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Chapter 1

Introduction

1.1 Research Motivation

Association Rule Mining (ARM) is an important topic within the area of data
mining. This topic is motivated by an application known as market basket analysis
which concerns how to identify relationships among items purchased by customers
[1]. In addition, association rules mining is widely employed; for example, in cross
marketing [19], new product development [20], personal services, and credit
approval assessment for e-business [17]. The process of discovering all the
association rules [22] comprises of two steps: 1) Discovering all frequent itemsets
that satisfying a minimum support threshold, and 2) Creating all rules from
discovered frequent itemsets that meet the confidence threshold. Most of the
researchers are interested in solving problems on creating frequent itemset because
it is costly and consumes high resources. Several mechanisms can be classified into
two types, namely, the level-wise [2,5,26,27,28,31] and the pattern-growth
approaches [8,10,11,29,30] discovered to obtain frequent itemsets. In general, the
level-wise approach, in each iteration, is divided into two steps, the joining and the
pruning. The joining step generates new candidates by combining frequent itemsets
from the previous iteration. After that, the pruning step filters out those candidates
not satisfying the minimum support threshold. The pattern-growth approach scans
the database twice. The first scanning results in a sorted list of all frequent items that
pass the minimum support. The second scanning constructs a frequent-pattern tree
containing information on occurrence of all itemsets (a word “occurrence”
represents presence or absence of an item in a transaction, that is, considering an
item in a transaction database as a binary (0/1) value).

However, the frequent itemset mining methods are based on support
measure by counting an occurrence of an item in a transaction database as a binary
(0/1) value. For example, if a customer purchases 10 units of item A, item A will be
counted as 1 rather than its frequency, 10 (@ word “frequency” represents a sold
quantity of an item in a transaction). In fact, there could be transactions with many

units of the same item; therefore, examining only occurrences of itemsets in a



transaction cannot reflect any other implicit factors, such as quantity sold, costs and
profits [12]. In dealing with this limitation, several modified and new measures have
been proposed. For example, Cai et al. [6] proposed a weighted itemset mining,
which modified the support measure by adding another factor called “weight” to
obtain better resulted frequent itemsets. The weight can be the importance, the
interest, or other aspect of the item to differentiate all items. Apart from the
modified support measure, a new measure called share measure was proposed by
Carter et al. [4]. This share frequent itemset mining extends traditional frequent
itemset mining with consideration of the purchased quantities. Later, Chan et al. [13]
proposed a high utility frequent itemset mining, which concerns with not only the
purchased quantity but also the unit profit of each item.

In addition, several mining methods were proposed for efficiently discovering
share frequent itemsets. The Zero pruning (ZP) and the Zero subset pruning (ZSP)
proposed by [7,12] can find all share frequent itemsets using an exhaustive search
method. However, both algorithms only prune the generated candidates that have
zero number of transaction. A number of mechanisms have been introduced for
seeking share frequent itemsets with share infrequent subsets, but they cannot
extract the complete set of share frequent itemsets such as Share infrequency
pruning algorithm (SIP) [7], Combine all counted algorithm (CAC) [9] and Item add-
back algorithm (IAB) [12]. Next, Fast Share Measure (ShFSM) method [14] was
introduced to solve the weakness of the existing algorithms by using a level-closure
property. However, ShFSM still produces too many candidates in each round and
also cannot extract the complete set of share frequent itemsets. After that, Direct
Candidates Generation (DCG) [15] was proposed and outperforms ShFSM by
generating candidate itemsets without pruning and joining steps in each iteration.
DCG can maintain the downward-closure property by using the transaction-measure-
value of an itemset (Definition 2.4). The number of candidates is generated when
DCG is less than ShFSM but DCG suffers from the level-wise candidate generation-
and-test problems and needs several database scans. After that, an efficient
algorithm for mining complete share frequent itemsets [25] was proposed, named
MCShFI, for efficiently extracting complete share frequent itemsets based on a level-

wise generating property. It can reduce the runtimes by using transaction measure



value as an effective upper bound of each item to generate only the promising
candidate itemsets in each iteration.

The above methods belong to batch mining, that is, the database is assumed
to be a static one and the mining processes are performed in a batch mode. In real-
world applications, databases tend to be large and grow over time, so that the
previous discovered information become obsolete or some new information may
emerge. Therefore, in this research, an incremental share frequent itemset mining
will be proposed in order to obtain new frequent itemsets from the updated
database using mainly the newly inserted transactions and the original share frequent

itemsets resulted from the initial mining on the original database.

1.2 Objectives of the study

This thesis aims at developing algorithm that can effectively handle large
growing database. An incremental algorithm called Incremental Share Frequent
ltemset Mining, or IS-FUP, for short, that eliminates the rescanning by mining share
frequent itemsets only from new transactions thus results in efficiently updating the
previous discovered share frequent itemset. In addition, the thesis presents an

incremental data structure called "PSTable" to maintain an incremental database.

1.3 Hypothesis of Study
The execution time of the incremental share frequent itemset mining with
FUP concept can be reduced better than that of the traditional method in a batch

way.

1.4 Scopes of Thesis
The scope of this research is as follows.
1) Develop an incremental share frequent itemset mining algorithm with the
FUP concept that can reduce the execution time better than the traditional batch
algorithm.
2) The proposed solution was evaluated with standard datasets from Frequent
ltemset Mining Dataset Repository (http://fimi.ua.ac.be/data/) and count information

was randomly assigned to each item in each transaction, ranging from 1 to 10.



1.5 Organization

This thesis is organized as follows.

Chapter 2 presents the concept of Frequent Itemset mining and Share
Frequent Itemset mining, basic definitions and background, and the literature reviews
that are related to Share Frequent Itemset mining.

Chapter 3 explains the IS-FUP solution which is an incremental share frequent
itemset mining that handles insertion of transactions.

Chapter 4 describes experimental results for both synthetic datasets and real-
life dataset to demonstrate of IS-FUP and MCShFI on runtimes and analyzes the size
of the PSTable and Frequency table.

Chapter 5 summarizes the proposed solution and discusses limitations and

the future work.



Chapter 2

Literature Reviews

This chapter is organized as follows. Section 2.1, the concept of Frequent
ltemset mining and the Apriori algorithm are described. In Section 2.2, the concept of
Share Frequent Itemset mining, basic definitions and background are given. After that,
researches on Share Frequent Itemset Mining and the Fast Update Concept are

reviewed in Section 2.3, respectively.

2.1 Frequent Itemset Mining

Frequent Itemset Mining (FIM) is a crucial process and occurs in many real-
world applications. These applications include association rule analysis, sequential
patterns mining, correlations analysis, multi-dimensional patterns mining. It was
introduced in 1993 by Agrawal et al. [1]. Let | = {/}, Iy, ..., 1, I} be a finite set of
items appearing in a transaction database DB. A subset X of / is called an itemset. If
an itemset contains k distinct items, then it is defined as the k-itemset. Let DB = {T,

TZ}'} Tqy";

T, To} be a transaction database where n is the number of transactions in
DB and each transaction T,€ DB must satisfy T,C /, (1 < g < n).

In general, a support value of itemset X in the database can be written as
Support(X). Support(X) is defined as the ratio of the number of transactions in a
database DB containing itemset X. Conceptually, it is the probability that itemset X
will be purchased together in DB. If Support(X) is above the minSup representing the
minimum support threshold specified by a user, then itemset X is called a frequent
itemset in DB. For example, suppose that, there are two itemsets: X = {AB}and Y =
{C,D} with their corresponding support values of 70% and 40% and the minSup is set
at 50%. Therefore, itemset X is determined as the frequent itemset because its

Support(X) is greater than the minSup while itemset Y is an infrequent itemset

because its Support(Y) is lower than the minSup.

Apriori algorithm
A classical apriori algorithm is proposed by Agrawal and Srikant [2]. It is one of

the most popular algorithms discovering frequent itemsets from a transaction



database by using candidate generation for association rules. Apriori employs an
efficient search methodology called, the downward-closure property of support, or
the Apriori property, which expresses that the subsets of a frequent itemset are also
frequent. Likewise, the supersets of an infrequent itemset are infrequent. The
objective of Apriori is to discover all itemsets whose support ratio is larger than the
minimum support threshold (minSup). The algorithm can be described as follows:

First of all, k is set to be 1, each l-itemset X is loaded into Apriori as a
candidate 1-itemset having its Support(X) computing from a transaction database.
After that, it determines whether Support(X) is bigger than or equal to the minSup. If
Support(X) satisfies the condition, keeps it in F, (frequent itemset in round k) and k is
increased by 1. For the next round, in each iteration, it is divided into two steps, the
joining and the pruning steps.

The joining step will determine a set of candidate k-itemsets denoted C, from
Fi.1. The Apriori algorithm assumes that items within a transaction or itemset are
sorted in lexicographical order. It does this by joining F,.; with itself. The joining Fy_; to
Fr.1 is only performed between itemsets having the first (k-2) items in common with
each other. Suppose that kK = 4 and itemset A and B are members of F;. ltemsets A
and B will be joined for generating candidate 4-itemsets when the position 1 and 2 of
itemsets A and B are the same. The position 3 of itemset A is less than the position 3

of itemset B, as shown in Figure 2.1.

1 2 3 position

itemset A ‘

1 2 3 position

itemset B ‘

Figure 2.1 An example of the joining step when k = 4



The second step, the pruning step, filters out those candidates whose are not
satisfied the minSup. At first, the support value of each candidate k-itemset (C,) X is
computed from a transaction database. Then, it determines whether Support(X) is
bigger than or equal to the minSup. If Support(X) satisfies the condition, keeps it in
F.. The downward-closure property, the Apriori property, is used for reducing the size
of Cy. This property states that any (k-1)-itemset is infrequent so it cannot be a
subset of a frequent k-itemset. Therefore, if any (k-1)-subset of a candidate k-itemset
is not a member in F; then it can be removed from C, because it cannot be
frequent. The resulting set of frequent k-itemsets is denoted F and k is increased by
1. The Apriori algorithm will repeat the above step until no new candidate itemset is

generated.

2.2 Share Frequent Itemset Mining

From Section 2.1, Frequent Itemset Mining treats all items in a transaction
database as binary (0/1) values. It only considers the number of transactions in the
database containing desired patterns. The information obtained from Frequent
ltemset Mining represents a set of itemsets bought together in a transaction with
their support values. For example, suppose that a database containing a set of
transactions, half of which items “A” and “B” are bought together, results is a
support value of 50%. The Frequent Itemset Mining can be useful for shelf
management in promoting two products to be purchased together.

In fact, there could be a transaction with many units of an item. The
customers’ purchased database stores the actual quantities of item sold in a
transaction. However, these quantities have not been realized in the support
mentioned above. In 1997, Carter et al. [4] introduced the Share Frequent Itemset
Mining (SFIM) to discover useful knowledge about numerical attributes, such as the
quantity sold, associated with an itemset in a transaction. The information obtained
from SFIM represents a set of itemsets with high proportions of total quantity sold
from a transaction database. For example, suppose that a database contains a set of
transactions, some of which items A and B are purchased together. The quantities of
items A and B in those transactions sum up to 50% of the quantities of all items
purchased in all transactions. This results in a share value of 50% for items “A and

B”. SFIM can be useful for stock management in terms of reserving the stored



quantities. In general, a share value of itemset X in the database can be represented
by SH(X). A formal definition of SH(X) will later be stated mathematically in Definition
2.8. If SH(X) is above a minShare value representing the minimum share threshold
specified by a user, then itemset X is called a share frequent itemset in the database.
For example, suppose that, there are two itemsets: X = {A;B} and Y = {C,D} with their
corresponding share values of 50% and 30% and the minShare is set at 45%.
Therefore, itemset X is a share frequent itemset because its SH(X) exceeds the
minShare, while itemset Y is a share infrequent itemset because its SH(Y) is lower
than the minShare. For extreme cases when SH(X) = 1 where X = {A,B} it means that
only items A and B are sold together in every transaction. On the other hand when
SH(X) = 0 where X = {A,B} it means that items A and B are not sold together at all in
any transaction. Note that, since a share value of itemset is the proportion of the
quantity sold of all items in itemset in DB and the total quantity sold in DB, that is,
the share value of itemset does not consider the quantity sold of itemset for each

item, so that it should be considered all items in itemset together.

Table 2.1 An example of transaction database

Transaction ID ltem sold Quantity sold
T, {A, B, F, G, H} {A:2, B:g, F:2, G:1, H:6}
T, {A, C E} {A:5, C:3, E:3}
Ts {B, C, H} {B:7, C:2, H:5}
Ta {C, F, G} {C:5, F:1, G:1}
Ts {C,E F G} {C:3, E:1, F:2, G:1}

For illustration purposes, an example of transaction database is provided in
Table 2.1 to show that the support value may not be a good measurement in some
cases. In each transaction, the list of the item sold along with their quantity sold is
given. According to the table, itemset {C,E} occurs in Transactions T, and T5 while
{B,H} occurs in Transactions T; and Ts;, both resulting in the same number of
occurrences, 2, and hence the same support value is 2/5. However, the quantity sold
of all items in itemset {C,E} in Transactions T, and Ts equal (3+3), (3+1) or 6, 4,
respectively. Thus, the total quantity sold of itemset {C,E} in this database = 6+4 =
10. The quantity sold of all items in itemset {B,H} in Transactions T; and T; equal



(8+6), (7+5) or 14, 12, respectively. Thus, the total quantity sold of itemset {B,H} in
this database = 14+12 = 26. In this case, itemsets {C,E} and {B,H} have the same
support value of 2, leading to an interpretation that items C and E are bought
together twice times in the same way as items B and H. In reality, items C and E are
sold in the total quantity of 10 while items B and H are sold in the total quantity of
26. Obviously, 10 and 26 are so different that, in some cases, could indicate more
useful meanings than their equal occurrence of 2.

Another example to indicate the opposite result. Again according to Table
2.1, itemset {F,G} occurs in Transactions Ti, T, and Ts yielding 3 occurrences or
support value of 3/5. The quantity sold of all items in itemset {F,G} equal (2+1),
(141), (2+1), respectively, which totals to 8. In terms of the number of occurrences or
support value of itemset {F,G} is greater share frequent than that of itemset {B,H} due
to 3 > 2 (occurrences) or 3/5 > 2/5 (support values). On the other hand, in terms of
the number of quantity sold of itemset {B,H} is, in turn, greater share frequent due to
26 > 8 (total quantity sold). In conclusion, besides support value, the idea of total
quantity sold used in share value, can be an alternative criterion for selecting

frequent itemsets depending on the situation at hand.

Basic Definitions and Background

In this section, formal definitions of related technical terms are provided
along with numerical examples. Table 2.2 shows an example of transaction database
categorized into two types, namely, the original database (O) and the newly inserted
transactions (db+). Each type contains Transaction ID, item sold in each transaction,
and their respective quantity sold. Transaction T; - Ts are in the original database and
transaction T - Ty are in the group of the newly inserted transactions. For example,
T, contains item sold A, B, F, G, and H and their quantity sold are 2, 1, 2, 1 and 2,
respectively. This table will be used in all subsequent numerical examples in this

section.

Table 2.2 Another example of transaction database

Type of DB Transaction ID ltem sold Quantity sold
The original database T, {A, B, F, G, H} {A:2, B:1, F:2, G:1, H:2}
0O) T, {A C E} {A:5, C:3, E:3}
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T3 {B, C, H} {B:3, C:2, H:2}
Tq {G {C:5}
Ts {C,E F G} {C:3, E:1, F:2, G:1}
Ts {B, C, H} {B:4, C:3, H:2}
The newly inserted
T, {A,C,D, E, F} {A:4, C:2, D:1, E:1, F:5}
transactions
Tg {A, D} {A:1, D:2}
(db+)
To {A, C E} {A:2, C:1, E:1}

Definition 2.1 The measure value of item i, in transaction T, denoted by mv(ip,Tq),
is defined as the sold quantity of item 7, in T,
For example, from Table 2.2, the measure value of item {A} in transaction T, is, m/(A,

T,), is equal to its associated quantity sold, namely, 5.

Definition 2.2 The itemset measure value of itemset X in transaction T,, denoted by
imUX,Ty), is the summation of the measure value of all items in itemset X in
transaction T,. In other words, it is the quantity sold of all items in itemset X in

transaction T,. Mathematically,

im(X,T) = > mv(in,Ty) 2.1)

XcT,i,eX

For example, from Table 2.2, the itemset measure value of itemset {AC} in

transaction T, is imv({AC}, T,) = mv(A, T,) + mv(C, T,) = 5+3 = 8.

Definition 2.3 The transaction measure value of transaction T,, denoted by tmv(Tq),
is the summation of the measure value of all items appeared in transaction T, In
other words, it is the total quantity sold of all items in transaction T,
Mathematically,

tmw(T,) = va(ip, Ty) (2.2)

ipeTq
For example, from Table 2.2, the transaction measure value of transaction T, is

tmT,) = mv({A}, T,) + mv{C}, T,) + mv({E}, T,) =5+ 3 + 3 = 11.

Definition 2.4 The transaction measure value of itemset X, denoted by tmvs(X), is

the summation of the transaction measure value of all transactions containing
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itemset X. In other words, it is the total quantity sold of all transactions containing
itemset X. Mathematically,
tmvs(X) = Ztmv(Tq) (2.3)

XgTq eDB

For example, from Table 2.2, tmvs({AC}) = tmw(T,) + tmv(T;) + tmTy) = 11 + 13 + 4
= 28.

