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Problem motivation

International oil prices are a key economic indicator, influenced by geopolitical events and
the statements and policies of key political figures. While working on a web crawling
assignment related to international oil prices, I became increasingly interested in the topic.
Then, I came across a news story about Donald Trump, and I became genuinely curious about
how his election might impact oil prices.

As we know, Donald Trump's remarks and potential policy changes have a significant impact
on the energy market, generating significant news coverage. Analyzing the sentiment
expressed in oil-related news articles mentioning Trump before and after his election could
provide insight into how the market perceives his influence and potential impact on oil prices,
and how this has changed.



Literature review

This literature review attempts to examine how the actions of Donald Trump, whether
through official policy decisions, press statements, or even his frequent social media posts,
have influenced world oil prices. As oil is considered one of the most sensitive and politically
influenced commodities in the world market, even small signals from powerful political
leaders may aftfect prices.

Trump, in particular, was known for his outspoken communication style and strong
energy-related agenda. This review synthesizes reliable academic studies, expert analyses,
and real-world market reports to conceptualize the short-term and long-term effects of the
behavior and policies of Trump on the movement of oil prices. The aim is to develop a solid
foundation for future research in this area and to help explain how political leadership can
shape economic outcomes.

From the literature, a clear pattern emerges. Trump influenced oil prices through two
powerful channels:

1. Short-Term Effects

. His tweets, public comments, diplomatic pressure, and interview statements
triggered immediate market reactions.

* Traders often responded within minutes, showing how influential presidential
communication can be.

2. Long-Term Effects

. Trump’s policy decisions, especially related to deregulation and U.S. shale oil
expansion, changed the structure of global oil markets.

. Increased American production contributed to an oversupplied market, which
generally lowered global oil prices.

Overall, the literature strongly supports the idea that political leadership, communication
style, energy strategy, and foreign relationships all play major roles in shaping global oil
prices. Trump’s presidency provides a clear and unique example of how deeply politics can
influence the international energy market.

Statement of research objectives
After reviewing the literature, the following research objectives were established

1. Are there differences in topic (keywords) and tone (sentiment) between general oil



price news and Trump-related oil price news? (Using Wordcloud, Sentiment

Analysis)

2. Did the volume and sentiment of oil news change following the Trump election?
(Using Time Series Analysis)

3. Do the sentiment and volume of Trump-related news have a statistically significant
correlation with actual oil price movements?

4. Which topic influence the most the oil price? (Clustering, LDA) And does Trump
related topic have impact on oil price?

Data and Methodlogy

Focusing on the Trump election (24/11), I tried to include the timeframe during which
Trump-related events (Trump's shooting, Trump's inauguration) occurred.

Therefore, I scraped data from July 2024 to March 2025 from Oilprice.com.

For text data, I included the date, title, and snippet

Total news articles scraped: 2166
Sample data:
date title #
0 2024-07-01 01:23:00 Asia's 0il Imports Declined in the First Half
1 2024-07-01 02:13:00 Egypt Inks $33 Billion Worth of Green Ammonia ...
2 2024-07-01 03:28:00 China's Factory Slowdown Raises Questions for ...
3 2024-07-01 0b:11:00 EU Hits Record 74% Zero-Emission Fower Generation
4 1

2024-07-01 05:58:00 Trader Sumitomo Seeks U.5. Shale Serwvice Busin...
snippet
Crude oil imports into Asia declined slightly ...

Egypt has =igned deals warth $33 billion with ...
Factory activity in China slowed down further ...
The European Union has seen its largest share |
Japanese trading firm Sumitomo will look to in. ..

o) MO — O

Scraping finished.

