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ABSTRACT

Data mining is the process of exploring and analyzing large databases to extract
interesting and previously unknown patterns and rules. In the age of information technology,
the amount of accumulated data is tremendous. Extracting the association rule from this data
is one of the important tasks in data mining.

In Data mining, association rule mining is a descriptive technique which can be defined as
discovering meaningful patterns (itemsets tend to take place together in the transactions)
from large collections of data. Mining frequent patterns is a fundamental part of association
rules mining.

Most of the previous studies adopt an a priori-like candidate set generation-and-test
approach to generate the association rules from the transactional database. The priori-like
candidate approach can suffer from two nontrivial costs: it needs to generate a huge number
of candidate sets, and it may need to repeatedly scan the database and check a large set of
candidates by pattern matching.

In this thesis, the purpose of this study was to explore association rules and present a new
scheme for mining the association rules from transactional database that can guarantee better
performance than the priori-like schemes. The proposed scheme is using the integration of
both the pattern growth approach and apriori rule generation approach.

Another aim was to apply the new scheme using real market basket dataset case study to
assess its effectiveness. The knowledge obtained from the analysis of the dataset using the
proposed scheme can be used to improve the efficiency of a promotional campaign and.a
store layout.

Several performance experiments were carried out on the collected data set and existing
data set and the result of the study was that the new scheme outperformed the apriori-like

schemes for both the dense data and the sparse data.



ABSTRAK

Perlombongan data adalah proses mengeksplorasi dan menganalisa pangkalan data yang
besar untuk mengekstrak pola- pola dan peraturan- peraturan yang menarik serta yang
sebelum ini tidak diketahui. Di era teknologi maklumat, jumlah data yang terkumpul sangat
banyak. Mengekstrak peraturan kombinasi daripada data ini adalah salah satu tugas penting
dalam perlombongan data,

Dalam perlombongan data, peraturan kombinasi perlombongan adalah teknik gambaran yang
boleh ditakrifkan sebagai mengenali pola- pola yang bermakna ( set item — set item berlaku
bersama- sama dalam transaksi- transaksi ) dari kumpulan data yang besar. Perlombongan
pola secara berkali-kali adalah asas kepada peraturan- peraturan kombinasi perlombongan.

Kebanyakan daripada kajian yang terdahulu mengadaptasi teknik seperti-Apriori di mana
calon-calon dibina dan diuji untuk menghasilkan peraturan kombinasi daripada pengkalan
data transaksi. Cara seperti-Apriori ini mempunyai dua kekurangan; di mana ianya perlu
menghasilkan sejumlah besar set-set calon, dan mungkin perlu membaca pangkalan data
berulang kali dan mengenalpasti set calon yang sangat banyak menggunakan pola
penyesuaian.

Dalam tesis ini, tujuan kajian ini adalah untuk mengeksplorasi peraturan- peraturan
kombinasi dan mempersembahkan satu skema baru untuk perlombongan peraturan-
peraturan kombinasi daripada pangkalan data transaksi yang boleh menjamin pencapaian
yang lebih baik berbanding skema - skema seperti-Apriori. Skema yang telah dicadangkan
menggunakan gabungan daripada kedua-dua pola pembesaran dan peraturan pembinaan
apriori.

Kajian ini juga bertujuan untuk mengaplikasikan skema baru menggunakan set data pasaran
sebenar untuk menguji keberkesanannya melalui kajian kes. Maklumat yang didapati
daripada analisa set data adalah skema yang dicadangkan boleh digunakan untuk
meningkatkan pencapaian promosi kempen dan susun atur kedai.

Beberapa eksperimen pencapaian telah dijalankan pada set data yang telah dikumpulkan dan
set data yang sedia ada, dan keputusan daripada kajian ini adalah pencapaian skema yang
baru mengatasi pencapaian skema- skema seperti-apriori dari segi kepadatan data dan
keluasan data.

vi



ACKNOWLEDGEMENTS

Thanks to Allah, The Almighty God, for giving me the power and courage to endlessly

pursue what is so called knowledge.

I would like to express deep gratitude to my supervisors Dr. P. D. D. Dominic and Dr.
Azween Abdullah for their continuous guidance, support, reviews and helpful suggestions. |
also would like to offer special thanks to Dr Ahmed M. Zeki for his ample guidance and

support during my research,
I would like to thank my parents, my sister, and my brothers for their support and love
which gave me the inspiration and persistence to overcome all the difficulties 1 had over all

the times of working on my thesis.

Special thanks also go to my friends; their friendship and help are priceless.

vii



TABLE OF CONTENTS

STATUS OF THESIS ottt et s e s eee b i
TETLE PAGE ... ettt ettt ee s b e e st sarenm e n e eas i
DECLARATION L.ttt c e e eta e b et n e n b e n s e s benes v
ABSTRACT L. et e s ae bbb ean e e v
AB ST RAK ..ot ettt n et e en e n e e vi
ACKNOWLEDGEMENTS ...t e vii
TABLE OF CONTEN T S ettt viii
LIST OF TABLES ..o ittt e b st b e seas cebaa s Xii
LIST OF FIGURES ..ottt et ee e cn e n e se e e e Xiii
CHAPTER ONE: INTRODUCTION ...ttt 1
1. | Knowledge Discovery in Databases (KDD) ..o 1
1. 1. 1 Defining the Problem ..o 2

1. 1. 2 Data PreproCeSSINE .o eeiere e e ee ettt sae s st ab e sr e snae st saa e ate s 2

1. 1. 3 Data MIining (DM .ooeeeeee ettt sie et et et sene s 2

1. 1. 4 Data Post ProCessing .....cccoeeveirerireeireiirecrecrn oo e eaes s e 3
1.2 DAta MININE 1oeiriieeiiieerer e et sttt et edae st s saa et b s e te s sda s sab e ear e sane s res 3
1.2. 1 Data Mining TasK........oooiiieeeiieiiicie e oo 3

1. 2. 2 Data Mining Methods (Technologies) ........cccoviiniiiniiiiic 5

1. 2. 3 Choose the AIZOrItRIMS. ....oveiiiieiir e e e 5

1. 3 Data Mining AppliCations ........occooviiiiiiiceiic i s 5
1. 4 Market Basket Analysis ... e 8
1. 5 Association Rules Mining .....ccooooiiiiiioion e 8



1. 6 Problem STALEIMENT ....iiie ettt et e s et et eeeeet et ettt et e eae e e e e saee s e see st aren s ansaeen 9

1. 7 Objectives 0f TheSis ... e 10
1. 8 Methodology ...coeeiiiii e 10
1.9 Scope and Limitation ...ttt s 10
1. 10 Thesis QULIINE ..o bbbt 11
Lo 1T SUMMBIY oo e e st b e eeeneeae 11
CHAPTER TWO: LITERATURE REVIEW ..o 12
2.1 Data MININE (oot et sbee s e 12
2.2 The Primary Methods of Data Mining..........ccccoriiinniiiiinriencniennn e 13
2. 3 Introduction to Association Rule Mining.......cccocvviereiiriciiiniieivees e svesses e e 16
2.4 Basic COMCEPLS .ooueiiiiiiciiiiee ettt sttt ee bt et et st e e bt ban e b e e s s bee s 17
2.5 Searching Frequent [EMSELS ........ooiiiiii ettt 19
2.5, 1 Apriori AIBOTItRM oottt 20
2. 5. 2 FP-growth Algorithm ..o 26
2. 6 FP-growth Variations Efficiency Scaling ......ccccovvvvvvievivnniieniniinnen oo 31
2. 7 Searching Infrequent emMSELS. ... cccooieiiiiiieiiieie e 38
2. 8 Association Rules Mining ..o 38
2.9 Types of Association Rules Mining........cccveviveericei v cee e e e e e 42
2. 10 Association Analysis to Correlation Analysis .......ccccccveeriiieniioniiniinioione e 45
2. 1] SUMMATY oot b et s e b e et e eat b s e ems b e esneemaeensbeennsemanenneeennes 46
CHAPTER THREE: METHODOLOGY ..oiiiiiiiiiciii e 47
3. T INErOdUCTION .ottt ettt s e e e e rae e n e enre e eaneas 47
3.2 Business Understanding ..........cc.oooiiiriieiininencniorenee e e sistee e e ene e 50
3.3 Data ASSEmMbBIING ..ooveeeieee et een 50



3.4 Data PreproCeSSINE . ....veiieeiiererreirieteeees e et et een s earbe st e e n s reaan e m e e e et e e 50

3. 3 Model BUtlding cooooveeiiceeie e et 51
3.5.1 Efficient and Scalable Frequent Itemset Mining Methods.........cccccooec 52
3.5.2 Rule Generation ...ttt 60
3.5.3 Implementation of New Scheme.......c.occoiiiiiiiiiiii i 61

3. 6 Post-processing of Association Rules.......ccoeviieiiiiiiiiiiiic i 63

3. 7 Interpretation and Explanation of the Results.......occoooiiiiiiiniiiii e, 64

3L 8 SUMMATY ..ottt ettt r e e e see et ba e s ae e sressnieeaas 64

CHAPTER FOUR: MARKET BASKET ANALYSIS CASE STUDY .....coooviiiirennens 66

4. 1 Objective of the Market Basket Analysis.....cccceviviriieiiiiiciiiiiesres e 66

4, 2 Description of the Data ...t ere s e e rre e 68

4. 3 Model BUilding ...ttt a e s e a e 72
4.3. 1 Find the Large temsets. ...t 72
4. 3. 2 Extracting the Association RUles ..........ccoovvveiiiiiiiiiiiiee e 78

4. 4 Evaluate the AsSociation RUIES......c.occiiiieiin i 81

4. 5 RESUILS ..o e s 84

G 6 SUIMIITIATY «oevrtreee et eeesieeree s e et et e et e et tbeeaaseseasaeen st s tsbastansraareassnsa s bstranerssserasraee 90

CHAPTER FIVE: PERFORMANCE STUDY ...ocoiiiiitiiiniiiin oo 92

5.1 Benefit ANAIYSIS ..o e ee sttt e e e e traataraeeas 92
5.1.1 Comparison on Collected Data ...........cocceeiiiiiiiiii s 92
5.1.2 Comparison on Existing Data ........c..cceciiiviiiii e 94

5.2 SUMMATY 1eiiiitiitinire ettt st e et e ets e st et e e eean e ee e emee b eebes b anreenrens 96

CHAPTER SIX: CONCLUSION AND FUTURE RESEARCH ......ccccocconiiiiiiiiie 98

6. 1 CONCIUSIONS .eieiiiitiitieriee ettt st sttt e e st s e ba s satb s sebe e raeeab e e e beesanenaeeenbsas 98



6. 2 FULUEE TTEINAS vt s eee et siee s st esaastsaas e sasseerarsanssesaessrnararennnsassnean 102

PUBLICATIONS .o ettt ettt e e e b 103
REFERENCES ..ottt ettt saen s 104
APPENDIX 1: Whole set of frequent 1-#emsets.........cocovvirriiiiiiiiiiiinniccnisee s 111
APPENDIX 2: Whole set of frequent 2-Itemsets....cc.cveeeiciciinieieneierciirennes e 119
APPENDIX 3: Whole set of frequent 3-itemsets......coooceeriiiiiineiininnccien i, 129
APPENDIX 4: Whole set of frequent 4-Itemsets.........ocoeiiiieeirinieinecrenniine e 134
APPENDIX 5: The whole Set of association rules.......ccoooeveiciiiiinni o, 135

Xi



LIST OF TABLES

Table 2-1. The transactional database DB ............ccoovvviveiineceeiec e 22
Table 2-2. The transactional database DB ...........ccviviiiiiiicceece e 27
Table 2-3. Objective MEASUIEMENTS ......ccccieivreiiriieesiee e e ieeseeerreesasressseesssessraeesrnereeesreens 46
Table 3-1 . The Datasets.......ccooioririii ettt ettt e rer e reb et ssb e s s sbsesseeanseaseens 52
Table 3-2. Meaning of the synthetic dataset parameters...........c.oocooeeriorrieccirenrnnccncnnnn, 53
Table 4-1. Table Fs_Baslik used in the datasets ............cooceeiriiiniiiincccee e 69
Table 4-2 . Table Fs_Detay used in the datasetS.........ccooirviiirieiriiineirinesiereer e 69
Table 4-3. A sample of the mapped data set...........ccccooiiiriiiin s 71
Table 4-4. The number of the frequent itemset sets for different sizes...........ccocoeeeo 72
Table 4-5. The frequent 1-ItEMSELS ........ociiviirirt ettt e es 74
Table 4-6. The frequent 2-itemsets .......c..ccoeeereceeeenn., PP 75
Table 4-7. The frequent 3-ItEmMSELS «..oovviiiiiee s s e eree e s s rae s e s e e aneraeneas 76
Table 4-8. The frequent 4-IEMSELS .....coviiiiireiiieir ettt et e 77
Table 4-9. The frequent S-IEMSELS ...ttt et se s erreee e 77
Table 4-10. Set of order two association rules with support and confidence measures..... 80
Table 4-11. Purchase of coffee and tea among a group of 1000 people .....ccocovvecveceenens 81
Table 4-12. Comparison of three correlation measures ............c.occcooceeiiiiveeiieeee e 83
Table 4-13. Association rules with highest support.........occooevciviiiiinie e, 86
Table 4-14. Association rules with highest confidence .......c.oocviviiiiiieciiin e, 87
Table 4-15. Association rules with highest correlation............ccoccvvveveieiicvicinescieneenn, 88
Table 4-16. Target the CONSEQUENRT.........ocviiiiiieiii e 89

Xii



LIST OF FIGURES

Figure 1-1. A knowledge discovery in databases ProCeSS......ccovivrrerieenierirreircesieenencennes 4
Figure 1-2. Data mining applications in 2008 (http://www. kdnuggets. com). ........c.cccc... 7
Figure 2-1. Summary of primitive data mining tasks ............cooccorniiiinicciiee, 14
Figure 2-2. Generation of candidate itemsets and frequent itemsets .............cceoeveien. 23
Figure 2-3. The pseudo-code of Apriori algorithm ( Agrawal etal 1994)........................ 25
Figure 2-4. FP-tree for tWo tranSactions ..........cccveveerivimrirenniiiineecinne e nncier e s e e 28
Figure 2-5. FINal FP-1ree ....coovviiii et 28
Figure 2-6. The pseudo-code of FP-growth algorithm (Han et al 2000) .........ccoconireene 30
Figure 2-7. The pseudo-code of AFOPT algorithm (Liu et al 2003) ....ccoovviriicininiiiinens 33
Figure 2-8. The pseudo-code of NONORDFP algorithm (Racz 2004) ..o 35
Figure 2-9. The pseudo-code of NONORDFP algorithm (Racz 2004) ..........coeveirie 35
Figure 2-10. The pseudo-code of NONORDFP algorithm (Racz 2004) .........ccccoveeiennneen. 36
Figure 2-11. The pseudo-code of Fpgrowth* algorithm (Grahne et al 2004).................... 37
Figure 2-12. Lattice structure for the association rules..........oc.oooiiii 40
Figure 2-13. Apriori rule generation algorithm (Agrawal et al 1994) ... 41
Figure 2-14. Apriori rule generation algorithm (Agrawal et al 1994} ... 41
Figure 2-15. The multilevel of the abstraction.........occceevrvierieiiiiei e sca e 43
Figure 3-1. Methodologies to extract the association rules...........c.coocvevviininiiiicioenn, 49
Figure 3-2. Execution time at various support levels on T10I4DI100K .........cccoociiininiinnnns 54
Figure 3-3. Execution time at various support levels on T40110D100K .......cocoeeeenininnns 55
Figure 3-4. Execution time at various support levels on Mushroom ..........ccocoeviiininiin. 55
Figure 3-5. Execution time at various support levels on Connectd .......cccoevieniiiininnnnne 56
Figure 3-6. Memory usage on T1014D100k ... 57
Figure 3-7. Memory usages on T40I10D 100K ... 58
Figure 3-8. Memory usages on MUShIOOM ........cueiiiienimiiieniiti e 58
Figure 3-9. Memory usages on Connectd ..............occooooiiiiiiiiiiirniece et 59



Figure 3-10. Running time of rule generation process.............ccocvoeiiiiiiiiciciiic e 60

Figure 3-11. Memory consumption of rule generation process ...........cocccvevvrcerermerecreenenan 61
Figure 4-1. Average number of different items bought per visit ..., 70
Figure 4-2 . Number of rules vs. different confidence values..........c.cocccooninicnnnn, 78

Figure 5-1. The execution time at various support levels on the supermarket dataset ...... 93

Figure 5-2. The memory usage at various support levels on the supermarket dataset....... 94
Figure 5-3. The execution time at various support levels on Mushroom dataset ............. 95
Figure 5-4. The memory usage at various support levels on Mushroom dataset............... 96

Xiv



CHAPTER ONE: INTRODUCTION

In the age of information technology, the size of the databases created by the
organizations is tremendous, due to the availability of low-cost storage and the evolution in
the data capturing technologies. These organizations sectors include retail, petroleum,
telecommunications, utilities, manufacturing, transportation, credit cards, insurance, banking
and many others. Over years, a lot of data is stored in large databases. Representative
examples of such huge database, Yahoo has more than five hundred million unique visitors
per month who produce more than ten Terabytes of click-stream data each day, resulting in
Petabyte scale data warehouse. Whether these databases are from business enterprise or
scientific experiment, there is a need to explore the massively volume of data in order to
extract valuable information. Knowledge discovery in databases (KDD) represents the
exploration processes which identifying precious information in such huge databases (Fayyad
et al. 1996). This valuable information can help the decision maker to make accurate future
decisions. In addition, KDD is the process of searching the database for finding potentially
useful patterns and models which describe the structure of the data by using techniques from
statistics, pattern recognition and machine learning. KDD applications deliver measurable
benefits, including reduced cost of doing business, enhanced profitability, and improved

quality of service.

1. 1 Knowledge Discovery in Databases (KDD)

In general, the process of KDD consists of a sequence of the following steps (Fayyad et al.
1996, Zhang et al. 2002)

* Defining the problem
* Data preprocessing
= Data mining

» Data post processing
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1. 1. 1 Defining the Problem

In this step the goal of the knowledge discovery must be identified. The unifying aim
of the KDD process is to create knowledge from data in the large databases. The goals should be
verified as actionable. For example, once the goals are achieved, the knowledge discovered can be

applied to industry or research area. The data to be used should also be identified.

1. 1. 2 Data Preprocessing

Data preprocessing is the process of converting the data into a suitable format for
subsequent analysis, a large amount of time is needed for the data preprocessing. It
comprises data collecting, data cleaning, data selection, and data transformation. Data
collecting is to collect necessary data from various internal and extemnal sources, resolve
representation and encoding differences, and put data together. Data cleaning means checking
and resolving data conflicts, unusual or exceptional values, missing data, noisy data, and
vagueness. Conversions and combinations might be required to produce new data fields such as
ratios or rolled-up summaries. The task of data selection is to select related data to an analysis
task from a given database. After related data has been chosen, data transformation process
transforms or merges data into forms suitable for mining by performing aggregation or

summary operations.

1. 1. 3 Data Mining (DM)

Data mining is an essential part of KDD. In the data mining step the preprocessed data is
analyzed by a specific data-mining algorithm. Such algorithms contain looking for patterns of
interest in a particular representational form or set of such representation, classification rules or
trees, clustering, regression, sequence modeling, dependency, and so forth. A more detailed

overview of data mining is given in Section 1. 2.



CHAPTER ONE: INTRODUCTION 3

1. 1. 4 Data Post Processing

Data post processing contains pattern evaluation, deploying the model, and all the
operations that are carried out to make the data mining output easy to understand. Pattern
evaluation identifies the interesting patterns representing knowledge based on some interesting
measures. Based on the identified patterns, prediction model is built and tested for accuracy on an
independent dataset one that has not been used to build the model. After the predictive model has
been tested, it is deployed to predict results for new cases. This process might require building
computerized systems that capture the suitable data and generate a prediction in real time so that a
deciston maker can apply the prediction. Whatsoever models are being deployed, maintenance is
required to adjust to changes in economy, customer behavior, and so on. This step needs continuous
revalidation of the model, with new data to evaluate if it is still suitable. The final process in KDD is

knowledge demonstration. It demonstrates mined knowledge to users.

1. 2 Data Mining

This is the important part of KDD. Data mining (DM) is a step in the knowledge
discovery process, consisting of particular algorithms (methods), is the task of drilling
through the huge volumes of data to discover useful knowledge. The knowledge discovery

process is iterative process; Figure 1-1 illustrates a classic KDD process.

1. 2. 1 Data Mining Task

Decide the type of data mining tasks; we have to confirm that the functions and tasks to be
achieved by new system belong to which kind of data mining task. Data mining generally
involves four classes of task; Classification, Clustering, regression, and Association rule

learning.



CHAPTER ONE: INTRODUCTION

Knowledge

Patterns - \'

Postprocessing

Preprocessed Data

Mining

Selected Data
+—t—— Preprocessing

Data

Selection

Figure 1-1. A knowledge discovery in databases process
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1. 2. 2 Data Mining Methods (Technologies)

We can select the suitable data mining methods (technologies) based on the tasks we have
confirmed. Such as, classification model often utilize learning neural network or decision tree
to accomplish; while clustering usually utilize clustering analysis algorithms to accomplish;

association rules often utilize association and sequence discovery to accomplish.
1. 2. 3 Choose the Algorithms

Based on the technologies have been chosen, we can choose a precise algorithm.
Furthermore, a new efficient algorithm can be designed by the particular mining tasks. To

pick data mining algorithms, we should find out the hidden pattern in selecting data.

1. 3 Data Mining Applications

Data mining has become an essential technology for businesses and researchers in many
fields, the number and variety of applications has been growing gradually for several years
and 1t is predicted that it will carry on to grow. A number of the business areas with an early
embracing of DM into their processes are banking, insurance, retail and telecom. More lately
it has been implemented in pharmaceutics, health, government and all sorts of e-businesses
(Figure 1-2).

Data mining applications have proved greatly effective in addressing many important
business problems. Giuffrida et al. , describes a prosperous application of personalization of
online advertisement (Giuffrida et al. 2008). They use the Apriori algorithm for association
rule mining and focus on the important issues of actionability, integration with the existing
Information System and live testing.

An original DM application is described by (Tsai et al. 2008). It is well known that blogs
are more and more regarded as a business tool by companies. The authors propose a scheme
to investigate and analyze blogs. A particular search engine is built to incorporate the models
developed.

Ni et al. describes a scheme to generate a whole set of trading strategies that take into

account application constraints, for example timing, current position and pricing (Ni et al.
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2008). The authors highlight the importance of developing a suitable backtesting
environment that enables the gathering of sufficient evidence to convince the end users that
the system can be used in practice. They use an evolutionary computation approach that
favors trading models with higher stability, which is essential for success in this application
domain.

In some applications, domain-dependent knowledge is integrated in the DM process in all
steps except this one, in which off-the-shelf methods/tools are applied. Dong-Peng et al.
described one such application where the implementations of decision trees (C4. 5) and
association rules (Apriori algorithms) are applied in a risk analysis probiem in banking in
(Dong-Peng et al. 2008).

(Sharif et al. 2005) employ Apriori algorithm as recommendation engine in an E-
commerce system. Based on each visitor’s purchase history the system recommends related,
potentially interesting, products. It is also used as basis for a CRM system as it allows the
company itself to follow-up on customer’s purchases and to recommend other products by e-
mail.

A government application, proposed by (Luo et al 2008). The problem is connected to the
management of the risk associated with social security clients in Australia. The problem is
confirmed as a sequence mining task. The actionability of the model obtained is an essential
concern of the authors. They concentrate on the difficult issue of performing an evaluation

taking both technical and business interestingness into account.
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Poll
Industries_l Fieids where you applied Data Mining in 2008: [107 voters])

CRM/ consumer analytics (41) { _J238 3%
Banking (34) t 131.8%
Fraud Detection (21) 7 196%
Finance (18) C—Ji68%
Direct Marketing/ Fundraising (15) T J14.0%
Other (14) C—Ji13.1%
Investment / Stocks (14) T 113.1%
Credit Scoring (14) C—J13.1%
Telecom / Cable (13) Ci2.1%
Retail (13) CJi2.1%
Advertising (13) U 124%
Biotech/Genomics (12) C3s512%
Science (11) CJ10.3%
Insurance (11) CJi03%
Health care/ HR (10) — . 9.3%
Manufacturing (9) —._8.4%
e-Commerce (8) S 7.5%

web usage mining (8) Cd7.5%

Social Policy/Survey analysis (8) T 7.5%
Medical/ Pharma (8) Cl7.5%
Security / Anti-terrorism (6) 356%

Search / Web content mining (6) Elss%
Government/Mititary (4) 3.7%

Travel / Hospitality (3) . 2.8%

Junk email / Anti-spam (3) 0O2s8%
Entertainment/ Music (3) 2.8%

Social Networks (2) 01.9%

None (2) - 1.9%

Figure 1-2. Data mining applications in 2008 (http://www. kdnuggets.
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1. 4 Market Basket Analysis

Market basket analysis, also known as affinity analysis, it allows retailers to rapidly and
simply look at the size, contents, and value of their customer’s market basket to comprehend
the patterns in how products are purchased together, or basic product affinities (Gordon
2008).

With market basket analysis, retailers can drive more profitable advertising and
promotions, attract more customers, increase the value of the market basket, and much more.

In market basket analysis, mining knowledge on customer behavior, which is actually
helpful to support marketing actions, is a tricky task, which needs non-trivial methods of
employing and combining the data mining technologies. The appeal of market basket
analysis comes from the clearness and value of its results, which are explicated in the form

association rules.

1. 5 Association Rules Mining

Association rules learning or association rules mining are one of the major techniques of
data mining and it is perhaps the most common form of local-pattern discovery in
unsupervised learning systems. The technique is likely to be very practical in applications
which use the similarity in customer buying behavior in order to make peer
recommendations.

Association Rules will permit you to discover rules of the kind If X then (likely) Y where
X and Y can be particular items ,values, words, etc. , or conjunctions of values, items, words,
etc. {e. g. , iIf (Ca=BMW and Gender=Male and Age<20) then (Risk=High and
Insurance=High)).

Data patterns and models can be mined from many different kinds of databases, such as
Relational Databases, Data Warehouses, Transactional Databases, and Advanced Database
Systems (Object-Relational, Spatial and Temporal, Time-Series, Multimedia, Text,

Heterogeneous, Legacy, Distributed, and WWW).
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1. 6 Problem Statement

Database has been used in business management, government administration, scientific
and engineering data management and many other important applications. The newly
extracted information or knowledge may be applied to information management, query
processing, process control, decision making and many other useful applications. With the
explosive growth of data, mining information and knowledge from large databases has
become one of the major challenges for data management and mining community.

The association rule mining is motivated by problems such as market basket analysis. A
tuple in a market basket database is a set of items purchased by customer in a transaction. An
association rule mined from market basket database states that if some items are purchased in
transaction, then it is likely that some other items are purchased as well. Finding all such
rules is valuable for guiding future sales promotions and store layout.

The problem of mining association rules is essentially, to discover all rules, from the
given transactional database D that have support and confidence greater than or equal to the
user specified minimum support and minimum confidence. The problem of association rules

mining is usually broken down into two sub problems:

1- To find all the sets of items whose support is greater than or equal to the user
predetermined minimum threshold.

2- To generate the association rules desired from the frequent itemsets.

Most of the previous studies adopt an a priori-like candidate set generation-and-test
approach to generate the association rules from the transactional database. The priori-like
candidate approach can suffer from two nontrivial costs: it needs o generate a huge number
of candidate sets, and it may need to repeatedly scan the database and check a large set

of candidates by pattern matching.
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1. 7 Objectives of Thesis

Association rule mining, studied for over ten years in the literature of data mining, its goal
is to help enterprises with sophisticated decision making, but the resulting rules typically

cannot be straightforwardly applied and need further processing, Our main objectives are:

* To design new scheme for extracting association rules, this considers the time, the

memory consumption, and the interestingness of the rules.
+ To verify the effectiveness of the new scheme via a case study.

1. 8 Methodology

This thesis is conducted through: a review of the current status and the relevant work in
the area of data mining in general and in the area of association rules in particular; analyze
these works in the area of mining association rules; propose the new scheme for extracting
the association rules that has high efficiency in term of the time and the space; collecting
transactional data; analysis the collected data by using the propose scheme to validate its

efficiency ; seek avenues for further research.

1. 9 Scope and Limitation

The aim of this research is to develop new scheme for extracting the association rules. To
achieve this, different issues regarding association rules mining must be addressed.
Addressing all of these issues and developing solution for them in a single research project is
impractical. Consequently, the essential and more important issues are addressed in this
work. The remaining issues will be left as future works.

The scope of this research is three folds:

+ To study and analyze notable frequent itemsets mining approaches.
» To devise a new scheme for extracting the association rules based on the frequent
itemsets mining approaches in the previous step.

« To conduct case study in retail industry to validate the proposed scheme.

No single empirical scientific study exists without difficulties and this study is no exception,

the data in this study is confidential.
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1. 10 Thesis Qutline

The rest of the thesis is organized as follows: Chapter two presents formally the problem
statement of frequent itemsets mining and shows the recent studies and research in the area
of association rules mining. Chapter three Methodology, this chapter describes the main
approaches used by our scheme. Chapter four presents a case study using our proposed
scheme to find the association rules from the supermarket dataset. Chapter five contains the

conclusion and future work.

1. 11 Summary

The main purpose of this chapter is to provide the reader a brief description of the
research topic which will be conducted in this thesis. The problem statement and the
objectives of the study were introduced. The methodology of this research, and the scope and

limitation of research were discussed as well.
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Despite the data mining is new field but amount of the works are enormous. In this
chapter, we introduce the background knowledge and related work about the data mining and
association rules mining in particular. Initially, section 2.1 describes the original of data
mining field, the main tasks, and the methods for dealing with these different data mining
tasks. The association rules mining task is discussed in section 2.3 and continues throughout
until the last section 2.10, digging into depth of the association rules mining task to explore,
the main algorithms which are employed to achieve the goal of this task and what are the

types of the association rule that could be obtained from the database.

