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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 and social media signals
Examples and approach.

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



Social media and real effects

After GameStop, there has been significant interest in 

We’ve seen a couple of different manifestations of real impacts
• Social transmission bias (day 3)

• Stock market participation (day 1, Müller et al 2025 WP).
• South-by-Southwest instrument: Karsten’s other research gains a lot of traction with this.

Dessaint et al (2024JF) – does big data (social media) reshape financial 
forecasting?



Social media as alternative data

Does social media’s introduction 
reshape the content of analyst 
forecasts?

Key insight and RQ: social media 
is informative of short horizons. 

Introduction could make analyst 
information more informative of 
short horizons.



Social media as alternative data

Implementation:
• At each forecast horizon, measure the R-squared for the fraction of 

earnings variation that is explained by analyst forecasts.
• Cross-firm regression of earnings on forecasts within a given time 

period.

• Relate to changes over time and around introductions of alternative data
• Paper’s message is broader than social media, but key tests use 

social media.



Changes to informativeness by horizon over time

Short horizon forecasts become more informative in recent period



What about social media?
Explosive growth and unrelated to endogenous supply of data 
vendors

They use variation in 
adoption across firms.  Some 
firms are discussed a lot on 
the platform early on, while 
others take longer for a 
discussion to emerge.



What about social media?
Shapes the short run

Predictions, particularly for 
short horizons, are related to 
sentiment on StockTwits

Also in the paper: Analyst 
exposure to social media 
activity ➔ increases the 
Rsquared for short horizons 
but decreases it for long 
horizons.



Real effects of social media

Social media has become an important part of the information 
environment.

Where is the literature on real effects?
• Information quality as in Dessaint et al (2023JF).

• Fake news as in Kogan, Moskowitz and Niessner (2023RF)

• Deterioration of information quality after GME (Bradley et al 2024 RFS)

• Asset pricing effects as in Pedersen (2022JFE)

• Information feedback, disclosure quality, interactions between investors and 
firms.



Social media and informational efficiency

Forthcoming at 
Journal of Finance



Motivation

1. Social media and related technologies have transformed how investors interact 
with markets as a source of information.
• Social platforms to share investment ideas, apps to trade from anywhere.

• Sophisticated investors, too, rely on social media signals

2. Yet, social media has been at the center of recent trading controversies (Pedersen, 
2021), and can reflect / exacerbate biases (Barber et al, 2021; Cookson et al, 2022), 
and propagate fake news (Kogan et al, 2022).

Tension: Social media can reflect information or be a source of noise.  

Unclear whether it adds information to pay attention to it (interesting if it does).



Much has been made of social media as an information signal for investors.

In 2013, Intel’s head of IR talking about StockTwits said:

“We also […] listen and get a read on what is resonating with this audience. We can also 
see when we are trending through alerts and see the topics driving that interest. Over 
time, we’ll build a feedback process to our teams so they can see this as well.”

MOTIVATION



Our Question

We ask whether social media can also provide a useful signal for firms.

• Natural question given longstanding interest in firms’ reliance on external 
signals – e.g., feedback from stock prices and news.

Is social media a sideshow?



Empirical Challenges & Strategy

Three empirical challenges
• Firm-day social media data is difficult to obtain systematically.

We measure social media sentiment using StockTwits at the firm-day level.

• Social media information arrives at high frequency, while corporate investment 
decisions are slower wave.

We study the decision to withdraw (or proceed with) an announced merger.

• Firm decisions generate social media reactions, raising reverse causality concern.

If a merger is withdrawn, firm manager plausibly changed mind.



Our findings

A negative social media reaction to merger announcement predicts merger 
withdrawals.

• A 1SD decrease in social media sentiment increases withdrawal prob by 0.64 ppt 
(16.6% of average likelihood of withdrawals). Similar to coef on traditional news 
sentiment and CARs

• Insensitive to controls, including controlling for market reactions & news sentiment. 

Compelling heterogeneity. Social media effect is larger when…
rms are more active on social media via a corporate Twitter account.

Information is fundamental and tweets are more detailed.

Information is external to manager. Analyst calls use more negative and constraining terms 

Not presentation portion, but Q&A (suggests external info source)

Learning is more valuable. Hard-to-value targets, complex mergers, volatile markets. 



