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a b s t r a c t

We analyze the effect of Donald Trump’s tweets on individual stock returns. We use intraday (minute-
by-minute) data in order to uncover causal effects of the tweets on prices and trading activity. We find
that the tweets cause increased trading activity but do not have lasting effects on stock prices. We also
find evidence of abnormal returns, increased trading volume and increased investor attention before
the tweets. This finding is consistent with Donald Trump’s tweets not providing new information but
rather being comments on events that happened, and already attracted investor attention, before the
tweet.
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1. Introduction

The former US President Donald Trump has revolutionized the
ay in which top politicians communicate political opinions or
ecisions. Instead of turning to the public via official press con-
erences or the intermediary media, he directly communicated
ith the public via the microblogging platform Twitter through-
ut his presidency. While most other politicians (like Trump’s
redecessor Barack Obama) have used social media platforms
rimarily for representative issues, President Trump used tweets
o express concrete personal political views and opinions. The
nique combination of the power of his position as a world
eader and the very colloquial tone of his posts led to the big
‘success’’ of his tweets. The number of his followers approached
0 million by the end of 2020, and he published more than 50,000
weets1 before his Twitter account was permanently suspended
in January 2021. Even as a President, Trump continued to address
individual companies in his tweets. The present paper deals with
the question how these tweets affected the stocks of the firms
addressed in the tweets.

∗ Corresponding author.
E-mail addresses: tobias.machus@edu.uni-graz.at (T. Machus),

oland.mestel@uni-graz.at (R. Mestel), theissen@uni-mannheim.de (E. Theissen).
1 Source: https://www.trackalytics.com/twitter/profile/realdonaldtrump/, ac-

essed 22 June 2021.
ttps://doi.org/10.1016/j.jbef.2021.100594
214-6350/© 2021 The Author(s). Published by Elsevier B.V. This is an open access a
An extensive number of papers investigate the information
content of microblogging messages (mostly based on the social
networking platform Twitter) with a direct reference to the stock
market, mostly finding strong associations. In an early study
Bollen et al. (2011) use 10 million tweets by 2.7 million users to
investigate public sentiment and its interrelation with the DJIA.
They find that the so-called ‘‘Twitter-mood’’ can be used as a
predictor for stock market behavior. Sprenger et al. (2014a,b),
Yang et al. (2015), Reed (2016), Broadstock and Zhang (2019),
Gholampour (2019), and Saurabh and Dey (2020) are more recent
contributions documenting similar results.

Several papers analyze the impact of Donald Trump’s tweets
on stock prices at the market level (approximated by index levels
or ETF prices). These studies focus on tweets with content related
to macroeconomic and/or political issues rather than on tweets
with company-specific content. Abdi et al. (2021) conclude that
Trump’s tweets do not convey material new information. Kinyua
et al. (2021) document a negative price reaction of the DJIA and
the S&P 500 to tweets broadcasted during trading hours. Burggraf
et al. (2020) provide evidence that tweets on the US–China trade
war affect S&P 500 returns. Klaus and Koser (2021) find that an
index quantifying Trump’s tweeting activity (the Volfefe Index
proposed by Salem et al. (2019)) affects European equity market
returns. Nishimura et al. (2021) show that Trump’s tweets affect
volatility and the jump component of equity returns. Tillmann

(2020) focuses on tweets addressing the Fed’s monetary policy

rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.1016/j.jbef.2021.100594
http://www.elsevier.com/locate/jbef
http://www.elsevier.com/locate/jbef
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbef.2021.100594&domain=pdf
http://creativecommons.org/licenses/by/4.0/
mailto:tobias.machus@edu.uni-graz.at
mailto:roland.mestel@uni-graz.at
mailto:theissen@uni-mannheim.de
https://www.trackalytics.com/twitter/profile/realdonaldtrump/
https://doi.org/10.1016/j.jbef.2021.100594
http://creativecommons.org/licenses/by/4.0/


T. Machus, R. Mestel and E. Theissen Journal of Behavioral and Experimental Finance 33 (2022) 100594

o
c
t
c
t
s
(
r
w
(
c
a
c
n

o
c
3
i
f
i
d
d
c
r
w
B
e
w
s
e
o

c
u
f
t
c
l
B
t
2
t
a
e
h
2
t
(
T
p
c
a
t

f
i
d
a
R
c
s
i

p
f

i
i
w
T
s
p
a
t
i
t
r

H
t

t
i
m
p
e
i

s

d

and finds that tweets requesting the Fed to lower interest rates
are indeed followed by lower long-term rates.

