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Algorithm: TAspam

Input : SW;, min_sup, CID, S, I, k-item, CS,
L-tree
Output : FASP, StP

1. transform the transation data of SW; into
CS;

For each I do store it into CS order by CID;
For each CID do store customer
information as (Si, I);
2. For CS do turn it into bit-vector with three
column for each k-item;
If the I exist in k-item then
set bit 1;
else set bit 0;
record (Sc1,Sc2, Sc3) and store into bit-vector
matrix;

3. For each 1-item do count support with the
same Si and store into L-tree with
[Si:sup(Is)];

4. For each node of L-tree

If the stream of 1-item is frequent then
do I-step then S-step and count support;

5. If sup(CI) and sup(CP) = min_sup then

add the FASP and StP into the L-tree;
else eliminate it;

6. For each StP of the L-tree do

insert it into stream hash table;
construct the linked list to link to node
of L-tree;

maintain the maximal frequent patterns;

7. For each FASP do insert new FASP into
L-tree or update support of node or decay the
weight of FASP in L-tree;

return;
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