Our findings

A negative social media reaction to merger announcement predicts merger withdrawals.
• A 1SD decrease in social media sentiment increases withdrawal prob by 0.64 ppt (16.6% of 

average likelihood of withdrawals). Similar to coef on traditional news sentiment and CARs

• Insensitive to controls, including controlling for market reactions & news sentiment. 

Compelling heterogeneity. Social media effect is larger when…
• Firms are more active on social media via a corporate Twitter account.

• Information is fundamental and tweets are more detailed.

• Information is external to manager. Analyst calls use more negative and constraining terms 

• Not presentation portion, but Q&A (suggests external info source)

• Not governance as in Ang et al (2021), unrelated to manager networks.



Contribution

Informativeness of data in asset markets and beyond.

• More information isn’t always good (Dugast and Foucault 2018).

• Controversy about data in general, but social media in particular (Pedersen 2021; Cookson et al, 
2022).

• Contribution: social media can be a useful signal, as informative as other widely studied sources.

Link between asset market & corporate decisions

• Classic to think about this (Morck et al 1990).  Also, large literature (Edmans, Goldstein, etc.).



Measurement



Measuring Firm-specific Sentiment 
with StockTwits

We use the sentiment of firm-specific tweets from 2010-2021.

• Though tweets are sentiment stamped (discrete), we use the StockTwits provided sentiment measure 
(continuous).

• Black box, but useful in this context.

• If attuned to social media info, firm managers likely rely on a similar signal.

• Robust to sentiment measure based on Twitter data from SMA. And, also doing our own Entropy 
and Bayes classification + sentiment stamped tweets.

“Sent = 0.781”“Sent = -0.879”



Does Social media notice M&As?

More Tweets More Tweets about M&A



Do all investors notice M&As?

More Tweets by non-technical investors More Tweets about M&A by non-technical investors



Distinctive Words pre versus Post Merger 
Announcement

Days -13 to -7 Days 0 to 4



Examples from the Adobe-Figma 
Merger Announcement (9/15) 



Examples from the Adobe-Figma 
Merger Announcement (9/15) 



Measuring Abnormal Sentiment

Sample scope: all tweets that mention at most two tickers.

Then, for a merger announcement at date 𝑡 = 0, compute abnormal sentiment in window 
after announcement (vs. a week prior, skipping a week).

Default is a 4-day period [0,3], but alternative windows deliver a similar index.



Sentiment & Merger withdrawals



Empirical Specification

Our tests focus on M&A deal-level data using the linear probability model:

• Deal Withdrawn is an indicator {0,100} for whether deal i was withdrawn.

• AbnSent is our abnormal social media sentiment measure.

• CAR is the cumulative abnormal return – [-1,10] window using FF3, following Luo (2005).

• Also control for [-5,-1] CAR.

• Fixed effects 𝛼𝑡 is year-quarter, 𝛾𝑗 is industry (GIC2).

• Other controls (X) are taken from the (vast) M&A literature.



Main Result

One sd decrease in AbnSent predicts a 
0.64 ppt increase in merger withdrawal.
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Main Result

One sd decrease in AbnSent predicts a 
0.64 ppt increase in merger withdrawal.

• Magnitude is robust to including acquirer firm 
controls.

And to controlling for market signals.

• Magnitude is similar to market reaction (both 
standardized, so comparable).

• Also robust to deal-level controls.
which soak up 𝑅2

• Impervious to controlling for news sentiment, 
analyst rec changes (also, manager networks)

Liu and McConnell (2013), Becher et al 
(2015)



Robustness I

Result is robust to…
• Alternative sentiment measures.

• Public target subsample (larger 
magnitude).

• Target abnormal sentiment.

• Target spread.

• Dropping small deals.

• Including acquirer FE.

• Using Twitter Sentiment from SMA (not 
pictured)



Robustness II

Result is smaller on “non feedback” 
subsamples: regulator-withdrawn and 
target-withdrawn.



Reaction to 
Withdrawn Deals

Market “celebrates” withdrawal of 
negative sentiment mergers.



Heterogeneity and Mechanisms



Are Firms 
listening?

Prediction is stronger for 
announced deals in 
which the acquirer firm 
has a twitter account, 
especially for more 
serious accounts.



Information in 
the Signal (I)

Prediction is strongest when the 
tweets are longer & coming from 
non-technical investors



Information in 
the Signal (II)

We did a topic analysis (biterm model, 
BTM) to separate the signal into 
subtopics.

• Effect driven by discussions of 
“company/business,” “deal terms,” and 
“disclosure.” 

