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Computer Engineering Dept., METU
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ABSTRACT

A NEW WAP-TREE BASED SEQUENTIAL PATTERN MINING ALGORITHM FOR
FASTER PATTERN EXTRACTION

Önal, Kezban Dilek

M.S., Department of Computer Engineering

Supervisor : Assoc. Prof. Dr. Pınar Şenkul

September 2012, 92 pages

Sequential pattern mining constitutes a basis for solutionof problems in various domains like

bio-informatics and web usage mining. Research on this fieldcontinues seeking faster al-

gorithms. WAP-Tree based algorithms that emerged from web usage mining literature have

shown a remarkable performance on single-item sequence databases. In this study, we inves-

tigated application of WAP-Tree based mining to multi-itemsequential pattern mining and

we designed an extension of WAP-Tree data structure for multi-item sequence databases, the

MULTI-WAP-Tree. In addition, we propose a new mining strategy on WAP-Tree which in-

volves a hybrid traversal strategy in possible sequences search space and a new early prunning

idea called Sibling Principle on Pattern Tree. Two algorithms, FOF-PT and MULTI-FOF-PT,

applying this strategy on WAP-Tree and MULTI-WAP-Tree respectively, are developed. Ex-

periments showed that FOF-PT outperforms both other WAP-Tree based algorithms and Pre-

fixSpan in terms of execution time. Moreover, experimental results revealed MULTI-FOF-PT

finds patterns faster than PrefixSpan on dense multi-item sequence databases with small al-

phabets.
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ÖZ

HIZLI ÖRÜNTÜ ÇIKARIMI İÇİN WAP-AĞACI TABANLI YEN İ BİR DİZİSEL
ÖRÜNTÜ MADENCİL İĞİ ALGORİTMASI

Önal, Kezban Dilek

Yüksek Lisans, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi : Doç. Dr. Pınar Şenkul

Eylül 2012, 92 sayfa

Dizisel örüntü madenciliği, biyoenformatik ve web kullanım madenciliği gibi farklı alanlar-

daki problemlerin çözümünde temel teşkil etmektedirve daha hızlı dizisel örüntü madenciliği

algoritmalar arayışıyla bu alandaki araştırmalar devametmektedir. Web kullanım madenciliği

literatüründen çıkan WAP-Ağacı temelli algoritmalar, tekli dizi veritabanları üzerinde dikkat

çekici bir performans göstermişlerdir. Bu tez kapsamında, WAP-Ağacı veri yapısının çoklu

/ genel dizi madenciliğine uygulanması araştırılmıştırve WAP-Ağacı’nın çoklu dizi verita-

banları için bir uyarlaması olan Çoklu-WAP-Ağacı tasarlanmıştır. Bunun yanı sıra, WAP-

Ağacı üzerinde çalışan bir veri madenciliği yöntemiönerilmiştir. Önerilen yöntem, olası

diziler arama uzayında melez bir gezinti stratejisi ve ör¨untü ağacında kardeşlik prensibi adlı

bir erken budama fikri içerir. Bu fikri sırasıyla WAP-Ağacıve Çoklu-WAP-Ağacına uygu-

layan FOF-PT ve MULTI-FOF-PT adlı iki algoritma geliştirilmiştir. Yapılan deneyler FOF-

PT algoritmasının hem diğer WAP-Ağacı temelli algoritmalardan hem de PrefixSpan’dan

çalışma zamanı açısından üstün olduğunu göstermis¸tir. Deneylerde, MULTI-FOF-PT algo-

ritmasının da küçük alfabeli yoğun çoklu veritabanlarında PrefixSpan’dan daha hızlı çalıştığı

gözlemlenmiştir.
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This study was supported by TÜBİTAK via the Support Programme for Scientific and Tech-

nological Research Projects (1001).

ix



TABLE OF CONTENTS

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv
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CHAPTER 1

INTRODUCTION

Sequential pattern mining, extraction of frequent sequential patterns in sequence databases,

constitutes a basis for solution of various problems in different domains [1]. Web usage min-

ing and bioinformatics are the examples of the areas on whichsequential pattern mining is

applied. Sequential pattern mining applied to web usage data reveals user navigation patterns

on web sites and these patterns can guide recommendation [2], web site design [3] and per-

sonalization [4] processes. In bioinformatics, sequential patterns provide valuable knowledge

about protein and gene structures [5], [6], [7], [8]. In addition, sequential pattern mining has

applications in intrusion detection [9], education [10], telecommunications [11] and mobile

commerce [12].

Properties of sequence databases subjected to sequential pattern mining vary among different

domains. One important specific case of sequential pattern mining is single-item sequential

pattern mining, which is the case in nucleotide sequences, amino acid sequences in bioinfor-

matics and web usage data in web mining. Single-item sequence databases, differently, have

only one item in each transaction. General/multi-item sequential pattern mining algorithms

can mine single-item sequence databases, however, single-item sequential pattern mining al-

gorithms cannot mine multi-item databases.

A considerable amount of literature has been published on both general/multi-item and single-

item sequential pattern mining problems. Despite the effort spent so far, still there is need for

faster algorithms and efficient data structures since the amount of data collected increases

with advances in technology.

WAP-Tree based algorithms have shown remarkable executiontime performance on single-

item sequential pattern mining [13]. WAP-Tree is a compact data structure for representing

1



single-item sequence databases [14]. Several different strategies have been proposed to do

efficient mining on WAP-Tree yet FOF is the fastest among previous WAP-Tree based algo-

rithms [15]. Inspired by success of the WAP-Tree data structure and FOF algorithm on single-

item sequential pattern mining, we designed two new WAP-Tree based algorithms FOF-PT

and MULTI-FOF-PT, one for single-item sequential pattern mining and the other for general,

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

FOF-PT (FOF-Pattern Tree), the single-item sequential pattern mining algorithm we pro-

pose, is built upon the FOF algorithm. FOF algorithm traverses the search space of possi-

ble sequences with pure depth first strategy and cannot prunethe search space. Differently

from FOF, FOF-PT algorithm adopts a hybrid of depth first - breadth first search traver-

sal in sequence search space and employs an early prunning idea expressed in terms of the

pattern tree.

MULTI-FOF-PT, the multi-item sequential pattern mining algorithm we propose, is the first

WAP-Tree based multi-item sequential pattern mining algorithm in the literature. MULTI-

FOF-PT represents sequence databases as MULTI-WAP-Tree and follows the mining strategy

of FOF-PT except minor adaptations for multi-item case. MULTI-WAP-Tree is an extended

WAP-Tree designed to encode multi-item sequence databases. In other words, MULTI-FOF-

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

In this study, we performed a large set of experiments for analysing execution time perfor-

mance of the algorithms we propose. We compared FOF-PT with both previous WAP-Tree

based algorithms and state of the art multi-item sequentialpattern mining algorithms. This

type of experiments are rare in the literature. An analysis of execution time of FOF compared

to multi-item algorithms PrefixSpan and LAPIN-LCI is for thefirst time presented in this

thesis.

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

literature:

• A new WAP-Tree based single-item sequential pattern miningalgorithm: FOF-PT

• A new tree based multi-item/ general sequential pattern mining algorithm: MULTI-

FOF-PT

2



• An extension of WAP-Tree able to represent multi-item sequence databases: the MULTI-

WAP-Tree

• Comprehensive set of experiments on execution time and memory consumption per-

formance of sequential pattern mining algorithms including PrefixSpan, 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 and describe our motivation.

• In Chapter 3, we introduce the single-item sequential pattern mining algorithm we pro-

pose: FOF-PT.

• In Chapter 4, we introduce MULTI-FOF-PT, the algorithm we propose for for general

/ multi-item sequential pattern mining.

• Chapter 5 presents experimental results on execution time performance and memory

consumption of FOF-PT and MULTI-FOF.

• Finally, we conclude by summarizing our work discussing future directions in the Chap-

ter 6.

3



CHAPTER 2

RELATED WORK

Related work on Sequential Pattern Mining problem is presented in three sections. Firstly,

formal definition of sequential pattern mining is given, challenges the problem involves are

introduced and single-item sequential pattern mining is introduced as a sub-case of sequential

pattern mining problem. Secondly, general approaches to problem and previous algorithms

are presented. Finally, a section is devoted to WAP-Tree based algorithms for single-item

sequential pattern mining, which inspired our study for multi-item extension.

2.1 Problem Definition

2.1.1 Sequential Pattern Mining

Sequential pattern mining is extraction of sequences that occur at least as frequent as the

minimum support in a sequence database. Given a sequence database (D) and a minimum

support value (minSupport), sequential pattern mining aims to output the complete set of

frequent sequences in D under minSupport.

A sequence databaseD is a collection of tuples (id, s) whereid is sequence id ands is se-

quence. Sequence ids are unique in the database. Asequenceis an ordered list of events

(transactions) and eachevent is a set of items drawn from analphabet A. The set of all

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

A sequences is f requentin a databaseD if its support,support(s), is greater than or equal to

minS upport. Support of a sequences in D, support(s), is the fraction of sequences inD that

containsas asubsequence. A sequences1 = e1e2...ek with k events issubsequenceof another
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Table 2.1: Sample Sequence Database

Id S equence
1 (a)(bd)(acd)
2 (b)(cd)
3 (ef)
4 (a)(b)(c)(d)
5 (ef)(abc)(bcd)(a)(f)
6 (ac)(bcd)(ab)

sequences2 = t1t2...tn if there exists a list ofk integersm1,m2, ..,mk such thate1 ⊆ tm1 ∧

e1 ⊆ tm2 ∧ ...ek ⊆ tmk.

To clarify with an example, the sample database given in Table 2.1 has 6 sequences with

sequence ids in range [1-6]. The alphabet of the database isA = {a, b, c, d, e, f } and the

sequences in the database are made up of these 6 items inA. First sequence in this database

(a)(bd)(acd) consists of three eventse1 = (a), e2 = (bd), e3 = (acd). Each of the events has

different number of items: 1, 2 and 3, respectively. Support of the sequence (b)(cd) is 0.5 since

it is subsequence of three sequences, which are the ones withid 1,2 and 5, out of 6 sequences..

This sequence is classified as frequent when given minimum support is below its support. For

example, this sequence is frequent when minimum support value is 0.4. However, it is no

more frequent if minimum support is increased to 0.6.

2.1.2 Single-Item Versus Multi-Item Sequential Pattern Mining

The formal definition of sequential pattern mining given above presents the most general

form of the problem. However, in some applications of sequential pattern mining, there are

constraints on the input sequence database or on the properties of the frequent sequences.

For example, although the above definition does allow frequent sequences with gaps, some

domains require finding only contiguous frequent sequences.

In web usage mining, sequential pattern mining is applied with a constraint on transaction

size. Web usage mining is the branch of web mining which dealswith understanding user

traversal patterns by mining the web usage data [16]. In web usage data, each sequence

corresponds to traversal of a user in pages of a web site in a session and each transaction cor-

responds to a a page visit in that session. Since a user can visit only one page, the transactions
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have one and only one item. This form of sequence database is also common in bioinfor-

matics, in DNA sequences [5], [7] or protein sequences [6], [8]. This specific case of the

sequential pattern mining problem with fixed transaction size 1 is referred asSingle-Item Se-

quential Pattern Mining. In accordance with this naming, general sequential pattern mining

problem is referred asMulti-Item Sequential Pattern Mining

All solutions to multi-item sequential pattern mining can also handle single-item sequential

pattern mining cases. However, the characteristics of single-item sequence databases simplify

the problem from some aspects and much more efficient algorithms to this specific case has

been developed as we will describe in detail in the next section.

2.1.3 Challenges

All the sequential pattern mining algorithms algorithms face the three basic challenges of

sequential pattern mining: large search space, support counting, intermediate results mainte-

nance.

Large Search Space Sequential pattern mining problem solutions label each possible se-

quence that can be built from database alphabet as either frequent or non-frequent. The num-

ber of possible sequences from an alphabet, grows exponentially with respect to size of the

alphabet. Number of possible k-length sequences is 2k ∗ ak when a is the size of the alphabet.

The search space of multi-item sequences that can be generated by using items from an al-

phabet{a,b} is partially represented in lexicographic tree in Figure 2.1.

Every sequential pattern mining algorithm has a strategy totraverse this large search space of

sequences. Zaki considers sequential pattern mining problem as an enumeration problem [17]

in the sequence search space. There exists two traversal strategies used by state of the art algo-

rithms: depth first or breadth first traversal of the lexicographic tree. When the lexicographic

tree is scanned in breadth first manner, length k+1 sequences are checked for frequency after

all the length k sequence checks are completed.

It is time consuming to scan such a large number of sequences one by one and to compute

support of each. Therefore, strategies are needed to minimize the number of support count-
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Figure 2.1: Lexicographic Sequence Tree

ing operations during search space. Sequential pattern mining algorithms use properties of

sequences to predict frequency of a sequence using information about already processed se-

quences. Since search spaces are extremely large, techniques to filter some sequences without

computing its support is necessary. This is calledearly prunning.