2. 1 Data Mining

Data mining refers to discover knowledge in huge amounts of data. It is a scientific
discipline that is concerned with the analysis observational data sets with the objective of
finding unsuspected relationships and produces a summary of the data in novel ways that the

owner can understand and use (Han et al 2006).

Data mining is the field of study involves the merging of ideas from many domains rather
than a pure discipline the four main disciplines (Tan et ai 2006), which are contributing to

data mining include:

» Statistics: it can provide tools for measuring significance of the given data, estimating
probabilities and many other tasks (e. g. linear regression).
»  Machine learning: it provides algorithms for inducing knowledge from given data (e.

g. SVM).

12
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¢ Data management and databases: since data mining deals with huge size of data, an
efficient way of accessing and maintaining data is necessary.
* Artificial intelligence: it contributes to tasks involving knowledge encoding or search

techniques (e. g. neural networks).

2.2 The Primary Methods of Data Mining

Data mining addresses two basic tasks: verification and discovery. The verification
task seeks to verify users’ hypotheses. While the discovery task searches for unknown
knowledge hidden in the data. In general, discovery task can be further divided into two

categories, which are descriptive data mining and predicative data mining.

Descriptive data mining describes the data set in a summery manner and presents
interesting general properties of the data. Predictive data mining constructs one or more
models to be later used for predicating the behavior of future data sets.

Predictive models are built, or trained, using data for which the value of the response
variable is known. This kind of training is sometimes referred to as supervised learning,
because calculated or estimated values are compared with the already-known results. Some
of the essential predictive methods described are classification, regression, estimation, and
prediction .

By contrast, descriptive methods are sometimes referred to as unsupervised learning
because there is no already-known result to guide the algorithms. The important descriptive
data mining methods explained are clustering and link analysis (association rule discovery
and sequence analysis). The data mining tasks (or problems) can be solved by using two
approaches: Supervised problem solving and Unsupervised problem solving (Pujari 2001).

o Supervised problem solving the collection of techniques where analysis uses a well-
defined (known) dependent variable. In supervised learning the aim is to use the available
data for building a model which describes one particular variable of interest in terms of the

rest of the available data ("class prediction™). All regression and classification techniques are
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supervised. The supervised learning is driven by real business problems and historical data.
And the quality of the supervised learning results dependent on the quality of input data.

X Unsupervised problem solving this term refers to the collection of techniques where
groupings of the data are defined without the use of a dependent variable. In unsupervised
learning, the goal is to establish some relationship among all the variables ("class
discovery"), there is no variable is singled out as the target. Unsupervised learning attempts
to find all patterns or similarities among groups of records without the use of a particular
target field or set of predefined classes ("class discovery"). Association rules extracting,
Segmentation and Cluster analysis are examples. The unsupervised learning approach is
useful when trying to get an initial understanding of data and non-obvious patterns can
sometimes pop out of a completed data analysis project. The data mining functions is

clarified in Figure 2-1.

Mining function Model type
Classification Predictive
Super\;ised Regression modeli;ag
Estimation
Prediction
Unsupérvised Association rules Descriptive
Sequence analysis modeling
Clustering

Figure 2-1. Summary of primitive data mining tasks

A data mining system may contain one or more of the following data mining tasks (Larose

2006):
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Classification: In the Classification the emphasis is on the building of models which is
able to assign new instances to the one of a set of well-defined classes then the output
attribute will be categorical.

Regression: It is a term borrowed from statistics. Except for its outcome, it is basically
the same as the classification task. A classifier outputs are discrete values, while the outputs
of the regression model are continuous values.

Estimation: Like classification, the purpose of an estimation model is to determine a
value for an unknown output, (by given some input data, the coming up value is for some
unknown continuous variable such as income, height, or credit-card balance). However,
unlike classification, the output attribute(s) for an estimation problem are numeric rather than
categorical.

Prediction: Focus in predicating certain events or behavior, based on historical
information. In the predication the same process as classification and estimation except that
the records are classified according to some predicted future behavior or estimated future
value. The output of the predicative model can be categorical or numeric.

Association rules: The purpose of the Association rule is to finding frequent patterns,
associations, correlations, or causal structures among sets of items or objects in transaction
databases, relational databases, and other information repositories.

Sequence analysis: It is the same as association discovery, except that the time sequence
of events is also considered, which is available with database. For instance, “30% of the
people who purchase the product X purchase the product Y within 5 months”. In sequence
analysis the input data is a set of sequences, called data-sequences and each data sequence is
an ordered list of transactions (or itemsets), where each transaction is a set of items.

Clustering Analysis: The main objective of clustering is to find high quality clusters
within a reasonable time. However, different approaches to clustering often define clusters in
different ways. Traditionally clustering techniques are broadly divided into hierarchical and
partitioning methods. Partitioning methods can be further divided into distribution-based,
density-based and grid-based methods.

There are a number of algorithmic techniques available for each data mining tasks, with

features that must be weighed against data characteristics and additional business
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requirements. Among all the techniques listed above, in this research, we are focusing on the
association rules mining technique, which is descriptive mining technique, with transactional
database system. This technique was formulated by (Agarwal et al 1993) and is ofien referred

to as market-basket problem.

2. 3 Introduction to Association Rule Mining

Association rules are one of the major techniques of data mining and it is perhaps
the most common form of local-pattern discovery in unsupervised learning systems. It is
a form of data mining that most closely resembles the process that most people think
about when they try to understand the data mining process. Association rule mining
finding frequent patterns, associations, correlations, or causal structures among sets of
items or objects in transaction databases, relational databases, and other information
repositories (Han et al 2006). The volume of data is increasing dramatically as the data
generated by day-to-day activities. Therefore, mining association rules from massive
amount of data in the database is interested for many industries which can help in many
business decision making processes, such as cross-marketing, Basket data analysis, and
promotion assortment. The techniques for discovering association rules from the data
have traditionally focused on identifying relationships between items telling some aspect
of human behavior, usually buying behavior for determining items that customers buy
together, All rules of this type describe a particular local pattern. The group of association
rules can be easily interpreted and communicated.

A lot of studies have been done in the area of association rules mining. Agrawal et al.
first introduced the association rules mining in (Agrawal et al. 1993, Agrawal et al 1994).
Many studies have been conducted to address various conceptual, implementation, and
application issues relating to the association rules mining task.

Researcher in conceptual issues focuses on developing a framework to explain the
theoretical underpinnings of association rules mining, expand the formulation to handle
new types of patierns, and expand the formulation to incorporate attribute types beyond

asymmetric binary data.
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The reduction of the itemsets scan to obtain fast mining of association rules was
discussed in (Wang et al 2004). On the other hand, (Zaki 2004, Xu et al 2007, Cheng et al

2008) proposed to reduce the number of the extracted association rules.

(Pei et al 2004) worked on mining sequential patterns. Quite a few researchers worked
on the alternative patterns, such as discussed unexpected patterns in (Padmanabhan et al
2000). Exception patterns studied in (Taniar et al 2008). And negative association
discussed in (Wu et al 2004, Sharma et al 2005, Han et al 2006, Dong et al 2007).

Considerable research has been conducted to expand the original association rule
formulation to nominal in (Srikant et al 1996), ordinal (Marcus et al 2001), and interval
(Miller et al 1997).

Researcher in implementation issues focuses on integrating the mining potential into
existing database technology, and developing efficient and scalable mining algorithms.

The SETM algorithm developed by (Houtsma et al 1995) which supports association
rule discovery via SQL queries. To approach real-time data-mining, we need to shorten
the time to accomplish this task, there are many researchers who propose to tackle the
above problem (Han et al 2000, El-Hajj et al 2003). Many researchers have tried to mine
association rules from large database. For example, (Lee et al. 2007) proposed an
efficient method for mining all frequent inter-transaction patterns. To mine
muitidimensional quantitative association rules from relational Jinze Li used linked lists
in (Li et al 2007).

Researcher in application issues focuses on applying association rules to a variety of
application domains. For example, market basket (Chen et al 2005, Yongmei et al 2009),
and network intrusion detection (Barbara et al 2001, Dokas et al 2002, Changguo et al
2009).

2.4 Basic Concepts

(Agarwal et al 1993) defined the problem of finding the association rules from the

database. This section introduces the basic concepts of frequent pattern mining for discovery
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of interesting associations and correlations between itemsets in transactional and relational
database. Association rule mining can be defined formally as follows: _

I= {iy, 13, 13, ..., 1n} is a set of items, such as products like (computer, CD, printer, papers,
...and so on). Let DB be a set of database transactions where each transaction T is a set of
items such that TS/ Each transaction is associated with unique identifier, transaction
identifier (TID). Let X, Y be a set of items, an association rule is an implication of the form
X=2Y, where XC/ YC/ and XNY=0. X is called antecedent of rule (or body of the rule),
and Y is called the consequent of the rule (or the head of the rule). An itemset containing i
items is called an /-itemset, The rule XY holds in the transaction set D with Support s,
which is the percentage of transactions that contain an itemset. For an itemset to be
interesting, its support must be higher than a user-specified minimum. Such itemset are said
to be frequent. So we have the support of the rule X=2Y as follows:

Support(X 2Y) = (X U Y) = (number of transactions containing X & Y)/ (total number of
transactions)

If you notice that the rule XY = Y—=2>X there is another measure called Confidence c,
where ¢ is the percentage of transactions in D containing X that also contain Y. This is taken
to be the conditional probability, P(Y/X), that is:

Confidence (X2 Y) = P(Y/X) = Support(XwY) / Support(X}

The occurrence frequency (or support count) of an itemset is the number of transaction
that contain the itemset. Then the confidence could be defined also as follows:

Confidence (X2Y) = P(Y/X) = Support count(XY) / Support count(X)

It is often desirable to pay attention to only those rules that may have a reasonably large
support such rules with high confidence and strong support, are called strong rules. The
support and confidence are usually referred as interestingness measures of an association
rule. Association rule mining is the process of finding all the association rules that pass
the condition of min support and min confidence. In order to mine these rules, first the
support and confidence values have to be computed for all of the rules and then compare
them with the threshold values to prune the rules with low values of either support or

confidence. But this process is computationally expensive because there are an
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exponential number of rules that can be extracted from a dataset (D) according to the

following formula: R=3_""+]
Where d is the number of items in the dataset and R is the number of extracted rules.

However a large number of these rules will be pruned after applying the support and
confidence thresholds. Therefore the previous computations will be wasted. To avoid this
problem and to improve the performance of the rule discovery algorithm, mining

association rules may be decomposed into two phases:

1- Discover the large itemsets, i.e., the sets of items that have transaction support’s’

above a predetermined minimum threshold.

2- Use the large itemsets to generate the association rules for the database that have
confidence ‘c’ above a predetermined minimum threshold.

The overall performance of mining association rules is determined primarily by the first
step. The second step is easy. After the large itemsets are identified, the corresponding

association rules can be derived in straightforward manner.

2. 5 Searching Frequent Itemsets

Frequent patterns, such as frequent itemsets, substructures, sequences term-sets,
phrase-sets, and sub graphs, generally exist in real-world databases. ldentifying frequent
itemsets is one of the most important issues faced by the knowledge discovery and data
mining community. Frequent itemset mining plays an important role in several data mining
fields (Tan et al 2006) as association rules { Agrawal et al 1994), warehousing (Wu 2006),
correlations (Brin et al 1998), clustering of high-dimensional biological data (Wang et al
2002), and classification, (Cheng 2008). Given a data set d that contains k items, the number
of itemsets that could be generated is 2 — 1, excluding the empty set. In order to searching
the frequent itemsets, the support of each itemset must be computed by scanning each
transaction in the dataset. A brute force approach for doing this will be computationally
expensive due to the exponential number of itemsets whose support counts must be

determined. There have been a lot of excellent algorithms developed for extracting frequent
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itemsets in very large databases. The efficiency of algorithm is linked to the size of the
database which is amenable to be treated. There are two typical strategies adopted by these
algorithms: the first is an effective pruning strategy to reduce the combinatorial search
space of candidate itemsets. The second strategy is to use a compressed data representation

to facilitate in-core processing of the itemsets. Below, we give an example of each strategy.

2. 5.1 Apriori Algorithm

The first algorithm for mining all frequent itemsets and strong association rules was the
AIS algorithm by (Agrawal et al. 1993). Shortly after that, the algorithm was improved and
renamed Apriori. Apriori algorithm is, the most classical and important algorithm for mining
frequent itemsets. Apriori is used to find all frequent itemsets in a given database DB. The
key idea of Apriori algorithm is to make multiple passes over the database. It employs an
iterative approach known as a breadth-first search (level-wise search) through the search
space, where k-itemsets are used to explore (k+1)-itemsets. In the beginning, the set of
frequent 1-itemsets is found. The set of that contains one item, which satisfy the support
threshold, is denoted by L1. In each subsequent pass, we begin with a seed set of itemsets
found to be large in the previous pass. This seed set is used for generating new potentially
large itemsets, called candidate itemsets, and count the actual support for these candidate
itemsets during the pass over the data. At the end of the pass, we determine which of the
candidate itemsets are actually large (frequent), and they become the seed for the next pass.
Therefore, L1 is used to find L2, the set of frequent 2-itemsets, which is used to find L3, and
so6 on, until no more frequent k-itemsets can be found. Then, a very significant property
called Apriori property is employed to reduce the search space, where the Apriori property is
described as “all nonempty subsets of a large itemset must also be large” or “if a set is not
large, then its superset can't be large either”. This property belongs to a special category of
properties called antimonotone in the sense that if a set cannot pass a test, all of its supersets
will fail the same test as well.

Specially, Apriort algorithm consists of join and prune steps:
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Join step: This step generates new candidate k-itemsets based on joining Ly with itself
which is found in the previous iteration. Let Cy denote candidate k-itemset and Ly be the
frequent k-itemset. Let I, and |; be itemsets in Ly The notation I;[j] refers to the jth item in |
(e. g., || [k-2] refers to the second to the last item in ;). By convention, Apriori assumes that
items within a transaction or itemset are sorted in lexicographic order. For the (k-1)-itemset,
li, this means that the items are sorted such that ;[1] < ;[2] <...<Ij[k-1]. The join, Ly.; & Li.i,
is performed, where members of Ly.; are joinable if their first (k-2) items are in common.
That is, members 1) and |; of Ly are joined if (I,[1]=L[1]D0[2]=1:2]D)".. . Ai[k-2]=]a[k-
2D(L[k-1]=l3[k-1]). The condition 1i[k-1]<l; [k-1] simply ensures that no duplicates are
generated. The resulting itemset formed by joining |y and I is ;[1], 1)(2], ..., L[k-2], hi[k-1],
I2[k-1]. An example for the join step, if L3 = {{bread, milk, cheese}, {bread, milk, coke}},
then C4=L3® L3= {bread, milk, cheese, coke}.

Prune step: This step eliminates some of the candidate k-itemsets using the Apriori
property. Cy is a superset of Ly, that is, its members may or may not be frequent, but all of the
frequent k-itemsets are included in Cyi . A scan of the database to determine the count of each
candidate in Cx would result in the determination of Ly (i.e., all candidates having a count no
less than the minimum support count are frequent by definition, and therefore belong to Ly).
Cy, however, can be huge, and so this could involve grave computation. To shrink the size of
Cy, the Apriori property is used as follows. Any (k-1)-itemset that is not frequent cannot be a
subset of a frequent k-itemset. Hence, if any (k-1)-subset of candidate k-itemset is not in Ly
then the candidate cannot be frequent either and so can be removed from Cy. In other words,
if an itemset is not frequent, its superset is not frequent either. An example, if C4= {{bread,
milk, cheese, coke}, {bread, milk, cheese, shoes}}. To find L4, we found the 3-itemset
{bread, milk, shoes} is not in L3 or not frequent itemset. So the candidate 4-itemset {break,
milk, cheese, shoes} is removed from C4.

For the explanation of the algorithm, we will use the following example to find the
frequent itemsets from transactional database DB (see Table 2-1). There are nine transactions
in this database, that is, |[DB| = 9. We use Figure 2-4 to demonstrate the Apriori algorithm for

mining frequent itemsets in DB.
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Table 2-1, The transactional database DB

TID _ ' Items

Ti 11, 12, 15

T2 12,14

T3 12, 13

T4 11,12, 14

TS 11,13

T6 12, 13

T7 1,13

T8 I, 12,13, 15

T9 1, 12,13

In the first iteration of the algorithm, each item is a member of the set of candidate |-
itemsets, C,. The algorithm simply scans all of the transactions in order to identify all the
individual items (called 1-itemsets) and count the number of occurrences of each individual
item.

Assume that the minimum support count required is 2, that is, min_sup = 2. The set of
frequent l-itemsets, L;, can then be determined. It consists of the candidate I-itemsets
satisfying minimum support. In our example, all of the candidates in C,; satisfy minimum
support (support of the item=min_sup).

To find out the set of frequent 2-itemsets, L2, the algorithm uses the join LI®LI to
generate a candidate set of 2-itemsets which could be potentially frequent, C2. C2 consists of
(2™ 2-itemsets. Note that no candidates are removed from C2 during the prune step because
cach subset of the candidates is also frequent.

Next, the transactions in DB are scanned and the support count of each candidate item-set

in C2 is accumulated, as shown in the middle table of the second row in Figure 2-2.
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Figure 2-2. Generation of candidate itemsets and frequent itemsets
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The set of frequent 2-itemsets, L2, is then determined, consisting of those candidate 2-
itemsets in C2 having minimum support. The generation of the set of candidate 3-itemsets,
C3 is detailed in Figure 2-2. From the join step, we first get C3= L2 ® L2 = {{II, 12, [3},
{11, 12, 15}, {11, 13, 15}, {12, I3, 14}, {12, 13, I5}, {12, 14, 15} } Based on the Apriori property
that all subsets of a frequent itemset must also be frequent, we can determine that the four
latter candidates cannot possibly be frequent. We therefore remove them from C3, thereby
saving the effort of unnecessarily obtaining their counts during the subsequent scan of D to
determine L3. Note that when given a candidate k-itemset, we only need to check if its (k-1)-
subsets are frequent since the Apriori algorithm uses a level-wise search strategy. The
resulting pruned version of C3 is shown in the first table of the bottom row of Figure 2-2.

The transactions in D are scanned in order to determine L3 consisting of those candidate
3-itemsets in C3 having minimum support (Figure 2-2).

The algorithm uses L3 ® L3 to generate a candidate set of 4-itemsets, C4. Although the
join results in {{I1, 12, I3, 15} } this itemset is pruned because its subset {{12, I3, I15}} is not
frequent Thus, C4 =@, and the algorithm terminates, having found all of the frequent
itemsets.

Figure 2-3 shows pseudo-code for the Apriori algorithm and its related procedures. Step |
of Apriori finds the frequent l-itemsets, L1. In steps 2 to 10, Ly, is used to generate
candidates Cy in order to find Ly for k 22. The Apriori_gen procedure generates the
candidates and then uses the Apriori property to eliminate those having a subset that is not
frequent (step 3). This procedure is described below. Once all of the candidates have been
generated, the database is scanned (step 4). For each transaction, a subset function is used to
find all subsets of the transaction that are candidates (step 5), and the count for each of these
candidates is accumulated (steps 6 and 7). Finally, all of those candidates satisfying
minimum support (step 9) form the set of frequent itemsets, L (step 11).

The Apriori_gen procedure performs two kinds of actions, namely, join and prune, as
described above. In the join component, Ly.; is joined with Ly.; to genecrate potential
candidates (steps | to 4). The prune component (steps 5 to 7) employs the Apriori property to
remove candidates that have a subset that is not frequent. The test for infrequent subsets is

shown in procedure has infrequent subset.
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Algorithm: Apriori

Input:
D: transaction database;
Min_sup: the minimum support threshold

Output: frequent itemsets

Description:
1: L1 = find_frequent_|-itemsets(DB);
2: for(k=2;Ly., = @;k++) {
3: Ck = Apriori_gen(L,., );
: for each transaction t € DB { // scan DB for counts
: Ct = subset{C,, ); // get the subsets of t that are candidates

: for each candidate ¢ € C,

'}

: Lk = {c € Ck|c. count = min_sup}
10: }

11: return L = UL,

4

5

6

7. ¢. count++;
8

9

procedure Apriori gen(Ly_,:frequent(k- | }-itemsets)

1: for each itemset |, € L,

2: for each itemset I, €L,

30if (1) = LONI2] = LD A k-2)=lalk-2])* (1 (k-1 ]<I[k-1])then{
4:c =1, @ ly; / join step: generate candidates

5: if has infrequent subset(c, L., ) then

6: delete c; // prune step: remove unfruitful candidate

7: else add ¢ to Ck;

8}

9: return Ck;

procedure has-infrequent-subset(c: candidate k-itemset;
L., : frequent (k-1) -itemsets); // use prior knowledge
1: for each (k-1) —subset s of ¢

2:if s & Ly, then

3: return TRUE;

4: return FALSE;

Figure 2-3. The pseudo-code of Apriori algorithm ( Agrawal et al 1994)
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Many other algorithms proposed after the introduction of Apriori keep the same general
structure, adding several techniques to optimize certain steps within the algorithm. Partition
Algorithm in ( Savasere et al 1995, Son et al 2005 ), partition the data to find candidate
itemsets. Dynamic itemset counting in { Brin et al 1997) adds candidate itemsets at different
points during a scan. It is used to reduce number of scans on the dataset. Sampling approach
in (Toivonen 1996, Mahafzah et al 2009) the basic idea is to mine on a subset of the given

data.
2. 5.2 FP-growth Algorithm

FP-growth algorithm is an efficient method of mining all frequent itemsets without
candidate’s generation. FP-growth utilizes a combination of the vertical and horizontai
database layout to store the database in main memory. Instead of storing the cover for every
item in the database, it stores the actual transactions from the database in a trie structure and
every item has a linked list going through all transactions that contain that item. This new
data structure is denoted by FP-tree (Frequent-Pattern tree) (Han et al 2000). Essentially, all
transactions are stored in a trie data structure. Every node additionally stores a counter, which
keeps track of the number of transactions that share the branch through that node. Also a link
is stored, pointing to the next occurrence of the respective item in the FP-tree, such that all
occurrences of an item in the FP-tree are linked together.

Additionally, a header table is stored containing each separate item together with its
support and a link to the first occurrence of the item in the FP-tree. In the FP-tree, all items
are ordered in support descending order, because in this way, it is hoped that this
representation of the database is kept as small as possible since all more frequently occurring

items are arranged closer to the root of the FP-tree and thus are more likely to be shared.

The algorithm mine the frequent itemsets by using a divide-and-conquer strategy as
follows: FP-growth first compresses the database representing frequent itemset into a
frequent-pattern tree, or FP-tree, which retains the itemset association information as

well,
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The next step is to divide a compressed database into set of conditional databases (a
special kind of projected database), each associated with one frequent item. Finally, mine
each such database separately.

Particularly, the construction of FP-tree and the mining of FP-tree are the main steps

in FP-growth algorithm.

For the explanation of the algorithm, we will use the following example to find the
frequent itemsets from transactional database DB (see Table 2-2). First, a scan of the
database DB derivers a set of frequent l-itemsets (L) which also include their support
count. The set L is sorted in the order of descending support count, this ordering is
important since each path of FP-tree will follow it.

Let the minimum support count be 3, then the set L= {(f, 4), (c, 4), (a, 3), (b, 3), (m,
3), (p, 3)}.

Table 2-2. The transactional database DB

TID Items

T1 f,a,c,d, g, i,m,p
T2 a,b,cfl,mo
T3 b, f,hj 0

T4 b,c,k s, p

T5 a,f,coelpmn

Second, an FP-tree is constructed as follows: The root of the tree, labeled Null, is created.
The database DB is scanned for the second time. The items in each transaction are processed
in L order, and a branch is created for each transaction.

For example, the scan of the first transaction, “T1: f, a, ¢, d, g, I, m, p”* which contains five
items (f, c, a, m, p in L order). Only those items that are in the list of frequent itemsets L,

leads to constructions of the first branch of the tree with tree nodes {<f, 1>, <c, I>, <a, 1>,
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<m, 1>, <p, 1>} where <f, 1> is linked as a child of the root. <c, 1> is linked to <f, 1>, <a,
1> is linked to <c, 1>, <m, 1> is linked to <a, 1>, and <p, 1> is linked to <m, 1>,

The second transaction, because it shares items f, ¢ and a, it shares the common prefix {f,
¢, a} with the previous branch and extends to the new branch {<f, 2>, <c, 2>, <a, 2>, <m, 1>,
<p, 1>}, increasing the count of the common prefix by |. The new intermediate version of
FP-tree, after adding two transactions from the database, is given in Figure 2-4. For the

remaining transactions can be inserted in the same way (see Figure. 2-5).

<Null>

l

<f, 2>

l

<¢, 2>

N\

<m, 1> <b, I>

Lo

<p, 1> <m, |>

Figure 2-4. FP-tree for two transactions

<Null>

Item ID | Support | Node-link

Count <f, 4> <c, 1>
f N\ +

4 <¢,3> <b, 1> <b, I>
C 4 .- i
a 3 <a, 3> f <p, 1>
b 3 )

................... <m, 2> <b, L5’

m 3 l l
p 3

<p, 2> <m, >

Figure 2-5, Final FP-tree
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To ease tree traversal, header table is built so that each item points to its occurrences in
the tree via chain of node-link.

Using the compact tree structure (or FP-tree), the FP-growth algorithm mines all the
frequent itemsets. The FP-tree is mined as follows. Begin from each frequent-1 pattern (as an
initial suffix pattern), construct its conditional pattern base (a “subdatabase” which consists
of the set of prefix paths in the FP-tree co-occurring with suffix pattern), then build its
(conditional) FP-tree, and do mining recursively on such a tree. The patterns growth is
achieved by the concatenation of the suffix pattern with the frequent patierns generated from
a conditional FP-tree.

In our example, according to L, the complete set of frequent itemsets can be divided into
subsets (6 for our example)} without overlapping, first, frequent itemsets having items p (as an
initial suffix pattern), which is the last item in L, rather than the first item. The reason for
starting at the end of the list will become clear as we explain the FP-tree mining process.
Second, the itemsets having item m but not p; third, the itemsets that have item b without
both m and p; we continue this process to the end. Therefore, the last set will be the large
itemsets only with f.

The item p occurs in two branches of the FP-tree of Figure 2-5. The occurrences of p can
easily found by starting from the header table of p and following p’s node-links. The paths
formed by these branches are{<f, 4>, <c, 3>, <a, 3>, <m, 2>, <p, 2>} and {<c, |>, <b, 1>,
<p, 1>} where samples with a frequent item p are {<f, 2>, <c, 2>, <a, 2>, <m, 2>, <p, 2>}
and {<c, 1>, <b, 1>, <p, 1>}, which form its conditional pattern base, these samples are the
transactions that contain the branch of the tree with the existing of item p. its conditional FP-
tree contains only {<c, 3>}, the other items are not included because its support count is less
than 3. The generated frequent itemset that satisfy the minimum support count is {<c, 3>, <p,
3>}, all the other itemsets are below the minimum suppott count.

The next subsets of frequent itemsets are those with m item and without p. The FP-tree
recognizes the paths {<f, 4>, <c, 3>, <a, 3>, <m, 2>}and {<f, 4>, <c, 3>, <a, 3>, <b, 1>, <m,
1>}, or the related accumulated samples {<f, 2>, <c, 2>, <a, 2>, <m, 2>} and {<f, 1>, <c,
1>, <a, 1>, <b, 1>, <m, 1>} . Analyzing the samples we find the frequent itemset {<f, 3>, <c,

3>, <a, 3>, <m, 3>}.
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Similar to subset 3 to 6 the same process is done in our example, additional frequent

itemsets can be mined. These are itemsets {f, ¢, a} and {f, c}, but they are already subset of

frequent itemsets {f, ¢, a, m}. Therefore, the final set of frequent itemsets is {{c, p}, {f, c, a,

m}}. The pseudo-code of FP-growth algorithm is shown in Figure 2-6.

Algorithm: FP-growth

Input:

DB: transaction database;

Min_sup: the minimum support threshold

Output: frequent itemsets

Description:

The FP-tree is constructed in the following steps:

(a) Scan the transaction database DB once. Collect F, the set of frequent items, and their support counts,

Sort F in support count descending order as L, the list of frequent items.

{b) Create the root of an FP-tree, and label it as “null. ” For each transaction Trans in DB do the following:

Select and sort the frequent items in Trans according 1o the order of L. Let the sorted  frequent item list in

Trans be [p/P], where p is the first element and P is the remaining list. Call insert tree([p/P], T), which is

performed as follows. If T has a child N such that N. item-name=p. item-name, then increment N's count by

1; else create a new node N, and let its count be 1, its parent link be linked to T, and its node-link to the nodes

with the same item-name via the node-link structure. If P is nonempty, call insert tree(P, N) recursively.

2. The FP-tree is mined by calling FP-growth (FP tree, null), which is implemented as follows.

Procedure FP growth (Tree, a)

l:

00 =1 O h B W N

if Tree contains a single path P then

: for each combination (denoted as i) of the nodes in the path P

: generate pattern BUa with support_count = minimum support count of nodes in B;
: else for each a; in the header of Tree {

: generate pattern 8 = aiUa with support_count = a;. support_count;

: construct B's conditional pattern base and then B's conditional FP_tree Treep;

tif TreeP #@ then

- call FP_growth(Treep, B); }

Figure 2-6. The pseudo-code of FP-growth algorithm (Han et al 2000)
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FP-growth algorithm, its scalable frequent patterns mining method has been proposed as
an alternative to the Apriori-based approach. This algorithm is faster than others in the
literature, this reported by the authors of this algorithm. Several algorithms implicate the
methodology of the FP-growth algorithm. Further improvements of FP-growth mining
methods were introduced. (Grahne et al 2005, Gao 2007, Kumar et al. 2007) adapted the
similar approach of (Han et al 2000) for mining the frequent itemsets from the transactional
database. The authors reported that the performances of these algorithms are more efficient

than FP-growth.

