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Chapter 1



Natural language processing (NLP) is a rapidly growing field of artificial intelligence
that has transformed the way we communicate with machines. It powers
applications such as text generators that produce essays, chatbots capable of
human-like conversation, and text-to-image programs that create realistic visuals
from descriptions. In addition to these fascinating applications, NLP has expanded
to include the analysis of complex systems such as programming languages and
biological sequences such as DNA and proteins that exhibit linguistic patterns.

At its core, NLP focuses on enabling computers to process and understand human

language, both written and spoken. This ability is essential for creating tools that
ukornkh{"eqoowpkecvkqgp"dgvyggp"jwocpu"cpf "oc
advances are driven by sophisticated Al models that can decipher the complexity of

input text and produce coherent and meaningful outputs. These models are

designed to learn from large data sets, allowing them to understand nuance and

generate contextually relevant responses.

The impact of NLP is not limited to improving user experiences; it extends to
solving real-world problems. Whether through the creation of interactive digital
assistants or the analysis of scientific data, NLP is reshaping industries and
expanding the potential of Al.

Which of the following is an example of NLP in action?

Generating text-based essays
Recognizing faces in images
Calculating mathematical formulas
Predicting weather patterns

=A =4 -4 =4

NLP is a specialized field of computer science focused on enabling machines to
understand and manipulate human language. Unlike general computational
linguistics, which aims to study the theoretical principles of language, NLP is an
applied discipline that develops tools and technologies for practical tasks. These
tasks include language translation, document summarization, and even writing
original content based on user input. NLP goes beyond simple text processing by
capturing linguistic structures and mea nings.

NLP includes two primary subfields: natural language understanding (NLU) and
natural language generation (NLG). NLU is concerned with interpreting and
analyzing the meaning of text, identifying sentiment, and extracting valuable



insights. NLG, on the other hand, focuses on generating coherent text output from
given data, simulating human-like writing abilities.

It is important to note that NLP is different from T but complementary to T speech
recognition. While NLP processes text and its own meaning, speech recognition
converts spoken words into text, making the data available for further NLP -based
processing. This combination supports technologies such as voice -activated
assistants, automated transcription tools and other.

Select features of Natural language processing:

Translates languages
Summarizes text content
Recognizes spoken words directly
Edits video sequences

= =4 =4 =4

NLP has become an integral part of our daily lives and underpins many of the
technologies we rely on. Virtual assistants like Alexa and Siri rely on NLP to process
user queries and provide accurate answers. Similarly, advanced Al models like GPF
X excel at creating content on a variety of topics and powerful chatbots that engage
users in meaningful conversations. Retailers and healthcare providers are using
NLP to improve customer experiences, whether through chatbots or by analyzing
medical records to extract useful information.

NLP plays a critical role in improving search engines. For example, Google uses
NLP to analyze search queries and efficiently deliver relevant results. Social media
platforms like Facebook also use NLP to detect and filter harmful content such as
hate speech, promoting a safer online environment. The increasing sophistication
of NLP is enabling its application in areas such as education, finance, and scientific
research, solving unique challenges, and increasing productivity.

Despite these successes, NLP systems are far from perfect. Challenges such as
bias, inconsistency, and unpredictable behavior persist. However, these limitations
also open the door to innovation.

Natural language processing is used in to provide relevant search results, in
to enhance customer experiences, and in to analyze harmful content.

1 search engines
1 chatbots
f  moderation systems



While NLP has made remarkable progress, it also faces significant challenges that
highlight its limitations. One major issue is bias in language models, which can lead
to unethical or misleading outputs. This bias often stems from unbalanced training
data that reflects societal prejudices. Another issue is the occasional incoherence
in the generated text, where models fail to maintain logical flow or relevance in their
responses.

However, these challenges serve as opportunities for innovation. Researchers are
actively working to create more balanced datasets and improve model
architectures to reduce bias. Techniques such as learning and fine-tuning are used
to improve model perform ance, ensuring greater accuracy and context awareness.
Addressing these limitations is crucial to achieve wider acceptance and ethical
application across sectors.

The potential for NLP remains enormous. From supporting accessibility for
differently -abled individuals to automating complex tasks in scientific research,
NLP continues to redefine what is possible with Al. As the technology evolves, the
focus shifts towa rds creating more inclusive, equitable, and robust NLP systems
that meet the needs of a global audience.

What is one major challenge faced by NLP systems?

Incoherent text generation
Lack of computing power
Limited storage capacity
Poor programming interfaces

= =4 -4 =4

Natural language processing is at the heart of a variety of modern technologies. Its
applications range from answering questions to enabling fluid conversations with
users. NLP achieves these feats by analyzing and generating human language or
even translating one language into another. By using computational techniques,
NLP transforms raw text into meaningful insights or actionable results in many
fields.

Sentiment analysis
An important area is sentiment analysis, where the emotional tone of text is

classified as positive, negative, or neutral. For example, online retailers use
sentiment analysis to understand customer reviews, while mental health



researchers analyze social media comments to detect signs of psychological
distress. This task involves using various methods, such as word patterns or
advanced deep learning models, to evaluate emotional contexts.

Another key task is toxicity classification, which goes beyond general sentiment
analysis and identifies harmful or offensive content. These models detect specific
categories such as threats, obscenities, and hate speech. By using toxicity
classification, platforms ensure a safer online environment by filtering out hostile
language.

What is the primary goal of sentiment analysis in NLP?

To classify the emotional tone of a text

To translate text from one language to another
To extract named entities from text

To generate summaries of documents

= =4 =4 =4

Machine translation

Machine translation (MT) is a fundamental application of NLP that automates the
process of translating text from one language to another. This technology bridges
language barriers and enables communication between speakers of different
languages. Popular tools like Google Translate have revolutionized global
communication and enabled multilingual interactions for users around the world.
Machine translation works by taking input text in a source language, processing it
with advanced algorithms, and generating output text in the target language.

MT systems use methods ranging from rule -based approaches to modern deep
learning models. Early systems relied on predefined grammatical and linguistic
rules. However, with the advent of neural networks, statistical and neural machine
translation (NMT) has become the standard. NMT uses sequential models to learn
patterns and contexts from vast amounts of bilingual text data. This allows modern
MT tools to handle nuances such as idioms, slang, and cultural expressions.
Despite these advances, challenges suchas preserving context and tone remain
significant.

The impact of MT goes beyond everyday conversations. Social media platforms
use MT to translate posts and comments for global audiences. Companies deploy
it for business communications, enabling seamless collaboration across countries.
It also plays a key role in education by providing access to learning materials in
multiple languages. As MT continues to evolve, its integration into more aspects of
everyday life demonstrates its potential to promote inclusivity and understanding.



Which of the following is a key advantage of modern Neural machine translation
over traditional rule-based systems?

Can understand and translate context better
Requires no data for training

Ignores idiomatic expressions

Translates only technical texts

= =4 =4 =4

Spam detection

Spam detection is a critical NLP application designed to improve user experience
by filtering out unwanted emails. This binary classification task evaluates whether
an email is legitimate or spam by analyzing its content, subject, and sender
information. Platfo rms like Gmail rely on spam detection to ensure that inbox stays
clean and safe.

Spam detectors are trained on large email datasets, allowing them to recognize
patterns associated with spam messages. Advanced systems use deep learning
models to improve accuracy, reduce false positives, and reduce false negatives. In
addition to email, spam detection is used in messaging apps and social media
platforms to block spam ads and phishing attempts.

Which of the following are common categories for email classification in spam
detection systems?

Spam
Non-spam
Unread
Trash

= =4 4 =4

Grammar error correction

Grammar error correction (GEC) improves the clarity and accuracy of written
communication by identifying and correcting grammatical errors. It is a sequential
NLP task where ungrammatical input is transformed into grammatically accurate
output. Tools like Grammarly and Microsoft Word integrate GEC models to help
users improve their writing.



In addition to personal use, GEC is invaluable in academic and professional
settings. For example, students can improve the quality of their essays using GEC
feedback, while businesses use it to improve their official communications. Modern
systems use advanced machine learning techniques to detect subtle errors such as
incorrect subject -verb agreement or misplaced modifiers.

What is the main goal of grammatical error correction?

To enhance the grammatical quality of text
To detect hate speech

To improve essay grading automation

To classify emails as spam or non-spam

= =4 =4 =

Information retrieval

Information retrieval (IR) is a fundamental NLP task that identifies documents
tgngxcpv"vg"c"wugt Xu"swgt{0"Ugctej"gpikpgu"r
web pages and retrieve results that match the intent of the query. IR focuses on

hkpf kpi "tgngxcpv"fgewogpvu"qt"kphqgtocvkqgp"ht
guery. It is the backbone of search engines and recommendation systems.

IR involves two key processes:

1 Indexing - storing data in a structured way to facilitate quick access.
1 Matching - identifying documents relevant to the query using similarity
scores or vector space models.

Modern IR systems even integrate multimodal models to analyze text, images, and
videos, making searches more comprehensive.

Summarization is another powerful application of NLP that reduces the length of
text while preserving its essential meaning. Summarization can be either extractive,
which extracts key phrases directly from the original text, or abstract, which
transcribes information in a condensed form. Summarization is widely used in
journalism to produce article summaries, in education for condensing academic
papers, and in Al systems like chatbots that provide quick overviews.

Many summarizer tools generate concise summaries while ensuring factual
accuracy. Summarization makes it easier to consume large amounts of text, from
research papers to long reports.



Which of the following describe summarization techniques?

Extractive summarization selects key sentences from the original text
Abstractive summarization rewrites the content in a condensed form
Information retrieval indexes and matches documents
Summarization classifies emotional tone in text

= =4 =4 =4

Question answering

Question answering (QA) is afield within natural language processing that focuses
on creating systems capable of understanding and responding to human questions
in natural language. These systems aim to provide accurate and relevant answers
from a wide range of sources, such as text documents, structured databases, or
knowledge graphs. QA systems have applications in virtual assistants, search
engines, customer support, and education.

QA systems can be classified into different types based on their approach. Open-
domain QA systems answer questions from unstructured text sources, such as
articles or web pages, while closed-domain QA systems specialize in a specific
domain or data set, such as medical research or legal documents.

QA can also be categorized asextractive , where the answer is taken directly from
the text, or generative, where the system creates the answer based on the input.

Modern QA systems generally include the following components:

1 Question processing identifies the type of question and relevant keywords.
Hqgt "gzcorng. "c"ngyjcv4yY"swguvkgp"oc{"kpf kec
hcevwcn"kphqgtocvkqgp. "yjkng"c"1nuyj {4Y" swguvk
1 Document retrieval selects documents or text passages that are likely to
contain the answer.
1 Answer extraction or generation finds or formulates the most appropriate
answer from the selected text or data set.

Many QA systems use machine learning and deep learning techniques. Models
such as BERT, RoBERTa, and GPT are widely used to understand context and
extract information. In more advanced systems, transformers and attention
mechanisms allow them to better han dle long-range dependencies in text,
improving accuracy and relevance.

Despite progress, QA systems face challenges such as handling ambiguous
guestions, contextualizing multiple references, and generating answers in creative
or non-standard formats.



Which of the following are key components of a Question Answering system?

Question Processing

Answer Generation or Extraction
Text Translation

Grammar Correction

= =4 =4 =4

Before 1960

NLP has a rich history, beginning in the 17th century with foundational ideas by
Gottfried Wilhelm Leibniz and René Descartes. Their work explored relationships
between words and languages, forming the groundwork for machine translation
technologies.

Early Foundations (1933-1950):

1 Georges Artsrouni filed the first patent related to machine translation in
1933.

T In 1950, Sir Alan Turing publishedComputing Machinery and Intelligenceand
introduced the Turing Test, marking a significant leap in evaluating machine
intelligence.

Initial Machine Translation Efforts (1952 -1956):

1 The first and second International Conferences on Machine Translation used
rule-based and stochastic techniques.

1 The 1954 Georgetown-IBM experiment successfully translated over 60
Russian sentences into English automatically, sparking optimism for rapid
advancements in the field.

Linguistic Breakthrough and Setbacks (1957-1966):

T In 1957, Noam Chomsky proposed universal grammar, revolutionizing
linguistics and influencing NLP.

However, the ALPAC report in 1966 highlighted slow progress in Al and machine
translation, initiating the first Al winter.



What was the significance of the Georgetown -IBM experiment in the history of

NLP?

It marked the first successful automatic translation of Russian sentences
into English.

It inspired optimism about rapid advances in machine translation.

It demonstrated that the machine translation problem could be solved within
a few years.

It was led by Noam Chomsky.

Early Al on NLP (1960-1970)

The 1960s and 1970s marked significant progress in Natural Language Processing
(NLP) as researchers explored its potential in knowledge representation and
guestion-answering systems. This era laid the foundation for linking human -
computer interaction with Al techniques, though challenges remained.

1

BASEBALL System (1961) was designed as a domainspecific Q&A system
to answer baseball-related questions using basic natural language
processing techniques.It was focused on human -computer interaction but
was limited by restrictive inputs and basic languag e processing.

Al-based Question-Answering Systems (1968) was an advanced system
created by Marvin Minsky that used an inference engine to provide
knowledge-based interpretations of questions and answers. It utilized an Al -
driven inference engine for knowledge-based interpretation of queries.
Augmented Transition Network (ATN) (1970) was proposed by William A.
Woods, this system represented natural language inputs with structured
networks to improve understanding and processing of linguistic information.
Represented natural language inputs more effectively, advancing linguistic
structures in Al.

Despite these advancements, early expert systems struggled to meet practical
expectations. Their limitations contributed to the second Al winter, a period of
reduced funding and interest in Al research.

Which advancements in NLP were made during the 1960s and 1970s?

=A =4 4 =4

The BASEBALL system was an early domainspecific Q&A system.

Marvin Minsky introduced an Al-based question-answering system in 1968.
William A. Woods developed a universal translation engine for Al.

Expert systems during this period completely met user expectations.



Grammatical logic phase (1970 -1981)

In the development of NLP, the grammatical logic phase marked a significant shift
towards understanding and processing human language using advanced
techniques. During this period, researchers focused on knowledge representation ,
programming logic , andreasoning in Al. These efforts aimed to make computer
systems capable of comprehending and generating natural language more
effectively.

One of the major advancements was the introductionof UTKXu " Eqt g" ncpi wci
engine, a powerful sentence processing tool. This system could parse complex

sentences, breaking them down into meaningful components for analysis. It laid the

groundwork for modern parsers, which are essential for tasks like grammar

checking and natural language understanding.

Another breakthrough was the development of Discourse representation theory
(DRT). This theory introduced a pragmatic way to represent and interpret discourse
- how sentences connect to each other in a logical way. DRT became instrumental
in designing chatbots and Q&A systems that could hold coherent conversations by
understanding the context of questions and answers.

However, progress in the 1980s faced significant challenges due to the limitations
of computational power. Despite these hurdles, researchers focused on expanding
lexicons, or structured collections of words and their meanings. These lexicons
were essential for enabling NLP systems to understand a broader vocabulary and
perform more sophisticated language tasks.

Most important facts for this period are:

1 Researchers prioritized knowledge representation and logical reasoning
during this phase.

1 Tools like SRI's Core language engineand Discourse representation theory
revolutionized sentence and discourse processing.

1 Efforts were hindered by limited computational resources, but the expansion
of lexicons enabled steady progress in NLP development.

Which of the following advancements emerged during the grammatical logic phase
of NLP?

UTKXu"Eqtg" Ncpiwcig"Gpi kpg
Discourse Representation Theory

Expanded lexicons to increase vocabulary coverage
Neural Network-based translation tools

=A =4 =4 =4



NLP advances through machine learning (1981 -2000)

The late 20th century marked a transformative period in NLP, driven by
breakthroughs in machine learning and improved computing capabilities. During
this era, researchers moved beyond rulebased and stochastic methods to embrace
machine learning as a more efficient approach to language processing.

A key innovation was the Hopfield network, introduced by Professor John Hopfield.
This neural network model demonstrated how machine learning could identify
patterns in data, revolutionizing NLP and paving the way for neural approaches to
language processing.

Advances in computing power and memory in the 1980s allowed researchers to
eqodkpg"Ejgoum{ Xu"nkpiwkuvke"vjgqtkgu"ykvj"c
understanding of grammar and syntax. This laid the foundation for more

sophisticated language models and tools .

Lexical and corpus methods emerged during the same period. These techniques
focused on creating grammars tied to specific words and using them in real -world
contexts, thereby increasing the naturalness of NLP systems.

Which of the following are milestones in NLP during the late 1980s and early
2000s?

1 Introduction of Hopfield Networks for machine learning
1 Integration of linguistic theories with machine learning
1 Focus on rule-based systems for language processing

NLP inovations (2000-2010)

The decade from 2000 to 2010 marked a significant leap forward, as machine
learning and computing power advanced rapidly. The focus shifted to the use of
statistical models and large datasets, leading to robust NLP applications across a
variety of industries.

NLP research during this period was dominated by machine learning models.
Algorithms such as support vector machines (SVMs) and decision trees were
widely adopted for tasks such as text classification, sentiment analysis, and spam
detection. The availability of labeled datasets allowed these methods to achieve
significant accuracy in predicting and categorizing text data.



Statistical Language Models and Applications

Statistical language models have become the foundation of NLP tasks such as
machine translation, speech recognition, and information retrieval. A notable
development was Google Translate, introduced in 2006, which applied statistical
translation techniques to break down language barriers. Similarly, latent Dirichlet
allocation (LDA) emerged as a popular topic modelling algorithm that enables
automated understanding of document topics.

The emergence of advanced applications

The decade saw the development of chatbots and question-and-answer systems
that could interact more naturally with users. This era saw the early successes of
Ukt k. "CrrngXu"xktvwcn"cuukuvcpv"*kpvtgfwegf"
NLPtoproceuu" cpf "cpuygt "wugtuX"swguvkqgpuoO

IBM DeepQA and Watson

The IBM DeepQA project, launched in 2006, was a groundbreaking innovation of its
time. Its goal was to develop a question-answering system capable of accurately
understanding and answering complex questions. This project culminated in
Watson, a system that later gained worldwide recognition for its success on the
Jeopardy! game show.

Despite these advances, researchers faced challenges such as limited computing
power, lack of context awareness, and difficulty understanding semantics.

Which advancements in NLP occurred between 2000 and 20107

Introduction of Google Translate using statistical methods

Development of Siri as a virtual assistant

Deep learning driving most NLP models
KDOXu"FggrSC"rtqgqlgev"ngcfkpi "vg"Ycvuqgp
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Big data, and deep learning (2010-present)

The period from the 2010s to the present has been transformative due to the rise of
Al, big data, and deep learning. These advancements have propelled NLP research
and applications to new heights, enabling systems to understand, generate, and
interact with human language with unprecedented accuracy.

The integration of cloud computing revolutionized data accessibility and
processing power. Mobile computing further expanded the reach of NLP, enabling
its application in devices such as smartphones, virtual assistants, and IoT devices.



Big data allowed models to train on vast amounts of textual data, enhancing their
ability to understand and predict human language.

The development of deep learning techniques, particularly recurrent neural
networks (RNNs) and long short-term memory networks (LSTMs) , significantly
improved the ability of NLP systems to process sequential data. These networks
allowed machines to understand the context of words in sentences, capturing
relationships between past and future words in text. This breakthrough enabled
complex applications such as language translation, summarization, and sentiment
analysis.

Contributions by Tech Giants

Companies like Google, Amazon, and Facebookspearheaded NLP innovations. For
instance:

1 Google Translate evolved into a highly effective translation service powered
by neural networks.

1  Amazon Alexa and Google Assistant brought virtual assistants into everyday
life, leveraging NLP for voice-based interaction.

1 Facebook improved content moderation and personalized recommendations
using advanced NLP models.

Deep neural networks facilitated the creation of Q&A chatbots, autonomous
vehicles, and natural language generation (NLG) systems. These innovations
demonstrated NLP's potential to solve real-world problems, such as improving
accessibility, enabling smarter customer support, and powering search engines.

The combination of NLP with big data and Al continues to push boundaries. Recent
trends include:

1 The development of transformers like GPT and BERT, which have
revolutionized NLP by providing state-of-the-art performance in tasks like
summarization, translation, and question answering.

1 Efforts to create ethically responsible Al systems to reduce bias in NLP
models.

Which developments significantly advanced NLP during the 2010s and beyond?

Cloud computing and big data

RNNs and LSTMs for sequential data
Emergence of GPT and BERT models
Rule-based systems as the primary approach

=A =4 4 =4
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In the realm of NLP, there are three major components that work together to allow
machines to process and generate human-like language. These components are:

T Natural language understanding (NLU) - breaks down language into syntax,
semantics, and pragmatics to understand meaning.

1 Knowledge acquisition and inferencing (KAI) - systems generate responses
based on recognized language, overcoming the limitations of traditional rule -
based systems.

1 Natural language generation (NLG)- takes the machine's understanding and
converts it into a coherent, natural language response, often in the form of
speech or text.

Each plays a crucial role in ensuring that machines can interpret, process, and
respond to human language in a way that is both meaningful and contextually
appropriate.

Which of the following components is responsible for converting the machine's
understanding of language into human-readable text or speech?

Natural Language Generation (NLG)

Natural Language Understanding (NLU)
Knowledge Acquisition and Inferencing (KAI)
Natural Language Processing (NLP)

=A =4 =4 =4

Natural language understanding (NLU)

NLU is a core component in NLP thatenables machines to comprehend human
languages. It serves as the foundation for machines to process text or speech data
and extract meaningful insights. NLU involves three primary layers of analysis:

1 Syntax analysis focuses on the grammatical structure of a sentence. It
identifies how words are related and ordered within a sentence, helping
machines understand the structure of the sentence and its components,
such as subjects, verbs, and objects. The goal is to parse the sentence into
its syntactic elements and recognize the relationships between them. For
example, in the sentence "The cat sat on the mat, syntax analysis would help
identify "The cat"as the subject and "sat" as the verb.

1 Semantic analysis delves into the meaning of words and phrases within a
sentence. It aims to determine how individual words contribute to the overall



meaning of the sentence. This process involves understanding word
meanings, word senses, and their relationships to one another in context. For
example, the word "bank"can have different meanings depending on context
(e.g., a financial institution or the side of a river). Semantic analysis helps the
machine resolve such ambiguities by using context.

1 Pragmatic analysis looks at the broader context in which language is used. It
focuses on understanding the intent behind a sentence and how it fits into a
conversation or discourse. This involves considering factors like tone, prior
conversation history, and cultural nuances, which are important for correctly
interpreting meaning in communication. For example, the sentence "Can you
pass the salt?"is a request, not a literal question about the ability to pass the
salt. Pragmatics helps the machine recognize this intention.

By combining these layers, NLU enables machines to understand not just the
individual components of language, but also the deeper meaning and intent behind
what is being said. This approach allows machines to accurately interpret human
language and prepareit for further processing, such as response generation or
decision-making.

Which of the following layers of NLU is responsible for determining the meaning of
words and phrases in a sentence?

Semantic Analysis
Syntax Analysis
Pragmatic Analysis
Text Classification

= =4 -4 =4

Knowledge acquisition and inferencing (KAI)

KAl systems are designed to generate accurate and context-appropriate responses
after a machine has successfully understood human language through Natural
language understanding. KAl involves two key processes:

1 Knowledge acquisition - in this phase, the system gathers relevant
information that will help it form a response. This could involve pulling
information from databases, knowledge bases, or learning from previous
interactions. The goal is to collect all the data that is pertinent t o the current
task or conversation. For example, in a customer service chatbot, knowledge
acquisition might involve accessing product details or customer support
documentation to provide a helpful answer.

1 Inferencing - once the relevant information is gathered, inferencing takes
place. This process involves drawing logical conclusions from the acquired
knowledge. It requires the system to apply reasoning to make decisions or
offer responses based on the information it has. This can be particularly



challenging in complex conversations, as the system must handle ambiguity,
context, and multiple possible interpretations. For example, if a customer
asks about the return policy for a product, the system must infer whether
they are asking about general returns or a specific item.

The main challenge for KAI systems is that human conversation is often complex
and full of nuance. Unlike traditional rule-based systems, which rely on simple "if-
then-else" logic for queries and responses, KAI systems must navigate the
subtleties of real -world conversations. Simple rule-based approaches are often
insufficient because they cannot handle unexpected situations or understand the
deeper meaning behind certain words or phrases.

To overcome these challenges, KAl systems are typically designed to work within
specific knowledge domains . For example, in a medical context, a KAl system can
be designed to understand medical terminology and respond appropriately to
guestions about symptoms or treatments. Similarly, a customer service chatbot in
the insurance field may be trained on the specifics of policies and claims. In
addition, agent ontology has been developed to help KAI systems handle more
complex tasks, allowing them to navigate complex information and provide more
accurate, context-aware responses.

Which of the following is the main challenge in Knowledge acquisition and
inferencing systems that makes them more complex than rule -based systems?

Navigating complexities and nuances of human conversation
Ability to generate responses without context

Limited to "if-then-else" queries

Lack of access to domain -specific information

= =4 -4 =4

Natural language generation (NLG)

NLG is a component responsible in making machines capable of interacting with
humans through natural, human-readable text or speech. Once a machine
understands a conversation through techniques like NLU and KAI, NLG is
responsible for converting that under standing into responses that can be easily
interpreted by humans.

1 Answer and response generation - systems are designed to generate
answers, responses, and feedback during humanmachine dialogues. For
example, a chatbot answering customer queries will use NLG to craft an
appropriate response based on the question or statement posed by the user.
The goalis to ensure that the generated responses sound natural and align
with the context of the conversation.



1 Text-to-Speech synthesis - NLG is often combined with text-to-speech
synthesis to enable machines to "speak" their responses. This process
converts the generated text into audible speech. For example, a virtual
assistant like Siri or Alexa uses both NLG and textto-speech to provide users
with verbal responses to their questions or commands.
1 Machine Translation vs. NLG - although NLG can be considered a form of
machine translation , it differs from traditional translation methods in that it
does not translate between different languages. Instead, NLG focuses on
producing responses in the same languagec u" vj g" kpr wv 0" Kv Xu" cm
vtcpuncvkpi"vjg"ocejkpgXu"wpfgtuwike pf kpi "c
text or speech in a seamless manner.

The goal of NLG is to produce output that feels natural and conversational, making
the interaction between humans and machines more engaging and efficient.

Which of the following best describes the primary function of NLG?

Converts machine understanding into human-readable text or speech
Translates between different languages

Analyzes the meaning of words and phrases

Acquires knowledge from human conversations

= =4 =4 =

Which of the following activities are covered by Natural language understanding?

Identifying sentence structure and relationships between words
Understanding the context and intent behind the language
Converting human-readable text into machine code

Generating human-like responses based on text inputs

=A =4 -4 =4

Which activities are covered by Knowledge acquisition and inferencing systems?

Acquiring relevant information to generate responses
Drawing logical conclusions based on information
Generating answers to human queries

Converting machine-generated responses into speech

= =4 4 =4

Which tasks are part of Natural language generation?

1 Converting machine understanding into human-readable text



1 Generating human-like responses in natural language
1 Converting generated text into speech
1 Understanding the meaning of sentences and words

The Natural Language Toolkit (NLTK) is one of the most widely used Python
libraries for natural language processing (NLP). It provides a comprehensive suite
of tools for working with human language data, making it an essential resource for
researchers, developers, and students interested inNLP tasks. NLTK was designed
to simplify text analysis and language processing, enabling users to quickly get
started with various NLP techniques.

NLTK is built on a modular architecture, offering tools that can handle everything
from basic text preprocessing to advanced linguistic analysis. The library is well -
suited for a wide variety of NLP applications, including tokenization, stemming,
part-of-speech tagging, named entity recognition, and more. NLTK also includes a
vast collection of corpora and lexical resources, which can be used for training and
experimenting with NLP models.

For natural language processing using Python, we will often use the NLTK (Natural
Language Toolkit) library. Similarly, like many libraries, NLKT is also developed as
open source. Originally, the library was designed for teaching, but later it was
adapted to other areas due to its usefulness and robustness. The advantage of
NLTK is that it supports most of natural language processing tasks and also
provides access to many text corpora.

Several current environments have already thenltk library implemented inside. If we
have an environment that does not have this library, the library can be installed
directly in the Notebook without any problems using the pip command.

Ipip install nitk

Similarly, using the pip command, the installation is also possible through the
Anaconda Prompt (if we are using the Anaconda environment).



M Anaconda Prompt — O

ref Kapusta»pip install -U nltk

(from nltk)

Key features of NLTK

1.

Text processing - provides simple tools for breaking down and processing
text, such as tokenizing (splitting text into words or sentences), stemming
(reducing words to their root forms), and lemmatization (mapping words to
their dictionary forms).

Tagging and parsing - offers methods for tagging words with their parts of
speech (POS) and analyzing the syntactic structure of sentences using
grammars or parsers.

Named Entity Recognition (NER)- allows users to identify and classify
named entities (e.g., people, organizations, locations) within text.

Corpora and lexicons - includes a large set of corpora (collections of texts)
and lexical resources (such as WordNet, a lexical database of the English
language).

Text classification - provides tools for creating and evaluating text
classification models using machine learning algorithms.

Linguistic analysis - supports deep linguistic analysis, such as parsing
syntactic structures, performing semantic analysis, and analyzing sentence
structure in various ways.
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Natural language understanding

NLU refers to the machine's ability to interpret and understand human language in a
meaningful way. NLU is a critical component of various applications, such as
chatbots, virtual assistants, and language translation systems. The process of
understanding spoken language can be broken down into four stages:

1

Speech recognition - where the system converts spoken language into text.
The system listens to human speech, processes the audio signals, and
recognizes the words.

Syntactic (syntax) analysis is used after speech is converted into text. It
analyzes the structure of the sentence. Syntax analysis focuses on how the
words in a sentence are ordered and how they relate to each other. It ensures
that the machine understands sentence structure and grammar.

Semantic analysis - at this stage, the machine understands the meaning of
individual words and how they contribute to the overall meaning of the
sentence. This involves identifying entities, actions, and relationships
between elements in the sentence.

Pragmatic analysis considers the context in which language is used,
focusing on the intended meaning behind the words. It helps the system
interpret things like tone, sarcasm, and implied meaning, ensuring the
machine understands the real intent behind a sentence.

The typical applications of NLU are:

1

Customer service chatbots where NLU helps chatbots understand user
gueries, process responses, and provide appropriate answers based on the
wugt Xu"kpvgpvOo

Voice assistants (e.g., Siri, Alexa) rely on NLU to interpret spoken commands
and perform tasks like setting reminders, playing music, or controlling smart
devices.

Language translation systems where NLU plays a key role in translating
human language accurately by understanding both syntax and meaning.
Text classification where NLU is used in sentiment analysis and spam
detection to classify and filter text based on context and meaning.

What are the stages involved in NLU?

f
f
f

Speech recognition
Semantic analysis
Pragmatic analysis



1
1

Data encryption
Image processing

Speech recognition

Speech recognition is the first stage in NLU. It involves analyzing spoken language
and converting it into text that can be processed by computers. The primary goal of
this stage is to break down spoken words, or utterances, into distinct tokens that
represent meaningful elements like words, sentences, and paragraphs.

Key components of speech recognition from linguistic point of view are:

1

Phonetic processing - the process begins with phonetic analysis, where
spoken language is broken down into individual sounds (phonemes). Helps
in recognizing and distinguishing between different sounds, especially in
languages with complex phonetic systems.This helps recogni ze words by
identifying the smallest units of sound. Example: The word "uncanny" is
analyzed into its phonetic components: "un" and "canny."

Phonological processing deals with the sound patterns of language,
including rules for combining sounds into syllables and words. It involves
analyzing the sound structure of words to recognize patterns and understand
how different sounds can affect word meaning. Example: Differ ent accents
or pronunciations of the same word can be understood by the system
through phonological analysis.

Morphological processing - morphology refers to the structure of words. It
helps in recognizing word boundaries and identifying the meanings of words
based on their components. The system breaks down words into their roots
or stems and processes affixes (prefixes, suffixes, etc.) to determine
meaning. Example: The word "uncanny” can be split into the root "canny" with
the prefix "un-".

Spectrogram analysis - spectrograms are visual representations of the
frequency spectrum of sounds. Speech recognition models use spectrogram
analysis to extract and identify the frequencies corresponding to words. It is
used to analyze the acoustic properties of speech signals and extract
relevant features for recognition. Example: The spectrogram for the word
"uncanny" can identify distinct frequencies for "un" and "canny," helping the
system distinguish between them.

Language-specific differences - different languages have distinct phonetic
and phonological rules, which affect how speech is recognized. It recognizes
unique phonetic, phonological, and morphological characteristics that
different languages have. Example: The same word spoken in Englsh and
Spanish may have different spectrograms due to the differences in
pronunciation and accent.



Example: consider the word "uncanny". During the speech recognition process:

1 The word is broken down into phonetic components: "un" and "canny".

1 The system recognizes these components through spectrogram analysis,
identifying the distinct frequencies that correspond to each part of the word.

1 Morphological analysis identifies "un -" as a prefix and "canny" as the root
word.

Which of the following is NOT a part of the speech recognition process in NLU?

Data encryption
Phonetic analysis
Spectrogram analysis
Morphological analysis

= =4 =4 =

What does spectrogram analysis help identify in speech recognition?

Distinct frequencies in speech
Phonetic components of speech
Word meanings

Sentence structure

= =4 =4 =4

Identify words that are found in the following custom recordings using standard
publicly available libraries.

Dataset

1 original: open_speech, Audio-Samples-AMR-WB, sample-audio-files -for-
speech-recognition
T local:
1. harvard
2. conference
3. OSR_us

NLTK (Natural Language Toolkit) as previously introduced library does not include
tools or modules specifically designed for speech recognition. Its primary purpose
is the processing and analysis of text-based language after transcription, focusing
on tasks such as tokenization, parsing, tagging, and sentiment analysis. For speech


https://www.voiptroubleshooter.com/open_speech/
https://voiceage.com/Audio-Samples-AMR-WB.html
https://www.kaggle.com/datasets/pavanelisetty/sample-audio-files-for-speech-recognition?select=harvard.wav
https://www.kaggle.com/datasets/pavanelisetty/sample-audio-files-for-speech-recognition?select=harvard.wav
https://priscilla.fitped.eu/data/nlp/speech/harvard.wav
https://priscilla.fitped.eu/data/nlp/speech/conference.wav
https://priscilla.fitped.eu/data/nlp/speech/OSR_us_000_0010_8k.wav

recognition, we need to use a specialized library and then integrate it with NLTK for
further processing.

SpeechRecognition provides easy access to Google Web Speech API, CMU Sphinx,
and others. The functions convert spoken language into text. Example usage:

1. Import libraries

import speech_recognition as sr
import requests

2. Download the WAV file

url =
"https://priscilla.fitped.eu/data/nlp/speech/harvard.wav"
filename = "downloaded_harvard.wav"

# Download the file using requests library
response = requests.get(url)

# Check if download was successful
if response.status_code == 200:
# Write the downloaded content to a file
with open(filename, 'wb") as f:
f.write(response.content)
else:
print(f"Error downloading file. Status code:
{response.status_code}")

3. Analyze the downloaded file

recognizer = sr.Recognizer()
with sr.AudioFile(filename) as source:
audio = recognizer.record(source)

try:
text = recognizer.recognize_google(audio)

print("Text:", text)
except sr.UnknownValueError:
print("Sorry, could not understand audio")
except sr.RequestError as e:
print("Could not request results from Google Speech
Recognition service; {0}".format(e))



Program output:
Text: the stale smell of old beer lingers it takes heat to

bring out the odor a cold dip restores health and zest a salt
pickle taste fine with ham tacos al pastor are my favorite a
zestful food is the hot cross bun

Task: Speech recognition I.
Identify and copy the words identified by the recognizer

1 File: https://priscilla.fitped.eu/data/nlp/speech/jackhammer.wav

# write your code

Task: Speech recognition .
Identify and copy the words identified by the recognizer

T File: https://priscilla.fitped.eu/data/nlp/speech/OSR_us_000_0060_8k.wav

# write your code

Syntax analysis

Syntax analysis is the second stage of NLU after speech recognition. It is
responsible for analyzing the structure of a sentence to understand its grammatical
components. The primary goal of syntax analysis is to evaluate the grammatical
structure of sente nces, ensuring they conform to the rules of the language. The
purposes are:

1 Syntactic correctness - refers to the grammatical rules that govern the
formation of sentences in a given language. The purpose of syntactic
analysis in this context is to determine whether a sentence follows these
rules. In order for a machine to correctly understand and process language, it
must verify that the sentence is structured in a grammatically valid way.
Grammatical errors or inconsistencies can cause confusion or ambiguity for
both humans and machines. Syntactic analysis checks for common
grammatical errors, such as subject-verb mismatches, misplaced modifiers,


https://priscilla.fitped.eu/data/nlp/speech/jackhammer.wav
https://priscilla.fitped.eu/data/nlp/speech/OSR_us_000_0060_8k.wav

incorrect punctuation, and sentence fragments. If a sentence contains a
grammatical error, the parser flags or rejects it. Example. We have sentence:
"She don't like pizza." The syntax parser will identify that the verb "don't"
does not agree with the subject "she" (it should be "doesn't"). The sentence is
syntactically incorrect and will be flagged.

Syntactic structure refers to the arrangement of words in a sentence, where
each word plays a specific role (such as subject, verb, object, etc.). Syntactic
analysis breaks a sentence down into these components to understand how
the words are related to each other. Understanding syntactic structure allows
machines to interpret the meaning of a sentence by identifying how each
word is related to the others. By analyzing the components of a sentence,
machines can determine the relationships between the parts of the sentence
(e.g., subject-verb-object). In syntactic analysis, a sentence is analyzed into
its individual parts (often using a syntactic tree structure). The machine
identifies the role of each word in the sentence, such as whether itis a
subject, verb, object, or modifier. It also looks at how these parts interact in
the sentence to convey meaning.

Example 1

Let's consider the sentence: "Oranges to the boys"

This sentence will be rejected by a syntax parser because it has a syntactic error.
The sentence lacks a verb that ties the subject ("oranges") to the object ("boys").
Syntax analysis ensures that the structure of the sentence is valid according to the

rules of the language. Correct: "Oranges are to the boys."

Here, the verb "are" makes the sentence grammatically correct, and syntax analysis
can break it down into a subject ("oranges"), verb ("are"), and object ("the boys").

Example 2

Sentence: "The cat chased the mouse."- syntactic analysis would break this
sentence down as follows:

1 Subject: "The cat"
1 Verb: "chased"
1 Object: "the mouse"

By understanding this structure, the machine knows that the subject is performing
an action (verb) on the object, which is critical for interpreting the meaning of the

sentence.
Example 3
Sentence: "John gave Mary thebook." - syntactic analysis breaks it down as:

1 Subject: "John"



1 Verb: "gave"
1 Object: "the book"
1 Indirect object: "Mary"

This structure helps the machine understand that John is the giver, Mary is the
receiver, and the book is the item being given.

Example 4

Consider a more complex sentence: "While walking in the park, the dog saw a
squirrel near the tree." - syntax analysis would break this sentence down into its
core components:

Subject: "the dog"

Verb: "saw"

Object: "a squirrel"

Prepositional Phrase: "near the tree"
Adverbial Clause: "While walking in the park"

= =4 =4 = A

The parser would also check the relationships between the parts of the sentence
(e.g., the action "saw" is done by "the dog", and "a squirrel" is the object of the
action).

Which of the following sentences will be rejected by a syntax parser due to a
grammatical error?

They was going to the store.
She enjoys reading books.
The cat chased the mouse.
John gave Mary the book.

=A =4 =4 =4

What does syntax analysis do in the process of NLU?

Breaks down sentences into subject, verb, and object
Checks if the sentence is grammatically correct
Analyzes the meaning of individual words

Generates humarntlike responses in dialogue systems

= =4 4 =4

Applications of syntax analysis:

1 Grammatical validation ensures that text or spoken language follows the
grammatical rules of the language, reducing errors in further processing.



1 Language parsing helps break down complex sentences into manageable
components for easier interpretation and further analysis, especially in tasks
like machine translation or information extraction.

1 Question answering systems use synt ax analysis as essential for
interpreting the relationships between query terms and finding the correct
answer in large datasets.

1 Speech-to-text systems syntax analysis helps confirm whether the
transcribed text is grammatically accurate.

Which part of the sentence "The boy quickly ran to the store" is the verb?

Ran

The boy
Quickly

To the store

= =4 =4 =4

Semantic analysis

Semantic analysis is the process of understanding the meaning of words, phrases,
or sentences. It helps a machine move from simply knowing the structure of a
sentence (syntax) to grasping its meaning (semantics). This analysis ensures that
words and their combinations provide meaningful content, enabling effective
communication.

While syntactic analysis focuses on the structure of a sentence, semantic analysis
focuses on meaning. For a machine to truly understand human language, it must be
able to interpret the intended message even when the words are correctly
structured but do not make sense together.

Hqt "gzcorng. "eqpukfgt"vjg"rjtcug"™ojgv"upgyhr
syntactic structure (adjective + noun), it does not make logical sense because
snowflakes cannot be hot. A semantic analyzer would reject this phrase as

nonsense, despite its correct syntax.

Which of the following phrases will be rejected by a semantic analyzer as illogical
or nonsensical?

1 The cold snowflakes fell from the sky.
1 The quick brown fox jumped over the lazy dog.



1
1

The fish swam in the forest.
He went to the bank to withdraw money.

How semantic analysis works

1

Meaning of words - each word in a sentence has a specific meaning in the
dictionary. The semantic analyzer examines the meaning of each word and
how it contributes to the overall meaning of the sentence. Example: In the
sentence "The cat chased the mouse," the words "cat; "chased,"” and "mouse”
have clear meanings. Semantic analysis confirms that the sentence
describes a logical event (the cat chases the mouse).

Contextual and word relationships - some words have multiple meanings
depending on the context. For example, the word "bank" can refer to a
financial institution or a riverbank. Example 1: "He went to the bank to cash a
check.” (In this case, "bank" refers to a financial institution.) Example 2: "The
boat docked at the riverbank." ("bank" here means the edge of the river.) The
semantic analyzer uses the context of the sentence to determine which
meaning of the word is being used.

Checking for logical consistency -the semantic analyzer also checks for
logical consistency. If the words of a sentence, when combined, do not form
a coherent idea or scenario, the analysis fails. Example: "Hot snowflakes
were falling from the sky." The sentence is syntactically correct but
semantically incorrect because snowflakes cannot be hot. A semantic
analyzer would reject this as illogical or nonsensical.

Resolving ambiguities - many words have multiple meanings (polysemy), or
sentences can be interpreted in more than one way (semantic ambiguity).
Semantic analysis aims to resolve these ambiguities by considering the
context. Example: "She couldn't bear the weight of the box." '‘Bear" can mean
to tolerate or carry something. The context (the weight of the box) helps the
machine understand that in this case "bear” means to carry.

