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The Social Media Dilemma

Accuracy

Engagement

Likes 

Comments

Ren, Dimant, and Schweitzer 2023
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Accuracy Nudges 

Pennycook G, Rand DG. Nudging Social Media toward Accuracy. Ann Am Acad Pol Soc Sci. 2022 Mar; 700(1):152-164.
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Fact-Checking, Labeling, and Debunking

e.g., Hsu, Thompson (2023), Clayton et al. 2023
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➢ Inoculation & nudges are not targeted enough and may be hard to scale

➢ Labeling and Debunking: “Implied Truth Effect” (Warnings on subset of 

misinformation increase perceived accuracy of headlines without 

warnings; Pennycook et al. 2020)

➢ Burden of misinformation is on consumers (“victims”) instead of culprits 

(sharers)

➢ No direct penalization of misinformation sharers

➢ Unlikely to deter those who report they intentionally share false 

information

The Current Toolkit Helps Improve 

Discernment, but it Lack Bite! 
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Self-Certification: A Mechanism to Reduce 

Misinformation

e.g., 1Cooter 1989; 2Akerlof 1970; 3Spence 1973; 4Pennycook et al. 2021; 5Martel et al. 2024

Allows users to certify truthfulness of their shared content
• Backed by users’ money (!); points; reputation/social capital

Certifications can be challenged
• Lose money if false, gain money if true

Uses economic and behavioral theories to combat 

misinformation
• Market externalities1, signaling2, and screening3

• Nudges accuracy4, Wisdom of Crowds5



Can Self-Certification clear Markets of 

Misleading Information?

➢ Reduce sharing of false claims

➢ Increase sharing of true claims!

➢ Reduce sharing of sensational false claims



Social media users (N = 1,490 participants; 29,800 responses)
▪ Cloud Research Connect

▪ Mage (SD) = 44.19 years (15.31); Female = 49.7%; Prefer Democrat = 52.8%

Shown 20 news headlines and made sharing decisions
▪ Half true (false), Half interesting (boring)

▪ Randomly selected from 202 pre-tested headlines

Choosing to share affected bonuses
▪ Sharing interesting headlines (+$0.05); boring headlines (-$0.05)

Across 3 between-ss conditions:
▪ Control-Sharing (n = 500), Costless Certification (n = 503), Costly Certification (n = 487)
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Experiment 1 – Overview
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Not Share Share

Boring -$0.05

Interesting +$0.05

$0



Boring -$0.05 -$0.05

Interesting +$0.05 +$0.05

True False
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Not Share Share Warrant as True and Share

$0 Boring -$0.05

Interesting +$0.05
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Accuracy Nudge But No Internalization of External Costs!



Boring +$0.05 -$0.15

Interesting +$0.15 -$0.05

True False
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Not Share Share Warrant as True and Share
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$0 Boring -$0.05

Interesting +$0.05

Simulating outcome after warrants are challenged (with $0.10 collateral). 

Certainty: 100% of warrants are challenged.

Accuracy Nudge AND Internalization of External Costs!
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Can Self-Certification clear 

Markets of Misleading News?



***

***

17

Control-Sharing

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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***

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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In the Baseline condition, false news is shared more 

than true news.

Social Media Baseline Costly Certification Cheap Talk



True Headlines = dark colors; 

False Headlines = light colors
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Control-Sharing Costly Certification Costless Certification

***

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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Costly Certification

FALSE TRUE

Social Media Baseline Costly Certification Cheap Talk

In the Cheap Talk condition, true news is shared more 

than in the social media baseline condition.
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In the Costly Certification condition, true news is 

shared more than false news.

Control-Sharing Costly Certification

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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True Headlines = dark colors; 

False Headlines = light colors
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Control-Sharing Costly Certification Costless Certification

***

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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Costless Certification

Lying is less likely when it appears more self-diagnostic (JCR: Gai and Puntoni 2021)

Social Media Baseline Costly Certification Cheap Talk

FALSE TRUE

In the Costly Certification condition, true news is 

shared more than in the Social Media Baseline cond.



True Headlines = dark colors; 

False Headlines = light colors
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In the Costly Certification condition, false news is 

shared less than in the Social Media Baseline cond.

Control-Sharing Costly Certification

***

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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Costless Certification

Lying is less likely when it appears more self-diagnostic (JCR: Gai and Puntoni 2021)

Social Media Baseline Costly Certification Cheap Talk

FALSE TRUE



What do sharers choose to certify?