2. 6 FP-growth Variations Efficiency Scaling

Several optimization techniques are added to FP-growth algorithm. These algorithms
follow the similar approach of FP-growth algorithm (Frequent pattern growth). In the
following we will illustrate what are the main optimization ideas in each algorithm.

e AFOPT Algorithm

Liu et al in (Liu et al 2003) investigated the algorithmic performance space of the
FP-growth algorithm. They specified the problem of conditional databases construction
(particutarly the number of the conditional databases constructed and the mining cost of
each individual conditional database) in FP-growth algorithm, which have direct effect
on the performance of the algorithm. They studied the problem of enhancing the FP-
growth algorithm from four perspectives to come with the best strategy for mining the
frequent itemsets. These perspectives are the item search order (in what order the search
space is explored), conditional database representation, conditional database
construction strategy and tree traversal strategy.

For the first part of the problem, the number of the conditional databases constructed
can differ very much using different items search orders. The dynamic ascending order
is able to minimize the number and /or the size of the conditional database constructed
in subsequent mining, AFOPT algorithm adopt this kind of items search order which is

also used by FP-growth.
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For the second part of the problem, the mining cost of each individual conditional
database is heavily depends on its representation (tree-based or array-based). AFOPT
algorithm use adaptive representation, tree-based structure in the case of dense dataset
and array-based representation in the case of sparse dataset. In additions to the
conditional database representation the size and the conditional database construction
strategy have effect on the mining cost of each individual conditional database, two type
of the conditional database construction strategy (physical construction or pseudo-

construction).

The dynamic ascending frequency search order can make the subsequent conditional
databases shrink rapidly. As a result, it is useful to use the physical construction strategy
with the dynamic ascending frequency order. The traversal cost of a tree is minimal using
the top-down traversal strategy, AFOPT algorithm uses dynamic ascending frequency order
for both the search space exploration and prefix-tree construction, and it uses the top-down
traversal strategy. as a summary AFOPT algorithm utilizes dynamic ascending frequency
for the item search space, adaptive representation for the conditional database format,
physical construction for the conditional database construction, and top-down traversal

strategy for the tree traversal, the pseudocode is shown in Figure 2-7 .
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Algorithm: AFOPT-all

Input:
P is a frequent itemset
D, is the conditional database of p

min_sup is the minimum support threshold;

Description

1: Scan D, count frequent items, F={i,, i, ..., in};
: Sort items in F in ascending order of their frequencies;
:Forall itemi € F do
' Dyu=0;

: For all transactions t € D, do

2
3
4
5
6: Remove infrequent items from t, and sort remaining items according to their frequencies in F;
7: Let i the first item of t, insert t into Dy y 45y ;

8:Forallitem i € Fdo

9: Outs=p U {i};

10: AFOPT —all (s, D, min_sup);

11: PushRight (D) ;

Figure 2-7. The pseudo-code of AFOPT algorithm (Liu et al 2003)
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¢ NONORDFP Algorithm

It is one of FP-growth algorithm variations, it based on a variation of FP-tree, a similar
data structure that was used by FP-growth algorithm, but this new version of FP-tree is more
compact and there is no need to rebuild it for each conditional step. It is more compact
because its node only stores the counters of the item and the parent pointer of the item. This
will help to fast allocation, traversal (the data structure is traversal from bottom to up because
it is trie), and optionally projection of the tree. There is no need to rebuild the tree because it
allows for more recursive steps to be carried out on the same tree (data structure), without
need to rebuild it. But there are drawbacks for never rebuild the tree, and then it uses the
projection to filter the conditionally infrequent items. The order of the left items cannot be
changed to adapt to the conditional frequencies, which is why the name of the new data
structure is nonordfp (non order fp-tree).

The running time and the space required for the FP-growth algorithm were the motivation
for Nonordfp algorithm. Récz in (Ricz 2004) dealt with the impiementation issues, data
structures, memory layout, I/O, and library functions. A compact, memory efficient
representation of an FP-tree by using trie data structure, with memory layout that allows
faster traversal was introduced, to deal with the running time and space requirement problem.
This compact representation of FP-tree allows faster allocation, traversal, and optionally
projection. It contains less administrative information about the items in the database (no
labels for the items are stored in the node, no header lists and children are required), and
allows more recursive steps to be carried out on the same data structure, with no need to

rebuild it. The pseudocode is shown in Figures 2-8, 2-9, 2-10.
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Algorithm: Nonordfp- core Algorithm

: Recursion {condition, nextitem, structure, counters):
2: For citem=nextitem-1 downto 0 do {
3: If support of citem <min_supp then {
4: Continue at next citem}

6:
7
8
9

newcounters=aggregate conditional pattern base for condition U citem ;

: If projection is beneficial then {
: newstructure=projection of structure to newcounters;

: Recursion (condition U citem, citem, newstructure, newcounters)}

10:Else

11: Recursion (condition U citem, citem, structure, newcounters)} /fend of for loop

Figure 2-8. The pseudo-code of NONORDFP algorithm (Récz 2004)

Algorithm: Nonordfp- Aggregation on the compact trie data structure

cpb-aggregate (item, parents, itemstarts, counters, newcounters, condfreqgs)

fnput: item is the identifier of the item to add to the current condition, parents and itemstaris describe the

current structure of the tree, counters and newcounters hold the current and new conditional counters of the

nodes: counters is an itemstarts[item+1] sized array, newcounters is an itemstarts[item] sized array, condfreqs

will hold new conditional frequencies of the items, This is the default (dense) aggregation algorithm.

s N =, S . T N UV B 6 }

: Fill newcounters and condfregs with zeroes;

: For n=itemstarts[item] to itemstarts{item+1]-1 do{

: newcounters[parents[n])=counters[n];}

: For citem=item-1 downto 0 do{

: For n=itemstarts[citem] to itemstarts[citem+1]-1 do{
: newcounters[parents[n]]+=newcounters[n];

: condfregs[citem]+=newcounters{n]; }}

Figure 2-9. The pseudo-code of NONORDFP algorithm (Racz 2004)



CHAPTER TWO: LITERATURE REVIEW 36

Algorithm: Nonordfp -Projection of the compact trie data structure
Project(item, parents, itemstarts, newcounters, condfregs,

newparents, newitemstarts, newnewcounters)

Input: newcounters and condfreqs as computed by the aggregation algorithm,
newparents and newitemstarts will hold the projected structure,
newnewcounters will hold the values of newcounters reordered accordingly.

The array newcounters is reused during the algorithm to store the old position to new position mapping.

1: newcounters[0]=0; {node 0 is reserved for the root}
2: nn=1; {the next free node}

3:For citem=0 to item-1 do

4:newitemstarts[citem]=nn;

5: For n=itemstarts[citem] to itemstarts[citem+1}-1 do

6:1f condfreqs[citem]<min_supp or newcounters{n]==0 then

T:newcounters[n]=newcounters[parents[n]] {skip this node, the new position will be the same as the

parent’s}
8:Else
9:newnewcounters[nn]=newcounters{n];
10:newcouniers[n]=nn; {save the position mapping}

I 1:newparentsfnn]=newcounters[parents[n]]; {retrieve the new position of the parent from the saved
mapping}

12: nn++;

13: End if

14:End for

15:End for

16: newitemstarts[item]=nn;

Figure 2-10. The pseudo-code of NONORDFP algorithm (Récz 2004)
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¢ FPGROWTH* Algorithm

Depending on a numerous experiments were done by (Grahne et al 2004), they found
that 80% of the CPU time was used for traversing FP-trees. Consequently, they employed
the array-based technique (FP-array technique) to reduce the traversal time of the FP-trees.
Fpgrowth* algorithm uses FP-tree data structure in combination with the array-based and
incorporates various optimization techniques.

In the case of sparse data set the array-based technique works very well, the array save
traversal time for all items and the next level of FP-trees can be initialized directly. While in
the case of dense data set, the FP-tree is more compact. To deal with this problem they
proposed optimizing technique that help the algorithm to estimate if the data set is sparse or
dense, by counting the number of the nodes in each level of the tree which done during the
construction of each FP-tree. If the data set turns to be dense data set then no need to
calculate the array for the next level of the FP-tree. In the case of sparse data set, the
calculation of the array for the next FP-tree is required, Figure 2-11 shows the Fpgrowth*

algorithm.

Fpgrowth*-all algorithm

Input: A conditional FP-tree T

Output: The complete set of all frequent itemset’s corresponding to T

1: If T only contains a single path P

: Then for each subpath Y of P

: Qutput itemset Y U T. base with count= smallest count of nodes in Y;
: Else for each i in T. header do begin

: Output Y=T. base U {i} with i. count;

:If T. FP-array is not NULL

: Construct a new header table for Y’'s FP-tree from T, FP-array;

: Else construct a new header table from T;

OO W) L B W N

: Construct Y's conditional FP-tree Ty and its FP-array Ay;

10: If Ty#0

11: Call Fpgrowth*(Ty);

Figure 2-11. The pseudo-code of Fpgrowth* algorithm (Grahne et al 2004)
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2. 7 Searching Infrequent Itemsets

All of the previous studies are about to discover association rules among frequent
items. Even though association rule mining among frequent items plays an important role
in decision-making, interesting rules (patterns) can still occur among infrequent items.
For example, in a supermarket, the expensive diamond necklace and earring are rarely
purchased items, and the much inexpensive items like child's clothes/shoes are frequently
purchased items. The profits made by selling one piece of diamond would be as selling
hundreds of child's clothes. So the manager would like to know what kind of diamond
necklace and earring are customers likely to purchase together on a given trip to the store.
Therefore, association rule mining among infrequent items can also capture critical
information in our world. Therefore, infrequent itemset mining recently has received a lot

of attentions such as the researches performed in (Dong et al 2007, Zhou et al 2007).

2. 8 Association Rules Mining

Once the frequent itemsets from transactions in a data set have been found, it is
straightforward to generate all frequent and confidence association rules from them

(Agrawal et al 1994). The general form of the association rule is:
(Antecedents of the rule) = (Consequent of the rule) (support, confidence)
If Body then Head

Each Frequent K-itemset (K=1, 2, 3, .. .), A, can produce up to 2%.2 association rules, for
instance we have frequent itemset contains 3 items then the number of potential association
rules is 6, we subscribe the 2 by two because we are ignoring rules that have empty
antecedents or consequents (@ 2> A) or (A=2>9) those rules always hold confidence equal to
100%. An association rules can be generated by partitioning the itemset A into two non-
empty subsets, X and X-Y, such that X-2X-Y, (where strong association rules satisfy both
minimum support and minimum confidence). Note that for the support of the rules its already

satisfied because they are generated from frequent itemsets and for the confidence of the



CHAPTER TWO: LITERATURE REVIEW 39

association rules to compute it does not require additional scans of the transaction data set
(that is because the support of the antecedent and the consequent of the association rules have

already counted in the stage of finding frequent itemsets).

Support (X2Y) = P (XUY)

Support_count (XUY)

Confidence (X=>Y)=P(Y|X) =
Support_count (X)

As another important property of measuring the support and the confidence of the
association rules is to work as brute-force approach, because the number of the extracted
rules can be very huge, more specifically, the total number of the possible rules, R, extracted
from a data set that contains d items is:

R=S4L[(k®) 2k (9%)] = = 39-24+14)

Theorem 2.1: if a rule X->Y-X does not satisfy the confidence threshold, then any rule

X'=2Y-X’, where X’cX, must not satisfy the confidence threshold as well.

An example to clear the idea of theorem 2.1, we have the frequent itemset X= {a, b, c, d},
the lattice structure for the association rules generated from the frequent itemset is shown in

Figure 2-12.
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Figure 2-12. Lattice structure for the association rules

According to the theorem 2.1, any node of the lattice structure has low confidence value
then the entire sub graph spanned by the node pruned directly. For instance, assume the node
that contains {b, ¢, d}=>{a} has low confidence value. Then all the nodes spanned by this
node will prune directly, as shown in the lattice structure all the highlight nodes are pruned.

A pseudocode for rule generation step is shown in Figure 2-13 and Figure 2-14. This
algorithm adopts level-wise approach for extracting the association rules, where each level
corresponds to the number of items that belong to the rule consequent (head of the rule). In
the beginning the algorithm extracts all the high-confidence rules that have only one item in
the rule consequent. Then these rules are used to generate the new candidate rules. For
instance, if the itemset Y= {a, b, ¢, d}, and at the first level, we obtain {a, ¢, d} 2 {b} and {a,
b, d}=>{c} as a high confidence rules, then the candidate rule will be {a, d}=>{b, ¢} is
generated by merging the consequents of both rules, as shown in line 8. For the confidence
calculation, there is no need to make additional pass over the data set to compute it. Instead,

we determine it by using the support counts computed during the frequent itemsets mining.
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Rule generation of the Apriori algorithm

[nput: frequent itemset

Qutput: Association rules

1: For each frequent K-itemset fi, K>2 do { f; :the frequent itemset}

2:H={i)i € f.}; {1-item consequents of the rule}
3: Call Apriori-generate-rules (f,, H); { Apriori-generate-rules(): is a function}
4: End for

Figure 2-13. Apriori rule generation algorithm (Agrawal et al 1994)

Apriori-generate-rules (fy, H,)

5: k=[fil; {the size of the itemset}

6: m=|H_; {the size of the consequent}
7. If k>m+1 then

8: My =Apriori-gen (Ho); {candidate head generation}
9: For each hyyy € Hpey do

10: Confidence=support (fi}/support{fi-h,+1);  {calculate the confidence}
11: tf Confidence > min_confidence then

12: Qutput the rule (fy— hpe) 2hgy

13: Else

14: Delete h,,+ from Hy. s

15: End if

16: End for

17: Call Apriori-generate-rules (fi, Hpu) {recursion}

18: End if

Figure 2-14. Apriori rule generation algorithm (Agrawal et al 1994)
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Fortunately, if the number of the association rules is not too large, then the time needed to
finding alt such rules consists mainly of the time that was needed to find all frequent
itemsets. To the best of our knowledge, Since the proposal of Apriori association rules
algorithm which generates the association rules from frequent itemset there is no significant
optimization have been done anymore and almost all the researches have been focused on the

way of mining the frequent itemsets

2. 9 Types of Association Rules Mining

In fact there are many kinds of association rules, frequent patterns, and correlations
relationships, Association rules can be classified in various ways (Han et al 2006), based on
the following criteria:

%+ Based on the types of values handled in the rule (categorical data, numerical data):

The categories can include mining Boolean association rules and Quantitative association
rules, as follows:

Boolean association rule: if a rule concerns associations between the absence and the
presence of items (0 refer for absence and | refer for presence of the item) (Wur et al. 1999),
for instance:

Printer-> Papers (support=20%, confidence=80%),
it is an example of Boolean association rule.

Quantitative association rule: if a rule describes association between quantitative items or
attributes, in such rules, quantitative values for items or attributes are partitioned into
intervals then use any algorithm for finding Boolean Association Rules (Tsai et al 2001), for
instance:

Income(X, “10K...40K”) »~ Age(X, “25...50")>Buys(new laptop)(support = 8%,
confidence = 70%)

Where x is a variable representing a customer, is an example of quantitative association

rules, quantitative attributes are discretized.
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*»  Based on the levels of abstractions involved in the rule set:

Some methods for association rule mining can be find rules at differing levels of
abstraction as follows:

Single-leve!l association rules: rules do not refer items or atiribute at different level
(Agarwal et al 1993). The approach for finding this type of rules is by using any algorithm
for finding Boolean Association Rules on the single level of items’ abstractions.

Multilevel association rules: Multi-Level Association Rule from Items often form
hierarchies in Transaction Database (Computer: desktop (IBM, Dell), laptop (Toshiba,

Sony)) (Han et al. 1995), the following rules are multilevel association rules.

Buys (X, “computer”™) = Buys(X, “Canon printer”)
Buys (X, “laptop”) = Buys (X, “Canon printer”)

In the previous rules the items bought are referenced at different levels of abstraction (e.
g., “computer” is higher-level abstraction of “laptop”). In another word we can define the
level of the rule depends on the brand of the items that are from the same category (See

Figure 2-15).

l Computer

/ \l.
| e -
_Hp_"" L IBM L Dell l Hp

Figure 2-15. The multilevel of the abstraction

<+ Based on the dimensions of data involved in the rule;

Single-dimensional association rule: items or attributes in an association rule refer to only
one dimension, Single-Dimensional Association Rule from Transaction Database (Agarwal

et al 1993). For instance:
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Buys (X, “computer”) 2 Buys (X, “antivirus_software™)

Where X represents customer, is a single-dimensional rule since it refers to only one
dimension, Buys.

Multidimensional association rule: a rule refers to two or more dimensions, Multi-
Dimensional Association Rule from Data Warehouse and Relational Data Base (Xu et al.

2006), for example, the rule

Age (X, “25...40”) & Income(X, “30k...70k”) > Buys (X, “new laptop”)

Where X represents customer, is a Multidimensional association rule since it involves
dimensions Age, Income, and Buys. The Multidimensional association rule categorizes as the
repeated of the predicates in the rules as follow:

B Inter-dimension association rules (no repeated predicates)

Age (X, “20-26"} A Occupation(X, “student™) =2 Buys(X, “coke’)

B hybrid-dimension association rules (repeated predicates)

Age (X, “20-26") A Buys(X, “popcorn™) > Buys(X, “coke”)

%+ Based on the kinds of patterns to be mined: many kinds of association rule can be mined

from different kinds of data sets.

Frequent itemset mining: that is, the mining of frequent itemsets (set of items) from
transactional or relational data sets {Agarwal et al. 1993). However, other kinds of frequent
patterns can be found from other kinds of data sets.

Sequential pattern mining. search for frequent subsequences in a sequence data set
(Agrawal et al. 1995, Pei et al 2004). For example with Sequential pattern mining, we can
study the order in which items are frequently purchased. For instance, customers may tend to
first buy a PC, followed by a printer, and then a memory card.

Structured pattern mining: searches for frequent sub structures in a structured data set
(Han et al. 2004). Notice that structure is a general concept that covers many different kinds

of structural forms, such as graph, lattices, trees, sequences, sets, single items, or
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combinations of such structures. Single items are the simplest form of structure. Each
element of an itemset may contain a subsequence, sub tree, and so on. And such containment
relationships can be defining recursively. Therefore, structured patterns mining can be
considered as the most general form of frequent pattern mining.

Choosing the type of the rules is mainly based on the type of the application and the data.
Association rules are good for complete data and discrete values, complete support from
data. Approximate association rules are good for database contains missing or noisy data and
small variations (Gerardo et al. 2004), partial support from data (Nayak et al. 2001), fuzzy

association rules-from fuzzified data (Chen et al. 2002).

2. 10 Association Analysis to Correlation Analysis

Association rules, and the support-confidence framework used to mine them, are well
suited to the market-basket problem. Most association rule mining algorithms employ a
support-confidence framework for the discovery of interesting rules. Although these two
parameters (minimum support: is the minimum number of occurrences of some set of
attributes in a dataset (referred to as itemsets), and minimum confidence: Confidence is an
indication of the support for an AR in a rule set, i.e. how "confident" we are about the
validity of a rule. Confidence is expressed as a percentage and is calculated by dividing the
support for the union of the antecedent and consequent of an AR by the support of just its
antecedent) prune many associations discovered, many rules that are not interesting to the
user may still be produced. The bigger problem of the support-confidence framework does
not work well when correlation is appropriate measure. In order to ameliorate the criterion, a
correlation measure is used to augment the support-confidence framework for association
rules; this generates correlation rules of the form:

(Antecedents of the rule) = (Consequent of the rule) (Support, confidence, correlation)
Several objective measurements were introduced in the literature, among those three
popular objective measurements which are correlation, cosine, and interest (Tan et al 2006);

Table 2-3 shows the measurement and its range of values.
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Table 2-3. Objective measurements

** - Corrélation measurement . © 2 . . T . "¢ - Range .~ . .
Correlation Coefficient = L ABD=PUPE®) The value of correlatior:l ranges from -1
orrelation LoeHclent = S P (P iE (perfect negative correlation) to +1 perfect
positive correlation, if it is 0 then they are

independent.
) P(AB) The value of correlation ranges from 0
Cosine = TP AP (B) (negative correlation) to 1 (positive
correlation) if it is /P(A, B) then they are

independent.
P(AB) The value of correlation ranges from <I
Interest= AP ) (negative correlation) to >1 (positive
correlation), if it s |1 then they are

independent.

For the correlation calculation, there is no need to make additional pass over the data set
to compute it. Instead, we determine it by using the support counts computed during the

frequent itemsets mining.

2. 11 Summary

This chapter has introduced the fundamental information that helps the reader to
understand the basic concepts and terms presented in the rest of this thesis. Initially, section
2.1 presents the original of data mining field, the main tasks, and the methods for dealing
with these different data mining tasks. Section 2.4 shows the basic concepts of mining
frequent itemsets and association rules. In section 2.5 we have talked about searching for the
frequent itemsets and describe the approach of two algorithms (Apriori and FP-growth).
Section 2.6 present descriptions of notable algorithms, and their characteristics. Section 2.8
and section 2.9 present the association rules generation method and the types of the
associations rules could be find from the frequent itemsets. Finally section 2.10 introduces

the idea of moving from extracting the association rules to extracting the correlation rules.
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3. 1 Introduction

Management of large supermarket has to consider many important elements in relation
to the items that should be displayed. Among these elements are the following; what items
we should sale together? How to design the coupons? How to organize merchandise on the
shelves in order to increase the earnings and maximize profit?. Analysis of historical data is
quite common used approach in this regard in order to improve quality of such important
decisions. Until recently, only global data about the cumulative sales during some time
period was available on the computer. However, progress in bar-code technology has made it
possible to store the so called basket data that stores items purchased on a per-transaction
basis. In this chapter, we consider the problem of “mining” a large collection of basket data
type transactions for finding association rules between sets of items, we describe the main
methodologies for analyzing the transactional dataset. Section 3.2 we set the business goal of
using the data mining. Section 3.3 and 3.4; describe the processes of preparing the data to
make it proper for model building. In section 3.5, we describe the model building stage in
which we are using our new scheme for analyze the data set, we describe the main
architecture of our new scheme and how we choose the main components for this scheme.
Finally, in section 3.6 and 3.7, we talk about the post-processing of association rules and the
Interpretation of the results.

This chapter includes several ideas which are all about explaining the core contribution of
the research beside the base of this research. Moreover, this chapter provides all the sequence

steps that have been followed in order to satisfy the research objectives.
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* The Research Design

The research design is the plan, structure, and strategy of investigation conceived so as to
obtain answers to research questions and to variance with economy in procedure. It is the
conceptual structure within research is conducted and it constitutes the blueprint for the
collection, measurement and analysis of data. As such, the design includes an outline of what
the researcher will do from setting the objectives and its operational implications to the final
analysis of data. Descriptive research design has been used in this study, which is consist of
the process of collecting data, analysis it, presents its results, and presents the conclusion of

this analysis.

*» The Purpose of Research

The main objective of the research is to develop and propose a new scheme for mining the
association rules out of transactional data set. The proposed scheme is based on two
approaches: nonordfp approach and Apriori rule generation approach. The proposed scheme
is more efficient than Apriori algorithm and FP-growth algorithm, as it is based on two of the
most efficient approaches. To achieve the research objective successfully, a series of
sequence progresses and analysis steps have been adopted. Figure 3-1 depicts the
methodologies to extract the association rules from the transactional data set using the new

scheme.
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Figure 3-1. Methodologies to extract the association rules

Figure 3-1 illustrates different phases to extract the association rules from the

transactional database using our scheme, starting with business understanding, and continues
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throughout data Assembling, data preprocessing, model building (using the new scheme),
post-processing of association rules, and results interpretation. This new scheme will be used

to generate the association rules in a real business case study.

3. 2 Business Understanding

The concern of this stage is to identify the problem area and describe the problem in
general terms. In another word, the enterprise decision makers need to formulate goals that
the data mining process is expected to achieve. Then the first step in the methodology is to

clearly defined business problem. The business analyst specifies the problem in the business.

3. 3 Data Assembling

Data mining required access to data. The data may be represented as volumes of records
in several database files or the data may contain only few hundred records in a single file. In
order to build effective model a data mining algorithm must be presented with thousands or
millions of instances. Then the second step in our methodology is to collect the data which
could come from many resources (OLAP, Data warchouse, relational database, and flat file).
For instance, in the case study which is presented in chapter four the data was collected for

six months (1 December 2007 until 31 May 2008) from relation database.

3. 4 Data Preprocessing

Applying data preprocessing techniques before mining, can substantially enhance the
overall quality of the patterns mined and/or the time required for the actual mining, Low-
quality data will lead to low-quality mining results. The preparation of data set is one of the
most critical steps in a data mining process. This stage is concerned with selecting data, and
mapping it.

Selecting data refers for removing unnecessary information. When the data is drawn
from different sources, it is possible that the same information is represented in different
sources in different format. For instance, in the case study the recorded transactions are all
the transactions made by someone holding one of the loyalty cards. Each card carries a code

for identifies feature about the owner, including important personal characteristics such as
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sex, birth date, number of children, profession and education. Qur aim is to select only the
transactions data on products (total amount of transactions being collected equal 88162, total
number of products available in the shop is 16,470 items and average transaction size is 13
items).

Mapping the data, it is the process of transfer the values of the selected variables. In our
scheme we are going to deal with numeric attribute. Using the numeric attributes will reduce
the consumption of the memory. Therefore we need to map or to eliminate the nominal
attributes from the dataset. Consequently, this stage reconfigures the data to ensure consistent

format, as there is possibility of inconsistent formats.

3. S Model Building

This stage is concerned with extraction of patterns for the data. The core of this research
is mainly focused on model building. This phase concerns various view points and different

aspects that should be given attention in order to yield sufficient results.

It starts with examine most of the existing frequent itemset algorithms, to study the
performance of each algorithm on the same set of data and determine the best algorithm
based on those comparisons in (section 3.5.1.1 and section 3.5.1.2} we found that nonordfp
algorithm outperforms the other algorithms if we compare for both the time and the memory
consumption. The other part of our new scheme is Apriori rule generation. A distinct feature
of this scheme is that the generation of the association rules is efficient, another important

feature is that no need to read the data base more than two times.

Those two approaches, Nonordfp approach and Apriori rule generation approach, were
employed by our scheme to pull the association rules out of the transactional database.
Testing this scheme will be taken place in the real business case study as is shown in chapter

four. And performance evaiuation of this scheme is presented in chapter five.
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3.5.1 Efficient and Scalable Frequent Itemset Mining Methods

There are several algorithms for mining the frequent itemsets. Those algorithms can be
classified and Apriori-like algorithms (candidate generate-and-test strategy)} and FP-growth-like
algorithms (divide-and-conquer strategy). In this research we are focusing on FP-growth-like
algorithms to find the frequent itemsets. Many variations of the FP-growth algorithm have been
proposed which focus on improving the efficiency of the original algorithm. To investigate which
of these algorithms (namely, AFOCPT algorithm, Nonordfp algorithm and Fpgrowth* algorithm)
is the best for our scheme, we carried out many of experiments by using different existing data
sets.

Data set: The data is challenging due to the number of characteristics which are the number
of the records, and the sparseness of the data (each records contains only small portion of items).
In our experiments we chose different dataset with different properties, to prove the efficiency of

the algorithms, Table 3-1 shows the datasets and the characteristics.

Table 3-1. The Datasets

Data set #Items Avg. #Trans Type Size
Length
T104DI100K 1000 10 100, 000 Sparse 3.93 MB
T40110D 100K 1000 40 100, 000 Sparse 14. 8 MB
Mushroom 119 23 8,124 Dense 557 KB
Connect4 150 43 67,557 Dense 8. 89 MB
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Table 3-2. Meaning of the synthetic dataset parameters

"| Average length of the transaction

Average size of frequent itemsets

| Number of transactions

Thousand

HEIRE

Mushroom and connect4 data sets are real data. While T1014D100k and T40110D100K
are synthetic data set Table 3-2 explains the symbols of the synthetic data. Mushroom and

Connect4 are real-world data set that publicly available in the FIMI repository.

As shown in the table, the data sets have different properties (number of the items: as the
number of the items increases, more space will be needed to store the support counts of
items; the average length of the transaction: for dense data sets, the average length of the
transaction can be very large, this affects on the complexity of the algorithm ; the number of
the transactions in the data set: the run time increases with a large number of transactions, the
sparseness of the data, the size of the data set), which have the great effect on the

performance and efficiency of the algorithms.

