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Introduction to Textual Analysis in Finance



Why NLP in Finance?

= Financial markets are driven by information
- Investors, analysts, and traders rely on unstructured textual data
- Example sources: news articles, earnings reports, social media, analyst research

= Growing interest in financial NLP
- Increase in data availability and computational power
- Rise of deep learning and large language models

Text NLP Processing Actionable Insights
e.g., news, reports e.g., investment, risk assessment
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Common Sources of Financial Text Data

= Traditional Financial Reports
- Earnings call transcripts
- SEC filings (10-K, 10-0Q)

= News & Media: Reuters, Bloomberg, CNBC, Wall Street Journal

= Social Media & Alternative Data
- X (or Twitter), Reddit (e.g., r/wallstreetbets)
- Podcast transcripts (e.g., Acquired, In Good Company)
- Interview transcripts
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Earnings Call Transcripts

= What are they?

- Verbatim records of company executives discussing
quarterly financial results with analysts

- Often include Q&A sessions where analysts ask about
company outlook

= Key Insights from NLP

- Sentiment analysis to gauge executive confidence
- Keyword extraction to detect earnings surprises
- Speech pattern analysis (e.g., hesitation, uncertainty)

= Example: Alphabet Q4 2025 Earnings Call [Link]
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7~ Alphabet Inc.
a SCJCP NASDAQ - 2=

Overview Financials Earnings Holders Predictions Historical Data. Analysis

Q12026 in27d Q42025 +9.30% Q32025 +26.99% Q22025 +7.44% Q12025 +3911% Q42024 +1.42% Q32024 +15.85%

GOOG 2025 Q4 Earnings Call » Listen
Wed, Feb 4, 2026, 04:30 PM EST

Revenue $111.3B fest) $113.88 Beat +2.25% 1d Price Move: -0.60%

EPS (Adj.) $2.58 (est.) $2.82 Beat+9.30%  Current Price: $275.19

Highlights Transcript Documents perplexity © &

= Alphabet reported Q4 2025 revenues of $113.8 billion (up 18% year-over-year) and full-year revenues of $403 billion (up 15%),
with operating income of $35.9 billion and EPS of $2.82 (up 31%)

« Search revenues accelerated to $631 billion (up 17%) driven by broad strength across verticals with retail leading, while Google
Cloud significantly accelerated to $17.7 billion (up 48%) with operating margin expanding to 30.1% and backlog reaching $240
billion {up 55% sequentially)

.

YouTube's annual revenues surpassed S60 billion across ads and subscriptions, with Q4 advertising revenue of $11.4 billion (up
9%) impacted by lapping strong U.S. election spending from prior year, while subscription revenues grew 17% driven by YouTube
Music and Premium

= The Gemini app reached 750 million monthly active users with significantly higher engagement since Gemini 3 launch in
December, and Gemini Enterprise achieved over 8 million paid seats across 2,800+ companies just four months post-launch

Example Earnings Call


https://www.perplexity.ai/finance/GOOG/earnings?eventId=396697

SEC Filings (10-K, 10-Q)

= What are thGY? UNITED STATES

SECURITIES AND EXCHANGE COMMISSION

- Regulatory financial reports submitted to the SEC Vo0
- 10-K: Annual report with comprehensive financial

>4 QUARTERLY REPORT PURSUANT TO SECTION 13 OR 15(d) OF THE SECURITIES EXCHANGE ACT OF 1934

.
d e t a I |.S For the quarterly period ended Seprember 30, 2024
OR

o TRANSITION REPORT PURSUANT TO SECTION 13 OR 15(d) OF THE SECTRITIES EXCHANGE ACT OF 1934

- 10-Q: Quarterly financial updates Mo

Commission File Number: (01-34756

Tesla, Inc.

= Key Insights from NLP e o e B

- Risk sentiment analysis from "Risk Factors" sy st
section o

- Comparison of past filings to detect subtle o e B
l a n g u a ge S h I ft S Socurities registered pursuant to Section 12(b) of the Act:

[ Title of euch class | Truding Symbul(s) | Nume af esch exchunge vn which registered
- Extraction of financial metrics for predictive
modeling

= Example: SEC Filings for Tesla, Inc. [Link]

| Coamnea slock | ISLA | Il Nesdag Global Suleet Market

Inciate hy chack mark:
weriond thit the sistiiont wiss reun

 140d) f the Securities Fxchange Act of 1934 (“Fxcrange Ace) during the preceding 12 mavths tar for sach shartsr
2 st 0 v, Yo B No
¥l vequired 10 be sulxvitrad parsant tn Rale 208 of Regulation §- 1'(8232.408 afthis chapter) diing the precading 12

Lo fike, lersted fie, 3 maller repurling © ; oe am cmenzg wrowlh vompany. See the delizilions of e seaderaial
o Rule 122 of the Exchanpe Act

