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Abstract

This study investigates the effect of Donald Trump’s Twitter activity on foreign exchange
volatility, focusing on tweets related to trade policy, international relations, economic policy, and
military/security policy. Building on previous research, this study uses high-frequency intraday
data and employs Ordinary Least Squares regressions with tweets categorized using the
Anthropic Claude Sonnet 3.5 model. The findings indicate that Trump’s tweets significantly
impacted currency volatility for major U.S. trading partners, particularly the Turkish Lira,
Canadian Dollar, and Mexican Peso. These results suggest that Trump’s tweets were a distinct
information shock, affecting foreign exchange markets and demonstrating how individual-driven
social media sentiment can influence global financial dynamics. This study contributes to the
literature on social media’s role in financial markets and offers insights into the predictive power

of sentiment analysis on currency fluctuations.



I. Introduction

Platforms like X (formerly Twitter) allow policymakers, executives, and prominent
groups or individuals to share information directly and in real-time, impacting investor sentiment
and market performance in previously unforeseen ways (Tetlock, 2007). Gabrovsek et al. (2018)
and Reboredo et al. (2018) confirm that Twitter sentiment can have predictive power, although it
varies across sectors and is strongest during high-volume tweet periods. These findings suggest
that Twitter sentiment reflects public opinion and can drive market fluctuations, particularly in
response to real-time news or sudden statements by influential figures. This paper finds that
tweets by Donald Trump during his presidency, which often included statements on trade policy,
economic policy, and international relations, significantly influenced the foreign exchange
(FX/FOREX) market's immediate response and volatility, contributing to understanding the
interplay between social media and currency markets.

Tetlock (2007) demonstrated that media sentiment influenced stock market movements.
Employing vector autoregressions on 16 years of the "Abreast of the Market" column in the Wall
Street Journal and corresponding financial data, he revealed that heightened pessimism leads to
temporary market price decreases. Gholampour and Van Wincoop built upon Tetlock's research
by exploring the impact of social media sentiment on FX markets. Using sentiment analysis, they
found a disconnect between rates and fundamentals due to amplified noise shocks and private
information on Twitter. However, their study emphasized the role of broader sentiment indicators
rather than the influence of individual users. Similarly, Ciftci et al. (2014) demonstrated a
significant correlation between 2013 Twitter sentiment and USD/TRY fluctuations through a
logistic regression. This suggests that FX markets react to traditional economic signals and

sentiment-driven data from social media platforms.



Following significant market reactions to Trump's tweets on Boeing and Toyota, Ge et al.
(2019), through a panel regression analysis, showed that his tweets frequently caused changes in
stock prices, volatility, and trading volume. By focusing specifically on Trump's Twitter activity
during his presidency, this paper provides an individual-centered approach that isolates his
influence from broader Twitter sentiment, offering insight into the impact of his tweets on FX
rates. Philippides (2021), employing an instrument variable approach, extended this focus on
Trump to the FX market, revealing that his tweets throughout his presidency frequently
negatively impacted the Turkish Lira, particularly on trade and sanctions. Afanasyeva et al.
(2021) and Zhou (2019) found similar effects on the Russian Ruble and the Chinese Yuan. These
studies support that Trump's Twitter statements effectively acted as a new type of information
shock in FX markets, delivering market-moving sentiment directly to investors and bypassing
traditional news channels. This study extends these studies by focusing on additional major
trading partners, such as Mexico and Canada, and tweet categorization to capture immediate
market responses to Trump's tweets.

This study uses an Ordinary Least Squares (OLS) regression model combined with tweet
content categorized by trade policy, security/military policy, economic policy, and diplomatic
relations using the Anthropic Claude Sonnet 3.5 model. This approach enables an assessment of
how distinct tweets affected the currency values of the U.S.'s major trading partners. By
categorizing tweets into specific topics, this approach isolates the effects of individual tweet
types on FX volatility, allowing for a granular view of Trump's influence on currency rates. The
study uses interaction terms to capture how the impact of these tweets might vary based on
content and sentiment, providing a nuanced analysis of the conditions under which specific tweet

topics and sentiments may trigger market shifts. Additionally, 30-minute intraday data provides



insight into the immediate responses of FX markets to each type of tweet, offering a
measurement of volatility shifts and market behavior. This approach enhances our understanding
of Trump's influence on FX volatility. It adds to the broader literature on the role of
individual-driven sentiment in financial markets, demonstrating how information in the digital
age can significantly move global markets.

