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1. Introduction to
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“Text-based data analysis refers to \
Introductio the process of extracting useful
insights, patterns, and trends from

Nn to Text- unstructured text data.”

Based Data

Ana |y5i5 Language Processing (NLP)
techniques and machine learning

models to interpret and analyze
textual content from sources like
documents, social media, emails, and
customer reviews.

It involves using various Natural




”
Text-based data analysis is crucial for leveraging the vast

amount of textual data generated today, turning it into
actionable insights for various fields. \

I nt rO d u Cti 0 + Transforms Unstructured Data: Text analysis enables the

extraction of meaningful information from raw, unstructured text
data, making it usable for decision-making.

n tD TeXt_ + Supports Business Intelligence: By analyzing customer

feedback, sentiment, and trends, businesses can make informed
decisions that improve customer satisfaction, product
development, and marketing strategies.

A n a IyS i S + Automates Insights Extraction: Text analysis can automate
processes like topic detection, sentiment analysis, and entity

recognition, reducing manual effort in large-scale text processing.

Based Data

v Enables Real-Time Analysis: For domains like finance,
healthcare, and social media monitoring, real-time text analysis
provides timely insights that drive proactive responses.

v Enhances Personalization: Text analysis powers
recommendation systems and customer interactions by
understanding user preferences and behaviors.



“Natural Language Processing
(NLP) is a subfield of Artificial
Intelligence (Al) that focuses on
enabling computers to
understand, interpret, and
generate human language.”

NLP is a crucial component of Al
systems, allowing them to process
and analyze vast amounts of text
data, including written and spoken
language.



1. Text 2. Feature 3. Text
Preprocessing Extraction Classification

» Tokenization: + Bag of Words « Sentiment
Splitting text into (BoW): Represents Analysis:
words or sentences text as word counts Determines the
for easier analysis. or occurrences in a emotional tone of
« Stop Word vector form. text (positive,
Key Removal: Filtering - TF-IDF: Calculates negative, neutral).
out common, non- term importance * Topic Modeling:
C -t informative words based on frequency |dentifies topics or
0 m p 0 n e n (e.g., "the," "and"). and inverse themes within a text
« Stemming/Lemma document corpus (e.g., LDA,
S Of N L P tization: Reducing frequency. LSA).
words to their root  Word * Named Entity
or base form (e.g., Embeddings: Recognition
"running" — "run"). Converts words into (NER): Detects
dense, meaningful entities like names, ’
vectors (e.g., places, and dates
Word2Vec, GloVe). in text.
NLP has 6 key components. Each component ,
contributes to understanding and processing /

human language. o




4. Language 5. Syntax and 6. Machine
Modeling Parsing Translation

* N-Gram Models: * Dependency » Converts text
Predicts the Parsing: from one
likelihood of word Analyzes language to
sequences for grammatical another (e.g.,
Key generating structure and Google
coherent text. relationships Translate).
C ompone n-t - Transformers: between words. . Seq2Seq
p Modern * Part-of-Speech Models:
architectures like (POS) Tagging: Common in
S Of N L P BERT, GPT, |dentifies each translating
using attention word'’s role languages using
mechanisms for (noun, verb, encoder-decoder
contextual adjective). structures.
understanding.
NLP has 6 key components. Each component /
contributes to understanding and processing /

human language. o




Each task addresses a unique aspect of language
processing, enhancing applications like customer service,
automated insights, and interactive Al systems. ,

N\

* Objective: Categorizes text into predefined
1. Text labels (e.g., spam detection, sentiment analysis).

=g . * Examples: Sentiment analysis
Classification (positive/negative), email spam detection, news

categorization.

Overview of
Key NLP

2. Named
Entity

* Objective: Identifies and classify named entities
(e.g., names, locations, dates) within text.

Recognition « Examples: Detecting names, companies,

(NER)

locations in news articles or social media posts.

Tasks

: * Objective: Determines the emotional tone or
3. Sentiment opinion within text (positive, negative, neutral).
An a|ysi S * Examples: Analyzing customer reviews, social
media sentiment, feedback.

. » Objective: Automatically translates text from one
4. Machine language to another.

Translation « Examples: Translating websites, documents,
and real-time conversation translation.




Each task addresses a unique aspect of language
processing, enhancing applications like customer service,
automated insights, and interactive Al systems. ,

N\

* Objective: Generates concise summaries from
5. Text longer texts while preserving key information.

Summarization * Examples: Summarizing news articles, research
papers, and meeting notes.

