Lecture 22

Natural Language Processing

Natural Language Processing (NLP) is a branch of artificial intelligence that focuses on the interaction
between computers and human language. It involves the development of algorithms and models that
enable computers to understand, interpret, and generate human language in a way that is both
meaningful and useful.

Key Areas in NLP
1. Text Preprocessing:
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Tokenization: Splitting text into individual words or tokens.

Lowercasing: Converting all characters to lowercase to standardize text.
Stopword Removal: Removing common words that carry little meaning (e.g., "the",
"and", "is").
Stemming and Lemmatization:
» Stemming: Reducing words to their base or root form by removing suffixes (e.g.,
"running" -> "run").
*» Lemmatization: Reducing words to their canonical form (e.g., "better" ->
"good").
Punctuation and Special Character Removal: Removing punctuation, special characters,
and sometimes even numbers.

2. Text Representation:

o

@)

Bag of Words (BoW): Represents text as a collection of individual words, ignoring
grammar and word order.
TF-IDF (Term Frequency-Inverse Document Frequency): A statistical measure used to
evaluate the importance of a word in a document relative to a collection of documents
(corpus).
Word Embeddings:
»  Word2Vec: Maps words to a continuous vector space where semantically similar
words are close together.
»  GloVe (Global Vectors for Word Representation): Another method of generating
word embeddings based on the co-occurrence matrix of words in a corpus.
Document Embeddings: Representing entire documents as vectors, often by averaging
word embeddings or using more complex models like Doc2Vec.

3. Syntax and Parsing:
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Part-of-Speech (POS) Tagging: Assigning parts of speech (nouns, verbs, adjectives, etc.)
to each word in a sentence.

Named Entity Recognition (NER): Identifying entities such as names, dates, locations,
etc., in text.

Dependency Parsing: Analyzing the grammatical structure of a sentence by establishing
relationships between "head" words and words that modify those heads.

Constituency Parsing: Breaking down a sentence into sub-phrases or constituents.



4. Semantic Analysis:

o Sentiment Analysis: Determining the sentiment or emotional tone of a piece of text,
usually classifying it as positive, negative, or neutral.

o Topic Modeling: Identifying topics present in a large collection of documents (e.g., using
Latent Dirichlet Allocation (LDA)).

o Word Sense Disambiguation: Determining which meaning of a word is being used in a
given context.

o Text Summarization: Generating a concise summary of a longer text. This can be
extractive (selecting key sentences from the text) or abstractive (generating new
sentences that summarize the text).

5. Machine Translation:
o Translating text from one language to another using models like Neural Machine
Translation (NMT).
o Popular models include Google’s Transformer, which forms the basis of models like
BERT and GPT.
6. Question Answering:
o Automatically answering questions posed in natural language, often using a knowledge
base or reading comprehension techniques.
7. Text Generation:
o Generating human-like text based on a given prompt using models like GPT-3 or LSTM-
based models.
8. Speech Recognition and Synthesis:
o Automatic Speech Recognition (ASR): Converting spoken language into text.
o Text-to-Speech (TTS): Converting text into spoken language.
Applications of NLP
e Chatbots and Virtual Assistants: Automated systems that can hold conversations with users,
answer questions, and perform tasks (e.g., Siri, Alexa).
e Sentiment Analysis: Used in social media monitoring, customer feedback analysis, and market
research.
e Machine Translation: Translating text between languages (e.g., Google Translate).
e Document Summarization: Automatically generating summaries of long articles or reports.
e Spam Detection: Filtering out unwanted emails based on content analysis.
e Information Retrieval: Improving search engines by better understanding the intent behind
queries.
e Text Classification: Automatically categorizing documents (e.g., news articles) into predefined
categories.
e Speech Recognition and Synthesis: Converting speech to text and vice versa.
Challenges in NLP

Ambiguity: Language is often ambiguous, and words can have multiple meanings depending on
context (e.g., "bank" could refer to a financial institution or the side of a river).

Context Understanding: Understanding the context in which words or phrases are used is crucial
for accurate interpretation.



e Idiomatic Expressions: Phrases that have meanings different from the literal meanings of their
words (e.g., "kick the bucket" meaning "to die").

e Domain Specificity: NLP models often struggle to generalize across different domains or types of
text (e.g., medical vs. legal text).

e Data Sparsity: Many NLP tasks require large datasets to train models effectively, but such data
might not always be available.

e Language Diversity: The vast number of languages, dialects, and regional variations present
significant challenges for building universal NLP models.

NLP is a rapidly evolving field with a wide range of applications. Understanding the basics of NLP involves
getting familiar with different preprocessing techniques, text representation methods, and various
analysis techniques like syntactic and semantic analysis. With the advent of deep learning, NLP has seen
significant improvements in tasks such as translation, summarization, and sentiment analysis. Despite
these advances, challenges remain, particularly around ambiguity, context understanding, and data
requirements.

