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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 transmission bias

Old roots: much of Gary Becker’s 
research studied social preferences

New interest: Hirshleifer proposes that 
we study socially emergent 
phenomena.

That is, not just that we as financial 
actors have social preferences, but 
that these preferences shape the 
environment in such a way that… new 
things happen.



Social transmission bias Figure 2 from Hirshleifer

This framework is ready-
made for social media 
ecosystems



An example of such a model of bubbles
Chinco (2023MS)



The model in pictures



The model in pictures
Intuition: Excitement and apathy 
compete in the model & you get 
bubbles if theta is big.

If theta is big, ideas spread explosively 
(think of SIR models after Covid)



Empirical evidence in Chinco (2023) for news 
media

Measure theta as Corr(media coverage with past return) by industry

Then, predict industry-level bubble events as in Greenwood, Shleifer and You 
(2018)

It seems to do well!

But, this was news media… it would 
be interesting to measure these 
constructs in social media.

I haven’t seen someone do this yet, 
but it would be interesting once 
someone does..



Social Transmission Bias in Finance
A non-random sampling of papers

Han, Liu and Sui (2025) study Bitcointalk (a forum for Bitcoin 
discussions) and study how ideas spread.

Chen and Hwang (2022) study Seeking Alpha readership and sharing 
patterns, finding selective sharing.

Cookson, Engelberg and Mullins (2023 RFS) study selective 
information sourcing





“The Great Unsolved Problem of Financial Economics” 
(Cochrane, 2016)

“The sheer volume of trading is the puzzle. 

… non-information mechanisms — life-cycle, preference 

shocks, rebalancing among heterogeneous agents, 

preference shifts, generate trading volume. But they do not 

generate the astronomical magnitude and concentration 

of volume that we see.”

The Volume Puzzle



• An important explanation for high trading volume is investor disagreement (Harris & Raviv, 
1993)

• Disagreement due to investors:
• (i) using different models (e.g., Kandel & Pearson 1995)
• (ii) using different information (e.g., Hong & Stein, 1999)

• But, “disagreement” as an explanation for volume begs the question: why do investors 
persistently disagree? 

• This paper proposes a new-to-finance mechanism that causes persistent disagreement in 
other settings (politics, religion, etc.): Echo Chambers

The Volume Puzzle



• Imagine a population of Republicans (red) and Democrats (blue)

• Do they choose to see the same information?

Echo Chambers in Politics



Echo Chambers in Politics



• Now imagine a population of Tesla Bulls (red) and Tesla Bears (blue) 

Echo Chambers among Investors



Bullish

Information

Bearish

Information

Echo Chambers among Investors (sentiment-based)



What is an Echo Chamber?

Confirmation biasSelective Exposure

Biased 
interpretation
of information

in support 
of priors

Biased
sourcing of 
information

Biased 
sourcing of
information

for any 
reason

Echo chambers

in support of 
priors



The Null Hypothesis
Is it surprising to see Echo Chambers in financial markets?

• Yes!

• In markets, forming correct beliefs about prices is valuable

• Should want to consume value-relevant information irrespective of prior beliefs

• Not true for other settings in which echo chambers have been found

• No immediate financial incentive to be correct in politics, beliefs about science, 
religion



• StockTwits, but some different features versus Cookson and Niessner (2020)

• We use the StockTwits universe of ~400,000 users that post >33 million self-labeled 
“bearish” and “bullish” posts

• Key: We examine who each user chooses to “follow” 

• A follow is a decision to place a user’s future posts into your newsfeed.