Definition 2.5 The local measure value of itemset X, denoted by (mwv(X), is the
summation of the itemset measure value of all items in itemset X in all transactions
containing itemset X. In other words, it is the total quantity sold of all items in

itemset X in all transactions. Mathematically,

Imv(X)= > imw(X,T;) (2.4)

7, <DB,
where DBy = { T,€ DB | X C T4}

For example, from Table 2.2, Im/{AC}) = imv({AC},T,) + imv({AC},T) + imv({AC}T,) = 8
+6+3=17.

Definition 2.6 The total measure value of a database, denoted by TMVDB), is the
summation of the transaction measure value of all transactions in the database DB.

In other words, it is the total quantity sold in the entire database. Mathematically,

TMV(DB)= > tmwW(Ty) (2.5)
TqEDB
and by Definition 2.3, thus,
TMV(DB)= Y > mv(ip,Ts) (2.6)
T,eDB i €T,

For example, from Table 2.2, The total measure value of the database is

TMV(OUdb+) = 84+114+745+79+13+3+4 = 67.

Definition 2.7 The share value of itemset X in a database DB, denoted by SH(X), is
the ratio of the local measure value of X to the total measure value of DB. In other
words, it is the proportion of the quantity sold of all items in itemset X and the total
quantity sold in the entire database. Mathematically,

SH(xX) = M) 2.7)
MV (DB)

For example, from Table 2.2, SH{AC}) = Imv({AC}H/TMV(DB) = 17/67 = 0.2537. Notice
that 0<SH(X)<1 because 0<(mwv(X) <TMV(DB).
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Definition 2.8 The minimum share threshold, denoted by minShare, is a proportion

or a percentage specified by a user to be set as a threshold.

Definition 2.9 Given a minShare, if the share value of itemset X, SH(X), is greater
than minShare, then itemset X is a share frequent itemset.
For example, from Table 2.2, if minShare set at 0.25, then itemset {AC} is a share

frequent itemset because SH{AC}) = 0.2537.

Definition 2.10 Given a minShare, the minimum local measure value, denoted by
minLmv, is the minimum quantity sold to be set as a threshold. Mathematically, it is
then defined as a ceiling of a product of minShare and the total measure value of
the database, that is,

[ min Sharex TMV (DB) | (2.8)
For example, from Table 2.2, given minShare = 0.25 and TMV(DB) = 67 from the

example in Definition 2.6, then minLmv = [0.25x67] = [16.75] = 17. For any itemset X,

if Imv(X) = minLmv, then itemset X is a share frequent itemset.

Proposition 2.1. The transaction measure value of an itemset X maintains the
property of downward-closure.
Proof. Let itemset {A} be a share frequent itemset in DBy, where DBy, is a set of all
transactions in DB containing {A}. Let itemset {B} be a super itemset of {A}, therefore
{B} cannot present in any transactions that {A} is absent. Thus, referring to Definition
2.4, the maximum transaction measure value of {B} is tmvs({A}). Therefore, if tmvs{A})
is less than minLmv, {B} cannot be a share frequent itemset and obviously cannot
have a high transaction measure value itemset (including {A}).

By Proposition 2.1, if itemset X is not high transaction measure value itemset,
its supersets are not high transaction measure value itemsets either. From Table 2.2
database with minShare = 0.25, we have minLmv = 17 and tmvs({F}) = 13 < minLmv.

Therefore, all supersets of {F} are not high transaction measure value itemsets.

Definition 2.11 An itemset X of a database DB is a high transaction measure value

itemset with respect to a threshold, if tmvs(X) > minLmv.
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2.3 Literature Reviews
2.3.1 Share Frequent Itemset Mining

In 1997, Carter et al. [4] introduced the share-confidence model to discover
useful knowledge about numerical attributes associated with itemsets in a
transaction. This numerical attribute reflects all the profit, the cost of itemsets, and
associates to the transaction itemsets. Several mining techniques have been
proposed for efficiently discovering share frequent itemset that can be divided into
two groups. The first group consists of techniques that can extract the complete set
of share frequent itemsets from the transaction database, but it takes an exponential
running time. The second group consists of techniques that can determine solutions
for mining all share frequent itemsets; however, these methods cannot extract the
complete set of share frequent itemsets since their models do not satisfy the
downward-closure property. Each group will be described below.

The first group consists of Zero pruning (ZP) and Zero subset pruning (ZSP)
are proposed by [7] and [12] respectively. Barber and Hamilton [7] proposed an
algorithm, named ZP, for discovering the share frequent itemset in the exhaustive
search way. It determines all possible itemsets from a transaction database. Any
itemsets that have zero number of transactions will be removed. In other words, it
keeps only the itemsets that have the total number of transactions greater than zero
as candidates. Therefore, the algorithm can extract the complete set of share
frequent itemsets from the transaction database but it takes an exponential running
time. Although ZP can extract the complete set of share frequent itemsets, it still
generated a huge number of unpromising candidates in mining process. Later, an
efficient algorithm for exploring all share frequent itemsets [12] was introduced,
namely ZSP algorithm, to reduce the number of generated candidates in the mining
process by pruning all supersets of any itemsets X that its total number of
transactions (TCy) equals to the value of 0. Assuming that the 2-itemset {AB} is pre-
generation pruned since TCpg= 0, therefore, all supersets of {AB} are not generated
as candidate itemsets. ZSP takes more running time and generates a large number of
useless candidates in mining process for extracting the complete set of share
frequent itemsets from the transaction database.

The second group includes SIP [7], CAC [9], IAB [12] and ShFSM [14]. An

algorithm called SIP [7] is introduced to extract share frequent itemset in level-wise
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way. This method adopts the downward-closure property by using the share value of
itemset (Definition 2.7) to decrease the number of generated candidates in mining
process. It starts with reading all I-itemsets with their share value. Then, it has to
make decision whether the share value of any I-itemsets is larger or smaller than the
user specified minimum share threshold. If it is larger, it is kept as I-candidate for
generating candidates of length 2 and so on. If it is smaller, it is not selected and cut
off in sequence. This method, however, cannot extract the complete set of share
frequent itemsets since this measure does not maintain the property of downward-
closure. Later, an efficient algorithm [9], called CAC, was proposed and defined PSH
(Predict Share) model for reducing the number of unpromising candidates. CAC
generates all 2-itemsets from all itemsets of length 1 and then calculates their PSH
values. For any Z-itemsets having more PSH value than a user-specified minimum
share threshold, they are inserted into 2-candidates for generate-and-test in the next
round. However, CAC cannot extract the complete set of share frequent itemsets
since its model does not satisfy the downward-closure property. Next, Barber and
Hamilton [12] further proposed the Item add-back algorithm (IAB), that is improved
from CAC. It generates all 2-itemsets from any I-itemsets that is having more share
values than a defined minimum share threshold. After that, the method computes a
PSH value of all 2-itemsets and keeps only account that has no less PSH value than
the certain threshold to the 2-candidates. For the next round, k-candidates are
generated by joining the previous candidate (C,;) with a single itemset in C;.
Nevertheless, the models cannot rely on the property of downward-closure,
therefore, the set of share frequent itemsets cannot be discovered completely. Later,
Fast Share Measure (ShFSM) was proposed by Li et al. [14] to improve the previous
approaches by using a property of level closure to prune the unpromising candidates
in the mining process. For I-candidates, the method generates all I-itemsets with
their CF values and then removes unwanted itemsets with lower CF values than the
defined threshold. For k-candidates, all k-candidates are produced from all
candidates of length k-1 and have more CF values than a given minimum threshold.
However, this model does not hold the property of downward-closure, therefore,
the set of share frequent itemsets cannot be discovered completely. Furthermore, it

still generates too many candidate itemsets and takes more running time.
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After that, Li et al. [15] introduces an efficient share frequent itemset mining
called "DCG" that relies on the downward-closure property by using the transaction
measure value of an itemset (Definition 2.4) to decrease the number of useless
candidates. This method adopts the level-wise candidate generation-and-test
methodology that directly generates candidates without joining and pruning steps in
each pass. DCG outperforms the existing methods [7,9,12,14] in terms of the number
of generated candidates and execution time. Moreover, this method extracts the
complete set of share frequent itemsets. However, DCG requires more execution
time to generate-and-test a large number of unwanted candidates in the mining
process since it reads all I-itemsets from the transaction database and retains them
as I-candidate for generating all 2-candidate. That is, all I-candidate contain high-
transaction-measure-value and low-transaction-measure-value. For the next round,
the method produces the k-candidates (Cy) by joining the previous candidate (Cy;)
that has their transaction measure value beyond a certain threshold with a single
itemset in C;.

As stated above, reducing the number of candidates and the computation
time are an important issue of mining share frequent itemsets. Nawapornanan and
Boonjing [25]; therefore, introduced an efficient method for Mining Complete Share
frequent Itemsets (MCShFI) to solve the weakness of DCG. MCShFI uses transaction
measure value (Definition 2.4) as an effective upper bound of each itemset to reduce
the computation time by moving out the number of unwanted candidates at the first
round. Furthermore, the generated candidate itemsets of MCShFI are created from
the combination of only itemsets with their transaction measure value beyond a
certain threshold. As a result, the MCShFI approach is more efficient than the DCG
method in terms of execution time. MCShFI is illustrated in Figure 2.2 and can be
explained as follows:

First of all, Frequency table is constructed in order to store all transactions
and their quantities without considering duplicate patterns. After that, MCShFI starts
with determination of TMV(DB) and minLmv from Frequency table by Definition 2.6
and 2.10, respectively. Each 1l-itemset X is loaded into the MCShFI algorithm and
then MCShFI calculates its tmvs(X), Imv(X) and SH(X) from Frequency table by
Definition 2.4, 2.5 and 2.7, respectively. After that, it determines whether SH(X) is

larger than or equal to the minShare. If SH(X) satisfies the condition, stores it to F
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(share frequent itemset in round k). Then, check whether the tmvs(X) is larger than or
equal to the minLmv. If tmvs(X) satisfies the condition, keep it to C,. Increment k by
one and then the k-itemsets will be created with C, ;. Repeat the above step until no

new candidate itemset is generated.
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Figure 2.2 an Overview of the MCShFI algorithm

2.3.2 The Fast Update Concept

The number of transactions in a database is increasingly growing up;
therefore, the evaluation of derived association rules must be reproduced. In fact,
some association rules are newly generated while some other rules become
obsolete [18]. Every time the new inserted transaction occurs in the database, in the
traditional batch mining algorithm, it has to re-process the whole updated database.
This process; therefore, consumes lots of execution time and waste existing mined
knowledge. To reduce computation time, Cheung et al. [3] had introduced the Fast
Update Algorithm (FUP). The FUP considers only mining results of an original
database and new transactions. There are four cases under consideration as shown in

Figure 2.3.
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Figure 2.3 Four update cases

Case 1: Both itemset in the original database and the new transaction are
huge. Case 2: Itemset in the original database is large while that of the new
transaction is small. Case 3: Itemset in the original database is small while that of the
new transaction is huge. Case 4: Both itemset in the original database and in the new
transaction are small. For Case 1, both the original database and the new
transactions are large (frequent). Thus, the weighted average of the counts will be
large. Identically, for Case 4, both small (infrequent) original database and small
(infrequent) newly inserted transaction yields small weighted average of the counts.
This implies that, both Case 1 and Case 4 will not influence the final frequent
itemsets. Nevertheless, for Case 2 and Case 3, the weighted average of the counts
can be small (infrequent), thus, affects the final frequent itemsets. Hence, to achieve
the correct solution, the existing large (frequent) itemsets may be removed for Case

2 while it must be inserted for Case 3.



Chapter 3

Incremental Share Frequent Itemset Mining

This chapter is organized as follows. In Section 3.1, an overview of the IS-FUP
algorithm is presented. Then, Section 3.2 explains an efficient data structure to
maintain an incremental database, called “PSTable”. A notation is described in
Section 3.3. In Section 3.4, the concept of an incremental algorithm that handles
insertion of transactions, named IS-FUP, is presented. An illustrative example of IS-
FUP is given in Section 3.5. Last section, theorems and proofs of Case 1 and Case 4
are given to prove that the IS-FUP algorithm can mine share frequent itemsets

completely and correctly.

3.1 An overview of the IS-FUP algorithm

In this section, an overview of the IS-FUP algorithm is presented. An input of
this algorithm consists of PSTable (an original database), newly inserted transactions,
a set of itemsets with high transaction-measure-value in the original database and a
minimum share threshold defined by users. After IS-FUP is complete, then, a set of
itemsets with high transaction-measure-value in the entire updated database will be

returned. The overview of the IS-FUP algorithm is shown in Figure 3.1.
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Figure 3.1 An overview of the IS-FUP algorithm
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3.2 Maintenance of PSTable

A PSTable is a set of distinct patterns with their count information and it is
improved by the concept of a bittable structure [16,21,23,24,25]. This structure can
aggregate the transactions that have similar patterns. In addition, the PSTable will be
constructed once and it accommodates modified data in the future (do not need to

rebuild). The maintaining algorithm of the PSTable is described as below.

Input :
1. The PSTable
2. The original transaction database (O) or the newly inserted transactions (db+)

Output : The updated PSTable

Step 1 : Each transaction from the original database (O) or the newly inserted
transactions (db+) is loaded and treated as a pattern X.

Step 2 : The pattern X of the transaction is checked whether it appears in the
PSTable or not.

Step 3 : The pattern X appears in the PSTable.

Step 3-1 : The quantity of the transaction is summed with the new entries to
gain new value of Total Count column, and the Pattern Count column is
incremented by 1.

Step 4 : The pattern X does not appear in the PSTable.

Step 4-1 : The pattern X will be inserted into the PSTable with the quantity of
the transaction (Total Count column) and the algorithm sets the Pattern Count
column of the pattern X to be 1.

Step 5 : The algorithm repeats the above step for all transactions in the original

database or the newly inserted transactions.

Example 1. To illustrate the maintaining process of the PSTable, a database shown
in Table 2.2 is used as an example.

The first transaction T; = {A:2, B:1, F:2, G:1, H:2} is loaded into the algorithm,
that is, {A,B,F,G,H} is treated as a new pattern. Next, the new pattern is checked in
the PSTable. The new pattern is new, it will be added to the PSTable and the

algorithm sets the Total Count column of the new pattern as the sum of the
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quantity of transaction (=8) and also sets the value 1 to the Pattern Count column of
the new pattern. The algorithm does the same step to Ts = {C:3, E:1, F:2, G:1} and
the result is illustrated in Table 3.1. After that the next transaction T¢ = {B:4, C:3, H:2}
is read to the algorithm, the new pattern of T is {B,C,H} and it is examined in the
PSTable. The new pattern exists, the Total Count column is concluded with the new
entries to gain new value of total count as (749 = 16) and the Pattern Count column
is increased by one (1+1 = 2) as shown in Table 3.2. This process is repeated for all

transactions and the final PSTable is presented in Table 3.3.

Table 3.1 The result of maintaining algorithm after transaction T;-Ts is added

Total Pattern
PID A B C D E F G H

Count Count
P1 X X X X X 8 1
P2 X X X 11 1
P3 X X X 7 1
P4 X 5 1
P5 X X X X 7 1

Table 3.2 The result of maintaining algorithm after transaction T is added

Total | Pattern
PID A B C D E F G H

Count | Count
P1 X X X X X 8 1
P2 X X X 11 1
P3 X X X 16 2
P4 X 5 1
P5 X X X X 7 1

Table 3.3 The result of the maintaining algorithm

Total | Pattern
PID A B C D E F G H
Count | Count

P1 X X X X X 8 1

P2 X X X 15 2

P3 X X X 16 2
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P4 X 5 1

P5 X X X X 7 1

P6 X X X X X 13 1

P7 X X 3 1

3.3 Notation

/ a set of mitems, I = {l}, I, ..,l;,.. , I} be a set of literals with counting
attributes, where /Iy, I, .. Jj,.. , I, are all items.

X an itemset, where Xc/.

DB a transaction database, DB = {T;, T,,.. , 7.} be a set of transactions,
where n is the number of transactions in DB and each transaction
T4 € DB must satisfy T, 1, (1<g<n). The type of DB can be divided
into two groups: O and db+.

@) the original transaction database.

dob+ the set of the newly inserted transactions.

U the entire updated database, O\U db+

Cy a candidate share frequent itemsets of size k

minLmv®®* The minimum local measure value in new transactions db+

minLmv"”  The minimum local measure value in the entire updated database U

TMVP The total measure value of the original transaction database O

Mot The total measure value of the newly inserted transactions db+

% The total measure value of the entire updated database U

Htmvs© The set of high transaction measure value itemsets in the original
transaction database O

Htmvs" The set of high transaction measure value itemsets in the entire
updated database U

Himvs? The set of high transaction measure value k-itemsets in the original
transaction database O

Htmvs"* The set of high transaction measure value k-itemsets in the newly
inserted transactions db+

Hitmvs! The set of high transaction measure value k-itemsets in the entire

updated transactions U
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tmvs® (X)  The transaction measure value of an itemset X of all transactions in
the original transaction database O

tmvs®*(X) The transaction measure value of an itemset X of all transactions in
the newly inserted transactions db+

tmvs“(X)  The transaction measure value of an itemset X of all transactions in
the entire updated transactions U

(mv° (X)  The local measure value of all transactions in the original transaction
database O that containing X

(mv®*(X)  The local measure value of all transactions in the newly inserted
transactions db+ that containing X

(mvY(X) The local measure value of all transactions in the entire updated

transactions U that containing X

3.4 The concept of IS-FUP

Assuming that the PSTable, as mentioned in Section 3.2, is built in advance
from the original database before the new transactions come and the large itemsets
have been already derived from the initial database. In IS-FUP, itemsets are
separated into four scenarios according to whether they are large or small itemsets
for both in the original database and in the new transactions. To determine whether
the itemset is large or small, the value of tmvs is calculated (by Definition 2.4). As
mentioned earlier, this value contains the properties of downward-closure. If the
value of tmvs of any itemset is larger than or equal to the minimum local measure
value (minLmv), it is in the set of high transaction measure value itemsets and in the
group of large itemsets. Otherwise, it is in the group of small itemsets and in the set
of low transaction measure value itemsets.

