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The lifeblood of retail businesses has always been sales. A retailer can never assume that his 

customers know all of his offerings. But rather, he must make the effort to present all 

applicable options in way which increases customer engagement and increase sales. 

Association Rule Mining 

Association Rule Mining is used when you want to find an association between different 

objects in a set, find frequent patterns in a transaction database, relational databases or any 

other information repository. The applications of Association Rule Mining are found in 

Marketing, Basket Data Analysis (or Market Basket Analysis) in retailing, clustering and 

classification. 

The most common approach to find these patterns is Market Basket Analysis, which is a key 

technique used by large retailers like Amazon, Flipkart, etc to analyze customer buying habits 

by finding associations between the different items that customers place in their “shopping 

baskets”. The discovery of these associations can help retailers develop marketing strategies 

by gaining insight into which items are frequently purchased together by customers. The 

strategies may include: 

 Changing the store layout according to trends 

 Customer behavior analysis 

 Catalog design 

 Cross marketing on online stores 

 What are the trending items customers buy 

 Customized emails with add-on sales etc.. 

Online retailers and publishers can use this type of analysis to: 

 Inform the placement of content items on their media sites, or products in their catalog 

 Deliver targeted marketing (e.g. emailing customers who bought products specific 

products with other products and offers on those products that are likely to be interesting 

to them.) 
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Difference between Association and Recommendation 

Association rules do not extract an individual's preference, rather find relationships between 

sets of elements of every distinct transaction. This is what makes them different than 

Collaborative filtering which is used in recommendation systems. 

To understand it better take a look at below snapshot from amazon.com and you notice 2 

headings “Frequently Bought Together” and the “Customers who bought this item also 

bought” on each product‟s info page. 

“Frequently Bought Together” → Association 

“Customers who bought this item also bought” → Recommendation 
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Now to be very frank Market Basket Analysis is stupid simple. It really is: you‟re effectively 

just looking at the likelihood of different elements occurring together. There‟s more to it than 

that, but that‟s the basis of this technique. We‟re really just interested in learning how often 

things go together and how to predict when things will go together. 

Apriori Algorithm 

Apriori algorithm assumes that any subset of a frequent itemset must be frequent. Its the 

algorithm behind Market Basket Analysis. 

Say, a transaction containing {Grapes, Apple, Mango} also contains {Grapes, Mango}. So, 

according to the principle of Apriori, if {Grapes, Apple, Mango} is frequent, then {Grapes, 

Mango} must also be frequent. 

Here is a dataset consisting of six transactions. Each transaction is a combination of 0s and 1s, 

where 0 represents the absence of an item and 1 represents the presence of it. 
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Dataset 

In order to find out interesting rules out of multiple possible rules from this small business 

scenario, we will be using the following matrices: 

1. Support: Its the default popularity of an item. In mathematical terms, the support of 

item A is nothing but the ratio of transactions involving A to the total number of 

transactions. 

Support(Grapes) = (Transactions involving Grapes)/(Total transaction) 

Support(Grapes) = 0.666 

2. Confidence: Likelihood that customer who bought both A and B. Its divides the number of 

transactions involving both A and B by the number of transactions involving B. 

Confidence(A => B) = (Transactions involving both A and B)/(Transactions involving only A) 

Confidence({Grapes, Apple} => {Mango}) = Support(Grapes, Apple, 

Mango)/Support(Grapes, Apple) 

= 2/6 / 3/6 

= 0.667 

3. Lift : Increase in the sale of A when you sell B. 

Lift(A => B) = Confidence(A, B) / Support(B) 

Lift ({Grapes, Apple} => {Mango}) = 1 
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So, likelihood of a customer buying both A and B together is „lift-value‟ times more than the 

chance if purchasing alone. 

 Lift (A => B) = 1 means that there is no correlation within the itemset. 

 Lift (A => B) > 1 means that there is a positive correlation within the itemset, i.e., 

products in the itemset, A, and B, are more likely to be bought together. 

 Lift (A => B) < 1 means that there is a negative correlation within the itemset, i.e., 

products in itemset, A, and B, are unlikely to be bought together. 

Association Rule-based algorithms are viewed as a two-step approach: 

1. Frequent Itemset Generation: Find all frequent item-sets with support >= pre-

determined min_support count 

2. Rule Generation: List all Association Rules from frequent item-sets. Calculate Support 

and Confidence for all rules. Prune rules that fail min_support and min_confidence 

thresholds. 

Limitation of Apriori algorithm 

Frequent Itemset Generation is the most computationally expensive step because the algorithm 

scans the database too many times, which reduces the overall performance. Due to this, the 

algorithm assumes that the database is Permanent in the memory. 

Also, both the time and space complexity of this algorithm are very high: O(2^{|D|}), thus 

exponential, where |D| is the horizontal width (the total number of items) present in the 

database. 

Optimizing Apriori algorithm 
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Transaction reduction 

We can optimize the existing apriori algorithm by which it will take less time and also works 

with less memory using these methods: 

 Hash-based itemset counting: A k-itemset whose corresponding hashing bucket count is 

below the threshold cannot be frequent. 

 Transaction reduction: A transaction that does not contain any frequent k-itemsets 

useless in subsequent scans. 

 Partitioning: An itemset that is potentially frequent in DB must be frequent in at least 

one of the partitions of DB. 

 Sampling: Mining on a subset of given data, lower support threshold + a method to 

determine the completeness. 

 Dynamic itemset counting: add new candidate itemsets only when all of their subsets 

are estimated to be frequent. 
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