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Chapter 1

Learn about JMP

Documentation and Additional Resources

This chapter includes the following information:

book conventions

JMP documentation
JMP Help

additional resources, such as the following;:

other JMP documentation
tutorials

indexes

Web resources

technical support options
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Formatting Conventions Basic Analysis

Formatting Conventions

The following 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 font.

Code appears in Lucida Sans Typewriter font.

Code output appears in Lucida Sans Typewriter italic font and is indented farther than
the preceding code.

Helvetica bold formatting 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

— script output

Features that are for JMP Pro only are noted with the JMP Pro icon #‘ﬂ’o . For an overview
of JMP Pro features, visit http://www.jmp.com/software/pro/.

Note: Special information and limitations appear within a Note.

Tip: Helpful information appears within a Tip.


http://www.jmp.com/software/pro/
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JMP Documentation

JMP offers documentation in various formats, from print books and Portable Document
Format (PDF) to electronic books (e-books).

Open the PDF versions from the Help > Books menu.

All books are also combined into one PDF file, called JMP Documentation Library, for
convenient searching. Open the JMP Documentation Library PDF file from the Help > Books

menu.

You can also purchase printed documentation and e-books on the SAS website:

http://www.sas.com/store/search.ep?keyWords=]MP

JMP Documentation Library

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

Document Title

Discovering JMP

Using JMP

Basic Analysis

Document Purpose

If you are not familiar
with JMP, start here.

Learn about JMP data
tables and how to
perform basic
operations.

Perform basic analysis
using this document.

Document Content

Introduces you to JMP and gets you
started creating and analyzing data.

Covers general JMP concepts and
features that span across all of JMP,
including importing data, modifying
columns properties, sorting data, and
connecting to SAS.

Describes these Analyze menu platforms:

¢ Distribution
e FitYbyX

e Tabulate

e 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.


http://www.sas.com/store/search.ep?keyWords=JMP
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Document Title

Essential Graphing

Profilers

Design of
Experiments Guide

Document Purpose

Find the ideal graph
for your data.

Learn how to use
interactive profiling
tools, which enable you
to view cross-sections
of any response
surface.

Learn how to design
experiments and
determine appropriate
sample sizes.

Chapter 1
Basic Analysis

Document Content

Describes these Graph menu platforms:

® Graph Builder
* Opverlay Plot

® Scatterplot 3D
¢ Contour Plot

¢ DBubble Plot

¢ Parallel Plot

e Cell Plot

e Treemap

® Scatterplot Matrix
* Ternary Plot

* Chart

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

Covers all profilers listed in the Graph
menu. Analyzing noise factors is
included along with running simulations
using random inputs.

Covers all topics in the DOE menu and
the Specialized DOE Models menu item
in the Analyze > Specialized Modeling
menu.
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Document Title Document Purpose Document Content

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:

* Standard Least Squares
e Stepwise

* Generalized Regression
* Mixed Model

* MANOVA

¢ Loglinear Variance

¢ Nominal Logistic

¢ Ordinal Logistic

e Generalized Linear Model
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Document Title Document Purpose Document Content
Predictive and Learn about additional = Describes these Analyze > Predictive
Specialized Modeling ~ modeling techniques. Modeling menu platforms:

* Modeling Utilities

* Neural

¢ DPartition

¢ Bootstrap Forest

* Boosted Tree

* K Nearest Neighbors
* Naive Bayes

* Model Comparison

e Formula Depot

Describes these Analyze > Specialized
Modeling menu platforms:

e Fit Curve

¢ Nonlinear

e Gaussian Process
e Time Series

e Matched Pairs

Describes these Analyze > Screening
menu platforms:

¢ Response Screening
® Process Screening
® Predictor Screening

® Association Analysis

The platforms in the Analyze >
Specialized Modeling > Specialized DOE
Models menu are described in Design of
Experiments Guide.
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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.
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Document Content

Describes these Analyze > Multivariate
Methods menu platforms:

e Multivariate
* Principal Components
¢ Discriminant

e Partial Least Squares

Describes these Analyze > Clustering
menu platforms:

e Hierarchical Cluster
¢ K Means Cluster

¢ Normal Mixtures

e Latent Class Analysis

e (Cluster Variables

Describes these Analyze > Quality and
Process menu platforms:

e Control Chart Builder and individual
control charts

¢ Measurement Systems Analysis

e Variability / Attribute Gauge Charts
® Process Capability

¢ Pareto Plot

¢ Diagram
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Document Title

Reliability and
Survival Methods

Consumer Research

Scripting Guide

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).

Chapter 1
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Document Content

Describes these Analyze > Reliability and
Survival menu platforms:

¢ Life Distribution

e FitLife by X

¢ Cumulative Damage
® Recurrence Analysis

¢ Degradation and Destructive
Degradation

¢ Reliability Forecast

* Reliability Growth

¢ Reliability Block Diagram

* Repairable Systems Simulation
* Survival

¢ Fit Parametric Survival

¢ Fit Proportional Hazards

Describes these Analyze > Consumer
Research menu platforms:

¢ Categorical
* Multiple Correspondence Analysis
* Multidimensional Scaling

e Factor Analysis

e Choice
e  MaxDiff
e Uplift

¢ Item Analysis

Covers a variety of topics, such as writing
and debugging scripts, manipulating
data tables, constructing display boxes,
and creating JMP applications.
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Document Title Document Purpose Document Content
JSL Syntax Reference  Read about many JSL Includes syntax, examples, and notes for

functions on functions  JSL commands.
and their arguments,

and messages that you

send to objects and

display boxes.

Note: The Books menu also contains two reference cards that can be printed: The Menu Card
describes JMP menus, and the Quick Reference describes JMP keyboard shortcuts.

JMP Help

JMP Help is an abbreviated version of the documentation library that provides targeted
information. You can open JMP Help in several ways:

On Windows, press the F1 key to open the Help system window.

Get help on a specific part of a data table or report window. Select the Help tool 2 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.

Search and view JMP Help on Windows using the Help > Help Contents, Search Help, and
Help Index options. On Mac, select Help > JMP Help.

Search the Help at http://jmp.com/support/help/ (English only).

