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ABSTRACT

In this paper proposes a new scheme of association rule algorithm for market basket. The
algorithm, which uses one passes over the data, consists of two steps namely. pre-processing and
patterns classification. In the first:step all transactions are reorded transaction by the number of
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Algoritha apriori starting nov.....

Pleass eater transaction filenams: transa8.txt
Please enter configuration filename: configl.txt

Input configuration: 8 items. 10000 transactions, ainsup = 0 25%

Frequent l-itemssts:

[1. 2, 3, 4. 5.6, 72, 8)

Frequentz—uenset

f12.13. 14, 15 16,17,18,23.24,25,26,27,29,34,36,36,37,38,45,46,.47,.48,5%,
Frequent 3-itemsasts

{123,124, 125 126,127.1208. 134,135, 136,137,145, 146.147. 148156157215
Fraquent d-itensats

(1234, 12385, 1236 1237.12465.1246.1247.1256.1257.1267, 1345, 1346.1347
Frequents-xteaset

f123465. 12346 12347, 12356.12357,12367.12456, 12457, 12467, 12567.13¢4
F: t b-itensets:

(123456, 123457 123467123567, 124567.134567, 145678,234567)

F uent?xtnsets

{12345¢67]

Exmscution time 1s: 17.0 smconds.
Total Itemset that maximua than 0.25% has :172 Iteaset
Process Exit...

e A AL OIS T U S0 e o
a) 35015 Apriori

Enter nev transaction filename. transaB.txt
Enter nev configuration filename: configB.txt

fnput has - 8 items, 10000 transactions. ainsup = 0.25%
Processing Strating: 1.2.3.4.5 6.7.8.9 10.11.12.

Frequent l-iteassts:

[1.2.3.4.5,6.7,8]

Frequent 2-itemssts:

;12,131415161718232(252627283435363733(5(64748555758676878]

Tequent 3-itemsetls:

[123.1%llzSl261271281341351361371451461t114815$1571581671681
nt {-itexsets:

[12341235t23612371245124612471256125712&713(513!613(7135613

Frequent 5-itemse!

(12345123461234712356123S71236712l561245712157125671345613(

Frequeat f-itease

(123456123(57!23(6712356712456713(567145678234567)

Frequent 7-itensets:

[1234567)

Execution time is: 7.25 seconds.
Total Itgxnsa' t that saxiaun than 0.25% has :172 Itzaset
it...

~ocrd

Please enter transaction filenans:; otrans.txt
Please enter confiquration filenane: configf. izt

Input has : 8 iteas, 10000 trensactions, aminsup » 0.25% (counter >= 25.0 )
Processing Strating: 1.2.3.8.5.6

Frequent l-iteassts:

[1.2.3.4.5,6,7.81

Frequent 2-itease
[12.13.1415161718232425262728343532;3738451547485657586758.78]

{ F: t 3-itemssts:
f123.124.125.126,127.128,134,135,136137,145146147,148156,157,158,167.168.17
Frequent 4-iteasets:

{1 234,1235,1236.1237,12451246,12471256,1257,1267,1345,1346,1347,13556,135
| Frequent S5-iteassts:
5123‘61234712356123571236712456!2!5712l671255713(56,1345
Frequent 6-iteass

,[123(56123457123467123567124567134567145678234567]

| Frequent 7-iteasats:

{(1234567)

] Execution time is: 3.08 seconds.
1 Total Itgxuset that maxinxun than 0.25% has :172 Iteasst
' it

j—
[
N,
«
’S

el Ak 2t SRS Gl L A IR S U ¥ o
L B o e AT A e a\wi RS

o 8nsina (New Approach)
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M3l 4.3 uamamanivayumigain ¥ lumsmareudmiuyadoya

gudoya Asad 1 REP At 3 nsai 4 afai s
Transa8 0.25 % 0.75 % 1.00 % 1.50 % 2.00 %
T1012D100K 0.25% 0.75 % 1.00 % 1.50 % 2.00 %
T1014D100K 0.25 % 0.75 % 1.00 % 1.50 % 2.00 %
T1014D200K 0.25% 0.75 % 1.00 % 1.50 % 2.00 %
T1016D200K 0.25 % 0.75 % 1.00 % 1.50 % 2.00 %
T2016D100K 0.25% 0.75 % 1.00 % 1.50 % 2.00 %

Execution Time (sec)

025 0.75 1 1.5 2
Minimum Support (%)

4 ' RN
i 42 namluvauansnan lumsmgduy Teruihaulavesgudoya Transas
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T1012D100K

P

7
Vi

s - BEmepion

Execution Time (sec)

