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Abstract

Data mining is the key step in Knowledge Discovery (KDD) Process. It is increasingly becoming an
important tool in extracting interesting knowledge from large databases. The project introduces an
efficient algorithm using a new technique to find frequent itemsets from a huge set of itemsets and to
generate association rules. The existing algorithms for the frequent item sets generation will have
more number of scans of database and more number of candidate generations. Also, the existing
methods use more number of intermediate tables and the duplicate transactions are not eliminated.
The solution for this problem is given in the proposed system by converting the transactions in the
database into bit vectors by using counters and by the anti-mirroring concept. Counters are fixed to
eliminate the duplicates. Anti-mirroring concept is used to reduce the storage space so that the
scanning time and computing time is reduced. . In this work, all the items in a transaction are
converted into bit Vectors (0 or 1).
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generating frequent itemsetsthis leads to

major issue.

1. Introduction

1.1 Data Mining

Data mining is the key step in Knowledge
Discovery (KDD) process. It is increasingly
becoming important tool in extracting
interesting knowledge from large databases.
Moreover, many data mining problems involve
frequent itemset generation, with examples
ranging from engineering to scientific
research, finance and medicine.

1.3 Proposed Work

The existing methods which are so traditional
which is followed for storing the pattern of
purchase will have more number of zeros. For
example when a customer purchase an item it
will store all its occurrences and non
occurrences .In order to store only one bit it
stores more number of bits i.e. the number of
zeros are more in storage.Consider an
example; in a store 1000-items are available.

1.2 Frequent Itemsets

Finding out frequent itemsets is an important
issue in many data management systems. The
discovery of association rules have been
discussed in the past using two steps namely
finding the frequent itemsets and generating
association rules [1].The existing system
contains more number of zeros while
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When a customer purchases only 1-item, the
storage pattern will contain 999-zeros and only
1-one.It leads to the wastage of storage space.
This in turn leads to more scanning time and
processing time.
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2. Related works

There are many works in the literature that
discuss about Association rules, Temporal
Mining and Frequent Itemsets.

The Association Rule mining raised by
R.Agarwal [1] is an important research in data
mining field. His Apriori algorithm can
discover meaningful itemsets and build
association rules. However, a large number of
Candidate sets are generated and the database
needs repeated scanning.

In paper [4], mining frequent itemsets
using Matrix reduces scanning cost and
execution times, but the algorithm works only
for nine transactions. The partition algorithm
[2], to further improve the efficiency, it does
so by reducing the number of database scans,
however, considerable time is still wasted in
scanning infrequent candidate itemsets.

In [11], the proposed Boolean algorithm
mines association rules in two steps. In the
first step logical OR and AND operations are
used to compute frequent itemsets. In the
second step, logical AND and XOR operations
are applied to derive all interesting association
rules based on the computed frequent itemsets.
But the computational time is more as well as
it occupies more memory.

In [6] proposed an algorithm using
Boolean matrix array and using AND
operation to replace transaction database
therefore non frequent items can be removed
from matrix. Algorithm since takes boolean
matrix it takes more storage space .In paper [8]
proposed a algorithm to find effective time
sensitive algorithm using H-struct called
Temporal H-mine. It is faster in traversing and
can be scaled up to large database by database
partitioning but it requires more scanning and
processing time.

In improved Apriori algorithm [10], the
mining efficiency is very unsatisfactory when
memory for database is considered. In paper
[9] proposed a new algorithm called CBVAR
for generating frequent itemsets using single
scan towards the database but not
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concentrating on redundancy elimination and
rule generation. It uses multiple set of tables to
find the frequent itemsets.

Different strategies were proposed after
Apriori as in  FP-growth [5], which
outperforms all candidate generations but still
have problems in the case of no common
prefixes within the data items. Temporal FP
tree uses divide and conquer technique for
construction and traversing of tree which is
used to decompose the mining task into a set
of smaller task which reduces the search space.
However, Temporal FP Tree technique is
better only when the data is dense.

In paper [7] which uses a special data
structure called Bit Table for compressing the
database and for the candidate itemsets
generation. The problem of mining frequent
itemsets can be solved by constructing a
candidate set of itemsets and then, identifying
those itemsets that meet the frequent itemset
requirement within this candidate set. The
BitTableFl Procedure does not take any
pruning or other technique to reduce the size
of candidate item sets and the times of
scanning the transaction database.