The results of this study indicate that Trump's tweets, particularly those related to trade
policy or international statements, had significant and measurable effects on the FX rates of the
Turkish Lira, Canadian Dollar, and Mexican Peso. For example, a single tweet from Trump
regarding increased tariffs or sanctions on Turkey correlated with the immediate depreciation of
the Lira against the U.S. Dollar, suggesting that market participants actively interpreted his
tweets as policy signals (Philippides, 2020). These findings support existing literature while
expanding on previous analyses by providing categorized tweet data, which allows for more
precise measurements of immediate market impact. This suggests that understanding and
monitoring social media sentiment, particularly from influential figures, can be valuable for
predicting and managing market volatility.

In conclusion, this paper investigates how Donald Trump's tweets influenced the volatility
of foreign exchange rates during his presidency. By focusing on Trump's Twitter activity as an
information shock, this study adds to the growing body of literature on the role of social media in
financial markets. It highlights the unique influence of individual-driven online communication
on market dynamics. The structure of this paper is as follows: Section 2 discusses the data
sources; Section 3 describes the methodologies used to analyze the impact of Trump's tweets;
Section 4 presents the empirical results; and Sections 5 and 6 conclude with insights and

suggestions for future research at the intersection of social media and market behavior.



Frequency

II. Data
A. Twitter Data
1. Cleaning

The Trump Twitter Archive provides a complete record of tweets from Donald Trump’s
Twitter account (@realDonaldTrump) from 2009 to early 2021 when his account was
temporarily suspended. This Archive includes over 56,000 tweets, reflecting a substantial
increase in Twitter activity during Trump’s political career, especially following his presidential
campaign launch in 2015. The Archive provides a unique identifier, the text, date posted, number
of retweets, and number of likes for each tweet, along with binary indicators flagging whether the
tweet was a retweet or deleted. The primary variables of interest in this study from the Archive

are the timestamps, interaction metrics, and the text.

Figure 1: Bar Graph of Trump’s 25 most frequently-used words on Twitter

Top 25 Most Frequent Words

3000

& S W & 3 B & x5 &
(A ¥ o K C @
¢ & & F ¢ A

%
“op,
80%
k)

SHEN ¥ ¥ &
'60@ > e A {‘@ 6@ é‘é‘

Words

I transformed and filtered the data to identify relevant tweets, focusing only on those

posted during the Trump Presidency (1/21/17-1/21/21) in which Trump’s tweets were considered



Number of Tweets

a signal of US policy. I filtered out retweets, tweets containing links, and other posts unlikely to
impact exchange rates. Additionally, I removed tweets with phrases like “Happy birthday” or
“Happy Thanksgiving” due to their irrelevance. To further refine the dataset, I grouped
consecutive tweets marked by ellipses or posted within a five-minute interval. Finally, I removed
all tweets with fewer than 20 characters or less than 1,000 favorites, as they have limited

visibility and engagement.

Figure 2: Total Number of tweets Trump sent at each hour of the day in the cleaned dataset.
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2. C(lassification
With Al technology only being widely used and available in 2022, the academic literature
on classification and categorization remains limited, though recent articles increasingly explore
their potential applications. Sachini (2022) utilized the BERT large language model to
significantly improve the classification of complex textual data, including academic abstracts.
The use of Al to process and classify data has proven effective across diverse contexts, including

emergency call data. Costa et al. (2023) used Al trained on English language datasets to classify



Brazilian emergency call data into different categories with a 73.9% accuracy rate. My results
can achieve greater accuracy and consistency in identifying tweets by leveraging the potential of
Al-driven classification models to categorize complex and nuanced textual data, as seen by Costa
(2023) and Sanchini (2022).

