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Document Filtering – Roadmap
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Document Filtering – Textbook

Programming Collective Intelligence: Building Smart Web 2.0 Applications 
T. Segaran. 
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Document Filtering – Overview (1/3)

Linear classifiers try to 
learn a hyperplane that 
separates two classes 
in feature space with 
minimum error

Hyperplane

Credit: Jon Hare

Not spam (ham) 
class

spam class
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Document Filtering – Overview (2/3)

Lots of hyperplanes
to choose from… 
different linear
classification algorithms
apply differing 
constraints when 
learning the classifier

Hyperplanes

Credit: Jon Hare

Naïve Bayes 
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Document Filtering – Overview (3/3)

Naïve Bayes

𝑝 𝑐 𝑥 =
𝑝 𝑥 𝑐 𝑝(𝑐)

𝑝 𝑥 𝑎 𝑝 𝑎 + 𝑝 𝑥 𝑐 𝑝(𝑐)
Credit: Victor Lavrenko

1. Priors 2. Likelihoods

3. Posteriors

Feature independence
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Document Filtering – Learning Outcomes

o LO1: Demonstrate an understanding of the fundamental concepts and 
approaches for document filtering, such as: (exam)

v Understanding the basic ideas behind Naive Bayes and Fisher's 
methods

v Applying Naïve Bayes and Fisher’s Methods to classify documents 
as spam or not spam

v Discussing the pros and cons of using Naive Bayes vs. Fisher's 
methods for document filtering

o LO2: Implement the learned algorithms for document filtering (course 
work)

Assessment hints: Multi-choice Questions (single answer: concepts, calculation etc)

o Textbook Exercises: textbooks (Programming + Mining) 
o Other Exercises: https://www-users.cse.umn.edu/~kumar001/dmbook/sol.pdf
o ChatGPT or other AI-based techs 

https://www-users.cse.umn.edu/~kumar001/dmbook/sol.pdf


8 / 39

Document Filtering – Introduction

Credit: Jo Grundy
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Document Filtering – Classification

Credit: Jo Grundy
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Document Filtering – Classification

Credit: Jo Grundy



11 / 39

Document Filtering – Classification

Credit: Jo Grundy
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Document Filtering – Spam Filters

Credit: Jo Grundy
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Document Filtering – Spam Filters

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy

Gaussian version
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy https://dl.acm.org/doi/fullHtml/10.5555/636750.636753 

In practice, the values for weight and assumed are found through 
testing to optimize performance. Reasonable starting points are 1 and .5 
for weight and assumed, respectively

, weight is the strength we will give that assumption

https://dl.acm.org/doi/fullHtml/10.5555/636750.636753
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

– P(c|d) = conditional probability of c given d (Posterior)
– P(d|c) = conditional probability of d given c (Likelihood)
– P(c) = prior probability of hypothesis/class c (Prior)
– P(d) = prior probability of data d (Evidence)

𝑃 𝑐 𝑑) =
𝑃 𝑑	 𝑐)	𝑃(𝑐)

𝑝(𝑑)

Thomas Bayes (1702–1761)

PriorLikelihoodPosterior
Naive Bayes
rules

Credit: Jo Grundy



24 / 39

Document Filtering – Naïve Bayes

𝑃 𝑐 𝑑) =
𝑃 𝑑	 𝑐)	𝑃(𝑐)

𝑝(𝑑)

Thomas Bayes (1702–1761)

PriorLikelihoodPosterior
Naive Bayes
rules

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Naïve Bayes

Credit: Jo Grundy
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Document Filtering – Fisher’s Method vs. Naïve Bayes

Credit: Jo Grundy + update

𝑝(𝑐|𝑑)
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Document Filtering – Fisher’s Method

Credit: Jo Grundy + correction

𝑝 𝑐 𝑓 =
𝑝 𝑓 𝑐+ 𝑝(𝑐+)

∑, 𝑝 𝑓 𝑐, 𝑝 𝑐,

𝑝 𝑐!  can be estimated from the data, or from an unbiased estimate, 
all 𝑝 𝑐!  equally likely 
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Document Filtering – Fisher’s Method

Credit: Jo Grundy + correction

𝑝 𝑐 𝑓 =
𝑝 𝑓 𝑐+ 𝑝(𝑐+)

∑, 𝑝 𝑓 𝑐, 𝑝 𝑐,
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Document Filtering – Fisher’s Method

https://en.wikipedia.org 

https://en.wikipedia.org 
Credit: Jo Grundy

https://en.wikipedia.org/
https://en.wikipedia.org/
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Document Filtering – Fisher’s Method

Credit: Jo Grundy
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Document Filtering – Improving Text Features

Credit: Jo Grundy
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Document Filtering – Improving Text Features

Credit: Jo Grundy
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Document Filtering – Improving Text Features

Credit: Jo Grundy
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Document Filtering – Improving Text Features

https://github.com/zhiwu-huang/Data-Mining-Demo-Code-18-19 

Credit: Jo Grundy

https://github.com/zhiwu-huang/Data-Mining-Demo-Code-18-19
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Document Filtering – Improving Text Features

Credit: Jo Grundy
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Document Filtering – Improving Text Features

Credit: Jo Grundy, and Percy from Stanford  

ChatGPT
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Document Filtering – Summary

Credit: Jo Grundy