Additional Resources for Learning JMP

In addition to JMP documentation and JMP Help, you can also learn about JMP using the
following resources:

Tutorials (see “Tutorials” on page 28)

Sample data (see “Sample Data Tables” on page 28)

Indexes (see “Learn about Statistical and JSL Terms” on page 28)
Tip of the Day (see “Learn JMP Tips and Tricks” on page 28)

Web resources (see “JMP User Community” on page 29)

JMPer Cable technical publication (see “JMPer Cable” on page 29)
Books about JMP (see “JMP Books by Users” on page 30)

JMP Starter (see “The JMP Starter Window” on page 30)


http://jmp.com/support/help/
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* Teaching Resources (see “Sample Data Tables” on page 28)

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, then 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\JMP\13\Samples\Data
On Macintosh: \Library\Application Support\JMP\13\Samples\Data

In JMP Pro, sample data is installed in the JMPPRO (rather than JMP) directory. In JMP
Shrinkwrap, sample data is installed in the JMPSW 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 http://jmp.com/tools.

Learn about Statistical and JSL Terms

The Help menu contains the following indexes:
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.

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.


http://jmp.com/tools
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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. See the Using JMP
book for details.

Tooltips

JMP provides descriptive tooltips when you place your cursor over items, such as the
following:

* Menu or toolbar options

e Labels in graphs

e 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 Macintosh.

JMP User Community

The JMP User Community provides a range of options to help you learn more about JMP 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/.

JMPer Cable

The JMPer Cable is a yearly technical publication targeted to users of JMP. The JMPer Cable is
available on the JMP website:

http://www.jmp.com/about/newsletters/jmpercable/


https://community.jmp.com/
http://www.jmp.com/about/newsletters/jmpercable/
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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:

http://www.jmp.com/en_us/software/books.html

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 the Macintosh) > 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
Macintosh, select JMP > Preferences > Initial JMP Starter Window.

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 http://www jmp.com/support, including the
technical support phone number.


http://www.jmp.com/en_us/software/books.html
http://www.jmp.com/support
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Overview of Fundamental Analysis Methods

This book describes the initial types of analyses that you often perform in JMP:

The Distribution platform illustrates the distribution of a single variable using histograms,
additional graphs, and reports. Once you know how your data is distributed, you can plan
the appropriate type of analysis going forward. See Chapter 3, “Distributions”.

The Fit Y by X platform analyzes the pair of X and Y variables that you specify, by context,
based on modeling type. See Chapter 4, “Introduction to Fit Y by X”. The four types of
analyses include:

— The Bivariate platform, which analyzes the relationship between two continuous X
variables. See Chapter 5, “Bivariate Analysis”.

— The Oneway platform, which analyzes how the distribution of a continuous Y variable
differs across groups defined by a categorical X variable. See Chapter 6, “Oneway
Analysis”.

— The Contingency platform, which analyzes the distribution of a categorical response
variable Y as conditioned by the values of a categorical X factor. See Chapter 7,
“Contingency Analysis”.

— The Logistic platform, which fits the probabilities for response categories (Y) to a
continuous X predictor. See Chapter 8, “Logistic Analysis”.

The Tabulate platform interactively constructs tables of descriptive statistics. See Chapter
9, “Tabulate”.

The Simulate feature provides parametric and nonparametric simulation capability. See
Chapter 10, “Simulate”.

Bootstrap analysis approximates the sampling distribution of a statistic. The data is
re-sampled with replacement and the statistic is computed. This process is repeated to
produce a distribution of values for the statistic. See Chapter 11, “Bootstrapping”.

The Text Explorer platform enables you to categorize and analyze unformatted text data.
You can use regular expressions to clean up the data before you proceed to analysis. See
Chapter 12, “Text Explorer”.
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Distributions
Using the Distribution Platform

The Distribution platform illustrates the distribution of a single variable using histograms,
additional graphs, and reports. The word univariate simply means involving one variable
instead of two (bivariate) or many (multivariate). However, you can examine the distribution
of several individual variables within a report. The report content for each variable changes
depending on whether the variable is categorical (nominal or ordinal) or continuous.

Once you know how your data is distributed, you can plan the appropriate type of analysis
going forward.

The Distribution report window is interactive. Clicking on a histogram bar highlights the
corresponding data in any other histograms and in the data table. See Figure 3.1.

Figure 3.1 Example of the Distribution Platform
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- name age Sex height | weight
1 | KATIE 12 F 59 95
2 | LOUISE 12 F &1 123
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9 | BARBARA 13 4= Distributions
10 | ALICE 13 F  4i~lage 4 = height
11 | BUSAN 13 F
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Overview of the Distribution Platform

The treatment of variables in the Distribution platform is different, depending on the
modeling type of the variable, which can be categorical (nominal or ordinal) or continuous.

Categorical Variables

For categorical variables, the initial graph that appears is a histogram. The histogram shows a
bar for each level of the ordinal or nominal variable. You can also add a divided (mosaic) bar
chart.

The reports show counts and proportions. You can add confidence intervals and test the
probabilities.

Continuous Variables

For numeric continuous variables, the initial graphs show a histogram and an outlier box plot.
The histogram shows a bar for grouped values of the continuous variable. The following
options are also available:

¢ quantile box plot
* normal quantile plot
* stem and leaf plot

e CDF plot

The reports show selected quantiles and summary statistics. Report options are available for
the following:

* saving ranks, probability scores, normal quantile values, and so on, as new columns in the
data table

* testing the mean and standard deviation of the column against a constant you specify
¢ fitting various distributions and nonparametric smoothing curves
* performing a capability analysis for a quality control application

e confidence intervals, prediction intervals, and tolerance intervals

Example of the Distribution Platform

Suppose that you have data on 40 students, and you want to see the distribution of age and
height among the students.

1. Select Help > Sample Data Library and open Big Class.jmp.
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2. Select Analyze > Distribution.

3. Select age and height and click Y, Columns.
4.

Figure 3.2 Example of the Distribution Platform

4

From the histograms, you notice the following:

Click on the bar for 50 in the height histogram to take a closer look at the potential outliers.

Click OK.

~ Distributions
4 (v age
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4 Frequencies

Level Count
12 8
13 7
14 12
15 7
16 3
17 3
Total 40
N Missing
6 Levels

Prob
0.20000
0.17500
0.30000
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0.07500
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0
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N |

£ =/ Summary Statistics

Mean 6255
Std Dev 4.2423385
Std Err Mean 0.6707726
Upper 95% Mean 63.906766
Lower 95% Mean 61.193234
N 40

£ Quantiles
100.0% maximum 70
99.5% 70
97.5% 69.975
90.0% 68
75.0% quartile 65
50.0% median 63
25.0% quartile 60.25
10.0% 56.2
2.5% 51.025
0.5% 51
0.03%  minimum 51

The ages are not uniformly distributed.

Distributions
Example of the Distribution Platform

For height, there are two points with extreme values (that might be outliers).

The corresponding ages are highlighted in the age histogram. The potential outliers are

age 12.