The Anthropic Claude Sonnet 3.5 model thematically categorized the tweets into four
categories: trade policy, security policy, economic policy, and diplomatic relations. The prompt
underwent many variations as [ manually labeled 10-15% of the country datasets into these
groups and confirmed that the prompt correctly categorized tweets. For example, my initial
analysis categorized one tweet mentioning countries failing to meet the 2% NATO guideline
outside the security policy category while categorizing another tweet referring to NATO within it.
To address this error, I included in the prompt that all tweets referring to NATO should count
towards security policy. Table 1 presents some general topics of tweets that would count toward
the said category. The prompt is attached in the appendix and provides the specific rules used in

the model.

Table 1: Categories that Al classified Tweets Into

Al Cateporization
Trade Policy: Kecurity Policy:
trade relationships, tariffs, national security, military
importexport policy action, MATD
Economic Policy: Diplomatic Relations:
financial markets, currency international relations,
manipulation diplomatic meetings

B. Exchange Rate Data
Exchange Rate data for the used currencies were obtained from the Bloomberg Market

Terminal, capturing 30-minute intervals of spot exchange rates during Trump’s Presidency. The



dataset spans U.S. trading hours (5 PM EST Sunday to 4 PM Friday), encompassing spot prices
for crucial U.S. trading partner currencies based on trade data. The analyzed currencies include
the Euro (EUR), Canadian Dollar (CAD), Japanese Yen (JPY), Chinese Yuan (CNH - offshore),

Turkish Lira (TRY), and Mexican Peso (MXN).

To measure currency volatility, the log return of each currency’s closing price is as

R =100-1n | £
P

Where p, represents the closing price of currency i ’s relative to the U.S. Dollar at time ¢,

follows:

this log-return transformation standardizes price changes and accounts for percentage change in
rates, providing a consistent measure of exchange rate volatility. The Dollar rate refers to the
number of units of foreign currency equivalent to one USD. This holds throughout this paper,
except for the Euro, which is in terms of its value against the U.S. Dollar. Table 2 presents
summary statistics of the log return, expressed in percent, for each of the six exchange rates

(labeled by associated currency).

Table 2 Summary statistics for the spot exchange rate log return (in percent) of the Canadian Dollar, Euro,
Chinese Offshore Yuan, Japanese Yen, Mexican Peso, Russian Ruble, & Turkish Lira.

Observations Mean D Min Max
Canadian Dollar 51028 -0.001 0.0644 -1.074 09128
Euro 51075 0.0002 0.0634 -0.BTE2 1.6273
Chinese Yuan (CNH) 50764 -0.0001 00438 0. 7086 0.9073
Japanese Yen 51036 -0.002 00658 -1.B248 1.2706
Mexican Peso 50543 -0.002 0.1329 -2.9674 2844

Turkish Lira 50623 0.0013 0.1885 -4 74649 11.514%9




C. Macroeconomic Indices & Technical Indicators

Alongside the FOREX and Twitter data, I included four technical indicators from
Bloomberg Market Terminal as control variables: Relative Strength Index (RSI), Moving
Average Convergence/Divergence (MACD), Bollinger Bands (BBANDS), and Stochastic
Oscillator (%DS). Each indicator was calculated using default settings to capture trends in
momentum and volatility for the securities analyzed. Technical analysts, hedge funds, and other
financial institutions use these indicators to analyze price movements.

The S&P 500 index, Bloomberg Dollar Spot Index, and 10-year US Treasury Yield were
extracted at the same 30-minute intervals as the FOREX data from Bloomberg Terminal to serve
as controls. The Dollar Spot Index tracks the performance of a basket of leading global
currencies against the U.S. Dollar. As financial markets often move together, these indices act as
efficient controls for foreign exchange rates. The following Table presents the summary statistics

for each index's log returns.

Table 3: Summary statistics Tor the log return of the 10-Year ULS. Treasury Yield (10YR) close, S&P
500 Index, & Bloomberg Dollar Spot Index (BBDXY)

Observations Mean S0 Min hax
10-YR Yield 41064 -0.0019 0.7155 42 8958 22 8E96
S&P 500 38957 -0.0001 0.0709 -1.6202 1.7637
BBDXY 12989 0.0033 0.3499 -8.2094 217117

D. Testing Financial Data for Stationarity
To ensure accurate estimation and interpretation of the OLS regression model used in this
study, the dependent and independent variables must be “stationary,” meaning the data's mean,
variance, and autocorrelation structure remain constant. The most common test to confirm that
data is stationary is the augmented Dickey-Fuller Test, which tests the null hypothesis that a unit

root is present in a time series sample. If data is nonstationary, then conventional OLS inferences



may be misleading. The ADF test results reject the presence of a unit root when applied to the
exchange rate return, macroeconomic indices, technical indicators, and Twitter continuous
variables.
III.  Model
A. Setup

In this study, for each of the six currencies analyzed, I regress the log return of the closing
prices on variables such as the number of tweets in the last 30 minutes, the sentiment of said
tweets, the frequency of the country's mentions in 30 minutes, the total reactions (favorites +
retweets), time of day, and the topic of those tweets. The three financial controls, U.S. 10-year
Treasury yield, S&P 500, and BBDXY, are included along with the technical indicators for the
FX currency. This study aims to find the estimated effect of the number of Trump’s tweets in the

last 30 minutes on the log return of the spot exchange rate through the following regression:
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In(R);, is the log return of the spot exchange rate i at time #, Tweets, is the number of
tweets between #-1 and ¢, and W, is the control variables for the spot exchange rate i at time z.
For three of these control variables, the log of S&P 500, BBDXY, and 10-YR yield do not have
the exact timing as the dependent variable as the stock market operates at different hours than the
dependent variable. This is corrected by imputing the missing data with a negative constant and

including a separate dummy variable equal to one when the variable equals the constant.



Table 4: Summary table of control variables used

Control Variables
Sentimeni: Reach: logiS&P 500):

Sent t r d .
Atment score groupe Log return and missing

into Positive / Negative / Likes + Retweets )
data variable
Meutral
Country: Tweet Freguency: logiBRDXY):
Has a tweet mentioned said Tweets in 30-minute Log return and missing
country period data variable
Work Hours: RSI, BBAND MACD: log{10 YR):

Technical Indicators for Log return and missing

Druring Busi H 7 \
ring Business Hours FX data variable

Following Philippides (2021), I estimate a model of Trump’s tweet count on the log
returns of spot FX rates, explicitly focusing on major U.S. trading partners. Philippides uses an
instrumental variable (IV) framework, leveraging Trump’s golfing habits as an exogenous
predictor for tweet frequency to establish causality. In contrast to Philippides, instead of an IV
approach, I employ an Ordinary Least Squares (OLS) regression model combined with Al
categorization to group tweet content by topic, such as trade policy or international diplomacy.
This allows for a more direct analysis of how different tweet types independently affect FX
volatility. Similarly, Afanasyeva et al. (2021) examine the impact of Trump’s Twitter sentiment
on the Russian ruble using sentiment analysis, focusing specifically on tweets related to
U.S.-Russia tensions and sanctions. Unlike Afanasyeva et al., who rely on sentiment polarity, I
use sentiment analysis from the text blob package and the Claude Sonnet 3.5 model to classify
tweets, providing a more nuanced look at the conditional effects of Trump’s tweets on FX
volatility across multiple trading partners.

To achieve this, I created two models: (1) a baseline model without interaction terms

between sentiment and topic and (2) a model incorporating interaction terms between sentiment
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and topic. The first model highlights the independent impact of Al-generated topic variables. In

contrast, the second model emphasizes the interplay between sentiment and topic in shaping the

market effects of Trump’s tweets.

IV. Results

A. Baseline Regression

Table 5 summarizes the baseline OLS regressions without interaction terms results across

the six spot exchange rates in the following order: USD/MXN, USD/TRY, EUR/USD, USD/JPY,

USD/CNH, USD/CAD. Note that, as the regression equation in section 3 specified, all

coefficients are in percentage terms.

Table 5: Summary table of the OLS outputs obtained separately for each six exchange rates,

Mexico Turkey EU Japan China Canada
(1) (2) (3) (4) (5) (6)

Tweet Frequency -0.0056 0.0146 0.0038 -0.0075 -0.0016 -0.0008
Country Mentioned 0.0398 -0.0507 0.0208 0.011% 0.0108 -0.0823 **
Positive Sentiment 0.0176 -0.0815 0.0048 -0.0131 -0.0155 0.0055
Megative Sentiment 0.0547 -0.1018 0.0077 -0.0105 -0.0166 * -0.0037
Reach 9.508E-08 -6.89E-08 -2.81E-09 7.61E-08 -3.83E-09 9.14E-09
WorkHours? -0.0178 0.0128 -0.0084 0.003 0.0062 = 0.0036
Trade Policy -0.0522 *= 0.0624 -0.0: il 0.0042 -0.0004 0.0529 ==
Security Policy -0.056 * 0.1577 == -0.010% 0.0034 -0.004 0.0042
Economic Policy 0.0113 0.0358 -1.77E-13 ***  .B.B7E-19 0.012% 0.0482 ==
Diplomatic Relations -0.0523 -0.0507 -0.0242 0.0054 0.0059 0.056% =*
In{BBDXY) 1.2725 === 0.696 *=* -0.9159 *=* 0.5358 =** 0.3196 ==* 0.624 ===
Missing BEDXY 6.45E-17 2.40E-17 1.10E-14 ===* 1.78E-18 =**  -2.21F-15 =** -3.12E-15 *=**
In{SPY) -0.0657 *=* -0.02 =** -0.00682 *=* 0.0377 === -0.0121 *== -0.0359 *==
Missing SPY 2.54E-17 4,28E-17 *= 2.12E-16 *=* 1] 2.20E-18 1.30E-16 ==*
In{10 YR} -0.0307 *=* -0.0044 *=* -0.0021 *=* 0.0202 ==* -0.0035 *== -0.0066 *==
Missing 10 ¥R 1] 1] 1] 1] o === 1]
RS 0.0047 === 0.0052 === 0.0026 =** 0.0035 ==* 0.0024 === 0.0038 ==*
MACD -1.2584 *=* -2.4609 *=* -31.4583 *=** -0.4245 ==* -6.7496 *== -31.9251 ===+
constant -0.2322 ===+ -0.2591 *=* -0.1303 *=* -0.1773 === -0.1184 *== -0.1886 *==

RE 0.319 0.107 0.558 0.379 0.292 0.371

*p<0.1, **p>0.05, ***p<0.01
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The regression results highlight distinct influence patterns across the six currency pairs,
demonstrating that each pair reacts uniquely to social, sentiment, and broader market factors. For
instance, the USD/CAD exchange rate is susceptible to tweets on diplomatic relations, trade, and
economic policy, where multiple significant positive coefficients suggest that tweets addressing
U.S.-Canada trade agreements, relations, and economic policy affect returns. This finding
underscores the heightened sensitivity of the Canadian Dollar to uncertainty, given the financial
and diplomatic interdependence between Canada and the US. In contrast, other currency pairs,
such as USD/JPY, show no significant relationship with any topic (p > 0.05). This divergence
underscores the resilience of pairs like USD/JPY, which may be less impacted by
sentiment-driven fluctuations due to the stability of Japan's macroeconomic environment.

B. Modified Regression

Table 6 summarizes the modified OLS regressions with interaction terms results across
the six spot exchange rates in the following order: USD/MXN, USD/TRY, EUR/USD, USD/JPY,
USD/CNH, USD/CAD. Note that, as the regression equation in section 3 specified, all

coefficients are in percentage terms.
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Table 6: Summary table of the OLS outputs obtained separately for each six exchange rates.
Mexico Turkey EU Japan China Canada
(1) [2) [3) (4) |5) )

