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Learn about JMP

Documentation and Additional Resources

Learn about JMP documentation, such as book conventions, descriptions of each JMP
document, the Help system, and where to find additional support.
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Predictive and Specialized Modeling Formatting Conventions in JMP Documentation

Formatting Conventions in JMP Documentation

These conventions help you relate written material to information that you see on your screen:

Sample data table names, column names, pathnames, filenames, file extensions, and
folders appear in Helvetica (or sans-serif online) font.

Code appears in Lucida Sans Typewriter (or monospace online) font.

Code output appears in Lucida Sans Typewriter italic (or monospace italic online) font
and is indented farther than the preceding code.

Helvetica bold formatting (or bold sans-serif online) indicates items that you select to
complete a task:

— buttons

— check boxes

— commands

— list names that are selectable

- menus

— options

— tab names

— text boxes

The following items appear in italics:
— words or phrases that are important or have definitions specific to JMP
— book titles

— variables

Features that are for JMP Pro only are noted with the JMP Pro icon i’NII!PO . For an overview
of JMP Pro features, visit https://www.jmp.com/software/pro.

Note: Special information and limitations appear within a Note.

Tip: Helpful information appears within a Tip.


https://www.jmp.com/software/pro
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JMP Help

JMP Help in the Help menu enables you to search for information about JMP features,
statistical methods, and the JMP Scripting Language (or JSL). You can open JMP Help in
several ways:

e Search and view JMP Help on Windows by selecting Help > JMP Help.
* On Windows, press the F1 key to open the Help system in the default browser.

* Get help on a specific part of a data table or report window. Select the Help tool % from
the Tools menu and then click anywhere in a data table or report window to see the Help
for that area.

¢ Within a JMP window, click the Help button.

Note: The J]MP Help is available for users with Internet connections. Users without an Internet
connection can search all books in a PDF file by selecting Help > JMP Documentation Library.
See “JMP Documentation Library” for more information.

JMP Documentation Library

The Help system content is also available in one PDF file called JMP Documentation Library.
Select Help > JMP Documentation Library to open the file. You can also download the
Documentation PDF Files add-in if you prefer searching individual PDF files of each
document in the JMP library. Download the available add-ins from
https://community.jmp.com.

The following table describes the purpose and content of each document in the JMP library.

Document Title Document Purpose Document Content

Discovering JMP If you are not familiar ~ Introduces you to JMP and gets you
with JMP, start here. started creating and analyzing data. Also

learn how to share your results.

Using IMP Learn about JMP data  Covers general JMP concepts and
tables and how to features that span across all of JMP,
perform basic including importing data, modifying
operations. columns properties, sorting data, and

connecting to SAS.


https://jmp.com/doc-addin
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Predictive and Specialized Modeling JMP Documentation Library
Document Title Document Purpose Document Content
Basic Analysis Perform basic analysis ~ Describes these Analyze menu platforms:

using this document. e Distribution

e FitYbyX

¢ Tabulate

* Text Explorer

Covers how to perform bivariate,
one-way ANOVA, and contingency
analyses through Analyze > Fit Y by X.
How to approximate sampling
distributions using bootstrapping and
how to perform parametric resampling

with the Simulate platform are also
included.

Essential Graphing Find the ideal graph Describes these Graph menu platforms:
for your data. e Graph Builder
¢ Scatterplot 3D
¢ Contour Plot
¢ Bubble Plot
¢ Parallel Plot
¢ Cell Plot
® Scatterplot Matrix
¢ Ternary Plot
¢ Treemap
¢ Chart
e Overlay Plot

The book also covers how to create
background and custom maps.

Profilers Learn how to use Covers all profilers listed in the Graph
interactive profiling menu. Analyzing noise factors is
tools, which enableyou included along with running simulations
to view cross-sections using random inputs.
of any response
surface.
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JMP Documentation Library Predictive and Specialized Modeling
Document Title Document Purpose Document Content
Design of Learn how to design Covers all topics in the DOE menu.
Experiments Guide experiments and

determine appropriate
sample sizes.

Fitting Linear Models Learn about Fit Model =~ Describes these personalities, all
platform and many of  available within the Analyze menu Fit
its personalities. Model platform:

e Standard Least Squares
* Stepwise

* Generalized Regression
* Mixed Model

¢ MANOVA

¢ Loglinear Variance

¢ Nominal Logistic

* Ordinal Logistic

e Generalized Linear Model
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Document Title

Predictive and

Document Purpose

Learn about additional
Specialized Modeling ~ modeling techniques.

Learn about JMP
JMP Documentation Library

Document Content

Describes these Analyze > Predictive
Modeling menu platforms:

Neural

Partition

Bootstrap Forest

Boosted Tree

K Nearest Neighbors
Naive Bayes

Support Vector Machines
Model Comparison
Model Screening

Make Validation Column

Formula Depot

Describes these Analyze > Specialized
Modeling menu platforms:

Fit Curve

Nonlinear

Functional Data Explorer
Gaussian Process

Time Series

Matched Pairs

Describes these Analyze > Screening
menu platforms:

Modeling Utilities
Response Screening
Process Screening
Predictor Screening
Association Analysis

Process History Explorer

23
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Document Title Document Purpose

Multivariate Read about techniques

Methods for analyzing several
variables
simultaneously.

Quality and Process ~ Read about tools for
Methods evaluating and
improving processes.

Chapter 1
Predictive and Specialized Modeling

Document Content

Describes these Analyze > Multivariate
Methods menu platforms:

Multivariate

Principal Components
Discriminant

Partial Least Squares

Multiple Correspondence Analysis
Structural Equation Models

Factor Analysis

Multidimensional Scaling

Item Analysis

Describes these Analyze > Clustering
menu platforms:

Hierarchical Cluster
K Means Cluster
Normal Mixtures
Latent Class Analysis

Cluster Variables

Describes these Analyze > Quality and
Process menu platforms:

Control Chart Builder and individual
control charts

Measurement Systems Analysis
Variability / Attribute Gauge Charts
Process Capability

Model Driven Multivariate Control
Chart

Legacy Control Charts
Pareto Plot

Diagram

Manage Spec Limits
OC Curves
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Document Title

Reliability and
Survival Methods

Consumer Research

Scripting Guide

JSL Syntax Reference

Document Purpose

Learn to evaluate and
improve reliability in a
product or system and
analyze survival data
for people and
products.

Learn about methods
for studying consumer
preferences and using
that insight to create
better products and
services.

Learn about taking
advantage of the
powerful JMP
Scripting Language
(JSL).

Read about many JSL
functions on functions
and their arguments,
and messages that you
send to objects and
display boxes.

Learn about JMP 25
JMP Documentation Library

Document Content

Describes these Analyze > Reliability and
Survival menu platforms:

Life Distribution
e FitLifeby X
¢ Cumulative Damage
® Recurrence Analysis
* Degradation
® Destructive Degradation
* Reliability Forecast
* Reliability Growth
* Reliability Block Diagram
* Repairable Systems Simulation
* Survival
e Fit Parametric Survival

¢ Fit Proportional Hazards

Describes these Analyze > Consumer
Research menu platforms:

e Categorical

e Choice
e  MaxDiff
e Uplift

* Multiple Factor Analysis

Covers a variety of topics, such as writing
and debugging scripts, manipulating
data tables, constructing display boxes,
and creating JMP applications.

Includes syntax, examples, and notes for
JSL commands.
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Additional Resources for Learning JMP

In addition to reading JMP help, you can also learn about JMP using the following resources:

e “JMP Tutorials”

e “Sample Data Tables”

e “Learn about Statistical and JSL Terms”
e “Learn JMP Tips and Tricks”

e “JMP Tooltips”

e “JMP User Community”

* “Free Online Statistical Thinking Course”
e  “JMP New User Welcome Kit”

* “Statistics Knowledge Portal”

e “JMP Training”

e “JMP Books by Users”

e “The JMP Starter Window”

JMP Tutorials

You can access JMP tutorials by selecting Help > Tutorials. The first item on the Tutorials menu
is Tutorials Directory. This opens a new window with all the tutorials grouped by category.

If you are not familiar with JMP, start with the Beginners Tutorial. It steps you through the
JMP interface and explains the basics of using JMP.

The rest of the tutorials help you with specific aspects of JMP, such as designing an experiment
and comparing a sample mean to a constant.

Sample Data Tables

All of the examples in the JMP documentation suite use sample data. Select Help > Sample
Data Library to open the sample data directory.

To view an alphabetized list of sample data tables or view sample data within categories,
select Help > Sample Data.

Sample data tables are installed in the following directory:

On Windows: C:\Program Files\SAS\UMP\16\Samples\Data
On macQOS: \Library\Application Support\dJMP\16\Samples\Data
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In JMP Pro, sample data is installed in the JMPPRO (rather than JMP) directory.

To view examples using sample data, select Help > Sample Data and navigate to the Teaching
Resources section. To learn more about the teaching resources, visit https://jmp.com/tools.

Learn about Statistical and JSL Terms

For help with statistical terms, select Help > Statistics Index. For help with JSL scripting and
examples, select Help > Scripting Index.

Statistics Index Provides definitions of statistical terms.

Scripting Index Lets you search for information about JSL functions, objects, and display
boxes. You can also edit and run sample scripts from the Scripting Index and get help on
the commands.

Learn JMP Tips and Tricks

When you first start JMP, you see the Tip of the Day window. This window provides tips for
using JMP.

To turn off the Tip of the Day, clear the Show tips at startup check box. To view it again, select
Help > Tip of the Day. Or, you can turn it off using the Preferences window.

JMP Tooltips

JMP provides descriptive tooltips (or hover labels) when you hover over items, such as the
following:

® Menu or toolbar options

* Labels in graphs

* Text results in the report window (move your cursor in a circle to reveal)
¢ Files or windows in the Home Window

* Code in the Script Editor

Tip: On Windows, you can hide tooltips in the JMP Preferences. Select File > Preferences >
General and then deselect Show menu tips. This option is not available on macOS.


https://jmp.com/tools
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JMP User Community

The JMP User Community provides a range of options to help you learn more about J]MP and
connect with other JMP users. The learning library of one-page guides, tutorials, and demos is
a good place to start. And you can continue your education by registering for a variety of JMP
training courses.

Other resources include a discussion forum, sample data and script file exchange, webcasts,
and social networking groups.

To access JMP resources on the website, select Help > JMP User Community or visit
https://community.jmp.com.

Free Online Statistical Thinking Course

Learn practical statistical skills in this free online course on topics such as exploratory data
analysis, quality methods, and correlation and regression. The course consists of short videos,
demonstrations, exercises, and more. Visit https://www jmp.com/statisticalthinking.

JMP New User Welcome Kit

The JMP New User Welcome Kit is designed to help you quickly get comfortable with the
basics of JMP. You'll complete its thirty short demo videos and activities, build your
confidence in using the software, and connect with the largest online community of JMP users
in the world. Visit https://www.jmp.com/welcome.

Statistics Knowledge Portal

The Statistics Knowledge Portal combines concise statistical explanations with illuminating
examples and graphics to help visitors establish a firm foundation upon which to build
statistical skills. Visit https://www.jmp.com/skp.

JMP Training

SAS offers training on a variety of topics led by a seasoned team of JMP experts. Public
courses, live web courses, and on-site courses are available. You might also choose the online
e-learning subscription to learn at your convenience. Visit https://www.jmp.com/training.


https://community.jmp.com
https://www.jmp.com/statisticalthinking
https://www.jmp.com/welcome
https://www.jmp.com/skp
https://www.jmp.com/training
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JMP Books by Users

Additional books about using JMP that are written by JMP users are available on the JMP
website. Visit https://www.jmp.com/books.

The JMP Starter Window

The JMP Starter window is a good place to begin if you are not familiar with JMP or data
analysis. Options are categorized and described, and you launch them by clicking a button.
The JMP Starter window covers many of the options found in the Analyze, Graph, Tables, and
File menus. The window also lists JMP Pro features and platforms.

* To open the JMP Starter window, select View (Window on macOS) > JMP Starter.

e To display the JMP Starter automatically when you open JMP on Windows, select File >
Preferences > General, and then select JMP Starter from the Initial JMP Window list. On
macQOS, select JMP > Preferences > Initial JMP Starter Window.

JMP Technical Support

JMP technical support is provided by statisticians and engineers educated in SAS and JMP,
many of whom have graduate degrees in statistics or other technical disciplines.

Many technical support options are provided at https://www.jmp.com/support, including the
technical support phone number.


https://www.jmp.com/books
https://www.jmp.com/support
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Predictive and Specialized Modeling

Introduction to Predictive and Specialized Modeling

Overview of Modeling Techniques

Predictive and Specialized Modeling provides details about more technical modeling techniques,
such as Response Screening, Partitioning, and Neural Networks.

The Neural platform implements a fully connected multi-layer perceptron with one or two
layers. Use neural networks to predict one or more response variables using a flexible
function of the input variables. See “Neural Networks”.

The Partition platform recursively partitions data according to a relationship between the
X and Y values, creating a decision tree of partitions. See “Partition Models”.

JMP
PRO The Bootstrap Forest platform enables you to fit an ensemble model by averaging
many decision trees each of which is fit to a random subset of the training data. See
“Bootstrap Forest”.

f’“ﬂ’o The Boosted Tree platform produces an additive decision tree model that consists of
many smaller decision trees that are constructed in layers. The tree in each layer consists of
a small number of splits, typically five or fewer. Each layer is fit using the recursive fitting
methodology. See “Boosted Tree”.

‘II’NFI{PO The K Nearest Neighbors platform predicts a response value for a given observation
using the responses of the observations in that observation’s local neighborhood. It can be
used with a categorical response for classification and with a continuous response for
prediction. See “K Nearest Neighbors”.

JMP
PRO The Naive Bayes platform classifies observations into groups that are defined by the
levels of a categorical response variable. The variables (or factors) that are used for
classification are often called features in the data mining literature. See “Naive Bayes”.

JMP
PRO The Support Vector Machines platform classifies observations into groups that are
defined by levels of a categorical response variable. The model classifies data by
optimizing a hyperplane that separates the classes. See “Support Vector Machines”.

JMP

PRO The Model Screening platform enables you to quickly run multiple predictive models
and compare the results. Measures of fit are provided for each model along with overlaid
diagnostic plots. See “Model Screening”.

P
f’RO The Model Comparison platform enables you to compare the predictive ability of
different models. Measures of fit are provided for each model along with overlaid
diagnostic plots. See “Model Comparison”.

JMP
PRO The Make Validation Column platform lets you partition the data into two or three
sets, using one of five different methods to create these partitions. See “Make Validation
Column”.
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JMP

PRO The Formula Depot platform enables you to organize, compare, profile, and score
models for deployment. For model exploration work, you can use the Formula Depot to
store candidate models outside of your JMP data table. See “Formula Depot”.

The Fit Curve platform provides predefined models, such as polynomial, logistic,
Gompertz, exponential, peak, and pharmacokinetic models. Compare different groups or
subjects using a variety of analytical and graphical techniques. See “Fit Curve”.

The Nonlinear platform lets you fit custom nonlinear models, which include a model
formula and parameters to be estimated. See “Nonlinear Regression”.

The Gaussian Process platform models the relationship between a continuous response
and one or more continuous predictors. These models are common in areas like computer
simulation experiments, such as the output of finite element codes, and they often
perfectly interpolate the data. See “Gaussian Process”.

JMP
PRO The Functional Data Explorer platform enables you to convert functional data into a
form that can be analyzed in another JMP platform. See “Functional Data Explorer”.

The Time Series platform lets you explore, analyze, and forecast univariate time series. See
“Time Series Analysis”.

The Time Series Forecast platform lets you model and forecast multiple time series. The
best fitting model is automatically selected from a set of up to 30 exponential smoothing
models. See “Time Series Forecast”.

The Matched Pairs platform compares the means between two or more correlated
variables and assesses the differences. See “Matched Pairs Analysis”.

The Modeling Utilities assist in the data cleaning and pre-processing stages of data
analysis. Each utility has exploratory tools to give you a more thorough understanding of
your data. See “Modeling Utilities”.

The Response Screening platform automates the process of conducting tests across a large
number of responses. Your test results and summary statistics are presented in data tables,
rather than reports, to enable data exploration. See “Response Screening”.

The Process Screening platform enables you to explore a large number of processes across
time. The platform calculates control chart, process stability, and process capability
metrics, and detects large process shifts. See “Process Screening”.

The Predictor Screening platform enables you to screen a data set for significant
predictors. See “Predictor Screening”.

‘II’NFI{PO The Association Analysis platform enables you to identify items that have an affinity
for each other. It is frequently used to analyze transactional data (also called market
baskets) to identify items that often appear together in transactions. See “Association
Analysis”.

The Process History Explorer platform enables you to identify problem components in
complex process histories. See “Process History Explorer”.
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JVIP
PRO Most features in this platform are available only in JMP Pro and noted with this icon.

The Neural platform implements a fully connected multi-layer perceptron with one or two
layers. Use neural networks to predict one or more response variables using a flexible function
of the input variables. Neural networks can be very good predictors when it is not necessary
to describe the functional form of the response surface, or to describe the relationship between
the inputs and the response.

Figure 3.1 Example of a Neural Network

4 =/ Neural
Validation: Random Holdback
[> Model Launch

£~ Model NTanH(3)

4 Training 4 Validation
4 mvalue 4 mvalue
Measures Value Measures Value
RSquare 0.7736955 RSquare 0.7141834
RASE 4,609027 RASE 4.2406200
Mean Abs Dev  2.9801616 Mean Abs Dev  2.5179460
-Loglikelihood 993.12394 -Loglikelihood 483.93653
SSE 71589348 SSE 3039.1044
Sum Freq 337 Sum Freq 169

< Diagram
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Overview of the Neural Platform

Think of a neural network as a function of a set of derived inputs, called hidden nodes. The
hidden nodes are nonlinear functions of the original inputs. You can specify up to two layers
of hidden nodes, where each layer can contain as many hidden nodes as you want.

Figure 3.2 shows a two-layer neural network with three X variables and one Y variable. In this
example, the first layer has two nodes, and each node is a function of all three nodes in the
second layer. The second layer has three nodes, and all nodes are a function of the three X
variables. The predicted Y variable is a function of both nodes in the first layer.

Figure 3.2 Neural Network Diagram

The functions applied at the nodes of the hidden layers are called activation functions. The
activation function is a transformation of a linear combination of the X variables. For more
information about the activation functions, see “Hidden Layer Structure”. The function
applied at the response is a linear combination (for continuous responses), or a logistic
transformation (for nominal or ordinal responses).

The main advantage of a neural network model is that it can efficiently model different
response surfaces. Given enough hidden nodes and layers, any surface can be approximated
to any accuracy. The main disadvantage of a neural network model is that the results are not
easily interpretable. This is because there are intermediate layers rather than a direct path
from the X variables to the Y variables, as in the case of regular regression.

Launch the Neural Platform

To launch the Neural platform, select Analyze > Predictive Modeling > Neural.

Launching the Neural platform is a two-step process. First, enter your variables on the Neural
launch window. Second, specify your options in the Model Launch control panel.
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pio The Neural Launch Window

Use the Neural launch window to specify X and Y variables, a validation column, and to
enable Informative Missing value coding.

Figure 3.3 The Neural Launch Window

Predicts cne or more response variables using a flexible function of the input variables.

Select Columns Cast Selected Columns into Roles Action

= 14 Columns required

dll indus

 ches required
nox

dll rooms T

A 55

dl distance

all tax optional numeric

d pt

pl _—

all Istat

all mvalue

[] Informative Missing

Set Random Seed l:l

For more information about the options in the Select Columns red triangle menu, see Using
JMP.

Y, Response The response variable or variables that you want to analyze. When multiple
responses are specified, the models for the responses share all parameters in the hidden
layers (those parameters not connected to the responses). The responses are conditionally
independent given the predictor variables, but are marginally correlated through those
variables to create one overall neural model.

X, Factor The predictor variables.

Freq A column whose numeric values assign a frequency to each row in the analysis.

‘I]’NHO Validation A numeric column that defines the validation sets. See “Validation Methods

for Neural”. If you click the Validation button with no columns selected in the Select
Columns list, you can add a validation column to your data table. For more information
about the Make Validation Column utility, see “Make Validation Column”.

By A column or columns whose levels define separate analyses. For each level of the
specified column, the corresponding rows are analyzed using the other variables that you
have specified. The results are presented in separate reports. If more than one By variable
is assigned, a separate report is produced for each possible combination of the levels of the
By variables.
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‘#‘"{0 Informative Missing Check this box to enable informative coding of missing values.
This coding allows estimation of a predictive model despite the presence of missing
values. It is useful in situations where missing data are informative. If this option is not

checked, rows with missing values are ignored.

For a continuous variable, missing values are replaced by the mean of the variable. Also, a
missing value indicator, named <colname> Is Missing, is created and included in the
model. If a variable is transformed using the Transform Covariates fitting option on the
Model Launch control panel, missing values are replaced by the mean of the transformed
variable.

For a categorical variable, missing values are treated as a separate level of that variable.

Set Random Seed Sets the seed for the starting values used in the fitting procedure. Set
Random Seed is useful if you want to reproduce an analysis. If you set a random seed and
save the script, the seed is automatically saved in the script.

The Model Launch Control Panel

Use the Model Launch control panel to specify the validation method, the structure of the
hidden layer, whether to use gradient boosting, and other fitting options.

Figure 3.4 The Model Launch Control Panel

JMP Pro JMP
4 [*|Neural 4 =|Neural
4 Model Launch 4 Model Launch
Walidation Method Walidation Method
[Holdback v| To make repreducible: [Holdback v| To make reproducible:
Holdback Proportion | 0.3333|  RandomSeed[ 0] Holdback Proportion|  0.3333|  RandomSeed[ 0]
Hidden Layer Structure Hidden Nodes

MNumber of nodes of each activation type Bm |

Activaticn Sigmoid Identity Radial

Layer TanH  Linear Gaussian
First 3 0 0
Second 0 0 0

Second layer is closer to X's in two layer models.

Boosting

Fit an additive sequence of models scaled by the leaming rate.
MNumber of Models 0

Learning Rate 01

Fitting Options
Transform Covariates
Robust Fit

MNumber of Tours

o)
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Validation Method Select the method that you want to use for model validation. See
“Validation Methods for Neural”.

Random Seed Specify a nonzero numeric random seed if you want to reproduce the
validation assignment for future launches of the Neural platform. By default, the
Random Seed is set to zero, which does not produce reproducible results. When you
save the analysis to a script, the random seed that you enter is saved to the script.

Hidden Layer Structure or Hidden Nodes Specify the number of hidden nodes of each type
in each layer. See “Hidden Layer Structure”.

Note: The standard edition of JMP uses only the TanH activation function, and can fit only
neural networks with one hidden layer.

-I',"ﬂ’o Boosting Specify options for gradient boosting. See “Boosting”.

-I','Vlg’ Fitting Options Specify options for variable transformation and model fitting. See
“Fitting Options”.

Go Fits the neural network model and shows the model reports.

After you click Go to fit a model, you can reopen the Model Launch Control Panel and change
the settings to fit another model.

Validation Methods for Neural

Neural utilizes a validation method in its fitting routine. Choices of validation method include
holdback, K-fold, or (in JMP Pro) the use of a validation column. To fit a model, the Neural
platform does the following:

* applies a penalty on the model parameters

¢ uses the validation set to tune the penalties on the parameters.

Select one of the following validation methods:

Excluded Rows Holdback Uses row states to subset the data. Rows that are unexcluded are
used as the training set, and excluded rows are used as the validation set.

For more information about using row states and how to exclude rows, see Using [MP.

Holdback Randomly divides the original data into the training and validation sets. You
specify the proportion of the original data to use as the validation set (holdback). The
random selection is based on stratified sampling across the model factors to attempt to
create training and validation sets that are more balanced than ones based on simple
random sampling.
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KFold Divides the data into K subsets, or folds. In turn, each of the K folds is used to validate
the model fit on the rest of the data, fitting a total of K models. The final model is for the
fold that resulted in the model with the best validation statistic.

This method is useful for small data sets, because it makes efficient use of limited amounts
of data.

f,"’"’ Validation Column Uses a numeric column that defines the validation sets. The column’s
values determine how the data is split:

— If the validation column has two levels, the smaller value defines the training set and
the larger value defines the validation set.

— If the validation column has three levels, the values, in order of increasing size, define
the training, validation, and test sets.

— If the validation column has more than three unique values, then K-Fold validation is
performed. The number of folds is determined by the number of values in the
validation column.

The Neural platform uses the validation column to train and tune the model or to train,
tune, and evaluate the model. For more information about validation, see “Validation in
JMP Modeling”.

Hidden Layer Structure

Note: The standard edition of JMP uses only the TanH activation function, and can fit only
neural networks with one hidden layer.

The Neural platform can fit one or two-layer neural networks. Increasing the number of nodes
in the first layer, or adding a second layer, makes the neural network more flexible. You can
add an unlimited number of nodes to either layer. The second layer nodes are functions of the
X variables. The first layer nodes are functions of the second layer nodes. The Y variables are
functions of the first layer nodes.

Caution: You cannot use boosting with a two-layer neural network. If you specify any
non-zero values in the second layer and also specify boosting, the second layer is ignored.

The functions applied at the nodes of the hidden layers are called activation functions. An
activation function is a transformation of a linear combination of the X variables. The
following activation functions are available:

TanH The hyperbolic tangent function is a sigmoid function. TanH transforms values to be
between -1 and 1, and is the centered and scaled version of the logistic function. The
hyperbolic tangent function is:
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e2X 1
e2X+1
where x is a linear combination of the X variables.
Linear The identity function. The linear combination of the X variables is not transformed.
The Linear activation function is most often used in conjunction with one of the non-linear
activation functions. In this case, the Linear activation function is placed in the second
layer, and the non-linear activation functions are placed in the first layer. This is useful if
you want to first reduce the dimensionality of the X variables, and then have a nonlinear
model for the Y variables.
For a continuous Y variable, if only Linear activation functions are used, the model for the
Y variable reduces to a linear combination of the X variables. For a nominal or ordinal Y
variable, the model reduces to a logistic regression.
Gaussian The Gaussian function. Use this option for radial basis function behavior, or when
the response surface is Gaussian (normal) in shape. The Gaussian function is:
e
where x is a linear combination of the X variables.
Boosting

‘II’NII{PO Boosting is the process of building a large additive neural network model by fitting a
sequence of smaller models. Each of the smaller models is fit on the scaled residuals of the
previous model. The models are combined to form the larger final model. The process uses
validation to assess how many component models to fit, not exceeding the specified number

of models.

Boosting is often faster than fitting a single large model. However, the base model should be a
1 to 2 node single-layer model. The benefit of faster fitting can be lost if a large number of
models is specified.

Use the Boosting panel in the Model Launch control panel to specify the number of
component models and the learning rate. Use the Hidden Layer Structure panel in the Model
Launch control panel to specify the structure of the base model.

The learning rate must be 0 < r < 1. Learning rates close to 1 result in faster convergence on a
final model, but also have a higher tendency to overfit data. Use learning rates close to 1 when
a small Number of Models is specified.
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As an example of how boosting works, suppose you specify a base model consisting of one
layer and two nodes, with the number of models equal to eight. The first step is to fit a
one-layer, two-node model. The predicted values from that model are scaled by the learning
rate, then subtracted from the actual values to form a scaled residual. The next step is to fit a
different one-layer, two-node model, where the response values are the scaled residuals of the
previous model. This process continues until eight models are fit, or until the addition of
another model fails to improve the validation statistic. The component models are combined
to form the final, large model. In this example, if six models are fit before stopping, the final
model consists of one layer and 2 x 6 =12 nodes.

Caution: You cannot use boosting with a two-layer neural network. If you specify any
non-zero values in the second layer and also specify boosting, the second layer is ignored.

Fitting Options

‘I]’NII{O The following model fitting options are available:

Transform Covariates Transforms all continuous variables to near normality using either the
Johnson Su or Johnson Sb distribution. Transforming the continuous variables helps
mitigate the negative effects of outliers or heavily skewed distributions. See the Save
Transformed Covariates option in “Neural Model Options”.

Robust Fit Trains the model using least absolute deviations instead of least squares. This
option is useful if you want to minimize the impact of response outliers. This option is
available only for continuous responses.

Penalty Method Choose the penalty method. To mitigate the tendency neural networks have

to overfit data, the fitting process incorporates a penalty on the likelihood. See “Penalty
Method”.

Number of Tours Specify the number of times to restart the fitting process, with each
iteration using different random starting points for the parameter estimates. The iteration
with the best validation statistic is chosen as the final model.
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The penalty is Ap(p;), where A is the penalty parameter, and p( ) is a function of the parameter
estimates, called the penalty function. Validation is used to find the optimal value of the

penalty parameter.

Table 3.1 Descriptions of Penalty Methods

Method Penalty Function

Squared

>

Absolute
2By
Weight Decay
2
Pi
1+ g2
P
NoPenalty none

Description

Use this method if you think that most of your X
variables are contributing to the predictive ability of
the model.

Use either of these methods if you have a large
number of X variables, and you think that a few of
them contribute more than others to the predictive
ability of the model.

Does not use a penalty. You can use this option if
you have a large amount of data and you want the
fitting process to go quickly. However, this option
can lead to models with lower predictive
performance than models that use a penalty.
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Model Reports

A model report is created for every neural network model. Measures of fit appear for the
training and validation sets. In addition, confusion statistics appear when the response is

nominal or ordinal.

Figure 3.5 Example of a Neural Model Report

4 =/Model NTanH(3)

Training and Validation Measures of Fit

Measures of fit appear for the training and validation sets (Figure 3.5).

Generalized RSquare A measure that can be applied to general regression models. It is

Entropy RSquare

< Training
4 chas
Measures Value
Generalized RSquare  0.5326372
Entropy RSquare 0.4705979
RASE 0.2006679
Mean Abs Dev 0.0860496
Misclassification Rate 0.0534125
-Loglikelihood 44.43917
Sum Freq 337
Confusion Matrix
Predicted

Actual Count
chas 0 1
0 n 3
1 15 8

Confusion Rates

Predicted

Actual Rate
chas 0 1
0 0.990 0.010
1 0.652 0.348

4 Validation
4 chas
Measures Value
Generalized RSquare  0.1796731
Entropy RSquare 0.1450083
RASE 0.2498265
Mean Abs Dev 0.0920273
Misclassification Rate 0.0828402
-Loglikelihood 36.985080
Sum Freq 169
Confusion Matrix
Predicted

Actual Count
chas 0 1
0 155 2
1 12 0

Confusion Rates

Predicted

Actual Rate
chas 0 1
0 0.987 0.013
1 1.000 0.000

based on the likelihood function L and is scaled to have a maximum value of 1. The value
is 1 for a perfect model, and 0 for a model no better than a constant model. The
Generalized RSquare measure simplifies to the traditional RSquare for continuous normal
responses in the standard least squares setting. Generalized RSquare is also known as the

Nagelkerke or Craig and Uhler R?, which is a normalized version of Cox and Snell’s

pseudo R See Nagelkerke (1991).

See “Entropy RSquare”.

RSquare Gives the RSquare for the model.

(Appears only when the response is nominal or ordinal.) A measure of fit
that compares the log-likelihoods from the fitted model and the constant probability
model. Entropy RSquare ranges from 0 to 1, where values closer to 1 indicate a better fit.
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RASE Gives the root average squared error. When the response is nominal or ordinal, the
differences are between 1 and p (the fitted probability for the response level that actually
occurred).

Mean Abs Dev The average of the absolute values of the differences between the response
and the predicted response. When the response is nominal or ordinal, the differences are
between 1 and p (the fitted probability for the response level that actually occurred).

Misclassification Rate The rate for which the response category with the highest fitted
probability is not the observed category. Appears only when the response is nominal or
ordinal.

-LogLikelihood Gives the negative of the log-likelihood. See Fitting Linear Models.
SSE Gives the error sums of squares. Available only when the response is continuous.

Sum Freq Gives the number of observations that are used. If you specified a Freq variable in
the Neural launch window, Sum Freq gives the sum of the frequency column.

If there are multiple responses, fit statistics are given for each response, and an overall
Generalized RSquare and negative Log-Likelihood is given.

Confusion Statistics

For nominal or ordinal responses, a Confusion Matrix report and Confusion Rates report is
given (Figure 3.5). The Confusion Matrix report shows a two-way classification of the actual
response levels and the predicted response levels. For a categorical response, the predicted
level is the one with the highest predicted probability. The Confusion Rates report is equal to
the Confusion Matrix report, with the numbers divided by the row totals.

Neural Platform Options

The Neural red triangle menu contains the following options:

See Using [MP for more information about the following options:

Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.

Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.
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Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.

Neural Model Options

Each model report has a red triangle menu that contains options for producing additional
output or saving results. The model report red triangle menu contains the following options:

Diagram Shows a diagram representing the hidden layer structure.
Show Estimates Shows the parameter estimates in a report.

Profiler Launches the Prediction Profiler. For nominal or ordinal responses, each response
level is represented by a separate row in the Prediction Profiler. For more information
about the options in the red triangle menu, see Profilers.

Categorical Profiler Launches the Prediction Profiler. Similar to the Profiler option, except
that all categorical probabilities are combined into a single profiler row. Available only for
nominal or ordinal responses. For more information about the options in the red triangle
menu, see Profilers.

Contour Profiler Launches the Contour Profiler. This is available only when the model
contains more than one continuous factor. For more information about the options in the
red triangle menu, see Profilers.

Surface Profiler Launches the Surface Profiler. This is available only when the model
contains more than one continuous factor. For more information about the options in the
red triangle menu, see Profilers.

ROC Curve Creates an ROC curve. Available only for nominal or ordinal responses. For
more information about ROC Curves, see “ROC Curve”.

Lift Curve Creates a lift curve. Available only for nominal or ordinal responses. For more
information about Lift Curves, see “Lift Curve”.

Plot Actual by Predicted Plots the actual versus the predicted response. Available only for
continuous responses.

Plot Residual by Predicted Plots the residuals versus the predicted responses. Available
only for continuous responses.

Save Formulas Creates new columns in the data table containing formulas for the predicted
response and the hidden layer nodes.

Save Profile Formulas Creates new columns in the data table containing formulas for the
predicted response. Formulas for the hidden layer nodes are embedded in this formula.
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This option produces formulas that can be used by the Interactive HTML version of the
Profiler.

Save Fast Formulas Creates new columns in the data table containing formulas for the
predicted response. Formulas for the hidden layer nodes are embedded in this formula.
This option produces formulas that evaluate faster than the other options, but cannot be
used in the Interactive version of the Profiler.

‘II’NFI{PO Publish Prediction Formula Creates prediction formulas and saves them as formula
column scripts in the Formula Depot platform. If a Formula Depot report is not open, this
option creates a Formula Depot report. See “Formula Depot”.

Make SAS Data Step Creates SAS code that you can use to score a new data set.

Save Validation Creates a new column in the data table that identifies which rows were used
in the training and validation sets. This option is not available when a Validation column is
specified on the Neural launch window. See “The Neural Launch Window”.

-I','V'P Save Transformed Covariates Creates new columns in the data table showing the
transformed covariates. The columns contain formulas that show the transformations.
This option is available only when the Transform Covariates option is checked on the
Model Launch control panel. See “Fitting Options”.

Remove Fit Removes the entire model report.

Example of a Neural Network

This example uses the Boston Housing.jmp data table. Suppose you want to create a model to
predict the median home value as a function of several demographic characteristics. Follow
the steps below to build the neural network model:

1. Select Help > Sample Data Library and Boston Housing.jmp.

Launch the Neural platform by selecting Analyze > Predictive Modeling > Neural.
Assign mvalue to the Y, Response role.

Assign the other columns (crim through Istat) to the X, Factor role.

Click OK.

Enter 0.2 for the Holdback Proportion.

Enter 1234 for the Random Seed.

N o ok N

Note: In general, results vary due to the random nature of choosing a validation set. Entering
the seed above enable you to reproduce the results shown in this example.
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8. Enter 3 for the number of TanH nodes in the first layer.

9. Check the Transform Covariates option.

10. Click Go.

Figure 3.6 Neural Report

4 =/Model NTanH(3)

< Training

4 mvalue
Measures Value
RSquare 0.9074839
RASE 2.8561453

Mean Abs Dev  2.1278654
-Loglikelihood 997.23823
SSE 3295.6567
Sum Freq 404

4 Validation
4 mvalue
Measures Value
RSquare 0.912591
RASE 2.4304519

Mean Abs Dev  1.8284954
-Loglikelihood 235.31561
SSE 602.52384
Sum Freq 102
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Results are provided for both the training and validation sets. Use the results of the validation
set as a representation of the model’s predictive power on future observations.

The R-Square statistic for the Validation set is 0.913, signifying that the model is predicting
well on data not used to train the model. As an additional assessment of model fit, click the
red triangle next to Model NTanH(3) and select Plot Actual by Predicted.

Figure 3.7 Actual by Predicted Plot

£ Actual by Predicted Plot
Training Validation

50
40

30

mvalue
mvalue

0 10 20 30 40 50 0 10 20 30 40 50

mvalue Predicted mvalue Predicted

The points fall along the line, signifying that the predicted values are similar to the actual
values.

To get a general understanding of how the X variables are impacting the predicted values,
click the red triangle next to Model NTanH(3) and select Profiler.
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Figure 3.8 Profiler

4 = |Prediction Profiler
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Some of the variables have profiles with positive slopes, and some negative. For example, the
variable rooms has a positive slope. This indicates that the more rooms a home has, the higher
the predicted median value. The variable pt is the pupil teacher ratio by town. This variable
has a negative slope, indicating that the higher the pupil to teacher ratio, the lower the median
value.
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The Partition platform recursively partitions data according to a relationship between the
predictors and response values, creating a decision tree. The partition algorithm searches all
possible splits of predictors to best predict the response. These splits (or partitions) of the data
are done recursively to form a tree of decision rules. The splits continue until the desired fit is
reached. The partition algorithm chooses optimum splits from a large number of possible
splits, making it a powerful modeling, and data discovery tool.

Figure 4.1 Example of a Decision Tree

|
= |All Rows
|
Count G*2 LogWorth
300 427.81787 10.087875

* HDL<49 ~ HDL>=49
I | |
Count G*2 LogWorth Count G*2 LogWorth
152 193.95912 2.6731558 157 191.84163 2.7096215
| | [ |
> BP>=88 ~BP<88 ~BP-=88 ~BP< 88
I ] | I | |
Count G2 Count G*2 LogWorth Count G*2 LogWorth Count G"2
108 12361263 44 60906011 24101151 B8 11828397 3.2130148 69 63.761094
[ Candidates [» Candidates
T BMI<299 T BMI>=299 *ILTG<3.9703 *ILTG>=3.9703
I | | (e e
Count G2 Count Gh2 Count G2 Count G2
34 46.06962 10 6.5016393 6 0 82 106.54786
|* Candidates | Candidates |* Candidates | Candidates
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Overview of the Partition Platform

The Partition platform recursively partitions data according to a relationship between the
predictors and response values, creating a decision tree. Variations of partitioning go by many
names and brand names: decision trees, CART™ CHAID™, C4.5, C5, and others. The
technique is often considered as a data mining technique for the following reasons:

e it is useful for exploring relationships without having a good prior model
¢ it handles large problems easily

e the results are interpretable

A classic application of partitioning is to create a diagnostic heuristic for a disease. Given
symptoms and outcomes for a number of subjects, partitioning can be used to generate a
hierarchy of questions to help diagnose new patients.

Predictors can be either continuous or categorical (nominal or ordinal). If a predictor is
continuous, then the splits are created by a cutting value. The sample is divided into values
below and above this cutting value. If a predictor is categorical, then the sample is divided
into two groups of levels.

The response can also be either continuous or categorical (nominal or ordinal). If the response
is continuous, then the platform fits the means of the response values and the split is chosen to
minimize the sum of squared errors. If the response is categorical, then the fitted value is a
probability for the levels of the response and the split is chosen to minimize the residual
log-likelihood chi-square.

For more information about split criteria, see “Statistical Details for the Partition Platform”.

For more information about recursive partitioning, see Hawkins and Kass (1982) and Kass
(1980).

Example of the Partition Platform

In this example, you use the Partition platform to construct a decision tree that predicts the
one-year disease progression (low or high) of patients with diabetes.

1. Select Help > Sample Data Library and Diabetes.jmp.
2. Select Analyze > Predictive Modeling > Partition.

3. Select Y Binary and click Y, Response.

4. Select Age through Glucose and click X, Factor.

5. Enter 0.33 for the Validation Portion.
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Note: In JMP Pro, a validation column can be used for validation. Select Validation and
click Validation. Set the Validation Portion to 0.

6. Click OK.

7. On the platform report window, click Go to perform automatic splitting.

Note: Because you are using a random Validation Portion, your results differ from those in
Figure 4.2.

Figure 4.2 Partition Report for Diabetes

[ Split H Prune H Go |[COI0rP0ints| Number
RSquare N of Splits
Training 0.428 209 4
Validation 0154 143
|
~ All Rows
|
Count G*2 LogWorth
200 33682461 1833404

> LTG>=4.6052 *LTG<4.6052

Count G*2 LogWorth Count G*2 LogWorth
140 193.82300 8.0682805 150 £3.421961 3.4514003

[ | | !—‘—\

> BMI==327 > BMI<32.7 > BMI==273 > BMI<273
|| ——
Count G"2 Count G*2 LogWorth Count G"2 Count G"2
20 0 120 160.67707 5.1050931 30 30.024145 129 20.635492
[ Candidates [ Candidates [ Candidates

> LTG>=5.1299 *ILTG<«5.1299
1 1 |
Count G2 Count G2
38 47.397760 82 03.305403
[ Candidates [ Candidates

Automatic splitting resulted in four splits. The final RSquare for the Validation set is 0.154.
The decision tree shows the four splits and the counts of observations in each split.

8. Click the red triangle next to Partition for Y Binary and select Column Contributions.
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Figure 4.3 Column Contributions Report

£ Column Contributions
Number
of Splits G"2
09.5525528

450092475 T ]
0 ; :

Portion
| 0.6844
0.3156
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

Term
LTG
BMI
Age
Gender
BP

Total Cholestercl
LDL
HDL
TCH
Glucose
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The Column Contributions report shows that LTG and BMI are the only predictors in the
decision tree model. Each column is used in two splits. Your results can differ. When the
Validation Portion is used, the validation set is selected at random from the data table. If
you redo your analysis, a new random validation set is selected and your results can differ

from your first run.

9. Click the red triangle next to Partition for Y Binary and select Save Columns > Profiler.

Figure 4.4 Profiler for Partition Model

4 = |Prediction Profiler
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The profiler enables you to change the values of BMI and LTG to obtain the predicted Y
Binary outcome. No other factors had a split in the partition model. Their profiles are flat

lines.

10. Click the red triangle next to Partition for Y Binary and select Save Columns > Save

Prediction Formula.

In the Diabetes.jmp data table, columns called Prob(Y Binary==Low), Prob(Y Binary==High),
and Most Likely Y Binary are added. To see how these response probabilities are calculated,
in the Columns panel, next to each column, double-click the Formula icon =r .



54

Partition Models Chapter 4
Launch the Partition Platform Predictive and Specialized Modeling

Launch the Partition Platform

Launch the Partition platform by selecting Analyze > Predictive Modeling > Partition.

Figure 4.5 Partition Launch Window

Builds a decision tree to predict a response.

Select Columns Cast Selected Columns into Roles Action
= 14 Columns required
Ay optiona
aptional C 1
[ Y Binary
<l Y Crdinal
o hee, required
ender
4l BMI B -
4
dll Total Cholesterol
40 optional numeric
4 HDL optional numeric
4 TCH
i
dll Glucose optiona
A Validation
Options

Methed | pecision Tree v

Validation Porticn
Informative Missing
Ordinal Restricts Order

For more information about the options in the Select Columns red triangle menu, see Using
JMP.

Y, Response The response variable or variables that you want to analyze.

X, Factor The predictor variables.

Weight A column whose numeric values assign a weight to each row in the analysis.
Freq A column whose numeric values assign a frequency to each row in the analysis.

‘I]’“H’O Validation A numeric column that defines the validation sets. See “Validation in
Partition”. If you click the Validation button with no columns selected in the Select
Columns list, you can add a validation column to your data table. For more information

about the Make Validation Column utility, see “Make Validation Column”.

By A column or columns whose levels define separate analyses. For each level of the column,
the corresponding rows are analyzed using the other variables that you specify. The
results appear in separate reports. If more than one By variable is assigned, a separate
report is produced for each possible combination of the levels of the By variables.
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JMP

PRO Method Enables you to select the partition method (Bootstrap Forest, Boosted Tree, K
Nearest Neighbors, or Naive Bayes).

For more information about these methods, see “Bootstrap Forest”, “Boosted Tree”, “K
Nearest Neighbors”, and “Naive Bayes”.

Validation Portion The portion of the data to be used as the validation set. See “Validation in
Partition”.

Informative Missing If selected, enables missing value categorization for categorical

predictors and informative treatment of missing values for continuous predictors. See
“Informative Missing”.

Ordinal Restricts Order If selected, restricts consideration of splits to those that preserve the
ordering.

The Partition Report

The initial Partition report shows a partition plot, control buttons, a summary panel, and a
decision tree. The partition plot and decision tree are initialized without any splits. The
reports details are different for categorical and continuous responses.

e “Control Buttons”
e “Report for Categorical Responses”

e “Report for Continuous Responses”

Control Buttons

Use the control buttons to interact with the decision tree.

Split Creates a partition of the data using the optimal split. To specify multiple splits, hold
the Shift key as you click Split.

Prune Removes the worst split.

Go (Available when you are using validation.) Automatically adds splits to the decision tree
until the validation statistic is optimized. See “Validation in Partition”. Without validation,
you simply decide the number of splits to use in the partition model.

Color Points For categorical responses, colors observations according to response level.
These colors are added to the data table.
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Report for Categorical Responses

The sample data table Diabetes.jmp was used to create a report for the categorical response Y
Binary.

Figure 4.6 Partition Report for a Categorical Response
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Partition Plot

Each point in the Partition Plot represents an observation in the data table. If validation is
used, the plot is only for the training data. The initial partition plot does not show splits.

Notice the following:

The left vertical axis is the proportion of each response outcome.
The right vertical axis shows the order in which the response levels are plotted.

Horizontal lines divide each split by the response variable. The initial horizontal line
shows the overall proportion of the first plotted response in the data set.

Splits are shown below the X axis with a text description and a vertical line that splits the
observations in the plot. The vertical lines extend into the plot and indicate the boundaries
for each node. The most recent split appears directly below the horizontal axis and on top
of existing splits. The plot is updated with each split or prune of the decision tree.
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Summary Report

Figure 4.7 Summary Report for a Categorical Response

| Number
RSquare N of Splits
Training 0.428 209 4

Validation 0.154 1432

The Summary Report provides fit statistics for the training data and validation and test data
(if used). The fit statistics in the Summary Panel update as you add splits or prune the decision
tree.

RSquare The current value of R2.
N The number of observations.

Number of Splits The current number of splits in the decision tree.

Node Reports

Each node in the tree has a report and a red triangle menu with additional options. Terminal
nodes also have a Candidates report.

Figure 4.8 Terminal Node Report for a Categorical Response

~ All Rows
.

Count G2
442 518.87142

4 Candidates

Candidate

Term G2 LogWorth Cut Point
Age 10.5000264 1.71376465 51
Gender 1.8302510 0.75424581 2
BMI 92.8760803 31.25572705 273
BP 64.8300680 18.98680929 100
Total Cholesterol 20.3048623 4,01316712 194
LDL 12.5858490 0.82750128 1222
HDL 44,2535587 11.48909721 46
TCH 64.3516093 17.86426783 4
LTG 102.8078418 * 35.971309920 4.8203
Glucose 43.2683018 11.05800993 99

Count Number of training observations that are characterized by the node.

G2 A fit statistic used for categorical responses (instead of sum of squares that is used for
continuous responses). Lower values indicate a better fit. See “Statistical Details for the
Partition Platform”.

Candidates For each column, the Candidates report provides details about the optimal split
for that column. The optimal split over all terms is marked with an asterisk.

Term Shows the candidate columns.
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Candidate G*"2 Likelihood ratio chi-square for the best split. Splitting on the predictor
with the largest G2 maximizes the reduction in the model G"2.

LogWorth The LogWorth statistic, defined as -logyg(p-value). The optimal split is the one
that maximizes the LogWorth. See “Statistical Details for the Partition Platform”.

Cut Point The value of the predictor that determines the split. For a categorical term, the
levels in the left-most split are listed.

The optimal split is noted by an asterisk. However, there are cases where the Candidate G is
higher for one variable, but the Logworth is higher for a different variable. In this case > and <
are used to point in the best direction for each variable. The asterisk corresponds to the
condition where they agree. See “Statistical Details for the Partition Platform”.

Report for Continuous Responses

The sample data table Diabetes.jmp was used to create a report for the continuous response Y.

