FORECASTING ELANTRA SALES
PROBLEM 5.1 - MULTICOLINEARITY 
Another peculiar observation about the regression is that the sign of the Queries variable has changed. In particular, when we naively modeled Month as a numeric variable, Queries had a positive coefficient. Now, Queries has a negative coefficient. Furthermore, CPI_energy has a positive coefficient -- as the overall price of energy increases, we expect Elantra sales to increase, which seems counter-intuitive (if the price of energy increases, we'd expect consumers to have less funds to purchase automobiles, leading to lower Elantra sales).
As we have seen before, changes in coefficient signs and signs that are counter to our intuition may be due to a multicolinearity problem. To check, compute the correlations of the variables in the training set.

Which of the following variables is CPI_energy highly correlated with? Select all that apply. (Include only variables where the absolute value of the correlation exceeds 0.6. For the purpose of this question, treat Month as a numeric variable, not a factor variable.)
1. Month
2. Unemployment
3. Queries
4. CPI_all

You can use the cor function to compute the correlations:
cor(ElantraTrain[c("Unemployment","Month","Queries","CPI_energy","CPI_all")])

PROBLEM 5.2 - CORRELATIONS 
Which of the following variables is Queries highly correlated with? Again, compute the correlations on the training set. Select all that apply. (Include only variables where the absolute value of the correlation exceeds 0.6. For the purpose of this question, treat Month as a numeric variable, not a factor variable.)
1. Month
2. Unemployment
3. CPI_energy
4. CPI_all



PROBLEM 6.1 - A REDUCED MODEL 
Let us now simplify our model (the model using the factor version of the Month variable). We will do this by iteratively removing variables, one at a time. Remove the variable with the highest p-value (i.e., the least statistically significant variable) from the model. Repeat this until there are no variables that are insignificant or variables for which all of the factor levels are insignificant. Use a threshold of 0.10 to determine whether a variable is significant. 
Which variables, and in what order, are removed by this process?
1. CPI_energy, then Queries
2. Queries
3. Queries, then CPI_energy
4. Queries, then CPI_energy, then CPI_all

PROBLEM 6.2 - TEST SET PREDICTIONS 
Using the model from Problem 6.1, make predictions on the test set. What is the sum of squared errors of the model on the test set?

First, obtain predictions on the test set by using the predict function:
PredictTest = predict(ElantraLM, newdata=ElantraTest)

Then you can compute the SSE by taking the sum of the squared differences between the ElantraSales variable in the test set and the output of the predictions:

SSE = sum((PredictTest - ElantraTest$ElantraSales)^2)
(Note that for the rest of this problem, we will refer to the test set predictions as "PredictTest".)

PROBLEM 6.3 - COMPARING TO A BASELINE 
What would the baseline method predict for all observations in the test set? Remember that the baseline method we use predicts the average outcome of all observations in the training set.


PROBLEM 6.4 - TEST SET R-SQUARED 
What is the test set R-Squared?

SST = sum((mean(ElantraTrain$ElantraSales) - ElantraTest$ElantraSales)^2)
Then, using the SSE you computed previously, the R-squared is 1 minus the SSE divided by the SST.

PROBLEM 6.5 - ABSOLUTE ERRORS 
What is the largest absolute error that we make in our test set predictions?

max(abs(PredictTest - ElantraTest$ElantraSales))

PROBLEM 6.6 - MONTH OF LARGEST ERROR 
In which period (Month,Year pair) do we make the largest absolute error in our prediction?

You can use the which.max and the abs functions to answer this question:

