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ABSTRACT

A: new approach to mine all frequent itemsets from a transaction database is proposed.
The maini‘ features of this paper are as follows: (1) the proposed algorithm performs database
scanning ‘;only once to construct a data structure called an inverted index structure (IIS); (2) the
change in the minimum support threshold is not affected by this structure, and as a result, a rescan
of the database is not required; and (3) the proposed mining algorithm, IIS-Mine, uses an efficient
property ‘;of an extendable itemset, which reduces the recursiveness of mining steps without
generating candidate itemsets, allowing frequent itemsets to be found quickly. We have provided
deﬁnitioqs, examples, and a theorem, the completeness and correctness of which is shown by
mathemaéical proof. We present experiments in which the run time, memory consumption and
scalabilitﬁl are tested in comparison with a frequent-pattern (FP) growth algorithm when the
minimurr}: support threshold is varied. Both algorithms are evaluated by applying them to
syntheticjs and real-world datasets. The experimental results demonstrate that IIS-Mine provides
better performance than FP-growth in terms of run time and space consumption and is effective
when use1d on dense datasets.
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CHAPTER 1

| INTRODUCTION

1.1 Stattfaments of Problem

i

,‘ .
Nowadays there are tremendous amounts of data which have been collected and stored in
large data}:)ases, and which cannot be analyzed using manual systems. For example, how can one
find the items which occur together from large amounts of data, how do the items in a massive
data set reilate to the others, what items in the data set frequently appear, etc.? Therefore, powerful
data analysis is necessary to solve these requirements. One solution is to use frequent itemsets
mining. Ffrequent itemset mining is a popular problem in frequent pattern mining. It leads to the
discovery; of associations and correlations among items in a large transaction data set.

TEhe objective of frequent itemset mining is to identify all frequently occurring itemsets
using a s;upport threshold. Decision-makers are interested in all itemsets associated with high
frequencil'es. Association rule mining algorithms can be broken down into two major phases. The
first phas:e finds all of the itemsets that satisfy the minimum support threshold, which are the
frequent itemsets. The second phase is rule generation, in which all the high confidence rules
from the frequent itemsets found in the previous phase are extracted [1]. Many previous
investiga{ions focused on the first phase. Early algorithms based on generated and tested
candidatelE itemsets have two major defects. First, the database must be scanned multiple times to
generate;candidate itemsets, which increases the I/O load and is time-consuming. The search
space of;i itemsets that must be explored grows exponentially. Second, enormous candidate
itemsets aare generated and calculated from their supports, which consumes a large amount of
CPU time [2]. To overcome the above-mentioned problems, a next generation of algorithms using
a compa’ct tree structure was proposed, called a frequent-pattern (FP) tree [3], which finds
frequent;itemsets directly from the data structure. However, most of the FP-tree-based algorithms
have the:lfollowing weaknesses. First, the mining of frequent itemsets from the FP-tree to generate
a huge c‘bnditional FP-tree requires a large amount of run time and space. The best case is when a
database: has the same set of transactions; an FP-tree then contains only a single branch of nodes.
The worst case is when a database has a unique set of transactions. Second, when the users

change to a new minimum support threshold for their new decision, the algorithm restarts the

1
I
I
{
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whole operation and scans the database twice. Many researchers have tried to solve the above
problems pllsing a vertical data layout. However, most of the algorithms have the drawback of
increasingfthe run time and space consumption due to the following reasons. First, when the users

change to'a new minimum support threshold for their new decision, the algorithm restarts the
whole opé:ration more than one time to scan a database and construct their data structure.
Rescanning the database for a new minimum support threshold wastes both run time and space.
Second, aljl of the FP-tree-based algorithms generate a huge conditional FP-tree, which has a large
number df recursive processing steps and requires a large amount of run time and space
consumpt:ion.

F;rom the above-mentioned, the motivations of this thesis are proposed a new, efficient

method to improve both a data structure and a mining algorithm for decreasing the consumption

of run time and space.

1.2 Res:earch Objectives
!

’fhis thesis is proposed to study theories and algorithms for development of a new
ap_proach;' to mine all frequent itemsets from a transaction database which can improve run time
and spaccj: consumption. The proposed method performs database scanning only once to construct
a data structure called an inverted index structure (IIS), the change in minimum support threshold
is not affected by this structure, the proposed algorithm called IIS-Mine which used an efficient
property 'of an extendable itemset to reduce the recursion of mining steps without generating
candidate itemsets. This thesis has provided definitions, examples, and a theorem, the
completejness and correctness of which is shown by mathematical proof. The experiments, i.e. run
time, mefmory consumption and' scalability, are tested in comparison with a frequent-pattern

growth (FP-growth) algorithm when the minimum support threshold is varied by using synthetics

and real-yvorld datasets.

i

!
1.3 Research Methodology

|
|

The operation research of the proposed was started from the followings. First, the
deﬁnitio}hs, examples and algorithms are created to demonstrate how to construct the IIS and IIS-

Mine algorithm. Second, a theorem and proof are giving to demonstrate that the proposed IIS-



i
|
i
I
| 3
'
f
.
{
i

Mine algo:rithm can mine frequent itemsets completely and correctly. Last, the experiments are
presented ;to test the run time, memory consumption and scalability of the IIS-Mine and FP-
growth algforithm with different datasets and varying minimum support thresholds. All algorithms
were code! using C languages. Two groups of benchmark datasets, i.e. two synthetic datasets

which are;‘ generated by the IBM Almaden Quest research group and real datasets from the UCI

Machine Learning Repository, were used.

!
1.4 Org;anization of Thesis

T}?his thesis is organized as the followings.

éhapter 2 provides the literature review which includes basic knowledge of frequent
itemsets mining.

(Tlhapter 3 presents the proposed method which includes design and construction of an
inverted i!ndex structure, and algorithm named IIS-Mine.

¢hapter 4 describes the experiment result to demonstrate the efficiency of our new
method ix?cluding run time, memory consumption, and scalability.

i
Chapter 5 presents conclusion and recommendation.

1
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CHAPTER 2
LITERATURE REVIEWS

This chapter describes the literature review which is related to the subjects in this
dissertation. In section 2.1, we follow the mining of frequent itemsets using three methods of
database scanning: multiple times, two times, and one time. We presented the weaknesses at the

end of each category. The basic concept and FP-Growth algorithm are presented in section 2.2.

|
I

2.1 Fre(;uent Itemsets Mining

Erequent itemset is the one type of frequent patterns. Frequent patterns are patterns (such
as itemsetls, subsequences, or substructures) that appear in a data set frequently [1]. For example,
a set of itiems, such as milk and bread that appear frequently together in a transaction data set is a
frequent ;itemsets. Frequent itemset mining is a useful step for discovering the interesting
associatio:ns between items which are hidden in large database. The uncovered associations

between items can be represented in the form of association rule or sets of frequent items. The
classic aI;)plication is market basket analysis which is the analysis how the items purchased by
customer;s are associated. The association rule mining is wildly applied in many research fields
such as (iiecision support, financial forecasts, bioinformatics, web mining, and scientific data
analysis. Moreover, it helps in data classification, clustering and others data mining task as well.
Associati1‘0n rule mining algorithms can be broken down into two major phases. The first phase
finds alliof the itemsets that satisfy the minimum support threshold, which are the frequent
itemsets.f The second phase is rule generation, in which all the high confidence rules from the
frequent itemsets found in the previous phase are extracted.

';I‘he computational requirements for frequent itemsets generation are more expensive
than rule! generation. In decades, many researchers have been trying to extend and improve both
data struicture and mining algorithm to mine frequent itemsets in large database. We followed
mining (;f frequent itemsets by using the revolution of scanning of database which divided into

|
three categories of database scanning such as the scanning of database multi time, two times, and

one time.
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2.1.1 Frequent Itemset Mining By Scanning a Database Multiple Times

The algorithms in this group use level-wise algorithms. They traverse the itemset lattice
one level ét a time, from the level of 1-frequent itemset to the maximum size of frequent itemsets.
These algérithms employ a generate-and-test strategy for finding frequent itemsets. At each level,
the algorit:hm must scan the database once, so the total number of database scannings needed is
determine:d by the maximum size of frequent itemsets.

The first algorithm to generate all frequent itemsets is the AIS algorithm, which was first
introduceé by Agrawal et al [4]. However, this algorithm constructs a list of all of the possible
itemsets ajt each level of traversal, so infrequent itemsets that are not needed are also generated.
Later, theialgorithm was improved upon and renamed the Apriori algorithm by Agrawal et al [5].
The Aprioﬁ algorithm uses a level-wise and breadth-first search approach for generating
associatio“n rules. Many efficient association mining techniques have been developed based on the
Apriori algorithm. Vu et al. [6] proposed a rule-based location prediction technique to predict the
user’s feajltured location, but this proposal generates more candidate itemsets than are required.
These aléorithms are also expensive in terms of I/0 load and run time when the database must be

|

scanned Iinultiple times to generate candidate itemsets.

2.1.2 Frequent Itemset Mining By Scanning a Database Twice

The algorithms in this group do not subscribe to the generate-and-test paradigm of
the Apriori algorithm. They use a compact tree structure and find frequent itemsets directly
from the data structure. The algorithms scan a database twice. The first scan of the database
isto diséard infrequent itemsets; the second scan is to construct a tree. Many algorithms have
been prolposed to improve the problems mentioned in the previous section.

The FP-growth algorithm, developed by Han et al. [7], is the most popular method. It
performs a depth-first search approach in a search space. It encodes a dataset using a
compact? data structure called an FP-tree or prefix tree and extracts frequent patterns directly
from the;: FP-tree. Many approaches have been proposed to extend and improve upon this
algorithr:n. Pei et al. [8] developed the H-mine algorithm using array- and tree-based data
structures to improve the main memory cost. The PatriciaMine algorithm [9] compressed

!
Patricia tries to store datasets, which is space efficient for both dense and sparse datasets. The



FP-growth algorithm [10] reduces the FP-tree traversal time using an array technique. Zhu
[11] propc:)sed a new method to compress a large database into an FP-tree with a children
table but not a header table, and applied a depth-first search with this tree for the mining step,

i
which reduces both the run time and the space consumption. Sahaphong and Boonjing [12]

|

proposed 'a new algorithm which constructs a pattern base using a new method that is

different ;from the pattern base in the FP-growth and mined frequent itemsets using a new

combinatiion method without the recursive construction of a conditional FP-tree. An

approachgbased on the FP-tree and co-occurrence frequent items (COFI) was proposed to

find frequent items in multilevel concept hierarchy by using a non-recursive mining process

[13]. A njew data structure called improved FP-tree was proposed, which can reduce space

consump';cion and enhance the efficiency of an attribute reduction algorithm [14]. To maintain

the anti-x;nonotone property of approximate weighted frequent patterns, a robust concept was

proposed% to relax the requirement for exact equality between the weighted supports of
|

patterns fand a minimum threshold [15]. However, most of the FP-tree-based algorithms
|

require ai large amount of run time and space to generate the huge conditional FP-trees.

Moreover, the algorithm restarts the whole operation and requires that a database be scanned

twice wﬁen the minimum support threshold is changed.
|

2.1.3 Frequent Itemset Mining By Scanning a Database Once

In sections 2.1.1 and 2.1.2, most of the algorithms that mine frequent itemsets use a
horizontal data layout. However, many researchers use a vertical data layout. The Eclat algorithm
was proﬂosed [16] to generate all frequent itemsets in a breadth-first search using the joining step
from the; Apriori property when no candidate items can be found. The Eclat algorithm is very
efficient for large itemsets but is less efficient for small ones. The diffset technique [17] was
introducéd to improve the memory requirement. Chai et al. [18] detailed a data structure called
large-ite"m bipartite graph to accommodate the data when a database is scanned. Similar to the FP-
growth 'fdlgorithm, this method mines frequent patterns using the recursive conditional FP-tree.
The Bit’;FableFI algorithm [19] uses horizontal and vertical data layouts to compress a database.
Yen [20] presented an algorithm based on an undirected itemset graph that finds frequent itemsets
by searcjhing undirected graphs. When the database and minimum support change, this algorithm
requires; that the graph structure be re-searched to generate new frequent itemsets. The Index-
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BitTableFI: [21] was developed to reduce the cost of candidate generation and to support
|

counting. Sahaphong and Boonjing [22] proposed a new algorithm that reduces the run time. The

drawback lof this algorithm is its large memory consumption from generation of many repeated

|
nodes. The JoinFI-Mine algorithm [23] uses a sorted-list structure constructed from the vertical

data layout and finds all frequent itemsets using a depth-first search for joining frequent itemsets.

Therefore, this algorithm consumes time and space in its joining step.

1
i

2.2 Prio?r Knowledge

|
|

2;.2.1 Basic Concept

fhis subsection introduces the basic concepts of mining frequent itemsets. All
terminolcj)gies in this section have been proposed by Han et al. [2].

I%et I=1{x;,%;,..,X,} beasetofitems and DB={T;,T,,..,T,} be a transaction database,
where ﬂi,T2,...,Tn are transactions that contain items in I. The support, or supp (occurrence
frequenc;il), of a pattern 4, where A4 is a set of items, is the number of transactions containing 4 in
DB. A ﬁattern A is frequent if 4’s support is no less than a predefined minimum support
thresholdj, minsup.

C;}iven a DB and a minimum support threshold minsup, the problem of finding the
completeg set of frequent itemsets is called the frequent itemsets mining problem.

for greater understanding, we provide an example to illustrate the above definitions.

i@xample 2.1. The example of the database by Han e al. [2] has been used by our group.
Here, Table 2.1 is a DB. It consists of 5 transactions (T}, T,, T, T,, and T;), labeled as
T ransact:ions in the table, and 17 items (a, b, ¢, d, e, /, g h, i, j, k |, m, n, o, p, and s), labeled as

|
Items in :the table. For example, the first transaction is T, which contains f, a, ¢, d, g, i, m, and p.

Table 2.1. A transaction database

Transactions Items
: T fia,cd g i,mp
i T, ab,cflmo
‘ Ty b,f,hj,0
j T4 bc ks, p
; Ts afce,lLp,mn
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2.2.2 FP-growth Algorithm

This section introduces the concepts for mining of frequent itemset by using FP-growth.
A FP—grO\évth algorithm is introduced by Han J. et al [16], [17]. The algorithm does not subscribe
to the gerfleration of candidate itemsets paradigm of Apriori. It encodes the data set using a
compact c:iata structure called FP-tree and extracts frequent pattern directly from this prefix tree.
This methfod consists of four main steps.

1‘ Scanning the DB once to find 1-frequent itemsets.

i
2. Construction the header table from 1-frequent itemsets by descending support sorted. .

Therefore;, it consists of frequent itemsets and infrequent itemsets. The frequent itemsets are
sorted by jdescending support and infrequent itemsets are discarded.
3 Scanning DB for the second times to construct FP-tree.

4:. Exploring frequent pattern from FP-tree by using FP-growth algorithm.

'lj“he research paper [17] gives the definitions and examples that present as below.

Definition 2.1 (Frequent pattern tree). A frequent pattern tree (FP-tree) is a tree structure
defined b:elow.

(:i) It consists of a root labeled as “null”, a set of items-prefix subtrees which are the
children of root and a frequent-header table.

(jii) Each node in the item-prefix subtree consists of three fields: item-name, support and
node-linljc, where item-name is the name of node represents, support is the number of transactions
representlied by the portion of the part reaching this node, and node-link links to the next node in
FP-tree c‘larrying the same item-name or null.

(iii) The frequent-header table consists of two fields: item-name and head of node-link
that poin‘gt to the first node in FP-tree.

%The construction of FP-tree algorithm presents as below:

Algori:‘thm 2.1: FP-tree Construction.
Input: DB, minsup.
Outpu'it: FP-tree.

ProceQure FP-treeConstruction
\'

'



1 Begin |
2 Scan t;ixe DB once to collect the frequent itemsets and their support then sort in support
3 cjlescending and create in header table
4 FP-trese = null
5 For ea:ch transaction ¢, in DB do
6 Select and sort the frequent items in #, by order in header table
7 Callf InsertTree(FP-tree, ¢, )
8 End /:/For
9 End //Begin
Proceduire Insert_tree(root, DB)
1 BeginI
|

2 For each item x; in DB do

3 If: root has a child N then NV.item-name = x;

4 I:ncrement N++

5 r%oot =N

6 Elsléa

7 C;reate the new node x;, is the child of root

8 ILmk header table to node
9 En;i 1t

10 End //For

11 Endg//Begin

i

l:Ex'ample 2.2. The DB is scanned for second times to create FP-tree. We first create the
root of th:e tree.

";Fhe first transaction is leaded to the construction of the first branch of FP-tree:
(<f:1>,<c::1>,<a:1>,<m:1>,<p:1 >). The items in the transaction will be inserted into the tree
ordering :‘by descending support value.

Tll"he second transaction (<f>,<c>,<a>,<b>,<m>) shares the same prefix (<f>,<c><a>)
with the ;existing part (<f>,<c>,<a> ,<m>,<p>). Thus, the support of each node along the prefix is
increasing by 1 and one new node <b:1> is created and link as a child of (a:2) and another new

|
node <m::1> is created and linked as a child of <b:1>.
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l
Tlfle third transaction (<f>,<b>), it shares only the node <f> and f’s support is increased

by 1. The femained item <b:1> will be created as the new node and link as a child of <f:3>.

Tfle fourth transaction is scanned and constructed to second branch of
|
|

tree,(<c:13%,<b:1>,<p:1>).

The last transaction is (<f>,<c>,<a>,<m>,<p>) is identical to the first one, the path is
I
shared with the count of each node along the path incremented by 1.

After all transactions are scanned, FP-tree is presented in figure 2.1.

I
f

Figure 2.1. The FP-tree

|

|

pefinition 2.2 (Conditional pattern-base). The conditional pattern-base is a sub database
which co:nsists of a set of prefix paths in FP-tree which co-occurrence with a suffix pattern.

Example 2.3. Let us examine the mining process for construction of pattern-base by
starting f]rom the bottom of the node-link of the header table, according to Algorithm 2.1.

i:or node p, there are two paths in FP-tree: (<fi4>,<c:3><a:3><m:2><p:2>), and
(<c:1>,€b:1>,<p:1>). All nodes in the first path appear twice together with <p>, so we get only
<p>’s p!reﬁx path (<f:2>,<c:2>>,<a:2>,<m:2>) or <fcam:2> . Similarly, all nodes in the second
path appear once together with <p>, <p>’s prefix path is (<c:1>,<b:1>) or <cb:1>. This two
prefix pILths of <p>, “{<fcam:2> , <cb:1>.}”, from <p>’s subpattern-base, which is called <p>’s

conditio:nal pattern base.

)
|
i
|
'
1
i
|
1
I
|
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Fdr node m, it has two paths, (<fi4>,<c:3>,<a:3>,<m:2>) and (<f:4>,<c:3>,<a:3>,<b:1>,
<m:1>). SiSmilar to the above, <m>’s conditional pattern-base is {<fca:2>,<fcab:1>}.

| .
The remaining nodes in the header table such as <b>, <a>, <c> and <f> in sequence

n
are constrl:lcted in the same way. We summarize all conditional pattern-base in table 2.2.

|
i
|
'
'
I

Table 2.2. All conditional pattern-base

f Items | Conditional pattern base
! p {<feam:2><cb:1>}

1 m {<feca:2>,<fcab:1>}

; b {<fea:1><f1>,<c:1>}

! a {<fc:3>}

| e

| foo

Definition 2.3 (Conditional FP-tree). The conditional FP-tree is the sub tree which is

i
constructed from a conditional pattern-base as mining pattern.
|

Example 2.4. From previous example, construction of an FP-tree on <p>’s conditional
pattern—b:ase is called <p>’s conditional FP-tree. The construction of <p>’s conditional FP-tree by

doing the: following steps. The <p>’s header table is constructed from conditional pattern-base by

— . :
examining the support of each item that is not less than minsup.

|

|

: Item A c alb|m

Suppeort | 2 3 21112

i
|
? Figure 2.2. The items and supports of the conditional pattern base of <p>

IFrom the above table, there are only one item that has support is not less than minsup,
|
<c:3>. The conditional FP-tree is constructed by examining the first path in conditional pattern-
base, <f;cam:2> which exclusion of infrequent items (or node which not appear in <p>’s header

{
table) f(%llow by insertion of frequent item <cb:1> to <p>’s conditional FP-tree, as seen in figure

23. |
|
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Figure 2.3. A conditional FP-tree for item <p>

S;irrlilar to the above, we derive <m>’s conditional FP-tree is (<f:3>,<c:3>,<a:3>), as
|
shown in figure 2.4.

I
i
|
|

Figure 2.4. A conditional FP-tree for item <m>

|
|
|
|

Alg(}é)rithrn 2.2: FP-growth.

Inpu:t: FP-tree and minsup.

Outﬁ)ut: The set of all frequent patterns.

Metihod: call FP-growth(FP-tree, null).

