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ABSTRACT

A CONSTRAINT-BASED INCREMENTAL APPROACH
FOR UPDATE OF LARGE ITEMSETS

Engin Demir
M.S. in Computer Engineering
Supervisor: Prof. Dr. Erol Arkun
August, 2001

The main focus of data mining, subject of numerous studies in recent years, is
to extract and analyze hidden knowledge from the collected and stored massive
amounts of data. In order to manage this process, many automated knowledge
discovery techniques have been developed. Discovery of association rules, which is
the process of mining interesting and frequent patterns from data, is an important
class of data mining. Most of the researchers proposed techniques for static
databases but in real applications dynamic approaches are necessary to maintain
the frequent patterns in terms of association rule mining. Additionally, from the
standpoint of users, previously developed systems have lack of user exploration
and control, lack of focus, and rigid notion of relationships. In this thesis, we
propose a solution to both of the shortcomings of the previous systems. We
integrate the anti-monotonicity and succinctness constraints to the previously
developed update with early pruning (UWEP) algorithm.

Keywords: Data mining, constraint based, association rules, update of large item-

sets, pruning.

iii



OZET

YOGUN NESNE KUMELERININ GUNCELLENMESI
ICIN SINIRLAMAYA DAYALI ARTIMLI BIR
YAKLASIM

Engin Demir
Bilgisayar Mihendisligi, Yiiksek Lisans
Tez Yoneticisi: Prof. Dr. Erol Arkun
Agustos, 2001

Son yillarda birgok caligmaya konu olan veri aragtirmasinin temel amac, birik-
tirilen ve depolanan yiksek hacimli verilerin i¢inde sakli olan bilgileri ¢ikartmak
ve ¢oztimlemektir. Bu iglemi yiritmek icin ¢ok sayida bilgi bulma teknikleri
geligtirilmigtir. Verilerdeki ilging ve yogun olugumlar: bulmaya yarayan iligki ku-
rallarinin belirlenmesi veri aragtirmasinda énemli bir yaklagimdir. Duragan veri-
tabanlar: i¢in kimi teknikler geligtirilmig olmasina kargin; gercek uygulamalarda
iligki kurallarinin aragtirilmasinda yogun olugumlan giincellemek i¢in dinamik
yaklagimlara da gereksinim vardir. Ayrica, kullanicilar acisindan bakildiginda,
mevcut sistemlerde, arama ve denetim eksiklikleri, odaklanma eksikligi, ve
iligkilendirmelerde kati bir yalinlik vardir. Bu tezde, mevcut sistemlerdeki iki
eksiklige de ¢6zim onerilmektedir. Erken eliminasyon yontemi ile yogun nesne
kiimelerinin giincellenmesini gerceklegtiren UWEP algoritmasina, monoton ol-
mayan ve 6zli simirlamalara uyum yetenekleri de uyarlanmigtar.

Anahtar sozctikler: Veri aragtirmasi, sinirlamaya dayali, iligki kurallari, yogun
nesne kiimelerinin giincellenmesi.
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Chapter 1

Introduction

Knowledge management is the most time consuming and expensive part of our
daily lives. While the storage of data is getting even bigger, the strategies for
processing all these data become much more complicated. The automatic knowl-
edge discovery tools have emerged in order to overcome this difficulty, and have

taken the great attention of researchers in the database literature.

Results of these automated tools can be too complicated that in some cases
we need another automated tool to simplify the representation of these results.
Currently there are a few methodologies to identify the knowledge within huge
amounts of data such as association, classification, clustering, and sequence min-
ing. All these methods attack the same problem in different representation
schemas. Association has the goal to discover the re-occurrence of records in
a dataset to identify some types of implications between these records. Classifi-
cation targets finding out the characteristics of the underlying data, and this is
used in the estimation of a specific attribute in the domain. Clustering divides
the dataset into disjoint groups with a similarity measure defined by the user.
Sequence mining uses the order of the records in the dataset and determines the

characteristics of the dataset according to the sequence of any subset of data.

An association rule, X = Y, is a statement of the form “for a specified fraction

of the total transactions, a particular value of the attribute set X determines the
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value of an attributes set Y with a certain confidence”. The problem of association

rule mining is divided into two consequent sub-problems [3]:

1. All large itemsets (frequent patterns) are discovered in the transaction
database, where large itemsets represent the itemsets which have a number
of occurrence greater than or equal to a user specified minimum threshold

in a database.

2. Association rules are generated using the large itemsets found in the previ-

ous step.

Frequent pattern analysis and the simplicity in the representation of associ-
ations made association rule mining popular in the research community, and an
extensive amount of research has been done on this area. Customer transactions,
web logs, event logs, biological information databases are just a few types of

databases where association rule mining is applicable.

In this thesis, we attack the problem of maintenance of large itemsets in dy-
namic databases where the user can control the process by determining his focus
in terms of constraints. The previously proposed incremental algorithms can be
considered as a black-box where the user has no control over the process until
the end of the algorithm. In our approach, we used anti-monotonicity and suc-
cinctness constraints, which will be defined in the next chapter, to set the focus
of the user in the mining step. As an incremental approach we carried out the
methodology presented in UWEP [10], and proposed an efficient algorithm called
Constraint-Based Update of Large Itemsets (CBULI). Our algorithm fills the
gap between constraint based mining and association rule mining in an incre-
mental environment. CBULI scans the incremental database, db once and initial
database, DB at most once with the advantage of generating and counting the
minimal number of candidates in the large itemset generation framework by using

user specified constraints.
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1.1 Owutline of the Thesis

This thesis is organized as follows. We introduce association rule mining with an
analysis of the previous algorithms in Chapter 2. Especially a broad survey on
constraint based mining and incremental update techniques is included to give
a detailed understanding of the concepts underlying the approach we present in
the following chapter. In Chapter 3, we present an incremental mining algorithm
called CBULI, which achieves a maximized degree of pruning for all categories
of constraints, and experimental results are reported in Chapter 4. We conclude

our thesis and give suggestions for future work in Chapter 5.

T.C. YOKSEKOER ETIM KURULU
DOKDIMAMTASYON



Chapter 2

A Survey in Association Rule

Mining

2.1 Background

The research area of Knowledge Discovery in Databases and Data Mining is
a composition of several disciplines from statistics, databases, pattern recogni-
tion, artificial intelligence, optimization, visualization, and parallel computing.
Data Mining is defined as a sub-process in Knowledge Discovery in Databases in
database terminology. We repeat the definitions of these terms as given in [13]

to make clear the bounds of this research area.

“Knowledge Discovery in Databases (KDD) is the process of identifying
valid, novel, potentially useful, and ultimately understandable structure in data.
This process involves selecting or sampling data from a data warehouse, clean-
ing or preprocessing it, transforming or reducing it (if needed), applying a data

mining component to produce structure, and evaluating the derived structure.”

“Data Mining is a step in the KDD process concerned with the algorithmic
means by which patterns or models (structures) are enumerated from the data

under acceptable computational efficiency limitations.”
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Data mining techniques can be divided into five classes:

e Predictive Modeling: An attribute in the database is predicted according
to the properties of other data.

o Clustering: Data is divided into specific groups where each data correspond-
ing to a group is more “similar” to each other than the other groups. The

similarity measurement is a user specified relationship between the records.

e Dependency Modeling: Probabilistic density functions for the causal data

structure underlying the database is estimated.

e Data Summarization: Interesting summaries of subsets of the data is com-

puted such as similarities between a few attributes in the data.

e Change and Deviation Detection: The order of data in the database is

considered as a starting point and sequential information is mined.

2.2 Association Rule Mining

Association rule mining is a common method used in data summarization. As-
sociations are rules that state certain combinations of values occur with other
combinations of values with a specified frequency and certainty. In this sense,
association rules aim to explain the presence of some attributes according to the
presence or absence of some other attributes. The problem was studied first by
Agrawal et al. [3] in 1993 on a supermarket basket data, and has been widely
explored to date.

2.2.1 Problem Description

Formally, let I = {z1,z3,...,2,} be a set of distinct literals, called items. A set
X C I with |X| =k is called a k-itemset or simply an itemset. Let a database
DB be a multi-set of subsets of I. Each T' € DB is called a transaction. We
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say that a transaction T' € DB supports an itemset X C I if X C T holds. An
association rule is an expression X = Y, where X,Y are itemsets and XNY = {
holds. The fraction of transactions T' supporting an itemset X with respect
to database DB is called the support of X, support(X) = |{T € DB|X C
T}|/|DB| and the itemsets which have support(X) > minsup are called large.
The support of a rule X = Y is defined as support(X = Y) = support(XUY).
The confidence of this rule is defined as confidence(X = Y) = support(X U

Y')/support(X) [6].

Given a set of transactions DB, the problem of mining association rules is
to generate all association rules that have support and confidence greater than
the user specified minsup and minconf, respectively. Formally, the problem is
generating all association rules X = Y, where support(X UY') > minsup x |DB]|
(frequency constraint) and support(X UY)/supp(X) > minconf.

2.2.2 Analysis of Algorithms

The first algorithm in this area is Apriori [6]. It is based on an iterative level-
wise approach to generate and compute all large itemsets. Each level corresponds
to the length of the itemsets. At the first step, all items in the transaction
database are considered as candidates C' for that level. These candidates are
checked in the transaction database to have a support greater than the minimum
support threshold, minsup. The itemsets passing the validation belong to the
large itemsets, L'. In following levels, C* is generated by performing a (k — 2)
join on large itemsets of the L*~! and then satisfaction of frequency constraint for
these itemsets is validated in the transaction database. This process continues in

this manner until C¥ = (). Apriori uses the following fact to prune the itemsets:
“All subsets of a large itemset must also be large.”

Apriori style algorithms are decomposed into two steps [3]. At the first step
all large itemsets are computed and then at the second step all these large itemset

are used to generate the association rules in the transaction database.
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The latter problem is simpler, since given an itemset I = {1, 2,,...,2%} we
can generate at most k rules of the form {I — {z,}} = {z,} and validate them to
have a confidence greater than the user specified confidence threshold minconf.
An efficient algorithm for the generation of association rules from the set of large

itemset is presented in [4].

Computation of large itemsets is a more difficult task than rule generation
especially for large databases. Therefore, most of the previous resecarch was done

on the computation of large itemsets.

After the introduction of Apriori algorithm [6], researchers concentrated on
eliminating the bottlenecks of this approach and carried out their studies on the

following aspects:

e Reducing number of passes over the transaction database to improve I/O
cost [42, 15]

e Improving large itemset generation procedure to maximize computational

efficiency [36, 32, 11, 56, 31, 23, 44]

e Finding efficient distributed and parallel algorithms for association rule gen-
eration [5, 16, 57]

e Improving I/O and computational costs by using sampling techniques [58,
52]

e Applications of the large itemset generation method to different types of as-
sociations such as quantitative, generalized, sequential, cyclic and negative
association rules. [47, 45, 46, 43]

e Online methods for the application of preprocess-once-query-many ap-

proach in online analytical processing (OLAP). [24, 2]

e Incremental approaches for the maintenance of discovered association rules.
[17, 30, 19, 18, 49, 7, 41, 35, 50, 10, 39]

e Approaches for multi-level, hierarchical databases. [21, 28]
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e Constraint-based association rules. [48, 34, 12, 33, 29, 22, 20, 37, 55, 38]
¢ SQL-based association rule mining. [27, 51, 40]

e Different relationships between set of itemsets in the transaction database
[14, 54, 53]

For a detailed description and comparison of the previous approaches please
refer to [9, 1, 26]. In the following sections, we give a broad survey on both

constraint-based association rule mining and incremental association rule mining.

