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Abstract 

 

The microblogging platform Twitter is widely used to gather user-generated content 

providing meaningful insights to investors and financial analysts. Existing microblogging 

literature finds that aggregated user-generated content can predict stock price movements. 

However, limited research examines the stock market effect of high-profile individuals’ 

tweets (microblog posts on Twitter). One of the most followed users on Twitter is the 45th 

president of the US, Donald J. Trump. As a ‘businessman in the White House’, the 

President frequently shares his opinions on specific companies. In this paper, we use the 

event study methodology to determine how the opinions on targeted companies in Trump’s 

tweets affect the stock prices of these companies. We advance microblogging research by 

concluding that President Trump’s tweets directly affect stock prices. Our analysis shows 

that Trump’s positive company-specific tweets yield positive cumulative average abnormal 

returns on the day of the company-specific tweets, while negative company-specific tweets 

have a delayed negative effect on the targeted companies’ stock prices. Since our findings 

underline that investors react to Trump’s tweets, companies face a new risk (opportunity) 

which has previously been negligible; the risk (opportunity) of being targeted by the ‘leader 

of the free world’ on Twitter. As such, our findings have implications for both businesses 

and financial markets, while contributing to the pending debate regarding President Donald 

J. Trump’s usage of Twitter.   

 

 

Copenhagen Business School, Denmark, Master Thesis, 2019  

Keywords: President Donald J. Trump; tweets; microblogging; abnormal stock returns; capital markets; investment behavior; 
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1 Introduction 

In the recent decade, the usage of the internet as a source of information has increased dramatically (Hooke, 

2010). Likewise, more and more people are using social media platforms to communicate and express their 

knowledge of or opinions on various topics. This generates substantial amounts of user-generated content; 

unstructured data which contains both private and public information (Oh & Sheng, 2011). User-generated 

content differs from other sources of information in various ways. Firstly, much social media content is, as 

opposed to traditional media content, written by unidentifiable or even anonymous people (Bartov, Faurel, & 

Mohanram, 2018). Furthermore, all users can, regardless of who they are, express their honest and unfiltered 

opinion regarding whatever they fancy on a real-time basis (Bartov et al., 2018). Consequently, the 

characteristics of user-generated content provide a completely different source of information which is 

conducted more nimbly, more frequently and more freely compared to other sources (Bartov et al., 2018; 

Hooke, 2010). 

 

Many scholars examine how unstructured user-generated content can be used as predictors within a variety of 

domains. For instance, scholars have used internet behavior from search engine queries such as Google and 

Yahoo! to forecast a range of matters varying from early indicators of epidemic diseases (Polgreen, Chen, 

Pennock, & Nelson, 2008) to key economic indicators such as unemployment, demand, and inflation (Choi & 

Varian, 2012). As for social media content more specifically, much literature has analyzed the microblogging 

platform Twitter on which each of the more than 320 million active monthly users can post so-called tweets 

(i.e., microblog posts) that are no longer than 280 characters (Statista, 2019). The shortness and nimbleness of 

tweets have made Twitter an accurate and real-time forecaster within financial markets. For instance, 

aggregated tweet sentiments have been used to predict movie box-office revenue (Asur & Huberman, 2010), 

the value of crypto-currencies such as Bitcoin (Mai, Shan, Bai, Wang, & Chiang, 2018) as well as company 

earnings and stock price returns (Bartov et al., 2018). 

 

Similarly, tweets posted by high-profile individuals have proved significant market effects and have been able 

to rock the boat of major corporations. For instance, Elon Musk—the founder and CEO of the electric car 

manufacturer Tesla—was forced to step down as chairman at the very same company after he, in nine words, 

tweeted that he had secured funding to take Tesla private on a premium (Williams, 2018). On the day of the 

tweet, Tesla’s shares increased by almost 11% after which it decreased dramatically after Musk was sued for 

providing ‘false and misleading’ information to the market (Patnaik & Kalia, 2018). Likewise, the American 

media personality Kylie Jenner tweeted that she disliked a new update of the mobile application Snapchat after 

which the stock price of the company behind the application decreased by more than 6% (equivalent to a $1.3 

billion decrease in market value) in a single day (Yuieff, 2018). These examples illustrate that companies can 
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be affected by single tweets posted by both internal and external individuals and prove that share prices can 

be shocked by tweets containing personal opinions. 

 

One of the most remarkable and followed users on Twitter is the 45th president of the US, Donald J. Trump. 

Trump’s personal Twitter account, @realDonaldTrump, is, with more than 60 million followers, the 13th most 

followed on Twitter (Boyd, 2019; Twitter, 2019b). In the past ten years, Trump has posted more than 41 

thousand tweets—equivalent to more than 11 tweets a day, on average—accentuating his extensive usage of 

the microblogging platform (Twitter, 2019b). In these tweets, Trump addresses various kind of topics; from 

personal greetings and presidential duties to foreign, economic, and military policy (Twitter, 2019b). Besides 

reaching Trump’s many followers, the tweets are frequently reported on by news providers such as Fox News, 

The New York Times, CNN, BBC, and CBC which makes them a debatable topic all over the world (Bonato & 

Roach, 2018; Buncombe, 2018). Consequently, the President’s tweets reach, directly or indirectly, more than 

three-quarters of all Americans (Newport, 2018).  

 

Trump’s usage of Twitter is widely discussed. Critics argue that Trump’s rather free tone and subjects of choice 

are unpresidential and in some cases even dangerous for the US’ diplomatic relations (Klaass & Cassidy, 

2017). However, others argue that the President’s usage of Twitter increases the transparency between the 

Oval Office and the rest of the world (Azari, 2017). Trump himself, argue that the unfiltered nature of Twitter 

makes him able to bypass what he determinants as the fake media enabling him to communicate in a direct and 

unbiased manner (see Figure 1). 

 
Figure 1. Why Trump uses Twitter. President Trump argues that he uses social media to communicate directly to the public. Source: (Twitter, 2019b) 
 

Professors from Harvard Business School underline that Trump, with more than 50 years of business 

experience and no prior political or military experience, lead the nation differently than previous presidents 

with a strong focus on private companies (Pazzanese, 2017). As a ‘businessman in the White House’, the 

President frequently shares his positive and negative opinions on specific companies in his tweets (Wolff-

Mann, 2017). This phenomenon is novel for a sitting President of the US (Born, Myers, & Clark, 2017). It is, 

however, also subject to much discussion. While some argue that the President’s company-specific tweets 

inappropriately interfere with ‘free enterprises’, others argue that the company-specific tweets allow Trump to 

provide concrete examples of his policy (Schouten, 2018). Oftentimes, newspaper articles report that stock 

The FAKE MSM [mainstream media] is 
working so hard trying to get me not to use 
Social Media. They hate that I can get the 
honest and unfiltered message out 
07:58 AM – June 6, 2017 
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market fluctuations are the result of Trump’s tweets targeting specific companies (Archer, 2017; Schouten, 

2018; Wolff-Mann, 2017). However, these statements are not based on scientific research. We find the 

phenomenon of Trump’s company-specific tweets very interesting why we are interested in scrutinizing its 

consequences.  

 

1.1 Research Question 

Originating from the field of social media content as a predictor of market movements as well as observations 

of high-profile Twitter users’ impact on targeted companies’ stock prices, we are interested in examining the 

relationship between Trump’s usage of Twitter and the stock returns of the companies which he targets in his 

tweets. In other words, we want to examine how the opinions in President Trump’s tweets targeting specific 

companies affect the targeted companies’ stock prices. This leads us to the following research question: 

 

How do the opinions on targeted companies in President Donald J. Trump’s tweets affect the stock 

prices of these companies? 

 

To create a common standpoint and align expectations, we find it relevant to clarify the concepts presented in 

our research question. Therefore, we will elaborate on each part of our research question separately: 

 

● President Donald J. Trump: We are interested in the effect of Donald J. Trump’s tweets during 

Trump’s period as president of the US. Furthermore, we include Trump’s period as president-elect 

since the uncertainty of his future position as president is (almost) zero during this period (Neale, 

2004). Thus, we are not interested in the effect of Mr. Trump’s tweets prior to the election day on 

November 8, 2018. Throughout this paper, we use ‘Trump’ and ‘the President’ interchangeably to 

refer to President Donald. J. Trump.  

 

● Targeted companies: We are interested in tweets in which Trump directly targets specific publicly 

traded companies. Hence, this paper examines how company-specific tweets affect the share prices of 

the targeted companies. Thus, we are not interested in industry-specific tweets, nor in other tweets that 

might influence the market in a broader sense. 

 

● Opinion in tweets: We are interested in the opinions in the tweets posted by Trump. Thus, this paper 

solely examines the opinions in the tweets and does not seek to assess the effect of Trump’s opinions 

stated elsewhere than on Twitter. We will, in our analysis, examine the effect of positive and negative 

opinions, respectively. 
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● Stock price effect: We are interested in how the President’s tweets affect the stock prices of the 

targeted companies. Therefore, we will examine the abnormal returns (if any) attributable to Trump’s 

tweets. 

 

1.2 Motivation and Relevance 

In this passage, we will outline our motivation for examining how the opinions on targeted companies in 

Trump’s tweets affect the stock prices of these companies. Overall, our motivation is threefold; the topic is (1) 

novel, (2) topical, and (3) relevant for our fields of study. This threefold motivation of ours is also the structure 

of this passage. 

 

First of all, the topic is novel. Even though Trump is the 45th president of the USA, he is merely the 2nd 

American president with a Twitter account while being in office—with the first being the former president, 

Barack Obama (FXCM Market Insights, 2017). With almost three times as many total tweets, Trump’s usage 

of the platform is far more extensive than his predecessor’s (Twitter, 2019b, 2019a). Additionally, Obama did 

only publicly criticize specific companies very few times during his eight years in the White House (Schouten, 

2018). Therefore, we find it interesting to examine the impact of a sitting president’s usage of Twitter.  

 

Secondly, we are motivated by the topicality of the topic. The stock market effect of President Trump’s tweets 

is, in different varieties, widely discussed in the media. However, the vast majority of the research sparking 

the discussion is conducted by journalists rather than academic researchers. Thus, the research is conducted 

using unscientific methodologies—for instance by measuring normal returns and not abnormal returns. 

Likewise, the tweets which are examined in the media are mostly examples which are (more or less) cherry-

picked by the journalist which makes the data non-exhaustive, and thus not nuanced (Archer, 2017; Daniels, 

2016; Otani & Shifflett, 2017; Wolff-Mann, 2017). Therefore, we find it relevant to examine the topic 

academically. 

 

Thirdly, the topic is relevant to the academic fields of strategy, finance, and international business. Many 

companies are currently trying to understand how Trump’s usage of Twitter influence their businesses 

(Radionova, 2017). For example, it is valuable for companies to know which reactions in stock prices they 

should expect when the President targets them on Twitter. Due to Trump’s extensive focus on domestic versus 

international trade, this is particularly important for multinational corporations (Risager, 2016). In addition, 

other companies are currently exploring the business opportunities that the new ‘Twitter era’ generates. For 

instance, a former senior adviser in the Trump administration, Barry Bennett, and Trump’s former campaign 

manager, Corey Lewandowski, have opened the consulting company Avenues Strategies which specializes in 

advising companies that Trump’s tweets target (Radionova, 2017). Other companies have seized the 
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opportunity of Trump’s tweets by making software systems that alert companies and traders when the President 

targets a company. Among these are, for instance, the start-up and mobile application Triggers which sends 

‘Trump Triggers’ based on Trump’s latest actions on Twitter (Radionova, 2017). Likewise, the market data 

and news provider Bloomberg offers ‘Trump tweet notifications’ which the company describes as “one of the 

fastest-growing alerts for a news product that we [Bloomberg] have ever launched” (Peltz, 2017). These 

examples underline that businesses identify threads and seize opportunities related to Trump’s tweets. 

Therefore, we are motivated by understanding the potential business impact related to stock price movements 

caused by Trump’s company-specific tweets. 

 

To summarize, with our threefold motivation, we believe that our research is newsworthy, topical, and have 

strategic value for businesses why it contributes to the academic fields of strategy, finance, and international 

business. These motivations are, inevitably, highly interrelated which, to the best of our beliefs, reinforces this 

paper’s topicality and relevance, both for the media, businesses, investors, and research in general.  

 

1.3 Scope and Delimitations 

Before outlining the structure of the paper, we find it relevant to establish what the scope of our research is, 

and which associated delimitations that naturally follows. According to Ankersborg (2007), a research question 

can have four objectives: 

 

● explorative (asks questions such as what or how many),  

● descriptive (asks how),  

● explanative (asks why), or  

● normative (asks how to improve/take advantage of something) 

 

The relevance of each of the objectives depends on the level of prior knowledge of the topic indicating that the 

latter objectives rely on the former. As such, normative research is, for instance, only possible if the three other 

levels of research on the topic are sufficiently covered (Ankersborg, 2007). Due to the topic’s novelty and thus 

limited knowledge regarding the topic, the overall scope of this paper is to conduct descriptive research. Our 

descriptive ambition is consistent with our research question which seeks to examine the causal relationship 

between two phenomena, i.e., how company-specific Trump-tweets affect the share prices of the targeted 

companies. This level of research is a prerequisite for the explanatory research since one cannot study why the 

stock prices of the targeted companies behave in a certain way without having prior knowledge of how the 

prices behave. Likewise, one cannot conduct normative research into how to take advantage of something 

related to Trump’s company-specific tweets without having established how the relationship between these 



 Page 12 of 118  

and returns of the stock prices is. Based on the novelty of the topic, our research is therefore mainly descriptive 

(see Figure 2).  

 

 
Figure 2. Our scope of research. The scope of this paper is to conduct descriptive research. We will use our descriptive findings to be explanative 

when relevant. However, it is without the scope of this paper to make a full explanative analysis and test why stock prices behave the way they do. 

Terminology adapted from Ankersborg (2007). 

 

We will use our descriptive findings to be explanative when relevant. Thus, we will, in our findings and 

analysis as well as in the discussion, provide suggestions to why the market reacts the way it does. As such, 

we will comment on our findings using the presented theories. However, it is without the scope of this paper 

to fully describe and test why stock prices behave the way they do when Trump targets companies in his tweets. 

We will, for instance, not test whether potential market reactions are caused by efficient or inefficient market 

behavior. Further, normative suggestions are not included in this paper. Hence, we will not make any 

recommendations to companies which Trump targets in his tweets; neither will we suggest any trading 

strategies based on our findings.  

 

As illustrated in Figure 2, our research will, consequently, use explorative knowledge and research to describe 

how the opinion on targeted companies in Trump’s tweets affect the share price of these companies. When our 

descriptive research provides indications of why the stocks behave as they do, we will provide explanatory 

comments. However, due to the nature of our research question, we limit our research to covering a small 

subset of the explanatory field of research and instead make an in-depth descriptive examination of the topic.  

 

Normative 
How can it be different? 

(how to improve) 

Explanative 
Why is it this way? 

(why) 

Descriptive 
How does it look like? 

(how) 

Explorative 
What is it? 

(what, who, how many) 
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Furthermore, this paper is an empirical paper (as opposed to a theoretical paper). This implies that our research 

question relates to empirical observations rather than tests of theoretical disagreements (Ankersborg, 2007). 

In order to answer our research question, we will use a mixture of data and existing theory. It is, however, 

without the scope of this paper to test the theories. Hence, we are not interested in verification or falsification 

of existing literature. We are, on the other hand, using the theories and their associated arguments and 

approaches to examine our empirical observations. Consequently, we will, when relevant, outline 

disagreements in existing literature but our scope is not to analyze the theories themselves but rather to analyze 

Trump’s tweets and the associated (lack of) changes in stock prices. As such, the empirical findings are the 

end while the existing theories are the means. 

 

1.4 Structure of Paper 

With our research question as the point of departure, we will briefly describe how the paper is structured. In 

addition to this introduction, this paper contains eight main sections. 

 

Theoretical Foundation: Since we want to examine how the opinion in Trump’s company-specific tweets 

affect the stock price of targeted companies, it is necessary to look at the tweets as if they were information. 

In the theoretical foundation, we will outline theories regarding how the stock market reacts to information. 

The theoretical foundation will, first, outline different theories about capital markets and investment behavior. 

Next, we present relevant theories about how markets are expected to react to information. Based on our 

theoretical foundation, we will, from the perspective of the different theories, establish how one could expect 

the market to react to President Trump’s company-specific tweets. 

 

Literature Review: We present existing literature that, in one way or another, is helpful to assess our research 

question. This section will partly focus on literature regarding microblogging and its ability to predict stock 

market movements, and partly on literature regarding President Trump’s effect as an individual. Hence, this 

section seeks to establish how the stock market might be affected by Twitter content and President Trump, 

respectively. 

 

Hypotheses: In this section, we will advance our hypotheses with the purpose of making our research question 

testable. The hypotheses are based on the theoretical expectations as well as the literature review.  

 

Methodology: In this section, we will, initially, present our scientific perspective. In line with our descriptive 

research question, our methodology is deductive. Inspired by other financial research—for instance on stock 

splits announcements, M&A announcements, and earnings announcements—we apply the event study 

methodology in order to examine our hypotheses. We firstly introduce how we identify and prepare the relevant 
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tweets and stock market data, after which we present how we calculate the cumulative average abnormal 

returns (CAAR) relevant for our hypotheses. Finally, we present how we test whether the CAARs are 

significant. 

 

Findings and Analysis: This section presents the findings of our analysis. Initially, we elaborate on each of 

our hypotheses and highlight the specific points of interest in our study. Subsequently, we analyze our findings 

through the lenses of the theories presented in the theoretical foundation and the literature review.   

 

Discussion: We discuss our empirical results and their implications for investors, business practices, and the 

public in general. Subsequently, we will outline the methodological limitations of our study and discuss the 

implications of these related to our empirical results.  

 

Conclusion: In the conclusion, we will, first and foremost, provide a summarized answer to our research 

question. Furthermore, we will briefly go through the methodology of our research and comment on our 

findings. 

 

Further Research: In this section, we will provide suggestions which could be interesting to examine in future 

research.  

 

Since the findings of this paper, as established in the above section, could be relevant to a broad and diverse 

group of interested parties, our ambition is to present theories, existing literature, our methodological approach, 

our findings and analysis, as well as the discussion of the topic as straightforward as possible. Even though 

some passages of this paper might require some prior knowledge of financial markets, statistics, and research 

approaches, we seek to elaborate on each part and provide relevant examples and illustrations throughout the 

paper. Figure 3 on the next page illustrate how the nine main sections in this paper will be the backbone of our 

research. 
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2 Theoretical Foundation 

Prior to our analysis of our research question regarding how Trump’s company-specific tweets affect the 

targeted companies’ stock prices, we need to establish and explain the relevant existing theoretical 

contributions in order to be able to make relevant hypotheses grounded in the existing theory. In order to 

understand how President Trump’s tweets might affect the stock prices of targeted companies, we first need 

to establish how markets, in general, react to announcements. Therefore, the purpose of this theoretical 

foundation is to outline how information affects the stock market. As the theoretical point of departure, we 

will outline some of the most widely used theories within both classical economic theory and behavioral 

economic theory. This section is divided into three parts:  

 

● In the first part of our theoretical foundation, Fundamental Capital Market Theory and Investment 

Behavior, we will present academic research regarding how investors behave. This part will outline 

the theoretical disagreements about what makes markets react. 

 

● In the second part, Information in the Market, we present relevant models which seek to describe the 

characteristics of the information that investors react upon.  

 

● Lastly, in Theoretical Expectations, we will, based on the presented theories, outline how one could 

expect Trump’s tweets to affect the targeted companies’ stock prices. The purpose of this part is to 

make a foundation for the hypotheses which we will put forward later in the paper.  

 

2.1 Fundamental Capital Market Theory and Investment Behavior  

This part will outline some of the fundamental theories about investment behavior. Ever since research on 

financial markets and in particular capital markets began to occur about a century ago, scholars have disagreed 

about what makes markets react (Thaler, 2015). This discussion is still pending today, and hence we find it 

highly relevant to address the very different views on investment behavior. This part is divided into two 

subparts; the first introducing efficient market theory and the second presenting theory regarding human 

behavior and emotions. 

 

2.1.1 Efficient Market Hypothesis  

The economist and Nobel laureate Eugene Fama (1970) is widely known as the ‘founding father’ of one of the 

most fundamental financial theories; the Efficient Market Hypothesis (EMH). According to Fama (1970) “[…] 

security prices at any point in time "fully reflect" all available information” (p. 388). As such, any security is 

priced at its intrinsic value indicating that the price of the asset is the discounted value of the free cash flow it 
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is expected to generate. Fama (1970) distinguishes between three forms of market efficiencies: The weak form, 

the semi-strong form, and the strong form. If markets are efficient in the weak form, all information from the 

past, i.e., past prices, is reflected in the price of stocks and other securities. In the semi-strong form, the price 

of a stock is adjusted for all publicly available information such as announcements regarding expected future 

earnings, stock splits, mergers and acquisitions, etc. In the efficient market’s strongest form, all information—

including insider information and other nonpublic information—is reflected in current prices (Fama, 1970).  

 

By breaking the EMH down into these three forms of efficiency, Fama (1970) states “[…] that there is no 

important evidence against the hypothesis in the weak and semi-strong form tests (i.e., prices seem to 

efficiently adjust to obviously publicly available information)” (p. 388). For instance, by analyzing serial 

correlations of historical stock prices, Fama (1965) finds that returns of stocks are independent indicating that 

the stock returns are (more or less) random walks in which the information of historical prices is already 

reflected in the price of the stocks—consistent with the weak form of efficiency.  

 

Likewise, Fama, Fisher, Jensen, and Roll (1969) find support of the semi-strong form by examining the market 

reaction to stock split announcements. They observe that the market reacts (almost) immediately after the 

announcement rather than at the time of the actual split. Interestingly, Fama et al. (1969) argue that a stock 

split itself should have no intrinsic effect since a split solely increases the total number of shares while the 

value of the company stays the same. However, even though a stock split announcement is not a piece of new 

information affecting the fundamentals of a company itself, it serves as a signal of managerial confidence 

regarding future earnings and dividends why prices, correctly, increase immediately when the split is 

announced (Fama et al., 1969). This example illustrates that information relevant in the market is not 

exclusively information about company fundamentals—it can also be signals that might decrease uncertainties 

regarding the future. 

 

In addition to the evidence of the weak and semi-strong forms of market efficiencies, Fama (1970) underlines 

that tests of the strong form of market efficiency have also supported the EMH. Even though the evidence is 

not as extensive as the tests of the weak and semi-strong form, tests of the strong form suggest that investors’ 

marginal cost of monopolistic access to information does not seem to exceed the marginal increase in return 

this information can generate (Fama, 1970). For instance, Jensen (1969) analyzes 115 mutual funds and finds 

that mutual fund managers—who, from the author’s perspective, have access to monopolistic information—

have, on average, been unable to perform better than the market average: 

 

“One must realize that these analysts are extremely well endowed. Moreover, they operate in the 

securities markets every day and have wide-ranging contact and associations in both the business and 
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the financial communities. Thus, the fact that they are apparently unable to forecast returns accurately 

enough to recover their research and transactions costs is a striking piece of evidence in favor of the 

strong form of the martingale hypothesis [i.e., strong form of the efficient market hypothesis]” (Jensen, 

1969, p. 170). 

 

Newer research regarding professional money makers’ performance support Jensen’s (1969) findings and 

conclude that these “experts” perform no better than the market average (Thaler, 2015). This leads us to another 

central aspect of the EMH: When all information is already reflected in the prices, it is impossible to predict a 

firm’s future performance better than the market and make profits based on this. As such, using the behavioral 

economist and Nobel laureate Richard H. Thaler’s (2015) terminology, the EMH has two main conclusions 

which are highly related:  

 

● Firstly, ‘the price is right’ indicating that an asset will always be priced at its intrinsic value, and the 

asset price will be a reflection of all available information. 

 

● Secondly, there is, due to the rationality of prices, ‘no free lunch’ since it is impossible to profit from 

predictions and beat the market. 

 

These two assumptions have been criticized by behavioral economists who, in short, argue that investors are 

subject to irrational expectations and biases why the market fails to satisfy the assumptions behind EMH 

(Kahneman, 2011; Risager, 2016; Thaler, 2015). In the following subpart about human behavior and emotions, 

we will outline a fundamentally different view on the reasons for stock market reactions.  

 

2.1.2 Human Behavior, Emotions, and Animal Spirits 

In this section we will, similar to this subpart about the EMH, use some of the best-known early academic 

contributions since these illustrate the fundamental theoretical disagreement which still exists today. 

 

One of the early economists who looked into investment behavior and financial markets is John M. Keynes 

(2018) who argues that individual decision-making is profoundly affected by emotions and human psychology. 

In his well-known book The General Theory of Employment, Interest, and Money—first published in 1936 

and republished in 2018—Keynes (2018) calls this behavior animal spirits. As an example of animal spirits, 

Keynes (2018) argues that people, and thereby investors, during economic upswings lose their ability to 

analyze markets rationally: “[…] there is the instability due to the characteristic of human nature that a large 

proportion of our positive activities depend on spontaneous optimism rather than on a mathematical 

expectation” (p. 161). From this point of view, investors tend to overreact which might lead to overpriced 
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assets and ultimately, economic bubbles (Keynes, 2018). This directly contradicts the EMH since bubbles 

cannot exist if assets are correctly priced at all times. Likewise, Keynes (2018) noted that the stock prices of 

companies which are dependent on seasonal sales are higher during high-earnings seasonal periods. For 

example, the shares of ice companies sell at higher prices during the summer, while the “[…] recurrence of a 

bank-holiday may raise the market valuation of the British railway system by several million pounds” (Keynes, 

2018, p. 135). Once again, this is inconsistent with the EMH since these are well-known seasonal fluctuations 

that should be fully reflected in expected earnings and thereby also the prices. Hence, from Keynes’ (2018) 

point of view, investors do to a high degree buy and sell stocks based on irrational expectations. 

 

To describe how investors are picking stocks, Keynes (2018) introduces the analogy of a mid-1930s beauty 

contest, in which each competitor has to choose the six most attractive people based on a hundred pictures. 

The winner of the contest is the competitor whose preferences are mostly aligned with all competitor’s average 

preference. The setup of this game stresses the need for competitors to, iteratively, think about the other 

competitors’ strategies: 

 

“[…] each competitor has to pick, not those faces which he himself finds prettiest, but those which he 

thinks likeliest to catch the fancy of the other competitors, all of whom are looking at the problem 

from the same point of view. It is not a case of choosing those which, to the best of one’s judgment, 

are really the prettiest, nor even those which average opinion genuinely thinks the prettiest. We have 

reached the third degree where we devote our intelligences to anticipating what average opinion 

expects the average opinion to be. And there are some, I believe, who practice the fourth, fifth and 

higher degrees” (Keynes, 2018, p. 137). 

 

Within the economic field of game theory, this analogy started the concept of so-called Keynesian beauty 

contests. In such games, the game theoretical assumption about common knowledge about the rules is essential: 

“Every player knows the rules of a game and that fact is commonly known” (Dutta, 1999, p. 18). The 

assumption that the rules are commonly known is crucial since this implies that every player knows that other 

players know the rules. Likewise, every player knows that the other players know that everybody knows the 

rules. This can potentially be iterated an infinite amount of times (Dutta, 1999). In the case of the beauty 

contest, this assumption also implies that all players know that they can only win if their choice is aligned with 

the most of the others’. Hence, the others’ strategies directly determine one’s own strategy—and vice versa.  

 

Similarly, Keynes (2018) argues, a professional money maker does not pick stocks based on his or her own 

judgment of businesses’ fundamentals but rather based on which stocks he or she believes that the others pick. 

From this point of view, stocks prices are not necessarily a reflection of available information about the 
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intrinsic value of the given company, as the EMH underlines, but rather a reflection of investors’ expectations 

about other investors’ expectations. Since this is the case for all investors, asset prices are, in other words, an 

expression of the ‘hype’ of the asset rather than the long-term expectation of the generated cash flows. 

 

Another economist who contributed to the early financial market literature is Benjamin Graham1 and his 

colleague David Dodd. Graham and Dodd’s (2009) view on financial markets is very aligned with Keynes’ 

(2018) idea of the effect of animal spirits. In their book Security Analysis, which was first published in 1934 

and which later became the theoretical foundation of value investment, Graham and Dodd (2009) underline 

that the market, to a large degree, is determined by irrational patterns:  

 

“The market is not a weighing machine, on which the value of each issue is recorded by an exact an 

impersonal mechanism, in accordance with its specific qualities. Rather should we say that the market 

is a voting machine, whereon countless individuals register choices which are the product partly of 

reason and partly of emotion” (Graham & Dodd, 2009, p. 70). 

 

This, too, contradicts the EMH according to which prices are only a product of reason (i.e., available 

information) and not emotion. All in all, there exist a discrepancy in the literature regarding how markets are 

affected by information. Is it information about the long-term performance of a company that determines the 

prices of assets, as efficient market literature underlines (Fama, 1970; Fama et al., 1969; Jensen, 1969)? Is it 

rather human behavior and animal spirits that make stock prices rise and fall, as Keynes (2018) argue? Or is 

it, as Graham and Dodd (2009) express, a combination of rational reasons and irrational emotions? 

 

These are fundamental questions in the ongoing discussion about investment behavior. The two behavioral 

economics and Nobel literates Richard Thaler (2015) and Daniel Kahneman (2011) argue that efficient market 

economists and more behavioral oriented economists look at investors in two fundamentally different ways. 

Efficient market economists (Fama, 1965, 1970; Fama et al., 1969; Jensen, 1969) see people, and thereby 

investors, as Econs; rational individuals who behave in accordance with classical economic theory by 

maximizing their individual utility and believe in efficient markets, etc. Behavioral economist (Graham & 

Dodd, 2009; Kahneman, 2011; Keynes, 2018; Risager, 2016; Thaler, 2015)2 on the other hand, see investors 

as Humans; irrational by nature why they are all subject to biases, heuristics, emotions, etc. Even though the 

distinction between Econs and Humans might be somewhat biased in the nature of the terms themselves, we 

                                                   
1 Benjamin Graham was Warren Buffett’s teacher, mentor, and later Buffett was also employed in Graham’s firm Graham-Newman Corporation 
(Risager, 2016). Buffett—whose net worth of $80 billion makes him one of the most successful investors in modern time—credits his success to three 
people: His father, his mother, and Benjamin Graham (Mejia & Elkins, 2017). 
2 Even though the term behavioral economist was not yet invented when Keynes, Graham, and Dodd lived, they are often referred to as the first 
behavioral economists (Thaler, 2015). 
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find the distinction useful throughout this paper. As such, we will use ‘Econs’ and ‘Humans’ as synonyms for 

the efficient market view and behavioral view on investors, respectively. 

 

2.2 Information in the Market 

As the basis for our hypotheses and further analysis, it is not only relevant to present the theory regarding how 

stock prices react to information in general. To provide our study with a more nuanced theoretical foundation, 

we find it equally important to further outline the characteristics of information that the stock markets react 

upon. Like in the above section, we will present different literature which has different views on the 

significance of different types of information. 

 

As mentioned previously, the efficient market literature argues that all available information is, at any given 

time, reflected in the price of a stock (Fama, 1970; Fama et al., 1969; Jensen, 1969). Therefore, all relevant 

news concerning the fundamentals of a firm is relevant. If a piece of news regarding a company is published 

and the stock market does not react, the piece of news is, according to the EMH, either not affecting 

fundamentals or not news. In other words, the market only reacts to (1) relevant information and (2) new 

information. These two critical assumptions will be addressed in the next two sections about noise trading and 

information salience. This will be followed by a session about gradual information diffusion which will give 

the theoretical foundation further nuances.  

 

2.2.1 Noise as Information 

Related to the subject of relevant market information, the former President of the American Finance 

Association Fischer Black (1986) introduces the term noise trading which is “[…] trading on noise as if it 

were information” (p. 531). Black (1986) argues that these irrational noise traders influence stock prices 

significantly indicating that irrelevant news does affect prices. In line with Black (1986), Thaler (2015) argues 

that investors, as Humans rather than Econs, by nature react to irrelevant and noisy information:  

 

“The only thing that makes an Econ change his mind about an investment is genuine news, while 

Humans might react to something that does not qualify as news, such as seeing an ad for the company 

behind the investment that makes them laugh” (p. 240). 

 

Knowing this, one might ask why rational arbitrageurs do not correct the prices immediately. Fama (1965) 

argue that irrational traders cannot influence prices since investors who trade on relevant information will be 

able to ‘correct’ prices by investing against irrational traders. Black (1986), on the other hand, argues that such 

arbitrageurs are unable to entirely do so since it requires them to take large and potentially risky positions in 
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the mispriced assets. Furthermore, Black (1986) underlines that noise blurs the real picture of the value of 

assets: “All estimates of value are noisy, so we can never know how far away price is from value” (p. 533).  

 

Hence, noise trading literature states that stock prices are affected by irrelevant news which contradicts the 

previously stated efficient market assumption emphasizing that relevant information about fundamentals is, 

literally, the only relevant information. These conclusions are the background for Black’s (1986) famous and 

rather humorous definition of market efficiency:  

 

“[…] we might define an efficient market as one in which price is within a factor of 2 of value, i.e., 

the price is more than half of value and less than twice value. The factor of 2 is arbitrary, of course. 

[…] By this definition I think almost all markets are efficient almost all of the time. "Almost all" 

means at least 90%” (p. 533). 

 

2.2.2 Information Salience 

Regarding the second efficient market assumption—that asset prices only react to new information—there is, 

once again, a discrepancy in the literature. To examine this further, we find it relevant to address the concepts 

of salience theory. According to Palomino, Renneboog, and Zhang (2009) information salience, such as the 

degree of media coverage, is crucial for the reaction of stock prices. They argue that people can only process 

a limited amount of information why investors focus narrowly on the most visible and easily accessible 

information. As a consequence, the significance of information in terms of asset prices is determined by the 

salience of the information rather than the fundamental importance of the information (Palomino et al., 2009). 

The importance of information salience is further supported by Kahneman (2011) who argue that Humans, 

opposed to Econs, are subjects to availability heuristic; they make decisions based on information which is 

most recent, available, and accessible. As a consequence, Human’s, and thereby investors, are biased by the 

availability of information. Kahneman (2011) further argues that the availability bias proves the importance 

of media coverage since the media can create availability cascades: “A nonevent that is inflated by the media 

and the public until it fills our TV screens and becomes all anyone is talking about” (p. 145). 

 

A very instructive example of information salience and the importance of availability is provided by Huberman 

and Regev (2001). During a weekend in May 1998, a front-page article of the newspaper The New York Times 

reported that the pharmaceuticals company EntreMed had reached a potential breakthrough in developing a 

cancer-curing product. When the market opened Monday, the stock price of EntreMed increased from $12 to 

$85, closed at $52, whereafter the stock traded around $30 the following three weeks (Huberman & Regev, 

2001). However, the New York Times article contained no new information as the exact same information 

regarding the breakthrough was published five months earlier in the scientific journal Nature (Huberman & 
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Regev, 2001). The information was even written in the New York Times itself at the day of the original 

announcement; however, it was only a small article on page A28 (Huberman & Regev, 2001). At the original 

announcement of the news in November 1997, the price of EntreMed increased 28% (from $11.88 to $15.25) 

while the republished news five months later had a substantially higher impact on its stock price, both in the 

short-term and long-term (Huberman & Regev, 2001).  

 

This example illustrates that ‘nonevents’—news which is actually not new—can have a remarkable impact on 

prices. In this case, the nonevent had an even larger impact than when the piece of news was actually new. 

Hence, the case of EntreMed and salience theory in general directly contradicts the EMH’ ‘price is right’-

principle according to which all available information is reflected in the price of an asset. Furthermore, one 

can, based on Huberman and Regev’s (2001) observations regarding EntreMed, argue even the semi-strong 

form of market efficiency can be hard to satisfy as public information was not immediately incorporated in the 

company’s stock price. 

 

2.2.3 Gradual Information Diffusion 

In line with the salience of information, theory regarding gradual information diffusion suggests that markets 

do not necessarily react to information immediately (Hong & Stein, 1999). Hong and Stein (1999) argue that 

delayed market reactions are a result of two types of boundedly rational investors: The news watchers and the 

momentum traders. Each news watcher privately observes a subset of all public information regarding a 

company and trade based on this piece of ‘private’ information. These agents make forecasts based on this 

information which diffuses slowly to other news watchers. As a result “[…] information diffuses gradually 

across the population, [and] prices underreact in the short run” (Hong & Stein, 1999, p. 2143). According to 

Hong and Stein (1999), this makes room for momentum traders seeking arbitrage opportunities which, 

according to the ‘no free lunch’ principle of the EMH, should be impossible. By making forecasts based on 

current and historical prices, momentum traders try to take advantage of the gradual diffusion of information 

among the news watchers.  

 

Since the market underreacts in the short run, Hong and Stein (1999) argue that momentum traders should 

ensure that securities are priced efficiently. This is, however, not the case since momentum traders’ usage of 

simple trading strategies implies that these traders do not know whether they trade on price increases caused 

by actual news or rather other momentum traders past reactions: “The initial reaction of prices in the direction 

of fundamentals is indeed accelerated, but this comes at the expense of creating an eventual overreaction to 

any news” (Hong & Stein, 1999). Thus, gradual information diffusion in the market will, according to Hong 

and Stein (1999), initially be reflected by an underreaction after which the market is likely to overreact. This 
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does, in other words, suggest that stock price reactions might not be caused by real-time news but rather some 

old information which momentum traders have traded upon. 

 

In addition to this and not surprisingly, Hong, Lim and Stein (2000) find that information diffuses more slowly 

when the addressed stocks have low analyst coverage. Interestingly, however, the authors observe that the 

speed of information diffusion is asymmetric in the reaction to positive and negative information, respectively: 

“low-coverage stocks seem to react more sluggishly to bad news than to good news” (Hong et al., 2000, p. 

268). This example illustrates that the content of the news might determine how rapidly the information 

diffuses.  

 

2.3 Theoretical expectations 

Having outlined our theoretical foundation, it is clear that a discrepancy exists in the literature about how 

investors behave and thus how the stock market reacts to information. Since we are interested in how the stock 

market reacts to President Trump’s tweets, this discrepancy is relevant for our research. Because of the 

theoretical disagreements, we cannot put forward any unambiguous expectations regarding how the opinions 

in President Trump’s tweets affect the stocks of the targeted companies. Before moving on to the literature 

review, after which we will make our hypotheses, we find it relevant to outline our expectations based on the 

theoretical foundation. Specifically, we establish how we expect Trump’s tweets to affect the stock prices of 

the targeted companies from the perspective of the different scholars just presented. As such, we want to 

establish how Trump’s opinions on targeted companies might serve as information in the market. 

 

In order to do so, we need to distinguish between two types of tweets, namely (1) tweets that contain new 

opinions and (2) tweets that disseminate opinions which are already publicly known. We will address the 

expectations of these two groups separately in the following to sup-parts and will in each subpart further 

distinguish between expected reactions prior to the tweet, at the time of the tweet, and after the tweet. 

 

2.3.1 Tweets Containing Original Information 

Initially, we will outline the theoretical expectations concerning tweets which contain original information, 

i.e., Trump’s opinions which have previously not been posted on Twitter. An example of such a tweet could 

be the following in which Trump for the first time reveals his opinion on the luxury department store 

Nordstrom (see Figure 4):  
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Figure 4. Example of tweet containing original information. Appendix F, Tweet no. 143. Source: Twitter (2019b). 

 

From an efficient market point of view, the full market reaction (if any) to the President’s tweets should be 

incorporated immediately when the tweet is posted. If the market, to a greater or lesser extent, reacts prior to 

the event, it would, from Fama’s (1970) perspective, indicate that the market already knows Trump’s opinion 

on the targeted company. Additionally, assuming that the EMH is correct, there should be no market reaction 

after the tweet.  

 

On the other hand, behavioral finance literature points out that new information might not be priced in the 

stock immediately (Hong & Stein, 1999; Palomino et al., 2009; Risager, 2016; Thaler, 2015). As such, one 

could expect much of the reaction to a tweet to occur after the tweets are posted rather than before or when it 

is posted. Likewise, reactions prior to the tweet could, similar to the point of view of efficient market theory, 

indicate that Trump’s opinion is already published elsewhere. 

 

2.3.2 Tweets Disseminating Existing Information 

The second group is the tweets which contain no new information but rather replicate and disseminate an 

opinion which is already publicly available. In the case of Trump’s tweets, this could be an opinion which has 

already been posted on this Twitter account before. An example of such tweet is illustrated in Figure 5 below 

in which President Trump targets the Taiwanese electronics contract manufacturer Foxconn again after having 

appraised the company in an earlier tweet.  

 
Figure 5. Example of a tweet disseminating existing information. Tweet disseminating an opinion already revealed on Trump’s Twitter on July 26, 

2017. Appendix F, Tweet no. 107. Source: Twitter (2019b). 

My daughter Ivanka has been treated so 
unfairly by @Nordstrom. She is a great 
person -- always pushing me to do the right 
thing! Terrible! 

10:51 AM – Feb 8, 2017 

The new plant being built by Foxconn in 
Wisconsin is incredible. Congratulations to 
the people of Wisconsin and to Governor 
Scott Walker @GovWalker and his talented 
representatives for having pulled it off. Great 
job!  
7:30 PM – Jun 29, 2018 
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Based on the EMH, only new information can move the prices, i.e. ‘the price is right’ (Fama, 1970). Thus, a 

tweet which disseminates information which is already public will not affect the market. However, as with 

Fama et al.’s (1969) stock split announcements, one could expect that a repeated opinion from the President 

served as a signal to the market. Hence, a repeated tweet could indicate that Trump takes the topic more 

seriously and thus, it could decrease the uncertainty of the content of the tweet. Since all the information will 

(assuming a semi-strong form of market efficiency) be reflected in the price of a stock immediately after the 

information is published (Fama, 1970), one would expect that the market reacts fully when the tweet is 

posted. Consequently, from an efficient market point of view, there should be no market reaction after the 

tweet. 

 

However, if one look at a tweet disseminating information from the point of view of information salience 

theory as well as gradual information diffusion theory (Hong & Stein, 1999; Huberman & Regev, 2001; 

Kahneman, 2011; Palomino et al., 2009), this might not necessarily be the case. For instance, one could, from 

the perspective of Palomino et al. (2009), argue that a disseminating tweet by Trump’s could make information 

more salient due to the President’s many followers and general attention. Consequently, from a behavioral 

finance point of view, it is possible that a tweet which disseminates existing information makes the market 

reacts both when it is posted and in the period after the post. 

 

To summarize, we distinguish between two main theoretical perspectives (efficient market and behavioral 

finance) and two types of information in Trump’s tweets (original information and existing information) 

yielding different expectations (see Figure 6). These distinctions will be helpful to advance our hypotheses 

after the literature review. As already established, it is without the scope of this paper to test the theories 

themselves. In line with our empirical research, we use the theories to examine the effect of Trump’s tweet, 

rather than the other way around (see section 1.3 Scope and Delimitations). 
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Figure 6: Theoretical expectations. In this paper, we base our expectations of the timing of the effect to President Trump’s tweets on well-established 

and recognized theories regarding efficient markets and behavioral finance. Depending on the perspective, the market reactions are expected to be 

different. ‘Pre-tweet’ refers to the expected market reaction prior to the tweet, ‘the tweet bird’ refers to the expected market reaction when the tweet is 

posted, and ‘post-tweet’ refers to the expected market reaction after the tweet is posted. The figure is built upon the theories presented by: Fama (1970), 

Fama et al. (1969), Palomino et al. (2009), Kahneman (2011), Hong & Stein (1999), Huberman and Regev (2001), Thaler (2015), Risager (2016), 

Keynes (2018), and Graham and Dodd (2009).  
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3 Literature Review 

Based on our theoretical foundation and associated theoretical expectations, we wish to make testable 

hypotheses. Before doing so, however, it is relevant to explore other scholars’ contributions regarding social 

media’s effect on stock markets in general as well as President Trump’s effect more specifically. In the 

following section, we seek to map the existing literature relevant to Trump’s tweets and their effect on the 

stocks of targeted firms. To do this, we divide this section into two parts.  