Procjedure FP-growth(Tree, o )

1 Bc:agin

2 11[i tree contains a single prefix path // Mining single path
3 | let P be the single prefix-path part of tree;

1
4 I let O be the multiple path with the top branching node replaced by a nu/l root;

5 ! for each combination (denote as £ ) of node in P do

|
6 ! generate itemset /U & with support=minsup of node in 3 ;
7 let freq pattern_set(P) be the set of patterns so generated;

i
!
8 clse let Q be Tree;

9 I‘for each¢; in O // Mining multiplepath

10 generate pattern f = &; \U & with support=¢; .suppot;

11! construct 3 ’s conditional pattern-base and J ’s conditional FP-tree 3 ;
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|

12 ifTree, # {} then call FP-growth(Tree, B)
13 I let freq_pattern_set(Q) be the set of patterns so generated;
14 ‘v return(freq_pattern_set(P) U freq pattern_set(Q) U

15 ;(fre(Lpattern_set(P) x freq pattern_set(Q))
16 End //For
|
17 Eﬂd //Begin
\
{
|
| .
Example 2.5. This example presents the mining of frequent patterns. The mining process

illustrate in figure 2.5 is based on construction FP-tree shown in figure 2.1. First, starting mine at
|

node p. ;

F‘or ndde p, the conditional pattern is {<fcam:2>,<cb:1>}. Constructing conditional FP-
tree on brflanch <¢:3>, Then we mine by calling “mine (<c:3>|p)”. The items that involve mining is
<c>. Hen‘ice, only one frequent item <cp:3> is derived.

Fjor node m, the conditional FP-tree is then mined recursively by calling “mine
(<ﬁ3>,<c:!:3>,<a:3>)|m” involves minining three items <@>,<¢>,<f> in sequence. The first derives
a frequent item <am:3>, a conditional pattern-base {<fc:3>}, and then a call “mine
(<f:3>,<c;:3>)|am”; the second derives a frequent itemset <cm:3>, a conditional pattern-base
<f:3>, an:d then call “mine (f:3)|cm”; and the third derives only a frequent itemset <fm:3>. Further
recursiveiE call of “mine(<fi3>,<¢c:3>)|am” derives two itemsets <cam:3> and <fam:3>, and
conditionf;al pattern-base {<f:3>}, call “mine (<f:3>)|cam” derives one pattern <fcm:3>. Therefore,
the set (i)f frequent itemsets involving <m> is {<m:3>, <am:3>, <cm:3>, <fm:3>, <cam:3>,
<fam:3>,§ <feam:3>,<fem:3>}.

’gl“he remaining nodes in the header table such as <b>, <a>, <¢> and <f> in sequence
are cons%ructed in the same way. The conditional FP-trees and the sets of frequent pattern are

summarized in table 2.3. All frequent itemsets which separate by sequential of the 4-level are

summari-‘lzed in table 2.4.
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Table 2.3. All frequent patterns by item

14

Items 1 Conditional FP-tree Frequent itemsets
p “:{<c:3>}|p {<p:3><cp:3>}
m §{<ﬁ3>,<c:3>,<a:3>}[m {<m:3>, <am:3>, <cm:3>, <fm:3>, <cam:3>, <fam:3>,
i <feam:3>,<fcm:3>}.
b |0 0
a §{<f:3>,<c:3>}|a {<a:3>, <fa:3>, <ca:3>, <fca:3>}
c §{<f:3>}|c {<c:4>, <fc:3>}
VRS {<f4>}

Table 2.4. All frequent itemsets by length

I

|

|

1 .
fk-frequent itemset

Frequent itemset

|

I

| 1 <a>, <c>, <f>, <m>, <p>

|

| 2 <ac>, <af>,<am>, <cf>, <cm>, <cp>, <fim>
i

! 3 <acf>, <acm>, <amf>,<cfm>
[l

|

; 4 <acfm>

|

1



CHAPTER 3
AN EXTENDABLE ITEMSET APPROACH TO FREQUENT
| ITEMSETS MINING
|

T:his chapter is organized as follows. Section 3.1 presented how to design and construct
an inverte‘ld index structure. Section 3.2 presented how to mine frequent itemset using IIS-Mine
algorithm! In section 3.3, a theorem and proof are given to demonstrate that the proposed IIS-
Mine algprithm can mine frequent itemsets completely and correctly. Last, time and space

complexity are shown in section 3.4.

3.1 Inve}:rted Index Structure: Design and Construction

|
|
i

In this section, a data structure that contains transaction data, called an Inverted Index
1

Structure; (IIS) is presented. The IIS is a structure that holds a relationship between items and the

transactions included within. The IIS is constructed from one scan of the DB. This original IIS

can supp(;)rt every minsup threshold; therefore, it does not need to rescan the DB when the minsup

I
threshold is changed. According to the definitions in the previous section, we present a new
|

deﬁnitiorii with an example and an algorithm to demonstrate how to construct this IIS.
|
|
|
|

beﬁnition 1 (Inverted Index Structure). Let DB be a transaction database and I be a

l
non—empity finite set of all items in each transaction in the DB, where each transaction is a set of

items in [ associated with an identifier, and let S be a set of all non-empty subsets of DB. An IIS

P

is the fuinction f:1—S defined by f(a)=S, if T contains a for eachT S, . This function can
|

be identifiﬁed as a table consisting of the attributes of the items in I and the corresponding
transactions in the DB. That is, each row in the IIS contains an item in / as well as the transactions

i
in the DB that contain that item. The set of transactions are written in the order of their ascending

|

|
identification numbers.
With the above definition, the IIS represents the relationship between each item in I and
its corresponding transactions; therefore, the IIS can apply to all minimum support thresholds,

and a rescan of the database is not required. We demonstrate the steps to construct the IIS through

the following example.
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I
Eiample 3.1. We use the example of a DB in Table 2.1. The DB is scanned once to

create the IIS. The scan of the first transaction is T \» which consists of the items £, a, ¢, d, g, i, m,

and p. The transaction T, will be inserted for each corresponding item sorted in ascending order

!

(a, ¢, d f } g i, m, p). T, will be the first transaction inserted in the transactions of item a. The

second examined item is c, so we insert 7, at item c. Next, we examine item d; we then

subsequenftly insert T, at item d. The remaining items (f, g, 7, m, and p) in T, can be inserted the

|
|

same way. The remaining transactions (T, T,, T}, and T}) in the DB are performed in a similar

|
i
Alilgorithm 3.1 shows how to construct the IIS. Figure 3.1 shows all of the items of the IIS

after scanning the DB once, and the bold items are all the frequent items that have a support

1

greater th%;ln or equal to the minsup, which is assumed to be 3.
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Figure 3.1. An example of the IIS
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‘: Algorithm 3.1 (Inverted-Index-Structure Construction)
. Input: DB.

: Output: IIS.

| Method: The IIS is constructed as follows.
! 1 Begin

1 2 Create header that contains all items.

3 For each transaction T in DB do // scanning DB once

4 Sort items in T // ascending order
; 5 Create transaction to each corresponding item
: 6 End //For

7 End //Begin

3.2 1IS-Mine Algorithm

|
In this section, a new algorithm called IIS-Mine is presented. This algorithm uses a new

tree struc:ture, called the IIS, __Tree, to mine frequent itemsets. The main features of this algorithm

item

|

are as follows: (1) every frequent itemset is found without generating candidate itemsets; (2) the
{

algorithnﬁ reduces the recursion of mining steps using the property of extendable-itemset; and (3)

the algorithm supports the mining of frequent itemsets with any value of the minsup threshold
without ﬁeeding to rescan the database. From the above features, we can quickly find the frequent

!
itemsets "and completely and correctly obtain them. We now introduce the terminologies of the

IS

item

Trqﬂe, its construct, the theorem, the examples and the algorithms to describe how to mine

frequentitemsets.
Definition 2 (Itemset-tree Structure). An itemset-tree structure is a tree structure

construc:ted from the IIS. It is a finite set of one or more nodes with the following structure:
|

i(i) It consists of the root, which contains an item, a set of item subtrees as the children of

the root,!, and a set of header tables.
i
(ii) Each node in this tree comprises five fields: item-name, which registers which item

this node represents; support, which registers the number of transactions represented by the
portion of the path reaching this node; same-item, which represents a pointer that points to the
|

node in| the itemset-tree structure that carries the same item-name; parent, which represents a

137185
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pointer that points to the previous node in the same path; and child, which represents a pointer
that pointsfto the child node.
(iii) Each member of the header table consists of two fields, item-name and head of node
|
link, wheré head of node link represents a pointer that points to the first node in the itemset-tree
structure carrying the item-name.

I
D:efinition 3 (IS, Tree). Let x, be an arbitrary frequent item in a given transaction
\

database %cmd the IIS be the inverted index structure of the transaction database. A tree T

item

i
constructed from the IIS is called an inverted index structure- x, tree, denoted by IS, tree, if it
1

satisfies tlfle following:

(i) Each node of T is of the form (A4:s), where 4 is a frequent itemset and s is its
support. If (A:s) is anode of T and 4={a}, where a is a frequent item, then (A4:s) is simply
written b}!l (a:s).

(:ii) Let (x, :5o) be its root, where s, is the support of x.

(jiii) Let xg,%;,...,%; be frequent items in the IIS, and s; = supp {xg, %5, x;} for all
i= 0,1,...,%. In this case, P=((xg :85¢)s (%1 : 8 )5 (xx 15)) is a path from the root (x, 18y) toa
leaf (x, ys;) of the tree T if and only if sy =51... 25, >0, Xg </ X < oo <y X where <, is the
lexicogra;phic order; if a is a frequent item in the IIS and if (a:s) is a node of T such that x; <a
or x; < !a <; x4y for all i =0,l,..,k, then supp {xq,xy,...,x;,a} =0 and (a:s) is not a node of P.

The header table of IIS, tree is the set of all frequent items a of a node (a:s) of this
l

tree.
Based on the above definition, we have the 1IS, _Tree construction algorithm, shown in
Algorith{'n 3.2. It is evident that if minsup>0 is a minimum support threshold, then every frequent

Tree.

item

itemset c‘an be derived from an IIS

Algorithm 3.2 (IIS, __ Tree Construction)

item
Input: IIS.

Output: IIS, _ Tree.

item

Method: An IIS.  Tree is constructed as follows.

item
‘ 1Begin

2 Create header table
1 3 Read frequent item x in IIS

4 Create root R and initial supp(R) to 1
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15 Link R to header table

:6 For each transaction T of root R where T =T, to T, do

57 While next frequent itemi(last frequent item)+1 do

\8 Read next frequent item (V) that has same T with R

9 Call InsertTree (NV,R)

!10 End//While
! 11 End//For

?12End //Begin
?Procedure InsertTree (V,R)
! 1Begin

12 If IIS;Tree has a node C such that C.item-name = N.item- name then

3 Increment supp(N) by 1

5 Create new node N and initial supp(N) to 1
6 Link N to N’s parent

| 7 Link Nto N’s header table

! 8 Link N to same-item

| 9 End //If

10End //Begin

|

|

:If no confusion arises, then {x,,%,,....,x,} and ({x,,%,,.,%,}:s) are replaced
by xlxz..éx,,, and < x,x,..x, .8 >, respectively, where x,,X,,...,X, are items.

;Example 3.2. In this example, we describe the steps to construct all of the IIS;  Trees
except tféle last frequent item p using the TIS in Figure 3.1 and minsup = 3. The first frequent item
in the II;S is a; therefore, we first construct the IIS Tree, and item a is a root. We obtain two paths:
(<a:2>, §<c:2>, <f2>, <m:2>, <p:2>) and (<a:1>, <b:1>, <c:1>, <fi1>, <m:1>). The first path
consists;of frequent items (a,cf;m,p) that appear twice in the DB. Similarly, the second path

indicates the frequent items (a,b,cf,m) that are contained in only one transaction in the DB. These

|
two patps share the frequent item a; thus, a appears three times in the DB. Similarly, other

IIS,

item

Trées, except the IISPT ree, can be constructed in the same way. In Figure 3.2, all of the
|

Tr’ees, except the last IISPT ree, are illustrated.

item ‘

IS

|
|
|
i
i
i
'
1
|
|
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(b) © (d) (e)

Figure 3.2.IIS,, Tree

item

Definition 4 (A,-Tree). Let DB be a transaction database; let T be a tree such that each
node of ﬂlle tree is of the form(4: s), where 4 is a frequent itemset in DB and s is the support of
A; and le‘% A, be a frequent itemset in the DB. T'is called an A4,-tree if, for any path P of T, P is of

the formi P=((A4 :5),(Ay :55)ss (A 15;)), Where k is a positive integer; A4; and A; are

| i
pairwise 1‘disjoint frequent itemsets for all 7,/ =1,2,...,k with i # j ;5,18 the support of U 4, for
i m=1

i=1,2,...?,k; (4,:5,) is the root of T; and (4 :s;) isaleafof T.

Isixample 3.3. According to Figure 3.2 (a), the ac-tree is shown in Figure 3.3.

ll)efinition 5 (Prefix subpath). Let T be a tree, a; be the root of T, and
P=(q ,;...,am) be a path of T, where m is a positive integer. Every path 0=(ay,...,a;) of T'is
then called a prefix subpath of P, where | <k <m.

;Example 3.4. According to Figure 3.2 (a), the paths ((@:3),(¢:2)) and ((@:3),(c:2),(f:2))
are preﬁ;( subpaths of ((a:3),(e:2),(£:2),(m:2)).

éDefmition 6 (Subheader). Let T be an A-free and (x:s(x)) be a node of T, where x is a
frequentg item in a given transaction database and s(x) is the support of x. Suppose that all of the
nodes (off T) containing x are only in the paths P,,...,P, of T from the root (A4:s) to some leafs of T,
and sup;i)ose that Q; is a prefix subpath (of P)) from the root (4:s)to (x:5(Q)) forall i=1,..k.

l
The subheader of T, denoted by SH(4), is defined as the order set SH(4) = {x|x is a frequent item

k
not cont1ained in4, (x:5(Q;)) isanodein Q, fori=1,....kand Zs(Q,) Zminsup}.
i=1

iExample 3.5. According to Figure 3.2 (a), SH(a) = {cf;im}, where SH(a ) is the
Subheac;yier of the tree in Figure 3.2 (a), supp(c) = 3, supp(f) = 3, and supp(m) = 3.

|
|
|

i
i
|
{
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DFﬁnition 7 (Conditional itemset-tree). Let 4, be a frequent itemset, T be an 4 -tree, x,
be a frec:liuent item with x, ESH(4,)-4;, and Ax, =4, U{x,}be a frequent itemset. A
conditionq:l A x,-tree, denoted by T(4x,), is a tree that satisfies the following:

(ii) (4;x, :5,) is the root of T(4x,), where s, is the support of A x,and where s, =
minsup. :

(iji) The number of items in SH(4,)>1.

(ifii) All of the paths are derived from T in the following way:
Q= ((AIxL 185 ), (X3 183 )y (kg 18 )) is @ path of  T(4x;) if and only if a path
P=((4 :isl), (% :89)yn (%7 15,)) exists from the root (4; :s;) to the leaf (x;:s;) of T, where
l 2k, x;:k is in SH(A4);and if there is a node (x,:s,) of P such that r>k and
(4, : s )?I (x5 18, )ses(x, 1 5,)) is a prefix subpath of P, then x, must not be in SH(4).

I\:Iotably, every nonempty subset of a frequent itemset is also frequent. This fact leads to
the follov:;/ing definition.

I}lxample 3.6. According to Figure 3.2 (a), the conditional itemset-tree, or conditional ac-
tree, is sl};own in Figure 3.4.

Ill)efmition 8 (Frequent itemset of length m derived from tree). Let 4 be a frequent
itemset, ch be a frequent item, and x ¢ 4. Suppose that T is a conditional Ax-tree, m is a positive
integer g:reater than 1, and Ax =4 U{x} has m elements. 4x is called a frequent itemset of length
m derive;d from T, denoted by FS tn (4x), if T contains precisely two nodes and 4x is a frequent
itemset cT:r if SH(A) = {x}.

Example 3.7. According to Figure 3.4, the frequent itemset of length 4 derived from the
|

i
conditional acf-tree is FS 2 (acfin) = acfm.
i

|
|

!

Fiéure 3.3.ac-tree  Figure 3.4. Conditional ac-tree  Figure 3.5. Conditional acf-tree

[Defmition 9 (Extendable frequent itemset*). Let m be a positive integer greater than 1,

Thbea ?‘ (Ax) defined as in definition 7 with 4, = 4 and x; = x, and 4x be a frequent itemset™* of
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|
length m d:erived from T. Each itemset in FS, (4x) is said to be extendable if m =3 . For every k

I * . . . .
=2, 3,..., m, we let Ext; (4x) denote the set of all itemsets containing exactly k items of

FS, (Ax),? where m =3. Each element of Ext, (4x) is called an extendable frequent itemset
(derived frj‘om T) of length k for all k =2 . The set of all extendable frequent itemsets* of length k&
that is derfwted by Ext";c = U{Ext}i (4y)| Ay is a frequent itemset* of length at least k derived from
a conditioinal Ay-tree} forall k> 2.

Eixample 3.8. According to previous example, the length of F§ 1 (acfin) is 4; we then find
that Ext, i(acfm) = {ac, af, am, cf, cm, fm} and Ext;(acfm)= {acf, acm, afm, cfin}. Therefore,
Exth = {?ac, af, am, cf, cm, fm, and all members of other Exty(Ay) } and Ext; = {acf, acm, afm,
¢fim, and 2}111 members of other Exr3(4y) }.

lg)eﬁnition 10 (Frequent itemset of length m). Let &k be the maximum length of all
frequent ;itemsets in a transaction database, FS;, (Ax) and Ext}kc be given as in definitions 8 and
9, respec'liively; let 4, = {FS",‘n (Ax)] Ax is a frequent itemset of length m derived from T} for m

=2, 3,...L k; define FS% = A4, U{4x| Ax is a frequent itemset of length 2}; and define FS";,, =Am

for m = 2, 3,.., k}. Let FIy, be defined by FIj ={{x}|x is a frequent item}
and FI, .‘= FS, UExt, form=2,3,..., k}. Any element of FI Tn is called the frequent itemset of
length m

:Example 3.9. According to the previous example, we find that FI, = {ac, af, am, cf, cm,
fm}, FI;I = {acf, acm, afm, cfm}, and FI, = {acfin}.
Pefmition 11 (Frequent itemset*). Let FI ",‘,, be given as in definition 10, and let
FI' den(:)te \f _, FI,,,where k is the maximum length of all frequent itemsets in a transaction
database:. Any element of F/ " iscalled a frequent itemset .
;Example 3.10. According to the previous example, FI s {ac, af, am, cf, cm, fm, acf,
acm, afr‘;z, cfm, acfm}.

EOn the basis of the above definitions and examples, Algorithm 3.3 presents the IIS-Mine

algorithm to show how it can be used to mine all frequent itemsets.
i
F
Algotithm 3.3: (IIS-Mine: Mining frequent itemsets using IIS, . Tree)

|
Input: IIS, IIS, __ Trees constructed according to Algorithm 3.2, and minsup

item

Output: FI*

!
Proc]’edure AllFreqltemset (IIS, FI*)

1 Begin
|

F

1
i

'
'
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;
|
For;each frequent item x in the IIS do
F.}l' ={{x|x €1, supp(x) = minsup}
Cajll IIS . Tree , which is constructed from Algorithm 3.2
If ;Tree #{}
!Call IIS-Mine (Tree, x)
Exlyld "t
End //For

|
Find FI" = U FI’

m

// FI* is given in definition 11

10 End //Begin

Procedure JIS-Mine(Tree, X)

1 Begin

2
3

!
Call SubHeader (4-tree, subheaderd)

Generate all Ax with its support
//AI‘LII Ax are the frequent itemsets where 4 is the root of A-tree and x Esubheaderd
For;: each |A[>1 do //\ is Ax
FI!ag=1
V\i/hile Flag=1do
|(liall SkipFreqltemset (subheaderd, A , § ,FlagRepeat, FlagTree)
I;f FlagRepeat=0 and FlagTree=0 then  // (& ¢ FI ")
;Call CondltemsetTree (4-tree, § , conditional & -tree)
Else
| Flag=0
End // If

If conditional Ax-tree contains greater than two nodes

Call 1IS-Mine(conditional § -tree, x)
’Else Flag=0
EEnd If
End //While
:}f | FS.(8)|=3 and FS,,(3) & FI, then
‘ Call ExtFreqltemset( FS,, (8), Ext;) /I FS, is given in definition 8
l Save FS, (5) and all Ext, to FI,, /I FI, is given in definition 10

Else

|
|
|
|
|
i
I
|
I
|
|

23
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22 IfFS,(8) € FI, then
23 | Save FS.(8)to FI,

24 End //If

25 End /1f

26 End //For

27 End|//Begin

Procedure SubHeader (A-tree, subheaderA)
1 Begin
2 Each frequent item x of A-tree // SH(A) is given in definition 6
3 Find {Ce:s(x))|x € SH(4), s(x) is the support of x in A-tree}

4 End 1’// Begin

Procedure CondltemsetTree(Tree, O , conditional & -tree)

1 Begiln

2 Scal"n tree once to collect the paths that have an association with rootd
3 ForE all paths are derived from tree do

4  Connect all paths to &

5 Enfi /[For

6 End‘;//Begin

Procecjlure SkipFreqltemset (SubheaderA, A, 6, FlagRepeat, FlagTree)

1 Begin // To skip the construction of conditional item tree

!
2 // x is the frequent item in subheaderA //A is the root of tree; or a frequent itemset

3/ Fl’agRepeat=0 meansd & FI ;, // FlagTree=0 means the conditional item-tree is
4 // constructed , // n is the maximum number of elements of itemsets in subheaderA
5 Fla‘gRepeat =], FlagTree=1

6ﬂ%&a=ﬂ

7 W:hile( FlagRepeat=1 and (order of x <)) do

8 If B & FI then

9 FlagRepeat=0, FlagTree=0

10 If x is the last item

11 If | § |=2 then FlagTree=1

12 End //1f

13 o=«
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14 |
|
i

15 Else

|
16 \If x is the last item then
i

17 ' Increment order of item x
18 Else
19 Increment order of item x

20 p=0Ux

21 a=0
22 End// If
23 (6=p
24 End //1f

25 End //while
26 En(:i //Begin
Procedl:lre ExtFreqltemset( FS, (8), Ext,)
1 Begini I Ext, is given in definition 9
2 Genlerate all subsets of FS,, (5) and save to Ext,
3 End /:/ Begin
|

i
4

]Example 3.11. This example is given to demonstrate how the proposed IIS-Mine

algorithri%l can be used to mine all frequent itemsets. Assume minsup = 3 for all of the definitions
above, E:xample 2.1, Example 3.1, Example 3.2, Figure 3.2, and Algorithm 3.3. For simplicity,
this exa‘lnple is divided into five main stei)s ordered by five frequent items in the IIS; the
proposec;l mining algorithm proceeds as follows.