Support Counting Support counting is computing support value of a sequence. Besides the

explosive number of possible sequences, determining the support of each sequence is another

challenge of sequential pattern mining. After a search space traversal strategy is set, support

of each sequence is computed to decide if it is frequent or not. Initial algorithms Apriori-

All [18] and GSP [19] scan the whole database once for counting support of each sequence.

This approach is not feasible since sequence databases may contain millions of sequences.

Comparatively, algorithms associated with new data structures like vertical projection [17]

or WAP-Trees [20], [15] can do support counting more efficiently. An alternative solution

is proposed by pattern growth approach: projected databases. The 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 from already scanned sections can be used

to reach conclusions about non visited sections. Early prediction about some portions of

search space may improve algorithm performance but the improvement highly depends on

how the intermediate information is stored, updated and accessed during mining. Effective

data structures are necessary since size of intermediate information increases directly pro-
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portional to search space size. Designing compact and efficient data structures is crucial to

sequential pattern mining as it attacks two challenges at the same time, both support counting

and intermediate results maintenance.

2.2 Sequential Pattern Mining Algorithms

The list of most notable sequential pattern mining algorithms in the literature is given in Table

2.2. It is crucial to note that algorithms in the list solve multi-item sequential pattern mining.

Algorithms which can handle only specific cases like single-item sequential pattern mining

are not presented in the table. Single-item sequential pattern mining algorithms are discussed

in Section 2.3.

Table 2.2: Multi-Item Sequential Pattern Mining Algorithms

Year Algorithm
1995 Problem definition and AprioriAll [18]
1996 GSP [19]
2000 Freespan [21]
2000 PrefixSpan [14]
2001 SPADE [17]
2002 SPAM [22]
2004 DISC-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 four different paradigms for sequential

pattern mining problem. First of all, Apriori-All [18], combining generate-candidate and test

andapriori principle was introduced together with the problem definition. Apriori-All [18]

and GSP [19] are based on theapriori principle which is a simple and intuitive yet effective

idea for prunning search space. Apriori principle states that all sub-sequences of a frequent

sequence must be frequent. Algorithms exploit this fact to prune search space by basing

decision for a sequence on its sub-sequences. Apriori idea is adopted by not only in apriori

based algorithms but is implicitly or explicitly embedded in all categories of sequential pattern

mining algorithms.

8



Secondly, Zaki [17] introduced vertical projection representation for sequence databases with

SPADE algorithm. Although SPADE algorithms leverage apriori principle and follow gener-

ate candidate and test approach of Apriori-All and GSP, it does support counting much more

efficient than Apriori-All and GSP owing to vertical projection.

Thirdly, Pei introduced first pattern growth algorithms FreeSpan [21] and PrefixSpan [28].

Pattern growth approach, differently from earlier algorithms, introduces the concept ofpro-

jected databases and grows patterns instead of generating ahuge set of candidates. Projected

database for a strings is the set of sequences which contains as a subsequence, namely sup-

ports the sequence. Pattern growth algorithms, recursively do mining on projected databases

while growing the pattern. In other words, pattern growth approach creates projected database

for every frequent patternp found and mine the patterns in this projected database to output

patterns havingp as a prefix. Projected databases decrease the size of database scans since

projected databases shrink as patterns grow. In addition, pattern growth algorithms do not cre-

ate a set of candidates; instead, they find items that can extend a frequent pattern to another

frequent pattern.

Finally, in 2006 Yang came up with a new simple idea LAPIN (Last Position Index) [29] to

prune search space for pattern growth algorithms. LAPIN idea has been shown to perform

better than previous approaches [29] in dense databases.

In accordance with these four different approaches to problem, we will present previous se-

quential pattern mining algorithms under following four categories similar to the taxonomy

given in [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 Table 2.3. In the following sections,

each approach will be explained briefly and algorithms in thecategory will be presented.
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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 apriori principle [18]. The algorithms in

this category follow agenerate-candidate-and-teststrategy together with apriori principle and

use horizontal database representation, which is the form of the database defined in previous

section.

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

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

To illustrate, if the sequences = (1)(2)(3) has support 5 and is frequent, then all of its

sub-sequences (1), (2), (3), (1)(2), (1)(3), (2)(3) are also frequent since their support is at least

equal to 5. The sub-sequences ofs are present in all the sequencess is found. From the

inverse point of view, apriori principle can be interpretedas ”if any of the sub-sequences of a

sequence is not frequent, it can be deduced without support counting that this sequence is not

frequent.”. For example, if (1)(3) is not frequent, there isno need to check count of (1)(2)(3),

it is non frequent according to apriori principle.

General structure of apriori based algorithms is depicted in Algorithm 1. These algorithms tra-

verse the lexicographic sequence tree in Figure 2.1 in a breadth first manner. Mining process

starts with finding length 1 frequent sequences or frequent items at first level. The algorithms,

iteratively, generate the set of candidates length k+1 from the set of frequent patterns of length

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

no new candidates.

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

Scan the database to find the frequent items.

Initialize S eedS et← S et o f f requent items(Length1 patterns)

repeat

Initialize patternLength← patternLength+ 1, CandidateS et← ∅

Generate length k+1 candidate sequencesCandidateS etfrom S eedS et

PruneCandidateS etusing apriori principle

Scan database D to compute support of candidate sequences

for eachc in CandidateS etdo

if support(s) < minS upportthen

Removec from CandidateS et

else

Outputc as a frequent pattern

end if

end for

S eedS et← CandidateS et

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

Under this general structure, the number of candidates increases exponentially with respect to

alphabet size and candidate length. Although apriori principle helps prunning this huge set of

candidates, it is inadequate. This explosive number of candidates and multi-pass strategy for

support counting are the basic disadvantages of the aprioribased algorithms.

2.2.2 Vertical Projection Based Algorithms

Vertical projection algorithms do mining on vertical projection of a database instead of the

horizontal representation. Horizontal representation isthe form of the database introduced in

the definition of sequential pattern mining, given in Section 2.1. Vertical projection keeps list

of all positions of each alphabet item in the database. A position in the database is encoded

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

Id S equence
1 (ab)(c)
2 (a)(b)
3 (abc)

sequence and transaction id it is located is added to its position list. 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 Table2.4

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

Vertical representation was first introduced to sequentialpattern mining problem with SPADE

[17]. SPADE, like apriori based algorithms, follow thegenerate-candidate-teststrategy. The

feature of the algorithms in this category which improves algorithm’s running time efficiency

is that support counting can be done more easily by operations on position id lists compared to

multiple database scans of the apriori based algorithms. Support of a pattern is the size of its

position list. Position lists of larger sequences can be obtained by set operations like intersec-

tion on position lists. Vertical projection based algorithms require an initial database scan to

convert horizontal representation to vertical representation. After the vertical representation

is obtained horizontal representation is no more needed.

Following SPADE, the algorithm SPAM [22] was proposed. SPAM, represents position lists

of SPADE as bitmaps and do support counting by bitwise operations on these bitmaps. HVSM

(First-Horizontal-Last-Vertical Sequence Mining) [24],is similar to SPAM but applies a hy-

brid traversal strategy of DFS and BFS on the sequence searchspace and performs support

counting with additional heuristics. Finally, the latest vertical projection based algorithm

PRISM (Prime Encoding Based Sequence Mining) [27] introduces a new novel vertical pro-

jection method called primal block encoding. Primal block encoding depends on prime fac-

torization theory and can encode the positions of items and patterns in the database in a very

compact structure.
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2.2.3 Pattern Growth Algorithms

Freespan [21] is the first algorithm proposed in this category. Pei, after Freespan, came up

with another pattern growth algorithm PrefixSpan [14] whichis one of the most commonly

used algorithms in sequential pattern mining. Pattern growth algorithms, follow divide and

conquer paradigm [30]. Sequence database is recursively divided by means of projected

databases and mining process can be done on each projected database independently. In-

stead of generate candidate and test approach of earlier algorithms, pattern growth is adopted:

patterns are grown one by one with frequent items in the projected database.

Pattern growth algorithms may grow suffixes or prefixes. We will describe prefix growing

approach here for simplicity but suffix growing can be traced similarly. To introduce the

concept of projected databases, it is necessary to define thetermssu f f ixand pre f ix. Prior

to definitions, note that PrefixSpan assumes that the items ina transaction is in alphabetically

ascending order.

A sequencep = e1e2..em is aprefix of another sequencey = t1t2..tn if and only if m <= n,

ei = ti while i <= m−1, em ⊆ tm and all the items inem\ tm are alphabatically greater than the

largest item inem [30]. Suffix of y with respect top is s= (tm\em)tm+1...tn [30]. For instance,

(a)(bc) is a prefix of (a)(bcd)(e)( f g), whereas (a)(bd) is not. Suffix of (a)(bcd)(e)( f g) with

respect to (a)(bc) is (d)(e)( f g). Finally, projected database for prefixα, which is denoted as

α-projected database, is the suffixes of sequences in the sequence database wrt to the prefix

α.

Pattern growth algorithms base whole mining process on the Lemma 2.2.1 from [30]. This

helps shrinking the size of the database as the frequent patterns get longer.

Lemma 2.2.1 Support of s=α.β is equal to support ofβ in α-projected database.

In order to describe the spirit of pattern growth algorithmswe present the PrefixSpan trace for

the sample database given in Table 2.6 in Figure 2.2. The trace is obtained when PrefixSpan is

called withminS upport0.5. Figure 2.2 should be read from left to right as a tree of projected

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

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

Id S equence
1 (a)(b)(d)(a)
2 (a)(d)
3 (a)(bd)
4 (bd)(a)
5 (bd)(a)(d)
6 (d)(bd)(d)(d)

emptyǫ. Each edge from parent to child represents a pattern growth and a recursive call to

PrefixSpan. On each PrefixSpan call on a projected database, first of all, the frequent items

are found with an initial database scan. In the second database scan, projected databases for

all frequent items are constructed. Finally, recursive calls are done to PrefixSpan with the

newly constructed projected databases. It is obvious that pattern of the child database is one

item grown version of the pattern of the parent database.S labeled edges represent sequence

extensions in which the new item is appended as a new transaction, whereas inI labeled

edges,in itemset extensions, item is appended to the last transaction of the pattern of the

parent database. Base case for recursion is when there are nofrequent items in the projected

database like in the rightmost projected databases. The general structure of prefix-growing

algorithms is given in Algorithm 2.

Algorithm 2 Prefix Growth Algorithm
function PrefixGrowthAlgorithm(sequence database:D, pattern :p)

ScanD once to find frequent items

for each frequent itemx do

CreateDp.x: p.x-projected database

end for

for each frequent itemx do

PrefixGrowthAlgorithm(Dp.x,p.x)

end for

end function

Pattern growth algorithms propose an alternative approachof candidate-generate-and-test ap-

proach. The general structure presented in Algorithm 2, canbe applied with different repre-

sentations of the database. PrefixSpan and Freespan algorithms are based on horizontal repre-
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Figure 2.2: Projected Databases of PrefixSpanminS upport= 0.5

sentation. WAP-Tree based algorithms, are examples of pattern growth algorithms which use

a different data structure: WAP-Tree. Realization of pattern growth approach is dependent on

two basic points:

• Database Representation

• Projected Database Representation

Changing these two variables, pattern growth can be realized by various ways. Pattern growth

approach can avoid the large number of candidates and scan less area on the sequence database

owing to projected databases. However, an increase in the number of projected databases

will degrade the algorithm’s performance. When accompanied with efficient data structures,

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

Algorithms in early prunning category, namely DISC-All, LAPIN-SPAM, LAPIN-LCI and

LAPIN-SUFFIX, employ outstanding early prunning mechanisms. DISC-All algorithm was

introduced together with DISC ( DIrect Sequence Compaison)idea. DISC approach, does

early prunning considering the sequences of same length instead of considering subsequences

of the sequence as in apriori principle.

Algorithms in the LAPIN family, are based on early prunning by LAst Position Induction.

Last position induction is used to eliminate candidate items whose last positions are located

before the pattern when growing patterns. LAPIN-SPAM is integration of LAPIN to SPAM

algorithm. LAPIN-LCI and LAPIN-SUFFIX are both applications of the early prunning by

last position induction to pattern growth paradigm but differ only in implementation of support

counting.

2.2.5 Comparison and Discussion

Although there is an abundant number of algorithms, there isno previous study that com-

prehensively compare the performance of all for general sequential pattern mining. When

we combine results from the independent studies listed below, it is possible to conclude that

PrefixSpan, PRISM and LAPIN-LCI are the most successful state of the art algorithms for

multi-item sequential pattern mining:

• Pattern growth algorithms and vertical projection algorithms are reported in [17], [28] to

outperform generate-candidate-and-test strategy based apriori based algorithms Aprio-

riAll and GSP.

• PrefixSpan is the best pattern growth algorithm [28] for sequential pattern mining.

• PRISM is reported to be better than PrefixSpan, SPADE and SPAM[27] in many cases.

• LAPIN-LCI outperforms PrefixSpan in dense databases [26] inexecution time.

