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Social media has become pervasive

People use it more for news and for financial advice.
Americans 3.6 hours per day on social media (any kind) from Forbes
53% of users on Twitter (X) use it for financial advice (Pew 2023)

Major events have been linked to social media
GameStop short squeeze, highlighting coordination of retail investors (Pedersen 2022)
Silicon Valley Bank, highlighting speed of communication.

Part of the democratization of finance

An engaging technology, prone to taking advantage of our behavioral biases



In the news (on repeat…)



In context of the GME short squeeze



Research approaches and questions

Social media research in finance is aligned across two major axes:

Axis 1: How social media is used by the researcher: 

social media as a lens or social media’s effects
Cookson, Mullins and Niessner (2024) draws this distinction, primarily.

Axis 2: Financial functions of social media (within social media’s effects): 

production, consumption or distribution of information.
Subset of the approach taken in Aridor et al (“The economics of social media”).

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4708840
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My plan
1. Social media landscape (today)

Definitions, growth over time, data sources
Some key examples

2. Social media as a lens
Examples and approach, opportunities with new formats and features

3. Social transmission bias
Examples and approach, opportunities with new formats and features

4. Effects of social media
Subtopic: production, consumption, and distribution of information
Opportunities and challenges



Social media landscape
It has grown over time, changed format



What is social media?

Financial social media evolved out of internet discussion boards (e.g., 
see Antweiler and Frank 2004, who study internet message boards).

Facebook, MySpace, Twitter (X), Instagram, TikTok, Discord, WhatsApp, 
Reddit, Bitcointalk, StockTwits,…

There’s a lot of different media that are called social media (e.g., is Wikipedia 
“social media”?)

Different platform features are understudied: virality, “friends of friends,” etc.

Different social media are not all the same, but also not all different (see 

“The Social Signal” JFE 2024)



Growth: More platforms with investing content



More posts and users per platform
Finance-specific social media platforms



Social media data
How do I enter this area?
Early work involved collaborations with the (investor) social platform.

• My disagreement work with StockTwits was based on free access to an API 
because we asked for it.

• Nowadays, platforms are less cooperative (generative AI has made platforms 
more wary)
• … but (i) StockTwits has started to sell its data, (ii) scraping, collecting information from 

online is easier

Commercial products have become more common
• Context Analytics gives away its firm-day Twitter signal
• Refinitiv bought MarketPsych (both firm-day Twitter and StockTwits)
• Ravenpack has sentiment and article information on Seeking Alpha
• Bloomberg has integrated social media tracking products into its platform
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Social media data
Most can be found here: http://socialfinance.site/data.jsp?type=ds 

Data from websites:
• Disagreement (2010-2021) at the firm-day level (Cookson and Niessner 2023)

• Sentiment and attention (2012-2021) at firm-day level (Cookson, Lu, Mullins 
and Niessner 2024) from first PC across major platforms.

• Facebook connection data (Stroebel and coauthors), Social capital data 
(Chetty et al); cross-sectional connectedness metrics.

• Müller and Schwarz have posted their county-level exposure to South-by-
Southwest attendance (an instrument for Twitter usage).

• Byoung Hwang has posted firm-day Twitter attention data on his website.

http://socialfinance.site/data.jsp?type=ds


Key examples of social media 
research



Social media and wisdom of crowds

“The issue for the pros is that the institution of [financial] analysis risks becoming 
de-professionalized. In the same way many jobs … became commoditized by the use 
of new tools or access to information, the era of DIY [do-it-yourself ] financial 
analysis is dawning.”

-- Horace Dediu, former analyst, now influencer



Social media: Seeking Alpha

Paper shows the content of 

Seeking Alpha predicts returns 

and earnings surprises.

Not just articles, but comments



Main Contribution: to show social media 
is informative

Empirical strategy is to count the fraction of negative 

words in Seeking Alpha articles (and comments on those 

articles until day t+2)

Then, ask whether this fraction predicts returns t+3 

through t+60, controlling for the usual suspects: lagged 

returns, news sentiment, upgrades/downgrades, positive and 

negative earnings surprises, etc.



Digging into details: What is a negative word? 

Loughran and McDonald (2011) curated lists 

of positive and negative words, producing a 

set of dictionaries that proved to be the 

standard for the next decade+

Also, lists of complexity, modality, etc.

For more, see their data website: 

https://sraf.nd.edu/loughranmcdonald-

master-dictionary/ 

Chen et al (2014) uses the 

negative word list

https://sraf.nd.edu/loughranmcdonald-master-dictionary/
https://sraf.nd.edu/loughranmcdonald-master-dictionary/


Digging into details: What is a negative word? 
The standard may be different today

Two caveats:

1. The LM word lists may be noisy. 

Garcia, Hu and Rohrer (2023) make this 

point with more modern ML methods



Digging into details: What is a negative word? 
The standard may be different today

Two caveats:

1. The LM word lists may be noisy. 

Garcia, Hu and Rohrer (2023) make this 

point with more modern ML methods

2. Social media text (outside of Seeking 

Alpha) is short and “has its own 

language.” Fox, Kelley and Paolucci 

(2025WP) make this point by analyzing 

the sentiment of emojis and extending 

VADER (a social media sentiment classifier)



Returning to Chen et al (2014)…
How to show social media is informative

Simple empirical strategy: Are future returns predictable by the 
content of Seeking Alpha, conditional on controls?

Main result



Returning to Chen et al (2014)…
How to show social media is informative

Consistent evidence for different 
horizons and calendar time strategies



Social media: Seeking Alpha

Taking stock: It is a big finding 

and noteworthy that SA content 

predicts returns.

Results are a little weak, but so were 

the methods.

Predictions have held up after 

this sample (e.g., see Russell Jame’s 

research) and on different platforms.



Exemplar #2.
Economic Effects of Social Networks

Key research question: Do our social 

networks (not necessarily online) 

influence real economic decisions?



Revealing Social Connections in Social Media

Bailey et al (2018 JPE)

• Worked with Facebook internal data, merged with all real estate 

transactions in Los Angeles.

• Trick is to aggregate the housing price experiences of Facebook 

friends, at the individual level. Does this predict house prices?
• Yes, having friends who experienced more house price appreciation ➔ higher prices in 

LA market.

• Facebook snapshot in 2016, but effects in earlier years (before 

Facebook).



This matters because most connections are local



How to identify an effect of peer experiences on 
housing transactions?

Note: Friend exposure comes from 

where my friends are versus where 

yours are (not where I am versus you; we both live in 

LA in this sample; solution use out-of-state friend 

experiences).

Friend exposure comes from Facebook 

observed in 2016.



More likely to buy/own a house if friends saw 
HP appreciation



House is likely bigger if friends saw HP 
appreciation



More likely to pay more (within property FE!)



Bailey et al JPE paper had individual data, but 
county aggregates data have enjoyed wider application



More recent: Chetty et al “Social capital”

Measures in-person 
connections between high- 
and low-income people.

Easy to download and use.



The Facebook connection data are not 
specific to finance

Though there are finance applications of these 
broader connections (e.g., see Cannon et al 2024), 
much of the finance literature is focused on 
finance-specific social networks.



Using Social Capital Data

• An example from a 2024 MFA discussion of Cannon et al (WP).
• Note: paper may have updated since then.



Friends with Benefits
Social Capital and Household Financial Behavior

Cannon, Hirshleifer and Thornton

Discussion by J. Anthony Cookson



Where does this paper fit?

• Social capital literature is by now “age old”
• Knack and Keefer (1997), Keefer and Knack (1995)

• Wallet drops across countries, world value surveys ==> Trust ~ growth
• Link to financial outcomes in La Porta et al (1997) & Guiso Sapienza and Zingales 

(2004,2006).
• Measures: electoral turnout or blood donation.

• More modern (tends to be narrow and focus on identification):
• Brown, Cookson and Heimer (2019) – exposure to finance (via trust) promotes 

participation using “natural experiment” in exposure to finance.

