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4.1  Managing Missing Values 
The demonstrations in this chapter build on the demonstrations of Chapters 2 and 3. At this 
point, the process flow diagram has the structure shown below. The Maximal Tree node 

was deleted and the horizontal layout was adjusted. 

 

Data Assessment 
Continue the analysis at the Data Partition node. As discussed above, regression requires that a case have 
a complete set of input values for both training and scoring. Follow these steps to examine the data status 
after the partition. 
1. Select the Data Partition node. 

2. Select Exported Data !  from the Data Partition node Properties panel. 

 
The Exported Data window appears. 

3. Select the TRAIN data port and select Explore. 
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There are several inputs with a noticeable frequency of missing values (for example, Age and the 
replaced value of median income). 

The display below emphasizes the Sample Statistics table in which the column heading for Percent 
Missing is expanded. 

 

                                            
Exploring the training data itself also reveals missingness. 
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There are several ways to proceed: 
• Do nothing. If there are very few cases with missing values, this is a viable option. The difficulty 

with this approach occurs when the model must predict a new case that contains a missing value. 
Omitting the missing term from the parametric equation usually produces an extremely biased 
prediction. 

• Impute a synthetic value for the missing value. For example, if an interval input contains a missing 
value, replace the missing value with the mean of the nonmissing values for the input. This 
eliminates the incomplete case problem but modifies the input’s distribution. This can bias the model 
predictions. 
Making the missing value imputation process part of the modeling process allays the modified 
distribution concern. Any modifications made to the training data are also made to the validation data 
and the remainder of the modeling population. A model trained with the modified training data is not 
biased if the same modifications are made to any other data set that the model might encounter (and 
the data has a similar pattern of missing values). 

• Create a missing indicator for each input in the data set. Cases often contain missing values for a 
reason. If the reason for the missing value is in some way related to the target variable, useful 
predictive information is lost. 
The missing indicator is 1 when the corresponding input is missing and 0 otherwise. Each missing 
indicator becomes an input to the model. This enables modeling of the association between the target 
and a missing value on an input. 

4. Close the Explore and Exported Data windows. 

Imputation 
To address missing values in the PVA97NK data set, use the following steps to impute synthetic data 
values and create missing value indicators: 

1. Click the Modify tab. 

2. Drag an Impute tool into the diagram workspace. 

3. Connect the Data Partition node to the Impute node. 
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4. Select the Impute node and examine the Properties panel. 

 
The defaults of the Impute node are as follows: 
• For interval inputs, replace any missing values with the mean of the nonmissing values. 
• For categorical inputs, replace any missing values with the most frequent category. 

"  These are acceptable default values and are used throughout the remainder of the course. 

With these settings, each input with missing values generates a new input. The new input named 
IMP_original_input_name has missing values replaced by a synthetic value and nonmissing values 
copied from the original input. 

Missing Indicators 
Use the steps below to create missing value indicators. The settings for missing value indicators are found 
in the Score property group. 
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1. Select Indicator Variables ! Type ! Unique. 

2. Select Indicator Variables ! Role ! Input. 

With these settings, new inputs named M_original_input_name are added to the training data to indicate 
the synthetic data values. 

Imputation Results 
1. Run the Impute node and review the Results window. Three inputs had missing values. 

 
With all of the missing values imputed, the entire training data set is available for building the logistic 
regression model. In addition, a method is in place for scoring new cases with missing values. (See 
Chapter 7.) 

Running the Regression Node 
There are several tools in SAS Enterprise Miner to fit regression or regression-like models. 

By far, the most commonly used (and, arguably, the most useful) is the Regression tool. 

Use the following steps to build a simple regression model. 

1. Click the Model tab. 

2. Drag a Regression tool into the diagram workspace. 

3. Connect the Impute node to the Regression node. 
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The Regression node can create several types of regression models, including linear and logistic. The 
type of default regression type is determined by the target’s measurement level. 

4. Run the Regression node and view the results. The Results - Node: Regression Diagram window 
appears. 

 
5. Maximize the Output window by double-clicking its title bar. 

The initial lines of the Output window summarize the roles of variables used (or not) by the 
Regression node. 
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The fit model has 28 inputs that predict a binary target. 

Ignore the output related to model events and predicted and decision variables. The next lines give 
more information about the model, including the training data set name, target variable name, number 
of target categories, and most importantly, the number of model parameters. 

 
Based on the introductory material about logistic regression that is presented above, you might expect 
to have a number of model parameters equal to the number of input variables. This ignores the fact 
that a single nominal input (for example, DemCluster) can generate scores of model parameters. 

