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I Introduction

Donald J. Trump, elected the 45th President of the United States on November 8, 2016, has
frequently utilized the social media platform Twitter as his primary communication channel.
Some of President Trump’s Twitter messages included statements about specific companies.
These tweets have attracted considerable attention in the financial press. The discussion
about the impact of the tweets has, however, been inconclusive. For example, Wang (2016)
reports that the Lockheed Martin stock price dropped after President Trump tweeted about
the company on December 22, 2016 “Based on the tremendous cost and cost overruns of the
Lockheed Martin F-35, I have asked Boeing to price-out a comparable F-18 Super Hornet!”,
and numerous sources, for example, Peltz (2017), describe attempts at creating algorithms
for trading around President Trump’s tweets, but Kaissar (2017) cautions that the impact
of the presidential tweets on stock prices may not be predictable.

The impact of such company-specific statements is not clear a priori. On the one hand,
the stock market may consider the tweets as information relevant to future company funda-
mentals. As one of the most powerful persons in the world (Ewalt, 2016 and Gibbs, 2017),
the President of the United States holds a unique position with broad powers to influence
policy relevant to companies, such as government contracts, trade tariffs, and government
bailouts. The President’s company-specific statements may then be understood by investors
to include information relevant to future company fundamentals because the President can
enact measures affecting these companies via executive orders and other means. For exam-
ple, the above tweet about the cost overrun by the military contractor Lockheed Martin may
be understood by investors as increasing the likelihood of the government contract being
canceled, which would negatively affect future profitability of the company. Thus, presiden-
tial tweets may themselves form unexpected news events that could move the stock market.
The stock market may then react in an identical way as when facing public news releases

studied by, for example, Chan (2003) and Vega (2006). On the other hand, it is possible



that the tweets are only noise without information relevant to company fundamentals. For
example, the above tweet about Lockheed Martin may be understood by investors as only
an empty threat that will not lead to contract cancellation. The market may, therefore, not
react to the tweets, or the reaction may be only temporary. Temporary effects have been
shown in numerous contexts. For example, Greene and Smart (1999) show that analyst
coverage of companies in a Wall Street Journal column creates only a temporary pressure
on stock prices by raising uninformed noise trading. Tetlock (2007) shows that the effect of
media pessimism on the stock market reverses over the following trading week. Barber and
Odean (2008) point out that attention is a scarce resource and show that individual investors
buy stocks that catch their attention. It is possible that President Trump’s tweets direct
investors’ attention to the company mentioned in the tweet. The resulting demand shock
may then temporarily push the price away from fundamentals; however, this mispricing is
corrected in the subsequent days as the attention fades.

We review all tweets from November 9, 2016 to December 31, 2017 posted on @POTUS and
@realDonaldTrump Twitter accounts used by President Trump, document the tweets that
include the name of a publicly traded company' and analyze their impact on the company
stock price, trading volume, volatility, and institutional investor attention. We find that the
tweets move the company stock price and increase trading volume, volatility, and institu-

tional investor attention.? We also find that the impact was stronger before the presidential

!This dataset of company-specific tweets is unique. For comparison, we reviewed tweets in Twitter
accounts used by former President Barack Obama, the only other president that utilized Twitter: @POTUS44
from inception in May 2015 through January 2017 and @BarackObama from February 2016 through January
2017. The @BarackObama account shows no tweets naming public companies. The @PO0TUS44 account shows
only one tweet about Lehman Brothers on September 15, 2015 mentioning the bankruptcy of the company
that occurred in 2008 and one tweet mentioning Shell on May 28, 2015 in response to a tweet from another
Twitter user who wrote about this company.

2Wagner, Zeckhauser, and Ziegler (2017) study reactions of individual stock prices in the days and weeks
after the 2016 presidential election and document numerous interesting findings such as the outperformance
of high-beta stocks and high-tax firms. The findings in our paper show a reaction on the day of the tweet,
which is in addition to the reaction documented by Wagner et al. (2017).



inauguration on January 20, 2017. During the pre-inauguration period, the tweets on average
move the company stock price by approximately 1.21 percent and increase trading volume,
volatility, and institutional investor attention by approximately 47, 0.34, and 45 percentage
points, respectively, on the day of the tweet. There is also some evidence that the impact
on the stock price is reversed by price movements on the following days.

Our paper contributes to the growing literature on the role of social media in the stock
market. Previous research has extensively studied the role of traditional media in the stock
market; recent papers examine the role of newspaper coverage (Fang & Peress, 2009), local
newspapers (Engelberg & Parsons, 2011), and writing by specific journalists (Dougal, Engel-
berg, Garcia, & Parsons, 2012). The rise and popularity of social media utilizing real-time
information delivery and social networking have understandably attracted scholarly atten-
tion and extended our understanding of the media’s role in the stock market. Numerous
studies examine how the stock market is affected by the number of messages in social me-
dia (for example, posts by finance industry professionals and regular users of China’s social
network Sina Weibo in Zhang, An, Feng, & Jin, 2017)? or investor sentiment that is derived
using textual analysis of a large number of messages in online investment forums (for ex-
ample, Chen, De, Hu, & Hwang, 2014), Facebook posts (for example, Karabulut, 2013 and
Siganos, Vagenas-Nanos, & Verwijmeren, 2014), and Twitter feeds (for example, Azar & Lo,
2016, Bartov, Faurel, & Mohanram, 2017, Bollen, Mao, & Zeng, 2011, and Sprenger, Sand-
ner, Tumasjan, & Welpe, 2014). Our study advances this social media literature by carefully
examining the context and content of messages posted by one user — the highest-ranking gov-

ernment official in the largest economy in the world. The stock market impact of comments

3The paper by Zhang et al. (2017) is similar to our study because it also analyzes the impact of social
media posts by influential individuals. Our study differs from Zhang et al. (2017) in two ways. First, Zhang
et al. (2017) study the impact of posts by finance professionals whereas our study focuses on the President
of the United States who has broad powers to influence policy relevant to the companies. Second, Zhang et
al. (2017) use the number of posts to measure the impact on the stock market whereas our study carefully

analyzes the context and content of each tweet.



about specific companies by the President of the United States has not been studied in pre-
vious literature; Twitter provides a unique opportunity for this study because it streamlines
the data collection process by comprehensively recording all presidential comments made in

this media platform with precise timing of when the comments were posted.

II Twitter Data

Table 1 lists all tweets from @realDonaldTrump and @POTUS Twitter accounts used by Pres-
ident Trump that include the name of a publicly traded company.* The @realDonaldTrump
account with approximately 43 million followers is President Trump’s personal account. This
account was used during the presidential campaign, and it continues to be used after the
elections.” The tweets containing names of specific companies are almost always posted on
this account. Only three tweets containing the names of specific companies are posted on
the @POTUS account, the official account of the President of the United States with approxi-
mately 21 million followers that became available to President Trump after inauguration on
January 20, 2017.5 We include these three tweets from the @POTUS account in our analysis
for completeness.

The sample period is from November 9, 2016 to December 31, 2017. November 9, 2016 is
the beginning of the sample period because the presidential election took place on November
8, 2016. The first company-specific tweet appears on November 17, 2016. The last one

appears on December 29, 2017.

4We exclude tweets that mention media companies, such as CNN (owned by Time Warner Inc) and
New York Times (owned by the New York Times Company) because their impact on the stock market is
complicated by President Trump’s relationship with media.

5While there was some uncertainty at the beginning of President Trump’s term whether his social media
posts should be considered official presidential statements, this debate was put to rest during a press con-
ference on June 6, 2017 by Sean Spicer, then White House Press Secretary, who confirmed that President
Trump’s tweets are “official statements” (Spicer, 2017).

6Tweets created by President Obama, were archived into @P0TUS44 account.



Most of the tweets were posted outside of the United States stock market trading hours
— in the early morning, in the evening, on weekends or holidays — such as a tweet about
Rexnord on December 2, 2016 at 22:06. Therefore, in order to analyze the impact of the
tweets, we use daily stock prices, trading volume, volatility, and investor attention following
previous literature that also used daily data (for example, Demirer & Kutan, 2010 and Zhang
et al., 2017). Tweets that occur after the closing of the stock market at 16:00 Eastern Time,
on weekends or during holidays, are, therefore, assigned to the next trading day because that
is the day when investors in the U.S. stock market would be able to trade on the tweets.

When multiple tweets about the same company occur on the same day, the daily data
combine their effects. These tweets can happen over several hours (for example, tweets about
Carrier on November 29 and 30, 2016) or within a few minutes when a message is split into
multiple tweets (for example, tweets about SoftBank on December 6, 2016), which arises
from the character restriction that Twitter imposes on the tweet length.” Table 1 shows how
multiple tweets are combined into a single event in our study.

As stated in Section I, we analyze the impact of the tweets on the company stock price,
trading volume, volatility, and investor attention. Following previous literature described in
more detail in Section III.A, the impact on trading volume, volatility, and investor atten-
tion is not directional because tweets can increase trading volume, volatility, and investor
attention regardless of the tweets’ tone. The impact on stock price, however, is directional
because tweets that have a positive (negative) tone are expected to increase (decrease) the
price. Therefore, we have to classify the tone of the tweets as positive or negative.

We take two approaches to classifying the tone of the tweets. First, since our study focuses
on social media messages posted by one user, we are able to carefully analyze the specific
context and content of each tweet. In particular, we analyze each tweet to determine whether

President Trump expressed positive or negative tone toward the company.® Second, we apply

"The tweet length was limited to 140 characters until November 7, 2017 when it was expanded to 280
characters.

8There are no days that include multiple tweets with positive and negative tones about the same company.



a textual analysis utilizing the Google Cloud Natural Language API (Google APT hereafter),
a cutting edge tool that utilizes machine learning to reveal the meaning of the text and infer
the underlying sentiment. Consistent with previous literature, we also conduct additional
textual analysis using the Loughran and McDonald (2011) lexicon and the National Research
Council Canada Sentiment and Emotion Lexicon. Because the textual analysis using the
Google API and the lexicons agrees with our context-based classification, we report this
alternative classification method in the Appendix as a robustness check.

We analyze the content of each tweet in the context of previous statements that President
Trump repeatedly made during the election campaign about the topics of the tweets: keeping
jobs and manufacturing in the United States and bringing them back from other countries,
controlling government costs, repealing the Affordable Care Act, and lowering drug prices.
To determine the tone of the tweets related to jobs and manufacturing (tweet events #1-5,
7, 12-22, 28, 30-33, 35-40, and 44-47 denoted by “Jobs” in the Content column in Table 1),
we base the classification on the election campaign of keeping jobs and manufacturing in the
United States and bringing them back from other countries as stated in, for example, the 2016
Republican primary debate in South Carolina: “I'm going to bring jobs back from China.

