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Abstract. We explore the tweeting behavior of S&P 1500 firms’ chief executive officers
and chief financial officers and its market reactions from 2011 to 2018. Executives post a
variety of content on Twitter, with slightly less than half of their tweets relating to business
matters. We find that most executive tweets do not elicit market reactions. However, the
subset of executive tweets about financial information appears to be associated with mar-
ket reactions incremental to the responses to firm-issued tweets. These reactions coincide
with increases in trading volume and retail investor activity. To assess whether market
responses are driven by new information or by changes in perceived credibility, we
develop an innovative machine-learning-based measure of content similarity between
executive and firm tweets. We find stronger investor reactions when executive financial
tweets are more similar to prior firm tweets, consistent with the perceived credibility mech-
anism. At the same time, executive financial tweets also generate market reactions in the

absence of firm disclosures, supporting the new information mechanism.
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1. Introduction

Social media has fundamentally transformed the way
information is disseminated in capital markets. Among
various platforms, the common perception of Twitter is
that its followers are more likely to be present or poten-
tial investors, whereas other outlets such as Facebook
and LinkedIn are used primarily for social interaction
or professional networking. Twitter (now X) has thus
emerged as the most popular venue for instantaneous
information exchange between firms and individuals.'
From investors parsing brief corporate announcements
to journalists and policymakers reacting to executive
commentary, Twitter is now an integral part of the cor-
porate information environment. Investors, executives,
and firms all contribute to the discussions on the plat-
form. Firms are highly active in sharing product
launches, earnings updates, or sustainability initiatives.
Well-known executives such as Richard Branson

(Virgin), Tim Cook (Apple), and Satya Nadella (Micro-
soft) have millions of followers, and their tweets often
reach audiences that far exceed the traditional reach of
firm press releases.

Social media has transformed the way firms engage
with customers, investors, and capital markets, stimu-
lating a growing body of research in accounting,
finance, and marketing. A substantial literature shows
that social media activity by both investors and firms
affects market outcomes and investor attention. Studies
on investor tweeting behavior document that the online
dissemination of opinions and sentiments can shape
short-term trading and stock price formation (Bollen
etal. 2011, Sprenger et al. 2014, Curtis et al. 2016, Bartov
et al. 2018, Campbell et al. 2023). On the corporate side,
the emergence of Twitter reduces investors’ search costs
and improves liquidity by accelerating the dissemina-
tion of information (Blankespoor et al. 2014, 2020).
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Firms use Twitter to amplify press releases (Blanke-
spoor et al. 2014), respond to crises (Lee et al. 2015), and
directly disseminate information to market participants
(Jung et al. 2018, Crowley et al. 2024). Nekrasov et al.
(2022) further highlight that the inclusion of visuals
significantly increases investor attention. Collectively,
these findings suggest that Twitter has evolved from a
social network into a core channel of information dis-
semination in financial markets.

Given the natural connection between firms and
executives, one might expect firms’ and executives’
tweets to generate similar market reactions. However,
executives’ online presence occupies a unique intersec-
tion between personal identity and corporate represen-
tation. Whereas firm tweets are subject to internal
controls, legal reviews, and investor relations oversight,
executives’ personal accounts, in contrast, operate with
fewer institutional constraints and greater flexibility.”
Executive accounts can serve as authentic, unscripted
channels that reveal executives’ thinking, values, and,
sometimes, their insider perspectives. Executives may
tweet about industry trends, philanthropy, politics, and
hobbies, while at times commenting on matters related
to firm performance. This heterogeneity of contnt, com-
bined with executives” perceived authority and credibil-
ity, raises important yet unanswered questions: When
executives speak online, does the market respond? If so,
which messages matter, and through what mecha-
nisms? Our study provides comprehensive large-
sample evidence on how executives use Twitter and
how their tweets influence market behavior.

Early surveys of executives suggest that executives
hesitate to adopt social media because participating is
risky, it takes too much time, or they believe that dis-
seminating information on social media has no measur-
able return on investment (Kwoh and Korn 2012,
Weber Shandwick 2014). This resistance may suggest
that executives were concerned about the potential
legal consequences of posting on social media. Such
concerns were addressed by the U.S. Securities and
Exchange Commission (SEC) report issued on April 2,
2013 (U.S. Securities and Exchange Commission 2013).
The report detailed the SEC’s investigation into a post by
Netflix chief executive officer (CEO) Reed Hastings on
July 3, 2012, concluding that the 2008 SEC “Commission
Guidance on the Use of Company Web Sites” (U.S. Secu-
rities and Exchange Commission 2008) applies to execu-
tives’ social media posts and that it is not a violation of
Regulation FD (Fair Disclosure) for executives to post
investor-relevant information on social media. Despite
the prominence of executives’ Twitter accounts, we
know little about how often executives tweet, what topics
dominate their posts, how these differ from firm commu-
nications, and under what conditions markets respond,
and how. There has been little systematic study of execu-
tive tweeting behavior, with only a handful of

exceptions. First, Chen et al. (2025) analyze annual pat-
terns of executive tweets, distinguishing work-related
from non-work-related content. They link the composi-
tion of these tweets to firm value (Tobin’s Q) and find
that work-related tweeting correlates positively with
firm value, whereas nonwork tweets have the opposite
effect, particularly when user engagement is high. Sec-
ond, Mkrtchyan et al. (2024) show that markets react pos-
itively to CEO’s activism-related posts and that career
outcomes of CEOs are tied to their activism on Twitter.

In this study, we collect and assemble a novel data
set of executive tweets spanning S&P 1500 CEOs and
chief financial officers (CFOs) from 2011 to 2018. We
identify 548 executives on Twitter during our sample,
and in the final year of our sample, there are 436 execu-
tives active on the platform, representing firms with a
combined market value of $7 trillion. After restricting
to executives whose firms are also on Twitter, our final
panel covers more than 142,000 tweets from 433 execu-
tives and 4.7 million tweets from their corresponding
firms. This scope allows us to comprehensively exam-
ine executive activity on Twitter. Using an unsuper-
vised machine-learning algorithm (Zhao et al. 2011),
we categorize executive tweets into three groups based
on their content: financial tweets, which are directly
related to firm financial matters; nonfinancial business
tweets, which reference firm operations, products, or
events; and other (nonbusiness) tweets, which cover
personal, social, or miscellaneous topics.

Our descriptive evidence paints a nuanced picture
that shows that executive tweeting is pervasive, and
financial tweets are only a small portion of it. Executives
mostly use Twitter as a personal communication outlet
or for corporate branding, not as a channel for investor-
relevant information. Specifically, we find that around
45% of executives’ tweets relate to business matters,
such as discussing customer meetings, industry confer-
ences, and products. Of the business-related tweets,
only 1.7% relate to financial matters. Nevertheless, the
existence of so few financial tweets creates the possibil-
ity of significant market effects when they do occur.

We examine abnormal stock returns, trading volume,
and retail trading behavior around the release of executive
tweets while controlling for contemporaneous firm
tweets. Our analyses reveal a clear asymmetry in market
response. Most executive tweets generate no significant
market reaction, suggesting that investors largely disre-
gard personal posts or interpret them as distractions.
Business-related but nonfinancial tweets likewise have
negligible effects. However, the small set of financial
tweets, for example, those directly related to firm perfor-
mance or earnings guidance, appear to generate economi-
cally meaningful reactions. On average, unsigned (signed)
daily abnormal return increases by 0.4% (0.2%) per finan-
cial tweet, accompanied by higher trading volume, retail
trading volume, and retail buy-sell imbalances. In other
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words, most executive tweets are market irrelevant, but
the few financial ones matter. These findings suggest that
the market can distinguish between different kinds of
executive communication, reacting selectively to investor-
relevant content. We then conduct an additional test
splitting executive tweets by their underlying sentiment.
Over half of the executive tweets in our sample are
positive, whereas only 10% are negative. Our analyses
show increased signed market return and retail buy—sell
imbalance around positive and neutral executive financial
tweets.

A natural concern is that executives might tweet in
reaction to market movements as opposed to their
tweets driving stock price changes. To address this con-
cern, we separate out tweets posted before trading
hours (from prior close to current open) from those
posted during trading. We continue to find that finan-
cial tweets are followed by positive abnormal returns
and volume changes even when posted before the mar-
ket opens, that is, when executives could not observe
same-day price movements. This temporal evidence
mitigates the endogeneity concern and reinforces the
interpretation that tweets themselves can trigger inves-
tor responses.

We then examine two potential, but not mutually
exclusive, channels through which executive financial
tweets elicit market reactions. First, executives may
reveal investor-relevant information not yet dissemi-
nated elsewhere (new information mechanism). Given
their privileged access to firm operations and strategy,
subtle hints or confirmatory remarks can carry infor-
mational value. Second, even when executive tweets
contain information already available elsewhere, such
as on firm Twitter accounts, investors may regard state-
ments directly from the executive as more credible
(perceived credibility mechanism). Personal communi-
cation from a well-known executive can reinforce exist-
ing disclosures and thus reduce the uncertainty of the
information signal.

Our analyses find support for both mechanisms.
When executive financial tweets are unmatched by
contemporaneous firm tweets, we observe increased
abnormal returns and retail buy-sell imbalance, consis-
tent with the new information mechanism. Yet even
when executive tweets closely resemble preceding firm
tweets, measured using semantic similarity via Goo-
gle’s universal sentence encoder (USE; Cer et al. 2018),
we detect significant market reactions, consistent with
the perceived credibility mechanism. The latter finding
is particularly interesting, as it suggests that not only
does it matter what is said, but who says it. This per-
ceived credibility mechanism aligns with social iden-
tity theory (Ashforth and Mael 1989) and research on
trust formation (Lewicki and Bunker 1996), which posit
that perceived interpersonal interaction fosters trust.
On Twitter, followers may feel a parasocial connection

with executives, amplifying credibility. Survey and
experimental evidence support this view. Elliott et al.
(2018) show that individuals react more positively to neg-
ative news shared by executives’ social media accounts
than by corporate accounts or websites, whereas Brand-
fog (2012) finds that 82% of Fortune 500 employees trust
a firm more when its CEO is active on social media.
Thus, executives’ tweets not only convey information but
also signal accountability, magnifying their influence rel-
ative to firms’ tweets.

We conduct supplemental analyses to provide cor-
roborating evidence and mitigate concerns of an alter-
native mechanism. Our cross-sectional analyses show
that the new information mechanism appears to be
stronger when retail trading is high, and the perceived
credibility mechanism appears to be stronger when the
executive or firm is more visible, or when retail inves-
tors have more interest in the firm. These patterns sug-
gest that attention on the executives and firms plays
a role in the mechanisms, consistent with executive
identity driving the effects. To assess whether repeated
dissemination drives our findings, we conduct a falsifi-
cation test by matching each firm’s financial tweets
with their prior tweets. We do not find a positive mar-
ket response when firms repeat earlier content, imply-
ing that the unique identity of the executive as the
poster, rather than repeated dissemination alone, drives
observed effects.

Our study contributes to several strands of literature
and carries broader implications for both academia and
practice. First, we advance the literature on social
media and information dissemination in capital mar-
kets by emphasizing the influence of individual execu-
tives. Whereas prior studies establish that firms’ social
media disclosures can reduce information asymmetry
and improve liquidity (Blankespoor et al. 2014, Lee et al.
2015), we show that the dynamics of executive commu-
nication differ markedly. Executives rarely tweet about
material financial matters, but when they do, markets
respond. Second, we enrich the emerging literature on
executive communication and perceived credibility. By
documenting that executive tweets that echo firm dis-
closures can enhance perceived credibility, we uncover
a new channel through which executives shape market
sentiment. This complements prior findings on CEO
activism (Mkrtchyan et al. 2024) and work-related
tweeting (Chen et al. 2025), extending the analysis to
real-time market reactions. Third, we contribute meth-
odologically by employing machine-learning classifi-
cation and semantic similarity algorithms to categorize
millions of tweets, setting a foundation for future text-
based research on social media. Beyond these contri-
butions to the academic literature, our findings have
practical implications. For regulators, understanding
how executives communicate via personal accounts is
crucial for monitoring information dissemination and
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potential selective disclosure. For firms, the results
highlight the need for governance policies that balance
authenticity with compliance risk. For investors, the
evidence underscores that executive voices carry infor-
mational weight, albeit selectively.

