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iiiABSTRACTUPDATING LARGE ITEMSETSWITH EARLY PRUNINGNecip Faz�l AyanM.S. in Computer Engineering and Information ScienceSupervisor: Prof. Dr. Erol ArkunJuly, 1999With the computerization of many business and government transactions, hugeamounts of data have been stored in computers. The existing database systemsdo not provide the users with the necessary tools and functionalities to cap-ture all stored information easily. Therefore, automatic knowledge discoverytechniques have been developed to capture and use the voluminous informa-tion hidden in large databases. Discovery of association rules is an importantclass of data mining, which is the process of extracting interesting and frequentpatterns from the data. Association rules aim to capture the co-occurrences ofitems, and have wide applicability in many areas. Discovering association rulesis based on the computation of large itemsets (set of items that occur frequentlyin the database) e�ciently, and is a computationally expensive operation inlarge databases. Thus, maintenance of them in large dynamic databases is animportant issue. In this thesis, we propose an e�cient algorithm, to updatelarge itemsets by considering the set of previously discovered itemsets. Themain idea is to prune an itemset as soon as it is understood to be small in theupdated database, and to keep the set of candidate large itemsets as small aspossible. The proposed algorithm outperforms the existing update algorithmsin terms of the number of scans over the databases, and the number of can-didate large itemsets generated and counted. Moreover, it can be applied toother data mining tasks that are based on large itemset framework easily.Key words: Data mining, association rules, large itemsets, update of largeitemsets, early pruning.



iv�OZETERKEN EL_IM_INASYON _ILEYO�GUN NESNE K�UMELER_IN_IN G�UNCELLENMES_INecip Faz�l AyanBilgisayar ve Enformatik M�uhendisli�gi, Y�uksek LisansTez Y�oneticisi: Prof. Dr. Erol ArkunTemmuz, 1999Bili�sim uygulamalar�n�n yayg�nla�smas� ile, bilgisayarlarda b�uy�uk miktarlardaveri depolanmas�na ba�slanm��st�r. G�un�um�uz veri taban� sistemleri, kullan�c�yadepolanan b�ut�un bilgilere kolayca ula�sabilece�gi ara�clar� ve fonksiyonlar� sun-mamaktad�r. B�uy�uk veri tabanlar�nda sakl� olan bu bilgilere ula�smak ve bubilgileri kullanmak �uzere, otomatik bilgi ke�sfetmeye yarayan teknikler geli�stiril-mektedir. Bu tekniklerden biri olan ba�g�nt� kurallar� bulma, depolanan veriler-den, ilgin�c ve s�kl�kla rastlanan �semalar� tan�ma i�slevinin, yani veri ara�st�rmas�-n�n �cok �onemli bir dal�d�r. Ba�g�nt� kurallar�, nesnelerin bir arada olma du-rumlar�n� belirlemeyi ama�clar ve bir �cok alanda geni�s kullan�labilirli�ge sahip-tir. Ba�g�nt� kurallar� bulma, yo�gun nesne k�umelerinin (verilerde s�k�ca birarada g�or�ulen nesnelerin) hesaplanmas� esas�na dayan�r ve b�uy�uk veri taban-lar�nda hesaplanmas� olduk�ca pahal� bir i�slemdir. Bu y�uzden, daha �once belir-lenmi�s ba�g�nt� kurallar�n�n korunmas� olduk�ca �onemli bir konudur. Bu tezde,daha �onceden bulunmu�s olan nesne k�umelerini g�oz �on�une alarak, yo�gun nesnek�umelerini g�uncellemekte kullan�lan h�zl� bir algoritma sunulmaktad�r. Algo-ritman�n temel �kri, herhangi bir nesne k�umesini g�uncellenen veri taban�ndayo�gun olmad��g� anla�s�l�r anla�s�lmaz elemek ve b�oylece yo�gun olmas� muhtemelnesne k�umelerinin say�s�n� olabildi�gince k�u�c�uk tutmakt�r. Sunulan algoritma,veri taban� �uzerindeki tarama say�s� ile �uretilen ve say�lan nesne k�umelerininsay�s� bak�m�ndan daha �once �onerilen b�ut�un g�uncelleme algoritmalar�ndan dahaiyidir. Ayr�ca, sunulan algoritma yo�gun nesne k�umelerinin hesaplanmas� esas�-na dayanan di�ger veri ara�st�rmas� i�slerine de kolayca uyarlanabilir.Anahtar kelimeler: Veri ara�st�rmas�, ba�g�nt� kurallar�, yo�gun nesne k�umeleri,yo�gun nesne k�umelerinin g�uncellenmesi, erken eliminasyon.
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Chapter 1IntroductionWith the storage of huge amounts of data in every �eld of life, it has become adi�cult and time consuming task to examine and properly interpret the storedinformation. The human beings have become incapable of managing all theinformation stored in various forms of databases. The automatic knowledgediscovery tools have emerged in order to overcome this di�culty, and havetaken great attention of the researchers in the database literature. Knowledgediscovery process includes all pre-processing steps on the data stored, discov-ering interesting patterns on the data, and the post-processing of the resultsfound on the data. Pre-processing of the data includes the cleaning of dataand preparing data to the discovery of frequent interesting patterns. Datamining refers to the discovery of interesting and frequent patterns from thedata in the knowledge discovery process. These interesting patterns may bein the form of associations, deviations, regularities, etc. Post-processing stepis the pruning of the discovered patterns and the presentation of them in anunderstandable and easy-to-handle manner to end-users.Association rules are just one of the patterns that can be extracted fromdata by means of data mining techniques. Speci�cally, an association rule,X ) Y , is a statement of the form \for a speci�ed fraction of the total trans-actions, a particular value of the attribute set X determines the value of anattributes set Y with a certain con�dence". In this sense, association rulesaim to explain the presence of some attributes according to the presence or1



CHAPTER 1. INTRODUCTION 2absence of some other attributes. The problem was studied �rst by Agrawal etal. [AIS93] in 1993 on a supermarket basket data, and has been widely exploredto date. On a supermarket basket data, an example association rule is \In 10%of the transactions, 85% of the people buying milk also buy yoghurt in thattransaction". Here, the support of the rule is 10%, and the con�dence of therule is 85%.Because of the applicability and usefulness of association rules in many�elds such as supermarket transactions analysis, telecommunications, univer-sity course enrollment analysis, word occurrence in text documents, user's visitto WWW pages, etc., many researchers have proposed e�cient algorithms todiscover association rules. The problem of discovering co-occurrences of itemsin a small data is a very simple task. However, the large volume of data makesthis problem di�cult and e�cient algorithms are needed.In [AIS93], the problem of discovering association rules is decomposed intotwo parts: Discovering all frequent patterns (represented by large itemsets) inthe database, and generating the association rules from those frequent itemsets.The second subproblem is a straightforward problem, and can be managed inpolynomial time. On the other hand, the �rst task is di�cult especially forlarge databases. The Apriori [AS94] is the �rst e�cient algorithm on thisissue, and many of the forthcoming algorithms are based on this algorithm.We leave the analysis of the major algorithms for extracting association rulesto Chapter 2.1.1 MotivationSince the discovery of large itemsets in a large database is a computationallyexpensive process, their maintenance is also an important issue in dynamicdatabases. When the existing database is updated by adding new transactionsor deleting existing ones, the computation of large itemsets in the updateddatabase again is very costly, because it repeats much of the work done inthe previous computations. There are two possibilities when the database isupdated: (1) Some of the old large itemsets are no longer large in the updated



CHAPTER 1. INTRODUCTION 3database, and (2) some new itemsets that were not large previously may be-come large in the updated database. The straightforward solution is to re-runan association algorithm on the updated database. However, as we noted previ-ously, this discards all the rules discovered previously, and repeats all the workdone. The maintenance of large itemsets has been an important issue, and afew algorithms were proposed to e�ciently update large itemsets by taking theset of previously discovered rules into account. Instead of �nding all large item-sets again, they generally use some heuristics to remove some of the old largeitemsets, and to add new ones without doing much work. Especially, when thesize of the added transactions is large, these algorithms perform much betterthan re-running an association rule algorithm over the updated database.The e�ciency of an update algorithm strongly depends on the size of the setof candidate itemsets (possibly large itemsets). The smaller the set of candidateitemsets is, the more e�cient the update algorithm would be. In this thesis,we propose an e�cient algorithm called Update With Early Pruning (UWEP)which updates large itemsets when new transactions are added to the existingdatabase. It works iteratively on the new set of transactions, like most of theupdate algorithms. The major advantages of UWEP are:1. It scans the old database of transactions at most once and new databaseexactly once.2. It generates and counts the minimum number of candidates in order todetermine the set of new large itemsets.The �rst advantage is achieved by converting the databases into inverted�les, and counting itemsets over these inverted structures instead of scanningdatabases. UWEP takes its power from reducing the set of candidate itemsetsto a minimum. This is achieved by pruning an itemset that will become smallfrom the set of generated candidate set as early as possible by means of a look-ahead pruning. In other words, it does not wait for the kth iteration for pruninga small k-itemset as the other algorithms do, but removes it from considerationas soon as it is determined to be small. Moreover, UWEP promotes an itemsetto the set of candidate itemsets if and only if it is large both in the newtransactions and in the updated database. This feature yields a much smaller



CHAPTER 1. INTRODUCTION 4candidate set when some of the old large itemsets are eliminated due to theirabsence in the new set of transactions. UWEP is proposed as the best updatealgorithm in terms of the number of scans over the database, and the numberof candidates generated and counted.1.2 Overview of the ThesisThis thesis is organized as follows. Chapter 2 gives a broad survey on datamining, and association rules. The analysis of the algorithms to discover theassociation rules and the challenges faced are explained in this chapter in de-tail. Chapter 3 presents the algorithm UWEP , which is an e�cient algorithmto update large itemsets. The completeness and optimality of UWEP , andthe experimental and theoretical comparison with the existing algorithms arediscussed in this chapter. In Chapter 4, the case of deleted transactions isexamined in detail, and the challenges in update of large itemsets for the caseof deletion are discussed. Finally, the thesis concludes with some future workin Chapter 5.



Chapter 2A Survey in Association Rules2.1 Knowledge Discovery and Data MiningWith the recent developments in computer storage technology, many organi-zations have collected and stored massive amounts of data. Even though veryuseful information is buried within this data, this information is not readilyavailable for the users. Obviously, there is a need for developing techniquesand tools that assist users to analyze and automatically extract hidden knowl-edge. Knowledge discovery in databases (KDD) includes techniques and toolsto address this need.Fayyad et al. [FPSS96a] de�nes knowledge discovery in databases as follows:\KDD is the non-trivial process of identifying valid, novel, poten-tially useful, and ultimately understandable patterns in the data."KDD, in fact, aims at discovering unexpected, useful and simple patterns,and it is an inter-disciplinary research area. It is of interest to researchers inmachine learning, pattern recognition, databases, statistics, arti�cial intelli-gence, expert systems, graph theory, and data visualization. KDD systemsgenerally use methods, algorithms, and techniques from all of these �elds.KDD process is an interactive and iterative multi-step process which uses5



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 6data mining techniques to extract interesting knowledge according to somespeci�c measures and thresholds. Fayyad et al. [FPSS96a, FPSS96b] and Man-nila [Man96, Man97] describe the steps of knowledge discovery as follows:1. Understanding the domain, the prior knowledge and the goals of end-user,2. creating a target data set,3. pre-processing the data set (selection of data resources, cleaning the datafrom errors and noise, handling unknown values, reduction and projectionof data, etc.),4. choosing the data mining task and algorithm,5. searching for interesting and frequent patterns (data mining),6. post-processing the discovered patterns (further selection, elimination orordering of patterns, visualization of the results), and7. putting the results into use.Note that data mining is a step of KDD and aims at discovering frequentand interesting patterns in data. These patterns can be of the form of regular-ities, exceptions, co-occurrences, etc. Data mining is an application dependentissue and di�erent applications may require di�erent data mining techniques.Fayyad et al. [FPSS96a, Fay98] classify the primary data mining techniquesinto 5 categories as predictive modeling, clustering, summarization, dependencymodeling, and deviation detection. Classi�cation and regression are examples ofpredictive modeling, association rules are examples of summarizing, functionaldependencies are examples of dependency modeling, and sequential patternsare examples of deviation detection.Chen et al. [CHY96] classify data mining methods according to three crite-ria:1. What kind of databases to work on (relational, attribute{oriented, etc.)



