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Abstract

Name: Amany Fathy Soliman
Degree: Doctor of Philosophy in Computer and SystesnEngineering

Thesis Title: Incremental Data Mining of Data Streans

The advances in processing and communication tgeeagiresulted in
a multitude of emerging applications that interath streams of data.
Traditional data mining systems store arriving datdlect them for later
mining, and make multiple passes over the colledtgd. Unfortunately,
these systems are prohibitively slow when they déti data streams
with massive amounts of data arriving at high rai@gta streams have
attracted considerable attention in recent yeargréwing number of
applications generate streams of data. The conisigeneration of new
elements in a data stream imposes additional @nttron the methods
utilized for mining such data. For example, memosgage is restricted,
the infinitely flowing original dataset cannot beaaned multiple times,
and current results should be available on dem&mdmany cases,
evolution of sequential patterns is more intergstihan sequential
patterns themselves. Data evolution is one of thestnthallenging
problems in mining sequential patterns in dateastie

Hence, in this thesis a new framework for miningusntial patterns in
evolving data streams is introduced. Batch-windewlined with tilted-
time window models have been adopted in mining eetjal patterns in
evolving data streams. Simulation study has beemedaout to show the
applicability and flexibility of the presented mdderhe proposed
framework guarantees no false negatives and imp@mdewer bound of
the support of false positives. In addition, therectness of the proposed
framework has been proven.



The introduced framework has been extended to atcdar
distributed data stream situations. The extendedieindocuses on
evolving data streams that originate from multigistributed sources.
Moreover, the mining process is achieved withoutngmmising the
privacy of the individual data streams of the mpant nodes. The
extended framework is able to mine sequential patérom multiple
distributed evolving data streams. It is provert tie proposed model
produces no false negatives and imposes a lowerdboluithe support of
false positives. Simulation study has been carpad to analyze the
performance of the proposed model. Simulation tessthow that the
proposed model reduces the communication overhedldei distributed
mining process compared to performing the miningaircentralized
setting. Most importantly, it scales linearly wttie number of distributed
nodes, which contributes to the scalability of pineposed model.

VI



Contents

CHAPTER 1:IntroduCtion .........ccooeiiiei e 1
1.1 GENETAL ...t 1
1.2 INErOAUCTION ...t 2
1.3 Definition of Data Streams..........cooimeeeeeeeei i 2.
1.4 Types of Data Stre@ms ...........ovviiiieeeeeeiiieee e 3
1.5 Data Streams CharacteristiCS..........ccueeccmurriiieiiiiiiie e 3.
1.6 Applications of Data Stream ProCeSSiNg .eeeeeee.oooouvrrrrreieeeeeeniiiieenee 4
1.7 Requirements and Challenges for Data StreaBeBs0g .................ue.e. 4
1.8 Data Stream Management Systems (DSMSS)....ccceeevviiiiiriiiineeeennn. 5

1.8.1 ContinUOUS QUEIIES ......uvviiieeeiiieeeeeeeeeee et Q..

1.8.2 DSMS versus DBMS ... 6
1.9 WIindows 0oNn Data Strea@mS ............uvvieereeeriiiiiie e 7
1.10 Data Stream MiNiNg .........oueeeeeiieeiiiirieeiee e aines 8
1.11 Objectives Of the ThESIS ............utmmn et 9
1.12 Organization of the ThESIS ............ummmmeeeeeeeeeeeeeeeieeeieeeeeeeeee, Q..

CHAPTER 2: Mining Data Streams ............coeiimmiriieeeniiiee e 10
2.1 INFOTUCTION ...t rnneee 10
2.2 Clustering of Data Stre@ms ...........ooeeeeeeeriiiiiiiieee e 11
2.3 Classification of Stream Data...........ccueemeeiieriieieiniiiiee e 31
2.4 Sequential Pattern Mining of Data Streams .. ...c.oooovrieiiiiieeeneeeen. 14

2.4.1 Sequential Pattern MiNiNg ...........oocccemiirimiieieee e 14
2.4.2 Sequential Patten Mining Problems ....cccccee.oooooo, 15
2.4.3 Sequential Pattern Mining in Database ..........ccccvviveeeeeeennn. 17
2.4.4 Sequential Patten Mining Problems in Dataa®ts........................ 18
2.4.5 Sequential Pattern Mining in Data Streams..............ccccceeeeviinnnne 18