Which word in the sentence "She went to the bank to fish" can have multiple
meanings?

=A =4 4 =4

Bank
Went
Fish
To



Applications of semantic analysis

1 Machine translation T semantic analysis helps ensure that sentences are
translated accurately by considering word meanings and context, rather than
directly translating based on syntax.

1 Question answering systems -in order for a machine to provide accurate
answers, it must understand the intent of the question. For example, the
ugpvgpeg"ngEcp"{qgqw"vgnn"og"vjg"vki®mgAY" ku"
also a request for information, and the system must recogniz e this.

1 Information extraction -in extracting meaningful data from large amounts of
text, semantic analysis helps identify real-world entities contained in a
document, such as names, dates, and places. It also helps understand the
relationships between these entities.

Which of the following applications relies on semantic analysis to ensure accurate
interpretation of meaning in text?

Machine Translation
Information Extraction
Syntax Checking
Speech Recognition

= =4 =4 =4

Examples of semantic analysis

1. Sentence: "The quick brown fox will jump over the lazy dog."- is syntactically
and semantically correct because the words and phrases make sense and
convey a clear image of the fox jumping over the dog.

2. Sentence: "Hot snowflakes were falling from the sky." - while the syntax is
correct, the sentence is semantically incorrect because snowflakes cannot
be hot. A semantic analyzer would call this a logical inconsistency.

3. Sentence: "He went to the bank to fish."- this sentence has semantic
ambiguity. Does "bank” mean a financial institution or a riverbank? A
semantic analyzer would use the context to understand that "bank" here
probably refers to a riverbank.

Which of the following sentences contains a semantic issue that would require
further interpretation?

1 She bought a bat at the store.



1 | left my keys on the bank of the river.
1 The company is looking for a new manager.
1 He flew over the bank with his friends.

Challenges in semantic analysis

1 Ambiguity - many words have multiple meanings based on context. The
challenge lies in correctly interpreting these meanings based on surrounding
words and context.

1 Sarcasm and figurative language - understanding sarcasm, metaphors,
idioms, or cultural references is still a significant challenge for semantic
cpcn{ukuO"Hqt"gzcorng. "mgdtgecm"c"ngi YY" ku" c
machine may initially interpret it literally.

1 Contextual knowledge - machines often need world knowledge to
understand the meaning of certain words. For example, understanding the
ogcpkpi"gh"gupgyhncmgu4Y"tgswktgu" mpqyngf.
wpfgtuvecpfkpi "gdecpm4Y"tgswktgu"mpgyngfig"oc
(financial or geographic).

What does semantic analysis focus on in Natural language understanding?

Determining if words have logical meanings and fit together sensibly
Checking if a sentence follows grammar rules

Identifying how words are syntactically structured

Converting text into speech

=A =4 =4 =4

Pragmatic analysis is the fourth and most complex stage of Natural language
understanding. It involves interpreting sentences or utterances based on real-world
knowledge and context, beyond the literal meaning. While semantic analysis
focuses on the dictio nary meanings of words, pragmatic analysis requires
understanding the underlying intent and context, which often involves common
sense reasoning or expertise.

Pragmatic analysis goes beyond the individual meanings of words and considers

how a sentence fits into a larger context. For example, the sentence "Will you crack
grgp"vjg"fgqt A"KXo"igvvkpi"jgv0osS"wugu"vjg"yc
meaning "to open," even though its literal meaning is "to break." A machine needs

context to interpret this correctly.



Pragmatics often involves reasoning about the world and situations that require
background knowledge. For example, if someone says, "Can you pass the salt?" in a
dining context, pragmatic analysis understands that the speaker is likely requesting
the salt to be passed, not asking about the physical ability to pass it.

Pragmatics also helps resolve ambiguities that can arise from multiple
interpretations. For example, "l saw the man with the telescope" could mean that
the speaker saw a man who had a telescope or that the speaker used a telescope
to see the man. Pragmatic analysis helps choose the right interpretation based on
context.

Which of the following sentences requires pragmatic analysis to understand the
intended meaning?

Yknn"{qw"etcem"qrgp"vjg"fqgqqt A"KXo"igvvkpi
Can you open the window?

Please hand me the book.

She smiled at the gift.

= =4 =4 =4

Pragmatic analysis helps machines (or humans) interpret statements that go

beyond the literal meanings of words. Context, real-world knowledge, and social
norms play a major role in making sense of a sentence. Below are several examples
of sentences that require pragmatic analysis to accurately interpret the intended
meaning, beyond just the literal meanings of the words:

"Can you open the window?"

1 Literal meaning: The speaker is asking if the listener has the ability to open
the window.

1 Pragmatic interpretation: The speaker is actually requesting that the listener
open the window, not asking about the listener's ability to do so. Pragmatics
interprets the sentence as a polite request, using "can" in a more functional,
contextual way rather than literally.

$KXo"igkpi"vg"vjg"dcpmO0$

T Literal meaning: The speaker is going to a financial institution.

1 Pragmatic interpretation: The word "bank" could also refer to the side of a
river or an airfield. Pragmatic analysis would look at the context - such as the
urgcmgt Xu"nqgecvkgp"qgt"vjg"eqgpxgtucvkqgp"vec
activities) - to decide whether the speaker means a financial institution or a
natural bank.



$KvXu"igvvkpi "eqgnf"kp"jgtg0$

1 Literal meaning: The temperature in the room is dropping.

1 Pragmatic interpretation: In context, this statement is likely a hint that the
speaker wants someone to close the window or adjust the temperature.
Pragmatics tells us that the sentence is a subtle way to request action, not
just an observation.

"Can you pass me the salt?"

1 Literal meaning: The speaker is asking whether the listener has the ability to
pass the salt.

1 Pragmatic interpretation: Here, "Can you" is used as a polite request, not a
nkvgtcn"kpswkt {"kpvg"vjg"nkuvgpgt Xu"cdknk
interpret this as a request for action, given the context of the conversation
(likely during a meal).

$K"fgpXv"jcxg"cp{"ecuj."dwv"KXnn"rc{"{gw"nc\y

T Literal meaning: The speaker does not currently have money, but intends to
pay at a later time.

1 Pragmatic interpretation: This sentence assumes an understanding that "pay
you later" is a promise to fulfill the debt, despite the lack of cash at the
moment. Pragmatic analysis considers the social context (trust, payment
history) and interprets the sentence as a statement of intent.

"Could you lend me a hand?"

1 Literal meaning: The speaker is asking if the listener has a hand they can
give them.

1 Pragmatic interpretation: "Lend me a hand" is an idiomatic expression that
means "Could you help me?" Pragmatic analysis recognizes this idiomatic
phrase and understands that the speaker is requesting assistance, not
literally asking for a hand.

$UjgXu"c"tgcn"igo0$

T Literal meaning: The speaker is comparing the person to a precious stone,
implying that she is physically a gem.

1 Pragmatic interpretation: The sentence is likely a compliment, implying that
the person is valuable, kind, or exceptional. Pragmatics helps us understand
that this is an expression of praise, not a literal statement.

"l love you."

T Literal meaning: The speaker is expressing strong affection or love for the
listener.



1 Pragmatic interpretation: Depending on the context, the meaning of "l love
you" can vary. It could express romantic love, familial love, or even deep
appreciation in a friendship. Pragmatics helps us determine the intended
meaning based on factors such as the tone of voice, the relationship
between the speaker and listener, and the context in which the statement is
made.

"This task is a piece of cake."

1 Literal meaning: The task is a dessert or cake that is easy to eat.

1 Pragmatic interpretation: The phrase "a piece of cake" is an idiom meaning
that the task is easy to accomplish. Pragmatics recognizes that the speaker
is referring to the difficulty level of the task, not its literal nature.

$KXnn"ecnn" {gw"yjgp"K"igv"jqog0$

1 Literal meaning: The speaker is promising to make a phone call when they
arrive home.

1 Pragmatic interpretation: This sentence likely expresses a promise or
intention rather than an immediate instruction. Pragmatics helps interpret
this as a social agreement, understanding the common practice of keeping in
touch once arriving home.

Which of the following statements requires pragmatic analysis to understand the
speaker's intent?

Can you open the window?
KXnn"ecnn"{qw"yjgp"K"igv
KXo"igkpi"vg"vjg"dcpmoO
UjgXu"c"tgecn"igooO
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egnf . $"yjcv"fqgc

Kp"vjg"ugpvgpeg" $KXo"igvvkpi
pragmatic analysis?

1 The speaker is suggesting that someone close the window or turn up the
heat.

1 The speaker is merely stating that their body temperature is low.

The speaker is asking someone for a blanket.

1 The speaker is describing the cold weather outside.

==

Which of the following statements would need pragmatic analysis to determine
whether the speaker is making a literal request or a polite suggestion?



Could you lend me a hand?

This task is a piece of cake.

| love you.
KXo"igkpi"vg"vjg"dcpmO
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While syntax and semantics deal with the structure and meaning of words,
pragmatic analysis helps a machine understand the speaker's intent, the context of
the conversation, and how the sentence fits into real-world situations.

Understanding context and intent

1 Pragmatics focuses on the practical use of language in context. It requires
mpgyngfig"qh"vjg"yqtnf."eqoogp"ugekcn"rtoc
intentions. For example, the sentence "Could you open the window?" might
sound like a question, but pragmatically. " kv Xu" c" rgnkvg"tgswguyv
needs to understand that the speaker is asking for a favor, not just inquiring
cdgwv"uqoggpgXu"cdknkv{"vg"qrgp"vjg"ykpfc

T Ukoknctn{."eqpukfgt"vjg"ugpvgpeg"$KXo"i g\
seem like a simple statement about temperature. However, pragmatically, it
could imply that the speaker wants the temperature adjusted (e.g., by turning
on the air conditioning or o pening a window). A machine needs to recognize
vj ku"ugekcn"ewg"vg"kpvgtrtgv"vjg"urgcmgt >

Resolving ambiguities

1 Languages often have ambiguities that are resolved through pragmatic
context. For instance, the phrase "Can you pass me the salt?" can be
interpreted in two ways. In both cases, the sentence structure remains the
same, but the intended meaning changes based on the context:

1 As a literal question asking if the person is physically able to pass the salt.

1 As a polite request asking the person to pass the salt.

Discourse understanding
1 Pragmatics also helps machines follow the flow of a conversation. When

people converse, they often rely onshared knowledge and references to
earlier parts of the conversation. For example, in a conversation like:

=

Rgtugp"C<"$KXo"uvctxkpi 08$
2. Person B: "Do you want to go to a restaurant?"

T Ykvjgwv"rtciocvke"cpcn{uku."c"ocej kpg"oki
mere statement about hunger, missing the underlying request to eat.
Pragmatics helps understand the social cues and intent of the speaker.



Social context and politeness

T Understanding politeness forms another important application of pragmatic
analysis. In many languages, speakers adjust their tone, word choice, and
sentence structure based on social hierarchies and the level of formality. For
example, saying "Could you pkase..." instead of a direct command ("Give me
that") signals politeness. Pragmatic analysis interprets these signals, which
Is essential in applications like chatbots or customer service Al, where the
system needs to respond appropriately based on the social context.

Speech acts theory

1 One welkknown theory in pragmatics is Speech act theory, which categorizes
statements based on their function:

=

Assertives: Statements of fact, like "The sky is blue."

Directives: Requests or commands, like "Please close the door."”

3. Commissives: Statements that commit to future actions, like "I will call you
later."

4. Gzrtguukxguc<

N

UvcvgogpvVvu nkmg"

gh"goqvkagp.

1 Pragmatic analysis classifies sentences according to these speech acts to
better understand what the speaker is trying to achieve, be it informing,
requesting, or apologizing. This understanding is key for dialogue systems
and virtual assistants, which must respond to different types of speech acts
appropriately.

Kp"vjg"ugpvgpeg. "$KvXu"igvvkpi egnf "kp"jgtag.

interpretation?

1 The speaker is suggesting that someone close the window.
1 The speaker is stating the temperature.
1 The speaker is describing the outside weather.

Which of the following sentences requires pragmatic analysis to interpret its
meaning?

1 Can you help me with this?
1 She iswalking in the park.
1 The sky is blue.



Example applications in real -world systems

1 Chatbots and virtual assistants like Siri, Alexa, or Google Assistant rely on
pragmatic analysis to interpret ambiguous statements. For example, if a user
uc{u. "$KXo"vjktuv{.$"vjg"u{uvgo"owuv"kpyv
tcvjgt"vjcp"ukorn{" pqgvk pmilarly,jf gomeoneg t Xu " r j
says, "Could you turn on the lights?", the system needs to understand the
indirect request and respond appropriately.
1 Customer service Al -in customer service applications, pragmatic analysis
ensures that Al understands both the factual content of customer queries
and the subtler, context-f gr gpf gpv"ogcpkpi u0"Kh"c"ewuvq
refund for this faulty item," the Al needs to inter pret the request in the
context of the transaction and recognize it as a formal request rather than a
casual complaint.
1 Machine translation uses pragmatic analysis is vital part of machine
translation systems. While syntax and semantics can handle the structure
and meaning of words, pragmatic analysis ensures that idiomatic
expressions or culturally specific phrases are translated appropriate ly. For
instance, the English phrase "break a leg," meaning "good luck,"” would need
to be understood in a contextual way when translating it into another
language to avoid confusion.

(el (® )

Why is pragmatic analysis important for customer service Al

1 It helps the Al respond politely to customers.
1 It helps the Al interpret ambiguous statements correctly.
1 It allows the Al to translate different languages.
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NLP is a branch of Al that focuses on enabling machines to understand, interpret,
and respond to human language. However, natural language is inherently complex
because it relies on vast amounts of contextual, cultural, and semantic knowledge.
For example, understanding a simple sentence like "It's raining cats and dogs"
requires not just knowledge of vocabulary but also idiomatic expressions. To
process language effectively, Al systems must access and utilize massive
databases of knowledge. This requirement makes knowledge acquisition a critical
foundation for the development of more advanced NLP systems.

Given the immense scale of knowledge needed, manually collecting and inputting
this information is neither practical nor efficient. Automating the knowledge
acquisition process is essential for advancing NLP capabilities. Techniques such as
machine learning enable systems to extract knowledge from text, images, and
structured data automatically. For instance, NLP models like ChatGPT or BERT use
massive corpora of text to learn relationships, grammar, and semantics, allowing
them to simulate human -like understanding and responses. Automation
accelerates progress in NLP, bridging gaps in the system's ability to interpret and
generate natural language.

While machine learning has achieved significant strides in improving performance,
knowledge acquisition remains one of the biggest bottlenecks in building truly
intelligent systems. Unlike incremental performance improvements - such as faster
processing or slightly higher accuracy - knowledge acquisition addresses the
fundamental challenge of equipping Al systems with the breadth and depth of
information they need. Without sufficient knowledge, even the most advanced
algorithms struggle to perform consisten tly across diverse tasks. By focusing
research on improving automated knowledge acquisition, we can unlock the full
potential of NLP and, by extension, intelligent systems as a whole.

Which of the following best describes the relationship between knowledge
acquisition and NLP?

1 Knowledge acquisition is essential for NLP due to the complexity of natural
language.

1 NLP does not require knowledge acquisition to process language.

Manual knowledge acquisition is sufficient for all NLP tasks.

1 Machine learning has eliminated the need for knowledge acquisition.

==



Which of the following statements about knowledge acquisition and NLP are
correct?

Automating knowledge acquisition is necessary for advanced NLP.
Knowledge acquisition is a bottleneck in developing intelligent systems.
Manual knowledge collection is the primary method used in NLP.
Incremental performance improvements are more important than knowledge
acquisition in NLP.

= =4 =4 =4

Knowledge acquisition (KA) is a critical process in Al that involves obtaining and
organizing information so that a computer system can use it to perform specific
tasks. This process transforms raw data into structured information, often referred
to as "knowledge" in Al. For instance, a system designed to diagnose medical
conditions needs structured knowledge about symptoms, diseases, and treatments
to make informed decisions. Knowledge acquisition ensures that the system has
access to the right information in a usable format.

One key area of knowledge acquisition focuses on extracting structured

information from natural language (NL). Natural language encompasses everyday
communication, both spoken and written, such as conversations, textbooks, or
emails. For example, an Al realing a science textbook might extract relationships
like "photosynthesis produces oxygen." By processing these examples, the system
converts unstructured text into a format it can use, such as a knowledge graph or
database. This method is especially valuable because it enables Al to learn directly
from human -created materials without manual intervention.

There are different approaches to acquiring knowledge for Al. Some involve

interviewing human experts to gather insights, which are then translated into

structured knowledge. Another method is asking experts to explicitly write rules,

uwej "cu" gk kpd{"afwqgwgd " [ . "vjgp"fkcipqug"eqgpf
machine learning technigues allow systems to learn from examples of expert

behavior, such as observing how a chess master plays the game. These

approaches complement each other, and the choice often depends on the type of

task and available data.

Unlike natural language methods, where the system extracts knowledge from
unstructured sources like speech or text, direct knowledge expression involves
formalizing information upfront. For example, an expert might manually encode
knowledge into a rule-based system or train an Al with labeled datasets. While this
can be precise, it requires significant effort and domain expertise. Natural language
processing, on the other hand, reduces this burden by automating the extraction
process, though it can be more challenging to ensure accuracy.



What is the main goal of knowledge acquisition in Al?

To organize information so a computer system can perform tasks.
To translate human knowledge into raw data.

To write rules for all possible scenarios.

To replace human experts completely.

= =4 =4 =4

Which of the following are methods of knowledge acquisition in Al?

Interviewing human experts

Writing formal rules

Extracting information from textbooks
Upgrading computer hardware

= =4 =4 =4

Entities

In knowledge extraction, entities are the essential building blocks. They represent
real-world objects, concepts, or individuals, such as people, places, organizations,
events, or equipment. For example, in a chemical accident database, entities might
include specific chemicals, accident types, or the locations of incidents.
Recognizing and categorizing entities is the first step toward creating structured
knowledge that Al systems can utilize effectively.

Relationships

After identifying entities, the next step is to explore how they interact with one
another. Relationships define these connections, capturing interactions like
"located in," "caused by," or "part of." For instance, in academic research,
relationships may link the background, objectives, and findings of a study.
Extracting relationships helps Al systems make sense of how different pieces of
information are interconnected, improving their ability to infer and analyze.

Semantic descriptions

Semantic descriptions enrich the extracted information by adding context and
meaning. These can include attributes, properties, or definitions of entities. For
example, in a chemical accident database, descriptions like "flammable" or
"corrosive" provide essential details about substances. Similarly, academic papers
can be enhanced by extracting semantic details such as the objectives and
outcomes of the research. Semantic enrichment ensures a deeper understanding of
the data.



What are entities in knowledge extraction?

Realworld objects, concepts, or individuals
Rules for analyzing texts

Connections between databases

Steps in the timeline of events

= =4 =4 =4

Which of the following are examples of relationships in knowledge extraction?

Located in
Part of
Caused by
Corrosive
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Temporal information

Temporal information refers to details about time, such as dates, durations, and the
sequence of events. This type of information is crucial for constructing timelines

and understanding when events occurred in relation to one another. For example, in
news analysis, temporal data helps establish whether one event happened "before,"”
"after,” or "during” another, creating a clearer picture of historical or ongoing events.

Sentiments

Sentiment analysis examines the emotional tone expressed in a text. This could
involve identifying whether the sentiment is positive, negative, or neutral, as well as
detecting specific emotions like happiness or anger. For instance, analyzing online
articles to understand public opinions can reveal valuable insights into societal
attitudes or community discussions.

Hidden themes

Latent topic structures focus on uncovering hidden themes or topics within a
collection of texts. Topic modeling helps identify major subjects, detect trends, and
group similar documents together. For example, in online communities of practice,
topic modeling can reveal the recurring themes discussed by members, providing
insights into shared concerns or interests.

What is the purpose of temporal information extraction in text analysis?



To understand the timeline and order of events
To detect emotions in text

To summarize the main topics of a document
To define the attributes of an entity
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Given the sentence:
"The Statue of Liberty, located in New York, was gifted by France in 1886."

Identify the entities as ordered in the sentence: , ,

and their relationships as ordered in the sentence: ,

located in

by

Statue of Liberty
New York

The

France

was

in 1886

gifted by
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Data collection is a foundational step in building databases and enabling data -
driven applications. It involves gathering information from various sources and
organizing it for use in systems such as Al models, analytics tools, or decision -
support applications. Effective data collection ensures the availability of accurate,
relevant, and timely information, which is essential for making informed decisions.

The quality of data collected directly impacts the performance of systems relying
on it. For instance, an Al model trained on incomplete or biased data may produce
inaccurate predictions. On the other hand, a well-structured and comprehensive
dataset can lead to insights that drive innovations, improve operational efficiency,
and enhance decision-making processes.

Several approaches to collecting data exist, each suited to different scenarios.
Some rely on manual input, while others harness automated tools like web scraping
or APIs. Advanced techniques, such as subscribing to data feeds, allow
organizations to access real-time information. Choosing the right method depends
on factors like the scale of data required, the domain's complexity, and ethical
considerations.



Manual data entry

Manual data entry involves human operators directly inputting data into a database.
This traditional approach is commonly used for smaller datasets or specialized
domains where automated methods are impractical. For instance, researchers
documenting rare historical artifacts may rely on manual entry to ensure detailed
and accurate descriptions.

One advantage of manual data entry is its flexibility, as it allows customization and
nuanced handling of unique information. However, it is time -consuming and prone
to human errors, such as typos or inconsistencies. For large-scale datasets, these
challenges can lead to inefficiencies and inaccuracies.

Despite its limitations, manual data entry remains valuable in scenarios requiring
expert judgment or precise handling of highly specialized data. For example,
cataloging medical case studies or archiving legal documents often necessitates
the careful attention only a human can provide.

What is a key limitation of manual data entry?

Prone to human errors

Requires extensive automation
Inability to handle specialized data
Lacks customization options
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Web scraping

Web scraping automates the extraction of data from websites. Using tools or
scripts, web scraping software retrieves relevant information from online pages and
converts it into structured formats suitable for databases. For example, an e -
commerce platform might scrape competitor prices to adjust its own pricing
strategies.

Web scraping is highly efficient for collecting large amounts of publicly available
data, such as news articles or market trends. However, it requires careful attention
to legal and ethical considerations, including copyright laws and terms of service.
Improper use can lead to legal consequences or reputational harm.

This approach is widely used in industries like marketing, finance, and research.
Applications include aggregating reviews, tracking stock prices, or analyzing
consumer sentiment. Its automation and scalability make it ideal for handling
dynamic and extensive datasets.



What is an ethical consideration when using web scraping?

Copyright and terms of service compliance
Automating data entry

Ensuring manual accuracy

Reducing scalability
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APIs for data collection

Application Programming Interfaces (APIs) are interfaces provided by online
services to enable programmatic access to data. Developers use APIs to retrieve
information from specific sources in a structured and standardized manner. For
instance, a weather app uses APIs to fetch reakttime weather updates from a
weather data provider.

APIls offer an efficient, reliable, and consistent way to collect data. They simplify
integration between systems, reduce manual workload, and ensure up-to-date
information. Additionally, APIs often come with documentation, making them easier
for developers to implement and customize.

Common applications include financial platforms retrieving stock market data,
social media apps accessing user metrics, or academic research tools gathering
publication data. APIs streamline workflows, making them an indispensable tool in
modern data colle ction.

What is a key advantage of using APIs for data collection?

Realtime data retrieval
Manual customization
Legal ambiguity

Lack of reliability
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Data feeds provide a continuous stream of structured data from specific sources.
Formats like RSS or Atom allow organizations to subscribe to relevant feeds and
automatically update their databases with the latest information. This ensures
access to timely and dynamic content without manual effort .



Data feeds are particularly valuable for domains requiring up-to-date information,
such as news, sports, or financial markets. They allow seamless integration into
databases, enabling organizations to focus on analyzing rather than collecting data.

Examples of data feed usage include aggregating news headlines, tracking sports
scores, or monitoring changes in stock prices. Their automated nature ensures
consistency and reduces the risk of human errors in data collection.

What is a primary benefit of using data feeds?

Provides continuous, real-time data
Requires manual updates
Operates without standard formats
Focuses on static content
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Extracting information from Wikipedia

We can extract information programmatically from Wikipedia using the wikipedia
Python library. This library provides a simple interface to query Wikipedia's
MediaWiki API and retrieve information.

We will write a Python script to perform the following tasks:

1. Install and configure the wikipedia package.

2. Search for information about topic.

3. Retrieve and display key details, including their summary, full content, and
categories.

4. Handle errors gracefully, such as missing pages or disambiguation.

By leveraging the wikipedia library, you can automate tasks like data extraction,
research, and content generation, making your Python projects more efficient and
informative.

1 The wikipedia library can raise exceptions if the search fails or the page is
not found. Use try-except blocks to handle these errors.

1 Be mindful of Wikipedia's rate limits to avoid being blocked.

T While Wikipedia is a reliable source of information, it's important to verify
the accuracy of the retrieved data , especially for critical applications.

Install the required library (in our system is installed)

Ipip install wikipedia



Basic usage:

import wikipedia

try:
# Search for a page
search_query = "Python (programming language)"
page = wikipedia.page(search_query)

# Access page information
print(page.title) # Output: Python (programming language)
print(page.summary) # Output: A concise summary of Python
print(page.url) # Output: The Wikipedia URL for the page
print( -'*10)
print(page.links[:10],"...") # Output: A list of links
from the page
except wikipedia.DisambiguationError as e:
print("Disambiguation error:", e.options)
except wikipedia.PageError:
print("Page not found!")

Program output:

Python (programming language)

Python is a high - level, general - purpose programming language.
Its design philosophy emphasizes code readability with the use

of significant indentation.

Python is dynamically typed and garbage - collected. It supports
multiple programming paradigms, including structured

(particularly procedural), object - oriented and functional
programming. It is often described as a "batteries included"

language due to its ¢ omprehensive standard library.

Guido van Rossum began working on Python in the late 1980s as

a successor to the ABC programming language and first released

itin 1991 as Python 0.9.0. Python 2.0 was released in 2000.

Python 3.0, released in 2008, was a major revision not

completely back  ward - compatible with earlier versions. Python

2.7.18, released in 2020, was the last release of Python 2.

Python consistently ranks as one of the most popular

programming languages, and has gained widespread use in the

machine learning community.

https://en.wikipedia.org/wiki/Python_(programming_language)



["Hello, World!" program’, '3ds Max', '?:", '"ABC (programming
language)', 'ADMB', 'ALGOL', 'ALGOL 68', 'API', 'APL
(programming language)’, '‘ATmega’] ...

More advanced usage:

# Find  pages related to a topic
pages = wikipedia.search("Artificial Intelligence")

print(pages)

# Get a random article
random_page = wikipedia.random()
print(random_page)

# Set language

wikipedia.set_lang("fr*) # Set language to French

# shows 2 sentences summary

summary = wikipedia.summary("Python (langage de
programmation)”, sentences=2)

print(summary)

Program output:
['Artificial intelligence’, 'Artificial general intelligence’,

‘A.l. Artificial Intelligence’, 'Ethics of artificial

intelligence’, 'Applications of artificial intelligence’,

‘Generative artificial intelligence’, 'History of artificial

intelligence’, 'Arti ficial Intelligence Act’, 'Artificial
intelligence in healthcare’, 'Hallucination (artificial

intelligence)]

Mstislav Mstislavich

Pyt hon ( pr on o nk@stunpangage de programmation

interpr®t ®, multiparadigme et multiplateforr
programmation i mp®rative structur ®e, fonctic
objet.

The goal is to retrieve and analyze information about three notable individuals (e.g.,
Barack Obama, Albert Einstein, and Marie Curie). Show only 3 sentences about
every person.

You will write a Python script to perform the following tasks:



=

Install and configure the wikipedia package.

Search for information about three people.

3. Retrieve and display key details, including their summary, full content, and
categories.

4. Handle errors gracefully, such as missing pages or disambiguation.

N

1. Install the required library (in our system is installed)
Ipip install wikipedia

import
# Search for information about all persons eg Barack Obama

Program output:

Barack Hussein Obama Il (born August 4, 1961) is an American
lawyer and politician who served as the 44th president of the

United States from 2009 to 2017. A member of the Democratic

Party, he was the first African - American president in U.S.
history.

Named-entity recognition (NER) is an NLPtechnique that identifies and classifies
entities within a text, such as names of people, organizations, locations, and dates.
It serves as a foundational step in extracting meaningful information from
unstructured data. By tagging these entities, NER helps bridge the gap between raw
text and structured databases.

Initially, NER systems relied on handcrafted features and rule-based algorithms.
However, modern advancements have introduced sequence-to-sequence neural
architectures, which leverage machine learning to improve accuracy. These
systems are now capable of processing large text corpora with high precision,
thanks to pre-trained models and contextual embeddings.

NER is widely used in fields like customer support, where it extracts names and
issues from client communications, or in journalism to automatically identify key
figures and locations in news articles. For example, a NER model might analyze a
news report to identify "John Doe" as a person, "Google" as an organization, and
"California" as a location.

Analyzing the sentence, "Elon Musk announced new Tesla factories in Texas," an
NER system would tag "Elon Musk" as a person, "Tesla" as an organization, and
"Texas" as a location.



Which of the following are tasks performed by Named -entity recognition?

Identifying names of people
Extracting dates from text
Tagging sentence sentiment
Classifying locations
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Relationship extraction

Relationship extraction focuses on identifying and structuring connections between
entities within text. By mapping relationships, it enriches raw data with contextual
links, enabling the creation of knowledge graphs that represent how entities
interact with each other.

Early methods used rule-based systems, but modern approaches leverage deep
learning models for better representation. Distant supervision techniques, which
generate training data using existing knowledge bases, are often employed to train
these systems. For instance, relationships like "is located in" or "is employed by" are
detected and categorized using neural network-based representation learning.

Relationship extraction plays a key role in building search engines, chatbots, and
recommendation systems. For example, in analyzing a sentence like "Tesla,
founded by Elon Musk, is headquartered in Texas," this technique identifies
relationships such as "founded by" between "Tesla" and "Elon Musk," and
"headquartered in" between "Tesla" and "Texas."

Given "Apple acquired Beats in 2014," a relationship extraction system would
identify "acquired" as the relationship linking "Apple" and "Beats."

Which of the following are examples of relationships extracted from text?

Located in
Headquartered in
Founded by
Sentiment is positive
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Text Classification

Text classification is the process of assigning predefined categories to text. It
enables systems to group similar text snippets based on their semantic meaning,



enhancing information organization and retrieval. Sentences, paragraphs, or entire
documents can be classified into themes, topics, or roles.

Advanced language models such as Word2Vec, ELMo, and BERT revolutionize text
classification by quantifying semantic similarity. These models compare the
meanings of sentences and accurately assign categories, such as mapping a
sentence about renewable energy to a "Sustainability” theme.

Text classification is used in spam detection, content moderation, and sentiment
analysis. For instance, analyzing user reviews can classify comments as "positive,"
"negative,” or "neutral.” A research paper abstract can also be classified into
ontology elements like "objective" or "methodology."

For example, in the sentence, "The study evaluates the impact of Al on education,” a
text classification model could classify it under "Research Objective."

Which are common uses of text classification?

Spam detection

Sentiment analysis

Categorizing research abstracts
Identifying relationships between entities
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Ontologies in information extraction

Ontologies provide structured frameworks that define the concepts and
relationships within a domain. Ontology -based information extraction uses these
frameworks to map text content to predefined categories, ensuring semantic
consistency and accuracy.

By using a semantically rich framework, this method reduces ambiguity in text
interpretation. For example, mapping "Al" to "Artificial Intelligence" ensures
consistency across different sources mentioning the same concept.

Ontology-based extraction is widely used in medical research to map symptoms
and treatments to diagnostic categories. It is also applied in education, where
course materials are mapped to learning outcomes or academic standards.

A system analyzing the text "Diabetes is managed by insulin therapy" could map
"Diabetes" to a disease ontology and "insulin therapy" to a treatment ontology.

Which of the following describe ontology -based information extraction?



Mapping text to predefined concepts
Using structured frameworks
Ensuring semantic consistency
Identifying sentiments in reviews
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Direct memory access parsing

Direct memory access parsing (DMAP) is a model for understanding text by
referencing stored knowledge patterns. It incrementally matches textual references
to concepts in a knowledge base, enabling structured interpretation of text content.

DMAP matches phrases or words in the text to stored patterns, generating higher-
order conceptual references. For example, it can interpret "Paris is the capital of
France" by linking "Paris" and "France" through the concept of "capital.”

DMAP is used in Al systems like the Learning Reader to extract formal
representations of text meaning. It is particularly effective in creating structured
knowledge bases for tasks such as automated question answering or
summarization.

For example: Analyzing "The Mona Lisa was painted by Leonardo da Vinci," DMAP
links "Mona Lisa" to "artwork™ and "Leonardo da Vinci" to "artist,” generating the
relationship "painted by."

Which of the following are aspects of DMAP?

Incremental matching of references
Generating higher-order concepts
Linking text to stored patterns
Identifying emotional tone
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Write a Python script to extract named entities and their relationships from a user -
provided sentence.

1. Import libraries

T we will use spacy

import spacy
from spacy import displacy



2. Load pre-trained model

A pre-trained model, like en_core_web_sm is essential for accurate and efficient
natural language processing tasks. It covers needs of:

1 Part-of-speech tagging for identifying the grammatical role of each word
(e.g., noun, verb, adjective).

1 Dependency parsing for analyzing the grammatical structure of sentences to
understand relationships between words.

1 Named entity recognition for identifying and classifying named entities
within the text.

#Load apre - trained English NLP model
nlp = spacy.load("en_core_web_sm") # Provides tools for
tokenization, parsing, entity recognition, etc.

3. Function to extract named entities and relationships

1 Iterates over the doc.ents to extract named entities and their labels.

1 Stores the entities as tuples of (text, label) in the entities list.

1 Checks if the token's dependency relation is either "nsubj" (nominal subject)
or "dobj" (direct object).

1 If so, extracts the subject (head token), object (token itself), and relationship
(dependency label).

1 Appends the extracted relationship as a tuple to the relationships list.

# Define a function to extract named entities and
relationships
def extract_entities_and_relationships(text):
# Process the input text with the NLP model
doc = nlp(text)

# Extract named entities
entities = [(ent.text, ent.label ) for ent in doc.ents] #
List of entity text and their labels (e.g., PERSON, DATE)

# Extract relationships using dependency parsing
relationships =[]
for token in doc: # Iterate over tokens in the parsed
text
# Focus on tokens marked as subject (nsubj) or object
(dobj) dependencies
if token.dep_ == "nsubj" or token.dep_ == "dobj":
subject = token.head.text # Head word of the
token (e.g., a verb)



object = token.text # Text of the token
itself

relationship = token.dep_ # Dependency label
("nsubj" for subject, "dobj" for object)

relationships.append((subject, object,
relationship)) # Store the relationship tuple

return entities, relationships

4. Use

1 experiment with structure of input sentence

# Example text input for processing
text = "Barack Obama served as the 44th President of the
United States from 2009 to 2017 in the US."

# Extract named entities and relationships
entities, relationships =
extract_entities_and_relationships(text)

# Display extracted named entities
print("Named Entities:")
for entity in entities:
print(f" - {entity[0]} ({entity[1]})") # Output entity
text and its label

# Display extracted relationships
print("  \ nRelationships:")
for relationship in relationships:
print(f - { relationship[0]} {relationship[2]}
{relationship[1]}") # Output relationship structure

Program output:
Named Entities:

- Barack Obama (PERSON)
- 44th (ORDINAL)

- the United States (GPE)

- 2009 (DATE)

- US (GPE)

Relationships:
- served nsubj Obama



Alternatively we can also use nltk library to write a Python script to extract named
entities and their relationships from a user -provided sentence.

1 Tokenize the sentence into words and parts of speech.
T Use nltk's named entity recognition (NER) to identify entities.
1 Extract relationships using simple pattern matching or regular expressions.

1. Import libraries
T we will use nltk

import nltk
from nltk import word_tokenize, pos_tag, ne_chunk

2. Load necessary files

Following downloads are typically required for preprocessing and analyzing text in
NLP tasks, particularly for:

1 Tokenization (punkt) -is used for breaking text into sentences and words
(tokenization). This resource is essential for any task where you need to split
text into smaller units, like words or sentences.

1 POS tagging (averaged_perceptron_tagger) - tags each word in a sentence
with its part of speech (e.g., noun, verb, adjective). Is used in tasks requiring
grammatical analysis or understanding sentence structure, such as
dependency parsing or sentiment analysis.

1 Named entity recognition (maxent_ne_chunker) -identifies named entities
(like people, locations, and organizations) in a sentence. Extracts structured
information from unstructured text by identifying significant entities.

1 Word validation (words) - provides a database of recognized words to assist
with various NLP tasks, such as validating word existence or enhancing
named-entity recognition. Supports tasks like spell -checking, entity
recognition, or token validation.

# Download necessary NLTK data files
nltk.download('punkt')
nitk.download(‘averaged_perceptron_tagger’)
nltk.download('maxent_ne_chunker")
nitk.download('words")

Program output:
[nltk_data] Downloading package punkt to

/home/johny/nltk_data...



[nltk_data] Package punkt is already up - to - date!
[nltk_data] Downloading package averaged_perceptron_tagger to
[nltk_data] /home/johny/nltk_data...

[nltk_data] Package averaged_perceptron_tagger is already

up- to -

[nltk_data] date!

[nltk_data] Downloading package maxent_ne_chunker to
[nltk_data] /home/johny/nltk_data...

[nltk_data] Unzipping chunkers/maxent_ne_chunker.zip.
[nltk_data] Downloading package words to
/home/johny/nitk_data...

[nltk_data] Unzipping corpora/words.zip.

4. Use

1 experiment with structure of input sentence

# Example text input for processing
sentence = "Barack Obama served as the 44th President of the
United States from 2009 to 2017 in the US."

# Tokenize and tag parts of speech
tokens = word_tokenize(sentence)
tags = pos_tag(tokens)

# Extract named entities
entities = ne_chunk(tags)
print("Named Entities:")
print(entities)

Program output:
Named Entities:

(S
(PERSON Barack/NNP)
(PERSON Obama/NNP)
served/VBD
as/IN
the/DT
44th/CD
President/NNP
of/IN
the/DT
(GPE United/NNP States/NNPS)
from/IN
2009/CD



to/TO

2017/CD

in/IN

the/DT

(GSP US/NNP)

1)

While data structures like arrays, linked lists, and graphs are excellent for storing
information, they might not be the most suitable for storing knowledge, which often
involves complex relationships, context, and understanding.

Knowledge graphs

Knowledge graphs are a graph-based structure designed to store knowledge by
representing entities as nodes and their relationships as edges. These relationships
often include contextual or semantic meaning, making knowledge graphs highly
suitable for compl ex knowledge representation. They are particularly useful in
applications like semantic search, recommendation systems, and question -
answering systems, where understanding the connections between different
entities is key.

For instance, a knowledge graph about a book might include nodes for the book's
title, characters, themes, and plot points. Relationships like "Character A interacts
with Character B" or "Theme X is central to Plot Point Y" would connect these
nodes, providing a rich, interconnected understanding of the book.

C"pgvcdng"gzcorng"ku"l gqingXu"Mpqyngfig"Iltecr
by linking information about people, places, and things. If you search for "Albert

Einstein,” the system retrieves data about him, his discoveries, and related topics,

all stored as a web of interlinked nodes and edges.

Knowledge graphs are also essential for handling vast amounts of structured and
semi-structured data.

Which of the following are applications of knowledge graphs?

Semantic search
Recommendation systems
Question answering
Spreadsheet management
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Ontologies

Ontologies provide a formal framework for representing knowledge as a set of
concepts and their relationships. Unlike knowledge graphs, ontologies emphasize
defining and categorizing concepts with a high level of precision, often using a
hierarchical structure. They are widely used in semantic web technologies,
knowledge management systems, and artificial intelligence.

For example, an ontology in the medical field might define entities like "disease,"
"symptom,” and "treatment.” Relationships such as "symptom is associated with
disease" or "treatment alleviates disease" are explicitly mapped. This structured
representation facilitates interoperability between different systems, such as
electronic health records and diagnostic tools.

A popular example is the Gene Ontology, which organizes knowledge about gene
functions across different biological systems. Ontologies ensure that the
information is both machine -readable and human-interpretable, making them
valuable in fields requiring high accuracy and integration.

The development of an ontology involves defining the domain, listing concepts, and
specifying relationships. Tools like Protégé allow users to create and manipulate
ontologies for various applications, from healthcare to manufacturing.

What is the primary goal of ontologies in knowledge representation?

To define and categorize concepts

To emphasize the accuracy and interoperability of concepts
To connect entities with physical data storage

To perform statistical analysis
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Semantic networks

Semantic networks are graphical structures that store knowledge by representing
concepts as nodes and their semantic relationships as edges. They focus on
capturing meaning and associations, making them an effective tool for natural
language processing, information retrieval, and expert systems.

For example, a semantic network for a restaurant might include nodes for "food,"
"drink," "cuisine," and "price." Relationships like "is a type of," "is served with," or
"has a price of" link these nodes. This network can help answer complex queries
such as, "What cuisines include vegetarian options under $20?"



Semantic networks are also valuable in education and knowledge exploration,
allowing users to visualize how concepts relate. For instance, in biology, a network
might map relationships between animals, their habitats, and their diets, creating an
intuitive learning tool.

These networks have applications in building expert systems that simulate human
reasoning. By explicitly storing semantic relationships, they enable machines to
draw inferences and provide contextualized responses.

Which relationships can be represented in a semantic network?

Is a type of

Is associated with
Has a price of
Stores binary data
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Knowledge bases

Knowledge bases store large amounts of structured and unstructured information
in a single repository. They are designed to support diverse applications like virtual
assistants, customer service chatbots, and question -answering systems by
providing quick and accurate access to information.

A typical knowledge base might store product information, customer queries,
troubleshooting guides, and FAQs. For example, a customer servicechatbot uses a
knowledge base to retrieve solutions for common issues like "How to reset a
password?" or "Where to find the user manual?"

Knowledge bases integrate data from various sources, such as documents,
databases, and APIs. They use indexing and tagging to ensure efficient retrieval,
often powered by Al algorithms for enhanced performance.

Modern knowledge bases like IBM Watson Assistant go beyond simple storage by
incorporating natural language processing and machine learning to interpret
gueries and provide intelligent responses.

Which of the following applications utilize knowledge bases?

Virtual assistants

Customer service chatbots
Knowledge graphs
Question-answering systems
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Machine learning models

Machine learning models are a dynamic way to store and utilize knowledge by
learning patterns from data. Unlike static storage methods, ML models adapt to
new data and make predictions or decisions based on learned information.

For instance, a machine learning model trained on customer feedback can identify
sentiment, predict user preferences, and suggest personalized recommendations.
Applications include recommendation systems, natural language processing, and

computer vision.