• ⇒ we can see if user chooses to build an echo chamber, thus distorting the info they 
will receive in future via their newsfeed

What we do



What we find

• Strong sentiment echo-chambers: Self-described Bulls are 5 times more likely to follow 
other users with a bullish view of the same stock than Bears

• True for professional investors
• Twice as strong for those who actually trade
• Stronger on news days
• Counter-attitudinal returns reduce echo-chamber behavior

• Effect on newsfeed: Bulls see 62 more bullish messages and 24 fewer bearish messages 
over the next 50 days than Bears

• Stock picks made in Echo Chambers → worse returns

• Echo Chambers are strongly associated with more trading volume



Sentiment is persistent within-user: Bulls

80% of sentiment-stamped messages are bullish



Sentiment is persistent within-user: Bears



• To follow another user is to sign up to their information feed (future posts)
• From StockTwits, we have a timestamp for when each UserID chooses to follow another

• In the following figures:
1. We identify users declaring as bulls (bears) about a stock on day t=0 (the event)
2. We count (cumulative) # of follows of bulls (bears) in event time (up to 50 days)

• A followed user is a bear (bull) on date t if the user “stamps” message as a bullish (bearish) about stock 
s on date t

• This setting is akin to:
• seeing someone declare themselves a Republican or Democrat today and then 
• seeing if they set their DVR to record Hannity or Maddow tomorrow

Echo Chamber Main Result: Choice of who to Follow



Selective Exposure: choosing to follow Bulls

Bulls are 5x more 
likely to follow 
other bulls than 
other bears



Selective Exposure: choosing to follow Bears



Regression Analogue for Following decision

Selective exposure gets 
stronger with more bullish 
declarations on a day.



Regression Analogue for Following decision

The magnitude dissipates by 50 
days after declaration.
Unlike content of newsfeed



1. Investment sophistication
Professionals also place themselves in echo chambers (but less so)

2. Skin-in-the game
Buyers/sellers are more likely in echo chambers.

3. Information arrival (earnings announcements)
Echo chambers are stronger on EA days. 

4. Experienced returns
Bad returns take bulls out of echo chambers (and vice versa).

Echo Chamber Heterogeneity



Do users in echo chambers make worse stock picks? 

• We follow stock “pick” performance (buy bullish, sell bearish) for 30 
days for users inside vs outside echo chambers.

• Echo chambers == no “signal diversity” (low or no difference of opinion 
in newsfeed)

• Idea: Users who see all the same signals (i.e., no signal diversity) are in 
an echo chamber

Echo Chambers and Returns: worse stock picks? 



Bad performance, especially in echo chamber
Black diamonds == complete echo chamber.



What is the effect of siloed information on trading?

• Key implication: Echo chambers ➔ Information silos

• In information silos, people’s newsfeeds become:
• More different from one another (↑ received disagreement)

• More internally consistent (↓ received uncertainty)

• We saw received uncertainty ➔ underperformance
• Does it also affect trading on US stock markets? 

• Yes! About the same magnitude as disagreement itself!

Note: As with all the results, the paper makes this point with 
regressions that control for confounding explanations.



Relation to 
Stock Turnover
(on US markets)

Both siloing measures show 
more trading when information is 
more siloed

Magnitude similar to disagreement 
itself

Analysis now at the stock-day level



• High trading volume is a puzzle for Finance; main explanation is 
disagreement

• But what sustains disagreement? 
• This paper proposes and finds evidence for a new mechanism that generates 

sustained disagreement and trading: echo chambers

Conclusion



Social media signals

Given the role of social transmission bias and “social finance” 
movement in general, there is increasing interest in signals drawn from 
social media:

• Biases (echo chambers, misinformation) versus Informative signals (see the 
Chen et al “wisdom of crowds” paper from Day 1).

• How does this reflect changes in the information environment?  Does social 
media induce changes in the information environment?