2.4.5.1 Efficient Extraction of Sequential PatteimPata streams ....... 19

Vi



2.4.5.2 A Near-Optimal Statistical Approach ............cccccccvvinniinnnnnns 20

2.4.5.3 Incremental Mining of Sequential Patterns...............ccccco.c.... 20
2.4.5.4 Mining Sequential Patterns from Data Steam..................... 21
2.4.5.5 Sequential Pattern Mining Based on Randamgfng ............ 21
2.4.5.6 Stream Sequential Pattern Mining with Be&rror Bounds.... 22
2.4.5.7 Sequential Pattern Automaton for Mining8&ins.................... 23
2.4.5.8 Mining Approximate Sequential Pattern iridD&tream............ 23
2.4.5.9. Maximal Frequent Sequential Patterns Mijnin..................... 23
CHAPTER 3: Mining Sequential Patterns in Evolving Data Streams........ 25
S.LINIrOTUCTION ...t nnee e 25
3.2 MOTIVALION ...t e nne e 26
3.3 The Evolution of a Data Stream .........ccceeevoiiiiiiiieeeeniiieeeeeeen 26
3.4 Tilted-Time WINAOW ........ccccuuiiiiiiiimmn et 27
3.5 Batch-Window MOdel ............ooiiiiiiiiiee e 82
3.6 CONLIIDULIONS ...ttt ee e 29
3.7 Proposed FrameWorK..............eeiiiiiiiiiiiiiiiieieee e 30
3.7.1 Adopted Data StIUCLUIE ...........vvvecemeeemeeeice e ee s e e 30
3.7.2 Framework StIUCLUIE ..............eeeiommmmeeeeeee e e e e 33
3.7.2.1 ASSUMPLIONS ...cevvviiiiiiiiiiiiiiiteenreee e e e e e e e e e e eeaeaaaaeaaeeaeeeaeeeeeeeeees 33
3.7.2.2 Inputs of the AlgOrithm ..........ccoioeeeiieeiiiees 33
3.7.2.3 Framework DeSCriptioN ............uvieemmeeiiiiiiieeee e 34
3.7.3 lllustrative EXample ..........oooviiiiicceeeeeeeeeeeeeeeeeeeveeveevaee e 36
3.7.4 Searching and Inserting in a Lexicograph&eTr..............cccvvvveee. 42
3.7.5 General Tree Traversal..........ccccocveeveiiiiiiiiiieee e 44
3.7.6 Maintaining Tilted-Time Window Table ... 48
3.7.6.1 Maintaining Natural Tilted-Time WiNndOW a.................cooee. 48
3.7.6.2 Maintaining Logarithmic Tilted-Time Window...................... 48
3.7.7Pruning the Tre€ ....ccoviiiiiiiiei et 51

VIl



3.7.7.1 Not_Recently_Occured Pruning........ccccoeeeeeeeiiieiiiiniiienieeeenn, 51
3.7.7.2 Time_Fading Pruning..............uuueecccc e 54
3.7.7.2. L DEfiNItIONS ....oovviiiiiiiii e 54
3.7.7.3 Controlled_Memory Pruning ...........ceeeeevvvivivineiiininniinninnninnnn. 57
3.7.8 Outputting the RESUILS ............oo i 16
3.7.9 Correctness of the Proposed AlgOrithm ceeeevvvvvviivviiiiiiiiiiiiiennns 62
3.7.10 Reasons for Using PrefixSpan.......c . eeeeeeeeeeiiiiiiiiiiiieneeeen.. 65
3.7.11 Storing Old MiNiNg RESUIS.........vtcemmmeceecee e 65
CHAPTER 4: Collective Sequential Pattern Mining inDistributed Evolving
Data StreamsS..........uviiiiiiiiiii 67
4.1 INEFOTUCTION ... e e e e nnne e 67
4.2 Related WOIK........coviiiiiiiiiiiii et 68
4.3 Problem FOrmulation..............ccuviiiimmieieeeieeeee e 70
4.4 Collective Sequential Pattern Mining in Distried Evolving Data
SUIEAIMS ...ttt e 70
4.4.1 Mining Sequential Patterns at Local NodeS...............cccoeeeeneenn. 71
4.4.2 Integration Phase ............oooiiiiimmmmeee e 72
4.4.3 Mining Global Sequential Patterns at the Gimator Node............ 74
4.5 The Hierarchical StruCtUre .............occcceviiiiiiiiiiiiicc e 76
4.6 Theoretical ANAlYSIS.........cc.uuviiiii e 76
CHAPTER 5: SImulation StUAY .........cevviiiiiiii e 80
5.1 INErOTUCTION ...t e e e 80
5.2 The Adopted Data Stream ............oooieeeeeeeeee e, 81
5.3 Mining the Data Stream Batches for Sequeng#kems ...................... 81
5.4 Implementation TOOIS .........ccoooi i 82
5.5 EXperimental RESUILS.............uuvwvvwmmmmmmr e e eeeeeeeeeeeeeeeeesessssessneserennneens 82
5.5.1 SPEDS SIMUIATION ...euttiiiiiiiiiiimmmmmme e 82
5.5.1.1 Time Requirement for SPEDS ..............cccccc, 82
5.5.1.2 Comparing SPEDS with SS-BE ..., 84