A concrete example is a spam email filter, which uses an ML model trained on
labeled datasets of spam and non-spam emails. The model learns features like
word frequency, sender details, and formatting patterns to classify incoming
messages.

While ML models are powerful, they require large datasets, careful training, and
validation. Choosing the right model architecture and parameters is critical for
achieving accuracy and reliability.

Which tasks are commonly performed using machine learning models?

Learning patterns from data
Making predictions

Adapting to new data

Static storage of unstructured data
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Large language models

Large language models (LLMs), such as OpenAl's GPT or Google's BERT, represent
a revolutionary way of storing and utilizing knowledge. These models are trained on
vast amounts of text data, learning patterns, context, and semantic relationships
within the language. Unlike traditional databases or structured systems, LLMs store
knowledge implicitly in their parameters, enabling them to understand and generate
human-like responses.

An LLM stores knowledge in the form of weights and biases within its neural
network. During training, the model processes billions of sentences, learning
associations between words, phrases, and concepts. For example, it might learn
that "Barack Obama" is associated with "44th President of the United States"
without explicitly being programmed with this information. The knowledge is



distributed across the network, making it flexible and robust for various
applications.

LLMs are particularly suited for dynamic and complex tasks, such as answering
questions, summarizing documents, and generating creative content. For instance,

if you ask an LLM, "Who discovered penicillin?" it can provide the answer "Alexander
Fleming" based on the patterns it learned during training. This eliminates the need
for a traditional, structured knowledge base.

However, LLMs have limitations. Their knowledge is static after training, meaning
they may lack awareness of new events unless retrained. Additionally, they require
massive computational resources for training and inference. Despite these
challenges, their ability to store and retrieve knowledge in a nuanced and
contextualized manner makes them invaluable for modern Al applications.

What makes LLMs a unique way of storing knowledge?

Knowledge is stored in neural network parameters

They can understand and generate language contextually
They require explicit programming of facts

They are always upto-date without retraining
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Choosing the right approach

Selecting the best approach to store knowledge depends on the complexity of the
data, the relationships involved, and the intended use. Often, multiple methods are
combined to achieve an optimal balance between efficiency and functionality.

For example, a digital library might use a knowledge graph to map relationships
between books, authors, and genres while employing a knowledge base to store
detailed information about each book. Machine learning models could provide
recommendations based on user preferences, and semantic networks might be
used to visualize connections between literary themes.

Realworld applications often require flexibility. In an e -commerce platform, a
semantic network could represent product categories, while an ontology ensures
precise definitions, and a machine learning model personalizes the user experience.



What factors influence the choice of a knowledge storage approach?

Data complexity
Relationships involved
Intended use

Memory hardware type
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Inference as knowledge expansion

Inference is a key process in knowledge systems, enabling the derivation of new

information from existing data. It acts as a bridge between what is known and what

can be discovered, expanding the utility of knowledge representation systems. For

example, inference can deduce that if "A is larger than B" and "B is larger than C,"

then "AislargerthanE. $" gxgp" kh"vj ku"kphqgtocvkqgp"ycupX

This process is particularly important in domains like artificial intelligence, where
large-scale knowledge bases like knowledge graphs are used. Knowledge graph
reasoning, for instance, allows systems to infer new facts, such as identifying
potential conn ections between entities based on their attributes and relationships.
Commonsense knowledge, a cornerstone of intelligent reasoning, is often inferred
automatically from pre -existing knowledge bases, highlighting the ability of
inference to enhance understanding without additional manual input.

Applications of inference span a wide range of fields. In healthcare, for instance,

inference systems can analyze structured medical data to suggest potential

diagnoses. Similarly, in NLP, inferencing aids in semantic search, enabling systems

to understand user intent and provide accurate responses. These examples
fgogpuvtcvg"kphgtgpegXu"rkxgven"tgng"kp"gzvec
representation.

What is a primary function of inference in knowledge systems?

To derive new facts from existing knowledge
To explicitly store new data

To limit the scope of knowledge representation
To replace manual reasoning processes
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Inference on Structured knowledge representations

For inference to operate effectively, it relies on structured representations of
knowledge. These structured forms often include entities, relationships, and logical
propositions extracted from raw data sources like text.NLU plays a crucial role here,
transforming unstructured text into structured formats that are easier to analyze
and reason about.



Semantically enriched databases are prime examples of this. By employing
ontologies and NLP techniques, they structure information to allow efficient
inferencing. For instance, in a database of industrial accidents, cause-and-effect
relationships can be inferred by analyzing structured records, helping identify
patterns that might improve safety protocols.

Such structured formats also make information retrieval faster and more effective.
Structured representations ensure that inference mechanisms have a clear
framework to work with, enhancing the reliability and accuracy of the reasoning
process. This structured approach is vital for applications ranging from
recommendation systems to automated reasoning engines.

Why are structured knowledge representations crucial for inference?

They provide a framework for efficient reasoning
They simplify raw data storage

They replace inferencing mechanisms

They ensure data remains unprocessed
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Rule-based reasoning

Rule-based reasoning is one of the oldest and most widely used inferencing
techniques. It relies on pre-defined or dynamically generated rules to derive new
knowledge. For example, a rule might state, "If a vehicle is electric, it does not
produce direct emissions.” Given data about a vehicle, this rule allows the system
to infer its environmental impact without explicit data.

This approach excels in domains where relationships and patterns are well
understood. In legal systems, rule-based reasoning can automate decision-making
processes by applying legal rules to specific cases. Similarly, in medical diagnosis,
systems can use predefined symptom -to-disease rules to suggest possible
ailments.

However, rule-based systems are not without limitations. They can become brittle
when dealing with incomplete or ambiguous data and often struggle to scale to
complex scenarios with overlapping rules. Despite this, rule-based reasoning
remains a powerful tool when applied to well-structured problems with clear logic.

What is a major strength of rule-based reasoning?

T It captures logical relationships effectively
T It can scale easily to complex problems



1 It eliminates the need for structured knowledge
1 Itlearns patterns without rules

Distributed representation -based reasoning

Distributed representation-based reasoning uses mathematical embeddings to
represent entities and relationships in vector spaces. These embeddings allow
systems to perform operations, like determining similarity or deducing
relationships, by analyzing patterns in the data.

For instance, in a knowledge graph, entities like "Paris" and "France" might be
embedded into a space where the relationship "capital of" can be inferred based on
vector proximity. These representations leverage statistical patterns in large -scale
data, making them particularly useful for applications involving complex and
dynamic relationships.

This approach has been widely adopted in NLP tasks like semantic search, where
embeddings help match queries with relevant content. For example, a search query
like "largest city in Japan” can be matched to "Tokyo" using distributed reasoning.
Despite its strengths, this technique often requires substantial computational
resources and can lack interpretability compared to rule -based methods.

What does distributed representation -based reasoning rely on?

Statistical patterns in vector spaces
Predefined logical rules

Manual feature engineering

Explicit data relationships
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Neural network -based reasoning

Neural network-based reasoning applies deep learning models to infer complex
patterns and relationships within structured knowledge. These systems are trained
on large datasets to learn how different entities and attributes interact, enabling
them to perform reasoning tasks like prediction and classification.

For example, a neural network might analyze a dataset of customer reviews to infer
sentiment trends, identifying relationships between product features and customer
satisfaction. In knowledge graphs, neural networks are used to complete missing
links, such as inferring an unknown relationship between two entities.



This approach is particularly powerful for large -scale, unstructured data. However, it
has challenges, including high computational requirements and a lack of
interpretability. Despite these challenges, neural network-based reasoning has
become a cornerstone of modern Al, driving innovations in areas like image
recognition, recommendation systems, and autonomous systems.

Which is a common application of neural network -based reasoning?

Filling missing links in knowledge graphs
Rule-based decision systems

Manual data extraction

Eliminating inference challenges
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Analogical reasoning

Analogical reasoning involves drawing inferences based on similarities between
entities or concepts. This human -inspired technigue enables systems to identify
new properties or relationships by comparing them to existing, similar cases. For
example, if two diseases share similar symptoms, analogical reasoning might
suggest they also share similar treatments.

This type of reasoning is widely used in education, research, and creative problem-
solving. In Al, analogical reasoning is applied in recommendation systems, where
products are suggested based on similar user preferences or item attributes.

However, analogical reasoning requires robust similarity metrics to ensure accurate
inferences. These metrics often rely on structured representations of knowledge,
making them an essential complement to other reasoning methods like neural
network-based approaches.

What does analogical reasoning primarily rely on?

Similarities between entities or concepts
Predefined logical rules

Neural embeddings

Statistical probabilities
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Develop a basic inference engine that identifies relationships between entities in a
given text using rule-based reasoning and NLP techniques.

Objectives and procedure:

1 Extract named entities from text (e.g., people, places).

1 ldentify relationships using dependency analysis and predefined rules for
inferring relationships between entities.

1 Deduce additional information or conclusions based on the extracted
relationships.

1. import necessary parts

import spacy

#Load apre - trained English model
nlp = spacy.load("en_core_web_sm")

2. Entity extraction

We use spaCy to identify entities (such as people, organizations, and locations) in
the text. The function extract_entities_and_relationships processes the text using
SpaCy to extract named entities (e.g., "Alice,” "TechCorp") and relationships (e.g.,
"works for," "located in"). Relationships are identified using token dependencies
such as "prep" (prepositions) and relationships between subject and object.

# Extracts named entities and relationships from text using
SpaCy.
def extract_entities_and_relationships(text):

doc = nip(text)
# Extract named entities
entities = [(ent.text, ent.label ) for ent in doc.ents]

# Extract relationships, including inferred ones
relationships =[]
for token in doc:
if token.dep_ == "nsubj" or token.dep_ == "dobj":
# Extract relationship for subjects and direct
objects
subject = token.head.text
object_ = token.text



relationship = token.dep_

relationships.append((subject, object_,
relationship))

if token.dep_ == "prep":

# Extract relationships for prepositions (e.g.,
"works for", "located in")

subject = token.head.text

object_ ="".join([child.text for child in
token.children])

relationship = f'related_to ({token.text})"

relationships.append((subject, object_,
relationship))

return entities, relationships

4. Inference

1 Inthe infer_relationships function, rules are applied to infer new
relationships from existing ones. For example, "works for" and "located in"
are both valid prepositions that represent relationships.

1. If a relationship contains "works for," we infer that the object employs the
subject.

2. If arelationship contains "located in,” we infer that the object contains the
subject.

# Infers additional relationships based on simple rules.
def infer_relationships(relationships):

inferred_facts =[]
for subject, object_, relationship in relationships:
# Check and apply inference rules based on the
relationship type
if "works for" in relationship:
inferred_facts.append(f"{object_} employs
{subject}")
elif "located in" in relationship:
inferred_facts.append(f*{object_} contains
{subject}")
elif "part of" in relationship:
inferred_facts.append(f*{object_} contains
{subject}")
elif "owns" in relationship:
inferred_facts.append(f*{subject} is owned by
{object_}")



elif "related_to" in relationship:
inferred_facts.append(f*{subject} is connected to
{object_}")

return inferred_facts

! ...and main code:

# Input text

text = "Alice works for TechCorp. Bob is located in New York."
# "Barack Obama, the 44th President of the United States, was

born in Honolulu, Hawaii."

# Extract entities and relationships
entities, relationships =
extract_entities_and_relationships(text)

# Perform inferencing
inferred_facts = infer_relationships(relationships)

# Print results
print("Named Entities:")
for entity in entities:

print(f" - {entity[0]} ({entity[1]})")

print("  \ nRelationships:")
for subject, object_, relationship in relationships:
print(f" - {subject} {relationship} {object_}")

print("  \ ninferred Facts:")
if inferred_facts:
for fact in inferred_facts:
print(f" - {fact}")
else:
print("No inferred facts.")

Program output:
Named Entities:

- Alice (PERSON)
- TechCorp (ORG)
- Bob (PERSON)
- New York (GPE)

Relationships:
- works nsubj Alice



- works related_to (for) TechCorp
- located related_to (in) York

Inferred Facts:
- works is connected to TechCorp
- located is connected to York

Knowledge graph

Inference plays a pivotal role in enhancing the functionality and completeness of
knowledge graphs. A knowledge graph is a type of database that represents
knowledge as a set of entities and their interrelations, making it highly useful in
various fields like search engines, Al, and natural language processing. Inference, in
this context, is the process of deriving new relationships or facts from existing data
that may not be explicitly stated but can be logically concluded.

One of the key applications of inference is in knowledge graph completion. Often,
knowledge graphs contain incomplete information due to limitations in data
collection or human input. Inference mechanisms can predict the missing links
between entities by identifying patterns and logical relationships from the existing
nodes. For example, in a knowledge graph about movies, if the graph knows that
"Leonardo DiCaprio" acted in the movie "Inception,” inference could help link
"Leonardo DiCaprio" to the movie "Titanic" based on their shared relationships with
other actors or directors, even if that connection was missing initially.

Inference techniques used for knowledge graph completion include rule -based
reasoning and machine learning. Rulebased reasoning applies predefined rules to
fill in missing information, such as "If X acted in a movie with Y, and Y acted in a
movie with Z, then X and Z may have worked together.” Machine learning models,
such as neural networks, can also learn patterns from vast amounts of data and
predict missing relationships with a high degree of accuracy. These inferred
connections make the knowledge graph more complete and useful, providing a
richer source of information for applications like search engines and virtual
assistants.

Example: Consider a knowledge graph that represents geographical relationships. If
we know that "Mount Everest" is located in "Nepal," inference mechanisms could
potentially infer that "Nepal” is part of "Asia" based on pre-existing relationships
about continents. These inferences help enhance the graph's value in applications
that require comprehensive, structured data.



Which of the following is an example of an inference applied to knowledge graphs?

Predicting missing relationships between entities based on existing data.
Storing raw data in a structured format

Providing a direct query result

Extracting entities from text
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Question answering systems

Inference is essential in building intelligent question answering (QA) systems,
particularly those that rely on knowledge bases. A knowledge base is a structured
repository of facts, often organized as a knowledge graph, where entities and their
relationships are defined. Inference allows QA systems to answer complex
guestions by reasoning over the available information, even when the exact answer
is not explicitly stored in the knowledge base.

When a user asks a question, a welldesigned question answering system doesn't
just search for a direct match in the database. Instead, it employs inference
techniques to deduce the answer by considering related facts. For instance, if a
user asks, "Who is the CEO of Microsoft?" and the system has the fact "Satya
Nadella is the CEO of Microsoft" explicitly in the knowledge graph, it can directly
return the answer. But in cases where the relationship isn't directly stated, inference
mechanisms like semantic reasoning or pattern recognition help derive an answer
from existing knowledge.

Inference in QA systems typically involves logical reasoning over the relationships
stored in the knowledge base. For example, the system may employ forward
chaining (deriving new facts from existing ones) or backward chaining (starting
from the query and working backward to find the supporting facts). If a user asks a
guestion about a topic that involves multiple entities (like "Who won the Nobel Prize
in Literature in 1995?"), the system can use inference to deduce the relationships
between the "winner" and "Nobel Prize" and provide the correct answer.

Example: In a healthcare application, if a user asks, "What are the symptoms of
COVID19?" and the system has stored facts like "COVID19 is caused by a virus"
and "fever and cough are symptoms of viral infections," it could infer the connection
between the virus and the symptoms and answer the query appropriately, even
though "COVID19" might not have been explicitly linked to "fever" and "cough" in
the data.



How does inference improve the performance of question answering systems?

It helps the system infer answers even when exact matches do not exist.
It allows the system to generate answers from predefined statements.

It limits the system to answering only simple factual queries.

It extracts raw data without considering relationships.
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Recommender systems

Recommender systems have become a cornerstone of modern digital experiences,
helping users discover products, services, or content tailored to their preferences.
Inference plays a critical role in these systems, enabling them to go beyond basic
matching and make intelligent predictions about what users might like.

For instance, traditional recommendation methods might suggest items based
solely on direct similarities, such as recommending books in the same genre.
However, inference allows recommender systems to utilize relationships in a
knowledge graph. If a user frequently purchases books on leadership, the system
can infer interest in related topics, like productivity or biographies of leaders. This
reasoning is made possible by understanding not just the items themselves but the
connections between them.

One practical example is in movie recommendation platforms. A system might infer
that a user who enjoys movies directed by Christopher Nolan and featuring intricate
plotlines would also appreciate films by other directors known for similar
storytelling styles. This capability is powered by algorithms that analyze
relationships in the knowledge graph, such as "directed by," "genre," or "similar
audience appeal,” making recommendations more personalized and dynamic.

Inference also enables systems to adapt to sparse data. If a new user with minimal
browsing history joins a platform, the system can infer preferences based on broad
relationships, like "users from this region often prefer these types of content,”
ensuring a seamless experience.

Which of the following demonstrates the use of inference in recommender
systems?

1 Recommending products based on relationships in a knowledge graph.

1 Suggesting movies similar to those previously liked by the user.

1 Displaying items in a random order with no consideration of user
preferences.

1 Recommending only the most popular items on the platform.



Commonsense reasoning and everyday scenarios

Commonsense reasoning allows machines to mimic human intuition, drawing
logical conclusions in everyday scenarios. Unlike explicit knowledge, commonsense
knowledge encompasses unstated facts that humans take for granted. For
example, if it is raining, one might infer that carrying an umbrella is sensible.
Machines achieve this through inference mechanisms designed to work with
knowledge graphs or commonsense databases.

A key application of commonsense reasoning is in virtual assistants. For instance,
if a user says, "I'm running late to the airport,” the assistant can infer that the user
might need help with tasks such as finding flight details, traffic updates, or
directions. This reasoning relies on understanding relationships like "running late"
implies "urgency" and "airport" implies "flight travel."

Another example is autonomous systems, such as self-driving cars. A car might

infer that a pedestrian near a crosswalk is likely to cross the street, even if they
jecxgpXv'uvgrrgf"gpvqg"vjg"tgcf"{gv0"Uwej " kphc
making in real-time.

By enabling machines to "fill in the gaps" of knowledge, common sense reasoning
opens the door to intelligent systems capable of making nuanced decisions. It
bridges the gap between rigid rule-based systems and human-like understanding,
enhancing user interactions and functionality in diverse applications.

What is an example of commonsense reasoning in Al?

Inferring urgency from a statement about running late.

Predicting that a pedestrian near a crosswalk might cross the street.
Stating the exact current temperature when asked about the weather.
Providing directions to a destination without considering road closures.
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While inference is a powerful tool for expanding and applying knowledge, it faces
several significant challenges that researchers are actively addressing. These
challenges highlight the complexities of making inference methods more effective,
efficient, and applicable across diverse domains.

One critical issue is interpretability . Many advanced inference techniques, such as
those based on distributed representations or neural networks, are often seen as
"black boxes." While they can produce highly accurate results, the reasoning behind
these results is difficult to understand or e xplain. This lack of transparency can
hinder trust and adoption, especially in sensitive applications like healthcare or



legal systems. Researchers are therefore exploring ways to make these methods
more interpretable, such as by designing models that provide human-readable
explanations for their inferences.

Another challenge is scalability , particularly when working with large-scale
knowledge graphs. Performing inference on vast datasets with complex
relationships requires significant computational resources. For instance,
recommending personalized content for millions of users or reasoning over
dynamic data streams demands efficient algorithms and optimized data structures.
Addressing this requires innovations in algorithm design to balance accuracy and
computational efficiency.

The incorporation of multi-source information is another pressing need. Current
inference methods often rely on a single type of data, such as text. However, real
world scenarios often involve diverse sources, including images, sensor data, and
unstructured text. For example, an autonomous vehicle must integrate information
from cameras, radar, and maps to make safe driving decisions. Developing
inference mechanisms capable of seamlessly combining these diverse inputs is a
key area of research.

Lastly, the field is moving toward dynamic knowledge reasoning . In many
applications, knowledge is not static but evolves over time. Social networks, for
instance, constantly generate new relationships and interactions. To remain
accurate and relevant, inference systems must be able to update and adapt as new
information becomes available, rather than relying on static data snapshots.

By addressing these challenges, the future of inference research promises systems
that are not only more powerful and efficient but also more transparent, adaptable,
and capable of integrating knowledge from diverse, ever-changing sources.

Which of the following is a challenge faced by inference research?

Making inference methods more interpretable and transparent.
Limiting inference to text -based data only.

Scaling inference for large, complex knowledge graphs.
Avoiding the use of dynamic knowledge in reasoning.
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Chapter 6



Natural Language Generation (NLG) is a field of artificial intelligence focused on
enabling machines to produce human-like text from structured or unstructured
data. It transforms raw information into coherent, meaningful language, making it
easier for people to understand and interact with data. Applications of NLG range
from creating summaries, stories, or translations to powering dialogue systems and
personalized communication tools. By bridging the gap betwee n complex data and
human language, NLG plays a pivotal role in enhancing accessibility and user
experience across various domains.

Data-to-text generation

Data-to-text generation is a transformative application of natural language
generation that converts raw data into meaningful textual summaries. This
technology is widely used to make data more accessible and actionable,
particularly in fields where large datasets need to be communicated effectively. For
example, financial analysts rely on NLG systems to generate quarterly performance
reports that summarize revenue, expenses, and growth trends from numerical data.
Similarly, meteorological agencies use this technology to produce weather
forecasts, converting temperature readings, humidity levels, and wind speeds into
clear, human-readable reports.

The process involves analyzing structured data and identifying patterns or key
points to highlight. Advanced NLG systems often incorporate statistical models and
templates to ensure that the output is accurate and contextually appropriate. For
instance, a financial NLG tool might be programmed to detect unusual spikes in
revenue and highlight them in the generated text as potential areas of interest for
stakeholders.

One of the most significant advantages of data -to-text generation is its ability to
handle repetitive or labor-intensive tasks. Instead of requiring human effort to
manually draft reports, NLG systems can produce summaries in seconds, freeing
professionals to focus on higher-level analysis. Furthermore, these systems can
tailor content for specific audiences, generating detailed technical summaries for
experts or simplified overviews for general readers.

Which is an example of data-to-text generation?

Generating a weather forecast summary from meteorological data.
Translating a novel from English to French.

Enabling a chatbot to answer customer service queries.

Writing a fictional story from a creative prompt.
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Machine translation

Machine translation is an NLG application that focuses on converting text from one
language to another. This technology has revolutionized global communication,
breaking down language barriers and enabling people from diverse linguistic
backgrounds to interact seamlessly. Tools like Google Translate and DeepL utilize
machine translation to provide quick and often accurate translations for millions of
users daily. For instance, a tourist in Japan can input a restaurant menu into a
translation app to understa nd their meal options in their native language.

The underlying process involves complex algorithms, including neural machine
translation models that analyze the grammatical structure, syntax, and semantics
of sentences in the source language. These models then generate equivalent
sentences in the target language while maintaining contextual meaning. Advances
in machine learning have significantly improved the accuracy of translations,
particularly for less commonly spoken languages.

Despite its advancements, machine translation faces challenges, such as
accurately translating idiomatic expressions or phrases that have cultural nuances.
For example, the French phrase"c'est la vie"is more than its literal translation
("that's life™); it conveys a philosophical acceptance of circumstances, which a
machine might miss without proper context. Future developments aim to enhance
cultural sensitivity and contextual understanding to addres s these limitations.

What is a primary use of machine translation?

Translating a speech or text from Spanish to English.
Generating conversational responses for chatbots.
Writing an original story from structured data.
Summarizing financial performance reports.
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Dialogue systems

Dialogue systems enable computers to engage in human-like conversations,
forming the backbone of virtual assistants like Siri, Alexa, and customer support
chatbots. These systems combine natural language understanding (NLU) to
interpret user input and NLG to generate meaningful and contextually relevant
responses. For example, when a user asks, "What's the weather today?" a dialogue
system retrieves weather data and generates an appropriate answer, such as, "It's
sunny with a high of 75°F."



Developing effective dialogue systems requires training them to handle varied user
intents and conversational flows. A well -designed system can manage complex
gueries, provide follow-up questions, and even exhibit personality traits to enhance
user engagement. For instance, an Alpowered travel assistant might suggest,
"Based on your preferences, would you like to explore budgetfriendly hotels or
premium accommodations?"

One challenge in dialogue systems is ensuring coherence and context awareness.
The system must remember prior exchanges to avoid repetitive or irrelevant
responses. Advanced models like ChatGPT leverage contextual embeddings to
maintain conversational hist ory, improving the flow of multi -turn conversations.

Which is an example of a dialogue system application?

Engaging in customer support conversations via a chatbot.
Translating a scientific paper from German to English.

Generating detailed weather summaries from meteorological data.
Writing a creative story from a user-provided prompt.
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Story generation

Story generation is an exciting application of NLG that uses structured data or
prompts to create engaging narratives. These systems are used in gaming,
education, and creative industries to craft immersive stories tailored to user
preferences. For instance, in a roleplaying game, a story generator might develop
unique side quests based on the player's decisions, enriching their experience.

The process involves a mix of creative algorithms and user inputs. Modern story
generators leverage large language models trained on diverse datasets, enabling
them to mimic different genres, tones, and styles. For example, a user could provide
a prompt like "A knight ventures into a haunted forest," and the system could
produce a suspenseful story with vivid descriptions and a coherent plotline.

A key challenge in story generation is maintaining narrative consistency and logical
progression. Systems must ensure that characters act in alignment with their traits
and that events follow a plausible sequence. As technology advances, story
generators are becoming increasingly capable of creating compelling, human -like
narratives, sparking new possibilities in entertainment and education.

What is a primary use of story generation in NLG?

1 Crafting unique quests for a video game based on user actions.



1 Translating a user manual from English to Japanese.
1 Generating a weather report based on reakime data.
1 Engaging in customer support dialogues for retail services.

Summarization

Summarization in NLG involves creating a concise and meaningful summary of a
larger text. This is achieved by identifying and extracting the most important points
while maintaining the original context. Summarization can be broadly categorized
into extractive summarization , where sentences or phrases are directly taken from
the original text, and abstractive summarization , which involves generating new
phrases to convey the main idea in a natural, humanlike manner.

Summarization is essential in various fields. For example, in journalism, it helps
condense lengthy articles into headlines or short briefs. In research, it creates
abstracts for scientific papers, enabling faster comprehension of core findings.
Summarization also finds utility in customer service, where summarizing call logs
can help agents quickly understand customer issues.

Imagine a legal professional working on a case. Instead of reading hundreds of
pages of a deposition, a summarization tool could generate a concise summary,
highlighting key facts and arguments, saving time and improving efficiency.
Similarly, news platforms like Google News often provide summaries of trending
articles, allowing readers to grasp the essence of stories at a glance.

Which of the following are examples of summarization applications?

Generating abstracts for scientific research papers.

Producing concise versions of lengthy legal documents.
Translating a document from English to Spanish.

Generating automated programming code from natural language.
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Code generation

Code generation refers to using NLG techniques to translate natural language
descriptions into programming code. This process leverages trained models like
OpenAl Codex, enabling developers to focus onhigher-level problem-solving while
the tool automates repetitive or boilerplate coding tasks.



Code generation tools are widely used in software development. They assist in
creating unit tests, database queries, API integration scripts, or even entire
applications. For instance, a developer might describe a functionality in plain
English, and the model generates Python or JavaScript code to implement it. This
technology is valuable in both learning and professional environments, providing
hands-on assistance and reducing errors.

Suppose a user needs to create a function in Python that calculates the factorial of
a number. By typing "write a Python function to calculate the factorial of a number,”
a code generation tool could instantly provide a working implementation, complete
with proper syntax and comments. Similarly, a data analyst could ask for SQL
queries to extract insights from databases without writing them manually.

Which statements about code generation are true?

1 It automates the creation of software by generating code from natural
language.

1 Itis useful for learning to program by providing examples and suggestions.

It generates summaries of programming -related documents.

1 It directly generates scientific research abstracts.

=

Personalized and adaptive communication

Personalized and adaptive communication uses NLG to tailor messages to an
individual's preferences, behavior, or context. This can involve adjusting tone,
content, or delivery based on factors like user demographics, previous interactions,
or preferences. Such communication is vital in marketing, customer support, and
user engagement.

One of the most common applications of this technology is in chatbots and virtual

assistants . Bots like those used in e-commerce can provide product

recommendations based on a customer's browsing history or answer specific

guestions about orders. Adaptive communication also enhances user experience in
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understanding of a topic.

Consider a healthcare chatbot designed to assist patients with medication
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them of specific dosages, and adapting to their queries about side effects or

alternative medications. Similarly, email marketing tools can create highly tailored

promotional messages, dynamically adjusting content for different customer

segments to improve engagement rates.



Which statements about personalized and adaptive communication are true?

It involves tailoring messages to individual preferences or behavior.
It is widely used in chatbots for customer service and e -commerce.
It limits communication to fixed, pre -written responses.

It has no relevance in educational applications.
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Natural Language Generation (NLG) involves transforming raw data or structured
information into human -readable text. While the end result may appear seamless,
the process behind it is complex, requiring a series of well-defined phases to
ensure the output is coherent, relevant, and grammatically correct. These phases,
each addressing a critical aspect of language generation, work together to produce
text that accurately reflects the intended meaning. By breaking down these stages,
we can better understand how machines achieve such an intricate task. Below, we
explore each phase in detail, complete with examples to illustrate their complexity
and functionality.

Content determination

Content determination is the foundational phase of NLG, where the system decides

what information to include in the generated text. This step is crucial for relevance,

as including unnecessary or incomplete data could confuse the user or dilute the
message. The system typically prioritizes data based on its importance and the
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For instance, in a weatherreporting system, the system must decide whether to
include data on temperature, humidity, wind speed, or severe weather alerts based
on the context. If a storm is approaching, the system may prioritize details about its
expected arrival and impact, omitting less critical information like daily humidity
levels.

Content determination often relies on rules, machine learning models, or user
preferences. For example, financial report generators might focus on key
performance indicators like revenue and profit, ignoring granular details unless
explicitly requested. This phase ensures the generated text serves its intended
purpose effectively.



Which of the following are true about the content determination phase in NLG?

Decides what information to include in the text.
Prioritizes data based on importance and user needs.
Ensures grammatical correctness of sentences.
Focuses solely on choosing words and phrases.
Organizes the text into a coherent structure.
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Text planning

Once the content is determined, text planning organizes the information into a
logical and coherent structure. This phase focuses on creating a blueprint for how
the data will be presented, taking into account factors like discourse flow,
emphasis, and rhetorical goals. A well-structured text ensures the reader can easily
follow the narrative or argument.

For example, in a news article generator, text planning may involve placing the most
critical news upfront (a headline or lead), followed by supporting details, and
concluding with background context. This mirrors the "inverted pyramid"” style
common in journalism, where the most important information is delivered first.

Text planning also addresses the relationships between data points. For instance,

in a medical report, the system might first present symptoms, followed by potential
causes, and finally recommend treatments. This logical sequence enhances clarity
and aligns with the reader's expectations.

Which of the following are true about the text planning phase in NLG?

Organizes information into a coherent structure.
Considers rhetorical and discourse goals.
Focuses on grammatical accuracy of sentences.
Prioritizes which data points to include.
Generates the final text output.
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Sentence planning

Sentence planning involves determining the specific words, phrases, and
grammatical structures to use when expressing the information. This phase
transforms abstract ideas into precise linguistic expressions, ensuring clarity and



appropriateness for the target audience. The choice of vocabulary and sentence
style depends on factors like the text's purpose and the user's preferences.

For example, a customer service chatbot might generate the phrase, "Your order will
arrive tomorrow," rather than a more formal alternative like, "The delivery of your
order is scheduled for the subsequent day." Sentence planning ensures that the
tone aligns with the context and user expectations.

This phase also includes referring expression generation, which decides how to
refer to entities within the text. For instance, after introducing "Barack Obama" in a
paragraph, subsequent references might use "Obama," "he," or "the former
president,” depending on the level of formality and clarity required.

Which of the following are true about the sentence planning phase in NLG?

Chooses words and phrases to express information.
Adjusts tone and style to suit the context.

Decides what data to include in the text.

Focuses on organizing data logically.

Ensures the final text is grammatically correct.
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Surface realisation

Surface realisation is the final phase of NLG, where the planned sentences are
converted into fully formed text. This phase ensures grammatical accuracy, fluency,
and naturalness in the generated text. It focuses on turning abstract
representations into po lished, human-readable sentences.

For example, after sentence planning determines the content and phrasing, surface
realisation ensures proper syntax, punctuation, and formatting. The system might
generate the text: "The weather tomorrow will be sunny with a high of 75°F,"
ensuring it adheres to grammatical rules and reads fluently.

Surface realisation often uses language models or templates to generate text that

mimics natural language. For instance, chatbots rely on this phase to produce
egpxgtucvkgpcn"cpf"itcoocvkecnn{"uqwpf"tgurc
What do you need assistance with?"

Which of the following are true about the surface realisation phase in NLG?

1 Ensuresthe text is grammatically correct.
1 Converts planned sentences into polished text.



1 Selects which information to include in the text.
1 Focuses on organizing information logically.
1 Prioritizes data points for inclusion in the text.

Develop a system that generates detailed business reports from structured data
(e.g., sales performance, customer feedback, financial metrics). The system should
produce clear, concise, and grammatically correct text summarizing key insights,
trends, and recommendations.

1 Dataset: https://priscilla.fitped.eu/data/nlp/sales_data.csv

1. Libraries preparation

Use libraries like pandas to load and preprocess data from sources such as CSV
files or databases.

import pandas as pd
import numpy as np

2. Data processing and analysis
Let's load the data and analyze the sales performance and customer satisfaction.

# Load the data

data =
pd.read_csv(‘https://priscilla.fitped.eu/data/nlp/sales_data.c
sV')

# Summarize sales performance

total_sales = data['Sales'].sum()

average_sales = data['Sales'].mean()

sales_trend = data.groupby('Product’)['Sales'].sum()

# Summarize customer satisfaction
avg_satisfaction = data['Customer_Satisfaction'].mean()

# Detecting trends or anomalies (example: sales spikes or
drops)

sales_anomaly = data['Sales'].diff().max() # Max difference
between consecutive sales


https://priscilla.fitped.eu/data/nlp/sales_data.csv

3. Text planning and sentence generation

Now, we'll use a simple sentence generation method to describe these insights. For
the sake of simplicity, we will manually generate sentences. You can later integrate
NLG libraries like SimpleNLG or GPT models for more dynamic sentence
generation.

# Function to generate the report text
def generate_report(total_sales, avg_sales, sales_trend,
avg_satisfaction, sales_anomaly):

report =[]

# General summary

report.append(f*Total sales for the period:
${total_sales:.2f}")

report.append(f"Average sales per day: ${avg_sales:.2f}")

# Sales performance by product
for product, sales in sales_trend.items():
report.append(f*Total sales for {product}:
${sales:.2f}")

# Customer satisfaction
report.append(f*Average customer satisfaction:
{avg_satisfaction:.2f} out of 5")

# Anomalies or trends
if sales_anomaly > 1000: # Arbitrary threshold for
detecting large anomalies
report.append(f"A significant sales change was
detected: ${sales_anomaly:.2f} increase in one day.")

return’ \ n'.join(report)

4. Report generation

# Generate the report text
report_text = generate_report(total_sales, average_sales,
sales_trend, avg_satisfaction, sales_anomaly)

# Output the report as plain text
print(report_text)

# Optional: Save the report to a text file

with open("business_report.txt", "w") as file:



file.write(report_text)

Program output:
Total sales for the period: $900262.00

Average sales per day: $833.58

Total sales for Product A: $493752.00

Total sales for Product B: $406510.00

Average customer satisfaction: 3.51 out of 5

A significant sales change was detected: $1325.00 increase in
one day.

Another way to approach text generation, especially in Python, is to use
transformer -based models from popular deep learning frameworks such as
Hugging Face's Transformers. These models, like GPT-3, BERT, and T5, are highly
effective at generating coherent and contextually appropriate text based on the
input prompt.

Steps to implement Text generation with Hugging Face
1. Install required libraries

First, install the Transformers library along with PyTorch (or TensorFlow, depending
on your preference). In our system is currently installed.

Ipip install transformers torch

2. Choose a pre-trained model

1 You can use any pretrained model from Hugging Face's Model Hub, such as
GPT-2, T5, or GPT3 (via the OpenAl API). For this example, let's use GP12,
where you do not need API key.

from transformers import GPT2LMHeadModel, GPT2Tokenizer

# Load pre - trained model and tokenizer

model_name = "gpt2"

model = GPT2LMHeadModel.from_pretrained(model_name)
tokenizer = GPT2Tokenizer.from_pretrained(model_name)

3. Write python code
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# Set pad_token_id to eos_token_id to avoid the warning.

# This ensures the tokenizer uses the <|endoftext|> token

(eos_token) for padding,

# which is compatible with GPT - 2 as it does not have a native
pad token.

tokenizer.pad_token = tokenizer.eos_token

# Encode the input prompt into token IDs.

# “input_text" is converted into a sequence of integers (token
IDs) that the model understands.

# “return_tensors="pt"" ensures the output is a PyTorch
tensor, required by the model.

input_text = "Say me how are you?"

input_ids = tokenizer.encode(input_text, return_tensors="pt")

# Generate text based on the input tokens.
# “input_ids’: The encoded input prompt used as a seed for
generation.
# ‘'max_length=150": The maximum length of the generated text
(including input tokens).
# ‘num_return_sequences=1": Specifies generating only one
sequence.
# 'no_repeat_ngram_size=2": Prevents repeating n - grams (word
sequences of size 2).
# “temperature=0.7": Controls the randomness of generation
(lower = more deterministic).
# “pad_token_id=tokenizer.pad_token_id": Specifies the padding
token explicitly to avoid warnings.
output = model.generate(

input_ids,

max_length=150,

num_return_sequences=1,

no_repeat_ngram_size=2,

temperature=0.7,

pad_token_id=tokenizer.pad_token_id # Set pad_token_id
explicitly
)

# Decode the generated token IDs into human - readable text.
# "tok” represents one generated sequence in “output’.

# “skip_special_tokens=True: Removes tokens like

<|endoftext|> from the output.

for tok in output:



generated_text = tokenizer.decode(tok,
skip_special_tokens=True)

# Print the generated text to see the result.
print(generated_text)

Program output:
Say me how are you? I'm not a doctor, | don't know what you're

talking about. | just want to know how you feel. You're not
going to tell me what to do.

"I'm sorry, but | can't do anything about it. It's not my
fault. If you want me to, you can. But | want you to be happy.
And | know you don' want that. So I'll just leave it at that."
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1 Set padding token - the model uses <|endoftext|> for padding.

1 Encode input "Say me how are you?Y [6473, 502, 783, 389, 345] (example
token IDs).

1 Generate output produces a sequence of token IDs based on the input
prompt.

1 Decode output converts the generated token IDs into readable text (e.g., "Say
me how are you? | am doing well. How about you?").

Use GPT-2 for generating a financial summary based on historical financial data.
The goal is to understand how to integrate GPT-2 into a workflow to produce
human-like financial text and to develop proficiency in working with transformers
and preprocessing data.

1. Dataset Preparation

1 Download data provide a CSV file containing sample data (e.g., quarterly
revenue, profit, expenses, and growth rate, or linked file).

1 Understand the structure you should explore the dataset using Python and
libraries like pandas to understand its features.

1 Dataset: https://priscilla.fitped.eu/data/nlp/sales_data.csv

# write your code


https://priscilla.fitped.eu/data/nlp/sales_data.csv

2. Generate structured summaries programmatically
1 Clean and prepare the dataset for textual input.
1 Extract meaningful patterns or insights (e.g., calculate percentage growth or
compare revenues across quarters).

Example Task:

1 Write a Python function to generate sentences like: "In Q3, the company
reported a revenue of $500M, a 10% increase compared to Q2 2022."

# write your code

3. Integrate GPT-2 for enhancing the summaries.

T If fine-tuning is feasible, provide a set of financial summaries to fine -tune
GPT-2 for generating domain -specific text.
1 Otherwise, directly use GPT2 for generation.

# write your code

4. Model integration

1 Input Prompt Design: Craft prompts to guide GPT-2. Example: "Summarize
the following financial data: Revenue: $500M, Growth: 10%, Profit: $50M."
1 Generate Text: Use the GPT2 model to generate summaries.

# write your code

5. Output evaluation

1 Compare GPT-2's generated summary with a manually written summary.
1 Evaluate based on clarity, accuracy, and fluency.

# write your code
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Understanding the type of data we work with is crucial in NLP. Data can be broadly

classified into structured and unstructured forms. Structured data is neatly

organized and fits into rows and columns, such as spreadsheets or databases. For

example, a table listing students’' names, grades, and attendance is structured data

because it follows a clear, predefined format. Unstructured data, on the other hand,
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posts, images, and audio recordings.

Unstructured data is far more common in real -world scenarios. For instance, news
articles, customer reviews, and chatbot conversations are all unstructured. While
structured data can be directly analyzed using standard tools, unstructured data
requires specialized techniques to make sense of it. NLP focuses on this challenge
- turning raw, unstructured text into useful insights.

Why does unstructured data require special attention? Imagine receiving hundreds
of emails daily. Without NLP tools, analyzing trends in the messages would be
overwhelming. Techniques like tokenization, text cleaning, and linguistic parsing
help convert unstructured data into a format that computers can process. This
transformation is what makes advanced applications like chatbots and sentiment
analysis possible.

Which of the following is an example of structured data?

A table of student grades in a database.
A collection of tweets from social media.
A list of photos on your phone.

A conversation between two friends.
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Why is unstructured data challenging for NLP?

1 Itlacks a predefined format.

T Itis stored in rows and columns.

T Itis too small for NLP models.

T It can only be analyzed by humans.

Before NLP techniques can be applied, we first need to collect and store data
effectively. Sources of NLP data include web scraping, where information is



extracted from websites, and APIs, which allow programs to retrieve data from
services like Twitter or Google. For example, a chatbot analyzing customer
sentiment might rely on product reviews collected from e -commerce websites.

Once collected, the data needs to be stored in a way that allows efficient
processing. Databases, cloud storage, and file systems are commonly used for
structured data. For unstructured data, storage formats such as plain text files (.txt)
or JSON files are more appropriate. For example, a dataset containing social media
comments might be stored as a JSON file, with each comment as a separate entry.
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for training an NLP model to classify news articles. If the articles are labeled as

"sports,” "technology," or "politics," the system can learn to recognize these

categories. Without proper organization, the training process becomes chaotic and

less effective.

Which source is commonly used to collect data for NLP?

Web scraping

APls

Collecting physical notebooks
Random guesses files from the system

= =4 =4 =4

Why is it important to label data during storage?

To ensure the model learns specific patterns.
To make training more effective.

To reduce the storage size.

To randomly classify the data.
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The Internet is currently the primary source of textual information, making it
essential to preprocess text for any analysis. Text preprocessing involves loading
the text from a source and applying simple modifications to prepare it for further
processing.

