
Natural Language Analysis

How to analyze tons of text in minutes
An (incomplete) technical overview
Or: what in the world do I do with all this text?
William Wood Harter - Luminoso Technologies - wharter@luminoso.com



About Me

Chapman Alumni – Computer Science  

Currently at Luminoso since 2018

Software Development and Sales – Hughes, 

Sun Microsystems, GameWorld.com, FileNet, 

IBM, Luminoso  Technologies

Chapman Adjunct Professor - 1998-2012

 



The problem

I have 300, 1k, 10k, 100k, 1M, 10M

Product reviews
Open ended survey questions

Trouble tickets
Transcriptions

do they have any value and what do I do?

{           }



Analyzing Text
Text Cleanup

Word counting - Word clouds

Tagging parties

Entity extractors

Vectorization

cNN/rNN Convolutional/Recurrent Neural Networks

LLMs

Symbolic AI



A JOURNEY INTO THE INTERIOR OF THE EARTH
CHAPTER I.
THE PROFESSOR AND HIS FAMILY
On the 24th of May, 1863, my uncle, Professor Liedenbrock, 
rushed into his little house, No. 19 Königstrasse, one of the oldest 
streets in the oldest portion of the city of Hamburg.
Martha must have concluded that she was very much behindhand, 
for the dinner had only just been put into the oven.

"Well, now," said I to myself, "if that most impatient of men is
hungry, what a disturbance he will make!"





Clean text

A Journey into the Interior of the Earth

by Jules Verne

CHAPTER I.

THE PROFESSOR AND HIS FAMILY

On the 24th of May, 1863, my uncle, Professor Liedenbrock, rushed into his little house, No. 19 Königstrasse, one of the oldest streets in the oldest portion of the city of Hamburg.

Martha must have concluded that she was very much behindhand, for the dinner had only just been put into the oven.

"Well, now," said I to myself, "if that most impatient of men is hungry, what a disturbance he will make!"

"M. Liedenbrock so soon!" cried poor Martha in great alarm, half opening the dining-room door.

"Yes, Martha; but very likely the dinner is not half cooked, for it is not two yet. Saint Michael's clock has only just struck half-past one."

"Then why has the master come home so soon?"

"Perhaps he will tell us that himself."

"Here he is, Monsieur Axel; I will run and hide myself while you argue with him."

And Martha retreated in safety into her own dominions.

I was left alone. But how was it possible for a man of my undecided turn of mind to argue successfully with so irascible a person as the Professor? With this persuasion I was hurrying away to my 
own little retreat upstairs, when the street door creaked upon its hinges; heavy feet made the whole flight of stairs to shake; and the master of the house, passing rapidly through the 
dining-room, threw himself in haste into his own sanctum.

But on his rapid way he had found time to fling his hazel stick into a corner, his rough broadbrim upon the table, and these few emphatic words at his nephew:

"Axel, follow me!"

I had scarcely had time to move when the Professor was again shouting after me:

"What! not come yet?"

And I rushed into my redoubtable master's study.

Otto Liedenbrock had no mischief in him, I willingly allow that; but unless he very considerably changes as he grows older, at the end he will be a most original character.

He was professor at the Johannæum, and was delivering a series of lectures on mineralogy, in the course of every one of which he broke into a passion once or twice at least. Not at all that he 
was over-anxious about the improvement of his class, or about the degree of attention with which they listened to him, or the success which might eventually crown his labours. Such little 
matters of detail never troubled him much. His teaching was as the German philosophy calls it, 'subjective'; it was to benefit himself, not others. He was a learned egotist. He was a well of 
science, and the pulleys worked uneasily when you wanted to draw anything out of it. In a word, he was a learned miser.

Germany has not a few professors of this sort.

https://www.gutenberg.org/cache/epub/3748/pg3748.html



Tools

BeautifulSoup - Extract text from html 
https://beautiful-soup-4.readthedocs.io/en/latest/

Ftfy - Fix unicode issues
https://ftfy.readthedocs.io/en/latest/

spaCy - tokenization
https://spacy.io/

Keras - tokenization
https://keras.io/



Word Counting

https://stackoverflow.com/a/42347398/14866475
https://www.wordclouds.com/



Problems with word counting

Problem != Problems

Problme != Problem

FYI != For Your Information

‘A’,  ‘the’, ‘why’, ‘I’....  is not a word you want to count

Do you know if ‘problem’ is being used in a positive or 

negative way?



Tagging Parties

Get a group of co-workers and each person reads 10/100/1000 and tags it for whatever you are 
looking for (happy/sad/broken button/car battery issue, etc). A lesson in how to frustrate all your 

co-workers with complete drudgery. Gather the results and graph them.