Figure 4.9 Partition Report for a Continuous Response
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Partition Plot

The partition plot is initialized without any splits. Each point represents an observation in the
data table. If validation is used, the plot is only for the training data.
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Notice the following:

e The vertical axis represents the response value of the observations.

* Horizontal lines show the mean response value for each node of the decision tree. The
initial horizontal line is at the overall mean of the response.

® Vertical axis divisions represent splits in the decision tree. A text description of the most
recent split appears below the horizontal axis. Observations are reorganized into their
respective nodes as splits are created or removed.

Tip: To see tooltips for narrow partitions, hover over the labels on the horizontal axis of the
partition plot.

Summary Report

Figure 410 Summary Report for a Continuous Response

Number
RSquare RASE N of Splits AlCc
Training 0420 54600663 200 4 325383

Validation 0.366 61.16064 143

The Summary Report provides fit statistics for the training data and validation and test data
(if used). The fit statistics in the Summary Panel update as you add splits or prune the decision
tree.

RSquare The current value of R2.

RASE The root average square error. See Fitting Linear Models.

N The number of observations.

Number of Splits The current number of splits in the decision tree.

AICc The corrected Akaike’s Information Criterion. See Fitting Linear Models.
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Node Reports

Each node in the tree has a report and a red triangle menu with additional options. Terminal
nodes also have a Candidates report.

Figure 4.11 Terminal Node Report for a Continuous Response

Number
RSquare RASE N of Splits AlCc
0.000 .44z 0
> All Rows
Count 442
Mean  152.13348
Std Dev  77.093005
4 Candidates
Term Candidate 55 LogWorth Cut Point
Age 101593.5830 3.61765555 51
Gender 4860.2308 0.40460420 1
EMI 7206182987 46.76510648 27.3
BP 4467086091 23.80250262 102
Total Cholesterol  157877.7151 6.30470855 194
LDL 1200145872 449760240 1266
HDL 3005146338 20.07867675 46
TCH 4702047338 2555525084 3.73
LTG 7641333264 * 50.04935713 4.6052
Glucose 3412443856 16.90517792 100

Count The number of observations (rows) in the branch.
Mean The average response for all observations in that branch.
Std Dev The standard deviation of the response for all observations in that branch.

Candidates For each column, the Candidates report provides details about the optimal split
for that column. The optimal split over all columns is marked with an asterisk.

Term Shows the candidate columns.
Candidate SS Sum of squares for the best split.

LogWorth The LogWorth statistic, defined as -logg(p-value). The optimal split is the one
that maximizes the LogWorth. See “Statistical Details for the Partition Platform”.

Cut Point The value of the predictor that determines the split. For a categorical term, the
levels in the left-most split are listed.

The optimum split is noted by an asterisk. However, there are cases where the Candidate SS is
higher for one variable, but the Logworth is higher for a different variable. In this case > and <
are used to point in the best direction for each variable. The asterisk corresponds to the
condition where they agree. See “Statistical Details for the Partition Platform”.
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Partition Platform Options

The Partition red triangle menu options give you the ability to customize reports according to
your needs. The available options are determined by the type of data that you use for your
analysis.

Display Options Contains options that show or hide report elements.

Show Points Shows the points. For categorical responses, this option shows the points or
colored panels.

Show Tree Shows the large tree of partitions.
Show Graph Shows the partition graph.

Show Split Bar (Available only for categorical responses.) Shows the colored bars that
indicate the split proportions in each leaf.

Show Split Stats Shows the split statistics. For more information about the categorical
split statistic G2, see “Statistical Details for the Partition Platform”.

Show Split Prob (Available only for categorical responses.) Shows the Rate and Prob
statistics in the node reports.

JMP automatically shows the Rate and Prob statistics when you select Show Split
Count. For more information about Rate and Prob, see “Statistical Details for the
Partition Platform”.

Show Split Count (Available only for categorical responses.) Shows frequency counts in
the node reports. When you select this option, JMP automatically selects Show Split
Prob. And when you deselect Show Split Prob, the counts do not appear.

Show Split Candidates Shows the Candidates report.

Sort Split Candidates Sorts the Candidates reports by the statistic or the log(worth),
whichever is appropriate.

Split Best Splits the tree at the optimal split point. This is equivalent to clicking the Split
button.

Prune Worst Removes the terminal split that has the least discrimination ability. This is
equivalent to clicking the Prune button.

Minimum Size Split Define the minimum size split allowed by entering a number or a
fractional portion of the total sample size. To specify a number, enter a value greater than
or equal to 1. To specify a fraction of the sample size, enter a value less than 1. The default
value is set to the maximum of 5, or the floor of the number of rows divided by 10,000.
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Lock Columns Interactively lock columns so that they are not considered for splitting. You
can turn the display off or back on without affecting the individual locks.

Plot Actual by Predicted (Available only for continuous responses.) Shows a plot of actual
values by predicted values. See “Actual by Predicted Plot”.

Small Tree View Shows a small version of the partition tree to the right of the partition plot.

Tree 3D Shows a 3-D plot of the tree structure. To access this option, press Shift and click the
red triangle menu.

Leaf Report Shows the mean and count or rates for the bottom-level leaves of the report.

Column Contributions Shows a report indicating each input column’s contribution to the fit.
The report also shows how many times it defined a split and the total G> or Sum of
Squares attributed to that column.

Split History Shows a plot of RSquare versus the number of splits. If you use excluded row
validation, holdback validation, or a validation column, separate curves are drawn for
training and validation RSquare values. The RSquare curve is blue for the training set and
red for the validation set. If you select K Fold Crossvalidation, the RSquare curve for all of
the data is blue, and the curve for the cross validation RSquare is green.

ROC Curve (Available only for categorical responses.) Receiver Operating Characteristic
(ROC) curves display the efficiency of a model’s fitted probabilities to sort the response
levels. See “ROC Curve”.

Lift Curve (Available only for categorical responses.) Lift curves display the predictive
ability of a partition model. See “Lift Curve”.

Show Fit Details (Appears only for categorical responses.) The Fit Details report shows
several measures of fit and provides a Confusion Matrix report. See “Show Fit Details”.

Save Columns Contains options for saving model and tree results, and creating SAS code.
Save Residuals Saves the residual values from the model to the data table.
Save Predicteds Saves the predicted values from the model to the data table.
Save Leaf Numbers Saves the leaf numbers of the tree to a column in the data table.

Save Leaf Labels Saves leaf labels of the tree to the data table. The labels document each
branch that the row would trace along the tree. Each branch is separated by “&”. An
example label might be: “size(Small,Medium)&size(Small)”. However, JMP does not
include redundant information in the form of category labels that are repeated. A
category label for a leaf might refer to an inclusive list of categories in a higher tree
node. A caret (‘") appears where the tree node with redundant labels occurs.
Therefore, “size(Small, Medium)&size(Small)” is presented as "&size(Small).
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Save Prediction Formula Saves prediction formulas to a column or multiple columns in
the data table. The formulas consist of nested conditional clauses that describe the tree
structure. If the response is continuous, one column that contains a Predicting property
is added. If the response is categorical, columns that contain a Response Probability
property are added for each level of the response. In addition, a Most Likely column
that contains the response level with the highest probability of occurrence for each
observation is added.

Save Tolerant Prediction Formula Saves a formula that predicts even when there are
missing values and when Informative Missing has not been checked. The prediction
formula tolerates missing values by randomly allocating response values for missing
predictors to a split. If the response is continuous, the column contains a Predicting
property. If the response is categorical, the column contains a Response Probability
property. If you have checked Informative Missing, you can save the Tolerant
Prediction Formula by holding the Shift key as you click the report’s red triangle.

Save Leaf Number Formula Saves a column containing a formula in the data table that
computes the leaf number.

Save Leaf Label Formula Saves a column containing a formula in the data table that
computes the leaf label.

Make SAS DATA Step Creates SAS code for scoring a new data set.

PRo Publish Prediction Formula  Creates a prediction formula and saves it as a formula

column script in the Formula Depot platform. If a Formula Depot report is not open,
this option creates a Formula Depot report. See “Formula Depot”.

‘II’NFI{O Publish Tolerant Prediction Formula Creates a tolerant prediction formula and

saves it as a formula column script in the Formula Depot platform. If a Formula Depot
report is not open, this option creates a Formula Depot report. See “Formula Depot”. If
you have checked Informative Missing, you can use this option by holding the Shift
key as you click the report’s red triangle.

Specify Profit Matrix (Available only for categorical responses.) Enables you to specify
profits or costs associated with correct or incorrect classification decisions. For a nominal

response, you can specify the profit matrix entries using a probability threshold. See
“Show Fit Details”.

Profiler Shows an interactive profiler report. Changes in the factor values are reflected in the
estimated classification probabilities. See Profilers.

Color Points (Available only for categorical responses.) Colors points based on their
response level. This is equivalent to clicking the Color Points button. See “Report for
Categorical Responses”.

See Using [MP for more information about the following options:
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Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.

Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.

Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.

Show Fit Details

Figure 4.12 Fit Details for Categorical Response (Y Binary from Diabetes.jmp)

4 Fit Details
Measure Training Validation Definition
Entropy RSquare 0.4276 0.1543 1-Loglike(model)/Loglike(0)
Generalized RSquare 0.5656 0.2464 (1-(L(0)/Limedel))*(2/n))/(1-LIO) 2/m))
Mean -Log p 0.3224 0.5312 3 -Legip[li/n
RASE 0.3201 0.4080 v (yljl-plln
Mean Abs Dev 0.2083 0.2017 3 [y[jl-el[jll/n
Misclassification Rate 0.1371 0.2238 3 (pljlzpMax)/n
N 200 143 n

< Confusion Matrix

Training Validation
Predicted Predicted
Actual Count Actual Count
YBinary Low High YBinary Low High
Low 212 12 Low 84 13
High 29 46 High 19 27
Predicted Predicted
Actual Rate Actual Rate
YBinary Low High YBinary Low High
Low 0.046 0.034 Low 0.866 0.134
High 0.387 0.613 High 0.413 0.587

Entropy RSquare A measure of fit that compares the log-likelihoods from the fitted model
and the constant probability model. Entropy RSquare ranges from 0 to 1, where values
closer to 1 indicate a better fit. See “Entropy RSquare”.

Generalized RSquare A measure that can be applied to general regression models. It is
based on the likelihood function L and is scaled to have a maximum value of 1. The
Generalized RSquare measure simplifies to the traditional RSquare for continuous normal
responses in the standard least squares setting. Generalized RSquare is also known as the
Nagelkerke or Craig and Uhler R?, which is a normalized version of Cox and Snell’s
pseudo R? See Nagelkerke (1991). Values closer to 1 indicate a better fit.
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Mean -Log p The average of -log(p), where p is the fitted probability associated with the
event that occurred. Smaller values indicate a better fit.

RASE The root average square error, where the differences are between the response and p
(the fitted probability for the event that actually occurred). Smaller values indicate a better
fit.

Mean Abs Dev The average of the absolute values of the differences between the response
and p (the fitted probability for the event that actually occurred). Smaller values indicate a
better fit.

Misclassification Rate The rate for which the response category with the highest fitted
probability is not the observed category. Smaller values indicate a better fit.

The Confusion Matrix report shows matrices for the training set and for the validation and
test sets (if defined). The Confusion Matrix Report contains confusion matrices and confusion
rates matrices. A confusion matrix is a two-way classification of actual and predicted
responses. A confusion rates matrix is equal to the confusion matrix, with the numbers
divided by the row totals.

If the response has a Profit Matrix column property, or if you specify costs using the Specify
Profit Matrix option, then a Decision Matrix report appears. See “Decision Matrix Report”.

Specify Profit Matrix

A profit matrix can be used with categorical responses. A profit matrix is used to assign costs
to undesirable outcomes and profits to desirable outcomes.



66

Partition Models Chapter 4
Partition Platform Options Predictive and Specialized Modeling

Figure 4.13 Specify Profit Matrix Window

Specify Profit Matrix

Each matrix entry is the profit if you predict the response in the column when the response in the row is the
actual response,

Enter values that reflect profits for correct decisions on the diagenal.
Enter values {usually negative) that reflect profits for incorrect decisions elsewhere,
Use the Undecided column to reflect profits for an alternative decision.

When you save prediction formulas, these values will be used to create best decisicn columns.
The best decision is the one with greatest expected profit.

Decision or Prediction
[High  [Low |[Undecided
High [ 1)[ 1] |
tw [ 1] 1] i

Actual

To create a profit matrix for a binary response, enter a Target and Probability Threshold.
If the predicted probability exceeds the threshold, the best decision will be the target.

Target: M =vrrr v|
Probability Threshold: E'

[T Sawe to colurnn as property.

Cancel |

You can assign profit and cost values to each combination of actual and predicted response
categories. To specify the costs of classifying into an alternative category, enter values in the
Undecided column. To save your assignments to the response column as a property, check
Save to column as property. Leaving this option unchecked applies the Profit Matrix only to
the current Partition report.

Probability Threshold Specification for Profit Matrix

When the response is binary, instead of entering weights into the profit matrix, you can
specify a probability threshold in the Profit Matrix window. For more information about how
values are calculated for the profit matrix, see Using JMP.

Target The level whose probability is modeled.

Probability Threshold A threshold for the probability of the target level. If the probability
that an observation falls into the target level exceeds the probability threshold, the
observation is classified into that level.

When you define costs using the Specify Profit Matrix option and then select Show Fit Details,
a Decision Matrix report appears. See “Decision Matrix Report”.

When you specify a profit matrix and save the model prediction formula, the formula
columns saved to the data table include the following;:

— Profit for <level>: For each level of the response, a column gives the expected profit for
classifying each observation into that level.
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— Most Profitable Prediction for <column name>: For each observation, gives the level of
the response with the highest expected profit.
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— Expected Profit for <column name>: For each observation, gives the expected profit for
the classification defined by the Most Profitable Prediction column.

— Actual Profit for <column name>: For each observation, gives the actual profit for
classifying that observation into the level specified by the Most Profitable Prediction

column.

Decision Matrix Report

Figure 4.14 Fit Details Report with Decision Matrix Report

4 Fit Details
Measure Training Validation Definition
Entropy RSquare 0.3788 0.0367 1-Loglike(model)/Loglike(0)
Generalized RSquare 0.5382 0.0647 (1-(LI0)/Limedel))*(2/n))/(1-LIO) 2/m))
Mean -Log p 0.4124 0.6402 ¥ -Legip[jli/n
RASE 0.3649 0.4684 V F(y[jl-p[)*/n
Mean Abs Dev 0.2854 0.3861 3 [y[jl-eljll/n
Misclassification Rate 0.1915 0.3810 3 (pljlzpMax)/n
N 94 42 n
4 Confusion Matrix
Training Validation
Predicted Predicted
Actual Count Actual Count
Severity High Low Severity High Low
High 46 12 High 15 11
Low 6 30 Low 5 N
4 Decision Matrix
Training Validation Specified Profit Matrix
Decision Decision Decision
Actual Count Actual Count Actual  High Low
Severity High Low Severity High Low High 1 -5
High 51 7 High 20 6 Low -3 1
Low 12 24 Low 6 10
Actual Decision Rate Actual Decision Rate
Severity High Low || Severity High Low
High 0.879 0.121 || High 0.769 0.231
Low 0.333 0.667 || Low 0.375 0.625
Misclassification Misclassification
Rate Rate
0.2021 0.2857

Note: This report is available only if the response has a Profit Matrix column property or if
you specify costs using the Specify Profit Matrix option. The report is part of the Fit Details

report.

When a profit matrix is defined, the partition algorithm uses the values in the matrix to
calculate the profit for each decision. When you select Show Fit Details, a Decision Matrix

report appears.
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In the Decision Matrix report, the decision counts reflect the most profitable prediction
decisions based on the weighting in the profit matrix. The report gives Decision Count and
Decision Rate matrices for the training set and for validation and test sets (if defined). For
reference, the profit matrix is also shown.

Note: If you change the weights in your Profit Matrix using the Specify Profit Matrix option,
the Decision Matrix report automatically updates to reflect your changes.

Decision Count Matrix Shows a two-way classification with actual responses in rows and
classification counts in columns.

Specified Profit Matrix Gives the weights that define the Profit Matrix.

Decision Rate Matrix Shows rate values corresponding to the proportion of a given row’s
observations that are classified into each category. If all observations are correctly
classified, the rates on the diagonal are all equal to one.

Tip: You can obtain a decision rate matrices for a response using the default profit matrix
with costs of 1 and -1. Select Specify Profit Matrix from the red triangle menu, make no
changes to the default values, and click OK.

The matrices are arranged in two rows:

e The Decision Count matrices are in the first row.
e The Specified Profit Matrix is to the right in the first row.

e The Decision Rate matrices are in the second row.

Informative Missing

The Informative Missing option enables informative treatment of missing values on the
predictors. The model that is fit is deterministic. The Informative Missing option is found on
the launch window and is selected by default. When the Informative Missing option is
selected, categorical and continuous predictors are handled differently:

* Rows containing missing values for a categorical predictor are entered into the analysis as
a separate level of the variable.

* Rows containing missing values for a continuous predictor are assigned to a split as
follows: The values of the continuous predictor are sorted. Missing rows are first
considered to be on the low end of the sorted values. All splits are constructed. The
missing rows are then considered to be on the high end of the sorted values. Again, all
splits are constructed. The optimal split is determined using the LogWorth criterion. For
further splits on the given predictor, the algorithm commits the missing rows to high or
low values, as determined by the first split induced by that predictor.
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If the Informative Missing option is not selected, the missing values are handled as follows:

*  When a predictor with missing values is used as a splitting variable, each row with a
missing value on that predictor is randomly assigned to one of the two sides of the split.

* The first time a predictor with missing values is used as a splitting variable an Imputes
column is added to the Summary Report showing the number of imputations. As
additional imputations are made, the Imputes column updates (Figure 4.15), where five
imputations were performed.

Note: The number of Imputes can be greater than the number of rows that contain missing
values. The imputation occurs at each split. A row with missing values can be randomly
assigned multiple times. Each time a row is randomly assigned it increments the
imputation count.

Figure 4.15 Impute Message in Summary Report

Number
RSquare RASE N of Splits AlCc
0445 6.8246278 501 1 33522

Actual by Predicted Plot

For continuous responses, the Actual by Predicted plot is the typical plot of the actual
response versus the predicted response. When you fit a Decision Tree, all observations in a leaf
have the same predicted value. If there are n leaves, then the Actual by Predicted plot shows at
most n distinct predicted values. The actual values form a scatter of points around each leaf
mean on n vertical lines.

The diagonal line is the Y = X line. For a perfect fit, all the points would be on this diagonal.
When validation is used, plots are shown for both the training and the validation sets
(Figure 4.16).

Figure 4.16 Actual by Predicted Plots for a Continuous Response
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Curve

The ROC Curve option is available only for categorical responses. Receiver Operating
Characteristic (ROC) curves display the efficiency of a model’s fitted probabilities in sorting
the response levels. An introduction to ROC curves is found in Basic Analysis.

The predicted response for each observation in a partition model is a value between 0 and 1.
To use the predicted response to classify observations as positive or negative, a cut point is
used. For example, if the cut point is 0.5, an observation with a predicted response at or above
0.5 would be classified as positive, and an observation below 0.5 as negative. There are trade
offs in classification as the cut point is varied.

To generate a ROC curve, each predicted response level is considered as a possible cut point
and the following values are computed for each possible cut point:

* The sensitivity is the proportion of true positives or the percent of positive observations
with a predicted response greater than the cut point.

* The specificity is the proportion of true negatives or the proportion of negative
observations with a predicted response less than the cut point.

The ROC curve plots sensitivity against 1 - specificity. A partition model with n splits has n+1
predicted values. The ROC curve for the partition model has n+1 line segments.

If your response has more than two levels, the Partition report contains a separate ROC curve
for each response level versus the other levels. Each curve is the representation of a level as the
positive response level. If there are only two levels, one curve is the reflection of the other.

Figure 4.17 ROC Curves for a Three Level Response

< Receiver Operating Characteristic

100 Y Ordinal Area

0.90 — Low 0.8103
— Medium 0.6545
0.80 — High 0.8340

0.70

0.60
0.50

Sensitivity
True Positive

0.40
0.30
0.20
0.10

0.00
0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00
1-Specificity
False Positive



Chapter 4 Partition Models 71
Predictive and Specialized Modeling Partition Platform Options

If the model perfectly rank-orders the response values, then the sorted data contains all of the
positive values first, followed by all of the other values. In this situation, the curve moves all
the way to the top before it moves at all to the right. If the model does not predict well, the
curve follows the diagonal line from the bottom left to top right of the plot.

In practice, the ROC curve lies above the diagonal. The area under the curve is the indicator of
the goodness of fit for the model. A value of 1 indicates a perfect fit and a value near 0.5
indicates that the model cannot discriminate among groups.

When your response has more than two levels, the ROC curve plot enables you to see which
response categories have the largest area under the curve.

Lift Curve

The Lift Curve option provides another plot to display the predictive ability of a partition
model. The lift curve plots the lift versus the portion of the observations. There is a point for
each unique predicted probability value. Each predicted probability of a response level
defines a portion of the observations that have a predicted probability greater than or equal to
the unique predicted probability value. For a particular level of the response, the lift value is
the ratio of the proportion of observed responses in that portion to the overall proportion of
observed responses.

Note: For smaller models, it is possible that a large portion of the points have the same
predicted probability value. If this probability is the highest predicted probability for the
response level, the lift curve does not start at Portion = 0. For example, this is shown in the
Low lift curve in Figure 4.18.

Figure 4.18 Lift Curve
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Figure 4.19 Lift Table for Lift Curve

N> N High Lift = portion high/

Prob High Prob High Portion in Portion Portion High  overall high of .27
0.97 20 0.06 20 1.00 372

0.77 44 0.14 30 0.89 330

0.33 68 0.22 47 0.69 257

031 168 0.54 78 0.46 173

0.04 309 1.00 a3 0.27 1.00

Figure 4.19 provides a table of values to demonstrate the calculation of Lift and Portion used
for the High lift curve shown in Figure 4.18. A partition model with five splits was built to
predict the response, Y Binary. Y Binary has two levels: Low and High. The lift curve is based
on 309 observations. There are 83 observed High responses for an overall rate of 0.27.

* Prob High: The five unique predicted probability values from the partition model for the
High response level.

* N> Prob High: The number of observations that have a predicted probability value equal to
or greater than the value in Prob High.

* Portion: N > Prob High divided by 309, the total number of observations.

¢ N High in Portion: The number of observations in each portion that have an observed High
response.

* Portion High: N High in Portion divided by N > Prob High.

¢ Lift: Portion High divided by 0.27, the overall rate of the observed High response.

Lift measures how many High responses fall in each portion as compared to the expected
number of High responses for that portion. For the first 6% of the data set the lift is 3.72. Using

the model to select the 6% of the observations with the highest predicted values results in 3.72
more High responses than if that 6% were selected at random.

Node Options

This section describes the options on the red triangle menu for each node.
Split Best Finds and executes the best split at or below this node.
Split Here Splits at the selected node on the best column to split by.

Split Specific Lets you specify where a split takes place. This is useful in showing what the
criterion is as a function of the cut point, as well as in determining custom cut points.
When specifying a splitting column, you can choose the following options for how the
split is performed:

Optimal Value Splits at the optimal value of the selected variable.

Specified Value Enables you to specify the level where the split takes place.
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Output Split Table Produces a data table showing all possible splits and their associated
split value.

Prune Below Eliminates the splits below the selected node.
Prune Worst Finds and removes the worst split below the selected node.

Select Rows Selects the data table rows corresponding to this leaf. You can extend the
selection by holding down the Shift key and choosing this command from another node.

Show Details Produces a data table that shows the split criterion for a selected variable. The
data table, composed of split intervals and their associated criterion values, has an
attached script that produces a graph for the criterion.

Lock Prevents a node or its subnodes from being chosen for a split. When checked, a lock
icon appears in the node title.

Validation in Partition

The use of validation with partition models is important given that partition models are easily
overfit. When this happens, the model predicts the data used to build the model very well, but
predicts future observations poorly. Validation is the process of using part of a data set to
estimate model parameters, and using the other part to assess the predictive ability of the
model. For more information about validation, see “Validation in JMP Modeling”.

In Partition, when a validation method is used, the Go button appears. The Go button
provides for repeated splitting without having to repeatedly click the Split button. When you
click the Go button, splitting occurs until the validation RSquare is better than what the next
10 splits would obtain. This rule can result in complex trees that are not very interpretable, but
have good predictive power.