One commonly used tool for this purpose is the Requests library for Python, widely
rtckugf"hqgt"kvu"ukornkekv{"cpf"gcug"qh"wugO"
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The Requests library simplifies the process of sending HTTP requests to servers. It
offers various functions that allow users to retrieve and interact with web content
effectively. For example, it enables you to fetch a webpage's content and handle the
server's responses. This functionality is particularly useful when work ing with data
from the web.

In this case, the get() function from the Requests library is especially important.

This function allows you to send an HTTP request to a webpage, effectively

ufqypnqgcf kpi Y"kvu"eqpvgpv"cpf"uvgtkpi "kv"kp"
can use the .content attribute to view the raw HTML code of the webpage. This is

the first step in many text analysis workflows, as it allows us to access and process

online textual data efficiently.

For example, you could useget() to fetch the HTML content of a news article, save
it as a variable, and then preprocess it to remove unnecessary tags or extract the
main text for analysis.

import requests

link = "https://www.google.sk"
page = requests.get(link)

print(page.content[:500])

Program output:
bl

When working with web pages, even simple ones (like the Google homepage), the
raw HTML code retrieved is often quite large and difficult to navigate. To make
sense of this complexity, the Requests library is typically paired with other tools
designed to process and extract information from HTML. One such tool is the
LXML library, a Python library built specifically for processing HTML and XML
documents.

With LXML, we can execute XPath queries to locate and extract specific elements

or data points within the HTML code. XPath is a W3C standard technology

designed to navigate and manipulate the structure of XML or HTML documents. If
{gwXtg"hcoknkct"ykv)"ZON"rtgeguukpi."{gw"oki
quick refresher.

What is XPath?

XPath provides a way to define a "path" to elements or attributes in XML or HTML
fgewogpvuO" KvXu"vjg"hgwpfcvkgpcn"vgejpgngi {"
is widely used for data selection and navigation. Think of XPath as similar to



navigating a file system: it uses forward slashes (/) to specify paths, just as you
would move through folders in a directory structure. For example:

1 /html/body/hl selects the <h1> element inside the <body> tag.
1 /ldivi@class="example'] selects all <div> elements with a class attribute of
"example."

This ability to specify precise paths makes XPath invaluable for extracting data
from complex HTML documents. For instance, you can extract the main content of
an article, specific table rows, or metadata like titles and descriptions.

By combining the Requests library to fetch HTML and the LXML library to process

it with XPath queries, you can effectively extract structured data from unstructured
ygd"rciguO"Hqt"oqtg"fgvcknu"qp"ZRcvj."{gw"ec
Vwvgt kcnOY

We will demonstrate the use of the Request and LXML libraries on a simple
example, where we load the content of the element <title> from the www.ukf.sk

page.

#import necessary libraries
import requests
from Ixml import html

#load the homepage of UKF
link = "https://www.ukf.sk"
page = requests.get(link)

#load the page content as a DOM
tree = html.fromstring(page.content)

#create and execute an XPath expression
#XPath expression //title ensures that all

Task:

Using the Request and LXML libraries, load and display all menu items from the
https://www.ukf.sk/en home page, if you know that each menu item is located in a
<span> element, this element is part of the <a> element, which is located in

the element <li>.

#import necessary libraries
import requests


https://www.ukf.sk/en

from Ixml import html

#load the homepage of UKF
link = "https://www.ukf.sk/en"
page = requests.get(link)

#load the page content as a DOM
tree = html.fromstring(page.content)

#create and execute an XPath expression
result = tree.xpath("//li/a/span/text()")
print(result[:10])

Program output:

['University', 'History', '"Academic Insignia and Symbols',
'Former Leading Representatives ', ‘Honorary Doctors',
‘University Bodies', '"Academic Senate', 'Rector’, 'Scientific
Council', '"Administrative Board']

The combination of the Request and LXML libraries offers us a powerful tool for
browsing the web, searching for information and their subsequent loading it in
Python. Using these two tools, it is practically possible to load data from any page
and further to use this data for own needs in the Jupyter Notebook environment.
However, we must not forget that a properly defined XPath expression is a
condition for the proper functioning of such scripts. We can create it by examining
the HTML source code of the page being loaded.

On the page https://www.hockeyslovakia.sk/sk/stats/competitors/697/ms  -2019-
slovensko, you will find complete team statistics from the 2019 World Cup of
Hockey. Use the Request and LXML libraries to load and display the number of
shots on goal, display the basic statistics (minimum, maximum, average).

If we visit the page https://www.hockeyslovakia.sk/sk/stats/competitors/697/ms -
2019-slovensko, after viewing the source code, we will find that the data concerning
the number of shots on goal is part of the HMTL code: <td class="column-
ShotsOnGoal">222</td>


https://www.hockeyslovakia.sk/sk/stats/competitors/697/ms-2019-slovensko
https://www.hockeyslovakia.sk/sk/stats/competitors/697/ms-2019-slovensko
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We create an XPath query to load the value of this element:"//td[@class='column -
ShotsOnGoal'J/text()", which finds all <td>elements with the class attribute
(attribute name is preceded by the @ sign in the XPath) set to the value '‘column-
ShotsOnGoal. Using the text() function, we load the content from this element.

#import necessary libraries
import requests
from Ixml import html

#load the homepage of UKF

link =

"https://www.hockeyslovakia.sk/sk/stats/competitors/697/ms -
2019 - slovensko"
page = requests.get(link)

#load the page content as a DOM
tree = html.fromstring(page.content)

#create and execute an XPath expression
result = tree.xpath("/td[@class="'column -
ShotsOnGoal']/text()")

print(result)
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Program output:
['339', '374', '386', '337', '197', '289', '304', 277",
'243','222', '185', '205', '163', '177', '120', '133"]

The result variable currently contains a list of the number of shots on goal by
individual teams. We can continue to work with this variable (list). For example, to
find the required minimum, maximum, and average value. Currently, the result
variable contains text values. Therefore, the first step will consist of their quick
conversion to an integer.

shoots = [int(i) for i in result]
print(shoots)

Program output:
[339, 374, 386, 337, 197, 289, 304, 277, 243, 222, 185, 205,

163, 177, 120, 133]

Subsequently, we can load the list using the Pandas library, which has implemented
basic functions for calculating the minimum, maximum, and average.

import pandas
df = pandas.DataFrame(shoots,columns = ['shots_on_the_goal’)
print(df.head())

Program output:
shots_on_the_goal

0 339
1 374
2 386
3 337
4 197

print(df['shots_on_the goal’].mean())

Program output:
246.9375

print(df['shots_on_the_goal’].max())
Program output:

386

print(df['shots_on_the goal‘].min())



Program output:
120

It is obvious that we can work with data from any page in a similar way. We know
e.g. find out the minimum, maximum average price of a new phone or scooter (or
any product) in the selected e-shop, provided that the correct XPath expression is
formulated.



Rt grtqgegu

Chapter 8



NLP is a branch of Al that focuses on enabling computers to understand, interpret,
and respond to human language. NLP powers applications such as chatbots, virtual
assistants, search engines, and sentiment analysis systems. To perform these
tasks, NLP models analyze relationships within the text, such as between words,
sentences, and paragraphs. However, raw text data is often messy and
inconsistent, making it challenging for these models to process directly.

This is where text preprocessing becomes essential. Preprocessing transforms
unstructured, noisy text into a clean and structured format that NLP models can
interpret effectively. For instance, text on a webpage may include irrelevant content,
such as HTML tags or excessive punctuation, which can confuse the model.
Preprocessing ensures that only the meaningful components of the text are
retained, improving model performance.

Some common preprocessing tasks include:

1. Removing stop words like "the," "is," and "and" are frequent but carry little
meaning on their own. Removing them reduces noise.

2. Tokenization is splitting the text into smaller units, such as words or
sentences, allows models to analyze language at granular levels.

3. Stemming and lemmatization reduce words to their base or root forms. For
example, "running,” "runs," and "ran" are reduced to "run," enabling the model
to treat them as the same concept.

Preprocessing not only improves the efficiency of NLP systems but also
standardizes text input, making it easier for models to draw meaningful insights.
Without these steps, the models would struggle with inconsistencies, leading to
lower accuracy.

Which of the following are common tasks in text preprocessing?

Removing stop words like "the" and "and."

Tokenizing text into smaller units like words or sentences.
Ignoring text formatting and punctuation entirely.
Avoiding any modifications to the raw text data.

=A =4 4 =4

Raw text data often contains inconsistencies, irrelevant details, and variations that
can hinder the performance of NLP models. Preprocessing transforms this raw text
into a clean and structured format that is easier for algorithms to analyze. The key



objectives of preprocessing include removing noise, standardizing the text, and
preparing it for tokenization and feature extraction.

Steps in preprocessing typically include:

T text cleaning - remove unwanted characters, numbers, or punctuation that
do not contribute to understanding the text.
1 lowercasing - convert all text to lowercase to ensure uniformity.

By cleaning and standardizing the text, we can eliminate unnecessary variations
and make the data consistent for analysis.

Why is text preprocessing important in NLP?

Ensures text is consistent

Reduces text size to save memory
Improves the performance of models
Removes all irrelevant words

= =4 =4 =4

Tokenization

Tokenization is the process of breaking text into smaller units, known as tokens.
Tokens can be words, characters, orsubwords, depending on the application's
requirements. Tokenization helps convert unstructured text into a structured format
that NLP models can process.

For example, the sentence"NLP is fun!"can be tokenized into individual words:
T ['NLP", "is", "fun"]
Advanced NLP models, like BERT, often usesubword tokenization to handle

unknown words. For instance, the word "playing" might be tokenized into ["play”,
"##ing"].

What is the main purpose of tokenization in NLP?

To split text into structured units

To break text into sentences

To divide text into tokens like words or subwords
To identify grammatical errors

=A =4 4 =4



Stopword removal

Stopwords are common words that do not carry significant meaning in the context

of text analysis. Examples of stopwords include "the," "is," "and," and "in." Removing
stopwords can reduce noise in the data and improve the focus on more meaningful
words.

However, the decision to remove stopwords depends on the task. In sentiment
analysis, for example, stopwords may carry important context.

Python libraries like NLTK or spaCy provide built-in lists of stopwords that can be
filtered out during preprocessing.

Why might removing stopwords improve NLP model performance?

It reduces irrelevant data

It removes all meaningful context

It eliminates common words that carry little information
It shortens text for tokenization

= =4 =4 =

Lemmatization and stemming

Lemmatization and stemming are methods used to reduce words to their base or
root forms:

1 Stemming cuts off prefixes or suffixes, often resulting in shortened,
sometimes incomplete forms (e.g., "running” Y "run").

1 Lemmatization converts words to their dictionary base form, considering
their context and part of speech (e.g., "running"Y "run," "better"Y "good").

Lemmatization is generally more accurate but computationally intensive, while
stemming is faster but less precise.

What is the difference between lemmatization and stemming?

Stemming is less accurate but faster

Lemmatization considers context and part of speech
Stemming always produces dictionary forms
Lemmatization is faster than stemming

=A =4 4 =4



Identify which words are part of the tokenized result.
"Artificial Intelligence is transforming industries around the  world."

Artificial
Intelligence
transforming
Al

transform
the

world
industry

=4 =4 =4 =4 -4 A A -4

Tokenize following text into words ordered by alphabet.

"Artificial Intelligence is transforming industries around the world."

industry

Al

Artificial
transforming
around

is
transforms
industries
change
world

the
Intelligence

=4 =4 =4 =4 =4 -4 5 4 -4 -4 -2 A

Identify which words remain after stopword removal (use original sentence order).

"The quick brown fox jumps over the lazy dog."

1 the



brown
fox
lazy
The
dog
jumps
quick
over

= =4 =4 -4 -4 A8 - -4

Identify stopwords used by a standard English stopword list.

The
over
the
quick
brown
fox
jumps

= =4 =4 =4 -4 A 4

Apply lemmatization to reduce each word to its base form.
"Cats are running quickly to chase the mice."

Result:

running
chase
mouse
be
quickly
is

to

cats
run

the

cat

are
quick
mice

=A =4 =4 =4 =4 -4 5 4 -8 -4 -8 -4 - 9



Identify which words are part of the stemmed result:
"Working on stemming processes helps in text preprocessing."

work

on

stem
process
help

in

text
preprocess
working
helps

the
stemmed

= =4 =4 =4 -4 4 4 -4 -4 -4 -4 -

Tokenization is the process of breaking down a stream of text into smaller units
called tokens, such as words, phrases, or sentences. These tokens serve as the
building blocks for many NLP tasks. Tokenization helps transform raw text into a
structured format that is easier for models to analyze and process. For instance, a
sentence like "I love NLP!" might be tokenized into ["I", "love", "NLP", "1"]. This step is
crucial for enabling text analysis, such as sentiment detection, text classification,

and translation.

One of the initial steps in data preparation is tokenization at the sentence level. The
sent_tokenize() function from the Natural Language Toolkit (nltk) library in Python
is used to split a given text into individual sentences. It is a part of the nltk.to kenize
module and relies on pre-trained models to identify sentence boundaries
effectively.

The function can handle language-specific nuances in sentence boundary
detection, such as abbreviations (e.g., "Dr.", "etc.") or unusual punctuation. It uses
periods, exclamation marks, and question marks to identify sentence boundaries,
ensuring accurate splits.

1 The inputis a block of text containing one or more sentences.

1 The function applies a pre-trained tokenizer model that identifies sentence
boundaries based on punctuation, spacing, and linguistic rules.

1 Output is a list of sentences, each as a string.



from nltk.tokenize import sent_tokenize

# Example text
text = "Natural Language Processing is exciting! It involves
various tasks, like tokenization. Isn't that amazing?"

# Tokenizing into sentences
sentences = sent_tokenize(text)

# Output the result
print(sentences)

Program output:
[Natural Language Processing is exciting!’, ‘It involves

various tasks, like tokenization.', "Isn't that amazing?"]

Why use sent_tokenize() ?

1 Many NLP models require input at the sentence level. Breaking down
paragraphs into sentences is a common first step.

1  Summarization and sentiment analysis often operate on sentences to
identify key points or sentiments.

1 Sentences are easier to analyze than large, unstructured blocks of text.

Limitations of send_tokenize() are:

1 Dependency on language models- the accuracy of sent_tokenize() depends
on the pre-trained model's quality and the specific language or dialect.

1 Ambiguities in punctuation might struggle with complex cases, such as
guotes or nested punctuation.

1 This example will focus on the use of the sent_tokenize() function, which
creates tokens in the form of sentences from coherent text.

from nltk.tokenize import sent_tokenize

# assigning the text of the poem to the variable poem in one
string

poem = "He who carries a pure heart does not need much to be
happy. He easily takes off from the morning dew on lame wings
to heaven. Little children of God. Wandering stars. Lilies



follow them. And God knows it. And He will not forget. Neither
will we."

# tokenization into sentences
sentences = sent_tokenize(poem)
print(sentences)

Program output:
['He who carries a pure heart does not need much to be

happy.', 'He easily takes off from the morning dew on lame
wings to heaven.', 'Little children of God.', 'Wandering
stars., 'Lilies follow them.', 'And God knows it.", 'And He
will not forget.', ‘Neit her will we."]

# the output of the function can also be assigned to a
variable
verse = sent_tokenize(poem)

#then itis possible to access individual sentences as
elements of a list
print(verse[0])

Program output:
He who carries a pure heart does not need much to be happy.

The sent_tokenize() function is an instance of PunktSentenceTokenizer. This
instance is trained and works very well for most major world languages. We can
improve its operation by setting the language in which we will do the tokenization.
The next example shows how to improve tokenization by setting the language
(English, Sanish) which is trained on.

import nltk.data
nltk.download('punkt')

# setting the tokenizer trained on English
en_tokenizer =

nitk.data.load(‘tokenizers/punkt/PY 3/english.pickle’)

en_bible_text = "In the beginning was the Word, and the Word
was with God, and the Word was God."

# tokenization of English text
en_bible = en_tokenizer.tokenize(en_bible_text)

print(en_bible)



Program output:
['In the beginning was the Word, and the Word was with God,

and the Word was God.']

[nltk_data] Downloading package punkt to
/home/johny/nitk_data...

[nltk_data] Package punkt is already up - to - date!

# setting the tokenizer trained on Spanish
sp_tokenizer =
nltk.data.load('tokenizers/punkt/PY3/spanish.pickle’)

sp_bible_text = "En el principio era el Verbo, y el Verbo con

Dios, y el Verbo era Dios. Este era en el principio con Dios.

Todas |l as cosas por ®I fueron hechas,
ha sido hecho, fue hecho. En ®I estaba
la luz de los hombres. La luz en las tinieblas resplandece, y

las tinieblas no prevalec ieron contra ella.”

# tokenization of Spanish text

sp_bible = sp_tokenizer.tokenize(sp_bible_text)

print(sp_bible)

Program output:

['En el principio era el Verbo, y el Verbo con Dios, y el

Verbo era Dios.', 'Este era en el principio con Dios.', "Todas

|l as cosas por ® fueron hechas, y sin
sido hecho, fue hecho.', "En ®I estaba
la luz de los hombres.’, 'La luz en las tinieblas resplandece,

y las tinieblas no prevalecieron contra ella.’]

Sentence tokenization

The second and, in our opinion, more frequently used tokenization is the sentence
tokenization into individual words, and/or tokens. From the point of view of text

processing, individual sentences consist of tokens and spaces. Therefore, a token
is any string of characters that usually must be between two spaces (whitespace).
Sentence tokenization itself is not a simple process. During this process, it is also

necessary to deal with the following issues:

1 A decimal point (e.g. number 2.06). For the tokenizer, the point or comma
character represents the point at which the token can be separated.

y
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However, by numbers, it must decide whether it will be suitable to divide the
number.

1 The second issue with numbers is their (for better readability) "traditional”
presentation with spaces (e.g. 3 113 416 123). In this case, the tokenizer
must not treat spaces as token separators.

1 Mastering various special characters, upper and lower case letters, subscript
and superscript, colon, full stop, question mark, exclamation mark, quotation
marks, asterisks, mathematical symbols and others.

1 The issue of the so-called linking words (e.g.: within, on black, and so on,
Nitriansky region, Nitriansky self-governing region, etc.), where it is more
appropriate to understand the linking words as a whole and not to divide it
into several tokens.

For sentence tokenization, it is suitable to use the word_tokenize() function, which,
as we can see in the following example, also takes into account punctuation marks,
which it also works with as tokens.

from nltk.tokenize import word_tokenize

first_sentence = "In the beginning was the Word, and the Word
was with God, and the Word was God."

print(word_tokenize(first_sentence))

Program output:

['In', 'the’, 'beginning’, 'was’, 'the’, 'Word', ',", 'and’,
'the’, 'Word', ‘was', ‘with’, 'God’, ',', 'and’, 'the’,
‘Word', 'was', 'God’, "."]

In the following text, we will not discuss all tokenization options. The functions for
tokenization with the option to define own regular expressions, or to train own
tokenizer which takes into account the special characteristics of the analysed text,
are particularly interesting. More detailed information about these procedures can
be found in the publication (Perkins, 2014).

Stopwords

Words in the analysed text that do not have much meaning from the point of view
of semantics (especially prepositions, conjunctions and function words) are
denoted as stopwords. Removing them will improve indexing, text analysis and
reduce data size. Stopwords represent 20 to 30% of all words in a document. In the
following text, we present a list of stopwords for the Slovak and English language:

T Ungxcm<"c."cl."cd{."cng. cmqg. "9%pgq.
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pc. "o e*i."o{."pkgv."pcf."pkg."pgx‘."pg’ﬁ.

rgf c¢c."rtH9%xg."rqvgo. "rtgvg."rtx ."rt
vwvqg. "vgfc."vgpvg. "vg. "wA. "vqvg. " | !
Ng..

1 English: [and, also, to, but, as, yes, or, even, probably, be, without, by, whether,
through, to, what, still, today, only, next, is, him, her, me, his, every, to, where,
which, where, have, who, my, to, on, can, we, no, above, no, new, than, nothing,
after, about, from, he, why, under, before, according to, just, then, therefore,
first, at, with, with, with, you, your, back, so, that, so, this, thus, this, that,
already, this, from, here, your, you, u, in, that your, more, however, all, you, for,
that ...]

It is possible to use stopwords for many languages within the NLTK library. After
importing stopwords, it is possible to display languages for which stopwords exist
in NLTK.

from nltk.corpus import stopwords

# first, let's check the languages for which we have stop
words in the library
print(stopwords.fileids())

Program output:

['arabic’, 'azerbaijani’, 'basque’, ‘bengali’, ‘catalan’,

‘chinese’, 'danish’, ‘dutch’, 'english’, ‘finnish’, ‘french’,

‘german’, ‘'greek’, 'hebrew’, 'hinglish’, 'hungarian’,

'indonesian’, 'italian’, 'kazakh’, 'nepali’, 'norwegian’,
‘portuguese’, ‘romanian’ , 'russian’, 'slovene’, 'spanish’,
'swedish’, 'tajik’, 'turkish']

In the case of stopwords, it is actually only a text list. For Slovak, we have prepared
a list consisting of Slovak stopwords at
https://priscilla.fitped.eu/data/nlp/stop_words_slovak.txt

import pandas as pd

# URL of the file
url =
"https://priscilla.fitped.eu/data/nlp/stop_words_slovak.txt"

# Read the file as a text file using pandas
data = pd.read_csv(url, header=None) # Read as a raw text
file with no headers

# Convert each row into a list of lines
lines = data[0].tolist()


https://priscilla.fitped.eu/data/nlp/stop_words_slovak.txt

# Print the list of lines
print(lines)

Program output:

['a’, 'aby’, 'aj, 'ak’, 'ako’, ‘ale’, 'alebo’, ‘and’, 'ani',

'8no', 'asi', '"ag', '"bez', "bude', "budem',
"budete', "bud% , "by', "bol', "bola', '"bol
‘cez', '"lo", "Ii'", "Nalg?', '"Nalgia"'", 'Nalg
"ho', 'egte', "for', "i', '"ja', 'jk', '"jeho
‘iba', '"in® , 'inlT', '"som', 'si', '"sme', 's
'kagdl', '"kagdg§', 'kagd®' , "kagd2', 'kde',
'"ktorg8' , '"ktor®' , 'ktorou', '"ktorT', "ktor?2
‘len', 'ma', 'maS', 'm&', 'm&§te', 'medzi ',
'mnou’,'mus i eS', 'mtc¢cS', 'mtj', 'mige', 'my',K
'n§m', 'n8¢g', 'nagi', '"'nie', '"nech', '"neg',
'nov®', 'novi', 'novs§8', 'nov®', 'novz2', ‘'o
‘*of*, '"on*', '"oOona', 'ono', '"oni', "ony', 'po
‘pokialO', 'potom,, ' 'ppeS8ve’'prelo', 'preto',
'pretoge', '"prvIi', "prvs§', '"prve', 'prvz2',
"pri', 'plta', 's', 'sa', '"so', "si', 'svoj
‘svojich", '"svojZm', '"svojZmi', "ta', '"tak'
"teda' , "te', "ten', "tent o', "t hetl mta'ieto
'"tieg', '"to', "toto', "toho', "tohoto', "to
"tomut o' , "toto', "tu', 7 "t Vat o', "t voj
‘uvg', 'v', 'v8m', 'v§8¢g', 'vage', 'vo', 'via
'vgetok', 'wvy', 'z', ‘'"za', '"zo', '"ge']
Frequency

The basic operations of discovering knowledge from a text include isolating words
and finding the frequency of individual words. In the NLTK library we can find a
useful function that can work with created tokens and determine their individual
guantities (numbers). It is the FreqDist() function. The input to the function is a list
(mostly words/tokens). This function is used to find the words frequency in a text.
As a return value, it returns the data in the so-called dictionary. To read the return
values, we need to know the associative indexes.

We will show the use of the function on the example of recording actions
(interventions/actions) of action heroes.

hero_actions_in_order = ['Superman’, 'lron_man’,
'‘Cpt_America’, 'Superman’, 'lron_man’, 'Superman’]



from nltk.probability import FreqDist
frequency = FregDist(hero_actions_in_order)

print(frequency)

Program output:

The output can also be read using the so-called associative indexes.

print(frequency['lron_man'])
print(frequency['Superman'])

Program output:

3

It is also possible to display the first n most frequently occurring words in the list.

print(frequency.most_common(2))

Program output:
[(Superman’, 3), (‘'Iron_man', 2)]

Applying the FreqgDist() function will be the content of the next practical task.
Through a practical example, we will show how this function works and also the
use of previous knowledge about the Requests library and creation of XPath
expressions. In our next example, we will attempt to analyse Greek fables. We
believe that the reader is familiar with some of them.

For text analysis, we need a lot of textual content (volume), and probably no need to
remind that a text like "Lorem ipsum dolor sit amet..." would probably not be
suitable. Just for the sake of interest, the mentioned text "Lorem ipsum..." has been
used since the 16 century. The text resembles ordinary Latin, but in reality it is a
meaningless mutilation.

The problem with selecting text for analysis is that a meaningful amount of text
needs to be selected. For educational purposes, it is advisable for students to know
this text at least in part (for easy verification of results and the meaningfulness of
the examples). From a legal point of view, it is advisable to choose a text for which
the author has permission to publish or is not subject to copyright.



From the point of view of these criteria, texts from the Bible are probably the most
frequently analysed texts in books and publications about text mining. From a book
whose at least (approximate) content is probably known to most readers, even in
the Arab world, authors of publications can analyse the Old Testament. This book is
not subject to copyright, and all the authors of this book would certainly not object
to the dissemination of these texts even without their consent.

In our next example, we will try to analyse texts that also meet the above criteria,
Greek fables.

T Kp"vgtou"gh"vjg"dcuke"ejctcevgtkuvkeu"qgh"
Nkgp"cpf"vjg"Oqwug4. "ug4Vjg"Ygnh"cpf"vjg" Nc
Nkgp4o

May be a good resource for Aesop's Fables ishttps://www.sacred -
texts.com/cla/aesop/index.htm . We can copy the texts from this page.

Among the basic characteristics of the text that can be obtained will be:

number of words in fables,

number of sentences,

number of unique words,

average number of words in sentences,
finding the longest sentence and others.

= =4 =4 -4 A

We will analyse the English texts of Aesop's fables. After the initial import of the
necessary libraries, we create three variables with the copied text.

import nltk

nltk.download('punkt')

from nltk.tokenize import sent_tokenize
from nltk.tokenize import word_tokenize

lion_and_mouse = "A lion was awakened from sleep by a Mouse
running over his face. Rising up angrily, he caught him and

was about to kill him, when the Mouse piteously entreated,

saying: 'lf you would only spare my life, | would be sure to

repay your kindn ess.' The Lion laughed and let him go. It
happened shortly after this that the Lion was caught by some

hunters, who bound him by strong ropes to the ground. The

Mouse, recognizing his roar, came, gnawed the rope with his

teeth, and set him free, exclaiming , "You ridiculed the idea
of my ever being able to help you, expecting to receive from


https://www.sacred-texts.com/cla/aesop/index.htm
https://www.sacred-texts.com/cla/aesop/index.htm

me any repayment of your favor; now you know that it is

possible for even a Mouse to confer benefits on a Lion.™
wolf_and_lamb = "A Wolf, meeting with a Lamb astray from the
fold, resolved not to lay violent hands on him, but to find

some plea to justify to the Lamb the Wolf's right to eat him.

He thus addressed him: 'Sirrah, last year you grossly insulted
me."'Inde  ed,' bleated the Lamb in a mournful tone of voice,

'l was not then born.' Then said the Wolf, 'You feed in my
pasture.’ 'No, good sir,’ replied the Lamb, 'l have not yet

tasted grass.' Again said the Wolf, 'You drink of my well.'

'No," exclaimed the Lamb, 'l never yet drank water, for as yet
my mother's milk is both food and drink to me." Upon which the
Wolf seized him and ate him up, saying, 'Well! | won't remain
supperless, even though you refute every one of my

imputations. The tyrant will always find a pretext for his
tyranny.™

lion_kingdom = "The beasts of the field and forest had a Lion

as their king. He was neither wrathful, cruel, nor tyrannical,

but just and gentle as a king could be. During his reign he

made a royal proclamation for a general assembly of all the
birdsand b  easts, and drew up conditions for a universal
league, in which the Wolf and the Lamb, the Panther and the

Kid, the Tiger and the Stag, the Dog and the Hare, should live
together in perfect peace and amity. The Hare said, 'Oh, how |
have longed to see this day, in which the weak shall take
their place with impunity by the side of the strong.' And

after the Hare said this, he ran for his life."

print(lion_kingdom)

Subsequently, according to already known commands, we will tokenize sentences
and words in sentences.

sentences_fablel = sent_tokenize(lion_and_mouse)
sentences_fable2 = sent_tokenize(wolf_and_lamb)
sentences_fable3 = sent_tokenize(lion_kingdom)

print(sentences_fable3)

Program output:
[ The beasts of the field and forest had a Lion as their

king.', 'He was neither wrathful, cruel, nor tyrannical, but

just and gentle as a king could be.", 'During his reign he

made a royal proclamation for a general assembly of all the
birds and beasts, a nd drew up conditions for a universal
league, in which the Wolf and the Lamb, the Panther and the



Kid, the Tiger and the Stag, the Dog and the Hare, should live
together in perfect peace and amity.', "The Hare said, 'Oh,
how | have longed to see this day, in which the weak shall
take their place with impunity by the side of the strong.",

'‘And after th e Hare said this, he ran for his life."]

Functions sent_tokenize() and word_tokenize() give the result list. Whether it is a
list of sentences or a list of words, it is always a list data type. This data type
represents a collection (set of values) that is ordered and changeable. At the same
time, the list allows duplication of its items (m embers). This means that a list can
contain multiple identical items/members (equal values). In Python, lists are written
in square brackets. Therefore, we create our own list simply by inserting the list
elements (separated by commas) in square brackets.

List and Set
In our example, we will use two basic functions for working with the list:
1 Function len() - the function counts the number of list items.

list_of heroes = [Hulk', 'Parker’, 'Iron_man’, 'Cpt_America’,
‘Superman’]
print(len(list_of heroes))

fibonacci_numbers =[1, 1, 2, 3, 5, 8, 13, 21, 34, 55]
print(len(fibonacci_numbers))

Program output:
5

10

The function is interesting for its universality. The function calculates the number
of elements in any object. For example if we insert a string into the function, i.e.
object is a string, the len() function returns the number of characters (in string).

print(len('Hulk’))

Program output:
4

1 Function set() - the function creates a set of objects. It is used to find the
elements of a list without repetition. In the created set, the elements are no
longer repeated, each one is represented exactly once.



hero_actions_in_order = ['Superman’, 'lron_man’,
'‘Cpt_America’, 'Superman’, 'lron_man']
heroes_in_actions = set(hero_actions_in_order)
print(heroes_in_actions)

Program output:
{'Superman’, '‘Cpt_America’, 'lron_man'}

We can conveniently use the mentioned functions to calculate the basic
characteristics of the three Greek fables. The first option is to find how many
sentences are in the fables.

print(‘'The fable "The Lion and the Mouse" contains ' +
str(len(sentences_fablel)) + ' sentences.’)

print(‘'The fable "The Wolf and the Lamb" contains ' +
str(len(sentences_fable2)) + ' sentences.’)

print('The fable "The Lion Kingdom" contains ' +
str(len(sentences_fable3)) + ' sentences.’)

We directly wrote the result of the calculation into a text string with the print()
function. For this reason, it was necessary to convert the result from a number
(integer data type) to a text string (string data type). We performed the conversion
with the str() function.

Find out how many words (tokens) each fable contains and what is the average
number of words per sentence.

To solve the problem, it is necessary to tokenize sentences in fables first. We
perform tokenization with the well -known word_tokenize() function. We will use its
result and the len() function to determine the number of words in fables. Please
note that we perform tokenization directly for the whole fables” text, not partially for
individual sentences.

The result of word_tokenize() is a list of words/tokens in fables. For illustration,
here is a list of the first few tokens for the fable The Lion and the Mouse.

import nltk

# nltk.download('punkt")

from nltk.tokenize import sent_tokenize
from nltk.tokenize import word_tokenize



lion_and_mouse = "A lion was awakened from sleep by a Mouse
running over his face. Rising up angrily, he caught him and

was about to kill him, when the Mouse piteously entreated,
saying: 'lf you would only spare my life, | would be sure to

repay your kindn ess.' The Lion laughed and let him go. It
happened shortly after this that the Lion was caught by some
hunters, who bound him by strong ropes to the ground. The
Mouse, recognizing his roar, came, gnawed the rope with his
teeth, and set him free, exclaiming , 'You ridiculed the idea
of my ever being able to help you, expecting to receive from

me any repayment of your favor; now you know that it is

possible for even a Mouse to confer benefits on a Lion.™
wolf_and_lamb = "A Wolf, meeting with a Lamb astray from the
fold, resolved not to lay violent hands on him, but to find

some plea to justify to the Lamb the Wolf's right to eat him.

He thus addressed him: 'Sirrah, last year you grossly insulted
me."'Inde  ed,’ bleated the Lamb in a mournful tone of voice,

'l was not then born.' Then said the Wolf, 'You feed in my
pasture.’ 'No, good sir,’ replied the Lamb, 'l have not yet

tasted grass.' Again said the Wolf, "You drink of my well.'

'No," exclaimed the Lamb, 'l never yet drank water, for as yet
my mother's milk is both food and drink to me." Upon which the
Wolf seized him and ate him up, saying, 'Well! | won't remain
supperless, even though you refute every one of my

imputations. The tyrant will always find a pretext for his
tyranny.™

lion_kingdom = "The beasts of the field and forest had a Lion

as their king. He was neither wrathful, cruel, nor tyrannical,

but just and gentle as a king could be. During his reign he

made a royal proclamation for a general assembly of all the
birdsand b  easts, and drew up conditions for a universal
league, in which the Wolf and the Lamb, the Panther and the

Kid, the Tiger and the Stag, the Dog and the Hare, should live
together in perfect peace and amity. The Hare said, 'Oh, how |
have longed to see this day, in which the weak shall take
their place with impunity by the side of the strong.' And

after the Hare said this, he ran for his life."

words_fablel = word_tokenize(lion_and_mouse)
words_fable2 = word_tokenize(wolf_and_lamb)
words_fable3 = word_tokenize(lion_kingdom)

print("The fable "The Lion and the Mouse" contains ' +
str(len(words_fablel)) + ' words.")



print('The fable "The Wolf and the Lamb" contains ' +
str(len(words_fable2)) + ' words.")

print('The fable "The Lion Kingdom" contains ' +
str(len(words_fable3)) + ' words.")

# print(words_fablel)

Program output:
The fable "The Lion and the Mouse" contains 152 words.

The fable "The Wolf and the Lamb" contains 191 words.
The fable "The Lion Kingdom" contains 143 words.

The solution to the second part of the task is to calculate the proportion of the
number of words for each fable to the number of sentences. In this way, we will find
out the average number of words per sentence for each fable.

sentences_fablel = sent_tokenize(lion_and_mouse)
sentences_fable2 = sent_tokenize(wolf_and_lamb)
sentences_fable3 = sent_tokenize(lion_kingdom)

print(‘'The average number of words (tokens) per sentence for
the fable "The Lion and the Mouse™:")
print(len(words_fablel) / len(sentences_fablel))

print("The average number of words (tokens) per sentence for
the fable "The Wolf and the Lamb™:")
print(len(words_fable2) / len(sentences_fable2))

print("The average number of words (tokens) per sentence for
the fable "The Lion Kingdom™:")
print(len(words_fable3) / len(sentences_fable3))

Program output:
The average number of words (tokens) per sentence for the

fable "The Lion and the Mouse":

30.4

The average number of words (tokens) per sentence for the
fable "The Wolf and the Lamb™:

19.1

The average number of words (tokens) per sentence for the
fable "The Lion Kingdom™:

28.6



For the sake of completeness, we present the second method of calculation (only

hgt "gvjg"Ygnh"cpf"vjg"Ncod4Y"hcdng+0"Yg" hkptf"
sentence and calculate their averages. Naturally, the result is the same as in the

first case.

import nltk
from nltk.tokenize import sent_tokenize
from nltk.tokenize import word_tokenize

wolf_and_lamb ="A Wolf, meeting with a Lamb astray from the

fold, resolved not to lay violent hands on him, but to find

some plea to justify to the Lamb the Wolf's right to eat him.

He thus addressed him: 'Sirrah, last year you grossly insulted
me."'Inde  ed,' bleated the Lamb in a mournful tone of voice,

'l was not then born.' Then said the Wolf, 'You feed in my

pasture.’ 'No, good sir,’ replied the Lamb, 'l have not yet

tasted grass.' Again said the Wolf, "You drink of my well.'

'No," exclaimed the Lamb, 'l never yet drank water, for as yet
my mother's milk is both food and drink to me." Upon which the

Wolf seized him and ate him up, saying, 'Well! | won't remain
supperless, even though you refute every one of my

imputations. The tyrant will always find a pretext for his
tyranny.™

sentences_fable2 = sent_tokenize(wolf_and_lamb)

# prepare a list to store the number of tokens in individual
sentences
token_counts =[]

# for each sentence from the list of sentences in the fable
for sentence in sentences_fable2:

# extract tokens from the sentence

tokens = word_tokenize(sentence)

# count the number of tokens

token_count_in_sentence = len(tokens)

# append the number of tokens (as a number) in the
sentence to the list token_counts

token_counts.append(token_count_in_sentence)

# after counting the number of tokens for each sentence
# calculate the average

average = sum(token_counts) / len(token_counts)

print(average)



Program output:
19.1

Vcum<" Hkpf"qwv"vjg"ngpiguv"yqtf"wugf"kp"c"hoc

We will solve the task only using the well-known function len() which we can also
use to find out the number of characters in a word.

import nltk

# nltk.download('punkt')

from nltk.tokenize import sent_tokenize
from nltk.tokenize import word_tokenize

lion_and_mouse = "A lion was awakened from sleep by a Mouse
running over his face. Rising up angrily, he caught him and

was about to kill him, when the Mouse piteously entreated,
saying: 'lIf you would only spare my life, | would be sure to

repay your kindn ess.' The Lion laughed and let him go. It
happened shortly after this that the Lion was caught by some
hunters, who bound him by strong ropes to the ground. The
Mouse, recognizing his roar, came, gnawed the rope with his
teeth, and set him free, exclaiming , 'You ridiculed the idea
of my ever being able to help you, expecting to receive from

me any repayment of your favor; now you know that it is
possible for even a Mouse to confer benefits on a Lion.™

# Tokenization of the words in the fable "The Lion and the
Mouse"
words_fablel = word_tokenize(lion_and_mouse)

# Initial variable settings

max_char_count =0

# assuming there could be more words with the maximum length
# we create a list of words

max_words =[]

# For all words

for word in words_fablel.:
# determine the length of the word
length = len(word)
# if it equals the maximum length



if length == max_char_count:
# add the word to the list
max_words.append(word)
# if it's greater than the maximum length
if length > max_char_count:
max_char_count = length
# reset the list and start over
max_words = []
# add the word to the list
max_words.append(word)
# Final output
print(‘'The maximum number of characters in a word is ' +
str(max_char_count))
print(‘'List of words with the maximum number of characters:")
print(max_words)

Program output:
The maximum number of characters in a word is 11
List of words with the maximum number of characters:

['recognizing’]

Traveler Marek Polovy, after several successful vacations on Senec and Duchonka
Lakes, has decided to explore the Cyprus beaches this summer. In order to impress
the locals with his knowledge of Greek culture, he decided to familiarize himself
with Greek fables. However, he found that Greek fables (although they are mostly
very short) are quite a lot. Therefore, we will attempt to make a basic overview of
Greek fables using methods of text analysis.

For the analysis of Greek fables, we chose Aesop's fables. These are available, e.g.
at https://www.sacred -texts.com/cla/aesop/index.htm . We will perform the
analysis itself using the NLTK library and for the sake of simplicity (inflection and
diacritics) we will analyse Aesop's fables in English.

In order to simplify the pre-processing of the input file, we will analyse the titles of
Aesop's fables in the following text. We will be interested in which animal appears
most often in Aesop's fables. Most of Aesop's fables have very apt titles, i.e. the
title of the fable always includes its "main representatives”, e.g. fable "Donkey, Fox,
and Lion" or "Rabbit and Tortoise" etc.


https://www.sacred-texts.com/cla/aesop/index.htm

To analyze all the titles of Aesop's Fables, in addition to the NLTK library, we will
also need a library with functions for loading web content - Request. After loading
the page content, i.e. the titles of Aesop's Fables, we tokenize the entire text, find
the frequency of individual words, and display the first 20 most frequent tokens
from the page. We start with the initial tokenization of the fable titles.

import requests

link = "https://www.sacred - texts.com/cla/aesop/index.htm"
f = requests.get(link)

fables = f.text

print(fables)

Based on the illustration, it is clear that we "downloaded" the entire text of the page
using the request library. In this way, we can also analyse the text, but the results
can be distorted by the HTML tags occurred in the text.

# Import necessary libraries
from nltk.tokenize import word_tokenize
from nltk.probability import FreqDist

# Tokenize the text into words
tokens_fables = word_tokenize(fables) # Break down the text
into individual words

# Create a frequency distribution of words
frequency_fables = FregDist(tokens_fables) # Count the
occurrences of each word

# Print the 20 most common words and their frequencies
print(frequency_fables.most_common(20)) # Display the top 20
frequent words

Program output:
[('<', 983), (>, 983), (™", 646), (A", 317), (HREF=,

317), (/A', 317), ('BR', 315), ('The', 307), (‘and', 254),
('the', 244), (,', 58), (‘'Lion', 32), ('Fox', 31), ('Ass',
23), (Wolf', 22), ('His', 21), ('Dog', 13), (‘Man’, 12),
(Two', 12), ('Eag le', 11)]

The result shows that in Aesop's fables lion, fox, donkey, wolf, and dog appear
most often in the given order. It is also possible to determine the number of
occurrences of individual animals. For example, seagull occurs only once in the title
of Aesop's fables.

print(frequency_fables['Seagull'])



Program output:
1

If we take a closer look at the results, the most frequent tokens are ">' and '<'. Their
frequency of occurrence is 978. Since we analysed a web page that is entirely in
HTML code, the stated tokens are actually the beginning and end tags of the HTML
elements of the page. Similarly, in the case of ‘A", 'BR' or 'HREF=' tokens, which are
actually names or attributes of HTML elements.

To perform the correct analysis, without the stated tokens (parts of the HTML
code), we have several options. One of them is tosupplement the so-called list of
stopwords by the following tokens and then remove the tokens from the list of
stopwords.

If we analyse a website, we can use technologies that operate on the website and
are designated for content extraction. We can access to individual elements of
HTML pages using the DOM- Document Object Model. The XPath query language
is designated for DOM requests.

The XPath query language is intended for DOM requests, work with it was
presented in the third chapter.