2.3 Constraint-based Association Rule Mining

Association rule mining is a batch process where the user sets minimum support
and minimum confidence thresholds and then performs the mining step. Nothing
in between is interacted with the user. However, these thresholds do not always
lead to interesting and reasonably understandable results. The user should clarify
his focus in the mining step. A simple solution is to perform a pre-processing on
the database by cleaning the part out of focus and after the mining operation

post-processing the results according to needs of the user.

Constraint-based association rule mining is proposed to make the mining pro-
cess more human-oriented. This leads to ad hoc mining while increasing the

performance of current approaches.

This problem is first addressed in [34] and the main problems of the present-

day model of association rule mining are identified as:

e Lack of user exploration and control: Lack of user interaction with the
system in the internal steps of the algorithm is a drawback of the current

systems.

e Lack of focus: Ad hoc mining is a must.
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¢ Rigid notion of relationships: Different notions of relationships other than

the support and confidence metrics can also be used.

2.3.1 Problem Description

As a special case of association rule mining, constrained association is defined
as a set of itemsets {X|X C I&C(X)}, where C denotes one or more Boolean
constraints. This is based on large itemset generation framework and addition-
ally, constraints on antecedent or consequent of association rules are defined to

construct rules from previously computed constrained associations.

C is a conjunction of SQL like constraints where

1. Single Variable (1-var) Constraints:

(a) Class Constraints: S.A C A, where S.A is a set of values from the

domain of attribute A.
(b) Domain Constraints:

o Vz € S.A,z 0 v, where 8 is one of the operators =,#,<,<, >, >
and v is a constant value.

e v 0 S.A, where 8 is one of the operators €, ¢&.

o VV 6 S.A, where 6 is one of the operators €,¢ and V is a set of

constants from the domain of attribute A.

(c) Aggregate Constraints: agg(S.A) 6 v, where agyg is one of the aggregate
functions Min, Maz, Sum,Count, Avg and 8 is one of the operators
=,#,<,S,>,Z.

2. Two Variable (2-var) Constraints:

e 51.A 60 S5.A, where 0 is one of C,¢,C, .
o (S1.A 0 55.A) 0 V, where 6 is one of =,#,C,¢,C,Z, ois one of U,N

and V is a set of constants (including 0).

€, YOKSEKOERETIM KURULT
T\D@K@MANTASYON MERKZZ]
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e agg1(S1.A) 0 agga(S3.A), where agg1,agg, are aggregate functions and
0 is one of the operators =, #, <, <, >, >.

Assume that we store information - specific attributes such as price and
type of items - about items in a transaction database. This information lets
us specify some sort of constraints that are mentioned above. For instance,
S.Price < 1000 selects all items in S with price less than or equal to 1000 where S
is a set variable on the Item domain. The constraint {snacks,beers} C S.Type
returns a set on Item domain where each itemset in S should include some
items whose type is snacks and some items whose type is beers, however
S.Typen{snacks, beers} = § excludes such items. These constraints are examples
of 1-var constraints. 2-var constraints include two distinct sets of items to com-
pare. For instance, Maxz(S;.Price) < Avg(Sz.Price). Complex queries can be
performed by joining different constraints, i.e. {sodas} C S1.T'ype & {beers} C
So.Type & Max(S;.Price) < Min(S;.Price) that finds pairs of sets of cheaper

soda items and sets of more expensive beer items.

2.3.2 Basic Terminology

Definition 2.3.1 (Anti-monotone and monotone constraints) A con-
straint Com is anti-monotone if and only if for any pattern X not satisfying
Cam, none of the super-patterns of X can satisfy C,,, where a super-pattern
X' D X. A constraint Cp, is monotone if and only if for any pattern X satisfying

the constraint, C,, every super-pattern of X also satisfies C,,.

Lemma 2.3.1 All subsets of an itemset X satisfying anti-monotone constraints

(Com) in a database D, also satisfy these anti-monotone constraints in D.
Definition 2.3.2 (Succinct constraints)
1. A subset of items I is a succinct set, if it can be expressed as a,(Item) for

some selection predicate p, in which Item is the set of items, and o is the

selection operator.
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Constraint Anti-monotone | Succinct
VeeSAzb0v,(0€{=<2>}) Yes Yes
vES.A No Yes
SADV No Yes
SACV Yes Yes
SA=V Partly Yes
Min(S.A) <w No Yes
Min(S.A) > v Yes Yes
Min(S.A)=v Partly Yes
Maz(S.A) <wv Yes Yes
Maz(S.A) > v No Yes
Maz(S.A)=v Partly Yes
Count(S.A) <v Yes No
Count(S.A) > v No No
Count(S.A) = v Partly No
Sum(S.A) <wv Yes No
Sum(S.A) > v No No
Sum(S.A) = v Partly No
Avg(S.A)6v (0 € {=,<,>}) No No

Table 2.1: Characterization of commonly used 1-var constraints [34]

2. SP C 2"™ s q succinct powerset, if there is a fired number of succinct
sets Itemy,...,Itemy C Item, such that SP can be ezpressed in terms of

the strict powersets of Item,, ..., [temy using union and minus.

3. A constraint C is succinct provided SATo(Item) is a succinct powerset,
where SATc(Item) is the set of itemsets that satisfy C.

Suppose that C,, = S.Price > 1000 and Itemy; = OPrice>1000([tem),
then Cl,. is succinct since SATg,, (Item) is simply 27*™ . Suppose Cy =
{snacks,sodas} C S.Type and Itemi = Orype=ssnacksw(Item), Item, =
OType=“sodas (Item), Items = OTypest snacks’ ATypezssodas” (Item), then Cyy. is suc-

cinct since SATg,,. can be expressed as 2ftem — 2ltemi _ gltems _ gltems _

2Item1UItem3 _ 2Item2UItem3.

A representative subset of anti-monotone and succinct constraints excluding
negative and strict ones are shown in Table 2.1. In the table, S.A refers to a
set of values from the domain of attribute A, z refers to element of S.A, and

v is a constant value over the domain attribute values. In Table 2.1, Partly
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is used to describe the cases of equality where greater than or equal to and
less than or equal to operators are in opposite categories of constraints such as
Min(S.A) = v since it is equivalent to Min(S.A) < v & Min(S.A) > v. In that
case Min(S.A) < v and Min(S.A) > v are categorized as non anti-monotone
and anti-monotone, respectively. Attribute values of itemsets in computation
of the sum function must be positive, otherwise none of the sum functions are

anti-monotone. Detailed discussion on 1-var constraints can be found in [34].

Definition 2.3.3 (Member Generating Functions)

1. We say that SP C 2™ has a member generating function (MGF) provided
that there is a function that can enumerate all and only elements of SP,
and that can be expressed in the form {X1 U...U X, |X; C 0,,(Item),1 <
t<n&dk<n:X; #0,1 <j<k}, for somen > 1 and some selection

predicates pr,...,Pn.

2. A I-var constraint C is pre-counting prunable provided that SATc(Item)
has an MGF.

As an example, MGF is simply {X|X C Item; & X # 0} for the con-
straints S.Price > 1000, where Item; = Oprice>1000(ltem) and for the con-
straint {snacks, sodas} C S.Type MGF is {X; U X, U X3|X; C Item; & X #
0 & X; C Itemy & X, # 0 & X3 C Items}, where Item, = OType=*snacks” (Item),

Item2 = O'Typez“sodas”(Item)a Item3 = O'Type;é“snacks”/\Type;é“sodas"(Item)~
Lemma 2.3.2 If C is succinct, then C is pre-counting prunable.

Lemma 2.3.3 Let C,C; be two succinct constraints with respective MGFs:
{S1U... USRS Cop(tem),1 <i<m & Im' <m:5;# 0,1 <i<m'}, and
{1V .. UTL|T; C oy(Item),1 <i<n& In' <n: T, # 0,1 <i < n'} Then:
{Ri1U... U Rnyn|Rij C oping,(Item),1 <1 <m,1 <j<n& Ry #0,1 <k<

m',1 <1< n'} is an MGF for C1&C,



CHAPTER 2. A SURVEY IN ASSOCIATION RULE MINING 13

As a construction, combined MGF for both of the constraints given
above is {Xl u X2 U X3|X1 g UType:“snacks”APriceZlODO(Item) & Xl 7&
0 & X2 g OType= “sodas"/\PriceZlOOO(Item) & X2 % (b & X3 g

O Type#“snacks' NType#“sodas” APrice>1000 ( 1 tem) } .

Definition 2.3.4 (Convertible constraints) A constraint C is convertible
anti-monotone if and only if (i) C is neither monotone, nor anti-monotone, nor
succinct, and (ii) there exists an order R over the set of items I such that any
pattern X satisfying the constraint implies that each suffix of X with respect to
order R also satisfies the constraint. A constraint C is convertible-monotone if
and only if (i) C is neither monotone, nor anti-monotone, nor succinct, and (it)
there exists an order R over the set of items I such that any pattern X satisfying
the constraint implies that each pattern of which X is a suffiz with respect to order
R also satisfies the constraint. A constraint C is convertible if and only if C is

either convertible anti-monotone or convertible-monotone.

Definition 2.3.5 (Strongly convertible constraint) A constraint C is called
strongly convertible constraint, provided that there exists an order R over the set of
items such that C is convertible anti-monotone with respect to R and convertible

monotone with respect to inverse order R71.

Definition 2.3.6 (Quasi-succinctness) A constraint C is quasi-succinct if it
can be reduced to two 1-var constraints Cy,Cy such that: (i) Cy, involving only the
variable S, is succinct, and is a sound and tight pruning condition for candidate
S-sets; and (ii) Cy, tnvolving only T, is succinct, and is a sound and tight pruning

condition for candidate T'-sets.

2.3.3 Previous Algorithms

One of the initial studies on the concept of constraint based association rule
mining is [48]. In this paper, optimization of frequent itemset generation for a

set of Boolean constraints is discussed. Boolean constraints that are expressed
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Figure 2.1: Architecture for exploratory association rule mining [34]

over a taxonomy of items and three approaches that exploit these constraints as
a part of frequent itemset generation process are discussed. According to the
experimental results presented in the paper, the integrated approach provides
significant performance gain as compared to post-pruning by using constraints,

although choice of the approach is likely to depend upon data characteristics.

Anti-monotone and succinct constraints for the purpose of interactive mining
to facilitate user exploration and goal directed mining are introduced in [34, 22].
These constraints are examined to determine whether constraint verification can
be pushed into the computation of frequent itemsets. The authors proposed three
different algorithms for this purpose and the CAP algorithm, which exploits con-
straints in the mining process as early as possible, achieved better performance.
An architecture (in Figure 2.1) for supporting constraint based, human centered,
exploratory mining of various kinds of rules including associations is proposed
and the notion of constrained frequent set queries (CFQ) is introduced. Effective
pruning strategies for CFQs with 1-var constraints are developed and discussed

in the same paper.

Bayardo et al. proposed Dense-Miner [12] to mine constraint based asso-
ciation rules in large and dense databases. This approach directly exploits user
specified constraints including minimum support, minimum confidence and a new

constraint that ensures every mined rule offers a predictive advantage over any
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of its simplifications. The algorithm has three important search space pruning

strategies:

e Functions that allow the algorithm to flexibly compute bounds on confi-
dence, improvement and support of any rule derivable from a given node in

the search tree

e Approaches for reusing support information gathered during previous
database passes within these functions to allow pruning of nodes before

they are processed

e An item-ordering heuristic that ensures there are plenty of pruning oppor-

tunities.

Query flocks introduced in [53] consists of a parameterized query and a filter
that selects certain assignments of values for parameters by applying a condition
(filter) to the result of the query for that value assignment. The techniques
described in the paper apply to any monotone filter condition. In [50], this

approach is generalized to compute safe sub-queries of a query flock incrementally.