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 72. What kind of knowledge to be mined (association rules, classi�cation rules,characteristics rules, discriminating rules, sequential patterns, deviations,similarity, clustering, regression, etc.)3. What kind of techniques to be utilized (data{driven miner, query{drivenminer, interactive miner, etc.)The easiest application areas for KDD seem to be the ones where humanexperts can be found in that area but the data is continuously changing. An-other appropriate application area involves the �elds that are di�cult for thehuman beings to handle. In general, data mining techniques are useful in deci-sion making, information management, query processing, and process control.The major areas in which data mining methods have been applied are databasemarketing, �nancial applications, weather forecasting, astronomy, molecular bi-ology, health care data, and scienti�c data. For a good overview of applicationareas, refer to [FPSS96a].The data mining task is a di�cult problem. As pinpointed in [Fay98], themost important challenge in data mining is that the data mining problems areill{posed problems. Many solutions exist for a given problem, but there is noabsolute answer for the quality of the results. This is fundamentally di�erentfrom the di�culties faced in well-de�ned problems like sorting data or matchinga query to records. In most of the data mining applications, the size of thedatabase is very large and moreover a large volume of data should be collectedin order to reach stable and valid results. Generally, the results of the datamining activity is very large and post-processing of the results is inevitable forunderstanding them. Data mining is a discovery-driven process, i.e., end-usersgenerally do not know what to discover in advance. The major challenges facedin knowledge discovery in databases are summarized in [FPSS96a] as follows:� Large databases,� high dimensionality of databases,� over �tting,� di�erent types of data,



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 8� changing data and knowledge,� missing and noisy data,� complex relationships between attributes,� usefulness, certainty and expressiveness of results,� understandability of results,� interactive mining at multiple abstraction levels,� user interaction and usage of prior knowledge,� integration with other systems,� mining from multiple sources of data, and� protection of privacy and security.2.2 Association RulesAssociation rules are one of the promising aspects of data mining as a knowl-edge discovery tool, and have been widely explored to date. They allow tocapture all possible rules that explain the presence of some attributes accord-ing to the presence of other attributes. An association rule, X ) Y , is astatement of the form \for a speci�ed fraction of transactions, a particularvalue of an attribute set X determines the value of attribute set Y as anotherparticular value under a certain con�dence". Thus, association rules aim atdiscovering the patterns of co-occurrences of attributes in a database. For in-stance, an association rule in a supermarket basket data may be \In 10% oftransactions, 85% of the people buying milk also buy yoghurt in that trans-action." The association rules may be useful in many applications such assupermarket transactions analysis, store layout and promotions on the items,telecommunications alarm correlation, university course enrollment analysis,customer behavior analysis in retailing, catalog design, word occurrence intext documents, user's visits to WWW pages, and stock transactions.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 9The problem of discovering association rules was �rst explored in [AIS93]on supermarket basket data, that is the set of transactions that include itemspurchased by the customers. In this pioneering work, the data was consideredto be binary, i. e. an item exists in a transaction or not, and the quantity ofthe item in the transaction is irrelevant.In [AIS93], mining of association rules was decomposed into two subprob-lems: discovering all frequent patterns (represented by large itemsets de�nedbelow), and generating the association rules from those frequent itemsets. Thesecond subproblem is straightforward, and can be done e�ciently in a reason-able time. However, the �rst subproblem is very tedious and computationallyexpensive for very large databases and this is the case for many real life appli-cations. In large retailing data, the number of transactions are generally in theorder of millions, and number of items (attributes) are generally in the orderof thousands. When the data contains N items, then the number of possiblylarge itemsets is 2N . However, the large itemsets existing in the database aremuch smaller than 2N . Thus, brute force search techniques, which require ex-ponential time, waste too much e�ort to obtain the set of large itemsets. Toreduce the number of possibly large itemsets, many e�cient algorithms havebeen proposed. These algorithms generally use clever data structures (such ashash tables, hash trees, lattices, multi-hypergraphs, etc.) in order to reducethe size of possibly large itemsets and speedup the search process.Most of the association rule algorithms make multiple passes over the data.A counter is associated with each itemset that is used to keep its number ofoccurrences in the database. In the �rst pass over the database, the set of largeitemsets of length 1 (one item actually) are determined by counting each item inthe database. Each subsequent pass aims to �nd the large itemsets of a certainlength in increasing order, i.e., second pass �nds the large itemsets of lengthtwo, and so on. Each pass starts with a seed set consisting of the large itemsetsfound in the previous pass, and tries to generate a set of possibly large itemsetsfor that pass (candidate itemsets), and minimize the cardinality of that set.Then, by scanning the database, the actual support for each candidate itemsetis computed and those that are large are quali�ed to the set of the seed setof next pass. This process goes on until no new large itemsets are found in a



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 10pass.Generally, the e�ciency of an association rule algorithm depends on the sizeof the candidate set (while generating and counting), and the number of scansover the database. As suggested in [AY98a, CHY96], most of the associationrule algorithms concentrate on the following aspects to extract large itemsetse�ciently:1. Reducing I/O time by reducing the number of scans over the database,2. minimizing the set of candidate itemsets,3. counting the supports of candidate itemsets over the database in less time,and4. parallelizing the itemset generation.In this sense, association rule algorithms generally di�er on1. the generation of the candidates,2. counting of the support of a candidate itemset,3. number of scans over the database, and4. the data structures employed.Readers are referred to [ZO98] for a theoretical discussion of the associationrule discovery process.2.3 Formal Problem Description2.3.1 De�nitionsAgrawal et al. de�ne the problem of discovering association rules in databasesin [AIS93, AS94].



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 11Let I = fI1; : : : ; Img be a set of literals, called items. Let D be a set oftransactions, where each transaction T is a set of items such that T � I, andeach transaction is associated with a unique identi�er called TID.De�nition 2.1 An itemset X is a set of items in I. An itemset X is calleda k-itemset if it contains k items from I.De�nition 2.2 A transaction T satis�es an itemset X if X � T . The sup-port of an itemset X in D, supportD(X), is the number of transactions in Dthat satisfy X.De�nition 2.3 An itemset X is called a large itemset if the support of Xin D exceeds a minimum support threshold explicitly declared by the user, anda small itemset otherwise.De�nition 2.4 The negative border of a set S � P (R), closed with respectto the set inclusion relation, is the set of minimal itemsets X � R not in S.The negative border of the set of large itemsets is the set of itemsets that aregenerated as a candidate but fail to qualify into the set of large itemsets.De�nition 2.5 An association rule is an implication of the form X ) Y ,where X � I, Y � I, and X \ Y = ;. X is called the antecedent of the rule,and Y is called the consequent of the rule. The rule X ) Y holds in D withcon�dence c where c = supportD(X[Y )supportD(X) . The rule X ) Y has support s in Dif the fraction s of the transactions in D contain X [ Y .Example 2.1 Consider the example transaction database ETDB in Table 2.1.There are 5 transactions in the database with TIDs 100, 200, 300, 400, and500. The set of items I = fA;B;C;D;Eg. There are totally (25�1) = 32 non-empty itemsets (each non-empty subset of I is an itemset). A is a 1-itemset andAB is a 2-itemset, and so on. supportETDB(A) = 4 since 4 transactions includeA in it. Let's assume that the minimum support (minsup) is taken as 40%.Then, fA;B;C;D;AB;AC;AD;BD;ABDg are the set of large itemsets since



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 12TID Items100 A,B,C200 B,D300 A,C,D400 A,B,D500 A,B,D,ETable 2.1: An Example Transaction Databasetheir support is greater than or equal to 2 (40%�5), and the remaining ones aresmall itemsets. Let's assume that the minimum con�dence (minconf) is set to60%. Then, A) D is an association rule with respect to the speci�ed minsupand minconf (its support is 3, and its con�dence is supportETDB(AD)supportETDB(A) � 100 =34 � 100 = 75%). On the other hand A ) C is not a valid association rulesince its con�dence is 50%.2.3.2 ProblemGiven a set of transactions D, the problem of mining association rules is togenerate all association rules that have support and con�dence greater thanthe user-speci�ed minsup and minconf, respectively. Formally, the problem isgenerating all association rules X ) Y , where supportD(X [ Y ) � minsup�jDj and supportD(X[Y )supportD(X) � minconf .The problem of �nding association rules can be decomposed into two parts[AIS93, AS94]:Step 1: Generate all combinations of items with fractional transaction sup-port (i.e., supportD(X)jDj ) above a certain threshold, called minsup.Step 2: Use the large itemsets to generate association rules. For every largeitemset l, �nd all non-empty subsets of l. For every such subset a, output arule of the form a ) (l � a) if the ratio of supportD(l) to supportD(a) is atleast minconf. If an itemset is found to be large in the �rst step, the supportof that itemset should be maintained in order to compute the con�dence of therule in the second step.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 13generate rules(L);1 for all large k-itemsets lk, k � 2, in L do2 begin3 H1 = f consequents of rules from lk with one item4 in the consequentg5 ap genrules(lk;H1)6 end7 ap genrules(lk;Hm);8 if k > m+ 1 then9 begin10 Hm+1 = apriori gen(Hm)11 for all hm+1 2 Hm+1 do12 begin13 conf = supportD(lk)=supportD(lk � hm+1)14 if conf � minconf then15 add (lk � hm+1)) hm+1 to the rule set16 else17 delete hm+1 from Hm+118 end19 ap genrules(lk;Hm+1)20 end Figure 2.1: Rule Generation AlgorithmThe second subproblem is straightforward, and an e�cient algorithm for ex-tracting association rules from the set of large itemsets is presented in [AMS+96].The algorithm uses some heuristics as follows:1. If a ) (l � a) does not satisfy the minimum con�dence condition, thenfor all non-empty subsets b of a, the rule b ) (l � b) does not satisfythe minimum con�dence, either. Because, the support of a is less than orequal to the support of any subset b of a.2. If (l� a)) a satis�es the minimum con�dence, then all rules of the formof (l � b)) b must have con�dence above the minimum con�dence.The rule generation algorithm is given in Figure 2.1. Firstly, for each largeitemset l, all rules with one item in the consequent are generated. Then, the



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 14apriori gen(Lk�1);1 Ck = ;2 for all itemsets X 2 Lk�1 and Y 2 Lk�1 do3 if X1 = Y1 ^ � � � ^Xk�2 = Yk�2 ^Xk�1 < Yk�1 then begin4 C = X1X2 : : :Xk�1Yk�15 add C to Ck6 end7 delete candidate itemsets in Ck whose any subset is not in Lk�1Figure 2.2: Candidate Generation Algorithmconsequents of these rules are used to generate all possible rules with two itemsin the consequent, etc. The apriori gen function in Figure 2.2 is used for thispurpose.On the other hand, discovering large itemsets is a non-trivial issue. Thee�ciency of an algorithm strongly depends on the size of the candidate set.The smaller the number of candidate itemsets is, the faster the algorithm willbe. As the minimum support threshold decreases, the execution times of thesealgorithms increase because the algorithm needs to examine a larger numberof candidates and larger number of itemsets.2.4 Apriori and Partition AlgorithmsIn this section, we would like to present two association rule algorithms, namelyApriori [AS94, AMS+96] and Partition [SON95]. The Apriori algorithm isa state of the art algorithm and most of the association rule algorithms aresomehow variations of this algorithm. Thus, it is necessary to mention Aprioriin detail for an introduction to association rule algorithms.The Apriori algorithm works iteratively. It �rst �nds the set of large 1-itemsets, and then set of 2-itemsets, and so on. The number of scans over thetransaction database is as many as the length of the maximal itemset. Aprioriis based on the following fact:



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 15Apriori()1 L1 = f large 1-itemsetsg2 k = 23 while Lk�1 6= ; do4 begin5 Ck = apriori gen(Lk�1) %See �gure 2.26 for all transactions t in D do7 begin8 C t = subset(Ck; t)9 for all candidates c 2 C t do10 c:count = c:count+ 111 end12 Lk = fc 2 Ckjc:count � minsupg13 k = k + 114 end Figure 2.3: Apriori Algorithm\All subsets of a large itemset are also large."This simple but powerful observation leads to the generation of a smaller can-didate set using the set of large itemsets found in the previous iteration.TheApriori algorithm presented in [AMS+96] is given in Figure 2.3. Apriori�rst scans the transaction database D in order to count the support of eachitem i in I, and determines the set of large 1-itemsets. Then, one iteration isperformed for each of the computation of the set of 2-itemsets, 3-itemsets, andso on. The kth iteration consists of two steps:1. Generate the candidate set Ck from the set of large (k�1)-itemsets, Lk�1.2. Scan the database in order to compute the support of each candidateitemset in CkThe candidate generation procedure computes the set of potentially largek-itemsets from the set of large (k � 1)-itemsets. A new candidate k-itemsetis generated from two large (k � 1)-itemsets if their �rst (k � 2) items are thesame (The new itemset contains the items in those two large itemsets in order).



