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ABSTRACT

The prevalence of social media has inspired multiple researchers to investigate the value of information 
on various platforms. However, most studies focus on integrating individual views (the wisdom of the 
crowd), and few studies investigate just one person’s effect. To close this gap, this article investigates 
the impact of Trump’s tweets on stock markets. Based on intraday stock market data, this study 
uses an event study to test the immediate reaction of the stock markets in both the Chinese and U.S. 
markets. Next, with ordinary least squares (OLS) regression, this study testes the effect of tweets’ 
content features on the returns and volatility of the Chinese and U.S. indices. The results show that 
Trump’s tweets impacted the financial market, especially the returns of the U.S. stock market during 
the COVID-19 pandemic. With additional analyses based on industry indices and time frequencies, 
the researchers found that Trump’s sentiment on Twitter affected the Chinese financial industry during 
the trade war and impacted the Chinese pharmaceutical industry during the pandemic.
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INTRODUCTION

“Make America Great Again,” “MAGA2020,” and “America First.” These are just a few examples of 
popular slogans shared on Twitter. Due to the prevalence of social media, millions of people choose 
to express themselves via the virtual world. In addition, an increase in active mobile users means that 
more valuable information is being stored on social platforms.

A diverse group of users and a significant amount of information can be found on social 
media platforms. Therefore, many studies have investigated the real-world effect of social media 
content and information (table 1). For example, the integration of users’ comments on social 
media has a positive impact on moviegoers (Cheng & Yang, 2022), serving to forecast box-office 
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revenues (Asur & Huberman, 2010). Microblogging content is a valid indicator of election 
results (Tumasjan et al., 2011). Additionally, media data from Twitter and Facebook can be used 
to predict a product’s future demand and improve supply chain performance (Iftikhar & Khan, 
2020). The most common research uses content to predict the performance of stock markets. 
In fact, in recent years, research has burgeoned surrounding social media platforms and stock 
markets (Chen et al., 2021; Jin et al., 2022).

Table 1. Literature summary
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While most studies have focused on the wisdom of the crowd (Bollen et al., 2011; Cheng & 
Yang, 2022), few have concentrated on individual perspectives (Ajjoub et al., 2020). There must 
be enough statements on social media to close the gap by examining one individual’s perspective. 
Thus, former United States President Donald Trump is an ideal candidate to study the impact of an 
individual’s continual postings on Twitter.

The slogans at the beginning of this section are, in fact, a common language used by Trump on 
Twitter. His words beyond the slogans also cause a stir around the world. In addition, after Trump 
won the U.S. presidential election in November 2016, the U.S. stock market underwent dramatic 
changes. In 2017, U.S. stock prices rose sharply while volatility hit historic lows. In 2018, U.S. 
stocks experienced severe turbulence and the country’s economic environment underwent significant 
change. Trump tweeted: The F-35 program and cost is out of control. Billions of dollars can and 
will be saved on military (and other) purchases after January 20th. This seemingly ordinary tweet on 
December 12, 2016, however, caused a sharp drop in the Dow Jones Aerospace and Defense Index 
due to the peculiarity of the tweeter, Donald Trump. Jack Ablin, chief investment officer at BMO 
Private Bank, said: This is a new type of risk that can be described as a Presidential Attack Risk. A 
similar situation occurred on October 2, 2020, when Trump tweeted that he and first lady, Melania 
Trump, had started to quarantine after testing positive for the new coronavirus. This communication 
from the controversial politician caused U.S. stock index futures to fall sharply. Among them, Dow 
Jones futures fell more than 1.7%. The Nasdaq and Standard and Poor’s also fell. This tweet also led 
to drops in European and Japanese stocks.

The posting in Figure 1, which declared an increase in tariffs, led the Asian and European stock 
markets to suffer heavy losses when they opened. Chinese Shanghai and Shenzhen markets both 
opened low. The Shanghai Composite Index fell below 3,000 points. At the close of the day, the 
Shanghai Composite Index fell 5.58%, the Shenzhen Component Index fell 7.56%, and the Growth 
Enterprise Index fell 7.94%. The Shanghai Composite Index fell 6.5% in the afternoon alone (more 
than 200 points). Nearly 900 stocks in the two markets fell by their limit. The Australian stock market 
fell 1.2% and the Nikkei 225 Index futures NKc1 tumbled 2.4% to 21,955 points. Taiwan’s stock 

Figure 1. Example of Trump’s tweets
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market also tumbled 1.8%, a three-week closing low. Hong Kong’s Hang Seng Index fell 3.21%. 
E-mini S&P 500 index futures fell 1.7%1.

JPMorgan quantified the impact of Trump’s tweets on the bond market by designing an indicator, 
the Volfefe Index, to analyze how Trump’s tweets affect the volatility of U.S. interest rates. In a 
research report, they pointed out: We found strong evidence that (Trump’s) tweets will immediately 
and increasingly affect the trend of the US interest rate market after it is published. More interestingly, 
Bank of America Merrill Lynch reported that the days when Trump frequently commented on Twitter 
were often when the U.S. stock market returns were negative.

Several policies were proposed after Trump took office. For example, America First raised 
tariffs and launched a trade war between China and the U.S. This, in turn, undermined the economic 
development of both countries. Since 2020, due to the outbreak of COVID-19, the U.S. stock market 
has experienced a significant blow. During his presidency, Trump was a frequent tweeter, with content 
that always impacted the stock markets. To the best of the researchers’ knowledge, existing analytical 
research on the content of Trump’s tweets investigate the impact of those texts, which specifically 
mention the firms’ names on the U.S. market (Kinyua et al., 2021). There is, however, limited work on 
the effects of Trump’s opinions on global markets (Guo et al., 2021). In addition, there is no research 
on tweets that mention China or the U.S. Thus, the authors of this research analyze the impact of 
Trump’s tweets on markets in China and the U.S. based on tweets that mention both countries.