I'm going to bring jobs back from Mexico and from Japan, where they’re all every country

9Previous studies of social media impact on the stock market analyze a large number of messages from
numerous users. The analysis in those studies, therefore, has to depend on algorithms that extract overall
sentiment from that “big data” and cannot take into account the specific context and actual content of the
individual messages. For example, Chen et al. (2014) use a negative words list compiled by Loughran and
McDonald (2011) and a methodology of using the fraction of negative words proposed by Tetlock, Saar-
Tsechansky, and Macskassy (2008) to analyze the Seeking Alpha investment-related website articles and
comments about the articles. Karabulut (2013) and Siganos et al. (2014) use the Gross National Happiness
index constructed by Facebook based on positive and negative words in the status updates of Facebook
users. Azar and Lo (2016) use a polarity score based on the positive, negative, and objective meanings in a
tweet. Bartov et al. (2017) use four measures to classify tweets as positive or negative including the negative
words list compiled by Loughran and McDonald (2011) and an enhanced classifier produced by Narayanan,
Arora, and Bhatia (2013). Bollen et al. (2011) use the OpinionFinder, a software tool for analyzing polarity

of sentences, and Google-Profile of Mood States for measuring mood in six dimensions.



throughout the world now Vietnam, that’s the new one.” (Republican Candidates Debate in
Greenville, South Carolina on February 13, 2016, 2016). Therefore, if a tweet commends a
company for keeping jobs and/or manufacturing in the United States or bringing them back
from other countries (for example, tweets about Ford on November 17, 2016), we classify
the tone as positive toward the company and denote it with 1 in the Code column. If a
tweet criticizes a company for moving jobs and/or manufacturing out of the United States
(for example, a tweet about Rexnord on December 2, 2016), we classify the tone as negative
toward the company and denote it with -1 in the Code column. The rationale for this
classification is based on repeated threats to punish companies by measures, such as an
import tax (for example, a tweet about General Motors on January 3, 2017). Note that this
textual analysis classification focuses on the tone of the tweet rather than potential economic
impacts that are likely to be complex. For example, a decision to keep a plant in the United
States may be advantageous for a company if the company is able to negotiate incentives,
such as tax breaks or reduced regulation, or disadvantageous if it forgoes the cost savings
from relocating to a country with lower production costs.!°

To determine the tone of the tweets related to controlling government costs (tweet events
#6, 10, 11, and 48), we again base the classification on the election campaign. In this case,
the election campaign focused on reducing government costs as stated in, for example, the
2016 Republican primary debate in Texas: “..Now, the wall is $10 billion to $12 billion, if
I do it. If these quys do it, it’ll end up costing $200 billion... Mexico will pay for the wall.”
(Republican Candidates Debate in Houston, Texas on February 25, 2016, 2016). Therefore, if
the tweet criticizes a company for providing goods and services to the government at high cost

(for example, a tweet about Boeing on December 6, 2016), we classify the tone as negative

10Whether companies actually benefit and face costs as described in the tweets remains to be seen. There
is some evidence that firms do benefit and face costs. For example, Waldmeir (2016) reports that Carrier
was able to negotiate a tax break for keeping jobs in the United States, and Capaccio and Cirilli (2017)
report that Boeing entered negotiations with President Trump to reduce the Air Force One cost. However,

other policies such as the border tax have not been implemented.



toward the company. If the tweet notes that a company may reduce the government’s costs,
we classify the tone as positive toward the company (for example, a tweet about Boeing on
December 22, 2016). Again, the rationale for this classification is based on threats to punish
companies by measures, such as canceling government orders (for example, a tweet about
Boeing on December 6, 2016).

To determine the tone of the tweets related to the Affordable Care Act (tweet events
#29, 34, and 41), we base the classification on the election campaign against this legislation
as stated in, for example, the third presidential candidate debate in Nevada: “And one thing
we have to do: Repeal and replace the disaster known as Obamacare.” (Presidential Debate
in Las Vegas, Nevada on October 19, 2016, 2016). Because the tweets are related to health
insurance companies exiting from the Affordable Care Act health exchange, we classify the
tone as positive toward the companies since President Trump considers being a part of the
health exchange as negative.

To determine the tone of the tweets related to drug prices (tweet events #42 and 43), we
base the classification on the election campaign against the high cost of drugs as stated, for
example, in a campaign rally in New Hampshire widely reported in the media (Krauskopf,
2016). Since these tweets are criticizing a pharmaceutical company for high drug prices, we
classify the tone as negative toward the company.

In addition to the above tweets related to the presidential campaign, there are seven
other tweets. Six tweets (tweet events # 8-9 and 23-26) are about company chief executive
officers (CEOs). Tweets # 8-9 are complimenting the CEO of ExxonMobil who became the
Secretary of State. Tweets # 23-26 comment on successful meetings with CEOs. All of
these tweets express a positive tone toward the companies and we, therefore, classify them
as positive. One tweet (tweet event #27) criticizes a retail company for dropping the fashion
line of Ivanka Trump, President Trump’s daughter; since the tweet expresses a negative tone
about the company, we classify it as negative.

If a tweet mentions more than one company, such as a tweet about General Motors



and Walmart on January 17, 2017, the tweet is listed twice to capture the impact on both
companies. This is important especially when a tweet is positive about one company and
negative about another company, such as a tweet about Lockheed Martin (negative) and
Boeing (positive) on December 22, 2016. Our dataset then includes the entire population of
President Trump’s company-specific tweets with a total of 48 events (combining 59 tweets).!!
Eleven are classified as having a negative tone toward the company, and 37 are classified as

having a positive tone toward the company.!?

III Empirical Strategy and Results

Section ITI.A reports the impact of the tweets on company stock returns, trading volume,
volatility, and investor attention. Section III.B documents how the impact varies between
the pre- and post-inauguration periods. Section III.C analyzes whether the impact on the

stock price on the day of the tweet is reversed in the following days.

A Stock Market Reactions to Presidential Tweets

We study the impact of the tweets on four variables: company stock returns, trading volume,
volatility, and investor attention. To measure the impact on returns, we obtain daily closing

stock prices, C;;,'® and compute the holding period return for each company i as R;; =

Cit—Ci 11

S stated in percentage. Table 2 reports the summary statistics. We compute excess

return as the return in excess of risk-free return, RF;, i.e., ER;; = R;; — RF;. We estimate
the Fama and French (1993) three-factor model. This model uses OLS to regress the excess

return on the stock market return, RM;, minus RF}, small-minus-big market capitalization,

11Some companies were tweeted about more than once, such as General Motors on January 3 and January
24. We verify that there is no difference in impact between the first and subsequent tweets.

12WWe present a robustness check in Section IV.B showing that negative and positive tweets to not differ
in their impact on the stock market.

13The company stock data are from Bloomberg.



SM B,, and high-minus-low book-to-market ratio, HM L;:'4
ERi,t = /6() + /Bl(RMt — RFt) + BQSMBt ‘I— B3HMLt ‘I— Ei,t' (].)

Since the parameters of this model change over time, we estimate them using a rolling window
of 126 trading days (about six months). MacKinlay (1997) recommends that the estimation
and event windows do not overlap. Therefore, we use data up until day t — 1 to estimate
the betas for day t. We then compute the abnormal return, stated in percentage, during our

sample period as follows:'®

ARy, = ER;y — [Bo + B(RM, — RF,) + BoSMB, + BsHM L. (2)

Controlling for the stock market return is especially important since the overall market rose
during our sample period.

To measure the impact on trading volume, we compute the abnormal trading volume,
AV, as the difference between the trading volume V;; and the mean trading volume of the

previous five days divided by the mean trading volume of the previous five days to control for

‘/'L',t _VAng,t
VAvrg,t

intra-week volume pattern similar to Joseph, Wintoki, and Zhang (2011): AV;; =
where Vgt = E{V—}t‘] and J = 5.16
To measure volatility of prices, we use the Rogers and Satchell (1991) range-based esti-

mator of volatility computed as:
67 = (Hy — Ci)(Hit — Oi) + (Lit — Cit)(Lis — Ou), (3)

where Oy, Cy, Hy, and L;; are the opening, closing, high, and low prices in natural log for

YRF,, RM,, SMB,;, and HLM, data are from Kenneth French’s website. We verify that results using
the Fama and French (2015) five-factor model and a single-factor market model are similar.

15Results with abnormal returns that are based on factor loadings estimated using the entire period from
January 1, 2016 to December 31, 2017 are very similar.

16The results with the full sample average as well as with J = 22, i.e., 22-day moving average, are similar.
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company ¢ on day t, respectively. We take the square root of this estimated variance and
multiply the resulting standard deviation by 100 to express it in percentage terms.

To measure investor attention, we use the Bloomberg institutional investor attention
measure described in Ben-Rephael, Da, and Israelsen (2017).}7 Bloomberg tracks how many
times Bloomberg users read articles and search for information about each company using
the company ticker. Bloomberg records hourly counts, compares the counts in the recent
eight hours to those in the previous 30 days and assigns a score of 0, 1, 2, 3, and 4 if
the average of the last eight hours is less than 80%, between 80% and 90%, between 90%
and 94%, between 94% and 96%, or higher than 96% of the hourly counts in the previous
30 days, respectively. The maximum hourly score for each calendar day is the daily score
shown on Bloomberg. Following Ben-Rephael et al. (2017), we construct a binary measure of
abnormal investor attention that equals 1 if the score equals 3 or 4, and 0 otherwise, so that
the abnormal investor attention captures the right tail of the investor attention distribution,
and a value of 1 represents an investor attention shock.

We then estimate a fixed effects panel model for abnormal returns:

AR;y = o+ Ty + 0; + g + viy, (4)

where 0; accounts for the company-specific fixed effects, 7, accounts for day-of-week fixed
effects proxied by indicator variables for the trading days in a week, and 7}, is the Twitter

variable described in Section I1.!8 There are 287 days and 27 companies. The resulting

17As an alternative measure of investor attention, we use the number of tweets about each company
calculated by Bloomberg based on data from Twitter and StockTwits, a social media site for sharing ideas
among investors, traders, and entrepreneurs. The results (available upon request) are similar to those based
on the Bloomberg institutional investor attention measure. Other papers, such as Da, Engelberg, and Gao
(2011), use Google Trends search volume data as a measure of investor attention. We do not use Google
Trends data because many observations are missing for the companies in our sample.

18Tn contrast to studies analyzing scheduled announcements that have to subtract market’s expectations
from the actual announcement to compute the announcement’s unexpected component, our empirical strat-

egy does not involve subtracting the expectations because the tweets are unscheduled and unexpected.
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number of panel observations is 7,749. As described in Section II, the Twitter variable
represents the positive (negative) tone expressed by President Trump toward the company.
If President Trump’s tweets affect the company stock price, we expect v; to be positive
because positive (negative) information about the company will increase (decrease) the stock
price.

Table 3 reports the impact of the tweets in the full sample period from November 9, 2016
to December 31, 2017. Column (1) shows the impact on abnormal returns. The positive
coefficient indicates that the stock price tends to increase (decrease) if the tweet is positive
(negative). The tweets on average move the stock price by approximately 0.80 percent. This
is an economically meaningful effect because the median daily absolute return and absolute
abnormal return are approximately 0.64% and 0.58%, respectively, per Table 2.

Next, we estimate a fixed effects panel model for abnormal trading volume:

AV, =00 + 61| Tyt + ¢i + pa + €in (5)

where ¢; and pg account for the company-specific, and day-of-week fixed effects, respectively.
We use the absolute value of the Twitter variable because we expect the tweets to increase
the trading volume regardless of whether their tone is positive or negative. This means that
we expect d; to be positive. Column (2) reports the results. We find that the tweets on
average increase trading volume by approximately 39 percentage points compared to the
average trading volume on the previous five days.

In Column (3), we estimate a fixed effects panel model in equation (5) where we use
volatility rather than trading volume as the dependent variable. Similar to trading volume
and consistent with previous literature (for example, Neuhierl, Scherbina, & Schlusche, 2013),
we expect an increase in volatility driven by President Trump’s tweets regardless of their
tone. Recall that volatility is measured by the standard deviation of daily returns multiplied
by 100. Its median and mean values are 0.83% and 0.97%, respectively, in Table 2. Therefore,

an average increase of (.31 percentage points is economically meaningful.
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Finally, we estimate a panel probit model of the abnormal investor attention on the
absolute value of the Twitter variable, |T;,|, with indicator variables for individual stocks.
Following previous literature on investor attention including Ben-Rephael et al. (2017), we
expect the presidential tweets, regardless of their tone, to raise investor attention. Column
(4) reports the marginal effects. The tweets (both positive and negative) on average increase
the probability of abnormal investor attention by 40 percentage points, suggesting that the
tweets capture investors’ attention.