A more specific strand of the literature covers the impact
f Donald Trump’s company-specific tweets on stock prices. In
ontrast to the studies on the general relation between Twitter
raffic and stock markets, studies on these Trump tweets provide
onflicting results. Born et al. (2017) consider 15 tweets during
he period from Trump’s election on November 8, 2016 to his
wearing in ceremony on January 20, 2017. They find that positive
negative) content tweets elicited positive (negative) abnormal
eturns on the event day. Moreover, these tweets were associated
ith increased Google search activity and trading volume. Rayarel
2018) confirms these results with a slightly larger database in-
luding 16 negative and eight positive tweets. In contrast, Juma’h
nd Alnsour (2018) using a sample of 58 Trump tweets on 23
ompanies find no significant effects, neither at the market level
or at the level of individual stocks.
The most comprehensive study on this subject so far is that

f Ge et al. (2019). These authors analyze the effect of Trump’s
ompany-specific tweets from November 9, 2016 to December
1, 2017 on daily stock prices, trading volume, volatility and
nstitutional investor attention. Using a sample of 48 events they
ind abnormal effects that were stronger before the Presidential
nauguration on January 20, 2017 than during Trump’s presi-
ency. Moreover the authors report that price effects are reversed
uring the next few trading days after a tweet. Kleczka (2020)
onfirms these results using an extended sample including tweets
elating to social media companies such as Twitter and Facebook,
hich account for a significant portion of the overall sample.
rans and Scholtens (2020) document that Trump tweets with
xtreme negative sentiment trigger negative abnormal returns,
hile positive tweets do not render a significant effect. Their
ample includes 100 tweets from November 8, 2016 (President
lect) to November 8, 2018 and their analysis exclusively focusses
n daily returns of US stocks after tweet publications.
We contribute to the literature on the effects of Donald Trump’s

ompany-specific tweets on stock prices in three ways. First, we
se an extended sample period comprising all relevant tweets
rom Trump’s personal Twitter account ‘‘@realdonaldtrump’’ be-
ween August 11, 2016 and July 31, 2019. Our final sample
omprises 99 events for 39 different companies. Second, we ana-
yze two data sets, a daily data set and a high-frequency data set.
ecause Donald Trump often twittered while markets were closed
he high-frequency data set is smaller; it comprises 29 tweets on
5 companies. However, it allows us to gain deeper insights into
he speed and duration of market reactions to Trump’s tweets
nd enables us to analyze whether these tweets have a causal
ffect on the market. We are aware of three other papers that use
igh frequency data in the context of Trump’s tweets (Abdi et al.,
021; Kinyua et al., 2021; Nishimura et al., 2021). However, all
hree papers focus on the impact of Trump’s tweets at the market
index or ETF) level while we study individual stock returns.
hird, in order to obtain a broader picture of stock market effects
receding and following Trump’s tweets, we analyze, besides
hanges in stock prices, also changes in trading volume and media
nd investor attention before and after the publication of the
weet.

Our empirical results reveal several important insights. We
ind Trump’s tweets generally to be associated with an increase
n absolute returns as well as trading volume on the same trading
ay. They are also accompanied by increased media and investor
ttention as measured by the appearance of company news on
efinitiv Eikon and increased Google search volume. When we
lassify tweets into positive and negative news we find that
tock prices increase [decrease] after tweets categorized as pos-

tive [negative]. However, we also find (1) that the price effect t

2

observed on the event date is subsequently reversed and (2)
that there are abnormal returns, increased trading volume and
elevated media and investor attention already on the days before
the tweet. The first finding suggests that Trump’s tweets have no
lasting effect on market prices. The second finding implies that
Donald Trump’s tweets may be a reaction to past news rather
than conveying new information to the market. Even if Trump’s
tweets are a reaction to past events and have no permanent effect
on stock prices, they may still trigger a transitory stock mar-
ket reaction. Indeed, when analyzing our high frequency sample
we find significant abnormal returns and trading volume in the
minute of the tweet and shortly thereafter.

