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Abstract

Association rules takes an important rule in Data
Mining. By applying this technique, the relations
between the data in a transaction database can be
found, and then managers utilize the explored
information to make decisions. The traditional
association rules technique mostly focuses on the
amount of trades, so that the goods with high profits
and low sales volume will be neglected. This paper
proposes a method using the concept of P-tree
(Patterns  tree), CFP-growth and QFP-growth.
Subsequently, the common stock-checking method,

ABC, is utilized to classify the goods so as to those
goods with high profits and high support will be
remained. Finally, the explored information will be
much expected to conform to managers. By
combining the concepts as mentioned above, a novel
technique, PMSFP-tree (Profit and Multiple
minimum Supports Frequent Patterns tree) and
PMSQFP-growth (Profit and Multiple minimum
Supports QFP-growth) is proposed in this paper.
Experimental results demonstrate that our method can
improve the drawbacks of CFP-growth. Besides, by
taking account of trade profits, the mined results will
be much respond to its actual facts.

Keywords: Datamining ~ Multiple minimum
supports ~ FP-tree ~ QFP-growth ~ ABC Approach ~

Quantitative Association Rules.
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Algorithm 1 (Partition algorithm)

Let {<i’q1>’<i’q2>"”’<i’q”>}betheset of g_items
in DB which have the sameitem i,

and % <92 <" <On Assumethat

C;,Cy,o-,andc, are the numbers of transactions

containing <i’ql>’<i’q2>""’ and <inn> ’
respectively.

Let T bethetotal number of transactions.

First, we find a minimum integer kl such that

ky
2.Cn
m=1
T isgreater than or equal to the lower support
threshold, say S and generate the interval lql"qli
k,(k; >k,)

Then, we find a minimum integer

, and generate the

interval |-q("1+1)"qk2 J
The remaining intervals are similarly computed.

n
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m=Kk;+1

If T , the last generated interval
|_q(k(1,1)+1)--q [q(kj+1)--qn Jto

ki dis combined with

form theinterval [q(k“'l)”)' -an

I * A BFEESEY 2P iR s
B BB R R R R BB
PERE Y airg 2k TR U prefix tree 4p i ¢
B S e 79F L9 P Ptreer 2 ¢ P-tree
2 FP-tree 7 | enps & At FP-treep 8 24 %50
P i Ptrees F97F 4R 2 2R P & >
» i.%{v'“r’ﬁ T hFHE S E R IR
P-tree i1 @ «hfp M & 8k > 2 4e(Algorithm 2)#77r
Algorithm 2 (P-tree construction)
Input: A transaction database DB’ .

Output: P-tree, the pattern tree of DB’.
Method: The P-tree is constructed as follows.

1. Scanthetransaction database DB once. Collect
F, the set of items, and the support of each item. Sort
F in support-descending order as FList, thelist of
items.

2. Createtheroot of aP-tree, T, and label it as
“null”. For each transaction Trans in DB do the
following.

3. Sdlect theall itemsin Trans and sort them
according to the order of FList. Let the sorted
frequent-item list in Transbe [p | P], where p isthe
first element and P isthe remaining list. Call insert

tree([p|P], T).

The function insert tree([p | P], T) is performed as
follows. If T hasachild N such that N.item-name =



p.item-name, then increment N’s count by 1; else
create anew node N, with its count initialized to 1, its
parent link linked to T , and its node-link linked to
the nodes with the same item-name via the node-link
structure. If Pisnonempty,call insert tree(P,N)
recursively.

d FoatiE B0 ¢ FList %‘u{ P-tree ¥_& 7 &
frequent-list > ¥ & £ 4f Ptree L 4+ 3 £ 3 =t fF dy
FHEGOE T - AN E£R5 1@
itemsets » % = = Pl A2 HE Ptreer ¥ T 2 5 R
FL3g p 2z » P-tree shnode & 8¢ o
PMSFP-tree £.¢ P-tree 5 1 & i 1T & =
B>k
1. 2 ABC * % > 3 & # & (Counts) %k + Ui &k i

A ped B FE i%éqiw% B-~C 7 i
AF IR e
2. %75 MIS(@)* ** %3 minMIS g7 5 4p B & 47
e S R ﬁ.%%b«;*% P-tree i 7417 P 1%
(Pruning) » #7842 MIS(a)-]
AR SAF
H 3p M e B 2 de(Algorithm 3)#77 ¢
Algorithm 3 (PM SFP-tree construction)
Construction PM SFP-tree from pruning the original
Pattern tree
Input: P-tree
Output : PM SFP-tree, the profit and multiple
minimum supports frequent pattern tree of DB.
Method : The PMSFP-treeis constructed as follows.
1. Find out for item of pattern-header table that its
MIS(a) = minMIS in the P-tree structure
2. Deletefor al corresponding relevant nodes that
chain of head of node-link of itemswhich
MIS(g) =minMIS
3. Sdlecttheall itemsin Trans and sort them
according to the order of Counts(a;) * Profit(a).
After that use ABC approach to sort out theB ~ C
class
4. Deletefor al corresponding relevant nodes that

chain of head of node-link of itemswhichB ~ C
class
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QFP-growth ;% & /% % wEEAD
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3 ig o 2@ o FP-growth 2 QFP-growth 458 8 ¥ — &
JAFRPEE S 2 o33 R2 2797 3 FEHE
AR AP LR > Ft o Chen[2] ¥ F >+ 2006
#H N - By FPtree (f 5 MIStree) v
FP-growth(f- = CFP-growth)ip i ehg 4 82 = 2 %
BESEABRPEET O RIED BRE 9%
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o

AN

F o AFE Y K PMSQFP-growth iF B 2 o v
W% 1 QFP-growth i & i c#7 5 i gk > 2
ns;%aWﬁ@%%’§ FEFLRERT N

w27 oo deo(Algorithm 4)#15% :
Algor|thm 4 (PM SQFP-growth)
Mining frequent patterns without conditional FP-trees
construction using multiple minimum supports
Input: A database DB, represented by PMSFP-tree
constructed according to Algorithm 3, and multiple
minimum supports MI1S(g) .
Output: The complete set of frequent patterns.
Method: call PMSQFP-growth (root, null).
Procedure PM SQFP-growth (ROOT Q, FP_prefix a)
{ foreachitema in Q, in top down order{
/I Mining multipath FP-tree
Sum al count of & under Q into a.support
If g.support=MIS(g) and minMIS(a) =MIS (&)
then {
generate pattern B =a U g with support =
g .support;
construct temp_root with a;’s child node;
If temp_root has child
then call PMSQFP-growth (temp_root, B)}
If sum of count of temp_root’s child =MIS(a)
then call PMSQFP-growth (temp_root, )}}
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( lower minimum support
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