¢ Running Time Comparison

The running time is real time, system time and user time. Figure 3-2, Figure 3-3, Figure 3-
4, and Figure 3-5 depict the time needed in seconds for each one of the algorithms. Different
support values (The minimum support values to be chosen depends a bit on the number of
records in the data set) were taken to evaluate the important of the frequent itemsets obtained
by the algorithm (the support is an important measure because the itemset that has very low

support values may occur simply by chance. A low support itemset is also likely to be
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uninteresting from business perspective because it may not profitable to promote items that
customers seldom purchase together. Another benefit of the support measure is that it has an

attractive property (anti-monotone property) that can be exploited for the efficient discovery

of association rules).
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Figure 3-2. Execution time at various support levels on T1014D100k
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Figure 3-4. Execution time at various support levels on Mushroom
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Figure 3-5. Execution time at various support levels on Connect4

It is clear that with the T1014D100k data set Fpgrowth* algorithm outperforms all the
other algorithms. On T40I110D100K data set there is obvious performance competition
among both Fpgrowth* algorithm and AFOPT algorithm. The running times for the AFOPT
algorithm, Nonordfp algorithm, and Fpgrowth* algorithm are near in the case of mushroom
data set. For the connect4 data set, we should mention that some algorithms had problem,
segmentation fault, with some values of support due to the huge number of the frequent
itemsets satisfy those thresholds values and some took long time to find the frequent

itemsets.
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¢ Memory Consumption Comparison

In this section, we calculate the total number of memory consumption for each
algorithm, All the experiments are done on the same sets of data. As demonstrated in Figure
3-6, Figure 3-7, Figure 3-8, and Figure 3-9, the support values and the amount of memory for
each one. We observe that, Nonordfp algorithm remains stable over the whole range of
support values on T10I14D100k. The stability in memory consumption is also obvious for
Fpgrowth* algorithm and AFOPT algorithm for the high values of support.
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Figure 3-6. Memory usage on T1014D100k
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Figure 3-9. Memory usages on Connect4

The behavior of FP-growth algorithm is unstable for the consumption of the memory. The
instability for the consumption happens due to the conditional databases construction.
AFOPT algorithm keeps its stable consumption of the memory on T40110D100K. It further
confirmed the fact that AFOPT algorithm is stable with sparse data sets. In Figure 3-8 the
competition between the three algorithms is clear, the memory usage is competitive. On
Connect4 data set, Fpgrowth* shows stability in the case of the high support thresholds
while Nonordfp algorithm remains stable for the low values of support. As conclusion for
these comparisons we found that nonordfp algorithm outperforms the other algorithms if we

compare for both the time and the memory consumption.
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3.5.2 Rule Generation

The process of generating the rules is straight forward, because there is no need to read the
database again. In our research we are interesting to mine association rules with single
dimension, single level from frequent itemset in the transactional databases, which is based
on the type of the available data. Depending on preliminary test of time and memory
consumption we found that Apriori rule generation approach (Agrawal et al 1994) is stable
and consume a little amount of time and memory during the process of rule generation.
Figure 3-10 shows the running time by using different level of confidence for generating the

association rules from the existing data sets.
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Figure 3-10. Running time of rule generation process

The behavior of the rule generation using the Apriori rules shows that the size of the data
set has affect on the time. With the increase of the size the running time for generation rules

will increase, this is because with the increasing of the size the time for processing will
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increase. Moving from the low level of confidence to high level the behavior is changed
gradually, because with increasing the level of the confidence more rules are trimmed. The
other processes running by the systems have affected on the inconsistent in the behavior of
all of these data sets.
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Figure 3-11. Memory consumption of rule generation process

Figure 3-11 depicts the amount of the memory utilization (the value of the heap peak)
during the process of rule generation. It is clear that for all data sets the consumption of
memory is stable, because for every itemset in the data set the algorithm finds the subsets of

it without the need to read the data set.

3.5.3 Implementation of New Scheme

Basically, the new scheme integrates nonordfp approach and Apriori rule generation

approach. Thus the main architecture of our scheme is:
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[nput of scheme:

¢ The set of the data (D)
¢ The support value (8)

» The confidence value(C)
Output of scheme:

s Set of association rules

Step 1:
Compute the frequency of itemsets in D;
Compute the support (sup) of itemset, //where sup= frequency (XUY)|D;
If(sup(itemsets)>=S)
{Generate the frequent itemsets (FI);}
Step 2:
For each frequent itemsets (FI)
{Find the subset itemsets x and y;}
Step 3:
Compute the confidence {(conf) of x==>y, //where conf=frequency (XUY)/frequency(X);
Foreachx and y
[f(conf(x==>y) >=C)
{ Compute the correlation (cor) of x===>y,

/* where cor is one of three measurements

Pxy)—P{}P(y}

» Correlation Coefficient PO PG
s Pl
« Cosine ——P(I)P(y)

Plxy)
. Interestw

*f
Qutput x==>y {sup(x,y} , conf(x,y),cor(x,y)};
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3. 6 Post-processing of Association Rules

This stage depends on the result of the previous ones. Actually it is about measure the
interestingness of the items in the obtained model or pattern. Most likely the most significant
problem with association rules, which so far remains largely unsettled, is the ‘interestingness’
of association rules. Indeed, the main strength of association rule mining is that, since it
discovers all association rules that exist in a database, it can reveal valuable and unexpected
information. These strengths, however, are also its weakness; i.e. the number of discovered
rules can be huge, hundreds or even thousands of rules, which makes manual examination of
those rules practically infeasibie. In other words, association rule results sometimes create a
new data mining problem of the second order. This makes post-processing of these rules very
significant, i.e. we need good methods to reduce the number of association rules to the most
interesting ones. The reasons for this problem of interestingness can be found in the
limitations of the support-confidence framework, adopted by almost all.

After learning system induces models from the data their evaluation should take place,
there are several measurement for this purpose, support, confidence, correlation, cosine,
interest (see section 2.10). All objective measure of interestingness for association rules is
based on the statistical notion of correlation between the items in the antecedent and the
consequent of the rule. The idea is to construct a contingency table from the association rule
results and test the interdependence between the antecedent and the consequent of the rule.

We utilize three popular objective measurements which are correlation, cosine, and
interest (Tan et al 2006) to see which is the most suitable for our data set. Therefore, a good
strategy is to perform the correlation coefficient analysis first, and when the result shows that
they are weakly positively/negatively correlated, other analyses can be performed to assist in

obtaining a more complete picture.
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3. 7 Interpretation and Explanation of the Results

The patterns obtained in the stage of model building and refined in the stage of post-
processing of association rules are converted into knowledge, which in turn, is used to
support the decision-making.

After the rules are mined out of the database, the rules are used to understand the problem
better. To summarize the obtain rules there are four methods which are: by ranking the rules
by their supports value help the decision maker to know what the most ubiquitous rules are.
By ranking the rules by their confidence value highly confidence value imply strong
relationships. By considering the correlation to obtain a relative measure of a rule’s
interestingness. By summarizing all the rules that have certain value for consequent; it can be
used to understand what is the associated with the consequent and perhaps what affects the
consequent.

Now we may use the acquired knowledge directly for predication or in an expert system
shell as a knowledge base. If the knowledge discovery process is performed for an end-user,
we usually document the derived results. Another possibility is to visualize the knowledge, or
to transform it to an understandable form for the user-end. In this stage the main concern is to

summarize the obtain rules and present them to the decision makers.

3. 8 Summary

In this chapter, we proposed new scheme for extracting association rules from
transactional datasets. The methodology for analyzing the transactional data by using our
new scheme consists of six phases. First step of this methodology is to specify the problem
which is going to be solved by analyzing the data. The next step is to assemble the data sets
into one data set to be used for finding the patterns in the data set. The next step of our
methodology is to map the data to numeric values to make it works with the new scheme, to
reduce the amount of the memory taken by the nominal values. The scheme employees the
nonordfp approach, which has been chosen according to its time and memory efficiency.

Nonordfp approach is used in this scheme to find the frequent itemset. Once the frequent
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itemsets from transactions in a data set have been found, it is straightforward to generate all
frequent and confidence association rules from them. Level-wise approach is utilized by the
scheme to generate the association rules. Next step is to evaluate the obtained rules by the
correlation measurements to eliminate the un-interestingness rules. Final step is to summarize
the obtain rules to support the decision-making, the summarization can be by sorting the
obtained rules depending on the values of its support, confidence, correlation ,and unified

consequent of the rules .



CHAPTER FOUR: MARKET BASKET ANALYSIS CASE
STUDY

The retail industry is a most important application area for data mining, since it collects
enormous amounts of data on sales, customer shopping history, service, and goods
transportation, consumption. Progress in bar code technology has made it possible for retail
organizations to collect and store massive amounts of sales data, referred as the basket data.
Such market basket databases consist of a large number of transaction records. Each record
lists all items bought by a customer on a single purchase trip. Using market basket analysis is
a key factor of success in the competition of supermarket retailers. Market basket analysis
provides manager with knowledge of customers and their purchasing behaviour which
brings potentially huge added value for their business. Recent marketing research has
suggested that in-store enviromental stimuli, such as shelf-space allocation, and product
display, have a great influence upon consumer buying behavior and may induce substantial
demand. This chapter presents a market basket analysis case study, to verify the efficiency of

our new scheme.

4. 1 Objective of the Market Basket Analysis

Retailing is an industry with high level of competition. It is a customer based industry
which depends on how it could be aware of what the customers’ needs and requirements are.
The very first groceries displayed their products in an industrial approach which have
produced the present day grocery store layouts based on “sectors™ as fruits, vegetables,
magazines, CDs, and so on. This approach is a company oriented and it fails to respond to the
needs of the time-pressured consumer. In the new market, satisfying the customer needs is
one of the important tasks for the retailers. This required from company to move from the
traditional company-oriented to customer-oriented which concern about the buying behavior

of the customer.

66
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The store layout and the promotional campaign are huge tasks for retail managers. The
complexity of these tasks lies on the relationships between categories on sale as well as on
the impact that it produces on the consumer spatial behavior and in-store traffic.

One possibility to do so is to make the store layout construction and the promotional
campaign through the introduction of market basket analysis. Market basket analysis has the
objective of individuating products, or groups of products, that tend to occur together (are
associated) in buying transactions (baskets). The knowledge obtained from a market basket
analysis can be very valuable, and it can be employed by a supermarket to redesign the
layout of the store to increase the profit through placing interdependencies products near to
each other and to satisfy customers through saving time and personalized the store layout.
Another strategy, Items that are associated can be put near to each other; it increases the sales
of other items due to complementarily effects. If the customers see them, it has higher
probability that they will purchase them together.

The knowledge obtained from a market basket analysis can be also used to improve the
efficiency of a promotional campaign: products that are associated should not be put on
promotion for the same periods. By promoting just one of the association products, it should
be possible to increase the sales of that product and accompanying sales increases for the
associated products.

From a marketing perspective, the research is motivated by the fact that some recent
trends in retailing pose important challenges to retailers in order to stay competitive. Indeed,
the rise of large retail stores and the fact that customers are getting used to self-service
resulted in a loss of personalized customer service and creates new challenges to gain and
keep customer loyalty, for instance through personalization.

Indeed, as a result of the trend for one-stop-shopping, consumers typically make
interdependent purchases in multiple product categories and failing to consider those
interdependencies may lead to marketing actions with disappointing results.

The database usually considered in a market basket analysis consists of all the transactions
made in a certain sale period and in certain sale location. Consumers can appear more than
once in the database. In fact, consumers will appear in the database whenever they carry out a

transaction at a sales location. A number of recent techniques in data mining (association
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rules) provide excellent opportunities to take such interdependencies among products into
account. This case study applies data mining method, namely association rules mining to

understand the association between buying behaviors.

4. 2 Description of the Data

For the purpose of this study, an empirical data set is kindly provided from anonymous
retail supermarket store. The data collected over six months, started by the first of December
2007 until the end of May 2008. The considered period of the data consists of approximately
six months.

The recorded transactions are all the transactions made by someone holding one of the
loyalty cards. Each card carries a code for identifies feature about the owner, including
important personal characteristics such as sex, birth date, number of children, profession and
education. The card allows the analyst to follow the buying behavior of its owner: how many
times they go to the supermarket in the given period, what they buy, whether they follow the
promotions, etc.

The total amount of receipts being collected equals 88162. The total number of products

available in the shop is 16,470 items and the average transaction size is 13 items,

In total, 5,133 customers have purchased at least one product in the supermarket during
the data collection period. The second step in our methodology is to assemble the data which
we have in the format of a relational database. We first converted the data into horizontal
database layout <TID, {iteml, item 2,... , item n}>, to be suited for our scheme. Table 4-1
and Table 4-2 contain the description of the database tables used. We used the concatenation
of the fields TARH, KAS_NO, FS_NO as the TID of the itemset. Our aim here is to consider
only transactions data on products, in order to investigate the association between these

products.
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Table 4-1. Table Fs_Baslik used in the datasets

Field name Field Description
TARH Date of transaction”
KAS NO 1D of the cashier
FS NO 1D of the receipt
MUSTERI NO ID of the customer

Table 4-2. Table Fs_Detay used in the datasets

Field Name Field Description
TARH Date of transaction .
KAS NO 1D of the cashier
FS NO ID of the receipt
FS_SIRANO The place of the item in the receipt
MALA NO ID of the item
MIKTER The amount of the item

Figure 4-1 shows the average number of different items bought per shopping visit. The
average number of different products bought per shopping visit equals 13 and most

customers buy between 7 and 1] items per shopping visit.
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Figure 4-1. Average number of different items bought per visit

In data mining, a key problem that arises in any of masse collection of data is
confidentiality issues. The need for privacy can be motivated by business interests. The data
we are using in this thesis is confidential therefore it is mined blindly, i.e. not knowing what
we are mining. Before the data can be used for market basket analysis, mapping the data is
crucial, that because, the numeric attributes are used by our scheme. Therefore, we need to
map or to eliminate the nominal attributes from the dataset. Table 4-3 shows the overall

position associated with the name of the product.
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Table 4-3. A sample of the mapped data set

Overall Description Category
Position

1 Coca Cola Regular Soft drinks

2 Dessert vacuum Douwe Eghberts | Coffee

4 Water still Spa Water

6 Dash Scoops Washing powder
12 Sandwiches Fresh sandwiches
16 Red port Appetizer drinks
2] Mayonaise egg D. L. Mayonaise

23 Bo French bread Bake-off products
25 Fresh eggs Eggs

27 Yakult Milk

28 Multi-grain bread Bread

58 Dreft household liquid Dish washing

70 Calgon Cleaning products
86 Salty crisps Smiths Crisps

90 Double Lait chocolate C. d'Or Chocolate

100 Fruit basket Fruit

102 Baby tissues pampers Baby care

118 Daycreme nivea Beauty

127 Batteries cigarette 1. 5 V Duracell | Electricity

130 frying oil VDM oils

165 Herring fillets Korenbloem Refrigerated salads
165 Herring fillets Korenbloem Refrigerated salads
167 Effi Minarine Margarine spread
174 Toilet paper Scottex Toilet paper

303 Backerbsen Flour products
637 Deo spray Dove Deodorant

819 Whiskas cocktail Cat food
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4. 3 Model Building

The most common way to analyze of market basket data is to use association rules, a
local data mining method. This local models (patterns) look at selected parts of the data set
(subset of variables or subset of observations). In our scheme there are two steps for obtain

the association rules

4. 3. 1 Find the Large Itemsets

For finding the frequent itemsets in our scheme we are using the nonordfp approach on
the prepared data.

We chose the minimum support 0.00187 to be threshold for the itemsets which is equal to
absolute support count 164, choosing the right support threshold for mining the data set is
quite tricky. In our analysis we are using small value for two reasons, the first we do not want
to lose interesting patterns even if it is happened seldom, and the second reason, the
computational efficiency of the chosen algorithm allow us to use this low value of support.
This resulted in 3029 frequent itemset sets of size [1] to [5], see table 4-4. The table shows
the majority of the frequent itemsets are of size 1 and 2. The amount of the time needed to

generate these frequent itemsets is equal 0. 684 seconds.

Table 4-4. The number of the frequent itemset sets for different sizes

The size of the frequent itemset The number of the frequent itemsets
l-itemsets 1041
2-itemsets 1285
3-itemsets ' - 586
4-itemsets 110
5-itemsets ) 7
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Tables 4-5, 4-6, 4-7, 4-8, 4-9 show portions of the frequent itemsets. The support can be
used to assess the importance of a rule in terms of its frequency in the database. The highest
frequency found from this data set:

In the 1-itemsets is 50675 for the itemset {39}, the whole output of frequent |-itemsets is
shown in appendix |. Note that the minimum frequency in the tables is 164 which is the pre-
defined threshold.

In the case of 2-itemsets the highest frequency is 29142 for the itemset {39, 48}, the
whole output of frequent 2- itemsets is shown in appendix 2.

For the 3-itemset, the highest frequency is 7366 for the itemset {39, 48, 41}, the whole
output of frequent 3- itemsets is shown in appendix 3.

For the 4-itemsets, the highest frequency is 1991 for the itemset {38, 41, 48, 39}, the
whole output of frequent 4- itemsets is shown in appendix 4.

Finally, in the case of 5-itemsets, the highest frequency is 448 for the itemset {32, 38, 41,
48, 39}.
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Table 4-5. The frequent 1-itemsets

Itemsets (frequency) Itemsets (frequency) Itemsets (frequency)
892 (164) 848 (170) 5289 (176)
991 (164) 2182 (170) 0(177)
2327 (164) 2876 (170) 2202 (177)
2853 (164) 3762 (170) 2471 (177)
3338 (164) 4552 (170) 3402 (177)
3420 (164) 11560 (170) 4113 (177)
3539 (164) 12491 (170) 1290 (178)
4389 (164) 958 (171) 1805 (178)
4886 (164) 2026 (171) 1905 (178)
58 (165) 2720 (171) 2493 (178)
1439 (165) 5346 (171) 3312 (178)
1568 (165) 10598 (171) 4143 (178)
2084 (165) 1612 (172) 4221(178)
2269 (165) 2424 (172) 5323 (178)
2721 (165) 4424 (172) 6403 (178)
3297 (165) 444 (173) 368 (179)
4340 (165) 986 (173) 572 (179)
6404 (165) 1781 (173) 1166 (179}
12996 (165) 2129 (173) 2822 (179)
265 (166) 2514 (173) 4643 (179)
460 (166) 3271 (173) 10128 (179)
770 (166) 4771 (173) 1615 (180)
1981 (166) 5178 (173) 2708 (180)
4080 (166) 364 (174) 2840 (180)
4226 (166) 445 (174) 3240 (180)
10441 (166) 683 (174) 4859 (180)
12921 (166) 1178 (174) 10481 (180)
1130 (167) 1215 (174) 228 (181)
1180 (167) 1727 (174) 289 (181)
1354 (167) 7646 (174) 1184 (181)
2122 (167) 467 (175) 1588 (181}
2919 (167) 791 (175) 2800 (181)
3742 (167) 877(175) 2812 (181)
4548 (167) 1896 (175) 3988 (181)
3272 (168) 1951 (175) 4913 (181)
3314 (168) 4310 (175) 13556 (181)
3840 (168) 236 (176) 184 (182)
2408 (169) 1736 (176) 781 (182)
2820 (169) 2210 (176) 3161 (182)
2967 (169) 2654 (176) 4342 (182)
3973 (169) 3236 (176) 4744 (182)
5339 (169) 4843 (176) 421 (183)
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Table 4-6. The frequent 2-itemsets

Itemsets (frequency)

Itemsets (frequency)

Itemsets (frequency)

3005 38 (195)
4975 39 (164)
2805 38 (212)
211339 (171)
1996 39 (174)
10074 39 (165)
887 48 (164)
1476 39 (168)
3311 1819 (180)
491 48 (182)
491 39 (186)
708 39 (178)
1104 39 (167)
1591 39 (169)
767 48 (164)
2998 48 (169)
2998 39 (168)
256 39 (188)
597 39 (209)
795 1819 (167)
1804 39 (164)
924 48 (164)
925 39 (165)
1143 39 (178)
5728 39 (191)
576 39 (170)
167 48 (164)
1026 39 (168)
1163 48 (177)
1966 39 (184)
1899 39 (174)
4307 48 (168)
489 48 (165)
492 39 (164)
552 48 (174)
757 39 (184)
1831 38 (252)
2259 39 (175)
2915 39 (164)
4344 39 (184)
536 48 (164)
932 39 (166)
308 39 (170)

414 39 (188)
673 39 (172)
3012 39 (165)
347 48 (177)
1629 (264)
1629 48 (165)
1786 (264)
1786 48 (168)
1786 39 (206)
2763 39 (164)
3635 48 (166)
3635 39 (168)
1183 48 (179)
1938 39 (169)
116 39 (166)
1010 48 (165)
1010 39 (193)
2167 48 (181)
2167 39 (181)
285 48 (185)
2856 48 (176)
2856 39 (170)
12473 48 (166)
12473 39 (172)
1602 48 (165)
1602 39 (176)
1616 39 (169)
4685 48 (178)
4685 39 (166)
10605 48 (179)
10605 39 (191)
95 39 (189)
2053 48 (176)
1232 48 (179)
5124 48 (170)
5248 39 (175)
2997 39 (164)
165 48 (195)
615 48 (170)
805 48 (171)
805 39 (193)
331539 (175)
1741 39 (194)

2573 39 (178)
4945 48 (177)
10420 48 (178)
10420 39 (183)
128 48 (170)
169 39 (177)
250 48 (178)
1188 38 (256)
1188 39 (176)
684 48 (177)
684 39 (168)
1291 39 (170)
1294 48 (166)
1294 39 (167)
4070 48 (175)
4070 39 (177)
1269 39 (194)
3279 39 (181)
611 39 (165)
764 39 (194)
2344 48 (180)
2344 39 (183)
1976 48 (177)
1976 39 (184)
2625 48 (166)
1280 48 (165)
1280 39 (169)
1379 309 (166)
1379 39 (196)
1564 48 (182)
234 39 (185)
412 48 (181)
412 39 (188)
2635 39 (178)
2965 48 (179)
2965 39 (179)
10551 48 (168)
10551 39 (178)
662 39 (169)
3668 48 (180)
3668 39 (174)
82 48 (177)
82 39 (165)
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Table 4-7. The frequent 3-itemsets

Itemsets (frequency)

Itemsets (frequency)

Itemsets (frequency)

1590 38 39 (193)
504 38 39 (170)
2792 48 39 (175)
1529 38 39 (202)
1638 48 39 (164)
3904 38 48 (193)
3904 38 39 (268)
3904 48 39 (179)
1027 48 39 (165)

16431 16430 48 (174)

16431 16430 39 (186)
640 48 39 (169)
1046 32 48 (171)
734 48 39 (229)
730 48 39 (167)
8691 48 39 (213)
978 48 39 (164)
1619 48 39 (174)
370 38 48 (191)
370 38 39 (241)
2115 48 39 (168)
390 38 48 (197)
390 38 39 (241)
390 48 39 (165)
2015 48 39 (178)
3502 48 39 (164)
715 48 39 (167)
10490 48 39 (176)
727 48 39 (184)
1257 48 39 (193)
2353 48 39 (166)
1003 48 39 (182)
12935 48 39 (214)
840 38 48 (202)
840 38 39 (245)
1313 48 39 (179)
12951 48 39 (183)
246 48 39 (182)
4698 48 39 (187)
1103 48 39 (189)
1481 48 39 (188)
14099 48 39 (172)

2775 48 39 (167)
1066 48 39 (169)
2673 48 39 (190)
248 48 39 (200)
415 48 39 (179)
8985 48 39 (168)
1557 48 39 (166)
10656 48 39 (167)
10491 48 39 (176)
10653 48 39 (169)
1543 48 39 (189)
2056 48 39 (180)
1277 48 39 (166)
2241 48 39 (214)
3799 48 39 (206)
1513 48 39 (196)
1000 48 39 (164)
1486 48 39 (181)
1121 48 39 (168)
1126 48 39 (165)
2523 48 39 (187)
514 48 39 (201)
547 48 39 (171)
830 48 39 (196)
9501 48 39 (170)
2987 48 39 (186)
591 48 39 (210)
1062 48 39 (168)
2505 48 39 (201)
319 48 39 (194)
384 48 39 (175)
13189 48 39 (173)
979 48 39 (222)
365 48 39 (197)
47 38 48 (269)
473839 (313)
47 4839 (216)
490 48 39 (193)
1404 48 39 (202)
1113 4839 (171)
1585 48 39 (191)
1704 48 39 (180)
281 38 48 (259)

281 38 39 (274)
281 48 39 (193)
831 48 39 (237)
1659 48 39 (194)
2051 48 39 (222)
2135 48 39 (228)
2184 48 39 (210)
80 48 39 (208)
1020 48 39 (190)
432 48 39 (190)
136 48 39 (219)
1867 48 39 (187)
1677 48 39 (211)
1479 48 39 (197)
10444 48 39 (221)
178 48 39(194)
408 48 39 (198)
14933 48 39 (205)
418 48 39 (200)
2080 48 39 (187)
2399 48 39 (194)
2879 48 39 (199)
808 48 39 (181)
1987 48 39 (217)
2329 48 39 (214)
345 48 39 (212)
793 48 39 (218)
856 48 39 (192)
2168 48 39 (205)
52 48 39 (239)
798 48 39 (230)
1714 48 39 (193)
426 48 39 (250)
2284 48 39 (226)
53 48 39 (253)
1355 48 39 (194)
571 48 39 (240)
398 48 39 (224)
94 48 39 (209)
855 48 39 (228)
910 48 39 (222)
4883 48 39 (200)
261 48 39 (244)
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Table 4-8. The frequent 4-itemsets

Itemsets (frequency)

Itemsets (frequency)

Itemsets (frequency)

3904 38 48 39 (173)
47384839 (212)
281 38 48 39 (184)
790 38 48 39 (235)
56 38 48 39 (219)
8978 41 48 39 (172)
105 38 48 39 (290)
16011 16010 41 39 (190)
16011 16010 48 39 (269)
55 38 48 39 (243)
371 38 48 39 (294)
175 41 48 39 (166)
13041 41 48 39 (219)
37 4138 48 (172)

37 41 38 39 (202)

37 38 48 39 (433)
15832 41 48 39 (220)
16217 41 48 39 (234)
286 41 38 39 (203)
286 38 48 39 (458)
604 41 48 39 (171)

824 4148 39 (172)
592 41 48 39 (170)
16010 41 48 39 (261)
941 4839 (191)
185 41 48 39 (168)
1146 41 48 39 (260)
255 41 48 39 (230)
255 32 48 39 (189)
255 38 48 39 (170)
533 41 48 39 (215)
79 41 48 39 (270)
79 32 48 39 (174)
2238 225 48 39 (196)
2238 41 48 39 (322)
2238 38 48 39 (203)
270 271 41 39 (179)
270 271 48 39 (284)
270 41 48 39 (258)
270 32 48 39 (193)
270 38 48 39 (196)
147 41 48 39 (234)

147 38 48 39 (176)
1327 41 48 39 (260)
1327 38 48 39 (170)
438 41 48 39 (265)
43832 4839 (177)
438 38 48 39 (164)
413 41 48 39 (228)
413 38 48 39 (170)
271 225 48 39 (183)
271 41 48 39 (272)
271 32 48 39 (188)
271 38 48 39 (188)
475 41 48 39 (372)
475 32 48 39 (234)
475 38 48 39 (243)
101 41 48 39 (264)
101 32 48 39 (182)
101 38 48 39 (181)
310 89 48 39 (167)
310 41 48 39 (486)
310 32 48 39 (307)

Table 4-9. The frequent 5-itemsets

Itemsets (frequency)

110 41 38 48 39 (346)
110 32 38 48 39 (201)
36 41 38 48 39 (334)
36 32 38 48 39 (191)
170 41 38 48 39 (413)
170 32 38 48 39 (213)
41 32 38 48 39 (448)
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4. 3. 2 Extracting the Association Rules

According to the frequent itemsets (which are a special types of pattern) in tables 4-4, 4-
5, 4-6, 4-7, 4-8, and by using minimum confidence 0.8, for finding association rules. The
reason for choosing 0.8 as minimum confidence threshold is, the higher the confidence of the
association rules A-»B, the greater probability that if a customer buys products in A, it will
also buy product B. Figure 4-2 shows the number of the obtained rules according to different

value of confidence.

Number of rules
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Figure 4-2. Number of rules vs. different confidence values

Table 4-10 shows random sample of the association rules with different number of
primitive patterns, i.e. 1, 2, 3, 4. The total number of the association rules obtained by using
0.8 confidence thresholds is 249 rules.

As shown in the Table 4-10 the support for the rule “if item number 16011, then item
number 16010” is
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Support{X=2>Y) = (X v Y) = (number of transactions containing X & Y)/ (total number of
transactions)
Support (16011 ====>> 16010) = 651/88162 = 0. 0074
That number indicates low support for the rule. This means these two products are bought
together only occasionally. A support of 0.0074 means that only 0. 74% of the transactions
considered will have both 16011 and 16010 in the basket. The support of an association rules
is symmetric; the support of the rule (16011 ====>> 16010) is the same of the support of
rule (16010==—==>>16011).
The confidence of a rule, even when calculated for an association, where order does not
matter, depends on the body and head of the rule:
Confidence (X2 Y) = P(Y/X) = Support{XwY) / Support(X)

Confidence (16011 ====>> 16010) = 651/669= 0. 973094

And
Confidence (16010 ====>>16011) = 651/1316= 0. 494681

The confidence corresponds to the conditional frequency of the rule’s body. In the first
case it indicates the proportion, among those that buy 16011 of those that also buy 16010. In
the second case it indicates the proportion, among those that buy 16010, of those that also
buy 16011. Using the same way we can calculate the support and the confidence for the rules

of order 3, 4 and 5.
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Table 4-10. Set of order two association rules with support and confidence measures

Rule Frequency Confidence
16011 =——>> 16010 651 0. 973094
16431 >> 16430 348 0.991453
16430 >> 16431 348 0. 816901
1590 ====>> 3§ 281 0. 959044
1046 =—==>> 32 339 0. 928767
734 ====>> 48§ 329 0. 898907
16430 & 39 ====>> 16431 186 0. 841629
16431 & 48 ====>> 16430 174 0.994286
1344 & 4] ====>> 39 213 0. 825581
225 & 41 >> 39 726 0. 827822
110 & 32=——=>38 443 0. 986637
2958 & 39 >> 48 570 0. 870229
16217 & 4] & 48 =—==>> 39 234 0. 815331
36 & 4] & 48 =——=>>38 & 39 334 0. 860825
225 & 32 & 48 =—==>> 39 298 0. 814208
604 & 41 & 48 >> 30 171 0. 855297
16011& 41 & 39 >> 16010 190 0. 979381
1327 & 41 & 48 ——=>> 139 260 0. 846906
36 &32& 48 & 39 >> 38 191 0. 97449
170 & 41 & 38 & 48 ====>>39 413 0. 853306




CHAPTER FOUR: MARKET BASKET ANALYSIS CASE STUDY 81

4, 4 Evaluate the Association Rules

Existing association rule mining algorithms employ a support and confidence measures
for the discovery of interesting rules. Although these two parameters (minimum support and
confidence thresholds) prune many associations discovered, many rules that are not
interesting to the user may still be produced. The best demonstration for that problem, is with
the following example, we want to study the purchase of tea and coffee (see Table 4-11). In
this example we are interested in analyzing the relationship between people who drink tea
and coffee. Let Tea refer to the transactions containing Tea, and —Tea refer to those not
containing Tea. Let Coffee refer to the transactions containing Coffee and —Coffee refer to
those not containing Coffee. The information given in this table can be used to evaluate the

association {Coffee} > {Tea}.