The remainder of the paper is organized as follows. Section 2
develops our hypotheses. Section 3 presents the methodology.
Section 4 describes our data and Section 5 our results. Section 6
concludes.

2. Hypotheses

We build our analysis of the impact of ex-President Donald
Trump’s messages via Twitter on the following hypotheses.

Hypothesis 1. Trump’s tweets affect the prices and the trading
volume of the stocks addressed in his tweets. They will also
attract attention from investors and the media.

This hypothesis can be based on two opposing considerations.
First, and in line with standard finance theory, if a tweet contains
new and relevant information we expect that the share price re-
acts to the tweet, and that trading volume and investor attention
increase. Being the former President of the world’s largest econ-
omy, Donald Trump had a huge number of social media followers,
authority, and strong political power. Thus it seems reasonable
to assume that his company-specific tweets might predict future
political decisions,2 thereby influencing the public opinion with
otential consequences for the future business prospects and cash
lows of targeted companies.

Second, and based on insights from behavioral finance, even
f a Presidential tweet on a company is entirely uninformative,3
t may still be the case that the stock addressed in the tweet
ill receive a great deal of attention, not only from Trump’s
witter followers, but also from the media and investors. In
uch a situation, well-documented behavioral biases such as the
reference for attention-grabbing stocks, emotion-based trading,
nd herding might lead to an impact on investor attention, on
rading volume, and possibly also on share prices. If sophisticated
nvestors predict a transitory price movement in response to a
weet they may trade ahead of the predicted reversal, thereby
einforcing the effect on trading volume.

ypothesis 2. Tweets that can be classified as positive [negative]
rigger positive [negative] abnormal returns.

Given the restriction in the number of characters for a single
weet, together with the simple language Trump typically uses
n his tweets, it is often easy to connote the sentiment of these
essages as either positive or negative. Provided that there is a
rice reaction in the first place (as predicted by Hypothesis 1) we
xpect a positive (negative) company-related tweet to induce an
ncrease (a decrease) in the corresponding stock price.

2 Think, for example, of government contracts, trade tariffs, or government
ubsidies.
3 For instance, when the tweet simply relates to issues that had already been
isclosed before, or when it only includes untenable promises, assertions or
hreats.
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Hypothesis 3a. The effects on returns are only transitory (i.e. they
are reversed rather quickly).

Hypothesis 3b. The effects on returns are permanent.

In the context of Hypothesis 1 we have described two chan-
nels through which tweets may affect stock prices, a ‘‘rational
channel’’ and a ‘‘behavioral channel’’. If a price reaction following
a tweet is caused by new information contained in the tweet
we expect the price impact of the tweet to be permanent. If,
in contrast, the price reaction is caused by behavioral biases we
expect it to be transitory. By analyzing the price reaction to the
tweet over an extended period of time (up to five days after the
event day in our implementation) we can differentiate between
these two channels. If the initial price reaction is fully reversed,
we can conclude that the tweet did not contain new information.

3. Data

We extract all tweets from Donald Trump’s personal Twit-
ter account ‘‘@realdonaldtrump’’4 between November 08, 2016
(President elect) and July 31, 2019 from trumptwitterarchive.com,
a website that collects Trump’s tweets in real time. The election
date was chosen as the starting date of the sample period in order
to ensure a reasonable expected relevance of the tweets. The data
include the exact time of the posting and an indication if the
tweet is an original tweet or a retweet.

During the sample period Trump published a total of 9,723
tweets via his personal account. In a first step, we systematically
search these tweets for those containing the names of firms that
are listed on the US, European, Japanese or Korean stock markets.
In a second step, we remove tweets according to the following
protocol.