Convertible constraints are identified in [37]. A constraint based frequent
pattern mining method, called constrained frequent pattern growth (CFQG), which
integrates constraint pushing with a recently developed frequent pattern growth
method [23] is proposed. The constraints are categorized into five classes: suc-

cinct, anti-monotone, monotone, convertible, and inconvertible.

In [38], Pei et al. classify convertible constraints into three classes: convert-
ible anti-monotone, convertible monotone and strongly convertible (Table 2.2,
where * means it depends on the specific constraint). These constraints are
characterized by using the notion of prefix monotone functions and according
to their arithmetical closure properties. i.e. Avg(S.A) 6 v, Median(S.A) 0 v,
and Sum(S.A) 6 v, where S.A can contain arbitrary values and v refers to a
constant value and 8 € {<,>}. It is shown that these types of constraints can-

not be pushed deep into the basic Apriori framework, but it is possible for the
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Constraint Convertible | Convertible | Strongly
anti-monotone | monotone | convertible

Avg(S.A)0v (6 € {<,>}) Yes Yes Yes

Median(S.A)fv (6 € {<,>}) Yes Yes Yes
Sum(S.A) <v (v>0,Vz € S,200,0 € {<,>}) Yes No No
Sum(S.A) <v (v <0,V € §,200,0 € {<,>}) No Yes No
Sum(S.A) > v (v>0,Vz € S,200,0 € {<,>}) No Yes No
Sum(S.A) > v (v <0,Vz € S,200,0 € {<,>}) Yes No No
f(S.A) > v (fis a prefix decreasing function) Yes * *
f(S.A) > v (f is a prefix increasing function) * Yes *
f(S.A) < v (fis a prefix decreasing function) * Yes *
J(S.A) < v (fis a prefix increasing function) Yes * *

Table 2.2: Characterization of convertible constraints [38]

frequent pattern growth mining approach [23]. For the case of strongly convert-
ible constraints, when the constraint has a high selectivity (fewer itemsets satisfy
it), converting it into an anti-monotone constraint will yield maximum benefits
by search space pruning; when the constraint selectivity is low (and checking is
reasonably expensive), then converting it into a monotone constraint will save

considerable effort in constraint checking.

Lakshmanan et al. studied pruning strategies for CFQs with 2-var constraints
in [29]. It is shown that few of the 2-var constraints are monotone (or anti-
monotone). Therefore, a notion of quasi-succinctness is introduced and charac-
terized as a pruning optimization. A representative subset of 2-var constraints are
listed in Table 2.3 to identify anti-monotone and quasi-succinct ones. Heuristic

pruning techniques are discussed for non-quasi-succinct constraints in the paper.

Efficient mining of constrained correlated sets is studied in [20]. Grahne et
al. extended Brin et al.’s [14] principle of finding minimal sets to two useful se-
mantics of answering constrained correlation queries: all minimal answers that
are valid versus all minimal valid answers. Monotone, anti-monotone and suc-

cinct constraints are exploited and their interactions with the correlated sets are

handled.

YORSIXSCRETIM KURULD
fees PERKEZS
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2-var Constraint Anti-monotone | Quasi-succinct
SANT.B=10 Yes Yes
SANT.B#0D No Yes
SACT.RB No Yes
SA¢TB No Yes
SA=T.B No Yes
Maz(S.A) < Min(T.B) Yes Yes
Min(S.A) < Min(T.B) No Yes
Maz(S.A) < Max(T.B) No Yes
Min(S.A) < Maz(T.B) No Yes
Sum(S.A) < Maz(T.B) No No
Sum(S.A) < Sum(T.B) No No
Avg(S.A) < Avg(T.B) No No

Table 2.3: Characterization of 2-var constraints [29]

2.4 Incremental Association Rule Mining

Suppose that association rules of an existing database has already been mined,
and after the mining operation some updates have been performed on the
database. To find out new frequent itemsets Lpp in the updated database DB’,
the naive approach is to apply a previously proposed association rule mining
algorithm to updated database DB’. However, this method is not efficient, be-
cause it fails to reuse the results of the previous mining. If the size of the previous
database DB is larger than the update, DB'— DB, then an incremental approach

can perform much better than the naive approach.

2.4.1 Problem Description

We know the large itemsets in DB, Lpp, as a result of the previous mining
operations. While we are keeping these results, some update operations can
be performed on the database including insertions, deletions and modifications.
We can treat the modification of existing transactions as deletion followed by
insertion. If the updated patterns are not a sample of the original database then

it is expected that the previous results are not valid anymore.
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Thus, the update problem is to find Lpp: efficiently, given the knowledge
of DB,db,db™, Lpp, minsup and to compute association rules from these large

itemsets.

However, modification and deletion operations are not as frequent as insertions

and generally it is assumed that db™ = 0§

2.4.2 Previous Algorithms

The first study in the area of incremental mining is FUP (Fast UPdate) algorithm
[17] which supports only insertions to the original database. It is a level-wise
approach and makes k-passes over the whole database, where k is the cardinality
of the longest large itemset. In each scan, the increment is processed initially and
then the results obtained are used to guide the mining of the original database
DB.

The strategy presented in FUP is as follows: All 1-itemsets are considered
as candidates in the first pass over the increment. Support values of candidates
that are large in DB are computed in this pass. Large itemsets having support
greater than the minimum threshold minsup are put in Lppig. Remaining
candidates that are large only in db have chance to become large in DB + db.
Thus, they are identified and verified to test the frequency constraint in DB + db
with an additional scan of original database DB. At the end of this pass, all
large 1-itemsets are obtained. Candidates for the next pass are calculated using
the AprioriGen [6] function, and the process repeats in this manner until all the

large itemsets have been identified.

An incremental mining algorithm, called MLUp (Multi-Level association rules
Update), for updating multi-level association rules over a taxonomy hierarchy was
presented in [19]. It follows the approach presented in FUP algorithm [17] with
an improvement in the candidate set generation procedure and is called FUP*,
and mainly the same reasoning is proposed in [21]. MLUp restricts its attention

to deriving intra-level rules, i.e. rules within each level. Different minimum



CHAPTER 2. A SURVEY IN ASSOCIATION RULE MINING 19

support thresholds are used for each level of the hierarchy. Both FUP* and
MLUp are applicable only to a database which allows frequent or occasional

updates restricted to insertions of new transactions.

FUP, algorithm [18] was designed to address the maintenance of association
rules in a dynamic database where insertion, deletion and modification of trans-
actions are supported. FUP; algorithm works as follows. Like its ancestor, it is
a level-wise approach and generates large itemsets after k-passes where k denotes
the maximum length of large itemsets. In the first iteration, C}, g is the set of all
I-itemsets, otherwise Cfp, is generated as in the Apriori case, using AprioriGen
function by L%3,. Next, CFp, is divided into two partitions: Phg, = Chg N Lk g,

and Q%B' = 0_153/ - PII%B:.

The candidates in the two partitions of C¥p, are handled differently.
supportpp(X) is available for X € PEy where PEg C L%, from the previ-
ous mining results. db and db~ are scanned to find out supports_g-(X). If
supportpp(X) > |DB’| x minsup, then X is large, and hence it is added to
the set L%g,. For each candidate X € Q% g/, supportpp(X) is not known, but
supportpp(X) < |DB| x minsup can be concluded since X is a candidate. So,
such a candidate can be large only if supportg_a-(X) > (|db| — |db~|) X minsup.
In the scan of db and db~ , supportg_g-(X) for the candidates X € Q% is
counted and the candidates with supportg_g-(X) < (|db] — |db~|) X minsup
pruned away from Q% 5,. DB~ is scanned to find out the support values of the
remaining candidates and these values are added to their supports (X). Itemsets
that are satisfying supportpp: > |DB'| x minsup are added to L% p,. As a result,
all candidates in Cf g, are processed and the algorithm proceeds to the next level
unless L% 5, is empty. As an improvement, DHP technique [36] is introduced into
FUP; algorithm to hash counts of the itemsets in DB’'.

DELI (Difference Estimation for Large Itemsets) algorithm [30] which uses
a sampling technique to estimate the difference between the old and new asso-
ciation rules is based on Apriori [6] and FUP; [18] algorithms. This estimate
is used as an indicator for whether the FUP, algorithm should be applied to

the database to find out the new association rules accurately. If the estimated
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difference is large enough (with respect to some user specified thresholds), the
algorithm signals the need of an update operation, which can be accomplished
by using FUP, algorithm. If the estimated difference is small, then we do not
run FUP, immediately. In this case, since the difference between the old and
new association rules is small, old rules can be taken as an approximation of the
new rules. Experimental results given in the paper show that this approach is
applicable and can bring savings on machine resources. It only scans the original
database DB once, in order to pick a sample S. The size of the sample should
be small enough so that it fits in main memory. Thereafter, the algorithm only

examines the updates db and db~, whose sizes are not very large.

Definition 2.4.1 (Negative Border) [t consists of all itemsets that were can-
didates of the level-wise method which did not have enough support. That is,
NBd(LYg) = Ckg — LYy, where Ckg is the set of candidate k-itemsets and
NBd(L% ) is the set of k-itemsets in NBd(Lpg). Therefore, L% UNBd(L%5) =

k
Chp.

There are basically three approaches to generate the itemsets in NBd and

find the supports of these itemsets:

e Complete Closure: While generating all supersets of the itemsets in N Bd
with unknown counts, itemsets that are known to be small are removed and
none of their supersets are generated. At the end of the generation process,
a final scan over DB + db is performed to count the support values of the

generated itemsets.

e Layered Closure: Closure is generated in a layered manner and supersets
of k-itemsets in IV Bd is generated at the k-th iteration. An additional pass
over DB + db is performed to update the support values of these supersets
and to prune the small ones in that layer before the candidate generation

process.

e Hybrid Closure: It is a combination of the above two approaches where

layered closure approach is applied initially and then, after a certain layer
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the complete closure is computed. The number of layers up to which the

layered closure is computed is a design parameter.

An incremental technique based on negative border, for maintenance of asso-
ciation rules when new transaction data is added to or deleted from a transaction
database is proposed in [49]. It maintains the negative border that is used to
decide when to scan the whole database, along with the large itemsets. Initially,
it completely mines the increment db, that is, Lg U N Bd(Lg) is computed by ap-
plying a level-wise algorithm on the increment. It can be used in conjunction with
any level-wise algorithm like Apriori [6] or Partition [42]. The algorithm adopts
the complete closure approach, however, it is computed only after having mined
the increment. If there are itemsets in Lpg that are small in DB’ or if there are
itemsets in NBd() that are large in DB’, negative border is re-computed until
there is no change in it. The authors mentioned that the algorithm can be easily
parallelized with minimal communication and synchronization between process-
ing nodes. In [7] Aumann et al. proposed a similar algorithm, called BORDERS,
based on negative border and studied three approaches for the cases including
only additions, additions and deletions, and changing support threshold. These

two algorithms use the following fact:

Theorem 2.4.1 Let X be an itemset such that X ¢ Lpg U NBd(Lpg) and
X € Lpp'. Then there exists an itemset I such that I C X,I € NBd(Lpg) and
I € Lpp'. That is, some subset of X has moved from NBd(Lpg) to Lppg:.

By Theorem 2.4.1, if none of the itemsets move from negative border to the set
of large itemsets, there is a need to scan the whole database. Even if an itemset
moves from negative border to the set of large itemsets, there is no need to scan
the database until negative border expands, since final support counts of itemsets
in negative border can be easily computed. Thus, both of the algorithms require
at most one scan of the original database, DB and k-passes over the increment

db, where k is the maximum length of large itemsets.