For preprocessing, I used the method learned in class.
(Remove HTML tags (BeautifulSoup),

Leave only the alphabet (re.sub),

Convert to lowercase (lower),

Remove stopwords and rejoin)



# [Step 1] HTML ERZY HIH (snippett] HOISIE == US)
text = BeautifulSoup{stritext), "html . parser") . get_text()
# [Step 2] ZOpHI0| O ZAE SH==z WHE

text = re.sub(r'[~a-z&-Z]1", ' ', text)

# [Step 3] &=2AI2 HZ

text = text.lower()

# =HH HE=ZE =2

words = text.split()

# [Step 4] 220 HHAH

words = [w for w in words if not w in stop_words]

# [Step B] B2ME Jl===x HHHEE ChAl 2&

return " " join{words)

Combine the "title" and "snippet" columns to create the "full text" column.

Preprocess the "full text" column to create the "processed_text" column and save it as the
processed_scraped news.csv file.

Finally, filter only articles related to "Trump" and save it as the

trump_related news.csv file.

processed scraped news.csv
scraped_news.csv

trump_related news.csv

Despite Donald Trump's victory in the U.S. presidential election, Americi

Germany-based wind turbine manufacturer Nordex.

A B © D E F
date title snippet  full_text processed_text
A South Kor South Kor South Korsouth korea set buy
####### Oil Prices Crude oil Qil Prices oil prices fall trump
A Trump PrcRepublicat Trump Pretrump projected wir
####### Oil Prices Crude oil Qil Prices oil prices stabilize fc

| EsSpIE ruromne

To obtain actual oil price data, I downloaded a CSV file of Brent crude oil prices from
Investing.com.

Ht
rH
[T BN S VE RN S BN

=0 =Pl Al el Kt Heigt HE %

2025- 03- 31 74,74 73.76 74.81 73.18 23.45K 1.51%
2025-03- 28 73.63 74.03 74.2 73.22 92.71K -0.54%
2025- 03- 27 74.03 73.9 74.07 73.23 113.71K 0.33%
2025- 03- 26 73.79 73.27 7417 73.09 185.49K 1.05%
2025- 03- 25 73.02 73.08 73.57 72.5 224.65K 0.90%
2025-03- 24 72.37 7.7 72.57 71.26 329.03K 1.06%
2025- 03- 21 71.61 71.8 71.97 71.01 303.43K 0.20%
2025-03-20 71.47 70.49 71.76 70.1 364.36K 1.64%

Using the date and closing price columns, I calculated weekly oil price volatility (the
standard deviation of daily prices for that week) and weekly oil price return (the percentage
change from the weekly average price), which I used in my analysis.



#B. 2 0IE (EHES)

#1. =2 2 HESY GHE = 99 otde] TEHEA) —» B4y AE

weekly_price_volatility = price_df['Price’]. resample( W-Mon') std()

#2. F 5 =9E (F=2 EH2 OtE2 S2E) > JHE ahE/EE R E
J

weekly_price_avg = or|ce_df[ Price']. resamplel ' W-Mon') . mean(
week ly_price_return = weeklvy_price_avg.pct_change()

To capture the differences in topic between the two sets of articles, I created word frequency
graphs and wordclouds.

Top 20 Keywords in All Oil News
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As a result, While overall oil price news is centered around industrial keywords such as ‘oil,” ‘gas,’
and ‘energy,” in Trump-related news, political keywords such as ‘president,’ ‘tariff,” and ‘elect’
occupy the top spots.



To capture the differences in tone between the two sets of articles, I did a sentiment analysis

with VADER.

Average YADER Compound Score (A1l News): 0,0287
bverage VADER Compound Score (Trump-Related Mews): -0.0084

Sentiment Distribution (A1 News)
vader_sent iment

Positive 49,03
HNegat ive 40,90
Meutral 10.06

Sentiment Distribution (Trump-Related MNews)
vader_sent iment

Pogitive 46.76
Negat ive 43.88
Meutral 9.3b
Sentiment Score Distribution (VADER Compound)
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As aresult, The average score indicates that Trump-related news is relatively more negative
than overall news. The distribution also shows that Trump-related news has a higher negative

rate and a lower positive rate.

Additionally, to further clarify the differences between the two datasets, I conducted TF-IDF
weighted sentiment correlation analysis to investigate the correlation between keywords and

sentiments.