0.25 0.75 1 = 2
Minimum Support (%

3 43 nsmduriauamsnarlumsmgluuy Tewiuihasulavesgrudena T10D100K

T1014D100K

—_

1000

Execution Time (sec)

025 07 1 15 2
Minimum Support (%)

30 4.4 navduivianamanan lumsmgduuy lesuiiaulsvesgudoya T1014D100K



T1014D200K A
) ’

Execution Time (sec)

025 075 1 16 2
Minimum Support (%)

jinas namivisuaasmlumsmigihiv leiuihaulswesgmdoya T104D200k

Execution Time (sec)

025 075 1 15 2

Minimum Support (%)

J

Ui 4.6 nsmliauarasna lunsmgduuy Tetuihiraulavesgudeya Ti016D200K
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Execution Time (sec)

o :
'
|
!
|

0.25 0.75 1 {5 2
Minimum Support (%)
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Total Time
Number of frequent Itemset

Itime=

4.1)

1At Itime 'nuwmnmmau1umi'n1gﬂu‘uu’lammwmm’du"lmmavm
Total Time nmumna1mmJﬂwh’f‘lumsmsﬂunu'lammcm

Number of Frequent Itemset mnﬂmi;m'augﬂuun"lamuLcmﬁ'qnmmﬁﬁmuh

: 4 - o o
M3190 4.4 naasauadelumemgiuuy Tedtuaaiirauds

Data Apriori (sec) DIC (sec) New Approach (sec)
Transa8 0.075 0.028 0.014
T10I12D100K 272 2.30 1.71
T10I4D100K 2.37 1.69 1.42
T1014D200K 474 2.65 1.94
T10I6D200K 498 3.02 1.96
T20I16D100K 4.00 2,51 1.37
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Abstract .

The paper’ proposes a new scheme of association rule
algorithm for market basket. The algorithm, which uses
fewer passes over the data, consists of two steps pre-
processing and pattern classification. Preprocessing
process is used to find l-itemsets, which their support
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greater than minimum support, and to reorder
transaction by the number of items in transaction. Pattern
classification process is to employ all groups of items,
which frequently appear together in transaction. The
algorithm is implemented and tested with many value of
minimum support and size of synthetic data. The
experimental results are compared with that of the
Apriori and DIC Algorithm. The experimental result
shows that the scheme the execution time of the algorithm
is less than that of the Apriori and DIC algorithm

significantly.
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. ABSTRACT

In this paper, we propose a new scheme of
association rule algorithm for a market basket. The
algorithm, which uses one passes over the data,
consists' of two 'steps, pre-processing and pattern
classification. First step, preprocess all transaction,
which reorder transaction by the number of items
in transaction. Second step, determining all groups
of -items, which frequently appear together in
transaction. The algorithm is implemented and
tested’ using variable minimum support and
variable size of synthetic data.- The experimental
results are compared with the Apriori and DIC
" Algorithm. The experimental result shows that
proposed the execution time of the algorithm is less
than that of the Apriori and DIC algorithm
significantly.

1. INTRODUCTION

Data mining or knowledge discovery in
databases (KDD) [1,2,3,4,6,7] is the nontrivial
extraction of implicit, previously unknown and
potential useful information from the data store in
large databases. Association rules can be applied to
many problem. domains including business,
marketing management, financial management,
engineering, manufacturing and medicine. For
example, in market analysis, this kind of rule can
be used to analyze customer-buying habits. If
customers are buying milk, how likely are they to
buy bread and sugar on the same trip to the
supermarket? Once discovered, rules can be used
for focusing marketing efforts such as sale
promotion and product placément. For instance,
- placing milk, bread and sugar within close
proximity may further encourage the sale of these

items together within single visits to the store.
Discovering of association rules is one of the
central tasks in data mining, whose goal is to
identify the frequent itemsets, and then infer
association rules among them. Frequent itemsets
(also called large itemsets) are itemsets that are
frequently bought together in the sane transactions.
An association rule is an implication between
itemset A and B of the form X=Y where XNnY= ¢.
Two measures for association rules used: support
and confident, which indicate the usefulness and

Faculty of Information Technology
King Mongkut’s Institute of Technology
Ladkrabang, Bangkok, 10520, Thailand
Tel : (02) 737-2551-4 ext 401 Fax :(02) 737-2500
Email : wichian@it.kmitl.ac.th

the certainly of discovered rules, respectively. For
example, the rule “{bread, milk}=>{eggs}(support
= 40 and confident = 70%) ” means the fact that
there are 40 transactions in the database under
consideration where bread, milk and eggs are
bought together, and 70% of customers who
purchased bread and milk and also bought eggs
In this paper, we propose a new approach of .

association rule algorithm for a market basket data.
The algorithm that uses fewer passes over the data.