Besides these comparisons on performances of multi-item sequential pattern mining algo-

rithms, [13] reports that WAP-Tree based single-item sequential pattern mining algorithm
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PLWAP outperforms PrefixSpan and SPAM on single-item sequence databases. Motivated by

this result, we focused on WAP-Tree data structure and investigated application of WAP-Tree

mining to multi-item sequential pattern mining. The next subsection introduces WAP-Tree

data structure and presents a survey of previous WAP-Tree based algorithms.

2.3 WAP-Tree Based Single-Item Sequential Pattern Mining

As previously discussed, single-item sequential pattern mining is a subcase of the sequential

pattern mining problem. The algorithms for general sequential pattern mining in Table 2.2

can mine single-item sequence databases as well. Besides these algorithms, there is a also

a set of algorithms in the literature that is specific to single-item case and has a remarkable

performance. These algorithms follow the pattern growth paradigm and use a data structure

called WAP-Tree to represent the database.

The idea of representing the sequence database with a tree structure was first introduced with

the WAP-Mine algorithm [14]. The data structure used in thisalgorithm is called WAP-

Tree (Web Access Pattern Tree) since the algorithm is proposed for web usage mining which

is a single-item sequence mining problem. Following WAP-Mine algorithm, several other

algorithms have been proposed to do efficient 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 CS-Mine [31]
2006 FLWAP [32]
2008 FOF [15]
2010 BLWAP [33]

All of the WAP-Tree based algorithms follow the high level roadmap given in Algorithm

3. Step 1 is identical for all of the algorithms. First of all,frequent items are found by a

single scan of the database. Secondly, WAP-Tree is built with another scan of the database.

Although WAP-Tree is the main data structure, some algorithms have different additional

structures to support mining phase. For instance, PLWAP uses a linkage structure to keep all
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occurences of an item and bases mining process on top of this linkage structure. In addition,

some algorithms keep additional attributes in WAP-Tree nodes. Consequently, Step 2 is also

common in WAP-Tree based algorithms if we neglect construction of additional structures.

Finally, in the mining phase, the database is never scanned again since all the information

in the database is encoded in WAP-Tree. Mining strategies ofStep 3 vary greatly among

algorithms which will be discussed in detail in the next subsections.

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 structure and WAP construction process is

presented. Succeedingly, different mining algorithms on WAP-Tree are introduced, compared

and discussed.

2.3.1 WAP-Tree

The WAP-Tree is a tree data structure that is designed to represent a single-item sequence

database. Each sequence in the database is present on one of the paths from root to a leaf

of the WAP-Tree. Sequences are inserted to tree without the non-frequent items, therefore

WAP-Tree contains only frequent items in its nodes.

Each node of the WAP-Tree comprises two fields: Item and Count. Count field of a noden

stores the count of the sequences starting with the prefix obtained by following the path from

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

To clarify with an example, The WAP-Tree for the sample database in Table 2.8 under mini-

mum support 0.5 is given in Figure 2.3.a, b, c, e are frequent items in the database whereas

d and f are not whenminS upportis 0.5. Therefore, WAP-Tree does not contain any nodes

of itemsd and f . The count field of the root nodeR keeps the number of sequences in the

database. The two children ofR, (a : 4) and (b : 1) indicate that there are 4 sequences starting

with a and a single sequence starting withb which is consistent with the database given in

Table 2.8. It can be observed that no node has count less than its descendants. Finally, the

information kept in the shaded node is interpreted as ”Thereare 3 sequences in the database
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having (a)(a) as a prefix subsequence”.

Table 2.8: Sample Sequence Database

S equenceId S equence
1 daadb
2 adabcd
3 aebc
4 bfecaf
5 aabeff

R:5

a:4

a:3

b:3

e:1 c:1

e:1

b:1

c:1

b:1

e:1

c:1

a:1

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

WAP-Tree is a very compact data structure since prefixes shared by sequences are expressed

as a single branch. For example, count of the sequences starting with (a) can be computed

by reading the count field in the child node of the root having item a. Even if there exists a

million of sequences in the database starting with prefix (a), they are represented with a single

node in WAP-Tree.

Figure 2.4 depicts WAP-Tree construction process for the database in Table 2.8. Building

WAP-Tree starts with creating the root of the tree,R. Afterwards, sequences in the database

are inserted to the tree one by one. In Figure 2.4, state of WAP-Tree after insertion of each

sequence in the database is given. When inserting a new sequence s: if the tree has already

a branch which is a prefix of thes, the counts of the nodes of this prefix is incremented and

part of the sequence following this common prefix are inserted by new nodes. If there is no

prefix in tree common to the sequence to insert, it is added as anew branch starting from the

root node. The algorithm for WAP-Tree construction is presented in Algorithm 4.
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Figure 2.4: WAP-Tree Construction Process
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Algorithm 4 Build Base WAP-Tree
nodetreeRoot← new node

treeRoot.children← {}

for each s=i1...ik in sequence databasedo

nodecurrentRoot← treeRoot

for i = 1→ k do

if ∃ exChildchild of currentRootwith eventik then

exChild.count← exChild.count+ 1

currentRoot← exChild

else

nodenewChild← new node

newChild.count← 1

newChild.event← ik

newChild.children← {}

ConnectnewChildas rightmost child tocurrentRoot

currentRoot← newChild

end if

end for

end for

2.3.2 Different Mining Strategies On WAP-Tree

WAP-Tree based algorithms follow pattern-growth approach. As defined in pattern growth

algorithms section, pattern growth algorithms differ in how they represent the database, how

they compute support, how projected databases are constructed and kept. Database is rep-

resented as a WAP-Tree in all WAP-Tree based algorithms but they differ in how projected

databases are constructed and stored.

In accordance with the timeline presented in Table 2.7, WAP-Mine is the first WAP-Tree

based algorithm. WAP-Mine does suffix growing recursively. WAP-Mine algorithm repre-

sents projected databases as WAP-Trees. In other words, at each pattern growing step, an

intermediate treeis constructed for the next level of recursion. Constructing intermediate

trees increases both memory usage and execution time of the algorithm. Second algorithm
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Figure 2.5: Projected Databases for Prefix Growing On WAP-Tree

PLWAP [20], which is reported to outperform WAP-Mine in [20], does prefix growth on the

contrary to WAP-Mine and represents projected databases aslist of WAP-Tree nodes. To il-

lustrate, the projected database for prefix ”b” from the WAP-Tree in Figure 2.5 is the set of

subtrees whose roots are the shaded nodes. The shaded nodes are enough to express projected

database, portion of the database below these nodes. However, when suffix growth is done,

projected database for suffix b corresponds to portion of the WAP-Tree above the shaded

nodes and this portion of the WAP-Tree cannot be representedwith any simpler notation than

a WAP-Tree itself. Consequently, intermediate trees cannot be avoided if suffixes are grown.

All of the tree based algorithms proposed after PLWAP, namely FLWAP [32], FOF [15] and
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BLWAP [33], do prefix growing. In case of prefix growing, projected databases can be rep-

resented by a list of WAP-Tree nodes as mentioned. Peterson et.al. name these projected

databases as First Occurence Forest (FOF) [34] since projected databases are indeed the for-

est of subtrees rooted by a list of first level occurence nodesin the originating database. Figure

2.5 illustrates the first occurence nodes of each pattern. Nodes which express the projected

database can be called theroots of the projected database. At each pattern growing step, a

recursive prefix growing algorithm finds the set of first levelnodes of the item in the current

projected database. When the first level occurence nodes arelocated, support can be counted

easily by summing up count values of these nodes. If support is above minSupport, the nodes

are passed to next level of recursion as the projected database.

PLWAP, BLWAP and FLWAP uselinks to locate first occurences of items in a forest of sub-

trees easily. These algorithms, in addition to WAP-Tree, keep alinkagestructure which keeps

all occurences of an item in the tree connected and a header table of node pointers to first

occurences of frequent items. By this way, algorithms can reach all occurences of an item

following the links starting from the link of item in header table. The order in which oc-

curences are connected is different in all algorithms. WAP-Mine links nodes of an item in

the order they are inserted. PLWAP links occurrences in pre-order by a pre-order traversal

of the tree after construction phase. FLWAP, links only firstlevel occurences of an item and

finally BLWAP links occurences in breadth first manner. Figure 2.6 illustrates links created

by WAP-Mine and PLWAP algorithms.

After links are constructed, at each pattern growing step, for each node pointed by a link,

algorithms determine if this node is a descendant of one of the currentroots. While checking,

algorithms need to ensure that only first level occurences are added to new projected database

and contribute support of new pattern.

Checking ascendant descendant relationships in the WAP-Tree is also a difficult task. PLWAP

and BLWAP useposition codes. Each node has a position code and relationship between two

nodes can be deduced by only comparing position codes. PLWAPuses a position coding

system similar to Huffman coding whereas BLWAP uses a breadth level coding designed for

maximum 100 children. To sum up, PLWAP algorithm uses links and position codes together

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

header table, links are followed. If the node pointed by a link is a descendant of one of the

23



R:5

a:4

a:3

b:3

e:1 c:1

e:1

b:1

c:1

b:1

e:1

c:1

a:1

(a) Linkage Structure of WAP-Mine

R:5

a:4

a:3

b:3

e:1 c:1

e:1

b:1

c:1

b:1

e:1

c:1

a:1

(b) Linkage Structure of PLWAP

Figure 2.6: Linkage Structures on WAP-Tree

roots and is not a descendant of another occurence of the sameitem, it contributes to support

of the grown pattern and becomes a root of the projected database for grown pattern.

Features of existing WAP-Tree based algorithms can be examined under three headings: Suf-

fix Growing or Prefix Growing, Projected Database Representation, Finding First Occurence

Nodes. There are two approaches to projected database representation: as a node list or as an

intermediate tree. Finding First Occurence strategy is based on whether links and/or position

codes are used. Table 2.9 presents a summary of the features of WAP-Tree based algorithms:

All of these sequential pattern mining algorithms are functionally 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 X X

Position Codes X X

Linkage/ Header Table X X X X

Suffix Growing X

Prefix Growing X X X

duce the same output for the same input, and hence they are compared in terms of memory

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

• PLWAP outperforms WAP-Mine [20].

• FLWAP outperforms PLWAP [32].

• FOF outperforms both PLWAP and FLWAP [15] in terms of both memory usage and

execution time.

PLWAP, uses more memory due to position codes and links in order to speed up finding first

level occurence nodes. However, both number of links increase and position codes grow

as WAP-Tree grows. This growth slows finding first occurencessince it increases number of

ancestor tests between roots of projected databases and links. The algorithm FOF does not use

any additional data structure. FOF, finds the first occurences of items by traversing the base

WAP-Tree. It has been reported to both outperform PLWAP and FLWAP in [15]. However, it

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

need to be carried out for fair evaluation.

To conclude, WAP-Tree is a compact representation and has attracted significant attention

since it was introduced. Among WAP-Tree Based algorithms, FOF is reported to be the fastest

one and have the least memory usage [15]. This can be attributed to simple intuitive approach

of FOF; it does not use any linkage structures and finds first occurences of items by simply

searching the tree. Although links and position codes seem to be advantageous for locating

occurences of items during mining, checking ascendant-descendant relations between nodes

brings an extra cost to algorithms.

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

and the other for general, i.e., multi-item, sequential pattern mining, 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 algorithm based on WAP-Tree. FOF-PT

algorithm follows pattern growth paradigm. As the basic difference from all the other WAP-

Tree based algorithms, introduces concept ofpattern treeto prune search space.

FOF-PT algorithm follows the general roadmap of WAP-Tree based algorithms given in Algo-

rithm 3. First of all, FOF-PT scans the database once to find the frequent items and secondly it

constructs WAP-Tree with another scan of the database. Mining strategy of FOF-PT in Step 3

is different from all other WAP-Tree based algorithms. Algorithm 5below 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 algorithms in terms of data structure

and mining strategy. We designed the algorithm FOF-PT inspired by the simple and intuitive

approach of the FOF algorithm. FOF-PT and FOF algorithms both:

• grow prefixes.

• represent projected databases in form of First Occurence Forest (FOF).

• use only the base WAP-Tree without any additional data structure like linkage structures

or position codes.
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• find First Occurence Forests (FOFs) by a depth first search on WAP-Tree.

FOF-PT Mine algorithm, differently from FOF,

• UsesPattern Treeheuristic in mining.

• Has a hybrid search space traversal strategy whereas FOF performs a depth first traver-

sal on sequence search space.

• Finds FOFs of the items by an iterative implementation of depth first search on WAP-

Tree.

FOF-PT, bypattern treeand hybrid search space traversal strategy, introduces a new early

prunning strategy to prefix growing. In what follows, pattern tree is defined first and then

integration of pattern tree with hybrid traversal strategyis described in detail.

3.1 Pattern Tree

Pattern Tree is a tree that is used to represent complete set of frequent patterns in a single-

item sequence database. Each node of a pattern tree keeps only an item label. Root of the

pattern tree is a special node without any item label. Each node of the pattern tree represents

a pattern. The pattern of a nodeN is the sequence obtained by appending the items of nodes

from the root toN with this order. Conversely, node of a patternp is the node of the pattern

tree whose pattern isp. Each node is associated with a single pattern and number of patterns

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

A sample pattern tree which encodes the set of patterns givenin Table 3.1 is given in Figure

3.1. Pattern of the shaded node in pattern tree in Figure 3.1 is ab and node of the patternab

in this pattern tree is the shaded node . The pattern tree has 7nodes except root equal to the

number of patterns in the set.