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 16In fact, the candidate set Ck is a superset of large k-itemsets. The candidateset is guaranteed to include all possible large k-itemsets because of the factthat all subsets of a large itemset are also large. Since all large itemsets inLk�1 are checked for contribution to a candidate itemset, the candidate set Ckis certainly a superset of large k-itemsets. The pruning step in apriori genfunction is necessary to reduce the size of the candidate set. For example, ifLk�1 includes AB;AC, then a candidate ABC is generated in the join step ofapriori gen. However, it can not be a large itemset if Lk�1 does not includeBC, so it can be pruned from the candidate set. For e�ciently �nding whethera subset of a large itemset is small or not, a hash table is used for storing thelarge itemsets.After the candidates are generated, their counts must be computed in orderto determine which of them are large. The counting step of an associationrule algorithm is very crucial in the e�ciency of the algorithm, because theset of candidate itemsets may be possibly huge. Apriori handles this prob-lem by employing a hash tree for storing the candidates. The subset functionin apriori gen is used to �nd the candidate itemsets contained in a transac-tion using this hash tree structure. For each transaction t in the transactiondatabase D, the candidates contained in t are found using the hash tree, andthen their counts are incremented. After examining all transactions in D, theset of candidate itemsets are checked to eliminate the small itemsets, and theones that are large are inserted into Lk.Example 2.2 Consider again the transaction database given in Table 2.1.Suppose that the minimum support is set to 40%, i.e., 2 transactions. Inthe �rst pass, L1 = fA;B;C;Dg. The apriori gen function computes C2 =fAB;AC;AD;BC;BD;CDg. The database is scanned to �nd which of themare large, and it is found that L2 = fAB;AC;AD;BDg. This set is usedto compute C3. In the join step ABC, ABD, and ACD are inserted into C3.However, ABC can not be large because BC is not an element of L2. Similarly,ACD can not be large because CD is not an element of L2. Thus, ABC andACD are pruned from the set of candidate itemsets. The database is scannedand it is found that L3 = fABDg. C4 is found to be empty, and the algorithmterminates.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 17The major drawback of theApriori is the number of scans over the database.Especially for the huge databases, the I/O overhead incurred reduces the per-formance of the algorithm. In [AMS+96], two variations of Apriori were alsopresented to overcome this I/O cost. The Apriori T ID algorithm constructsan encoding of the candidate itemsets and uses this structure to count thesupport of itemsets instead of scanning the database. This encoded structureconsists of elements of the form < TID; fXkg > where each Xk is a largek-itemset. In other words, the original database is converted into a new tablewhere each row is formed of a transaction identi�er and the large itemsets con-tained in that transaction. The counting step is over this structure instead ofthe database. After identifying new large K-itemsets, a new encoded structureis constructed. In subsequent passes, the size of each entry decreases with re-spect to the original transactions and the size of the total database decreaseswith respect to the original database. Apriori T ID is very e�cient in thelater iterations but the new encoded structure may require more space thanthe original database in the �rst two iterations.To increase the performance of Apriori T ID, a new algorithm, namelyApriori Hybrid, was proposed in [AMS+96]. This algorithm uses Apriori inthe initial passes, and then switches to Apriori T ID when the size of the en-coded structure �ts into main memory. In this sense, it takes bene�ts of bothApriori and Apriori T ID to e�ciently mine association rules.The three algorithms mentioned above scale linearly with the number oftransactions and the average transaction size.The UWEP algorithm is based on the framework of Partition algorithm[SON95]. Thus, we would like to describe this algorithm in detail. The ma-jor advantage of Partition algorithm is scanning the database exactly twiceto compute the large itemsets by means of constructing a transaction list foreach large itemset. Initially, the database is partitioned into n overlappingpartitions, such that each partition �ts into main memory. By scanning thedatabase once, all locally large itemsets are found in each partition, i.e., item-sets that are large in that partition. Before the second scan, all locally largeitemsets are combined to form a global candidate set. In the second scan of thedatabase, each global candidate itemset is counted in each partition and the



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 18global support (support in the whole database) of each candidate is computed.Those that are found to be large are inserted into the set of large itemsets.The correctness of the Partition algorithm is based on the following fact:\A large itemset must be large in at least one of the partitions."The same argument is applied when updating the large itemsets, and a formalproof can be found in [SON95].Two scans over the database are su�cient in Partition. This is due to thecreation of tidlist structures while determining large 1-itemsets. A tidlist foran itemX is an array of transaction identi�ers in which the item is present. Foreach item, a tidlist is constructed in the �rst iteration of the algorithm, and thesupport of an itemset is simply the length of its tidlist. The support of longeritemsets are computed by intersecting the tidlists of the items contained inthe itemset. Moreover, the support of a candidate k-itemset can be obtainedby intersecting the tidlists of the large (k � 1)-itemsets that were used togenerate that candidate itemset. Since the transactions are assumed to besorted, and the database is scanned sequentially, the intersection operationmay be performed e�ciently by a sort-merge join algorithm.For higher minimum supports, Apriori performs better than Partition be-cause of the extra cost of creating tidlists. On the other hand, when theminimum support is set to low values and the number of candidate and largeitemsets tend to be huge, Partition performs much better than Apriori. Thisis due to the techniques in counting the support of itemsets and fewer numberof scans over the database. One �nal remark is that the performance of thePartition algorithm strongly depends on the size of partitions, and the distri-bution of transactions in each partition. If the set of global candidate itemsetstends to be very huge, the performance may degrade.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 192.5 Analysis of AlgorithmsAIS [AIS93] is the �rst study on the association rules. It works iteratively andcomputes large k-itemsets in the kth iteration. Thus, it makes as many passes asthe length of maximal itemset over the database. The candidates are generatedand counted at the same time. Once the set of large k-itemsets is determined,the database is scanned to identify large (k + 1)-itemsets. By processing eachtransaction sequentially, the large itemsets contained in that transaction areextended with the other items in the transaction, and the support of the newcandidate is incremented. In this sense, AIS generates too many candidateswhich turn out to be small in the database, causing it to waste too much e�ort.Apriori [AS94, AMS+96] also works iteratively and it makes as many scansas the length of maximal itemset over the database. The candidate k-itemsetsare generated from the set of large (k�1)-itemsets by means of join and pruningoperations. Then the itemsets in the candidate set are counted by scanning thedatabase. Apriori forms the foundation of the later algorithms on associationrules.Apriori T ID and Apriori Hybrid [AS94, AMS+96] have the similar ideasin Apriori. The former uses an encoded structure which stores the itemsetsthat exist in each transaction. In other words, the items in the transactionare converted to an itemset representation. The candidates are generated asin Apriori but they are counted over the constructed encoding. The latteralgorithm tries to get bene�ts of both Apriori and Apriori T ID by usingApriori in the initial passes and switching to the other in later iterations.Both algorithms make as many passes as the length of maximal itemset.O�ine Candidate Determination (OCD) [MTV94] is very similar toApriori.It also makes as many passes as the length of the maximal itemset. It di�ersfrom Apriori in the candidate generation algorithm. Both generate the candi-dates from the set of Lk�1 but OCD generates a new candidate from two large(k � 1)-itemsets if they have k � 2 items in common while Apriori generatesit if k � 2 items of two large (k � 1)-itemsets are same. The candidates arecounted after generating the candidates and by scanning the database.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 20Set Oriented Mining (SETM) [HS95] uses SQL commands to mine associ-ation rules. The number of scans over the database is equal to the length ofmaximal itemset. The candidate set Ck is generated by the natural join of Lk�1with L1 in the attribute TID, and it is implemented by a merge-sort join. Thecandidates are counted using SQL commands. SETM generates too manycandidates with respect to Apriori and is less e�cient.Readers are referred to [HP96] for the evaluation of the algorithms above,and their cost of computation. Lower and upper bounds for their computa-tional complexity are provided in this paper.The motivation behind Dynamic Hashing and Pruning (DHP) [PCY95a] isthe attempt to reduce the size of candidate 2-itemsets. Park et al. realizedthat the dominant factor in an association rule algorithm is the generation andcounting of candidate 2-itemsets. It �rst �nds the set of large 1-itemsets andcreates a hash table for the candidate 2-itemsets. In the later iterations, itgenerates the candidates from the set of Lk�1 by incorporating the knowledgein the hash table to the algorithm. An itemset is put into the candidate setif and only if its subsets are in Lk�1 and it is hashed into a hash entry whosevalue is at least the minimum support. It counts the supports of candidateitemsets by scanning the database. It also creates a hash table for the candidate(k + 1)-itemsets in this scan. DHP constantly performs well for low levelminimum supports and executes better in the later iterations, especially in thesecond iteration. In [PCY97], sampling techniques are incorporated into theframework of DHP . With the advantage of controlled sampling, the proposedalgorithms produce rules with high accuracy.As we pointed out in Section 2.4, Partition [SON95] is the best algorithm interms of scans over the database. It makes at most two scans over the databaseby means of partitioning the database into n partitions, �nding large itemsets ineach partition, and determining which of them are large in the whole database.It executes iteratively while �nding large itemsets in a particular partition, butthe number of scans is limited to one by using a tidlist structure we mentionedpreviously. It counts the supports of the candidates over the created tidlistsinstead of the database. The major advantages of Partition are the reductionin I/O cost, and usage of main memory while computing large itemsets.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 21MONET System [HKMT95] discovers association rules by using only ageneral-purpose database management system and the operations of relationalalgebra, union and intersection operations. The database is stored as a setof items (columns), where TIDs of the transactions that contain the item areenumerated in this column. The candidates are generated by the method em-ployed in Apriori. It does not scan the whole database to count the supportsof itemsets, but intersects the columns of items contained in the itemset and�nds its length instead. This approach is in fact the same as the tidlist struc-ture employed in Partition. The performance of the system strongly dependson the implementation of the union and intersection operations.In [Toi96], Toivonen uses sampling to discover the association rules. Thealgorithm picks a random sample and computes the large itemsets with a lowerminimum support (in order not to miss any large itemset). Then, it veri�esthis set of large itemsets and its negative border against the entire database. Ifno itemset in the negative border is large in the entire database, this approach�nds the set of large itemsets in one pass over the database. Otherwise, itrequires an additional scan over the database. The candidate are generatedand counted as in Apriori. The reduced I/O cost is the major advantage ofthe algorithm. Zaki et al. [ZPLO97] also analyze the e�ects of sampling on thediscovery of association rules, and propose e�cient and optimal strategies forchoosing a sample size.Dynamic Itemset Counting (DIC) [BMUT97] attempts to reduce the num-ber of scans over the database. As soon as it suspects that a k-itemset may belarge, it begins to count its support without waiting the kth iteration. Thus,the number of scans is generally smaller than the length of the maximal item-set. The database is logically partitioned into sets of size of M , and databaseis processed sequentially by reading chunks of size of M . A new candidate isadded to the candidate set when all its subsets are large at that point. In otherwords, it does not wait for the kth iteration to generate candidates, but doesthat in everyM transactions read. The candidates up to that point are countedwhile reading M transactions. The experiments yielded that DIC generallymakes two passes if the data is homogeneously distributed in the database andM is suitably chosen.



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 22Four algorithms in [ZPOL97a], Eclat,MaxEclat,Clique,MaxClique, makeonly one pass over the database. They use one of the itemset clustering schemes(equivalence classes or maximal hypergraphs) to generate potential maximallarge itemsets (maximal candidates). Each cluster induces a sub-lattice andthis lattice is traversed bottom-up or hybrid top-down/bottom-up to generateall frequent itemsets and all maximal frequent itemsets, respectively. Clustersare processed one by one. The tidlist structure in Partition is employed inthese algorithms, and the supports of candidate itemsets are computed by asimple intersection operation. They have low memory utilization since onlyfrequent k-itemsets in the processed cluster must be kept in main memory atthat time.Max{Miner [Bay98] attempts to look ahead in order to quickly identify longeritemsets, and prune their subsets as soon as possible. It scales linearly on thenumber of frequent patterns and the size of the database irrespective of thelength of longest pattern. The candidate generation and counting processesare similar to Apriori, and it requires at most N passes where N is the lengthof maximal itemset. Max{Miner especially performs well when the size of largeitemsets increases, but the number of scans is a drawback.Carma [Hid99] is a recently proposed algorithm for computing associationrules online, which requires exactly two passes over the database. In the �rstscan of the database, a lattice of potentially large itemsets with respect to thescanned transactions is constructed. The user is free to change the supportthreshold in the �rst scan. In a second scan, the algorithm determines thesupport of each itemset in the lattice, and removes the itemsets that are smallwith respect to the whole set of transactions. While the lattice is constructed,a new candidate is inserted or removed according to the upper and lower boundvalues associated with each itemset. The counting process takes place in thesecond scan.Aggarwal et al. [AY98c] uses the preprocess-once-query-many paradigm ofOLAP in order to generate the rules quickly, again by using a lattice structureto pre-store itemsets. The algorithm is proportional to the size of the rule set.Table 2.2 summarizes the sequential association rule algorithms in terms of



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 23Algorithm Number Candidate Candidateof scans Generation CountingAIS N Extend Lk�1 with items Scan databasein each transactionApriori N Join Lk�1 with Lk�1 Scan databaseApriori T ID N Join Lk�1 with Lk�1 Scan the encodeditemset representationOCD N Join Lk�1 with Lk�1 Scan the databaseSETM N Join Lk�1 with L1 SQL commandsDHP N Join Lk�1 with Lk�1 and Scan databasecheck its hash entryPartition 2 Join Lk�1 with Lk�1 Intersect tidlistsMONET N Join Lk�1 with Lk�1 Intersect columnsSampling � 2 Join Lk�1 with Lk�1 Scan databaseDIC � N Check all its subsets Scan database(generally 2) whether they are largeMaxClique 1 Examine maximal Intersect tidlistsfrequent itemsetsMax{Miner N Join Lk�1 with Lk�1 Scan databaseCarma 2 According to upper Scan databaseand lower boundsTable 2.2: An Overview of Association Rule Algorithmsnumber of scans over the database, methods used to generate and count thecandidates. N refers to the length of maximal itemset in the column Numberof Scans.As well as the sequential algorithms above, a number of parallel and dis-tributed algorithms for discovering large itemsets were presented. CandidateDistribution, Data Distribution, and Count Distribution [AS96] are the paral-lelized versions of Apriori, and Count Distribution was shown to be superiorto the others. DMA [CNFF96] attempted to parallelize the Partition algo-rithm, and PDM [PCY95b] is a parallelization of DHP . Finally, Par{Eclat,Par{MaxEclat, Par{Clique, and Par{MaxClique [ZPOL97b] are the parallelversions of the four algorithms in [ZPOL97a].