Using the Go button turns on the Split History command. If using the Go button results in a
tree with more than 40 nodes, the Show Tree command is turned off.

Select one of the following validation methods:

Excluded Rows Uses row states to subset the data. Rows that are unexcluded are used as the
training set, and excluded rows are used as the validation set.

For more information about using row states and how to exclude rows, see Using JMP.

Holdback Randomly divides the original data into the training and validation data sets. The
Validation Portion on the platform launch window is used to specify the proportion of the
original data to use as the validation data set (holdback). See “Launch the Partition
Platform” for more information about the Validation Portion.
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‘IJ’I\F{PO Validation Column Uses a numeric column that defines the validation sets. This column
should contain at most three distinct values:

— If the validation column has two levels, the smaller value defines the training set and
the larger value defines the validation set.

— If the validation column has three levels, the values, in order of increasing size, define
the training, validation, and test sets.

— If the validation column has more than three levels, the rows that contain the smallest
three values define the validation sets. All other rows are excluded from the analysis.

If you click the Validation button with no columns selected in the Select Columns list, you
can add a validation column to your data table. For more information about the Make
Validation Column utility, see “Make Validation Column”.

Tip: To use K Fold or Nested K Fold crossvalidation, fit a partition model through the Model
Screening platform. See “Model Screening”.

Additional Examples of Partitioning

¢ “Example of a Continuous Response”
e “Example of Informative Missing”

e “Example of Profit Matrix and Decision Matrix Report”

Example of a Continuous Response

In this example, you use the Partition platform to construct a decision tree that predicts the
one-year disease progression measured on a quantitative scale for patients with diabetes.

Select Help > Sample Data Library and Diabetes.jmp.
Select Analyze > Predictive Modeling > Partition.
Select Y and click Y, Response.

Select Age through Glucose and click X, Factor.

S

Select a validation procedure based on your JMP installation:
— For JMP Pro, select Validation and click Validation.
— For JMP, enter 0.3 as the Validation Portion.

Note: Results using the validation proportion can differ from those shown here due to the
random selection of validation rows.
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Figure 4.20 Completed Launch Window with Validation Portion = 0.3

Builds a decision tree to predict a response.

Select Columns Cast Selected Columns into Roles Action
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6. Click OK.

7. On the platform report window, click Split once to perform a split.
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Figure 4.21 Report after First Split with Decision Tree Hidden
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LTG<4.6444 LTG>=4.6444
All Rows
Split || Prune || Go Number
RSquare RASE N of Splits AlCc
Training 0.289 64.936287 300 1 346215
Validation 0.286 65.018633 133
> All Rows
Count 309 LogWorth Difference
Mean  152.15838 23.842052 83.0524
Std Dev  77.152004
> ILTG<4.6444 ILTG>=4.6444
Count 165 Count 144
Mean  113.45435 Mean  106.50604
Std Dev 57.539112 Std Dev  72.90208
4 Candidates 4 Candidates
Term Candidate 55 LogWorth Cut Point Term Candidate 55 LogWorth Cut Point
Age 84715313 0.194473313 55 Age 18672.7382 0.34630856 40
Gender 11883.5806 1.199803004 2 Gender 0765.1800 0.71825513 2
EMI 1070364015 *  9.638041473 27.3 EMI 1844602628 *  11.16722518 31.6
BP 49452 8063 3.255385840 102 BP 110594.1012 531343981 112
Total Cholesterol  18405.3341 0.743625408 227 Total Cholesterol  14034.4383 0.20662942 171
LDL 46015.1196 2.038400787 1268 LDL 26277.3712 0.61835279 11238
HDL 43884.0040 2.740574144 55 HDL 20670.2079 0.75604004 46
TCH 308585790 1.786470402 4.08 TCH 16782.5089 0.29608360 4
LTG 50273.0167 3.331583548 4.20905 LTG 771581270 3.18049143 5.3423
Glucose 278905035 1420442935 24 Glucose 85802.2760 3.71377476 100

The original 309 values in the training data set are now split into two parts:

— The left leaf, corresponding to LTG < 4.6444, has 165 observations.

— The right leaf, corresponding to LTG >= 4.6444 has 144 observations.

For both the right and left leaf the next split would be on BMI. The Candidate SS for BMI
on the right leaf is higher than the Candidate SS for BMI on the left leaf. Thus, the next
split is on the right leaf.

Click Go to use automatic splitting.
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Figure 4.22 Report after Automatic Splitting with Validation

£ = |Partition for Y

BMI<2 BEMI>=244
4

BMI<27.3 MI>=27] BMI<31.6 BMI>=
3 316

LTG<4.6444 LTG=>=4.6444

All Rows
Split || Prune || Go Number

RSquare RASE N of Splits AlCc
Training 04091 54952824 300 4 336518

Validation 0.396 59.824841 133

< Split History
1.00

0.75

R-Square

0.50 o

0.25

Number of Splits

Validation Data in Red

The solution found has four splits. The Split History plot shows that there is no further
improvement in the validation data set after four splits. The RSquare value of 0.39 on the
validation data does not support this model as a strong predictor of disease progression. The
scatter across partitions in the partition plot further indicate that this model does not separate

the Y levels well.

Example of Informative Missing

In this example, you construct a decision tree model to predict if a customer is a credit risk.
Since your data set contains missing values, you also explore the effectiveness of the

Informative Missing option.
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Launch the Partition Platform

AN

Select Help > Sample Data Library and open Equity.jmp.
Select Analyze > Predictive Modeling > Partition.

Select BAD and click Y, Response.

Select LOAN through DEBTINC and click X, Factor.
Click OK.

Create the Decision Tree and ROC Curve with Informative Missing

1
2
3.
4

Press Shift and click Split.
Enter 5 for the number of splits and click OK.
Click the red triangle next to Partition for BAD and select ROC Curve.

Click the red triangle next to Partition for BAD and select Save Columns > Save
Prediction Formula.

The columns Prob(BAD==Good Risk) and Prob(BAD==Bad Risk) contain the formulas that
Informative Missing utility uses to classify the credit risk of future loan applicants. You are
interested in how this model performs in comparison to a model that does not use
informative missing.

Create the Decision Tree and ROC Curve without Informative Missing

1. Click the red triangle next to Partition for BAD and select Redo > Relaunch Analysis

2. De-select Informative Missing.

3. Click OK and repeat the steps in “Create the Decision Tree and ROC Curve with
Informative Missing”.
The columns Prob(BAD==Good Risk) 2 and Prob(BAD==Bad Risk) 2 contain the formulas
that do not use the informative missing utility.

Compare the ROC Curves

Visually compare the ROC curves from the two models. The model at left is with Informative
Missing, and the model at right is without Informative Missing.
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Figure 4.23 ROC Curves for Models with (Left) and without (Right) Informative Missing

4 Receiver Operating Characteristic 4 Receiver Operating Characteristic
X 1.00
T BAD Area BAD Area
0.90 — Good Risk 0.8695 0.90 — Good Risk 0.7283
— Bad Risk  0.8685 — BadRisk 07283
0.80 0.80
0.70 0.70
2300 »2 08
=k =%
S & 050 % & 050
5 e 5o
2 0.40 Y E 040
0.30 0.30
0.20 0.20
0.10 0.10
0.00 0.00
0.00 0.10 0.20 0.20 0.40 0.50 0.60 0.70 0.80 0.90 1.00 0.00 0.10 0.20 0.20 0.40 0.50 0.60 0.70 0.80 0.90 1.00

1-Specificity 1-Specificity
False Positive False Positive

The area under the curve (AUC) for the model with informative missing (0.8695) is higher
than the AUC for the model without informative missing (0.7283). Because there are only

two levels for the response, the ROC curves for each model are reflections of one another

and the AUCs are equal.

Note: Your AUC can differ from that shown for the model without informative missing.
When informative missing is not used, the assignment of missing rows to sides of a split is
random. Rerunning the analysis can result in slight differences in results.

Use the Model Comparison Platform

Next, compare the models using the Model Comparison platform to compare the two sets of
formulas that you created in step 4 and step 3.

1.
2.

Select Analyze > Predictive Modeling > Model Comparison.

Select Prob(BAD==Good Risk), Prob(BAD==Bad Risk), Prob(BAD==Good Risk) 2, and
Prob(BAD==Bad Risk) 2 and click Y, Predictors.

The first pair of formula columns contains the formulas from the model with informative
missing. The second pair of formula columns contains the formulas from the model
without informative missing.

Click OK.

Figure 4.24 Measures of Fit from Model Comparison

4 Measures of Fit for BAD
Entropy Generalized Mean Misclassification
Creator .2.4.6.8 RSquare RSquare Mean-Logp RMSE Abs Dev Rate N
Partition | | | | 03812 0.5015 03002 03012  0.1817 0.1158 5960
Partition [ § i i 0.1232 0.1834 0.4381 03687 0.2737 01765 5960
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The Measures of Fit report shows that the first model, which was fit with informative
missing, performs better than the second model, which was not fit with informative
missing. The first model has higher RSquare values as well as a lower RMSE value and a
lower Misclassification Rate. These findings align the ROC curves comparison.

Note: Again, your results can differ due to the random differences when Informative
Missing is not used.

Example of Profit Matrix and Decision Matrix Report

For this example, consider a study of patients who have liver cancer. Based on various
measurements and markers, you want to classify patients according to their disease severity
(high or low). There are two errors that one can make in classification of patients: classifying a
subject who has high severity into the low group, or classifying a patient with low severity
into the high group. Clinically, the misclassification of a high patient as low is a costly error, as
that patient might not receive the aggressive treatment needed. Classifying a patient with low
severity into the high severity group is a less costly error. That patient might receive the more
aggressive treatment than needed, but this is not a major concern.

In this example, you define a profit matrix in the context of a liver cancer study and obtain a
Decision Matrix report. The Decision Matrix report helps you assess your classification rates
relative to the costs in your profit matrix.

Select Help > Sample Data Library and open Liver Cancer.jmp.
Select Analyze > Predictive Modeling > Partition.

Select Severity and click Y, Response.

Select BMI through Jaundice and click X, Factor.

S

Select a validation procedure based on your JMP installation:
— For JMP Pro, select Validation and click Validation.
— For JMP, enter 0.3 as the Validation Proportion.

Note: Results using the validation proportion can differ from those shown here, due to the
random selection of validation rows.
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Figure 4.25 Completed Launch Window with Validation Portion = 0.3

Builds a decision tree to predict a response.

Select Columns Cast Selected Columns into Roles Action
™ 9 Columns h severity
dll Mode Count ontiona
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6. Click OK.
7. DPress Shift and click Split.
8. Enter 10 for the number of splits and click OK.
Check that the Number of Splits is 10 in the panel beneath the plot.
9. Click the red triangle next to Partition for Severity and select Specify Profit Matrix.
10. Change the entries to the following values:
— Enter 1 in the High, High box.
— Enter -5 in the High, Low box.
— Enter -3 in the Low, High box.

— Enter 1 in the Low, Low box.

Figure 4.26 Completed Profit Matrix

Decisionor Predidion

|High ||LD\‘." ||Undecided|
ign [ T][ 5] ]
e oy —

Actual

Tip: You can save this profit matrix as a column property for use in later analyses. Select
the check box “Save to column as property” at the bottom of the profit matrix window.
Note the following:

— Each value of 1 reflects your profit when you make a correct decision.

— The -3 value indicates that if you classify a Low severity patient as High severity, your
loss is 3 times as much as the profit of a correct decision.
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— The -5 value indicates that if you classify a High severity patient as Low severity, your
loss is 5 times as much as the profit of a correct decision.

11. Click OK.
12. Click the red triangle next to Partition for Severity and select Show Fit Details.

Figure 4.27 Confusion Matrix and Decision Matrix Reports

4 Fit Details
Measure Training Validation Definition
Entropy RSquare 0.3788 0.0367 1-Loglike(model)/Loglike(0)
Generalized RSquare 0.5382 0.0647 (1-(LI0)/Limedel))*(2/n))/(1-LIO) 2/m))
Mean -Log p 0.4124 0.6402 ¥ -Legip[jli/n
RASE 0.3649 0.4694 v 3(yljl-p[l)n
Mean Abs Dev 0.2854 0.3861 3 [y[jl-eljll/n
Misclassification Rate 0.1915 0.3810 3 (pljlzpMax)/n
N 94 42 n

< Confusion Matrix

Training Validation
Predicted Predicted
Actual Count Actual Count
Severity High Low Severity High Low
High 46 12 High 15 11
Low 6 30 Low 5 N

< Decision Matrix

Training Validation Specified Profit Matrix
Decision Decision Decision
Actual Count Actual Count Actual  High Low
Severity High Low Severity High Low High 1 -5
High 51 7 High 20 6 Low =5 1
Low 12 24 Low 6 10

Actual Decision Rate Actual Decision Rate
Severity High Low || Severity High Low

High 0.879 0.121 || High 0.769 0.231
Low 0.333 0.667 || Low 0.375 0.625
Misclassification Misclassification
Rate Rate
0.2021 0.2857

The Confusion Matrix and Decision Matrix reports follow the list of Measures in the Fit
Details report. Notice that the Confusion Matrix report and the confusion matrices in the
Decision Matrix report show different counts. This is because the weighting in the profit
matrix results in different decisions than do the predicted probabilities without weighting.

The Confusion Matrix for the validation set shows classifications based on predicted
probabilities alone. Based on these, 11 High severity patients would be classified as Low
severity and 5 Low severity patients would be classified as High severity.

The Decision Matrix report incorporates the profit matrix weights. Using those weights,
only 6 High severity patients are classified as Low severity. However, this comes at the
expense of misclassifying 6 Low severity patients into the High severity group (1
additional patient).
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13. Click the red triangle next to Partition for Severity and select Save Columns > Save
Prediction Formula.

Eight columns are added to the data table.

Tip: To quickly return to the data table, click the View Associated Data icon & in the
bottom right corner of the report window (Windows) or the Show Data Table icon on the
tool bar menu (macOS).

— The first three columns involve only the predicted probabilities. The confusion matrix
counts are based on the Most Likely Severity column, which classifies a patient into the
level with the highest predicted probability. These probabilities are given in the
Prob(Severity == High) and Prob(Severity == Low) columns.

— The last five columns involve the profit matrix weighting. The column called
Most Profitable Prediction for Severity contains the decision based on the profit matrix.
The decision for a patient is the level that results in the largest profit. The profits are
given in the Profit for High and Profit for Low columns.

Statistical Details for the Partition Platform

® “Responses and Factors”
e “Splitting Criterion”

e “Predicted Probabilities in Decision Tree and Bootstrap Forest”

Responses and Factors

The response can be either continuous or categorical (nominal or ordinal):

e [f the response is categorical, then it is fitting the probabilities estimated for the response
levels, minimizing the residual log-likelihood chi-square [2*entropy].

¢ If the response is continuous, then the platform fits means, minimizing the sum of squared
errors.

The factors can be either continuous or categorical (nominal or ordinal):

e If the factor is continuous, then the partition is done according to a splitting “cut” value for
the factor.

e If the factor is categorical, then it divides the X categories into two groups of levels and
considers all possible groupings into two levels.
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Splitting Criterion
Node splitting is based on the LogWorth statistic, which is reported in Candidate reports for
nodes. LogWorth is calculated as follows:
-logyg(p-value)

where the adjusted p-value is calculated in a complex manner that takes into account the
number of different ways splits can occur. This calculation is very fair compared to the
unadjusted p-value, which favors Xs with many levels, and the Bonferroni p-value, which
favors Xs with small numbers of levels. Details about the method are discussed in Sall (2002).

For continuous responses, the Sum of Squares (5S) is reported in node reports. This is the
change in the error sum-of-squares due to the split.

A candidate SS that has been chosen is:

SStest = SSparent = (SSright + SSieft) Where SS in a node is just s2(n - 1).

Also reported for continuous responses is the Difference statistic. This is the difference
between the predicted values for the two child nodes of a parent node.

For categorical responses, the G (likelihood ratio chi-square) appears in the report. This is
actually twice the [natural log] entropy or twice the change in the entropy. Entropy is X -log(p)
for each observation, where p is the probability attributed to the response that occurred.

A candidate G2 that has been chosen is:
2 _ 2 2 2
G est=G parent ~ (G et + G right)'

Partition actually has two rates; one used for training that is the usual ratio of count to total,
and another that is slightly biased away from zero. By never having attributed probabilities of
zero, this allows logs of probabilities to be calculated on validation or excluded sets of data,
used in Entropy R-Square.

Predicted Probabilities in Decision Tree and Bootstrap Forest

The predicted probabilities for the Decision Tree and Bootstrap Forest methods are calculated
as described below by the Prob statistic.

For categorical responses in Decision Tree, the Show Split Prob command shows the following
statistics:

Rate The proportion of observations at the node for each response level.

Prob The predicted probability for that node of the tree. The method for calculating Prob for
the it response level at a given node is defined as follows:
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n. + prior,
Prob, = - -
Z(ni + prior;)

where the summation is across all response levels; n; is the number of observations at the
node for the i response level; and prior; is the prior probability for the ith response level,
calculated as follows:

prior; = Ap;t (1-1)P;

where p; is the prior; from the parent node, P; is the Prob; from the parent node, and A is a
weighting factor currently set at 0.9.

The method for calculating Prob assures that the predicted probabilities are always
nonzero.
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rio Bootstrap Forest
Fit a Model By Averaging Many Trees

The Bootstrap Forest platform is available only in JMP Pro.

The Bootstrap Forest platform fits an ensemble model by averaging many decision trees each
of which is fit to a bootstrap sample of the training data. Each split in each tree considers a
random subset of the predictors. In this way, many weak models are combined to produce a
more powerful model. The final prediction for an observation is the average of the predicted
values for that observation over all the decision trees.

Figure 5.1 Example of a Cumulative Validation Report

4 Cumulative Validation
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w Overview of the Bootstrap Forest Platform

The Bootstrap Forest platform predicts a response value by averaging the predicted response
values across many decision trees. Each tree is grown on a bootstrap sample of the training data.
A bootstrap sample is a random sample of observations, drawn with replacement. In addition,
the predictors are sampled at each split in the decision tree. The decision tree is fit using the
recursive partitioning methodology described in “Partition Models”.

This is the fitting process for the training set:

1. For each tree, select a bootstrap sample of observations.
2. Fit the individual decision tree, using recursive partitioning.
— Select a random set of predictors for each split.

— Continue splitting until a stopping rule that is specified in the Bootstrap Forest
Specification window is met.

3. Repeat step 1 and step 2 until the number of trees specified in the Bootstrap Forest
Specification window is reached or until Early Stopping occurs.

For an individual tree, the bootstrap sample of observations that is used to fit the tree is drawn
with replacement. You can specify the proportion of observations to be sampled. If you specify
that 100% of the observations are to be sampled, because they are drawn with replacement,
the expected proportion of unused observations is 1/e, or approximately 36.8%. For each
individual tree, these unused observations are called the out-of-bag observations. The
observations used in fitting the tree are called in-bag observations. For a continuous response,
the Bootstrap Forest platform provides measures for the error rate for out-of-bag observations,
called out-of-bag error.

For a continuous response, the predicted value for an observation is the average of its
predicted values over the collection of individual trees. For a categorical response, the
predicted probability for an observation is the average of its predicted probabilities over the
collection of individual trees. The observation is classified into the level for which its predicted
probability is the highest.

For more information about bootstrap forests, see Hastie et al. (2009).
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w Example of Bootstrap Forest with a Categorical
Response

In this example, you construct a bootstrap forest model to predict whether a customer is a bad
credit risk. But you are aware that your data set contains missing values, so you also explore
the degree to which values are missing.

o Bootstrap Forest Model

Select Help > Sample Data Library and open Equity.jmp.
Select Analyze > Predictive Modeling > Bootstrap Forest.
Select BAD and click Y, Response.

Select LOAN through DEBTINC and click X, Factor.

Select Validation and click Validation.

Click OK.

Enter 4 next to Number of Terms per Split.

Enter 30 next to Maximum Splits per Tree.

O X N ol W=

Select Multiple Fits over Number of Terms and enter 10 next to Max Number of Terms.

—_
o

. (Optional) Select Suppress Multithreading and enter 123 next to Random Seed.

Because the bootstrap forest method involves random sampling, these actions ensure that
your results are exactly the same as the results shown below.

11. Click OK.
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Figure 5.2 Overall Statistics Report

4 |~ |Bootstrap Forest for BAD
|> Specifications
4 Overall Statistics

Measure Training Validation  Test Definition

Entropy RSquare 0.5124 0.4828 0.4824 1-Loglike(model)/Loglike(0)
Generalized RSquare 0.6302 0.6153 0.6068 (1-(L(0)/L{model)™(2/n))/(1-LIO)"2Z/Mm))
Mean -Log p 0.2354 0.2793 0.2618 ¥ -Leg(p[jli/n

RASE 0.2596 0.2886 0.2771 ¥ ¥(y[jl-p(D)¥n

Mean Abs Dev 0.1580 01779 0.1688 3 y(1-elll/n

Misclassification Rate  0.0898 0.1133 0.0990 3 (p[lzpMax)/n

N 3576 1192 1192 n

4 Confusion Matrix

Training Validation Test

Actual Predicted Count Actual Predicted Count Actual Predicted Count
BAD Good Risk Bad Risk BAD Good Risk Bad Risk BAD Good Risk Bad Risk
Good Risk 2819 86 Good Risk 884 33 Good Risk 921 28
Bad Risk 233 436 Bad Risk 102 173 Bad Risk 90 153

Actual Predicted Rate Actual Predicted Rate Actual Predicted Rate
BAD Good Risk  Bad Risk BAD Good Risk  Bad Risk BAD Good Risk  Bad Risk
Good Risk 0.970 0.030 Good Risk 0.964 0.036 Good Risk 0.970 0.030
Bad Risk 0.350 0.650 Bad Risk 0.371 0.629 Bad Risk 0.370 0.630

Because the Multiple Fits over Number of Terms option was specified, models were
created using 4, 5, 6, 8, and 10 as the number of predictors in each split. The Model
Validation-Set Summaries report shows that the model whose Validation set has the
highest Entropy RSquare is the five-term model. This is also the model with the smallest
misclassification rate. This model is determined to be the best model, and the results in the
Overall report are for this model.

The Overall report shows that the misclassification rates for the Validation and Test sets
are about 11.3% and 9.9%, respectively. The confusion matrices suggest that the largest
source of misclassification is the classification of bad risk customers as good risks.

The results for the Test set give you an indication of how well your model extends to
independent observations. The Validation set was used in selecting the Bootstrap Forest
model. For this reason, the results for the Validation set give a biased indication of how the
model generalizes to independent data.

You are interested in determining which predictors contributed the most to your model.

12. Click the red triangle next to Bootstrap Forest for BAD and select Column Contributions.
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Figure 5.3 Column Contributions Report

£ Column Contributions

Number
Term of Splits
DEBTINC 96
VALUE 20
DELINQ 83
DEROG 77
CLAGE 63
CLNO 55
JCB 50
NING. 51
LOAN 41
MORTDUE 42
A{e]] 40
REASON 13

G"2

Portion

567.182771

] 05456

104.83095 I
102.545002 [0
73.3253058 [ |
54,1092672 [
30.2200294 1
26.1866120 [
24,5238480 [
19.7652555 [1
17.0533251 1
16.3836362 |
3.45680616 |

0.1008
0.0986
0.0705
0.0520
0.0291
0.0252
0.0236
0.0190
0.0164
0.0158
0.0033
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The Column Contributions report suggests that the strongest predictor of a customer’s
credit risk is DEBTINC, which is the debt to income ratio. The next highest contributors to
the model are DELINQ, the number of delinquent credit lines, and VALUE, the assessed
value of the customer.

pio Missing Values

Next, you explore the extent to which predictor values are missing.

1.
2.
3.

Select Analyze > Screening > Explore Missing Values.
Select Bad through DEBTINC and click Y, Columns.
Click OK in the Alert that appears.

The columns REASON and JOB are not added to the Y, Columns list because they have a
Character data type. You can see how many values are missing for these two columns

using Distribution (not illustrated in this example).