 

● The first part includes literature about the effects of microblogging; the phenomenon where users can 

publish short messages on a frequent basis (Sprenger, Tumasjan, Sandner, & Welpe, 2014). The 

purpose of this par is to present previous literature examining the ability of social media and 

microblogging content to predict stock price movements.  

 

● In the second part, we will present previous literature regarding President Trump’s effect on the 

markets. The purpose of this part is to establish which kind of effect he has had during his presidency 

and how this has been influencing companies. Additionally, we will outline the scientific papers 

which, in one way or another, analyze how Trump’s usage of Twitter might affect the stock market.  

 

The purpose of this literature review is to be of assistance when we advance our hypotheses. Furthermore, the 

literature review enables us to identify how we can contribute to the literature explaining how the opinions on 

specific companies in President Trump’s tweets affect the stock prices of the targeted companies. Throughout 

this section, we will draw on and make references to the theoretical foundation when relevant. 

 

3.1 Microblogging and the Stock Market 

Before establishing how social media platforms, such as Twitter, can be sources of information for investors 

and analysts, we find it relevant to identify the nature of media sources generally. Since the media can provide 

information more freely, frequently and, not least, quickly compared to other sources, they have a tremendous 

impact on businesses and securities in general (Hooke, 2010). In the past decade, social media platforms such 

as Twitter has revolutionized media and allowed even more free, frequent, and quick flows of information 

(Bartov et al., 2018). With the increased usage of social media platforms, information sharing is not only 

provided by journalists and other professionals but also independent individuals who can share information 

and discuss all sorts of issues—including opinions on stocks and investments in general.  

 

On the one hand, one can argue that the stock information provided on these platforms is of questionable 

quality or even invalid since one can never know whether the sender is an expert or an amateur. Consequently, 
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on these unregulated user-driven platforms “[…] the content ranges from ridiculous rumors to sophisticated 

commentary. Many sites include some analysis as well as unvarnished opinions of an issuer, its strategy, or its 

management” (Hooke, 2010, p. 53). From a critical perspective, the latter might to a greater extent be the case 

for Twitter due to its character limitations and potentially anonymous users (Bartov et al., 2018). On the other 

hand, however, research suggests that platforms such as Twitter contain substantial quantities of diverse 

opinions leading the aggregated opinions on stocks to be right. Bartov et al. (2018) analyze four years of 

Tweets containing a cash-tags3 and find that aggregated opinions on targeted companies can help to predict 

quarterly earnings as well as abnormal stock returns around the earnings announcements. From the Bartov et 

al.’s (2018) perspective, their findings of Twitter opinions are confirming the so-called Wisdom of the Crowds 

which urges that aggregated information from many individuals are more accurate than the information from 

single individuals in the group—or even an actual expert within the topic. This is also true for very 

heterogeneous groups of people since individual estimation errors are independent why they, when averaged, 

are zero (Bartov et al., 2018; Kahneman, 2011).  

 

In their analysis, Bartov et al. (2018) classify the firm-specific tweets into two groups: One containing all 

tweets which put forward original information and one containing all tweets which disseminate already 

existing information4. Surprisingly, the authors find that both groups contribute significantly to predict 

earnings and abnormal stock returns. The significance of disseminating of existing information suggests that 

salience of information is of importance when predicting stock returns, as previously addressed (Huberman & 

Regev, 2001; Palomino et al., 2009). Thus, Bartov et al. (2018) conclude that “[…] Twitter plays a dual role 

in the capital market: it serves as a source of new information as well as a vehicle for the dissemination of 

existing information” (p.36). 

 

Much literature regarding stock markets and social media platforms uses some measurement of user sentiment 

as the predictor of asset returns and earnings (Bollen, Mao, & Zeng, 2011; Oh & Sheng, 2011; Ranco, 

Aleksovski, Caldarelli, Grčar, & Mozetič, 2015; Sprenger et al., 2014; Sul, Dennis, & Yuan, 2017). Though 

textual analysis of tweets, Bollen et al. (2011) find that some specific public moods, namely calmness and 

happiness, can help to predict the value of the Dow Jones Industrial Average. They do, however, not find any 

of their four other mood dimensions significant, neither do they find that simply applying a polarity mood 

measurement (i.e., positive or negative) as a predictor can explain changes in the value of the Dow Jones 

Industrial Average. Hence, one can question to which degree the general public mood—analyzed by including 

                                                   
3 Cashtags are a dollar sign followed by a stock ticker symbol for a specific stock (Bartov et al. 2018). For instance, Google’s cashtag is $GOOGL 
while General Motor’s is $GM. Thus, investors can use cashtags to comment on and engage in discussions about specific publicly traded companies. 
4 Bartov et al. (2018) define a Tweet as original if (1) it is not a retweet, (2) it does not include a hyperlink, and (3) it is not seemingly automatically 
generated text. 
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all tweets which contain mood-specific words—is useful when predicting the value of a specified index as a 

whole.  

 

However, similar to Bartov et al. (2018), other scholars examine sentiment on specific companies and how 

this impacts on the targeted companies’ stock (Oh & Sheng, 2011; Ranco et al., 2015; Sprenger et al., 2014; 

Sul et al., 2017). For instance, Oh & Sheng (2011) find that posts containing bullish or bearish sentiments on 

specific stocks at the online investment microblog Stocktwits can predict stock returns. Further, the authors 

find that the returns follow a hump-shaped curve indicating that returns initially underreact, consistent with 

the gradual-information-diffusion model (Hong & Stein, 1999; Oh & Sheng, 2011). Similarly, Sul et al. (2017) 

identifies positive and negative tweets about specific firms and observe that the sentiment in tweets is related 

to stock returns the following day. However, Sul et al. (2017) complicate Oh & Sheng’s (2011) conclusions 

and find that the degree of gradual information diffusion depends on the number of followers of the sender as 

well as the number of retweets of the original post. The authors find that tweets from users with few followers 

(>171) and no retweets are better to predict future stock prices than those from users with many followers and 

retweets (Sul et al., 2017). According to Sul et al. (2017), their findings indicate that sentiment is diffused 

more quickly (or even instantly) if the tweet is highly retweeted and posted by an individual with many 

followers—and vice versa. 

 

Another paper by Spregner et al. (2014) collects six months of tweets containing cashtags regarding S&P 100 

companies and finds a relationship between sentiment and stock returns, message volume, and trading volume. 

Additionally, Spregner et al., (2014) observe that optimistic users (e.g., users whose tweets provide above-

average investment advice), on average, have more followers and their tweets are more likely to be retweeted 

(Sprenger et al., 2014). This suggests that positive opinions diffuse more quickly while negative opinions 

diffuse more gradually, consistent with Hong et al.’s (2000) findings presented in the theoretical foundation.  

 

Further, Ranco et al. (2015) find that Twitter sentiments on the 30 stocks in the Dow Jones Industrial Average 

can explain abnormal returns on the stocks in periods with high volumes of tweets regarding issuing 

companies. Their results are significant both when all firm-specific tweets are included and when tweets posted 

around earnings announcements are excluded. As such, Ranco et al. (2015)find that the cumulative abnormal 

returns are significant for both positive and negative tweets for ten days after the peak in volume when 

including all tweets, while positive is significant for four days and negative for eight days after the peak when 

earnings announcements are excluded. 

 

To sum up, there seems to be sufficient evidence supporting that microblogging content can predict stock 

market returns. As such, personal opinions provided by microbloggers seem to have predictable power when 
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aggregated. Consequently, this suggests that social media platforms, such as Twitter, provide investors with a 

unique opportunity to access real-time and unfiltered data. However, in order to examine how Trump’s tweets 

affect stock markets, it is necessary to look at the President as an individual. 

 

3.2 Trump and the Stock Market 

In this part, we introduce the existing literature regarding President Trump’s effect on the stock market. Firstly, 

we will present literature regarding how the sitting president, in general, influence the market. Subsequently, 

we address the existing literature which, in one way or another, examine how Trump’s tweets targeting specific 

companies affect the stock prices of these companies. As opposed to the previous part in which we outlined 

scholars who focus on how stock market reactions can be predicted using aggregated microblogging content, 

this part exclusively focuses on President Trump’s effect as an individual. Even though many newspaper 

articles have addressed the relationship between Trump’s tweets and the targeted firm’s share price, this part 

merely includes academic literature which applies scientific methods.  

 

Before examining Trump’s tweets, we find it relevant to address if the presidential role, in general, influences 

the stock market and whether investors really care about politics. The studied fields are of different kinds. 

Some find that yields are higher in the last part of a president’s term, while others point out that the average 

stock returns during periods with Democratic presidents are higher than during periods with Republican 

presidents (Huang, 1985). Further, much literature examines stock markets around national elections 

(Angelini, Foglia, Ortolano, & Leone, 2018; Bialkowski, Gottschalk, & Wisniewski, 2008; Wagner, 

Zeckhauser, & Ziegler, 2018). For instance, the substantially increased index return variance around national 

elections shows that investors are sometimes shocked by election outcomes (Bialkowski et al., 2008). With 

estimated chances of winning of merely 20%, Trump’s win on election day on November 8, 2016, is no 

exception (Wagner et al., 2018). As a consequence of Trump’s political agenda focusing on lower taxes and 

more restrictive trade policy, the share prices of high-tax and domestic companies increased, while the share 

prices of companies with deferred taxes due to net operating losses and foreign companies decreased (Wagner 

et al., 2018). Lastly, research using data from polls after the election points out that percentage of favorable 

opinions on Trump has a short-term and long-term effect on both gold prices, 10 year Treasury notes, and S&P 

500 (Angelini et al., 2018). Thus, the literature agrees that investors are indeed interested in politics.  

 

Furthermore, an analysis conducted by the analytics company Gallup finds that 76% of all Americans see, 

read, or hear about President Trump’s tweets (Newport, 2018). This suggests that Trump’s tweet reach a 

substantial amount of people. Interestingly, however, only 7% of Americans see Trump’s tweets directly from 

his Twitter account indicating that the vast majority get access to the tweets from secondary sources such as 
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tv, newspapers, retweets5, or other social media platforms (Newport, 2018). Consequently, based on the 

President’s general effect on stock markets combined with Trump’s ability to reach a large proportion of the 

American population through his tweets, one would expect that the content on the President’s Twitter could 

be of investors’ interest. 

 

The existing academic literature regarding the President’s company-specific tweets and their effect on the 

stock market is limited and the few papers that are published yield inconsistent results. Juma’h & Alnsour 

(2018) analyze the effect of Trump’s tweets on the stock market as a whole as well as on the specific companies 

which he targets in his tweets. The authors find no significant effect of tweets on the US indices, nor averagely 

on the changes in the companies’ stock prices on the day of the tweet (Juma’h & Alnsour, 2018). Hence, 

Juma’h & Alnsour (2018) conclude that the information in the President’s tweets is already incorporated in 

the share prices. However, much of the data which Juma’h & Alnsour (2018) use is from the period prior to 

the election in November 2016. While the authors argue that Trump dominated the Republican party from the 

very beginning of 2016, one can, from a critical perspective, argue that investors were not expecting Trump to 

win the overall election as he did not dominate the overall polls. As previously addressed, Trump had rather 

low chances of winning until the very day of the final election (Wagner et al., 2018). Consequently, one can 

question if investors found it reasonable to react to Trump’s statements in general which might explain the 

insignificance of Juma’h & Alnsour (2018) results.  

 

Another study by Born et al. (2017) examine Trump’s tweets regarding targeted companies in Trump’s period 

as president-elect6, i.e., from November 8, 2016, to January 20, 2017. Overall, the authors do not find any 

significant effect on the stock returns of target firms. However, when applying a polarity sentiment 

measurement that distinguishes between positive and negative content in each tweet, Born et al. (2017) find 

that the abnormal returns are positive and significantly different from zero on the day of the tweets when 

Trump’s sentiment on the mentioned companies is positive. When the tweet content is negative, the authors 

find that abnormal returns are negative but only significantly different from zero the day after the tweets. The 

effect is, in other words, timely when the sentiment is positive and delayed when the sentiment is negative. 

Further, Born et al. (2017) argue that the information in Trump’s tweets, from an efficient market point of 

view, should be incorporated in the asset prices. On the other side, Born et al. (2017) also argue that a tweet 

by the President might be a manifestation of a decreased uncertainty about information which might cause the 

stock market reactions. From a critical point of view, Born et al. (2017) examine Trump’s company-specific 

tweets from a relatively short period (just above two months) resulting in a relatively limited amount of tweets 

under examination, possibly decreasing the validity of the study.  

                                                   
5 A retweet is a tweet which is forwarded by other users of Twitter.  
6 In the period as President-elect, a candidate is elected but not yet officially sworn in as President. 
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To summarize, previous literature has established that investors are interested in politics. The actions of the 

sitting president of the US are of considerable interest to the market which reacts to various kind of information 

from and about the president. This, combined with research concluding that the vast majority of Americans 

are exposed to President Trump’s tweets, suggests that Trump’s tweets targeting companies could be of 

investor’s interest as well. Having reviewed the existing literature, we find it relevant to examine how the 

opinions on targeted companies in Trump’s tweets affect the stock prices of these companies for three reasons: 

 

● Limited research: Limited academic research exists regarding the topic, presumably due to its 

novelty. Therefore, the knowledge about the topic is, compared to other fields, not covered in-depth. 

 

● Inconsistent results: The research that does exist disagrees about the effect of Trump’s company-

specific tweets on the stock prices of these companies. Hence, one cannot know whether Trump’s 

tweets targeting specific companies do, in fact, have an effect.  

 

● Short and questionable periods: The literature that exists only include a short period of Trump’s 

presidency, while some literature also includes Trump’s tweets posted prior to the election where 

Trump’s prospects of winning the election were low. As such, existing literature build on limited data 

from Trump’s actual presidency. Thus, the existing research cannot reasonably infer the effect of 

Trump’s tweets for the whole period of his presidency. 

 

Therefore, our research contributes to the novel topic of the effect of Trump’s tweets targeting specific 

companies by including a more relevant and longer period of his presidency compared to previous studies. 

Likewise, as opposed to existing literature, we have sufficient data to examine the topic more in-depth and 

hence make a more nuanced examination of how the opinions on targeted companies in Trump’s tweets affect 

the stock prices of these companies. 
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4 Hypotheses 

Before setting up our hypotheses, we find it relevant briefly to summarize our theoretical foundation and 

literature review since our hypotheses are based on these two sections. 

 

In our theoretical foundation, we established how two distinct schools of financial market theories—efficient 

market theory and behavioral financial theory—look at investment behavior and information in the markets. 

Based on these, we presented our theoretical expectations to how the market reacts to Trump’s company-

specific tweets. From an efficient market point of view, we expect prices to solely react to tweets containing 

original information while ignoring tweets disseminating existing information (Fama, 1965, 1970; Fama et al., 

1969; Jensen, 1969). Thus, only Trump’s tweets containing ‘new’ opinions should affect the price of the 

mentioned stock whereas his tweets which repeat an ‘old’ opinion should have no effect. On the other side, 

due to the character of Trump’s tweets, a market reaction to an ‘old’ opinion could be a manifestation of 

decreased uncertainty regarding the content of the tweet. Thus, a repeated opinion could serve as a signal in 

the market why stock prices, from an efficient market point of view, could react to all tweets. 

 

From a behavioral finance point of view, human behavior such as emotions and human psychology plays a 

substantial role in determining prices (Graham & Dodd, 2009; Keynes, 2018; Risager, 2016; Thaler, 2015). 

Hence, one would expect information salience and gradual diffusion of information to play an important role 

in pricing of the stock (Hong & Stein, 1999; Huberman & Regev, 2001; Kahneman, 2011; Palomino et al., 

2009; Thaler, 2015). As a consequence, all Trump’s tweets targeting companies, regardless of whether or not 

they are characterized as original or recurrences, can make markets react. 

 

In the subsequent literature review, we first outlined the existing research regarding the relationship between 

microblogging and the stock market. Microblogging platforms, such as Twitter, can provide information both 

more quickly, more frequently, and more freely, compared to other sources of information which makes them 

ideal for stock market predictions (Bartov et al., 2018; Hooke, 2010). Overall, the literature agrees that the 

user-generated content on Twitter can be used to predict stock returns, especially when some measurement of 

sentiment is used (Bollen et al., 2011; Oh & Sheng, 2011; Ranco et al., 2015; Sprenger et al., 2014; Sul et al., 

2017). 

 

Finally, we present the existing literature regarding Trump’s effect on the stock market more specifically. It 

became clear that investors are indeed interested in the actions of a sitting president (Angelini et al., 2018; 

Bialkowski et al., 2008; Huang, 1985; Wagner et al., 2018). From this point of view, one could expect that 

investors follow Trump’s actions on Twitter when he is targeting companies. However, the limited amount of 

research conducted regarding the effect of Trump’s company-specific tweets yield different results and are 
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conducted using data within a narrow length of time and sometimes even questionable periods (Bartov et al., 

2018; Juma’h & Alnsour, 2018). Based on the theoretical foundation and the subsequent literature review, we 

will advance our hypotheses. Firstly, we put forward our main hypotheses after which we present our sub-

hypotheses. 

 

4.1 Main Hypotheses 

Microblogging literature establishes that microblogging content can predict stock price movements. These 

predictions are especially powerful when some kind of sentiment is used as the explanatory variable. Research 

agrees that positive sentiment in tweets predicts positive stock price movements whereas negative sentiment 

in tweets predicts negative stock price movements.  

 

In the case of president Trump’s tweets, there are instances of both positive and negative opinions on targeted 

companies. Therefore, we find it relevant to apply a polarity sentiment measurement when advancing our main 

hypotheses. This advances to two distinct main hypotheses; one which concerns Trump’s positive tweets about 

targeted companies and one which concerns his negative tweets about targeted companies: 

 

H1: Trump’s tweets containing positive opinions on targeted companies have a positive effect on the 

stock prices of the targeted companies. 

 

And inversely, 

 

H2: Trump’s tweets containing negative opinions on targeted companies have a negative effect on the 

stock prices of the targeted companies. 

 

4.2 Sub-Hypotheses 

In order to study the subject even more in-depth, we find it relevant to divide H1 and H2 into sub-hypotheses. 

Since President Trump often tweets about the same topics several times, we find it relevant to analyze the 

effect of this when it comes to his opinions on companies. When the President posts more than one tweet with 

the exact same content disseminating the exact same opinion on the same company, one could expect that the 

first tweet about a specific topic had a different effect than the subsequent tweet(s). As such, we will in the 

sub-hypotheses further distinguish between two groups of tweets:  

 

● First-time tweet: A tweet in which Trump for the first time reveals his opinion on a targeted company 

via Twitter. 
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● Subsequent tweets: A tweets in which Trump repeats an opinion on targeted a company via Twitter. 

Thus, subsequent tweets repeat the opinions included in previous tweets. 

 

As such, when Trump’s tweets offer opinions on a targeted company, one could expect that the stock price 

effect of a ‘first-time’ tweet about a company differs from the effect of a ‘subsequent’ tweet about the same 

company. From an efficient market point of view, first-time tweets could have a significant effect relative to 

subsequent tweets that disseminate the exact same content. On the other side, however, one could also expect 

that a subsequent tweet containing the exact same opinion on the same company could reflect that Trump is 

more serious about his beliefs regarding the targeted company. Consequently, one could argue that a 

subsequent tweet—even though it contains the exact same content as the first-time tweet—decreases the 

uncertainty about the content of the tweets why the market will react to the tweet. The fact that Trump repeat 

himself could, in other words, be information for the market itself. Furthermore, from a behavioral finance 

point of view, one could expect that both first-time and subsequent tweets have an effect since President 

Trump—due to his substantial attention—could increase the salience of his opinions through his tweets. 

Likewise, due to human psychology and emotions, one could expect that subsequent tweets which repeat the 

same opinions on the same companies could make investors subject to availability bias.  

 

In order to test how the market reacts to Trump’s first-time tweets and subsequent tweets, respectively, we 

advance the following sub-hypotheses: 

 

H1a: First-time Trump-tweets containing positive opinions on targeted companies have a positive 

effect on the stock prices of the targeted companies. 

 

H1b: Subsequent Trump-tweets containing positive opinions on targeted companies have a positive 

effect on the stock prices of the targeted companies. 

 

And inversely, 

 

H2a: First-time Trump-tweets containing negative opinions on targeted companies have a negative 

effect on the stock prices of the targeted companies. 

 

H2b: Subsequent Trump-tweets containing negative opinions on targeted companies have a negative 

effect on the stock prices of the targeted companies. 
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Since we, in our theoretical foundation, established that the reaction could potentially occur at different times 

relative to the tweet, we will test all six hypotheses based on a period starting before the tweet, a period starting 

at the day of the tweet, and a period starting after the tweet. This further distinction of our hypotheses will 

allow us to answer our research question regarding how Trump’s company-specific tweets affect the targeted 

companies in a more nuanced manner. Consequently, we have a total of six hypotheses which we wish to test 

for three periods each.  
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5 Methodology and Analytical Approach 

In this section, we will outline the methodology and analytical approach which we use to examine our 

hypotheses and ultimately, to answer our research question regarding how the opinions on targeted companies 

in Trump’s tweets affect the stock prices of the targeted companies. In terms of research design, we seek to 

ensure comparability with previous research. Therefore, we use the event study methodology which is widely 

used to examine the effect of individual events in financial markets (Kliger & Gurevich, 2014). This section 

is divided into seven parts. In each part, we substantiate the methodological choices we make in order to answer 

our research question. As such, we will throughout the seven parts provide the rationale behind our 

methodological choices. The seven parts are the following:  

 

● 5.1 Theory of Science: We present our scientific perspective that serves as the basis for our overall 

methodology and analytical approach.  

 

● 5.2 The Event Study Methodology: We introduce the event study methodology and present why it 

is applicable for answering our research question. 

 

● 5.3 Defining the Event: We present how we define the event of interest and thus, which tweets we 

include in our analysis.  

 

● 5.4 Defining the Event Timeline: We present the period in which the stock prices of the targeted 

companies in President Trump’s tweets will be examined (the event window) and the period we use to 

estimate the parameters used to calculate the expected returns (the estimation window).  

 

● 5.5 Event Study Adjustments: We perform adjustments of our sample of events in order to make our 

analysis of Trump’s tweets and their effect on the targeted companies as unbiased as possible.  

 

● 5.6 Event Study Calculations: To appraise the impact of President Trump’s tweets, we measure the 

cumulative average abnormal returns (CAARs) attributable to the tweets. We introduce the utilized 

data for our analysis and present how we convert this data into CAARs. 

 

● 5.7 Hypotheses Testing: Finally, we present how we test if the CAARs are significant and thereby, 

how we determine if we find support for our six hypotheses.  

 



 Page 39 of 118  

5.1 Theory of Science  

In this section, we present the scientific theory which serves as a backbone of our research question and 

associated research design. Initially, we present the purpose of our study from a scientific point of view after 

which we address how our analytical approach aligns with the requirements of science in general. 

 

As critical rationalists, the purpose of this paper is to validate a causal relationship; to establish how the market 

reacts to Trump’s company-specific tweets. In this paper, we regard the relationship between stock price 

movements and President Trump’s tweets as universal and believe the relationship exists independent of 

whether or not it is examined (Popper, 1996). However, since the causal relationship is independent of this 

paper, it is our tasks to examine if stock price movements are indeed attributable to President Trump’s tweets 

through thorough scientific methods.  

 

Aligned with Karl Popper (1994)—the scientific philosopher who advanced critical rationalism—our research 

starts with a problem, i.e., our research question. In order to examine the problem, we put forward expectations 

based on existing theory. Subsequently, we can test our expectations using acknowledged scientific methods. 

This deductive reasoning allows us to verify or falsify our expectations. As such, the systematic advancement 

of theoretical hypotheses takes place before we, as researchers, observe the phenomenon in real life since 

scientific research “[…] never start afresh, from nothing, so to speak, with a completely innocent mind. The 

growth of knowledge always consists in correcting earlier knowledge” (Popper, 1994, p. 156).  

 

Our paper is structured accordingly. Initially we (1) introduce and examine already well-established and 

recognized theories in order to advance our hypotheses (see section 4 Hypotheses), before we (2) test our 

hypotheses using empirical observations and scientific methods which we will present throughout the rest of 

this section. 

 

Since no researchers, according to Popper (1994), can claim the definite truth, research, in general must, studies 

a phenomenon from a variety of perspectives to jointly enhance the knowledge of a topic. In order to do so, 

the methods which are applied have to be identical (Popper, 1996). Therefore, in order to ensure comparability 

with previous research, we apply the statistical event study methodology. However, the method which we 

apply might only be somewhat identical to previous research. Throughout the following sections, we make 

various methodological choices in order to comply with the requirement of unbiased scientific research—

choices that might not be identical to previous research. Still, as Popper (1994) famously states: “[We] may be 

wrong and [others] may be right, and by an effort, we may get nearer to the truth” (p. 12). As such, we believe 

that we, by standing on the shoulders of previous research, shed light on how President Trump’s tweets affect 

the targeted companies’ stock prices. 
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According to Popper (1996), it is essential to separate the objective scientific research and political opinions. 

Otherwise, findings cannot reasonably be compared (Popper, 1996). Therefore, when studying the stock price 

movements around President Trump’s tweets, we seek to ensure that our results are as free of biases as possible. 

As such, we do not take an ethical standpoint regarding whether President Trump’s usage of Twitter is 

favorable or should be criticized. Consequently, when addressing the pending discussion regarding President 

Trump’s usage of Twitter, we present both sides of the discussion. Finally, neither do we use our findings for 

political purposes. As such, our approach is primarily descriptive and not normative (Ankersborg, 2007).  

 

In the following section, we present the statistical method which we employ in this paper. Furthermore, we 

outline the adjustments we perform in order to avoid potential biases. Aligned with our scientific point of view, 

we will throughout the methodology section argue for the significance of our choices. Consequently, we go 

through our method in a detailed manner in order to ensure transparency regarding the choices we make. In 

this way, we enhance reliability by enabling future research to repeat our study and yield the same results 

(Popper, 1994, 1996). 

 

5.2 The Event Study Methodology 

In order to assess how President Trump’s tweets affect the targeted companies’ stock prices, we employ the 

event study approach (ESA). The ESA is a statistical method used […] to track the market prices of securities 

whose issuing firms [are] involved in the studied event, in order to detect market-related reactions” (Kliger & 

Gurevich, 2014, p. 19). The central premise behind the ESA is ultimately to test the CAARs attributable to the 

specified events. In order to do so, economic and/or statistical benchmark models are used to estimate expected 

“normal” returns (NR). By comparing these expected returns to the actual returns, the ESA enables 

researchers to disentangle the fraction of the stock returns which is attributable to the events. As such, the 

differences between the expected returns and the actual returns are the abnormal returns (AR). By averaging 

the abnormal returns across events and subsequently cumulating the average abnormal returns across a specific 

period of interest, the ESA finally allows researchers to determine how the specified events, on average, affect 

the stock prices of the targeted companies (Kliger & Gurevich, 2014). As such, by turning Trump’s company-

specific tweets into events, this method enables us to determine how the opinions on companies in President 

Trump’s tweets affect the stock prices of the targeted companies. 

 

The ESA became widespread and recognized in capital market research after Fama (1970) used it in his 

landmark paper. Since then, it has been widely used within very different fields. For instance, many scholars 

use the method to examine market reactions related to company announcements: Researchers have used the 

method to determine the effect of earnings announcements (Aharony & Swary, 1980), announcements 
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regarding initial public offerings and M&As (Dodd, 1980; Keown & Pinkerton, 1981), and the announcement 

of stock splits (Fama et al., 1969). Likewise, it is used to conduct research into the effects of investments in 

customer satisfaction (Fornell, Mithas, Morgeson, & Krishnan, 2019) and strategic marketing decisions 

(Johnston, 2007). Finally, much microblogging literature uses the event study methodology to examine how 

microblogging content can predict stock prices (Born et al., 2017; Juma’h & Alnsour, 2018; Ranco et al., 

2015). These examples illustrate that the methodology is applicable in a variety of academic fields which 

substantiates its merits.  

 

In this paper, we apply the event study method to conduct research on President Trump’s tweets targeting 

publicly traded companies. In this study, we treat Trump’s tweets targeting publicly traded companies as 

events. To elaborate on this, it is important to clarify further which tweets we are interested in and thus, how 

we define the events in our event study. This will be the focus of the next part. 

 

5.3 Defining the Event 

In order to track the market price movements of the stocks whose issuing firms are targeted in President 

Trump’s tweets, we must first put forward how we define an event. The section is structured into two distinct 

sections. In the first section, Sample Fitting, we present how the tweets of interest are identified. In the second 

section, Sample Grouping, we address how we convert our fitted group of tweets into subgroups that mirror 

our hypotheses. Therefore, sample grouping requires two steps: (1) Sentiment Segmentation which will cover 

how we identify Trump’s opinion in the tweets, and (2) Tweet Sequence which presents how we divide 

Trump’s tweets into first and subsequent tweets, respectively. The two steps are addressed in distinct 

subsections under Sample Grouping. The process of this section is illustrated in Figure 7 and described in 

detail below.  
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Figure 7. Defining the Events. After extracting all tweets from the third-party software TrumpTwitterArchive, all tweets in which President Trump 

targets a specific company is identified. In some tweets, President Trump targets several companies which result in a total event sample of 864. Next, 

all publicly traded target companies are identified. These constitute the sample of this paper. Finally, our sample is divided according to the sentiment 

of the tweets (i.e., positive and negative) before they are grouped into four final groups according to the sequence of the tweets. Tweets extracted from 

TrumpTwitterArchive (2019).  

 

5.3.1 Sample Fitting 

In this section, we present how we identify President Trump’s tweets targeting specific companies, our criteria 

for sample inclusion, and how we finally constitute our sample of events.  

 

To begin with, our study naturally requires extraction of President Trump's tweets. To ensure unbiased 

extraction of tweets, we download a full archive of Trump’s twitter feed from the publicly available third-party 

database TrumpTwitterArchive (2019). This database includes all Trump's tweets including the tweets which 

Trump, for one reason or another, has deleted from his account. Since we are interested in President Trump’s 

tweets, we collect tweets from the day Trump was elected as the 45th president of the United States till he had 

officially been in office for two years, i.e., from November 8, 2016, till February 20, 2019. Thereby, we collect 

all tweets from Trump’s first two years as president as well as from his period as president-elect. As such, 

January 20, 2019, is the cut-off point of our research. In line with previous literature (Born et al., 2017; Juma’h 

& Alnsour, 2018), we have solely collected tweets from Trump’s personal account, @realDonaldTrump 

(Twitter, 2019b). As such, we refrain from including tweets posted on the official account of the President of 

the United States, @POTUS (Twitter, 2019c), since its feed mainly contains re-tweets from Trump’s personal 

account. Within our sample collection period, Trump posted a total of 6,637 tweets which is equivalent to 

around eight tweets a day, on average. For each tweet, the associated date and time stamp is extracted. From 
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the database, TrumpTwitterArchive (2019), all tweets are captured in Greenwich Mean Time (GMT). 

Therefore, we have converted the time-stamps to Eastern Standard Time (EST)  in order to ensure that the time 

of the tweets are aligned with the time zone of Trump’s official and unofficial residencies; the White House 

in Washington D.C., the Trump Tower in New York, New York, and Mar-A-Lago in Palm Beach, Florida.  

 

At first, to include only tweets targeting specific companies, we manually identify the company-specific tweets 

from our extraction of tweets. As our first selection criteria, we identify tweets which  

 

● directly state the name, alias, or abbreviation of a company, 

● directly state the name of the CEO of a company, or  

● directly state the product of a company 

 

For instance, Trump addresses The New York Times in several different ways such as The Failing @nytimes 

and NYT (see Appendix F, tweet no. 229 and no. 232). Likewise, when President Trump announces on Twitter 

that he is going to have dinner with Tim Cook (see Appendix F, Tweet no. 37), it is included since Cook is the 

CEO of the technology company Apple. Finally, when President Trump addresses the progress of the F-35 

stealth fighter jets (see Appendix F, Tweet no. 129), it is included since the F-35 stealth fighter jet program is 

operated by the military equipment manufacturer Lockheed Martin. Even though our selection criteria might 

exclude (include) tweets which are relevant (irrelevant), it enables us to conduct an unbiased and objective 

selection of tweets, consistent with our scientific point of departure. 

 

Having screened all of Trump's tweets, we identify 738 tweets in which President Trump targets specific 

companies. We label each of these company-specific tweets. An example of such tweet is illustrated in Figure 

8, in which President Trump targets the airplane manufacturer Boeing (Appendix F, Tweet no. 159). Even 

though his tweet might affect subcontractors and other companies down through the value chain, in order to 

avoid selection biases, only the targeted company is included in the selection. As such, from the tweet below, 

only Boeing is included. Likewise, neither do we analyze the effect of a company-specific tweet on 

competitor’s stock prices. As such, we do, for example, not measure the effect of the negative Boeing tweet 

on the stock price of Boeing's largest competitor Airbus. We do this in order to ensure an unbiased selection 

of tweets in line with our standpoint of science. 
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Figure 8. Example of a company-specific tweet. Appendix F, Tweet no. 159. Source: Twitter (2019b).  

 

In some tweets, President Trump addresses several companies in one tweet. In order to cope with this, we 

duplicate these tweets and make them into two (or more) distinct events—one for each company mentioned. 

Consequently, our sample of 738 tweets targeting specific companies consists of 864 events (see Figure 7).  

Next, in order to facilitate the analysis of the stock price movements of the targeted companies, they are, 

naturally, required to be publicly listed. In line with previous research (Born et al., 2017; Juma’h & Alnsour, 

2018), all listed companies are included. As we seek to apply an international business perspective and hence 

use cross-country data, we do not distinguish between American companies and non-American companies. In 

addition, including all companies, instead of solely focusing on American companies, enables us to maintain 

comparability with previous research and ensures consistency in our sample collection. After conducting the 

fitting, our sample of events consists of 281 events. 

 

5.3.2 Sample Grouping 

This section is divided into two steps. In the first step, Sentiment Segmentation, we address how our sample of 

events is modified to mirror our main hypotheses. We hypothesize that Trump’s tweets with positive (negative) 

opinions will have a positive (negative) effect on the stock prices of the issuing companies. In order to test 

these hypotheses, we need to divide our sample of events accordingly. If we do not divide the tweets into 

positive and negative segments, respectively, aggregating the stock price reactions would “[…] miss the point 

as opposite directions would tend to cancel each other out” (Kliger & Gurevich, 2014, p. 19). In the second 

step, Tweet Sequence, we subdivide our positive and negative tweets according to the sequence of the tweets. 

We perform this subdivision in order to be able to examine our sub-hypotheses regarding the effect of first-

time and subsequent tweets, respectively.  

 

5.3.2.1 Opinion Segmentation 

Since we are interested in Trump’s opinions on targeted companies in his tweets, we need to examine each 

tweet and determine whether it has a positive opinion or negative opinion on the company which is targeted. 

In line with existing microblogging literature (Bollen et al., 2011; Born et al., 2017; Juma’h & Alnsour, 2018; 

Oh & Sheng, 2011; Ranco et al., 2015; Sprenger et al., 2014; Sul et al., 2017), we apply a binary measurement, 

Boeing is building a brand new 747 Air Force 
One for future presidents but costs are out of 
control more than $4 billion.  
Cancel order! 
 5:26 PM – Dec 22, 2016 
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i.e., positive and negative sentiment, as a proxy for opinion. By doing so, we partition our sample into positive 

and negative company-specific tweets. These two groups will be analyzed separately. 

 

Since most research which uses sentiment as predictor rely on substantial amounts of data, researchers often 

use a computational linguistic approach to identify whether the sentiment in a text is positive or negative 

(Sprenger et al., 2014). In sentiment analysis of tweets, researchers usually employ the statistical Naïve-

Bayesian-Classification-Model which uses word frequencies to classify tweet sentiment (Sprenger et al., 

2014). Such statistical software counts positive and negative words and calculates the likelihood that the entire 

text is positive or negative. Thus, it ignores sentence structure and the order of the words. Even though this 

approach might seem relatively simple, it “[…] has consistently shown robust results while providing a high 

degree of transparency into the underlying data structure” (Sprenger et al., 2014, p. 935). 

 

In this paper, we, firstly, rely on the statistical software offered by the software provider MonkeyLearn (2019) 

to classify the sentiment of each of President Trump’s tweets. However, one can argue that the software does 

not, to a sufficient degree, account for Trump’s irony, the specific context the tweet is stated in, or the 

possibility that the President is stating something positive about one company while stating something negative 

about another company in a single tweet. As an example of the latter, the tweet in Figure 9 below is categorized 

as negative by the software which is, obviously, only right for Lockheed Martin.  

 
Figure 9. Example of a tweet targeting several companies. The example illustrates the limitations with statistical models to identify sentiment of 

text. In this tweet, Trump has a dual sentiment about Lockheed Martin (negative) and Boeing (positive). Statistical models do not capture this as they 

treat every document as the set of the words it contains. Appendix F, Tweet no. 129. Source: Twitter (2019b). 

 

Subsequently, to address these misclassifications, we perform a manual textual analysis. In order to be as 

precise and unbiased as possible, both authors of this paper have classified the tweets manually and 

independently. This approach is, according to Weber (1990), sufficient and necessary in order to obtain 

consistency in segmentation: “Classification by multiple human coders permits the quantitative assessment of 

achieved reliability” (p. 16). The independent segmentation has not given occasion for any misalignment 

between the authors. After analyzing the opinions in the tweets, we found 106 events of positive tweets and 

175 events of negative sentiment (Figure 7).  

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! 
5:26 PM – Dec 22, 2016 
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5.3.2.2 Tweet Sequence 

Next, in order to be able to test our sub-hypotheses, we divide the two groups of positive and negative tweets 

further into two distinct categories. As such, all positive tweets are divided into two groups; first-time positive 

tweets and subsequent positive tweets. Likewise, all negative tweets are divided into first-time tweets and 

subsequent tweets. In this paper, we define first tweets as President Trump’s first tweet in which he states his 

opinion on a targeted company’s specific action. We define a first-time tweet as a tweet which, by natural 

construction, is the first tweet in which Trump’s posts his opinion on a distinct topic regarding a specifically 

targeted company. Subsequent tweets are thus tweets in which Trump disseminates (1) the same opinion, (2) 

about the same company, and (3) regarding the same topic. To provide an example, we turn to a sequence of 

tweets targeting the technology company Amazon (see Figure 10). 

 

 
Figure 10. Example of first-time and subsequent tweets. The first tweet implies, by natural construction, that there are no previous tweets in which 

Trump’s addressed his opinion on Amazon’s supply chain strategy and what Amazon is paying the US Post Office to deliver their packages. The two 

consecutive tweets on the right qualify as subsequent tweets as Trump disseminate the same opinion on Amazon on the same topic. Appendix F, Tweets 

no. 17, 19 and 20. Data source: Twitter (2019b).  

 

On March 29, 2017, Trump tweeted his opinion on the price Amazon is paying the United States Post Office 

to deliver their packages, which in his opinion should be ‘MUCH MORE!’. With no previous tweets addressing 

Amazon on this topic with a negative opinion, this tweet qualifies as the first tweet on the topic targeting 

Amazon with a negative opinion. In the following days, Trump posts several subsequent tweets targeting 

Amazon. In the subsequent tweet targeting Amazon on March 31, 2018, Trump specifically states ‘While we 

are on the subject’ indicating that the tweet concerns the same topic as previous. Then, two days following 

this subsequent tweet, President Trump again addresses Amazon in a tweet regarding the US Post Office and 

the price Amazon is paying to get their packages delivered. Since they are both disseminating identical 

information about Trump’s opinion on the same topic regarding Amazon’s supply chain strategy, they both 

qualify as subsequent tweets.  

 

!

Why is the United States Post Office which 
is losing many billions of dollars a year while 
charging Amazon and others so little to 
deliver their packages making Amazon 
richer and the Post Office dumber and 
poorer? Should be charging MUCH MORE!
8:04 AM – Mar 29, 2018

While we are on the subject it is reported 
that the U.S. Post Office will lose $1.50 on 
average for each package it delivers for 
Amazon. That amounts to Billions of Dollars. 
The Failing N.Y. Times reports that “the size 
of the company’s lobbying staff has 
ballooned” and that does not include the 
Fake Washington Post which is used as a 
“lobbyist” and should so REGISTER. If the 
P.O. “increased its parcel rates Amazon’s 
shipping costs would rise by $2.6 Billion.” 
This Post Office scam must stop. Amazon 
must pay real costs (and taxes) now!
8:52 AM – Mar 31, 2018

Only fools or worse are saying that our 
money losing Post Office makes money with 
Amazon. THEY LOSE A FORTUNE and this 
will be changed. Also our fully tax paying 
retailers are closing stores all over the 
country...not a level playing field!
9:35 AM – Apr 2, 2018

First-time tweet

March	29, 2017

Subsequent tweet

March	31, 2018

Subsequent tweet

April	2, 2018
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In order to group the specific tweets according to their sequence, we analyze the tweets manually. To be 

specific, we have created timelines for all tweets targeting the same companies, ordered the tweets by time and 

grouped them according to the topics of the tweets (hence the phrase tweet sequence). Having done this, we 

manually identified first-time and subsequent tweets. From a critical point of view, one can argue that this 

process is subject to subjectivity. However, in line with Weber (1990), both authors of this paper conducted 

the process independently of each other and compared analysis in order to be as unbiased as possible. After 

conducting the categorization, our event sample consists of 68 positive and 132 negative first-time tweets and 

38 positive and 43 negative subsequent tweets (see Figure 7).  

 

5.4 Defining the Event Timeline 

Having identified and subsequently grouped our sample of events, we next present the periods around President 

Trump’s tweets that are of methodological interest. In the following sections, we introduce the three periods 

which we employ in order to estimate the abnormal returns attributable to Trump’s tweets (Figure 11).  

 

 
Figure 11. Event study timeline. The application of an event study requires the construction of multiple periods; Estimation window, event window, 

and post window. t=0 is the day of the tweet. Adapted from Kliger & Gurevich (2014). 

 

The main period of interest is the event window. In this period, we track the difference between the actual 

returns and expected returns on the targeted companies’ stocks. We determine the day on which Trump posts 

the tweet as time t=0. To capture potential reactions which are not timely, we include one day prior to the event 

(t=-1) and four days after the event (t=4) in the event window. 

 

The period prior to the event window is the estimation window. In order to calculate the estimated returns 

which we benchmark the actual returns against, we rely on benchmark models to determine the relationship 

between risk factors in the markets and the expected returns on the companies’ stocks. As such, we estimate 

the parameters of our benchmark models for each event over a period preceding the event window, as this 

period, according to Kliger and Gurevich (2014), is representative of the stocks' regular return fluctuations. As 

such, the estimated model parameters in the estimation window serve as the basis for calculating the expected 

returns (and abnormal returns) in the event window. 

 

Finally, the post window is used to estimate the variance of the estimated average abnormal returns as this 

period, too, is assumed to be unaffected by effects of the examined event. The post window will be addressed 

Tweet Date

Event WindowEstmation Window

Estmation Window
Start

Estmation Window
End

Event Window
Start

Event Window
End

!