This study first investigates the immediate reaction of stock markets to Trump’s tweets. Second, 
it analyzes the effects of the tweets’ content on stock markets. The researchers focus on the tweets 
posted by Trump that mention China or the U.S. and intraday data to analyze stock market performance. 
For the first objective, the researchers leverage an event study based on abnormal returns to test the 
instantaneous effects of tweets. For the second objective, the researchers calculate the sentiment 
expressed in the content and establish linear regression models to measure the performance of 
each feature of the tweets’ content. The results of the event study indicate that Trump’s tweets have 
an immediate positive impact on the U.S. stock markets and an immediate negative impact on the 
Chinese stock markets. Ten minutes later, only the Nasdaq Index showed a significantly negative 
reaction to the tweets. Twenty minutes later, two indices of the U.S. and two indices of the Chinese 
stock markets showed a significantly positive reaction to the tweets. The results of the OLS regression 
show that Trump’s tweets impact the financial market, especially on the returns of the U.S. stock 
market during the pandemic.

The contributions of this study are threefold. First, this study contributes to the research field 
of emotion extraction through a single person’s comments and opinions. It advances the literature 
on social media by examining the context and content of messages posted by the highest-ranking 
government official in the largest economy in the world, Donald Trump. Second, this study confirms 
the existence of the presidential attack risk. This risk contributes to the theory that the statements of 
an influential politician have a relationship with stock markets. In fact, these statements can affect 
foreign financial markets. Finally, this study provides a new perspective for shareholders and relevant 
departments when making decisions related to investing or acting to diminish the shock.

The remainder of this article is structured as follows. In the next section, the authors present the 
literature review. Subsequently, the authors detail the data collection procedure and measurements, 
research design, results, and research findings from the analysis. Finally, the authors summarize the 
contributions and limitations before proposing avenues for future work.

LITERATURE REVIEW

Social networking platforms continue to gain momentum. Thus, the influence of social media has 
attracted significant attention from both academia and business (Nam & Kabutey, 2021; Qi et al., 
2021). Many studies have focused on exploring the valuable information behind messages posted 
on social media.



Journal of Global Information Management
Volume 31 • Issue 1

5

Wisdom of the Crowd
A significant amount of work has been performed to exploit the influence of the wisdom of the crowd. 
This means that a diverse collection of independent decision makers is likely to make certain types of 
decisions and predictions better than individuals or experts. Surowiecki (2005) showed that the wisdom 
of the crowd does have an impact on stock markets, political elections, and quiz shows. Chen et al. 
(2014), after extracting investor opinions through Seeking Alpha, found that the information strongly 
predicts future stock returns and earnings surprises. Nofer (2015) collected recommendations from 
the largest European stock prediction communities, revealing that the crowd outperforms professional 
analysts on stock market prediction by comparing the forecast accuracy between the crowd and 
professional analysts. Azar and Lo (2016) focused on tweets from 2007 and 2014 that were related 
to the Federal Open Market Committee (FOMC). They found that tweet sentiment can be used to 
predict returns the following day. This impact intensified the day the FOMC meets. Furthermore, they 
confirmed that trading strategies based on tweet information outperformed the benchmark market on 
multiple dimensions. To examine whether collective wisdom plays a predictive role in a crisis, Chau 
et al. (2020) downloaded articles that described banks from Seeking Alpha. Their work found that 
the fraction of negative words contained in articles or comments in the pre-crisis period can predict 
the bank stock returns. However, some research shows that collective information can cause herding 
behavior due to dependent estimates by individuals. By tracking user activities on Estimize.com, an 
earning forecast website, Da and Huang (2020) found that individual opinions could be underweighted 
by viewing public information. When the platform initially blocks forecasts from other users, it can 
generate more accurate corporate earnings forecasts. This allows a better Estimize consensus.

Work that analyzes the wisdom of crowds tends to focus on social media. Although access to social 
platforms is widespread, the impact of collective wisdom varies among people of different identities. 
By analyzing tweet data during the Ukraine’s conflict, Aldarbesti et al. (2020) showed that “elite” 
participants (e.g., journalists, professional associations, commercial organizations) attracted more 
retweets than non-commercial participants (e.g., religious networks, charities, volunteers). Yang et al. 
(2015) regressed the message sentiment from users (called critical nodes) that play a central role in the 
network to multiple market returns and VIX, respectively. Their study found that critical node behavior 
transforms the regression result, causing it to be more precise and accurate in explaining a financial 
asset’s price movement. Zhang et al. (2017) divided the users of Sina Weibo into a celebrity group 
and an ordinary group. Their work concluded that the celebrity postings had a significant predictive 
power for stock returns. In contrast, postings by the ordinary group provided inefficient stock return 
predictions. This suggests that celebrity postings on social networks are informative. In fact, their 
posts can predict future stock returns, future public news, and current private information. Coyne et 
al. (2017) selected smart users from StockTwits, choosing posts that contained correct predictions. 
The messages from the smart users could be used to yield a more reliable indicator for the financial 
prediction. Similarly, Coelho et al. (2019) predicted stock prices with higher accuracy after selecting 
postings from smart users. However, Sul et al. (2017) found that the sentiment extracted from the 
tweets of users with fewer than 171 followers that were not retweeted had the most significant impact 
on future stock returns.