3. Finding frequent pattern:

The method of frequent pattern mining
is to find the complete set of frequent patterns
in a given transaction database with respect to
a given support threshold. Let I = {11, 12, I3,
..., Im} be a set of items. Let D be the
transactional database, where each transaction
T is a set of items. Each transaction is
associated with an identifier TID. A set of
items is referred as itemset. An itemset that
contains K items is a K-itemset. The number
of transactions in which a particular itemset
exists gives the support or frequency count or
count of the itemset. If the support of an
itemset | satisfies the minimum support
threshold, then the itemset | is a frequent
itemset.

For example, when we have only 3-items,
we have 23=8 combinations of purchase. The
following Table 1 illustrates the pattern of
purchase.
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Table 1: Bit VVector for 3-items

11 112 |13
0 0 |0
0 0 |1
0 1 ]0
0 1 |1
1 0 |0
1 0 |1
1 1 1]0
1 1 |1

The above table 1 contains 8 Kkinds of
purchase. The first row contains 000
transactions and it is always not considered
since no items are purchased.

3.1 Disadvantage of above method:

The above method for storing the pattern of
purchase will have more number of zeros. For
example, when a customer purchases an item
13, the pattern of storing is 001. In order to
store only one bit, we have to store 3-bits.i.e.
The number of zeros is more in storage.

4. Anti-Mirroring Algorithm:

The work is to reduce the number of zeros
stored in the memory and to reduce the
scanning time and the processing time.

Input: Dataset
Output: K-Frequent Itemset

Step 1: Form a table for given transaction
dataset

Step 2: Convert the given transaction dataset
into bit vectors

Step 3:  Check for duplicates, if two rows are
similar write as single transaction and
increment the counter.

Step 4: Get the minimum threshold

Step 5: Check if each transaction has anti-
mirror

Step 5.1: If present replace the transaction

with its corresponding anti-mirror and update
CNT1 and CNT2
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Step 5.2: Else If transaction starts with 0 or
1

Step 5.2.1: If itis 0, create anti-mirror and

replace  the same in new table and increment
only CNT2
Step 5.2.2: Else write the original

transaction in new table and update CNT1.
Frequent itemset are generated
Step 6: Calculate the sup_cnt for each item in

new table

Sup_cnt = Number of 1’s in transactions
Total number of transaction

Step 7: If sup-cnt > MST
Step 7.1: Display frequent itemset
Step 7.2: Else delete the item
Step 8: Calculate for k-itemsets.
4.1 Implementation of Anti-mirroring:
Anti-mirroring is the concept of eliminating
number of zeros stored in memory and to
reduce the scanning time and processing time

respectively.

Table 2 :Anti-mirrors of itemsets with
counter

11 12 [I13_[CNT
0o |o 1
0o oA 1 |1
o 4T Jo |1
o1 |1 |1
NJo Jo 1
1 e 1 1
1 [1No |1
1 |1 D1

Total transactions =8

In the table 2 the above part contains more
number of zeros. The number of ones are more
in the below part. The below part can be
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chosen for computation, since the zeros are
less in number.

The reflection of zeros in above part is anti-
mirrored as ones in below part and vice-versa.
Hence the table 3 can be reduced further as
given below.

Table 3 : Simplified form of Table 2 with
counter

11 12 13 CNT1 | CNT2
1 0 0 1 1
1 0 1 1 1
1 1 0 1 1
1 1 1 1 1

Total transaction = 4(CNT1) +4(CNT2) =8

The CNT 1 is the counter for the existing bit
vectors and CNT 2 is the counter for the anti-
mirrors respectively. For example, Consider
the transaction 100, It shows that I1 is
purchased and is existing in table 2 for 1 time.
Therefore the CNT 1 value is 1. When I1 is
purchased for the second time, the CNT 1 is
incremented by 1 and is not be stored as a
separate transaction row. Here, the duplicate
transactions are eliminated.

For example, when 12 and I3 are purchased,
the transaction can be given as 011 as bit
vectors. This transaction 011 is the anti-mirror
of 100, since the zeros are reflected as ones
and vice-versa in these transactions. In such
cases, the CNT2 will be used, in order to
represent 011. The interesting concept over
here is that, the transaction 011 is not stored as
a separate row, but CNT2 is incremented by 1.
If 12 and 13 are purchased for the second time,
the CNT 2 is incremented by 1.

