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Abstract 

 

The use of Twitter as a key political communication tool has become synonymous with 

U.S. President Donald Trump’s regime. However, Trump’s tweets can also tend to be 

unabashedly critical of companies, states, and other political figures. Whether or not these 

negative tweets have an impact on financial markets is debatable. This paper uses the 

synthetic control method (SCM) to examine the effects of Trump’s negative trade- and 

business-related tweets on financial markets, particularly stock prices and exchange rates. 

Three publicly traded U.S. companies (Boeing, Amazon, Harley-Davidson) and three 

currencies (Euro, Canadian dollar, Mexican peso) were chosen, while 1-2 tweets were 

collected for each treatment unit. To create the synthetic control for each treatment unit, 

extensive control unit data was also collected. Then, for each treatment unit, two synthetic 

control models were created, with one model containing all outcome lags and all covariates 

whilst the other contained all outcome lags and some covariates. We found that for each 

treatment unit, the two models were similar, indicating that the results were robust. Overall, 

we found that results varied depending on the “target” of Trump’s tweets, with the causal 

effect being most significant for Amazon and Mexico, likely due to the fact that traders or 

investors may react differently to Trump’s tweets and may base their decisions on certain 

company- or country-specific characteristics or features, such as type of industry, trade ties, 

and geographical proximity, among others.      

 

Keywords: Trump, Synthetic Control Method, Twitter, Stock Prices, Exchange Rates  
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I. INTRODUCTION 

1.1. Background 

Rapid technological development has allowed more and more people to gain access to the 

internet, reshaping connectivity and the dispersal of information. It is estimated that from 

2018 to 2019, the number of internet users around the world grew about 9.1%, or about 

367 million new users, due to improved accessibility brought on by new developments in 

mobile phone technology (Kemp, 2019). In effect, increased digital connectivity has also 

ushered in the development of social media platforms such as Twitter, Facebook, Instagram, 

and Snapchat, among others. These websites and applications have not only revolutionized 

social networking; they have also provided a means for users to create and share content 

with a much wider audience. Social media usage, like internet usage, has likewise grown 

considerably, rising by about 9.0% or by 288 million new users from 2018 to 2019 (Kemp, 

2019). And recently, social media has shown itself to be an extremely popular 

communication tool not just for the average user, but for politicians and highly influential 

figures as well.  

 

With regards to social media and politics, one particular social media platform stands out 

—  Twitter. With a large and growing user base, Twitter has become an indispensable tool 

for real-time political communication. Users communicate through “tweets” which are 

280-character messages which can include text, images, videos, or links. The service is free 

to use and users are free to follow other Twitter users to subscribe to more updates. In 

addition, Twitter features a “retweet” function which allows users to repost another user’s 

tweet. And despite Twitter’s relatively restrictive character limit, politicians have learned 

how to fully utilize Twitter to broadcast their political views, boost their campaigns, and 

engage with the public in real time, essentially extending a politicians’ reach or influence 

across the public sphere. Indeed, this seems to be the case with individuals such as U.S. 

President Donald Trump, who has used Twitter as both a key campaigning tool during the 

electoral race, as well as a major communication tool during his presidency. 
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Since formally announcing his presidential campaign in 2015, all eyes seem to be on Trump 

and at the time of writing this, Trump’s follower count has breached past 61 million people 

(Trump, n.d.). His rather bombastic statements regarding race, immigration, trade, and 

politics, have placed him in the media spotlight for quite some time. And this focus on 

Trump has perhaps, been further amplified by the frequency at which he tweets. Brueninger 

(2018) noted that in 2018, Trump published over 3,400 tweets, which puts his frequency 

at about 10 tweets per day and effectively making Twitter the president’s main means of 

communication.  

 

In addition, a study by Clemson University’s Social Media Listening Center found that 

slightly more than half of Trump’s tweets were negative, while about 40% were positive 

and about 9-10% were neutral (Mak, 2019). In the same study, researchers found that 

Trump’s negative tweets were more likely to be recirculated (through the retweet function 

on Twitter), which entails that Trump’s negative tweets do indeed get more attention (Mak, 

2019). It is not surprising then, that the American media portrays Trump in a more negative 

light, often emphasizing his more accusatory and negative tweets (Kurtzleben, 2017).  

 

To some extent, these tweets can be interpreted as official presidential statements, which 

would make them points of interest for traders, in the same way, they would pay attention 

to central bank announcements, for instance. Moreover, the media often tends to highlight 

the market-moving nature of Trump’s tweets, and have released headlines such as: 

“Trump’s tweets swing stock market amid trade deal uncertainty” (DiChristopher, 2019); 

“With Two Tweets, Trump Shatters Historic Calm in Global Markets” (Ossinger & 

Patterson, 2019), and “Trump’s latest tweet takes down Amazon stock and the Nasdaq” 

(Goldman, 2018), to name a few. But how influential are these tweets and are these tweets 

sufficient enough to trade on? Does the media tend to overplay this effect? 
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1.2 Objectives and significance 

To answer these questions, this research has selected six negative tweets pertaining to 

companies and countries to examine whether or not these tweets affect financial markets, 

particularly equity markets and foreign exchange markets. This research adds to the 

growing literature in the field of social media research by analyzing the causal relationship 

between Trump’s tweets and stock prices, as well as exchange rates. This thesis specifically 

focuses on Trump’s more negative tweets pertaining to trade and business — themes that 

tend align with Trump’s political credo about “Making America Great Again”. Generally, 

we would expect these tweets to have a negative impact on stock prices and exchange rates, 

although as seen in the summary of results, this may not always seem to be the case. 

 

With the way the media emphasizes the market-moving aspect of Trump’s tweets, this 

could possibly lead to more attention-based trading, as opposed to trading based on all 

available information (Rayarel, 2018). This in effect, could create more volatility and 

inefficiency in financial markets. This thesis posits that the effects of Trump’s tweets tend 

to be overplayed and that the causal relationship between Trump’s tweets and financial 

markets must be further explored. In doing so, this should provide a better understanding 

of these linkages and eventually help traders and investors make more informed and 

rational decisions, as opposed to immediately reacting to Trump’s tweets.  

1.3 Methods 

To test the causal relationship between Trump’s tweets and financial markets, this thesis 

utilizes the synthetic control (SC) method, which is a statistical method that evaluates the 

effect of an event or intervention. The SC method has been most commonly used for state 

policy evaluation to analyze the effects of reforms or the implementation of laws and 

policies (Abadie, Diamond, & Hainmueller, 2010; Abadie, Diamond, & Hainmueller, 

2015). However, use cases have expanded to other fields such as advertising (Tirunillai & 

Tellis, 2017), finance (Opatrny, 2017), educational assessment (Johnson, 2013), and health 
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policies (Kreif et al., 2016), among others. In contrast, the use of the SC method in social 

media analytics has not been as thoroughly explored yet.  

 

Moreover, the existing body of research on this particular topic -- politicians’ tweets and 

financial markets -- is primarily dominated by machine-learning studies and sentiment 

analysis. These studies often focus more on or topic-specific tweets, as opposed to user-

specific tweets (Mittal & Goel, 2011; Ozturk & Ciftci, 2014; Ranco, Aleksovski, Caldarelli, 

Grčar, & Mozetič, 2015; Pagolu, Reddy, Panda, & Majhi, 2016; Nisar & Yeung, 2018). 

And while these studies are particularly helpful for those interested in the predictive 

capabilities of social media data, these studies often gloss over the causal relationship 

between these tweets and movements in stock prices or exchange rates. Though limited, 

there are also papers that do in fact analyze the impact of Trump’s tweets on financial 

markets, although the methodology used in these studies differ from the one presented in 

this thesis (Born, Myers, & Clark, 2017; Colonescu, 2018; Ge, Kurov, & Wolfe, 2019; 

Rayarel, 2018). The existing literature in this particular topic is further discussed in the 

methodology chapter of this thesis.  

1.4 Structure 

The arrangement of chapters in this study is as follows. The literature review forms the 

second chapter of this thesis and follows right after this introduction. It provides a brief 

explanation of the theoretical framework of this study and discusses the role of social media 

in politics, as well as the research that has emerged from this. More importantly, the 

literature review touches on relevant existing literature, particularly studies that focus on 

how Twitter impacts financial markets. It then provides more details on the use of Twitter 

among politicians, particularly U.S. President Donald Trump, and how this might affect 

financial markets as well. In the third chapter, the methodology of this study elaborates on 

the main statistical procedure used in this study -- the synthetic control method. This 

chapter also describes the data collection procedure, including the sources used and 

variables chosen. The fourth chapter presents the results for each event or tweet studied 

and the interpretation of these results. Finally, the conclusion ties everything together and 
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summarizes the main points and findings of this thesis. The final chapter also discusses 

limitations and suggestions to improve on this study. 

  



DOI:10.6814/NCCU201900722

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 6 

II. LITERATURE REVIEW 

This section first elaborates on the effect of political and macroeconomic news on financial 

markets. This relates to the main objective of this thesis, which is to examine whether or 

not Trump’s tweets have any effect on stock prices and exchange rates. This chapter also 

includes a brief discussion about Twitter, influence, and how this ties in with the use of 

Twitter in the political sphere. Following this is a brief review of the existing studies that 

study the effects of tweets on financial markets. Finally, we then discuss some of the 

literature surrounding the study of Trump’s tweets and how these tweets might affect 

financial markets. 

2.1 The Effect of Political and Macroeconomic News on 

Financial Markets 

What shapes a trader or an investor’s buy or sell decisions? Most economic research would 

suggest that the average person is a rational agent who aims to maximize wealth and 

minimize risk (Barber & Odean, 2013). In the real world, this may not always hold, as 

investors’ and traders’ decisions may be influenced by where they live, where they work, 

and what they hear or see on the news (Barber & Odean, 2013). Instead of being purely 

objective and trading based on all available information, these factors and the emotions 

stemming from them could arguably determine the way traders or investors make decisions, 

which could then influence asset pricing. This brings us to the concept of attention-based 

trading which is closely related to behavioral economic theory and the idea that emotional 

reactions induced by news items could have an impact on decision marking and could have 

some bearing on financial asset movements (Nisar & Yeung, 2018). 

 

Now, politics and economics are often closely intertwined, and major political events such 

as regime changes, government policies, and political stability can often have economic 

repercussions as well (Batista, Maia, & Romero, 2018). Parker (2007, as cited in Nisar & 

Yeung, 2018) discovered that public mood and trust in the government was a vital part of 
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investment decision making. Moreover, Niederhoffer (1971, as cited in Nisar & Yeung, 

2018) found that world news had a ‘discernible influence’ on stock market movements, 

specifically the S&P 500 index. Similarly, Chan and Wei (1996, as cited in Nisar & Yeung, 

2018) noted that favorable political news in Hong Kong had a positive impact on stock 

returns and vice versa, although this effect was only observable among blue-chip stocks. 