Sentiment Analysis in Social Media
The most common way to measure emotions expressed in social media postings is to divide them 
into a positive and negative. Furthermore, the existing literature provides multiple sentiment analysis 
techniques. Azar and Lo (2016) used a Pattern package in Python to calculate the polarity score of 
each tweet that cited the Federal Reserve. By regressing the scores, Fama French factors, and related 
variables to the excess daily return on the CRSP value-weighted market index, they concluded that 
the tweets contain predictive information of returns even after controlling for common market factors. 
Yang et al. (2015) used a comprehensive dictionary (SentiWordNet) with more than 8,000 sentimental 
words with positive and negative scores ranging from 0 to 1, respectively, to achieve the objective of 
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computing the polarity sentiment score. Sul et al. (2017) used the Harvard-IV dictionary to classify 
words and investigated the sentiment polarity in tweets about individual firms. In addition, they 
explored the relationship to the stock returns of those matched companies. Their results indicate that 
tweets spread positive or negative sentiment about a stock through the market. It can also influence 
prices and, thus, the returns from trading those stocks.

However, classifying the sentiment in social media into positive and negative sentiment is not 
always a reliable predictor. To take a further step, some researchers propose more nuanced divisions 
of emotions. Zhang et al. (2011) extracted a randomized sub-sample of the full volume of Twitter 
feeds for six months and measured collective emotions (i.e., hope, happiness, fear, worry, nervousness, 
anxiety, and upset) each day. Then, they analyzed the correlation between these indices and stock 
market indicators. The finding indicated that the emotional tweet percentage was significantly 
negatively correlated with the Dow Jones, NASDAQ, and S&P 500. However, it displayed a significant 
positive correlation with the VIX. Risius et al. (2015) analyzed seven-dimensions emotions based 
on the validated scores provided by an open-source emotion-specific dictionary, SentiStrength 2. 
They examined the explanatory power of differentiated emotions expressed in tweets for company-
specific stock prices. The emotion-specific analysis revealed that the differentiated emotions 
expressed in tweets have a more substantial relationship with company-specific stock price changes 
than the undifferentiated average sentiment. Negative emotions tend to have greater explanatory 
power. However, the positive emotionality strength is unrelated to stock price movements, which 
aligns with previous studies. Bollen et al. (2011) used OpinionFinder and Google Profile of Mood 
States to measure the polar sentiments and six-dimension mood of the content crawled from large-
scale Twitter feeds. There was no evidence that a negative and positive mood affects stock market 
prediction. Still, the mood dimension of “Calm” as measured by GPOMS has a predictive power of 
future DJIA values. Accuracy can be improved when adding special moods like calm and happiness 
to the model for prediction.

Sentiment Analysis of Trump’s Tweets
The advantage of the rapid spread of information via social media has attracted many political figures. 
Trump is a prime example. Compared with other social media users, Trump prefers to use Twitter 
to communicate his thoughts with the public. As a controversial figure, he provided fruitful data 
to study an individual’s impact. Colonescu (2018) studied about 3,500 tweets by Trump, labeling 
each tweet as positive or negative. After aggregating the sentiment over a day via average score and 
extreme score methods, the researchers used time series to investigate the correlation between the 
sentiment and DJIA, exchange rate, or other economic variables of interest. Based on the results of 
the average sentiment method, the short-term effects of Trump’s tweet sentiment on the DJIA index 
for the first two-time intervals were statistically significant. However, they had no significance in 
the last interval. Machus et al. (2022) classified Trump’s tweets that mentioned individual firms 
into positive and negative. Their research performed event study to uncover the impact of tweets on 
stock markets. They found that Trump’s tweets could cause increased trading activity; however, they 
do not have lasting effects on stock prices. Similarly, Kinyua et al. (2021) performed event study to 
analyze the immediate impact of Trump’s tweets on two U.S. stock market indices using intra-day 
market data. The results showed that the 15-minute pre-trends and 15-minute post-trends for both the 
SPX and INDU had a significant negative reaction when Trump tweeted during open market hours.

In addition to analyzing the impact on the financial market, Nicolau et al. (2020) used Trump’s 
tweets to investigate whether the president’s performance on social media affected tourism. They found 
that messages that influence the national image can affect tourism’s market value. Other studies focus 
on Trump’s company-specific tweets. However, the results come to different conclusions. Ge et al. 
(2019) analyzed the effects of Trump’s tweets that contain the names of publicly traded companies 
on firm stock prices. The authors manually labeled each tweet with a negative or positive tag. Then, 
they used a combination of Google Cloud Natural API and two lexicons to infer the underlying 
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sentiment. Based on the regression results, they concluded that the tweets had a significant impact 
on firm stock prices and trading volume, volatility, and institutional investor attention, especially 
because the impact was more substantial before the presidential inauguration. Brans and Scholtens 
(2020) analyzed the same question based on the dataset over a more extended period. Their finding 
indicates that the president’s tweets that reveal strong negative sentiment are followed by a fall in the 
market value of the company mentioned. In contrast, supportive tweets do not render a significant 
effect. In contrast, Juma’h and Alnsour (2018) found that there is no significant impact of Trump’s 
tweets on market indices or most of the targeted companies’ share prices.

According to the literature review, the authors noticed that few works have been done on the 
effect of Trump’s opinions on markets worldwide. In addition, no research has focused on tweets 
that mentioned China or the U.S. To close the gap of existing research, based on the tweets posted by 
the U.S. president that mentioned China or the U.S. and intraday stock market data, this study aims 
at investigating the immediate reaction of stock markets to the president’s tweets and analyzing the 
effects of the tweets’ content on stock markets.