Consider the following pharmacy database
which contains 18-transactions.
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Table 4: Pharmacy Database
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TID | ITEMS TID ITEMS

T1 Benoquin, T10 Benoquin,
Dialyte, Nutradrops
Ibuprofen

T2 Dialyte, T11 Benoquin,
Ibuprofen Dialyte,

Nutradrops

T3 Ibuprofen, T12 Ibuprofen,
Veetids Veetids

T4 Benoquin, T13 Benoquin,
Ibuprofen, Dialyte,
Nutradrops, Ibuprofen,
Veetids Veetids

T5 Benoquin, T14 Ibuprofen,
Ibuprofen Nutradrops

T6 Benoquin, T15 Dialyte,
Ibuprofen, Ibuprofen,
Veetids Nutradrops

T7 Ibuprofen, T16 Benoquin,
Veetids Nutradrops,

Veetids

T8 Dialyte, T17 Dialyte,
Ibuprofen, Nutradrops,
Veetids Veetids
Benoquin, T18 Benoquin,

T9 Dialyte, Ibuprofen,
Ibuprofen, Nutradrops
Nutradrops

The above transactions are converted into bit
vector. For example, consider T15 it contains
3 items Dialyte, Ibuprofen, Nutradrops. The
items which are present are marked as 1 and
the items which are absent are marked as 0.
Hence, transaction T15 contains 01110 as bit
vectors.

For our convenience, Let us replace these
real time items Benoquin, Dialyte, Ibuprofen,
Nutradrops and Veetids with A (Benoquin),
B(Dialyte), C(Ibuprofen) D(Nutradrops), and
E(Veetids) respectively
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Table 5 :Bit vectors of Table 4
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Transactions T3, T7, T12 in table 5are having
same pattern, hence these three transactions
are considered as single transaction and the
CNT cell is updated as three instead of one in
this way the duplicate transactions are
removed.

Table 6
Transactions

Elimination of Duplicate

anti-mirror.for example, consider transaction
T17 it contains 01011 its mirror image is
10100 . Further transactions are listed in table
7.

TABLE 7 : Mirrors and their concerned
Transactions

Transactions Mirror Transactions
T3,T7,T12 T11

T17 T5

T2 T16

T8 T10

Now in new table 8 create two counters
CNT1 and CNT2 and replace the mirror
transactions in the place of original transaction
and update CNT1 and CNT2.

T14 and T15 have no anti-mirrors.
Create anti- mirrors for those transactions
since they start with zeros and replace the
created transaction in table 8 and increment
only CNT2.

T6, T18, T4, T1, T13, T9 transactions
start with 1.Therefore, these transactions need
not be represented as anti-mirrors.

Table 8
antimirroring

Simplified table after

TID | Al Bl c | D| E |CNTL|CNT2

T1I5 {1 lo]Jofo]2f| O | 1

TID A |B [C |D [E |CNT 1o l1lolol1lol 2 1
73,77,712/0 |0 |1 [0 |1 |3
T14 0 |0 |1 |1 |o |1 Ti6 [1[0o]o0o|1]1 1 1
T17 0 [1 [o |1 |1 |1
T2 0 (1 |1 |0 |0 |1 T5 1]1]0]1]0]0 1 1
T8 0 |1 |1 Jo |1 |1
T15 0 |1 |1 |1 |o |1 Te [1jo|1|of1f 1 [0
T10 1 [0 Jo [1 Jo |1
T16 1 |o |o [t |1 |1 T8 [1]of1f1jof 1|0
T5 1 |o |1 Jo |o |1
T6 1 Jo (1 |0 |1 |1 T Loyt e
T18 1 [o |1 J1 o [1 2 l1l1lolola] o 1
T4 1 Jo |1 J1 [1 ]2
T11 1 1 |0 1 0 1 T11 11110210 1 3
T1 1 |1 |1 Jo [o |1
T13 1 |1 |1 |0 |1 |1 T1 |1|1f1fo]o0 1 0
T9 1 |1 |1 [1 Jo [1

Now from the above table 6 we have to
check for mirrors.T3, T7, T12 have T11 as
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T3 {12202 2 | O

79 (12220 2 | O
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Total transaction CNT1 + CNT2 =10+8=18

In above table for example take transaction
T11, since T11 is the mirror image of T3, T7
and T12 and these transactions start with zero,
T11 is replaced in table8 CNT 1 is updated
with 1 and CNT2 is updated with 3.