2. Data and Methodology

2.1. Data and Sample Selection

Our sample spans the years 2011 through 2018, cover-
ing all S&P 1500 firms contained in the index during
these years. Firm and executive accounts were identi-
fied manually in multiple phases: firm and CEO Twit-
ter handles in September—October 2016, CFO Twitter
handles in April 2017, and additional collection of all
three handle types in May 2020 and April 2023.> We
validated accounts during each identification step. In
total, we identified 1,635 firm accounts and 620 execu-
tive accounts, of which 548 executives had an account
as CEO or CFO during our sample period.* We col-
lected most tweets in our sample using the Twitter
application programming interface (API), and for
accounts with more than 3,200 tweets in our initial col-
lection, we purchased data from Gnip, a data provider
and subsidiary of Twitter. Subsequent data were all
collected via the Twitter API. Our financial, executive,
and stock return data are from Compustat Fundamen-
tals Quarterly, Execucomp, and the Center for Research
in Security Prices (CRSP), respectively. To identify
information events, we use the following sources: the

Table 1. Sample Construction

Institutional Brokers” Estimate System (I/B/E/S) for
earnings announcement times, Capital 1Q for earnings
conference call times, and the Wharton Research Data
Services (WRDS) SEC Analytics Suite for 10-K, 10-Q,
and 8-K release times.

Sample construction is detailed in Table 1, panel A.
We refine our full sample of executive accounts to
ensure a consistent set of observations across our main
tests. First, our final sample includes only trading days
on which both an executive and his or her firm have
already created Twitter accounts, so that it is possible
for the executive to tweet and for us to control for firm
activity on Twitter. Additionally, we require complete
information to compute control variables and depen-
dent variables from Compustat, CRSP, and Execu-
comp. After these restrictions, our main regression
sample contains 376,445 executive-trading day obser-
vations, where 70.7% (29.8%) of observations in the
sample are from CEOs (CFOs).° Out of the 376,445
executive-trading day observations, executives posted
a tweet on 35,622 of them, that is, on approximately
9.5% of all executive-trading day observations. This
sample includes 142,560 tweets from 433 executives, as
well as 4.7 million tweets from 379 firms. Appendix A
shows the top firm and executive accounts by the num-
ber of tweets they have posted in our main regression
sample. Because tweet counts are highly skewed, we
note that the top two executives posted 45% of all
tweets in our sample, and the top 10 executives posted

Panel A: Sample selection

# of executive-trading # of # of
Sample steps day observations firms executives
S&P 1500 firms, 2012-2018 6,939,547 2,119 7,063
Less: Executive not on Twitter (6,445,186) (1,629) (6,515)
Full sample 494,361 490 548
Less: Firm not on Twitter (114,795) (104) (107)
Observations with both firm and executive on Twitter 379,566 386 441
Less:
Missing executive control data (170) 1) (1)
Observations missing financial control variables (379) (0) (0)
Observations missing lagged market data (2,569) (5) (6)
Singleton observations 3) 1) 1)
Main regression sample 376,445 379 433

Panel B: Number of tweets by type

Tweet types By executives By firms
Financial tweets 1,139 15,121

Nonfin business tweets 63,298 2,402,362
Other tweets 78,123 2,295,416
Total tweets 142,560 4,712,899

Notes. Panel A presents the sample construction, detailing the number of observations at the executive-trading day
level, as well as the number of unique firms and executives represented by the sample. Panel B shows the number of

tweets included in the main regression sample.
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63% of all tweets in our sample. A similar concentra-
tion occurs for firm accounts as well, with the top
10 firms accounting for 59% of all firm tweets in the
sample. Accordingly, in all regressions, we include
executive and firm fixed effects (FEs) to control for indi-
vidual executive and firm behavior on social media,
and we conduct additional sensitivity analysis related
to individual executives in Section 5.2.

2.2. Measure Construction

A key feature of our data is that all tweets and informa-
tion events are tracked to the second of the announce-
ment. We standardize all data by assigning each tweet
or event to trading days based on the trading time at
the New York Stock Exchange. In our main market
tests, we assign tweets to trading days that span the
close of the previous trading day through the close of
the current trading day. A timeline is presented in
Online Appendix OA.1. We adjust all timestamps for
differences in time zones and daylight savings time.

2.2.1. Twitter Measures. Our primary measures are
counts of the tweets posted by executives and firms on
trading days or parts of trading days. To classify tweet
content, we use a variant of latent Dirichlet allocation
(LDA), an algorithm that has grown in popularity in
the accounting literature and has been used in a num-
ber of studies (see, e.g., Dyer et al. 2017, Huang et al.
2018, Brown et al. 2020, Crowley et al. 2024). LDA is a
machine-learning algorithm by Blei et al. (2003) that
classifies the thematic content (i.e., topics) of text in
a Bayesian manner without any oversight from the
researcher. The key idea is that words that co-occur
within documents tend to be related, and LDA uses
this co-occurrence to construct weighted dictionaries to
represent each topic. Unlike other methods in the liter-
ature, including classification models using bidirec-
tional encoder representations from transformers
(BERT) such as those of Huang et al. (2023) and Fritsch
et al. (2025), LDA-based methods conduct unsuper-
vised classification, determining the categories without
needing any examples of them.®

The variant of LDA we use, the Twitter-LDA algo-
rithm by Zhao et al. (2011), is a modified version of
LDA that adjusts for the short length of tweets by
leveraging word co-occurrence within users, as short
“documents” are a noted problem for LDA. Based on
manually optimizing the number of topics for inter-
pretability, we obtain a set of 60 topics discussed across
tweets in our data. Each topic is represented by a
weighted dictionary from Twitter-LDA, and by using
these weighted dictionaries, we can classify each tweet
into one of the topics based on the topic with the high-
est weight. We manually label each topic based on the
top 20 words in each topic, and then we cluster these
60 topics into three overarching categories of

information: financial, nonfinancial business, and other.
Financial tweets are represented by one topic from the
Twitter-LDA model and are likely to be the most infor-
mative tweets for investors, as financial information is
crucial for evaluating firm performance and valuation.
Examples of executive financial tweets include “In
3QFY17 @Sprint’s operating income more than dou-
bled YoY and was positive for 8th consecutive quarter!
[flexed biceps emoji] $S [image]” and “$LOGM
announces 25% revenue growth and increases FY'15
revenue guidance in Q1 2015 results: [link].” Nonfinan-
cial business tweets are company-relevant tweets cov-
ered by 42 topics such as business events, marketing,
conference participation, and customer support; thus,
they may be of interest to investors. Examples posted
by executives include “Wrapping up @satl2 confer-
ence. A productive week for @IridiumComm and fun
for me. Tired feet. Loved the @IridiumNEXT Mission
Team launch!” and “And now I'm working on Board
slides. Pretty excited about this week’s meeting.” Other
tweets are likely unrelated to the firm and are covered
by 17 topics about day-to-day life, sports, travel, and
other interests. Examples of other executive tweets
include “[username] I'd like to have the recipe” and
“onto a day of errands after making myself a great
breakfast.”” Online Appendix OA.2 presents additional
examples of tweets from each category. It also contains
additional details on the construction of the topics, as
well as examples of the most common words and
bigrams from tweets in each category. For our analyses,
we aggregate tweets by counting the number of tweets
by each executive and firm in each category on each
trading day or part thereof.

We validate the measure by manually coding 500
tweets from each of the three categories. We find an
average agreement of 65% between manual coding and
our algorithm. For financial tweets, we find 60.8% agree-
ment, which is comparable to the accuracy in isolating
financial tweets documented in Crowley et al. (2024).
For nonfinancial business tweets, we find 70.2% agree-
ment, and for other tweets, we find 65% agreement.
Overall, our Twitter-LDA implementation performs
well at classifying financial tweets. Online Appendix
OA 3 provides more details on the validation exercise.

We provide summary statistics showing the number
of tweets from each of the three tweet categories in
Table 1, panel B. Across the 142,560 executive tweets in
our sample, 78,123 discuss other matters not related to
business, 63,298 discuss nonfinancial business matters,
and 1,139 discuss financial matters. Taken together,
executives frequently discuss both business and non-
business matters, but discussing financial information
is relatively rare.

To explore variation in the tweets executives and
firms post, we classify the sentiment of these tweets.
We use Valence Aware Dictionary and sEntiment
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Reasoner (VADER; Hutto and Gilbert 2014), a tweet-
specific sentiment measure. VADER is a widely used
model for social media applications in computational
social science and is used in accounting studies such as
Shanthikumar et al. (2021), Abramova et al. (2024),
Crowley et al. (2025), and Long et al (2025).8 The
method is designed to handle language as it is typically
used on Twitter, including online slang and emojis. We
apply VADER at the tweet level and classify each tweet
as positive, negative, or neutral following the model’s
suggested weighting. We then aggregate the number
of tweets by topic categories and sentiment, for exam-
ple, the number of financial tweets that are positive on
the trading day.’

For Twitter-based control variables, we include
the log of one plus the number of followers of each
account, the log of one plus the number of accounts the
executive or firm Twitter account is following, and the
log of one plus the total number of tweets posted by
the account to date. Among our Twitter-derived con-
trol variables, followers and following are left-censored
measures, as Twitter provides these measures at the
time of access, not historically. Consequently, for the
executives and firms on Twitter in our initial collection,
we have time varying data throughout 2017 and 2018;
for the accounts collected in our second collection exer-
cise, we have these figures only as of July 1, 2021. We
backfill these measures using the closest data we have
for the account.

To test the mechanism through which executive
tweets may impact the market, we introduce to the
accounting literature a fine-grained measure of the con-
tent or meaning of sentence-length text: universal sen-
tence encoder. The USE algorithm, developed by Cer
et al. (2018) at Google, is a transformer neural network
(the same technology underlying popular methods
such as BERT) that processes sentences or short para-
graphs, factoring in word order to represent the mean-
ing of a sentence in a numeric form. The brevity of
tweets allows us to directly encode whole tweets
with USE. For our analysis, we use a model pretrained
on a variety of online information sources, including
“Wikipedia, web news, web question-answer pages
and discussion forums” (Cer et al. 2018, p. 3). Given
that Twitter is also a source of general web content, we
expect this model to transfer well to our context. The
USE algorithm maps each tweet to a vector that repre-
sents the meaning of the tweet. Tweets with similar
meanings are mapped to similar vectors. We leverage
this feature to precisely measure the similarity of exec-
utive tweets to firm tweets.

For example, consider the following tweets by Sales-
force and CEO Marc Benioff on September 15, 2015. At
1:12 p.m., Salesforce tweeted “.@Dreamforce powers
Salesforce’s market rise [salesforce link] (via @usatoday).”
Two hours later, the CEO tweeted “Thanks [journalist’s

username] ‘Dreamforce powers Salesforce’s market rise’
#df15 [USA today link].” The content here is the same:
both tweets highlight a news article that has positive
implications for the firm. However, the framing is slightly
different: the two tweets include different hyperlinks,
and the CEO’s tweet includes a callout to the journalist
and a hashtag. This pair of tweets has a high similarity
score under our measure. In contrast, on December 5,
2018, the same CEO retweeted his co-CEO Keith Block,
thanking CNBC for having an interview on Salesforce’s
growth. Salesforce, however, had not sent any message
about the interview, and thus the closest tweet was
thanking Chicago’s mayor for tweeting about a new
Salesforce office in the city."’ This pair of tweets receives
a very low similarity score. Online Appendix OA.4 pro-
vides additional examples of sentences encoded with this
algorithm and their respective similarities, along with a
more detailed description of our methodology.