!Let step 1 be the first main step. According to Procedure AllFreqltemset, the frequent
item a isi the first frequent item in the IS that is mined. The IIS,Tree is constructed, as illustrated
in Figurie 3.2 (a). The algorithm calls Procedure IIS-Mine, so Procedure Subheader is called in
order. Ti:he SH(a) is (c,f;m), where supp(c) = 3, supp(f) = 3, and supp(m) = 3. After line 3 in the
proceduﬁre, [1S-Mine generates all of the frequent itemsets with its support, which are ac, af, and
am; all of these frequent itemsets have support equal to three. Let steps 1.1, 1.2 and 1.3 represent
each of Fhe frequent itemsets.

:" The step 1.1, the first frequent itemset is ac, which has support equal to three. The

algorithm checks |ac|>1 and then calls Procedure SkipFreqltem. At this procedure, ac is not

i
1
t
|
i
'
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in FI,, soéthe algorithm rolls back to line 9 of Procedure IIS-Mine. The frequent itemset ac with
its supporit is defined to be the root; then, the conditional ac-tree, which has root “<ac:3>”, is
constructe;d using the input IS Tree. The conditional ac-tree is illustrated in Figure 3.4. The
algorithm?is iterated by calling Procedure IIS-Mine again because the conditional ac-tree contains
more thang two nodes; let this call be step 1.1.1.

1151 step 1.1.1, the Procedure IIS-Mine is called; SH(ac) = (f,m), where supp(f) and
supp(m) alre then equal to 3. At line 3, the algorithm generates frequent itemsets, which are acf
and acm,fwhere supplacf) and supp(acm) are then equal to 3. The first frequent itemset in this
step is acf and | acf > 1, so the procedure SkipFreqltem in line 7 is processed, and it finds that acf
is not in FI 3. Next, the algorithm rolls back to line 9 to construct a conditional acf-tree that has a
conditional ac-tree as an input tree, which is illustrated in Figure 3.5. The condition of line 13 is
that the c;onditional acf-tree contains only two nodes, so the algorithm obtains FS Z (acfin) = acfin .
At line 1;8, the size of FSj(acfm)is greater than three and FSj(acfin) ¢ FIy; thus, at line 19,
Procedurfe ExtFreqltemset is called to find all of the subsets of FS 4 (acfin) , which are Ext, (acfin)
and Ext;;(acfm). Ext, (acfm) = {ac, af, am, cf, cm, fm}, and Ext, (acfm) = {acf, acm, afm, cfin}.
Therefor{e, FI, = {ac, af, am, cf, cm, fin}, FI; = {acf, acm, afm, cfm}, and FI, = {acfin}.

in step 1.1.2, the next frequent itemset generated together with step 1.1.1 is acm. At line
7 of PrO(S:edure 1IS-Mine, the algorithm calls Procedure SkipFreqltem and obtains acm, which is
already a member of FI; ; m is the last frequent item in SH(ac), so we exit from this step without
the cons’éruction of a conditional acm-tree.

:In step 1.2, at line 4 of Procedure IIS-Mine, the next frequent itemset is af, and at line 7,
Procedufre SkipFreqltem is called and obtains af, which is contained in FI > . In the loop in line 20
of Procehure SkipFreqltem, after af is combined with the next frequent item in SH(a), which is m,
afm is obtained, which is contained in FI; , and item m is the last item in SH(a). The algorithm
rolls ba(%k to line 8 of Procedure IIS-Mine, so the conditional af-tree is not constructed.

f‘In step 1.3, at line 4 of Procedure IIS-Mine, the next frequent itemset is am. At line 7,
Procedure SkipFreqltem is called and obtains am, which is contained in FI,, and there is no
frequenf[ item in SH(a). Therefore, the conditional am-tree is not constructed.

i Let step 2 be the second main step. According to line 2 of Procedure AllFreqltemset, b is
the second frequent item in the IIS that is mined. After line 4, the IIS,Tree is constructed, as

illustrat!ed in Figure 3.2 (b). The algorithm calls Procedure 1IS-Mine at line 6. At line 2 of

Procedl:lre 1IS-Mine, Procedure Subheader is called and obtains an empty SH(d), so the size of the
|

t
{
1
i
1
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frequent itemset generated with b is one. The processing of this step is terminated, and we return
to line 2 oif Procedure AllFreqgltemset.

Liet the third main step be step 3. According to line 2 of Procedure AllFreqltemset, ¢ is
the third f?requent item in IIS that is mined. Line 4 is called to construct the IIS,Tree, as illustrated
in Figure 32 (c). At line 6, the algorithm calls Procedure IIS-Mine to mine frequent itemsets. At
line 2 of jProcedure 1IS-Mine, Procedure Subheader is called to obtain the SH(c) that is (f;m,p).
Next, at li:ne 3, the algorithm generates frequent itemsets, which are cf, cm, and cp, where supp(cf)
=3, supp(jcm), and supp(cp) = 3. Let steps 3.1, 3.2 and 3.3 represent each of the frequent itemsets.

Ifﬁ step 3.1, at line 4 of Procedure IIS-Mine, the first frequent itemset is ¢f, where |cf] > 1;
line 7 the;ln calls Procedure SkipFreqltemset. At Procedure SkipFreqltemset, ¢f unions with the
next freqlflent item in SH(c), which is m, so ¢fim with a support of 3 is obtained after processing
lines 19 tjo 23. Next, line 8 is checked, and as ¢fm is already obtained in FI ; , lines 19 to 23 are
checked zizlgain, and cfmp is obtained. The frequent itemset ¢finp is not a member in FI 4,and p is
the last ﬁi'equent item in SH(c), so cfim is set to be a root for a conditional cfm-tree. The algorithm
goes back to line 8 of Procedure IIS-Mine to construct a conditional cfin-tree, where the /IS Tree
is an ianilt tree, which is illustrated in Figure 3.6. supp(p) is less than minsup, so FS; (cfim) = cfin .
Procedur]‘e ExtFregltemset in line 18 is not called because FS; (cfm) is contained in FI; . In this
step, the ?algorithm skips the construction of the conditional ¢f-tree.

jFor step 3.2, according to line 4 of the Procedure IIS-Mine, the next frequent itemset is
cm, and the Procedure SkipFregltemset in line 7 is called. Line 8 of Procedure SkipFreqltemset
checks tl?lat cm is a member in FI ; . Next, lines 19 to 23 are checked, so cm unions with the next
item in SfH(c), which is p, and we obtain cmp with a support of 3. The frequent itemset cmp is not
in FI ; , 5and p is the last frequent item in SH(c), so ¢m is set to be a root for a conditional cm-tree.
The alg(i;rithm goes backs to line 8 of the Procedure 1IS-Mine to construct a conditional crm-tree,

where the IIS, Tree is an input tree, which is illustrated in Figure 3.7. supp(p) is less than minsup,

so FS, (cm) =cm and FS,(cm) are already members in FI 3.

Figure 3.6. Conditional cfin-tree Figure 3.7. Conditional cm-tree
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In step 3.3, according to line 4 of the Procedure IIS-Mine, the next frequent itemset is cp.
Next, at liile 5, Procedure SkipFreqltemset is called, and cp is not a member in FI 5. There is no
frequent itiem in SH(c), so this procedure is terminated, and we return to line 8 of the Procedure
IIS-Mine. :After lines 22 to 23 are checked, the new answer is contained in FJ ; , which is ¢p. This
step skips?the construction of a conditional cp-tree.

Tjhe remaining steps, such as the fourth main step, which constructs the IISTree and is
illustratedj in Figure 3.2 (d), and the fifth main step, which constructs the IS, Tree and is
illustrated: in Figure 3.2 (e), are performed in the same way in sequence.

V;Ve show the complete frequent itemsets by item in Table 3.1 and by length in Table 3.2.

!

Table 3.1. Complete frequent itemsets by item

| Items Frequent Itemsets
i a a, acfm, ac, af, am, cf, cm, fm, acf, acm, amf, cfm
b |b
: c ¢, cp
il oG
m m
P P

Table 3.2. Complete frequent itemsets by length

; m-length Frequent Itemsets
1 a,b,c,fym,p
2 ac, af, am, cf, cm, cp, fin
3 acf, acm, afm, cfin

; 4 acfm

EWe show the advantages of our algorithm. First, according to step 1.1.1 of Example 3.11,
we obta:ined frequent itemsets acfim, which are derived from a conditional acf-tree. This step
shows tihe properties of an extendable frequent itemset‘, which are given in Definition 9 and
Procedujre ExtFregltemset in Algorithm 3.3. This step then finds all of the subsets of acfm, so we

o . . .
derive ten frequent itemsets, which are ac, af, am, cf, cm, fin, acf, acm, amf, and cfm, without

!
|
i
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contrlbutlr;g more trees or using recursion to mine. Therefore, our algorithm can reduce many
subsequen; steps in mining frequent itemsets. Notice that if IFS,,, (4x)| is large, then the
property o;f an extendable frequent itemset is frequently used. Second, our method is also good
for reducing runtime and space consumption, and its performance will be shown in the
experiment section. Last, according to step 3.1 of Example 3.11, we obtain the conditional ¢fm-
tree, which reduces one node in the tree because of the step that sets frequent itemsets to be the
root nodeiin the Procedure SkipFreqltemset in Algorithm 3.3. The algorithm reduces the number
of nodes, ?levels and size of the tree, thus reducing space consumption. In general, users change
many minimum support thresholds to make their decision. Our method supports the ability to

make thesje changes without rescanning the database using an I1S and the restart algorithm shown

in Algorithm 3.3.

3.3 Correctness

The following theorem and proof are given to demonstrate that the proposed IIS-Mine
algorithnj can mine frequent itemsets completely and correctly.

'fI‘heorem. The set of all frequent itemsets derived from IIS-Mine is the complete set of
all of the frequent itemsets.

Proof. Let I be the nonempty finite set of all items in a given transaction database, FI
denote tllle set of all frequent itemsets in a transaction database, and o =minsup>0. We must
prove thzilt FI=FI.

;First, we prove that FI CFI'. We let F={a,.,a,} EF with @ <, ..<; a;, and
§; = supjv {a,,....a;} forall i=L,...,k.Then,s; ... 25, 2a, and an item b exists such that > a;,
and Ijs:btree contains a,...,a, . We can assume that b is the item in I having these properties
because 7 is the nonempty finite set of all items. Because s; 2... 25, 2a for alli =1,...,k , there
exists aipath ((By :5,)»-by :57)) of IISytree containing (ay :8;)...,(a :s,); that is, for all
i= 1,...,;k , there exists j=1,...,/ such that (a;:s;)=(b;:s;). Itis obvious from the IIS-Mine
algorithl’n that FICFI.

We also show that FI' & FI1. We let F={a;,..,a;} EFI" with a; <, ...<; a; . Then, for
some posmve integer m, F' € FI It is evident from definition 10 that if m =1, F EFI,
1mp11ele €FI . Now, suppose m >2; then, F EFI, or F EExt,,. In the first case, F EFS,,

and from Definition 8, SH{a,,...,a, ,}= (a,) or the conditional {a,,...,a,_, }a, tree contains exactly
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two nodes, ({@,ay_1}:5;) and (a, :s,), where s; = supp{ay,...,a;} for i=k—1,k. Then,

from Deﬁ:nition 7 and 8, we obtain {a;,.., a1 }d ={a1,...,ak}=FeFf. In the other case,
suppose ';hat F EExttn for m>2. Then, from Definition 9, an Ax exists such that
F EExt’fn%(Ax) , and Ax is a frequent itemset of length at least m derived from the conditional Ax-
tree. Agai:n, from Definition 9, a positive integer k greater than 2 exists such that F has itemsets

containing precisely m items of FS’;';(Ax) , and from Definition 6 and 8, FS}‘Z (Ax)is a frequent

{
itemset; t}ilerefore, F €FI. The proof is complete.

34 Timje and Space Complexity

I;et £ be 1-frequent itemsets which specific a minsup and m be 1-frequent itemsets with
maximurr§1 length of transactions. In the worst case of time and space complexity, we found that
both algoirithm, FP-growth and I1S-Mine, are equal. Two algorithms mine all frequent itemsets by
scanning:tree, so all fin tree are scanned. Therefore, the time complexity is O(f xlog f). The
space complexity is O(f x m) because all fand m are scanned. However, IIS-Mine performs to
mine all 31frequent itemsets with extendable itemset property. Theoretically, both algorithms will
generate !equal Big O, however, when dealing with dense datasets, 1IS-Mine algorithm can use the
propertyE of extendable itemset more frequently which will reduce run time and space

consumpjtion. This will result in better performance of IIS-Mine as compare with FP-growth.



CHAPTER 4
RESULTS AND DISCUSSIONS

!

|
T;his chapter presents the experiments in which the run time, memory consumption and
scalability are tested for the IIS-Mine algorithm and FP-growth algorithm with different datasets
and varyi:ng minimum support thresholds. The experiments were performed on a Microsoft
Windows!XP Professional Version 2002 Service Pack 3 operating system on a personal computer
with 1 Gl? of main memory and Pentium (R) CPU 3.00 GHz. All algorithms were coded using C

language.g The two groups of benchmark datasets are used: two synthetic datasets and two real

datasets. '
1

i
4.1 Dat;lsets

1530r the first group of datasets, we also present the experimental results for two synthetic
datasets éenerated by the IBM Almaden Quest research group [24-25]. The datasets serve as the
FIMI re:ipository, which is the result of the workshops on Frequent Itemset Mining
Impleme;ntations [26-27]. The two original databases of synthetic datasets are T1014D100K and
T40110DleOK, which are sparse datasets. The notation TxIyDzK denotes a dataset where X is
1,000 trajnsactions. Table 4.1 lists the parameters of the synthetic datasets. The synthetic datasets

varied 1n the number of transactions, i.e., 20%, 40%, 60%, and 80% of the original database.

!
‘ Table 4.1 Parameters of the synthetic datasets

i |7 The average number of items per transaction
1 1] The average length of a frequent itemset
1 |D| The number of transactions

1
, ‘
\For the second group of datasets, the real datasets from the UCI Machine Learning

Repository [28] has been used to test the proposed method. The real datasets used in the
|

experiment are Chess [29] and Mushroom [30], which are dense datasets with a great number of

|

long frequent itemsets. The characteristic of real datasets are shown in Table 4.2.

|
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Table 4.2 Characteristics of real datasets

Refal datasets Description

5 Chess The average number of items per transaction is 37, the number of

transactions is 3,196, and the number of items is 75.

1
Mushroom The average number of items per transaction is 23, the number of

|

! transactions is 8,124, and the number of items is 119.

]
4.2 Exﬁerimental Results

4;.2.1 Run time

Table 4.3 presents all experimental results of the run time by using the synthetic datasets

. ! .
which compare the run time of two algorithms. The experiment results are separated by testing
varying minimum support thresholds. Each of minimum support presents the total number of

|
frequent iternsets and run time of two algorithms.
|

’:l“able 4.3 The experimental results of the run time by using the synthetic datasets

: Datasets Minimum Total number of Run time (s)

‘ support (%) frequent itemsets FP-growth 1IS-Mine

T1014D100K 5 10 1.53 0.05

* 3 60 2.94 1.53

| 2 155 25.73 12.55

| 1 385 61.12 29.90

T40110D100K 20 5 10.17 0.09
17.5 9 10.97 0.14

| 15 19 11.75 1.20

| 125 40 22.70 15.08

10 82 207.23 61.11

j 7.5 157 824.88 | 305.13

' 5 316 3,651.14 | 2,704.15
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Table 4.4 presents all experimental results of the run time by using the real datasets
which co;npare the run time of two algorithms. The experiment results are separated by testing
varying rr“linimum support thresholds. Each of minimum support presents the total number of
frequent iftemsets and run time of two algorithms.

1

| Table 4.4 The summary of the run time

i Datasets Minimum Total number of Run time (s)

‘ support (%) Frequent Itemsets FP-growth IIS-Mine
, Chess 90 622 0.22 0.003
| 80 8,227 0.92 0.07

‘ 70 48,731 2.96 0.58
i 60 254,944 9.31 5.11
f 50 1,272,932 44.52 31.53
:Mushroom 40 565 0.30 0.006
f 30 2,735 0.39 0.11
| 20 53,583 2.97 1.96
; 10 574,431 6.02 4,22

Figure 4.1 (a) and Figure 4.1 (b) show the performance of the algorithms on two
syntheti(f’ datasets, T10I4D100K and T40110D100K, respectively. In Figure 4.1 (a), IIS-Mine
performsl' better than FP-growth in every support threshold. The gap in the graph becomes larger
as the sifxpport threshold decreases. In Figure 4.1 (b), when the minimum support is set at 20%,
17.5%, }lS%, or 12.5%, the run time between the two algorithms is not very different. However,
when thi_e minimum support is set at 10%, 7.5%, or 5%, the run time of FP-growth increases
significantly when compared to that of 1IS-Mine, which confirms that IIS-Mine performs better
than FP;—growth. The results shown in Figures 4.1 (a) and 4.1 (b) can be explained as follows.
With sp%rse datasets, when the minimum support is high, the number of frequent itemsets is low.
Howevér, when the minimum support is low, many frequent itemsets are obtained. IIS-Mine was
always !faster than the FP-growth method, especially when the minimum support was low,
because= FP-growth constructs bushy and wide FP-trees when the minimum support is low, so FP-
growth iis computationally expensive for tree traversing the FP-trees. IIS-Mine has the step of

J

finding |‘the root node from previous frequent itemsets, which can reduce the number of nodes and

I
t
|
1
3
|
{
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levels of t:he conditional itemset-tree. Therefore, traversing in the conditional itemset-tree is on a
reduced triee, which can result in a low run time consumption. However, the run times of both
algorithmis rely on the length of the transaction (as observed in a comparison of the graphs in
Figures 4.i1 (a) and 4.1 (b) with a minimum support of 5); when the transaction is long, the run
time of b(ith algorithms is also long.

Féigures 4.1 (c) and 4.1 (d) show the performance of algorithms on two dense datasets,
chess andi mushroom. Figure 4.1 (c) shows that the run time of IIS-Mine is better than that of FP-
growth inI‘ every support threshold. The run time of both algorithms increases when the minimum
support tlflreshold is reduced to 50. In Figure 4.1 (d), IIS-Mine again performs better than FP-
growth 1n every minimum support. The run time of FP-growth increases significantly compared
with 11S-Mine when the minimum support is less than 30%. The results shown in Figures 4.1 (©)
and 4.1 (:d) can be explained as follows. In the two figures, IIS-Mine is faster than FP-growth for
dense da:tasets. The main work in FP-growth is traversing FP-trees and constructing new
conditionfal FP-trees after the first FP-tree is constructed from the original database. For dense
datasets, ' we found from numerous experiments that the time spent on traversing FP-trees was
very lon;g. IIS-Mine improved this problem using the property of extendable itemsets to reduce
the number of recursive mining steps so that the size aﬁd number of constructing and traversing

the trees Eare reduced. The run time of IIS-Mine is then less than that of FP-growth.