Click OK.
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Figure 5.4 Missing Values Report

< |=|Explore Missing Values

4 Commands

Missing Value Report MNumber of missing values for each column
Missing Value Clustering Hierarchical clustering of rows and columns missingness
Missing Value Snapshot Patterns of missing values with graphical map

Multivariate Normal Imputation| Least squares prediction from the nonmissing variables in each row

Multivariate SVD Imputation Imputation for wide problems using a singular value decomposition
with the power-method adapted for missing values

Automated Data Imputation Automatically selects best dimension for low-rank approximation
based on the data and has streaming imputation capabilities

[ Automated Data Imputation Controls

4 Missing Columns

Number

[] Show only columns with missing | Column Missing
LOAN 0
Select columns and choose an action. | pORTDUE 518
Color Cells VALUE 112
Exclude Rows| |Color Rows| e I
DEROG 708
DELINQ 580
CLAGE 308
NINQ 510
CLNO 222
DEBTINC 1267

The DEBTINC column contains 1267 missing values, which amounts to about 21% of the
observations. Most other columns involved in the Bootstrap Forest analysis also contain
missing values. The Informative Missing option in the launch window ensures that the
missing values are treated in a way that acknowledges any information that they carry. See
“Informative Missing”.

x Example of Bootstrap Forest with a Continuous
Response

In this example, you construct a bootstrap forest model to predict the percent body fat for
male subjects.

A A L o R

Select Help > Sample Data Library and open Body Fat.jmp.

Select Analyze > Predictive Modeling > Bootstrap Forest.

Select Percent body fat and click Y, Response.

Select Age (years) through Wrist circumference (cm) and click X, Factor.

Select Validation and click Validation.

Click OK.

(Optional) Select Suppress Multithreading and enter 123 next to Random Seed.

Because the bootstrap forest method involves random sampling, these actions ensure that
your results are exactly the same as the results shown below.
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8. Click OK.

Figure 5.5 Overall Statistics

£ |~ Bootstrap Forest for Percent body fat

< Specifications

Target
Validation Column:

Number of Trees in the Forest:

Number of Terms Sampled per Split:

< Owverall Statistics

Individual

Trees RASE

In Bag 2.025251

OutofBag 5.995064
RSquare RASE

Training 0.802 2.6941446

Validation 0.675 4.9577438

Percent body fat
Validation

100
10

180
72

Training Rows: 180
Validation Rows: 72
Test Rows: 0
Number of Terms: 13
Bootstrap Samples: 180
Minimum Splits per Tree: 10
Minimum Size Split: 5

Chapter 5
Predictive and Specialized Modeling

The Overall Statistics report shows that the Validation RSquare is 0.675.

You are interested in obtaining a model-independent indication of the most important

predictors.

9. Click the red triangle next to Bootstrap Forest for Percent body fat and select Column

Contributions.

Figure 5.6 Column Contributions

£ Column Contributions

Term

Abdomen circumference (cm)
Chest circumference (cm)
Age [years)

Knee circumference (cm)
Height {inches)

Wrist circumference (cm)
Thigh circumference (cm)
Weight (lbs)

Hip circumference (cm)
Ankle circumference (cm)
Meck circumference (cm)

Biceps (extended) circumference (cm)

Forearm circumference (cm)

Number
of Splits

55

106 4349.56265

35 700.64626 |
46 287.666673 ||
36 269.801386 ]
44 189,408502 ]
48 171.226028 []
33 164.742015[]
24 147.372437[]
34 114631003 ||
29 101095245 ||
32 94,1033567 ||
27 83.2687719
28 66.0446242 |

Portion
0.6453
0.1039
0.0427
0.0400
0.0281
0.0254
0.0244
0.0219
0.0170
0.0150
0.0140
0.0124
0.0099

The Column Contributions report suggests that Abdomen circumference (cm), Chest
circumference (cm), and Age (years) are the strongest predictors for Percent body fat.
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w Launch the Bootstrap Forest Platform

Launch the Bootstrap Forest platform by selecting Analyze > Predictive Modeling > Bootstrap
Forest.

pro Launch Window

Figure 5.7 Bootstrap Forest Launch Window

Builds a collection of decision trees using random sampling and averages the results
to predict a response.

Select Columns Cast Selected Columns into Roles Action
*114 Columns required
‘BAD opliohac

4o
4 MORTDUE

& fesson s
i JOB optianat
4 o)
4 DEROG

4 DELING optional numeric

4l CLAGE optional mumeric

4 NINg —

4 oo optional numeric

4 DEBTING optiona

ik Validation

Options

Methed | Bagtstrap Forest v

Validation Porticn
Informative Missing
Ordinal Restricts Order

For more information about the options in the Select Columns red triangle menu, see Using
JMP.

The Bootstrap Forest platform launch provides the following options:

Y, Response The response variable or variables that you want to analyze.

X, Factor The predictor variables.

Weight A column whose numeric values assign a weight to each row in the analysis.
Freq A column whose numeric values assign a frequency to each row in the analysis.

Validation A numeric column that defines the validation sets. This column should contain at
most three distinct values:.

— If the validation column has two levels, the smaller value defines the training set and
the larger value defines the validation set.
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By

— If the validation column has three levels, the values, in order of increasing size, define

the training, validation, and test sets.

— If the validation column has more than three levels, the rows that contain the smallest
three values define the validation sets. All other rows are excluded from the analysis.

The Bootstrap Forest platform uses the validation column to train and tune the model or to
train, tune, and evaluate the model. For more information about validation, see
“Validation in JMP Modeling”.

If you click the Validation button with no columns selected in the Select Columns list, you
can add a validation column to your data table. For more information about the Make
Validation Column utility, see “Make Validation Column”.

A column or columns whose levels define separate analyses. For each level of the
specified column, the corresponding rows are analyzed using the other variables that you
have specified. The results are presented in separate reports. If more than one By variable
is assigned, a separate report is produced for each possible combination of the levels of the
By variables.

Method Enables you to select the partition method (Decision Tree, Bootstrap Forest, Boosted

Tree, K Nearest Neighbors, or Naive Bayes). These alternative methods, except for
Decision Tree, are available in JMP Pro.

For more information about these methods, see “Partition Models”, “Boosted Tree”, “K
Nearest Neighbors”, and “Naive Bayes”.

Validation Portion The portion of the data to be used as the validation set.

Informative Missing If selected, enables missing value categorization for categorical

predictors and informative treatment of missing values for continuous predictors. See
“Informative Missing”.

Ordinal Restricts Order If selected, restricts consideration of splits to those that preserve the

ordering.
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pio Specification Window
After you select OK in the launch window, the Bootstrap Forest Specification window appears.

Figure 5.8 Bootstrap Forest Specification Window

Bootstrap Forest Specification

MNumber of Rows: 252 Multiple Fits
Mumber of Terms: 13 [] Multiple Fits over Mumnber of Terms
Forest Max Mumber of Terms
MNumber of Trees in the Forest L] Use Tuning Design Table
Number of Terms Sampled per Split: Reproducibility
Bootstrap Sample Rate [ Suppress Multithreading
Minimum Splits per Tree: Random Seed
Maximum Splits per Tree
Minimum Size Split:

Early Stopping

JMP .
PRO Specification Panel
Number of Rows The number of rows in the data table.

Number of Terms The number of columns that are specified as predictors.

i’wll{o Forest Panel

Number of Trees in the Forest The number of trees to grow and then average.

Number of Terms Sampled per Split The number of predictors to consider as splitting
candidates at each split. For each split, a new random sample of predictors is taken as the
candidate set.

Bootstrap Sample Rate The proportion of observations to sample (with replacement) for
growing each tree. A new random sample is generated for each tree.

Minimum Splits Per Tree The minimum number of splits for each tree.
Maximum Splits Per Tree The maximum number of splits for each tree.
Minimum Size Split The minimum number of observations needed on a candidate split.

Early Stopping (Available only if validation is used.) If selected, the process stops growing
additional trees if the additional trees do not improve the validation statistic. The
validation statistic is the validation set’s Entropy RSquare value for a categorical response
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and its RSquare value for a continuous response. If not selected, the process continues
until the specified number of trees is reached.

i’wll{o Multiple Fits Panel

Multiple Fits over Number of Terms If selected, creates a bootstrap forest for several values

of number of terms sampled per split. The model for which results are displayed is the
model whose Validation Set’s Entropy RSquare value (for a categorical response) or
RSquare (for a continuous response) is the largest.

The lower bound is the Number of Terms Sampled per Split specification. The upper
bound is specified by the following option:

Max Number of Terms The maximum number of terms to consider for a split.

Use Tuning Table Design Opens a window where you can select a data table containing

values for the Forest panel tuning parameters, called a tuning design table. A tuning design
table has a column for each option that you want to specify and has one or multiple rows
that each represent a single Bootstrap Forest model design. If an option is not specified in
the tuning design table, the default value is used.

For each row in the table, JMP creates a Bootstrap Forest model using the tuning
parameters specified. If more than one model is specified in the tuning design table, the
Model Validation-Set Summaries report lists the RSquare value for each model. The
Bootstrap Forest report shows the fit statistics for the model with the largest RSquare
value.

You can create a tuning design table using the Design of Experiments facilities. A
bootstrap forest tuning design table can contain the following case-insensitive columns in
any order:

— Number Trees

— Number Terms

— Portion Bootstrap

— Minimum Splits per Tree
— Maximum Splits per Tree

— Minimum Size Split

f’wllipo Reproducibility Panel

Suppress Multithreading If selected, all calculations are performed on a single thread.

Random Seed Specify a nonzero numeric random seed to reproduce the results for future

launches of the platform. By default, the Random Seed is set to zero, which does not
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produce reproducible results. When you save the analysis to a script, the random seed that
you enter is saved to the script.

w The Bootstrap Forest Report

After you click OK in the Bootstrap Forest Specification window, a window appears that
informs you of approximately how long it will take JMP to fit the model. If the approximated
time is too long, you have the option to view the current model by selecting Accept Current
Model. The Bootstrap Forest report appears after the complete model is fit or after the current
model is accepted.

Figure 5.9 Accept Current Model Dialog

IMP Progress @

Bootstrap Forest
Bootstrap Forest. 7 seconds left

00:04

Accept Current Model |

Figure 5.10 Bootstrap Forest Report for a Categorical Response

£ |~ Bootstrap Forest for BAD
| Specifications
4 Overall Statistics

Measure Training Validation Test Definition

Entropy RSquare 0.5124 0.4828 0.4824 1-Loglike{model)/Loglike(0)
Generalized RSquare 0.6302 0.6153 0.6068 (1-(L{0)/L(madel))"(2/n))/(1-LIO)"2/r)
Mean -Log p 0.2334 0.2793 0.2618 ¥ -Logip[ili/n

RASE 0.2596 0.2886 0.2771  Zly[jl-pl)¥/n

Mean Abs Dev 0.1580 0.1779 0.1688 3 [y[jl-e[ll/n

Misclassification Rate 0.0898 0.1133 0.0990 ¥ (p[jlzpMax)/n

N 3576 1192 1192 n

< Confusion Matrix

Training Validation Test

Actual Predicted Count Actual Predicted Count Actual Predicted Count
BAD Good Risk Bad Risk BAD Good Risk Bad Risk BAD Good Risk Bad Risk
Good Risk 2819 86 Good Risk 854 33 Good Risk 921 28
Bad Risk 235 436 Bad Risk 102 173 Bad Risk a0 153

Actual Predicted Rate Actual Predicted Rate Actual Predicted Rate
BAD Good Risk Bad Risk BAD Good Risk Bad Risk BAD Good Risk Bad Risk
Good Risk 0.970 0.030 Good Risk 0.964 0.036 Good Risk 0.970 0.030

Bad Risk 0.350 0.650 Bad Risk 0.371 0.629 Bad Risk 0.370 0.630
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Figure 5.11 Bootstrap Forest Report for a Continuous Response

£ |~ Bootstrap Forest for Percent body fat
< Specifications

Target Percent body fat Training Rows: 180
Validation Column: Validation Validation Rows: 72
Test Rows: 0
Number of Trees in the Forest: 100 Number of Terms: 13
Number of Terms Sampled per Split: 10 Bootstrap Samples: 180
Minimum Splits per Tree: 10
Minimum Size Split: 5

< Owverall Statistics

Individual
Trees RASE
In Bag 2.025251
OutofBag 5.995064
RSquare RASE N
Training 0.802 26941446 180

Validation 0.675 4.9577438 72

The following reports are provided, depending on whether the response is categorical or
continuous:

“Model Validation-Set Summaries”
® “Specifications”

e “Overall Statistics”

e “Cumulative Validation”

e  “Per-Tree Summaries”

po Model Validation-Set Summaries
(Available when you select the Multiple Fits over Number of Terms option in Bootstrap Forest

Specification window.) Provides fit statistics for all the models fit. See Figure 5.10 and
“Multiple Fits Panel”.

pio Specifications

Shows the settings used in fitting the model.

po Overall Statistics

Provides fit statistics for the training set, and for the validation and test sets if they are
specified. The specific form of the report depends on the modeling type of the response.
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Suppose that multiple models are fit using the Multiple Fits over Multiple Terms option in the
Bootstrap Forest Specification window. Then the model for which results are displayed in the
Overall Statistics and Cumulative Validation reports is the model for which the validation set’s
Entropy RSquare value (for a categorical response) or RSquare (for a continuous response) is
the largest.

Pro Categorical Response

Measures Report

Gives the following statistics for the training set, and for the validation and test sets if they are
specified.

Note: For Entropy RSquare and Generalized RSquare, values closer to 1 indicate a better fit.
For Mean -Log p, RASE, Mean Abs Dev, and Misclassification Rate, smaller values indicate a
better fit.

Entropy RSquare A measure of fit that compares the log-likelihoods from the fitted model
and the constant probability model. It ranges from 0 to 1. See “Entropy RSquare”.

Generalized RSquare A measure that can be applied to general regression models. It is
based on the likelihood function L and is scaled to have a maximum value of 1. The value
is 1 for a perfect model, and 0 for a model no better than a constant model. The
Generalized RSquare measure simplifies to the traditional RSquare for continuous normal
responses in the standard least squares setting. Generalized RSquare is also known as the
Nagelkerke or Craig and Uhler R2, which is a normalized version of Cox and Snell’s
pseudo R2.

Mean -Log P The average of negative log(p), where p is the fitted probability associated with
the event that occurred.

RASE The root average squared prediction error. The differences are between 1 and p, the
fitted probability for the response level that actually occurred.

Mean Abs Dev The average of the absolute values of the differences between the response
and the predicted response. The differences are between 1 and p, the fitted probability for
the response level that actually occurred.

Misclassification Rate The rate for which the response category with the highest fitted
probability is not the observed category.

N The number of observations.
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Confusion Matrix Report

(Available only for categorical responses.) Shows classification statistics for the training set,
and for the validation and test sets if they are specified. The Confusion Matrix Report contains
confusion matrices and confusion rates matrices. A confusion matrix is a two-way
classification of actual and predicted responses. A confusion rates matrix is equal to the
confusion matrix, with the numbers divided by the row totals.

Decision Matrix

(Available only for categorical responses and if the response has a Profit Matrix column
property or if you specify costs using the Specify Profit Matrix option.) Gives Decision Count
and Decision Rate matrices for the training set, and for the validation and test sets if they are
specified. See “Additional Examples of Partitioning”.

Continuous Response

Individual Trees Report

Gives RASE values, which are averaged over all trees, for In Bag and Out of Bag observations.
Training set observations that are used to construct a tree are called in-bag observations.
Training observations that are not used to construct a tree are called out-of-bag (OOB)
observations.

For each tree, the Out of Bag RASE is computed as the square root of the sum of squared
errors divided by the number of OOB observations. The squared Out of Bag RASE for each
tree is given in the Per-Tree Summaries report as OOB SSE/N.

RSquare and RASE Report

Gives Rsquare, root average squared prediction error, and the number of observations for the
training set, and for the validation and test sets, if they are defined.

Cumulative Validation

(Available only if validation is used.) Shows a plot of the fit statistics for the Validation set
versus the number of trees.

For a continuous response, the single fit statistic is R-Square. For a categorical response, the fit
statistics are listed below and are described in “Measures Report”.

® RSquare (Entropy RSquare)
e Avg-Logp (Mean-Logp)
* Root Average Squared Prediction Error (RASE)
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® Avg Abs Error (Mean Abs Dev)
¢ MR (Misclassification Rate)

The Cumulative Details report below the Cumulative Validation plot gives the values used in
the plot.

bo Per-Tree Summaries

The Per-Tree Summaries report involves the concepts of in-bag and out-of-bag observations.
For an individual tree, the bootstrap sample of observations used in fitting the tree is drawn
with replacement. Even if you specify that 100% of the observations are to be sampled,
because they are drawn with replacement, the expected proportion of unused observations is
1/e. For each individual tree, the unused observations are called the out-of-bag observations.
The observations used in fitting the tree are called in-bag observations.

The Per-Tree Summaries report shows the following summary statistics for each tree:
Splits The number of splits in the decision tree.

Rank The rank of the tree’s OOB Loss in ascending order. The tree with the smallest OOB
loss has Rank 1.

OOB Loss A measure of the total predictive inaccuracy of the tree when applied to the Out
Of Bag rows. Lower values indicate a higher predictive accuracy.

0O0B Loss/N The OOB Loss divided by the number of OOB rows, OOB N.
RSquare (Available only for continuous responses.) The RSquare value for the tree.
IB SSE (Available only for continuous responses.) Sum of squared errors for the In Bag rows.

IB SSE/N (Available only for continuous responses.) Sum of squared errors for the In Bag
rows divided by the number of In Bag observations. The number of In Bag observations is
equal to the number of observations in the training set multiplied by the bootstrap
sampling rate that you specify in the Bootstrap Forest Specification window.

OOB N (Available only for continuous responses.) The number of Out Of Bag rows.

OOB SSE (Available only for continuous responses.) Sum of squared errors when the tree is
applied to the Out Of Bag rows.

OOB SSE/N (Available only for continuous responses.) The OOB SSE divided by the number
of OOB rows, OOB N.
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w Bootstrap Forest Platform Options

The Bootstrap Forest red triangle menu contains the following options:

Plot Actual by Predicted (Available only for continuous responses.) Provides a plot of actual
versus predicted values.

Column Contributions Displays a report that shows each input column’s contribution to the
fit. The report also shows:

— The total number of instances over all of the trees when the specified column is used to
split the data.

— The total G? (for a categorical response) or SS, sum of squares (for a continuous
response), attributed to the column.

—  Abar chart of G or SS.
— The proportion of G2 or SS attributed to the column.

Show Trees Provides various options for displaying trees in the Tree Views report. The
report gives a picture of the tree that is fit at each layer of the boosting process. For a
description of the Prob column shown by the Show names categories estimates option, see
“Predicted Probabilities in Decision Tree and Bootstrap Forest”.

ROC Curve (Available only for categorical responses.) See “ROC Curve”.

Lift Curve (Available only for categorical responses.) See “Lift Curve”.

Save Columns Contains options for saving model and tree results, and creating SAS code.
Save Predicteds Saves the predicted values from the model to the data table.

Save Prediction Formula Saves the prediction formula to a column in the data table. The
formula consists of nested conditional clauses that describe the tree structure. If the
response is continuous, the column contains a Predicting property. If the response is
categorical, the column contains a Response Probability property.

Save Tolerant Prediction Formula (The Save Prediction Formula option should be used
instead of this option. Use this option only when Save Prediction Formula is not
available.) Saves a formula that predicts even when there are missing values and when
Informative Missing has not been selected. The prediction formula tolerates missing
values by randomly allocating response values for missing predictors to a split. If the
response is continuous, the column contains a Predicting property. If the response is
categorical, the column contains a Response Probability property. If you have selected
Informative Missing, you can save the Tolerant Prediction Formula by holding the Shift
key as you click the report’s red triangle.
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Save Residuals (Available only for continuous responses.) Saves the residuals to the data
table.

Save Cumulative Details (Available only if validation is used.) Creates a data table
containing the fit statistics for each tree.

Publish Prediction Formula Creates a prediction formula and saves it as a formula
column script in the Formula Depot platform. If a Formula Depot report is not open,
this option creates a Formula Depot report. See “Formula Depot”.

Publish Tolerant Prediction Formula (The Publish Prediction Formula option should be
used instead of this option. Use this option only when Publish Prediction Formula is
not available.) Creates a tolerant prediction formula and saves it as a formula column
script in the Formula Depot platform. If a Formula Depot report is not open, this option
creates a Formula Depot report. See “Formula Depot”. If you have selected Informative
Missing, you can use this option by holding the Shift key as you click the report’s red
triangle.

Make SAS DATA Step Creates SAS code for scoring a new data set.

Specify Profit Matrix (Available only for categorical responses.) Enables you to specify profit
or costs associated with correct or incorrect classification decisions. See “Show Fit Details”.

Profiler Shows a Prediction Profiler. See Profilers.

See Using [MP for more information about the following options:

Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.

Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.

Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.
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Chapter 6

to Boosted Tree
Fit Many Layers of Trees, Each Based on the Previous Layer

The Boosted Tree platform is available only in JMP Pro.

Boosting is the process of building a large, additive decision tree by fitting a sequence of
smaller decision trees, called layers. The tree at each layer consists of a small number of splits.
The tree is fit based on the residuals of the previous layers, which allows each layer to correct
the fit for bad fitting data from the previous layers. The final prediction for an observation is
the sum of the predictions for that observation over all of the layers.

Figure 6.1 Example of Boosted Tree Layers

4 Layer2

All Rows
Count LogWorth
431 10499219

solvent pct<50 not Missing solvent pct>=50 or Missing
Count Estimate Count LogWorth
382 0027177 49 8.2092846

chrome content<100 or Missing ||chrome content>=100 not Missing
Count Estimate Count Estimate
8 -0.582872 41 -0.58569
4Layer3
All Rows
Count LogWorth
431 54954427
ESA Amperage<0 or Missing ESA Amperage>=0 not Missing
Count Estimate Count LogWorth
46 -0.551098 385 57251324

[ |
press type(Albert70, WoodHoe70) ||press type(Motter70, Motter94)
Count Estimate Count Estimate
178 -0.028508 207 0.0742558
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o, Overview of the Boosted Tree Platform

The Boosted Tree platform produces an additive decision tree model that is based on many
smaller decision trees that are constructed in layers. The tree in each layer consists of a small
number of splits, typically five or fewer. Each layer is fit using the recursive fitting
methodology described in “Partition Models”. The only difference is that fitting stops at a
specified number of splits. For a given tree, the predicted value for an observation in a leaf is
the mean of all observations in that leaf.

This is the fitting process:

1. Fit an initial layer.

2. Compute residuals. These are obtained by subtracting the predicted mean for observations
within a leaf from their actual value.

Fit a layer to the residuals.

4. Construct the additive tree. For a given observation, sum its predicted values over the
layers.

5. Repeat step 2 to step 4 until the specified number of layers is reached, or, if validation is
used, until fitting an additional layer no longer improves the validation statistic.

The final prediction is the sum of the predictions for an observation over all the layers.
By fitting successive layers on residuals from previous layers, each layer can improve the fit.

For categorical responses, only those with two response levels are supported. For a categorical
response, the residuals fit at each layer are offsets of linear logits. The final prediction is a
logistic transformation of the sum of the linear logits over all the layers.

For more information about boosted trees, see Hastie et al. (2009).

o Example of Boosted Tree with a Categorical
Response

In this example, you construct a boosted tree model to predict which printing jobs are affected
by a defect called banding.

1. Select Help > Sample Data and open Bands Data.jmp.
2. Select Analyze > Predictive Modeling > Boosted Tree.
3. Select Banding? and click Y, Response.

4. Select the Predictors column group and click X, Factor.
5. Enter 0.2 for Validation Portion.
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6. Click OK.

The Boosted Tree Specification window appears.

7. (Optional) In the Reproducibility panel, select Suppress Multithreading and enter 123 for
Random Seed.

Because the boosted tree fit involves a random component, these actions ensure that you
obtain the exact results shown below.

8. Click OK.

Figure 6.2 Overall Statistics for Nominal Response

< Owverall Statistics

Measure Training Validation Definition

Entropy RSquare 0.7103 0.3299 1-Loglike(model)/Loglike(0)
Generalized RSquare 0.8340 0.4803 (1-(LI0)/Limedel))*(2/n))/(1-LIO) 2/m))
Mean -Log p 0.1985 0.4383 7 -Legip[jli/n

RASE 0.2196 0.3801 v (yljl-p[l)¥n

Mean Abs Dev 0.1650 0.2828 3 [y[jl-e[jll/n

Misclassification Rate 0.0232 0.1832 3 (pljlzpMax)/n

N 43 108 n

< Confusion Matrix

Training Validation

Actual  Predicted Count Actual  Predicted Count
Banding? band band Banding? band band
band 179 9 band 22 17
noband 1 242 noband 3 66

Actual Predicted Rate Actual Predicted Rate
Banding? band band Banding? band band
band 0.952 0.048 band 0.564 0.436

noband 0.004 0.996 noband 0.043 0.957

Because the response, Banding?, is categorical, the Boosted Tree analysis provides a
Misclassification Rate under Measure and a Confusion Matrix report. The
Misclassification Rate for the validation set is 0.1852, or about 19%.

