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Abstract: Fining frequent item set is a key issue in data mining; the Apriori algorithms
use candidate itemsets to generate Frequent item set, but this approach is highly
time-consuming because of self joining and prunining . To look for an algorithm that
can avoid the generating of vast volume of candidate itemsets, DSIM (Data-Set
Intersection Method) algorithm uses set intersection method to find the maximal
frequent itemset. This process is performed by deleting items in infrequent 1-itemset
and merging duplicate transaction repeatedly; the process is performed by generating
intersections of transactions and deleting unneeded subsets recursively. This
algorithm differs from all other methods which are used for discovering maximal
frequent itemset.

Index Terms: data mining, maximum frequent itemsets, candidate itemsets,
intersection

I.  Generating frequent itemsets ( frequent patterns) is a key problem in
data mining, and it’s widely used in applications concerning association
rules[9] . Because all frequent itemsets are considered implicitly in the
maximum frequent itemset (MFI), the issue of discovering frequent itemset
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can be converted to the issue of discovering maximal frequent itemset.
Besides, only maximal frequent itemset is needed in some of the data mining
applications instead of the frequent itemset .

Classical Apriori Algorithm

TID ltemset
TOO1l |(I2,13,15, 16, I8
TO02 |I12,13,16,17, 18
TOO3 |I0, 4, I7
TO0O4 |11, 14,19
TOO5 |12, 13, 14, 15, 18
TOO6 |13, 14,18, 19
TOO7 |1, 14,16, 18
TO08 |I0, 12, 14, 16
TO09 |12, 13, 17
TO10 |0, 14,15, 19

Table I. Data Set (Transactions)

Tid Itemset |Support
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Table Il. Minimum Support Count
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Generating 1 item set with support count Form the table Il we only take
those item in the next State whose support count is 3 or greater than 3.
Table lll represent the data set with minimum support count

TID Itemset | Support Count
10 3
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Table lIl. (1 Itemset with minimum support)

In table IV we use the concepts of self joining thatlO,is join withl1,12,13...19
similarly we use this concepts forl1,I2.....19 and we get the table IV with two
item set .In table IV we also show The support count for two item set Is
shown in table IV

TID ltemset Count
0, 12 1

0,13
0, 14
0, 1510, 15
0, 16
0, I7
0, 18
0,19
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Table IV Continutes....
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Table IV (2 Itemset with support count)

TID ltemset | Count
9 12,13 4
10 12, 14 2
11 12,15 2
12 12,16 3
13 12, 17 2
14 12,18 3
15 12,19 0
16 13, 14 2
17 13,15 1
18 13, 16 2
19 13, 17 2
20 13, 18 4
21 13,19 1
22 14, 15 2
23 14, 16 2
24 14, 17 1
25 14,18 2
26 14, 19 3
27 15, 16 1
28 5, 17 0
29 5, 18 2
30 15, 19 1
31 16, 17 1
32 16, 18 3
32 16, 19 0
34 17,18 1
35 17,19 0
36 18, 19 1
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In table V we takes only those items whose support count is greater the
or equal to 3.In Table there are only 7 row with two item set and have the

support count 3 or greater.

TID ltemset | Count
0, 14 3

12, 13
12,16
12,18
13,18
14,19
16,18
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Table V (2 item set with minimum support count)

Table VI is generated form table V again we are using the concepts of
Selfjoing that is we join {IO, 4} with {12, I3}, {12, 16}..... {16, I8}.similarly we
use this concepts with other sets .In table VI some row has count(*) . Here
from VI we will consider only those item set in the next step whose all
subset(two item subset) are presentin tabel V otherwise we reject the item
set from table VI.

In table Vil there are only two row exit because the set{12,13,18} has all its
subset in table V Similarly set {I2,16,I18} has all its sub set in table V .

Here set {12, 13, 18} set with frequent item set.

© 2011 Journal Anu Books

JAB



Research Cell: An International Journal of Engineering Sciences ISSN: 2229-6913 Issue Sept 2011, Vol. 4

415

TID Iltemset Count
1 0,12, 13, 14 *
2 0, 12, 14,16 *
3 0, 12, 4,18 *
4 0, 13,4, 18 *
5 0, 4,19 *
6 0, 14,16,18 *
7 12,13, 16 *
8 12, 13, 18 3
9 12,13, 14,19 *
10 12,13, 16, 18 *
11 12, 16, 18 2
12 12,13,16,18 *
13 12,14 ,16 ,19 *
14 12,14,18 *
15 12,13,18 3
16 12, 14,18 ,19 *
17 12,16,18 2
18 13, 14 18,19 *
19 13, 16,18 *
20 14,19,16,18 *

TABLE VII.(3 Itemset with support count)
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So the most frequent itemset {12,13,I8}

TID ltemset | Count
1 12,13,18 3
2 12,16,I18 2

DSIM Algorithm

This algorithm is divided into two phase the first phase is DISTILLATION
of data set and second is INTERSECTION PRUNING. Both are used in
order to reduce the length of item set and the volume of data set

A. Distillation of Data Set

Based on length of item set, first screen out the data set in descending
order. Then move transactions with support count bigger then minimal
support threshold to a frequent item set , and delete all sub set of those
transaction to distill the data set
Step 1: Screen out data set, find frequent one item set;

Step 2: Screen out the data set, delete all infrequent 1-itemset from all
transactions; then integrate identical transactions. Then sort the
data-set in descending order of length of item set to form a new
data set denoted as DS.