On the other hand, the news may have no bearing on market movement at all. In contrast 

with Niederhoffer’s (1971, as cited in Nisar & Yeung, 2018) findings, Cutler, Poterba, and 

Summers (1989, as cited in Nisar & Yeung, 2018) found no significant links between 

political news and movements in the S&P 500 index. Zach (2003, as cited in Nisar & Yeung) 

has also argued that there is limited evidence that the news has a direct impact on market 

performance.  

 

As this thesis also covers foreign exchange markets, it would be worthwhile to discuss the 

impact of political news on exchange rate movements as well. A country’s currency may 

reflect the health of the economy, therefore political events could have an impact on 

exchange rate movements. Moreover, currency movements following a political event may 

be caused by human expectations as investors and traders react to these events and adjust 

their decisions accordingly (Mohammed, 2017). Major events in the past have had some 

effect on currencies. For instance, Brexit in 2016 caused the British pound to fall to a 31-

year low (Chu, 2016), while the U.S. dollar hit an almost 11-month high after U.S. 

President Trump’s electoral win (Reuters, 2016). Hardouvelis (1988) explored how 

macroeconomic news in the U.S. affected exchange rates, particularly the U.S. dollar, and 

found that monetary news — bank reserves announcements, Fed’s discount and surcharge 

rates — had significant effects on interest rates and exchange rates. Similarly, Conrad and 

Lamla (2010, as cited in Uhl, 2017) found that monetary policy news had an impact on 

future price developments of the EUR/USD currency pair. Ehrmann and Fratzscher (2005, 

as cited in Uhl, 2017) discovered that economic news in the U.S. and in the Euro area had 

affected daily EUR/USD movement.. Furthermore, Galati and Ho (2003) found that 

macroeconomic news affected EUR/USD exchange rate movements and also found that 

the market tended to be more fixated on negative news as opposed to positive news. Uhl 

(2017), however, argued that Galati and Ho’s (2003) results may be lacking in a sense that 
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their interpretation of news had been limited to just macroeconomic news, as opposed to 

monetary policy outlook, quantitative easing, geopolitical events, and other non-

macroeconomic information. Based on news sentiment data obtained from Thomson 

Reuters Datastream, Uhl (2017) found no correlation between overall news sentiment and 

price momentum.  

 

2.2 Twitter, Tweets, and Influence 

Launched in 2006, Twitter is a social media platform and an online microblogging service, 

that allows users to publish and repost tweets, which are 280-character messages that may 

include images, videos, or links. On Twitter, users are able to send and read tweets for free 

and can also follow other Twitter users, be it friends, family, celebrities, news outlets, 

politicians, or other famous personalities. On average, about 6,000 tweets are tweeted every 

second on Twitter, which comes up to 500 million tweets daily and approximately 200 

billion tweets annually (InternetLiveStats.com, 2019). With about 126 million daily active 

users in the fourth quarter of 2018, the sheer volume of tweets and the extent of Twitter’s 

reach have made it a popular platform for both firms and individuals to communicate and 

engage with the public (Wagner, 2019).  

 

With such a wide reach, can tweets become particularly influential and do tweets from 

highly influential individuals have any market-moving potential? For instance, in a 

Bloomberg report, Vasquez (2018) stated that one tweet from Kylie Jenner — a famous 

American celebrity — had caused Snapchat shares to sink 6.1% the day after the tweet was 

posted. Similarly, tweets from Elon Musk (CEO of Tesla) have reportedly affected Tesla 

stock prices as well. An Ogilvy report by Kornblum (2018) noted that a tweet in 2018: 

“Am considering taking Tesla private at $420. Funding secured.” (Musk, 2018), caused 

Tesla shares to increase 11%, while a tweet in 2013: “Really exciting @TeslaMotors 

announcement coming on Thursday. Am going to put my money where my mouth is in v 

major way.” (Musk, 2013), caused Tesla shares to rise by 2.4%. In another incident, after 

the Associated Press’s main Twitter had been hacked and a fake tweet about explosions in 
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the White House had been posted, the Dow Jones Industrial Average (DJIA) momentarily 

dropped 150 points before stabilizing (Fisher, 2013). 

 

From electoral campaigns to revolutions, Twitter has inevitably reshaped the political 

sphere. A large user base, as well as the ease of use and access, make it possible for tweets 

to go viral online, making it an ideal medium for politicians looking to promote their 

policies and campaigns. It has also provided greater opportunities for two-way dialogue 

between the media, political leaders, and the public (Alonso-Muñoz, Marcos-García, and 

Casero-Ripollés, 2016). Additionally, Lopez-Meri (2016, as cited in Alonso-Muñoz et al., 

2016) noted that Twitter has also become a means for political actors to “influence media 

coverage and avoid the filter of journalists”.  

 

Twitter played a key role in the 2016 U.S. presidential election. From the beginning of the 

primary debates in August 2015 to the end of the elections in November 2016, people in 

the U.S. sent about 1 billion tweets pertaining to the elections (Coyne, 2016). During the 

election period, the world witnessed candidates on both sides of the political spectrum 

engaging with their opponents as well as their constituents. Aside from promoting their 

own campaigns, presidential candidates also used Twitter to fire back at their opponents as 

well.  On June 9, 2016, Trump tweeted: “Obama just endorsed Crooked Hillary. He wants 

four more years of Obama — but nobody else does!”, to which Hillary shot back, reposting 

the tweet and commenting: “Delete your account” (Trump, 2016; Clinton, 2016). Trump’s 

tweet received 74,487 likes and was retweeted 31,289 times, while Clinton’s tweet was 

liked 681,000 times and retweeted 520,934 times; these figures highlight a high degree of 

reach and engagement with other users on Twitter (Trump, 2016; Clinton, 2016). After the 

elections, Twitter continues to be a prominent part of politics and a central part of Trump’s 

presidency to a point where the White House Press Secretary has even stated that Trump’s 

tweets should be seen as official statements, despite what other White House officials have 

said about the official nature of said tweets (Vitali, 2017).  
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2.3 Connecting the Dots between Tweets and Financial Markets  

How then do tweets affect financial markets? To answer this question, existing research 

has mostly utilized sentiment analysis-based methodologies in order to study links between 

the content of tweets and financial market movements. Some papers have opted to focus 

on general public sentiment, as opposed to more topic-specific or user-specific tweets. 

Bollen, Mao, & Zeng (2011) utilized Granger causality analysis and neural networks and 

found that public sentiment on Twitter had some capability to predict stock market 

movements in the DJIA. However, they were not able to find any causative mechanisms 

that connect stock market index values with public sentiment (Bollen et al., 2011). 

Moreover, the dataset used in Bollen et al.’s (2011) work had focused on public tweets 

with explicit indications of mood that matched expressions such as: “I feel”, “I am feeling”, 

“I don’t feel”, “I’m”, “I am”, and so on. Using a similar method, Mittal and Goel (2011) 

likewise found that public Twitter sentiment had some capacity to predict DJIA movement. 

In contrast, Ranco et al. (2015) used both tweet volume and sentiment data from public 

tweets to test for causality between Twitter sentiment on stock price returns and found that 

although sentiment — in particular, polarity in sentiment — was not a good predictor of 

stock returns, the number of tweets for a company had proved useful for predicting price 

volatility.  

 

Researchers may also opt to focus on topic-specific tweets by looking for tweets that 

possess certain keywords. Ozturk and Ciftci (2014) specifically collected tweets with terms 

or hashtags pertaining to the US dollar (USD) and Turkish lira (TRY) currency pair, such 

as “USD/TRY”, “#USD/TRY”, “Dollar”, “#Dollar”. After classifying tweets based on 

sentiment and using logit regressions, they found that Twitter sentiment had a significant 

effect on USD/TRY (Ozturk & Ciftci, 2014). A similar study conducted by Pagolu, et al. 

(2016) collected tweets and filtered them using keywords pertaining to publicly traded 

stocks in the U.S. (i.e. Microsoft, MSFT, Windows, etc.). Sentiment analysis conducted on 

these tweets showed a strong correlation between stock price movement and public 

opinions or emotions regarding a specific publicly traded company (Pagolu et al., 2016). 

On the other hand, Nisar and Yeung (2018) analyzed political sentiment from Brexit related 
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tweets and hashtags in 2016 and found that there was some evidence of causation between 

public sentiment and stock market movement in the Financial Times Stock Exchange 

(FTSE) 100 index, yet this relationship was not deemed statistically significant.  

 

Other works, such as this thesis, have focused on user-specific tweets -- often tweets from 

high-profile, highly influential users. Jermann (2017) carried out sentiment analysis and 

utilized logistic regressions and Naive Bayes models using tweets from company 

executives to examine if these tweets were capable of predicting stock market movement. 

The results showed that while these tweets had some predictive capacity, only about 52.0% 

classification accuracy was achieved (Jermann, 2017). In general, academic research 

pertaining to a special individual’s tweet’s effects on financial markets are quite scarce. 

Instead, most claims appear to be mostly anecdotal, such as through media headlines. For 

example, in an Ogilvy report, Kornblum (2018) cited tweets written by celebrities, CEOs, 

and even news agencies, that had purportedly led to increases or declines in certain 

company stock prices. These headlines highlight possible causal links between tweets 

posted by influential individuals and stock prices, however, this has not been thoroughly 

examined by academic researchers and remains open to discussion. This is the gap in the 

literature that this thesis aims to examine. Though this thesis is not built sentimental 

analysis as its core methodology, it follows the same idea that tweets induce emotional 

responses which may or may not affect financial markets. 

 

2.4 President Trump’s Tweets and Financial Markets 

There has been growing interest in studying the causal relationship between Trump’s 

tweets and financial markets. Trump is known for his candor in public, both offline and 

online. From disparaging statements about minorities to discrediting former President 

Barack Obama’s birth certificate, Trump has been notorious for essentially speaking 

without a filter. Moreover, Trump has not shied away from openly dropping names in his 

tweets, ranging from political opponents (Hillary Clinton, Joe Biden, and Nancy Pelosi, 

among others), other sovereign states (Turkey, Mexico, and Canada, for instance), and 
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publicly traded corporations (Amazon, Boeing, Lockheed Martin, and so forth). And while 

Trump has been active on Twitter since even before his official declaration of candidacy 

in 2015, the role of Twitter in both Trump’s presidential campaign and his current 

presidency has sparked renewed interest in his Twitter activity. Based on tweets collected 

from the Trump Twitter Archive (Brown, n.d.), Trump’s first tweets were created in May 

2009, and as Carr (2018) has noted, Trump’s initial use of Twitter was primarily for 

marketing himself and his businesses. Since creating his account, Trump has amassed a 

total of 42,000 tweets and a follower base of over 61 million users (Trump, n.d.). Gallup 

research found that while only 8% of Americans follow Trump directly on Twitter, 76% 

of Americans have seen, heard, or read about Trump’s tweets (Newport, 2018). This entails 

that a majority of Americans learn about Trump’s tweets from secondary sources such as 

other news outlets, as well as other social media websites or applications.  