9. Click the red triangle next to Boosted Tree for Banding? and select Show Trees > Show

names categories estimates.

A Tree Views report appears, with outlines for the layers. You can examine the layers to
see the trees that are fit and the predicted values.
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Example of Boosted Tree with a Continuous Response

Figure 6.3 Layer 1 of the Boosted Tree

4 Layer1

All Rows
Count LogWorth
431 21.603031

I
[ 1
solvent pct<50 not Missing solvent pct>=50 or Missing
Count LogWorth Count LogWorth
382 65001711 49 16.793498
I I
I | [ |
press type(Albert70, WoodHoe70) press type(Motter70, Motter94) wax<2.4 or Missing wax>=2.4 not Missing
Count Estimate Count LogWorth Count Estimate Count LogWorth
177 0015145 205 11056017 19 -0.44004 30 9.7830619

I
[ 1
grain screened(YES,) | grain screened(NO) wax>=2.6 not Missing

Count Estimate Count  Estimate Count Estimate
81 -0.002277 124 0.1123969 8 -0.438711

wax<2.6 or Missing
Count LogWorth
22 69616173

!—k—\

proof cut<45 not Missing || proof cut>=45 or Missing
Count Estimate Count Estimate
6 -0.437952 16 -0.439858

10. Click the red triangle next to Boosted Tree for Banding? and select Save Columns > Save
Prediction Formula.

Columns called Prob(Banding?==noband), Prob(Banding?==band), and Most Likely
Banding? are added to the data table. Examine the Prob(Banding?==noband) column to see
how model predictions are calculated from the layers.

JVP
PRO

Response

Example of Boosted Tree with a Continuous

In this example, you construct a boosted tree model to predict the percent body fat given a
combination of nominal and continuous factors.

N o gl L=

Select Help > Sample Data and open the Body Fat.jmp sample data table.

Select Analyze > Predictive Modeling > Boosted Tree.

Select Percent body fat and click Y, Response.

Select Age (years) through Wrist circumference (cm) and click X, Factor.

Select Validation and click Validation.

Click OK.
Click OK.



112

Boosted Tree Chapter 6
Example of Boosted Tree with a Continuous Response Predictive and Specialized Modeling

Figure 6.4 Overall Statistics for Continuous Response

< Owverall Statistics

RSquare RASE N
Training 0.843 32012478 180
Validation 0.611 54301412 72

The Overall Statistics report provides the R-square and RASE for the boosted tree model.
The R-square for the validation set is 0.611. The RASE for the validation set is about 5.43.

You are interested in obtaining a model-independent indication of the important
predictors for Percent body fat.

8. Click the red triangle next to Boosted Tree for Percent body fat and select Profiler.

9. Click the red triangle next to Prediction Profiler and select Assess Variable Importance >
Independent Uniform Inputs.

Note: Because Assess Variable Importance uses randomization, your results might not
exactly match those in Figure 6.5.

Figure 6.5 Summary Report for Variable Importance

< Summary Report

Column Main Effect Total Effect .2 4 6 8
Abdomen circumference (cm) 0.865 0.854
Age (years) 0.085 0.084 ]
Wrist circumference (cm) 0.005 0.01 |
Hip circumference (cm) 0.004 0.007
Biceps (extended) circumference (cm) 0.003 0.005
Chest circumference (cm) 0.002 0.004
Ankle circumference (cm) 0.002 0.003
Height {inches) 0.001 0.002
Weight (lbs) 0.001 0.002
Thigh circumference (cm) 0.001 0.002
Knee circumference (cm) 0.001 0.001
Meck circumference (cm) Oe-18 2e-17
Forearm circumference (cm) Oe-18 2e-17

The Summary Report shows that Abdomen circumference (cm) is the most important
predictor of Percent body fat.
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w Launch the Boosted Tree Platform

Launch the Boosted Tree platform by selecting Analyze > Predictive Modeling > Boosted Tree.

Figure 6.6 Boosted Tree Launch Window Using Body Fat.jmp

Builds a decision tree that is a sequence of smaller trees to predict a response,

Select Columns Cast Selected Columns into Roles Action
Z26/60K o requied
Enter column name Pl optional

A Percent body fat
A Age (years)

A Weight (Ibs) required

dl Height (inches)

.l Meck circumference (cm)
A Chest circumference (cm)
d Abdomen circumference {cm) =

A Hip circumference (cm) c

V'l Thigh circumference (cm)

A Knee circumference (cm)

A Ankde circumference (cm)

V'l Biceps (extended) circumference (cm)
A Forearm circumference (cm)

M Wrist circumference (cm)

[> Prediction Fermulas (11/0)

th Validation

Options

Methed | Boosted Tree <

Validation Portion
Informative Missing
Ordinal Restricts Order

For more information about the options in the Select Columns red triangle menu, see Using
JMP.

The Boosted Tree platform launch window has the following options:

Y, Response The response variable or variables that you want to analyze.

X, Factor The predictor variables.

Weight A column whose numeric values assign a weight to each row in the analysis.
Freq A column whose numeric values assign a frequency to each row in the analysis.

Validation A numeric column that defines the validation sets. This column should contain at
most three distinct values:

— If the validation column has two levels, the smaller value defines the training set and
the larger value defines the validation set.
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By

— If the validation column has three levels, the values, in order of increasing size, define
the training, validation, and test sets.

— If the validation column has more than three levels, the rows that contain the smallest
three values define the validation sets. All other rows are excluded from the analysis.

The Boosted Tree platform uses the validation column to train and tune the model or to
train, tune, and evaluate the model. For more information about validation, see
“Validation in JMP Modeling”.

If you click the Validation button with no columns selected in the Select Columns list, you
can add a validation column to your data table. For more information about the Make
Validation Column utility, see “Make Validation Column”.

A column or columns whose levels define separate analyses. For each level of the
specified column, the corresponding rows are analyzed using the other variables that you
have specified. The results are presented in separate reports. If more than one By variable
is assigned, a separate report is produced for each possible combination of the levels of the
By variables.

Method Enables you to select the partition method (Decision Tree, Bootstrap Forest, Boosted

Tree, K Nearest Neighbors, or Naive Bayes). These alternative methods, except for
Decision Tree, are available in JMP Pro.

For more information about these methods, see “Partition Models”, “Bootstrap Forest”, “K
Nearest Neighbors”, and “Naive Bayes”.

Validation Portion The portion of the data to be used as the validation set.

Informative Missing If selected, enables missing value categorization for categorical

predictors and informative treatment of missing values for continuous predictors. See
“Informative Missing”.

Ordinal Restricts Order If selected, restricts consideration of splits to those that preserve the

ordering.
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pio Specification Window

After you select OK in the launch window, the Gradient-Boosted Trees Specification window
appears.

Figure 6.7 Boosted Tree Specification Window
Gradient-Boosted Trees Specification

Boosting

Multiple Fits
Mumber of Layers: [] Multiple Fits over Splits and Learning Rate
Splits per Tree: Max Splits Per Tree
Learning Rate: Max Learning Rate
Minimur Size Solt [ Use Tuning Design Table

Stochastic Boosting Reproducibility

Row Sampling Rate 1.0000 Suppress Multithreading
Column Sampling Rate [1.0000 Random SEEdljl

Early Stopping

i’wll{o Boosting Panel

Number of Layers The maximum number of layers to include in the final tree.
Splits per Tree The number of splits for each layer.

Learning Rate A number such that 0 <r < 1. Learning rates close to 1 result in faster
convergence on a final tree, but also have a higher tendency to overfit data. Use learning
rates closer to 1 when a small Number of Layers is specified. The learning rate is a small
fraction typically between 0.01 and 0.1 that slows the convergence of the model. This
preserves opportunities for later layers to use different splits than the earlier layers.

Overfit Penalty (Available only for categorical responses.) A biasing parameter that helps
protect against fitting probabilities equal to zero.See “Overfit Penalty”.

Minimum Size Split The minimum number of observations needed on a candidate split.

f’“‘l{o Multiple Fits Panel

Multiple Fits over Splits and Learning Rate If selected, creates a boosted tree for every
combination of Splits per Tree (in integer increments) and Learning Rate (in 0.1
increments).

The lower bounds for the combinations are specified by the Splits per Tree and Learning

Rate options. The upper bounds for the combinations are specified by the following
options:
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Max Splits per Tree Upper bound for Splits per Tree.
Max Learning Rate Lower bound for Learning Rate.

Use Tuning Design Table Opens a window where you can select a data table containing
values for some tuning parameters, called a tuning design table. A tuning design table has a
column for each option that you want to specify and has one or multiple rows that each
represent a single Boosted Tree model design. If an option is not specified in the tuning
design table, the default value is used.

For each row in the table, JMP creates a Boosted Tree model using the tuning parameters
specified. If more than one model is specified in the tuning design table, the Model
Validation-Set Summaries report lists the R-Square value for each model. The Boosted Tree
report shows the fit statistics for the model with the largest R-Square value.

You can create a tuning design table using the Design of Experiments facilities. A boosted
tree tuning design table can contain the following case-insensitive columns in any order:

— Number of Layers
— Splits per Tree

— Learning Rate

— Minimum Size Split
— Row Sampling Rate

— Column Sampling Rate

f’“ﬁpo Stochastic Boosting Panel

Row Sampling Rate Proportion of training rows to sample for each layer.

Note: When the response is categorical, the training rows are sampled using stratified
random sampling.

Column Sampling Rate Proportion of predictor columns to sample for each layer.

JmPp o s
PRO Reproducibility Panel
Suppress Multithreading If selected, all calculations are performed on a single thread.

Random Seed Specify a nonzero numeric random seed to reproduce the results for future
launches of the platform. By default, the Random Seed is set to zero, which does not
produce reproducible results. When you save the analysis to a script, the random seed that
you enter is saved to the script.
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f’wlg,o Early Stopping

Early Stopping If selected, the boosting process stops fitting additional layers when the
additional layers do not improve the validation statistic. If not selected, the boosting
process continues until the specified number of layers is reached. This option appears only
if validation is used.

o The Boosted Tree Report

After you click OK in the Gradient-Boosted Trees Specification window, the Boosted Tree
report opens.

Figure 6.8 Boosted Tree Report for a Continuous Response

4 = Boosted Tree for Percent body fat

4Model Validation-Set Summaries
The fitbelow was the best of these models fit.

Learning Row Column Minimum
N Splits Rate Sampling Rate Sampling Rate N Layers Size Split RSquare RMSE
3 0.1 1 1 30 5 0.6034 5.4804
4 01 1 1 31 5 0.6160 5.3920
5 0.1 1 1 26 5 0.6215 5.3533
3 0.2 1 1 35 5 0.6074 54522
4 0.2 1 1 20 5 0.6146 54023
5 0.2 1 1 20 5 0.5931 5.5508
4 Specifications
Target Column: Percent body fat Number of training rows: 180
Validation Column: Validation Number of validation rows: 72
Number of Layers: 26
Splits per Tree: 5
Learning Rate: 01

4 Overall Statistics

RSquare RMSE N
Training 0.864 3.0203083 180
Validation 0622 53533415 72

4 Cumulative Validation
1.00

0.75

050

RSquare Validation

0.25

0.00
0 5 10 15 20 25
Number of Layers
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Figure 6.9 Boosted Tree Report for a Categorical Response

< |=|Boosted Tree for Banding?

< Specifications

Target Banding? Number of training rows: 431

Number of Layers: 50 Number of validation rows: 108

Splits per Tree: 3

Leaming Rate: 01

Overfit Penalty: 0.0001

< Overall Statistics

Measure Training Validation Definition
Entropy RSquare 0.5032 0.2871 1-Loglike{model)/Loglike{C)
Generalized RSquare 0.6678 0.4291 (1-(L{0)/L{model)) *(2/n))/(1-LO)2/r])
Mean -Log p 0.3403 0.4663 3 -Log(p[jl)/n
RASE 0.3202 0.3910  Ziy[j1-ell)¥/n
Mean Abs Dev 0.2604 0.3248 3 |y[il-p[ll/n
Misclassification Rate 0.1230 0.2222 3 (p[jlzpMax)/n
N 431 108 n

< Confusion Matrix

Training

Actual  Predicted Count
Banding? band noband
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noband 8

Actual  Predicted Rate
Banding? band noband
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noband 0.033

0.239
0.967

4 Cumulative Validation

1.00

RSquare Validation

20
Number of Layers

Validation
Actual  Predicted Count

Banding? band noband
band 22 17
noband 7 62

Actual  Predicted Rate
Banding? band noband
band 0.564 0.436
noband 0.101 0.899
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The following reports are provided, depending on whether the response is categorical or

continuous:

e  “Model Validation - Set Summaries”

® “Specifications”

e “Qverall Statistics”

e “Cumulative Validation”

Model Validation - Set Summaries

Shows fit statistics for all the models fit if you selected the Multiple Fits over Splits and
Learning Rate option in the Specification window. See Figure 6.8 and “Multiple Fits Panel”.
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pio Specifications

Shows the settings used in fitting the model.

Pho Overall Statistics

Shows fit statistics for the training set, and for the validation and test sets if they are specified.

Suppose that you fit multiple models using the Multiple Fits over Splits and Learning Rate
option in the Boosted Tree Specification window. Then the model for which results are
displayed in the Overall Statistics and Cumulative Validation reports is the model for which
the validation set’s Entropy R-square value (for a categorical response) or R-square (for a
continuous response) is the largest.

#’NII{PO Measures Report

(Available only for categorical responses.) Gives the following statistics for the training set,
and for the validation and test sets if they are specified.

Note: For Entropy R-Square and Generalized R-Square, values closer to 1 indicate a better fit.
For Mean -Log p, RASE, Mean Abs Dev, and Misclassification Rate, smaller values indicate a
better fit.

Entropy RSquare A measure of fit that compares the log-likelihoods from the fitted model
and the constant probability model. It ranges from 0 to 1. See “Entropy RSquare”.

Generalized RSquare A measure that can be applied to general regression models. It is
based on the likelihood function L and is scaled to have a maximum value of 1. The value
is 1 for a perfect model, and 0 for a model no better than a constant model. The
Generalized R-Square measure simplifies to the traditional R-Square for continuous
normal responses in the standard least squares setting. Generalized R-Square is also
known as the Nagelkerke or Craig and Uhler R?, which is a normalized version of Cox and
Snell’s pseudo R,

Mean -Log P The average of negative log(p), where p is the fitted probability associated with
the event that occurred.

RASE The root average squared prediction error. The differences are between 1 and p, the
fitted probability for the response level that actually occurred.

Mean Abs Dev The average of the absolute values of the differences between the response
and the predicted response. The differences are between 1 and p, the fitted probability for
the response level that actually occurred.
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Misclassification Rate The rate for which the response category with the highest fitted
probability is not the observed category.

N The number of observations.

f"ﬂ’o Confusion Matrix Report

(Available only for categorical responses.) Shows classification statistics for the training set,
and for the validation and test sets if they are specified. The Confusion Matrix Report contains
confusion matrices and confusion rates matrices. A confusion matrix is a two-way
classification of actual and predicted responses. A confusion rates matrix is equal to the
confusion matrix, with the numbers divided by the row totals.

JMP .. .
PRO Decision Matrix

(Available only for categorical responses and if the response has a Profit Matrix column
property or if you specify costs using the Specify Profit Matrix option.) Gives Decision Count
and Decision Rate matrices for the training set, and for the validation and test sets if they are
specified. See “Additional Examples of Partitioning”.

pro Cumulative Validation

(Available only if validation is used.) Shows a plot of the fit statistics for the Validation set
versus the number of layers.

For a continuous response, the single fit statistic is R-Square. For a categorical response, the fit
statistics are listed below and are described in “Measures Report”.

¢ R-Square (Entropy R-Square)

e Avg-Logp (Mean - Log p)

* Root Average Squared Prediction Error (RASE)
® Avg Abs Error (Mean Abs Dev)

¢ MR (Misclassification Rate)

The Cumulative Details report below the Cumulative Validation plot gives the values used in
the plot.
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i, Boosted Tree Platform Options

The Boosted Tree red triangle menu contains the following options:

Show Trees Provides options for displaying trees in the Tree Views report. The report gives
a picture of the tree that is fit at each layer of the boosting process.

Plot Actual by Predicted (Available only for continuous responses.) Provides a plot of actual
versus predicted values.

Column Contributions Displays a report showing each input column’s contribution to the fit.
The report also shows:

The total number of instances over all of the trees when the specified column is used to
split the data.

The total G (for a categorical response) or SS, sum of squares (for a continuous
response) attributed to the column.

A bar chart of G or SS.
The proportion of G2 or SS attributed to the column.

ROC Curve (Available only for categorical responses.) See “ROC Curve”.

Lift Curve (Available only for categorical responses.) See “Lift Curve”.

Save Columns Contains options for saving model and tree results, and creating SAS code.

Save Predicteds Saves the predicted values from the model to the data table.

Save Prediction Formula Saves the prediction formula to a column in the data table. The

formula consists of nested conditional clauses that describe the tree structure. If the
response is continuous, the column contains a Predicting column property. If the
response is categorical, the column contains a Response Probability column property.

Save Tolerant Prediction Formula (The Save Prediction Formula option should be used

instead of this option. Use this option only when Save Prediction Formula is not
available.) Saves a formula that predicts even when there are missing values and when
Informative Missing has not been selected. The prediction formula tolerates missing
values by randomly allocating response values for missing predictors to a split. If the
response is continuous, the column contains a Predicting column property. If the
response is categorical, the column contains a Response Probability column property. If
you have selected Informative Missing, you can save the Tolerant Prediction Formula
by holding the Shift key as you click the report’s red triangle.

Save Residuals (Available only for continuous responses.) Saves the residuals to the data

table.
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Save Offset Estimates (Available only for categorical responses.) Saves the sums of the
linear components. These are the logits of the fitted probabilities.

Save Tree Details Creates a data table containing split details and estimates for each
layer.

Save Cumulative Details (Available only if validation is used.) Creates a data table
containing the fit statistics for each layer.

Publish Prediction Formula Creates a prediction formula and saves it as a formula
column script in the Formula Depot platform. If a Formula Depot report is not open,
this option creates a Formula Depot report. See “Formula Depot”.

Publish Tolerant Prediction Formula (The Publish Prediction Formula option should be
used instead of this option. Use this option only when Publish Prediction Formula is
not available.) Creates a tolerant prediction formula and saves it as a formula column
script in the Formula Depot platform. If a Formula Depot report is not open, this option
creates a Formula Depot report. See “Formula Depot”. If you have selected Informative
Missing, you can use this option by holding the Shift key as you click the report’s red
triangle.

Make SAS DATA Step Creates SAS code for scoring a new data set.

Specify Profit Matrix (Available only for categorical responses.) Enables you to specify profit
or costs associated with correct or incorrect classification decisions. See “Show Fit Details”.

Profiler Shows a Prediction Profiler. See Profilers.
See Using [MP for more information about the following options:

Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.

Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.

Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.
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o, Statistical Details for the Boosted Tree Platform

This section describes details specific to the Boosted Tree Platform. For statistical details about
recursive decision trees, see “Statistical Details for the Partition Platform”.

pro Overfit Penalty

When the response is categorical, a parametric penalty is imposed. For each layer, the
estimates minimize the negative log-likelihood plus the penalty value multiplied by the sum
of squares of the estimates for each observation. This penalty encourages each new layer not
to overfit the training data.
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o K Nearest Neighbors
Predict Response Values Using Nearby Observations

The K Nearest Neighbors platform is available only in JMP Pro.

The K Nearest Neighbors platform predicts a response value for a given observation using the
responses of the observations in that observation’s local neighborhood. It can be used for
classification of a categorical response as well as for prediction of a continuous response.

K Nearest Neighbors is a nonparametric method that is based on the distance to neighboring
observations. Because of this fact, K Nearest Neighbors is able to classify observations using
irregular predictor value boundaries. However, because the algorithm is sensitive to irrelevant
predictors, the selection of predictors can impact your results.

K Nearest Neighbors has been used successfully in many applications, such as classifying

satellite imagery and electrocardiogram (EKG) patterns.

Figure 7.1 Example of the K Nearest Neighbors Platform

4 =K Nearest Neighbors

4 ~|BAD
4 Model Selection
ClT Legend
— Validation
0.16 ——Training
2
5 014
=
o
Son
3
% 0.10
=
0.08
0.06
0 2 4 6 8 10
K
4 Training 4 Validation A Test
Misclassification Misclassification Misclassification
K Count RSquare Rate Misclassifications K Count RSquare Rate Misclassifications K Count RSquare Rate Misclassifications
1 2576 040794 0.06432 230 * 1 1192 045576 0.07131 85 * 11192 045615 0.05789 69 *
2 3576 0.45873 0.08865 317 2 1192 0.48262 0.10319 123 2 1192 0.48144 0.08725 104
B 3576 044273 0.10263 367 3 1192 0.46421 0.12248 146 3 1192 0.45726 0.10738 128
4 3576 0.42115 0.11270 403 4 1192 0.42626 0.13674 163 4 1192 0.43075 0.11997 142
5 3576 038727 0.12724 435 3 1192 0.40776 0.14597 174 3 1192 0.40738 0.13003 133
13 3576 0.25814 0.13758 492 6 1192 0.38201 0.15352 183 [ 1192 0.28816 0.14178 169
7 3576 0.33587 0.13870 496 7 1192 0.3576 0.16527 197 7 1192 0.35063 0.14597 174
8 3576 031932 0.13982 500 8 1192 032988 0.17030 203 8 1192 033321 0.14849 177
9 3576 0.29532 0.14178 507 9 1192 0.32025 0.16946 202 9 1192 0.21376 0.15017 179
10 3576 0.27695 0.14290 511 10 1192 0.30289 0.17534 209 10 1192 0.30543 0.15436 184
4 Confusion Matrix for Best K=1
4 Training 4 Validation ATest
Actual Predicted Count Actual Predicted Count Actual Predicted Count
BAD GoodRisk BadRisk | | BAD GoodRisk BadRisk | | BAD Good Risk Bad Risk
Good Risk 2894 i Good Risk 917 0 Good Risk 949 0
Bad Risk 219 452 | | Bad Risk 85 190| | Bad Risk 69 174
Actual Predicted Rate Actual Predicted Rate Actual Predicted Rate
BAD Good Risk Bad Risk BAD Good Risk Bad Risk BAD Good Risk Bad Risk
Good Risk 0.9% 0.004 Good Risk 1.000 0.000 Good Risk 1.000 0.000

Bad Risk 0.326 0.674 Bad Risk 0.309 0.691 Bad Risk 0.284 0.716
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Overview of the K Nearest Neighbors Platform

The K Nearest Neighbors platform predicts a response value based on the responses of the k
nearest neighbors. The k nearest neighbors to a given observation are determined by
identifying the k smallest Euclidean distances between the predictor values for that
observation and the predictor values for each of the other observations. The K Nearest
Neighbors platform models both continuous and categorical responses.

A potential drawback of the k nearest neighbors method is that for large scale problems, the
prediction formula is often complex and hard to interpret, limiting its usefulness. In addition,
K Nearest Neighbors does not calculate probabilities for categorical responses. For more
information about the k nearest neighbors method, see Hastie et al. (2009), Hand et al. (2001),
and Shmueli et al. (2017).

Continuous Responses

For a continuous response, the predicted value is the average of the responses for the k nearest
neighbors. Each continuous predictor is scaled by its standard deviation. With this scaling, a
single predictor with a large range does not excessively influence the distance calculation.
Missing values for a continuous predictor are replaced by the mean of that predictor. See
“Example of K Nearest Neighbors with Continuous Response”.

Categorical Responses

For a categorical response, the predicted value is the most frequent response level for the k
nearest neighbors. If two or more levels are tied as the most frequent levels, the predicted
response is assigned by selecting one of these levels at random.

Note: Because ties for most frequent levels in the case of a categorical response are broken at
random, results from independent runs of the platform might differ. To obtain reproducible
results, use the Set Random Seed option in the launch window or include the Set Random
Seed() function in a JSL script.

In the categorical prediction models, each categorical predictor is expressed in terms of
indicator variables, with one indicator variable representing each level. A row with a missing
value for a categorical predictor is represented by values of zero on all indicator variables for
that predictor.
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w Example of K Nearest Neighbors with Categorical
Response

You have historical financial data for 5,960 customers who applied for home equity loans.
Each customer was classified as being a Good Risk or Bad Risk. There are missing values for
many of the predictors. You want to construct a model to use in classifying the credit risk of
future customers.