Table 3.1: Sample Frequent Pattern Set

{a, ab, abe, ae, b, be, e}
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Figure 3.1: Frequent Pattern Tree for The Frequent Pattern Set In Table 3.1

The property of the pattern tree given in Lemma 3.1.1, theS ibling Principle, constitutes basis

for FOF-PT mining algorithm. This property is another indication of the apriori principle

stated as ”If all subsequences of a sequence are not frequent, the sequence cannot be frequent.”

Apriori principle can be expressed by the pattern tree as ”Ifa nodeN labeledx whose pattern

is p does not have a sibling node labeledy, then grown patterns= p.y cannot be frequent.”.

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

sibling nodes of N and itself.

While growing patterns, previous algorithms PLWAP and FOF check for each alphabet item

if appending the item to pattern yields a frequent pattern. However, FOF-PT, checks for only

extensions of the pattern with sibling items of this pattern’s node in the pattern tree.

It can be observed in sample pattern tree in Figure 3.1 that there is no node whose parent does

not have a sibling labeled with the same item. To illustrate,consider siblings of the shaded

node. Since this shaded does not have a sibling node labeleda, it can be deduced without any

support counting operation from the pattern tree thataba, obtained by appendinga to pattern

of the shaded nodeab, is not frequent.aba cannot be frequent since it’s subsequenceaa is

not frequent.

Sibling Principle on pattern tree provides a great advantage for prunning set of possible ex-

tending items when growing a pattern. To benefit from this property, pattern tree should be

constructed in such a way that siblings of a pattern node are provided prior to growing pat-

tern. To illustrate, construction steps for pattern tree inFigure 3.1 need to be as depicted in

Figure 3.2. How pattern tree is constructed, i.e. in what order sequences are consumed and
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Figure 3.2: Pattern Tree Construction Process

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

it is crucial that pattern tree follows the construction steps illustrated in the figure.

3.2 Search Space Traversal Strategy

All sequential pattern mining algorithms traverse the search space of possible single-item

sequences that can be generated from a given alphabet. Spaceof possible sequences can be

represented by a lexicographic tree. Figure 3.3 illustrates search space of sequences that can

be built from the alphabet{a,b,e}. The extent of the subspace spanned while mining the set of

frequent patterns differs among algorithms. This depends on the traversal strategy followed

on the lexicographic tree. FOF-PT algorithm adopts a hybridstrategy of DFS and BFS.

FOF and FOF-PT, being pattern growth algorithms, carry out two basic operations for each

sequence they visit in lexicographic tree:

1. Compute support of a sequence and create projected database for the sequence

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

FOF-algorithm performs this couple of operations succesively for each sequence. Compar-

atively, FOF-PT makes recursive call after it completes thefirst operation for all the sibling

sequences. By this way, information of frequent sibling nodes of the pattern are made avail-

able prior to recursive call and can be exploited to prune search space in accordance with
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Figure 3.3: Lexicographic Sequence Tree For Single-Item Sequence Search Space

aforementioned property of pattern tree. In other words, before making the recursive call,

the siblings of pattern’s node in pattern tree are known and can be passed to next level of

recursion.

FOF-PT, when making recursive calls, passes three parameters: projected database, associ-

ated pattern and sibling item list. Previous pattern growthalgorithms forward only first two

parameters to next levels of recursion in mining. When called with these three parameters,

first step of FOF-PT is to choose items from sibling list whichyield a frequent pattern when

appended to input pattern. In other words, frequent items inthe projected database are found

by searching each one separately. After determining frequent items in the projected database,

FOF-PT mining step makes recursive call for each frequent item with grown pattern, associ-

ated projected database and new sibling list.

Complete FOF-PT algorithm is traced in Algorithm 6 and FindFOF procedure in Algorithm

7. Lines [10-21] of the Algorithm 6 corresponds to choosing items from sibling list which

yield a frequent pattern. For each sibling item,FindFirstOccurencesfunction in Algorithm 7

is called.FindFirstOccurencesrealizes the iterative implementation of depth first searchon

WAP-Tree for finding FOFs and support counting. During depth-first search on WAP-Tree,

whenever an occurence of an item is found, both support and FOF of the candidate pattern is

updated by lines 7,8 of Algorithm 7. The sibling items whose support is above threshold are

appended to the pattern and a recursive call to FOF-PT-Mine is made with the new pattern, its
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FOF and pattern tree siblings as in line 24.
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Figure 3.4: Subspace Traversed by FOF-PT to find pattern set given in Table 3.1
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Figure 3.5: Subspace Traversed by FOF To find pattern set given in Table 3.1

Using the sibling list parameter obtained by hybrid traversal strategy, FOF-PT reduces the

extent of the lexicograhic subtree it scans. To illustrate,assume the set of frequent patterns in

a sequence databaseS under aminS upportvalue is the set given in Table 3.1. The subspace

of lexicographic search tree traversed during the mining step of FOF-PT is in Figure 3.4.

Comparatively, Figure 3.5 shows the subspace scanned by FOFalgorithm to mine the same

data set. In both figures, a checkmark sign accompanies the sequences found to be frequent.

To find frequent patterns set of size 7, FOF algorithm counts support of 24 sequences. FOF-

PT search subspace excludes 6 of the sequences and include 18sequences in search subspace

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

FOF FOF-PT
s FindFOF(s) FOF-PT-Mine(s) FindFOF(s) FOF-PT-Mine(s)
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 each sequence visited while mining

pattern set in Table 3.1. Each ofFindFOF (FindFirstOccurences) andFOF − PT − Mine

calls are regarded as independent tasks and the order of these operations are given for FOF

and FOF-PT. ”-” and ”*” signs indicate that the operation is never conducted. ”*” sign em-

phasizes the sequences for whichFindFOF is not performed by FOF-PT yet performed by

FOF. Recursive calls to FOF-PT-Mine and FOF-Mine are made for only frequent sequences

therefore the relevant column has ”-” in all non-frequent sequence rows.

It is crucial to note that there are three different tree structures mentioned in this chapter. First

one is lexicographic tree for single-item sequences. Lexicographic tree is just a visualisation

for the search space of sequences to be scanned. Second, WAP-Tree is the representation of

the database and all the data processed resides in WAP-Tree.Finally, a pattern tree, is used to

express the early prunning idea and is never constructed literally. The pattern tree heuristic is
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realized by sibling lists passed as parameters to recursivecalls.

To sum up, FOF-PT follows a hybrid traversal strategy on search space. FOF-PT like FOF,

make recursive calls on projected databases in a depth first manner. However, prior to making

recursive calls, computes support of all sibling sequenceswhich mixes depth first behaviour

with breadth first behaviour. FOF-PT search space traversalstrategy cannot be considered as

pure breadth first since sequences are not consumed level by level in the lexicograhic tree.

This hybrid approach combined with Sibling Principle on pattern 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 upport)

2: Scan databaseS and find frequent items.

3: Build WAP-Tree.

4: initialFo f ← {Root}, startPattern← ǫ

5: FOF-PT-Mine(startPattern, initialFOF, frequentItemList)

6: end procedure

7: function FOF-PT-Mine(currentPattern, currentFOF, siblingList)

8: newFo f Map← new hashmap<int,FOF>()

9: newS iblingList← {}

10: for eacha in siblingList do

11: newFo f← newFOF(), int count← 0

12: for eachr in currentFOFdo

13: FindFOF(a,r)

14: end for

15: if count>= absMinSupportthen

16: newFo f Map[a]← newFo f

17: newS iblingList.add(a)

18: else

19: freenewFo f

20: end if

21: end for

22: for eachn in newS iblingListdo

23: newPattern← currentPattern.append(n)

24: FOF-PT-Mine(newPattern, newFofMap[n],newS iblingList)

25: freenewFo f

26: end for

27: freenewFo f Map

28: end function
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Algorithm 7 FindFirstOccurences

1: function FindFirstOccurences(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: newFo f← newFof∪ {currentNode}

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.lSon;

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 in single-item sequential pattern min-

ing, we designed a new data structure MULTI-WAP-Tree, whichcan store general/multi-item

sequence databases and a new sequential pattern mining algorithm, MULTI-FOF-PT, which

processes data on the MULTI-WAP-Tree data structure. In this chapter, 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, which can represent both single and

multi-item sequence databases. MULTI-WAP-Tree is identical to WAP-Tree in that:

• Sequences are inserted to tree without the non-frequent items and the tree contains only

frequent items in its nodes.

• Each sequence in the database is encoded on a path from root toa node of the tree.

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

• MULTI-WAP-Tree has two types of edges between nodes :S − Edgeand I − Edge

whereas WAP-Tree has a single edge type.

• MULTI-WAP-Tree nodes keep a pointer to their parent nodes inaddition to the fields

of WAP-Tree.

37



Table 4.1: Sample Multi-Item Sequence Database

Id S equence
1 (ab)(c)
2 (a)(b)
3 (abc)

R:1

a:3

b:2

c:1

S

c:1

b:1

S
S

Figure 4.1: MULTI-WAP-Tree For The Sequence Database givenin Table 4.1

MULTI-WAP-Tree is able to represent a multi-item sequence database with two different

edge types between nodes. Multi-item sequences, as given inthe general definition of a

sequence, are composed of a series of item sets. WAP-Tree is not able to represent multi-item

databases since it cannot express boundaries between itemsets. S-Edges of MULTI-WAP-

Tree can encode item set boundaries. An S-Edge from a node to child indicates the separator

between two item sets: item set ending with parent and item set starting with child. On the

contrary, nodes connected with I-Edges are always in the same item set. Nodes between two

successive S-Edges in the same sub-tree corresponds to an item set.

To illustrate, MULTI-WAP-Tree for the sample database in Table 4.1 under the support thresh-

old 0.5 is given in Figure 4.1. Edges marked with S letter are S-Edges, whereas plain edges

are I-Edges. The tree contains all the items in database alphabet since all of the items are

frequent.

In both WAP-Tree and MULTI-WAP-Tree, count fieldc of a noden, stores the count of the

sequences starting with the prefix obtained by appending theitems on the path from the root

to noden successively. Differently from conventional WAP-Tree, in a MULTI-WAP-Tree,

when an S-edge is encountered on this path, an itemset seperator is inserted to prefix prior to

appending the child node of the edge. For example, there are two edges outgoing from the
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gray coloured node in the MULTI-WAP-Tree in Figure 4.1. The prefix represented by this

node is (a). The child of this node connected with an S-Edge, represents the prefix (a)(b)

obtained by appendingb as a new itemset to (a). On the other hand, the other child connected

with I-Edge to the same node, represents the prefix (ab) obtained by addingb to the last

itemset of (a).

Second extension to WAP-Tree, ”pointer to parent node” in MULTI-WAP-Tree nodes, en-

able tracking item sets upwards in tree in the mining phase. This additional field does not

contribute to database representation but it is an important construct for mining on MULTI-

WAP-Tree.

4.2 MULTI-FOF-PT

MULTI-FOF-PT algorithm is a multi-item sequential patternmining algorithm based on the

sequence database representation MULTI-WAP-Tree. MULTI-FOF-PT can be considered as

a modified version of FOF-PT to perform multi-item sequential pattern mining. MULTI-FOF-

PT algorithm has three basic steps, as in WAP-Tree based algorithms:

1. Scan database to find frequent items.

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

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

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

sub-algorithm in Algorithm 10. In the following subsections, details of Step 2 and Step 3 will

be described in detail emphasizing differences 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-Tree. As in WAP-Tree construc-

tion, each sequence is inserted to tree starting from the root, updating counts of shared prefix

nodes and inserting new nodes for the unshared suffix part. In addition to these, MULTI-WAP

Tree construction algorithm, checks for extension types, constructs appropriate edges and
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place pointers to parent nodes in each node. When finding shared prefix nodes on MULTI-

WAP-Tree, checking only equality of items is not enough, besides, checking the equality of

edge types is required.

Before moving to MULTI-WAP-Tree construction algorithm, it is crucial to state how we

realized the S-Edges and I-Edges. We realized these two edgetypes of MULTI-WAP-Tree

by defining an additional field,EventLevel, to WAP-Tree nodes.EventLevelof a nodeN

expresses the number of item sets existing on the path from the root toN. An S-Edge is

equivalent to an increment in event level value from parent to the 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 nodeP with 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 nodeP whose event level isk,

the new child is assigned the event levelk+ 1.