• Tweets that relate to ‘‘fake news’’ topics and, in that context,
mention broadcasting or social media firms;

• Retweets;
• Tweets in which the mentioning of the company is only a

side information.5

In cases in which Trump mentions more than one firm in a single
tweet we estimate the effect of the tweet on prices and trading
volume of all involved stocks.

We construct two samples, a daily sample and an intraday
sample. The intraday sample contains all tweets published during
the opening hours of the major stock exchange in the home
country of the firm addressed in the tweet. The daily sample
additionally contains all tweets published before market opening
and those published after market closing. For the latter group of
events the event day is the next trading day.

We further match all events in the sample with data on media
and investor attention. Here, we use the data from the day of the
tweet irrespective of whether the tweet was published before,
during or after trading hours.

If there is more than one tweet addressing the same firm on
the same day6 we proceed as follows

4 The official Twitter account of the US President, @POTUS, is only used for
fficial announcements.
5 For instance: Trump tweeted on August 3, 2018: ‘‘Congratulations to Gregg

arrett on his book ‘‘THE RUSSIA HOAX THE ILLICIT SCHEME TO CLEAR HILLARY
LINTON AND FRAME DONALD TRUMP’’, going to #1 on @nytimes and Amazon.
t is indeed a HOAX and WITCH HUNT illegally started by people who have
lready been disgraced. Great book!‘‘. While Amazon is explicitly mentioned in
he tweet, the firm is not the main addressee of the tweet.
6 ‘‘Same day‘‘ refers to the event day which, for tweets published after market

lose, is the next trading day. Therefore, two tweets published on the same
ay according to our timing convention may actually have been published on
ifferent calendar days.
 u

3

• If the tweets are published on the same day but more
than one hour apart from each other only the first tweet is
included in the daily sample while both are included in the
intraday sample.

• If both tweets are published within one hour only the first
tweet is included in the daily and the intraday sample.

Our final sample includes 99 events for 39 distinct firms in the
daily data set and 29 tweets addressing 25 distinct firms in the
intraday data set.

We obtain daily and intraday data on stock prices and trading
volume from Refinitiv Eikon. We further obtain return data on
the S&P 500, the STOXX Europe 600, the Korea KOSPI 200 and
the Nikkei 225. These indices are used as market proxies in our
event study.

To obtain a measure of market attention (referred to as the
Eikon attention measure) we use the Refinitiv Eikon ‘‘news’’ cat-
egory to extract news items from 1038 News Wires, 94 Global
Press sources and 2563 Web News sources7 for the firms ad-
dressed in a tweet. To derive the Google attention measure we
use Google Trends which provides normalized information on
Google search volume, with the day having the highest volume
in the period under consideration receiving a value of 100. We
follow the approach of Buchbinder (2019) and include both the
company name and the word ‘‘stock’’ in the search query.8

4. Methodology

Wemeasure the effect of President Trump’s firm-specific Twit-
ter messages along three dimensions, stock returns, trading vol-
ume, and media and investor attention. We use both the daily and
the intraday sample to analyze returns and volume. The analysis
of media and investor attention is confined to the daily data set
because the data needed for this analysis is not available at higher
frequencies.

Price Reactions to Presidential Tweets

In order to measure price effects associated with President
Trump’s tweets we apply standard event study methodology. We
define the event day as explained in the previous section. For the
daily sample we calculate log returns from daily closing prices.
We estimate expected returns using the market model over a
250-day estimation window ending 6 days prior to the event. The
event window is the 11-day window centered on the event day.

Abnormal returns ARit for company i on date t are estimated
as the difference between the observed event-date return Rit and
the expected return conditional on the market return Rmt on
the respective day. Averaging event-date abnormal returns across
events yields the average abnormal return AARt . Similarly, aver-
aging event-date absolute abnormal returns across events yields
the average absolute abnormal return AAbsARt . To assess the
statistical significance of the AARt we apply (i) a traditional t-test,
(ii) the standardized cross-sectional test proposed by Boehmer
et al. (1991) (BMP in the sequel), and (iii) the non-parametric
approach by Corrado (1989). The same tests are applied for as-
sessing the statistical significance of the AAbsARt . In these tests
the null hypothesis is that the AAbsARt is equal to the average
absolute abnormal return in the estimation window.