Tweet Frequency -0.0055 0.0082 0.0037 -0.0067 -0.0018 =-0.0005
Country Mentioned 0.044 -0.0353 0.0048 -0.0102 -4.56E-02 -0.1027
Positive Sentiment 0.0422 -0.0535 0.0283 ** -0.0018 0.0407 0.022
Negative Sentiment 0.025 0.0655 -0.0102 -0.0563 0.0371 -0.0025
Reach 1.14E-07 -1.50E-07 -1.91E-09 7.03E-08 -1.46E-09 2.35E-08
Work Hours? -0.0172 0.0252 -0.0082 -0.0003 0.0059 * 0.0033
Trade Policy -0.0406 0.0381 0.0187 * -0.0215 0.0477 -0.0333
Positive Trade Policy .0.037 0.0381 -0.04 0.0208 -0.0476 0.0934
Negative Trade Policy 0.0128 4.45E-17 -0.0307 0.1289 * -0.0451 0.1076
Security Policy -0.0157 0.0795 0.0155 -0.0351 0.034 0.0048
x;::ﬂt&c”riw -0.0759 0.1164 -0.0343 0.0537 -0.0439 0.0048
E;?;‘:“* Security 0.0031 -0.1799 -0.0111 -1.46E-16 -0.0249 2.18E-16
Economic Policy 8.55E-05 0.0138 2.20E-15 -1.62E-16 0.1209 ** 0.1654 *=
iﬁ;:;"“‘*&“"”mm 0.0326 0.0195 -2,37E-15 2.14E-16 -0.1181 == -0.1306
xﬁz:“*&“"”mi“ -0.0325 -0.0056 -6.26E-16 8.61E-18 -0.0852 -0.1112
Diplomatic Relations -0.0523 -0.0353 -0.0122 0.042 0.0538 0.1213
:‘:T:ti;‘“‘n;mm“m”“ 0.0284 -0.0535 -0.0194 -0.0249 -0.0457 -0.0689
z:&tiiu":;m“mmﬁ“ -0.0168 0.0655 0.0206 0.0192 0.0491 -0.0608
In(BBDXY) 1.2724 *** 06961 ***  -0.9159 *** 0.5358 *** 0.3196 *** 0.6238 ***
Missing BBDXY -2,30E-18 0 0 0***  106E-16 -4.90E-17 *
In(SPY) -0.0657 *** 0.02 ***  -0.0062 *** 0.0376 ***  -0.0121 *** -0.036 ***
Missing SPY 0 0 0 0 1.88E-17 0
(10 YR} 0.0307 ***  -0.0044 ***  .0.0021 *** 0.0202 ***  -0.0035 -0.0066 ***
Missing 10 YR 0 0 -0.0021 0 0 *** 0
RSI 0.0047 **= 0.0052 *** 0.0026 *** 0.0035 *** 0.0024 *** 0.0038
MACD 12588 ***  -2,4608 ***  -31.4601 *** 0425 ***  -§7497 **+  .31.8885 ***
constant 02322 ***  -02581 ***  -0.1304 ***  -0.1773 ***  -0.1184 ***  .0.1885 ***

R? 0.32 0.107 0.558 0.379 0.292 0.371

*pe0.1, **p=0.05, ***p<0.01
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Incorporating interaction terms between sentiment and topics provides a more nuanced
understanding of the volatility of spot exchange rates. The modified regressions highlight how
sentiment significantly impacts exchange rate volatility when coupled with specific trade,
economic, or security policies. For instance, positive sentiment-linked economic policy has a
strong and significant association with the USD/CNH (-0.1181), which suggests that optimistic
policy tweets about China strengthen the CNH. Conversely, negative sentiment interacting with
trade policy increased volatility for USD/JPY (0.1289), indicating that unfavorable trade-related

news triggers market reactions that heighten the volatility of the Yen.

Comparing the two, the baseline model offers broad insights into the relationship between
specific topics and volatility, emphasizing that policy discussions on trade policy influence
volatility, particularly for USD/MXN (-0.052), highlighting the Peso's sensitivity to US-Mexico
trade negotiations. It also provides insights into the effect of sentiment and volatility, particularly
how negative sentiment can affect exchange rate volatility, particularly for China (-0.0166). The
interaction models deepen this understanding by revealing that sentiment effects depend on the
context of the associated policy topic. For example, while baseline positive sentiment had limited
effect, interactions with economic policy significantly impacted volatility for USD/CNH,
underscoring the stabilizing role of optimistic economic policy signals in these contexts.
Furthermore, the interaction model shows that trade policy is often contingent on sentiment, with
negative trade sentiment amplifying volatility for USD/JPY. These nuanced findings illustrate the
importance of considering sentiment and policy context when evaluating FOREX volatility. In

both models, S&P 500 and treasury yield returns have statistically significant relationships with
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exchange rates, indicating that these currencies are sensitive to cross-market factors like equities

and bond yields.