0 +4−1−10−514

Post Window

Post 
Event Window 

Start
+40+5

Post 
Event Window

End
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in section 5.7 Hypotheses Testing. In the following parts, we discuss the underlying logic behind the lengths 

of the windows and their respective merits.  

 

5.4.1 Defining the Length of the Event Window 

In event studies, the days of the event window is encompassing the event (Kliger & Gurevich, 2014). As such, 

the event window typically starts from a point in time before the event and extends into the following days of 

the event. Although many studies applying the event study methodology base their research on long event 

windows, the length of the event window is subject to much discussion (McWilliams & Siegel, 1997).  

 

According to McWilliams and Siegel (1997), when basing event study research on long event windows, the 

number of unexamined events that might contaminate the returns of the examined stocks substantially 

increases. As such, this implies that drawing valid inferences becomes harder to achieve. Moreover, and highly 

related to the former, Brown and Warner (1985) argue that long event windows make critical values increase 

which makes it harder to find statistically significant abnormal returns. As such, long event windows might be 

useful when examining M&A and earnings announcements but unsuitable when examining events with a 

higher degree of uncertainty. Therefore, research suggests that event studies should generally be based on 

shorter event windows (Brown & Warner, 1985; McWilliams & Siegel, 1997). From a critical point of view, 

however, concise event windows presuppose that all investors get access to the information at the same time 

and that the information of interest is announced to the market in a regulated and controlled manner. If this is 

not the case, effects that are not ‘timely’ will not be captured by concise event windows. This point of view is 

consistent with Hong & Stein’s (1999) theory regarding gradual information diffusion. 

 

Ideally, the length of the event windows should include enough days to capture the effect on the targeted 

companies’ stock prices following Trump’s tweets but still be as short as possible “[…] because it is much 

more difficult to control for confounding effects when long windows are used” (McWilliams & Siegel, 1997, 

p. 636). However, since President Trump’s tweets are of a different nature than regulated and structured 

announcements, defining the length of interest is not a simple task. As established in our theoretical 

expectations, one could expect that the reaction to the company-specific tweets could occur at different times 

relative to the tweet. Because President Trump’s opinions in his tweets may gradually diffuse into the market, 

the full effect of the company-specific tweets may be captured in days after Trump’s tweets. Likewise, to 

examine whether Trump reveals his opinion elsewhere before he posts it in his tweets, we also include a period 

prior to Trump’s tweets. 

 

Based on the above discussion, we employ an event window starting one trading day prior to the tweets (t=-

1) and ending four trading days after the tweets (t=4). To account for the above discussion regarding the length 
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of event windows and to enhance the explanatory power of our findings, we additionally break down our event 

window into three separate periods; each with a different starting date (Figure 12).  

 

 
Figure 12. Event window periods. To nuance our analysis, we divide our event window into three periods. Period 1 starts on the day of the tweets, 

Period 2 starts at the day following the tweets, and Period 3 starts one day prior to the tweets.  

 

● The first period starts on the day of Trump’s tweet (time t=0) and includes the subsequent four trading 

days (i.e., t=0 ; t=4. In this five-day-period we capture the full effect of President Trump’s tweets on 

the day of the President’s tweets since the effect prior to the tweets is excluded. 

 

● The second period starts on the first trading day following Trump’s tweets and the following three 

days (i.e., t=1 ; t=4). As such, it excludes the potential effect from the period prior to the President’s 

tweets and the effect on the day of the tweet. Consequently, it captures the delayed reaction to President 

Trump’s tweets. 

 

● Lastly, the third period is covering the whole period starting one trading day prior to Trump’s tweets 

and ending four trading days after the tweets (i.e., t=-1 ; t=4). The purpose of this six-day-period is 

mainly to assess if Trump states his opinion on a company-specific topic in, for instance, public 

speeches in the day prior to his tweets.  

 

Through this distinction, we can assess the timing of the effect following Trump’s tweets. This enables us to 

perform a more nuanced analysis as we are able to examine the effect of President Trump’s tweets in the three 

periods separately and thereby enlighten the exact timing of the effects.  

 

5.4.2 Defining the Length of the Estimation Window 

Now that we have established our main period of interest, the event window, we turn to the preceding period, 

the estimation window. In line with previous research (Aharony & Swary, 1980; Born et al., 2017; Fama et al., 

1969; Fornell et al., 2019; Graham & Dodd, 2009; Johnston, 2007; Juma’h & Alnsour, 2018; Keown & 
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Pinkerton, 1981; Ranco et al., 2015), we use the estimation window to estimate the parameters which shall 

infer the expected returns in the days in the event window. According to Kliger and Gurevich (2014), this 

period is “[…] representative of the stock but unaffected by the event, so they enable estimation of the “regular” 

or “normal” stock return, which in turn would enable detecting irregularities or “abnormal” returns” (p. 25–

26).  

Our estimation window spans from t=-10 to t=-514. The estimation window ends ten trading days before the 

tweets to increase independence between the estimated parameters and the examined tweets (Kliger & 

Gurevich, 2014). In this paper, we employ an estimation window of 504 trading days preceding the event 

window, approximately equal to two calendar years, to account for potential biases arising from seasonality, 

financial reporting, and end-of-year dynamics (Mackinlay, 1997). This completes our considerations on the 

length of the event window and estimation window, respectively. Having defined the event timeline, we will, 

next, present the methodological adjustments we perform in order to ensure valid results.  

 

5.5 Event Study Adjustments 

In the following section, we present which methodological adjustments we perform in order to avoid potential 

biases. Thus, the purpose of this part is to makes the tweets ready for the event study. Consequently, this part 

has an analytical approach. Initially, we present how we adjust the date of the event when President Trump’s 

tweets occur after trading hours or during non-trading days of the exchanges on which the different companies 

are listed. Secondly, we present the adjustments we apply in order to ensure independence among President 

Trump’s tweets targeting the same company. Thirdly, we control for contaminating company announcements 

to ensure that Trump’s tweets are independent of external events in order to ensure the validity of our findings. 

Finally, we present some minor adjustments which we find necessary in order to conduct our research.  

 

5.5.1 Adjusting the Dates of the Events 

As illustrated in Appendix H, Trump often tweets in the evening, during the night, and in the early morning. 

Likewise, the President also tweets during weekends. Therefore, if we simply use the day of the tweet as the 

event day, it would yield imprecise results. When Trump, for instance, posts a positive (negative) tweet 

targeting a company after trading hours of the stock exchange that the specific company is listed on, it is highly 

unlikely that the positive (negative) market reaction is captured on the ‘right’ day. Hence, the chronological 

order of trading days would be displaced and bias our findings.  
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To account for this issue, we adjust the tweets, such that t=0 reflects the first trading day following the tweet 

when a tweet: 

 

● is posted after trading hours on a trading day of the stock exchange that the issuing company is listed 

on, 

● is posted during the weekend, or 

● is posted on a public holiday of the stock exchange that the issuing company is listed on. 

 

From a critical point of view, defining time t=0 as the next trading day of the stock exchanges when the stock 

exchanges are closed might create a situation of pooled market reactions since information gets aggregated 

during closing-periods. Nonetheless, we find it necessary to make this adjustment since the characteristics of 

Trump’s tweets are different from ordinary company announcements which, typically, get published during 

weekdays (Kliger & Gurevich, 2014). Hence, this approach is arguably favorable compared to the alternative 

as we otherwise would draw improper inferences.  

 

5.5.2 Adjusting for Contaminating Events 

Having established time t=0 for all events and the associated event windows, a methodological issue of 

potential contamination due to overlapping event windows arises. As a consequence of overlapping event 

windows, our methodological choices create a methodological issue which might affect our research. In this 

passage, we address how we account for this issue. 

President Trump sometimes targets the same company multiple times within a shorter period which creates 

overlapping event windows (see Appendix F). Since we are interested in the real effect of President Trump’s 

tweets, we adjust our sample by omitting the events if two (or more) event windows from two (or more) tweets 

targeting the same company are overlapping. If we did not make this adjustment, we would not be able to infer 

whether the estimated abnormal returns were related to the one tweet or the other(s). This adjustment is aligned 

with Kliger and Gurevich (2014) who stresses that events in an event study must be independent of each other. 

To provide an example of this adjustment, President Trump tweeted two times about the technology company 

Broadcom Inc. in November 2017 (see Figure 13).  
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Figure 13. Example of overlapping event windows. The issue of overlapping event windows is illustrated using President Trump’s tweets about the 

technology company Broadcom Inc. The two events are staggered one day from each other creating a contaminated period stretching from November 

2, 2017, to November 8, 2017. Appendix F, Tweet no. 41 and Tweet no. 42. The tweets are extracted from Twitter (Twitter, 2019b). 

 

One of the tweets were posted within the trading hours of NASDAQ (on which Broadcom Inc. is listed) at 

3:58 PM on November 2, 2017, and the second outside of trading hours at 4:33 PM. The latter tweet’s event 

date (t=0) we adjust to November 3, 2017 (see section 5.5.1 Adjusting the Date of the Events above). Thus, the 

tweets have overlapping event windows. Since the event windows are 6 days long, the abnormal returns in the 

period ranging from November 2nd to November 8th attributable to the individual tweets are indistinguishable. 

That is, we do not know whether the abnormal returns during the contaminated period are related to the former 

and/or the latter tweet. As a consequence, both events are omitted from our sample. In order to favor unbiased 

results, we have omitted a total of 145 events from our sample by adjusting for overlapping event windows 

(see Appendix F).  
 

5.5.3 Adjusting for Contaminating Company Announcements 

Above, we described how we adjust our sample for overlapping event-windows to ensure that our events are 

not contaminated with each other. In this section, we address how we adjust our sample of events for events 

that coincide with company announcements to ensure that Trump’s tweets are independent and non-regular of 

external events (Kliger & Gurevich, 2014). 

 

If a tweet posted by President Trump targeting a specific company on a particular topic is motivated by an 

announcement made by the targeted company, the tweet is not empirically independent. If we included the 

events that coincided with the companies’ announcements, our study might only reveal a correlation between 

Trump’s tweets and abnormal returns, but not necessarily causality. The market might react to specific 

company announcements rather than President Trump’s tweets. For instance, if Trump posts a positive 

(negative) tweet as a response to a company’s announcement bringing new positive (negative) information to 
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the market, our estimated abnormal returns might be upward (downward) biased. Moreover, if the company’s 

announcement is positive (negative) and Trump’s tweet is the opposite, the two effects might offset each other 

and create an offsetting bias in our estimation of abnormal returns (see Figure 14).  
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Figure 14. Effect of contaminating company announcements. Some of President Trump’s tweets may coincide with company announcements. In 

these instances, the tweets are not independent. If Trump posts a positive (negative) tweet as a response to a company’s announcement bringing new 

positive (negative) information to the market, our estimated abnormal returns might be upward (downward) biased. Likewise, the effects might offset 

each other if the company announcement is positive (negative) and Trump’s tweet is negative (positive). 

 

To avoid any potential biases in our final estimations caused by the market’s reaction, we omit all tweets that 

coincide with the actual company announcement to an extent that creates overlapping event windows. To 

identify the potential contamination of company announcements on the effect of President Trump’s company-

specific tweets, we perform a targeted search through Dow Jones’ business information and research tool 

Factiva’s official database of company-related announcements (Dow Jones, 2019). Below, we provide three 

specific examples of the biases that would occur if we did not omit these tweets. 

 

● Upward bias: On March 28, 2017, the car manufacturer Ford announced that the company would 

invest in three plants in Michigan in order “[…] to strengthen its leadership in trucks and SUVs and 

support the company’s expansion to an auto and mobility company” (Ford, 2017). This announcement 

must, other things being equal, be positively perceived by investors as it indicates that Ford believes 

new technology and further investments will create growth. On the same day, President Trump praised 

Ford’s investments (Appendix F, Tweet no. 97). As a consequence, the expected positive effect on 

Ford’s stock price in the event window of the tweet cannot be directly linked to President Trump’s 

tweet as it coincides with Ford’s contemporary announcement. Since we cannot infer whether the 

effect is due to Ford’s announcements or due to the President’s praise of the investments, the event is 

omitted from our study.  
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● Downward bias: In September 2018, the Trump administration announced that it considered 

imposing tariffs on imports from China. Subsequently, Apple stated in an official letter to the US 

Government that a ‘wide range’ of its products would be significantly affected by the tariffs (Nellis, 

2018). One the same day, Trump tweeted that Apple could produce its products in the US instead of 

China if they wanted to avoid tariffs by asserting that Apple should ‘Start building new plants now’ 

(Appendix F, Tweet no. 36). Since we cannot assess whether the hypothesized negative effect on 

Apple’s stock price in the days of the event window is attributable to Trump’s negative tweet or to the 

negative effect of Apple’s announcement, the event is omitted.  

 

● Offsetting bias: In July 2018, The European Commission fined Google €4.34 billion “[…] for illegal 

practices regarding Android mobile devices to strengthen dominance of Google's search engine” 

(European Commission, 2018). As a consequence, one would expect Google’s stock price to be 

negatively affected. Meanwhile, on the following day, President Trump turned to Twitter to express 

his disappointment with the Commission’s decision (Appendix F, Tweet no. 3). An expected negative 

effect following the European Commission's decision and a simultaneously expected positive effect 

following President Trump’s tweet may, to some extent, offset each other. As a result, we cannot 

unambiguously infer the effect of President Trump’s tweet. Therefore, the event is omitted.  

 

In total 48 events are omitted from our sample because of our adjustment for overlapping company 

announcements (see Appendix F). These are all first-time tweets (as opposed to subsequent tweets) since 

subsequent tweets whose event windows overlap with a company announcement are already omitted when we 

adjust for contaminating tweets (see section 5.5.2 Adjusting for Contaminating Events above). In total, we 

omit 38 events due to upward bias, 4 due to negative bias, and 6 due to offsetting bias.  

 

5.5.4 Other Adjustments  

If the event windows span across considerably lengthy stock suspensions, i.e., non-trading days, the event is 

omitted. On April 17, 2018, the Trump administration banned all American companies from purchasing and 

selling components to China’s second-largest telecom equipment manufacturer ZTE as a reaction to violations 

of sanctions against Iran (Bloomberg, 2018). Immediately after, ZTE suspended its shares from trading without 

announcing how long the suspension would last (Russolillo & Xie, 2018). During the time of the suspension, 

President Trump addressed ZTE in four tweets (Appendix F, Tweet no. 279, 280, 281, and 281). On June 13, 

2018, after 39 days of trading suspension, ZTE finally resumed trading. On the first trading day after the 

suspension, ZTE’s stock fell 42% (Bloomberg, 2018). Since we cannot reasonably infer that the reaction is 

linked to Trump's tweets during the suspension, the four events are excluded from our analysis.  
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Finally, President Trump’s tweets that take up more than 280 characters (140 characters before Twitter official 

expanded the limit to 280 characters on 26 September 2017 (Rosen & Ihara, 2017))7, are due to Twitter’s 

character limit divided into more than one tweet. However, tweets that are divided into several tweets are not 

considered as independent tweets as they are part of the same message. As a consequence, these tweets are 

merged into one tweet.  

 

5.5.5 Final Considerations on Adjustments 

Performing the final adjustments results in a final sample of 84 events; 24 events in which President Trump’s 

tweets have positive opinions on the targeted companies (including 19 first-time tweets and 5 subsequent 

tweets) and 60 events in which President Trump’s tweet have negative opinions on targeted companies 

(including 48 first-time tweets and 12 subsequent tweets) (see Figure 15).  

 

 
Figure 15. Final sample after adjustments. After performing all adjustments, our final sample consists of 84 tweets; 24 tweets with a positive 

sentiment and 60 tweets with a positive sentiment. The adjustments performed in this paper is novel compared to previous research. We adjust for other 

contaminating tweets and for other contaminating events as both would bias the effect of President Trump’s tweets. Tweets extracted from 

TrumpTwitterArchive (2019). 

 

The above adjustments are novel compared to prior research. For example, although Born et al. (2017), 

consistent with our method, exclude tweets with overlapping event windows, they do not omit events which 

have overlapping event windows with the actual company announcements—even though they identify them. 

For instance, Tweet no. 110 and 274 on January 17, 2017, classify for sample inclusion in their study despite 

                                                   
7 Twitter officially expanded the character limit from 140 to 280 characters on September 26, 2017 arguing that those people who tweet in languages 
like Japanese, Korean and Chinese are “[…] able to express around double the amount of information in a single character, compared with users who 
spoke English, Spanish, Portuguese or French” (Rosen & Ihara, 2017). Because of this, Twitter decided to expand in all countries except Japanese, 
Korean and Chinese (Rosen & Ihara, 2017). 

Publicly Traded Companies
(n=84)

Tweets w. Negative Sentiment
(n=60)

Subsequent Tweets
(n=5)

First-time Tweets
(n=19)

Subsequent Tweets
(n=12)

First-time Tweets
(n=48)

Tweets w. Positive Sentiment
(n=24)

Sentiment segmentation Tweet sequence
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being a response to General Motors’ and Walmart’s spending announcements on the same day. Not excluding 

such events might contaminate the results as described in section 5.5.3 Adjusting for Contaminating Company 

Announcements. In total, 5 of the 15 events Born et al. (2017) uses in their event study do not qualify for 

sample inclusion following our adjustments. As a consequence, Born et al. (2017) potentially draw improper 

inference about the effect of President Trump’s tweets as their methodological selection criteria could create 

an upward (downward) bias caused by positive (negative) tweets.  

In line with our study, Juma’h and Alnsour (2018), examine both first-time and subsequent tweets. However, 

they do not question the causality between the estimated stock return and the President’s tweets since they not 

omit events which overlap with company announcements. Neither do Juma’h and (2018) address the issue of 

overlapping event windows between events. Their findings in regard to how Trump’s tweets affect the stock 

prices of the targeted companies might, therefore, be ascribed to the companies’ announcements or the fact 

that the President oftentimes addresses the same company several times within a short period.  

To summarize, we have now established the basis of our event study regarding President Trump’s tweets and 

their effect on the targeted companies. All subsequent calculations presented in the following sections are 

performed based on our final sample presented in Figure 15. In the following sections, we outline how we 

estimate the abnormal return attributable to these tweets.  

 

5.6 Event Study Calculations 

In this section we will, step by step, describe how we get from raw stock price data to testable figures that can 

help us examine our two main hypotheses as well as our four sub-hypotheses. Initially, we outline what data 

we use and how we determine daily returns. Next, we present how we calculate the abnormal returns for each 

event which serves as the basis for all subsequent calculations on each day throughout our event window. 

These calculations rest upon estimated expected returns from three different benchmark models which we will 

also present. Subsequently, we present how we estimate the average abnormal return (AAR) before we 

estimate the cumulative average abnormal return (CAAR) in the three different periods of our event window. 

Lastly, we present how we test if the estimated CAARs are significant enabling us to infer if and how Trump’s 

tweets affect the stock prices of the targeted companies. Throughout the following sections, the notation and 

formulas follow the ones presented by Kliger and Gurevich (2014).  

 

5.6.1 Utilized Data 

It requires several types of data to estimate and subsequently test if Trump’s tweets affect the stock prices of 

the targeted companies; from specific company trading data to broader data on indices and markets. In order 

to acquire such data, we have turned to several different sources which we will present in the following.  
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As this paper has an international perspective and aims to maintain comparability with previous research, the 

utilized company-specific daily closing stock prices serve, in conjunction with the closing prices of the indices 

that covers the respective stock exchanges, as the basis for all calculations. For these calculations to be as 

accurate as possible, we rely on the daily closing prices on the companies’ stocks and the corresponding indices 

obtained via the Bloomberg database (Bloomberg, 2019). Since the companies which the President targets in 

his tweet are not limited to American companies, we acquire daily closing prices on 30 different companies 

listed on 8 different stock exchanges, covered by 7 different indices (the S&P 500 covers both Nasdaq and 

NYSE) (see Table 1).  
 

Table 1. Overview of targeted companies and indices 

Target Company Ticker symbol Stock Exchange Country Index 

Amazon.com Inc. AMZN NASDAQ American S&P500 

American Airlines Group AAL NASDAQ American S&P500 

Comcast Corporation CMCSA NASDAQ American S&P500 

Facebook Inc. FB NASDAQ American S&P500 

Intel Corporation INTC NASDAQ American S&P500 

Sinclair Broadcast Group SBGI NASDAQ American S&P500 

Alphabet Inc. GOOGL New York Stock Exchange American S&P500 

Apple Inc. AAPL New York Stock Exchange American S&P500 

AT&T Inc. T New York Stock Exchange American S&P500 

Columbia Broadcasting System CBS New York Stock Exchange American S&P500 

Delta Air Lines Inc. DAL New York Stock Exchange American S&P500 

Ford Motor Company F New York Stock Exchange American S&P500 

General Motors Company GM New York Stock Exchange American S&P500 

Harley Davidson Inc. HOG  New York Stock Exchange American S&P500 

Lockheed Martin Corporation LMT  New York Stock Exchange American S&P500 

Microsoft Corporation MSFT  New York Stock Exchange American S&P500 

Nordstrom Inc. JWN  New York Stock Exchange American S&P500 

Pfizer Inc. PFE New York Stock Exchange American S&P500 

Rexnord Corporation RXN New York Stock Exchange American S&P500 

The Boeing Company BA  New York Stock Exchange American S&P500 

The New York Times NYT New York Stock Exchange American S&P500 

Twitter Inc. TWTR New York Stock Exchange American S&P500 

U.S. Bancorp USB New York Stock Exchange American S&P500 

Warner Media LLC TWX New York Stock Exchange American S&P500 

Wells Fargo & Company WFC  New York Stock Exchange American S&P500 

FIAT Chrysler Automobiles FCAU Borsa Italia (MTA) Italy FTSEMIB Index 
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Samsung SSNLF Korea Stock Exchange Korea Korea Composite Index 

América Móvil AMX Mexican Stock Exchange Mexico Mexbol Index 

Foxconn Technology Group 2354 Taiwan Stock Exchange Taiwan TWSE Index 

Toyota Motor Corporation TM Tokyo Stock Exchange Japan TPX Index 

Note. In order to assess if President Trump’s tweets affect the stock price of the targeted companies, we acquire the daily closing stock price data from 

30 different companies listed on 8 different stock exchanges, covered by 7 different indices. All market data is extracted from Bloomberg (2019).  

 

We have acquired the daily closing prices from November 24, 2014, up until February 22, 2019, to ensure that 

we have trading information in the full period of both the estimation windows for the earliest tweets and the 

post-windows for the most recent tweets included in our sample (see Appendix F). In line with Klinger and 

Gurevich (2014), we calculate the daily return for all stocks and indices using logarithmic returns:  
 

!(#)%& ≡ #( )*
+

)*,-+      (1) 

where 

!(#)%&  is stock/index .’s logarithmic return at period /; 

0%& is stock/index .’s price at time /, 

0%12&  is stock/index .’s price at time / − 1, and 

#( is the natural logarithm (5)  

 

5.6.2 Abnormal Return (AR) 

In the following sections, we present how the abnormal returns of the stocks of the companies targeted in 

President Trump’s tweets are computed. More specifically, we present how we estimate expected returns using 

benchmark models. The daily logarithmic returns for both individual stocks and indices are used as the basis 

for all subsequent calculations.  

 

Since we wish to examine the returns which are beyond the return one would expect on a normal day, we 

calculate it as the difference between the actual returns and the estimated expected returns estimated by our 

benchmark models (Kliger & Gurevich, 2014):  

 

6!7%
& ≡ !%& − 8!7 %

&       (2) 

where  

6!7%
&  is stock .’s estimated AR at period /;  

!%&  is stock .’s p actual return at period /; and 

8!7 %
&  is stock .’s period / estimated NR prescribed by specific benchmark models. 
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In order to calculate the abnormal returns indicating the effect of Trump’s tweets, we need to define how we 

estimate expected returns. In the following sections, we present the models we employ in this paper to estimate 

expected returns. In order to help us assess the robustness of our findings, we estimate expected returns 

according to three different benchmark models of returns; (1) the single-factor ordinary least squares (OLS) 

model, (2) the single-factor capital asset pricing model (CAPM), and (3) Fama and French three-factor model 

(Fama-French model). If the results of the three models are consistent, our findings are more robust (Kliger & 

Gurevich, 2014). If they, on the contrary, are inconsistent, one can argue that the results are inconclusive. In 

this paper, we are primarily employing these models to assess consistency. As such, it is outside the scope of 

this paper to evaluate the models themselves. In the following three subsections, we present each model 

separately. 

 

5.6.2.1 The Ordinary Least Squares Model (OLS) 

The first model we employ is the ordinary least squares (OLS) model. We employ the OLS model because of 

its ability to predict a linear relationship between stock returns and market returns (Kliger & Gurevich, 2014): 

 

!%& = :& + <&!%= + >%&      (3) 

where 

!%&  is stock .’s return at period / 

:&(alpha) and <&(beta) are the OLS-model’s parameters 

!%= is the return on the market at period / 

>%& is the error term 

 

By running the regression for each of our events, we are able to determine the relationship between the market 

return (the independent variable) and the return of the stock (the dependent variable) which we examine in the 

estimation window (Agresti & Franklin, 2013). Consequently, the OLS model relies solely on statistical 

estimations. We determine the expected returns for all days in the event window conditional of the market 

returns for all events by using the estimated parameters calculated on the basis of the estimation window 

(Kliger & Gurevich, 2014): 

 

8!7 %
& ≡ :?& + <@&!%=      (4)  

where 

8!7 %
&  is the estimated NR of stock . at period / 

:?& and <@& are the estimated parameters from the estimation window, and  

!%= is the return of the market at period / 
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In order to calculate the abnormal returns, we subsequently plug Equation 4 into Equation 2:  

 

6!7%
& ≡ !%& − 8!7 %

& = !%& − A:?& + <@&!%=B  (5) 

 

To provide a specific example of an OLS regression in our sample, the expression in Equation 4 is illustrated 

in Figure 16 using Trump’s tweet targeting FIAT Chrysler on January 28, 2018 (Appendix F, Tweet no. 88). 

 

 
Figure 16. Graphical representation of OLS Regression. The graph illustrates the best-fitted line between the return of FIAT Chrysler’s stock and 

the return on the market in the estimation period from February 12, 2016, to January 15, 2018. FIAT Chrysler’s estimated beta (<CD ) of 1.1994 is the 

slope of the regression line, and the estimated alpha (:?&) of 0.0016 is the intercept. The graph is based on market data extracted from Bloomberg 

(Bloomberg, 2019).  

 

From the FIAT Chrysler example in Figure 16, we infer that a change of one percent in the return of the market, 

on average, corresponds to a simultaneous return on FIAT Chrysler’s stock of 1.1994. This illustrates FIAT 

Chrysler’s ‘normal’ stock price behavior conditional on the return of the market that one would expect in the 

event window on a ‘normal’ trading day.  

 

!"
#

$#" − &'()*	,-'.,/

$#0 − 12,*-'	,-'.,/

3$#"4 = 67" + 9":$#0 = 0.0016+ 1.1994$#0

67" = 0.0016

9": = 1.1994
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5.6.2.2 The Capital Asset Pricing Model (CAPM) 

The second model we employ is the CAPM. Similar to the OLS model, CAPM is a single factor model. 

However, in oppose to the statistical OLS model, CAPM is an economic model based on the theoretical 

arguments introduced by the Nobel laureate, William Sharpe (1964).  

 

A central assumption underlying the CAPM is that investors can diversify the risk of their investments (Sharpe, 

1963). The CAPM assumes that investors are only compensated for bearing systematic risk, i.e., risk that is 

conditional of the market as a whole and thus nondiversifiable (Sharpe, 1964). As such, the CAPM suggests 

that “[…] expected returns compensate investors for the systematic risk inherent in the investment. Assessing 

the stock’s systematic risk involves measuring the extent of this stock’s “synchronization” with the market, 

that is, the extent to which the stock and the market portfolio returns tend to comove” (Kliger & Gurevich, 

2014, p. 42). The extent to which the stock comoves with the market we measure by running a regression for 

each of our events. By doing so, we are able to determine the relationship between the market return (the 

independent variable) and the return of the stock we examine (the dependent variable) in the estimation 

window. We denote the estimated systematic risk of the stock by beta (<@&).  

 

The major difference between the CAPM and the OLS model lies in the interpretation of the intercept. The 

underlying theory of CAPM assumes that investors can invest in the market and/or in risk-free bonds (Sharpe, 

1964). Likewise, if investors have risk-free assets in their investment portfolio, CAPM underlines that they 

receive a risk-free return. This implies that CAPM uses a fixed risk-free rate as the intercept. Thus, unlike the 

OLS model, the CAPM intercept is the risk-free government bond and thus not statistically estimated. In 

practice, we rely on returns on the 1-month American government T-Bill in order to calculate the daily risk-

free rate (!&
E) as these bonds are considered (more or less) risk-free (Risager, 2016). The risk-free rate is the 

daily rate that, over the number of trading days in the month, compounds to 1-month T-bill rate as obtained 

via the US Department of the Treasury (US Government, 2019). As a consequence, we estimate the expected 

returns from the CAPM as the conditional return of the excess return of the market and the return of the risk-

free rate (Kliger & Gurevich, 2014):  

 

8!7 %
& ≡ !%

E + <@&(!%= − !&
E)     (6) 

where  

8!7 %
&  is the estimated NR of stock . at period / 

!%
E is the risk-free rate at period / 

<@& is the estimated systematic risk of the stock for which the investors are compensated  

!%= is the return of the market at period / 
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By subsequently plugging the estimated returns from Equation 6 into Equation 2 we get the estimated abnormal 

returns following the CAPM:  

 

6!7%
& ≡ !%& − 8!7 %

& = !%& − A!%
E + <@&(!%= − !%

E)B   (7) 

 

5.6.2.3 The Fama-French Three-Factor Model 

The third and final model we employ in this paper is the three-factor model introduced by the Fama and his 

colleague Kenneth French (1993, 1995). We employ the Fama-French model in order to estimate expected 

returns using a third and different approach. Even though the model, according to Fama and French (1993, 

1995), are more precise than single-factor models, one can, from a critical point of view, argue that “[…] more 

advanced benchmarks entail more complicated structures and so might be prone to more estimation error” 

(Kliger & Gurevich, 2014, p. 28). Since it is without the scope of this paper to test the models, we apply the 

three benchmark models on equal terms to examine how one could expect stocks to react in the defined event 

windows. 

 

The Fama-French model employs three common risk factors affecting the returns on a stock; (1) the market 

risk (similar to the CAPM and OLS model), (2) a size factor that accounts for the size of the companies, and 

lastly (3) a factor accounting for the risk inherent in the companies’ book-to-market equity ratios. By 

combining these three factors, the return can be regressed as follows (Kliger & Gurevich, 2014):  

  

!%& − !%
E = :& + <&A!%= − !%

EB + F&GHI% + ℎ&KHL% + >%&	   (8) 

where 

!%&  is the return of stock . at period / 

!%
E is the risk-free rate at period / 

:&, <&, F&, and ℎ& are the three-factor model’s firm-specific estimated parameters  

!%= is the return of the market at period / 

GHI% and KHL% are the size and the book-to-market equity factors  

>%& is the error term 

 

In short, the SMB (Small, Minus, Big) factor is calculated as the difference between the average returns of the 

stocks of small companies and the average returns of big companies in the market. The groups are formed by 

calculating the median size of the equity market capitalization (EMC) in the market and then dividing the 

companies in the market into two groups: Companies with the smallest EMC are (S)mall companies while 

companies with the largest EMC are (B)ig. Subsequently, the two groups are further subdivided into three 
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groups relative to the companies’ book-to-market equity ratios. The top 30% of all companies in the respective 

groups constitute the groups of companies with the highest book-to-equity, middle 40% constitutes the middle 

group, and the bottom 30% constitutes the low group. By performing this calculation, three groups of small 

companies (S/H, S/M and S/L) and three groups of the big companies (B/H, B/M and B/L) are identified. The 

average returns for each of the two groups are then separately calculated. Lastly, the difference between the 

average of the small group and the average of the big group constitutes the SMB factor. These calculations are 

performed for each specific day in the event window (Kliger & Gurevich, 2014).  

 

The HML (High, Medium, Low) factor is calculated based on the same considerations as with the SMB factor. 

The companies are divided according to their book-to-equity and EMC. While the medium book-to-equity 

group is disregarded, two groups containing the companies with high book-to-equity are identified; (B/H) and 

(S/H). Similarly, two groups containing the companies with low book-to-equity are identified; (B/L) and (S/L). 

The averages are then separately calculated for the two groups containing high book-to-equity companies and 

for the two groups containing small book-to-equity companies. Lastly, the difference between the two overall 

groups is calculated. These calculations are also performed for each day in the event window (Kliger & 

Gurevich, 2014). 

 

In practice, we extract the relevant daily HML and SMB factors from the database published by Fama and 

French themselves; Kenneth French’s Dartmouth Database (French, 2019). The HML and SMB factors are 

estimated based on an aggregated portfolio of different market indices (see Appendix K and L). For instance, 

a market proxy aggregating the stock market indices from Canada, the US, and Mexico is used for all American 

companies as well as for the Mexican telecommunications company América Móvil, whereas a European 

market proxy consisting of 16 markets is used for our estimation of the factors of the Italian company, FIAT 

Chrysler (see Appendix K and L). From a critical point of view, one can argue that the aggregation of cross-

country indices makes the used parameters less precise. However, since stock markets of the different regions 

are highly related to each other, the parameters accessed from the database have proven their merits (French, 

2019). 

 

Thus, according to the Fama-French model, the estimated expected returns of the stocks of the companies 

targeted in President Trump’s tweets are (Kliger & Gurevich, 2014): 

 

8!%C7 = !%
E + :?& + <@&A!%= − !%

EB + F̂&GHI% + ℎO&KHL%   (9) 

where 

8!%C7  is the estimated NR of stock . at period / 

!%
E is the risk-free rate at period / 
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:?&, <@&, F̂&, and ℎO& are the three-factor model’s firm-specific estimated parameters  

!%= is the return of the market at period / 

GHI% and KHL% are the size and the book-to-market equity factors in period t 

 

Finally, in order to calculate the estimated abnormal returns using the Fama-French model, we plug Equation 

9 into Equation 2:  

 

6!%C7 = !%& − 8!%C7 = !%& − A!%
E + :?& + <@&A!%= − !%

EB + F̂&GHI% + ℎO&KHL%B (10) 

 

5.6.3 Clustered Events 

The above benchmark models are all used to calculate the abnormal returns for each of the days in our event 

windows. After having calculated the parameters specific to each of the three benchmark models from the 

period in the estimation window for all 84 events, respectively, we subsequently estimate the conditional 

expected returns for each of the 6 days in the event window for each event. This ensures that the parameters 

for each calculation reflect the return-behavior of the targeted companies’ stocks relative to the market at that 

specific time (Kliger & Gurevich, 2014). In the following, we will present some final considerations regarding 

the calculations we perform and the nature of Trump’s company-specific tweets.  

 

When President Trump tweets about more than one company in a tweet or tweets about more than one company 

in consecutive days, the estimated abnormal returns for each company belong to the same calendar dates. 

Consequently, since all three benchmark models estimate abnormal returns based on index prices, it is 

plausible that some of the estimated expected returns are somewhat correlated with one another (Kliger & 

Gurevich, 2014). To provide an example of a tweet targeting two companies, we use an example in which 

Trump is targeting both Lockheed Martin and Boeing (see Figure 17).  
 

 
Figure 17. Example of Clustered Events. President Trump’s tweet is targeting both Lockheed Martin and Boeing. Appendix F, Tweet no. 129. Source: 

Twitter (Twitter, 2019b) 

 

In this tweet, Trump is not only accusing Lockheed Martin of the ‘tremendous cost and cost overruns’ but also 

revealing that he has asked Boeing to ‘price-out a comparable F-18 Super Hornet’. As previously mentioned, 

we treat this as two distinct events (i.e., one event for each targeted company) with identical event windows. 

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! 
5:26 PM – Dec 22, 2016 
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Consequently, one could expect that the estimated abnormal returns in the event window for Lockheed Martin 

and Boeing are interdependent since we estimate the expected returns using the same index. As such, the two 

companies’ expected returns might be statistically correlated through the factors of the models we employ. To 

be specific, the actual return of Lockheed Martin’s stock is included in the return on the market index as a 

whole (i.e., the S&P 500) which, simultaneously, is used to estimate the abnormal return of Boeing—and vice 

versa. The same is the case for both the size and book-to-market equity factors used in the Fama-French model. 

Within the realm of event studies, various scholars provide solutions to the issue of clustered events (Bernard, 

1987; Brown & Warner, 1980; Mackinlay, 1997). According to Kliger and Gurevich (2014), the “[…] issue 

of clustering may be addressed by forming a portfolio of ARs and subsequently using its estimated variability 

for hypothesis testing” (p. 66.). This method is commonly used in event studies which, like ours, have many 

clustered events (Bernard, 1987; Brown & Warner, 1980; Kliger & Gurevich, 2014; Mackinlay, 1997). As 

such, this paper accommodates the issue of clustering by calculating average abnormal returns for positive and 

negative events, respectively, before testing if the positive and negative events are statistically significant. By 

creating these portfolios of events, we mitigate the issue of clustered events (Bernard, 1987; Brown & Warner, 

1980; Kliger & Gurevich, 2014; Mackinlay, 1997). Such portfolios are created for each of our six hypotheses. 

 

5.6.4 Average Abnormal Return (AAR) 

Stock prices in general continuously fluctuate as a result of either the release of information (Fama, 1970) or 

due to noise (Black, 1986). According to Kliger & Gurevich (2014), the “[…] means taken in ESA for reducing 

this noise rely on the “law of big numbers,” to wit, on the observation that averages eliminate noise” (p. 32). 

In practice, this means that we move from idiosyncratic event-specific abnormal returns to average abnormal 

returns across all positive and negative events, respectively, on each day throughout our event window. 

Likewise, we perform similar calculations for the tweets relevant for each of our four sub-hypotheses. Below 

we present how we estimate the average abnormal returns.  

 

By averaging across all 24 and 60 events of positive and negative events, respectively, we increase the 

likelihood that the effect is linked to President Trump's tweets as oppose to irrelevant noise (Kliger & Gurevich, 

2014). From a statistical point of view, this implies that the estimated effect of President Trump’s tweets on 

the targeted companies stock returns approximate the true effect of Trump’s tweets, if significant (Agresti & 

Franklin, 2013; Kliger & Gurevich, 2014). As a consequence, relying on statistics allows us to assume causality 

between Trump’s tweets and our estimated average abnormal returns. As such, we calculate the average 

abnormal returns for each of the six days of our event window (Kliger & Gurevich, 2014):  
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66!%P = ∑ RS*T7U
+V-
W

     (11) 

where  

66!%P  is the estimated average abnormal return (AAR) at period	/ 

6!%&  is stock the estimated abnormal return (AR) of stock . at period /, and  

( is the number of tweets in the subsample  

 

5.6.5 Cumulative Average Abnormal Return (CAAR) 

In order to detect the market reaction to Trump’s tweets around its dissemination, we finally estimate the 

cumulative average abnormal returns for all three periods within our event window. Since our three periods 

are 6, 5 and 4 days long, respectively, we assess a total of 15 periods for each benchmark model. For instance, 

the CAAR which is calculated from the day of the tweet until the day following the tweet is one period. 

Likewise, the CAAR which is calculated from the day of the tweet until two days following the tweet is one 

period, etc. Since we have three starting days for the three periods (t=-1, t=0, and t=1), this yields a total of 15 

periods for each benchmark model. With three models and six hypotheses we, therefore, calculate a total of 

270 CAARs. These are calculated as followed (Kliger & Gurevich, 2014):  

 

X66!P Y,%
& ≡ ∑ 66!P%

&%
Y      (12) 

where 

X66!P Y,%
&  is stock .’s estimated cumulative average abnormal return from the specific start date 

s up to a subsequent date /, within the event window, and 

66!P%
& , is the estimated average abnormal return (AAR) of stock .’s at period /. 

 

The 270 estimated CAARs are the final results of interest in our study. These serve as the basis for testing our 

hypotheses.  

 

5.7 Hypotheses Testing 

To assess if the effect of President Trump’s tweets is significantly different from regular stock price 

movements, we test the 270 CAARs individually. In this section, we introduce how we perform our tests and 

the underlying assumptions that allow us to perform it accordingly.  

 

In order to compare the estimated AARs along with the event windows to normal returns fluctuations, we 

extrapolate estimated AARs for the targeted companies into the post window (see Figure 11). Specifically, we 

estimate AARs for the period from t=5 till t=40; a total of 35 average abnormal returns. In line with Kliger and 

Gurevich (2014), we estimate the AARs in this period to subsequently estimate the variance since this period 
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is assumed to be unaffected by the effects of the examined tweets and therefore, the period represents “normal” 

return variations. Therefore, to test if the effect of President Trump’s tweets is significant in the event window, 

the most important assumption is, according to Kliger and Gurevich (2014), that the residuals, i.e., the average 

abnormal returns, in the post window are normally distributed. If the assumption of normal distribution holds, 

we are able to accurately determine if President Trump’s tweets have a significant effect on the stock prices of 

the targeted companies. 

 

In order to test if our research complies with the required assumptions, we perform a skewness and kurtosis 

tests for normality using the statistical software STATA. We find that we can fairly assume that the average 

abnormal returns for all six hypotheses following all three models are normally distributed at a 5% level of 

significance (see Appendix J). These findings support that the number of events in each of the six subsamples 

in our analysis is sufficiently large to approximate the true average effect of Trump’s positive and negative 

tweets, respectively. As a consequence, we can reasonably assume that the AARs are normally distributed 

(Kliger & Gurevich, 2014): 

 

66!%P ∼ 8 \0, ^_A66!%PB`     (13) 

where  

^_A66!%PB is the conditional variance of the estimated average abnormal return at time /  

 

This assumption enables us to apply t-statistics to test if the effect of President Trump’s tweets is statistically 

significant. We estimate ^_A66!%PB as follows (Kliger & Gurevich, 2014): 

 

               ^_A66!%PB = 2
ab
∑ c66!%P −66!d_)eY%f&W	gWh	
	)eY%f&W	i%jk%	    (14) 

where  

66! is the average of 66!FP  in the post window 

 

In order to be able to test the significance of the estimated CAARs, we estimate the conditional variance of 

each X66!P F from the specific start date and up to a subsequent date within the event window, i.e., from time 

s to t. Since we are interested in the effect of Trump’s tweets over a period represented by the estimated 

X66!P Y,%
& , we perform the following calculations in order to move from day-specific variances to conditional 

variances which are specific for the period of the X66!P Y,%
&  (Kliger & Gurevich, 2014):  

 

  ^_AX66!P Y,%B = (/ − F + 1)^_A6!!P%B    (15) 
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The conditional standard deviation for each X66!P  from time F to / is calculated (Kliger & Gurevich, 2014):  

 

?̂Y,%lRRS ≡ m^_AX66!P Y,%B     (16) 

 

Finally, by testing if each of the 270 different X66!P F are significantly higher (lower) than zero for positive 

(negative) tweets, we are able to test our hypotheses. In order to do so, we use a t-test to calculate the test 

statistics (TS) (Kliger & Gurevich, 2014):  

 

nGY,% = X66!P Y,%
2

opq,*
rsst     (17) 

 

This leaves us with 270 t-values, one for each period, and an equal amount of critical values and p-values. 