Accelenated fler o

Senaller eparting corpany o

SEC Filings for Tesla, Inc.
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https://ir.tesla.com/sec-filings

Podcast: Acquired

Podcast provides a more relaxed environment for a long conversation

ACQUIRED

The Art of Selling

i ] INDIAN @ terprise Software
PREMIER low
LEAGUE
Indian Premier League Cricket The Art of Selling Enterprise Software Rolex
Spring 2025, Episode 3 (with ServiceNow CEO Bill McDermott) Spring 2025, Episode 2
ACQ2

Building Web
Apps with Just
English and Al

Building Web Apps with Just English and TSMC Founder Morris Chang TSMC (Remastered)
Al {(with Vercel CEO Guillermo Rauch) Spring 2025, Episode 1 Specia

ACQ2
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Podcast: In Good Company

In Good Company with Nicolai Tangen by Norges Bank Investment Management [Link]

M 1iozeEs 2an 2025
HIGHLIGHTS: Jennifer Scanlon - CEO of UL Solutions -
UL Solutions CEQ: Evolving Safety Testing, Al, and Consumer Protection -
Alphabet President and CIO: Advancing Al, Quantum Computing, and Self-Driving Cars -
HIGHLIGHTS: Lars Strannegéard =
Lars Strannegard: Art in Business, Leadership, and the Skills Al Can't Replace -
HIGHLIGHTS: Paul Singer -
Paul Singer: Activist Investing, Market Risks and Avoiding Losses -
HIGHLIGHTS: David Ricks - CEO of Eli Lilly -
Eli Lilly CEO: The Weight-Loss Drug Revolution, Alin Pharma, and Innovation -
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https://www.nbim.no/en/news-and-insights/podcast/

Overview

Key NLP Tasks in Finance

Document Representation: Word embeddings for finance

Sentiment Analysis: Estimating market sentiment from text

Text readability: Measuring the readability of financial document, PR communications, etc.

Challenges & Future Trends: Explainability, multimodal learning

* STEVENS INSTITUTE of TECHNOLOGY



Document Representation and Financial Text Embeddings
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Document Representation

= Traditional methods
- Document-term matrix: Bag-of-words, TF-IDF
- Topic modeling (Example: The Structure of Economic News)

= Limitation: The lack of context; not able to capture the semantic meaning of words

= Modern methods

- Word2Vec: Li, Kai, Feng Mai, Rui Shen, and Xinyan Yan. “Measuring Corporate Culture Using
Machine Learning.” Review of Financial Studies 34, no. 7 (2021): 3265-3315.

- FInBERT: Huang, A. H., Wang, H., & Yang, Y. (2023). FInBERT: A large language model for
extracting information from financial text. Contemporary Accounting Research, 40(2), 806-841.

* STEVENS INSTITUTE of TECHNOLOGY
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http://www.structureofnews.com/

FINBERT

Huang, A. H., Wang, H., & Yang, Y. (2023). FInBERT: A large language model for extracting
information from financial text. Contemporary Accounting Research, 40(2), 806-841.

= Available on HuggingFace [Link to FInBERT]

= FInBERT: Fine-tune the pretrained BERT model on financial text (4.9B tokens)
- Corporate Reports 10-K & 10-0 (2.5B tokens)
- Earnings Call Transcripts: 1.3B tokens (1.3B tokens)
- Analyst Reports: 1.1B tokens (1.1B tokens)

= Limitations
- FInBERT only releases the sentiment analysis function

- One cannot use FINBERT to create embeddings for document representation and downstream
training

* STEVENS INSTITUTE of TECHNOLOGY
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https://huggingface.co/yiyanghkust/finbert-pretrain

Sentiment Analysis
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Sentiment Analysis in Finance

= Sentiment: The emotional tone of text (positive, neutral, negative)

= Common techniques: Dictionary-based (or lexicon-based) methods, machine learning, and deep
learning

= Why is it important in finance?
- Market reactions are influenced by sentiment in news, earnings calls, and reports

Investment
Actions

4 STEVENS INSTITUTE of TECHNOLOGYK /

Sentiment

Stock Price
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Why does Investor Sentiment Matter?

Baker, M., & Wurgler, J. (2006). Investor sentiment and the cross-section of stock
returns. Journal of Finance, 61(4), 1645-1680.

= Hypotheses: Investor sentiment has a larger impact on stocks whose valuations are

- Highly subjective: These are stocks where determining the "true" value is challenging due to

limited historical data, unclear earnings, or speculative growth potential (e.g., young or
unprofitable companies)

- Difficult to arbitrage: These stocks are hard for rational investors to correct if mispriced, perhaps
because they’re illiquid, volatile, or costly to trade

= Key Insight: When sentiment swings—whether it’s a wave of optimism or pessimism—these stocks

are expected to experience bigger price movements compared to stocks that are easier to value or
arbitrage

4 STEVENS INSTITUTE of TECHNOLOGY 15



Empirical Findings

Baker, M., & Wurgler, J. (2006). Investor sentiment and the cross-section of stock
returns. Journal of Finance, 61(4), 1645-1680.

