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Abstract : Association rule mining is an important part of research content in data mining. In order to efficiently and quickly mine all fre-
quent itemset from the transaction database, an improved algorithm of mining association rules is presented for the bottleneck problem of
the classic Apriori algorithm. The transaction database is mapped to Bool array, then all the operations are carried out based on array ele-
ments value, thereby reducing the database scanning frequency. Then use bitwise AND” operation and random access characteristics of

array, a direct consequence of frequent itemsets, rather than have a large number of candidate sets, thereby improving the efficiency of

the algorithm.
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0 Introduction

Mining Association Rules is a research field by pro-
posed earlier, as an important part of data mining, that
has experienced the development of a longer period of
time. Association rule mining aims to find rules in the
transactions database D with user given minimum support
and minimum confidence, that can be seen as two pro-
cesses: First, {inding all {requent itemsets, i.e., each of

these itemsets will be occurred at least as frequently as a
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predetermined minimum support count, min- sup. Sec-
ond, generating interesting association rules from the fre-
quent itemsets, i.e., these rules must satisfy minimum
support and minimum confidence. Because the second step
is much less costly than the first step, the overall perfor-
mance of mining association rules is determined by the
first step, so mining association rules is usually converted
to mining frequent itemsets. Nowadays, there have many
works'! " focus on frequent itemsets mining. Frequent
pattern mining often generates a very large number of pat-
terns and rules, which reduces not only the efficiency but

(6,7]

also the effectiveness of mining'®’*. To efficiently solve

the problem, traditional algorithms like Apriorit®! and its
variants!’ ™ focus on reducing the number of database
scans as well as cutting down the enumeration space of

candidate itemsets (CI’ s). By the downward closure
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property of FI's— allsubsets of a frequent itemset must al-
s0 be frequent — they can iteratively enumerate, prune, and
" test 1 — extension supersets of existing F1' s and end up
with much reduced number of CI’s. The major problem
with these algorithms is that their repeated search of prof
use itemsets against the huge amount of transactions turns
out to be very time — consuming and wasteful. For dense
databases with enormous long FI's, the breadth — first
search of the itemset lattice and subset testing to prune
CI’s by existing FI' s are both space and time consuming.
Another innovative algorithm targeting dense databases is
FP — growth!™!. It compacts the repetitive transactions
into some concise FP — tree. Itemsets are organized in that
frequency — ordered prefix tree so that they share common
prefix part as much as possible. This approach can cut
down the database sizes and reduce repeated computation
for dense databases. In this paper, an effective mining al-
gorithm is proposed based on two — dimensional Bool ar-
ray. Algorithm uses bitwise “and” operator and a random
access characteristics of array, mine frequent % — itemsets

L, , but does not have a generation of candidate itemsets,

which more efficient generate frequent k — itemsets.

1 Problem Description

Let D,be a set of transaction database;let I = {1,
I, I, , 1} be aset of items, I, is the first 7 item , Let
T={Ty,T15T2,**, T,} be a set of transactions in D,
T; is the first ith transcation, which by I the n — compo-
nents that can be expressed as T; = {tid , x1, 2,23,
z, 1 ,of which x; € I(1<{i<{n),n is the size of transac-
tions, tid is a transaction identifier. A set of items is re-
ferred to be as itemset. An itemset that contains £ items is
a k — itemset. The occurrence frequency of an itemset is
the number of transactionts that contain the itemset, that
is also known, simply, as the frequency, support count of
the itemnset, if the support count of an itemset [ satisfies a
prespecified minimum support threshold, then [ is a fre-
quency itemset, the set of frequency £ - itemset is com-
monly denoted as L,.e.g. X=1{I;, L, I3,, I,},of
which sup(X) expressed the transaction number of X, if
sup( X )=min_ sup, then itemset X is frequency # — item
set which be known L. In this paper, the task is to de-
sign an algorithm in a given user — defined minimum sup-

port and minimum conditions, only by scanning of

database D once, to map the database to the two — di-
mensional Bool array, then mine all frequent itemsets

from the array.