In our tests based on high-frequency (minute-by-minute) data
we assume that the expected return over a one-minute interval is

7 This set of sources is summarized in Refinitiv Eikon as ‘‘suggested’’ sources.
8 Buchbinder (2019) argues that Google search volume for the company name
ight not be a precise measure of investor interest because customers may also
se it for research on products and services or customer support.
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0. Therefore, the abnormal return is equal to the observed return.
Otherwise, the methodology is as described above.

Volume and Attention Reactions to Presidential Tweets

To measure the impact of Trump’s tweets on trading volume
e also apply event study methodology. We again define a pre-
vent window comprising 250 trading days. We use average daily
rading volume V i over this period to estimate the normal (or
expected) volume and define the abnormal trading volume AVit
for event i on day t as the difference between actual trading
volume Vit and V i, normalized by V i.

For the intraday analysis the estimation window consists of
he 100 min preceding the respective tweet. For tweets which
ccur soon after market opening, so that less than 100 min
f pre-event data from the same trading day are available, the
stimation period is shortened accordingly. However, we never
nclude in the estimation window data from the first five min-
tes after market opening because of extraordinarily high trading
ctivity immediately after market opening.9
To analyze abnormal media and investor attention we apply
procedure similar to that used to analyze abnormal trading
olume. We define abnormal attention, AMIAit , for event i on
ay t as the difference between the actual media and investor
ttention and an estimate of expected attention, normalized by
he latter. For the Eikon and Google attention measures expected
ttention is estimated as the mean attention during an estimation
indow. Attention generally increased during the sample period.
herefore, rather than a 250-day pre-event estimation window
e use a 50-day window that comprises 25 days prior to the
vent window and 25 days after the event window, where the
vent window is an 11-day window centered on the event day,
s before.

weet Classification

In order to analyze whether the prices of stocks addressed
n Donald Trump’s tweets move in the direction implied by the
ontents of the tweet we obviously need to classify tweets into
‘good news’’ and ‘‘bad news’’ events. We use two approaches to
o so.

1. Tweets are classified based on professional judgment by
the authors.

2. A simple Natural Language Processing (NLP) technique, the
Bag-of-Word method, is employed. We first cleanse the
data by removing the punctuation and then tokenize the
text, meaning that the text is split up into single words.
These individual words are then matched with the lexicons
‘‘bing’’ and ‘‘afinn’’ from the R tidytext package. The indi-
vidual word scores are aggregated for each tweet, resulting
in a total sentiment score per tweet and package.

he Bag-of-Word approach is more objective because it does not
ely on personal judgment and is easily reproducible. On the other
and, the classification by professional judgment may be more
ppropriate because the sentiment of Trump’s tweets can often
ot be judged without considering the context. Furthermore,
ome of the tweets address two or more companies; praising
ne while threatening the others.10 Therefore, we focus on the
esults based on professional judgment and report those obtained

9 Further analyses have shown that trading volume tends to trend downward
uring the trading day, although not significantly so. We note that such a
ownward trend would, if anything, bias our tests against finding a significant
ncrease in trading volume following a tweet.
10 For instance: Trump tweeted on December 22, 2016: ‘‘Based on the
remendous cost and cost over-runs of the Lockheed Martin F-35 I have asked
oeing to price-out a comparable F-18 Super Hornet!’’
4

with the Bag-of-Word approach as a robustness check in the
appendix.11

5. Results

In this section we present our empirical results. We proceed
in three steps. We first present the results obtained from the
daily data, followed by a presentation of the intraday results.
The final subsection discusses the results and relates them to the
hypotheses developed in Section 2 above.

