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 Association Discovery
* |Interestingness

» Geoff's four principles for identifying
associations that are unlikely to be
Interesting

— in the absence of prior beliefs

» Geoff’s approach to identifying associations
that are likely to be interesting

intro



But wait!

Why are we talking about association
discovery?

Subgroup/contrast/emerging pattern discovery
— find description x such that P(x | y) > P(x)

Rule discovery

— find description x such that P(y | x) > P(y)

P(y [ x) > P(y) = P(x|y) > P(x)

— Webb, G. ., S. Butler, and D. Newlands (2003). On
Detecting Differences Between Groups. In KDD-2003,
pp. 256-265.

Association discovery finds rules for all y

associations



Claiming my place in history!

« OPUS is a very general and efficient algorithm
for rule discovery

— Webb, G. 1. (1995). OPUS: An Efficient Admissible
Algorithm For Unordered Search. Journal of Artificial

Intelligence Research 3. AAAI Press, pp. 431-465.
- Hence OPUS is a very general and efficient
algorithm for association, subgroup, contrast
& emerging pattern discovery

— The JAIR paper describes variants for finding
all sets that satisfy specified constraints and
for finding k sets that optimise an objective
function under specified constraints
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Association discovery

» Association discovery is one of the signature
data mining techniques

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

Find things that are associated with one another
How is this different from statistical association

analysis?
- It's not — we just do it badly?
— Market basket data?

— High volume data?
— High dimensional data?

— Associations between values rather than
variables!

— Focus on utility!

associations



Why does Association Discovery matter?

 Exploratory data analysis
» Local models

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

associations



Why does Association Discovery matter?

« 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=0
— poisonous
[Coverage=3296; Support=3152; Confidence=0.956]

« Empowers the user to select useful local
models

associations



Association Discovery Research

« Much research into efficient techniques

- Little consideration of what techniques
should do

associations



Interestingness

interestingness



Geoff’s 1t principle

» A conjunction of terms is unlikely to be
interesting if its frequency can be predicted

by assuming independence between a
partition thereof

¢ pregnant, oedema, random
— pregnant, oedema
— random
- male, poor-eyesight, prostate cancer, glasses
— male, prostate cancer
— poor-eyesight, glasses

1st principle



Geoff's 2" principle

A conjunction of terms is unlikely to be
interesting if its frequency can be predicted
by the frequency of its specialisations

flammable, oxygen, heat, fire
flammable, oxygen, fire
flammable, heat, fire
oxygen, heat, fire
flammable, fire

oxygen, fire

heat, fire

2nd principle



Geoff's 3" principle

 Appropriate statistical testing should be
applied to assess the first two principles

3rd principle



False Discoveries

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

« The massive search involved in association
discovery results in a massive risk of false
discoveries

— associations that appear to hold in the
sample but do not hold in the generating
process

3rd principle



Massive Search

* Retail
- 3182 items
— 23182 possible rules
— > 107% rules with antecedent <=4 items

» Probability is high of very improbable
co-occurrences

3rd principle



Statistical tests

 Cannot just apply statistical test to each rule

— Critical value of 0.05 applied to 10'¢ rules
wrt random data should produce > 1074
false discoveries!

 Solutions
— Randomization tests
— Bonferroni correction
— Holdout evaluation

3rd principle



Randomization tests

- Repeat many times:
— shuffle data
— apply association discovery to shuffled data

« Measure the 5t percentile (or value
corresponding to desired critical value) of some
statistic in resulting discoveries and accept
discoveries that exceed that value

3rd principle



Advantages of randomization tests

 Automatically take account of the
relationships between rules that may
complicate other approaches to testing.

« Easy to implement.

3rd principle



Randomization Tests: Concerns

» If only consider one statistic wrt all
associations,

— low power
— may miss many true associations

- will only find associations with extreme
values on the one metric

3rd principle



Randomization Tests: Concerns

» Stochastic
— Results may vary

 Independence between all items not the
only null-hypothesis!