80
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} =5 20 4
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Figure 4.1 (a). Run time of mining on T10I14D100K
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|
14.2.2 Memory Consumption
|

‘Table 4.5 presents the summary result of all experiments which compare memory
consumi)tion of two algorithms. The experiment results are separated by testing varying
minimufn support thresholds. Each of minimum support presents the total number of frequent

itemsets and memory consumption of two algorithms.
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Table 4.5 The Summary of the Memory Consumption
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EDatasets Minimum Total Number of Main Memory (K)
“ Support (%) Frequent Itemsets FP-growth IIS-Mine
TIiOI4D100K 5 10 1,770 1,140
? 3 60 296,760 129,040
§ 2 155 1,376,406 333,476
i 1 385 3,093,066 | 1,120,392
T{OIIOD]OOK 20 5 716 340
i 17.5 9 10,210 1,943
i 15 19 170,370 76,840
; 12.5 40 1,500,306 | 730,456
1 10 82 4,278,810 | 1,087,556
; 7.5 157 8,106,426 | 2,289,006
5 316 13,446,408 | 4,111,319
\ Chess 90 622 9,096 3,744
80 8,227 101,640 10,576
| 70 48,731 516,036 88,596
60 254,944 2,301,942 328,088
i 50 1,272,932 9,261,852 | 1,599,868
Mushroom 40 565 6,912 5,480
: 30 2,735 25,548 5,876
i 20 53,583 95,226 11,220
. 10 574,431 384,852 58,408

l
'Figures 4.2 (a) and 4.2 (b) show the memory consumption of the algorithms on the

|
synthetics datasets. In Figure 4.2 (a), FP-growth consumes more memory than 1IS-Mine. The

graph ié clearly separated when the minimum supports are less than 3. In Figure 4.2 (b), in

comparing memory consumption when the minimum supports are 20%, 17.5% or 15%, there is

no difference until the minimum support is less than 15%. As illustrated in Figures 4.2 (a) and 4.2

(b), we can see that IIS-Mine consumes less memory than FP-growth on synthetic datasets

|

because the memory is mainly used by FP-trees constructed in FP-growth. The large memory
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consumptipn of FP-growth when running on synthetics datasets can be explained by the fairly

Jow minirnum support and presence of many single items in the datasets; therefore, FP-growth

construct§ wide and bushy trees to mine all frequent itemsets. However, 1IS-Mine uses the

property (f)f extendable itemsets, which reduces the construction of conditional itemset-trees, and

uses the step of finding the root node from previous frequent itemsets. Therefore, the node

constructi;on and tree sizes are reduced, resulting in a reduction in memory consumption.

|
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Figure 4.2 (a). Memory consumption of mining on T10I14D100K
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Figure 4.2 (d). Memory consumption of mining on Mushroom

Fjigures 4.2 (c) and 4.2 (d) show that the memory consumption of IIS-Mine is less than
that of FIi’—growth on dense datasets. Figure 4.2 (c) shows that when the minimum support is less
than 80%, the memory consumption of FP-growth increases significantly compared with that of
IIS—Minei;. Figure 4.2 (d) also shows that when the minimum support is less than 30%, the gap of
the graplfl clearly separates, which confirms that FP-growth consumes more memory than IIS-
Mine. In both figures, FP-growth consumes a great deal more memory when the minimum
support i;s low, which is not observed in IIS-Mine because FP-growth has constructed large FP-
trees for fmining all fre'quent itemsets, whereas IIS-Mine uses the property of extendable itemsets,
which péarforms better for dense datasets. Consequently, the recursions of mining frequent
itemsets fyin the next loops are reduced. Therefore, the construction of nodes and the sizes of the

conditional item-trees are reduced.

4.2.3 Scalability

|

:The scalability of two algorithms is tested by running them on datasets generated from
T1014 a151d T40110. The number of transactions in the datasets ranged from 20K to 100K, where K
is 1000 éransactions. Table 4.5 presents the summary result of all experiments which compare the
scalabilifty of run time of two algorithms. The experiment results are separated by testing the
numberEof transactions which specific a minimum support. Each of number of transactions

presents the run time of two algorithms.
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Table 4.6 The summary of the scalability of run time

? Datasets Minimum Number of Run time (s)

: support (%) | transactions (K) FP-growth IIS-Mine

; T1014 1 20 8.61 2.73

| 40 23.09 7.06

! 60 45.56 15.51

| 80 59.24 23.18

| 100 67.12 29.90

: T40110 5 20 47.08 39.21

j 40 288.83 172.56
60 597.94 181.71
80 2159.52 784.66
100 3651.14 2704.14

Table 4.7 presents the summary result of all experiments which compare the scalability
of run time of two algorithms. The experiment results are separated by testing the number of
I

transactions which specific a minimum support. Each of number of transactions presents the run

time of two algorithms.

Table 4.7 The summary of the scalability of memory consumption

! Data sets Minimum Number of Memory consumption (K)

é support (%) | transactions (K) FP-growth 1IS-Mine

{ T1014 1 20 687,642 72,540

‘ 40 1,238,766 122,092
60 1,923,270 379,320

. 80 2,517,688 614,712

i‘ 100 3,093,066 1,120,392

L T40110 5 20 2,750,010 442,356

i 40 5,434,884 1,074,690
60 8,104,572 1,890,441
80 10,802,250 2,969,361
100 13,446,408 4,111,319
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|
In Figure 4.3 (a) and Figure 4.4 (a), the algorithms were run on all of the datasets

generated};from T1014 for a minimum support of 1. Both run time and memory consumption were
recorded. ;Figure 4.3 (a) shows the speed scalability, which means that the number of transactions
increases ‘as the run time increases. Figure 4.4 (a) shows the memory scalability of the algorithms;
the curvei of FP-growth is over the curve of IIS-Mine, which means that FP-growth consumes
more merfnory than IIS-Mine. Moreover, the figure shows that the memory consumption of the

algorithmfs increases linearly with the size of the datasets.
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Figure 4.3 (b). Scalability of run time on T40I10
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1
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'In Figures 4.3 (b) and 4.4 (b), the algorithms were run on all of the datasets generated

|
!

from TéflOIlO for a minimum support of 5. Both run time and memory consumption were
recordecl'i. Figure 4.3 (b) confirms that the run times of both algorithms rely on the length and the
number‘I of transactions; if the length or number of transactions increases, the run times of both
algorithims also increase. However, the run time of IIS-Mine was better than that of FP-growth for

every number of transactions. Figure 4.4 (b) confirms that the memory consumption of algorithms
F
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1

increases with the length and the number of transactions. However, the memory consumption of

IIS-Mine :was better than that of FP-growth for every number of transactions.
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Figure 4.4 (b). Scalability of memory consumption on T40I10



CHAPTER 5
i CONCLUSIONS AND SUGGESTIONS

5.1 Conclusions

15‘; data structure called an IIS has presented to store transaction data by scanning a
database :only once. Changing the minimum support does not affect the IIS, and rescanning the
database ?is not required. We also present a new algorithm called IIS-Mine that is able to find
frequent :itemsets without generating candidate itemsets. It employs a more efficient use of the
extendabie-itemset property to reduce the number of recursive steps of mining. The node
constructjion and the size of trees are then reduced, thereby reducing the runtime and memory
consump:tion. The completeness and correctness of the proposed method was confirmed by a
mathema}tical proof, and the simulated experiments compared it with the FP-growth algorithm
using bo!th synthetic and real datasets. Experiments were presented to analyze the runtime,
memory bonsumption and scalability with different datasets when the minimum support threshold
is varied. Although the proposed method accesses the IIS structure multiple times, the
experimejntal results demonstrate that the IIS-Mine algorithm is better than the FP-growth
algorithr:h in runtime and space consumption and for dense datasets.

5.2 Sujggestions
.5
;The proposed method has some drawbacks: first, the proposed method needs to scan an

IIS many times to construct the IIS, Trees which is time consuming. Second, the run time

item

perform%ance of the IIS-Mine algorithm depends on the size of the IIS,, Trees. If each of

item

IIS. Tree is very small, then the performance of the algorithm is deceased because the property
|

item
extendalsale-itemset is used rarely.

iIn the future research, the data structure and algorithm of mining will be improved to find
new wa{ys to mine all frequent itemsets. For example, mining of frequent itemsets without

minimujm support threshold but by using automate mining with intelligence method such as soft

computing techniques. Moreover, mining on stream data may be another interesting area.
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Ati)straét:' A new approach to mine all frequent itemsets fiom a transaction database is
préposed. The main features -of this paper are as follows: (I) the proposed algorithm
performs database scanning only. once to ‘construct a data structure called an inverted
index structure (I118); (2) the change in the minimum support threshold is not affected by
this- structure, and as a result, a rescan of the database is not required_;. and (3) the
proposed mining algorithm, 1IS-Mine, uses an-efficient property of an extendable itemset,.
which reduces the recursiveness of mining steps without generating candidate itemsets,
aliowing frequent itemsets to be found quickly. We have provided definitions, examples,
ar{d a theorem, the completeness and correctness of which is shown by mathematical
proof. We present experiments in which the run time, memory consumption and scalability
a'rfc tested in comparison with a frequent-pattern (FP) growth algorithm when the
minimum support threshold is varied. Both algorithms are évaluated by applying them to
synthetics and real-world datasets. The experimental results demonstrate that I1S-Mine
provides better performance than FP-growth in terms of run time and space consumption

and is effective when used on dense datasets.
1

Keywords: association rule mining, data mining, frequent itemsets' mining, frequent
patterns mining, knowledge discovering

INTRODUCTION

"The objective of frequent itemset mining is to identify all frequently occurring itemsets using
a suppfort threshold. Decision-makers-are interested in all itemsets associated with high frequencies.
Association rule mining algorithms can be broken down into two major-phases.. The first phase finds
all of tlhe itemsets that satisfy the. minimum support threshold, which. are the frequent itemsets. The
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second phase is rule generation, in which all the high confidenceé rules from the frequent itemsets
found n:1 the previous phase are extracted [1]. Many previous investigations focused on the first
phase. Early algorithms based on generated and tested candidate itemsets have two major defects.
First, the database must be scanned multiple times to generate candidate itemsets, which increases
the /O load and is time-consuming. The search space of itemsets that must be explored grows
exponentially. Second, enormous candidate. itemsets are generated and calculated from their
supports, which consumes a large amount of CPU time [2].

To overcome the above-mentioned problems, a next generation of algorithms using a
compact tree structure was proposed, called a frequent-pattern (FP) tree [3], which finds frequent
itemsets directly from the data structure. However, most of the FP-tree-based algorithms have the
following weaknesses. First, the mining of frequent itemsets from the FP-tree to generate a huge
conditional FP-trec requires a large amount of run time and space. The best case is when a database
has the same set of transactions; an FP-tree then contains only a single branch of niodes. The worst
case is When a database has a unique set of transactions [3]. Second, when the users change to a new
minimum support threshold for their new decision, the algorithm restarts the whole operation and
scans the database twice.

§Memy researchers have tried to solve the above problems using a vertical data layout.
However, most of the algorithms have the drawback of increasing the run time and space
consunlqption due to the following reasans. First, when the users change to a new minimum support
threshdld for their new decision, the algorithm restarts the whole operation more than one time to
scan agdatabas'e and construct their data structure. Rescanning the database for a new minimum
support threshold wastes both run time and space. Second, all of the FP-trée-based algorithms
generate a huge conditional FP-tree, which has a large number of recursive processing steps and
requires a large amount of run time and space consumption.

'In this paper we present a new, efficient method to solve the above-mentioned problems by
proposmg both a data structure and a'mining algorithm for decreasing the consumption of run time
and space. First, the proposed method performs database scanning to construct a data structure
called an inverted index structure (IIS) only once. In addition, changing the minimum support
threshold does not affect the 11S; therefore, database rescanning is not required. Second, HS-Mine is
a new. algonthm that mines all of the frequent itemsets without generating candidate itemsets and
uses a new tree structure called the 1ISienTree. 11S-Mine employs an efficient property of the
extendable itermset, which decreases the number of recursive processing steps when mining frequent
itemsets. The completeness and correctness of the algorithm is proved using a mathematical proof.
Last, the efficiency of 11S-Mine is compared with that of FP-growth in terms of run time and space
consufnption through simulation experiments. Our experiments show that 1IS-Mine is more efficient
than FP-growth in run time and space consumption for dense dataseéts,

RELATED WORK
f

' The first algorithm to generate all frequent itemsets is the AIS algorithm, which was first
introduced by Agrawal et al [4]. However, this algorithm constructs: a list of all of the possible
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itemsets Eat each level of traversal, so infrequent -itemséts that are not needed are also generated.
Later, the algorithm was improved uponand renarmied the Apriori algorithm by Agrawal et al [5]. The
Apriori zjilgorithm uses a level-wise and breadth-first search approach for generating association
rules: Many efficient association mining techniques have been developed based on the Apriori
algorithm. Vu et al. [6] proposed a rule-based location prediction technique to predict the user’s
featured. location, but this proposal generates more candidate itemsets than are required. These
algorithms are also expensive in terms of I/O load and run time when the database must be scanned
multiple times to generate candidate itemsets.

The abové-mentioned problems can be improved upon by using a-compact tree structure and
finding frequent itemsets directly from the data structure. The algorithims scan a database twice. The
first scan of the database is to discard infrequent- itemsets; the second is to construct a tree.. The FP-
growth algorithm, developed by Han et al, [7], is the most popular method. It performs a depth-first
search approach in a search space. It encodes a dataset using a compact data structure called an FP-
tree or preﬁx tree and extracts frequent patterns directly from the FP-tree. Many approaches have
been proposed to extend and improve upon this algorithm. Pei et al. [8] developed the H-mine
algorzthm using array- and tree-based data structures to improve the main memory cost. The
PatrlmaMme algorithm [9] ¢ompressed Patrlcia tries to store datasets, which is space efficient for
both dense and sparse datasets. The FP-growth algorithm [10] reducés the FP-tree traversal time
using an array technique. Zhu [11] proposed a new method to compress a large database into an FP-
tree with a children table but not a header table, and applied a depth-first search with this tree for the
mining step, which reduces both the run time and the space consumption. Sahaphong and Boonjing
[12] proposed a new algorithm which constructs a pattern base using a hew method that is different
from the pattern base in the FP-growth and mined frequent itemsets using a new combination method
w1thout the recursive construction-of a conditional FP-tree. An approach based on the FP-tree and
co-occurrence frequent items (COFI) was proposed to find frequent items in multilevel concept
hlerarchy by using a non-recursive mining process [13]. A new. data structure called improved FP
tree was proposed, which can reduce space consumption and enhance the efficiency of an attribute
reductlon algorithm [14]. To maintain the anti-monotone property of approximate weighted frequent
pattems a robust concept was proposed to relax the requirement for exact equality between the
wexghted supports of patterns and a minimum threshold [15]. However, most of the FP-tree-based
algorntlllms require a large amount of run tinie and space to generate the huge conditional FP-trees.
Moreover, the algorithm restarts the whole operation and requires that a database be scanned twice
when t:he minimum support threshold is changed.

As mentioned above, most of the algorithms that mine fréquent itemsets use a horizontal data
layout. However, many researchers use a vertical data layout. The Eclat algorithm was proposed
[16] to generate all frequent itemsets in a breadth-first search using the joining step from the Apriori
property when no candidate items can be found. The Eclat algorithm is very efficient for large
1temsegs but is less efficient for small ones. The diffset technique [17] was introduced to. improve the
memory requirement.. Chai et al. [18] detailed a data structure called large-item bipartite graph to
a_ccomlmodate the data when a database is scanned. Similar to the FP-growth algorithm, this method

|
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mines frt::quent patterns using the recursive conditional FP-tree. The BitTableFI algorithm [19] uses
horizontal and vertical data layouts to compress a database. Yen [20] presented an algorithm based
on an unfdirected itemnset graph that finds frequent itemsets by searching undirected graphs, When the
databasé and minimum support change, this algorithm requires that the graph structure be re-
searched to generate new frequent itemsets. The Index-BitTableFI [21] was developed to reduce the
cost of cfandidate generation and to support counting. Sahaphong and Boonjing [22] proposed a new
algoritht:n that reduces the run time. The drawback of this algorithm is its large memory consumption
from geheration of many repeated nodes. The JoinFI-Mine algorithm [23] uses a sorted-list structure
construqlted from the vertical data layout and finds all frequent itemsets using a depth-first search for
joining frequent itemsets. Therefore, this algorithm consumes time and space in its joining step.

METHODS

H

Frequent-Itemsets Mining Problem
|

We introduce the-basic concepts of mining frequént itemsets. All terminologies in this section
are proposed by Han et al [2].

Let I={x,,x3,.,%,} be a set of items and DB={T},T;,...7,} be a transaction database, where
i, Ty, T, @re transactions that contain items in . The support, or supp (occurrence frequency), of a
pattern A, where 4 is.a set of items, is the number of ttansactions containing 4 in DB. A pattern 4 is
frequen:t if 4’s support is no less than a predefined minimum support threshold, niinsup.

Given a DB and a minimum support threshold minsup, the problem of finding a complete set
of freqtjxent itemsets is called the frequent-itemsets mining problem.

:For a greater understanding, wé provide an example to illustrate the above definitions.

Example 1. An example of the database by Han et al. [2] is used here. Table 1 is a DB. It
consisté of 5 transactions (7y, T3, Ts, Ty, and Ts) and 17 items (@, b, ¢, d. e, f, g h i, j, &k 1. m n o
p, and 5). For example, the first transaction is T, which contains £, a, ¢, d, g, i, m, and p.

Table 1. A transaction database

Transaction Item
E T facdgimp
i Ty a, b_, e,f,l,mo
i
| T; b.fihj o
T beksp
' Ts af.c,elip, mn

|
s: Désign and Construction

| We present a data structure that contains transaction data called an inverted index structure
(11S). The IIS.is a structure that holds a relationship between items and the transactions included
within; The IS is constructed from one scan of the DB, This original IIS can support every minsup;
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thereforej, it does not need to rescan the DB when the minsup is changed. According to the
definitions in the previous section, we present a new definition with an example and an algorithm to
demonstrate how to construct this IIS.

Definition 1 (IIS). Let DB be a transaction database and I be a non-empty finite set of all

items in ;each transaction in the DB, where each transaction is a set of items in  associated with an
identifier, and let S be a set of all non-empty subsets of DB. An IIS is the function f:/- S defined

by f(@) =| S, if T contains a for each7 &s,. This function can be identified as a table consisting of the

attributes of the items in J and the corresponding transactions in the DB. That is, each row in the IS
contains an item in [ as well as the transactions in the DB that contain that item. The set of
transactfons are written in the order of their ascending identification numbers.

\?Vith the above definition, the I1S represents the relationship between each item in / and its
correspanding transactions; therefore, the IIS can apply to all minimum support thresholds, and a
rescan of the database is not required. We demonstrate the steps to construct the IIS through the
followmg example. ’

Example 2. We use the example of a DB in Table 1. The DB is scanned once to create the
1IS. The scan of the first transaction is T;, which consists of items £ a, ¢, d, g i, m and p. The
transact?on Ty will be inserted for each correspondmg item sorted in ascending order (4, ¢, d, f, g i,
m; p). T) . will be the first transaction inserted in the transactions of item ¢. The second examined item
is ¢, so we insert T} in item ¢. Next, we examine item d; we then subsequently insert Ty in item d. The
remamnllg items (f, g, i, m and p) in T; can be similarly inserted. The remaining transactions (T3; T3,
T, and T5) in the DB are performed in a similar manner.

Algorithm 1 shows how to construct the IIS. Figure 1 shows all of the items of the 1IS after
scanniné the DB once, and the bold items are all frequent items that have a support greater than or
equal to the minsup, which is assumed to be 3.

| Algorithm 1 (IIS constraction)

! Input: DB,

Qutput: IIS.

Method: The TIS is constructed as follows.

1 Begin

2 Create header that contains all items.
3 For each transaction T in DB do / scanning DB once
4 Sortitems in T {/ ascending order

» 5 Create transaction to each corresponding item

} 6 .
7

End //For
End //Begin
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| Item Transaction |
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| Figure 1. An example of the IIS

|
IIS-Mihe Algorithm

IWe present a new algorithm called 11S-Mine. This algorithm uses a new tree structure, called
the IIS.meree to mine frequent itemsets. The main features of this algorithm are as follows: (1)
every frequent itemset is found witliout generating candidate itemsets; (2) the algorithm reduces the
recursion of mining steps using the property of extendable itemset; and (3) the algorithm supports
the min:ing of frequent jtemsets with any value of the minsup without needing to rescan the database.
From the above features, we can quickly find the frequent itemsets and completely and correctly
obtain :them. We now introduce the terminologies of the I[Sy.nTree, its construct, the theorem, the
cxampljes and the algorithms to describe how to mine frequent itemsets. ;

Definition 2 (Itemset-tree structure). An itemset-iree structure is a tree structure
constructed from the 1IS. It is a finite set of one or more nodes with the following structure:

(i) It consists of the root which contains an. item, a set of item subtrees as the children of the root,
and a §ct of header tables.

(i) Each node in this tree comprises five fields: ifem-name, which registers which item this node
represcnts support, which registers the number of transactions represented by the portion of the path
reaching this node; same-item, which represents a pointer that points to the node in the itemset-tree
structure that carries the same item-name; parent, which represents a pointer that points to the
previojus node in the same path; and child, which represents a pointer that points to the child node:

(iii) Each member of the header table consists of two fields, ifem-name and head of node link,
where?head of node link represents a pointer that points to the first node in the itemset-tree structure
carrying the item-name.
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Definmon 3 (IISnmtree) Let ko be an arbitrary frequent item-in a given transaction database
and [IS 1be the inverted index.structure of the transaction database A tree T constructed from the
1S is called an inverted index structure-x, tree, denoted by 718 ofree if it satisfies the following:

() Eech node of T is of the form (4:s), whiere 4 is-a frequ_ent itemset and s is its support. If
(4:s) isanode of T and 4={a}, whereaisa frequent item, 'th'eﬁ (A:5) is simply written by (a:s).

(ii) Lt (xg:59) be its root, where s, is the support of x;.