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 242.6 Variations of Association RulesAs we pointed out in Section 2.2, the association rule algorithms rely on theexistence or absence of items in a transaction. They do not take the otherproperties of attributes, such as quantity, weight, hierarchical information, intoaccount. In this section, we will brie
y mention some variations of associationrules, which are also based on the generation of itemsets.2.6.1 Association Rules with HierarchyIn most cases, taxonomies (is{a hierarchies) over the items are available. Sucha taxonomy, for instance, \jackets and ski pants are outer wear which is a typeof cloth, and shoes and hiking boots are footwear". Generalized (multiple{level) association rules [SA95] aim to �nd association rules between items indi�erent levels of a taxonomy as well as the rules between items in the samelevel. An example of a generalized association rules states that \jackets )footwear". A straightforward but not e�cient solution is to generate a newcolumn for the levels of hierarchy that are not in the original database oftransactions (generally the levels except the bottom level). E�cient algorithms,which incorporate hierarchical information into the algorithm, were proposedin [SA95, HF95]. An object-oriented approach is proposed in [FL96] and SQLqueries are used to �nd multiple{level association rules in [TS98]. Finally,
exible multiple{level association rules are discussed in [SS98b].2.6.2 Constrained Association RulesIn real life, end-users are generally interested in a small subset of the asso-ciation rules extracted from a database. For instance, a user may want tosee the associations only between some items. In [SVA97], constrained asso-ciation rules, which handles the constraints that are boolean expressions overthe presence or absence of some items, were proposed. One example of a con-straints that can be handled is (Jacket ^ Shoes) _ (descendants(Clothes) ^:ancestors(Hikingboots)), which expresses the constraint on the rules that



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 25either (a) contain both jackets and shoes, or (b) contain descendants of clothesand do not contain ancestors of hiking boots. Instead of discovering all rulesand pruning some of them with respect to the given constraints, they in-corporate the constraints into the association rule algorithm. In [NLHP98,LNHP99], constrained association queries are introduced to handle more com-plicated constraints in association rule discovery. One example of a constrainedassociation query is f(S1; S2)jS1:T ype � fSnacksg ^ S2:T ype � fbeersg ^max(S1; P rice) � min(S2; P rice)g, which �nds pairs of sets of cheaper snackitems and sets of more expensive beer items. In a recent study, Bayardo etal. [BAG99] push constraints on the minimum support, minimum con�denceand a new constraint that guarantees every rule has a predictive advantageover its simpli�cations.2.6.3 Quantitative Association RulesThe original association rule problem handles only the case for boolean at-tributes, i.e., an item exists or not. For handling the quantity of numeri-cal attributes and categorical attributes that can take more than two values,quantitative association rules were proposed in [SA96a]. An example quanti-tative association rule is hAge : 30::39i ^ hMarried : Y esi ) hNumCars :2i(40%; 90%), which means \In 40% of the total transactions, 90% of the peo-ple whose age is between 30 and 40 and who are married have two cars".In [SA96a], an e�cient algorithm, which attempts to divide the values of quan-titative and categorical attributes into ranges which maximize the strength ofthe association rules, was proposed.The important point in computation of quantitative association rules is howto partition the values of a quantitative attribute into non-overlapping parti-tions optimally. Fukuda et al. [FMMT96] introduced optimized associationrules, which tries to �nd the partitioning of values of numerical attributes tomaximize the support or con�dence. The same concept was also investigatedin [RS98] for numerical and categorical attributes. Wang et al. [WTL98] pro-posed an interestingness{based interval merger for combining di�erent intervals



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 26to one in order to maximize the interestingness of a rule. In another study re-lated to numerical attributes [KFW98], fuzzy association rules were proposed.A fuzzy association rule is of the form of \If X is A, then Y is B" whereX;Y are sets of attributes and A;B are fuzzy sets which describe X and Yrespectively. It is assumed that the fuzzy sets for each attribute are providedas input. In [FWS+98], a clustering schema is employed to extract those fuzzysets.2.6.4 Sequential PatternsThe association rules aim at discovering co-occurrences at a certain time. Withthe storage of data over a long time period and development of temporaldatabases, the discovery of sequential patterns became an important issue. Anexample of a sequential pattern is \Customers typically rent \Star Wars" then\Empire Strikes Back" and then \Return of the Jedi"." [AS95]. The items ina sequential pattern need not be consecutive but only in that order. Threealgorithms were proposed in [AS95] to extract sequential patterns in a trans-action database. This work was extended to handle sliding windows and hier-archical information in [SA96b]. Mannila et al. [MTV95, MT96] discovers thefrequent episodes (a collection of events in a certain pattern), and generalizedepisodes (episodes that satisfy certain conditions) in a sequence of data. Gu-ralnik [GWS98] and Das et al. [DLM+98] also propose e�cient algorithms fordiscovering frequent episodes.2.6.5 Periodical RulesIn a sequence of data, association rules may reveal periodical properties. More-over, some of the rules may have enough support in a smaller time period evenit does not have enough support in the global database. Ozden et al. [ORS98]introduce cyclic association rules, which are the rules that have the speci�edcon�dence and support in regular time intervals. One such rule states that\People buy newspapers along with milk every Sunday". Instead of �ndingthe rules at each time point, and then attempting to generate periodical rules



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 27from those set of rules, two algorithms that incorporate some heuristics to thealgorithm were proposed in [ORS98]. These algorithms handle only the casewhere the rules are repeated in every t time points. In [RMS98], this study isextended to �nd the calendric association rules which follow the patterns in auser-speci�ed calendar. Moreover, the algorithms for extracting rules in anycalendar were proposed. These studies are based on the full periodicity, i.e.,the rule must be valid in every time point in the pattern. Han et al. [HDY99]drop this restriction and attempt to �nd partial periodic patterns, which is alooser kind of periodicity.2.6.6 Weighted Association RulesAll items in the data are treated with the same importance in previous associ-ation rule algorithms. Cai et al. [CFCK98] generalized this to the case whereitems are assigned weights to re
ect their importance. The weights may cor-respond to special promotions on some products or their price. They de�neweighted support of an itemset and association rule. The previous methodsare not applicable by changing only the computation of support because thebottom-up property of itemsets (all subsets of a large itemset are also large) isnot valid. Thus, they propose a new algorithm in [CFCK98].2.6.7 Negative Association RulesSavasere et al. [SON98] investigate the negative association rules instead ofpositive associations between items. One such rule is \Most of the people buyfrozen food do not buy vegetables". The straightforward solution is to setminimum support and con�dence as low as possible. However, this solutionyields many and uninteresting negative association rules. The idea is to ex-tract the combinations of items where a high degree of positive association isexpected but the actual support is signi�cantly smaller than what is expected.An e�cient algorithm was presented in [SON95].



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 282.6.8 Ratio RulesWhile association rules try to discover the co-occurrences of items, ratio rulesintroduced in [KLKF98] try to �nd correlations between the quantities or pricesof di�erent items. An example of a ratio rule is \Customers typically spend1:2:5 dollars on bread: milk: butter". A one{pass algorithm is presented to�nd ratio rules in [KLKF98]. The proposed method attempts to determinehow good the derived rules are by introducing guessing error. Ratio rules canbe used for estimating the missing values, even if multiple values are missingsimultaneously.2.7 A Criticism on Large Itemset FrameworkMost of the association rule algorithms work in a bottom-up fashion, i.e., �rstthe set of large 1-itemsets is found, then set of large 2-itemsets is generatedand this process is repeated until a set of large itemsets of a certain length isempty. The general heuristic is the fact that \All subsets of a large itemsetare also large". Thus, before an itemset is found large, all of its subsets mustbe veri�ed against the database. When the size of large itemsets existingin the database tends to increase, this process may yield a bottleneck. Forinstance in USA census data, the size of the large itemsets may increase upto 40, and the computation of those itemsets require all of its 240 subsetsmust be �rstly validated. Therefore, most of the algorithms, except Max{Miner [Bay98], perform poorly when the cardinality of maximal large itemsetis large (when greater than 10).Aggarwal et al. [AY98a, AY98b] pinpoint to some of the drawbacks of item-set generation in the computation of association rules. They claim that theminimum support criterion in the computation of large itemsets may revealwrong association rules. Readers are suggested to see the example in [AY98a].They also show that the minimum support framework is not suitable in densedata sets in which the number of large itemsets tend to be very huge. Negativeassociation rules and the datasets in which di�erent attributes have varyingdensities are shown to be good examples of dense data sets. They propose



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 29another concept called collective strength for more e�cient and reliable compu-tation of large itemsets. The collective strength of an itemset is de�ned to bea number between 0 and 1, where 0 indicates a perfect negative correlationand 1 indicates a perfect positive correlation.The weaknesses of the minimum support-con�dence framework were alsonoticed by Brin et al. In [BMUT97], implication strength of itemsets wasshown to be more accurate than minimumsupport-con�dence. The implicationstrength of a rule is a number between 0 and 1, where a value of 1 indicatesthe rule is as strong as it is expected under statistical assumptions, and a valuegreater than 1 indicates a presence greater than expected. In [BMS97], theassociation rules were generalized to correlation rules, and a more accuratemeasure, chi{square test, was proposed to evaluate the strength of an itemset.2.8 A Discussion on Association RulesAs we pointed out earlier, the major problem in data mining, so in associationrules, is that there is no certain criteria to decide which of the discovered rulesare really interesting. The interestingness of a rule is generally dependent onthe user and on the application. Di�erent measures for interestingness wereproposed in the literature, but none of them is applicable in every application.One common point in all of them is that interestingness is directly related tothe expectancy of the rule. In other words, a pattern is interesting if it is notknown prior to the data mining process or contradicts the beliefs of the user[ST95, ST96b].Mainly, there are two strategies to increase the interestingness of the dis-covered rules:1. Incorporate some heuristics to the algorithm2. Find a set of rules and prune some of them according to some interestmeasure after the discovery processIn the �rst strategy, either constraints are pushed to the algorithm [NLHP98]



CHAPTER 2. A SURVEY IN ASSOCIATION RULES 30or some sort of interest measures are used to eliminate the uninteresting rulesduring the discovery of association rules. The collective strength [AY98a], im-plication strength [BMUT97], chi-square test [BMS97] or expected value [AS95]are some of those heuristics pushed into the algorithm. The incorporation ofsome heuristics into the algorithm results in signi�cant improvement in thecomputation of the rules, thus it is a preferable method.The second strategy is necessary, even if the �rst strategy is also appliedin the discovery process, since the interestingness varies from user to user andfrom application to application. The general methodology is to remove therules which are known in advance, which contain uninteresting attributes orwhich are redundant. Brin et al. [BMUT97] suggest to remove the rules thatare transitively implied and that are not minimal. In [TKR+95], a rule cover,which tries to minimize the antecedents of the rules, is de�ned to eliminateredundant rules. In the same work a clustering algorithm is also applied onthe rules to help the user understand the patterns more easily. The usageof templates were proposed in [KMR+94]. Templates specify the attributesthat can occur in the antecedent and consequent of a rule, and they can berestrictive or inclusive. This is in fact the same as constrained association rules,but less e�cient than the case where the constraints are incorporated into thealgorithm.Finally, we would like to mention the user interaction in discovery of asso-ciation rules. Although there are e�cient algorithms for extracting associationrules, the user interaction is at the minimum level. Generally, the user only setsthe minimum support and con�dence thresholds, and then waits for the resultsuntil all the rules are found. Online association rule mining [AY98c, Hid99] triesto avoid this situation by allowing the user to change the thresholds during thediscovery process. A semi-automatic miner which is activated every time thedata exhibits certain changes was proposed in [ST96a]. In [NLHP98, LNHP99],a two-phase architecture which allows the user to control the search processwas proposed. However, the discovery process is still a black-box, which donot allow the user much to be involved in the search process. Data mining isa problem which do not have only one answer, therefore we believe that moreuser{controlled systems are needed in data mining applications.



Chapter 3Updating Large ItemsetsMaintenance of association rules is an important problem. When new transac-tions are added to the set of old transaction database, how can we update theassociation rules already discovered in the set of old transactions e�ciently?Naturally, when new transactions are added to a database, some of the exist-ing frequent patterns may disappear whereas new frequent patterns that didnot exist before may also emerge. The straightforward solution is to re-runan algorithm, say Apriori [AS94], on the set of whole transactions, i.e., oldtransactions plus new transactions. However, this process is not e�cient sinceit ignores the previously discovered rules, and repeats all the work done previ-ously. Therefore, algorithms for e�ciently updating the association rules wereproposed in [CHNW96, CLK97, OS98, SS98a, TBAR97]. These algorithmstake the set of association rules in the old database into account, and use thisknowledge 1) to remove itemsets that do not exist in the updated database,and 2) to add new rules which were not in the set of old transactions but im-plied in the updated database. Particularly, when the size of old transactionsis large, these algorithms discover the new set of association rules much fasterthan by re-running an algorithm over the whole database.In this thesis, we propose an algorithm called UWEP (Update With EarlyPruning) that follows the approaches of FUP2 [CLK97] and Partition Up-date [OS98] algorithms. It works iteratively on the new set of transactions,like the previous algorithms. The advantages of UWEP are that it scans the31



CHAPTER 3. UPDATING LARGE ITEMSETS 32existing database at most once and new database exactly once, and it gener-ates and counts the minimum number of candidates in order to determine theset of new large itemsets. Similar to [SON95], in one scan of the database,it creates a tidlist for each item in the database, and uses these structures inorder to compute the support of supersets of that item. Moreover, it prunes anitemset that will become small from the set of generated candidates as earlyas possible by a look-ahead pruning. In other words, it does not wait for thekth iteration for pruning a small k-itemset. This look-ahead pruning results ina much smaller number of candidates in the set of new transactions. Anotherreason for generating a smaller candidate set is the fact that UWEP promotesa candidate itemset to the set of large itemsets only if it is large both in thenew set of transactions and in the whole database. This feature yields a muchsmaller candidate set when some of the old large itemsets are eliminated dueto their absence in the new set of transactions, and this can be done withoutscanning the old database.This chapter is organized as follows. In Section 3.1, a formal description ofupdating large itemsets is presented. The related algorithms are discussed inSection 3.2. Section 3.3 presents the UWEP algorithm. Section 3.4 describesthe data structures used in UWEP . Section 3.5 gives an example execution ofthe algorithm and its performance comparison with the other algorithms. InSection 3.6, we prove the correctness of the UWEP algorithm, and that it gen-erates and counts a minimumnumber of candidates. Details of the experimentsand performance results on synthetic data are provided in Section 3.7, and atheoretical discussion of the performance comparison of the update algorithmsis presented in Section 3.8.3.1 Formal Problem DescriptionTable 3.1 summarizes the notation used in the remainder of this chapter.Given DB; db; jDBj; jdbj, minsup and LDB, the problem of updating associa-tion rules is to �nd the set LDB+db of large itemsets in DB + db.



