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ABSTRACT

Social media attention before earnings announcements is excessively optimistic, fails to
predict fundamentals, and generates buying pressure, leading to a 58 bps stock return as
intermediaries seek higher returns to mitigate inventory risk. A return reversal occurs
immediately on announcement dates as markets correct the mispricing. The social-
media induced buying pressure predicts the reversal and the magnitude of the reversal
is amplified by the uncertainty of the earnings news. How stock prices respond to
earning news is endogenous to the effect of social media in the pre-announcement price
formation. Social media worsens price revelation ahead of earnings announcements.
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1. Introduction

Financial social media is commonly becoming the first landing point for new retail investors
when researching how or where to invest. A growing body of research shows that social
media influences retail investors’ trading decisions, affects stock prices, and can even predict
stock returns at short and long horizons.! However, few studies have established how social
media affects the stock price revelation of underlying fundamentals.

Social media may produce stock value-relevant information.? However, as the informa-
tion shared on social media about one’s investment ideas or opinion comes at no cost and
is often non-verifiable, this can lead to information distortion, rumors, fake news (Kogan,
Moskowitz, and Niessner, 2023), and echo chambers (Cookson, Engelberg, and Mullins,
2023). Whether value-relevant or detrimental information is shared, how social media influ-
ences the informational content of stock prices depends on whether investors trade on such
information.

Trades by retail investors are one of the channels through which social media influences
stock prices. The finance literature has long associated retail investors with noise trading as
their trades are often not based on fundamentals. Classical frameworks of market efficiency
(Friedman et al., 1953, Fama, 1965) assume noise traders to be normally distributed, have no
permanent price impact, and are met in the market by arbitrageurs who trade against them
and quickly eliminate mispricing (Grossman and Stiglitz, 1980). Therefore, social-media
induced trades by retail investors should play no direct role in the price revelation of funda-
mentals (Kyle, 1985). Social media, however, acts as a device of systematic (herding) retail

trading (Barber, Huang, Odean, and Schwarz, 2022, Pedersen, 2022) that can move prices

'For a comprehensive review of the literature on social media and finance, see Cookson, Mullins, and
Niessner (2024).

2When information is independently produced by different contributors, averaging independent judgments
of others generally improves accuracy (Kahneman, Sibony, and Sunstein, 2022). However, social media
platforms do not guarantee instances of independent information aggregation without external influence
from others’ advice.



(Barber, Odean, and Zhu, 2008, Eaton, Green, Roseman, and Wu, 2022). The objective of
this paper is to examine the role of social media in the price revelation of fundamentals.?
If social media encourages herding among retail trades and the information on social media
is value-relevant, then prices will converge to fundamentals, but if the information is not
value-relevant, prices may diverge from fundamentals.*

To examine this issue, we exploit the cross-sectional variation in coverage of stocks on
StockTwits, the largest investor-focused social media platform, in the days leading to earn-
ings announcements to assess the role of social media in price revelation. The sample period
of our analysis spans from 2013 to 2022. We argue that StockTwits is a reliable proxy for
aggregate social media attention and information sharing, as its coverage shows a stronger
correlation with stock returns compared to other popular platforms like Twitter or SeekingAl-
pha (see Cookson, Lu, Mullins, and Niessner, 2024). We focus on earnings announcements
for three reasons. First, information shared on social media increases in the days leading to
earnings announcements. Second, we can assess how the information shared on social media
transmits to retail trading decisions ahead of earnings announcements and whether such
trades contribute to the price revelation of the upcoming fundamental news. Finally, days
before earnings announcements are periods of high information uncertainty (So and Wang,
2014, Akey, Grégoire, and Martineau, 2022), low liquidity where traders abstain from trading
(Lee, Mucklow, and Ready, 1993, Campbell, Ramadorai, and Schwartz, 2009), and many
firms refrain from making any announcements (Choy, 2024). Consequently, stock prices are
expected to be more sensitive to trades originated from social media during these periods.

The main punchline of our paper is that social media attention before earnings announce-

3We follow the terminology of Brunnermeier (2005) to distinguish between two components of price
revelation: “price efficiency” and “price informativeness”. Price efficiency relates to the price revelation of
public information and how fast information is impounded into prices and price informativeness reflects the
absolute level of information to future fundamentals (see also Biais, Hillion, and Spatt, 1999, Weller, 2018,
Boguth, Fisher, Gregoire, and Martineau, 2024).

4Han and Yang (2013) analyze a rational expectations equilibrium model with endogenous information
acquisition and argue that social communication networks can worsen price revelation.



ments is overly optimistic, fails to predict fundamentals, and is associated with retail buying
pressure, leading to a 58 bps price drift ahead of earnings announcements. An immediate
price reversal takes place on announcement dates. The drift and reversal are due to inter-
mediaries requiring a higher rate of return to compensate for inventory risks ahead of the
announcements. Social media worsens price revelation ahead of earnings announcements
as the price adjustment required by intermediaries adds noise to prices. Conditioning on
the fundamental news (earnings surprises), social-media-driven price run-ups do not allow
investors to infer whether a stock will beat or miss earnings expectations.

Social media fills the gaps left by traditional news sources as an essential information
contributor ahead of earnings announcements. We first document that StockTwits post
activity increases five days before earnings announcements, and such an increase is not found
for alternative news sources such as newswires. StockTwits activity is not only concentrated
in large stocks. Unlike traditional media, small market capitalization stocks receive as much
coverage as large firms.

Aggregating StockTwits users’ self-labeled “bullish” and “bearish” sentiment tags reveal
a positive bias among users ahead of announcements. Over 60% of the stock-earnings an-
nouncement observations exhibit a bullish outcome, defined as having more than 80% of the
sentiment-tagged posts about that specific stock-earnings announcement observation tagged
bullish. We show that users’ sentiments do not predict earnings announcement fundamentals
(earnings surprises).’

Given the optimistic bias in social media attention, we examine whether this attention

leads to positive price drifts ahead of earnings announcements. We find that stocks with

SPrevious studies find that the content of social media posts can predict earnings surprises, (e.g., Chen,
De, Hu, and Hwang, 2014, Dim, 2020, Bartov, Faurel, and Mohanram, 2018). The first two papers use
Seeking Alpha, a platform where non-anonymous users can write lengthy articles. Seeking Alpha provides
limited coverage before announcements, and only a handful of stocks receive coverage. Bartov, Faurel, and
Mohanram (2018) employ Twitter data for an earlier period, specifically 2009-2012. In this paper, we also
show that predicting announcement returns is problematic as announcement returns are endogenous to the
price pressure in the days leading to earnings announcements.



high StockTwits attention experience a 58 basis point price increase ahead of announcements,
followed by an immediate market correction on announcement dates that fully reverses the
price pressure. In contrast, a comparable matched sample of low-attention stocks shows no
evidence of price pressure or subsequent reversal. The price pressure and reversal effects are
more pronounced for smaller stocks. Additional tests confirm that the impact of StockTwits
attention on price pressure and reversals is robust to controlling for upcoming earnings
surprises, firm size, analyst coverage, news coverage, and institutional investor attention
prior to announcements.

What drives this price reversal? We demonstrate that it reflects the risks intermediaries
face when providing liquidity in response to sustained buying pressure ahead of earnings
announcements. As argued by So and Wang (2014), intermediaries can take several days
to unwind their net positions. Providing liquidity in the lead-up to scheduled news events,
which are often characterized by high volatility, exposes intermediaries to increased inventory
risks (Madhavan and Smidt, 1993) and a heightened likelihood of margin calls (Comerton-
Forde, Hendershott, Jones, Moulton, and Seasholes, 2010). Our analysis shows that greater
social media attention amplifies retail buying pressure before announcements, which in turn

6 Consistent with the inventory risk

predicts the price reversal on announcement dates.
channel, we find that the magnitude of these reversals is larger for stocks with greater
inventory risks, such as those with higher implied volatility before announcements.

" indicating a decline in the infor-

A price reversal on announcement dates reflects “noise;’
mational content of stock prices ahead of earnings announcements. How does this noise affect
the price revelation of fundamentals and the speed of price discovery after announcements?

Conditioning on earnings surprises (the fundamental news), the average price run-up before

announcements moves prices closer to fundamentals for positive surprises, though not due

6Bradley, Hanousek Jr, Jame, and Xiao (2024) and Hu, Jones, Zhang, and Zhang (2021) examine the
social media platform Reddit/Wall Street Bets and find that greater Reddit attention relates to more retail
trading.



to informed trading. Conversely, for negative surprises, the pre-announcement price run-up
drives prices away from their fundamental values. In other words, social-media-driven price
run-ups do not allow investors to infer whether a stock will beat or miss earnings expecta-
tions. On the announcement date, markets rapidly adjust prices to reflect public information,
correcting any mispricing caused by social-media-driven price pressure. Thus, the release of
public information quickly eliminates this mispricing.

We also find no suggestive evidence that social media attention results in slower price
formation following announcements.” This result contrasts with the findings of Campbell,
Drake, Thornock, and Twedt (2023). They find that social media activity on Twitter slows
price formation following earnings announcements.® We show that stock price response to
earnings news is endogenous to pre-announcement price formation caused by social media
attention.® Our paper illustrates why one would find social media to be associated with slower
price discovery post-announcement if one disregards pre-announcement price dynamics.

Our final empirical test examines the impact of a prominent social media earnings-news
curator, Earnings Whispers (EW). Known for its earnings forecasts and strong social me-
dia presence across platforms like StockTwits, Twitter, and Instagram, EW reaches over
700,000 followers. At the start of each week, EW highlights the most anticipated earnings
releases through posts on StockTwits and other platforms. This test investigates whether
EW’s posts can predict which stocks will receive heightened social media attention ahead of
earnings announcements and whether this attention leads to price pressure. This analysis is
critical because our findings so far have established a contemporaneous relationship between
social media attention and price pressure before earnings announcements. Here, we test the

predictive power of social media attention for price pressure ahead of announcements.

"See Martineau (2022) for a review on the evolution of stock return post-earnings announcement drifts.

8Other papers that examine the relationship between social media and post-earnings announcement price
dynamics include Ding, Shi, and Zhou (2023) and Hirshleifer, Peng, and Wang (2024).

9See Boguth, Grégoire, and Martineau (2019) and Fisher, Martineau, and Sheng (2022) for evidence of
investor attention increasing before scheduled macroeconomic announcements.



We find that stocks featured in EW’s posts predict significantly more StockTwits at-
tention, experience greater retail buying pressure, and generate price run-ups in the days
leading up to their earnings announcements compared to stocks not mentioned. Moreover, a
pre-announcement long-short strategy—buying stocks highlighted by EW and selling those

not mentioned—yields monthly abnormal returns of 45 basis points.

1.1. Related literature and contributions

Our paper contributes to the growing literature examining the role of social media in finan-
cial markets first documented in Antweiler and Frank (2004) and how social media influences
retail investors (Heimer and Simon, 2015, Heimer, 2016). Our contribution to this literature
is to show that social media can distort the price revelation of fundamentals ahead of sched-
uled announcements. Prior work by Chen, De, Hu, and Hwang (2014), Dim (2020), and Gu
and Kurov (2020) find that social media from other social media platforms (e.g., Seeking
Alpha) can predict fundamentals such as earnings surprises and analyst recommendations.!°
But these studies do not examine how social media influences the price revelation. Our paper
shows that social media is an important driver of price pressure and the distortion of price
revelations ahead of earnings announcements.

Our paper further contributes to the inventory risk (Stoll, 1978) and price pressure (e.g.,
Kraus and Stoll, 1972, Ho and Stoll, 1981) literature. Closely related to our paper, Eaton,
Green, Roseman, and Wu (2022) document herding-oriented, momentum traders at Robin-
hood (a popular retail trading platform) can increase inventory risk through worsening lig-
uidity such as spreads.!! Marginal price pressure instead of spreads has been argued in the
literature to be a more appropriate measure of liquidity (Stoll, 1978, Grossman and Miller,

1988, Campbell, Grossman, and Wang, 1993, Pastor and Stambaugh, 2003). Using interme-

10 Jia, Redigolo, Shu, and Zhao (2020) find that social media posts from Twitter do not predict the rumour
realization of mergers.