An adaptive incremental algorithm for association rule mining is proposed in

[41]). In general, it scans the incremental database twice and the original database
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exactly once with the assumption that the incremental database is similar to a
sample of the original database and no significant difference between the patterns
in the original and the incremental databases is expected. The algorithm scans
db, counts supports of candidates including only LpgUNBd(Lgp) and computes
Lg. If Ly C Lpp then no new large itemset is found and the algorithm stops.
If there is an itemset which exists in both L4 and NBd(Lpg), then it scans the
increment, db for validation of missed candidates in db. If the maximum length
of missed candidates in db is not small, it turns out to be a level-wise algorithm.
Output of the algorithm is the sets of the large itemsets in DB + db and only in
db.

The framework presented in [35] is similar to the non-incremental Partition
algorithm [42]. Initially, db is scanned with Partition algorithm. Support counts
of large itemsets in DB are updated by db and support counts of large itemsets
in db are updated by DB in order to find out global large itemsets. Thus, this

approach requires one scan over the whole database.

An approach based on the negative border concept with anti-monotone con-
straints is studied in [50] in order to maintain constrained associations. Con-

straints satisfying anti-monotone property is categorized into four classes:

e Frequency constraint: Minimum support threshold in association rule min-

ing.
o Item constraints: Boolean constraints defined on the items in the itemsets.

o Aggregation constraints: Aggregate functions including min,max,sum,count

and avg.

o External constraints: Constraints defined on the attributes of the items

while these attributes do not exist in the result set.

The algorithm presented in [49] is extended to handle these types of constraints.
Frequency constraint is applied during the support counting step. Anti-monotone
item constraints and anti-monotone aggregation constraints are used in the can-

didate generation phase. External constraints and remaining aggregation and
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item constraints are applied at the data filtering stage. Integration of all these
constraints in the mining algorithm is just in a generate and test manner. Addi-
tionally, SQL formulations of incremental mining based on the SQL-based mining
framework discussed in [40] is presented in this paper. Applicability of this ap-
proach to problems such as mining closed sets and query flocks is discussed at

the end of the paper.

An algorithm, called Carma (Continuous Association Rule Mining Algo-
rithm), is proposed in [24] to compute large itemsets online. Transaction database
is scanned at most twice to compute all large itemsets. During the first scan,
Carma continuously constructs an adjacency lattice of large itemsets with re-
spect to the scanned part of the database. Deterministic lower and upper bounds
for the support values are computed for these large itemsets. User can adjust
the support and confidence thresholds anytime in this scan. According to the
comparison of the user’s support threshold and the computed bounds for the
support threshold of itemsets, global large itemsets are determined. If all large
itemsets are not determined in the previous pass, then in the second scan over the
database precise support values of these itemsets are determined and all small
itemsets are pruned. It is possible to use this algorithm in order to continuously
process a stream of transactions and to generate the resulting association rules
online. However, it will need to access the original database DB if there are any
locally large itemsets in the increment, even though these itemsets may not be

globally large.

Ayan et al. proposed an algorithm, called UWEP (Update With Early Prun-
ing) [10] that follows the approaches of FUP, [18] and Partition Update [35] for
maintenance of association rules in a dynamic database. UWEP is a level-wise
algorithm. Initially, 1-itemsets in db are counted as a candidate set and corre-
sponding tidlists (transaction id lists) are generated for each item in db. Large
itemsets in DB, that has no item in db, and their supersets are checked for large-
ness in DB 4 db. In each iteration, large itemsets in db and large itemsets in
DB that are not counted over db are checked for largeness in DB + db. At the
end of each iteration, candidate set is generated from the set of large itemsets

obtained in that iteration. The basic advantage of this algorithm is that it prunes
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the itemsets that are large in DB but small in DB + db by look-ahead pruning
at the beginning of the process. By promoting the itemsets that are large both
in db and DB + db to C%,, it reduces size of candidate set. It is shown that the
algorithm generates and counts the minimum number of candidates in order to
determine the set of new large itemsets. UWEP scans the original database at
most once and the inserted database exactly once. According to experimental
results, it is shown to be efficient in case of insertion to the transaction database.
However, it is discussed that the algorithm does not perform better than the

previous algorithms in case of deletion and modification.

In [39], DELTA (Differential Evaluation of Large iTemset Algorithm) is pro-
posed for efficient incremental mining of association rules including single/multi-
support and flat/hierarchical mining. It performs at most three passes over the
increment and either at most one pass over the previous database for single-
support or at most two scans over the previous database for multi-support cases.
Hybrid closure method is used to compute the closure of negative border. Number
of layers that the layered closure approach is applied before computing complete
closure is chosen as two. It provides complete mining results for both the updated

database and the increment.

Recently there is a study [8] on constraint-based incremental mining of as-
sociation rules, called ICAP (Incremental Constrained APriori) for the case of
insertions to the original transaction database. This algorithm combines the
methodologies presented in incremental mining of BORDERS algorithm and con-
straint based mining of CAP algorithm. Negative Border concept is extended to

handle anti-monotone and succinct constraints.

Definition 2.4.2 (Constrained Negative Border) The constrained negative
border of a set of frequent itemsets L, satisfying a constraint C, henceforth referred
to as CNBd(L) is defined as follows:

CNBd(L) = { S|S is an itemset satisfying only C — Cireq & S'C S = S €L

or S’ does not satisfy Cyye }, where Cyreq refers to frequency constraint.

ICAP requires at most one pass over the original database if constrained
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negative border expands. Initially, CAP is used to mine the increment with some
modification to perform the computation of constrained negative border, thus it
scans the increment as the length of the maximum large itemset in db. After
mining the increment, frequencies of old large itemsets and frequencies of the
itemsets in the constrained negative border of the original database is computed
in db. According to the largeness of these itemsets in DB + db, the constrained

negative border may or may not be recomputed.

2.5 Discussion on Association Rules

Previously proposed association rules mining approaches still have some draw-
backs:

o Effect of data skewness: Effect of temporal changes (i.e. skew) in the
distribution of database values between DB and db has not been explored
in detail [32].

o Size of database: Previously proposed algorithms are experimented with
synthetically generated datasets, which are large enough to fit in main mem-

ory of the systems.

e Incomplete results: Computational constraints and the number of rules
generated is used to decide the value of minsup. Thus, we cannot be sure

whether we lost important rules or not.

e Spuriousness in itemset generation: No combination of support and confi-

dence can generate purely correct associations [1].

e Changing user requirements: Interactive approaches are necessary to set
the focus of user at run time. Therefore, different interestingness measures

are proposed. For a detailed survey on interestingness measures, refer to

[25].

o Flat versus. hierarchical databases: Different levels of abstraction can be

used to simplify the representation of associations.
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¢ Dealing with dense data sets: Extensive number of candidates can be gen-

erated with current approaches.

In constraint based association rule mining, dominant problems other than

the general problems of association rule mining is as follows:

¢ Item selectivity: The power of a constraint can be measured with the notion
of item selectivity. It is defined as the percentage of items that satisfy the
given constraint. We cannot measure the item selectivity of a constraint
without examining the characteristics of items in the dataset. Thus, a con-
straint with low selectivity will lead to a superior pruning while a constraint

with high selectivity can decrease performance of the approach.

o Item ordering: In terms of the optimizations presented for convertible
constraints in previous algorithms except the frequent pattern growth ap-
proach, the order of items can play an important role in pruning steps.
Different constraints may require different and even conflicting item order-

ings.

o Order of constraints: For an effective pruning strategy, we have to check the
constraints in some order where the order is from the ones that have low se-
lectivity to the ones that have high selectivity. Additionally, for constraints
that are neither monotone, nor anti-monotone, nor succinct we have to de-
cide on whether to preserve an ordering of items or to induce any weaker
constraint where we do not have any automated approach to induce any

weaker constraint.

In a maintenance system, all operations performed in a database including
insertions, deletions and modifications must be considered for sake of generality.
Nevertheless, most of the research done in this area has focused on the case of
insertions made to a database, since it is the general case for a retail market

analysis.

Optimizations used in incremental algorithms that support only insertions to

a database have made use of the fact that new winners generated in the updating
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process must appear and have enough support counts in the increment. However

in general, this optimization does not hold in cases of deletion and modification.

Incremental approaches are generally used to decrease computation time to
find the set of large itemsets in the updated database by using old mining re-
sults. These approaches perform well with respect to running a non-incremental
approach over the whole updated database. However, application of these ap-
proaches is another research area that, we can not force to run the incremental
algorithm after an addition of one record to a large dataset. For instance, addi-
tion of a transaction record with 20 items leads to a huge number of candidates
such as 2%°, since any itemset in the increment will be large in db for any sup-
port threshold. Additionally, one transaction is not likely to change the frequent
itemsets in the whole database and an unnecessary effort will be spent for the
computations. Therefore, some strategies must be considered to decide on when
to apply incremental approaches. Currently, there are some methodologies to
measure the significance of change in frequent itemsets, and to decide on when

to update, i.e.,

e Sampling techniques are proposed to measure the difference between the
set of new and old frequent itemsets [30]. If the difference exceeds a user
defined threshold, then the incremental approach can be performed. This
strategy requires an additional pass over the original database DB to mimic

the behavior of the dataset. However, this is a costly approximation.

e Incremental mining can be performed when the size of the increment ex-
ceeds a certain size or percentage of the original database. However, this
approach is not applicable if the original data and the increment has the
same characteristics and discovered frequent patterns remain almost un-

changed.



Chapter 3

Constraint-Based Update of

Large Itemsets

In this thesis, we incorporated the methodologies presented in constraint-based
mining into an incremental association rule mining algorithm. Association rule
mining is decomposed into two subproblems: computation of frequent patterns
(itemsets) and rule generation from those frequent patterns. The former step is
computationally more expensive than the latter one, thus we studied on the first
problem. We mainly focus on the technical challenges in guaranteeing a level of
performance that is highly related with the selectivities of the constraints in fre-
quent itemset generation. In the previous chapter, we addressed two properties of
constraints that are critical to pruning: anti-monotonicity and succinctness. Dif-
ferent pruning strategies for each combination of these constraints are introduced
according to their properties. Finally, we describe a constraint-based incremen-
tal algorithm, called CBULI, which achieves a maximized degree of pruning for
all categories of constraints. We show how CBULI algorithm incorporates these

ideas by pushing constraints as deep inside the computation as possible.

28
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3.1 Pruning Strategies for Different Types of

Constraints

For each type of constraint, we use the strategy presented in [34] that exploits
those constraints to the maximum extent possible. We restrict our attention
to 1-var constraints in the rest of the thesis. We begin by categorizing four

combinations of anti-monotone and succinct constraints as separate cases:

1. Constraints that are both anti-monotone and succinct (Csgm)
2. Constraints that are succinct but not anti-monotone (Cyy.)
3. Constraints that are anti-monotone but not succinct (Camb)

4. Constraints that are neither anti-monotone nor succinct (Crone)

The following strategies are introduced for each class of constraints in order

to guarantee a level of performance.

3.1.1 Constraints that are both Anti-monotone and Suc-

cinct

In Definition 2.3.3, MGF for SAT¢(Item) when C' is succinct is defined as {X; U
L UXG X € oop(Ttem),l < i <n& Jk<n:X; #0,1<j <k} for
some n > 1 and some selection predicates py,...,p,. If C is also anti-monotone,
then the MGF is in the form {X|X C o,(Item), X # 0}. Therefore we can set
Cil ={X|XeCL&Xec op(Item)} where C}, is the set of candidate sets
of size 1. According to the anti-monotone property of these constraints, C’;,;C is

used to generate the itemsets in the following iterations of the algorithm.

Strategy 1
Replace C, in the UWEP Algorithm by C3° defined above.
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3.1.2 Constraints that are Succinct but not Anti-

monotone

We only describe the case where the MGFs are of the form {X; U X;|X; C
op, (Item) & X7 # 0 & X, C 0,,(Item)}.