Overview of
Key NLP

. * Objective: Provides accurate answers to questions
6. Question based on a given context or dataset.

Answering (Q A) . E::;;ﬁles: Chatbots, virtual assistants, customer

Tasks

7. Speech » Objective: Converts spoken language into text,
Recognition enabling NLP on audio inputs.

* Examples: Transcribing calls, voice commands in

and Processi ng virtual assistants (e.g., Siri, Alexa).

* Objective: Generates human-like text, enabling
content creation and conversation generation.

8. Language

Generation - Examples: Text generation (e.g., GPT), chatbot
responses, automated writing.
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Preprocessing




“Tokenization is the process of splitting text into
smaller units, known as tokens. Tokens can be words,
phrases, sentences, or even characters, depending
on the application.”

Intro d uctio Purpose of Tokenization

« Enables Text Analysis: Converts raw text into

I tO manageable units that algorithms can process.
- - * Foundation for NLP Tasks: Essential for
TO ke N |Zat| O preprocessing, allowing models to understand and
1 analyze text structure.

« Improves Efficiency: Simplifies text, removing
complexity by breaking down sentences or
paragraphs.

 Enhances Model Performance: Prepares text daty
for NLP tasks like sentiment analysis, language

translation, and entity recognition.
a




Types of

Tokenizatio
1

Each type of tokenization serves different NLP needs,
helping models process text more effectively based on
the specific task requirements.

1. Word Tokenization

* Splits text into individual words.
» Use Case: Common for applications that analyze word-level
information, like sentiment analysis.

* Example: "Data Science is exciting" — ["Data", "Science", "is
"pxni’ring"]

|

2. Sentence Tokenization

* Divides text into sentences.

» Use Case: Useful for tasks requiring sentence-level analysis, such as
summarization.

* Example: "Al is growing fast. NLP is part of Al." — ["Al is growing
fast.", "NLP is part of Al."]

3. Subword Tokenization

* Splits text into subword units (common prefixes, suffixes, or syllables).

» Use Case: Useful for handling rare or complex words, especially in
languages with many word forms.

« Example: "unbelievable" — ["un”, "believe", "able"]

4. Character Tokenization

* Splits text into individual characters.

* Use Case: Common in languages with compound words or unique
alphabets, like Chinese.

« Example: "hello" — ["'h", "e

n IIIII "I" n
I b b

o'




Methods of Tokenization

Whitespace
Tokenization

Rule-Based
Tokenization

Subword
Tokenization (e.g.,
Byte-Pair
Encoding)

Regex
Tokenization

Character
Tokenization

Splits text based on
spaces or whitespace.

Uses language-specific
rules (e.g., punctuation,
contractions).

Splits words into
frequently occurring
subwords.

Uses regular
expressions to define
token patterns.

Splits text into
individual characters.

Simple and fast; works well for
English and similar languages.

Captures context better, handles
punctuation and contractions.

Handles rare words and large
vocabularies well; reduces
vocabulary size.

Highly customizable; good for
specific patterns (e.g., emails,
hashtags).

Useful for languages with complex
morphology; simple and effective
for smaller units.

Struggles with
languages lacking
spaces; may split
contractions
awkwardly.

Can be complex;
requires custom rules
for each language.

More complex; might
split words too
aggressively, losing
context.

Requires knowledge of
regex; may not
generalize across
languages.

Inefficient for long
texts; loses word-level
meaning.

Basic NLP tasks where
punctuation isn’t essential.

Chatbots, text parsing in
specific languages.

Language modeling,
multilingual applications.

Information extraction,
custom parsing for
specialized tasks.

Applications in Chinese,
Japanese, or complex
morphology analysis.



* A popular Python library for
NLP with built-in tokenization
tools.

*Features: Word, sentence,
and regex tokenization; highly
customizable.

*Best For: Academic research,
rapid prototyping, educational
use.

*Example:
nltk.word_tokenize("Hello
world!")

Tools for
Tokenizatio
1

and vectorization.

processing in text analysis.

similarity applications.
*Example:

tokenize")

*NLP library focused on topic modeling

* Features: Simple word and sentence
tokenization tools, often used for pre-

*Best For: Topic modeling and document

gensim.utils.simple_preprocess("Text to

* Fast, industrial-strength NLP
library for Python, optimized
for production.

*Features: Tokenization with
language-specific support,
named entity recognition,
dependency parsing.

*Best For: Large-scale
applications requiring speed
and efficiency.

* Example:
spacy.load("en_core_web_sm

NLTK (Natural L . :
( _ar:;fkit)anguage 2. SpaCy 3. Hugging Face Tokenizers

* Highly optimized tokenizers
designed for modern
transformer models.