MULTI-WAP-Tree construction algorithm is presented in Algorithm 8. Differently from

WAP-Tree construction algorithm, when a new itemi is to be inserted to the tree as a child of

a nodeP, firstly event levele of the new node is computed. If nodeP has an existing child

with item i and event levele, then the count of this existing child is updated. However, even

if the items match but event levels differ, a new node is inserted with appropriate edge. Pro-

cedureinsertItemToTreein Algorithm 8 is the realization of this item insering process. To

illustrate, Figure 4.2 depicts MULTI-WAP-Tree database construction algorithm on the mini

database in 4.1. When inserting the second sequence (a)(b),although thea node already has

ab child, since this child is connected with an I-Edge, a newb node 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-Mine. MULTI-FOF-PT-Mine

is an adaptation of FOF-PT-Mine introduced in Chapter 3 to multi-item case and to work on
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Algorithm 8 Build MULTI-WAP-Tree
1: procedure BuildMultiWapTree(Sequence DatabaseS, list<int> listO f FrequentItems)

2: nodetreeRoot← new node

3: treeRoot.children← {} ⊲ Create root of the WAP-tree

4: for each s=e1e2...ek in sequence databasedo

5: nodecurrentRoot← treeRoot

6: for i = 1→ k do

7: seqExtension← 1

8: for j = 1→ n whereei = {item1, item2, ...itemn} do

9: if itemj is in listO f FrequentItemsthen

10: currentRoot← insertItemToTree(currentRoot,itemj , seqExtension)

11: end if

12: seqExtension← 0

13: end for

14: end for

15: end for

16: end procedure

17: procedure InsertItemToTree(currentRoot, itemToInsert, extSequence)

18: levelO f NewItem← currentRoot.eventLevel+ extSequence

19: if currentRoothas a childexChild such that (exChild.item == itemToInsert)∧

(exChild.eventLevel== levelO f NewItem) then

20: exChild.count← exChild.count+ 1 ⊲ Update existing node count

21: currentRoot← exChild

22: else

23: newChild← newnode() ⊲ Insert as a new node

24: newChild.item← itemToInsert, newChild.count← 1

25: newChild.eventLevel← levelO f NewItem

26: newChild.parentNode← currentRoot

27: newChild.children← {}

28: ConnectnewChildas rightmost child tocurrentRoot

29: currentRoot← newChild

30: end if

31: return currentRoot

32: end procedure
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Figure 4.2: Building Steps for MULTI-WAP-Tree in Figure 4.1. Left to right: MULTI-WAP-
Tree after sequences (ab), (a)(b), (ab)(c) are inserted succesively.

MULTI-WAP-Tree. MULTI-FOF-PT exploits theMulti − Item S ibling Principleon Multi −

Item Pattern Treeto prune the search space early and follows the same hybrid search space

traversal strategy with FOF-PT. Recursive call to MULTI-FOF-PT-Mine with a pattern is done

after all the sibling patterns are discovered in accordancewith the hybrid traversal strategy.

Although the overall strategy is same, pattern tree is modified to represent multi-item patterns.

Due to changes in database representation and pattern tree structure, MULTI-FOF-PT-Mine

differs from FOF-PT in three points:

• Multi-Item Pattern Tree: Pattern Tree of FOF-PT is modified to support multi-item

pattern representation.

• Multi-Item Sibling Principle: Instead of Sibling Principle in single case, an extended

version is used for search space prunning.

• Finding FOFs: SubprocedureFindFirstOccurencesof MULTI-FOF-PT-Mine locate

itemset and sequence extension occurences, I-Occurence and S-Occurence, separately.

Complete algorithm is presented in Algorithm 9 accompaniedwith subprocedure for finding

first occurences in Algorithm 10.

Multi-Item Pattern Tree Pattern tree used by MULTI-FOF-PT-Mine is called Multi-Item

Pattern Tree. Multi-Item Pattern Tree contains the previously mentioned two edge types: S-

Edge and I-Edge. As in the pattern tree in single-item case, each node of multi pattern tree
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encodes a pattern and pattern can be decoded by appending items sequentially on the path

from the root to this node. Differently, S-Edges specify itemset boundaries and on each S-

Edge on the path from root to the node, an itemset seperator needs to be inserted to decode

pattern. To illustrate, multi pattern tree for the pattern set in Table 4.2 is given in Figure 4.3.

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

Table 4.2: Multi-Item Pattern Set

{(a), (b), (c), (d), (a)(a), (a)(b), (ac), (ad), (c)(a), (cd), (a)(c)(a), (a)(cd)}

It’s crucial to note that, as in single case, Multi-Item Pattern Tree is used to express the

early prunning idea and is never constructed literally. Multi-Item Sibling Principle is realized

by sibling lists passed as parameters to recursive calls as presented in lines 27 and 30 of

Algorithm 9 .

R

a

a

S

b

S

c

a

S

d

d

S

b

S

c

a

S

d

S

d

S

Figure 4.3: Multi-Item Pattern Tree

Multi-Item Sibling Principle Due to two edge types introduced to Multi-Item Pattern Tree,

Sibling Principle changes accordingly. Property of multi pattern tree that enables search space

prunning, Multi-Item Sibling Principle, is given in Definition 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 I-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 I-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-Item Pattern Tree. Multi-Item

Sibling Principle is the set of rules below expressing relationships between descendants and

siblings of a node.

1. If n is connected to its parent with S-Edge,S-Child Set of n⊆ S-Sibling Set ∪ {i}.

2. If n is connected to its parent with I-Edge,S-Child Set of n⊆ S-Sibling Set.

3. If n is connected to its parent with S-Edge,IChild Set of n ⊆ {x | x ∈ S-Sibling Set

∧ x > i}.

4. If n is connected to its parent with I-Edge,IChild Set of n ⊆ {x | x ∈ I-Sibling Set

∧ x > i}.

This property of the pattern tree expresses the apriori principle in terms of siblings and is used

for early prunning by MULTI-FOF-PT-Mine mining algorithm.To illustrate, assume (a)(a)

is found to be frequent. (a)(a) is represented by the shaded node in the multi pattern tree

given in Figure 4.3. Considering siblings of the shaded nodein multi pattern tree, following

conclusions can be inferred according to Multi-Item Sibling Principle:

• Rule 1 of Multi-Item Sibling Principle implies that (a)(a)(c) cannot be frequentc is not

in S-Sibling Set of the shaded node.

• Rule 1 of Multi-Item Sibling Principle implies that (a)(a)(d) cannot be frequentd is not

in S-Sibling Set of the shaded node.

• Rule 3 implies that (a)(ac) cannot be frequent sincec is not in S-Sibling Set of the

shaded node.

• Rule 3 implies that (a)(ad) cannot be frequent sinced is not in S-Sibling Set of the

shaded node. Similarly, prior to growing pattern (a)(c),
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• Rule 2 of Multi-Item Sibling Principle implies that (ac)(c) cannot be frequent sincec is

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

• Rule 2 of Multi-Item Sibling Principle implies that (ac)(d) cannot be frequent sinced

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

• According to Rule 4 of Multi-Item Sibling Principle, (ac) can only be itemset extended

by d sinced is the only I-Sibling item greater thanc.

Realization of Multi-Item Sibling Principle is achieved bypassing S-Sibling Set and I-Sibling

Set as parameters to recursiveMULTI-FOF-PT-Minecalls given in lines 27 and 30 of Algo-

rithm 9. While finding the items extending a pattern to a new frequent pattern, only the items

in S-Sibling Set and I-Sibling Set are considered as in lines6 and 18. Lines [6-13] realize

early prunning by rule 1 and 2 of Multi-Item Sibling Principle, whereas prunning by rules 3

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

To sum up, when identifying items that grow a frequent pattern p to new frequent patterns, set

of alphabet items can be pruned by Multi-Item Pattern Tree and Multi-Item 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 locates First Occurence Forest

of an item by a depth first search on MULTI-WAP-Tree. However,in multi case, there are

two types of seperators in sequences and two types of edges inMULTI-WAP-Tree. Therefore

Find First Occurencesalgorithm of MULTI-FOF differs slightly from that of FOF-PT.

FindFirstOccurencesalgorithm of MULTI-FOF is presented in Algorithm 10. The algorithm

performs depth-first search in order to find nodes with an itemtargetItemin the subtree under

the given noderoot-Node. The algorithm is designed to take the target occurence typeof an

item as a parameter asextType. Whenever an occurence of the item is located, the algorithm

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

1. A node is a S-Occurence if there exists at least one S-Edge on the path from theroot-

Nodeto this node.

2. A node is an I-Occurence if there are only I-Edges on the path from theroot-Nodeto

this node.

45



3. A node is an I-Occurence if the last itemset of the grown pattern can be found following

the ancestor nodes of the node before an S-Edge is encountered.

R:3

a:2

a:1

b:1

c:1

S

...

S

b:2

a:1

c:1

c:1

S
S

S

Figure 4.4: Find First Occurences Illustration

These three rules are realized byFindFirstOccurencesalgorithm to distinguish S-Occurences

and I-Occurences as presented in lines [12-15], [8-11] and [17-20] of Algorithm 10 respec-

tively. If the occurence type of a node matches the target extension typeextType, the node is

added to the FOF of itempro jDbForItem.FOF.

It is crucial to note that a node can be both an S-Occurence andI-Occurence at the same

time. To illustrate the rules above, consider the MULTI-WAP-Tree in Figure 4.4. There

exists threec nodes under the shaded nodes representing pattern (a). Red bordered node is

an I-Occurence according to Rule 1 since there is only an I-Edge between the node and the

shaded node. Green bordered node is an S-Occurrence. Finally, blue bordered node is both

an S-Occurence and I-Occurence since it matches both Rule 1 and Rule 3. This implies that

there are two S-Occurences{bluenode, greennode} of c and two I-Occurences{blue, red} of c

under the set of shaded nodes. If 2 is above the absolute support threshold, (ac) and (a)(c) are

frequent.
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Algorithm 9 MULTI-FOF-PT-Mine Algorithm
1: struct ProjectedDB{list<node> FOF, string pattern, bool lastExtType}

2: function MULTI-FOF-PT-Mine(ProjectedDBcurrentDb, seqS iblings, itS iblings)

3: newS eqExtDbMap←new hashmap<int,ProjectedDB>()

4: newItExtDbMap←new hashmap<int,ProjectedDB>()

5: list<int> newIS iblingsList← [], list<int> newS S iblingsList← []

6: for eachs in seqS iblingsdo

7: newS eqExtDbMap[s]← new ProjectedDB(∅, currentPattern.(s), S)

8: for each noder in currentDb.FOF do

9: support←FindFOF(r, s, I, newS eqExtDbMap[s])

10: if support>minSupportthen adds to newS S iblingList

11: end if

12: end for

13: end for

14: if currentDb.lastExtType is Sthen itExtCandidateList=seqSiblings

15: else

16: itExtCandidateList=itSiblings

17: end if

18: for eachi in itExtCandidateListsuch that i> last item ofcurrentDb.patterndo

19: newItExtDbMap[s]← new ProjectedDB(∅, currentPattern.s, I)

20: for each noder in currentDb.FOF do

21: support←FindFOF(r, s, I, newItExtDbMap[s])

22: if support> minSupportthen addi to newIS iblingList

23: end if

24: end for

25: end for

26: for eachs in newS S iblingsListdo

27: MULTI-FOF-PT-Mine(newS eqExtDbMap[s], newIS iblingList, newS S iblingsList)

28: end for

29: for eachi in newIS iblingsListdo

30: MULTI-FOF-PT-Mine(newItExtDbMap[i], newIS iblingList, newS S iblingsList)

31: end for

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

1: function FindFOF(itemToFind,startNode,extType,pro jDbForItem)

2: eventLevelOfRoot←startNode

3: stack← empty

4: currentNode← startNode.lSon

5: while ¬stack.isEmpty()∨ currentNode!= NULL do

6: if currentNode!= NULL then

7: if currentNode.item== itemToFindthen ⊲ Found the item

8: if currentNode.eventLevel== eventLevelOfRoot∧ extType== I then

9: addcurrentNodeto pro jDbForItem.FOF ⊲ I-Occurence

10: currentNode← currentNode.rSibling;

11: end if

12: if currentNode.eventLevel>eventLevelOfRootthen

13: if extType== S then

14: addcurrentNodeto pro jDbForItem.FOF ⊲ S-Occurence

15: currentNode← currentNode.rSibling

16: else ⊲ I

17: if last itemset ofpro jDbForItem.pattern is found in ancestors of

currentNodeuntil an S-Edgethen

18: addcurrentNodeto pro jDbForItem.FOF ⊲ I-Occurence

19: currentNode← currentNode.rSibling;

20: end if

21: end if

22: end if

23: else ⊲ Cannot find the item yet, go deeper

24: stack.push(currentNode),currentNode← currentNode.lSon;

25: end if

26: else

27: stack.pop(),currentNode← currentNode.rSibling; ⊲ 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 conducted in order to evaluate perfor-

mance of the algorithms we proposed: FOF-PT and MULTI-FOF-PT. We designed separate

experiment sets for these two algorithms. In the first experiment set, which we describe as

single-item experiments, we compared execution time and memory usage performance of

FOF-PT on several single-item sequence databases, with other single-item and multi-item se-

quential pattern mining algorithms in the literature. Similarly, in the second experiment set,

we compared execution time and memory usage performance of MULTI-FOF-PT with other

general/multi-item sequential pattern mining algorithms. We introduce the environment for

the experiments in the first section and present experimental results we obtained in the second

section.