CHAPTER 3. UPDATING LARGE ITEMSETS 33Notation De�nitionDB The set of old transactionsdb The set of new transactionsDB + db The total set of transactionsjAj The number of transactions in the transaction database Aminsup Minimum support thresholdX A set of items (i.e., one itemset)supportA(X) Support of X in the set of transactions AtidlistA(X) Transaction list of X in the set of transactions ACkA Set of candidate k-itemsets in a set of transactions ALkA Set of large k-itemsets in a set of transactions APruneSet Set of large itemsets in DB that have 0 support in dbUnchecked Set of large k-itemsets in DB that are not counted in dbTable 3.1: Notation Used in Algorithm UWEP3.2 Previous AlgorithmsUpdating association rules was �rst introduced in [CHNW96]. The FUP al-gorithm proposed by Cheung et al. [CHNW96] works iteratively and its frame-work is similar to Apriori [AS94] and DHP [PCY95a]. At the kth iteration itperforms three operations as follows:1. Scan db for allX 2 LkDB. IfX's support in the updated database is smallerthan the minimum support threshold, remove it from consideration (It isa loser). Otherwise, put it into the set of large itemsets in the updateddatabase.2. In the same scan, count the supports of itemsets that are in the candidateset of db but not in the set of large itemsets of DB. If the support of anitemset in db is smaller than the minimum support threshold, remove itfrom the candidate set of db.3. For the remaining itemsets in the candidate set of db, count their supportin DB and decide which of them will be placed in the set of large itemsetsof the updated database.Initially, the candidate set of 1-itemsets of db is the set of items whichexist in at least one transaction in db. At the end of the kth iteration, the



CHAPTER 3. UPDATING LARGE ITEMSETS 34new set of candidates are computed from the set of large k-itemsets in theupdated database. There are three optimizations employed in FUP , two ofwhich are based on the reduction of transactions (i.e., if X is a small itemsetin D, remove X from the transactions in D). The other is the computationof an upper bound value for the support of an itemset, and deciding whetherthe itemset is small without scanning the database. Formally, an upper boundvalue for the support of an itemset X is de�ned asbX = min(support(Y )) for all Y � X and jY j = jXj � 1.FUP2 [CLK97] is a generalization of the FUP algorithm that handles in-sertions to and deletions from an existing set of transactions. In the case ofdeletion, the set of candidates are pruned using the upper bound values of thecandidate itemsets so that only possibly large itemsets are counted throughthe scan of the database. The algorithms FUP and FUP2 scan DB and db asmany times as the length of the maximal large itemset in the updated database,and generates a large number of candidates in db since it generates Ckdb fromLk�1DB+db.In [SS98a, TBAR97], the concept of negative border, that was introducedin [Toi96], is used to compute the new set of large itemsets in the updateddatabase. The negative border consists of all itemsets that were candidatesbut did not have enough support while computing large itemsets in DB. Inother words, NBD(Lk) = Ck � Lk:They assume that the negative border of the set of large itemsets in DB andtheir counts in DB are also available, and use this knowledge to reduce thenumber of scans over DB. In [TBAR97], the set of large itemsets in db is �rstcomputed by a scan of db. In the same scan, the supports of all itemsets inLDB and NBD(LDB) over db are also counted. Then, all itemsets that arelarge both in DB and db are promoted to the set of large itemsets in DB+ db.If an itemsetX is large in db but small in DB, X and its supersets are checkedagainst DB using the negative border of LDB. If such an item is promoted tothe set of large itemsets in DB+db, the negative border is computed again, andthis process is repeated until there is no change in the negative border. This



CHAPTER 3. UPDATING LARGE ITEMSETS 35algorithm scans db as many times as the length of maximal large itemset in dband DB at most once. However, recomputing negative border again and againreduces its performance. The approach in [SS98a] is very similar to the onein [TBAR97]. It �rst counts the supports of itemsets in LDB and NBD(LDB)over db. If any of the itemsets in the negative border is found to be large in db,then it computes Ldb and validates those against DB by scanning DB once.Its major advantage is that it does not scan DB if there is no new itemset indb.The most recent work [OS98] uses the framework in [SON95], and assumethat the set of large itemsets in the old database is available. Then, it com-putes the large itemsets in db by using one of the existing algorithms, namelyPartition [SON95]. Its �nal step is counting the support of large itemsets inDB against db, and vice versa. This requires one scan over DB and one scanover db using the Partition [SON95]. The only di�erence between this algo-rithm and re-running Partition algorithm is that it does not �nd large itemsetsin DB but assumes that it is available in a �le.3.3 Update with Early Pruning (UWEP )In this section, we will explain how our algorithm works, and the optimiza-tions it employs. The algorithm UWEP is presented in Figure 3.1. Inputs tothe algorithm are DB, db, LDB (along with their supports in DB), jDBj, jdbj,and minsup. The output of the algorithm is LDB+db, the set of large itemsetsin DB + db.We can break down the algorithm UWEP into �ve steps as identi�ed below.1. Counting 1-itemsets in db and creating a tidlist for each item in db2. Checking the large itemsets in DB whose items are absent in db andtheir supersets for largeness in DB + db3. Checking the large itemsets in db for largeness in DB + db



CHAPTER 3. UPDATING LARGE ITEMSETS 36UWEP(DB; db; LDB; jDBj; jdbj;minsup);1 C1db = all 1-itemsets in db whose support is greater than 02 PruneSet = L1DB � C1db3 initial pruning(PruneSet) %See Figure 3.24 k = 15 while Ckdb 6= ; and LkDB 6= ; do begin6 Unchecked = LkDB7 for all X 2 Ckdb do8 if X is small in db and X is large in DB then9 remove X from Unchecked10 if X is small in DB + db then11 remove all supersets of X from LDB12 else13 add X to LDB+db14 end15 else if X is large both in db and DB then begin16 remove X from Unchecked17 add X to LDB+db and Lkdb18 end19 else if X is large in db but small in DB then begin20 �nd supportDB(X) using tidlists21 if X is large in DB + db then22 add X to LDB+db and Lkdb23 end24 for all X 2 Unchecked do begin25 �nd supportdb(X) using tidlists26 if X is small in DB + db then27 remove all supersets of X from LDB28 if X is large in DB + db then29 add X to LDB+db30 end31 k = k + 132 Ckdb = generate candidate(Lk�1db ) %See Figure 3.333 end Figure 3.1: Update of Frequent Itemsets



CHAPTER 3. UPDATING LARGE ITEMSETS 37initial pruning(PruneSet);1 while PruneSet 6= ; do begin2 X = �rst element of PruneSet3 if X is small in DB + db then4 remove X and all its supersets from LDB and PruneSet5 else6 begin7 add the supersets of X in LDB to the PruneSet8 add X to LDB+db and remove X from LDB9 end10 remove X from PruneSet11 end Figure 3.2: Initial Pruning Algorithm4. Checking the large itemsets in DB that are not counted over db forlargeness in DB + db5. Generating the candidate set from the set of large itemsets obtained atthe previous step.In the �rst step of the UWEP algorithm (line 1 in Figure 3.1), we count thesupport of 1-itemsets and create a tidlist for each 1-itemset in db. The idea ofusing tidlists was �rst discussed in [SON95] in order to count the support ofcandidate k-itemsets. A tidlist for an itemset X is an ordered list (ascendingor descending) of the transaction identi�ers (TID) of the transactions in whichthe items are present. The support of an itemset X is the length of the cor-responding tidlist. It is assumed that the transactions are sorted according toTIDs and thus the created tidlists are also sorted in the same order of TIDs.The second part of the algorithm (procedure initial pruning in Figure 3.2)deals with the 1-itemsets whose support is 0 in db but large in DB. Inthis case, for an itemset X, it is by de�nition true that supportDB+db(X) =supportDB(X). If X was previously small in DB, then it is also small inDB + db since its support has not changed and the number of total transac-tions has increased. On the other hand, if X is large in DB, we have to checkwhether supportDB(X) � minsup � jDB + dbj or not. The itemset X couldbe large or small in the updated database, and we examine each case below.



CHAPTER 3. UPDATING LARGE ITEMSETS 38In the following, we will introduce three lemmas that are useful in pruningthe candidate itemsets. Their proofs can be found in [AS94, CHNW96, CLK97,TBAR97].Lemma 3.1 All supersets of a small itemset X in a database D are also smallin D.Proof. Let Y be a superset of X, i.e., X � Y . If a transaction contains Y ,then that transaction certainly contains X in it. Then, supportDB+db(X) �supportDB+db(Y ). Hence, if supportDB+db(X) < minsup � jDB + dbj, thensupportDB+db(Y ) < minsup� jDB + dbj, which means Y is small in DB + db.2 Now suppose that X is small in the updated database. Then, by Lemma 3.1,any superset of X must also be small in the updated database. UWEP di�ersfrom the previous algorithms [CHNW96, CLK97] at this point, by pruning allsupersets of an itemset from the set of large itemsets in DB as soon as it isestablished to be small. In the previous algorithms, a k-itemset is only checkedin the kth iteration, but UWEP does not wait until the kth iteration in orderto prune the supersets of an itemset in LDB that are small in LDB+db.De�nition 3.1 Let X be a k-itemset which contains items I1; : : : ; Ik. An im-mediate superset of X is a (k+1)-itemset which contains the k items in X andan additional item Ik+1.Now, suppose that X is large in the updated database. Then, we add allimmediate supersets of X in LDB to the PruneSet, which holds the itemsetsthat must be checked before checking the itemsets in C1db. Then, for eachelement in the PruneSet, we check whether its support exceeds the minimumsupport threshold. The operations of pruning and adding immediate supersetsare repeated for each itemset in the PruneSet. So, all itemsets in LDB thatcontain a non-existing item in db are removed from LDB, and the ones thatare large are added to LDB+db before advancing to the �rst iteration. Thispre-pruning step is particularly useful when the data skewness is present in the



CHAPTER 3. UPDATING LARGE ITEMSETS 39set of transactions. For example, in a supermarket, soup is probably large inwinter transactions while it may be small in summer transactions.Lines 4{33 in Figure 3.1 are used1. to check whether any candidate itemset in db quali�es to be large in thewhole database and to adjust their supports in LDB+db, and2. to check whether any of the large itemsets in DB which are small in dbquali�es to be in the set of LDB+db.The two for loops between lines 4{33 perform these two operations. Let usinvestigate the �rst case: checking the candidates in db in the kth iteration.Lemma 3.2 Let X be an itemset. If X =2 LDB, then X 2 LDB+db only ifX 2 Ldb.Proof. Since X =2 LDB, supportDB(X) < minsup� jDBj. In order to satisfyX 2 LDB+db, supportDB+db(X) � minsup� jDB + dbj.Suppose that X =2 Ldb. Then, supportdb(X) < minsup� jdbj. Then,supportDB+db(X) = supportDB(X) + supportdb(X) < (minsup � jDBj) +(minsup� jdbj) < minsup� jDB + dbj.This is a contradiction. Therefore, supportdb(X) � minsup � jdbj, whichmeans that X 2 Ldb. 2Corollary 3.1 Let X be an itemset. If X is small both in DB and db, thenX can not be large in DB + db.Now suppose that X is a candidate k-itemset in db. If it is small in db,then we have to check whether X is in LDB or not. If it is also small in DB(i.e., X =2 LDB), X can not be a large itemset in DB + db by Corollary 3.1.Otherwise, we have to check the support of X in DB + db. Since we have thesupport of X in DB and db in hand, we can quickly determine whether it is



CHAPTER 3. UPDATING LARGE ITEMSETS 40large or not. If (supportDB(X) + supportdb(X)) < minsup� jDB + dbj, thenX is small in DB + db. By Lemma 3.1, all supersets of X must also be small,thus they are eliminated from LDB. Otherwise, X is large and we add X toLDB+db. Another advantage of our algorithm occurs here by not adding X tothe set of Lkdb to keep the candidate set smaller, which we will explain later indetail.Now assume that a candidate k-itemset X is large in db. There are twopossibilities: X is either large or small in DB.Lemma 3.3 Let X be an itemset. If X 2 LDB and X 2 Ldb, then X 2LDB+db.Proof. Since X 2 LDB, supportDB(X) � minsup� jDBj, and since X 2 Ldb,supportdb(X) � minsup � jdbj. If we add these two terms, supportDB(X) +supportdb(X) � minsup � jDBj + minsup � jdbj. Thus, supportDB+db(X) �minsup� (jDBj+ jdbj) � minsup� jDB + dbj. 2If X is large in DB, then X is also large in DB + db by Lemma 3.3. In thiscase, we add the corresponding supports of X in db and DB, and put X intoLDB+db with the new support. If X is small in DB, we have to check whetherit is large in DB+db or not. However, we do not have the support of X in DBsince it is not large. We can obtain it by scanning DB. In this scan, for each1-itemset in DB, we determine its support and its tidlist, as explained beforein this section. We will then use these tidlists in order to �nd the supportof longer itemsets whenever they are needed. After counting the support ofX in DB, we place X into LDB+db if its support in DB + db is larger thanminsup� jDB + dbj.An important issue here is to decide which candidates go to the set of large k-itemsets in db. FUP2 [CLK97] algorithm places all itemsets that are large in thewhole database into Lkdb in the kth iteration. Others [OS98, TBAR97, SS98a]place those candidates that are large in db regardless of whether they are smallor large in DB. We choose another strategy and put only those candidatesinto Ckdb that are large in db and DB + db. In other words, if a k-itemset X islarge in db but small in DB + db, we do not place it into Lkdb. This is the most



