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ABSTRACT

A NEW WAP-TREE BASED SEQUENTIAL PATTERN MINING ALGORITHM F®&
FASTER PATTERN EXTRACTION

Onal, Kezban Dilek
M.S., Department of Computer Engineering

Supervisor : Assoc. Prof. Dr. Pinar Senkul

September 2012, 92 pages

Sequential pattern mining constitutes a basis for soluifgrroblems in various domains like
bio-informatics and web usage mining. Research on this @efdinues seeking faster al-
gorithms. WAP-Tree based algorithms that emerged from veslge mining literature have
shown a remarkable performance on single-item sequenabatas. In this study, we inves-
tigated application of WAP-Tree based mining to multi-itseguential pattern mining and
we designed an extension of WAP-Tree data structure fori4iteth sequence databases, the
MULTI-WAP-Tree. In addition, we propose a new mining stggten WAP-Tree which in-
volves a hybrid traversal strategy in possible sequenaesltsepace and a new early prunning
idea called Sibling Principle on Pattern Tree. Two algonish FOF-PT and MULTI-FOF-PT,
applying this strategy on WAP-Tree and MULTI-WAP-Tree resfively, are developed. Ex-
periments showed that FOF-PT outperforms both other WAde-based algorithms and Pre-
fixSpan in terms of execution time. Moreover, experimergalitts revealed MULTI-FOF-PT
finds patterns faster than PrefixSpan on dense multi-itemeseg databases with small al-

phabets.



Keywords: sequential pattern mining, tree based algosthMAP-Tree, FOF, MULTI-WAP-

Tree



Oz

HIZLI ORUNTU CIKARIMI iCIN WAP-AGACI TABANLI YEN | BIR DIZISEL
ORUNTU MADENCILIGI ALGORITMAS|

Onal, Kezban Dilek
Yiuksek Lisans, Bilgisayar Muhendisligi Boliumi

Tez Yoneticisi : Dog. Dr. Pinar Senkul

Eylul 2012, 92 sayfa

Dizisel oruintl madenciligi, biyoenformatik ve web kalim madenciligi gibi farkh alanlar-
daki problemlerin ¢oziimiinde temel teskil etmektedidaha hizli dizisel 6rintii madenciligi
algoritmalar arayisiyla bu alandaki arastirmalar deeamektedir. Web kullanim madenciligi
literatiriinden ¢ikan WAP-Agaci temelli algoritmalgekli dizi veritabanlari Uzerinde dikkat
cekici bir performans gostermislerdir. Bu tez kapsaainWAP-Agaci veri yapisinin ¢oklu
/ genel dizi madenciligine uygulanmasi arastiriimigarWAP-Agaci’'nin ¢coklu dizi verita-
banlari i¢in bir uyarlamasi olan Coklu-WAP-Agac! tdaamistir. Bunun yani sira, WAP-
Agaci Uizerinde calisan bir veri madenciligi yonteamierilmistir. Onerilen ydntem, olasi
diziler arama uzayinda melez bir gezinti stratejisi veriii'agacinda kardeslik prensibi adli
bir erken budama fikri icerir. Bu fikri sirasiyla WAP-Agaee Coklu-WAP-Agacina uygu-
layan FOF-PT ve MULTI-FOF-PT adh iki algoritma gelistiriistir. Yapilan deneyler FOF-
PT algoritmasinin hem diger WAP-Agaci temelli algoritevdan hem de PrefixSpan’dan
calisma zamani agisindan Ustun oldugunu gostérmi3eneylerde, MULTI-FOF-PT algo-
ritmasinin da kicik alfabeli yogun coklu veritabamda PrefixSpan'dan daha hizli calistig

gozlemlenmistir.

Vi



Anahtar Kelimeler: dizi madenciligi, agac tabanli aigmalar, WAP-Agaci, FOF, Coklu-
WAP-Agaci
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CHAPTER 1

INTRODUCTION

Sequential pattern mining, extraction of frequent seqakpatterns in sequence databases,
constitutes a basis for solution of various problems ifedént domains [1]. Web usage min-
ing and bioinformatics are the examples of the areas on wdedguential pattern mining is
applied. Sequential pattern mining applied to web usage rd&eals user navigation patterns
on web sites and these patterns can guide recommendationgB]site design [3] and per-
sonalization [4] processes. In bioinformatics, sequépaéerns provide valuable knowledge
about protein and gene structures [5], [6], [7], [8]. In dmoh, sequential pattern mining has
applications in intrusion detection [9], education [1@lecommunications [11] and mobile

commerce [12].

Properties of sequence databases subjected to sequetttigthpmining vary among fierent
domains. One important specific case of sequential pattammgnis single-item sequential
pattern mining which is the case in nucleotide sequences, amino acid segsién bioinfor-
matics and web usage data in web mining. Single-item segudstabases, flierently, have
only one item in each transaction. Gengrallti-item sequential pattern mining algorithms
can mine single-item sequence databases, however, gieglesequential pattern mining al-

gorithms cannot mine multi-item databases.

A considerable amount of literature has been published tndenergmulti-item and single-
item sequential pattern mining problems. Despite fii@tspent so far, still there is need for
faster algorithms andficient data structures since the amount of data collectegases

with advances in technology.

WAP-Tree based algorithms have shown remarkable exectitmnperformance on single-

item sequential pattern mining [13]. WAP-Tree is a compatadtructure for representing



single-item sequence databases [14]. Seveftdrdnt strategies have been proposed to do
efficient mining on WAP-Tree yet FOF is the fastest among pre/MAP-Tree based algo-
rithms [15]. Inspired by success of the WAP-Tree data stinechnd FOF algorithm on single-
item sequential pattern mining, we designed two new WAR:Trased algorithms FOF-PT
and MULTI-FOF-PT, one for single-item sequential patteiining and the other for general,

i.e., multi-item, sequential pattern mining.

FOF-PT (FOF-Pattern Tree), the single-item sequentigkepaimining algorithm we pro-
pose, is built upon the FOF algorithm. FOF algorithm tragerghe search space of possi-
ble sequences with pure depth first strategy and cannot phengearch space. fberently
from FOF, FOF-PT algorithm adopts a hybrid of depth first -aité first search traver-
sal in sequence search space and employs an early pruneagxgpressed in terms of the

pattern tree

MULTI-FOF-PT, the multi-item sequential pattern miningyatithm we propose, is the first
WAP-Tree based multi-item sequential pattern mining atjor in the literature. MULTI-
FOF-PT represents sequence databases as MULTI-WAP-Taddeliws the mining strategy
of FOF-PT except minor adaptations for multi-item case. MIUWAP-Tree is an extended
WAP-Tree designed to encode multi-item sequence databisether words, MULTI-FOF-

PT is the enhanced version of FOF-PT for multi-item seqaéptttern mining.

In this study, we performed a large set of experiments folyaimgy execution time perfor-
mance of the algorithms we propose. We compared FOF-PT with frevious WAP-Tree
based algorithms and state of the art multi-item sequep#tiern mining algorithms. This
type of experiments are rare in the literature. An analysexecution time of FOF compared
to multi-item algorithms PrefixSpan and LAPIN-LCI is for tfiest time presented in this

thesis.

To conclude, in this study, we have four major contributidtdssequential pattern mining

literature:

e A new WAP-Tree based single-item sequential pattern mialggrithm: FOF-PT

¢ A new tree based multi-itehgeneral sequential pattern mining algorithm: MULTI-
FOF-PT



e An extension of WAP-Tree able to represent multi-item segaealatabases: the MULTI-

WAP-Tree

e Comprehensive set of experiments on execution time and myecomsumption per-
formance of sequential pattern mining algorithms inclgdirefixSpan, LAPIN-LCI,

PLWAP, FOF, FOF-PT and MULTI-FOF-PT

Rest of the thesis is organized as follows:

¢ In Chapter 2, we present related work in the literature arsgrilge our motivation.

¢ In Chapter 3, we introduce the single-item sequential pattgning algorithm we pro-

pose: FOF-PT.

e In Chapter 4, we introduce MULTI-FOF-PT, the algorithm wemuse for for general

/ multi-item sequential pattern mining.

e Chapter 5 presents experimental results on execution tarfermance and memory

consumption of FOF-PT and MULTI-FOF.

¢ Finally, we conclude by summarizing our work discussingifetdirections in the Chap-

ter 6.



CHAPTER 2

RELATED WORK

Related work on Sequential Pattern Mining problem is preegskn three sections. Firstly,
formal definition of sequential pattern mining is given, lidr@ges the problem involves are
introduced and single-item sequential pattern miningtimduced as a sub-case of sequential
pattern mining problem. Secondly, general approachesdlgm and previous algorithms
are presented. Finally, a section is devoted to WAP-Treedatgorithms for single-item

sequential pattern mining, which inspired our study for tiritem extension.

2.1 Problem Definition

2.1.1 Sequential Pattern Mining

Sequential pattern mining is extraction of sequences tbatiroat least as frequent as the
minimum support in a sequence database. Given a sequeratgmsat(D) and a minimum
support value (minSupport), sequential pattern miningsaimoutput the complete set of

frequent sequences in D under minSupport.

A sequence databag2is a collection of tuplesid, s) whereid is sequence id andis se-
guence. Sequence ids are unique in the databassegfiences an ordered list of events
(transactions) and eadventis a set of items drawn from aalphabet A The set of all

distinct items present in a sequence database is calledghabet(A) of the database.

A sequencssis frequentin a databas® if its support,supports), is greater than or equal to
minS upport Support of a sequencan D, suppor(s), is the fraction of sequences hthat

containsas asubsequenceA sequences; = e16,...6¢ with k events issubsequencef another

4



Table 2.1: Sample Sequence Database

a

Sequence
(a)(bd)(acd)
(b)(cd)

(ef)

(a)(b)(c)(d)
(ef)(abc)(bcd)(a)(f)
(ac)(bcd)(ab)

OO WNPE

sequences, = tito...t, if there exists a list ok integersml, m2, .., mk such thate; C tyy A

€1 Ctm A ...6& C thk

To clarify with an example, the sample database given ineT@bl has 6 sequences with
sequence ids in range [1-6]. The alphabet of the database=is{a,b,c,d, e f} and the
sequences in the database are made up of these 6 itefnd-irst sequence in this database
(a)(bd)(acd) consists of three events = (a), e, = (bd), e3 = (acd). Each of the events has
different number of items: 1, 2 and 3, respectively. Supporte$éguencebjj(cd) is 0.5 since
itis subsequence of three sequences, which are the onesliithand 5, out of 6 sequences..
This sequence is classified as frequent when given minimyopastis below its support. For
example, this sequence is frequent when minimum suppaueval 0.4. However, it is no

more frequent if minimum support is increased to 0.6.

2.1.2 Single-ltem Versus Multi-ltem Sequential Pattern Mning

The formal definition of sequential pattern mining given ab@resents the most general
form of the problem. However, in some applications of setjgepattern mining, there are

constraints on the input sequence database or on the pespeftthe frequent sequences.
For example, although the above definition does allow fratjgequences with gaps, some

domains require finding only contiguous frequent sequences

In web usage mining, sequential pattern mining is applieith &iconstraint on transaction
size. Web usage mining is the branch of web mining which deéls understanding user
traversal patterns by mining the web usage data [16]. In wsslger data, each sequence
corresponds to traversal of a user in pages of a web site issioseand each transaction cor-

responds to a a page visit in that session. Since a user ¢aonlisone page, the transactions

5



have one and only one item. This form of sequence databadsoi€@mmon in bioinfor-
matics, in DNA sequences [5], [7] or protein sequences [, [This specific case of the
sequential pattern mining problem with fixed transactiae 4i is referred aSingle-ltem Se-
guential Pattern Mining In accordance with this naming, general sequential pattening

problem is referred aslulti-ltem Sequential Pattern Mining

All solutions to multi-item sequential pattern mining cdsahandle single-item sequential
pattern mining cases. However, the characteristics ofesiitgm sequence databases simplify
the problem from some aspects and much mdieient algorithms to this specific case has

been developed as we will describe in detail in the nextsecti

2.1.3 Challenges

All the sequential pattern mining algorithms algorithmsedahe three basic challenges of
sequential pattern mining: large search space, suppontiogy intermediate results mainte-

nance.

Large Search Space Sequential pattern mining problem solutions label eaclsiptes se-
guence that can be built from database alphabet as eitlyereineé or non-frequent. The num-
ber of possible sequences from an alphabet, grows expatigntith respect to size of the

alphabet. Number of possible k-length sequence’ iss® when a is the size of the alphabet.

The search space of multi-item sequences that can be gethdnatusing items from an al-

phabet{a,ly is partially represented in lexicographic tree in Figurk 2.

Every sequential pattern mining algorithm has a strategsateerse this large search space of
sequences. Zaki considers sequential pattern mininggarolé an enumeration problem [17]
in the sequence search space. There exists two traveetabsts used by state of the art algo-
rithms: depth first or breadth first traversal of the lexiagiric tree. When the lexicographic
tree is scanned in breadth first manner, lengthh kequences are checked for frequency after

all the length k sequence checks are completed.

It is time consuming to scan such a large number of sequenmgyone and to compute

support of each. Therefore, strategies are needed to nzmithe number of support count-

6
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Figure 2.1: Lexicographic Sequence Tree

ing operations during search space. Sequential pattermgnaigorithms use properties of
sequences to predict frequency of a sequence using inflomeabout already processed se-
guences. Since search spaces are extremely large, teebnifiiter some sequences without

computing its support is necessary. This is caééady prunning

Support Counting Support counting is computing support value of a sequenesidBs the
explosive number of possible sequences, determining thy@osuiof each sequence is another
challenge of sequential pattern mining. After a searchepaversal strategy is set, support
of each sequence is computed to decide if it is frequent ar hotial algorithms Apriori-
All [18] and GSP [19] scan the whole database once for cogrdirpport of each sequence.
This approach is not feasible since sequence databasesamtyncmillions of sequences.
Comparatively, algorithms associated with new data sirestlike vertical projection [17]
or WAP-Trees [20], [15] can do support counting mofgcgently. An alternative solution
is proposed by pattern growth approach: projected databaBee portion of the database

scanned is shrinked as the patterns get larger.

Intermediate Results maintenance As mentioned previously, at any step of sequential pat-
tern mining, while traversing search space, results fraeadly scanned sections can be used
to reach conclusions about non visited sections. Earlyigiied about some portions of
search space may improve algorithm performance but theoweprent highly depends on
how the intermediate information is stored, updated anéssad during mining. fEective

data structures are necessary since size of intermediateniztion increases directly pro-
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portional to search space size. Designing compact &iwlemt data structures is crucial to
sequential pattern mining as it attacks two challengeseagdime time, both support counting

and intermediate results maintenance.

2.2 Sequential Pattern Mining Algorithms

The list of most notable sequential pattern mining algamghn the literature is given in Table
2.2. ltis crucial to note that algorithms in the list solveltailem sequential pattern mining.
Algorithms which can handle only specific cases like siritgar sequential pattern mining
are not presented in the table. Single-item sequentiaqathining algorithms are discussed

in Section 2.3.

Table 2.2: Multi-ltem Sequential Pattern Mining Algoritem

Year Algorithm

1995 Problem definition and AprioriAll [18]
1996 GSP [19]

2000 Freespan [21]
2000 PrefixSpan [14]
2001 SPADE [17]

2002 SPAM [22]

2004 DiscC-all [23]

2005 HVSM [24]

2005 LAPIN-SPAM [25]
2006 LAPIN-LCI[26]
2006 LAPIN-SUFFIX [26]
2007 PRISM [27]

There are four milestones in the literature introducing fitferent paradigms for sequential
pattern mining problem. First of all, Apriori-All [18], cohining generate-candidate and test
andapriori principle was introduced together with the problem definition. Agrisit [18]
and GSP [19] are based on thpriori principle which is a simple and intuitive yeffective
idea for prunning search space. Apriori principle states &l sub-sequences of a frequent
sequence must be frequent. Algorithms exploit this factrime search space by basing
decision for a sequence on its sub-sequences. Apriori &ladapted by not only in apriori
based algorithms but is implicitly or explicitly embeddadil categories of sequential pattern

mining algorithms.



Secondly, Zaki [17] introduced vertical projection remetation for sequence databases with
SPADE algorithm. Although SPADE algorithms leverage apoinciple and follow gener-
ate candidate and test approach of Apriori-All and GSP, détsdsupport counting much more

efficient than Apriori-All and GSP owing to vertical projection

Thirdly, Pei introduced first pattern growth algorithms €8gan [21] and PrefixSpan [28].
Pattern growth approach,ftérently from earlier algorithms, introduces the concepprak
jected databases and grows patterns instead of generdtimgeaset of candidates. Projected
database for a stringjis the set of sequences which contaias a subsequence, namely sup-
ports the sequence. Pattern growth algorithms, recuystleimining on projected databases
while growing the pattern. In other words, pattern growtprapch creates projected database
for every frequent patterp found and mine the patterns in this projected database pubut
patterns having as a prefix. Projected databases decrease the size of datasas since
projected databases shrink as patterns grow. In additaiterp growth algorithms do not cre-
ate a set of candidates; instead, they find items that canaddrequent pattern to another

frequent pattern.

Finally, in 2006 Yang came up with a new simple idea LAPIN (LBssition Index) [29] to
prune search space for pattern growth algorithms. LAPIM idas been shown to perform

better than previous approaches [29] in dense databases.

In accordance with these fourfflirent approaches to problem, we will present previous se-
guential pattern mining algorithms under following foutegories similar to the taxonomy

givenin [13]:

Apriori Based Algorithms

Vertical Projection Based Algorithms

Pattern-Growth Algorithms

Early Prunning

The category of each algorithm in Table 2.2 is given in Tab& I the following sections,

each approach will be explained briefly and algorithms inciegory will be presented.



Table 2.3: Algorithms and Their Categories

Algorithm Category
AprioriAll Apriori Based
GSP Apriori Based
Freespan Pattern Growth
PrefixSpan Pattern Growth
SPADE Vertical Projection
SPAM Vertical Projection
DISC-all Early Prunning
HVSM Vertical Projection
LAPIN-SPAM Early prunning
LAPIN-LCI Early prunning
LAPIN-SUFFIX Early prunning
PRISM VerticalProjection

2.2.1 Apriori Based Algorithms

Apriori based algorithms take their name from the apriomgple [18]. The algorithms in
this category follow @enerate-candidate-and-testrategy together with apriori principle and
use horizontal database representation, which is the féthrealatabase defined in previous

section.

