Efficient Mining of Frequent Sequence Generators
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ABSTRACT

Sequential pattern mining has raised great interest in matang
research field in recent years. However, to our best knowledg
existing work studies the problem of frequent sequence rgéore
mining. In this paper we present a novel algorithm, FEAT (abb
Frequent sfuence generAdr miner), to perform this task. Ex-
perimental results show that FEAT is more efficient thanitiauil
sequential pattern mining algorithms but generates mareise re-
sult set, and is very effective for classifying Web produstiews.

Categories and Subject Descriptors:H.2.8 [Database Manage-
ment]: Database applications - Data Mining

General Terms: Algorithms, Performance
Keywords: Sequence Generators, Sequence, Web Mining

1. INTRODUCTION

Sequential pattern mining has raised great interest inrdatiag
research field in recent years. Various mining methods haea b
proposed, including sequential pattern mining[1][5], alated se-
quentialpattern mining[7][6]. Sequential pattern minings also
shown its utility for Web data analysis, such as mining Welp lo
data[2] and identifying comparative sentences from Welirfor
posting and product reviews[3]. However, there exists ristigex
work on mining frequent sequence generators, where a seguen
generator is informally defined as one of the minimal subseges
in an equivalence class. Thus, generators have the sanity &bil
describe an equivalence class as their corresponding quarsees
of the same equivalence class, and according to the MDL iprinc
ple[4], generators are preferable to all sequential pagtar terms
of Web page and product review classification.

In the rest of this paper, we first give a formal problem foraaul
tion and focus on our solution in Section 2, then present éntop
mance study in Section 3. We conclude the study in Section 4.

2. MINING SEQUENTIAL GENERATORS

2.1 Problem Formulation

An input sequence database& D B contains a set of input se-
guences, where dnput sequenceis an ordered list of items (each
item can appear multiple times in a sequence) and can beetenot
by S=eies .. .e,. Given aprefix of sequence SSpr.=ciez ... €;,
we define the@rojected sequencef Sy, W.r.t. Sase;11€ez ... en.
The complete set of projected sequencesSgf. w.r.t. each se-
quence inSDB is called theprojected databaseof Sy, w.r.t.
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SDB, denoted bySDBs,,,.. Given a subsequencs, = ep, ep,

. €p,, Its support sup(Sp) is defined as the number of se-
quences it D Bg,, each of which contain§,,, denoted bySDBs,|.
Given a user specified minimum support threshetdyn_sup, S,
is said to bdrequent if sup(S,) > min_sup holds. S, is called
a sequence generatoiff AS, such thatS, C S, (i.e., S, con-
tains S;,) andsup(Sp) = sup(S,). In addition, given a sequence
S=ejes...e, and an iteme’, we denoteeies ... ei_1€i11...6n
by S(i), €iCit1...€j by S(iﬁj), andejes. .. ene' by <S,6,>.

Given a minimum support thresholdin_sup and an input se-
quence databas&€D B, the task offrequent sequence generator
mining is to mine the complete set of sequence generators which
are frequent in database SDB.

2.2 Pruning Strategy

A naive approach to mining the set of frequent sequence gen-
erators is to first apply a sequential pattern mining alpamitto
find the set of frequent subsequences and check if each freque
subsequence is a generator. However, it is inefficient asnibat
prune the unpromising parts of search space. In this subsect
we propose two novel pruning metho@erward PruneandBack-
ward Prune which can be integrated with the pattern-growth enu-
meration framework [5] to speed up the mining process. We firs
introduce Theorems 1 and 2 which form the basis of the pruning
methods, but due to limited space we eliminate their proefgh

THEOREM 1. Given two sequence$,; and Sps, if Sp1C Sp2
(i.e.,5p1 is a proper subsequence 8f2) andSDBs,,, =S D Bs
then any extension 16,2 cannot be a generatot.

p2?

THEOREM 2. Given subsequencg,=e;es ... e, and an item
e/, if SDBs, =SDB (i = 1,2,---,n), then we have that
P

SDBcs,.c'>= SDB<SS),€,>.

LEMMA 1. (Forward Prune). Given subsequenég,and let
Sp=<Sp,e">, if sup(Sp)=sup(S,) and for any local frequent
item v of S, we always haveS‘DB<sp,u>:SDB<s;,u>, then
S, can be safely pruned.

PrRoOOF Easily derived from Theorem 1.1

LEMMA 2. (Backward Prune). Give§,=eies ... ey, if there
exists an index(: = 1,2,--- ,n — 1) and a corresponding index
j(y=i+1,i4+2,--- ,n)such thaiSDB(sp)(w) =SDB((SP)(1’],))(1'),
thensS, can be safely pruned.

PrROOF Easily derived from Theorem 2 and Theorem L]

!Note that a similar checking has been adopted in a closeasequ
tial pattern mining algorithm, CloSpan [7]. Here we adaptes
technique to the setting of sequence generator mining.