Entity Extractors

● Detection of
○ People
○ Places (Specifically Addresses)
○ Events
○ Numbers (Phone, CC, SSN)
○ Classification (limited)
○ Emotions (limited)

● Mostly rule based
● Requires Ontology



Entity Extraction Example
'Please find my credit card number here: 378282246310005. 

Thanks for the payment.'

https://www.ibm.com/docs/en/cloud-paks/cp-data/4.7.x?topic=catalog-entity-extraction



Vectorization

https://www.euclideanspace.com/maths/algebra/vectors/vecGeometry/vec2d/vec2dAngle.png



https://www.euclideanspace.com/maths/algebra/vectors/vecGeometry/vec2d/vec2dAngle.png



Matrices

https://en.wikipedia.org/wiki/Matrix_(mathematics)



Matrices

https://en.wikipedia.org/wiki/Matrix_(mathematics)



Tokenization

Take the following text:

“There was a warm feeling with the service and I felt like their 

guest for a special treat.”

https://analyticsindiamag.com/guide-to-text-classification-using-textcnn/



Tokenization - keras example

https://analyticsindiamag.com/guide-to-text-classification-using-textcnn/



Tokenization: Results

https://analyticsindiamag.com/guide-to-text-classification-using-textcnn/



Tokenization - matrices

https://analyticsindiamag.com/guide-to-text-classification-using-textcnn/



Concepts vs. Documents



Vectorization - Word2Vec workflow

Create skip grams of the tokenization result

Iterate over skip grams to generate training data

Build context and label vectors

Build a text vectorization layer - you’ve create a vocabulary

Build a model with the vocabulary

Get the model weights which has the vectors

https://www.tensorflow.org/text/tutorials/word2vec



Daylight workflow
● CSV or JSON input of text with metadata
● Start build process

○ 20-60 seconds for 2k texts
○ 1-5 minutes for 10k texts

● Read vectors



OpenAI Embeddings

https://platform.openai.com/docs/guides/embeddings/what-are-embeddings



Relationships between concepts

Dot Product

   import numpy as np

   concept1 = client_project.get("/concepts")['result'][0]

   concept2 = client_project.get("/concepts")['result'][2]

   arr1 = np.array([float(v) for v in pack64.unpack64(concept1['vector'])])

   arr2 = np.array([float(v) for v in pack64.unpack64(concept2['vector'])])

   assoc_score = np.dot(arr1,arr2)



Neural Networks

● CNN - Convolutional Neural Networks
○ Mostly for classification

○ Each document vector paired with a label

● RNN - Recurrent Neural Networks
○ Great for time series and text generation

○ Predictive - feed something in, result is what is next

Both use the same kinds of text “vectorization” data.



Building a classification model

 from keras.models import Sequential
 from keras import layers
 
 embedding_dim = 200
 textcnnmodel = Sequential()
 textcnnmodel.add(layers.Embedding(vocab_size,
            embedding_dim, input_length=maxlen))
 textcnnmodel.add(layers.Conv1D(128, 5,
             activation='relu'))
 textcnnmodel.add(layers.GlobalMaxPooling1D())
 textcnnmodel.add(layers.Dense(10, activation='relu'))
 textcnnmodel.add(layers.Dense(1, activation='sigmoid'))
 textcnnmodel.compile(optimizer='adam',
               loss='binary_crossentropy',
               metrics=['accuracy'])
 textcnnmodel.summary()

https://analyticsindiamag.com/guide-to-text-classification-using-textcnn/



Using a classification model

 initial_model = keras.Sequential(
    [
        keras.Input(shape=(250, 250, 3)),
        layers.Conv2D(32, 5, strides=2, activation="relu"),
        layers.Conv2D(32, 3, activation="relu"),
        layers.Conv2D(32, 3, activation="relu"),
    ]
)
feature_extractor = keras.Model(
    inputs=initial_model.inputs,
    outputs=[layer.output for layer in initial_model.layers],
)

# Call feature extractor on test input.
x = tf.ones((1, 250, 250, 3))
features = feature_extractor(x)

https://keras.io/guides/sequential_model/



Applications



View concept relationships



Measuring Ratings and NPS



Over time measurements



Concept level sentiment analysis



Search enhancement using related concepts
Searchable text concept expansion from domain learning

Primary Text: Product Description text
...relief for skin conditions such eczema...

Domain conceptual matches to 
“relief”

Domain conceptual matches to 
“skin”

Domain conceptual matches to 
“eczema”



Enhanced Indexing
Search is more flexible with additional matches possible

Primary Text: Exzana Product Description

Eczana is the all-natural solution to any skin condition 
resulting in irritated, scaly, itchy skin. 