4.2 Finding frequent itemsets:

Support count for an item (SC)
=Y ((Presence of ‘1’ of the
Item) / (Count of that TID))

Support threshold for an item = (SC) / (Total
No. of items)
The MST for 1-frequent itemset is 45%

Support threshold for items A( Benoquin),
B(Dialyte),C( Ibuprofen),D( Nutradrops) and
E(Veetids) are:

Frequency of A (Benoquin):

Take CNT1 if A contains 1 and take CNT2
if A contains 0 and add them and divide by
total number of transactions.

i.e.10+0=10/18 =55%
Calculate for remaining items

BVa = 10/18 = 55%
BVe = 8/18 = 44%
BVc = 14/18 = 7%
BVp = 9/18 = 50%
BVe = 9/18 = 50%

The support threshold of item B(Dialyte)
is less than 45% and hence removed from the
database.

Since, the support thresholds of
A(Benoquin), C(lbuprofen), D(Nutradrops)
and E(Veetids) are greater than are equal to
45% the frequent 1-itemsets are A(Benoquin),
C(lbuprofen), D(Nutradrops) and
E(Veetids).
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Table 9 : Elimination of Duplicate
Transactions

TID Al cCc|I D] E|ICNTL|ICNT2

T15 1 10]0]1 0 1

T10 1 10f1]0 1 1

T16 1 (011 1 1

5 (1 |1|ofo| 1 [ 1

6 |1 |1(0]212| 1 | O

T18 1 11({1]0 1 0

Special Issue

T14 el Fal Fay 1 a) 1
T11 1 Fal a4 Fa 1 2
e == T 19} T U T 4
T4 4 4 1 faY
LI 1 1 U U XL U
s ol 1 0
rIo T T 0 T T 19}
T0 4 4 4 A 1 fa)

The above table eliminates the duplicate
transactions. Since T14, T11, T1, T13, T9 and
T15 are similar make it as unique transaction
and enter in table 10. Both counters CNT1 and
CNT2 are updated accordingly. In table 9
consider transaction T10, it is similar to
transaction T11. In table 10 transaction T10 is
entered and CNT1 is updated as 1 + 1 =2 and
CNT2 is updated as 1 + 3=4.

Table 10:
TID | A | c | D | E |CNTL[CNT2
T15 1 {o]of1 0 2
T10 1 0|11]0 2 4
T16 1 0[1]1
T5 1 110(0 2 1
T6 1 1]10(1 2 0
T18 1111110 0
T4 1 1]1]1(1 1 0
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From the table 8 calculate the 2-frequent
itemset, 3-itemset and 4-frequent itemset.

Let the support threshold be 30% for 2-
itemset and it is 15% for the 3-itemset and
10% for 4-itemset. Calculate the support count
for the generated sets and subsets.

Frequent 2-itemset
BVicE = 7/18 = 38%
BViacy =7/18 =38%
BV{A,D} = 6/18= 33%
BVc,0y = 5/18=27%
BV{D,E} = 3/18=16%
BViagy = 4/18 = 22%

Items BV{C, D}, BV {D, E}, BV {A, E}
does not satisfy the MST=30%, so they are
eliminated.

Therefore frequent 2-itemsets will be
{Benoquin, Ibuprofen}, {Benoquin,
Nutradrops} and {Ibuprofen, Veetids}

Frequent 3-itemsets-
BViace = 3/18 = 16%
BV{A,D,E} = 2/18 =11%
BViacpy = 3/18 = 16%

BV {A, D, E} does not satisfy the
MST=15%, so it is eliminated. The frequent 3-
itemsets obtained are {Benoquin, Ibuprofen,
Nutradrops} and {Benoquin, Ibuprofen,
Veetids}.

Table 11 :Frequent Itemsets

1 {A}. {C}. {D} {E}
2 {AD}. {AC} {CE}
3 {ACD} {ACE}
Where,

A — Benoquin,

C — Ibuprofen,

D — Veetids

E — Nutradrops

4.3 SCREEN SHOTS

The following are the screen shots of
various datasets such as pharmacy dataset and
bakery dataset and their mining which
includes frequent itemset generation and
formation of rules.
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Figure 4.3.1 to Figure 4.3.5 shows the
output of frequent itemsets generation by
taking smallinp.txt as the input which
contains 18-transactions of 5-items.