= When sentiment is low (pessimistic):

- Stocks with characteristics like small size, young age, high volatility, unprofitability, no dividends,
extreme growth potential, or distress tend to have relatively high subsequent returns

- Interpretation: When investors are pessimistic, these stocks may be undervalued (oversold due
to fear or neglect). As sentiment improves or normalizes, their prices rebound, leading to higher
returns

= When sentiment is high (optimistic):
- The same categories of stocks earn relatively low subsequent returns

- Interpretation: During optimistic periods, these stocks may become overvalued (overbought due
to hype or speculation). When sentiment cools, their prices correct downward, resulting in lower
returns

= Implication: Investor sentiment plays a significant role in driving stock prices, especially for stocks
that are hard to pin down in terms of value and tough for arbitrageurs to trade efficiently

* STEVENS INSTITUTE of TECHNOLOGY
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Investor Implications

Baker, M., & Wurgler, J. (2006). Investor sentiment and the cross-section of stock
returns. Journal of Finance, 61(4), 1645-1680.

= Enhance investment strategy to capitalize on sentiment-driven opportunities
1. Target sentiment-sensitive stocks like small, volatile, or growth-oriented firms

2. Track sentiment indicators to assess market mood
3. Take a contrarian stance—buying when sentiment is low and selling or avoiding when it’s high

4. Time your trades, managing risks, and grounding your decisions in fundamentals
= As investors trade more on this signal, its ability to profit fades away

= What remains after the price signal fades away?

* STEVENS INSTITUTE of TECHNOLOGY
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Measuring Sentiment: Dictionary

= Dictionary-based methods
- Tetlock, Paul C. “Giving Content to Investor Sentiment: The Role of Media in the Stock Market.”
Journal of Finance 62, no. 3 (2007): 1139-68.

- Loughran, Tim, and Bill Mcdonald. “When Is a Liability Not a Liability? Textual Analysis,
Dictionaries, and 10-Ks.” Journal of Finance 66, no. 1 (2011): 35-65.

= Dictionary-based sentiment measure
Number of Positive Words

Positive Sentiment =
Total Words in Document

Negative and uncertainty measures are similarly defined

= Comments
- The finance sentiment dictionary, such as Loughran and Mcdonald (2011), is finance specific

- Simple but lacks context awareness

* STEVENS INSTITUTE of TECHNOLOGY
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Measuring Sentiment: Deep Learning Approach

BERT or FINBERT

class
= Sentiment analysis using , Random
BERT can be framed as a Linear ==p_
initialization

prediction problem where the
target is the stock return or T
binary stock price movement l
= “Sentiment” measures how Init byApre-traln
much does the underlying

text predict the price "

movement of the -
corresponding stock BERT
[CLS]  w; W)
sentence
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Better than random

f

W3

—/

Input: sequence
output: class

Example:
Sentiment analysis

this is good

positive

This is the model
to be learned.

-
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Sentiment to Investment

= Investment: Given a universe of assets (e.g., stocks), which assets to invest in, and how much to invest in each asset?

= Mean-variance portfolio optimization framew

r=(r,n, ..

ON1  OnN2

ork

)rN)

ONN-

wlEw <o

= The expected returns (r) are usually estimated based on historical returns, which may contain estimation errors for

future returns

= The Black-Litterman model is a portfolio optimization framework that combines an investor's subjective views on asset

returns to update expected return estimation

* STEVENS INSTITUTE of TECHNOLOGY
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Sentiment to Investment

Hung, M. C., Hsia, P. H., Kuang, X. J., & Lin, S. K. (2024). Intelligent portfolio construction via
news sentiment analysis. International Review of Economics & Finance, 89, 605-617.

= Questions:

- How can news sentiment analysis translate into
forming investment portfolios?

- Black-Litterman model (Hung et al., 2024)

- Does sentiment analysis integrated into the Black-
Litterman model enhance portfolio performance?

* STEVENS INSTITUTE of TECHNOLOGY
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Portfolio Value

Portfolio Value Comparison

— Black-Litterman-GRU
= Black-Litterman-LSTM
Black-Litterman-RNN
S&P 500

Mean-Var Portfolio
Equal-Weights

0 50 100 150 200
Timesteps
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Sentiment to Investment e —

L BERT

Stock Price & Volume of )
( Previous 180 Days 1 [ News Sentiment J
A s

LStock Price J [Market Capitalization
J

Hung, M. C., Hsia, P. H., Kuang, X. J., & Lin, S. K. (2024).