DATA AND MEASUREMENTS

Collection of Tweet Data
“Trump Twitter Archive” provides all tweets from the @realDonaldTrump Twitter account, including 
those deleted shortly after posting. The authors extracted tweet data from the website from 9 p.m. on 
March 21, 2018, to 9 p.m. on June 30, 2020 (UTC). Then, because Chinese time precedes American 
time, the authors set 9 p.m. as the split point (the converted time of the closing trading time in 
American stock markets). Thus, the study can contain all tweets used for analyzing Chinese and 
U.S. stock markets.

During this period, 16,652 tweets were captured. Among them, 10,161 tweets were original (not 
retweeted). This study focuses on original tweets that mentioned target countries: China or the U.S. 
Considering various formats (full name, short name, or different spelling) of one country’s name, the 
authors unified the different existing descriptions of the names of the two countries. That is, America, 
United States, US, USA, and U.S.A. are all unified and coded as America. In addition, tweets that 
explicitly mention two nations’ affairs are important; therefore, the authors included representative 
words, such as American, Americans, Chinese, President Xi, and President Xi Jinping (and the 
capital forms of these words). Finally, 1,887 tweets mentioning the U.S. and 384 tweets mentioning 
China were collected.

During the data preprocessing stage, the authors removed all hyperlinks, usernames, and 
punctuation. They replaced abbreviations with full spellings. For example, we’re was replaced by 
we are. Considering that words after the hashtag are not separated by blank space, the researchers 
manually added spaces between the words after a hashtag. The researchers kept the words after a 
hashtag for two reasons. First, the words following a hashtag are always associated with the tweet 
content and can be a necessary part of a sentence. For instance: ... But #FakeNews likes to say we’re 
in the 1930s. They are wrong. Some people think numbers could be in the 50’s. Second, the target 
words (nation names) may be contained in words after the hashtag. Additionally, stopwords can be 
essential structural elements in dependency analysis. Most stopwords have no emotional score in the 
dictionary. Thus, the researchers did not remove stopwords from these statements.

Target-Dependent Measurements of Sentiment
Before calculating the sentiment of each tweet, the authors used the package nltk to label each word 
based on the part of speech. This helps to calculate the sentiment value of each tweet more precisely. 
According to Boiy and Moens (2009), researchers use Stanford CoreNLP to weigh each word based 
on the distance between the word and national names in the dependency tree. Stanford CoreNLP is 
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a tool developed by Stanford University for natural language processing, providing part-of-speech 
tagging, entity recognition, syntactic parsing, and other tasks required for the research. According 
to the dependency parsing provided by Stanford CoreNLP, the authors can obtain a dependency 
tree in which each node represents a word and each tweet has a tree. The researchers set the nation 
names as the target words, calculated the path distance from each word in the tree to the target word, 
and took the inverse of the distance as the weight of the word when calculating the emotional score.

Figure 2 shows the dependency tree of the tweet mentioned in the U.S. posted by Trump on 
January 3, 2017: Trump is already delivering the jobs he promised America. Based on this graph, the 
authors can count the path distance of each word in the sentence to ‘america’ separately. The distance 
between each word and ‘america’ in the sentence is three, three, three, two, four, three, two, one, and 
zero. Then, the researchers set the weight of the target word, ‘america,’ as zero. Thus, in Figure 2, 
the weight of these words in this tweet is the reciprocal of three, three, three, two, four, three, two, 
one, respectively, and the zero for the word ‘america.’ When a tweet mentions the target words more 
than once (for instance, there are two uses of ‘america’ in one tweet), the smaller path distance will 
be chosen to set as the weight of other words.

According to Sentiwordnet, the researchers can obtain a sentiment value for each word in the tweet. 
Sentiwordnet is a sentiment dictionary developed by Stanford University for research use, including 
2,000k lexical entries and their positive and negative values (Kannan et al., 2016). Considering that 
a word can have multiple parts of speech and that each part of speech may have multiple meanings, 
researchers weighted all the scores of the word in the part of speech, which the researchers labeled 
previously, to obtain the final sentiment value of the word. In Sentiwordnet, the higher the order of 
the meaning within a part of speech of a word, the greater the meaning represents the meaning of 
the word. For instance, the first description of the word is always more common than the second 
description. Then, the authors took the reciprocal of the order number as the weight of the meaning. 
That is, the researchers give the first meaning weight of 1, the second a weight of 1/2, and so on. The 
score for each meaning is the positive score minus the negative score. The final sentiment value of 
each word is the sum of the score of each meaning multiplied by their weight. When the sentiment 
values of words are not included in the dictionary, the authors set the final sentiment value of words 
to zero. After calculating the sentiment score of each word, the researchers multiplied the emotional 
score of each word in a tweet by the weight of each word previously calculated according to the 
dependency tree. Then, they summed them to obtain a final sentiment score of each tweet message.

Figure 2. Dependency Tree
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Collection of Intraday Stock Market Data
Regarding the stock market data, the authors chose 10-minute intraday stock market data. During the 
sample period, there were 573 trading days. For the Chinese stock market, the researchers downloaded 
three indices of China from the Ricequant database: (1) Shanghai Composite Index (SSEC); (2) 
Shanghai Shenzhen CSI 300 (CSI300); and (3) Shenzhen Component Index (SZI). For the U.S. stock 
market, the authors extracted three indices from the Bloomberg database: (1) Dow Jones Industrial 
Average Index (DJIA); (2) Standard & Poor’s 500 (SPX); and (3) Nasdaq Index (NASDAQ). After 
that, the authors calculated three variables: (1) 10-minute return; (2) 30-day volatility; and (3) 
abnormal return.