*Features: Support for byte-
pair encoding (BPE),
WordPiece, and other
subword tokenization
methods.

*Best For: Working with large
language models (LLMs) like
BERT, GPT.

*Example: tokenizer =
AutoTokenizer.from_pretraine
d("bert-base-uncased")

5. OpenNLP

* Apache toolkit for NLP tasks, including

tokenization, POS tagging, and parsing.

* Features: Java-based, with pre-trained
models for multiple languages.

*Best For: Java-based applications

capabilities.

needing language processing

* Example: TokenizerModel model = new

TokenizerModel(new

FilelnputStream("en-token.bin"))



1. Ambiguity in Language

» Description: Words with multiple meanings (e.g., "bank" as a financial institution vs. a riverbank) create context issues.
*Impact: Tokenization can split or retain words incorrectly, affecting downstream NLP tasks.

2. Handling Compound Words

* Description: Compound words and phrases may be split incorrectly (e.g., "New York" vs. "New" and "York").
*Impact: Leads to misinterpretation, especially in proper nouns or languages with complex word formations.

3. Lack of Spaces in Some Languages

 Description: Languages like Chinese or Japanese don’t use spaces, making word boundary identification difficult.

[
I n * Impact: Requires specialized tokenization techniques, increasing complexity and processing time.

u [ |
I D I(e I I I Z a I I O 4. Dealing with Special Characters and Punctuation
* Description: Symbols, emojis, and punctuation can affect how tokens are split (e.g., hashtags, email addresses).

*Impact: Mismanagement of symbols can distort sentiment, intent, or other important text signals.

1

5. Out-of-Vocabulary (OOV) Words

*Description: Rare or new words, slang, and typos often aren’t captured well by tokenization.
*Impact: Leads to information loss, especially in domain-specific applications or social media text.

6. Language-Specific Challenges

» Description: Each language has unique tokenization needs (e.g., stemming in English, compound words in German).
*Impact: Necessitates customized tokenization rules or models for multilingual NLP tasks.




Feature
Extractlon




Word embeddings are dense vector representations of words that
capture semantic meaning based on word context. Unlike one-hot
encoding, which is sparse, embeddings create multi-dimensional
vectors where similar words have similar vector representations.

Importance of Word Embeddings

Captures Semantic Relationships:

Word
Embedding

« Embeddings reflect meanings, allowing words with similar meanings to
have similar vector representations.

Improves NLP Model Performance:

* Reduces dimensionality, allowing models to generalize better and run
more efficiently.

S

Facilitates Transfer Learning:

* Pre-trained embeddings (e.g., Word2Vec, GloVe) enable models to
apply learned language relationships to different tasks, reducing the
need for extensive labeled data.

Handles Synonymy and Polysemy:

* Embeddings understand similar and context-dependent meanings, ,
improving NLP applications like sentiment analysis and machine
translation.

\




Methods of Making Word Embeddings

4. Transformer-Based
2. GloVe (Global Vectors .
1. Word2Vec for Word Representation) 3. FastText Embeddlng (e.g., BERT,

* Method: Trains shallow * Method: Uses global word * Method: Extends Word2Vec * Method: Leverages
neural networks to predict a co-occurrence statistics by representing words as attention mechanisms to
word based on its context from a text corpus to character n-grams, generate context-sensitive
(CBOW) or predict produce embeddings. capturing internal word embeddings, understanding
surrounding words given a « Example: "Paris" - "France" structure. words based on surrounding
center word (Skip-Gram). + "ltaly" = "Rome" (captures « Example: Can capture context.

* Example: "king" - "man" + country-capital "running," "runner," "ran" as « Example: "bank" in "river
"woman" = "queen" relationships). similar, even if they are out- bank" vs. "bank loan" has
(reflecting gender « Use Case: Document of-vocabulary. different embeddings.
relationships). similarity, text classification « Use Case: Useful for « Use Case: Contextual

» Use Case: Applications tasks. languages with complex applications like question
needing semantic morphology and handling answering, conversational
understanding, like OOV words. Al.

recommendation systems.



Libraries for Word Embeddings

* Popular Python library for
NLP that includes pre-
trained Word2Vec,
FastText, and GloVe
embeddings.

» Features: Easy-to-use
interface, supports training
custom embeddings.

* Best For: Quick
prototyping, research, and
text analysis tasks.