1
2
3.
4

Select Help > Sample Data Library and open Equity.jmp.
Select Analyze > Predictive Modeling > K Nearest Neighbors.
Select BAD and click Y, Response.

Select LOAN through CLNO and click X, Factor.

Because one of the potential predictors, DEBTINC, has many missing values, you do not
include it in your model. Missing values for continuous predictors are replaced by the
average of the predictor. This procedure sometimes works well for values that are missing
at random. Although the high missing rate of the DEBINC indicates that the missing
might be informative, we do not investigate that in this example.

Select Validation and click Validation.
Click OK.
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Example of K Nearest Neighbors with Categorical Response

Figure 7.2 K Nearest Neighbors Report
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For each value of K, JMP constructs a model using only the training set observations. Each
of these models is used to classify the validation set observations. The validation set results
are used to select a best model. In this example, the model based on the single nearest
neighbor (K = 1) has the smallest misclassification rate. The test set verifies that the single
nearest neighbor model is the best performer for independent data.

7. Click the BAD red triangle and select Publish Prediction Formula.
Next to Number of Neighbors, K, leave the default value of 1.
9. Click OK.

The prediction equation is saved in the Formula Depot. You can compare the performance
of alternative models published to the Formula Depot with that of the K =1 nearest
neighbor model using the Model Comparison option in the Formula Depot. See “Formula
Depot”.
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w Example of K Nearest Neighbors with Continuous
Response

In this example, you want to predict the percent body fat for males using 13 predictors. The
Body Fat.jmp sample data table contains percent body fat estimates that are based on
underwater weighing and on various body circumference measurements.

Select Help > Sample Data Library and open Body Fat.jmp.

Select Analyze > Predictive Modeling > K Nearest Neighbors.

Select Percent body fat and click Y, Response.

Select Age (years) through Wrist circumference (cm) and click X, Factor.
Select Validation and click Validation.

Click OK.

Click the Percent body fat red triangle and select Plot Actual by Predicted.

N o ok =
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Figure 7.3 K Nearest Neighbors Report
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models, the model based on 8 nearest neighbors seems to perform the best. The Actual by
Predicted plot for the training set shows that the points fall along the line, signifying that
the predicted values are similar to the actual values. Most of the points on the plot for the
validation set fall along the line, with a few observations on the upper end that are a bit

farther away.
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a Launch the K Nearest Neighbors Platform

Launch the K Nearest Neighbors platform by selecting Analyze > Predictive Modeling >
K Nearest Neighbors.

Figure 7.4 K Nearest Neighbors Launch Window

Predicts a response based on the respeonses of the k nearest neighbors.
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For more information about the options in the Select Columns red triangle menu, see Using
JMP.

The K Nearest Neighbors launch window provides the following options:

Y, Response The response variable or variables that you want to analyze.

Note: The K Nearest Neighbors platform can be used as a utility to determine the
distances between neighboring observations, even without the presence of a response
variable. If you do not specify a response variable, a blank report appears. However, the
red triangle menu options Save Near Neighbor Rows and Save Near Neighbor Distances
are available.

X, Factor The predictor variables.

Validation A numeric column that defines the validation sets. This column should contain at
most three distinct values:

— If the validation column has two levels, the smaller value defines the training set and
the larger value defines the validation set.
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By

— If the validation column has three levels, the values, in order of increasing size, define
the training, validation, and test sets.

— If the validation column has more than three levels, the rows that contain the smallest
three values define the validation sets. All other rows are excluded from the analysis.

The K Nearest Neighbors platform uses the validation column to train and tune the model
or to train, tune, and evaluate the model. For more information about validation, see
“Validation in JMP Modeling”.

If you click the Validation button with no columns selected in the Select Columns list, you
can add a validation column to your data table. For more information about the Make
Validation Column utility, see “Make Validation Column”.

A column or columns whose levels define separate analyses. For each level of the
specified column, the corresponding rows are analyzed using the other variables that you
have specified. The results are presented in separate reports. If more than one By variable
is assigned, a separate report is produced for each possible combination of the levels of the
By variables.

Validation Portion The portion of the data to be used as the validation set.

Number of Neighbors, K Maximum number of nearest neighbors to analyze. Models are fit

for one nearest neighbor up to the value that you specify for K.

Note: The maximum number of neighbors, K, must be no larger than one less than the
number of rows in the training data table. If you specify a K that is larger than the
maximum allowable K, a warning appears.

Category Bias Specifies a tuning parameter that ensures that the fitted probabilities for

categorical responses are always positive. By default, the Category Bias is 0.5.

Set Random Seed Sets the seed for the randomization process used in tie-breaking for

nominal and ordinal responses. If you specify a Validation Portion, this option also sets the
seed for the rows used for validation. Set Random Seed is useful if you want to reproduce
an analysis. If you set a random seed and save the script, the seed is automatically saved in
the script.
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u The K Nearest Neighbors Report

The K Nearest Neighbors report contains a separate report for each response variable. Each
response variable report contains information about the fitted model for that response. This
information includes a Model Selection report and summary information for each of the k
models that were fit. The report shows tables for the training set and for the validation and
test sets if you defined these using validation.

The Model Selection report displays a solution path plot across K based on the
Misclassification Rate for categorical responses or the RASE for continuous responses. By
default, the slider is placed on the value of K that corresponds to the best performing model.
You can drag the slider to change the value of K in the report.

The statistics reported depend on the modeling type of the response. Each row in the
summary tables corresponds to a model defined by k nearest neighbors, where K ranges from
one to the value that you specified as Number of Neighbors, K in the launch window.

pio Continuous Responses

By default, in addition to the Model Selection graph, the report for a continuous response
contains the Summary Table report.

Summary Table

An asterisk marks the model for the value of K that has the smallest RASE. The report for a
continuous response contains the following columns:

K Number of nearest neighbors used in the model. K ranges from 1 to the Number of
Neighbors, K that you specified in the launch window.

Count Number of observations.
RSquare The RSquare value for the model.

RASE Root mean average squared prediction error for the model. The model with the
smallest RASE is marked with an asterisk. If there are tied RASE values, the model with
the smallest K is marked with the asterisk.

SSE Sum of squared errors for the model.
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Categorical Responses

By default, in addition to the Model Selection graph, the report for a categorical response
contains the Summary Table, Confusion Matrix, and Mosaic Plot reports.

Summary Table

An asterisk marks the model for the value of K that has the smallest misclassification rate. The
report for a categorical response contains the following columns:

K Number of nearest neighbors used in the model. K ranges from 1 to the Number of
Neighbors, K that you specified in the launch window.

Count Number of observations.

Misclassification Rate Proportion of observations misclassified by the model. This is
calculated as Misclassifications divided by Count. The model with the smallest
misclassification rate is marked with an asterisk. If there are tied misclassification rates,
the model with the smallest K is marked with the asterisk.

Misclassifications Number of observations that are incorrectly predicted by the model.

Confusion Matrix

By default, a Confusion Matrix Report is shown for the model with the smallest
Misclassification Rate. If there are ties for the smallest misclassification rate, a report is shown
for the model with the smallest K. The Confusion Matrix Report contains confusion matrices
and confusion rates matrices. A confusion matrix is a two-way classification of actual and
predicted responses. A confusion rates matrix is equal to the confusion matrix, with the
numbers divided by the row totals. If you use validation, confusion matrices and confusion
rates matrices for the validation and test sets appear. Use the Confusion Matrix Report and the
misclassification rates to evaluate your model.

Tip: If you change the position of the slider in the solution path plot, an additional Confusion
Matrix Report is displayed for the chosen value of K. Use the additional report to compare an
alternative model to the default best model.

Mosaic Plot

By default, a mosaic plot is shown for the model with the smallest Misclassification Rate. If
there are ties for the smallest misclassification rate, a mosaic plot is shown for the model with
the smallest K. A mosaic plot is a stacked bar chart where each segment is proportional to its
group’s frequency count. For more information about mosaic plots, see Basic Analysis. If you
use validation, mosaic plots for the validation and test sets are shown.
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Tip: If you change the position of the slider in the solution path plot, the mosaic plot updates
to display the results for the chosen value of K.

w K Nearest Neighbors Platform Options

The K Nearest Neighbors red triangle menu contains the following options:

Save Near Neighbor Rows Saves K columns to the data table. The columns are named
RowNear <k>. For a given row, the k' column contains the row number of its k' nearest
neighbor.

Caution: The row numbers in the columns RowNear <k> do not update when you reorder
the rows in your data table. If you reorder the rows, the values in those columns are
incorrect.

Save Near Neighbor Distances Saves K columns to the data table. The columns are named
Distance <k>. For a given row, the k! column contains the distance to that row’s k' nearest
neighbor.

See Using J[MP for more information about the following options:

Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.

Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.

Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.

Model Fit Options

Mosaic Plot (Available only for nominal or ordinal responses.) Shows or hides the mosaic
plot. See “Mosaic Plot”.

Plot Actual by Predicted (Available only for continuous responses.) Plots the actual versus
the predicted responses for the model with the smallest RASE. If there are ties for the
smallest RASE, the plot is based on the model with the smallest K.
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Tip: If you change the position of the slider on the solution path plot to a different K, the
Actual by Predicted plot is updated to reflect the model for the chosen value of K.

Plot Residual by Predicted (Available only for continuous responses.) Plots the residuals
versus the predicted responses for the model with the smallest RASE. If there are ties for
the smallest RASE, the plot is based on the model with the smallest K.

Tip: If you change the position of the slider on the solution path plot to a different K, the
Residual by Predicted plot is updated to reflect the model for the chosen value of K.

Save Predicteds Saves K predicted value columns to the data table. The columns are named
Predicted <Response> <k>. The k' column contains predictions for the model based on the
k nearest neighbors, where Response is the name of the response column.

Save Prediction Formula Saves a column that contains a prediction formula for a specific k
nearest neighbor model. Enter a value for K when prompted. The prediction formula
contains all the training data, so this option might not be practical for large data tables.

Caution: The values obtained from Save Prediction Formula and Save Predicteds do not
necessarily match. The values obtained from the Save Prediction Formula option use all of
the rows in the training set, including the row for the predicted value. The values from the
Save Predicteds option do not use the row for the predicted value in the training set, only
all other rows.

Publish Prediction Formula Creates a prediction formula for the specified k nearest neighbor
model and saves it as a formula column script in the Formula Depot platform. If a Formula
Depot report is not open, this option creates a Formula Depot report. See “Formula
Depot”.
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Chapter 8

sio Naive Bayes

Classify Observations Using Probabilistic Assumptions

The Naive Bayes platform is available only in JMP Pro.

The Naive Bayes platform fits a model to predict the value of a categorical variable. Naive
Bayes is a fast and computationally simple method. It is especially suitable for situations
where there are a large number of predictors.

Figure 8.1 Example of Naive Bayes Analysis
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w Overview of the Naive Bayes Platform

The Naive Bayes platform classifies observations into classes that are defined by the levels of a
categorical response variable. The variables (or factors) that are used for classification are
often called features in the data mining literature.

For each class, the naive Bayes algorithm computes the conditional probability of each feature
value occurring. If a feature is continuous, its conditional marginal density is estimated. The
naive Bayes technique assumes that, within a class, the features are independent. (This is the
reason that the technique is referred to as “naive”.) Classification is based on the idea that an
observation whose feature values have high conditional probabilities within a certain class has
a high probability of belonging to that class. See Hastie et al. (2009).

Because the algorithm estimates only one-dimensional densities or distributions, the
algorithm is extremely fast. This makes it suitable for large data sets, and in particular, data
sets with large numbers of features. All nonmissing feature values for an observation are used
in calculating the conditional probabilities.

Each observation is assigned a naive score for each class. An observation’s naive score for a
given class is the proportion of training observations that belong to that class multiplied by
the product of the observation’s conditional probabilities. The naive probability that an
observation belongs to a class is its naive score for that class divided by the sum of its naive
scores across all classes. The observation is assigned to the class for which it has the highest
naive probability.

Caution: Because the conditional probabilities of class membership are assumed
independent, the naive Bayes estimated probabilities are inefficient.

Naive Bayes requires a large number of training observations to ensure representation for all
predictor values and classes. If an observation in the Validation set is being classified and it
has a categorical predictor value that was missing in the Training set, then the platform uses
the non-missing features to predict. If an observation is missing all predictor values, the
predicted response is the most frequent response. The prediction formulas handle missing
values by having them contribute nothing to the observation’s score.

For more information about the naive Bayes technique, see Hand et al. (2001), and Shmueli et
al. (2010).
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w Example of Naive Bayes

You want to construct a classification model to be used in predicting the disease progression
for future patients as High or Low. You have baseline medical data for 442 diabetic patients.
You also have a binary measure of diabetes disease progression obtained one year after each
patient’s initial visit. This measure quantifies disease progression as being either Low or High.

AN

Select Help > Sample Data Library and open Diabetes.jmp.
Select Analyze > Predictive Modeling > Naive Bayes.
Select Y Binary and click Y, Response.

Select Age through Glucose and click X, Factor.

Select Validation and click Validation.

Click OK.

Figure 8.2 Naive Bayes Report
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The Training Set has about a 21% misclassification rate and the Validation Set has about a
24% misclassification rate. The Confusion matrix suggests that, for both the Training and
Validation sets, the larger source of misclassification comes from classifying patients with
Low disease progression as having High disease progression. The Validation set results
indicate how your model extends to independent observations.

You are interested in which individual predictors have the greatest impact on the naive
Bayes classification.

Click the Naive Bayes red triangle and select Profiler.
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Figure 8.3 Prediction Profiler for Disease Progression
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Click the Prediction Profiler red triangle and select Assess Variable Importance >
Independent Uniform Inputs.

Figure 8.4 Variable Importance
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The Summary Report indicates that HDL, BMI, and LTG have the greatest impact on the
estimated probabilities.

Figure 8.5 Marginal Model Plots Report
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The second row of plots in the Marginal Model Plots report shows that higher values of
HDL are associated with a lower probability of classifying a patient as High. Also, higher
BMI and LTG values are associated with a higher probability of classifying a patient as
High.
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a Launch the Naive Bayes Platform

Launch the Naive Bayes platform by selecting Analyze > Predictive Modeling > Naive Bayes.

Figure 8.6 Naive Bayes Launch Window
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For more information about the options in the Select Columns red triangle menu, see Using
JMP.

The Naive Bayes launch window provides the following options:

Y, Response The categorical response column whose values are the classes of interest.
X, Factor Categorical or continuous predictor columns.

Weight A column whose numeric values assign a weight to each row in the analysis.
Freq A column whose numeric values assign a frequency to each row in the analysis.

Validation A numeric column that defines the validation sets. This column should contain at
most three distinct values:

— If the column has three unique values, then:
rows with the smallest value are used for the Training set.
rows with the middle value are used for the Validation set.
rows with the largest value are used for the Test set.
— If the column has two unique values, then only Training and Validation sets are used.

— If the validation column has more than three levels, the rows that contain the smallest
three values define the validation sets. All other rows are excluded from the analysis.
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The Naive Bayes platform uses the validation column to train and evaluate the model. For

more information about validation, see “Validation in JMP Modeling”.

If you click the Validation button with no columns selected in the Select Columns list, you

can add a validation column to your data table. For more information about the Make
Validation Column utility, see “Make Validation Column”.

By A column or columns whose levels define separate analyses. For each level of the

specified column, the corresponding rows are analyzed using the other variables that you
have specified. The results are presented in separate reports. If more than one By variable
is assigned, a separate analysis is produced for each possible combination of the levels of

the By variables.

Validation Portion The portion of the data to be used as the Validation set.

Note: If neither a Validation column or a Validation Portion is specified in the launch window
and if there are excluded rows, these rows are treated as a Validation set. For more

information about validation see “Validation in JMP Modeling”.

u The Naive Bayes Report

After you click OK in the launch window, the Naive Bayes report appears. By default, the

Naive Bayes report contains reports for fit details, the response column, the Confusion Matrix

Report, and the ROC and Lift curves.

Figure 8.7 Naive Bayes Report
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ptio Fit Details Report

The Fit Details report shows various measures of fit for the model for the Training set, and for
the Validation and Test sets if they are specified. The Measure column lists the different fit
statistics and the Definition column shows the formulas for the corresponding fit statistics. See
“Measures of Fit for Categorical Responses”. By default, the Fit Details report in the Naive
Bayes report window is closed.

ptio Response Column Report

The response column report shows performance statistics for the naive Bayes classification in
a summary table for the Training set, and the Validation and Test sets if they are specified. The
summary tables contain the following columns:

Count The number of observations in the set corresponding to the table (Training,
Validation, or Test set).

Misclassification Rate Proportion of observations in the corresponding set that are
misclassified by the model. This is calculated as Misclassifications divided by Count.

Misclassifications The number of observations in the corresponding set that are classified
incorrectly.

piio Confusion Matrix Report

The Confusion Matrix Report shows a confusion matrix and a confusion rates matrix for the
Training set, and for the Validation and Test sets if they are specified. A confusion matrix is a
two-way classification of actual and predicted responses. A confusion rates matrix is equal to
the confusion matrix, with the numbers divided by the row totals.

ptio ROC Curves

The report displays the Receiver Operating Characteristic (ROC) curve for the Training set,
and for the Validation and Test sets if they are specified. The ROC curve measures the ability
of the fitted probabilities to classify response levels correctly. The further the curve from the
diagonal, the better the fit. An introduction to ROC curves is found in Basic Analysis.

See “ROC Curve” for more information about ROC curves.
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w Naive Bayes Platform Options

The Naive Bayes red triangle menu contains the following options:

ROC Curve Shows or hides the ROC plot. The ROC plot is shown by default. See “ROC
Curves”.

Lift Curve Shows or hides the lift curve for the model. If you used validation, Lift curve is
shown for each of the Training, Validation, and Test sets, if specified.

A lift curve shows how effectively response levels are classified as their fitted probabilities
decrease. The fitted probabilities are plotted along the horizontal axis in descending order.
The vertical coordinate for a fitted probability is the proportion of correct classifications
for that probability or higher, divided by the overall correct classification rate. Use the lift
curve to see whether you can correctly classify a large proportion of observations if you
select only those with a fitted probability that exceeds a threshold value.

If the response has two levels, the Lift curve plot displays a lift curve for the first level of
the response only. If the response has more than two levels, the Lift curve plot displays a
sub-outline of the curves for each response level. See “Lift Curve” for more information
about lift curves.

Save Predicteds Saves the predicted classifications to the data table in a column called
Naive Predicted <Y, Response>.

Save Prediction Formula Saves a column called Naive Predicted Formula <Y, Response> to
the data table. This column contains the prediction formula for the classifications.

Save Probability Formula Saves columns to the data table that contain formulas used for
classifying each observation. Three groups of columns are saved:

Naive Score <Class>, Sum For each column that represents a class, this column gives a
score formula that measures strength of membership in the given class. In the Naive
Score Sum column., these scores are summed across classes. See “Saved Probability
Formulas”.

Naive Prob <Class> For each class, this column gives a formula for the conditional
probability that an observation is in that class. See “Saved Probability Formulas”.

Naive Predicted Formula <Y, Response> Gives the formula for the predicted class.

Publish Probability Formula Creates probability formulas and saves them as formula
column scripts in the Formula Depot platform. If a Formula Depot report is not open, this
option opens the Formula Depot window. See “Formula Depot”.

Profiler Shows or hides an interactive profiler report. Changes in the factor values are
reflected in the estimated classification probabilities. See Profilers.
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See Using [MP for more information about the following options:

Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.

Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.

Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.

JMP

PRO

Additional Example of Naive Bayes

You have historical financial data for 5,960 customers who applied for home equity loans.
Each customer was classified as being a Good Risk or Bad Risk. There is missing data on most
of the predictors. You want to construct a model to use in classifying the credit risk of future
customers.

1. Select Help > Sample Data Library and open Equity.jmp.

2. Select Analyze > Predictive Modeling > Naive Bayes.

3. Select BAD and click Y, Response.

One of the potential predictors, DEBTINC, has many missing values that might be
informative. However, naive Bayes is not prepared to handle large number of missing
values well, so you do not include DEBTINC in your model.

4. Select LOAN through CLNO and click X, Factor.
Select Validation and click Validation.
6. Click OK.



Chapter 8 Naive Bayes 149
Predictive and Specialized Modeling Statistical Details for the Naive Bayes Platform

Figure 8.8 Naive Bayes Report for BAD
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The Training, Validation, and Test sets show misclassification rates between 18% and 19%.
The confusion matrices for all of the sets suggest that the largest source of misclassification
is the classification of Bad Risk customers as Good Risk customers.

You are interested in the probabilities that customers with certain financial background
values are classified as High Risk.

7. Click the Naive Bayes red triangle and select Save Probability Formulas.
Three sets of columns are added to the data table.

— The three Naive Score columns contain naive score formulas for Good Risk, Bad Risk,
and the sum of both.

— The two Naive Prob columns contain probability formulas for Good Risk and Bad Risk.

— The Naive Predicted Formula Bad column contains a formula that assigns an
observation to the class for which the observation has the highest naive probability.

Use these formulas to score new customers. For more information about the formula
columns, see “Saved Probability Formulas”.

we Statistical Details for the Naive Bayes Platform

e “Algorithm”

e “Saved Probability Formulas”
ptio Algorithm
The naive Bayes method classifies an observation into the class for which its probability of

membership, given the values of its features, is highest. The method assumes that the features
are conditionally independent within each class.
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Denote the possible classifications by Cy, ..., Cx. Denote the features, or predictors, by X;, X,

e Xp
The conditional probability that an observation with predictor values xy, xy, ..., x, belongs in
the class Cj is computed as follows:

p
P(Cp T [P(x;|CP1|/(R)
j=1

P(Cl(xq,...,x ) = ,
k‘ 1 p K p

> | PCp| [T [P(xj|CP1|/R
k=1 i=1

where R is a regularization constant. In the formula above, the conditional probability that an
observation with Xj = ijelongs to the class Cy, P(le Cp), is determined as follows:

* If X;is categorical:

# of observations in x j C k

P(x. =
(x] ‘ Ck) # of observations in C K

o If Xj is continuous:
P(x.|C,) = —1—¢((x —m;)/s:)
T A

Here, ¢ is the standard normal density function, and m and s are the mean and standard
deviation, respectively, of the predictor values within the class C;.

The unconditional probability that an observation belongs in class C, P(Cy), is computed as

follows:

# of observations in C et (0.5/K)

Total # of observations + 0.5

An observation is classified into the class for which its conditional probability is the largest.

Note: In the formula for P(Cy), 0.5 is the prior bias factor. This value is the default value. To
change the prior default factor, go to File > Preferences > Platforms > Naive Bayes, select the
Prior Bias check box and change the value.
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pto Saved Probability Formulas

This section describes the formulas saved using the Save Probability Formula option. The
conditional probability that an observation with predictor values xy, x, ..., x,, belongs in the
class Cy differs slightly from that given by P(Cyl(xy,..., xp)), shown in the section “Algorithm”.
This is done for computational efficiency.

Naive Score Formulas

The Naive Score formula for a given class Cy, S(Cy), is a variation of the numerator in the
expression for P(Cyl(xy,..., xp)) and is computed as follows:

S5(Cy) = exp[In{P(Cy)} + Continuous + Categorical + In(R)]

The Naive Score formula is a combination of scores from continuous and categorical
predictors. Recall that R is a regularization constant. The continuous portion of the formula is
computed as follows:

P1
X — M,
Continuous = > {Normal Log Density[—LS—Lk] + ln(l/sjk)}
. ik
j=1

where
j=1,..., p; continuous predictors.

The categorical portion of the formula is computed as follows:

P2 Lr
Categorical = DR 1rlln(P(xrl|Ck))
r=1(1=1

where
r=1,...,p, categorical variables
I=1,.., L, levels of the r" categorical variable

1,;is an indicator variable that equals 1 when x,; is the 1M level of the i categorical
predictor and 0 otherwise
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Naive Score Sum Formulas
The Naive Score Sum formula, S, sums the Naive Score formulas over all classes. This is a

variation of the denominator in the expression for P(Cil(xy,..., Xp))-

K
S= 3 S(Cp
k=1

Naive Prob Formulas

The Naive Prob formula for a given class Cy equals P(Cy!(xy,..., xp)). In the JMP formulas,

P(Ck|(x1, ...,xp)) = —

Naive Predicted Formula

The Naive Predicted Formula for an observation classifies that observation into the class for
which P(Cil(xy,..., x)) is the largest. This is equivalent to classifying an observation into the
class for which its Naive Score formula is the largest.
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The Support Vector Machines platform is available only in JMP Pro.

In JMP Pro, the Support Vector Machines (SVM) platform provides a machine learning tool for
both nonlinear regression and classification. The SVM algorithm is a supervised learning
algorithm that uses the training data to build a model to predict or classify new observations.