— pregnant & random-val = oedema

3rd principle



KDDCUP98: 10,000 rules, max sup, lift > 2.0

Found 10,000 rules / 28 rules passed holdout evaluation, oo = 5.0005E-006

91<=HU3<=96 -> 4<=HU4<=9
[Coverage=11466; Support=11465; Lift=2.28]

91<=HU3<=96 & ADATE_2>=9706 & RFA_2R=L -> 4<=HU4<=9
[Coverage=11464; Support=11463; Lift=2.28]
Holdout coverage = 11573, holdout support =11571

MDMAUD=XXXX & 91<=HU3<=96 & MDMAUD R=X& MDMAUD_A=X
-> 4<=HU4<=9

[Coverage=11444; Support=11443; Lift=2.28]
Holdout coverage = 11535, holdout support = 11533

91<=HU3<=96 & MAXADATE>=9702 -> 4<=HU4<=9
[Coverage=11414; Support=11413; Lift=2.28]
Holdout coverage = 11532, holdout support = 11530

3rd principle



Within search Bonferroni correction

 Apply statistical test while doing search
 Apply Bonferroni correction
— divide critical value by size of search space
- Eg retail
« > 1076 rules with antecedent <=4 items
e ax~5x10-18
« (Can layerthe critical values
— antecedent 1: critical value = 9.2x10-011
— antecedent 2: critical value = 5.5x10-01>
— antecedent 3: critical value = 1.0x10-018
— antecedent 4: critical value = 2.4x10-022

3rd principle




Advantages of within search testing

 Can be used to prune search space
 Supports top-k techniques
 Can apply any statistical test

3rd principle



Disadvantages of within search testing

» Slightly lower power than holdout

« Computational issues if computationally
expensive tests used

« Requires that the size of the search space
can be determined

3rd principle



Holdout evaluation

Association

[$ Explor- Di
- oty —)| Discovery =
QéoldOUt<:> Statistical =

ASSOCS

Evaluation

o ° Sound
NH°7 ASSOCS

Holm
adjustment

Any
hypothesis
test

Limited
type-2
error

3rd principle



Strengths of holdout evaluation

 Can apply any statistical test
 High power
— Low miss rate

« Does not require that the size of the search
space can be determined

3rd principle



Disadvantages of holdout evaluation

« Does not support top-k techniques

« Different random divisions into exploratory
and holdout data will result in different

outcomes

3rd principle



Geoff’s 4th principle (conjecture?)

If a conjunction of terms is unlikely to be
interesting then any rule composed from
those terms is unlikely to be interesting

pregnant & random — oedema
pregnant & oedema — random
random — pregnant & oedema
pregnant — random & oedema

4th principle



Are rules a good representation?

Association discovery usually finds rules

Why organise associated items into an
antecedent and a consequent?

An association between two items will be
represented by two rules

— three items — nine rules
— fouritems — twenty-eight rules

It may not be apparent that all the resulting rules
represent a single multi-item association

4th principle



Rules

bruises?=t -> ring-type=p

[Coverage=3376; Support=3184; Lift=1.93; p<4.94E-322]
ring-type=p -> bruises?=t

[Coverage=3968; Support=3184; Lift=1.93; p<4.94E-322]
stalk-surface-above-ring=s & ring-type=p -> bruises?=t
[Coverage=3664; Support=3040; Lift=2.00; p=6.32E-041]
stalk-surface-below-ring=s & ring-type=p -> bruises?=t
[Coverage=3472; Support=2848; Lift=1.97; p=9.66E-013]
stalk-surface-above-ring=s & stalk-surface-below-ring=s &
ring-type=p -> bruises?=t

