DSC 433/533 – Homework 4
Reading
“Data Mining Techniques” by Berry and Linoff (2nd edition): chapter 6 (pages 165-209).

Exercises
Hand in answers to the following questions at the beginning of the first class of week 5.  The questions are based on decision trees (chapter 6 of the textbook) and the German Credit Case (see separate document on the handouts page of the course website) and the Excel dataset German.xls (available on the data page of the course website).
1. Make a Standard Partition of the data into Training, Validation, and Test samples.  Select all the variables to be in the partition, use a random seed of 12345, and specify percentages of 50%, 30%, and 20% respectively for each sample.  Re-save the spreadsheet since we will be using this partition in a future homework exercise also.
To turn in: How many customers in the validation sample fulfilled the terms of their credit agreement (RESPONSE=1) and how many defaulted on their loan payments (RESPONSE=0)?  What would be the expected total net profit from extending credit to all customers in the validation sample, assuming 150 DM profit on good loans and 500 DM loss on bad loans?
2. Fit a decision tree model to classify “RESPONSE.”  In particular:

· Select XLMiner > Classification > Classification Tree.

· Step 1: Move all the variables from “CHK_ACCT” to “FOREIGN” to the “Input variables” box and “RESPONSE” to the “Output variable” box (i.e., the only variable not used is “OBS#”).

· Step 2: Select “Prune tree” and “Minimum # records in a terminal node” and set # records at “50.”

· Step 3: Select “Best pruned tree” and “Minimum error tree.”

· Select “Summary report” for “Score training data.”

· Select “Detailed report,” “Summary report,” and “Lift charts” for “Score validation data.”

· De-select “Summary report” for “Score test data” (we won’t be using test data for this assignment).

To turn in: The best pruned tree is drawn on the sheet labeled “CT_PruneTree1” and summarized in tabular form on the sheet labeled “CT_Output1.”  Assuming an initial cutoff probability value for success (good credit risk) of 0.5, describe in words the decision rules resulting from the best pruned tree.  [Hint: look at the “Codelist” worksheet to see what the variables measure, and see p167-8 in the textbook for an example.  The predicted classifications are shown as blue numbers in the terminal nodes in the tree diagram and in the column headed “Class” in the “Tree rules” table – the predicted class is “1” if the proportion of good credit risks reaching that terminal node is greater than 0.5, and it is “0” if the proportion of good credit risks reaching that terminal node is less than 0.5.]
3. The “classification confusion matrix” for the validation data for the best pruned tree is on the “CT_Output1” sheet:
	Classification Confusion Matrix
	
	Expected net profits

	 
	Predicted Class
	
	 
	Predicted Class

	Actual Class
	1
	0
	
	Actual Class
	1
	0

	1
	177
	29
	
	1
	26550
	0

	0
	55
	39
	
	0
	-27500
	0

	
	
	
	
	
	-950
	


You can manually add a table for expected net profits using the average net profit table from p3 of the case.  For example, 177 customers offered a loan (i.e. with modeled probability of good credit risk more than 0.5) paid it off and resulted in a profit of 150*177 = 26,550 DM.  Conversely, 55 customers offered a loan defaulted and resulted in a loss of 500*55 = 27,500 DM.  The other 29+39 customers have a modeled probability of good credit risk less than 0.5 and so would not be offered a loan.  Net profit is therefore 26,550 – 27,500 = –950 DM (i.e. a loss).
You can change the cut-off probability from 0.5 to some other number to see whether setting a different cut-off can lead to better profitability – in XLMiner it is the number in the blue cell just above the “classification confusion matrix” for the validation data for the best pruned tree (cell F126?).
To turn in:  Complete the following table:
	Cut-off probability
	0.5
	0.65
	0.8

	Decision tree model 1 profit
	–950 DM
	
	


4. Repeat parts 2 and 3, but in Step 2, set the “minimum # records in a terminal node” to “25.”
To turn in:  Briefly describe how the decision rules for this best pruned tree differ from the rules in part 2, and complete the following table:

	Cut-off probability
	0.5
	0.65
	0.8

	Decision tree model 2 profit
	
	
	