Next, consider maximum likelihood procedure, overall model fit, and the Type 3 Analysis of Effects. 

The Type 3 Analysis tests the statistical significance of adding the indicated input to a model that 
already contains other listed inputs. A value near 0 in the Pr > ChiSq column approximately indicates 
a significant input; a value near 1 indicates an extraneous input. 
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The statistical significance measures a range from <0.0001 (highly significant) to 0.9593 (highly 
dubious). Results such as this suggest that certain inputs can be eliminated without affecting the 
predictive prowess of the model. 

6. Restore the Output window to its original size by double-clicking its title bar. Maximize the Fit 
Statistics window. 
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If the decision predictions are of interest, model fit can be judged by misclassification. If estimate 
predictions are the focus, model fit can be assessed by average squared error. There appears to be 
some discrepancy between the values of these two statistics in the train and validation data. This 
indicates a possible overfit of the model. It can be mitigated by using an input selection procedure. 

7. Close the Results window. 

 



 4.2 Selecting Inputs 4-11 

Copyright © 2015, SAS Institute Inc., Cary, North Carolina, USA. ALL RIGHTS RESERVED. 

4.2 Selecting Inputs 
Implementing a sequential selection method in the Regression node requires a minor 
change to the Regression node settings. 

1. Select Selection Model ! Stepwise on the Regression node Properties panel. 

  
The Regression node is now configured to use stepwise selection to choose inputs for the model. 

2. Run the Regression node and view the results. 

3. Maximize the Output window. 

4. Hold down the Ctrl key and press the G key. The Go to Line window appears. 

 
5. Enter 79 in the Enter line number field and click OK. Scroll down one page from line 79. 

The stepwise procedure starts with Step 0, an intercept-only regression model. The value of the 
intercept parameter is chosen so that the model predicts the overall target mean for every case. The 
parameter estimate and the training data target measurements are combined in an objective function. 
The objective function is determined by the model form and the error distribution of the target. The 
value of the objective function for the intercept-only model is compared to the values obtained in 
subsequent steps for more complex models. A large decrease in the objective function for the more 
complex model indicates a significantly better model. 



4-12 Chapter 4 Introduction to Predictive Modeling: Regressions 

Copyright © 2015, SAS Institute Inc., Cary, North Carolina, USA. ALL RIGHTS RESERVED. 

 
Step 1 adds one input to the intercept-only model. The input and corresponding parameter are chosen 
to produce the largest decrease in the objective function. To estimate the values of the model 
parameters, the modeling algorithm makes an initial guess for their values. The initial guess is 
combined with the training data measurements in the objective function. Based on statistical theory, 
the objective function is assumed to take its minimum value at the correct estimate for the parameters. 
The algorithm decides whether changing the values of the initial parameter estimates can decrease the 
value of the objective function. If so, the parameter estimates are changed to decrease the value of the 
objective function and the process iterates. The algorithm continues iterating until changes in the 
parameter estimates fail to substantially decrease the value of the objective function. 
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The output next compares the model fit in Step 1 with the model fit in Step 0. The objective functions 
of both models are multiplied by 2 and differenced. The difference is assumed to have a chi-squared 
distribution with one degree of freedom. The hypothesis that the two models are identical is tested. A 
large value for the chi-squared statistic makes this hypothesis unlikely. 

The hypothesis test is summarized in the next lines. 

 
The output summarizes an analysis of the statistical significance of individual model effects.  
For the one input model, this is similar to the global significance test above. 
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Finally, an analysis of individual parameter estimates is made. (The standardized estimates and the 
odds ratios merit special attention. They are discussed in the next section of this chapter.) 

 
The standardized estimates present the effect of the input on the log-odds of donation. The values are 
standardized to be independent of the input’s unit of measure. This provides a means of ranking the 
importance of inputs in the model. 

The odds ratio estimates indicate by what factor the odds of donation increase for each unit change in 
the associated input. Combined with knowledge of the range of the input, this provides an excellent 
way to judge the practical (as opposed to the statistical) importance of an input in the model. 

The stepwise selection process continues for eight steps. After the eighth step, neither adding nor 
removing inputs from the model significantly changes the model fit statistic. At this point, the Output 
window provides a summary of the stepwise procedure. 

6. Go to line 850 and page down one page to view the stepwise summary. 

The summary shows the step in which each input was added and the statistical significance of each 
input in the final eight-input model. 