5.1. Daily returns, trading volume, and media and investor attention

The upper Panel of Table 1 shows the daily average absolute
abnormal returns in the event window and corresponding test
statistics. It thus addresses the question whether prices change
on tweet days, irrespective of whether a tweet is classified as
positive or negative. The figures in the Panel indicate that prices
indeed change on the day of the tweet. The absolute abnormal
return on that day is 1.2%, significant according to the t-test.
However, the Table also reveals that prices change already on the
day prior to the tweet. In fact, the absolute abnormal return is
even higher, at 1.3% (significant according to the t-test and the
BMP test), on the pre-tweet day than on the tweet day.

In the middle and lower Panels of Table 1 we consider positive
and negative tweets separately and relate them to signed returns.
We present the results for the ‘‘professional judgment classifi-
cation’’ (PJ12). Those for the NLP classification are qualitatively
similar and are shown in Table 6 in the Appendix.

Positive tweets are associated with a significantly positive
abnormal return of 0.7%. There is no indication of a significant
abnormal return on the pre-tweet day. On the second and third
day after the tweet we observe negative abnormal returns (sig-
nificant on day 3). The sum of these negative abnormal returns
slightly exceeds the positive abnormal return on the tweet day.
It thus appears that the abnormal return on the tweet-day is fully
reversed subsequently.

We obtain a different picture for the subsample of negative
tweets. The abnormal return on the tweet day is significantly neg-
ative, at −0.6%. However, this abnormal return follows a string of
egative abnormal returns on the pre-tweet days (significant on
ays −1 and −2). While the abnormal returns turn positive after
he tweet day, we do not observe a full reversal.

The results are visualized in Fig. 1. The Figure confirms that
here is no persistent effect of positive tweets on stock prices.
n contrast, there is a persistent effect after negative tweets.
owever, this effect is due to the pre-tweet abnormal return.
Table 2 presents the results for trading volume. As before,

he upper Panel shows the results for the full sample while the
iddle and lower Panels show separate results for positive and
egative tweets. It is apparent from the upper Panel that there is
ignificant positive abnormal volume on the tweet day as well as
n the two days surrounding the tweet. Volume stays at an ele-
ated level on days 2 to 5 after the tweet, though not significantly
o. The middle and lower Panels of Table 2 reveal that the pattern
elevated volume not only on the tweet day but also before

he tweet day – can be observed for both positive and negative
weets but is more pronounced for negative tweets. Using NLP
lassification technique yields qualitatively similar results (see
able 7 in the Appendix).

11 Both classification procedures, ‘‘professional judgment’’ and ‘‘Bag-of-Word’’,
result in similar classifications. Comparing the ‘‘professional judgment’’ clas-
sification to the ‘‘Bag-of-Word’’ classification based on the ‘‘bing’’ [‘‘afinn’’]
lexikon yields 84% (83/99) [87% (86/99)] identical classifications (counting tweets
classified as ‘‘neutral’’ by the Bag-of-Word approach as consistently classified).
12 We denote the subset of tweets classified as positive [negative] by the
professional judgment classification by PJ+ [PJ-].
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Table 1
Daily average absolute abnormal returns (AAbsAR) and daily average abnormal returns (AAR) in the event window
and corresponding test statistics. The upper panel shows results for the full sample (99 observations) while the
middle and lower panels show results for positive tweets (denoted PJ+, 64 observations) and negative tweets (PJ-,
35 observations), respectively.
Fig. 1. Cumulative daily average abnormal returns (CAAR) of the positive tweet (PJ+) and negative tweet (PJ-) subsets in the event window.
Fig. 2 visualizes the result. It is clearly visible that volume
ncreases already before the tweet and stays above its pre-tweet
evel subsequently.

The observation, documented above, of significant abnormal
eturns (at least for negative news) and elevated volume already
n the pre-tweet days suggests that Donald Trump’s tweets do
ot convey new information but rather are comments on news
hat is already publicly available. To shed further light on this
ssue we analyze whether there is abnormal media and investor
ttention around the tweet day. Table 3 shows results for the
ikon and Google attention measures (results for NLP classifica-
ion technique are shown in Table 8 (Eikon) and Table 9 (Google)
n the Appendix).