The corresponding rows are highlighted in the data table. The names of the potential

outliers are Lillie and Robert.

35
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Launch the Distribution Platform

Add labels to the potential outliers in the height histogram.

1. Select both outliers.

2. Right-click on one of the outliers and select Row Label.

Label icons are added to these rows in the data table.

3. Resize the box plot wider to see the full labels.

Figure 3.3 Potential Outliers Labeled
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Launch the Distribution Platform

Launch the Distribution platform by selecting Analyze > Distribution.

Figure 3.4 The Distribution Launch Window

The distribution ofvalues in each column

Select Columns

~thkname
Slage
thsex
dneight
dhweight

[CHistograms Crly

Cast Selected Columns into Roles Action
recued
optional
Cancel
optional numeric
optional nurmearic
aptional

Y, Columns Assigns the variables that you want to analyze. A histogram and associated
reports appear for each variable.

Weight Assigns a variable that specifies weights for observations on continuous Ys. For
categorical Ys, the Weight column is ignored. Any statistic that is based on the sum of the
weights is affected by weights.
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Freq Assigns a frequency variable to this role. This is useful if you have summarized data. In
this instance, you have one column for the Y values and another column for the frequency
of occurrence of the Y values. The sum of this variable is included in the overall count
appearing in the Summary Statistics report (represented by N). All other moment statistics
(mean, standard deviation, and so on) are also affected by the Freq variable.

By Produces a separate report for each level of the By variable. If more than one By variable
is assigned, a separate report is produced for each possible combination of the levels of the

By variables.
Histograms Only Removes everything except the histograms from the report window.
For general information about launch windows, see the Get Started chapter in the Using JMP
book.
After you click OK, the Distribution report window appears. See “The Distribution Report” on
page 37.

The Distribution Report

Follow the instructions in “Example of the Distribution Platform” on page 34 to produce the

report shown in Figure 3.5.
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The Distribution Report

Figure 3.5 The Initial Distribution Report Window

4

~ Distributions
4 (v age

17

16

15

14

13

12

4 Frequencies

Level Count
12 8
13 7
14 12
15 7
16 3
17 3
Total 40
N Missing
6 Levels

Prob
0.20000
0.17500
0.30000
0.17500
0.07500
0.07500
1.00000

0

£ = height

70

. b

60

55

N |

£ Quantiles

100.0% maximum
99.5%

70
70

97.5% 69.975

90.0%
75.0% quartile
50.0% median

68
65
63

25.0% quartile 60.25
10.0% 56.2
2.5% 51.025

0.5%
0.03%  minimum

£ =/ Summary Statistics

Mean 6255
Std Dev 4.2423385
Std Err Mean 0.6707726

Upper 95% Mean 63.906766
Lower 95% Mean 61.193234
N 40

51
51

Chapter 3
Basic Analysis

Note: When you apply only the Hidden row state to rows in the data table, the
corresponding points do not appear in plots that show points. However, histograms are
constructed using the hidden rows. If you want to exclude rows from the construction of
the histograms and from analysis results, apply the Exclude row state and select Redo >

Redo Analysis from the red triangle menu next to Distributions.

The initial Distribution report contains a histogram and reports for each variable. Note the
following:

To replace a variable in a report, from the Columns panel of the associated data table, drag

and drop the variable into the axis of the histogram.

To insert a new variable into a report, creating a new histogram, drag and drop the
variable outside of an existing histogram. The new variable can be placed before, between,
or after the existing histograms.

Note: To remove a variable, select Remove from the red triangle menu.
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* The red triangle menu next to Distributions contains options that affect all of the variables.
See “Distribution Platform Options” on page 45.

* The red triangle menu next to each variable contains options that affect only that variable.
See “Options for Categorical Variables” on page 46 or “Options for Continuous Variables”
on page 47. If you hold down the Control key and select a variable option, the option
applies to all of the variables that have the same modeling type.

e Histograms visually display your data. See “Histograms” on page 39.

e The initial report for a categorical variable contains a Frequencies report. See “The
Frequencies Report” on page 42.

e The initial report for a continuous variable contains a Quantiles and a Summary Statistics
report. See “The Quantiles Report” on page 42 and “The Summary Statistics Report” on
page 42.

Histograms

Histograms visually display your data. For categorical (nominal or ordinal) variables, the
histogram shows a bar for each level of the ordinal or nominal variable. For continuous
variables, the histogram shows a bar for grouped values of the continuous variable.

Highlighting data Click on a histogram bar or an outlying point in the graph. The
corresponding rows are highlighted in the data table, and corresponding sections of other
histograms are also highlighted, if applicable. See “Highlight Bars and Select Rows” on
page 41.

Creating a subset Double-click on a histogram bar, or right-click on a histogram bar and
select Subset. A new data table is created that contains only the selected data.

Resizing the entire histogram Hover over the histogram borders until you see a double-sided
arrow. Then click and drag the borders.

Rescaling the axis (Continuous variables only) Click and drag on an axis to rescale it.

Alternatively, hover over the axis until you see a hand. Then, double-click on the axis and
set the parameters in the Axis Specification window.

Resizing histogram bars (Continuous variables only) There are multiple options to resize
histogram bars. See “Resize Histogram Bars for Continuous Variables” on page 40.

Specifying your selection Specify the data that you select in multiple histograms. See “Specify
Your Selection in Multiple Histograms” on page 41.

To see additional options for the histogram or the associated data table:

¢ Right-click on a histogram. For details, see the Using JMP book.

¢ Right-click on an axis. You can add a label or modify the axis. For details, see the JMP
Reports chapter in the Using JMP book.
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e (lick on the red triangle next to the variable, and select Histogram Options. Options are
slightly different depending on the variable modeling type. See “Options for Categorical
Variables” on page 46 or “Options for Continuous Variables” on page 47.

Resize Histogram Bars for Continuous Variables

Resize histogram bars for continuous variables by using the following;:
e the Grabber (hand) tool
e the Set Bin Width option

e the Increment option

Use the Grabber Tool
The Grabber tool is a quick way to explore your data.
1. Select Tools > Grabber.
Note: (Windows only) To see the menu bar, you might need to hover over the bar below

the window title. You can also change this setting in File > Preferences > Windows
Specific.

2. Place the grabber tool anywhere in the histogram.
3. Click and drag the histogram bars.
Think of each bar as a bin that holds a number of observations:

* Moving the hand to the left increases the bin width and combines intervals. The number of
bars decreases as the bar size increases.

* Moving the hand to the right decreases the bin width, producing more bars.