• No effect for meme tweets, technical 
tweets, and trading tweets.



Conclusion

Social media is not a sideshow for corporate decisions.
• In predicting the decision to withdraw a merger, abnormal sentiment after 

merger announcement is as important as market and traditional news signals.

• Stronger prediction for firms with corporate Twitter accounts.

• Strongest when managers have the most to learn from external 
information (analyst calls and complex, tough-to-value deals).

Results imply that managers can learn from social media, and suggest that 
they do learn from social signals in M&A.



Social media can also have real effects via 
coordination and contagion
GameStop, for example, 
illustrated what can happen 
when retail traders coordinate.

Public forums provide an avenue 
to coordinate on positive (or 
negative) news.

This was true for GameStop, but 
also a phenomenon present in 
the Silicon Valley Bank (SVB) run.
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Motivation

A bank run can be a self-fulfilling prophecy: 
• “good” equilibrium: depositors have a low belief in running ➔ 𝑃[𝑟𝑢𝑛] is low.

• “bad” equilibirum: depositors have a high belief in running ➔ 𝑃[𝑟𝑢𝑛] is high.

Why/when do depositors end up in the “bad” equilibrium? 
• `sunspots’, communication via word of mouth, social propagation mechanisms 

(Angeletos and Werning 2006, Iyer and Puri 2012, Ziebarth 2017)

Our question: Does exposure to social media – as a communication technology – raise 
the risk of bank runs?



The first “social media, internet bank run in 
U.S. history”

- Senator, Mark Warner

"If a bank has an overwhelming run that's 
spurred by social media ... so that it is 
seeing deposits flee at that pace, the bank 
can be put in danger of failing,"  

- Janet Yellen, Treasury Secretary

Our Interest: Did social media exposure 
matter for other banks?

OUR SETTING
THE WAKE OF SILICON VALLEY BANK’S FAILURE

SVB failed: March 10th, 2023



Our Empirical Strategy: 
Twitter Data and Run-period returns

Outcome is bank stock returns 

• High frequency deposit outflows are unavailable (e.g., hourly).

• We also look at Q1:2023 deposit outflows.

A menagerie of complementary tests:

• CX. Relate Twitter preexposure (Jan 1 – Feb 15) to bank stock losses (Mar 1 to Mar 15).

• Also, at high frequency: Hourly within the run & at the tweet level.



Our findings

High preexposure to Twitter predicts bank stock losses and deposit outflows in the 
run period.

 

• 6.6 percentage points more stock losses during the run for top tercile Twitter preexposure. 

• By comparison, a sd increase in % uninsured deposits is associated with 4.1 ppt loss.

Social media amplifies classical bank run risk factors  

 

• Twitter preexposure interacts significantly with% uninsured deposits and mark to market 
losses.

Twitter pre-exposure also relates to outflows of uninsured deposits in Q1:2023.



Mechanisms

In-Run Twitter conversation was full of run and contagion keywords.
• Including these in-run tweet activity measures crowds out the preexposure 

effect.

Tweets started with investors.
• SIVB is Silicon Valley Bank’s ticker, but SVB is how general users refer to the bank.

• High frequency effects on returns are not just driven by SIVB.

• Retweets of notable pre-run tweets did not pick up before the run.

‘Tech’ Twitter users – likely depositors in SVB – played outsized role.
• Startup tweets increase during the run, not just for SVB.

• Startup user tweets have more high frequency market impact.



Contribution

Bank runs in the age of social media and digital banking
• Classical bank runs are about communication and contagion.

• We contribute to an understanding of this period of banking distress (Jiang et al 2023; Dreschler et al 2023; 
Koont et al 2023).

Contagion via social media, not just social networks
• Social networks and contagion are thought to be critical for banking distress (Iyer and Puri 2012).

• Social media is not just a social network, but a platform that coordinates ideas.

• Social media’s widespread reach & two-way communication are distinctive.



Data and Context



Data

• Tweet Data drawn from the Twitter API:
• 5.4 million cashtagged tweets ($SIVB, $FRC…)

• Publicly traded banks (SIC 602, 603, 609) from 1/1/2020– 3/14/2023

• Tweets on general conversations: “Silicon Valley Bank” or “SVB” and “First Republic Bank” 

• User details on 544,888 Twitter users who contributed these tweets

• Minute-level stock data from FirstRate.

• Banking Data. FDIC and FFIEC.
• Compute % Asset Decline (mark to market) from 2022:Q1 to 2023:Q1 following Jiang et al (2023).