Use “support-confidence” framework, say, a minimum support of 30% and a minimum
confidence of 60%. Rule {Coffee} = {Tea} has support 40% and confidence 67%, which are
reasonably high, is discovered as a valid rule. However, “{Coffee}->{Tea}” is misleading
since the probability of purchasing Téa is 75%, which is even larger than 67%. In fact,
Coffee and Tea are negatively correlated since the purchase of one of these items actually

decreases the likelihood of purchasing the other.

Table 4-11. Purchase of coffee and tea among a group of 1000 people

To Coffee -Coffee 3 row
From
Tea 400 350 750
-Tea 200 50 250
Y col 600 400 1000

The above example indicates the weakness of support-confidence framework. Association
rules mined using a support-confidence framework are useful for many applications.
However, the support-confidence framework can be misleading if the occurrence of

antecedent does not imply the occurrence of consequent. In our scheme we consider an
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alternative framework for finding interesting relationships between data itemsets based on
correlation. Correlation measurement is used to augment the support- confidence framework
for association rules which is related to the observed frequency of the rules.

An objective measurement of interestingness for association rules is based on the
statistical notion of correlation between the items in the antecedent and the consequent of the
rule. The idea is to construct a contingency table from the association rule results and test the
interdependence between the antecedent and the consequent of the rule.

We utilize three popular objective measurements which are correlation, cosine, and
interest {Tan et al 2006) to see which is the most suitable for our data set. Therefore, a good
strategy is to perform the correlation coefficient analysis first, and when the result shows that
they are weakly positively/negatively correlated, other analyses can be performed to assist in

obtaining a more complete picture.

P(AB)-P(AXP(B)

Correlation Coefficient = TP 0P B

P(AB)

Cosine = m

P{AB)

Interest= m

The values of the three measurements are shown in table 4-12. The rules are sorted in

ascending order of the two columns (support, confidence).

0.001801

Correlation Coefficient (3005 ===>> 38) = WO. 0979646
1 et = L =
Cosine (3005 ====>> 38) N TR 0. 109056
e _ 0951219 _
Interest (3005 ====>> 38) = 2176907 5.37711
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Table 4-12. Comparison of three correlation measures

Rule Frequency | Confidence | Correlation Cosine Interest

3005 ====>> 3§ 195 0.951219 0. 0979646 0. 109056 5.37711
597 =—=>> 39 209 0. 832669 0.0278721 0. 058602 1. 44864
2805 =—=>> 38 212 0. 954955 0. 102447 0.113934 5.39823
1956 ====>> 48 243 0. 804636 0. 0383462 0. 068121 1. 6836

504 >> 38 245 0.822148 0. 0984773 0.113645 4. 64749
1831 ====>> 38 252 0.969231 0.112928 0.125143 5. 47893
1188 >> 38 256 0. 927536 0.110238 0.12339 5.24323
3904 =—=>> 39 275 0. 806452 0. 029199 0.0661544 | 1.40303
1590 ===>> 38 281 0. 959044 0.118361 0.131452 5.42134
1529 ——=>> 38 295 0.916149 0. 117295 0.13164 5. 17886
734 =—=>> 48§ 329 0. 898907 0. 054415 0.0837787 | 1. 88085
3904 =——>> 38 333 0.97654 0. 130581 0. 144398 5. 52024
1046 =—=>> 32 339 0. 928767 0. 129281 0. 14408 5. 39869
390 =—=>> 38 354 0.941489 0.131134 0. 146185 5.32211
370 ===>> 3§ 362 0.965333 0. 135043 0. 149688 5.45689
840 >> 38 379 0. 969309 0. 138602 0.153477 5.47937
281 ====>> 3§ 432 0. 953642 0. 146289 0. 162528 5.39081
47 >> 38 432 0. 972973 0. 148425 0. 164167 5. 50008
750 >> 38 508 0.971319 0.160827 0.177871 5. 49073
56 ====>> 3§ 514 0. 960748 0. 160508 0. 177542 5.43097
1135 =—==>> 4§ 541 0. 811054 0. 0582355 0. 10205 1.69711
105 >> 38 643 0.978691 0. 182068 0. 200873 5.5324

55 ====>> 3§ 657 0.933239 0. 177832 0. 198277 5. 27547
371 =——=>> 38 767 0. 980818 0. 199304 0.219627 5. 54443
2958 ====>> 4§ 779 0.861726 0. 0782057 0. 126221 1. 80305
37 ====>> 38 1046 0. 973929 0. 231955 0. 255578 5. 50549
286 >> 38 1116 0. 943364 0.234253 0.259816 5.33271
110 =—==>> 38 2725 0. 975304 0. 378526 0. 412807 5.51326
36 ==—=>>38 2790 0.950273 0.376173 0.412306 5.37176
170 >> 38 3031 0. 978057 0. 400743 0. 435982 5. 52882

Because there is no measurement constantly superior to others in all application domains
we tested the three measurements namely (interest, correlation coefficient, and cosine). We
found that interest is not convenient for the data set in this case study due to the conflict
information of the interestingness for the obtained rules. In the case of rule (225&48=—=>39)
and (3904===>39) there were conflict in the values of the interest measurement; both of the

rules have different values of support but similar values of interest. Therefore our strategy
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was to perform the correlation coefficient analysis first, and when the result shows that they
are weakly positively/negatively correlated, other analyses can be performed to assist in

obtaining a more complete picture.

4. 5 Results

After the rules are mined out of the database, the rules are used to understand the business
problem better, in our case study the obtained rules generally could be used for designing the
store layout and promotional campaign.

Table 4-13 presents the association rules with the highest support out of 249 possible
rules. The support can be used to assess the importance of a rule in terms of its frequency in
the database. For each rule it shows the support, the confidence, the correlation, the cosine
and the interest. Ranking the rules by their supports value help the decision maker to know
what the most ubiquitous rules are. As shown in the table the rule with highest support is {41
& 48 ====>> 39} which appears almost in 8.3%. This is followed by {170 ===>> 38},
{36 ====>>38},and {110

Table 4-14 presents the association rules with the highest confidence out of 249 possible

>> 38}, all occurring in about 3.0 % of the transactions.

rules. The confidence can be used to investigate possible dependences between variables.
From Table 4-14 we can see, for example, that {37 & 41 & 48

equal to 1. This means that if a transaction contains {37 & 4] & 48}, it will also contain {38}

>> 38} has a confidence

about 100% of the time. The highly confidence value imply strong relationships that can be
exploited. This rule followed by {110 & 41 & 48 & 39 ===>> 38}, to the end of the table,
with confidence values about 0.9. Notice that the confidence value of {37 & 41 & 48
====>> 38} is 100%, however the support of this rule is only 0. 195,

Finally, to obtain a relative measure of a rule’s interestingness we can also consider the
correlation. The correlation can be used to measure the distance from the situation of
independence. Table 4-15 reports the rules with the highest correlation out of the 249
possible rules. Notice that {16431 ====>> 16430} and {16430 ====>> 16431} come first,
both with a correlation about 0. 899533, which means they are positively correlated.

For the three tables (4-13, 4-14, 4-15) the items {38}, {39}, {48}, {16010}, {16430}, and
{16431} are the only heads selected. We chose the highest five rules, which are ordered by
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the support, confidence, and correlation. Those rules are {41 & 48 =—=—>> 39}, {170
====>> 38}, {36 ====>> 38}, {110 ====>> 38}, and {170 & 39 ====>> 38}. The whole
set of obtained the association rules is presented in Appendix 5.

In Table 4-16 it contains all the rules that have certain value for consequent; it can be used
to understand what is the associated with the consequent and perhaps what affects the
consequent. For instance, it might be useful to know all of the interesting rules that have
“item number 39" in their consequent. These may will be the rules that affect the purchases
of item 39 and that a store owner may what to put close to the item 39 in order to increase the
sale of both items. Or it may be used to determine what the items to place are in the

promotional campaign.
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Table 4-13. Association rules with highest support

Rule Frequency Confidence Correlation Cosine Interest

4] 48 ====>> 39 7366 0.816811 0. 165248 0. 344572 1.42105
170 ===>> 38 3031 0. 978057 0. 400743 0. 435982 5.52882
36 ====>> 38 2790 0. 950273 0.376173 0. 412306 5.37176
110 =—==>> 3§ 2725 0. 975304 0, 378526 0. 412807 5.51326
170 39 ====>> 38 2019 0. 980573 0. 325691 0. 356288 5. 54304
413848 >> 39 1991 0. 838669 0. 088791 0. 181524 1. 45908
36 39 ==—=>> 38 1945 0. 954836 0.313532 0. 345078 5.39755
110 39 >> 38 1740 0.989198 0.303733 0. 332208 5. 5918

170 48 >> 3§ 1538 0. 987797 0. 284935 0.312108 5.58388
225 48 ===>> 39 1400 0. 806452 0. 0664115 0. 149264 1.40303
110 48 ===>> 3§ 1361 0. 986232 0. 26746 0.293367 5. 57503
36 48 =—=>> 38§ 1360 0. 960452 0.262351 0. 289401 5. 4293

170 48 39 >> 38 1193 (. 989221 0. 250703 0. 275081 5.59193
286 ==—=>> 38 1116 0. 943364 0.234253 0.259816 5. 33271
36 48 39 =——=>> 38§ 1080 0.967742 0. 234668 0.258872 5.47051
37 ====>> 38 1046 0. 973929 0. 231955 0.255578 5. 50549
110 48 39 ====>> 3§ 1031 0.994214 0.233676 0, 256367 5.62015
170 41 ===>> 138 794 0. 986335 0. 203629 0. 224087 5.57562
2238 48 =—==>> 39 788 (. 825131 0. 0529901 0. 113273 1. 43552
2958 ==—=>> 4§ 779 0.861726 0. 0782057 0. 126221 1. 80305
371 >> 38 767 0.980818 0. 199304 0.219627 5. 54443
286 39 ====>> 18§ 728 0. 970667 0. 192684 0.21286 5. 48704
225 41 >> 39 726 0. 827822 0. 051303 0. 108903 1. 44021
37 39 ===>> 3§ 684 0. 967468 0. 186279 0. 205987 5. 46896
36 4| ====>> 3§ 671 0.958571 0. 183261 0. 20308 5. 41867
11041 >> 38 666 0. 983752 0. 186007 0. 204962 5.56101
55 >> 38 657 0. 933239 Q. 177832 0. 198277 5. 27547
16011 >> 16010 651 0.973054 0. 690949 0. 693809 65. 1899
105 ====>> 38 643 0. 978691 0. 182068 0. 200873 5.5324

310 41 ====>> 39 625 0. 869263 0. 0540114 0. 103543 1.5123

3941 >> 39 619 0. 845628 0. 0501272 0. 101634 1.47118
49 39 >> 48 617 0. 803385 0.0610786 0. 108463 1. 68098
170 41 39 >> 38 615 0. 985577 0. 178927 0. 197141 5.57133
89 4| ====>> 48 606 0. 827869 0. 0641025 0. 109118 1.73221
286 48 ====>> 38 581 0. 98308 0. 173561 0.191371 5.55721
89 32 ====>> 48§ 573 0. 803647 0. 0588796 0. 104541 1. 68153
3641 ====>> 39 572 0.817143 0. 0438555 0. 0960396 1.42163
2958 39 >> 48 570 0. 870229 0. 0679475 0. 108501 1. 82084
37 48 >> 38 557 0. 985841 0. 170256 0. 18764 5.57282
364138 >> 39 553 0. 824143 0. 0441704 0. 0948346 1.43381
36 41 3G ====>> 3§ 553 0. 966783 0. 167279 0. 185149 5. 46509
6541 4§ =—=>>39 547 0. 825038 0.0440618 0. 0943699 1.43536
1135 =—==>> 4§ 541 0.811094 0. 0582355 0. 10205 1.69711
170 32 ====>> 3§ 532 (. 985185 0. 166289 0. 183319 5.56911
371 39 ====>> 1§ 526 0. 988722 0. 165767 0. 182609 5.58911
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Table 4-14. Association rules with highest confidence

Rule Frequency Confidence Correlation Cosine Interest

37 4] 48 ====>> 3§ 172 1 0. 0953691 0. 105017 5. 65286
11041 48 39 ===>> 38 346 0.997118 0.135119 0. 148732 5. 63657
371 48 39 ====>> 38 294 0.99661 0. 12447 0. 137066 5. 6337

105 48 39 ==—=>> 38 290 0. 996564 0.123614 0. 136127 5.63343
37 41 ===>> 38 246 0. 995951 0. 113772 0. 125337 5.62997
3741 39 >> 38 202 0. 995074 0. 103006 (. 113526 5. 62501
110 32 48 39 ===>> 38 201 0. 995049 0. 102748 0. 113244 5. 62488
3732 >> 38 185 0. 994624 0. 0985345 0. 10862 5. 62247
16431 48 ====>> 16430 174 0.994286 0. 636346 0.637273 205.77

110 48 39 ====>> 3§ 1031 0.994214 0.233676 0. 256367 5.62015
371 41 >> 38 171 0.994186 0. 0946954 0. 104406 5. 61999
110 32 39 ====>> 3§ 284 0. 993007 0.122012 0. 134471 5.61333
110 41 39 >> 38 511 0.992233 0. 163786 0. 180306 5. 60895
16431 ===>> 16430 348 0. 991453 0. 899533 0. 899955 205. 184
170 32 48 39 >> 38 213 0. 950698 0. 105447 0.11632 5. 60028
110 4} 48 =—=>> 38 419 0. 990544 0. 148052 0.163131 5. 59941
170 32 48 ====>> 3§ 305 0.99026 0.126207 0. 139161 5.5978

790 41 ===>> 38 202 0.990196 0. 102644 0.113248 5.59744
170 48 39 >> 38 1193 0.989221 0. 250703 0. 275081 5.59193
110 39 ===>> 38 1740 0. 989198 0. 303733 0.332208 5.5918

37148 >> 38 365 0. 98916 0. 138002 0.15215 5.59158
110 32 48 >> 38 264 0.988764 0.117264 0.129372 5. 58934
371 39 >> 38 526 0.988722 0. 165767 0. 182609 5. 58911
170 89 ====>> 3§ 169 0. 988304 0.0937397 0. 103486 5.58674
170 48 >> 38 1538 0.987797 0. 284935 0.312108 5. 58388
286 48 39 =——>> 38 458 0. 987069 0. 154436 0. 170255 5.57976
105 39 =——==>> 38 449 0. 986813 0. 152874 0. 168552 5.57832
110 32 >> 38 443 0. 986637 0. 151825 0. 167407 5.57732
105 48 >> 38 367 0. 986559 0. 138121 0. 152366 5.57688
170 41 >> 38 794 0.986335 0.203629 0. 224087 5. 57562
110 48 ====>> 38 1361 0. 986232 0. 26746 0.293367 5.57503
37 48 ====>> 38 557 0. 985841 0. 170256 0. 18764 5.57282
170 41 48 39 =—=>> 38 413 0. 98568 0. 146467 0. 161561 5.5719]
170 4] 39 ====>> 38 615 0. 985577 0. 178927 0.197141 5.57133
170 32 >> 38 532 0. 985185 0. 166285 0. 183319 5.56911
16431 39 >> 16430 186 0.984127 0. 654572 0. 655507 203. 668
37 48 39 ====>> 38 433 0. 984091 0. 149815 0. 165293 5.56293
110 4] ===>> 38§ 666 0.983752 0. 186007 0.204962 5. 56101
170 41 48 =—=>> 38 484 0.98374 0. 158399 0. 174725 5. 56094
790 48 39 >> 38 235 0. 983264 0. 110176 0.12172 5.55825
286 48 >> 38 581 0. 98308 0. 173561 0. 191371 5.55721
17032 39 >> 38 326 0. 981928 0. 129708 0. 143266 5. 5507

47 48 =—==>> 38 269 0.981752 0. 11777 0.130128 5.54971
47 48 39 ====>> 38§ 212 0. 9814381 0. 104495 0. 115505 5. 54818
36 170 ===>> 38 210 0.981308 0. 103987 0. 114949 5. 5472




CHAPTER FOUR: MARKET BASKET ANALYSIS CASE STUDY 88

Table 4-15. Association rules with highest correlation

Rule Frequency Confidence Correlation Cosine Interest

16431 ==—=>> 16430 348 0.991453 0. 899533 0. 899955 205. 184
16430 ====>> 16431 348 0. 816901 0. 899533 0. 899955 205. 184
16011 ====>> 16010 651 0. 973064 0. 690949 0. 693809 65. 1899
16430 39 >> 16431 186 0.841629 0. 66683 0. 667826 211.395
16431 39 ====>> 16430 186 0. 984127 0. 654572 0. 655507 203. 668
16431 48 ====>> 16430 174 0. 994286 0. 636346 0. 637273 205. 77

16011 39 =—==>> 16010 419 0. 981265 0. 555949 0. 558949 65. 7373
16011 48 ====>> 16010 362 0.967914 0. 512961 0.515994 64. 8429
16011 48 39 >> 16010 269 0. 978182 0. 444349 0. 447155 65. 5307
16011 41 ====>> 16010 236 0.967213 0.413716 0.416475 64. 7959
170 ====>> 38 3031 0. 978057 0. 400743 0.435982 5.52882
110 =—==>> 38 2725 0. 975304 0. 378526 0. 412807 5.51326
36 ===>> 38 2790 0. 950273 0.376173 0. 412306 5.37176
16011 41 39 ====>> 16010 190 0.979381 0.373507 0. 376032 65. 6111
170 39 ===>> 38 2019 0. 980573 0. 325691 0. 356288 5. 54304
36 39 =—=>>38 1945 0. 954836 0.313532 0. 345078 5.39755
110 39 >> 38 1740 0. 989198 0.303733 0. 332208 5.5918

170 48 ====>> 38 1538 0. 987797 0.284935 0.312108 5. 58388
110 48 ====>> 38 1361 0.986232 0.26746 0. 293367 5. 57503
36 48 ===>> 38 1360 0.960452 0.262351 0.28%401 5.4293

170 48 39 ==—=>> 3§ 1193 0.989221 0. 250703 0. 275081 5.59193
36 48 39 ====>> 38 1080 0. 967742 0.234668 0. 258872 5. 47051
286 ====>> 18 1116 0. 943364 0.234253 0.259816 5.33271
110 48 39 =—==>> 3§ 1031 0.994214 0.233676 0. 256367 5.62015
37 ====>> 338 1046 0. 973929 0.231955 0.255578 5. 50549
170 4] ===>> 38 794 0.986335 0. 203629 0. 224087 5. 57562
371 >> 38 767 0. 980818 0. 199304 0. 219627 5. 54443
286 39 >> 38 728 0. 970667 0. 192684 0.21286 5. 48704
3739 >> 38 684 0. 967468 0. 186279 0.205987 5. 46896
110 4] ====>> 38 666 0.983752 0. 186007 0. 204962 5. 56101
36 41 >> 38 671 0. 958571 0. 183261 0. 20308 5. 41867
105 ====>> 38 643 0. 978691 0. 182068 0. 200873 5.5324

170 41 39 >> 38 615 0. 585577 0. 178927 0. 197141 5.57133
55 ===>> 38 657 0.933239 0.177832 0. 198277 5.27547
286 48 =——>> 138 581 0. 98308 0. 173561 0. 191371 5.55721
37 48 ====>> 38 557 0. 985841 0. 170256 0. 18764 5. 57282
170 41 48 ====>> 38 39 413 0. 839431 0. 168084 0. 183064 7. 15378
3641 39 =—==>> 38 553 0. 966783 0. 167279 0. 185149 5. 46509
170 32 ===>> 38§ 532 0. 985185 0. 166289 0. 183319 5. 56911
371 39 ===>> 38 526 0. 988722 0. 165767 0. 182609 5.58911
4] 4§ ====>> 39 7366 0. 816811 0. 165248 0. 344572 1.42105
110 41 39 ==—=>> 38 511 0.962233 0. 163786 0. 180306 5. 60895
790 =—=>> 38 508 0.971319 0. 160827 0.177871 5.49073
56 ==—>> 38 514 0. 960748 0. 160508 0. 177942 5.43097
170 41 48 =—==>> 38 484 0.98374 0. 158399 0. 174725 5. 56094




CHAPTER FOUR: MARKET BASKET ANALYSIS CASE STUDY

Table 4-16. Target the consequent

Rule Antecedent Rule Consequent
41 48 ====>> 39
4138 48 ===>> 39
225 48 ====>> 39
2238 48 ==—=D>> 39
22541 ====>> 39
170 ====>> 38
36 ====>> 38
119 ====>> 38
170 39 ====>> 38
36 39 ====2> 38
3641 48 ====D>> 38 39
3741 ====3> 38 39
11041 48 ====>> 38 39
3904 48 ====5>> 3839
2958 ====D>> 48
49 39 === 48
89 41 ====>> 438
89 32 == 48
2958 39 > 48
1046 === 32
1046 48 ====>> 32
16011 === 16010
16011 39 ====D> 16010
16011 4] =D> 16010
16011 48 ====>> 16010
16011 48 39 ==D> 16010
16431 ====>> 16430
16431 39 s===>> 16430
16431 48 ====>> 16430
16430 ====>>> 16431
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4. 6 Summary

In this chapter, the association between buying behaviors was carefully studied. The
main objective is to track the most important buying patterns, where the patterns mean a
group of products bought together by customer. In this case study we considered support,
confidence, and correlation as main measures for validating a set of association rules. The
needs of the user will govern which of these three is the best one for selecting a set of rules.
The support can be used to assess the importance of a rule in terms of its frequency in the
database; the confidence can be used to investigate possible dependences between variables;
and the correlation can be used to measure the distance from the situation of independence.

Ultimately, a set of rules has to be assessed on its ability to meet the analysis objectives.
Here the objectives are primarily to reorganize the layout of a sales outlet and to plan
promotions so as to increase revenues. Once the associations have been identified, it is
possible to organize promotions within the outlet so the products that are put on offer at the
same time are products which are not associated. Correspondingly, by putting one product on
promotion; we also increase the sales of the associated products.

At the beginning of this chapter, we presented the main objective of this case study, which
was to analysis customer buying behavior. The data set used in this case study was
confidential; we did not have the chance to make comments on the data. We only could
blindly mine and find the association rules. If we had more knowledge on the data then we
could drive more results. The data consisted of items and the amount of items sold at each
transaction. Since we did not know what item was the amount did not mean anything to us.
Also some of the amounts were fractions i.e. in kilogram and some of them were in numbers
s0 we did not have a way of using the amount of the item in the mining of the data. We had
to take the data as binary i.e. it exists in this transaction or not. Also since the data was
confidential we did not have information on the prices of the items to prioritize the items.

The next step was to find the frequent itemsets; this resulted in 3029 frequent itemset sets
of size [1] to [5]. In the I-itemsets is 50675 for the itemset {39}. Note for the 2-itemsets the
highest frequency is 29142 for the itemset {48, 39}. While, for the 3-itemset, the highest
frequency is 7366 for the itemset {41, 48, 39}. The highest frequency for 4-itemsets is 1991
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for the itemset {41, 38, 48, 39}. And finally, in the case of 5-itemsets, the highest frequency
is 448 for the itemset {41, 32, 38, 48, 39}.

The number of the association rules from the frequent itemsets is 249 possible rules. We
chose the highest five rules, which are ordered by the support, confidence, and correlation.
Those rules are {41 & 48 >> 39}, {170 ====>> 38}, {36 ====>> 38}, {110 ====>>
38}, and {170 & 39 ===>> 38}.




CHAPTER FIVE: PERFORMANCE STUDY

This chapter demonstrates the experiments that we have performed to evaluate the new
scheme. For the evaluation purpose we have conducted several experiments using our market
basket data and the existing data set (namely, Mushroom data set). Those experiments
performed on computer with Core 2 Duo 2.00 GHZ CPU, 2.00 GB memory and hard disk
160 GB [Serial ATA-150 - 5400.0 rpm]. The operating system is ubuntu 8.10 and the G++
compiler [Ver. 3.4]. All the algorithms were developed by C++ language. The runtime
includes both system time and user time, and was measured by Time (Linux command). The
memory consumption was measured by Memusage (Linux command).And for the unit of

measuring the time and the memory are second and megabyte respectively.

5.1 Benefit Analysis

As the result of the experimental study, we revealed the performance statistics

capabilities of our proposed scheme against FP-growth and Apriori approach.

5.1.1 Comparison on Collected Data

In this section we visualize, evaluate and compare the results obtained from simulation on
the supermarket dataset. The run time and the memory consumption were calculated simply
by adding the mining time and memory to the generating of the association rules time and
memory respectively. The experimental result of time is shown in Figure 5-1 reveals that the

proposed scheme outperforms the FP-growth and the Apriori approach.

92
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Figure 5-1. The execution time at various support levels on the supermarket dataset

The experiment in Figure 5-2 shows the memory consumption measure by the megabyte.
The experiment reveated that our proposed scheme took the lead at low levels of support
comparing with FP-growth and Apriori algorithm. At high levels support the performances of
our proposed scheme and Apriori are near, this result can be explained by sparseness of our
data set. Apriori exhibits a better mining performance on our relatively sparse supermarket
data set in comparison to FP-growth. By “relatively sparse” means the data sets containing
more enough zero entries (unmarked fields or items), in other words, the ratio number of
fields / number of elements for the data database is smaller. Since the Apriori algorithm
stores and processes only the non-zero entries, it takes the advantage of pruning most of the

infrequent items during the first few passes.
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Figure 5-2. The memory usage at various support levels on the supermarket dataset

5.1.2 Comparison on Existing Data

In this section we compare the new scheme with FP-growth and apriori on existing data
set namely mushroom data set. Using the same simuiation environment we tested the
performance of our scheme against the other two (FP-growth and apriori). Figure 5-3 depicts
the running time for generating the association rutes by using the proposed scheme, FP-
growth, and the Apriori approach. Different values of support were utilized because it has
different size of frequent itemsets which in turn have a huge effect on the performance. From
Figure 5-3, it is clear that the performances of our proposed scheme and FP-growth are near.
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Figure 5-3. The execution time at various support levels on Mushroom dataset

Figure 5-4 shows the results we obtained from the experimentation for the memory
consumption on the mushroom data set. Mushroom data set contains characteristics of
different species of mushrooms, which contains 8124 transactions and average length of
items 23. From the graph, the new scheme performed well over the other two (FP-growth and
Apriori) for all level of support values. For the high level of the support the performance of
FP-growth draw near to the performance of the new scheme. The explanation for the running
time and memory consumption for both the new scheme and the FP-growth is that, are using

a compressed data representation to facilitate in-core processing of the itemsets.



CHAPTER FIVE: PERFORMANCE STUDY

96

300

250

2 200
[
Q

E 150
=
=
5]

g 100

50

0

\W

AN

T

T

200 600

1000

1400
Support

Dﬂ*‘?\.—#u

1800

2200

2600

={3=New scheme
=ty FP-growth
=t Apriori

Figure 5-4. The memory usage at various support levels on Mushroom dataset

5.2 Summary

In this chapter we have performed several experiments to evaluate the performance of our

scheme against FP-growth and Apriori, for generating the association rules. To perform the

experiments different values of support were set because with different value of support the

number of the frequent itemsets is different, and the running time and the memory

consumptions are affected by the value of the support.

For both data sets the running time of our new scheme outperformed Apriori. Whereas

the memory consumption for the new scheme and the Apriori on the collected data set were

near for middle and high support values. While on the mushroom data set our scheme

outperformed the Apriori for all the level of support,
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The running time of our scheme performed well over the FP-growth on the collected data
set. While, on the mushroom data set there were high competition among both for all level of
supports. For the memory consumption, our scheme outperformed FP-growth on the
collected data set for all level of support. In the case of the mushroom data set, the memory
consumption of our scheme exceed in performance FP-growth for the low and middle value
of support. While the performance of both became near with high level of support. Finally,

the result of the simulation shows the efficiency of our new scheme on both data sets.



CHAPTER SIX: CONCLUSION AND FUTURE RESEARCH

The association rules mining is somewhat young discipline with broad and diverse
applications, there is still nontrivial gap between general principles of association rules
mining and its applications. Nearly all of the previous studies were using apriori approach for
extracting the association rules, which is inefficient approach. The goal of this research was
to find a scheme for pulling the rules out of the transactional data sets which considers the
time, the memory consumption, and the interestingness of the rules. This chapter summarizes

the work has been done in this thesis first, and then the future trends are given.

6. 1 Conclusions

In this thesis, we considered the following factors for creating our new scheme, which are
the time, the memory consumption, and the interestingness of the rules. For the first two
factors are affected by the approach for finding the frequent itemsets and the approach for
generating the association rules. Experiments with synthetic as well as real-life data are
performed to compare the performance of the existing algorithms. From the analysis of the
existing algorithms for mining frequent itemsets we found that nonordfp approach is the most
efficient among the other approaches (FP-growth, AFOPT, FP-growth*). According to our
observations, the performances of the algorithms are strongly depending on the support
levels and the features of the data sets (the nature and the size of the data sets). Therefore we
employed it in our scheme to guarantee the save of the time and the memory in the case of

sparse and dense data sets. In addition, to employee the nonordfp approach in our scheme,

We used the Apriori rule generation approach to generate the association rules as well,
The selection of this approach was for two reasons; the first reason, we are interesting to
mine association rules with single dimension, single level from frequent itemset in the
transactional databases, which is based on the type of the available data. And the second

reason, depending on preliminary test of time and memory consumption we found that

98
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Apriori rule generation approach is stable and consume a little amount of time and
memory during the process of rule generation.