Apriori principle is an idea used to prune search space. #hadnced in the previous section,

apriori principle states that All sub-sequences of a fragipattern is frequent.

To illustrate, if the sequence = (1)(2)(3) has support 5 and is frequent, then all of its
sub-sequences (X2), (3), (1)(2), (1)(3), (2)(3) are also frequent since their support is at least
equal to 5. The sub-sequencessadre present in all the sequencess found. From the
inverse point of view, apriori principle can be interpreted’if any of the sub-sequences of a
sequence is not frequent, it can be deduced without supponrtiog that this sequence is not
frequent.”. For example, if (1)(3) is not frequent, theradsneed to check count of (1)(2)(3),

it is non frequent according to apriori principle.

General structure of apriori based algorithms is depiate&lgorithm 1. These algorithms tra-
verse the lexicographic sequence tree in Figure 2.1 in atirdimst manner. Mining process
starts with finding length 1 frequent sequences or frequentd at first level. The algorithms,
iteratively, generate the set of candidates length kom the set of frequent patterns of length

k. At each iteration, candidate set is generated, candidae pruned using apriori and re-
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maining candidates are filtered after support countingatitee mining stops when there are

no new candidates.

Algorithm 1 Apriori Based Algorithms General Structure
CandidateSet set of sequences, Seed Sedet of sequences

Scan the database to find the frequent items.
Initialize SeedSet Setof frequent itemdengthl patterng
repeat
Initialize patternLength— patternLength+ 1, CandidateS et 0
Generate length-klL candidate sequenc€andidateS efrom S eedS et
PruneCandidateS etising apriori principle
Scan database D to compute support of candidate sequences
for eachc in CandidateS etlo
if suppor{s) < minSupporthen
Removec from CandidateS et
else
Outputc as a frequent pattern
end if
end for
S eedS et~ CandidateS et

until CandidateS eis empty (There are no new frequent patterns)

Under this general structure, the number of candidatesases exponentially with respect to
alphabet size and candidate length. Although apriori lacelps prunning this huge set of
candidates, it is inadequate. This explosive number ofidates and multi-pass strategy for

support counting are the basic disadvantages of the apdasgd algorithms.

2.2.2 Vertical Projection Based Algorithms

Vertical projection algorithms do mining on vertical prdiin of a database instead of the
horizontal representation. Horizontal representatidhesform of the database introduced in
the definition of sequential pattern mining, given in Sattol. Vertical projection keeps list
of all positions of each alphabet item in the database. Atiposin the database is encoded

as tuples of (Sequence Id, Transaction Id). For each occareinan item in the database, the
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Table 2.4: Sample Database In Horizontal Representation

Id Sequence

1 (ab)(c)
2 (a)b)
3 (abc)

sequence and transaction id it is located is added to itsigodist. The vertical projection of

the sample database in Table 2.4 is given in Table 2.5.

Table 2.5: Vertical Representation of The Database in Pable

Item Positions
a (1,1,(2,2),(3,1)
b (1,,2,2),(3,1)
c (1,2),(3,2)

Vertical representation was first introduced to sequeptttern mining problem with SPADE
[17]. SPADE, like apriori based algorithms, follow thenerate-candidate-testrategy. The
feature of the algorithms in this category which improvegethm'’s running time fficiency

is that support counting can be done more easily by opesatinmposition id lists compared to
multiple database scans of the apriori based algorithmgp@&tiof a pattern is the size of its
position list. Position lists of larger sequences can bainbtl by set operations like intersec-
tion on position lists. Vertical projection based algamith require an initial database scan to
convert horizontal representation to vertical repregemta After the vertical representation

is obtained horizontal representation is no more needed.

Following SPADE, the algorithm SPAM [22] was proposed. SRAdpresents position lists
of SPADE as bitmaps and do support counting by bitwise ojpgrabn these bitmaps. HVSM
(First-Horizontal-Last-Vertical Sequence Mining) [244,similar to SPAM but applies a hy-
brid traversal strategy of DFS and BFS on the sequence sspade and performs support
counting with additional heuristics. Finally, the latestrtical projection based algorithm
PRISM (Prime Encoding Based Sequence Mining) [27] intredug new novel vertical pro-
jection method called primal block encoding. Primal blockeding depends on prime fac-
torization theory and can encode the positions of items attdms in the database in a very

compact structure.

12



2.2.3 Pattern Growth Algorithms

Freespan [21] is the first algorithm proposed in this catggBei, after Freespan, came up
with another pattern growth algorithm PrefixSpan [14] whiglone of the most commonly
used algorithms in sequential pattern mining. Pattern tir@igorithms, follow divide and
conquer paradigm [30]. Sequence database is recursiveiyedi by means of projected
databases and mining process can be done on each projetébastnindependently. In-
stead of generate candidate and test approach of earlgithigs, pattern growth is adopted:

patterns are grown one by one with frequent items in the prejedatabase.

Pattern growth algorithms may growfBues or prefixes. We will describe prefix growing
approach here for simplicity but fix growing can be traced similarly. To introduce the
concept of projected databases, it is necessary to defirterthesuf fixand prefix. Prior

to definitions, note that PrefixSpan assumes that the item$ransaction is in alphabetically

ascending order.

A sequencep = e1e..ey, is aprefix of another sequence= tity..t, if and only if m <= n,

g = tj whilei <= m-1, ey, C t, and all the items imy \ t, are alphabatically greater than the
largest item iney, [30]. Suffix of y with respect tqpis s = (tm \ €n)tme1...th [30]. For instance,
(@)(bo) is a prefix of @)(bcd)(e)(fg), whereas&)(bd) is not. Suifix of (a)(bcd)(e)(fg) with
respect to&)(bc) is (d)(e)(fg). Finally, projected database for pretix which is denoted as
a-projected database is the siffixes of sequences in the sequence database wrt to the prefix

.

Pattern growth algorithms base whole mining process on #marha 2.2.1 from [30]. This

helps shrinking the size of the database as the frequertrpsiget longer.

Lemma 2.2.1 Support of sa.8 is equal to support g8 in a-projected database.

In order to describe the spirit of pattern growth algorithmespresent the PrefixSpan trace for
the sample database given in Table 2.6 in Figure 2.2. The isaabtained when PrefixSpan is
called withminS uppor0.5. Figure 2.2 should be read from left to right as a tree ojeated

databases. Each rectangle node, which is a projected datdbassociated with a frequent

pattern given in the first row. Leftmost database is the palgdatabase whose pattern is
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Table 2.6: Sample Database For PrefixSpan Trace

a

Sequence
(a)(b)(d)(a)
(a)(d)
(a)(bd)
(bd)(a)
(bd)(a)(d)
(d)(bd)(d)(d)

OO WNPE

emptye. Each edge from parent to child represents a pattern growdraaecursive call to
PrefixSpan. On each PrefixSpan call on a projected databeseffall, the frequent items
are found with an initial database scan. In the second ds¢adizan, projected databases for
all frequent items are constructed. Finally, recursivdscate done to PrefixSpan with the
newly constructed projected databases. It is obvious s of the child database is one
item grown version of the pattern of the parent datab&dabeled edges represent sequence
extensions in which the new item is appended as a new tramsagthereas inl labeled
edges,in itemset extensions, item is appended to the Estaction of the pattern of the
parent database. Base case for recursion is when there &enent items in the projected
database like in the rightmost projected databases. Therglestructure of prefix-growing

algorithms is given in Algorithm 2.

Algorithm 2 Prefix Growth Algorithm
function PrerixGrowTHALGORITHM(SEQUENCE databade; pattern :p)

ScanD once to find frequent items
for each frequent iterm do
CreateDpx: p.x-projected database
end for
for each frequent iterm do
PREFIXGROWTHALGORITHM(D p x, P. X)
end for

end function

Pattern growth algorithms propose an alternative approfichndidate-generate-and-test ap-
proach. The general structure presented in Algorithm 2 beaapplied with dierent repre-

sentations of the database. PrefixSpan and Freespanfalgeare based on horizontal repre-
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(a) Proj.Db.
(b)(d)(2)
(d)

(a)(d) Proj.Db.

=) s @
(d)
@ (b)(a) Proj.Db.
(C;r)i(gt:;](zl)([:)) (b) Prol.Db. =
@@ S
(@) ; o
(a)(bd)
(d)(@)
e @@
(bd)(a)(d) DO / (bd) Proj.Db.
d(bd)(d)(d) @
N (a)(d)
(@)(d)
(d) Proj.Db.

(a)

(@)

(a)(d)
(bd)(d)(d)

Figure 2.2: Projected Databases of PrefixSpamS upport= 0.5

(d)(a) Proj.Db.
S (d)

sentation. WAP-Tree based algorithms, are examples ampagrowth algorithms which use
a different data structure: WAP-Tree. Realization of pattermvfit@pproach is dependent on

two basic points:

e Database Representation

¢ Projected Database Representation

Changing these two variables, pattern growth can be rebigyezarious ways. Pattern growth
approach can avoid the large number of candidates and Ssaarks on the sequence database
owing to projected databases. However, an increase in thbewuof projected databases
will degrade the algorithm'’s performance. When accomphnigh eficient data structures,

pattern growth algorithms seem to provide promising pengoice.
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2.2.4 Early Prunning

Algorithms in early prunning category, namely DISC-AIl, PAN-SPAM, LAPIN-LCI and
LAPIN-SUFFIX, employ outstanding early prunning mechamss DISC-AIl algorithm was
introduced together with DISC ( Dlrect Sequence Compaigibeg. DISC approach, does
early prunning considering the sequences of same lengdaith®f considering subsequences

of the sequence as in apriori principle.

Algorithms in the LAPIN family, are based on early prunning IbAst Position Induction.
Last position induction is used to eliminate candidate #amhose last positions are located
before the pattern when growing patterns. LAPIN-SPAM iggnation of LAPIN to SPAM
algorithm. LAPIN-LCI and LAPIN-SUFFIX are both applicatie of the early prunning by
last position induction to pattern growth paradigm btiedionly in implementation of support

counting.

2.2.5 Comparison and Discussion

Although there is an abundant number of algorithms, themigprevious study that com-
prehensively compare the performance of all for generaliesatipl pattern mining. When
we combine results from the independent studies listedahélds possible to conclude that
PrefixSpan, PRISM and LAPIN-LCI are the most successfuestathe art algorithms for

multi-item sequential pattern mining:

o Pattern growth algorithms and vertical projection aldoris are reported in [17], [28] to
outperform generate-candidate-and-test strategy baséutidased algorithms Aprio-

riAll and GSP.
e PrefixSpan is the best pattern growth algorithm [28] for s@djal pattern mining.
e PRISMis reported to be better than PrefixSpan, SPADE and SRXMn many cases.

e LAPIN-LCI outperforms PrefixSpan in dense databases [26katution time.

Besides these comparisons on performances of multi-itequesgial pattern mining algo-

rithms, [13] reports that WAP-Tree based single-item safjaepattern mining algorithm
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PLWAP outperforms PrefixSpan and SPAM on single-item secpidatabases. Motivated by
this result, we focused on WAP-Tree data structure and figaged application of WAP-Tree
mining to multi-item sequential pattern mining. The nexbsection introduces WAP-Tree

data structure and presents a survey of previous WAP-Tssdsgorithms.

2.3 WAP-Tree Based Single-ltem Sequential Pattern Mining

As previously discussed, single-item sequential pattamng is a subcase of the sequential
pattern mining problem. The algorithms for general seqakpattern mining in Table 2.2

can mine single-item sequence databases as well. Besiges difigorithms, there is a also
a set of algorithms in the literature that is specific to sngem case and has a remarkable
performance. These algorithms follow the pattern growttagigm and use a data structure

called WAP-Tree to represent the database.

The idea of representing the sequence database with arwetist was first introduced with
the WAP-Mine algorithm [14]. The data structure used in thligorithm is called WAP-
Tree (Web Access Pattern Tree) since the algorithm is peabfis web usage mining which
is a single-item sequence mining problem. Following WAR#&Ialgorithm, several other
algorithms have been proposed to dagent mining on the WAP-Tree. The list of these

algorithms is given in Table 2.7.

Table 2.7: WAP-Tree Based Algorithms

Date Algorithm
2000 WAP-Mine [14]
2003 PLWAP [20]
2004 CsS-Mine [31]
2006 FLWAP [32]
2008 FOF [15]

2010 BLWAP [33]

All of the WAP-Tree based algorithms follow the high levehdmap given in Algorithm
3. Step 1 is identical for all of the algorithms. First of dlequent items are found by a
single scan of the database. Secondly, WAP-Tree is built aribther scan of the database.
Although WAP-Tree is the main data structure, some algmsitthave dierent additional

structures to support mining phase. For instance, PLWAR atimkage structure to keep all
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occurences of an item and bases mining process on top ofrtkégk structure. In addition,
some algorithms keep additional attributes in WAP-TreeasodConsequently, Step 2 is also
common in WAP-Tree based algorithms if we neglect constrnadf additional structures.
Finally, in the mining phase, the database is never scangaitt gince all the information
in the database is encoded in WAP-Tree. Mining strategieStep 3 vary greatly among

algorithms which will be discussed in detail in the next fdbi®ns.

Algorithm 3 WAP-Tree Based Algorithm Roadmap
(1) Scan the database to find the frequent items.

(2) Build WAP-Tree.

(3) Mine WAP-Tree to find frequent sequences.

In the next subsection, definition of WAP-Tree data striecaurd WAP construction process is
presented. Succeedinglyfi@irent mining algorithms on WAP-Tree are introduced, comgar

and discussed.

2.3.1 WAP-Tree

The WAP-Tree is a tree data structure that is designed t@sept a single-item sequence
database. Each sequence in the database is present on tieepaths from root to a leaf
of the WAP-Tree. Sequences are inserted to tree without dhefrequent items, therefore

WAP-Tree contains only frequent items in its nodes.

Each node of the WAP-Tree comprises two fields: Item and CoOaount field of a node
stores the count of the sequences starting with the prefairaat by following the path from

root ton. Count of a node is never less than count of any of its descésida

To clarify with an example, The WAP-Tree for the sample dasgbin Table 2.8 under mini-
mum support 0.5 is given in Figure 2.3, b, c, e are frequent items in the database whereas
d and f are not wheminS upportis 0.5. Therefore, WAP-Tree does not contain any nodes
of itemsd and f. The count field of the root nodR keeps the number of sequences in the
database. The two children Bf (a: 4) and p : 1) indicate that there are 4 sequences starting
with a and a single sequence starting withvhich is consistent with the database given in
Table 2.8. It can be observed that no node has count lesstthdascendants. Finally, the

information kept in the shaded node is interpreted as "These3 sequences in the database

18



having @)(a) as a prefix subsequence”.

Table 2.8: Sample Sequence Database

Seguenceld Seguence

1 daadb
2 adabcd
3 aebc
4 bfecaf
5 aabd

Figure 2.3: WAP-Tree For The Sequence Database in Table 2.8

WAP-Tree is a very compact data structure since prefixeedHar sequences are expressed
as a single branch. For example, count of the sequencemgtaith (a) can be computed
by reading the count field in the child node of the root haviegnia. Even if there exists a
million of sequences in the database starting with prelixtbiey are represented with a single

node in WAP-Tree.

Figure 2.4 depicts WAP-Tree construction process for thaldee in Table 2.8. Building
WAP-Tree starts with creating the root of the tr&,Afterwards, sequences in the database
are inserted to the tree one by one. In Figure 2.4, state of \M&B after insertion of each
sequence in the database is given. When inserting a newrsegsidaf the tree has already
a branch which is a prefix of thg the counts of the nodes of this prefix is incremented and
part of the sequence following this common prefix are insebi new nodes. If there is no
prefix in tree common to the sequence to insert, it is addedhasvébranch starting from the

root node. The algorithm for WAP-Tree construction is pnésé in Algorithm 4.
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(@ (b) aab(c) aabc (d) aebcinserted (e) becainserted
inserted inserted

(f) aabeinserted

Figure 2.4: WAP-Tree Construction Process
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Algorithm 4 Build Base WAP-Tree
nodetreeRoot— new node

treeRoorchildren « {}
for each s=i;...ix in sequence databade
nodecurrentRoot« treeRoot
fori=1—- kdo
if 3 exChildchild of currentRootwith eventiy then
exChildcount« exChildcount+ 1
currentRoot— exChild
else
nodenewChild« new node
newChildcount« 1
newChildevent« iy
newChildchildren « {}
ConnecthewChildas rightmost child teurrentRoot
currentRoot— newChild
end if
end for

end for

2.3.2 Dfferent Mining Strategies On WAP-Tree

WAP-Tree based algorithms follow pattern-growth approaék defined in pattern growth
algorithms section, pattern growth algorithmseli in how they represent the database, how
they compute support, how projected databases are caestrand kept. Database is rep-
resented as a WAP-Tree in all WAP-Tree based algorithmsHhayt diter in how projected

databases are constructed and stored.