5. In each of the previous decision tree analyses, the best pruned tree and minimum error tree were the same.  If you run a third decision tree analysis with the “minimum # records in a terminal node” to “1” you should find that the resulting minimum error tree (with 12 terminal nodes) is somewhat larger than the best pruned tree (with 4 terminal nodes).
To turn in:  Briefly say why this minimum error tree is unlikely to outperform the best pruned tree on future data?  [Hint: Remember there is always some statistical error in any fitted model, and Occam’s razor prefers a simpler model to a more complex one if they are statistically indistinguishable.  Also, note that in XLMiner the "standard error" reported for the "minimum error tree" is expressed as a proportion, whereas the error rates themselves are expressed as percentages.]
6. To determine which variables (and variable values) to use to make the splits in a decision tree, there are various measures of “purity” that can be used.  The purity of a node in a tree represents the concentration of one class (e.g. good credit risk) versus another (e.g. bad credit risk) – the idea is to construct a tree with nodes that have high concentrations of one class (high purity).  The four major methods for measuring purity for classification trees (Gini, inverse entropy, information gain ratio, and chi-squared) are described in the textbook on p177-183 – as far as I can tell, XLMiner uses a variant on the Gini method.  Consider the example on p181-2.  The parent node has a Gini score of (10/20)2 + (10/20)2 = 0.5 and an entropy score of                        –1*[(10/20)*log2(10/20) + (10/20)*log2(10/20)] = 1.  The first proposed split leads to two children, one with 9/10 dark and 1/10 light, and the other with 1/10 dark and 9/10 light.  The second proposed split leads to two children, one with 6/6 dark and 0/6 light, and the other with 4/14 dark and 10/14 light.  The Gini and entropy scores are as follows:
	
	Gini score
	Gini wtd. ave.
	Entropy score
	Entropy wtd. ave.

	Split 1, child 1
	(9/10)2 + (1/10)2 = 0.82
	(10/20)0.82 + (10/20)0.82

= 0.82
	–1[(9/10)*log2(9/10) + (1/10)*log2(1/10)] = 0.47
	(10/20)0.47 + (10/20)0.47
= 0.47

	Split 1, child 2
	(1/10)2 + (9/10)2 = 0.82
	
	–1[(1/10)*log2(1/10) + (9/10)*log2(9/10)] = 0.47
	

	Split 2, child 1
	(6/6)2 + (0/6)2
= 1.0
	(6/20)1.0 + (14/20)0.592

= 0.714
	–1[(6/6)*log2(6/6) + (0/6)*log2(0/6)] = 0
	(6/20) 0 + (14/20)0.863
= 0.604

	Split 2, child 2
	(4/14)2 + (10/14)2 = 0.592
	
	–1[(4/14)*log2(4/14) + (10/14)*log2(10/14)] = 0.863
	


Therefore, the Gini gain for the first split is 0.82 – 0.5 = 0.32, but only 0.714 – 0.5 = 0.214 for the second split, and so the first split increases purity and is preferred.  Similarly, the entropy loss (information gain) for the first split is 1 – 0.47 = 0.53, but only 1 – 0.604 = 0.396 for the second split, and so the first split increases purity and is preferred.
Consider a third proposed split that leads to two children, one with 8/9 dark and 1/9 light, and the other with 2/11 dark and 9/11 light.
To turn in:  complete the following tables:
	
	Gini score
	Gini wtd. ave.
	Entropy score
	Entropy wtd. ave.

	Split 3, child 1
	
	
	
	

	Split 3, child 2
	
	
	
	


	       
	Gini gain
	Gini rank
	Entropy loss
	Entropy rank

	Split 1
	0.32
	
	0.53
	

	Split 2
	0.214
	
	0.396
	

	Split 3
	
	
	
	


[Hint: Excel is ideal for these sorts of calculations.  Also, for the rank columns, rank the splits in order from 1 (most preferred) to 3 (least preferred) for the two methods.  Although the ranks should be the same under both methods, your results should reflect the fact that the entropy method has a stronger preference for nodes that are purer, even if smaller, than the Gini method.  The Gini method favors balanced (approximately equally sized) children with few “misclassifications” (e.g. there are 2 misclassifications in split 1, 4 in split 2 and 3 in split 3).][image: image1.png]