 

Only a small percentage of people follow Trump directly on Twitter, and yet, why are 

people fixated on Trump’s tweets? For one, at the time of writing this, Trump is the current 

president of the U.S., which makes him a highly influential and powerful individual with a 

significant amount of sway. Thus, Trump’s tweets can be regarded as public information 

which may affect asset prices. And indeed, many media headlines appear to confirm this. 

Thielman (2016) noted that a Trump tweet from 2016 scolding military jet manufacturer 

Lockheed Martin for its “out of control” costs caused the company’s stock price to fall 

from US$259.54 on Friday to US$246 on Monday, the day of the tweet. Similarly, Trump’s 

tweet about supporting a national boycott against American motorcycle maker, Harley-

Davidson, saw shares falling by 4% within the week (Farley, 2018). Trump’s tweets have 

also purportedly affected exchange rates. In 2018, Trump tweeted that there was “no 

political necessity to keep Canada in the new NAFTA deal” (Trump, 2018b), which caused 

the U.S. dollar (USD) to rise to 1.3192 against the Canadian dollar (CAD) a few days after 

the tweet (Imbert, 2018). Interestingly, more recent news items have stated that interest in 

Trump’s tweets have softened, as interaction on his tweets has declined even though 

Trump’s tweeting frequency has increased (Evans, 2019). Both investors and companies 

may have also started to ignore Trump’s tweets. Cancel (2018) noted that Mexican peso 

traders have also begun to move on from Trump’s tweets pertaining to the border wall 
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between the U.S. and Mexico and the North American Free Trade Agreement (NAFTA). 

And even after being on the receiving end, General Motors did nothing to respond to 

Trump’s angry tweets, opting instead to release a statement regarding in the relocation of 

workers (Rappeport, 2019).  

 

While these media headlines suggest that these tweets do indeed affect stock prices and 

exchange rates, the causal effect of Trump’s tweets continues to be widely debated. 

Trump’s opinions are shaped by his economic views on economic nationalism, which as 

Colonescu (2018) noted, highlights mercantilism and protectionism in international trade 

and relations. It comes as no surprise then that this view coincides with Trump’s tagline: 

“Make America Great Again”. Indeed, on Twitter, Trump has threatened to impose tariffs 

and has talked disfavorably of American companies looking to move production offshore. 

Colonescu (2018) analyzed Trump’s tweets from January 2017 until May 10, 2018, to 

analyze the relationship between Trump’s tweet sentiment and daily DJIA returns. In 

addition, Colonescu (2018) also examined the possible effect of Trump’s tweets on 

exchange rates, particularly the USD/CAD and USD/EUR exchange rate pairs. In the stock 

market portion, Colonescu (2018) found that Trump’s tweets had statistically significant 

short-term effects on DJIA returns. On the other hand, exchange rate effects differed 

between the two pairs, such that while there were some significant short-term effects on 

USD/CAD, there was no evidence of any such effect on the USD/EUR pair (Colonescu, 

2018). On the contrary, Born et al. (2017) found that Trump’s tweets had transitory price 

impacts and also led to an unexpected increase in trading volume. Moreover, Ge, Kurov, 

and Wolfe (2019) found that Trump’s company-specific tweets affected stock prices, 

trading volume, volatility, and institutional investor attention. In general, studies that have 

found a statistically significant relationship between Trump’s tweets and financial markets 

have also noticed that these effects were often short-term in duration, with the effect 

petering out over the course of a few days. However, Juma’h and Alnsour (2018) found 

that Trump’s tweets had no significant effect on stock market indices or a targeted 

company’s share prices. It is possible that changes in stock prices or exchange rates may 

not be specifically caused by Trump tweets, but instead, but other coexisting financial, 

economic, or political events. In addition, Juma’h and Alnsour’s (2018) results may also 
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indicate that the effect of Trump’s tweets may be too short-lived to have any significant 

impact. 
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III. METHODOLOGY 

The main objective of this thesis is to examine possible causal links between Trump’s 

tweets and movement in financial markets, namely in the equity market (stock prices) and 

the foreign exchange market (exchange rates). More specifically, we assess the effects of 

Trump’s tweets pertaining to trade and business which are more negative in tone, as 

opposed to more neutral-toned or positive-toned tweets. In doing so, we propose the use of 

the synthetic control (SC) method, which is a type of statistical method commonly used for 

comparative case studies. This chapter expounds on the data collection process for this 

thesis, the theoretical background of the SC method, its advantages and disadvantages, and 

the choice of variables. For this thesis, the Python programming language was used for 

data collection and processing, while Stata was used for the SC models and placebo effect 

graphs. 

3.1 Data Collection 

3.1.1 Tweets 

Tweets were collected from the Trump Twitter Archive (Brown, n.d.), which is a collection 

of Trump’s tweets from as early as 2009 to his most recent tweets. This thesis focused on 

a select few tweets, as opposed to analyzing a larger selection or all of Trump’s tweets, 

which is what is commonly done in most sentiment analysis-based studies. As noted in the 

previous chapter, it is suggested — often by major news outlets — that Trump’s Twitter 

tirades may have an impact on financial markets, particularly the stock market and the 

foreign exchange market. To explore possible cause-and-effect links, we selected certain 

tweets, which contained statements that were explicitly critical and directed at a certain 

company (Amazon, Boeing, and Harley-Davidson) or country (Canada, the European 

Union (EU), and Mexico).   

 

The selected tweets are displayed in the tables below (Tables 1 and 2), showing the date 

tweeted, tweet content, the number of retweets, and the target of said tweet. The inclusion 
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of the number of retweets should give readers an idea of the extent of a tweet’s reach or 

engagement. Table 1 shows the tweets chosen to analyze the treatment effect on certain 

companies, while Table 2 shows the tweets chosen to analyze the effect on certain countries. 

The ‘Target’ columns also include the ticker symbols for companies or currency code for 

foreign currencies.  

 

Table 1: Trump tweets targeting publicly traded companies in the U.S. 

Date Target Number of 

Retweets 

Tweet Content 

December 

6, 2016 

Boeing 

(BA) 

37,728 “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!” 

December 

29, 2017 

Amazon 

(AMZN) 

24,604 “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!” 

August 12, 

2018 

Harley-

Davidson 

(HOG) 

16,701 “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” 
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Table 2: Trump tweets targeting other countries 

Date Target Number of 

Retweets 

Tweet Content 

September 

1, 2018 

Canada 

(CAD) 

15,687 “I love Canada, but they’ve taken advantage of 

our Country for many years!” 

September 

1, 2018* 

Canada 

(CAD) 

23,515 “There is no political necessity to keep Canada in 

the new NAFTA deal. If we don’t make a fair deal 

for the U.S. after decade of abuse, Canada will be 

out. Congress should not interfere with these 

negotiations or I will simply terminate NAFTA 

entirely & we will be far better off..” 

June 22, 

2018 

 

European 

Union 

(EUR) 

17,832 “Based on the Tariffs and Trade Barriers long 

placed on the U.S. & its great companies and 

workers by the European Union, if these Tariffs 

and Barriers are not soon broken down and 

removed, we will be placing a 20% Tariff on all 

of their cars coming into the U.S. Build them 

here!” 

May 30, 

2019 

Mexico 

(MXN) 

39,267 “On June 10th, the United States will impose a 5% 

Tariff on all goods coming into our Country from 

Mexico, until such time as illegal migrants 

coming through Mexico, and into our Country, 

STOP. The Tariff will gradually increase until the 

Illegal Immigration problem is remedied,..” 

May 30, 

2019 

Mexico 

(MXN) 

19,809 “....at which time the Tariffs will be removed. 

Details from the White House to follow.” 

*Note: This tweet was tweeted twice on the same day, but the first instance of the tweet was 

deleted 
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3.1.2 Treatment Companies and Countries 

This thesis can be divided into two parts of focus: stock prices and exchange rates. Different 

data sources were utilized and data for both treatment and control companies and countries. 

Three affected companies were chosen: Harley-Davidson, Amazon, and Boeing. Their 

ticker symbols are as follows, HOG, AMZN, and BA, respectively. Although Trump has 

also targeted foreign companies in his tweets, the scope of this thesis was limited to 

studying the effects of Trump’s tweets on American companies, thereby restricting the 

choice of control companies to publicly traded American corporations. For each treatment 

company, we collected around twenty control companies in similar industries and sectors, 

and then pooled them together to create a larger donor pool. A total of 74 control companies 

were chosen, all of which are publicly traded companies in the U.S. The full list of these 

companies can be found in Appendix 1.  

 

As for the exchange rate part of this thesis, three exchange rate pairs were chosen as 

treatment groups, namely: the Canadian dollar (CAD), the Euro (EUR), and the Mexican 

peso (MXN). Canada, the European Union, and Mexico are among America’s top trading 

partners (Schwarzenberg, 2018). In addition, along with the U.S., Canada and Mexico are 

also members of the NAFTA trading bloc. Geographically, the two countries border the 

U.S. on the north (Canada) and the south (Mexico). Trump continues to be highly critical 

of illegal immigration stemming from south of the U.S. border. Since even before officially 

announcing his candidacy for president in June 2015, Trump had already tweeted about 

building a wall around the U.S.-Mexico border (Trump, 2014). In addition, Trump has also 

accused both Canada and the EU of taking advantage of the U.S., usually within the scope 

of trade relations. A donor pool of control countries was also collected and spans a total of 

92 countries —  the full list can be found in Appendix 2. A wide variety of countries was 

selected, although some smaller economies such as smaller Pacific island states and states 

in active conflict were left out, mostly due to the lack of either currency data or covariate 

data. 
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3.1.3 Dependent and Independent Variables 

To analyze the effects on equity markets, the daily closing price was set as the key 

dependent variable. A number of covariates were also chosen, as follows: market 

capitalization, price-to-earnings (P/E) ratio, gross profit, total revenue, book value, and 

dividend rate. For both dependent and covariate variables, data was collected using the 

Python module, yahoofinancials, which allows users to pull data from the now-defunct 

Yahoo Finance application programming interface (API) (Sanders, 2019). Closing stock 

price data was collected on a daily frequency, while covariate data is time-invariant and 

represents only the most recent data for said variables.  