CHAPTER 3. UPDATING LARGE ITEMSETS 41Cases In In In Add to Add to Prune supersetsDB db DB + db Ckdb LkDB+db from LDBCase 1 Small Small Small No No NoCase 2a Small Large Small No No NoCase 2b Small Large Large Yes Yes NoCase 3a Large Small Small No No YesCase 3b Large Small Large No Yes NoCase 4 Large Large Large Yes Yes NoTable 3.2: Possible Cases in Addition of Transactionsimportant advantage of UWEP since this signi�cantly reduces the number ofcandidates in db.In UWEP , there is a possibility that a large k-itemset in DB may notbe generated in Ckdb, since we include those candidates that are large both indb and DB + db. The solution is to keep the set of itemsets that must beveri�ed against db, namely Unchecked, which contains the large k-itemsets inDB that are not generated in db. In the beginning of the kth iteration, weplace all large k-itemsets in DB to the set of Unchecked (line 6 in Figure 3.1).Whenever we check a candidate k-itemset in Ckdb, we will remove it from theset Unchecked. When we complete the �rst for loop between lines 7{23 inFigure 3.1, Unchecked contains the large itemsets in DB that are not veri�edagainst db. The second for loop is used to verify them against db. Since we donot generate them from Lk�1db , we do not have their supports in db, thereforewe have to compute their support from the tidlists of the individual itemscontained in that itemset. If the total support of any element in Uncheckedexceeds the minimum support threshold, it is added to LDB+db. Otherwise, thesupersets of that itemset are removed from LDB again by Lemma 3.1.All possible cases that arrive in adding transactions and the actions takenby UWEP are summarized in Table 3.2.Figure 3.3 gives the candidate generation procedure that is adopted from[SON95]. For two (k � 1)-itemsets in Lk�1db , if the �rst (k � 2) items are thesame, then a candidate k-itemset is generated from those (k � 1)-itemsets byconcatenating the last item in the second itemset to the end of the �rst itemset,



CHAPTER 3. UPDATING LARGE ITEMSETS 42generate candidate(Lk�1db );1 Ckdb = ;2 for all itemsets X 2 Lk�1db and Y 2 Lk�1db do3 if X1 = Y1 ^ � � � ^Xk�2 = Yk�2 ^Xk�1 < Yk�1 then begin4 C = X1X2 : : :Xk�1Yk�15 if all subsets S of C is an element of Lk�1db then begin6 tidlistdb(C) = tidlistdb(X) \ tidlistdb(Y )7 supportdb(C) = jtidlistdb(C)j8 add C to Ckdb9 end10 endFigure 3.3: Candidate Generation Algorithm in UWEPassuming that the last item of the second itemset is greater than the last itemin the �rst itemset. However, a candidate generated in this process is prunedfrom the set of candidates if any of its (k � 1)-subsets is not large.3.4 Data Structures EmployedITEMSET is a list of item numbers, and TRANSLIST is a list of trans-actions. ITEMTRANS is a list of records consisting of an ITEMSET ,its TRANSLIST , and its support in the set of transactions (i.e., length ofTRANSLIST ). CkDB is a queue of ITEMTRANS and LkDB is a hash tablewhere each entry consists of a queue of ITEMTRANS. We use a queue for theentries of LkDB and CkDB because we gradually add new itemsets to those setsand thus we should minimize the time for addition. The reason behind usinga hash table is to �nd a speci�c itemset in a short time. It is not necessary touse a hash table for CkDB because we create and process CkDB sequentially.The most important part of the UWEP algorithm is the operation of prun-ing supersets. Therefore, the data structures to keep the large itemsets in DBare very important for an e�cient update algorithm. Finding supersets justbefore pruning them is costly because we have to �nd all supersets of an item-set X that are large in DB, and no more. There are two methods for �nding



CHAPTER 3. UPDATING LARGE ITEMSETS 43supersets of a k-itemset X if we want to �nd them just before pruning.1. Add one item in L1DB and check whether it is in Lk+1DB , and repeat thisprocess for all items in L1DB2. Check for each item in Lk+1DB whether it consists of the itemset XBoth of these methods require unnecessary computations. Thus, we com-pute the supersets of an itemset X during the storage of the old large itemsetsin a data structure. We keep a hash table for storing the large itemsets in DBfor �nding a speci�c itemset e�ciently. Each entry in the hash table consistsof a queue of itemsets along with their support and list of supersets that arelarge in DB. While entering a k-itemset X into the hash table, we �nd all ofits subsets of length k�1, and push X into the list of their supersets. Since allof X's subsets are also large, we do not make any unnecessary computation.The hash table for storing large itemsets allows us to e�ciently �nd the entrywhere an itemset is placed, so inserting supersets is a cheap operation withthis strategy. When we want to prune the supersets of an itemset X, we �ndthem stored in a list associated with that itemset. Each itemset in the list ofX's supersets is removed from the hash table, and this operation is repeatedfor each of the supersets of the itemsets in that list.Example 3.1 Let A be the itemset we want to prune from LDB. Let AB, AC,AD be its supersets that are large. We remove them from the hash table, andthen remove the supersets of AB, AC, and AD. For instance, if the supersetlist of AB is ABC and ABD, then we also remove ABC, ABD, and theirlarge supersets from the hash table.Another source of improvement in the implementation is the usage of aninverted list for the transaction database. When we compute the set of largeitemsets in a set of transactions DB initially, we create a �le where each item isassociated with a list of transaction identi�ers in which the item exists. Duringthe update operation, we can use this inverted �le for counting the supports ofthe itemsets that are small in DB but large in db. The inverted �le allows usto directly reach the transactions containing a speci�c item, and computing its



CHAPTER 3. UPDATING LARGE ITEMSETS 44DB dbTID Items TID Items1 A,C,D,E,F2 B,D,F3 A,D,E 1 A,F4 A,B,D,E,F 2 B,C,F5 A,B,C,E,F 3 A,C6 B,F 4 B,F7 A,D,E,F 5 A,B,C8 A,B,D,F 6 A,C,D9 A,D,FTable 3.3: Set of Transactions DB and dbsupport in DB. This is certainly more e�cient than reading all transactionsand identifying the transactions containing a speci�c itemset. Especially forlarge transaction databases, this optimization improves the I/O time in thecomputation of large itemsets. UWEP also allows us to update the list oftransaction identi�ers associated with itemsets: We only add the transactionidenti�ers of the transactions in db containing that item to the TRANSLISTof that item. (We assume that none of the transaction identi�ers in DB areused for the transactions in db, and TIDs in db are greater than those in DB.)3.5 An Example Execution of the AlgorithmWe now introduce an example that illustrates the bene�ts of our algorithm andcompare the number of candidates generated and counted with Apriori andFUP2 algorithms. We will write an itemset fA1; : : : ; Ang as A1; : : : ; An, and apair (itemset; support) refers to an itemset and its support in the correspondingset of transactions.Example 3.2 In Table 3.3, the set of transactions in DB and db are provided.jDBj = 9; jdbj = 6; jDB + dbj = 15. The minimum support threshold minsupis set to 0.3. Thus, an itemset X must be present in at least 3 transactions inDB (i.e., djDBj�0:3e = d2:7e = 3), in at least 2 transactions in db, and in at



CHAPTER 3. UPDATING LARGE ITEMSETS 45least 5 transactions in DB + db in order to be a large itemset. The executionof the algorithm for this database is described below.Initially, we assume that the set of large itemsets in DB are given. In theexample database DB, the sets of large k-itemsets along with their counts areas follows.L1DB = f(A; 7); (B; 5); (D; 7); (E; 5); (F; 8)gL2DB = f(AB; 3); (AD; 6); (AE; 5); (AF; 6); (BD; 3); (BF; 5);(DE; 4); (DF; 6); (EF; 4)gL3DB = f(ABF; 3); (ADE; 4); (ADF; 5); (AEF; 4); (BDF; 3); (DEF; 3)gL4DB = f(ADEF; 3)gIn the �rst step of the algorithm, db is scanned in order to �nd the supportof 1-itemsets in db. In this scan, we generate the tidlist for each 1-itemset. Inthe example, the candidate 1-itemsets in db, along with their supports, are:C1db = f(A; 4); (B; 3); (C; 4); (D; 1); (F; 3)g.Note that we do not include E in C1db since its support is zero in db. On theother hand, E is added to the PruneSet in order to check itemsets includingE in LDB. Since the support of E is 5 and is thus large in DB + db, weremove it from LDB and include it in LDB+db and add its supersets in L2db tothe PruneSet, namely AE;DE;EF . Then for each element of the PruneSet,we repeat the same operation. We add AE to LDB+db since its support is also5. However, the supports of DE and EF are 4, and they fail to qualify to gointo LDB+db. In this step, we removeDE and EF and all their supersets fromLDB, namely ADE;DEF;AEF;ADEF (By Lemma 3.1). After these pruningoperations, the new sets of large itemsets in DB and set of large itemsets inDB + db are as follows.L1DB = f(A; 7); (B; 5); (D; 7); (F; 8)gL2DB = f(AB; 3); (AD; 6); (AF; 6); (BD; 3); (BF; 5); (DF; 6)g



CHAPTER 3. UPDATING LARGE ITEMSETS 46L3DB = f(ABF; 3); (ADF; 5); (BDF; 3)gL4DB = ;LDB+db = f(E; 5); (AE; 5)gIn the �rst iteration, A;B;C;D;F are added to LDB+db. We add all large1-itemsets in db to L1db, namely A;B;C;F . We do not include D in Ldb sinceit does not qualify to be large in db. After the �rst iteration,L1db = f(A; 4); (B; 3); (C; 4); (F; 3)g, andL1DB+db = f(A; 11); (B; 8); (C; 6); (D; 8); (E; 5); (F; 11)gIn the second iteration, we begin with the set of candidates in db,C2db = f(AB; 1); (AC; 3); (AF; 1); (BC; 2); (BF; 2); (CF; 1)g, andUnchecked = fAB;AD;AF;BD;BF;DFg.AB is found to be small in db, but large in DB. AB fails to be large inDB + db since supportDB+db(AB) = 4. By Lemma 3.1, we remove ABF fromLDB. The itemset AC is large in db but small in DB. Since we do not havesupport of AC in DB in hand, we �nd AC's support in DB by intersectingthe tidlists of A and C in DB, which is 2. (tidlistDB(A) = f1; 3; 4; 5; 7; 8; 9g,tidlistDB(C) = f1; 5g, their intersection is f1; 5g) Since the total support ofAC is 3+2=5, AC is added to LDB+db (Application of Lemma 3.2). AF is smallin db, with a total support of 7. Therefore, AF is added to LDB+db, but we donot include it in L2db. BC is large in db but small in DB. So, we compute thesupport of BC in DB, which is 1. The total support of BC is 3, so we do notinclude it in LDB+db nor in L2db. BF is large both in DB and db. So it is largein DB + db with a support of 7. Since CF is small both in DB and db, it issmall in DB + db by Corollary 3.1. Up to this point, we checked each elementof C2db, but not all elements of L2DB. At this moment,Unchecked = fAD;BD;DFg.We did not compute the supports of these itemsets in db since we did notinclude D in L1db, so for each of them we have to compute its support in db



CHAPTER 3. UPDATING LARGE ITEMSETS 47using tidlists of the items contained in the itemset. Supports of AD;BD;DFin db are 1, 0, 0, respectively. We �nd the total support of these itemsets byadding their supports in DB and db. In our case, the supports of AD;BD;DFin DB + db are 7,3,6, respectively. AD and DF are found to be large in thewhole database, so we add them to LDB+db. Since BD is small in the wholedatabase, we have to remove its supersets from LDB, namely BDF .At the end of the second iteration, we �nd thatL2db = f(AC; 3); (BF; 2)g, andL2DB+db = f(AC; 5); (AD; 7); (AE; 5); (AF; 7); (BF; 7); (DF; 6)gBefore proceeding to third iteration, we computeC3db = ;Unchecked = fADFgSince, C3db = ;, we proceed with checking the elements of Unchecked. Thesupport of ADF is 0 in db and its support in DB+db is 5. Thus, we add ADFinto LDB+db and �nish the update operation. The �nal set of large itemsets inDB + db are:L1DB+db = f(A; 11); (B; 8); (C; 6); (D; 8); (E; 5); (F; 11)gL2DB+db = f(AC; 5); (AD; 7); (AE; 5); (AF; 7); (BF; 7); (DF; 6)gL3DB+db = fADF; 5g3.5.1 Comparison with the Existing AlgorithmsTable 3.4 shows the number of candidates generated and counted by theApriori,FUP2, and UWEP algorithms over the example database given in Table 3.3.It is worth noting that the Apriori algorithm re-runs over the whole set oftransactions, and therefore counting candidates over DB and db is irrelevant.As Table 3.4 shows, our algorithm generates a much smaller number of



CHAPTER 3. UPDATING LARGE ITEMSETS 48Apriori FUP2 UWEPIteration 1 Candidates generated in db 6 6 5Candidates counted in DB { 1 1Candidates counted in db { 6 6Total # of candidates counted 6 7 7Iteration 2 Candidates generated in db 15 15 6Candidates counted in DB { 2 2Candidates counted in db { 9 9Total # of candidates counted 15 11 11Iteration 3 Candidates generated in db 1 1 0Candidates counted in DB { 0 0Candidates counted in db { 1 1Total # of candidates counted 1 1 1Table 3.4: Number of Candidates Generated and Counted in the ExampleDatabasecandidate sets than Apriori or FUP2 in this speci�c example (We will analyzethe general case later in detail). Especially for the second iteration, UWEPachieves 15�615 = 60% improvement over the two algorithms. Overall, UWEPhas a performance improvement of 22�1122 = 50% over the two algorithms. Notethat, the candidates counted by UWEP is the same as FUP2, but the numberof candidates generated by FUP2 is larger than the one generated by UWEP .In the case of running the Partition Update algorithm (PU) of [OS98], thenumber of candidates counted is much greater than that of UWEP . In dbthere are four large 1-itemsets and three large 2-itemsets. In order to �ndthem, 11 candidates are generated and counted in db. Since we know thesupport of four of them in DB, PU has to count only 3 candidates on DB.However, it has to count 17 large itemsets of DB over db since their supportsin db are not available. Therefore, a total of 3 itemsets are counted in DB and11 + 17 = 28 itemsets are counted in db. On the other hand, UWEP counts 3candidates in DB and 6 + 9 + 1 = 16 candidates in db. Even only one scan ofdb and DB is enough for counting itemsets, the number of candidates countedis very high in comparison to the UWEP algorithm, where UWEP achievesa 28�1628 = 43% improvement over Partition Update algorithm in the number ofcandidates counted in db.