One potential concern about specifications (4) and (5) is that the results could be driven
by unobserved company-specific events that occurred prior to the tweets. These events
could be unrelated to the topic of President Trump’s tweets (for example, unrelated news
about company earnings) or related to the topic of President Trump’s tweets (for example, if
President Trump’s tweets are merely reactions to news about these companies from television
and other news sources). Therefore, we follow Tetlock (2007) and include in our specification
five lags of abnormal returns, abnormal trading volume, volatility, and abnormal investor
attention to account for the possibility that President Trump and investors were responding
to the same recent attention-grabbing events. This augmented specification also accounts
for persistence that has been documented for volatility and trading volume (for example,

Fleming & Kirby, 2011). For abnormal returns, for example, the specification becomes:

ARy = yo+n T +7L5(AR; 1) +73L5(AVit) +74L5(64) +ys LS (ALTA; 1)+ 6, +Ta+vit, (6)

where L5 is a lag operator that transforms the variable into a row vector of its five lags. For
example, L5(AR; ;) denotes L5(AR; ;) = (AR; 41, AR; 12, AR;t—3, AR; 14, AR; 1_5). Corre-
spondingly, v on the lagged terms represents a vector of coefficients.

Table 4 reports results from these full specifications. We find that for all four dependent
variables the results are similar to those reported in Table 3. This suggests that the results
in Table 3 are not driven by investors systematically responding to attention-grabbing events

that took place on trading days prior to the presidential tweets. We come back to this point
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with an additional robustness check in Section IV.C. For the remainder of the paper, our
analyses and discussions are based on the specifications that include the full set of lagged
abnormal returns, abnormal trading volume, volatility, and abnormal institutional investor
attention.’

To gauge the potential wealth creation or destruction as a result of the presidential tweets,
we multiply the abnormal return of each firm on the day of the tweet by the Code variable.
We then multiply this sign-adjusted abnormal return by that firm’s market capitalization on
the previous business day.?° The mean (median) impact of a tweet amounts to $949 million
($364 million), an economically significant impact.?! The mean impact of presidential tweets
on firm value is statistically different from zero at 1% significance level based on both the

t-test and the signed rank test.

B Pre- vs. Post-Inauguration

Our sample comprises two distinct periods: from the election to the inauguration (November
9, 2016 to January 19, 2017) and from the inauguration to the end of our sample period
(January 20, 2017 to December 31, 2017). We analyze whether the impact of tweets differs
between the periods. We repeat the analysis in Section III.A while including an indicator
variable, I;, equal to 1 if the event falls into the post-inauguration period and 0 otherwise,

and a term interacting the Twitter variable with this indicator variable. For example, for

9Note that the relatively low R? values in our tables follow from our choice of the time-series regression
approach. The tweets are fairly rare events and, therefore, they may not explain behavior of the dependent
variables over the whole sample period. In spite of this, we prefer the time-series regression approach (rather
than the event study regression approach) because it allows us to include control variables such as lagged
values of the dependent variables and days of the week to be consistent with previous literature.

20In this calculation, we include only firms with common stock data in the CRSP database. For example,
this calculation excludes firms with American Depositary Receipts such as Toyota. 22 of the 27 firms in our
sample are included in this calculation. This means that 42 out of 48 events are included in this calculation.

21Tn addition, we separately compute the economic impact of positive and negative tweets and find that
the mean (median) economic impact amounts to $931 million ($364 million) for positive tweets and $1,004

million ($335 million) for negative tweets.
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abnormal returns we estimate:

AR;y = v + Tt + 12 L5(AR; ) + v3L5(AV;s) + 74 L5(6:) + v L5(AITA,; )

+y6le + v Lip * I+ 0; + Ta+vig, (7)

where 6; and 7, account for the company-specific and day-of-week fixed effects, respectively,
and 7 on the lagged terms again represents a vector of coefficients. Table 5 presents the
results.?? The coefficient on the Twitter variable, v;, measures the impact during the pre-
inauguration period. The signs on the coefficients for all four dependent variables are the
same as in the full sample period, indicating that the tweets move the variables in the same
direction in the pre-inauguration period as in the full sample period. The magnitude of the
coefficients is larger than in the full sample period. For example, the tweets on average move
the company stock price by approximately 1.21 percent compared to 0.80 percent in the full
sample period.

The post-inauguration interaction term tests whether the difference between the pre-
and post-inauguration results is statistically significant. A negative sign on the coefficient
~7 indicates that the impact of the tweets is lower in the post-inauguration period than in
the pre-inauguration period. This is indeed the case for the coefficient estimate on abnormal
returns. The coefficient sum reports the sum of the coefficients on the Twitter variable
and the post-inauguration interaction term and shows the impact in the post-inauguration
period. Overall, the results indicate that although investors may still be paying attention to
the tweets, the impact on stock price has lessened in the post-inauguration period.

Two potential explanations exist for the decline in market reaction after the inaugura-
tion. First, the information content of President Trump’s tweets has changed. Second, in

addition to Twitter and public appearances, such as speeches that were already available

22Estimating specifications in Table 4 separately for the pre-inauguration and post-inauguration sub-
samples produces results similar to those in Table 5; estimating both periods jointly in Table 5 allows us to

show the statistical significance of changes in the impact after the inauguration.
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to then President-elect Trump before inauguration, other communication channels with the
markets, such as presidential executive orders, memoranda, and press releases, have become
available since inauguration. These channels could lessen the Twitter impact if investors
consider them more influential. We review all presidential executive orders, press releases,
and memoranda from the post-inauguration period (January 20, 2017 - December 31, 2017).
We do not find any presidential executive orders that include a name of publicly traded
company. We find only two press releases (The White House (2017¢) and The White House
(2017d) about ExxonMobil and Broadcom Limited on March 6, 2017 and November 2, 2017,
respectively) and two memoranda (The White House (2017a) and The White House (2017b)
about Keystone XL and Dakota Access pipelines owned by Energy Transfer Partners and
TransCanada Corp, respectively, on January 24, 2017) that mention companies from our
sample. This may be because presidential executive orders, press releases, and memoranda
are official channels vetted by other cabinet members or White House staff as opposed to
coming directly from President Trump. Since information about 44 out of our 48 events
appears to have been communicated solely via the tweets in our sample,?® the explanation
of the new communication channels lessening the Twitter’s influence does not appear to
contribute to the market reaction changing after inauguration.

This leaves the first explanation as the likelier explanation for the changing market
reaction. Changes in the informational content of the tweets could be due to the nature of
the tweets changing or the fact that the initial presidential tweets (by then President-elect)
about specific companies took the market by surprise because his predecessor, President
Obama, did not post company-specific tweets. Therefore, President Trump’s tweets were
likely unexpected attention-grabbing events. After some time, however, investors might have
grown accustomed to the tweets and do not react as strongly any more. This is a plausible

explanation in view of the delays in implementing the presidential campaign objectives, such

23This conclusion comes with the caveat that company-specific statements could have been made via other

means that we were unable to find.
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as imposing a border tax on imports and repealing the Affordable Care Act.

C Do Tweets Have a Permanent Effect on Stock Returns?

Section ITI.A shows that President Trump’s tweets move the company stock price on the day
of the tweet. However, investors may initially overreact or underreact to presidential tweets.
Price reversals have been documented in numerous studies. For example, Greene and Smart
(1999) show that analyst coverage of companies in a Wall Street Journal column creates only
a temporary pressure on price by raising uninformed noise trading. Tetlock (2007) shows
that the effect of media pessimism on the stock market reverses over the following trading
week. Barber and Odean (2008) point out that attention is a scarce resource and show
that individual investors buy stocks that catch their attention. Tetlock (2011) shows that
investors react to stale news, resulting in temporary stock price movements.

To test for continuing price adjustment on the following days, we repeat the analysis of

Section III.A while including lags of the Twitter variable:

J
ARy =0 + Z ViTipr1—5 + v L5(AR; ) + v L5(AViy) + 9 L5(6it) + 0 L5(AITA; )

=1

+ 91 + Tq + Vit (8)

where we use J = 6 to control for weekly patterns, and v on the lagged terms again represents
a vector of coefficients.?*

Column (1) of Table 6 reports the results. The coefficient on the contemporaneous term
is of the same sign with similar magnitude and statistical significance as the one reported in
Table 4. We do find some evidence toward price reversal. The test of the sum of the coef-
ficients on the contemporaneous and lagged terms is not statistically significant, suggesting
that the initial impact on the day of the tweet is reversed on the following days. In addi-

tion, the test of the sum of the coefficients on the lagged terms is negative and statistically

24We verify that using longer lags does not affect the results.
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significant at 10% level, again suggesting that there is some reversal of the initial price effect.

We note that only the third lag is statistically significant on its own. This is an unex-
pected result that could be driven by outliers. Therefore, we repeat the analysis with the
Huber (1973) outlier robust regression (M-estimation) and present the results in Column
(2). The third lag is no longer significant, which suggests that its statistical significance in
Column (1) is driven by outliers. The results of the tests of coefficient sums share the same
directions with the OLS results, although the sum of the coefficients on the lagged terms is
no longer significant.

We, therefore, conclude that there is some evidence that the effect of tweets on returns
is temporary. It is possible that President Trump’s tweets direct investors’ attention to the
company. The resulting demand shock may then temporarily push the price away from
fundamentals; however, this mispricing is corrected in the following days as the investor
attention fades. The market response on the day of the tweet likely represents an over-
reaction. This is also consistent with Seasholes and Wu (2007) who show that individual
investors buy stocks as a result of attention-grabbing events and rational traders profit from

this attention-caused buying.

IV Robustness Checks

We already noted in Section II that our results are robust to alternative classifications of
the tweet tone. We also noted in Section III.A that our results for returns are robust to
using the market-adjusted return and the Fama and French (2015) five-factor model (rather
than the three-factor model based on Fama and French (1993)) as well as estimating factor
loadings in equation (1) using the entire period from January 1, 2016 to December 31, 2017.
We also confirmed that the results for trading volume are robust to computing the abnormal
trading volume using the full sample average as well as the 22-day moving average that

accounts for monthly volume patterns (rather than five-day moving average that accounts
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for weekly volume patterns). We verified that the impact of tweets on investor attention
is similar when an alternative measure of investor attention (the number of tweets about
each company calculated by Bloomberg based on data from Twitter and StockTwits) is
used. Furthermore, we re-estimated all specifications using standard errors double-clustered
by firm and time, as suggested in Petersen (2009). The results of these robustness checks
are similar and available upon request. This section presents additional robustness checks.
Section IV.A verifies that our results are not driven by outliers, Section IV.B shows that
the results do not differ between positive and negative tweets, and Section IV.C considers a

potential effect of other news.

A Outlier-Robust Regression

Our analysis employs the entire population of President Trump’s 48 company-specific tweet
events. In this sense, our study follows other studies that use samples of similar sizes.
For example, Brooks, Patel, and Su (2003) analyze the effect of 21 industrial accidents,
and Lamont and Thaler (2003) analyze the effect of 18 stock carve-outs. We conduct two
robustness checks to verify that our results in Sections III.A and ITI.B are not influenced by
outliers.

First, we repeat the analysis of Sections III.A and III.B with the Huber (1973) outlier
robust regression (M-estimation). Table 7 reports the results for the full sample period in the
top panel and for the pre-inauguration and post-inauguration periods in the bottom panel.?
The results for returns, trading volume, and volatility are qualitatively similar to those from
the least squares panel regression reported in Tables 4 and 5. We also find that, after
accounting for outliers, the market response to presidential tweets is significantly stronger

in all three variables in the pre-inauguration period. Overall, the results from the outlier

25The Huber (1973) outlier robust regression (M-estimation) does not apply to nonlinear regression models,
such as the panel probit model that we use for estimating the impact on abnormal investor attention.

