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A Association discovery is one of the signature
data mining techniques

— but fielded applications are few
— why?
A In contrast: Magnum Opus
— steady sales
— scientific applications
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A Association Discovery

A What's wrong with frequent pattern
discovery?

A What's the alternative to frequent pattern
discovery?

A The problem of false discoveries.

A Are rules a good representation for
associations?

intro



Association Discovery

A Find items that are associated with one
another

A How is this different from correlation analysis?
- It's not — we just do it badly?
— Market basket data?
— High volume data?
— High dimensional data?

— Correlations between values rather than
variables!

— Focus on utility rather than probability of
false discovery!

associations



Why does Association Discovery matter?

A Exploratory data analysis

— May be unsupervised, but supervised often
also useful

A Local models

— Global models may trade-off some local
optimality for the sake of global optimality

associations



Why does Association Discovery matter?

A Avoids the evils of model selection

bruises=f & gill-attachment=f & gill-spacing=c & ring-number=0
— poisonous
[Coverage=3296; Support=3152; Confidence=0.956]

bruises=f & gill-spacing=c & veil-color=w & ring-number=o0
— poisonous
[Coverage=3296; Support=3152; Confidence=0.956]

A Empowers the user to select useful local
models

associations



Association Discovery Research

A Much research into efficient techniques

A Little consideration of what techniques
should do

associations



What's wrong frequent pattern discovery?

A Discontinuity in objective function
A The vodka and caviar problem
— some high value associations are infrequent
A Feast or famine
— minimum support is a crude control mechanism
— often results in too few or too many associations
A Cannot handle dense data

A Cannot prune search space using constraints on
relationship between antecedent and consequent

— eg confidence
A Minimum support may not be relevant
— cannot be low enough to capture all valid rules

= calnnot be high enough to exclude all spurious
rules

frequent patterns



Very infrequent patterns can be significant

Data file: Brijs retail.itl, 88162 cases / 16470 items

237 -> 1
[Coverage=3032; Support=28; Lift=3.06; p=1.99E-007]

237 & 4685 -> 1 _
Coverage=19; Support=9; Lift=157.00; p=5.03E-012]

1159 ->1 _
Coverage=197; Support=9; Lift=15.14; p=1.13E-008]

4685 -> 1 _
Coverage=270; Support=9; Lift=11.05; p=1.68E-007]

168 -> 1 _
Coverage=293; Support=9; Lift=10.18; p=3.33E-007]

4382 -> 1
[Coverage=72; Support=8; Lift=36.83; p=6.26E-011]

168 & 4685 -> 1
[Coverage=9; Support=7; Lift=257.78; p=6.66E-011]

frequent patterns




Very high support patterns can be spurious

Data file: covtype.data 581012 cases / 125 values

ST15=0— ST07=0
[Coverage=581009; Support=580904; Confidence=1.000]

ST0O7=0— ST15=0
[Coverage=580907; Support=580904; Confidence=1.000]

ST15=0— ST36=0
[Coverage=581009; Support=580890; Confidence=1.000]

ST36=0— ST15=0
[Coverage=580893; Support=580890; Confidence=1.000]

ST15=0 — ST08=0
[Coverage=581009; Support=580830; Confidence=1.000]

ST08=0— ST15=0
[Coverage=580833; Support=580830; Confidence=1.000]

--+.. 197,183,686 such rules have highest support

frequent patterns



Soil Type

A STO1 to ST40 are binary variables encoding the soil type
of a region

A ST01=1 entails ST02=0, :-- ST40=0

A Hence true associations are
- STX=1—>STY=0
— STX=0— STY=1

A But almost 99% of cases are either STO1=1 or ST03=1 so
ST02=0, ST04=0 --- ST40=0 all have support above 0.99.

A So almost all combinations form rules with high
support and confidence!

frequent patterns



Roles of constraints

1. Select most relevant associations
— patterns that are likely to be interesting

2. Control the number of associations that
the user must consider

3. Make computation feasible

frequent patterns



Minimum support can get overloaded!

frequent patterns



What's the alternative to minimum support?

A Top-k techniques

— Allow user to specify how many
associations should be discovered

— Allow the user to specify the objective
function

Alnterestingness metric

— Use objective function together with kto
make computation feasible

alternative



False Discoveries

A We typically want to discover associations
that hold in the process that generated the
data

A I

false discoveries