For the last factor of our new scheme basicly depends on the type of the data set. That is
because we used objective measurements which is affected by the charasitesctic of the
data.Therefore the choosing of the measurement was determined after specifying the data set.

To achieve the second objective of this research an empirical data set is kindly provided
from anonymous retail supermarket store. The data collected over six months, started by the
first of December 2007 until the end of May 2008. This data set was employed to verify the
effectiveness of the new scheme via a case study. The problem of that case study was how to
redesign the store layout and the promotional campaign from the company-oriented to
customer-oriented approach. Therefore the objective was to analysis the customer buying
behavior by using the daily buying records. Toward this objective the new scheme was

employed to extract the association rules.

To implement our scheme on this case study, different phases to extract the association
rules from the transactional database using our scheme were specified, starting with business
understanding, and continues throughout data Assembling, data preprocessing, model
building (using the new scheme), post-processing of association rules, and results
interpretation. For business interest the data used in the thesis was confidential so we mined
data blindly without knowing what we mined.

The first phase was specified by the business analysis; this was how to redesign the store
layout and the promotional campaign from the company-oriented to customer-oriented
approach. The second phase in our methodology was to assemble the data which we had in
the format of a relational database. We first converted the data into horizontal database
layout <TID, {iteml, item 2,... , item n}>, to be suited for our scheme. In data preprocessing
phase, we selected the interesting attributes of the data set, therefore considered only

transactions data on products, in order to investigate the association between these products.

Model building phase used the new scheme for analyzing the supermarket data set. The

input thresholds for the scheme were the support value and the confidence value, which were
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0.00187 and 0.8 respectively. In our analysis we used small value of support for two reasons,
the first we did not want to lose interesting patterns even if it is happened seldom, and the
second reason, the computational efficiency of the chosen algorithm allowed us to use this
low value of support. And the reasons behind set high level of confidence were the higher the
confidence of the association rules A->»B, the greater probability that if a customer buys
products in A, it will also buy product B. the second reason was, with high level of the

confidence the number of the obtained rules was manageable.

Post-processing of association rules phase required us to speciify the objective
measurement to measure the interestingness of the obtained rules. Because there is no
measure that is consistently better than others in all application domains. We tested the most
common measurements that have been used in the literature, namely (interest, correlation
coefficient, and cosine). We found that interest is not convenient for the data set in this case
study due to the conflict information of the interestingness for the obtained rules. Therefore
our strategy was to perform the correlation coefficient analysis first, and when the result
shows that they are weakly positively/negatively correlated, other analyses can be performed

to assist in obtaining a more complete picture.

Results interpretation phase was concerned about summarize the rules and presented it in
a simple way. After the rules are mined out of the database, the rules are used to understand
the problem better. To summarize the obtain rules we followed four methods which are: by
ranking the rules by their supports value help the decision maker to know what the most
ubiquitous rules are. By ranking the rules by their confidence value highly confidence value
imply strong relationships. By considering the correlation to obtain a relative measure of a
rule’s interestingness. By summarizing all the rules that have certain value for consequent; it
can be used to understand what is the associated with the consequent and perhaps what

affects the consequent.

As a result of the analyzing the supermarket data set our findings were: The single item

which is sold the most came out to be item number 39. It has 50675 frequencies over the
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whole data set. In the case of two itemsets the highest frequency is 29142 for the itemset {39,
48}. And we found that the highest five rules, which are ordered by the support, confidence,

and correlation. Those rules are

{4] & 48 ====>> 39 | support=7366, confidence=0.816811, correlation=0.165248},

{170 ====>> 38 . support=3031, confidence=0.978057, correlation=0.400743},
{36 ====>> 38 , support=2790, confidence=0.950273, correlation=0.376173},
{110 ====>> 38 , support=2725, confidence=0.975304, correlation=0.378526},

{170 & 39 ====>> 38 , support=2019, confidence=0.980573, correlation=0.325691}.

Several experiments have been performed to evaluate the performance of our scheme
against FP-growth and Apriori, for generating the association rules. To perform the
experiments different values of support were set because with different value of support the
number of the frequent itemsets is different, and the running time and the memory

consumptions are affected by the value of the support.

For both data sets the running time of our new scheme outperformed Apriori. Whereas
the memory consumption for the new scheme and the Apriori on the collected data set were
near for middle and high support values. While on the mushroom data set our scheme

outperformed the Apriori for all the level of support.

The running time of our scheme performed well over the FP-growth on the collected data
set. While, on the mushroom data set there were high competition among both for all level of
supports. For the memory consumption, our scheme outperformed FP-growth on the
collected data set for all level of support. In the case of the mushroom data set, the memory
consumption of our scheme exceed in performance FP-growth for the low and middle value
of support. While the performance of both became near with high level of support. Finally,

the result of the simulation showed the efficiency of our new scheme on both data sets.
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The main contributions of this research:

We can summarize the main contribution of this research as follows:
¢ New scheme is devised to generate association rules among co-occurrence items.

¢ New interestingness measure is used in retailer industry application to capture rules of

strong interest.

e Market basket analysis case study using the new scheme.

6. 2 Future Trends

There are a number of future research directions based on the work presented in this thesis.
¢ Using constraints can further reduce the size of itemsets generated and improve
mining efficiency.
e In our scheme we used binary variables, using other type of variables can further
develop our scheme.

e This scheme was applied in retailer industry application, trying other industry is an

interesting field for future work.
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APPENDIX 1: Whole set of frequent |-itemsets

Itemsets (frequency) ltemsets (frequency) Itemsets (frequency)
892 (164) 848 (170) 5289 (176)
991 (164) 2182 (170) 0(177)
2327 (164) 2876 (170) 2202 (177)
2853 (164) 3762 (170) 2471 (177)
3338 (164) 4552 (170) 3402 (177)
3420 (164) 11560 (170) 4113 (177)
3539 (164) 12491 (170) 1290 (178)
4389 (164) 958 (171) 1805 (178)
4886 (164) 2026 (171) 1905 (178)
58 (165) 2720 (171) 2493 (178)
1439 (165) 5346 (171) 3312 (178)
1568 (165) 10598 (171) 4143 (178)
2084 (165) 1612 (172) 4221 (178)
2269 (165) 2424 (172) 5323 (178)
2721 (165) 4424 (172) 6403 (178)
3297 (165) 444 (173) 368 (179)
4340 (165) 986 (173) 572 (179)
6404 (165) 1781 (173) 1166 (179)
12996 (165) 2129 (173) 2822 (179)
265 (166) 2514 (173) 4643 (179)
460 (166) 327 (173) 10128 (179)
770 (166) 4771 (173) 1615 (180)
1981 (166) 5178 (173) 2708 (180)
4080 (166) 364 (174) 2840 (180)
4226 (166) 445 (174) 3240 (180)
10441 (166) 683 (174) 4859 (180)
12921 (166) 1178 (174) 10481 (180)
1130 (167) 1215 (174) 228 (181)
1180 (167) 1727 (174) 289 (181)
1354 (167) 7646 (174) 1184 (181)
2122 (167) 467 (175) 1588 (181)
2919 (167) 791 (175) 2800 (181)
3742 (167) 877 (175) 2812 (181)
4548 (167) 1896 (175) 3988 (181)
3272 (168) 1951 (175) 4913 (181)
3314 (168) 4310 (175) 13556 (181)
3840 (168) 236 (176) 184 (182)
2408 (169) 1736 (176) 781 (182)
2820 (169) 2210 (176) 3161 (182)
2667 (169) 2654 (176) 4342 (182)
3973 (169) 3236 (176) 4744 (182)
5339 {(169) 4843 (176) 421 (183)
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1640 (183) 813 (191) 968 (197)
2417 (183) 1055 (191) 1159 (197)
2861 (183) 1598 (191) 1537 (197)
3343 (183) 1776 (191) 2480 (197)
3855 (183) 1811 (191) 5108 (197)
4472 (183) 2855 (191) 83 (198)
5976 (183) 64 (192) 3276 (198)
1603 (184) 573 (192) 3324 (198)
1972 (184) 1115 (192) 3896 (198)
2810 (184) 1315 (192) 5968 (198)
4360 (184) 1517 (192) 828 (199)
6190 (184) 1739 (192) 2239 (199)
621 (185) 1837 (192) 3551 (199)
636 (185) 2004 (192) 6602 (199)
698 (185) 3086 (192) 22 (200)
1884 (185) 3467 (192) 127 (200)
2058 (185) 4144 (192) 755 (200)
2669 (185) 13056 (192) 2150 (200)
4357 (185) 325 (193) 1023 (201)
5127 (185) 695 (193) 1821 (201)
207 (186) 731 (193) 3537 (201)
2476 (186) 1192 (193) 3638 (201)
2519 (186) 1390 (193) 243 (202)
2907 (186) 2240 (193) 485 (202)
4111 (186) 2378 (193) 500 (202)
4386 (186) 3202 (193) 555 (202)
13049 (186) 85 (194) 1063 (202)
129 (187) 331 (194) 2263 (202)
807 (187) 593 (194) 3185 (202)
966 (187) 1433 (194) 9617 (202)
981 (187) 1592 (194) 11254 (202)
15798 (187) 2842 (194) 566 (203)
1430 (188) 6630 (194) 1773 (203)
1791 (188) 51 (195) 2389 (203)
2064 (188) 274 (195) 10474 (203)

67 (189) 1642 (195) 13060 (203)
584 (189) 1697 (195) 193 (204)
874 (189) 2891 (195) 314 (204)
973 (189) 3504 (195) 2469 (204)
4127 (189) 10423 (195) 3535 (204)
4251 (189) 44 (196) 861 (205)
14634 (189) 1408 (196) 3005 (205)
763 (190) 1696 (196) 3047 (205)
1428 (190) 1929 (196) 5358 (205)
2793 (190) 10493 (196) 211 (206)
5651 (190) 11794 (196) 434 (207)
197 (191) 59(197) 713 (207)
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1796 (207)
2351 (207)
2117 (208)
2621 (208)
939 (209)
1380 (209)
1771 (209)
1772 (209)
2097 (209)
3412 (209)
4105 (209)
382 (210)
706 (210)
711 (210)
1060 (210)
1233 (210)
2537 (210)
2554 (210)
3756 (210)
40 (211)
141 211)
596 (211)
558 (212)
1016 (212)
1342 (212)
2663 (212)
5767 (212)
739 (213)
1387 (213)
2506 (213)
4891 (213)
11840 (213)
1161 (214)
1343 (214)
1789 (214)
2002 (214)
3055 (214)
3319 (214)
6118 (214)
8730 (214)
68 (215)
2413 (215)
2788 (215)
3021 (215)
3186 (215)
5782 (215)
10611 (215)

639 (216)
4975 (216)
11747 (216)
10939 (217)
442 (218)
1025 (218)
1459 (218)
2286 (218)
43(219)
1275 (219)
2011 (219)
3735 (219)
3808 (219)
4201 (219)
13043 (220)
402 (221)
493 (221)
1538 (221)
2147 (221)
3966 (221)
583 (222)
880 (222)
1593 (222)
1678 (222)
1744 (222)
2805 (222)
4720 (222)
199 (223)
2599 (223)
337 (224)
529 (224)
660 (224)
2394 (224)
3006 (224)
9843 (224)
171 (225)
525 (225)
896 (225)
1964 (225)
9669 (225)
1345 (226)
1818 (226)
2113 (226)
3724 (227)
222 (228)
406 (228)
650 (228)

1527 (228)
1652 (228)
3149 (228)
10818 (228)
1815 (229)
2706 (229)
4940 (229)
220 (230)
1012 (230)
2052 (230)
2746 (230)
3292 (230)
9001 (230)
10074 (230)
13182 (230)
447 (231)
486 (231)
851 (231)
2728 (231)
2983 (231)
3221 (231)
98 (232)
151 (232)
1071 (232)
1072 (232)
3553 (232)
282 (233)
2874 (233)
2990 (233)
6128 (233)
108 (234)
849 (234)
4630 (234)
399 (235)
440 (235)
599 (235)
759 (235)
887 (235)
1085 (235)
12677 (235)
4170 (236)
565 (237)
911 (237)
1249 (237)
1476 (237)
2103 (237)
4316 (237)
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2188 (238) 795 (251) 749 (261)
9304 (238) 1804 (251) 753 (261)
200 (239) 1819 (251) 1014 (261)
392 (239) 2186 (251) 2212 (261)
606 (239) 2561 (251) 4344 (261)
1395 (239) 924 (252) 205 (262)
4209 (239) 1897 (252) 344 (262)
926 (240) 2406 (252) 536 (262)
1994 (240) 3102 (252) 932 (262)
3683 (240) 925 (253) 3151 (262)
1784 (241) 1143 (253) 3462 (262)
3311 (241) 1372 (253) 308 (263)
2634 (242) 1497 (253) 414 (263)
760 (243) 2723 (253) 673 (263)
1332 (243) 10568 (253) 3012 (263)
2528 (243) 1595 (254) 347 (264)
3404 (243) 5728 (254) 1629 (264)
4339 (243) 576 (255) 1786 (264)
104 (244) 987 (255) 2988 (264)
708 (244) 2843 (255) 3635 (264)
491 (244) 167 (256) 1938 (265)
1378 (244) 1026 (256) 10448 (265)
1594 (244) 1163 (256) 1 (266)
2350 (244) 3451 (256) 116 (266)
3291 (244) 206 (257) 1010 (266)
3321 (244) 837 (257) 1903 (266)
15345 (244) 1966 (257) 2167 (266)
133 (245) 2225 (257) 2370 (266)

69 (246) 647 (258) 8867 (267)
651 (247) 1899 (258) 285 (268)

1104 (247) 3189 (258) 2856 (268)
1160 (247) 4307 (258) 12473 (268)
1591 (247) 189 (259) 563 (270)

350 (248) 489 (259) 1616 (270)
388 (248) 492 (259) 4685 (270)
767 (248) 552 (259) 10605 (270)
2276 (248) 612 (259) 95 (271)
2998 (248) 3160 (259) 1096 (271)
50 (249) 10513 (259) 2053 (271)
1318 (249) 550 (260) 1602 (270)
1609 (249) 757 (260) 244 (272)
2177 (249) 1013 (260) 1232 (272)
2815 (249) 1831 (260) 5124 (272)
77 (250) 2259 (260) 5248 (272)
256 (250) 2420 (260) 2997 (273)
2441 (250) 2915 (260) 165 (274)
597 (251) 587 (261) 615 (274)
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805 (274)
3315 (274)
1741 (275)
2573 (275)
4945 (275)
10420 (275)
128 (276)
169 (276)
250 (276)
1188 (276)
684 (277)
1291 (277)
4070 (278)
1269 (279)
3279 (279)
611 (280)
764 (280)
2344 (280)
2596 (280)
1976 (281)
2625 (281)
511 (283)
1280 (283)
1379 (283)
1564 (283)
234 (284)
412 (284)
2635 (285)
2965 (285)
10551 (285)
662 (286)
3194 (286)
3668 (286)
82 (287)
718 (287)
907 (287)
1001 (287)
4899 (287)
423 (288)
2388 (288)
4642 (288)
5405 (288)
1282 (289)
3294 (289)
5729 (289)
5729 (289)
938 (290)

9579 (291)
1763 (292)
168 (293)
1590 (293)
2164 (293)
2464 (293)
8068 (293)
5074 (294)
5(295)
543 (295)
1080 (295)
1172 (295)
682 (296)
682 (296)
1842 (296)
2440 (296)
4994 (296)
2054 (297)
5152 (297)
504 (298)
1281 (298)
47179 (299)
166 (300)
697 (300)
1939 (300)
2375 (300)
2425 (300)
3316 (300)
927 (301)
2364 (301)
2749 (301)
14386 (301)
989 (302)
1956 (302)
10451 (302)
4207 (303)
12981 (303)
213 (304)
320 (305)
278 (306)
1991 (306)
227 (307)
397 (307)
235 (309)
309 (309)
2792 (309)
1034 (310)

2524 (310)
1333 31 1)
1655 (311)
10943 (311)
3759 (312)
1808 (314)
204 (316)
534 (316)
2191 (316)
3317 (316)
262 (317)
622 (317)
2629 (318)
66 (319)
342 (319)
501 (319)
2075 (319)
215 (320)
433 (321)
921 (322)
1529 (322)
75 (324)
1209 (324)
2495 (324)
3964 (324)
4524 (324)
13032 (324)
652 (325)
1196 (325)
12982 (325)
13174 (325)
203 (327)
1698 (327)
2215 (327)
751 (328)
15578 (328)
769 (329)
4393 (329)
164 (330)
3827 (330)
13334 (330)
1185 (332)
2091 (332)
96 (334)
984 (334)
2894 (334)
346 (335)
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643 (336) 370 (375) 2056 (419)
195 (337) 390 (376) 351 (420)
1081 (337) 903 (376) 1277 (420)
1360 (337) 2015 (376) 2241 (420)
4650 (337) 1082 (379) 3799 (421)
10525 (338) 1930 (379) 9555 (421)
653 (339) 3502 (381) 1513 (422)
1444 (339) 715 (382) 1000 (423)
1638 (339) 10490 (382) 1486 (423)
2325 (339) 727 (383) 1121 (425)
2633 (339) 1257 (383) 1126 (425)
7975 (339) 2353 (383) 2343 (425)
10442 (340) 1003 (387) 2523 (426)
1425 (341) 2515 (388) 16430 (426)
12933 (342) 12935 (390) 514 (427)
1308 (343) 840 (391) 547 (428)
2468 (343) 1214 (391) 830 (428)
993 (344) 1859 (391) 1158 (428)

15 (345) 1313 (392) 9501 (430)
2065 (345) 2492 (392) 2987 (431)
497 (346) 341 (396) 591 (432)
610 (346) 13443 (396) 1062 (433)
1027 (346) 2208 (399) 2505 (433)
2254 (347) 1361 (400) 319 (435)
16431 (351) 1052 (401) 384 (437)
424 (352) 12951 (403) 352 (438)
829 (352) 176 (404) 13189 (438)
3510 (352) 246 (405) 365 (442)
2626 (353) 1103 (407) 47 (444)
768 (354) 12 (409) 490 (445)
640 (359) 1481 (409) 1404 (446)
5051 (363) 3361 (409) 1113 (448)
1046 (365) 14099 (409) 1585 (450)
232 (366) 2775 (410) 1704 (450)
734 (366) 1066 (411) 281 (453)
7205 (366) 2673 (411) 831 (454)
730 (369) 248 (412) 1659 (459)
785 (369) 415 (412) 2051 (461)
817 (369) 694 (412) 2135 (461)
2991 (369) 842 (412) 2184 (462)
8691 (369) 8985 (414) 80 (464)
978 (371) 1557 (415) 1020 (465)
1973 (371) 10656 (415) 432 (466)
2552 (371) 12943 (417) 136 (467)
1619 (372) 10491 (418) 1867 (467)
1562 (374) 10653 (418) 1677 (468)
2187 (374) 1543 (419) 1479 (472)
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10444 (473)
12959 (476)
178 (479)
408 (479)
14933 (479)
418 (481)
2080 (481)
2399 (481)
2879 (481)
808 (482)
1987 (482)
2329 (488)
345 (490)
793 (494)
856 (494)
2168 (499)
52 (501)
798 (503)
1714 (507)
426 (508)
2284 (508)
53 (509)
1355 (512)
571 (513)
398 (515)
94 (516)
855 (519)
910 (519)
4883 (521)
261 (523)
790 (523)
1693 (524)
297 (525)
623 (525)
2118 (525)
704 (526)
208 (529)
56 (535)
12946 (535)
1417 (536)
30 (540)
961 (540)
62 (543)
913 (543)
916 (543)
155 (546)
2 (549)

1043 (551)
1239 (569)
2383 (569)
878 (570)
2437 (571)
1872 (572)
581 (574)
885 (576)
267 (584)
374 (584)
1067 (584)
4336 (589)
1715 (590)
947 (591)
846 (595)
150 (597)
2199 (597)
1144 (599)
420 (600)
1783 (600)
675 (601)
425 (606)
8978 (606)
441 (609)
209 (611)
1986 (614)
15618 (614)
10446 (618)
251 (621)
2046 (625)
809 (626)
865 (632)
279 (633)
340 (643)
789 (648)
272 (650)
3616 (654)
105 (657)
186 (660)
1198 (660)
1135 (667)
16011 (669)
396 (674)
379 (677)
259 (684)
1814 (688)
449 (690)

260 (691)
407 (693)
464 (695)
269 (701)
55 (704)
681 (704)
11(711)
10 (712)
535 (718)
488 (720)
806 (741)
12929 (742)
664 (752)
772 (752)
1344 (753)
23 (758)
107 (765)
1435 (765)
334 (774)
371 (782)
570 (792)
766 (797)
1600 (801)
703 (806)
103 (812)
976 (817)
229 (820)
812 (821)
156 (830)
389 (831)
549 (843)
544 (851)
649 (857)
18 (860)
76 (869)
1578 (874)
405 (879)
10515 (882)
264 (895)
2958 (904)
45 (91 1)
242 (911)
956 (911)
31 (920)
479 (926)
3270 (950)
783 (965)




APPENDIX 1

118

175 (970)
522 (974)
258 (987)
179 (998)
19 (1005)
161 (1010)
117 (1026)

13041 (1051)
78 (1060)
37 (1074)

1004 (1102)
677 (1110)
589 (1119)
49 (1120)
201 (1133)
548 (1137)

15832 (1143)
249 (1160)

1393 (1161)

16217 (1166)
740 (1181)
286 (1183)
301 (1204)
604 (1209)
824 (1210)
592 (1227)
338 (1274)

14098 (1291)
123 (1302)

16010 (1316)
9 (1372)
185 (1376)

1146 (1426)

12925 (1467)
255 (1474)
533 (1487)
60 (1489)
79 (1600)

2238 (1715)
270 (1734)

147 (1779)
1327 (1786)
438 (1863)
413 (1880)
271 (2094)
475 (2167)
101 (2237)
310 (2594)
110 (2794)
36 (2936)

237 (3032)
170 (3099)
225 (3257)
89 (3837)

.05 (4472)

41 (14945)
32 (15167)
38 (15596)
48 (42135)
39 (50675)
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Itemsets (frequency)

Itemsets (frequency)

Itemsets (frequency)

3005 38 (195)
4975 39 (164)
2805 38 (212)
211339 (171)
1996 39 (174)
10074 39 (165)
887 48 (164)
1476 39 (168)
3311 1819 (180)
491 48 (182)
491 39 (186)
708 39 (178)
1104 39 (167)
1591 39 (169)
767 48 (164)
2998 48 (169)
2998 39 (168)
256 39 (188)
597 39 (209)
795 1819 (167)
1804 39 (164)
924 48 (164)
925 39 (165)
1143 39 (178)
5728 39 (191)
576 39 (170)
167 48 (164)
1026 39 (168)
1163 48 (177)
1966 39 (184)
1899 39 (174)
4307 48 (168)
489 48 (165)
492 39 (164)
552 48 (174)
757 39 (184)
1831 38 (252)
2259 39 (175)
2915 39 (164)
4344 39 (184)
536 48 (164)
932 39 (166)
308 39 (170)

414 39 (188)
673 39 (172)
3012 39 (165)
347 48 (177)
1629 (264)
1629 48 (165)
1786 (264)
1786 48 (168)
1786 39 (206)
2763 39 (164)
3635 48 (166)
363539 (168)
1183 48 (179)
1938 39 (169)
116 39 (166)
1010 48 (165)
101039 (193)
216748 (181)
216739 (181)
285 48 (185)
2856 48 (176)
2856 39 (170)
12473 48 (166)
12473 39 (172)
1602 48 (165)
1602 39 (176)
1616 39 (169)
4685 48 (178)
4685 39 (166)
10605 48 (179)
10605 39 (191)
95 39 (189)
2053 48 (176)
1232 48 (179)
5124 48 (170)
5248 39 (175)
2997 39 (164)
165 48 (195)
615 48 (170)
805 48 (171)
805 39 (193)
331539 (175)
1741 39 (194)

2573 39 (178)
4945 48 (177)
10420 48 (178)
10420 39 (183)
128 48 (170)
169 39 (177)
250 48 (178)
1188 38 (256)
1188 39 (176)
684 48 (177)
684 39 (168)
1291 39 (170)
1294 48 (166)
1294 39 (167)
4070 48 (175)
4070 39 (177)
1269 39 (194)
3279 39 (181)
611 39 (165)
764 39 (194)
2344 48 (180)
2344 39 (183)
1976 48 (177)
1976 39 (184)
2625 48 (166)
1280 48 (165)
1280 39 (169)
1379 309 (166)
1379 39 (196)
1564 48 (182)
234 39 (185)
412 48 (181)
412 39 (188)
2635 39 (178)
2965 48 (179)
2965 39 (179)
10551 48 (168)
10551 39 (178)
662 39 (169)
3668 48 (180)
3668 39 (174)
82 48 (177)
8239 (165)
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718 48 (170)
718 39 (180)
907 39 (194)
1001 48 (183)
4899 39 (203)
423 39 (164)
2388 48 (178)
2388 39 (223)
5405 48 (170)
5405 39 (173)
1282 48 (173)
1282 39 (195)
3294 39 (198)
5729 48 (192)
5729 39 (216)
938 48 (168)
938 39 (165)
9579 48 (190)
9579 39 (192)
1763 48 (164)
1763 39 (165)
168 48 (189)
168 39 (208)
1590 38 (281)
1590 39 (199)
2164 48 (186)
2164 39 (188)
2464 48 (184)
2464 39 (186)
8068 48 (166)
8068 39 (202)
5074 48 (182)
5074 39 (184)
543 48 (172)
543 39 (175)
1080 48 (167)
1080 39 (183)
1172 48 (184)
1172 39 (176)
682 48 (191)
682 39 (188)
1842 48 (176)
1842 39 (210)
2440 48 (185)
2440 39 (199)
4994 48 (173)
4994 39 (188)

2054 48 (176)
2054 39 (188)
5152 39 (189)
504 38 (245)
504 39 (196)
1281 39 (178)
1489 39 (189)
4779 48 (172)
166 48 (183)
166 39 (180)
697 48 (165)
697 39 (200)
1939 48 (178)
1939 39 (181)
2375 48 (187)
2375 39 (184)
2425 39 (164)
3316 48 (169)
3316 39 (168)
927 48 (180)
927 39 (183)
2364 48 (179)
2364 39 (168)
2749 48 (166)
2749 39 (192)
14386 39 (169)
989 48 (189)
989 39 (198)
1956 48 (243)
1956 39 (194)
10451 48 (175)
10451 39 (168)
4207 48 (205)
420739 (171)
12981 39 (174)
21339 (216)
320 48 (195)
32039 (199)
278 48 (174)
27839 (171)
1991 39 (225)
397 48 (210)
397 39 (198)
235 48 (184)
23539 (197)
30939 (211)
2792 48 (226)

2792 39 (225)
1034 769 (172)
2524 48 (213)
2524 39 (167)
1333 48 (171)
1333 39 (187)
1655 48 (197)
1655 39 (190)
10943 48 (204)
3759 48 (195)
375939 (219)
1808 48 (181)
1808 39 (183)
204 48 (190)
204 39 (191)
534 48 (203)
534 39 (215)
2191 48 (172)
2191 39 (182)
331748 (172)
331739 (179)
262 48 (186)
262 39 (192)
622 48 (191)
622 39 (177)
2629 48 (197)
2629 39 (198)
66 48 (168)
66 39 (180)
342 48 (193)
342 39 (179)
2075 48 (181)
2075 39 (210)
215 48 (206)
215 39 (215)
433 48 (173)
433 39 (197)
921 48 (183)
921 39 (188)
1529 38 (295)
1529 39 (223)
75 48 (209)
75 39 (220)
1209 48 (201)
1209 39 (220)
2495 48 (202)
2495 39 (196)
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3964 48 (214)
3964 39 (225)
4524 48 (187)
4524 39 (193)
13032 48 (195)
13032 39 (186)
652 48 (187)
652 39 (205)
1196 48 (185)
1196 39 (192)
12982 48 (177)
12982 39 (190)
13174 48 (184)
13174 39 (197)
203 48 (204)
203 39 (199)
1698 48 (197)
1698 39 (192)
2215 48 (195)
221539 (164)
751 48 (202)
751 39 (193)
15578 48 (182)
15578 39 (233)
4393 48 (185)
439339 (191)
164 48 (224)
164 39 (179)
3827 48 (188)
3827 39 (239)
13334 48 (189)
13334 39 (172)
1185 48 (195)
1185 39 (205)
2091 48 (187)
2091 39 (205)
96 48 (191)
96 39 (224)
984 48 (205)
984 39 (226)
2894 48 (180)
2894 39 (182)
346 48 (216)
346 39 (205)
643 48 (212)
643 39 (208)
195 48 (178)

195 39 (217)
1081 48 (200)
1081 39 (210)
1360 48 (194)
1360 39 (204)
4650 48 (188)
4650 39 (184)
10525 48 (208)
10525 39 (206)
653 48 (195)
653 39 (192)
1444 48 (208)
1444 39 (206)
1638 48 (226)
1638 39 (223)
232548 (212)
2325 39 (208)
2633 48 (181)
2633 39 (190)
7975 48 (200)
7975 39 (186)
10442 48 (229)
10442 39 (202)
1425 48 (172)
1425 39 (202)
3904 38 (333)
3904 48 (200)
3904 39 (275)
1308 48 (191)
1308 39 (184)
2468 39 (213)
993 48 (201)
993 39 (197)

15 48 (210)

15 39 (208)
2065 48 (209)
2065 39 (235)
497 48 (176)
497 39 (200)

610 48 (196)

610 39 (182)
1027 48 (228)
1027 39 (221)
2254 48 (198)
2254 39 (216)

