
Association Rule Discovery : 
Apriori Principle
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Market Basket Analysis
i Goal of MBA is to find associations (affinities) among groups of 

items occurring in a transactional database
4 has roots in analysis of point-of-sale data, as in supermarkets
4 but, has found applications in many other areas

i Association Rule Discovery
4 most common type of MBA technique
4 Find all rules that associate the presence of one set of items with that of another 

set of items.
4 Example: 98% of people who purchase tires and auto accessories also get 

automotive services done
4 We are interested in rules that are

hnon-trivial (possibly unexpected)
hactionable
heasily explainable
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Format of Association Rules
i Typical Rule form: 

4 Body ==> Head 
4 Body and Head can be represented as sets of items (in transaction data) or as 

conjunction of predicates (in relational data)
4 Support and Confidence

hUsually reported along with the rules
hMetrics that indicate the strength of the item associations

i Examples:
4 {diaper, milk} ==> {beer} [support: 0.5%, confidence: 78%]
4 buys(x, "bread") /\ buys(x, “eggs") ==> buys(x, "milk") [sup: 0.6%, conf: 65%]
4 major(x, "CS") /\ takes(x, "DB") ==> grade(x, "A") [1%, 75%]
4 age(X,30-45) /\ income(X, 50K-75K) ==> owns(X, SUV)
4 age=“30-45”, income=“50K-75K” ==> car=“SUV”



Association Rules – Basic Concepts
Let D be database of transactions

– e.g.:

• Let I be the set of items that appear in the database, e.g., 
I={A,B,C,D,E,F}
• Each transaction t is a subset of I

• A rule is an implication among itemsets X and Y, of the form 
by X à Y, where XÌI, YÌI, and XÇY=Æ
– e.g.: {B,C} à {A} is a rule

Transaction ID Items
1000 A, B, C

2000 A, B

3000 A, D

4000 B, E, F



Association Rules – Basic Concepts
• Itemset

– A set of one or more items
• E.g.: {Milk, Bread, Diaper}

– k-itemset
• An itemset that contains k items

• Support count (s)
– Frequency of occurrence of an itemset

(number of transactions it appears)
– E.g.   s({Milk, Bread,Diaper}) = 2 

TID Items 

1 Bread, Milk 

2 Bread, Diaper, Beer, Eggs 

3 Milk, Diaper, Beer, Coke  
4 Bread, Milk, Diaper, Beer 

5 Bread, Milk, Diaper, Coke  
 

• Support(s)
– Fraction of the transactions in which an 

itemset appears
– E.g.   s({Milk, Bread, Diaper}) = 2/5

• Frequent Itemset
– An itemset whose support is greater than or 

equal to a minsup threshold

Customer
buys diaper

Customer
buys both

Customer
buys beer
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p Association Rule
n X à Y, where X and Y are non-

overlapping itemsets
n {Milk, Diaper} à {Beer} 

p Rule Evaluation Metrics
n Support (s)

p Fraction of transactions that contain 
both X and Y

p i.e., support of the itemset XÈY

n Confidence (c)
p Measures how often items in Y

appear in transactions that
contain X

TID Items 

1 Bread, Milk 

2 Bread, Diaper, Beer, Eggs 

3 Milk, Diaper, Beer, Coke  
4 Bread, Milk, Diaper, Beer 

5 Bread, Milk, Diaper, Coke  
 

Association Rules – Basic Concepts



Another interpretation of support and confidence for X à Y

– Support is the probability that a transaction contains {X È Y} 
or Pr(X /\ Y)

– Confidence is the conditional probability  that a transaction will 
contains Y given that it contains X or Pr(Y | X)

Association Rules – Basic Concepts

confidence(X à Y)  =  s(X È Y) / s(X)
=  support(X È Y) / support(X)

support(X à Y) = support(X È Y)  = s(X È Y) / |D|
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Support and Confidence - Example

Transaction ID Items Bought

1001 A, B, C

1002 A, C

1003 A, D

1004 B, E, F

1005 A, D, F

Itemset {A, C} has a support of 2/5 = 40%

Rule {A} ==> {C} has confidence of 50%

Rule {C} ==> {A} has confidence of 100%

Support for {A, C, E} ?
Support for {A, D, F} ?