• Dupont (2022) – Clergy abuse shocks affect stock market participation via generic 
trust channel.



This paper’s questions/measurement

Does economic connectedness (EC) affect market participation and 
savings?

• EC measured as friendships on Facebook with SES people (county-level). 

[Social Capital Data from Opportunity Insights]

• Participation and savings measured as % of tax returns with dividends and % 
of tax returns with interest (county-level).

[IRS Summary of Income (SOI) data]



This paper’s findings

Does economic connectedness (EC) affect market participation and 
savings?

• At county level, EC has a strong positive correlation with % of tax returns with 
dividends and (separately) interest.

• This tendency is stronger than for cohesiveness (are my friends likely friends with one 

another?) and rates of volunteering (traditional trust metric)

• Decomposition: Exposure relates more strongly than Friending Bias.

• Identification? Similar results based on childhood connections & effects seem 
to reverberate through network via non-local connections.



My take and discussion

Take
• Creative mixing of new Opportunity Insights data with public IRS data.

• Important question to think about components of social capital.

• Could use more detail, still early work.

Discussion
• Interpretation and Measurement of EC versus in Chetty et al (2023)

• [Wow! I can download the data…]

• Some alternative specification suggestions



Comment #1
Measurement of Economic Connectedness 



Chetty et al (2023) paper builds two EC measures

• EC – for low SES people, ~ % friends who are high SES.

• EC_high - for high SES people, ~ % friends who are high SES.

• This paper:
• EconCon = a1*EC + a2*EC_high, where:

• a1 = fraction of tax returns in low-income buckets.

• a2 = fraction of tax returns in high-income buckets.



Main Table

Questions I had:
• Is the result sensitive to how EconCon is averaged across buckets?
• How much comes from low SES versus high SES buckets?
• Couldn’t we just control for income using the IRS data directly?



Then, I realized… I can download the data myself!

The IRS SOI data are public at the county and zip 
code level by year!



Then, I realized… I can download the data myself!

Observation 1:
• It is not necessary to work with county-

income bucket data.

So, I downloaded county-level (and zip code 
level data) w/o AGI buckets.



Then, I realized… I can download the data myself!

Observation 2:
• The Chetty data are available at county, zip, 

high school and college level

So, I downloaded county-level and zip 
code level data.



My “replication”

Differences:
EconCon = 0.5EC+0.5EC_high

I controlled for log(avg_AGI) in 
the IRS data and population, not 
the full slate of controls



My “replication”

Conclusions:
1. How EC is averaged does not 

matter.

2. Main result seems robust to 
choice/depth of controls.



Comment #2
Where is the EC result coming from?  



Extension 1: 
Include EC and EC_high as separate terms

EC_high >> EC.

The underlying mechanism is not “low SES 
people benefit from connections to high SES 
people.”

Alternative: for high SES, stock participation is 
greater with more high SES connections.

• Relate to Briggs et al (2021), which 
shows a high-income stock 
participation puzzle.

Suggestion: Conduct tests like this and shift 
the narrative from helping low SES participate 
and save.



Extension 2:
zip code level analysis

Advantage: can include county fixed 
effects (cols 2 and 4).

Disadvantage: Chetty et al add noise at 
finer granularity (restrict to zips with 5k 
people or more).

Similar conclusions on stock 
participation. Might be different on 
saving? 



Conclusion

• Social capital embedded in our economic connections is an important 
and growing area.

• One reason it is growing is because of data like this paper uses.

• Lots of potential for this paper (and this whole literature).



Exemplar #3.
Social media and stock market participation

Key research question: Does social 

media affect stock market 

participation?

Online social interaction and 

discussion about stocks might 

overcome participation costs.



This paper shows effects using an instrument 
for Twitter adoption

Again, I’m going to adapt some slides (from AFA 2025) to describe and 
place this paper in the social media and finance literature.