 

As for the foreign exchange market part of this study, exchange rates were used as the 

dependent variable. Using a simple Python program, daily closing exchange rates were 

programmatically collected from the currencylayer API (apilayer, 2019). Exchange rate 

pairs used in this study have the U.S. dollar (USD) set as the base currency, therefore the 

format should be as follows: USD/country currency. For covariates, the following variables 

were used: consumer price index (CPI), population, Gross Domestic Capital (GDP) per 

capita (purchasing power parity or PPP) in current international dollars, and current 

account in current international dollars. For these variables, data was once again 

programmatically collected, but this time from the World Bank API through the wbdata 

module for Python (Sherouse, 2014). For some missing data, mostly for current account 

values, data was collected from the American Central Intelligence Agency’s (CIA) World 

Factbook (CIA, 2019).  

 

3.2 Theoretical Background 

As noted earlier, the main objective of this research is to study the causal relationship 

between Trump’s tweets directed at specific countries or companies, and movements in 

stock prices and exchange rates. This differs from some of the existing literature which 

tend to be more focused on studying the predictive power of Trump’s tweets, and thus, are 
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built on more sentiment analysis-focused, machine-related methodology. Perhaps one 

downside to these studies is that they may sometimes gloss over ascertaining the actual 

cause-and-effect relationship that these tweets have with financial markets. On the other 

hand, by using the SC method, this allows for the estimation of causal relationships in a 

panel data setting. For this thesis, this statistical procedure was performed using the synth 

and synth_runner packages for Stata (Abadie et al., 2011; Galiani & Quistorff, 2017). 

 

How does one estimate the effect of a certain intervention, policy, or law? In this case, how 

does one estimate the effect of a tweet on stock prices or exchange rates? To answer these 

questions, researchers have utilized comparative case studies to develop causal 

explanations for these events. Doing so involves comparing one or more units exposed to 

the event to one or more unexposed units (Abadie et al., 2010). However, a major pitfall 

of this method is that even if aggregate data were to be used, there continues to be some 

uncertainty about producing a suitable counterfactual outcome that illustrates how the 

affected group would have developed or changed in the absence of the intervention or event 

(Abadie et al., 2010). Thus, researchers are left to speculate about what could have 

happened had the event never occurred. 

 

The synthetic control method aims to address this issue by constructing a weighted 

combination of control units to model the counterfactual -- the “synthetic control”, so to 

speak (Cunningham, 2018). Doing so allows researchers to estimate treatment effects by 

comparing treated unit outcomes with control unit outcomes. In a traditional comparative 

case study, the selection of comparison units may lead to erroneous conclusions, especially 

if the comparison units are not sufficiently similar to the treatment units (Abadie et al., 

2015). As a solution to this issue, the SC method offers a more systematic way to choose 

comparison units by assigning varying weights to different control units. Abadie et al. 

(2015) have likewise argued that a set of control units provides a better representation of 

the treatment unit as opposed to using a single comparison unit alone. Through the SC 

method, the counterfactual is “selected as the weighted average of all potential comparison 

units that best resembles the characteristics of the case of interest” (Abadie et al., 2015). 
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First, let  be the outcome observed for unit i, where i = 1, …, J + 1, and at time period 

t, where t = 1, …, T, in the absence of the intervention. The interaction or treatment occurs 

at period   where , with unit  being affected by the 

intervention, while units   remain unaffected by the intervention (Yang, 

2019). Knowing this, let   be the observed outcome for region i at time t if unit i received 

the treatment, and let  represent the observed outcome for unit i at time t if unit i had 

never received the treatment (Yang, 2019).  

 

Before the event, assume that the intervention has no effect on the outcome before the 

treatment period, thus, for periods  and all units , then 

 (Abadie et al., 2010). Next, let  be the unit ( ) that receives treatment 

from periods  until , and let  be units that do not receive treatment. From 

this, we can derive the effect of the intervention for unit i at time t, as follows. Let the 

observed outcome  be . Before intervention, the observed 

outcomes are  . Therefore, after the intervention (after period ), the 

observed outcome can be written as . Given this, this can be further 

simplified to: 

 

(1)     

 

where  is the causal effect of the treatment on unit i at time t, or simply, the 

difference between the counterfactual and the actual trend of the treated unit (Yang, 2019; 

Bouttell, Craig, Lewsey, Robinson, & Popham, 2018). And since only unit 1 (i=1) received 

treatment, then we estimate the causal effect for this unit over periods , 

therefore,  where for , then , where  

represents the observed outcome and  represents the counterfactual (Yang, 2019). 

Based on Abadie et al. (2010), the SC method in its simplest form be written as follows: 

 

(2)                     

 

https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=T_%7B0%7D%2B1%250
https://www.codecogs.com/eqnedit.php?latex=1%20%5Cleq%20T_%7B0%7D%20%2B%201%20%5Cleq%20T%250
https://www.codecogs.com/eqnedit.php?latex=i%3D1%250
https://www.codecogs.com/eqnedit.php?latex=i%20%3D%20%5Cleft%20%5C%7B%202%2C...%2CJ%2B1%20%5Cright%20%5C%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y%5E%7B1%7D_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y%5E%7B0%7D_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=t%20%5Cin%20%5Cleft%20%5C%7B1%2C...%2CT_%7B0%7D%20%5Cright%20%5C%7D%250
https://www.codecogs.com/eqnedit.php?latex=i%20%5Cin%20%5Cleft%20%5C%7B1%2C...%2CN%20%5Cright%20%5C%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D%20%3D%20Y%5E%7B0%7D_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=D_%7Bit%7D%20%3D%201%250
https://www.codecogs.com/eqnedit.php?latex=i%20%3D%201%20%250
https://www.codecogs.com/eqnedit.php?latex=T_%7B0%7D%2B1%250
https://www.codecogs.com/eqnedit.php?latex=T%250
https://www.codecogs.com/eqnedit.php?latex=D_%7Bit%7D%20%3D%200%250
https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D%20%3D%20Y%5E%7B0%7D_%7Bit%7D(1%20-%20D_%7Bi%7D)%20%2B%20Y%5E%7B1%7D_%7Bit%7DD_%7Bi%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D%20%3D%20Y%5E%7B0%7D_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=T_%7B0%7D%2B1%250
https://www.codecogs.com/eqnedit.php?latex=Y_%7Bit%7D%20%3D%20Y%5E%7B0%7D_%7Bit%7D%20%2B%20(Y%5E%7B1%7D_%7Bit%7D%20-%20Y%5E%7B0%7D_%7Bit%7D)D_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=%5Calpha_%7Bit%7D%20%3D%20Y%5E%7B1%7D_%7Bit%7D-Y%5E%7B0%7D_%7Bit%7D%250
https://www.codecogs.com/eqnedit.php?latex=%5Cleft%20%5C%7B%20T_%7B0%7D%20%2B%201%2C%20...%2C%20T%5Cright%5C%7D%250
https://www.codecogs.com/eqnedit.php?latex=%5Calpha_%7B1%7D%20%3D%20%5Cleft%20(%5Calpha_%7B1T_%7B0%7D%2B1%7D%2C%20...%2C%20%5Calpha_%7B1T%7D%20%20%5Cright%20)%250
https://www.codecogs.com/eqnedit.php?latex=t%20%3E%20T_%7B0%7D%250
https://www.codecogs.com/eqnedit.php?latex=%5Calpha_%7B1t%7D%20%3D%20Y%5E%7B1%7D_%7B1t%7D%20-%20Y%5E%7B0%7D_%7B1t%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y%5E%7B1%7D_%7B1t%7D%250
https://www.codecogs.com/eqnedit.php?latex=Y%5E%7B0%7D_%7B1t%7D%250
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Where  represents time effects, while  is a (r x 1) vector of observed covariates that 

are not affected by the intervention,  is a (1 x r) vector of unknown parameters,  is a (1 

x F) vector of unobserved common factors,  is an (F x 1) vector of permanent unobserved 

variables, while  represents the unobserved transitory shocks at the unit level with zero 

mean. 

 

To implement SCM, we choose a vector of positive weights that sum to one. Let this be: 

, wherein each value of W represents a weighted average of the available 

control units, thus representing a synthetic control (Yang, 2019; Abadie et al., 2010). We 

want to choose w* such that the following conditions are met so that the treatment effect 

( ) is unbiased. 

 

(3)    

 

 

(4)  

 

But because  is unobserved, we must choose w* that satisfies: 

 

(5)  

 

Thus, the unbiased estimator, , should be (Yang, 2019):  

 

(6)   

 

Fitting  and  is sufficient to match   so long as the synthetic controls can fit  and 

pre-intervention outcomes,  (Abadie et al., 2010). 

 

Ideally, the control group’s pre-treatment path must be parallel to that of the treated unit’s. 

This allows for a better understanding of the treatment’s effect on the affected unit. That 

is, if the synthetic and treated paths diverge, then it can be said that the treatment does 

https://www.codecogs.com/eqnedit.php?latex=%5Cdelta_t%250
https://www.codecogs.com/eqnedit.php?latex=Z_i%250
https://www.codecogs.com/eqnedit.php?latex=%5Ctheta_t%250
https://www.codecogs.com/eqnedit.php?latex=%5Clambda_t%250
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indeed have an effect and vice versa. But does divergence always point to a statistically 

significant effect? To assess the significance of the estimates, Abadie et al. (2010) suggest 

performing a series of placebo studies by iteratively applying the SC method to the control 

units.  This process then returns a set of root mean squared prediction error (RMSPE) 

values which are calculated for both pre- and post-treatment periods (Cunningham, 2018). 

When the pre-RMSPE values are too large, this could skew the placebo effects and make 

p-values too conservative. It is thus suggested that these observations be omitted 

(Cunningham, 2018). In the model used for this thesis, we have chosen to skip the omission 

of values as the dependent variables have already been standardized. 

 

Although the SC method certainly has its benefits, it is important to be mindful of its 

limitations as well. First, the key identifying assumption is somewhat ambiguous (Yang, 

2019). Moreover, the method may be too restrictive for some cases, as only the treatment 

unit can be affected by the intervention, and it is assumed that there are no spillovers in the 

donor pool.  

 

3.3 Procedure 

We first start with choosing appropriate variables for the dependent variables and 

covariates, for both the stock price and exchange rate models. Again, the main objective of 

this paper is to examine causal relationships between Trump’s more negative-toned tweets 

and stock prices, as well as exchange rates. We chose treatment events which are individual 

tweets published by Donald Trump wherein he has threatened a corporation or country. 

Because of the nature of the synthetic control model, we needed to ensure that the tweets 

were spaced out enough so that treatment effects were not present both within the 20-

trading day pre-treatment period and the 5-trading day post-treatment period. Note that 

days are measured as transaction or trading days and exclude weekends and some national 

holidays in the U.S. —  New Year’s and Christmas, for example. In short, for both periods, 

we needed to ensure that there were no negative trade or business related tweets, such as 

tweets threatening to impose tariffs or boycott companies, for instance. This ensures that 

the before-and-after distinction is maintained, as suggested by Dube and Zipperer (2015). 