For each executive financial tweet, we identify the
set of all preceding tweets by the executive’s firm in
the two days (48 hours) leading up to the second before
the executive tweet was posted. We then search the set
of firm tweets for the tweet with the closest meaning to
the executive financial tweet based on the representa-
tion of the tweets from USE."" We calculate the mini-
mum distance for each tweet, normalize the distances
to the interval [0, 1], and then convert the measure
from a distance to a similarity (Tweet similarity) by tak-
ing one minus the normalized distance. We aggregate
Tweet similarity by taking the mean across all financial
tweets by the executive on the trading day. A higher
Tweet similarity score indicates a financial tweet or set
of financial tweets that is more consistent with the
meaning of existing tweets by the executive’s firm,
whereas a lower score indicates financial tweets that
differ in content from those of the executive’s firm."

2.2.2. Market Reaction Measures. Our primary return
measures are based on market model return (MMR).
We calculate betas using three months of lagged daily
returns and S&P 500 returns. Our main tests focus on
returns on the contemporaneous trading day t."* Stud-
ies in accounting often use multiday windows of [t -1,
t+1] or [t, t+ 1] to account for information leakage or
expectations of investors about scheduled events; how-
ever, as we are interested in the market reaction to the
tweets by executives themselves, we focus only on day
t. In an additional test, we examine market return fol-
lowing tweets that occurred from market close on day
t — 1 up to market open on day f, which eliminates the
concern of reverse causality from executives tweeting
due to same-day stock price movements.

We also implement measures based on trading vol-
ume. We examine overall market volume changes, cal-
culating Abnormal volume following Beaver et al. (2020).
This measure is defined as the volume on day ¢
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normalized by the volume on a control period of days
[t —130,¢t—10] and [t + 10, t + 130], divided by the stan-
dard deviation of volume over the same control period.
We also examine two measures of retail trading behav-
ior, following Barber et al. (2024b) to identify retail
trades and whether such trades are more likely to be
buy or sell trades. Our first retail trading measure,
Abnormal retail trading, follows from Blankespoor et al.
(2019) and is calculated as the ratio of the percentage of
trades attributed to retail trading on day t divided by
the average daily percentage of trades attributed to
retail trading over the window [t —41, t— 11].** For
consistency with our other market measures, we use
only a single trading day in the numerator. Next, we
examine retail buy-sell imbalance following Barber
et al. (2024a). Retail buy-sell imbalance (Retail BSI)
speaks to the direction of trading by retail investors.
This serves as a signed measure in our trading volume
tests, paralleling our signed return tests. For tests of
retail buy-sell imbalance, we restrict the sample to
firm-trading days with at least 10 retail trades as in Bar-
ber et al. (2024a). In cross-sectional analyses, we examine
splits by Retail trading, which is the numerator of Abnor-
mal retail trading.

3. Market Response Tests

3.1. Univariate Analysis

To understand how the presence of executives and
firms changes over time during our sample period, in
untabulated analyses, we examine the presence of S&P
1500 executives and firms on Twitter each year. At the
start of our data in 2011, only 2.6% of executives (103
executives) are on Twitter. By 2018, 12.1% of executives
(451 executives) are on Twitter, demonstrating substan-
tial growth of the platform among executives. The
aggregate market capitalization represented by firms
with executives on Twitter has likewise increased,
starting at 4.4% in 2011 up to 29% in 2018. Looking spe-
cifically at 2018, we see that some industries” executives
are particularly likely to be on Twitter, such as those
from communication services (23.7% of executives) and
information technology (19.9% of executives), whereas
the real estate industry is least represented, with only
5.6% of its executives on the platform. Figures showing
yearly percentages of executives and firms on Twitter
are presented in panels A and B of Online Appendix
OA.5. In addition, Online Appendix OA.6 presents a
determinants model of executives joining Twitter,
examining executive, regulatory, and firm characteris-
tics. We find that younger, female, and more extra-
verted executives are more likely to use Twitter, and
that the 2013 SEC report is followed by an increase in
executives joining the platform. The executives tend to
work for smaller, less profitable firms and those with
higher litigation risk.

Next, we examine how and when executives
tweet, with corresponding figures presented in Online
Appendix OA.5. There is a sustained increase in the
number of executive tweets each year from 2011
through 2017, followed by a decrease in 2018. This
decrease is likely attributable to the increased length
of tweets starting from November 7, 2017, because
longer messages could be posted in fewer tweets. We
also examine the distribution of different topics of
tweet content over the sample period. The distribution
of executive tweet content is stable over time; slightly
over half of tweets are on other topics, just under half
of tweets are about nonfinancial business topics, and
around 1% of tweets are on financial matters in each
year. Relative to firms, executives have a higher pro-
portion of financial tweets and a lower proportion of
nonfinancial business tweets, and this difference is
consistent throughout the sample period. In 2018, the
distribution of executives’ tweet content is 0.6% finan-
cial, 46.2% nonfinancial business, and 53.2% other.

Looking at when executives tweet, also presented in
Online Appendix OA.5, we find that financial tweets
make up a larger proportion of tweets on days when
markets are open, especially between 6:00 a.m. and
9:00 a.m., though rates of posting financial tweets
remain above average until 10:00 p.m. In contrast,
executives rarely post financial tweets on weekends or
holidays when financial markets are closed. Similarly,
executives post nonfinancial business tweets more
often on days when markets are open, and other tweets
dominate after markets close for the day and on days
off. Last, we examine the days and times when each
type of tweet is most likely to occur. Executives tweet
more on weekdays across all types of content, though
other tweets are most evenly spread throughout the
week. Financial tweets are posted much less on week-
ends, and they are posted most often around market
open and close on Tuesdays, Wednesdays, and Thurs-
days. In Online Appendix OA.7, we present the univar-
iate distribution of executives’ tweets around earnings
announcements and earnings calls. We see a pro-
nounced increase in posting of financial tweets follow-
ing earnings announcements and both before and after
earnings calls. We also present multivariate analyses of
executives tweeting around corporate events, showing
that they tweet more around earnings events and 10-K,
10-Q, and 8-K filings compared with nonevent days.
Both these results suggest that executives may tweet
about matters that are relevant to investors’ interests.

Table 2 presents univariate statistics for our main
regression sample restricted to observations where
both executives and their firms are on Twitter. Our
regression sample consists of 376,445 executive-trading
day observations, with executives posting an average
of 0.38 tweets per day and their firms posting around
149 tweets per day. The relatively low number of
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Table 2. Univariate Statistics, Daily Sample of Executives on Twitter

Variables N Mean S.D. P25 p50 P75
Trading day tweet measures
Financial tweets, Executive 376,445 0.003 0.067 0 0 0
Nonfin business tweets, Executive 376,445 0.168 1.21 0 0 0
Other tweets, Executive 376,445 0.208 1.87 0 0 0
Financial tweets, Firm 376,445 0.045 0.286 0 0 0
Nonfin business tweets, Firm 376,445 7.45 88.4 0 1 4
Other tweets, Firm 376,445 7.39 127 0 1 3
Tweet sentiment measures
Financial, Nonnegative, Executive 376,445 0.003 0.062 0 0 0
Financial, Negative, Executive 376,445 0.000 0.019 0 0 0
Nonfin business, Nonnegative, Executive 376,445 0.150 1.07 0 0 0
Nonfin business, Negative, Executive 376,445 0.018 0.216 0 0 0
Other, Nonnegative, Executive 376,445 0.190 1.74 0 0 0
Other, Negative, Executive 376,445 0.018 0.229 0 0 0
Financial tweets, Nonnegative, Firm 376,445 0.040 0.265 0 0 0
Financial tweets, Negative, Firm 376,445 0.005 0.083 0 0 0
Nonfin business, Nonnegative, Firm 376,445 6.69 76.5 0 1 4
Nonfin business, Negative, Firm 376,445 0.759 29.7 0 0 0
Other, Nonnegative, Firm 376,445 6.89 126 0 1 3
Other, Negative, Firm 376,445 0.500 3.46 0 0 0
Tweets’ timing measures
During trading day
Financial tweets, Executive 376,445 0.001 0.036 0 0 0
Nonfin business tweets, Executive 376,445 0.060 0.488 0 0 0
Other tweets, Executive 376,445 0.064 0.597 0 0 0
Financial tweets, Firm 376,445 0.022 0.173 0 0 0
Nonfin business tweets, Firm 376,445 3.06 31.1 0 0 2
Other tweets, Firm 376,445 2.82 25.8 0 0 2
Before trading day
Financial tweets, Executive 376,445 0.002 0.053 0 0 0
Nonfin business tweets, Executive 376,445 0.108 0.916 0 0 0
Other tweets, Executive 376,445 0.144 1.48 0 0 0
Financial tweets, Firm 376,445 0.023 0.198 0 0 0
Nonﬁn business tweets, Firm 376,445 4.39 76.1 0 0 2
Other tweets, Firm 376,445 4.58 113 0 0 1
Mechanism test measures
Tweet similarity 288,143 0.001 0.023 0 0 0
Matched financial tweets, Executive 376,445 0.003 0.062 0 0 0
Unmatched financial tweets, Executive 376,445 0.001 0.023 0 0 0
Dependent variables
|[MMR;| 376,445 0.013 0.017 0.004 0.008 0.016
MMR; 376,445 0.000 0.022 —0.008 —0.000 0.008
Abnormal volume 376,277 0.041 1.34 —0.542 —0.235 0.238
Abnormal retail trading 367,995 1.02 0.485 0.745 0.950 1.20
Retail BSI 345,225 -0.017 0.239 —0.149 —0.008 0.120
Control variables
Executive age 376,445 52.6 6.81 48 52 57
Size 376,445 7.85 1.87 6.41 7.59 9.11
ROA 376,445 0.009 0.032 0.002 0.011 0.022
MTB 376,445 1.85 1.93 0.640 1.16 2.39
Debt 376,445 0.556 0.254 0.380 0.551 0.713
Firm event 376,445 0.446 0.497 0 0 1
log(Followers, Executive) 376,445 3.37 3.85 0 2.08 6.43
log(Following, Executive) 376,445 2.57 2.66 0 2.20 5.06
log(Total tweets, Executive) 376,445 0.576 1.86 0 0 0
log(Followers, Firm) 376,445 8.86 3.39 7.30 8.94 10.8
log(Following, Firm) 376,445 6.23 2.37 5.16 6.50 7.66
log(Total tweets, Firm) 376,445 7.26 2.79 6.05 791 9.10

Notes. This table presents univariate statistics for all independent variables, dependent variables, and control variables. Discrepancies between
firm tweets counts in Tables 1 and 2 are due to duplication of firm data when a firm’s CEO and CFO are both on Twitter. S.D., Standard

deviation.
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tweets per executive per day is in part due to 179
executives who had Twitter accounts but never
tweeted during 2012-2018 or, if they did, only did so
before their firm joined Twitter. We keep these execu-
tives for our tests, as these executives could release
a public tweet at any time. The average executive
has 70,877 followers and is following 181 accounts
(untabulated).

3.2. Market Response to Executive
Financial Tweets

We examine market response around executive tweets.
We first model unsigned and signed market model
returns. We include unsigned market model return, as
this measure can capture stock market reaction to dis-
closures with no ex ante known directional impact
(e.g., Campbell et al. 2014, Hope et al. 2016). We also
examine market volume proxied by Abnormal volume,
Abnormal retail trading, and Retail BSI. We conduct
our market tests using linear regression with high-
dimensional fixed effects (HDFEs) and standard errors
clustered by executive and trading day:

DVier

=a+ ﬁlFinuncial tweets, Executive; ,
+ B,Nonfin business tweets, Executive;
+ B5Other tweets, Executive; . + B, Financial tweets, Firm, ¢
+ psNonfin business tweets, Firm, f + p,Other tweets, Firm,
+ ByReturn;_ f + BgExecutive age, , + g y5y- Firm controls; s
+ Bia_19y - Twwitter controlsy e + FE(Firm, Exec, Year, Month)
+ € f- @)

In our initial test, our independent variables of inter-
est are the executive tweet measures split on content
type. We control for firms’ tweets to disentangle the
effect of firm social media activity from the effect of
executive tweets. In all tests, we control for unsigned or
signed market model returns on day t — 1 (Return;_y f),
executive age (Age), firm size (Size), return on assets
(ROA), market to book ratio (MTB), debt to assets ratio
(Debt), firm events (Firm event), and Twitter account
characteristics. Firm event captures the presence of any
earnings conference call or earnings announcement, as
well as the release of a 10-K, 10-Q, or 8K filing. For
both executive and firm Twitter accounts, we control
for the number of followers the account has, the total
tweets previously posted by the account, and the num-
ber of accounts it follows. Appendix B lists the defini-
tions of all variables. Last, we include a comprehensive
collection of fixed effects: firm, executive (which differ-
entiates between CEO and CFO within firm), and year
and month to capture any linear time trends in tweet-
ing behavior.