HPeress and Schmidt (2021) find that noise trading follows the assumption of i.i.d.-normal only at monthly
and lower frequencies but at daily frequencies to be more correlated.



diary data, Hendershott and Menkveld (2014) document economically large price pressure.
Greene and Smart (1999) provide evidence that sudden shocks to noise trading decrease
the adverse selection component of the bid-ask spread while temporarily increasing quoted
prices. So and Wang (2014) first documented a short-term price reversal on earnings an-
nouncement dates due to inventory risk. Our findings complement So and Wang (2014) in
demonstrating that social media is a key driver of price pressure ahead of announcements.

A number of papers have documented price reversals at different horizons as a result of in-
vestor attention (e.g., Da, Engelberg, and Gao, 2011, Chen, Tang, Yao, and Zhou, 2022) and
return extrapolation (e.g., Da, Huang, and Jin, 2021). We show that social media generates
price pressure through investor attention (as shown with the case of Earnings Whispers), but
more importantly, that the reversal is a reflection of the risk intermediaries face in provid-
ing liquidity ahead of scheduled news events. Moreover, we show that the release of public
information plays an important role in the timing of correcting any mispricing generated by
social media information production.

Our study also contributes to the growing number of studies examining the importance of
StockTwits in financial markets.'> Cookson and Niessner (2020) find a relationship between
StockTwit users’ disagreement and trade volume. Cookson, Fos, and Niessner (2021) find
that greater investor disagreement measured from StockTwits facilitates informed trading
and short sellers. Cookson, Engelberg, and Mullins (2020) study StocksTwits users’ political
partisanship and how it influences investors’ expectations in the wake of COVID-19. More
closely related to our paper, Cookson, Engelberg, and Mullins (2023) find that StockTwits
users choose selective exposure to confirmatory information, i.e., echo chambers.!®> Cookson,

Niessner, and Schiller (2022) find that corporate managers are also influenced by the content

12A growing literature examines the importance of social media, especially Twitter, as a vehicle for politi-
cians to share their opinions and for high-frequency identifications (see Bianchi, Gémez-Cram, Kind, and
Kung, 2023, Bianchi, Gémez-Cram, and Kung, 2024).

13Jiao, Veiga, and Walther (2020) provide evidence consistent with echo chambers from an aggregate
source of social media platforms collected by MarketPsych Data.



of StockTwits when evaluating the prospects of a merger and acquisition. Our paper shows
that StockTwits reflects aggregate social media-induced retail trading ahead of earnings an-
nouncements, contributing to the price dynamics observed around earnings announcements.

Finally, our paper further relates to the growing literature on retail trading. Barber and
Odean (2000), Barber and Odean (2008), Barber, Lee, Liu, and Odean (2009), and Barber,
Huang, Odean, and Schwarz (2022) find that retail investors are generally uninformed and
make systematic mistakes when selecting stocks. Another strand of the literature finds
otherwise. Hvidkjaer (2008), Kaniel, Saar, and Titman (2008), Kaniel, Liu, Saar, and Titman
(2012), Kelley and Tetlock (2013), Barrot, Kaniel, and Sraer (2016), Boehmer, Jones, Zhang,
and Zhang (2021) show that retail order imbalance positively predicts future returns at short
horizons. With retail traders more likely to buy than to sell a stock (Barber and Odean,
2008), we show that retail investors are more likely to post and share positive information

about stocks, which transmits into buying pressure ahead of earnings announcements.

2. Data and Methodology
2.1. StockTwits

We retrieve data on StockTwits posts from January 2013 to December 2022 through Rapi-
dAPI, starting our analysis from 2013 to ensure quality stock coverage as per Cookson and
Niessner (2020). By identifying posts with $-tagged tickers (e.g., SAAPL), we matched these
to tickers in the CRSP database, totaling 150,262,272 stock-specific posts. Figure 1 presents
the total monthly number of stock-specific posts on StockTwits and reveals a significant
increase in posting activity during the COVID-19 pandemic, with monthly posts exceeding
four million, compared to approximately one million posts per month before the pandemic.
This activity returned to pre-pandemic levels in 2022.

On StockTwits, users can label their posts as “bullish” or “bearish” to express their



sentiment toward a stock.!* They can also indicate their trading experience level as novice,
intermediate, or professional. We follow Cookson and Niessner (2020) in assigning posts
made after 4 p.m. to the following trading day. This approach allows us to align our analysis
with daily stock returns, calculated from 4 p.m. to 4 p.m. the next trading day. Weekend
posts are similarly assigned to the next trading day.

A stock’s “attention” (or coverage) and user sentiments on StockTwits are the main two
variables that we construct. When measuring how much attention a stock receives on social
media, the standard approach is to divide the total number of posts for a stock on a given
day by the total number of posts on the platform on that day. Comparing a particular
stock post activity to other stocks” posts controls for the non-stationary time-series in posts
activity on StockTwits. We compute StockTwits attention as follows:

Postiy
ZZV pOStz‘,t7

where post;, is the number of posts for stock ¢ on date ¢. The denominator is the sum of

Attiﬂg -

(1)

posts for all stocks on StockTwits on date t. In our analyses, we define “high” social media
attention ahead of earnings announcements as stocks with Att in the top quintile among
those with the same earnings announcement date. Conversely, “low” attention stocks are
those not in the top quintile.'®

To measure investors’ sentiment associated with StockTwits messages on a given day,
we calculate the daily proportion of bullish posts to the total number of bullish and bearish
posts for stock ¢ on the day t, as follows:

bulli;
bull; s + bear; s’

(2)

Sent;; =

where “bull” and “bear” correspond to the number of posts with bullish and bearish tags,

respectively. When calculating attention (sentiment) over a longer window, e.g., 5 days, we

1456% of our stock-day observations have sentiment-tagged StockTwits posts.
15We require a minimum of five earnings announcements on a given day for the sorting.



sum the number of posts (bullish posts) over the 5-day period and divide the total number
of StockTwits posts (sum of bearish and bullish posts) over the 5-day period.

2.2. Earnings, news, and stock-level data

We supplement our StockTwits data with analyst forecasts and earnings announcement dates
from Thomson Reuters I/B/E/S. We include earnings announcements in IBES that meet
the following criteria: the earnings date is reported in Compustat, the stock price five days
before the announcement is available in CRSP, and the stock price is available in Compustat
as of the end of the quarter. We calculate the Surprise in earnings announcements as the
difference between the firm’s earnings per share for the quarterly earnings announcement and
the consensus analysts’ forecast, divided by the stock price five days prior to the earnings
announcement day. We compute analysts’ forecasts by taking the median of all analysts’
estimates issued within the 90 days preceding the earnings announcement date. Lastly, we
winsorize the earnings surprise at the 1st and 99th percentiles. Only stocks with analysts
following are included in our sample.

Following Gregoire and Martineau (2022), we also gather analyst recommendation news
events and other firm-level news for our sample of stocks from Ravenpack. All news events
occurring after 4 p.m. or on weekends are attributed to the next trading day.

Additionally, we retrieve daily stock returns from CRSP, the five factors from Kenneth
French’s website, and intraday trading data from TAQ. With the trading data, we follow
the methodology outlined in Boehmer, Jones, Zhang, and Zhang (2021) and the suggested
adjustments in Barber, Huang, Jorion, Odean, and Schwarz (2024) to identify trades by
retail investors and construct various retail trading measures such as order imbalances.

Table 1 reports summary statistics for high and low-attention stocks. We define high-
attention stocks if Att belongs to the top quintile five days before earnings announcements.

Low-attention stocks are those excluded from the top quintile. High-attention stocks have

10



a higher average market capitalization, stock price volatility, absolute abnormal returns
on announcements, and analyst following. A key takeaway from this table is that when
comparing high-attention stocks to low-attention stocks, it is important to use a set of
matched low-attention stocks as pre-earnings liquidity and asset price dynamics vary across
stocks (Liu, Wang, Yu, and Zhao, 2020). Also, stocks that receive the highest StockTwits
activity ahead of announcements are more volatile, with higher absolute returns on the
announcement date. These stock characteristics attract the most investor attention (Barber

and Odean, 2008).

2.3. StockTwits activity around earnings announcements

Table 2 reports a breakdown of the coverage across NYSE market capitalization breakpoint
quintile. It shows the count of stock-earnings observations with at least one StockTwits
message, one analyst recommendation, or one newswire mention from five to one day be-
fore the announcements. Additionally, the table reports the number of observations without
StockTwits posts, analyst recommendations, or newswire coverage. A key insight from this
table is the broader scope of StockTwits in covering stocks before earnings announcements
compared to analysts and newswires. Approximately 24% of pre-announcement StockTwits
posts pertain to the smallest firms, and 37% to the largest. In contrast, analyst recommen-
dations and newswire reports before earnings announcements predominantly focus on the
largest stocks, accounting for 66% of recommendations and 73% of newswire, respectively.
Only 7% of the earnings announcements in the sample lacked StockTwits posts in the five
days leading up to the announcements. For the smallest stocks, only 13% lacked StockTwits
messages. However, the absence of analyst recommendations and newswire coverage for the
smallest stocks significantly jumps to 98% and 81%, respectively, highlighting a disparity in
coverage based on firm size.

We plot in Figure 2 the abnormal activity in StockTwits posts and newswires articles

11



using boxplots five days before to five days after earnings announcements. Abnormal post
(newswire coverage) activity is computed as the daily log number of posts (newswire) minus
the log of the average daily number of posts (newswire) from 20 to 6 days before the earnings
announcements. The figure shows an increase in abnormal StockTwits post activity in
the days approaching earnings announcements, with a notable 50% increase on the day
before the announcement. In contrast, newswire activity shows a modest rise on the day
before the earnings announcements, yet below the benchmark period (¢ = [—20,—6]) and

16 This figure highlights the significant role of social

increases following announcements.
media networks in disseminating information about stocks before earnings announcements,
bridging a gap not covered by traditional news sources. Unlike newswires, which often report

earnings results post-release, social media platforms enable investors to monitor real-time

discussions and sentiments regarding a stock leading up to its earnings announcement.

2.4. StockTwits sentiment ahead of earnings announcements

We then examine users’ sentiment on StockTwits in the 60 days leading up to earnings an-
nouncements and compare it to analysts’ recommendations.!” Figure 3, Panel A, shows the
fraction of stock-earnings observations according to StockTwits tagged-sentiment and ana-
lyst recommendation sentiment. We define sentiment as in equation (2) and split sentiment
ratio into five buckets: [0-20%)], (20-40%)], (40-60%)], (60-80%)], and (80-100%], i.e., from very
bearish to very bullish. Sentiment on StockTwits regarding upcoming earnings is predomi-
nantly positive. Over 60% of the stock-earnings announcement observations exhibit a bullish
outcome, defined as having more than 80% of the sentiment-tagged posts about that specific

stock-earnings announcement observation tagged bullish, while fewer than 5% of observations

16Gregoire and Martineau (2022) and Li, Ramesh, Shen, and Wu (2015) show that analyst recommenda-
tions typically follow earnings announcements. We find no increase in abnormal analyst recommendations
ahead of earnings announcements.

17Tt has been shown that analysts’ forecasts exhibit predictable biases (Kothari, So, and Verdi, 2016,
Van Binsbergen, Han, and Lopez-Lira, 2023) and over-optimism (Cowen, Groysberg, and Healy, 2006).