In accordance with the timeline presented in Table 2.7, WAiRe is the first WAP-Tree
based algorithm. WAP-Mine doesfiiM growing recursively. WAP-Mine algorithm repre-
sents projected databases as WAP-Trees. In other wordagchatpattern growing step, an
intermediate treds constructed for the next level of recursion. Construgiimermediate

trees increases both memory usage and execution time ofgbetlam. Second algorithm
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(a) Projected Database for prefix (b) Projected Database for prefie

(c) Projected Database for prefix (d) Projected Database for prefib

Figure 2.5: Projected Databases for Prefix Growing On WAERTr

PLWAP [20], which is reported to outperform WAP-Mine in [2@oes prefix growth on the
contrary to WAP-Mine and represents projected databaskst a WAP-Tree nodes. To il-
lustrate, the projected database for prefi% from the WAP-Tree in Figure 2.5 is the set of
subtrees whose roots are the shaded nodes. The shaded reoelesumh to express projected
database, portion of the database below these nodes. Howsden siffix growth is done,
projected database for ffix b corresponds to portion of the WAP-Tree above the shaded
nodes and this portion of the WAP-Tree cannot be represevitcany simpler notation than

a WAP-Tree itself. Consequently, intermediate trees ceb@@voided if stiixes are grown.
All of the tree based algorithms proposed after PLWAP, ngri@WAP [32], FOF [15] and
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BLWAP [33], do prefix growing. In case of prefix growing, projed databases can be rep-
resented by a list of WAP-Tree nodes as mentioned. Petetsaln same these projected
databases as First Occurence Forest (FOF) [34] since prdjdatabases are indeed the for-
est of subtrees rooted by a list of first level occurence notie originating database. Figure
2.5 illustrates the first occurence nodes of each patterrdedlavhich express the projected
database can be called thmots of the projected database. At each pattern growing step, a
recursive prefix growing algorithm finds the set of first lemetles of the item in the current
projected database. When the first level occurence nodéscated, support can be counted
easily by summing up count values of these nodes. If suppatiéve minSupport, the nodes

are passed to next level of recursion as the projected degaba

PLWAP, BLWAP and FLWAP usdinks to locate first occurences of items in a forest of sub-
trees easily. These algorithms, in addition to WAP-Treepkalinkagestructure which keeps
all occurences of an item in the tree connected and a hedderdfnode pointers to first
occurences of frequent items. By this way, algorithms cacheall occurences of an item
following the links starting from the link of item in headealie. The order in which oc-
curences are connected igfdrent in all algorithms. WAP-Mine links nodes of an item in
the order they are inserted. PLWAP links occurrences inopder by a pre-order traversal
of the tree after construction phase. FLWAP, links only fiestl occurences of an item and
finally BLWAP links occurences in breadth first manner. Fear6 illustrates links created

by WAP-Mine and PLWAP algorithms.

After links are constructed, at each pattern growing stepeéch node pointed by a link,
algorithms determine if this node is a descendant of onesoétinrentroots. While checking,
algorithms need to ensure that only first level occurences@dded to new projected database

and contribute support of new pattern.

Checking ascendant descendant relationships in the WaPi3also a diicult task. PLWAP

and BLWAP useposition codesEach node has a position code and relationship between two
nodes can be deduced by only comparing position codes. PLMg&R a position coding
system similar to Hffiman coding whereas BLWAP uses a breadth level coding designe
maximum 100 children. To sum up, PLWAP algorithm uses links position codes together

in order to find first level occurence nodes of an item. Stgrtiith the start link from the

header table, links are followed. If the node pointed by k ifna descendant of one of the
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(b) Linkage Structure of PLWAP

Figure 2.6: Linkage Structures on WAP-Tree

roots and is not a descendant of another occurence of theisamet contributes to support

of the grown pattern and becomes a root of the projected dsgaflor grown pattern.

Features of existing WAP-Tree based algorithms can be eeaminder three headings: Suf-
fix Growing or Prefix Growing, Projected Database RepresientaFinding First Occurence
Nodes. There are two approaches to projected databassertaon: as a node list or as an
intermediate tree. Finding First Occurence strategy iethas whether links aridr position

codes are used. Table 2.9 presents a summary of the feafé#dPeTree based algorithms:

All of these sequential pattern mining algorithms are fiowlly equivalent, i.e., they pro-
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Table 2.9: Features of WAP-Tree Based Algorithms

Feature WAP-Mine PLWAP FLWAP FOF BLWAP
Intermediate Tree Construction v v

Position Codes v v
Linkage/ Header Table v v v v
Sufix Growing v

Prefix Growing v v v

duce the same output for the same input, and hence they aggacedin terms of memory

usage and execution time. Experimental results from treiegtun the literature report that:

¢ PLWAP outperforms WAP-Mine [20].
o FLWAP outperforms PLWAP [32].

e FOF outperforms both PLWAP and FLWAP [15] in terms of both nogynusage and

execution time.

PLWAP, uses more memory due to position codes and links ierdodspeed up finding first

level occurence nodes. However, both number of links irsreand position codes grow
as WAP-Tree grows. This growth slows finding first occurergiase it increases number of
ancestor tests between roots of projected databases kadTine algorithm FOF does not use
any additional data structure. FOF, finds the first occureinéétems by traversing the base
WAP-Tree. It has been reported to both outperform PLWAP diWAP in [15]. However, it

is crucial to note that experiments are done on a very lintgd set and more experiments

need to be carried out for fair evaluation.

To conclude, WAP-Tree is a compact representation and i@sted significant attention
since it was introduced. Among WAP-Tree Based algorithn@; IS reported to be the fastest
one and have the least memory usage [15]. This can be agtiboisimple intuitive approach
of FOF; it does not use any linkage structures and finds fitrences of items by simply
searching the tree. Although links and position codes seehe tadvantageous for locating
occurences of items during mining, checking ascendarteshekant relations between nodes

brings an extra cost to algorithms.

In the following chapters, two new algorithms, one for siligen sequential pattern mining

and the other for general, i.e., multi-item, sequentialgratmining, which are inspired from
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FOF, are presented.
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CHAPTER 3

PROPOSED ALGORITHM FOR SINGLE-ITEM
SEQUENTIAL PATTERN MINING: FOF-PT

FOF-PT is a single-item sequential pattern mining algorittased on WAP-Tree. FOF-PT
algorithm follows pattern growth paradigm. As the basitedence from all the other WAP-

Tree based algorithms, introduces conceppattern treeto prune search space.

FOF-PT algorithm follows the general roadmap of WAP-Tresgokalgorithms given in Algo-

rithm 3. First of all, FOF-PT scans the database once to faftéguent items and secondly it
constructs WAP-Tree with another scan of the database.nigistrategy of FOF-PT in Step 3
is different from all other WAP-Tree based algorithms. Algorithinefow summarizes these

three steps of FOF-PT algorithm.

Algorithm 5 FOF-PT Algorithm
(1)Scan the database to find the frequent items.

(2)Build WAP-Tree by Algorithm 4 in Section 2.3.
(3)Mine WAP-Tree with FOF-PT-Mine presented in Algorithm 6

FOF-PT is most similar to FOF among WAP-Tree based algostimterms of data structure
and mining strategy. We designed the algorithm FOF-PT ieddy the simple and intuitive
approach of the FOF algorithm. FOF-PT and FOF algorithmk:bot

e grow prefixes.
e represent projected databases in form of First OccurenastHdOF).

¢ use only the base WAP-Tree without any additional data stradike linkage structures

or position codes.
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o find First Occurence Forests (FOFs) by a depth first searchAdp-Wee.

FOF-PT Mine algorithm, dferently from FOF,

e UsesPattern Treeheuristic in mining.

e Has a hybrid search space traversal strategy whereas F@iFpgia depth first traver-

sal on sequence search space.

¢ Finds FOFs of the items by an iterative implementation otthldjpst search on WAP-

Tree.

FOF-PT, bypattern treeand hybrid search space traversal strategy, introducesvaasgy
prunning strategy to prefix growing. In what follows, pattdree is defined first and then

integration of pattern tree with hybrid traversal strategglescribed in detail.

3.1 Pattern Tree

Pattern Tree is a tree that is used to represent completd fegaent patterns in a single-
item sequence database. Each node of a pattern tree kegpsnoitém label. Root of the
pattern tree is a special node without any item label. Eade d the pattern tree represents

a pattern. The pattern of a notieis the sequence obtained by appending the items of nodes
from the root toN with this order. Conversely, node of a patteriis the node of the pattern
tree whose pattern ig. Each node is associated with a single pattern and numbextteirps

encoded in pattern tree is equal to the number of nodes.

A sample pattern tree which encodes the set of patterns giveable 3.1 is given in Figure
3.1. Pattern of the shaded node in pattern tree in Figuresali and node of the patterab
in this pattern tree is the shaded node . The pattern tree hadeés except root equal to the

number of patterns in the set.

Table 3.1: Sample Frequent Pattern Set

{a, ab, abe ae b, be €}
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Figure 3.1: Frequent Pattern Tree for The Frequent PaterinJable 3.1

The property of the pattern tree given in Lemma 3.1.1 3ftging Principle constitutes basis
for FOF-PT mining algorithm. This property is another iration of the apriori principle
stated as "If all subsequences of a sequence are not fredjuesequence cannot be frequent.”
Apriori principle can be expressed by the pattern tree aa fibdeN labeledx whose pattern

is p does not have a sibling node labeledhen grown patteris = p.y cannot be frequent.”.

Lemma 3.1.1 Set of children nodes of a node N is always a subset of the sgtased of

sibling nodes of N and itself.

While growing patterns, previous algorithms PLWAP and F@Eak for each alphabet item
if appending the item to pattern yields a frequent patterowéler, FOF-PT, checks for only

extensions of the pattern with sibling items of this patternode in the pattern tree.

It can be observed in sample pattern tree in Figure 3.1 tbat ik no node whose parent does
not have a sibling labeled with the same item. To illustratsider siblings of the shaded
node. Since this shaded does not have a sibling node lahgtethn be deduced without any
support counting operation from the pattern tree #is obtained by appendingto pattern

of the shaded nodab, is not frequent.abacannot be frequent since it's subsequeaads

not frequent.

Sibling Principle on pattern tree provides a great advantag prunning set of possible ex-
tending items when growing a pattern. To benefit from thipprty, pattern tree should be
constructed in such a way that siblings of a pattern node andded prior to growing pat-

tern. To illustrate, construction steps for pattern tre€igure 3.1 need to be as depicted in

Figure 3.2. How pattern tree is constructed, i.e. in whaeosgquences are consumed and
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(a) a,b,efound (b) ab, aefound (c) abefound (d) befound

Figure 3.2: Pattern Tree Construction Process

frequent patterns are produced, indeed reflects the segaack traversal strategy. Therefore,

it is crucial that pattern tree follows the constructiorpstélustrated in the figure.

3.2 Search Space Traversal Strategy

All sequential pattern mining algorithms traverse the cleapace of possible single-item
sequences that can be generated from a given alphabet. &paassible sequences can be
represented by a lexicographic tree. Figure 3.3 illussratarch space of sequences that can
be built from the alphabdh,b,8. The extent of the subspace spanned while mining the set of
frequent patterns ffiers among algorithms. This depends on the traversal syrédigwed

on the lexicographic tree. FOF-PT algorithm adopts a hy$triategy of DFS and BFS.

FOF and FOF-PT, being pattern growth algorithms, carry wotliasic operations for each

sequence they visit in lexicographic tree:

1. Compute support of a sequence and create projected datfvahe sequence

2. If sequence is frequent, make recursive call with prejgctatabase and sequence

FOF-algorithm performs this couple of operations sucedgifor each sequence. Compar-
atively, FOF-PT makes recursive call after it completesfitst operation for all the sibling
sequences. By this way, information of frequent siblinge®df the pattern are made avail-

able prior to recursive call and can be exploited to prunecbespace in accordance with

30



ba bb be

bba bbb bbe
N N N

Figure 3.3: Lexicographic Sequence Tree For Single-ltequ&ece Search Space

aforementioned property of pattern tree. In other word$preemaking the recursive call,
the siblings of pattern’s node in pattern tree are known andhe passed to next level of

recursion.

FOF-PT, when making recursive calls, passes three paresngtmjected database, associ-
ated pattern and sibling item list. Previous pattern groagjorithms forward only first two
parameters to next levels of recursion in mining. When dallith these three parameters,
first step of FOF-PT is to choose items from sibling list whyogld a frequent pattern when
appended to input pattern. In other words, frequent itentisarprojected database are found
by searching each one separately. After determining fretgtesms in the projected database,
FOF-PT mining step makes recursive call for each frequent ivith grown pattern, associ-

ated projected database and new sibling list.

Complete FOF-PT algorithm is traced in Algorithm 6 and Fi@procedure in Algorithm
7. Lines [10-21] of the Algorithm 6 corresponds to choositagns from sibling list which
yield a frequent pattern. For each sibling itermdFirstOccurence$unction in Algorithm 7
is called. FindFirstOccurencesealizes the iterative implementation of depth first seanch
WAP-Tree for finding FOFs and support counting. During ddpst search on WAP-Tree,
whenever an occurence of an item is found, both support arkldf@e candidate pattern is
updated by lines 7,8 of Algorithm 7. The sibling items whogpsort is above threshold are

appended to the pattern and a recursive call to FOF-PT-Mimade with the new pattern, its
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FOF and pattern tree siblings as in line 24.

€

// \

a bv ev
aa ab/ ae/’ ba bb bes ea eb ee
AT
abb abe/ aeb aee bee
abee

Figure 3.4: Subspace Traversed by FOF-PT to find patternvest on Table 3.1
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Figure 3.5: Subspace Traversed by FOF To find pattern set givEable 3.1

Using the sibling list parameter obtained by hybrid trambstrategy, FOF-PT reduces the
extent of the lexicograhic subtree it scans. To illustrasume the set of frequent patterns in
a sequence databaSaunder aminS upportvalue is the set given in Table 3.1. The subspace
of lexicographic search tree traversed during the minieg stff FOF-PT is in Figure 3.4.
Comparatively, Figure 3.5 shows the subspace scanned byakOHthm to mine the same
data set. In both figures, a checkmark sign accompanies ¢uesees found to be frequent.
To find frequent patterns set of size 7, FOF algorithm coumppsrt of 24 sequences. FOF-
PT search subspace excludes 6 of the sequences and incladgushces in search subspace

owing to pattern tree heuristic.
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Table 3.2: Order of Operations

FOF FOF-PT
S FindFOFE) | FOF-PT-Mine§) | FindFOFE) | FOF-PT-Mineg)
a 1 2 1 4
aa 3 - 5 -
ab 4 5 6 8
aba 6 - * -
abb 7 - 9 -
abe 8 9 10 11
abea 10 - * -
abeb 11 - * -
abee 12 - 12 -
ae 13 14 7 13
aea 15 - * -
aeb 16 - 14 -
aee 17 - 15 -
b 18 19 2 16
ba 20 - 17 -
bb 21 - 18 -
be 22 23 19 20
bea 24 - * -
beb 25 - * -
bee 26 - 21 -
e 27 28 3 22
ea 29 - 23 -
eb 30 - 24 -
ee 31 - 25 -

Table 3.2 lists the order of the operations 1 and 2 for eachesa visited while mining
pattern set in Table 3.1. Each BindFOF (FindFirstOccurencesandFOF — PT — Mine
calls are regarded as independent tasks and the order efdpesations are given for FOF
and FOF-PT. "-" and "*” signs indicate that the operation &var conducted. "*” sign em-
phasizes the sequences for whieimdFOF is not performed by FOF-PT yet performed by
FOF. Recursive calls to FOF-PT-Mine and FOF-Mine are maderity frequent sequences

therefore the relevant column has "-" in all non-frequergusnce rows.

It is crucial to note that there are thredfdrent tree structures mentioned in this chapter. First
one is lexicographic tree for single-item sequences. logx@phic tree is just a visualisation
for the search space of sequences to be scanned. Second]M#iz-the representation of
the database and all the data processed resides in WAPFinadly, a pattern tree, is used to

express the early prunning idea and is never constructadllit. The pattern tree heuristic is
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realized by sibling lists passed as parameters to recucail@

To sum up, FOF-PT follows a hybrid traversal strategy ondeapace. FOF-PT like FOF,
make recursive calls on projected databases in a depth frst@n. However, prior to making
recursive calls, computes support of all sibling sequemddsh mixes depth first behaviour
with breadth first behaviour. FOF-PT search space travetssbgy cannot be considered as
pure breadth first since sequences are not consumed level/dlyih the lexicograhic tree.
This hybrid approach combined with Sibling Principle ontgat tree enables FOF-PT to do

early prunning.
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Algorithm 6 FOF-PT

FOF:list < WAPTree node- (represents projected database)

1. procedure MaIN(S, minS uppork

2:

3:

4.

o

~

9:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24

25:

26:

27:

Scan databas®e and find frequent items.
Build WAP-Tree.
initialFof « {Root, startPattern«< e

FOF-PT-Mng(startPattern, initialFOF, frequentltemList)

end procedure

. function FOF-PT-Mn~e(currentPattern, currentFOF, siblingList)

newFof Map— new hashmagint,FOF>()
newsS iblingList— {}
for eachain siblingListdo
newFof« newFOF(), int count— 0
for eachr in currentFOFdo
FinoFOF(a,r)
end for
if count>= absMinSupporthen
newFofMapa] « newFof
newsS iblingListadd@)
else
freenewFof
end if
end for
for eachnin newS iblingListdo
newPattern— currentPattern.append(n)
FOF-PT-Mne(newPattern, newFofMap[nhewsS iblingList
freenewFof
end for

freenewFofMap

28: end function
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Algorithm 7 FindFirstOccurences

1: function FinoFirsTOccurences(itemToFind, startNode)
2: stack«— empty
3 currentNode— startNode.lSon

4 while —stack.isEmpty() currentNode +# NULL do

5: if currentNode + NULL then

6: if currentNode.item== itemToFindthen > Found the item, go right
7: newFof« newFofu {currentNodé

8: count« count+ currentNode.occur;

9 currentNode— currentNode.rSibling;

10: else > Cannot find the item yet, go deeper
11: stack.push(currentNode)

12; currentNode— currentNode.|Son;

13: end if

14 else
15: stack.pop()
16: currentNode— currentNode.rSibling; > Backtrack
17: end if

18: end while

19: end function
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CHAPTER 4

MULTI-WAP-TREE and MULTI-FOF-PT

Inspired by the success of WAP-Tree based algorithms idesitgm sequential pattern min-
ing, we designed a new data structure MULTI-WAP-Tree, witigh store generahulti-item
sequence databases and a new sequential pattern minimghealgdMULTI-FOF-PT, which
processes data on the MULTI-WAP-Tree data structure. gndhapter, we introduce MULTI-
WAP-Tree and MULTI-FOF-PT, respectively.

4.1 MULTI-WAP-Tree

MULTI-WAP-Tree is an extended version of WAP-Tree, whiclm capresent both single and
multi-item sequence databases. MULTI-WAP-Tree is idehtic WAP-Tree in that:

e Sequences are inserted to tree without the non-frequens iad the tree contains only

frequent items in its nodes.

e Each sequence in the database is encoded on a path from eonbtte of the tree.