As a result, however, this has somewhat restricted the scope of this thesis to just a handful 
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of events. After the tweets are collected, to avoid contamination in the donor pool for each 

event, control countries or companies that Trump tweeted about in either the post-treatment 

and pre-treatment periods of each tweet event are omitted. 

 

Data for both the dependent and independent variables for the stock price-based and 

exchange rate-based SC method models were then collected. We first collected two years’ 

worth of data in order to standardize the dependent variable data, as values for both stock 

prices and exchange rates varied considerably across corporations and countries. For 

instance, certain currency pairs such as U.S. dollar/Indonesian rupiah (USD/IDR) or U.S. 

dollar/Laotian kip (LAK) can easily breach over 1,000 in value, whereas other currency 

pairs such as U.S. dollar/Euro (USD/EUR) or U.S. dollar/British pound (USD/GBP) may 

often fall below 1.0 in value (apilayer, 2019). Likewise, for stock prices, for the sake of 

comparison, on June 6, 2019, Amazon’s closing stock price stood at USD1,734.56, 

whereas Harley-Davidson’s stock price was a mere USD34.16 (NASDAQ, 2019a; 

NASDAQ, 2019b). Thus, because the range varies considerably it is important to first 

standardize the dependent variable data. To do so, first, both the standard deviation and 

mean were calculated per country or company. After which, standardized closing stock 

prices and standardized closing exchange rates were calculated by subtracting the mean 

stock price or exchange rate from the original stock price or exchange rate and then 

dividing by the value of the standard deviation for stock prices or exchange rates. A 

simplified version of this formula (Formula 7) can be seen below, where A represents either 

closing stock price or closing exchange rates,  μ𝐴  represents the mean of A and σ𝐴 

represents the standard deviation of A. 

 

(7)   

 

 

Aside from the selected covariates, another potentially important predictor are the lagged 

outcome variables (McClelland & Gault, 2017). As Botosaru and Ferman (2017) have 

noted, there is “little guidance” on which variables are to be used as covariates. In selecting 

covariates for this model, we chose predictors that would have some bearing on the 
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predicted outcome. Ultimately, these will determine the selection of donor units and 

weights (McClelland & Gault, 2017). In addition to these predictors, the pre-intervention 

lagged outcomes were also included in the models. In doing so, matching on pre-

intervention lagged outcomes may help control for unobserved factors and the 

heterogeneity of effects on unobserved and observed factors (Abadie et al., 2015).  

 

Two models were produced for each event, with the first model (Model 1) containing all 

of the outcome lags and all of the chosen covariates, while the second model (Model 2) 

kept all of the outcome lags and some covariates. The choice of covariates for the second 

model was based on the difference in synthetic and treated predictor values.  

 

Using Stata, we first used the synth command to identify weights for donor pool units and 

to calculate the pre-RMSPE value and covariate balance. Ideally, the optimal set of weights 

should produce a nearly identical pre-treatment trend for the synthetic unit (Cunningham, 

2018). In order to see this in action, we also produce graphs to see the goodness-of-fit of 

the pre-treatment synthetic treatment unit with the actual treatment unit data. Ideally, the 

pre-treatment synthetic treatment series should be similar to the actual treatment series, and 

if the intervention does have an effect, then we should expect these two series to diverge 

after the event. The synth command also produces a table with the covariate balance values 

for both the actual treated unit and the synthetic treated unit. As Cunningham (2018) has 

stated, this table is not a technical test, however, if the predictors are more or less balanced, 

then we would expect the synthetic unit to be a suitable approximation of the real treated 

unit assuming the event had never occurred in the first place (Abadie et al., 2010). However, 

predictors, arguably, do not have to be perfectly balanced (Botosaru & Ferman, 2019).  

 

Usually, the SC process requires researchers to drop observations with pre-RMSPE values 

that are deemed to be too large — this scales depending on the dependent variable, for 

instance, one can opt to drop observations with pre-RMSPE values that are twice as large 

as the treatment units’. However, since the dependent variables have already been 

standardized, we posit that this already takes matching quality into account, making it 

unnecessary to drop observations at this point. In order to obtain the models p-values, we 
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utilized synth_runner’s pvals1s option which produces a table of standardized two-sided 

p-values to show whether the treatment effects were significant on the day of treatment up 

to five days after treatment. Additional commands were then utilized as well to create 

placebo graphs.   
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IV. RESULTS AND DISCUSSION 

To determine the extent of the causal link between the selected Trump tweets and financial 

markets, SC method-based models were produced for each selected tweet and the results 

are presented here. To further organize the results, this chapter has been split into two parts, 

with one section discussing the results for the stock price models, and another section 

detailing the results for the exchange rate models. Each section is further divided into 

smaller subsections for each tweet, with each subsection containing the SC graphs and 

placebo effect graphs for each event. At the beginning of each section, a summary table is 

provided. For the sake of organization and structure, predictor balance and control unit 

weight tables can all be found in the Appendix section.  

4.1 Stock Price Models 

A total of three tweets were selected, covering three companies: Boeing (BA), Amazon 

(AMZN), and Harley-Davidson (HOG). The summary table is provided below, while the 

SC graphs for each tweet follows. The columns show the estimates and the standardized p-

values for the day of the tweet and days after the tweet. Columns with a (1) header show 

estimates for models that utilize all the outcome lags as well as all the covariates, whereas 

columns with a (2) header show estimates for models that utilize all the outcome lags and 

some covariates, namely: gross profit, book value, and total revenue. Figures shown in the 

table show that estimates and p-values for both Model 1 and Model 2 to be identical, 

indicating that changing the choice in covariates makes little if no difference at all. This 

indicates that the estimates are generally robust. 
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Table 3: Summary of Synthetic Control Models for Stock Prices 

 Boeing 

December 6, 2016 

Amazon 

December 29, 2017 

Harley-Davidson 

August 12, 2018 

Time (1) (2) (1) (2) (1) (2) 

Day of 

tweet 

-0.011  

(0.667) 

-0.011  

(0.667) 

-0.030 

(0.000) 

-0.030 

(0.000) 

-0.414 

(0.154) 

-0.414 

(0.154) 

1 day after  
-0.087 

(0.333) 

-0.087 

(0.333) 

-0.000 

(1.000) 

-0.000 

(1.000) 

-0.498 

(0.246) 

-0.498 

(0.246) 

2 days 

after  

-0.037 

(0.667) 

-0.037 

(0.667) 

0.028 

(0.800) 

0.028 

(0.800) 

-0.428 

(0.338) 

-0.428 

(0.338) 

3 days 

after  

-0.019 

(1.000) 

-0.019 

(1.000) 

0.027 

(1.000) 

0.027 

(1.000) 

-0.705 

(0.246) 

-0.705 

(0.246) 

4 days 

after  

0.030 

(1.000) 

0.030 

(1.000) 

0.044 

(1.000) 

0.044 

(1.000) 

-0.494 

(0.492) 

-0.494 

(0.492) 

5 days 

after  

-0.002 

(1.000) 

-0.002 

(1.000) 

0.061 

(1.000) 

0.061 

(1.000) 

-0.4946 

(0.492) 

-0.4946 

(0.492) 

 

On the day of publishing, Trump’s tweets towards Boeing, Amazon, and Harley-Davidson 

appeared to have a negative effect on these stocks’ stock prices. For Boeing stock prices, 

the effect remained mostly negative, albeit insignificant as the days went by. Similarly, 

Trump’s tweet directed at Harley-Davidson maintained a negative impact as long as five 

days after tweeting. Whereas for Amazon, this negative effect dissipates 2 days onwards. 

Overall, Trump’s tweets about Amazon are the only tweets shown to have a statistically 

significant impact on stock prices —  Amazon’s stock prices, in particular. Although the 

tweet’s effects are only really statistically significant on the day of publishing. However, 

this is also likely due to the fact that Trump had tweeted about Amazon on the 29th of 

December, the Friday right before the New Year’s trading holiday.  

 

From Table 1, based on the number of retweets, we see that engagement with these tweets 

varies considerably between the selected tweets. Boeing received the most number of 

retweets at about 37,728, followed by Amazon (26,604), and Harley-Davidson (16,701). It 

would appear that engagement may not necessarily be a determinant of whether or not 

Trump’s tweet may have statistically significant effects on a company’s stock price. Worth 

noting, perhaps, is not just engagement but the frequency at which Trump tweets about 

these companies. A quick search on the Trump Twitter Archive (Brown, n.d.) using the 
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keyword “Boeing” shows that the tweet we selected for this study was the first Boeing-

related tweet that Trump had posted since announcing his campaign in June 2015. Similarly, 

Trump had only started tweeting about Harley-Davidson in 2018, with the tweet selected 

for this study being the first among a string of negative tweets directed towards the 

company (Brown, n.d.). In contrast, Trump has tweeted about other companies much more 

frequently, such as Amazon. Not only has Trump tweeted more frequently about Amazon, 

but his animosity towards the company and its CEO appears to be more publicized (Kim, 

2016; Mack, 2016; Johnson & Brice, 2017).  What this could imply is that the frequency 

at which Trump tweets about a certain company could affect the way traders and investors 

perceive these company-directed tweets, as a higher frequency of tweets could make 

Trump’s hostility towards a certain company more established or more publicly known. In 

this case, Trump tweeted more frequently about Amazon, which in effect, could pull more 

attention from traders and investors, thus leading to a significant effect on Amazon’s stock 

price. 

4.1.1 Boeing 

For this stock, the tweet chosen shows Trump threatening to cancel an order for Boeing’s 

new 747 Air Force One. Boeing continues to be one of America’s largest aerospace 

companies and is a leading manufacturer of commercial jetliners and other defense-related 

products. In addition, the U.S. military and the federal government both make up a 

considerable share of the company’s contracts (Shalal & Tennery, 2016). As such, we 

would expect this tweet to have a negative effect on Boeing’s closing stock price.  
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Figure 1: Boeing Synthetic Control Graph (Model 1) 

 

 

Figure 2: Boeing Placebo Effects Graph (Model 1) 
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Figure 3: Boeing Synthetic Control Graph 1 (Model 2) 

 

 

Figure 4: Boeing Placebo Effects Graph (Model 2) 1 

 

 

Despite omitting some covariates in the second model, Figures 1 and 2 show almost no 

differences, which entails that the results are robust despite changing the covariates used. 