* Moving the hand up or down shifts the bin locations on the axis, which changes the
contents and size of each bin.
Use the Set Bin Width Option

The Set Bin Width option is a more precise way to set the width for all bars in a histogram. To
use the Set Bin Width option, from the red triangle menu for the variable, select Histogram
Options > Set Bin Width. Change the bin width value.

Use the Increment Option

The Increment option is another precise way to set the bar width. To use the Increment option,
double-click on the axis, and change the Increment value.
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Highlight Bars and Select Rows

Clicking on a histogram bar highlights the bar and selects the corresponding rows in the data
table. The appropriate portions of all other graphical displays also highlight the selection.
Figure 3.6 shows the results of highlighting a bar in the height histogram. The corresponding
rows are selected in the data table.

Tip: To deselect specific histogram bars, press the Control key and click the highlighted bars.

Figure 3.6 Highlighting Bars and Rows
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Select abarto highlight rows
and parts of other output.

Specify Your Selection in Multiple Histograms

Extend or narrow your selection in histograms as follows:

* To extend your selection, hold down the Shift key and select another bar. This is the
equivalent of using an or operator.

¢ To narrow your selection, hold down the Control and Alt keys (Windows) or Command
and Option keys (Macintosh) and select another bar. This is the equivalent of using an and
operator.
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e “Example of Selecting Data in Multiple Histograms” on page 66

The Frequencies Report
For nominal and ordinal variables, the Frequencies report lists the levels of the variables,
along with the associated frequency of occurrence and probabilities.
For each level of a categorical (nominal or ordinal) variable, the Frequencies report contains

the information described in the following list. Missing values are omitted from the analysis.

Tip: Click a value in the Frequencies report to select the corresponding data in the histogram
and data table.
Level Lists each value found for a response variable.

Count Lists the number of rows found for each level of a response variable. If you use a Freq
variable, the Count is the sum of the Freq variables for each level of the response variable.

Prob Lists the probability (or proportion) of occurrence for each level of a response variable.
The probability is computed as the count divided by the total frequency of the variable,
shown at the bottom of the table.

StdErr Prob Lists the standard error of the probabilities. This column might be hidden. To
show the column, right-click in the table and select Columns > StdErr Prob.

Cum Prob Contains the cumulative sum of the column of probabilities. This column might be
hidden. To show the column, right-click in the table and select Columns > Cum Prob.

The Quantiles Report

For continuous variables, the Quantiles report lists the values of selected quantiles (sometimes
called percentiles).
Related Information

*  “Quantiles” on page 73

The Summary Statistics Report

For continuous variables, the Summary Statistics report displays the mean, standard
deviation, and other summary statistics. You can control which statistics appear in this report
by selecting Customize Summary Statistics from the red triangle menu next to Summary
Statistics.
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Tip: To specify which summary statistics show in the report each time you run a Distribution
analysis for a continuous variable, select File > Preferences > Platforms > Distribution
Summary Statistics, and select the ones you want to appear.

* “Description of the Summary Statistics Report” describes the statistics that appear by
default.

e “Additional Summary Statistics” describes additional statistics that you can add to the
report using the Customize Summary Statistics window.

Description of the Summary Statistics Report

Mean Estimates the expected value of the underlying distribution for the response variable,
which is the arithmetic average of the column’s values. It is the sum of the non-missing
values divided by the number of non-missing values.

Std Dev The normal distribution is mainly defined by the mean and standard deviation.
These parameters provide an easy way to summarize data as the sample becomes large:

—  68% of the values are within one standard deviation of the mean
—  95% of the values are within two standard deviations of the mean

— 99.7% of the values are within three standard deviations of the mean

Std Err Mean The standard error of the mean, which estimates the standard deviation of the
distribution of the mean.

Upper 95% Mean and Lower 95% Mean Are 95% confidence limits about the mean. They
define an interval that is very likely to contain the true population mean.

N Is the total number of nonmissing values.

Additional Summary Statistics

Sum Weight The sum of a column assigned to the role of Weight (in the launch window).
Sum Wgt is used in the denominator for computations of the mean instead of N.

Sum The sum of the response values.
Variance The sample variance, and the square of the sample standard deviation.
Skewness Measures sidedness or symmetry.

Kurtosis Measures peakedness or heaviness of tails. See “Kurtosis” on page 74 for formula
details.

CV The percent coefficient of variation. It is computed as the standard deviation divided by
the mean and multiplied by 100. The coefficient of variation can be used to assess relative
variation, for example when comparing the variation in data measured in different units
or with different magnitudes.
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N Missing The number of missing observations.

N Zero The number of zero values.

N Unique The number of unique values.

Uncorrected SS The uncorrected sum of squares or sum of values squared.

Corrected SS The corrected sum of squares or sum of squares of deviations from the mean.

Autocorrelation (Appears only if you have not specified a Frequency variable.) First
autocorrelation that tests if the residuals are correlated across the rows. This test helps
detect non-randomness in the data.

Minimum Represents the 0 percentile of the data.
Maximum Represents the 100 percentile of the data.
Median Represents the 50th percentile of the data.

Mode The value that occurs most often in the data. If there are multiple modes, the smallest
mode appears.

Trimmed Mean The mean calculated after removing the smallest p% and the largest p% of the
data. The value of p is entered in the Enter trimmed mean percent text box at the bottom of
the window. The Trimmed Mean option is not available if you have specified a Weight
variable.

Geometric Mean The nth root of the product of the data. Zero and negative numbers are
treated like missing values. For example, you might want to compare two companies
based on varying metrics that come from different ranges. The statistic is also helpful
when the data contains a large value in a skewed distribution.

Range The difference between the maximum and minimum of the data.
Interquartile Range The difference between the 3rd and 1st quartiles.

Median Absolute Deviation (Does not appear if you have specified a Weight variable.) The
median of the absolute deviations from the median.

Robust Mean The robust mean, calculated in a way that is resistant to outliers, using Huber's
M-estimation. See Huber and Ronchetti (2009).

Robust Std Dev The robust standard deviation, calculated in a way that is resistant to
outliers, using Huber's M-estimation. See Huber and Ronchetti (2009).

Enter (1-alpha) for mean confidence interval Specify the alpha level for the mean confidence
interval.

Enter trimmed mean percent Specify the trimmed mean percentage. The percentage is
trimmed off each side of the data.
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Summary Statistics Options

The red triangle menu next to Summary Statistics contains these options:

Customize Summary Statistics Select which statistics you want to appear from the list. You
can select or deselect all summary statistics.

Show All Modes Shows all of the modes if there are multiple modes.

Related Information

® “Summary Statistics” on page 73

Distribution Platform Options

The red triangle menu next to Distributions contains options that affect all of the reports and
graphs in the Distribution platform.