The most commonly used library for running XPath queries on web pages is the
LXML library in Python. It is necessary to remember that the XPath language was
first developed for queries on XML documents and it is of the greatest importance
when processing XML. However, we can also apply its usefulness in the HTML
language.

import requests

link = "https://www.sacred - texts.com/cla/aesop/index.htm"
f = requests.get(link)

fables = f.text

We already have all fables "stored" in thefables variable that we created in the
previous section.

from Ixml import html
tree = html.fromstring(fables)

All that remains is to call a query over the content of the page, loaded in the XPath
fable variable. We will create this by examining the HTML code of the page
"http://www.sacred -texts.com/cla/aesop/index.htm".



</CENTER>

<HR>
<A HREF="aes(000.htm">Preface</A><BR>
<A HREF="aes001l.htm">Life Of Aesop</A><BR>
<A HREF="aes(002.htm">The Wolf and the Lamb</A><BR>
<A_HBEF="aes003.htm">The Bat and the Weasels</A><BR>
2es004.htm">The Ass and the Grasshopper</A><BR>
Ees005.htm">The Lion and the Mouse</A><BR>

2 ="aes006.htm">The Charcoal-Burner and the Fuller</A><BR>
<A HREF="aes(007.htm">The Father and His Sons</A><BR>
<A HREF="aes(008.htm">The Boy Hunting Locusts</A><BR>

It should be noted that the source code of the page is not completely correctly
formatted and the only thing we can use is that all fable titles are the content of the
a element, thus a link. The XPath query will therefore have the form //a/text() ',
which can be understood as loading the content of all elements a on the page.

After constructing the XPath query, we run it and we can display the first 10 results
of the XPath query for checking.

# Extract all text content from anchor tags (‘a’) within the
entire XML tree
all_titles = tree.xpath('//a/text()")

print(all_titles[:10])

Program output:

[Sacred Texts', 'Classics’, 'Preface’, 'Life Of Aesop’, 'The

Wolf and the Lamb’, 'The Bat and the Weasels', 'The Ass and

the Grasshopper', 'The Lion and the Mouse', 'The Charcoal -
Burner and the Fuller', 'The Father and His Sons']

The first three results are not actually the titles of fables, but only the text of the
other three links listed on the investigated page. It is a consequence of not exactly
the most suitable page structure. However, there is no other way in this case (also
due to the simplicity of the python code). It is clear, that the mentioned three
"incorrect titles of the fables" will not affect our analysis of the most frequent words
within the titles.

If we already have all the titles of Aesop's fables in the all_titles variable, we can
repeat the tokenization and analysis of the most frequent words. Note that the
word_tokenize function needs an input variable of string type. The all_titles variable
is a list of strings. For this reason, we first merge the list of fable titles into one

string variable. We name the variable all_titles_together . Merging can be done with
several functions, e.g. join() and so on. However, to run them, we need to import the
STR library. Therefore, for the sake of simplicity, we will do the unification of the



strings” list into a single string using a cycle. In addition to merging the lists, we
also convert all titles to lowercase using the lower() function. We can also call the
control report of the newly created variable.

import requests

link = "https://www.sacred - texts.com/cla/aesop/index.htm"
f = requests.get(link)

fables = f.text

from Ixml import html

tree = html.fromstring(fables)

all_titles = tree.xpath('//a/text())

all_titles_combined ="
for title in all_titles:
all_titles_combined +=""+ title.lower()

print(all_titles_combined)

We only have to repeat the tokenization and analysis of the most frequent words for
the all_titles_together variable. Please note that we are still considering all
words/tokens in fable titles. For this reason, the most frequent tokens are 'the' and
‘and'.

import nltk
from nltk.tokenize import word_tokenize
from nltk.probability import FregDist

tokens_fables = word_tokenize(all_titles_combined)
frequency_fables = FregDist(tokens_fables)
print(frequency_fables.most_common(20))

Program output:
[('the', 550), (‘and', 254), (,', 52), (lion’, 32), (‘fox’,

31), (‘ass', 23), (‘wolf', 22), ('his', 21), (‘dog’, 13),
(‘'man', 12), ('two', 12), (‘'eagle’, 11), (‘crow’, 8), ('in’,
8), (‘sheep’, 8), (‘'shepherd’, 8), (‘bull’, 7), (‘goat’, 7),
(‘horse’, 7), (‘frogs', 7)]

To complete the task, we can use the list of stopwords and remove them from the

tokens.
from nltk.corpus import stopwords

# Load the list of English stop words
sw = set(stopwords.words(‘english"))

# Add the token "," (comma) to the list of stop words



sw.update(’,")

# Create new tokens that do not contain stop words
new_tokens =[]
for word in tokens_fables:
if word not in sw:
new_tokens.append(word)

We will then use the new list of tokens as input to determine the frequency of
words.

frequency_fables = FregDist(new_tokens)
print(frequency_fables.most_common(10))

Program output:

[(lion', 32), (‘fox’, 31), (‘ass', 23), (‘wolf', 22), (‘dog’,
13), (‘'man’, 12), (‘two', 12), (‘'eagle’, 11), (‘crow’, 8),
(‘'sheep’, 8)]

The result shows that lion, fox, ass, wolf, and dog appear most often in Aesop's
fables. It is also possible to find out the number of their occurrences.

To conclude our practical example, we will use a function that graphically displays
the most common words found in the titles of Aesop's fables.

# Command to display the graphic output directly in Jupyter
Notebook
%matplotlib inline

# Plotting the frequency graph for the first 15 words
frequency_fables.plot(15, cumulative=False)

Program output:
/home/johny/.local/lib/python3.9/site -

packages/matplotlib/projections/__init__.py:63: UserWarning:
Unable to import Axes3D. This may be due to multiple versions
of Matplotlib being installed (e.g. as a system package and as
a pip package). As a result, the 3D projection is not
available.

warnings.warn("Unable to import Axes3D. This may be due to
multiple versions of "
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Chapter 9



WordNet is a large lexical database of the English language developed at Princeton
University. It organizes English words into groups called synsets, which represent a
set of synonyms that share the same meaning. Each synset includes definitions,
examples of usage, and relationships to other words. This organization makes
WordNet a powerful resource for understanding the structure and meaning of
language.

One of WordNet's primary purposes is to serve as a bridge between language and
computational systems. For example, it allows NLP tools to identify semantic

relationships between words, enabling computers to process text more intelligently.
KvXu"wugf"kp"vcumu"nkmg"u{pgp{o"tgrncegogpyVv.
semantic similarity calculations.

WordNet also provides hierarchical relationships between words. For instance,
words like "vehicle" and "car" are connected in a hypernym (broader term) and
hyponym (specific term) relationship. These features make it easier to analyze how
words relate to each other in various contexts.

Lastly, WordNet integrates words' multiple meanings. For example, the word "bank"
can refer to a financial institution or a riverbank. Each sense is associated with a
different synset, helping distinguish meanings based on context.

What is a synset in WordNet?

1 A group of synonyms sharing the same meaning.
1 A single word used in a sentence.
1 A grammatical rule for sentence structure.

Synonyms and antonyms

Qpg"gh"Yqgt f PgvXu"oquv"wughwnsydogymyand gu" ku" kvt
antonyms. Synonyms are words with similar meanings, and WordNet groups them

into synsets. For example, the synset for "happy" includes words like "joyful,”

"content,” and "cheerful." This allows systems to find alternative words while

retaining the same meaning.

Antonyms, on the other hand, are words with opposite meanings. WordNet provides
antonyms for many words, like "happy" and "sad" or "big" and "small." Identifying



antonyms is essential in tasks such as sentiment analysis, where opposite
sentiments must be distinguished.

In computational linguistics, synonym and antonym identification is a common
preprocessing step. For instance, when analyzing a document's tone, synonyms can
help group similar expressions, while antonyms can highlight contrasting
sentiments.

Applications like chatbots, search engines, and machine translation systems use
these relationships to make text processing more effective and contextually
accurate. For example, a chatbot might suggest alternative phrasing based on a
wugt Xu" k p nguhe cohdersatidnal exgerience.

What can WordNet provide in terms of word relationships?

Synonyms grouped into synsets.

Antonyms for words.

Hierarchical relationships like hypernyms and hyponyms.
Sentence grammar rules.

= =4 =4 =4

Hypernyms and hyponyms

WordNet organizes words into a hierarchical structure using hypernyms (broader
terms) and hyponyms (narrower terms). For example, "vehicle" is a hypernym of
“car,” and "car" is a hyponym of "vehicle." This hierarchy enables NLP systems to
understand how concepts are related and classify text effectively.

These hierarchical relationships are useful in taxonomy creation and classification
tasks. For instance, in e-commerce, understanding that "laptop” is a hyponym of
"computer” helps group similar products together for recommendations.

Another application is in semantic search. A search engine can use hypernym
relationships to expand queries. If a user searches for "sports cars," the system
could include results for related hyponyms like "convertibles" or "coupe."

The hierarchy also supports generalization and specialization tasks. For example,

summarization systems might generalize details (e.g., replacing "Dalmatian” with
"dog") for brevity, while classification tasks benefit from recognizing specific terms.

What is the relationship between "dog" and "animal" in WordNet?

1 "Dog"is a hyponym of "animal."



1 "Dog"is a hypernym of "animal."
1 "Dog" and "animal" are synonyms.

Word sense disambiguation

Words often have multiple meanings, and identifying the correct one in context is
called Word Sense Disambiguation (WSD). WordNet is a valuable tool for this task
because it organizes words into synsets for each meaning. For example, "bank"
could refer to a financial institution or the side of a river, and WordNet provides
separate synsets for these senses.

To perform WSD, an NLP system analyzes the context of the word. For example, in
the sentence "I deposited money at the bank," the financial institution meaning is
chosen based on surrounding words like "deposited” and "money." WordNet
provides the definitions and example sentences needed to differentiate senses.

WSD has many practical applications. In machine translation, selecting the correct
meaning ensures accurate translation. Similarly, in search engines, understanding
the intended sense of a query word improves the relevance of results.

Using WordNet for WSD involves comparing the context of the target word with the
definitions and examples in its synsets. Algorithms like Lesk and similarity -based
approaches often rely on WordNet data to compute the correct sense.

How does WordNet assist in word sense disambiguation?

By organizing word meanings into synsets.

By providing definitions and example sentences for each sense.
By grouping words into sentences.

By analyzing grammatical rules.

=A =4 -4 =4

Semantic similarity

Semantic similarity is a measure of how closely related two words or concepts are
in meaning. WordNet provides a framework to calculate semantic similarity by
leveraging its hierarchical structure and rich lexical relationships. This is
particularly useful in applications like clustering, recommendation systems, and
information retrieval, where understanding the context and relevance of terms is
essential.

WordNet organizes words into synsets and links them hierarchically using
hypernym (broader terms) and hyponym (specific terms) relationships. The



similarity between two words is determined by the proximity of their synsets in the
hierarchy. For example, "car" and "truck" have a higher semantic similarity
compared to "car" and "tree" because their synsets share a common parent
("venhicle") within a closer range.

In NLP tasks, semantic similarity is widely used:

1 Search engines to rank search results based on conceptual relevance, not
just keyword matches. For example, a query for "automobile” should also
fetch results about "cars."

1 Recommendation systems to identify similar items or concepts for
personalized recommendations. For instance, recommending books about
"poetry” when someone searches for "literature.”

1 Text summarization for replacing verbose terms with simpler synonyms
without altering the meaning.

Imagine an educational chatbot helping students. If a student asks about "climate,"

the system can understand that "weather patterns” is semantically similar and
rtgxkfg"tgngxcpv'"eqgpvgpvO0o"YgtfPgvXu"ukoknct k
matching possible .

Which of the following are examples of semantic similarity applications?

Tgeqoogpfkpi "dggmu"dcugf
Detecting semantic similarity between two words.
Generating synonyms for words in essays.
Predicting spelling errors in user input.

gp" c"wugt Xu"tgcf
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Cross-linguistic extensions

Ygt f PgvXu"wvknkv{"iggu"dg{ qp flinguigtigext€éapiansr k u j "
enabling multilingual natural language processing. These extensions make

WordNet an invaluable tool for machine translation, cross -lingual sentiment

analysis, and global search applications.

n c

Cross-linguistic extensions are adaptations of the WordNet database for other
languages, such as French, Spanish, and Hindi. These versions maintain similar
structures of synsets and relationships, allowing the same functionality as English
WordNet. The extensions can be linked to the English version, providing a unified
framework for multilingual analysis.



Applications of cross -linguistic WordNet

1. Machine translation uses mapping words and phrases in one language to
their accurate counterparts in another. For instance, translating "apple" in
English to "manzana” in Spanish, while maintaining contextual integrity.

2. Multilingual sentiment analysis identifies sentiment in text across
languages by understanding synonyms and antonyms. For example,
determining that "feliz" (Spanish) and "happy" (English) carry the same
positive connotation.

3. Cross-lingual information retrieval enhances search engines to return
relevant results for queries in multiple languages by linking related synsets.

A global e-commerce platform uses WordNet to improve search functionality. If a
user searches for "ropa” (Spanish for clothing), the system identifies synonyms and
retrieves results for "clothes," "apparel,” and "outfits," regardless of language.

Which of the following describes a Cross-Linguistic WordNet feature?

1 Linking synsets across multiple languages.
T Translating entire documents automatically.
1 Extracting XML data from webpages.

Applications of WordNet

WordNet is widely used in various NLP applications to enhance semantic
understanding. One common use case is text summarization , where WordNet helps
generalize terms or find synonyms to condense information.

Another major application is in sentimentanalysis. "yj gt g" Yqt f Pgv Xu" cpyv
used to identify contrasting sentiments. For instance, it can distinguish between
positive words like "happy" and negative words like "sad."

Chatbots and virtual assistants also benefit from WordNet. By leveraging
u{pgp{ou"cpf"jkgtctejkecn"tgncvkqgpuj kru.
in multiple ways and respond more effectively. For example, if a user says "l feel
joyful,” the chatbot can understand it as synonymous with "happy" and provide a
relevant response.

"V C
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Lastly, semantic similarity measures between words or sentences often use
WordNet. For instance, applications like plagiarism detection or document
clustering compute the similarity of terms based on their synsets, making WordNet
an invaluable resource in advanced NLP tasks.



What are some NLP applications where WordNet is useful?

Sentiment analysis
Text summarization
Syntax tree generation
Audio signal processing

= =4 =4 =4

Synonyms

In any text analysis, there is often a consideration, e.g. aboutsynonyms or related
words. The issue of "dependence” of words can be partially solved using the so-
called WordNet. According to definition, it is a dictionary of words arranged
according to semantic relationships.

The nltk library offers us an interesting tool for discovering these relationships. The
wordnet dictionary must be downloaded using the download() method before

applying.

import nltk
nltk.download('wordnet’)
from nltk.corpus import wordnet

Using the WordNet dictionary, it is possible to find the meaning of words, synonyms
and antonyms of words. When working with the dictionary, we will use the so-called
synset. It is a simple option used in nltk to read relations. Synset instances are
groups of synonymous words that express the same concept. Some words have
only one synset and some have several. Let's attempt to find the word "joy" in
wordnet.

from nltk.corpus import wordnet
syns = wordnet.synsets("joy")
print(syns)

Program output:

[Synset(joy.n.01"), Synset(‘joy.n.02"),
Synset(‘rejoice.v.01"), Synset(‘gladden.v.01"]



According to the search result, the word "joy" is found in four synsets. Each synset
has a name that ends with the synset number. In our result, there is also an "n" or
"v" character between the word and the number. Thecharacter "n" indicates a noun
and "v" is a verb.

If we want to see words that have a semantic relation to the word "joy", we can
report them using the lemmas() method.

for syn in syns[0].lemmas():
print(syn.name())

Program output:
joy

joyousness
joyfulness

for syn in syns[1].lemmas():
print(syn.name())

Program output:
joy

delight

pleasure

Note that the first synset contains three words, the second has the same amount,
but some words are different. It often happens that a synset contains only one
word. We can report the words of all synsets where the word "joy" is found as
follows.

for syn in syns:
for lemma in syn.lemmas():
print(lemma.name())

_Program output:
Joy
joyousness
joyfulness
joy

delight
pleasure
rejoice

joy
gladden
joy



Additional information is also stored in synsets. For example, most synsets also
contain a definition of the examined word.

print(syns[0].definition())
print(syns[1].definition())

Program output:
the emotion of great happiness

something or someone that provides a source of happiness

Interestingly, the word "joy" has a different definition in the first synset and a
different one in the second. It is common because, e.g. the word "table" can be in a
synset with words denoting furniture, but also in a synset of words denoting a data
structure - a table.

Another option is to display examples of the word usage in the synset. This
example, like the definition, may not be part of every synset.

print(syns[0].examples())
print(syns[1].examples())

Program output:

['a joy to behold', 'the pleasure of his company’, ‘the new
car is a delight']

Antonyms

Besides similar words, it is possible to find in the synset the so -called antonyms.
These indicate contrasting concepts (opposites) to the given word, i.e. words with
opposite meanings. It is interesting that if we can sometimes find a whole list of
synonyms for the word under investigation, antonyms are found only in pairs, i.e.
word and its antonym. In the following example, we report all synonyms for the
word "joy" together with the antonym of these synonyms (if exist).

import nltk
# nltk.download(‘'wordnet')
from nltk.corpus import wordnet

word = "joy"
synonyms = []
antonyms =[]

for syn in wordnet.synsets(word):
for lemma in syn.lemmas():



synonyms.append(lemma.name())
if lemma.antonyms():
antonyms.append(lemma.antonyms()[0].name())

print('Synonyms:')
print(set(synonyms))
print(‘'Antonyms:")
print(set(antonyms))

Program output:

Synonyms:

{joyousness', 'joyfulness’, 'joy’, ‘gladden’, ‘delight’,
'rejoice’, 'pleasure’}

Antonyms:

{'sadden’, 'sorrow'}

Semantic similarity

In the example, we present the calculation of the semantic similarity of the words
"joy" and "joyousness” (it is not exactly the similarity of the words, but rather the
similarity of the synsets in which the words are found). Considering that these are
synonyms, their similarity is equal to 1. The word "sorrow" also has a fairly close
meaning. It is actually an antonym of the word "joy". To make sure, in the last
example we present the similarity of the words "joy" and "mouse”, which are not at
all close in meaning. The value of their semantic proximity is very small.

import nltk
# nltk.download(‘'wordnet’)
from nltk.corpus import wordnet

w1l = wordnet.synset('joy.n.01")
w2 = wordnet.synset(‘joyousness.n.01")
print(wl.wup_similarity(w2))

Program output:
1.0

w1l = wordnet.synset('joy.n.01")
w2 = wordnet.synset('sorrow.n.01")
print(wl.wup_similarity(w2))

Program output:
0.7142857142857143



w1l = wordnet.synset(‘joy.n.01")
w2 = wordnet.synset('mouse.n.01’)
print(wl.wup_similarity(w2))

Program output:
0.1

In conclusion, we present "proof" that "soccer brings more joy to a person than
chess" :0)

w1l = wordnet.synset(‘joy.n.01")
w2 = wordnet.synset(‘football.n.01")
print(wl.wup_similarity(w2))

w1l = wordnet.synset(‘joy.n.01")
w2 = wordnet.synset(‘chess.n.01")
print(wl.wup_similarity(w2))

Program output:
0.23529411764705882

0.1

Build a system that recommends synonyms for a given word based on semantic
similarity.

You should use the WordNet database to identify synonyms for words. The goal is
to develop a system that, given an input word, returns a list of synonyms sorted by
their semantic similarity.

**You can implement different methods of measuring similarity, such as path
similarity, Wu-Palmer similarity, or Leacock-Chodorow similarity.

1. Load the WordNet database using the NLTK library.

# write your code

2. Define a function to fetch synonyms for a given word.

# write your code

3. Implement different similarity metrics to rank the synonyms.

# write your code



4. Evaluate the performance of the system with example inputs.

# write your code

Use WordNet to calculate semantic similarity between two texts (documents) to
match similarity.

Apply WordNet to measure the semantic similarity between two documents. The
project will involve tokenizing the documents, extracting key words, and calculating
the overall semantic similarity based on the WordNet synonyms and word
meanings. This approach can be applied in realworld scenarios like document
retrieval, plagiarism detection, or recommendation systems.

1. Load the WordNet database using the NLTK library.

# write your code

2. Tokenize the text documents into words and remove stop words.

# write your code

3. For each word in the document, retrieve its synonyms and meanings using
WordNet.

# write your code

60" Ecnewncvg"rcktykug"ugocpvke"ukoknct kv{"dc
similarity functions.

# write your code

5. Combine individual word similarities to compute the overall document similarity
score.

# write your code

6. Apply the system to a set of documents/texts and use it for document matching
or ranking.

# write your code
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Document models are a foundational concept in text analysis and mining, enabling
efficient representation and processing of textual data. When working with textual
information, the choice of data representation directly impacts the success of the
analysis. There are two primary approaches to representing text documents: data
with dependencies and data without dependencies .

The first approach, data with dependencies, considers the sequence and positional
relationships of words within a sentence. This approach is vital for applications
where grammatical structure or stylistic elements are analyzed, such as in natural
language generation or linguistic studies. For example, understanding the
difference between "The cat chased the dog" and "The dog chased the cat" requires
this type of representation. However, this method can be computationally

expensive due to the need to maintain word-order information.

The second approach, data without dependencies , focuses solely on the presence
of words, disregarding their order in a sentence. This representation is widely used
in applications such as text classification and topic modeling, where the position of
words is less important than their occurrence. For i nstance, in document
classification, knowing that a document contains the words "finance,” "budget,” and
"investment” might be sufficient to classify it as financial content.

This distinction between dependency-aware and dependency-agnostic models
helps in choosing the most appropriate method for specific problems.

Which of the following are features of data without dependencies?

1  Words are represented based on their occurrence without considering their
position.

T Suitable for text classification and topic modeling.

Requires high computational resources to maintain word order.

1 Focuses on grammatical structure and style analysis.

==

When analyzing textual data, especially in large datasets, the use ofdocument
models simplifies processing. A document model transforms the text into a
structured format, enabling faster and more accurate analysis.

The Bag of Words (BoW) model is one of the simplest representations. In BoW,
documents are represented as a collection of unique words (vocabulary), where
each word's frequency in the document is recorded. For example, the sentence"The



cat chases the mouse"becomes a vector: {"the": 2, "cat": 1, "chases": 1, "mouse": 1}.
This model disregards word order, focusing solely on occurrence and frequency.

Another common model is the TF-IDF (Term Frequency-Inverse Document
Frequency). This approach builds on BoW but also considers the importance of
words. Words frequently appearing in a document but rarely in the dataset are given
higher weights, reflecting their uniqueness. For instance, in a collection of news
articles, the word "economy" might have a high weight in a financial news piece but
low weight across the entire corpus.

Both BoW and TRIDF are computationally efficient, making them ideal for tasks
such as document search, classification, and clustering.

What is the key feature of the Bag of Words model?

1 Represents documents as a collection of unique words and their
frequencies.

1 Considers the order of words in a sentence.

T Applies weights based on the rarity of words in the corpus.

Beyond BoW and TFIDF,vector models offer a more advanced representation of
textual data. These models convert words or documents into numerical vectors,
enabling mathematical operations for similarity and classification tasks.

One such model is the Word2Vec, which uses neural networks to map words into
continuous vector spaces. Unlike BoW, Word2Vec captures semantic relationships
between words. For example, in a trained Word2Vec model, the vector for "king"
minus "man" plus "woman" often results in a vector close to "queen.” This semantic
understanding is crucial for applications like recommendation systems and
sentiment analysis.

Another approach is doc2vec, which extends Word2Vec to represent entire
documents instead of individual words. Doc2Vec captures the context of a
document, making it suitable for paragraph or document -level tasks.

These models are widely used in applications requiring an understanding of word
semantics and contextual relationships.

Which of the following are characteristics of Word2Vec?

1 Represents words as continuous vectors.
1 Captures semantic relationships between words.



1 Focuses on word frequency alone.
1 Represents entire documents without context.

The choice of document models often depends on the specific task and the
available computational resources.

Bag of Words and TF-IDF are simple yet effective models for tasks that do not
require semantic understanding. They are computationally efficient but fail to
capture relationships between words. For example, these models cannot
distinguish between synonyms like "car" and "automobile."

In contrast, vector-based models like Word2Vec and doc2vec require more
computational power but offer richer representations. These models are better
suited for tasks requiring semantic understanding, such as summarization or
translation. However, their training can be time-consuming, and they often require
large datasets.

The challenge lies in balancing simplicity and effectiveness, considering factors
such as the size of the dataset, the complexity of the task, and available resources.

Which factor influences the choice of a document model?

1 Availability of computational resources.
1 Predefined relationships in a knowledge graph.
1 Lack of text data for analysis.

Document models are at the heart of many NLP applications. In document retrieval ,
models like TF-IDF are used to rank documents based on their relevance to a
search query. For example, search engines use document models to retrieve and
rank web pages.

In topic modeling , models like LDA (Latent Dirichlet Allocation) analyze large text
corpora to identify common themes or topics. For instance, LDA might identify
topics such as "sports," "politics," or "entertainment” in a collection of news articles.

Sentiment analysis also leverages document models to determine the sentiment of
text, such as whether a product review is positive, negative, or neutral. Using BoW
or vector-based models, sentiment analysis systems can accurately classify the
sentiment by analyzing the words used in the text.



Which of the following are applications of document models?

Document retrieval in search engines.
Topic modeling in large text corpora.
Speech recognition systems.

Image classification tasks.
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The Boolean document model is one of the simplest approaches to representing
text documents in information retrieval systems. It provides a straightforward
method for determining the presence or absence of specific words in a document.
This binary representation records whether a word exists in the document (1) or not

(0).

For example, if we analyze the sentence"The cat chases the mouse,the Boolean
representation could look like this for a vocabulary of {"the," "cat,” "dog"}:

7 "the™ 1
T “"cat™: 1
1 "dog™ O

This simplicity makes the Boolean model highly efficient for basic search tasks,
such as finding documents containing specific keywords. It operates on logical
gueries involving AND, OR, and NOT operations. For instance, a search query "cat
AND mouse" will retrieve only those documents containing both words.

The Boolean document model's advantage lies in its simplicity and ease of
implementation. However, it does not consider word frequency or the context of the
words, which limits its effectiveness in more nuanced applications.

What does the Boolean document model record about words in a document?

1  Whether a word is present in the document or not.
1 The exact position of words in a document.
1 The frequency of words in the document.

The Boolean document model relies on logical operations to retrieve relevant
documents based on user queries. These operations include:



1. AND - retrieves documents containing all specified keywords. For example,
"cat AND mouse" will return documents where both "cat" and "mouse" are
present.

2. OR-retrieves documents containing at least one of the specified keywords.
For example, "cat OR mouse"” will return documents with either "cat,"
"mouse," or both.

3. NOT - Excludes documents containing the specified keyword. For example,
"cat NOT mouse" will return documents with "cat" but not "mouse."

Consider a simple database of three documents:

1 Document 1: "The cat is sleeping."
1 Document 2: "The dog is barking."
1 Document 3: "The cat and the dog are playing.”

For the query "cat AND dog," only Document 3 is returned since it contains both
words. For "cat OR dog," Documents 1, 2, and 3 are returned. For "cat NOT dog,"
only Document 1 is returned.

These operations make the Boolean model efficient for straightforward searches,
especially in systems where users are expected to know the exact keywords they
are looking for.

Which of the following are Boolean operations used in the document model?

AND
OR

NOT
XOR

= =4 -4 =4

The Boolean document model offers significant advantages due to its simplicity
and clarity. It is computationally efficient, as it involves only binary operations,
making it suitable for systems with limited resources. The model is particularly
effective for exact -match queries, such as legal or medical document retrieval,
where precision is crucial.

However, the Boolean model has notable limitations. It does not consider word
frequency or context, which are often important for understanding document
relevance. For example, in a document about cats, the Boolean model treats the
word "cat" the same whether it appears once or a hundred times. Additionally, the
model does not rank documents by relevance, meaning all retrieved documents are
considered equally suitable for the query.



To address these shortcomings, more advanced models like the vector space
model or TF-IDF are often used in conjunction with or as alternatives to the Boolean
model.

What is a limitation of the Boolean document model?

1 It does not rank documents by relevance.
T Itis computationally inefficient.
T It cannot handle exact-match queries.

Task: Princess Fiona is looking for a groom. She would like to choose one who is
beautiful, good and does not envy. As a good computer scientist, she recorded the
basic characteristics of the suitors in a clear table.

goodness 1 0 ‘

beauty I 1 1 0 0
envy 0 I 0 1 0
wealth I 1 0 1 0

It is clear from the table that Prince Charming is beautiful, envious and lacks
goodness. Shrek is good and, according to Fiona, beautiful. Similarly, the
characteristics of the other two suitors can be read from the table. In this way,
Fiona actually created a Boolean model of the properties of her suitors.

From it, we can easily make vectors of the suitor's properties (columns of the
table). For example, the vector for Prince Charming is (0,1,1,1), Shrek is (1,1,0,0),
etc. We assume that the order of the examined properties will not change, and also
that no new properties will be added. Similarly, (if the order of suitors is fixed) the
vector for goodness (1,0,1,0,1) beauty (1,1,1,0,0), andenvy (0,1,0,1, 0).

If we work with Boolean vectors, we can relatively easily multiply them, count them,
etc. Princess Fiona is looking for a groom who is good and not jealous. To find him,
we just need to multiply the good vector with the negation of the envy vector.

Goodness AND NOT(Envy)
(2,0,1,0,1) AND NOT(0,1,0,1,0) = 10101 * 10101 = 10101



The resulting vector tells us that the first fairy creature in the table - Princess Fiona,
the third - Shrek and the last (fifth) fairy -tale creature - Papa Smurf meet the search
result. They are beings who are good and not jealous. So with this approach,Fiona
would choose Papa Smurf or Shrek as her groom.

What if Fiona wants someone, who is "handsome and not jealous?".

Beauty AND NOT(Envy)
(2,2,1,0,0) AND NOT(0,1,0,1,0) = 11100 * 10101 = 10100

Besides Fiona, a third fairy creature fulfils the query result - Shrek. It is obvious that
with several fairy creatures and a whole range of their examined properties, the
calculation would be equally simple and, above all, fast.

Task: Princess Fiona wants to find which suitor is most like her.

The second advantage of the Boolean model is its use in searching for similarities.
From the previous text, we know that individual suitors are expressed using a
vector. For each suitor, we need to determine a number that expresses the degree
of similarity to Fiona. In simplicity, this number will represent the number of
common properties. The easiest choice is to count how many properties they have
in common.

Fiona ACharming = (1,1,0,1) A (0,1,1, 1)

1.1=2

Fiona AShrek = (1,1,0,1) A (1,1,0,0) =

2

Fiona AScrooge McDuck = (1,1,0,1) A (0,0, 1,1
01+11=1

Fiona APapa Smurf = (1,1,0,1) A (1,0, 0, 0)
10=1

The results show that Princess Fiona is the most similar to Prince Charming and
Shrek.

For the similarity of the vectors of fairy creatures, we actually used vector dot
product. The dot product is an operation over two n-dimensional vectors. The result
of this operation is a number (a scalar, not a vector).

Let X = (x4, X5, ..., X,) and ¥ = (¥4, ¥, ..., V) be vectors, then we can easily calculate

the vector dot product as

X-¥= ()1t x5, + 0+ X, Yn).



The Boolean document model provides a simple binary representation of text data
but has significant limitations in capturing the complexity of language. For example,
it cannot account for the frequency or importance of words in a document, which
are often critical in real-world text analysis. To address these issues, the vector
document model was developed.

In the vector model, documents and words are represented numerically in a high-
dimensional space. Unlike the Boolean model, which uses binary values (0 or 1) to
indicate the presence or absence of a word, the vector model allows for more
detailed representation by including features like word frequency and importance.
Each document is represented as a vector of numbers, with each dimension
corresponding to a unique term in the vocabulary.

For instance, consider three sentences:

1. "The cat sleeps.”
2. "The dog sleeps.”
3. "The cat chases the dog."

A vector representation would encode the occurrence of each unique word (e.g.,
"cat,” "dog," "sleeps") across all documents. This richer representation enables
more advanced text analysis, such as determining document similarity or
identifying the most important te rms in a corpus.

Which of the following are features of the vector document model?

It accounts for word frequency.

It represents documents in a numerical vector space.
It uses binary values for words.

It ignores the importance of words.
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The vector document model introduces significant improvements over the Boolean
model. One key advantage is its ability to incorporate word frequency into the
representation. Words that appear more frequently in a document contribute more
to its vector, reflecting their importance within that specific context. This is useful
in applications such as document classification and clustering.

Additionally, the vector model supports the use of weighting schemes, such as TF
IDF (Term Frequencylnverse Document Frequency), to emphasize terms that are



highly relevant to a particular document but less common across the entire corpus.
For example, in a news article about space exploration, the word "space" would
receive a higher weight compared to common words like "the" or "and."

The flexibility of the vector model also enables advanced similarity measures, such
as cosine similarity, to compare documents. This makes it well -suited for search
engines and recommendation systems, where ranking documents by relevance is
essential.

What is a benefit of the vector document model over the Boolean model?

1 Itincorporates word frequency and importance.
1 It uses binary values for all features.
1 It cannot compare document similarity.

In the vector model, documents are often represented using a word frequency
table. Each document is treated as a vector, where each dimension corresponds to
c"vgto"kp"vjg"xqgecdwnct{."cpf"vjg"xcnwgu"kpf

document.

Hqt "gzcor ng. " GourkMedtotiZzer{ from thepsKikit“learn library, we can
construct a word frequency vector for the sentences:

1. "The cat sleeps.”
2. "The dog sleeps.”
3. "The cat chases the dog."

After applying CountVectorizer, we might get the following matrix:

cat | dog | sleeps | chases
1|10 1| O #Documentl
0O|1] 1 | O #Document?2
1|11 0| 1 #Document3
Each row represents a document, and each column represents a word in the
vocabulary. This table makes it possible to compare documents quantitatively,
such as calculating their similarity or clustering them into related groups.

What does a word frequency table represent in the vector model?

1 The count of each word in a document.



1 The numerical representation of documents in vector space.
1 The relative position of words in a sentence.
1 The binary presence or absence of words.

Task: Princess Fiona discovers that the suitors are not equally rich. Although
Charming and Scrooge McDuck, in the position of the vector element expressing
wealth, have the value 1, but the amount of their wealth differs significantly. How
do we express "size", and/or the importance of the examined properties?

The Boolean model presented in the previous subsection is very simple for
document representation, but mainly for the document search itself. However, it
cannot capture the quantity or quality of stored features/words in a document. For
this reason, it is practically only used for studying an introduction to the field of
document search.

The vector model of the document is more applicable (the Boolean model also used
vectors, the so-called Boolean vectors, whose elements take the value 0 or 1). In the
vector model, we also assume an invariant order of documents (in our example -
fairy creatures) and also of words/terms (in our example T suitors properties).

In contrast to the Boolean model, we can take into account the frequency of words
occurrence, the importance of words, etc. in the vector model.

In the following sample, we can see a typical result of the word frequency table in a
sentence. CountVectorizer() method is used to create a word frequency vector
directly from the texts. The input to the method is a list of texts. The method is part
of the scikit -learn library.

shrek = "heroism heroism heroism heroism heroism heroism
heroism heroism heroism heroism envy envy"
charming = "heroism envy envy envy envy envy"

After loading the simplified texts, we import the libraries. We will use the pandas
library for an informative model report.

import pandas
from sklearn.feature_extraction.text import CountVectorizer

vectorizer = CountVectorizer()

We will create the document vectors themselves with the fit_transform() function.
For checking, we convert the output corpus into a data frame and print out.

corpus = vectorizer.fit_transform([shrek, charming])



print(pandas.DataFrame(corpus.A,
columns=vectorizer.get_feature_names_out(), index=["shrek",
"charming"]))
Program output:

envy heroism
shrek 2 10
charming 5 1

It is clear that we have created two frequency vectors

1 shrek (2,10)
1 charming (1,5).

In the chapter about the Boolean model of documents, we investigated how many
properties the fairy creatures have in common. So we determined for the fiona
vector its proximity to the shrek and charming vector. This was done by a simple
vector dot product. We can choose the same procedure in the case of the vector
model. Let's imagine that the fairy creatures from the Kingdom beyond the seven
mountains make their badges on an Internet dating site. For the sake of simplicity,
we will focus only on two traits : "heroism" and "envy". Badges could look like this:

Fiona Charming
heroism heroism heroism heroism heroism heroism heroism envy envy envy
heroism envy envy heroism heroism heroism envy envy

heroism heroism heroism
heroism envy envy

The trait "heroism" will belong to the first number of the vector, and the trait "envy"
to the second number. If we consider word frequency vectors, they will look like
this.

fiona = (4;2), shrek = (10;2), charming = (1;5)

Similar to the Boolean document model, a vector dot product can also be used in
this case.



flona‘-shrek‘z 4.10+2.2 =144
fiona - charmmng = 4.1+ 2.5 =14

From the result, it can be seen that Fiona has more features in common with Shrek,

even taking into account the frequency of their occurrence. We are in a fairy
tale????.

However, the vector model has its weak point. If fairy creatures wrote their own
badges, Shrek probably would not say much about himself. On the other hand,
Charming would definitely "expand” and boast about himself. Charming's badge
would probably be longer, i.e. with more text than Shrek's budge. For the simplicity
of the example, let's assume that Charming only copies the text of his budge three
times in order to achieve the largest budge. The word "heroism" will appear 3 times
and envy 15 times in such badge. The vector representing Charming's badge is
three times his previous one, i.e.

Then the feature similarity calculation would look like this:

fiona - shrek = 4.10+ 2.2 = 44

heraism heroism heralsm herolsm heroism heralsm

herolsm envy envy heraism heroism heraism
herolsm heroism heralam
heroism enwvy envy

@ Charming fiona - charming = 4.1+2.5 =14

hersism heroism henaism heroism envy envy envy
heroizm envy envy ERVY ERVY

@ Charming
fiona - charming = 4.3 +2.15 =42

hersizm heraism heraism heraizm envy envy envy
heraism envy envy ENVY ERAY

heraism emvy envy envy
ERVY BAVY

heraisin envy envy envy
EAVY BAVY




Despite the fact that Shrek's resemblance to Fiona is the highest, let's note that in

the long Charming's badge, his resemblance is almost similar. It is obvious that if

Charming had copied his text, e.g. 10 times, he would be the best candidate (the

candif cvg"ykvj "vjg"jkijguv"ukoknctkv{"xcnwg+"Hh
dating site.

From the example, it is clear that the vector model with frequencies of words/terms
greatly disqualifies short texts and disproportionately helps documents with long
texts.

A simple solution is not to create a vector of (so -called absolute) word frequencies,
but to work with relative frequencies. The terms absolute and relative frequencies
in statistics do not mean anything other than the actual number and the number
converted to the proportional (percentage) representation of words in the
document. In the example with badges, it is necessary to divide the number of
words by the number of all words on the badge of the fairy creature. By relative
frequencies, the creature vector would look as follows:

- - (5:2) e AN
heralsm heraism hersism 6 ’ 6 ) S re B (12 ’ 12)
EEEET = (067;033) mEmEm | - (083,017)
@ Charming 3 15
. 1 - _ 3
9. Charming Cha?‘mlng — (g’ g ::::‘::wamwmw Cha?”mlng = (E’ E
M = (0.17;0.83) Iy = (0.17;0.83)

It can be seen from the example that the vector is the same for the relative
frequencies even for Charming's original badge and also for copying its properties
three times. For completeness, we present the final calculation of similarities using
the vector dot product.

fiona - shrek = 0.67 * 0.83 + 0.33 *x 0.17 = 0.5561 + 0.0561 = 0.6122

frona - charming = 0.67 *0.17 + 0.33 «0.83 = 0.1139 + 0.2739 = 0.3878

frona - 3 x charming = 0.67 *x0.17 + 0.33 *« 0.83 = 0.1139 + 0.2739 = 0.3878



The Bag of Words (BoW) model is a fundamental method for representing text data
in machine learning and NLP. It is called "Bag of Words" because it treats each
document as a collection (or bag) of words, disregarding the order of the words and
focusing solely on their presence or frequency.

In this model, a vocabulary of unique words across all documents in a corpus is
created. Each document is then represented as a vector, where each element
corresponds to a word in the vocabulary. The value of each element is typically the
count of the word's occurrence in the document.

For example, in a corpus with two sentences:

1. "The cat sat on the mat."
2. "The dog sat on the mat.”

The vocabulary is: ["The," "cat," "sat,” "on," "the," "mat," "dog"]. Each document can be
represented as a vector of word frequencies:

, 0

1 Sentence 1:[1,1,1, 1,0, ]
1,1,0,1, 1]

1
1 Sentence 2:[1,0,1,1,0,1
The BoW vector can be either boolean or numerical, depending on how it represents
the presence or frequency of words:

1 Boolean vector - where each element of the vector is either 0 or 1 (0
indicates the word is not present in the document, 1 indicates the word is
present in the document).

1 Numerical vector where each element of the vector is a number that
represents the frequency of the word in the document.

In practice, numerical vectors are more frequently used, as they provide richer
information about the document by considering word frequency, which is important
for many machine learning applications.

What are the characteristics of the Bag of Words model?

It creates a vector of word counts.

It builds a vocabulary of unique words.

It focuses on word order.

It uses grammatical relationships between words.
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The BoW model involves the following steps:

=

Tokenization split the text into individual words or tokens.

Vocabulary creation create a list of all unique words in the corpus.

3. Vectorization represent each document as a vector based on the frequency
of words in the vocabulary.

N

For example, consider the corpus:

1 Document 1: "l love programming."
1 Document 2: "Programming is fun."

The vocabulary is: ['l," "love," "programming,” "is," "fun"].
The vectors are:

1 Document 1:[1, 1, 1, 0, O]
1 Document 2: [0, 0, 1, 1, 1]

This process converts text into numerical data that can be used for machine
learning models, but it does not consider the order or context of the words.

What is the first step in creating a Bag of Words representation?

1 Splitting the text into individual tokens.
1 Counting the frequency of words in the document.
1 Sorting the vocabulary alphabetically.

Advantages and limitations

The Bag of Words model is simple, interpretable, and easy to implement. It is
especially effective for tasks like document classification and spam detection.

However, it has several limitations:

T Lack of context - the model disregards the order of words, making it unable
to understand context or meaning.

T High dimensionality - for large corpora, the vocabulary can become very
large, leading to sparse and high-dimensional vectors.

1 Inability to handle synonyms - words like "happy" and "joyful”" are treated as
completely unrelated.



Despite these limitations, BoW remains a useful foundational model for text
analysis, and its simplicity makes it a good starting point for NLP tasks.

Which of the following are limitations of the Bag of Words model?

It creates high-dimensional vectors for large vocabularies.
It cannot handle synonyms effectively.

It captures word order in sentences.

It is difficult to implement.

= =4 =4 =4

Bag of Words applications
The Bag of Words model is widely used in various text analysis tasks:

1 Spam detection - represent emails as vectors of word counts to identify
spam words like "free," "offer,"” or "win."

1 Document classification - classify news articles into categories like sports,
politics, or entertainment based on their word usage.