Strategy 2
Define Cj;*' = oy(Item) and C3** = oy(Item). Define corresponding sets of
frequent sets of size 1: Li;*' = {X|X € Cx* & supportg(X) > minsup}, and

L3 = {X|X € C3™ & supporta(X) > minsup}.

Define C3, = {{X,Y}X € L}* & Y € (L3* U LY*)}, and L2, , as usual,
the set of frequent sets in C3, , i.e., L% = {X|X € C% & supportyh(X) >

minsup}.

In general, C**! can be obtained from L* in exactly the same way as in
the Apriori algorithm - with a single modification. In the classical case, a set
X is in C*¥+1  if all its subsets of size k are in L¥, ie., VX' : X’ C X and
X' =k = X' e LF.

We have the following modification in candidate generation. A set X is in
C*+1 if for all subsets:

VX': X'C X and |[X'| =k and X' N LI £ 0 = X' € L*.

As usual, L**' = {X|X € C**! & support4(X) > minsup}.

3.1.3 Constraints that are Anti-monotone but not Suc-

cinct

Strategy 3
C%, is defined as in the UWEP Algorithm. Constraint satisfaction is tested before

counting is done and a set X € C% is dropped from counting if X fails C.
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3.1.4 Constraints that are neither Anti-monotone nor

Succinct

Strategy 4
Any weaker constraint C’ can be induced from C and depending on category of
C’ one of the Strategies 1-3 above for the generation of frequent sets can be used.

After generating the frequent sets, they are tested for satisfaction of C.

3.1.5 Multiple Constraints

Multiple constraints can be easily handled with the given strategies above. MGFs
of all constraints in Csam can be combined using Lemma 2.3.3 and can be ap-
plied as in Strategy 1. Also MGFs of all constraints in C,. can be combined
and applied as in Strategy 2. For all constraints in Cyy,, Strategy 3 can be ap-
plied. Finally new anti-monotone or succinct constraints can be induced from

the constraints in Cy,,,e and applied as in Strategy 4.

3.2 The Proposed Algorithm CBULI

We assumed that all large itemsets in the original database, DB, are given. By
using a pre-defined minimum support threshold, minsup, and constraints that
are specified by the user, Cypm U Cyye U Com U Crone, CBULI algorithm computes
all the large itemsets in the updated database, DB + db, satisfying the given
constraints in Cygp U Csye U Com U Chrone.

CBULI which is presented in Figure 3.1 is iterative in itself and can be divided

into five steps as mentioned in [10] with some modifications:

e Counting l-itemsets in db and creating a tidlist for each item in db. Itemsets
satisfying Csam U C,p are determined to be used in computation of large

itemsets in db.
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CBULI(DB;db; Lpg; |DB|; |dbl; minsup, Csam, Csucy Cams Crone)
Cj, = l-itemsets in db satisfying Csam U Cym With support > 0
PruneSet = L}, — C},

initial_pruning(Prune _set) % Figure 3.2
prepare C}, as indicated in Strategy 2
k=1

while C% # 0 and L%z # 0 do
Unchecked = L% 5
for all X € C% do
if X is small in db and X is large in DB then
remove X from Unchecked
if X is small in DB+db or X does not satisfy C,,, then
remove all supersets of X from Lpp
else
add X to LDB+db
else if X is large both in db and DB then
remove X from Unchecked
if X satisfies C,,, then
add X to Lppta and LE,
else
remove all supersets of X from Lpp
else if X is large in db but small in DB and X satisfies C,,, then
find supportpp(X) using tidlists
if X is large in DB+db then
add X to Lppyq and st
for all X € Unchecked do
if X satisfies Cyom U C,.r, then
if X satisfies Cgye then
find support(X) using tidlists
if X is small in DB+db then
remove all supersets of X from Lpg
else
add X to LDB-]-db
else
remove all supersets of X from Lppg
k=k+1
C% = generate_candidate(L% ') based on Strategy 2
if Cnone 7& @
Lppiay = Lpp, 4 where Lpg, 4 is the subset Lppyqa which satisfies Crone

Figure 3.1: Pseudocode for CBULI algorithm
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¢ Checking large itemsets in DB except the ones that are common in db and
satisfying all anti-monotone constraints. These itemsets and their supersets

are checked for largeness in DB+ db and for constraints in Cgm UCm UCye.

e Checking the large itemsets in db for largeness in D B+db and for constraints

in Cypm.

e Checking the large itemsets in DB that are not counted over db. These
itemsets and their supersets are checked for largeness in DB + db and for

constraints in Ciupm U Com U Cye.

e Generating the candidate set from the set of large itemsets obtained in the

previous step using MGF of C,,,.

Finally, there is a pass over the large itemsets to check the satisfaction of

constraints in Cpope-

In the first step of the algorithm, support values of 1-itemsets are counted
and associated tidlists for each itemset are generated, where a tidlist for an
itemset is an ordered list of transaction identifiers of the transactions in which
the items are present. Application of ¢idlists was introduced in [42] to compute
the support of candidate k-itemsets efficiently without re-scanning the database.
It is assumed that transactions are sorted according to transaction identifiers
(TID) and corresponding tidlists are also sorted according to the order of TIDs

to improve further computation on tidlists.

Before the second step, while counting supports of itemsets in db, these item-
sets are also checked for satisfaction of constraints in C,,,, U C, in order to
eliminate the candidates that are not satisfying Csem U Cum both in C}, and
Lpp. In PruneSet, we store old large 1-itemsets which do not exist in db or the
ones which do not satisfy Cygm U Cyp, to perform an initial pruning on old large
itemsets. This pruning is done by the initial_pruning procedure (Figure 3.2)
at step 3. All itemsets in PruneSet is verified for largeness in DB + db. If
there exists an itemset X whose support is 0 in db, it is true by definition that

supportppias(X) = supportpp(X). If X was small in DB, then it is also small
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initial_pruning(PruneSet)
while PruneSet # § do
X = first element of the PruneSet
if X is small in DB + db or X does not satisfy Cypm U Cqy then
remove X and all its supersets from Lpp and PruneSet
else
add the supersets of X in Lpp to the PruneSet
remove X from Lpg
if X satisfies Cs,. then
add X to LDB+db
0 remove X from PruneSet

= O 00 =IO Ok QW N -

Figure 3.2: Initial pruning algorithm

in DB+ db, since while the number of transactions is increasing, the support of X

has not changed. Otherwise, if X is large in DB, we have to check for largeness
in DB + db.

Lemma 3.2.1 All supersets of a small itemset X in a database D are also small
in D.

Frequency constraint (largeness) is an anti-monotone constraint defined on
occurrence of itemsets. Therefore we can generalize Lemma 3.2.1 for all types of

anti-monotone constraints according to Definition 2.3.1.

Lemma 3.2.2 If an itemset X does not satisfy an anti-monotone constraint,

none of its supersets satisfy this anti-monotone constraint.

If an itemset X in DB does not satisfy any of the anti-monotone constraints,
by Lemma 3.2.2 any superset of X does not satisfy this constraint in the updated
database, DB + db. The advantage of CBULI algorithm is pruning such itemsets
and their supersets from the set of large itemsets in DB as early as possible.

This strategy was introduced in UWEP algorithm just for frequency constraint,
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however our approach incorporates all types of anti-monotone constraints in case

of early pruning.

Definition 3.2.1 Let X be a k-itemset which contains items I, ..., I;. An im-
mediate superset of X is a (k+1)-itemset which contains the k items in X and

an additional item Iy,,.

In the initial pruning step, if an itemset X satisfies all anti-monotone con-
straints, then all immediate supersets of X in Lpp are added to the PruneSet,
otherwise X and all its immediate supersets are removed from Lpg. The itemsets
satisfying all anti-monotone constraints are checked for satisfaction of constraints
in Cyye to be included in Lppyg. This process is repeated for each itemset in
PruneSet until it is empty. It guarantees that all itemsets in Lpg with a non-
existing item in db is validated at the third step of the algorithm. This early
pruning strategy improves computational efficiency in case of existence of data
skewness between the old set of transactions and the incremental part of trans-

actions.

After all the itemsets in Lpp that have distinct items from itemsets in db are
counted and itemsets that do not satisfy Cyum U Cyp are eliminated from Lpg,
Cy is recomputed using Strategy 2. Thus, itemsets that are not satisfying any

of the constraints in Ciap U Cum U Csye are not included in the candidate set.

It should be noted that for sake of simplicity, we showed the algorithm in
a compact form and did not mention multiple sets that can be generated by
using MGF of C,,.. As given in Definition 2.3.3, the general form of an MGF
is {XiU...UXy|X; Cop(Item),1 <i<n& Ik <n:X; #0,1 <j <k}
for some n > 1 and some selection predicates py,...,p,. Initially, we have to
generate n sets C**,4 < n where C3;™ = 6,,(C},) and n is the number given in
MGF. We have to validate each set C;I;X" to compute corresponding L;;,X". These
sets of large itemsets are used in the candidate generation step of the algorithm
in the following iterations. One key observation here is the value of constant k

given in MGF. This number defines the minimum length of itemsets that satisfy
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constraints in Cy,.. Thus, we only add large k-itemsets to Lpp+a where k is the

number given in MGF.

The while loop in the algorithm (lines 6-36) performs the validation on the

set of candidate itemsets in db and the remaining itemsets in Lpp.

We have chosen frequency constraint as a starting point to categorize the
behavior of candidates if we know the supports of these itemsets at that step.
Otherwise, before computing supports of itemsets, anti-monotone constraints are
used to prune candidates in order to gain computational efficiency by decreasing

the size of candidate set.

There are 4 cases to consider for validation of candidates which are discussed

below:

For an itemset X, it can be

1. small both in db and in DB
2. small in db but large in DB
3. large both in db and in DB

4. large in db but small in DB

Lemma 3.2.3 Let X be an itemset. If X ¢ Lpp, then X € Lppya only if
XeLy.

Corollary 3.2.1 Let X be an itemset. If X is small both in DB and db, then
X can not be large in DB + db.

Let X be a candidate k-itemset in db. If X is small in db and also small in
DB, then X can not be a large itemset in DB + db by Corollary 3.2.1. Therefore
we just eliminate those candidates. On the other hand, if X is small in db but
large in DB, we have to check for largeness in DB + db (lines 9-15). If X does
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not satisfy the frequency constraint, then X and all its supersets are found to
be small in DB + db by Lemma 3.2.1. Also at that step, we extended frequency
constraint checking for all kinds of anti-monotone constraints to preserve the
downward closure property of anti-monotone constraints (Lemma 3.2.2). Thus,
we pruned X that does not satisfy any of the anti-monotone constraints and all
of its supersets [rom Lppg. Otherwise, if X satisfies all anti-monotone constraints,

we add it to Lppiap.

Lemma 3.2.4 Let X be an itemset. If X € Lpg and X € Lgy, then X € Lppgp.

If X is large both in db and DB (lines 15-21), then by Lemma 3.2.4 X is
also large in DB + db . Additionally we check whether X satisfies other anti-
monotone constraints or not. If it satisfies all anti-monotone constraints, we add
X to Lpp.tds and Lﬁb, otherwise we remove X and all its supersets from Lpg. On
the other hand, if X is large in db but small in DB (lines 21-25), we have to check
for largeness in DB + db. However in this case, we do not know the support of X
in DB and we have to compute it using ¢zdlzsts. Computation of support values
using #2dlists can be costlier than simply constraint checking. As we mentioned
before, we apply the strategy to check for anti-monotone constraints other than
frequency constraint to decrease the size of the candidate set and then perform
the computation of supports by using tzslists. If X satisfies all anti-monotone

constraints including frequency constraint then we add it to Lpp4q and ijb.