Uniform Scaling Scales all axes with the same minimum, maximum, and intervals so that the
distributions can be easily compared.

Stack Changes the orientation of the histogram and the reports to horizontal and stacks the
individual distribution reports vertically. Deselect this option to return the report window
to its original layout.

Arrange in Rows Enter the number of plots that appear in a row. This option helps you view
plots vertically rather than in one wide row.

Save for Adobe Flash platform (SWF) Saves the histograms as .swf files that are Adobe Flash
player compatible. Use these files in presentations and in Web pages. An HTML page is
also saved that shows you the correct code for using the resulting .swf file.

For more information about this option, go to http://www.jmp.com/support/swfhelp/en.

See the JMP Reports chapter in the Using JMP book 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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Options for Categorical Variables

The red triangle menus next to each variable in the report window contain additional options
that apply to the variable. This section describes the options that are available for categorical
(nominal or ordinal) variables.

To see the options that are available for continuous variables, see “Options for Continuous
Variables” on page 47.

Display Options Submenu for Categorical Variables
Frequencies Shows or hides the Frequencies report. See “The Frequencies Report” on
page 42.

Horizontal Layout Changes the orientation of the histogram and the reports to vertical or
horizontal.

Axes on Left Moves the Count, Prob, and Density axes to the left instead of the right.

This option is applicable only if Horizontal Layout is selected.

Histogram Options Submenu for Categorical Variables

Histogram Shows or hides the histogram. See “Histograms” on page 39.

Vertical Changes the orientation of the histogram from a vertical to a horizontal orientation.
Std Error Bars Draws the standard error bar on each level of the histogram.

Separate Bars Separates the histogram bars.

Histogram Color Changes the color of the histogram bars.

Count Axis Adds an axis that shows the frequency of column values represented by the
histogram bars.

Prob Axis Adds an axis that shows the proportion of column values represented by
histogram bars.

Density Axis Adds an axis that shows the length of the bars in the histogram.
The count and probability axes are based on the following calculations:
prob = (bar width)*density
count = (bar width)*density*(total count)
Show Percents Labels the percent of column values represented by each histogram bar.

Show Counts Labels the frequency of column values represented by each histogram bar.
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Mosaic Plot Displays a mosaic bar chart for each nominal or ordinal response variable. A
mosaic plot is a stacked bar chart where each segment is proportional to its group’s
frequency count.

Order By Reorders the histogram, mosaic plot, and Frequencies report in ascending or
descending order, by count. To save the new order as a column property, use the Save >
Value Ordering option.

Test Probabilities Displays a report that tests hypothesized probabilities. See “Examples of
the Test Probabilities Option” on page 67 for more details.

Confidence Interval This menu contains confidence levels. Select a value that is listed, or
select Other to enter your own. JMP computes score confidence intervals.

Save Submenu for Categorical Variables

Level Numbers Creates a new column in the data table called Level <colname>. The level
number of each observation corresponds to the histogram bar that contains the
observation.

Value Ordering (Use with the Order By option) Creates a new value ordering column
property in the data table, reflecting the new order.

Script to log Displays the script commands to generate the current report in the log window.
Select View > Log to see the log window.

Remove Permanently removes the variable and all its reports from the Distribution report.

Options for Continuous Variables

The red triangle menus next to each variable in the report window contain additional options
that apply to the variable. This section describes the options that are available for continuous
variables.

To see the options that are available for categorical (nominal and ordinal) variables, see
“Options for Categorical Variables” on page 46.

Display Options Submenu for Continuous Variables

Quantiles Shows or hides the Quantiles report. See “The Quantiles Report” on page 42.

Set Quantile Increment Changes the quantile increment or revert back to the default quantile
increment.

Custom Quantiles Sets custom quantiles by values or by increments. You can specify the
confidence level and choose whether to compute smoothed empirical likelihood quantiles
(for large data sets, this can take some time).
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— For details about how the weighted average quantiles are estimated, see “Quantiles”
on page 73.

— For details about distribution-free confidence limits for the weighted average quantiles,
see section 5.2 in Hahn and Meeker (1991).

— Smoothed empirical likelihood quantiles are based on a kernel density estimate. For
more details about how these quantiles and their confidence limits are estimated, see
Chen and Hall (1993).

Summary Statistics Shows or hides the Summary Statistics report. See “The Summary
Statistics Report” on page 42.

Customize Summary Statistics Adds or removes statistics from the Summary Statistics
report. See “The Summary Statistics Report” on page 42.

Horizontal Layout Changes the orientation of the histogram and the reports to vertical or
horizontal.

Axes on Left Moves the Count, Prob, Density, and Normal Quantile Plot axes to the left instead
of the right.

This option is applicable only if Horizontal Layout is selected.

Histogram Options Submenu for Continuous Variables

Histogram Shows or hides the histogram. See “Histograms” on page 39.

Shadowgram Replaces the histogram with a shadowgram. To understand a shadowgram,
consider that if the bin width of a histogram is changed, the appearance of the histogram
changes. A shadowgram overlays histograms with different bin widths. Dominant
features of a distribution are less transparent on the shadowgram.

Note that the following options are not available for shadowgrams:
— Std Error Bars
— Show Counts
— Show Percents
Vertical Changes the orientation of the histogram from a vertical to a horizontal orientation.

Std Error Bars Draws the standard error bar on each level of the histogram using the
standard error. The standard error bar adjusts automatically when you adjust the number
of bars with the hand tool. See “Resize Histogram Bars for Continuous Variables” on
page 40, and “Standard Error Bars” on page 72.

Set Bin Width Changes the bin width of the histogram bars. See “Resize Histogram Bars for
Continuous Variables” on page 40.

Histogram Color Changes the color of the histogram bars.
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Count Axis Adds an axis that shows the frequency of column values represented by the
histogram bars.

Note: If you resize the histogram bars, the count axis also resizes.

Prob Axis Adds an axis that shows the proportion of column values represented by
histogram bars.

Note: If you resize the histogram bars, the probability axis also resizes.

Density Axis The density is the length of the bars in the histogram. Both the count and
probability are based on the following calculations:
prob = (bar width)*density
count = (bar width)*density*(total count)
When looking at density curves that are added by the Fit Distribution option, the density
axis shows the point estimates of the curves.

Note: If you resize the histogram bars, the density axis also resizes.

Show Percents Labels the proportion of column values represented by each histogram bar.
Show Counts Labels the frequency of column values represented by each histogram bar.