Therefore, Table 7 reports results only for returns, trading volume, and volatility.
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robust regression show that our findings are not driven by outliers. In spite of this, we prefer
reporting the least squares results in Sections II1.A and IT1.B because that methodology uses
a panel estimation accounting for the correlation of errors across firms whereas the outlier
robust regression in Table 7 uses indicator variables for individual companies.

Second, as an additional robustness check, we winsorize variables at 1% and 99%. We
winsorize only abnormal returns, abnormal trading volume, and volatility because the insti-
tutional investor attention variable only takes on values of 0 and 1. We repeat the analysis
of Tables 4 and 5. The coefficients on the Twitter variable show the same sign as well as
similar magnitude and statistical significance as in Tables 4 and 5, again suggesting that our

results are not driven by outliers. These results are available upon request.

B Asymmetries between Positive and Negative Tweets

Several previous papers studying the impact of media on the stock market find that negative
sentiment in the media is especially related to the stock market activity. For example,
Tetlock (2007) uses data from a Wall Street Journal column to show that high pessimism in
the media predicts a downward pressure on the stock market prices that reverses during the
next few days, and abnormally high or low pessimism predicts high stock market trading
volume. Chen et al. (2014) show that the fraction of negative words in the Seeking Alpha
investment-related website articles and comments about the articles negatively predict stock
returns. Therefore, we test whether negative and positive tweets in our sample differ in their
impact on returns, trading volume, volatility, or investor attention.

We repeat the analysis of Section III.A while including a term interacting the Twitter
variable with an indicator variable equal to 1 if the tweet is negative and 0 otherwise. Table 8
reports the results. Although the response appears to be larger in positive tweets (an increase
of 0.93% in returns) than negative tweets (a decrease of 0.37% in returns computed as the
sum of the Twitter variable and interaction term coefficients), the difference (measured by

the interaction term) is not statistically significant. With the caveat of a small sample size
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(because only eleven tweet events are classified as negative), this result suggests that negative
and positive tweets do not differ in their impact. This result is similar to Williams (2015)
who finds that the reaction to good and bad earnings news becomes asymmetric only in
times of high ambiguity measured by large increases in the VIX. The VIX was relatively low
during our sample period (the daily average of approximately 11 compared to, for example,
the daily average of approximately 19 during the period from January 1990 to December
2017).

C Tweets as Reactions to Related News

We already mentioned in Section III.A a potential concern about the results from specifi-
cations (4) and (5) being driven by unobserved company-specific events that occurred prior
to the tweets. These events could be unrelated to the topic of President Trump’s tweets
(for example, unrelated news about company earnings) or related to the topic of President
Trump’s tweets (for example, if President Trump’s tweets are merely reactions to news about
the companies from television and other news sources). In specification (6), we included five
lags of abnormal returns, trading volume, volatility, and investor attention to account for the
possibility that President Trump and investors are responding to the same recent attention-
grabbing events that took place on trading days prior to the presidential tweets. In this
section, we provide another robustness check.

We conduct a comprehensive search for any company-specific news on or before the day
of the tweets using the Factiva Global News Database, a leading provider of financial and
economic news with more than 30,000 sources ranging from traditional media to websites
and blogs. The search interval is as follows: 1) if the tweet was posted during trading hours,
the search interval ranges from three business days prior to the tweet to the day of the tweet;
2) if the tweet was posted outside trading hours or within two hours from the end of trading

hours, the search interval ranges from three business days prior to the tweet to the business
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day following the tweet.?

While 18 of our presidential tweet events do not have preceding related news events, we
find that the other 30 tweet events could perhaps be responses to preceding related news
events,?” which is not surprising because the President of the United States does not tweet
in a vacuum. We, therefore, repeat the analysis from Section III.A for each of these two
subsamples. This analysis controls for events not only on days prior to the presidential tweet
but also earlier in the day on the day of the tweet.

Table 9 presents the estimated coefficients. Regardless of whether the President’s tweets
are preceded by related news, we find significant market responses in all four columns. While
this analysis is subject to the small-sample caveat, the fact that the results hold for the
subsample of tweets that are not preceded by related news indicates that President Trump’s

tweets indeed generate a reaction in the stock market.?8

V Conclusion

We analyze the impact of presidential tweets about specific companies. We document that
the tweets move stock prices and increase trading volume, volatility, and institutional investor
attention. We also find that the impact was stronger before the presidential inauguration

on January 20, 2017. There is some evidence that the impact on the stock price on the

26Details about the Factiva news database searches are available upon request.

27 Another potential scenario is the presidential tweets attracting news coverage, which in turn leads to
the stock market reaction. This is not an issue for us because the purpose of our paper is to identify the
overall market impact of the tweets including the impact due to subsequent media coverage of the tweets.

28 As a separate check, we analyze then candidate Trump’s company-specific tweets from the year preceding
the presidential election (November 9, 2015 - November 8, 2016). These tweets have no statistically significant
effect on stock prices, trading volume, volatility, or investor attention. The lack of market reaction may be due
to pre-election polls repeatedly favoring candidate Hillary Clinton as documented by, for example, Zurcher
(2016) or due to the candidates not possessing powers to implement policy and the market believing that
the election promises will not be fulfilled. These results suggest that it is the presidential tweets that drive

the market reaction. These pre-election tweets and results are available upon request.
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day of the tweet is reversed by price moves on the following days. These findings raise the
policy question of whether it is optimal for high-ranking government officials to communicate
industrial policy by making statements about specific companies since such statements can
potentially instantly create or wipe out hundreds of millions of dollars in shareholder value.

This topic lends itself to further research when a larger population of presidential tweets
becomes available. Future research could investigate whether certain industry or firm-level
attributes make the tweets particularly influential. For example, some industries may be
more influenced by the tweets due to their dependence on government contracts (such as the
defense industry) or bailouts (such as the automobile industry). Likewise, the size of the
targeted company could play a role in explaining the stock market reaction. Also, if more
tweets occur during the stock market trading hours, a comprehensive analysis of intraday
data will reveal high-frequency moves that are likely to be interesting. Finally, as Twitter
is becoming more popular, it will be interesting to compare the impact of the tweets by the

President of the United States to tweets by other politicians and celebrities.

23



References

Azar, P. D., & Lo, A. W. (2016). The wisdom of Twitter crowds: Predicting stock market
reactions to FOMC meetings via Twitter feeds. The Journal of Portfolio Management,
42(5), 123-134.

Barber, B. M., & Odean, T. (2008). All that glitters: The effect of attention and news on
the buying behavior of individual and institutional investors. The Review of Financial
Studies, 21(2), 785-818.

Bartov, E., Faurel, L., & Mohanram, P. S. (2017). Can Twitter help predict firm-level
earnings and stock returns? The Accounting Review (in press).

Begley, S. (2017). Trump wasn’t always so linguistically challenged. What could explain the
change? STAT, May 23, 2017. Retrieved on November 15, 2017, from www.statnews
.com.

Ben-Rephael, A., Da, Z., & Israelsen, R. D. (2017). It depends on where you search:
Institutional investor attention and underreaction to news. The Review of Financial
Studies, 30(9), 3009-3047.

Bollen, J., Mao, H., & Zeng, X.-J. (2011). Twitter mood predicts the stock market. Journal
of Computational Science, 2(1), 1-8.

Brooks, R. M., Patel, A., & Su, T. (2003). How the equity market responds to unanticipated
events. The Journal of Business, 76(1), 109-133.

Capaccio, T., & Cirilli, K. (2017). Trump talks on Air Force One cost make progress, Boeing

CEOQO says. Chicago Tribune, January 17, 2017. Retrieved on February 10, 2018, from

24



www.chicagotribune.com.

Chan, W. S. (2003). Stock price reaction to news and no-news: Drift and reversal after
headlines. Journal of Financial Economics, 70(2), 223-260.

Chen, H., De, P., Hu, Y. J., & Hwang, B.-H. (2014). Wisdom of crowds: The value of stock
opinions transmitted through social media. The Review of Financial Studies, 27(5),
1367-1403.

Da, Z., Engelberg, J., & Gao, P. (2011). In search of attention. The Journal of Finance,
66(5), 1461-1499.

Demirer, R., & Kutan, A. M. (2010). The behavior of crude oil spot and futures prices around
OPEC and SPR announcements: An event study perspective. Energy Economics,
32(6), 1467-1476.

Dougal, C., Engelberg, J., Garcia, D., & Parsons, C. A. (2012). Journalists and the stock
market. The Review of Financial Studies, 25(3), 639-679.

Engelberg, J. E., & Parsons, C. A. (2011). The causal impact of media in financial markets.
The Journal of Finance, 66(1), 67-97.

Ewalt, D. M. (2016). The world’s most powerful people 2016. Forbes, December 14, 2016.
Retrieved on July 1, 2017, from www.forbes.com.

Fama, E. F., & French, K. R. (1993). Common risk factors in the returns on stock and
bonds. Journal of Financial Economics, 33(1), 3-56.

Fama, E. F., & French, K. R. (2015). A five-factor asset pricing model. Journal of Financial
Economics, 116(1), 1-22.

Fang, L., & Peress, J. (2009). Media coverage and the cross-section of stock returns. The
Journal of Finance, 64(5), 2023-2052.

25



Fleming, J., & Kirby, C. (2011). Long memory in volatility and trading volume. Journal of
Banking € Finance, 35(7), 1714-1726.

Gibbs, N. (2017). The 100 most influential people in the world 2017. Time, April 20, 2017.
Retrieved on July 1, 2017, from www.time.com.

Greene, J., & Smart, S. (1999). Liquidity provision and noise trading: Evidence from the
“Investment Dartboard” column. The Journal of Finance, 5/, 1885-1899.

Huber, P. J. (1973). Robust regression: Asymptotics, conjectures and Monte Carlo. Annals
of Statistics, 1(5), 799-821.

Joseph, K., Wintoki, M. B., & Zhang, Z. (2011). Forecasting abnormal stock returns and
trading volume using investor sentiment: Evidence from online search. International
Journal of Forecasting, 27(4), 1116-1127.

Kaissar, N. (2017). Trump’s tweets aren’t stock tips. Bloomberg, January 24, 2017. Retrieved
on January 24, 2017, from www.bloomberg. com.

Karabulut, Y. (2013). Can Facebook predict stock market activity? Working Paper.

Krauskopf, L. (2016). Trump drug cost comments raise new risks for pharma stocks. Reuters,
January 26, 2016. Retrieved on November 14, 2017, from www.reuters.com.

Lamont, O. A., & Thaler, R. H. (2003). Can the market add and subtract? Mispricing in
tech stock carve-outs. Journal of Political Economy, 111(2), 227-268.

Loughran, T., & McDonald, B. (2011). When is a liability not a liability? Textual analysis,
dictionaries, and 10-Ks. The Journal of Finance, 66(1), 35-65.

MacKinlay, A. C. (1997). Event studies in economics and finance. Journal of Economic
Literature, 35(1), 13-39.

Narayanan, V., Arora, 1., & Bhatia, A. (2013). Fast and accurate sentiment classifica-

26



tion using an enhanced Naive Bayes model. In Yin H. et al. (Ed.), Intelligent Data
Engineering and Automated Learning - IDEAL 2013. Heidelberg: Springer.

Neuhierl, A., Scherbina, A., & Schlusche, B. (2013). Market reaction to corporate press
releases. Journal of Financial and Quantitative Analysis, 48(4), 1207-1240.

Peltz, J. F. (2017). When Trump tweets, Wall Street trades - instantly. Los Angeles Times,
January 16, 2017. Retrieved on November 22, 2017, from www.latimes.com.