Motivation: Investor social media

Literature uses each platform as “social media”
❖Different user populations

❖Different contributor incentives & formats

❖Different timing

But how different is the information 
across platforms? 
❖Important for connecting research on StockTwits, 

Twitter & Seeking Alpha



Two views of investor social media

Monolith view

Platforms are substitutes 

Idiosyncratic view

Platforms convey different info: complements



Example posts



Findings

• We distinguish attention from sentiment
• Attention is monolithic across platforms, sentiment is idiosyncratic

• Not driven by traditional news, holds across users on the same platform

• Both relate strongly & positively to retail trading (BJZZ)

• We find different return implications:
• Sentiment predicts positive & brief bump, quick return to baseline
• Attention predicts negative and growing decline, persistent

• Using two experiments, investor social media seems to reflect 
information/analysis
• StockTwits character limit increase ➔ improved informativeness of StockTwits, but not 

Twitter or SeekingAlpha
• Jan 2021 GME phenom ➔ noise increase ➔ reduced informativeness across platforms



Findings

• We distinguish attention from sentiment
• Attention is monolithic across platforms, sentiment is idiosyncratic

• Events show how platform features and different user bases affect signal:
• StockTwits character limit increase ➔ improved informativeness of StockTwits, but not 

Twitter or SeekingAlpha
• Jan 2021 GME phenomenon ➔ reduced informativeness across platforms

• Driven by new users

• Both relate strongly & positively to retail trading

• Different return implications:
• Sentiment predicts positive & quick return to baseline
• Attention predicts negative & persistent decline
• Both conditional on each other



Findings

• We distinguish attention from sentiment
• Attention is monolithic across platforms, sentiment is idiosyncratic

• Events show how platform features and different user bases affect signal:
• StockTwits character limit increase ➔ improved informativeness of StockTwits, but not 

Twitter or SeekingAlpha
• Jan 2021 GME phenomenon ➔ reduced informativeness across platforms

• Driven by new users

• Both sentiment and attention relate strongly & positively to retail trading

• Different return implications:
• Sentiment predicts positive & quick return to baseline
• Attention predicts negative & persistent decline
• Both conditional on each other



What is the social signal?



Data and Attention measures

Data:
• Stocktwits

• Split by groups (top 1%, professionals, novices, 
intermediate, self-labeled posts)

• Twitter (from a company called Social Market Analytics)

• Seeking Alpha (from Ravenpack 1.0)

Attention measure:
• Start with N of posted messages

• Within platform-day we compute share of 
messages about each ticker
• E.g. 100 messages in total on platform, 30 about 

TSLA → TSLA share = 30%
• Removes time variation in N of messages

Sentiment measure:
• Each platform provides either message-level 

sentiment (StockTwits, SeekingAlpha) or firm-day 
sentiment (Twitter)

• Aggregate to firm-day(-group)
• Average sentiment by firm-day is Sentiment



Sentiment and attention are distinct
Omnibus Principal Components Analysis

Put six signals (attention, sentiment) x 
(StockTwits, Twitter, SA) into a PCA.

First two principal components are (mostly):
• Attention (35.6% of the overall variation)
• Sentiment (19.3% of the variation)

Motivates our approach, which treats 
attention and sentiment as separate analyses.
Note: Attention explains ~2x the sentiment 
variation.



Attention is highly correlated across platforms
Sentiment is not

Could be due to: 

• News

• Sentiment 
classification (ML)

• Platform features

• Different users



Attention and sentiment 
Principal Component Analyses

1st PC of attention explains 70% of 
attention variation

→ Lots of common information in 
attention

1st PC of sentiment explains only 
39% of sentiment variation

Null if all three were orthogonal: 
1/3 of variation in each PC



Robustness to controlling for news and firm FE
Conditional PCAs

PCA is robust to first 
residualizing by news & public 
events
(EAs and 8-Ks, lagged up to 7 days)

Similarly, PCA results are not 
due to correlation with time-
invariant firm characteristics 
(Panel C residualizes by firm FEs before 
PCA).



Heterogeneity by news
PCAs on news versus non-news days



Sentiment and Attention across user groups
Same pattern within StockTwits

Attention is highly correlated within platform
Sentiment is not 
(see similar results in the PCA)

*This comparison holds constant
• sentiment classification algorithm → not driving low sentiment correlation
• platform features



Information Events



Information events
Regression of next day returns on social signals

• StockTwits increased # of characters from 140 to 1,000 (May 8, 2019)

• Goal to isolate a platform feature in driving informational differences.