Table 3 presents regression results for our market
tests. For unsigned return (column (1)), we find

differing results across executive tweet types. We do
not find any evidence that nonfinancial business tweets
affect market return, and we find that other tweets are
associated with a statistically significant but economi-
cally small decrease in market reaction. In contrast,
executive financial tweets are associated with a higher
magnitude of market reaction, at 0.4% per financial
tweet. Comparing executives’ financial tweets to those
of their firms, we find that financial tweets by execu-
tives are associated with 2.8 times the reaction per
tweet of firms’ financial tweets; this difference is signif-
icant (p <0.01). This indicates that executive financial
tweets may be more important than firm financial
tweets when they occur. In terms of economic signifi-
cance, executives’ financial tweets account for 17% of
the total stock market movement associated with finan-
cial tweets by both executives and firms."

Column (2) presents the regression result using
signed return. Here we see no effect of nonfinancial
and other tweets posted by executives, yet we find that
executive financial tweets are followed by positive
stock returns. The effect is economically meaningful at
a 0.2% increase in stock price per financial tweet, on
average. This result is consistent with executives hav-
ing an incentive to use social medjia to raise their firm’s
stock price. In contrast, we see no significant market
reaction to firm financial and nonfinancial tweets, and
we find a negative and significant association of other
tweets, though the effect is economically small. When
we compare executives’ financial tweets with their
firms’ financial tweets, we find that executive financial
tweets have approximately 10 times the impact, on
average, and the difference between the coefficients is
statistically significant (p < 0.10) in the full specification.
Overall, these results are consistent with the market
only reacting to executive financial tweets, with limited
signed return impact of all other types of tweets by
executives.

In columns (3) through (5), we examine the effect of
executive tweets on trading volume. First, in column
(3), we examine the level of abnormal volume in
response to executive tweets. We again find no effect of
most executive tweets, but we do find a large increase
in volume following executive financial tweets. We
also see a positive and statistically significant impact of
firm financial tweets, though with a smaller effect size
than that of executive financial tweets. The effect size
of executive financial tweets is around 2.4 times that of
firm financial tweets, and the difference is statistically
significant (p <0.01). Taken together, these two results
are consistent with financial tweets driving investors to
trade more. Next, we examine retail trading behavior,
as we expect social media content to influence retail
investors. Column (4) presents results for abnormal
retail trading. It shows that retail traders appear to
trade more when executives post financial tweets, with
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Table 3. Market Response to Executive Tweets

Abnormal Abnormal Retail
|[MMR;| MMR, volume, retail trading, BSI,
Variables 1) 2) 3) 4) 5)
Executive tweets
Financial tweets 0.004*** 0.002* 0.416*** 0.031** 0.012**
(4.65) (1.88) (4.77) (2.20) (1.99)
Nonfin business tweets 0.000 —0.000 —0.002 0.002 0.001
(1.00) (—0.96) (—0.84) (1.29) (1.31)
Other tweets —0.000%** —0.000 0.000 —0.000 —0.001*
(—4.19) (—0.38) (0.41) (—0.30) (—1.70)
Firm tweets
Financial tweets 0.002%** 0.000 0.176%** 0.000 0.001
(4.49) (1.08) (5.96) (0.12) (0.70)
Nonfin business tweets 0.000 0.000 0.000 0.000 0.000
(1.05) (0.73) (1.12) (0.83) (0.78)
Other tweets —0.000%** —0.000* —0.000** —0.000 —0.000
(—3.69) (—1.84) (—2.38) (-1.22) (—0.73)
|[MMR;_| 0.129%** 16.092*** 2.006%**
(15.83) (12.03) (15.61)
MMR;_, —0.003 0.402%**
(—0.42) (13.54)
Executive age 0.000 0.000 —0.006 0.008 0.003
(1.24) (0.80) (—0.30) (0.86) (1.04)
Size —0.001* —0.000 0.007 0.001 0.018**
(—1.81) (—0.40) (0.42) (0.13) (2.47)
ROA —0.002 0.005 0.015 —0.194* 0.093*
(—0.53) (1.46) (0.08) (—1.83) (1.73)
MTB —0.000** 0.001*** —0.010** 0.004* 0.012%*
(—2.52) (7.57) (—2.51) (1.68) (7.51)
Debt 0.005%** 0.000 —0.142* —0.020 —0.004
(2.80) (0.58) (—2.35) (—0.76) (—0.24)
Firm event 0.004*** 0.000%** 0.308*** 0.027%** 0.005***
(22.97) (2.94) (30.21) (9.11) (4.59)
log(Followers, Firm) —0.000 0.000 —0.003 0.003 —0.002
(—0.19) (1.42) (—0.46) (1.30) (—0.78)
log(Following, Firm) —0.000 —0.000 0.009 —0.002 —0.001
(—0.70) (—0.49) (1.36) (—0.54) (—0.25)
log(Total tweets, Firm) 0.000 —0.000 —0.004 —0.005* 0.000
(0.65) (—0.64) (—0.78) (—1.66) (0.12)
log(Followers, Executive) —0.000%** —0.000 —0.001 —0.005%** 0.002
(—3.06) (—0.98) (—0.31) (=3.72) (0.81)
log(Following, Executive) 0.000** 0.000 0.003 0.006** —0.002
(2.40) (0.52) (0.52) (2.30) (—0.61)
log(Total tweets, Executive) 0.000 0.000*** —0.001 —0.001 —0.000
(0.78) (3.00) (—0.60) (—1.28) (—0.60)
Firm, executive, year, and month FEs Yes Yes Yes Yes Yes
Exec - firm fin tweets, F-test 7.80%** 2.75% 6.87*** 4.32%* 3.17*
Adjusted R? 0.119 0.001 0.057 0.014 0.041
Observations 376,445 376,445 376,277 367,995 345,225

Notes. This table presents the results of regression Equation (1), run on the main regression sample using linear regression.
The dependent variables are unsigned market model return on day # in column (1), signed market model return on day  in
column (2), abnormal volume following Beaver et al. (2020) in column (3), abnormal retail trading following Blankespoor
et al. (2019) in column (4), and retail buy—sell imbalance following Barber et al. (2024a) in column (5). Retail trades are
classified based on the Barber et al. (2024b) method. Column (5) is restricted to firm-trading days with at least 10 retail
trades. The “Exec — firm” row documents F-test statistics between the coefficients on executive and firm financial (fin)
tweets. All standard errors are clustered by executive and trading day. The  statistics are presented in parentheses.

4 < 0.01; *p < 0.05; *p <0.1.

the amount of retail trades increasing by approxi-
mately 3.0% per financial tweet as compared with the
average level of retail trading. However, we find
no effect of executives’ nonfinancial business and

other tweets. We also see no evidence that firm tweets
affect retail trading. Last, we examine retail buy-sell
imbalance in column (5). Consistent with executive
financial tweets increasing stock prices as shown in
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column (2), we find that retail traders place additional
buy trades as compared with sell trades following exec-
utive financial tweets. Holding retail sell trades con-
stant, the coefficient of 0.012 on executive financial
tweets is equivalent to an increase in retail buy trades
of 0.6% per tweet. We find no effect of executive nonfi-
nancial business tweets, and we find an opposite effect
of other tweets posted by executives, though the effect
size is small.

Taken together, these results suggest that most exec-
utive tweets have a minimal effect on the market. Exec-
utive nonfinancial business tweets appear to have no
effect on any of our examined market outcomes, and
other tweets have a limited impact on the market. In
contrast, executive financial tweets are followed by
stock price changes and additional trading in the mar-
ket, with part of this trading possibly driven by retail
traders. In addition, retail traders appear to be placing
more buy trades than sell trades in conjunction with
executive financial tweets.

3.3. Market Response and Characteristics of
Executive Financial Tweets

To better understand how executive financial tweets
are associated with directional market outcomes, we
examine how market response varies with the senti-
ment and posting time of executive tweets. First, we
split our tweet measures based on the sentiment of the
tweets. We find that 51% of executive tweets are posi-
tive, 39% are neutral, and 10% are negative. Looking
only at executive financial tweets, 59% are positive,
30% are neutral, and 11% are negative. The imbalance
between positive and negative tweets may explain
why the number of executive financial tweets posted
is positively associated with signed return and retail
buy-sell imbalance. Firm tweets show a similarly
imbalanced distribution, with 64% being positive, 28%
being neutral, and 8% being negative, whereas for firm
financial tweets, 50% are positive, 39% are neutral, and
11% are negative.

To examine the impact of sentiment, we separate out
negative tweets and nonnegative (positive or neutral)
tweets within each category of tweet content; we com-
bine positive and neutral content as the Pearson corre-
lation between posting positive and neutral tweets
is 80% for executives. We then adjust regression Equa-
tion (1) to split the daily executive and firm tweet count
measures into the counts of nonnegative and negative
tweets from their respective categories. Table 4 shows
the results, documenting the relationship between
tweet sentiment and directional outcomes. Column (1)
examines how signed market return is affected. For
executives, we find a significant effect only of nonnega-
tive executive financial tweets, and, consistent with our
results in Table 3, these tweets drive a positive market
reaction. Furthermore, the coefficient is very similar in

11
Table 4. Market Response to Executive Tweets
MMR; Retail BSI;
Variables 1) 2
Executive tweets
Financial tweets, Nonnegative 0.002* 0.013**
(1.87) (2.18)
Financial tweets, Negative —0.001 0.002
(—-0.23) (0.09)
Nonfin business tweets, Nonnegative —0.000 0.001
(—0.48) 0.87)
Nonfin business tweets, Negative —0.000 0.001
(—0.62) (0.51)
Other tweets, Nonnegative —0.000 —0.001
(—0.38) (—1.55)
Other tweets, Negative 0.000 —0.002
(0.10) (—0.90)
Firm tweets
Financial tweets, Nonnegative 0.000 0.000
(1.44) (0.26)
Financial tweets, Negative —0.001* 0.004
(—1.80) (0.60)
Nonfin business tweets, Nonnegative 0.000 0.000
(0.79) (0.56)
Nonfin business tweets, Negative 0.000 —0.000
(0.07) (—1.04)
Other tweets, Nonnegative —0.000* —0.000
(—1.68) (-1.19)
Other tweets, Negative —0.000 0.000
(—0.84) (1.32)
All controls Yes Yes
Firm, executive, year, and month FEs Yes Yes
Exec nonnegative — negative fin 0.96 0.34
tweets, F-test
Exec - firm nonnegative fin 2.53 4.08**
tweets, F-test
Adjusted R? 0.001 0.041
Observations 376,445 345,225

Notes. This table presents the results of regression Equation (1) when
splitting tweet measures on the sentiment of the tweets, run on the
main regression sample using linear regression. The dependent
variables are signed market model return on day ¢ in column (1) and
retail buy—sell imbalance following Barber et al. (2024a) in column (2).
Retail trades are classified based on the Barber et al. (2024b) method.
Column (2) is restricted to firm-trading days with at least 10 retail
trades. The “Exec nonnegative — negative” and “Exec - firm
nonnegative” rows document F-test statistics between the coefficients
on executive nonnegative and negative financial (fin) tweets and
executive and firm nonnegative financial (fin) tweets, respectively.
All controls from Appendix B are included. All standard errors are
clustered by executive and trading day. The ¢ statistics are presented
in parentheses.
*p<0.05;*p<0.1.

magnitude to the result in Table 3. In contrast, we do
not see any negative market effect of negative financial
tweets by executives, and the difference between the
nonnegative and negative financial tweet coefficients is
insignificant. This may be due to the relative infre-
quency of negative financial tweets, as they represent
only 11% of executive financial tweets. For firms, how-
ever, we do see a statistically significant and negative
effect of posting negative financial tweets. Table 4,
column (2), examines the effect of executive tweet
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sentiment on retail buy—sell imbalance. For executives,
we again find that only nonnegative financial tweets
are associated with a positive and statistically signifi-
cant effect, and the effect size is comparable to our
result in Table 3.

