(1) University
s of s
S5 Alberta l €§}

Osmar R. Zalane f_;-%ﬁﬁfc

http://www.cs.ualberta.ca/~zaiane/
zailane@cs.ualberta.ca

The First International Conference on
Advanced Data Mining and Applications

Wuhan, China, July 22-24, 2005

Calculateur/Ordinateur

T\/_; ﬁﬁ*ﬂ‘ Rechner

BblUNC/TUTEJIbHAA MaAlUNHA

daadal) 41y

Computer

O gui |

Calcolatore

b A ACIECNEE SR, 15 2500 oo
12 A 6 0 12 34567 8901
2345 678 Q1 234 5678 90,12 3456 789 0123 W 901
23456 789 012 $45 6 of12 345 9012
34567 896{(2{ 5678 ssgirebol 23 45 67890 123 456 7890
12345 678 34 T34 A7 123 4567 890 1234 56 78901

1
234567 890 12 3456 78 9012 3456 78 9012 345 678 90 1234 567 8901
234 503 BPUAMOT THPYIETY 518 LTS MPRL PR TS
9012 3456 7890 123 4567 890 12 3456 78 901 2345 678 90 1234 56
7890 123 456 7890 12 34567 890 123 .456 7890 1234 5678.9012_ 34 56
78 90 12 345 678 901 234 5678 9012 341 56 78

ALY

5678 901 234 567 890 1234 5678 901
456 78 9 5678 90 12 34 56 789 12 34 567 890 123
45 67 89 678 9012 34 567 8901 23 456 7890 12
345 6789 12345 67 890 1234 56789 12345 67m5€it &ﬁg
56 78 901 234 567 2225 2345 67890 1334467 @
678 901 23 45 678 M 678 90123 45 678 9012 345
678 901 2345 67 890 £2345 67 890 12 345 678 901 234 56789 1 23 56

01110101011101

oferal it G iel

o1 0 0 110010101000110
010011101%103‘90111 1Q10001 OOlOlOOlllﬁé&gﬁ 1101
00100100111041110 0] 10100 01110
0011101019110011101 10 1101111110011111100111011
001110000¢100P10 010101010100011001010100
1000100100100001001110101001010101011101100010101001011101
0100083 0P AT O UL L ONPEDLOY PP LOL100
1001001101011011101001010100100011110111111001111110011101
1001110000110001001110011010110Q010010101101010%901@101001

0100101010101010100101010011010401 mo&én%;giom
001110001010110111010010101001%9&&) 017 e 1@07110
1100111@22% mmoﬂooomom110111001110001011
1000011 ij 100100011110111111001111110011101
1001110000110001001110011010110001001]@@1&&&&@
1110010110101011011101001010100400GL11 1\

1011001110000110deah0 1001100010010010101010
101101011010110111$100101010010001111011111100111111001110




@ Unwers-ty g g
rreeer) ust escters of . . fossing)
&5 Abera Database Selection Problem 5 Awna | Information Retrieval

>< Iog (N/df)
1 Measures importance
document j over the -
[PI5[3[4[9] general importance of

of aword i withina

B 2[5[3419]
the Wo_rd inthe
Query Engine ollecton Search Engine
. . » Counting words
b 45 P -C
\
\ _(@!L Query ~@ Search Query
. A e Of
7% Awea | Discretization & Concept Hierar chiesd= &% Abera l Naive/Full Bayesian Classifier
 Handling continuous data 0% @ Classification =
« Automatic Concept hierarchy building e f ﬁ ﬁ f precietion for

» Numerosity Reduction
» Smoothing Noise

N nominal values

Bayesian Learning ( Baves Theorem)
Given ahypothesis H that some data belongs

Discretization is used to reduce the number of
values for a given continuous attribute, by to aclass C and some evidence E about the
dividing the range of the attribute into data, the posteriori probability of H given Eis:
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Genomics and Proteomics =
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Predicting function
or location of a
Protein
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Investigate frequent
sequences and sub-
sequences
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- L Counting itemsets
@ Bread, & Milk W
V&N Ccoke, Chips = Hot dogs
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Given d items, there
are 29 possible
candidate itemsets

itemsA, B, C, D, and E,
there are 25=32 cases.
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With 5 items we have
325 sub-sequences
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’ Frequent Itemset Mining ‘ ’ Association Rules Generation ‘
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Bound by a confidence threshold

Bound by a support threshold

eFrequent itemset generation is still computationally expensive
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Apriori (Agrawal et al. 1994) |0

Huge Computation to generate candidate items
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Steps @ Bottom

Superset is
candidate if
ALL its subsets
are frequent

18 candidates

to check D)
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Subset is
candidate if it
ismarked or if
one of its
supersetsis
candidate

Support=2,
=> 13 patterns

23 candidates

to check D)
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Itemset is
candidate if it
ismarked or if
itisasubset of
more than one
infrequent
Support=2, marked

= 13 patterns | Superset

5 frequent patterns 10 candidates
without checking @ to check D)
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Not only there are too many candidate
itemsets but there are also too many
frequent ones.

Frequent pattern {a, ..., a0}
- (100%) + (1002) + ... + (1001%)
— 2100_1
= 1.27*10* frequent sub-patterns!
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“Closed
- frequent
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Maximal frequent itemsets O Closed frequent itemsets O All frequent itemset
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» For frequent itemset X, if there existsno itemy
such that every transaction containing X also
containsy, then X isafrequent closed pattern

* In other words, frequent itemset X is closed if
thereisno itemy, not already in X, that always
accompanies X In al transactions where X
OCCUrs.

» Concise representation of frequent patterns. Can
generate all frequent patterns with their support
from frequent closed ones.

» Reduce number of patterns and rules
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{abcd}
{ abc}
{ bd}

Transactions
Support = 2

2

NNNNNNNW

requent itemsets
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Frequent Closed itemsets
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* R.Bayardo. In SSGMOD’ 98

* Frequent itemset X is maximal if thereisno
other frequent itemset Y that is superset of X.

* In other words, there is no other frequent pattern
that would include amaximal pattern.

» More concise representation of frequent patterns
but the information about supportsis|lost.

» Can generate all frequent patterns from frequent
maximal ones but without their respective
support.
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All frequent
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Support
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(El-Hajj and Zaiane, 2003)
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Approach

2 1/0 scans
reduced candidacy generation

Small memory footprint

Patterns

FP-Tree COFI- trees
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COFI-MAX and the extrainfo

5 /Xh
G ot
FP-Tree COFI- trees

(Zaiane and El-Hajj ACM SIGKDD 2005)

Patterns
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What isthis extrainformation?

* A data structure containing frequent pattern bases and
their branch support;

» The data structureisa“free” bonus sinceit is used to mine
for maximals;

* Frequent pattern bases are those marked sub-transactions
in the leap-approach and their descendents if not frequent.

* The branch support is the number of times the frequent
pattern base occurs alone (not subsumed by another

pattern)
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FCA: 3

Counting the Support

Support of any pattern isthe
summation of the supports of its
supersets of frequent-path-bases

CA: 1
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Some Other Selected Results

Mining MAXIMAL frequent patterns
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In Conclusion ...

» Computers are machines that count and compute
* Many data mining tasks consist in counting

» Thetask of enumerating and counting is
essential but not necessarily easy.

» We do not need to count all possibilities or even
all patterns of direct interest

» The challengeisto reduce the enumeration
without loosing effectiveness (loss-less compression)

» Thereisno winner / no best way to count
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