(iii) {Jet. Xg» Xy Xy bE frequent items in the HS, and s; = supp{xe,x;,...,x;} for all'7=0 ..k In
this case, P=((xy:50), (%18 )wu (¥, :54)) is @ path from the root (x,:5,) to'a leaf (x, :5,) of the tree T
if and only if s, 25,25, >0, x0.<; % <, ...<; %, where <, is the lexicographic order. 1f a is a
frequent item in the 1IS and if (a:s) is a node.of T'such that x, <a of x, <, a<; 3,4 forall i=0,..k,
then supp {¥gs Xy e X;,a} =0 and: (a+s) isnot a node of P.

The header table of /1S, tree is-aset of all frequent-items a-of a node (a:s) of this tree.

Based -on the above definition, we have the IIS,‘E,.,Tlee construction algorithm, as shown in
Algorithm 2. It is evident that if minsup>0 is a minimum support thireshold, then every-frequent
itemiset :can be derived from an HSiemTree.

Algorithm 2 (IS;en Tree constiuction).
Input; IS, \
-Output: IS Tree.
' Method: An IIS;.., Tree is constructed as follows,
! 1Begin
j 2. Create header table
3, Read frequent item x in IIS.
4 Create root R and initial supp(R) to 1
: 5 'Link R to header table _
| 6 For each tranisaction' T of root R whereT =1, to T,:-do

i
|
|
|
i
I
1

7 While next frequent item#(Jast frequent item)+1 do

8 Read next frequent item (V) that has same Twith R
9 Call InsertTree (V,R)

10 End/While

11 End//Far

12End /Begin

Proceduré InsertTree (V,R)

1Begin

2 If /IS, Tree has a node C such that C.item-nainie =N.jtem- name thed
3 Increnent supp(N) by 1

4 Else

5 Create new node N and iniitial supp(V) to I

6 Link Nto N’s parent

7 Link NtoN's header table

8 Link N-to same-item

9 End //If

10End //Begin

|
|

'If no confusion-arises, then {x,,¥y,...x,} and ({x,,X;,....x,}:s) are replaced byxx,..x,, and
<x,x2%.x,, 1§ > respectively, where x,,x,,...,x,; are items.

“Example 3. In this example, we describe the steps to construct-all of the T1S;.mTrees except
the last frequent item p using the IIS in Figure 1 and minsup = 3. The first frequent item-in the IIS is
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a, thereﬁ;:;res. we. first construct the IISTree, and item g is a root. We obtain two paths: (<a:2>,
<e:2>, <f2>, <m:2>, <p:2>) and (<a:1>, <b:13, <c:1>, <£1>, <m:1>). The first path consists of
frequent :it,ems' (a,c.f;m,p) that appear twice-in the DB. Similatly, the second path indicates frequent
items (a,b,c,fm) that are contained in only orie transaction in the DB. These two paths share the
frequent item a; thus, a appears three times.in the DB. Other [ISiemTrées, except the IIS,Tree, can be
similarly constructed. In Figure 2, all of the IISy.mTrees, except the last 118, Tree, are illustrated.

|
l
|

Figure 2. 1ISiemIrees:

Deﬁmtlon 4 (As-tree). Let DB be a transaction database; let 7 be a tree such that each node
of the tree is of the form(4:s), where 4 is a frequent itemset in DB and s is the support of 4; and let

A, be ai frequent itemset in the DB. T is called an A;-tree if, for any path P of 7, P i is of the form
P= ((Al. 55 (A 28)0(4g 1 54)), Where k is a positive: integer;” 4, and 4, are pairwise disjoint

frequent itemsets for all.4,j =1,2,....k with i= j ; 5 is the support of UA,,, for i =1,2,:...k; (4ii$)

is. the rdot of T; and (4, :5,) isaleafof 7.

Example 4. According to Figure 2 (a), the ac-tree is shown in Figure 3.

Defimtlon 5 (Prefix subpath). Let T be a tree, a; be the root of 7, and P =(ay,...a,) be a
path of 7, where m.is a positive integer. Every path- O = (4j,...a,) of T is then called a prefix subpath
of P, wiiere LSk Sm.

‘Example 5. According to Figure 2(a), the paths ((a:3),(c:2)) and ((a:3),(c:2),(f:2)) are prefix
subpaths of ((a:3),(¢:2),(£:2),(m:2)).

Deﬁnmon 6 (Subheader). Let T be an A-free and (x:s(x)) be a node of 7, where x is a
trequent item in a given transaction database:and s(x) is the support of x. Suppose that all of the
nodes (of 7) containing x are only in the paths Py,...,P of T from the oot (4:5) to some leafs-of 7,
and supposc that @, is a prefix subpath (of P;) from the root (4:s)to (x:s(Q,)) for- all i=1,..,k The
subheader of T, denoted by SH(A), is defined as the-order set SH(4) = {x]x is a frequent item not

k
contamed in4, (x:5(Q,)) isanodein @ fori=1,....,k and s(Q) 2minsup}.
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Example 6. According to Figure 2(a), SH(a) = {cfim}, where SH(a ) is the subheader of the
treé-in Figure_ 2 (a), supp(c) = 3, supp(f) = 3, and supp(m) = 3.

Definition 7 (Conditional itemset-tree). Let 4, be a frequent itemset, 7 be an A)-tree, x, be
a frequent item with x, €SH(4,)- 4;, and Ax, = 4 U{x,} be a frequent itemset. A conditional Ayxz-
tree, denoted by T(4,x,), is‘a tree that satisfies the following:

() (4%, :5;) is the root of T(4,x,), where s, is the support of “4,x, and s, = minsup.

(ii) Tﬁe number of items in SH(4)>1.

(iii) All of the paths are derived from T in the following way:0 = ((4x; 182),(x3 183D (%3 15, )) IS @
path of T(Alx,) if'and-only if a path P=((4; :5).(x; 1 83)s-(x; 15,)) eXists from the root (4, :5,) to the
leaf (x, :5,) of T, where / 2kand x, is in SE(4,);and-if there is a node (x; :5,) of P such.that r>
and ((4l 5, 0,(%; 185, Jioen (%, 1 5,)) Is @ prefix subpath of P, then x, must not be in SH(4).

l’]xampl.e,7. According to Figure 2 (a); the conditional itemset-tree, or conditional ac-tree, is
shown in Figure 4.

Notably, every non-empty subset of a frequent itemset is-also frequent, This fact leads to the
following definition.

Definition 8 (Frequent itemset’ of length m derived from tree). Let 4 be a frequent

1temset,;x be a frequent item, and x ¢ 4. Suppose that T is a conditional Ax-tree, m is a positive
integer greater than 1, and 4x=A4U{x} has m elements. 4x"is called a frequent itemset” of length m

derived from T, denoted by Fs (A9, if. T contains precisély two nodes and Ax is a frequent -itemset,
or if SH (A) {x}.

, Example 8. According to Figure 5, the: frequent 1temset of length 4 derived from the
conditional acf-tree is FSy (agfin) = dcfin. .

, ac: @
\\ & 3
i ({:3 @)

Figur.e 3. ac-tree  Figure 4. Conditional ac-tree . Figure 5. Conditional acf-tree

OlT

\

Deﬁmtlon 9 (Exiendable frequent itémset’).. Letm be a positive integer greater than 1, T
be a T(4x) defined as in definition 7 ‘with 4, = 4 and x, =x, and 4x be a frequent itemset* of length
m derived from T. Each itemset.in FS,,(4x) is.said to be exténdable if m 3. For every k=2, 3,.
m, we ;let Ext](4%) denote the set of all itemsets containing exactly k items of FS;, (4x), where m >3 :
Each element of Ext;{Ax) is called an extendable frequent itemset” (derived from T) of length k for
all % >2 . The set of all extendable frequent itemsets* of length & that is denoted
byExt’,"c?=U{Exzk(Ay)|Ay is a-frequent itemset* of lengt_h_ at least k derived from a conditional Ay-

tree} fbr all k22,
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Examplé 9. According to the previous example, the length of FS} (acfin). is 4; we then find
that Exty(acfin) = {ac, af, am; ¢f, cm, fm} and Exty(acfm)= {acf, acm, afm, cfin}. Therefore, Exi3=
{ac, of, :am, cf, cm, fin, and all members of other Ext5(dy) } and Exty = {acf,'acmv, afin, cfm, and all
members. of other £xi3(4y) }.

#eﬁnition 10 (Frequent ifemset’ of length m). Let k be the maximum length of all frequent
itemsets in a transaction database, £S},(4x) and Ext}‘c be given as-in.definitions 8 and 9 respectively;
let 4 ,,,=3{FS§,1 (4x)| Ax being a frequent itemset of length m derived from T} for m =2, 3,..., k
define £S; = 4, U{4x| Ax being a frequent itemset of length 2}; and define FShi=Ap, form=2,3,...,
k}. Let ‘an be defined by FI; ={{x}|x being a frequent item} and FI,, = Fs,, UExt,, form=2,3,...,
k}. Any element of FIy is called the frequent itemset” of length 2.

Example 10. According to the previous example, we find that FI, = {ac, af, am, cf, cm,
fm}, Flg— {acf, acin, afm cfm} and F1y={acfin},

Definmon 11 (Frequent itemset’). Let Fl  -begiven as in definition 10; and let £1” denote
i ,,,,where k is the maximum length of all frequent itemsets in a- transaction database. Any

element, of F1”" s called.a frequent itemset .
Example 11.. According t6 the previous example, ' s {ac, af, am; ¢f, cm, fin, acf, acm,

afm, cfm, acfmy.. :
On the basis of the. above deéfinitions and examples, Algorithm 3 presents the IIS-Mine
algonthm to show how it-can be-used to‘mine all frequent itemsets.

Algonthm 3: (IIS-Mine: Mininig frequent itemsets using 11S;.Tree)
lnput I1S, 1ISm Trées constructed accordmb to Algorithm 2, and minsup
Output: FI*
Procedure AllFregltemset (UIS,.£T%)
1' Begin _
2 For each frequent itemn x in the IS do
FI = {{x|x€1, supp(x) = minsiip}
‘Call IS Tree , which is constructed from:Algorithm 2
If Tree #{}
Call 11IS-Mine (Tree, x)
End /1f
End //For
Find FI* =Us FI, {/ FI* is giveniin definition 11
{0 End //Begin ‘
Procedure 11S-Mine(Tree, X).
1 Begin
Call SubHeader (4-tree, sublieadeid)
Generate all Ax with its support
/Al Ax are the frequent ifemsets where A is the root of A-tree and x Esubheaderd
For each |A|>1 do /X is 4%
Flag=1
While Flag=1do A
Call SkipFreqltemset (subheaderd, X , & ,;FlagRepeat, FlagTree).
If FlagRepeat=0 and FlagTree=0-then // (3 £ FI)
Call CondltemsetTree (4-tre€, §, conditional 8 -tree)

A Bo.~1.Ovtn e

TS TTOTe ATV N
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10: Else
1 Flag=0
12 End/1f

13 If conditional Ax-tree contains. greater-than two-nodes
14 Call IIS-Mine(conditional 5. -tree, x)

15  Else Flag=0

16 End/nf

17 End//While

18 If|Fs.@)|>3 and FS,(8) ® FI,, then

|
IS? Call ExtFreqltemset( £5;,(8), Exty) I/ FS,, is-given in definition 8
20  Save FS,,(8) andall Ext; to FI, !l FI,, is given in definition 10
21 Else

22 IfFS,(8) % FI, then

23 Save FS,(8)to FI,,

24 End //If

25 End /If

26 End//For

27 End //Begin

Procedure SubHeader (4-tre¢, sublicader/)
1 ;Begin _ : .
2/ Each frequent-item x of A-tree {/ SH(A) is given in definition: 6

3| Find {(xis(x)ix SSH(4), §(x) is the'support of x in. A-freel ' :

4End// Begin

Procedure CondltemsetTree(Tree, § , conditional § =tree)

1 Begin

2! Scan tree once to collect the paths that have an association with-root §

3! For all paths are derived from tree do

4| Connect all paths to§

5| End.//For

6:End //Begin

Procedure SkipFreqltemset (Subheaderd, %, §, FlagRepeat; FlagTree)

[‘Begin'v_/[fro-skip the construction of conditional item tree

2:// x is the frequent item in subheaderA. /% is the root-of tree; or a frequent itemset

3 // FlagRepeat=0 means 8 % FI - /I FlagTree=0 means the conditional item-tree is constructed
4;‘// n is the maximum number of elements of ifemsets in subheaderd

5 FlagRepeat =1, FlagTree=1

6} B=Xo=0

7 While( FlagRepeat=1"and (order of x.<5 ) do

8 Tfp € FI, then

9 FlagRepeat=0, FlagTrec=0

10 Ifxis the last item

N If{§[=2 then FlagTree=l
1;2 End //1f

13 d=q

4 End /If

15 Else

16 Ifxis thelast item then

17 Increment order of item x
18 Else

19 Increment order of item x
2|0 B=8Ux

21 a=3§

22 End/ If
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231 §=P
24,  End /If
25| End //while
26 End //Begin

Procedure ExtFreqltemset( FS,,(8), Ext;)

1 B|egm /I Ext; \is-given in definition 9

2 ;Gencrate all subsets ofFS; () and save to Exi,

3 End // Begin

|

Example 12. This example is given to demonstrate how the proposed 11S-Mine algorithm
can be usied to mine all frequent itemsets. Assume: minsup = 3 for all of the definitions above, and for
Example:s 1-3, Figure 2 and Algorithm 3, For simplicity, this-example is divided into five main steps
ordered By five frequent iterns in the TIS. The proposed mining algorithm proceeds as follows.

Let step 1 be the first main step. According to Procedure. A]lFreqltemset the frequent item a.
is the ﬁrst frequent item in the IS that is mined. The IIS,Tree is constructed, as illustrated in Figure
2(a). The algorithm calls Procedure [IS-Mine, so Procedure Subheader is called in order. The SH(a)
is (cf, m) where supp(c) = 3, supp(f) = 3 and supp(m) = 3. After line 3 in the procedure, I1S-Mine
generates all of the frequent itemséts with its support; Le. ac, af-and am; all of these frequent
ltemsets have support equal to three. Let steps 1.1; 1.2"and 1.3 represent each .of the frequent
xtemsets;.

The step 1.1, the first frequent itemset is-ac,-which has support equal to three. The algorithm
cheeks [ac|>1 and then calls Procedure SkipFreqitem. At this procedure, ac is not in F1,, so the
algonthm rolls back to line 9 of Procedure [IS-Mine. The frequent itemset ac with its support is
defined to be the root; thén, the conditional ac-trée, which has root “<ac:3>”, is constructed using
the input. IIS,Tree. The: conditional ac-tree .is illustrated -in Figure 4. The. algorithm is iterated by
calling Procedure 1IS- Mine again because the conditional ac-tree contains more than two nodes; let
this call be step 1.1.1..

ln step 1.1.1, the Procedure 11S-Mine is called; SH(ac) = (fim), where supp(f) and.supp(m)
are then equal to 3. At line 3, the algorithm generates frequent itemsets, which. are acf and acm,
where supp(acj) and supp(acm) are then equal to 3. The first frequent itemset in this step is acf and
| acf 1>1 so the procedure SkipFregltem in line 7 is processed, and it finds that acf is. not inF7;.
Next, thc, algorithm rolls back to line 9 to construct a conditional acf-tree that has a conditional ac-

tree as an input tree, which is illustrated in Figure- 5. The condition.of line- 13 is that the conditional
acf- tree contains only two nodes, so the algorithm obtains FS; (acfm) = acfm. At line 18, “the size of
FS;(acfin) is greater than three and F£sj(acfm) & #7. Thus, at line 19, Procedure ExtFreqltemset is
called to find all of the subsets of FS, (acfm), which are Exty(acfuiy and Exts(acfim) : Extylaefm) = {ac,
af, am, cf, cm, fm} and’ Ext;(acfm) = {dcf, acm, afm, cfin}; hence, FI; = {ac, af, am, cf, cm, fm},
FI,= {ia‘cf, acm, afm, ¢fim}, and- FI, = {acfin}.

fIn step 1.1.2, the next frequent itemset generated together with step 1.1.1 is acm. At line 7 of
Proced;ure 11S-Mine, the algorithm calls Procedure SkipFreqitem and obtains acn; which is already a
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membeﬂ of FI;; m is the last frequent item in SH(ac), so we exit from this step without the
construc}tion of a conditional aém-tree.

T step 1.2, at line 4 of Procedure 1IS-Mine, the next. frequent itemset is af, and at line 7,
Procedure SkipFreqltem is called and obtains qf, which is contained in 77, . In the loop in line 20 of
Procedure SkipFreqltem, after. af'is combined with the next frequent item in SH(a), which is m, afm
is obtained, which is contained.in FI3, and item n1 is the last item in SH(a). The algorithm rolls back
to line 8. of Procedure 11S-Mine, so the conditional gf-tree is not constructed.

In step 1.3, at line 4 of Procedure IIS-Mine, the next frequent itemset is.am. At line 7,
Procedure SkipFregltem is called and obtains am, which is contained in Fl%, and there is no frequent
item in SH(a). Therefore, the conditional anm-tree is rot constructed.

Let_ step 2 be the second main step: According to-line.2.of Procedure AllFreqltemset, b-is the
second frequent iteny in the IS that is mined. After line- 4, the 1IS,Tree is constructed, as illustrated
in Figure 2(b). The algorithm calls Procedure 11S-Mine at line 6. At line 2 of Procedure 11S-Mine,
Procedﬁre Subheader is called and -obtains an empty ‘SH(b), so the size of the frequent. itemset
generated with. b is one. The processing: of this step is terminated, and we return to line 2 of
Procedjure. AllFreqltemset.

iLet the third main step be step'3. /\céording to line 2 of Procedure AllFregltemset, ¢ is the
third fr:cquent item in IIS that is mined. Line 4 is called to construct the S, Tree, as illustrated in
Figure 2(c). At line-6, the algorithm calls Procedure I1S-Mine to mine frequent itemsets. At line 2 of
Procedure 11S-Mine, Procedure Subheader is called to obtain the SH(c) that is (f,m,p). Next, at line
3, the a‘xlgorithm generates frequent itemsets, which-are ¢f, cm and cp, whete supp(cf), supp(cm) and
supp(cp) = 3. Let steps 3.1, 3.2 and 3.3 represent each of the frequent itemsets.

| In step 3.1, at line 4 of Procedure [1S-Mine, the first frequent itemset is ¢f, where lef] > 1; line
7 then' calls Procedure SkipFregltemset. At Procedure SkipFreqltemset, ¢f combines with the next
frequeht item in SH(c), which is m, so ¢fin witha support of 3 is obtained after processing lines 19-
23. Next, line 8 is checked, and as cfm is already obtained in 1, lines 19-23 are ¢hecked again, and
cfimp iis obtained. The frequent itemset: ¢finp is not a member inFt, and p.is the last frequent item in
SH(_c):, s0 ¢fin is set to be a root for a ¢conditional .cfm-tree. The algorithm goes back to line 8 of
Proce.c:iure 1IS-Mine to construct a conditional ¢fm-tree, where the 1IS.Tyee is an input tree, which is
illustrated in Figure 6. Supp(p) is less than minsup, hencé FS; (cfin).= ¢fm. Procedure ExtFreqltemset
i line 18 is not called because: FS;{gfin) is contained in £ . Tn this step, the algorithm skips the
co‘nstéuctidn of the conditional cf<tree.

| In step 3.2, according to line 4 of Procedure 11S-Mine, the next frequent itemset is-cm, and
Procedure SkipFregltemset in line 7 is called. Lirie 8 of Procedure SkipFreqltemset checks that cnt is
a.menpber» in £7; . Next, lines 19-23 are checked, so cn-combines with the néxt item in SH(c), which
is p, aind we obtain cmp with-a support.of 3. The frequent iternset cmp ismot in Fi;, and p is-the last
frequ:cnt item in SH(c), so cm is set to be a root for a conditional ém-tree. The algorithm goes back
to linle 8 of Procedure [IS-Mine to construct a -conditional cm-trée, where the /IS Tree is-an input
tree, which is. illustrated in Figure 7. Supp(p) is less than minsup, hence. FS; (cm)=cm and FS,(cm)
are already members in FI;.
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@

|
’? Figure 6. Conditional cfin-tree Figure 7. Conditional cm-tree
\

\

In step 3.3, according to line 4 of Procedure 11S-Mine, the next frequent itemset is ¢p: Next,
at line 5, Procedure SkipFreqltemset is called, and ¢p is not a member in FI,. There is no frequent
item in SH(c), so thisprocedure is terminated, and we return to line 8 of Procedure I1S-Mine. After
lines 22 23 are checked, the niew answer is contained in FI;, which is cp. This step skips the

constructlon of a.conditional cp-tree.
The remaining steps such as the fourth main step, which constructs the IIS7ree and ‘is

lllustrated in Figure 2(d), and the fifth main step;. which constructs the 1IS,Tree and is illustrated in
Figure 2(e) are performed in thé same way in sequence.
The complete frequent itemsets are shown by item i Table 2 and by length in Table 3.

|

! .
[ Table 2. Complete frequent itemsets by item

| Ttem Fréquent itemset '
: a &, acfm, dac, df, am, cf,.cm, fm, acf, acm, amf, cfm
b b
c e, cp
Tl
m m
ya p
Table 3. Complete frequent itemsets by length

g m-Length Frequent itemset
| 1 a, b, ¢, fmp

i 2 ac, af, am, cf, em, ep, it

} 3 .acf, acm, afin,cfm

! 4 acfin

| The advantages of our algorithm are as follows. First, according to step 1.1.1 of Example 12,
the frequent itemsets acfin are obtained, which are derived from a conditional a¢f~tree. This step
shows. the properties of an extendable frequent itemset’, which are given in Definition 9 and
Procedure ExtFreqltemset in Algorithm 3. This step then finds all of the subsets of acfin, so we
denvel ten fréquent itemsets, which are ac, af, am, cf, cm, fm, acf, acm, amf and cfin, without
contributing more trées or using recursion to miine. Therefore, our -algorithm can reduce many
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Profess:onal Version 2002. Service Pack 3 operating system on a personal computer with 1 GB of
main memory and Pentium (R) CPU 3.00-GHz. All algorithms were ¢oded using C language. Two
groups of berichmark datasets, i.e. two synthetic datasets and two real datasets, were used.