However, MULTI-WAP-Tree diters from WAP-Tree in two points:

e MULTI-WAP-Tree has two types of edges between nod&- Edgeand| — Edge

whereas WAP-Tree has a single edge type.

¢ MULTI-WAP-Tree nodes keep a pointer to their parent nodeaddition to the fields
of WAP-Tree.
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Table 4.1: Sample Multi-ltem Sequence Database

Id Sequence

1 (ab)(c)
2 (a)b)
3 (abc)

Figure 4.1: MULTI-WAP-Tree For The Sequence Database givdable 4.1

MULTI-WAP-Tree is able to represent a multi-item sequenetaldase with two dierent
edge types between nodes. Multi-item sequences, as givéreigeneral definition of a
sequence, are composed of a series of item sets. WAP-Tretable to represent multi-item
databases since it cannot express boundaries betweeretten®-Edges of MULTI-WAP-
Tree can encode item set boundaries. An S-Edge from a nodéddradicates the separator
between two item sets: item set ending with parent and itdrataging with child. On the
contrary, nodes connected with I-Edges are always in the sim set. Nodes between two

successive S-Edges in the same sub-tree corresponds &oreseit.

To illustrate, MULTI-WAP-Tree for the sample database ibl€ad.1 under the support thresh-
old 0.5 is given in Figure 4.1. Edges marked with S letter afed§es, whereas plain edges
are I-Edges. The tree contains all the items in databasaladptsince all of the items are

frequent.

In both WAP-Tree and MULTI-WAP-Tree, count fietdof a noden, stores the count of the
sequences starting with the prefix obtained by appendingehes on the path from the root
to noden successively. DOferently from conventional WAP-Tree, in a MULTI-WAP-Tree,
when an S-edge is encountered on this path, an itemset gapermserted to prefix prior to

appending the child node of the edge. For example, therenaredges outgoing from the
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gray coloured node in the MULTI-WAP-Tree in Figure 4.1. Thefix represented by this
node is &). The child of this node connected with an S-Edge, represtg prefix §)(b)
obtained by appendinigas a new itemset t@). On the other hand, the other child connected
with I-Edge to the same node, represents the prefiox ¢btained by addind to the last

itemset of &).

Second extension to WAP-Tree, "pointer to parent node” inLMIWARP-Tree nodes, en-
able tracking item sets upwards in tree in the mining phadds additional field does not
contribute to database representation but it is an impodamstruct for mining on MULTI-

WAP-Tree.

4.2 MULTI-FOF-PT

MULTI-FOF-PT algorithm is a multi-item sequential pattamining algorithm based on the
sequence database representation MULTI-WAP-Tree. MUIROF-PT can be considered as
a modified version of FOF-PT to perform multi-item sequdm&tern mining. MULTI-FOF-
PT algorithm has three basic steps, as in WAP-Tree basedthlge:

1. Scan database to find frequent items.

2. Construct MULTI-WAP-Tree representation of the databas

3. Mine frequent patterns from MULTI-WAP-Tree.

Complete algorithm is presented in Algorithm 9 accompamigld Find First Occurences Forest

sub-algorithm in Algorithm 10. In the following subsectmrmetails of Step 2 and Step 3 will
be described in detail emphasizingfdiences of MULTI-FOF-PT from FOF-PT.

4.2.1 Building MULTI-WAP-Tree

Construction of MULTI-WAP-Tree is similar to that of WAP-@e. As in WAP-Tree construc-
tion, each sequence is inserted to tree starting from thg updating counts of shared prefix
nodes and inserting new nodes for the unsharéiksuart. In addition to these, MULTI-WAP

Tree construction algorithm, checks for extension typesstucts appropriate edges and
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place pointers to parent nodes in each node. When findingahaefix nodes on MULTI-
WAP-Tree, checking only equality of items is not enough,ides checking the equality of

edge types is required.

Before moving to MULTI-WAP-Tree construction algorithnt,i$ crucial to state how we
realized the S-Edges and I-Edges. We realized these twotgdege of MULTI-WAP-Tree
by defining an additional fieldzventLevel to WAP-Tree nodes.EventLevelof a nodeN
expresses the number of item sets existing on the path fremotht toN. An S-Edge is
equivalent to an increment in event level value from paretié child node. The rules below

govern the assignment of event level values to tree nodes:

Event Level of the Root is 0.

All the edges originating from Root node are of type S-Edge.

If a nodeN is inserted as a child of a nodRewith an I-edge, the new child is assigned

the event level value of the parent node.

If a nodeN is connected with an S-edge as a child to a nBdehose event level ik,

the new child is assigned the event lekel 1.

MULTI-WAP-Tree construction algorithm is presented in Atghm 8. Differently from
WAP-Tree construction algorithm, when a new iterm to be inserted to the tree as a child of
a nodeP, firstly event levele of the new node is computed. If nodkehas an existing child
with itemi and event leveg, then the count of this existing child is updated. Howeveene

if the items match but event levelsfidir, a new node is inserted with appropriate edge. Pro-
cedureinsertitemT oTreén Algorithm 8 is the realization of this item insering prase To
illustrate, Figure 4.2 depicts MULTI-WAP-Tree databasestauction algorithm on the mini
database in 4.1. When inserting the second sequence @jftlmugh thea node already has

ab child, since this child is connected with an I-Edge, a fiemode is added with S-Edge.

4.2.2 Mining: MULTI-FOF-PT-Mine

Mining step of MULTI-FOF-PT is referred as MULTI-FOF-PT-N&. MULTI-FOF-PT-Mine

is an adaptation of FOF-PT-Mine introduced in Chapter 3 tdtintem case and to work on
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Algorithm 8 Build MULTI-WAP-Tree

1. procedure BuioMuriWarTree(Sequence Databa& list<int> listO f Frequentltem)s

2:

3:

4.

10:

11:

12:

13:

14:

15:

16

17

18:

19:

20:

21:

22:

23:

24

25:

26:

27:

28:

29:

30:

31:

nodetreeRoot— new node
treeRoorchildren « {} > Create root of the WAP-tree
for eachs=e1&...6 in sequence databade
nodecurrentRoot« treeRoot
fori=1—- kdo
seqExtensior— 1
for j = 1 - nwhereg = {iteny, iteny, ...item,} do
if item; is inlistO f Frequentitemshen
currentRoot— msertlTEMToTREE(CUrrentRootjtem;, seqExtension)
end if
segExtensior— 0
end for
end for

end for

: end procedure

: procedure InsertlTEMTOTREE(CUITENtROOL, itemTolnsert, extSequence)

levelO f Newltem— currentRoot.eventLevel extSequence

if currentRoothas a childexChild such that €¢xChilditem == itemTolnsert) A

(exChildeventLevel= levelO f Newltemthen

exChildcount < exChildcount+ 1 > Update existing node count
currentRoot«— exChild
else
newChild < newnodd) > Insert as a new node
newChilditem « itemT olnsertnewChildcount < 1
newChildeventLevek— levelO f Newltem
newChildparentNode— currentRoot
newChildchildren « {}
ConnectnewChildas rightmost child taurrentRoot
currentRoot— newChild
end if

return currentRoot

32: end procedure
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(b) (©) (d)

@)

Figure 4.2: Building Steps for MULTI-WAP-Tree in Figure 4 lleft to right: MULTI-WAP-
Tree after sequencealy), (a)(b), (ab)(c) are inserted succesively.

MULTI-WAP-Tree. MULTI-FOF-PT exploits théMulti — Item Sibling Principleon Multi —
Item Pattern Tredo prune the search space early and follows the same hylardrsepace
traversal strategy with FOF-PT. Recursive call to MULTIH=OGT-Mine with a pattern is done
after all the sibling patterns are discovered in accordavitie the hybrid traversal strategy.
Although the overall strategy is same, pattern tree is medlih represent multi-item patterns.
Due to changes in database representation and patterrirreie, MULTI-FOF-PT-Mine
differs from FOF-PT in three points:

o Multi-ltem Pattern Tree: Pattern Tree of FOF-PT is modifiedstipport multi-item

pattern representation.

e Multi-Item Sibling Principle: Instead of Sibling Principlin single case, an extended

version is used for search space prunning.

¢ Finding FOFs: SubprocedufeindFirstOccurencesf MULTI-FOF-PT-Mine locate

itemset and sequence extension occurences, I-Occured&-@acurence, separately.

Complete algorithm is presented in Algorithm 9 accompamiétl subprocedure for finding

first occurences in Algorithm 10.

Multi-ltem Pattern Tree  Pattern tree used by MULTI-FOF-PT-Mine is called Multittte
Pattern Tree. Multi-ltem Pattern Tree contains the presliomentioned two edge types: S-

Edge and I-Edge. As in the pattern tree in single-item ceaaseh eode of multi pattern tree
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encodes a pattern and pattern can be decoded by appendirgységuentially on the path
from the root to this node. Mierently, S-Edges specify itemset boundaries and on each S-
Edge on the path from root to the node, an itemset seperagaisrie be inserted to decode
pattern. To illustrate, multi pattern tree for the pattezhia Table 4.2 is given in Figure 4.3.

In this pattern tree, shaded node is node of the pattg(a)(

Table 4.2: Multi-ltem Pattern Set

(@), (b), (c), (d), (8)(a), (2)(b), (ag), (ad), (c)(a), (cd). (&)(c)(a), (a)(cd)}

It's crucial to note that, as in single case, Multi-ltem Bait Tree is used to express the
early prunning idea and is never constructed literally. tMteém Sibling Principle is realized
by sibling lists passed as parameters to recursive callseseipted in lines 27 and 30 of

Algorithm 9 .

Figure 4.3: Multi-ltem Pattern Tree

Multi-ltem Sibling Principle  Due to two edge types introduced to Multi-ltem Pattern Tree,
Sibling Principle changes accordingly. Property of mudtitprn tree that enables search space
prunning, Multi-ltem Sibling Principle, is given in Defifon 4.2.5. Definitions preceeding

this definition introduce terms referred in Definiton 4.2.5.

Definition 4.2.1 S-Sibling Set of a node N in multi-pattern tree is the set of items in sibling

nodes of N connected to its parent with S-Edge.

Definition 4.2.2 |-Sibling Set of a node N in multi-pattern tree is the set of items in sibling

nodes of N connected to its parent with I-Edge.
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Definition 4.2.3 S-Child Set of a node N in multi-pattern tree is the set of items of nodes

connected as a child to N with S-Edge.

Definition 4.2.4 1-Child Set of a node N in multi-pattern tree is the set of items of nodes

connected as a child to N with I-Edge.

Definition 4.2.5 Let "n” be a node with item "i" in Multi-ltem Pattern Tree. Mui-ltem
Sibling Principle is the set of rules below expressing ielahips between descendants and

siblings of a node.

1. If nis connected to its parent with S-Ed@eChild Set of nc S-Sibling Set U {i}.
2. If nis connected to its parent with I-Edd@Child Set of nc S-Sibling Set.

3. If nis connected to its parent with S-Eddg€hild Set of nC {x | x € S-Sibling Set

A X> 1}

4. If nis connected to its parent with I-EdgChild Set of n C {x | x € |-Sibling Set

A X> 1)

This property of the pattern tree expresses the apriorcipli|in terms of siblings and is used
for early prunning by MULTI-FOF-PT-Mine mining algorithmro illustrate, assume (a)(a)
is found to be frequent. (a)(a) is represented by the shaddd im the multi pattern tree
given in Figure 4.3. Considering siblings of the shaded rindaulti pattern tree, following

conclusions can be inferred according to Multi-ltem SiglPrinciple:

Rule 1 of Multi-ltem Sibling Principle implies thatj(a)(c) cannot be frequerttis not

in S-Sibling Set of the shaded node.

e Rule 1 of Multi-ltem Sibling Principle implies thag)(a)(d) cannot be frequert is not
in S-Sibling Set of the shaded node.

¢ Rule 3 implies thatd)(ac) cannot be frequent sinagis not in S-Sibling Set of the

shaded node.

e Rule 3 implies thatg)(ad) cannot be frequent sinagis not in S-Sibling Set of the

shaded node. Similarly, prior to growing pattern (a)(c),
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e Rule 2 of Multi-ltem Sibling Principle implies tha&¢)(c) cannot be frequent sinads

not in S-Sibling Set of the node of the pattern (ac).

e Rule 2 of Multi-Item Sibling Principle implies that¢)(d) cannot be frequent sinae
is not in S-Sibling Set of the node of the pattern (ac).

¢ According to Rule 4 of Multi-ltem Sibling Principle, (ac) m@anly be itemset extended

by d sinced is the only I-Sibling item greater tham

Realization of Multi-Item Sibling Principle is achieved pgssing S-Sibling Set and I-Sibling
Set as parameters to recursM&J LT I-FOF-PT-Minecalls given in lines 27 and 30 of Algo-
rithm 9. While finding the items extending a pattern to a negfirent pattern, only the items
in S-Sibling Set and I-Sibling Set are considered as in Ihiesd 18. Lines [6-13] realize
early prunning by rule 1 and 2 of Multi-ltem Sibling Prinagplwhereas prunning by rules 3

and 4 are realized by lines [14-23].

To sum up, when identifying items that grow a frequent patgeto new frequent patterns, set

of alphabet items can be pruned by Multi-ltem Pattern TrekMulti-ltem Sibling Principle.

S-Occurence vs I-Occurence FOF-PT algorithm finds First Occurence Forest of an item by
depth first search on WAP-Tree. Likewise, MULTI-FOF-PT lmsaFirst Occurence Forest
of an item by a depth first search on MULTI-WAP-Tree. Howewennulti case, there are
two types of seperators in sequences and two types of ed@iglifI-WAP-Tree. Therefore

Find First Occurenceslgorithm of MULTI-FOF diters slightly from that of FOF-PT.

FindFirstOccurenceslgorithm of MULTI-FOF is presented in Algorithm 10. The atghm
performs depth-first search in order to find nodes with an temgetitemin the subtree under
the given nodeoot-Node The algorithm is designed to take the target occurencedf/pe
item as a parameter axtT ype Whenever an occurence of the item is located, the algorithm

decides the type of occurence based on the tree rules below:

1. Anode is a S-Occurence if there exists at least one S-Eudieegpath from theoot-

Nodeto this node.

2. A node is an I-Occurence if there are only I-Edges on thk fratm theroot-Nodeto

this node.
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3. Anodeis an I-Occurence if the last itemset of the growtepaican be found following

the ancestor nodes of the node before an S-Edge is encadintere

Figure 4.4: Find First Occurences lllustration

These three rules are realizedindFirstOccurencealgorithm to distinguish S-Occurences
and I-Occurences as presented in lines [12-15], [8-11] &fe2P] of Algorithm 10 respec-
tively. If the occurence type of a node matches the targeinsion typeextT ypethe node is
added to the FOF of iterprojDbForltemFOF.

It is crucial to note that a node can be both an S-Occurencd-@uturence at the same
time. To illustrate the rules above, consider the MULTI-WARe in Figure 4.4. There
exists threec nodes under the shaded nodes representing pateriRéd bordered node is
an I-Occurence according to Rule 1 since there is only angeHzketween the node and the
shaded node. Green bordered node is an S-Occurrence.yFilaé bordered node is both
an S-Occurence and I-Occurence since it matches both Ruld Rale 3. This implies that
there are two S-Occurencgduenodegreennodgof ¢ and two I-Occurenceflue red} of ¢
under the set of shaded nodes. If 2 is above the absolute suppeshold, 4¢) and @)(c) are

frequent.
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Algorithm 9 MULTI-FOF-PT-Mine Algorithm
1. struct ProjectedDBist<node- FOF, string pattern boollastExtTypé

2: function MULTI-FOF-PT-Mmne(ProjectedDBcurrentDhy seqS iblingsitS iblings

3 newS eqE xtDbMap-new hashmagint,ProjectedDB-()
4 newltE xtDbMap—new hashmagint,ProjectedDB()
5: list<int> newlSiblingsList— [], list<int> newS SiblingsList- []

6: for eachsin segSiblinggio

7 newS eqE xtDbMdg]« new ProjectedDBY, currentPattern(s), S)
8: for each node in currentDbFOF do

9: support—FinoFOF(, s, |, newS eqExtDbMdp])

10: if support>minSupporthen addsto newS SiblingList

11: end if

12: end for

13: end for

14: if currentDhlastExtType is Shen itExtCandidateListseqSiblings

15: else
16: itExtCandidateListitSiblings
17: end if

18: for eachi in itExtCandidateLissuch that# last item ofcurrentDhpatterndo

19: newltExtDbMajps] < new ProjectedDBY, currentPatterns, I)
20: for each node in currentDbFOF do

21: support—FinoFOF(, s, |, newltExtDbMaps))

22: if support> minSupporthen addi to newlS iblingList
23: end if

24: end for

25: end for

26: for eachsin newS SiblingsListo

27: MULTI-FOF-PT-Mine(newS eqExtDbMdp], newlS iblingListnewS S iblingsLijt
28: end for

29: for eachi in newlSiblingsListdo

30: MULTI-FOF-PT-Mme(newltExtDbMalfi], newlS iblingListnewsS SiblingsLi3t
31 end for

32: end function
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Algorithm 10 Find First Occurences Forest (FOF)

1. function FinoFOF(itemToFind,startNode,extTyppep jDbForltem)
2: eventLevelOfRoat-startNode

3 stack«— empty

4: currentNode— startNode.|Son

5: while —stack.isEmpty() currentNodel= NULL do

6: if currentNodel= NULL then

7 if currentNodeitem== itemT oFindthen > Found the item
8: if currentNodeeventLevel== eventLevelOfRoon extType== | then

9 addcurrentNodeto pro jDbForltemFOF > |-Occurence
10: currentNode« currentNoderSibling;

11: end if

12: if currentNodeeventLeveteventLevelOfRoothen

13: if extType== Sthen

14: addcurrentNodeto pro jDbForltemFOF > S-Occurence
15: currentNode« currentNoderSibling

16: else > |
17: if last itemset ofpro jDbForltempattern is found in ancestors of

currentNodeuntil an S-Edgehen

18: addcurrentNodeto pro jDbForltemFOF > |-Occurence
19; currentNode« currentNoderSibling;

20: end if

21 end if

22: end if

23: else > Cannot find the item yet, go deeper
24: stack.pushgurrentNodé&,currentNode« currentNoddSon;

25: end if

26: else

27: stack.pop(xurrentNode«— currentNoderSibling; > Backtrack
28: end if

29: end while

30: end function
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CHAPTER 5

EXPERIMENTS

In this chapter, we present the experiments we have cordlircterder to evaluate perfor-
mance of the algorithms we proposed: FOF-PT and MULTI-FOFWe designed separate
experiment sets for these two algorithms. In the first expenit set, which we describe as
single-item experiments, we compared execution time anghong usage performance of
FOF-PT on several single-item sequence databases, wéahgitigle-item and multi-item se-
guential pattern mining algorithms in the literature. Sarly, in the second experiment set,
we compared execution time and memory usage performancéJaifMFOF-PT with other
genergimulti-item sequential pattern mining algorithms. We idimoe the environment for
the experiments in the first section and present experihesalts we obtained in the second

section.