5.1 Environment

FOF-PT algorithm is a single-item sequential pattern mining algorithm and can mine only

single-item sequence databases. We compared performance of FOF-PT with the WAP-Tree

based single-item sequential pattern mining algorithms PLWAP and FOF. Besides, we ana-

lyzed performance of FOF-PT compared to multi-item sequential pattern mining algorithms,

PrefixSpan and LAPIN-LCI, since multi-item algorithms can mine single-item sequence databases

too. There is only one study [13] in the literature reportingperformance of multi-item al-

gorithms on single-item sequence databases and compare with the algorithms specifically

designed for single case. This type of experimental resultsare rare. To our knowledge, a

comparison between FOF and PrefixSpan is reported for the first time in this study.
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We compared MULTI-FOF-PT algorithm with algorithms PrefixSpan and LAPIN-LCI. Re-

sults of these multi-item experiments are presented in Section 5.2.

We obtained executables and source codes of the stated algorithms as follows:

• We downloaded LAPIN-LCI executable from author’s website1.

• We downloaded PrefixSpan executable in Illimine Software Package Version 1.1.0 from

web site of Illimine Project2.

• We downloaded source code for implementation of PLWAP in C++ from author’s web

site3.

Both LAPIN-LCI and PrefixSpan executables were compiled from C++ implementation there-

fore we implemented FOF and FOF-PT in C++. We compiled source codes of PLWAP, FOF

and FOF-PT in Visual C++ 2010 Express Edition and ran algorithms on a personal computer

with the following properties:

• CPU: Intel(R) Core(TM) i7 860 @2.80Ghz 2.80 Ghz

• Installed Memory: 8 GB

• Operating System: Windows 7 Professional 64-bit

For each experiment case identified by the tuple (Algorithm,Sequence Database, MinSup-

port), we report execution time and memory consumption of algorithms. We repeated each

test case run at least three times. Execution time on each runcan be found in Appendix A.

The results we present as execution times in the next sectionare the lowest value observed

during these runs. While running experiments, we made sure that only the algorithm process

and compulsory background processes are active. In other words, we created equal conditions

for each test case. We measured memory usage of algorithms bymonitoring Peak Working

Set column in Windows Task Manager just before the process ends.

It is crucial to note that for each test case, we verified that sequential pattern mining algorithms

produce the same output, namely, the same set of frequent patterns. All the algorithms print

1 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. For each experiment case we ensured

that both the set of patterns and their support values are equal.

5.2 Experiment Results

5.2.1 Single-Item Experiments

We designed a data set to compare FOF-PT with other algorithms in terms of execution time

and memory usage. The data set we used includes sequence databases with a wide range

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

set of sequence databases with different parameters. We generated synthetic data sets by the

single-item sequence database generator we created by modifying IBM Quest Data Genera-

tor [35]. IBM Quest Data Generator has been used in almost allsequential pattern mining

studies. However, this generator cannot generate single-item sequence databases. Therefore,

we downloaded source code of IBM Quest Data Generator from4 and adapted it to create a

single-item sequence database generator.

The single-item generator we created accepts the parameters given in Table 5.1. Our single-

item sequence database generator does not accept parameters regarding number of items in a

transaction since transactions have only one item in single-item sequence databases. While

generating data sets we used default values 5000 and 25000 for Ni andNs respectively.

Table 5.1: Single-Item Sequence Database Generator Parameters

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
Ni Size of itemset pool
Ns Size of sequence pool

In Table 5.2, results of experiments on a set of synthetic sequence databases with support

value %1 are presented. The sequence database parameters are chosen similar to the ones in

experiments in [13]. FOF-PT ranks second in both execution time and 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 SyntheticSequence 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 Synthetic 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 43.464 500.757 124.212 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-Tree based algorithms, PLWAP and

FOF.

In addition to this set of synthetic sequence databases, like [29], we ran algorithms on two

real sequence databases: Protein and Gazelle. We downloaded both sequence databases from

the web site we downloaded LAPIN-LCI5. Protein database has very long sequences and a

small alphabet of size 24. Gazelle database is a web log data published for ACM SIGKDD

CUP 2000. Gazelle sequence database has very short sessionsand a larger alphabet compared

to Protein. Properties of the Protein and Gazelle data sets are summarized in Table 5.4.

Table 5.4: Properties of Gazelle and Protein Sequence Databases

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 1.4 MB 438 MB

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

5.5 indicate that memory was insufficient 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 support 99.99% and used memory

about 1.5 GB. PLWAP runs out of memory since position codes and linkage require extreme

amount of space when the tree is large as in the Protein data case. FOF-PT outperforms other

WAP-Tree based algorithms and PrefixSpan in execution time.The memory consumption

of WAP-Tree based algorithms is very large since the WAP-Tree occupies a large amount of

space.

Table 5.5: Execution Times (sec) of Algorithms on Protein Sequence 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 on Protein 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 givenin Table 5.7. The difference

between execution times of FOF-PT and FOF under low supportsin this table indicates the

power of sibling principle idea we propose. As the support gets lower, execution time of

PLWAP increases with a very fast rate. Similar to results on Protein database, FOF-PT is

observed to be the faster than previous WAP-Tree based algorithms and PrefixSpan. Finally,

FOF-PT shows an execution time performance very close to LAPIN-LCI on Gazelle database.

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

FOF-PT outperforms PLWAP and FOF in terms of memory consumption too. LAPIN-LCI
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Table 5.7: Execution Times (sec) of Algorithms on Gazelle Sequence 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 54.444 36.332 2.324
0.061% 3.401 10 600.476 218.024 4.274
0.059% 7.379 14 1507.52 442.9 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 second fastest algorithm. PrefixSpan

is observed to consume considerably less amount of memory onthe Gazelle database similar

to Protein database. PLWAP execution under support 0.055% did not end up in a day therefore

it’s peak memory usage could not be observed and it is indicated by the * sign in Table 5.8.

Table 5.8: Peak Memory Consumption (MB) of Algorithms on Gazelle Sequence Database

Min Support PrefixSpan LAPIN-LCI PLWAP FOF FOF-PT
1.000% <6.5 72.1562 5.960 4.359 4.347
0.500% <6.5 104.664 7.888 4.796 4.804
0.200% <6.5 173.055 9.884 5.144 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-PT performs faster than FOF. This can

be explained by the two points FOF-PT differs from FOF:

• Hybrid search space traversal combined with pattern tree

• Iterative implementation of depth first search on WAP-Tree for finding FOFs

In order to measure independent contributions of these two points to performance improve-
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ment, we implemented FOF-ITER which is a modified version of FOF finding FOFs itera-

tively. We compared execution times of FOF, FOF-ITER and FOF-PT and report results in

Table 5.9. Difference between execution times FOF and FOF-ITER is due to iterative imple-

mentation of depth first search on WAP Tree. Difference between FOF-ITER and FOF-PT

indicate contribution of hybrid traversal strategy combined with sibling principle on pattern

tree to performance improvement.

Table 5.9: Comparative Analysis of Two Differences 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 based algorithms on all the

databases in data set for single-item experiments. Secondly, FOF-PT performed faster than

PrefixSpan on real databases but slower on the synthetic databases. To identify the cause for

these results, we did a set of measurements related to WAP-Tree and mining processes of

algorithms on a set of selected sample test cases. The first category of the measurements de-

pend only on the support value and the sequence database. We computed number and average

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

C15S8N20D200k (1%) Protein (99.99%) Gazelle (0.061%)
Number Of Frequent Items 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 mining processes of the FOF-PT and

PrefixSpan algorithms. Execution time of these algorithms can be evaluated in terms of ex-

ecution units. We define execution unit as a visit to an item inhorizontal database represen-

tation for PrefixSpan and a visit to a WAP-Tree node for FOF-PT. Consequently, execution

times of PrefixSpan and FOF-PT can be approximately comparedby total number of visited

items or WAP-Tree nodes in mining phase. We named total number of execution units as

S canned Area. It is crucial note that scanned area values of PrefixSpan runs given in Table

5.11 does not contain nonfrequent item visits.

In addition, we measured compression rate provided by WAP-Tree in the sample test cases.

Compression rate expresses the proportion of the WAP-Tree representation to horizontal rep-

resentation. Compression rate effects scanned area directly. If the compression is low, FOF-

PT scans less nodes than items of horizontal representation. We computed compression rate

by Equation (5.1). Sum of count values of all nodes in WAP-Tree in denominator is actually

equal to the total number of occurences of frequent items.

Compression Rate=
Number o f nodes in WAP− Tree

S um o f count values o f all nodes in WAP− Tree
(5.1)

Table 5.11: Measurements During Mining On Selected Test Cases

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 49,235,79O 0.609260

It is obvious from the results in Table 5.11 that in the cases which FOF-PT execution time is

less than PrefixSpan, the scanned area by FOF-PT is less than that of PrefixSpan too. FOF-PT

scans less nodes than items scanned by PrefixSpan on Gazelle and Protein databases owing
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both to the properties inherited from the FOF-Algorithm: WAP-Tree representation and Find

First Occurences Approach.

Firstly, even if the same mining strategy of PrefixSpan was applied on WAP-Tree, number

of visited nodes would be less than the number of visited items in horizontal representation.

WAP-Tree can collapse shared prefixes into a single node therefore a WAP-Tree node visit

may correspond to a thousand of item visits of PrefixSpan.

Secondly, FOF-PT and FOF diverges from PrefixSpan in that these algorithms follow Find

First Occurences approach, namely perform separate depth first search scans on the WAP-

Tree to determine frequent items in a projected database. PrefixSpan, on the contrary, scans

whole projected database on each pattern growing step. Whenthe number of candidate items

is small and WAP-Tree is large, approach of FOF-PT may find frequent items faster in pro-

jected databases. However, FOF algorithm cannot outperform PrefixSpan with these two

properties as seen in Tables 5.7 and 5.5. In none of the cases FOF has execution time less

than PrefixSpan. Sibling principle on pattern tree FOF-PT enables prunning of candidate

items to search in projected database and therefore decreases the scanned area.

In sample test case with protein database, the database is very large and number of frequent

items is very small, which provides FOF-PT a very small scanned area compared to PrefixS-

pan. Secondly, for the Gazelle case, compression rate is considerably small and length of

patterns vary in a wide range [5-13] which indicates a decrease in width of pattern tree in

lower levels. However, on the synthetic database C15S8N20D200k, the WAP-Tree compres-

sion rate is greater than that of Gazelle test case and the database is not as large as the Protein

database. Therefore, scanned area of FOF-PT is greater thanthat of PrefixSpan. Another dif-

ference between test cases Gazelle and C15S8N20D200k is that pattern length distributions

are different. As given in Table 5.10, in C15S8N20D200k case, maximum pattern length de-

viates very little from the average when compared to deviation in Gazelle database. Width of

the pattern tree thus number of candidate items to grow a pattern does not drop as the patterns

get longer. Consequently, FOF-PT algorithm scans more nodes than the total number of item

occurences in the projected databases.
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5.2.2 Multi-Item Experiments

We compared MULTI-FOF-PT algorithm with two multi-item sequential pattern mining al-

gorithms: LAPIN-LCI and PrefixSpan. We generated several synthetic sequence databases

using IBM Quest Data Generator. We downloaded IBM Quest DataGenerator executable in

Illimine Software Package Version 1.1.0 from the web site ofIllimine Project6.

Input parameters of IBM Quest Data Generator are listed in Table 5.12. While generating

data sets we used default values 5000 and 25000 forNi andNs respectively.

Table 5.12: IBM Quest Data Generator Parameters

Parameter Explanation
C Average length of sequences
S Average length of large sequences
T Average number of items in transactions
I Average number of items in large itemsets
D Number of sequences in database
N Size of database alphabet
Ni Size of itemset pool
Ns Size of sequence pool

In order to obtain a comprehensive data set, we determined a set of values for each of the

parameters C,T,D and N given in Table 5.13. We generated databases with combination of

values from these sets. We chose I and S values equal to T and C values respectively while

generating the databases. Each sequence database in experiment set is named in accordance

with the parameter values. For instance C25T3S25I3N10D200k specifies a database gener-

ated with parameters C=25, T=3, S=25, I=3, N=10 and D=200K.

Table 5.13: Synthetic Data Set Setup

Parameter Explanation
C {5,25,75}
S = C
T {3,7}
I = I
N {10,500}
D {200k,800k}

We present results on different sequence databases of alphabet size N=10 in 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 sequence database under varying sup-

port thresholds. X signs in all the tables in this section indicate that the algorithm consumed

more than 2GBs of memory and ended unexpectedly.