We see that the pre-treatment fit is generally quite good, and the synthetic and treatment 

paths diverge after the event on December 6. However, from Table 3, the standardized p-

value shows this gap to be insignificant at the 5% level. This is further reflected by the 

placebo effect graphs (Figures 3 and 4) that both show no difference between the donor 
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pool and treated unit’s post-tweet trajectories, as the gap in closing stock price for the 

treated unit does not differ significantly from the other control units in the donor pool.  

4.1.2 Amazon 

Figures 5 and 6, as well as Figures 7 and 8, are virtually identical despite the omission of 

certain covariates in Model 2. Figures 5 and 6 also show that the pre-treatment fit between 

the synthetic and treated series are parallel to each other, indicating sufficient goodness-

of-fit. Creating a counterfactual for Amazon can be relatively complicated, as the company 

falls into many categories, ranging from retail to logistics and cloud computing. Primarily, 

however, it can be described as a retail company. The counterfactual created in this 

regression is generally satisfactory but can be improved. From Appendix 6, we see that the 

donor pool is mostly skewed towards Costco, with a weight of 0.285, this is not too 

surprising as, like Amazon, Costco is a major retail player in the U.S. market. Quite 

surprising, however, is the inclusion of defense companies such as Axon Enterprise (0.133) 

and the TransDigm Group (0.165).  

 

Figure 5: Amazon Synthetic Control Graph (Model 1) 
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Figure 6: Amazon Placebo Effects Graph  (Model 1) 

 

 

Figure 7: Amazon Synthetic Control Graph 1(Model 2) 
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Figure 8: Amazon Placebo Effects Graph  (Model 2) 1 

 

 

In Figures 5 and 6, we see that the treated unit and control unit series seem to diverge after 

the tweet. Although the gap between the two series does not seem as pronounced, it was 

found to be statistically significant (see Table 3), which suggests that Trump’s tweet 

directed at Amazon did, in fact, have a significant negative effect on the company’s stock 

price on the day the tweet was published, even though based on the placebo effect graphs 

(Figures 7 and 8), the gap in closing stock price is not as clear. However, the significant 

effect peters out just one day after the tweet onwards. Again, this is likely due to the timing 

of the tweet as it was published on December 29 ahead of the New Year’s holiday. 
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4.1.3 Harley-Davidson 

In the tweet selected for this event, Trump appeared to support a boycott of Wisconsin-

based motorcycle manufacturer, Harley-Davidson (see Table 1). Trump’s disdain towards 

Harley-Davidson aligns with his view of keeping American companies’ production lines 

within U.S. boundaries.  

 

Figure 9: Harley-Davidson Synthetic Control Graph (Model 1) 
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Figure 10: Harley-Davidson Placebo Effects Graph (Model 1)  

 
 

Figure 11: Harley-Davidson Synthetic Control Graph (Model 2)1 
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Figure 12: Harley-Davidson Placebo Effects Graph (Model 2)1  

 

 
Like the graphs shown in earlier examples, Models 1 and 2 for this tweet show no distinct 

differences. Compared to the previous graphs, however, the pre-treatment fit does not 

appear to be as good and arguably, this could mean that the post-treatment gap between 

Harley-Davidson and synthetic Harley-Davidson (see Figures 9 and 10) may be artificially 

created by lack of fit rather than the effect of Trump’s tweet. Indeed, the unit weights shown 

in Appendix 8 show that Google is given the highest weight in the donor pool (0.294) 

which makes little sense as the companies are in two completely different industries. On 

that note, however, Paccar, a manufacturer of medium- and heavy-duty commercial 

vehicles, is given the second largest weight of 0.209, which is sensible given the industry 

that Harley-Davidson is in. Despite showing a rather large post-treatment divergence in 

Figures 9 and 11, as well as a gap in closing stock price in Figures 10 and 12, Table 3 

shows that Trump’s tweet had statistically insignificant effects on Harley-Davidson’s stock 

price. 

4.2 Exchange Rate Models 

Three tweets were selected for the following currencies: the Euro (EUR), the Canadian 

dollar (CAD), and the Mexican peso (MXN). A majority of EU member states have 
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adopted the Euro, though some countries in Scandinavia (excluding Finland) and Central 

Europe have opted out. Still, we use tweets directed at the European Union to study 

Trump’s tweets’ effects on the Euro. The summary table below (Table 4) provides the 

estimates and standardized p-values for the day of the tweet until five days after. Columns 

marked with a (1) show estimates for models that use all outcome lags and all covariates, 

while columns marked with a (2) show estimates for models that utilize all outcome lags 

and the following covariates: CPI, population, and current account. It should be noted that 

for the Canadian dollar tweet, although this tweet was posted on September 1, the treatment 

event was set to September 3 as September 1 falls on a Saturday, which is a non-trading 

day. 

 

Much like in the previous section, omitting some covariates in the second iteration of the 

SC model makes very little difference in terms of the estimates and p-values that are 

produced, which indicates that the results are robust. For exchange rates, the dependent 

variables are exchange rate pairs with USD set as the base currency, therefore, a positive 

value indicates that either the USD appreciated against the other currency or the other 

currency depreciated against the USD. For instance, positive estimates for the Mexican 

peso (MXN) indicate that either the USD appreciated against MXN or MXN depreciated 

against the USD, which would imply that the Mexican peso had weakened in value. 

Conversely, the negative values for Euro and two of the Canadian dollar coefficients 

suggest that the U.S. dollar depreciated against these currencies or that the other currencies 

had appreciated against the U.S. dollar. 
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Table 4: Summary of Synthetic Control Models for Exchange Rates 

 EUR 

June 22, 2018 

CAD 

September 3, 2018  

MXN 

May 30, 2019 

Time (1) (2) (1) (2) (1) (2) 

Day of 

tweet 

-0.0052 

(0.6593) 

-0.0052 

(0.6593) 

-0.0116 

(0.9785) 

-0.0116 

(0.9785) 

0.6124 

(0.0319) 

0.6124 

(0.0319) 

1 day after 

tweet 

-0.0122 

(0.2527) 

-0.0122 

(0.2527) 

0.4892 

(0.2366) 

0.4892 

(0.2366) 

0.7059 

(0.1170) 

0.7059 

(0.1170) 

2 days 

after tweet 

-0.0011 

(0.8681) 

-0.0011 

(0.8681) 

0.5943 

(0.1828) 

0.5943 

(0.1828) 

1.1356 

(0.0638) 

1.1356 

(0.0638) 

3 days 

after tweet 

0.0221 

(0.1758) 

0.0221 

(0.1758) 

0.5385 

(0.2688) 

0.5385 

(0.2688) 

0.8135 

(0.1596) 

0.8135 

(0.1596) 

4 days 

after tweet 

-0.0272 

(0.1758) 

-0.0272 

(0.1758) 

0.3238 

(0.4409) 

0.3238 

(0.4409) 

0.9461 

(0.1277) 

0.9461 

(0.1277) 

5 days 

after tweet 

-0.0171 

(0.2967) 

-0.0171 

(0.2967) 

0.1811 

(0.6989) 

0.1811 

(0.6989) 

1.0482 

(0.1064) 

1.0482 

(0.1064) 

 

With the exception of the Euro, we see that Trump’s tweets generally have led to either a 

strengthening of the U.S. dollar or a depreciation in the currency of the target country. 

Though for Canada this effect only occurs on the day of the tweet and reverses over the 

next few days. Moreover, the effect of Trump’s tweets on the Canadian dollar and the Euro 

is not as pronounced as it is for the Mexican peso, where we see that Trump’s tweets have 

had a statistically significant effect on the Mexican peso, effectively causing it to depreciate 

against the U.S. dollar. However, the tweets directed at Mexico seem to lose their 

significance one day after the tweet onwards, indicating that these effects are very short-

lived. In addition, we see that the magnitude of the coefficient rises considerably two days 

after Trump’s tweet on Mexico and that the p-value declines to become almost significant 

at a 5% level. This is likely due to a follow-up tweet that Trump posted on June 1, 2019, 

which pointed to drugs and human trafficking issues stemming from Mexico (Trump, 2019) 

(see Appendix 9).  

 

One can argue that compared to the EU, Mexico shares more economic ties with the U.S. 

and is physically closer, hence why the effect on the peso seems to be more pronounced. 

Yet with this same line of thinking, we also see that Trump’s tweet about Canada had no 
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statistically significant effects on the Canadian dollar despite Canada being both a 

neighboring state and a major trading partner of the U.S. One reason may be that Mexico 

depends more on the U.S. as a major export destination compared to Canada, although the 

difference is not particularly large. According to the CIA World Factbook, in 2017, for 

Mexico, exports to the U.S. amounted to about 79.9% of the total dollar value of its exports, 

whereas for Canada, this amounted to about 76.4% (CIA, 2019). 

 

Another factor to consider again is engagement, which we measure using the number of 

retweets. Similar to the previous part about stock prices, we see that Trump’s Mexico 

tweets had the most retweets, with his first tweet on May 30, 2019, amassing about 39,267 

retweets and his follow-up tweet on that day reaching 19,809 retweets (see Table 2). In 

contrast, Trump’s tweets about Canada on September 1, 2018, had reached 15,687 and 

23,515 retweets, whereas his tweets about the EU reached just 17,832 retweets (see Table 

2). What these figures entail is that there was considerably greater engagement on Trump’s 

Mexico-related tweets, which may partly explain why these tweets had a significant effect 

on the USD/MXN pair. Another factor to consider is the frequency of tweets directed at a 

particular target or country. We found that Trump tweets about Mexico the most, compared 

to the EU or Canada. In fact, Trump has been openly critical and distasteful of Mexico 

since even before formally announcing his presidency, having tweeted about Mexico, 

immigration, and borders as early as 2014 (Trump, 2014). Like in the stock price case 

shown in an earlier part of this chapter, this could entail that the frequency at which Trump 

tweets about a certain country could affect the way people react to his negative tweets, with 

people more likely reacting to tweets about a country that is more frequently lambasted by 

Trump.  

4.2.1 Euro 

For this tweet targeting the European Union, Trump threatened to place a 20% tariff on all 

cars unless tariffs and trade barriers imposed on the U.S. were removed. Interestingly, 

based on Table 4, we see that the coefficient values are negative, which suggests that this 

tweet led to a depreciation of the U.S. dollar against the Euro or a strengthening of the Euro 
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against the dollar. This may reflect traders’ or investors’ growing concerns about escalating 

trade tensions between the U.S. and the European Union. Still, we found that these 

coefficients were statistically insignificant from the day of the tweet until five days after. 