Considering the original database and the new transactions that will be
inserted, the following four cases of itemsets and their results are given in Table 3.4.
Unsurprisingly, an itemset in the updated database will be large when both the
itemset in the original database and in the new transaction are large (Case 1). In the
same way, it will be small when that of the original database and the new
transactions are small (Case 4). This means that, both Case 1 and Case 4 will not
affect the final share frequent itemsets, so, the proofs of two cases will be given in

Theorems 3.1 and 3.2, respectively.
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Table 3.4 Four possible cases of itemsets

Cases : Original-New transactions Results

Case 1: Large itemset - Large itemset Always large itemset; not considered

in the IS-FUP algorithm

Case 2: Large itemset - Small itemset Determined by rescanning the newly

inserted transactions

Case 3: Small itemset - Large itemset Determined by rescanning the
PSTable
Case 4: Small itemset - Small itemset Always small itemset; not considered

in the IS-FUP algorithm

The detail of the proposed algorithm is described step by step below.
Input:
1) The PSTable (O)
2) The newly inserted transactions (db+) in which each transaction includes items
and their quantities
3) A Htmvs®, which is stored a set of high transaction measure value of the original
transaction database
4) The total measure value of the original transaction database, TMV°

5) The minimum share threshold, minShare

Output:
A HtmvsY, that is a set of high transaction measure value of the entire updated

database.

Step 1: IS-FUP calculates the total measure value of newly inserted transactions
using Definition 2.6 denoted by TMV*. After that, TM\W is calculated (TMW = TMV©
+ TMV). Next, the algorithm computes minLmv¥ using Definition 2.10 and sets k =
1, where k is used for recording the number of patterns in the itemsets currently
being processed.

Step 2: The algorithm generates the candidate k-itemsets then computes their
transaction measure value tmvs®*(X) and local measure value (mv¥°*(X) from the

new transactions using Definition 2.4 and 2.5, respectively. After that, it determines
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whether the tmvs?*(X) of each k-itemset X is larger than or equal to minLmv®®*. If
tmvs®*(X) satisfies the above condition, put X in the set of high transaction measure
value k-itemset in the newly inserted transactions, Himvs!"".
Step 3: For each k-itemset X, if it is in the set of high transaction measure value in
the new transactions and it also appears in the set of high transaction measure value
in the original database, do the following steps (Case 1):

Step 3.1: IS-FUP will keep the itemset X into both the Hmm!and C. Then,
the algorithm also removes it from the Hmvs? .

Step 4: For each k-itemset X, if it is in the set of high transaction measure value in
the new transactions ( Hrmvs{"*) but it does not appear in the set of high transaction
measure value in the original database Hmvs’, do the following steps (Case 3):

Step 4.1: IS-FUP rescans the original database to determine the tmvs9(X) and
(mVP(X) of k-itemset X. After that, the algorithm sets both tmvsU(X) (= tmvs9(X) +
tmvs®*(X)) and (MY(X) (= mvP(X) + (mv*(X)).

Step 4.2: IS-FUP determines whether the tmvsY(X) is greater than or equal to

minLmwW. If tmvsY(X) satisfies the above condition, stores it to C, and also adds it
into the Hmvs, .
Step 5: For each k-itemset X, if it appears in the set of high transaction measure
value in the original database (Htmvs®) but it does not appear in the set of high
share frequent itemsets from the new transactions ( Hmvs*), do the following steps
(Case 2):

Step 5.1: IS-FUP reads all k-itemsets in the Hemvs?. After that, the algorithm
computes the tmvs®* and the (mv*°* from the PSTable and then it calculates both
tmvsU(X) (= tmvs9X) + tmvs®*(X)) and (mY(X) (= (mv2(X) + (mvAH(X)).

Step 5.2: If the tmvsY(X) is larger than or equal to minLmv¥ , stores X to both
Cx and the Htmvs? and also removes X from the Htmvs? .

Step 6: Increase k by one and then the algorithm generates the candidate k-itemsets
from the variable C;_;.
Step 7: IS-FUP repeats the above step until no new candidate itemsets is generated

and the Htmvs® is empty.
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3.5 An illustrative example of IS-FUP

This section shows how the IS-FUP algorithm can be used for finding out the
share frequent itemset from the entire updated database. From Table 2.2, it is
assumed that the transactions T;- Ts are the original database and the transaction Tg
- Ty are newly inserted transactions. Also, the minimum share threshold (minShare) is
set at 0.25 which is 25% of total quantity. Table 3.5 shows all share frequent
itemsets (the set of high transaction measure value) that is mined in advanced from

the original database (T;- Ts).

Table 3.5 The Htmvs®

ltemset X tmvs°(X) (mv°(X)

{A} 19 7
{B} 15 4
{G 30 13
{E} 18 a
{F} 15 a
{G} 15 2
{H} 15 q
{A,C} 11 8
{AE} 11 8
{B,H} 15 8
{CE} 18 10
{F,G} 15 6
{A,C,E} 11 11

Table 3.6 The initial variables for the algorithm

™V minLmv
O 38 10
db+ 29 8

U 67 17
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Step 1: The IS-FUP algorithm calculates the initial variables at first i.e. TMVe*,
minLmv®*, TMW and minLmV”, respectively, as shown in Table 3.6. Then, k is set at
1.

Step 2: The k-itemsets in the newly inserted transactions for {A}, {B}, {C}, {D}, {E}, {F}
and {H} are read into the algorithm and then IS-FUP calculates their transaction
measure value (tmvs®*) and the local measure value ((Imv™®*) from the new
transactions. Takes k-itemset {A} as an example to illustrate the process. The k-
itemset {A} appears in the new transactions T, Tg and Ty and then the algorithm
calculates the tmvs®*({A}) as (13+3+4), which is 20 and computes the Imv™®*({A}) as
(4+1+2), which is 7, respectively. The other k-itemsets are calculated in the same
way and the result is shown in Table 3.7. After that, it determines whether the
tmvs®*(X) of each k-itemset is larger than or equal to minLmv®®*. In this example, all
k-itemsets satisfy the condition and then put them in the set of high transaction

measure value k-itemsets in the new transaction (Hzmvs;jb* ).

Table 3.7 All k-itemsets are calculated from the new transactions

k-itemset X tmvs?*(X) (mve®*(X)
{A} 20 7
{B} 9 4
{G 26 6
{D} 16 3
{E} 17 2
{F} 13 5
{H} 9 2

Step 3: For each k-itemset X, it is in both the set of high transaction measure value
in the new transactions ( Hmvs®*) and the set of high transaction measure value in
the original database ( Htmvs”), do the following steps (Case 1):

Step 3.1: The k-itemsets are in the Hmmvs? and the Htmys{"* which are as
follows {A}, {B}, {C}, {E}, {F} and {H}. These itemsets are recorded to both the Hmvs”
and C,. After that, these itemsets are removed from the Hrmys_. The result is shown

in Table 3.8 and Table 3.9.
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Table 3.8 After k-itemsets (Case 1) are added in the HtmvsY

k-itemset X tmvsY(X) (mvw(Xx)
{A} 39 14
{B} 24 8
{G} 56 19
{E} 35 6
{F} 28 9
{H} 24 6

Table 3.9 After k-itemsets (Case 1) are deleted from the Htmvs®

k-itemset X tmvs°(X) (mvP(X)

{G} 15 2
{AC} 11 8
{AE} 11 8
{B,H} 15 8
{CE} 18 10
{F,G} 15 6
{A,C,E} 11 11

Step 4: For each k-itemset X; it is in the set of high transaction measure value in the
newly inserted transactions, Hemvs{"*, but it does not in the set of high transaction
measure value in the original database, Hrmvs?, do the following steps (Case 3):

Step 4.1: The k-itemset X appears in the Hrmys"* but it does not appear in
the Htmv?, which is {D}. The IS-FUP algorithm rescans to calculate the tmvs9(X) and
the (mv2(X) from the PSTable. Then, the algorithm computes the tmvsY(X) and the
(mM(X), respectively. Let us take the k-itemset {D} as an example to illustrate the
process. The tmvs®* of {D} and the (mv?** of {D} in the new transactions are 16 and
3, respectively as shown in Table 3.7. The tmvs® of {D} and the (mV° of {D} in the
original database are both 0, which are shown in Table 3.10. The updated transaction
measure value and the updated local measure value for the updated database of

{D} are calculated as tmvsY({D}) (=0+16), which is 16, and (mvY({D}) (=0+3), which is 3,

respectively.
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Table 3.10 After all k-itemsets in case 3 are re-calculated
k-itemset X [tmvs*(X)| Imve®*(X) | tmvsP(X) | ImvP(X) | tmvsY(X) | ImvY(X)
{D} 16 3 0 0 16 3

Step 4.2: IS-FUP determines whether the tmvs of k-itemset X is larger than or
equal to minLmv. If it satisfies the condition, inserts it into both C, and the Htmvs,, .
For instance, the k-itemset {D} does not satisfy the condition.
Step 5: For each k-itemset X, it does not in the set of high transaction measure value
in the new transactions (Htmvs®*), but it appears in the set of high transaction
measure value in the original database ( Htmvs?), do the following steps (Case 2):

Step 5.1: The IS-FUP algorithm reads all k-itemsets from the Hrmys’ in Table
3.9, which is {G}. The tmvs®* and the (mv®®* of k-itemset {G} in the new transactions
are calculated, which are both 0. Then, the updated transaction measure value and
the updated local measure value for the updated database of {G} are computed as
tmvsY ({G}) (=0+15), which is 15, and (mvW’ ({G}) (=0+2), which is 2, respectively. The

result is shown in Table 3.11.

Table 3.11 After all k-itemsets in case 2 are re-calculated
k-itemset X | tmvsP(X) | ImvP(X) [tmvs®*(X)| Imv®*(X) | tmvsY(X) | ImvY(X)
{G} 15 2 0 0 15 2

Step 5.2: IS-FUP determines whether the tmvs" of {G} is larger than or equal
to minLmV”. If it satisfies the condition, stores it into both C, and the Htmvs, and
also removes it from the Hrmys? . For instance, the k-itemset {G} does not satisfy the
condition and then {G} is removed from the Htmys’. The result is shown in Table

3.12.

Table 3.12 After k-itemsets (Case 2) are deleted from the Htmvs®

k-itemset X tmvs°(X) (mvP(X)
{AC} 11 8
{AE} 11 8
{B,H} 15 8
{CE} 18 10




{F,G}
{ACE}

15
11

11

Step 6: Set k = 2 (k + 1). The candidate k-itemsets are generated from C,_;, which are
{AB}, {ACH {AE} {AFL {AH), {B,Ch, {B,E}, {B,F}, {B,HY, {CE}L {C R}, {CH}, {EF}, {E,H}, {F,G}

and {F,H}.

Step 7: Step 2 - 6 are then repeated until no candidate itemset is generated and the
Htmvs® is empty as shown in Table 3.14. The IS-FUP algorithm returns a set of high

transaction measure value in the entire updated database, HtmvsY, that contains 3

share frequent itemsets i.e., {C}, {A,C} and {A,C,E} that are shown in Table 3.13.

Table 3.13 The HtmvsY after the IS-FUP completed

itemset X tmvsU(X) (mv¥’(x) SH(X)

{A} 39 14 0.2090

{B} 24 8 0.1194

{C} 56 19 0.2836

{E} 35 6 0.0889

{F} 28 9 0.1343

{H} 24 6 0.0896

{A,C} 28 17 0.2537

{AE} 28 16 0.2388

{AF} 21 13 0.1940

{B,H} 24 14 0.2090

{C,E} 35 15 0.2239

{CF} 20 12 0.1791

{E,F} 20 9 0.1343

{A,C,E} 28 22 0.3284

{C,E,F} 20 14 0.2090

Table 3.14 The Htmvs® after the proposed algorithm completed

itemset X tmvs°(X) (mve(x)

- Empty -
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3.6 Proofs of Case 1 and Case 4

The following theorems and proofs are given to prove Case 1 and Case 4 in
order to show that the IS-FUP solution can discover share frequent itemset
completely.
Theorem 3.1. If an itemset X is large in both the original database and the newly
inserted transactions, then the itemset X will be large in the entire updated database
(Case 1).
Proof. Assuming, by contradiction, that itemset X is not large in the entire updated
database, i.e.,

tmvs(X)° + tmvs(X)®** < minShare x (TMV® + TMV**) (3.1)
and so

tmvs(X)° + tmvs(X)?* - minShare x TMV®®* < minShare x TM\V° (3.2)
By hypothesis, an itemset X is large in both the original database and the newly
inserted transactions.

it is obtained that

tmvs(X)° > minLmv°(= minShare x TMV°) (3.3)
and

tmvs(X)®* > minLmv*°*(= minShare x TMV°*) (3.4)
Since

tmvs(X)° < tmvs(X)° + tmvs(X)®* - minShare x TMV°* (3.5)

From (3.2) and (3.5), we can conclude that
tmvs(X)° < minShare x TM\° (3.6)

(3.6) contradicts (3.3), hence the proof is complete. O

Theorem 3.2. If an itemset X is small in both the original database and the newly
inserted transactions, then the itemset X will be small in the entire updated
database (Case 4).
Proof. Assuming, by contradiction, that itemset X is not small in the entire updated
database, i.e.,

tmvs(X)° + tmvs(X)?* > minShare x (TMV® + TMV°*) (3.7)
and so

tmvs(X)° + tmvs(X)®* - minShare x TMV®* > minShare x TMV/° (3.8)
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By hypothesis, an itemset X is small in both the original database and the newly

inserted transactions.
it is obtained that
tmvs(X)° < minLmv°(= minShare x TMV°)
and
tmvs(X)?* < minLmv®**(= minShare x TMV°*)
Since
tmvs(X)° > tmvs(X)° + tmvs(X)®* - minShare x TMV°*
From (3.8) and (3.11), we can conclude that
tmvs(X)° > minShare x TMV°

(3.9) contradicts (3.12), hence the proof is complete.

(3.9)

(3.10)

(3.11)

(3.12)



Chapter 4

Results and Discussions

This chapter is organized as follows. In Section 4.1, the experimental
environment and datasets are described. In Section 4.2, the IS-FUP algorithm and the
MCShFI algorithm are demonstrated by applying to three datasets. Analysis of the

PSTable and Frequency table are given in Section 4.3.

4.1 Experimental Environment and Datasets

All algorithms were implemented in Microsoft C++ 2012 and running on a
2.60 GHz Intel(R) Core i7-4720HQ with 12 GB main memory on the Windows 8.1
operating system. Similar to the performance evaluation of the previous share-
frequent itemset mining algorithm [15,25,32], the count information was assigned to
each item in each transaction, ranging from 1 to 10. Three datasets are used in the
experiments and they are acquired from FIMI Repository Page [33]. The characteristics
of the datasets are shown in Table 4.1, m is the total number of transactions in the

dataset and n is the number of distinct items in the dataset.

Table 4.1 Characteristics of the experiment datasets

Dataset m n Type
T1014D100K 100,000 870 Synthetic
T40110D100K 100,000 942 Synthetic
Pumsb* 49,046 2,088 Real-life

4.2 The IS-FUP Algorithm Efficiency

In this section, the efficiency of the algorithm is demonstrated by applying IS-
FUP to two synthetic datasets (T1014D100K and T40110D100K) and a real-life dataset
(pumsb*). For more information on synthetic datasets, T1014D100K and T40110D100K,
the parameters of these synthetic datasets are given as follows: T = the average size
of the transactions, and, | = the average size of the maximal frequent itemsets, and,
D = the number of transactions. The algorithm efficiency is determined by the

processing time and compared to MCShFI [25] in the batch way.



33

4.2.1 Experimental results on synthetic datasets

The effectiveness of the IS-FUP algorithm in incremental mining and batch
MCShFI was tested with T1014D100K. The minimum share threshold was set at 0.01%
and 0.03%, respectively. Both the PSTable and the Frequency table are firstly
constructed with 70,000 transactions from T1014D100K, then, share frequent itemset
of the original database is mined from that constructed PSTable. The numbers of
inserted transactions were varied from 2,000 to 10,000 and the results are shown in
Figure 4.1 and Figure 4.2. For T40I10D100K, experiments were conducted similarly to
the previous experiment, but the minimum share threshold was set at 0.1% and
0.3%, respectively. The experimental results are illustrated in Figure 4.3 and Figure

4.4.
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Figure 4.1 The comparison of execution time for various numbers of inserted

transactions on T1014D100K with minShare 0.01%
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Figure 4.2 The comparison of execution time for various numbers of

inserted transactions on T10l14D100K with minShare 0.03%
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Figure 4.3 The comparison of execution time for various numbers of inserted

transactions on T40110D100K with minShare 0.1%
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Figure 4.4 The comparison of execution time for various numbers of inserted

transactions on T40I110D100K with minShare 0.3%

It can be easily observed from these figures that both algorithms required
more execution time when the certain threshold is low. This is reasonable because
the algorithms must generate more candidates in the mining process when the
minimum share value is small. Moreover, the runtime of the new solution is smaller
than MCShFI in a batch way. This is because MCShFI needs to update information on
its data structure to meet updated transactions. After that, it has to mine the last
updated database to get the final share frequent itemset. Therefore, this process
must be performed every time whenever transactions are inserted. For the new
solution, it takes advantages of the earlier result of share frequent itemset and does

not re-mine the whole updated database. The proposed method mines only the
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newly inserted transactions and rescans as necessary to re-calculate itemset from
the original database only if it is in Case 3 as mentioned in Section 3.4.