2  Description of Improved Apriori Algo-

rithm

Algorithm uses the vertical express format of
databases, thereby reducing the time and space cost.
Database, there are two express format: the horizontal
data format and vertical data format (P. Shenoy'®! and
others have verified the vertical data format that is better
than the horizontal data format). Table 1 and table 2 give
two express formats. Based on the vertical data format al-
gorithm is proposed in this paper: Each item is expressed
with a binary array elements. Let Tdarray [m1{n] is
the Bool two — dimensional array that express the entire
database, that is:

1 LLeT,

TDarray[ «][v] = {0 L&T,

In which « = 0,1,2,-,m,v = 0,1,2,-,n.

The Application of Bool array format aims to save
time of calculating the support count, and reduces the
number of scaning array elements. Because the Bool array
have a random access features and can perform a simply
bitwise “and” operator. Therefore get better time and
space efficiency. _

Table 1 Horizontal data format

TID Items
Te Ig, 11, 1,14, 15
T, I, 13,1,

T, I, I>

Ts I

T: Iy, I, I,

Ts I,

Ts I3,14, 15

T, Ii,15,15,14

Table 2 Vertical data format

Ttem Tidset

Ig To, T3, Ty

I, To. T\, T35, T4, T5, T4
I, Toy T2, T3, Ta, Ty

I Ti,Te, T

I T, Ty, T2, T3, T, T
Is Te. Ty

2.1 Description of Algorithms — Relevant Fundamen-
tal Property

In order to better explain algorithms, now relates to
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algorithms — relevant fundamental properties and charac-
teristics described as follows:

Property 1: All nonempty subsets of a frequent item-
set must also be frequent, and all superesets of a nonfre-
quentcy itemset must also be not frequent.

Property 2: if the item /; and /; of the frequent (k —
1 - )itemsets are not satisfied with the joining condition-
al, then the item /; and all items after item /; are not satis-
fied with the joining conditional.

This property is a kind of optimization of the join
conditions for Aprioni algorithm, because all items of item-
set about Apriori algorithm are sorted in lexicographic or-
der. Nowlet Ly-1=1{l1,12,13,* s ly—1} each ;€ L, _;
and each ;€ L, (1< <j<Ck — 1) ,if there is not have
the equation of ;[1}=L[1IA L[2]=L[2] A A L[
-2]= lj[k -2JA Lk~ 1]<lj[k ~ 1], then the equa-
tionof ,[11= 14 [1]AL[2)= 0 (2 A - A L[k -
21=0, [k =21 A1k -11< ;. [k — 1]is not satis-
fied. Therefore, it is not need to determine the possibility
of joining of the item /; and all items after the item of ;.
So make use of itemsets characteristics between the order-
ly operation to reduce the number of connections in order
to improve algorithm efficiency.

Property 3: If let L,., is a set of frequent 2 - 1
itemset where each itemset ¢; isa set of itemand V ;€ ¢;
such that | Ly_;(I;) | <% =1 (of which | L,_;(I;)| ex-
press the number of the occurrence in frequent itemsets
L, _1),then all candidate k itemsets generated by All ele-
ments of non — connect to ¢ in L,-; are not frequent
itemsets.

Use the property to reduce the size of frequent (% —
1) — itemsets so as to reduce the number of comparison of
generating frequent % — itemsets. So before generating
Ly, L,_4 can be performed the pruning treatment. Be-
cause if the items I; in the collection appear in L1 is less
than the number of K — 1, then after the join, L,_; o
Ly~ ssupport counts of all itemsets which include item I
are less then %, so itemsets which include item I; will be
removed from itemsets L, - , Thereby improving the effi-
ciency of algorithm.

2.2 Algorithm Implementation Steps and Algorithm
Design

The improved Apriori algorithm of mining frequent
itemsets will be divided into three performing steps:

(@ The initialization step.

The database is mapped to the two — dimensional
Bool array by scanning the database once. At the same
time, define a one ~— dimensional array which will stat the
number of transaction contains one item in database.
Then in accordance with the result of the stating to gener-
ate the frequent 1 — itemset L, and let candidate fre-
quentl — itemset C; = L,.

@ The join step.

