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Counting and other Additive
Aggregates

» Suppose you have a dataset with 40 attributes and
a million records.

» Suppose the attributes are all categorical (discrete)
* You keep asking (billions of) questions like
+ “what’s the mutual information between height,

agegroup, education”

“Is there a 5-d correlation between cell-
morphology, nucleus-change, attack site, cell-
type and exposure time?”

“does the average wealth of inner-city blue-
collar SUV owners seem to be correlated with
their health?”

Example applications

Bayesian Networks
Causal Networks
Rule Learning
Feature Selecting
GMDH

Frequent Sets
Decision Tree Learning
Decision List Learning
TFIDF

Bayes Classifiers
Logistic Regression

A Categorical (Binary) Dataset
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Sparse Representation of Datacubes
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Which pairs co-
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Generalization of this example gives proof
that all information about dataset counts —
have been saved in the co-occuring sets.
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AD-Tree v1.0 Example
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Dataset AD-tree

AD-Tree v1.1

A blindingly obvious improvement is to save memory by storing NULL pointers for counts of zero.

AD-Tree v1.1

Dataset AD-tree

Ablindingly obvious improvement is to save memory by storing NULL pointers for counts of zero.

This is a crazy idea

With the census dataset, would need 400 Terabytes of
memory

With the Birth dataset, would need...

This is a crazy idea

With the census dataset, would need 400 Terabytes of
memory

With the Birth dataset, would need...

102 terabytes of memory

AD-Tree Version 2.0
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Dataset AD-tree

For every Vary node in the tree, consider the Most Common Value.




AD-Tree Version 2.0
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Dataset  Ap_ree

Replace any subtree that is topped by an MCV node with a single token: MCV.
Wonderfully, counter ,you've lost !
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Computing ct(a,a,)
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Samples of Things you can do with
Fancy Cont. Tab Search
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