 
The default selection criterion selects the model from Step 8 as the model with optimal complexity. 
As the next section shows, this might not be the optimal model, based on the fit statistic that is 
appropriate for your analysis objective. 
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For convenience, the output from Step 8 is repeated. An excerpt from the analysis of individual 
parameter estimates is shown below. 

 
The parameter with the largest standardized estimate (in absolute value) is GiftTimeLast. 

7. Restore the Output window and maximize the Fit Statistics window. 

 
The simpler model improves on both the validation misclassification and average squared error 
measures of model performance. 
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4.3 Optimizing Complexity 
Iteration Plot 

The following steps illustrate the use of the iteration plot in the Regression tool Results window. 

In the same manner as the decision tree, you can tune a regression model to give optimal performance on 
the validation data. The basic idea involves calculating a fit statistic for each step in the input selection 
procedure and selecting the step (and corresponding model) with the optimal fit statistic value. To avoid 
bias, the fit statistic should be calculated on the validation data set. 

1. Select View ! Model ! Iteration Plot. The Iteration Plot window appears. 

 
The Iteration Plot window shows (by default) average squared error (training and validation) from the 
model that is selected in each step of the stepwise selection process. 

"  Surprisingly, this plot contradicts the naïve assumption that a model fit statistic calculated on 
training data is always better than the same statistic calculated on validation data. This 
concept, called the optimism principle, is correct only on the average, and usually manifests 
itself only when overly complex (overly flexible) models are considered. It is not uncommon 
for training and validation fit statistic plots to cross (possibly several times). These crossings 
illustrate unquantified variability in the fit statistics. 

Apparently, the smallest average squared error occurs in Step 4, rather than in the final model, Step 8. 
If your analysis objective requires estimates as predictions, the model from Step 4 should provide 
slightly less biased ones. 
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2. Select Select Chart ! Misclassification Rate. 

 
The iteration plot shows that the model with the smallest misclassification rate occurs in Step 3.  
If your analysis objective requires decision predictions, the predictions from the Step 3 model are  
as accurate as the predictions from the final Step 8 model. 

The selection process stopped at Step 8 to limit the amount of time spent running the stepwise 
selection procedure. In Step 8, no more inputs had a chi-square p-value below 0.05. The value 0.05 is 
a somewhat arbitrary holdover from the days of statistical tables. With the validation data that is 
available to gauge overfitting, it is possible to eliminate this restriction and obtain a richer pool of 
models to consider. 

Full Model Selection 
Use the following steps to build and evaluate a larger sequence of regression models: 

1. Close the Results - Regression window. 
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2. Select Use Selection Default ! No from the Regression node Properties panel. 

 
3. Select Selection Options ! . 

The Selection Options window appears. 

 
4. Enter 1.0 as the Entry Significance Level value. 

5. Enter 0.5 as the Stay Significance Level value. 
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The Entry Significance value enables any input in the model. (The one chosen has the smallest  
p-value.) The Stay Significance value keeps any input in the model with a p-value less than 0.5. This 
second choice is somewhat arbitrary. A smaller value can terminate the stepwise selection process 
earlier, but a larger value can maintain it longer. A Stay Significance of 1.0 forces stepwise to behave 
in the manner of a forward selection. 

6. Change the Maximum Number of Steps value to a large value, such as 30. This enables stepwise 
regression to run more than zero steps, but no more than 30 steps. If this value remains at 0, an 
intercept-only model is the result. 

"  In practice, if stepwise regression does not complete, consider increasing this value. 

 
7. Click OK. Run the Regression node and view the results. 
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8. Select View ! Model ! Iteration Plot. The Iteration Plot window appears. 

 
The iteration plot shows that the smallest average squared errors occur in Steps 4 or 12. There is a 
significant change in average squared error in Step 13, when the DemCluster input is added. 
Inclusion of this nonnumeric input improves training performance but hurts validation performance. 

9. Select Select Chart ! Misclassification Rate. 

 
The iteration plot shows that the smallest validation misclassification rates occur at Step 3.  
Notice that the change in the assessment statistic in Step 13 is much less pronounced. 
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Best Sequence Model 
You can configure the Regression node to select the model with the smallest fit statistic (rather than the 
final stepwise selection iteration). This method is how SAS Enterprise Miner optimizes complexity for 
regression models. 

1. Close the Results - Regression window. 

2. Choose one of the following: 

a. If your predictions are decisions, use the following setting: 

Select Selection Criterion ! Validation Misclassification. (Equivalently, you can select 
Validation Profit/Loss. The equivalence is demonstrated in Chapter 6.) 

b. If your predictions are estimates (or rankings), use the following setting: 

Select Selection Criterion ! Validation Error. 