12



show a similar dominance of bearish posts (bucket [0-20%]). In contrast, analyst recommen-
dations display a less pronounced positive bias and exhibit a more balanced distribution.
Approximately 55% of stock-earnings observations have over 80% bullish recommendations,
and 30% of stock-earnings observations have a majority of bearish recommendations (bucket
[0-20%]). The figure also shows the fraction of stock-earnings observations according to

bRANA

StockTwits tagged-sentiment and StockTwits” users that are self-labeled as “novice,” “inter-
mediate,” and “professional,” in Panels B to D, respectively. The over-optimism decreases
in the level of sophistication, but, the majority of stock-earnings observations fall into the
(80-100%)] sentiment bucket. This figure reveals a significant inclination among StockTwits
users towards sharing and engaging with positively biased posts on StockTwits. Selecting
posts five days before earnings announcements shows similar positive-biased.

What can explain the excess optimism on StockTwits? One possibility is that individual
investors are more likely to share and consume information that encourages buying. This is
because investors are typically net buyers of stocks rather than net sellers, as they need to
own the stock in order to sell it (Barber and Odean, 2008). Another possibility is short-selling
constraints, which further encourages investors to buy ahead of earnings announcements as

the cost of short-selling increases ahead of earnings announcements (Diamond and Verrecchia,

1987, Blau and Pinegar, 2013).

3. How Informative Is Social Media Content Ahead of
Earnings Announcements?

Having determined that StockTwits users display a predominantly positive sentiment, ques-
tions arise regarding the informativeness of their posts about earnings fundamentals. If
the aggregated content of social media posts provides valuable information into fundamen-
tals, social media-driven trades could enhance price informativeness ahead of earnings an-

nouncements. We investigate the informativeness of social media posts ahead of earnings

13



announcements by estimating the following regression:
Surp; = B1Sent; + o Ilfft X Sent;; + Ps Ilfft +T"Controls;y + a; + oy +€;4,  (3)

where Surp;; is the earnings surprise for stock-earnings ¢ announced on date ¢, Sent;,
represents the sentiment as defined in equation (2), and Ilf}ttt is a dummy variable set to one
if the stock’s StockTwits attention, as defined in equation (1), falls within the top quintile,
otherwise it is set to zero. Both sentiment and attention are computed from posts made
from five days to one day prior to earnings announcements. The regression also includes an
interaction term between sentiment and attention to examine whether stocks with a higher
volume of posts yield a more accurate sentiment prediction of earnings surprises. The control
variables are the buy-and-hold abnormal returns, sentiment from analyst recommendations
computed as in equation (2) based on recommendation outlook being bullish or bearish, and
RavenPack newswire sentiment, all measured in the five days leading up to the earnings
announcements. «; and «; correspond to firm- and earnings date-fixed effects.

Table 3 presents the results for the full sample, large caps (the top three NYSE market
capitalization quintiles), and small caps (bottom two quintiles). Across all model specifica-
tions, we find no statistically significant evidence that the sentiment expressed in StockTwits
posts predicts earnings surprises and similarly when interacting sentiment with attention
(14 x Sent). In untabulated results, we find that including stock-earnings observations
without sentiment data as having a neutral sentiment (Sent = 0.5) return similar findings.

In a robustness check, we estimate equation (3) using the change rather than the level
of sentiment. Table IA1 of the Internet Appendix reports the results and finds no statisti-
cally significant evidence that the change in sentiment predicts earnings surprises. Cookson
and Niessner (2020) find that StockTwits’ users that are self-labeled as professionals are
indeed more sophisticated than novice users and find that professional posts’ sentiments are
positively related to future returns. We examine whether sentiment posts for novice, inter-

mediate, and professional users predict earnings surprises and report the findings in Table

14



[A2 of the Internet Appendix. Consistent with our previous findings, we find no statistically

significant evidence that sentiment predicts earnings surprises across all user types.

4. Social Media Attention and Price Revelation

What role does social media play in price revelation before earnings announcements? The
previous section demonstrates that sentiment on social media tends to be excessively opti-
mistic and lacks predictive power for earnings surprises. If social media does influence price
revelation ahead of earnings announcements, we would expect to observe positive price run-
ups in the days leading up to the announcements. We next present evidence consistent with
this reasoning.

Figure 4 plots the difference in the buy-and-hold abnormal (BHAR) returns for high-
attention and matched-low-attention stocks 15 days prior to 10 after earnings announce-
ments. High attention stocks correspond to the top quintile stock-earnings announcements
with the highest coverage on StockTwits five days before announcements. The quintile sort
is for stocks with the same earnings announcement date. Matched stocks are assigned based
on the NYSE market capitalization breakpoint quintile, industry (GIC), buy-and-hold ab-
normal returns from 20 to 6 days prior to the announcement, and earnings surprises for the
same year-quarter. Panel A of Figure 4 shows a significant return divergence between high-
and low-attention stocks of more than 1%, with the most significant increase occurring five
days before the announcement. Following the announcement, we observed a reversal of more
than 50 bps, and the difference between high- and low-attention stocks is not statistically
different from zero. The effect of price pressure is expected to be more pronounced for smaller
firms due to higher illiquidity. We confirm this intuition. Panel B presents the results for
large (top two NYSE market capitalization breakpoint quintiles) and small-cap stocks (bot-
tom three quintiles). We find a much more pronounced price pressure for small-cap stocks

of approximately 1.5% and 0.3% for large-cap stocks, followed by an immediate reversal on
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announcement dates.

We next conduct a “diff-in-diff” analysis to validate the robustness of our findings in Table
4. The first difference compares the effect of price pressure before earnings announcements
to using a randomly selected ‘pseudo-earnings-announcement’ date in place of the actual
announcement date. Following So and Wang (2014), we select pseudo-announcement dates
from randomly selecting a pseudo-date 50 to 20 days window prior to actual announcement
dates. Columns (1) and (2) report the average BHAR, in percent, around earnings announce-
ments (EA) and pseudo-earnings announcements for high-attention stocks, respectively, and
the difference is reported in columns (3). Columns (4) and (5) report the difference between
the low-attention-match stocks and for the full sample of low-attention stocks. Columns (6)
and (7) report the “Diff-in-Diff”.

For high-attention stocks, column (1) reports a 58 bps and -45 bps in BHAR[-5,-1] and
BHARJ0,1], respectively. Column (3) reports a 49 bps increase (¢-statistic of 4.68) in BHAR
relative to the pseudo earnings dates in the five days leading earnings announcements. The
“Diff-in-Diff” columns (6) and (7) report a 61 bps (¢-statistic of 4.92) and 62 bps (-statistic of
4.10) increase in BHAR relative to low attention stocks, respectively. On the announcement
date ([0,1]), the pre-announcement increase in BHAR is reversed. Columns (3) report a
decrease of 47 bps (t-statistic=5.42). Columns (4) and (5) report no significant decrease in
abnormal returns for the low-attention stocks, and the diff-in-diff columns report a decrease
of 74 bps (t-statistic=-6.49) and 45 bps (t-statistic=-3.72), respectively.

We examine the robustness of the price drift and return reversal to alternative explana-
tions that can result in higher returns leading to earnings announcements. For example, it
has been well-documented that around earnings announcements, stocks earn a risk premium
(Barth and So, 2014). Moreover, information leakage can result in pre-earnings announce-

ment drifts (Akey, Grégoire, and Martineau, 2022). To further examine the robustness of
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price pressure to alternative explanations, we run the following regression
BHAR[-5,—1];; = BL" + T"Controls;; + a; + ay + €y, (4)

where Ilfft is a dummy variable equal to one if the stock belongs to the top StockTwits
attention quintile in the five days preceding earnings announcements and zero otherwise.
The control variables are the upcoming earnings surprise (Surp), the average newswire sen-
timent (News sent), analyst sentiment from analyst recommendations (Analysts sent), the
average institutional investor attention from Bloomberg (Inst att) as in Ben-Rephael, Da,
and Israelsen (2017), and the average implied volatility (Implied vol) all computed over five
days before earnings announcements. We report the findings in Table 5 for the sample com-
prised of high-attention StockTwits stocks and their corresponding matched low-attention
stocks. We further report the results for the full sample in Table IA4 of the Internet Ap-
pendix. In the univariate analysis for the matched sample, column (1) reports an increase in
BHAR of 75 bps for high-attention stocks. With the additional control variables and fixed
effects, column (2) reports an increase in BHAR of 99 bps for high-attention stocks. We
next include implied volatility as a control variable in column (3) and the effect of attention
remains. We then repeat the same analysis with this time the announcement date return
BHARI0,1] as the dependent variable and including the BHAR[—5,—1] as an additional
control variable. Column (4) reports that high StockTwits attention in the five days before
earnings announcements predicts a 74 bps decrease in BHAR|0,1] a 62 and 59 bps decrease

in column (5) and (6) when including the control variables and the fixed effects.

4.1. Price Pressure and Inventory Risk

What mechanism underlies the return reversal? When facing buying pressure (a positive net
order imbalance) ahead of announcements, intermediaries are expected to be compensated
via a price concession by setting prices above fundamental value, resulting in a positive

expected return (So and Wang, 2014). As market markers unwind their net position following
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announcements and adjust the excess of price concession will result in a negative expected
return.

We provide evidence that intermediaries experience greater retail buying pressure for
stocks that attract more social media attention. Furthermore, we show that this social
media-driven price pressure predicts subsequent price reversals. The magnitude of these
reversals is larger when there is greater uncertainty about the market’s reaction to earnings
news, reflecting higher inventory risk.

To measure retail price pressure, we compute measures of retail order imbalances. To
measure retail trading, we follow the methodology of Barber, Huang, Jorion, Odean, and
Schwarz (2024) that modifies the original measure of retail trading of Boehmer, Jones, Zhang,
and Zhang (2021). We then retrieve the number of retail trades, trading volume, and dollar
volume and compute retail order imbalance measures. Barber, Lin, and Odean (2023) show
that focusing on the number of trades rather than the volume provides a more accurate re-
flection of attention-induced retail trading.'® We proceed to estimate the following regression

model:

7

Retail O1;, :ﬁ]l‘-i‘ttt +a; + o+ €4,

where Retail O1;; in the regression specification represents retail order imbalance computed
five to one day before the stock’s earnings announcement ¢ released on date ¢ using the
number of trades, volume, and fractional shares.

We present the findings in Table 6 in columns (1)—(3). In all model specifications, higher
attention is associated with positive retail order imbalances and is statistically significant
at the 1% level. The (8 estimate varies from 0.011 to 0.027, and computing retail order
imbalance using trades indicates stronger buying pressure, consistent with the arguments

of Barber, Lin, and Odean (2023) that trades best capture retail investor attention. These

8Specifically, Barber, Lin, and Odean (2023) find that smaller retail trades tend to focus on stocks that
capture significant attention and are inversely related to future returns.
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increases in retail order imbalances are significant. For example, the point estimates of 0.027
in column (1) corresponds to a four times increase in retail order imbalance relative to the
unconditional mean of 0.0068.

In column (4), we compute retail order imbalance using fractional trades (trades with less
than one whole share) from January 2020.' Da, Fang, and Lin (2024) show that fractional
trading removes barriers to high-priced stocks and facilitates entry by capital-constrained
retail investors. We find an increase of 4 percent in fractional trading order imbalance
for stocks with high StockTwits attention, corresponding to a 50% increase relative to the
unconditional mean.