 

Figures 13 to 16 show the SC graphs and placebo effect graphs. Again, both models are 

virtually identical both graphically and in terms of their coefficients (see Table 4). From 

Figure 13 and 15, we see that the synthetic and treatment series follow an identical pre-

treatment path. Both paths continue to be parallel, however, even after the tweet was posted, 

indicating no effect on the Euro. The lack of a statistically significant effect is further 

emphasized by the placebo effect graphs shown in Figures 14 and 16. From these graphs, 

we see that there is very little variation in the gap of the treatment unit (the Euro). 
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Figure 13: Euro Synthetic Control Graph  (Model 1)  

 

 

Figure 14: Euro Placebo Effects Graph (Model 1) 
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Figure 15: Euro Synthetic Control Graph  (Model 1)1 

 

 

Figure 16: Euro Placebo Effects Graph (Model 2) 1  

 

 

Interestingly, despite a very good pre-treatment fit, from the unit weights table in Appendix 

10, we see that the Moroccan dirham (MAD) holds the most weight in the donor pool 

(0.412), followed by the Cape Verdean escudo (0.368). This is arguably a bit odd as these 

countries differ considerably from most countries in the European Union, especially in 

terms of economic performance and prosperity.  
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4.2.2 Canadian dollar  

On this day, Trump tweeted twice about Canada, with his first tweet claiming that Canada 

had “taken advantage” of the U.S. for years. The main focus here, however, is the tweet 

where Trump threatens to exclude Canada from future North American trade agreements. 

Like the tweet directed at the EU, the phrase “there is no political necessity to keep Canada 

in the new NAFTA deal” is very strongly worded, and we would expect this tweet to have 

a negative impact on the Canadian dollar because of Canada’s close trade ties with the U.S. 

 

Figure 17: Canadian dollar Synthetic Control Graph (Model 1) 

 

 

Once again, graphs and coefficients for both Models 1 and 2 are identical. Figures 17 and 

19 show that the synthetic and treated unit series have a relatively satisfactory pre-

treatment fit in the pre-treatment period. The synthetic and treated series then diverge 

considerably on the treatment date, which in this case we have moved to two days after 

the actual tweet due to the original tweet date being on a Saturday which is a non-trading 

day. 
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Figure 18: Canadian dollar Placebo Effects Graph (Model 1)  

 

 

Figures 18 and 20 show the placebo effect graphs for this event. We see that the gap in 

closing rate for the Canadian dollar does not stand out considerably at first, but then 

moves up sharply around one day after the event despite a lack of tweets about Canada 

during the post-treatment period. Still, despite the rather large post-treatment divergence 

seen in Figures 16 and 18, Table 4 shows this effect to be insignificant and negative on 

the first day. In the days to follow, the coefficient changes from negative to positive, 

indicating that the U.S. dollar strengthens after weakening. However, the coefficients 

remain statistically insignificant. The lack of a statistically significant effect may be due 

to timing as the tweets were originally posted on September 1 which is a Saturday. It is 

possible that traders’ interests or concerns regarding this tweet were mostly short-lived. 
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Figure 19: Canadian dollar Synthetic Control Graph (Model 2)1 

 

 

Figure 20: Canadian dollar Placebo Effects Graph (Model 2)1 

 

 

4.2.3 Mexican peso 

From the wall to openly disparaging Mexican immigrants,  Trump’s aversion towards 

Mexico is well known. Time and time again, Trump has been highly critical of Mexico, in-

line with his rather protectionist, anti-immigration stance. In this particular tweet, Trump 
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had said that: “On June 10th, the United States will impose a 5% Tariff on all goods coming 

into our Country from Mexico, until such time as illegal migrants coming through Mexico, 

and into our Country, STOP. The Tariff will gradually increase until the Illegal 

Immigration problem is remedied,..” (Trump, 2019).  

 

With Mexico being one of America’s main trading partners and vice versa, one would 

expect this strongly worded tweet to have a rather significant negative impact on the 

Mexican peso. Again, omitting predictors has not caused the models to differ substantially 

— although p-values differ slightly between Models 1 and 2 (see Table 4). 

 

Figure 21: Mexican peso Synthetic Control Graph (Model 1) 
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Figure 22: Mexican peso Placebo Effects Graph (Model 1)  

 

 

Figure 23: Mexican peso Synthetic Control Graph (Model 2)1 
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Figure 24: Mexican peso Placebo Effects Graph (Model 2)1  

 

 

Overall, Figures 21 and 22 have a relatively decent pre-treatment fit, while the post-

treatment fit shows a significant gap between the treatment and synthetic paths, which 

suggests that the tweet has an effect on the Mexican peso. The p-values shown for both 

Models 1 and 2 in Table 4 show this effect to be statistically significant at a 5% level, 

which matches our expected result. This effect is further compounded by the placebo 

graphs (Figures 23 and 24) which indicate that Mexico’s trajectory differs substantially 

compared to a majority of other countries in the donor pool, which indicates that there was 

indeed an effect on the Mexican peso. 
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V. CONCLUSION 

The digital age and social media have undoubtedly shaped the way we create, consume, 

and access information. For politicians, social media platforms such as Twitter and 

Facebook have become a key part of their communication arsenal. As such, it is not too 

surprising to see prominent leaders, such as U.S. President Donald Trump, post on 

platforms such as Twitter. With Trump in the limelight, albeit not in the best light, 

admittedly, we find that there is growing interest in what the president has to say, perhaps 

because Trump tends to be more openly critical and more openly accusatory of companies, 

individuals, and companies that he feels go against his economic credo of “making 

America great again”. The media has been drawn to these statements, and numerous 

articles have stated that Trump’s tweets have had an impact on stock markets or exchange 

rates. At first glance, this almost seems believable, after all, the U.S. President is a rather 

influential person on the global stage. However, one may also argue that these effects may 

happen simply by chance and that perhaps that the effect may be overstated. In 

understanding this relationship better, this could help traders make a more informed 

decision and avoid the uncertainty that often follows Trump’s more negative statements on 

Twitter. 

 

To explore this, we utilized the SC method to analyze the cause-and-effect relationship 

between Trump’s negative tweets and financial markets, particularly the stock market and 

the foreign exchange market. Daily closing stock price data and daily closing exchange 

rate data were used as dependent variables. For each event, we produced two models with 

different covariates, but with the same number of outcome lags. Upon analyzing the results, 

we found that the effects of each tweet varied depending on the ‘target’ of said tweet. It 

would appear that some companies or countries are more likely to be affected and that there 

would appear to be a causal link between Trump’s tweets with movement in some 

companies’ stock prices and some country’s exchange rates. This, however, does not hold 

for all countries nor companies selected in this study. We found that Trump’s tweet about 

imposing tariffs on Mexico, as well as his tweet about Amazon taking advantage of the 

U.S. Postal Service, had the most significant effects on exchange rates and stock prices. 
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Different results may indicate that traders or investors react differently to Trump’s tweets, 

basing their decisions perhaps, on trade ties between countries, for instance, or the type of 

industry a certain company is in. We find that larger states, such as the European Union, 

which is a collection of states, are not as affected by Trump’s tweets compared to 

neighboring countries such as Mexico. This is likely because of geographical proximity, 

but also, as is more likely the case, the fact that trade with the U.S. contributes to a rather 

large part of Mexico’s total trade activity.  

 

Notwithstanding, of course, is to acknowledge the limitations of this thesis. Because of the 

nature of the SC method, the selection of events is rather small. Thus, it could be rather 

difficult to make large scale inferences based on this, as each country or company is 

different. Still, the effects of this study still provide some insight into how these tweets 

may move (or not move) markets. Moving forward, it could be more insightful to expand 

this perhaps to include positive tweets as well. That said, integrating more sentiment 

analysis methods to a study like this could provide a more thorough, multifaceted 

understanding of the causal effects of politicians’ tweets on financial markets. We also 

found that the currencies and stock prices that were significantly affected by Trump’s 

tweets, were also more frequently tweeted about compared to the other treatment units that 

saw no significant effects. Although this was not as thoroughly examined, for future studies, 

it could also be interesting to assess whether this holds true. 
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Appendices 