 

"  The continuing demonstration assumes validation error selection criteria. Validation error, also 
known as Error Function, equals negative log-likelihood for logistic regression models and 
error sum of squares (SSE) for linear regression models. (See SAS Enterprise Miner 13.2: 
Reference Help.) 

3. Run the Regression node and view the results. 

4. Select View ! Model ! Iteration Plot. 

 
The vertical blue line shows the model with the optimal validation error (Step 12). 
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"  The model with minimum Average Squared Error occurs at iteration 4. The vertical blue line 
shows the model with minimum Validation Error or Error Function. To see this, use the  
drop-down menu to display the iteration plot on Error Function (shown below). Look  
at the iteration plot for Average Square Error for comparison to tree-based models. 

Use the drop-down menu to change the focus of the iteration plot to Error Function. 

 
Now it is seen that the selected model at iteration 12 is due to having minimum Error Function. As 
noted earlier, Error Function is a statistic that is calculated using the likelihood and thus does not exist 
for tree-based models. 

5. Go to line 2690 and page down one page. 
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Although not all the p-values are less than 0.05, the model seems to have a better validation average 
squared error (and misclassification) than the model that is selected using the default Significance 
Level settings. 

In summation, there is nothing sacred about 0.05. It is not unreasonable to override the defaults of the 
Regression node to enable selection from a richer collection of potential models. On the other hand, 
most of the reduction in the fit statistics occurs during inclusion of the first three inputs. If you seek a 
parsimonious model, it is reasonable to use a smaller value for the Stay Significance parameter. 
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4.4 Interpreting a Regression Model 
The following steps demonstrate how to interpret a model using odds ratios: 

1. Go to line 2712 of the regression model output. 

 
This output includes most of the situations that you might encounter when you build a regression 
model. 

For GiftAvg36, the odds ratio estimate equals 0.990. This means that for each additional dollar 
donated (on average) in the past 36 months, the odds of donation during the 97NK campaign change 
by a factor of 0.99, a 1% decrease. 

For GiftCnt36, the odds ratio estimate equals 1.059. This means that for each additional donation  
in the past 36 months, the odds of donation during the 97NK campaign change by a factor of 1.059,  
a 5.9% increase. 

For M_DemAge, the odds ratio (0 versus 1) estimate equals 1.155. This means that for cases with  
a 0 value for M_DemAge, the odds of donating are 1.155 times higher than the odds of donating  
for cases with a 1 value for M_DemAge. 

"  The unusual value of 1.000 for the DemMedHomeValue odds ratio has a simple explanation. 
Unit (that is, single dollar) changes in home value do not change the odds of response by an 
amount captured in three significant digits. To obtain a more meaningful value for this input’s 
effect on response odds, you can multiply the parameter estimate by 1000 and exponentiate 
the result. You then have the change in response odds based on 1000-dollar changes in 
median home value. Equivalently, you could use the Transform Variables node to replace 
DemMedHomeValue with DemMedHmVal1000=DemMedHomeValue/1000, and a unit 
increase on that new input would represent a $1000 increase in the DemMedHomeValue. 

2. Close the Results window. 

4.5 Transforming Inputs 
Regression models are sensitive to extreme or outlying values in the input space. Inputs 
with highly skewed or highly kurtotic distributions can be selected over inputs that yield 

better overall predictions.  
To avoid this problem, analysts often regularize the input distributions using a simple transformation.  
The benefit of this approach is improved model performance. The cost, of course, is increased difficulty 
in model interpretation. 
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The Transform Variables tool enables you to easily apply standard transformations (in addition to the 
specialized ones seen in Chapter 9) to a set of inputs. 

The Transform Variables Tool 
Use the following steps to transform inputs with the Transform Variables tool: 

1. Remove the connection between the Data Partition node and the Impute node. 

 
2. Click the Modify tab. 

3. Drag the Transform Variables tool into the diagram workspace. 

4. Connect the Data Partition node to the Transform Variables node. 

5. Connect the Transform Variables node to the Impute node. 

6. Adjust the diagram icons for aesthetics. (So that you can see the entire diagram, the zoom level is 
reduced.) 

 
The Transform Variables node is placed before the Impute node to keep the imputed values at the 
average (or center of mass) of the model inputs. 

7. Select Variables !  for the property of the Transform Variables node. 
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The Variables - Trans window appears. 
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8. Select all inputs with Gift in the name. 
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9. Select Explore. The Explore window appears. 