In the next experiments, the minimum share threshold was set at 0.01% and
0.03%, respectively. Both the PSTable and the Frequency table are firstly
constructed with 90,000 transactions from T1014D100K, then, share frequent itemset
of the original database is mined from that constructed PSTable. After that, each
2,000 transactions, which were used as new inserted transactions, were performed

again with the same thresholds. The results are shown in Figure 4.5 and Figure 4.6.
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Figure 4.5 The comparison of the execution time for sequentially inserting

transactions on T1014D100K with minShare 0.01%
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Figure 4.6 The comparison of the execution time for sequentially inserting

transactions on T1014D100K with minShare 0.03%
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Similar to above experiments for T40I110D100K, the minimum share threshold
was set at 0.1% and 0.3%, respectively. The experimental results are illustrated in

Figure 4.7 and Figure 4.8.
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Figure 4.7 The comparison of the execution time for sequentially inserting

transactions on T40110D100K with minShare 0.1%
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Figure 4.8 The comparison of the execution time for sequentially inserting

transactions on T40110D100K with minShare 0.3%

Figure 4.9 is then made to show the runtimes of the two algorithms on the
T1014D100K dataset for different minimum share threshold. The thresholds range of
0.005 to 0.05 percent were used here. Both the PSTable and the Frequency table are
firstly constructed with 90,000 transactions from T1014D100K, then, share frequent

itemset of the original database is mined from that constructed PSTable. After that,
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which were used as new inserted transactions, were

generated with the same thresholds. In the similar way for T40110D100K, the

minimum share thresholds were set from 0.03% to 0.3%. The experimental results

illustrated in Figure 4.10.
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Figure 4.9 The comparisons of the execution time in various minimum share

thresholds for T1014D100K
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Figure 4.10 The comparisons of the execution time in various minimum share

thresholds for T40110D100K

4.2.2 Experimental results on real-life dataset

In the next experiments, the thresholds were set at 0.5% and 0.6%,

respectively. Both the PSTable and the Frequency table are firstly constructed with

34,046 transactions from pumsb*. Then, share frequent itemset of the original

database is mined from that constructed PSTable. In addition, various numbers of



38

transactions of 1,000, 2,000, 3,000, 4,000 and 5,000 were added and the results are
shown in Figure 4.11 and Figure 4.12. As shown in these figures, batch MCShFI wasted
a lot of time to mine all the whole updated transactions whenever transactions were
inserted. The new solution does not re-mine the last updated database and; hence,

takes advantages of the previous results of share frequent itemset.
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Figure 4.11 The comparison of execution time for various numbers of inserted

transactions on pumsb* with minShare 0.5%
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Figure 4.12 The comparison of execution time for various numbers of inserted

transactions on pumsb* with minShare 0.6%

In the next experiments, the minimum share threshold was set at 0.5% and
0.6%, respectively. Both the PSTable and the Frequency table are firstly constructed
with 44,046 transactions from pumsb*. Then, share frequent itemset of the original

database is searched from that constructed PSTable. After that, each 1,000
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transactions, which were used as new inserted transactions were generated again

with the same threshold. The results are shown in Figure 4.13 and Figure 4.14.

.__‘____’_______.ﬂ_-—-———-—*
3 o
g
B
2
. e S s a+
MShFl IS FLIP m Mo, af fransactkars
i - minShare threshold : 0.5%

Figure 4.13 The comparison of the execution time for sequentially inserting

transactions on pumsb* with minShare 0.5%
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Figure 4.14 The comparison of the execution time for sequentially inserting

transactions on pumsb* with minShare 0.6%

The last experiment was then conducted to compare the runtimes of both
algorithms on the pumsb* real-life dataset for different numbers of minimum share
threshold. Additionally, the minimum share threshold was varied from 0.45% to
0.6%. Both the PSTable and the Frequency table are firstly constructed with 44,046
transactions from pumsb*. Then, share frequent itemset of the original database is
searched from that constructed PSTable. After that, the next 5,000 transactions were
added, and with the same threshold value, the runtime was measured. The result is

as shown in Figure 4.15. The computation time of the new solution is lower than
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MCShFI in batch mode for handling transaction insertion. The reason is as same as
already mentioned in the previous experiment. In conclusion, the proposed
algorithm in incremental share frequent itemset mining (the IS-FUP algorithm)

outperforms batch MCShFI to maintain the updated database.

o MCSHFl  —melS-FLP | MEnimum share theeshold (%)

Figure 4.15 The comparisons of the execution time in different minimum share

threshold for pumsb*

4.3 Analysis the size of PSTable and Frequency table

In this section, the sizes of the PSTable and Frequency table are analyzed.
First, a set of related notations is given as follows.

Let m = the number of all transactions in a database,

= the size of the Frequency table,
n = the number of distinct items in a database,
t = the number of distinct patterns of m transactions,
= the size of the PSTable,
p = the number of transactions sharing same patterns with some other
transactions previously recorded.

Since the PSTable is a set of distinct patterns, in other words, it stores only
transactions not having any same patterns, therefore, the size of the PSTable is t =
m - p. Also, because there are n distinct items in the database, by the probability
theory, the number of all possible patterns is 2". However, to qualify for a legitimate
transaction, the empty subset is then excluded from 2" patterns, that is the

maximum number of distinct patterns is 2"-1. Thus, t < 2"-1.
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For the size of the Frequency table, since this table records all the
transactions without considering duplicate patterns, the size of the PSTable will
never exceed the size of the Frequency table, that is, t < m.

For illustration purposes, the experimental datasets used in this research, as
shown in Table 4.2, are examined numerically. In dataset T1014D100K, m=100,000,
n=870 and t=100,000 (since all the transactions in the dataset considered are not
include one same pattern at all, size(PSTable) = size(Frequency table)), so 287%-1 =
7.8722E+261 = a relatively large number. Consequently, t < 2"-1 and t < m holds
true as analyzed above. Similar conclusions can be obtained from the other two

datasets in Table 4.2.

Table 4.2 Characteristics of three datasets with their size of the PSTable and

the Frequency table

Dataset m n t
T1014D100K 100,000 870 100,000
T40I110D100K 100,000 942 100,000

Pumsb* 49,046 2,088 49,046




Chapter 5

Conclusions and Limitations

5.1 Conclusions

Share Frequent Itemset Mining becomes an important topic in the mining of
association rules because it can provide useful knowledge such as total quantity of
items sold and total profit. However, the existing methods doesn’t support
incremental database and need to re-mine the whole updated database to meet the
results. This thesis presents an incremental algorithm for mining share frequent
itemset, namely IS-FUP, for short, to improve mining execution time with the fast
update concept. Among the four updated cases under consideration of the fast
update concept, Section 3.6 mathematically shows that the two cases being Case 1
and Case 4 do not affect mining result. This helps in improving execution time of the
proposed algorithm. In addition, a new data structure, namely PSTable, that captures
all atomic itemset with their count information is presented. The PSTable is
constructed once by a single scan database. When new transactions come in, they
can suddenly add to the existing database without reconstructing. Extensive
performance analyses show that execution time of the incremental algorithm

outperforms of the batch one on both synthetic datasets and real-life dataset.

5.2 Limitations

Since the proposed method, IS-FUP, adopts the candidate generate-and-test
approach, it requires generating many candidate itemsets; hence, it may still take
some time. One possible way in resolving this issue is using the Frequent Pattern
Tree model [8] for mining the set of share frequent itemsets without having to
generate unnecessary candidate itemsets.

Another possible research idea is to find a way to deal with the time spent
on accessing the original database in order to re-calculate the candidate itemsets.
This occurs when the candidate itemsets are small in the original database and large

in the newly inserted transactions; in other words, it is Case 3 of Section 3.4.
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Last but not least, another kind of algorithms incorporating the concept of
transaction modification and/or deletion could be developed so as to be applicable

to the real-world situation.
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fraditional frequent patterns cannot reflect any other
implicit factors, such as tfotal costs and profits [13].

In dealing with this problem, Carter et al. [5]
proposed a new share-frequent paftern mining,
which extension of traditional frequent itemsets
mining with consideration of the purchased
quantities. Several mining methods were proposed
for efficiently discovering share-frequent patterns. The

1.0 INTRODUCTION

Frequent patterns mining in a fransaction database is
an important task for knowledge discovery and data
mining such as association rules [1], sequential
patterns [3, 4, 21] and classification [14, 19]. Its goal is
to find the complete set of patterns that appear with
their frequencies in the fransaction database above
a certain threshold. Numerous methods were Zero pruning (ZP) and the Zero subset pruning (ZSP)
proposed to find frequent patterns such as level-wise proposed by [8, 13] can find all share-frequent
algorithms [2, 6, 7, 20, 22] and pattern-growth patterns using an exhaustive search method.
approaches [9, 11, 12, 15]. These methods treated all However, both algorithms only prune the generated

patterns in a transaction database as a binary (0/1)
value. That is, only considering the number of
fransactions in the database containing desired
patterns. However, there could be a transaction with
many units of an item. Therefore, discovering only

candidates which have zero local measure value.
Some approaches have been proposed to find
share-frequent itemsets with infrequent subsets but
they cannot extract the complete set of share-
frequent patterns such as SIP [8], CAC [10] and IAB
[13]. After that, the Fast Share Measure (ShFSM)

79:7 (2017) 11-19 | www.jurnalteknologi.utm.my | elSSN 2180-3722 |
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method [16] was infroduced to solve the weakness of
the existing algorithms by using a level-closure
property. However, the downward-closure property
cannot be kept in this property and the ShFSM still
produces too many candidates in each round.

[17] proposed the Direct Candidates Generation
algorithm (DCG) fto reduce the number of
candidates by generating candidates directly
without cutting back and joining steps in each
iteration. The DCG developed to maintain the
property of downward-closure by employing the
fransaction measure value of a pattern. The authors
demonstrate that DCG method outperforms the
previous algorithm both on the number of generated
candidates and execution fime. However, the DCG
still extracts a huge number of candidates and
consumes a lot of time to generate and test a big
number of unwanted candidates in the mining
process. This is because it treats all k-patterns
(patterns with k items) as candidates for generating
candidates in the later rounds. However, these k-
patterns could be either high tfransaction-measure-
value patterns or low fransaction-measure-value
patterns. According to the downward-closure
property of fransaction-measure-value patterns, we
propose to exclude low transaction-measure-value k-
patterns for generating candidates without losing
any share-frequent patternsets.

The organization of this paper is as follows. The next
section gives basic definitions. Proposed solution
section describes details of our approach. An
illustrative example section clarifies the proposed
solution.  Experimental results section reports
performance evaluation of the proposed algorithm.
We finally conclude the paper in conclusion section.

2.0 METHODOLOGY

2.1 Basic Definition

Let I ={i1, iz, ... in} be afinite set of items. A subset X of
| is called an itemset or a patternset. Let DB =
{Th.T2,..Ti,..Tn} be a transaction database where Tiis a
subset of . Associated with each item in a
fransaction is its quantity sold in the transaction. Table
1 is an example of fransaction database with | = {A,
B,C,D,E F, G, H}and DB = {T1,T2, T3,T4, Ts,T¢, T7,Ts}.

Table 1 An example transaction database with quantity
information

TID Transaction

T {A:1,B:1, C:1, D:1, G:1, H:1}
T2 {F:4, H:3}

T3 {B:4, C:3, D:3}

T4 {C:4, E:1}

Ts {B:3, D:2}

Ts {B:3, C:2, D:1}

T {B:3, C:4, D:1, E:2}

Ts {A4,F:1,G:1}

To {C:2, E:1}

Definition 1. The measure value of an item ip in
fransaction Tq is the quantity of item ip in Tq denoted
by.

mv(is. 1) (M)

The measure value of item C in Ti of Table 1 is
mv(C.,T1) = 1 which is ifs associated quantity sold.
Definition 2. The patternset measure value of a
patternset X in transaction Tq can be defined as
follows,

imv(X,Ty) = z mviie, Ta) (2)
)'DEX
The patternset measure value of a patternset {CD} in
fransaction T1 of Table 1 is imv({CD}Ti) = mv(CT) +
mv(D,Th) = 141 =2.

Definition 3. The local measure value of a patternset
X of a database DB is defined as follows,
Imv(X) = Z Z imv(ip,Tq) (3)
quDBX ipeX

where DBx is the set of transaction database
containing patternset X.

The local measure value of a patternset {CD} of
Table 1 is Imv ({CD})= imv ({CD}.Th)+
imv ({CD}.Ts)+imv ({CD}.T¢)+ imv({CD}T7) = 2+6+3+5=
16.

Definition 4. The total measure value of database is
the total measure value of all items in all fransactions
of a transaction database DB. It is defined by,
TMV/(DB) = Z va(ip,rq) (4)
quDB ipeTq
The total measure value of Table 1 database is
TMV(DB) = 58.

Definition 5. The share value of a patternset X in a
database DB is the ratio of the local measure value
of X to the transaction measure value of DB. That s,
SHX) = Imv(X)
TMV(DB)
The share value of a patternset {CD} in Table 1
database is SH({CD}) = Imv({CD})/TMV(DB) = 16/58 =
0.27.

()

Definition 4. Let § be a minimum share threshold
where 0 <6< 1. The minimum local measure value of
database DB with a threshold & is defined as follows,

min_Imv = ceiling(s x TMV(DB)) (6)

The minimum local measure value of Table 1

database with 6 = 0.25 is min_Imv = ceiling(0.25 %X 58)
=15.

Definition 7. The transaction measure value of
fransaction Tqis defined as follows,
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tmv(T,) = Z mv(ip.Tq) 7)
%EB
From Table 1 database, the transaction measure
value of Tris tmv(Th) = é.

Definition 8. The transaction measure value of a
patternset X of a database DB is defined as follows,
fmvix)= D" tmv(Tq) ®)
XgquDBX

where DBx is the set of fransaction database
containing patternset X.

The fransaction measure value of patternset {F} of
Table 1 database is tmv ({F}) = tmv(T2) + tmv(Ts) =7 + é
=13.

Lemma 1. The ftransaction measure value of a
patternset X maintains the property of downward
closure.

Proof. Let {A} be a share-frequent patternsets
patternset in DBy, where DBy is a set of all
fransaction database containing {A}. Let {B} be a
super pattern of {A}, therefore {B} cannot be present
in any fransaction that {A} is absent. Thus, refer to
definition 8, the maximum fransaction measure value
of {B} is tmv({A}). Therefore, if tmv({A}) is less than
min_Imv, {B} cannot be a share-frequent patternsets
and obviously cannot be a high fransaction measure
value pattern (including {A}).

By Lemma 1, if a patternset X is not high
fransaction measure value pattern, its supersets are
not high fransaction measure value patterns either.
From Table 1 database with 6 = 0.25, we have
min_Imv = 15 and tmv({F}) = 13 <min_Imv. Therefore,
all supersets of {F} are not high fransaction measure
value patterns.

Definition 9. A patternset X of a database DB is a high
fransaction measure value patternset with respect to
a threshold &, if tmv(X) > min_Imv.

2.2 Proposed Solution

In this section, at first, we present an efficient data
structure called "a PSTable Knowledge" to maintain
an incremental database. After that, the HCG
algorithm is presented for mining share-frequent
patterns from the PSTable Knowledge and it
generates the candidate patterns from only the high
fransaction measure value patterns.

2.2.1 Maintenance of PSTable Knowledge

The PSTable is a set of patterns with their quantities. It
is an improved version of a BitTable structure [18] by
aggregating transactions having similar patterns. The

maintaining process of the PSTable is described as
below.

To maintain PSTable, each fransaction from initial
database or the newly inserted fransaction is loaded
and freated as a patternset. After that, it checks the
patternset of the fransaction whether it appears in
the PSTable or not. If it does, the quantity of the
fransaction (total count) is summed with the new
entries to gain new value of total count, and the
patternset count is incremented by 1. Otherwise, it is
the new patternset and then it will be inserted into
the PSTable with the quantity of the transaction and
set the patternset count to be 1. All the mentioned
steps are repeated for all of the transaction in initial
database or the newly inserted transactions. The
pseudocode of the algorithm is shown in Algorithm 1
in Figure 1.

Algorithm 1 Maintenance the PSTable Knowledge
Input : The PSTable, group of original transaction database (DB) or
the newly inserted transactions (db*)
Output : The updated PSTable
1. For each transaction tin DB or db*
set X be a patternset of t
If X is not in PSTable then
add X to the PSTable
set a Total Count as the fotal of quantity of X
set a Pattermset Count as 1
Else
add total quantity of X to a Total Count
9. increase a Pafternset Countf by 1
10. End If
11.End For

P NOo G

Figure 1 Pseudocode for maintaining PSTable Knowledge

Example 1. To illustrate the maintaining process of the
PSTable, we use a database shown in Table 1 as an
example.