Next, we examine how market reaction is associated
with executive financial tweets in relation to when the
tweets were posted. To examine reaction around intra-
day patterns of executive tweeting, we split each trad-
ing day into two time periods: before trading and during
trading. If the tweet occurs after the closing time on
trading day t — 1 and before the opening time on trad-
ing day ¢, we assign it to the before trading period of day
t. If the tweet occurs on trading day ¢ and is released

between the open and the close of the stock market
(9:30 am. to 4:00 p.m. in the eastern time zone), we
assign it to the during trading period for day t. A time-
line of these periods is included in Online Appendix
OA.l. For tweets posted before the trading period,
investors must wait until the market opens to trade.
Examining these tweets thus helps to lessen the endo-
geneity concern that executives, through their tweets,
are simply responding to changes in the day’s stock
price. In contrast, although examining tweets posted
during the day allows us to examine a timely response
to executive financial tweets, it is difficult to rule out
the possibility that executives tweet in response to
changes in stock price in our specification.

Table 5. Market Response Partitioned on Timing of Executive Tweets

Abnormal Abnormal Retail
|MIMR;| MMR; volume; retail trading, BSI,
Variables 1) ) 3) 4) 5)
Executive tweets
Financial tweets, before trading 0.004** 0.001 0.492%* 0.037** 0.011*
(3.98) (1.00) (5.09) (2.14) (1.81)
Nonfin business tweets, before trading 0.000 0.000 —0.002 0.003* 0.001
(1.32) (0.14) (—0.57) (1.85) (0.95)
Other tweets, before trading —0.000%** —0.000* —0.001 0.000 —0.001*
(—3.52) (—1.68) (—0.73) (0.16) (—1.84)
Financial tweets, during trading 0.004** 0.003** 0.258*** 0.018 0.013
(2.56) (2.15) (2.71) (0.90) (1.50)
Nonfin business tweets, during trading —0.000 —0.000 —0.002 —0.001 0.001
(—0.28) (—1.41) (-0.22) (—0.35) (1.15)
Other tweets, during trading —0.000 0.000 0.007* —0.003* —0.000
(-1.01) (1.38) (1.75) (—1.89) (—0.08)
Firm tweets
Financial tweets, before trading 0.003*** 0.000 0.265*** 0.007 0.002
(4.65) (1.26) (6.17) (1.17) (1.38)
Nonfin business tweets, before trading 0.000 0.000 0.000 0.000 0.000
(1.27) (0.96) (1.55) (0.53) (0.91)
Other tweets, before trading —0.000* —0.000 —0.000** 0.000 —0.000
(—1.94) (—=0.92) (—2.28) (0.08) (—1.05)
Financial tweets, during trading 0.000 —0.000 0.062*** —0.008* —0.001
(0.98) (—0.29) (2.61) (—1.88) (—0.37)
Nonfin business tweets, during trading —0.000 —0.000 —0.000 0.000 0.000
(—0.65) (—0.44) (—1.37) (1.29) (0.47)
Other tweets, during trading —0.000 —0.000 —0.000 —0.000 0.000
(—0.77) (—1.56) (—1.64) (—1.22) (0.59)
All controls Yes Yes Yes Yes Yes
Firm, executive, year, and month FEs Yes Yes Yes Yes Yes
Exec — firm fin tweets, before, F-test 2.23 0.47 4.69** 2.78* 1.92
Exec - firm fin tweets, during, F-test 5.80** 4.67** 3.93%* 1.55 2.30
Adjusted R* 0.119 0.001 0.057 0.014 0.041
Observations 376,445 376,445 376,277 367,995 345,225

Notes. This table presents the results of regression Equation (1) when splitting tweet measures on the time of day of the tweets,
run on the main regression sample using linear regression. The dependent variables are unsigned market model return on day ¢
in column (1), signed market model return on day ¢ in column (2), abnormal volume following Beaver et al. (2020) in column (3),
abnormal retail trading following Blankespoor et al. (2019) in column (4), and retail buy-sell imbalance following Barber et al.
(2024a) in column (5). Retail trades are classified based on the Barber et al. (2024b) method. Column (5) is restricted to firm-
trading days with at least 10 retail trades. The “Exec — firm” rows document F-test statistics between the coefficients on
executive and firm financial (fin) tweets. All controls from Appendix B are included. All standard errors are clustered by
executive and trading day. The ¢ statistics are presented in parentheses.

*4 < 0.01; #p < 0.05; *p < 0.10.
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Table 5 tests Equation (1) when the daily executive
and firm tweet measures are split by the time of the
tweets (during trading or before trading), using the
same dependent variables as in Table 3. Across execu-
tive tweets posted before trading, we continue to see
minimal impact on the market across most tweets. For
nonfinancial business tweets, the only statistically sig-
nificant result is a small increase in abnormal retail
trading. For other tweets, we see a small drop in abso-
lute abnormal return and retail buy-sell imbalance con-
sistent with Table 3, and we also see a significant but
small drop in signed abnormal return. In contrast, exec-
utive financial tweets posted before trading are associ-
ated with significant increases in unsigned abnormal
return, abnormal volume, abnormal retail trading, and
retail buy-sell imbalance. This result helps to rule out
potential reverse causality of executives posting in
response to market activity during the same trading
day as the tweet, as the result is consistent with execu-
tives” posts before the market opens influencing trad-
ing behavior after the market opens. Turning to
executive tweets posted during the trading day, we see
no statistically significant impact of nonfinancial busi-
ness tweets, and we find significant but small impacts
of other tweets on abnormal volume and abnormal
retail trading. Executive financial tweets, however, are
associated with modest increases in unsigned and signed
abnormal returns as well as abnormal volume. We do
not see any impact on retail trading, possibly because of
retail traders being slower to respond to the available
information. This notion is consistent with the effects
shown for executive tweets posted before trading, as
retail traders have a longer time to react to those tweets.
Taken together, the results suggest that executive finan-
cial tweets posted both before and during trading hours
are followed by an increase in stock market reaction, and
that the directional increase in stock returns is associated
with tweets posted during the trading session.

4. Mechanism: Market Response to
Financial Tweets

4.1. Market Response Mechanism Tests

To examine the mechanism underlying the market
response to executive financial tweets, we use the same
regression structure as in our market tests, with some
adjustments. To examine the new information mecha-
nism, we split the Financial tweets, Executive measure
into two measures based on whether the executive’s
financial tweet is preceded by any tweet from their
firm in the prior 48 hours."® If the firm posted any tweet
in the prior 48 hours, we classify the executive financial
tweet as a matched financial tweet. For these tweets, it
is more likely that the tweet’s information was already

posted on Twitter by the firm. In contrast, if the firm did
not post a tweet in the prior 48 hours, then we classify
the executive financial tweet as an unmatched financial
tweet, and these tweets are more likely to contain new
information. Of the 968 executive-trading day observa-
tions with financial tweets, 804 contain matched tweets
and 164 only contain unmatched tweets. For our mecha-
nism tests, we retain the same dependent variables from
our market behavior tests. The full model is implemen-
ted using a linear regression with HDFEs and clustered
standard errors (by executive and trading day). The
equation, with the same controls and fixed effects as in
Equation (1), is as follows:

DV
= a + f, Unmatched financial tweets, Executive;
+ B,Matched financial tweets, Executive;
+ B, Nonfin business tweets, Executive;
+ B, Other tweets, Executive; . + pFinancial tweets, Firm;, 7
+ ¢ Nonfin business tweets, Firm, ¢ + B,Other tweets, Firmy
+ BgReturn;_q s + BoExecutive age, ,+ Byyo_y4y- Firm controls; s

+ Bis_nqy - Twitter controls; o ¢ + FE(Firm, Exec, Year, Month)
+ &, ef- (2)

For each dependent variable, a positive value for g, is
consistent with the new information mechanism. For
the new information mechanism, we expect to find
stronger results using unsigned return as compared
with signed return, as new information could push the
stock price in either direction depending on how it is
perceived by the market. We do not have a clear expec-
tation for trading volume-based measures. A positive
value for §, is consistent with either the new informa-
tion mechanism or the perceived credibility mecha-
nism, which we will explore next.

To examine the perceived credibility mechanism, we
restrict the sample to only those executive-trading day
observations where the firm has tweeted during the
day or the prior two days, as our Tweet similarity mea-
sure cannot be defined unless there is at least one firm
tweet available to compute similarity. This results in a
sample of 288,143 observations. Of these observations,
only 804 days have nonzero Tweet Similarity, with a
mean of 0.425 on these days. To test the mechanism, we
fully interact Financial tweets, Executive with Tweet simi-
larity and add the measures to Equation (1)."” The inter-
action term is our measure of interest, as it represents
the incremental market impact of higher similarity
between executive and firm tweets. We use the same
dependent variables as for the new information mecha-
nism test and implement the model using linear regres-
sion with HDFEs and clustered standard errors (by
executive and trading day). The full model, where
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controls and fixed effects are the same as for Equation
(1), is as follows:

DVi.r

= a + p, Financial tweets, Executive; , X Tweet simz’larityt/g, f
+ B, Financial tweets, Executive; . + B, Financial tweets, Firm;, f
+ By Tweet similarity, , -+ psNonfin business tweets, Executive,,
+ B Nonfin business tweets, Firm s + B,Other tweets, Executive; .
+ BgOther tweets, Firmy s + poReturn;_y ¢ + B, Executive age, ,
+B11_15) - Firm controlsy s + By oy, - Twitter controlsy e, s
+ FE(Firm, Exec, Year, Month) + &, . ¢. 3)

A positive and significant coefficient on the interaction
term would suggest that the market responds more
when executives post tweets that are more similar in
content to those of their firm, supporting the perceived
credibility mechanism. Alternatively, a negative and
significant coefficient on the interaction term would
indicate that investors react more strongly when execu-
tives post financial tweets that differ more from what

Table 6. Market Response Mechanisms

their firm has posted, which would be consistent with
the new information mechanism. We expect stronger
results for signed return, because perceived credibility
can be leveraged by executives to garner a more favor-
able reaction. We do not have a clear expectation for
trading volume-based measures.

