Section 16 – Model Selection Procedures
STAT 360 – Regression Analysis - Fall 2018                                         Brant Deppa – Winona State University

[bookmark: _GoBack]16.1 – Introduction to Model Selection Procedures
Model selection procedures in multiple regression automatically, though with guidance, find reasonable sub-models starting with a full model consisting of all candidate terms/predictors.   The general principle in model development is to fit the smallest (least complicated) model that adequately explains the response, i.e. the most parsimonious model.   Furthermore what constitutes a “good” model depends on the goal of the regression analysis.  If the goal is interpretation of the model effects, i.e. interpreting the estimated coefficients, then simpler models will certainly be easier to discuss than an excessively complicated ones.   If prediction accuracy is the goal, we also will generally find that simpler models will predict future values of the response more accurately due to the fact that a large complicated model may fit the available data very accurately but will not generalize well to future observations.
We have previously used the Backward Elimination procedure where we start with the full model and eliminate terms one-at-a-time until no further terms can be removed by using a p-value based threshold criterion.   Backward Elimination is an example of a Stepwise model selection procedure where terms are deleted (or added) sequentially one-at-a-time.  Stepwise selection is generally necessary because the number of possible models when we have a total of  nonconstant/non-intercept terms is . As we will see in our first example with 21 predictors/terms this is 2,097,152 possible models!!!
Example 16.1:  Consider the MN Marriage Amendment data from our course website.  This dataset contains several potential variables.   The primary goal of this investigation is to identify which (predictor) variables are most associated with the percentage of people that voted for Amendment #1.
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The variables in the data file are:
·  - percent voting yes for the county
·  – percent of votes cast for Obama.
·  – percent of votes cast for Romney
·  – percent of people unemployed in county
· - % of people in county living below poverty level.
·  – median household income in county.
· – percent of pop. between 0 – 17 years of age.
·  – 17) – % of pop. between 0 – 17 yrs. of age that are female
·  – percent of pop. between 18 – 24 years of age.
· − 24) – % of pop. between 18 – 24 yrs. of age that are female
·  – percent of pop. between 25 – 44 years of age
·  – 44) - % of pop between 25 – 44 yrs. of age that are female
·  – percent of pop. between 45 – 64 years of age
·  – 64) - % of pop. between 45 – 64 yrs. of age that are female
·  - percent of pop. 65 or over
·  - % of pop. 65 or over that are female
·  – percent of pop that is Caucasian
·  – percent of pop that is Black
·  – percent of pop that is American Indian
·  – percent of pop that Asian
·  – percent of pop that is Other
·  – percent of pop that is Hispanic
The mean and variance functions for our preliminary “full” model is given below:





A summary of the Full Model (using all predictors) is shown below.Comments:
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Question
1. Consider the variation in Percent Vote Yes in the following plot.
[image: ]   [image: ]
Average: 59.9, Std Dev = 8.77, Variance = 76.87, Count=87
            What proportion of the variation in Percent Vote Yes can be explained by all of these 
            predictors?  Discuss.
[image: ]
Comments Regarding R2:
· R2 measures the proportion of variation in the response that can be explained by the predictor variables in the model.  

· Concern:  Each time we add a predictor variable to the model, the sum of squared error can only decrease; however, the sums of squared total remains constant. Thus, R2 will always increase for each term(s) added to the model.  This is true regardless of the worthiness of the added term(s).
16.2 – Adjusted R-square
As mentioned above whenever we add a term to a model the R-square increases even if that term is essentially useless.  Thus using  as model selection criterion is a poor choice.  To fix the problem with the  we have several other criterion at our disposal that penalize us for including unimportant terms to our model.
· The Adjusted-R2 which is given by the quantity below.  While it may not be clear from the formula, this measure penalizes us for incorporating unimportant terms to our model.

A second formula -- which is easier to use when computing Adjusted-R2 is given by

· Adjusted-R2 can *not* be interpreted directly as the “proportion of variation in the response being explained by the predictors.”  However, this quantity can be used to better quantify our desire to reduce the unexplained variation in the response using a minimum number of predictor variables.  This concept is commonly referred to as having a parsimonious model.
 Verify the calculation of the adjusted R2 quantity provided by JMP









ANOVA Table from Full Model
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Consider once again the entire list of predictor variables used in our initial model above.   Some of these predictors appear to be important in helping to explain the variation in Percent Vote Yes and the others appear not so important. 
	Entire list of parameter estimates
[image: ]
	A list, sorted by importance, is provided by JMP
[image: ]



Questions:  
2. Which predictor variables appear to be most important in explaining Percent Vote Yes? 





3. Why can’t the absolute size of the estimated effect be used to rank the importance of a predictor variable?  




4. What is a reasonable way to rank the importance of these predictors?   Discuss.



16.3 – Model Selection Procedures and Criterion
Starting with the mean and variance functions for the full model we can use model selection methods to reduce the size of the model.  


The Stepwise model building feature in JMP can be invoked by selecting Stepwise from the Personality box in the Fit Model window as shown below.

[image: ].

· Y box (Response):  Percentage of People that Voted Yes for Amendment #1 
· Model Effect box: The entire list of candidate predictor variables are used as terms.  In general, any term type can be considered in a model selection process, e.g. categorical predictors, transformed predictor variables, interaction terms, etc.


The following Stepwise Fit window is provided. 
[image: ]
Let’s consider only the bottom portion of the output provided and consider building the model in a forward selection fashion, i.e. start with no terms and add them in stepwise.
[image: ]
The effect of adding predictor variables to the model can be easily seen by selecting any number of predictor variables in the Entered Column.
Model #1: Try Percent Obama as a predictor first.
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Model #2: Let’s add another predictor variable -- skipping over Unemployment and Percent Romney as both have p-values greater than .05.

[image: ]
After adding % Poverty
[image: ]
Notice that after Percent Poverty was added to the model, the effect of Unemployment now appears to be important. Such anomalies are not uncommon.  The  and Adjusted- values suggest Unemployment does indeed produce a reduction in the unexplained variation. 
[image: ]
A quick check of the added variable plots suggest that Unemployment is indeed adding something to our model. 
[image: ]\
The Model Selection – Step by Step
JMP has automated the process of adding terms to a model.  JMP has incorporated a variety of commonly used methodologies into its procedures.  JMP is one of the best software packages that I have used for model selection. 
[image: ]
1st Predictor to be put into the model is Percent Romney…[image: ]
Criteria Used in the Section Process
· Adjusted R2 – larger is better
· Mallows’ Ck  --  closest to number of terms in model is best, i.e. 

where,

     

            
          




Calculating  Mallow’s  for the model above with only Percent Romney added to the model, thus .


· Akaike’s Information Criteria (AIC) – smaller is better
AIC = These criterion will generally choose different optimal models.

· Bayesian Information Criterion (BIC) – smaller is better
BIC = 
[image: ]
Automating the Entire Selection Process
Clicking the Go button instead of the Step button will proceed by adding one variable at a time until all predictor variables have been considered.  This approach is called Forward Selection. After finishing this process, JMP will identify the terms deemed important via this process.
[image: ]
From the red drop down arrow by the heading Stepwise Fit for Percent Yes, you can select Plot Criterion History.
[image: ]Clicking the Make Model button sets up a Fit Model dialog box with the selected terms in the Model Effects box.  Clicking Run Model will fit the model and the standard model output.
[image: ]  Using the BIC criterion the minimum obtained is for the k = 9 model with the 8 nonconstant/non-intercept terms: Percent Romney, Unemployment Rate, Median HH Income, % Age (0-17), 
% Fem Age (18-24), % Fem Age (45-64), % Age 65+, and % Fem Age 65+.
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In performing a stepwise model selection in regression we need to determine what criterion will be used judge which model is “best”.  The selection process will stop when the addition or deletion of additional terms does not improve the stopping criterion.  In JMP we can use BIC, AIC/AICc, or p-value Thresholds to stop the search process.  We can also use cross-validation which will discuss later in this section.
Specifying the Stopping Criteria
[image: ]
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Specifying the Direction
[image: ]
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Mixed selection is a hybrid of forward and backward selection methods and is discussed below.
Procedure for Forward Selection:   
The procedure is very similar to stepwise regression; however, once a term enters a model, it is never removed.
Procedure for Backward Elimination:  
The full model (with all potential terms) is fit first, and the coefficient with the largest p-value is identified.  If this p-value is greater than αstay, then the term is dropped from the model.  The new model (minus the one term) is then fit, and this process continues until no more terms can be dropped.
Procedure for Mixed Direction 
1. Choose  ≤ (be somewhat generous setting these, say 0.05 up to 0.25).

