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Term2: 2024/25



Assignment:

Wordcount 300-500 words is an estimate – if you go over, that is fine but stay 

focused and don’t go too far over!

There is no need to try to improve the performance of the model. If you do, you will 

need to justify your choices, parameters etc! Don’t leave me guessing ☺

You can try some simple changes to the model, plots etc that are easy to explain.

The purpose is NOT to build a perfect classifier, but to show that you understand 

what the code is doing and why.

Come and see me and/or email me if you are having concerns, worries, lacking 

understanding, stressing out, want reassurance. I’m happy to help.



Assignment:
How much a variable contributes 

to splitting nodes and improving 

node purity (lowering impurity) 

across all trees.

Interpretability: You get a sense 

of which features the model 

relies on most.

Feature Selection: You can 

potentially drop less important 

features to simplify the model.

Insights: Learning that certain 

variables have a large impact 

might prompt further 

investigation into why that’s the 

case.



Assignment: When you select ‘d’ (a single 

observation) print ‘d’ so I can 

see the feature values.

The effect of a feature on a 

per-instance basis.

When you vary a feature for ‘d’

print it again, so it is easy to 

compare the predictions for ‘d’ 

and ‘d varied’.  What did you 

vary and why?

When you plot ‘d’ with the full 

range of a feature, remember

this is only a single 

observation.



Assignment:

You pdp+ice plot shows all of

the ‘d’s (in your sample).

What can we learn from this?

pdp:

The average effect of one (or 

two) features on the model’s 

prediction, while theoretically 

holding other features constant. 

ice:

Shows whether the “average 

effect” from the PD plot holds for 

everyone, or if there are 

subgroups (or individual cases) 

that behave differently.



Today:

• Understand how to transform text into features for 
predictive analytics

• Become familiar with concepts such as n-grams, term 
frequency, sentiment analysis, and topic modelling

• Appreciate the value of analysing unstructured data                   



Natural Language Processing (NLP)  
•Understanding unstructured language – human generated content 

• Syntax – the grammar of text
• Semantics – the meaning of text
• Pragmatics – what the text is trying to achieve

✓Profanity detection (e.g. did the post contain any profanity?)
✓Sentiment detection (e.g. did a customer provide a positive or negative review)
✓Topic identification (e.g. what is this email about?)
✓Entity detection (e.g. what locations are referenced in this text message?)



Natural Language Processing (NLP)  
• Machine translation 

• Google translate, Duolingo, Watson
• Sentiment analysis

• Predator/troll detection, customer experience management, speech analysis..
• Predictive text

• Keyboards, google search
• Speech to text translation

• Google assistant, Alexa, Siri, call bots
• Q&A

• Chatbots etc
• Spam detection



NLP → Text analytics → Unstructured data

•Un-understandable by machines

•80% of the world’s data is unstructured – blogs, 
social media, free text boxes, medical records, 
emails, texts, comments, customer feedback, 
discussion forums, press releases, literary texts, 
academic papers…..



NLP → Text analytics → Unstructured data

Underground Passages



“ Autocomplete predictions reflect 
searches that have been done on 
Google. To determine what 
predictions to show, our systems 
begin by looking at common and 
trending queries that match what 
someone starts to enter into the 
search box”.

“DeepText is a deep learning-based text understanding engine designed 
to analyze vast amounts of text data processed across Facebook’s 
platforms, including Facebook, Messenger, and Instagram.

In the realm of artificial intelligence, few developments have garnered as 
much attention as natural language processing (NLP). Among the leading 
innovations in this space is DeepText, an AI-powered text understanding 
engine developed by Facebook..”

Introducing DeepText: Facebook's text understanding engine - Engineering at Meta (fb.com)

https://engineering.fb.com/2016/06/01/core-infra/introducing-deeptext-facebook-s-text-understanding-engine/#:~:text=Text%20is%20a%20prevalent%20form%20of%20communication%20on,see%20or%20filtering%20out%20undesirable%20content%20like%20spam.


HateLab – A global 
repository for data and 
insight into hate crime 
and speech

How prejudice becomes 
hate, and what we can do 
about it.

“We use data science 
methods, including ethical 
forms of AI, to measure 
and counter the problem 
of hate both online and 
offline.”

https://hatelab.net/
https://hatelab.net/
https://hatelab.net/
https://hatelab.net/


Words are converted into high-

dimensional vectors so that similar 

meanings cluster together. Because 

context matters, a single word can 

have different vectors—or, 

conversely, two identical words may 

mean different things. 