16431 16430 (348)
12933 48 (199)

12933 39 (227)
16431 48 (175)
16431 39 (189)
424 48 (218)
424 39 (201)
829 48 (200)
829 39 (214)
3510 48 (213)
3510 39 (225)
2626 48 (214)
2626 39 (199)
768 39 (188)
640 48 (232)
640 39 (227)
5051 48 (217)
5051 39 (216)
1046 32 (339)
1046 48 (190)
1046 39 (170)
232 48 (207)
232 39 (200)
734 48 (329)
734 39 (255)
7205 48 (209)
7205 39 (209)
730 48 (215)
730 39 (241)
785 48 (189)
785 39 (222)
817 48 (210)
817 39 (182)
2991 48 (189)
2991 39 (230)
8691 48 (288)
8691 39 (259)
978 48 (203)
978 39 (273)
1973 48 (236)
1973 39 (191)
2552 48 (221)
2552 39 (205)
1619 48 (236)
1619 39 (252)
1562 48 (206)
1562 39 (193)
2187 48 (233)
2187 39 (221)
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370 38 (362)
370 48 (196)
370 39 (248)
2115 48 (237)
211539 (213)
390 38 (354)
390 48 (210)
390 39 (258)
903 48 (192)
903 39 (264)
2015 48 (259)
2015 39 (230)
1082 48 (212)
1082 39 (196)
1930 48 (215)
1930 39 (226)
3502 48 (214)
3502 39 (244)
715 48 (254)
715 39 (217)
10490 48 (240)
10490 39 (237)
727 48 (253)
727 39 (241)
1257 48 (248)
1257 39 (256)
2353 48 (215)
2353 39 (253)
1003 48 (250)
1003 39 (252)
2515 48 (218)
251539 (197)
12935 48 (302)
12935 39 (267)
840 38 (379)
840 48 (206)
840 39 (251)
1214 48 (195)
1214 39 (230)
1859 48 (210)
1859 39 (218)
1313 48 (250)
1313 39 (250)
2492 48 (238)
2492 39 (217)
341 48 (235)
341 39 (228)

13443 48 (217)
13443 39 (229)
2208 48 (222)
2208 39 (235)
1361 48 (215)
1361 39 (261)
1052 48 (266)
1052 39 (206)
12951 48 (219)
12951 39 (283)
176 48 (226)
176 39 (204)
246 48 (265)
246 39 (259)
4698 48 (251)
4698 39 (263)
1103 48 (250)
1103 39 (252)
12 48 (238)
1239 (230)
1481 48 (236)
1481 39 (272)
3361 48 (229)
3361 39 (231)
14099 48 (233)
14099 39 (242)
2775 48 (239)
2775 39 (249)
1066 48 (250)
1066 39 (236)
2673 48 (280)
2673 39 (246)
248 48 (285)
248 39 (275)
415 48 (255)
415 39 (243)
694 48 (215)
694 39 (267)
842 48 (201)
842 39(263)
8985 48 (220)
8985 39 (276)
1557 48 (250)
1557 39 (252)
10656 48 (245)
10656 39 (227)
12943 48 (207)

12943 39 (253)
10491 48 (234)
10491 39 (257)
10653 48 (252)
10653 39 (246)
1543 48 (240)
1543 39 (290)
2056 48 (258)
2056 39 (257)
351 48 (221)
351 39 (220)
1277 48 (248)
1277 39 (241)
2241 48 (284)
2241 39 (285)
3799 48 (264)
3799 39 (284)
9555 48 (224)
9555 39 (240)
1513 48 (248)
1513 39 (284)
1000 48 (221)
1000 39 (245)
1486 48 (270)
1486 39 (256)
1121 48 (250)
1121 39 (257)
1126 48 (246)
1126 39 (246)
2343 48 (239)
2343 39 (233)
2523 48 (269)
2523 39 (247)
16430 48 (219)
16430 39 (221)
514 48 (293)
514 39 (271)
547 48 (252)
547 39 (254)
830 48 (294)
830 39 (256)
1158 48 (232)
1158 39 (242)
9501 48 (232)
9501 39 (275)
2987 48 (284)
2987 39 (238)
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591 48 (280)
591 39 (289)
1062 48 (232)
1062 39 (268)
2505 2284 (194)
2505 48 (256)
2505 39 (297)
319 48 (261)
319 39 (270)
384 48 (247)
384 39 (279)
352 41 (170)
352 48 (246)
352 39 (224)
13189 48 (236)
13189 39 (266)
979 48 (266)
979 39 (332)
365 48 (259)
365 39 (288)
47 38 (432)
47 48 (274)
47 39 (320)
490 48 (279)
490 39 (279)
1404 48 (277)
1404 39 (273)
1113 48 (248)
1113 39 (248)
1585 48 (292)
1585 39 (262)
1704 48 (246)
1704 39 (287)
281 38 (432)
281 48 (269)
281 39 (288)
83148 (311)
83139 (314)
1659 48 (258)
1659 39 (307)
2051 48 (300)
2051 39 (308)
2135 48 (293)
213539 (317)
2184 48 (288)
2184 39 (294)
80 48 (271)

80 39 (316)
1020 48 (274)
1020 39 (284)
432 48 (251)
432 39 (286)
136 48 (286)
136 39 (306)
1867 48 (275)
1867 39 (274)
1677 48 (306)
1677 39 (291)
1479 48 (273)
1479 39 (302)

10444 48 (302)
10444 39 (293)
12959 48 (228)
12959 39 (262)

178 48 (246)
178 39 (313)
408 48 (279)
408 39 (278)

14933 48 (274)
14933 39 (320)
418 48 (267)

418 39 (293)
2080 48 (285)
2080 39 (281)
2399 48 (276)
2399 39 (291)
2879 48 (276)
2879 39 (292)
808 48 (267)
808 39 (283)
1987 48 (298)
1987 39 (309)
2329 48 (324)
2329 39 (270)
345 48 (316)
345 39 (300)
793 48 (304)
793 39 (312)
856 48 (271)
856 39 (291)
2168 48 (265)
2168 39 (301)

52 48 (326)

52 39 (320)

798 48 (329)
52 39 (320)
798 48 (329)
1714 39 (317)
426 48 (327)
426 39 (334)
2284 48 (292)
2284 39 (349)
53 48 (322)
53 39 (351)
1355 175 (177)
1355 48 (260)
1355 39 (313)
571 48 (318)
571 39 (322)
398 48 (320)
398 39 (320)
94 48 (293)
94 39 (300)
855 48 (306)
855 39 (325)
910 48 (313)
910 39 (322)
4883 48 (305)
4883 39 (313)
261 48 (330)
261 39 (349)
790 41 (204)
790 38 (508)
790 48 (315)
790 39(364)
1693 48 (316)
1693 39 (347)
297 48 (328)
297 39 (356)
623 48 (310)
623 39 (315)
2118 48 (341)
211839 (311)
704 48 (307)
704 39 (279)
208 41 (210)
208 48 (330)
208 39 (326)
56 38 (514)
56 48 (309)
56 39 (364)
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12946 48 (286)
12946 39 (339)
1417 48 (315)
1417 39 (321)
30 48 (298)
30 39 (344)
961 48 (327)
961 39 (331)
62 48 (314)
62 39 (281)
913 48 (320)
913 39 (336)
916 48 (311)
916 39 (350)
155 48 (314)
155 39 (347)
2 48 (268)
239 (324)
1043 48 (306)
1043 39 (342)
1239 48 (346)
1239 39 (350)
2383 48 (356)
2383 39 (377)
878 48 (310)
878 39 (344)
2437 48 (346)
2437 39 (308)
1872 48 (333)
1872 39 (331)
581 48 (353)
58139 (368)
885 48 (307)
885 39 (354)
267 48 (368)
267 39 (407)
374 48 (340)
374 39 (376)
1067 107 (171)
1067 48 (369)
1067 39 (332)
4336 48 (330)
4336 39 (345)
1715 41 (186)
1715 48 (350)
1715 39 (356)
947 48 (324)

947 39 (324)
846 41 (180)
846 48 (297)
846 39 (328)
150 48 (353)
150 39 (364)

2199 48 (383)
2199 39 (349)
1144 249 (189)
1144 48 (336)
1144 39 (344)
42048 (311)
420 39 (340)
1783 48 (335)
1783 39 (372)
675 48 (374)
675 39 (414)
425 48 (408)
425 39 (396)

8978 16010 (195)
8978 41 (290)
8978 48(344)
8978 39 (433)
441 48 (341)
44139 (393)
209 48 (312)
209 39 (323)
1986 48 (346)
1986 39 (413)

15618 41 (179)
15618 48 (323)
15618 39 (352)
10446 48 (345)
10446 39 (368)
251 48 (338)
251 39 (349)
2046 48 (305)
2046 39 (333)
809 48 (373)
809 39 (404)
865 48 (390)
865 39 (382)
279 48 (383)
279 39 (401)
340 41 (165)
340 48 (407)
340 39 (396)

789 41 (192)
789 48 (421)
789 39 (447)
272 48 (380)
272 39 (446)
3616 1146 (293)
3616 41 (204)
3616 48 (376)
3616 39 (419)
105 38 (643)
105 48 (372)
105 39 (455)
186 48 (417)
186 39 (413)
1198 41 (214)
1198 48 (376)
1198 39 (407)
1135 32(193)
1135 48 (541)
1135 39 (458)
16011 16010 (651)
16011 41 (244)
16011 48 (374)
16011 39 (427)
396 41 (180)
396 48 (378)
396 39 (436)
379 48 (348)
379 39 (429)
259 48 (380)
259 39 (374)
1814 48 (451)
1814 39 (471)
449 48 (382)
449 39 (372)
260 48 (379)
260 39 (428)
407 48 (422)
464 39 (412)
269 48 (439)
269 39 (441)
5541 (175)
55 38 (657)
55 48 (325)
55 39 (452)
681 48 (378)
681 39 (422)
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1141 (197) 766 41 (173) 18 39 (540)

1148 (463) 766 48 (489) 76 41 (217)

1139 (472) 766 39 (470) 76 48 (485)

10 48 (427) 1600 41 (197) 76 39 (529)

10 39 (452) 1600 32 (166) 1578 41 (170)
53541 (173) 1600 48 (444) 1578 32 (174)
535 48 (409) 1600 39 (474) 1578 38 (169)
535 39 (400) 703 48 (467) 1578 48 (469)

488 48 (432)
488 39 (389)
806 175(195)
806 41 (176)
806 38 (216)
806 48 (396)
806 39 (493)
12929 32 (171)
12929 48 (430)
12929 39 (470)
664 38 (172)
664 48 (387)
664 39 (481)
772 32 (166)
772 48 (442)
772 39 (406)
1344 41 (258)
1344 32 (172)
1344 38 (188)
1344 48 (427)
1344 39 (485)
23 41 (182)
23 48 (416)
2339 (512)
107 549 (181)
107 41 (176)
107 48 (467)
107 39 (426)
1435 48 (433)
1435 39 (459)
334 48 (443)
334 39 (506)
371 41 (172)
371 38 (767)
371 48 (369)
371 39 (532)
570 41 (204)
570 48 (514)
570 39 (558)

703 39 (453)
103 41 (172)
103 32 (191)
103 38 (207)
103 48 (431)
103 39 (512)
976 117 (312)
976 41 (184)
976 48 (456)
976 39 (471)
229 41 (188)
229 32 (190)
229 38 (196)
229 48 (545)
229 39 (503)
81232 (182)
812 48 (463)
812 39 (471)
156 38 (178)
156 48 (473)
156 39 (582)
389 41 (191)
389 32 (197)
38938 (211)
389 48 (422)
389 39 (544)
549 41 (196)
549 32(198)
549 48 (513)
549 39 (492)
544 41 (197)
544 48 (504)
544 39 (524)
649 41 (197)
649 48 (490)
649 39 (531)
1841 (198)
18 32 (184)
18 48 (465)

1578 39 (576)
405 10515 (294)
405 32 (165)
405 48 (525)
405 39 (500)
10515 41 (172)
10515 48 (524)
10515 39 (528)
264 38 (251)
264 48 (534)
264 39 (599)
2958 41 (217)
264 41 (204)
2958 32 (189)
2958 38 (185)
2958 48 (779)
2958 39 (655)
45 41 (172)
45 38 (165)
45 48 (492)
45 39 (559)
242 38 (200)
247 48 (399)
242 39 (564)
956 41 (225)
956 32 (209)
956 48 (540)
956 39 (600)
3141 (207)
3132(185)
3138 (165)
31 48 (493)
3139 (538)
479 41 (203)
479 32 (167)
479 48 (513)
479 39 (580)
3270 41 (214)
3270 32 (175)
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3270 38 (174)
3270 48 (592)
3270 39 (576)
783 41 (201)
783 32 (194)
783 48 (583)
783 39 (640)
175 41 (293)
175 32 (198)
175 38 (272)
175 48 (493)
175 39 (631)
522 41(214)
522 32 (180)
522 48 (582)
522 39 (648)
258 41 (254)
258 32 (194)
258 48 (643)
258 39 (628)
179 41 (224)
179 32 (228)
179 48 (624)
179 39 (653)
19 41 (202)
19 32 (180)
19 48 (591)
19 39 (592)
161 41 (210)
161 32 (188)
161 38 (218)
161 48 (517)
161 39 (622)
117 32 (193)
117 48 (601)
117 41 (264)
117 39 (554)
13041 41 (390)
13041 32 (225)
13041 38 (183)
13041 48 (602)
13041 39 (688)
78 41 (201)
78 32 (232)
78 38 (219)
78 48 (824)
78 39 (774)

3741 (247)
3732 (186)
37 38 (1046)
37 48 (565)
37 39 (707)
1004 41 (198)
1004 32 (285)
1004 38 (177)
1004 48 (614)
1004 39 (583)
677 41 (229)
677 32 (266)
67738 (173)
677 48 (666)
677 39 (635)
589 41 (217)
589 32 (228)
589 38 (170)
589 48 (628)
589 39 (708)
49 41 (220)
49 32 (205)
49 38 (224)
49 48 (843)
49 39 (768)
201 41 (253)
201 32 (184)
201 48 (674)
201 39 (669)
548 41 (242)
548 32 (280)
548 38 (206)
548 48 (658)
548 39 (663)
15832 41 (421)
15832 32 (231)
15832 48 (585)
15832 39 (718)
249 237 (175)
249 41 (258)
249 32 (216)
249 38 (269)
249 48 (675)
249 39 (752)
1393 41 (215)
1393 32 (231)
1393 38 (203)

1393 48 (669)
1393 39 (789)
16217 41 (433)
16217 32 (204)
16217 38 (193)
16217 48 (647)
16217 39 (728)
740 41 (206)
740 32 (167)
740 38 (221)
740 48 (520)
740 39 (759)
286 41 (268)
286 32 (229)
286 38 (1116)
286 48 (591)
286 39 (750)
301 41 (256)
301 32 (279)
301 48 (658)
301 39 (715)
604 41 (286)
604 32 (224)
604 38 (195)
604 48 (687)
604 39 (775)
824 41 (320)
824 32 (262)
824 38 (172)
824 48 (701)
824 39 (703)
592 41 (303)
592 32 (257)
592 38 (185)
592 48 (743)
592 39 (723)
338 41 (256)
338 32 (229)
338 38 (184)
338 48 (779)
338 39 (742)
14098 41 (170)
14098 32 (224)
14098 38 (181)
14098 48 (698)
123 32 (252)
123 38 (201)
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123 48 (797)
123 39 (726)
16010 41 (467)
16010 32 (281)
16010 38 (221)
16010 48 (730)
16010 39 (829)
9 41 (307)

9 32 (250)

9 38(198)

9 48 (790)

9 32 (250)

9 38(198)

9 48 (790)
185 32 (289)
185 38 (217)
185 48 (816)
185 39 (828)
1146 41 (501)
1146 32 (340)
1146 38 (306)
1146 48 (811)
1146 39 (983)
12925 32 (232)
12925 38 (294)
12925 48 (817)
12925 39 (938)
255 41 (332)
25532 (321)
255 38 (267)
255 48(1057)
255 39 (1057)
533 41 (336)
533 32 (300)
533 38 (235)
533 48 (861)
533 39 (922)
60 65 (176)
60 41 (264)
60 32 (262)
60 38 (193)
60 48 (815)
60 39 (983)
79 41 (499)
79 32 (384)
79 38 (313)
79 48 (893)

7939 (1111)
2238 270 (264)
2238 271 (282)
2238 225 (405)
2238 41 (570)
2238 32 (358)
2238 38 (407)
2238 48 (955)
2238 39 (1287)
270 271 (680)
270 225 (295)

270 41 (508)

270 32 (437)

270 38 (390)

270 48(957)
270 39 (1194)

147 41 (438)

147 32 (359)

147 38 (328)
147 48 (1036)
147 39 (1137)
1327 41 (459)
1327 32 (323)
1327 38 (347)
1327 48 (968)
1327 39 (1156)
438 41 (428)
438 32 (349)
438 38 (389)
438 48 (1025)
438 39 (1260)
413 101 (167)
413 65 (176)
413 41 (414)
413 32 (326)
413 38 (297)
413 48 (1135)
413 39 (1130)
271 225 (395)
271 65 (168)
271 41 (584)
271 32 (470)
271 38 (392)
271 48 (1090)
271 39 (1434)
475 237 (179)
475 65 (168)

475 41 (570)
475 32 (447)
475 38 (393)
475 48 (1428)
475 39 (1500)
101 89 (191)
101 65 (230)
101 41 (476)
101 32 (412)
101 38 (345)
101 48 (1311)
101 39 (1400)
310 237 (201)
310 225 (165)
310 89 (228)
310 65 (226)
31041 (719)
310 32 (541)
310 38 (433)
310 48 (1692)
310 39 (1852)
110 36 (186)
110 41 (677)
110 32 (449)
110 38 (2725)
110 48 (1380)
110 39 (1759)
36 170 (214)
36 41 (700)
36 32 (494)
36 38 (2790)
36 48 (1416)
36 39 (2037)
237 89 (232)
237 65 (215)
237 41 (597)
237 32 (568)
237 38 (683)
237 48 (1682)
237 39 (1929)
170 89 (171)
170 41 (805)
170 32 (540)
170 38 (3031)
170 48 (1557)
170 39 (2059)
225 65 (213)




APPENDIX 2

128

225 41 (877)
225 32 (655)
225 38 (681)
225 48 (1736)
22539 (2351)
89 65 (314)
8941 (732)
8932 (713)
89 38 (764)
89 48 (2798)
89 39 (2749)
65 41 (995)
65 32 (774)
65 38 (643)
65 48 (2529)
65 39 (2787)
4132 (3196)
4138 (3897)
41 48 (9018)
4139 (11414)
32 38 (2833)
32 48 (8034)
32 39 (8455)
38 48 (7944)
38 39 (10345)
48 39 (29142)
14098 39 (801)
123 41 (236)
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ltemsets (frequency)

Itemsets (frequency)

Itemsets (frequency)

1590 38 39 (193)
504 38 39 (170)
2792 48 39 (175)
1529 38 39 (202)
1638 48 39 (164)
3904 38 48 (193)
3904 38 39 (268)
3904 48 39 (179)
1027 48 39 (165)

16431 16430 48 (174)

16431 16430 39 (186)
640 48 39 (169)
1046 32 48 (171)
734 48 39 (229)
730 48 39 (167)
8691 48 39 (213)
978 48 39 (164)
1619 48 39 (174)
370 38 48 (191)
370 38 39 (241)
2115 48 39 (168)
390 38 48 (197)
390 38 39 (241)
390 48 39 (165)
2015 48 39 (178)
3502 48 39 (164)
715 48 39 (167)
10490 48 39 (176)
727 48 39 (184)
1257 48 39 (193)
2353 48 39 (166)
1003 48 39 (182)
12935 48 39 (214)
840 38 48 (202)
840 38 39 (245)
1313 48 39 (179)
12951 48 39 (183)
246 48 39 (182)
4698 48 39 (187)
1103 48 39 (189)
1481 48 39 (188)
14099 48 39 (172)
2775 48 39 (167)

1066 48 39 (169)
2673 48 39 (190)
248 48 39 (200)
415 48 39 (179)
8985 48 39 (168)
1557 48 39 (166)
10656 48 39 (167)
10491 48 39 (176)
10653 48 39 (169)
1543 48 39 (189)
2056 48 39 (180)
1277 48 39 (166)
2241 48 39 (214)
3799 48 39 (206)
1513 48 39 (196)
1000 48 39 (164)
1486 48 39 (181)
1121 48 39 (168)
1126 48 39 (165)
2523 48 39 (187)
514 48 39 (201)
547 48 39 (171)
830 48 39 (196)
9501 48 39 (170)
2987 48 39 (186)
591 48 39 (210)
1062 48 39 (168)
2505 48 39 (201)
319 48 39 (194)
384 48 39 (175)
13189 48 39 (173)
979 48 39 (222)
365 48 39 (197)
47 38 48 (269)
473839 (313)
47 48 39 (216)
490 48 39 (193)
1404 48 39 (202)
1113 48 39 (171)
1585 48 39 (191)
1704 48 39 (180)
281 38 48 (259)
281 38 39 (274)

281 48 39 (193)
831 48 39 (237)
1659 48 39 (194)
2051 48 39 (222)
2135 48 39 (228)
2184 48 39 (210)
80 48 39 (208)
1020 48 39 (190)
432 48 39 (190)
136 48 39 (219)
1867 48 39 (187)
1677 48 39 (211)
1479 48 39 (197)
10444 48 39 (221)
178 48 39(194)
408 48 39 (198)
14933 48 39 (205)
418 48 39 (200)
2080 48 39 (187)
2399 48 39 (194)
2879 48 39 (199)
808 48 39 (181)
1987 48 39 (217)
2329 48 39 (214)
345 48 39 (212)
793 48 39 (218)
856 48 39 (192)
2168 48 39 (205)
52 48 39 (239)
798 48 39 (230)
1714 48 39 (193)
426 48 39 (250)
2284 48 39 (226)
53 48 39 (253)
1355 48 39 (194)
571 48 39 (240)
398 48 39 (224)
94 48 39 (209)
855 48 39 (228)
910 48 39 (222)
4883 48 39 (200)
261 48 39 (244)
790 41 38 (202)
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790 38 48 (307)
790 38 39 (356)
790 48 39 (239)
1693 48 39 (232)
297 48 39 (242)
623 48 39 (213)
2118 48 39 (232)
704 48 39 (191)
208 41 39 (165)
208 48 39 (222)
56 38 48 (295)
56 38 39 (352)
56 48 39 (226)
12946 48 39 (212)
1417 48 39 (217)
3048 39 (218)
961 48 39 (240)
62 48 39 (198)
913 48 39 (232)
916 48 39 (241)
155 48 39 (214)
2 48 39 (186)
1043 48 39 (229)
1239 48 39 (239)
2383 48 39 (270)
878 48 39 (231)
2437 48 39 (215)
1872 48 39 (213)
581 48 39 (264)
885 48 39 (222)
267 48 39 (292)
374 48 39 (250)
1067 48 39 (251)
4336 48 39 (230)
1715 48 39 (235)
947 48 39 (207)
846 48 39 (197)
150 48 39 (255)
2199 48 39 (266)
1144 48 39 (234)
420 48 39 (214)
1783 48 39 (240)
675 48 39 (291)
425 48 39 (299)
8978 41 48 (196)
8978 41 39 (243)
8978 48 39 (276)

441 48 39 (260)
209 48 39 (207)
1986 48 39 (264)
15618 48 39 (222)
10446 48 39 (246)
251 48 39 (220)
2046 48 39 (217)
809 48 39 (290)
865 48 39 (272)
279 48 39 (279)
340 48 39 (281)
789 48 39 (327)
272 48 39 (283)

3616 1146 48 (167)
3616 1146 39 (189)
3616 48 39 (270)
105 38 48 (367)
105 38 39 (449)
105 48 39 (291)
186 48 39 (305)
1198 41 39 (170)
1198 48 39 (277)
1135 48 39 (386)

16011 16010 41 (236)

16011 16010 48 (362)

16011 16010 39 (419)
16011 41 48 (165)
16011 41 39 (194)
16011 48 39 (275)
396 48 39 (278)
379 48 39 (253)
259 48 39 (255)
1814 48 39 (344)
449 48 39 (239)
260 48 39 (271)
407 48 39 (304)
464 48 39 (289)
269 48 39 (310)
554138 (171)
5538 48 (309)
55 38 39 (422)
554839 (251)
681 48 39 (275)

114139 (166)
1148 39 (346)
10 48 39 (322)
535 48 39 (275)

488 48 39 (287)
806 48 39 (302)
12929 48 39 (320)
664 48 39 (296)
772 48 39 (275)
1344 41 48 (166)
1344 41 39 (213)
1344 48 39 (314)
23 48 39 (322)
107 48 39 (322)
1435 48 39 (307)
334 48 39 (333)
371 4138 (171)
371 38 48 (365)
371 38 39 (526)
371 48 39 (295)
570 41 39 (173)
570 48 39 (404)
766 48 39 (335)
1600 48 39 (307)
703 48 39 (302)
103 48 39 (321)
976 117 48 (169)
976 48 39 (325)
229 48 39(382)
8124839 (310)
156 48 39 (377)
389 48 39 (323)
549 48 39 (355)
544 48 39 (348)
649 48 39 (350)
18 48 39 (330)
76 41 39 (172)
76 48 39 (345)
1578 48 39(350)

405 1051539 (178)

405 48 39 (340)
10515 48 39 (373)
264 41 39 (167)
264 38 39 (177)
264 48 39 (403)
2958 41 48 (201)
2958 41 39 (169)
2958 32 48 (173)
2958 48 39 (570)
45 48 39 (361)
242 48 39 (300)
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956 41 39 (170)
956 48 39(405)
31 48 39 (336)
479 48 39 (358)
3270 48 39 (416)
783 48 39 (439)
175 41 48 (188)
175 41 39 (239)
175 38 39 (166)
175 48 39 (383)
522 41 39 (168)
522 48 39 (425)
258 41 48 (193)
258 41 39 (205)
258 48 39 (452)
179 41 39 (184)
179 48 39 (452)
19 48 39 (402)
161 41 39 (168)
161 48 39 (356)
117 41 48 (168)
117 41 39 (189)
117 48 39 (378)

13041 41 48 (264)
13041 41 39(311)
13041 48 39 (444)

78 41 48 (167)
78 41 39 (164)
78 32 48 (183)
78 38 48 (171)
78 38 39 (181)
78 48 39 (610)
37 41 38 (246)
3741 48 (172)
37 41 39 (203)
373238(185)

37 38 48 (557)

37 38 39 (684)

37 48 39 (440)

1004 32 48 (167)
1004 32 39 (167)
1004 48 39 (381)
677 41 48 (166)
677 41 39 (175)
677 32 48 (179)
677 48 39 (446)

589 48 39 (443)
49 41 48 (177)
49 4139 (172)
49 32 48 (168)
49 38 48 (176)
493839 (172)
49 48 39 (617)
201 41 48 (183)
201 41 39 (185)
201 48 39 (451)
548 41 48 (176)
548 41 39 (182)
548 32 48 (170)
548 3239 (171)
548 48 39 (467)

15832 41 48 (260)

15832 41 39 (322)

15832 48 39 (436)
249 41 48 (183)
249 41 39 (209)
249 38 48 (167)
249 38 39 (207)
249 48 39 (510)
1393 41 39 (180)
1393 48 39 (507)

16217 41 48 (287)

16217 41 39 (335)

16217 48 39 (463)
740 48 39 (392)
286 41 38 (259)
286 41 39 (208)
286 38 39 (728)
286 48 39 (464)
301 41 48 (172)
301 41 39 (194)
301 32 48 (188)
301 32 39 (184)
301 48 39 (473)
604 41 48 (199)
286 32 38 (222)
286 38 48 (581)
604 41 39 (236)
604 48 39 (520)
824 41 48 (218)
824 41 39 (238)
824 32 48 (166)

824 48 39 (471)
592 41 48 (206)
592 41 39 (235)
592 32 39 (173)
592 48 39 (515)
338 41 48 (173)
338 41 39 (187)
338 48 39 (516)
14098 48 39 (540)

123 41 48 (168)
123 41 39 (168)
123 48 39 (509)

16010 41 48 (315)
16010 41 39 (368)
16010 32 48 (190)
16010 32 39 (180)
16010 48 39 (529)

9 41 48 (231)

9 4139 (239)

9 48 39 (546)
185 41 48 (210)
185 41 39 (223)
185 32 48 (184)
185 32 39 (183)
185 38 39 (165)
185 48 39 (555)
1146 41 48 (313)
1146 41 39 (391)
1146 32 48 (211)
1146 32 39 (216)
1146 38 48 (181)
1146 38 39 (239)
1146 48 39 (623)
12925 38 48 (175)
12925 38 39 (230)
12925 48 39 (588)
255 41 48 (271)
255 41 39 (274)
255 32 48 (243)
255 32 39 (230)
255 38 48 (198)
255 38 39 (216)
255 48 39 (813)
533 41 48 (248)
533 4139 (275)
533 32 48 (179)
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533 3239 (182)
533 38 48 (170)
533 38 39 (178)
533 48 39 (632)
60 4139 (219)
603239 (181)
60 48 39 (609)
79 41 48 (332)
79 41 39 (378)
79 32 48 (231)
79 32 39 (244)
79 38 48 (193)
79 38 39 (231)
79 48 39 (699)

2238 27039 (194)

2238 271 39 (221)
2238 225 48 (219)
2238 22539 (317)
2238 41 48 (371)
2238 41 39 (472)
2238 32 48 (203)
2238 32 39 (257)
2238 38 48 (247)
2238 38 39 (308)
2238 48 39 (788)
270 271 41 (219)
270 271 48 (369)
270 271 39 (484)
270 225 48 (175)
270 225 39 (236)
270 41 48 (315)
270 41 39 (399)
270 32 48 (265)
270 32 39 (276)
270 38 48 (239)
270 38 39 (291)
270 48 39 (733)
147 41 48 (280)
147 41 39 (336)
147 32 48 (223)
147 32 39 (249)
147 38 48 (215)
147 38 39 (253)
147 48 39 (742)
1327 41 48 (307)
1327 41 39 (380)
1327 32 48 (187)