5.1 Environment

FOF-PT algorithm is a single-item sequential pattern ngrafgorithm and can mine only
single-item sequence databases. We compared performar€aoPT with the WAP-Tree
based single-item sequential pattern mining algorithm@/RR and FOF. Besides, we ana-
lyzed performance of FOF-PT compared to multi-item sedakpattern mining algorithms,
PrefixSpan and LAPIN-LCI, since multi-item algorithms camesingle-item sequence databases
too. There is only one study [13] in the literature reportjmgyformance of multi-item al-
gorithms on single-item sequence databases and compdrahaitalgorithms specifically
designed for single case. This type of experimental resulisrare. To our knowledge, a

comparison between FOF and PrefixSpan is reported for thdirims in this study.
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We compared MULTI-FOF-PT algorithm with algorithms Prefoe® and LAPIN-LCI. Re-

sults of these multi-item experiments are presented in@ebt2.

We obtained executables and source codes of the statedlaigoas follows:

¢ We downloaded LAPIN-LCI executable from author’s website

¢ We downloaded PrefixSpan executable in lllimine SoftwaikBge Version 1.1.0 from

web site of lllimine Project.

¢ We downloaded source code for implementation of PLWAP-#+@om author’s web

site?.

Both LAPIN-LCI and PrefixSpan executables were compilethf@++ implementation there-
fore we implemented FOF and FOF-PT irn€. We compiled source codes of PLWAP, FOF
and FOF-PT in Visual €+ 2010 Express Edition and ran algorithms on a personal canput

with the following properties:

e CPU: Intel(R) Core(TM) i7 860 @2.80Ghz 2.80 Ghz
¢ Installed Memory: 8 GB

e Operating System: Windows 7 Professional 64-bit

For each experiment case identified by the tuple (AlgoritBmguence Database, MinSup-
port), we report execution time and memory consumption gbrthms. We repeated each
test case run at least three times. Execution time on eacbamfe found in Appendix A.

The results we present as execution times in the next seat®the lowest value observed
during these runs. While running experiments, we made batteonly the algorithm process
and compulsory background processes are active. In othelsywoe created equal conditions
for each test case. We measured memory usage of algorithmmobigoring Peak Working

Set column in Windows Task Manager just before the proceds.en

Itis crucial to note that for each test case, we verified te@uisntial pattern mining algorithms

produce the same output, namely, the same set of frequeatnsat All the algorithms print

! http://www.tkl.iis.u-tokyo.ac.jp/~yangzl/soft/LAPIN/index.html
2 http://illimine.cs.uiuc.edu/download/
3 http://cs.uwindsor.ca/~cezeife/plwapcode.tar.gz
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the set of frequent patterns and their support values. Fdr egperiment case we ensured

that both the set of patterns and their support values ard.equ

5.2 Experiment Results

5.2.1 Single-ltem Experiments

We designed a data set to compare FOF-PT with other algaithiierms of execution time

and memory usage. The data set we used includes sequenbasgatavith a wide range

of characteristics. First of all, we compared performanicalgorithms on a set of synthetic

set of sequence databases withiatent parameters. We generated synthetic data sets by the
single-item sequence database generator we created bjymgdBM Quest Data Genera-

tor [35]. IBM Quest Data Generator has been used in almosteajliential pattern mining
studies. However, this generator cannot generate sitejiesequence databases. Therefore,
we downloaded source code of IBM Quest Data Generator framd adapted it to create a

single-item sequence database generator.

The single-item generator we created accepts the paraygten in Table 5.1. Our single-
item sequence database generator does not accept pasaregsding number of items in a
transaction since transactions have only one item in siibge sequence databases. While

generating data sets we used default values 5000 and 25080dadNg respectively.

Table 5.1: Single-ltem Sequence Database Generator Parame

Parameter Explanation

C Average length of sequences

S Average length of maximal potentially large sequences
D Number of sequences in database

N Size of database alphabet

N; Size of itemset pool

Ns Size of sequence pool

In Table 5.2, results of experiments on a set of syntheticieecg databases with support
value %1 are presented. The sequence database parametenssen similar to the ones in

experiments in [13]. FOF-PT ranks second in both executioe aind memory consumption

4 http://www.cs.loyola.edu/~cgiannel/assoc_gen.html
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Table 5.2: Execution Times (sec) of Algorithms on Synth&exjuence Databases Under
MinSupport 1%

Data PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT
C8S4N100D200k 0.187 15 27.814 9.016 7.3
C10S5N80D200k 0.406 22 118.513 18.938 14.055
C12S6N60D200k 0.842 29 232.612 31.527 25.646
C15S8N20D200k 8.939 146 2365.99 108.981 75.192

Table 5.3: Peak Memory Consumption (MB) of Algorithms on ®atic Sequence Databases
Under MinSupport 1%

Data PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT

C8S4N100D200k 27.042 473.551 80.564 32.535 32.539
C10S5N80D200k 29.093 495.097 103.368 41.523 41.527
C12S6N60D200k 43.464 500.757 124212 50.437 50.441
C15S8N20D200k 54.363 420.550 129.720 59.914 59.906

on these databases. FOF-PT is faster than other WAP-Tred laégorithms, PLWAP and
FOF.

In addition to this set of synthetic sequence databases[28], we ran algorithms on two
real sequence databases: Protein and Gazelle. We dowdlbattesequence databases from
the web site we downloaded LAPIN-LCI Protein database has very long sequences and a
small alphabet of size 24. Gazelle database is a web log détesiped for ACM SIGKDD
CUP 2000. Gazelle sequence database has very short semsibatarger alphabet compared

to Protein. Properties of the Protein and Gazelle data setsummarized in Table 5.4.

Table 5.4: Properties of Gazelle and Protein Sequence Bsdab

Gazelle Protein
Number of Sequences 59602 116142

Number Of Items 497 24

Avg Sequence Length 2.5 482
Sequence Length Range  1-267  400-600
Size 1.4MB 438 MB

Results of the experiments on Protein database are givaabile 5.5 and 5.6. X signs in Table

5.5 indicate that memory was irfigient for PLWAP when run with the corresponding mini-

5 http://www.tkl.iis.u-tokyo.ac.jp/~yangzl/soft/LAPIN/index.html
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mum support value. PLWAP could produce result only for sup$9.99% and used memory
about 1.5 GB. PLWAP runs out of memory since position codekliakage require extreme
amount of space when the tree is large as in the Protein de¢a E®F-PT outperforms other
WAP-Tree based algorithms and PrefixSpan in execution tifrftee memory consumption
of WAP-Tree based algorithms is very large since the WARe Tirecupies a large amount of

space.

Table 5.5: Execution Times (sec) of Algorithms on Proteigu&ace Database

Min Support  PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT

99.99% 3.9 40 77 1.996 1.669
99.98% 24.320 41 X 20.451 8.096
99.97% 84.334 51 X 94.77 28.672
99.96% 261.441 68 X 259.932 91.743
99.95% 651.316 111 X 755.275 239.429
99.94% 1352.320 206 X 1592.15 511.166
99.93% 2793.922 412 X 3931.71 1101.38
99.92% 5024.972 848 X 7141.26 2019

Table 5.6: Peak Memory Consumption (MB) of Algorithms ontEio Sequence Database

Min Support  PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT

99.99% 439.438 520.359 1426.316 697.620 697.620
99.98% 451.429 603.246 >2000 953.976 953.980
99.97% 459.414 654.425 >2000 1044.788 1044.776
99.96% 466.093 662.421 >2000 1044.788 1044.776
99.95% 471.425 670.406 >2000 1044.784 1044.780
99.94% 472.769 678.402 >2000 1044.780 1044.784
99.93% 476.804 692.628 >2000 1064.968 1064.960
99.92% 480.789 700.632 >2000 1064.960 1064.964

Execution times of algorithms on Gazelle database are giveiable 5.7. The dference

between execution times of FOF-PT and FOF under low suppottss table indicates the
power of sibling principle idea we propose. As the suppott dewer, execution time of
PLWAP increases with a very fast rate. Similar to results oostéin database, FOF-PT is
observed to be the faster than previous WAP-Tree basedthigsrand PrefixSpan. Finally,

FOF-PT shows an execution time performance very close tdNARCI on Gazelle database.

Memory consumption comparison of algorithms on Gazellalutzde is given in Table 5.8.

FOF-PT outperforms PLWAP and FOF in terms of memory consiamgbo. LAPIN-LCI
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Table 5.7: Execution Times (sec) of Algorithms on Gazellgugsce Database

Min Support  PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT
1.000% 0 2 0.421 0.093 0.078

0.500% 0.015 3 0.67 0.483 0.374
0.200% 0.031 4 2.044 2.309 0.982
0.100% 0.062 4 8.314 8.236 1.622
0.090% 0.094 4 11.902 10.982 1.747
0.080% 0.156 5 20.186  16.567 1.918
0.070% 0.421 5 54444  36.332 2.324
0.061% 3.401 10 600.476 218.024 4.274
0.059% 7.379 14 1507.52 4429 6.38
0.057% 86.502 44 63416.9 4441.94 40.248
0.055% 1302.462 591 >80000 66708.9 569.853

consumes the most amount of memory although it is the see@mtelst algorithm. PrefixSpan
is observed to consume considerably less amount of memadtyeoBazelle database similar
to Protein database. PLWAP execution under support 0.058%otiend up in a day therefore

it's peak memory usage could not be observed and it is irgtichy the * sign in Table 5.8.

Table 5.8: Peak Memory Consumption (MB) of Algorithms on 8zSequence Database

Min Support  PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT

1.000% <6.5 72.1562 5960 4.359 4.347
0.500% <6.5 104.664 7.888 4.796 4.804
0.200% <6.5 173.055 9.884 5144 5.148
0.100% <6.5 189.367 10.948 5.324 5.277
0.090% <6.5 191.426 10.988 8.191 5.273
0.080% <6.5 191.109 11.028 8.480 5.289
0.070% <6.5 192.883 11.072 8.386 6.359
0.061% 6.574 193.379 11.116 8.644 6.804
0.059% 6.578 193.805 11.088 8.828 6.976
0.057% 6.578 193.898 11.108 9.171  7.625
0.055% 6.582 194.242 * 9.394  7.753

Results on all the sequence databases show that FOF-PTrpeffaster than FOF. This can
be explained by the two points FOF-PTdrs from FOF:

¢ Hybrid search space traversal combined with pattern tree

¢ lterative implementation of depth first search on WAP-T@dihding FOFs

In order to measure independent contributions of these tiumtpto performance improve-
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ment, we implemented FOF-ITER which is a modified version ©FFinding FOFs itera-
tively. We compared execution times of FOF, FOF-ITER and fdFand report results in
Table 5.9. Diference between execution times FOF and FOF-ITER is dueratiite imple-
mentation of depth first search on WAP Tree.fiBience between FOF-ITER and FOF-PT
indicate contribution of hybrid traversal strategy condairwith sibling principle on pattern

tree to performance improvement.

Table 5.9: Comparative Analysis of Twofbérences Between FOF and FOF-PT

DataSet Min Support(%) FOF (sec) FOF-ITER (sec) FOF-PT)(sec
C8S4N100D200k 1.0 9.016 9.718 7.3
C10S5N80D200k 1.0 18.938 20.373 14.055
C12S6N60D200k 1.0 31.527 33.771 25.646
C15S8N20D200k 1.0 108.981 115.642 75.192
Protein 99.99 1.996 1.918 1.669
Protein 99.98 20.451 16.333 8.096
Protein 99.97 94.77 73.6 28.672
Protein 99.96 295.932 228.727 91.743
Protein 99.95 755.275 582.505 239.429
Protein 99.94 1591.97 1228.66 511.166
Protein 99.93 3931.71 3016.64 1101.49
Protein 99.92 7141.26 5477.95 2019
Gazelle 1.0 0.093 0.078 0.078
Gazelle 0.5 0.483 0.452 0.374
Gazelle 0.2 2.309 1.934 0.982
Gazelle 0.1 8.236 6.364 1.622
Gazelle 0.09 10.982 8.314 1.747
Gazelle 0.08 16.567 12.199 1.918
Gazelle 0.07 36.332 25.911 2.324
Gazelle 0.061 218.024 147.482 4.274
Gazelle 0.059 442.9 300.487 6.38
Gazelle 0.057 4441.94 2939.15 40.248

To sum up, FOF-PT is seen to outperform other WAP-Tree bakgatitams on all the

databases in data set for single-item experiments. Secdr@F-PT performed faster than
PrefixSpan on real databases but slower on the synthetibadats. To identify the cause for
these results, we did a set of measurements related to Wa&-dand mining processes of
algorithms on a set of selected sample test cases. The tiegiorg of the measurements de-
pend only on the support value and the sequence databasenvpgeiied number and average

length of frequent patterns. These measurements are givieable 5.10.
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Table 5.10: Statistics about Patterns

C15S8N20D200k (1%) Protein (99.99%) Gazelle (0.061%
Number Of Frequent Iltems 20 4 367
Number Of Patterns 23187 9 207168
Max Pattern Length 5 2 13
Average Pattern Length 4 1 5

The second category of measurements is related to miningegses of the FOF-PT and
PrefixSpan algorithms. Execution time of these algorithars loe evaluated in terms of ex-
ecution units. We define execution unit as a visit to an itefdrizontal database represen-
tation for PrefixSpan and a visit to a WAP-Tree node for FOF-®dhsequently, execution
times of PrefixSpan and FOF-PT can be approximately comgaréotal number of visited
items or WAP-Tree nodes in mining phase. We named total numibexecution units as
Scanned Arealt is crucial note that scanned area values of PrefixSpas giwen in Table

5.11 does not contain nonfrequent item visits.

In addition, we measured compression rate provided by WAde-in the sample test cases.
Compression rate expresses the proportion of the WAP-Em@esentation to horizontal rep-
resentation. Compression rat@eets scanned area directly. If the compression is low, FOF-
PT scans less nodes than items of horizontal representaiiercomputed compression rate
by Equation (5.1). Sum of count values of all nodes in WAPeTiredenominator is actually

equal to the total number of occurences of frequent items.

Number of nodes in WAP Tree

Compression Rate Sum of count values of all nodes in WAH ree (1)
Table 5.11: Measurements During Mining On Selected Test£as
Scanned Area | Compression Rate
Database Min. Support| PrefixSpan FOF-PT
C15S8N20D200K 0.01% 729,049,948 3,888,213,980 0.616680
Gazelle 0.061% 707829062 | 686,264,484 0.389653
Protein 99.99% 306,681,046/ 49,235,790 0.609260

It is obvious from the results in Table 5.11 that in the caskEWwFOF-PT execution time is
less than PrefixSpan, the scanned area by FOF-PT is leshtitai PrefixSpan too. FOF-PT

scans less nodes than items scanned by PrefixSpan on GawkRratein databases owing
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both to the properties inherited from the FOF-Algorithm: P/Aree representation and Find

First Occurences Approach.

Firstly, even if the same mining strategy of PrefixSpan wadiegh on WAP-Tree, number
of visited nodes would be less than the number of visited stenhorizontal representation.
WAP-Tree can collapse shared prefixes into a single nodeftirera WAP-Tree node visit

may correspond to a thousand of item visits of PrefixSpan.

Secondly, FOF-PT and FOF diverges from PrefixSpan in thaetladgorithms follow Find

First Occurences approach, namely perform separate degttsdiarch scans on the WAP-
Tree to determine frequent items in a projected databasdixBpan, on the contrary, scans
whole projected database on each pattern growing step. Whetumber of candidate items
is small and WAP-Tree is large, approach of FOF-PT may finqueat items faster in pro-

jected databases. However, FOF algorithm cannot outperfarefixSpan with these two
properties as seen in Tables 5.7 and 5.5. In none of the c&eh&s execution time less
than PrefixSpan. Sibling principle on pattern tree FOF-Pabés prunning of candidate

items to search in projected database and therefore desrtresscanned area.

In sample test case with protein database, the databasgyitaxge and number of frequent
items is very small, which provides FOF-PT a very small seanarea compared to PrefixS-
pan. Secondly, for the Gazelle case, compression rate mdsyably small and length of
patterns vary in a wide range [5-13] which indicates a dessraa width of pattern tree in
lower levels. However, on the synthetic database C15S8I8Q0K) the WAP-Tree compres-
sion rate is greater than that of Gazelle test case and thbaka is not as large as the Protein
database. Therefore, scanned area of FOF-PT is greatahttasf PrefixSpan. Another dif-
ference between test cases Gazelle and C15S8N20D200kK zatiern length distributions
are diferent. As given in Table 5.10, in C15S8N20D200k case, maxirpattern length de-
viates very little from the average when compared to deviaitn Gazelle database. Width of
the pattern tree thus number of candidate items to grow arpadbes not drop as the patterns
get longer. Consequently, FOF-PT algorithm scans moresbde the total number of item

occurences in the projected databases.
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5.2.2 Multi-ltem Experiments

We compared MULTI-FOF-PT algorithm with two multi-item semtial pattern mining al-
gorithms: LAPIN-LCI and PrefixSpan. We generated severath®tic sequence databases
using IBM Quest Data Generator. We downloaded IBM Quest Baiaerator executable in

lllimine Software Package Version 1.1.0 from the web sitélihine Projecf.