These enable us to assess whether each of the 270 estimated X66!P Y,%, respectively, are significantly higher 

(lower) than zero when Trump posts positive (negative) tweets about specific companies. This concludes our 

section about the calculations we perform in order to test if President Trump’s tweets affect the targeted 

companies stock prices. 
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6 Findings and Analysis 

In this section, we present the findings of our analysis. The findings are, as presented in the previous section, 

conducted using the event study methodology on President Trump’s tweets. We perform our event study using 

three different benchmark models: The OLS model, the CAPM, and the Fama-French model. The three models 

enable us to assess the robustness of our results. In this paper, we will thus focus on the findings that are 

consistent across all three models relative to the hypotheses. In this section, we firstly recapitulate our findings 

after which we elaborate on each of our six hypotheses one by one. Lastly, we analyze and discuss our findings 

in relation to our theoretical expectations and our literature review. 

 
Table 2. Summarized findings of analysis 

  Hypotheses Findings Timing of effect 

H1 Trump’s tweets containing positive opinions on targeted companies 
have a positive effect on the stock prices of the targeted companies Support Immediately 

H1a 
First-time Trump-tweets containing positive opinions on targeted 
companies have a positive effect on the stock prices of the targeted 
companies 

Support Immediately 

H1b 
Subsequent Trump-tweets containing positive opinions on targeted 
companies have a positive effect on the stock prices of the targeted 
companies 

No support N/A 

H2 Trump’s tweets containing negative opinions on targeted companies 
have a negative effect on the stock prices of the targeted companies Support Delayed 

H2a 
First-time Trump-tweets containing negative opinions on targeted 
companies have a negative effect on the stock prices of the targeted 
companies 

Support Delayed 

H2b 
Subsequent Trump-tweets containing negative opinions on targeted 
companies have a negative effect on the stock prices of the targeted 
companies 

Support Delayed 

Note. By performing an event study analysis on President Trump’s tweets targeting publicly traded companies, we find support for five out of six 

hypotheses. For President Trump’s positive company-specific tweets, we find support of an overall effect on the day of the tweets as well as for his 

first-time tweets. For negative tweets, we find support of an overall delayed negative effect and for both first-time and subsequent tweets.  

 

As summarized in Table 2 above, we find significant support for hypothesis H1 indicating that President 

Trump’s tweets with positive opinions on targeted companies, on average, have a positive effect on the stock 

prices of the companies. Likewise, by analyzing these tweets in subsamples of first-tweets and subsequent 

tweets, we find that first-time positive tweets, on average, have a significantly positive effect on the targeted 
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companies’ stock prices (supporting H1a). Meanwhile, our findings show that positive subsequent tweets (i.e., 

tweets that disseminates the same opinion on the same topic and company as an earlier tweet), on average, 

have no positive effect on the stock returns of the targeted companies (failing to support H1b).  

 

We find support for hypothesis H2 implying that Trump’s tweets with a negative opinion on a targeted 

company, on average, yield negative abnormal stock returns of the targeted companies. Overall, we find no 

significantly negative reaction on the day of President Trump’s negative tweets, neither for first-tweet or 

subsequent tweets separately. We do, however, find a negative and significant average market reaction in the 

days after the negative tweets. This is true for both all negative tweets (supporting H2) as well as the 

subsamples of first-time tweets (supporting H2a) and subsequent tweets (supporting H2b). As such, our 

findings show that President Trump’s negative company-specific tweets, on average, have a delayed negative 

effect on the targeted companies’ stock prices. 

 

In the next six subsections, we scrutinize the findings of our analysis in relation to each of our six hypotheses, 

respectively. The sequence of the six sections follows the sequence of our hypotheses in Table 2 above. Thus, 

we, first, elaborate on Trump’s positive tweets after which we will examine the effect of his negative tweets. 

As previously established, we analyze each hypothesis by using three periods in our event window: 

 

● One period starting on the day of the tweet (t=0). This period points out potential effects on the day 

of Trump’s tweet. 

 

● One period starting one trading day after Trump’s tweet (t=1). This period points out potential effects 

in the days after Trump’s tweets. 

 

● One period starting one trading day prior to the tweet (t=-1). This period points out potential effects 

in the day prior to Trump’s tweets. 

 

All periods end four trading days after the tweets are posted, consistent with our event window. Hence, the 

three periods consist of 6, 5, and 4 days, respectively, and, thus, 15 days in total. With three benchmark model 

for each hypothesis, our findings consist of 45 CAARs and 45 associated t-values per hypothesis. With six 

hypotheses, the findings of our analysis consist of 270 CAARs in total (and an equal amount of t-values). Due 

to the substantial amount of CAARs, we are not able to comment on all figures separately, and hence, we focus 

on the those which we find most relevant to analyze the hypothesis under examination and our research 

question in general. Hence, we will, for clarification, pick out some specific CAARs as examples when 
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relevant. After the six subsections which answer our hypotheses, we will include a seventh subsection which 

relates the findings of our analysis to the theory and literature presented in the previous sections.  

 

6.1 All tweets with Positive Opinions 

This subsection will examine hypotheses H1:  

 

H1: Trump’s tweets containing positive opinions on targeted companies have a positive effect on the 

stock prices of the targeted companies. 

 

Table 3, 4, and 5 contain the findings of our analysis regarding the overall effect of Trump’s positive company-

specific tweets. The three tables present the findings of the three periods starting at t=-1, t=0, and t=1, 

respectively. 

 

In Table 3, the CAAR at time t=0 is the average abnormal effect on the day of President Trump’s tweets 

attributable to Trump’s positive company-specific tweets. Our analysis yields a significantly positive CAAR 

of 48 basis point at a 5% level of significance following the OLS model and significantly positive CAARs of 

44 and 45 basis points at a 10% significance level following the CAPM and the Fama-French model, 

respectively. Hence, the CAARs are significantly higher than zero which implies that President Trump’s 

positive company-specific tweets have a positive effect on the day of the tweets, on average. However, the 

CAARs are not significantly higher than zero in the following days which implies that the effect of Trump’s 

positive company-specific tweets is not significant for more than one day.  

 

To assess whether the full effect materializes on the day of the tweets or whether there is a delayed reaction to 

the tweets, we turn to Table 4. When excluding the effect of the day of President Trump’s tweets, we find no 

significant support of a delayed positive effect. On the contrary, all CAARs in Table 3 are negative which 

suggests that the market initially overreacts to President Trump’s tweets.  

 

Table 5 shows the overall CAARs of the 6 days period, starting one day prior to the tweet (t=-1). The CAARs 

are positive (however insignificant) at time t=1 indicating that the actual returns fluctuate around the expected 

returns in the period before the tweet is posted. None of the CAARs in the period are significantly higher than 

zero which indicates that the overall market effect of the positive tweets does not occur in the period prior to 

the tweets, on average. Hence, there is nothing indicating that Trump, in general, makes his positive statements 

elsewhere prior to his company-specific tweets.  
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Thus, when all positive company-specific tweets are included, our findings support that Trump’s tweets 

containing a positive opinion on targeted companies affect the stock prices of these companies positively. As 

such, this indicates that the market does see Trump’s positive company-specific tweets as positive information. 

However, the CAARs in the days following the tweets indicate that the market might overreact to Trump’s 

positive tweets on the day of the tweets. 

 
Table 3. The effect of all President Trump’s tweets with a positive opinion in period 1 (0 ; 4) 

Time t -1 0 1 2 3 4 
Period   (0,0) (0,1) (0,2) (0,3) (0,4) 

O
LS

 CAAR   0.0048 0.0019 -0.0012 -0.0023 -0.0003 
TS   1.6563 0.4725 -0.2383 -0.4022 -0.0434 
P-value   0.0488** 0.3183 0.5942 0.6562 0.5173 

CA
PM

 CAAR   0.0044 0.0018 -0.0009 -0.0019 0.0002 
TS   1.5201 0.4293 -0.1867 -0.3218 0.0332 
P-value   0.0642* 0.3339 0.5741 0.6262 0.4868 

F-
F 

CAAR   0.0045 0.0002 -0.0012 -0.0025 -0.0016 
TS   1.4368 0.0460 -0.2255 -0.3915 -0.2224 
P-value   0.0753* 0.4816 0.5892 0.6523 0.5880 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 5 days period ranging from the day of the tweets until four days after the tweets (t=0 to t=4), CAARs are significantly positive on the day 

of the tweets. Thus, we find support for our hypothesis H1 stating that President Trump’s tweets with positive opinions have a positive effect. Daily 

closing prices extracted from Bloomberg (2019).   

 

Table 4. The effect of all President Trump’s tweets with a positive opinion in period 2 (1 ; 4) 

Time t 1 2 3 4 5 6 
Period     (1,3) (1,4) (1,5) (1,6) 

O
LS

 CAAR     -0.0029 -0.0060 -0.0071 -0.0051 
TS     -0.9881 -1.4630 -1.4207 -0.8767 
P-value     0.8385 0.9283 0.9223 0.8097 

CA
PM

 CAAR     -0.0027 -0.0054 -0.0063 -0.0042 
TS     -0.9130 -1.3035 -1.2492 -0.7229 
P-value     0.8194 0.9038 0.8942 0.7651 

F-
F 

CAAR     -0.0043 -0.0057 -0.0070 -0.0061 
TS     -1.3717 -1.2922 -1.2816 -0.9671 
P-value     0.9149 0.9019 0.9000 0.8332 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 4 days period ranging from the day following the tweets until four days after the tweets (t=1 to t=4), no CAARs are significantly positive. 

Thus, we do not find support for any delayed positive effects to Trump’s positive tweets. Daily closing prices extracted from Bloomberg (2019).   
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Table 5. The effect of all President Trump’s tweets with a positive opinion in period 3 (-1 ; 4)  

Time t -1 0 1 2 3 4 
Period (-1,-1) (-1,0) (-1,1) (-1,2) (-1,3) (-1,4) 

O
LS

 CAAR 0.0014 0.0062 0.0034 0.0003 -0.0009 0.0012 
TS 0.4992 1.5242 0.6740 0.0433 -0.1365 0.1642 
P-value 0.3088 0.0637* 0.2501 0.4827 0.5543 0.4348 

CA
PM

 CAAR 0.0013 0.0057 0.0030 0.0003 -0.0006 0.0015 
TS 0.4327 1.3808 0.6003 0.0546 -0.0943 0.2070 
P-value 0.3326 0.0836* 0.2742 0.4782 0.5376 0.4180 

F-
F 

CAAR 0.0011 0.0056 0.0013 -0.0001 -0.0013 -0.0004 
TS 0.3639 1.2733 0.2477 -0.0134 -0.1874 -0.0545 
P-value 0.3580 0.1015 0.4022 0.5053 0.5743 0.5217 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 6 days period ranging from the day prior to the tweets until four days after the tweets (t=-1 to t=4), CAARs are significantly positive on 

the day of the tweet. Thus, we do not find support for any positive effects prior to Trump’s positive tweets. Daily closing prices extracted from 

Bloomberg (2019). 
 

6.1.1 First-time tweets with Positive Opinions 

This subsection will examine hypotheses H1a:  

 

H1a: First-time Trump-tweets containing positive opinions on targeted companies have a positive 

effect on the stock prices of the targeted companies. 

 

Table 6, 7, and 8 contain the findings of our analysis regarding the effect of Trump’s first-time positive 

company-specific tweets. The three tables present the findings of the three periods starting at t=-1, t=0, and 

t=1, respectively. 

 

As illustrated in Table 6, the CAARs on the day of the tweets (t=0) are 66, 62, and 62 basis points following 

the OLS model, the CAPM, and the Fama-French model, respectively. The CAARs are significantly higher 

than zero at a 5% significance level for all three models which implies that the market finds Trump’s positive 

opinions on targeted companies relevant if the tweet contains a new opinion (i.e., is a first-time tweet). 

However, on the day following the tweet, the CAARs are decreasing to an extent that makes them insignificant. 

Hereafter (from t=2 to t=4), the CAARs are, depending on the benchmark model and the day, both negative 

and positive (however insignificant) which indicates that the actual returns fluctuate around the expected 

returns. This suggests that the market overreacts on the day of the positive tweets. 

 

In Table 7, the cumulative post-effect of Trump’s first-time tweets is presented. The CAARs from t=1 to t=4 

are, regardless of the benchmark models, all negative and thus not significantly higher than zero. As such, 

there is no delayed positive effect to the positive first-time tweets. In fact, these findings support what we find 
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by analyzing the effect of President Trump’s tweets in the 5 days period above. That is, that the positive effect 

on the day of the tweet is offset by negative abnormal returns in the days following the tweets. 

 

As illustrated in Table 8, the CAARs are positive (however insignificant) in the period prior to President 

Trump’s tweets (time t=-1). Our results thus show that the actual returns fluctuate around the expected returns. 

This indicates that the market effect of the positive tweets does not occur in the period prior to the tweets which 

implies that the significant CAARs we find on the day of Trump’s tweets, on average, are not affected by 

positive events in the period prior to Trump’s first-time tweets. Hence, there is nothing indicating that Trump 

makes his positive positive company-specific statements elsewhere before he posts it in tweets. 

 

In sum, we find support for hypothesis H1a suggesting that Trump’s opinions on companies yield positive 

returns of these companies when the opinions are new (i.e., opinions which the President has not yet posted 

on Twitter before). As such, positive first-time tweets have a positive effect on the day it is posted after which 

the effect becomes insignificant. 

 
Table 6. The effect of President Trump’s first-time tweets with a positive opinion in period 1 (0 ; 4) 

Time t -1 0 1 2 3 4 
Period   (0,0) (0,1) (0,2) (0,3) (0,4) 

O
LS

 CAAR   0.0066 0.0035 0.0000 -0.0025 0.0001 
TS   2.0231 0.7512 -0.0088 -0.3764 0.0084 
P-value   0.0215** 0.2263 0.5035 0.6467 0.4966 

CA
PM

 CAAR   0.0062 0.0033 0.0001 -0.0021 0.0005 
TS   1.8762 0.7055 0.0221 -0.3143 0.0682 
P-value   0.0303** 0.2402 0.4912 0.6234 0.4728 

F-
F 

CAAR   0.0062 0.0025 -0.0003 -0.0032 -0.0023 
TS   1.8477 0.5309 -0.0502 -0.4829 -0.3039 
P-value   0.0323** 0.2978 0.5200 0.6854 0.6194 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 5 days period ranging from the day of the tweets until four days after the tweets (t=0 to t=4), CAARs are significantly positive on the day 

of the tweets. Thus, we find support for our hypothesis H1a stating that President Trump’s first-time tweets with positive opinions have a positive effect. 

Daily closing prices extracted from Bloomberg (2019).   
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Table 7. The effect of President Trump’s first-time tweets with a positive opinion in period 2 (1 ; 4) 

Time t -1 0 1 2 3 4 
Period     (1,1) (1,2) (1,3) (1,4) 

O
LS

 CAAR     -0.0032 -0.0067 -0.0091 -0.0066 
TS     -0.9608 -1.4413 -1.6027 -1.0021 
P-value     0.8317 0.9253 0.9455 0.8419 

CA
PM

 CAAR     -0.0029 -0.0061 -0.0083 -0.0057 
TS     -0.8784 -1.2995 -1.4462 -0.8618 
P-value     0.8101 0.9031 0.9259 0.8056 

F-
F 

CAAR     -0.0037 -0.0065 -0.0094 -0.0084 
TS     -1.0969 -1.3680 -1.6244 -1.2636 
P-value     0.8637 0.9143 0.9478 0.8968 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 4 days period ranging from the day following the tweets until four days after the tweets (t=1 to t=4), no CAARs are significantly positive. 

Thus, we do not find support for any delayed positive effects to Trump’s first-time positive tweets. Daily closing prices extracted from Bloomberg 

(2019).   

 

Table 8. The effect of President Trump’s first-time tweets with a positive opinion in period 3 (-1 ; 4) 

Time t -1 0 1 2 3 4 
Period (-1,-1) (-1,0) (-1,1) (-1,2) (-1,3) (-1,4) 

O
LS

 CAAR 0.0024 0.0091 0.0059 0.0024 0.0000 0.0025 
TS 0.7417 1.9550 1.0415 0.3632 -0.0050 0.3105 
P-value 0.2291 0.0252** 0.1488 0.3582 0.5020 0.3781 

CA
PM

 CAAR 0.0022 0.0084 0.0055 0.0023 0.0001 0.0027 
TS 0.6671 1.7983 0.9612 0.3527 0.0172 0.3346 
P-value 0.2524 0.0360** 0.1682 0.3622 0.4931 0.3690 

F-
F 

CAAR 0.0019 0.0080 0.0044 0.0016 -0.0014 -0.0004 
TS 0.5554 1.6993 0.7541 0.2342 -0.1835 -0.0506 
P-value 0.2893 0.0446** 0.2254 0.4074 0.5728 0.5202 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 6 days period ranging from the day prior to the tweets until four days after the tweets (t=-1 to t=4), CAARs are significantly positive on 

the day of the tweet. Thus, we do not find support for any positive effects prior to Trump’s first-time positive tweets. Daily closing prices extracted 

from Bloomberg (2019). 

 
6.1.2 Subsequent tweets with Positive Opinions 

This subsection will examine hypotheses H1b:  

 

H1b: Subsequent Trump-tweets containing positive opinions on targeted companies have a positive 

effect on the stock prices of the targeted companies. 

 

Table 9, 10, and 11 contain the findings of our analysis regarding the effect of Trump’s subsequent positive 

company-specific tweets. The three tables present the findings of the three periods starting at t=-1, t=0, and 

t=1, respectively. 

 

In Table 9, the CAARs related to President Trump’s subsequent positive company-specific tweets at time t=0 

show the effect on the day of the tweets. With CAARs of -22, -23 and -18 basis points following the OLS 
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model, the CAPM, and the Fama-French model, respectively, our findings imply a negative effect in oppose 

to our expectations. As a result, our findings suggest that President Trump’s subsequent positive company-

specific tweets do not, on average, have a positive effect on the stock price of these companies on the day of 

the tweet. This further indicates that first-time tweets rather than subsequent tweets drive the overall 

significantly positive effect of Trump’s positive company-specific tweets. 

 

The potential delayed effect of the tweets is illustrated in Table 10. From the estimated CAARs, we find that 

President Trump’s subsequent tweets do not have a significantly positive delayed effect. Meanwhile, our 

analysis suggests that the actual returns on the stocks of the targeted companies of President Trump’s 

subsequent positive tweets are somewhat identical to the expected return. Therefore, our findings neither 

support a delayed positive effect of Trump’s positive company-specific subsequent tweets, on average.  

 

Identical to the overall analysis of the effect of President Trump’s positive tweets and the analysis of the effect 

of Trump’s first-time tweets, the CAARs in Table 11 prior to the tweets are all insignificant. Thus, our analysis 

suggests that the actual returns are, more or less, identical to the expected returns prescribed by our benchmark 

models. These findings suggest that there is no materialized effect in the period prior to the tweets. Again, this 

implies that Trump’s positive opinion on a targeted company is not stated elsewhere on the day prior to 

Trump’s tweets.  

 

Consequently, based our analysis of the effect of President Trump’s subsequent positive tweets, we find no 

support of hypothesis H1b regarding the effect of Trump’s subsequent company-specific tweets.  

 
Table 9. The effect of President Trump’s subsequent tweets with a positive opinion in period 1 (0 ; 4) 

Time t -1 0 1 2 3 4 
Period   (0,0) (0,1) (0,2) (0,3) (0,4) 

O
LS

 CAAR   -0.0022 -0.0040 -0.0055 -0.0018 -0.0016 
TS   -0.3216 -0.4065 -0.4642 -0.1297 -0.1027 
P-value   0.6261 0.6578 0.6788 0.5516 0.5409 

CA
PM

 CAAR   -0.0023 -0.0040 -0.0050 -0.0011 -0.0009 
TS   -0.3274 -0.4119 -0.4191 -0.0814 -0.0567 
P-value   0.6283 0.6598 0.6624 0.5324 0.5226 

F-
F 

CAAR   -0.0018 -0.0085 -0.0048 0.0005 0.0011 
TS   -0.2267 -0.7600 -0.3472 0.0290 0.0636 
P-value   0.5897 0.7764 0.6358 0.4884 0.4746 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 5 days period ranging from the day of the tweets until four days after the tweets (t=0 to t=4), no CAARs are significantly positive. Thus, 

we do not find support hypothesis H1b stating that President Trump’s subsequent tweets with positive opinions have a positive effect. Daily closing 

prices extracted from Bloomberg (2019).   
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Table 10. The effect of President Trump’s subsequent tweets with a positive opinion in period 2 (1 ; 4) 

Time t -1 0 1 2 3 4 
Period     (1,1) (1,2) (1,3) (1,4) 

O
LS

 CAAR     -0.0017 -0.0033 0.0004 0.0006 
TS     -0.2533 -0.3411 0.0359 0.0460 
P-value     0.6000 0.6335 0.4857 0.4817 

CA
PM

 CAAR     -0.0018 -0.0028 0.0011 0.0014 
TS     -0.2551 -0.2818 0.0951 0.1004 
P-value     0.6007 0.6109 0.4621 0.4600 

F-
F 

CAAR     -0.0067 -0.0030 0.0023 0.0029 
TS     -0.8481 -0.2649 0.1644 0.1844 
P-value     0.8018 0.6045 0.4347 0.4268 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 4 days period ranging from the day following the tweets until four days after the tweets (t=1 to t=4), no CAARs are significantly positive. 

Thus, we do not find support for any delayed positive effects to Trump’s subsequent positive tweets. Daily closing prices extracted from Bloomberg 

(2019).   

 

Table 11. The effect of President Trump’s subsequent tweets with a positive opinion in period 3 (-1 ; 4) 

Time t -1 0 1 2 3 4 
Period (-1,-1) (-1,0) (-1,1) (-1,2) (-1,3) (-1,4) 

O
LS

 CAAR -0.0023 -0.0045 -0.0063 -0.0079 -0.0041 -0.0039 
TS -0.3356 -0.4647 -0.5257 -0.5698 -0.2661 -0.2308 
P-value 0.6314 0.6789 0.7004 0.7156 0.6049 0.5912 

CA
PM

 CAAR -0.0023 -0.0046 -0.0063 -0.0073 -0.0034 -0.0032 
TS -0.3351 -0.4685 -0.5298 -0.5305 -0.2226 -0.1885 
P-value 0.6312 0.6803 0.7019 0.7021 0.5881 0.5748 

F-
F 

CAAR -0.0016 -0.0034 -0.0101 -0.0063 -0.0011 -0.0004 
TS -0.1970 -0.2996 -0.7343 -0.3992 -0.0622 -0.0224 
P-value 0.5781 0.6178 0.7686 0.6551 0.5248 0.5089 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 6 days period ranging from the day prior to the tweets until four days after the tweets (t=-1 to t=4), no CAARs are significantly positive. 

Thus, we do not find support for any positive effects prior to Trump’s subsequent positive tweets. Daily closing prices extracted from Bloomberg 

(2019). 

 

6.2 All tweets with Negative Opinions 

This subsection will examine hypotheses H2:  

 

H2: Trump’s tweets containing negative opinions on targeted companies have a negative effect on the 

stock prices of the targeted companies. 

 

Table 12, 13, and 14 contain the findings of our analysis regarding the overall effect of Trump’s negative 

company-specific tweets. The three tables present the findings of the three periods starting at t=-1, t=0, and 

t=1, respectively. 

 

The CAARs at time t=0 in Table 12 show the overall effect of President Trump’s negative company-specific 

tweets on the day of the tweets. The CAARs show that the reaction on the day is very close to zero; -2 basis 
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point for the OLS model, 2 basis points for the CAPM, and -5 basis points according to the Fama-French 

model. As such, none of the CAARs are significantly lower than zero. Thus, our analysis suggests that the 

actual return on the day of President Trump’s negative tweets, on average, is almost identical to the expected 

return implying that Trump’s tweets do not affect the returns on the day.  

 

However, in the following days, a negative effect materializes. At time t=3 our analysis shows significantly 

negative CAARs of -115, -105 and -80 basis points according to the OLS model, the CAPM, and Fama-French, 

respectively. While the CAARS are significantly lower than zero at a 1% significance level according to the 

two former models, the latter is significantly negative at a 5% significance level. With no immediate effect of 

President Trump’s tweets at time t=0 and an intensifying effect until time t=3, our findings indicate an initial 

underreaction and a subsequent delayed negative effect of President Trump’s negative tweets, on average. 

With a subsequent rebound of CAARs at time t=4, the CAARs become less significant. However, since the 

CAARs are still significantly negative at time t=4, we are unable to infer whether the reaction on day t=3 is a 

market overreaction. 

 

The delayed effect is more apparent in Table 13 since we analyze the estimated CAARs starting at time t=1. 

At time t=3 in Table 13, our analysis finds that the CAARs, according to the OLS model and the CAPM, are 

both significantly negative at a 1% significance level whereas the CAAR, according to the Fama-French 

model, is significant at a 5% significance level. Thus, as expected, by excluding the effect on the day of 

President Trump’s tweets, we find more robust support of an overall delayed effect of President Trump’s 

negative tweets. Thus, similar to the analysis of the effect of President Trump’s negative tweets starting on the 

day of Trump’s tweets, we find a pattern indicating an initial underreaction to Trump’s negative tweets, on 

average.  

 

Table 14 shows the overall CAARs of the 6 days period, starting one day prior to the tweets (t=-1). Our analysis 

suggests that the CAARs are significantly negative at time t=-1. Overall, we thus infer that there is no effect 

prior to President Trump’s tweets. Our findings show that the CAARs of -88 and -77 basis points in the period 

from time t=-1 to t=3 are significant according to the OLS model and the CAPM, respectively. However, 

despite only being significant at the 5% and 10% significance level, they provide an indication of the delayed 

reaction described above. This shows the importance of dividing our event window into separate periods 

starting at different times. If we only included one period starting at t=-1, we would not be able to detect the 

delayed effect of President Trump’s tweets as the CAARs in the later periods would be contaminated by the 

insignificant abnormal returns in the previous periods.  
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To summarize, when all negative company-specific tweets are included, our findings support our hypothesis 

that Trump’s tweets containing negative opinions on targeted companies affect the stock prices of these 

companies negatively. However, the reaction is not timely but delayed. 

 
Table 12. The effect of all President Trump’s tweets with a negative opinion in period 1 (0 ; 4)  

Time t -1 0 1 2 3 4 
Period   (0,0) (0,1) (0,2) (0,3) (0,4) 

O
LS

 CAAR   -0.0002 -0.0020 -0.0063 -0.0115 -0.0092 
TS   -0.0996 -0.6232 -1.6342 -2.5698 -1.8320 
P-value   0.4603 0.2666 0.0511* 0.0050*** 0.0334** 

CA
PM

 CAAR   0.0002 -0.0012 -0.0054 -0.0105 -0.0081 
TS   0.0778 -0.3930 -1.4043 -2.3512 -1.6234 
P-value   0.5310 0.3471 0.0801* 0.0093*** 0.0522* 

F -
F 

CAAR   -0.0005 -0.0013 -0.0045 -0.0080 -0.0070 
TS   -0.2364 -0.3918 -1.1105 -1.7158 -1.3402 
P-value   0.4066 0.3476 0.1334 0.0430** 0.0900* 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 5 days period ranging from the day of the tweets until four days after the tweets (t=0 to t=4), CAARs are significantly negative three and 

four days following the tweets. Thus, we find support for our hypothesis H2 stating that President Trump’s tweets with negative opinions have a negative 

effect. Daily closing prices extracted from Bloomberg (2019).   

  

Table 13. The effect of all President Trump’s tweets with a negative opinion in period 2 (1 ; 4)  

Time t -1 0 1 2 3 4 
Period     (1,1) (1,2) (1,3) (1,4) 

O
LS

 CAAR     -0.0018 -0.0061 -0.0113 -0.0090 
TS     -0.7817 -1.9311 -2.9098 -1.9985 
P-value     0.2172 0.0267** 0.0018*** 0.0228** 

CA
PM

 CAAR     -0.0014 -0.0056 -0.0107 -0.0083 
TS     -0.6337 -1.7749 -2.7599 -1.8539 
P-value     0.2632 0.0379** 0.0028*** 0.0318** 

F-
F  

CAAR     -0.0007 -0.0039 -0.0074 -0.0064 
TS     -0.3177 -1.1929 -1.8448 -1.3802 
P-value     0.3753 0.1165 0.0325** 0.0837* 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 4 days period ranging from the day following the tweets until four days after the tweets (t=1 to t=4), CAARs are significantly negative 

three and four days following the tweets. Thus, we do find support for delayed negative effects to Trump’s negative tweets. Daily closing prices extracted 

from Bloomberg (2019).   
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Table 14. The effect of all President Trump’s tweets with a negative opinion in period 3 (-1; 4)  

Time t -1 0 1 2 3 4 
Period (-1,-1) (-1,0) (-1,1) (-1,2) (-1,3) (-1,4) 

O
LS

 CAAR 0.0027 0.0025 0.0008 -0.0036 -0.0088 -0.0064 
TS 1.2203 0.7925 0.1957 -0.8051 -1.7527 -1.1742 
P-value 0.8888 0.7860 0.5776 0.2104 0.0398** 0.1202 

CA
PM

 CAAR 0.0029 0.0030 0.0016 -0.0026 -0.0077 -0.0053 
TS 1.2764 0.9576 0.4160 -0.5779 -1.5322 -0.9608 
P-value 0.8991 0.8309 0.6613 0.2817 0.0627* 0.1683 

F-
F 

CAAR 0.0039 0.0034 0.0026 -0.0006 -0.0041 -0.0031 
TS 1.6797 1.0205 0.6498 -0.1219 -0.7835 -0.5377 
P-value 0.9535 0.8463 0.7421 0.4515 0.2167 0.2954 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 6 days period ranging from the day prior to the tweets until four days after the tweets (t=-1 to t=4), CAARs are significantly negative three 

days following the tweets. Thus, we do not find support for any negative effects prior to Trump’s negative tweets. Daily closing prices extracted from 

Bloomberg (2019).  
 

6.2.1 First-time tweets with Negative Opinions 

This subsection will examine hypotheses H2a:  

 

H2a: First-time Trump-tweets containing negative opinions on targeted companies have a negative 

effect on the stock prices of the targeted companies. 

 

Table 15, 16, and 17 contain the findings of our analysis regarding the effect of Trump’s first-time negative 

company-specific tweets. The three tables present the findings of the three periods starting at t=-1, t=0, and 

t=1, respectively. 

 

President Trump’s first-time negative company-specific tweets have no significantly negative effect on the 

stock prices of the targeted companies on the day of the tweets, on average. As illustrated in Table 15, the 

CAARs at time t=0 are only 1, 5 and 1 following the OLS model, the CAPM, and the Fama-French model 

respectively. These CAARs are almost zero implying that the realized returns on the day of President Trump’s 

tweets are, on average, almost identical to the expected return. At time t=3, however, we observe a delayed 

effect. The OLS model yield a negative CAAR of -98 basis points significant at the 1% level whereas the 

CAAR of -103 basis points according to the CAPM is significant at the 5% level. With the significantly 

negative CAAR of -72 basis points at the 10% significance level according to the Fama-French model, our 

findings are consistent across all three models. Thus, our analysis finds a delayed negative effect of President 

Trump’s first-time negative company-specific tweets, on average.  

 

In Table 16, we assess the cumulative effect of President Trump’s first-time tweets starting the day of the 

tweets. The CAARs at time t=3 of -117 and -108 basis points according to the OLS model and the CAPM are 

both significant at the 1% level of significance. With a significantly negative CAAR of -74 basis points three 
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days after the tweet is posted, according to the Fama-French model, our findings regarding the effect in the 

post-period of Trump’s tweets imply stronger indications of a delayed effect than when the CAARs are 

calculated starting at the day of the tweets. As such, we find that President Trump’s first-time negative tweets 

have a delayed negative effect on the stock price of the targeted companies, on average. With no significantly 

negative CAARs at time t=1, our analysis indicates an initial underreaction. Thus, by analyzing President 

Trump’s first-time negative tweets as a group, we find that the effect is somewhat similar to the effect of all 

negative tweets. 

 

The CAARs are positive in the period prior to President Trump’s tweets at time t=-1 in Table 17. Our results 

thus show that the CAARs are not significantly negative indicating that there is no negative effect of President 

Trump’s first-time negative tweets in the period prior to the tweets. Hence, nothing is indicating that Trump 

reveals his negative opinion on companies in the period before Trump post it is his tweets the first time.  

 

Thus, we find support of hypothesis H1a; President Trump’s negative first-time tweets have a negative effect 

on the stock prices of the targeted companies. Our analysis finds that the effect delayed and materializes three 

days after the tweets are posted which indicates that the market initially underreacts to Trump’s first-time 

company-specific tweets.  

 
Table 15. The effect of President Trump’s first-time tweets with a negative opinion in period 1 (0 ; 4)  

Time t -1 0 1 2 3 4 
Period   (0,0) (0,1) (0,2) (0,3) (0,4) 

O
LS

 CAAR   0.0001 -0.0004 -0.0053 -0.0116 -0.0107 
TS   0.0484 -0.1034 -1.2168 -2.3310 -1.9138 
P-value   0.5193 0.4588 0.1118 0.0098*** 0.0278** 

CA
PM

 CAAR   0.0005 0.0004 -0.0042 -0.0103 -0.0092 
TS   0.2089 0.1213 -0.9831 -2.0985 -1.6743 
P-value   0.5827 0.5483 0.1628 0.0179** 0.0470** 

F-
F  

CAAR   0.0001 0.0011 -0.0019 -0.0072 -0.0080 
TS   0.0554 0.3189 -0.4370 -1.4778 -1.4656 
P-value   0.5221 0.6251 0.3310 0.0697* 0.0713* 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 5 days period ranging from the day of the tweets until four days after the tweets (t=0 to t=4), CAARs are significantly negative three and 

four days following the tweets. Thus, we find support for our hypothesis H2a stating that President Trump’s first-time tweets with negative opinions 

have a negative effect. Daily closing prices extracted from Bloomberg (2019).   
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Table 16. The effect of President Trump’s first-time tweets with a negative opinion in period 2 (1 ; 4)  

Time t -1 0 1 2 3 4 
Period     (1,1) (1,2) (1,3) (1,4) 

O
LS

 CAAR     -0.0005 -0.0054 -0.0117 -0.0108 
TS     -0.1946 -1.5245 -2.7196 -2.1639 
P-value     0.4228 0.0636* 0.0032*** 0.0152** 

CA
PM

 CAAR     -0.0001 -0.0047 -0.0108 -0.0097 
TS     -0.0374 -1.3518 -2.5438 -1.9764 
P-value     0.4851 0.0882* 0.0054*** 0.0240** 

F-
F 

CAAR     0.0010 -0.0020 -0.0074 -0.0082 
TS     0.3956 -0.5744 -1.7384 -1.6663 
P-value     0.6538 0.2828 0.0410** 0.0478** 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 4 days period ranging from the day following the tweets until four days after the tweets (t=1 to t=4), CAARs are significantly negative 

three and four days following the tweets. Thus, we do find support for delayed negative effects to Trump’s first-time negative tweets. Daily closing 

prices extracted from Bloomberg (2019).   

 

Table 17. The effect of President Trump’s first-time tweets with a negative opinion in period 3 (-1 ; 4)  

Time t -1 0 1 2 3 4 
Period (-1,-1) (-1,0) (-1,1) (-1,2) (-1,3) (-1,4) 

O
LS

 CAAR 0.0032 0.0033 0.0028 -0.0021 -0.0084 -0.0075 
TS 1.2784 0.9382 0.6536 -0.4146 -1.5132 -1.2251 
P-value 0.8994 0.8259 0.7433 0.3392 0.0651* 0.1103 

CA
PM

 CAAR 0.0034 0.0039 0.0038 -0.0008 -0.0069 -0.0057 
TS 1.3948 1.1340 0.9044 -0.1540 -1.2532 -0.9590 
P-value 0.9185 0.8716 0.8171 0.4388 0.1051 0.1688 

F-
F 

CAAR 0.0042 0.0043 0.0053 0.0023 -0.0031 -0.0038 
TS 1.7085 1.2473 1.2468 0.4758 -0.5577 -0.6404 
P-value 0.9562 0.8938 0.8938 0.6829 0.2885 0.2609 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 6 days period ranging from the day prior to the tweets until four days after the tweets (t=-1 to t=4), no CAARs are significantly negative. 

Thus, we do not find support for any negative effects prior to Trump’s negative first-time tweets. Daily closing prices extracted from Bloomberg (2019).  

 

6.2.2 Subsequent tweets with Negative Opinions 

This subsection will examine hypotheses H2b:  

 

H2b: Subsequent Trump-tweets containing negative opinions on targeted companies have a negative 

effect on the stock prices of the targeted companies. 

 

Table 18, 19, and 20 contain the findings of our analysis regarding the effect of Trump’s subsequent negative 

company-specific tweets. The three tables present the findings of the three periods starting at t=-1, t=0, and 

t=1, respectively. 

 

As illustrated in Table 18, President Trump’s subsequent negative tweets have a significantly negative effect 

on the targeted companies at both time t=1 and time t=2. Our analysis shows consistent negative CAARs at 

time t=1 of -84, -79, and -109 basis points according to the OLS model, the CAPM, and the Fama-French 
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model, respectively. This supports a delayed market reaction. At time t=2 the CAARs are -107, -106, and -149 

basis points according to the OLS model, the CAPM, and the Fama-French model, respectively. They are all 

significant at a 5% significance level two days after the tweets. Interestingly, our models already show 

significantly negative CAARs at time t=1 which is one day before the first-time negative tweets have a 

significantly negative effect on the targeted companies stock prices. This implies that the effect of Trump’s 

tweets already seems to materialize on the day following day from the tweets. However, with gradually 

intensifying CAARs, our analysis indicates that the markets initial reaction is not complete at time t=1. Overall, 

these findings suggest an initial underreaction on the day of the tweets, a delayed reaction that materializes at 

time t=2 before the CAARs appreciates to an extent that makes them insignificant.  

 

By excluding the negative (insignificant) effects on the day of the tweets, we infer from the estimated CAARs 

in Table 19 that the delayed effect of President Trump’s subsequent negative firm-specific tweets is intensified. 

The pattern of the CAARs is similar to our findings from above: (1) the effect materializes already at time t=1, 

(2) the effect intensifies at time t=2, before it (3) gradually decreases in the last two days (time t=3 and t=4). 

Thus, our findings imply an initial underreaction and a subsequent overreaction. Consequently, our findings 

from the period starting one day after Trump’s tweets support that Trump’s subsequent negative tweets 

targeting specific companies, on average, have a negative effect on the stock prices of the targeted companies. 

 

As illustrated in Table 20, even though we include the cumulative effect of the average abnormal returns from 

the period prior to President Trump’s subsequent negative tweets, the CAARs two days after the tweets are 

posted are all significant supporting the intensity of the delayed effect. In addition, the CAARs prior to 

Trump’s tweets are all insignificant. As such, our analysis suggests that there is no reaction in the period prior 

to President Trump’s subsequent negative firm-specific tweets, on average, but a negative (delayed) effect in 

the days following the tweets.  

 
Table 18. The effect of President Trump’s subsequent tweets with a negative opinion in period 1 (0 ; 4)  

Time t -1 0 1 2 3 4 
Period   (0,0) (0,1) (0,2) (0,3) (0,4) 

O
LS

 CAAR   -0.0016 -0.0084 -0.0107 -0.0111 -0.0032 
TS   -0.4481 -1.6683 -1.7306 -1.5536 -0.4030 
P-value   0.3270 0.0476** 0.0417** 0.0601* 0.3435 

CA
PM

 CAAR   -0.0012 -0.0079 -0.0106 -0.0116 -0.0040 
TS   -0.3286 -1.5670 -1.7134 -1.6281 -0.5059 
P-value   0.3712 0.0585* 0.0433** 0.0517* 0.3065 

F-
F 

CAAR   -0.0033 -0.0109 -0.0149 -0.0109 -0.0027 
TS   -0.7316 -1.7076 -1.9173 -1.2135 -0.2693 
P-value   0.2322 0.0438** 0.0276** 0.1125 0.3939 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 5 days period ranging from the day of the tweets until four days after the tweets (t=0 to t=4), CAARs are significantly negative one and 

two days following the tweets. Thus, we find support for our hypothesis H2b stating that President Trump’s subsequent tweets with negative opinions 

have a negative effect. Daily closing prices extracted from Bloomberg (2019).   
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Table 19. The effect of President Trump’s subsequent tweets with a negative opinion in period 2 (-1 ; 4)  

Time t -1 0 1 2 3 4 
Period     (1,1) (1,2) (1,3) (1,4) 

O
LS

 CAAR     -0.0068 -0.0091 -0.0095 -0.0016 
TS     -1.9111 -1.8026 -1.5352 -0.2265 
P-value     0.0279** 0.0357** 0.0623* 0.4104 

CA
PM

 CAAR     -0.0067 -0.0094 -0.0104 -0.0029 
TS     -1.8875 -1.8661 -1.6902 -0.4014 
P-value     0.0295** 0.0310** 0.0454** 0.3441 

F-
F 

CAAR     -0.0076 -0.0116 -0.0076 0.0006 
TS     -1.6833 -1.8309 -0.9789 0.0647 
P-value     0.0461** 0.0335** 0.1638 0.5258 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 4 days period ranging from the day following the tweets until four days after the tweets (t=1 to t=4), CAARs are significantly negative one 

and two days following the tweets. Thus, we do find support for delayed negative effects to Trump’s subsequent negative tweets. Daily closing prices 

extracted from Bloomberg (2019).  

 

Table 20. The effect of President Trump’s subsequent tweets with a negative opinion in period 3 (-1 ; 4) 

Time t -1 0 1 2 3 4 
Period (-1,-1) (-1,0) (-1,1) (-1,2) (-1,3) (-1,4) 

O
LS

 CAAR 0.0009 -0.0007 -0.0075 -0.0098 -0.0102 -0.0023 
TS 0.2584 -0.1342 -1.2130 -1.3695 -1.2740 -0.2624 
P-value 0.6019 0.4466 0.1126 0.0854* 0.1013 0.3965 

CA
PM

 CAAR 0.0007 -0.0005 -0.0073 -0.0099 -0.0110 -0.0034 
TS 0.1828 -0.1031 -1.1739 -1.3925 -1.3745 -0.3872 
P-value 0.5725 0.4589 0.1202 0.0818* 0.0846* 0.3493 

F-
F 

CAAR 0.0028 -0.0005 -0.0081 -0.0122 -0.0081 0.0001 
TS 0.6172 -0.0809 -1.0379 -1.3518 -0.8094 0.0061 
P-value 0.7314 0.4678 0.1497 0.0882* 0.2091 0.5024 

*p<0.1; **p<0.05; ***p<0.01 
Note. In the 6 days period ranging from the day prior to the tweets until four days after the tweets (t=-1 to t=4), CAARs are significantly negative two 

days following the tweets. Thus, we do not find support for any negative effects prior to Trump’s negative subsequent tweets. Daily closing prices 

extracted from Bloomberg (2019).  
 

6.3 Findings from a theoretical perspective 

Consistent with the descriptive scope of this paper (see section 1.3 Scope and Delimitations) and our scientific 

point of view (see section 4.1 Theory of Science), our primary purpose is to conduct research on how the 

opinions on targeted companies in President Trump’s tweets affect the stock prices of these companies. The 

previous six sections elaborate on each of our six hypotheses and present the findings of our event study 

analysis. These serve as the point of departure for the following section. In short, the sections conclude that 

Trump’s positive company-specific tweets, on average, have a positive effect on the stock prices of the targeted 

companies on the day the tweet is posted. The positive effect is driven by Trump’s positive tweets in which 

his opinions on the targeted companies are new (i.e., not included in a previous tweet). On the other hand, 

negative company-specific tweets, on average, have a delayed negative effect on the stock prices of the 

companies, regardless of whether or not the tweets are containing a new opinion on a company or not.  
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This section analyzes and discusses our findings further in relation to the theory presented in our theoretical 

foundation and literature review, and thus, the section will have an explanative perspective. As previously 

established, it is without the scope of this paper to fully explain and test why the stock market reacts as it does 

to Trump’s company-specific tweets. Thus, the purpose of this section is not to verify or falsify theories but 

rather to analyze what our findings might suggest from the perspective of existing literature. Consequently, 

this section is based on qualitative arguments rather than quantitative tests. The section consists of four parts. 