CHAPTER 3. UPDATING LARGE ITEMSETS 493.6 Completeness and E�ciency of the Algo-rithmThe algorithm UWEP presented in Figure 3.1 correctly and completely com-putes the set of large itemsets in the updated database.Lemma 3.4 Given a set of old transactions (DB), a set of new transactions(db), and a set of itemsets LDB which are large over DB, the algorithm inFigure 3.1 discovers all the large itemsets over DB + db correctly.Proof. Let X be a k-itemset. By Corollary 3.1, X must be large in either DBor db, or both. Thus, in order to compute large itemsets in DB + db, we haveto check large itemsets in DB against db, and large itemsets in db against DB.Let us investigate these two cases:Case 1: Checking for all X 2 LDB against dbIn the initial pruning step (algorithm in Figure 3.2), all itemsets X in LDBsuch that supportdb(X) = 0 are checked. If X is small in DB + db, all of itssupersets are removed from consideration since they can not also be large inDB + db by Lemma 3.1. If X is large in DB + db, we put it into LDB+db,and its immediate supersets into the PruneSet. This process is repeated untilthe PruneSet is empty. In the end, any large itemset in DB whose supportin db is zero is checked against db. Thus, before the while loop on line 5in Figure 3.1, LDB contains the large itemsets in DB whose support in db isgreater than zero, and LDB+db contains all large itemsets containing the itemswhose support is zero in db.In the kth iteration, Unchecked is initialized to the set of large k-itemsetsin DB. Any element of Unchecked that is present in Ckdb is checked on lines9 and 16. If an itemset in Unchecked does not exist in Ckdb, then the secondfor loop counts their support in db, and decides which of them are large in theupdated database. Therefore, all elements of LkDB are checked against db, andthe ones that are large in DB + db are determined.Case 2: Checking for all X 2 Ldb against DB



CHAPTER 3. UPDATING LARGE ITEMSETS 50In the UWEP algorithm, Ckdb contains possibly large itemsets overDB+db,instead of possibly large itemsets in db. In the �rst for loop, only those in Ckdbthat are large over DB + db are put into Lkdb (lines 17 and 22). If a k-itemsetX is large in db but not in DB + db, then it is a waste of e�ort to put it intoLkdb because by Lemma 3.1, it is not possible that a superset of X is large inDB+db. Since any superset of X is certainly small in DB+db, we do not needto check whether any superset of X is large in db or not (even if a superset ofX is large in db, it will be certainly small in the updated database). Since ourpurpose is to generate the large itemsets in DB + db, putting X into Lkdb is awaste of e�ort, and reduces the performance of the algorithm.Thus, the �rst for loop checks for all the itemsets in Ckdb against DB. If anylarge itemset in Ckdb is also large in DB, then we simply put it into LkDB+db online 17 by Lemma 3.3. If it is small in DB, then we count its support in DBusing tidlists, and decide to put it into LkDB+db and Lkdb on line 22. Therefore,all large itemsets in db are checked against DB.As a consequence of Case 1 and Case 2, the algorithm UWEP computesthe large itemsets in DB + db correctly and completely. 2Lemma 3.5 The number of candidates generated and counted by the algorithmUWEP in Figure 3.1 is minimum.Proof. The only candidate generation operation is over db. Therefore, toprove that the number of candidates generated is minimum, we only deal withthe set of candidates in db. C1db contains only the itemsets whose support isgreater than zero. This is the minimum bound because to decide which of theitemsets is large in DB + db, we have to know at least the support of eachitem in db. Therefore, C1db contains the minimum number of candidates. Inthe kth iteration, we put only the itemsets that are large over DB + db intoLkdb. The completeness of this operation is shown in the proof of Lemma 3.4.We have to put those itemsets that are large over DB + db into Lkdb because,their supersets are possibly large over DB + db, and we have to check them inorder to complete the update operation. Since, we do not include any otheritemset in Lkdb, this is the minimumbound for a level-wise algorithm. As shown



CHAPTER 3. UPDATING LARGE ITEMSETS 51in Figure 3.3, the candidate set Ck+1db is computed from Lkdb, so the number ofcandidates generated in db is also minimum.Since the candidates generated in db is minimum, the number of candidatescounted in db is also minimum. The only remaining issue is the number ofcandidates counted inDB. Since, we only scanDB in order to �nd the supportof an itemset that is not large in DB, this is also the lower bound. Hence, thenumber of candidates counted is minimum. 23.7 Experimental ResultsIn order to measure the performance of UWEP , we conducted several experi-ments using the synthetic data introduced in [AS94]. Before proceeding to thedetails of the experiments, we would like to present the parameters used in thedata generation procedure.The synthetic data generated in [AS94] mimics the transactions in the re-tailing environment. Our synthetic data generation procedure is a simple ex-tension of the method used in [AS94]. We generated a transaction database ofsize 2� jDBj, where the �rst jDBj transactions were placed into the set of oldtransactions. From the remaining transactions, we took the �rst jDBj10 transac-tions for the �rst incremental database, took the �rst 2�jDBj10 transactions forthe second incremental database, and so on. Since all transactions are gen-erated using the same statistical pattern, the transactions in the incrementaldatabase exhibit the same regularities in the original database. In the experi-ments, we used the following parameters. Number of maximal potentially largeitemsets=jLj=2000, number of transactions=jDj=200,000, average size of thetransactions=jT j=10, number of items=N=1000 and average size of the max-imal potentially large itemset=jIj=4. We follow the notation Tx:Iy:Dm:dnused in [CHNW96] to denote databases in which jDBj = m thousands, jdbj = nthousands, jT j = x and jIj = y. Readers not familiar with these parametersare referred to [AS94].For the �rst experiment, we measured the speedup gained by UWEP over
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Figure 3.4: Speedup by UWEP over Partition Algorithmrerunning Partition algorithm [SON95]. We have chosen Partition since it isone of the best association rule algorithms and the same data structures andmethodology for �nding large itemsets are used in both algorithms. Figure 3.4shows the results for T10:I4:D100:d10. The y-axis in the graph representsExecution T ime of PartitionExecution T ime of UWEP , and x-axis represents di�erent support levels. As itcan be seen from Figure 3.4, UWEP performs much better than re-runningPartition. Figure 3.4 shows that at lower support levels, the speedup gain ofUWEP increases from 1.5 to 6 as the minimum support decreases from 3%to 0.1%. For support levels higher than 3%, the speedup seems to converge to1.5.In the second experiment, we measured the e�ect of the size of the incre-mental database on the execution time of the algorithms. Figure 3.5 showsthe execution times for UWEP and Partition algorithms for T10:I4:D100:dn,where n varies from 10 to 100, with the minimum support set to 0.5%. Forsmaller sizes of the incremental database, UWEP achieves a much better per-formance than Partition. As the size of the new transactions increases, the
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Figure 3.5: Execution Times of UWEP and Partition Algorithmsexecution time of UWEP gets closer to that of the Partition. On the otherhand, despite adding 100% transactions, UWEP still performs better thanre-running Partition. One interesting feature of UWEP is that its executiontime is linear to the size of incremental database under a speci�ed minimumsupport. In this sense, UWEP can scale up linearly to the size of incrementaldatabase whatever the minimum support is.The third experiment investigates the number of candidates generated andcounted for the three update algorithms, Partition Update, FUP2, and UWEP .For this experiment, we generated an increment database containing a smallernumber of items than that in the original database. Table 3.5 shows the numberof candidates generated and counted for three algorithms for T10:I4:D100:d10with 900 items in the new set of transactions. The reason behind smallernumber of items in the incremental database is to see the e�ects of data skew-ness in the update of large itemsets. As Table 3.5 shows, UWEP generatesa much smaller number of candidates in comparison to the other two algo-rithms, between 32%{53% of those generated by FUP2 and Partition Update.



CHAPTER 3. UPDATING LARGE ITEMSETS 54(1) (2) (3) Imprv. Imprv.minsup PU FUP2 UWEP on (1) on (2)Candidates 0.75% 100177 99797 53759 46% 46%Generated 0.5% 146431 161746 90884 38% 44%in db 0.1% 351652 511717 239662 32% 53%Candidates 0.75% 100341 53762 53762 46% {Counted 0.5% 147740 91417 91417 38% {in db 0.1% 379352 251963 251963 34% {Candidates 0.75% 206 187 187 9% {Counted 0.5% 1612 571 571 65% {in DB 0.1% 28040 8675 8675 69% {Total 0.75% 100547 53949 53949 46% {Candidates 0.5% 149352 91988 91988 38% {Counted 0.1% 407392 260638 260638 36% {Table 3.5: Number of Candidates Generated and Counted on Synthetic DataThe number of candidates counted by UWEP is exactly the same as that byFUP2. However, the Partition Update algorithm counts more candidates thanUWEP counts, up to 69%. The results indicate that UWEP performs muchbetter than the other two algorithms when some of the large itemsets in DBare absent in db, thus in DB + db, as well.3.8 Theoretical Discussion of the Update Al-gorithms3.8.1 Number of CandidatesUWEP yields a smaller candidate set in comparison to other update algo-rithms. FUP2 [CLK97], which is a generalization of FUP [CHNW96], exam-ines a large k-itemset only in the kth iteration and generates the candidateset Ckdb from the set of large (k � 1)-itemsets in the updated database. Then,by means of a few optimizations, it prunes some of the candidates and countsthe remaining over DB and db. PartitionUpdate(PU) �nds the set of large



CHAPTER 3. UPDATING LARGE ITEMSETS 55itemsets in db and then checks large itemsets in DB against db and vice versa.Thus, it generates the candidate set Ckdb from the set of large (k�1)-itemsets inthe incremental database. Similarly, the algorithms in [SS98a, TBAR97] gen-erate the candidate set Ckdb from the set of large itemsets Lk�1db , with the samenumber of candidates in PU . On the other hand, UWEP generates the set ofcandidate set Ckdb from the set of itemsets that are large both in db and in theupdated database. This results in a much smaller candidate set in comparisonto the mentioned algorithms.In some special cases, the di�erence between the number of candidates gen-erated by UWEP and by the other update algorithms may converge. Whenthe large itemsets in DB and DB + db are nearly same, UWEP and FUP2generates and counts nearly the same number of candidates. However, whenthe data is skewed and db does not include most of the large itemsets in DB,UWEP outperforms FUP and FUP2. PU algorithm may perform betterwhen db contains a smaller number of large itemsets. This is also valid for theother update algorithms since they generate the candidates only over db. How-ever, as we proved in Section 3.6, UWEP generates and counts the minimumnumber of candidate itemsets for a level-wise algorithm. Hence, UWEP is thebest algorithm in terms of the number of candidates generated and counted.3.8.2 Time ComplexityThe motivation behind the update algorithms is using the background knowl-edge to avoid repetition of the computation of old large itemsets. Thus, re-running an association rule algorithm, say Apriori [AS94], performs worse thanany update algorithm since the set of old large itemsets are ignored and all thework done previously is repeated.UWEP takes its power from pruning the large itemsets as early as pos-sible and generating the minimal number of candidates. This smaller num-ber of candidates to be examined brings an advantage to UWEP in terms oftime complexity. In the experimental work, we did not compare UWEP andFUP2 in terms of time complexity because the underlying data structures andmethodologies for counting the supports of itemsets are completely di�erent.



