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Bayes Theorem
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Interpretation of a Probability

• Frequentist
– Relative frequency of an event occurring

– What about rare events?

• Degree of belief
– Our belief that the event will occur



CSI - 660 Data Mining Lecture 11 3

About the Hypothesis Space P(h)

• Priors
– Each hi should be Mutually exclusive

– Together the hypotheses must be Totally 
exhaustive

– ΣP(hi)=1

– Priors encode knowledge before we see the data
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About the Data P(D) and P(D|H)

• Data, P(D)
– Data is considered to be a sample of all available data.
– P(D), probability the data will be observed given no 

knowledge of the hypothesis.
– Constant for fixed data and if comparing hypotheses, can 

be ignored

• Likelihood, P(D|h)
– Probability a hypothesis generated the observed data or 

probability of observing data given the hypothesis is true.
– If the n instances are independent then

• P(D|h) = P(D1|h). P(D2|h) … P(Dn|h)

– Often use the Loglikelihood (P(D|h)).
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Bayesian Posterior

• P(h|D) is the posterior probability of the 
hypothesis (given the data).

• Usual aim of Bayesian learning is to find 
the MAP estimate
– Most probable model in the model space

– May be many highly probable models
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A Simple Example
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Choosing the Hypothesis

Assume all hypothesis have
equal probability
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Basic Rules of Probability
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Brute Force MAP Learner
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Naïve Bayes Classifier

Read example on text classification in book.
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Definition of NBC
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Coding the Algorithm



CSI - 660 Data Mining Lecture 11 13

NB: Simple Example
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NB: Subtleties
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More On Optimality

http://www.cs.washington.edu/ai/naive.html

The naive Bayesian classifier is known to be optimal when attributes are independent given the class. 
This project explores whether other sufficient conditions for its optimality exist. Empirical results 
showing that it performs surprisingly well in many domains containing clear attribute dependences 
suggest that the answer to this question may be positive. In this project we show that, although the 
Bayesian classifier's probability estimates are only optimal under quadratic loss if the independence 
assumption holds, the classifier itself can be optimal under zero-one loss (misclassification rate) even 
when this assumption is violated by a wide margin. The region of quadratic-loss optimality of the 
Bayesian classifier is in fact a second-order infinitesimal fraction of the region of zero-one optimality. 
This implies that the Bayesian classifier has a much greater range of applicability than previously thought. 
For example, naive Bayes is optimal for learning conjunctions and disjunctions, even though they violate 
the independence assumption. Further, studies in artificial domains show that it will often outperform 
more powerful classifiers for common training set sizes and numbers of attributes, even if its bias is 
"a priori" much less appropriate to the domain
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NB: Subtleties
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Performance Issues

• No implicit search through model space

• Very fast to compute (just need to count)

• What type of probabilities are used to make 
predictions, how do these differ for decision 
trees?
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Text Document Classification
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