Confidence for {A, D} ==> {F} ?
Confidence for {A} ==> {D, F} ?

confidence(X à Y)  =  s(X È Y) / s(X)
=  support(X È Y) / support(X)

support(X à Y) = support(X È Y)  = s(X È Y) / |D|
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Lift (Improvement)
i High confidence rules are not necessarily useful

4 What if confidence of {A, B} à {C} is less than Pr({C})?
4 Lift gives the predictive power of a rule compared to random chance:

Itemset {A} has a support of 4/5
Rule {C} ==> {A} has confidence of 2/2

Lift = 5/4 = 1.25

Itemset {A} has a support of 4/5
Rule {B} ==> {A} has confidence of 1/2

Lift = 5/8 = 0.625

Transaction ID Items Bought

1001 A, B, C

1002 A, C

1003 A, D

1004 B, E, F

1005 A, D, F

𝑙𝑖𝑓𝑡 𝑋 → 𝑌 =
Pr 𝑌 𝑋
Pr 𝑌

=
𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑋 → 𝑌

𝑠𝑢𝑝𝑝𝑜𝑟𝑡 𝑌
=

𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝑋 ∪ 𝑌)
𝑠𝑢𝑝𝑝𝑜𝑟𝑡 𝑋 . 𝑠𝑢𝑝𝑝𝑜𝑟𝑡(𝑌)
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Steps in Association Rule Discovery
1. Find the frequent itemsets

(item sets are the sets of items that have minimum support)

2. Use the frequent itemsets to generate association rules

Brute Force Algorithm:
• List all possible itemsets and compute their support
• Generate all rules from frequent itemset
• Prune rules that fail the minconf threshold

Would this work?!



How many itemsets are there? 
null

AB AC AD AE BC BD BE CD CE DE

A B C D E

ABC ABD ABE ACD ACE ADE BCD BCE BDE CDE

ABCD ABCE ABDE ACDE BCDE

ABCDE

Given n items, 
there are 2n
possible itemsets



Solution: The Apriroi Principle
• Support is “downward closed”

§ If an itemset is frequent (has enough support), then all of its subsets 
must also be frequent
o if {AB} is a frequent itemset, both {A} and {B} are frequent itemsets

§ This is due to the anti-monotone property of support

• Corollary: if an itemset doesn’t satisfy minimum support, none of its 
supersets will either
§ this is essential for pruning search space)

)()()(:, YsXsYXYX ³ÞÍ"



The Apriori Principle
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Found to be 
Infrequent

null

AB AC AD AE BC BD BE CD CE DE

A B C D E

ABC ABD ABE ACD ACE ADE BCD BCE BDE CDE

ABCD ABCE ABDE ACDE BCDE

ABCDE

null

AB AC AD AE BC BD BE CD CE DE

A B C D E

ABC ABD ABE ACD ACE ADE BCD BCE BDE CDE

ABCD ABCE ABDE ACDE BCDE

ABCDE

Pruned 
supersets



Support-Based Pruning
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Item Count
Bread 4
Coke 2
Milk 4
Beer 3
Diaper 4
Eggs 1

Itemset Count
{Bread,Milk} 3
{Bread,Beer} 2
{Bread,Diaper} 3
{Milk,Beer} 2
{Milk,Diaper} 3
{Beer,Diaper} 3

Itemset Count 
{Bread,Milk,Diaper} 3 
 

Items (1-itemsets)

Pairs (2-itemsets)

(No need to generate
candidates involving Coke
or Eggs)

Triplets (3-itemsets)

minsup = 3/5
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Apriori Algorithm
Ck : Candidate itemset of size k
Lk :  Frequent itemset of size k

Join Step: Ck is generated by joining Lk-1with itself
Prune Step:  Any (k-1)-itemset that is not frequent cannot be a subset 
of a frequent k-itemset
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Example of Generating Candidates

i L3={abc, abd, acd, ace, bcd}

i Self-joining: L3*L3

4 abcd from abc and abd

4 acde from acd and ace

i Pruning:
4 acde is removed because ade is not in L3

i C4 = {abcd}

{a,c,d} {a,c,e}

{a,c,d,e}

acd ace ade cde
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Apriori Algorithm - An Example
Assume minimum support = 2
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Apriori Algorithm - An Example

The final “frequent” item sets are those remaining in L2 and L3.
However, {2,3}, {2,5}, and {3,5} are all contained in the larger 
item set {2, 3, 5}. Thus, the final group of item sets reported by 
Apriori are {1,3} and {2,3,5}. These are the only item sets from 
which we will generate association rules.
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Generating Association Rules
from Frequent Itemsets

i Only strong association rules are generated
i Frequent itemsets satisfy minimum support threshold
i Strong rules are those that satisfy minimum confidence threshold

i confidence(A à B) = Pr(B | A) =
( )
( )

support A B
support A

È

For each frequent itemset, f, generate all non-empty subsets of f
For every non-empty subset s of f do

if support(f)/support(s) ³ min_confidence then
output rule s ==> (f-s)

end
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Generating Association Rules
(Example Continued)

i Item sets: {1,3} and {2,3,5}
i Recall that confidence of a rule LHS à RHS is Support of itemset (i.e. 