StockTwits Character Limit Increase

Platform-by-platform, run regressions of CAR and RT 
imbalance on single platform social signal

 Prediction: The character limit increase should 
 only affect the informativeness of StockTwits

Separately, build longStockTwits signals and 
shortStockTwits signals

 Prediction: Long messages are the most 
 affected



StockTwits sentiment became more informative 
for next-day returns, particularly long messages



Information events
Regression of next day returns on social signals

• GME euphoria changed the composition and attitudes of retail 
investors (Jan 28, 2021)

• Goal to understand impact of new users and ideas



The GME Event

Investors on StockTwits mention 
“short squeezes” much more 
frequently after Jan 2021

• Bradley et al. (2022) on Reddit “DD 
reports”

Biggest increase from “new” users



Pre/post GME

PC Sentiment (cols 1 and 2)

Sentiment’s (PC1) ability to predict CAR falls to zero 
after GME

• PC2 and PC3 provide no marginal value

New vs old (cols 3-4, StockTwits)

• No change in informativeness of existing users 
(joined before 2020) 

• Effect concentrated among new users

No change in attention’s impacts pre vs post



How the social signal relates to
Retail trading & Returns



Does “social induced” retail trading imbalance 
predict 𝑪𝑨𝑹𝒕+𝟏?

To answer this question:

1. Project retail trading imbalance (RT imbalance) onto social signal 
variables (all attention and sentiment variables from each platform)

2. Use fitted values and residuals as explanatory variables for next day 
CAR (and longer term CARs)



Sentiment-driven return plateaus quickly
… then returns to the residual baseline



Attention-driven return is negative
… does not return to baseline (~0.9 percentage pts by day 20)



Conclusion

Cross-platform analysis via PCAs shows 
• Sentiment from the social signal is idiosyncratic

• Attention is more monolithic across platforms

• StockTwits & GME experiments:
• Provide more-identified evidence for why investor social media has information

• Shows platform features affect power of social signal → Cross-platform differences matter

• Shows user bases of platform also affect information in social signal

Retail trading and CAR respond to attention and sentiment in different ways:
• Sentiment leads to trading and positive next-day returns that revert

• Attention leads to trading and negative & persistent future returns



Other work on social media signals

Heterogeneity in skill and influence
• Finfluencers – Kakhbod et al (2025WP)

• Dim (2025JFQA)

• Martineau et al (2025 WP)

• Wisdom or Whims? Chen et al (2025 WP)

An under-explored angle to this literature – market level signals.
• One exception is Gifluence (working paper), which examines the sentiment of 

GIFs over time.



Finfluencers (Kakhbod et al WP)
Estimate skill & alpha in a mixture model 
(also in Crane and Crotty and in Dim)

Main finding: skill is negatively related to 
following on StockTwits



Social media analysts’ skill (Dim 2025)
Also estimates skill & alpha in a mixture model 

Main finding: only 13% of Seeking Alpha 
authors are skilled



Social media and distortion of price revelation

Studies social media attention before earnings announcements. 

EAs with high attention are mispriced, no predictability for 
earnings surprises



Other work on social media signals

Heterogeneity in skill and influence
• Finfluencers – Kakhbod et al (WP)

• Dim (2025JFQA)

• Martineau et al (2025 WP)

• Wisdom or Whims? Chen et al (2025 WP)

An under-explored angle to this literature – market level signals.
• One exception is Gifluence (working paper), which examines the sentiment of 

GIFs over time.



Market Signals from 
Social Media
J. Anthony Cookson (University of Colorado Boulder)

Runjing Lu (University of Toronto)

William Mullins (UC San Diego)     

Marina Niessner (Indiana University)



Motivation

- Market Signals
- Sentiment of major interest (especially since Baker and Wurgler 2006)

- A testing ground for updating models – extrapolation, diagnostic expectations, memory 
(Bordalo et al. 2018, 2020)

- Yet, many market signals are low frequency (despite frequent updating) & “sentiment” is 
sometimes a mix of sentiment and attention

- Social Media
- Increasingly a primary news source (Pew, 2021) 

- A natural place to look for animal spirits (Gamestop, SVB, etc.)