The 10-minute return represents the result of dividing the closing price at time t by the closing 
price of the previous 10 minutes (t-10 m) and then taking the natural logarithm:

return ln
price
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=
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Additionally, the 30-volatility represents the standard deviation of the return over the same 
period over the past 30 trading days. For instance, if the researchers want to calculate the volatility 
at 10:00 a.m. on April 20, 2018, the authors need the calculated return at 10:00 a.m. over past 30 
trading days, which includes April 20, 2018. Then, the standard deviation of these returns will be 
the 30-volatility of April 20, 2018:
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The abnormal return is the abnormal log return at time t. It is calculated as the difference between 
the return at time t and the average return from time t-35 to t-6 (a 5-hour period). There are 30 values:
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Since the frequency of the stock market data is 10 minutes, the researchers integrate the sentiment 
of tweets posted during the period [t-1, t) of trading time in the stock market, a period of 10 minutes. 
The researchers integrated tweets posted after the closing time of the stock market on trading Day 
d and before the opening time of the stock market on trading Day d+1. They considered that these 
tweets have the same impacts as the tweets posted during the first 10 minutes of trading time in the 
stock market on Day d+1.

Regarding the U.S. stock market, for example, the closing time of New York Stock Exchanges is 
4 p.m. The authors integrated the tweets posted from 4 p.m. on trading Day d to 9:40 a.m. on trading 
Day d+1. They considered all of them as tweets posted during 9:30 a.m. to 9:40 a.m. on trading Day 
d. That is, when the authors counted the number of tweets posted between 9:30 a.m. to 9:40 a.m. on 
trading Day d, it equals the number of tweets posted from 4 p.m. on trading Day d to 9:40 a.m. on 
trading Day d+1.
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In terms of the Chinese stock market, the closing time is 3 p.m. Thus, the researchers put the 
tweets posted from 3 p.m. on trading Day d to 9:40 a.m. on trading Day d+1. They considered all 
of them as tweets posted during 9:30 a.m. to 9:40 a.m. on trading Day d. Additionally, the Chinese 
stock market closes at noon. So, in a similar way, the tweets posted at noon will be put together with 
those tweets posted during the first 10 minutes of the opening in the afternoon.

Due to the time difference between China and the U.S. (and the daylight time of the U.S.), the 
authors adjusted all times to UTC time before integrating. After integrating tweets by trading time, 
the researchers calculated the average length of tweets and counted the number of tweets in each 
10-minute period.

Summary Statistics
Table 2 summarizes all the variables and their measurements. Table 3 summarizes the statistics of 
the Twitter feeds data.

Table 3 shows that during the trade war, Trump tweeted more frequently than in other periods. 
However, the difference between the two periods is not as noticeable. Whatever the time phase, the 

Table 2. Variables and measurements

Table 3. Statistics summary of tweets
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Twitter feeds mentioning China always contained more words than those mentioning the U.S. There 
are more tweets that mention America according to the mean. For instance, during the pandemic, 
Trump posted 2.07 tweets mentioning China on average. There were 3.50 Twitter feeds related to the 
U.S. on average during the same period. However, the average number of words in tweets including 
China was 41.02. Those tweets mentioning America have a smaller average number of words (33.10). 
Moreover, the table confirms that Trump is a frequent tweeter. For instance, in one day, he tweeted 
21 posts that mentioned China.

RESEARCH DESIGN

Event Study
To examine the reaction of the financial stock markets to Trump’s tweets, the authors considered 
leveraging an event study to investigate the shocks of the tweets. The authors regarded each tweet 
as an event. They considered a 30-period evaluation window and ±5 period event window. Several 
tweets could be posted within a short period of time; therefore, to avoid overlapping, the authors 
excluded tweets with an overlap event window. After that, 1,022 tweets mentioning the United States 
and 195 tweets mentioning China remained.

Due to the multiple events in the analysis, the authors ran the regression with dummy variables:
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5 4 3min min min fforeTW
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 is an abnormal return at t for tweet i ; 5tminBeforeTW
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, 
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, 2tminBeforeTW

it
, and �1tminBeforeTW

it
 are dummy variables equal to 1, 

separately, if time t falls in period five, period four, period three, period two, or period one before 
tweet i  posted; TW

it
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it
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, 3tminAfterTW
it

, 4tminAfterTW
it

, and 5tminAfterTW
it

 are dummy variables 
for whether time t falls in period one, period two, period three, period four, or period five after tweet 
i  posted.

Tweet Content Features
To examine the impact of the emotion expressed by Trump’s Twitter feeds on the stock market more 
accurately, the authors divided the whole time into two parts with one point—January 15, 2020 (UTC), 
the day China and the U.S. signed the first phase of the trade war agreement. One part is March 22, 
2018, to January 15, 2020, which represents the outbreak of the trade war declared by Trump. The 
other part, ending June 30, 2020, represents the outbreak period of the pandemic.

