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ABSTRACT

Most of those studies use frequency, the number of times a pattern appears in a transaction
database, as the key measure for pattern interestingness. It prerequisites that any interesting
pattern should occupy a maximum portion of the transactions it appears. But in our real world
scenarios the completeness of any pattern is more likely to become various in transactions.
Hence, we should also consider the problem of finding the qualified patterns with the significant
values of the weighted support by completeness in order to reduce the loss of information within
any pattern in transaction. In these pattern recommendation applications, patterns with higher
completeness may lead to higher recall while patterns with higher completeness may lead to
higher recall while patterns with higher frequency lead to higher precision. In this paper, we
propose a measure of weighted support and completeness and an algorithm WSCFPM(weigted
support and completeness frequent pattern mining). Our algorithm handles the invalidation of the
monotone or anti-monotone property which does not hold on completeness. Extensive performance
analysis show that our algorithm is very efficient and scalable for word pattern mining.
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[Table 1] An Example of Weighted Transactions
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[Table 2] Frequent Pattern of Weighted Support
and Completeness

Candidate WASC calculation Result
Patterns
((04+04) / 2) + 1) x 1/3 +
ce:0,1,1  [((0.7+0.45) / 2 + 2/3) x 1/3 =|Pass
?(')81 1/2) x 1/3 + (045
+ x + +
“OLL 113 « 13 - 056 Pruned
((0.2+0.3) / 2+1) x 1/3 +
cd:1,1,0  [((04+0.4) / 2 + 2/3) x 1/3 =|Pruned
0.772
((09+0.3) / 2 + 2/3) x 1/3 +
bd:1,1,0 |((0.7+05) / 2 + 2/3) x 1/3 =|Pass
?08§ 1/3+1/2) / 2) x 2/3
+ + x +
+ + +
ac:0,0,2 X 9/3 = 1.43 Pass
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%34%1/3 )f»/ /2>2X 2@/5 %551/ 2)
+0).¢ + +
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09 + (1/3+1/2) / 2) x 2/3 +
b:2,2,0 (0.7 + (1+1/2) / 2) x 2/3 =|Pass
1.78
(045 + (1/3+1/2) / 2) = 2/3 +
a:2,0,3 (05 + (1/3+1/2) / 2) x 1 =|Pass
1.62
f%} “c’oll tlg Prefix E8 9} Conditional E
[Fig. 313 2t} “c"a=e wats)

= 7}11%—2— ME=gs adstel FE8hd <ai002,
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W [Table 3]9] &% 43 o] HEFA W
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kz]

Procedure ASCFP-tree construction
Input: A transaction DB and a minimum threshold
()
Output: Its frequent pattern tree, ASCFP-tree
scan transaction database DB once

collect frequent items FI and their supports
sort FI in support descending order as L
for each transaction in DB
select and sort FI in Trans by the order of L
insert (p|P, T) into the root of Prefix tree, T°
update T header
end
for each item a@; from the bottom of T .header
if total_frequency(a)*GMAXW)> 7
create a conditional tree Tree; for item a;
call mining(7Tree;, a;)
end
end

Procedure ASCFPgrowth
Input: A conditional Tree(T) with weights and
threshold
Output: The
corresponding to T
mining(7;, &)
{
create the conditional tree, ASC of a
by deleting each item d; from T having
adjusted support completeness(d;)< J
for each item G in the header table of ASC
call Test_Candidate(af)
create ASC-tree Ty for itemset aG
call mining(7Ts af)

complete frequent patterns

}
Test_Candidate(X)
{
let adjusted support completeness of X is ASC,
set ASC~= 0
for each batch B;
ASC= ASC+adjusted support completeness(X,

if ASC, >= 7
add X in FP ist of adjusted support
completeness

}
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[Table 3] The Characteristics of DataSets

Dataset #Trans | #ltems | Avg. trans. size
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