- The first pass for pre-process data, that consist of

find 1-jitemsets, creates new transactions that have
only item in l-itemsets and reordered transactions
by number of items in transaction, and the second
pass for finding all frequent itemsets. Our algorithm
operates in a bottom-up search direction to count
itemsets’s support. We present efficiently of new
scheme for very small minimum support and
variable size of synthetic data.

2. PROBLEM DEFINITION AND COMMON
APPROACH OF FINDING ASSOCIATION
RULES

The task of mining association rules over basket
data was first in [4], which. can be formally stated
as follows. Let = {i,,i,,....i_} be a set of database
items. Let D be a database of transactions, where
each transaction T, in database, D, has a unique
identifier, and contains a set of items, called an
itemset such that TC 7. Let X C I be an
itemset, A transaction T € D is said to contain X
if and only if. X C T . An itemset that contain k
items is called “k-itemsets”. For an itemset

. X C1I, the support of X is number of transactions

that contain X, which denote it by supp(X). An
itemset that has the support greater or equal to a
specified minimum support is called a frequent
itemset. The set of frequent k-itemsets is

commonly denoted by L,

An association rule is a condition implication
among itemsets, A=>B, where itemsets A, B < /
and A N B = ¢. The rule A=>B hold in database D
with confidence c, which if ¢% of transaction in D
that contain A also contain B, which can be written
as the ratio supp(A v B) / supp(A). The rule A=B



has support s if there are s transactions in D
contains the itemset A U B, which denote it by
supp (AUB). Then we describe the common
approach of finding frequent itemsets.

2.1 Base Algorithm (Apriori Algorithm)

Various algorithms have been proposed to
discover the frequent itemset [1,4,5,6]. The Apriori
algorithm is one of the most popular algorithms in
the mining of association rules in a centralized
database

Apriori[1,2,3,4,5,6] uses the downward closure
property of itemset support that any subset of a

frequent itemset, L, ,must also be frequent. During

each iteration of the algorithm only the itemset
found to be frequent in previous iterations are used

to generate a new candidate set,C,, to be counted

during the cuwrent iteration. The candidates are
stored in a hash tree to facilitate fast support

counting. For counting C, for each transaction in

database, all k-subset of transactions are generated
in lexicographical order. Each subset is searched in
the hash tree, and the count of the candidate
incremented if it matches the subset. When finish
algorithm used k pass over the data. The general
structure of the algorithm is given in Figure 2.1.

L, = {frequent 1-Itemset}
For (k=2, Ly # ¢: k++)
.Cx = Set of New Candidates
For all transactions t e D
For all k-subset s of t
If (s € Cy) s.count ++
Ly = {c € Cy| c. count 2 minimum support}
Set of all frequent item set = UyLy

Fig 2.1 The Apriori Algorithm

2.2 Dynamic Itemset Counting Algorithm
Dynamic Itemset Counting (DIC), [3,5,6] an
algorithm which reduces the number of passes
made over the database while keeping the number
of itemsets which are counted in any pass. DIC
works like a train running over the data with stop at
intervals M transaction apart. When the train
reaches the end of database, it has made one pass
over the data and start at the beginning of the next
pass. The “passengers” on the train are itemsets.
When an itemset is on the train, then count its
occuirence in the transaction that are read. DIC
have added flexibility for allowing itemset to get
on at any stop as long as they get off at the same
stop the next time the train goes around. Therefore,
the itemset has seen all transactions in the database.
So DIC can start counting an itemset as soon as we

suspect it may be necessary to count it instead of -

waiting until the end of the previous pass.

For example, if we are mining 20,000
transactions and M = 10,000 and assume high
itemset = 3. DIC have made about 2.5 passes over
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the data instead of the 3 passes of Apriori algorithm
would make. The number of pass over the data of
this show in Figure 3.2 .

3. NEW APPROACH

This new approach uses one pass over the data
and consists of two steps, pre-process and fined all
frequent itemset. First step, pre-processing, is to
reorder transaction by the number item in
transactions. The second step read all transaction to
find all frequent itemsets. A new approach have
added flexibility of allowing itemset to get on when
the number of items in transactions increasing and
stop counting when end database or read all
transaction. This new approach starts counting just
1-itemsets and then quickly add counter 2,3 ,4,... k-
itemsets. After just number of items in transaction
increase. So we can start counting an itemset as
soon as the number of item in transaction increase
instead of waiting until the end of previous pass.

- Because of this new approach has lower number of

pass over the data was reduce 1/O cost so the
execution time of the algorithm is less than that of
the Apriori and DIC algorithm.