Standard Tokanization Index

[Eczana, is, the, all-natural, solution, to, any, skin, condition, resulting, in, irritated, scaly, itchy, skin]

standard
whitespace 
tokenizer

Searchable Text 

enhanced
concepts

Index Enhancements
Tazorac, topicals, rosacea,
wholesome, safe-to-use, hand-crafted,
Panacea, solved, solved, remedy
Epidermis, cutaneous, epidermal, dermal
Conditional, situation
Outcome, resultant, cumulative
aggravate, irritation, inflamed, irritants
itchy, flaky, peely, rashy, scaley 

Eczana ->
All-natural ->

Solution -> 
Skin ->

Condition -> 
Resulting ->
Irritated -> 

Scaly ->



Leveraging metadata

37

Amazon reviews are 
more likely to stress 
apps and battery life

Walmart reviews spend 
more time talking about 
setting up the VR headset

Best Buy reviews 
emphasize games, 
exercise apps, and giving 
the product as a gift

https://www.mairesearch.com/
https://luminoso.com/products/luminoso-daylight/



Video transcript sentiment



Bias Detection Algorithm

Bias concepts will be outliers in the data

Start with the lowest prevalence concepts

Check those low prevalence concepts in each document where that low 
prevalence concept also has negative sentiment in context of the document.

Compare the concept to the list of common bias terms (man, woman, black, 
white, old guy, girl, gay, rainbow, etc)

POC Results

14 documents out of 5988 tagged as having bias

The two control bias documents were found

Some of the twelve false positives are also ‘interesting’



Interesting Bias False Positive 1
We found bias against ‘mold’ in a home inspection for a loan. The bias term in this email  is “dark”. It’s still 
an interesting find and even though most humans ‘should’ have bias against black mold, we are finding 
bias wherever it exists.

“Good afternoon Jim,

Just wanted to touch base with you about Mold/Mildew Inspection in my house. I had an 
appointment with Stay Dry Waterproofing Ohio Company yesterday with an intention to 
diagnose the problem and to arrange an appropriate solution. Unfortunately, their 
Representative was not really interested in testing of the air or dark spots on my basement 
walls, he just wanted to sell a big cost products along with big item project. While still waiting 
for their estimate, I contacted another Company - Mold Test Company and made an 
appointment for 12/14/21 with them for testing the air and wall substance before to 
schedule remediation.“



Label Generation
Creating a classifier requires a labeled dataset

Create a list of concept lists that will be labels

Search for documents related to a specific concept

Dedupe documents in multiple labels



LLMs and 
Vectorization



LLMs
LLMs offer amazing new capabilities

“Well, the growth of AI in terms of weapons systems and the problems that it is going to create have 
been very apparent for a lot of years. Few journalists bothered to write about it. Now that there's a 
chatbot that can write an article for a local newspaper, suddenly it's a crisis.”
Christopher Nolan - Wired - June 2023

https://www.wired.com/story/christopher-nolan-oppenheimer-ai-apocalypse/



LLMs and Context Windows

LLM capabilities are complementary to vectorization systems.

Why not just feed all my text into the LLM and have it do the 

processing?

Context windows are 4k to 100k.  Not a lot of text

Let’s talk about context windows…



https://medium.com/@neonforge/chatgpt-api-and-python-how-to-simulate-linux-terminal-with-just-a-few-lines-of-code-35ab4dfbcab0



https://medium.com/@neonforge/chatgpt-api-and-python-how-to-simulate-linux-terminal-with-just-a-few-lines-of-code-35ab4dfbcab0



https://medium.com/@neonforge/chatgpt-api-and-python-how-to-simulate-linux-terminal-with-just-a-few-lines-of-code-35ab4dfbcab0



https://medium.com/@neonforge/chatgpt-api-and-python-how-to-simulate-linux-terminal-with-just-a-few-lines-of-code-35ab4dfbcab0



The context window issue



RAG - Retrieval Augmented Generation
VectorDb and LangChain solution

https://pub.aimind.so/a-holy-grail-of-text-ai-chatgpt-llm-generative-query-on-your-unlimited-custom-data-b31129082b9e



Past and Present



Symbolic AI - GOFAI
In the 80s and 90s we were going to solve everything with 

logic.

https://calcworkshop.com/logic/predicate-logic/



UNDERSTANDING

We still don’t have something that understands and learns.

The top companies are all using ML/Neural networks.

We still have deeply symbolic AI systems

Cyc (https://cyc.com/) and OpenCyc 
(https://slor.sourceforge.net/e_ocyc.htm)

Dbpedia (https://www.dbpedia.org/resources/ontology/)
ConceptNet (https://conceptnet.io/)

We’ve completely flipped from 1989 to 2023 where in 1989 there were very few 
people doing neural networks and everyone was doing GOFAI.

(opinion) We will need to combine the two for computers to really “understand” 
and manipulate data.





Summary

Text Processing

The Vectorization Process

Applications of Vectorization

Neural Networks

LLMs

Symbolic AI



Thank you