- Also a natural setting to decompose sentiment from attention



Motivation

- Market Signals
- Sentiment of major interest (especially since Baker and Wurgler 2006)

- A testing ground for updating models – extrapolation, diagnostic expectations, memory 
(Bordalo et al. 2018, 2020)

- Yet, many market signals are low frequency (despite frequent updating) & “sentiment” is 
sometimes a mix of sentiment and attention

- Social Media
- Increasingly a primary news source (Pew, 2021) 

- A natural place to look for animal spirits (Gamestop, SVB, etc.)

- Allows us to separate sentiment from attention



Findings
• High attention and sentiment each independently predict negative market 

returns
• Return dynamics are distinct: 

• Sentiment: a within-month reversal after a run-up
• Attention: a continuation of negative returns

• Economic content: a dynamic trading strategy yields 1.2 Sharpe Ratio

• Sentiment and attention have opposite relation to aggregate trading
• S&P500 turnover increases after low sentiment and high attention

• What drives sentiment and attention?
• VAR: strong connection between lagged trading::attention and lagged returns::sentiment.

• Jumps: positive jumps do not matter, but negative jumps (spikes in VIX) ➔ 
sentiment down and attention up.



Findings
• High attention and sentiment each independently predict negative market returns

• Return dynamics are distinct: 
• Sentiment: a within-month reversal after a run-up
• Attention: a continuation of negative returns

• Economic content: a dynamic trading strategy yields 1.2 Sharpe Ratio

• Sentiment and attention have opposite relation to aggregate trading
• S&P500 turnover increases after 

• low sentiment
• high attention



Findings
• High attention and sentiment each independently predict negative returns

• Return dynamics are distinct: 
• Sentiment: a within-month reversal after a run-up
• Attention: a continuation of negative returns

• Economic content: a dynamic trading strategy yields 1.2 Sharpe Ratio

• Sentiment and attention have opposite relation to aggregate trading
• S&P500 turnover increases after low sentiment and high attention

• What drives market-wide sentiment and attention?
• VAR: strong connection between lagged trading::attention and lagged returns::sentiment.

• Market Price Jumps: 
• negative jumps ➔ sentiment ↓ and attention ↑

• Similar when using spikes in VIX

• positive jumps do not matter



Contributions
• Daily measures of market-wide sentiment and attention

• Distinct patterns for sentiment versus attention should be of interest to macro 
updating literature

• A high-frequency measure. All results hold with year-month FE

• Thinking about extrapolation in market sentiment
• Sentiment is extrapolative with respect to lagged returns
• … but this relationship is driven by negative market jumps

• Social media contribution
• Aggregate focus (vs. firm-level) is novel relative to this growing literature



Constructing Market Signals from 
Social Media



Step 1: Data and measures
Firm-Day Data:

• StockTwits

• Twitter (from a company called Context Analytics)

• Seeking Alpha (from Ravenpack 1.0)



Step 1: Data and measures

Sentiment measure:
• Firm-day sentiment (Twitter)
• Message-level sentiment (StockTwits, 

SeekingAlpha) => average by firm-day

Firm-Day Data:

• StockTwits

• Twitter (from a company called Context Analytics)

• Seeking Alpha (from Ravenpack 1.0)

Attention measure:

• Each source gives # of posted 
messages per firm-day

Sample Restriction: at least 10 StockTwits messages to include firm-day



Step 2: Purge and Aggregate

Firm-day signals 𝑆𝑖𝑡 could be driven by idiosyncratic reactions to news and differences across firms. 

