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Data Sources Data
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create data set D as query

create view data set D as query
Create pattern set P as query
Create pattern view P as query

| nsert / Delete / Update statenents

6 5 P
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create data set D1 as Q
create pattern view Pl as Q2(D1)

At this point assune Pl = PSetl

update data set Dl using 2
Update P1 too : Pl = update(PSet1)

$ $ O

I nsert P2 into pattern view Pl
6 | 1 1 $
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MINE RULE exemple as

SELECT DISTINCT 1..nltem as BODY, 1..1 Item as HEAD,
SUPPORT, CONFIDENCE

WHERE HEAD.Item=« umbrellas »
FROM Purchase

GROUP BY Tid

HAVING COUNT(*)<6

EXTRACTING RULES WITH SUPPORT: 0.06,
CONFIDENCE: 0.9
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MINE RULE WordOfMouth as

SELECT DISTINCT 1..1 Customer as BODY,
1..n Customer as HEAD,
SUPPORT, CONFIDENCE

WHERE BODY.Date <= HEAD.Date

FROM Purchase

GROUP BY Item

EXTRACTING RULES WITH SUPPORT: 0.01,

CONFIDENCE: 0.9
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Emp(ld, Age, Job, Salary, Position)

GET RULES (Emp)

INTO Rules
WHERE support > 0.1 and confidence > 0.8

SELECT RULES (Rules)

WHERE body has { (Age=*) (Job=%*)}
and head is { (Position=*)}

M 6 &
#PBHI <

n ##Il



2D

+ 0 "

B$' ; : : , 6
SELECT *
FROM Emp
WHERE violates all ( GET RULES (Emp)
WHERE body is {(Age=*)}
and head is {(Salary=*)}
and confidence > 0.3)
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GET_RULES (Source) INTO R1

WHERE body has {(Age=*)}
and head has {(Salary=*)}
and support > 0.1
and confidence > 0.9
and not exists (GET_RULES (Source) INTO R2
WHERE body has {(Age=*)}
and head has {(Salary=*)}
A and support > 0.1
and confidence > 0.9
and R2.body has R1.body)
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& 4& 3" % M ABCD BDEF
ABDF ABCF

e
Consider E

A B C D F E is not frequent,

Therefore no string containing Eis frequent

AB AC BD Consider ABC

ABC is frequent
ABC Therefore dl substrings of ABC are frequent

Characterized by S={ ABC, BD, F}
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AB BD
ABD

Characterized by S ={ ABD}
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b cE& 4& £" 9% M ABCD BDEF
ABDF ABCF
e
A B C D F
AB BC
AB AC BD
ABC
ABC

Characterized by S ={ ABC}
Characterized by S={ ABC,BD,F}  and G={C}
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c, = freq(f,D)3 x
c,=freq(f,E)Ey

$ 1

sol(c, Uc,) ={f |$s] S,gl G:g£ f £g
where S and G are defined w.r.t. ¢, Uc,
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freq(f,D)3 X
fEP
not(P£ f)

+

fEP

~

P isapositive example

+

freq(f,D) £ X
f3 P
not(P3 f)

+

not(f £ P)

~

P is anegative example
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f £ ABCD
G=G'={AB,C}
Incrementally process constraints ¢ S={BCDE, FABC}

S'={BCD, ABC}
Casec of f £P (P isapositive example)

G={gl G|g£ P}
S=min{l |IT lub(s,P) andsl Sand$gl G:g £}
Herelub(s,P) =min{l || £sand | £ P}
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Claim (subsumption)
Let g, and g,be two queries such that g,|=q, .
Then sol(q,) | sol(g,)

Background knowledge can aso be used in this process.
E.g.freq(f,D)>xandx3 y® freq(f,D)>y
E.g.freq(f,D1)>xand D11 D2® freg(f,D2)> x
E.g.freq(f2,D)>xandflf f2® freq(fl,D)>x

Useful :
axioms about sets, generality, number theory

Subsumption is useful in the light of interactive querying
and reuse of the results of previous queries
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10
Any monotonic or anti-monotonic constraint c,
and any membership function (eg. f1 P)
IS an atom.
An inductive guery is aboolean formula over atoms.
E.g.(f1 P)and[freq(f,D1) > x orfreq(f,D2) < y]and f < abbbcccc

The query evaluation problem
Given

an inductive database

an inductive query q
Find acharacterisation of sol (Q)

So far ;. solutions for conjunction of anti-monotonic and monotonic
-2 "



Theorem
Let g be and inductive query.
Then sol (g) can be represented using a set of versionspaces

(aset of versionspaces represents the union of the versionspaces)
Pr oof

Write g in Digunctive Normal Form, i.e.

in the form of disjunction of conjunctions of theforma, U...a, Um U..m_
Each conjunction corresponds to a versionspace

sol (g) can be represented using digjunctive versionspace (Cf. Gunther Sablon)

_ 7 n ##Il



Theorem
Let g be and inductive query.
Then sol (g) can be represented using a set of versionspaces

(aset of versionspaces represents the union of the versionspaces)
Pr oof

Write g in Digunctive Normal Form, i.e.

in the form of disjunction of conjunctions of theforma, U...a, Um U..m_
Each conjunction corresponds to a versionspace

sol (g) can be represented using digjunctive versionspace (Cf. Gunther Sablon)
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Claim
Let g, and g,be two queries that are logically equivalent.
Then sol (q,) = sol(q,)

Using logical rewrites to optimize the mining process.
E.g.(a Ua,) U(m Um,)islogicaly equivalent to

(&, Um)U(a, Um)U(a Um,) U(a, Um,)
One versionspace versus the digunction of four

What is best ?
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Let sol (q,) and sol(q,) be boundary set representable,
|.e. representable using a versionspace.

Thenin general G(g, Uq,) * G(g,) UG(q,) and
S, Ua,) * S(q) US(q,)

Counter Example
A
AB AC
ABC
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