[Coverage=3328; Support=2776; Lift=2.01; p=0.0166]

stalk-surface-above-ring=s & stalk-surface-below-ring=s ->

ring-type=p
[Coverage=4156; Support=3328; Lift=1.64; p=5.89E-178]

stalk-surface-above-ring=s & stalk-surface-below-ring=s ->

bruises?=t

[Coverage=4156; Support=2968; Lift=1.72; p=1.47E-156]
stalk-surface-above-ring=s -> ring-type=p
[Coverage=5176; Support=3664; Lift=1.45; p<4.94E-322]
ring-type=p -> stalk-surface-above-ring=s
[Coverage=3968; Support=3664; Lift=1.45; p<4.94E-322]
stalk-surface-below-ring=s & ring-type=p -> stalk-surface-
above-ring=s

[Coverage=3472; Support=3328; Lift=1.50; p=3.05E-072]
stalk-surface-above-ring=s & ring-type=p -> stalk-surface-

below-ring=s

[Coverage=3664; Support=3328; Lift=1.49; p=3.05E-072]
bruises?=t -> stalk-surface-above-ring=s
[Coverage=3376; Support=3232; Lift=1.50; p<4.94E-322]
stalk-surface-above-ring=s -> bruises?=t
[Coverage=5176; Support=3232; Lift=1.50; p<4.94E-322]
stalk-surface-below-ring=s -> ring-type=p
[Coverage=4936; Support=3472; Lift=1.44; p<4.94E-322]
ring-type=p -> stalk-surface-below-ring=s
[Coverage=3968; Support=3472; Lift=1.44; p<4.94E-322]
bruises?=t & stalk-surface-below-ring=s -> stalk-surface-
above-ring=s

[Coverage=3040; Support=2968; Lift=1.53; p=1.56E-036]
stalk-surface-below-ring=s -> stalk-surface-above-ring=s
[Coverage=4936; Support=4156; Lift=1.32; p<4.94E-322]
stalk-surface-above-ring=s -> stalk-surface-below-ring=s
[Coverage=5176; Support=4156; Lift=1.32; p<4.94E-322]
bruises?=t & stalk-surface-above-ring=s -> stalk-surface-
below-ring=s

[Coverage=3232; Support=2968; Lift=1.51; p=1.56E-036]
bruises?=t -> stalk-surface-below-ring=s
[Coverage=3376; Support=3040; Lift=1.48; p<4.94E-322]
stalk-surface-below-ring=s -> bruises?=t
[Coverage=4936; Support=3040; Lift=1.48; p<4.94E-322]

4th principle



ltemsets

bruises?=t & stalk-surface-above-ring=s &
stalk-surface-below-ring=s & ring-type=p
[Coverage=2776; Leverage=928.9; p<4.94E-
322]

4th principle



But how to measure interest?

« Most measures for selecting rules measure
the degree to which the antecedent and
consequent deviate from independence

— Lift, leverage, etc

 However, we do not want to measure
interest for an itemset as deviation from
independence between all items

— Would allow any irrelevant item to be
added to any interesting itemset

— pregnant & oedema & random-val

interest



Iltemset interest

« Measure smallest deviation from
independence between any two subsets of

the itemset
— lowest value of measure of interest for any

rule that can be formed from all items
allowing multiple items in both antecedent

and consequent

— eg leverage = min[sup(a&b)-sup(a)sup(b)]
suchthatacl,bcl,aub=landan b={}

interest



Supervised descriptive rule discovery

» Rules are useful where

— interested in associations with a specific
item

eg cancer
— interested in contrasts/subgroups;/....

interest



What's wrong frequent pattern discovery?

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

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

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

- calnnot be high enough to exclude all spurious
rules

interest



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]

interest




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

interest



What's the alternative to minimum support?

« Top-ktechniques

— Allow user to specify how many
associations should be discovered

— Allow the user to specify the objective
function

* Interestingness metric

— Use objective function together with kto
make computation feasible

— Find top-k associations within constraints
implied by Geoff’s four principles

interest



Summary

Much more attention has been paid to finding
associations efficiently than to which ones to find

While we cannot be certain what will be interesting,
the following probably won't

— frequency explained by independence between a
partition

— frequency explained by specialisations
Statistical testing is essential

If an itemset is not interesting then neither is a rule
composed from all its elements

Itemsets often provide a much more succinct
summary of association than rules

conclusion
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