* Example: model =
gensim.models.Word2Vec
(sentences,
vector_size=100)

Each tool offers distinct advantages in different NLP contexts, from

educational projects to large-scale production applications.

3. Hugging Face 5. TensorFlow and

* Industrial-strength NLP
library with built-in word
vectors and support for
integrating custom
embeddings.

» Features: Includes pre-
trained embeddings;
efficient for production
applications.

» Best For: High-speed
processing in production-
grade applications.

* Example: nlp =
spacy.load("en_core_web
_md")

» Comprehensive library for
transformer-based
embeddings like BERT,
GPT, and RoBERTa.

» Features: Access to
numerous pre-trained
models, supports
contextual embeddings.

» Best For: Applications
requiring context-
dependent embeddings,
such as conversational Al.

+ Example: from
transformers import
AutoTokenizer, AutoModel

* Library developed by
Facebook for word
embeddings, particularly
strong in handling OOV
words.

» Features: Character-level
embeddings, supports
multiple languages.

» Best For: Applications
involving multiple
languages or rich
morphological structures.

* Example: model =

fasttext.load_model('cc.en.

300.bin')

* Deep learning frameworks
that support custom
embedding layers.

» Features: High flexibility,
allows creation of complex
models with embeddings.

» Best For: Training
embeddings as part of
custom neural networks.

* Example:
embedding_layer =
tf.keras.layers.Embedding(
input_dim, output_dim)



Challenges
in Making

Word
Embeddings

1. Out-of-Vocabulary (OOV) Words

* Challenge: Traditional embeddings struggle with rare or new words, leading
to information loss.

* Solution: Use character-based models like FastText or subword tokenization
to handle OOV cases.

2. Capturing Contextual Meaning

 Challenge: Static embeddings (e.g., Word2Vec, GloVe) assign one vector per
word, missing context (e.g., "bank" in "river bank" vs. "bank loan").

* Solution: Use contextual models like BERT, which adapt embeddings based
on surrounding words.

3. High Computational Cost

*Challenge: Training embeddings on large datasets is resource-intensive,
requiring substantial memory and processing power.

* Solution: Utilize pre-trained embeddings or cloud-based resources for
scalability.

4. Bias in Word Embeddings

* Challenge: Embeddings can inherit biases present in training data, leading to
discriminatory behavior.

* Solution: Regularly audit embeddings for bias and apply de-biasing
techniques where possible.

5. Limited Cross-Lingual Transfer

* Challenge: Embeddings trained on one language don’t naturally transfer to
another.

* Solution: Use multilingual embeddings or fine-tune models for specific
languages and dialects.

&




Important NLP \

Tasks




“‘NER is an NLP technique that identifies and classifies key entities in text into
predefined categories such as people, organizations, locations, dates, and more.”

It enables a structured understanding of unstructured text by tagging important
terms.

Importance of NER
Data Organization &

Information Extraction: Summarization:
Helps in retrieving relevant '
information from large text anjtr;gtusrljes c(i)ar:; fotreaiigike
datasets by focusing on specific ysis, supporting .
summarization and topic

ntities. ;
SIlE analysis.

Introductio

n to NER

Industries:
Enhances Search & Retrieval: Used in finance (e.g.,
Allows search engines and identifying companies, stock

information systems to retrieve symbols), healthcare (e.g.,
more relevant results by identifying diseases,
recognizing entity types. medications), and legal fields

(e.g., extracting case

Supports Advanced NLP
Tasks:

Essential for applications like
question answering, chatbot
development, and content
categorization.




Types of
Named

Entities in These categories allow NER systems to organize
text data meaningfully, with each entity type
N E R supporting distinct analytical applications.

.. : 6. Money and .
2. Organization . 4. Date and Time . 7. Miscellaneous
1. Person (PER) 3. Location (LOC) Quantity (MONEY,
({0]3{¢)] (DATE, TIME) QUANTITY) (MISC)
*|Identifies names of *Recognizes names * Identifies *Recognizes * |dentifies specific *Recognizes * Other relevant
individuals, of organizations, geographic entities specific dates, products or brand amounts and units, entities that don't fit
including famous companies, and like cities, times, and other names. including currencies standard
people or fictional institutions. countries, and temporal «Example: "iPhone and measurements. categories, often
characters. «Example: landmarks. references. 13," "Boeing 747" «Example: "$100," language or
«Example: "Barack "Google," "United «Example: "New « Example: "January "20 kg" domain-dependent.
Obama," "Albert Nations" York," "Mount 1, 2022," "3 PM" * Example: "Eiffel
Einstein" Everest" Tower" as a
landmark,

"Spanish" as a
language.