2. Fit a simple linear regression model for each of the potential predictor/terms.  Then, obtain the p-value to test whether or not the regression is useful.  Let  denote the term with the smallest p-value.
· If p-value <  then  is retained.
· If p-value > then the procedure ends.

3. Fit all 2-term models, where  is one of the pair.  Obtain the p-value to test whether the coefficient of the second variable is zero, and let  be the variable with the smallest p-value.
· If p-value > then the procedure ends.
· If p-value < then  is retained.  Then, we check to see if  is still needed in the model.  If p-value >, then  is removed and we go to the beginning of Step 3.  If the p-value is less than , then  and  are both retained.

4. Examine which term is the next candidate for addition, and then examine whether any other terms already in the model should be dropped.  This procedure continues until no terms can be either added or deleted.




Example 16.1 – MN Marriage Amendment (cont’d)
We will use the Mixed Direction method for these data using p-value thresholds  and .
 [image: ]
Starting the Mixed Direction selection process with nothing in the base model and starting with the full model containing potential predictors produces results below.
Starting with Intercept Only (Remove All)		Starting with Full Model (Enter All)[image: ]		[image: ]
We can see that the two model do not agree!  Thus direction matters in when using the Mixed Direction method.  The AIC and BIC can also suffer from this problem as demonstrate below for the models chosen using the BIC criterion.

    BIC Forward Selection 				     BIC Backward Elimination
[image: ]                                   [image: ]
   AIC Forward Selection		                       AIC Backward Elimination
[image: ]	[image: ]			
As the “best” models chosen by the three stopping criterion differ and the direction of the selection (backward or forward) matters for these data, we will have to make some subjective choices regarding which model to choose as “best” or possibly consider some of the metrics (i.e. AIC, BIC, ) simultaneously.  The model below is the one I chose, but certainly others would be reasonable.

[image: ]


Final Thoughts on Stepwise Selection Methods
1. The model deemed “best” may be different depending upon the approach.
2. There is no clear rule as to how to use these procedures to choose a single “best” model.  However, the outcomes from these search procedures can be used to identify a number of possible regression models that warrant further consideration. 
3. Use experience, judgment, and the background science when model building!  If you believe a predictor variable is fundamental, then include it regardless of the results of the search procedure.  

16.3 – All Possible Regression Models
As mention in 16.1 when we have a total of  non-constant terms we wish to consider for using in a regression model there are a total of  possible models to consider.   This because each term is either in or out of the model (2 possibilities for each).   When  is large this will require fitting and examining a VERY LARGE number of models.  JMP does have the option however to examine “all” possible sub-models up to a certain size presenting the top  model candidates for that size.   You can then sort the models examined using AIC or BIC to arrive at some good candidate sub-models.

All Possible Models in Stepwise Platform                Here I have chosen models with up to 12 non-constant terms and have 
                                                                                                specified to display the top 100 of each size, which is overkill!
[image: ]          [image: ]
The resulting table is too large to display in this handout so only a portion of the results are shown below.  The best models for each size are highlighted in the list.  You can also sort by AIC/BIC as I have done below – right-click and Sort by Columns… checking the Ascending option.
[image: ]
To select and fit a candidate model click on the button to the far right and Make/Run the Model.

The best 8 predictor model from this list is summarized below.
[image: ]   [image: ]
Using the Prediction Profile we can easily see all of the model effects graphically.
[image: ]
What characteristics do counties with a high percentage of “Yes” votes have?


What characteristics do counties with a low percentage of “No” votes have?



We can plot the results from exploring All Possible Subsets by selecting the Plot Criterion History option as shown below.
[image: ]
The resulting plot is shown below:
[image: ]
The “best model” for each model size (i.e. number of terms) is displayed although it is hard to read all of the terms included for the larger models in this plot.
Also you can save the results from All Possible Subsets into a JMP Data Table by right-clicking on the All Possible Models table and selecting Make into Data Table.
[image: ]  [image: ]
In general, you can right-click on any table in JMP output and turn it into a Data Table.

16.4 – Prediction Accuracy and Cross-Validation
Sometimes the goal in developing a regression model is predict the response accurately, possible at the expense of interpretability.   The stepwise methods above to some extent help identify models that may predict the response well but the criteria using in model selection are NOT considering how accurately our model will predict future values of the response.   
In order to measure prediction accuracy we need to assess the ability of the model to predict the response using observations that were not used in the model development process.  The reason why this is important is essentially the same reason why we cannot use the unadjusted  in the model development process.   Every time we add a term to the model the RSS goes down and the R-square goes up.   A more complex model will always explain more variation in the response, however that does not mean it is going to predict the response more accurately.  
To measure prediction accuracy we use Cross-Validation.  In cross-validation we essentially divide our available data into disjoint sets of observations.  One set of observations, called the training set, will be used to develop and fit the model.  The model developed using the training set will then be used to predict the known response values in the other set, called the validation set.   We use the validation set to choose the model that best predicts the response values in validation set.   In order to judge the accuracy of future response predictions using the model selected by using the training and validation sets we may to choose have a third set of observations called the test set.  The test cases are NOT used in the model development process at all, thus the accuracy of the response predictions for the test set cases should give us a reasonable measure of the prediction accuracy of our final model.   If we do not have a large dataset we may not have enough observations to create these three sets, in which case we may want only create the training and validation sets.   The validation and test sets are also called holdback sets as they contain observations held out in estimating the model.  Most modern regression methods have some form of internal validation built into the algorithm that is used to “select” the model.   There are different approaches one can take in forming training/validation/test sets for the purposes of conducting the cross-validation of a model.  We will examine several schemes that are commonly employed below.
16.5 - Split-Sample Cross-Validation Approaches
Split-sample approaches simply split our original sample into the disjoint sets defined above.   Splitting is usually done randomly, however we may choose to use a stratified sampling to take other factors into account when creating our sets.   For example, if one of the variables in our data is the subject’s sex then we may want to make sure our sets are balanced in terms of the distribution of sex.   We can also stratify on a numeric variable to make sure the distribution of this variable is roughly same in each set.   For example if we are modeling home prices, we may want to make sure each set has a similar mixture of low and high price homes.  
Training/Validation Sets Only
There is no definitive rule for the percentage of observations assigned to each set.   Some common choices would 80/20, 75/25, 70/30, 66.6/33.4, or 60/40 (though if you are willing to use 40% of your data for validation purposes it would be better to use training/validation/test sets.)   For multiple regression a rule of thumb that can be used is to assign p% to the validation set, where  and 
 the largest number of parameters your model may contain.
Training Set
(100-p)%



Original Dataset


Split randomly or stratified


Validation Set

(p%)




Training/Validation/Test SetsTraining Set




Original Dataset

Again there is no definitive rule for the percentage of observations assigned to each set, however the most common are 60/20/20 or 70/20/10 with the former being the most common.  Note the Test Set is in RED because it is not used in the model development process.

Validation Set


Split randomly or stratified
Test Set



JMP makes the process of generating these sets (either training/validation or training/validation/test) very easy by using Cols > Modeling Utilities > Make Validation Column option as shown below.
[image: ]  
As you can see we have the option to make only training/validation sets or training/validation/test sets with percentages (proportions) we choose.  The default is training/validation sets only with 75% training and 25% validation.  We can also make the set assignments randomly or by incorporating stratification variable(s).   
[image: ]
The model chosen gives the smallest prediction error when predicting the validation set response values.    
Sum of Squared Prediction Errors

where  the predicted value for ith response value in the validation set using the model under consideration.  We choose the model that gives us the smallest value for this sum.
We can also consider the average squared prediction error by dividing the sum above by the number of observations in the validation set.   We can also take the square root of this average to obtain the Root Mean Squared Error for Prediction (RMSEP).

where  of observations in the validation set.  We can also equivalently choose the model that maximizes the R-square for prediction which is the correlation between the predictions ( and the actual response values for the validation set squared, i.e.

If we have a test set, we can then apply any of these measures to the predictions made for the test set using the final model chosen using the training & validation sets to obtain a measure of the prediction accuracy for future values.