Intelligent portfolio construction via news sentiment I
analysis. International Review of Economics & o s
Finance, 89, 605-617. { FSRHTMH) }
= Sentiment analysis: Binary classification based on —
stock prices using BERT E‘ﬂ
= Machine learning prediction: Combining sentiment, g P
historical prices and volumes to predict the stock — %
return / \ / \\
// \\‘
- RNN/LSTM/GRU models e T
= Apply the Black-Litterman model to update the |
return estimation, and thus, the optimal portfolio, # l -
based on the return prediction ok teman wose
/,,// \“\\
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Readability in Financial Texts
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Readability in Financial Texts

= Why does readability matter?
- Investors and analysts process large amounts of text
- Difficult-to-read disclosures may increase information processing costs
- Readability affects market reactions, stock volatility, and analyst forecasts

= Traditional Readability Measures

- Fog Index: Equal to 0.4 = (average number of words per sentence + fraction of complex words),
where complex words are those with more than two syllables

- File Size: Assumes longer documents are harder to read
- Limitations: Ignore word context and target audience comprehension
= Example of complex words that will count towards Fog index: financial, company, interest,
agreement, including, operating, period, and related
- Most frequently appearing complex words in annual report

* STEVENS INSTITUTE of TECHNOLOGY
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Measuring Readability with Language Predictability

Zang, Amy, Jiexin Zheng, and Rong Zheng. “Measuring Readability with Language
Predictability: A Large Language Model Approach.” SSRN (2024)

= Large language models: Next-word predictions
- Predict p(W¢ 41wy, ..., w;); then generate the next word by sampling from the conditional
probability distribution
= Zang et al. (2024) propose to use predictability as a measure for readability
- Language Predictability Score (PLS)
1ng(Wi|Wi_256, t Wi—l)

- Large language models: BERT and GPT2

- Intuition: For a given sentence, the more closely the words are in line with the LLM predictions,
and more readable is the sentence

= Compared with traditional measures
- Capture context-dependent readability
- Consider the target audience’s (investors, analysts) expectations by fine-tuning the LLM

* STEVENS INSTITUTE of TECHNOLOGY
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Measuring Readability with Language Predictability

Zang, Amy, Jiexin Zheng, and Rong Zheng. “Measuring Readability with Language
Predictability: A Large Language Model Approach.” SSRN (2024)

= Example: “Our company faced challenges in integrating the acquired businesses last year.”

Preceding Context (Simplified)

0.60

company
faced
challenges
integrating
acquired
businesses
last

year

"During the fiscal year"
"...year our"

"...our company faced"
"...faced challenges in"

"...challenges in integrating"

"...in integrating the acquired"

"...the acquired businesses"

"...acquired businesses last"

* STEVENS INSTITUTE of TECHNOLOGY

0.45

0.70

0.30

0.65

0.80

0.25

0.90

9
1
LPS = NZlogp(wilcontext) = —0.0626875
i=1

26



Measuring Readability with Language Predictability

Zang, Amy, Jiexin Zheng, and Rong Zheng. “Measuring Readability with Language
Predictability: A Large Language Model Approach.” SSRN (2024)

= Key findings based on Language Predictability Score

- Stock Return Volatility: Lower LPS (less predictable language) is significantly associated
with higher post-filing stock return volatility, indicating greater uncertainty among
market participants

- Analyst Forecasts: Lower LPS correlates with higher analyst forecast dispersion (less
agreement among analysts) and decreased forecast accuracy, suggesting increased
processing difficulty for sophisticated users

- Comparison to Traditional Measures:

- LPS outperforms the Fog index, Bog index, and file size in explaining these outcomes, even
after controlling for firm fixed effects and other variables

- Traditional measures often show insignificant or inconsistent relationships with these market
outcomes

* STEVENS INSTITUTE of TECHNOLOGY
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“Who” Is Reading Financial Documents?

= Think about readability from another perspective: “Who” is actually reading financial documents like
10-K?

= Loughran & McDonald (2017) show that the average publicly traded firm’s 10-K is downloaded only
approximately 28 times immediately after the filing

= Human vs Machines?
= The readership matters for how we measure the readability

Reference: Loughran T, McDonald B. 2017. The use of EDGAR filings by investors. J. Behav. Finance
18:231-48
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Conclusion and Discussion
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Conclusion

New information source: Many financial data is available in textual format

Dimensionality reduction: The textual data is unstructured and inherently ultra-high dimensional

- Text representation: Use vector embedding to represent text that is aware of context

- Consistent measure of text: For example, sentiment and readability

- Information and event extraction: Named Entity Recognition (NER), relation extraction, fine-tuned
LLMs

Downstream analysis

- Relationship with stock prices considering the idiosyncrasies of firms

- Relationship with macro economic conditions

- Investment

With data and technology, there are many research opportunities in the finance context
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