The results are fully consistent with the previous results. Irre-
pective of whether we consider the full sample or subsamples of
ositive and negative tweets, and irrespective of which attention
etric we use, we find that media and investor attention is
lready significantly increased on the pre-tweet day. This pattern
s consistent with the notion that Donald Trump’s tweets are
rimarily comments on events that took place (and captured
nvestor attention) already before the tweet.
5

5.2. Intraday returns and trading volume

The analysis in the previous section has shown that there are
abnormal returns and abnormal trading volume on (and before)
tweet days. However, the analysis does not reveal whether the
effects on the tweet day are caused by the tweet or would also
have been observed without the tweet. We therefore now turn to
an analysis using intraday data with a resolution of one minute.
If we find significant abnormal returns or volume in the minute
of the tweet we can conclude that the effects are indeed caused
by the tweet.

The upper Panel of Table 4 shows the evolution of absolute
abnormal returns around the tweet, starting 5 min before the
tweet and ending 16 min after the tweet. The highest absolute
abnormal return is indeed observed in the minute of the tweet. It
amounts to 0.13%, significant based on the t-test and the BMP
test. Absolute returns stay at an elevated level in the minutes
after the tweet, with several statistically significant values. Thus,
it appears that Donald Trump’s tweets do have an impact on
prices.

In the middle and lower Panel of Table 4 we consider the
signed abnormal returns after positive and negative tweets. These
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Table 2
Daily average abnormal trading volume (AATV) in the event window and corresponding test statistics. The upper
panel shows results for the full sample while the middle and lower panels show results for positive tweets (PJ+)
and negative tweets (PJ-), respectively.
Fig. 2. Cumulative daily average abnormal trading volume (CAATV) of the full sample as well as of the positive tweet (PJ+) and negative tweet (PJ-) subsets in the
event window.
results are based on a sample of 18 [11] tweets classified as
positive [negative]. There is no discernible price reaction after
positive tweets. The abnormal return in the minute of the tweet
is very small and insignificant. While there are four significant
abnormal returns in the subsequent minutes (minutes 2, 4, 6 and
13), these are as often negative as they are positive. The picture is
different for negative tweets. The abnormal return in the minute
of the tweet is −0.21% and is statistically significant. Abnormal
eturns in the minutes after the event are much smaller and
re mostly insignificant. It thus appears that prices react almost
nstantaneously to negative tweets while positive tweets have no
ffect on prices. The results are visualized in Fig. 3. The Figure
onfirms the result that there is an immediate price reaction after
egative, but not after positive tweets.
Table 5 shows the results for trading volume. The upper Panel

onsiders all tweets jointly while the middle and lower Panels
how separate results for positive and negative tweets. What
e see is essentially a mirror image of the results for returns
resented above. There is no abnormal volume prior to the tweet.
n the minute of the tweet trading volume increases sharply and
tays at significantly elevated levels for more than ten minutes.
6

However, this result is almost entirely driven by the subsample
of negative tweets. These findings are confirmed by Fig. 4.

5.3. Discussion of results

We have hypothesized that Donald Trump’s tweets cause price
changes and trigger abnormal trading volume. With data at the
daily frequency (the data frequency used in all prior studies of
the effect of Trump’s tweets on individual stock returns) this
question cannot be answered in a satisfactory way. There are
already significant absolute returns, increased trading activity and
investor attention on the days before the tweets. Therefore, it is
not possible to determine whether the effects on the tweet day
are (fully or partially) caused by the tweet or whether they would
also have occurred without the tweet.