The point estimates in Table 6 may appear economically small, but there are several
reasons to suspect that they underestimate the true impact of social media on retail order
imbalances. First, the method developed by (Boehmer, Jones, Zhang, and Zhang, 2021)
to capture retail trading only accounts for trades internalized by wholesalers, leaving some
retail trades unaccounted for. Second, wholesalers may be less inclined to internalize trades
ahead of earnings announcements due to the heightened inventory risk.?°

If the reversal documented in Section 4 results from intermediaries requiring a higher
compensation to manage inventories when facing social-media-driven buying retail pressure,
the magnitude of the reversal is expected to be larger when there is greater uncertainty
regarding the market’s reaction to earnings news. We investigate this next by running the

following regression:

BHAR|0,1];; =B BHAR[-5, ~1];; + B2Surp;, + B3Retail OI]}' + ByRetail O[5+ (5)
B Retail Olﬁt x Inv risk;, + BsRetail OIZ’?S x Inv risk; ,+

BrInv risk;; + o + o + €4,

YFractional trading was gradually introduced in November 2019 and January 2020 (Da, Fang, and Lin,
2024).
20We thank Neil Pearson for this insight.
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where BHARJ0, 1] is the buy-and-hold abnormal return for stock ¢ following earnings an-
nouncement t. BHAR[—5, —1];; is the five-day BHAR prior to the announcement. Surp
corresponds to the earnings surprise. Retail OI'" and Retail OI™* are the fitted and
residual components from regressing retail order imbalance using trades five days before an-
nouncements onto StockTwits attention defined in Equation (1). Inv risk corresponds to
one of the inventory proxy specified in the column headers: Small cap is a dummy equal to
one if the firm belongs to the bottom two NYSE market capitalization quintiles, Implied vol
is a dummy equal to one if the stock’s implied volatility is higher than the cross-section
mean and zero otherwise, and Prior |Surp| is a dummy equal to one if the absolute earnings
surprise from the previous eight is higher than the cross-sectional mean and zero otherwise.
As shown in Martineau (2022), smaller firms have larger absolute returns on announcement
dates and similarly for implied volatility (see So and Wang, 2014, Gao, Hu, and Zhang,
2024). These proxies capture the uncertainty regarding the market’s reaction to earnings
news.

The results are reported in Table 7. First, column (1) confirms the findings of So and
Wang (2014) that pre-earnings announcement BHAR is inversely related to announcement
date returns because of inventory risk. Next, column (2) shows that including the social-
media induced retail order imbalance (Retail OI'") predicts negatively the reversal (p <
0.05), whereas the orthogonal component (Retail O1"*) does not. Columns (3)—(5) confirm
that Retail OI'" predicts larger reversal for small-cap stocks, stocks with higher implied
volatility, and stocks with higher absolute earnings surprises, with p < 0.05 and < .10. In
other words, the price pressure induced by social media activity leads to a larger inventory
risk for intermediaries. It is worth pointing out that the Retail OI" x Inv riks loadings are
positive and statistically significant (p < 0.05) in Columns (3) and (4) consistent with prior
research that suggest that retail trades can be informative (e.g., Boehmer, Jones, Zhang, and

Zhang, 2021). We show in Table TA3 of the Internet Appendix that the fitted component
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of order imbalance, from regressing retail order imbalance on 14*, does not predict earnings

surprises, but the orthogonal component does.

4.2. Social Media Attention and Informational Efficiency

A price reversal is indicative of “noisy” prices. We next examine how such noise impacts price
informativeness with respect to fundamentals ahead of announcements and how it affects
the price efficiency following announcements. We follow the terminology of Brunnermeier
(2005) to distinguish between “price informativeness” and “price efficiency,” the main two
components of the price discovery process. Price informativeness reflects the absolute level
of information to future fundamentals (see also Biais, Hillion, and Spatt, 1999, Weller, 2018,
Boguth, Fisher, Gregoire, and Martineau, 2024) and price efficiency relates to the price
revelation of public information and how fast information is impounded into prices.

To examine the impact of price pressure on price informativeness, we graphically depict
in Figure 5 the buy-and-hold abnormal returns (BHAR) around earnings announcements
for high and matched low-StockTwits attention stocks. Panels A and B show the BHAR
for positive earnings surprise (top two quintiles) and negative earnings surprise (bottom two
quintiles), respectively. We rescale the figure such that BHAR is equal to zero at ¢t = —6.
Both panels show positive upward price drifts leading to earnings announcements for stocks
with high StockTwits attention. In contrast, stocks with low coverage show no price drifts
before positive earnings surprises and downward price drifts for negative earnings surprises.
Five days before the announcement, the difference between BHAR for high vs low attention
is approximately 60 bps in both panels. This figure conveys that in days leading to earnings
announcements, social media can diminish price informativeness, i.e., in the case of low
earnings surprises, prices deviate from future fundamentals to be revealed on announcement
dates. In the case of positive earnings surprises, prices converge to fundamentals, not because

social-media-induced trading reflects fundamentals but because social-media induced trading
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results in buying pressure, which pushes prices toward fundamentals.

The second main insight from this figure is how markets correct mispricing upon the
release of earnings announcements. For positive earnings surprises (Panel A), markets take
into account the heightened pre-announcement level and adjust prices less than those with
low attention such that there is no significant difference in total returns. In other words, mar-
kets are efficient at adjusting prices to fundamental news post-announcement, independently
of the stock’s social media popularity. In Panel B, the BHAR of stocks with high Stock-
Twits attention deviates from fundamentals ahead of earnings announcements with negative
earnings surprises, but at the time of the announcement, the BHAR quickly converges to
those with low StockTwits attention. In the days that follow the earnings announcement,
we do not observe significant price drifts, consistent with the findings of Martineau (2022)
that markets quickly process earnings news.

These news findings are important in light of the results reported in Campbell, Drake,
Thornock, and Twedt (2023) and Ding, Shi, and Zhou (2023). These authors conclude that
stocks with more Twitter and Seeking Alpha coverage before earnings announcements lead
to smaller price reactions to earnings surprises, i.e., a lower earnings response coefficient
(ERC), and conclude that social media “slows down” the price discovery process. Their
conclusion is much different from ours. We reexamine this premise that social media atten-
tion following earnings announcements dampens the price discovery process by running the

following regression
ARy = B1Surp; ¢ + ﬂg]lfft + B3Surp; s X ]lfft + F'Controlsw + o + o+ iy,

where AR corresponds to the abnormal return on the announcement date in columns (1)—
(3), buy-and-hold abnormal return from the announcement date to the next trading day in
column (4), and two to five days after the announcement in column (5) in Table 8. Columns
(1) to (4) report that Surp;, x 12" is negative and statistically significant (p < .01). The

coefficient loadings of -0.18 to -0.23 correspond to an approximate decrease of 25% of the
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total earning response, which lends support to the findings of prior research that stocks with
greater social media attention prior to announcements results in a lower earnings response
coefficient. However, simply examining the regression coefficient is misleading. We show in
Figure 5 that stocks with more social media activity ahead of earnings announcement have
the same efficient price level as stocks with low social media activity following announce-
ments. The reason one can find that social media attention results in a smaller earnings
response coefficient is simple. More than 67% of earnings announcements are associated
with positive earnings surprises. Therefore, the negative relationship between social media
activity and earnings surprises results from the buying price pressure leading to earnings
announcements, which diminishes the price response to positive earnings surprises as shown
in Figure 5. Column (5) of Table 8 further shows that high StockTwits attention stocks
leading to earnings announcements does not result in a continuation of price drifts two to
five days following announcements as the loading on Surp; ; x Ilf}t“ is not statistically different

from zero.

4.3. The Role of Social Media News Curators

Users on social media not only include individuals but also of entities that curate and dis-
seminate news. These entities can influence the attention of retail investors and the price
pressure ahead of earnings announcements. We examine the role of one such entity, Earnings
Whispers. EW is recognized for its earnings forecasts and extensive social media presence
across platforms such as StockTwits, Twitter, and Instagram. At the start of each week,
EW highlights the most anticipated earnings releases through posts on StockTwits and
other platforms. Figure 6 presents two examples of such posts. Our objective is to deter-
mine whether EW’s posts can predict which stocks are likely to gain heightened social media
attention ahead of earnings announcements and whether this attention leads to price pres-

sure. This analysis is critical, as our findings thus far have established a contemporaneous
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relationship between social media attention and price pressure in the lead-up to earnings an-
nouncements. It further broadens the implication of social media beyond StockTwits as EW
posts are shared across multiple platforms. As of February 2024, EW has 150,000 followers
on StockTwits, 450,000 on X (formerly known as Twitter), and 116,000 on Instagram.

We first document how stock returns, attention, sentiment, and retail order imbalance
change conditioning on appearing on a post made by EW. Table 9 presents the results from

the following regression:
yz{ter _ ﬁllftwhispers + F,COTLtTOle;wT + o + oy +€i7t, (6)

where y; fter corresponds to the stock ¢ buy-and-hold abnormal return (in percent), Stock-
Twits attention (in percent), StockTwits sentiment, and retail trade order imbalance from
the beginning of the earnings week (Monday) to t—1, i.e., the day before the earnings are an-
nounced on date t. Ilftwh“p “* is a dummy variable equal to one if stock 7 appears on the EW
“most anticipated earnings” and zero otherwise.?! The control variables (Controls’™") are
the buy-and-hold abnormal return, StockTwits attention and sentiment, and retail order im-
balance from the prior week (Monday to Friday). We also control for the upcoming earnings
surprise (Surp) and the absolute surprise (|Surpl|), as well as the abnormal news coverage
and average newswire sentiment spanning the last ten days prior to the announcement. We
assign a neutral score of 0.5 for stocks with no sentiment-tagged posts.

Table 9 reports a statistically significant (p < .01 and p < .05) positive impact of a stock
appearing in an EW post on its return, attention, sentiment, and retail order imbalance. We
find an increase in BHAR by 51 basis points, a 2.7 basis points increase in attention (a 75%
increase relative to the unconditional mean of 3.6 basis points), 2.3% increase in sentiment

(a 4% increase relative to the unconditional mean), a 6.8% increase in retail trading, and

21'We make sure to select only Earnings Whispers posts occurring on the weekend and on Monday before
9:30 am. The number of stocks-earnings observations appearing on a EW post that have an earnings
announcement on Monday is 6.8% (431 observations) of the total sample (6,301 observations).
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a 1.1% increase in net retail order imbalance (a 55% increase relative to the unconditional
mean) for stocks appearing in an EW post.

Having demonstrated the impact of the EW posts on investor attention, we next examine
if such predictable increase in social media investor attention generates a price pressure ahead
of announcements and a price reversal on announcement dates. We do so by implementing
a trading strategy of going long stocks that appear on the EW posts and shorting the other
stocks with earnings for that particular week but that do not appear on the EW posts.
We value-weight the stocks to create the portfolios.?? The portfolios are rebalanced weekly.
Once we obtain the daily portfolio returns for the long and short sides, we accumulate the
daily returns to the monthly frequency. The “Long-Short” portfolio buys the long portfolio
and sells the short portfolio. We rebalance the portfolios weekly. We execute the buy (sell)
order starting Monday at 4 p.m. and hold the stock until t-1, 4 p.m., i.e., the last session of
regular trading hours before the earnings announcement.

Table 10 presents the average monthly value-weighted long-short portfolio returns in
percentage points for the pre- and post-announcement period, where the post-announcement
period consists of the announcement date and the following trading day. The long-short
column reveals that based on this strategy, the long-short portfolio generates abnormal
returns. The long-short value-weighted portfolio consistently earns significant abnormal
returns, whether using CAPM alphas, three-factors alphas, five-factors alphas, or five-factors
with momentum alphas, which abnormal returns ranging from 0.43% per month (¢-statistics
= 2.81) to 0.45% (t-statistics = 2.37). It is worth noting that the majority of this spread is
attributable to the long side, where the abnormal returns for the long portfolio range from
0.51% to 0.55% per month (¢-statistics=2.29 and t-statistics=3.21, respectively) whereas the
abnormal returns for the short side range from 0.06% to 0.11%. If one forms a long-short

portfolio using the same strategy and hold the portfolio over ¢ = [0,1], columns “Post-

22From 2016 to 2022, we were not able to retrieve the EW “most anticipated earnings” posts for a total
of 15 weeks in our sample. When a post is missing, we replace the missing week with the risk-free rate.
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announcement” report that it results in a negative alpha ranging from -0.22% to -0.34%.
The negative alphas are due to the return reversal.?® In sum, the effect of social media to
price pressure is not only a result of individual investors but also from entities that curate

and disseminate news.