Table 6 presents the results for our mechanism tests.
Panel A shows our test for the new information mecha-
nism following regression Equation (2). The new infor-
mation mechanism is supported by any effect of
unmatched financial tweets posted by executives, as
these tweets are the most likely to contain new infor-
mation. We find a statistically significant increase in
unsigned market return to unmatched financial tweets,
consistent with new information leading to market
reaction. We also find a statistically significant increase
in retail buy—sell imbalance, though we find no signifi-
cant result for the other dependent variables. There-
fore, we document some evidence in support of the
market reacting to tweets because of the presence of
new information. Looking at the matched financial

Abnormal Abnormal Retail
|MIMR;| MMR,; volume, retail trading, BSI,
Variables 1) 2) 3) 4) )
Panel A: New information mechanism
Unmatched financial tweets, Executive 0.003* 0.001 0.139 0.005 0.029**
(1.86) (0.61) (1.54) (0.14) (2.28)
Matched financial tweets, Executive 0.004*** 0.002* 0.451*** 0.037** 0.010*
(4.72) (1.84) (5.17) (2.58) (1.77)
Financial tweets, Firm 0.002*** 0.000 0.176*** 0.001 0.001
(4.50) (1.08) (5.97) (0.14) (0.71)
All controls Yes Yes Yes Yes Yes
Firm, executive, year, and month Fes Yes Yes Yes Yes Yes
Adjusted R? 0.119 0.001 0.057 0.014 0.041
Observations 376,445 376,445 376,277 367,995 345,225
Panel B: Perceived credibility mechanism
Financial tweets, Executive X Tweet similarity 0.012* 0.021** 2.20%** —0.102 —0.033
(1.90) (2.56) (5.55) (—0.71) (—0.70)
Financial tweets, Executive 0.002 —0.003 —0.056 0.134*** 0.019
(1.12) (—1.34) (—0.34) (2.84) (1.00)
Financial tweets, Firm 0.002*** 0.000 0.177*** 0.001 0.001
(4.64) (0.99) (5.99) (0.25) (0.84)
Tweet similarity —0.010** —0.011* —1.53%** —0.201** 0.019
(-2.17) (—1.76) (—5.95) (—2.58) (0.75)
All controls Yes Yes Yes Yes Yes
Firm, executive, year, and month FEs Yes Yes Yes Yes Yes
Adjusted R? 0.112 0.001 0.061 0.016 0.046
Observations 288,143 288,143 287,987 281,706 267,045

Notes. This table presents the results of regression Equations (2) and (3) in panels A and B, respectively. Panel A is estimated based
on the main regression sample, whereas panel B is estimated based on a sample of all observations with at least one firm tweet in
the preceding 48 hours. The dependent variables are unsigned market model return on day t in column (1), signed market model
return on day t in column (2), abnormal volume following Beaver et al. (2020) in column (3), abnormal retail trading following
Blankespoor et al. (2019) in column (4), and retail buy-sell imbalance following Barber et al. (2024a) in column (5). Retail trades are
classified based on the Barber et al. (2024b) method. Column (5) is restricted to firm-trading days with at least 10 retail trades. All
controls from Appendix B are included. All standard errors are clustered by executive and trading day. The t statistics are

presented in parentheses.
#**p < 0.01; **p < 0.05; *p < 0.10.
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tweets, we see a positive and significant association
with all five dependent variables, which provides ini-
tial evidence that executive tweets either contain new
information content or provide incremental credibility
to the information in firm tweets.

In panel B, we present our test for the perceived
credibility mechanism following regression Equation
(3). Columns (1) and (2) present results for unsigned
and signed market returns, respectively. We find a
positive and significant coefficient on the interaction
between executive financial tweets and Tweet similarity
for both outcomes. This suggests that executive finan-
cial tweets that are more similar to existing tweets by
the executive’s firm receive greater reaction by the mar-
ket, consistent with the perceived credibility mecha-
nism. In addition, in column (3), we find a positive
relationship between the interaction term and abnor-
mal volume. However, we do not find any significant
effects on retail trading measures. Overall, our results
are consistent with the stock market reacting more
strongly to executive financial tweets that are less likely
to convey new information.

Taken together, our results indicate that both mecha-
nisms, perceived credibility and new information, can
play a role in how investors react to executive financial
tweets. There are firm tweets to construct the Tweet simi-
larity measure for approximately 83% of the observa-
tions with executive financial tweets, and the remaining
17% of observations are unmatched. Thus, our coeffi-
cients representing both mechanisms occur frequently
enough to be economically meaningful. When a firm is
active on Twitter, its executives’ financial tweets can
lead investors to perceive existing information from
their firm’s tweets as more credible. When a firm has
not tweeted in the prior 48 hours, the executive can
serve an information-providing role. Executives can fill
the void left by their firms if their firms are not on
Twitter.

4.2. Cross-Sectional Tests

To provide additional evidence on the perceived credi-
bility and new information mechanisms, we conduct
cross-sectional tests partitioning on three characteris-
tics across which the mechanisms’ effectiveness should
vary. First, we partition on firm size, as larger firms are
likely to be subject to greater attention from investors.
These firms’ executives are therefore likely to attract
more attention on Twitter, which would lead to a
greater impact via both mechanisms. Next, we partition
on contemporaneous levels of retail trading. To the
extent that retail traders are more likely to be the source
of reaction to posts on Twitter, we would expect to find
stronger mechanism results for firms that receive more
attention from retail investors. Last, we partition on
executives’ follower count. Posts by executives with
more followers should receive more attention, as their

tweets should have greater reach, leading to a greater
impact of both mechanisms.

Firm size and retail trading are based on median
splits among the observations with executives on Twit-
ter. Retail trading is the numerator of Abnormal retail
trading, defined as the average daily percentage of
trades by retail investors on day t. For executives’ fol-
lower count, we split on whether the executive is in the
top decile, as executives’ follower counts are highly
skewed (median of two followers, 90th percentile of
4,722 followers). As we present cross-sections based on
retail trading, we do not present cross-sectional results
for our retail trading measures.

For the new information mechanism, we present the
results in Table 7, panels A and B, using unsigned
return and abnormal volume as the dependent vari-
ables, respectively. We focus on these two, as signed
return shows little impact for this mechanism. We fol-
low Equation (2), using the same controls, fixed effects,
and clustering as in Table 6. In panel A, we find signifi-
cant results on unmatched tweets only for firms with
high levels of retail trading, and the difference is statis-
tically significant compared with firms with low levels
of retail trading. This is consistent with attention driv-
ing the effect of new information in executive tweets,
though the lack of significance on the other two cross-
sections suggests that the role of attention may be lim-
ited for the new information mechanism. For matched
tweets we see statistically significant coefficients with
larger magnitudes for high-attention firms and execu-
tives as compared with low-attention ones. However,
the difference is only statistically significant for the par-
tition on executive follower counts. Examining abnor-
mal volume in panel B, we find statistically significant
effects with larger coefficients for firms with high retail
trading and executives with higher follower counts,
though the differences across coefficients are insignifi-
cant. Again, this provides weak evidence that attention
drives the reaction to new information. For matched
tweets, we again see consistent results across all three
splits, with significant differences across coefficients for
all three partitions. Taken together, we find some evi-
dence of attention driving reaction to new information.

We present results for the perceived credibility mech-
anism in Table 7, panels C and D, taking signed return
and abnormal volume as the dependent variables,
respectively. We present results for signed return, as it
better reflects executives’ incentive to leverage their
credibility to elicit a favorable reaction. We follow
Equation (3) as implemented in Table 6, panel B, split-
ting the sample on each cross-sectional variable. For
signed return in panel C, we see significant results for
larger firms, firms with higher current retail trading,
and executives with more followers. This is consistent
with higher-attention firms and executives driving the
effects, as the tweets by these executives should receive
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Table 7. Market Response Mechanism, Partitioned Sample Analysis

Size Retail trading Followers, Executive
Variables >median <median >median <median >90th pct <90th pct
Panel A: Cross-sectional tests on new information and unsigned return
Unmatched financial tweets, Executive 0.004 0.002 0.006** —0.001 0.002 0.003
(1.41) (1.39) (2.14) (—0.66) (1.15) (1.54)
Matched ﬁnancial tweets, Executive 0.005*** 0.003* 0.005*** 0.003*** 0.006*** 0.002
(5.29) (1.77) (4.45) (2.72) (6.36) (1.15)
Controls Yes Yes Yes Yes Yes Yes
Firm, executive, year, and month Fes Yes Yes Yes Yes Yes Yes
Difference of coefficients t-statistic: unmatched 0.78 —0.50
Difference of coefficients t-statistic: matched 0.73 2.49**
Adjusted R? 0.128 0.097 0.135 0.094 0.121 0.119
Observations 188,767 187,677 191,441 184,999 38,786 337,657
Panel B: Cross-sectional tests on new information and abnormal volume
Unmatched financial tweets, Executive 0.253 0.052 0.252* 0.003 0.269** 0.055
(1.16) (0.84) (1.68) (0.04) (2.03) (0.46)
Matchedﬁnancial tweets, Executive 0.543*** 0.129 0.528*** 0.293*** 0.573*** 0.153
(7.81) (1.19) (5.16) (3.71) (8.12) (1.58)
Controls Yes Yes Yes Yes Yes Yes
Firm, executive, year, and month FEs Yes Yes Yes Yes Yes Yes
Difference of coefficients t-statistic: unmatched 0.89 1.20
Difference of coefficients t-statistic: matched 3.22%%* 3.50%**
Adjusted R? 0.064 0.055 0.081 0.041 0.080 0.055
Observations 188,694 187,582 191,323 184,950 38,786 337,489
Panel C: Cross-sectional tests on perceived credibility and signed return
Financial tweets, Executive x Tweet similarity 0.026*** —0.013 0.023** 0.010 0.022** —0.005
(3.42) (—0.38) (2.21) (0.80) (2.14) (—0.34)
All controls and main effects Yes Yes Yes Yes Yes Yes
Firm, executive, year, and month FEs Yes Yes Yes Yes Yes Yes
Difference of coefficients t-statistic 1.11 1.48
Adjusted R? 0.001 0.001 0.001 —0.000 0.002 0.001
Observations 154,618 133,525 151,072 137,063 34,104 254,037
Panel D: Cross-sectional tests on perceived credibility and abnormal volume
Financial tweets, Executive x Tweet similarity 1.52%** 2.44* 2.35%** 1.55** 2.15%** 0.493
(3.13) (1.66) (5.57) (2.40) (3.13) (1.12)
All controls and main effects Yes Yes Yes Yes Yes Yes
Firm, executive, year, and month FEs Yes Yes Yes Yes Yes Yes
Difference of coefficients t-statistic —0.60 2.04**
Adjusted R? 0.067 0.059 0.087 0.042 0.081 0.059
Observations 154,556 133,431 150,964 137,018 34,104 253,881

Notes. Panels A and B follow Equation (2) and are estimated based on the main regression sample, whereas panels C and D follow Equation (3)
and are estimated based on a sample of all observations with at least one firm tweet in the preceding 48 hours. The table presents the results of
the partitioned sample tests for executive financial tweets. In each panel, the first pair of columns presents a median split on firm size, the second
pair of columns present a median split on the retail trade percentage on the trading day, and the final two columns present a split on whether the
executive is in the top decile of followers for executives in our sample. We use linear regression with HDFEs. In panel A, the dependent variable
is unsigned market model return on day t; in panels B and D, the dependent variable is abnormal volume on day f; and in panel C, the
dependent variable is signed market model return on day f. The “difference of coefficients” rows document t-test statistics between the
coefficients of each partition. All controls from Appendix B are included. All standard errors are clustered by executive and trading day. The ¢
statistics are presented in parentheses. pct, percentile.
#**p <0.01; **p < 0.05; *p < 0.10.

more attention, though we caveat that differences in
coefficients across partitions are not significant. In panel
D, we examine abnormal volume. Here we see signifi-
cant effects on both sides of the partitions for our firm-
based cross-sections; however, when we examine the
number of followers an executive has, we see that
higher follower has a stronger effect, and the coefficient

difference is statistically significant. Taken together,
these cross-sections provide modest support that atten-
tion drives the perceived credibility mechanism.

4.3. Falsification Test
It is possible that other mechanisms could explain our
results. One such mechanism is repeated dissemination:
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The act of repeating firms’ posts leads to market reac-
tion. If repeated dissemination is the underlying driver
of our perceived credibility mechanism tests, this would
be indistinguishable from the effects of perceived credi-
bility, as the Tweet similarity measure would also reflect
this repeated dissemination. To mitigate the concern
that repeated dissemination is the mechanism behind
our findings, we conduct a falsification test by con-
structing a measure of repeated information dissemina-
tion that is not dependent on executives’ tweets. To do
this, we reconstruct our Tweet similarity measure using
firms’ financial tweets as opposed to executives’ finan-
cial tweets.'® In the falsification test, Tweet similarity‘:
represents the similarity between the firms’ financial
tweets on the trading day and the firm tweet with the
most similar meaning by the same firm in the 48 hours
leading up to the firm financial tweets. In this way, we
capture repeated dissemination, but the repeated dis-
semination is by the firm itself.