Input parameters of IBM Quest Data Generator are listed bieT&.12. While generating

data sets we used default values 5000 and 2500R;fandNg respectively.

Table 5.12: IBM Quest Data Generator Parameters

Parameter Explanation
Average length of sequences
Average length of large sequences
Average number of items in transactions
Average number of items in large itemsets
Number of sequences in database
Size of database alphabet

i Size of itemset pool

s Size of sequence pool

2220~ 00

In order to obtain a comprehensive data set, we determined ef yalues for each of the
parameters C,T,D and N given in Table 5.13. We generatedvasta with combination of
values from these sets. We chose | and S values equal to T aatl€swespectively while
generating the databases. Each sequence database immexyesét is named in accordance
with the parameter values. For instance C25T3S25I13N10b2p@ecifies a database gener-
ated with parameters£25, T=3, S=25, I=3, N=10 and B=200K.

Table 5.13: Synthetic Data Set Setup

Parameter Explanation

C {5,25,73

S =C

T {3,7

I =1

N {10,500

D {200k,800k

We present results onftierent sequence databases of alphabet sizEONh the tables from

6 http://illimine.cs.uiuc.edu/download/
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Table 5.14 to 5.21. Each table presents results on one segdatabase under varying sup-
port thresholds. X signs in all the tables in this sectiorigatd that the algorithm consumed

more than 2GBs of memory and ended unexpectedly.

MULTI-FOF-PT outperforms PrefixSpan in terms of executiometon all sequence databases
with alphabet size N10. In some of the cases, MULTI-FOF-PT is faster than LAPIGIFL
yet there are cases in which LAPIN-LCI is faster. Howevegyé¢hare also cases LAPIN-LCI

could not mine the database because it ran out of memory.

Table 5.14: Execution Times (sec) of Algorithms on C25T3SRA0D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N10D200k 99 5.413 8.0 0.717
C25T3S25I13N10D200k 97 15.788 9.0 2.979
C25T3S25I13N10D200k 95 28.895 13.0 10.764
C25T3S25I13N10D200k 93 45.926 18.0 21.044

Table 5.15: Peak Memory Consumption (MB) of Algorithms orbT3S25I13N10D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N10D200k 99 82.386 124.496 154.078
C25T3S25I13N10D200k 97 95.437 257.988 176.449
C25T3S25I13N10D200k 95 117 297.644 209.719
C25T3S25I13N10D200k 93 132.726 323.753 224.25

Table 5.16: Execution Times (sec) of Algorithms on C25T3SRA0D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N10D800k 99 95.488 30.0 2.683
C25T3S25I13N10D800k 97 265.481 36.0 11.372
C25T3S25I13N10D800k 95 435.568 52.0 42.915
C25T3S25I13N10D800k 93 626.044 79.0 87.984

Table 5.17: Peak Memory Consumption (MB) of Algorithms orbT3S25I13N10D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N10D800k 99 317.992 821.453 576.269
C25T3S25I13N10D800k 97 370.394 1018.15 663.242
C25T3S25I13N10D800k 95 456.671 1177.304 792.003
C25T3S25I13N10D800k 93 514.238 1281.55 848.027

59



Table 5.18: Execution Times (sec) of Algorithms on C25T13RA.0D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S2517N10D200k 99.3 576.479 103.0 113.552
C25T7S2517N10D200k 99.1 938.420 202 204.374
C25T7S2517N10D200k 99 1136.87 265 257.509
C25T7S2517N10D200k 97 19685.87 6813 6402.91

Table 5.19: Peak Memory Consumption (MB) of Algorithms orbT2S2517N10D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S2517N10D200k 99.3 283.925 468.394 394.242
C25T7S2517N10D200k 99.1 315.269 498.156 394.246
C25T7S2517N10D200k 99 329.128 517.761 394.25
C25T7S2517N10D200k 97 450.977 643.042 417.085

Table 5.20: Execution Times (sec) of Algorithms on C25T13R30D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S2517N10D800k 99.7 2264.765 86 64.552
C25T7S2517N10D800k 99.5 4594.317 198 230.584
C25T7S2517N10D800k 99.3 8206.441 X 478.062

Table 5.21: Peak Memory Consumption (MB) of Algorithms orbT2S2517N10D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S2517N10D800k 99.7 885.789 1570.601 1359.64
C25T7S2517N10D800k 99.5 1057.105 1753.04 1492.07
C25T7S2517N10D800k 99.3 1121.390 >2000 1492.13

We present results onfterent sequence databases of alphabet siZ#N in the tables from
Table 5.22 to 5.27. Each table presents results on one segdatabase under varying sup-
port thresholds. As mentoined previously, X signs in alltditges in this section indicate that

the algorithm consumed more than 2GBs of memory and endegheaiedly.

Experiments show that MULTI-FOF-PT is very much slower th&{PIN-LCI and PrefixS-

pan on sequence databases with alphabet siZ&Bl As discussed in single-item section,
finding first occurences approach is likely to increase et@cuime when the alphabet size
is not small. Although sibling principle on pattern treeggbecreasing candidate items to

grow a pattern, it may not be enough when the alphabet is.large
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Table 5.22: Execution Times (sec) of Algorithms on C25T3SR500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N500D200k 30 1.388 10 18.969
C25T3S25I13N500D200k 20 3.292 15 168.074
C25T3S25I13N500D200k 10 10.187 37 1109.47

Table 5.23: Peak Memory Consumption (MB) of Algorithms orbT2S2513N500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N500D200k 30 76.253 313.437 98.007
C25T3S25I13N500D200k 20 101.832 564.222 157.839
C25T3S25I13N500D200k 10 136.527 1127.199 236.785

Table 5.24: Execution Times (sec) of Algorithms on C25T3SR500D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N500D800k 30 15.319 41.0 75.332
C25T3S25I13N500D800k 20 67.502 X 692.298
C25T3S25I13N500D800k 10 128.482 X 4460.05

Table 5.25: Peak Memory Consumption (MB) of Algorithms orbT3S2513N500D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I13N500D800k 30 293.632 1238.28 368.492
C25T3S25I13N500D800k 20 396.445 >2000 596.507
C25T3S25I13N500D800k 10 534.359  >2000 897.648

Table 5.26: Execution Times (sec) of Algorithms on C25T 13R500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S2517N500D200k 30 108.654 64.0 1740.85
C25T7S2517N500D200k 20 303.546 236.0 9305.07
C25T7S2517N500D200k 10 1657.488 X >80000

To sum up, success of both FOF-PT and MULTI-FOF-PT shouldddited to compact data
structure WAP-Tree and achieved search space prunningebsilting principle on pattern
tree. The main dierence between mining strategy of PrefixSpan and FOF-PTigrequent
items in a projected database are found. PrefixSpan scaosrtiete projected database for

finding the frequent items. However, FOF-PT approach inderfrom FOF searches the
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Table 5.27: Peak Memory Consumption (MB) of Algorithms orbT2S2517N500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S2517N500D200k 30 296.527 1084.48 451.632
C25T7S2517N500D200k 20 377.468 1618.5 548.828
C25T7S2517N500D200k 10 478.007 >2000 >643.406

projected database for each alphabet item separatelythtidepth first occurences of item

are found. This causes dldirence between algorithms in the total database sectigrstia®.

FOF-PT and MULTI-FOF-PT has a large scanned area thus langsution time on small
databases with very large alphabets. However, both ahgositmay be favourable in large

databases with small alphabets.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

In this thesis, we studied sequential pattern mining foduse the WAP-Tree data struc-
ture. We investigated multi-item sequential pattern nmgnim WAP-Tree and we designed
an extension of WAP-Tree data structure for the multi-iteguence databases, the MULTI-
WAP-Tree. In addition, we introduced a hew mining strategyAP-Tree which combines
hybrid search space traversal and a early prunning ideéingibrinciple on pattern tree”.
We designed two new sequential pattern mining algorithmB-P® and MULTI-FOF-PT by
applying the mining strategy on WAP-Tree and MULTI-WAP-@respectively.

We conducted a comprehensive set of experiments on FOF-@TowWpared execution time
performance and peak memory usage of the algorithm withiquewVAP-Tree based algo-
rithms and multi-item sequential pattern mining algorithrROF-PT outperformed the WAP-
Tree based algorithms PLWAP and FOF in terms of both exattitioe and memory usage.
Moreover, experiment results revealed that FOF-PT can patterns faster than PrefixSpan

and as fast as LAPIN on real sequence databases from webm#zigg and bioinformatics.

Secondly, for the multi-item case, we evaluated execufime tand memory consumption
performance of MULTI-FOF-PT compared to LAPIN-LCI and Px8pan. We found that
MULTI-FOF-PT outperforms PrefixSpan and has a performatased¢o LAPIN-LCI in terms

of execution time on dense databases with small alphabets.

Finally, comparison of PrefixSpan with FOF-PT and MULTI-F®F revelaed that searching
for candidate items to grow a pattern in the projected dambath seperate depth-first scans

is more advantegous than a single complete scan espectadly the alphabet is small.

To conclude, in this thesis we introduced a new data stradlWLTI-WAP-Tree, a new early
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prunning idea Sibling Principle on Pattern Tree, a WAP-Tased single-item sequential
pattern mining algorithm FOF-PT and the first WAP-Tree basedti-item sequential pat-
tern mining algorithm MULTI-FOF-PT. Experimental resuffisowed that FOF-PT is faster
than previous WAP-Tree based algorithms and PrefixSpan.edder, experimental results

revealed that MULTI-FOF-PT is favourable on large databagi¢h small alphabets.

As the future work, several research directions for extegdiis work can be pursued. The
early prunning idea introduced in the Sibling Principle aatt€rn Tree is an expression of
the apriori principle for pattern growth algorithms. Paitéree provides a representation that
helps uncovering relationships between patterns. Ilrgastn of diferent early prunning
ideas on pattern tree can be a future research directiomditian, the Sibling Principle idea
combined with hybrid traversal strategy may be experinttre other sequential pattern

mining approaches like vertical projection.
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APPENDIX A

DETAILED RESULTS OF EXPERIMENTS

In this appendix, execution times of algorithms on thre@edent runs for each experiment
case reported in Section 5.2 are given. Each experimenticasenposed of an algorithm

name, sequence database and a minimum support value.

A.1 SINGLE-ITEM EXPERIMENTS

A.1.1 Experiments on Synthetic Databases

Execution times of the algorithms PrefixSpan, LAPIN-LCIVW#AP, FOF, FOF-ITER and
FOF-PT on single-item synthetic databases are given inatles from Table A.1 to Table

A.6 respectively.
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Table A.1: Execution Time Logs Of PrefixSpan On Synthetical@et

Algorithm Data Set Min. Support(%) Execution Time(sec)
PrefixSpan C8S4N100D200k 1.0 0.187
PrefixSpan C8S4N100D200k 1.0 0.187
PrefixSpan C8S4N100D200k 1.0 0.188
PrefixSpan C8S4N100D200k 1.0 0.203
PrefixSpan C8S4N100D200k 1.0 0.187
PrefixSpan C10S5N80D200k 1.0 0.406
PrefixSpan C10S5N80D200k 1.0 0.422
PrefixSpan C10S5N80D200k 1.0 0.437
PrefixSpan C10S5N80D200k 1.0 0.436
PrefixSpan C10S5N80D200k 1.0 0.453
PrefixSpan C12S6N60D200k 1.0 0.827
PrefixSpan C12S6N60D200k 1.0 0.827
PrefixSpan C12S6N60D200k 1.0 0.827
PrefixSpan C12S6N60D200k 1.0 0.826
PrefixSpan C12S6N60D200k 1.0 0.842
PrefixSpan C15S8N20D200k 1.0 8.939
PrefixSpan C15S8N20D200k 1.0 9.017
PrefixSpan C15S8N20D200k 1.0 8.955
PrefixSpan C15S8N20D200k 1.0 8.954
PrefixSpan C15S8N20D200k 1.0 8.939
Table A.2: Execution Time Logs Of LAPIN-LCI On Synthetic Rebet

Algorithm Data Set Min. Support(%) Execution Time(sec)
LAPIN-LCI C8S4N100D200k 1.0 15.0
LAPIN-LCI C8S4N100D200k 1.0 15.0
LAPIN-LCI C8S4N100D200k 1.0 15.0
LAPIN-LCI C8S4N100D200k 1.0 15.0
LAPIN-LCI C8S4N100D200k 1.0 14.0
LAPIN-LCI C10S5N80D200k 1.0 22.0
LAPIN-LCI C10S5N80D200k 1.0 22.0
LAPIN-LCI C10S5N80D200k 1.0 22.0
LAPIN-LCI C10S5N80D200k 1.0 22.0
LAPIN-LCI C10S5N80D200k 1.0 22.0
LAPIN-LCI C12S6N60D200k 1.0 30.0
LAPIN-LCI C12S6N60D200k 1.0 30.0
LAPIN-LCI C12S6N60D200k 1.0 29.0
LAPIN-LCI C12S6N60D200k 1.0 29.0
LAPIN-LCI C12S6N60D200k 1.0 30.0
LAPIN-LCI C15S8N20D200k 1.0 147.0
LAPIN-LCI C15S8N20D200k 1.0 147.0
LAPIN-LCI C15S8N20D200k 1.0 147.0
LAPIN-LCI C15S8N20D200k 1.0 147.0
LAPIN-LCI C15S8N20D200k 1.0 146.0
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Table A.3: Execution Time Logs Of PLWAP On Synthetic Data Set

Algorithm Data Set Min. Support(%) Execution Time(sec)
PLWAP  C8S4N100D200k 1 27.814
PLWAP  C8S4N100D200k 1 27.814
PLWAP  C8S4N100D200k 1 27.83
PLWAP  C8S4N100D200k 1 27.83
PLWAP  C8S4N100D200k 1 27.814
PLWAP  C10S5N80D200k 1 118.607
PLWAP  C10S5N80D200k 1 118.513
PLWAP  C10S5N80D200k 1 118.825
PLWAP  C10S5N80D200k 1 118.622
PLWAP  C10S5N80D200k 1 118.529
PLWAP  C12S6N60D200k 1 232.658
PLWAP  C12S6N60D200k 1 232.612
PLWAP  C12S6N60D200k 1 232.752
PLWAP  C12S6N60D200k 1 232.846
PLWAP  C12S6N60D200k 1 232.658
PLWAP  C15S8N20D200k 1 2384.95
PLWAP  C15S8N20D200k 1 2377.29
PLWAP  C15S8N20D200k 1 2367.96
PLWAP  C15S8N20D200k 1 2366.62
PLWAP  C15S8N20D200k 1 2365.99

Table A.4: Execution Time Logs Of FOF On Synthetic Data Set

Algorithm Data Set Min. Support(%) Execution Time(sec)
FOF C8S4N100D200k 1.0 9.048
FOF C8S4N100D200k 1.0 9.032
FOF C8S4N100D200k 1.0 9.016
FOF C10S5N80D200k 1.0 19
FOF C10S5N80D200k 1.0 18.938
FOF C10S5N80D200k 1.0 18.938
FOF C12S6N60D200k 1.0 31.59
FOF C12S6N60D200k 1.0 31.574
FOF C12S6N60D200k 1.0 31.527
FOF C15S8N20D200k 1.0 109.746
FOF C15S8N20D200k 1.0 109.059
FOF C15S8N20D200k 1.0 108.981
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Table A.5:

Execution Time Logs Of FOF-ITER On Synthetic D&t

Algorithm Data Set Min. Support(%) Execution Time(sec)
FOF-ITER C8S4N100D200k 1.0 9.718
FOF-ITER C8S4N100D200k 1.0 9.703
FOF-ITER C8S4N100D200k 1.0 9.672
FOF-ITER C10S5N80D200k 1.0 20.373
FOF-ITER C10S5N80D200k 1.0 20.373
FOF-ITER C10S5N80D200k 1.0 20.358
FOF-ITER C12S6N60D200k 1.0 34.335
FOF-ITER C12S6N60D200k 1.0 33.774
FOF-ITER C12S6N60D200k 1.0 33.711
FOF-ITER C15S8N20D200k 1.0 117.186
FOF-ITER C15S8N20D200k 1.0 115.752
FOF-ITER C15S8N20D200k 1.0 115.643

Table A.6: Execution Time Logs Of FOF-PT On Synthetic Data Se

Algorithm Data Set Min. Support(%) Execution Time(sec)
FOF-PT  C8S4N100D200k 1.0 7.316
FOF-PT  C8S4N100D200k 1.0 7.3
FOF-PT  C8S4N100D200k 1.0 7.285
FOF-PT  C10S5N80D200k 1.0 14.071
FOF-PT  C10S5N80D200k 1.0 14.055
FOF-PT  C10S5N80D200k 1.0 13.993
FOF-PT C12S6N60D200k 1.0 25.724
FOF-PT C12S6N60D200k 1.0 25.677
FOF-PT  C12S6N60D200k 1.0 25.646
FOF-PT  C15S8N20D200k 1.0 75.987
FOF-PT  C15S8N20D200k 1.0 75.332
FOF-PT  C15S8N20D200k 1.0 75.192
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A.1.2 Experiments on Gazelle Database

Execution times of the algorithms PrefixSpan, LAPIN-LCI VAP, FOF, FOF-ITER and
FOF-PT on Gazelle database are given in the tables from Fabl® Table A.12 respectively.
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Table A.7: Execution Time Logs Of PrefixSpan On Gazelle Detab

Algorithm Data Set Min. Support(%) Execution Time(sec)