The three first parts elaborate on our main findings from the previous six sections, whereas the last two parts 

compare our findings to existing microblogging literature: 

 

● Positive tweets have an immediate positive effect 

● Negative tweets have a delayed negative effect 

● Both first-time and subsequent negative tweets have a negative effect 

● Trump’s tweets in a microblogging context 

● Contribution to the microblogging literature  

 

Throughout the subsections, we illustrate our findings in graphs which are conducted based on the tables 

presented in the previous six sections. The purpose of doing so is to provide a more intuitive presentation of 

our findings. Each figure will illustrate three graphs—one for each of the three benchmark models—since this, 

to the best of our beliefs, makes the interpretation of our findings easier to understand. We refer to the previous 

six subsections and Table 3 to 20 for a more nuanced presentation of our descriptive findings.  

 

6.3.1 Positive tweets have an Immediate Positive Effect 

When the two groups of first-time tweets and subsequent tweets are aggregated, the positive tweets do, on 

average, affect the targeted companies positively (see Figure 18). Interestingly, our findings underline that 

Trump’s tweets with a positive opinion on targeted companies, on average, are only affecting the stock prices 

of the target companies significantly positive if the tweets contain new opinions, i.e., the opinions that are not 

posted by Trump on his Twitter account before. As such, subsequent tweets with the same opinions on the 

same subject on the same companies are, on average, not significant.  
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90% confidence 95% confidence 99% confidence CAAR POSITIVE
 

 
Figure 18. The effect of all President Trump’s tweets with a positive opinion in period 1 (0 ; 4). Our findings indicate that the overall effect of 

President Trump’s tweets including positive opinions on the targeted companies have a significantly positive effect on the target companies’ stock price 

on the day of the tweet (t=0). However, on the following day, the CAARs rebound and hence indicate that the initial market reaction is an overreaction.  

 

Based on the significance of first-time positive tweets and lack of significance of subsequent positive tweets, 

one can argue that the market only reacts to Trump’s positive company-specific opinions which are new while 

investors not react to positive company-specific opinions which are already known in the market. From the 

point of view of efficient market theory, this reaction is expected since dissemination of existing information 

should not affect asset prices (Fama, 1970). From this perspective, subsequent positive tweets targeting 

companies do not indicate a decreased uncertainty about the content in the first tweet, as one might expect (see 

section 4.1 Sub-Hypotheses). Hence, our findings support that investors do not, on average, believe that more 

tweets with the same positive opinion on the same companies have any informational value that would make 

stock prices appreciate.  

 

Overall, as illustrated in Figure 18 above, Trump’s positive company-specific tweets yield positive abnormal 

returns on the day of the tweet. The timing of the effect is consistent with the semi-strong form of market 

efficiency (Fama, 1970). Hence, it is clear that the positive effect occurs of the day of the “announcement” of 

the opinion, consistent with the EMH (Fama, 1970; Fama et al., 1969). However, the CAARs decreases the 

day after the positive tweets indicating that the market initially overreacts to the tweets after which the prices 

rebound and yield actual returns which are not significantly different from the expected returns predicted by 

the three benchmark models. This pattern is inconsistent with the ‘price is right’ principle of the efficient 

market hypothesis according to which a piece of relevant news should have a long-term and lasting effect 

(Fama, 1970; Thaler, 2015).  

 

From the perspective of Keynes (2018), such day-to-day fluctuations attributable to positive Trump-tweets 

might be caused by human psychology and animal spirits. As established in the theoretical foundation, Keynes 
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90% confidence 95% confidence 99% confidence CAAR NEGATIVE

(2018) argues that “[…] a large proportion of our positive activities depend on spontaneous optimism rather 

than on a mathematical expectation” (Keynes, 2018, p. 141), which the overreaction to Trump’s first-time 

tweets, at least to some degree, confirms. As with Keynes’ (2018) example with the ice companies which share 

prices’ increase during the summer and decrease during the winter, it is a sign of market inefficiency if the 

share prices of the targeted companies in Trump’s tweets increase significantly on the day of Trump’s positive 

tweets, after which the prices decrease again. In line with Keynes (2018), Thaler (2015) argues that market 

overreactions are often caused by day-to-day information which is, in fact, insignificant and ephemeral. In a 

study together with his colleague, Thaler finds that “[…] most people "overreact" to unexpected and dramatic 

news events” (De Bondt & Thaler, 1985, p. 804), implying that unanticipated news, in particular, can cause 

over- or underpriced stock prices. From this perspective, this might explain why Trump’s positive tweets make 

markets overreact; the market sees the tweets as unexpected and maybe even dramatic news. 

  

6.3.2 Negative tweets have a Delayed Negative Effect 

As opposed to Trump’s positive company-specific tweets, both groups of negative company-specific tweets, 

respectively, yield a delayed negative effect on the stock prices of the targeted companies, on average. 

Consequently, when all negative company-specific tweets are analyzed together, they do, also on average, 

affect the stock prices of the companies negatively. This pattern is illustrated in Figure 19 below. 

  
Figure 19. The effect of all President Trump’s tweets with a negative opinion in period 1 (0 ; 4). Our findings indicate that the overall effect from 

President Trump’s tweets including negative opinions on the targeted companies have a significantly negative delayed effect on the target companies’ 

stock price three days from the tweet (t=3). 
 

In Figure 19 above, it is evident that the negative effect of negative company-specific tweets is delayed. While 

the findings from the three benchmark models disagree about the significance of the negative effect two (t=2) 

days after the tweet is posted, all models agree that the CAAR is significantly lower than zero three days after 

the negative company-specific tweets (t=3). This should, according to efficient market literature, not be 
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possible as all information should be incorporated in the price of an asset at all times (Fama, 1965, 1970; Fama 

et al., 1969; Jensen, 1969). Based on our theoretical foundation and literature review, this delay can be caused 

by two highly related reasons (or a combination of the two): (1) a delay in the salience of the news or (2) the 

presence of momentum traders consistent with the Gradual-Information-Diffusion model. 

 

Firstly, the delayed reaction can, according to information salience theory, be a result of the salience of 

Trump’s tweets (Huberman & Regev, 2001; Palomino et al., 2009). As established in the literature review, 

studies show that Trump’s tweets reach more than 76% of the American population (Newport, 2018). Knowing 

this, one might argue that the tweets are sufficiently salient to make markets react immediately. However, 69% 

of the population hear about the tweets from a secondary source indicating that the majority does not read the 

original tweet at the time it is posted (Newport, 2018). This suggests that Trump’s tweets share characteristics 

with traditional press releases; only a few people access them directly at the time of the release while most 

people hear about them in tv or read about them in newspapers.   

 

As with the example of the pharmaceuticals company EntreMed presented in the theoretical foundation, the 

media have a crucial role in making information salient. Press releases, like EntreMed’s press release regarding 

the company’s progress regarding the cancer-curing drug, are often overlooked by the market if the media 

does not report on them (Huberman & Regev, 2001). From this point of view, the salience of the tweet depends 

on when the traditional media choose to report on the tweet and how salient the media choose the tweet to be. 

Hence, as opposed to for instance press releases regarding stock split announcements or earnings 

announcements, which according to Fama (1970) and Fama et al. (1969) causes an immediate market reaction, 

investors might not follow Trump’s negative tweets directly on a real-time basis which could cause the delay 

in the market reaction. From this point of view, investors react to tweets as a result of their salience, and 

thereby their ‘hype’. Hence, one can argue that Trump’s tweets are not entirely unfiltered in terms of the 

public’s access to them; neither are they able to bypass the traditional media completely. This raises a paradox: 

Even though Trump’s purpose with using Twitter is to bypass what he calls the fake media, the salience of his 

tweets, to a large degree, rely on the traditional media. 

 

Secondly, the delay can be a result of the two types of investors presented by Hong & Stein (1999): News 

watchers and momentum traders. To recall, news watchers only react to what they deem to be ‘actual’ 

information about companies, while momentum traders only react to past prices. As such, one would, from the 

perspective of Hong & Stein (1999), expect that only news watchers traded directly on the opinions of the 

President. Hence, after the news watchers see the tweet and react upon it, the momentum traders react based 

on the news watchers’ reaction which, consistent with our findings regarding Trump’s negative tweets, causes 

an initial underreaction and an inversely hump-shaped curve of CAARs (Hong & Stein, 1999). This suggests 
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that the effect of the negative tweets could be caused by investors who are not observing the content of Trump’s 

company-specific tweets but rather observing small decreases in the stock prices of the targeted companies.  

 

Interestingly, the asymmetric market reaction pattern between the positive and negative tweets can also be 

analyzed using gradual information diffusion theory. Our findings regarding delayed effects of negative 

announcements are consistent with the conclusions of Hong et al. (Hong et al., 2000) who find that “[…] to 

the extent that stock prices do underreact, they are more prone to underreact to bad news than to good news” 

(Hong et al. 2000, p. 277). As such, our findings regarding immediate reaction to positive tweets and delayed 

reaction to negative tweets are consistent with gradual information diffusion theory.   

 

6.3.3 Both First-time and Subsequent Negative tweets have a Negative Effect 

Interestingly, and as opposed to Trump’s positive tweets, both first-time and subsequent negative tweets have 

a negative effect on the stock prices of the targeted companies. This suggests that not only newly posted 

negative opinions by Trump have a negative effect on the targeted companies, but also tweets which repeat 

old (i.e., earlier tweeted) opinions on the companies affect the stock prices of the companies negatively. The 

possible interpretation of these findings depends on whether one sees investors from the perspective of efficient 

market economists or behavioral economists. Recall Thaler (2015) and Kahneman’s (2011) terminology of 

Econs and Humans, which describe how efficient market economists and behavioral economist view investors, 

respectively (see section 2.2. Human Behavior, Emotions, and Animal Spirits).  

 

On the one hand, if one looks at investors as Econs, who are able to price securities correctly according to all 

available information (Fama, 1970), the market analyze Trump’s tweets rationally which makes them able to 

distinguish between Trump’s tweets which contain new opinions on the targeted companies and tweets which 

disseminates the same opinions on the targeted companies. From this point of view, the significance of first-

time tweets is expected since the information about Trump’s opinion is new. Likewise, if one sees investors 

as Econs, the significance of subsequent tweets is a reflection of the signal they provide to the market. Even 

though the content of a subsequent tweet is the exact same as a previous tweet, these tweets serve as 

information in the market since they confirm that the President takes the topic more serious. From this 

perspective, subsequent negative tweets decrease the uncertainty of the content of the tweet (i.e., Trump’s 

opinion) why the stock market reacts accordingly. However, from a critical point of view, if investors were, in 

fact, behaving as Econs, the timing of the market reaction to Trump’s negative tweets would not be delayed.  

 

If one, on the other hand, sees investors as Humans, who are subjects to emotional and cognitive biases 

(Kahneman, 2011; Thaler, 2015), the market reaction to subsequent negative tweets might indicate irrational 

investment behavior. Due to our methodology approach according to which we have removed tweets which 
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have overlapping event windows, there is at least seven days between a first-time tweet (in which the President 

provides his followers with a new opinion on a targeted company) and a subsequent tweet (in which the 

President repeats the same opinion on the company). As such, when Trump repeats the same opinion on the 

same company, investors are, on a more frequent basis, exposed to negative stories about the company. 

Consequently, they might unconsciously think negatively about the company when they make investment 

decisions and thus, be subjects to availability bias (Kahneman, 2011). From this point of view, a tweet which 

is, in fact, a non-event might make investors react. 

 

To summarize, the reasons of why the market reacts to Trump’s opinions stated in his tweets depend on which 

lenses one sees the reaction through. While some of the reaction can be explained by efficient market theory, 

some of the observed patterns in the market reactions directly contradicts efficient market theory. For instance, 

market overreactions to positive tweets and delayed reactions to negative tweets are out of sync with the central 

assumption behind efficient markets; ‘the price is always right’. These indications of market inefficiencies can 

be analyzed using behavioral financial theory. The market overreaction to positive tweets might be caused by 

excessive optimism among investors on the day of the tweet. Likewise, the delayed reaction of negative tweets 

can be explained by a delayed silence of the information in the tweet as well as investors who tweet on the 

momentum of the stock market rather than actual news about it. Before moving on to a discussion of our 

findings, we find it relevant to put the findings of our analysis into the context of the microblogging literature 

presented in our literature review. 

 

6.3.4 Trump’s tweets in a Microblogging Context 

In this part of our analysis, we examine how our findings contribute to the financial literature regarding 

microblogging. As established in the literature review (see section 3 Literature Review), much literature 

confirms that microblogging content is able to predict market returns (Bartov et al., 2018; Bollen et al., 2011; 

Oh & Sheng, 2011; Ranco et al., 2015; Sprenger et al., 2014; Sul et al., 2017). However, the existing literature 

examines aggregated microblogging content rather than the effect of an individual, such as President Trump. 

The purpose of this section is, therefore, to relate our study of an individual’s effect on the stock market to the 

literature regarding microblogging content’s ability to predict stock prices in a broader sense. Lastly, we 

compare our findings to other research on Trump’s tweets and their effect on targeted companies. 

 

As a point of departure in our literature review, we used Bartov et al.’s (2018) findings stating that “Twitter 

plays a dual role in the capital market: it serves as a source of new information as well as a vehicle for the 

dissemination of existing information” (p. 36). Having conducted our analysis of Trump’s opinions on targeted 

companies in his tweets, Trump’s tweets are no exception. As established in the methodology section, 48 of 

Trump’s 281 tweets targeting companies are omitted due to overlap with announcements published elsewhere. 
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This suggests that at least 17% of Trump’s tweets are reactions to news. Further, 27% (76 of 281) of the tweets 

which are not overlapping with other announcements are subsequent tweets which disseminate opinions which 

are already posted on Trump’s Twitter account earlier (see Appendix F). When combining these groups, this 

suggests that at least 44% of Trump’s tweets targeting publicly traded companies are either containing opinions 

regarding existing pieces of news or opinions which are already known by the market.  

 

Even though we apply a different and, to the best of our beliefs, more nuanced distinction between new and 

existing information in microblogging content, our findings are somewhat similar to Bartov et al.’s (2018). 

Bartov et al. (2018) find that all negative company-specific tweets, regardless of whether they are containing 

new or existing information, can predict abnormal stock returns of the companies. Our findings are consistent 

with Bartov et al.’s (2018) regarding Trump’s negative opinions on targeted companies. However, as opposed 

to our findings regarding Trump’s positive company-specific tweets, Bartov et al. (2018) also find that both 

groups of positive company-specific tweets can predict abnormal stock returns of the targeted companies. 

 

Likewise, both Oh & Sheng (2011) and Sul et al. (2017) observe that tweet sentiment can predict future stock 

returns and hence, the market reactions of the targeted companies’ stock prices are, according to the authors, 

sometimes delayed relative to the tweets. Our findings are aligned with these findings regarding Trump’s 

tweets which have a negative opinion on targeted companies. According to Sul et al. (2017), the asymmetric 

investment behavior could be expected since investors, in line with Keynes’ (2018) observations, tend to react 

more rapidly to positive sentiment than to negative sentiment: “Positive sentiment is more likely to induce 

individuals to make a decision than negative sentiment, which tends to slow the decision process” (Sul et al., 

2017, p. 460). This pattern is also observed by Ranco et al. (2015) who find that negative sentiment in 

company-specific tweets affects abnormal returns negatively for twice as long as positive sentiment in 

company-specific tweets (eight days and four days, respectively). Our findings suggest that such asymmetry 

in reactions to positive and negative sentiment also exists for President Trump’s tweets as an individual. 

Somewhat surprisingly, the delay is present even though Trump’s Twitter account is one of the most followed 

on Twitter (Boyd, 2019).  

 

6.3.5 Contribution to the Microblogging Literature 

Lastly, it is relevant to compare our findings to the existing literature regarding Trump’s tweets and their effect 

on targeted companies stock prices. To recall, our study uses a different period than other scholars’. For 

instance, Juma’h & Alnsour (2018) analyze Trump’s tweets from the beginning of 2016 (before the election), 

while Born et al. (2017) examine the effect of Trump’s tweets in his period as president-elect. While Juma’h 

& Alnsour (2018) find that Trump’s tweets do not affect the stock market, Born et al. (2017) find that both 

Trump’s positive and negative company-specific tweets affect the abnormal stock return of the targeted 
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companies in the anticipated direction (positive and negative, respectively). Somewhat not surprisingly, our 

findings are mostly aligned with the once presented by Born et al. (2017), presumably because our study also 

includes Trump’s period as president-elect.  

 

Interestingly, Born et al. (2017) also find asymmetry between reactions to positive and negative company-

specific tweet. Consistent with our findings, the authors find that positive tweets, on average, yield positive 

and significant abnormal returns on the day of the tweets. Likewise, they find that negative tweets, on average, 

result in a delayed negative effect on abnormal returns which is only significant on the day after the tweets 

(Born et al., 2017). Hence, even though our findings suggest a greater delay than the once of Born et al. (2017), 

our main conclusions are somewhat aligned.   

 

To sum up, our findings of how the opinion on targeted companies in Trump’s company-specific tweets affect 

the stock price of the targeted companies share many characteristics with the findings in the microblogging 

literature in a broader sense. While most existing literature examines the aggregated sentiment in company-

specific tweets, this paper examines Trump’s opinion on companies in his company-specific tweets as an 

individual. Interestingly, the market reactions to the aggregated company-specific tweets of all users on Twitter 

and our study of an individual’s company-specific tweets follow some of the same patterns. While some 

literature states that both tweets which contain new and old information can predict stock returns (Bartov et 

al., 2018), the findings of our analysis suggest that both Trump-tweets that contains new and old opinions 

affect the stock market when the tweets have a negative sentiment. Likewise, existing microblogging literature 

finds that the market reactions to positive and negative sentiment, respectively, are not always symmetric 

(Ranco et al., 2015; Sul et al., 2017). Consistent with these scholars, we, too, find that negative sentiment 

diffuses slower than positive. These findings are also aligned with previous research regarding Trump’s tweets 

in his time as president-elect (Born et al., 2017). From this point of view, our study contributes to the academic 

field of micro-blogging and stock returns by underlining that company-specific tweets posted by the President 

of the US make markets react in, more or less, the same way as tweets posted by all Twitter-users as a whole. 
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7 Discussion 

In this section, we discuss our findings. The section is divided into two parts. In the first part, we will discuss 

how our findings contribute to the pending debate regarding Trump’s usage of Twitter. We will discuss the 

implications of Trump’s tweets targeting publicly traded companies from the point of view of investors as well 

as international businesses practices. In the second part, we will discuss the methodological limitations and the 

associated implications with our analytical approach. We will elaborate on our analytical choices and discuss 

their possible consequences related to the results raised by our research. 

 

7.1 Implications of Trump’s Company-Specific Tweets 

In our analysis, we find that Trump’s opinions on targeted companies in his tweets, on average, affect the stock 

returns of the targeted companies. In this section, we discuss the possible implications which this might cause. 

Consistent with our motivation (see section 1.2 Motivation and Relevance), this part will discuss the 

implications from the point of view of financial markets, businesses, and the public, respectively.  

 

7.1.1 Trump as a Stock Market Trendsetter 

In this part, we will discuss the possible implications that our findings bring forth in regard to the stock market 

and investors. The American president is often referred to as the ‘leader of the free world’ (Avlon, 2018). As 

a consequence, the whole world listens when the man behind the desk in the Oval Office talks. In many 

instances, the American presidents serve as ‘the person’ whom people listen and look up to (Avlon, 2018). 

According to our findings, President Trump is no exception when it comes to investors’ behavior in the stock 

market. We find that investors care about Trump’s opinions on targeted companies in his tweets. This 

introduces an interesting question: Is President Trump a trendsetter in the stock market? 

 

As established in our analysis, the market reactions on Trump’s tweet can be viewed from two perspectives: 

the efficient market perspective and the behavioral finance perspective. If one sees the reaction from the point 

of view of efficient market theory, the reaction on the day of the tweets reflects that investors believe that 

Trump’s tweets have a direct effect on the fundamentals of the companies (Fama, 1970; Fama et al., 1969). 

As such, Trump’s opinions directly affect the companies’ expected free cash flows. Hence, if this is the case, 

the market reactions are not caused by ‘trends’ but rather actual changes in company fundamentals. However, 

while the market seems to overreact to Trump’s positive tweets, the market reaction is delayed for negative 

tweets. Even though we do not test for market efficiency, both observations contradict efficient market theory’s 

‘price is right’ principle.  
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If one, on the other hand, sees the market reaction from the point of view of theory regarding irrational 

investment behavior, the reaction is rather a reflection of investors’ emotional and cognitive biases (Kahneman, 

2011; Keynes, 2018; Thaler, 2015). From this perspective, Trump’s opinions can, for instance, make investors 

subjects to animal spirits, information salience, availability bias. To facilitate this discussion about investment 

behavior, we find it relevant to use Keynes’ (2018) analogy of the 1930s beauty contest. To recall, all 

participants evaluate the faces of different models and choose the one which he or she finds prettiest. The 

winner of the contest is the participant whose preference is mostly aligned with the preferences of the other 

participants. While the naive participant might pick the face which he or she finds prettiest, the sophisticated 

participant would think about the other participants’ preferences. Likewise, the even more sophisticated 

participants would comprehend the less sophisticated participants’ way of thinking and thus, take into 

consideration what the other participants might think of the other participants’ preferences. As established in 

the theoretical foundation, Keynes (2018) argue that investors pick stocks similar to participants in beauty 

contests: Rather than picking stocks based their own valuations, investors care more about what other investors 

think the stocks are worth. 

 

One can argue that Trump—by virtue of his position as the president of the US—has an extraordinary position 

enabling him to set the trends in the stock market. From this point of view, Trump is indeed a stock market 

trendsetter. With Twitter as his ‘fashion blog’, his opinions reach most investors in the world. Thus, as with 

the beauty contest, investors need to think about what other investors think about the potential impact of 

Trump’s tweets targeting publicly traded companies. From this point of view, even though an investor 

(hypothetically) knows that a negative tweet has no impact on the value of a company, he or she still needs to 

take into consideration that other investors might think otherwise. This creates uncertainty in the market since 

investors do not know what other investors think about the potential effect of Trump’s tweets. According to 

the head of asset allocation at UBS Asset Management, Erin Browne, the uncertainty about Trump’s company-

specific tweets is indeed affecting the market as investors do not know enough about the consequences of these 

tweets. "The level of uncertainty about the outcome here and what Trump is trying to achieve is what concerns 

investors" (Schouten, 2018), Browne underlines.  

 

As such, this dilemma brings forth a social aspect of investment behavior. Thaler (2015) argues that most 

investors tend to follow other investors rather than basing their investment decisions on valuations of 

companies’ fundamentals. As a consequence, “[…] social phenomena might influence stock prices just as 

much as they do fashion trends” (Thaler, 2015, p. 233). Likewise, Keynes (2018) underlines that for social 

reasons “[…] it is better for reputation to fail conventionally than to succeed unconventionally” (Keynes, 2018, 

p. 138) reinforcing investors’ willingness to follow the crowd.  
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From a critical point of view, one can question whether we, by using an event window that includes four 

trading days after the tweets, can conclude anything about Trump’s ability to set the trend in the stock market. 

We find that Trump’s negative tweets have a significantly negative effect on the stock prices of the targeted 

companies and this effect is, overall, still significantly negative four trading days after the tweets are posted. 

However, based on our findings, we cannot know whether the effect is lasting following the fourth day (i.e., 

the fifth, sixth, and seventh day after the tweets are posted). Based on this, one can argue that we are unable to 

say anything about whether Trump is ‘setting trends’ when we examine the effects on a short-term basis. 

 

However, our findings suggest that Trump, by repeating the same negative opinions on the same companies 

again and again, has the ability to make the stock prices of the same companies decrease again and again. 

Thus, based on our results, it is not unreasonable to infer that Trump has the power to make stock prices remain 

low in the longer run. With approximately 20 trading days per month, about a handful of negative tweets 

should be sufficient to yield negative cumulative abnormal returns for a month. Thus, even though a single 

negative tweet might not have significantly negative effects for more than a week, our findings suggest that 

many negative tweets can indeed have an effect in the longer run. As such, our findings regarding Trump’s 

tweets share characteristics with Black’s (1986) findings regarding the characteristics of noise in the market: 

“[…] a large number of small events is often a causal factor much more powerful than a small number of large 

events can be” (Black, 1986, p. 529). From this point of view, Trump can make stock prices stay down for as 

long as he wants to. Consequently, one can argue that Trump is a stock market trendsetter on his own 

conditions.  

 

Based on this discussion, Trump can make stocks prices decrease, both in the short and in the longer run. 

Knowing that the position as the president of the US comes with substantial attention, one can thus argue that 

Trump is able to set the norms of the ‘conventional’ and ‘unconventional’ which might explain why the stock 

market reacts when he targets companies in his tweets. Additionally, apart from being the ‘leader of the free 

world’, Trump is the president of the single largest economy in the world (Risager, 2016). From this point of 

view, Trump is not only a trendsetter on Wall Street but in international markets in a broader sense. As such, 

when Trump is posting his opinions on Twitter, investors from the whole world are all ears. Or as international 

financial markets literature rather humorously states: “When the U.S. sneezes, the rest of the world catches the 

cold” (Risager, 2016, p. 45). Hence, similar to fashion trends which often start in one part of the world after 

which they come off to the rest of the world, Trump is arguably an international stock market trendsetter.  
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7.1.2 Implications for Business Practices 

Based on the findings of our research, one can question why Trump targets companies in his tweets and how 

this affects the practices of the businesses of the companies. In order to discuss this, we first need to discuss 

what Trump’s rationale for targeting companies on Twitter is. First of all, one can argue that Trump’s purpose 

of targeting companies is to provide understandable examples of his politics and its consequences. From this 

point of view, his target audience is the American voters, and the specified companies are narratives and 

rhetorical tools used to emphasize his political achievements. For instance, in the tweet in Figure 20 below, 

one can argue that Trump uses the automobile manufacturer Chrysler’s change of sourcing strategy as a 

narrative example of his success of ‘making America great again’. 

 
Figure 20. Example of how President Trump uses companies as narratives and rhetorical tools in his tweets. One can argue that Trump’s purpose 

of targeting companies is to provide understandable examples of his politics and its consequences. From this point of view, his target audience is the 

American voters, and the specified companies are narratives and rhetorical tools to emphasize his political achievements. Appendix F, Tweet no. 87. 

Source: Twitter (2019b).  
 

According to Kahneman (2011) narratives are easy for people to understand and remember. Due to the 

narrative fallacy, people shape their perception of the world based on simple examples rather than the nuanced 

reality: 

 

“The explanatory stories that people find compelling are simple; are concrete rather than abstract; 

assign a larger role to talent, stupidity, and intentions than to luck; and focus on a few sticking events 

that happened rather than on the countless events that failed to happen. Any recent salient event is a 

candidate to become the kernel of a causal narrative” (Kahneman, 2011, p. 199). 

 

Based on this and the example illustrated in Figure 20 above, one can argue that Trump—by targeting concrete 

companies, assigning the outcome to his talent, and by focusing on events that happened—is actually able to 

use the company-specific tweets to make causal narratives between his politics and the benefits of the nation. 

Hence, the company-specific tweets might be a strategic tool which the President uses to emphasize his 

political achievements. Our analysis shows that 79% (38 out of 48) of the tweets omitted due to overlapping 

During the campaign I promised to MAKE 
AMERICA GREAT AGAIN by bringing 
businesses and jobs back to our country. I 
am very proud to see companies like 
Chrysler moving operations from Mexico to 
Michigan where there are so many great 
American workers! https://t.co/hz2qUTfnF 

6:12 AM – Feb 16, 2017 
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company announcements are upward biased events (see section 5.5.3 Adjusting for Contaminating Company 

Announcements). This indicates that Trump’s tweets, to a large degree, include positive opinions on companies 

which publish positive company announcements. This proportion of tweets could indicate that Trump utilizes 

positive company announcements as positives narratives in favor of his political agenda (see Appendix F). 

 

Likewise, and highly related to the former, one can argue that the President uses the company-specific tweets 

to bring pressure to bear on the targeted companies and their business practices. From this point of view, 

Trump uses company-specific tweets to induce specific actions. The tweet in Figure 21 below exemplifies 

such a tweet. In this tweet targeting the Japanese automobile manufacturer Toyota Motor Corporation, it is 

clear that Trump urges Toyota to build its new plant in the US rather than in Mexico. 

 
Figure 21. Example of how President Trump uses company-specific tweets to induce specific actions. One can argue that Trump uses company-

specific tweets to bring pressure to bear on the targeted companies and their business practices. Appendix F, Tweet no. 259. Source: Twitter (2019b).  

 

The phenomenon of presidents targeting specific companies is not particularly novel. Previous American 

presidents have targeted companies and encouraged them to apply certain strategies. In 1962, for instance, 

President Kennedy targeted the steel producer U.S. Steel in a radio broadcast after the company announced 

that they would increase steel prices (Born et al., 2017). Using what has been characterized as a ‘salty’ 

language, Kennedy strongly advised U.S. Steel to pull back the price increase which they eventually did the 

day following the broadcast (Born et al., 2017). Similarly, President Truman targeted various railroad 

companies during the national railroad strike in 1950 and encouraged them to negotiate an agreement with the 

unions. Truman’s attempt was, however, unsuccessful and Truman, eventually, ordered the US Army to seize 

control of the railroads (Glass, 2016). Likewise, in an interview in 2015, President Obama criticized the 

healthcare politics of the office supplier Staples, but the company did not change its practices (Schouten, 2018). 

Even though these examples illustrate that previous presidents have engaged in specific companies’ business 

practices, they are exceptions rather than rules (Schouten, 2018). In the ‘Trump era’, one can argue that this is 

no longer the case since Trump frequently targets specific companies’ business practices (see Appendix F). 

 

This put forward a new issue for businesses. According to Brown, the head of asset allocation at UBS Asset 

Management, companies are not used to handle outright and spontaneous messages from the leaders of the 

government: “Companies expect government officials who have an issue with their corporate practices to 

Toyota Motor said will build a new plant in 
Baja Mexico to build Corolla cars for U.S. 
NO WAY! Build plant in U.S. or pay big 
border tax. 
1:14 PM – Jan 6, 2017 
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pursue action through more formal channels, such as an investigation by the Federal Trade Commission, rather 

than off-the-cuff tweets” (Schouten, 2018). Based on this new situation, one can argue that company executives 

need to take Trump’s tweets into account when making decisions. However, Brown argues that companies 

have very little knowledge about which consequences they should expect from tweets that address them 

explicitly (Schouten, 2018).  

 

Based on our findings, companies should indeed take Trump’s tweets into account when making strategic and 

financial decisions since these decisions could trigger tweets from the President and hence affect their stock 

prices. Especially Trump’s negative tweets could impact businesses since we find that these have a 

significantly negative effect that lasts for several days. Even though most companies would presumably ignore 

risks which had such short-termed effect, Trump has the power to express the same opinions on the same 

companies on a frequent basis which, according to our findings, would make the effect of his tweets last longer. 

From this point of view, executives should not necessarily worry about a single negative tweet targeting their 

companies. Rather, they should worry about a cascade of negative tweets since this can make the price of their 

stocks stay down in the longer run.  

 

The implications of Trump’s tweets are especially relevant for multinational companies. Multinational 

companies are, first of all, the once which Trump targets the most (see Appendix F). Secondly, as with the 

above examples regarding Chrysler and Toyota, creating new jobs in the US is on the top of Trump’s political 

agenda (Burns, Appelbaum, & Irwin, 2016). This implies that Trump wishes companies to produce in the US 

if they wish to sell in the US (Burns et al., 2016). As such, Trump is very critical about the business practices 

of multinational companies which, by definition, have global value chains and thus operate across borders. 

Thirdly, the US is the world’s largest consumer market and thus, strategically important for many multinational 

companies (Risager, 2016).  

 

Consequently, this discussion put forward a line of interesting questions which multinational companies should 

ask themselves: Should companies react to Trump’s tweets? Should companies seek to avoid ending up at 

Trump’s twitter account? How should companies mitigate the risk associated with being targeted in Trump’s 

tweets? Although it is out of the scope of this paper to provide meaningful answers to these questions, our 

findings are useful for companies as they show investors care about Trump’s tweets. Since international 

business and finance literature stresses that companies’ concerns need to be aligned with investors’ concerns 

(Risager, 2016), it is unquestionable that companies face a risk which has previously been negligible: The risk 

of being targeted by the leader of the free world on Twitter.  
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7.1.3 Contribution to the Public Debate 

Trump’s usage of Twitter during his presidency is subject to a variety of discussions. In this section, we discuss 

how our findings feed into these debates.  

 

One of the ongoing debates is about Trump’s profound usage of Twitter—especially in regard to his high 

frequency of tweets at all hours. In a recent poll answered by American voters, 70% of the respondents said 

that the President tweets too much (Shepard, 2019). The respondents say that his extensive usage of Twitter is 

unpresidential and hurts his presidency (Shepard, 2019). On the other hand, others argue that Trump’s high-

frequency tweeting provides a unique degree of real-time transparency between the White House and the 

public (Azari, 2017). From this point of view, Trump’s usage of Twitter is deemed democratic and novel 

compared to previous president’s administrations (Azari, 2017). Trump himself agrees with this point of view 

and ward off the critique of his extensive usage of the social media platform (see Figure 22 below). 

 
Figure 22. President Trump’s response to the critique of his extensive usage of Twitter. Source: Twitter (2019b).  

 

Others have been discussing the content of the tweets and the potential consequences of this. An example of a 

tweet that has sparked the debate of possible consequences of the President’s tweets is illustrated in the tweet 

in Figure 23 below. After Trump posted the tweet, the Foreign Minister of North Korea accused Trump and 

the US of declaring war (Cohen, 2017). Even though the White House denied North Korea’s assertion, this 

example nonetheless confirms that Trump’s tweets can potentially have major consequences. 

 
Figure 23. President Trump’s tweet which offended the Foreign Minister of North Korea. Trump tweets can potentially have major consequences. 

After this Tweet, President Trump was accused of declaring North Korea war. Source: Twitter (Twitter, 2019b).  

 

This and other tweets are part of an ongoing debate regarding what an American president is entitled to post 

on social media. The debate does also involve whether it is acceptable that Trump targets companies in his 

For those few people knocking me for 
tweeting at three o’clock in the morning, at 
least you know I will be there, awake, to 
answer the call!  
11:37 PM – Jan 30, 2016 

Just heard Foreign Minister of North Korea 
speak at U.N. If he echoes thoughts of Little 
Rocket Man, they won't be around much 
longer! 
5:08 AM – Sep 24, 2017 
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tweets. For example, Neil Bradley, who is the executive vice president and chief policy officer of the US’ 

largest business group, U.S. Chamber of Commerce, underline that free the enterprise system is one of the 

cornerstones of the success of American businesses (Schouten, 2018). Because of this, Bradley states that “It’s 

inappropriate for government officials to use their position to attack an American company" (Schouten, 2018). 

Likewise, Scott Amey—the general counsel at the nonpartisan and non-profit organization Project On 

Government Oversight—argue that people should encourage Trump to stop targeting companies and focus on 

federal issues: "The president should get to work lifting up our country rather than picking playground-type 

fights with those he doesn’t agree with" (Schouten, 2018).  

 

On the other hand, lawyers underline that the president is legally entitled to post opinions on specific 

companies on Twitter (Schouten, 2018). Twitter’s CEO, Jack Dorsey, argue that Trump’s account creates a 

high degree of transparency which is vital for the democratic foundation of the US: “Elected world leaders 

play a critical role in [the] conversation because of their outsized impact on our society” (Twitter, 2018). Thus, 

this raises another line of questions: Is there any limits to what a sitting president can tweet? Will the legendary 

James S. Brady Press Briefing Room in the White House, tweet by tweet, be replaced by future president’s 

personal Twitter accounts? Is Trump’s usage of social media merely the beginning of a new era for democracy? 

Only time can tell the answers. 

 

In terms of this paper, one can argue that our findings are relevant in the context of this discussion. Knowing 

that Trump’s tweets can affect stock prices positively in a limited amount of time and negatively in several 

days in a row, one can argue that the President’s tweet can be opportunities and treads for the targeted 

companies (and vice versa for the competitors). Knowing this, one can, from the point of view of Brandy and 

Amey, question whether it is part of the presidential role to interfere with the ‘free market’ (Schouten, 2018). 

On the other hand, however, one can argue that the praise the President’s usage of Twitter since it, 

metaphorically speaking, opens the doors to the White House and thus makes the President’s thoughts 

transparent to the public (Azari, 2017). Ultimately, the judges of whether or not the high-frequency tweeting 

from the Oval Office continues are the American voters. As such, we refrain from taking a standpoint in this 

discussion but expect that democracy will balance the ‘interfering with the free market’ and the ‘political 

transparency’. 

 

7.2 Implications and Limitations of Methodological Approach 

The limitations of our analytical approach determine our research and thus our findings. In this section, we 

elaborate on the methodological implications and the associated limitations of these. The structure of this 

section mirrors the sequential structure of section 5 Methodology and Analytical Approach. First, we discuss 

the implications of our selection criteria for company-specific tweets. Then we examine the implications of 
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segmenting our tweets into binary groups of positive and negative opinions as well as segmenting them into 

first-time tweets and subsequent tweets, respectively. Subsequently, we discuss the implications of our 

adjustments and how it might affect our findings and ability to make valid conclusions. Finally, we discuss the 

implications of our analytical approach, both in terms of our calculations and in terms of our event study 

methodology in general.  

 

7.2.1 Implications of Selection Criteria 

The tweets which we select and include as events in our study serve as the foundation for our analysis and 

thereby our findings. Although we base our choice of company-specific events on multiple directly observable 

and objective criteria8, there might be other tweets which, indirectly, are company-related and thus affect the 

stock prices of these companies. These indirect non-company-specific tweets might affect our estimated 

abnormal returns on equal terms with the company-specific tweets we include in our study. For instance, if a 

tweet indirectly refers to a company (and not fulfill any of our selection criteria), they are not part of our 

analysis. This raises two implications. First of all, the possible reaction to such tweets is not captured in our 

findings. This may lead to biases in our results. Secondly, such tweet might contaminate our present findings 

since they might overlap with the event windows of the tweets which we do include in our analysis. This 

would, again, make our findings biased.  

 

Nonetheless, our selection criteria favor an objective selection of events since it allows consistency. We can 

reasonably assume that all tweets in which a specific company is mentioned have a causal connection to the 

company. Including indirect company-related tweets would be prone to subjective assessment as we could not 

determine whether these tweets would be linked to the company or not.  

 

7.2.2 Implications of Segmentation Approach  

In order to assess how President Trump’s tweets affect the stock price of the targeted companies, we segment 

the tweets according to their sentiment by distinguishing between positive and negative opinions in President 

Trump’s tweets. However, by treating opinions as a binary measurement, we do not allow for different degrees 

(strengths) of ‘opinions’ to exist. For example, we assume that it has the same hypothetical negative effect 

when Trump is targeting ‘the Failing New York Times’ for putting their story about the judge Brett 

Kavanaugh’s confirmation to the US supreme court on page A17 (see Appendix F, Tweet no. 248) as when 

Trump is tweeting his disappointment with the CEO of General Motors, Mary Barra, for closing down 

production facilities in Michigan (see Appendix F, Tweet no. 113). This inherent assumption does reflect that 

different degrees of positivity and negativity might have a greater or smaller effect on the stock price of the 

                                                   
8 In this paper, a tweet is company-specific if it includes (1) the name, alias or abbreviation of a company, (2) the name of the CEO of a company, or 
(3) a specific product which is owned by the company. 
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targeted companies. Nonetheless, if we included different degrees of positive and negative opinions, our 

analysis would be subject to subjectivity in terms of segmentation which would not comply with our goal of 

unbiased research. Likewise, the use of the binary measurement (i.e., positive and negative sentiment) is widely 

used in the microblogging literature (Bollen et al., 2011; Born et al., 2017; Juma’h & Alnsour, 2018; Oh & 

Sheng, 2011; Ranco et al., 2015; Sprenger et al., 2014; Sul et al., 2017). Consequently, our segmentation 

approach is, to the best of our beliefs, the most objective one and it ensures that our findings are comparable 

with previous microblogging literature.  

 

In addition, we further segment the tweets into groups of first-time and subsequent tweets, respectively. This 

segmentation might also affect our findings since it directly determines which observations we use to test our 

sub-hypotheses. While our choice of the sequence is based on a timeline analysis of all tweets targeting each 

specific company, the choice of the sequence is, to some extent, based on subjectivity. With a maximum of 

280 characters, Trump is posting his opinion on company-specific subjects in a short manner. On the one hand, 

the shortness limits Trump’s opportunity to express himself in detail and consequently, one can argue that it 

also limits our ability to decode whether a specific tweet is related to a new company-specific subject or if it 

is a tweet related to an earlier subject. From this point of view, one can argue that one should put most emphasis 

on our main-hypotheses (regarding the overall positive and negative effects) as they are not subjects to this 

segmentation limitation. 

 

On the other hand, microblogging literature underlines that character limit makes tweets succinct why they 

often provide a simple message which is easy for the recipients to interpret (Oh & Sheng, 2011). From this 

point of view, even though our segmentation is somewhat subjective, we should be able to determine which 

topic the tweets address. As such, we believe that our findings from our analysis of the sub-hypotheses have 

their own merits.  

 

7.2.3 Implications of Adjustments  

In this passage, we will outline some of the possible implications related to the adjustment of our sample. As 

established in section 5.5 Event Study Adjustments, we omit 196 observation from our calculations of CAARs, 

the majority of these due to overlapping event windows of the tweets. In this section, we will discuss the 

possible consequences of these adjustments. 

 

First and foremost, we omit tweets targeting the same company which have overlapping event windows. 

Hence, we remove tweets if their event windows coincide with event windows of other tweets. This implies 

that, if Trump tweets about a company on a very frequent basis (for instance two days in a row), they are not 

part of our event study analysis since they would bias our results. From a critical point of view, one can argue 
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that our analysis excludes an important group of tweets since the companies which Trump tweets about on a 

very frequent basis might be the once which Trump has the most definite opinions on. However, if this is the 

case, one can argue we, by excluding these events, study the ‘worst case scenario’. Assuming this is true, one 

can argue that our findings would be even more significant if we were able to include the tweets which are 

omitted due to high-frequency tweeting. Nevertheless, this adjustment is the only way to examine how the 

market reacts to Trump’s tweet-opinion on targeted companies. If we, hypothetically, had not omitted tweets 

targeting the same companies which, for example, were posted two days in a row, we would not be able to 

examine the timing and the ‘true’ degree of the effect, and thus the answer to our research question would be 

less valid.  