Techniques
for Named

Entity

Recognition
(NER)

1. Rule-Based NER

» Uses predefined
rules, patterns, and
regular expressions
to identify entities.

* Pros: Simple and
interpretable; works
well in specific, rule-
heavy domains.

* Cons: Limited
scalability; requires
significant manual
effort and lacks
adaptability.

* Example: Using
regex to identify
dates in formats like
"DD/MM/YYYY."

2. Statistical and
Machine Learning
Models

Employs models like
Hidden Markov
Models (HMMs),
Conditional Random
Fields (CRFs), and
Support Vector
Machines (SVMs)
trained on labeled
data.

Pros: More accurate
and generalizable
than rule-based
approaches.

Cons: Requires
labeled training data
and is
computationally
intensive.

Example: CRF
model to recognize
entities in medical
texts.

3. Deep Learning-

Based NER

Uses neural
networks, particularly
Recurrent Neural
Networks (RNNs),
Long Short-Term
Memory networks
(LSTMs), and
Transformers, to
learn context and
classify entities.
Pros: High accuracy
and can capture
complex language
nuances; suitable for
large datasets.

Cons: Requires
substantial
computing power
and labeled data.
Example: BERT
model fine-tuned for
NER tasks to
distinguish between
context-specific
entities.

4. Transfer Learning

and Pre-trained
Language Models

» Uses pre-trained

language models like
BERT, RoBERTa, or
GPT, fine-tuned on
specific NER
datasets.

Pros: High accuracy,
especially for
context-dependent
tasks; reduces
training time.

Cons: Still resource-
intensive; may
struggle with
domain-specific
entities without fine-
tuning.

Example: Fine-
tuning BERT on
legal or medical texts
for specialized NER
tasks.

> 4



Tools for Named
Entity Recognition

(NER)

/

2. NLTK (Natural Language 3. Hugging Face 5. Azure Text Analytics and

* Industrial-strength NLP
library with pre-trained NER
models for several
languages.

* Features: Fast, production-
ready, supports custom entity
labels and training.

*Best For: High-performance
applications requiring speed
and flexibility.

* Example: doc = nlp("Barack
Obama was born in Hawaii")

* Popular Python library with
basic NER capabilities using
classifiers.

* Features: Useful for
academic and prototype
projects; provides tools for
rule-based NER.

*Best For: Educational
purposes and smaller
datasets.

* Example:
nltk.ne_chunk(nltk.pos_tag(nl
tk.word_tokenize(text)))

e Library for state-of-the-art
transformer models,
including pre-trained NER
models.

*Features: Access to
advanced models like BERT,
RoBERTa, and DistilBERT
for NER.

*Best For: Tasks needing
high accuracy and context-
awareness, such as
conversational Al.

* Example: model =
pipeline("ner",
model="dbmdz/bert-large-
cased-finetuned-conll03-
english")

* Comprehensive suite of NLP
tools with powerful NER
capabilities.

*Features: Includes pre-
trained models and supports
multiple languages.

*Best For: Academic and
research use, robust for
cross-language applications.

*Example: Using
StanfordNERTagger in
Python.

* Cloud-based APIs for NER
and other NLP tasks,
provided by Microsoft and
Google.

*Features: Scalable, ready-
to-use, with minimal setup
required.

*Best For: Applications
needing easy integration and
scalability without extensive
development.

* Example: Sending text input
to the Google NLP API for
entity extraction.



Challenges

in NER

1. Ambiguity

Challenge: Words can refer to multiple entities or meanings depending on

in Entity context (e.g., "Apple" as a fruit vs. "Apple" as a company).

Names Impact: Inaccurate classification if the model does not understand the
context.

2. Lack of Challenge: Short phrases or incomplete sentences make it difficult to

Context identify entities accurately.

Impact: Reduces model performance, especially in applications like social
media analysis.

3. Variability

Challenge: Entities can be represented in many ways, including

in Language abbreviations, acronyms, and misspellings (e.g., "NYC" vs. "New York
City").

and Impact: Leads to inconsistent entity recognition without robust

Expression preprocessing or model training.

4. Domain- Challenge: General-purpose NER models often struggle with specialized

Specific vocabularies in fields like medicine, law, and finance.

Vocabulary Impact: Poor accuracy in specialized applications without domain-specific
training.

5. Out-of- Challenge: NER models may not recognize newly introduced entities or

Vocabulary those with limited occurrences in training data.

(O0V) and Impact: Missed entity identification, especially for emerging topics or

Rare Entities entities.