The first transaction Ty ={A:1, B:1, C:1, D:1, G:1, H:1}
is loaded into the algorithm, that is, {A.B,C.,D,G,H} is
freated as a new patternset. Next, the new
patternset is checked in the PSTable. The new
pafternset is new, it will be added to the PSTable and
set the fofal count as the sum of the quantity of
fransaction (=6) and also set the value 1 fo the
patternset count. The algorithm does the same steps
to Ts and the result is illustrated in Figure 2 (a). After
that the next transaction Te = {B:3, C:2, D:1}is read to
the algorithm, the new patternset of Tg is {B,C,D} and
it is examined in the PSTable. The new patternset
exists, the total count is concluded with the new
entries to gain new value of total count as (10+6 =
16) and also increases by one to the paftternset
count (1+1 = 2) as shown in Figure 2(b). This process is
repeated for all fransactions and the final PSTable
Knowledge is presented in Figure 2(c).
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PID A B c D E 3 G H Total Patternset

Count Count
P, X X X X X X 4 1
P, X 7 1
Py X X X 10 1
Py X X 5 1
Ps X X 5 1

(a) The result of maintaining algorithm after transaction T1-T5
is added

pp | A|B|c|D|E|F|G|H é‘;:f:: ' qu:;:s‘el
Pl x| x| x| x X | x 6 1
P, X 7 1
Py x | x | x 16 2
P, X X 5 1
P, X X 5 1

(b) The result of maintaining algorithm after fransaction T6 is
added

Db | A | B |c|D | E|F|G|H ézf: . F“ggﬁ:ﬁef
P, | x [ x| x| x X | x 6 1
P, X 7 1
P, x | x| x 16 2
P, X X 8 2
P, X X 5 1
P, X | x| x | x 10 1
P, | x x | x P 1

(c) The result of the maintaining algorithm

Figure 2 PSTable knowledge extracted from Table 1
database

2.2.2 The HCG Algorithm

In this subsection, we present a new efficient
algorithm for mining share-frequent patterns from the
PSTable Knowledge. It generates the minimized
number of candidate from only high fransaction
measure value patternsets. As mentioned in Lemma
1, the fransaction measure value (fmv) contains the
downward closure property, therefore, it is used fo
cutting back the useless candidate patternsets in
each iteration. To determine whether the patternset
is high or not, the value of tmv is calculated (by
definition 8) - if the value of tmv of any patternsets is
larger than or equal to the minimum local measure
value (min_Imv), it is in the set of high fransaction
measure value. The details of the HCG algorithm are
described below.

Input:
1. The PSTable Knowledge
2. A minimum share threshold &

Output: High share-frequent patterns, C

Step 1: Calculates the total measure value of
database from the PSTable using Eq. (4) denoted by
TMV. After that, the min_Imv is computed by using Eq.
(6).

Step 2. Each I-patternset from the PSTable X is
loaded into the HCG algorithm and then calculates
the fransaction measure value of X using Eqg. (8)
denoted by frmv(X).

Step 3: Checks whether the value of tmv(X) is larger
than or equal to the min_Imv. If X satisfies the above
condition, put X in a set of high tfransaction measure
value (abbreviated as Hfmv).

Lemma 2. Each 1-patternset from the PSTable X is an
infrequent if tmv(X) <min_Imv

Proof. Let X be a high fransaction measure value in
the PSTable. According to definition 8, tmv(X) must
be greater than or equal to min_Imv. Therefore, this
opposes to the assumption tmv(X)<min_Imv. Thus, a
pafternset X is an infrequent.

In HCG algorithm, we calculate all Hfmv in the
PSTable by determining the original fransaction
measure value according to Eq. (8) which this value
maintains the property of downward closure.

Step 4: Each I-pafternset in the high transaction
measure value (Htmv) X is read into the HCG
algorithm. Then, the algorithm will show every pattern
from the PSTablex where PSTablex is the set of
patterns containing patternset X. The fransaction
measure value of each I-pafternset in PSTablex is
computed.

Step 5: Checks whether the value of fmv of each 1-
patternset in PSTablex is greater than or equal to the
min_Imv. If X satisfies the above condition, put X in a
set of high fransaction measure value of X, Htmvx.

Lemma 3. Each 1-patternset from the PSTablex Y is an
infrequent if fmv(Y) <min_Imv

Proof. Let Y be a high fransaction measure value in
the PSTablex. According to definition 8, fmv(Y) must
be greater than or equal to min_Imv. Therefore, this
opposes to the assumption of frmv(Y) <min_Imv. Thus,
a pafternset Yis an infrequent.

In our algorithm, we calculate all Htmvx in the
PSTablex by performing the original transaction
measure value calculation according to Eqg. (8)
which this value maintains the property of downward
closure.

Step 6: Mines all 2-patternset in Htmvx that prefixs with
X and keep them in the Ca. After that, removes X
from Hfmv and sefs k = 3, where k is used for
recording the length of generated candidates in the
mining process.

Step 6-1: The candidate k-patternsets are generated
from Ck1 and also compute their tfransaction
measure value (fmv (k-patternsets)) in the PStablex for
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checking against the min_Imv. Checks whether the
value of tmv (k-patternset) is greater than or equal fo
the min_Imv. If it satisfies the above condition, stores it
to Ck. Increases k by one and this step is then
repeated until no candidate patternset is generated.

Step 7: Repeats Steps 4 — 6 until the Htmv is empty
and returns the C that stores all high transaction-
measure-value pattern at the end of the HCG
algorithm.

2.3 An lllustrative Example

In this section, we use the Table 1 database to
illustrate the HCG algorithm step by step. Also, it is
assumed that the minimum share threshold is 25% of
total quantity.

Input:

1. The PSTable is shown in Figure 2 (c), which
consfructed from the example transaction database
inTable 1.

2. The minimum share threshold (¢ ) is set as 0.25.

Output: High share-frequent patterns, C

Step 1: The HCG algorithm calculates the initial
variables at first i.e. TMV(=58) and min_Imv (58*0.25),
which is 15, respectively.

Step 2: The T-patternset X in the PSTable for {A}, {B}.
{C}, {D}. {E} {F}. {G} and {H} are read into the
algorithm and then calculates their transaction
measure value (tmv(X)). Takes I-patternset {A} as an
example to illustrate the process. The 1-patternset {A}
appears in the PSTable P1 and P; and then the
fransaction measure value of the I-patternset {A} is
calculated as (6+6 = 12). The other I-itemsets are
calculated in the same way and the result is shown in
Figure 3.

1-Patternset X tmv(X)

A 12

37

40

37

18

13

12

T|Q|m[m|O|0|w

13

Figure 3 fmvs of I-patternsets

Step 3: The fmv values of the I-patternset are
checked against the min_Imv. In this example, the
four item {B}, {C}, {D} and {E} satisfy the condition and
put them in both the set of high transaction measure
value (Htmv) and Ci. Thus, Himv = {{B}, {C}, {D}, {E}}.

Step 4: Each I-patternset X in the Hfmv is then read
info the algorithm. Takes Hfmve as an example, the
{B} appears in Pattern P1, Ps, Ps and P¢ in the PSTable
(PStables). Then, the HCG algorithm computes the
fmv value of all I-patternset in PStables as {{B:
6+16+5+10 (=37)}, {C: 6+16+10 (=32)}, {D: 6+16+5+10
(=37)} and {E: 10}}, respectively, is shown in Figure 4
(a).

Step 5. Checks whether the tmv value of the I-
patternset in the PStablex is larger than or equal to
the min_Imv. Then, put them in the set of high
fransaction measure value of X, Hfmvx. In this
example, the 1-patternsets in the PStables safisfy the
condition which are as follows {B}, {C} and {D}. Thus,
Htmve = {B,C,D}. The other Htmvx are then processed
in the same way. The results are shown in Figure 4 (b)-
(d) respectively.

PID B © D E TotalCount
P, X X X é
s X X X 16
P X X 5
P X X X X 10
37 32 37 10
(a) The process of {B} in HImv
PID C D E TotalCount
7 X 13
7 X X 16
?r X X 8
P; X X X 10
40 32 18
(b) The process of {C}in Htmv
PID D E TotalCount
P, X 4
P, X 16
e X 5
Ps X X 10
37 10
(c) The process of {D} in Htmv
PID E TotalCount
=N X 8
Py X 10
18

(d) The process of {E} in HImv

Figure 4 The process of 1-patterns in Himv

Step 6: Mines all 2-patternset in Hfmvx that prefix with
X and then removes X from Hfmv. Takes Htmvs as an
example to illustrate the process. The HCG generates
candidate 2-patternset of the Htmvs as {B,.C} and
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{B.D} respectively, which is shown in Figure 5, and also
keeps them in C2. Then, k is set to 3.

Step 6-1: The candidate k-pafternset are
generated from Ck1 and also compute their
fransaction measure value for checking against the
min_Imv. From the result of candidate 2-patternset of
the Htmvs, the HCG generates the candidate k-
patternset which is {B,C,D} as shown in Figure 6 and it
safisfies the condition, saves it to Ck. This sub step of
pattern "B" can be terminated in the third round
because no candidate patternset is generated.

2-Patternset X tmv(X)
{BC} 32
{BD} 37

Figure 5 fmvs of 2-patternsets with prefix "B"

3-Patternset X tmv(X)

{BCD} 32

Figure 6 fmvs of 3-patternsets with prefix "B"

Step 7: Steps 4 — 6 are then repeated until no
member of Htmv. After the algorithm works
complete, we get C = {{B}, {C}, {D}. {E}. {B.C}, {B.D}.
{B.C,D}, {C.D}, {C.E}}. The share-frequent patterns
mined from C are {C}, {B.C}, {B.D}, {C.D} and {B.C.D}
respectively. All generated candidate are shown in
Figure 7.

No. | SPatems | ™00 | imvea | snog | SeEisRent
] B 37 14| 02413 NO
2 c 0 18 | 02758 YES
3 D 37 7 | 01379 NO
4 E 18 5 | 00689 NO
5 BC 32 21 | 03620 YES
6 BD 37 2 | 03793 YES
7 BCD 32 27 | 04655 YES
8 CcD 32 16 | 02758 YES
9 CE 18 14| 02413 NO

Figure 7 The generated candidates by the HCG
algorithm

Observation 1. The DCG algorithm adopts the level-
wise candidate generation-and-test methodology.
Firstly, it reads all 1-patternset from a fransaction
database and treats them as I-candidate for
generating all the candidate for length 2, that is, all
I-candidate contain high fmv value and low fmv
value. For example, if the number of atomic patterns
is 500 and they are treated as 1-candidate and then
the algorithm tests for (°3°) 2-patternset candidate
patterns. For 2-patternset, a patternset will be
considered for selection as a candidate by the
definition 8. Therefore, a large number of candidates
are generated.

Lemma 4. If M; is the number of generated
candidates by HCG algorithm and Mz is the number
of generated candidates by DCG algorithm, then
Mi<Ma.

Proof. Let Z{z1.z2, ... .zn} be a candidate patternset if
all of its subset of length n-1 are candidate patternset
(high fransaction measure value) in the DCG
algorithm. So, Z could have low tmv value to
become a candidate of length 1. In HCG algorithm,
if Zis a low tmv then it cannot appear as a
candidate. In addition, HCG prunes Z immediately
after determining it is low fmv value. In conclusion,
the generated candidate patternsets of HCG stores
only the high fransaction measure value, therefore,
My is less than or equals to Mo.

3.0 RESULTS AND DISCUSSION
3.1 Experimental Environment and Datasets

In this section, the experimental evaluation of the
compared algorithms: the HCG solution and the
DCG method [17] are conducted. All algorithms
were implemented in Microsoft C# 2012 and running
on a 2.60 GHz Intel(R) Core i7-4720HQ with 12 GB
main memory on the Windows 8.1 operating system.
Similar to the performance evaluation of the previous
share-frequent patterns mining algorithm [17], the
count information was assigned to each item in each
fransaction, ranging from 1 to 10. Four datasets are
used in the experiments and they are acquired from
FIMI Repository Page [23-26]. The characteristics of
the datasets are shown in Table 2, |D] is the total
number of tfransaction in a dataset, |1| is the number
of distinct pattern in the dataset and Tavg is the
average size of transaction. The dataset is dense
since the number of atomic pattern is small and
each transaction has a lot of distinct paftern. By
considering the mushroom dataset in Table 2, its
atomic pattern is 119 and its transaction size is 23.
Therefore, the ratio of its distinct pattern presented in
every transaction is 20% ((23/119)*100).

Table 2 Characteristics of the experiment datasets

Dataset |D] [1] Tavg Type
Mushroom 8,124 119 23 Dense
Chess 3,196 75 37 Dense
T1014D100K 100,000 870 10.1 Sparse
T40110D 100K 100,000 942 40.5 Sparse

3.2 Experimental Results for Dense Datasets

In the first experiment, we compare the running time
of the HCG algorithm over the DCG method using
the Mushroom and Chess datasets. As there is no
share-frequent patternset, two ranges of minShare
are chosen. For Mushroom dataset, the minimum
share threshold is set from 0.6 to 0.2, while for Chess
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dataset, it is set from 0.9 to 0.7. The results are shown
in Figure 8 (a) and (b). It is obvious to see that two
algorithms require more runtime when the minimum
share threshold decreases. This is reasonable
because when the threshold value became smaller,
more candidates in the mining process are
generated.

Moreover, the HCG algorithm performs better than
the existing DCG algorithm with respect fo all of the
minimum share thresholds. The reason is that DCG
requires more execution time to generate and fest a
huge number of useless candidates in the mining
process since it treated all 1-patterns as candidates
for generatfing candidates in the later rounds. That s,
I-patterns contain both high tmv patterns and low
tmv patterns. For the HCG algorithm, it generates the
candidate from only high transaction measure value
atomic patterns in the second round. For the third
round onwards, it created candidates from the
combination of only the patterns which have their
fransaction measure value beyond a certain
threshold. The number of candidate in the mining
process and the number of generated candidate of
both methods are shown in Table 3 and 4
respectively.

3500 —+—DCG
f —8—-HCG

3000
2500 /
2000 /
1500 /
1000 /

500 /
0 W .

0.9 0.85 0.8 0.75 0.7
Minirnum Share

(a) Total running fime on Chess

Run time [s)

6000 ——DCG

5000
4000

3000 /
2000 /
1000 /

0.6 0.5 0.4 0.3 0.2

Minimum Share

(b) Total running fime on Mushroom

Run time (s)

Figure 8 Running times of DCG and HCG with different
thresholds on dense datasets

Table 3 The number of generated candidates of DCG and
HCG on the chess dataset

The number of The number of

Minimum candidates in the generated
Share mining process candidates
DCG HCG DCG HCG
0.6 8,623 179 162 51
0.5 12,003 331 259 153
0.4 25,296 967 663 565
0.3 90,924 3,744 2,826 2,735
0.2 950,253 58,760 53,697 53,621

Table 4 The number of generated candidates of DCG and
HCG on the mushroom dataset

The number of The number of

Minimum candidates in the generated
Share mining process candidates
DCG HCG DCG HCG
0.90 12,542 955 691 629
0.85 41,797 3,487 2,733 2,674
0.80 116,920 10,256 8.304 8,248
0.75 282,912 25,958 21,018 20,966
0.70 629,379 60,377 48,972 48,921

Table 5 compares the number of candidates in
the mining process and the number of generated
candidates of two algorithms in each round. A
Mushroom dataset was employed and the minimum
share threshold was set at 0.3%. In addition, we
further found that, in every round of mining process,
the HCG method produces a smaller number of
candidates than that of the DCG one. The reason to
this situation is the same as the content mentioned
earlier. The HCG and the DCG methods terminate in
the ninth round and tenth round respectively.

Table 5 The number of candidates in the mining process
and the number of generated candidates on Mushroom
dataset

The number of The number of

candidates in the generated
k-patternset . . N
mining process candidates
DCG HCG DCG HCG

k=1 119 119 119 28
k=2 7,021 378 163 163
k=3 7,164 660 455 455
k=4 15,836 956 725 725
k=5 22,179 856 712 712
k=6 20,482 525 441 441
k=7 12,315 203 169 169
k=8 4,653 43 38 38
k=9 1,044 4 4 4
k=10 111 - 0 -
Total 90,924 3.744 2,826 2,735

3.3 Experimental Results for Sparse Datasets

In this experiment, we present the comparison of
HCG and DCG algorithms on sparse datasets,
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T10I14D100K and T40110D100K, the results in terms of
consumed run fime are shown in Figure 9 (a) and (b).
Two ranges of min_share are chosen. For T1014D100K
dataset, the minimum share threshold was set from
0.09 to 0.005. While for T4014D100K dataset, it was set
from 0.3 to 0.05 as there is no share-frequent
patternset.

It shows that our proposed HCG runs faster than
the DCG one since the new proposed HCG can
reduce the large number of unpromising candidates
in the mining process because the HCG generated
the candidate pafterns from only the patterns with
fransaction measure value above a certain
threshold.

18000 —+—DCG
146000 /# ——HCG
14000 /

= 12000

S o000 | # e

2000 ! i
0 -

0.09 0.07 0.05 0.03 0.01 0.0090.007 0.005
Minirmum Share

(a) Total running time on T10110D 100K

18000 ——DCG
16000 / —W—HCG
14000 ‘/./
= 12000 | ———p— = 2
£ 10000
T 8000
2
“ 4000
4000
2000 :
O_

03 02 01 009 007 005 003

Minirurn Share

(b) Total running time on T4014D 100K

Figure 9 Running fimes of DCG and HCG with different
thresholds on sparse datasets

Table 6 and 7 compares the number of candidates
in the mining process and the number of generated
candidates of two algorithms. Obviously, from Table
6, the minimum share is set to 0.09, it could be seen
that no candidate is larger than a certain threshold.
The process of HCG starts to read all 1-patterns,
which is 870 items and then checks whether their
values is high and no pattern is above a certain
threshold (high), therefore the HCG terminates in the
first round. For DCG algorithm, it reads all 1-patterns
and treats them as I1-candidates (870 items) for
generating-and-testing 2-patterns in second round.
Then, no pattern for 2-patterns is above a certain
threshold, so the DCG ferminates in the second
round.