The most important advantage of CBULI algorithm w.r.t. previously pro-
posed constraint-based update algorithms is the decision on the selection of can-
didates to be included in L%,. CBULI places the candidates that are large both
in db and DB + db to LE,, while previous approaches cither put all itemsets that
are large in DB + db in the k-th iteration or put all candidates that are large
in db without considering if they are small or large in DB. We used the strat-
egy presented in UWEP for selecting the candidates, and while computing the
large k-itemsets in db we do not place the candidates that are large in db and

small in DB + db. This strategy leads to a significant reduction of the number of

7.C. YOKSEKGGRETIM KURULU
DBOKTMANTASYON
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generate_candidate (L%
Ck —
for all itemsets X € L5 and Y € L5 do
lel =Yi /\.../\Xk_z = }/k_g /\Xk—l S }/].‘,_1 then
C - X1X2 . -Xk—ly;c-—l
if all subsets S of C is an element of L% then
tidlistg(C) = tidlistg(X) N tidlisty(Y)
supportg(C) = |tidlistbC|
add C to C%

WO oo =3O OB WD -

Figure 3.3: Candidate generation algorithm of UWEP

candidates in db. However, as mentioned in UWEP, there is a possibility that a
large k-itemset in DB may not be generated in C%, because of this strategy. The
solution of this is also given in UWEP that a set of itemsets, called Unchecked, is
stored to keep the large k-itemsets in DB that are not generated in db for further
verification. Initially at step 7, all large itemsets are assigned to Unchecked and
in the following steps while processing the itemsets in the candidate set matching
ones are eliminated. At the end of step 25, all large k-itemsets which are common
in both of the candidate set and Lpp are removed and only fhe ones which are
not validated in DB remain. These itemsets are verified with the final for loop
in lines 25-35. Since we do not know supports of these itemsets in db, we must
compute them by using tidlists. Therefore, as we discussed before, we check
these itemsets for satisfaction of anti-monotone constraints other than frequency
constraint, (Csom U Cam). If any of these itemsets does not satisfy any of the
anti-monotone constraints, we remove all of its supersets from Lpp. Otherwise,
we have to check them for satisfaction of constraints in Cj,., since these itemsets
are not generated in the candidate generation part of the algorithm in the pre-
vious iterations and satisfaction of constraints in C,. is not verified. After the
constraint checking step, support of these itemsets are computed using tedlists.
If they are found to be small in DB + db, all supersets of them are pruned from

Lpp, else they are placed in Lpgyqp.

In CBULI, we incorporated the candidate generation algorithm of UWEP,
which is presented in Figure 3.3, based on the Strategy 2. We have used the
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MGF defined in Definition 2.3.3 to prune the candidate sets in a generate-only
manner. So far, we just examined the simple case where MGF is represented
in the form: {X; U X3|Xy C op,(Jtem) & X; # 0 & X, C 0,,(Item)}. This
approach can be extended to handle the general form of MGF. Complete details
can be found in [34]. However, we give the following example which is the same

as the one discussed in [34] to clarify the methodology used in general form of

MGF.

Example 3.2.1 Suppose that the given constraint is {snacks, sodas} C S.Type
and the corresponding MGF is {X; UXo UX3|X; C L & X #0 & X, C
L & Xo # 0 & X5 C L}, where I} = OType=4snacks” (Item), I, =
OType=4sodas” (Item), I3 = OTypest«snacks” ATypest“sodast (Item). The strategy is to first
form the sets L™, where L™ = {X|X € I, & supportg(X) > minsup},l <
i < 3. Then L3, is computed from C3, = L™ x L™, In the neat step L3, is
computed from C3, = L, x (L™ U Ly* U LY*®). Later on computation of L%,
and C5™ are done as usual, with the modification in the candidate generation
that X is in C5F', if and only if

VX' CX and | X' =k and X' N L 40 and X' N LG £ 0= X' € Lk,.

As a final step in the algorithm, if there are constraints that are neither
anti-monotone nor succinct then each large itemset in Lpp, g is checked for sat-

isfaction of these constraints.

As shown in Figure 3.1, algorithm CBULI incorporates the strategy for han-
dling multiple constraints and shows where the various strategies are integrated
within the UWEP framework.

3.3 Implementation Details

General structures employed in CBULI are implemented as discussed in UWEP
[9]. Items in a transaction database are stored with an associated unique number,

therefore itemsets are stored as a list of item numbers. A list of records including
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an itemset with a list of transactions where the itemset takes place and its support
in this set of transactions is created. Cky is created as a queue of this list while
L% g is created as a hash table where each entry is a queue of this list. Reasoning
behind the selection of these data structures is simple; in order to minimize
insertion time to C¥g and L%z, a queue structure is implemented and in order
to minimize query time for an itemset in L%g, a hash table is implemented. It
should be noted that a hash structure is not implemented for C¥ 5, since it is

created and processed sequentially.

Initial pruning is the most important part of the algorithm, since it eliminates
most of the candidates in earlier steps of the algorithm. Pruning supersets is a
costly operation, since we have to find all supersets of an itemset X that are large
in DB. Time and space complexity is an important factor in this case. If we
choose not to store and to compute it at run time, then for finding supersets of
a k-itemset X we either add one item in L}z and check whether it is in L%
, and repeat this process for all items in L}z or check for each item in L%
whether it consists of the itemset X. However, both of these approaches require
unnecessary computations. Thus, we compute supersets of an itemset X while
storing old large itemsets in DB and create a corresponding hash table for finding
a specific itemset efliciently. A queue of itemsets with their supports and list of
their supersets in DB are stored in each entry of the hash table. Basically, we do
not compute supersets of any itemset, but while storing a k-itemset X in the hash
table, we also store X in the superset lists of the itemsets that are k — 1 subsets
of X. According to Lemma 2.3.1, all subsets of X also satisfy anti-monotone
constraints, therefore we do not make any unnecessary computations. This data
structure makes the pruning of supersets easier to handle in an efficient manner.
In case of pruning supersets of an itemset X, each itemset that is in the superset
list of X is deleted from the hash table and this process is repeated for all sizes
of supersets. Shortly, all the itemsets that have a subset X are removed from the

hash table.

An inverted file is used to store items with the corresponding transaction iden-

tifiers in which the items exist. This file is created initially while large itemsets
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are computed in DB and updated in CBULI. Here, we assumed that the transac-
tion identifiers in DB and db are distinct and the ones in db are greater than the
ones in DB. The importance of this file is best understood at the computation
of supports of itemsets that are large in db but small in DB. With the usage of
inverted file, we do not have to scan all transactions and identify whether they
contain a specific itemset but we simply find the transactions containing a specific
item and compute its support in DB. This strategy improves the computational

efficiency with an affordable storage space.

It should be noted that usage of MGF in the candidate generation step is
an important issue. As we mentioned in the previous sections, the itemsets are
sorted according to item identifiers. Application of MGF as discussed in Strategy

2 can destroy the natural ordering of itemsets.

Example 3.3.1 Assume that the given succinct but not anti-monotone constraint

is {soda, juice} C S.Type.

Assume that the itemsets are {A,B,C,D,E,F} and assume CY%1 =
{A,C,D} (soda), C**2 = {F} (juice), and C'*s = {B,E} (neither

soda nor juice). And let LYV = (V& [V = COLX  [LXs
C'*s.  Then C* = LY"%1 x [YX2 = [AF,CF,DF}. Assume all of
the candidates are also large, meaning L? = C?. Then C® = [2 x

(LY 1 y LYX2 Uy LYX3) and it yields several spurious itemsets such as C°® =
{AFB,AFC,AFD, AFE,CFA,CFB,CFD,CFE,DFA,DFB, DFC, DF E}

There are two problems to consider in the candidate generation part that
we have to prevent the repetition of an item in an itemset and repetition of an
itemset in different item orderings. As can be seen in the example, there are some
repetitions in C° (i.e., AFC = CFA,AFD = DFA,CFD = DFC), so we must

eliminate them in the candidate generation step.

Preserving the item ordering in the candidate generation or using any fixed

ordering can be considered as two alternative solutions. However, both of these
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approaches have some problems. If we preserve the natural ordering of the can-
didate generation process, then in the process of constraint checking part of anti-
monotone constraints, we may not find the subsets of the itemset which satisfy
anti-monotone constraints. For instance, when checking AF D for constraint sat-
isfaction, the subset F'D satisfies the frequency constraint but cannot be found
in L? since it is stored as DF. Otherwise, if we preserve the fixed ordering that
the items in an itemset is sorted, then we can skip some of the candidates in the
candidate generation part. For instance, assume that the itemsets {AF'B, AFE}
in C® turn out to be frequent. These itemsets will be joined to create a candidate
itemset, namely { AFBE} in C*, as shown Figure 3.3. However, storing itemsets

in sorted order will prevent the generation of this candidate since the itemsets
will become {ABF, AEF} and they do not have the same prefix.

We have used the natural ordering of the itemsets in the candidate generation
part, and additionally we stored the sorted ordering of these itemsets in a separate

structure to be used in the pruning part of the algorithm.

3.4 Correctness and Completeness

In this section, we show that CBULI algorithm presented in Figure 3.1 is sound
and complete; it discovers all and only those itemsets that are constrained fre-
quent by satisfying all given constraints. We rely on the correctness of the strate-

gies presented in [34].

Lemma 3.4.1 Given sets of old (DB) and new (db) transactions with a set of
frequent itemsets (Lpp) in DB and user specified constraints (Cyum U Cupm U
Csuc U Crone ), CBULI algorithm is sound and complete with respect to computing
all constrained frequent itemsets in DB + db.

Proof. Let X be a k-itemset. In Figure 3.4 , all possible cases for a frequent
itemset in DB + db are presented. In order to be frequent in DB + db, an itemset

X must be large in at least one of the transaction databases by Corollary 3.2.1.
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Lps

Figure 3.4: Possible cases for an itemset to be a constrained frequent itemset

Therefore, we do not consider the itemsets that are small in both of DB and db
(region 6). We have to check frequent itemsets in DB with respect to db, and
frequent itemsets in db with respect to DB.

o If X € Lpp (region 3, 4 and 5)
Itemsets that are large in DB but have supporig(X) = 0 or do not satisfy-
ing all constraints in Csgy U Clrm are checked for frequency constraint in the
initial pruning procedure (Figure 3.2). If an itemsets X does not satisfy any
of the anti-monotone constraints (Cyum U ComU frequency constraint), all of
its supersets are pruned from further consideration by Lemma 3.2.2. If X
satisfies all anti-monotone constraints, we put its immediate supersets into
PruneSet and check X for the constraints in C,,.. If X satisfies all of those
constraints, we put it into Lpp+4s. This process is repeated until PruneSet
is empty. At the end of initial pruning step, Lppq contains the constrained
frequent itemsets including the itemsets whose supports are zero in db, and
Lpp contains the frequent itemsets in DB with supportg,(X) > 0 and the

ones that are satisfying all constraints in Cy,p, U Cypp.

Unchecked is initialized to the set of large k-itemsets in DB, L%y, in
line 7. If an itemset in C% is also present in Unchecked, it is identified
on lines 9 and 15. If any large itemset X in Lpg is small in C%, X is

checked for satisfaction of all anti-monotone constraints. If it satisfies all
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these constraints, it is stored in Lpp.y4s, €else all supersets of X are removed
from Lpp. If any large itemset X in Lpp is large in Cc’{b, it is also large in
DB + db by Lemma 3.2.4 and we check it for satisfaction of all constraints
in Cyam U Cum to be included in Lppig and L%. There is no need to
check itemsets that are present in C¥ for satisfaction of constraints in Cj,.

explicitly, since the candidates in C¥, arc generated using the MGF of Ciye.

Remaining itemsets that do not exist in C¥, are considered in the for loop
on line 25. Each itemset is checked for satisfaction of all anti-monotone
constraints. If any of them does not satisfy any of these anti-monotone
constraints, this itemset and its supersets are pruned from Lpg. Itemsets
satisfying all anti-monotone constraints are also checked for satisfaction of

constraints in Cy,. to be included in Lpp.y4-

Thus, all the frequent itemsets in DB are checked for satisfaction of all
types of anti-monotone and succinct constraints including the frequency

constraint.

e If X € Ly (region 1, 2 and 3)
C1. is prepared as indicated in Strategies 1, 2 and 3 to satisfy all constraints
in Csgm U Com U Csye 1n lines 1 and 4.

As discussed in UWEP algorithm [9], we promoted the itemsets that are
possibly large both in db and DB + db to C%. Ttemsets in C% that are
large in DB + db are stored in L%, on lines 18 and 24. By Lemma 3.2.1, if a
k-itemset X is large in db but small in DB + db, in any case, all supersets
of X must also be small in DB + db. Therefore, it is useless to store these
itemsets in L%,.

All itemsets in C¥% are identified in the first for loop. Itemsets that are
common in both L%y and C% are identified and processed between lines
9 and 21. Additionally, if any large itemset in C% is small in DB (lines
21-25), it is checked for satisfaction of all anti-monotone constraints to be

included in Lpggp-

Finally, satisfaction of constraints in Cpone is validated for all itemsets in

Lpp+as-
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DB
TID Items 7

1 A,C,D,E.F TID | Ttems Item | Type | Price

2 B,D.F 0 AT A soda 30

3 AD.E 1 |B é P B snack 25

4 | A,B,D,EF 19 Aé C soda, 40

5 AB,C.E,F ’ D soda, 45
13 B,F .

6 B,F E dairy 30
14 | AB,C . .

7 AD,EF 15 | ACD F juice 35

8 AB,D.F 2

9 ADF

Table 3.1: A database example

Since CBULI algorithm counts all itemsets that need to be considered in
DB + db and checks these candidates for satisfaction of the given constraints, it
follows that CBULI is sound and complete.

3.5 Running Example

In this section, we will give a representative example to examine the character-
istics of CBULI algorithm. In the following example, we will write an itemset
including items X;, X3,..., X, as X; X;...X,. A pair (itemset, support) refers

to an itemset with its support in the transaction database.

Example 3.5.1 Two sets of transactions are given in Table 3.1 with the infor-
mation about the items. Assume that the minimum support threshold is given
as 0.3 with the constraints {soda} C X.Type and Min(X.Price) > 30. Here
|DB| =9, |db] = 6,|DB + db| = 15 and for an itemset to be large in DB,db and
DB + db it must be listed in at least 3, 2 and 5 transactions in the corresponding

datasets respectively.

We assumed that the frequent itemsets in DB are counted by an association
rule mining algorithm and these frequent itemsets with their counts are given as

follows:
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L})B ={(4,7),(B,5),(D,1),(E,5), (F,S)}

L%, ={(AB,3),(AD,6),(AE,5),(AF,6),(BD,3),(BF,5),(DE,4),(DF,6),(EF,4)}
LSDB = {(ABF,3),(ADE,4),(ADF,5),(AEF,4),(BDF,3),(DEF,3)}

L}, = {(ADEF,3)}

Transaction database db is added to old transaction database DB, thus the
set of large itemsets in DB is no longer valid through updated database. The
problem is to find the set of large itemsets that satisfy the given constraints in
DB + db by using the information about large itemsets in DB. While we are
computing constrained frequent itemsets in DB + db, some large itemsets in DB
can be pruned and some new constrained frequent itemsets can be added to the

final result set.

Execution of the algorithm is described below.

Initially db is scanned to find the support of 1-itemsets satisfying the con-
straints in Csam U Com. While scanning db, tidlists for each 1-itemset in db is
generated. In the example dataset, the set of 1-itemsets satisfying the constraints
in Cygm U C,,, with their counts in db are

Co%b = {(A74)’ (C’ 4)7 (Da 1)’ (F7 3)}

In the second step of the algorithm, the old large itemsets that have items
whose support is zero in db or the ones that are not satisfying the constraints in

Csam U Com are assigned to PruneSet in order to perform an initial pruning,.
PruneSet = {(B,5),(E,5)}

B is found to be large in DB + db, since it has a support of 5. But it has
a price of 25 which is less than 30, thus it does not satisfy Cs,, and we prune
B and all its supersets namely AB, BD, BF, ABF, BDF from Lpg. For each
element of PruneSet, we repeat the same operation. F is also found to be large
in DB + db, since it has a support of 5. Additionally, it satisfies C,q,,, and we
add all its supersets in Lpg, namely AE, DE, EF,ADE,AEF, DEF,ADEF to
PruneSet. However F has a type of dairy and does not satisfy Cj,., thus we
remove it from Lpg. We put AFE into Lppta, since it is large in DB + db and it
satisfies Cyqm U Csue. DE,EF,ADE, AEF, DEF and ADEF fail to qualify the
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frequency constraint, thus we remove them from Lppg.

After the initial pruning step, remaining large itemsets and new large itemsets
are:
L}_')B ={(4,7),(D,7),(F,8)}
L%)B = {(AD,6),(AF,6),(DF,6)}
Lyp = {(ADF,5)}
Lpp+as = {(AE,5)}

C}, is recomputed as in Strategy 2. The corresponding MGF for the given
succinct only constraint, {soda} C X.Type is defined as {X; U Xp|X; C
OType=ssodar (Item) & Xy # 0 & Xy C orypepssodar(ltem)}. Therefore C}, is
divided as Cl - OType=4sodar ([tem) and C;;,XZ = OTypet“sodar(ITEM).

O = {(4,4),(C,9),(D, 1)}
1 X"’ = {(£,3)}

Unchecked is initialized to the set of remaining large 1-itemsets in L}, 5.

Unchecked = {(A,7),(D,7),(F,8)}

Each candidate in both C3** and C%*? is checked for largeness in db to
be included in L1 X1 and Ld’ X2 respectively. Frequent candidates in C’l X1 g
Unchecked are promoted to be included in Lppgg, since the minimum length of
itemset to be included in the result set according to MGF of Cy,. is 1. At the
end of the first iteration, we have the following information

L = {(4,4),(C,4)}
Lile2 - {(F> 3)}
L1DB+db = {(4, 4),(C, 6), (D, 8)}

The candidate generation procedure generates the 2-sized candidates using
the MGF given above. ( C% = Ly* x (L3%* ULY*) ) and we begin the second
iteration with the set of candidates where,

Cgb = {(4C,3),(AF,1),(CF, 1)}
Unchecked = {(AD,6),(AF,6),(DF,6)}
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AC is found to be large in db but small in DB. We have to compute the
support of AC in DB by using the tedlists of A and C. Intersection of the
tidlistpp(A) = {1,3,4,5,7,8,9} and tidlistps(C) = {1,5} is tidlistpp(A) N
tislistpp(C) = {1,5} thus the support of AC in DB is 2. Total support of AC
in DB +db is 5 and it is found to be large in DB + db. Since AC qualifies all the
constraints, it is added to both Ly, and Lppyqg. AF is smallin dbbut large in DB.
Support of AF is computed using ¢idlists in db (tidlisty(A)Ntislisty(F) = {10})
and is found to have a total support of 7in DB+db. Thus, AF is large in DB+db
and we put it into Lppyg but not in 2,. CF is found to be small in both DB and

db, therefore we directly prune it from further consideration by Lemma 3.2.1.

AD and DF are found to be large in DB, but we do not know the support
of these itemsets in db. Support of these itemsets are counted using tidlists and
are found to be 1 and 0 in DB respectively. Therefore the total support of AD
is 7 and the total support of DF is 6 and both of them are found to be large in
DB + db. They also satisfy the given constraints and we put them into Lpp.ygp.

At the end of the second iteration, it is found that
Lgb = {(AC’ 3)}

L}9B+db = {(Aa 6)7 (Ca 6)) (D? 8)}
L%)B+db = {(AC, 5)7 (AD: 7)7 (AE7 5)7 (AF, 7)7 (DF7 6)}

We proceed the third iteration with
Ch =10
Unchecked = {(ADF,5)}

Since C3, = 0, we only check the elements in Unchecked. Support of ACF
is 0 in db, and 5 in DB, thus it is large in DB + db and we put it into Lpp4g.
Finally, the result of CBULI algorithm is:

Lbpia = {(4,6),(C,6),(D,8)}
L%)B+db = {(AO1 5)a (AD7 7)7 (AE7 5)7 (AF, 7)? (DF, 6)}
Lppya = {(ADF,5)}
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3.6 Theoretical Performance Evaluation

Incremental association rule mining algorithms are proposed to eliminate the
repetition of previously performed computations done on the set of old transaction
database. Thus, it is always expected that an incremental algorithm performs
better than re-running an association rule mining algorithm such as Apriori [6]

on the whole set of transaction database.

Recently proposed algorithms try to minimize the number of scans over the
transaction databases to decrease I/O time and gain computational efficiency. In
general, one pass over the whole transaction database is sufficient to generate all
frequent itemsets in the updated database. Thus, CBULI scans db once and DB

at most once, meaning that the algorithm is linear in terms of the database size.

Usage of anti-monotone and succinct constraints in the counting step of the
frequent itemsets, let the user specify his focus on the domain. By straightening
the focus, size of the transaction database to be considered gets smaller and fewer
candidates are generated. These two types of constraints play an important role in
terms of pruning the candidates. While anti-monotone constraints are used to test
the generated itemsets, succinct constraints are used to prune before counting.
Pruning done by anti-monotone constraints are similar to the frequency constraint
and each itemset is checked for satisfaction of all anti-monotone constraints by
Lemma 2.3.1. However, each succinct constraint has its MGF to be used in the
candidate generation part in a generate only manner by Lemma 2.3.2. It should
be noted that multiple MGF's can be joined to create a resulting MGF to be used

in the candidate generation part by Lemma 2.3.3.

In CBULI, initially old large itemsets that do not satisfy any of the anti-
monotone constraints are pruned with their supersets from the set of old large
itemsets. This initial pruning eliminates some of the old large itemsets from
further verification steps in DB + db. However, currently proposed ICAP verifies
all old large itemsets in DB + db, which is expected to be costlier than the initial

pruning of the itemsets in Lpg.
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As in UWEP, the k-sized candidates that are frequent both in db and DB +db
are stored in L%, with the modification that these itemsets are also checked for
satisfaction of all anti-monotone constraints. This yields a much smaller number
of candidates. However, ICAP algorithm promotes frequent k-itemsets satisfying
all anti-monotone constraints in db to Lg, without using the knowledge of old
large itemsets. Thus, it may generate and count many itemsets which will be

pruned in the following steps of the algorithm.

Storage and computation of the constrained negative border in ICAP is a
costly operation, especially if the constraint negative border expands it must
be recomputed. Similarly, this argument is valid for the approach presented in
[50] when the negative border expands. On the other hand, the most important
property of the (constrained) negative border is that it can be used to indicate
if there are changes between the set of old constrained frequent itemsets and the
set of new constrained frequent itemsets. Therefore, if negative border does not

expand, there is no need to scan DB.



Chapter 4

Experimental Results

4.1 Notes on Experimental Environment and

Performance Measure

In the experiments, we evaluate the relative efficiency of UWEP, CAP and
CBULI. We conducted the experiments on UWEP, which is an incremental but
not constraint-based algorithm, by post-pruning the resulting frequent itemsets
according to the given constraints. In case of CAP, which is a non-incremental
constraint based algorithm, we run the algorithm over the whole dataset (old +

the increment).

We assumed that initially all frequent itemsets in DB are provided to the in-
cremental mining algorithms. Here we decide on supplying the old large itemsets
in DB with an association rule mining algorithm, like Apriori. Constraints are
only employed in the update step in order to satisfy continuity of the constraints

in the whole database.