Appendix 1 

List of Companies used as Control Units and Ticker Symbols 

1 AAP Advance Auto Parts, Inc. 

2 AAPL Apple 

3 AAXN Axon Enterprise, Inc. 

4 AJRD Aerojet Rocketdyne Holdings, Inc. 

5 ANF Abercrombie & Fitch Company 

6 AVAV AeroVironment, Inc. 

7 AYR Aircastle Limited 

8 AZO AutoZone, Inc. 

9 BBY Best Buy Co., Inc. 

10 BKNG Booking Holdings, Inc. 

11 BURL Burlington Stores, Inc. 

12 BWA BorgWarner, Inc.  

13 COST Costco 

14 CRI Carter's, Inc. 

15 CW Curtiss-Wright Corporation 

16 DDS Dillard's, Inc. 

17 DKS Dicks Sporting Goods, Inc.  

18 EBAY eBay, Inc. 

19 ESE ESCO Technologies, Inc. 

20 ETSY Etsy, Inc. 

21 EXPE Expedia Group, Inc. 

22 F Ford Motor Company 

23 FB Facebook, Inc. 

24 FDX FedEx Corporation 

25 FOXF Fox Factory Holding Corporation 

26 GD General Dynamics Corporation 

27 GM General Motors 

28 GOOG Google 

29 GPC Genuine Parts Company 

30 HD Home Depot, Inc. 

31 HEI Heico Corporation 

32 HII Huntington Ingalls Industries, Inc. 

33 HON Honeywell International, Inc. 

34 IBM IBM Common Stock 
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35 JWN Nordstrom, Inc. 

36 KAMN Kaman Corporation 

37 KR Kroger Company 

38 KSS Kohl's Corporation 

39 LB L Brands Inc. 

40 LCII LCI Industries 

41 LDOS Leidos Holdings, Inc. 

42 LKQ LKQ Corporation 

43 LLL L3 technologies, Inc. 

44 LOW Lowe's Companies, Inc. 

45 M Macy's, Inc. 

46 MSFT Microsoft Corporation 

47 NAV Navistar International Corporation 

48 NFLX Netflix, Inc. 

49 NOC Northrop Grumman Corporation 

50 NSIT Insight Enterprises, Inc. 

51 ORCL Oracle Corporation 

52 ORLY O'Reilly Automotive, Inc. 

53 OSK Oshkosh Corporation 

54 PATK Patrick Industries, Inc. 

55 PCAR PACCAR, Inc. 

56 PII Polaris Industries, Inc. 

57 ROST Ross Stores, Inc. 

58 RTN Raytheon Company 

59 SURRY Sun Art Retail Group 

60 TDG TransDigm Group, Inc. 

61 TDY Teledyne Technologies, Inc. 

62 TGT Target Corporation 

63 THO Thor Industries, Inc. 

64 TJX TJX Companies, Inc. 

65 TWTR Twitter, Inc. 

66 TXT Textron, Inc. 

67 UPS United Parcel Service, Inc. 

68 URBN Urban Outfitters, Inc. (URBN) 

69 UTX United Technologies Corporation 

70 WAIR Wesco Aircraft Holdings, Inc. 

71 WGO Winnebago Industries, Inc. 

72 WMT Walmart, Inc. 

73 WNC Wabash National Corporation 

74 WSM Williams-Sonoma, Inc. 
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Appendix 2 

List of Countries used as Control Units and Currency Codes 

1 ALL Albania 

2 AMD Armenia 

3 ARS Argentina 

4 AUD Australia 

5 AZN Azerbaijan 

6 BAM Bosnia-Herzegovina 

7 BBD Barbados 

8 BDT Bangladesh 

9 BHD Bahrain 

10 BIF Burundi 

11 BND Brunei 

12 BOB Bolivia 

13 BRL Brazil 

14 BSD Bahamas 

15 BTN Bhutan 

16 BZD Belize 

17 CHF Switzerland 

18 CLP Chile 

19 COP Colombia 

20 CRC Costa Rica 

21 CUP Cuba 

22 CVE Cape Verde 

23 CZK Czech Republic 

24 DKK Denmark 

25 DOP Dominica 

26 DZD Algeria 

27 EGP Egypt 

28 FJD Fiji 

29 GBP United Kingdom 

30 GEL Georgia 

31 GHS Ghana 

32 GMD Gambia 

33 HKD Hong Kong 

34 HNL Honduras 
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35 HRK Croatia 

36 HTG Haiti 

37 HUF Hungary 

38 IDR Indonesia 

39 ILS Israel 

40 INR India 

41 ISK Iceland 

42 JMD Jamaica 

43 JOD Jordan 

44 JPY Japan 

45 KES Kenya 

46 KGS Kyrgyzstan 

47 KHR Cambodia 

48 KRW South Korea 

49 KWD Kuwait 

50 KZT Kazakhstan 

51 LAK Laos 

52 LBP Lebanon 

53 MAD Morocco 

54 MDL Moldova 

55 MKD Macedonia 

56 MMK Myanmar 

57 MNT Mongolia 

58 MVR Maldives 

59 MYR Malaysia 

60 NGN Nigeria 

61 NIO Nicaragua 

62 NOK Norway 

63 NPR Nepal 

64 NZD New Zealand 

65 OMR Oman 

66 PAB Panama 

67 PEN Peru 

68 PHP Philippines 

69 PKR Pakistan 

70 PLN Poland 

71 PYG Paraguay 

72 QAR Qatar 
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73 RON Romania 

74 RSD Serbia 

75 RUB Russia 

76 SAR Saudi Arabia 

77 SEK Sweden 

78 SGD Singapore 

79 SRD Suriname 

80 THB Thailand 

81 TND Tunisia 

82 TOP Tonga 

83 TRY Turkey 

84 TTD Trinidad and Tobago 

85 UAH Ukraine 

86 UGX Uganda 

87 UYU Uruguay 

88 VND Vietnam 

89 VUV Vanuatu 

90 WST Samoa 

91 ZAR South Africa 

92 ZMW Zambia 

 

Appendix 3 

Predictor Balance Tables for Boeing (Model 1 and Model 2) 

Covariate Model 1 Model 2 

 Treated Synthetic Treated Synthetic 

Market 

Capitalization 
1.96 x e11 9.97 x e10 - - 

P/E Ratio 19.98855 28.30767 - - 

Gross Profit 1.96 x e10 2.49 x e10 1.96 x e10 2.49 x e10 

Book Value 1.25 x e8 1.85 x e10 1.25e+08 1.85 x e10 

Total Revenue 1.01 x e11 1.41 x e11 1.01 x e11 1.41 x e11 

Dividend Rate 8.22 2.15193 - - 
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Appendix 4 

Unit Weights Table for Boeing (Model 1 and Model 2) 

Ticker Symbol Unit Weights 

(Model 1) 

Unit Weights 

(Model 2) 

COST 0.53 0.53 

DKS 0.059 0.059 

GD 0.026 0.026 

GM 0.075 0.075 

LOW 0.051 0.051 

NFLX 0.024 0.024 

PII 0.003 0.003 

RTN 0.035 0.035 

THO 0.035 0.035 

TWTR 0.071 0.071 

WMT 0.093 0.093 

Appendix 5 

Predictor Balance Table for Amazon (Model 1 and Model 2) 

Covariate Model 1 Model 2 

 Treated Synthetic Treated Synthetic 

Market 

Capitalization 

8.97 x e11 1.03 x e11 - - 

P/E Ratio 76.02467 51.656 - - 

Gross Profit 9.37 x e11 1.23 x e10 9.37 x e10 1.23 x e10 

Book Value 4.84 x e10 1.46 x e10 4.84 x e10 1.46 x e10 

Total Revenue 2.33 x e11 4.97 x e10 2.33 x e11 4.97 x e10 

Dividend Rate 0 0.85206 - - 
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Appendix 6 

Unit Weights Table for Amazon (Model 1 and Model 2) 

Ticker Symbol Unit Weights 

(Model 1) 

Unit Weights 

(Model 2) 

AAXN 0.133 0.133 

AVAV 0.012 0.012 

COST 0.285 0.285 

FB 0.097 0.097 

HEI 0.117 0.117 

LLL 0.011 0.011 

MSFT 0.008 0.008 

ORCL 0.039 0.039 

TDG 0.165 0.165 

TWTR 0.064 0.064 

WAIR 0.047 0.047 

WNC 0.016 0.016 

Appendix 7 

Predictor Balance Tables for Harley-Davidson (Model 1 and Model 2) 

Covariate Model 1 Model 2 

 Treated Synthetic Treated Synthetic 

Market 

Capitalization 

5.20 x e9 3.20 x e11 - - 

P/E Ratio 11.1954 22.15365 - - 

Gross Profit 1.91 x e9 5.30 x e10 1.96 x e10 2.49 x e10 

Book Value 1.80 x e9 7.28 x e10 1.25 x e8 1.85 x e10 

Total Revenue 5.72 x e9 1.57 x e11 1.01 x e11 1.41 x e10 

Dividend Rate 0 0.85206 - - 
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Appendix 8 

Unit Weights Table for Harley-Davidson (Model 1 and Model 2) 

Ticker 

Symbol 

Unit Weights 

(Model 1) 

Unit Weights 

(Model 2) 

BA 0.044 0.044 

BKNG 0.002 0.002 

EBAY 0.049 0.049 

F 0.006 0.006 

GD 0.122 0.122 

GOOG 0.294 0.294 

ORCL 0.084 0.084 

PCAR 0.209 0.209 

WMT 0.191 0.191 

Appendix 9 

Trump tweets about Mexico again on June 1, 2019 

“...travesty that is taking place in allowing millions of people to easily meander through 

their country and INVADE the U.S., not to mention the Drugs & Human Trafficking 

pouring in through Mexico. Are the Drug Lords, Cartels & Coyotes really running Mexico? 

We will soon find out! ....U.S. in order to avoid paying the 25% Tariff. Like Mexican 

companies will move back to the United States once the Tariff reaches the higher levels. 

They took many of our companies & jobs, the foolish Pols let it happen, and now they will 

come back unless Mexico stops the.....” (Trump, 2019) 
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Appendix 10 

Predictor Balance Tables for European Union (Euro)  

(Model 1 and Model 2) 

Covariate Model 1 Model 2 

 Treated Synthetic Treated Synthetic 

Consumer 

Price Index 
1.381 6.558 1.381 6.558 

Population 3.41 x e8 2.08 x e7 3.41 x e8 2.08 x e7 

GDP per capita 

(PPP) 
45075.95 10559.22 - - 

Current 

Account 
3.98 x e11 1.66 x e7 3.98 x e11 1.66 x e7 

 

Appendix 11 

Control Country Weights Table for European Union (Euro) (Model 1 and Model 2) 

Currency Unit Weights 

(Model 1) 

Unit Weights 

(Model 2) 

CHF 0.011 0.011 

CVE 0.368 0.368 

HRK 0.137 0.137 

HUF 0.001 0.001 

KES 0.001 0.001 

KGS 0.004 0.004 

LBP 0.013 0.013 

MAD 0.412 0.412 

MVR 0.001 0.001 

NOK 0.027 0.027 
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Appendix 11 (continued) 

OMR 0.003 0.003 

PEN 0.003 0.003 

RSD 0.007 0.007 

SAR 0.003 0.003 

THB 0.009 0.009 

TTD 0.001 0.001 

Appendix 12 

Predictor Balance Tables for Canadian dollar (Model 1 and Model 2) 

Covariate Model 1 Model 2 

 Treated Synthetic Treated Synthetic 

Consumer Price 

Index 
1.597 1.577 1.597 1.577 

Population 3.67 x e7 1.42 x e7 3.67 x e7 1.42 x e7 

GDP per capita 

(PPP) 
46509.72 28873.52 - - 

Current 

Account 
-4.64 x e10 6.89 x e9 -4.64 x e10 6.89 x e9 

Appendix 13 

Unit Weights Table for Canadian dollar (Model 1 and Model 2) 

Currency Unit Weights 

(Model 1) 

Unit Weights 

(Model 2) 

AMD 0.057 0.057 

AUD 0.098 0.098 

AZN 0.034 0.034 

BAM 0.149 0.149 
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Appendix 13 (continued) 

BDT 0.010 0.010 

CHF 0.218 0.218 

CRC 0.141 0.141 

KRW 0.023 0.023 

MAD 0.143 0.143 

PAB 0.058 0.058 

SAR 0.002 0.002 

WST 0.065 0.065 

Appendix 14 

Predictor Balance Tables for Mexican peso (Model 1 and Model 2) 

Covariate Model 1 Model 2 

 Treated Synthetic Treated Synthetic 

Consumer 

Price Index 
6.041 4.612 6.041 4.612 

Population 1.29 x e8 3.18 x e7 1.29 x e8 3.18 x e7 

GDP per 

capita (PPP) 
18655.92 14158.72 - - 

Current 

Account 
-1.94 x e10 4.65 x e8 -1.94 x e10 4.65 x e8 
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Appendix 15 

Unit Weights Table for Mexican peso (Model 1 and Model 2) 

Currency Unit Weights 

(Model 1) 

Unit Weights 

(Model 2) 

AMD 0.204 0.204 

BBD 0.010 0.010 

BTN 0.221 0.221 

CLP 0.163 0.163 

EGP 0.031 0.031 

GHS 0.003 0.003 

KES 0.205 0.205 

PHP 0.055 0.055 

RUB 0.051 0.051 

SAR 0.004 0.004 

SGD 0.027 0.027 

UAH 0.008 0.008 

ZAR 0.018 0.018 
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