Example 16.2 – Saratoga, NY Home Prices  (Datafile: Saratoga NY Homes.JMP)
Consider again the Saratoga NY Homes dataset from Section 11.
Variables:
· Price – price of the home in dollars
· Lot.Size – acres
· Waterfront – is the home located on a waterfront (0 = no, 1 = yes)
· Age – age of the home (yrs.)
· Land.Value – assessed value of the land the home is on
· New.Construct – is the home a new construction (0 = no, 1 = yes)
· Central.Air – does the home have central air conditioning (0 = no, 1 = yes)
· Fuel.Type – type of fuel used to heat the home (2 = Gas, 3 = Electric, 4 = Oil)
· Heat.Type – type of heating system (2 = hot air, 3 = hot water, 4 = electric)
· Sewer.Type – type of sewer system (2 = none, 3 = private, 4 = public)
· Living.Area – living area (ft2)
· Pct.College – percentage of college housing in the home’s neighborhood
· Fireplaces – number of fireplaces in home (0,1,2,3, or 4)  (WON’T USE, USE ONE BELOW)
· Bedrooms – number of bedrooms
· Rooms – number of rooms
· Fireplace? – does the home have at least one fireplace (0 = no, 1 = yes)
  
We will use split-sample cross-validation to select a model using all of the predictors above (with the exception of .   We first form the training, validation, and test sets using a 60/20/20% split.  
We have a total of n = 1728 observations at our disposal, thus with a 60/20/20% split we have 1,010 homes in our training set, 341 in our validation set, and 362 in our test set.
[image: ]

[image: ] 

We use Fit Model to set up a dialog box with all of the predictors for Stepwise Selection.
[image: ]
The Stepwise Platform is shown below – notice that we have changed Rules: Whole Effect which means that the factor predictors (heat type, fuel type, and sewer type) will not have their levels combined.  If we have Rules: Combine the algorithm may combine fuel type levels, e.g it may combine gas and oil levels to create one dummy variable that is 1 if fuel type is gas or oil.  This is not necessarily a bad thing but for this example it will not be allowed.
[image: ]
The resulting model chosen is shown in the table below created by using forward selection with Max Validaton R-square as the criterion to be optimized.
Results from Forward Stepwise selection.
[image: ]

Summary Statistics for the Fits to the Three Sets
	Set
	
	 – root mean squared error for prediction

	Training
	67.20%
	$58,944.21

	Validation
	63.11%
	$59,179.89

	Test
	58.69%
	$56,471.73



Forward Model Selected  (note: Backward Selection yielded the same model)


Model Summary
[image: ]  [image: ]Comments:

[image: ]   [image: ]
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16.6 – k-Fold Cross-Validation
Another common cross-validation method used in model development is k-fold Cross-validation.  In k-fold cross-validation the entire dataset is broken into  roughly equal size disjoint sets (k = 5 or 10 typically).  Then  rounds of model fitting is done where the model is fit using (k-1) of the sets to predict the set left out with of the k-sets serving as the validation set.  The diagram below illustrates a 10-fold cross-validation (). 
10-fold Cross-Validation
[image: ]
Using this method the model chosen is the one that has the best average prediction error over the  subsets.  
To perform k-fold cross-validation in JMP use Fit Model to set up the set of terms to consider and then choose Stepwise as usual.  Then click on the main drop-down menu in the Stepwise platform as shown below and choose k-Fold Cross-validation.
[image: ]Then choose the number of folds k.
[image: ]
The results for these data are shown on the following page.
Results from k-Fold Cross-Validation
[image: ]
The model chosen differs from the model chosen using the split-sample CV, it does not include the factor for fuel type.
Forward Model Selected  (note: Backward Selection yielded the same model)

	Set
	
	 – root mean squared error for prediction

	Model 
	65.30%
	$58,191.55

	Validation
	64.68%
	Not given



Rather than look at the summary of this model, we consider using our split-sample sets in conjunction with the 10-fold cross-validation.  To do this we can use Rows > Hide and Exclude to temporarily remove the Test set cases from our data and then predict them back using the model selected via k-fold cross-validation.  To remove the Test cases create use Analyze > Distribution to create a bar graph of the Validation column and click on the bar for the Test cases then hide and exclude them as shown below.
[image: ]  [image: ]
We use Stepwise selection with 10-fold cross-validation to choose a final model and then save the Prediction Formula.   Even though the observations in the Test set were not used to fit the model the predicted selling prices of these homes is computed, which  we can then the compare to the actual prices in the Test set using any of the measures discussed above.
The predictions for the Test cases are shown in the table below.  I computed 

for each case in the test set, which then be used to compute RMSEP.
[image: ][image: ]The RMSEP = $56105.78 for predicting the test cases using the model chosen via 10-fold cross-validation using the observations contained in the training & validation sets.




Leave-Out-One Cross-Validation (LOOCV)
Leave-out-one cross-validation is a quick an easy way to assess prediction accuracy, though DEFINITELY not the best!   LOOCV is equivalent to -fold cross-validation where  # of observations in the data set.
Using the fact the predicted value for when the  case is deleted from the model is equal to 


Here  and .
This is also called the  jackknife residual and the sum of these squared jackknife residuals is called the PRESS statistic (Predicted REsidual Sum of Squares), one of the first measures of prediction error.  



You can obtain the PRESS statistic for any fitted model in JMP by selecting PRESS option as shown below.
[image: ]

The PRESS statistic for the model chosen using 10-fold cross-validation fit to all cases is shown below.
[image: ]

16.7 – Summary of Model Selection Procedures

In this section we examined several methods for model selection in regression.  Which method to use depends on the goals of the regression analysis.  If building the simplest model that adequate explains the conditional expectation  and our interest is in discussing the model effects (terms and predictors) then the forward, backward, and mixed model selection methods are fine.   Using any of these generally results in several candidate models that we need to evaluate using more subjective criterion and the “best” model depends on the direction of our search (i.e. forward/backward) and the criterion used to compare rival models (i.e. AIC/BIC/).   

If prediction accuracy is the goal then it is essential to perform some form of cross-validation.  If you have enough observations available, then the use of training, validation, and test sets is recommended – possible in conjunction with other methods such -fold cross-validation.   Also, even if prediction is not the goal, the model chosen by considering predictive performance may produce a reasonable model to use for interpretive purposes.
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Corrected Akaike’s Information Criterion, defined as follows:
AICc - 2loglikelihood + 24 + %
Ea.

where k is the number of estimated parameters, including intercept and error terms in the
model, and n is the number of observations in the data set. Burnham and Anderson (2004)
discuss using AIC_ for model selection. The best model has the smallest value, as discussed in

Akalke (1974).
Bayesian Information Criterion defined as

-2logiikeliood + k In(n)
where k is the number of parameters, and n is the sample size.
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Stopping Rule

P-value Threshold uses p-values (significance levels) to enter and remove effects from
the model. Two other options appear when P-value Threshold is chosen: Prob to Enter is
the maximum p-value that an effect must have to be entered into the model during a
forward step. Prob to Leave is the minimum p-value that an effect must have to be
removed from the model during a backward step.

Minimum AICc uses the minimum corrected Akaike Information Criterion to choose the
best model.

Minimum BIC uses the minimum Bayesian Information Criterion to choose the best model.
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Direction Choose how effects enter and leave the model:

Forward brings in the regressor that most improves the fit, given that term is significant at
the level specified by Prob to Enter. See "Forward Selection Example”.

Backward removes the regressor that affects the fit the least, given that term is not
significant at the level specified in Prob to Leave. See "Backward Selection Example".

Mixed alternates the forward and backward steps. It includes the most significant term that
satisfies Bxcb o Enter and removes the least significant term satisfying Prob to Leave.
It continues removing terms untilthe remaining terms are significant and then it changes to
the forward direction




image31.png
~ Stepwise Fit for Percent Yes

4/Stepwise Regression Control

Stopping Rule: (pyalue Threshold _~| =] [(Enter Al | (Make Model
ProbtoEnter | 01

oo ter 01

Direction:
[s |





image32.png
SSE
450.23649

DFE  RMSE RSquare RSquare Adj

77 2442158 09305

4/Current Estimates
Lock Entered Parameter

o

OO0O0000000000000000000

Intercept
Percent Obama
Percent Romney
Unemployment
Percent Poverty
Median Household Income
% Age (0-17)

9% Fem Age (0-17)
% Age (18-24)

9% Fem Age (18-24)
% Age (25-44)

9% Fem Age (25 - 44)
% Age (45 - 64)

% Fem (45 - 64)

9% Age 65+

9% Fem Age 65+

9% White

% Black

5% Amer Indian

9% Asian

9% Other

% Hispanic

C P

09224 44653837
Estimate nDF ss
4986037 1 [
0 1 350764
063208318 1 1217.083
10965761 1 76.96374
0 1507656
00003803 1 3760353
128267957 1 3709929
0 1 0000602
0 1 1410237
03562031 1 5164415
0 1 2601122
0 1 9009236
0 101172
09108738 1 5322421
094267474 1 4223218
030192231 1 2170373
0 1 4sses3
0 1 1496615
0 1 07029
0 1 1805838
027655193 1 19.10097
0 1 0555213

AICc

BIC

10 4171535 4407585

“FRatio” "Prob>F"

0.000
0.585
204063
12.904
0.850
63.050
62204
0.000
0234
8659
0433
1521
0.020
8924
70811
3639
0817
2560
0116
0300
3208
0.092

1
044675
240
0.00058
035061
13e11
17e11
099206
062089

00043
051255

02213
088853
000377
16e12
0.06017
0.36881
011373
073301
058547
007745
0.76249




image33.png
SSE DFE  RMSE RSquare RSquare Adj Cp p ACc  BIC

44520572 74 24528134 0932 09217 82819456 13 4227673 4514567
4/Current Estimates
Lock Entered Parameter Estimate nDF S5 "FRatio® "Probs>F"
Intercept 17795004 1 0 000 1
o Percent Obama 0 18361819 1397 024101
&} Percent_Romney 06216491 1 9558517 158877 42020
&} Unemployment 0972007 1 SB12662 962 000257
&} Percent Poverty 0 1058438  00% 075758
5] Median Household Income  -0.0003520 1 2746309 45648  279e9
&} %Age (0-17) 0 168yl 1142 028974
&} % Fem Age (0-17) 0 100315 0005 0413
&} %Age(18-24) L0 1 362521 60260 36l
&} % Fem Age (18-24) 0306641 1 5493565  OLL 00045
&} % Age(25-44) 0782 1 87899 14610 000027
&} % Fem Age (25 - 44) 0 17998 1335 025076
&} % Age (45 - 64) 118597 11501135 24951 38les
(=) % Fem (45 - 64) -07690441 1 3386123 5628  0.02027
&} % Age 5+ 0 1697BM 1l 028465
&} % Fem Age 65+ 035506305 1 209146 3476 006623
o % White 03323506 1 4114937 6840 00108
o % Black 10318381 1 4634202 7703  0.006%8
o % Amer Indian -03623%98 1 3283103 5457 00222
o g % Asian 0 1003091 0005 094336
o g % Other 0 10001282 0000 098847
B B %Hispanic 0 10001885 0000 09817




image34.png
SSE DFE  RMSE RSquare RSquare Adj Cp p ACc  BIC

ATRIUS 78 247649 09276 092 SAEUS 9 4180736 4398319
4 Current Estimates
Lock Entered Parameter Estimate nDF S5 "FRatio® "Probs>F"
Intercept 4436l 1 0 000 1
o O Percent Obama 0 17060125 1154 028617
&} Percent_Romney 06228858 1 1197957 195385 61e2
&} Unemployment L1671 1 8782765 1432 00003
&} Percent Poverty 0 1 437 072 040BL
5] Median Household Income  -0.0003873 1 3926901 64034  9.3e12
&} %Age (0-17) 1334003 1 414151 6758 3612
&} % Fem Age (0-17) 0 1115642 018 066655
&} %Age(18-24) 0 1200786 0325 057055
&} % Fem Age (18-24) 03826200 1506384 075 000255
&} % Age(25-44) 0 112005 01 066078
&} % Fem Age (25 - 44) 0 11lsR 1950 016662
&} % Age (45 - 64) 0 1097008 015 060338
(=) % Fem (45 - 64) 00102654 1 531532 8667 0.00427
&} % Age 5+ 093447147 1 415573 67763 33el2
&} % Fem Age 65+ 035666162 1 3LAE4 5130 002629
o % White 0 10357551 0058 081002
o % Black 0 14842682 0788 037762
o % Amer Indian 0 1368514 0598 044174
o % Asian 0 1031384 0051 0.82274
o % Other 0 11910007  3.203 0.07M5
5] % Hispanic 0 1 150 262 01078





image35.png
SSE
567.33303

DFE  RMSE RSquare RSquare Adj

79 26798213 09142

4Current Estimates.
Lock Entered Parameter

OO0O0O00000000000000000

o
o
o
o
o
o
o
o
o
B

Intercept
Percent Obama
Percent Romney
Unemployment
Percent Poverty
Median Household Income
% Age (0-17)

9% Fem Age (0-17)
% Age (18-24)

9% Fem Age (18-24)
% Age (25-44)

9% Fem Age (25 - 44)
% Age (45 - 64)

% Fem (45 - 64)

9% Age 65+

9% Fem Age 65+

9% White

% Black

5% Amer Indian

9% Asian

9% Other

% Hispanic

0.9066 17.287272

Estimate nDF

149.874485
[
0.64178879
1210534
[}

000037

C p  ACc

8 4303614

S "FRatio”

0 0000
2076938 0412
1304041 194117
107.7%5 15010
026825 1295
32065% 44651
3036208 4410
0053205 0007
5381166 74.932
13699  19.076
1726038 24.047
2755061 3982
3041512 54885
5638011 8607
3092112 44%
7551660 1052
033563 0.046
1938349 2750
0136005 0019
0607614 0084
22025 3285
2022577 2882

BIC
450217

“Prob>F"
1
052208
55023
000022
025854
301e9
003895
093206
46013
377e5
493e6
004949
12e10
00044
003715
030816
083043
010071
089122
077321
007378
0.00348




image36.png
SSE  DFE  RMSE RSquare RSquare Adj Cp p ACc  BIC

4442704 76 24177805 09328 09240 4136384 11 4169672 442419
4 Current Estimates
Lock Entered Parameter Estimate nDF  SS "FRatio® "Probs>F"
Intercept 2134790 1 0 000 1
o O Percent Obama 0 15026815 104 031717
&} Percent_Romney 06088120 1 100653 172185 32e2l
&} Unemployment 103002 1 669701 11457 000113
&} Percent Poverty 0 1110105 018 05672
5] Median Household Income  -0.0003661 1 3367416  57.605 6.7e-1l
&} %Age (0-17) 120657825 1 323809 55407 13e10
&} % Fem Age (0-17) 0 1000388 000 098098
&} %Age(18-24) 0 101152 0019 0888
&} % Fem Age (18-24) 0375068 1 5630178 0647 000267
&} % Age(25-44) 0 10012% 002 09637
&} % Fem Age (25 - 44) 0 1o95m8 1645 02034
&} % Age (45 - 64) 0 101200 000 088677
(=) % Fem (45 - 64) 07418074 1 3144721 5380  0.02306
&} % Age 5+ 088372 1 33387 57119 77ell
&} % Fem Age 65+ 03577792 1 2002901 4966 002881
o % White 0 10147034 0025 087521
o % Black 03356849 1 1496615 2560 011373
o % Amer Indian 0 108417 0138 0716
o % Asian 0 1372372 0634 042851
o % Other 036258832 1 2022448 4999 002829
5] % Hispanic 0 112478 0207 065019





image37.png
SSE DFE  RMSE RSquare RSquare Adj Cp p ACc  BIC

44520572 74 24528134 0932 09217 82819456 13 4227673 4514567
4/Current Estimates
Lock Entered Parameter Estimate nDF S5 "FRatio® "Probs>F"
Intercept 17795004 1 0 000 1
o Percent Obama 0 18361819 1397 024101
&} Percent_Romney 06216491 1 9558517 158877 42020
&} Unemployment 0972007 1 SB12662 962 000257
&} Percent Poverty 0 1058438  00% 075758
5] Median Household Income  -0.0003520 1 2746309 45648  279e9
&} %Age (0-17) 0 168yl 1142 028974
&} % Fem Age (0-17) 0 100315 0005 0413
&} %Age(18-24) L0 1 362521 60260 36l
&} % Fem Age (18-24) 0306641 1 5493565  OLL 00045
&} % Age(25-44) 0782 1 87899 14610 000027
&} % Fem Age (25 - 44) 0 17998 1335 025076
&} % Age (45 - 64) 118597 11501135 24951 38les
(=) % Fem (45 - 64) -07690441 1 3386123 5628  0.02027
&} % Age 5+ 0 1697BM 1l 028465
&} % Fem Age 65+ 035506305 1 209146 3476 006623
o % White 03323506 1 4114937 6840 00108
o % Black 10318381 1 4634202 7703  0.006%8
o % Amer Indian -03623%98 1 3283103 5457 00222
o g % Asian 0 1003091 0005 094336
o g % Other 0 10001282 0000 098847
B B %Hispanic 0 1000185 0000 098617




image38.png
~ Response Percent Yes

4 Whole Model
4 Effect Summary
Source
Parcent Romney
hge6s.
% Age (0-17)
Medion Housshold ncome
Unemployment
96 Fem Age (18-24)
% Fem (45 - 64)
% Fem Age 65+
Remove Add Edit []FOR
1 Actual by Predicted Plot
4 Summary of Fit
Rsquere 097s
RareAd 0920719
oot Moo SaoreEror | 2476395
Vean o Rsponse Sa526m
Observations (or Sum Wats) &
1 Analysis of Variance
4 Parameter Estimates
Term Estimate
Treept ss432068
Pacent Romnes 06228
Unempioyment B
Medion Houssholdncome 0000387
% Age (0-17) 1.3340002
9% Fem Age (18-24) “0.382621
% Fem (45 - 64) -0.910265
% ageese os3u71s
% o Age 65+ 03seecle
D Effect Tests
4 Residual by Predicted Plot
f
54 .
S
5,
i,