5. Implications to Future Research

We next discuss alternative social media platforms, precisely, the Reddit forum WallStreet-
Bets and Seeking Alpha, and demonstrate why StockTwits is the most appropriate platform
to examine the impact of social media on stock prices ahead of earnings announcements. We
then present a simple theoretical framework to rationalize why investors consume optimisti-
cally biased information and trade on such information. This simple model provides fruitful
avenues for future theoretical work to explore the role of social media in shaping investors’

beliefs and in generating systematic noise trading.

5.1. Alternative social media platforms

StockTwits is not the only social media platform examined in the literature. Seeking Alpha
and the Reddit forum WallStreetBets are two other platforms that have been examined.
Cookson, Lu, Mullins, and Niessner (2024) highlights the importance of distinguishing sen-
timent and attention across different investor social media platforms.?* Chen, De, Hu, and
Hwang (2014) and Dim (2020) find that post sentiment on the social media platform Seek-
ing Alpha predicts earnings surprises. An important distinction between StockTwits and

Seeking Alpha is that Seeking Alpha contributors are not anonymous and get compensated

23In the Internet Appendix, Figure IA1 shows the time series of the long, short, and long-short cumulative
returns since the initial portfolio inception. The largest increase in the performance occurs at the outset of
the COVID-19 pandemic, a period of growing retail trading (Ozik, Sadka, and Shen, 2021, Martineau and
Zoican, 2023) and investor attention to social media (see Figure 1).

24Pyun (2024) further demonstrate the importance of examining real-time (synchronous) group chats such
as Discord and compare them with forum-style (asynchronous) postings on Reddit’s WallStreetBets.
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for their posts.?> A more closely related paper is Kang, Lou, Ozik, Sadka, and Shen (2024),
which examines social media content from WallStreetBets around earnings announcements
from 2020 to 2021 and finds that increased social discussion reduced pre-earnings turnover,
return drift, and higher earnings response coefficients.?® These findings depart from ours.
StockTwits activity ahead of earnings announcements is excessively optimistic, fails to pre-
dict earnings surprises, and induces attention-based buying pressure that increases stock
returns followed by a reversal on announcement dates.

The difference between our findings and other social media papers can result from the
differences in coverage across platforms. Table TA6 highlights the significant discrepancy
in coverage ahead of earnings announcements for StockTwits, WallStreetBets, and Seeking
Alpha from 2018 to 2021. The table reports the number of stock-earnings observations with
at least one post and the number of posts five days ahead of earnings announcements by
NYSE quintile breakpoints. StockTwits has the broadest coverage, with more than 38,000
stock-earnings announcement observations compared to 5,543 and 2,515 observations for
WallStreetBets and Seeking Alpha, respectively. The number of posts exceeds 5.5 million
for StockTwits, close to 33,000 for WallStreetBets, and 3,500 for Seeking Alpha. Small and
large firms are widely discussed on StockTwits, whereas more than 50% of the posts are
about the largest firms (top quintile) on the other platforms. Stock prices of small firms
are more sensitive to price impact (as shown in Figure 4). Consequently, a social media
platform that widely covers small stocks will play a more determinant role in understanding

the impact of social media on aggregate price dynamics of small firms.

ZFarrell, Green, Jame, and Markov (2022) find that the ability of retail order imbalances to predict stock
returns increases in the intraday following a Seeking Alpha publication. Ding, Zhou, and Li (2020) find that
Seeking Alpha coverage reduces individual stock return comovement with the market.

26Bradley, Hanousek Jr, Jame, and Xiao (2024) find that recommendations shared on WallStreetBets are
significant predictors of returns and cash-flow news in prior to the GameStop (GME) episode.
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5.2. Theoretical implications

Our results raise the question: Why would investors trade on optimistically-biased infor-
mation from social media? We present a rational-based model based on a special case of
Caplin and Leahy (2019) to demonstrate why investors might consume optimistically biased
information and trade on such information in a systematic way.?” The model is motivated by
our empirical findings and has implications to future theoretical work to better understand
social media-driven systematic noise trading.

Consider a wishful-thinking investor who is considering buying ¢ > 0 shares of an asset
with price p before the release of the company’s earnings announcement. For simplicity, we
will abstract how ¢ and p are determined and take them as given. After the release of the
earnings announcement, the asset payoff v can take two values: a high value vy = p+ v
after a positive surprise or a low value vy, = p — v after a negative surprise, where v > 0
and vy > vg. There is an objective probability for each value. With probability 7 there
is a positive surprise and a high realization of the asset vy, and with probability 7, there
is a negative surprise and a low realization of the asset vy. An alternative interpretation of
the objective probabilities is that these probabilities represent the consensus or mainstream
opinion in case there are agents with heterogeneous information.

The model assumes that wishful-thinking investors have subjective beliefs about the
probability realization of v. We denote 7y as the subjective probability of a positive surprise
vy and 7y, as the subjective probability of a negative surprise v;. These subjective beliefs
may differ from objective beliefs, but deviating from objective beliefs is costly. We represent

the cost of deviating from objective beliefs by the Kullback-Leibler distance:

1 1
—7gIn TH + -7 In @
0 TH L

2"The importance of wishful thinking in financial markets is further highlighted in Cassella, Dim, and
Karimli (2023). The authors find that investors who are optimistic about a stock’s prospect react to negative
news by shifting their optimistic expectations to a longer forecast horizon.
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The parameter 6 represents the ease with which the agent can manipulate their beliefs.
The larger is 6, the greater the amount of evidence the agent would need before they reject
their chosen beliefs in favor of the objective ones. In other words, the larger €, the more
likely the investor is to opt for subjective beliefs. The lower the 6, the more costly it is to
deviate from the objective beliefs.

The investor’s expected utility of holding the asset and manipulating beliefs is then given
by:

1 g 1 99

EU(?TH,WL):(](WHUH—FWLUL—}?)—gﬂHlnﬁ_——gﬂLlnﬁ.—. (7)
H L

The investor understands the preferences and that the beliefs differ from the objective be-
liefs. The wishful thinking investor will choose subjective beliefs 7y and 7, by maximizing
expected utility in (7), taking into account that my + 7, = 1. The optimization problem
leads the investor to choose the following subjective beliefs:2®

_ Ty exp (fquy) s)
7 exp (Aquy) + 7 exp (Oqur)

TH

The investor chooses to distort beliefs towards states with positive surprises vy so that
mg > 7y for 1y € (0,1). The investor exhibits wishful thinking behavior by being over-
optimistic about the high utility states. In other words, the wishful-thinking investor obtains
utility from anticipating future events. At the extremes, when the objective probability
is either zero or one, subjective probabilities are equal to objective probabilities, and the
investor is rational. A wishful-thinking investor will not get any utility for dreaming about
impossible events. As the cost of manipulating beliefs decreases (6 increases), beliefs become
even more distorted towards positive surprises. The same effect appears the more shares ¢
the investor is considering to buy; as ¢ increases the subjective probability 7y deviates more
from the objective probability 7y and thus more positive optimistic biased are investors.
We can observe how a wishful-thinking investor distorts beliefs in a numerical example

in Figure 7. In this figure, we set the following parameters: vy = 3, vy, = 1, § = .5 and

28Gee Section IA for derivations.
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g = 1,3,5. The solid line represents the beliefs of a wishful-thinking investor given by
(8). The dashed line represents the beliefs of a rational investor that uses the objective
beliefs rhational — 7, The figure shows that the wishful-thinking investor distorts beliefs
towards positive surprises. Even when the probability of a positive surprise is less likely
than a negative surprise 7y < 0.5, the wishful thinking investor may distort beliefs so that
7y > 0.5. In words, even when the consensus is that there will be a negative surprise,
the wishful-thinking investor may think that a positive surprise is more likely (for example,
when 7y = 0.4, then 7y > 0.5). As the consensus probabilities get closer to the extremes,
when events are almost certain, then wishful-thinking investors resemble rational investors.
Figure 7 shows how beliefs get distorted as the number of shares ¢ increases. As the stakes
increase, there is an increase in the distortion of beliefs.

The wishful thinking investor will choose to purchase ¢ units of the asset at price p
when the expected utility in equation (7) with subjective beliefs given by (8) is positive
EU(mwy,nr) > 0, which happens when:

€xp (eqp) — €Xp (equ) _ 1 _ =cutoff
> = =7y 7.
exp (fquy) —exp (fqur) 1+ exp (fqv)

Thus, a wishful thinking investor will choose to purchase the ¢ shares of an asset at price p

Rational — 7. would choose to purchase

when 75 > ﬁ?t"f . Instead a rational investor with 7
the ¢ shares of an asset at price p when 7y > 0.5. We can see that a wishful-thinking
investor would make the same choices as a rational investor only when it is infinitely costly
to distort beliefs (6 = 0). For any 6 > 0, the wishful thinking investor will have a lower
cutoff to purchase the asset than a rational investor such that ﬁ?}”t"f I<0.5.

We believe that more theoretical work on wishful thinking could shed some light on the
role of social media in financial markets. In Banerjee, Davis, and Gondhi (2024), wishful
thinking leads to endogenous disagreement. Their findings show a connection between wish-

ful thinking and market outcomes, including return volatility, price informativeness, trading

volume, and return predictability, which match empirical evidence presented in this paper.
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6. Conclusion

Social media activity during the week leading up to announcements is overly optimistic
and does not forecast the earnings fundamentals. This optimism leads to systematic noise
trading, resulting in a buying pressure that increases stock returns by more than 50 bps
ahead of earnings announcements as market makers seek higher returns to provide liquid-
ity. Noise trading, when correlated, can increase inventory risk for market makers when
providing liquidity before anticipated information events. Such social media-induced price
pressure results in a distortion of price revelation ahead of earnings announcements. On the
announcement date, markets efficiently adjust prices quickly to new information and correct
any mispricing generated by social media information production. Social media news cura-
tors such as Earnings Whispers further contribute to the distortion of price revelation ahead
of earnings announcements by amplifying noise trading and price reversals.

A key implication of our paper to future research is that theories should consider the
role of systematic noise trading in price revelation. Moreover, analyzing the effect of social
media on post-announcement price formation without considering pre-announcement price
dynamics can lead to biased inferences on the role of social media in price discovery. An
exciting extension to our paper is to build on Hendershott and Menkveld (2014) and estimate
a structural model to quantify how much intermediary charge to social media-induced price
pressure. Finally, our paper does not claim that there is no useful information about upcom-
ing earnings on StockTwits, but that, on average, the information content is uninformative
about earnings fundamentals. Differentiating between “skilled” and “unskilled” social me-
dia content creators, or “finfluencer,” is a fruitful avenue for future research. Kakhbod,
Kazempour, Livdan, and Schuerhoff (2023) have already made admirable progress in that

regard.
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Figure 1. StockTwits Post Activity
This figure shows the monthly number of stock-specific posts on StockTwits. The sample

period is from January 1, 2013, to December 31, 2022.
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Figure 2. Abnormal Social Media Attention and News Coverage Around Earnings An-
nouncements

This figure shows a boxplot representing the distribution of the number of abnormal Stock-
Twits posts and newswires coverage five days around earnings announcements. The whiskers
correspond to the 5th and 95th percentiles. Abnormal attention (newswire coverage) is com-
puted as the daily log number of StockTwits posts (newswire articles) minus the log of the
average daily number of posts (newswire articles) from 20 to 6 days before the earnings
announcements. The sample period is from January 1, 2013, to December 31, 2022.
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Figure 3. StockTwits Sentiment is Optimistic

This figure shows the fraction of stock-earnings observations by (1) the fraction of bullish
StockTwits posts and (2) the fraction of bullish (positive) analyst recommendations sixty
days before earnings announcements in Panel A. Panels B to D shows the fraction of bullish
StockTwits posts by user type: novice, intermediate, and professional, respectively. The
sample period is from January 1, 2013, to December 31, 2022.
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This figure plots the average difference in buy-and-hold abnormal return (BHAR, in %)
between high-StockTwits attention stocks and matched low-StockTwits attention stocks
around earnings announcements (¢ = 0). High-attention stocks correspond to the top quin-
tile stock-earnings announcements with the highest coverage on StockTwits five days before
announcements. Matched stocks are assigned based on the same GIC industry, the BHAR
20 to six days before announcements, NYSE market capitalization breakpoint quintile, and
earnings surprises. Panel A shows the results for the full sample and Panel B for large (top
two NYSE breakpoint quintiles) and small firms (bottom three NYSE breakpoint quintiles)
separately. The 95% confidence intervals are represented by the error bars. The sample

Figure 4. Return Reversals

period is from January 1, 2013, to December 31, 2022.