 

After our adjustments of tweets, we calculate and test CAARs based on 85 observations. Even though one can 

argue that more observations would enhance the explanatory power of our event study analysis, one of the 

advantages of the event study approach is it “[…] working with a limited number of observations” (Ricci, 

2015, p. 254). Many scholars make analyses based on a similar or substantially smaller amount of observations 

compared to this paper. For instance, an event study regarding central banks published in the Journal of 

Financial Stability uses 35 observations to measure the market effect of monetary policy interventions on 

interbank markets during the financial crises (Fiordelisi, Galloppo, & Ricci, 2014). Likewise, the existing 

literature regarding the topic of Trump’s tweets and their effect on targeted companies uses significantly fewer 

observations. While Juma’h & Alnsour (2018) base their event study on 58 observations, Born et al. (2017) 

only use 15 observations in their analysis. Furthermore, the statistical approach applied in our analysis accounts 

for the sample size since critical values increases as sample size decreases (Agresti & Franklin, 2013; Kliger 

& Gurevich, 2014). As such, we firmly believe that we are able to conduct scientific research based on the 

events after adjusting for contaminating events.  

 

7.2.4 Implications of Aggregation 

In this paper, our analytical approach enables us to assess the causal connections between Trump’s tweets and 

their effect on the targeted companies’ stocks, on average. By aggregating our calculations and finally perform 

test statistics we are able to infer how Trump’s tweets affect companies on an aggregated level. As stated in 

section 5.7 Event Study Calculations, we calculate CAARs by:  

 

1. aggregating estimated ARs (i.e., into 66!%P ) across our two samples of negative and positive events 

respectively 

2. calculating the uvvwxP  of a specific period starting at a specific day in the event window up to a 

subsequent day in the event window 

3. adjusting the estimated variance of 66!%P   
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4. calculating the conditional variance of X66!P Y,%  

5. calculating t-values to assess our hypotheses.  

 

However, according to Bernard (1987), aggregating across events “[…] can involve the loss of information” 

(Bernard, 1987, p. 6). By using our methodical approach, we are not able to assess the effect of individual 

events. Hence, we cannot statistically test the significance of individual events and hence, which tweets that 

potentially serve as the main drivers behind our findings. Even though this could be interesting, it is not 

possible as it would require all President Trump’s tweets to be independent (Kliger & Gurevich, 2014). This 

implies that all events in our final sample should be independent of both (1) all other tweets targeting the same 

company, (2) all other tweets overlapping with company announcements, and (3) all other tweets overlapping 

with other tweets targeting another company (Kliger & Gurevich, 2014). Since Trump’s tweets are posted on 

a very frequent basis (compared to for instance stock split or earnings announcements) and since the tweets 

often target several companies at once, this assumption would be violated (see further explanation in section 

5.7.2.4 Clustered Events).  

 

7.2.5 The Joint Hypothesis Problem 

In this paper, we aim to quantify the effects of President Trump’s tweets on the stock prices of the companies 

he targets. In order to do so, we detect the differences between the actual returns and the expected returns. 

These differences are defined as the abnormal returns attributable to Trump’s tweets. However, in order to 

estimate expected returns, we rely on models that define the normal price behavior of the stocks. This induces 

the joint hypothesis problem; testing the effect attributable to President Trump’s Tweets is dependent on the 

accuracy of models used to estimate the normal returns. Hence, if the chosen benchmark model yields 

abnormal returns different from zero, it might as well be an indication of incorrect estimations of expected 

returns and thus, model inaccuracies. Consequently, our positive or negative CAARs could potentially 

indicate: 

 

● actual market reactions to the tweets, 

● model inaccuracies, or 

● both of the above 

 

Nonetheless, it is impossible to assess the excess returns on stocks attributable to an event without initially 

defining the expected returns (Kliger & Gurevich, 2014). In this paper, we employ three different benchmark 

models to estimate expected returns in order to account for potential inaccuracies in model-estimations. In 

addition, we focus on the CAARs that are consistently significant across all three models. By doing so, we 

enhance the validity of our findings and increase the robustness of our conclusions. The usage of several 



 Page 105 of 118  

benchmark models is novel compared to the existing literature within the field (Born et al., 2017; Juma’h & 

Alnsour, 2018). Further, despite this inherent implication of the event study methodology in general, the event 

study method is widely used to conduct research on how news and announcements (i.e., events) affect stock 

prices (see for example, Aharony and Swary (1980), Fama (1970), Fama et al. (1969), and Kliger and Gurevich 

(2014)). Likewise, it is a commonly used method within the academic field of microblogging (Born et al., 

2017; Juma’h & Alnsour, 2018; Ranco et al., 2015). Consequently, even though our methodological approach 

can be criticized, we are, consistent with our scientific point of view (see section 5.1 Theory of Science), 

standing of the shoulders of other acknowledged researchers. 
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8 Conclusion 

In order to answer our research question regarding how the opinions on targeted companies in President 

Donald J. Trump’s tweets affect the stock prices of these companies, we apply the event study methodology as 

it encompasses a research design suitable to examine how the stock market is reacting to information. This 

methodology allows us to estimate and test the cumulative average abnormal returns (CAAR) attributable to 

Trump’s tweets.  

 

In order to examine the effect of Trump’s tweets, we employ a polarity sentiment measurement to distinguish 

between Trump’s tweets containing positive and negative opinions, consistent with existing microblogging 

literature. This distinction serves as the basis for hypothesizing that Trump’s tweets containing positive 

(negative) opinions on targeted companies have a positive (negative) effect on the stock prices of the targeted 

companies. Our findings support that both positive and negative opinions on targeted companies in the 

President’s tweets affect the targeted companies’ stock prices in the hypothesized direction.  

 

The positive tweets result in significantly positive CAARs on the day of the tweets. However, the CAARs 

rebound on the day following the tweets and are thus only significant on the day of the tweets. As such, 

President Trump’s tweets containing positive opinions on the targeted companies causes an overreaction 

indicating that the market does not perceive the President’s positive tweets as relevant information affecting 

the long-term prospects of the companies. Although the market initially reacts, the rebound of CAARs implies 

that investors might be irrational and base investment decisions on excess optimism and emotions rather than 

rational assessments (Kahneman, 2011; Keynes, 2018; Thaler, 2015).  

 

Interestingly, Trump’s negative tweets result in significantly negative CAARs on the third and fourth day after 

the tweets are posted. Thus, since the CAARs are not significantly lower than zero on the day of the negative 

tweets, this implies that the market’s reaction to the President’s negative tweets is delayed. This might indicate 

that Trump’s negative tweets might be subjects to delayed salience of the information in the tweet (Huberman 

& Regev, 2001; Palomino et al., 2009). Since the vast majority of people get access to Trump’s tweets from 

secondary sources such as TV, newspapers, or via conversations with friends and colleagues (Newport, 2018), 

one could expect that the negative tweets reach people after they are posted rather than at the time the tweets 

get posted. This might explain why our findings show an initial underreaction. Furthermore, since negative 

news tends to ‘travel slower’ than positive news (Hong et al., 2000), some investors base their trading strategies 

on underreactions caused by news which travels slowly resulting in initial underreactions and subsequent 

overreactions (Hong & Stein, 1999). From this point of view, the delayed effect could be a reflection of the 

interplay between investors who trade on Trump’s opinions and investors who trade on momentum rather than 

the actual opinions in Trump’s tweets. 
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Furthermore, our analysis shows that President Trump often posts several tweets in which he repeats the same 

opinions on the same companies. As such, the actual content of the tweets is often, more or less, exactly the 

same. Based on theory regarding information in the market, one could expect that the reaction to tweets in 

which Trump repeat himself is different from the reaction to tweets proving new opinions. In order to further 

scrutinize how the stock market reacts to Trump’s opinions on targeted companies in his tweets, we therefore 

subdivide our sample of tweets into four groups: Two groups including Trump’s tweets in which he for the 

first time reveals his opinions on targeted companies (one for positive tweets and one for negative tweets) and 

two groups including tweets in which he repeats opinions on targeted companies (one for positive tweets and 

one for negative tweets).  

 

For the positive tweets, our findings support that positive tweets that provide new opinions have a significantly 

positive effect on the targeted companies’ stock prices on the day of the tweets while our findings do not 

support that positive tweets which disseminate already posted opinions yield significantly positive CAARs. 

This implies that the market does not react to positive opinions which are already established but solely reacts 

to previously unposted opinions. 

 

On the other hand, we find that President Trump’s negative tweets—regardless of whether they include new 

or already known opinions on targeted companies—have a significantly negative effect on the targeted 

companies’ stock prices. The effect is, as with the overall effect, delayed for both sub-groups of negative 

tweets. The reaction to repeated opinions might be a result of two reasons (or a combination of the two): 

Firstly, the market might see repeated negative opinions on targeted companies as information, presumably 

because these tweets indicate that the President is more serious about his opinions. Secondly, investors might 

be subject to emotional and cognitive biases which makes them react to events which are, in fact, not events 

(Kahneman, 2011; Thaler, 2015). 

 

Our findings have implications for financial markets and business practices. Likewise, it adds nuances to the 

public debate regarding Trump’s extensive usage of Twitter and the phenomenon of a sitting president 

targeting specific companies in tweets. 

 

As ‘the leader of the free world’ and the world’s largest economy, Trump’s tweets influence investors’ 

decisions. Even though our study does not focus on the long-term impact of the targeted companies, our 

findings underline that Trump is able to induce market reactions on a short-term basis. Furthermore, we find 

that Trump’s negative company-specific tweets have a negative effect even though they repeat already known 

opinions. Hence, if Trump chose to tweet an opinion again and again on a frequent basis, it is not unreasonable 



 Page 108 of 118  

to assume that Trump can make stock prices stay low in the longer run. Consequently, since our findings 

suggest that investors pay attention when the man behind the desk in the Oval Office tweets, Trump is arguably 

an ‘international stock market trendsetter’.  

 

Furthermore, even though Trump might have different reasons for targeting specific companies in his tweets, 

our findings underline that Trump’s tweets have implications for the businesses he targets. With a 

‘businessman in the White House’, it is unquestionable that companies face a risk which has previously been 

negligible: The risk of being targeted by the leader of the free world on Twitter. If President Trump dislikes a 

decision of a company, it might provoke a cascade of negative tweets that—tweet by tweet—harm the 

company’s stock price. This might refrain companies from making otherwise profitable investments. This is, 

in particular, a strategic and financial risk for multinational companies since Trump, as part of his political 

agenda, very often criticize companies which do not produce in the US. Thus, when the President cares about 

the companies, our findings suggest that companies should indeed care about the President. 

 

Finally, our findings contribute to the pending debate regarding Trump’s usage of Twitter. Many criticize 

Trump’s high-frequency tweeting for having substantial consequences. On the one hand, critics argue that 

Trump’s company-specific tweets interfere with the ‘free market’. On the other hand, others argue that these 

tweets make his politics and thoughts transparent to the public. Regardless of the point of view, social media 

is indeed a mean which politicians can use to communicate to the public more nimbly, more frequently, and 

more freely compared to other sources of communication. Since investors listen when the President provides 

his opinions on Twitter, our findings suggest that Twitter might be a new tool in the presidential toolbox; a 

tool which the 45th president of the US has certainly proven his ability to utilize. Knowing this, one can question 

if Trump usage of Twitter is merely the beginning of the ‘Twitter era’.  

 

  



 Page 109 of 118  

9 Further Research 

Based on our findings regarding the effect of Trump’s company-specific tweets on the targeted companies’ 

stock prices, we suggest two fields that could be interesting for further research to examine. Firstly, it could 

be relevant to examine the effect of Trump’s tweets which are not company-specific. Secondly, it could be 

interesting to examine company-specific tweets posted by other high-profile individuals. 

 

As part of Trump’s political agenda, Trump wishes to raise the tariffs of products which are not produced in 

the US (Burns et al., 2016). As a consequence, Trump has, during his presidency, frequently posted tweets 

related to the ongoing trade wars between the US and several other economies, including Europe. For instance, 

Trump recently tweeted that he intends to increase tariffs on imported goods from Europe (see Figure 24): 

 
Figure 24. Example of a ‘trade war tweet’. Source: Twitter (2019b). 

 

The impact of Trump’s tweets addressing the ongoing trade wars is unclear since it is mainly based on 

unscientific research (Egan, 2019; Yandle, 2019; Yglesias, 2019). Therefore, future academic examination of 

President Trump’s ‘trade war tweets’ could be highly relevant. Future research could, for instance, examine 

the effect of these tweets on the American, Chinese, and European indices, respectively. This would add further 

nuances to how investors react to Trump’s tweets and how his tweets impact financial markets.  

 

From our research, we know that the President’s company-specific tweets affect the targeted companies’ stock 

prices. Nonetheless, to examine whether our findings only holds for the sitting president of the US, it could be 

of interest to study the impact of other high-profile individuals’ opinions on targeted companies. For instance, 

future research could examine how the opinions in tweets posted by CEOs impact on stock prices. Research 

shows that “[…] CEO’s opinion, even though it is not about companies’ core business, can call the attention 

of the public opinion and it could affect the company in a positive or negative way” (Capriotti & Ruesja, 2018, 

p. 243). From this point of view, one could expect that the tweets posted by CEOs could impact the stock 

prices of their companies. For instance, two of the CEOs who are using Twitter to communicate with internal 

and external stakeholders are the CEOs of Twitter itself, Jack Dorsey, and the CEO of Tesla, Elon Musk. 

The World Trade Organization finds that the 
European Union subsidies to Airbus has 
adversely impacted the United States, which 
will now put Tariffs on $11 Billion of EU 
products! The EU has taken advantage of 
the U.S. on trade for many years. It will soon 
stop! 
1:34 PM – Apr 9, 2019 
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Dorsey deliberately uses Twitter in the daily operations of the company as he believes that it is “[…] the fastest 

and best way to get feedback on what we’re doing, how we’re doing it, and what we should do next, both from 

users and my co-workers” (Bullas, 2019). Musk, on the other hand, uses Twitter to communicate to external 

stakeholders such as investors. Most recently, Musk has used Twitter to submit public statements about Tesla’s 

finances and production targets (Stempel, 2019). One could expect that both Dorsey’s and Musk’s tweets could 

serve as relevant information, increasing the transparency which enables investors and analysts to get closer 

to the company’s daily operations and strategic decisions. As such, by examining other individuals in future 

research, it could be established whether Twitter is merely a useful tool in the presidential toolbox or a tool 

which a broader group of people can utilize for their own benefit.  

 

Studying Trump’s ‘trade war tweets’ or CEOs’ company-tweets would put our findings into a broader field of 

research and thus contribute to the discussion regarding the role of microblogging platforms such as Twitter 

as a medium for communicating opinions. As such, we believe that our findings can serve as the foundation 

for future researchers—especially in regard to how stock markets react when politicians and other high-profile 

individuals turn to Twitter to express their beliefs.  
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aetna-results/insurer-aetna-posts-
loss-evaluates-obamacare-exposure-
idUSKBN17Y107?fbclid=IwAR3Ie
qLfJ06TDTSN3KkFsRexauNpycI-
JQgxRCUlmjRpggeV6pK8ue3ltvc 

3 Alphabet Inc. 

I told you so! The European Union 
just slapped a Five Billion Dollar 
fine on one of our great companies 
Google. They truly have taken 
advantage of the U.S. but not for 
long! 

19/07/18 9.11 AM POSITIVE First-time Omitted 

Announcement, European Union, 
18 July 2018: Europe hits Google 
with record $5 billion antitrust fine, 
appeal ahead, 
https://www.reuters.com/article/us-
eu-google-antitrust-
idUSKBN1K80U8 

4 Alphabet Inc. 

RT @realDonaldTrump: I told you 
so! The European Union just 
slapped a Five Billion Dollar fine 
on one of our great companies 
Google. They… 

20/07/18  10.39 AM  POSITIVE Subsequent Omitted Overlapping event windows 
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5 Alphabet Inc. 

Google search results for “Trump 
News” shows only the 
viewing/reporting of Fake New 
Media. In other words they have it 
RIGGED for me &amp; others so 
that almost all stories &amp; news 
is BAD. Fake CNN is prominent. 
Republican/Conservative &amp; 
Fair Media  is shut out. Illegal?  
96% of results on “Trump News” 
are from National Left-Wing Media 
very dangerous. Google &amp; 
others are suppressing voices of 
Conservatives and hiding 
information and news that is good. 
They are controlling what we can 
&amp; cannot see. This is a very 
serious situation-will be addressed! 

28/08/18 5.24 AM NEGATIVE First-time Omitted Overlapping event windows 

6 Alphabet Inc. #StopTheBias 
https://t.co/xqz599iQZw 29/08/18 4.55 PM NEGATIVE First-time Omitted Overlapping event windows 

7 Alphabet Inc. 

The only “Collusion” is that of the 
Democrats with Russia and many 
others. Why didn’t the FBI take the 
Server from the DNC? They still 
don’t have it. Check out how biased 
Facebook Google and Twitter are in 
favor of the Democrats. That’s the 
real Collusion! 

15/11/18 9.59 AM NEGATIVE Subsequent Included   

8 Alphabet Inc. 

Facebook Twitter and Google are so 
biased toward the Dems it is 
ridiculous! Twitter in fact has made 
it much more difficult for people to 
join @realDonaldTrump. They have 
removed many names &amp; 
greatly slowed the level and speed 
of increase. They have 
acknowledged-done NOTHING! 

18/12/18 7.26 AM NEGATIVE Subsequent Included   

9 Amazon.com 
Inc. 

The #AmazonWashingtonPost 
sometimes referred to as the 
guardian of Amazon not paying 
internet taxes (which they should) is 
FAKE NEWS! 

28/06/17 9.06 AM NEGATIVE First-time Included   

10 Amazon.com 
Inc. 

A new INTELLIGENCE LEAK 
from the Amazon Washington 
Postthis time against A.G. Jeff 
Sessions.These illegal leaks like 
Comey's must stop! 

22/07/17 6.33 AM NEGATIVE First-time Omitted Overlapping event windows 
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11 Amazon.com 
Inc. 

It's hard to read the Failing New 
York Times or the Amazon 
Washington Post because every 
story/opinion even if should be 
positive is bad! 

23/07/17 7.57 PM NEGATIVE First-time Omitted Overlapping event windows 

12 Amazon.com 
Inc. 

The Amazon Washington Post 
fabricated the facts on my ending 
massive dangerous and wasteful 
payments to Syrian rebels fighting 
Assad..... 

24/07/17 10.23 PM NEGATIVE First-time Omitted Overlapping event windows 

13 Amazon.com 
Inc. 

So many stories about me in the 
@washingtonpost are Fake News. 
They are as bad as ratings 
challenged @CNN. Lobbyist for 
Amazon and taxes? 

24/07/17 10.28 PM NEGATIVE Subsequent Omitted Overlapping event windows 

14 Amazon.com 
Inc. 

Is Fake News Washington Post 
being used as a lobbyist weapon 
against Congress to keep Politicians 
from looking into Amazon no-tax 
monopoly? 

24/07/17 10.36 PM NEGATIVE First-time Omitted Overlapping event windows 

15 Amazon.com 
Inc. 

E-mails show that the 
AmazonWashingtonPost and the 
FailingNewYorkTimes were 
reluctant to cover the Clinton/Lynch 
secret meeting in plane. 

08/08/17 2.00 PM NEGATIVE Subsequent Included   

16 Amazon.com 
Inc. 

Amazon is doing great damage to 
tax paying retailers. Towns cities 
and states throughout the U.S. are 
being hurt - many jobs being lost! 

16/08/17 6.12 AM NEGATIVE Subsequent Included   

17 Amazon.com 
Inc. 

Why is the United States Post 
Office which is losing many billions 
of dollars a year while charging 
Amazon and others so little to 
deliver their packages making 
Amazon richer and the Post Office 
dumber and poorer? Should be 
charging MUCH MORE! 

29/12/17 8.04 AM NEGATIVE First-time Included   
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18 Amazon.com 
Inc. 

I have stated my concerns with 
Amazon long before the Election. 
Unlike others they pay little or no 
taxes to state &amp; local 
governments use our Postal System 
as their Delivery Boy (causing 
tremendous loss to the U.S.) and are 
putting many thousands of retailers 
out of business! 

29/03/18 7.57 AM NEGATIVE Subsequent Omitted Overlapping event windows 

19 Amazon.com 
Inc. 

While we are on the subject it is 
reported that the U.S. Post Office 
will lose $1.50 on average for each 
package it delivers for Amazon. 
That amounts to Billions of Dollars. 
The Failing N.Y. Times reports that 
“the size of the company’s lobbying 
staff has ballooned” and that does 
not include the Fake Washington 
Post which is used as a “lobbyist” 
and should so  REGISTER. If the 
P.O. “increased its parcel rates 
Amazon’s shipping costs would rise 
by $2.6 Billion.” This Post Office 
scam must stop. Amazon must pay 
real costs (and taxes) now! 

31/03/18 8.52 AM NEGATIVE Subsequent Omitted Overlapping event windows 

20 Amazon.com 
Inc. 

Only fools or worse are saying that 
our money losing Post Office makes 
money with Amazon. THEY LOSE 
A FORTUNE and this will be 
changed. Also our fully tax paying 
retailers are closing stores all over 
the country...not a level playing 
field! 

02/04/18 9.35 AM NEGATIVE Subsequent Omitted Overlapping event windows 

21 Amazon.com 
Inc. 

I am right about Amazon costing 
the United States Post Office 
massive amounts of money for 
being their Delivery Boy. Amazon 
should pay these costs (plus) and 
not have them bourne by the 
American Taxpayer. Many billions 
of dollars. P.O. leaders don’t have a 
clue (or do they?)! 

03/04/18 9.55 AM NEGATIVE Subsequent Omitted Overlapping event windows 
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22 Amazon.com 
Inc. 

The Fake News Washington Post 
Amazon’s “chief lobbyist” has 
another (of many) phony headlines 
“Trump Defiant As China Adds 
Trade Penalties.” WRONG! Should 
read “Trump Defiant as U.S. Adds 
Trade Penalties Will End Barriers 
And Massive  I.P. Theft.” Typically 
bad reporting! 

05/04/18 9.10 AM NEGATIVE Subsequent Omitted Overlapping event windows 

23 Amazon.com 
Inc. 

Washington Post employees want to 
go on strike because Bezos isn’t 
paying them enough. I think a really 
long strike would be a great idea. 
Employees would get more money 
and we would get rid of Fake News 
for an extended period of time! Is 
@WaPo a registered lobbyist? 

17/06/18 9.26 AM NEGATIVE First-time Included   

24 Amazon.com 
Inc. 

Twitter is getting rid of fake 
accounts at a record pace. Will that 
include the Failing New York 
Times and propaganda machine for 
Amazon the Washington Post who 
constantly quote anonymous 
sources that in my opinion don’t 
exist - They will both be out of 
business in 7 years! 

07/07/18 9.21 AM NEGATIVE First-time Included   

25 Amazon.com 
Inc. 

The Amazon Washington Post has 
gone crazy against me ever since 
they lost the Internet Tax Case in 
the U.S. Supreme Court two months 
ago. Next up is the U.S. Post Office 
which they use at a fraction of real 
cost as their “delivery boy” for a 
BIG percentage of their packages. 
In my opinion the Washington Post 
is nothing more than an expensive 
(the paper loses a fortune) lobbyist 
for Amazon. Is it used as protection 
against antitrust claims which many 
feel should be brought? 

23/07/18 9.21 AM NEGATIVE Subsequent Included   
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26 Amazon.com 
Inc. 

When the media - driven insane by 
their Trump Derangement 
Syndrome - reveals internal 
deliberations of our government it  
truly puts the lives of many not just 
journalists at risk! Very unpatriotic! 
Freedom of the press also comes 
with a responsibility to report the 
news accurately. 90% of media 
coverage of my Administration is 
negative despite the tremendously 
positive results we are achieving it’s 
no surprise that confidence in the 
media is at an all time low! I will 
not allow our great country to be 
sold out by anti-Trump haters in the 
dying newspaper industry. No 
matter how much they try to distract 
and cover it up our country is 
making great progress under my 
leadership and I will never stop 
fighting for the American people! 
As an example the failing New 
York Times...and the Amazon 
Washington Post do nothing but 
write bad stories even on very 
positive achievements - and they 
will never change! 

29/07/18 3.09 PM NEGATIVE First-time Omitted Overlapping event windows 

27 Amazon.com 
Inc. 

Congratulations to  @GreggJarrett 
on The TREMENDOUS success of 
his just out book “The Russia Hoax 
The Illicit Scheme To Clear Hillary 
Clinton &amp; Frame Donald 
Trump.” Already number one on 
Amazon. Hard work from a brilliant 
guy. It’s the Real Story of the 
Rigged Witch Hunt! 

02/08/18 12.38 AM POSITIVE First-time Omitted Overlapping event windows 
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28 Amazon.com 
Inc. 

Congratulations to Gregg Jarrett on 
his book “THE RUSSIA HOAX 
THE ILLICIT SCHEME TO 
CLEAR HILLARY CLINTON 
AND FRAME DONALD TRUMP” 
going to #1 on @nytimes and 
Amazon. It is indeed a HOAX and 
WITCH HUNT illegally started by 
people who have already been 
disgraced. Great book! 

03/08/18 11.01 PM POSITIVE Subsequent Omitted Overlapping event windows 

29 Amazon.com 
Inc. 

I just watched a Fake reporter from 
the Amazon Washington Post say 
the White House is “chaotic there 
does not seem to be a strategy for 
this Shutdown. There is no plan.” 
The Fakes always like talking 
Chaos there is NONE. In fact 
there’s almost nobody in the W.H. 
but me and... 

12/01/19 10.57 AM NEGATIVE First-time Omitted Overlapping event windows 

30 Amazon.com 
Inc. 

So sorry to hear the news about Jeff 
Bozo being taken down by a 
competitor whose reporting I 
understand is far more accurate than 
the reporting in his lobbyist 
newspaper the Amazon Washington 
Post. Hopefully the paper will soon 
be placed in better &amp; more 
responsible hands! 

13/01/19 8.45 PM NEGATIVE First-time Omitted Overlapping event windows 

31 América 
Móvil 

Yes it is true - Carlos Slim the great 
businessman from Mexico called 
me about getting together for a 
meeting. We met HE IS A GREAT 
GUY! 

20/12/16 3.27 PM POSITIVE First-time Included   

32 
American 
Airlines 
Group Inc. 

Thank you to Doug Parker and 
American Airlines for all of the 
help you have given to the U.S. 
with Hurricane flights. Fantastic 
job! 

22/09/17 1.54 PM POSITIVE First-time Included   

33 Apple Inc. 

I promised that my policies would 
allow companies like Apple to bring 
massive amounts of money back to 
the United States. Great to see 
Apple follow through as a result of 
TAX CUTS. Huge win for 
American workers and the USA! 
https://t.co/OwXVUyLOb1 

17/01/18 6.28 PM POSITIVE First-time Omitted 

Press Release, Apple, 17 January 
2018: Apple accelerates US 
investment and job creation, 
https://www.apple.com/newsroom/2
018/01/apple-accelerates-us-
investment-and-job-creation/ 
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34 Apple Inc. 

Looking forward to my meeting 
with Tim Cook of Apple. We will 
be talking about many things 
including how the U.S. has been 
treated unfairly for many years by 
many countries on trade. 

25/04/18 10.11 AM POSITIVE First-time Included   

35 Apple Inc. 

Had a very good phone call with 
@EmmanuelMacron President of 
France. Discussed various subjects 
in particular Security and Trade. 
Many other calls and conversations 
today. Looking forward to dinner 
tonight with Tim Cook of Apple. 
He is investing big dollars in U.S.A. 

10/08/18 6.47 PM POSITIVE First-time Included   

36 Apple Inc. 

Apple prices may increase because 
of the massive Tariffs we may be 
imposing on China - but there is an 
easy solution where there would be 
ZERO tax and indeed a tax 
incentive. Make your products in 
the United States instead of China. 
Start building new plants now. 
Exciting! #MAGA 

08/09/18 11.45 AM NEGATIVE First-time Omitted 

Announcement, Reuters, 7 
Septermber 2018: Apple says 
proposedtariffs to hit a range of 
products, the company said in a 
letter to the U.S. Government, 
https://www.reuters.com/article/us-
apple-tariffs/apple-says-u-s-tariffs-
on-china-would-hit-wide-range-of-
products-idUSKCN1LN2JY 

37 Apple Inc. 

Thank you to @tim_cook for 
agreeing to expand operations in the 
U.S. and thereby creating thousands 
of jobs! https://t.co/2zOVxp9nTF 

14/12/18 1.19 PM POSITIVE First-time Omitted 

Press Release, Apple, 13 December 
2018: Apple to build new campus in 
Austin and add jobs across the US, 
https://www.apple.com/newsroom/2
018/12/apple-to-build-new-campus-
in-austin-and-add-jobs-across-the-
us/ 

38 AT&T Inc. 

Why doesn’t the Fake News Media 
state that the Trump 
Administration’s Anti-Trust 
Division has been and is opposed to 
the AT&amp;T purchase of Time 
Warner in a currently ongoing Trial. 
Such a disgrace in reporting! 

11/05/18 7.49 PM NEGATIVE First-time Included   

39 Bayer AG 

""Bayer AG has pledged to add 
U.S. jobs and investments after 
meeting with President-elect 
Donald Trump the latest in a 
string..."" @WSJ 

18/01/17 8.00 AM POSITIVE First-time Omitted 

Announcement, Bayer AG, 17 
January 2017: Bayer Will Keep 
Monsanto Jobs in U.S., 
https://www.wsj.com/articles/bayer-
will-keep-monsanto-jobs-in-u-s-
trump-team-says-1484678735 
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40 

Bayerische 
Motoren 
Werke 
(BMW) AG 

General Motors is very counter to 
what other auto and other 
companies are doing. Big Steel is 
opening and renovating plants all 
over the country. Auto companies 
are pouring into the U.S. including 
BMW which just announced a 
major new plant. The U.S.A. is 
booming! 

29/11/18 6.37 AM POSITIVE First-time Omitted 

Announcement, Reuters, 28 
November 2018: BMW chief says 
considering second U.S. 
manufacturing plant in an interview 
at the Los Angeles Auto Show, 
https://www.reuters.com/article/us-
bmw-manufacturing-
idUSKCN1NX00R 

41 Broadcom 
Inc. 

Today we are thrilled to welcome 
@Broadcom CEO Hock Tan to the 
WH to announce he is moving their 
HQ’s from Singapore back to the 
U.S.A..... https://t.co/WrqUXBndyZ 

02/11/17 3.58 PM POSITIVE First-time Omitted 

Announcement, The White House, 
2 November 2017: Broadcom 
redomiciling to U.S. from 
Singapore, 
https://www.reuters.com/article/us-
broadcom-trump-usa/broadcom-
redomiciling-to-u-s-from-
singapore-
idUSKBN1D22CO?fbclid=IwAR0J
AuhPFrAzAbv35vEHbeDe3yzd7Se
wiBMJU4m2GZss8gT5qwYaqLha
n3Q 

42 Broadcom 
Inc. 

Broadcom's move to America=$20 
BILLION of annual rev into U.S.A. 
$3+ BILLION/yr. in 
research/engineering &amp; $6 
BILLION/yr. in manufacturing. 
https://t.co/NsJ4PtVTtl 

02/11/17 4.33 PM POSITIVE Subsequent Omitted Overlapping event windows 

43 
Charter 
Communicati
ons Inc. 

Today I was thrilled to announce a 
commitment of $25 BILLION 
&amp; 20K AMERICAN JOBS 
over the next 4 years. THANK 
YOU Charter Communications! 
https://t.co/nWJ1hNmzoR 

24/03/17 1.59 PM POSITIVE First-time Omitted 

Press Release, Charter 
Communications, 24 March 2017: 
Statement on Charter 
Communications Announcement at 
the White House Today, 
https://newsroom.charter.com/press
-releases/statement-charter-
communications-announcement-
white-house-today/ 

44 

Columbia 
Broadcasting 
System 
(CBS) 

The FAKE NEWS media (failing 
@nytimes @NBCNews @ABC 
@CBS @CNN) is not my enemy it 
is the enemy of the American 
People! 

17/02/17 4.48 PM NEGATIVE First-time Included   

45 

Columbia 
Broadcasting 
System 
(CBS) 

Sorry folks but if I would have 
relied on the Fake News of CNN 
NBC ABC CBS washpost or 
nytimes I would have had ZERO 
chance winning WH 

06/06/17 8.15 AM NEGATIVE First-time Included   
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46 

Columbia 
Broadcasting 
System 
(CBS) 

So they caught Fake News CNN 
cold but what about NBC CBS 
&amp; ABC? What about the 
failing @nytimes &amp; 
@washingtonpost? They are all 
Fake News! 

27/06/17 8.47 AM NEGATIVE First-time Included   

47 

Columbia 
Broadcasting 
System 
(CBS) 

RT @townhallcom: ABC NBC And 
CBS Pretty Much Bury IT Scandal 
Engulfing Debbie Wasserman 
Schultz's Office 
https://t.co/PjbZ2TGIKb 

27/07/17 8.49 AM NEGATIVE First-time Included   

48 

Columbia 
Broadcasting 
System 
(CBS) 

Hard to believe that with 24/7 
#Fake News on CNN ABC NBC 
CBS NYTIMES &amp; WAPO the 
Trump base is getting stronger! 

07/08/17 7.18 AM NEGATIVE First-time Included   

49 

Columbia 
Broadcasting 
System 
(CBS) 

So much Fake News being put in 
dying magazines and newspapers. 
Only place worse may be 
@NBCNews @CBSNews @ABC 
and @CNN. Fiction writers! 

17/10/17 5.51 PM NEGATIVE Subsequent Included   

50 

Columbia 
Broadcasting 
System 
(CBS) 

Keep hearing about ""tiny"" amount 
of money spent on Facebook ads. 
What about the billions of dollars of 
Fake News on CNN ABC NBC 
&amp; CBS? 

21/10/17 4.06 PM NEGATIVE First-time Included   

51 

Columbia 
Broadcasting 
System 
(CBS) 

RT @charliekirk11: Incredible 
video: @CBS does a special on the 
GOP tax plan The result?Every 
middle class family they sat down 
with SA… 

29/12/17 7.50 AM POSITIVE First-time Included   

52 

Columbia 
Broadcasting 
System 
(CBS) 

The Fake News Networks those that 
knowingly have a sick and biased 
AGENDA are worried about the 
competition and quality of Sinclair 
Broadcast. The “Fakers” at CNN 
NBC ABC &amp; CBS have done 
so much dishonest reporting that 
they should only be allowed to get 
awards for fiction! 

03/04/18 6.34 AM NEGATIVE First-time Included   
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53 

Columbia 
Broadcasting 
System 
(CBS) 

Despite so many positive events and 
victories Media Reseach Center 
reports that 92% of stories on 
Donald Trump are negative on ABC 
CBS and ABC. It is FAKE NEWS! 
Don’t worry the Failing New York 
Times didn’t even put the Brett 
Kavanaugh victory on the Front 
Page yesterday-A17! 

10/10/18 9.01 AM NEGATIVE First-time Omitted Overlapping event windows 

54 

Columbia 
Broadcasting 
System 
(CBS) 

Will be interviewed tonight by 
@LesleyRStahl on @60Minutes 
@CBSNews at 7:30 P.M. Eastern. 
Enjoy! https://t.co/eUTAP0u0Uh 

14/10/18 2.06 PM POSITIVE First-time Omitted Overlapping event windows 

55 Comcast 
Corporation 

Word is that @Greta Van Susteren 
was let go by her out of control 
bosses at @NBC &amp; @Comcast 
because she refused to go along w/ 
'Trump hate!' 

01/07/17 8.59 AM NEGATIVE First-time Included   

56 Comcast 
Corporation 

Wow Matt Lauer was just fired 
from NBC for “inappropriate sexual 
behavior in the workplace.” But 
when will the top executives at 
NBC &amp; Comcast be fired for 
putting out so much Fake News. 
Check out Andy Lack’s past! 

29/11/17 7.16 AM NEGATIVE First-time Included   

57 Comcast 
Corporation 

So sad and unfair that the FCC 
wouldn’t approve the Sinclair 
Broadcast merger with Tribune. 
This would have been a great and 
much needed Conservative voice 
for and of the People. Liberal Fake 
News NBC and Comcast gets 
approved much bigger but not 
Sinclair. Disgraceful! 

24/07/18 8.39 PM NEGATIVE First-time Included   

58 Comcast 
Corporation 

American Cable Association has 
big problems with Comcast. They 
say that Comcast routinely violates 
Antitrust Laws. “These guys are 
acting much worse and have much 
more potential for damage to 
consumers than anything 
AT&amp;T-Time Warner would 
do.” Charlie Gasparino 

12/11/18 1.13 PM NEGATIVE First-time Included   
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59 Corning 
Incorporated 

Billions of dollars in investments 
&amp; thousands of new jobs in 
America! An initiative via Corning 
Merck &amp; Pfizer: 
https://t.co/QneN48bSiq 
https://t.co/5VtMfuY3PM 

20/07/17 11.31 PM POSITIVE First-time Omitted 

Press Release, The White House, 20 
July 2017: $4 Billion Investment 
and 4,000 Jobs from Corning, 
Merck, and Pfizer Initiative, 
https://www.whitehouse.gov/article
s/4-billion-investment-4000-jobs-
corning-merck-pfizer-initiative/ 

60 Delta Air 
Lines Inc. 

Only 109 people out of 325000 
were detained and held for 
questioning. Big problems at 
airports were caused by Delta 
computer outage protesters and the 
tears of Senator Schumer. Secretary 
Kelly said that all is going well with 
very few problems. MAKE 
AMERICA SAFE AGAIN! 

30/01/17 7.16 AM NEGATIVE First-time Omitted 

Announcement, Delta Airline, 30 
January 2017: Delta’s U.S. 
Grounding Lifted After Latest 
Computer Glitch, 
https://www.bloomberg.com/news/a
rticles/2017-01-30/faa-says-delta-
halted-domestic-flights-after-
automation-failure 

61 Delta Air 
Lines Inc. 

RT @Scavino45: cc: @POTUS 
@realDonaldTrump 
https://t.co/MasB5mdUVS 

25/05/18 5.09 AM POSITIVE First-time Included   

62 Exxon Mobil 
Corporation 

Whether I choose him or not for 
""State""- Rex Tillerson the 
Chairman &amp; CEO of 
ExxonMobil is a world class player 
and dealmaker. Stay tuned! 

11/12/16 10.29 AM POSITIVE First-time Omitted Overlapping event windows 

63 Exxon Mobil 
Corporation 

I have chosen one of the truly great 
business leaders of the world Rex 
Tillerson Chairman and CEO of 
ExxonMobil to be Secretary of 
State. 

13/12/16 6.43 AM POSITIVE Subsequent Omitted Overlapping event windows 

64 Exxon Mobil 
Corporation 

The thing I like best about Rex 
Tillerson is that he has vast 
experience at dealing successfully 
with all types of foreign 
governments. 

13/12/16 7.44 AM POSITIVE Subsequent Omitted Overlapping event windows 

65 Exxon Mobil 
Corporation 

President Trump Congratulates 
Exxon Mobil for Job-Creating 
Investment 
Program'https://t.co/adBzWhtq8S 

06/03/17 4.19 PM POSITIVE First-time Omitted 

Press Release, Exxon, 6 March 
2017: Exxon to invest $20 billion 
on U.S. Gulf Coast refining 
projects, 
https://www.reuters.com/article/us-
ceraweek-exxon-
idUSKBN16D2G6?fbclid=IwAR1v
UT4y9fgbnhRf8M61WWJmA4CC
EehuiqQm562nyGk58rZYJ4h2yM
AgNrE 
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66 Exxon Mobil 
Corporation 

Buy American &amp; hire 
American are the principals at the 
core of my agenda which is: JOBS 
JOBS JOBS! Thank you 
@exxonmobil. 

06/03/17 4.21 PM POSITIVE Subsequent Omitted 

Press Release, Exxon, 6 March 
2017: Exxon to invest $20 billion 
on U.S. Gulf Coast refining 
projects, 
https://www.reuters.com/article/us-
ceraweek-exxon-
idUSKBN16D2G6?fbclid=IwAR1v
UT4y9fgbnhRf8M61WWJmA4CC
EehuiqQm562nyGk58rZYJ4h2yM
AgNrE 

67 Exxon Mobil 
Corporation 

Buy American &amp; hire 
American are the principles at the 
core of my agenda which is: JOBS 
JOBS JOBS! Thank you 
@exxonmobil. 

06/03/17 10.49 PM POSITIVE Subsequent Omitted Overlapping event windows 

68 Exxon Mobil 
Corporation 

Thank you to @exxonmobil for 
your $20 billion investment that is 
creating more than 45000 
manufacturing &amp; construction 
jobs in the USA! 

06/03/17 10.50 PM POSITIVE Subsequent Omitted Overlapping event windows 

69 Facebook 
Inc. 

Crooked Hillary Clinton now 
blames everybody but herself 
refuses to say she was a terrible 
candidate. Hits Facebook &amp; 
even Dems &amp; DNC. 

31/05/17 8.40 PM POSITIVE First-time Included   

70 Facebook 
Inc. 

Thank you Arizona. Beautiful 
turnout of 15000 in Phoenix 
tonight! Full coverage of rally via 
my Facebook at: 
https://t.co/s0D12EFs40 
https://t.co/WT4D9Vsen1 

23/08/17 1.18 AM POSITIVE First-time Included   

71 Facebook 
Inc. 

The Russia hoax continues now it's 
ads on Facebook. What about the 
totally biased and dishonest Media 
coverage in favor of Crooked 
Hillary? 

22/09/17 6.44 AM NEGATIVE First-time Omitted Overlapping event windows 

72 Facebook 
Inc. 

Facebook was always anti-
Trump.The Networks were always 
anti-Trump henceFake News 
@nytimes(apologized) &amp; 
@WaPo were anti-Trump. 
Collusion? 

27/09/17 9.36 AM NEGATIVE First-time Included   

73 Facebook 
Inc. 

Keep hearing about ""tiny"" amount 
of money spent on Facebook ads. 
What about the billions of dollars of 
Fake News on CNN ABC NBC 
&amp; CBS? 

21/10/17 4.06 PM NEGATIVE Subsequent Omitted Overlapping event windows 
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74 Facebook 
Inc. 

Crooked Hillary Clinton spent 
hundreds of millions of dollars 
more on Presidential Election than I 
did. Facebook was on her side not 
mine! 

21/10/17 5.21 PM NEGATIVE First-time Omitted Overlapping event windows 

75 Facebook 
Inc. 

The Fake News Media never fails. 
Hard to ignore this fact from the 
Vice President of Facebook Ads 
Rob Goldman! 
https://t.co/XGC7ynZwYJ 

17/02/18 3.11 PM POSITIVE First-time Omitted 

Press Release, Facebook, 16 
February 2018: Hard Questions: 
Russian Ads Delivered to Congress, 
https://newsroom.fb.com/news/201
7/10/hard-questions-russian-ads-
delivered-to-congress/ 

76 Facebook 
Inc. 

“I have seen all of the Russian ads 
and I can say very definitively that 
swaying the election was *NOT* 
the main goal.”Rob GoldmanVice 
President of Facebook Ads 
https://t.co/A5ft7cGJkE 

17/02/18 3.16 PM POSITIVE Subsequent Omitted Overlapping event windows 

77 Facebook 
Inc. 

Facebook has just stated that they 
are setting up a system to “purge” 
themselves of Fake News. Does that 
mean CNN will finally be put out of 
business? 

21/10/18 6.48 PM POSITIVE First-time Included   

78 Facebook 
Inc. 

Rumor has it that Senator Joe 
Donnelly of Indiana is paying for 
Facebook ads for his so-called 
opponent on the libertarian ticket. 
Donnelly is trying to steal the 
election? Isn’t that what Russia 
did!? 