6. Data Challenge: High-quality, annotated data for training is labor-intensive and

Annotation costly to create.

and Qua"ty Impact: Low-quality training data can lead to inaccurate or biased models.

Issues

7. Bias in Challenge: If training data contains inherent biases, models may produce

Training biased entity recognition results.

Data

Impact: Unfair treatment or misrepresentation of entities, particularly in
sensitive applications.



Introductio
N to

Sentiment
Analysis

“Sentiment analysis, also known as opinion mining, is
an NLP technique used to determine the emotional tone
behind a body of text. It identifies whether the sentiment
expressed is positive, negative, or neutral and
sometimes assigns specific emotions (e.q., joy, anger).”

Purpose of Sentiment Analysis

Customer Feedback Analysis:

Helps companies understand customer opinions on products or services,
enabling better decision-making and product improvement.

Brand Monitoring:

Allows organizations to track public sentiment about their brand or
competitors on social media, forums, and other platforms.

Market Research:

Provides insights into consumer attitudes and trends, assisting in strategic
planning.

Enhancing User Experience:

Analyzing sentiment in real-time interactions (e.g., customer service
chatbots) to improve responses and interactions.

Political and Social Analysis:
Enables tracking of public opinion on social, political, and economic issues.




Methods for Sentiment Analysis

Lexicon-based 1. Rule-Based 2. Machine Learning-Based 3. Deep Learning-Based .
Approach Approach Approach 4. Transformer-Based Models

» Uses predefined rules and
lexicons to detect sentiment. It
might count positive and
negative words and determine
sentiment based on the word
balance.

Pros: Easy to implement and
interpret, no need for extensive
training data.

Cons: Limited flexibility;
struggles with complex
language and nuanced
sentiment.

Example: Using a positive and
negative word dictionary to
assign sentiment to a review.

« Utilizes machine learning
models (e.g., Naive Bayes,
SVM) trained on labeled
datasets to classify sentiment.

* Pros: More accurate than rule-
based approaches; can
generalize better.

» Cons: Requires labeled data
for training; may require
extensive preprocessing.

« Example: Using Naive Bayes
to classify sentiment based on
the presence of specific
features in text.

* Leverages neural networks
(e.g., RNNs, CNNs, LSTMs) to
capture complex patterns and
contextual sentiment in text.

* Pros: High accuracy, can
capture nuanced sentiment
and context.

* Cons: Computationally
expensive, requires a large
amount of labeled data.

* Example: Using an LSTM
model to analyze sentiment in
product reviews by capturing
sentence structure and
context.

» Uses pre-trained language

models like BERT, RoBERTa,
and GPT that are fine-tuned on
sentiment analysis tasks for
contextual understanding.

Pros: Highly accurate,
especially for complex,
context-dependent sentiment.

Cons: High computational
resources required; may need
domain-specific fine-tuning.
Example: Fine-tuning BERT to
classify tweets as positive,
negative, or neutral.



Tools for Sentiment Analysis

1. VADER (Valence
2. TextBlob

Aware Dictionary and
sEntiment Reasoner)

* Alexicon and rule-
based sentiment
analysis tool, specifically
optimized for social
media texts.

* Features: Handles
emojis, capitalization,
and slang; outputs
sentiment scores for
positive, negative, and

» A simple NLP library in
Python that includes
lexicon-based sentiment
analysis functionality.

*Features: Easy-to-use
API for polarity and
subjectivity scoring.

*Best For: Basic
sentiment analysis in
applications where

neutral. simplicity and ease of
*Best For: Social media use are priorities.

sentiment analysis,

quick and interpretable

results.

3. AFINN

* A lexicon-based
sentiment scoring tool
that assigns positive and
negative values to
words.

*Features: Contains a
pre-built word list with
sentiment scores;
effective for quick
assessments.

* Best For: Basic lexicon-
based sentiment
analysis, especially for
English-language texts.

5. IBM Watson Natural
Language
Understanding

4. Google Cloud

Natural Language API

* A cloud-based NLP tool
by Google that provides
sentiment analysis as
part of a larger suite of
NLP capabilities.

 Features: Robust
sentiment scoring, entity
recognition, and syntax
analysis.

*Best For: Scalable,
enterprise-level
sentiment analysis in
applications with large
volumes of text.

* A comprehensive API
by IBM Watson that
includes sentiment
analysis, emotion
detection, and more.

«Features: Provides
sentiment and emotion
analysis along with
custom model training
options.

*Best For: Complex
sentiment analysis tasks
with specific
requirements for
customization and
emotion tracking.