New approach algorithm:

1. Arrange transactions in order of the number
of items in transaction.

2. Stipulate root node to be a empty set.

3. Create all items for 1-itemset in the next level
of tree.

4. Set the itemset level, /, for counting support
to be 1

5. While not End-Of-File:

5.1 if / is less than the number of items in

transactions

5.1.1 Increment /

5.1.2 Create l-itemset in the next level of a
tree.

5.2 For each transaction increment the
respective counter for all subitemsets that appear in
the transaction. The technique of an incremental
itemset’s counter is shown in Figure 3.1

6. Show all frequent itemsets
7. End.

{} A B ¢ D

<

i B S——"
i §

L—pD
------- - Way for increase itemset's support

—— Represent ltemset

Fig 3.1 Hash tree Data Structure and Technique for
increasing counter of a itemset
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Transactions Apriori DI New Algorithm

1-Ttamcat
2.3-Itemsets
3-Itemsets

2-Itemsets
3-Itemset:
L 4
L

1,2,3-Itemsets

_ 1,2-Itemsets
2.3-Itemsets

LVVq

Fig 3.2 The number of passes over the data of each
algorithm

3.1 Implemented Data Structure

The implement of new approach requires a data
structure, which can keep track of many itemsets.
In particular, it must support the following
operations:

1. Add a new itemset

2. Maintain a counter for every itemset. When
transaction are read, increment the counter
of those active itemset, which occur in the
transaction.

3. When a itemset does become large,
determine what new itemsets should be
added.

The data structure used for this is exactly like
the hash tree used in Apriori and DIC. Every
itemset we are counting has a node associated with
it, as do all of its prefixes. The empty itemset is the
root node. All the l-itemsets are attached to the
root, and their branches are labeled by the item
they represent. All other itemsets are attached to
their prefixes containing all but their last item.
Figure 3.1 shows a sample tire of this form. The
dotted path represents the traversal, which is made
through the tries when the transactions ABC are
encountered so A, AB, ABC, AC, B, BC and C
must be increment and they are in that order.

4. EXPERIMENTAL RESULT

We compare a new approach against Apriori
and DIC for decreasing value of minimum support
on the different database. Our experiment used a
750 MHz MIPS processor with main memory 128
MB. We used different synthetic database, which
mimic transaction in a retailing environment. These
databases have been used as benchmark database of
many association rule algorithms. We implemented
new approach, Apriori and DIC in Java.

4.1 Test data

Varying parameters generated the synthetic data
[1,5]. The different database parameters varied in
our experiment are shown in Table 4.1. The
numbers of transactions increase from 10,000 to
100,000. Our experiments were run on minimum
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support levels between 0.01% and 3.0%. In the
experiment, we observed the execution time of
these algorithms.

Table 4.1 The parameters for generate different
database

D| | Number of transactions

7] | Average size of transaction

[l | Average size of a maximal potentially
frequent itemset

L | The number of maximal potentially frequent
itemset

N | Number of items

4.2 Performance

We compare a new approach against Apriori
and DIC for decreasing value of minimum support
on different databases. As the support decreases,
the size and the number of frequent itemsets
increase. Apriori and DIC thus have to mark
multiple passes over the data and perform poorly.
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Figure 4.1 Execution Time of any Database

In Figure 4.1 shows the execution time for any
database .The execution time of a new approach is
less than other algorithms. The number of items in



our experiment is 8 to 1000 items and when the
item increase the time is increased too but when
minimum support increases the time is decreased.
The average time for finding frequent itemsets of
each algorithm is shown in Figure 4.2, which the

average time of new approach is less than other .

algorithms, so the execution time will be lower
than Apriori and DIC. So we concludes that, the
new approach can do, that find all frequent itemset,
better than Apriori and DIC because it use lower
execution time for finding all frequent itemsets.

120i6d100 | Ji e

110163200 ]
11044200 |}
1 i S AR

110i4d100 §

110i2d100

o New Approach ‘

100item_10K |

29item_10K

8item_10K [
1

0 05 W H15 o2 6L Fldibiidbuitell 57601 €

Figure 4.2 Average time for finding one itemset of
these algorithms

5. CONCLUSION

In this paper, we proposed a new approach for
association mining that can find all frequent
itemsets by useing minimum execution time than
Apriori and DIC, and evaluate this effectiveness.
The proposed algorithms preprocess database,
greatly reducing I/0 costs. Two main techniques
are employed in this algorithm. First reorder all
transactions in database by number of items in
transaction. Second find frequent itemsets from
database by generate next itemset when number of
items in transaction increase. Experimental results
indicate more than an order of magnitude
improvement over previous algorithms, Apriori and
DIC.
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