• Compute % Uninsured Deposits, drawing from the FDIC call reports data.



Contextual Evidence

Contextual evidence: 
Banks with high pre-run tweet volume also have high volume of run-period “run” and 
“contagion” tweets. 
Run and contagion mentions are rare pre-run, but not after March 8.

Retweets analysis: 
Even ex-post prescient tweets about SVB (i.e., Raging Capital Ventures) were not retweeted 
much before the run began.  

Vast majority of retweets of pre-run tweets were after the run began.

High-retweet tweets reflect both information sharing (RCV) and spread of fear (BoA).



Content of Tweets and 
Pre-run Exposure

The top-5 banks by “run” 

exposure well identify banks 

with notable run discussions.

All these banks are high on Tweets pre-run. Motivates 

our exposure strategy.

We build textual dictionaries 

based on “run” and “contagion” 

ideas & apply it to the run 

period.



Pre-run versus Run Language

Run Period (Mar 8-13)Pre-Run (Jan 1-Feb 15)



Pre-run Tweets were rarely Retweeted During the run

Jan 18



highly retweeted pre-run Tweets were Rediscovered 
during the run



Cross-sectional Results



CX Regression 
Evidence

• Col (1): Consistent with classical factors, % 

Uninsured predicts 4.1pp bank stock losses during 

run.

• Col (2): Top tercile Twitter activity in pre-run 

period ➔ 6.66pp more bank stock losses.



CX Regression 
Evidence

• Col (1): Consistent with classical factors, % 

Uninsured predicts 4.1pp bank stock losses during 

run.

• Col (2): Top tercile Twitter activity in pre-run 

period ➔ 6.66pp more bank stock losses.

• Col (3)-(5): Interaction between preexposure to 

Twitter and balance sheet health ➔ more stock 

losses.

• Main effects on balance sheet variables are small and 
insignificant.

• Separately, Twitter pre-exposure predicts more 

outflows of uninsured deposits in Q1:2023.



CX Evidence on 
Q1:2023 
Outflows

• Twitter pre-exposure predicts more outflows of 

deposits in Q1:2023.

• Mostly driven by uninsured deposits.

• Evidence on outflows is more tentative because 

this is outflows for the full quarter, not just run 

period.



Higher Frequency



Descriptive Evidence Of 
Conversation Spillover (for SVB)

SIVB vs SVB
Investor tweets ($SIVB) spike in 

volume first, followed by more 

keywords from more general 

conversations (SVB, Silicon Valley 

Bank)



Startup community Tweets come Later and are mostly “general 
Discussion”

Consistent with “tech” users being 
depositors.



Hourly bank Stock Returns 
Explained by 4-hour lagged Tweet Activity

In-Run Tweet Activity Depresses 
Bank Stock Prices

This is especially so for troubled banks: 

“Run Exposure” = % Uninsured x % MTM 

Loss



Hourly Frequency

More tweet volume predicts worse bank stock 
performance at the hourly frequency in the 
run period.

Top Tercile of Tweets vs Bottom Two Terciles

Holds with or without SIVB in the sample.



Tweet-Level Tests

Following Bianchi et al (2023)

We next examine the immediate impact of tweets in and out of the run, 

examining price change from [-15min,-5min] to [5min,15min]

Outcome is Δ𝑝 = difference in logged prices ~ 10minutes



Tweet-Level Tests

Even at this timescale, negative 

sentiment tweets have:
• More 10-min impact during the run – 

see constant term.

• Outsized negative sentiment impact for 

tweets that mention contagion or are 

by tech community.

• Asymmetry: negative sentiment has 

impact, but not positive sentiment.



Conclusion

What do we learn from studying the first social media induced bank run?
• Twitter communication and coordination have an imprint beyond SVB.

• Existing run risks are greater in the presence of social media.

• Social media is distinctive in its virality: broad audience reach can come 
from anywhere.

• Preexposure to Twitter conversation matters, tweets by startup community 
members (who are depositors) have more impact, so do contagion 
conversations.



Looking Forward

The intersection of social media and finance is a promising area.

Where to look for interesting new topics:
• Shifts and changes to technology: ChatGPT, new platforms, new formats etc.

• Connections to the broader economy: these are becoming more important 
and are (so far) understudied.

• Do not neglect social media as a lens: Social media is an abundant data 
source on characteristics we could not measure otherwise.
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