1 Sentiment analysis - determine whether a review is positive or negative by
analyzing the frequency of words like "great" or "terrible."

1 Information retrieval - search engines use BoW to match user queries with
relevant documents.

These applications demonstrate the practical utility of BoW despite its simplicity.

However, for more nuanced tasks requiring context, other models may be more
effective.

Which of the following is an application of the Bag of Words model?
1 Classifying emails as spam or not spam.

1 Predicting the next word in a sentence.
1 Translating text from one language to another.

Enhancements to Bag of Words

To address the limitations of the Bag of Words model, various enhancements have
been developed:



1 TF-IDF (Term Frequencylnverse Document Frequency) adjusts the word
frequency by its importance in the corpus, giving less weight to common
words.

1 N-grams - instead of individual words, N-grams consider sequences of N
words, capturing some context and word order.

1 Dimensionality reduction - techniques like Principal Component Analysis
(PCA) can reduce the high dimensionality of Bow vectors.

For instance, applying TFIDF to a Bag of Words model for spam detection would

downweight common words like "the" and emphasize more distinctive terms like
"win" or "offer."

(by https://builtin.com/machine -learning/bag -of-words)

Implement the bag-of-words model.

1. Method implementation

# Assumes that 'doc’ is a list of strings and 'vocab' is some
iterable of vocab
# words (e.g., a list or set)
def get_bag_of words(doc, vocab):
# Create initial dictionary which maps each vocabulary word
to a count of O
word_count_dict = dict.fromkeys(vocab, 0)
# For each word in the doc, increment its count
for word in doc:
word_count_dict[word] += 1
# Now, initialize the vector to a list of zeros
bag = [0] * len(vocab)
# For every vocab word, set its index equal to its count
for i, word in enumerate(vocab):
bagl[i] = word_count_dict[word]
return bag

2. Method use

1 This code assumes that we have already managed to represent our
document as a list of separated strings.

import re


https://builtin.com/machine-learning/bag-of-words

# Define the vocabulary
vocab = ['a’, 'am’, 'and’, 'anywhere', 'are’, 'be’, 'boat’,

'box’, ‘car’, \

‘could’, 'dark’, 'do’, 'eat’, 'eggs’, 'fox’, 'goat’,
‘good’, 'green’, \

'ham’, 'here’, 'house’, 'i', 'if', 'Iin’, 'let’,
'like', 'may’, 'me’, \

'mouse’, 'not’, ‘on’, 'or', 'rain’, 'sam’, 'say’,
'see’, 'so’, 'thank’, \

'that', 'the’, 'them’, 'there’, 'they’, 'train’,
‘tree’, 'try", ‘will', \

'with', 'would’, 'you']
# Define the document
doc = ("l would not like them here or there. \n"
"l would not like them anywhere. \ n"
"l do not like green eggs and ham. \'n"
"l do not like them™)
# Convert to lowercase
doc = doc.lower()

# Split on all non - alphanumeric characters (i.e., whitespace
and punctuation)
doc = re.split(" \ W", doc)

# Drop empty strings that arise from splitting
doc = [s for s in doc if len(s) > 0]

bag of words = get_bag_of words(doc, vocab)
print(bag_of words)

0,400040,0, 0,40100000000,3,
1,0,0,0,0,0,0,2

We used a regular expression library to split the document into words only; the
pattern "\W" represents any nonword character.

Create a Python project that converts a single document into its Bag of Words
(BoW) representation and visualizes the word frequencies using various visual
methods, such as bar charts, word clouds, and heatmaps.



1. Import libraries

import matplotlib.pyplot as plt

from wordcloud import WordCloud

from sklearn.feature_extraction.text import CountVectorizer
import pandas as pd

Program output:
/home/johny/.local/lib/python3.9/site -

packages/matplotlib/projections/__init__.py:63: UserWarning:
Unable to import Axes3D. This may be due to multiple versions
of Matplotlib being installed (e.g. as a system package and as
a pip package). As a result, the 3D projection is not
available.

warnings.warn("Unable to import Axes3D. This may be due to
multiple versions of "

2. Input Document:

1 Accept a document as input (either as plain text or from a file).

# Step 1: Load Document

document = "He who carries a pure heart does not need much to
be happy. He easily takes off from the morning dew on lame
wings to heaven. Little children of God. Wandering stars.

Lilies follow them. And God knows it. And He will not forget.
Neither will we !

3. Preprocessing:

1 Tokenize the document.
1 Convert text to lowercase.
1 Remove stop words, punctuation, and special characters.
1 Optional: Perform stemming or lemmatization.
# Step 2: Preprocess Text
def preprocess(text):
import re
from nltk.corpus import stopwords
stop_words = set(stopwords.words(‘english'))
text = re.sub(r'[® \ W s]', ", text.lower())
tokens = text.split()
tokens = [word for word in tokens if word not in
stop_words]
return ' '.join(tokens)



processed_text = preprocess(document)

4. Bag of Words representation :

1 Create a BoW model using a library like CountVectorizer from scikit-learn.
T Alternatively, manually count word frequencies.

# Step 3: Create BoW Representation

vectorizer = CountVectorizer()

bow_matrix = vectorizer.fit_transform([processed_text])
bow_df = pd.DataFrame(bow_matrix.toarray(),
columns=vectorizer.get_feature_names_out())

5. Data preparation for visualization :

T Extract unique words and their frequencies from the BoW model.
1 Sort words by frequency for better visualization.

word_counts = bow_df.sum().sort_values(ascending=False)

6a. Visualization :

1 Bar chart displays the top N most frequent words and their counts.
1  Word cloud shows word frequencies in a cloud, where the size of each word
is proportional to its frequency.

# Step 4: Visualization

# Bar Chart

plt.figure(figsize=(10, 5))
word_counts.head(10).plot(kind='bar’, color='skyblue’)
plt.title("Top 10 Word Frequencies")
plt.xlabel("Words")

plt.ylabel("Frequency")

plt.show()

# Word Cloud

wordcloud = WordCloud(width=800, height=400,
background_color='white").generate_from_frequencies(word_count
s)

plt.figure(figsize=(10, 5))

plt.imshow(wordcloud, interpolation='bilinear")

plt.axis('off")

plt.title("Word Cloud")

plt.show()
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5b. Visualization :

1 Heatmap creates a heatmap of word counts for sentences or sections of the
document.

# finish code

169



In text analysis and NLP, not all words are equally important. While some words,
like "the" or "and,' appear frequently across most documents, they often carry little
significance for distinguishing between documents. To address this, the concept of
Inverse Document Frequency (IDF) is introduced.

IDF is a statistical measure that evaluates how important a word is to a document
relative to a collection of documents (also called a corpus). The key idea is that
words occurring in fewer documents are more informative and receive a higher IDF
value, while words that appear in many documents have lower IDF values.

For instance, consider a corpus of three documents:

1. "The cat sleeps on the mat.”
2. "The dog sleeps in the house."
3. "The bird sleeps in the tree."

Here, the word "sleeps” appears in all three documents, making it less unique. On
the other hand, words like "cat," "dog," and "bird" appear in only one document each,
giving them higher IDF values.

What is the purpose of IDF in text analysis?

To determine how important a word is relative to a corpus.
To emphasize rare words across documents.

To measure the frequency of a word in a single document.
To increase the weight of commonly occurring words.
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The IDF value for a term is calculated using the following formula:
N
IDF(t) =log | —
(0 1oz ()

Where:

T tis the term (word) being evaluated.
1 Nis the total number of documents in the corpus.
T n.is the number of documents containing the term t.



This formula ensures that terms appearing in fewer documents get higher IDF
values, while terms present in many documents get lower values. For example, if a
corpus has 100 documents, and the term "cat" appears in 5 of them, the IDF for
"cat" would be:

1
IDF("cat”) = log ([5}{]) = log(20) ~ 1.3

In contrast, if the term "the" appears in all 100 documents, its IDF would be:

100

IDF(”the”) =log (ﬁ) =1log(1) =0

What does n, represent in the IDF formula?

1  The number of documents containing the term.
1 The frequency of the term in a single document.
1 The total number of terms in the corpus.

IDF is a cornerstone of text analysis because it allows algorithms to focus on
meaningful words while ignoring less informative ones. When combined with Term
Frequency (TF), IDF becomes part of theTF-IDF weighting scheme, which is widely
used in search engines, document classification, and recommendation systems.

Consider a search engine indexing millions of webpages. If a user searches for
"machine learning," the term "machine" might appear in many unrelated documents,
but "learning” might be more unique to relevant content. By applying IDF, the search
engine can prioritize documents where "learning” is significant, improving the
relevance of the search results.

For example, in a dataset of articles:

T "Al revolutionizes machine learning."

1 "Learning new recipes is fun."

1 The term "learning” would have a higher IDF if it appears in fewer unrelated
contexts.

IDF also plays a role in filtering out stop words. Words like "and," "the," and "is" have
near-zero IDF values, ensuring they don't dominate the analysis, allowing for a
cleaner focus on more distinctive terms.



How does IDF improve text analysis?

It increases the weight of distinctive terms.

It helps filter out stop words.

It prioritizes common words across documents.

It measures the total frequency of terms in a document.
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Relative frequencies are the basis of the TFIDF model. In the model, the frequency
of the term TF (Term frequency) is defined, it represents the mentioned relative
frequencies. Thus, TF is the number of occurrences of a term/word in a document
normalized by dividing it by the total number of terms/words in the document. It is
calculated as the ratio of term frequency in the document to the total number of
terms.

Lett be a term/word, d be a document, andw be any term in the document, then we
can calculate the frequency of the term/word t in document d as

d
tf(t,d) = %,

where f(t,d) is the number of terms/words in the document d and f(w,d) is the
number of all terms in the document.

When calculating the TF-IDF, the number of all documents in which the term/word

occurs is also taken into account. We denote this number by df(t,D) - document
frequency and express it as

df (t,D) =Z(d eD: ted),

where D is a corpus of all documents we work with.

Based on the document frequency, it is possible to calculate the Inverse Document
Frequency, which expresses how common a term/word is in the corpus of
documents. The more common the term, the lower its value. We calculate it as

| N
BUFE D) + 1

idf (t,D) =



where N is a number of document in corpus and df(t,D) is the already mentioned
document frequency. The value of +1 in the formula is due to the division by zero
treatment, since the document frequency can also be 0.

The mentioned formulas represent partial calculations for the calculation of TF -IDF
(Term frequency T inverse document frequency), which determines how important
the selected word is for a given document in the corpus of documents. We
calculate the TD-IDF as

tfidf (t,d,D) = tf(t,d) X idf(t,D)

that is, exactly according to its name as the term/word frequency multiplied by the
inverse document frequency.

TF-IDF vectors are calculated using the TfidfVectorizer method of the scikit -learn
library. Unlike the example for CountVectorizer() from the previous chapter, we
need to consider the complete corpus of documents, i.e. all badges. For this
reason, we also added the text of Princess Fiona's visiting. Most of the source code
is practically the same as in the previous chapter, only the method for calculating
the TFIDF is replaced.

fiona = "heroism heroism heroism heroism envy envy"
shrek = "heroism heroism heroism heroism heroism heroism
heroism heroism heroism heroism envy envy"

charming = "heroism envy envy envy envy envy"

import pandas
from sklearn.feature_extraction.text import TfidfVectorizer

vectorizer = TfidfVectorizer()
corpus = vectorizer.fit_transform([fiona, shrek, charming])

print(pandas.DataFrame(corpus.A,
columns=vectorizer.get_feature_names_out(), index=["fiona",
"shrek", "charming"]))

Program output:
envy heroism

fiona 0.447214 0.894427
shrek 0.196116 0.980581
charming 0.980581 0.196116



From the results, it is possible to easily find the TF-IDF vector, e.g.for Princess
Fiona

fiona = (0.894427 ;0.447214)

as well as other beings. Finally, please note that the TRIDF calculation has several
modifications and enhancements. In this chapter we presented the basic approach
for TF-IDF calculation, while the TfidfVectorizer method contains an already
enhanced approach. If we were to calculate the TFIDF "manually" according to the
given formulas, the results would be slightly different. In our example, e.g. the
occurrence of two terms in all three documents (practically impo ssible in a reality)
leads to a negative result of the logarithm. However, by TF-IDF enhancing, we would
complicate the text comprehensibility and clarity. Our main goal was to present a
simple and comprehendible approach to TF-IDF.

(by https://medium.com/nlplanet/two -minutes-nlp-learn-tf-idf-with -easy-examples-
7¢15957b4ch3)

TF-IDF was first designed to search for documents and retrieve information by
running a query to find the most relevant documents. Suppose the query is the text
"the error". The system would assign each document a higher score proportional to
the frequency of the query words found in the document, weighing rarer words like
"error" against more common words like "the".

Suppose we are searching for documents using the query Q and our database
consists of documents D1, D2, and D3.

Q: The cat.

D1: The cat is on the mat.

D2: My dog and cat are the best.
D3: The locals are playing.
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There are several ways to calculate TF, the simplest being the raw number of times
a word appears in a document. We calculate the TF score using the ratio of the
number of instances to the length of the document.

TF(word, document) = "number of occurrences of the word in the
document" / "number of words in the document”

TF("the", D1) = 2/6 = 0.33

TF("the", D2) = 1/7 =0.14

TF("the", D3) = 1/4 = 0.25

TF("cat", D1) = 1/6 = 0.17


https://medium.com/nlplanet/two-minutes-nlp-learn-tf-idf-with-easy-examples-7c15957b4cb3
https://medium.com/nlplanet/two-minutes-nlp-learn-tf-idf-with-easy-examples-7c15957b4cb3

TF("cat", D2) = 1/7 = 0.14
TF("cat", D3) =0/4 =0

The IDF can be calculated by taking the total number of documents, dividing it by
the number of documents that contain the word, and taking the logarithm. If the
word is very common and occurs in many documents, this number will be close to
0. Otherwise, it will be close to 1.

IDF(word) = log("number of documents" / "number of documents
that contain the word")

IDF("the™) = log(3/3) = log(1) = 0

IDF("cat") = log(3/2) = 0.18

Multiplying TF and IDF gives you the TFIDF score of a word in a document. The
higher the score, the more relevant the word is in that document.

TF- IDF(word, document) = TF(word, document) * IDF(word)
TF- IDF("the", D1) =0.33*0=0
TF- IDF("the", D2) =0.14*0=0
TF- IDF("the", D3) =0.25*0=0
TF- IDF("cat", D1) = 0.17 * 0.18 = 0.0306
TF- IDF("cat", D2) = 0.14 * 0.18 = 0.0252
TF- IDF("cat", D3)=0*0=0

The next step is to use the ranking function to rank the documents according to the
TF-IDF scores of their words. We can use the average TFIDF scores of the words in
each document to obtain the rankings D1, D2, and D3 with respect to the query Q.

Average TF - IDF of D1 = (0 + 0.0306) / 2 = 0.0153
Average TF - IDF of D2 = (0 + 0.0252) / 2 = 0.0126
Average TF -IDFofD3=(0+0)/2=0

Finally, when executing the query "The cat" over the document collection D1, D2,
and D3, the results will be sorted:

1. D1: The catis on the mat.
2. D2: My dog and cat are the best.
3. D3: The locals are playing.

The word "the" does not contribute to the TF-IDF score of each document. This is
because "the" occurs in all documents and is therefore not considered a relevant
word.
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Document similarity refers to the measure of how alike two pieces of text are. It is
widely used in various applications, such as detecting plagiarism, clustering similar
documents, and recommending content. Document similarity is not only about
matching exact words but also capturing semantic or contextual similarity.

Hgqt "gzcorng. "vjg"ugpvgpegu"uVjg"ecv"ku"qgp" V]
different words but similar meanings. Measuring similarity between such sentences
requires advanced techniques that go beyond simple word matching.

Common approaches to measuring document similarity include:

T Lexical similarity - measures the overlap of words between documents.
1 Semantic similarity - considers the meaning of words using techniques like
WordNet or embeddings.

Imagine searching for research papers about machine learning. A system that uses
document similarity can recommend articles that discuss neural networks, even if
vjg"vgto"mocej kpg"ngctpkpi Y"ku"pgv"gzrnkekuvr

Which of the following statements about document similarity are correct?

It measures how alike two pieces of text are.

It can involve both lexical and semantic approaches.
It is only useful for matching exact words.

It is irrelevant for document clustering.
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Lexical similarity

Lexical similarity compares documents based on the overlap of their words. This
method is straightforward and works well for applications where exact word
matching is sufficient. For example, comparing two product descriptions to check if
they mention the same features.

Key techniques:

1. Jaccard similarity - measures the ratio of the intersection of words to the
union of words.



1 Example: For setsA = {apple, orange} and B ={apple, banana}, Jaccard
similarity is:

J(A,B)=Intersection / Union =1/ 3

1 Cosine similarity calculates the cosine of the angle between two vectors
(e.g., Bag of Words). Will be explained later.

For two sentences:

1 "l like apples and bananas."
T "l enjoy apples.”

Lexical similarity methods will focus only on matching the exact words like apples.

Which techniques are examples of lexical similarity?

Cosine similarity

Jaccard similarity

Neural embeddings
WordNet-based similarity

= =4 =4 =

Semantic similarity

Semantic similarity goes beyond word matching and considers the meaning of
words and their context. It is essential for cases where two texts share similar
ideas but use different words.

Key methods

1 WordNet-based similarity uses a lexical database to compute the closeness
of word meanings. Example: The words car and automobile are semantically
similar in WordNet.

1  Word embeddings represent words as vectors in a high-dimensional space,
capturing their meanings. Example: In word embeddings, the words king and
gueen are close in the vector space.

Vig"ugpvgpegu"uVjg"fqgi"ejcugf"vjg"

semantically similar, even though they do not share exact words.

Which of the following are examples of semantic similarity methods?

ecv4y" cpf

T



Cosine similarity of word embeddings
WordNet-based similarity

Jaccard similarity

Bag of Words
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Cosine similarity

Cosine similarity is a commonly used method to measure the similarity between
two documents. It calculates the cosine of the angle between two vectors
representing the documents.

A-B
IAllIBI

Cosine Similarity =
Where A and B are term frequency vectors of the two documents.
Example: Consider two documents with Bag of Words vectors:

1 Document 1:[2,0, 1, 1]
1 Document 2:[1, 1, 0, 1]

The cosine similarity is:

(2x14+0x14+1x0+1x1)
VTR x /2 + 12402+ 12)

Applications of similarity:

1 Recommending similar products.
1 Grouping similar articles in search engines.

Which of the following statements about cosine similarity are correct?

It is used to measure the similarity of document vectors.

It is based on the angle between vectors.

It calculates the intersection of words between documents.
It cannot be used with Bag of Words.

= =4 4 =4

Applications of document similarity

Document similarity has numerous applications across industries and fields. Some
common applications include:



1 Plagiarism detection systems identify cases of copied content by comparing
vgzv"ukoknctkv{0"Gzcorng<"C"wpkxgtukv{"u({
similarity with existing papers.

1 Recommendation systems suggest content (articles, products) based on
textual similarity. Example: Recommending movies by analyzing their
descriptions.

T Text clustering groups similar documents together for topic analysis.

Example: Clustering news articles by topic (e.g., sports, politics).
1 Information retrieval ranks search results by similarity to the query.

Which of the following are applications of document similarity?

Plagiarism detection
Clustering similar articles
Tokenization

Removing stop words

= =4 =4 =4

If the princess finds which of her suitors is similar to her, she can narrow down the
selection of suitors (if she believes that "opposites” attract mutually, she can also
narrow down the selection, only she will focus on the least similar suitors, from th e
point of view of the calculation, it is the same a task with a different result ranking
according to similarity). Apart from the world of fairy tales, finding similarities
between documents is, if not "every second", then certainly a daily task of many
systems. A typical example is Internet search engines, which constantly search for
documents most similar to the user's search query. However, this area is not the
only one. Systems, e.g. check students” works for plagiarism, naturally based on the
similarity of the documents. Email servers verify and check spam based on the
similarity between a message and messages labelled as spam in the past, hotel
reservation services are constantly searching for offers similar to customer
tgswguvu. "cpf"pgpletpVirRp"uryglpdkgyugt "dcugf
ad to your previous website visits is also a daily occurrence.

C

The basis for determining similarity is to design an appropriate object
representation. Not only for documents, the most suitable representation is the
form of vectors, which we described in the previous text.

Task: Princess Fiona wants to choose a suitor who is similar to her. She narrowed
her choice to Shrek and Prince Charming. For the sake of simplicity, she only



wants to track the traits "envy" and "heroism". So she is looking for a suitor who
has the same (similar) amount of envy and is a similar hero as she is.

The simplified measures of envy and heroism are shown in the following table,
compiled by Princess Fiona. It was necessary for her to evaluate herself as well
(she will be looking for someone most similar to her). She self -critically admitted
that she is also "a little" envious

heroism 4 ] 10
envy 2 5 2

We can insert the fairy creatures into the table using the Pandas library.

import pandas as pd
import numpy as np

beings = pd.DataFrame([
{'being’: 'Fiona’, 'heroism'. 4, 'envy": 2},
{'being": 'Shrek’, 'heroism': 10, ‘envy": 2},
{'being": ‘Charming’, 'heroism". 1, 'envy': 5},

)
print(beings)

Program output:
being heroism envy

0 Fiona 4 2
1 Shrek 10 2
2 Charming 1 5

We will use the NumPy library to work and determine the vector similarity. NumPy is
a basic library for computing. It is ideal for working with matrices and vectors. For
this reason, we will do the following basic calculation of the similarity of fairy
creatures, which will be represented by a vector. From the data we currently have
loaded using Pandas, we can create three vectors representing fairy creatures.

fiona = np.array(beings.iloc[O0, [1, 2]])
shrek = np.array(beings.iloc[1, [1, 2]])
charming = np.array(beings.iloc[2, [1, 2]])



print(fiona)
print(charming)

Program output:
[4 2]
[1 5]

We assume that most real-world examples will have data in Pandas. If we do not
use Pandas, we can also directly load the vectors of the three fairy creatures in
NumPy.

fiona = np.array([4, 2])
shrek = np.array([10, 2])
charming = np.array([1, 5])

Whether we do the given operation directly by typing it into NumPy or by loading
NumPy from Pandas, at the end of both procedures we will have three variables
fiona, shrek, and charming, in which a vector representing the properties of fairy
creatures will be stored. In our case, these are two-dimensional vectors, for better
visualization we can plot them on a graph using the PyPlot library.

import warnings
warnings.filterwarnings(“ignore™)
import matplotlib.pyplot as plt

# Set axis labels for X and Y
plt.xlabel('heroism")
plt.ylabel('envy")

# Plotting the points on the graph
plt.plot(fiona[0], fiona[1], ‘ro*, color="r")
plt.plot(shrek[0], shrek[1], 'ro’, color='g’)
plt.plot(charming[0], charming[1], ‘ro, color="b")

# Setting annotations for the points

plt.annotate('fiona’, (fiona[0] - 0.4, fiona[1]+0.2))
plt.annotate('shrek’, (shrek[0] - 0.4, shrek[1]+0.2))
plt.annotate('charming’, (charming[0] - 0.4, charming[1]+0.2))

# Setting the range of the displayed axes X and Y
plt.axis([0, 11, O, 6])

# Display the graph
plt.show()



Program output:
&

charming
5 - L

fiona shirek

Even at the first look at the graph, you can see that Princess Fiona is closer to
Charming than to Shrek. In our task, according to the assignment, we choose a
suitor for Fiona who is most similar to her. "Similarity" is practically the basic
building block for various dat a mining methods, such as recommendation system,
object clustering, anomaly classification and detection, etc. The similarity measure
is a metric indicating how similar or how far two objects are (distance). If the
distance is small, it will be a high degree of similarity. A large distance means a low
degree of similarity. Similarity is subjective and depends on the domain area of the
issue being addressed.

The aim of our endeavour will be to find a number representing the relationship
between two fairy creatures. We represented beings using vectors:

Fiona = (4,2)

Shrek = (10,2)

Charming = (1,5)

The proven procedure of mathematicians, how to express the "vector relationship™
with a number, is to calculate the vector dot product. In this way, we have already
calculated the similarity for the Boolean and vector models, the calculation was
carried out according to the formula. The vector dot product is defined as the
product of the absolute values of the magnitudes of two vectors and the cosine of
the angle between them. The result is always a scalar.



We calculate the dot product of vectors ¥ and ¥ as:

X -y = |X|Y| cos(£a) = x,y1 + X2y5 + ++ + Xp Y, (1)
where |X| and |j| is the mentioned size of the vector X¥ and y. For our three fairy creatures
represented by vectors, the calculation is simple.

m . shrek = fiona,shrek, + fiona,shrek, =4.10+ 2.2 = 44

fiona-krason= 4.1+2.5=14

It is similarly simple in Python, where we use the dot() function from the NumPy
library to calculate the vector dot product.

fiona = np.array([4, 2])
shrek = np.array([10, 2])
charming =  np.array([1, 5])

print("Similarity of fairy tale characters: \ n",
"Fiona and Shrek:", np.dot(fiona, shrek), " \ n",
"Fiona and Charming:", np.dot(fiona, charming))

Program output:
Similarity of fairy tale characters:

Fiona and Shrek: 44
Fiona and Charming: 14

Euclidean distance

The basic metric for determining similarity is the Euclidean distance. Euclidean
distance is also known as simple distance. The Euclidean distance between two
points is the length of the path connecting them.

We calculate the Euclidean distance m, of vectors X and ¥ as:

'me(f*j}) = \/E?E’Ll(xi _yi)zf

where X and y are vectors with the same number of elements.

In our example, we can easily make a function to calculate the Euclidean distance.

def euclidean_distance(x, y):
return np.sgrt(np.sum((x - y) **2))

For the definition of the function, we used the NumPy library with the following
functions:



Description Example
The function is used to calculate the In [1€]: np.sqrt(8l)
sqrt . .
square root. out[16]: 9.0
Function for the sum of individual In [13):|v = np.array([1,4,2])
sum np.sum v
elements of vectors e o
In [17): 4 #% 3
_ 64
** Power operator of the given number
In [1 4 *+ 2
16

By calling the designed function euclidean_distance(), we can find the similarity
(distance) between the fairy creatures. We remind that these beings are
represented by a vector.

import numpy as np

fiona = np.array([4, 2])
shrek = np.array([10, 2])
charming = np.array([1, 5])

print("Euclidean distance: \n",

"Fiona and Shrek:", euclidean_distance(fiona, shrek),
"\ n",

"Fiona and Charming:", euclidean_distance(fiona,
charming))

Program output:
Euclidean distance:
Fiona and Shrek: 6.0
Fiona and Charming: 4.242640687119285

From the results, it can be seen that Fiona is more similar to Charming, as the
distance between the vector representing Charming and Fiona is smaller than
between Fiona and Shrek.

Although we "romantic souls" do not like this fact very much, it should be noted that
any similarity measure will correctly determine the distance/similarity of objects.
However, there are similarity measures that are more suitable for the studied
domain. For the area of similarity of text documents (as well as vectors of fairy -tale
creatures), there are more suitable similarity measures than the aforementioned
Euclidean similarity.



Cosine similarity

A commonly used vector text representation approach is based on the number of
words in documents. However, this approach has one flaw. As the document size
increases, the number of common words increases.

If we consider two documents D ; and D.. We would create a Dcopy document by
only duplicating the content of the document (i.e. the D, document would be
included twice). Similarly, we would also create a D.copy document. In the vector
representation of documents, the individual elements of the vector would be
doubled in the D,copy and D.copy documents. With metrics like Euclidean distance,
we would then find that D, and D. are closer to each other (more similar) than
D.copy and D.copy. But that is not true.

D2copy

5 \ D1copy
E’l _Eﬁﬁ_
. 02 ==
3
D1
) =
0

0 1 2 3 4 5§ 6 7 8 9 10

Cosine similarity together with the TF-IDF model helps to overcome this
fundamental error in the "word count" approach or Euclidean distance. Cosine
similarity is a metric used to measure the similarity of documents regardless of
their size. It is actually an expression of the size of the angle formed by two vectors
representing two documents.

The cosine of 0° is 1, and is less than 1 for any other angle. So it is a view on the
orientation and not the size of the vectors. Two vectors with the same orientation
have a cosine similarity of 1, two vectors at 90° have a similarity of 0, and two
diametrically opposite vectors have a similarity of -1, regardless of their sizes.



y=cos6

For two documents (vectors) a and b we calculate the cosine similarity as follows:
5 ) 5 it ZT a,‘b;
lall 16l /37 a? /X6

CosO =

where: ¢° b= iabi=ab +aby +---+a,b

n is vector multiplication.

Then, in Python, we can calculate the cosine similarity as follows.

def cosine_similarity(X, y):
return np.dot(x, y) / (np.sqrt(np.dot(x, x)) *
np.sqrt(np.dot(y, y)))

Finally, all that remains is to state the happy ending of the fairy tale of Shrek and
Fiona.

import numpy as np

fiona = np.array([4, 2])
shrek = np.array([10, 2])
charming = np.array([1, 5])

print("Cosine similarity: \ n",

"Fiona and Shrek:", cosine_similarity(fiona, shrek),
"\ n",

"Fiona and Charming:", cosine_similarity(fiona,
charming))



Program output:

Cosine similarity:
Fiona and Shrek: 0.9647638212377322
Fiona and Charming: 0.6139406135149205

According to the cosine similarity, these two are certainly the closest to each other
(a value of 1 represents a complete match), which is also illustrated in the following

graph.

envy

S = N O & O O

0 1 2 3 4 56 6 7 8 9 1
heroism

At the end of the chapter, it should be noted that the most common approach is the
use of the TF-IDF document model in combination with cosine similarity. In
practice, however, the calculation of the TF-IDF document model instead of the
frequency vector model is only a matter of changing the method in a few lines of
source code. For this reason, in the chapter we worked with a vector model of the
word frequency in a document. We present the combination of TF-IDF and cosine
similarity in the Application Exam ple at the end of this publication .



Ug p v k Gpgcpnv{"u |
Chapter12



The internet has evolved significantly in the past 15 years, transforming users from
mere consumers to active creators of content. This transformation, often termed
"Web 2.0," marked a new era of web development where static content was
replaced by dynamic platforms for sharing and collaboration. From 2004 onward,
discussion forums, reviews, and user-generated content have become integral to
online experiences, offering a wealth of information about users' opinions,
attitudes, and feelings.

For instance, before planning a vacation, many people rely on reviews of hotels and
destinations shared on popular travel websites. Negative feedback in these reviews
can influence decisions, causing users to reconsider their choices. Similarly,
reviews and ratings play a crucial role in purchasing decisions for goods and
services. This growing repository of online opinions has become a rich source of
insights into public sentiment.

Political parties, too, analyze these forums to gauge public reactions. By studying
discussions, they can understand the public's reception of proposed policies or
assess reactions to recent controversies. Such analysis provides invaluable
feedback, but as the volume of user-generated content grows, manually analyzing
this data becomes impractical.

Which of the following are examples of the evolution of Web 2.0?

Dynamic sharing and collaboration platforms.
Online spaces for user-generated content.
Static websites with fixed content.
Single-purpose, read-only web pages.
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Sentiment analysis is a subfield of NLP that focuses on extracting subjective
information from text. It aims to determine the sentiment, opinion, or emotion
expressed in the text, often classifying it as positive, negative, or neutral. Sentiment
analysis is widely applied in areas like product reviews, social media analysis, and
customer feedback.

The method allows businesses to understand public perception of their products
and services. For instance, analyzing customer reviews can help companies identify
what customers like or dislike about their offerings. Similarly, social media
sentiment analysis can provide insights into public reactions to current events or
brand campaigns.



Sentiment analysis can be broadly categorized into two approaches: lexicon-based
methods and machine learning -based methods. Lexicon-based methods rely on
predefined lists of positive and negative words, while machine learning methods
involve training models on labeled datasets to learn patterns in sentiment.

This field has gained prominence due to the rise of Web 2.0, where users actively
create content on platforms like discussion forums, blogs, and social media.
Analyzing this data enables better decision-making in marketing, politics, and other
areas.

Which of the following are common applications of sentiment analysis?

Analyzing customer reviews for opinions about products.
Tracking public reaction to social media campaigns.
Predicting numerical ratings of a product.

Measuring the frequency of words in a text.
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Lexicon-based sentiment analysis

Lexicon-based sentiment analysis is one of the simplest methods used to
determine sentiment in text. This method involves using predefined lists of positive
and negative words, often referred to as sentiment lexicons . For example, words
like great, excellent, and amazing are positive, while words like poor, horrible, and
terrible are negative.

A sentiment score is calculated by matching the words in a text with the lexicon

and summing the positive and negative scores. For instance, the review "The movie
was great, but the ending was horrible” would yield a mixed sentiment score based
on the number of positive and negative matches.

This method is computationally efficient and easy to implement. However, it has
limitations. For instance, lexicon-based methods may struggle with sarcasm or
context. Consider the sentence: "Well, that was just fantastic, wasn't it?" The word
fantastic is positive, but the tone conveys a negative sentiment.

Despite its simplicity, this approach is a great starting point for sentiment analysis
tasks, particularly when datasets are small or when quick insights are needed.

What are the characteristics of lexicon -based sentiment analysis?

1 It uses predefined lists of positive and negative words.
T It struggles with sarcasm and context.



1 Itrequires a large labeled dataset for training.
T Itis computationally intensive.

Machine learning -based sentiment analysis

Machine learning-based sentiment analysis uses algorithms to learn patterns in text
data. These methods rely on labeled datasets, where each text sample is annotated
with its sentiment class (e.g., positive, negative, neutral). Models such as logistic
regression, support vector machines , or neural networks are commonly used.

The first step is feature extraction. Text is converted into numerical formats, such
as bag-of-words, TFIDF, or word embeddings, to serve as input for machine
learning models. Once trained, these models can generalize to predict sentiment in
unseen text.

Machine learning approaches outperform lexicon -based methods in many
scenarios, particularly when dealing with nuanced sentiment, such as mixed
opinions or sarcasm. For example, models trained on movie reviews can accurately
classify sentences like "The plot was predictable, but the characters were likable.”

One challenge is the need for large, labeled datasets to train the models. However,

pre-trained language models like BERT and GPT3 have made it easier to achieve
high accuracy without extensive labeled data.

What are key steps in machine learning-based sentiment analysis?

1 Extracting features from text data.

T Training models on labeled datasets.

1 Annotating the dataset with numerical scores.

1 Relying solely on predefined word lists.
Challenges

While sentiment analysis has proven useful, it comes with challenges. One
significant issue is understanding context. Words that are positive in one scenario
can be neutral or even negative in another. For example, the wordcheap is positive
when describing prices but negative when describing quality.

Another challenge is dealing with sarcasm. Humans can easily detect sarcasm
through tone and context, but models often misinterpret sentences like "Oh great,
another traffic jam." Similarly, sentiment analysis may struggle with ambiguous
language, where the author's intent isn't clear.



Domain-specific language also poses difficulties. Words and phrases that have
specific meanings in certain industries, like bullish in finance, need specialized
models or lexicons to be accurately analyzed.

Despite these challenges, advancements in deep learning and the use of pretrained
models are helping address these issues, improving accuracy in complex
scenarios.

What are common challenges in sentiment analysis?

Interpreting sarcasm in text.
Handling ambiguous language.
Converting text to numerical formats.
Processing structured data formats.

= =4 =4 =

Applications of sentiment analysis

Sentiment analysis has numerous real-world applications. In customer feedback
analysis, businesses use sentiment analysis to understand customer satisfaction
and improve products or services. Similarly, it helps monitor brand reputation by
analyzing social media sentiment.

In politics , sentiment analysis is used to gauge public opinion about policies,
speeches, or election campaigns. For instance, analyzing tweets during a political
debate can provide insights into voters' reactions in real-time.

In healthcare, patient reviews of medications or hospitals are analyzed to assess
guality and satisfaction. Additionally, sentiment analysis is applied in financial
markets, where public sentiment about a company can influence stock prices.

These applications demonstrate how sentiment analysis is a powerful tool for
decision-making across various domains, turning subjective data into actionable
insights.

Which fields use sentiment analysis extensively?

Customer feedback analysis.

Brand reputation monitoring.

Reaktime stock price prediction.

Diagnosing diseases directly from patient reviews.

=A =4 4 =4



Emotion detection

Emotion detection is a type of sentiment analysis focused on identifying the
emotions behind text data. It aims to classify text into categories like frustration,
happiness, or sadness.

This type of analysis uses predefined emotion lexicons Y lists of words associated
with specific emotions. For example, the word angry may indicate frustration, while
joyful indicates happiness. Advanced methods may also use machine learning
models to detect emotions based on patterns in the text.

Emotion detection is particularly useful in areas such as:

1 Customer support -identifying frustrated customers for prompt assistance.
1 Social media monitoring - understanding public sentiment on key topics.
1 Mental health - analyzing discussions to identify signs of emotional distress.

Despite its usefulness, emotion detection can be challenging due to ambiguous
language and sarcasm, where the true emotion may be masked.

What is the primary focus of emotion detection in sentiment analysis?

1 Identifying emotions like frustration or happiness.
1 Classifying text into numerical scores.
1 Detecting sarcasm directly.

Intent detection

Intent detection focuses on uncovering the purpose or message behind a text.
Every piece of communication has an underlying intent, and this type of sentiment
analysis extracts that intent.

For example:

T A customer says, "l need help with your product."This indicates a request for
technical support.

T Anothersays,$ KXo " ecpegnkpi Ths{signals/teuirgentkorstok q p 0 $
using the service.



Businesses often use intent detection to improve customer interactions . By
recognizing customer intent in emails, chats, or social media messages, companies
can tailor their responses accordingly.

Advanced techniques for intent detection involve NLU and machine learning models
trained on datasets labeled with different intents.

What is a common use of intent detection in sentiment analysis?
1 ldentifying customer complaints or requests.

1 Measuring the frequency of keywords in text.
1 Converting text into numerical representations.

Fine-grained sentiment analysis

Fine-grained sentiment analysis goes beyond simple positive, negative, or neutral
classification. It categorizes text on a detailed scale, often from 1 (extremely
negative) to 5 (extremely positive).

This method provides a nuanced understanding of text sentiment. For instance:

1 "The product is terrible™ might score 1.
1 "The product is good, but shipping was slow" might score 3.

Fine-grained sentiment analysis is widely used in:

1 Product reviews - providing detailed feedback for improvement.
1 Social media - gauging public reaction to events or campaigns.

This level of detail helps businesses identify not just sentiment but also its
intensity, enabling targeted responses.

What is the main advantage of fine-grained sentiment analysis?

1 It provides detailed sentiment ratings like extremely negative or very positive.
T It focuses only on specific aspects of a text.
T It simplifies text into binary categories.



Multi -lingual sentiment analysis

Multi-lingual sentiment analysis is designed to analyze text data written in multiple
languages. It extracts emotional tones across different dialects, which is
particularly useful for global brands or platforms with diverse users.

Challenges in multi-lingual analysis include:
1 Preprocessing - tokenization and stop word removal often need to be
adapted for each language.
T Linguistic diversity -grammar and syntax vary widely between languages,
making it difficult to apply uniform techniques.

Despite these challenges, advanced NLP models like multilingual BERT (mBERT)
and XLM-Roberta enable effective multi-lingual sentiment analysis.

What is a challenge unique to multi-lingual sentiment analysis?
1 Adapting preprocessing techniques to different languages.

1 Converting text to numerical formats.
1 Detecting sarcasm across languages.

Aspect-based sentiment analysis

Aspect-based sentiment analysis identifies and analyzes sentiments tied to specific
aspects of text rather than treating it as a whole.

For instance, in the review"The food was delicious, but the service was slow;"

1 The sentiment for food is positive.
1 The sentiment for service is negative.

Applications of aspect -based sentiment analysis include:

1 Customer reviews - understanding opinions about individual product
features.

1 Social media analysis - monitoring public sentiment on specific aspects of
an event.

This method provides more actionable insights, as it allows businesses to pinpoint
what customers like or dislike about specific aspects of their offerings.



What is the focus of aspect-based sentiment analysis?

1 Analyzing sentiments about specific aspects in text.
1 Categorizing sentiments on a detailed numerical scale.
1 Detecting emotions like frustration or happiness.

Lexical-based sentiment analysis

Lexical-based sentiment analysis identifies text sentiment by categorizing each
word into positive, neutral, or negative groups based on its polarity. The overall
impression of the text is determined by the group with the highest number of
words. For example, text with multiple negative words is labeled as negative.

Key features of the lexical-based approach:

1 Tokenization converts words into tokens (sentiment lexicons) predefined
with polarity.

1 No training data required - it is an unsupervised method suitable for feature
or sentence analysis.

1 Challenges are in domain-dependence - words can have different polarities in
different domains. For example, low weight is positive for laptop but negative
for winter jacket.

The approach includes two methods:

1 Corpus-based methods use domain-specific lexicons.
1 Statistical methods rely on statistical analysis of text data.

Which of the following is a key characteristic of the lexicon -based approach to
sentiment analysis?

It categorizes words based on predefined polarity lists.
It requires labeled training data for analysis.

It uses machine learning algorithms to analyze text.

It processes data without any predefined rules.

=A =4 4 =4



What is a key challenge of the lexicon-based approach?

1 Polarity of words may vary by domain.
1 It requires labeled training data.
T It cannot analyze at the sentence level.

How does the lexicon-based approach determine the sentiment of a text?

By counting the number of positive and negative words in the text.
By analyzing the grammatical structure of the text.

By using machine learning to classify the sentiment.

By translating the text into a sentiment -specific language.

= =4 =4 =

Machine learning approach

The machine learning approach is one of the most effective and widely used
methods for sentiment analysis. It employs supervised or unsupervised learning to
train models that can predict the polarity of text (positive, negative, or neutral)
based on patterns learned from the training data. This approach leverages
algorithms to analyze linguistic features and patterns, enabling the model to
determine sentiment with high accuracy.

Supervised learning requires labeled datasets where each text sample is annotated
with its corresponding sentiment. During training, the model learns to associate
specific patterns, words, or combinations of words with their respective sentiment
labels. For example, words like "amazing" or "excellent" might be associated with
positive sentiment, while words like "terrible™ or "poor" would correspond to
negative sentiment. In contrast, unsupervised learning does not rely on labeled data
but uses clustering or other techniques to infer sentiment patterns.

Several machine learning algorithms are commonly employed in sentiment
analysis:

1 Support vector machine is highly effective for text classification tasks. It
works by finding the optimal boundary that separates different sentiment
classes.

1 K-nearest neighbors classifies text based on the similarity to nearby
examples in the dataset, making predictions based on the sentiment of its
closest neighbors.

T Logistic regression predicts the probability of a text belonging to a specific
sentiment class, often used due to its simplicity and interpretability.



1 Decision tree splits the data into branches based on features, creating a tree-

like structure to classify sentiment.