Let’s look at a relatively simple example of classifying spam. Classifying spam emails is a common
application of machine learning and Natural Language Processing (NLP). Here’s a general workflow for
building a spam classification model in R, along with some commonly used packages.

Workflow for Spam Classification
1. Data Collection: Gather a dataset of emails labeled as "spam" or "ham" (not spam). Many
publicly available datasets include a "text" column and a "label" column.

2. Data Preprocessing:
o Text Cleaning: Remove punctuation, special characters, stopwords, and convert the text
to lowercase.
Tokenization: Split the email content into individual words or tokens.
o Feature Extraction: Convert the textual data into numerical features that can be used by
machine learning algorithms. Common techniques include:
*= Bag of Words (BoW).
= TF-IDF (Term Frequency-Inverse Document Frequency).
=  Word Embeddings.

3. Model Building:
o Split Data: Divide the data into training and testing sets.
o Train Classifier: Use a machine learning algorithm to train a model on the training data.
o Evaluate Model: Use metrics like accuracy, precision, recall, F1-score, and ROC-AUC to
evaluate the model's performance on the test data.

4. Model Deployment:
o Predict New Emails: Use the trained model to classify new incoming emails as spam or
ham.

Packages in R for Spam Classification
1. Text Preprocessing and Feature Extraction:
o tm: A comprehensive text mining package that supports text cleaning, tokenization, and
document-term matrix creation.



quanteda: Another powerful package for text analysis that includes similar
preprocessing and feature extraction capabilities.

tidytext: Useful for text processing in a tidy format, allowing you to leverage dplyr and
ggplot2 for text analysis.

text2vec: Offers word embeddings, TF-IDF, and other vectorization techniques.

2. Machine Learning:
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caret: A versatile package that provides a unified interface for training and evaluating a
wide range of machine learning models.

e1071: Includes implementations of various machine learning algorithms, including
Support Vector Machines (SVM) and Naive Bayes.

randomForest: Provides an implementation of the Random Forest algorithm, which can
be effective for text classification.

xgboost: A highly efficient and scalable implementation of gradient boosting, which can
be used for spam classification.

nnet: For training neural networks.

3. Model Evaluation:
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ROCR: A package for visualizing and analyzing the performance of classifiers using ROC
curves, precision-recall plots, etc.
PROC: Another package for ROC analysis.

Let’s look at a specific case.

# Load dataset (e.g., SMS spam dataset)

# Download and unzip the dataset

url <- "https://archive.ics.uci.edu/ml/machine-learning-
databases/00228/smsspamcollection.zip"
download.file(url, destfile = "sms_spam.zip")
unzip("sms_spam.zip", files = "SMSSpamCollection")

# Load the dataset into R
sms_data <- read.table("SMSSpamCollection", sep = "\t", header = FALSE, stringsAsFactors =
FALSE, col.names = c("label", "text"))

# Check the first few rows
head(sms_data)

# Convert labels to factors
sms_dataSlabel <- factor(sms_dataSlabel)

library(tm)
library(SnowballC)

# Create a text corpus
corpus <- VCorpus(VectorSource(sms_dataStext))

# Convert the text to lowercase



corpus <- tm_map(corpus, content_transformer(tolower))

# Remove punctuation
corpus <- tm_map(corpus, removePunctuation)

# Remove stopwords
corpus <- tm_map(corpus, removeWords, stopwords("english"))

# Perform stemming
corpus <- tm_map(corpus, stemDocument)

# Convert the corpus to a document-term matrix
dtm <- DocumentTermMatrix(corpus)

# Inspect the document-term matrix
inspect(dtm[1:5, 1:10])

# Split the data into training (75%) and test (25%) sets

set.seed(123)

train_index <- sample(seq_len(nrow(sms_data)), size = 0.75 * nrow(sms_data))
sms_train <- sms_data[train_index, ]

sms_test <- sms_data[-train_index, ]

dtm_train <- dtm[train_index, ]
dtm_test <- dtm[-train_index, ]

library(e1071)

# Convert the document-term matrices to binary matrices (presence/absence of terms)
convert_counts <- function(x) {

x <- ifelse(x >0, 1, 0)

return(factor(x, levels = ¢(0, 1), labels = ¢("No", "Yes")))

}

sms_train_matrix <- apply(dtm_train, MARGIN = 2, convert_counts)
sms_test_matrix <- apply(dtm_test, MARGIN = 2, convert_counts)

# Train a Naive Bayes model
sms_classifier <- naiveBayes(sms_train_matrix, sms_trainSlabel)

# Make predictions
sms_predictions <- predict(sms_classifier, sms_test_matrix)

library(caret)