Por the first group of datasets, wé also presented the experimental. results for two synthetic
datasetsl generated by the IBM Almaden Quiest research group [24-25]. The datasets serve as the
FIMI reposxtory, which is a result of the workshops on-frequent itemset mining implementations [26,
27]. TheT two original databases of synthetic datasets are T 1014D100K and T40110D100K, which are
‘sparse datasets The notation Tx[yDzK denotes a-dataset where K'is 1,000 transactions. Table 4 lists
the parameters of the synthetic-datasets, which vary. in the number of transactions, i.e. 20%; 40%,

60% and 80% of the original database.

l Table 4. Parameters of the synthetic datasets
|

1 i7 Average number of items per transaction
| i Average length of a frequent itemset

[ D] Number of transactions

!

1

For the second group of datasets, the feal datasets from the UCI machine learning répository
[28] were used to test‘the proposed method. The real datasets used in the experiment were Chess
[29] arid Mushroom [30], which are dense. datasets. with a gréat number of long frequent itemsets.
The charactenstlcs of the real datasets are shown in Table 5.

I
|

1

Table 5. Characteristics of real datasets

‘ Reaj dataset Description
Y eé's " | Avérage number of ’it_ems per transaction = 37, number of transactions = 3;196; and
number of items =75
i Musheooin - Average number of items per transaction =23, nuimber. of transactions = 8,124, and
o . number of items = 119
Run Time

hgures 8(a) and 8(b). show the performance of the algorithms on two synthetic datasets,
T1014D100K and T40110D100K respectively. In Figure 8(a), 11S-Mine performs better than FP-
growth in every support threshold. The gap. in the graph becomes larger as the support threshold:
decreases. In Figure 8(b), when the minimum support is set at 20%, 17. 5%, 15% or 12.5%, the run
time between the two algorithms is.not very different. However, when the minimum support is set at
10%,)7.5% or 5%; the run time of FP-growth increases significantly when compared to that of 1IS-
Mine, which confirms that 11S-Mine performs better than FP-growth, The results shown in Figures
8(a) and 8(b) can be explained as follows. With sparse datasets, when the minimum support is high,
the numbcr of frequent itémsets is low. However, when the minimum support is low, many frequent
|temsets are obtained. 11S-Mine is always faster than FP-growth methed, especially when the

{
|
I
|
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'min'unurﬁ support is low, because FP-growth constructs bushy and wide FP-trees when the minimum
support i:s low. So FP-growth is computationally expensive for tree traversing theé FP-trees. 11S-Mine
has the s‘tcp of finding the root node from previous frequent itemsets, which can reduce the number
of nodes and levels of the conditional itemset-tree. Therefore, traversing in the conditional itemset=
trée is on a reduced tree, which can result in a low run time consumption, However, the run time of
both algorlthms relies on the length of the transaction (as observed in a comparison of the graphs in
Figures S(a)» and 8(b) with a minimum support of 5%); when the transaction is long, so it the run
time of both algorithms.

80 - 4000 ~

60 | / “TI0M4D100K 3000
] s § mo— lIS-Mine |
20 - ;

| i / | e FPgiowth

| T40110D100K

Run time (s)
g9
{o]

Run time (s)
-
= O
k=1 f]
(= =] <o

'K\«
!
i
3 gl
& i
&

:0 R . 1 I . é - : NS o
: 5 3 2 | ’ = 7 d /RS
| Minimum support (%) Minimum support (%)
! @ _ ' (b)
_i50 8 _
@ a0 Chess .6 Mushroom
2130 ' g i
= 0 AW - £ 4 ¢ —+=[IS-Mine
[t ]I = H
5 110 5 = { —a— FP-giowth
’ 0 n > - _“}P-gmw[h e s T 1
% 80 70 60 30 T ey Y10
! ‘Minimum support (%) Minimum support (%)
© (d)

Fig;ure 8. Run time of mining on: a) T1014D100K; b) T1014D100K; ¢) Chess; d) Mushroony

‘Fig'ures 8(c) and 8(d) show the performance of algofithms on two dense datasets: chess and
mushroom Figure 8(c).shows that the run time of IIS-Mine is better than that of FP-growth in every
support threshold. The run time of both algorithms in¢reases when the minimum support threshold is
rcduu:d to 50%. In Figure 8(d), IIS-Mine again performs better than FP-growth in every minimum
support The run time of FP-growth increasés significantly compared with I1S-Mine when the
mmnmum support is less than 30%.. The results shown in Figures 8(c) and 8(d) can ‘be explained as
fo]lows. In the two Figures, HS-Mine is faster than FP-growth for dense datasets. The main work in
FP-grojwth is traversing FP-trees and constructing new conditional FP-trees after the first FP-trée is
constricted from the original database. For dense datasets, we have found from numerous
experiments that the time spent on traversing FP-trees is very long. 11S-Mine improves this problem
using the property of extendable iterhsets to reduce the number of recursive mining steps so that the
size an:d number of construct'in_g_ and traversing the trees aré reduced. The run time of 1IS-Mine is
then less than that of FP-growth,

|
|
|
!
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Memory: Consumption
Figures’ 9(a) and 9(b) show the memory ¢onsumption of the algorithms on the synthetic
'datasets.! 'In Figure 9(a), FP—growth consumes more memory than I1S-Mine. The graphs. clearly

separate lout when the minimum support is less than. 3%. In Figure 9(b), there is no difference in

memory consumptxon until the minimum support is less than 15%. Thus, we can see that 1IS-Mine

-consumes less memory than FP-growth on synthetic datasets. The large memory consumption of FP-

growth when running on synthetic datasets can:be explained by the fairly low minimum support and
the presencc of many single itéms in the datasets; therefore, FP-growth constructs wide and bushy
trees to]mme all frequent itemsets. However, 11S-Mine uses the property of extendable itemsets,
which reduces the construction of conditional itemset-trees, and uses the step of finding the root
node ﬁ'om previous frequent itemsets. Therefore, the node construction and tree sizes are reduced,

resultmg in a reduction in memory consumption.

-t

f-400000() -
TioMDI0OK| | 13000000 '
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Fl‘gure 9. Memory consumption of miriing on: ) T1014D100K; b) T40110D100K; ¢) Chess;
[ d) Mushroom

|
!

‘ Figures9(c) and 9(d) show that the.memory consumption of I1S-Ming is less than that of FP-
growth on dense datasets, Figure 9(c) shows that when the minimum support is Jess than 80%, the
memory consumption of FP-growth increases significantly compared with that of [IS-Mine. Figure
9(d) allso shows that when the miinimum support is less than 30%, the gap of the graphs clearly
wxden]s, which confirms that FP-growth consumes more memory than T1S-Mine. In both figures, FP-
growth consumes a great deal'more memory when the minimum support is low because FP-growth
has constructed large FP-trees for mining all frequent itemsets, whereas I1S-Mine uses the property
of’ extendable itemsets, which perform better for dense datasets.. Consequently, the recursion of
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i
mining frequent itemsets in-the next loops is reduced. Therefore, the construction of nodes and the
sizes of the conditional item-ttees are reduced.

.Scalablhty

1The scalability of the algorithms was tested by running them on datasets generated from
T1014 flmd T40110. The number of transactions in:the datasets ranged from 20X to 100K, where K is
1000 transactions. In Figure ]0(a) and Figure 11(a), the algorithms were run on all of the datasets
generated from T1014 at & minimum support of 1%. Both run time and memory consumption were.
recorded. Figure 10(a) shows the speed scalability, which means that the number of transactions
mcreas%s as the run time increases. Figure 11(a) shows the memory scalability of the algorithms; the
curve of FP-growth is over that of 11S-Mine; which means that FP-growth consumes more memory
than IfS—Mine The figure also- shows that the memory consumption of the algorithms increases
lmcarly with the size of the datasets.

;In Figures 10(b) and 11(b), the algorithms were run on all of the datasets generated from
T40! 10 at a minimum support of 5%. Both. run time and memory consumption were recorded.
Flgurel 10(b) confirms that the run time of both algorithms relies on the length and number of
transactions: if the length or number of transactions increases, so does the run time of both
algorithms. However, the run time of JIS-Mine was better than that of FP-growth: for every riumber
of tran:sactions. Figure 11(b) confirms that the memory consumption of the algorithms increases with
the length and number of transactions; However, the memory consumption of I1S-Mine was better
than lkllat of FP-growth for every number of transactions.
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Figure 11. Scalability of memory consumption on: -a) T1 014;b) T40110
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CONCLUSIONS

A data structure called inverted index structure (1IS) can.store transaction data by scarining a
database only once. Chianging thé minimum support does not-affect the IIS and rescanning of the
database is not required. A new algorithm called IIS-Mine can find' frequent itemsets without
generatihg candidate itemsets. It employs a more efficient use of the extendable-itemset property to
reduce the number of recursive.steps of mining. The node construction and the size of trees are then
rcducedl thereby reducing the run time and memory -consumption. Although the proposed method
a'ccesses? the IIS structure- thultiple times, eéxperimental results demonstrated that for dense datasets
the IIS-Ming algorithm s better than FP-growth algorithim in run time and space consumption.

i i
ACKNOWLEDGEMENTS

'lh\s work was supported- by the National Centre of Excellence in Mathématics, PERDO,
Office of the Higher Education Commission; Thalland

. \
REFERENCES

1. L Han and M. Kamber, “Data Mining: Concepts and Techniques”, Elsevier, Maryland Heights
(MO), 2006, pp.227-231.

2. L Han J. Pei, Y. Yin.and R. Mao, “Mining frequent patterns without candidate’ generation: A
ﬁcqucnt—pattem tree approac _”,.Data_Mlntng-Knowl. Discov., 2004, 8, 53-87.

3. G. Grahne and I. Zhu, “Fast algorithms for frequent itemset. mining: using FP-Trées”, [EEE.
Trans. Knowl. Data Eng., 2005, 17, 1347-1362.

4, R.!Agrawal, T. Imielinski and A. Swami, “Mining association rulés between sets of items in.
large databases”, Proceedings of ACM SIGMOD International Conference on Management of
Data, 1993, Washmgton, DC, USA, pp: 207-216.

5. |Agrawal and R. Srikant, “Fast algorithms for mining association rules”, Proceedings of 20th
International Conference on Very. Large Data Bases, 1994, Santiago de Chile, Chile, pp.487--
499.

6. T.! H. N. Vu; J. W. Lee and K. H. Ryu, “Spatiotemporal pattern mining technique for location-

based service system”, ETRI .J., 2008, 30, 421-431.

7. ;Han, J. Pei and Y. Yin, “Mining frequent patterns-without candidate generati‘on”, Proceedings
of ACM SIGMOD Internatiorial Conference on Management of Data; 2000, Dallas (TX), USA,
pp.1-12.

8. 1 lPei, J. Han, H. Lu, S, Nishio, S. Tang and D. Yang, “H-mine: Hyper-structure: mining of
frequcnt patterns.in large databases”, Proceedings of IEEE International Conference on Data
Mmmg, 2001, San Jose (CA), USA, pp.441-448.

9. A' Piétracaprina and D. Zandolin,. “Mining frequent itémscts using Patricia- tries”, Proceedings.
-of 3rd IEEE Intematlonal Conference on Data Mining, 2003; Melbourne (FL), USA.

10. G‘ Gratine-and:J. Zhu, “Efficiently using Prefix-Trees in mining frequent itemsets”, Proceedings
o‘f 3rd IEEE International Conference on Data Mining; 2003, Melbourne (FL), USA,



|
|
: 67

|
|
\
1
{

| 150

Maejo In't. J. Sci: Technol, 2012, 6(01), 130-131

il

12.

13.

14.

15,
l16. M

17,

18.

19,
20.
21.

22.

24,
25.

26.

Q. Zhu and X. Lin, “Depth first generation of frequent patterns without candidate generation”,
Proceedmgs of 11th Pacific-Asia Conference on Knowledge Discovery and Data Mining, 2007,
Nanjmg, China, pp.378-388.

S. Sahaphong and V. Boonjing, “The. combmatlon approach to frequent itemsets mining”,

Proceedmgs of 3rd International Conference on Convergence and Hybrid Information
Technology, 2008, Busan, Korea, pp.565-570.
V. K Shrivastava, P. Kumar and K. R. Padasani; “FP-tree and COF1 based approach- for mining
of multlp]e level association. rules in large database”, Int. J. -Comp. Sci. Inf. Secur., 2010, 7,
273 279.
L. Huang, 1.2 Llang, Y. Pan and Y. Xian, “A complete attribute reduction algorithm based on
1mproved FP tree”, Proceedings of International Conference on Circuits, Communications and
System 2010, Beijing; China, pp.1-4.
u. IYun and K. H, Ryu, “Approximate weighted frequent pattern mining with/without noisy
envn'onments” Knowl.-Based Syst., 2011, 24, 73-82.

. i’J . Zaki, “Scalable algorithms for assoc‘latlon mmmg”-, IEEE Trans. Knowl. Data Eng., 2000,
12,1372-390.
M.|J. Zaki and K. Gouda, “Fast vertical mining using diffsets”; Proceedings of 9th ACM

SIGKDD International Conference on Knowledge Discovery and Data Mining, 2003,

Washington, DC, USA, pp:236-355.

D. |J. Chai, L. Jin, B. Hwang and K. H. Ryu, “Frequent pattern: mining using bxparme graph”,
Proceedmgs of 18th International Conferénce on Database and Expert Systems Apphcahons
2007 Regensburg, Germany, pp. 182-186.

J. Dong and M. Han, “BitTableFl: An efficient. mining frequent itemsets algorithin™, Knowl.<
Based Syst., 2007, 20, 329-335.

W.‘ Yen, “A new mining algorithim: based on frequent item sets”, Proceedings of International
Workshop on Knowledge Discovery and Data Mining, 2008, Adelaide, Australia, pp.410-413.
WI Song, B. Yang and Z. Xu, “Index-BitTableFI: An improved algorithm for mining: frequent
ltemsets Knowl.-Based Syst., 2008, 21, 507-513. :

S. Sahaphong and V. Boonjing, “Mining of frequent itemsets by .using the property of
extendab]e-xtemset” Proceedings of 7th International Joint Conference on Computer Scierice
.and Software Enginieering, 2010, Bangkok, Thailand, pp.168-173.

. S Sahaphong and G. Sritanratana, “Mining of frequent itemsets with JoinFI-Mine algorithm™,

Proceedings of 10th WSEAS International Conference on Artifi cial Intelligence, Knowledge
Engineering and Database; 2011, Cambridge, United Kingdom, pp.73-78..

Frequent Itemset Mining Dataset Repository, “T1014D100K”; http:/fimi.cs.helsinki.fi/data/,
2003 (Accessed: January 11, 2010):

Frlequent [temset Mining Dataset Repository, “T40110D100K”,. http:/fimi.cs.helsinki.fi/data/,
2003 (Accessed: January 11, 2010):

Workshop on Frequent Itemset Mining Implementations, http: //fimi.ua.ac.be/fimi03/, 2003
(Acces_sed. January 2, 2010),



f 68
|

| 151
Maejo Int. J. Sci. Technol. 2012, 6(01); 130-151
|
27. Wo?rkshopv on Frequent Ttemset Mining Implementations,. hitp:/fimi.ua.ac.be/fimi04/, 2004
(Aéccss.ed:- Janary 2, 2010).
28. UCI Machine Learning Repository, https//archive:ics.uci:édu/ml/, 2007 (Accessed: March 185,
2010):
29. UCI Machine Learning Repository, “Chess”, “http://archive.ics.uci.edu/ml/datasets.html, 1989-
(Accessed: July 19, 2010).
30. UCI Machine Learning Repository, “Mushroom”, http://archive.ics.uci.edu/mV/datasets.html,
1987 (Accessed: July 19; 2010).

© 2012 by Maejo University, San Sai, Chiang Mai, 50290 Thailand. Reproduction is permitted for

noncommercial purposes.




JCSSE2

Abstract

In this paper, we propose a new approach fo mine
all frequem itemsets from a transaction- database.
The mam Jeatures of this paper are: (1) the proposed
data stricture is performing only one time database
scanning (2) the changing of the minimal suppott

threshold is not affected by this structure and .

rescanning of database is nol required, and (3)
reduction of the subseqiience steps to-mine frequeiit
itemsets by using an efficient property of extendable-

itemset which can quickly find frequent itemsets. We-

have | conducted the examples of all definitions,
measured the perforinance and simulated experrmeni

by comparison with the FP-growth algorithm. The

results demonstrate that our method can. mine
JSrequent itemsets faster than the FP-growth
algorithm.

Key [Words: association rule mining, data mining,
frequent itemset mining, frequent pattern mining

1. Introduction

Frequent pattern mining is the essential role for
discovering the -interesting associations and relations
in various kinds of database, including -transaction
database, time-series database and etc. The frequent
pattern mining -problem was. first ‘introduced by
Agrawal et al. in [I]. The algorithm was then
improved by Agrawal. et al, called the Apriori
algorithm which is proposed in [2]. The Apriori
algorithm uses 8 leyel-wise and breadth-first. search
approach for generating association rule. The Apriori
algorithm [3] based on generated and tested candidate
itemsets have problems of increasing 1/O load and
time consuming: The problenis in the gbove
meglxoned are improved. The FP-growth algorithm is
the most popular of these improved algorithms which
is developed by Han 1 et al.in [4], [5]. The EP-
growth algotithm mines frequent itemsets without

Mining of Frequent Itemsets Using Extendable-Itemset Property

Supatra Sahaphong'? and Veera Boonjmg
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King Mongkut’s Institute of Technology Ladkrabang, Bangkok, 10520, Thailand.
Department of Computer Sciencé, Faculty of Science,
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generating candidate sets and scans database x_m‘l'yv
twice. The FP-growth performs depth-first search

approachi in the search space. 1t encodes the data set
using a compact data structure called FP-tree and
extracts frequent pattern directly from this prefix tree.
There are many approaches that have: been proposed
to éxtend-and improve this algorithm [61-(9]. Most of
the FP-tree algorithm base may restart and scan
database twice "when the changing of minimal
support. Many researchérs have proposed ways 1o
scan database once. Eclat.algorithm was proposed in
[10] to. generate. fréquent patterns in a- depth-first
search -and used the join step from the Apriori
property, since no candidate itemsets can be found. In
{11], they proposed a data structure, called LIB-graph
to contain dala when database is scanned. However,
these algorithms have some drawbacks such as: (1)
the algorithms need to construct their data structure
when the minimal support is changed so when the
user would like fo test new a-support threshold,. the
algorithms must restart again; and (2) all of the FP-

‘tree based algorithms have problem of many

recursive sub-trees,
From the above mentioned, our motivations are to

find new way to improve the running time of mining

steps such as: (1) .the changing of the niidimal

support threshold is not affected -with the data

structire arid rescanning of database is not requxred
and (2) the reduction of the recursive steps of niining
of frequent itemsets.

In this paper, we propose an efficient data
structire and major steps to'mine frequent itemséts in
transaction database. The data structure performs
database scanning only once. The new step to mine
frequent itemsets which reducés subsequence of
minitig by ‘usirig. an efficient property, called
extendable-itemset, o that we can quickly find
frequent itemset fastér than the classic algorithm,
named the FP-growth. algorithm. This paper is
organized as follows. The basic concept is presented
in- section 2, followed by the approach which is
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presented in section 3, the experimental result is
shown in section 4 and the finally, the conclusion is
addressed in section 5.

2. Basic Concept

This section introduces basic concepts for mining
of frequent itemset. All definitions in this section are
proposed by J. Han et al in [5][12], as follows.

Let /={x;X;...X,} be a sct of items and a
transaction database DB={T,T,, ... T,}, where
T,(i€[1..n]) is a transaction which contains items in /.
The support or supp (or occurrence frequency) of a
pattern A, where A is a set of items, is the number of
transactions containing A4 in DB. A pattern A is
frequent if A’s support is no less than a predefined
minimum support threshold, minsup. An item x is
called a frequent item if supp(x)>minsup, otherwise it
is called infrequent item.

Given a transaction database DB and a minimum
support threshold minsup, the problem of finding the
complete set of frequent itemsets is called the
frequent itemset mining problem and any element of
the complete set is called a frequent itemset. For
greater understanding, we provide an example to
describe the above definitions.

Example 1. We use an example of the database which
was used in [5]. Here Table 1 is a DB. It consists of
five transactions 7),73,73,7g.and 75, labeled as
Transactions in the table, and seventeen itemis a, b, ¢.
d e f g hiljkl mn o pands,labeled as lrems
in the table. For example, the first transaction is 7,
containing /. a, ¢, d,g, i, m, and p.

