
1/16/24, 5:39 PM Apriori Algorithm

https://dm.cs.tu-dortmund.de/mlbits/frequent-pattern-apriori-algorithm/ 1/3

Apriori Algorithm
These contents were automatically converted from lecture slides. Some contents have been withheld for copyright or
technical limitations. The contents have not been optimally reformatted for online access. All rights reserved unless
otherwise noted.

A previous YouTube video recording of these contents is available.

Apriori Algorithm [AgSr94]

where  : set of candidate -itemsets  : set of frequent -itemsets

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

Candidate Generation: apriori-gen
Step 1: Join by prefix matching

Process all -frequent itemsets , that match on their first  elements
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Step 2: Pruning

Remove all candidate itemsets that have a subset of size  that is not in 

Note: faster on sorted itemsets. Need to check only the  itemsets not used in join.

Example:
After join:
pruning step: remove  because 
⇝

Apriori: Example with 

TID Items

1
A B C D
E

2 A B E
3 A B D E
4 A B D
5 B C D E
6 B D E
7 A B C E
8 C D
9 A B D
10 A B D

scan  { A } 7
{ B } 9
{ C } 4
{ D } 8
{ E } 6

filter { A } 7
{ B } 9
{ D } 8
{ E } 6

join
&

prune

{ A B }
{ A D }
{ A E }
{ B D }
{ B E }
{ D E }

scan 

{ A B } 7
{ A D } 5
{ A E } 4
{ B D
}

7

{ B E } 6
{ D E } 4

filter
{ A B } 7
{ A D } 5
{ B D
}

7

{ B E } 6

join
{ A B D }
{ B D E }

prune

{ A B D }

scan 

{ A B
D }

5

filter
{ A B
D }

5

join
empty
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Efficient Computing of the Subset Function
Subset( , ) computes all candidates from  that are contained in transaction 

Problems:

many candidate itemsets (millions)
a transaction may contain many items / itemsets

Idea: use a hashtree to store/index/manage  (and use it to process each
transaction)

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

root node is at level 1
hashing at level  is based on the th smallest value in the -itemset; at most 

 levels

Example
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Hash Tree Index
Search for a single -itemset

begin at the root node
in a leaf: search linearly (or, e.g., binary search)
inner node at level : apply the hash function  to -th item of the itemset
to determine the branch to follow

Insertion of a -itemset

search for corresponding leaf node and insert itemset into node
in case of a node overflow:

transform leaf node into inner node
distribute the node’s entries to new leaf nodes according to hash function

Example: Search and Insert
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Determining Frequent Itemsets using Hash Tree
Search all candidates that are contained in transaction 

at the root node:

determine the hash value for each item in 
continue search in each corresponding child node

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

determine hash values and continue search for each item  with 

at a leaf node

test whether the itemsets in that node are contained in transaction 

Optimization: at every level , only consider the hash codes of 
as possible next-smallest item, where  was the item last used for splitting.

Example
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Only 6 of 22 candidates from  are considered for this transaction, 2 of which are
correct.

Association Rules »« NetFlix Example
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