MULTI-FOF-PT outperforms PrefixSpan in terms of execution time on all sequence databases

with alphabet size N=10. In some of the cases, MULTI-FOF-PT is faster than LAPIN-LCI

yet there are cases in which LAPIN-LCI is faster. However, there are also cases LAPIN-LCI

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

Table 5.14: Execution Times (sec) of Algorithms on C25T3S25I3N10D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N10D200k 99 5.413 8.0 0.717
C25T3S25I3N10D200k 97 15.788 9.0 2.979
C25T3S25I3N10D200k 95 28.895 13.0 10.764
C25T3S25I3N10D200k 93 45.926 18.0 21.044

Table 5.15: Peak Memory Consumption (MB) of Algorithms on C25T3S25I3N10D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N10D200k 99 82.386 124.496 154.078
C25T3S25I3N10D200k 97 95.437 257.988 176.449
C25T3S25I3N10D200k 95 117 297.644 209.719
C25T3S25I3N10D200k 93 132.726 323.753 224.25

Table 5.16: Execution Times (sec) of Algorithms on C25T3S25I3N10D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N10D800k 99 95.488 30.0 2.683
C25T3S25I3N10D800k 97 265.481 36.0 11.372
C25T3S25I3N10D800k 95 435.568 52.0 42.915
C25T3S25I3N10D800k 93 626.044 79.0 87.984

Table 5.17: Peak Memory Consumption (MB) of Algorithms on C25T3S25I3N10D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N10D800k 99 317.992 821.453 576.269
C25T3S25I3N10D800k 97 370.394 1018.15 663.242
C25T3S25I3N10D800k 95 456.671 1177.304 792.003
C25T3S25I3N10D800k 93 514.238 1281.55 848.027
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Table 5.18: Execution Times (sec) of Algorithms on C25T7S25I7N10D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S25I7N10D200k 99.3 576.479 103.0 113.552
C25T7S25I7N10D200k 99.1 938.420 202 204.374
C25T7S25I7N10D200k 99 1136.87 265 257.509
C25T7S25I7N10D200k 97 19685.87 6813 6402.91

Table 5.19: Peak Memory Consumption (MB) of Algorithms on C25T7S25I7N10D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S25I7N10D200k 99.3 283.925 468.394 394.242
C25T7S25I7N10D200k 99.1 315.269 498.156 394.246
C25T7S25I7N10D200k 99 329.128 517.761 394.25
C25T7S25I7N10D200k 97 450.977 643.042 417.085

Table 5.20: Execution Times (sec) of Algorithms on C25T7S25I7N10D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S25I7N10D800k 99.7 2264.765 86 64.552
C25T7S25I7N10D800k 99.5 4594.317 198 230.584
C25T7S25I7N10D800k 99.3 8206.441 X 478.062

Table 5.21: Peak Memory Consumption (MB) of Algorithms on C25T7S25I7N10D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S25I7N10D800k 99.7 885.789 1570.601 1359.64
C25T7S25I7N10D800k 99.5 1057.105 1753.04 1492.07
C25T7S25I7N10D800k 99.3 1121.390 >2000 1492.13

We present results on different sequence databases of alphabet size N=500 in the tables from

Table 5.22 to 5.27. Each table presents results on one sequence database under varying sup-

port thresholds. As mentoined previously, X signs in all thetables in this section indicate that

the algorithm consumed more than 2GBs of memory and ended unexpectedly.

Experiments show that MULTI-FOF-PT is very much slower thanLAPIN-LCI and PrefixS-

pan on sequence databases with alphabet size N=500. As discussed in single-item section,

finding first occurences approach is likely to increase execution time when the alphabet size

is not small. Although sibling principle on pattern tree helps decreasing 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 C25T3S25I3N500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N500D200k 30 1.388 10 18.969
C25T3S25I3N500D200k 20 3.292 15 168.074
C25T3S25I3N500D200k 10 10.187 37 1109.47

Table 5.23: Peak Memory Consumption (MB) of Algorithms on C25T3S25I3N500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N500D200k 30 76.253 313.437 98.007
C25T3S25I3N500D200k 20 101.832 564.222 157.839
C25T3S25I3N500D200k 10 136.527 1127.199 236.785

Table 5.24: Execution Times (sec) of Algorithms on C25T3S25I3N500D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N500D800k 30 15.319 41.0 75.332
C25T3S25I3N500D800k 20 67.502 X 692.298
C25T3S25I3N500D800k 10 128.482 X 4460.05

Table 5.25: Peak Memory Consumption (MB) of Algorithms on C25T3S25I3N500D800k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T3S25I3N500D800k 30 293.632 1238.28 368.492
C25T3S25I3N500D800k 20 396.445 >2000 596.507
C25T3S25I3N500D800k 10 534.359 >2000 897.648

Table 5.26: Execution Times (sec) of Algorithms on C25T7S25I7N500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S25I7N500D200k 30 108.654 64.0 1740.85
C25T7S25I7N500D200k 20 303.546 236.0 9305.07
C25T7S25I7N500D200k 10 1657.488 X >80000

To sum up, success of both FOF-PT and MULTI-FOF-PT should be credited to compact data

structure WAP-Tree and achieved search space prunning by the sibling principle on pattern

tree. The main difference between mining strategy of PrefixSpan and FOF-PT is how frequent

items in a projected database are found. PrefixSpan scans thecomplete projected database for

finding the frequent items. However, FOF-PT approach inherited from FOF searches the
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Table 5.27: Peak Memory Consumption (MB) of Algorithms on C25T7S25I7N500D200k

Database Min Support(%) PrefixSpan LAPIN-LCI MULTI-FOF-PT
C25T7S25I7N500D200k 30 296.527 1084.48 451.632
C25T7S25I7N500D200k 20 377.468 1618.5 548.828
C25T7S25I7N500D200k 10 478.007 >2000 >643.406

projected database for each alphabet item separately untilthe depth first occurences of item

are found. This causes a difference between algorithms in the total database section they scan.

FOF-PT and MULTI-FOF-PT has a large scanned area thus longerexecution time on small

databases with very large alphabets. However, both algorithms may 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 focused on the WAP-Tree data struc-

ture. We investigated multi-item sequential pattern mining on WAP-Tree and we designed

an extension of WAP-Tree data structure for the multi-item sequence databases, the MULTI-

WAP-Tree. In addition, we introduced a new mining strategy on WAP-Tree which combines

hybrid search space traversal and a early prunning idea ”sibling principle on pattern tree”.

We designed two new sequential pattern mining algorithms FOF-PT and MULTI-FOF-PT by

applying the mining strategy on WAP-Tree and MULTI-WAP-Tree respectively.

We conducted a comprehensive set of experiments on FOF-PT. We compared execution time

performance and peak memory usage of the algorithm with previous WAP-Tree based algo-

rithms and multi-item sequential pattern mining algorithms. FOF-PT outperformed the WAP-

Tree based algorithms PLWAP and FOF in terms of both execution time and memory usage.

Moreover, experiment results revealed that FOF-PT can minepatterns faster than PrefixSpan

and as fast as LAPIN on real sequence databases from web usagemining and bioinformatics.

Secondly, for the multi-item case, we evaluated execution time and memory consumption

performance of MULTI-FOF-PT compared to LAPIN-LCI and PrefixSpan. We found that

MULTI-FOF-PT outperforms PrefixSpan and has a performance close to LAPIN-LCI in terms

of execution time on dense databases with small alphabets.

Finally, comparison of PrefixSpan with FOF-PT and MULTI-FOF-PT revelaed that searching

for candidate items to grow a pattern in the projected database with seperate depth-first scans

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

To conclude, in this thesis we introduced a new data structure MULTI-WAP-Tree, a new early
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prunning idea Sibling Principle on Pattern Tree, a WAP-Treebased single-item sequential

pattern mining algorithm FOF-PT and the first WAP-Tree basedmulti-item sequential pat-

tern mining algorithm MULTI-FOF-PT. Experimental resultsshowed that FOF-PT is faster

than previous WAP-Tree based algorithms and PrefixSpan. Moreover, experimental results

revealed that MULTI-FOF-PT is favourable on large databases with small alphabets.

As the future work, several research directions for extending this work can be pursued. The

early prunning idea introduced in the Sibling Principle on Pattern Tree is an expression of

the apriori principle for pattern growth algorithms. Pattern tree provides a representation that

helps uncovering relationships between patterns. Investigation of different early prunning

ideas on pattern tree can be a future research direction. In addition, the Sibling Principle idea

combined with hybrid traversal strategy may be experimented on other sequential pattern

mining approaches like vertical projection.

64



REFERENCES

[1] M. Gupta and J. Han. Applications of pattern discovery using sequential data min-
ing. Pattern Discovery Using Sequence Data Mining: Applications and Studies, page 1,
2011.

[2] M.K. Khribi, M. Jemni, and O. Nasraoui. Automatic recommendations for e-learning
personalization based on web usage mining techniques and information retrieval. In
Eighth IEEE International Conference on Advanced LearningTechnologies, 2008.
ICALT’08., pages 241–245. IEEE, 2008.

[3] B. Berendt and M. Spiliopoulou. Analysis of navigation behaviour in web sites integrat-
ing multiple information systems.The VLDB journal, 9(1):56–75, 2000.

[4] R. Cooley, B. Mobasher, J. Srivastava, et al. Data preparation for mining world wide
web browsing patterns.Knowledge and information systems, 1(1):5–32, 1999.

[5] K. Wang, Y. Xu, and J.X. Yu. Scalable sequential pattern mining for biological se-
quences. InProceedings of the thirteenth ACM international conference on Information
and knowledge management, pages 178–187. ACM, 2004.

[6] T.P. Exarchos, C. Papaloukas, C. Lampros, and D.I. Fotiadis. Mining sequential patterns
for protein fold recognition.Journal of Biomedical Informatics, 41(1):165–179, 2008.

[7] JW Guan, DY Liu, and DA Bell. Discovering motifs in dna sequences.Fundamenta
Informaticae, 59(2-3):119–134, 2004.

[8] P. Ferreira and P. Azevedo. Protein sequence classification through relevant sequence
mining and bayes classifiers.Progress in Artificial Intelligence, pages 236–247, 2005.

[9] L.C. Wuu, C.H. Hung, and S.F. Chen. Building intrusion pattern miner for snort network
intrusion detection system.Journal of Systems and Software, 80(10):1699–1715, 2007.

[10] C. Romero and S. Ventura. Educational data mining: a review of the state of the art.
Systems, Man, and Cybernetics, Part C: Applications and Reviews, IEEE Transactions
on, 40(6):601–618, 2010.

[11] T.H.N. Vu, K.H. Ryu, and N. Park. A method for predictingfuture location of mo-
bile user for location-based services system.Computers& Industrial Engineering,
57(1):91–105, 2009.

[12] C.H. Yun and M.S. Chen. Mining mobile sequential patterns in a mobile commerce
environment.Systems, Man, and Cybernetics, Part C: Applications and Reviews, IEEE
Transactions on, 37(2):278–295, 2007.

[13] N.R. Mabroukeh and CI Ezeife. A taxonomy of sequential pattern mining algorithms.
ACM Computing Surveys (CSUR), 43(1):3, 2010.

65



[14] J. Pei, J. Han, B. Mortazavi-Asl, and H. Zhu. Mining access patterns efficiently from
web logs. Knowledge Discovery and Data Mining. Current Issues and NewApplica-
tions, pages 396–407, 2000.

[15] E.A. Peterson and P. Tang. Mining frequent sequential patterns with first-occurrence
forests. InProceedings of the 46th Annual Southeast Regional Conference (ACMSE),
pages 34–39. ACM, 2008.

[16] F.M. Facca and P.L. Lanzi. Mining interesting knowledge from weblogs: a survey.Data
& Knowledge Engineering, 53(3):225–241, 2005.

[17] M.J. Zaki. Spade: An efficient algorithm for mining frequent sequences.Machine
Learning, 42(1):31–60, 2001.

[18] R. Agrawal and R. Srikant. Mining sequential patterns.In Proceedings of the Eleventh
International Conference on Data Engineering (ICDE’95), pages 3–14. IEEE, 1995.

[19] R. Srikant and R. Agrawal. Mining sequential patterns:Generalizations and perfor-
mance improvements.Advances in Database Technology - EDBT’96, pages 1–17, 1996.

[20] C.I. Ezeife and Y. Lu. Mining web log sequential patterns with position coded pre-order
linked wap-tree.Data Mining and Knowledge Discovery, 10(1):5–38, 2005.

[21] J. Han, J. Pei, B. Mortazavi-Asl, Q. Chen, U. Dayal, and M.C. Hsu. Freespan: frequent
pattern-projected sequential pattern mining. InProceedings of the sixth ACM SIGKDD
international conference on Knowledge discovery and data mining, pages 355–359.
ACM, 2000.

[22] J. Ayres, J. Flannick, J. Gehrke, and T. Yiu. Sequentialpattern mining using a bitmap
representation. InProceedings of the eighth ACM SIGKDD international conference on
Knowledge discovery and data mining, pages 429–435. ACM, 2002.

[23] D.Y. Chiu, Y.H. Wu, and A.L.P. Chen. An efficient algorithm for mining frequent se-
quences by a new strategy without support counting. InData Engineering, 2004. Pro-
ceedings. 20th International Conference on, pages 375–386. IEEE, 2004.

[24] S. Song, H. Hu, and S. Jin. Hvsm: A new sequential patternmining algorithm using
bitmap representation.Advanced Data Mining and Applications, pages 731–732, 2005.

[25] Z. Yang, Y. Wang, and M. Kitsuregawa. Lapin: Effective sequential pattern mining
algorithms by last position induction.Rapport technique, Tokyo University, 2005.

[26] Z. Yang, Y. Wang, and M. Kitsuregawa. An effective system for mining web log.Fron-
tiers of WWW Research and Development-APWeb 2006, pages 40–52, 2006.

