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NLP unlocks insights from the vast ocean of financial text data.
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Learning Objectives

By the end of this lesson, you will be able to:
® Apply text preprocessing techniques to financial text
® Understand sentiment analysis for market prediction
® Explain word embeddings and transformer models
® Extract information from financial documents
® Evaluate NLP model performance in finance

® Recognize limitations of language models

Text preprocessing includes tokenization, stemming, and stop word removal.



NLP Pipeline for Financial Text Analysis

(Example: "Apple reports record Q4 revenue, beating analyst expectations”|

Raw Text Feature

B Preprocessing =% Analysis BN Application

Sources Extraction

News Articles Tokenization TE-IDF. Sentiment Trading Signal
SEC Filings Stop Words. Word2vec Topic Model Risk Alert

Earnings Calls Lemmatization BERT Embed Entity Link Report Gen

Social Media NER Negrams o Chatbot

Source: Jurafsky & Martin (SLP3), Loughran-McDonald, Kearney & Liu (2014)

Financial NLP pipelines transform raw text into structured features for downstream analysis.
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Text Prepr ing Pipeline for Financial NLP

[Remove Punctuation|

Tokenization

Remove Stop Words

Lemmatization

Source: nitk.org, Jurafsky & Martin (SLP3), spacy.io

“Apple Inc. reported 04 earnings of $1.24 per share, BEATING analysts' expectations

“apple inc. reported q4 earnings of $1.24 per share, beating analysts' expectations!!!"

“apple inc reported a4 earnings of 1 24 per share beating analysts expectations”

[*apple”, "inc", “reported”, "q4”, "earnings’, "of", "1', 24", "per", "share”, ...]

[*apple”, "inc", "reported", "q4’

“earnings", "1, "24", "share", "beating", .

["apple*, *inc*, “report”, "gd*, “earning®, *1°, "24", "share", “"beat", ...]
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Prepr ing includes tokeni: on, st d |

and normalization of financial text.
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Sentiment analysis classifies financial text as positive, negative, or neutral using lexicons or ML models.
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Word embeddi capture ic relationships by representing words as dense vectors in continuous space.
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News Sentiment Impact on Prices

News Sentiment Impact Analysis

Predictive Power by Text Source
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Source: Tetlock (2007 JoF), Loughran-McDonald (2011), Kearney & Liu (2014)

Calls

Filings Wires
Text Source

News sentiment correlates with short-term price movements but predictive power decays rapidly.
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NLP Use Cases in Finance

NLP Applications in Financial Services

Earnings Call Analysis News-Based Trading
-+ Sentiment extraction - Real-time sentiment
 Topic identification « Event extraction
* Q&A analysis * Market impact prediction
* Executive tone detection * Alpha signal generation

- pile J
Technologies
Document Extraction Conversational Al

« Contract parsing + Customer support chatbots
+ Regulatory filing analysis « Investment recommendations
« Entity recognition « Query understanding

+ Data standardization « Personalization

‘Source: JPMorgan Al Research, Bloomberg NLF. ACL Finance Papers

NLP applications span from sentiment analysis to automated report generation.
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Source: Deviin et al. (2019 BERT), Vaswani (2017 Attention), Hugging Face

BERT revolutionized NLP by training bidirectional context representations.
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Sentiment Lexicons for Finance

Financial i Lexi D i ific vs

Sentiment Scores by Lexicon Type

B Loughran-McDonald (Financial)
VADER (General)
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Domain-specific lexicons capture financial sentiment more accurately than general dictionaries.
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Text Toke! n Pipeline

Original Sentence

[ “Apple Inc. reported $123.9 bilRS§Mifenue in Q4'23." ]
Word Tokens
Aople e, | reportes s 1239 [ bittion
revenue in o . 2
Clean & Normalize

Cleaned Tokens

siton [ [ [ =]

ESEIETED

Financial NLP Considerations:
« Preserve numeric values ($, %, ratios)
« Keep domain-specific terms (Q4, FY23)
« Handle company names carefully

+ Maintain acronyms and tickers

Processing Steps:
1. 5plit on whitespace and punctuation
2. Lowercase conversion

3. Remove special characters

4. Filter stopwords (optional)
Sourcer NLTEorg. pecyso. Hogoing Face Tokenizers

Tokenization breaks text into meaningful units for NLP processing.
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Nlp In Finance: Key Takeaways

Key Takeaways:
® NLP extracts signals from unstructured financial text
® Sentiment analysis provides market mood indicators
® Word embeddings and transformers revolutionized finance NLP
® Applications: earnings call analysis, news trading, document extraction
® Challenges: domain adaptation, sarcasm, context-dependency
® LLMs (GPT, BERT) now dominate financial NLP tasks

Next Lesson: Robo-Advisors ML Aspects

NLP pipelines transform unstructured text into structured features for analysis.



Sentiment Analysis Accuracy

Sentiment Analysis Accuracy
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Domain-specific models outperform general approaches.




NLP Applications in Finance

NLP Use Cases in Finance
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Document processing and sentiment lead adoption.