03/11/18 5.05 PM NEGATIVE First-time Omitted Overlapping event windows 

79 Facebook 
Inc. 

RT @realDonaldTrump: Rumor has 
it that Senator Joe Donnelly of 
Indiana is paying for Facebook ads 
for his so-called opponent on the 
liberta… 

06/11/18 11.24 AM NEGATIVE Subsequent Included   

80 Facebook 
Inc. 

The only “Collusion” is that of the 
Democrats with Russia and many 
others. Why didn’t the FBI take the 
Server from the DNC? They still 
don’t have it. Check out how biased 
Facebook Google and Twitter are in 
favor of the Democrats. That’s the 
real Collusion! 

15/11/18 9.59 AM NEGATIVE Subsequent Included   
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81 Facebook 
Inc. 

Facebook Twitter and Google are so 
biased toward the Dems it is 
ridiculous! Twitter in fact has made 
it much more difficult for people to 
join @realDonaldTrump. They have 
removed many names &amp; 
greatly slowed the level and speed 
of increase. They have 
acknowledged-done NOTHING! 

18/12/18 7.26 AM NEGATIVE Subsequent Included   

82 
FIAT 
Chrysler 
Automobiles 

It's finally happening - Fiat Chrysler 
just announced plans to invest 
$1BILLION in Michigan and Ohio 
plants adding 2000 jobs. This 
after… Ford said last week that it 
will expand in Michigan and U.S. 
instead of building a BILLION 
dollar plant in Mexico. Thank you 
Ford &amp; Fiat C! 

09/01/17 9.14 AM POSITIVE First-time Omitted 

Press Release, FIAT Chrysler, 8 
January 2017: FCA to invest $1 bln 
in U.S. plants, make Jeep pickup 
truck, 
https://www.reuters.com/article/fiat
chrysler-usa/fca-to-invest-1-bln-in-
u-s-plants-make-jeep-pickup-truck-
idUSL1N1EY0G2?fbclid=IwAR30
hlrfU5SR9fwp0S9VdXAXUwkUC
DWzhFVVqFtuAW7ni331ZxMsK6
5sK1U 

83 
FIAT 
Chrysler 
Automobiles 

More great news as a result of 
historical Tax Cuts and Reform: 
Fiat Chrysler announces plan to 
invest more than $1 BILLION in 
Michigan plant relocating their 
heavy-truck production from 
Mexico to Michigan adding 2500 
new jobs and paying $2000 bonus 
to U.S. employees! 
https://t.co/47azKD0l9B 

11/01/18 9.49 PM POSITIVE First-time Omitted 

Press Release, FIAT Chrysler, 11 
January 2018: Fiat Chrysler to 
invest $1 billion in Michigan plant, 
add 2,500 jobs, 
https://www.reuters.com/article/us-
fiat-chrysler-investment/fiat-
chrysler-to-invest-1-billion-in-
michigan-plant-add-2500-jobs-
idUSKBN1F034F?fbclid=IwAR1B
NA5_TJtL_TC2cRlq1ulwESwHGH
VOWqFT_ucLMFCROq3k3Ow1kz
RSD14 

84 
FIAT 
Chrysler 
Automobiles 

Chrysler is moving a massive plant 
from Mexico to Michigan reversing 
a years long opposite trend. Thank 
you Chrysler a very wise decision. 
The voters in Michigan are very 
happy they voted for Trump/Pence. 
Plenty of more to follow! 

11/01/18 9.53 PM POSITIVE Subsequent Omitted Overlapping event windows 
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85 
FIAT 
Chrysler 
Automobiles 

Yesterday was a big day for the 
stock market. Jobs are coming back 
to America. Chrysler is coming 
back to the USA from Mexico and 
many others will follow. Tax cut 
money to employees is pouring into 
our economy with many more 
companies announcing. American 
business is hot again! 

13/01/18 8.13 AM POSITIVE Subsequent Omitted Overlapping event windows 

86 
FIAT 
Chrysler 
Automobiles 

Yesterday was another big day for 
jobs and the Stock Market. Chrysler 
coming back to U.S. (Michigan) 
from Mexico and many more 
companies paying out Tax Cut 
money to employees. If Dems won 
in November Market would have 
TANKED! It was headed for 
disaster. 

13/01/18 9.20 AM POSITIVE Subsequent Omitted Overlapping event windows 

87 
FIAT 
Chrysler 
Automobiles 

During the campaign I promised to 
MAKE AMERICA GREAT 
AGAIN by bringing businesses and 
jobs back to our country. I am very 
proud to see companies like 
Chrysler moving operations from 
Mexico to Michigan where there are 
so many great American workers! 
https://t.co/hz2q9UTfnF 

17/01/18 6.32 PM POSITIVE Subsequent Omitted Overlapping event windows 

88 
FIAT 
Chrysler 
Automobiles 

Our economy is better than it has 
been in many decades. Businesses 
are coming back to America like 
never before. Chrysler as an 
example is leaving Mexico and 
coming back to the USA. 
Unemployment is nearing record 
lows. We are on the right track! 

28/01/18 8.18 AM POSITIVE Subsequent Included   

89 
FIAT 
Chrysler 
Automobiles 

As a candidate I pledged that if 
elected I would use every lawful 
tool to combat unfair trade protect 
American workers and defend our 
national security.  Today we took 
another critical step to fulfill that 
commitment. 
https://t.co/7NBI0Dibmx 
https://t.co/nmzqos3BUA 

22/03/18 2.40 PM POSITIVE Subsequent Included   
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90 Ford Motor 
Company 

Just got a call from my friend Bill 
Ford Chairman of Ford who advised 
me that he will be keeping the 
Lincoln plant in Kentucky - no 
Mexico 

17/11/16 9.01 PM POSITIVE First-time Omitted Overlapping event windows 

91 Ford Motor 
Company 

I worked hard with Bill Ford to 
keep the Lincoln plant in Kentucky. 
I owed it to the great State of 
Kentucky for their confidence in 
me! 

17/11/16 9.15 PM POSITIVE Subsequent Omitted Overlapping event windows 

92 Ford Motor 
Company 

""@DanScavino: Ford to scrap 
Mexico plant invest in Michigan 
due to Trump 
policies""https://t.co/137nUo03Gl 

03/01/17 11.44 AM POSITIVE First-time Omitted 

Press Release, Ford, 3 January 
2017: Ford Adding Electrified F-
150, Mustang, Transit by 2020 in 
Major EV Push; Expanded U.S. 
Plant to Add 700 Jobs to Make 
EVs, Autonomous Cars, 
https://media.ford.com/content/ford
media/fna/us/en/news/2017/01/03/f
ord-adding-electrified-f-150-
mustang-transit-by-2020.html 

93 Ford Motor 
Company 

Thank you to Ford for scrapping a 
new plant in Mexico and creating 
700 new jobs in the U.S. This is just 
the beginning - much more to 
follow 

04/01/17 8.19 AM POSITIVE Subsequent Omitted Overlapping event windows 

94 Ford Motor 
Company 

It's finally happening - Fiat Chrysler 
just announced plans to invest 
$1BILLION in Michigan and Ohio 
plants adding 2000 jobs. This 
after… Ford said last week that it 
will expand in Michigan and U.S. 
instead of building a BILLION 
dollar plant in Mexico. Thank you 
Ford &amp; Fiat C! 

09/01/17 9.14 AM POSITIVE Subsequent Omitted Overlapping event windows 

95 Ford Motor 
Company 

Totally biased @NBCNews went 
out of its way to say that the big 
announcement from Ford G.M. 
Lockheed &amp; others that jobs 
are coming back… to the U.S. but 
had nothing to do with TRUMP is 
more FAKE NEWS. Ask top CEO's 
of those companies for real facts. 
Came back because of me! 

18/01/17 7.34 AM POSITIVE Subsequent Omitted Overlapping event windows 

96 Ford Motor 
Company 

Great meeting with Ford CEO Mark 
Fields and General Motors CEO 
Mary Barra at the @WhiteHouse 
today. https://t.co/T0eIgO6LP8 

24/01/17 7.46 PM POSITIVE First-time Omitted Overlapping event windows 
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97 Ford Motor 
Company 

Big announcement by Ford today. 
Major investment to be made in 
three Michigan plants. Car 
companies coming back to U.S.  
JOBS! JOBS! JOBS! 

28/03/17 6.36 AM POSITIVE First-time Omitted 

Press Release, Ford, 28 January 
2017: Ford Investing $1.2 Billion in 
Three Michigan Facilities, Further 
Bolstering Leadership in Trucks, 
SUVs, Mobility, 
https://media.ford.com/content/ford
media/fna/us/en/news/2017/03/28/f
ord-investing-one-point-two-
billion-in-three-michigan-
facilities.html 

98 Ford Motor 
Company 

Sergio Marchionne who passed 
away today was one of the most 
brilliant &amp; successful car 
executives since the days of the 
legendary Henry Ford. It was a 
great honor for me to get to know 
Sergio as POTUS he loved the car 
industry and fought hard for it. He 
will be truly missed! 

25/07/18 6.45 PM POSITIVE First-time Omitted 

Announcement, Sergio Machionne 
sadly dies, 25 July 2018: 
https://uk.reuters.com/article/us-
fiatchrysler-ceo/fiat-chryslers-
marchionne-dies-shares-dive-on-
profit-slide-idUKKBN1KF1ST 

99 Ford Motor 
Company 

“Ford has abruptly killed a plan to 
sell a Chinese-made small vehicle 
in the U.S. because of the prospect 
of higher U.S. Tariffs.” CNBC.  
This is just the beginning. This car 
can now be BUILT IN THE U.S.A. 
and Ford will pay no tariffs! 

09/09/18 9.49 AM POSITIVE Subsequent Included   

100 
Foxconn 
Technology 
Group 

Thank you Foxconn for investing 
$10 BILLION DOLLARS with the 
potential for up to 13K new jobs in 
Wisconsin! MadeInTheUSA! 
https://t.co/jJghVeb63s 

26/07/17 8.01 PM POSITIVE First-time Omitted 

Announcement, Foxconn, 26 July 
2017: Foxconn announces U.S. 
manufacturing plant in Wisconsin, 
https://fr.reuters.com/article/technol
ogyNews/idUKKBN1AB258?fbclid
=IwAR3iAmbBJ0ure6eEQZcbTFE
YcgEoSnMYASHrgPMB74Tg0OX
sI1w24htc4wk 

101 
Foxconn 
Technology 
Group 

....and don't forget that Foxconn 
will be spending up to 10 billion 
dollars on a top of the line 
plant/plants in Wisconsin. 

04/08/17 6.21 AM POSITIVE Subsequent Omitted Overlapping event windows 

102 
Foxconn 
Technology 
Group 

MAKE AMERICA GREAT 
AGAIN! https://t.co/g4ELhh9joH 06/08/17 9.15 AM POSITIVE Subsequent Omitted Overlapping event windows 
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103 
Foxconn 
Technology 
Group 

As a candidate I pledged that if 
elected I would use every lawful 
tool to combat unfair trade protect 
American workers and defend our 
national security.  Today we took 
another critical step to fulfill that 
commitment. 
https://t.co/7NBI0Dibmx 
https://t.co/nmzqos3BUA 

22/03/18 2.40 PM POSITIVE Subsequent Included   

104 
Foxconn 
Technology 
Group 

I am in Milwaukee Wisconsin for 
meetings. Soon to leave for a big 
groundbreaking for Foxconn which 
is building a great new electronics 
plant in Wisconsin. 15000 Jobs so 
great! 

28/06/18 9.06 AM POSITIVE Subsequent Omitted Overlapping event windows 

105 
Foxconn 
Technology 
Group 

Today we broke ground on a plant 
that will provide jobs for up to 
15000 Wisconsin Workers! As 
Foxconn has discovered there is no 
better place to build hire and grow 
than right here in the United States! 
https://t.co/tOFFodZYvK 

28/06/18 2.57 PM POSITIVE Subsequent Omitted Overlapping event windows 

106 
Foxconn 
Technology 
Group 

AMERICA IS OPEN FOR 
BUSINESS! 
https://t.co/fuRF2Z6CZl 

28/06/18 3.09 PM POSITIVE First-time Omitted Overlapping event windows 

107 
Foxconn 
Technology 
Group 

The new plant being built by 
Foxconn in Wisconsin is incredible. 
Congratulations to the people of 
Wisconsin and to Governor Scott 
Walker @GovWalker and his 
talented representatives for having 
pulled it off. Great job! 

29/06/18 7.30 PM POSITIVE Subsequent Omitted Overlapping event windows 

108 
Foxconn 
Technology 
Group 

Scott Walker of Wisconsin is a 
tremendous Governor who has done 
incredible things for that Great 
State. He has my complete &amp; 
total Endorsement! He brought the 
amazing Foxconn to Wisconsin 
with its 15000 Jobs-and so much 
more. Vote for Scott on Tuesday in 
the Republican Primary! 

13/08/18 9.37 PM POSITIVE Subsequent Omitted 

Announcement, The White House, 
14 August 018: Donald Trump And 
Scott Walker Approve Foxconn’s 
Request To Pollute Lake Michigan 
And Beyond, 
https://hillreporter.com/donald-
trump-scott-walker-approve-
foxconns-request-to-pollute-lake-
michigan-
5705?fbclid=IwAR2t5Ppa8FhrokSq
6ByPuarsdXRePQ60YvoXLOFzhG
uVOby3LYMzmHfQHs0 



 Page 28 of 63 

109 
General 
Motors 
Company 

General Motors is sending Mexican 
made model of Chevy Cruze to U.S. 
car dealers-tax free across border. 
Make in U.S.A.or pay big border 
tax! 

03/01/17 7.30 AM NEGATIVE First-time Included   

110 
General 
Motors 
Company 

Thank you to General Motors and 
Walmart for starting the big jobs 
push back into the U.S.! 

17/01/17 12.55 PM POSITIVE First-time Omitted 

Press Release, General Motors, 17 
Janary 2017: General Motors says 
to invest additional $1 billion in 
U.S., 
https://www.reuters.com/article/us-
gm-jobs-trump-
idUSKBN15107B?fbclid=IwAR3E
h9pBlZ-
dBpps43Th1W312S7YMhYOoPoX
NCWHmUeh0CQSkKo2pQbhZgI 

111 
General 
Motors 
Company 

Totally biased @NBCNews went 
out of its way to say that the big 
announcement from Ford G.M. 
Lockheed &amp; others that jobs 
are coming back… to the U.S. but 
had nothing to do with TRUMP is 
more FAKE NEWS. Ask top CEO's 
of those companies for real facts. 
Came back because of me! 

18/01/17 7.34 AM POSITIVE Subsequent Omitted Overlapping event windows 

112 
General 
Motors 
Company 

Great meeting with Ford CEO Mark 
Fields and General Motors CEO 
Mary Barra at the @WhiteHouse 
today. https://t.co/T0eIgO6LP8 

24/01/17 7.46 PM POSITIVE First-time Omitted 

Announcement, The White House, 
25 January 2017, 
https://twitter.com/realDonaldTrum
p/status/824055927200423936/vide
o/1 

113 
General 
Motors 
Company 

Very disappointed with General 
Motors and their CEO Mary Barra 
for closing plants in Ohio Michigan 
and Maryland. Nothing being 
closed in Mexico &amp; China. 
The U.S. saved General Motors and 
this is the THANKS we get! We are 
now looking at cutting all @GM 
subsidies including for electric cars. 
General Motors made a big China 
bet years ago when they built plants 
there (and in Mexico) - don’t think 
that bet is going to pay off. I am 
here to protect America’s Workers! 

27/11/18 2.05 PM NEGATIVE First-time Omitted 

Press Release, General Motors,  27 
November 2018: G.M. to Idle 
Plants and Cut Thousands of Jobs 
as Sales Slow, 
https://www.nytimes.com/2018/11/
26/business/general-motors-
cutbacks.html?fbclid=IwAR0dZ6sR
j19MHWZ6kLEOd-
KE5CotJhJh3ehTYv5yxpVhSmNFs
OpNC0ax6p4 
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114 
General 
Motors 
Company 

RT @The_Trump_Train: If GM 
doesn't want to keep their jobs in 
the United States they should pay 
back the $11.2 billion bailout that 
was fu… 

28/11/18 8.40 AM NEGATIVE Subsequent Omitted Overlapping event windows 

115 
General 
Motors 
Company 

The reason that the small truck 
business in the U.S. is such a go to 
favorite is that for many years 
Tariffs of 25% have been put on 
small trucks coming into our 
country. It is called the “chicken 
tax.” If we did that with cars 
coming in many more cars would 
be built here and G.M. would not be 
closing their plants in Ohio 
Michigan &amp; Maryland. Get 
smart Congress. Also the countries 
that send us cars have taken 
advantage of the U.S. for decades. 
The President has great power on 
this issue - Because of the G.M. 
event it is being studied now! 

28/11/18 9.43 AM NEGATIVE Subsequent Omitted Overlapping event windows 

116 
General 
Motors 
Company 

General Motors is very counter to 
what other auto and other 
companies are doing. Big Steel is 
opening and renovating plants all 
over the country. Auto companies 
are pouring into the U.S. including 
BMW which just announced a 
major new plant. The U.S.A. is 
booming! 

29/11/18 6.37 AM NEGATIVE Subsequent Omitted Overlapping event windows 

117 
Harley 
Davidson 
Inc. 

Surprised that Harley-Davidson of 
all companies would be the first to 
wave the White Flag. I fought hard 
for them and ultimately they will 
not pay tariffs selling into the E.U. 
which has hurt us badly on trade 
down $151 Billion. Taxes just a 
Harley excuse - be patient!  
#MAGA 

25/06/18 5.28 PM NEGATIVE First-time Omitted 

Press Release, Harley Davidson, 25 
June 2018: Regulation FD 
Disclosure, 
https://www.sec.gov/Archives/edga
r/data/793952/00007939521800003
8/a8-
kitem701tariffdisclosur.htm?fbclid=
IwAR39svpp-
QvC_DvNR7543tyQNqFXy9ADxv
_evw73f5TjhYRW8x2wZn4sLqg 
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118 
Harley 
Davidson 
Inc. 

Early this year Harley-Davidson 
said they would move much of their 
plant operations in Kansas City to 
Thailand. That was long before 
Tariffs were announced. Hence they 
were just using Tariffs/Trade War 
as an excuse. Shows how 
unbalanced &amp; unfair trade is 
but we will fix it. We are getting 
other countries to reduce and 
eliminate tariffs and trade barriers 
that have been unfairly used for 
years against our farmers workers 
and companies. We are opening up 
closed markets and expanding our 
footprint. They must play fair or 
they will pay tariffs! When I had 
Harley-Davidson officials over to 
the White House I chided them 
about tariffs in other countries like 
India being too high. Companies are 
now coming back to America. 
Harley must know that they won’t 
be able to sell back into U.S. 
without paying a big tax! We are 
finishing our study of Tariffs on 
cars from the E.U. in that they have 
long taken advantage of the U.S. in 
the form of Trade Barriers and 
Tariffs. In the end it will all even 
out - and it won’t take very long! 

26/06/18 7.16 AM NEGATIVE Subsequent Omitted Overlapping event windows 

119 
Harley 
Davidson 
Inc. 

A Harley-Davidson should never be 
built in another country-never! 
Their employees and customers are 
already very angry at them. If they 
move watch it will be the beginning 
of the end - they surrendered they 
quit! The Aura will be gone and 
they will be taxed like never before! 

26/06/18 8.17 AM NEGATIVE Subsequent Omitted Overlapping event windows 



 Page 31 of 63 

120 
Harley 
Davidson 
Inc. 

Harley-Davidson should stay 100% 
in America with the people that got 
you your success. I’ve done so 
much for you and then this. Other 
companies are coming back where 
they belong! We won’t forget and 
neither will your customers or your 
now very HAPPY competitors! 

27/06/18 11.26 AM NEGATIVE Subsequent Omitted Overlapping event windows 

121 
Harley 
Davidson 
Inc. 

Now that Harley-Davidson is 
moving part of its operation out of 
the U.S. my Administration is 
working with other Motor Cycle 
companies who want to move into 
the U.S. Harley customers are not 
happy with their move - sales are 
down 7% in 2017. The U.S. is 
where the Action is! 

03/07/18 10.00 AM NEGATIVE Subsequent Omitted Overlapping event windows 

122 
Harley 
Davidson 
Inc. 

Many @harleydavidson owners 
plan to boycott the company if 
manufacturing moves overseas. 
Great! Most other companies are 
coming in our direction including 
Harley competitors. A really bad 
move! U.S. will soon have a level 
playing field or better. 

12/08/18 8.57 AM NEGATIVE First-time Included   

123 Humana Inc. 

Obamacare continues to fail. 
Humana to pull out in 2018. Will 
repeal replace &amp; save 
healthcare for ALL Americans. 
https://t.co/glWEQ0lNR4 

14/02/17 5.50 PM POSITIVE First-time Omitted 

Announcement, Financial Times, 
14 February 2017: Insurer Humana 
to drop out of Obamacare 
exchanges in 2018 Humana's CEO 
said during call, 
https://www.ft.com/content/091c9d
27-1a20-35c1-8dbb-a13129fa293b  

124 Intel 
Corporation 

Thank you Brian Krzanich CEO of 
@Intel. A great investment ($7 
BILLION) in American 
INNOVATION and JOBS!… 
https://t.co/oicfDsPKHQ 

08/02/17 2.22 PM POSITIVE First-time Omitted 

Announcement, Intel, 8 February 
2017: Intel to invest $7 billion in 
AZ factory, 
https://www.reuters.com/video/201
7/02/08/intel-to-invest-7-billion-in-
az-factory?videoId=371084567 
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125 Intel 
Corporation 

Wow @FoxNews just reporting big 
news. Source: ""Official behind 
unmasking is high up. Known Intel 
official is responsible. Some 
unmasked not associated with 
Russia. Trump team spied on before 
he was nominated."" If this is true 
does not get much bigger. Would be 
sad for U.S. 

01/04/17 12.50 PM NEGATIVE First-time Included   

126 Intel 
Corporation 

Disproven and paid for by 
Democrats “Dossier used to spy on 
Trump Campaign. Did FBI use Intel 
tool to influence the Election?” 
@foxandfriends  Did Dems or 
Clinton also pay Russians? Where 
are hidden and smashed DNC 
servers? Where are Crooked Hillary 
Emails?  What a mess! 

11/01/18 6.33 AM NEGATIVE First-time Included   

127 JPMorgan 
Chase & Co. 

Tremendous investment by 
companies from all over the world 
being made in America. There has 
never been anything like it. Now 
Disney J.P. Morgan Chase and 
many others. Massive Regulation 
Reduction and Tax Cuts are making 
us a powerhouse again. Long way 
to go! Jobs Jobs Jobs! 

24/01/18 6.58 AM POSITIVE First-time Omitted 

Press Release, JPMorgan Chase, 23 
January 2018: JPMorgan Chase 
Makes Long-Term U.S. Investment 
in Employees, BranchExpansion 
and Local Economic Growth, 
http://pdf.reuters.com/htmlnews/ht
mlnews.asp?i=43059c3bf0e37541&
u=urn%3Anewsml%3Areuters.com
%3A20180123%3AnBw431kcwa&
fbclid=IwAR3_7hOO5FfMkgUDU
5Xebl2X4pZ2gmFavQsqTZvcOQ3
dQ74S4FuC2j4CwoQ 

128 
Lockheed 
Martin 
Corporation 

The F-35 program and cost is out of 
control. Billions of dollars can and 
will be saved on military (and 
other) purchases after January 20th. 

12/12/16 8.26 AM NEGATIVE First-time Included   

129 
Lockheed 
Martin 
Corporation 

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! 

22/12/16 5.26 PM NEGATIVE Subsequent Included   
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130 
Lockheed 
Martin 
Corporation 

Totally biased @NBCNews went 
out of its way to say that the big 
announcement from Ford G.M. 
Lockheed &amp; others that jobs 
are coming back… to the U.S. but 
had nothing to do with TRUMP is 
more FAKE NEWS. Ask top CEO's 
of those companies for real facts. 
Came back because of me! 

18/01/17 7.34 AM POSITIVE First-time Omitted 

Announcement, Lockheed Martin, 
18 January 2017: Lockheed Martin 
CEO: Close to deal to lower F-35 
costs, add 1,800 jobs, 
https://in.reuters.com/article/usa-
trump-lockheed-ceo/lockheed-
martin-ceo-close-to-deal-to-lower-f-
35-costs-add-1800-jobs-
idINW1N1DA0GE?fbclid=IwAR2h
yLJoKEsDfhHWHB2VTFHjOFBy
n3-w8E689RRKl-
A76knXtcfW3Z5L-0Q 

131 
Lockheed 
Martin 
Corporation 

I am reading that the great border 
WALL will cost more than the 
government originally thought but I 
have not gotten involved in the 
design or negotiations yet. When I 
do just like with the F-35 FighterJet 
or the Air Force One Program price 
will come WAY DOWN! 

11/02/17 8.18 AM NEGATIVE First-time Included   

132 
Lockheed 
Martin 
Corporation 

RT @DanScavino: “Lockheed 
Martin will add 400 workers to 
boost production of the F-35 fighter 
jet the most expensive in U.S. 
history afte… 

24/07/18 7.01 AM NEGATIVE First-time Omitted 

Press Release, Lockheed Martin, 23 
July 2018: Lockheed Martin Meets 
1,800 Employee Hiring 
Commitment; Plans to Add 400 
More Jobs in Fort Worth, 
https://www.f35.com/news/detail/lo
ckheed-martin-meets-1800-
employee-hiring-commitment-
plans-to-add-400-more 

133 Mazda Motor 
Corporation 

Toyota &amp; Mazda to build a 
new $1.6B plant here in the U.S.A. 
and create 4K new American jobs. 
A great investment in American 
manufacturing! 

04/08/17 6.02 AM POSITIVE First-time Omitted 

Announcement, Mazda, 3 August 
2017: Toyota to build $1.6 billion 
U.S. plant with rival Mazda: source, 
https://www.reuters.com/article/us-
toyota-mazda-
idUSKBN1AJ2O4?fbclid=IwAR3L
rMVxQCpW-
guLMbwz8bnG_TJqI4s32yqXuNK
T1TNR-X4_fKOf-27XZLE 

134 Mazda Motor 
Corporation 

MAKE AMERICA GREAT 
AGAIN! https://t.co/g4ELhh9joH 06/08/17 9.15 AM POSITIVE Subsequent Omitted Overlapping event windows 

135 Mazda Motor 
Corporation 

Cutting taxes and simplifying 
regulations makes America the 
place to invest! Great news as 
Toyota and Mazda announce they 
are bringing 4000 JOBS and 
investing $1.6 BILLION in 
Alabama helping to further grow 
our economy! 
https://t.co/Kcg8IVH6iA 

10/01/18 6.37 PM POSITIVE Subsequent Omitted Overlapping event windows 
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136 Mazda Motor 
Corporation 

Good news: Toyota and Mazda 
announce giant new Huntsville 
Alabama plant which will produce 
over 300000 cars and SUV’s a year 
and employ 4000 people. 
Companies are coming back to the 
U.S. in a very big way. 
Congratulations Alabama! 

10/01/18 11.29 PM POSITIVE Subsequent Omitted Overlapping event windows 

137 Merck & Co. 
Inc. 

Billions of dollars in investments 
&amp; thousands of new jobs in 
America! An initiative via Corning 
Merck &amp; Pfizer: 
https://t.co/QneN48bSiq 
https://t.co/5VtMfuY3PM 

20/07/17 11.31 PM POSITIVE First-time Omitted 

Press Release, The White House, 20 
July 2017: $4 Billion Investment 
and 4,000 Jobs from Corning, 
Merck, and Pfizer Initiative, 
https://www.whitehouse.gov/article
s/4-billion-investment-4000-jobs-
corning-merck-pfizer-initiative/ 

138 Merck & Co. 
Inc. 

Now that Ken Frazier of Merck 
Pharma has resigned from 
President's Manufacturing 
Councilhe will have more time to 
LOWER RIPOFF DRUG PRICES! 

14/08/17 8.54 AM NEGATIVE First-time Omitted 

Announcement, Merck & Co., 14 
August 2017: Three CEOs resign 
from Trump council over 
Charlottesville, 
https://www.reuters.com/article/us-
virginia-protests-merck-
idUSKCN1AU1FM 

139 Merck & Co. 
Inc. 

.@Merck Pharma is a leader in 
higher &amp; higher drug prices 
while at the same time taking jobs 
out of the U.S. Bring jobs back 
&amp; LOWER PRICES! 

14/08/17 6.09 PM NEGATIVE Subsequent Omitted Overlapping event windows 

140 Microsoft 
Corporation 

.@BillGates and 
@JimBrownNFL32 in my Trump 
Tower office yesterday- two great 
guys! https://t.co/4PjSOEU5y9 

14/12/16 1.07 PM POSITIVE First-time Included   

141 Nike Inc. 

Just like the NFL whose ratings 
have gone WAY DOWN Nike is 
getting absolutely killed with anger 
and boycotts. I wonder if they had 
any idea that it would be this way? 
As far as the NFL is concerned I 
just find it hard to watch and always 
will until they stand for the FLAG! 

05/09/18 9.39 AM NEGATIVE First-time Omitted 

Announcement, Nike, 4 September 
2018: 'Believe in something, even if 
it means sacrificing everything': 
Colin Kaepernick signs a deal with 
Nike, 
https://nationalpost.com/sports/foot
ball/nfl/kaepernick-has-new-deal-
with-nike-though-hes-not-in-nfl 

142 Nike Inc. What was Nike thinking? 07/09/18 6.56 AM NEGATIVE Subsequent Omitted Overlapping event windows 

143 Nordstrom 
Inc. 

My daughter Ivanka has been 
treated so unfairly by @Nordstrom. 
She is a great person -- always 
pushing me to do the right thing! 
Terrible! 

08/02/17 10.51 AM NEGATIVE First-time Included   
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144 
Novartis 
International 
AG 

RT @SecAzar: .@POTUS has 
made clear that it’s time for drug 
companies to put American Patients 
First — Novartis halting its 
prescription dr… 

18/07/18 5.34 PM POSITIVE First-time Omitted Overlapping event windows 

145 
Novartis 
International 
AG 

Thank you to Novartis for not 
increasing your prices on 
prescription drugs. Likewise to 
Pfizer. We are making a big push to 
actually reduce the prices maybe 
substantially on prescription drugs. 

19/07/18 6.23 AM POSITIVE Subsequent Omitted Overlapping event windows 

146 Pfizer Inc. 

Billions of dollars in investments 
&amp; thousands of new jobs in 
America! An initiative via Corning 
Merck &amp; Pfizer: 
https://t.co/QneN48bSiq 
https://t.co/5VtMfuY3PM 

20/07/17 11.31 PM POSITIVE First-time Omitted 

Press Release, The White House, 20 
July 2017: $4 Billion Investment 
and 4,000 Jobs from Corning, 
Merck, and Pfizer Initiative, 
https://www.whitehouse.gov/article
s/4-billion-investment-4000-jobs-
corning-merck-pfizer-initiative/ 

147 Pfizer Inc. 

Pfizer &amp; others should be 
ashamed that they have raised drug 
prices for no reason. They are 
merely taking advantage of the poor 
&amp; others unable to defend 
themselves while at the same time 
giving bargain basement prices to 
other countries in Europe &amp; 
elsewhere. We will respond! 

09/07/18 1.08 PM NEGATIVE First-time Omitted 

Announcements, Pfizer, 2 
September 2018: Pfizer Raises 
Prices on Prescription Drugs Like 
Viagra and Chantix for the Second 
Time This Year, 
http://fortune.com/2018/07/02/pfize
r-raises-prescription-drug-prices-
viagra-chantix/ 

148 Pfizer Inc. 

Just talked with Pfizer CEO and 
@SecAzar on our drug pricing 
blueprint. Pfizer is rolling back 
price hikes so American patients 
don’t pay more. We applaud Pfizer 
for this decision and hope other 
companies do the same. Great news 
for the American people! 

10/07/18 6.37 PM POSITIVE Subsequent Omitted Overlapping event windows 

149 Pfizer Inc. 

Thank you to Novartis for not 
increasing your prices on 
prescription drugs. Likewise to 
Pfizer. We are making a big push to 
actually reduce the prices maybe 
substantially on prescription drugs. 

19/07/18 6.23 AM POSITIVE Subsequent Included   

150 Rexnord 
Corporation 

Rexnord of Indiana is moving to 
Mexico and rather viciously firing 
all of its 300 workers. This is 
happening all over our country. No 
more! 

02/12/16 10.06 PM NEGATIVE First-time Included   
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151 Rexnord 
Corporation 

Rexnord of Indiana made a deal 
during the Obama Administration to 
move to Mexico. Fired their 
employees. Tax product big that's 
sold in U.S. 

07/05/17 6.58 PM NEGATIVE Subsequent Included   

152 
Samsung 
Electronics 
Corporation 

Thank you @Samsung! We would 
love to have you! 
https://t.co/r5nxC9oOA4 

02/02/17 12.29 PM POSITIVE First-time Omitted 

Announcement, Reuters, 2 February 
2017: Samsung may manufacture 
devices in the US to please 
President Trump, 
https://www.businessinsider.com/r-
samsung-electronics-may-build-a-
us-manufacturing-base-for-
appliances-source-2017-
2?r=US&IR=T&IR=T 

153 
Samsung 
Electronics 
Corporation 

Where are the 50000 important text 
messages between FBI lovers Lisa 
Page and Peter Strzok?  Blaming 
Samsung! 

23/01/18 10.54 PM NEGATIVE First-time Included   

154 

Sinclair 
Broadcast 
Group (SBG) 
Inc. 

So funny to watch Fake News 
Networks among the most dishonest 
groups of people I have ever dealt 
with criticize Sinclair Broadcasting 
for being biased. Sinclair is far 
superior to CNN and even more 
Fake NBC which is a total joke. 

02/04/18 9.28 AM POSITIVE First-time Included   

155 

Sinclair 
Broadcast 
Group (SBG) 
Inc. 

So sad and unfair that the FCC 
wouldn’t approve the Sinclair 
Broadcast merger with Tribune. 
This would have been a great and 
much needed Conservative voice 
for and of the People. Liberal Fake 
News NBC and Comcast gets 
approved much bigger but not 
Sinclair. Disgraceful! 

24/07/18 8.39 PM POSITIVE First-time Included   

156 SoftBank 
Group Corp. 

Masa (SoftBank) of Japan has 
agreed to invest $50 billion in the 
U.S. toward businesses and 50000 
new jobs. Masa said he would never 
do this had we (Trump) not won the 
election! 

06/12/16 2.09 PM POSITIVE First-time Omitted 

Announcement, SoftBank, 6 
December 2016: 
https://www.bloomberg.com/news/a
rticles/2016-12-06/japan-s-
softbank-to-invest-50-billion-in-the-
u-s-trump-says, 
https://www.bloomberg.com/news/a
rticles/2016-12-06/japan-s-
softbank-to-invest-50-billion-in-the-
u-s-trump-says  
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157 
Steel 
Dynamics 
Inc. 

Steel Dynamics announced that it 
will build a brand new 3 million ton 
steel mill in the Southwest that will 
create 600 good-paying U.S. JOBS. 
Steel JOBS are coming back to 
America just like I predicted. 
Congratulations to Steel Dynamics! 

28/11/18 11.09 AM POSITIVE First-time Omitted 

Announcement, Steel Dynamics, 26 
November 2018: Steel Dynamics 
Announces a New Organic Flat 
Roll Steel Mill Investment, 
http://ir.steeldynamics.com/profiles/
investor/ResLibraryView.asp?ResL
ibraryID=89224&BzID=2197&g=6
81&Nav=0&LangID=1&s=0&fbcli
d=IwAR23N2B7pzfydrENA2xxjHb
nkqlT4Vo74iL2Qibw8zRkg07cPRz
xfTIepNo 

158 Tesla Inc. 

Congratulations @ElonMusk and 
@SpaceX on the successful 
#FalconHeavy launch. This 
achievement along with @NASA’s 
commercial and international 
partners continues to show 
American ingenuity at its best! 
https://t.co/eZfLSpyJPK 

06/02/18 10.05 PM POSITIVE First-time Omitted 

Press Release, Tesla, 6 February 
2018: Falcon Heavy Test Launch, 
https://www.spacex.com/news/2018
/02/07/falcon-heavy-test-launch 

159 The Boeing 
Company 

Boeing is building a brand new 747 
Air Force One for future presidents 
but costs are out of control more 
than $4 billion. Cancel order! 

06/12/16 8.52 AM NEGATIVE First-time Included   

160 The Boeing 
Company 

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! 

22/12/16 5.26 PM POSITIVE First-time Included   

161 The Boeing 
Company 

I am reading that the great border 
WALL will cost more than the 
government originally thought but I 
have not gotten involved in the 
design or negotiations yet. When I 
do just like with the F-35 FighterJet 
or the Air Force One Program price 
will come WAY DOWN! 

11/02/17 8.18 AM NEGATIVE First-time Omitted Overlapping event windows 

162 The Boeing 
Company 

Going to Charleston South Carolina 
in order to spend time with Boeing 
and talk jobs! Look forward to it. 

17/02/17 6.38 AM POSITIVE First-time Omitted Overlapping event windows 

163 The Boeing 
Company 

RT @Scavino45: “Trump Comes 
Through — Saves $1.4 Billion On 
New Air Force One” 
https://t.co/cN3TAQywpR 

01/03/18 9.58 PM NEGATIVE First-time Included   

164 The Boeing 
Company 

Thank you for hosting! #MAGA 
https://t.co/9pHH60DVlX 14/03/18 5.20 PM POSITIVE First-time Included   
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165 The Boeing 
Company 

NASA which is making a BIG 
comeback under the Trump 
Administration has just named 9 
astronauts for Boeing and Spacex 
space flights. We have the greatest 
facilities in the world and we are 
now letting the private sector pay to 
use them. Exciting things 
happening. Space Force! 

03/08/18 6.43 PM POSITIVE First-time Omitted 

Announcement, NASA, 03 August 
2018: NASA Assigns Crews to 
First Test Flights, Missions on 
Commercial Spacecraft, 
https://www.nasa.gov/press-
release/nasa-assigns-crews-to-first-
test-flights-missions-on-
commercial-spacecraft 

166 The Boeing 
Company 

I am pleased to announce that our 
very talented Deputy Secretary of 
Defense Patrick Shanahan will 
assume the title of Acting Secretary 
of Defense starting January 1 2019. 
Patrick has a long list of 
accomplishments while serving as 
Deputy &amp; previously Boeing. 
He will be great! 

23/12/18 11.46 AM POSITIVE First-time Included   

167 The New 
York Times 

Wow the @nytimes is losing 
thousands of subscribers because of 
their very poor and highly 
inaccurate coverage of the ""Trump 
phenomena"" 

13/11/16 9.16 AM NEGATIVE First-time Omitted Overlapping event windows 

168 The New 
York Times 

The @nytimes sent a letter to their 
subscribers apologizing for their 
BAD coverage of me. I wonder if it 
will change - doubt it? 

13/11/16 9.43 AM NEGATIVE First-time Omitted Overlapping event windows 

169 The New 
York Times 

The @nytimes states today that DJT 
believes ""more countries should 
acquire nuclear weapons."" How 
dishonest are they. I never said this! 

13/11/16 11.03 AM NEGATIVE First-time Omitted Overlapping event windows 

170 The New 
York Times 

The failing @nytimes story is so 
totally wrong on transition. It is 
going so smoothly. Also I have 
spoken to many foreign leaders. 

16/11/16 7.12 AM NEGATIVE Subsequent Omitted Overlapping event windows 

171 The New 
York Times 

I have recieved and taken calls from 
many foreign leaders despite what 
the failing @nytimes said. Russia 
U.K. China Saudi Arabia Japan 

16/11/16 7.17 AM NEGATIVE First-time Omitted Overlapping event windows 
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172 The New 
York Times 

Australia New Zealand and more. I 
am always available to them. 
@nytimes is just upset that they 
looked like fools in their coverage 
of me. 

16/11/16 7.25 AM NEGATIVE First-time Omitted Overlapping event windows 

173 The New 
York Times 

I cancelled today's meeting with the 
failing @nytimes when the terms 
and conditions of the meeting were 
changed at the last moment. Not 
nice 

22/11/16 6.16 AM NEGATIVE First-time Omitted Overlapping event windows 

174 The New 
York Times 

Perhaps a new meeting will be set 
up with the @nytimes. In the 
meantime they continue to cover me 
inaccurately and with a nasty tone! 

22/11/16 6.31 AM NEGATIVE First-time Omitted Overlapping event windows 

175 The New 
York Times 

The failing @nytimes just 
announced that complaints about 
them are at a 15 year high. I can 
fully understand that - but why 
announce? 

22/11/16 6.36 AM NEGATIVE First-time Omitted Overlapping event windows 

176 The New 
York Times 

The meeting with the @nytimes is 
back on at 12:30 today. Look 
forward to it! 

22/11/16 10.40 AM NEGATIVE Subsequent Omitted Overlapping event windows 

177 The New 
York Times 

The failing @nytimes has been 
wrong about me from the very 
beginning. Said I would lose the 
primaries then the general election. 
FAKE NEWS! 

28/01/17 8.04 AM NEGATIVE Subsequent Omitted Overlapping event windows 

178 The New 
York Times 

Thr coverage about me in the 
@nytimes and the 
@washingtonpost gas been so false 
and angry that the times actually 
apologized to its..... 

28/01/17 8.08 AM NEGATIVE First-time Omitted Overlapping event windows 

179 The New 
York Times 

Somebody with aptitude and 
conviction should buy the FAKE 
NEWS and failing @nytimes and 
either run it correctly or let it fold 
with dignity! 

29/01/17 8.00 AM NEGATIVE First-time Omitted Overlapping event windows 

180 The New 
York Times 

After being forced to apologize for 
its bad and inaccurate coverage of 
me after winning the election the 
FAKE NEWS @nytimes is still 
lost! 

04/02/17 8.39 AM NEGATIVE First-time Omitted Overlapping event windows 

181 The New 
York Times 

The failing @nytimes writes total 
fiction concerning me. They have 
gotten it wrong for two years and 
now are making up stories &amp; 
sources! 

06/02/17 11.32 AM NEGATIVE First-time Omitted Overlapping event windows 
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182 The New 
York Times 

The failing @nytimes was forced to 
apologize to its subscribers for the 
poor reporting it did on my election 
win. Now they are worse! 

06/02/17 9.33 PM NEGATIVE First-time Omitted Overlapping event windows 

183 The New 
York Times 

The failing @nytimes does major 
FAKE NEWS China story saying 
""Mr.Xi has not spoken to Mr. 
Trump since Nov.14."" We spoke at 
length yesterday! 

10/02/17 8.35 AM NEGATIVE First-time Omitted Overlapping event windows 

184 The New 
York Times 

Information is being illegally given 
to the failing @nytimes &amp; 
@washingtonpost by the 
intelligence community (NSA and 
FBI?).Just like Russia 

15/02/17 7.19 AM NEGATIVE First-time Omitted Overlapping event windows 

185 The New 
York Times 

Leaking and even illegal classified 
leaking has been a big problem in 
Washington for years. Failing 
@nytimes (and others) must 
apologize! 

16/02/17 6.58 AM NEGATIVE First-time Omitted Overlapping event windows 

186 The New 
York Times 

The FAKE NEWS media (failing 
@nytimes @CNN @NBCNews and 
many more)    is not my enemy it is 
the enemy of the American people. 
SICK! 

17/02/17 4.32 PM NEGATIVE First-time Omitted Overlapping event windows 

187 The New 
York Times 

The FAKE NEWS media (failing 
@nytimes @NBCNews @ABC 
@CBS @CNN) is not my enemy it 
is the enemy of the American 
People! 

