

Cluster 
Revise the cluster outputs using the following data set. 
[bookmark: _GoBack]Load Browsing1.csv.  Selects K means algorithm and adjust to 3 columns to test.
Find anything interesting – record the output.

Association Rule Learning Exercise/Tutorial 

A pile of transactional records, discover interesting purchasing patterns that could be exploited in the store, such as offers and product layout.
You will work through a market basket analysis tutorial using association rule learning in Weka. If you follow along the step-by-step instructions, you will run a market basket analysis on point of sale data in under 5 minutes.
Association rules are useful to determine statements such as, “User Creates x widgets in y days and logged in n times then they will convert“. 
The outcome can be understood as rules  - such as support (the number of records that match the rule out of all record) and lift (the % increase in predictive accuracy in using the rule to predict a conversion).
1. Start the Weka Explorer
[image: ]
Weka GUI Chooser
Start the Weka Explorer.
2. Load the Supermarket Datasets
2.1  Load GroseryBaskey.csv.  Go to 3.1 Follow instructions.
2.2 Load the Supermarket dataset (supermarket.arff). This is a dataset of point of sale information. The data is nominal and each instance represents a customer transaction at a supermarket, the products purchased and the departments involved. 
There is not much information about this dataset online, although you can see this comment from the personal that collected the data.
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Supermarket dataset loaded in the Weka Explorer

The data contains 4,627 instances and 217 attributes. The data is denormalized. Each attribute is binary and either has a value (“t” for true) or no value (“?” for missing). There is a nominal class attribute called “total” that indicates whether the transaction was less than $100 (low) or greater than $100 (high).
We are not interested in creating a predictive model for total. Instead we are interested in what items were purchased together. We are interested in finding useful patterns in this data that may or may not be related to the predicted attributed. Go to 3.2
3. Discover Association Rules
3.1 View and analyse the results  - do they match with lecture output?
Record what the results mean.
Return to 2.2 Follow instructions
3.2 Click the “Associate” tab in the Weka Explorer. The “Apriori” algorithm will already be selected. This is the most well known association rule learning method because it may have been the first (Agrawal and Srikant in 1994) and it is very efficient.
In principle the algorithm is quite simple. It builds up attribute-value (item) sets that maximize the number of instances that can be explained (coverage of the dataset). The search through item space is very much similar to the problem faced with attribute selection and subset search.
Click the “Start” button to run Apriori on the dataset.
4. Analyze Results

The real work for association rule learning is in the interpretation of results.
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Results for the Apriori Association Rule Learning in Weka

From looking at the “Associator output” window, you can see that the algorithm presented 10 rules learned from the supermarket dataset. The algorithm is configured to stop at 10 rules by default, you can click on the algorithm name and configure it to find and report more rules if you like by changing the “numRules” value.
The rules discovered where:
· biscuits=t frozen foods=t fruit=t total=high 788 ==> bread and cake=t 723 conf:(0.92)
· baking needs=t biscuits=t fruit=t total=high 760 ==> bread and cake=t 696 conf:(0.92)
· baking needs=t frozen foods=t fruit=t total=high 770 ==> bread and cake=t 705 conf:(0.92)
· biscuits=t fruit=t vegetables=t total=high 815 ==> bread and cake=t 746 conf:(0.92)
· party snack foods=t fruit=t total=high 854 ==> bread and cake=t 779 conf:(0.91)
· biscuits=t frozen foods=t vegetables=t total=high 797 ==> bread and cake=t 725 conf:(0.91)
· baking needs=t biscuits=t vegetables=t total=high 772 ==> bread and cake=t 701 conf:(0.91)
· biscuits=t fruit=t total=high 954 ==> bread and cake=t 866 conf:(0.91)
· frozen foods=t fruit=t vegetables=t total=high 834 ==> bread and cake=t 757 conf:(0.91)
· frozen foods=t fruit=t total=high 969 ==> bread and cake=t 877 conf:(0.91)
Very cool, right!
You can see rules are presented in antecedent => consequent format. The number associated with the antecedent is the absolute coverage in the dataset (in this case a number out of a possible total of 4,627). The number next to the consequent is the absolute number of instances that match the antecedent and the consequent. The number in brackets on the end is the support for the rule (number of antecedent divided by the number of matching consequents). You can see that a cutoff of 91% was used in selecting rules, mentioned in the “Associator output” window and indicated in that no rule has a coverage less than 0.91.
I don’t want to go through all 10 rules, it would be too onerous. Here are few observations:
· 		We can see that all presented rules have a consequent of “bread and cake”.
· 		All presented rules indicate a high total transaction amount.
· 		“biscuits” an “frozen foods” appear in many of the presented rules.
· 
You have to be very careful about interpreting association rules. They are associations (think correlations), not necessary causally related. Also, short antecedent are likely more robust than long antecedent that are more likely to be fragile.
If we are interested in total for example, we might want to convince people that buy biscuits, frozen foods and fruit to buy bread and cake so that they result in a high total transaction amount (Rule #1). This may sound plausible, but is flawed reasoning. The product combination does not cause a high total, it is only associated with a high total. Those 723 transactions may have a vast assortment of random items in addition to those in the rule.
What might be interesting to test is to model the path through the store required to collect associated items and seeing if changes to that path (shorter, longer, displayed offers, etc) have an effect on transaction size or basket size.

5 Load astigmatism.csv, discover any associations?
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