Table 6 The number of generated candidates of DCG and
HCG on the T1014D100K dataset

The number of The number of

Minimum candidates in the generated
Share mining process candidates
DCG HCG DCG HCG

0.30 444,153 942 942 0
0.20 444,153 957 942 6
0.10 444,153 5,037 942 21
0.09 444,153 7,845 942 118
0.07 444,760 20,249 944 199
0.05 452,284 50,491 966 339
0.03 574,350 128,842 1,369 926

Table 7 The number of generated candidates of DCG and
HCG on the T40110D 100K dataset

The number of The number of

Minimum candidates in the generated

Share mining process candidates
DCG HCG DCG HCG

0.090 378,885 870 870 0
0.070 378,885 876 870 4
0.050 378,885 1,023 870 18
0.030 378,885 5,241 870 94
0.010 384,432 85,545 889 431
0.009 397,609 99.694 929 504
0.007 435,750 131,367 1,105 746
0.005 605,839 185,077 1,797 1,532

Similar to Table 5, Table 8 compares the difference
of the candidate numbers in the mining process and
the generated candidate numbers between both
algorithms in each pass. The T1014D100K dataset was
used and min_share was set to 0.009. We can
observe that the HCG generates lower numbers
candidate than that of the DCG method. In addition,
the overall performance of HCG is better because it
produces the candidate from only high the
fransaction measure value patterns. Through all of
the experimental results, we can observe that the
new proposed effectively much better than the
existing DCG algorithm in terms of the total running
fime and the number of generated candidates on
both dense and sparse datasets.

Table 8 The number of candidates in the mining process
and the number of generated candidates on T40110D 100K
dataset

The number of The number of

candidates in the generated
k-patternset . .
mining process candidates
DCG HCG DCG HCG
k=1 870 870 870 445
k=2 378,015 98,790 50 50
k=3 14,916 33 9 9
k=4 3.808 1 0 0
Total 397,609 99.694 929 504
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4.0 CONCLUSION

This paper presented a new efficient method for
mining share-frequent patterns, named HCG, aimed
to develop for decreasing the number of
unpromising candidate  patfterns. The HCG
generated the candidate pattern from only the
patterns which have their fransaction measure value
beyond a certain threshold in a level-wise way.
Moreover, we also presented a new data structure
that captures all atomic patterns with their count
information, named PSTable, which is constructed
once by a single scan database. When new
fransactions come in, they can suddenly add to the
existing database without reconstructing. Extensive
performance analysis shows that our approach
outperforms the existing DCG algorithm in terms of
the total running time and the number of generated
candidates on both dense and sparse datasets.
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Abstract : The share-frequent itemsets mining becomes an important topic in
the mining of association rules because it can provide useful knowledge such as
total quantity of items sold and total profit. In the past, the efficient MCShFI
algorithm was successfully proposed to discover complete share-frequent itemsets
on a database. When the database is updated, the algorithm can obtain current
complete share-frequent itemsets by using the batch approach-mining the whole
updated database. To improve mining execution time, we propose a new incre-
mental approach to the problem with the Fast Update (FUP) concept. It obtains
the current result by mining only new transactions and updating the previous
existing result with this mined result.
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1 Introduction

Mining frequent itemsets is the essential process and most expensive in asso-
ciation rule mining [1]. Many algorithms of mining frequent itemsets have been
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proposed to find frequent patterns such as level-wise approaches [2, 3, 4, 5, 6] and
pattern-growth algorithms [7, 8, 9, 10]. The frequent itemsets mining has some
limitations, that is, in each transaction, each item will appear in a binary frequency
(either absent or present). Moreover, it only considers whether an item is bought
in to a transaction or not [11]. Therefore, mining share-frequent itemsets [12]
was proposed to accommodate the quantity of each item. Its share measure can
provide useful knowledge about the numerical values that are typically associated
with the transaction items, such as the total quantity of items sold or the total
profit. [13] proposed an efficient algorithm for mining complete share-frequent
itemsets, named MCShFI, for efficiently extracting complete share-frequent item-
sets based on a level-wise generating property. It can reduce the runtimes by
using transaction measure value as an effective upper bound of each item to gen-
erate only the promising candidate itemsets in each iteration. To obtain a current
mining result from an updated database, however, this algorithm has to rescan
the whole database. This paper proposes an incremental algorithm called IS-FUP
which eliminates the rescanning by mining frequent itemsets only from new trans-
actions and using this result to efficiently update the previous discovered frequent
itemsets. It adopts the Fast Update (FUP) Algorithm [14] as an efficient update
concept.

The remaining of this paper is organized as follows. Background and related
work are given in Section 2. The share-frequent itemsets mining problem is de-
scribed in Section 3. In Section 4, the proposed algorithm is described and some
examples are given. The efficiency of IS-FUP is shown in Section 5 and conclusions
are drawn in Section 6.

2 Related Work

2.1 Mining Share-Frequent Itemsets

In 1997, Carter et al. introduced the share-confidence model to discover useful
knowledge about numerical attributes associated with items in a transaction [12].
This numerical attribute reflects all the profit, the cost of items, and associates
to the transaction items. Several mining techniques have been proposed for effi-
ciently discovering share-frequent itemsets. [15] and [11] proposed method named
Zero pruning (ZP) and Zero subset pruning (ZSP) respectively that can extract
the complete set of share-frequent itemsets from the transaction database using
heuristic search method. However, they take an exponential increase of runtime as
a minimum share threshold decreased. Some techniques were presented to mine all
share-frequent itemsets, however, these methods cannot extract the complete set
of share-frequent itemsets since their models do not satisfy the downward closure
property. These include SIP [15], CAC [16] and IAB [11].

Later, the Fast Share Measure approach (ShFSM) was proposed to improve
the previous approaches by using a property of level closure. However, this model
does not hold the property of downward closure, therefore, the set of share-frequent
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itemsets cannot be discovered completely. After that, [17] proposed the Direct
Candidates Generation(DCG) that relies on the downward-closure-property by us-
ing the transaction measure value of a pattern (definition 4) to decrease the number
of useless candidates. This method adopts the level-wise candidate generation-and-
test methodology that directly generates candidates without joining and pruning
steps in each pass. Moreover, this method extracts the complete set of share-
frequent pattern. However, the DCG requires more execution time to generate
and test a large number of unwanted candidates in the mining process since it
treats all I-items from the transaction database as I-candidate (Cy) for gener-
ating all 2-candidates. That is, all 7-candidates contain frequent itemsets and
infrequent itemsets. For later round, the method produces the k-candidates (C)
by joining the previous candidate (Cji_1) which has their transaction measure
value beyond a certain threshold with a single pattern in Cf.

As can be seen in the problem mentioned above, reducing the computation
time is an important issue of mining share-frequents patterns. [13], therefore, in-
troduced an efficient method for Mining Complete Share-frequent Itemsets (MC-
ShFI) to solve the weakness of the DCG solution. The MCShFI uses transaction
measure value (definition 4) as an effective upper bound of each item to reduce
the computation time by moving out a number of unwanted candidate at the first
round. Furthermore, the generated candidate itemsets of MCShFI are created
from the combination of only itemsets with their transaction measure value be-
yond a certain threshold. As a result, the MCShFI approach is more efficient than
the DCG method in terms of execution time.

2.2 The Fast Update Concept

The number of transactions in a database is increasingly growing up; therefore,
the evaluation of derived association rules must be reproduced. In fact, some
association rules are newly generated while some other rules become obsolete [18].
Every time the new inserted transaction occurs in the database, in the traditional
batch mining algorithms, it has to re-process the whole updated database. This
process; therefore, consumes lots of execution time and additionally waste existing

mined knowledge.

Large Itemsets  Small Itemsets

Large Itemsets Case 1 Case 2

Small Itemsets Case 3 Case 4

Original database

Figure 1: Four cases when new transactions are added into existing database
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To reduce computation time, Cheung et al. [14] had introduced the Fast
Update (FUP) algorithm. The FUP takes into account only mining results of an
original database and new transactions. There are four cases under consideration
as shown in Figure 1.

Case 1: An itemset is large both in an original database and in new transactions.
Case 2: An itemset is large in an original database but small in new transactions.
Case 3: An itemset is small in an original database but large in new transactions.
Case 4: An itemset is small both in an original database and in new transactions.

For Case 1, both the original database and the new transactions are large
(frequent). Thus, the weighted average of the counts will be large. Identically,
for Case 4, both small (infrequent) original database and small (infrequent) newly
inserted transactions yield small weighted average of the counts. This implies that,
both Case 1 and Case 4 will not influence the final frequent itemsets. Nevertheless,
for Case 2 and Case 3, the weighted average of the counts can be small (infrequent),
thus, affects the final frequent itemsets. Hence, to achieve the correct solution,
the existing large (frequent) itemsets may be removed for Case 2 while it must be
inserted for Case 3.

3 Problem Statement

In this section, the notation for the IS-FUP algorithm is described. Then the
basic definitions which similar to the previous works [19, 17, 20, 13] are presented.

3.1 Notation

I a set of m items, I = {i1,42,...,4,...,%m} be a set of literals
with counting attributes, where i;,%2,...,7;,...,%y are called
item.

X an itemset, where X C I.

DB a transaction database, DB = {T},T5,...,T,} be a set of tran-

sactions, where n is the number of transactions in DB and each
transaction T, € DB and also T;, C I, (1 < g <n). The type of
DB can be divided into two groups: O and db+.

@) an original transaction database.

db+ a set of the newly inserted transactions.

U an entire updated database, O U db+

Ch a candidate share-frequent itemsets of size k

minLMV®+  The minimum local measure value in new transactions db+
minLMVY The minimum local measure value in the entire updated data-
base U
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TMV©
TMV %+
T™MVY
Htmv©
HtmoV
Htmv,?
Htmv,”cuﬂr
HtmvY
tmv? (X)
tmodb+(X)
tmo¥ (X)
Imv@(X)
Imo®t (X)

ImvY (X)

The total measure value of the original transaction database O
The total measure value of the newly inserted transactions db+
The total measure value of the entire updated database U

a set of high transaction measure value itemsets in the original
transaction database O

a set of high transaction measure value itemsets in the entire
updated database U

a set of high transaction measure value k-itemsets in the origi-
nal transaction database O

a set of high transaction measure value k-itemsets in the newly
inserted transactions db+

a set of high transaction measure value k-itemsets in the entire
updated transactions U

a transaction measure value of an itemset X of all transactions
in the original transaction database O

a transaction measure value of an itemset X of all transactions
in the newly inserted transactions db+

a transaction measure value of an itemset X of all transactions
in the entire updated transactions U

a local measure value of all transactions in the original transac-
tion database O that containing X

a local measure value of all transactions in the newly inserted
transactions db+ that containing X

a local measure value of all transactions in the entire updated
transactions U that containing X

Table 1: Example of a transaction database with counting

TID Transaction Count

Original Database T {A,B,F,G,H} {2,1,2,1,2}
(0) . {ACE} {5,3,3}

T; {B,CH} {3,2,2}

T, {C} {5}

75 {C.EFG (3,1,2,1}
The newly inserted Ty {A,C,D,E,F} {4,2,1,1,5}
transactions (db+) Ty {A,D} {1,2}

Ty {B,C,H} {4,3,2}

T, {A.C.E} (2,1,1}
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3.2 Basic Definitions

Definition 3.1. The measure value of item i, in transaction 7, represents a
numerical value associated with item 4, in T, denoted by,

mo(ip, Ty). (3.1)
For example, in Table 1, mv({C},T3) =3.

Definition 3.2. The itemset measure value imv(X,T,) is the total measure value
of itemset X in transaction T; defined as follow,

imu(X,T,) = Z mu(ip, Ty). (3.2)
ipEX

For instance in Table 1, imv({AC},Ta) = mv({A}, Te) + mu({C},Ts) = 5+3 =
8.

Definition 3.3. A transaction measure value of transaction T, tmv(T,) is defined
by,

tmu(Ty) = Z m(ip, Ty). (3.3)
ip€T,

For example in Table 1, tmv(Tz) = muv({A}, Tz) + mv({C}, Ts) + mv({E}, Tz) =
5+3+3 =11.

Definition 3.4. A transaction measure value of itemset X denoted by tmuv(X)
describes a total value of all transactions containing X. It is defined by,

tmo(X) = Y tmo(Ty) (3.4)

XCT,eDBx
where DBy is a set of transaction that contains itemset X.

For example, tmv({AC}) = tmu(Tz) + tmo(Tg) + tmu(Ty) = 11 + 13 + 4 = 28,
in Table 1.

Definition 3.5. A local measure value of itemset X is given by,

Imv(X) = Z Zimv(ip,Tq). (3.5)

T,EDBx i,€X

For example in Table 1, Imv({AC}) = imv({AC}, Tz) + imv({AC}, Ts)
+imv({AC}HTy) =846+ 3 =1T7.
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Definition 3.6. A total measure value of the entire updated transaction, TMV (U),
represents the summation of all the transaction measure values which is given by,

TMV(DB)= Y > mu(ip, T,). (3.6)

T,EDBi,€T,
For example in Table 1, TMV (O U db+) = 67.

Definition 3.7. A share value of itemset X, denoted by SH(X), is a ratio of the
local measure value of X to the total measure value of DB, as calculated by,

Imv(z)
SHX) = Firv (3.7)

For example, SH({AC}) = = 17/67 = 0.2537.

Definition 3.8. Given that a minimum share (minShare) is a minimum share
threshold, if the share value of itemset X, SH(X), is greater than minShare then
we can conclude that itemset X is a share-frequent itemset.

For the example database, if minShare is 0.25, {AC} is a share-frequent itemset,
as SH({AC}) = 0.2537.

Definition 3.9. A minimum local measure value (minLMV') can be defined by,
minLMV = ceiling(minShare x TMV (O U db+)) (3.8)

Therefore, in Table 1, minLMV = ceiling(0.25 x 67) = 17. For any itemset X, if
Imv(X) > minLMV, then itemset X is a share-frequent itemset.

From the property of the downward closure (also called anti-monotonicity) of
the support measure, it can be seen that this property can maintain in the share-
frequent patterns mining by using the tmwv value of itemset X (Definition 4). For
any itemset X, if tmwv(X) is less than min LMV, all supersets of X can be pruned
(including X') immediately without further consideration. For example, let mini-
mum share threshold is 0.25, then tmv({D}) = 16 < minLMV = 17. According
to the property of downward closure, all supersets of {D} are not generated as a
candidate patterns. Therefore, we can prune {D} at the early step.

4 A Proposed Incremental Algorithm

We propose an efficient algorithm for incremental share-frequent itemsets min-
ing based on a Patternset Table Knowledge (PSTable knowledge). The proposed
algorithm includes two processes: maintenance a PSTable knowledge, and the
IS-FUP algorithm.
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4.1 Maintenance a PSTable Knowledge

A PSTable knowledge is a set of itemsets with their count information and
it is im-proved by the concept of a bittable structure [21, 22, 23, 20, 13]. This
structure can avoid candidate generation by aggregate the transactions that have
similar itemsets. In addition, the PSTable knowledge will be constructed once
and it accommodates modified data in the future (do not need to rebuild). The
following describes operation of this algorithm.

For creating a PSTable knowledge and inserting new transactions, the algo-
rithm reads the data from each incoming transaction. After that, it checks the
itemsets of the transaction whether the itemset is already available in the PSTable
or not. If it exists, the quantity of the transaction (total count) is summed with the
new entries to gain new value of total count, and the itemset count is incremented
by 1. If the itemset is new, it will be inserted into the PSTable with the quantity
of the transaction and set the itemset count to be 1. This process is repeated for
all transactions.

For maintenance the PSTable knowledge (removing transactions), the algo-
rithm reads the itemset from each removing transaction. After that, the itemset
is searched from the PSTable knowledge, then the quantity of each item of the
itemset and the quantity of the transaction (total count) are updated and also
decrease the itemset count by 1. For the modified existing transactions case, the
algorithm starts with ascendant sorting items in the PSTable knowledge. Next, the
algorithm discovers the modified transaction and then the quantity of each item of
the itemset and the quantity of the transaction (total count) are updated. All the
mentioned steps are repeated for all of the transactions in database. For instance,
the original transaction database in Table 1 was performed and the results shown
in Table 2.

Table 2: The PSTable after the algorithm executed all transactions
B C D

PID F G H Total Count Itemset Count
8 1
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16
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7
13

3
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4.2 Incremental Share-Frequent Itemset Mining

4.2.1 The Concept of the IS-FUP Algorithm

We propose an efficient algorithm that handles insertion of transactions (named
IS-FUP algorithm). It is extended from the MCShFT algorithm [13] in a batch way
for discovering complete share-frequent itemsets from a PSTable knowledge based
on the FUP concept [14]. Assuming that a PSTable knowledge is built in advance
from the original database before the new transactions come and the large/frequent
itemsets have been already derived from the initial database. In IS-FUP algorithm,
itemsets are separated into four scenarios according to whether they are large (fre-
quent) or small (infrequent) itemsets for both in the original database and in the
new transactions. To determine whether the itemset is large or small, the value of
tmu is calculated (by definition 3.4). As mentioned earlier, this value contains the
properties of downward closure. If the value of tmv of any itemset is larger than
or equal to the minimum local measure value (minLMYV), it is in the set of high
transaction measure value itemsets and in the group of large itemsets. Otherwise,
it is in small itemsets.

Considering an original database and a new transaction that will be inserted,
the following four cases and their results in given in Table 3.

