The Text
Refinery

Making Sense of
Unstructured Data
Before You Code
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(TEXT MINING = INDIGO,
TEXT CLAESIFICATION = TERRACOTTA,
SENTIMENT ANALYSIS = GOLDENROD)
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Structured
Data (20%)

Easy to query, filter,
and analyze. Resides
in relational databases.
But it's only a fraction

of reality. :

*Semi-Structured:

XML, ]SON sit
just outside this
rigid zone.

Unstructured
Data (80%)

The vast majority of
human output.

No predefined format.
Mastering this chaos is
the goal of our text
refinery.
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1. Text Mining
(The Excavator)

Transforms raw text into structured
formats to find hidden trends.

2. Text Classification
(The Sorter)

3. Sentiment Analysis
(The Decoder)

Output: [Shirt] [Fit]

Automates the routing of data into
computational engines.

Extracts the human emotion and polarity.

Output: Tagged for [Customer Service] Output: Scored as [Negative / Frustration] I
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Text Mining: Digging for Concepts

1. Identify 2. Process 3. Build

Gather the raw text Remove noise. Apply Group extracted
material (e.g., thousands Tokenizing, concepts and construct
of product reviews). Lemmatizing, and structured categories.

Part-of-Speech Tagging.
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4, Analyze
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Lab Note: You will spend the vast majority of your time in Step 2. Raw human language
must be mathematically standardized before computers can process it.
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Discover hidden
relationships and
predict outcomes.
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Linguistics vs. Statistics: Why Word Counts Fail

Reproduction
of
Documents

Statistics-Based Approach

b

W

7 .
LY )
it )
Y
faatats o
o e
4 - e
L e
o ol
i W R
W R
oo ]
e ‘*“‘i.-'l'-l'l‘i
7z g
Pl i el Y
A,
P
ol
Pl i e
R T
o L e
. L e
Pl ul o
eyl L
R iy

Relies strictly on mathematical frequency.

Statistically links the word ‘reproduction’ to ‘birth’.

Highly irrelevant.

L

Linguistics-Based
Approach (NLP)

Applies Natural Language Processing to analyze
syntax and phrases. Understands that in this
context, the word means ‘copy’ or ‘duplication’.
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Text Classification: The Algorithmic Sorting Hat

Level 1: Binary Level 2: Multi-Class Level 3: Multi-Label 0

1 or 0. Mutually exclusive. 1, 2, or 3. Mutually exclusive. Multiple overlapping tags per entity.
Example: Spam vs. Not Spam. Example: Email routing Example: Netflix movie genres. -
(Business, Customer, or Order).

[ Rule of Thumb: Select your classification complexity based strictly on your business use case. j
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Under the Hood: The 4-Step Classification Loop

The Iterative Reality

If your output is wrong, the
loop restarts. You may need
to adjust your text cleaning,
tweak feature extraction, or
select an entirely different
pre-trained model.

4. Labeled Output

The final categorization
s applied.

1. Raw Text Processing

Python scripts stripping out noise,
hyphens, and apostrophes.

SZ> wono 2. Feature Extraction

0010311

==p 1101101 Converting text into ‘Word
101001; Embeddings’ (long arrays of

E’ 1010100 numerical data).

3. The Model

Pre-trained Large Language Models (LLMs
like Granite or BERT) run the calculations.
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Sentiment Analysis: Reading the Room

Neutral

Positive

(e.g., "The shirt
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(e.g., "The shirt is
a disaster’)
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The Goal: Companies cannot read minds, but they can read tweets.
Sentiment Analysis uses NLP to mimic human understanding of tone, empowering

brands to protect their reputation and prioritize customer experience.
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The Pitfalls of Rule-Based Lexicons

‘Sarcasm

System sees ‘wonderful’
(Positive) but misses
the sarcastic context.

System sees ‘inexpensive’

#Pusitiue} but misses the
lipping context of
‘wouldn’t say".

f .

‘ The Lexicon Problem ‘

- Simply gruupin words into
"Happy" or “Sad" buckets fails
entirely against the chaotic

| nuances of human conversation.

System incorrectly assumes
theft-based negativity
rather than a bargain.




Machine Learning: Teaching Algorithms Context

Solving the context trapdoors using algorithmic classification.

Linear Regression Naive Bayes Support Vector Machines (SVM)
Specific ¢
A % P(Neg|Words) Negative A y Maximum
0.75 /= Margin
Negative Words gy \ ;
X & Probability Past {
€0 Line of P(Neg|Words) * Occurrence -
2 Best Fit New 0.75 Frequency 2
© ; X =
= X L=VEY P(Pos|Words) SPEF!f[C g
= % 0.25 Positive =
% Positive Words
Probabilit
X A ’ Past
P(Pos|Words) ?:IEEULE:CE
Variable A L il Dimension 1

Predicts a sentiment score based on
word frequency, text length, and the
presence of specific emotive phrases.

Uses probability and historical occurrences.

If past negative reviews contained specific
words, new reviews with those words are
statistically likely to be negative.

Solves two-group classification by
identifying the optimal boundary line that
ensures the maximum margin between
positive and negative text clusters.
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High-Definition Sentiment: Beyond Good and Bad

Fine-Grained

Polarity graded on a
precise numerical scale.
0 (extreme negative) to
100 (extreme positive).

gl

Aspect-Based (ABSA)

Narrows focus to specific
features. Example: "The
app is great, but the
chatbot is terrible.”
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Emotional Detection

Identifies exact psychological
states. Example: Tags text as
"Frustration” rather than just a
general "Negative" score.
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Higher Resolution Insights

By evolving beyond basic binary
outputs, high-definition sentiment
analysis empowers businesses to make
meaningful, targeted changes rather
than guessing at general discontent.
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Why We Build These Models

Applying the NLP toolkit to drive business outcomes.

Spam Detection

Text Classification applied directly to
email inboxes to instantly filter out
malicious or irrelevant messages.

63

Customer Service

Classification and Sentiment Analysis
automatically route support tickets
and immediately prioritize furious
customers.

=,

Risk Management

Text Mining extracts insights from
financial analyst reports and white
papers to monitor market shifts in
real-time.

%

Predictive Maintenance

Mining mechanic logs to derive
patterns that predict physical machine
failure before it actually happens.
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The Data Scientist's Minefield ce
Danger Ahead: Lab Warning Signs
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Imbalanced Data Sets Ambiguous Text Lack of Diversity
Having 9,000 positive training examples Context is everything. Does it mean You need a widespread spectrum of
and only 10 negative ones will a place to store money, or the side of training examples—from extreme ~C
severely skew your model’s outputs. a river? Leading context must be positive, to the neutral middle, to =

e Keep ratios relative to expected reality. .

explicitly specified.

extreme negative—to capture reality. L o
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Best Practices for Your Lab
How to Build Reliable Models
[t | : o
Proper Labeling
Do it manually. Read the training examples and discern the sentiment
7 yourself to establish a gold standard. Do not rely on novices to build
i = || your foundation. a
B o : N M kD
? @ Continuous Validation
Test your trained model continuously against real-world data outside
the lab to ensure it categorizes accurately in the wild.
e 0 e
[y v : 57
| Watch for Drift
il iﬁ, World events change language sentiment over time. A model trained
o i yesterday might misunderstand the cultural language of tomorrow.
| | Keep updating. |
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You now know how to:

- Extract data from chaos (Mining). _
- Organize it into engines (Classification). - ' The Conclusion:

- Understand human nuance (Sentiment). | | ' Thanks to these exact processes, the author

of the ‘Bad Shirt’ review had their complaint
1 automatically prioritized, received a refund,
| and got a $50 discount.
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