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Abstract. We develop an efficient algorithm for detecting frequentgrats that
occur in sequence databases under certain constraintsorBgiing the use
of bit vector representations of sequence databases vétitiation graphs we
achieve superior time and low memory usage based on a coalsideeduction
of the number of candidate patterns.

1 Introduction

Mining sequential patterns was originally proposed in Agaband Srikant (1995), where
three algorithms,AprioriAll, AprioriSome andDynamicSomewere introducedPrefixSpan
based on the prefix projection idea, was introduced in Peli ¢2@01). SPADE Zaki (2001)
performs space efficient joins on prefix-based equivalelassesPRISMGouda et al. (2007),
uses prime number encoding for support counting. A relatgdlistinct problem (discussed
in Mannila et al. (1997)) is finding frequent episodes in vienyg sequencesSPAMAyres
et al. (2002) finds sequential patterns using a bitmap reptagon. An extension of SPAM,
which incorporates gap and regular expression constraiagsachieved in Ho et al. (2005).
The GSP algorithm Srikant and Agrawal (1996) is simila’AjarioriAll; additionally it can
handle three types of constraints: minimum and maximum g@apden consecutive elements
of a sequence (referred to asn_gapandmax_gap, and window size between rows. When
min_gap= 0, max_gap= oo, andwindow_size= 0, the sequential patterns found by GSP are
the classical sequential patterns as introduced in AgramadlSrikant (1995). The algorithm
cSPADEZaki (2000) introduces similar constraints, and it is inmpénted on top 0EPADE
SPIRITGarofalakis et al. (1999) is more general than bB®PandcSPADEas it deals with
regular expression constraints.

In this note we describe SPAG, an algorithm that combinesltia use of bit vector rep-
resentations of sequence databases with associationsgaabhieve superior performance in
identifying patterns in sequences.

2 Apriori Frameworks on Sequence Sets

We refer the reader to Simovici and Djeraba (2008) for matiteral concepts and nota-
tions. LetI be a set of items, and 18.q ) be the set of sequences of itemd oilMe consider
a a graded poséP, <, h), whereP C Seq[), andh : P — N, referred to as theet of pat-
terns and adata setD defined as a sequence of sequentes; {si,...,s,} C SeqSeq)).

A sequence Apriori framewoik a triple((P, <, h), D, o), whereo is a relation between pat-
terns and data, such tha t" and(t’, s) € o implies(t,s) € o.
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If X is a subsequence gf we denote this by C y. Fory € D, andt € P we define several
partial functions formp : (Seq7))? — R such thaDom(¢) = {(t,y) € (Seq))? | t C
yia(t,y) = L(y) — by(t), B(t,y) = £ (t) — £(1), andw(t,y) as the number of occurrences of
tiny, fort,y € SeqI).

The functiona(t,y) measures theuter gap oft in y, while 3(t,y) measures thener
gap oft iny. For a fixedy, if t is scattered iry thena(t,y) is relatively small, angb(t,y)
is relatively large. On another hand,tifis condensed ity thena(t,y) is relatively large,
and 3(t,y) is relatively small. For example, if = aja2, andy = ajasasasaz, we have
at,y) = 0, andg(t,y) = 3. If y = asasaiasas, thena(t,y’) = 3andg(t,y’) = 0. The
values of both functions, and are changed as expected, becduseondensed iy’

Lety be a database sequenggy be two sequences such thigs an infix ofv and suppose
thatv C y. If ¢ is any of the partial functiona or w then¢(u,y) > ¢(v,y). We also have
B(v,y) > B(u,y).

Let 0,01 D€ the relation that consists of those pdirsy) for which there exists an oc-
currence ofv in y such that the least gap between two consecutive symbssadt leastk.
Similarly, if 0,45, consists of pairgv,y) for which there is an occurrence wfin y such
that the largest gap between two consecutive symbolsi®at mostk. These relations were
introduced in Srikant and Agrawal (1996).

The relations,, , andog i, are givenbyr,, . = {(v,y) € (SeqI))? | v Cyanda(v,y) >
k} and byogs , = {(v,y) € (SeqI))? | vC yands(v,y) < k}. Itis easy to see that,,i,, x,
Omaz,ks Oa,k» @Ndog ;, are Apriori relations.