These vectors feed into layers that 

learn syntax, resolve ambiguity, and 

form a high-level understanding 

(e.g., to answer a prompt). Large 

language models (LLMs) learn by 

predicting the next word from huge 

text collections (billions of words), 

and more training data usually 

improves their accuracy.



Why not use LLMs to analyse text?

• Inconsistency
• Prediction model – not reproducible or transparent

• Sample from probability distribution

• Generates text sequentially.

• Hallucination
• Optimise for text plausibility rather than factual 

accuracy.

• Imperfect / biased training data

• Heavily dependent upon prompts



https://www.tidytextmining.com/

https://www.tidytextmining.com/




Text Cleaning



Text analytics: NLP analysis pipeline

Data:

Speech communication

Speech-to-text communication

Text communication

Hey Siri, 
will it 
rain?

Data pre-processing
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Noise removal

• Stopwords, URLs, special 
characters, punctuation

• Case normalisation

Segmentation 
and tokenisation

• Paragraph/sentence 
segmentation

• Tokenisation

Normalisation

• Stemming
• Lemmatisation

Stopwords are noisy words with high frequency that a search 
engine is programmed to ignore, e.g. ‘the’ ‘an’ ‘is’.
Convert to lower case.

Break a corpus of text into smaller segments: paragraphs, 
sentences.

Token: a meaningful unit of text, e.g a word, that can be used for 
analysis. Tokenisation splits text into tokens.

n-grams: words or phrases cut out of sentences as a set of n co-
occurring words within a given window.
[I] [have] [an] [essay] [due] [today] (n=1)
[I have] [an essay] [due today] (n=2)

Stemming: stripping affixes.
Fished, fishing, fisher → fish
Thinking → think

Lemmatisation: ensures the output word is an existing 
normalized form of the word
Studies, studying, studied → study

Text analytics: cleaning
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Text analytics: stopwords
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Text analytics: tokenisation

Token: A meaningful unit of text, such as a word, that we are 

interested in further analysis

Tokenisation: The process of splitting text into tokens

Unigrams, bigrams, n-grams  (e.g. words, sentences, paragraphs)

N-grams: are words or phrases cut out of sentences that co-occur 

within a given window

[I] [have] [an] [essay] [due] [today] (n=1) unigram
[I have] [have an] [an essay] [essay due] [due today] (n=2) bigram
[I have an] [have an essay] [essay due today] (n=3) trigram
etc.
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Word Stemming

Word stemming prevents confusion by 
converting the multiple forms of a word into 
a new single word.

It helps improve the accuracy of many 
methods, like sentiment analysis.

‘I’ ‘run’ ‘he’ ‘ran’  ‘she’ ‘is’ ‘running’ ‘stop’ ‘running’

‘I’ ‘run’ ‘he’ ‘ran’ ‘she’ ‘is’ ‘run’ ‘stop’ ‘run’

Lemmatisation: reduce word to base form

‘I’ ‘run’ ‘he’ ‘run’ ‘she’ ‘is’ ‘run’ ‘stop’ ‘run’

https://leanjavaengineering.wordpress.com/2012/0
2/24/using-lucene-in-grails/

https://leanjavaengineering.wordpress.com/2012/02/24/using-lucene-in-grails/
https://leanjavaengineering.wordpress.com/2012/02/24/using-lucene-in-grails/


Text Analytics



Text analytics: terminology

The NLP pipeline:

Speech communication

Speech-to-text communication

Text communication

Hey Siri, 
will it 
rain?

Data pre-processing • Lexical analysis (words)

• Syntactic analysis (grammar)

• Semantic analysis (meaning)

• Pragmatic analysis (context)



1. Bag of Words
This approach ignores the word 
order and meaning of text in a 
document.

It simply consider the frequency of 
words and how frequently they 
co-occur in documents.

It is the simplest method for 
embedding words as vectors.

But it is not a good representation 
of language as it ignores word 
order, word relationships, 
meanings, context

https://scatter.wordpress.com/202
0/02/19/doing-things-with-bags-
of-words/

https://scatter.wordpress.com/2020/02/19/doing-things-with-bags-of-words/
https://scatter.wordpress.com/2020/02/19/doing-things-with-bags-of-words/
https://scatter.wordpress.com/2020/02/19/doing-things-with-bags-of-words/


Document-term Matrix
Many methods of analysing text, 
including similarity matching, cluster 
analysis, topic models, and others rely 
on the document term matrix.

https://stackoverflow.com/questions/46470240/combi
ne-dataframe-column-into-document-term-matrix

https://stackoverflow.com/questions/46470240/combine-dataframe-column-into-document-term-matrix
https://stackoverflow.com/questions/46470240/combine-dataframe-column-into-document-term-matrix


Word Cloud

Nice

Nice way to visualise text.