Table 3: Example of a transaction database with counting

Cases : Original-New transactions Results

Case 1: Large itemset - Large itemset Always large itemset

Case 2: Large itemset - Small itemset Determined by rescanning the
newly added transactions

Case 3: Small itemset - Large itemset Determined by rescanning the
PSTable

Case 4: Small itemset - Small itemset Always small itemset

For the newly inserted transactions, when some new records are inserted into
the original database: In Case 1 and 4, itemsets do not change the final share-
frequent itemsets and thus these two cases are extreme. In Case 2, itemsets may
be removed from existing large itemsets, and itemsets in Case 3 may add new large
itemsets. For the extreme cases 1 and 4, the proposed approach in share-frequent
itemset mining can be mathematically proved and given below whereas the other
two cases 2 and 3 can be shown by experiments using the IS-FUP algorithm. Also,
a numerical example is later provided in the next sections illustrating all the four
cases.

Theorem 4.1. If an itemset X is large in both the original database and the newly
inserted transactions then the itemset X is large in the entire updated database
(Case 1).

Proof. Assume, by contradiction, that itemset X is not large in the entire updated
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database, i.e.,
tmo(X)C + tmu(X)®t < minShare x (TMVC + TMV®T) (4.1)
and so
tmo(X)© + tmo(X)®T — minShare x TMV®T < minShare x TMV®  (4.2)

By hypothesis, an itemset X is large in both the original database and the newly
inserted transactions

it is obtained that
tmv(X)? > minLMV® (= minShare x TMV©) (4.3)

and
tmo(X) T > min LMV ®* (= minShare x TMV ). (4.4)

Since
tmo(X)° < tmu(X)° + tmu(X)®T — minShare x TMV T+, (4.5)

From (4.2) and (4.5), we can conclude that
tmv(X)° < minShare x TMV© (4.6)
(4.6) contradicts (4.3), hence the proof is complete. O

Theorem 4.2. If an itemset X is small in both the original database and the newly
inserted transactions then the itemset X is small in the entire updated database

(Case 4).

Proof. Assume, by contradiction, that itemset X is not small in the entire updated
database, i.e.,

tmo(X)C + tmu(X)®t > minShare x (TMVC + TMV®T) (4.7
and so
tmo(X)© + tmo(X)®t — minShare x TMV®T > minShare x TMV©. (4.8)

By hypothesis, an itemset X is small in both the original database and the newly
inserted transactions

it is obtained that
tmo(X)°? < minLMV? (= minShare x TMV°) (4.9)

and
tmo(X) %t < min LMV (= minShare x TMV®T), (4.10)
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Since

tmo(X)C > tmu(X)© 4 tmo(X)®T — minshare x TMV®+, (4.11)

From (4.8) and (4.11), we can conclude that

tmv(X)° > minShare x TMV© (4.12)

(4.9) contradicts (4.12), hence the proof is complete. O

4.2.2 The IS-FUP Algorithm

The detail of the proposed algorithm are described step by step below.

Input: 1) A PSTable knowledge (O) 2) The newly inserted transactions (db+) in
which each transaction includes items and their quantities 3) A Htmv©,
which is stored a set of high transaction measure value of the original
transaction database 4) The total measure value of the original transaction
database, TMV© 5) The minimum share threshold, minShare

Output: A HtmoY, that is a set of high transaction measure value of the entire
updated database.

Step 1:

Step 2:

Step 3:

Step 4:

Calculate the total measure value of newly inserted transactions us-
ing Definition 3.6 denoted by TMV®+. After that, TMVV is calcu-
lated (TMVY = TMVO + TMV®+). Next, the algorithm computes
minLMVU using Definition 3.9 and set k = 1, where k is used for record-
ing the number of items in the itemsets currently being processed.

The algorithm generates the candidated k-itemsets then computes their
transaction measure value tmv*(X) and local measure value lmv?+(X)
from the new transactions using Definition 3.4 and 3.5 respectively. Checks
whether the tmv®+(X) of each k-itemset X is larger than or equal to
minLMV 4+ TIf tmodbt (X) satisfies the above condition, put X in the
set of high transaction measure value k-itemset in the newly inserted

transactions, H tmv}f“.

For each k-itemset X, if it is in the set of high transaction measure value
in the new transactions and it also appears in the set of high transaction
measure value in the original database , do the following substeps (Case

1):

Step 3.1: The algorithm will keep the itemset X into both the Htmv,g
and C}, and also removes it from the H tmvko.

For each k-itemset X, if it is in the set of high transaction measure value
in the new transactions (H tvaH) but it does not appear in the set of
high transaction measure value in the original database Htmv?, do the
following substeps (Case 3):
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Step 4.1: Rescans the original database to determine the tmv®(X) and
Imv©(X) of k-itemset X. After that, set both tmvY(X)
(= tmv@(X) + tmo®+ (X)) and ImvY (X) (= Imv@(X) +
Imv?+(X)).

Step 4.2: Checks whether the tmvY(X) is greater than or equal to
minLMVV. If tmvY (X) satisfies the above condition, stores
it to the C, and also adds into the (HtmvY).

Step 5: For each k-itemset X, if it appears in the set of high transaction measure
value in the original database (Htmv{) but does not appear in the set of
high share-frequent itemsets from the new transactions (H tmv,‘f“), do
the following substeps (Case 2):

Step 5.1: The algorithm reads all k-itemsets in the Htmvko. After
that, compute the tmv?®*t and the Imv®* from the PSTable
knowledge and then calculates both tmvY (X) (= tmv®(X) +
tmu®t (X)) and Imv? (X) (= Imv® (X) + Imv®+(X)).

Step 5.2: If the tmwvY (X) is larger than or equal to minLM VY stores
X to the C) and inserts to the H tmv,g and also removes it
from the H tmvko.

Step 6: Increase k by one and then the algorithm generates the candidate k-
itemsets from the variable Cj_1.

Step 7: Repeat Steps 2 - 6 until no new candidate itemsets is generated and the
Htmw© is empty.

4.2.3 A Numerical Example

This subsection shows how the IS-FUP algorithm can be used for finding out
the share-frequent itemsets from the new transactions. Assume that the transac-
tions T7 — T5 shown in Table 1 are the initial database and the transaction Ty - Tg
are newly inserted transactions. Also assume that the minimum share threshold
(minShare) is set at 0.25 which is 25% of total quantity. The set of high trans-
action measure value is built in advance from the original database as shown in
Table 4.

Step 1: : The IS-FUP algorithm calculates the initial variables at first i.e. TMV %+,
minLMV %+ TMVY and minLMVU respectively, as shown in Table
5. Then, k is set at 1.

Step 2: The k-itemsets in the newly inserted transactions for {A}, {B},{C},{D},
{E},{F}and{H} are read into the algorithm and then calculate their
transaction measure value (tmv®7) and the local measure value (Imv+)
from the new transactions. Take k-itemset {A} as an example to illus-
trate the process. The k-itemset {A} appears in the new transactions
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Step 3:

Table 4: The Htmuv®

Itemset X | tmo?(X) | imv?(X)
{A} 19 7
{B} 15 4
{C} 30 13
{E} 18 4
(F} 15 4
{G} 15 2
{H} 15 4

{4,C} 11 8
{A, E} 11 8
(B, H} 15 8
{C,E} 18 10
(F,G)} 15 6
{A,C,E} 11 11

Ts, Ty and Ty and then the algorithm calculates the tmv®+({A}) as
(13+3+4), which is 20 and computes the lmv®+ ({A}) as (4+1+2), which
is 7 respectively. The other k-itemsets are calculated in the same way and
the result is shown in Table 6. After that, checks whether the tmv®+(X)
of each k-itemset is larger than or equal to min LMV ™+ In this example,
all k-itemsets satisfy the condition and then put them in the set of high
transaction measure value k-itemsets in the new transaction, (H tmfug“).

Table 5: The initial variables for the algorithm

TMV minLMV
O 38 10
db+ 29 7
U 67 17

For each k-itemset X, it is in both the set of high transaction measure
value in the new transactions (H tmvﬁ“) and the set of high transac-
tion measure value in the original database (Htmov{), do the following
substeps (Case 1):

Step 3.1: The k-itemsets are in the H tmv,? and the H tmvng' which are
as follows {A},{B},{C},{E},{F}and{H}. These itemsets
are recorded to the HtmvY and are removed from the Htmuvg
and also kept as candidate share-frequent itemsets, C. The
result is shown in Table 7 and 8.
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Table 6: all k-itemsets are calculated from the new transactions

k-itemset X | tmo®T(X) [ Imv®+(X)
A 20 7
(B} 9 4
I8! 26 6
(D} 16 3
(E} 17 2
(F) 13 5
(H} 9 2

Table 7: After k-itemsets (Case 1) are added in the HtmuvY

E-itemset X | tmo¥(X) | ImoY(X)
(4} 39 14
{B} 24 8
{C} 56 19
(E} 35 6
{F} 28 9
(H} 24 6

Table 8: After k-itemsets (Case 1) are deleted from the Htmv®

k-itemset X | tmu@(X) | Imov®(X)

Itel: 15 2
{A,C} 11 8
{A,E} 11 8
(B, H} 15 8
{C, B} 18 10
(F,G) 15 6
{A,C,E} 11 11

Step 4: For each k-itemset X, it is in the set of high transaction measure value

in the newly inserted transactions, H tvaH, but it does not in the set
of high transaction measure value in the original database, H tmvko, do
the following substeps (Case 3):

Step 4.1: The k-itemset X appears in the H 1fmvf€lb+ but it does not ap-
pear in the Htmv? which is {D}. The IS-FUP algorithm
rescans to calculate the tmv®(X) and the Imv®(X) from
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Step 4.2:

the PSTable knowledge. Then, the algorithm computes the
tmvY (X) and the ImuvY(X) respectively. Let takes the k-
itemset {D} as an example to illustrate the process. The
tmv®* of {D} and the Imv®* of {D} in the new transac-
tions are 16 and 3 respectively as shown in Table 6. The
tmw? of {D} and the Imv® of {D} in the original database
are both 0, which are shown in Table 9. The updated transac-
tion measure value and The updated local measure value for
the updated database of {D} are calculated as tmvY({D})
(=0+16), which is 16 and ImoY ({D}) (=0+3), which is 3
respectively.

Check whether the tmoY of k-itemset X is larger than or
equal to the minLMVU. If it satisfies the condition, inserts
X into C} and also stores it to the H tmv,g. For instance, the
k-itemset {D} does not satisfy the both of above conditions.

Step 5: For each k-itemset X, it does not in the set of high transaction measure
value in the new transactions (H tmvzl”), but it appears in the set of
high transaction measure value in the original database (Htmv?), do
the following substeps (Case 2):

Step 5.1:

Step 5.2:

Table 9:

The IS-FUP algorithm reads all k-itemsets from the Htmuv
in Table 8, which is {G}. The tmv®*t and the Imv®*t of
k-itemset {G} in the new transactions are calculated, which
are both 0. Then, the updated transaction measure value and
the updated local measure value for the updated database of
{G} are computed as tmvY ({G}) (=0+15), which is 15 and
ImvY ({G}) (=0+2), which is 2 respectively. The result is
shown in Table 10.

Check whether the tmuvY of {G} is larger than or equal to the
minLMVV. If it satisfies the condition, stores it into both
Cy and the H tmvg and also removes it from the Htmv,?.
For instance, the k-itemset {G} does not satisfy both of the
above condition.

After all k-itemsets in case 3 are re-calculated.

k-Itemset X

tmvP(X) Imv° (X) tmoY (X) Imo? (X)

{D}

0 0 16 3

Step 6: Set k = 2
which are

(k+1). The candidate k-itemsets are generated from Cf_1,
{A, B}, {A,C}, {A, B}, {AF}, {AH}, {B,C}, {B,E},

{B,F}, {B,H}, {C,E}, {C,F}, {C,H}, {E,F}, {E,H}, {F,G} and

(F, H}.
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Table 10: After all k-itemsets in case 2 are re-calculated.

k-Ttemset X | tmo®(X)

Imv®t (X)

tmoY (X)

Imo? (X)

). 0

0

15

2

Step 7: Steps 2 - 6 are then repeated until no candidate itemset is generated
and the Htmv® is empty as shown in Table 12. The IS-FUP algorithm
returns a set of high transaction measure value in the entire updated
database, HtmvY, that contains 3 share-frequent itemsets i.e., {C},
{A,C} and {A, C, E} that shown in Table 11.

Table 11: The HtmwvY after the IS-FUP completed

Itemset X | tmo¥(X) | ImoY(X) | SH(X)
{4} 39 14 0.2090
(B} 24 8 0.1194
{C} 56 19 | 0.2836
(E) 35 6 0.0896
(F} 28 9 0.1343
(H)} 24 6 0.0896

{A,C} 28 17 | 0.2537
(A, B} 28 16 0.2388
(A, F) 21 13 0.1940
(B, H) 24 14 0.2090
(C,E} 35 15 0.2239
{C,F} 20 12 0.1791
(B, F} 20 9 0.1343
{A,C,E} 28 22 | 0.3284
(C,E,F} 20 14 0.2090

Table 12: The Htmv© after the proposed algorithm completed

Itemset X

‘ tmu? (X)

‘ Imv? (X)

— Empty -
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5 Algorithm Efficiency

In this section, we demonstrate the efficiency of the algorithm by applying
the IS-FUP to two IBM synthetic datasets (T10I14D100K and T40I110D100K) and
a real-life dataset (pumsb*). They are acquired from frequent itemset mining
dataset repository page (http://fimi.ua.ac.be/data/). As like the performance
evaluation of the previous share-frequent itemset mining algorithm [17, 13], we
modified these datasets by creating random numbers for the quantity of each item
in each transaction, ranging from 1 to 10. The characteristics of the datasets
are shown in Table 13, |D| is the total number of transaction in a dataset, |N|
is the number of distinct pattern in the dataset and T4, is the average size of
transaction. Our algorithms were written in Microsoft C++ 2010 and carried out
on a PC with 1.40 GHz CPU with 4 GB main memory. The algorithm efficiency
is determined by the processing time and compared to MCShFT [13] in the batch
way.

Table 13: Characteristics of the experiment datasets

Dataset Size (MB) |D| IN| | Toug
T10I4D100K 3.83 100,000 | 870 | 10.1
T40I10D100K 14.7 100,000 | 942 | 40.5
pumsb* 10.7 49,046 | 2,088 | 50.5

5.1 The IS-FUP Algorithm on Synthetic Datasets

In the first experiment, we have tested the effectiveness of the IS-FUP al-
gorithm in incremental mining and the batch MCShFI with T10I4D100K. The
minimum share threshold was set at 0.01% and 0.03% respectively. A number
of 70,000 transactions were created to initially mine the share-frequent itemsets
with their quantities. Next, the numbers of inserted transactions were varied from
2,000 to 10,000 and the results are shown in Figures 2 (a)-(b). For T40110D100K,
experiments were conducted in similar to the previous experiment but the min-
imum share threshold was set at 0.1% and 0.3% respectively. The experimental
results are illustrated in Figures 3 (a)-(b).

It can be easily observed from these figures that the both algorithms required
more execution time when the certain threshold lowers. This is reasonable because
when the minimum share value becomes minor, the algorithms have to generate
more candidates in the mining process. Moreover, the runtime of the new solution
is smaller than the MCShFI method in a batch way. This is because the MCShFI
needs to update information on its data structure to meet updated transactions.
After that, it has to mine the last updated database to get the final share-frequent
itemsets. Therefore, this process must be performed every time whenever trans-
actions are inserted. For the new solution, it takes advantages of the earlier result
of share-frequent itemsets and does not re-mine the whole updated database. The
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Figure 2: Effects of numbers of inserted transactions on runtime for the
T10I4D100K dataset
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Figure 3: Effects of numbers of inserted transactions on runtime for the
T40I110D100K dataset

proposed method mines only the newly inserted transactions and rescans as nec-
essary to re-calculate itemsets from the original database only if it is in Case 3 as
mentioned in Section 4.2.1.

In the next experiments, the first 90,000 transactions were discovered from
the T10I4D100K dataset to construct initial share-frequent itemsets with their
quantities. The minimum share threshold was set at 0.01% and 0.03% respectively.
After that, each 2,000 transactions, which were used as new inserted transactions,
were performed again with the same thresholds. The results are shown in Figures
4 (a)-(b). Similar to above experiments for T40I10D100K, the minimum share
threshold was set at 0.1% and 0.3% respectively. The experimental results are
illustrated in Figures 5 (a)-(b).

Figure 6 (a) is then made to show the runtimes of the two algorithms on
the T10I4D100K dataset for different minimum share threshold. The thresholds
range of 0.005 to 0.05 percent were used here. The first 90,000 transactions were
mined from the T10I4D100K dataset to create initial share-frequent itemsets with
their quantities. After that, the next 10,000 transactions, which were used as new
inserted transactions, were generated with the same thresholds. In the similar way
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Figure 4: Effects of numbers of inserted transactions on runtime for the
T10I14D100K dataset

for T40I10D100K, the minimum share thresholds were set from 0.03% to 0.3%.
The experimental results illustrated in Figure 6 (b).
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5.2 The IS-FUP Algorithm on Real-Life Dataset

At first, we constructed to initially mine the share-frequent itemsets with their
quantities from the pumsb* dataset for 34,046 transactions with three different
minimum share thresholds. The thresholds were set at 0.5% and 0.6% respectively.
In addition, various number of transactions of 1,000, 2,000, 3,000, 4,000 and 5,000
were added and the results are shown in Figures 7 (a)-(b). As shown in these
figures, the batch MCShFT algorithm wasted a lot of time to mine all of the whole
updated transactions whenever transactions were inserted. The new solution does
not re-mine the last updated database and hence takes advantages of the previous
results of share-frequent itemsets.
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Figure 7: Effects of numbers of inserted transactions on runtime for the
pumsb* dataset

In the next experiments, the first 44,046 transactions were searched from the
pumsb* to create initial share-frequent itemsets with their quantities. The min-
imum share threshold was set at 0.5% and 0.6% respectively. After that, each
1,000 transactions, which were used as new inserted transactions were generated
again with the same threshold. The results are shown in Figures 8 (a)-(b).

