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Source:  Jim Grayson, Ph.D. and Mia Stephens
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• Multiple Regression
• Regression Trees
• Bootstrap Forest
• Boosted Tree
• Neural Network

• Decision Trees
• Logistic Regression
• Discriminant Analysis
• Bootstrap Forest
• Boosted Tree
• Neural Network



TREE METHODS LEARNING GOALS
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1. Be able to explain the usefulness of a decision tree
2. Be able to explain the logic of a decision tree
3. Be able to explain the differences between a classification tree and a regression tree
4. Be able to use JMP (analyze > modeling > partition) to construct a classification tree and use 

split history and pruning for selecting a best tree
5. Given a classification tree  

1. construct the If-Then prediction model
2. interpret the predictors and their influence using Column Contribution
3. explain the interpretation of G^2 and LogWorth

6. Be able to develop a predictive classification tree.
7. Be able to evaluate the predictive performance of a classification tree using the 

misclassification rate, Confusion Matrix and ROC curve
8. Be able to explain to a manager the insights from a classification tree
9. Be able to use Trees for problem insights and dimension reduction.



A CAT STORY
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WHAT IS IT?
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Decision trees are used for both exploratory data analysis and for 
predictive modeling. They are relatively easy to understand and 
explain, particularly to a non-technical audience. 

Here are some typical question addressed by decision trees:  

• Will a patient be readmitted to the hospital over the next 30 
days?

• Will a new movie be a blockbuster? How much will it earn?
• Will a given candidate win an election?
• What is the probability that a flight will be delayed?
• Which variables, out of a large set of potential predictors, are 

most important in predicting housing prices?
• What is the risk that an applicant will default on a loan?
Excerpt from Chapter 6:  Decision Trees from Building Better Models using JMP (Draft) by Grayson, Gardner and Stephens (SAS Press).
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The Wall Street Journal. | Saturday/Sunday, June 20-21, 2015 | C11
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A decision tree consists of a set of conditional rules, based on 
simple decision thresholds. The “tree” is essentially a series of 
nested if-then statements that lead to a classification or 
prediction. 

As an example, conditional rules that could be used in a credit 
risk assessment might look like this:

• If income is > 100,000 and credit rating is > 600 then credit risk is 
low, but if credit rating is < 600 then credit risk is high, and

• If income is <=100,000 and credit rating is < 700 then credit risk is 
high, but if credit rating is > 700 then credit risk is low.

Excerpt from Chapter 6:  Decision Trees from Building Better Models using JMP (Draft) by Grayson, Gardner and Stephens (SAS Press).
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Excerpt from Chapter 6:  Decision Trees from Building Better Models using JMP (Draft) by Grayson, Gardner and Stephens (SAS Press).



PREDICTING THE LOG SALARY OF 
A BASEBALL PLAYER

Decision Trees | Jim Grayson, PhD 

12

Less Than 4.5 
Years?

Hits Less Than 
117.5?

Y N

5.11

Y N

6.00 6.74

Chapter 8, Figure 8.1, An Introduction to Statistical Learning, James, et al
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Chapter 8, Figure 8.2, An Introduction to Statistical Learning, James, et al
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Chapter 8, Figure 8.7, An Introduction to Statistical Learning, James, et al



HOW IDENTIFIED?
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Objective Categorical Response Continuous Response

Exploratory Analysis
(understand data / structure)

Classification Trees Regression Trees

Descriptive Analytics
(identify important variables)

Classification Trees
Logistic Regression

Regression Trees
Multiple Linear Regression

Predictive Analytics
(predict the future)

Classification Trees
Logistic Regression
Neural Networks

Regression Trees
Multiple Linear Regression
Neural Networks

Prescriptive Analytics
(optimal settings)

Multiple Linear Regression
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Decision Tree (Classification Tree) is an approach for predicting a 
categorical response variable (Y) with continuous or categorical 
predictor variables (X).

Y X Objective Predictive 
Accuracy

Statistical
Significance

Measure

Model Fit
(Error)

Operational
Understanding

Categorical Continuous 
or 
Categorical

Classification Mis-
classification 
Rate

Entropy 
RSquare

RMSE, MAD, ROC 
Curve 

Column 
Contributions;
Confusion 
Matrix

All performance in Predictive Analytics is based on the validation set and not the training set



WHY CHOOSE TREES (PARTITION 
PLATFORM)?
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1. Categorical (Classification Tree) or Continuous 
(Regression Tree) Response Variable

2. Can be used for classification or prediction

3. Easy to understand and explain

4. Intuitive



HOW TO DO IT
(mechanics of JMP)
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RIDING MOWER EXAMPLE
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RIDING MOWERS
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A riding mower manufacturer would like to find a way of 
classifying families in a city into those likely to purchase a riding 
mower and those not likely to buy one.  A pilot random sample 
is undertaken of 12 owners and 12 non‐owners in the city. 
[source:  Data Mining for Business Intelligence, 2e by Shmueli, Patel and Bruce, Wiley Publishing]



SELECTING THE PARTITION 
PLATFORM
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Analyze > Modeling > Partition
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HOW DOES IT WORK?
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HOW DOES IT WORK? 

Decision Trees | Jim Grayson, PhD 

29

A top down, greedy algorithm known as a recursive binary split. 
Greedy because the algorithm seeks for the immediate “best” split, 
not the long term down the tree further best split.

Best split for continuous response -> the greatest reduction in RSS 
(residual sum of squares)

Best split for categorical response -> the smallest measure of node 
purity, meaning observations are predominantly from a single class



MODEL DIALOG AND STARTING SCREEN
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Data source:  “RidingMowers” from Data Mining for Business 
Intelligence, 2e, Shmueli, et al (Wiley)
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Gini index = most pure and is calculated 
as 2p1p2 so that as either of the class 
probabilities is closer to zero the index is 
minimized; it is maximized if p1 = p2 

Information Gain or gain(split) = 
info(prior to split) – info(after split)

Candidate G^2 = Likelihood ratio chi-
square for the best split. Shown if the 
response is categorical.

LogWorth = The LogWorth statistic, 
defined as -log10(p-value). The optimal 
split is the one that maximizes the 
LogWorth.

Want split with best information gain (higher candidate G^2)
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First Split

Second Split Candidates
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HOW TO INTERPRET THE RESULTS
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ROC CURVES

Decision Trees | Jim Grayson, PhD 

40



Decision Trees | Jim Grayson, PhD 

41SPLIT HISTORY



Decision Trees | Jim Grayson, PhD 

42

COLUMN CONTRIBUTION



HOW TO USE IT
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Red Triangle > Save Columns > 
Save Prediction Formula
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HOW TO UNDERSTAND MANAGEMENT 
IMPLICATIONS
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Relative Influence

Prediction and Classification
If-Then Statements

Tree Structure
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Misclassification Cell Analysis



PREDICTIVE MODELING EXAMPLE
Using a validation column
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References: Games, G., Witten, D., Hastie, T., and Tibshirani, R. (2013) An Introduction to Statistical Learning with applications in R, 
www.StatLearning.com, Springer-Verlag, New York
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Create a validation 
variable associate 
it with the 
validation role in 
the dialog box
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Because we have 
Validation, we 
either select “Go” 
for automatic 
selection or 
repeatedly select 
“Split” and then 
“prune” by 
examining split 
history
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The automatic 
“pruning” process
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“balance” is the most significant column contributor
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access the profiler and influential variables

First: Save Prediction 
Formula: Save Columns 
> Save Prediction 
Formula
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DECISION TREES: REGRESSION TREE
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