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Background Methodology and Data Results and Discussions

Comprehending Human Languages

• Machine learning techniques developments:

• Large language models (LLM)
• Deep learning models:

• Vaswani et al. (2017): "Attention is All You Need":
Transformer; DNN

• Brown et al. (2020): GPT-3

• Comprehending human languages is a text-specific task:

• Example: The word "strike," whih can have a negative
connotation in a labor context but a positive one in a sports
context.
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Comprehending Human Languages

• Sentiment analysis in finance:

• Comprehending the tones in human natural language text,
such as a media coverage article, to interpret the relationship
between news information and security prices

• e.g. News tones → firm stock prices
• Dictionary-based language models

• Define positive words and negative English words:
• Harvard-Lasswell general dictionary
• McDonald and Loughran financial dictionary

• Tetlock, 2007; Garcia, 2013; Loughran and McDonald, 2020

• Large language model (LLM):

• GPT models
• FinGPT (Yang et al., 2023)

• How do LLMs help us comprehend human language text
compared to conventional dictionary methods, and does the
comprehensibility of the text matter?
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Data

• Oil shock news from 1986 to 2019

• From financial newspapers and wire feeds, Financial Times,
New York Times, Wall Street Journal, Dow Jones Institutional
News, Weekly Energy News
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Methodology and Data

• Oil shock news sentiments

• Sentiment: Prompt asks FinGPT “What is the probability
of classifying the news as positive, negative, or neutral?”

Sentiment_GPT = P(negative)− P(positive).

Sentimentt =
N∑

n=1
Sentimentn,t ,
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Methodology and Data

• Daily oil price returns: WTI nearest-term futures prices from
CME
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Impacts of Comprehensibility on News

• Difficulty to read: Measures for the Comprehensibility of
the News

• Gunning Fog Index =

0.4 ×
(

word count
# of sentences + 100 × complex words

word count

)
• Sureness: the firmness in tones, indicating how sure is the

authors tones in the news articles, e.g., certain

Sureness = Number of sureness words
Word count

• Number: the percentage of numerical text in the news
article, e.g. 10, 2, 34.3

Number = Count of numerical characters
Word count
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Impacts of Comprehensibility on News

Rt = β0+β1 Sentimentt+∆t+
4∑

i=1
θi Rt−i+

3∑
i=1

γi Sentimentt−i+εt

(1)

Oil Return Fog Index Sureness Number
Coef. S.E. p Coef. S.E. p Coef. S.E. p

Sentiment -1.776 0.673 0.008 *** -1.665 0.061 0.006 *** -0.102 0.057 0.075 *

Moderator -0.043 0.010 0.000 *** -4.307 9.785 0.004 *** -0.263 0.060 0.000 ***

Interaction -0.006 0.003 0.030 ** -0.631 0.220 0.004 *** -0.575 0.177 0.001 ***

• Sentiment (negativity-positivity) changes the daily oil returns

• Difficulty to read, sureness in tones, and percentage of
numerical text reinforce the impacts of FinGPT sentiments on
oil returns
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Comparing Techniques: Predicting Powers

Mean prediction errors (1) (2) (3) (4)
(compare median) Full sample Readability< Sureness< Number>

Observations 3,915 2,638 1,296 2,643
LMP 1.244 -6.229 6.075 -0.887
HL 0.854 -2.195 5.970 1.956

GPT 1.212 -1.246 4.983 1.504

• Comparing the LLM technique with conventional dictionary
methods: Three sentiments measured (negativity-positivity):

• Dictionary-based methods: (Negative words - Positive
words)/Word count

• LMP: Loughran and McDonald dictionary
• HL: Harvard-Lasswell dictionary
• GPT: FinGPT
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• LLM may not always produce a higher predicting power
but contingent on the comprehensibility of the text.

• Split samples by medians of the comprehensibility measures:

• More difficult to read: GPT lowest prediction errors
• Less sureness in tones: GPT lowest prediction errors
• Higher percentage of numerical text: medium prediction errors
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• Split samples by medians of the comprehensibility measures:
• More difficult to read: GPT lowest prediction errors
• Less sureness in tones: GPT lowest prediction errors

• Higher percentage of numerical text: medium prediction errors
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Background Methodology and Data Results and Discussions

Impacts of Sentiments on Return Responses

• Oil return respond to FinGPT sentiments, what about firms
stock returns?

• Testing the impact of sentiments on the stock return
responses to oil shock news

• Sample: include the identifiers (TICKER) of the firms
mentioned in news

• Data: WRDS (Beta Suite), matching the stock return alphas
with sentiments

• Regressing the abnormal returns (alphas) on the sentiments
• Controlling: Day of week and the dummy News Day=1 for

coverage days
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Background Methodology and Data Results and Discussions

Impacts of Sentiments on Return Responses

ARt/CARt = β0 + β1 Sentimentt +∆t + DummyNewsDay + εt (2)

Regressions AR CAR3 CAR5
Coef. S.E. p Coef. S.E. p Coef. S.E. p

Sentiment 0.169 0.114 0.137 0.531 0.334 0.118 0.937 0.566 0.098 ∗

News Day 0.031 0.022 0.165 0.102 0.067 0.128 0.182 0.111 0.102
Day of Week Yes Yes Yes
Constant 0.026 0.003 0.000 ∗∗∗ 0.078 0.010 0.000 ∗∗∗ 0.130 0.016 0.000 ∗∗∗

Obs 790,375 789,805 789,235

• AR (FF4 alpha), CAR3/CAR5: cumulative 3/5-day alphas

• Regressing the (cumulative) abnormal returns on the FinGPT
sentiment:

• Sentiments does not lead to significant differences in the
return responses to oil shock news
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Background Methodology and Data Results and Discussions

Robustness

• Specifically, WSJ Online and Dow Jones Institutional News
both contribute to the change in daily returns

• No significant impacts on oil returns from WSJ regional
editions (Asia, Europe, U.S. Eastern)

• Sentiment does not seem to affect oil volatility, volume, or
illiquidity

• Thank you!
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