Take Home Points
Hwk #4:  Regression and Classification
Biostat 202: Opportunities and Challenges of “Big Data”

Data Preparation
1. (1 points). Read the dataset in from the course website.  It is called student-mat.csv. Were there any issues that you encountered when reading in the data?
2. (1 point).  Add a Derive Node after the Type Node to create a new binary (Flag) variable Pass3 that is equal to “pass” when G3 >= 10 and equal to “fail” when G3 < 10 – this derived variable will be used in the classification questions where the goal is to predict which children will have low scores so that they can receive interventional help (about the bottom 3rd).
3. (1 point). Use the Type node to appropriately set the Measurement type and Roles of all variables (based on above). Initially set G3 as the outcome (“Target”) variable and set G1 and G2 to have the Role “None”.
4. (1 point). Partition the data so that you have 50% training, 25% test, and 25% validation

Regression
5. (1 point) Add a Linear Node and build a model using “Best subsets” for Model Selection, and Best Subsets Selection with Criteria for entry/removal of “Information Criterion (AICC)”. Otherwise use default settings. 
6. (4 points) Describe the quality of the model fit based on the output of the golden nugget. What are the 3 most important predictors and what effect do they have on the outcome G3? (Note that this model represents the ideal goal of being able to predict student grades using only demographic variables.) Attach an Analysis Node and determine the Mean Absolute Error in what IBM Modeler calls the “Validation set” (this would be the test set in the conventional training-validation-test definition).

Here, we use a linear regression analysis since our outcome is a continuous variable. Remember that logistic regression analysis is used for binary outcomes while linear regression is used for continuous outcomes. In this section, Pass3 variable is not used as a predictor (can be set to none in your type node). We do not include Pass3 since it is derived from G3 and so it is expected to be correlated and of course, have high prediction for G3. In the linear regression with target of G3, you should have seen that the model accuracy is approximately 21.9%. The top predictors include failures, family size, and study time, all of which are expected to predict your G3 grade. Attaching an analysis node should provide a mean absolute error of 3.645 for the validation set. 

7. (3 points) Add in G2 as a predictor. Compare this model with the previous model when G2 was not included. Comment on the differences between the models (including the Model Summary and change in Mean Absolute Error). Why do you think the difference is so substantial?

Adding G2 as a predictor will increase the model accuracy to approximately 87.3%. The mean absolute error has also decreased to 1.423 in the validation set. This is unsurprising given that previous performance on an exam is likely to determine your future performance on an exam. 

Classification
8. (1 points). Go back into the Type node so that Pass3 can be set as the outcome flag variable and each of G3, G2, and G1 are set to have Role “None”
9. (2 points).  Fit a support vector machine to the partitioned data. Use the default settings except that in the Analyze tab check “Calculate predictor importance”. Do any predictors stand out?
10. (3 points). Add an Analysis Node. What is the prediction accuracy in the validation set? (Note that the validation set in Modeler is the final “test” set in conventional machine learning terminology.)
11. (3 points). Add G2 as a predictor and re-run the SVM. Look at the predictor importances. How far down the list does G2 come? What is the difference in prediction accuracy between this model and the one without G2 in the model? Are you surprised by this result?

A support vector machine is a non-probabilistic binary linear classifier. Like logistic regression, it assists with predicting a binary outcome. However, it is not based upon probability theory whereas logistic regression is. You can image SVM as attempting to draw a hyperplane to separate your various data points in a spatial plot. The classification will depend upon the side your data point sits relative to the hyperplane. Because it is non-probabilistic, your predictor importance may have nothing to do with any causation. You should see that without adding G2 as a predictor, attending nursery school was your most important predictor (although none of them stood out as primary predictors of interest). This result is different from a logistic regression output (or even linear regression) which you can typically link predictors more causally to the outcome. This is also the reason why G2 is not as strong a predictor when using SVM compared to using a linear or logistic regression algorithm for supervised machine learning purposes.  
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12. (3 points). Repeat 9, 10, and 11 for the C5.0 classifier. Does C5.0 do better or worse than SVM in terms of validation set classification accuracy (with and without G2 as a predictor)? 

C5.0 is an example of a decision tree algorithm that is a proprietary code that chooses the attribute that most effectively splits the set of samples into subsets of one class vs another. The most effective split is determined by reducing the “entropy” in the model – which is also a non-probabilistic algorithm similar to SVM. What you will notice is that only the presence or absence of failures determines the outcome quite well without G2 as a predictor. When G2 is incorporated into the model, you will notice that there are other predictors that become important in predicting Pass3. However, the accuracy of the model is better when incorporating G2 compared to when G2 is not incorporated into the model (80+% vs 70+%). When compared to SVM, C5.0 appears to perform better with and without G2 as a predictor. This is not necessarily the case for all datasets and it is reasonable to try several different algorithms to determine the highest accuracy. Remember that in these algorithms that are non-probabilistic, inferences of causality between predictor and outcome cannot necessarily be made!  
 
Cross-validation
13. (5 points).  Consider the following algorithm:  
a. Screen the predictors: perform separate analysis for each predictor to determine whether it is correlated with the class label. Select a subset of “good” predictors that show fairly strong correlation with the class labels (e.g. correlation > 0.8) 
b. Using just this subset of predictors, build a classifier. 
c. Use cross-validation to estimate the unknown tuning parameter of the classifier.
d. Use cross-validation again to estimate the prediction error of the final model. 
Do you see a problem with this algorithm? If so, what would you need to do to fix it?

Let us first consider the predictor screening. In any biological model, it is reasonable to determine a subset of predictors based upon correlation. However, one must also be cognizant of biological interaction as well and not rely solely on correlation. Recall in lecture that there were examples of spurious correlation, which may not have any biological significance. Similarly, if you only select predictors based upon correlation, you may have found spurious correlation which not necessarily mean that they are “good predictors”. Depending upon what you are looking at, there are several different options to correct this. First, if we are looking at a biological model, drawing a directed acyclic graph (DAG) may help in determining which predictors are important to incorporate into your model. For example, if we were looking at the association between LDL cholesterol levels and death, one may decide to include age, systolic blood pressure, and family history of heart disease into your model. While a variable coded for presence of motor vehicle accident may be correlated very well with the death outcome, it is unlikely that it is associated with LDL cholesterol and should probably not be incorporated as a predictor. 

The second step of the algorithm where we select a subset of predictors to create a classifier is reasonable. 

The third step of the algorithm is to use cross-validation to determine the unknown tuning parameter of the classification algorithm. Remember the cross-validation is in fact a method of partitioning the data into several different subsets and rotating each of the subsets for use as the training and testing step. Cross-validation increases the amount of data the algorithm is able to “learn” from and is a very reasonable thing to do, especially for smaller datasets. 

The fourth step in the algorithm is using cross-validation again to determine the prediction error of the final model. This is essentially coming up with the final accuracy of the validation cohort, except the algorithm suggests that we use cross-validation in our final validation step. By using the same data that we used for testing and training in the previous step, we have the potential to over-estimate the accuracy of the model (over-fitting). There are several ways to prevent over-fitting. If cross-validation is used, a technique called leave-one out cross validation (which sets aside one partition that is not subject to testing and training) will allow you to validate your algorithm on data that it has never seen before. Otherwise, having a completely different dataset with the same variables can also be used to validate your algorithm. Remember that it is important for your algorithm to see “new data” in your validation step in order to get an accurate prediction error value for your model. 
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