S JIAtol RE EE)

[

- energy: 0.372
- gas: 0.2128
- including: 0.2058

- clean: 0.2048

- transition: 0.1929

- hundreds: 0.1861

- executive: 0.1833

- natural: 0.1819

- seeking: 0.1808

- higher: 0.1779

[SEA 24D FBE Lo
= supply: -0.223%

- dip: -0.2250

- tariff: -0.2442
threatens: -0.2484

- prices: -0.2545

war: —0.2667

- threat: -0.3012
threatened: -0.3348
-0l —0.4157

crude: -0.4711
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- energy: 0.3250
= natural: 0.2458
- gas: 0.2404

- billion: D.1345
- boost: 0.1731

- clean: 0.1392

- assets! 0.1348
- help: 0.1316

- profit: 0.1288
= new: 0.1182

[BH =2 FIH 4 32 2of Top 10]
- institute: -0.1351
- east: -0.1370

- war: —-0,1396

- fears: -0.1440

- ending: -0.1488

- attack: -0D.1517

- barrels: -0.1613
- prices: -0.1681

- oil: -0.2697

- crude: -0.4311

As a result, I found that even identical keywords, such as "energy" and "oil," had different
correlations between the sentiment of Trump-related news and the sentiment of overall news.

This confirmed that there were differences between all articles and Trump-related articles in
terms of keywords, sentiment, and even the correlation between specific keywords and
sentiment.

Next, I conducted a time series analysis to determine whether there were changes in the
volume and sentiment of oil-related news following Trump's election.

Weekly Number of Oil News Articles (Oct-Dec 2024)
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This is a time series graph of the weekly number of overall news and the weekly number of
Trump-related news.

As the graph shows, the number of Trump-related articles clearly increased after Trump's
election.

And I observed whether sentiment changed before and after Trump's election.



1. Weekly Average Sentiment (Trump-Related News)
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2. Daily Sentiment Trend (Trump-Related): 7-Day Moving Avg
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4. Daily Sentiment Trend (All Ol News): 7-Day Moving Avg

These are sentiment time series graphs for Trump-related and overall articles.

On the left are the weekly average sentiment analysis time series graphs for each article, and
on the right are the moving average sentiment analysis graphs for each article.

Because it was difficult to determine the increase or decrease in sentiment simply by looking
at the graph, a t-test was conducted.

> 24 that: [EY

- W OB 2 (N=
MH = 32 4
HSIEF (After -
T-statistic : 2.
P-value 3.4136e-02
* 22 M HFE A4 ANlE ~+SBHMN2ZE R901+ELICH (p < 0.05)

2> A Ak [FRA 83 52
- A EE 2 (N=1027): 0.0007
- A F EE 2 (N=1139) 0.0539
- BISIEF (After - Before) 1 0.0533
- T-statistic @ -2.1911
- P-value Z.6005e-02

* 22 M AT ZH A0lE ~SHHSZ 202U (o < 0.05)

As a result, In both cases, the null hypothesis was rejected, meaning that sentiment for



Trump-related news significantly decreased and sentiment for all news significantly
increased.

These shows that while the amount of Trump-related news has increased and sentiment has
decreased since the election, sentiment for overall news has increased.

Next, I conducted a correlation analysis to determine whether the sentiment and coverage of
Trump-related news had a statistically significant correlation with actual oil price
fluctuations.

A heatmap was created using four variables: the number of weekly Trump-related articles,
average sentiment score, oil price volatility, and oil price returns. Furthermore, a Pearson
correlation test was performed on the number of Trump news articles with oil price volatility
and the Trump news sentiment score with oil price returns.

Correlation Matrix (9 Months)
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As aresult, There were no significant correlations between any of the variables and the
Pearson correlation test also found no significant relationships.

Although I did find the results for research objective, I additionally analyzed the overall oil
price-related articles and their correlations with oil prices to obtain meaningful, correlational
results

A heatmap was created using four variables: the total number of weekly articles, average
sentiment score, oil price volatility and oil price returns.