40 50 60

StdError tRatio Prob>|t|

1660816
0.044566
0307258

48425
0162329
0122694
0309188
0113519
0157464

70

Percent Yes Predicted

29
1398
378
-8.00
822
312
294
823
227

80

PValue
0.00000
0.00000
0.00000
0.00000
000030
000255
000427
002620

Lower 95% Upper 95%

15367762
05341600
1774485
-0.000484
10108278
-0.6268%
1525812
07084715
00431742

81496374
07116107
0551079
-0.000201
16571727
-0.1383%
-0.204719
11604714

0670149




image39.png
Runs all possible models using.
combinations of the regression
parameters specified.

| Alpossibe Modes

Model Averaging

Plot Criteion History

Clear History

RSquare Adj b
0000 94371621 1

Model Dialog
Seript




image40.png
All Possible Models

Maximum number of terms in a model: fE]

Number of best models to see: 100

Restrict to modiels where interactions imply lower order effects (Heredity Restriction)

(o] (canca )





image41.png
| All Possible Models
Ordered up to best 100 models p to 12 terms per model.

Frcont, Romncy.Unemplyment Mecian Househollncome e g (0-17)% Fem g (162414 Fom Age(33 -4 e 65 7
Percent Romney,Unemployment Medisn Household Income % Age (0-17) % Fem Age (18-24) 5 Fem (45 - 64)% Age 65 % Fem Age 5~ % Hispanic 9
Percent.Obams Unemployment Medisn Household Income % Age (0-17) % Fem Age (18-24)% Fem (45 -64)% Age 65 % Other ]
Percent Romney,Unemployment Median Household Income % Age (0-17) Fem Age (18-24)% Fem Age (25 -44)% Age65-% Other 8 09258 25071 420218 4419820
9
]
s

09226 25450 421381 441236 O
09300 24506 417752 441357 O
09259 25060 420143 441907 O

Percent_Romney,Unemployment, Median Household Income % Age (0-17) % Fem Age (18-24) % Fem Age (25 - 44),% Fem (45 - 64).% Age 65+, % Fem Age 65+
Percent_Romney,Unemployment Median Household Income % Age (0-17) % Fem Age (18-24) % Fem Age (25 - 44),% Age 65+, % Fem Age 65+
ment Medion HoussholdIncome  Age(0-17) % Fem Age(18-24) % Fe

09294 24615 418523 4421280
09257 25008 420402 442167 O
4423340

ercent Obama Unemployment Mecian Househaldincome % Age (0-17),5% Fem Age (16-24)5% Fem (45 - 64)5% Age 65+ % Fem Age 63+
Percent_Obama Unemployment Median Household Income 5 Age (0-17) % Fem Age (18-24) % Fem Age (25 - 44) % Age 65+
Percent_Obama Unemployment Median HouseholdIncome % Age (0-17),% Fem Age (L8-24),% Fem (45 - 64),% Age 65 +,% Hispanic
Percent_Romney,Unemployment, Median Household Income % Age (0-17) % Fem Age (18-24) % Fem (45 - 64),% Age 65 +,% Amer Indian
Percent_Obama Unemployment Median Household Income % Age (0-17),% Fem Age (18-24) % Fem Age (25 - 44) % Age 65+,% Other
Percent_Romney,Unemployment, Median Household Income. % Age (0-17) % Fem Age (18-24) % Fem (45 - 64) % Age 65+ % White.% Other
Percent_Obama Unemployment Median Household Income % Age (0-17),% Fem Age (18-24) % Fem (45 - 64) % Age 65 +,% Fem Age65-+,% Other
Percent_Obama Unemployment Median Household Income 5 Age (0-17),5% Fem Age (18-24)% Fem (45 - 64).% Age 65+

ment Mcian Household Income % Age (0-17) % Fem Age 18.24) % Fem Age(25_44) % Fem 4364 2

-17).% Fem Age (18-24)% Age 65+

T e e T e T T e A e S T s

4424360
4425010
4425620
442600
4427010
4428620
442800
4420620
442965

Age65+5% Other




image42.png
~ Response Percent Yes.

4 Whole Model
4 Effect Summary
Source PUalue
Percent Romney 0.00000
% Age 65+ 0.00000
% Age (0-17) 0.00000
Median Household Income. 0.00000
Unemployment 0.00030
% Fem Age (18-24) 0.00255
% Fem (45 - 64) 0.00427
% Fem Age 65+ 002629
Remove Add Edit [] FOR
4/Actual by Predicted Plot
0
7
S0t
$
HE]
)
30
0 40 50 6 70 80
Percent Ves Predicted P<.0001 RSq=0.93

RMSE

) 4764




image43.png
) Summary of Fit

RSquare 0.92764
RSquare Adj 0920219
RootMean Square Eror 2476395
Mean of Response 59,9264
Obsenvations (or Sum Wats) &7
Analysis of Variance
Sum of

Source  DF  Squares MeanSquare FRatio
Model 5 61321910 766524 1249931
Eror 78 4783375 5133 Prob> F
Clol 86 66105204 <0001
| Parameter Estimates
Term Estimate StdError tRatio Prob>[t] Lower 95% Upper 95%
Intercept 48432068 1660816 292 00045 15367762 81496374
Percent Romney. 06228856 0044566 1398 <0001° 0.5341609 07116107
Unemployment 1162782 0307258 378 0000 1774485 0551079
Median Household Income -0.000387 48465 800 <0001" -0.000483 -0.000291
5% Age (0-17) 13340002 0162320 822 <0001° 1010878 16571727
% Fem Age (18-24) 0382621 0122694 312 00025 -0626686 -0.13835%
5% Fem (45 - 64) 0910265 0309188 294 0003 1525812 -0.294719
%Age65+ 0934715 0113519 823 <0001 07084715 11604714
% Fem Age 65+ 03566616 0157464 227 00263 00431742 0670149
[Effect Tests
' Residual by Predicted Plot

6 .

Percent Yes Residual

30 40 50 60 70 8
Percent Yes Predicted




image44.png
I~ Prediction Profiler

) w
5000 10
§ oo,
5 604548 4
o Tl
888
RS
W © mm am s 55500
003 S0t deden whge  AFemhse  %Fem o e
ercent fommey  Unemployment msaroldinom 9 (1639 %6 waess  Agedse




image45.png
K-Fold Crossvalidation

All Possible Models
Model Averaging

V' Plot Criterion History Plots AICc and BIC by p, the number
of parameters.
Clear History

Model Dialog
Seript »





image46.png
RMSE

Hpercent Romney

“+percent Romney % Age 65+
+Percent Obama % Age (0-17) % Age 65+

fsncomeseage 012 e

m Age (15-24) % Fem(d5 - 64) 3 Age 65 ¥6 Femlge 55 ypercent o
Age (18-24)% Fem (45 - 64)% Age 65+ % Fer Age 65-+ % Black % Other

Unemployment Median Household Income 5 Age (0-17),% Fem Age (18-24) % Fem (45 - 64),% Age65-+
Dercent_Romney,Unemployment, Median Household Income % Age (0-17) % Fem Age (18-24) % F{

5 10 15 20
b = Number of Terms.




image47.png
I Possible Models

Ordered up to best 100 models up to 12 terms per model.

Table Style.

m Age (18-24),% Fem (45 - 64),% Age65-+,% Fe
m Age (18-24) % Fem Age (25 - 44),% Age 65+

Columns. »

Sort by Column.
i

Make into Data Table.

Percent_Romney,Unemployr
Percent_Romney,Unemployr
Percent_Romney,Unemployr
Percent_Romney,Unemployr
Percent_ Obama Percent Romr
Percent_Romney,Unemployme

Make Combined Data Table.

m Age (18-24) % Fer Age (25 - 44)% Fem (45 -
m Age (18-24) % Fem (45 - 64) % Age 65+ % Ot
m Age (18-24) % Fem Age (25 - 44) % Fem (45 -
Age (0-17) % Fem Age (18-24)% Fem (45 - 64);
m Age (18-24) % Fem Age (25 -44) % Fem (45 -

Make Into Matrix

Copy Column
Copy Table




image48.png
SaEdl

Untitied 10

| Columns (6/0)
W Mogel

i Number

4 Rsquare
drise
dac

ABIC

File Edit Tables Rows Cols DOE Analyze Graph Tools Add-ns View Window Help

Do @EEE=

]
i i Model Number RSquare RMSE = AlCc | BIC

1 Percent_Romney, Unemployment Median Household Income % Age (0-17) % Fem Age (18-24),% Fem (45 - 64),% Age 65+, % Fem Age 65+ % Black % Other 10 09328 24178 4169672 442.3419

2 Percent_Romney,Unemployment Median Household Income % Age (0-17),% Fem Age (18-24) % Fem (45 - 64) % Age 65 + % Fem Age 65+ % Other 9 09305 24422 417.1535 4407585

3 Percent_Romney,Unemployment Median Household Income 5 Age (0-17),% Fem Age (18-24),% Fem (45 - 64),% Age65-+,% Fem Age 65+ % Hispanic 9 09300 24506 417.7524 4413574

4 Percent_Romney,Unemployment Median Household Income % Age (0-17),% Fem Age (18-24) 5% Fem Age (25 - 44),% Age 65 +,% Fem Age 65+,% Black % Other 10 09322 24292 417.7879 443.1626

5 | Percent_Romney, Unemployment Median Household Income % Age (0-17),% Fem Age (18-24),% Fem Age (25 - 44)% Fem (45 - 64),% Age 65+, % Fem Age 65-,.. 11 09342 24076 417.8501 444.9206

6 Percent_Romney,Unemployment Median Household Income % Age (0-17),% Fem Age (18-24),% Fem (45 - 64),% Age 65 % Fem Age 65-+% Black % Hispanic 10 09319 24331 418.0698 443.4444

7 Percent_Romney,Unemployment Median Household Income % Age (0-17) % Fem Age (18-24) % Fem (45 - 64) % Age 65+,% FemAge 65+ 8 09276 24764 418.0736 430.8379

8  Percent_Romney,Unemployment Median Household Income,% Age (0-17) % Fem Age (18-24) % Fem Age (25 - 44) % Fem (45 - 64),% Age 65+, % FemAge 65 +,.. 10 09319 24339 418.1260 443.5007

9 Percent_Romney,Unemployment Median Household Income,% Age (0-17),% Fem Age (18-24),% Fem Age (25 - 44) % Fem (45 - 64),% Age 65+,% Fem Age 65+ 9 0924 24615 4185232 442.1282

10 Percent_Romney,Unemployment, Median Household Income % Age (0-17) % Fem Age (18-24),% Fem (45 - 64)% Age 65+ % Other 8 09272 24831 4185457 4403100

11 Percent_Romney,Unemployment, Median Household Income % Age (0-17) % Fem Age (18-24) % Fem Age (25 - 44) % Fem (45 - 64)% Age 65+, % Fem Age 65 +,.. 10 09316 24398 418.5478 443.9225

12 Percent Obamsa Percent Romney, Unemployment Median Household Income 3% Age (0-17) 3% Fem Age (18-24), % Fem (45 - 64) % Age 65+ % Fem Age 65+ % Bla.. 11 09337 2.4176 418.5689 445.63%4




image49.png
File Edit Tables Rows
SaEdl

M LotSize

A Waterfront
A Age

A LandValue
.l New.Construct
A Central Air
Heat Type
e SewerType
A Living Area
4 Pt College
.l Bedrooms

New Column...
‘Add Mutple Colurmn...
Column Selection
Reorder Columns

Column nfo
Standrdie Attibutes
Columns Viewer
Preselect Role
Formula

Validation

Label/Uniabel
Scrol Lock/Unlack
Hide/Unhide

Exclude/Unexclude

W FuelType
A Price
. Fireplaces?

Group Columns.

Ungroup Columns.

Delete Columns.

o am o 1 2 2
1 s o o 2 p
30 o o 2 2
5 0 o o 3 2
o 2mo o 1 2 p
5 20m o o 2 2
E ) o 1 2 2
s 2w o p 2 2
s amo o p 2 3
o a0 o o 2 2
0 e o o 2 p
s 1550 o o 2 2
s e o o 3 2
CIT ) o o 2 2
o o 2 2
o 1 2 3
o 2 3
Eplre Outirs o 2 2
Explore Missing Values o 2 2
| Make Vaidaton Colurmn Wiakeacalumn sed o dvide the
ot o traiing and validation sets.
Screen Precicors
% 5 o 3 3




image50.png
A validation column divides the rows of the data table into a training set to estimate the model; a
validation set to help choose a model that predicts well; and sometimes a test set to check prediction
after the model i chosen.

‘Specify how to allocate rows to Training, Validation and Test sets.

Enter either rates or counts.
Total Rows. 1728
Training Set 075
Validation Set [ 0.25

Test Set 0

New Column Name [Validation

Choose a method to create the holdback sets:

Purely Random | creating a formula column with  random function

bolance crossthe selected columns
[Ccancal ] [riep ]





image51.png
Training

T

Validation

2

Test

4 Frequencies
Level  Count
Trining 1018

Validation 348

Test 36

Total 1728

NMising 0
3 Levels

058912
020139
020049
1.00000




image510.png
Training

T

Validation

2

Test

4 Frequencies
Level  Count
Trining 1018

Validation 348

Test 36

Total 1728

NMising 0
3 Levels

058912
020139
020049
1.00000




image52.png
4/~ Make Validation Column

A validation column divides the rows of the data table into a training set to estimate the model; a
validation set to help choose a model that predicts well; and sometimes a test set to check prediction
after the model i chosen.

‘Specify how to allocate rows to Training, Validation and Test sets.

Enter either rates or counts.
Total Rows. 1728
Training Set 06
Validation Set [ 02
Test Set 02

New Column Name [Validation

Choose a method to create the holdback sets:

Purely Random | creating a formula column with a randorm function

[tratified Random| balanced across the selected columns.

Cancel | [ Help

[2@ O~





image53.png
4= Model Specification
Select Columns
%118 Columns

deice
diotsize
sterfront
Arge
Aiandvaive
thew Construct
WhCentralir
FulType
thitestType
thenerType
ALivingAves
dpciColege
p—
Arirepisces
desthrooms
drcoms
Wfireplsces?
thsidation

Pick Role Variables

Y |[dprice

optional

optional numeric

optional numeric

Validation

B

Attributes (v
Transform [v]

[ No Intercept

Living.Area
PetCollege
Bedrooms

Bathrooms
Rooms
Fireplaces?





image54.png
4]/~ Stepwise Fit for Price

4StepHistory

4Stepwise Regression Control

Stopping Rule: | Max Validation Rsquare | [=] [ EnterAll | [Make Mode]

Direction: [ Forward  ~ 4] [Remove AT [Run Model
Rules: Whole Effects ~
Go ][ Swp ][ S

SSE DFE  RMSE RSquare RSquare Adj

1063e+13 1017 10221468 0000 -00000
4 Current Estimates

Lock Entered Parameter Estimate nDF
v ¥ Intercept 24111057 1
o o LotSize o 1
o o Waterfront{0-1} 0o 1
O O Ase o 1
o o Land Value o 1
o o New.Construct{0-1} [
o o Central Air{0-1) 0 1
O O FellypeBass 0 2
O O Fulypes 0o 2
O O  HeatTypeld362 0o 2
O O Hethpes s 0o 2
O O  sewerhpei23an 0o 2
O O  Sewerlypein 0o 2
O O Lvinghes 0o 1
O O  PetColiege 0o 1
o o Bedrooms o 1
o o Bathrooms o 1
o o Rooms o 1
O O  Fireplacesnio-n 0o 1

710 rows not used due to excluded rows or missing values.