If o is an Apriori relation andi is an infix ofv, thensuppy, ,(v) < suppy, ,(u). This
allows a straightforward extension of the well-known Aprdgorithm to an algorithm defined
on sequences.

3 Association Graphs and Bit Vectors

Storing bit vectors is very space-efficient and bitwise afiens are very fast, which allows
storing large databases into memory.

Each distinct item in the database is represented by a bit vector, denotéa/pgitem bit
vector), which contains as many bits as the number of rowkerdatabase. Ifis presentin
the j*" row, the;j** entry ofiby; is 1, and is O otherwise.

Each row of a table that contains distinct items is represented by a collectiomofow
bit vectorsrbvs, . . ., rbv,,, whose lengtli equals the length of the row. fibv; = (b;1,...,b;1)
then

b — 1 ifitem ¢; occurs at position,
70 otherwise

fort<h <l

The dual use of item and row bit vectors speeds up the mininggss considerably by
providing fast support count. A similar bit vector represgion is used in PRISM Gouda
et al. (2007), where prime number encoding, and integeratiogis are used instead of binary
operations.

Next we define the association graph of a sequence database.

Definition 3.1 LetD = (sy,...,Sy) be a sequence database on the set of itEmsin_sup
be the minimum support count, amdbe an Apriori relation. Thessociation graph oD,
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AG = (V, E) is a labeled directed graph defined as follows. The set oicest” consists of
those items such that{;j|(i,s;) € c andi C s;,s; € D, for1 < j < N}| > min_sup

The set of edge€ consists of those pairg,i’) € V x V such that|{j|(ii,s;) €
candii’ C s;,8; € D, forl < j < N}| > min_sup An edge(i,i') is labeled by a se-
quenceL(i, i) = (71,...,7n), Wherer, = 1if (ii,s,) € o, andii’ C s,, andr, = 0,
otherwise, forl <p < N.

Input : DatabaseD in ibv andrbv format, minimum support countnin_sup Apriori
relation:o
Output: The Association grapiG = (V, E)
/1l Create the vertices
1 foreachitemi do
/1 On each row such that ibv; is 1, check constraint
2 if suppcount,, () > min_supthen
V=VuU{i;
/1l Create the edges with | abels
4 foreachi € V do
5 foreachi € V do
6 ibvy = ibv; Nibv; ;
7 if ibvy.count() > min_supthen
/1 On each row such that ibvy is 1, use the row bit
vectors of ¢ and i to conpute

8 if suppcounty, (i) > min_supthen
9 E=FEuU{(i,i)};
10 label (Z, Zl> by |bV”/ X

/1 On each row such that ibvy is 1, use the row bit
vectors of ¢ and ¢ to conpute

11 if suppcounty, ,(i"i) > min_supthen
12 E=EU{()};
13 label (i/, ’L) by ibVZ‘/,L' X

14 OUtpUtAG;

FiG. 1. Association Graph Construction Algorithm

In the C++ implementation of SPAGFrequentCclass represents the frequent sequences
and stores the members of the sequence, a bit vector whiat t® 4 at the row indexes
containing this sequence, and for each row containing #gsience (there may be more than
one occurrence), the end position(s) and the length(s).

To extend a sequengec F; there must be an edge from the last membertofa frequent
item in the association graph. Sinpec F;, the length ofp is i. If there exists an edge
from p;, the last component g, to some other frequent item then(p;,z) € E in the
association graphlG. Initially, ibvp. is obtained asbvy. = ibv, Nibv,,.. We must have
countibvp.) > min_sup
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Input: Databased, minimum support courhin_sup Apriori relation: o
Output: Frequent Sequences
1 Read the databage, convert the items iibv format, and convert the rows itbv format

2 Create the association graglid: = (V, E') by using the Association Graph Construction
Algorithm;

3 =V;

4 Fy = {i'|(i,i") € E};

59=2;

6 while F; # () do

7 Ciy1 ={pzlp € F;, (pi, 2) € E, |ibvp, = ibvy Nibv,,.| > min_supprune,(pz)} ;

/1 Use row bit vectors of z, and information at
KFrequent C of p to conmpute follow ng
8 ComputeF; 1 fromCy,1 ;
9 i+~