2.3 Generator Checking Scheme

The preceding pruning techniques can be used to prune the un- ;1

promising parts of search space, but they cannot assureréaetl
frequent subsequencg=eies . ..e, iS a generator. We devise a
generator checking scheme as shown in Theorem 3 in order-to pe
form this task, and it can be done efficiently during pruninggess

by checking whether there exists such an indgx1,2,--- ,n)
that|SDBs|=|SDBg |, assup(S)=|SDBs| holds.

THEOREM 3. A sequence§=eiez ... e, is a generator if and
only if Ai that1<i< n and sup(S)=sup(S?).

PrROOF. Easily derived from the definition of generator and the
well-known downward closure property of a sequencel

2.4 Algorithm

By integrating the preceding pruning methods and genechexk-
ing scheme with a traditional pattern growth framework y&,can
easily derive the FEAT algorithm as shown in Algorithm 1. &ia
prefix sequencép, FEAT first finds all its locally frequent items,
uses each locally frequent item to grady, and builds the pro-
jected database for the new prefix (lines 2,3,4). It adopts e
forward andbackwardpruning techniques to prune the unpromis-
ing parts of search space (lines 8,11), and uses the genehaik-
ing scheme to judge whether the new prefix is a generators(line
7,9,11,12). Finally, if the new prefix cannot be pruned , FE&T
cursively calls itself with the new prefix as its input (link$,15).

Algorithm 1: FEAT(S,, SDBs,,, min_sup, FGS)

Input : Prefix sequencé p, Sp’s projected databasﬁDBsp, minmum
supportmin_sup, and result sef'G.S
1 begin
2 foreachi in local Frequentitems(SDBs,, , min_sup) do
3 Sy, < Sp,i>;
4 SDBgi « ;DrojectedData,base(SDBsp , S;));
P
5
6
7
8

canPrune «— false;
isGenerator < true;
if sup(SDBs,,) = sup(SDBg; ) then
P
canPrune «—
ForwardPrune(Sy, SDBs,,, S;, SDBgi );
P

9 isGenerator «— false;

10 if notcan Prune then )

11 BackwardPrune(S;7 SDBS;., canPrune,isGenerator);
12 if isGenerator then )

13 FGS «— FGSU{Sp};

14 if notcanPrune then

15 FEAT(S},,SDBS;;,min_sup, FGS);

16 end

3. PERFORMANCE EVALUATION

We conducted extensive performance study to evaluate FEAT a
gorithm on a computer with Intel Core Duo 2 E6550 CPU and 2GB
memory installed. Due to limited space, we only report trseiits
for some real datasets. The first datagzelle is a Web click-
stream data containing 29,369 sequences of Web page vidwes. T
second datase®rogramTraceis a program trace dataset. The third
datasetOffice07Revienwcontains 320 consumer reviews for Office
2007 collected from Amazon.com, in which 240 and 80 reviews
are labeled as positive and negative, respectively.

Figure 1 shows the runtime efficiency comparison betweenlFEA
and PrefixSpan, a state-of-the-art algorithm for miningsatjuen-
tial patterns. Figure 1a) demonstrates that FEAT is shgsitwer
than PrefizSpan when the minimum support threshold is high
for sparse datas&azelle however, with a minimum support thresh-
old less than 0.026%, FEAT is significantly faster thiare fiz Span.
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Figure 1: Runtime Efficiency Comparison

This also validates that our pruning techniques are vescéife,
since without pruning FEAT needs to generate the same setof s
quential patterns as PrefixSpan and perform generator iclgettk
remove those non-generators, thus it should be no fasterRttex
fixSpan if the pruning techniques are not applied. Figureshbyvs

that for dense datas@rogramTrace FEAT is significantly faster
than PrefixSpan with any minimum support. For example, Pre-
fixSpan used nearly 200,000 seconds to finish even at a minimum
support of 100% , while FEAT costs less then 0.02 seconds.

We used generators and sequential patterns as featureddo bu
SVM and Naive Bayesian classifiers respectively. The resait
Office07Reviewataset show that both generator-based and sequen-
tial pattern-based models achieve almost the same accuFacy
example, with a minimum support of 2% and a minimum confi-
dence of 75%, both generator-based and sequential padsed
Naive Bayesian classifiers can achieve the same best agafrac
80.6%. As generator-based approach is more efficient, iahas
edge over sequential pattern-based approach in terms @éaffy.

4. CONCLUSIONS

In this paper we study the problem of mining sequence gener-
ators, which has not been explored previously to our bestvkno
edge. We proposed two novel pruning methods and an efficient
generator checking scheme, and devised a frequent geneviato
ing algorithm, FEAT. An extensive performance study shduat t
FEAT is more efficient than the state-of-the-art sequemtern
mining algorithm, PrefixSpan, and is very effective for sisng
Web product reviews. In future we will further explore itgéipa-
tions in Web page classification and click stream data aisalys
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