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Apriori Algorithm [AgSr94]

Algorithm: Apriori(l, D, minsupp)

1R<1

2 F1 « {{i} | i € I A count({i}) > |D| - minsupp} // frequent 1-itemsets

3 while F, # o do

4 R—R+1

5 | Cp «apriori-gen(Fp_q) // generate new candidates

6 | foreachte Ddo // scan the database once

7 Ct < subset(Cg, t) // candidates contained in t
8 foreach c € C; do c.count +=1 // increment support count

9 Fr < {c € C, | c.count > |D| - minsupp} // keep frequent candidates
10 return | J; F;

where Cp:set of candidate k-itemsets  Fi: set of frequent k-itemsets

Note: all itemsets & lists of itemsets are kept sorted.

Candidate Generation: apriori-gen

Step 1: Join by prefix matching

Process all (kR - 1)-frequent itemsets p < g, that match on their first k - 2 elements
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Step 2: Pruning

p € Fr1:

q € Fpa:

Apriori Algorithm
(123)
l
(1234) e Cy

T
(12 4)

Remove all candidate itemsets that have a subset of size (k - 1) that is not in F-1

Note: faster on sorteditemsets. Need to check only the k - 2 itemsets notused in join.

Example:

After join:

F3={(123),(124),(134),(135),(23 4)}
{(1234),(1345)}

pruning step: remove (1 3 4 5) because (3 4 5),(145) ¢ F;
- C.={(1234)}

Apriori: Example with minsupp = 50%

TID ltems
1 ABCD
E
2 ABE
3 ABDE
4 ABD
5 BCDE
6 BDE
7 ABCE
8 CD
9 ABD
10 ABD
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Efficient Computing of the Subset Function

Subset(Cg,T) computes all candidates from Cj, that are contained in transaction T
Problems:

» many candidate itemsets (millions)

P atransaction may contain many items / itemsets
Idea: use a hashtree to store/index/manage C,, (and use it to process each

transaction)

P leaf nodes contain list of itemsets (including their counts, initially 0)
P inner nodes hold hash tables;
each bucket at level d refers to a child node at level d + 1

P root node is at level 1
P hashing at level d is based on the dth smallest value in the k-itemset; at most R
+ 1 levels
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For 3-itemset candidates C; 0]1]2

367 ! 357 7912 Man| (789 238 ! 256
1[2] |35 1 161 179 [11112 567 1[2] |25 7
58 11
v Y
3415 371 246| [24 7
3411 279| [5710
348

Hash Tree Index

Search for a single k-itemset

P begin at the root node

P in a leaf: search linearly (or, e.g., binary search)

P inner node at level d: apply the hash function h to d-th item of the itemset
to determine the branch to follow

Insertion of a k-itemset

P search for corresponding leaf node and insert itemset into node
P in case of a node overflow:
» transform leaf node into inner node
P distribute the node’s entries to new leaf nodes according to hash function

Example: Search and Insert
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For 3-itemset candidates C3 | 0 | 1 | 2
h(K) =K mod 3
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Determining Frequent Itemsets using Hash Tree

Search all candidates that are contained in transaction T = (t1t> ... tm)
at the root node:

P determine the hash value for eachitemin T
P continue search in each corresponding child node

at an inner node at level d (which has been reached by hashing t;)

P determine hash values and continue search for each item t, with R > i

at a leaf node

P test whether the itemsets in that node are contained in transaction T

Optimization: at every level d, only consider the hash codes of (tj.q, ..., tm-r+q)
as possible next-smallest item, where t; was the item last used for splitting.

Example
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Transaction: 137912 011]2 Scanned leaves
Pruned leaves
3 1’7{7
01112 01112 01112
9 / 3;?4{7{ \ \
367 7 Jv 357 79 12 1411 78 9 238 256
N | —
o112 (25711 16 1M 17 9 111 12 567 O1112( 125 7
N
581
9'12 A 4 Y
3415 371 246 24 7
341 279 5710
34 8

Only 6 of 22 candidates from C3 are considered for this transaction, 2 of which are

correct.
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