Social Media and Stock Market 
Participation

By Müller, Pan and Schwarz

Discussion by J. Anthony Cookson

CU Boulder



Motivation

Dark side
• Social media and recent trading frenzies

• GameStop (Pedersen, 2022; Bradley et al, 2023), Silicon Valley Bank (Cookson et al WP)

• A forum for biases?
• Selective exposure (Chen and Hwang 2022, Cookson, Engelberg, Mullins 2023), biased 

belief updating (Chen, Peng, Zhou 2024WP)

Bright side
• Social signals are informative

• Predict returns (Chen et al, 2014RFS, Cookson, Lu, Mullins and Niessner, 2024)

• Feedback into corporate decisions (Cookson, Niessner and Schiller, 2024).

This paper: Could there be a bright side for investors themselves?



Motivation and Strategy

This paper: Could there be a bright side for investors themselves?

Paper finds: Social media exposure drives stock market participation.

Core strategy: 
1. Deploy South-by-Southwest (SXSW) 2007 Festival shock to Twitter 

account openings to obtain exogenous geographic variation in Twitter.

2. Measure stock market participation (in 2015) across geographies as 
Dividends Tax Filings in the IRS SOI database.



Paper deploys an instrument, developed in an 
earlier paper



Paper deploys an instrument, developed in an 
earlier paper



Main 
findings in 
pictures



Not just 
benefits



My take and my discussion

Take
1. Welcome (causal) evidence on social media’s effects on investors

2. Credible and nuanced narrative of costs and benefits.

Discussion
1. Measurement

2. Generalizability



Comment #1
Measurement



Key to Identification
Cross-county variation in social media exposure

South-by-Southwest Attendance Measurement
• Authors do not have a list of attendees

• Instead, they 
1. Compile a list of post-SXSW followers of @sxsw account.

2. Identify the locations of these Twitter accounts from profile information, text strings.

First reaction: this is noisy
• We could identify < 10% of profile locations on StockTwits using something 

similar.



Example followers 
of @sxsw (from 
late 2024)

Texas

Houston

No location

No location

No location

No location

This is not random, but 
mostly to show some 
valid location 
classification (I am 
underrepresenting “No 
location”)



Example followers 
of @sxsw (from 
late 2024)

Austin

Austin

Austin

Austin

Austin

Austin

Note: paper controls 
for distance from 
Austin



How to think about this measurement issue

On one hand, classical measurement error biases toward zero.

But, that’s true of the variable itself, not necessarily the instrument.

So, it is worth probing the nature of measurement error in this case

Some results that help:
• No effect in pre-SXSW period

• No effect using pre-SXSW followers



How to think about this measurement issue

Main lingering concern

Bias toward urban areas.

Paper already controls for 
population, but given that 
cities (might mostly) identify 
counties, I’d like to see an 
upfront nonlinear control for 
population.



Comment #2
Generalizability



Comment #2: All IVs are local

• Participation in #FinTwit might have a different impact than 
participation in other social media.
• In “The Social Signal,” we saw big cross-platform differences in sentiment. It 

depends on user populations / differences across platforms.

• Could we expect the effects on stock participation to differ because…
• Different forums: StockTwits? Seeking Alpha? Reddit? TikTok? 

• Different variation: A spike of social media interest due to meme stocks? 
Stimulus checks? 



Comment #2: All IVs are local
What to do?

• Use heterogeneity to speak directly to this issue.
• Variation within Twitter users’ sophistication, education, etc

• Without heterogeneity analysis, it is not obvious ex ante whether a platform 
like TikTok (high engagement, less sophisticated investors, low quality 
content) would have more benefits versus costs.

• Write specifically, upfront and humbly about claims about social 
media writ large, or participation on social media.
• Internal validity for participation on FinTwit from a SXSW-like shock.

• Needs more for broader application



Conclusion

This is a really interesting paper on an important topic.

My comments are about placing the paper and understanding its 
variation, but I have no doubt that the paper will publish soon (and it 
should be recognized for its impact).



Summing Up Day 1

Social media and finance research is widely varying. The three papers 
highlighted today give a broad view of this research agenda.

1. Signal in social media?

2. What does social media reflect about ourselves and markets?

3. How does social media affect trading and market participation?
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