Step 3: Process every transaction T2 in S with minimum support count
greater then threshold. Move these T2 in one set denoted as SF
and delete all T3 (T3 ,” T2 3>2)

Step 4: Delete all non-MFI from SF.

Step5: End

B. Intersection Method

Assume data set denoted by DS and minimum support threshold is $
Step 1: distill data set DS with Distillation data set method; if %DS%< $,
end of process. Of current data set.
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Step2:

Step3:

Step4:

Find intersection of T*and Tn (a <n d” 1) ; merge all intersection
into a new data set DS1; delete transaction Tn(Tn,”T?); If %DS1%
e” $, then go to step 1 to perform anther intersection pruning method
for DS1

Use the vertical data format of DS to find the intersection of Tj and
Ti (j=2, 3, 4, ..., m<n; j<id"n), merge all intersections into a new
data-set DS1, go to step 1 to perform another intersection pruning
circle for DS1; when the volume of the remaining data-set is less
than $, stop finding intersections of Tj and Ti, terminate the process
for current data-set.

End;

C. lllustrate investigation though example

The following example shows how to discover MFI using DSIM for
transaction database DS (Table8) with minimum support threshold as 4 .

TID ltemset
TOO1l |12, 13,15, 16, 18
TO02 |I12,13,16,17, 18
TO03 |IO, 4, 17
TO04 |I1, 14,19
TOO5 |I12,13, 14,15, 18
TO06 |13, 14,18, 19
TO07 |I1, 14, 16,18
TO08 |IO, 12, 14, 16
TO09 |I12,13, I7
TO10 |lO, 14, 15,19

Table 8. Transaction Data-Set DS

Step 1: Distill transaction data set DS using distillation method. Result shown
in table 9;
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TID Iteam set Count
12, 13, 16,18 2
12,13, 14, 18
1416, 18

13, 4, 18
12, 14, 16
12, 13

o|la|ld|[w|d]|F
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Table 9 Result distillation methods

Step 2: Find intersections of T1 and Ti (i=2, 3... 7), merge all intersections
into data-set DS1, as shown in table 10

TID lteamset | Count
1 12,13, 18 3
2 16, 18 3
3 13, 18 3
4 12, 16 3
5 12,13 3

Table 10 Intersection Data-Set for T1 in Table 9

Step 3: Distill the data-sets in Table 10; as this example, the result remains
no change.

Step 4: Find intersections of T1 and Ti (i=2, 3, 4, 5) in Table 10 respectively,
merge them into a new data-set DS1

TID lteamset | Count
1 13,18 4
2 12,13 4
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Because T3 and T5 are subset of T1 in Table 10, delete T3 and T5;

Step 5: Distill the data-set in Table 11, produce frequent itemset {{I3, 18}:4,
{12, 13}:4}; Table 11 is now empty after Distillation;

Step 6: Back to Table 10, T3 and T5 has been deleted, we only need to find
the intersection of T2 and T4; but the length of T2 and T4 are both 2,
no need to find intersection of them.

Step 7: Back to Table 9, because T6 has been deleted, we only need to find
the intersections of T2 and Ti (i=3,4,5,7); merge all intersections into
a new data-set DS1,as shown in Table 12

Table 12.Intersection : Data-Set for T2 in Table 2

TID Ilteamset | Count
14, 18 2
14, 13, 18 2
12, 4 2

Because T4 ,” T2 in Table 9, it should be deleted.

Step 8: Distill the data-set in Table 10; after Distillation the result is empty;

Step 9: The original data-set DS has 10 transactions; Table 9 shows that
30% (3 transactions) of them has been processed; condense again
the remaining data-set in Table 9, and the resultis empty. The process
ends.

Step 10: Merge all resulting frequent itemsets, and delete all non-frequent
maximal itemsets, the final result of MFl is {13, 18}: 4, {12, 13}: 4}. The
steps above use 14 times of intersection calculations for MFI;
compared with other Apriori-like algorithms, its simplicity and efficiency
is explicit.

Note: Because the volume of the example data-set DS is small (only 10),
the above process does not include the utilizing of vertical data format;
the reason of introducing vertical data format is to reduce the number
of times of finding the intersections.
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Comparison between Classical Apriori algorithm vs DSIM Algorithm
Processor P-IV

This table representing the minimum support and execution time for
Classical apriori algorithm and DSIM Algorithm :

Time taken to execute| Time taken to
Minimum (In millisecond) execute
support Classical Apriori (In millisecond)
algorithm DSIM Algorithm
3 120 98
2 143 102

Graph representing the comparison of Classical Apriori algorithm and DSIM
Algorithm when minimum support varing:

comparison

e
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