibrium exists);

▶ If κ ∈
(

2
1+θI , κ(p)) and p < 1

3 (two bust equilibria exist);

▶ If κ = κ(p) and p < 1
3 (a unique bust equilibrium exists),
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What levers does the platform have?

The platform can change κ.Accuracy metrics:
▶ Specificity: qT
▶ Sensitivity: 1 − qFUsage metrics:
▶ Engagement: pβT + (1 − p)βF

▶ Probability the average user sharescontent.
▶ Volume: pqT + (1 − p)qF

▶ The amount of viral content.
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Results

(a) Sensitivity(qT ) andspecificity(1 − qF ) vs κ
(b) Sensitivity(qT ) vsspecificity(qF ).
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Usage

(a)Volume(pqT +(1−p)qF ).This is the amount ofcontent that goes viral

(b) Average proportionof true content in thenetwork
(c) Engagement(pβT +(1 − p)βF ). This is theprobability anyparticular article isshared.
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