1.2

1.0 4

BHAR difference (%)

0.0 1

702 4

2.0 1

BHAR difference (%)

0.0 1

—0.5 1

Panel A. Full sample

0.8 1

0.6 1

0.4 1

0.2 4

10

[

T T T T
—15 —-10 -5 0
Days since announcement

Panel B. Large and small firms

1.5 1

1.0 1

0.5

Large firms (top 2 NYSE bp qut)
===+ Small firms (Bot 3 NYSE bp qnt)

10

[0

—15 —10 -5 0
Days since announcement




Figure 5. Cumulative Returns Around Earnings Announcements Conditioning on Stock-
Twits Attention and Earnings Surprises

This figure shows the buy-and-hold abnormal returns (BHAR, in %) around earnings an-
nouncements for stocks with high-StockTwits attention and matched-low StockTwits at-
tention 20 days before to 10 days after earnings announcements. High attention stocks
correspond to the top quintile stock-earnings announcements with the highest coverage on
StockTwits five days before announcements. Matched stocks are assigned based on the same
GIC industry, the BHAR 20 to six days before announcement, NYSE market capitaliza-
tion breakpoint quintile, and on earnings surprises. Panels A and B show the cumulative
returns around earnings announcements with positive (top two quintiles) and negative earn-
ings surprises (bottom two quintiles), respectively. The shaded area corresponds to the 95%
confidence intervals. The plots are rescaled to zero at t = —6. The sample period is from
January 1, 2013, to December 31, 2022.
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Figure 6. Earnings Whispers Social Media Posts

This figure shows two examples of Earnings Whispers StockTwits posts about upcoming
earnings announcements for the week of August 29, 2022 and September 26, 2022.
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Figure 7. Plots of my for Wishful Thinking Versus Rational Investors

This figure presents the relationship between 7y and 7y for a rational and wishful thinking
agent. Dashed black line represents a rational agent. Solid lines represent wishful-thinking
investors for different quantities q. We set vy = 3,vr, = 1,60 = 0.5.
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Table 1
Summary Statistics on High and Low StockTwits Coverage

This table reports summary statistics of the stock-earnings announcement sample for high
and low StockTwits attention stocks. High-attention stocks correspond to the top quintile
stock-earnings announcements with the highest coverage on StockTwits five days before the
announcement. Volatility is the standard deviation of 30 daily returns ending ten days before
announcements. Abn ret. and Abn |ret.| corresponds to the abnormal and absolute abnormal

returns on the earnings announcement date, respectively. The sample period is from January
2013 to December 2022.

High attention Low attention
Mean 25th Median 75th  Mean 25th Median 75th

Market cap (mill.§) 35,179 849 5482 28,335 4,720 351 1,204 3,758
Volatility (%)  3.23  1.50 2.36 3.87 257 141 1.99 3.05
Abn ret. (%) -0.43 -4.66 -0.35 3.77  -0.03 -3.539  0.04 3.61
)
)

Abn [ret.| (% 6.41 1.84 4.23 8.47 5.57 1.49 3.60 7.35
Surprise (%) -1.90 -0.05  0.06 026 -0.23 -0.09 0.06 0.29
N. analysts 10.16  4.00 9.00 15.00  5.33  2.00 4.00 7.00




Table 2

Summary Statistics on Coverage

This table reports summary statistics on StockTwits coverage, analyst recommendations,
and newswire coverage in Panels A to C, respectively. N. posts, N. rec., and N. news
correspond to the total number of StockTwits posts, analyst recommendations, and Dow
Jones newswires, respectively, five to one day before earnings announcements. The sample

period is from January 2013 to December 2022.

A. StockTuwits coverage

StockTwits coverage

No StockTwits coverage

NYSE gnt Stock-EA obs. N. posts % of posts

Stock-EA obs.

% with no coverage

1 (small) 31,145 2,213,564 24 4,820 13

2 19,662 1,204,046 13 1,218 6

3 15,406 1,132,371 12 678 4

4 13,953 1,200,506 13 479 3

5 (large) 13,780 3,320,317 37 315 2
Total 93,046 9,070,804 100 7,510

B. Analyst recommendation

Analyst recommendation

No analyst recommendation

NYSE qnt Stock-EA obs.  N. rec. % of rec.

Stock-EA obs.

% with no rec.

1 (small) 779 1,350 5 35,186 98

2 999 2,326 8 19,881 95

3 1,231 2,031 7 14,853 92

4 1,592 3,497 13 12,840 89

5 (large) 3,129 18,185 66 10,966 78
Total 7,730 27,389 100 93,726

C. Newswire

News No news
NYSE gnt Stock-EA obs.  N.news % of news Stock-EA obs. % with no news

1 (small) 6,837 24,520 4 29,128 81
2 5,372 28,763 5 15,508 74

3 5,527 37,890 6 10,557 66

4 6,890 75,524 12 7,542 52

5 (large) 11,120 461,581 73 2,975 21

Total 35,746 628,278 100 65,710




Table 3
StockTwits’ Sentiment Does Not Predict Fundamentals

This table reports estimates for the full sample, large caps (the top three NYSE market
capitalization quintiles), and small caps (bottom two quintiles) of the following regression:

Surp;; = BrSent;; + Bo Ilfft X Sent;; + B3 ﬂfft + I"Controls;; + a; + iy + €4,

where Surp;; is the earnings surprise (%) for stock ¢ on earnings announcement ¢t. Sent
is the sentiment on StockTwits as defined in equation (2) over five days before earnings
announcements, and Ilfft is a dummy variable equal to one if the stock belongs to the top
StockTwits attention quintile in the five days preceding earnings announcements and zero
otherwise. C'ontrols;; is a vector of control variables corresponding to the buy-and-hold ab-
normal returns (BH AR[—5, —1]), sentiment from analyst recommendations (Analysts sent),
and RavenPack newswire sentiment (News sent), all measured in the five days leading up
to the earnings announcements. «; and «; are stock and earnings-date fixed effects, respec-
tively. Stock-earnings observations with no tagged sentiment posts are excluded. The sample
period is from January 2013 to December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable: Surprise (%)

Full sample Large firms Small firms

(1) (2) 3) (4) () (6)
Sent  0.023 0.015 0.000  -0.005  0.058  0.046
(0.032) (0.032) (0.014) (0.014) (0.069) (0.069)
14%x Sent  0.061  0.039  0.044  0.032 0190  0.144
(0.074) (0.074) (0.037) (0.037) (0.273) (0.273)
4% -0.057 -0.045 -0.055% -0.048 -0.125 -0.099
(0.063) (0.063) (0.030) (0.030) (0.237) (0.236)

BHAR[5_y 0.577%* 0.415%* 0.549%*
(0.249) (0.175) (0.326)

Analysts sent 0.019 0.029* 0.024
(0.028) (0.015) (0.132)

News sent 0.025 0.016 0.200
(0.099) (0.069) (0.436)

N 60,105 60,105 30,736 30,736 29,369 29,369
RQ(%) 0.00 0.05 0.02 0.11 0.01 0.05
Firm and date FE Y Y Y Y Y Y




Table 4
Social Media Attention and Earnings Announcement Reversals

This table reports the average buy-and-hold abnormal return (BHAR, in %) over day in-
tervals, [t1,t5], around earnings announcement defined in the first column for high and low
StockTwits attention stocks. Columns FA and Pseudo-FEA correspond to the BHAR for the
actual earnings announcement and a pseudo-earnings announcement, respectively. We select
pseudo-announcement dates by randomly selecting a pseudo-date 50 to 20 days window prior
to actual announcement dates. Diff in column (3) corresponds to the difference between (1)
and (2), and Diff Matehed and Diff ! correspond to the same difference but for matched
low attention stocks and for the full sample of low attention stocks. Columns (6) and (7)
report the diff-in-diff estimate where the diff-in-diff estimate in column (6) is the difference
between columns (3) and (4), and the diff-in-diff estimate in column (7) is the difference
between columns (3) and (5). The t-statistic of the difference is reported in square brackets.
Bold t-statistic indicates statistical significance at the 10% level. The sample period is from
January 2013 to December 2022.

High attention Low attention Diff-in-Diff

EA  Pseudo EA  Diff  DiffMatched  DiffFull  Diff jn-DiffMetched  Diff in-Difff i
(1) (2) (3) (4) (5) (6) (7)

[—5,—1] 0.575 0.087 0488  -0.117  -0.129 0.605 0.616
[4.68]  [-1.83]  [-4.31] [4.92] [4.10]

0,1] -0.448  0.025 0474 0270 -0.026 -0.744 -0.448

[-5.42]  [3.62]  [-0.68] [-6.49] [-3.72]

2,5] 0.051 0.088 -0.036  0.007 0.039 -0.043 -0.075

[-0.40]  [0.10] [1.28] -0.38] [0.39]

[6,10]  0.085 0.060 0.027 0.153 0.293 -0.125 -0.266

0.28]  [2.27]  [8.96] [-1.06] [-3.07]




Table 5
Pre- and post-earnings announcement Returns and StockTwits Activity

This table reports estimates of the following regression:
BHAR[tl, tQ]i,t :51 ﬂf}ttt + FICOTLtTOlSiyt + oy + €it

where BHAR|ty,t5];+ is the buy-and-hold abnormal return for stock ¢ from ¢; to ¢, around
earnings announcement ¢. The dependent variables in columns (1)-(2) and (3)—(5) are
BHAR([-5,-1] and BHAR(0,1], respectively. 1" is a dummy variable equal to one if the stock
belongs to the top StockTwits attention quintile in the five days preceding earnings announce-
ments and zero otherwise. Controls;, is a vector of control variables and corresponds to the
earnings surprise (Surp) on date ¢, the average newswire sentiment (News sent), analyst
sentiment from analyst recommendations (Analysts sent), the average institutional investor
attention from Bloomberg (Inst att), and the average implied volatility (Implied vol) all
computed over five days before earnings announcements. «; and «; are stock and earnings-
date fixed effects, respectively. The sample of stock-earnings observations is comprised of
high-attention StockTwits stocks and their corresponding matched low-attention stocks. The
sample period is from January 2013 to December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable:
BHARI-5,-1] BHAR]J0,1]
(1) (2) (3) (4) (5) (6)

TAf Q754%F%  0.092FFF  (.644%HF 0. 741FFF  0.624%F 0591 %
(0.125)  (0.178)  (0.146)  (0.125)  (0.187)  (0.188)

Surp 0.067 0.073 0.720%**  1.092%**
(0.042)  (0.055) (0.057)  (0.086)
News sent 8.640%H* 7. 798%** -0.802 -0.410
(0.885)  (0.814) (0.740)  (0.745)
Analysts sent 1.030%**  0.900*** 0.310 0.225
(0.230)  (0.227) (0.239) (0.239)
Inst att -0.087 -0.052 -0.134 -0.199%*
(0.084)  (0.082) (0.098)  (0.100)
Implied vol -0.181 3.240%F*
(0.718) (0.688)
BHAR[ 5 1 -0.039%%F  -0.021
(0.013)  (0.016)
Intercept -0.180** 0.292***
(0.079) (0.096)
N 38,744 38,744 35,064 38,744 38,744 35,064
R*(%)  0.19 1.45 1.66 0.14 2.72 3.47

Firm and date FE N Y Y N Y Y




Table 6
StockTwits Attention and Retail Buying Pressure

This table reports the 3 estimate, t-statistic, and R? of the following regression:
Retail O1;; :Bﬂfft + a; + ap + €4,

where Retail OI is the retail order imbalance over five days before earnings announcements.
ﬂfft is a dummy variable equal to one if the stock belongs to the top StockTwits attention
quintile in the five days preceding earnings announcements and zero otherwise. «; and oy are
stock and time earnings-date effects, respectively. We employ the method of Barber, Huang,
Jorion, Odean, and Schwarz (2024) to label retail trades from TAQ. We compute retail order
imbalance using trades, volume, and fractional shares in columns (1)—(3), respectively. The
computation of fractional shares follow Da, Fang, and Lin (2024). The sample period is from
January 2013 to December 2022 in columns (1)—(2) and from January 2020 to December 2022
in columns (3).