 
The GiftAvg and GiftCnt inputs show some degree of skew in their distributions. The GiftTime 
inputs do not. To regularize the skewed distributions, use the log transformation. For these inputs,  
the order of magnitude of the underlying measure predicts the target rather than the measure itself. 

10. Close the Explore window. 
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11. Deselect the two inputs with GiftTime in their names. 
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12. Select Method ! Log for one of the remaining selected inputs. The selected method changes from 
Default to Log for the GiftAvg and GiftCnt inputs. 

 
13. Select OK to close the Variables - Trans window. 

14. Run the Transform Variables node and view the results. 

15. Maximize the Output window and go to line 28. 
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Notice the Formula column. Although a log transformation was specified, the actual transformation 
that was used is log(input + 1). This default action of the Transform Variables tool avoids problems 
with 0-values of the underlying inputs. 

16. Close the Transform Variables - Results window. 

Regressions with Transformed Inputs 
The following steps revisit regression, and use the transformed inputs: 

1. Run the diagram from the Regression node and view the results. 

2. Go to line 3754 of the Output window and move down one page. 

 
The stepwise selection process took 21 steps, and the selected model came from Step 4. Notice that 
half of the selected inputs are log transformations of the original gift variables. 

3. Go to line 3805 to view more statistics from the selected model. 
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4. Select View ! Model ! Iteration Plot. 

 
The selected model (based on minimum error) occurs in Step 4. The value of average squared error 
for this model is slightly lower than that for the model with the untransformed inputs. 

5. Select Select Chart ! Misclassification Rate. 
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The misclassification rate with the transformed input model is nearly the same as that for the 
untransformed input model. The model with the lowest misclassification rate comes from Step 3.  
If you want to optimize on the misclassification rate, you must change this property in the Regression 
node’s Properties panel. 

6. Close the Results window. 

 

4.6 Recoding Categorical Inputs 
In Chapter 2, you used the Replacement tool to eliminate an inappropriate value in the 
median income input. This demonstration shows how to use the Replacement tool to 

facilitate combining input levels  
of a categorical input. 

1. Remove the connection between the Transform Variables node and the Impute node. 

2. Click the Modify tab. 

3. Drag a Replacement tool into the diagram workspace. 

4. Connect the Transform Variables node to the Replacement node. 

5. Connect the Replacement node to the Impute node. 

 
You need to change some of the node’s default settings so that the replacements are limited to a single 
categorical input. 

6. In the Interval Variables property group, select Default Limits Method ! None. 
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7. In the Class Variables property group, select Replacement Editor !  from the Replacement node 

Properties panel. 
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The Replacement Editor appears. 

 
The categorical input Replacement Editor lists all levels of each binary, ordinal, and nominal input. 
You can use the Replacement column to reassign values to any of the levels. 

The input with the largest number of levels is DemCluster, which has so many levels that 
consolidating the levels using the Replacement Editor would be an arduous task. (Another, 
autonomous method for consolidating the levels of DemCluster is presented as a special topic  
in Chapter 9.) 

For this demonstration, you combine the levels of another input, StatusCat96NK. 
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8. Scroll the Replacement Editor to view the levels of StatusCat96NK. 

 
The input has six levels, plus a level to represent unknown values (which do not occur in the training 
data). The levels of StatusCat96NK are consolidated as follows: 
• Levels A and S (active and star donors) indicate consistent donors and are grouped into a single 

level, A. 
• Levels F and N (first-time and new donors) indicate new donors and are grouped into a single 

level, N. 
• Levels E and L (inactive and lapsing donors) indicate lapsing donors and are grouped into a single 

level L. 

9. Enter A as the Replacement level for StatusCat96NK levels A and S. 

10. Enter N as the Replacement level for StatusCat96NK levels F and N. 

11. Enter L as the Replacement level for StatusCat96NK levels L and E. 

 
12. Select OK to close the Replacement Editor. 
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13. Run the Replacement node and view the results. (Partial results are shown.) 

 
The Total Replacement Counts window shows the number of replacements that occur in the training 
and validation data. 
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14. Select View ! Model ! Replaced Levels. The Replaced Levels window appears. 

 
The replaced level values are consistent with expectations. 

15. Close the Results window. 

16. Run the Regression node and view the results. 

17. Go to line 3659 of the Output window and page down. 

 
The REP_StatusCat96NK input (created from the original StatusCat96NK input) is included in 
Step 6 of the Stepwise Selection process. The three-level input is represented by two degrees of 
freedom. 

18. Close the Results window. 

 

 