Normal Quantile Plot Adds a normal quantile plot that shows the extent to which the variable
is normally distributed. See “Normal Quantile Plot” on page 50.

Outlier Box Plot Adds an outlier box plot that shows the outliers in your data. See “Outlier
Box Plot” on page 51.

Quantile Box Plot Adds a quantile box plot that shows specific quantiles from the Quantiles
report. See “Quantile Box Plot” on page 52.

Stem and Leaf Adds a stem and leaf report, which is a variation of the histogram. See “Stem
and Leaf” on page 52.

CDF Plot Adds a plot of the empirical cumulative distribution function. See “CDF Plot” on
page 53.

Test Mean Performs a one-sample test for the mean. See “Test Mean” on page 53.

Test Std Dev Performs a one-sample test for the standard deviation. See “Test Std Dev” on
page 54.

Test Equivalence Performs an equivalence test. See “Test Equivalence” on page 55.

Confidence Interval Choose confidence intervals for the mean and standard deviation. See
“Confidence Intervals for Continuous Variables” on page 56.
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Prediction Interval Choose prediction intervals for a single observation, or for the mean and
standard deviation of the next randomly selected sample. See “Prediction Intervals” on
page 58.

Tolerance Interval Computes an interval to contain at least a specified proportion of the
population. See “Tolerance Intervals” on page 59.

Capability Analysis Measures the conformance of a process to given specification limits. See
“Capability Analysis” on page 59.

Continuous Fit Fits distributions to continuous variables. See “Fit Distributions” on page 61.
Discrete Fit Fits distributions to discrete variables. See “Fit Distributions” on page 61.

Save Saves information about continuous or categorical variables. See “Save Commands for
Continuous Variables” on page 57.

Remove Permanently removes the variable and all its reports from the Distribution report.

Normal Quantile Plot

Use the Normal Quantile Plot option to visualize the extent to which the variable is normally
distributed. If a variable is normally distributed, the normal quantile plot approximates a
diagonal straight line. This type of plot is also called a quantile-quantile plot, or Q-Q plot.

The normal quantile plot also shows Lilliefors confidence bounds (Conover 1980) and

probability and normal quantile scales.

Figure 3.7 Normal Quantile Plot
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Note the following information:

® The y-axis shows the column values.

® The x-axis shows the empirical cumulative probability for each value.

Related Information

e “Normal Quantile Plot” on page 74
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Outlier Box Plot

Use the outlier box plot (also called a Tukey outlier box plot) to see the distribution and
identify possible outliers. Generally, box plots show selected quantiles of continuous
distributions.

Figure 3.8 Outlier Box Plot
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Note the following aspects about outlier box plots:

The horizontal line within the box represents the median sample value.

The confidence diamond contains the mean and the upper and lower 95% of the mean. If
you drew a line through the middle of the diamond, you would have the mean. The top
and bottom points of the diamond represent the upper and lower 95% of the mean.

The ends of the box represent the 25th and 75th quantiles, also expressed as the 1st and 3rd
quartile, respectively.

The difference between the 1st and 3rd quartiles is called the interquartile range.

The box has lines that extend from each end, sometimes called whiskers. The whiskers
extend from the ends of the box to the outermost data point that falls within the distances
computed as follows:

1st quartile - 1.5%(interquartile range)
3rd quartile + 1.5*(interquartile range)

If the data points do not reach the computed ranges, then the whiskers are determined by
the upper and lower data point values (not including outliers).

The bracket outside of the box identifies the shortest half, which is the most dense 50% of
the observations (Rousseuw and Leroy 1987).

Remove Objects from the Outlier Box Plot

To remove the confidence diamond or the shortest half, proceed as follows:

1.
2.

Right-click on the outlier box plot and select Customize.
Click Box Plot.
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3. Deselect the check box next to Confidence Diamond or Shortest Half.

For more details about the Customize Graph window, see the JMP Reports chapter in the
Using JMP book.

Quantile Box Plot

The Quantile Box Plot displays specific quantiles from the Quantiles report. If the distribution
is symmetric, the quantiles in the box plot are approximately equidistant from each other. At a
glance, you can see whether the distribution is symmetric. For example, if the quantile marks
are grouped closely at one end, but have greater spacing at the other end, the distribution is
skewed toward the end with more spacing. See Figure 3.9.

Figure 3.9 Quantile Box Plot
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Quantiles are values where the pth quantile is larger than p% of the values. For example, 10%
of the data lies below the 10th quantile, and 90% of the data lies below the 90th quantile.

Stem and Leaf

Each line of the plot has a Stem value that is the leading digit of a range of column values. The
Leaf values are made from the next-in-line digits of the values. You can see the data point by
joining the stem and leaf. In some cases, the numbers on the stem and leaf plot are rounded
versions of the actual data in the table. The stem-and-leaf plot actively responds to clicking
and the brush tool.

Note: The stem-and-leaf plot does not support fractional frequencies.
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CDF Plot

The CDF plot creates a plot of the empirical cumulative distribution function. Use the CDF
plot to determine the percent of data that is at or below a given value on the x-axis.

Figure 3.10 CDF Plot
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For example, in this CDF plot, approximately 30% of the data is less than a total fat value of 10
grams.

Test Mean

Use the Test Mean window to specify options for and perform a one-sample test for the mean.
If you specify a value for the standard deviation, a z-test is performed. Otherwise, the sample
standard deviation is used to perform a t-test. You can also request the nonparametric
Wilcoxon Signed-Rank test.
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Use the Test Mean option repeatedly to test different values. Each time you test the mean, a
new Test Mean report appears.

Description of the Test Mean Report

Statistics that are calculated for Test Mean

t Test (or z Test) Lists the value of the test statistic and the p-values for the two-sided and
one-sided alternatives.

Signed-Rank (Only appears if the Wilcoxon Signed-Rank test is selected.) Lists the value of
the Wilcoxon signed-rank statistic followed by p-values for the two-sided and one-sided
alternatives. The test uses the Pratt method to address zero values. This is a nonparametric
test whose null hypothesis is that the median equals the postulated value. It assumes that
the distribution is symmetric. See “Wilcoxon Signed Rank Test” on page 75.

Probability values

Prob>[t| The probability of obtaining an absolute t-value by chance alone that is greater than
the observed t-value when the population mean is equal to the hypothesized value. This is
the p-value for observed significance of the two-tailed t-test.

Prob>t The probability of obtaining a t-value greater than the computed sample ¢ ratio by
chance alone when the population mean is not different from the hypothesized value. This
is the p-value for an upper-tailed test.

Prob<t The probability of obtaining a t-value less than the computed sample ¢ ratio by
chance alone when the population mean is not different from the hypothesized value. This
is the p-value for a lower-tailed test.