CHAPTER 3. UPDATING LARGE ITEMSETS 56In such an experiment, the results solely depend on the di�erence betweenthe frameworks (Partition algorithm used by UWEP and Apriori algorithmused by FUP2) of these two algorithms, instead of the e�ciency of the updatealgorithms. Theoretically, it is expected that UWEP performs better thanFUP2 because it generates a smaller number of candidates than the latter.The di�erences between the two algorithms are the pruning step of UWEPand the pruning optimizations employed in FUP2. The pruning operation inUWEP requires less time because of the data structures used for storing largeitemsets. Pruning candidate itemsets in FUP2 is also e�cient by means ofstoring upper bounds for itemsets. However, each candidate itemset is checkedfor the pruning operation and this may require more time. Especially, in thesecond iteration, the candidate set is very huge and checking for pruning eachitemset is costly. UWEP generates its candidate set carefully and minimizesit instead of generating an extremely large set and then pruning it. Actually,the number of candidates counted is the same. The di�erence between thecandidates generated and candidates counted is the drawback of the FUP2algorithm, and this gives an advantage to UWEP .In addition to the improvement on the size of the candidate set, UWEPrequires fewer scans over DB and db. FUP2 requires a scan over the set oftransactions for each iteration while UWEP requires at most one scan overDB and exactly one scan over db for the whole computation. Especially forlarge datasets, this also yields a great improvement over FUP2. However, aswe noted earlier, this is a direct consequence of the underlying frameworks oftwo algorithms.PartitionUpdate(PU) algorithm also performs worse than UWEP , becauseit �rst generates the candidate set on db without using the information aboutthe old large itemsets. Thus, it may generate and count itemsets that haveno chance to be large in the whole database. Besides, PU does not prune thelarge itemsets in DB and checks for each large itemset in DB whether it islarge in the whole set of transactions. The only bene�t of the PartitionUpdatealgorithm comes from using the set of large itemsets in DB from a �le insteadof computing them again. In terms of number of scans over the database, PUmakes an extra scan over db in comparison to UWEP in order to check the



CHAPTER 3. UPDATING LARGE ITEMSETS 57large itemsets in DB against db.The candidates are generated over db in [SS98a, TBAR97], too. The samearguments in PU apply to these algorithms, and their performances are alsoworse than UWEP . The major disadvantage of the algorithms in [SS98a,TBAR97] is the storage and re-computation of the negative border, that re-quires much space and time, respectively. Moreover, many scans over the in-cremental database are required in both algorithms. Number of scans over DBdepend on the number and size of new large itemsets, and it may be greaterthan one.



Chapter 4Case of Deleted TransactionsIn this chapter, we will examine the case where some of the existing transactionsin DB are removed fromDB. Throughout this chapter, we will use db� for theset of transactions that will be deleted, and DB�db for the set of transactionsthat remain in the database after the update.In order to give an intuition about the problems in deletion, we �rst in-vestigate the possible cases according to whether an itemset X is small orlarge in DB and db�. We will provide examples to illustrate di�erent cases inDB � db. In the examples below, we will take jDBj = 100, jdb�j = 10, andminsup = 20%. For X to be large in the updated database, its support inDB � db must be greater than or equal to 18.Case 1: X is large in DB and small in db�.In this case, X must be large in DB � db.Lemma 4.1 If X is large in DB and small in db�, then X must be large inDB � db.Proof. Since X is large in DB, supportDB(X) � jDBj � minsup. Since Xis small in db�, supportdb� (X) < jdb�j �minsup. If you multiply the secondexpression by -1 and add two equations, supportDB(X) � supportdb� (X) �58



CHAPTER 4. CASE OF DELETED TRANSACTIONS 59jDBj�minsup�jdb�j�minsup, which is equal to supportDB�db(X) � jDB�dbj �minsup. Thus, X is large in the updated database. 2Case 2: X is large in DB and large in db�.X can be large inDB�db. Consider the case where supportDB(X) = 30 andsupportdb�(X) = 2. Then, supportDB�db(X) = 28, so X is large in DB � db.X can be small inDB�db. Consider the case where supportDB(X) = 20 andsupportdb�(X) = 5. Then, supportDB�db(X) = 15, so X is small in DB � db.Case 3: X is small in DB and small in db�.X can be large inDB�db. Consider the case where supportDB(X) = 19 andsupportdb�(X) = 1. Then, supportDB�db(X) = 18, so X is large in DB � db.X can be small inDB�db. Consider the case where supportDB(X) = 15 andsupportdb�(X) = 1. Then, supportDB�db(X) = 14, so X is small in DB � db.Case 4: X is small in DB and large in db�.In this case, X must be small in DB � db.Lemma 4.2 If X is small in DB and large in db�, then X must be small inDB � db.Proof. Since X is small in DB, supportDB(X) < jDBj �minsup. Since X islarge in db�, supportdb� (X) � jdb�j �minsup. If you multiply the second by-1 and add two equations, supportDB(X)�supportdb� (X) < jDBj�minsup�jdb�j � minsup, which is equal to supportDB�db(X) < jDB � dbj � minsup.Thus, X is small in the updated database. 2Table 4.1 summarizes the possible cases in deletion of transactions. Whenwe update a set of transactions by deleting some of the transactions, thereare two possible cases: The existing large itemsets may become small afterupdate (Case 2 in Table 4.1), or some itemsets that are small in the originaldatabase may become large after update (Case 4 in Table 4.1). Because ofthese reasons, to �nd the set of large itemsets in the updated database, we



CHAPTER 4. CASE OF DELETED TRANSACTIONS 60Cases In DB In db� In DB � dbCase 1 Large Small Certainly largeCase 2 Large Large May be small or largeCase 3 Small Small May be small or largeCase 4 Small Large Certainly smallTable 4.1: Possible Cases in Deletion of Transactionshave to check whether the old large itemsets are still large or not, and whethersome itemsets are added to the set of large itemsets or not.4.1 Existing ApproachesUpdate of large itemsets in case of deletion of transactions is not studied much.To the best of our knowledge, there are two update algorithms handling deletionof transactions: FUP2 [CLK97] and Thomas's algorithm [TBAR97].In [TBAR97], the logic is similar to the case of addition of transactions.They use the negative border of DB in order to e�ciently compute the largeitemsets in DB � db. The paper did not discuss the case of deletions in detail,so we can not provide a detailed analysis of the algorithm here.FUP2, for the case of deleted transactions, is presented in Figure 4.1. Thecandidate set is generated over DB � db, and then it is partitioned into twosets: Pk contains the ones that are large in DB and Qk contains the others.db is scanned to �nd the support of each candidate itemset. By Lemma 4,candidate itemsets that are large in db are removed from Qk. Since we havethe support of itemsets in Pk in DB and db, it is trivial to �nd the ones thatare large in the updated database. For the itemsets in Qk, we have to �ndtheir supports in DB�db by scanning the updated database. Then, we decidewhich of the itemsets in the candidate set promote to the set of large itemsetsin DB � db.The major disadvantage of FUP2 is that it scans the databases as many



CHAPTER 4. CASE OF DELETED TRANSACTIONS 61FUP2 delete(k)1 CkDB�db = generate candidate(Lk�1DB�db)2 if CkDB�db 6= ; then3 begin4 Partition CkDB�db into Pk = CkDB�db \ LkDB and Qk = CkDB�db � Pk5 for each X 2 Pk [Qk do6 compute supportdb�(X) by scanning db�7 for each X 2 Pk do8 compute supportDB�db(X)9 Remove candidates which are large in db� from Qk10 for each X 2 Qk do11 compute supportDB�db(X) by scanning DB � db12 Add candidates in Pk [ Qk which are large in DB � db to LkDB�db13 Stop if jLkDB�dbj < k + 114 endFigure 4.1: FUP2 Algorithm: Deletion of Transactionstimes as the length of the maximal itemset. As we will investigate in Sec-tion 4.2, the intuition behind FUP2 seems to be the best solution in the caseof deleted transactions.4.2 Challenges in Update for Deletion CaseIn case of added transactions, a large itemset in DB + db must be large inat least one of DB and db. Thus, �nding large itemsets in the incrementaldatabase is su�cient to determine the set of large itemsets inDB+db. However,in the case of deleted transactions, a new itemset can be added to the set oflarge itemsets in DB � db if it is small both in db and DB. In other words, asmall itemset in db can be large in the updated database. As a consequence,keeping the set of large itemsets in db is not su�cient to �nd the large itemsetsinDB�db. The candidate set for any iteration must also include those itemsetsthat are small in db but large in DB � db.Because of this reason, there are two possible approaches.1. Keep small itemsets in db as well as the large itemsets.



CHAPTER 4. CASE OF DELETED TRANSACTIONS 622. Generate the candidate set CkDB�db from Lk�1DB�db.The �rst approach is a costly operation because the set of small itemsets ina database is much larger than the set of large itemsets. If we denote theset of small k-itemsets in db by Skdb and all itemsets of length k by PSk, thenSkdb = PSk � Lkdb. Finding all itemsets of length k, eliminating the ones inLkdb, and counting their supports is very expensive in terms of time and space.Thus, this approach is not an e�cient solution.The second approach is used in FUP2 algorithm [CLK97]. As in case of ad-dition of transactions, they generate the candidates over the updated databaseinstead of the incremental database. The methodology used by [CLK97] seemsto be the best solution to this problem without using the knowledge of oldlarge itemsets. Let us investigate the reasons behind this claim.Let us think LkDB�db as two separate sets. Let OldLarge be the set ofitemsets in DB � db that are large in DB and OldSmall the set of itemsets inDB�db that are small in DB. For any itemsetX in OldSmall, the supersets ofX are also small in DB, and LDB does not contain them. Thus, the candidateset must contain those containing X. The only improvement we can do isreducing the number of itemsets that contain no items from OldSmall ,i.e.,the itemsets that can be generated from the set OldLarge.Example 4.1 Let LkDB�db = fA;B;C;D;Eg. Let OldLarge = fA;B;C;Dgand OldSmall = fD;Eg. FUP2 puts into CkDB�db all itemsets of length 2containing the items in L2DB�db. The candidate set for an update algorithmshould contain AD;AE;BD;BE;CD;CE, and DE, because D and E arepreviously small and none of the itemsets containing them exists in the set ofold large itemsets. The only improvement we can do is to prune any of AB;ACand BC. One possible solution is not to generate candidates over OldLargebut this does not work when at least one of AB;AC and BC is small in DB.If one of them is small, then it has a chance to be large after the deletion oftransactions, so we have to put it into the candidate set.Since we know the large (k + 1)-itemsets in DB, one possible approach toreduce the size of the candidate set is not to include those that are large in



CHAPTER 4. CASE OF DELETED TRANSACTIONS 63DB. However, it does not seem doable directly with the generate candidatefunction, because generate candidate function computes the candidates fromLkDB�db without any other information. Then, we have to modify the candidategeneration function to use the information on Lk+1DB . This can be done bygenerating the candidates over OldLarge and removing those that are in Lk+1DB .However, this requires generating the candidates and pruning them, that issame as the method used in FUP2. As a result, there is no way to generateonly the candidates over OldLarge which are small in DB.The best solution for generating candidate set seems to be using LkDB�db inthe generate candidate function. Therefore, we can not make an improvementon the size of the candidate set by the optimization employed in UWEP .Moreover, the early pruning strategy in UWEP does not bring an advantagein case of deleted transactions with respect to the algorithm FUP2. In otherwords, early pruning does not result in a smaller candidate set in the lateriterations. As it can be seen in Figure 4.1, FUP2 makes a kind of pruning bydividing CkDB�db into Pk = CkDB�db \ LkDB and Qk = CkDB�db � Pk.To conclude, we can say that the optimizations employed in UWEP do notwork in the case of deletions. Without using negative border, FUP2 seems tobe the optimal level-wise algorithm when some of the transactions are deletedfrom the database. The only drawback of FUP2 is the number of scans overthe databases. This problem can be solved using the framework of UWEP ,i.e., the framework in the Partition algorithm [SON95].



Chapter 5ConclusionDiscovering association rules is an important class of data mining, and associ-ation rules have a wide area of usage. Although many e�cient algorithms havebeen proposed up to now, extracting association rules is still a computationallyexpensive operation in large databases.Since it is a time-consuming operation, the maintenance of association rulesis also an important issue, especially in dynamic databases in which frequentadditions and deletions take place. Instead of computing all the rules again,we proposed an e�cient algorithm in this thesis, which uses the previouslydiscovered rules in order to �nd the set of new association rules. Update WithEarly Pruning (UWEP), as presented in this thesis, attempts to minimize thenumber of candidates generated and counted over the incremental database.Speci�cally, we show that UWEP generates and counts the optimally min-imum number of candidates. Moreover, it outperforms the existing updatealgorithms in terms of the number of scans over the databases. While theother update algorithms make as many passes as the length of maximal largeitemset, UWEP requires at most scan over the old database, and exactly onescan over the incremental database.We presented a theoretical comparison of UWEP with the other update al-gorithms, and showed that UWEP outperforms the others theoretically. More-over, experimental results indicate that our theoretical analysis is valid in real64



CHAPTER 5. CONCLUSION 65life, too. The experiments on synthetic data, which is assumed to imitate thereal life [AS94], supported our claim about the optimality of our algorithm.5.1 Future Work on UWEPSome possible future work are summarized as follows.� We said that the number of scans over the databases is limited to one.However, this requires that the memory should be big enough to hold thesets of inverted lists, and the set of candidate itemsets generated. Thisrequirement can be overcome by applying memory bu�ering techniques,or a partitioning framework applied in the Partition algorithm [SON95].� We studied on the framework of association rules, and proposed an algo-rithm to update large itemsets e�ciently. However, there are data miningtasks which are also based on the generation of large itemsets. We believethat UWEP can be modi�ed easily to be applicable to other data miningtasks, such as discovering sequential patterns or deviations.� We showed that the case of deletions and modi�cations is more di�cultto handle than the case of additions. The more e�cient applicability ofUWEP to those cases is an interesting future work.� The logic in UWEP may be used to develop an e�cient algorithm tomine the association rules in a large database. By considering each trans-action (or a certain set of transactions) as an incremental database, can wedevelop a new algorithm to �nd all the rules valid on the whole database?
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