Table 1. A transaction database

Transactions lrems
7 facdgimp
I abeflme
73 bfhja
y A hcksp
Ty afcelpmn
3. The Approach

3.1 The Proposed Data Structure

In this subsection, we present a data structure that
contains transaction data, called /nverted Index
Structure or HS. The IS is a form of structure which
has a relationship between items and the transactions
included within. The IS is constructed from a scan of
DB once, and the original /IS can support every
minsup threshold. Therefore it does not need to
rescan the DB when minsup threshold is changed.
According to definitions in the previous section, we
give a new definition, an example and construction
steps to present how to make the /JS.

Definition | (Inverted Index Structure)

Let T,={x,,X3.X3,....X,,} be a transaction in DB, where
i=1,2,...mandx; is an item for j=1.2,..m. An
inverted index structure (or [IS in short) is the
structure constructed from a scan of each 7; in DB
only once. The IS consists of the attribute of items in
1 and the set of transactions in DB, where / is the set
of all items in DB. Each row in //S contains an item
in 7 and transactions in DB which contain such an
item. The set of transaction will be written in order
according to the assending of its identification
number.

With the above definition, we present the steps to
construct the /IS by using the following example.
Example 2. We use an example transaction database
DB in Table 1. The DB is scanned once to create the
JIS. The scan of the first transaction is 7; which
consists of items £ a, ¢, d g i m and p. The
transaction 7, will be inserted into a corresponding
item named ordering by assending sort of items (q, ¢,
d. f. g i m, p). The T, will be the first transaction
inserted at the transaction of item <a>. The second
examined item is <c>, we insert T; at item <c>. Next,
we examine item <a>, we then subsequently insert 7
at item <d>. The remaining items (/, g, i, m and p) in
T, can be done in the same way. The remaining
transactions (73, 75,74 and 7s) in DB can also be
done in the same way. In figure 1, we present only
rows of frequent items (a, b, ¢, /. m, p) and omit the
infrequent items (d, e & A i j, k I n, 0).

Items Transactions
a T; T3 Ty
b 7, T3 T
c v A 7 = P
Vi 7 % I\ 7% |
m 7 Ty ] T l
3 Lo T 171l

Figure 1.!ter;ié of the /1S after scanning DB once

The construction of the /IS has five major steps,

presented as figure 2,

Stepl. ~ Construct the header table of a set of items (/).

Step2.  Check all transactions (7) in database (DB). If
there is any 7'in DB, then step 3 and step 4 are
repeated until there is no 7 in DB, otherwise
perform step 5.

Step3.  Read 7 from DB and sort items in 7.

Stepd,  Link 710 each corresponding item in the header
table.

Steps. Em.

Figure 2. The construction steps of the /IS
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Based on the above definition and figure 2, the 7/S
structure is constructed after a scan of DB only once
and the. frequent items -are found. The /IS represents
the relationship between each item .in [ and
transalctions T so that this structure can support all.of
mmsup. .
32 The Proposed Mining Steps

In t'hxs subsection, we presefit new steps that use a
new tree structure, called the [iS;,,Tree, to mine
freq‘utlem itemsets. The main features of this proposed
methtl:od are: (1) the frequent itemset is found without
generatmn of candidate itemsets, (2) the subsequence
of the mining steps dre reduced by using the property
of ax(endable—ztemset and (3} the-proposed method
supports mining of frequent itemsets with any minsup.
threshold without rescanning of database. From the:
above features, we can quickly find the frequent
1temslets and obtain.complétely and correctly fréquent
itemsets, We give the definitions, the éxamples and
the mmmg steps for: presentation of how to mine
frequlem itemsets.

Deﬁmtlon 2 (l[S,,c,,, Tree)

An 1S, Tree is a ttee structure which is constructed
fmm! frequent items in the J/S. Tt is & finite set of oné
or more nodes with the-following structure.

n lt consists of a root and a set of the children of
the root

@) Ir',ach node in this subiree. consists of five fields:
item:name, suppott, same-item, parent and child
wh‘ex:c;- item-namé registers which item: this node
rep'r?senls, support -régisters the number of
transactions represented by the portion of the path
reaching this node, same-item represents a pointer
which points to the node in the IS;,,;; Tree carrying
the lsame item-narne, parent tepresents. a ‘pointer
which points to previous node in the same path, and
ch:Id represents a- pointer which points to the child
nodt

(3) [The header table consists of two fields: item=
name.and head of node link where head of node link
represents a pointer which points to the first node in

|
an IS, Trée cartying the ifem-name:

Example 3..In this example, we describe the steps of
construcnon of. all the IISI,,,,,,Trees except the last-
frequent item <p> by using the /IS in figure 1 and
mm[sup*3 The fifst frequent item in the IS is
<a>, 50 we. first construct thelfS,Tree and item
<a> is a root. We obtain two paths which are
(<a 2>, <e:2>,<fi 2>, <m:2>,<p: 2>) and (<a:l>,

<bil>, <¢:1>, <f11>,<m:1>). The first path.consists
of | frequent items (<a><c><f><m><p>) which
appears twice in DB. Similarly, the second path
mdxcates the frequent items (<a>,<b><c><f><m>)

which aré contained in only one transaction in DB,
These. two paths share the frequent item <a>
together, 50 <g> appears three times.in DB. After the
mining. of frequient itemsets process which will be

-explained in the next example, we construct the niext

{ISyem Trée. 1t is the I[IS,Trée, the prior frequent
item,<a>, is omitted.. In figure 3 all of the
IS, Trees except the last 1S, Tree are illustrated.

Figure 3. The. ISy, Tree

Base on the above definition, we have the main
steps of 1Sy Tree construction.

Stepl. Construct the header tableof frequent- items ()
Step2.. - Check alkx.in the 275, Wthere s any x in the /1S,
- then siep- 310 5tép 6 are repeated nntil there are no x
in the /IS, otherwise perform step 9.
Su:p3'. Read the frequent item in the I/S..
Stepd.  Create rootnode (R) and initial suppont of R 10 L.
Step5.  Link R-to header table.
Stepb.  Checkall x which has transaction (7) similar R:
If the next x is-not the lagt & in the /18; then perform
step7 and step8, otherwise perform step9.
Step?.  Pecform reading the next x(¥) in /IS which similar
i Twith & until meet lagt gimilar T of last x,
Step8:  Construct of the IISRTree. If tree has child node €
C which item-name-of C is the same item-name of ¥
then increment support of N by 1 and link ¥ to
beader. table.
Stepd.  End stép.

Figure 4. Construction steps of the l/Si., Tree

Definition 3 (Combine-itemset)
Lét bibe arbitrary frequent item,. ininsup>0 be a
minimum support threshold, -and
let Pe=(<by:$y>,...,<bygs;y be a path of a
conditional tree 7, where <by:8)>,....<b:s;> are all
nodes of T and b, is the oot of T Then a combine-
itemset Of by,....by with rcspcct to P is denoted by
cig(P).or <by..by>, and is defined by the set of
..,bi. The set of all combine-itemsets of &),...,5;
thh respect to: P is denoted by CI(P). If no
confusion arisés, <by.b;>, is replaced by
<by.:.by>

Definition 4 (Extendable- itemset)
Let by, mirisup and P be given as in Definition 3,
where %32, An extendable-itemset of length m with
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respect to P is a nonempty subset of the set
<by,. 'bk> which has at least two 1tems If an
extendable—xtemset of length 'm is {b;...., } and
b, <. <b where < is the lexicographic. order, then it
is denoted by <b;,...b;,, > . The set of all extendable-

xremsels of length m is. thh respect to Pi is denoted by
EI,,,(P_)

Deﬁm!uon 5. (Fre(;uent—ltemset' of m-length)

Let by, minsup, and P be given in Definition 3. Then'
a fre:quem-xtemset of length T is given by
FS) = {{x} [v€l, supp(x)>minsup} and a frequent—
rtemset of length m>2 with respect 10 P is given by
ps,"(P) = ClL,(PYUEL(P).whet C1,,(P)= (D

mek
s and| EL(P)=0. Any element {b;} of FS, (P) is
denoted by <b>. The frequenr-itemset of length »i
is ngen by FS,, = U{FS,(P)|P is a:path of condition
tree o'f length at least.m}.
Définition ¢ (Frequent-nemset y)
A frequent—xtemset is given by Fli= UpoFSy,
whcre # is the' maximum depth of conditional tree for
whxch the root is at level one.

Example 4, This example exp]ams the details of
processmg steps to mine frequent itemset by
examining the F$; item.in the figure | in sequence
accor‘dmg to an example 3 and figure 3.

First, ‘the. /IS, Tree has: two paths which. are
(<a 2;><<:2> 2> <m:2><p:2>y and (<a:1><bi 1>,
<e:1>,<f 1>, <m:1>). We construct the conditional
tree, as presented in figure 5(a). We. discard the nodes
whxch have  support less than  minsup,
(<b; l> and <p:2>). We getapath Py =(<ai3>,
<¢: 3> <f:3>, <m:3>) which is no less. than minsup,
s0 we obtain ciy(Py) is <acfmi:3>. We then save
<afcm> {o- FSs(P)). Therefore,
FS4(P1) CL(P)) U E1(P,)= {<acfin>} U &
—{<acfm>} Then we will find fréquent itemsets
whnch is generated by <acfw> from the following.
steps

The first step, we shall start finding all of
exterlzdable-xtermete of length 2. as follow. Since
EL(P))={dcafam,cf.emfm)}  and CL(PY) =8,
F&(Py)= fac,af.am.cf.cmfm},

N’ext we shall start finding all of extendable-
itemsets  of length 3 as follows.. Since
El3(P,) = {acfacm.afmicfm}, we save EL(P). to:
FS3(P) = ChL(PY) UEI;,(P,) {acf,dem,afm,cfin}
because Cl3(Py)=

We can obtam the frequent itemsets  in
FSZ(PI) and F§$3(P)) by using the property of
arrelndable-rtemset We can skip the. remaining:
recursive steps for construction of the. conditional
tree so we reduce subsequent stéps of ‘mining, We

can quickly find £L(P)) and EX(P)from ciy(Py).
Therefore, the fréquent itemisets are obtained from
the 1S, Tree is
{<a:3> <acfim3><ac:3>,<af:3><am:3>,<cf:3>, <em
13>, &fim3>; <acf:3¥<acm:3><amf.3>,<¢fm:3>} in
. sequence.

Second, the 115, Tree has multlple paths, We omit
the pnor FS\(<a>) and construct the-conditional tree,

.as seen in figure 5(b), we obtain only one frequent

itemset, <b:3> because the supports of frequent items
<¢i2>, <f2>,<p1> and <p:1> are less.than minsup.
Third, the IIS.Tree has two paths which are
(<e13>, <f3>, <m3>,<p:2>) and  (<cil>, <pil>).
Notice:that we have omitied the prior F§; (<a> and
<b>), We examiine at the node <p> and construct the
conditional tree. (<c:3>, <p:3>)as shown in figure

“5(c) on.the left hand and get ci) (Py) = <cpi3> so that
we save <¢p> to. FS;(Py). Next, we examine at the

node <m>and -construct the conditional trée
{(<c:3>, <f3>, <m:3>) as shown in figure 5(c) on the

right <hand, we. obtain ci3(Py)= - <cfmi3>, we have.

found that iy (Py) s saved in F5; so that we eXit for
this siep. Therefore, the frequent itemsels. that are
obtained from the IS, Tree is {<¢:4>, <¢pid>}.
Fourth, the IIS[Tree is a path which s
(%4>, <m:3>,<p:2>). Notice that we have omittéd
the prior FS(<a>, <b>and <¢>). We construet the
conditional  tree  which  has  ome  path,

(&3>, <n:3>);as shown in figure 5(d). We obtain

¢iz(Py) = <fm:3>, we have found that ci(P)is
saved in FS; so that we exit for this step. The

frequent itemset that i5 obtained froim the I8, Tree is

only {<fi4>}.

Fifth, the [IS,Tre¢ has one path which is
{(<m3>, <p:2>). In figure S(e), we get only <m:3>is
no less than minsup, so <m>is the frequent iteniset.

The last frequent item 'is <p> so we do not

-construct the /IS, Tree because it is the last frequent
item. Therefore, <p> is the frequent itemset.

G.ede

(a) (©) @ @
' Flgure 5. The conditional tree

~Based on the above definitions and examples, we
have the major steps to mine frequent itemset, seen as
figure 6.
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Check all items (x) in /IS by sequential reading. If
the support of x is greater than rivinsup, then
perform next step, otherwise read the next x.
Step2;  Save x to frequem itémset. which hag léngth of
~ | frequentitem is one (FS)).
Step3.  Construction //S;=Tree of x ssing steps.in figure 4
Stepd.  If/IS;Tree of x is notan empty tiee, then perform

: the next step, otherwise perform stept,
Steps:  Constriction of the conditionst tree {#) of root (x)
S:ep6‘. Generate frcqucnt itemset with.combine-iteinset of

Stepl

Table 2. The time complexity of the FP-growth

-algorithm
_Stép | The operation Time complexity
1 The .scanning of DB. | DB scanning: O(TxJ)
to-find £S;
T2 The pruning of FS- Pruning: O(Tx1)
and the sorting of FS; | Sorting: O(TxNloghj

3 The Generation of | DB scanning: O(T*])

the FP-tree Tree generation: ON%)
4 The scanning of the. | Tree scanning: O(N xlogh))
FP-tree and mining | Pattern mining: O(MV)
with the FP-Growth

! path (ci(P)) from .
Step7. If the size of ci(P) is.greater then 2, then find non
cmpty subset of c¢i(P) and save to fabl

ifepser of path. (EF)), otherwise tiove empty set
to EI(P) and perform next step.

Step8.  Save all ¢i(P).and EI(P) t0 frcqucm iternset of path
(F5(P)) which separate by size of FS(P).

Step?,  Union all size of FS(P) to each length (m) of

frequent itemset (FSp).
Stepl0.  Union all FS,, to answer set (F1).
Stepll. End step.
Figure 6. The major steps to mine frequent
itemsets

3.3 The Performance Analysis

In this section, we measure the performance of our

meéthod with the FP-growth by using the time
complexity analysis. We  consider  several
componcnts such as the scanning of DB, the
generation of the new data structure and the mining
steps] of frequent itemset. The complexity of two
méthods is compared in Table 2 and Table 3. Our
method reduces two operations which are scanning of
DB once for creation of FP-tree and doing operations
thhout the sorting for FS;. The perfonnance analysis
results demonstrate that our method is faster than the
FP-growrhi in the number-of times of operation. For
time complexity analysis, we Jét 7 be the number of
trans]action { be the average number of items in each
transaction, and N be the.number of FS,.

The opemtnon of the FP—grawlh algorithm consists
of four main steps. (1) The scanning of thé database
oncelto find FSy, (2) the construction of the header
tablel from FSi by descending support sorted and
infreguent itemsets are discarded, (3) the scanning of
the database for the second times to construct the FP-
tree,land (4). the exploring of the frequent pattern
from‘ FP-tree by using the FP-growth algorithm. The
time| corplexity for the four operations ‘is illustrated
in Table 2.

'I'he operation of our method is divided into-three
steps (1) The scanning of the database to construct
the 7S (2) the generatlon of the IIS,,e,,, Tree by
scanmng frequent items. in the JIS; and (3) the
scarming of the /IS;. Tree to mine fiequént ifernsets
with our mining steps. The time complexity for the
three operations is illustrated in Table 3.

——— e e e e

Tabie 3. The time complexity of the proposed.

method
“Step The opération Tinie compléxity
I The 'scanning of DB | DB séanning: O(Tx)
. to-construet the {15 g
~'2 | The Genération of the | /ISscanning: O(NxT)

Sy Tree FS pruning: O(T'xd)

. . Tree ggﬁrauon ONX)

3 | The scending of the | Treescanning: O(N XJogh}
HSiem Tree and the Mmmg stepsy O(N‘ )
proposed fining steps

4, The Experimental Result

This section.presents performance measurement by
the simulation experiment. The performance of our
method is compared. with the FP-growth algorithm
under Microsoft Windows XP- Professional Version
2002 Service Pack 3, with a personal computer
consisting of 1 GB main memory, and Péntium (R}
CPU 3.00 GHz, All algorithms are coded by using C
languagé: The éxpefiments show the. runtime of both

-algorithms with difference datasets when minimum

support threshold is vari¢d. We use synthetic datascts

‘which are.generated by using the generator from.the

IBM Almaden Quest reseatch group and available on
[13]. The synthetic datasets are: T/0/4DJ00K and
T40110DI00K. These two datasets are sparse
datasets, as-shown in Table 4.

Table 4. The datasets used in the experiments
Dataset " Description

TI0/4DI100K" | Thé average itén per transaction s 10, the.
-average length of maximal frequent
itemset is 4;.and the aumber of transaction
is 100,000,

T40110D100K | The average item per.transaction is 40, the
| average ‘length of maximal frequent
itemset is 10,.the number of trapsaction is
100,000,

The gtaph in figuré 7 shows that our method is
better than the FP-growih algorithm in every support
threshold. Clearly, the. gap of the graph becomes
larger as the support threshold goes down. In figure §
‘confirms that when the length of transaction is long,
the runtime of both glgorithms are. also lohg. This is
because the runtime. of both algorithms rely on the
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|
7
|

1
lcngth! of iransaclion. ‘'We compare the graphs
between figure 7 and figure 8 with minimum support
is 5. The.runtime of both algorithms increases when
thc.mi{nimal support decreases: However, the runtime
‘of our méthod is still faster than the FP-growth

algorithm every support threshold because it has the
operation of extendable-itemser so that the number of

recursive of mining-are reduced..
80 -
70 4 —— FP-growth
60 —— 1IS-Mine
8 40 -
2
@: 30 -
[B=3 -
g 20 4
1 10 -
0 1 5=
! 2 3 s
Support t}\rt‘;shold‘(%)
Figure 7. Comparison of running time:
! (T1014D100K)
|
4000
sl ~4— EP-growth
o0 - -~ 11S-Mine
fg 2500
8 2000
g 1500
E 1000 -
-4
500 -
0 E
0N S e e
'\" = 2‘ - '.:‘ o~
Support threshold %)
Figure 8. Comparison of running time
(T40110D100K)
5. Conclusion

\hlle have presented a data. structure that contains

transaction data by scanning a database only one
time, named JIS. The changing of the minimal
support is not affecte [iS and rescanning of the

database is not required. This new niining steps-has

the | ability to find frequent itemsets without

generation. of candidate itemsets. It employs fmore
efficient use property of exrendableitemset which
reduces recursive steps of mining. We measure the
peérformance of our method with the FP-growth
algorithm by nsing the time complexity analysis and

i

the experimental. The results demonstrat_e that our
method is faster thati th¢ FP-growth algorithm in the

number of times of operation. However, our-method

requires more space. In the future research, we will

ry to improve both space consumption and time
-conisumiption..
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Abstract

Ir
ilemse.
SElm

=

his paper, we propose a new mining.of frequent
s algorithm, called SFl-mine algorithm. The
ne constricts paerri-base by using a néw

method which is different from the conditional patiern- .

base i FP-growth, mines frequent itemsess with a new
combiiza{ioh method withont recursive construction of
conditional FP-trees. It obtains complete -and correct
frequejnt itemsets, We have conducted-the examples of

all definitions and correciness proving:
1. Introduction

Frclquem itemsets mining is useful for discovering
the interesting associations hidden in large database.
The uncovered associations ¢an be represented in the
form of assoctation-rule or sets of frequent items. The
association rule was first introduiced il [1]. The classic
’app_lixl:ation is market basket analysis which is the
analysis how the items- purchased by customers are
assocliatcd. The association rule is wildly applied.in
many, research fields such as decision support,.
financial forecasts, bioinformatics, web mining, efc.
Moreovet, it helps in data classification, clusteringand
others data mining task as well. The association rule
mining algorithms is to decomipose into (wo “major
subta:sks: :
(1) To generate all the frequent itemsets that satisfy the.
minstip threshold: i
(2) To exiract all the high confidence rules from-
fréqdc‘nt itemiséts found in previous step.

I'n‘ recent years, many researches have been focusing
on the mining of frequent itemsets. The most popular
and classic algorithm is the Aptiori algorithm which
was first introdirced in.[2]. There are many approaches
based on this algorithm such as [3] 4] [5). However,
Apriori ‘based algorithm has. problem of scanning
database many times .to. generate candidate = sets.
especially when dealing with the database. with a lot of
long itemsets. "To overcome this problem;. many
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algorithms have been proposed. The FP-growth
algorithm is one of these improved algorithms and is
among the most popular which is introducéd by [6]
The FP-growth algorithin mines frequent itemsets
without ‘generating candidate sets and scans database
only ‘twice. Many: approaches: have béen proposced to
wivine frequent itemsets based on this.algorithm. In [7};
they proposed- depth first algorithm for mining of
frequent itemsets. This method compresses database
into FP:ree by using Children table to avoid
generating many. sub- trees. In [8], they proposed
TreelTL-Mine for combines the features both
horizontal and vertical data layout for frequent pattern
mining. In [9],-CP:mine algorithm was introduced for
mining the set of frequent items from- MFP-tree. The
drawback of this method is the updating of the marked
value which increases space and runtime if many
marked nodes contair in pruning tree:

We propose a new frequent itemsets mining
algorithm; named SFl-mine algorithm. This algorithm
mines frequent itemsets fom FP-tree, consiructs
paitern-base by using anew method which is different
from conditional patiern-base. in. FP-growth but still
maintains the correctness.. The SFl-mine mines
frequént jtemsets with a new combination method
without reursive construction of conditional FP-trees.
As the resuli, the SFl-mine obtains complete and

correct frequent itemsets: This paper is organized as

follows. In section 2, background is presented. The
proposed SFI-mine algorithm is illustrated in section 3.