We present the results for this falsification test in
Table 8. We follow Equation (3) and include the same
controls, fixed effects, and clustering as in Table 6,
panel B. Across all five columns, we never observe a
positive coefficient on the interaction term, suggesting
that firm tweets are perceived differently than execu-
tive tweets. In addition, we see a negative and signifi-
cant coefficient on the interaction term for unsigned
return and for abnormal volume, suggesting that the
market’s reaction to repetition by firms may be oppo-
site to that of executives: whereas the market reacts
more and trades more around executive tweets that are

similar to prior firm tweets, the market reacts less and
trades less around firm tweets that are similar to prior
firm tweets. Based on this falsification test, our main
finding on whether executive financial tweets move
stock prices is not likely due to repeated dissemination
of information alone, but rather due to the poster’s
identity as an executive.

5. Robustness Tests (Untabulated)

5.1. Silent Executives

As the reason executives do not tweet is unobservable,
we are unable to discern why some executives in our
sample remain silent on Twitter. Our main results
include these executives under the assumption that
they could have tweeted at any point in time. However,
external factors may have prevented them from tweet-
ing. Thus, we rerun our primary tests removing any
executives who have never tweeted as of a given date.
Our sample then includes only executives who have
tweeted by day ¢. We also examine other cutoffs of 10
tweets and 100 tweets by day f. We continue to find
stock market reaction around executive financial
tweets across all three samples. For cutoffs of 1 and 10
tweets (100 tweets), we find statistically significant
results for financial tweets for all (almost all) tests and
dependent variables in Tables 3 through 5. For our
mechanism tests, we see inferentially similar results for
the new information mechanism using cutoffs of 1 and
10 tweets, and we see statistically equivalent or stron-
ger results for all cutoffs for the perceived credibility
mechanism. Overall, our results are robust to requiring

Table 8. Mechanism Falsification Test: Firm Dissemination

Abnormal Abnormal Retail
|MIMR;| MMR,; volume, retail trading, BSI,
Variables 1) (2) (3) (4) (5)
Financial tweets, Firm X Tweet similarityF —0.004*** —0.000 —0.389*** —0.019 —0.005
(—3.07) (—0.39) (—2.59) (-1.07) (—0.47)
Financial tweets, Executive 0.004*** 0.002* 0.440*** 0.038*** 0.010*
(4.73) (1.76) (5.05) (2.98) (1.77)
Financial tweets, Firm 0.004*** 0.000 0.389*** 0.010 0.004
(3.73) (0.33) (4.86) (0.96) (0.65)
Tweet similarity” —0.000 0.001 —0.146 —0.004 —0.001
(—0.02) (0.86) (-1.18) (—0.24) (—=0.14)
All controls Yes Yes Yes Yes Yes
Firm, executive, year, and month Fes Yes Yes Yes Yes Yes
Adjusted R? 0.112 0.001 0.061 0.016 0.046
Observations 288,143 288,143 287,987 281,706 267,045

Notes. This table presents the results of regression Equation (3), but it uses the similarity of firms’ tweets to their own prior
tweets in place of the similarity between tweets by executives and tweets by their firm. The linear regressions are estimated
based on a sample of all observations with at least one firm tweet in the preceding 48 hours. The dependent variables are
unsigned market model return on day f in column (1), signed market model return on day ¢ in column (2), abnormal
volume following Beaver et al. (2020) in column (3), abnormal retail trading following Blankespoor et al. (2019) in column
(4), and retail buy-sell imbalance following Barber et al. (2024a) in column (5). Retail trades are classified based on the
Barber et al. (2024b) method. Column (5) is restricted to firm-trading days with at least 10 retail trades. All controls from
Appendix B are included. All standard errors are clustered by executive and trading day. The  statistics are presented in

parentheses.
***p <0.01; *p <0.10.
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executives to have tweeted at least once, 10 times, or
even 100 times.

5.2. Leave-One-Out Analysis

As the distribution of executive tweets is heavily skewed,
we conduct a leave-one-out analysis, dropping each of
the 262 executives with at least one tweet in the sample
to examine robustness to perturbations of the sample.
Replicating Table 3, we find that three dependent vari-
ables (unsigned return, abnormal volume, and retail
buy-sell imbalance) are robust in all 262 samples. Signed
return (abnormal retail trading) is robust in 258 (261)
samples, of which three (one) of the insignificant samples
involve dropping an executive in the top 10 highest
tweeting individuals in our sample.

Replicating Table 6, panel A, we continue to see sig-
nificant results for unsigned return and retail buy—sell
imbalance across all samples. In panel B, we find signif-
icant results for abnormal volume across all samples,
and we see significant results for 259 and 261 samples
using unsigned and signed abnormal returns, respec-
tively. For signed return, one insignificant sample
involved dropping an executive among the top 10 high-
est tweeting executives in our sample. However, con-
ducting a subsequent leave-one-out test after excluding
this executive can still yield significant results, suggest-
ing that the executive is not the sole driver of the per-
ceived credibility mechanism. For unsigned return, two
of the insignificant samples involve dropping an execu-
tive in the top 10 highest tweeting individuals in our
sample.

5.3. Executives Without Matching Firm Accounts
Our main regression sample requires that both execu-
tives and their firms are on Twitter. Thus, if an execu-
tive’s firm is not on Twitter at the time of an executive
tweet, we do not include the observation in our sample,
as there would be no control for the firm’s social media
activity, and the matched financial tweet and similarity
measures would not be computable. In a set of robust-
ness tests, we relax this restriction. Instead, we include
executives whose firms are not on Twitter, setting all
firm tweet measures to zero. We treat all such executive
financial tweets as unmatched, and we set Tweet simi-
larity to zero for these observations. We find that this
adjustment has no effect on our main tests in Tables 3
and 6.

5.4. Robustness Tests for Mechanism Measures

Our perceived credibility mechanism results are based
on using Euclidean distance (L2 norm) when comput-
ing Tweet similarity. We replicate our results in Tables 6
through 8 using an alternative specification based on
Manhattan distance (L1 norm) for the distance measure
underlying Tweet similarity. Using this alternative

metric, our results are inferentially identical. In addi-
tion, our similarity and matched tweet measures in our
perceived credibility mechanism tests are based on a
48-hour window preceding each executive financial
tweet. In a robustness check, we adjust this window
from two days to one day or to seven days before each
tweet by an executive. Our results are inferentially
identical using a one-day or seven-day window.

6. Conclusion

This paper examines the tweeting behavior of execu-
tives of S&P 1500 firms in 2011-2018. There has been a
substantial increase in the number of executives on
Twitter, from 2.6% in 2011 to 12.1% in 2018. We find
that most executive tweets receive no market reaction.
However, financial tweets, which comprise less than
2% of all executive tweets, are associated with modest
market reaction. We find an increase in unsigned and
signed returns, trading volume, retail trading, and
retail buy-sell imbalance associated with executives
posting financial tweets. Furthermore, the increase in
stock price and retail buy trades occurs when execu-
tives post nonnegative (positive and neutral) sentiment
financial tweets but not when they post negative senti-
ment financial tweets. We also find that financial tweets
posted before trading starts drive some of the effect,
which limits the concern of reverse causality.

We examine the mechanism underlying the market
reaction to executive financial tweets using an innova-
tive measure based on the similarity of content between
executive financial tweets and firm tweets. We find that
the market reacts more around executives’ financial
tweets that contain content similar to that of existing
tweets by their firms. This evidence supports the per-
ceived credibility mechanism, which suggests that exec-
utive financial tweets increase the credibility of the
content in tweets posted by firms by reducing investors’
uncertainty. We also document that executives play a
role in relaying new information on Twitter, as, in the
absence of any recent tweets from their firms, execu-
tives” tweets are followed by market reaction. Collec-
tively, our evidence suggests that both the perceived
credibility mechanism and the new information mecha-
nism play a role in facilitating market reaction to execu-
tive tweets.

Our study has several limitations. First, our infer-
ences are based on a relatively small number of finan-
cial tweets, which account for less than 2% of all
executive tweets. Moreover, not all executives in our
sample use Twitter, and among those who do, only a
subset tweet about financial information. As a result,
our conclusions regarding financial tweets may be
affected by small-sample limitations. Second, some
executive tweets may be missing from our data because
these tweets were deleted prior to our data collection.



Downloaded from informs.org by [216.73.217.74] on 15 July 2026, at 13:40 . For personal use only, all rights reserved.

Crowley, Huang, and Lu: Executive Tweets
Management Science, Articles in Advance, pp. 1-23, © 2026 The Author(s)

19

Finally, our sample period spans from 2011 to 2018.
Given the rapid and dynamic evolution of social media
activities over time, our conclusions may need to be
revisited with later years of data in future research.

This paper presents a holistic view of executive
tweeting and concludes that most executives use Twit-
ter for nonbusiness communication, but a small subset
of financially relevant tweets are associated with mar-
ket responses. Although it shows the extent of market
reaction and the mechanism that drives market reac-
tion to a subset of these tweets, we do not examine
executives’ reasons for tweeting. As executive tweets
become more popular, future research is needed to
understand whether and how executives strategically
use social media to move markets or influence stake-
holders’ views of the firm.
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Appendix A. Top Accounts by Number of Tweets
In Tables A.1 and A.2, we present the top 10 accounts for
executives (CEOs and CFOs) and firms, based on the num-
ber of tweets posted by the account during our regression
sample. We also present the number of tweets posted by the
account through the end of 2018. This number of tweets
may underrepresent the total number of tweets in cases
where the executive or firm has deleted tweets. Twitter han-
dles are listed as of the time of collection and may have
changed. After a user changes their handle, other users can
reserve it. In contrast, Twitter IDs are permanent identifiers,
though they can be passed to other users by handing over
the account, which happened in the case of account ID
2196581568. After an account is closed, the Twitter ID will
no longer point to a valid page, as in the case of account ID
3178944356; after closing, the Twitter handle gets released
back to the public.

Table A.1. Top Executive Accounts on Twitter by Number of Tweets

# Executive Title Company Twitter handle Twitter ID # of tweets # in sample
1 John J. Legere CEO T-Mobile JohnLegere 1394399438 42,987 42,764
2 Marc R. Benioff CEO Salesforce.com Benioff 22330739 21,389 21,237
3 Jack Dorsey CEO Twitter jack 12 17,912 4,743
4 Jonathan Oringer CEO Shutterstock jonoringer 23890475 5,261 4,607
5 Alfredo Bala CEO Mannatech Inc. albala 18272589 3,940 3,903
6 Karl McDonnell CEO Strategic Education Karl_McDonnell 249441251 4,870 3,501
7 J. Braxton Carter, II CFO T-Mobile US Inc. braxtoncarter 2196581568 2,539 2,531
8 Patrick K. Decker CEO Xylem Inc. PatrickKDecker 2697201733 2,184 2,148
9 Ron Cohen CEO Acorda Therapeutics Inc. roncohenshair 2420618906 1,975 1,968
10 Eileen P. Drake CEO Aerojet Rocketdyne DrakeEileen 3178944356 2,158 1,818
Table A.2. Top Firm Accounts on Twitter by Number of Tweets

# Company Twitter handles Twitter IDs # of tweets ~ # in sample
1 Southwest Airlines SouthwestAir 7212562 743,331 681,713
2 McDonald’s Corp McDonalds and McDonaldsCorp 71026122 and 111679943 721,442 662,651
3 T-Mobile US Inc. TMobile 17338082 482,825 418,782
4 TripAdvisor Inc. TripAdvisor 16365636 222,524 220,070
5 Nutrisystem Inc. Nutrisystem 15038742 228,251 217,642
6 Coca Cola Co. CocaCola and CocaColaCo 26787673 and 23482357 271,185 205,378
7 Amazon.com Inc. amazon and amazonnews 20793816 and 818902172347678720 128,069 156,551
8 Grubhub Inc. Grubhub 15897147 91,058 71,325
9 Altaba Inc. Yahoo 19380829 76,083 70,582
10 Live Nation Entertainment LiveNation 9629222 70,609 70,414
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Appendix B. Variable Definitions