We have tested all the algorithms on a IBM compatible PC with single 650Mhz
Pentium III processor and 128MB main memory running Mandrake-Linux 8.0.
In the experimental phase, the program was the major process running on the

machine in order to prepare a stable environment and get reliable results.

51
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Parameter Value
Number of transactions (D) 100000
Number of maximal potentially large itemsets (L) 1000
Number of items (N) 1000
Average size of the transactions (7') 10
Average size of maximal potentially large itemsets (1) 4

Table 4.1: Parameters used in data generation

Databases are constructed by using the synthetic dataset generator program
developed by IBM Almaden Research Center. This program uses several parame-
ters to construct a synthetic dataset and details of these parameters can be found
in [6]. Our data generation procedure is slightly different from the methodology
presented in [6] since we need two synthetic datasets, the original one and the
increment. We generated a transaction database with double the size of |DB].
The first | DB)| transactions are stored as the original transactions, and x% of the

remaining transactions are considered as x% increment.

Example 4.1.1 If we create a dataset of size 200, the first 100 transactions are
stored as the original dataset, DB. Transactions between 100 and 110 are stored
as 10% increment, transactions between 100 and 120 are stored as 20% increment,

and so on.

Since all the transactions are generated using the same statistical pattern, all
subsets of the generated dataset have similar characteristics, such as the original

dataset and the increment with any size.

Parameters used in our experiments are listed in Table 4.1. We follow the
notation T'z.ly.Dm.dn used in [17] to denote databases in which |DB| = m thou-
sands, |db| = n thousands, |T'| = = and |I| = y. We generated two minable views
as trans(TI1D, Itemset) and itemInfo(Item,Type, Price). trans is generated
by the synthetic data generator program. In stemlIn fo, each item is represented
with an item identifier ranging from 0 to 999, item prices are chosen uniformly

between 1 and 1000, and item types are randomly assigned from the domain
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Succinct and anti-monotone constraints
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Figure 4.1: Performance comparison for succinct and anti-monotone constraint

attributes of [a—z] where each character represents a distinct type.

As a performance measure, we conducted our experiments on speedup charts
using different support values, different increment sizes for scalability and item
selectivity, where item selectivity means that x% of the items satisfy the given
constraint. Speedup is a fair measure than running time of the algorithms since
timing highly depends on the performance of the system and the data structures

implemented in the algorithms.

4.2 Experiments with Different Query Types

In the first set of experiments, we measured the relative performance of the al-
gorithms for each type of anti-monotone and succinct constraints. While we
experimented with various databases, the results discussed below are based on
a database of 100,000 transactions with an increment of 10,000 transactions
(T10.14.D100.d10). Transaction databases are generated as discussed in the pre-
vious section using the parameters listed in Table 4.1 and minimum support
threshold is set to 0.5%.
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In these experiments, we expect CBULI to perform better than CAP with high
selectivity of the constraints. This is because of the mining framework presented
in these algorithms. CAP is a non-incremental approach and perform the mining
operation on the whole set of data. In that case, the number of candidates that
satisfy the constraints in the first few iterations dominates the whole process.
If selectivity of constraints is low, number of candidates to consider is small,
otherwise if the selectivity is high, number of candidates can be very large. On the
other hand, CBULI is an incremental algorithm and uses the results of previous
mining operations to find the new set of constrained associations. Thus, it has
to verify all frequent itemsets in the original database and the candidates in
the incremental part. If selectivity of constraints is low, verification of all old
frequent itemsets and the candidates in the increment can be a costly operation
and decreases the performance of this approach over CAP, since most of the old
frequent itemsets are not generated in the earlier levels of CAP algorithm by using
the constraints. If selectivity of constraints is high, then CBULI is expected to
perform much better than CAP.

For the case of CBULI versus UWEP, characteristics of performance chart
with item selectivity is opposite of the performance chart of CBULI versus CAP.
These two algorithms are based on the same incremental mining framework, but
the pruning optimizations employed in CBULI for each type of anti-monotone
and succinct constraints determine the relative performance of these algorithms.
CBULI is expected to perform better than UWEP with low item selectivity, while
performance gain of CBULI over UWEP decreases slowly with an increase in item

selectivity.

In the first step, the succinct and anti-monotone constraint Maxz(S.Price) < v
is used to find the constrained frequent sets. In Figure 4.1 speedup of CBULI
versus CAP and UWEP is plotted as a function of item selectivity. Since the
Price values of the itemsets are uniformly chosen between 1 and 1000, different

values of v corresponds to different selectivities of the constraint.

CBULI runs about 4 times faster than CAP for a 90% selectivity. If the
selectivity gets smaller, than the performance of CAP gets closer to CBULIL
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Succinct constraints
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Figure 4.2: Performance comparison for succinct but not anti-monotone con-
straint

On the other hand, for a 10% selectivity CBULI runs about three times faster
than UWEP. Performance of both of CBULI and UWEP gets closer when the

selectivity increases to a level of 90%..

In the next step of the experiment, we use the succinct but not anti-monotone
constraint {z} C S.Type. Figure 4.2 shows the speedup for CBULI over CAP
and UWEP. While the degree of pruning performed by succinct constraints is
minimized with high selectivity, the speedup of CBULI is about 4 times over
CAP algorithm with high selectivity. On the other hand, for 10% selectivity
CBULI runs about twice faster than UWEP.

We also tested the performance of the succinct constraints with different sup-
port thresholds ranging from 0.2 to 1.0. This range mimics the limits of the
dataset, since below 0.2 the number of candidates increases drastically and above
the threshold of 1.0, the number of candidates and, thus the large itemsets are
small to represent a fair timing comparison. Results of this experiment are shown
in Figure 4.3. CBULI performs 6 times better than CAP with a support of 0.2.
However, performance of our algorithm decreases with increasing support thresh-

old since the number of candidates to counted plays an important role in the
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Different support thresholds with succinct constraint

6.0 : : : : : :
55 | i
50 - i
45 - .
4.0  G—©CBULIvs. CA -

o 35| SE—+HCBULIvs. UWEP J

30 -

25 | P

20 - .

1.5

1.0 1

0.5

Speedu

L==
]

0
]

T
1

0.2 04 0.6 08 1
Support

Figure 4.3: Performance comparison for different support thresholds

computation of frequent itemsets and larger minimum support threshold causes

smaller number of candidates.

Succinct constraints are used in generate-only manner. The number of can-
didates in the first few iterations of the frequent itemset generation procedure
dominates the whole set of candidates. Thus, pruning done by the succinct con-
straints in the first few iterations plays an important role on the size of the
candidate set leading to an order of performance gain. Additionally, effect of a
succinct constraint in the pruning step is much stronger if the constraint also

satisfies the anti-monotone property.

Next we consider the category of constraints, that are anti-monotone but
not succinct. According to the constraint Sum(S.Price) < MazSum we have
chosen, unlike the previous cases, the notion of item selectivity does not directly
make sense. We numbered the price values of each item as its item number,
and compared with a MazSum value. Speedup results are shown in Figure 4.4.
Similar to the previous cases, performance of CBULI gets better than CAP with
the increasing value of MaxzSum, while the performance of CBULI gets closer to

UWEP.
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Anti-monotone constraints
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Figure 4.4: Performance comparison for anti-monotone but not succinct con-
straint

Anti-monotone constraints satisfy the downward closure property of frequency
constraint which is the basic pruning strategy used in classical algorithms. Prun-
ing is performed in a generate and test style that each candidate is checked for
satisfaction of anti-monotone constraints. Since the number of candidates in the
first few iterations (especially in the first two levels) is larger than the following
steps, pruning done by the anti-monotone constraints must be significant in these

levels.

Finally, we consider the constraint Avg(S.Price) < v. We can not directly
use the presented optimizations for anti-monotone and succinct constraints since
it is neither succinct nor anti-monotone. But as shown before, the constraint
induces the weaker constraint Min(S.Price) < v, which is succinct but not anti-
monotone. Extra cost is that a final verification step is needed to check whether
the frequent sets really satisfy Avg(S.Price) < v. Therefore, performance of the
algorithm with this kind of constraints is similar to succinct constraints as shown

in Figure 4.2.
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Increment with succinct constraint
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Figure 4.5: Performance comparison for different increment sizes with succinct
constraint

4.3 Scalability with Database Size

We conducted the second set of experiments to measure the scalability of our ap-
proach with changing database and increment sizes. In the following experiments
we applied the succinct constraint, z C S.Type with an item selectivity of 50%.

Minimum support threshold is set to 0.5%.

In the first step, we changed the size of incremental database. A sample
database of T10.14.D100.dx is used where x changes over 10% to 100% of the
original database size. We expect our approach to perform well if the increment
size is smaller than the size of original database. As shown in Figure 4.5, CBULI

performs well if the size of the increment is smaller than the original size.

We measured the scalability of our approach in Figure 4.6 by changing the
database size ranging from 100,000 to 500,000 transactions with 10% increment
size of the original database. CBULI is expected to perform better when com-
pared to other algorithms with an increase in the size of the original database.
According to the experimental results, speedup of CBULI over the CAP algo-

rithm converges to 6 when the database size is 500,000 transactions. However,
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Different database sizes with succinct constraint
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Figure 4.6: Performance comparison for different database sizes

results do not reflect the expectations about performance gain of CBULI versus
UWEDP, since most of the new frequent itemsets in db can satisfy the given con-
straint and the initial pruning performed by both of the algorithms is effective in

terms of eliminating the old frequent itemsets in earlier steps.
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Conclusion and Future Work

Association rules have a wide area of usage. Maintenance of association rules is
also an important issue, especially in dynamic databases. Instead of computing
all the rules again, efficient algorithms are proposed which uses the previously

discovered rules to find the set of new association rules.

Motivated by the problems of the association rule mining systems, such as lack
of user exploration and control, lack of focus and rigid notion of relationships, we
proposed a constraint-based incremental association rule mining algorithm. It is
based on the strategies presented in UWEP and CAP algorithms. The algorithm
ensures that anti-monotone and succinct constraints are pushed deep inside the
mining process, to achieve a maximized degree of pruning. Thus, it fills the gap
between constraint-based association rule mining and incremental association rule

mining,.

We presented a theoretical performance evaluation of our algorithm where we
discussed the time complexity of the strategies presented in the thesis, and com-
pared our approach with the existing approaches. Moreover, several experiments
were performed to measure the relative performance of CBULI compared to run-
ning CAP over the whole dataset and UWEP with a filtering stage. Experimental
results indicate that the optimizations employed in CBULI provides considerable

computational efficiency compared to CAP. However, we could not get a large
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speedup gain over UWEP algorithm in some of the experiments, since we used

constraints with 50% selectivity which can be considered as high.

We believe that ad hoc mining is crucial in database mining systems. There
are still some points to consider in order to get an effective approach. The user
must have knowledge about the dataset to set the focus by using constraints. The
performance of the system highly depends on the type of the constraints, and its
selectivity. Another factor that determines the performance of the algorithm
is the number of constraints that are pushed into the mining process. If the
selectivity is high, and the number of constraints is large then the algorithm

spends much time for the constraint checking part.

In this thesis, we only discussed 1-var anti-monotone and succinct constraints.
Analysis of other constraints that are discussed in Section 2.3 involving more than

one variable is expected to lead to interesting results in our approach.

It is discussed in [10] that the optimization strategies presented in UWEP do
not work in case of deleted transactions. Although for a retail market dataset
insertions can be considered as the only operation to be performed, in a general
maintenance approach deletions and modifications must also be considered. The
problem of maintenance can be a challenging problem if the modification is done

both on the transactions and on the characteristics of the items in the dataset.
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