In view of the frequency of the data, Trump does not tweet every time. Therefore, the number 
of tweets posted by Trump is zero in many intervals after integrating the stock data and tweet data. 
The authors chose the OLS regression model to evaluate the effect of the sentiment extracted from 
tweets on the stock market. Furthermore, the researchers deleted the data of time intervals in which 
no Twitter messages were posted by Trump. They retained research data of those time intervals in 
which at least one tweet was posted and inserted them into the regression model. To have a better 
explanation of the return, the authors added the return of the last period to the explanatory variables. 
The regression model is as follows:
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return sentiment return NumberofTweets Num
t t t t
= + + + +−α β β β β

1 2 1 3 4
bberofWords

t
	 (5)

volatility sentiment volatility

NumberofTweet
t t t
= + +

+
−α β β

β
1 2 1

3
ss NumberofWords
t t
+ β

4

	 (6)

RESULTS

Event Study
Tweets That Mention the U.S.
Table 4 collects the results of the event study based on the abnormal returns of the U.S. indices. The 
results show that the U.S. stock market had an immediately positive reaction to Trump’s tweets that 
mention the U.S. In addition, Twitter’s rapid spread of information allowed more people to process the 
information. Thus, stakeholders could make quick decisions based on the tweets. Within 10 minutes, 
only the Nasdaq Index showed a significantly negative reaction to the tweets. Within 20 minutes, the 
Nasdaq Index and SPX500 Index showed a significantly positive reaction to the tweets.

Tweets That Mention China
Table 5 shows the results of the event study based on the abnormal returns of the Chinese indices. 
Like the U.S. stock market, the results show that the Chinese stock market had an immediate reaction 

Table 4. Results of event study (U.S.)
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to the president’s tweets that mention China. Specifically, the reaction is negative. Twenty minutes 
later, there was a directional change in the reaction. Two indices showed a significantly positive 
reaction to the tweets. The president often posted tweets after an announcement of a policy, min1b, 
which represents the abnormal return of the Chinese stock market 10 minutes before the tweet was 
posted. This shows a positive significance. That is, Trumps’ tweets changed the reaction direction 
of the stock markets.

Tweets’ Content Features
Tweets That Mention the U.S.
To obtain a more detailed view of the effect of the tweets’ content features, the authors established 
a regression model. First, the researchers considered the effect of tweets mentioning the U.S. on U.S. 
stock markets. With the average sentiment score, the return of the last period, the NumberofTweets , 
and NumberofWords , researchers perform the regression.

Table 6 presents the results of the regression for two intervals and the whole period based on the 
returns of the U.S. indices. For the sentiment score, there was no significance for the whole period 
and first period. However, for the second phase, during the pandemic, the effects of sentiment on 
U.S. stock market are statistically significant. The last interval shows the period after the outbreak 
of COVID-19. During that time, the U.S. stock market suffered a significant blow. The sentiment 
expressed by Trump on Twitter had an impact on the stock markets. In addition, during the pandemic, 
the number of tweets shows a significant impact on stock returns. More specifically, Trump’s sentiment 
on Twitter had a negative impact on the U.S. stock markets during the pandemic. The number of his 
posts negatively influenced the return of the U.S. stock markets.

The regression results of the volatility of the U.S. stock indices based on Trump’s tweets that 
mention the U.S. are shown in Table 7. Per the results, over the whole period, the sentiment extracted 

Table 5. Results of event study (China)
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from the Twitter account show that the president had a significant impact on the volatility of stock 
indices. In particular, the polarity of Trump’s emotions had a negative impact on market volatility, 
as the coefficient of the sentiment score is negative. Moreover, the volatility of the last interval was 
significant in the regression results of the three time phases (except for the NASDAQ during the 
pandemic). In addition, the number of tweets had a significant impact on volatility both during the 
trade war and during the pandemic. This influence was positive. That is, the more tweets Trump 
posted, the more the stock market fluctuated.

Tweets That Mention China
To investigate the impact of the tweets mentioning China on Chinese stock markets, the authors 
performed the same regression on three indices of China: SCI, CSI, and SZSE.

Table 8 shows the results of the regression. The sentiment extracted from those tweets does not 
show a prominent effect on the return over either the two phases or the total period. In contrast, the 
number of tweets shows a more noticeable influence on the return of Chinese markets during the 
whole period and during the pandemic. Moreover, the coefficients of the number of tweets of the two 
phases are both negative. This means that the more frequently Trump tweets, the lower the returns 
of Chinese stock indices.

Table 6. Regression results of tweets mentioning the U.S.-return

Table 7. Regression results of tweets mentioning the U.S.-volatility
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In addition, the researchers performed the same regression based on the volatility of Chinese stock 
indices. Table 9 shows that the number of tweets is statistically significant over the whole time and 
during the trade war other than for SCI over the whole time. Additionally, the positive coefficients 
mean that the more tweets Trump posts, the more volatile were the Chinese stock markets.

ADDITIONAL ANALYSES

To investigate the impact of the statements posted on Twitter by the influential political figure more 
precisely, the researchers considered analyses by employing industry index data and changing the 
frequency of the index data.

Industry Analysis
First, the researchers used the industry indices to examine whether those tweets affect the return of 
sector indices through the sentiment they expressed. For the U.S. stock market, the authors chose the 
sector indices of S&P. In all, there were 11 industry indices. The regression results are presented in 
Table 10 in the Appendix. Per the results, Trump’s tweets during the pandemic impacted the return of 
several industries, including S5BANKX, S5COND, S5CONS, S5FINL, S5HLTH, S5INDU, S5INFT, 

Table 8. Regression results of tweets mentioning China-return

Table 9. Regression results of tweets mentioning China-volatility
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and S5UITL. The number of words within the tweet had a noticeable effect on the returns of S5HLTH 
and S5UITL during the pandemic. Regarding S5ENRS, the return of the previous period influenced 
the return significantly. During the trade war, the number of tweets showed an obvious impact on its 
return. The results of the regression of volatility show that the sentiment calculated based on Trump’s 
Twitter feeds had a significant influence on the index, S5HLTH, over the whole period. Moreover, 
the volatility of all the indices in the last interval affected their volatility significantly during the 
trade war. Additionally, for all the indices of the U.S. stock market, the number of tweets played an 
important role in affecting the indices’ volatility during the trade war and the pandemic. In addition, 
during the period of the trade war, the number of Trump tweets had a noticeable effect on the volatility 
of several sector indices, including S5BANK, S5COND, S5CONS, S5HLTH, S5INDU, S5INFT and 
S5UTIL. Table 10 in the Appendix presents the regression results.