6. Hugging Face
Transformers

* An NLP library that
includes pre-trained
transformer models
(e.g., BERT, RoBERTa)
for advanced sentiment
analysis.

 Features: Offers
powerful deep learning
models that can be fine-
tuned for specific
sentiment tasks.

*Best For: High-
accuracy sentiment
analysis in specialized
applications, especially
where contextual
understanding is critical.



Application
s of

Sentiment
Analysis

1. Customer Feedback
Analysis

2. Social Media
Monitoring

3. Market Research and
Product Development

4. Political and Social
Analysis

5. Financial Market
Prediction

6. Customer Service
and Chatbots

* Analyzes customer reviews, surveys, and support tickets
to gauge satisfaction and identify areas for improvement.

* Example: E-commerce sites using sentiment analysis to
assess product feedback and adjust offerings.

* Tracks public sentiment on social media platforms to
understand brand perception, popular topics, and trends.

*Example: Companies monitoring Twitter for real-time
feedback on product launches or PR campaigns.

« |[dentifies trends and consumer preferences to inform
product development and marketing strategies.

* Example: Automotive companies analyzing sentiment
about new car models to guide design or feature
changes.

* Analyzes public sentiment on political issues, events, or
figures, helping governments or political groups
understand public opinion.

*Example: Election campaign teams using sentiment
analysis on social media to tailor campaign messages.

* Analyzes news articles, reports, and social media for
sentiment that may indicate trends or risks in financial
markets.

*Example: Investment firms assessing sentiment to
predict stock price movements.

* Detects customer mood in chat or support interactions
to provide personalized responses or escalate issues.

*Example: Chatbots using sentiment analysis to identify
dissatisfied customers and route them to human agents.



e 1. Sarcasm and Irony Detection

* Sarcasm and irony can completely reverse the intended sentiment, often confusing models.
« Example: “Oh great, another Monday” may be detected as positive, though it's actually negative.

ey 2. Contextual Understanding

* Words or phrases can have different meanings based on context, affecting accurate sentiment
detection.

mee 3. Handling Multilingual and Code-Switched Texts

* Analyzing sentiment in texts with multiple languages or mixed-language phrases requires specialized
processing.
* Example: “| love this pelicula!” (mix of English and Spanish) requires multilingual capabilities.

e 4. Domain-Specific Vocabulary

| |
S e n t I m e n t * General sentiment models may struggle with industry-specific language or jargon, reducing accuracy.
* Example: Medical or legal terms often have distinct meanings and are challenging for general

sentiment models.

A n a IyS i S e - Negation Handling

* Sentences with negations (e.g., “not good”) can be difficult to interpret accurately, impacting sentiment
results.

* Example: “The food was not terrible” could be interpreted as negative without proper negation

handling
HaHeHg-

Challenges
N

memmnd 6. Data Quality and Bias

* Models trained on biased or low-quality data may yield inaccurate or unfair sentiment assessments.
* Example: Over-representation of negative sentiments in training data can bias models toward
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Introduction to Text Clustering

“Text Clustering is the process of organizing a collection of textual data into groups (clusters) where
texts within the same group share similar content, context, or characteristics. It reveals trends and

patterns in textual data for decision-making or further analysis.”
Unsupervised Learning: Organizing Unstructured Data:

Helps structure large volumes

Text clustering operates without

of unorganized text data, such
as customer reviews, social
media posts, or documents.

labeled data, automatically
finding hidden patterns or
groupings.

Applications:
o Grouping news articles by topic.
o Clustering customer feedback to identify common concerns.

o Categorizing research papers or reports for efficient retrieval.



Algorithm

s for Text
Clustering

K-Means

Assigns data points to k clusters based on similarity,

Clustering iteratively optimizing cluster centers.

Fast, simple, and easy to implement.
Hierarchical  Builds a tree-like structure (dendrogram) to cluster data
Clustering hierarchically.

Captures nested relationships.
DBSCAN Groups points that are closely packed, identifying dense
(Density- regions.
Based
Spatial Handles arbitrary shapes; robust to noise.
Clustering)
Latent Probabilistic model that clusters text into topics.
Dirichlet
Allocation

Well-suited for topic modelling.
Spectral Uses eigenvalues of similarity matrix for clustering.
Clustering

Works well for complex data distributions.



1. High Dimensionality of Text Data

» Text data often has thousands of unique words, creating a high-dimensional feature space that
complicates clustering.