These findings have implications for understanding the dynamics of foreign exchange
markets. The results underscore the importance of policy communication in shaping market
expectations and volatility. Policymakers must be aware of how statements about trade, security,
or economic policies on social media, coupled with sentiment, can amplify or dampen volatility
in currency markets. For instance, addressing trade-related uncertainty could stabilize the
Mexican Peso, given the sensitivity of USD/MXN to trade sentiment. Second, for market
participants, these results highlight the need to integrate sentiment analysis into trading
strategies. Heightened sensitivity to trade policy in USD/CAD indicates that sentiment-policy

interactions might provide early warning signals for short-term volatility spikes.

The broader takeaway is that FX volatility outside of fundamental factors is not just a
function of overall sentiment but is linked to the context in which this sentiment occurs. This
study demonstrates that understanding exchange rate volatility requires moving beyond
sentiment and financial measures and incorporating policy-specific dynamics, providing more
precise insights into market behavior, particularly in volatile or uncertain markets. The most
critical statistic from this analysis is the R* for the USD/EUR (0.558), which represents the
highest explanatory power across all pairs, underscoring the model's robustness in explaining

exchange rate volatility in this context.
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V. Robustness Checks

In considering robustness checks, several potential criticisms of the current model arise,
highlighting areas for further refinement and accuracy improvements. First, multicollinearity is a
concern, particularly in currency pairs like USD/JPY and USD/CAD, where high condition
numbers suggest that some predictors may be redundant. This issue could undermine the
reliability of coefficient estimates, especially for interaction terms, as separating the independent
effects of each predictor becomes challenging. To address this, I am employing variance inflation
factor (VIF) analysis to identify and manage multicollinear variables. By quantifying the degree
of collinearity, VIF allows me to isolate and remove or consolidate redundant predictors, leading
to more accurate and stable regression results by ensuring that each variable’s effect is uniquely
captured. This analysis saw that half of the technical indicators and interaction terms between
reach and all topics had high VIF scores (VIF>10). I removed these variables from my models
due to multicollinearity concerns.

Another concern is endogeneity— specifically, the possibility that exchange rate volatility
could have influenced sentiment rather than sentiment-driving volatility. To address this, I
attempted to follow the IV approach used by Philippides, using golfing as the instrument
variable. However, I could not find reliable results for the model. Philippides did not specify how
they dealt with null values, so my approach likely didn’t match theirs and, as a result, didn’t get
the same results.

Another concern could be sample selection bias, as I was restricted to currency pairs that
were accessible to me. The chosen currencies may not represent all FX markets, leading to
limited generalizability. Researchers should use a broader set of currency pairs to address this,

provided they can access and afford the data. For example, incorporating pairs from emerging
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markets or less-traded countries could test if the identified relationships hold across different
markets.

VI. Conclusion

This study investigates how Donald Trump's Twitter activity influenced FOREX market
volatility during his presidency. I employed an Ordinary Least Squares regression model to
analyze the log returns of six major trading partner currencies: the Turkish Lira, Mexican Peso,
Chinese Yuan, Canadian Dollar, Euro, and Japanese Yen. To capture the nuances of Trump's
tweets, I categorized them using the Anthropic Claude Sonnet 3.5 model into four topics: trade
policy, security/military policy, economic policy, and diplomatic relations. I also included
interaction terms between sentiment and tweet topics to understand how sentiment-driven

volatility changes depending on tweet content.

The baseline regressions revealed that Trump's tweets significantly impacted specific FX
pairs, particularly tweets involving trade policy. For example, USD/MXN returns dropped by
0.052% when Trump tweeted about trade policy, reflecting the sensitivity of the Mexican Peso to
U.S.-Mexico trade uncertainty. The modified regressions, which included interaction terms,
showed that sentiment amplified or dampened volatility based on tweet context. Negative
sentiment related to trade policy increased USD/JPY volatility, while positive sentiment on

economic policy reduced volatility for USD/CNH.