The analysis of intraday data helps to overcome this problem.
Prices change, accompanied by significantly increased trading
volume, in the very minute of the tweet. Thus, and consistent
with Hypothesis 1, Donald Trump’s tweets do affect prices and
trading volume. If we consider positive and negative tweets sep-
arately, we find that the prices of the firms addressed in the
tweets drop instantaneously after a negative tweet while there is
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Table 3
Daily average abnormal media and investor attention (AAMIA) in the event window and corresponding test statistics.
The first two panels show results for the full sample (Eikon attention and Google search volume) while the two
middle and the two lower panels show results for positive tweets (PJ+) and negative tweets (PJ-), respectively.
Fig. 3. Cumulative intraday average abnormal returns (CAAR) of the positive tweet (PJ+) and negative tweet (PJ-) subsets in the event window.
o such effect after positive tweets. Thus, Hypothesis 2 can only
e accepted for negative tweets.
With respect to the persistence of the effect on stock prices of

rump’s tweets, the analysis of daily data yields results consistent
7

with Hypothesis 3a. Price effects are reversed within three days,
implying that the tweets have no lasting impact on prices. The
intraday data analysis results in a more differentiated picture.
After positive tweets there is no price reaction to begin with. After
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Table 4
Intraday (minute-by-minute) average absolute abnormal returns (AAbsAR) and daily average abnormal returns (AAR)
around the event minute and corresponding test statistics. The upper panel shows results for the full sample while
the middle and lower panels show results for positive tweets (PJ+) and negative tweets (PJ-), respectively.
Table 5
Intraday (minute-by-minute) average abnormal trading volume (AATV) around the event minute and corresponding
test statistics. The upper panel shows results for the full sample while the middle and lower panels show results
for positive tweets (PJ+) and negative tweets (PJ-), respectively.
negative tweets we observe a price decline that is not reversed
within the subsequent 30 min (see Fig. 3), thereby providing
some support for Hypothesis 3b at the intraday level. This re-
sult should be interpreted with care, though. First, the intraday
8

price effects are rather small. Fig. 3 reveals that the cumulative
abnormal return after negative tweets amounts to approximately
0.4%. Second, the analysis of the daily data has revealed that the
event day abnormal returns are subsequently reversed, implying
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Fig. 4. Cumulative intraday average abnormal trading volume (CAATV) of the full sample as well as of the positive tweet (PJ+) and negative tweet (PJ-) subsets in

the event window.
Table 6
Daily average abnormal returns (AAR) in the event window and corresponding test statistics of positively and
negatively classified tweets using the lexicons ‘‘bing’’ (upper panels) and ‘‘afinn’’ (lower panels) from the R tidytext
package.
y
M
i

that negative tweets have no lasting effect on prices. Overall we
therefore consider our results to be consistent with Hypothesis 3a
and inconsistent with Hypothesis 3b, suggesting that behavioral
biases are the main drivers of the observed effects.

6. Conclusion

In this paper we analyze the effect of Donald Trump’s tweets
n stock returns. We focus on tweets that explicitly mention
ndividual firms and classify them into positive and negative
weets. We then analyze how the tweets affect stock prices and
rading volume. Unlike previous papers we use intraday (minute-
y-minute) data in addition to daily data. The intraday data
llows a better identification of causal effects of the tweets on
rices and trading activity.
We find that Donald Trump’s tweets cause increased trad-

ng activity but do not have lasting effects on stock prices. We
9

also find evidence of abnormal returns, increased trading vol-
ume and increased investor attention before the tweet. This find-
ing is consistent with Donald Trump’s tweets being comments
on events that happened, and attracted investor attention and
trading interest, already before the tweet.
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Table 7
Daily average abnormal trading volume (AATV) in the event window and corresponding test statistics of positively
and negatively classified tweets using the lexicons ‘‘bing’’ (upper panels) and ‘‘afinn’’ (lower panels) from the R
tidytext package.
Table 8
Daily average abnormal Eikon attention (AAMIA Eikon) in the event window and corresponding test statistics of
positively and negatively classified tweets using the lexicons ‘‘bing’’ (upper panels) and ‘‘afinn’’ (lower panels) from
the R tidytext package.
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Table 9
Daily average abnormal Google attention (AAMIA Google) in the event window and corresponding test statistics of
positively and negatively classified tweets using the lexicons ‘‘bing’’ (upper panels) and ‘‘afinn’’ (lower panels) from
the R tidytext package.
Appendix

See Tables 6–9.
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