Challenges
in Text
Clustering

2. Defining Similarity
» Selecting appropriate similarity measures (e.g., cosine similarity, Jaccard index) for textual data
is challenging, especially for varied text lengths and contexts.
3. Handling Synonyms and Polysemy
* Synonyms: Different words with similar meanings (e.g., "happy" and "joyful") may not be grouped
correctly.
c Ponsc_emy: Words with multiple meanings (e.g., "bank" as a financial institution vs. riverbank) can confuse
4. Choosing the Right Number of Clusters
* Many clustering algorithms (e.g., K-Means) require predefining the number of clusters, which
may not be clear in real-world datasets.
5. Noise and Outliers
» Text datasets often contain noisy, irrelevant, or incomplete data that can distort clustering results.
6. Scalability Issues
* Clustering large datasets, such as millions of tweets or documents, requires significant computational
resources and efficient algorithms.




1. Topic Modeling

» Groups documents into topics for easier understanding and categorization.
« Example: Clustering news articles by themes like politics, sports, or technology.

2. Customer Feedback Analysis

* |dentifies recurring themes or concerns in customer reviews or surveys.

« Example: Grouping reviews of a product into clusters like "delivery issues" or "quality
concerns."

3. Social Media Analytics
A I i C a t i 0 n » Clusters posts or tweets to detect trending topics or public sentiment.
p p « Example: Grouping tweets during an event into clusters like "positive feedback" or
f T t "concerns."
. * Helps organize large text repositories such as research papers, legal documents, or
C I u St e rl n g corporate reports.

« Example: Categorizing scientific papers into "machine learning," "bioinformatics," etc.

4. Document Organization

5. Search Engine Optimization

* Clusters search queries or content to improve keyword targeting and relevance.
« Example: Grouping related queries to enhance search results or ad targeting.

6. Fraud Detection

* Clusters anomalous text patterns in financial or transactional data. ,
« Example: Detecting unusual descriptions in insurance claims or expense reports.

> 4



“Question Answering (QA) systems process natural
language to provide precise answers to user queries based
on a given dataset or document. QA tasks can be
categorized into open-domain QA (answers derived from a
wide range of sources, like the web) or closed-domain QA
(focused on specific datasets, like documents or knowledge
bases).”

Kaoav Qtane in NA Quetame:
1. Question Processing:

* The system analyzes the question to determine its type (e.g., factual, descriptive,
numerical).

l \ Swe rl n g (0- \ I n » Tokenization, lemmatization, and parsing are applied to understand intent and key terms.
N L P 2. Context Retrieval:

» For open-domain QA:
» Search algorithms (e.g., BM25, TF-IDF) identify relevant documents or passages.

* For closed-domain QA:
» Context is predefined or retrieved from specific knowledge bases.

3. Answer Extraction:

* Once relevant text is retrieved, the system pinpoints the exact answer using:
* Named Entity Recognition (NER) for entities like dates, names, or numbers.
» Semantic similarity to match question intent with answer content.

) 4. Response Generation:

/ * The answer is returned as:
» Extractive: A span from the context (e.g., exact sentences or phrases).
» Generative: A natural language response synthesized from the context.

Question




* Traditional methods
for ranking relevant
documents based
on term frequency
and inverse
document
frequency.

*Best For: Simple
retrieval-based QA
systems.

DrQA (Document BERT- based

*Combines a TF-IDF

domain, knowledge-

Different Algorithms for QA

T5 (Text-to-Text

Retrieval-Augmented
Generation (RAG)

Transfer

GPT Models

» Generates

Knowledge Graph

* Fine-tuned versions  Uses structured

* A generative model * Combines neural

retriever with a of BERT for QA that treats QA as a coherent, context- retrievers (like DPR) knowledge bases
neural network tasks, focusing on text-generation aware answers in with generative and graph traversal
reader for span span extraction. problem. natural language models for answer algorithms for
extraction. *Best For: «Best For: from unstructured synthesis. precise answering.
*Best For: Open- Extractive QA with Generative QA and data. *Best For: Handling *Best For: Domain-

high accuracy. abstractive answers.

*Best For: Open-
domain QA and

conversational Al.

large, unstructured
knowledge bases.

specific QA,

based QA. structured queries.

Example Workflow with BERT:

1. Fine-tune BERT on a QA dataset like SQUAD (Stanford Question Answering Dataset).

2. Input consists of:
1. Question: "What is the capital of France?"
2. Context: "Paris is the capital of France. It is known for the Eiffel Tower."

3. BERT identifies the span in the context that answers the question.
1. Output: "Paris”



End of Session 4