The last experiment was then conducted to compare the runtimes of both al-
gorithms on the pumsb* real-life dataset for different numbers of minimum share
threshold. Additionally, the minimum share threshold was considered to be varied
from 0.45% to 0.6%. A number of 44,046 transactions were extracted to construct
initial share-frequent itemsets with their quantities. After that, the next 5,000
transactions were added and, with the same threshold value, the runtime was
measured. The result is as shown in Figure 9. The computation time of the new
solution is lower than the MCShFI in batch mode for handling transaction inser-
tion. The reason is as same as already mentioned in the previous experiment. In
conclusion, our proposed algorithm in incremental share-frequent itemset mining
(the IS-FUP algorithm) outperforms the batch MCShFI method to maintain the
updated database.
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Figure 8: Effects of numbers of inserted transactions on runtime for the
pumsb* dataset
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6 Conclusions

In the past, the efficient algorithm for mining complete share-frequent itemsets
(called MCShFI) was proposed to discover complete share-frequent itemsets based
on a batch approach. In this paper, an incremental approach to the problem is
proposed with the fast update concept to improve mining execution time. Among
the four updated cases under consideration of the fast update concept, we mathe-
matically show that two of them do not affect mining result. This even more helps
in improving execution time of the proposed algorithm. Extensive performance
analyses show that execution time of the incremental algorithm outperforms of
the batch one on both synthetic datasets and real-life datasets.
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Abstract— The paper proposes a new efficient algorithm,
named HCG algorithm, to mine share-frequent patterns from an
incremental pattern set table knowledge called PSTable. The
PSTable stores all non redundant patterns with their count
information by a single database scan. A transaction newly added
to the database can be incrementally added to the PSTable. The
new algorithm efficiently discovers all share-frequent patterns
from the PSTable by generating candidates from only high share
atomic patterns. Its correctness is assured by the downward
closure property. The experiment results on dense and sparse
datasets show that the proposed algorithm is more efficient than
existing algorithms in terms of both execution time and number
of candidates.

Keywords—Data mining; share-frequent patterns mining;
frequent pattern mining.

I. INTRODUCTION

Mining frequent pattern is a crucial process and occurs in
many real-world applications. These applications include
association rule analysis, sequential patterns mining,
correlations analysis, multi-dimensional patterns mining and
etc. It was firstly introduced in 1993 by [1]. Many algorithms
for frequent pattern mining have been proposed. They can be
divided into two main groups: Apriori-based and pattern
growth-based algorithms. Apriori-based algorithms [2-4] use a
generate-and-test approach to the problem. Pattern growth-
based algorithms adopt a divide-and-conquer method with an
FP-Tree structure [5-8].

The above algorithms are based on support-confidence
framework that treats an item in a database as a binary value.
In real-world behavior, customers can buy an item in more than
one piece. Hence, the traditional framework can not reflect
exact number of purchased items. In order to overcome the
limitation of frequent pattern mining, a share-confidence
framework was defined by [9]. This model investigates useful
information about numerical values correlated with items in a
transaction database. The knowledge can reflect the profit or
cost of the items [10]. There are many approaches to problem
of share- frequent pattern mining. The Zero pruning (ZP) [11]
and Zero subset pruning (ZSP) [10] algorithms were proposed
in 2000 and 2003 respectively. They can generate all share-
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frequent patterns but spend too much time on exhaustive search
method. Li et al. proposed the FSM [12], the ShFSM [13] and
the DCG [14] algorithms to overcome the problem. However,
the FSM and the ShFSM algorithms are time-consuming on
joining and pruning steps of generated candidates in each
round and also generate a lot of useless candidates. The DCG
algorithm improves these two algorithms by maintaining the
downward closure property. It generates candidate patterns
without joining and pruning steps. In 2012, [20] proposes an
efficient algorithm for Mining Complete Share-frequent
Itemsets (called MCShFI). It improves the DCG algorithm by
pruning useless candidate patterns in early step of the
algorithm. An algorithm that adopts this idea could improve its
performance even more if it mines from non-redundant
aggregate patterns extracted from a database. This paper
proposes to use incremental PSTable to store such aggregate
patterns. In addition, we present the HCG algorithm for
mining share-frequent patterns from the PSTable. It limits
candidates to only ones generated from high share atomic
patterns.

This rest of the paper is organized as follows. Section 2
gives the problem statement and basic definitions. Section 3
describes the PSTable and the HCG algorithm - an efficient
algorithm for mining share-frequent patterns from the
PSTable. In section 4, the results of experiments are discussed.
Finally, we conclude our study in Section 5.

II.  PROBLEM STATEMENT AND DEFINITIONS

Let I = {iy, iy...,in; be a set of literals with counting
attributes, where i), i,...,i, are called pattern. Let X be a
patternset, where X< /. Let the transaction database (DB) =
{T}, T»,..,T,} be a set of transaction, where 7 is the number of
transaction in DB and each transaction 7,€ DB and also T € /,
(1<g<mn). A transaction identifier (TID) is given to each
transaction. Let min_share be the minimum share threshold
specified by users. For a patternset X, if the share value of X
denoted as X.share is greater than or equal to min_share,
patternset X calls a share-frequent patternset. The definitions
of share measure are presented in [13-20]. We have adopted
and described with an example of a transaction database
shown in Table 1.



TABLE I. A TRANSACTION DATABASE WITH COUNTING.

yr Transaction

T, {A:1,B:1,C:1,D:1,G: 1, H:1}

T {F:4,H:3}

T; {B:4,C:3,D:3}

Ty {C:4.E:1}

Ts {B:3D:2}

T; {B:3,C:2.D:1}

T- {B:3.C:4D:1E:2}

T: {A4F:1.G:1}

T; {C:2.E:1}

Definition 1 : The measure value of pattern i, in transaction 7,

is the attribute value denoted by mv(i,,T,). For example,

mv({B},T;) = 4.

Definition 2 : The itemset measure value of a patternset X in

transaction 7, is the total measure value of all patterns of X in

T,
imv(x,T,) =Y mv(ip,Ty) )]

ipeX

For example, imv({BC},T3) = 7.

Definition 3 : The transaction measure value of transaction 7,

is the total measure value of a transaction 7,.
tmw(T,) = ZmV(ip,Tq)

i,eX

2

For example, tmv(T;) = 10.
Definition 4 : The transaction measure value of a patternset X
of all transaction database containing X is denoted as,
tmv(x) = Ztmv(T 7)
x;quDBX
For example, tmv({BC}) = tmw(T,) + tmw(T3) + tmv(Ts) +
tmv(T7)=6+10+6+10=32.
Definition 5 : The local measure value of a patternset X in a
transaction database containing X is denoted by,
Imv(x) = Z Zimv(ip, 1) 4)
T(IEDI:?A ipeX
For example, Imv({BC}) = imv({BC},T,) + imv({BC},T;) +
imv({BC},Tg) + imv({BC},T;)=2+7+5+7=21.
Definition 6 : The total measure value of database is the total
measure value of a transaction database DB.
TMV(DB) =" > mw(ip,Ty)

T,eU i,eT,

3

)

For example, TMV(DB) = 58.
Definition 7 : The patternset share value of a patternset X is
the ratio of the local measure value of X to the total measure
value of a transaction database DB. That is,
SH(X) = Imv(X)
TMV(DB)
For example, SH({BC}) =21 /58 = 0.36.
Definition 8 : The minimum local measure value min_Imv is
denoted as,

(6)

min_Imv = ceiling(min_share X TMV(DB)). (7)
For instance, min_Imv ceiling(0.25x58) = 15. For any
patternset X, check whether /mv(X) is less than min_Imv.
If Imv(x) satisfies the condition, the patternset X is a share-
frequent pattern.
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From the property of the downward closure (also called
anti-monotonicity) of the support measure, it can be seen that
this property can maintain in the share-frequent patterns
mining by using the tmv value of patternset X (Definition 4).
For any patternset X, if tmv(X) is less than min Imv, all
supersets of X can be pruned (including X) immediately
without further consideration. For example, let minimum
share threshold is 0.25, then tmv({A}) = 12 < min_Imv = 15.
According to the property of downward closure, all supersets
of {A} are not generated as a candidate patterns. Therefore,
we can prune {A} at the early step.

III. PROPOSED SOLUTION

The new solution employs PSTable to maintain all non-
redundant pattern sets with count information. This is to avoid
multiple database scans of mining algorithms and to provide
an incremental knowledge source. In addition, it proposes a
new mining algorithm called HCG (High Share Candidate
Generation) to mine share-frequent patterns from PSTable.
The new algorithm reaches its efficiency by generating
candidates from only high-share atomic items.

A. Maintenance of PSTable

The PSTable is a set of patterns and their count
information. It is an improved version of a BitTable structure
[15-16]. It saves space by aggregating transactions with
common patternsets. To maintain PSTable, each transaction in
original database or a new transaction, treated as a patternset, is
checked for its existence in PSTable. If it exists, the
maintenance algorithm updates count information of the
patternset. If it is a new one, it is inserted into PSTable with its
count information. Figure 1 shows the maintenance algorithm
in details. Table 2 shows the PSTable constructed from the
transaction database in Table 1.

1 Input : Transactions of DB or db+, the PSTable
2 Output : the updated PSTable
3 Procedure :
4 For each transaction € DB or db+
5 Check a patternset of # with the existing patternsets in the PSTable
6 if patternset of 7€ the PSTable
7 Increment the total of quantity of transaction t in a total count
8 Increment count of patterns in the pattern count
9 Else
10 Insert the patternset with the total of quantity into the PSTable
and set the pattern count = 1
11 EndIf
12End For
Figure 1. An algorithm for maintenance the PSTable
TABLE II. THE PS TABLE IS CREATED AFTER A SINGLE SCAN OF THE
DATABASE.
pD Al BlclDp E|lFlelnm Total Pattern
Count count

1 X X X | X 6 1

2 X X 7 1

3 X | X | X 16 2

4 X X 8 2

5 X X 5 1

6 X | X | X | X 10 1

7 X X | X 6 1




B.  The HCG algorithm

The HCG algorithm is to discover share-frequent patterns
from the PSTable by a generate-and-test approach. It
minimizes number of candidates by generating them from high
share [-patterns, patterns of length 1 promising to be part of
expected share-frequent patterns. Its correctness is supported
by the downward closure property. The algorithm in detail is as
described below.

Input:  The PSTable as shown in Table 2 and

min_share (8)=0.25

Share-frequent patterns

Determination of the TMV(DB) = 58 and

the min_Imv(=TMV *§ ) =15.

Each /-pattern X is loaded into the algorithm and
calculates its the sum of the total count of all
transactions containing X (tmv(X)) as illustrated in
Fig. 2. If each tmv(X) is greater than or equal to
min_Imv, the [-pattern X will be kept into a set of
high share-pattern HS. The algorithm does as the
same step until all /-pattern is done. Therefore, the
pattern in the HS is {B}, {C}, {D} and {E}.

The algorithm reads each /-pattern X in HS and
then shows all patterns that X appears in Table 2.
For example, the pattern “B” has four patterns in
Fig. 3 (a). Then, the algorithm computes the sum of
total count of each /-pattern (tmv(X)).

Check whether the tmv(X) is larger than or equal to
the min_Imv. From Fig. 3 (a), the /-patterns {B},
{C} and {D} exceed min_Imv then this pattern is
added to HSy

Mining all patterns in HSy that prefix with X. From
Fig. 3(a), the prefixed pattern “B” generates {B},
{B,C}, {B,D} and {B,C,D} respectively. That is
HSz={{B}, {B,C}, {B,D}, {B,C,D}}. The share-
frequent patterns mined from HSp are {B,C},
{B,D}, and {B,C,D}.

Remove X from HS. Repeat Steps 3 — 5 until HS is
empty. From Fig. 3(b), 3(c), and 3(d), we get
HS={{C}, {C,D}, {C,E}, {C,D.E}}, HSp={{D}},
and HS;={{E}}, respectively. The share-frequent
patterns mined from HSc, HSp, and HSy are {C}
and {C,D}. Table 3 shows all generated candidates
and their information.

Output :
Step 1 :

Step 2 :

Step 3 :

Step 4 :

Step 5 :

Step 6 :

I-patterns | (i)
A 12
B 37
C© 40
D 37
E 18
F 13
G 12
H 13

Figure 2. The tmv of each 1-pattern is calculated.

27

PatternlD | B [ C |D | E g(‘:f:t PatternlD | D | E g::;’:t
1 X X 6 1 X 6
3 X X 16 3 X 16
5 X X 5 5 X 5
6 X | X | x| X 10 6 X | x 10
tmv(1-pattems) | 37 | 32 | 37| 10 tmv(1-pattems) | 37 | 10
a) The process of pattern “B* c) The process of pattern “D*
PatternlD | C | D | E ggf}'llt PatternD | E gg.t::t
1 X 6 4 X 8
3 x 16 6 x| 10
4 s s 8 tmv(1l-pattems) | 18
6 XXX 10 d) The process of pattern “E>
tmv(1-pattems) | 40 | 32 | 18

b) The process of pattern “C*

Figure 3. The process of each high share-pattern

TABLE III. THE CANDIDATE PATTERNS GENERATED BY HCG

ALGORITHM.
No. Candidate mv lmv SH Share-frequent
patterns patterns
1 B 37 14 0.2414 NO
2 B,C 32 21 0.3621 YES
3 B,D 32 22 0.3793 YES
4 B,C.D 32 27 0.4655 YES
5 C 40 16 0.2759 YES
6 C,D 32 16 0.2759 YES
7 CE 18 14 0.2414 NO
8 C.D.E 10 7 0.1207 NO
9 D 37 8 0.1379 NO
10 E 18 4 0.069 NO

IV. RESULT AND DISCUSSION

Experiments were made to compare performance of the
proposed algorithm with three algorithms: ShFSM[13],
DCG[14], and MCShFI[16]. These algorithms are
implemented in Microsoft C# 2012 and executed on a PC with
3.30 GHz CPU and 8GB main memory. The same datasets in
[16] are chosen for evaluating the performance of the proposed
algorithm. All datasets can be accessed at the FIMI repository
page (http://fimi.cs.helsinki.fi/data). The characteristics of
these dataset are as shown in Table 4.

TABLE IV. THE CHARACTERISTICS OF ALL DATASETS USED FOR
EXPERIMENT EVALUATIONS.

Datasets #Patterns #Records Avg.length
Mushroom 119 8,124 23
T10I4D100K 870 100,000 11

Figure 4 shows execution times (in second) of the proposed
algorithm compared with of the other three algorithms on the
mushroom dataset under different minimum share thresholds.
The mushroom dataset contains 8,124 transactions with 119
different patterns. The average length of the transaction is 23
and around 20% of its patterns appear in every transaction and



it is a dense dataset. On the mushroom dataset, all algorithms
are very time consuming for lower minimum share thresholds
because there are too many long candidate patterns to generate
and test. However, the proposed algorithm takes the lowest run
times in all minimum share thresholds. Figure 5 presents
number of generated candidates by tested algorithms under
different minimum share thresholds. The results confirm that
the new algorithm outperforms the previous algorithms on
mushroom dataset.
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Figure 4. The total processing time comparisons on the mushroom dataset
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Figure 5. The number of candidate patterns comparison on the mushroom
dataset

Next experiments are to evaluate performance of the new
algorithm over the T10I14D100K dataset with the other three
algorithms under different minimum share thresholds. The
T10I4D100K is a simulated dataset generated by the IBM
simulator and there are 100,000 transactions with 870 different
patterns. The average length of the transaction is 11 and around
1.16% of its patterns appear in every transaction and it is a
sparse dataset. Fig. 6 and Fig 7 show comparison of the total
processing time (in second) and the amount of generated
candidates for four algorithms respectively. It is clearly that
the proposed algorithm is better than the existing algorithms
because the new algorithm reduces the useless candidate
patterns in early steps and only generates the share-frequent
patterns from high share different items. As shown in the both
Figures that there is no such a pattern that meet the share-
frequent patterns when the minimum share threshold is bigger
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than or equal to 0.07%. Therefore, they show the computation
time and the number of candidates that were used initially.

14000 —#—ShFSM

12000 —— DG

MCShFI
10000
\ \ ——HCG
BOOO \ \
A000 \\\
4000

2000 ~

Run Tone (Sec.)

0

0.01 0.03 0.05 0.07 01

Diniciun share threshold (o)

Figure 6. The total processing time comparisons on the T1014D100K dataset
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Figure 7. The number of candidate patterns comparison on the T1014D100K
dataset

V. CONCLUSION

The paper proposes to use an incremental pattern set table
knowledge (called PSTable) for mining share-frequent
patterns. The PSTable for a transaction database is constructed
by only a single database scan. Information from a new
transaction added to the database can be incrementally added to
the PSTable without rescanning the whole database. In
addition, the paper proposes a new efficient algorithm named
the HCG algorithm to discover share-frequent patterns from the
PSTable. With the downward closure property, the new
algorithm reaches its efficiency by generating candidates from
only high share atomic patterns. The experimental results on
dense and sparse datasets show that the proposed algorithm
outperforms existing algorithms in both running time and the
number of candidates. Moreover, running time of the proposed
algorithm could be improved if the PSTable is implemented
using a fast access data structure.
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