Descriptions of the Test Mean Options

PValue animation Starts an interactive visual representation of the p-value. Enables you to
change the hypothesized mean value while watching how the change affects the p-value.

Power animation Starts an interactive visual representation of power and beta. You can
change the hypothesized mean and sample mean while watching how the changes affect
power and beta.

Remove Test Removes the mean test.

Test Std Dev

Use the Test Std Dev option to perform a one-sample test for the standard deviation (details in
Neter, Wasserman, and Kutner 1990). Use the Test Std Dev option repeatedly to test different
values. Each time you test the standard deviation, a new Test Standard Deviation report
appears.
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Test Statistic Provides the value of the Chi-square test statistic. See “Standard Deviation
Test” on page 77.

Min PValue The probability of obtaining a more extreme Chi-square value by chance alone
when the population standard deviation does not differ from the hypothesized value. See
“Standard Deviation Test” on page 77.

Prob>ChiSq The probability of obtaining a Chi-square value greater than the computed
sample Chi-square by chance alone when the population standard deviation is not
different from the hypothesized value. This is the p-value for observed significance of a
one-tailed t-test.

Prob<ChiSq The probability of obtaining a Chi-square value less than the computed sample
Chi-square by chance alone when the population standard deviation is not different from
the hypothesized value. This is the p-value for observed significance of a one-tailed ¢-test.

Test Equivalence

The equivalence test assesses whether a population mean is equivalent to a hypothesized
value. You must define a threshold difference that is considered equivalent to no difference.
The Test Equivalence option uses the Two One-Sided Tests (TOST) approach. Two one-sided
t-tests are constructed for the null hypotheses that the difference between the true mean and
the hypothesized value exceeds the threshold. If both null hypotheses are rejected, this implies
that the true difference does not exceed the threshold. You conclude that the mean can be
considered practically equivalent to the hypothesized value.

When you select the Test Equivalence option, you specify the Hypothesized Mean, the
threshold difference (Difference Considered Practically Zero), and the Confidence Level. The
Confidence Level is 1 - alpha, where alpha is the significance level for each one-sided test.

The Test Equivalence report in Figure 3.11 is for the variable BMI in the Diabetes.jmp sample
data table. The Hypothesized Mean is 26.5 and the Difference Considered Practically Zero is
specified as 0.5.
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Figure 3.11 Equivalence Test Report
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* A plot of your defined equivalence region that shows the Target and boundaries, defined
by vertical lines labeled Lower and Upper.

* A confidence interval for the hypothesized mean. This confidence interval is a 1 - 2*alpha

level interval.

* A table that shows the calculated mean, the specified lower and upper bounds, and a
(1 - 2*alpha) level confidence interval for the mean.

e A table that shows the results of the two one-sided tests.

e A note that summarizes the results, and states whether the mean can be considered
equivalent to the Target value.

Confidence Intervals for Continuous Variables

The Confidence Interval options display confidence intervals for the mean and standard
deviation. The 0.90, 0.95, and 0.99 options compute two-sided confidence intervals for the
mean and standard deviation. Use the Confidence Interval > Other option to select a
confidence level, and select one-sided or two-sided confidence intervals. You can also type a
known sigma. If you use a known sigma, the confidence interval for the mean is based on
z-values rather than f-values.

The Confidence Intervals report shows the mean and standard deviation parameter estimates
with upper and lower confidence limits for 1 - o.
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Save Commands for Continuous Variables

Use the Save menu commands to save information about continuous variables. Each Save
command generates a new column in the current data table. The new column is named by
appending the variable name (denoted <colname> in the following definitions) to the Save

command name. See Table 3.1.

Select the Save commands repeatedly to save the same information multiple times under
different circumstances, such as before and after combining histogram bars. If you use a Save
command multiple times, the column name is numbered (namel, name2, and so on) to ensure

unique column names.

Table 3.1 Descriptions of Save Commands

Command Column Added
to Data Table

Level Numbers Level
<colname>

Level Midpoints Midpoint
<colname>

Ranks Ranked

<colname>

Ranks Averaged RankAvgd
<colname>

Description

The level number of each observation corresponds to
the histogram bar that contains the observation. The
histogram bars are numbered from low to high,
beginning with 1.

Note: To maintain source information, value labels
are added to the new column, but they are turned off
by default.

The midpoint value for each observation is
computed by adding half the level width to the
lower level bound.

Note: To maintain source information, value labels
are added to the new column, but they are turned off
by default.

Provides a ranking for each of the corresponding
column’s values starting at 1. Duplicate response
values are assigned consecutive ranks in order of
their occurrence in the data table.

If a value is unique, then the averaged rank is the
same as the rank. If a value occurs k times, the

average rank is computed as the sum of the value’s
ranks divided by k.

57
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Table 3.1 Descriptions of Save Commands (Continued)

Command

Column Added
to Data Table

Description

Prob Scores Prob For N nonmissing scores, the probability score of a
<colname> value is computed as the averaged rank of that value
divided by N + 1. This column is similar to the
empirical cumulative distribution function.
Normal Quantiles  N-Quantile Saves the Normal quantiles to the data table. See
<colname> “Normal Quantile Plot” on page 74.
Standardized Std <colname>  Saves standardized values to the data table. See
“Saving Standardized Data” on page 77.
Centered Centered Saves values for centering on zero.
<colname>
Spec Limits (none) Stores the specification limits applied in a capability
analysis as a column property of the corresponding
column in the current data table. Automatically
retrieves and displays the specification limits when
you repeat the capability analysis.
Script to Log (none) Prints the script to the log window. Run the script to

Prediction Intervals

recreate the analysis.

Prediction intervals concern a single observation, or the mean and standard deviation of the
next randomly selected sample. The calculations assume that the given sample is selected
randomly from a normal distribution. Select one-sided or two-sided prediction intervals.

When you select the Prediction Interval option for a variable, the Prediction Intervals window
appears. Use the window to specify the confidence level, the number of future samples, and
either a one-sided or two-sided limit.

Related Information

e “Prediction Intervals” on page 78

e “Example of Prediction Intervals” on page 69
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Tolerance Intervals

A tolerance interval contains at least a specified proportion of the population. It is a
confidence interval for a specified proportion of the population, not the mean, or standard
deviation. Complete discussions of tolerance intervals are found in Hahn and Meeker (1991)
and in Tamhane and Dunlop (2000).

When you select the Tolerance Interval option for a variable, the Tolerance Intervals window
appears. Use the window to specify the confidence level, the proportion to cover, and either a
one-sided or two-sided limit. The calculations are based on the assumption that the given
sample is selected randomly from a normal distribution.

