DSC 433/533 – Homework 2
Reading
“Data Mining Techniques” by Berry and Linoff (2nd edition): chapter 3 (pages 43-86).

Exercises
Hand in answers to the following questions at the beginning of the first class of week 3.  The questions are based on the Tayko Software Reseller Case (see separate document on the handouts page of the course website) and the Excel dataset Tayko.xls (available on the data page of the course website) – this dataset includes only the purchasers.
1. Do some exploratory data analysis of the dataset using the Charts > Histogram and Charts > Matrix Plot menu items in XLMiner.  In particular, look at histograms and a scatterplot matrix of the freq, last, first, and spend variables.  For a standard multiple linear regression analysis of this dataset, there are some patterns and relationships in these variables that might lead us to try certain transformations to improve our analysis.  It turns out that for this dataset (and for other large datasets such as this with many variables and many observations), standard regression approaches such as transforming variables are less effective than usual (so we will be continuing our analysis without transforming any variables).
To turn in: Briefly describe which patterns and transformations are being discussed here.
2. Make a Standard Partition of the data into Training, Validation, and Test samples.  Select all the variables except “part” to be in the partition, and use “part” for the partition variable.  Re-save the spreadsheet since we will be using this partition in future homework exercises also.
To turn in: How many observations are in each of the Training, Validation, and Test samples?
3. Fit a multiple linear regression model to the training data for predicting “spend,” the amount spent by a customer receiving the catalog.  In particular:

· Select XLMiner > Prediction > Multiple Linear Regression.
· In step 1 move all the variables from “usa” to “res” to the “Input variables” box and “spend” to the “Output variable” box (i.e., the only variables not used are “num” and “purch”).
· In step 2 check “Fitted values.”

· On the “Advanced” dialog box check “Studentized residuals,” “Cook’s distance,” and “Hat matrix diagonals.”

· 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: Report the value of R2 for this model with 22 predictor variables (the proportion of variability in “spend” that can be explained).
4. Select the “MLR_Resi-FitVal1” worksheet, and use the chart wizard ([image: image1.png]


) to make the following scatterplots.
· Highlight the “Fitted Values” and “Stu. Residuals” columns (D5:E384) to make a plot with studentized residuals on the vertical axis and fitted values on the horizontal axis.  Description: the points mostly cluster between 0 and 600 on the horizontal axis and –3 and +3 on the vertical axis, but with a handful of points at the right of the plot and at the top of the plot.  Usually, studentized residuals should be “randomly scattered,” and mostly between –3 and +3.  However, in this case, since we have so much data and we’re concerned only with prediction (not explanation), we won’t worry too much about this residual plot.  It might be possible to improve our model slightly to correct these problems, but any gains we can expect are likely to be minor relative to the overall gains from using this first model.
· Highlight the “Cooks” and “Hat Matrix” columns (F5:G384) to make a plot with leverages on the vertical axis and Cook’s distances on the horizontal axis.  Description: there are two points with a leverage much higher than the rest, and one point with a Cook’s distance much higher than the rest.  However, the two high-leverage points have a low Cook’s distance and so are unlikely to be particularly influential, and the high Cook’s distance point is only 0.3, and so is also unlikely to be particularly influential (Cook’s distances above 0.5 can be problematic).
· Copy the “Fitted Values” column (D5:D384) to column H and copy the “spend” column (AA19:AA398 in the Data_Partition1 worksheet) to column I, and then highlight the “Fitted Values” and “spend” columns (H5:I384) to make a plot with actual spend values on the vertical axis and fitted values on the horizontal axis.
To turn in: Briefly describe what you see in this plot (recall that the goal is to improve spending predictions so we do better than just guessing the “average”).
5. Construct a Lift Chart for spending for the Validation sample.  This has cumulative offers sent (on the horizontal axis) versus cumulative expected spending (on the vertical axis).  You can find the predicted spending values on the “MLR_ValidScore1” worksheet in the column headed “Predicted Value” next to the column headed “Actual Value.”

· Select and copy these two columns (from D5 to E382), and paste them into the AC and AD columns.

· Select Data > Sort to sort the AC and AD columns in descending order using “Predicted Value” in column AC to sort on.

· Put consecutive integers from 1 to 377 into column AE (e.g., type “1” into cell AE6, then select and drag the bottom right corner of the cell while holding down the “Control” key to put consecutive integers into cells AE6 to AE382).

· Put cumulative expected spending from the linear regression analysis into column AF (e.g., type “=SUM(AD$6:AD6)” into cell AF6, then copy this cell into cells AF6 to AF382).

· Put cumulative expected spending from a simple random sample of customers into column AG (e.g., type “=AF$382*AE6/AE$382” into cell AG6, then copy this cell into cells AG6 to AG382).

· Type suitable titles for columns AE, AF, and AG, e.g., rows 5 to 8 should be:

	Predicted Value
	Actual Value
	Cumulative offers
	Linear regression
	Random sample

	1271.840509
	1443
	1
	1443
	210.7653581

	1174.263253
	1194.57
	2
	2637.57
	421.5307162

	918.016514
	1175.96
	3
	3813.53
	632.2960743


Then highlight cells AE5 to AG382, start the “Chart Wizard” by clicking on the chart icon ([image: image2.png]


), select “XY (Scatter)” for the Chart type, and select “Scatter with data points connected by lines” for the Chart sub-type.  Label the resulting chart by selecting “Chart > Chart Options,” and labeling the X-axis “offers sent,” labeling the Y-axis “spending,” and titling the chart “Lift Chart for Spending.” You can check your lift chart looks OK because XLMiner should have drawn one automatically on the “MLR_ValidLiftChart1” worksheet.
To turn in: what is the lift in the first decile (the first 37 offers)?  (Hint: this is the cumulative expected spending under the linear regression model for the first 37 offers divided by the cumulative expected spending for a random sample for the first 37 offers.  You can check your calculation because XLMiner should also have drawn a “decile-wise” lift chart automatically on the “MLR_ValidLiftChart1” worksheet.)
6. The “root mean square” error in the validation sample if we use a random sample (i.e., use the sample mean to predict spending) is the sum of the squared differences between actual spending and the sample mean, $210.77.  To calculate this:

· Calculate the sample mean in cell E383 of the “MLR_ValidScore1” worksheet as “=AVERAGE(E6:E382) ”

· Put squared differences into column A (e.g., type “=(E6-E$383)^2”) into cell A6 and copy this cell into cells A6 to A382)
· Calculate the root mean square error in cell A383 as “=SQRT(AVERAGE(A6:A382))”

You should find it is $220.20.

The “root mean square” error in the validation sample if we use the linear regression model to predict spending is the sum of the squared differences between actual spending and predicted spending.  To calculate this:

· Put squared residuals into column AI (e.g., type “=F6^2”) into cell AI6 and copy this cell into cells AI6 to AI382)

· Calculate the root mean square error in cell AI383 as “=SQRT(AVERAGE(AI6:AI382))”

To turn in: What is the root mean square error for this linear regression model?  (Hint:  you should also be able to find this number on the “MLR_Output1” worksheet.)
7. To turn in: Put the following data mining steps into the correct order.  [Hint: this week’s reading will be helpful.]
a. Build models;

b. Select appropriate data;

c. Assess results;
d. Assess models;

e. Fix problems with the data;

f. Translate business problem into data mining problem;

g. Get to know the data;

h. Create a model set;

i. Transform data;

j. Deploy models;

k. Begin again.