IX



5.5.1.3 Changing the WIiNdow Size.........c.coeeceeeeeeeeeiieiiieieee 85

5.5.1.4 Changing the Pruning Period ..........ccceeiiiiiieiiiniiiiieeeeeen 85
5.5.2 Mining Sequential Patterns in Multiple Distried Evolving Data
Streams SIMUIALION ........oooiiiiiiie e 87

5.5.2.1 Changing the Local Minimum SUpport..cceee...ccceeeeeieereeenenn. 88
5.5.2.2 The Communication Load at the Coordinatodé\................... 88
5.5.2.3 The Time Requirements at the CoordinatateNa................... 89
CHAPTER 6: Conclusions and Future Work ...........c.ccccoveeeieeeeennnniiinnnne. 92
6.1 CONCIUSIONS ...ttt e e e e e 92
6.2 FULUIE EXIENSIONS ......oviiiiiiiiiiee s ettt 93
6.2.1 Recognizing and Handling Noise in Data Steam...................... 93
6.2.2 Introducing More Data Stream Mining Algorithm....................... 94
6.2.3 Using Real Data Stream ............ceeeemmeiiiiiiiiieeceee e 94

6.2.4 Using Soft-Computing Techniques in Distrilbu&ream Mining ... 94

APPENDIX A: Synthetic Data Generator for SequentialPatterns Mining 95

AL OULPUL FOMMAL ... e e e e e e 95
A.2 Command LiNe OPLIONS ......uuuuriiiiiiieeeee e eeee e 96
ALB EXAMPIE e e 97
APPENDIX B:_Sequential Pattern Mining Using PrefixSpan ......cc........... 99
B.1 INPUL PArameters ........cooieiiiieiiiii oo e e e et e e e e e e eannnnn e 99
B2 OULPUL ... eememes et en e es e ee e eee s s eeeneenen. 100
B.3 Input File FOrmat...........coooiiiii e 101
REFERENCES. ... tttteiutieeattee e eitee e et e et eseeaasse e e ssteeeabeeeanneeeeaneeeeanneaeanees 102