Petersen, M. A. (2009). Estimating standard errors in finance panel data sets: Comparing
approaches. The Review of Financial Studies, 22(1), 435-480.

Presidential Debate in Las Vegas, Nevada on October 19, 2016. (2016). Retrieved on Septem-
ber 8, 2017, from http://www.presidency.ucsb.edu/ws/index.php?pid=119039.

Republican Candidates Debate in Greenville, South Carolina on February 13, 2016. (2016).
Retrieved on July 1, 2017, from www.presidency.ucsb.edu/ws/index.php?pid=
111500.

Republican Candidates Debate in Houston, Texas on February 25, 2016. (2016). Retrieved
on July 1, 2017, from www.presidency.ucsb.edu/ws/index.php?7pid=111634.
Rogers, L., & Satchell, S. (1991). Estimating variance from high, low and closing prices.

The Annals of Applied Probability, 1(4), 504-512.

Seasholes, M. S., & Wu, G. (2007). Predictable behavior, profits, and attention. Journal of
Empirical Finance, 14(5), 590-610.

Siganos, A., Vagenas-Nanos, E., & Verwijmeren, P. (2014). Facebook’s daily sentiment and
international stock markets. Journal of Economic Behavior € Organization, 107 (B),
730-743.

Spicer, S. (2017). Press Conference of White House Press Secretary on June 6, 2017.

27



Retrieved on July 1, 2017, from www.c-span.org.

Sprenger, T. O., Sandner, P. G., Tumasjan, A., & Welpe, I. M. (2014). News or noise? Using
Twitter to identify and understand company-specific news flow. Journal of Business
Finance € Accounting, 41(7-8), 791-830.

Tetlock, P. C. (2007). Giving content to investor sentiment: The role of media in the stock
market. The Journal of Finance, 62(3), 1139-1168.

Tetlock, P. C. (2011). All the news that’s fit to reprint: Do investors react to stale informa-
tion? The Review of Financial Studies, 24(5), 1481-1512.

Tetlock, P. C., Saar-Tsechansky, M., & Macskassy, S. (2008). More than words: Quantifying
language to measure firms’ fundamentals. The Journal of Finance, 63(3), 1437-1467.

The White House. (2017a). Memorandum of January 24, 2017 Construction of the Dakota
Access Pipeline. Federal Register, 82(18). Retrieved on March 26, 2017, from www
.whitehouse.gov.

The White House. (2017b). Memorandum of January 24, 2017 Construction of the Key-
stone XL Pipeline. Federal Register, 82(18). Retrieved on March 26, 2017, from
www.whitehouse.gov.

The White House. (2017c¢). President Trump congratulates Exxon Mobil for job-creating
investment program. The White House Press Release, March 6, 2017. Retrieved on
September 13, 2017, from www.whitehouse.gov.

The White House. (2017d). Remarks by President Trump in jobs announcement. The
White House Press Release, November 2, 2017. Retrieved on February 8, 2018, from
www.whitehouse.gov.

Vega, C. (2006). Stock price reaction to public and private information. Journal of Financial

28



Economics, 82(1), 103-133.

Wagner, A. F., Zeckhauser, R. J., & Ziegler, A. (2017). Company stock reacts to the 2016
election shock: Trump, taxes and trade. Mossavar-Rahmani Center for Business &
Government Associate Working Paper Series.

Waldmeir, P. (2016). Carrier to get up to $7m in state aid from jobs deal with Trump.
Financial Times, December 1, 2016. Retrieved on February 10, 2018, from www.ft
.com.

Wang, C. (2016). Lockheed Martin shares take another tumble after Trump tweet. CNBC,
December 22, 2016. Retrieved on June 21, 2017, from www.cnbc.com.

Williams, C. D. (2015). Asymmetric responses to earnings news: A case for ambiguity. The
Accounting Review, 90(2), 785-817.

Zhang, Y., An, Y., Feng, X., & Jin, X. (2017). Celebrities and ordinaries in social networks:
Who knows more information? Finance Research Letters, 20(February), 153-161.

Zurcher, A. (2016). US election: Is Trump or Clinton going to win? BBC' News, November

7, 2016. Retrieved on July 1, 2017, from www.bbc.com.

29



I [0IU0D 1800)

jI9pI0
[90UR)) "UOI[[Iq § URY) 9IOW ‘[OIJUOD JO JNO dIR SIS0 JN( ‘SIUSPI
-so1d 2In9nJ I0J oU() 9210 Iy LJ), MOU puelq ' Surping st Sumog

¢S'8

91/90/21

(vg) Suog

I- sqor

joI0W
ON ‘A19umod Imo Ioao [e Surueddey ST SIYJ, ‘SIofIom ()¢ SIT JO [[e
SULIY A[SNOIIA IoY)el PUR OIIXJJN 0} SUIAOUL SI RURIPUJ JO PIOUXOY

90-¢¢

91/20/21

(NXY) plouxey

T sqor

T sqor

'Oy Jorire)) jo o[doad [nyIepuom pue SUIIOM pPIRY

9([} 199UI PUR RURIPUJ JO 9)R1G JBAIL) S} I0J 9ARI[ 0} APeal SUI})or)
[{STOUOI}TPUOD ITe AURW [[9S [[IM AJY ], "IOLLIR)) JO SIONIOM )ROI3

9} 1M 9 0} I9PIO Ul MOILIOWO} RURIPU] 0} SUIOS 0] PILMIO} OO

8¢:60

8¥-¢c

91/10/21

91/08/11

q(XLN) etorre)

(XLN) etorre)

I sqor

T sqor

T sqor

1 sqof

“euerpu] ut jue[d IotLre)) oY) e sqol )01 Suraes £q ‘00)
‘1ox10m-01d soy WSIu Aepson, pomoys dwniy, preuo(] 199[o-JuapIsalJ
mg  ssoursng-oxd oq 03 weorqndoy] € I0j UOWWOOUN J0U S|

-oouad”oNut SNTOAJAH %3 dumarpre

-uo(qresr SN ILOHAJH# 10] oSessowl ' sey oym -oohojdwe IoLLIR)) /M
£500(1oA01G AQ SPUSLIJPULRXO] UO MOIAIDIUI JBII) OUIARIQUR((D) T3
IoLLIR))

syuey [, 'S ) @yl ut sqol pue soruedurod o dooy [[im 9A\ 91eIS [NIIop
-TIOM JR[Y} JO SIOYIOM JRSIS S} pPUR RURIPUI I0] AepsinyJ, U0 Aep Sig
ERE R

I0J [eop eoIr) ‘stodeuripu] ul Surde)s ')’y IOLLIR)) SUILIOOUOD JUS
-oounouue Jofeur ® oyewW 0} AePSINYJ, UO BURIPU] 0} SUIOF o [[IM |

00-CT

1671

04:¢¢

ljiged

91/0¢/T1

91/08/11

91/62/11

91/62/T1

q(X1N) elorire)

q(XLN) etorre)

(XLN) elorre)

(XLN) etorre)

T sqor

juoos mouy TTA\

- SSHYDOUd DONIMYIN “(euetpur) ") o3 ut Aejs o3 Luedwo)
")V IOLLIRY) 198 0) SUIAI) ‘SUIAISS{URY T, UO USAS ‘pIRY SULYIOM UIe |

IT-:0T

91/¥2/11

(XLN) plotre)

1 sqof

T sqor

joUI UI 90UDPYUOD IO} I0J AYONIUSY] JO 93RIG 18IS 9Y) 0) J1 POMO |
“Apongjuey ur yuerd uoour o) dooy 03 PIOq I YIM pIRY POsIom |
OJIXOIN OU

- Axpnjuay] ur jue[d ujooury oY) Surdooay oq [[IM O Jey) oW PISsIApe
oym ‘pIoq JO URULIRY)) ‘PIOJ [[Ig PUSL] AW WOIJ [[RD ® 03 SN[

ST-1¢

10:T¢

91/L1/11

91/L1/11

(1) p1og

(1) p1og

apo) L CL1i (o))

190M T,

owL,

are(q

IXPLY, 7y Auedwo)

$399M T, JO 9SIT T 9[qBL,

30



I sqor LT Pa0qe se oureg 916 L1/60/10 (d) paog
i Ferq
23 plog nofk yuey], 0orxdpy ul juerd refop NOITTIE © Supimq jo

I SqOf 9T  PeOISUI "S'[) pue USRI Ul puedxd [[Im J1 1Ry} YoM ISe pres P10 9T:6 L1/60/10 (VD) WsLrg) rerg
" I9%Je
SII, "sqol 0p0z Sutppe ‘syuerd omQ pue weSHPIN W NOITIIIT$

1 sqor 91  1seaur o sue[d peounouur 1snl 1[sL1q)) jerq - sutueddey A[euy s3] FI:6 21/60/10  (AVD) IISAIY) o1
xR
Topioq 31q Ard 10 g ) ut yuerd prmg jAVA ON "S() I0J SIed B[[0I0))

1- Sqof QT  PIINq 0} ‘0dIxdIy ‘eleg ur jue[d mou e pling [[Im pres I0J0J\ BIOAOT, FI:€] 21/60/10 oq(INL) BY040T,
MOT[O]
09 dI0W PNW - Juruurdaq oy jsnl st sIy [, ‘g ) 29Uyl ur sqol mau (0L

1 sqor  FI  Suryeard pue odxay url jue[d meu v Surdderos 10 p1og 03 nok JueyJ, GI:8 L1/%0/10 () p1og
Sowrod dumnig, 09

1 sqor €T onp WeSIYIN ul jseaur ‘que[d 0dIXoy deIds 0} pIo] :OUARdSUR(D),  FFTT L1/€0/10 () PIog
jX®e) IopIoq
81q Aed 10°y°'G ) Ul oR]N "IOPIOQ SSOIOR 99I] XB)-SIO[ROD Ied "GN

1- Sqor gl 0% 9zZNnI)) AA9Y)) JO [oPOUWL 9PRUI URIIXOJN SUIPUSS ST SIOJOJN [RISUOLY)  ()€:/, L1/€0/10  (IND) SIOI0JN [elouosr)

(L)

1- [013109 3507y TT ‘oA0qR se swreS  9giLT 91/e¢/c1  unIeN POdUOOT]
jjouroy Iodng
QT-4 o[qereduwiod e Mo-0011d 0} 3ULOY poyse dARY [ ‘G- UILIRIN

1 [0IYU0D 9S00) (T POOYNQ0T 9Y} JO SUNIIDAO }SOD PUR )SOD SNOPUIWIAI} 9} UO PIsey  9g:L] 91/22/21 (vg) Suwog
"91e1G JO
A1010109G 9q 0} ‘[IqONUOXXS] JO OH)) PU® UBULIIRY) ‘UOSIOIL], X0y

1 SOAD 6 ‘PlIOm oY) JO SIOPBI[ SSOUISN] 1BOIS A[NI) 9} JO OUO UISOUD dARY [  €F:9 91/¢1/21 (INOX) IqOINUOXXT]
jpounj
Arlg -IoxRuwIRap pue IoArR[d sse[d P[IOM ® ST ‘[IqOINUOXXH JO OHD 23

! SQHD 8  URWLIRYY) oY) ‘WOSIA[L], XY - 9I®R)S,, I0] JOU IO WY 95007 [ WYIYM  6Z:0T 9T/11/21 (INOX) TONUOXXH
jzon

I sqof L -99[d A1) uoMm jou (duwmiy,) oM PeY SIY) OP oAU P[NOM oY Pres @St 0TFT  91/90/CT  oq(ALLAS) Mwedijos
“'sqol mau ())0‘0g pPu® SOSSOUISN( PIeMO)