Array of most important 

words in a document 

according to frequency, 

frequency rank, or tf-idf

Can be misleading 



2. Topic Models

Probabilistic topic models:
● Each document is a 

mixture of topics
● Each topic is a mixture of 

terms. 

Scans documents, detects 
word and phrase patterns, 
clusters word groups to best 
characterise a set of 
documents. 

Topic Modeling In Natural Language 
Processing – peerdh.com

https://peerdh.com/es/blogs/programming-insights/topic-modeling-in-natural-language-processing
https://peerdh.com/es/blogs/programming-insights/topic-modeling-in-natural-language-processing


Topics are an indication of 
common patterns of language 
use in email messages.
Each email is a mixture topics. 
Each topic is a mixture of terms.

(Blei, Carin, & Dunson, 2010; Blei et al., 2003)

Topic Models



3. Term Frequency - Inverse Document Frequency TF-IDF

• TF-IDF (Term Frequency-Inverse Document Frequency) Vectorizer takes into 
account the importance of each term to document.

• TF-IDF vectorizes documents by calculating a TF-IDF statistic between the 
document and each term in the vocabulary.

• Term Document matrix represented by TF-IDF weights.

• TF-IDF accentuates terms that are frequent in the document, but not frequent in 
general.



Term Frequency (TF)

● Measures how frequently a term occurs in a document

● May appear more times in long documents than shorter ones, since every 
document length is different

● tf(t,d) of term t in document d is defined as the number of times that t occurs in d.

● Greater when a term is frequent in a document



Inverse Document Frequency (IDF)

● A word is not very informative if it occurs in all documents.

● Estimate the rarity of a term in the whole document collection.

● If a term (t) occurs in all documents (d) in the collection, its IDF is zero.

● IDF is greater when the term is rare in the collection (but more frequent in the 
document). 



TF-IDF

Tf-idf increases 
proportionally to the 
frequency a term 
appears in a document 
(tf) and is offset by the 
number of documents in 
the corpus that also 
contains that term (idf)

The tf-idf weight of a term is the 
product of its tf weight and its idf
weight, i.e.,



Inverse Document Frequency (IDF)

The most common 
words are 
meaningless (e.g. 
‘a’, ‘the’, ‘this’

TF-IDF helps to find 
terms in documents 
that best 
characterise the 
document



Sentiment analysis is an attempt 
to measure the emotional tone 
of a document.

Many cases use a dictionary of 
words that are either positive or 
negative. You count the positive 
or negative words and sum them 
up.

4. Sentiment Analysis



5. Vectorizing the text
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Vectorizing the text
Natural languages are ambiguous.

Machines can be trained to interpret text by transforming it into numerical representation: vectorization, or embedding
techniques.

These are mapped onto vectors of real numbers, in a vector space.

A vector is a point in a vector space that has a length (from the point of origin) and a direction
A 2-dimensional vector can be written as [x, y]

X

Y
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Vectorizing the text
Similar words are found ‘closer’ in vector space (distance is small, similarity is higher)

Characters, groups of words, or documents can also be mapped as vectors.

The Illustrated Word2vec – Jay Alammar – Visualizing machine 

learning one concept at a time. (jalammar.github.io)

man

woman

woman-man

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
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Vectorizing the text

Man is to computer programmer as woman 

is to homemaker? debiasing word 

embeddings | Proceedings of the 30th 

International Conference on Neural 

Information Processing Systems (acm.org)

𝑚𝑎𝑛 − 𝑤𝑜𝑚𝑎𝑛 ≈ 𝑘𝑖𝑛𝑔 − 𝑞𝑢𝑒𝑒𝑛

computer 

programmer

homemaker

man-woman

https://dl.acm.org/doi/10.5555/3157382.3157584
https://dl.acm.org/doi/10.5555/3157382.3157584
https://dl.acm.org/doi/10.5555/3157382.3157584
https://dl.acm.org/doi/10.5555/3157382.3157584
https://dl.acm.org/doi/10.5555/3157382.3157584
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Vectorizing the text

Similar words are found ‘closer’ 
in vector space (distance is 
small, similarity is higher)

Characters, groups of words, or 
documents can also be mapped 
as vectors.
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Transformers
Transformers (e.g. BERT, GPT) and word vectors (like Word2Vec and GloVe) represent two 
different approaches to handling language data in natural language processing (NLP). 