These results are significant because they highlight how social media-driven information,
especially from influential figures like Trump, can act as real-time policy signals that bypass

traditional news channels. The study shows that FX volatility depends not just on sentiment and
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financial fundamentals alone but on the context in which that sentiment occurs. For market
participants, integrating sentiment analysis with understanding policy topics can provide valuable
insights for predicting short-term volatility. Policymakers should also recognize that their

statements on social media can have immediate and measurable market impacts.

While this study provides valuable insights, several limitations remain. Future research
could address endogeneity concerns by adopting an instrumental variable (IV) approach, like
Philippides, which would be better to isolate tweets' causal impact on FX volatility. With the
upcoming Trump presidency, new data could further validate these findings or reveal new
dynamics in FX market responses to his tweets. Incorporating a sanctions variable, inspired by
Afanasyeva's work, could enhance the model's explanatory power by capturing the economic
impact of geopolitical factors on exchange rates. This study highlights how social media acts as a
new information shock. With further refinement, future research could yield even deeper insights

into how social, political, and economic dynamics influence global currency movements.

In conclusion, this study demonstrates that Trump's tweets significantly influenced FX
market volatility, particularly when those tweets addressed sensitive policy topics. These findings
contribute to the growing body of literature on the role of social media in financial markets and
highlight the need for continued research to understand the complex dynamics between real-time

information, sentiment, and market behavior in the digital age.
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VIII. Appendix

Figure 3: Word cloud of Trump’s frequently-used words on Twitter
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Figure 4: Bar Graph Representing the total amount of tweets posted by Trump
during his Presidency
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Prompt 1: Prompt used to classify tweets into four specified categories

IMPORTANT: Process and classify ALL tweets in the provided datased. Provide ONLY the classification output for every tweet withowt explanations of stopping for confirmation.
For each tweet in the dataset. analyze the content in the clean_text column and classify it according to the following policy categories. A rweet can belong to multiple categories
OMLY if it explicitly addresses multiple policy ancas.

Categones and Specific Criteria:
Trade p'l":lllll'r'.' {lr..l.u:h:_rn‘:lhl:_!,-_r:
« Must exphicitly mentson: trade relationships, tanil’s, e agreements, irade deficnsfSupluses, importfexporn policies
« General mentions of economic cooperation without specific trade context do not qualify
< Qualifying example: *Ching has a massive trade deficit with us”
- Non-gqualifying example: "Our economic relationshipowith China is strong”

Security Policy (security_policy:
- Must explicitly mention: national security, military actions. defense agreements, terrorism, border security, international conflicts
- Any mention of NATO automatically qualifies
- Muclear weaponsitesting and military threats qualify

Economic Policy (economic_policy):
- Must explicitly mention: domestic/iniernational economic matters (EXCLUDING wrade-specific policies)
= Includes:
- Financial markes
= Currency manipulation
- Interest rates
= Ecomomic growth
= Emplovment and labor marke! pssues
- Warkforce participation and development
- Wiges and neome
- Inflation
- Business and industry policy
- Job creation/losses
- Qualifying example: "China's currency manipulation hurts our markets®
- Mon-qualifying example: "China's trade deficit must be addressed”

Diplomascy Relations (diplomacy_relations):
- Must involve: inemational relationships, diplomatic mestings, negotiations with foreign leaders
- General statements about international copperation or conflict

Crincal Classification Rules:
- Do NOT classily based on implicit neanings
< omly exphcil mentions
= A tweet about rsde should ONLY be classilied under irade_policy, not economic_policy
<A tweet cun have both trede_policys 1 and economic_policys 1 ONLY of it separately mentions both trade AND non-trade economic issues
- Generie mentions of relationships or meetings without policy specifics should ONLY be classified as diplomacy _relations
- When in doubt, detuult to the more conservative classification
- Hoshtags and mentions must be accompanied by substantive policy content to qualify for classification
- Context from previous or subsequent tweets should not influence classification
- Classifications should be based solely on the tweet content

Output Format: Provide OMLY comma-separated values for ALL tweets in the dataset: id, trade_policy. security_policy, economic_policy, diplomacy_relations
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