Prefixspan Gazelle 1 0.016
Prefixspan Gazelle 1 0.000
Prefixspan Gazelle 1 0.015
Prefixspan Gazelle 0.5 0.015
Prefixspan Gazelle 0.5 0.016
Prefixspan Gazelle 0.5 0.000
Prefixspan Gazelle 0.2 0.031
Prefixspan Gazelle 0.2 0.016
Prefixspan Gazelle 0.2 0.015
Prefixspan Gazelle 0.1 0.062
Prefixspan Gazelle 0.1 0.063
Prefixspan Gazelle 0.1 0.078
Prefixspan Gazelle 0.09 0.109
Prefixspan Gazelle 0.09 0.093
Prefixspan Gazelle 0.09 0.094
Prefixspan Gazelle 0.08 0.171
Prefixspan Gazelle 0.08 0.156
Prefixspan Gazelle 0.08 0.172
Prefixspan Gazelle 0.07 0.421
Prefixspan Gazelle 0.07 0.437
Prefixspan Gazelle 0.07 0.436
Prefixspan Gazelle 0.061 3.401
Prefixspan Gazelle 0.061 3.401
Prefixspan Gazelle 0.061 3.432
Prefixspan Gazelle 0.059 7.379
Prefixspan Gazelle 0.059 7.456
Prefixspan Gazelle 0.059 7.488
Prefixspan Gazelle 0.057 86.642
Prefixspan Gazelle 0.057 87.672
Prefixspan Gazelle 0.057 86.502
Prefixspan Gazelle 0.055 1302.462
Prefixspan Gazelle 0.055 1304.287
Prefixspan Gazelle 0.055 1321.681
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Table A.8: Execution Time Logs Of LAPIN-LCI On Gazelle Dateie

Algorithm  Data Set Min. Support(%) Execution Time(sec)

LAPIN-LCI Gazelle 1 2.0
LAPIN-LCI  Gazelle 1 3.0
LAPIN-LCI Gazelle 1 2.0
LAPIN-LCI  Gazelle 0.5 3.0
LAPIN-LCI Gazelle 0.5 3.0
LAPIN-LCI Gazelle 0.5 3.0
LAPIN-LCI  Gazelle 0.2 4.0
LAPIN-LCI Gazelle 0.2 3.0
LAPIN-LCI  Gazelle 0.2 4.0
LAPIN-LCI Gazelle 0.1 4.0
LAPIN-LCI  Gazelle 0.1 4.0
LAPIN-LCI Gazelle 0.1 5.0
LAPIN-LCI Gazelle 0.09 5.0
LAPIN-LCI Gazelle 0.09 4.0
LAPIN-LCI  Gazelle 0.09 5.0
LAPIN-LCI Gazelle 0.08 5.0
LAPIN-LCI Gazelle 0.08 5.0
LAPIN-LCI  Gazelle 0.08 5.0
LAPIN-LCI Gazelle 0.07 5.0
LAPIN-LCI  Gazelle 0.07 5.0
LAPIN-LCI Gazelle 0.07 5.0
LAPIN-LCI Gazelle 0.061 10.0
LAPIN-LCI Gazelle 0.061 11.0
LAPIN-LCI  Gazelle 0.061 11.0
LAPIN-LCI Gazelle 0.059 14.0
LAPIN-LCI  Gazelle 0.059 14.0
LAPIN-LCI Gazelle 0.059 21.0
LAPIN-LCI Gazelle 0.057 44.0
LAPIN-LCI  Gazelle 0.057 62.0
LAPIN-LCI Gazelle 0.057 63.0
LAPIN-LCI  Gazelle 0.055 591.0
LAPIN-LCI Gazelle 0.055 596.0
LAPIN-LCI  Gazelle 0.055 592.0
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Table A.9: Execution Time Logs Of PLWAP On Gazelle Database

Algorithm Data Set  Min. Support(%) Execution Time(sec)

PLWAP  Gazelle 1.0 0.421
PLWAP  Gazelle 1.0 0.436
PLWAP  Gazelle 1.0 0.421
PLWAP  Gazelle 0.5 0.686
PLWAP  Gazelle 0.5 0.67
PLWAP  Gazelle 0.5 0.67
PLWAP  Gazelle 0.5 0.67
PLWAP  Gazelle 0.2 2.059
PLWAP  Gazelle 0.2 2.044
PLWAP  Gazelle 0.2 2.059
PLWAP  Gazelle 0.1 8.361
PLWAP  Gazelle 0.1 8.314
PLWAP  Gazelle 0.1 8.33
PLWAP  Gazelle 0.09 11.902
PLWAP  Gazelle 0.09 11.856
PLWAP  Gazelle 0.09 11.902
PLWAP  Gazelle 0.08 20.264
PLWAP  Gazelle 0.08 20.28
PLWAP  Gazelle 0.08 20.186
PLWAP  Gazelle 0.07 54.631
PLWAP  Gazelle 0.07 54.444
PLWAP  Gazelle 0.07 54.584
PLWAP  Gazelle 0.061 601.069
PLWAP  Gazelle 0.061 601.287
PLWAP  Gazelle 0.061 600.476
PLWAP  Gazelle 0.059 1507.82
PLWAP  Gazelle 0.059 1508.59
PLWAP  Gazelle 0.059 1507.52
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Table A.10: Execution Time Logs Of FOF On Gazelle Database

Algorithm Data Set Min. Support(%) Execution Time(sec)

FOF Gazelle 1.0 0.156
FOF Gazelle 1.0 0.093
FOF Gazelle 1.0 0.093
FOF Gazelle 0.5 0.53
FOF Gazelle 0.5 0.483
FOF Gazelle 0.5 0.483
FOF Gazelle 0.2 2.324
FOF Gazelle 0.2 2.324
FOF Gazelle 0.2 2.309
FOF Gazelle 0.1 8.252
FOF Gazelle 0.1 8.236
FOF Gazelle 0.1 8.236
FOF Gazelle 0.09 11.044
FOF Gazelle 0.09 10.982
FOF Gazelle 0.09 10.966
FOF Gazelle 0.08 16.614
FOF Gazelle 0.08 16.567
FOF Gazelle 0.08 16.567
FOF Gazelle 0.07 36.41
FOF Gazelle 0.07 36.394
FOF Gazelle 0.07 36.332
FOF Gazelle 0.061 218.291
FOF Gazelle 0.061 218.024
FOF Gazelle 0.061 217.916
FOF Gazelle 0.059 443.758
FOF Gazelle 0.059 443.524
FOF Gazelle 0.059 442.9
FOF Gazelle 0.057 4451.02
FOF Gazelle 0.057 4446.07
FOF Gazelle 0.057 4441.94
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Table A.11: Execution Time Logs Of FOF-ITER On Gazelle Dath

Algorithm Data Set Min. Support(%) Execution Time(sec)

FOF-ITER Gazelle 1.0 0.093
FOF-ITER Gazelle 1.0 0.093
FOF-ITER Gazelle 1.0 0.078
FOF-ITER Gazelle 0.5 0.483
FOF-ITER Gazelle 0.5 0.468
FOF-ITER Gazelle 0.5 0.452
FOF-ITER Gazelle 0.2 1.95
FOF-ITER Gazelle 0.2 1.934
FOF-ITER Gazelle 0.2 1.934
FOF-ITER Gazelle 0.1 6.38
FOF-ITER Gazelle 0.1 6.364
FOF-ITER Gazelle 0.1 6.349
FOF-ITER Gazelle 0.09 8.361
FOF-ITER Gazelle 0.09 8.314
FOF-ITER Gazelle 0.09 8.314
FOF-ITER Gazelle 0.08 12.292
FOF-ITER Gazelle 0.08 12.246
FOF-ITER Gazelle 0.08 12.199
FOF-ITER Gazelle 0.07 25.974
FOF-ITER Gazelle 0.07 25.942
FOF-ITER Gazelle 0.07 25.911
FOF-ITER Gazelle 0.061 147.685
FOF-ITER Gazelle 0.061 147.56
FOF-ITER Gazelle 0.061 147.482
FOF-ITER Gazelle 0.059 300.986
FOF-ITER Gazelle 0.059 300.737
FOF-ITER Gazelle 0.059 300.487
FOF-ITER Gazelle 0.057 2942.12
FOF-ITER Gazelle 0.057 2939.26
FOF-ITER Gazelle 0.057 2939.15
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Table A.12: Execution Time Logs Of FOF-PT On Gazelle Databas

Algorithm Data Set  Min. Support(%) Execution Time(sec)

FOF-PT Gazelle 1.0 0.093
FOF-PT  Gazelle 1.0 0.078
FOF-PT Gazelle 1.0 0.078
FOF-PT  Gazelle 0.5 0.39
FOF-PT Gazelle 0.5 0.39
FOF-PT Gazelle 0.5 0.374
FOF-PT  Gazelle 0.2 1.014
FOF-PT  Gazelle 0.2 0.998
FOF-PT  Gazelle 0.2 0.982
FOF-PT Gazelle 0.1 1.638
FOF-PT  Gazelle 0.1 1.622
FOF-PT Gazelle 0.1 1.622
FOF-PT  Gazelle 0.09 1.778
FOF-PT  Gazelle 0.09 1.747
FOF-PT  Gazelle 0.09 1.747
FOF-PT Gazelle 0.08 1.918
FOF-PT Gazelle 0.08 1.918
FOF-PT  Gazelle 0.08 1.918
FOF-PT Gazelle 0.07 2.34
FOF-PT  Gazelle 0.07 2.324
FOF-PT Gazelle 0.07 2.324
FOF-PT  Gazelle 0.061 4.29
FOF-PT  Gazelle 0.061 4.274
FOF-PT  Gazelle 0.061 4,274
FOF-PT  Gazelle 0.059 6.411
FOF-PT  Gazelle 0.059 6.396
FOF-PT  Gazelle 0.059 6.38
FOF-PT  Gazelle 0.057 40.606
FOF-PT  Gazelle 0.057 40.544
FOF-PT  Gazelle 0.057 40.248
FOF-PT  Gazelle 0.055 570.664
FOF-PT  Gazelle 0.055 569.853
FOF-PT  Gazelle 0.055 571.304

78



A.1.3 Experiments on Protein Database

Execution times of the algorithms PrefixSpan, LAPIN-LCI,FFGOF-ITER and FOF-PT on
Protein database are given in the tables from Table A.13teTA.17 respectively. A table
for PLWAP algorithm is not given since PLWAP algorithm rart oilmemory in experiments

with the Protein database.
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Table A.13: Execution Time Logs Of PrefixSpan On Protein Dasa

Algorithm  Data Set  Min. Support(%) Execution Time(sec)

PrefixSpan  Protein 99.99 3.931
PrefixSpan  Protein 99.99 3.916
PrefixSpan  Protein 99.99 3.915
PrefixSpan  Protein 99.99 3.900
PrefixSpan  Protein 99.99 3.915
PrefixSpan  Protein 99.98 24.368
PrefixSpan  Protein 99.98 24.320
PrefixSpan  Protein 99.98 24.321
PrefixSpan  Protein 99.98 24.336
PrefixSpan  Protein 99.98 24.351
PrefixSpan  Protein 99.97 84.334
PrefixSpan  Protein 99.97 84.365
PrefixSpan  Protein 99.97 84.381
PrefixSpan  Protein 99.97 84.381
PrefixSpan  Protein 99.97 84.365
PrefixSpan  Protein 99.96 262.502
PrefixSpan  Protein 99.96 261.472
PrefixSpan  Protein 99.96 261.581
PrefixSpan  Protein 99.96 261.659
PrefixSpan  Protein 99.96 261.441
PrefixSpan  Protein 99.95 651.488
PrefixSpan  Protein 99.95 651.348
PrefixSpan  Protein 99.95 651.332
PrefixSpan  Protein 99.95 651.379
PrefixSpan  Protein 99.95 651.316
PrefixSpan  Protein 99.94 1352.522
PrefixSpan  Protein 99.94 1353.599
PrefixSpan  Protein 99.94 1353.240
PrefixSpan  Protein 99.94 1352.320
PrefixSpan  Protein 99.94 1352.944
PrefixSpan  Protein 99.93 2796.352
PrefixSpan  Protein 99.93 2793.922
PrefixSpan  Protein 99.93 2795.852
PrefixSpan  Protein 99.93 2795.727
PrefixSpan  Protein 99.93 2794.588
PrefixSpan  Protein 99.92 5024.972
PrefixSpan  Protein 99.92 5026.001
PrefixSpan  Protein 99.92 5025.627
PrefixSpan  Protein 99.92 5025.128
PrefixSpan  Protein 99.92 5025.284
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Table A.14: Execution Time Logs Of LAPIN-LCI On Protein Datse

Algorithm  Data Set Min. Support(%) Execution Time(sec)

LAPIN-LCI  Protein 99.99 40.0
LAPIN-LCI  Protein 99.99 40.0
LAPIN-LCI  Protein 99.99 40.0
LAPIN-LCI  Protein 99.99 40.0
LAPIN-LCI  Protein 99.99 41.0
LAPIN-LCI  Protein 99.98 44.0
LAPIN-LCI  Protein 99.98 43.0
LAPIN-LCI  Protein 99.98 43.0
LAPIN-LCI  Protein 99.98 43.0
LAPIN-LCI  Protein 99.98 43.0
LAPIN-LCI  Protein 99.97 51.0
LAPIN-LCI  Protein 99.97 51.0
LAPIN-LCI  Protein 99.97 51.0
LAPIN-LCI  Protein 99.97 51.0
LAPIN-LCI  Protein 99.97 52.0
LAPIN-LCI  Protein 99.96 68.0
LAPIN-LCI  Protein 99.96 68.0
LAPIN-LCI  Protein 99.96 68.0
LAPIN-LCI  Protein 99.96 68.0
LAPIN-LCI  Protein 99.96 68.0
LAPIN-LCI  Protein 99.95 111.0
LAPIN-LCI  Protein 99.95 111.0
LAPIN-LCI  Protein 99.95 111.0
LAPIN-LCI  Protein 99.95 111.0
LAPIN-LCI  Protein 99.95 111.0
LAPIN-LCI  Protein 99.94 206.0
LAPIN-LCI  Protein 99.94 207.0
LAPIN-LCI  Protein 99.94 207.0
LAPIN-LCI  Protein 99.94 207.0
LAPIN-LCI  Protein 99.94 207.0
LAPIN-LCI  Protein 99.93 413.0
LAPIN-LCI  Protein 99.93 412.0
LAPIN-LCI  Protein 99.93 413.0
LAPIN-LCI  Protein 99.93 413.0
LAPIN-LCI  Protein 99.93 413.0
LAPIN-LCI  Protein 99.92 850.0
LAPIN-LCI  Protein 99.92 849.0
LAPIN-LCI  Protein 99.92 849.0
LAPIN-LCI  Protein 99.92 849.0
LAPIN-LCI  Protein 99.92 848.0
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Table A.15: Execution Time Logs Of FOF On Protein Database

Algorithm Data Set  Min. Support(%) Execution Time(sec)

FOF Protein 99.99 1.996
FOF Protein 99.99 2.012
FOF Protein 99.99 2.012
FOF Protein 99.99 2.012
FOF Protein 99.98 20.56
FOF Protein 99.98 20.482
FOF Protein 99.98 20.451
FOF Protein 99.98 20.467
FOF Protein 99.97 95.113
FOF Protein 99.97 94.785
FOF Protein 99.97 94.785
FOF Protein 99.97 94.77
FOF Protein 99.96 295.932
FOF Protein 99.96 296.291
FOF Protein 99.96 296.416
FOF Protein 99.96 296.182
FOF Protein 99.95 755.275
FOF Protein 99.95 755.54
FOF Protein 99.95 755.384
FOF Protein 99.95 755.4
FOF Protein 99.94 1594.99
FOF Protein 99.94 1594.51
FOF Protein 99.94 1592.15
FOF Protein 99.94 1591.97
FOF Protein 99.93 3939.58
FOF Protein 99.93 3934.81
FOF Protein 99.93 3933.66
FOF Protein 99.93 3931.71
FOF Protein 99.92 7160.91
FOF Protein 99.92 7150.96
FOF Protein 99.92 7148.34
FOF Protein 99.92 7141.26
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Table A.16: Execution Time Logs Of FOF-ITER On Protein Datsd

Algorithm  Data Set  Min. Support(%) Execution Time(sec)

FOF-ITER Protein 99.99 1.918

FOF-ITER  Protein 99.99 1.918

FOF-ITER Protein 99.99 1.903

FOF-ITER  Protein 99.99 1.918

FOF-ITER Protein 99.98 16.348
FOF-ITER Protein 99.98 16.333
FOF-ITER Protein 99.98 16.348
FOF-ITER  Protein 99.98 16.426
FOF-ITER Protein 99.97 73.6

FOF-ITER Protein 99.97 73.616
FOF-ITER  Protein 99.97 73.616
FOF-ITER Protein 99.97 73.71

FOF-ITER  Protein 99.96 228.946
FOF-ITER Protein 99.96 228.899
FOF-ITER  Protein 99.96 229.039
FOF-ITER Protein 99.96 228.727
FOF-ITER Protein 99.95 582.505
FOF-ITER Protein 99.95 582.193
FOF-ITER Protein 99.95 583.831
FOF-ITER Protein 99.95 582.536
FOF-ITER Protein 99.94 1231.03
FOF-ITER Protein 99.94 1229.83
FOF-ITER Protein 99.94 1229.52
FOF-ITER Protein 99.94 1228.66
FOF-ITER Protein 99.93 3026.01
FOF-ITER Protein 99.93 3021.47
FOF-ITER Protein 99.93 3019.79
FOF-ITER Protein 99.93 3016.64
FOF-ITER Protein 99.92 5492.21
FOF-ITER  Protein 99.92 5491.43
FOF-ITER Protein 99.92 5479.09
FOF-ITER Protein 99.92 5477.95
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Table A.17: Execution Time Logs Of FOF-PT On Protein Databas

Algorithm Data Set Min. Support(%) Execution Time(sec)

FOF-PT Protein 99.99 1.684
FOF-PT Protein 99.99 1.684
FOF-PT Protein 99.99 1.669
FOF-PT Protein 99.99 1.684
FOF-PT Protein 99.99 1.669
FOF-PT Protein 99.98 8.127
FOF-PT Protein 99.98 8.112
FOF-PT Protein 99.98 8.096
FOF-PT Protein 99.98 8.096
FOF-PT Protein 99.98 8.174
FOF-PT Protein 99.97 28.688
FOF-PT Protein 99.97 28.672
FOF-PT Protein 99.97 28.688
FOF-PT Protein 99.97 28.704
FOF-PT Protein 99.97 28.688
FOF-PT Protein 99.96 91.884
FOF-PT Protein 99.96 92.024
FOF-PT Protein 99.96 91.774
FOF-PT Protein 99.96 92.367
FOF-PT Protein 99.96 91.743
FOF-PT Protein 99.95 239.6
FOF-PT Protein 99.95 239.71
FOF-PT Protein 99.95 239.429
FOF-PT Protein 99.95 239.71
FOF-PT Protein 99.95 239.819
FOF-PT Protein 99.94 511.166
FOF-PT Protein 99.94 511.946
FOF-PT Protein 99.94 511.415
FOF-PT Protein 99.94 511.868
FOF-PT Protein 99.94 512.102
FOF-PT Protein 99.93 1101.49
FOF-PT Protein 99.93 1102.38
FOF-PT Protein 99.93 1101.78
FOF-PT Protein 99.93 1101.53
FOF-PT Protein 99.93 1102.89
FOF-PT Protein 99.92 2022.17
FOF-PT Protein 99.92 2019
FOF-PT Protein 99.92 2020.14
FOF-PT Protein 99.92 2023.34
FOF-PT Protein 99.92 2022.46
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A.2 MULTI-ITEM EXPERIMENTS

A.2.1 Experiments on Sequence Databases with Alphabet Sit8

Tables from Table A.18 to Table A.23 present execution tiofabe algorithms PrefixSpan,
LAPIN-LCI and MULTI-FOF-PT on synthetic multi-item sequendatabases with alphabet

size 10.