Dependent variable: Retail Ol type

Trade Volume Fractional shares

(1) (2) (3)

141 0.027%%%  (0.011%+* 0.040%%*
(0.002)  (0.002) (0.006)

N 91,274 91,274 28,001

R*(%)  0.24 0.02 0.15

Firm and date FE Y Y Y




Table 7
Predicting Announcement Date Reversals and Inventory Risks

This table reports estimates of the following regression:

BHAR|0,1];; =B BHAR[-5, ~1];; + BaSurpi, + B3 Retail OI]}' + ByRetail OI75*+
Os Retail Olﬁt X Inv risk;; + BeRetail OI5" X Inv risk;+
BrInv risk;, + a; + oy + €4,

where BHARI0, 1] is the buy-and-hold abnormal return for stock ¢ following earnings an-
nouncement t. Surp corresponds to the earnings surprise for firm i on date t. Retail OI/%
and Retail OI™* are the fitted and residual components from regressing retail order im-
balance using trades five days before announcements onto StockTwits attention defined in
Equation (1). Inv risk corresponds to one of the inventory proxies specified in the col-
umn headers: Small cap is a dummy equal to one if the firm belongs to the bottom three
NYSE market capitalization quintiles, Implied vol is a dummy equal to one if the stock’s
implied volatility is higher than the cross-section mean and zero otherwise, and Prior |Surp|
is a dummy equal to one if the average absolute earnings surprise from the previous eight
quarters is higher than the cross-sectional mean and zero otherwise. «; and «; are stock
and earnings-date fixed effects, respectively. The sample period is from January 2013 to
December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable: BHAR[0,1]

Inventory risk proxy: Small cap Implied vol Prior |Surp|
(1) (2) (3) (4) (5)
BHAR[ 51 -0.041%%* -0.041%** -0.038*** -0.022 -0.040%**
(0.013)  (0.013)  (0.014)  (0.017) (0.013)
Surp 0.720%**  (0.736%FF  (.733%** 1.123%** 0.734%**
(0.057)  (0.062)  (0.061)  (0.092) (0.062)
Retail O/ -0.275%F  -0.140%**  -0.133*** -0.168*
(0.109)  (0.020)  (0.031) (0.086)
Retail Ol 0.008 -0.010 -0.011%* 0.002
(0.007)  (0.008)  (0.007) (0.008)
Retail OI/%x Inv risk -0.433%* -0.274%* -0.211°%*
(0211)  (0.158) (0.096)
Retail OI"*x Inv risk 0.028** 0.032** 0.015
(0.013)  (0.016) (0.015)
Inv risk -0.510 1.276%+* 0.359
(0.388)  (0.318) (0.325)
N 38,744 34,382 34,382 30,947 34,382
R2(%) 2.65 3.07 3.19 3.83 3.10

Firm and date FE Y Y Y Y Y




Table 8
StockTwits Attention and Stock Return Response to Earnings Surprises

This table reports estimates of the following regression:

AR, = 1 Surp; + ﬂﬂf}ft + BsSurp;; x ﬂf}ft + I"Controls;; + a; + oy + €4,

2

where AR corresponds to the abnormal return on the announcement date in columns (1)—(3),
buy-and-hold abnormal return (BHAR) from the announcement date to the next trading day
in column (4), and two to five days after the announcement in column (5). Surp corresponds
to the earnings surprise. ]lffttt is a dummy variable equal to one if the stock belongs to the
top StockTwits attention quintile in the five days preceding earnings announcements and
zero otherwise. The control variables are the average analyst recommendation sentiment
(Analysts sent) and the average newswire sentiment (News sent) computed five days before
the earnings announcement and the abnormal news coverage (News cov) defined as the log
change in the mean newswire coverage from days [-40,-6] to [-5,-1]. a; and «; correspond to
the firm and earnings-date fixed effects.

Dependent variable:

AR[0] BHAR[0,1] BHAR[2,5]

(1) (2) (3) (4) (5)

Surp 0.827%FF  (.827FFF  (.840%FF  (.020%FF (. 068*F*
(0.035)  (0.035)  (0.038)  (0.046) (0.025)

1A% _0.004%FF  -0.004%FF -0.003%%*  -0.004%** 0.001
(0.001)  (0.001)  (0.001)  (0.001) (0.001)

Surp x 1A% -0.175%FF  _0.175%8*F  -0.205%FF  -(.232%** -0.035
(0.051)  (0.051)  (0.055)  (0.064) (0.055)

Analysts sent 0.001 0.002 0.002 0.001
(0.001)  (0.002)  (0.002) (0.001)

News sent -0.004 -0.009* -0.012%* -0.000
(0.004)  (0.005)  (0.005) (0.004)

News cov 0.070 -0.660%**  -0.623%** -0.232
(0.110)  (0.202)  (0.210) (0.192)
N 101,393 101,393 101,393 101,393 101,367

R%*(%) 3.10 3.11 2.94 2.67 0.03

Firm and date FE N N Y Y Y




Table 9
The Influence of Earnings Whispers

This table reports estimates of the following regression:

after FEwhispers / 10T
yid' = BILE P L T Control sty + oy + oy + 4y,

yf { *r corresponds to the buy-and-hold abnormal return (BHAR, in percent), StockTwits
attention (Att, in percent) defined in equation (1), StockTwits sentiment defined in equa-
tion (2), the log number of retail trades (Log retail trd), and retail trade order imbalance
(Retail OI) in columns (1)—(5), respectively, for stock i. The dependent variables are com-
puted from Monday after the Earnings Whispers post to one day before earnings announce-
ments on date t. The control variables are the buy-and-hold abnormal returns (BH ARP™"),
StockTwits attention (A#tP™"), sentiment (Sent?"*"), log retail trades (Log retail trd? ")
and retail order imbalance (Retail OIP™") over the five trading days prior to the earnings
whispers posts. The additional control variables not reported in the table are the upcoming
earnings surprises, the absolute earnings surprise, abnormal newswire coverage and average
newswire sentiment. «; and «; are stock and earnings-date fixed effects, respectively. The
sample period is from January 2016 to December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable, y*/:

BHAR Att Sent Log retail trd Retail OI
(1) (2) (3) (4) (5)
[ Bwhispers () 511%%% (), 027%k%  (.023%F* 0.068*** 1.082%*

(0.176)  (0.005)  (0.007) (0.010) (0.435)
BHARPr©r  (0.242%%%  _0.000 -0.000 -0.000 -0.082%**
(0.044)  (0.000)  (0.000) (0.000) (0.014)
AttPrior _0.446  0.976%** 0.004 0.056** 1.411°%*
(0.818)  (0.085)  (0.006) (0.026) (0.690)
SentPrior 0.216 0.004%F*%  (.182%*** 0.0217%* 1.261°%**
(0.139)  (0.002)  (0.006) (0.007) (0.305)
Log retail trdPrr  -0.179* 0.000  0.023%** 0.769*** 0.165
(0.099)  (0.003)  (0.002) (0.006) (0.175)
Retail OIPrer  0.011***  0.000**  0.000** 0.0017%* 0.236***
(0.002)  (0.000)  (0.000) (0.000) (0.009)
N 60,910 60,910 60,910 60,910 60,882
RX(%) 940 6221 4.20 57.50 3.82

Firm and date FE Y Y Y Y Y




Table 10
Long-Short Portfolio Alpha with Earnings Whispers

This table presents monthly mean returns and monthly factor alphas for the long (short)
portfolio that buys (sells) stock 7 if the corresponding stock’s earnings announcement appears
(does not appear) in the Earnings Whispers post. The portfolios are value-weighted and
rebalanced weekly. Once we obtain the daily portfolio returns for the long and short sides, we
accumulate the daily returns at the monthly frequency. The Long-Short portfolio buys the
long portfolio and sells the short portfolio. The table reports the strategy pre-announcement
and post-announcement. The pre-announcement consists of the period from the publication
of the Earnings Whispers post to one day before the announcement. The post-announcement
period consists of the announcement date and the following trading day. The alphas represent
the intercepts from time series regressions of the portfolio excess returns on factor alphas.
The five factors include the aggregate market excess return, the size factor, the value factor,
the investor factor, and the profitability factor. Mom corresponds to the momentum factor.
Standard errors adjust for heteroskedasticity and autocorrelation. Returns are in percent.
We report the t-statistics in brackets. The sample period is from January 2016 to December
2022.

Pre-announcement Post-announcement
Short  Long Long-Short Short Long  Long-Short
Average return  0.2566 0.6024 0.3458 0.0089 -0.3904 -0.3993

1.37] [2.82]  [1.80]  [0.07] [-2.22]  [-1.65]
Standard deviation 1.634  1.682 1.574 1.289 1.648 2.118
CAPM alpha 0.0589 05115 04526  -0.0959 -0.4314  -0.3355
0.42] [2.29]  [2.37]  [0.69] [-2.20]  [-1.28]

FF3 alpha 0.0950 0.5390  0.4440  -0.0918 -0.4118  -0.3200

0.76] [2.92]  [2.61] 0.70] [-2.17]  [-1.35]

FF5 alpha 0.0994 0.5420 04436 -0.1302 -0.3799  -0.2496

0.83] [3.22]  [2.91]  [1.08] [-1.86]  [1.02]

FF5+mom alpha 0.1119 0.5462  0.4342  -0.1297 -0.3537  -0.2239
0.87] [3.21]  [2.81] [1.09] [-1.70]  [-0.92]
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IA. Model derivation

The wishful thinking investor will choose subjective beliefs 7y and 7 by maximizing ex-
pected utility in (7) taking into account that wy + 7, = 1. The Lagrangian of the investor
is given by

1 s 1 T
EZQ(WHUH—FWLUL—]))—57TH1H77_—H—57TL1H7_T—L—IM(7TH+7TL—1)
H L

where p is a Lagrange multiplier. The first order condition with respect to 7wy is given by

A similar first order condition can be found for 7;. The first order conditions can be re-
arranged to yield

g = Ty exp (Oquy — Opu — 1) and n = 7 exp (fqur, — O — 1). (9)
Plugging (9) into 7y + 7, = 1, we obtain
exp (Ou + 1) = Ty exp (Aquy) + T exp (Oquy)

If we plug this expression back into (9), we get (8).