] smallinp.bit - Notepad - o
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File Edit Format View Help

01180
06101
16160
06101
16610
06101
06110
11160
16161
01101
11010
01110
16611

FIGURE 4.3.1 Input File Contains
18Transactions Of 5-1tems

Fle Edt Fomat View Hep

After Duplicate Removal

11101: 1
11118:
10111:
10118:
01011:
10911:
e111e:
11018:
e1181:
16101:
11100:
66116:
Amat: 3
16018: 1

108100: 1
01160: 1

FIGURE 4.3.2 Output File Contains

Transactions after duplicate removal
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File Edt Format View Help

ot e Tl 4.4 Experimental Results

12345:(HT1: (M2

1 Lo In order to test the proposed algorithm,
bt the data mining tool, Weka is utilized. The
e transaction dataset of pharmacy with 18
Lt transactions is taken with 5-items for testing.
e Figure 4.4.1 shows the original dataset of
g 1 -3 pharmacy. This dataset is given as the input
leetl: 1 ¢ 1

for the Apriori algorithm, CBVAR, Anti-
mirror algorithm and our proposed method
for the frequent itemsets generation. The
Apriori algorithm and CBVAR are not
removing the redundant transactions thus
leads to processing of lengthier database. The
Anti-mirror algorithm is removing the
FIGURE 4.3.3 Output File Contains duplicates but it is _taking more '_[ables to
Transactions Anti-Mirror table generate the frequent itemsets. The first panel
of Figure 4.4.1 shows the TID from 1 to 18,
the second panel shows transaction of the
medicine Benoquin. Among 18- transactions,
10-transactions contain this item and 8-

I ———— transactions doesn’t. In the same manner, all

the other items like Dialyte, Ibuprofen,
Fi T Nutrodrops, Veetids were shown in the
B sequential panels.

me: 2 : e
mi:1 @
1100: 2 : 1
leel: e : 1
1819: 2 - 4
®1:1 1

1 Welca GUI Chooser

Program  Visualization  Tools  Help

Applications
WEKA Eplre
Z The University e S
s of Waikato |

A

wWaikate Envirenmen ¢ For Knewledas Analysis KnowledgeFlow
<) 20
pity

Simple CLI
—

Figure 4.3.4 Showing anti mirror final table
File Edit Format View Help

fconB™ [

(53} {1} {31} {53} {431}

FIGURE 4.4.1 Pharmacy Dataset with 18-
FIGURE 4.3.5 Frequent K-Itemsets Transactions of 5-1tems

Figure 4.4.2 shows the output of weka after
removing the duplicate transactions by the
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proposed algorithm. But, the Apriori algorithm
is not producing such output since it utilizes
the  original ~ 18-transactions  without
considering the redundant transactions

2conmMTEE

Figure 4.4.2 Shows after duplicate removal

§E 0 Gl TPTL¥r)

Figure 4.4.3 Shows Anti-mirror with counters

FIGURE 4.4.4 Pruning the Infrequent Item -
Dialyte And Removing Duplicates With 10-
Transactions of 4-1tems
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Figure 4.4.5 Showing anti-mirror table after

removing duplicate

Figure. 4.4.5 shows the output of 10-
transactions of 4-items after pruning the
infrequent item — Dialyte. Here, the support
threshold fixed for frequency is 45%. We can
observe the graph is so clear when compared
to the Figure 4.4.1. The extraction of frequent
itemsets is very easy from Figure 4.4.5 rather
than Figure 4.4.1 and 4.4.2. The graph shown
in the Figure 4.4.4 and 4.4.5 cannot be
produced by Apriori and Apriori-like

algorithms.

By comparing the  previous
algorithms  like apriori, and CBVAR
algorithm, this algorithm reduces the

computation time and computation work.

5. Conclusion:

The algorithm needs only one database scan.
By using the Anti-mirroring method the
storage space is reduced so that the scanning
time and the computing time are also reduced.
Here we are using the counter which is used to
eliminate the duplicate present in the
transaction database. It reduces the candidate
generation and also reduces the time and space
complexity.
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