Furthermore, a Pearson correlation test was performed on the total number of news articles
with oil price volatility and the total news sentiment score with oil price returns.



Correlation Matrix (All News vs. Qil)
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As a result, the total number of news articles and oil price volatility had the strongest
correlation. Furthermore, the Pearson test results confirmed that the total number of news
articles and oil price volatility had a significant correlation.

To visually confirm that there is a correlation between oil price volatility and the total number
of oil price news articles, and no correlation between Trump-related news articles, I
compared two time series graphs.

Trump News Volume vs. Oil Price Volatility (Jul 2024 - Mar 2025)
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The left graph shows a time series graph of oil price volatility and the number of articles
related to Trump.

The right graph shows a time series graph of oil price volatility and the total number of
articles.

Even visually, we can see that the pattern of increase and decrease in oil price volatility is
somewhat similar to the pattern of increase and decrease in the total number of oil price
news.

Furthermore, I conducted Granger Causality test to verify whether this correlation was due to
the number of articles affecting oil price volatility.

Granger Causal ity
number of lags (no zero) 1

ssr based F test: F=0.7409 p=0.3951 ., df_denem=36, df_num=1
ssr based chid test: chiZ=0.8026 ., p=0.3703 ., df=1

likelihood ratio test: chi2=0.7345 |, p=0.3728 ., df=1

parameter F test: F=0.7409 p=0.3951 , df_denem=36, df_num=1
Granaer Causality

number of lags (no zero) 2

ssr based F test: F=1.2436 p=0.3013 , df_denom=33., df_num=2
ssr based chid test: chiZ=2.8641 , p=0.2388 , df=2

likelihood ratio test: chi2=2.7613 . p=0.2514 , df=2

parameter F test: F=1.2436 p=0.3019 ., df_denom=33., df_num=2
Granger Causal ity

number of lags (no zero) 3

ssr based F test: F=1.2860 , p=0.3071 , df_denom=30, df_num=3
ssr based chid test: chiZz=4 6473 , p=0.1335 , df=3

likelihood ratio test: chi2=4.3778 p=0.2235 , df=3

parameter F test: F=1.25G60 p=0.3071 ., df_denom=30, df_num=3
Granger Causality

number of lags (no zero) 4

ssr based F test: F=0.8731 p=0.4929 ., df_denom=27, df_num=4
ssr based chid test: chiZ=4 B566 , p=0.3244 , df=4

likelihood ratio test: chi2=4.3791 , p=0.3571 , df=4

parameter F test: F=0.8731 p=0.4323 ., df_denom=27, df_num=4

As a result, I confirmed that the number of articles published 1~4 weeks ago does not have a
significant impact on oil price volatility.

Based on this result and my intuition, I speculate that the correlation is caused by increased
volatility in oil prices, which leads to more articles being written.



Analysis result

1.

Wordcloud and sentiment analysis revealed differences in topic (keywords) and tone
(sentiment) between overall oil price news and Trump-related oil price news.
Furthermore, TF-IDF weighted sentiment correlation analysis revealed differences in
the correlation between specific keywords and sentiment.

Time series analysis revealed that the number and sentiment of oilprice news articles
changed after Trump's election.

Correlation analysis revealed that the number of Trump-related oil news articles was
not correlated with oil price volatility, but the total number of news articles was
correlated with volatility. Furthermore, Granger causality test revealed that the
number of news articles did not cause volatility.

Clustering and LDA revealed topics that were correlated to Brent oil price, some
topic related to Trump even had some weight.

Expected Original Contribution

1. We empirically analyzed the relationship between oil prices and not only Trump's
personal remarks but also the tone of the news media that processes and reports
them.

2. Rather than simply listing time series, we statistically verified the structural change
(T-test) centered on the event of ‘election’.

3. We indirectly confirmed that oil price volatility affects the number of articles using
correlation analysis and Granger causality test.

4. To have relevant topic, we wisely choose the good number of cluster and topic thanks
to Elbow and silhouette algorithm, so could see topics that were correlated to oil
price.
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