IA. Tables and Figures

Table IA1
StockTwits Change in Sentiment Does Not Predict Fundamentals

This table reports estimates for the full sample, large caps (the top three NYSE market
capitalization quintiles), and small caps (bottom two quintiles) of the following regression:

Surp;; = B1ASent;; + B2 ASent; ; X Il,fft + ﬁg]lfft + I"Controls;; + o; + oy + €y,

where Surp; ¢ is the earnings surprise (%) for stock ¢ on earnings announcement date t. ASent
is the change in sentiment on StockTwits five days before earnings announcements minus
sentiment from 20 to six days before announcements. ]lf}ft is a dummy variable equal to one
if the stock belongs to the top attention quintile. Controls,; is a vector of control variables
and corresponds to the buy-and-hold abnormal returns (BHAR[_5 _1j), analyst sentiment
from analyst recommendations (Analystsent) and average newswire sentiment (News sent)
over five days before earnings announcements. «; and «; are stock and earnings date-fixed
effects, respectively. The regression includes non-tagged sentiment posts with an assigned
neutral sentiment score of 0.5. The sample period is from January 2013 to December 2022.
p <.1; 7p < .05; *p < .01.

Sample: Excl. non-tagged posts Incl. non-tagged posts as neutral
Full sample Large firms Small firms Full sample Large firms Small firms
(1) (2) (3) (4) (5) (6)

ASent 0.022 -0.014 0.061 0.027 0.003 0.059
(0.030) (0.013) (0.070) (0.023) (0.010) (0.045)

14%x ASent -0.016 -0.017 0.098 -0.057 -0.028 -0.062
(0.061) (0.028) (0.263) (0.047) (0.026) (0.176)

144 -0.010 -0.024 0.045 -0.037 -0.019 -0.045

(0.037) (0.015) (0.085) (0.032) (0.013) (0.069)
BHAR_5 0.620** 0.404** 0.605* 0.498** 0.376** 0.542%**
(0.250) (0.181) (0.333) (0.199) (0.147) (0.252)

Analysts sent 0.020 0.030** 0.036 0.017 0.024* 0.014
(0.030) (0.015) (0.145) (0.024) (0.013) (0.087)

News sent 0.052 0.019 0.210 0.096 -0.002 0.365
(0.104) (0.072) (0.478) (0.080) (0.055) (0.280)

N 55,297 28,771 26,526 101,393 44,598 56,795

R*(%) 0.05 0.10 0.06 0.04 0.07 0.04

Firm and date FE Y Y Y Y Y Y




Table TA2
StockTwits User Types’ Sentiment Does Not Predict Fundamentals

This table reports estimates of the following regression:
Surp; s = PrSent; 1+ PaSent; 1 X Ln(N posts);+BsLn(N posts);+T"'Controls; ;+oi+ai+e;

where Surp;; is the earnings surprise (%) for stock ¢ on earnings announcement date ¢t. Sent
is the sentiment on StockTwits as defined in equation (2) over five days before earnings an-
nouncements and Ln(N posts); is the natural logarithm of the number of StockTwits posts
for self-labeled Novice, Intermediate, and Professional users in columns (1)—(2), (3)—(4), and
(5)—(6), respectively. Controls;, is a vector of control variables and corresponds to the buy-
and-hold abnormal returns (BHAR|_5 1)), analyst sentiment from analyst recommendations
(Analystsent) and average newswire sentiment (News sent) over five days before earnings
announcements. «; and «; are stock and earnings date-fixed effects, respectively. The re-
gression includes non-tagged sentiment posts with an assigned neutral sentiment score of 0.5.
The sample period is from January 2013 to December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable: Surprise (%)
User type

Novice Intermediate Professional

(1) (2) (3) (4) (5) (6)
Sent  0.052 0.059  -0.020 -0.016  -0.016  -0.008
(0.112) (0.114) (0.049) (0.049) (0.038) (0.039)

Ln(N posts) 0.001 0.000 0.000

(0.002) (0.000) (0.000)

Sent x Ln(N posts) -0.001 -0.000 -0.001
(0.002) (0.000) (0.001)

BHAR[ 5 1 0542 0553 0.656%* 0.684%* 0.703** 0.730%
(0.469) (0.472) (0.312) (0.315) (0.304) (0.308)

Analysts sent -0.042  -0.044  0.029  0.025  -0.000  -0.003
(0.075) (0.075) (0.041) (0.042) (0.037) (0.037)

News sent  0.007  0.021 -0.035 -0.015 0.046  0.064
(0.297) (0.297) (0.152) (0.153) (0.136) (0.138)

N 14,620 14,620 31,894 31,894 35,560 35,560
RQ(%) 0.05 0.05 0.06 0.09 0.08 0.09
Firm and date FE Y Y Y Y Y Y




Social-Media Induced Retail Order Imbalance and Earnings Surprises

This table reports estimates of the following regression:

Table TA3

Surp;; = B Retail Olﬁt + By Retail OI{fSid + I'Controls; s + a; + oy + €4,

where Surp;; is the earnings surprise (%) for stock ¢ on earnings announcement date t.

Retail Olﬁt and Retail OI] esid_correspond to the fitted and residual components from
Controls;; is a vector of control variables and

regressing retail order imbalance on

corresponds to the buy-and-hold abnormal returns (BHAR_5 _y)), analyst sentiment from
analyst recommendations (Analystsent) and average newswire sentiment (News sent) over
five days before earnings announcements. «; and a; are stock and time-fixed effects, respec-
tively. The results are reported for order imbalances computed using trades, volume, and
dollar volume in columns (1)—(2), (3)—(4), and (5)—(6), respectively. The sample period is

]]_Att

from January 2013 to December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable: Surprise (%)
Retail type

Trade Volume Dollar volume
(1) (2) (3) (4) (5) (6)
Retail OI7*  -1.000 -1.574  -0.401 -1.111 -0.385  -1.088
(1.410)  (1.409) (1.489) (1.482) (1.473) (1.466)
Retail OI"®  0.138*** 0.124**  0.049 0.041 0.049 0.041
(0.049)  (0.049) (0.032) (0.032) (0.032) (0.032)
BHAR 5 _j 0.545%* 0.546** 0.546**
(0.215) (0.214) (0.214)
Analysts sent 0.013 0.014 0.014
(0.025) (0.025) (0.025)
News sent 0.165* 0.160* 0.160*
(0.088) (0.088) (0.088)
N 91,199 91,199 91,199 91,199 91,199 91,199
R*(%) 0.01 0.05 0.00 0.04 0.00 0.04
Firm and date FE Y Y Y Y Y Y




Table A4
Pre-earnings Announcement Returns and StockTwits Activity for the Full
Sample

This table reports estimates of the following regression:
BHAR[tl, tQ]Z"t :ﬁl ]]_thtt + F/C’ontrolsm + oy + €ity

where BH AR|ty,t5];+ is the buy-and-hold abnormal return for stock ¢ from ¢; to ¢y around
earnings announcement ¢. The dependent variables in columns (1)-(3) and (4)-(6) are
BHAR([-5,-1] and BHAR(0,1], respectively. 17" is a dummy variable equal to one if the stock
belongs to the top attention quintile and zero otherwise. Controls;; is a vector of control
variables and corresponds to the earnings surprise (Surp) on date ¢, the average newswire
sentiment (News sent), analyst sentiment from analyst recommendations (Analysts sent),
the average institutional investor attention from Bloomberg (Inst att), and the average
implied volatility (Implied vol) all computed over five days before earnings announcements.
a; and oy are stock and earnings-date fixed effects, respectively. The sample period is from
January 2013 to December 2022. *p < .1; **p < .05; **p < .01.

Dependent variable:
BHAR[-5,-1] BHARJ0,1]
(1) (2) 3) (4) () (6)

TAf .712%%% 1 249%0F () 87Q%FFE 0 443Kk 0280%F  -0.233*
(0.113)  (0.144)  (0.113)  (0.103)  (0.130)  (0.135)

Surp 0.058*%*  0.073** 0.868%**  1.241%**
(0.024)  (0.029) (0.040)  (0.051)
News sent 7.852%F* 7 185HHK -0.835 -0.730
(0.574)  (0.525) (0519)  (0.518)
Analysts sent 1.314%%%  1.180*** 0.254 0.182
(0.155)  (0.152) (0.163)  (0.161)
Inst att -0.141%%*%  -0.114** -0.202%**  _(0.211%**
(0.052)  (0.051) (0.058)  (0.060)
Implied vol -0.451 2.508%**
(0.329) (0.347)
BHAR(5 _1, S0.051%F 0,036+
(0.009)  (0.011)
Intercept  -0.138** -0.005
(0.066) (0.054)
N 101,393 101,393 87,326 101,393 101,393 87,326
RX(%)  0.16 1.31 1.48 0.03 2.74 3.80

Firm and date FE N Y Y N Y Y




Inventory Risks and Price Reversals

This table reports the abnormal announcement date returns from independently sorting high
and matched low StockTwits attention stocks (rows) and in quintiles for a corresponding
The proxies are market capitalization, the five-day
average implied volatility before announcements, and this average absolute earnings surprises
from the previous eight quarters in Panels A to C, respectively.
brackets, and bold t-statistics indicate statistical significance at the 10% level. The sample

proxy for inventory risk (columns).

Table TA5

period is from January 2013 to December 2022.

The t-statistics are in

Low Q2 Q3 Q4 High  High-Low  t-stat
A. Market capitalization
High -2.487 -0.267 0.133  0.288  0.260 2.747 [11.92]
Low -0.631 1.111 0.545 0.603 0.440 1.072 [5.14]
High-Low -1.856 -1.378 -0.412 -0.315 -0.180 1.676 [5.39]
t-stat [-6.27] [-3.89] [-1.36] [-1.46] [-1.89]
B. Implied volatility
High 0.047 -0.051 0.291 -0.379 -0.718 -0.765 [-3.48]
Low 0.350  0.202  0.217  0.575  0.396 0.046 [0.17]
High-Low -0.303 -0.253 0.074  -0.954 -1.115 -0.811 [-2.31]
t-stat  [-3.22] [-1.63] [0.32] [-3.07] [-3.30]
C. Absolute surprise
High 0.090 -0.039 0.069 -0.412 -1.775 -1.865 [-8.05]
Low 0.445  0.007  0.824  0.179 -0.051 -0.495 [-2.03]
High-Low -0.355 -0.046 -0.755 -0.590 -1.724 -1.369 [-4.07]
t-stat [-2.65] [0.24] [-3.02] [-2.03] [-5.59]




Table IA6
Summary Statistics: Alternative Platforms

This table reports the number of observations with at least one post, the number of posts, and their corresponding
sample proportion for StockTwits, WallStreet Bets, and Seeking Alpha, five to one day before earnings announcements.
The sample period is from January 2018 to December 2021.

StockTwits WallStreetBets Seeking Alpha
Stock-EA obs Posts Stock-EA obs Posts Stock-EA obs Posts
N % N % N % N % N % N %

1 (small) 12,649 32.8 1,342,286 24.1 809 146 1873 5.7 331 13.2 359  10.3
2 7939 206 794874 143 723 13.0 3,034 9.2 286 11.4 316 9.1
3 6,630 172 771888 139 818 148 4303 13.0 259 10.3 290 8.4
4 5651 146 700,676  12.6 970 175 5837 17.7 405 16.1 467 134
5 (large) 5,746 14.9 1,960,798 35.2 2223 40.1 17,949 544 1234 49.1 2,041 588

Total 38,615 100.0 5,570,522 100.0 5,543 100.0 32,996 100.0 2,515 100.0 3,473 100.0




Figure IA1. Cumulative Returns of Long and Short Portfolios

This figure presents the cumulative excess returns for the long and short portfolios. The long
(short) portfolio buys (sells) stock i if the corresponding stock’s earnings announcement
appears (does not appears) in the Earnings Whispers post. We value-weight weights the
stocks to create the portfolios. The portfolios are rebalanced weekly. Once we obtain the
daily portfolio returns for the long and short sides, we accumulate the daily returns at the
monthly frequency. The “Long-Short” portfolio buys the long portfolio and sells the short
portfolio. The sample period is from January 2016 to December 2022.
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