1 SqOf L "S’() AU UL UOI[[I (G 1S0AUT 09 poarse ser uedef Jo (urgljos) eselN  60:71 91/90/2T  »q(AALAS) TUedyos

31



iSO o) Yoe(q SUISULI] d91,0MMOU

1 sqor  T1¢  WSu A1punoo o) urdeoms wstuarjdo Jo urds o[qIpaIdul U ST 818 ], £F:8] 21/90/€0 wGZOvO [IqONUOXX]
jROLIOWNY ‘UTRSR SUTUUIM APROI[R IR OA\ “JUOUIISOAUL UOI[[Iq ()¢ "UOLS

1 Sqor € -0l 3seo)) JNK) ‘S () oY) ul sqol Surmjornuew 23 UOIPONIISUOd 000Gy 39T 21/90/€0 (INOX) TIqOINUTOXXH
WRIS0IJ JUOUI)SOA

I sqof  T¢ -uJ SunedI)-qof I0J [IOIN UOXXY soje[nyersuo)) dumiy, juopserd, 6T:9T  L1/90/€0  (INOX) [IGOINUOXXH
“)1 03 pIemioj Yoo jsqol e} pue Suwog

T sqor (¢ U¥m owry puads 0} IOPIO UL ‘BUIOIR)) INOG ‘UOISIILY) 03 SUIOY) 8¢9 L1/21/20 (vd) Suwog

I VOV 68 ooe[doypuyeedoy# [eadg yjea(], ut ereorwreq() QD PURY  FE:9T  LT/ST1/20 (LAV) eusoy
JsI ROty # iSO PUe NOLLVAONNI testouy ul (NOITTId

I SQO[ 8¢  L§) YUAUNSOAUL 1€0I8 Y [OIU[D JO QW) PIURZIY] Welrg NOA Nuey], gg:pT  L1/80/¢0 oq(DINI) W]
iPIqUIR,
dwniy, jsury) 1S oy) op 0} awr Surysnd sAeme — uosiod JeaIs e SI 9Yg

1- BYURAT LG "WOI}SPION© %Qr %EE@QS OS pPoajeal} U29( SBY BYUBAT m@aﬂ&ﬁﬁﬁ %2 1G0T Nﬂ\wo\mo wﬁﬁzghv WOIISPION

ﬁ@>$®p§@m®p&®m QOMQD Pu® SIATINIIX UOSPIAR(] vﬁAwomv

I SOHD 9% -AdlIRH I Surjedy a1ojog dumiy, yuepisord Aq syrewy -[INADI# 9 €T L1/€0/20 uosprar(J-A91re

"OSNOHOY M D O3 JB UISUOOST\ piq(DOH)

T SOHD GG ‘o9 NBM[I[\ WOIJ SOATINOSXS UOSPIARDAS[IRYDH [IM IJUljeswl jeolr)  9G:gl 21/20/20 uosprIAR(J-Ad[ IRl

o(IND)

T mOmo I8 ‘9A0Q® Se @Eﬁm 9761 Nﬂ\wm\ﬂo SIO}O0IN ﬂmpeﬁww
"ARPOY) ISNOHOHYAN oY) I8 riIRy AIRIN

1 SOHD €2 OHD SI090]N [BIOUOD) PUR SPRLY TR\ OHD PIOJ YHA Sunodwr yeor) 96T LT/¥5/T0 o(d) PIog

oq(d¥L)

T sqor 6 ‘9A0Q® Sse @Ewm 67-C1 NH\ﬂN\HO @.Q.HOO d@dﬁ@@wﬂdg
@OEO

~ﬁ>o o T, e .@Uﬁo ~ﬁ>o o) ur m@Q:@QwQ mw@UOaﬂ rloye(J pue TYX @d?ﬁHMC ed T SIU

1 SQO[ g OUO0ISADI o) JO UOIONIJSUOD 9} [IM PIRMIOJ OAOUL 0} SIOPIO SUTUSIS  6F:¢T L1/¥2/10  -1red Iojsuel], ASIouj]
CSM (""SULIS B UL §s04e] oy ‘dWn], P[euo(] j09[0-juopIsald Yjm Sur

! sqor (g  -199W I99Je sjuLtIseAUl pue sqol “g () ppe 01 pagpard sey DY 1Aed, (08 L1/81/10 »(NAVE) DV todeq

I sqor 61 ‘oaoqe se oweg  GGigT  LT/LT/T0 q(LINM) dreurepy

i'S"N 9y oyt ypeq ysnd o(ND)

1 sqor QT  sqof Siq o) Sur)IR)S 10J LIRUI[RA\ PUR SIOJOJN [RISUSL) 0 NOA YURYJ, CG: g L1/L1/10 SI0%0IN [e1ouan)

32



iSHOIYd
MAMOT 3 ¥oeq sqol Surig g 9y3 Jo no sqol Surye) swr) swres o)

1- sooud Sna ¢y ye SYm seolad FnIp 10U 29 YT UL I9PRS] © ST RULIRYJ FOWND'  60:81 LT/71/80 (STYIN) PPN
iSHOIdd DNdd
AA0dTY YAMOT O} oWI) 9I0W dARY [[I4 97 ‘TIOUNO0)) SULINJORJNURIA

1- sootid BnI(] gf  S,JUOPISAI WOIJ POUSISAI SeY BULIRY J {DI9JN JO IOIZel UDY Jey} MON  FC:R LT/%1/80 (3TYIN) YT
ZMYHHOXDOP/02 "1/ /:sd2q epeAdN Ul 08URYIX,] oIe))Rll

1 sVOV Iy ~®qQO WOolp MRIDUIM [IM 3T SeOUNOUte WUy SPpustypuexojy I 699 L1/80/80 (NINV) woryuy

I sqor  op Pa0qe se oureg 7019 LT/70/80 o(AVAZIN) BPZeN
jsurmjoeyn
-URT WROLIOWY UL JUOTIISOAUT 8918 Y SOl WedlIoury mou 3§ 938aI0

I sqof  6¢  Pue "y'g() Ay ut 10y juerd g9 I§ MOU ® pimq o) vpzey 2 ©104QL,  70:9 LT/%0/80 o(INL) ®1040],

I sqor 8¢ onoqe se owreS g€ L1/08/20 o(HAd) 0zyd

1 sqor g 9A0qe sk owes  [EEC L1/08/20 o(STHIN) I
Tugxy[ /008 UM - GY :10ZLJ 29 JOIOJN ‘SUIUIO)) BIA OATJRIIIUL UY

1 SQO[ 9§  [ROLIDUIY UI S(O[ MOU JO SPUBSNIOY) 2 SJUSUIISIAUL UI SIRJ[OP JO SUOII  TEIET L1/02/L0 o(MTD) Sutuio)
‘ST Ut pros
s.yey) Siq jonpoad xe], ‘soodo[dwo I0Y} Polr "OIIXOJ\ 0} oAOW O}

1- sqor  G¢  UOMRISIUIWPY eureq() 9} SULMP [e9p © opRUl RURIPUT JO PIOUXSY  §Gi8T L1/20/90 (NXY) prouxey
Jeoh s sueid A(IN]T UO SossO[ pojoodxo 3uIjro

1 VOV 7€ ‘ST0C Ul VA Ul S)OYIeUl oIedRmIRq() 1IX0 [[IM vy, [[ends qiesaq  8g'8 L1/%0/90 (LaV) ewey
iSdOr isdor
iISAOr 'S’ 0% ¥oeq Surod seruedwod 1e)) syue[d URSIYII[ 901D

1 SQO[ €€ Ul 9pRUWI 9( 0} JUSUWIISOAUI I0[R]\ AP0} PIoq Aq juemredounouue Sig  9¢:9 21/82/€0 (1) pIog
{SUOIJeOTUNWuIO)) I93IeY))

NOA MNVHL ‘steek  3xou oyy 1080 SO NVOIMAINY M0G 23 q(4ILHD) suon

1 sqof g€ NOITIII $¢$ JO JULuIjiiuuod B 90UNOUUR 0} Po[[LIY} sem | ‘ARpQI, 6G:€T L1/¥2/€0  -eorunuuio))  Iolret))
ivsn
oY} Ul sqol UOIONIISU0d 29 SULINORINURW (J)()'Gy URY) IO SUIPRIID

1 SqOf  TE ST JeY) JUSWIISOAUT UOI[[Iq ()g§ INOA I0J [IOUIUOXXep 0} NOA YUuel], (0G:¢C 21/90/€0 (INOX) TIqOINUTOXXH
TIqOWUOXX9p) NOA NUeT, [SOr ‘SAOL ‘SO ST YoM ‘epusde

1 sqof ¢ Auw Jo 9100 o1} je so[dourid o) oI URILIOWIY oI 2y UROLIOWY ANY  GF:GT 21/90/€0 (INOX) IqOINUOXXT]

33



")y oI S[qRPIORY O} 10 spueIs YOV
“yunoooe dumilpTeuoqresIp 9} U0 ATuo pojsod
9IoM , IO |, 1M PONIEUW JOU OI€ JeY} S}0OM[, “JUN0dIe SNI0dO Y} WOl Pojoom)al pue junodoe dunilpreuoqresip o} uo pajsod sem 300Mm) 9T, ,
‘qunoooe dumilpTeuoqTeaIp o)
uo pagsod (1oge[ sojnurt XIs) Apuenbosqus sem 210z ‘9 YDIBI UO 00Mm) [IGOINUOXXH Y, JUN0dIR I93)IM T, SNLOdD 93 U0 pajsod sem 300m) oY, |
*3d1e00y ATe)Isodo(] URILIOWY UR Se PopRI} ST D03s Y, ,
"SAepIOY SULINP I0 ‘SPUSYeoM UO ‘SUTULAS ) UI ‘SUTWIOW A[Ies o)
ur pajsod do1om $399M) 100 [V "00:9T 0% (€6 WOIJ sAep SSOUISN] UO SINOY SUIPLI} JNIRUL OIS $9)elG POIU() 9} Surmp pajsod sem joom) YT, o
‘Auedwion paper) Apignd e jo Arempisqns e st Auedwiod ST,
‘QF ST SJULAS JO Ioquunu [e10} Y], ‘XIpuaddy o) Ul epeue)) [[DUNO)) [oIedsd} [CUOITRN
o) Aq poridurod modIXe] oY) pue ‘U0dIX9 (110g) PIRUOTLIN Pue uelysnor] oy) ‘IJV oSenduer] [einjeN Pnof) 9[800r) SUISN YIoyd SSOUISN]OI ®
1M POYLISA PUR ] UOIJO9S Ul PO(LISOP AZ0[OPOYIoU 8} SUIMO[[O] UWN[0D JUSIUOy) 9y} Ul umoys o1do) yoes 10y (1) oa1yisod 10 (]-) oAlyeSou se
9UI0) 199M) OT[} SOYISSRD 9po)) “(00:9T 8 POSO[d JONIeW F00)S oY) I9jJe POIINII0 Aep JSIF Ol UO Joom) o) JT SABD OAIINOOSUOD OM) TO 10) A®p
QUIeS d1[} UO INJD0 S}9oM) UM JUOAD S[SUIS B OJUI SUIQUIOD S30M} S[dI}NT MOY SMOYS # "oWIL], ISR ST oWL], LT0C ‘1€ 1quIeda( 03 9107 ‘6
IoquuoaoN woiy Auedwiod paper Aprqnd & Jo oWeU o9} 9PN{OUL 1B} SHUN0IIR 19131M ], SNLOJe pue duniipTeuo(resip WOIJ sjoam) SIS o[qe) STy T,

1- [01910D 1500)

8F

IHYOIN HONN Sutdrerd oq pnoyg j1s1ood pue
Iaquunp 901J() 1804 OYj) PUR ISYOLI UOZRWY Suryeul ‘sodesped Imor)
IOAI[OP 07 9[131] OS SIS0 PUR UOZRWY SULSIRYD O[IM ‘TedA ® SIR[[Op