1327 32 39 (209)
1327 38 48 (198)
1327 38 39 (274)
1327 48 39 (720)
438 41 48 (296)
438 41 39 (365)
438 32 48 (227)
438 32 39 (244)
4383848 (211)
438 38 39 (272)
438 48 39 (780)
413 41 48 (287)
413 4139 (318)
413 32 48 (216)
4133239 (217)
413 38 48 (213)
413 38 39 (221)
413 48 39 (781)
271 225 48 (220)
271 225 39 (309)
271 41 48 (346)
271 41 39 (451)
271 32 48 (256)
2713239 (310)
271 38 48 (232)
271 38 39 (290)
271 48 39 (827)
475 41 48 (428)
475 41 39 (476)
475 32 48 (308)
4753239 (313)
475 38 48 (290)
475 38 39 (308)
475 48 39(1092)
101 41 48 (330)
101 41 39 (368)
101 32 48 (256)
101 32 39 (270)
101 38 48 (229)
101 38 39 (254)
101 48 39 (946)
310 89 48 (190)
310 89 39 (194)
310 41 32 (186)
310 41 38 (166)
310 41 48 (547)
310 41 39 (625)

310 32 48 (391)
310 32 39 (382)
310 38 48 (298)
310 38 39 (336)
310 48 39 (1347)
110 36 38 (182)
110 41 38 (666)
110 41 48 (423)
110 41 39 (515)
110 32 38 (443)
110 32 48 (267)
110 32 39 (286)
110 38 48 (1361)
110 38 39 (1740)
110 48 39 (1037)
36 170 38 (210)
36 41 38 (671)
36 41 38 39 (553)
36 41 48 (388)
36 4139 (572)
36 32 38 (472)
36 32 48 (262)
36 32 39 (324)
36 38 48 (1360)
36 38 39 (1945)
36 48 39 (1116)
237 89 48 (174)
237 89 39 (181)
237 41 38 (205)
237 41 48 (375)
237 41 39 (477)
237 32 48 (363)
237 32 39 (349)
237 38 48 (414)
23738 39 (512)
237 48 39 (1244)
170 89 38 (169)
170 41 38 (794)
170 41 48 (492)
170 41 39 (624)
170 32 38 (532)
170 32 48 (308)
170 32 39 (332)
170 38 48 (1538)
170 38 39 (2019)
170 48 39 (1206)
225 41 32 (207)




APPENDIX 3

133

2254138 (224)
22541 48 (537)
225 41 39 (726)
225 32 48 (366)
225 32 39 (466)
22538 483 (398)
2253839 (535)

225 48 39 (1400)

89 65 48 (243)
89 65 39 (225)
89 41 32 (187)
89 41 38 (210)

8941 3848(173)
8941 3839(174)

89 41 48 (606)
89 41 39 (619)
89 32 48 (573)
89 32 39 (532)
89 38 48 (578)
89 38 39 (589)
89 48 39 (2125)
65 4132 (221)
65 41 38 (227)
65 41 48 (663)
65 41 39 (792)
65 32 48 (492)
653239 (512)
65 38 48 (408)
65 38 39 (488)
65 48 39 (1797)
41 32 38 (805)
41 32 48 (2063)
413848 (2374)
413839 (3051)
41 48 39 (7366)
32 38 48 (1646)
32 38 39 (1840)
32 48 39 (5402)
38 48 39 (6102)




APPENDIX 4: Whole set of frequent 4-itemsets

Itemsets {frequency)

ltemsets (frequency)

ltemsets (frequency)

3904 38 48 39 (173)
4738 48 39 (212)
281 38 48 39 (184)
790 38 48 39 (235)
56 38 48 39 (219)
8978 41 48 39 (172)
105 38 48 39 (290)
16011 16010 41 39 (190)
16011 16010 48 39 (269)
5538 48 39 (243)
371 38 48 39 (294)
175 41 48 39 (166)
13041 41 48 39 (219)
37413848 (172)

37 41 38 39 (202)

37 38 48 39 (433)
15832 41 48 39 (220)
16217 41 48 39 (234)
286 41 38 39 (203)
286 38 48 39 (458)
604 41 48 39 (171)
824 41 48 39 (172)
592 41 48 39 (170)
16010 41 48 39 (261)
9 414839 (191)

185 41 48 39 (168)
1146 41 48 39 (260)
255 41 48 39 (230)
255 32 48 39 (189)
25538 48 39 (170)
533 41 4839 (215)
79 41 48 39 (270)

79 32 48 39 (174)
2238 225 48 39 (196)
2238 41 48 39 (322)
2238 38 48 39 (203)
270271 41 39 (179)
270 271 48 39 (284)
270 41 48 39 (258)
270 32 48 39 (193)
270 38 48 39 (196)
147 41 48 39 (234)

147 38 48 39 (176)
1327 41 48 39 (260)
1327 38 48 39 (170)
438 41 48 39 (265)
43832 48 39(177)
438 38 48 39 (164)
413 41 48 39 (228)
413 38 48 39 (170)
271 225 48 39 (183)
271 41 48 39 (272)
271 32 48 39 (188)
271 38 48 39 (188)
475 41 48 39 (372)
475 32 48 39 (234)
475 38 48 39 (243)
101 41 48 39 (264)
101 32 48 39 (182)
101 38 48 39 (181)
310 89 48 39 (167)
310 41 48 39 (486)
310 32 48 39 (307)
310 38 48 39 (251)
110 41 38 48 (419)
110 41 38 39 (511)
110 41 48 39 (347)
110 32 38 48 (264)
110 32 38 39 (284)
110 32 48 39 (202)
110 38 48 39 (103 1)
36 41 38 48 (377)
36 41 48 39 (343)
36 32 38 48 (254)
36 32 38 39 (308)
36 32 48 39 (196)
36 38 48 39 (1080)
237 41 38 39 (171)
237 41 48 39 (312)
237 32 48 39 (256)
237 38 48 39 (352)
170 41 38 48 (484)
170 41 38 39 (615)
170 41 48 39 (419)

170 32 38 48 (305)
170 32 38 39 (326)
170 32 48 39 (215)
170 38 48 39 (1193)
225 41 32 39 (178)
225 41 38 39 (198)
225 41 48 39 (469)
225 32 48 39 (298)
225 38 48 39 (337)
89 65 48 39 (186)
89 41 48 39 (522)
89 32 48 39 (451)
89 38 48 39 (467)
65413239 (172)
65 41 38 39 (191)
65 41 48 39 (547)
6532 48 39 (357)
65 38 48 39 (325)
41 32 38 48 (540)
4132 38 39 (622)
4132 48 39 (1646)
4138 4839 (1991)
32 38 48 39 (1236)
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APPENDIX 5: The whole Set of association rules

Rule Support Confidence Correlation Cosine Interest

941 48 ===>> 39 191 0. 82684 0. 0261311 0. 0558252 1.4385
11 4] ====>> 39 166 0. 84264 0. 0256393 0.0525386 | 1.46599
36 32 ===>> 38 472 0. 955466 0. 15316 0. 170048 5.40111
36 32 39 ====>> 3§ 308 0.950617 0. 123146 0. 137016 5.37371
3632 48 ===>>38 254 0. 969466 0.113356 0. 125654 5. 48025
36 32 48 30 ====>> 3§ 191 0.97449 0. 0986637 0. 109244 5. 50865
36 ====>> 38 2790 0. 950273 0.376173 0.412306 5.37176
36 39 ==—=>> 38 1945 0. 954836 0.313532 0. 345078 5. 39755
36 48 =—==>> 38 1360 0. 960452 0.262351 0. 289401 5. 4293
36 48 39 ====>> 38 1080 0. 967742 0. 234668 0.258872 5. 47051
36 4| ====>> 38 671 0.958571 0. 183261 0. 20308 5. 41867
3641 38 >> 39 553 0.3824143 0.0441704 0. 0948346 1. 43381
3641 39 ===>>38 553 0.966783 0.167279 0. 185149 5. 46509
36 41 48 ====>> 38 377 0. 971649 0. 138475 0. 153256 5. 4926
36413848 >> 39 334 0. 885942 0.041245 0. 0764151 1. 54132
36 41 48 39 =—=>> 38 334 0. 973761 0. 13051 0. 144409 5. 50453
3641 48 ====>> 38 30 334 0. 860825 0. 153597 0.166711 7.33611
3641 ===>>139 572 0.817143 0. 0438555 0. 0960396 1. 42163
3641 48 ====>> 139 343 0. 884021 0. 0415866 0.0773538 1. 53798
36 170 ====>> 38 210 0. 981308 0. 103987 0.114949 5.5472
37 32 ====>> 38 185 0. 994624 0. 0985345 0. 10862 5. 62247
37 >> 38 1046 0. 973929 0.231955 0. 255578 5. 50549
37 39 =—==>> 38 684 0. 967468 0. 186279 0. 205987 5. 46896
3748 =——=>>338 557 0. 985841 0. 170256 0. 18764 5.57282
37 48 39 ====>> 38§ 433 0. 984091 0. 149815 0. 165293 5. 56293
37 41 >> 38 246 0. 995951 0.113772 0. 125337 5. 62997
3741 38 ===>>39 202 0.821138 0. 0263585 0.057212 1, 42858
3741 39 ====>>38 202 0. 995074 0. 103006 0. 113526 5. 62501
37 4| ===>>3839 202 0.817814 0. 115369 0. 126368 6. 96956
37 41 48 ====>> 38 172 1 0. 0953691 0. 105017 5. 65286
37 4] ====>>39 203 0.821862 0. 0264898 0.0573787 1. 42984
41 32 38 48 ====>> 39 448 0. 82963 0. 0404664 0. 0856415 1.44335
41 38 48 ====>> 39 1991 0. 838669 0. 688791 0. 181524 1. 45508
41 48 >> 39 7366 0. 816811 0. 165248 0.344572 1.42105

47 ===>> 3§ 432 0.972973 0. 148425 0. 164167 5. 50008
47 39 ====>> 38 313 0.978125 0. 126732 0. 140108 5. 5292
47 48 =—=>> 38 269 0.981752 0.11777 0.130128 5. 54971
47 48 39 ====>> 3§ 212 0. 981481 0. 104495 0. 115505 5.54818
49 32 ====>> 4§ 168 0. 819512 0.0330137 0.0571625 1, 71472
49 41 ====>> 48 177 0. 804545 0. 0327045 0. 0581354 1. 68341
49 39 =—==>> 48 617 0. 803385 0. 0610786 0. 108463 1. 68098
55 ====>> 38 657 0.933239 0.177832 0.198277 5.27547
55 39 ====>> 38 422 0. 933628 0. 142361 0. 158941 5.27767
55 48 ==—=>> 3§ 309 0. 950769 0.123361 0. 137249 5.37457
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55 48 39 ===>> 38 243 0.968127 0. 110796 0. 122818 5.47269
55 4| ====>> 38 171 0.977143 0.0935274 0. 103507 5. 52365
56 ====>> 3§ 514 0. 960748 0. 160508 0. 177942 5.43097
56 39 =—==>> 3§ 352 0.967033 0. 133326 0. 147736 5. 4665

56 48 ====>> 38 295 0. 554693 0. 120885 0. 13438 5.39674
56 48 39 ====>> 38 219 0. 969027 0. 105238 0. 11665 5.47777
60 41 ====>> 39 219 0. 829545 0. 0282405 0. 059875 1.4432

65 41 38 ====>> 39 191 0. 84141 0. 0274007 0. 0563149 1. 46385
6541 48 ====>> 309 547 0. 825038 0. 0440618 0. 0943699 1.43536
78 38 ====>> 39 181 0. 826484 0. 0254057 0.0543325 1. 43788
7841 >> 39 164 0. 81592 0.0233153 0. 0513865 1.4195

78 4] ====>> 4§ 167 0. 830846 0. 0337739 0. 0573848 1. 73844
79 41 48 ====>> 39 270 0. 813253 0. 0296555 0. 0658261 1. 41486
89 32 ====>> 48 573 0. 803647 0. 0588796 0. 104541 1. 68153
89 32 39 ===>> 4§ 451 0. 847744 0. 057686 0. 0952575 1. 77379
8% 38 48 =—=—=>> 39 467 0. 807958 0.038314 0. 0862891 1. 40565
89 41 38 ====>> 39 174 0. 828571 0. 0250832 0. 0533387 1.44151
89 41 3§ ==—==>> 48 173 0. 82381 0.0338352 0.0581587 I. 72371
8941 =—=>>139 619 0. 845628 0.0501272 0. 101634 1.47118
8% 41 =—=>> 48 606 0. 827869 0. 0641025 0. 109118 1. 73221
86 41 48 ====>> 39 522 0. 861386 0. 0482283 0.094197 1. 4986

89 41 39 ====>> 48§ 522 0. 843296 0. 0615063 0.102212 1. 76449
89 65 39 ==—>> 48 186 0. 826667 0.0353151 0. 0604088 1, 72969
105 >> 38 643 0. 978691 0. 182068 0. 200873 5. 5324

105 39 ===>> 38 449 0. 986813 0. 152874 0. 168552 5. 57832
105 48 >> 38 367 0. 986559 0.138121 0. 152366 5. 57688
105 48 39 ====>> 3§ 290 0.996564 0.123614 0.136127 5.63343
110 32 ==—>> 138 443 0. 986637 0. 151825 0. 167407 5. 57732
110 32 39 ==—==>> 38 284 0. 993007 0. 122012 0. 134471 5.61333
110 32 48 ====>> 38 264 0. 988764 0. 117264 0. 129372 5. 58934
1103248 39 >> 38 201 0. 995049 0.102748 0.113244 5.62488
110 36 =—==>> 38 182 0. 978495 0. 096591 0. 106858 5.53129
110 >> 38 2725 0.975304 0.378526 0.412807 5.51326
110 39 ===>> 38 1740 0. 989198 0.303733 0. 332208 5.5918

110 48 >> 38 1361 0. 986232 0.26746 0.293367 5. 57503
110 48 39 ====>> 38 1031 0.994214 0.233676 0. 256367 5.62015
110 4] ====>> 38 666 0. 983752 0. 186007 0. 204962 5.56101]
110 41 39 ====>> 38 511 0.992233 0. 163736 0. 180306 5. 60895
110 41 48 ====>> 3§ 419 0. 990544 0. 148052 0.163131 5.59941
110 41 38 48 ==—=>> 39 346 0. 825776 0. 0350822 0. 0750883 1. 43665
11041 48 39 =—==>> 3§ 346 0.997118 0.135119 0. 148732 5.63657
11041 48 =—==>> 38 39 346 0. 817967 0.151161 0. 165402 6. 97086
110 41 48 =—==>> 30 347 0. 820331 0. 0344853 0. 0749484 1.42717
147 38 4§ =———=>> 39 176 0. 818605 0. 024384 0.0533208 i.42417
147 41 48 =—==>> 39 234 0. 835714 0. 0297907 0.0621212 1.453%4
170 32 ===>> 38 532 0.985185 0. 166289 0.183319 5.56911
170 32 39 =—=>> 38 326 0.981928 0. 129708 0. 143266 5. 5507
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170 32 48 ====>> 38 305 0. 99026 0. 126207 0.139161 5.5978

170 32 48 39 ==—=>> 38 213 0. 990698 0. 105447 0.11632 5. 60028
170 ===>> 3§ 3031 0. 978057 0. 400743 0. 435982 5. 52882
170 39 >> 38 2019 0.980573 0. 325691 0. 356288 5.54304
170 48 ====>> 38 1538 0. 987797 0.284935 0.312108 5. 58388
170 48 39 ==—=>> 38 1193 0. 989221 0.250703 0. 275081 5.59193
170 41 ===>> 38 794 0. 986335 0.203629 0.224087 5.57562
170 4] 39 ====>> 3§ 615 0. 985577 0.178927 0. 197141 5.57133
170 41 48 ===>> 38 484 0. 98374 0. 158399 0. 174725 5. 56094
170 41 38 48 ====>> 39 413 0. 853306 0. 0418567 0. 0833932 i. 48454
170 41 48 39 ====>> 38 413 0. 98568 0. 146467 0. 161561 5.57191
170 41 48 =——=>> 38 39 413 0. 839431 0. 168084 0. 183064 7. 15378
170 41 4§ ==—=>> 39 419 0. 851626 0.0419486 0. 083914 1. 48162
170 89 =—==>> 38 169 0.988304 0.0937397 0. 103486 5. 58674
175 4] ====>> 39 239 0.8157 0.0281389 0. 0620251 1.41912
17541 48 >> 39 166 0. 882975 0.0288175 0.0537814 1.53617
179 41 ====>> 39 184 0. 821426 0. 0251787 0. 0546131 1. 42908
225 32 48 ===>> 39 298 0. 814208 0. 0312677 0. 0691957 1.41652
225 38 48 ====>> 39 337 0. 846734 0. 0370425 0. 0750398 1.47311
225 41 32 ====>> 39 178 0. 859903 0. 0279776 0. 0549589 1. 49602
225 4] 38 ====>> 39 198 0. 883929 0.0315593 0. 0587685 1. 53782
225 4] ===>> 39 726 0. 827822 0.051303 0. 108503 1. 44021
22541 48 =—=>> 39 469 0. 873371 0. 0472795 0. 089906 1. 51945
225 48 ===>> 39 1400 0. 806452 0. 0664115 0. 149264 1. 40303
237 38 48 =—==>> 39 352 0. 850242 0. 0382705 0. 07638503 1. 47921
2374138 >> 39 171 0. 834146 0. 0253265 0. 0530545 1.45121
237 4] 48 ==—==>> 39 312 0. 832 0. 0340037 0.0715718 1. 44747
249 4] ===>> 39 209 0. 810078 0. 0257835 0. 0578016 1.40934
255 32 39 =====>> 4§ 189 0. 821739 0.0352018 0. 0607123 1.71938
255 38 ===>> 39 216 0. 308989 0. 0261093 0. 0587221 1. 40744
255 38 48 ==——=>> 39 170 0. 858586 0.0272348 0. 0536685 1. 49373
255 4] ===>>139 274 0. 825301 0.0311539 0. 0668013 1. 43582
255 4] ====>> 48 271 0. 816265 0.041644 0. 0724567 1.70793
255 41 48 >> 39 230 0. 848709 0. 030766 0. 0620649 1.47654
255 41 39 ====>> 48 230 0. 839416 0. 0404072 0. 067691 1. 75637
258 41 >> 39 205 0. 807087 0. 025257 0.05714 1.40413
264 41 >> 39 167 0. 818627 0.0237528 0. 0519403 1.42421
270 38 48 ====>> 39 196 0.820084 0.0258685 0.0563197 1.42674
270 41 48 ====>> 39 258 0. 819048 0. 0295854 0. 0645755 1.42494
270 271 4] ==—=>> 30 179 0. 817352 0.0244839 0.0537321 1.42199
271 38 48 ==—==>> 39 188 0. 810345 0. 024474 0. 0548298 1. 4098

271 225 48 ==—>> 39 183 0.831818 0. 0260035 0. 0548079 1.44716
28] =—=>> 38 432 0. 953642 0. 146289 0. 162528 5.39081
281 39 ===>> 38 274 0.951389 0.116195 0. 129285 5.37807
281 48 ====>> 38 259 0.962825 0. 113943 0. 126449 5.44272
281 48 39 ====>> 38 184 0.953368 0.0953113 0. 106055 5.38926
286 32 ==—=>> 38 222 0. 969432 0. 10599 0. 11747 5. 48006




APPENDIX 5 138

286 ====>> 38 1116 0. 943364 0. 234253 0.259816 5. 33271
286 39 ===>> 338 728 0. 970667 0. 192684 0.21286 5.48704
286 48 ====>> 3§ 581 0. 98308 0. 173561 0.191371 5. 55721
286 48 39 ====>> 38 458 0. 987069 0. 154436 0. 170255 5.57976
286 41 =—==>> 38§ 259 0. 966418 0.11425 0. 126685 5.46303
286 41 39 ==—==>> 38 203 0.975962 0. 101834 0. 112709 5.51697
310 32 39 =====>> 48 307 0. 803665 0. 0430186 0.0765218 1. 68156
310 38 48 ====>> 39 251 0. 842282 0.0315102 0. 0645905 1. 46536
310 41 >> 39 625 0. 869263 0. 0540114 0.103543 1.5123

310 41 48 ====>> 39 486 0. 888483 0.0501357 0. 0523094 1. 54574
310 §9 ====>> 309 194 0. 850877 0. 0284363 0. 0570739 1. 48032
310 89 ====>> 48 190 0.833333 0.03623 0. 0613006 1. 74364
310 89 48 ====>> 30 167 0. 878947 0.0285918 0.0538199 1. 52915
310 89 39 ====>> 4§ 167 0. 860825 0. 0359977 0.0584109 | 1.80116
370 ====>> 38 362 0. 965333 0. 135043 0. 149688 5. 45689
370 39 ====>> 3§ 241 0.971774 0.110638 0. 122542 5.4933

370 48 ===>> 38 191 0. 97449 0. 0986637 0. 109244 5. 50865
371 ====>> 38 767 0.980818 0. 159304 0.219627 5. 54443
371 39 ===>> 38 526 0.988722 0. 165767 0. 182609 5. 58911
371 48 ====>> 3§ 365 0. 98816 0. 138002 0. 15215 5.59158
371 38 4§ ==—=>> 39 294 0. 805479 0. 0300864 0. 0683603 1.40134
371 48 39 =—=>> 38 294 0.99661 0. 12447 0. 137066 5.6337

371 4] ===>> 38 171 0. 994186 0. 09465954 0. 104406 5.61999
390 ====>> 38 354 0. 941489 0. 131134 0. 146185 5.32211
390 39 ===>> 38 241 0.934109 0. 107505 0. 120144 5. 28038
390 48 ===>> 38 197 0. 938095 0.0974743 0. 108855 5.30292
438 4] ===>> 139 365 0. 852804 0. 0392773 0. 0783744 1. 48367
438 41 48 >> 39 265 0. 89527 0. 0376249 0. 0684232 1. 55755
475 38 48 >> 39 243 0. 837931 0. 0305773 0. 0633885 1. 45779
475 4] ====>> 39 476 0. 835088 0. 042473 0. 0885671 1. 45285
4754148 >> 39 372 0. 869159 0. 041588 0. 0798774 1.51212
504 ====>> 3§ 245 0. 822148 0. 0984773 0. 113645 4. 64749
504 39 >> 38 170 0.867347 0. 0854099 0. 0972331 {4.50299
533 41 ===>> 39 275 0. 818452 0. 0304848 0. 0666448 1.42391
533 41 48 >> 39 215 0. 866935 0.0313859 0. 0606479 | 1. 50825
570 41 ====>> 39 173 0. 848039 0. 0266179 0. 0538064 1. 47538
59241 48 >> 390 170 0. 825243 0.0245168 0. 0526161 1. 43572
597 >> 39 209 0. 832669 0. 0278721 0. 058602 1. 44864
604 4| ====>> 39 236 0. 825175 0. 028893 0.0619915 1.4356

604 41 48 >> 39 171 0. 859257 0.027372 0.0538484 1. 49496
734 ====2> 48 329 0. 898907 0. 054415 0. 0837787 1. 88085
734 39 ===>> 48 229 0. 898039 0. 0452978 0. 0698625 1. 87503
790 ==>> 3§ 508 0.971319 0. 160827 0. 177871 5. 49073
790 39 ====>> 38 356 0.978022 0. 135181 0. 149414 5.52862
790 48 =——=>> 38 307 0. 974603 0.125182 0. 138509 5. 50929
790 48 39 ====3> 38 235 0. 983264 0. 110176 0.12172 5.55825
790 41 ===>> 38 202 0. 990196 0. 102644 0.113248 5. 59744




APPENDIX 5 139

840 >> 38 379 0. 969309 0. 138602 0. 153477 5. 47937
840 39 ===>> 38 245 0. 976096 0. 111912 0. 123829 5.51773
840 48 ====>> 38 202 0. 980583 0. 101928 0. 112697 5. 5431

978 48 ===>> 39 164 0. 807882 0. 0226502 0. 0511327 1. 40551
979 48 ====>> 39 222 0. 834586 0. 0289086 0. 0604666 | 1.45197
1046 >> 32 339 0. 928767 0. 129281 0. 14408 5.39869
1046 48 ===>> 32 171 0.9 0. 0896396 0. 100732 5.23148
1135 >> 48 541 0.811094 0. 0582355 0. 10205 1, 69711
1135 39 ===>> 48 386 0. 842795 0. 0527852 0. 0878685 1. 76344
1146 41 48 ==——=>> 39 260 0. 830671 0. 0308943 0. 0652836 1.44516
118§ =—=>> 38 256 0. 927536 0. 110238 0.12339 5.24323
1327 38 48 ====>> 39 170 0. 858586 0.0272348 0. 0536685 1.49373
1327 4] ===>> 39 380 0. 827887 0.0370359 0.0787917 1. 44032
1327 4] 48 ====>> 39 260 0. 846906 0.0325369 0. 0659185 1. 47341
1344 4] ===>> 39 213 0. 825581 0.0274824 0. 0589078 | 1.43631
1393 4] ===>> 39 180 0. 837209 0. 0262447 0.0545326 | 1.45654
1529 ====3> 38 295 0.916149 0. 117295 0. 13164 5. 17886
1529 39 =—==>> 38 202 0.90583 0. 0961954 0. 108316 5. 12053
1590 ==—=>> 38 281 0. 959044 0. 118361 0. 131452 5.42134
1590 39 ===>> 38 193 0. 969849 0. 0988392 0. 109553 5. 48242
1831 >> 38 252 0.969231 0.112928 0.125143 5. 47893
1956 >> 48 243 0. 804636 0. 0383462 0. 068121 1. 6836

2238 38 48 =—=—=>> 39 203 0. 821862 0. 0264898 0.0573787 1.42984
2238 41 ====>> 39 472 0. 82807 0. 0413279 0. 0878229 | 1. 44064
2238 41 48 ==—=>> 39 322 0. 867925 0. 0385449 0. 0742629 | 1.50997
2238 48 ===>> 30 788 0. 825131 0. 0529901 0. 113273 1.43552
2238 225 48 ====>> 39 196 0. 894977 0.0323195 0.0588352 1.55704
2805 ==—=>> 38 212 0. 954955 0. 102447 0.113934 5.39823
2058 32 ====3>> 4§ 173 0.915344 0. 0405887 0.0613047 1.91524
2958 41 ===>> 4§ 201 0. 926267 0. 0445847 0. 0664729 1. 93809
2958 ==——>> 48 779 0. 861726 0. 0782057 0.126221 1. 80305
2958 39 ===>> 48 570 0. 870229 0. 0679475 0. 108501 1. 82084
3005 ====>> 3§ 195 0.951219 0. 0979646 0. 109056 5.37711
3904 ==—=>> 38 333 0. 97654 0. 130581 0. 144398 5.52024
3904 38 >> 39 268 0. 804805 0. 0286481 0. 0652403 1.40016
3904 39 >> 38 268 0. 974545 0.116929 0. 129408 5. 50897
3904 48 ====>> 3§ 193 0. 965 0.0984818 0. 109279 5. 45501
3904 38 48 ====>> 39 173 0. 896373 0.0304681 0.0553185 1. 55947
3904 48 39 ====01> 3§ 173 0. 96643 0.0933321 0. 103541 5.46338
3904 48 ====>> 38 39 173 0. 865 0. 110777 0. 120272 7.37169
3904 ==>> 39 275 0. 806452 0.029199 0.0661544 | 1.40303
3904 48 =—==>> 39 179 0. 895 0. 0308845 0. 0562265 1. 55708
8691 39 ====>> 48 213 0. 822394 0.0374325 0. 0644775 1. 72075
8978 4] ===>> 390 243 0. 837931 0. 0305773 0. 0633885 1.45779
8978 41 48 ===—>> 39 172 0. 877551 0.0289074 0. 0545762 1. 52672
8978 48 ===>> 39 276 0. 802326 0. 0288053 0. 0661048 1. 39585
12935 39 ==—>> 48 214 0. 801498 0. 0357024 0. 0638023 1. 67703
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12951 48 ====>> 39 183 0. 835616 0. 0263275 0. 0549329 1.45377
13041 41 48 =—=>> 39 219 0. 829545 0. 0282405 0. 059875 1. 4432

15832 41 48 >> 39 220 0. 846154 0.0298522 0. 0606093 1.4721

16010 41 48 ====>> 39 261 0. 828571 0. 0307389 0. 0653263 1. 44151
16011 ====>> 16010 651 0. 973094 0. 690949 0. 693809 65. 1899
16011 39 ====>> 16010 419 0. 981265 0. 555949 0.558949 65.7373
16011 41 >> 16010 236 0.967213 0.413716 0.416475 64. 7959
16011 16010 4] ==—==>> 39 190 0. 805085 0.0241334 0. 0549415 1. 40065
16011 41 39 ===>> 16010 190 0. 979381 0. 373507 0.376032 65.6111
16011 48 ====>> 16010 362 0. 967914 0.512961 0. 515994 64. 8429
16011 48 39 =—=>> 16010 | 269 0.978182 0. 444349 0. 447155 65. 5307
16217 41 48§ =—=>>39 234 0. 815331 0.0278057 0.061359 1.41847
16431 ====>> 16430 348 0.991453 0. 899533 0. 899955 205. 184
16430 =——==>> 16431 348 0. 816901 0. 899533 0. 899955 205. 184
16431 39 ==>> 16430 186 0.984127 0. 654572 0. 655507 203. 668
16430 39 =—==>> 16431 186 0. 841629 0. 66683 0. 667826 211.395
16431 48 ===>> 16430 174 0. 994286 0. 636346 0.637273 205. 77