# Confusion matrix
conf_matrix <- confusionMatrix(sms_predictions, sms_testSlabel)



# Print the confusion matrix and related metrics
print(conf_matrix)

# Extract metrics

accuracy <- conf_matrixSoverall["Accuracy"]

precision <- conf_matrixSbyClass["Pos Pred Value"]
recall <- conf_matrixSbyClass["Sensitivity"]

f1_score <- 2 * ((precision * recall) / (precision + recall))

cat("Accuracy:", accuracy, "\n")
cat("Precision:", precision, "\n")
cat("Recall:", recall, "\n")
cat("F1 Score:", f1_score, "\n")

library(wordcloud) #you may need to install this

# Word cloud for spam messages
spam_corpus <- Corpus(VectorSource(sms_dataStext[sms_dataSlabel == "spam"]))
wordcloud(spam_corpus, max.words = 100, colors = "red")

# Word cloud for ham messages
ham_corpus <- Corpus(VectorSource(sms_dataStext[sms_dataSlabel == "ham"]))
wordcloud(ham_corpus, max.words = 100, colors = "blue")
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While the text data for natural language processing does require somewhat extensive preprocessing,
once that is done, for a task like spam classification, any classifier can be applied to processed data.

Let’s dig a little bit more into the creation of the document term matrix, since that is a key step in this
analysis.

The Document-Term Matrix (DTM) is a fundamental concept in text mining and natural language
processing. It's a matrix representation of a corpus, where rows correspond to documents and columns
correspond to terms (usually words) that appear in the corpus. The value in each cell of the matrix
indicates how many times a given term appears in a given document.

Creating a Document-Term Matrix (DTM)
The process of creating a DTM generally involves the following steps:



1. Tokenization: The text of each document is split into individual terms or tokens (usually words).
This process is known as tokenization.

2. Vocabulary Construction: A vocabulary is built from the corpus by identifying all unique terms
across the documents. The vocabulary forms the columns of the DTM.

3. Counting Term Frequency: For each document, the frequency of each term from the vocabulary
is counted. This count is then used to populate the corresponding cell in the DTM.

Let’s look at a very small example so that we can look at it easily.
library(tm)

# Sample text data (corpus)

texts <- ¢("l love machine learning",
"Machine learning is fun",
"I love learning about data science")

# Create a text corpus
corpus <- VCorpus(VectorSource(texts))

# Preprocess the text (convert to lowercase, remove punctuation, etc.)
corpus <- tm_map(corpus, content_transformer(tolower))

corpus <- tm_map(corpus, removePunctuation)

corpus <- tm_map(corpus, removeNumbers)

corpus <- tm_map(corpus, removeWords, stopwords("english"))

# Create the Document-Term Matrix (DTM)
dtm <- DocumentTermMatrix(corpus)

# Inspect the Document-Term Matrix
inspect(dtm)

Tokenization: Each document in the corpus is split into words (tokens). For example, "l love machine

learning" might be split into ["i", "love", "machine", "learning"].

Vocabulary Construction: The unique terms across all documents are identified. In this case, the

vocabulary might include ["love", "machine", "learning", "fun", "data", "science"].

Counting Term Frequency: For each document, the number of occurrences of each term from the
vocabulary is counted. This count is used to fill the DTM.

<<DocumentTermMatrix (documents: 3, terms: 6)>>
Non-/sparse entries: 10/8

Sparsity 1 44%

Maximal term length: 8

Weighting : term frequency (tf)



Terms

Docs about data fun learning love machine science
1 000 11 1 o0

1 10 1 O

0 11 0 1

Customizing the DTM
You can customize how the DTM is created by applying different preprocessing steps or adjusting the
parameters of the DocumentTermMatrix function:
e Removing sparse terms: Often, terms that appear in only a few documents are removed to
reduce the size of the matrix.
e Weighting schemes: Instead of simple term frequency, you might use Term Frequency-Inverse
Document Frequency (TF-IDF) to weigh terms.

# Create the DTM with TF-IDF weighting
dtm_tfidf <- DocumentTermMatrix(corpus, control = list(weighting = weightTfldf))

# Inspect the DTM with TF-IDF weighting
inspect(dtm_tfidf)

<<DocumentTermMatrix (documents: 3, terms: 6)>>
Non-/sparse entries: 7/11

Sparsity 161%
Maximal term length: 8
Weighting : term frequency - inverse document frequency (normalized) (tf-idf)
Sample
Terms

Docs data funlearning love machine science
1 0.0000000 0.0000000 00.1949875 0.1949875 0.0000000
2 0.0000000 0.5283208 0 0.0000000 0.1949875 0.0000000
30.3962406 0.0000000 00.1462406 0.0000000 0.3962406

One could teach an entire course on NLP, so we have barely scratched the surface here.

Resources:

1. https://s-ai-f.github.io/Natural-Language-Processing/
https://www.geeksforgeeks.org/natural-language-processing-with-r/
https://www.udacity.com/blog/2020/10/natural-language-processing-with-r.html
https://cran.r-project.org/web/views/NaturalLanguageProcessing.html
https://www.kaggle.com/code/rtatman/nlp-in-r-topic-modelling
https://www.r-bloggers.com/2024/01/a-guide-to-natural-language-processing-with-r/
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