Purge: for each platform, we run auxiliary regressions for each signal:

𝑆𝑖𝑡
𝑠𝑡 = Γ𝑠𝑡𝑋𝑖𝑡 + 𝛽𝑠𝑡 𝑆𝑖,−𝑦

𝑠𝑡 + 𝜖𝑖𝑡
𝑠𝑡

𝑆𝑖𝑡
𝑡𝑤 = Γtw𝑋𝑖𝑡 + 𝛽𝑡𝑤 𝑆𝑖,−𝑦

𝑡𝑤 + 𝜖𝑖𝑡
𝑡𝑤

𝑆𝑖𝑡
𝑆𝐴 = Γ𝑆𝐴𝑋𝑖𝑡 + 𝛽𝑆𝐴 𝑆𝑖,−𝑦

𝑆𝐴 + 𝜖𝑖𝑡
𝑆𝐴

Where 𝑋𝑖𝑡 includes indicators for traditional news, 8-K filings, and earnings announcements on days 
𝑡 − 7 to 𝑡. The regressions also control for firm’s average signal in the prior year



Step 2: Purge and Aggregate

Firm-day signals 𝑆𝑖𝑡 could be driven by idiosyncratic reactions to news and differences across firms. 

Purge: for each platform, we run auxiliary regressions for each signal:

𝑆𝑖𝑡
𝑠𝑡 = Γ𝑠𝑡𝑋𝑖𝑡 + 𝛽𝑠𝑡 𝑆𝑖,−𝑦

𝑠𝑡 + 𝜖𝑖𝑡
𝑠𝑡

𝑆𝑖𝑡
𝑡𝑤 = Γtw𝑋𝑖𝑡 + 𝛽𝑡𝑤 𝑆𝑖,−𝑦

𝑡𝑤 + 𝜖𝑖𝑡
𝑡𝑤

𝑆𝑖𝑡
𝑆𝐴 = Γ𝑆𝐴𝑋𝑖𝑡 + 𝛽𝑆𝐴 𝑆𝑖,−𝑦

𝑆𝐴 + 𝜖𝑖𝑡
𝑆𝐴

Where 𝑋𝑖𝑡 includes indicators for traditional news, 8-K filings, and earnings announcements on days 
𝑡 − 7 to 𝑡. The regressions also control for firm’s average signal in the prior year

Aggregate the residuals (𝜖𝑖𝑡
𝑠𝑡 , 𝜖𝑖𝑡

𝑡𝑤  and 𝜖𝑖𝑡
𝑆𝐴) into daily attention and sentiment series 

by platform via market cap-weighted average.



Step 3: Combine into separate Sentiment and 
Attention Series

• After the purge-and-aggregate step, we have six signals: 3 
platforms x {sentiment, attention}

• Perform two PCAs: one on sentiment signals, another on 
attention signals

• The first PCs of each = daily sentiment and attention indexes



How do sentiment and attention aggregate?
Purging explains more 
variation in attention than 
sentiment

Sentiment puts twice the 
weight on StockTwits and 
Twitter as on Seeking Alpha

Attention puts most weight on 
StockTwits and Twitter

Note: Aggregation puts 
more weight on large firms



How do sentiment and attention validate?
Sentiment is negatively 
related to Twitter EPU and to 
attention.

Some other relationships, but 
not much robust to calendar 
patterns.

Even these correlations are 
modest R2 ~ 10% without FE.



How do sentiment and attention validate?
Attention is positively related to 
retail (ARA) and institutional 
attention (AIA).

Negatively related to attention, 
strongest connection to retail 
attention

Some other relationships, but not 
much robust to calendar patterns.

Even these correlations are 
modest R2 ~ 24% without FE.



Time series variation in social media indexes

Sentiment and attention have 
distinct variation.

Low frequency variation 
highlights important episodes
• Bull run in 2014
• China trade war in 2018
• Pandemic onset in 2020

Lots of high frequency 
variation (the focus of our 
paper)



Return Results



Return Results in One Picture

Both sentiment and attention at 
date 𝑡 predict negative returns

But, for different reasons
• Sentiment reversal
• Attention continuation



Market Signals Predict Future Negative Returns

1 sd higher sentiment predicts -38 basis points through day 15 (reversal)
1 sd higher attention predicts -6.7 basis points on day 𝑡 + 1 (continuation)
Results are similar with year-month FE



Quantifying Economic Importance
Trading strategy

Follow a dynamic trading strategy to allocate to S&P500
• Fit day 𝑡 + 1 returns on day 𝑡 attention and sentiment + interaction from 2013 

through prior month (𝑚 − 1).