Variable

Definition (sources of data are listed in brackets)

Tweet count variables
Financial tweets, Executive or Financial
tweets, Firm

Nonfin business tweets, Executive or
Nonfin business tweets, Firm

Other tweets, Executive or Other tweets,
Firm
[Topic] tweets, Nonnegative, Executive or

[Topic] tweets, Nonnegative, Firm

[Topic] tweets, Negative, Executive or
[Topic] tweets, Negative, Firm

Dependent variables
IMMR,| or MMR,

Abnormal volume;

Abnormal retail trading,

Retail BSI;

Mechanism variables
Unmatched financial tweets, Executive

Matched financial tweets, Executive

Tweet similarity

Tweet similarity”
Debt
Executive age

Firm event

MMR,_; or |MMR;_,|

MTB

The number of financial tweets posted by the executive (or firm) during a trading day
(or part thereof) as classified by the Twitter-LDA model described in Section 2.2.1
[Twitter API and Gnip]

The number of tweets about business-oriented topics, excluding financial topics, posted
by the executive (or firm) during a trading day (or part thereof) as classified by the
Twitter-LDA model described in Section 2.2.1 [Twitter API and Gnip]

The number of tweets posted by the executive (or firm) during a trading day (or part
thereof) not included in the related Financial tweets and Nonfin business tweets
measures as classified by the Twitter-LDA model described in Section 2.2.1 [Twitter
API and Gnip]

The number of positive and neutral [topic] tweets posted by the executive (or firm)
during a trading day (or part thereof). Positive tweets are those with a VADER score
above 0.05, whereas neutral tweets have a VADER score between —0.05 and 0.05.

The number of negative [topic] tweets posted by the executive (or firm) during a trading
day (or part thereof). Negative tweets are those with a VADER score below —0.05.

Unsigned or signed market model return on day ¢, calculated using a daily frequency,
using a daily updated beta with respect to the S&P 500 index calculated over the
prior quarter (63 trading days) [CRSP]

Abnormal volume following Beaver et al. (2020). The numerator is calculated as the
volume on day t divided by the mean volume over days [t — 130, t —10] and
[t+10, t+130]. The denominator is the standard deviation of volume over days
[t—130, t —10] and [t +10, t +130]. [CRSP]

Following Blankespoor et al. (2019), this is calculated as a ratio of the event average
daily retail trade percentage to prior average daily retail trade percentage. Event
retail trade percentage is calculated for the event day, whereas past retail trade
percentage is calculated over the window [t —41, t —11]. Retail trade percentage is
the number of retail trades, as classified following the method of Barber et al.
(2024b), divided by the total number of trades on the given day. [Trade and Quote;
(TAQ)]

Retail buy—sell trade imbalance following Barber et al. (2024a); calculated as
2(buy,/ (buy; + sell;) — 0.5), where buy, is the number of retail buy trades on day f,
and sell; is the number of sell trades on day t [TAQ]

The number of executive financial tweets posted on the trading day that are not
preceded by a firm tweet in the prior 48 hours [Twitter API and Gnip]

The number of executive financial tweets posted on the trading day that are preceded
by a firm tweet in the prior 48 hours [Twitter API and Gnip]

The similarity of financial tweets by an executive to the most similar tweet by the
executive’s firm in the 48 hours preceding the executive’s financial tweet. Tweet
similarity is calculated as (1 — Distance/2) and is thus scaled to the range of [0, 1],
where 1 is most similar. Distance is measured as the minimum Euclidean distance
(L2 norm) between the USE vector representing the executive’s financial tweet and
the USE vectors representing the tweets by the executive’s firm. USE vectors are
calculated as described in Online Appendix OA.4. [Twitter API and Gnip]

Calculated the same as Tweets similarity, except it compares financial tweets by a firm to
the most similar tweet by the same firm in the 48 hours preceding the firm'’s financial
tweet [Twitter API and Gnip]

Debt as a portion of assets, calculated as total liabilities (Itq) divided by total assets
(atq), winsorized at 5% and 95% [Compustat]

Age of the executive, in years [Execucomp]

An indicator equal to one on trading days when the firm has an earnings event
(earnings announcement or conference call) or an SEC filing release (form 10-K, 10-Q,
or 8-K), and otherwise zero [I/B/E/S, Capital IQ, and WRDS SEC Analytics]

Market model return on day ¢ — 1, calculated using a daily frequency, using a daily
updated beta with respect to the S&P 500 index calculated over the prior quarter (63
trading days). This is included as a signed measure when the dependent variable is
MMR; or Retail BSI;, and it is included as an absolute measure otherwise. [CRSP]

Market to book value, calculated as market value (mkvaltq) divided by total assets
(atq), winsorized at 5% and 95% [Compustat]
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Appendix B. (Continued)

Variable Definition (sources of data are listed in brackets)
ROA Return on assets, calculated as net income (niq) divided by total assets (atq), winsorized
at 5% and 95% [Compustat]
Size Log of assets (atq), winsorized at 5% and 95% [Compustat]

Control variables (Twitter)

log(Followers, Executive) or log(Followers,
Firm)

log(Following, Executive) or
log(Following, Firm)

log(Total tweets, Executive) or log(Total
tweets, Firm)

Partitioning variables
Retail trading

Note: Except for the Total tweets measures, these control variables are backfilled from
the time of collection as historic data are unavailable from our data sources. Firm and
CEO data are first available as of January 2017, and CFO data are first available as of
June 2017. For accounts that joined after September 2016, all controls are backfilled
based on data collected in June 2021. For days missing these measures after the first
date of availability, the previous nonmissing observation is used.

The log of one plus the number of Twitter accounts following the executive (CEO or
CFO) or firm on Twitter [Twitter API]

The log of one plus the number of Twitter accounts the executive (CEO or CFO) or firm
follows on Twitter [Twitter API]

The log of one plus the number of tweets that the executive (CEO or CFO) or firm has
posted up to the given date [Twitter API]

Percentage of trades by retail traders on day t. Retail trades are classified following the
method of Barber et al. (2024b). [TAQ]

Endnotes

! Per Twitter’s 2021 third-quarter (Q3) letter to shareholders, the plat-
form attracted over 211 million active users as of Q3 2021 (Twitter
2021).

2 For instance, in our full sample 67% of executives’ tweets occur
outside of trading hours, whereas only 59% of firm tweets occur
outside of trading hours. We find that 46 executives only tweeted
outside of trading hours, whereas no firms did so. In addition, most
executive financial tweets were sent from standard Twitter clients
like Twitter for iPhone or Twitter Web Client, and less than 15%
were sent from enterprise or marketing Twitter clients. In contrast,
over 65% of firms’ financial tweets were sent using enterprise or
marketing Twitter clients.

3 We identify executive accounts using Twitter’s search function,
Google search and LinkedIn. We verify accounts by examining user
descriptions and posted tweets, cross-referencing employment against
Execucomp and LinkedIn. One executive deleted their account before
we could download their tweets; we drop this executive from our
sample.

4 A limitation of our hand collection exercise is that it requires an
executive’s account to be identifiable to a user. If an executive main-
tains an anonymous account by not including their name or posi-
tion and company, then their account would not be captured in our
exercise. However, it is unlikely that such an account would influ-
ence financial markets.

® The total percentage of tweets flagged as by a CEO or a CFO is
slightly higher than 100% because of 10 cases where an executive
served both roles simultaneously. In that case, we do not double
count the executive in our analyses.

6 Recent methods combine BERT modeling with unsupervised clus-
tering to enable similar insights, such as BERTopic (Grootendorst
2022).

7 All text in square brackets has been paraphrased to remove identify-
ing information, URLs, and nontext features. The examples of finan-
cial tweets have IDs 959404607742054400 and 593408281646870528;
the examples of nonfinancial tweets have IDs 180116690552619008
and 8443063816; the examples of other tweets have IDs 2046812063
and 2324803.

8 We add the caveat that VADER is a general-purpose measure;
therefore, it may not capture financial domain-specific sentiment.

However, financial domain sentiment measures, such as in Lough-
ran and McDonald (2011), are not intended to be used on the short-
form, informal discussion on social media. Despite this, our results
are unchanged using the Loughran and McDonald (2011) positive
and negative word lists.

9 Examples of executive financial tweets classified by VADER include
“@Allergan smashes earnings estimates, says a trial for its migraine drug
succeeds [link]” (positive), “Today @NCRCorporation announced fourth
quarter and full year results #Q42017 #FY2017 $NCR: [link]” (neutral),
and “NASDAQ had big technical problems on earnings calls this morn.:
- (Commentary to be posted; will reschedule Q&A. [link]” (negative).
Although all three messages disseminate earnings information,
VADER is sensitive to their differences in tone. All text in square
brackets has been paraphrased to remove identifying information, URLs,
and nontext features. These tweets have IDs 960850699537010688,
961737744828567552, and 659735665865814016, respectively.

10 All text in square brackets has been paraphrased to remove
identifying information, URLs, and nontext features. The respec-
tive IDs of the two high-similarity tweets are 643472300680052736
and 643503367021572096. The CEO’s tweet was a retweet of
“Thanks [journalist’s username] for having me on @ CNBC to discuss
@Salesforce’s growth, the imperative for every company to undergo a
digital transformation and the value @MuleSoft is delivering to our
customers [CNBC link].” The firm’s closest tweet was “Thank you for
the warm welcome, @ChicagosMayor! We're proud to call Chicago
home. [home emoji] [quoted tweet by the mayor].” The respective
tweet IDs are 10700751255268017152 and 1069645674331889664.

" We measure distance using Euclidean distance (L2 norm) and
implement the approximate nearest neighbor matching algorithm
of Arya and Mount (1993) to efficiently compute exact matches
between tweets by executives and their firms.

12 In rare instances, high similarity is driven by executives’ retweets
of firm tweets. However, executives rarely retweet their firms’
financial tweets, instead choosing to craft their own message. Only
4.3% of executive financial tweets are retweets.

8 We also run our return tests on intraday windows, looking at
returns in the 10, 30, or 60 minutes after a financial tweet by an exec-
utive. A caveat of this design is that only tweets made during trad-
ing can be examined, because there is no intraday return defined
for tweets posted outside trading hours. We do not find any statisti-
cally significant effects on these shortened windows.
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14 Eor robustness, we also examine Abnormal retail trading based on
retail trades as identified by the method of Boehmer et al. (2021). For
such robustness tests, we limit our sample to before October 1, 2016,
to avoid the measurement issues discussed in Boehmer et al. (2021).

1% This is calculated as the ratio of the effect of executive financial
tweets to the effect of all financial tweets by executives and firms.
The effect of executive financial tweets is calculated as the coefficient
on Financial tweets, Executive multiplied by the number of executive
financial tweets: 0.0043058 x 1,139 =4.90. The effect of firm financial
tweets is calculated as the coefficient on Financial tweets, Firm multi-
plied by the number of firm financial tweets: 0.001552 x 15,121 =23.47.
The ratio is then 4.90/(4.90 + 23.47) = 17.27%.

18 We compare executive financial tweets with all tweet types by
firms. This ensures that if any financial tweet by a firm is not cor-
rectly classified as financial by our Twitter-LDA approach, we still
compare against that tweet.

7 Following deHaan et al. (2023), we consider interacting our inde-
pendent variables and controls. As our independent variables are
plausibly exogenous with our controls, we check the Pearson corre-
lations between our independent variables and controls. All are
below 0.08, except for correlations with log(Total tweets, Executive).
Our results are robust to including interactions between our inde-
pendent variables and log(Total tweets, Executive).

18 Tweet similurityF is nonzero for 12,593 observations, with a mean
of 0.455, which is close to that of Tweets similarity (0.425).
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