[27] K. Gouda, M. Hassaan, and M.J. Zaki. Prism: An effective approach for frequent se-
quence mining via prime-block encoding.Journal of Computer and System Sciences,
76(1):88–102, 2010.

[28] J. Han, J. Pei, B. Mortazavi-Asl, H. Pinto, Q. Chen, U. Dayal, and MC Hsu. Prefixs-
pan: Mining sequential patterns efficiently by prefix-projected pattern growth. InPro-
ceedings of the 17th International Conference on Data Engineering, pages 215–224.
Citeseer, 2001.

66



[29] Z. Yang, Y. Wang, and M. Kitsuregawa. Effective sequential pattern mining algorithms
for dense database. InJapanese Data Engineering Workshop (DEWS), 2006.

[30] J. Han, J. Pei, and X. Yan. Sequential pattern mining by pattern-growth: Principles and
extensions*.Foundations and Advances in Data Mining, pages 183–220, 2005.

[31] B. Zhou, S. Hui, and A. Fong. Cs-mine: an efficient wap-tree mining for web access
patterns.Advanced Web Technologies and Applications, pages 523–532, 2004.

[32] P. Tang, M.P. Turkia, and K.A. Gallivan. Mining web access patterns with first-
occurrence linked wap-trees. InProceedings of the 16th International Conference
on Software Engineering and Data Engineering (SEDE’07), pages 247–252. Citeseer,
2006.

[33] L. Liu and J. Liu. Mining web log sequential patterns with layer coded breadth-first
linked wap-tree. InInternational Conference of Information Science and Management
Engineering (ISME’2010), volume 1, pages 28–31. IEEE, 2010.

[34] E.A. Peterson and P. Tang. A hybrid approach to mining frequent sequential patterns.
In Proceedings of the 47th Annual Southeast Regional Conference (ACMSE), page 87.
ACM, 2009.

[35] R. Agrawal and R. Srikant. Mining sequential patterns.In Proceedings of the Eleventh
International Conference on Data Engineering, pages 3–14. IEEE, 1995.

67



APPENDIX A

DETAILED RESULTS OF EXPERIMENTS

In this appendix, execution times of algorithms on three different runs for each experiment

case reported in Section 5.2 are given. Each experiment caseis composed 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-LCI, PLWAP, FOF, FOF-ITER and

FOF-PT on single-item synthetic databases are given in the tables from Table A.1 to Table

A.6 respectively.
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Table A.1: Execution Time Logs Of PrefixSpan On Synthetic Data Set

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 Data Set

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 DataSet

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 Set

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, PLWAP, FOF, FOF-ITER and

FOF-PT on Gazelle database are given in the tables from TableA.7 to Table A.12 respectively.
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Table A.7: Execution Time Logs Of PrefixSpan On Gazelle Database

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 Database

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 Database

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 Database

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
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A.1.3 Experiments on Protein Database

Execution times of the algorithms PrefixSpan, LAPIN-LCI, FOF, FOF-ITER and FOF-PT on

Protein database are given in the tables from Table A.13 to Table A.17 respectively. A table

for PLWAP algorithm is not given since PLWAP algorithm ran out of memory in experiments

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

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

80



Table A.14: Execution Time Logs Of LAPIN-LCI On Protein Database

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 Database

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 Database

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 Size10

Tables from Table A.18 to Table A.23 present execution timesof the algorithms PrefixSpan,

LAPIN-LCI and MULTI-FOF-PT on synthetic multi-item sequence databases with alphabet

size 10.

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

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

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

Algorithm Data Set Min. Support(%) Execution Time(sec)
Prefixspan C25T7S25I7N10D200k 99.3 576.749
Prefixspan C25T7S25I7N10D200k 99.3 575.111
Prefixspan C25T7S25I7N10D200k 99.3 573.176
Prefixspan C25T7S25I7N10D200k 99.1 940.744
Prefixspan C25T7S25I7N10D200k 99.1 939.012
Prefixspan C25T7S25I7N10D200k 99.1 938.420
Prefixspan C25T7S25I7N10D200k 99.0 1139.161
Prefixspan C25T7S25I7N10D200k 99.0 1138.537
Prefixspan C25T7S25I7N10D200k 99.0 1136.837
Prefixspan C25T7S25I7N10D200k 97.0 19721.086
Prefixspan C25T7S25I7N10D200k 97.0 19721.086
Prefixspan C25T7S25I7N10D200k 97.0 19685.877
Prefixspan C25T7S25I7N10D800k 99.7 2265.530
Prefixspan C25T7S25I7N10D800k 99.7 2265.124
Prefixspan C25T7S25I7N10D800k 99.7 2264.765
Prefixspan C25T7S25I7N10D800k 99.5 4604.722
Prefixspan C25T7S25I7N10D800k 99.5 4594.926
Prefixspan C25T7S25I7N10D800k 99.5 4594.317
Prefixspan C25T7S25I7N10D800k 99.3 8220.404
Prefixspan C25T7S25I7N10D800k 99.3 8213.851
Prefixspan C25T7S25I7N10D800k 99.3 8206.441

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

Algorithm Data Set Min. Support(%) Execution Time(sec)
LAPIN-LCI C25T7S25I7N10D200k 99.0 266.0
LAPIN-LCI C25T7S25I7N10D200k 99.0 265.0
LAPIN-LCI C25T7S25I7N10D200k 99.0 265.0
LAPIN-LCI C25T7S25I7N10D200k 97.0 6818.0
LAPIN-LCI C25T7S25I7N10D200k 97.0 6818.0
LAPIN-LCI C25T7S25I7N10D200k 97.0 6813.0
LAPIN-LCI C25T7S25I7N10D200k 99.3 104.0
LAPIN-LCI C25T7S25I7N10D200k 99.3 104.0
LAPIN-LCI C25T7S25I7N10D200k 99.3 103.0
LAPIN-LCI C25T7S25I7N10D200k 99.1 202.0
LAPIN-LCI C25T7S25I7N10D200k 99.1 202.0
LAPIN-LCI C25T7S25I7N10D200k 99.1 202.0
LAPIN-LCI C25T7S25I7N10D800k 99.7 86.0
LAPIN-LCI C25T7S25I7N10D800k 99.7 86.0
LAPIN-LCI C25T7S25I7N10D800k 99.7 86.0
LAPIN-LCI C25T7S25I7N10D800k 99.5 198.0
LAPIN-LCI C25T7S25I7N10D800k 99.5 198.0
LAPIN-LCI C25T7S25I7N10D800k 99.5 198.0

88



Table A.23: Execution Time Logs of MULTI-FOF-PT on Multi-Item Sequence Databases
with N=10, C=25, T=7

Algorithm Data Set Min. Support(%) Execution Time(sec)
MULTI-FOF-PT C25T7S25I7N10D200k 99.3 113.552
MULTI-FOF-PT C25T7S25I7N10D200k 99.3 113.505
MULTI-FOF-PT C25T7S25I7N10D200k 99.3 113.474
MULTI-FOF-PT C25T7S25I7N10D200k 99.1 205.514
MULTI-FOF-PT C25T7S25I7N10D200k 99.1 204.734
MULTI-FOF-PT C25T7S25I7N10D200k 99.1 204.641
MULTI-FOF-PT C25T7S25I7N10D200k 99.0 258.211
MULTI-FOF-PT C25T7S25I7N10D200k 99.0 257.806
MULTI-FOF-PT C25T7S25I7N10D200k 99.0 257.509
MULTI-FOF-PT C25T7S25I7N10D200k 97.0 6477.08
MULTI-FOF-PT C25T7S25I7N10D200k 97.0 6477.08
MULTI-FOF-PT C25T7S25I7N10D200k 97.0 6402.91
MULTI-FOF-PT C25T7S25I7N10D800k 99.7 64.708
MULTI-FOF-PT C25T7S25I7N10D800k 99.7 64.63
MULTI-FOF-PT C25T7S25I7N10D800k 99.7 64.552
MULTI-FOF-PT C25T7S25I7N10D800k 99.5 231.364
MULTI-FOF-PT C25T7S25I7N10D800k 99.5 230.849
MULTI-FOF-PT C25T7S25I7N10D800k 99.5 230.584
MULTI-FOF-PT C25T7S25I7N10D800k 99.3 480.652
MULTI-FOF-PT C25T7S25I7N10D800k 99.3 478.39
MULTI-FOF-PT C25T7S25I7N10D800k 99.3 478.062
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Table A.24: Execution Time Logs of PrefixSpan on Databases with N= 500

Algorithm Data Set Min. Support(%) Execution Time(sec)
PrefixSpan C25T7S25I7N500D200k 30.0 108.997
PrefixSpan C25T7S25I7N500D200k 30.0 108.857
PrefixSpan C25T7S25I7N500D200k 30.0 108.654
PrefixSpan C25T7S25I7N500D200k 20.0 304.076
PrefixSpan C25T7S25I7N500D200k 20.0 303.546
PrefixSpan C25T7S25I7N500D200k 20.0 303.140
PrefixSpan C25T3S25I3N500D200k 30.0 1.404
PrefixSpan C25T3S25I3N500D200k 30.0 1.389
PrefixSpan C25T3S25I3N500D200k 30.0 1.388
PrefixSpan C25T3S25I3N500D200k 20.0 3.307
PrefixSpan C25T3S25I3N500D200k 20.0 3.307
PrefixSpan C25T3S25I3N500D200k 20.0 3.292
PrefixSpan C25T3S25I3N500D200k 10.0 10.233
PrefixSpan C25T3S25I3N500D200k 10.0 10.202
PrefixSpan C25T3S25I3N500D200k 10.0 10.187
PrefixSpan C25T3S25I3N500D800k 30.0 15.351
PrefixSpan C25T3S25I3N500D800k 30.0 15.320
PrefixSpan C25T3S25I3N500D800k 30.0 15.319
PrefixSpan C25T3S25I3N500D800k 20.0 68.203
PrefixSpan C25T3S25I3N500D800k 20.0 67.813
PrefixSpan C25T3S25I3N500D800k 20.0 67.502
PrefixSpan C25T3S25I3N500D800k 10.0 128.716
PrefixSpan C25T3S25I3N500D800k 10.0 128.669
PrefixSpan C25T3S25I3N500D800k 10.0 128.482

A.2.2 Experiments on Sequence Databases with Alphabet Size500

Tables from Table A.24 to Table A.26 present execution timesof the algorithms PrefixSpan,

LAPIN-LCI and MULTI-FOF-PT on synthetic multi-item sequence databases with alphabet

size 500.
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Table A.25: Execution Time Logs of LAPIN-LCI on Databases with N = 500

Algorithm Data Set Min. Support(%) Execution Time(sec)
LAPIN-LCI C25T7S25I7N500D200k 30.0 64.0
LAPIN-LCI C25T7S25I7N500D200k 30.0 64.0
LAPIN-LCI C25T7S25I7N500D200k 30.0 64.0
LAPIN-LCI C25T7S25I7N500D200k 20.0 243.0
LAPIN-LCI C25T7S25I7N500D200k 20.0 242.0
LAPIN-LCI C25T7S25I7N500D200k 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 Databases with N= 500

Algorithm Data Set Min. Support(%) Execution Time(sec)
MULTI-FOF-PT C25T7S25I7N500D200k 30.0 1746.16
MULTI-FOF-PT C25T7S25I7N500D200k 30.0 1740.87
MULTI-FOF-PT C25T7S25I7N500D200k 30.0 1740.85
MULTI-FOF-PT C25T7S25I7N500D200k 20.0 9317.97
MULTI-FOF-PT C25T7S25I7N500D200k 20.0 9307.74
MULTI-FOF-PT C25T7S25I7N500D200k 20.0 9305.07
MULTI-FOF-PT C25T3S25I3N500D200k 30.0 19.032
MULTI-FOF-PT C25T3S25I3N500D200k 30.0 19
MULTI-FOF-PT C25T3S25I3N500D200k 30.0 18.969
MULTI-FOF-PT C25T3S25I3N500D200k 20.0 169.01
MULTI-FOF-PT C25T3S25I3N500D200k 20.0 168.854
MULTI-FOF-PT C25T3S25I3N500D200k 20.0 168.074
MULTI-FOF-PT C25T3S25I3N500D200k 10.0 1111.16
MULTI-FOF-PT C25T3S25I3N500D200k 10.0 1111.05
MULTI-FOF-PT C25T3S25I3N500D200k 10.0 1109.47
MULTI-FOF-PT C25T3S25I3N500D800k 30.0 75.364
MULTI-FOF-PT C25T3S25I3N500D800k 30.0 75.348
MULTI-FOF-PT C25T3S25I3N500D800k 30.0 75.332
MULTI-FOF-PT C25T3S25I3N500D800k 20.0 692.828
MULTI-FOF-PT C25T3S25I3N500D800k 20.0 692.454
MULTI-FOF-PT C25T3S25I3N500D800k 20.0 692.298
MULTI-FOF-PT C25T3S25I3N500D800k 10.0 4461.05
MULTI-FOF-PT C25T3S25I3N500D800k 10.0 4460.89
MULTI-FOF-PT C25T3S25I3N500D800k 10.0 4460.05
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