1 Naive Bayes as a probabilistic classifier that assumes independence
between features, Naive Bayes is lightweight and effective for many
sentiment analysis tasks.

The machine learning approach has several advantages. It is capable of handling
large datasets efficiently and can learn complex patterns and relationships in the
data. This makes it a versatile tool for analyzing large-scale sentiment data, such as
social media posts or customer reviews. Additionally, machine learning models can
adapt to new patterns when retrained with updated data, improving their
performance over time.

However, there are some limitations to this approach. In supervised learning, the
model's success depends heavily on the availability and quality of labeled data.
Creating such datasets can be time-consuming and expensive. Additionally,
machine learning models may struggle with domain -specific language or nuanced
expressions unless they are trained on sufficient examples from that specific
domain.

In summary, the machine learning approach is a powerful technique for sentiment
analysis, offering flexibility and accuracy across diverse datasets. By selecting the
right algorithm and ensuring high -quality training data, organizations can harness
the full potential of this approach for various applications.

What is a benefit of the machine learning approach for sentiment analysis?

1 It can handle large datasets and learn patterns.
1 It eliminates the need for labeled training data.
1 It automatically generates lexicons.

Neural network approach

The neural network approach leverages artificial neural networks, which are
computational models inspired by the human brain, to process and classify text
data. This method excels in tasks requiring complex pattern recognition, such as
sentiment analysis. Neural networks can understand the sequential nature of text
and capture dependencies between words, making them highly effective for
analyzing sentiment nuances.

Popular algorithms in this category include Recurrent Neural Networks (RNNS),
which are adept at handling sequential data, and Convolutional Neural Networks
(CNNs), which are often used for feature extraction in text. These algorithms

process text by encoding it into numerical representations, which are then analyzed



for patterns indicating sentiment. For instance, an RNN might analyze the phrase
"not great but not terrible" by considering the sequence and context of words,
something simpler models may overlook.

Neural networks require extensive labeled datasets and significant computational
power for training. However, once trained, they can handle diverse data sources and
even identify subtle shifts in sentiment, such as sarcasm or irony. This makes them
particularly valuable in analyzing social media data, customer reviews, or any
content with rich emotional subtext.

The neural network approach represents a significant advancement in sentiment
analysis, combining high accuracy with the flexibility to adapt to various
applications. However, its complexity and computational demands make it less
accessible than simpler me thods like lexicon-based analysis.

What are characteristics of the neural network approach to sentiment analysis?

It uses artificial neural networks to process and analyze text data.
Models like RNNs and CNNs are commonly employed for this approach.
It relies primarily on predefined sentiment lexicons for analysis.

It avoids using machine learning techniques altogether.

= =4 =4 =

A probably simpler method of sentiment analysis is based on the assumption that

in the case of a positive review we also use the so-called positive words. If we like
the selected product or service, we will probably write words like "good"”, "excellent”,
"perfect” etc. in our review. With a negative attitude, we will probably use words like
"bad", "terrible", "horrible" and so on. Therefore, a basic sentiment analysis is based
on the assumption of the existence of lists of such positive and negative words. F or
the English language, it is not difficult to find lists of positive and negative words on

the Internet.

Task: Princess Fiona wants to find how she, as a person and ruler, is perceived by
her subjects. Due to the potential threat to the kingdom's sovereignty, Facebook,
Instagram, Twitter, VKontakte, and TikTok are banned and blocked in the
kingdom. The only way how subjects can write a review or a contribution to the
discussion is through the discussion forum on the official website of the Kingdom
beyond the Seven Mountains, which is monitored and censored.



From all the ratings and reviews of her subjects, posted on the official website of
the Kingdom beyond the Seven Mountains, Fiona wants to evaluate and analyse the
sentiment. We all already suspect that it will be positive.

The first step of the task will be to prepare and pre-process all reviews/posts
posted on the Kingdom beyond Seven Mountains site. If these will be in the form of
texts, it is necessary to select only posts evaluating Princess Fiona. This step will
also be easy, enough if the word "Fiona" occurs in the post. When analysing
sentiment, we need to evaluate the sentiment of respective posts. The resulting
sentiment will represent their average, i.e. average of sentiments of individual
discussion/review posts.

Determining the sentiment of a post or a sentence represents a classification task.
Therefore, it is necessary to note whether the sentence is positive, neutral or
negative. We suppose the existence of positive and negative words lists. Our lists
of these words might look as follows:

Positive words list Negative words list

good, nice, super, excellent, wonderful, bad, terrible, horrible, ...

In the analysis itself, it is enough to count the number of negative and positive
words occurred in the post. As an example, we will classify sentiment for the
sentence: "Fiona has nice and styled hair, supermakeup. However, she wears
terrible outfits."

Positive Negative

words list words list

~.

Fiona has| nice |and styled hair, | super | face. But has a| terrible| outfits.

Positive= 2 Negative =1

However, simple classification of sentences into these groups is rarely used.
Rather, the classifier is expected to determine the magnitude of positivity or
negativity. Then we talk about determining the so-called sentence orientation or
polarity.



In the classifier we are creating for Princess Fiona, for the sake of simplicity, we will
create our own simple list of positive and negative words. Along with importing the
nltk library it might look as follows:

from nltk.tokenize import word_tokenize

positive = ['good’, 'nice’, 'super’, 'excellent’]
negative = ['bad’, 'terrible’, 'horrible’]

We tokenize the sentence and insert the created tokens, in our case words, into the
list.

sentence = 'Fiona has nice and styled hair, super makeup.
However, she wears terrible outfits.’

sentence_token = word_tokenize(sentence)
print(sentence_token)

Program output:

[Fiona', 'has’, 'nice’, 'and’, 'styled’, ‘hair’, ',’,
'super’, 'makeup’, ., 'However', ',', 'she’, '‘wears’,
'‘terrible’, 'outfits’, "."]

We ensure the number of positive and negative words from our lists by a simple
cycle in which we check whether the word is in these lists.

pos =0
neg=0
for word in sentence_token:
if word in positive:
pos =pos +1
if word in negative:
neg=neg +1
print(‘'Number of positive words: ', pos)
print'Number of negative words: ', neg)

Program output:
Number of positive words: 2

Number of negative words: 1

It is clear from the result that the sentence is positive. We can even express a
degree of positivity. For the sake of completeness, we also present this relatively
simple source code.

difference = pos - neg
if(difference > 0):
print(‘The sentence is positive')



positivity_rate = pos / (pos + neg)

print('Positivity rate: ', positivity_rate)
if(difference < 0):

print('The sentence is negative')

negativity rate = neg / (pos + neg)

print('Negativity rate: ', negativity_rate)
if(difference == 0):

print('Neutral sentence’)

Program output:
The sentence is positive

Positivity rate: 0.6666666666666666

The given classification of sentiment is quite simple. It has several issues:

1 There must be a list of positive and negative words. If no existence, a more
sophisticated solution than just "simple thinking and reasoning which words
should be included in" has to be designed.

1 Words have varying degrees of sentiment. It would certainly be good to rate
more, e.g. "she hasthe best outfits in the kihngdom" than "she has good
outfits”. Similarly, in the case of negative sentiment, there is a difference in
the degree of sentiment in the sentences "Her outfits are terrible” and "Her
outfits are not good". Then, how to assign the weight of sentiment to
respective words?

1 Sometimes only words are not enough. For example, the word "good" can be
used in a positive sentence such as "She hasgood outfits.", but also in the
sentence "Her outfits are not good." The second sentence is obviously no
longer positive, despite the fact that it contains one positive word.

1 Arguably the biggest issue with sentiment analysis (not just our simple
classifier) is irony. The traditional sentence of teenagers "well... it's really
good" probably will not be positive despite the positive word used.

(by https://www.kaggle.com/code/anantpandey29/sentiment -analysis-on-amazon-
reviews)

Show how sentiment analysis can be performed using python.
Dataset:
T original: https://www.kaggle.com/code/anantpandey29/sentiment -analysis-

on-amazon-reviews?select=amazon.xIsx
T reduced: https://priscilla.fitped.eu/data/nlp/sentiment/amazon_reviews.csv



https://www.kaggle.com/code/anantpandey29/sentiment-analysis-on-amazon-reviews
https://www.kaggle.com/code/anantpandey29/sentiment-analysis-on-amazon-reviews
https://www.kaggle.com/code/anantpandey29/sentiment-analysis-on-amazon-reviews?select=amazon.xlsx
https://www.kaggle.com/code/anantpandey29/sentiment-analysis-on-amazon-reviews?select=amazon.xlsx
https://priscilla.fitped.eu/data/nlp/sentiment/amazon_reviews.csv

Ipip install textblob

TextBlob is a popular NLP library in Python, designed for simplicity and ease of use.
It provides tools to work with text, such as processing, analysis, and sentiment
analysis. Components does:

TextBlob

The TextBlob class is used to represent text and provides a wide range of
functionality for text processing. We can create a TextBlob object to work with text
data and perform tasks like:

1 Tokenization (splitting text into words or sentences)

1 Sentiment analysis (analyzing text for positive, negative, or neutral
sentiment)

1 Part-of-speech tagging (identifying nouns, verbs, etc.)

1 Text translation and spelling correction

Word

The Word class represents individual words and provides word-specific
functionalities, such as:

1 Lemmatization (getting the base form of a word)
1 Spell checking and correction
v Pluralization and singularization

1. Import libraries and data

import numpy as np
import pandas as pd

from sklearn.preprocessing import LabelEncoder

from sklearn.model_selection import cross_val_score,
GridSearchCV, cross_validate

from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import SVC

from sklearn.tree import DecisionTreeClassifier

from sklearn.naive_bayes import MultinomialNB

import nltk

from nltk.corpus import stopwords

from nltk.sentiment import SentimentintensityAnalyzer

from textblob import Word, TextBlob

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.feature_extraction.text import CountVectorizer



import matplotlib.pyplot as plt
import plotly.graph_objs as go
import plotly.io as pio

from wordcloud import WordCloud

df =
pd.read_csv("https://priscilla.fitped.eu/data/nlp/sentiment/am
azon_reviews.csv")

print(df.head())

Program output:
/home/johny/.local/lib/python3.9/site -

packages/matplotlib/projections/__init__.py:63: UserWarning:
Unable to import Axes3D. This may be due to multiple versions
of Matplotlib being installed (e.g. as a system package and as
a pip package). As a result, the 3D projection is not
available.

warnings.warn("Unable to import Axes3D. This may be due to
multiple versions of "

Star HelpFul
Title \
0 5 0 looks
great
1 5 0 Pattern did not align between the two
panels.
2 5 0 Imagery is stretched. Still
fun.
3 5 0 Que se ven elegantes muy
finas
4 5 0 Wow great
purchase

Review

0 Happy with it

1 Good quality material however the panels are m...
2 Product was fun for bedroom windows.

Imag...
3 Lo unico que me gustaria es que sean un poco ...
4 Great bang for the buck | can't believe the qu...

2. Data preprocessing

1 Checking for nulls in the dataset



print(df.isnull().sum())

Program output:
Star 0

HelpFul 0
Title 52
Review 18
dtype: int64

1 Since 18 reviews are null, we will drop them from the dataset. The other
columns will remain unchanged, as our primary focus in this notebook is on
Sentiment Analysis.

df.dropna(subset=['Review'], inplace=True)
print(df.isnull().sum())

Program output:
Star 0

HelpFul 0
Title 43
Review 0
dtype: int64

T Applying stop words from NLTK

# nltk.download('stopwords")
sw = stopwords.words(‘english’)
print(sw)

Program output:

['i", 'me’, 'my’, 'myself', 'we', 'our’, ‘ours’, 'ourselves’,

'you', "you're", "you've", "you'll", "you'd", 'your', 'yours',
'yourself', 'yourselves', ‘he’, ‘him', 'his’, ‘himself,

'she’, "she's", ‘her’, ‘hers', 'herself', 'it', "it's", 'its’,

'itself', they’, 'them’, 'their', 'theirs', 'themselves',
‘what', 'which’, ‘who', '‘whom’, 'this’, 'that’, "that'll",

'these’, 'those’, ‘am’, 'is’, 'are’, 'was', ‘were’, 'be’,

'been’, 'being’, ‘have’, 'has’, ‘had’, ‘having’, 'do’, 'does’,

'did’, 'doing’, 'a’, 'an’, ' the', 'and’, 'but', 'if', 'or’,
'‘because’, 'as’, 'until’, ‘'while', 'of", 'at', 'by", 'for’,

'with', 'about’, 'against’, 'between’, 'into’, ‘through’,

'during’, 'before’, 'after', 'above’, 'below’, 'to’, 'from’,

'up’, 'down’, 'in’, ‘out’, 'on’, 'off', ‘over ', 'under’,
‘again’, 'further’, 'then’, 'once’, 'here’, 'there’, ‘when’,

‘where', 'why', 'how', 'all’, ‘any', 'both’, 'each’, '‘few’,

'more’, 'most’, 'other’, 'some’, 'such’, 'no’, 'nor’, 'not’,



‘'only’, ‘'own’, 'same’, 'so’, 'than’, 'too', 'very', 's', 't',
‘can’, 'will', 'just’, 'don’, "don't", 'should’, "should've",

InOWI’ ldl’ IIII’ Iml’ 'O" Irel’ Ivel, Iyl’ lainl1 Iarenl,
"aren't", 'couldn’, "couldn't", 'didn’, "didn't", 'doesn’,
"doesn't", 'h adn', "hadn't", 'hasn’, "hasn't", ‘haven’,

"haven't”, 'isn’, "isn't", 'ma’, 'mightn’, "mightn't",

'mustn’, "mustn't", 'needn’, "needn't", 'shan’, "shan't",
'shouldn’, "shouldn't", 'wasn’, "wasn't", 'weren’, "weren't",
'won', "won't", 'wouldn’, "wouldn't"]

The following preprocessing has been applied to the "Review" column.

1 Lowercasing

1 Non-word character removal

1 Digits removal

1 Stop word removal
df['Review'] = df['Review'].str.lower()
df['Review'] = df[Review'].str.replace('[* \W s], ")
df['Review'] = df['Review’].str.replace(’ \d',")

df['Review'] = df[Review'].apply(lambda x: " ".join(x for x
in str(x).split() if x not in sw))

We will find rare words in your dataset and store them separately in a temporary
DataFrame,

1 The goal of the following code is to remove rare words (those that occur only
once or very infrequently) from the '‘Review' column in the df DataFrame.

1 By doing this, we reduce noise in the text data, which can be particularly
useful for our task, where rare words might not contribute meaningfully to
the analysis and could even distort the model's understanding of the text.

temp_df = pd.Series(’
*.join(df['Review").split()).value_counts()
print(temp_df)

Program output:

love 1271
curtains 1251
like 1017
look 818
great 721
inserts 1

months.



stood 1

bleak 1
requested 1
studio/living 1

Name: count, Length: 10606, dtype: int64

drops = temp_df[temp_df <= 1]
df['Review'] = df[Review'].apply(lambda x: " ".join(x for x
in x.split() if x not in drops))

Lemmatization

1 This code performs lemmatization on the text in the 'Review' column of the
DataFrame df. It first downloads the necessary NLTK resources for
lemmatization (wordnet and omw -1.4). Then, for each review, it splits the
text into words, applies lemmatization (reducing words to their base form
using Word(word).lemmatize()), and joins the words back into a string,
ensuring that missing or NaN values are replaced with an empty string.

nltk.download(‘'wordnet’)

nltk.download(‘omw -1.4Y)

df['Review'] = df[Review'].apply(lambda x: "
".join([Word(word).lemmatize() for word in str(x).split()]) if
pd.notna(x) else ")

print(df.head())

Program output:
[nltk_data] Downloading package wordnet to

/home/johny/nitk_data...

[nltk_data] Package wordnet is already up - to - date!

[nltk_data] Downloading package omw -1l.4to

/home/johny/nitk_data...

[nltk_data] Package omw - 1.4 is already up - to - date!
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Review

0 happy
1 good quality material however panel
2 product fun bedroom windows.

<="" pre:"">

3. Exploratory data analysis

Exploratory Data Analysis (EDA) in NLP involves analyzing text
data to discover patterns, trends, and anomalies. It helps

data scientists and NLP practitioners understand the dataset
better before moving on to more complex tasks like text
classification, s entiment analysis, or machine translation.
Through both visual and statistical methods, EDA provides
valuable insights into the text data.

Extracting term fFrequencies

Term frequency (TF) is a measure used in NLP to count how
often a word or phrase appears in a document or a collection

of documents. It's a basic but important concept in text

mining and information retrieval. TF is usually calculated by

dividing the numbe r of times a word appears by the total
number of words in the document.
TF(t,d) = Number of times term t appears in document d/

Total number of terms in document d

tf = df["Review"].apply(lambda x: pd.Series(x.split("
").value_counts()).sum(axis=0).reset_index()
print(tf.nead())

Program output:
index O

0 happy 171.0
1 good 453.0
2 quality 609.0
3 material 398.0
4 however 36.0

sort data by frequences
tf.columns = ["words", "tf"]
tf.sort_values("tf", ascending=False)

Drawing term frequencies

tf[tf["tf"] > 500].plot.barh(x="words", y="tf")
plt.show()
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Program output:
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Prepare data to wordcloud visualising:

text =" ".join(i for i in df.Review)

wordcloud = WordCloud(background_color="white").generate(text)
# Display the word cloud

plt.imshow(wordcloud, interpolation="bilinear")

plt.axis("off")

plt.show()

Program output:

love curtain
l k great
love Kace
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4. Sentiment analysis
print(df["Review"].head())

Program output:

0 happy
1 good quality material however panel

2 product fun bedroom windows.

<="" pre:"">

Initializing VADER SIA

VADER (Valence Aware Dictionary and sEntiment Reasoner) is a
lexicon and rule - based sentiment analysis tool specifically
designed for analyzing the sentiment of text in the context of
social media and informal online text. It was developed by
researchers at the Georgia Institute of Technology.

The output will include scores for positivity, neutrality, and
negativity, as well as a compound score that summarizes the
overall sentiment of the text.

nltk.download('vader_lexicon’)

Program output:
[nltk_data] Downloading package vader_lexicon to

[nltk_data] /home/johny/nltk_data...

[nltk_data] Package vader_lexicon is already up - to - date!
and to try

sia = SentimentintensityAnalyzer()

print(sia.polarity_scores("The film was awesome"))

Program output:
{neg" 0.0, 'neu’: 0.423, 'pos": 0.577, 'compound': 0.6249}

print(sia.polarity_scores("l liked this music but it is not
good as the other one"))

Program output:
{'neg" 0.207, 'neu’: 0.666, 'pos": 0.127, '‘compound': - 0.298}

print(df["Review"][0:10].apply(lambda x:
sia.polarity _scores(x)))

Program output:

0 {neg" 0.0, 'neu": 0.0, 'pos": 1.0, ‘compound...
1 {neg" 0.0, 'neu’: 0.58, 'pos': 0.42, ‘compou...
2 {'neg" 0.0, 'neu’: 0.571, 'pos": 0.429, ‘comp...



{'neg" 0.0, 'neu’: 1.0, 'pos": 0.0, '‘compound...
{'neg" 0.0, 'neu’: 0.495, 'pos": 0.505, ‘comp...
{'neg" 0.0, 'neu’: 1.0, 'pos": 0.0, '‘compound...
{'neg" 0.0, 'neu’: 0.631, 'pos": 0.369, ‘comp...
{'neg" 0.0, 'neu’: 0.541, 'pos". 0.459, 'comp...
{'neg" 0.0, 'neu’: 1.0, 'pos": 0.0, '‘compound...
{'neg’: 0.0, 'neu": 0.753, 'pos’: 0.247, ‘comp...
Name: Review, dtype: object

©O© 00 ~NOoO O W

df["polarity_score"] = df["Review"].apply(lambda x:
sia.polarity_scores(x)["compound"])

5. Feature engineering

Adding Sentiments from the generated scores.
df["Review"][0:10].apply(lambda x: "pos" if
sia.polarity_scores(x)["compound”] > 0 else "neg")

df["sentiment_label"] = df["Review"].apply(lambda x: "pos" if
sia.polarity_scores(x)["compound”] > 0 else "neg")
print(df["sentiment_label"].value_counts())

Program output:
sentiment_label

pos 4787
neg 806
Name: count, dtype: int64

print(df.head())
Program output:
Star HelpFul Title
05 O ooks great
1 5 0 Pattern did not align between the two panels.
25 0 Imagery is stretched. Still fun.
35 0 Que se ven elegantes muy finas
45 0 Wow great purchase

Review polarity score

0 happy 0.5719
1 good quality material however panel 0.4404
2 product fun bedroom windows.

<="" pre="">
df = df.sample(frac = 1)
print(df.head())



Program output:

Star HelpFul Title \
4034 5 0 Very pretty
3315 3 0 Cute but runny
1078 5 0 Brings the beach to you.
1538 5 0 Great decoration!
5511 5 0 best

Review polarity_score
4034 love color came two window 0.6369
3315 cute got wet color window left open storm cat ... 0.4588
1078 beautiful, remind islands. 0.5994
1538 hanging nail room salon ambiance. hung using h... 0.6588
5511 excellent product . advise everyone. 0.5719
sentiment_label

4034 pos
3315 pos
1078 pos
1538 pos
5511 pos

Label encoding
LabelEncoder().fit_transform(df["sentiment_label"]) is used to
convert the textual sentiment labels ("pos" and "neg") into
numeric labels (e.g., 1 for positive and 0 for negative). This
transformation is necessary because machine learning models
typically require numerical data as input.

Updating the DataFrame:

The encoded labels are then assigned back to the
"sentiment_label" column replacing the original text - based
labels with numeric values.

Feature and target separation:

y = df["sentiment_label"] assigns the numeric sentiment labels
(the target variable) to the variable y.

X = df["Review"] assigns the text data (the feature variable)

to the variable X. These two variables, X (features) and y
(target labels), will be used in training a machine learning
model for sentiment classification.

df["sentiment_label"] =
LabelEncoder().fit_transform(df["sentiment_label"])
print(df.head())

y = df["sentiment_label"]
X = df["Review"]



Program output:

Star HelpFul Title \
4034 5 0 Very pretty
3315 3 0 Cute but runny
1078 5 0 Brings the beach to you.
1538 5 0 Great decoration!
5511 5 0 best

Review

polarity_score \
4034 love color came two window
0.6369
3315 cute got wet color window left open storm cat ...
0.4588
1078 beautiful, remind islands.
0.5994
1538 hanging nail room salon ambiance. hung using h...
0.6588
5511 excellent product . advise everyone.
0.5719

sentiment_label
4034 1
3315 1
1078 1
1538 1
5511 1

Application of CountVectorizer()

This object cover a text vectorization method.

It converts a collection of text documents (in this case, the
X variable, which contains the text reviews) into a matrix of
token counts.

The goal is to represent text as numerical data, which is
required for machine learning models to process it.
vectorizer = CountVectorizer()

X_count = vectorizer.fit_transform(X)

Application of TF -IDFand N - Gram
One of the most common ways to do this is through
vectorization techniques like TF- IDF (Term Frequency - Inverse

Document Frequency) and N- grams. These techniques help capture
the importance of words in a text document, which is essential

for tasks like sentiment analysis or text classification.

The TF - IDF method represents text data by evaluating the

importance of words in a document relative to the entire



corpus. It assigns a weight to each word based on how
frequently it appears in a document (term frequency, TF) and
how common or rare it is across all documents (inverse
document frequency, IDF). This helps highlight words that are
important for distinguis hing between documents.

N- grams can be used to extract and analyze phrases or idioms
that are indicative of sentiment in text data.
tf_idf_word_vectorizer = TfidfVectorizer()

X_tf_idf_word = tf_idf_word_vectorizer.fit_transform(X)

tf_idf_ngram_vectorizer = TfidfVectorizer(ngram_range=(2, 3))
X_tf_idf_ngram = tf_idf_ngram_vectorizer.fit_transform(X)

In sentiment analysis, the goal is to classify text data

(e.g., reviews) into different sentiment categories, typically

positive or negative. One effective way to achieve this is to

use a Multinomial Naive Bayes classifier, which is

specifically suited for text classification tasks where
features are represented by word count or frequency. The

process typically involves the following steps:

The first step is to initialize the Multinomial Naive Bayes

model , which is a probabilistic model based
In this context, it assumes that the presence of a particular

word in a document is independent of other words, given the

class (posi tive or negative sentiment). This model is trained

to estimate the probability that a document belongs to a

certain class, based on the frequency of words (or features)

in the document.

After initializing the model, the next step is to fit the

model to the training data. This involves training a Naive

Bayes classifier using features extracted from the text that

have been transformed using techniques such as TF -IDForN -
gram vectorization. These vectorization methods convert text
data into numerical representations that the model can work

with. During the fitting process, the model learns the

conditional probability of each word (or sequence of words)

given the sentiment class (positive or negative).
After the model has been fitted, cross - validation is used to
assess the performance of the model. Cross - validation splits

the data into multiple subsets (in this case, 5 folds) and

trains the model on different combinations of training and
validation data. This process helps evaluate how well the
model performs on different subsets of the data and ensures

that the model is not over - fitted to a particular part of the



data. Cross - validation provides a more reliable estimate of
the model 6s performance.
Once a model i's trained and validated,
generalization is tested. This refers
to perform well on new, unseen data. The goal is for the model
to generalize from the patterns learned during training and
use them to predict s entiment on new data, not just the
training set. Generalization ensures that the model has
learned the underlying structure and is not simply memorizing
specific examples (overfitting). In practice, this is tested
by evaluating the model on a separate test set that it has not
seen before.
nb_model = MultinomialNB().fit(X_tf_idf_word, y)
nb_score = cross_val_score(nb_model,
X_tf_idf_word,
Ys
scoring="accuracy",
cv=5).mean()
print(nb_score)

Program output:
0.8693009507274734

Testing generalizability
# introducing a positive review
new_review = pd.Series("this product is amazing")

# vectorize the our review
new_review = TfidfVectorizer().fit(X).transform(new_review)

# predict the sentiment of our review
print(nb_model.predict(new_review))

Program output:

[1]

# introducing a negative review

new_review = pd.Series("my experience was horrible")

# vectorize the our review
new_review = TfidfVectorizer().fit(X).transform(new_review)

# predict the sentiment of our review
print(nb_model.predict(new_review))

Program output:

[0]

t he

t o

t he



The issues with the existence of a list of positive and negative words that are also
assigned a sentiment weight (i.e. the problems mentioned in points a. and b.) can
be solved by creating custom list of words together with determining the weight of
the word. The existence of such a list of words will also mean for us the possibility
of creating custom classifier.

To create a custom word list (as all successful classifiers do) training the classifier
is required. It means that we will bring a sufficient amount of data (ratings, reviews)
to the classifier, which will already have the correct weight assigned to sentim ent.
Based on these evaluations, the classifier will learn/train to correctly evaluate
positive and negative reviews. Although we can imagine a very complicated
process under the word "learn/train”, the whole "learning” will consist in our case of
creating a list of positive and negative words with the correct weight of sentiment.

On the official website of the Kingdom beyond the Seven Mountains, only a text
review can be added. It is not possible to add a "like", "thumbs up" or other graphic
rating.

However, the dissidents who emigrated from the Kingdom behind the Seven
Mountains created the so-called "dark web" own rating system. It is free, cannot be
canceled by censorship, and besides arating, it allows to add a "thumbs up" or
"thumbs down" to a post. This system can be used to train a classifier.

Assessments are used to create the classifier, which also includes a graphic
representation of the assessment, such as "like", "thumbs up"”, or rating expressed
by stars. The picture shows an example of two approaches to evaluation (thumbs
up/down and stars). If there is any additional sentiment information, we can create
an input file for custom classifier from such an evaluation.

The sample intentionally uses two different types of graphic sentiment information
(thumbs up/down and stars). Both are easy to change in the input dataset to
sentiment values of the message: positive/negative. For information about
sentiment using stars, it can be done, for example, by a simple rule: if the number of
stars is 3 or more, then the rating is positive, otherwise negative.

Assessments are used to create the classifier, which also includes a graphic
representation of the assessment, such as "like", "thumbs up"”, or rating expressed
by stars. The picture shows an example of two approaches to evaluation (thumbs
up/down and stars). If there is any additional sentiment information, we can create
an input file for custom classifier from such an evaluation.

The sample intentionally uses two different types of graphic sentiment information
(thumbs up/down and stars). Both are easy to change in the input dataset to
sentiment values of the message: positive/negative. For information about



sentiment using stars, it can be done, for example, by a simple rule: if the number of
stars is 3 or more, then the rating is positive, otherwise negative.

Doris: Doris:
Akoze outfity ma otrasné. Makeup je ale super ‘ Akole outfity ma otrasné. Makeup je ale super a vlasy
a vlasy vidy upravné. vidy upravné.

Popoluika: Popoluika:
Fiona je super princezna. le vidy dobra a mila. ‘ Fiona je super princezna. Je vidy dobra a mild. Fiona
Fiona vidy rada poméze. | vidy rada poméie.

Dobra vila:
Dobra vila:
Fiona je naladova. Toho super princa si 1
ReracliEis Fiona je naladova. Toho super princa si nezaslizi.
Snehulienka: Snehulienka:

le super. l‘ Je super.

Pinocchio: Pinccchio:

gkOda'rea' aj tak tento prispevok cenziira ,I Skoda reti, aj tak tento prispevok cenzira vymaZe.

vymaie.
Evaluator Text Sentiment
Doris AkoZe outfity ma otrasné. Makeup je ale super a vlasy vidy upravené. pozitivna
Popoluska Fiona je super princeznd. Je vidy dobra a mild. Fiona vidy rada pomdze. pozitivna
Dobra vila Fiona je naladova. Toho super princa si nezaslizi. negativna
Snehulienka Je super. pozitivna
Pinocchio Skoda rei, aj tak tento prispevok cenzira vymatze. negativna
Mabel To ¢o ma za mu#a. Takdto hrozni ozrutu doniesla do kralovstva. negativna
Kyklop QOutfity ¢o nosi st otrasné. negativna
Merlin Na$a dobra princezna je zdroveii aj pekna. pozitivna
Artus Je dobra, maie byt. pozitivna
Jack Naposledy mala otrasny U&es. Ta farba vlasov je tieZ hrozna. negativna

In our example, we will use a dataset of ratings with assigned sentiment
information to train the classifier. We will use it to classify the text, i.e. other
ratings. This may seem unusual at first glance. However, it is necessary to realize
that sentiment analysis is often used for the analysis of discussion forums, or
customer reactions, and the opinion of voters. There, graphic information in the
form of thumbs up/down or stars is not used. Therefore, a classifier is often



trained, e.g. on the rating of products by customers from other portals, where there
is also graphic sentiment information, which latter will be used for discussion
forums.

To start creating custom classifier, we load the necessary libraries. The created
dataset compiled from the ratings in the image, which will be in the file
"sentiment_fiona.csv", will be loaded using the Pandas library.

Ipip install stanza

import pandas
import stanza
stanza.download('sk’)

nlp = stanza.Pipeline(lang="sk’)

reviews =
pandas.read_csv(‘https://priscilla.fitped.eu/data/nlp/sentimen
t/sentiment_fiona.csv', sep=";', index_col=None)
print(reviews.head())

Program output:
Text

Sentiment

0 Fiona m8 pekn® a upraven® vlasy, super me
pozitivha

1 Fiona je super princezn8. Je vgdy dobr 8§ ¢
pozitivha

2 Naga dobr & princezn§ je z8roveR ¢
pozitivha

3 Je super.

pozitivha

4 Je dobr 8§, 7
pozitivha

Especially in the case of inflected types of language, such as Slovak, it is necessary
to perform text lemmatization. With this operation, we ensure the unification of
words in terms of their "flexibility", i.e. from the point of view of word forms (e.g. t he

words "of students", "to students"”, "students" are rewritten to the uniform form
"student").

We have loaded the dataset using Dataframe Pandas. Therefore, lemmatization will
consist of loading a row in Pandas, applying the function for lemmatization, and
inserting the resulting lemmas into a separate column. For this purpose, we will
create the get_lemmas() function. The function rewrites individual words in the
input text to their lemmas, i.e. the output are also sentences, but with words in



lemmatized form. Within Pandas, for each row/message, we need to display the
message text, convert the words in the text to lemmas, and write it into a new
column for the corresponding row.

There are several options for going through all rows in Pandas. We chose a simple
loop through all the rows using the iterrows() method. Although this method is the
slowest (you need to have a lot of patience with large datasets), we chose it for its
simplicity and ease of understanding.

def get_lemmas(input_text):

output ="

# on the input text, we apply NLP (using the Stanza
library) for morphological analysis

document = nlp(input_text)

# for all sentences in the result
for sentence in document.sentences:
# for all words
for word in sentence.words:
# we add the lemma of the given word to the output
output = output + word.lemma + '
return output

# In the loop, we assume that there is an existing column
"Lemma”.
# For this reason, we create it first and assign it a
temporary empty value.
reviews['Lemma’] ="
# for each row in the Pandas DataFrame
for index, row in reviews.iterrows():
# Get lemmatized form of words from the "Text' column
lemmas = get_lemmas(row[ Text])
# Update the 'Lemma’ column with the lemmatized words
reviews.at[index, '‘Lemma’] = lemmas

We simply check the correctness in the DataFrame.

print(reviews.head())

Program output:
Text

Sentiment \
0 Fiona m8 pekn® a upraven® vlasy, super
pozitivha

1 Fiona je super princezn8. Je vgdy dobr §

pozitivha



2 Naga dobr 8 princezn§8 je z8roveR ¢

pozitivha

3 Je super.

pozitivha

4 Je dobr 8§, 7
pozitivha

Lemma

0 fiona maS peknl a upravenl vlas , super r
1 fiona byS super princezn8 . byS vgdy dobr
2 ng§g dobrlT princezng8 byS z&roveR aj pek
3 by S
4 byS dobrT , m!oc

In the dataset prepared in this way, we have several options for further proceeding.
The first and typical option is to use lemmatized sentences as input to custom
classifier. In our task, we want to find individual positive and negative words.

We will use the CountVectorizer() method, which can create a vector of words for a
document by specifying the number of individual words. The CountVectorizer()
method takes continuous text as input. For this reason, we merge all positive rows
and all negative rows into one text.

positive_messages = reviews[reviews['Sentiment'] ==
‘pozitivna’]['Lemma’]
negative_messages = reviews[reviews['Sentiment'] ==
'negativna’l['Lemma’]

print(positive_messages)

print(negative_messages)

positive_text ="

for sentence in positive_messages:
positive_text += sentence
print(sentence)

negative_text ="
for sentence in negative_messages:
negative_text += sentence

In our case, there are only 5 ratings.Positive and negative variable values can be
displayed.

print(positive_text)
print(negative_text)



Program output:

fiona maS peknl a upravenl vlas , supe
otrasnil outfita . fiona byS super prin
milT . fiona vgdy r8&8d pomtcS . n8&8g dob
aj peknl . byS super . byS dobrlT , mtec
fiona byS ng§ladovl to super princ si
nosi S byS otrasnl . gkoda rel , aj tak
vymacS . to |lo maS za mug . takTto hro
kr 8Oovstvo . naposledy maS otrasnil ¥l e

tieg hroznl

The variables prepared in this way will represent the input to the fit_transform()
method for CountVectorizer() , which will create a vector from the frequencies of
individual words/lemmas in the ratings.

from sklearn.feature_extraction.text import CountVectorizer
sent_vectorizer = CountVectorizer()

corpus = sent_vectorizer.fit_transform([positive_text,
negative_text])

The created corpus variable represents a 2x49 matrix. It means that all lemmas in
positive and negative messages were 49. The first row of the matrix represents the
frequency of lemmas in positive and the second row in negative ratings.

For the sake of interest, we also present the possibility how the values of the
corpus variable can be displayed using Pandas.

# Creating a DataFrame named "evaluated_words" from the matrix
(korpus.A)

# The columns are assigned feature names from the vectorizer
(word features)

evaluated_words = pandas.DataFrame(corpus.A,
columns=sent_vectorizer.get_feature_names())

# Displaying the DataFrame
print(evaluated_words)

Program output: ~ 5
aj bysS cenzYr a do dobr doni es S
v

r§Qovstvo
1 6 00 3 0 0 3 0

R O OX

rr make
cezns
rT pri
S byS
sasl ?
tent
znl o
S . t

trn N M

farb



~ ~

upravenl vl as vymacsS vgak vgdy
| o gkoda
0 .. 1 1 0O 1 20 1 0
0O O
1 0 1 1 0 01 0 1
2
[2 rows x 48 columns]
/home/johny/.local/lib/python3.9/site -
packages/sklearn/utils/deprecation.py:87: FutureWarning:
Function get_feature_names is deprecated; get_feature_names is
deprecated in 1.0 and will be removed in 1.2. Please use

get_feature_names_out instead.
warnings.warn(msg, category=FutureWarning)

It is obvious that the first row represents the frequency of positive and the second
row represents the frequency of negative words. At the beginning of this chapter,
we wanted to solve the problem with the missing list of positive and negative
words. At the same time, we wanted to create a list with an assigned weight to the
sentiment of individual words. If we multiply the number of negative words by -1 in
the DataFrame evaluated_words and then we average the values, we can create
such a list.

# Multiplying the second row by -1
evaluated_words.iloc[1] = (evaluated_words.iloc[1] * ( -1))

# Adding the last row - the average of the values
evaluated_words.loc['average'] = (evaluated_words.iloc[0] +
evaluated_words.iloc[1]) / 2

# Displaying the DataFrame
print(evaluated_words)

Program output: _ B _
aj bysS cenzYr a do dobr |l doni es S

hroznV

0 1.06.0 0000 30 00 0.0 3.0

0.0

1 -1.0 -3.0 -1.0 -1.0 0.0 -1.0 -1.0 -1.0
-2.0

average 0.0 1.5 -05 -05 15 -0.5 -05 1.0
-1.0

V4



kr §8Oovstvo upravenl vl as Vymac
z a z8roveR

0 0.0 .. 1.0 1.0 0.0 1.0 20
00 1.0
1 -1.0 ... 0.0 -1.0 -1.0 0.0 0.0 -
1.0 0.0
average -05 .. 0.5 0.0 -05 05 1.0 -
05 05
Yal es | o gkoda
0 0.0 0.0 0.0
1 -1.0 -20 -1.0
average -05 -1.0 -0.5

[3 rows x 48 columns]

The list is currently created in a DataFrame. For a simple check, we can find the
values of the words "good", "terrible", "horrible".

[ " average'])
][ ' average'])
[ average'])

print(evaluated_words['dobrT"']
print(evaluated_words['hroznl"
print(evaluated_words|[ ' gkoda"' ]

Program output:
15

-1.0

-0.5

In the preparation of text ratings, we have not used the removal of the so-called
stopwords. Over a closer examination, it can be seen that words like "also", "but",
"do", etc. have sentiment values from -0.5 to 0.5. It means that they occur equally in
positive and negative texts. It is obvious that for a larger number of texts, their
sentiment weight (average of positive and negative occurrences* -1) will be close to
0.

For completeness, here is an example of how such a list can be used to evaluate
the sentiment of a new sentence. We will evaluate the sentence: 'l think Fiona is
great, but the censorship is terrible in the kingdom! " We will use the get_lemmas()
function, which we defined earlier in the text of this chapter. The function returns
the result in the form of text separated by spaces. The result of the function, i.e. all
lemmas, which are identified in the evaluated sentence, we put them in the list.

# Original sentence
sentence = "Fionu poklad8m za super, ale cer
m8 me hr ozn¥!"



# Tokenizing the sentence into lemmas and splitting it by
spaces
sentence_tokens = get_lemmas(sentence).split(* ')

# Displaying the tokens
print(sentence_tokens)

Program output: _
["fion'", "pokladaS',6

From our list of rated words, we assign all the words that are rated to the word_list
variable. To check, we will excerpt the beginning (first 9 words) of this variable.

word_list = sent_vectorizer.get_feature_names()
print(word_list[:9])

Program output: _ .
[ aj', '"byS', '"cenz%ra', '"do', "dobrl"
"fiona', "hroznl"']
/home/johny/.local/lib/python3.9/site -
packages/sklearn/utils/deprecation.py:87: FutureWarning:
Function get_feature_names is deprecated; get_feature_names is
deprecated in 1.0 and will be removed in 1.2. Please use
get_feature_names_out instead.

warnings.warn(msg, category=FutureWarning)

Finally, we calculate the average of the sentiment values of the words from the
analysed sentence and write the result. It is obvious that a negative number in the
result means a negative sentiment, a positive one means a positive one.

# Initializing counters
sentiment_score = 0
word_count =0

# For each tokenized word in the sentence
for word in sentence_tokens:

# If the word is in the list of evaluated words
if word in evaluated_words:

# Retrieve the sentiment weight from the pandas
DataFrame

sentiment_score += evaluated_words[word]['average']

word_count +=1

Z a , super : )
v', '"krg8Oovstvo', 'maS', '"hroznl',6 '



# Calculate the final sentiment
final_sentiment = sentiment_score / word_count
print('Sentence sentiment:', str(final_sentiment))

Program output:
Sentence sentiment: - 0.3333333333333333

Creating custom classifier with the sentiment weight of individual words is a good
example for understanding sentiment analysis. However, in practice there are more
sophisticated solutions. Their principle is very similar. A classifier is created, and/or
trained, on a sample of existing rated texts (i.e. texts to which information about
their sentiment is assigned). For training the classifier a number of classification
algorithms is offered, we do not have to limit to calculating the sentiment weight of
words.

Task: Create a sentiment classifier from the existing free avaible reviews of The
Kingdom beyond the Seven Mountains.

We will create a sentiment classifier using the so -called Bayesian classifier. It
belongs to the simplest classification algorithms. It is based on Bayesian
probability calculations. Due to its simplicity, it is referred to as the Naive Bayes
classifier.

We will work with the review dataset created in the previous subsection. From the
previous chapter the get_lemmas() function will also be used.

reviews

def get_lemmas(input_text):
output ="
# Apply morphological analysis to the input text
# using the nlp function from the stanza library
document = nlp(input_text)

# For all sentences in the result
for sentence in document.sentences:
# For all words
for word in sentence.words:
# Append the lemma of the word to the output
output = output + word.lemma + "'
return output



To prepare the text, we will use the TfidfVectorizer , which transforms the review
reports into a TF-IDF document model. The basis of classification methods is
training. It consists of feeding known examples to the input of the classifier. In our
case, the TRIDF vector of each review will be given to the input of the classifier,
together with the information whether the review was positive or negative. Using
classification methods, the classifier "learns" to distinguish between positive and
negative reviews.