An illustrale example is given in section 4. The

correctness. proving. is shown in section 5. Tinally, the

conglusion is addressed in section 6.

2. Background
2.1. The Basic-Concept

The basic concept for mining of frequent pattern
{10}, {11l {12] presents-as follow:
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Deﬁnitio'n: 1 (Transaction database). Lt =(x), %2,.:%m)
be a set of items, and ‘a transaction database
DB:{T.,TZ:r..,T,,) , where T(ie[l,..n])is a transaction
which containsasétof 7. o
Example 1. Let the first two columns of Table  is a
DB. It cohsists of ten transactions, labeled as 77D in
the table, l‘and eleven items. For example, The first of T
(or TID =11} is {ab.c.dfigk}. '

Definition 2 (Support). The support (or cccurrénce
frequency) of a pattern 4 is the number. of transactions
containing 4 in DB, where 4 is a set of items. 8
Example 2. According to Table 2, there are eleven
items with their suppot. '

Table 1. A transaction database

TID ltems Sorted Frequent 1téms
1 abedfgk feabk j
2 b.eefik febgk
3 afhj faj
4 a,bcdj c.aby
5_ | fi f
6 | abchk ca bk
7 c.efii fc
8 | abcdfk feabk
9 tafj faj
10 | cfihi fe
|
, Table 2. The support all of items
Items alblcldlelfiglthlililk
Support. {615 1713{2(8]113)3 414

Table 3. The head table with minsup =4
" Tltems [/ 1clalsljlk
t [Support |8 [7]615 414

Definition 3 (Minjmum support). The minimum
support} or minsup is the threshold that user defines for
selection of frequent items. o
Exam'p:le 3. The DB in Table 1, user defines minsup.=
4. Therefore, all items that have support not less than
minsup, are presented in Table 3, so those items are
frequent items. _
Definition 4 (Frequent itemsets and infrequent
itemsets). For any Item x, support(x) is defined to be a

numbei' of transaction T for which xg7: For a given

parameter minsup, an item x is called frequent item if'

suppor't(x)Z minsup, others calléd infrequent item. The
set of frequent item, called frequent itemsets, is

denoteld by Fs, others calléd infrequent itemsets,

dcnote;d by 7s. o}
Example 4. All itemsets and its supports illustrated in

Tablei2, There areFSand 7S . In Table.3, it is the.

header table that contains only 75, excludes FS:
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Because of all items in Table 3 have support niot less
than minsup. )

Definition 5 (Frequent pattern-tree). A frequent pattern
trec or FP-tree is a iree structure with the following
properties:

* (13 It consists of a roof, a set of items-prefix subtrees

which are the children of root and a header iable.
2) Each node in the item-prefix subtrees consist of
three fields: item-names, support and node-link, where
item-name. is the name of node represents, support is
the number of transactions represented by the portion
of the part reaching this node, and node-link links to
the next node in FP-tree carrying the same item-name
or null,
(3) The header table consists of two fields: itém-name
and head of node-link that point to the first node in FP-
tree. o
Based on definition 5, the construction of FP-tree:
algorithm presents as below:

~Algorithm 1:FP-tre Construction

Input ; A transsetion Database DB

Qutput : FP-tree

1. Procedure ¥P-tiecCanstruction )

2 scan the'DB-once to collect the frequent itemsets and their
3 supportthen sort in support descending and create in header
4 table .

5. FP-trée:= null

& for each transaction 4 in DB

7 select und sort the frequent items in & by order in header
8 table

9. ¢all InsentTree(FP-tree, ;)

10 end for

11 Procedure Insert tree(root, DBY

12 fof each item x;in DB

13 if reot has achild & then ¥.item-name =X,

14 increment N++

15 root=N

16 else .

17 create the new node x; is the child of roat

18 link header table to node

19 endif

20 end for, :
Figure 1. The frequent pattern-tree algorithm

Example 5. The DB is scanined for second times to
create the FP-tree. We fifst create the root of the tree.
The first {iinsaction is leaded to the construction of the
first branch of FP-tree: (.<f:l>,<c:l>,<a:l>,<b:l>,<k:l
>). The items in the trafisaction will be inserted intothe
tree ordering by descending support value. The second
transaction (< <c>,<b>,<>,<k>) shares the same
prefix (<5, <c>) with the existing part (<f,<c>,<a>
,<b><k>), Thus, the support of each riode along the.
prefix is-increasing by 1 and the remaining item list
(<b>,<>,<k>) in the second transaction will be created
as the new node. The new node <b:1>is linked to the
child of <¢:2>; node <j:1> as a child of <b:1>; node
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<k:1> as{a child .of <j:1>. For the third transaction
{(<f>,<a>,<j>), it shares only the node <f>. Thus, s
support is increased by 1 and remained item list
(<a>,<j>) in the third transaction will be created asthe
new node, The new node <a:1> is linked to the child of

<fi3>; no"de. <j:1> as a child of <a:1>, The remaining

transaction in D8 can be-done by the-same way. After
all transactions are scanned, the FP-tree is presented in
Figure 2.
S
¢
a
W |
j
k
Figure 2. The Frequent Pattern Tree
Table 4. All conditional pattern-base
Itéms Conditiona! pattern base
k Ufeab 2)(febj: 1), (eab: 1)}
i 1 {(feb: D (fa:2){eab 1)} y
b {(fea:2){fe:1)(ea:2)}
a (e D).
< {(£9)}
L 0]
Definition 6  (Conditional patiern-base). The

conditional pattern-base is a sub database “which.
consists of a set of prefix -paths in the FP-tree which
co-occyrrence with a suffix pattern. 0

Example 6. Let us examine the. imining process for
construction of pattemn-base by starting from the
bottom| of the node-link of the header table, according
to Figure 2.

For nodeé & there are three paths in the FP-rée:
(<f8>,<0:5>,<ai2>,<bi2><ki2>), (<fi8>,<ct52,<bil>,
< 1>,<ki1>)  and (<e: 2>, <a2><b:2><k1>),  All
nodes in the first path appear twice together with £, so
we getlonly &'s prefix path (<f:2>,<e:2><a:2>,<b:2>).

Similarly, all nodes in the second path appear once.

together with k, so ks prefix path is (<fi1><cil>,
<b:1>,}<j:l>). All nodes in the last path appears
together with k once, k's prefix path.is (<e:1><a:1>,
<b:1>). These three prefix paths of & are (<feab:2>,
<febj:1>,<cab:1>), called k s conditional pattern=base.
Similarly, the remaining.nodes in the header table such
as j, b, a c fii sequence are constructed in the same
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‘way. We. summarize all conditional pattern-base in

Table 4.

Definition 7 (Conditional FP-tree). The conditional
FP-tree. is the sub tree which is constructed from a
conditional pattern-base as mining pattern. n]

" Example 7. From previous example, construction-of £
¢ conditional FP-tree by doing the following steps.

The k's. header table is constructed from conditional
pattern:base by examiring the support of ‘each item
that is not less than minsup. There are two items,
<¢:4> and <bi4>, The conditional FP-tree s
constructed by -cxamining:the first path in conditional

pattern-base, <fcab:2> which. exclusion of infrequent

items (or riode which not appear in &’s header table)
follow by insertion of frequent item <ch2>t0 k's

conditional FP-tree. Similarly, to insért. the frequent

jtems of the second path-to FP-tree, <cb:l>. Lastly,
insertion of the: frequent items of the third path to FP-
tice, <cb:1>, as scen in Figure 3.

<>

e | =k

5 |-

Figure 3. A conditional FP-tree for ifem &
2.2. Frequent Pattern Growth Algorithm

A FP-growth-algorithm is introduced by Han J. et al
{6],. [10]. The algorithm does not. subscribe to thé
generation of candidate itemsets paradigm of Apriori.
It encodes the data set using a compact data structure
called FP-treé and extracts frequent pattern directly
from this prefix tree.. This method consists of three
main steps. Firsily, to scan the DB once to find 1-
fréquent itemsets. Sécondly, o construct the header
table from 1-frequent itemsets by descending support
sorted. The support value of each item is shown in
Table 2, so it consists of frequent itemsets and
infrequent itemsets. The frequent itemsets are Sorted by
descending support and presented in Table 3,
infrequent itemsets arc discarded. Next, to scan DB for
the second timés-to construct the FP-tree, according to
definition 5 and-example 5. Lastly, to explore frequent
pattern from FP-trec by using FP-growth algorithm
which present as Figure 5 and summarize in Table 4.
Example 8. In this example, we presént thé mining of
frequent patterns. The mining process illustrate in
Figure 4 is based on construction FP-tree shown in
Figure 2; Starting mine at node £. v

For node %, the conditional pattern is {(fcab:2);
(febj:1),cabil}. Constructing conditional FP-tree on
branch (c:4,6:4), as shown in Figure 2. Then we mine
by calling “mine(<fid,0:4>J6)". The items that involve
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mining arle b and ¢ in sequence. The first derives a.
frequent pattern (bk:3), a conditional pattern-base
{{(f)} and then call “mine(<fi4>[bk)"; the second
derives a frequent pattern <fkid>; and the third derives
a ﬁ'equent pattern <fbk:4>. Therefore, a set of frequent
patterns mvolvmg K 'is {<kid>,<bk:d><fled><fbkd>}.
Similarly, node J's conditional pattern is {(feb: 1),
(fa:2), (cab D}..All iteims’ support léss than minsup, so
the: mmmg for j terminates. Node b derives cofiditional
pattern-base {(/2a:2),(/:1),(ca:2)} and conditional FP-
tree mine(<c:5.a:4>|b), a set of frequent patterns
mvolvmg[ b is {<b>,<abid><ch:4>,<cab:4>}. Node a,
the: condnuonal pattern is {(fc: 2)(F2D)(c:2)} and
condltlonlal FP-tree mine(<f:4,c:4>la) , a set of frequem
patterns mvolvmg ais {<ad><ca4>; <fa 4> <fea:d>y.
Node ¢'s .conditional pattern-base is {(£:3)} and
-condltlon'al FP-tree. mine(</:5>(c) , a set of frequent
patterns involving ¢ is {<fc:5>}. For the last; node /
derives &nl) <f:8> bt no conditional pattern-base, so:

|
termmates

The conditional FP-trees and the sets of frequent.

pattern al:'e simmarized in Table 5.

I Table 5 All frequent patterns
Ttems | Conditional FP-tree | Frequent pattern
3 (<fd><bd>k) (K, bk, fk, [bk}

i {} {3

b (<¢:5,a:d4ib) {b, ab, cb, cab}
a (<fd.c4>\a) {a; ca, fa)

e | (=fi5¥e) fe.fe}

';f Q i)

|

Algorithm 2: FP-growth

Input ; FP-tree-and minsup

Output : The set of all frequent pattems

Melhod call FP-growth(FP-ree, null),

1 Procédure FP-growth( Tree. a)

2 if nee contains a single prefix path 7 Mining singlepath
3 let P be the single prefix-path partof tree;

4 let O be the multiple path with the top branchmg node
5 | replaced by a nulf root;

6 for cach combination (denote as § ) of node’in P

7 ger’xemte. Htemset fw a with support=minsup of node in £ ;

8 It freq_pattern_sety(P) be the set of patterns so generated;

9 else let @ be Tree;
10 foreachg;inQ ## Mining multiplepath
11 generate pattern. /7 = ¢; U with support= ;. .suppot,

12
13 £ s canditional FP-tree g
14 if Tree g # ¢ then call FP-growth( Trezg, )

15 let freq pattern_set(Q) be the set.of pattems so aenerated;

16 return{freq_pattern; set(P)u freq_patern_set{Q)

117 (frcq _patiern’ set{P)Xx freq paneim.set(Q)).

Figure 4. The frequent pattern-growth algorithm
|

[«

onstruct 4 's conditional pattern-base and
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item Pl of 4, Pi(4), is the last item of A

78

3, The Approach

In this section, we propose a new algorithm to mine
frequént itemsets, called SFl-mine. The SFl-mine

~ algorithm uses a new methud to construct pattern-base

from. FP-tree which is different from conditional
pattem-base in FP-growth and mines frequent itemsets
with a new combination method without the neéd: to
recursive construction of conditional FP-tree during
frequent jtemsets mining. As a result, the SFl-mine
produces compleie and correct frequent itemsets. The

approach has essential definitions as follow.

Definition 8: (Postfix item) LetA < I'. The postfix
u]
Example 9. Accordmg to the header table in Figure 2,

the first P/ that we éxamine is ¢ and nextare g, b, j and
k in sequence.

Definition 9: (Pattern- base) The pattemn-base Pgof
iterh x, P8, , is'the pattern that contdins the whole items

corresponding to the path start from all the topmost
jtem to item x. We denote P8, ={4| PI{A)=x} . a
Example 10.. According to Figure 2, let Pl = b,
following the node-link for b. We get three paths in
tree: (<fi2>,<0i2>,<a:2>,<b:2>), (<fl><cil><h:1>)
and (<c:2>,<a: 2>.<b:2>). Ta build the pattern-base for
b, ‘we exclude PI (or node b) in these three paths,
(<fi2>,<6:25 <a:2>), (<fi12,<c:1>) and (<e:2>,<ai2>).
Therefore, PBy ={(fca:2){fe:1)(ca2}}

Definition 10 (Pre-frequent item) Let PF, be the set of
sumrarized item of PB in postfix item x with suppor!
2 minsup, so

; J n ]
= {wlwe PB,;-zsuppon (w,) Zminsup}

3 where n is'the number of win PB, o
Definition 11: (Infrequent ncmsets) Let IF, be the set
of summarized item of PB, in postfix item. x with
support less. than minsup, so

IF={zjz€ PBy Zsuppon (z,) < minsup}

; wheré p is the number of z in PB. o]
Example 11, Let -we consider PB of node. b in the
above-example. After we summarized the support of all
items in &’s paths, we get {<c:5>,% a:d>,<fi3>} Thus,
PFy= {<¢;5>,< a:4>} and [F = <fi3>},

‘Definition 12 (Frequent base) The frequent base FB is

a set of jtemsets in PB that excludes IF.
. il
FB={(A-IF)lA€ PB; Zsuppon(A-lF’) 2 minsup}

+where m is the number of A4-IF in PB. nl
Exaniple 12. To consider B in example 9 and IF in
example 11, so FB = {(ca:4)}.



Definition| 13: (Combiiation frequent itemsets). The
combination frequent pattern Fy is separated into two
cases, Case 1, to derive the F; for second level by
combmmg the postfix item x with item in PF,. Case 2,
to derive t‘he F; derive for the higher second level by.
combmmg the postfix item x. with items in FB,: The
item in £, is frequent pattern. ¥}
Example 13. From example 11, there are two items in
PF,. Case'l we combine item b with item in PF; for
the second level, 56 F;, for second levél are <¢b;5> and:
<ab:4>. Case 2, according 10 éxample 12, we combine
b with nemsels in FB. Then, F;, for third level of node
b is <cab: 4>

The SPll -ming algofithm consists of the followmg
steps as shown in Figure 5, in brief; there are six’ major
steps.

Algorithm 3: SFl-mine

Input; FP-tree, mirisup(x)) of cach item x; in the'HeaderTable:

Qutput: The complete and correct sets of all frequent itémsets:
FS

Method call SFl-mine(Tree,rool),
| Procedire SFl-miine(Trée,x)

2i=2 // defining the fifst item
3 repeal

4 for. each ; in the header table from the topmost to the-
s Bottommost

6 fflconstruction of PB

7 Calculate support of all items corresponding to-the path
8 start from all the topmost item to x; and store all
9 comesponding path 10 PBy,

10 Check support of each item in PB; = minstp then
i1 store item to PF,,

12/ combipation of the second level

13 Construct Fx‘ =X 'P-F’l.

4 I I PFy, l > L then Call High_combing

15 end for

16 until| tree = ¢

17 Result F§ = U, #.union alt 7, ¥ W0FS

18 Pmc‘edure High_combine ( PEy; , PBy, )
19 Construct FB,

20 Hcombination of the level higher than the second level
21 Constmcl F, L =X FB

2 Re(um £y

Figure 5. The SFI-mine-algorithm

In lme 13 .and line 21, we obtain frequent itemisets.
by usmg combination of P/ with a set of PF and FB.
The dala structure table of PF and FB consists of item-
name aqd Support.

{
Step 1. | Defining the first item, PI, at the second node
| in the header table.
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Step2, Construction of PB(PY). and calculation
suppoit of each item in P8, if item.support is
not less than minsup, then these items are
stored in PF.

_ Step3, Constrisction of F for the second level by

- combination of PI with PF.

Checking member jtem of PF, if the amount

of PF is greater than 1 then FB is constructed

from PB with éxclusion of IF. To construct ¥

‘in the level higher than the second level, PIis.

combined with FB, as the result, F is returned.

Checking items in the. header table, if there

are’any items in the header table, then define

PI at the next item in the header table and step

2 to step 4 are repéated until there is no item

1eft, then proceed to step 6.

Step 6. "Union all F and store the output in 5.

Step S.

4. An Hlustrative Example

In this section, we -llustrate an example based on
definitions and an algotithm in section 3. The details of
all steps are presented as follow:

Example 14.

-According to Flgure 2 and Algorithm in Figure §,
we slart examining the first item at ¢ (Pf = o)
following the node link of item ¢. To: consider cach
correspondmg path starts from the-topmost of item ¢ to
item ¢, we get one path in tree: (<f 8>,<c:5>). To build
the PB for ¢, we exclude ftem ¢ in path, </5>. Notice
that counter of itém in path is sct to 5 because fappears
five times together with ¢, so PF, ={<f:53}. After thay;
to combine ifem in PF. with c. We get F, = {<fe>}
because PF; ‘has only one item, so we terminate
considering item c.

Next, we examine item a (P = a), starling at
corresponding path of item g from the topmost of item
@ to item a. We get three paths in the free:
(<fi2><c:2<a:2>), (<f2><a:2>) and (<ci2>.<a: 2>).
We exclude item. a for-construct PB,: (<fi2>,<c:2>)
(<fi2>) and (<c:2>) or PB, = {(fc:2),(£:2), (c:2)}. After
adding support of these three paths: (<fid>,<c:4>), we
get PF, = {(fd).(c:d)}. We then combine item in PF,
with a, we.get two combination frequent itemsets at the
second level F, = {<fa>,<ca>}. For PF, it has two
items, so we construct the third level of combination
iternséts by constructing FBy In this case, IF"{} S0
we.construct FB, from PB,. There is no itemset in the
third: level. because no itemset’s suppart greater than
minsup, so we terminate-considering item a.

The remaining items (&, j and &) in the header table
can be done-in the same way. After all the items are
done, we present all PB, in Table 5, all F;inT ablé 6..



‘Last, we| pres¢nt FS that separates by level of
combinatipn of all F;, présent in Table 7.

|

| Table 5. The Pattern-base

Items: Pattern-base
L c {(F5n
a {(fe:2), (£D), (c:2)}
b {(fea:2),(fe: ), (ca:d)}
J {{fch: 1) (a:2),(cab: 1)}
k {{feab:2),(fchj:1),(cab: 1)}

Table 6. All combination frequent itemséts-

Items - Combination frequent itemsets
¢ | <fe>
a <fa>,<ca>
b <eb>, <ab>,<cab>
i {}
k <ck>,<bk><chbk>

Table 7. All frequent itemsets

Level . Frequent Jtersets
] {fcabjk
2 {fc, fa, ca, cb, ab; ck, bk}
3 {cab, cbk}

!
5. Correctness
\

In the followmg theorem, we show that our
algorithm can mine all frequent itemisets completely
and corrcctly
Theorem 1. The all frequent itemsets that obtained by
the SF l-mme algorithm are both complete and cotrect.
Proof. We separate our proof into two cases.

Case 1. Lct thc combmed 1temsets i=x. aj a,e PF;

Def mtlon 10. When we combme x with g, S0
support(/) = minsup. Thus, i is frequent itemsets for the
second level, according to Definition 13.

Case 2. }Let the combined itemsets j = x.b; ; 6,€ F8;
x=PI, \\fc know that suppori(h)) Zminsup, according to
Definition 12. When we combine x with &, , then
support(i) = minsup. Thus, j is frégiient itemseéts for the:

higher :second level, according to Definition 13.

Therefore, itemsets mined from case 1 and cas¢ 2 are-

I
frequent itemsets.

|
| .
6. Conclusion

We h]ave presented a new-algorithm to ming frequent
itensets, named SFI-mine algorithm. We illustrate the
detail 0|f new definitions, examples and algonthm of
the approach The SFI-mine is developed by mining ef
lrequem itemsets from FP-tree; construction of a new
pattem-base which is different from a conditional
pattem-base in FP-growth and mining frequent

80

itemsets with a new combination method without
recursive constiuction of condmonal FP:trees. The
results ,of this miethod are still obtaining complete and
correct frequent itemset. We conclude by giving

examples and proving correctness.
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