Table A.18: Execution Time Logs of PrefixSpan on Multi-lteragBence Databases with
N=10, C=25, T=3

Algorithm Data Set Min. Support(%) Execution Time(sec)
Prefixspan C25T3S25I3N10D200k 99.0 5.413
Prefixspan C25T3S25I3N10D200k 99.0 5.382
Prefixspan C25T3S25I3N10D200k 99.0 5.382
Prefixspan C25T3S25I3N10D200k 97.0 15.959
Prefixspan C25T3S25I3N10D200k 97.0 15.865
Prefixspan C25T3S25I3N10D200k 97.0 15.788
Prefixspan C25T3S25I3N10D200k 95.0 29.437
Prefixspan C25T3S25I3N10D200k 95.0 29.016
Prefixspan C25T3S25I3N10D200k 95.0 28.985
Prefixspan C25T3S25I3N10D200k 93.0 45.989
Prefixspan C25T3S25I3N10D200k 93.0 45.957
Prefixspan C25T3S25I3N10D200k 93.0 45.926
Prefixspan C25T3S25I3N10D800k 99.0 95.971
Prefixspan C25T3S25I3N10D800k 99.0 95.894
Prefixspan C25T3S25I3N10D800k 99.0 95.488
Prefixspan C25T3S25I3N10D800k 97.0 265.591
Prefixspan C25T3S25I3N10D800k 97.0 265.559
Prefixspan C25T3S25I3N10D800k 97.0 265.481
Prefixspan C25T3S25I3N10D800k 95.0 437.331
Prefixspan C25T3S25I3N10D800k 95.0 435.989
Prefixspan C25T3S25I3N10D800k 95.0 435.568
Prefixspan C25T3S25I3N10D800k 93.0 627.746
Prefixspan C25T3S25I3N10D800k 93.0 627.511
Prefixspan C25T3S25I3N10D800k 93.0 626.044
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Table A.19: Execution Time Logs of LAPIN-LCI on Multi-ltemeguence Databases with
N=10, C=25, T=3

Algorithm Data Set Min. Support(%) Execution Time(sec)
LAPIN-LCI C25T3S25I13N10D200k 99.0 8.0
LAPIN-LCI C25T3S25I13N10D200k 99.0 8.0
LAPIN-LCI C25T3S25I13N10D200k 99.0 8.0
LAPIN-LCI C25T3S25I13N10D200k 97.0 9.0
LAPIN-LCI C25T3S25I3N10D200k 97.0 9.0
LAPIN-LCI C25T3S25I13N10D200k 97.0 9.0
LAPIN-LCI C25T3S25I3N10D200k 95.0 13.0
LAPIN-LCI C25T3S25I13N10D200k 95.0 13.0
LAPIN-LCI C25T3S25I3N10D200k 95.0 13.0
LAPIN-LCI C25T3S25I13N10D200k 93.0 19.0
LAPIN-LCI C25T3S25I3N10D200k 93.0 19.0
LAPIN-LCI C25T3S25I3N10D200k 93.0 18.0
LAPIN-LCI C25T3S25I13N10D800k 99.0 33.0
LAPIN-LCI C25T3S25I3N10D800k 99.0 31.0
LAPIN-LCI C25T3S25I13N10D800k 99.0 30.0
LAPIN-LCI C25T3S25I3N10D800k 97.0 37.0
LAPIN-LCI C25T3S25I13N10D800k 97.0 36.0
LAPIN-LCI C25T3S25I3N10D800k 97.0 36.0
LAPIN-LCI C25T3S25I13N10D800k 95.0 53.0
LAPIN-LCI C25T3S25I3N10D800k 95.0 53.0
LAPIN-LCI C25T3S25I13N10D800k 95.0 52.0
LAPIN-LCI C25T3S25I13N10D800k 93.0 79.0
LAPIN-LCI C25T3S25I13N10D800k 93.0 79.0
LAPIN-LCI C25T3S25I13N10D800k 93.0 79.0
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Table A.20: Execution Time Logs of MULTI-FOF-PT on Multieiin Sequence Databases
with N=10, C=25, T=3

Algorithm Data Set Min. Support(%) Execution Time(sec)
MULTI-FOF-PT C25T3S25I13N10D200k 99.0 0.733
MULTI-FOF-PT C25T3S25I13N10D200k 99.0 0.733
MULTI-FOF-PT C25T3S25I13N10D200k 99.0 0.717
MULTI-FOF-PT C25T3S25I13N10D200k 97.0 2.995
MULTI-FOF-PT C25T3S25I3N10D200k 97.0 2.995
MULTI-FOF-PT C25T3S25I13N10D200k 97.0 2.979
MULTI-FOF-PT C25T3S25I3N10D200k 95.0 10.764
MULTI-FOF-PT C25T3S25I13N10D200k 95.0 10.748
MULTI-FOF-PT C25T3S25I3N10D200k 95.0 10.748
MULTI-FOF-PT C25T3S25I13N10D200k 93.0 21.122
MULTI-FOF-PT C25T3S25I3N10D200k 93.0 21.091
MULTI-FOF-PT C25T3S25I3N10D200k 93.0 21.044
MULTI-FOF-PT C25T3S25I13N10D800k 99.0 2.683
MULTI-FOF-PT C25T3S25I3N10D800k 99.0 2.683
MULTI-FOF-PT C25T3S25I13N10D800k 99.0 2.683
MULTI-FOF-PT C25T3S25I3N10D800k 97.0 11.388
MULTI-FOF-PT C25T3S25I13N10D800k 97.0 11.388
MULTI-FOF-PT C25T3S25I3N10D800k 97.0 11.372
MULTI-FOF-PT C25T3S25I13N10D800k 95.0 43.165
MULTI-FOF-PT C25T3S25I3N10D800k 95.0 43.009
MULTI-FOF-PT C25T3S25I13N10D800k 95.0 42.915
MULTI-FOF-PT C25T3S25I13N10D800k 93.0 88.03
MULTI-FOF-PT C25T3S25I13N10D800k 93.0 87.984
MULTI-FOF-PT C25T3S25I13N10D800k 93.0 87.984
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Table A.21: Execution Time Logs of PrefixSpan on Multi-lteragBence Databases with
N=10, C=25, T=7

Algorithm Data Set Min. Support(%) Execution Time(sec)
Prefixspan C25T7S2517N10D200k 99.3 576.749
Prefixspan C25T7S2517N10D200k 99.3 575.111
Prefixspan C25T7S2517N10D200k 99.3 573.176
Prefixspan C25T7S2517N10D200k 99.1 940.744
Prefixspan C25T7S2517N10D200k 99.1 939.012
Prefixspan C25T7S2517N10D200k 99.1 938.420
Prefixspan C25T7S2517N10D200k 99.0 1139.161
Prefixspan C25T7S2517N10D200k 99.0 1138.537
Prefixspan C25T7S2517N10D200k 99.0 1136.837
Prefixspan C25T7S2517N10D200k 97.0 19721.086
Prefixspan C25T7S2517N10D200k 97.0 19721.086
Prefixspan C25T7S2517N10D200k 97.0 19685.877
Prefixspan C25T7S25I7N10D800k 99.7 2265.530
Prefixspan C25T7S2517N10D800k 99.7 2265.124
Prefixspan C25T7S2517N10D800k 99.7 2264.765
Prefixspan C25T7S2517N10D800k 99.5 4604.722
Prefixspan C25T7S2517N10D800k 99.5 4594.926
Prefixspan C25T7S2517N10D800k 99.5 4594 .317
Prefixspan C25T7S2517N10D800k 99.3 8220.404
Prefixspan C25T7S2517N10D800k 99.3 8213.851
Prefixspan C25T7S2517N10D800k 99.3 8206.441

Table A.22: Execution Time Logs of LAPIN-LCI on Multi-ltemeguence Databases with
N=10, C=25, T=7

Algorithm Data Set Min. Support(%) Execution Time(sec)
LAPIN-LCI C25T7S2517N10D200k 99.0 266.0
LAPIN-LCI C25T7S2517N10D200k 99.0 265.0
LAPIN-LCI C25T7S2517N10D200k 99.0 265.0
LAPIN-LCI C25T7S2517N10D200k 97.0 6818.0
LAPIN-LCI C25T7S2517N10D200k 97.0 6818.0
LAPIN-LCI C25T7S2517N10D200k 97.0 6813.0
LAPIN-LCI C25T7S2517N10D200k 99.3 104.0
LAPIN-LCI C25T7S2517N10D200k 99.3 104.0
LAPIN-LCI C25T7S2517N10D200k 99.3 103.0
LAPIN-LCI C25T7S2517N10D200k 99.1 202.0
LAPIN-LCI C25T7S2517N10D200k 990.1 202.0
LAPIN-LCI C25T7S2517N10D200k 99.1 202.0
LAPIN-LCI C25T7S2517N10D800k 99.7 86.0
LAPIN-LCI C25T7S2517N10D800k 99.7 86.0
LAPIN-LCI C25T7S2517N10D800k 99.7 86.0
LAPIN-LCI C25T7S2517N10D800k 99.5 198.0
LAPIN-LCI C25T7S2517N10D800k 99.5 198.0
LAPIN-LCI C25T7S2517N10D800k 99.5 198.0
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Table A.23: Execution Time Logs of MULTI-FOF-PT on Multieiin Sequence Databases
with N=10, C=25, T=7

Algorithm Data Set Min. Support(%) Execution Time(sec)
MULTI-FOF-PT C25T7S2517N10D200k 99.3 113.552
MULTI-FOF-PT C25T7S2517N10D200k 99.3 113.505
MULTI-FOF-PT C25T7S2517N10D200k 99.3 113.474
MULTI-FOF-PT C25T7S2517N10D200k 990.1 205.514
MULTI-FOF-PT C25T7S2517N10D200k 990.1 204.734
MULTI-FOF-PT C25T7S2517N10D200k 99.1 204.641
MULTI-FOF-PT C25T7S2517N10D200k 99.0 258.211
MULTI-FOF-PT C25T7S2517N10D200k 99.0 257.806
MULTI-FOF-PT C25T7S2517N10D200k 99.0 257.509
MULTI-FOF-PT C25T7S2517N10D200k 97.0 6477.08
MULTI-FOF-PT C25T7S2517N10D200k 97.0 6477.08
MULTI-FOF-PT C25T7S2517N10D200k 97.0 6402.91
MULTI-FOF-PT C25T7S2517N10D800k 99.7 64.708
MULTI-FOF-PT C25T7S2517N10D800k 99.7 64.63
MULTI-FOF-PT C25T7S2517N10D800k 99.7 64.552
MULTI-FOF-PT C25T7S2517N10D800k 99.5 231.364
MULTI-FOF-PT C25T7S2517N10D800k 99.5 230.849
MULTI-FOF-PT C25T7S2517N10D800k 99.5 230.584
MULTI-FOF-PT C25T7S2517N10D800k 99.3 480.652
MULTI-FOF-PT C25T7S2517N10D800k 99.3 478.39
MULTI-FOF-PT C25T7S2517N10D800k 99.3 478.062

89



Table A.24: Execution Time Logs of PrefixSpan on Databas#s Mi= 500

Algorithm Data Set Min. Support(%) Execution Time(sec)
PrefixSpan C25T7S2517N500D200k 30.0 108.997
PrefixSpan C25T7S2517N500D200k 30.0 108.857
PrefixSpan C25T7S2517N500D200k 30.0 108.654
PrefixSpan C25T7S2517N500D200k 20.0 304.076
PrefixSpan C25T7S2517N500D200k 20.0 303.546
PrefixSpan C25T7S2517N500D200k 20.0 303.140
PrefixSpan C25T3S25I3N500D200k 30.0 1.404
PrefixSpan C25T3S25I13N500D200k 30.0 1.389
PrefixSpan C25T3S25I3N500D200k 30.0 1.388
PrefixSpan C25T3S25I13N500D200k 20.0 3.307
PrefixSpan C25T3S25I3N500D200k 20.0 3.307
PrefixSpan C25T3S25I13N500D200k 20.0 3.292
PrefixSpan C25T3S25I13N500D200k 10.0 10.233
PrefixSpan C25T3S25I3N500D200k 10.0 10.202
PrefixSpan C25T3S25I13N500D200k 10.0 10.187
PrefixSpan C25T3S25I3N500D800k 30.0 15.351
PrefixSpan C25T3S25I13N500D800k 30.0 15.320
PrefixSpan C25T3S25I3N500D800k 30.0 15.319
PrefixSpan C25T3S25I13N500D800k 20.0 68.203
PrefixSpan C25T3S25I3N500D800k 20.0 67.813
PrefixSpan C25T3S25I13N500D800k 20.0 67.502
PrefixSpan C25T3S25I13N500D800k 10.0 128.716
PrefixSpan C25T3S25I13N500D800k 10.0 128.669
PrefixSpan C25T3S25I13N500D800k 10.0 128.482

A.2.2 Experiments on Sequence Databases with Alphabet Siz80

Tables from Table A.24 to Table A.26 present execution tiofabe algorithms PrefixSpan,
LAPIN-LCI and MULTI-FOF-PT on synthetic multi-item sequendatabases with alphabet
size 500.
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Table A.25: Execution Time Logs of LAPIN-LCI on Databaseshal = 500

Algorithm Data Set Min. Support(%) Execution Time(sec)
LAPIN-LCI C25T7S2517N500D200k 30.0 64.0
LAPIN-LCI C25T7S25I7N500D200k 30.0 64.0
LAPIN-LCI C25T7S2517N500D200k 30.0 64.0
LAPIN-LCI C25T7S2517N500D200k 20.0 243.0
LAPIN-LCI C25T7S25I7N500D200k 20.0 242.0
LAPIN-LCI C25T7S2517N500D200k 20.0 236.0
LAPIN-LCI C25T3S25I3N500D200k 30.0 11.0
LAPIN-LCI C25T3S25I3N500D200k 30.0 10.0
LAPIN-LCI C25T3S25I3N500D200k 30.0 10.0
LAPIN-LCI C25T3S25I3N500D200k 20.0 16.0
LAPIN-LCI C25T3S25I3N500D200k 20.0 15.0
LAPIN-LCI C25T3S25I3N500D200k 20.0 15.0
LAPIN-LCI C25T3S25I3N500D200k 10.0 37.0
LAPIN-LCI C25T3S25I3N500D200k 10.0 37.0
LAPIN-LCI C25T3S25I3N500D200k 10.0 37.0
LAPIN-LCI C25T3S25I3N500D800k 30.0 41.0
LAPIN-LCI C25T3S25I3N500D800k 30.0 41.0
LAPIN-LCI C25T3S25I3N500D800k 30.0 41.0
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Table A.26: Execution Time Logs of MULTI-FOF-PT on Datalmgéth N = 500

Algorithm Data Set Min. Support(%) Execution Time(sec)
MULTI-FOF-PT C25T7S2517N500D200k 30.0 1746.16
MULTI-FOF-PT C25T7S2517N500D200k 30.0 1740.87
MULTI-FOF-PT C25T7S2517N500D200k 30.0 1740.85
MULTI-FOF-PT C25T7S2517N500D200k 20.0 9317.97
MULTI-FOF-PT C25T7S2517N500D200k 20.0 9307.74
MULTI-FOF-PT C25T7S2517N500D200k 20.0 9305.07
MULTI-FOF-PT C25T3S25I13N500D200k 30.0 19.032
MULTI-FOF-PT C25T3S25I13N500D200k 30.0 19
MULTI-FOF-PT C25T3S25I13N500D200k 30.0 18.969
MULTI-FOF-PT C25T3S25I13N500D200k 20.0 169.01
MULTI-FOF-PT C25T3S25I13N500D200k 20.0 168.854
MULTI-FOF-PT C25T3S25I13N500D200k 20.0 168.074
MULTI-FOF-PT C25T3S25I13N500D200k 10.0 1111.16
MULTI-FOF-PT C25T3S25I13N500D200k 10.0 1111.05
MULTI-FOF-PT C25T3S25I13N500D200k 10.0 1109.47
MULTI-FOF-PT C25T3S25I13N500D800k 30.0 75.364
MULTI-FOF-PT C25T3S25I13N500D800k 30.0 75.348
MULTI-FOF-PT C25T3S25I13N500D800k 30.0 75.332
MULTI-FOF-PT C25T3S25I13N500D800k 20.0 692.828
MULTI-FOF-PT C25T3S25I13N500D800k 20.0 692.454
MULTI-FOF-PT C25T3S25I13N500D800k 20.0 692.298
MULTI-FOF-PT C25T3S25I13N500D800k 10.0 4461.05
MULTI-FOF-PT C25T3S25I13N500D800k 10.0 4460.89
MULTI-FOF-PT C25T3S25I13N500D800k 10.0 4460.05
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