Traditionally, all known examples (reviews) are not all included in the input of the
classifier. The whole set of examples is divided into so -called training and test set.
The test set (which is not used in training) serves to verify the success of trainin g
the classifier. It is also often used to estimate the corret ratio between model
success and robustness.

from sklearn.model_selection import train_test_split
from sklearn.feature_extraction.text import TfidfVectorizer

X_train, X_test, y_train, y_test =
train_test_split(reviews['Lemma’], reviews['Sentiment'],
random_state = 0, test_size=0.2)

For completeness, we present the entire notation for dividing the dataset into
training and test sets:

X_train, X _test, y_train, y_test = train_test_split(reviews['Lema'],
reviews['Sentiment'], random_state = 0, test_size=0.2)

The train_test_split() function outputs four subsets. X_train is data for training (in
our case, reviews), X _testis assigned information, whether a particular row is a
positive or negative review. It should be noted that the order is important for both
variables. The same applies to the variablesy_train and y_test. These subsets will
only be used to verify the accuracy of the classifier.

X_train, y_train, X _test, y test

In the train_test_split() function, the first parameter is the column with reviews in
Pandas (in our case T the processing of Slovak T these are identified lemmas), the
second is the sentiment assigned to the reviews. The last parameter test_size
determines what part of the examples from the dataset is kept as a test set. In our
case, we set it to 0.2, which represents 20% of all data from the dataset. 80% of all
data, i.e. in our case, 8 reviews will be used for training and 20%, i.e. two cases or
testing. The 80:20 ratio is quite common. For a distribution of the dataset, the ratio
is not exactly given. Besides the one set by us, a ratio of 70:30 or 90:10 is also
used.

In the next step, we convert the reviews from the training set into TF-IDF vectors.
Note that in the case of calling the variable X_train_tfidf, which is a "list of vectors",
i.e. a matrix, Python will only show us the size of this resulting matrix. In our case it



is 8x44. It means there are 8 review vectors because we divided 10 reviews in ratio
80:20. The second dimension of 44 means that 44 unique lemmas (words) were
identified across all reviews.

tfidf_vect = TfidfVectorizer()
X_train_tfidf = tfidf_vect.fit_transform(X_train)

X_train_tfidf

If we would like to list the variable X_train_tfidf (but it is not necessary), we can use
the call to convert it to Pandas.

pandas.DataFrame(X_train_tfidf.A, columns =
tfidf_vect.get_feature_names()).head(10)

The most important part of our example consists in creating the Naive Bayes
classifier. To creation, we will use the MultinomialNB method, which implements a
naive Bayesian algorithm for multinomial data. It is one of the two classic naive
Bayes variants used in text classification (where the data are usually represented
as vectors of word counts or TF-IDF vectors).

from sklearn.naive_bayes import MultinomialNB
clf = MultinomialNB().fit(X_train_tfidf, y_train)

We will create the classifier within the clf variable using the typical fit() function for
training any classifier. The input to the function will be the TF -IDF vectors of the
reviews along with the associated sentiment.

Part of the classifier training is the evaluation of its success. To evaluate the
classifier created by us, we will use the test sets from the variable X _test. Note that
we also have to convert this set into TF-IDF vectors first. We will find the
successfulness using the accuracy_score() method. We present this method only
because of the completeness of solving the example. It is obvious that we could
calculate the successfulness of the classification even without it.

y_pred = clf.predict(tfidf_vect.transform(X_test))
from sklearn import metrics
print("Accuracy:",metrics.accuracy_score(y_test, y_pred))

Our classifier achieved a success rate of 50%. A classifier that outperforms a
random generator is usually considered successful. We classified into two classes,
the expected success rate of random generation is also 50%. So our classifier tied
with the random generator ???7?. It is necessary to realize that the success of the
classifier is influenced by the number of examples from the training set. In our
example, we worked with 10 reviews, which we split 80:20 into training and test
sets. So the training was done with only 8 examples, which is of course very few.



The remaining two examples were used for testing. Thus, an accuracy of 50%
means that one was classified correctly and the other incorrectly.

After training the classifier, our last step is to demonstrate its use. The predict()
function is used to classify the sentence. The output of this function is the name of
the class to which the input sentence was assigned after classification. We have to
convert the sentence that we want to classify into lemmas and from them to create
a TF-IDF vector. In the following samples, we present one positively and one
negatively classified sentence.

sentence = "V krg§Oovstve sa m8me vgetci dobr
gi j eme"

sentence_lemmas = get_lemmas(sentence)
print(clf.predict(tfidf_vect.transform([sentence_lemmas])))

sentence = "Ten mug je zelen8 ozruta."
sentence_lemmas = get_lemmas(sentence)
print(clf.predict(tfidf_vect.transform([sentence_lemmas])))

Sentiment is often just a kind of additional information alongside other textual
analyses. In such a case, training custom classifier would take a lot of time. Also,
we do not always have a suitable dataset for training. Fortunately, there are several
libraries that are trained to determine sentiment.

Sentiment analysis using the Polyglot library

The library is presented by its authors as a solution that supports multilingual
natural language processing. According to the project site
https://polyglot.readthedocs.io, the library supports sentiment analysis for 136
languages.

We will present the work with the library on a simple sample. Due to the "sensitivity"
of the library to the version of Python, the relatively large scope of the library itself
as well as the necessary supporting libraries and corpora, we demonstrated the
sample in the Google Colab environment (https://colab.research.google.com).

The library for its functionality needs additional libraries such as pyicu, pycld2, and
morfessor . These along with the library need to be installed.

Ipip install polyglot
Ipip install pyicu

Ipip install pycld2
Ipip install morfessor



After importing the library, you still need to download the sentiment analysis
package in Slovak.

from polyglot.text import Text
Ipolyglot download sentiment2.sk

Program output:
[polyglot_data] Downloading package sentiment2.sk to

[polyglot_data] /home/johny/polyglot_data...

We will examine the sentiment of the sentence from the reviews of the Kingdom
beyond the Seven Mountains from the previous chapter.

text = Text (" Fionu poklad8m za super,
m8 me hroznwvil ")

Polyglot includes functionality of automatic language detection. For checking, we
can write the identified language of the analysed sentence.

print("Language Detected: Code={},
Name={} \ n".format(text.language.code, text.language.name))

Program output:
Language Detected: Code=sk, Name=Slovak

We can find the sentiment of the sentence with a simple call.

print(text.polarity)

Program output:
1.0

Despite the fact that we identified the sentence as positive, in our opinion, the
sentiment for Slovak in the Polyglot library still has great reserves. It will probably
be disappointing a finding how it calculated this value, i.e. how Polyglot evaluated
the individual words of the analysed sentence.

for w in text.words:
print("{:<16}{:>2}".format(w, w.polarity))
Program output:

Fionu 0

pokl ad8m 0
za 0

super 1

, 0

al



ale 0

cenzvar u 0
\Y 0
kr §8Oovstve 0
m8 me 0
hrozn 0
! 0

It is clear from the sample that it found the value 1 only by identifying only one
positive word "super” to which it assigned the value 1p .

Despite the fact that, in the case of Slovak, the library developers (or corpus
designers) still have a lot of work, for English the library is relatively successful. If
the reviews of Kingdom Beyond the Seven Mountains were written in English, their
sentiment analysis would look as follows.

Ipolyglot download sentiment2.en

text = Text("l consider Fiona super, but we have terrible
censorship in the kingdom!")

print("Language Detected: Code={},
Name={} \ n".format(text.language.code, text.language.name))

Program output:
[polyglot_data] Downloading package sentiment2.en to

[polyglot_data] /home/johny/polyglot_data...
Language Detected: Code=en, Name=English

print(text.polarity)

Program output:
0.0

for w in text.words:
print("{:<16}{:>2}".format(w, w.polarity))

Program output:

I 0

consider 0

Fiona 0

super 1

, 0
but 0

we 0



have 0

terrible -1
censorship 0

in 0

the 0

kingdom 0

! 0

In our opinion, the polarity was determined correctly as neutral. Also, two words
were correctly identified; one positive and one negative.

Sentiment analysis using the NLTK library

In the well-known NLTK library, there is an integrated tool Vader Sentiment
Analyzer, which uses a dictionary of positive and negative words to evaluate the
sentiment of the text. VADER (Valence Aware Dictionary and sEntiment Reasoner)
is a dictionary tool based on sentiment an alysis rules that is specially trained on
moods (sentiments) expressed in social media.

Before we determine the sentiment of the sentence, it is necessary to import the
Vader tool and download the corresponding corpus.

import nltk
nltk.download('vader_lexicon")
from nltk.sentiment.vader import SentimentintensityAnalyzer

Program output:
[nltk_data] Downloading package vader_lexicon to

[nltk_data] /home/johny/nltk_data...
[nltk_data] Package vader_lexicon is already up - to - date!

We can find the sentiment by simply calling the polarity _scores() method.

sentence ="'l consider Fiona super, but we have terrible
censorship in the kingdom!'

senti_analyzer = SentimentintensityAnalyzer()
sentiment_result = senti_analyzer.polarity _scores(sentence)

As a result, we can determine the value of the positivity and negativity of the
sentence. Besides these data, we can also find the calculated neutrality of the
sentence and, above all, the overall polarity in thecompound property.

print(sentiment_result)



Program output:
{'neg" 0.28, 'neu’: 0.566, 'pos': 0.154, 'compound": - 0.4574}

If we take into account a small deviation in the case of neutral results, the final
result of the sentiment can be written.

if sentiment_result['compound’] >= 0.05:
print("Positive™)

elif sentiment_result['compound’] <= - 0.05:
print("Negative")

else:
print("Neutral")

Program output:

Negative

It is obvious that the Vader tool is currently not trained to determine the sentiment
of sentences in the Slovak language.



Urcld'gpv khke
Chapter13



Spam refers to unsolicited or irrelevant messages often sent in bulk, typically for
advertising, phishing, or malicious purposes. Spam is commonly associated with
emails but can also appear in text messages, social media, or other communication
platforms. Identifying and mitigating spam is crucial to protect users from scams,
malware, and other security risks.

In the context of NLP, spam detection involves analyzing textual data to determine
whether a given message is spam (irrelevant or harmful) or ham (legitimate). This

process uses linguistic features, patterns, and statistical techniques to differentiate
between the two.

Spam has unique characteristics such as repetitive keywords (e.g., "free," "win"),
suspicious links, or requests for personal information. However, spammers
continuously adapt, making spam detection a challenging and evolving field.

Key points to note include the need for automated spam detection systems that
analyze large volumes of data efficiently and the ethical considerations in ensuring
that legitimate messages are not misclassified.

What is the primary purpose of spam detection in NLP?

To differentiate spam from legitimate messages.
To analyze user emotions.

To enhance message encryption.

To generate automatic responses.

=A =4 =4 =4

Spam messages often share a set of defining features that make them detectable

through NLP techniques. These features include:
1 Use of specific keywords - common spam words like "free," "
“click here" are used to attract attention.

1 Suspicious URLs- spammers frequently include links that redirect users to
malicious websites.

T Irregular formatting - spam messages may use unusual capitalization or
excessive punctuation to evade detection.

T Phishing content - spam often seeks sensitive information by impersonating
legitimate entities.

urgent,” and



Understanding the structure of spam messages is essential for developing
effective detection algorithms. While these characteristics are helpful in
identification, spammers continually evolve their techniques, creating the need for
robust and adaptable detection systems.

Which of the following is a common feature of spam messages?

= =4 =4 =4

Suspicious URLs
Detailed user feedback
Encrypted attachments
Formal writing style

Spam identification involves analyzing messages using various computational
methods. There are three main approaches:

1

1

Keyword-based detection - involves scanning messages for predefined spam
keywords. Although simple, it may lead to high false positives.

Pattern recognition uses algorithms to identify suspicious patterns in
message structure, such as repeated phrases or unusual links.

Machine learning models - modern spam detection heavily relies on machine
learning, where algorithms are trained on labeled datasets to classify
messages accurately.

These methods work together to improve the accuracy of spam detection, with
machine learning providing adaptability to evolving spam tactics.

Which methods are commonly used for spam detection?

= =4 4 =4

Pattern recognition
Keyword-based detection
Formal grammar analysis
Biometric identification

Machine learning has revolutionized spam detection by introducing models capable
of learning from data. Supervised learning, the most common approach, involves
training models on labeled datasets where messages are marked as spam or ham.
Algorithms like Naive Bayes, Support Vector Machines (SVM), and Logistic
Regression are widely used.



These models extract features from text data, such as word frequencies, n-grams,
and sentiment scores, to make predictions. For example, if a model identifies
frequent use of suspicious keywords and links in a message, it is likely to classify it
as spam.

The adaptability of machine learning models is a significant advantage, allowing
them to detect emerging spam patterns effectively. However, the quality and size of
the training dataset significantly impact model performance.

What is a key advantage of using machine learning for spam detection?

Can adapt to new spam patterns.
Requires no labeled data.

Eliminates the need for feature extraction.
Works only on predefined rules.

= =4 =4 =4

Challenges in spam detection
Despite advancements, spam detection faces several challenges:

1 Evolving spam techniques - spammers constantly update their strategies to
evade detection, such as using obfuscated text or images.

1 Imbalanced datasets - spam datasets often have fewer spam messages
compared to legitimate ones, which can affect model training.

1 False positives and negatives - misclassification of legitimate messages as
spam (false positives) and spam as legitimate (false negatives) can lead to
user dissatisfaction.

1 Multilingual spam - detecting spam in multiple languages requires
sophisticated NLP models capable of handling diverse linguistic structures.

These challenges underscore the need for ongoing research and innovation to
enhance spam detection systems.

Which challenges are commonly associated with spam detection?

Multilingual spam

Evolving spam techniques
Perfect classification accuracy
Consistent datasets

=A =4 4 =4



(by https://hussnain -akbar.medium.com/understanding -and-implementing -

na%C3%AFvebayes-algorithm -for -email-spam-detection -85a14b330fc6 ). Project is
a copy of project in course Artificial intelligence in cyber security. We include it here
for the purpose of smooth navigation through the content.

Create a spam classifier using a Naive Bayes algorithm in combination with TF -IDF
(Term Frequency-Inverse Document Frequency) for feature extraction.

The Naive Bayes classifier is a supervised machine learning model that predicts the
probability of an event by analyzing related features. Here, "Naive" means that the
model assumes that all features are independent, meaning that each feature
contributes to the prediction independently. In simpler terms, the model considers
each feature separately, without assuming any relationships between them.

For now, we will start with a simple version of the model to make it easier to
understand. To do this, we will create a small, sample dataset.

#Essential libraries required for this model

import pandas as pd

import numpy as np

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.model_selection import train_test_split

from sklearn.naive_bayes import MultinomialNB

from sklearn.metrics import accuracy_score,
classification_report

This code will create a data frame with random emails and their corresponding
labels (spam or not spam). Each email will consist of a random selection of words
from the word_list. However, the above code will have the following output.

# Create a random dataset
np.random.seed(42) # For reproducibility

# Generate random words for features (words in emails)
word_list = ['discount’, 'offer’, 'sale’, 'free’, ‘click’,
‘buy’, 'win', 'money', 'gift', 'limited']

# Generate random emails
num_emails = 1000
emails =]


https://hussnain-akbar.medium.com/understanding-and-implementing-na%C3%AFve-bayes-algorithm-for-email-spam-detection-85a14b330fc6
https://hussnain-akbar.medium.com/understanding-and-implementing-na%C3%AFve-bayes-algorithm-for-email-spam-detection-85a14b330fc6

labels =]
for _in range(num_emails):
email =" ".join(np.random.choice(word_list,
size=np.random.randint(5, 15)))
emails.append(email)
# Assign labels (spam or not spam)
labels.append(np.random.choice(['spam’, 'not spam’],
p=[0.3, 0.7]))

# Create a DataFrame
data = pd.DataFrame({'email’: emails, 'label labels})

# Display the first few rows of the dataset
print(data.head())

Program output:
email label

0 free money click win limited sale win money cl... not spam

1 click offer money buy offer click discount lim...  spam
2 sale win free gift sale click sale win click g... not spam
3 limited gift limited click offer free  spam

4 money sale discount free offer money free offe... not spam

Let's walk through the steps to build and train a Naive Bayes classifier using the
dataset we created. Here is a breakdown of the four main steps:

1. Data preprocessing

In this step, we will convert the text data to numeric characters. We will use the TF-
IDF (Term Frequencylnverse Document Frequency) technique, which transforms
the text into a format understood by the Naive Bayes classifier. The TF-IDF
approach helps highlight important words in a dataset while reducing the impact of
common words t hat may not provide significant meaning.

Steps:

1 Tokenization: Splitting text into individual words or tokens.

1 Lowercase: Convert all text to lowercase for consistency.

1 Eliminating Stop Words: Eliminate common words (such as "the", "is", "and")
that do not add much to the meaning.

1 TF-IDF Calculation: Calculate the TRIDF score for each word in each
document.

In following code we apply only conversion of text data into numerical features
using techniques like TF-IDF.

from sklearn.feature_extraction.text import TfidfVectorizer



from sklearn.model_selection import train_test_split
from sklearn.naive_bayes import MultinomialNB
from sklearn.metrics import accuracy_score,
classification_report

# Preprocessing: Convert text data to numerical features
tfidf_vectorizer = TfidfVectorizer(max_features=1000) # Limit
features to 1000 for simplicity

X = tfidf_vectorizer fit_transform(data['email'’])

y = data['label]

2. Splitting the data

Next, we need to split the dataset into two parts: one for training the model and
another for testing its performance. A typical split might allocate 70 -80% of the
data for training and the remaining 20-30% for testing.

We will use a library sklearn to split the dataset into training and testing sets,
ensuring that both sets contain a representative distribution of classes (e.g., spam
and not spam).

# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y,
test_size=0.2, random_state=42)

3. Training the Naive Bayes Model

Now we can train the Naive Bayes classifier using the training data. The model will
learn from the features extracted in the preprocessing step.

Steps:

1 Create an instance of the Naive Bayes classifier.
1 Fit the model on the training data, allowing it to learn the relationship
between the features and the labels (spam or not spam).

# Initialize and train the Naive Bayes classifier
naive_bayes = MultinomialNB()
naive_bayes.fit(X_train, y_train)

4. Evaluating the Model

Chvgt"vtckpkpi"vjg"oqfgn. "ygXnn
how well it predicts new, unseen data.

Steps:
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T Use the trained model to make predictions on the testing set.

1 Compare the predicted labels to the actual labels to calculate performance
metrics such as:

1 Accuracy: The proportion of correctly classified instances.

1 Precision: The proportion of true positive predictions to the total positive
predictions.

1 Recall (Sensitivity): The proportion of true positive predictions to the total
actual positives.

1 F1 Score: The harmonic mean of precision and recall, providing a balance
between the two.

y_pred = naive_bayes.predict(X_test)
accuracy = accuracy_score(y_test, y pred)
report = classification_report(y_test, y_pred,
zero_division=0)

print(fAccuracy: {accuracy}')
print(‘Classification Report: \ n', report)

Program output:
Accuracy: 0.66
Classification Report:
precision recall f1 - score support

not spam 0.66 1.00 0.80 132
spam 0.00 0.00 0.00 68

accuracy 0.66 200
macro avg 0.33 050 0.40 200
weighted avg 0.44 0.66 0.52 200

The accuracy of our Naive Bayes classifier on the test data is 66%. This means that

the model correctly identified about two -thirds of the emails in our test set.

However, when we look closer at the classification report, we notice that the

precision,recann . " cpf " H3"ueqtg"hqgqt"vjg"Qgurco4Y"encuu

Low precision means that when the model predicts an email is spam, it often turns
out to be wrong. Low recall indicates that the model is missing many actual spam
emalils, failing to identify them correctly. Essentially, this suggests that our model
struggles to accurately recognize spam emails, which is a significant concern for
applications that rely on effective spam detection.

The final step is to use our trained Naive Bayes model to predict whether new
emails are spam or not. To do this, we run the following code, which takes the new
gockn"fcvc"cpf"crrnkgu"vjg"oqgfgn"ygXxg
analyze the output to see how well the model identifies spam in this new data.

vt ckryg



# Example of a new email to be predicted
new_email = "Limited time offer! Click here to win a free
gift."

# Preprocess the new email using the TF - IDF vectorizer from
the training
new_email_features = tfidf_vectorizer.transform([new_email])

# Make prediction using the trained Naive Bayes classifier
predicted_label = naive_bayes.predict(new_email_features)

# Print the predicted label
print(f"Predicted Label: {predicted_label[0]}")

Program output:
Predicted Label: not spam

(by https://www.milindsoorya.co.uk/blog/build -a-spam-classifier -in-python).
Project is a copy of project in course Artificial intelligence in cyber security. We
include it here for the purpose of smooth navigation through the content.

In today's instant messaging world, SMS a IM spam is becoming a growing
problem. As unwanted advertising messages, scams and phishing attempts are on
the rise, it is essential to have effective tools to identify and filter these spam
messages. In this project, we will develop a machine learning model to classify
SMS/IM messages as spam or ham.

Our goal is to create a model that can analyze the content of an message and
accurately predict whether it is spam. Machine learning models can learn patterns
in the text itself, making them more adaptive and robust.

Used Spam Collection is a set of SMS tagged messages that have been collected

for SMS Spam research. It contains one set of SMS messages in English of 5,574
messages, tagged according to being ham (legitimate) or spam. The data was
obtained from WEK Xu" Ocej kpg" Ng,ct pkpi "Tgrqukvaqgt {

The local version is available at
https://priscilla.fitped.eu/data/cybersecurity/spam/sms_spam_894.txt

The steps in the project will be focused on

Data processing


https://www.milindsoorya.co.uk/blog/build-a-spam-classifier-in-python
https://archive.ics.uci.edu/ml/datasets/SMS+Spam+Collection
https://priscilla.fitped.eu/data/cybersecurity/spam/sms_spam_894.txt

Import packages

Loading data

Data set preprocessing and exploration

Creating a word cloud to see which message is spam and which is not.
Removing stop words and punctuation

Convert text data to vectors
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Creating a spam classification model for SMS

Splitting data into train and test files

Use built-in Sklearn classifiers to build models
Training data on the model

Making predictions based on new data

= =4 =4 =

Import the required packages

import matplotlib.pyplot as plt

import csv

import sklearn

import pickle

from wordcloud import WordCloud

import pandas as pd

import numpy as np

import nltk

from nltk.corpus import stopwords

from sklearn.feature_extraction.text import CountVectorizer,
TfidfTransformer

from sklearn.tree import DecisionTreeClassifier

from sklearn.model_selection import
GridSearchCV,train_test_split,StratifiedKFold,cross_val_score,
learning_curve

Loading the Dataset

data =

pd.read_csv(‘https://priscilla.fitped.eu/data/cybersecurity/sp
am/sms_spam_894.txt', encoding='latin - 1', delimiter=' \ t
header=None)

print(data.head())

Program output:
0 1

0 ham Go until jurong point, crazy.. Available only ...
1 ham Ok lar... Joking wif u oni...



2 spam Free entry in 2 a wkly comp to win FA Cup fina...
3 ham U dun say so early hor... U c already then say...
4 ham Nah | don't think he goes to usf, he lives aro...

Name the columns for better processing.

data.rename(columns={0: 'label', 1: 'text’}, inplace=True)
print(data.head())

Program output:
label text

0 ham Go until jurong point, crazy.. Available only ...

1 ham Ok lar... Joking wif u oni...

2 spam Free entry in 2 a wkly comp to win FA Cup fina...
3 ham U dun say so early hor... U c already then say...

4 ham Nabh | don't think he goes to usf, he lives aro...
print(data['label’].value_counts())

Program output:

label
ham 4825
spam 747

Name: count, dtype: int64

Preprocessing and Exploring the Dataset

Build word cloud to see which message is spam and which is not

ham_words ="
spam_words ="
# Creating a corpus of spam messages
for val in data[data['label'] == 'spam’].text:

text = val.lower()

tokens = nltk.word_tokenize(text)

for words in tokens:

spam_words = spam_words + words + "'

# Creating a corpus of ham messages
for val in data[data['label'] == 'ham’].text:
text = text.lower()
tokens = nltk.word_tokenize(text)
for words in tokens:
ham_words = ham_words + words +
# Create Spam word cloud and ham word cloud.



spam_wordcloud = WordCloud(width=500,
height=300).generate(spam_words)
ham_wordcloud = WordCloud(width=500,
height=300).generate(ham_words)

#Spam Word cloud

plt.figure( figsize=(10,8), facecolor="'w'")
plt.imshow(spam_wordcloud)
plt.axis("off")

plt.tight_layout(pad=0)

plt.show()

Program output:

~Ca

call nowl < po:box

please call

win
chat

a prize Mmessage
claim "

X T

#Creating Ham wordcloud

plt.figure( figsize=(10,8), facecolor='g’)
plt.imshow(ham_wordcloud)
plt.axis("off")

plt.tight_layout(pad=0)

plt.show()




Program output:

orize claim : e
€asy call | Obt national g call nowt

2nd: time

triedscontact

pound prize

a pound

from the spam word cloud, we can see that "free" is most often used in spam.

Now, we can convert the spam and ham into 0 and 1 respectively so that the
machine can understand.

data = data.replace(['ham’,'spam’],[0, 1])
print(data.head(10))

Program output:

label text
0 Go until jurong point, crazy.. Available only ...
0 Ok lar... Joking wif u oni...

1 Free entry in 2 a wkly comp to win FA Cup fina...

0 U dun say so early hor... U c already then say...
0 Nah I don't think he goes to usf, he lives aro...
1 FreeMsg Hey there darling it's been 3 week's n...
0 Even my brother is not like to speak with me. ...
0 As per your request 'Melle Melle (Oru Minnamin...
1 WINNER! As a valued network customer you have...
1 Had your mobile 11 months or more? U R entitle...
:1: FutureWarning: Downcasting behavior in ‘replace’ is
deprecated and will be removed in a future version. To retain
the old behavior, explicitly call
‘result.infer_objects(copy=False) . To opt - in to the future
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behavior, set "pd.set_option(‘future.no_silent_downcasting’,
True)
data = data.replace(['ham’,'spam’],[0, 1])

Removing punctuation and stopwords from the messages

1 Punctuation and stop words do not contribute anything to our model, so we
have to remove them. Using NLTK library we can easily do it.

#remove the punctuations and stopwords
import string
def text_process(text):

text = text.translate(str.maketrans(", ",
string.punctuation))

text = [word for word in text.split() if word.lower() not
in stopwords.words(‘english’)]

return " ".join(text)

data['text’] = data['text’].apply(text_process)
print(data.head(10))

Program output:
label text

0 Go jurong point crazy Available bugis n great ...

0 Ok lar Joking wif u oni

1 Free entry 2 wkly comp win FA Cup final tkts 2...

0 U dun say early hor U c already say

0 Nah dont think goes usf lives around though

1 FreeMsg Hey darling 3 weeks word back Id like ...

0 Even brother like speak treat like aids patent

0 per request Melle Melle Oru Minnaminunginte Nu...
1 WINNER valued network customer selected receiv...
1 mobile 11 months U R entitled Update latest co...

© oo ~NOOUL A~ WNPEFE O

Now, create a data frame from the processed data before moving to the next step.

text =  pd.DataFrame(data['text])
label = pd.DataFrame(data['label’])

Converting words to vectors

We can convert words to vectors using either Count Vectorizer or by using TFIDF
Vectorizer.



TF-IDF is better than Count Vectorizers because it not only focuses on the
frequency of words present in the corpus but also provides the importance of the
words. We can then remove the words that are less important for analysis, hence
making the model building less complex by reducing the input dimensions.

| have included both methods for your reference.

Converting words to vectors using Count Vectorizer

## Counting how many times a word appears in the dataset
from collections import Counter

total_counts = Counter()
for i in range(len(text)):
for word in text.valuesli][O].split(" "):
total_counts[word] +=1

print("Total words in data set: ", len(total_counts))

Program output:
Total words in data set: 11426

# Sorting in decreasing order (Word with highest frequency
appears first)

vocab = sorted(total_counts, key=total counts.get,
reverse=True)

print(vocab[:60])

Program output:
['u', 2, 'call', 'U', 'get’, 'Im’, 'ur', ‘4", 'ltgt’,
'know', 'go’, 'like', 'dont’, ‘come’, 'got’, 'time’, ‘'day’,

‘want', 'lllI', 'lor", 'Call’, 'home', 'send’, ‘one’, 'going’,
'need’, 'Ok, 'good', 'love’, 'back’, 'n', 'still’, 'text’,
'im’, 'later, 'se e', 'da', "ok', "think®', '

'FREE', 'r', 'today’, 'Sorry', 'week’, 'phone’, ‘'mobile’,
‘cant’, 'tell’, 'take’, 'much’, 'night’, ‘way', 'Hey',
‘reply’, 'work’, 'give’, 'make’, 'new']

# Mapping from words to index

vocab_size = len(vocab)

word2idx = {}

#print vocab_size

for i, word in enumerate(vocab):
word2idx[word] = 1



# Text to Vector
def text_to_vector(text):
word_vector = np.zeros(vocab_size)
for word in text.split(" "):
if word2idx.get(word) is None:
continue
else:
word_vector[word2idx.get(word)] += 1
return np.array(word_vector)

# Convert all titles to vectors

word_vectors = np.zeros((len(text), len(vocab)),

dtype=np.int_)

for i, (_, text ) in enumerate(text.iterrows()):
word_vectors]i] = text_to_vector(text_[0])

print(word_vectors.shape)

Program output:
:21: FutureWarning: Series.__getitem___ treating keys as

positions is deprecated. In a future version, integer keys

will always be treated as labels (consistent with DataFrame

behavior). To access a value by position, use “ser.iloc[pos]
word_vectors][i] = text_to_vector(text_[0])

(5572, 11426)

Converting words to vectors using TF -IDF Vectorizer

#convert the text data into vectors
from sklearn.feature_extraction.text import TfidfVectorizer

vectorizer = TfidfVectorizer()
vectors = vectorizer.fit_transform(data['text'])
print(vectors.shape)

Program output:
(5572, 9459)

# You can choose type of converted data
#features = word_vectors
features = vectors



Splitting into training and test set

#split the dataset into train and test set
X_train, X_test, y_train, y_test = train_test_split(features,
data['label], test_size=0.15, random_state=111)

Classifying using sklearn's pre -built classifiers

T In this step we will use some of the most popular classifiers out there and
compare their results.

#import sklearn packages for building classifiers

from sklearn.linear_model import LogisticRegression
from sklearn.svm import SVC

from sklearn.naive_bayes import MultinomialNB

from sklearn.tree import DecisionTreeClassifier

from sklearn.neighbors import KNeighborsClassifier
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score

#initialize multiple classification models

svc = SVC(kernel="sigmoid’, gamma=1.0)

knc = KNeighborsClassifier(n_neighbors=49)

mnb = MultinomialNB(alpha=0.2)

dtc = DecisionTreeClassifier(min_samples_split=7,
random_state=111)

Irc = LogisticRegression(solver='liblinear', penalty="11")
rfc = RandomForestClassifier(n_estimators=31,
random_state=111)

#create a dictionary of variables and models
clfs ={'SVC' : svc,'KN' : knc, 'NB'": mnb, 'DT": dtc, 'LR":
Irc, 'RF": rfc}

#fit the data onto the models
def train(clf, features, targets):
clf.fit(features, targets)

def predict(clf, features):
return (clf.predict(features))

pred_scores_word_vectors =[]
for k,v in clfs.items():
train(v, X_train, y_train)
pred = predict(v, X_test)



pred_scores_word_vectors.append((k, [accuracy_score(y_test
, pred)]))

Predictions using TFIDF Vectorizer algorithm

print(pred_scores_word_vectors)

Model predictions

#write functions to detect if the message is spam or not
def find(x):
if x ==1:
print ("Message is SPAM")
else:
print ("Message is NOT Spam")

newtext = ["Free entry"]
integers = vectorizer.transform(newtext)

X = mnb.predict(integers)
find(x)

xx = knc.predict(integers)
find(xx)

Program output:
Message is SPAM

Message is SPAM
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Large Language Models (LLMs) are a breakthrough in artificial intelligence,
designed to process and generate human-like text. These models, such as GPT-3,
are built using deep learning techniques and are trained on massive datasets, often
comprising billio ns of words. LLMs are capable of performing a wide range of NLP
tasks, from answering questions and translating text to summarizing content and
generating creative writing.

The foundation of LLMs lies in their ability to predict the next word or phrase in a
sequence, based on patterns learned during training. This predictive power makes
LLMs incredibly versatile, capable of handling everything from basic tasks like text
classification to more complex functions like conversational agents and creati ve
text generation. LLMs work by capturing context and syntactic rules from vast
amounts of data, allowing them to generate responses that are contextually
appropriate and grammatically accurate.

The significance of LLMs in the Al landscape is immense, as they can be applied to
multiple industries, including healthcare, finance, marketing, and customer service.
For instance, in customer service, LLMs can be integrated into chatbots to provide

real-time support, while in healthcare, they can assist in generating medical reports
or providing health information.

What is a major benefit of using LLMs in industries such as customer service and
healthcare?

They provide accurate and personalized responses at scale.
They eliminate the need for human employees entirely.

They reduce all costs associated with service delivery.

They completely remove bias from decision-making processes.
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The Transformer model, introduced in 2017 by Vaswani et al., is the core
architecture that powers modern LLMs. Unlike earlier models like Recurrent Neural
Networks (RNNSs), the Transformer relies on a mechanism called "self-attention" to
process all words in a sentence simultaneously, rather than sequentially. This
allows the model to capture long -range dependencies in text more effectively,
leading to a better understanding of context and meaning across longer sequences.

Self-attention works by assigning different weights to the words in a sentence,
indicating their relevance to each other. This enables the model to focus on
important parts of the sentence while processing the entire input in parallel. This



parallelization makes Transformers much faster and more efficient than previous
architectures, especially when dealing with large datasets. This is why
Transformers are the backbone of popular models like GPT-3, BERT, and T5, which
are used in a variety of NLP applications.

In addition to self -attention, the Transformer model uses a position encoding
mechanism, which helps the model understand the order of words in a sentence.
The combination of self -attention and position encoding allows Transformers to
understand both the content and structure of text more effectively, making them a
game-changer in the field of natural language processing.

What is the primary advantage of the Transformer model compared to earlier
models like RNNs?

It processes sequences in parallel, improving efficiency.
It uses fewer parameters, making it faster to train.

It relies solely on convolutional layers for computation.
It requires labeled data for training.
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Training large language models (LLMs) is a complex and resource-intensive
process that requires massive computational power. The training process typically
involves two stages: pretraining and fine -tuning. During pretraining, the model is
exposed to a large and diverse corpus of text, learning patterns in language,
grammar, and contextual relationships. This stage is crucial because it enables the
model to learn a broad understanding of language.

Fine-tuning is the second phase, where the model is adapted to specific tasks or
domains. In this stage, the model is trained on a smaller, more specialized dataset
that is tailored to a particular application, such as medical text or legal documents.
Fine-tuning helps the model become more accurate and effective at performing
specific tasks, such as answering legal questions or generating medical reports.

The sheer size of the datasets and the number of parameters (often in the billions)
makes training LLMs extremely expensive and time-consuming. In addition, the
process requires advanced hardware, such as Graphics Processing Units (GPUSs) or
Tensor Processing Units (TPUSs), to speed up the computations. Despite these
challenges, the results are highly rewarding, as LLMs can perform a wide array of
tasks with impressive accuracy.

Why is fine-tuning important when training large language models?

¢ It adapts the model to specific tasks or domains.



1 It reduces the size of the model for faster processing.
1 It eliminates the need for pre-training on large datasets.
1 It ensures the model uses only supervised learning methods.

Large language models have a wide range of practical applications that extend
across multiple industries. One of the most common uses is in text generation ,
where LLMs can create coherent and contextually relevant content from a given
prompt. This has revolutionized fields such as content creation, marketing, and
even creative writing, enabling automated generation of articles, advertisements,
and social media posts.

Another significant application is text summarization , where LLMs can condense
long documents or articles into shorter, more digestible summaries. This is useful
for professionals who need to quickly grasp the main points of lengthy reports or
research papers. Similarly, LLMs are used forlanguage translation , where they can
accurately translate text between different languages, improving global
communication.

LLMs are also making their mark in question answering systems . These systems,
powered by LLMs, can answer queries posed in natural language, providing users
with detailed and contextually relevant responses. This has led to the development
of Al-powered assistants and chatbots that can provide real -time, accurate
information on a wide range of topics.

What is one of the most common applications of large language models in
industries like content creation and marketing?

Generating creative and persuasive written content.
Predicting stock market trends.

Detecting fraudulent transactions.

Simulating scientific experiments.
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Ethical considerations and challenges

While LLMs are powerful tools, they also come with ethical considerations and
challenges:

T Bias - LLMs can inherit biases present in the data they are trained on. This
can lead to biased or discriminatory outputs, which can be harmful in
sensitive applications.

1 Misinformation -LLMs can inadvertently generate false or misleading
information, as they may not have a true understanding of the content.



T Privacy concerns - if trained on private or sensitive data, LLMs could
inadvertently reveal personal information in their outputs.

1 Energy consumption - training large models requires significant
computational resources, which can contribute to environmental concerns.

What is one ethical challenge associated with large language models that can
result in biased outputs?

Learning biases present in training data.
Lack of computational efficiency.
Insufficient training data.

Limited availability of pre -trained models.
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Fine-tuning is a critical step in adapting large language models (LLMs) for specific
applications. After a model like GPT-3 is pretrained on massive amounts of general
language data, it can be fine-tuned on smaller, task-specific datasets. This process
allows the model to focus on particular domains, such as legal, medical, or
technical language, improving its relevance and accuracy for those areas. For
example, a fine-tuned model trained on medical data can provide accurate
summaries of patient reports or answer complex medical queries.

The fine-tuning process leverages the foundational knowledge gained during
pretraining while incorporating domain -specific nuances. By training on a smaller
dataset tailored to the target task, the model avoids the need to start from scratch,
saving time and computational resources. This also ensures that the model retains
its general language capabilities while excelling in its specialized area.

Fine-tuning can address the unique requirements of various industries by adapting
the model to understand specialized terminology, sentence structures, or
contextual nuances. For instance, in the legal domain, fine-tuning on court
judgments or contracts en ables the model to perform tasks like contract review or
legal research efficiently.

Which statements are true about fine-tuning large language models?

T It uses domain-specific datasets to adapt the model.
1 Fine-tuned models retain general language knowledge.



T It requires starting from scratch for every task.
1 It eliminates the need for pretraining.

LLMs showcase remarkable capabilities, but they are not without limitations. One
fundamental issue is their lack of genuine understanding. While LLMs generate text
based on patterns learned during training, they do not grasp the meaning of the
words. This can result in plausible-sounding outputs that lack factual accuracy or
logical consistency. For example, an LLM might confidently provide a detailed but
incorrect explanation about a topic.

Another limitation is the dependence on training data quality. If the training data
contains biases, inaccuracies, or outdated information, the model's outputs will
likely reflect these shortcomings. This makes careful data selection and
preprocessing critical for minimizing errors and bias in the model's responses.

LLMs also face constraints in handling long texts. Although they are designed to
process lengthy sequences, there is a limit to how much context they can consider
at once. This limitation can affect their coherence when generating or summarizing
extensive texts, particularly when the input exceeds their context window.

What are limitations of large language models?

They lack true understanding of the text.

Their performance depends on training data quality.
They always produce factually accurate outputs.
They have unlimited context processing capabilities.
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LLMs are continuously evolving, with researchers exploring ways to improve their
capabilities and address existing challenges. One key focus is on enhancing their
efficiency. New architectures, such as sparse models, aim to reduce computational
demands without compromising performance. This innovation is crucial as LLMs
become larger and require more resources to train and deploy.

Ethical considerations are another priority. Researchers are working to minimize
biases in LLMs by diversifying training data and refining algorithms to promote
fairness and inclusivity. These efforts are essential to ensure that the models
generate outputs that are less biased and more representative of diverse
perspectives.

The future also includes broader integration of LLMs across industries. From
healthcare to finance, LLMs are expected to play significant roles, such as assisting
in patient data analysis or providing market predictions. As they become more



sophisticated, their potential applications will expand, transforming how people
interact with technology.

What are advancements being pursued for LLMs?

Developing sparse models for efficiency.
Reducing biases for ethical outputs.
Eliminating all resource requirements.
Expanding applications across industries.
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Transfer learning is a foundational technique that contributes significantly to the
efficiency and versatility of large language models (LLMs). Rather than training
models from scratch for every specific task, transfer learning allows knowledge
gained during general training to be applied to new, task-specific scenarios. This is
particularly useful when dealing with specialized domains, such as healthcare or
legal services, where data availability may be limited.

For example, an LLM pretrained on general language data can be finetuned using a
smaller dataset for tasks like sentiment analysis or medical diagnosis. This reuse

of foundational knowledge significantly reduces computational costs and
accelerates the training process. Additionally, transfer learning enables models to
maintain the broader language understanding gained during pretraining while
adapting to specific contexts.

The adaptability offered by transfer learning makes LLMs highly versatile for
various industries. Whether predicting customer preferences in e-commerce or
analyzing market trends in finance, transfer learning ensures that models can
perform these tasks eff ectively without requiring extensive retraining.

What are the benefits of transfer learning in large language models?

Reduces computational cost for task -specific training.
Applies knowledge from pretraining to new tasks.
Requires training models from scratch for every task.
Eliminates the need for general language pretraining.
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Practical implementation

Implementing large language models (LLMs) in real-world applications requires
careful planning and a structured approach. The first step is model selection, where
the choice of an LLM depends on the specific task. For instance, GPT models are
commonly used for text generation, while BERT excels in tasks like question
answering and sentiment analysis. Selecting the right model ensures optimal
performance for the intended application.

Data preprocessing is the next critical step. Raw data needs to be cleaned,
tokenized, and formatted to align with the model's input requirements. This step
minimizes noise in the data and improves the model's ability to generate accurate
predictions or responses. For instance, in sentiment analysis, preprocessing might
involve removing stop words, lemmatization, or handling missing values in the
dataset.

After preprocessing, fine-tuning comes into play. This involves training the model

on domain-specific data to tailor it to the desired task. Fine -tuning improves the
ogfgnXu"ceewtce{"cpf"tgngxcpeg"hqt"vcumu"nkr
summarizing technical documents. Finally, th e deployment phase integrates the

model into the application, such as a customer service chatbot or a

recommendation engine, using frameworks like TensorFlow or PyTorch for

seamless implementation.

What are important steps in implementing LLMs in real -world applications?

Selecting an appropriate model for the task.
Preprocessing data to align with model requirements.
Training the model from scratch for every task.

Using tools like TensorFlow for deployment.
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Statement regarding the use of Artificial Intelligence in content creation

This content has been developed with the assistance of artificial intelligence tools,
specifically ChatGPT, Gemini, and Notebook LM. These Altechnologies were
utilized to enhance the text by providing suggestions for rephrasing, improving
clarity, and ensuring coherence throughout the material. The integration of these Al
tools has enabled a more efficient content creation process while maintai ning high
standards of quality and accuracy.

The use of Al in this context adheres to all relevant guidelines and ethical
considerations associated with the deployment of such technologies. We
acknowledge the importance of transparency in the content creation process and
aim to provide a clear understanding of how artificial intelligence has contributed to
the final product
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