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| ntroduction

e Paradigms

m boolean association rule

&{bread,milk} = butter (90%)
m quantitative association rule

ebread:[3-5] and milk:[1-2] = butter:[1.5-2]
mratiorule

ebread: milk:butter=1:2:5

eapplications

<@Ndata cleaning, forecasting, decision support,
‘ outlier detection, visualization

>
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| ntroduction
e An example
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| ntroduction

e Innovations

m asingle-pass agorithm for ratio rule discovery
eceigensystem analysis

m amethod to predict missing/hidden values from

theratio rules

e¢linear algebra

m ameasure of the goodness for a set of rules
eguessing error
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Ratio Rule Discovery

e Eigensystem analysis
m compute the eigenvalues and eigenvectors of
the covariance matrix for the given data points
m identify the axes of greatest variance

m reduce the dimensionality of a data set while
retaining as much as variation as possible

eonly the eigenvectors of the k largest eigenvalues
areused astheratiorules
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Ratio Rule Discovery

e Proposed Method
m zero-mean the input matrix to derive X,
m compute C C=xixx,
m compute the eigenvalues and eigenvectors of C
e An example
m N=4, M=2, k=1 (column averages:[2 3])

SGHIGET
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Ratio Rule Discovery

e Results
m the largest eigenvalues: A;=11
m thefirst ratio rule (RR): [1 1]

de{[G;A 6:D=o —) (6-A)6-A)-25=0
[y A-12A+11=0 [y A=1101
[6_11 51][;/:]% > vi=ly, vl=lt 1]

A

5 6-1
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Ratio Rule Discovery

e Single-passalgorithm

f* impaat: traaning set X on disk
[* pulput; covarianeg mutmix L *f

for j ;= 1 o M do
rolai _l'-l-r_ll L | H
for | = 1 o M do
ChII = 0

fors = 1 & ¥ do

far ) '= 1 to M do
eolovgali] 4= X[LL
far 1 .= 1 to M do
CLIM += X501 X [0

Fend ith row of X from disk (X[i[1],..., X [ij{M]);

far | == 1 1o M do
colaugill] /= N,

far ] ;= | 1o M do
CLHN) -= A = rulaujgh] * calav gall];

| far ) = 1 ta M da
|
1
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Ratio Rule Discovery

e Eigensystem computation

imjpet :
COVREFMEnOE malrix T in memin e mHEary

ik puk
eifenvecion vy, Wi (te., the RHa)

compuls eigenaystem;
vy, W — rmrnur—rlurﬂt?]
E"‘b- yApg | = eigenvalues{ C];
sort v, according Lo the eigenvaloes,
chooss & based on Eg. 1;
return the b largesi eigenvectons;

complexity:
oMy
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Prediction of Missing Values

e Definitions
m h-hole row vector b,
*b, 4 =X ? X3 ? %] (h=2)
m (M-h)xM elimination matrix E
10000
o120
e Basicidea
m fill the unknowns by theratio rulesin E xV

and the partial knowledge in E, x byt
P.10
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Prediction of Missing Values

e Pseudo code

e 2-D example
mb,=[17, E,=[10], V=[11]
m V'=[1], b'=[1], Xconcepr=[1], d=[1 1]
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Prediction of Missing Values

e Casel
m exactly-sp | sue &
m M-h=k :
m one exact SR
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Prediction of Missing Values

e Case?
m over-specifi
m M-h>k

m NO intersecti
&M=3, h=1

hutlaf‘_
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Prediction of Missing Values
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M easur ement of the Goodness

e Guessingerror
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* Experiments

lm Dot <ot

mﬁ ¥ aNBA (452¢12)
M eminutes played, field goals, rebounds, fouls

*’ m bassball (1574x17)

ebatting average, at-bats, hits, homeruns

* > m abalone (4177x7)
H ¢length, diameter, weights

mﬁ‘ ’ e Competitor
m column averages

ﬂ I“> P.16

@

* Experiments

M‘ Guessing Error vs, # holes ("nba’)
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e |nterpretation
m RR;
ecourt action
m RR,
ofield position
m RR,
¢height
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e Visualization
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Discussion

e Visualization
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Discussion

e Comparison

5 spent on butter
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Discussion

e Advantagesof ratiorules

m achievement of more compact descriptions if
the data points are linearly correlated

m prediction of one or more unknown values
when anew datarecord is given

m measure of the guessing error, which can
guantify how good a given set of rulesis

m easy to implement

m only asingle pass over the data set is required
P.22
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