• For month 𝑚, use fitted model & day 𝑡 realizations to construct prediction for day 
𝑡 + 1 returns, and form weight (allocation) on S&P500



Quantifying Economic Importance
Trading strategy

Strategy delivers 3-4.6% annually (cumulative 50% gain over full sample) with a 
Sharpe ratio of 1.2.

 Cumulative Returns Representative Year



Quantifying Economic Importance
Trading strategy

 Descriptively, there is 
(apparently) significant alpha in 
excess of FF3+Momentum

The strategy is exposed to 
market risk and momentum. 
• But portfolio returns are 

mostly idiosyncratic (𝑅2 of 
15.7%)



Results on Trading Activity



Trading Activity Results in One Picture

Distinct relation to aggregate trading: more trading after 
• Low sentiment 
• High attention



Indexes predict aggregate trading

Trading activity results are significant too.
Result is robust to controlling for year-month FE and other aggregate attention 
indexes (Da et al. 2024, Fisher et al. 2022)



What drives sentiment and 
attention?



OLS Regressions: 
Predictors of Sentiment 
and Attention

Sentiment is higher after high 
recent returns and low market 
turnover.

Attention is higher after high 
market turnover, especially 
S&P500 constituents.

But, OLS doesn’t account for 
feedback dynamics 
→estimate a VAR



VAR: Impulse Response
10 daily lags of attention, sentiment, 
returns and turnover

1 SD increase in Return: 
significant spike in sentiment, 
drop in attention.

1 SD increase in Turnover:
No response in sentiment, but a 
persistent increase in attention 
(for S&P500 turnover)



Jumps: 
Separate impact of positive returns 
and negative returns

Positive Jumps (left column): 

No shift in sentiment/attention!

Negative Jumps (right column): 

Sentiment drops sharply, 
attention rises

• Similar impacts for 
positive spikes in VIX.

• Not driven by FOMC days



Spillovers from Central Firms

Bian, Huang, Li and Tang (2025)
• Measure centrality in the data economy.
• Propose a shock the Apple Tracking Transparency (ATT) policy.

Take their ~40 most central firms, compute central firm sentiment and 
attention.

Then, we estimate
𝑆𝑒𝑛𝑡𝑡 = 𝛽1𝑆𝑒𝑛𝑡𝑡

𝐶𝐹 + 𝛽2𝑆𝑒𝑛𝑡𝑡
𝐶𝐹 × 𝑝𝑜𝑠𝑡𝑡 + 𝛽3𝑝𝑜𝑠𝑡𝑡 + 𝜖𝑡



Spillovers from Central Firms
Central firms’ connection to overall sentiment dampens after ATT.
Not much happens for connection of central attention to overall attention



Summarizing …

We develop new market indexes of sentiment and attention
• Predictive of returns within month (new relative to vast sentiment literature)

• Distinct dynamics for attention versus sentiment

• Sentiment and attention indexes have distinct predictions for aggregate turnover

What drives sentiment and attention indexes?
• Sentiment → extrapolative of returns but driven by the downside.

• Attention → attention increases after rises in S&P500 turnover

Much more to investigate
•    Can sentiment predict other outcomes/portfolios?

•    What implications do these dynamics have for how to think about macro updating?



Summarizing Day 3

Social media in Social Finance
• Social media is a venue for studying selective sharing, updating and 

information sourcing, which can lead to socially emergent phenomena.
• As a forum, it is a high-data environment where social finance is happening; 

this has promise.

Understanding social media signals remains an active area
• Platform differences, heterogeneity across people, interactions between retail 

and sophisticated investors.
• What is not as well understood? New forums, new features and formats 

(videos, GIFs, Emojis), connections across forums and to traditional media.
• Ripe for new research
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