The join, C,—19° Cp—1 (% from 2 to start) is per-
formed, generating the set of frequent k ~ itemsets with-
out the Candidate & — itemset, where members of C, -,
are joinable if their first( £ — 2)items are in common and
the property 2 is satisfied by the first 2 — 1 items. At the
same time, calculate the support count of itemset ¢ gener-
ated. For examble let ¢ = { Iy, I;,I5,***, I} ,support(c)
= sum(TDarray[ 0] A TDarray{ 1] A TDarray{2] A --- A
TDarray[ k]) = TDarray[0][0] A TDarray[1][0] A -
ATDarray [k ][0] + TDarray[0][1] A TDarray[1][1]
A+ ATDarray[ £}[1] + +++ + TDarray[0][ n ] A TDar-
ray[1]1[n] A - A TDarray[ 2] [ n]. If support(c)=
min_ sup, then L, = LU ¢ is performed.

@ The prune step.

Based on the property 3, counting the number that
I,(1, € I) occurrence in L, and recording the result in
the array of A,[u] (here A,[u] refers to the number
that I,(I, € I) occurrencein Ly). If A,{u] < %, then
C, = L, — c is performed,of which ¢ € Lyand I, € c.
Repeat this process until the candidate frequently generate
k — itemsets denoted C; . The purpose of performing prune
step is to reduce the size of £ — itemsets and to improve
the efficiency of algorithms. And then £ ++ be performed
and back to steps 2 until G < 2.

Algorithm design: Improved Apriori Algorithm

Input:

* D: a database of transactions;

* min.. sup: the minimum support count threshold.

Qutput: L ,frequent item. sets in D.

Method:

(1) for(i=0;i< =m;i+ +) // initialization

for(j=0;j< =n;j+ +)

(2)i(LET;) { TDarrayli][j1=1;

(3)B[i] + +; //count the transaction number
which include item L}

(4) else TDarray[il{j]1=0;

(5) for(j=0;j<m;j+ + ) //generate frequency 1
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— itemset [;

(6) H(B[;]>=min_sup) L, =1,UJ;

(7) else delete TDarray[i];//remove the row value
of unfruitful item, packed array

(8)free(B); // saving space

(9C =1,

(10) for(k=2;{C, 1 >2;k + +)|

(11) L, =find_ frequent _k_ itemsets(C, - , TDarray
[m][n],min_ sup) ; // generate frequent k — iternset

(12) for'each itemset c& Ly

(13) for each item L€ ¢

(14) Ayli]l = . count + +; // Statistics the times
that L(I;€ I) appear in L; and records the result in the ar-
ray of Ac[u]

(15) G = TDarray- gen (Li, Ax[m]) /7 prune
setp: call porcedure TDarray.. gen

(16) (|G, 1 <2)

(17) Return Li -3

(18) }

procedure find.. frequent_ k_ itemsets (Cy_1, TDar-
ray[m][n],min_sup)

(1) for each itemset L€ G,

(2) for each itemset &€ G, {

(3) if(L[11=4[1]AL[2] =L [2] AL[3]=E[3]-};
[k-2]=L{k-2]AL[k-1]<}[k—1]) //based on
property 2

(4) { c=1°}/ /join setp:

(5) for(u=0;u< =nju+ +)

(6) if(I,€¢) {C[n]= TDarray[ul; //copy the
value of the first item to array C[n]

(7) break; |

(8) for(j=u+1;j< =n;j+ +)

(9) (L€

(10) Cln]=Cln]A Vmatrix[j];

(11) d=support(C[n]);

(12) if(d>min_ sup)

(13) Ly=cULy; 7/ /generate frequent k — itemset

(14) }

(15) else break; // stop Comparison and join

(16) 1}

procedure TDarray . gen (Cy, Ly, A {m])

(1) for(j=0;j< A,. legth;j+ +)

(2) 1 HA(31<k)

(3) for each c€ L and [;€ ¢

(4) G=L,—c;

(5) ruturn Gg;t

3 Algorithm Analysis
3.1 Examples Analysis

In order to better explain the algorithm implementa-
tion process, now takes 8 records from the database to
show. Transaction database as shown in table 2. The pre-
forming process is as follows:

(DThe transactions in D are scaned in order to ini-

[4.10] " that corresponds to the

tialization array TDarray'
value of the array elements such as shown in table 3, at
the same time counts the number of occurrences in
database of each item and records the result in the array of
B in order to generates the frequent 1 — itemset.

