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RESUMEDans cet article, nous nous intéressons a la recherche désséguentiels inattendus.
Ces derniers représentent des motifs qui apparaissent ldabase de données mais ne res-
pectent pas la croyance que nous avons de ces données. Npasgns un nouvel algorithme

USP basé sur des arbres préfixes pour extraire de telles ségae

ABSTRACT.In this article we are interested in searching unexpectequeatial patterns in
database that do not respect the beliefs we have. We als@gzoa new algorithm called
USP, based on user beliefs represented as a prefix tree, fongsuch sequential patterns.
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1. Introduction

The generabupport/confidencbased pattern mining approaches use the statisti-
cal frequency as the primary interestingness measure im§jnmbtentially interesting
patterns in large database. In (McGarry, 2005; Silbergaotadl., 1995; Silberschatz
et al, 1996) theinterestingness measurés data mining are classified abjective
measuresndsubjective measuregrequency based criteria are considered as objec-
tive and are useful in early phases of data mining where dokra@wledge is not yet
available. According to these approaches, belief baseztierlike unexpectedness are
considered as subjective.

Usually unexpectedness measures were mainly considaradgociation rule al-
gorithms. For instance, (Padmanableral, 1998; Padmanabhast al., 2006) pro-
posed and improved an belief based unexpected associatEsmining approach.
In this approach with respect to the beli&f — Y on dataseD, aruleA — Bis
unexpected if : (i)B ~ —Y, means thaB andY logically contradict each other; (ii)
The patterrd U X holds; (iii) The ruleAU X — B holds; (iv) TherulekAU X — Y
does not hold. Algorithms derived from tlaepriori algorithm (Agrawalket al., 1994)
were also proposed in this approach.

In this article we present a new approach to sequence minaigises unexpected-
ness, which is defined by user knowledge (or calietiefy, as constraints on finding
unexpected behaviors in sequences.

Example 1. Let us consider the sequential pattern mining in a customagrsaction
database of supermarket. Assuming we have already knowntbst of the custo-
mers who buy breads and butters like to buy Coca in shortdéymd who buy always
Cocawould not like to buy beers. These facts constitute ia baief base that corres-
pondsto a sequenc¢éread, butter)(Coca)) and a negation relatioheer ~ —Coca.
According to such user beliefs, the sequential patigbnead, butter)(Coca)) with
support > 80% generated by the mining process is valueless since it isadjre
presented in user beliefs, but the sequential pattéimead, butter)(beer)) with
support = 15% may be much more valuable because it is unexpected to thef beli
base and may result in finding undiscovered shopping belsvio O

2. Beliefsand Unexpected Sequences

We consider a belieb as a pair of sequence ruteand a set of constrainis,
denoted by : (p, C). A sequence rulg is a relations,, = sg wheres,, sg are two
sequences occurring temporally ordered &nd(so) < tpegin(sg). The constraints
setC consists of a contradiction relation: sz = —s, and an expression: n {<, <
,=,#,>,>} N (N € N),n = 0,n = * of temporal order betwees}, andsg. This
belief represents that &, occurs thersg should occurs in an order with respect to
7, however ifs3 does not occur with respect toor s, occurs instead of, then the
sequencs wheres,, sg C s andt.,q(sa) < tregin($3) iS an unexpected sequence.
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Example 2. Given belie®b : (p, C') wherep : (4)(C) = (B)(D) andn : (B)(D) ~
-(E)(F)(G),7 : n = 0/«. Sequence; = ((A)(B)(C)(B)(C)(D)) is expected
to (4)(C) = (B)(D); sequence; = ((A)(B)(C)(D)(B)(C)(D)) is expected to

(A)(C) = (B)(D); sequences = ((A)(B)(C)(B)(E)(B)(F)(G)) is unexpected

to (4)(C) = (B)(D); sequence, = ((C)(A)(B)(C)(D)(B)(E)(C)(F)(B)(G))

is unexpected t6A)(C) = (B)(D). O

The belief base must be consistent. beaindb; denote two beliefs]; denotes
the rule part ob; and/; of b;, h; denotes the left-hand part 6fand¢; denotes the
right-hand part of; (and so on foi;), »;, denotes the contradiction of, we have (1)
for a consistent belief base.

Vh; C hj = 1 z tj [1]
A belief constrained by contradiction can be extended totypes of rules. For
instance, the sequence ryle (A)(B) = (C)(D) and contradictiom : (C)(D) ~

—(E)(F) imply two rules(A)(B) — (C)(D) and(A)(B) 4 (E)(F) which can be
formally described as follows.

(A)(B) — (C)(D) <=Vs = (I1)(I2)...(I,) and(A)(B)s, we have

di,jthati < j,I; = Candl; = D [2]
(A)(B) 4 (E)(F) <=Vs = (I1)(I2)...(I,) and(A)(B)s, we have
V’L,]thatl<],fj#EOI’Il:E,IJ#F [3]

Any sequence corresponding to (2) is an expected sequehaeysequence contra-
dicting (3) is an unexpected one.

3. TheUSP Algorithm

In order to extract unexpected sequences we propose theNliSing Unexpected
SequentialPatterns) algorithm. In this algorithm the belief baSés represented as
a prefix tree and all unexpected sequential patterns witherdgo 5 and frequent
sequential patterns predicated by minimal suppaate stored in another prefix tree
7. The USP algorithm uses the PSP (Massegfial., 1998) algorithm for appending
7T by level.

At each level, theAppendBeliefs routine first appends eadh € B to each
i € 7 that does not correspond to any belief, then finds unexpeetedential pat-
terns to eachi, € 7 that corresponds to the first item of any belief, at last reesov
all non frequent nodes in current pathijfdoes not occurred in any sequence; the
CountSequence routine counts the frequency of eack 7 in each path of current
level, and finds frequent sequences for next level by the BSach. When no more
nodes from the belief base can be returned and no more frefjeiers can be found
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in the data sef, the algorithm stops and returns the prefix tfe¢hat contains item
counting information on each node.

Input : Belief baseBB represented by a prefix tree, a data$eif sequences
Output: 7

17 :=0;

2 k:=1;

3 Cp := AppendBeliefs(B,T,k);

4 Ci, := CountSequence(S,T,Cp, k);

5 whileCy, # () do

6 T :=T UCy;

7 Cp := AppendBeliefs(B, T,k + 1);
8 Ci+1 := CountSequence(S,T,Cp, k + 1);
9 k=k+1;

10 end

1 return7;

Algorithm 1: Main routine of the algorithm USP.

4. Conclusion

In this article we introduce a new approach to unexpectedessze mining. A
belief can be extended to a set of expected and unexpectedrsass, with which the
computational task to find potentially interesting seq@sneith multi criteria. Our
approach ensures a targeted discovery of unexpected behavsequence mining.
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