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ABSTRACT

Traditional frequent pattern mining considers equal profit/weight value of every item. Weighted Frequent Pattem (WFP) mining
becomes an important research issue in data mining and knowledge discovery by considering different weights for different items. Existing
algorithms in this area are based on fixed weight. But in our real world scenarios the price/weight/importance of a pattem may vary
frequently due to some unavoidable situations. Tracking these dynamic changes is very necessary in different application area such as
retail market basket data analysis and web click stream management. In this paper, we propose a novel concept of dynamic weight and an
algorithm DWFPM (dynamic weighted frequent pattern mining). Our algorithm can handle the situation where price/weight of a pattem
may vary dynamically. It scans the database exactly once and also eligible for real time data processing. To our knowledge, this is the
first research work to mine weighted frequent pattems using dynamic weights. Extensive performance analyses show that our algorithm is
very efficient and scalable for WFP mining using dynamic weights.

Keywords: Data Mining. Knowledge Discovery. Weighted Frequent Pattern Mining, Dynamic Weight
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1 | Personal computer | 800% 500 08
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Candidate ;

Patterns DWsupport calculation Result
(1) ¢ e 01,1 | (({0.4+0.4)/2)x1) + ((( 0.7+0.45)/2)x1) = 0.4+0.575 = 0.975 | Pruned
(2) e 01,1 |04x1+045%1 = 0.85 Pruned

(3) ¢ d 1,10 | (((0.2+0.3)/2)x1) + ((( 0.4+05)/2)x1) = 0.25+045 = 0.7 | Pruned

(4) b d 1,10 (((0.9+0.3)/2)x1) + ((( 0.7+0.5)/2)x1) = 0.6+06 = L2 | Pass

(5) & 210 |03=2+05x1 = 1.1 Pruned
6) a ¢ 002 ((05+0.7)/2) %2 = 1.2 Pass
(7) ¢t 1,22 |02x1+04%2+0.7x2 = 24 Pass
(8) a bt 200 ((0.9+0.45)/2) )=x2 = 1.35 Pass
(9) b 220 |09%2+0.7x2 = 32 . Pass
(10) a: 2,03 | 0.45%2+05x3 = 24 Pass
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Input: DB contains batches of transactions with dynamic weights,
minimum threshold (&)
Qutput: Dynamic weighted frequent patterns

1L Begin

2 For each transaction T, in DB

3 Sort the items inside T; according to lexicographical order

4 Insert T, into Tree

a Update the header table H

6. End For

7. GMAXW is the global maximum weight

8 For each item g from the bottom of H

9. If (total_frequency( a)=GMAX W) > & then

in Create Prefix tree PT, for item &

11, Calculate LMAXW

12, Call Mining ( PT;, a, LMAXW)

13 End If

14, End For

5. End

Procedure Mining (7, a, LMAXW)

L Begin

2. Create conditional tree CDT of a by deleting each item di
from T having total_frequency(di)*xLMAX W < &

3 For each item [ in the header table of CDT

4. Call Test_Candidate(ag3)

5 Create Prefix tree Ty for itemset af

6 Calculate LMAXW

7. Call Mining ( Ty aB, LMAXW)

8. End For

9. End

Procedure Test_Candidate (X )

1 Begin

2 Let Dynamic weighted support of X is DWy

3 Set DWy = 0

F For each batch B;

5 DWy = DWy + (frequency( Xpi)xWeight( Xui))

6. End For

7 If DWy = & then

8. Add X in the Dynamic weighted frequent pattern list

9. End If

10. End
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