Jo suol[[iq Aueur SuISO[ SI YOIYM ‘DI () 1SOJ SO1eIS Paju) oY) ST AYA\

708

L1/62/21

(NZINV) uozewry

T sqor

Ly

‘Sutmyoeynuewr ut 1L/ NOT'T

“IId 9$ 79 SuLLeuISud /ypressor ur  IL/NOITIII +€$ “V'SN
0Jul AdI [enuue Jo NOITIIH 0g§=POLOUWY 07 2A0UW S WOdpPROIYg

€691

L1/20/11

o(0ODAV) woopeorg

I sqo

9¥

o1 07 yorq a1ode3urg wWoly sHH I0Y) SUIAOW ST o SOUNOUUR 0 F A
9T} 01 URT, PO OH WOIPLOIFDH dWO0I[oM 0} PO[[LIY)} dIe om ‘Aepo],

8G:GT

L1/20/T1

o:q(ODAY) woopeorq

1 sqor

i

©303RQUIIONSNLOd/ A0S UN " GF
//+d2ay syrewnr [N -AIOUgey JIOARIPUY OY) © USWOM 29 U

SursyIompIey o[qIpaIoul Y} [YIM BIONe(] YION UI 8q O} [NJISPUOA\

0261

L1/90/60

(AQNYV) Ioseopuy

I- sqor

v

j2s0[ Surteq sqol Auewr - 1INy SUreq 91 *G'() SY) INOYSNOIY) SIIR)S pUR
SOIIID ‘SUMO], "sIo[rejal Surded xe) 0) agewrep JrIS SUIOP ST UOZRUTY

¢r9

L1/91/80

(NZINY) uozeury

34



Table 2: Summary Statistics

Absolute Abnormal
Absolute Value Abnormal Institutional
Value Abnormal Abnormal | Trading Investor

Return Return Return Return Volume | Volatility Attention
Median 0.076 0.640 —0.027 0.577 —0.077 0.825 0.000
Mean 0.091 0.913 —0.006 0.836 0.055 0.973 0.234
Minimum —10.842 0.000 —11.545 0.000 —0.962 0.000 0.000
Maximum 13.216 13.216 11.365 11.545 16.437 14.587 1.000
Std Dev 1.343 0.989 1.249 0.928 0.677 0.640 0.423
Observations 7,749 7,749 7,749 7,749 7,749 7,749 7,749

This table shows the summary statistics for return R, ; = (C; ¢ — Ci¢—1)/Cs.¢1—1, the absolute value of the

return, abnormal return from equation (2), the absolute value of the abnormal return, abnormal trading

volume AV;; = (Vit — Vawrg,t)/Vauvrg.t, volatility computed as the square root of variance from equation (3)

multiplied by 100, and abnormal institutional investor attention, which is an indicator variable equal to 1 if

the average hourly count of Bloomberg users reading articles and searching for information about a company
during the last eight hours is larger than 94% of the hourly counts in the previous 30 days and 0 otherwise.

Returns are in percentages. The sample period is from November 9, 2016 to December 31, 2017. There are

287 days and 27 companies. The total number of panel observations is 7,749.
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Table 3: Impact of Presidential Tweets: Full Sample without Lagged Control
Variables

0 2) 3) (4)

Abnormal Return ATV Volatility AIIA
Twitter variable 0.799%** 0.392%%* 0.305%** 0.400%**
(0.173) (0.090) (0.079) (0.057)
Company fixed effects Y Y Y Y
Day of week dummies Y Y Y Y
R? 0.004 0.010 0.246 0.072
Observations 7,749 7,749 7,749 7,749

Abnormal return is computed using equation (2) and stated in percentage, abnormal trading volume (ATV) is
computed as AV ; = (Vi1 —Vavrg,t)/Vavrg,t, volatility is computed as the square root of variance from equation (3)
multiplied by 100, and abnormal institutional investor attention (AITA) is an indicator variable equal to 1 if the
average hourly count of Bloomberg users reading articles and searching for information about a company during
the last eight hours is larger than 94% of the hourly counts in the previous 30 days and 0 otherwise. Panel-
corrected standard errors accounting for cross-correlation across stocks are shown in parentheses. *, ** and ***
indicate statistical significance at 10%, 5%, and 1% levels, respectively. Pseudo-R? is reported for the AITA. The
sample period is from November 9, 2016 to December 31, 2017. There are 287 days and 27 companies. The total
number of panel observations is 7,749. This includes all 48 tweet events (combining 59 tweets) listed in Table 1.
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Table 4: Impact of Presidential Tweets: Full Sample with Lagged Control Vari-
ables

0 2) 3) (4)

Abnormal Return ATV Volatility AIIA
Twitter variable 0.800%** 0.380%** 0.239%** 0.358***
(0.168) (0.086) (0.073) (0.059)
Lagged controls Y Y Y Y
Company fixed effects Y Y Y Y
Day of week dummies Y Y Y Y
R? 0.006 0.080 0.317 0.115
Observations 7,749 7,749 7,749 7,749

Abnormal return is computed using equation (2) and stated in percentage, abnormal trading volume (ATV) is
computed as AV; s = (Vi1 —Vawrg,t)/Vavrg,t, volatility is computed as the square root of variance from equation (3)
multiplied by 100, and abnormal institutional investor attention (AITA) is an indicator variable equal to 1 if the
average hourly count of Bloomberg users reading articles and searching for information about a company during
the last eight hours is larger than 94% of the hourly counts in the previous 30 days and 0 otherwise. Lagged
control variables include five lags of abnormal returns, ATV, volatility, and AIIA. Panel-corrected standard
errors accounting for cross-correlation across stocks are shown in parentheses. *, ** and *** indicate statistical
significance at 10%, 5%, and 1% levels, respectively. Pseudo-R? is reported for the AIIA. The sample period is
from November 9, 2016 to December 31, 2017. There are 287 days and 27 companies. The total number of panel
observations is 7,749. This includes all 48 tweet events listed in Table 1.
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Table 5: Impact of Presidential Tweets: Pre- and Post-Inauguration

(1) (2) 3) (4)

Abnormal Return ATV Volatility ATIA
Twitter variable 1.211%%* 0.474%** 0.336*** 0.452%**
(0.235) (0.135) (0.104) (0.094)
Post-inauguration —0.694** —0.167 —0.197 —0.143
interaction term (0.331) (0.175) (0.144) (0.121)
Coefficient sum 0.517** 0.306%** 0.139 0.309%#*
(0.233) (0.112) (0.100) (0.076)
Post-inauguration 0.043 —0.016 —0.067** 0.009
indicator variable (0.040) (0.035) (0.027) (0.014)
Lagged controls Y Y Y Y
Company fixed effects Y Y Y Y
Day of week dummies Y Y Y Y
R? 0.007 0.081 0.318 0.115
Observations 7,749 7,749 7,749 7,749

Abnormal return is computed using equation (2) and stated in percentage, abnormal trading volume (ATV) is
computed as AV ; = (Vi1 —Vavrg,t)/Vavrg,t, volatility is computed as the square root of variance from equation (3)
multiplied by 100, and abnormal institutional investor attention (AITA) is an indicator variable equal to 1 if
the average hourly count of Bloomberg users reading articles and searching for information about a company
during the last eight hours is larger than 94% of the hourly counts in the previous 30 days and 0 otherwise.
The post-inauguration indicator variable equals 1 if the event falls into the post-inauguration period and 0
otherwise. The post-inauguration interaction term multiplies the Twitter variable and the post-inauguration
indicator variable. Coefficient sum reports the sum of the coefficients on the Twitter variable and the post-
inauguration interaction term and shows the impact in the post-inauguration period. Lagged control variables
include five lags of abnormal returns, abnormal trading volume, volatility, and abnormal institutional investor
attention. Panel-corrected standard errors accounting for cross-correlation across stocks are shown in parentheses.
* %% and *** indicate statistical significance at 10%, 5%, and 1% levels, respectively. Pseudo-R? is reported
for the AITA. The sample period is from November 9, 2016 to December 31, 2017. There are 287 days and 27
companies. The total number of panel observations is 7,749. This includes all 48 tweet events listed in Table 1
with 20 and 28 tweet events in the pre- and post-inauguration periods, respectively.
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Table 6: Analysis of Possible Market Underreaction or Overreaction to Tweets

(1) (2)

OLS Outlier Robust Regression
Contemporaneous 0.811%*** 0.767***
(0.171) (0.143)
Lag 1 —0.006 0.030
(0.174) (0.144)
Lag 2 0.133 0.051
(0.174) (0.144)
Lag 3 —0.444%* —0.141
(0.174) (0.144)
Lag 4 —0.085 —0.096
(0.174) (0.144)
Lag 5 —0.195 —0.194
(0.171) (0.143)
Sum of contemporaneous 0.214 0.417
& lag coefficients (0.348) (0.313)
Sum of lag coefficients —0.597* —0.350
(0.325) (0.289)
Lagged controls Y Y
Company fixed effects Y Y
Day of week dummies Y Y
R? 0.008 0.006
Observations 7,884 7,884

The dependent variable is the daily abnormal return computed using equation (2) and stated in percent-
age. The last two rows report the sums of the coefficients on the lagged terms of the Twitter variable
with and without the contemporaneous term, respectively. Lagged control variables include five lags
of abnormal return, abnormal trading volume computed as AV;; = (Vi; — Vawrg,t)/Vauvrg,t, volatility
computed as the square root of variance from equation (3) multiplied by 100, and abnormal institutional
investor attention, which is an indicator variable equal to 1 if the average hourly count of Bloomberg
users reading articles and searching for information about a company during the last eight hours is larger
than 94% of the hourly counts in the previous 30 days and 0 otherwise. Panel-corrected standard errors
accounting for cross-correlation across stocks are shown in parentheses. *, ** and *** indicate statistical
significance at 10%, 5%, and 1% levels, respectively. The sample period is from November 9, 2016 to
January 8, 2018. There are 292 days and 27 companies. The total number of panel observations is 7,884.
This includes all 48 tweet events listed in Table 1.
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Table 7: Impact of Presidential Tweets - Outlier Robust Regression
(1) (2) (3)

Abnormal Return ATV Volatility
FuLL SAMPLE
Twitter variable 0.765%*** 0.273%** 0.202%**

(0.141) (0.049) (0.049)

Lagged controls Y Y Y
Company fixed effects Y Y Y
Day of week dummies Y Y Y
R? 0.006 0.096 0.311
Observations 7,749 7,749 7,749

PRE- AND POST- INAUGURATION

Twitter variable 1.142%%* 0.395%** 0.344%**
(0.219) (0.076) (0.077)
Post-inauguration —0.597** —0.214%* —0.284%F*
interaction term (0.286) (0.100) (0.100)
Coefficient sum 0.545%%* 0.181%** 0.060
(0.184) (0.064) (0.064)
Post-inauguration 0.026 —0.017 —0.055%**
indicator variable (0.032) (0.011) (0.011)
Lagged controls Y Y Y
Company fixed effects Y Y Y
Day of week dummies Y Y Y
R? 0.006 0.096 0.313
Observations 7,749 7,749 7,749

