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¢ Goal

m use cumulative count of each candidate itemset
to archievetheillusion of alarge partition

m employ prior knowledge collected during mining
process to reduce the number of candidate
itemsets and identify false candidate itemsets at
an earlier stage
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Early Local Pruning
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First Global Anti-Skew

| P, P k__p

c.age
‘ cisin Lcage ‘

cisnot in L cage-(cagetk-1)

U

l— remove c from candidate itemsets
cisin oneof Lcagetk | cagetk+l | n k
L possible false

add c to candidate itemsets candidate itemset



Second Global Anti-Skew
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Conclusion

& | mprovement on partitioning approach
m early local pruning
m first global anti-skew
m second global anti-skew
& Merge partitioning and sampling approaches
m random sampling on fir st few partitions
¢ |ssue

m How to properly integrate partitioning and
sampling approaches
e sampling on each larger partition