Next Up: Proportion of Certified False and True News



24

P
ro

p
o

rt
io

n
 o

f 
F

a
ls

e
/T

ru
e

 H
e

a
d

lin
e

s
 C

e
rt

if
ie

d
True Headlines = dark colors; 

False Headlines = light colors

Costly Certification Cheap Talk

***

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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When Certification is Costly, we see an Increased

Certification of True News



According to Past Research, False-

Interesting News Is More likely to Go 

Viral than False-Boring News
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Control-Sharing Costly Certification

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.
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In the Costly Certification condition, false-interesting 

news is shared less than in the Social Media Baseline 

condition. 



Can Self-Certification clear Markets of 

Misleading Information?

➢ Reduce sharing of false claims

➢ Increase sharing of true claims!

➢ Reduce sharing of sensational false claims
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▪ Self-Certification Mechanism 
Option to signal content veracity, backed by collateral

▪ Headline News Sharing (Exp 1): 
↑ sharing overall 

↑ true news; ↓ false news

▪ Headline News Consumption (Exp 2): 
↑ perceived accuracy

Key Takeaways About Self-

Certification to Fight Misinformation
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Buyer

Control 

“Reputation”

Market

Treatment 

“Warrants”

Market

Treatment 

“Certification”

Market

Sellers

We built ”mini-Amazon” to run competitive online experiments



What News do Sharers Share?

Proportion of False vs. True News 

Shared
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Having the option to certify the truthfulness (no matter 

if cheap talk or costly) increased total news shared

Social Media Baseline Costly Certification Cheap Talk

Note: Estimated means from linear model with robust SEs clustered on participant and headline. Error bars indicate 95% CIs. * p < 0.05; ** p< 0.01; *** p < 0.001.



Shared & Warranted as True

Costless & Costly Certification

Shared

Experiment 2. Stimuli – Costless & Costly Certification
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To the best of your knowledge, how accurate is the claim in the above headline?

1 – Not at all accurate; 7 – Very Accurate
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Contributions:

• We test a novel misinformation intervention
+ Producers can be held accountable

+ User-Driven / Decentralized

+ No Censorship (free speech is maintained)

+ Scalable

• We use incentive compatible experimental designs

Key Limitations: Warrants are 100% challenged; no reputation 

building; no interactions with others; no variations in type and amount 

of collateral, only clearly true/false information, etc.

Fighting Misinformation with Self-

Certification



Participants (N = 2,003; 48,072 responses)

▪ Cloud Research Connect

▪ Mage (SD) = 39.97 years (12.77); Female = 49.9%; Prefer Democrat = 61.7%

Shown 24 news headlines and rated perceived accuracy of each

▪ Half true (false)

▪ Randomly selected from 172 headlines that were certified in Exp. 1

By condition, some headlines were displayed with labels

▪ Labels (or their absence) indicated if previous participants shared (and certified them)

▪ Conditions: Control (n = 505), Control-Sharing (n = 499), 

Costless Certification (n = 500), Costly Certification (n = 499)
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Experiment 2 – Overview



Control

Experiment 2. Stimuli – Control
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To the best of your knowledge, how accurate is the claim in the above headline?

1 – Not at all accurate; 7 – Very Accurate



Control-Sharing

Shared

Experiment 2. Stimuli – Control-Sharing
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To the best of your knowledge, how accurate is the claim in the above headline?

1 – Not at all accurate; 7 – Very Accurate
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Note: Estimated means from linear model with robust SEs clustered on participant and headline ID. Error bars indicate 95% CIs. * p < 0.05; ** p < 0.01; *** p < 0.001.

All comparisons, unless otherwise indicated, are relative to their counterpart in the control 

Control Costless Certification Costly Certification
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***
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Perceived Accuracy of News Headlines

Headline Labels

Control-Sharing
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Note: Estimated means from linear model with robust SEs clustered on participant and headline ID. Error bars indicate 95% CIs. * p < 0.05; ** p < 0.01; *** p < 0.001.

All comparisons, unless otherwise indicated, are relative to their counterpart in the control 

Control Costless Certification Costly Certification
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No Impact of “Shared” Labels

Headline Labels

Control-Sharing

***

***
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Note: Estimated means from linear model with robust SEs clustered on participant and headline ID. Error bars indicate 95% CIs. * p < 0.05; ** p < 0.01; *** p < 0.001.

All comparisons, unless otherwise indicated, are relative to their counterpart in the control 

Control Costless Certification Costly Certification
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Certification ↑ Perceived Accuracy of True and False 

Headline Labels

Control-Sharing

***

***

***
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Note: Estimated means from linear model with robust SEs clustered on participant and headline ID. Error bars indicate 95% CIs. * p < 0.05; ** p < 0.01; *** p < 0.001.

All comparisons, unless otherwise indicated, are relative to their counterpart in the control 

Control Costless Certification Costly Certification
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Costly ↑ Perceived Accuracy of True Claims More

Headline Labels

Control-Sharing

***

***

***

***

**
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