This table reports the Huber (1973) outlier robust regression (M-estimation). Abnormal return is com-
puted using equation (2) and stated in percentage, abnormal trading volume (ATV) is computed as
AViy = (Vit — Vawrg,t)/Vavrg,t, and volatility is computed as the square root of variance from equa-
tion (3) multiplied by 100. The post-inauguration indicator variable equals 1 if the event falls into the
post-inauguration period and 0 otherwise. The post-inauguration interaction term multiplies the Twitter
variable and the post-inauguration indicator variable. Coefficient sum in the bottom panel reports the
sum of the coeflicients on the Twitter variable and the post-inauguration interaction term. Lagged con-
trol variables include five lags of abnormal returns, ATV, volatility, and abnormal institutional investor
attention (AITA), which is an indicator variable equal to 1 if the average hourly count of Bloomberg
users reading articles and searching for information about a company during the last eight hours is larger
than 94% of the hourly counts in the previous 30 days and 0 otherwise. Standard errors are shown in
parentheses. *, ** and *** indicate statistical significance at 10%, 5%, and 1% levels, respectively. The
sample period is from November 9, 2016 to December 31. There are 287 days and 27 companies. The
total number of panel observations is 7,749. This includes all 48 tweet events listed in Table 1 with 20
and 28 tweet events in the pre- and post-inauguration periods, respectively.
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Table 8: Test of Asymmetric Effect of Negative and Positive Tweets
(1) (2) (3) (4)

Abnormal Return ATV Volatility ATTA
Twitter variable 0.928%** 0.385%** 0.280%** 0.310%**
(0.192) (0.097) (0.082) (0.064)
Negative tweet dummy —0.557 —0.020 —0.181 0.230
interaction term (0.412) (0.205) (0.167) (0.147)
Lagged controls Y Y Y Y
Company fixed effects Y Y Y Y
Day of week dummies Y Y Y Y
R? 0.007 0.080 0.317 0.115
Observations 7,749 7,749 7,749 7,749

Abnormal return is computed using equation (2) and stated in percentage, abnormal trading volume (ATV) is
computed as AV, + = (Vi 1 — Vawrg,t)/Vavrg,t, volatility is computed as the square root of variance from equation (3)
multiplied by 100, and abnormal institutional investor attention (AITA) is an indicator variable equal to 1 if the
average hourly count of Bloomberg users reading articles and searching for information about a company during
the last eight hours is larger than 94% of the hourly counts in the previous 30 days and 0 otherwise. The interaction
term multiplies the Twitter variable and an indicator variable equal to 1 if the tweet is negative and 0 otherwise.
Lagged control variables include five lags of abnormal returns, ATV, volatility, and AITA. Panel-corrected standard
errors accounting for cross-correlation across stocks are shown in parentheses. *, ** and *** indicate statistical
significance at 10%, 5%, and 1% levels, respectively. Pseudo-R? is reported for the AIIA. The sample period is from
November 9, 2016 to December 31. There are 287 days and 27 companies. The total number of panel observations
is 7,749. This includes all 48 tweet events listed in Table 1.
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Table 9: Subsamples Based on Whether the Tweet Was Preceded by Related
News

(1) (2) (3) (4)
Abnormal Return ATV Volatility AIIA

TWEETS NOT PRECEDED BY RELATED NEWS

Twitter variable 0.756*** 0.361** 0.385%** 0.471%%*
(0.243) (0.146) (0.108) (0.105)
Lagged controls Y Y Y Y
Company fixed effects Y Y Y Y
Day of week dummies Y Y Y Y
R? 0.015 0.140 0.281 0.140
Observations 2,870 2,870 2,870 2,870

TWEETS PRECEDED BY RELATED NEWS

Twitter variable 0.806*** 0.408%** 0.161* 0.309%**
(0.226) (0.106) (0.094) (0.072)
Lagged controls Y Y Y Y
Company fixed effects Y Y Y Y
Day of week dummies Y Y Y Y
R? 0.006 0.095 0.327 0.102
Observations 6,314 6,314 6,314 6,314

Abnormal return is computed using equation (2) and stated in percentage, abnormal trading volume (ATV) is
computed as AV; ; = (Vi1 —Vawrg,t)/Vavrg,t, volatility is computed as the square root of variance from equation (3)
multiplied by 100, and abnormal institutional investor attention (AITA) is an indicator variable equal to 1 if the
average hourly count of Bloomberg users reading articles and searching for information about a company during
the last eight hours is larger than 94% of the hourly counts in the previous 30 days and 0 otherwise. Lagged
control variables include five lags of abnormal returns, ATV, volatility, and AIIA. Panel-corrected standard
errors accounting for cross-correlation across stocks are shown in parentheses. *, ** and *** indicate statistical
significance at 10%, 5%, and 1% levels, respectively. Pseudo-R? is reported for the AITIA. The sample period is
from November 9, 2016 to December 31, 2017. The number of days is 287. The number of companies is 10 and
22 in the top and bottom panels resulting in 2,870 and 6,314 panel observations including 18 and 30 tweet events
listed in Table 1, respectively.
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Appendix: Alternative Tweet Tone Classification
Methods

In Section II, we explain that we take two approaches to classifying the tone of the tweets.
In the first approach, we carefully analyze the specific context of each tweet and classify
the tone of the tweet based on whether the tone expressed by President Trump toward the
company is positive or negative in the context of previous statements made by President
Trump during the election campaign about the topics of the tweets. In the second approach,
we utilize standard lexicons employed in previous literature and the Google Cloud Natural
Language API (Google API);* we report the results of this alternative classification in this
Appendix as a robustness check.

The textual analyses employed in previous studies that examine social media messages
are mostly based on matching the exact wording with established words lists, such as the
lexicon compiled by Loughran and McDonald (2011) (LM hereafter) and the NRC Sentiment
and Emotion Lexicons compiled by the National Research Council Canada (NRC hereafter).
Since these lexicons may not be adapted to non-standard language usage, such as President
Trump’s tweets that have been documented in numerous sources (for example, Begley, 2017),
we also use Google API that leverages Google’s expertise in big data analytics and machine
learning models to reveal the meaning of the text and infer the underlying sentiment. Google
API represents a cutting-edge effort in textual analysis based on adaptive machine learning
technology and advanced language understanding system.

We apply the the NRC and LM lexicons as well as the Google API algorithm to each
tweet in our sample and compare the resulting predicted tones with our classification.?® We

find that our context-based classification described in Section I agrees with the LM and

29nttps://cloud.google.com/natural-language/.

30For textual analysis of each tweet using the LM and NRC lexicons, we count the number of positive
and negative words that are listed in the relevant lexicon, and we compute a score based on the difference
between the number of positive and negative words that are matched with the respective lexicon. In contrast,
the Google API sentiment score relies on Google’s built-in algorithm and ranges from -1.0 (negative) to 1.0
(positive), reflecting the overall emotional leaning of the text.
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NRC lexicons and Google API classification in 49 of the 59 tweets (83%) in the sample. This
comparison provides strong support for the applicability and accuracy of our classification
method.

Our context-based classification gains further support once we take into account the
context and content of the ten tweets for which the standard textual analysis differs from
our classification. For example, one of the mismatched tweets was tweet #7: “Masa said he
would never do this had we (Trump) not won the election!” Google API classifies the tweet
as exhibiting negative sentiment because of the two negations “never” and “not” contained
in the tweet. However, if we take the context and content of the tweet into account, this
tweet clearly exhibits a positive tone by the President toward SoftBank because it follows a
tweet posted one minute earlier where President Trump commends the company for bringing
jobs to the United States: “Masa (SoftBank) of Japan has agreed to invest $50 billion in
the U.S. toward businesses and 50,000 new jobs....”. This demonstrates the importance
of considering the context and content of the social media messages, especially those with
nonstandard language usage. The limitations of the standard textual analysis algorithms are
also evident when analyzing tweets that are positive about one company and negative about
another company, such as a tweet about Lockheed Martin (negative) and Boeing (positive)
on December 22, 2016: “Based on the tremendous cost and cost overruns of the Lockheed
Martin F-35, I have asked Boeing to price-out a comparable F-18 Super Hornet!” A detailed

discussion of the tone classification for all ten mismatched tweets is provided in Table Al.
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Table A1l: Alternative Tweet Tone Classification Methods

Tweet
Event #

Our
Classification

LM/NRC/Google API
Classifications

Tweet Content
& Explanation

#7

#10,411

#12

#20

0/0/-0.1

0/0/0.2

2/0/0

0/0/0

“Masa said he would never do this had we (Trump)
not won the election!” Negations such as “never” and
“not” may trigger a negative classification from Google
API. However, given the context of the tweet, this
tweet exhibits a positive tone by the President toward
SoftBank because it follows a tweet posted one minute
earlier where President Trump commends the com-
pany for bringing jobs to the United States: “Masa
(SoftBank) of Japan has agreed to invest $50 billion in
the U.S. toward businesses and 50,000 new jobs....”
“Based on the tremendous cost and cost overruns of
the Lockheed Martin F-35, I have asked Boeing to
price-out a comparable F-18 Super Hornet!” Google
API classifies this tweet with positive sentiment possi-
bly due to positive words such as “tremendous.” How-
ever, since this tweet pertains to controlling govern-
ment costs, the tweet exhibits a negative tone toward
Lockheed Martin (because of potentially losing the
government contract due to high production cost of
the F-35 fighter) and a positive tone toward Boeing
(because of potentially receiving the government con-
tract).

“General Motors is sending Mexican made model of
Chevy Cruze to U.S. car dealers-tax free across bor-
der. Make in U.S.A.or pay big border tax!” Words
such as “free” and “big” indicate a positive sentiment
from LM’s lexicon. But the context and content of
this tweet clearly suggest a negative tone by the Pres-
ident toward General Motors due to its conflict with
his campaign promises of keeping and creating jobs
and manufacturing in the United States.

“Bayer AG has pledged to add U.S. jobs and in-
vestments after meeting with President-elect Donald
Trump, the latest in a string...” @QWSJ” All three al-
ternative classification methods assign a neutral senti-
ment to this tweet. However, this tweet shows Presi-
dent Trump’s positive tone toward Bayer because its
pledge aligns with the President’s campaign promises
of keeping and creating jobs and manufacturing in the
United States.
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Table Al: Alternative Tweet Tone Classification Methods (Continued)

Tweet Our LM/NRC/Google API ~ Tweet Content
Event # Classification Classifications and Explanation
#31 1 0/0/0 “‘President Trump Congratulates Fxzon Mobil for

Job-Clreating Investment Program’™ All three alterna-
tive classification methods assign a neutral sentiment
to this tweet. However, this tweet shows the President
Trump’s positive tone toward Exxon Mobil because its
investment program aligns with the President’s cam-
paign promises of keeping and creating jobs and man-
ufacturing in the United States.

#36,37,38 1 0/0/0 “Billions of dollars in investments & thousands of new
jobs in America!l  An initiative via Corning, Merck
& Pfizer: 45 .wh .gov/ jKzBRE” All three alternative
classification methods assign a neutral sentiment to
this tweet. However, this tweet shows the President’s
positive tone toward Corning, Merck and Pfizer be-
cause their investments align with the President’s cam-
paign promises of keeping and creating jobs and man-
ufacturing in the United States.

#41 1 0/0/-0.3 “RT @foxandfriends:  Anthem announces it will
withdraw from ObamaCare FExchange in Nevada
https://t .co/d0CzeHGKwz” Google API classifies
this tweet with negative sentiment possibly due to
negative words such as “withdraw.” However, since
this tweet relates to Anthem’s exit from the Afford-
able Care Act health exchange, it suggests President
Trump’s positive tone toward Anthem because Presi-
dent Trump considers the Affordable Care Act as neg-
ative.

This table lists the tweet events where our tone classification described in Section II does not match the alternative
tone classifications discussed in this Appendix. The LM and NRC scores are based on the difference between the
number of positive and negative words that are matched with the lexicons from Loughran and McDonald (2011)
and National Research Council Canada Sentiment, respectively. The Google API sentiment score relies on Google
Cloud Natural Language API’s built-in algorithm and ranges from -1.0 (negative) to 1.0 (positive), reflecting the
overall emotional leaning of the text. The tweet event numbers correspond to those in Table 1.
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