Table 3 Array element value list

To Tw T, T3 Ty, Ts Tg Ty
Iy 1 0 1 0 1 0 0 0
I 1 1 0 1 1 1 0 1
I, 1 0 1 1 1 4] 0 1
I 0 1 0 0 0 0 1 1
I, 1 1 0 1 0 0 1 1
Is 1 0 0 0 0 0 0 1

@ Suppose that the minimum support count thresh-
old required 2, that is , min. sup =2 (Here the corre-
sponding relative support is 2/8 =25% ). The set of fre-
quent 1 — itemsets is denoted L, that can be determined
by scaning array B¥Y. L, ={1,,1,,1,, I, I, Is}. Let
C,= L,.free B4,

@ The join, C;°C; is performed in order to
generate the set offrequent 2 ~ itemsets which is denoted
L,. L, = {{I, Lt o Y, {1, Y UL I,
L AL, Lt A 1, Lad {1y, I

@ Based on property 3, prunes L,,then generetes
the set of candidate frequent 2 — itemsets that is denoted
C,,because A,'%1 < 2,then the itemset}l,,Is} that
include item I, will be removed from L,.So C, = {iIj,
Lt Ly, B AL LG I L L L, L s,
L}

® The join, C,C, is performed in order to
generate the set of frequent 3 — itemsets which is denoted
L.

Before performing the C,0C,, the items in the set
of C, are checked in 1,15,03,14515,0¢s07,we find I,

and /, not satisfied the connection conditions of algorithm
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Fig1 Generation of frequent itemset and candidate itemset, where min_ sup is 2

find_ frequent_ k_ itemsets( ) , then the join operation of 7,
and 4,15, ls,17 not be performed,too. So we can break
in it ,perform 1,90/ and others. In the end L3 = {{I,
L, L 1, I, L T, Ta, I

® By setp @, can see the set of candidate frequent 3
— itemsets is empty,so the process is stop.

We use figure 1 to illustrate the improved Apriori al-
gorithm for finding frequent itemsets in D .

From the algorithm design and algorithm perform —
ing process analysis, improved Apriori algorithm (be de-
noted ATMC1), mainly from the following points better
than the classic Apriori algorithm (be denoted ATMC2):
the number of scanning database; the number of generat-
ing a set of candidate itemsets; the number of join and
comparing and space utilization. In this paper, the imple-
mentation of the example described in table 4 contrast.
Judging from the contrast, improved Apriori algorithm
significantly better than the classical Apriori algorithm.

Table 4 Comparison of the algorithm before

and after improvement

the mumber of scaning the number of join and the number of gener-

K database = ATMCL/ comparing ATMCl/ ating candidate item-
ATMQ ATMC2 sets ATMCL/ATMC2

1 1/8 00 6/6

2 0/8 1128 715

3 0/8 373 0/10

4 0/8 0/0 072

3.2 Experimental Analysis

In this paper, test a large number of experimental da-
ta. Test environment:J2EE, SQL Server2000, Pentium 4
processors, 512M memory, 120G hard drive. Experimental
data from an information library of a particular City Li-
brary in 2006 that recorded books borrowing information
of this year. 10000 data records are tested, in order to i-
dentify the demand for all types of books of readers that

are from the wide variety of industries, a variety of age
groups and the academic background. Comparison of ex-
perimental data has been shown in figure 2. The experi-
mental results show that the improved Apriori algorithm
has better efficiency than classic Apriori algorithm.

70

i O classic Apriori
60 W improved Apriori
50

Running time/s

0.2 0.4 Y] 0.8 0.9
Minsupport/%

Fig 2 Comparison of the algorithm execution time

before and after improvement

4 Conclusion
In this paper, mainly from the following suggestions
to improve on the Apriori algorithm for mining association
rules: First,algorithm uses the vertical express format of
databases and map transaction database to array, therefore
reducing the number of scanning database and reduce the
access 1/0 frequency, improve utilization of space. Sec-
ond, algorithm uses bitwise “and” operator and a random *
access characteristics of array, improve the speed of statis-
tics of data itemset support count. That is, the number of
high — performance computing to replace the relatively in-
efficient computing. Direct generation of frequent & —
itemsets, rather than have a candidate itemsets, so reduce
the system cost. Third, change the way of joining and
comparing by using the orderly property of itemsets.
Fourth, based on property 3, reduce the size of generating
frequent £ — itemsets. From the theoretical and experi-
(T4% 92 3)
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