List of Figures

Fig. 1.1.Window on data Stream .............eeeveees e eee e eeeese e ees e neeeeaeaaaaaaaens 7
Fig. 2.1.A transaction database and a sequence database....................... 15
Fig. 3.1.Natural tilted-time window frame............ccccciiiiiiiiiiee e, 27
Fig. 3.2.Tilted-time window frame with logarithmic partitia........................ 28
Fig. 3.3.A lexicographical tree that represents a setgfisaces.................... 31
Fig. 3.4.A detailed lexicographical tree that representgieaces................... 32
Fig. 3.5. The initialization PRasSe................etmmmevvieeeiieeeee e 34
Fig. 3.6. Incremental update tfeephase................ccci e, 35
Fig. 3.7.The tree after proCeSSIBY .......uuvvrurrruuuriiiiiiieieee e ee e e e e e 37
Fig. 3.8.The tree after proCesSimy ..........cccvvviiiieiieeii e 39
Fig. 3.9.The tree after updating Tilted_table of each nade........................ 40
Fig. 3.1Q The tree after processiBg andBy...........ccccoeeriiiiiiiiiiiieieeeeiiees 41
Fig. 3.11.An example for a lexicographic tree.........ccccecviiiiiiiiieiiniiiiiin, 43
Fig. 3.12.Search a lexicographic tree for a given sequence.................... 45
Fig. 3.13.Search and inserting a given sequence in a lesapbdr tree........... 46
Fig. 3.14.The lexicographic tree after insertiago............ccceeeeeeeeieeiieieeieennnn. a7
Fig. 3.15.Preorder depth-first general tree traversal... .47
Fig. 3.16.The tree after pruning using Not_Recently Occmlng method
.................................................................................................................. 53
Fig. 3.17. Not_Recently_Occured pruning method .........cccccoociiiiiiennneennn. 54
Fig. 3.18.The tree after the processing of four time windows.................... 58
Fig. 3.19.The tree after pruning using Time_Fading pruninghoé.............. 59
Fig. 3.20. Time_Fading Pruning .........cccueeeiieeeoismmmeeeeeee e e e 60
Fig. 3.21.The tree after pruning using Controlled_Memory pmgmmethod... 63
Fig. 4.1.The architecture of the proposed model.. e 13
Fig. 4.2.Mining local frequent sequential patterns (exe«tuuathe Iocal
participant NOAEBE) ..........vveiiiiiiii 74
Fig. 4.3.The modified SPEDS for integration phase (execatdtle coordinator
70T L) 75
Fig. 4.4.Mining global sequential patterns (executed atcti@dinator node) 75
Fig. 4.5.The hierarchical StruUCtUre ...........cccoiieccceeeriiiiiieies 77
Fig. 5.1.Average time for searching and inserting in teetr........................ 83
Fig. 5.2.Average time for processing batches, updatingdittme window
tables, and pruning the tree...........oovvvvveeeeiiiieeeeeeeeeee e 84



Fig.

5.3.Average execution time for SPEDS and SS-BE........................... 85

Fig. 5.4.Average time for updating tilted-time window table..................... 86
Fig. 5.5.Average time for pruning the tree.........ccccceee e 87
Fig. 5.6.Changing the local minimum SUPPOFL .........cvvvvevvrirniiriiiiiiiiiieiannns 88
Fig. 5.7.Communication load at the coordinator node................cccccvvvvvvens 89
Fig. 5.8.The communication load at the coordinator node centralized setting
.................................................................................................................. 90
Fig. 5.9.Time for outputtingGS..........cooiiiiiiiiiiieeeee e 91
Fig. 5.10.Time for the integration phase ............ccccceeviiiiiiiiiiieieeeeee 91

Xl



List of Tables

Table 3.1 Sequence database .............ccooiiimmemmeec e

Table 3.2.A tilted-time WINdOW tabIe ............ooivut e e

Table 3.3.A tilted-time window table for a new node usingn@olled_Memory

[ 1 1 Vo PP 61

XMl



CHAPTER 1

INTRODUCTION

1.1General

In recent years, data streams have attracted arabié attention in
different fields of computer science such as daabaystems, data
mining, and distributed systems. A data streammisrdered sequence of
data items, where the elements of the sequencénuaounsly arrive as
time progresses.

A growing number of applications generate strearhglaia; these
applications may include sensor network data, perdmce
measurements in network monitoring and traffic ng@naent, and log
records generated by web servers.



Because of the underlying resource constraintsrimmg of memory and
running time; most conventional data mining teche& have to be
adapted to fit with the nature of the data streams.

1.2 Introduction

This chapter provides an overview of the concepdaih streams and
explains the types and characteristics of datastse It also, introduces
several applications of data stream processingtandhallenges that face
them. In addition, it presents Data Stream Manage@gstems (DSMS),
continuous queries, and a comparison between DSME traditional
Database Management Systems (DBMS). The modelsataf streams
will be discussed; in addition, techniques utiliZed mining data streams
are introduced. Finally, the objectives of the themnd the scope and
organization are presented.

1.3 Definition of Data Streams

A data stream is a real-time, continuous, ordeeggisnce of items [1].
The order of these items is either implicit by aatfitime or explicit by
timestamps. The order in which items arrive in taddream could not be
controlled and it is not feasible to store a stréacally in its entirety [1].
The items in a data stream arrive at a high rateiclwleads to a
massive/infinite volume of data. In addition, edem in a data stream is
a structured record. In [2] data stream was defiagd“the continuous
flow of data generated at a source (or multipleses) and transmitted to
various destinations.”

A variety of areas gives motivation for studyingtaatreams which
may include: hundreds of nodes in sensor netwash taking readings
at a high rate; huge quantities of meta-data géetrafrom
communications networks about the traffic passiogss them; and in