G p  ACc

RSquare  RMSE
BIC Validation Validation RSquareTest RMSE Test

20341861 1 2637680 2638672  -0.002 9754595 0004 8805839

S "FRatio® "Prob>F"
0 0000 1
34%es11 30607 4.02e8
46511 46502 16e-11
346e+11 34212 66620
36e+12 520026 28093
25511 24963 6.88e7
110e-12 128310 43e28
558e-11 28148  13e-12
558e-11 28148  13e12
520e-11 26570 57e-12
520e-11 26570 57e-12
33810 1622 01906
33810 1622 0.19806
S561es12 1137328  7e-168
41311 41009 22e10
166e-12 16790  23e39
38912 585776 2e-102
3es12 400231 25e75
136e-12 140280  de-2

Step  Parameter Action “SigProb” SeqSS RSquare Cp p  AlCc

BIC Validation




image55.png
SSE DFE  RMSE Rsquare RSquare Adj @ p  AC
3485e-12 1003 58044208 06720 06675 12373172 15 2527052 2534879
4 Current Estimates
Lock Entered Parameter Estimate nDF S5 “FRatio” “Prob>F*
v ¥ Intercept 603240612 1 o om0 1
o LotSize 863233201 1 41e<10 1179  0.00062
[ Waterfront{0-1) 71120721 1 1.89e+11 54468  33e-13
g s 51515738 1 1562e0 0450 050271
o Land.Value 083218511 1 688e<11  197.010  3.7e41
a New.Construct{0-1) 18222.6637 1 5.02e+10 14440  0.00015
[ CentralAif0-1) 73323473 1 371e+10 10692  0.00111
O Fuellype3&4-2) 29123685 2 33309 0481 06186
O Fuelype3-4) 870123 2 3330e-9 0481 0618
O HeatTypeld-362) 2090.53258 2 99840 1437  0.23818
O HeatType(3-2)  -46982136 2 09840 1437  0.23818
O SewerTypel2-381) 0 2434600 065 05349
O SewerTypel3-1) 0 2434600 065 05349
m} Living Area 80124202 1 637es1 183389 1738
O PetCallege 0 11771es8 0051 08219
o Bedrooms 61893574 1 1.16e=10 3350 006748
o Bathrooms. 214190419 1 834e+10  23.9%  1.12e6
a Rooms 15755609 15.158e-9 1485 022335
O Fireplaces?(0-1} 0 172869361 0021 088494
4Step History
Step  Parameter Action “SigProb” SeqSS Rsquwe Cp p  AlCc
1 LivingArea Entered 00000 561e-12 05282 42516 2 256142
2 LandValue Entered 00000 991e+11 06214 1428 3 253822
3 Waterront0-1)  Entered 00000 202e+11 06404 86733 4 253417
4 Bathrooms Entered 00000 145e+11 06541 47.087 5 253043
S CentrolAW(0-)  Entered 00000 7.29e+10 06610 28.149 6 25285
6 NewConstruct{0-1) Entered  0.0004 446010 06652 17336 7 252752
7 LotSie Entered 00011 371e+10 06686 86914 & 252666
8 Bedrooms Entered 00731 112e+10  0.6697 74760 O 252654
9 HestTypeld382) Entered  0.1434 135e-10 06710 75988 11 252656
10 Rooms Entered 02202 5222e9 06715 80988 12 252661
1 Age Entered 03802 26769 06717 033177 13 252674
12 FuelTypel3842) Entered 06186 33390 06720 12373 15 252705
13 SewerType(-1) Entered 05355 4346e:0 06724 15126 17 252734
14 PetCollege Entered 07327 406e-8 06725 17009 18 252753
15 Fireplaces?0-)  Entered 00243 31496024 06725 19 19 252774
16 Best Specific 06720 12373 15 252705

RSquare

RMSE

06311 5917989
RSquare.
BIC Validation
25620 04884
254118 0.5801
253662 05775
25337 06051
25303 06115
253145 06235
253108 06251
253144 06263
253244 06278
25308 06281
253359 06306
253488 06311
253614 06288
253682 06283
253751 06283
253488 0.6311

0.5869

BIC Validation Validation RSquareTest RMSE Test

5647173




image56.png
| [=|Response Price
Validation: Valdation
4 Effect Summary

Source.
Land.Value
LivingArea
Waterfront
Bathrooms
NewConstruct
LotSize
Central Air
Bedrooms
Rooms
HeatType
Age

FuelType

Remove Add Edit [] FOR

4Summary of Fit
Rsquare
Rquare A
Root Mean Square Eror
Mean of Response
Observations (or Sum Wats)

4 Analysis of Variance

Sum of
Souce  DF  Squares Mean Square
Model 14 7.1406e-12
Emor 1003 3.4848e-12
CTotal 1017 1.0625e+13

0672029
0.667451
5894421
2141111

1018

5.1e-11 1467997
3474429 Prob> F

PValue
0.00000
0.00000
0.00000
0.00000
000015
0.00062
000111
0.06748
022335
023818
050271
0.61860




image57.png
Effect Tests

Sum of
Source Nparm DF  Squares FRatio Prob>F
LotSize 11 40078e-10

Waterfront 11 18924esT

Age 1 11561843665 04495 0.5027
Land.Value 11 68762e1

New.Construct 115017110

Central Air 1 137147e-10 106917
FuelType 2 2333010821 04805 06186
HeatType 2 29984005080 14368 02382
LivingArea 11 6371e-11 1833686 <0001"
Bedrooms 1 111641es10 33504 0.0675
Bathrooms 118337310 23.99%1

Rooms 115158040616 14846 02233
Crossvalidation

Source RSquare  RASE  Freq
TrainingSet 06720 58508 1018
Validation Set 06311 50180 348
Test Set 05869 56472 362




image58.png
| Indicator Function Parameterization
DFDen tRatio Prob>|t|

|

Term Estimate Std Error
Intercept -641.1848 1738167
LotSize 86323329 2513573
Waterfront{1] 14224144 1927328
Age 5151574 76835%
Land Value 08321851 0.059154
New.Construct{1] -3644533 9590828
Central Ai{T] 14664605 4484574
Fuellypel?]  S737.7628 6241784
Fuelypeld]  -1740285 154922
HeatTypel2] 51714847 1489462
HeatTypel3]  -8879279 1572885
Living Area 80.124204 5916995
Bedrooms 6189357 3381395
Bathrooms 21419042 437249
Rooms 1575.5695 1293.113
Residual by Predicted Plot

500000 <

50000

400000

350000

300000
F 250000
2 200000
g 150000
£ 100000
£ so000
& 0

-50000

-100000

-150000

-200000

-250000

10030
10030
10030
10030
10030
10030
10030
10030
10030
10030
10030
10030
10030
10030
10030

004
3.4
738
067
14.07
3.80
327
0%
001
003
-0.56
1354
183
49
122

09706
0.0006"
<0001
0.5027
<0001
0.000
0.0011"
03582
09910
09723
05725
<0001
0.0675
<0001
02233

0 100000 250000 400000 550000 700000
Price Predicted

Lower 95%
347498
36998677
10442086
-202.0926
07161047
5526572
5863.884
6510680
3057488
2871105
3074453
68.5130%5
-1282478
12838753
-061.9466

Upper 95%
33467420
13564798
18006202
99.261146
09482655
1762494
23465505
17986214

3022682
20745342
21985968
91735313
446.06262

2990033
41130856




image59.png
| '~ Residual Price
500000 o % 2 Teaz e 0 ob ek 2k 3R
450000
400000
350000
300000
250000
200000

s
e
150000
100000
50000

-50000
-100000
-150000

200000
250000

4

00005001 006 035 065086 099

Normal Quantile Plot




image60.png
700000
550000
400000
250000
100000

LotSize Waterfront Age LendValue  NewConstruct  Central Air FuelType HeatType LivingArea Bedrooms Bathrooms Rooms




image61.png
[ Validation Set

Bl Training Set

Round 1 Round 2 Round 3 Round 10

Validation  g30. 90% 91% 95%
Accuracy:

Final Accuracy = Average(Round 1, Round 2,





image1.png
File Edit Tables Rows Cols DOE Analyze Graph Tools Add-ns View Window Help

EEEE IR BEEEP |

) E—— Toavorers

= County Name County Name 2 Amendments | PercentYes | Percent Obama | Percent Romney | Unemployment | Percent Poverty
| Aitkin County Aikin County, MN 9219 Gr 1826 1538 62 131
' Unemployment 2 Anoka County Anoka County, MN 187085 5061 47152 5011 55 74
4 Percent Poverty 3| Becker County Becker County, MN 16471 629 1160 5618 a7 146
e 4 e Couny et Couny N 29 sios 519 7 o 208
R 5 Benton County Senton County, MN 19755 5539 150 553 53 103
Aeeatm 6/ Big Stone County sig Stone Courty, MN 2516 6105 2 450 B na
% Age(18-24) 7 Blue Earth County. Blue Earth County, MN 34463 4583 53 352 46 169
4 % Fem Age (18-24) 8 Brown County Brown County, MN 14030 6637 204 5699 15 93
e 9 Crfon County Carton County, MN 18545 siet o 37 66 108
A 70 Corver County Conver County MN 53079 002 392 589 9 i
Ay 1 Coss County Coss County, MN 1621 G 240 5349 66 164
4% nge 65+ 12| Chippewa Courty Chippena Courty, MN o2 an sn a1 w 10
% Fem Age 65+ 13 Chisago County Chisago County, MN 29578 56.85 1254 5.2 53 74
4% wnite 14 Cloy County Cloy County, MN 2502 s0a7 s265 un 34 128
dxg 15 ClamterCounyy ClwatrCouny, W o 7001 an s621 s 157
= 16 Cook County Cook County MN 38 399 5999 3675 39 9
45 oer 17| Cottonwood Courty  Cottonwosd Courty, MN s916 7003 as s657 57 "

4 % Hispanic 18 Crow Wing County Crow Wing County, MN 35067 075 22 556 5 123




image62.png
® H

©
T ¢

f \ File Edit Tables Rows Cols DOE Analze Graph Tools Add-lns View Window

R EmEy o
EEFEIRE] , = -
psie B = Runs o crossvalidation based on | KeFold Crosvalidation 4 Stepwise Regression Control
s, [Ewoto00 W o D] 3| Gucing te sampe ok substs, | g s
and fiing sach of f -1 of the = Stopping Rule: [imirmarmBIC. o ] (oA ] Vake Moae]
a ubsets o predictthe cther subset, | Model Avergi
T2 5 reang Diection: [ Forward [4=] [Remove Al] [Run Model
22 : Pot Crieion History
=B 2 Clear History Lo Combine -
5|2 2 o =
= Colomns @471 32 : I Dislog S |5
02 2 Scrpt 5 SSE DR RMSE RSquare RSquareAd  Cp Ace  BiC





image63.png
Enter k for k-fold crossvalidation

oK





image64.png
4~ Stepwise Fit for Price

4 Stepwise Regression Control
SSE DFE  RMSE Rsquare RSquare Adj G p ACc  BIC
5807e-12 1715 58191545 06530 06506 92664593 13 4283654 4201266
4 Current Estimates
Lock Entered Parameter Estimate nDF S5 “FRatio” “Prob>F*
v ¥ Intercept 266648 1 o om0 1
o LotSize 740863236 1 445e+10  13.131 00003
[ Waterfront{0-1)  -60203983 1 200e<11 61708  7e-15
g s 1304005 12026410 5975 001461
o Land.Value 001826743 1 1.34e+12 394931 29e79
a NewConstruct{0-1) 222509327 1 132e+11 38837 5810
[ Central Air{0-1) 4825920 1 274e+10 8091  0.0045
O Fuel Typel3&4-2) 0 240410 05% 05509
O Fuel Typel3-4) 0 240410 05% 055095
m} HeatTypeld-382) 23505554 2 3.55e-10 5241 0.00538
m} HeatTypel3-) 52744074 2 3.55e-10 5241 0.0053
O SewerTypel2-381) 0 253388 007 09247
O SewerTypel3-1) 0 253388 00 09247
m} Living Area 70120014 1 823esTl 24290 25051
m} PetCallege 0 11381e0 0408 052318
o Bedrooms 7748572 1 3.12e+10  9.228  0.00242
o Bathrooms. 231403546 1 1.6des11 48430  48e-12
a Rooms 304167526 1 34e+10 10049  0.00155
m} Fireplaces?(0-1} 0 11231e0 0363  0.54668
4Step History
Step  Parameter Action “SigProb” SeqSS Rsquwe Cp p  AlCc
1 LivingArea Entered 00000 8.49e+12 05075 70478 2 434194
2 LandValue Entered 00000 150e+12 06028 23699 3 430499
3 Bathrooms Entered 00000 266e+11 06187 16063 4 429814
4 Watefront0-1)  Entered 00000 22e+T1 06318 97703 5 429227
S NewConstruct(0-T) Entered 00000 1.13e+11 0638 6633 6 428527
6 CenalAW0-l)  Entered 00000 7.81e10 06433 4532 7 428722
7 Lot Entered 00003 4.47e+10 06450 34161 & 428613
8 HestTypeld-382) Entered 00014 451e10 06486 24886 10 428521
9 Age Entered 00065 253e+10 06501 19.425 11 428467
10 Rooms Entered 00264 168e+10 06571 16475 12 428438
11 Bedrooms Entered 00024 3.12e+10 06530 0.2665 13 428365
12 PetCollege Entered 05232 1381e9 06531 10850 14 428382
13 FuelTypel3842) Entered 0505 4622-0 06534 13498 16 428409
14 Fireplaces?0-)  Entered 06091 8.867e-8 06534 15236 17 428426
15 SewerType(-1) Entered  0.8886 8018e-8 06535 19 19 428465
16 Best Specific 06530 92665 13 428365

RSquare
K-Fold
0.6468

BIC
434357
430717
430086
429554
429308
429158
429103

42912

42012
429145
429127
429197
420332
420404
429551
220127





image65.png
= Distributions
4]/~ Validation
4[Frequencies
level  Count  Prob
Training 1018 0.58912
Validation  348_0.20139
t 3 949
Total 1728 1.00000
NMising 0
Training Validation Test 3 Levels





image66.png
File Edit Tables | Rows | Cols DOE Analyze Graph Tools Add-ns View

e e rre———
e o e e e
EErzirzEe EHEE them from contributing to
Hideubide s
e e o P
Taing 101 05090
Colors. 4 Validation
o >
T e tooas
Mot Seected o s o




image67.png
le Edit Tables Rows Cols DOE Analyze Graph Tools Add-lns View Window

e | s
Tiiis | FRersTases eiSTTRS SeloATIONT
1S asaoeecem Serdizer SeioATIONT
soom  rrezsnmen 13to0maT SetodTier
T2 rriososws asaseausm setoATIoNT
1w Do 3SR SEi0ATION

Rk Totom 151004705 22000S1S. SefoATIONT

il SeverType 145000 141704631 10850456877 56104776447

4 Living Area 130000 137076.99682 50083883955 56104776347

|4 Pct.College 229000 26095976083 10214268878 56104.776447

A Bedrooms. 179900 22399021619 19439471634 56104.776447

M Fireplaces 11472 209900 22801327763 32809082657 56104.776447





image68.png
Table Columns G} Functions (grouped) oK
Lot.Size e || =]~ Row e Cancel
Waterfront X|[=[Q] | Numeric

Age [w]ps]s] |Trnscendental Apply
Land Value S]] | Tscrometic

New.Construct Character T
CentralAir Comparisen

FuelType Conditions! Help
HeatType Probabilty

SewerType Discrete Probbity -

Col Mear| PSE(i)

[» O~





image69.png
e Durbin Watson Test
nﬁlﬂlfyi Remove Add Edit [] FDR

LogWorth PValue
Effect Screening * Jalue 78.531 0.00000
Factor Profiling > Jarea 50.5% 0.00000
Row Diagnostics 3 Plot Actual by Predicted 0.00000
0.00000
Save Columns »|[¥] | Plot Effect Leverage 0.00000
Model Dial || Plot Residual by Predicted 000030
! Dialog =l 000155
V| Effect Summary Plot Residual by Row. oo
Script 8 Press ‘The residual sum of squares where

each row is removed in turn when the
residual for that row is taken.
[Prediction Error 55]





image70.png
| Press.
Press Press RMSE
5.025972e+12 58560.9269




image2.png
~ Response Percent Yes.
4 Effect Summary

Source
Median Household Income
Unemployment

9% Fem Age (18-24)
Percent Romney

9 Fem Age 65+

% Fem (45 - 64)
Percent Obama

9% Fem Age (25 - 44)
% Black

Percent Poverty

9% Amer Indian

% Age (45 - 64)

% Age (25-44)

9% White

% Age(18-24)

9% Fem Age (0-17)
% Age 65+

% Age (0-17)

% Other

9 Hispanic

% Asian

LogWorth
4506
203
1748
1003
1015
059
0587
0506
0.5
032
0192
0181
0120
01
)
0101
009
0061
o1
0010
0001

uuuuuuuu {

PValue
0.00003
000932
001785
0.08066
0.09651
013835
025880
031195
034178
047255
064305
0.65064
0.66058
0.66149
0.66260
079193
079709
086934
097530
097636
0.99851




image3.png
| Actual by Predicted Plot

0
7
Zeot
§s0
)
30
0 40 0 6 70 &
Percent Ves Predicted P<.0001 RSq=0.93
RMSE=2.4764
/Summary of Fit
Rsquare 092764
Rsquare A 0920219
RootMean SquareError 2476395
Mean of Response 59.92644

Observations (or Sum Wgts) 87