Regarding the Chinese stock markets, the researchers chose a total of 10 industry indices. The 
results show that during the trade war, the sentiment expressed in Trump’s tweets significantly affected 
the returns of the Shanghai Financial Index. Surprisingly, the coefficient of the sentiment was positive. 
This means that the sentiment of those tweets had a positive impact on the financial market during 
the trade war. Additionally, the emotion extracted from those Twitter texts showed a significant effect 
on the return of the Shanghai Pharmaceutical Index during the pandemic. It is worth noting that over 
the whole period, the number of tweets posted by Trump on Twitter had a noticeable impact on the 
return of several sector indices, such as Shanghai Composite Industry, Shanghai Industrial Index, 
and Shanghai Optional Index. In addition, the number of tweets played an essential role in affecting 
several industry indices’ returns during the pandemic (for instance, the Shanghai Consumer Staples 
Index). In addition to the regression of index returns, the researchers performed a similar regression 
based on the volatility of indices. For all three periods, sentiment extracted from Trump’s Twitter 
texts showed no significant impact on volatility. However, the number of tweets played an important 
role in influencing Chinese sector indices over different time periods. Moreover, during the trade war, 
the mean number of words in the tweets had a noticeable effect on volatility. The regression results 
are presented in Table 11 in the Appendix.

Change in Time Frequency
In addition, the authors exploited the impact of tweets more precisely by using stock data with 
different frequencies. First, the authors changed the frequency of the intraday stock data to one 
hour. The regression results of returns show that for the Chinese stock market, the sentiment score 
calculated based on Trump’s Twitter messages posted during the trade war and pandemic affected 
returns. However, for the U.S. stock markets, the sentiment expressed by Trump’s tweets did not 
show a significant effect on the returns. For U.S. stock markets, returnt-1 had a significant impact on 
the return of the three indices in the whole period and during the pandemic. By analyzing the results 
of volatility over the whole period and during the pandemic, volatilityt-1 and the quantity of Twitter 
feeds impacted the U.S. stock indices’ volatility. Then, during the trade war, both the Chinese stock 
market and U.S. stock market, volatilityt-1 and the number of Trump’s tweets affected volatility.

In addition, the researchers performed the regression based on the daily stock data (see Table 
13 in the Appendix). It was found that the president’s emotion significantly affected the returns of 
U.S. stock markets over the whole period and during the pandemic. Meanwhile, returnt-1 showed a 
noticeable impact on the returns of the DJI Index, SP500, and Nasdaq Index of U.S. stock markets 
during the pandemic and the entire observation period. Additionally, for the whole period, the 
number of tweets played a necessary role in affecting the returns. In terms of the regression results 
of volatility, it is worth noting that only for DJI does the sentiment expressed by Trump on Twitter 
show a significant impact on volatility during the pandemic. That is, there is no noticeable influence 
of tweets’ sentiment on either Chinese indices or U.S. indices. However, volatilityt-1 affected the 
volatility of all the indices in both the Chinese stock market and U.S. stock market during the different 
time phases. More detailed results can be seen in Table 12 in the Appendix.
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RESEARCH FINDINGS

The convenience and prevalence of social platforms have changed the way people communicate (Liu, 
2020). This includes many political figures. Trump may be the most active politician on the social 
media platform. In fact, he has been at the center of public opinion since he took office. His sharp 
words attract attention, inciting both enthusiasm and criticism.

This article concentrates on intraday stock data, focusing on tweets that mention China or the 
U.S. posted by Trump on Twitter. It finds that these tweets have an influence on the stock markets of 
both China and the U.S. From the results of the event study, there is a significant immediate effect 
of the president’s tweets on the stock market in both countries. The effect is positive for the U.S. 
market; it is negative for the Chinese market. That is, the rapid spread of the social network provides 
immediate information for investors, allowing them to make decision in short time.

Regarding the content of the tweets, for the U.S. stock market, the emotion expressed by Trump 
shows an obvious impact on the market returns during the pandemic. Then, p values of the sentiment 
in the regression for the three indices are 0.026, 0.06, and 0.031 (coefficients -0.0076, -0.0067, and 
-0.0061, respectively). That is, the sentiment expressed in those tweets had a negative impact on 
the return of the U.S. stock market. In terms of the stock market in China, the main results based 
on the composite indices do not have perfect performance. However, the number of tweets shows a 
significant impact on the return of indices during the pandemic, with p values of 0.045, 0.053, and 
0.037 (significant at the 5%, 10%, and 5% levels, respectively). Simultaneously, the coefficients are 
-0.0026, -0.0028, and -0.0031, respectively. This means that the number of tweets posted by Trump 
on Twitter had a negative effect on the index return. From the regression results, the number of tweets 
posted by Trump greatly affected the stock market. This is even more significant than the influence 
of sentiment. That is, investors pay more attention to Trump than to the sentiment expressed in his 
Twitter texts. Thus, investors could pay more attention to Trump’s posting behavior instead of the 
message content.

From the additional analysis, tweets that mention China had a remarkable impact on the returns 
of the pharmaceutical industry index during the pandemic and the return of the financial industry 
index during the China-U.S. trade war period (p values of 0.054 and 0.036, respectively). Moreover, 
the number of tweets impacted the returns of several indices within Chinese industries. During the 
pandemic, the number of tweets had a significantly negative impact on the Shanghai Composite 
Consumption index, with a coefficient and p value of -0.0038 and 0.009, respectively. Regarding 
the U.S. stock market, the impact of Trump’s tweets was significant in many sector indices during 
the pandemic. For instance, the regression results note that the coefficients of S&P500 Information 
Technology, S&P500 Industrials, S&P500 Consumers Staples, and S&P500 Consumer Discretionary 
were -0.0069, -0.0072, -0.0044 and -0.0063, respectively (with p values of 0.021, 0.035, 0.03 and 
0.019, respectively). An interesting phenomenon is that the coefficients are negative, which means 
that Trump’s emotion expressed on Twitter had a negative impact on the returns of most of the U.S. 
industries. It is obvious that a frequency change to one hour does not have a significant effect on the 
returns of either the Chinese or U.S. stock market related to the sentiment extracted from Trump’s 
tweets. When the researchers used daily data to do the regression, there is not a pronounced impact 
of the tweets’ sentiment on the Chinese stock market. However, the sentiment of Trump’s tweet feeds 
noticeably affected the U.S. stock market during the pandemic, with p-values of 0.035, 0.05, and 
0.053 for the three U.S. indices, separately.

CONTRIBUTIONS

Theoretical Contributions
This study connects several strands of literature. First, this study contributes to the literature that 
focuses on the impact of information stored on social media platforms. To the best of the researchers’ 
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knowledge, existing studies focus on the wisdom of the crowd (Azar & Lo, 2016; Chau et al., 2020; 
Nofer, 2015), paying attention to messages posted by a large number of people on social media. It 
does not, however, concentrate on an individual’s statements on social platforms or investigate the 
social impact generated by one person. There is both the wisdom of the crowd and the wisdom of 
one individual.

An individual can produce social influence that is not less than that of the masses. For instance, 
due to the pandemic, live streaming is now booming in China. Online celebrities like Li Jiaqi affect 
the development of the industry. Ordinary products can sell through their promotion. The publicity 
effect is even better than that of ubiquitous advertisements. Thus, it is important to explore the 
impact of social behavior and comments of an influential celebrity. In fact, it could enrich the strand 
of research on social media.

While there is no shortage of analytical studies of politicians’ statements (Brans & Scholtens, 
2020; Colonescu, 2018), prior studies are aimed at connecting views related to a political figure with 
policies or using them to predict election results (Choy et al., 2012; Tumasjan et al., 2011). Few 
investigate the relationship between politicians’ opinions and the stock market (Ajjoub et al., 2020; 
Kinyua et al., 2021), particularly foreign stock markets (Guo et al., 2021). They tend to focus on the 
tweets that mention specific firms (Machus et al., 2022). No studies paid attention to the tweets that 
mention the name of a nation. Therefore, this article contributes to this strand of the literature by 
studying whether the view of the unique president is related to stock markets. In addition, it examines 
whether Trump’s tweets associated with China have an impact on Chinese stock markets.

Furthermore, by analyzing the impact of Trump’s tweets on the Chinese stock market, this article 
confirms that a world-class political celebrity can influence politics and global financial markets. The 
result is consistent with prior studies (Guo et al., 2021). Thus, this study confirms the global influence 
of the social behavior of a political celebrity, enriching the research on the link between politics and 
the stock market (Wisniewski, 2016) by examining politicians’ opinions on social platforms.

Practical Contributions
This article has implications for financial markets and a political analysis. First, most existing 
predictions of stock prices focus on machine learning algorithms (Chang et al., 2021). JPMorgan 
proposed the Volfefe Index to quantify the impact of Trump’s tweets on the bond market, linking 
Trump’s shocking online comments with changes in the securities capital market. Considering this 
study’s results, investors can make a brief prediction about the stock price and choose what to invest 
in based on tweets posted by influential political figures. For instance, when Trump shows negative 
emotion on his social platforms, investors may see a benefit by investing in the industrial sector. 
Second, from a political perspective, Trump’s tweets have had an evident impact on Chinese financial 
markets during the trade war. Thus, the relevant departments of each country can take measures to 
relieve the influence of politicians’ statements posted on social media that target a country.

LIMITATIONS AND FUTURE WORK

This article is subject to limitations and, therefore, creates opportunities for research. First, this study 
analyzes the effect of one political figure’s opinions. Future studies could consider social media statements 
from several politicians. Comparing their impacts can contribute to the universality of the results. Second, 
the volume of the data is limited, especially the dataset of tweets that mention China, which only contains 
384 tweets. Future studies could collect data from various channels like social platforms, public speeches, 
and interview recordings. Third, the analysis of the content of tweets only considers the counts and 
sentiment. Future work could focus on identifying the relevant topics and analyzing sentiment from multiple 
dimensions. Another potentially fruitful avenue of research may be the inclusion of punctuation and emojis 
in sentiment evaluation as it considers the overall sentiment expressed in those tweets. Furthermore, future 
work may use machine learning algorithms to uncover the relevant topics within tweets.
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APPENDIX

Table 10a. Regression results of tweets mentioning U.S.: industry analysis (return)
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Table 10b. Regression results of tweets mentioning U.S.: industry analysis (volatility)
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Table 11a. Regression results of tweets mentioning China: industry analysis (return)
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Table 11b. Regression results of tweets mentioning China: industry analysis (volatility)
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Table 12a. Regression results of tweets : frequency of one hour (return)

Table 12b. Regression results of tweets: frequency of one hour (volatility)

Table 13a. Regression results of tweets: daily data (return)
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