FiG. 2: Sequential Pattern Mining with Association Graph (SPAGdklthm

Sinceos is an Apriori relation, all sequencgsuch thag is an infix ofpz must be frequent.
If any q violates this condition, it means that can not be frequent either, soune,(pz)
returnsfalse In Figure 2 these steps are represented inlin€ollowing this, actual frequent
sequences are computed from the candidate set as showa &vlifFrigure 2. Row bit vectors
of z and the end positions gf are used to make sure thafollows p. Rows violating this
order or the constraint are set td) in ibvp,. Checking the order and the constrairtias to be
done on every row of the database whibrg.. is initially set tol. At the end of this procedure,
if the countibvp,) > min_supthenpz is placed intaF; .

Both Ayres et al. (2002) and Ho et al. (2005) use bit vectots@rerations on bit vectors.
SPAG combines the use of bit vectors with association grapigsallows the use of vital
global information. Finding all occurrences of the itemsidata set is immediate by using
item bit vectors. In addition, association graphs handlatwdan follow an item in a data
set; this improves the candidate pattern generation psammssiderably. Neither Ayres et al.
(2002) nor Ho et al. (2005) have the global information pded by our dual use of item
bit vectors and association graphs; therefore, they mueg keack of each row. Moreover,
the tremendous amount of bit vector transformations malte Bgres et al. (2002) and Ho
et al. (2005) memory-inefficient. SPAG avoids these diffies|by working on the original bit
vectors without modifying them.

4 Experimental Results

Extensive experiments were conducted on syntheticallgiggad sequential data sets us-
ing a Pentium 3.0GHz computer having 4GB of main memory muigon Linux. The results of
SPAG are compared with SPADE Zaki (2001), the implementadidHo et al. (2005) (which
we refer to as cSPAM), and with cSPADE Zaki (2000).

It is shown in Zaki (2001) that SPADE outperforms GSP by usipgce efficient joins.
Although cSPAM is not very space efficient, it is fast becaiiseses bit vectors. cSPAM



S. Mimaroglu and D. A. Simovici

can also handle constraints. cSPADE is implemented on t&PADE; it can handle some
constraints.

Experimental results show that SPAG outperforms SPADEAEEand cSPAM in almost
every support level for every data set. In Figures 3(a),&(t) 3(c) we show execution times

Time Comparison for a dataset of 1,000 rows and 7 items/row Time Comparison for a dataset of 10,000 rows and 7 items/row
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FiG. 3: Time comparison of cSPAM, SPADE, and SPAG

for cSPAM, SPADE and SPAG are shown for synthetic databdsgsange froml, 000 to
100, 000 rows, having 7 items per row on average, and a total of 30ndistiems. SPAG has
superior performance on this data set for every support|@meall these data sets SPAG out-
performs SPADE. For only one support level cSPAM outperBRAG. cSPAM and SPAG
are comparable in two cases, and for the remaining 13 cag¢s B&rforms much better than
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cSPAM. Experiments are expanded to include a larger dataf 4€10,000 rows having 1,000
unique items and 50 items per row on average. Test resultthiidata set are shown in
Fig 3(d). In most cases SPAG outperforms SPADE by a factorOof Hig. 3(e) shows that
SPAG and cSPADE perform similarly for the minimum gap coaistr SPAG is 4 times faster
than cSPAM in most cases. SPAG clearly outperforms both 8&RAd cSPADE considerably
for the maximum gap constraint, as illustrated in Figurg.3(f

5 Conclusions and Future Work

We present SPAG, an efficient algorithm for detecting frequyoatterns which combines
the dual use of bit vector representations of sequence aksgtalwith association graphs. Ex-
perimental results show that SPAG is faster than the othez-sif-the-art algorithms (cSPAM,
SPADE, and cSPADE) both with constraints and without caists. We believe that the SPAG
has a broader applicability and its use for determiningalality patterns or to frequency pat-
terns shall be investigated.
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Résumé

Nous développons un algorithme efficace pour détecter déissni@quents qui se pro-
duisent dans des bases de données séquentielles sousesetantraintes. En combinant
I'utilisation des représentations des bases de donnéesrsigjles par séquences binaires avec
des graphes d’association, nous obtenons un meilleur tetypee utilisation moins grande de
la mémoire basée sur une réduction considérable du nombraatis candidates.