Both are used to capture the meaning of words and their relationships with other words, but 
they do so in significantly different ways.

Word vectors:

Are static (e.g. I am well; the cat fell in the 
well will have the same vector).

Use neural networks to learn word 
vectors.

Can capture semantic relationships (e.g. 
king-man queen-woman
King – man + woman = queen

Can use PCA (or other dimension 
reduction) to support visualisations

Transformers:

Vectors are sensitive to context. 

Use attention mechanisms – for each 
word, which word to pay attention to (e.g. 
over a pronoun, will pay attention to the 
noun)

Trained to predicted next word, or 
masked words.

Versatile – classification, sentiment 
analysis, question/answer etc.
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Transformers



6. Text similarity measures

Computing similarity between two text pieces (terms/strings/documents etc)

Example Applications:
• Relevance of a document match for a query
• Computing semantic relatedness between strings/terms 

Various string metrics available: 
• Edit Distance/Levenshtein Distance 
• Jaccard Distance 
• Cosine Similarity 
• …



Text similarity measures: Edit Distance

Edit distance is the most common.

• aka Levenshtein distance

The minimum number of single 
character deletions, insertions, or 
substitutions required to transform 
one string into the other.

kitten→ sitten (sub ‘k’ for ‘s’)
sitten→ sittin (sub ‘e’ for ‘i’)
sittin→ sitting (insert ‘g’ at end)

e.g. The edit distance between good 
and goodbye is 3.

Useful in spell checking applications, 
fuzzy matching, plagiarism detection.

if (!require("stringdist")) install.packages("stringdist")
library(stringdist)

# Example strings
string1 <- "kitten"
string2 <- "sitting"

# Calculate Levenshtein distance
distance <- stringdist(string1, string2, method = "lv")

# Print the distance
print(distance)

[1]  3



Text similarity measures: Jaccard distance

Measure of how dissimilar two 
sets of strings are. The lower 
the distance, the stronger the 
string similarity.

Defined as the intersection 
divided by the union of two 
sets.

Perform lemmatisation first 
to increase the number of size 
of intersection.

Calculate the edit distance between the strings:

S1 = ‘AI is our friend, and it has been friendly’
S2 = ‘AI and humans have always been friendly’

our 

is 

it

AI 

has 

friend 

been 

and

human

always



7. Regular Expressions

A regular expression (often referred 
to as “regex”) is a language for 
expressing a search pattern of text.

A test bed for some regex
https://regexr.com/

Example:  Regular expression for an 
email address :

^([a-zA-Z0-9_\-\.]+)@([a-zA-Z0-9_\-
\.]+)\.([a-zA-Z]{2,5})$ 

https://xkcd.com/208/

https://regexr.com/
https://xkcd.com/208/


Seminar tonight and tomorrow:  SPAM or HAM?

● Clean data (YouTube comments)

● TF-IDF

● Term document-matrix  (raw words)

● Sentiment analysis using a lexicon 
(dictionary of words classified 
according to sentiment)

● Topic modelling (clustering) of terms

● Random forest classification on raw words

● Random forest classification of sentiment

● Random forest classification of topics

HAM SPAM



Why is text analysis difficult?
Words are ambiguous. Understanding meaning depends on:

when

who

what

why

to 
whom

where

how

He yelled at me for 
eating his pizza 

What are the 
best restaurants 
near me?

Another 
rainy day.  
FUN! 

I will leave as 
soon as the 
meeting is over.

Slang, abbreviations, typo’s and grammatical errors 
• Hangry!! Super psyched to bounce back for grub. 
• OMG. Ths standup is hilarious. I'm dying. 
• My dinner was better then yours.

Sarcasm, idioms and metaphors 
• You light up my life. 
• Time is a thief. 
• Been running around like headless chickens tryna get 
ths assgnmnt sorted. 

Body Language (eye roll, side eye, word stress,..)

Context (personal/situational) matters! 
• It was a wet, muddy Sunday. The car parks were 
almost too full, rain was beating down. 
• Took my grandma out for a trip to Killerton. She has 
walking difficulties, but I shouldn’t have worried as the 
staff were quite helpful and considerate.

Call me a cab!
Can you pass the 
salt?



Next Week: Week 9

• Read Data Science for Business, chapter 9 and 11

Cohen MC, Guetta CD, Jiao K, Provost F (2018) Data-Driven Investment Strategies for Peer-
to-Peer Lending: A Case Study for Teaching Data Science. Big Data 6(3):191– 213

Assignment Due

15 March 2024 Time: 15:00 hours
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Any questions?

?
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