LHS È RHS) divided by support of LHS. 

Candidate rules for 
{1,3}

Candidate rules for {2,3,5}

Rule Conf. Rule Conf. Rule Conf.
{1}à{3} 2/2 = 1.0 {2,3}à{5} 2/2 = 1.00 {2}à{5} 3/3 = 1.00

{3}à{1} 2/3 = 0.67 {2,5}à{3} 2/3 = 0.67 {2}à{3} 2/3 = 0.67

{3,5}à{2} 2/2 = 1.00 {3}à{2} 2/3 = 0.67

{2}à{3,5} 2/3 = 0.67 {3}à{5} 2/3 = 0.67

{3}à{2,5} 2/3 = 0.67 {5}à{2} 3/3 = 1.00

{5}à{2,3} 2/3 = 0.67 {5}à{3} 2/3 = 0.67

Assuming a min. confidence of 75%, the final set of rules reported by 
Apriori are: {1}à{3}, {2,3}à{5}, {3,5}à{2}, {5}à{2} and {2}à{5}
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Generating Association Rules
(Example Continued)

i Item sets: {1,3} and {2,3,5}
i Recall that confidence of a rule LHS à RHS is Support of itemset (i.e. 

LHS È RHS) divided by support of LHS. 

Candidate rules for 
{1,3}

Candidate rules for {2,3,5}

Rule Conf. Rule Conf. Rule Conf.
{1}à{3} 2/2 = 1.0 {2,3}à{5} 2/2 = 1.00 {2}à{5} 3/3 = 1.00

{3}à{1} 2/3 = 0.67 {2,5}à{3} 2/3 = 0.67 {2}à{3} 2/3 = 0.67

{3,5}à{2} 2/2 = 1.00 {3}à{2} 2/3 = 0.67

{2}à{3,5} 2/3 = 0.67 {3}à{5} 2/3 = 0.67

{3}à{2,5} 2/3 = 0.67 {5}à{2} 3/3 = 1.00

{5}à{2,3} 2/3 = 0.67 {5}à{3} 2/3 = 0.67

Assuming a min. confidence of 75%, the final set of rules reported by 
Apriori are: {1}à{3}, {2,3}à{5}, {3,5}à{2}, {5}à{2} and {2}à{5}
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Frequent Patterns Without Candidate Generation
i Bottlenecks of the Apriori approach

4 Breadth-first (i.e., level-wise) search

4 Candidate generation and test (Often generates a huge number of candidates)

i The FPGrowth Approach (J. Han, J. Pei, Y. Yin, 2000)
4 Depth-first search; avoids explicit candidate generation

i Basic Idea: Grow long patterns from short ones using locally frequent 
items only
4 “abc” is a frequent pattern; get all transactions having “abc” 

4 “d” is a local frequent item in DB|abc à abcd is a frequent pattern

i Approach:

4 Use a compressed representation of the database using an FP-tree

4 Once an FP-tree has been constructed, it uses a recursive divide-and-conquer 
approach to mine the frequent itemsets



Reducing Number of Comparisons 
Candidate counting: 
•- Scan the database of transactions to determine the support of each 
candidate itemset. 
•- To reduce the number of comparisons, store the candidates in a hash 
structure 
•- Instead of matching each transaction against every candidate, match 
it against candidates contained in the hashed buckets 
Hash Table 
•- A hash table (hash map) is a data structure used to implement an 
associative array, a structure that can map keys to values. 
•- A hash table uses a hash function to compute an index into an array 
of buckets or slots, from which the correct value can be found. 
•- Max leaf size: max number of itemsets stored in a leaf node, if 
number of candidate itemsets exceeds max leaf size, split the node. 



Factors Affecting Complexity 
iChoice of minimum support threshold: Lowering support 

threshold results in more frequent itemsets.This may increase 
number of candidates and max length of frequent itemsets. 

iDimensionality (number of items) of the data set: More space is 
needed to store support count of each item. If number of frequent 
items increases, both computation and I/O costs may also 
increase. 

iSize of database: Since Apriori makes multiple passes, run time of 
algorithm may increase with number of transactions. 

iAverage transaction width: Transaction width increases with 
denser data sets. This may increase max length of frequent 
itemsets and traversals of hash tree (number of subsets in a 
transaction increases with its width) 
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