If you have a categorical response, you can visualize the model classification in the Response
Profile Plot. The SVM platform also provides misclassification rates, confusion matrices, and
ROC and Lift curves to help you determine how well your model fits the data. If you have a
continuous response, fit statistics and actual by predicted plots are used to determine how
well the model fits the data.

Figure 9.1 Response Profile Plot

£ ~|Response Profile Plot

Factor Current X
Sepal length ¢ ( ) 5.8433
Petal length ¢ ( ) 3.758
Sepal width ¢ $: ) 3.0573
Petal width ¢ ( ) 1.1993

Legend
Species = setosa
5 Species = versicolor
Species = virginica

Petal length |4

5 6 7
Sepal length ™
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w Overview of Support Vector Machines

A support vector machine (SVM) model is a supervised learning algorithm that is used to
predict or classify new observations. A model is fit on a set of training data where the
responses are known. Then, the model is used to predict the responses of new observations.

When the response is categorical, SVM models classify data by optimizing a hyperplane that
separates the classes. This can also be viewed as finding the hyperplane that maximizes the
margin between the classes. In simple problems, this hyperplane is linear. However, more
complicated data often cannot be separated linearly. For these scenarios, the SVM platform
provides the option to use a radial basis function kernel to map the points to a nonlinear
dimension that can make the classes easier to separate.

When the response is continuous, the models that are fit are known as support vector
regression (SVR) models. In a typical regression problem, the goal is to fit a model that
minimizes the error between a predicted response and the actual response. In an SVR
problem, the goal is to fit a model such that the error between a predicted response and the
actual response falls within a range of -¢ to €. This provides a more flexible fit. In JMP Pro, € is
equal to 0.1. The SVR algorithm doubles the data by creating two classes, Y + e and Y - &. Then
the same algorithm that is used for the classification problem is also used for the prediction
(SVR) problem.

The maximization in SVM algorithms is performed by solving a quadratic programming
problem. In JMP Pro, the algorithm used by the SVM platform is based on the Sequential
Minimal Optimization (SMO) algorithm introduced by John Platt in 1998. Typically, the SVM
quadratic programming problem is very large. The SMO algorithm splits the overall quadratic
programming problem into a series of smaller quadratic programming problems. Smaller
quadratic programming problems are solved analytically instead of numerically, meaning
they produce closed-form solutions. Therefore, the SMO algorithm is more efficient than
solving the overall quadratic programming problem (Platt 1998).

w Example of Support Vector Machines

You have baseline medical data for 442 diabetic patients. You also have a binary measure of
diabetes disease progression obtained one year after each patient’s initial visit. This measure
quantifies disease progression as either Low or High. You want to construct a classification
model to predict the disease progression for future patients as High or Low. You explore both
kernel function options.

1. Select Help > Sample Data Library and open Diabetes.jmp.

2. Select Analyze > Predictive Modeling > Support Vector Machines.
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3. Select Y Binary and click Y, Response.

4. Select Age through Glucose and click X, Factor.

5. Select Validation and click Validation.

6. Click OK.

7. In the Model Launch control panel, check that the kernel function is a Radial Basis

Function and select Tuning Design.

*®

Enter 10 next to Number of Runs.

9. Click Go.

10. Click the gray triangle next to Model Launch to open the Model Launch control panel.
11. Change the kernel function to a Linear function and select Tuning Design.

12. Enter 10 next to Number of Runs.

13. Click Go.

Figure 9.2 Model Comparison Report

< Medel Comparison

Training Validation Validation Probability Threshold Validation

Show Method Kernel Function Cost Gamma #5V  Misclassification Rate  Misclassification Rate ~ Generalized RSquare Threshold  Misclassification Rate  Best
O Medel 1 Radial Basis Function 2.57061  0.43877 251 0.00324 0.23564 0.00838 0.39079 0.23364
O Medel 2 Radial Basis Function 3.04271  0.31899 218 0.01294 0.28571 -0.4206 0.23223 0.28571
O Medel 3 Radial Basis Function 3.93906  0.46899 255 0.00324 0.28571 -0.0081 053372 0.28571
O Model 4 Radial Basis Function ~ 1.073  0.27968 208 0.0712 0.21805 0.22138 0.17372 0.21805
O Model 5 Radial Basis Function 0.41677 0.0281 156 0.15534 0.18797 0.50483 0.36015 0.18797
O Model 6  Radial Basis Function 0.23269  0.39898 246 0.26861 0.28571 0.22323 6ie-8 0.28571
O Model 7 Radial Basis Function  4.8013  0.15144 167 0.05178 0.2782 -04245 0.26219 0.2782
O Meodel & Radial Basis Function 3.31202  0.20293 181 0.04207 0.28571 -0.454 0.22753 0.28571
O Medel 9 Radial Basis Function  4.2693  0.06093 140 0.11974 0.19549 0.42841 032812 0.19549
O Model 10 Radial Basis Function 1.87641 0.0919 150 0.13269 0.21053 042499 0.30598 0.21033
O Model 11 Linear 4.42735 5 122 0.17476 0.17293 0.51943 047722 0.17263
O Model 12 Linear 4.99046 . 123 0.16828 0.17292 0.52037 0.47551 0.17293
O Model 13 Linear 3.8272 . 123 0.17476 0.17292 0.51923 0.47763 0.17293
O Model 14 Linear 2.74788 5 124 0.17132 0.17293 0.51724 0.48019 0.17293
O Medel 15 Linear 3.22207 5 123 0.17476 0.17293 0.51851 0.47842 0.17233
O Medel 16 Linear 129304 5 124 0.17132 0.17293 0.51518 04813 0.17293
O Model 17  Linear 1.74671 5 124 0.16828 0.17293 0.51557 048143 0.17233
O Model 18  Linear 0.83575 5 123 0.16305 0.15789 0.51498 0.48207 0.15789
O Model 19  Linear 2.22 . 125 0.17152 0.17292 0.51579 0.48255 0.17293
Medel 20 Linear 0.04975 . 138 01554 0.14286 0.52302 0.41946 0.14286 Smallest...

The Model Comparison report shows that the best model in terms of misclassification rate
and RSquare is Model 20. This model has a linear kernel function with cost parameter
0.04975. This is the model to further analyze.
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Figure 9.3 Model Report for Best Fitting Model

£ =/ Support Vector Machine Model 20

< Model Summary

Response Y Binary
Validation Methed Validaticn Celumn
Kernel Functicn Linear

Measure

Number of rows

Sum of Frequencies
Misclassificaticn Rate

< Estimation Details
Cost 0.05

Training Validation

309 133
309 133
0.1553398 0.1428571
133 133

Number of Support Vectors

4 Fit Details
Measure
Entropy RSquare
Generalized RSquare
Mean -Log p
RASE
Mean Abs Dev
Misclassificaticn Rate
N

< Confusion Matrix
[ Set Probability Threshold

0.3855
0.5257
0.3576
0.3405
0.2311
0.1715
309

Training Validation Definition

0.3795 1-Loglike(model)/Loglike(0)

0.5230 (1-(L{0)/L{model)}*(2/n))/(1-LIO)*2/n)
0.3712 3 -Log(p[jl)/n

03404 ¥ Tly{jl-pD¥n

02453 3 ly(il-p[l/n

0.1579 3 (pljlzpMax)/n

133 n

< Training £ Validation
Predicted Misclassification Predicted Misclassification
Actual Rate Rate Actual Rate Rate
YBinary Low High 01553 | ¥Binary Low High 0.1429
Low 0.960 0.040 Low 0.926 0.074
High 0470 0.530 High 0316 0.684
Predicted Predicted
Actual Count Actual Count
YBinary Low High YBinary Low High
Low 217 ] Low 38 7
High 30 44 High 12 26

The Model Summary report shows that the misclassification rates for the training and

157

validation sets are very similar. This is a good indication that the model did not overfit the

data. The confusion matrices provide more information about the types of observations

that are misclassified by the model. In the confusion matrices, the upper left corner shows
that the model correctly categorizes the Low responses most of the time (96% in training

and 92.6% in validation). However, fewer of the High responses are correctly categorized
(53% in training and 68.4% in validation). Therefore, most of the misclassifications are the
High responses being misclassified as Low.

w Launch the Support Vector Machines Platform

Launch the Support Vector Machines (SVM) platform by selecting Analyze > Predictive

Modeling > Support Vector Machines.

Launching the SVM platform is a two-step process. First, enter your variables on the SVM

launch window. Second, specify your options in the Model Launch control panel.
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po The Support Vector Machines Launch Window

Use the SVM launch window to specify your response and model factors. If used, validation
and by columns are also specified in the launch windows.

Figure 9.4 Support Vector Machines Launch Window

Predicts a response based on the support vecters in the space of the X variables.
Select Columns Cast Selected Columns into Roles Action

*114 Columns
f : Binary X, Factor || required Cancel
ol ¥ Ordinal oplona
A Age
th Gender
4 BMI Freq gptional numeric Recall
8P Validation || optional numeric L
dll Total Cholesterol
4 1oL By optional
4 HDL

4 TCH

4L

dll Glucose

A Validation

Response|| required 0K

Rermove

For more information about the options in the Select Columns red triangle menu, see Using
JMP.

The Support Vector Machines launch window provides the following options:

Y, Response The response variable that you want to analyze.

X, Factor The predictor variables.

Freq A column whose numeric values assign a frequency to each row in the analysis.

Validation A numeric column that defines the validation sets. See “Validation Method”. If
you click the Validation button with no columns selected in the Select Columns list, you
can add a validation column to your data table. For more information about the Make
Validation Column utility, see “Make Validation Column”.

By A column or columns whose levels define separate analyses. For each level of the
specified column, the corresponding rows are analyzed using the other variables that you
have specified. The results are presented in separate reports. If more than one By variable
is assigned, a separate report is produced for each possible combination of the levels of the
By variables.
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pio Model

Launch Control Panel

When you click OK in the launch window, the Support Vector Machine report window
appears, showing a Model Launch control panel for fitting models. Use the Model Launch
control panel to specify the kernel function and associated parameter values, as well as the
validation method.

Figure 9.5 The Model Launch Control Panel

£ =/ Support Vector Machine
< Model Launch

Kernel Function

Radial Basis Function *

[] Tuning Design

Cost

Gamma 0.1

1

Validation Method

MNeone =

The Model Launch control panel contains the following options:

Kernel Function Specifies the kernel function used in the model. Choose from the following
kernel functions:

Radial Basis Function Selects the radial basis function kernel to create a nonlinear

hyperplane to separate the classes.

The Cost parameter is the penalty associated with misclassifying an observation in the
training set. A higher cost parameter implements an algorithm that is less likely to
misclassify a point in the training set, whereas a lower cost parameter produces a wider
margin. The Cost parameter must be greater than 0, and the default value is 1.

The Gamma parameter is the parameter in the kernel function. This parameter
determines the amount of curvature there is to the decision line; a higher Gamma value
indicates more curvature. A nonlinear decision line provides a more flexible fit, but too
much curvature can lead to overfitting. The Gamma parameter must be greater than 0,
and the default value is 1/(# of predictors).

Linear Selects the linear kernel function to create a linear hyperplane to separate the

classes.

The Cost parameter is the penalty associated with misclassifying an observation in the
training set. A higher cost parameter implements an algorithm that is less likely to
misclassify a point in the training set, whereas a lower cost parameter produces a wider
margin. The Cost parameter must be greater than 0, and the default value is 1.
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Note: If you specify parameter values that are out of range, the default values are used.

Tip: To find the best fitting model, fit a range of kernel functions and parameter values and
use the Model Comparison report.

Tuning Design Enables you to fit a range of parameter values for the specified kernel.
The models with the largest RSquare and the smallest Misclassification Rate or RASE
are identified in the Model Comparison report. After you select Tuning Design, you
must specify minimum and maximum values for the parameters. Default values are
provided based on the data and the minimum must be greater than zero. You must also
specify a value for the Number of Runs. The SVM platform fits that many models over
a grid of parameter values determined by the minimum and maximum values.

Validation Method Specifies the model validation method. When you click the Go button for
the first time, the first SVM model is fit using the specified validation method. This
Validation Method is then used for all SVM models fit from within the SVM window. This
ensures that all models in the report window are fit using the same validation method and
validation set.

Holdback Randomly divides the original data into training and validation sets. You can
specify the proportion of the original data to use as the validation set (holdback).

KFold (Available only when Y is continuous or nominal.) Randomly divides the original
data into K subsets. In turn, each of the K sets is used to validate the model fit on the
rest of the data, fitting a total of K models. If Y is continuous, the model that has the
best validation RASE statistic is chosen as the final model. If Y is nominal, the model
that has the best validation misclassification rate is chosen as the final model.

Validation Column (Available only if you specified a Validation column in the launch
window.) Uses the values in the specified Validation column to divide the data into
parts. The column’s values determine how the data are split, and what method is used
for validation:

— If there are two values, the smaller value defines the training set and the larger value
defines the validation set.

— If there are three values, these values define the training, validation, and test sets in
order of increasing size.

— If the validation column has more than three levels, then Validation Column K Fold is
used.

The SVM platforms uses the validation column to train and evaluate the model, unless
a Tuning Design is used. If the Tuning Design option is selected, the SVM platform uses
the validation column to train and tune the model or to train, tune, and evaluate the
model. For more information about validation, see “Validation in JMP Modeling”.
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Note: If the validation column does not lead to a valid partition of the data, the
Holdback validation method is used instead.

Validation Column K Fold (Available only when the Y, Response column has exactly two
levels and a Validation column is specified in the launch window.) Uses the values in
the specified Validation column to divide the data into K sets, where K is the number of
unique values in the column. Then, K-Fold validation is performed.

None No validation used.

Go Fits the specified SVM model and shows the model report.

Note: If you have a large data table, a progress bar is shown for each model that is fit to
the data. The total number of models fit is k!/2(k-2)!, where k is the number of levels of the
response variable. Each progress bar has an Accept Current Estimates button. Click this
button if you want to stop the fitting algorithm early and accept the current estimates.
Because prediction calculations are performed after you click this button, it may take some
time for the report to appear.

Missing Values

Rows that contain any missing predictor values are not included in the SVM modeling
procedure. Therefore, any columns saved to the data table will contain missing values in those
rows. If you want to include data with missing values in an SVM model, some form of
preprocessing is required. See “Explore Missing Values Utility”.
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w The Support Vector Machine Report

When you click Go in the Model Launch control panel, a Model Comparison report appears
above the control panel and a model report appears below the control panel. The model
reports are numbered sequentially. Each time a new model is fit, it is added to the Model
Comparison report and a new model report is added to the window. See “Model Comparison
Report” and “Support Vector Machine Model Report”. Click on the column headings to sort
the models by any of the columns in the Model Comparison report. The first click sorts in
ascending order; click the column heading a second time to sort in descending order.

po Model Comparison Report

The Model Comparison Report contains the following information:

Show A check box that indicates whether the Support Vector Machine Model report for the
corresponding fit should appear in the report window.

Method The model number.
Kernel Function The kernel function for the corresponding model.
Cost The value of the cost parameter for the corresponding model.

Gamma The value of the gamma parameter for the corresponding model. If the model uses a
linear kernel, this value is missing.

# SV The number of support vectors used in the corresponding model.

Training Misclassification Rate (Appears only if the response is categorical.) The
misclassification rate for the observations in the training set. This rate is based on the
classification decision rule that is calculated by the platform.

Validation Misclassification Rate (Appears only if the response is categorical and validation
is used.) The misclassification rate for the observations in the validation set. This rate is
based on the classification decision rule that is calculated by the platform.

Test Misclassification Rate (Appears only if the response is categorical and a test set is
specified using a validation column.) The misclassification rate for the observations in the
test set. This rate is based on the classification decision rule that is calculated by the
platform.

Training RASE (Appears only if the response is continuous.) The square root of the mean
squared prediction error (Root Average Square Error) for the observations in the training
set. See “RASE”.
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Validation RASE (Appears only if the response is continuous and validation is used.) The
square root of the mean squared prediction error (Root Average Square Error) for the
observations in the validation set. See “RASE”.

Test RASE (Appears only if the response is continuous and a test set is specified using a
validation column.) The square root of the mean squared prediction error (Root Average
Square Error) for the observations in the test set. See “RASE”.

Validation Generalized RSquare (Appears only if validation is used.) The Generalized
RSquare value for observations in the validation set. See “Fit Details”.

Probability Threshold (Appears only if the response is binary and validation is used.) The
cutoff probability determined by the classification decision rule that is calculated by the
platform. An observation is classified into the target level when its predicted probability
exceeds this value.

Tip: You can change this value by using the Set Probability Threshold option in the
Confusion Matrix report. See “Confusion Matrix”.

Conditional Validation Misclassification Rate (Appears only if the response is binary and
validation is used.) The misclassification rate for the observations in the validation set,
conditioned on the probability threshold value.

Best Indicates which model fit has the smallest misclassification rate. If validation is used
without a test set, this is the model with the smallest validation misclassification rate. If
validation is used with a test set, this is the model with the smallest test misclassification
rate.

Model Comparison Plot

Shows a contour plot of the model performance of the validation set over the grid of
parameter values. This report is available only if Tuning Design is specified in the Model
Launch Control Panel.

pio Support Vector Machine Model Report

Response Profile Plot (Available only when the response is categorical.) Gives a visual
representation of the classification model. The points on the plot are the actual data
observations and are on by default only when there are exactly two continuous variables.
For the two variables plotted, the shaded contours represent a plane of the prediction
space determined by fixed values of the remaining model factors. The predictions are
based on the classification decision rule that is calculated by the platform. Controls for the
fixed values are located above the plot. When you change the fixed values of the factors,
using either the slider or number box, the prediction space for the plotted variables is
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automatically updated. You can also change the axes of the plot to display any continuous
factor using the red triangles on each axis.

The Response Profile Plot red triangle menu contains the following options:

Grid Density Determines the fineness of the prediction grid underlying the shaded
contours. A higher grid density provides a smoother decision line.

Show Points Shows or hides the points on the plot. On by default when there are only
two variables.

Model Summary Gives the name of the response column, the validation method, and the
type of kernel function used in the model fit. The Model Summary table also contains
information about the model fit for the training, validation, and test sets. The number of
observations and the number of support vectors are reported for each set. If the response is
categorical, the misclassification rate is reported for each set. The misclassification rate is
the proportion of observations misclassified by the model. This is calculated as the number
of misclassifications divided by the total number of observations. If the response is
continuous, the RASE and R Square values are reported for each set.

Estimation Details Gives the values of the parameters used in the model.

Fit Details (Available only if the response is categorical.) Gives the following statistics for the
training set, and for the validation and test sets if they are specified:

Entropy RSquare A measure of fit that compares the log-likelihoods from the fitted
model and the constant probability model. Entropy RSquare ranges from 0 to 1, where
values closer to 1 indicate a better fit. See “Entropy RSquare”.

Generalized RSquare A measure that can be applied to general regression models. It is
based on the likelihood function L and is scaled to have a maximum value of 1. The
Generalized RSquare measure simplifies to the traditional RSquare for continuous
normal responses in the standard least squares setting. Generalized RSquare is also
known as the Nagelkerke or Craig and Uhler R?, which is a normalized version of Cox
and Snell’s pseudo R%. See Nagelkerke (1991). Values closer to 1 indicate a better fit.

Mean -Log p The average of -log(p), where p is the fitted probability associated with the
event that occurred. Smaller values indicate a better fit.

RASE The square root of the mean squared prediction error (Root Average Square Error).
RASE is computed as follows, where Source indicates the Training, Validation, or Test

set.
SSE
_ Source
RASESource - A/ n
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Mean Abs Dev The average of the absolute values of the differences between the
response and the predicted response. The differences are between 1 and p, the fitted
probability for the response level that actually occurred. Smaller values indicate a
better fit.

Misclassification Rate The rate for which the response category with the highest fitted
probability is not the observed category.

Note: The misclassification rates in the Fit Details report might not match the
misclassification rates in the Confusion Matrix report. When the response is binary, the
rates in the Fit Details report use a probability cutoff of 0.5, but the rates in the
Confusion Matrix report use the probability threshold value as the cutoff.

N The number of observations.

Confusion Matrix (Available only if the response is categorical.) A confusion matrix is shown
for each set (training, validation, and test) specified in the model. A confusion matrix is a
two-way classification of actual and predicted responses. Use the confusion matrices and
the misclassification rates to evaluate your model.

The confusion matrices and the misclassification rates use the value in the probability
threshold box as the cutoff value. By default, this value is based on the classification
decision rule that is calculated by the platform. You can change the cutoff value by
dragging the slider or entering a new value in the box next to Probability Threshold. If you
change the probability threshold, the confusion matrices and misclassification rates
automatically update. The probability threshold and conditional validation
misclassification rate columns in the Model Comparison report are also updated.

Actual by Predicted Plot (Available only if the response is continuous.) Plots the actual
response versus the predicted response. The diagonal line is the Y = X line. The closer the
points are to this line, the better the model fits the data. When validation is used, plots are
shown for the training, validation, and, if specified, test sets.

w Support Vector Machines Platform Options

See Using [MP for more information about the following options:

Local Data Filter Shows or hides the local data filter that enables you to filter the data used
in a specific report.

Redo Contains options that enable you to repeat or relaunch the analysis. In platforms that
support the feature, the Automatic Recalc option immediately reflects the changes that
you make to the data table in the corresponding report window.
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Save Script Contains options that enable you to save a script that reproduces the report to
several destinations.

Save By-Group Script Contains options that enable you to save a script that reproduces the
platform report for all levels of a By variable to several destinations. Available only when a
By variable is specified in the launch window.

Support Vector Machine Model Report Options

Each Support Vector Machine Model report contains the following options:

Response Profile Plot (Available only if the response is categorical.) Shows or hides the
Response Profile Plot.

Support Vector Coefficients Shows or hides the table of support vector coefficients. Select
rows in the table to highlight the support vectors in the original data table and the
Response Profile Plot.

Confusion Matrix (Available only if the response is categorical.) Shows or hides the
confusion matrix. See “Confusion Matrix”.

ROC Curve (Available only if the response is categorical.) Shows or hides the ROC Curve. If
you use validation, ROC Curves for the validation and, if specified, test sets appear in
addition to the curve for the training set. For more information, see “ROC Curve”.

Lift Curve (Available only if the response is categorical.) Shows or hides the Lift Curve. If
you use validation, Lift Curves for the validation and, if specified, test sets appear in
addition to the curve for the training set. For more information, see “Lift Curve”.

Plot Actual by Predicted (Available only if the response is continuous.) Shows or hides a
plot of the actual values versus the predicted values.

Plot Residual by Predicted (Available only if the response is continuous.) Show or hides a
plot of the residuals versus the predicted values.

Profiler Shows or hides the Prediction Profiler. Each response level is represented by a
separate row in the Prediction Profiler. For more information about the options in the red
triangle menu, see Profilers.

Contour Profiler (Available only when the model contains more than one continuous factor.)
Shows or hides the Contour Profiler. For more information about the options in the red
triangle menu, see Profilers.

Surface Profiler (Available only when the model contains at least one continuous factor.)
Shows or hides a surface profiler. For more information about the options in the red
triangle menu, see Profilers.
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Save Predicteds Saves the predicted classifications based on the threshold probability cutoff
value to the data table in a column called Predicted <Y, Response>.

Save Prediction Formula Saves the prediction formulas based on the threshold probability
cutoff value to the data table. If the response is binary, a single prediction formula column
is added to the data table. If the response has more than two levels, a prediction formula
column is added to the data table for each pairwise model, in addition to a formula
column for the final prediction.

Publish Prediction Formula Creates probability formulas based on the threshold probability
cutoff value and saves them as formula column scripts in the Formula Depot platform. If a
Formula Depot report is not open, this option opens the Formula Depot window. See
“Formula Depot”.

Save Probabilities Saves the probability of each response level as a separate column in the
data table, as well as a column called Most Likely <Y, Response>.

Save Probability Formula (Available only if the response is binary.) Saves the following
formula columns to the data table:

Decision Value A hidden column that contains the formula for the decision value.
Probability Two probability formula columns, one for each level of the binary response.
Most Likely The predicted classification based on which probability value is higher.

Threshold Predicted The predicted classification based on the threshold probability
cutoff value obtained from the confusion matrix. By default, this value is based on the
classification decision rule that is calculated by the platform. If the threshold value is
changed to 0.5, the Threshold Predicted column is not saved to the data table because it
would be equivalent to the Most Likely column.

Publish Probability Formula (Available only if the response is binary.) Creates probability
formulas and s