17/02/17 4.48 PM NEGATIVE First-time Omitted Overlapping event windows 

188 The New 
York Times 

FAKE NEWS media knowingly 
doesn't tell the truth. A great danger 
to our country. The failing 
@nytimes has become a joke. 
Likewise @CNN. Sad! 

24/02/17 10.09 PM NEGATIVE First-time Omitted Overlapping event windows 

189 The New 
York Times 

For first time the failing @nytimes 
will take an ad (a bad one) to help 
save its failing reputation. Try 
reporting accurately &amp; fairly! 

26/02/17 6.42 AM NEGATIVE First-time Omitted Overlapping event windows 

190 The New 
York Times 

The failing @NYTimes would do 
much better if they were honest! 
https://t.co/ATy8R3knS2 

28/03/17 11.26 AM POSITIVE First-time Omitted Overlapping event windows 

191 The New 
York Times 

Remember when the failing 
@nytimes apologized to its 
subscribers right after the election 
because their coverage was so 
wrong. Now worse! 

29/03/17 8.01 AM NEGATIVE First-time Omitted Overlapping event windows 
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192 The New 
York Times 

The failing @nytimes has disgraced 
the media world. Gotten me wrong 
for two solid years. Change libel 
laws? https://t.co/QIqLgvYLLi 

30/03/17 10.27 AM NEGATIVE First-time Omitted Overlapping event windows 

193 The New 
York Times 

The failing @nytimes finally gets it 
- ""In places where no insurance 
company offers plans there will be 
no way for ObamaCare customers 
to.. 

01/04/17 11.59 AM NEGATIVE First-time Omitted Overlapping event windows 

194 The New 
York Times 

Failing @nytimes which has been 
calling me wrong for two years just 
got caught in a big lie concerning 
New England Patriots visit to W.H. 

20/04/17 9.48 AM NEGATIVE First-time Omitted Overlapping event windows 

195 The New 
York Times 

RT @foxandfriends: NYT editor 
apologizes for misleading tweet 
about New England Patriots' visit to 
the White House (via 
@FoxFriendsFirst) h… 

21/04/17 6.11 AM NEGATIVE First-time Omitted Overlapping event windows 

196 The New 
York Times 

Sorry folks but if I would have 
relied on the Fake News of CNN 
NBC ABC CBS washpost or 
nytimes I would have had ZERO 
chance winning WH 

06/06/17 8.15 AM NEGATIVE Subsequent Included   

197 The New 
York Times 

So they caught Fake News CNN 
cold but what about NBC CBS 
&amp; ABC? What about the 
failing @nytimes &amp; 
@washingtonpost? They are all 
Fake News! 

27/06/17 8.47 AM NEGATIVE First-time Omitted Overlapping event windows 

198 The New 
York Times 

The failing @nytimes writes false 
story after false story about me. 
They don't even call to verify the 
facts of a story. A Fake News Joke! 

28/06/17 6.49 AM NEGATIVE First-time Omitted Overlapping event windows 

199 The New 
York Times 

The Failing New York Times foiled 
U.S. attempt to kill the single most 
wanted terroristAl-Baghdadi.Their 
sick agenda over National Security 

22/07/17 6.45 AM NEGATIVE First-time Omitted Overlapping event windows 

200 The New 
York Times 

It's hard to read the Failing New 
York Times or the Amazon 
Washington Post because every 
story/opinion even if should be 
positive is bad! 

23/07/17 7.57 PM NEGATIVE First-time Omitted Overlapping event windows 
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201 The New 
York Times 

Wow the Failing @nytimes said 
about @foxandfriends ""....the most 
powerful T.V. show in America."" 

27/07/17 6.48 AM NEGATIVE First-time Omitted Overlapping event windows 

202 The New 
York Times 

RT @dcexaminer: Emails show 
Washington Post New York Times 
reporters unenthusiastic about 
covering Clinton-Lynch meeting 
https://t.co/PKSL… 

04/08/17 7.27 PM NEGATIVE First-time Omitted Overlapping event windows 

203 The New 
York Times 

The failing @nytimes which has 
made every wrong prediction about 
me including my big election win 
(apologized) is totally inept! 

07/08/17 6.38 AM NEGATIVE First-time Omitted Overlapping event windows 

204 The New 
York Times 

Hard to believe that with 24/7 
#Fake News on CNN ABC NBC 
CBS NYTIMES &amp; WAPO the 
Trump base is getting stronger! 

07/08/17 7.18 AM NEGATIVE First-time Omitted Overlapping event windows 

205 The New 
York Times 

How much longer will the failing 
nytimes with its big losses and 
massive unfunded liability (and 
non-existent sources) remain in 
business? 

07/08/17 4.39 PM NEGATIVE First-time Omitted Overlapping event windows 

206 The New 
York Times 

RT @dmartosko: This is the 
#NYTimes. Can you understand 
why so many reporters are cautious 
about working for them? 
https://t.co/LRJKtFNgM4 

17/09/17 8.00 AM NEGATIVE First-time Included   

207 The New 
York Times 

Facebook was always anti-
Trump.The Networks were always 
anti-Trump henceFake News 
@nytimes(apologized) &amp; 
@WaPo were anti-Trump. 
Collusion? 

27/09/17 9.36 AM NEGATIVE First-time Included   

208 The New 
York Times 

The Failing @nytimes set Liddle' 
Bob Corker up by recording his 
conversation. Was made to sound a 
fool and that's what I am dealing 
with! 

10/10/17 8.50 AM NEGATIVE First-time Omitted Overlapping event windows 

209 The New 
York Times 

The Failing @nytimes in a story by 
Peter Baker should have mentioned 
the rapid terminations by me of TPP 
&amp; The Paris Accord &amp; the 
fast.... 

15/10/17 9.25 AM NEGATIVE First-time Omitted Overlapping event windows 
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210 The New 
York Times 

The failing @nytimes hates the fact 
that I have developed a great 
relationship with World leaders like 
Xi Jinping President of China..... 

15/11/17 11.35 AM NEGATIVE First-time Omitted Overlapping event windows 

211 The New 
York Times 

It is actually hard to believe how 
naive (or dumb) the Failing 
@nytimes is when it comes to 
foreign policy...weak and 
ineffective! 

15/11/17 11.52 AM NEGATIVE First-time Omitted Overlapping event windows 

212 The New 
York Times 

The Failing @nytimes the pipe 
organ for the Democrat Party has 
become a virtual lobbyist for them 
with regard to our massive Tax Cut 
Bill. They are wrong so often that 
now I know we have a winner! 

30/11/17 7.01 AM NEGATIVE First-time Omitted Overlapping event windows 

213 The New 
York Times 

The Failing @nytimes has totally 
gone against the Social Media 
Guidelines that they installed to 
preserve some credibility after 
many of their biased reporters went 
Rogue!  @foxandfriends 

30/11/17 7.15 AM NEGATIVE Subsequent Omitted Overlapping event windows 

214 The New 
York Times 

Another false story this time in the 
Failing @nytimes that I watch 4-8 
hours of television a day - Wrong!  
Also I seldom if ever watch CNN or 
MSNBC both of which I consider 
Fake News. I never watch Don 
Lemon who I once called the 
“dumbest man on television!” Bad 
Reporting. 

11/12/17 9.17 AM NEGATIVE First-time Included   

215 The New 
York Times 

The Failing New York Times has a 
new publisher A.G. Sulzberger. 
Congratulations! Here is a last 
chance for the Times to fulfill the 
vision of its Founder Adolph Ochs 
“to give the news impartially 
without fear or FAVOR regardless 
of party sect or interests involved.” 
Get... 

02/01/18 9.39 AM NEGATIVE First-time Included   
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216 The New 
York Times 

Do you notice the Fake News 
Mainstream Media never likes 
covering the great and record 
setting economic news but rather 
talks about anything negative or that 
can be turned into the negative. The 
Russian Collusion Hoax is dead 
except as it pertains to the Dems. 
Public gets it! 

16/01/18 9.19 AM NEGATIVE First-time Included   

217 The New 
York Times 

According to the @nytimes a 
Russian sold phony secrets on 
“Trump” to the U.S. Asking price 
was $10 million brought down to $1 
million to be paid over time. I hope 
people are now seeing &amp; 
understanding what is going on 
here. It is all now starting to come 
out - DRAIN THE SWAMP! 

10/02/18 10.20 AM NEGATIVE First-time Included   

218 The New 
York Times 

The Failing New York Times 
purposely wrote a false story stating 
that I am unhappy with my legal 
team on the Russia case and am 
going to add another lawyer to help 
out. Wrong. I am VERY happy with 
my lawyers John Dowd Ty Cobb 
and Jay Sekulow. They are doing a 
great job and..... 

11/03/18 9.41 AM NEGATIVE First-time Included   

219 The New 
York Times 

The Failing New York Times wrote 
another phony story. It was political 
pundit Doug Schoen not a 
Ukrainian businessman who asked 
me to do a short speech by phone 
(Skype) hosted by Doug in Ukraine. 
I was very positive about Ukraine-
another negative to the Fake Russia  
C story! 

11/04/18 6.30 AM NEGATIVE First-time Omitted Overlapping event windows 

220 The New 
York Times 

If I wanted to fire Robert Mueller in 
December as reported by the Failing 
New York Times I would have fired 
him. Just more Fake News from a 
biased newspaper! 

12/04/18 6.03 AM NEGATIVE First-time Omitted Overlapping event windows 
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221 The New 
York Times 

The New York Times and a third 
rate reporter named Maggie 
Habberman known as a Crooked H 
flunkie who I don’t speak to and 
have nothing to do with are going 
out of their way to destroy Michael 
Cohen and his relationship with me 
in the hope that he will “flip.” They 
use.... 

21/04/18 8.17 AM NEGATIVE First-time Omitted Overlapping event windows 

222 The New 
York Times 

The New York Times and a third 
rate reporter named Maggie 
Haberman known as a Crooked H 
flunkie who I don’t speak to and 
have nothing to do with are going 
out of their way to destroy Michael 
Cohen and his relationship with me 
in the hope that he will “flip.” They 
use.... 

21/04/18 9.10 AM NEGATIVE First-time Omitted Overlapping event windows 

223 The New 
York Times 

Headline: “Kim Prepared to Cede 
Nuclear Weapons if U.S. Pledges 
Not to Invade” - from the Failing 
New York Times. Also will shut 
down Nuclear Test Site in May. 

29/04/18 10.59 PM NEGATIVE First-time Included   

224 The New 
York Times 

The Failing New York Times 
criticized Secretary of State 
Pompeo for being AWOL (missing) 
when in fact he was flying to North 
Korea. Fake News so bad! 

09/05/18 6.38 PM NEGATIVE First-time Included   

225 The New 
York Times 

Things are really getting ridiculous. 
The Failing and Crooked (but not as 
Crooked as Hillary Clinton) 
@nytimes has done a long &amp; 
boring story indicating that the 
World’s most expensive Witch 
Hunt has found nothing on Russia 
&amp; me so now they are looking 
at the rest of the World! 

20/05/18 9.04 AM NEGATIVE First-time Omitted Overlapping event windows 

226 The New 
York Times 

Unlike what the Failing and Corrupt 
New York Times would like people 
to believe there is ZERO 
disagreement within the Trump 
Administration as to  how to deal 
with North Korea...and if there was 
it wouldn’t matter. The @nytimes 
has called me wrong right from the 
beginning! 

26/05/18 11.03 AM NEGATIVE First-time Omitted Overlapping event windows 
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227 The New 
York Times 

The Failing @nytimes quotes “a 
senior White House official” who 
doesn’t exist as saying “even if the 
meeting were reinstated holding it 
on June 12 would be impossible 
given the lack of time and the 
amount of planning needed.” 
WRONG AGAIN! Use real people 
not phony sources. 

26/05/18 11.21 AM NEGATIVE First-time Omitted Overlapping event windows 

228 The New 
York Times 

The Failing and Corrupt @nytimes 
estimated the crowd last night at 
“1000 people” when in fact it was 
many times that number - and the 
arena was rockin’. This is the way 
they demean and disparage. They 
are very dishonest people who don’t 
“get” me and never did! 

30/05/18 10.35 AM NEGATIVE First-time Omitted Overlapping event windows 

229 The New 
York Times 

“We ran out of words to describe 
how good the jobs numbers are.”  
Neil Irwin of the @nytimes. 

02/06/18 7.40 AM NEGATIVE Subsequent Omitted Overlapping event windows 

230 The New 
York Times 

RT @foxandfriends: 223000 jobs 
added in May even the NYT runs 
out of words to describe how good 
the numbers are! 
https://t.co/K1GB8G0zsf 

02/06/18 5.04 PM NEGATIVE Subsequent Omitted Overlapping event windows 

231 The New 
York Times 

“Disability applications plunge as 
economy strengthens”  Failing New 
York Times 

23/06/18 8.42 AM NEGATIVE First-time Included   

232 The New 
York Times 

Twitter is getting rid of fake 
accounts at a record pace. Will that 
include the Failing New York 
Times and propaganda machine for 
Amazon the Washington Post who 
constantly quote anonymous 
sources that in my opinion don’t 
exist - They will both be out of 
business in 7 years! 

07/07/18 9.21 AM NEGATIVE First-time Included   

233 The New 
York Times 

Had a very good and interesting 
meeting at the White House with 
A.G. Sulzberger Publisher of the 
New York Times. Spent much time 
talking about the vast amounts of 
Fake News being put out by the 
media &amp; how that Fake News 
has morphed into phrase “Enemy of 
the People.” Sad! 

29/07/18 8.30 AM POSITIVE Subsequent Omitted Overlapping event windows 
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234 The New 
York Times 

When the media - driven insane by 
their Trump Derangement 
Syndrome - reveals internal 
deliberations of our government it  
truly puts the lives of many not just 
journalists at risk! Very unpatriotic! 
Freedom of the press also comes 
with a responsibility to report the 
news accurately. 90% of media 
coverage of my Administration is 
negative despite the tremendously 
positive results we are achieving it’s 
no surprise that confidence in the 
media is at an all time low! I will 
not allow our great country to be 
sold out by anti-Trump haters in the 
dying newspaper industry. No 
matter how much they try to distract 
and cover it up our country is 
making great progress under my 
leadership and I will never stop 
fighting for the American people! 
As an example the failing New 
York Times...and the Amazon 
Washington Post do nothing but 
write bad stories even on very 
positive achievements - and they 
will never change! 

29/07/18 3.09 PM NEGATIVE Subsequent Omitted Overlapping event windows 

235 The New 
York Times 

Congratulations to Gregg Jarrett on 
his book “THE RUSSIA HOAX 
THE ILLICIT SCHEME TO 
CLEAR HILLARY CLINTON 
AND FRAME DONALD TRUMP” 
going to #1 on @nytimes and 
Amazon. It is indeed a HOAX and 
WITCH HUNT illegally started by 
people who have already been 
disgraced. Great book! 

03/08/18 11.01 PM POSITIVE First-time Omitted Overlapping event windows 

236 The New 
York Times 

RT @DRUDGE_REPORT: NYT 
editorial board member: 'Kill More 
Men' 'F*ck The Police'... 
https://t.co/f7Vu1dycyi 

03/08/18 11.17 PM NEGATIVE First-time Omitted Overlapping event windows 
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237 The New 
York Times 

The Boston Globe which was sold 
to the the Failing New York Times 
for 1.3 BILLION DOLLARS (plus 
800 million dollars in losses &amp; 
investment) or 2.1 BILLION 
DOLLARS was then sold by the 
Times for 1 DOLLAR. Now the 
Globe is in COLLUSION with 
other papers on free press. PROVE 
IT! 

16/08/18 10.00 AM NEGATIVE First-time Omitted Overlapping event windows 

238 The New 
York Times 

The failing @nytimes wrote a Fake 
piece today implying that because 
White House Councel Don McGahn 
was giving hours of testimony to 
the Special Councel he must be a 
John Dean type “RAT.” But I 
allowed him and all others to testify 
- I didn’t have to. I have nothing to 
hide...... 

19/08/18 7.01 AM NEGATIVE First-time Omitted Overlapping event windows 

239 The New 
York Times 

The Failing New York Times wrote 
a story that made it seem like the 
White House Councel had 
TURNED on the President when in 
fact it is just the opposite - &amp; 
the two Fake reporters knew this. 
This is why the Fake News Media 
has become the Enemy of the 
People. So bad for America! 

19/08/18 8.06 AM NEGATIVE Subsequent Omitted Overlapping event windows 

240 The New 
York Times 

Some members of the media are 
very Angry at the Fake Story in the 
New York Times. They actually 
called to complain and apologize - a 
big step forward. From the day I 
announced the Times has been Fake 
News and with their disgusting new 
Board Member it will only get 
worse! 

19/08/18 8.14 AM NEGATIVE First-time Omitted Overlapping event windows 

241 The New 
York Times 

According to the Failing New York 
Times the FBI started a major effort 
to flip Putin loyalists in 2014-2016. 
“It wasn’t about Trump he wasn’t 
even close to a candidate yet.”  
Rigged Witch Hunt! 

03/09/18 3.21 PM NEGATIVE First-time Omitted Overlapping event windows 
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242 The New 
York Times 

The Brett Kavanaugh hearings for 
the future Justice of the Supreme 
Court are truly a display of how 
mean angry and despicable the 
other side is. They will say anything 
and are only.... 

04/09/18 4.41 PM NEGATIVE First-time Omitted Overlapping event windows 

243 The New 
York Times 

The Failing New York Times! 
https://t.co/SHsXvYKpBf 05/09/18 5.45 PM NEGATIVE First-time Omitted Overlapping event windows 

244 The New 
York Times 

Does the so-called “Senior 
Administration Official” really exist 
or is it just the Failing New York 
Times with another phony source? 
If the GUTLESS anonymous person 
does indeed exist the Times must 
for National Security purposes turn 
him/her over to government at 
once! 

05/09/18 7.40 PM NEGATIVE First-time Omitted Overlapping event windows 

245 The New 
York Times 

Are the investigative “journalists” 
of the New York Times going to 
investigate themselves - who is the 
anonymous letter writer? 

06/09/18 7.12 PM NEGATIVE First-time Omitted Overlapping event windows 

246 The New 
York Times 

So true! “Mr. Trump remains the 
single most popular figure in the 
Republican Party whose fealty has 
helped buoy candidates in 
competitive Republican primaries 
and remains a hot commodity 
among general election candidates.”  
Nicholas Fandos @nytimes 

08/09/18 5.08 PM POSITIVE First-time Omitted Overlapping event windows 

247 The New 
York Times 

The Failing New York Times did 
something I have never seen done 
before. They used the concept of 
“time value of money” in doing a 
very old boring and often told hit 
piece on me. Added up this means 
that 97% of their stories on me are 
bad. Never recovered from bad 
election call! 

03/10/18 8.53 AM NEGATIVE First-time Included   
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248 The New 
York Times 

Despite so many positive events and 
victories Media Reseach Center 
reports that 92% of stories on 
Donald Trump are negative on ABC 
CBS and ABC. It is FAKE NEWS! 
Don’t worry the Failing New York 
Times didn’t even put the Brett 
Kavanaugh victory on the Front 
Page yesterday-A17! 

10/10/18 9.01 AM NEGATIVE First-time Included   

249 The New 
York Times 

The so-called experts on Trump 
over at the New York Times wrote 
a long and boring article on my 
cellphone usage that is so incorrect 
I do not have time here to correct it. 
I only use Government Phones and 
have only one seldom used 
government cell phone. Story is 
soooo wrong! 

25/10/18 6.54 AM NEGATIVE First-time Omitted Overlapping event windows 

250 The New 
York Times 

The New York Times has a new 
Fake Story that now the Russians 
and Chinese (glad they finally 
added China) are listening to all of 
my calls on cellphones. Except that 
I rarely use a cellphone &amp; 
when I do it’s government 
authorized. I like Hard Lines. Just 
more made up Fake News! 

25/10/18 9.57 AM NEGATIVE Subsequent Omitted Overlapping event windows 

251 The New 
York Times 

The story in the New York Times 
concerning North Korea developing 
missile bases is inaccurate. We fully 
know about the sites being 
discussed nothing new - and 
nothing happening out of the 
normal. Just more Fake News. I will 
be the first to let you know if things 
go bad! 

13/11/18 12.07 PM NEGATIVE Subsequent Omitted Overlapping event windows 

252 The New 
York Times 

The New York Times did a phony 
story as usual about my relationship 
with @VP Mike Pence. They made 
up sources and refused to ask me 
the only one that would know for a 
quote.... 

17/11/18 11.42 AM NEGATIVE Subsequent Omitted Overlapping event windows 
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253 The New 
York Times 

The story in the New York Times 
regarding Jim Webb being 
considered as the next Secretary of 
Defense is FAKE NEWS. I’m sure 
he is a fine man but I don’t know 
Jim and never met him. Patrick 
Shanahan who is Acting Secretary 
of Defense is doing a great job! 

04/01/19 4.45 PM NEGATIVE First-time Omitted Overlapping event windows 

254 The New 
York Times 

“Former @NYTimes editor Jill 
Abramson rips paper's 
‘unmistakably anti-Trump’ 
bias.”Ms. Abramson is 100% 
correct. Horrible and totally 
dishonest reporting on almost 
everything they write. Hence the 
term Fake News Enemy of the 
People and Opposition Party! 

05/01/19 12.27 PM NEGATIVE First-time Omitted Overlapping event windows 

255 The New 
York Times 

The Failing New York Times has 
knowingly written a very inaccurate 
story on my intentions on Syria. No 
different from my original 
statements we will be leaving at a 
proper pace while at the same time 
continuing to fight ISIS and doing 
all else that is prudent and 
necessary!..... 

07/01/19 9.55 AM NEGATIVE First-time Omitted Overlapping event windows 

256 The New 
York Times 

Wow just learned in the Failing 
New York Times that the corrupt 
former leaders of the FBI almost all 
fired or forced to leave the agency 
for some very bad reasons opened 
up an investigation on me for no 
reason &amp; with no proof after I 
fired Lyin’ James Comey a total 
sleaze! 

12/01/19 7.05 AM NEGATIVE First-time Omitted Overlapping event windows 

257 The New 
York Times 

RT @MZHemingway: NYT 
Reveals FBI Retaliated Against 
Trump For Lawfully Firing Comey 
https://t.co/LwJ7w1ctom 

15/01/19 8.02 AM NEGATIVE Subsequent Omitted Overlapping event windows 

258 
The Walt 
Disney 
Company 

Tremendous investment by 
companies from all over the world 
being made in America. There has 
never been anything like it. Now 
Disney J.P. Morgan Chase and 
many others. Massive Regulation 
Reduction and Tax Cuts are making 
us a powerhouse again. Long way 
to go! Jobs Jobs Jobs! 

24/01/18 6.58 AM POSITIVE First-time Omitted 

Announcement, The Walt Disney 
Company, 23 January 2018: Disney 
to Give Employees $1,000 Bonuses 
in Wake of Tax Reform, 
https://www.bloomberg.com/news/a
rticles/2018-01-23/disney-to-give-
employees-1-000-bonus-in-wake-
of-tax-
reform?fbclid=IwAR23N2B7pzfydr
ENA2xxjHbnkqlT4Vo74iL2Qibw8
zRkg07cPRzxfTIepNo 
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259 Toyota Motor 
Corporation 

Toyota Motor said will build a new 
plant in Baja Mexico to build 
Corolla cars for U.S. NO WAY! 
Build plant in U.S. or pay big 
border tax. 

05/01/17 1.14 PM NEGATIVE First-time Included   

260 Toyota Motor 
Corporation 

Toyota &amp; Mazda to build a 
new $1.6B plant here in the U.S.A. 
and create 4K new American jobs. 
A great investment in American 
manufacturing! 

04/08/17 6.02 AM POSITIVE First-time Omitted 

Announcement, Toyota, 3 August 
2017: Toyota to build $1.6 billion 
U.S. plant with rival Mazda: source, 
https://www.reuters.com/article/us-
toyota-mazda-
idUSKBN1AJ2O4?fbclid=IwAR3L
rMVxQCpW-
guLMbwz8bnG_TJqI4s32yqXuNK
T1TNR-X4_fKOf-27XZLE 

261 Toyota Motor 
Corporation 

MAKE AMERICA GREAT 
AGAIN! https://t.co/g4ELhh9joH 06/08/17 9.15 AM POSITIVE Subsequent Omitted Overlapping event windows 

262 Toyota Motor 
Corporation 

Cutting taxes and simplifying 
regulations makes America the 
place to invest! Great news as 
Toyota and Mazda announce they 
are bringing 4000 JOBS and 
investing $1.6 BILLION in 
Alabama helping to further grow 
our economy! 
https://t.co/Kcg8IVH6iA 

10/01/18 6.37 PM POSITIVE Subsequent Omitted Overlapping event windows 

263 Toyota Motor 
Corporation 

Good news: Toyota and Mazda 
announce giant new Huntsville 
Alabama plant which will produce 
over 300000 cars and SUV’s a year 
and employ 4000 people. 
Companies are coming back to the 
U.S. in a very big way. 
Congratulations Alabama! 

10/01/18 11.29 PM POSITIVE Subsequent Omitted Overlapping event windows 

264 Toyota Motor 
Corporation 

Massive crowds inside and outside 
of the @ToyotaCenter in Houston 
Texas. Landing shortly - see 
everyone soon! 
#MAGA!https://t.co/0pWiwCq4M
H https://t.co/tj5S6Z2GY7 

22/10/18 5.35 PM POSITIVE First-time Included   

265 TransCanada 
Corporation 

Signing orders to move forward 
with the construction of the 
Keystone XL and Dakota Access 
pipelines in the Oval Off… 
https://t.co/aOxmfO0vOK 

24/01/17 12.49 PM POSITIVE First-time Omitted Announcement, The White House, 
24 January 2017 
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266 
Tribune 
Media 
Company 

So sad and unfair that the FCC 
wouldn’t approve the Sinclair 
Broadcast merger with Tribune. 
This would have been a great and 
much needed Conservative voice 
for and of the People. Liberal Fake 
News NBC and Comcast gets 
approved much bigger but not 
Sinclair. Disgraceful! 

24/07/18 8.39 PM POSITIVE First-time Included   

267 Twitter Inc. 

Twitter is getting rid of fake 
accounts at a record pace. Will that 
include the Failing New York 
Times and propaganda machine for 
Amazon the Washington Post who 
constantly quote anonymous 
sources that in my opinion don’t 
exist - They will both be out of 
business in 7 years! 

07/07/18 9.21 AM POSITIVE First-time Omitted 

Announcement, Twitter, 11 July 
2018: Confidence in follower 
counts, 
https://blog.twitter.com/official/en_
us/topics/company/2018/Confidenc
e-in-Follower-Counts.html 

268 Twitter Inc. 

Twitter “SHADOW BANNING” 
prominent Republicans. Not good. 
We will look into this 
discriminatory and illegal practice 
at once! Many complaints. 

26/07/18 7.46 AM NEGATIVE First-time Included   

269 Twitter Inc. 

Twitter has removed many people 
from my account and more 
importantly they have seemingly 
done something that makes it much 
harder to join - they have stifled 
growth to a point where it is 
obvious to all. A few weeks ago it 
was a Rocket Ship now it is a 
Blimp! Total Bias? 

26/10/18 10.05 AM NEGATIVE First-time Included   

270 Twitter Inc. 

The only “Collusion” is that of the 
Democrats with Russia and many 
others. Why didn’t the FBI take the 
Server from the DNC? They still 
don’t have it. Check out how biased 
Facebook Google and Twitter are in 
favor of the Democrats. That’s the 
real Collusion! 

15/11/18 9.59 AM NEGATIVE First-time Included   



 Page 54 of 63 

271 Twitter Inc. 

Facebook Twitter and Google are so 
biased toward the Dems it is 
ridiculous! Twitter in fact has made 
it much more difficult for people to 
join @realDonaldTrump. They have 
removed many names &amp; 
greatly slowed the level and speed 
of increase. They have 
acknowledged-done NOTHING! 

18/12/18 7.26 AM NEGATIVE First-time Included   

272 U.S. Bancorp 

Heading to U.S. Bank Arena in 
Cincinnati Ohio for a 7pm rally. 
Join me! Tickets: 
https://t.co/HiWqZvHv6M 

01/12/16 5.52 PM POSITIVE First-time Included   

273 Volkswagen 

Volkswagen will be spending 800 
million dollars in Chattanooga 
Tennessee. They will be making 
Electric Cars. Congratulations to 
Chattanooga and Tennessee on a 
job well done. A big win! 

15/01/19 7.25 AM POSITIVE First-time Omitted 

Announcement, Volkswagen, 14 
January 2019: VW CEO says hopes 
U.S. investments help avoid tariffs 
against EU, 
https://www.reuters.com/article/us-
autoshow-detroit-volkswagen-
tariffs/vw-ceo-says-hopes-u-s-
investments-help-avoid-tariffs-
against-eu-
idUSKCN1P81Z0?fbclid=IwAR3p
3aOubuvPkllVSassGdP79avNlvpU
8XZbsCsMpcDyG6YFtCS4PEZfV
TQ 

274 Wal-Mart 
Stores Inc. 

Thank you to General Motors and 
Walmart for starting the big jobs 
push back into the U.S.! 

17/01/17 12.55 PM POSITIVE First-time Omitted 

Press Release, Walmart, 17 January 
2017: Walmart outlines 2017 goals 
for American job growth and 
community investment, 
https://news.walmart.com/2017/01/
17/walmart-outlines-2017-goals-
for-american-job-growth-and-
community-
investment?fbclid=IwAR3_7hOO5
FfMkgUDU5Xebl2X4pZ2gmFavQ
sqTZvcOQ3dQ74S4FuC2j4CwoQ 

275 Warner 
Media LLC 

Why doesn’t the Fake News Media 
state that the Trump 
Administration’s Anti-Trust 
Division has been and is opposed to 
the AT&amp;T purchase of Time 
Warner in a currently ongoing Trial. 
Such a disgrace in reporting! 

11/05/18 7.49 PM NEGATIVE First-time Included   
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276 Wells Fargo 
& Company 

Fines and penalties against Wells 
Fargo Bank for their bad acts 
against their customers and others 
will not be dropped as has 
incorrectly been reported but will be 
pursued and if anything 
substantially increased. I will cut 
Regs but make penalties severe 
when caught cheating! 

08/12/17 10.18 AM NEGATIVE First-time Included   

277 Wells Fargo 
& Company 

“If the Fed backs off and starts 
talking a little more Dovish I think 
we’re going to be right back to our 
2800 to 2900 target range that 
we’ve had for the S&amp;P 500.” 
Scott Wren Wells Fargo. 

30/10/18 8.53 AM POSITIVE First-time Included   

278 ZTE 
Corporation 

President Xi of China and I are 
working together to give massive 
Chinese phone company ZTE a way 
to get back into business fast. Too 
many jobs in China lost. Commerce 
Department has been instructed to 
get it done! 

13/05/18 11.01 AM NEGATIVE First-time Omitted 

Trading Suspension, ZTE, 
https://www.wsj.com/articles/zte-
shareholders-are-in-limbo-amid-u-
s-china-dispute-1527332400 

279 ZTE 
Corporation 

ZTE the large Chinese phone 
company buys a big percentage of 
individual parts from U.S. 
companies. This is also reflective of 
the larger trade deal we are 
negotiating with China and my 
personal relationship with President 
Xi. 

14/05/18 4.06 PM NEGATIVE Subsequent Omitted 

Trading Suspension, ZTE, 
https://www.wsj.com/articles/zte-
shareholders-are-in-limbo-amid-u-
s-china-dispute-1527332400 
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280 ZTE 
Corporation 

The Washington Post and CNN 
have typically written false stories 
about our trade negotiations with 
China. Nothing has happened with 
ZTE except as it pertains to the 
larger trade deal. Our country has 
been losing hundreds of billions of 
dollars a year with China... ...We 
have not seen China’s demands yet 
which should be few in that 
previous U.S. Administrations have 
done so poorly in negotiating. 
China has seen our demands. There 
has been no folding as the media 
would love people to believe the 
meetings... ...haven’t even started 
yet! The U.S. has very little to give 
because it has given so much over 
the years. China has much to give! 

16/05/18 9.09 AM NEGATIVE Subsequent Omitted 

Trading Suspension, ZTE, 
https://www.wsj.com/articles/zte-
shareholders-are-in-limbo-amid-u-
s-china-dispute-1527332400 

281 ZTE 
Corporation 

Senator Schumer and Obama 
Administration let phone company 
ZTE flourish with no security 
checks. I closed it down then let it 
reopen with high level security 
guarantees change of management 
and board must purchase U.S. parts 
and pay a $1.3 Billion fine. Dems 
do nothing.... ...but complain and 
obstruct. They made only bad deals 
(Iran) and their so-called Trade 
Deals are the laughing stock of the 
world! 

25/05/18 19.07.19 NEGATIVE Subsequent Omitted 

Trading Suspension, ZTE, 
https://www.wsj.com/articles/zte-
shareholders-are-in-limbo-amid-u-
s-china-dispute-1527332400 
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G. Overview of Tweets on Monthly Basis 
 

Month Monday Tuesday Wednesday Thursday Friday Saturday Sunday Total 

Nov/16 0 4 3 2 0 0 3 12 
Dec/16 1 5 1 3 1 0 1 12 
Jan/17 3 7 5 1 0 2 1 19 
Feb/17 2 1 4 2 6 3 1 19 
Mar/17 4 2 1 1 1 0 0 9 
Apr/17 0 0 0 1 1 2 0 4 

May/17 0 0 1 1 0 0 1 3 
Jun/17 0 4 2 0 0 0 0 6 
Jul/17 3 0 1 5 0 3 2 14 

Aug/17 6 1 2 0 4 0 3 16 
Sep/17 0 0 2 0 2 0 1 5 
Oct/17 0 2 0 0 0 3 1 6 

Nov/17 0 0 3 4 0 0 0 7 
Dec/17 1 0 0 0 3 0 0 4 
Jan/18 0 3 8 3 0 2 1 17 
Feb/18 0 1 0 0 0 3 0 4 
Mar/18 0 0 1 4 0 1 1 7 
Apr/18 2 2 2 2 0 2 1 11 

May/18 1 0 3 0 4 2 2 12 
Jun/18 1 2 1 3 1 3 1 12 
Jul/18 2 6 2 4 1 3 3 21 

Aug/18 1 1 1 2 5 0 4 14 
Sep/18 1 1 3 1 1 2 1 10 
Oct/18 1 1 3 2 1 0 2 10 

Nov/18 1 3 3 5 0 2 0 14 
Dec/18 0 3 0 0 1 0 1 5 
Jan/19 1 2 0 0 1 3 1 8 

Total 31 51 52 46 33 36 32 281 
 

 
Note. Tweets extracted from TrumpTwitterArchive (2019). 

0

5

10

15

20

25

n
o

v
/
1
6

d
e
c
/1

6

ja
n
/1

7

f
e
b

/1
7

m
a
r
/
1
7

a
p
r
/1

7

m
a
j/

1
7

ju
n

/1
7

ju
l
/1

7

a
u
g

/
1
7

s
e
p

/1
7

o
k

t/
1
7

n
o

v
/
1
7

d
e
c
/1

7

ja
n
/1

8

f
e
b

/1
8

m
a
r
/
1
8

a
p
r
/1

8

m
a
j/

1
8

ju
n

/1
8

ju
l
/1

8

a
u
g

/
1
8

s
e
p

/1
8

o
k

t/
1
8

n
o

v
/
1
8

d
e
c
/1

8

ja
n
/1

9
Tweets targeting specific companies by month (EST)



 Page 58 of 63 

H. Overview of Tweets on Weekly and Hourly Basis 
 

Time Monday Tuesday Wednesday Thursday Friday Saturday Sunday Total 

00 0 0 2 3 3 0 0 8 
01 0 0 0 1 0 0 0 1 
02 0 0 1 0 0 0 0 1 
06 0 1 0 0 1 0 0 2 
07 1 6 5 9 7 2 1 31 
08 3 8 8 4 1 2 1 27 
09 2 9 5 2 2 10 7 37 
10 7 3 8 9 0 5 10 42 
11 0 2 3 1 3 2 1 12 
12 1 3 4 0 0 5 3 16 
13 0 4 0 1 0 2 0 7 
14 2 0 1 1 3 0 0 7 
15 0 3 1 3 0 0 1 8 
16 1 1 0 2 0 2 2 8 
17 4 1 2 1 4 2 0 14 
18 2 2 3 3 0 4 0 14 
19 1 1 6 0 2 0 2 12 
20 0 2 1 1 5 0 2 11 
21 0 3 2 0 0 0 1 6 
22 2 0 0 5 0 0 0 7 
23 5 2 0 0 2 0 1 10 

Total 31 51 52 46 33 36 32 281 

Within trading 

hours* 

8 16 16 10 6 0 0 56 

Outside of 

trading hours* 

23 35 36 36 27 36 32 225 

      Before 

      Opening 

12 25 25 23 10 n/a n/a   

      After 

      Close 

11 10 11 13 17 n/a n/a   

Total 31 51 52 46 33 36 32 281 
*Specific for each targeted company. Outside means outside of trading hours on the local exchange   

 
Note. Tweets extracted from TrumpTwitterArchive (2019). 
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Overview of Tweets on Weekly and Hourly Basis Continued 

 

 

 
 
Note. Tweets extracted from TrumpTwitterArchive (2019). 

 
 

 

 
 
Note. Tweets extracted from TrumpTwitterArchive (2019). 
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I. Data Sources 
 

Data Description Source 

   
US 1-month Treasury Bill 

 
The US Department of the Treasury 
(US Government, 2019) 

Daily closing stock prices 
 

The Bloomberg Database 
(Bloomberg, 2019) 

Daily closing indices prices  
 

The Bloomberg Database 
(Bloomberg, 2019) 

HML 
 

Kenneth French Dartmouth 
Database (French, 2019) 

SMB 
 

Kenneth French Dartmouth 
Database (French, 2019) 

Company announcements  

 

Dow Jones’ business information 
and research tool Factiva’s official 
database of company-related 
announcements (Dow Jones, 2019) 

Sentiment  Polarity measurement used to distinguish 
between President Trump's positive and 
negative tweets. We use it as a proxy for 
opinion 

MonkeyLearn (2019) 
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J. Output from Skewness and Kurtosis Tests  
Table 1. Skewness/Kurtosis tests for Normality (OLS model) 
    

joint 

Variable Obs Pr(Skewness) Pr(Kurtosis) adj chi2(2) Prop>chi2 

All Trump’s tweets with a positive opinion 35 0.8959 0.2236 1.60 0.4493 

Trump’s first-time tweets with a positive opinion 35 0.775 0.9104 0.09 0.9539 

Trump’s subsequent tweets with a positive opinion 35 0.7177 0.0364 4.56 0.1021 

All Trump’s tweets with a negative opinion 35 0.7585 0.2617 1.44 0.4861 

Trump’s first-time tweets with a negative opinion 35 0.9061 0.3093 1.11 0.5746 

Trump’s subsequent tweets with a negative opinion 35 0.6392 0.6344 0.46 0.7954 

  *p<0.05; **p<0.01 

Note. Null hypothesis; data is normally distributed 

 

 

Table 2. Skewness/Kurtosis tests for Normality (CAPM) 
    joint 

Variable Obs Pr(Skewness) Pr(Kurtosis) adj chi2(2) Prop>chi2 

All Trump’s tweets with a positive opinion 35 0.9186 0.3373 0.98 0.6122 

Trump’s first-time tweets with a positive opinion 35 0.7602 0.9589 0.10 0.9532 

Trump’s subsequent tweets with a positive opinion 35 0.7220 0.0311 4.76 0.0924 

All Trump’s tweets with a negative opinion 35 0.7069 0.2822 1.38 0.5014 

Trump’s first-time tweets with a negative opinion 35 0.8700 0.3599 0.91 0.6346 

Trump’s subsequent tweets with a negative opinion 35 0.3162 0.5700 1.41 0.4934 

*p<0.05; **p<0.01 

Note. Null hypothesis; data is normally distributed 

 

 

Table 3. Skewness/Kurtosis tests for Normality (Fama-French model) 
    joint 

Variable Obs Pr(Skewness) Pr(Kurtosis) adj chi2(2) Prop>chi2 

All Trump’s tweets with a positive opinion 35 0.2566 0.3710 2.25 0.3253 

Trump’s first-time tweets with a positive opinion 35 0.1854 0.6503 2.11 0.3489 

Trump’s subsequent tweets with a positive opinion 35 0.4402 0.1400 6.14 0.0464* 

All Trump’s tweets with a negative opinion 35 0.6527 0.1233 2.78 0.2485 

Trump’s first-time tweets with a negative opinion 35 0.7886 0.1358 2.48 0.2898 

Trump’s subsequent tweets with a negative opinion 35 0.0781 0.9282 3.37 0.1850 

 *p<0.05; **p<0.01 

Note. Null hypothesis; data is normally distributed 
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K. Overview of Companies and Fama-French Groups 
 

Target Company Ticker symbol Stock Exchange Country Fama-French Group* 

Amazon.com Inc. AMZN NASDAQ American North America 

American Airlines Group Inc. AAL NASDAQ American North America 

Comcast Corporation CMCSA NASDAQ American North America 

Facebook Inc. FB NASDAQ American North America 

Intel Corporation INTC NASDAQ American North America 

Sinclair Broadcast Group SBGI NASDAQ American North America 

Alphabet Inc. GOOGL New York Stock Exchange American North America 

Apple Inc. AAPL New York Stock Exchange American North America 

AT&T Inc. T New York Stock Exchange American North America 

Columbia Broadcasting System CBS New York Stock Exchange American North America 

Delta Air Lines Inc. DAL New York Stock Exchange American North America 

Ford Motor Company F New York Stock Exchange American North America 

General Motors Company GM New York Stock Exchange American North America 

Harley Davidson Inc. HOG New York Stock Exchange American North America 

Lockheed Martin Corporation LMT New York Stock Exchange American North America 

Microsoft Corporation MSFT New York Stock Exchange American North America 

Nordstrom Inc. JWN New York Stock Exchange American North America 

Pfizer Inc. PFE New York Stock Exchange American North America 

Rexnord Corporation RXN New York Stock Exchange American North America 

The Boeing Company BA New York Stock Exchange American North America 

The New York Times NYT New York Stock Exchange American North America 

Twitter Inc. TWTR New York Stock Exchange American North America 

U.S. Bancorp USB New York Stock Exchange American North America 

Warner Media LLC TWX New York Stock Exchange American North America 

Wells Fargo & Company WFC New York Stock Exchange American North America 

FIAT Chrysler Automobiles FCAU New York Stock Exchange American Europe 

Samsung SSNLF Korea Stock Exchange Korea Asian-Pacific 

América Móvil AMX Mexican Stock Exchange Mexico North America 

Foxconn Technology Group 2354 Taiwan Stock Exchange Taiwan Asian-Pacific 

Toyota Motor Corporation TM Tokyo Stock Exchange Japan Japan 

     

*See Appendix L for further details on what each group consists of 
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L. Overview of Fama-French Groups 

  

 Fama-French Group Country 

North America US 

North America Mexico 

North America Canada 

Europe Italy 

Europe Austria 

Europe Belgium 

Europe Switzerland 

Europe Germany 

Europe Denmark 

Europe Spain 

Europe Finland 

Europe France 

Europe Great Britain 

Europe Greece  

Europe Ireland 

Europe Netherlands 

Europe Norway 

Europe Portugal 

Europe Sweden 

Asian-Pacific Excluding Japan Taiwan 

Asian-Pacific Excluding Japan Korea  

Asian-Pacific Excluding Japan Australia 

Asian-Pacific Excluding Japan Hong Kong 

Asian-Pacific Excluding Japan New Zealand 

Asian-Pacific Excluding Japan Singapore  

Japan Japan 

 

 