Related Information

* “Tolerance Intervals” on page 78

e “Example of Tolerance Intervals” on page 70

Capability Analysis

The Capability Analysis option measures the conformance of a process to given specification
limits. By default, capability is calculated based on a normal distribution. However, if you fit a
distribution (continuous or discrete), then the capability report is produced based on that fit.
To use a fit distribution, select Spec Limits or set the Spec Limits column property. When you
select the Capability Analysis option for a variable, the Capability Analysis window appears.
Use the window to enter specification limits, distribution type, and information about sigma.

Note: To save the specification limits to the data table as a column property, select Save >
Spec Limits. When you repeat the capability analysis, the saved specification limits are
automatically retrieved.

The Capability Analysis report is organized into two sections: Capability Analysis and the
distribution type (Long Term Sigma, Specified Sigma, and so on).

Description of the Capability Analysis Window

<Distribution type> By default, the normal distribution is assumed when calculating the
capability statistics and the percent out of the specification limits. To perform a capability
analysis on non-normal distributions, see the description of Spec Limits under “Capability
Analysis” on page 79.

<Sigma type> Estimates sigma (o) using the selected methods. See “Capability Analysis” on
page 79.
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Description of the Capability Analysis Report

Specification Lists the specification limits.

Value Lists the values that you specified for each specification limit and the target.

Portion and % Actual Portion labels describe the numbers in the % Actual column, as follows:
— Below LSL gives the percentage of the data that is below the lower specification limit.
— Above USL gives the percentage of the data that is above the upper specification limit.

— Total Outside gives the total percentage of the data that is either below LSL or above
USL.

Capability Type of process capability indices. See “Description of the Capability Analysis
Options” on page 60.

Note: There is a preference for Capability called Ppk Capability Labeling that labels the
long-term capability output with Py, labels. Open the Preference window
(File > Preferences), then select Platforms > Distribution to see this preference.

Index Process capability index values.

Upper CI  Upper confidence interval.

Lower CI Lower confidence interval.

Portion and Percent Portion labels describe the numbers in the Percent column, as follows:

— Below LSL gives the percentage of the fitted distribution that is below the lower
specification limit.

— Above USL gives the percentage of the fitted distribution that is above the upper
specification limit.

— Total Outside gives the total percentage of the fitted distribution that is either below
LSL or above USL.

PPM (parts per million) The PPM value is the Percent column multiplied by 10,000.

Sigma Quality Sigma Quality is frequently used in Six Sigma methods, and is also referred to
as the process sigma. See “Capability Analysis” on page 79.

Description of the Capability Analysis Options

ZBench Shows the values (represented by Index) of the Benchmark Z statistics. According to
the ATAG Statistical Process Control manual, Z represents the number of standard
deviation units from the process average to a value of interest such as an engineering
specification. When used in capability assessment, Z USL is the distance to the upper
specification limit and Z LSL is the distance to the lower specification limit. See
“Capability Analysis” on page 79.
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Capability Animation Interactively change the specification limits and the process mean to see
the effects on the capability statistics. This option is available only for capability analyses
based on the Normal distribution.

Related Information

e “Capability Analysis” on page 79

¢ “Example of Capability Analysis” on page 71

Fit Distributions

Use the Continuous or Discrete Fit options to fit a distribution to a continuous or discrete
variable.

A curve is overlaid on the histogram, and a Parameter Estimates report is added to the report
window. A red triangle menu contains additional options. See “Fit Distribution Options” on
page 63.

Note: The Life Distribution platform also contains options for distribution fitting that might
use different parameterizations and allow for censoring. See the Life Distribution chapter in
the Reliability and Survival Methods book.

Continuous Fit

Use the Continuous Fit options to fit the following distributions to a continuous variable.

* The Normal distribution is often used to model measures that are symmetric with most of
the values falling in the middle of the curve. JMP uses the unbiased estimate when
determining the parameters for the Normal distribution.

¢ The LogNormal distribution is often used to model values that are constrained by zero but
have a few very large values. The LogNormal distribution can be obtained by
exponentiating the Normal distribution. JMP uses the maximum likelihood estimation
when determining the parameters for the LogNormal distribution.

e The Weibull distribution, Weibull with threshold distribution, and Extreme Value
distribution often provide a good model for estimating the length of life, especially for
mechanical devices and in biology.

® The Exponential distribution is especially useful for describing events that randomly occur
over time, such as survival data. The exponential distribution might also be useful for
modeling elapsed time between the occurrence of non-overlapping events, such as the
time between a user’s computer query and response of the server, the arrival of customers
at a service desk, or calls coming in at a switchboard.
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® The Gamma distribution is bound by zero and has a flexible shape.

* The Beta distribution is useful for modeling the behavior of random variables that are

constrained to fall in the interval 0,1. For example, proportions always fall between 0 and
1.

e The Normal Mixtures distribution fits a mixture of normal distributions. This flexible
distribution is capable of fitting multi-modal data. You can also fit two or more
distributions by selecting the Normal 2 Mixture, Normal 3 Mixture, or Other options.

e The Smooth Curve distribution fits a smooth curve using nonparametric density
estimation (kernel density estimation). The smooth curve is overlaid on the histogram and
a slider appears beneath the plot. Control the amount of smoothing by changing the kernel
standard deviation with the slider. The initial Kernel Std estimate is calculated from the
standard deviation of the data.

* The Johnson Su, Johnson Sb, and Johnson Sl Distributions are useful for its data-fitting
capabilities because it supports every possible combination of skewness and kurtosis.

* The Generalized Log (Glog) distribution is useful for fitting data that are rarely normally
distributed and often have non-constant variance, like biological assay data.

Comparing All Distributions

The All option fits all applicable continuous distributions to a variable. The Compare
Distributions report contains statistics about each fitted distribution. Use the check boxes to
show or hide a fit report and overlay curve for the selected distribution. By default, the best fit
distribution is selected.

The Show Distribution list is sorted by AICc in ascending order.

If your variable contains negative values, the Show Distribution list does not include those
distributions that require data with positive values. Only continuous distributions are fitted
by this command. Distributions with threshold parameters, like Beta and Johnson Sb, are not
included in the list of possible distributions.

Related Information

¢ “Continuous Fit Distributions” on page 83
¢ “Fitted Quantiles” on page 92
e “Fit Distribution Options” on page 93

Discrete Fit

Use the Discrete Fit options to fit a distribution (such as Poisson or Binomial) to a discrete
variable. The available distributions are as follows:

e Poisson
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e  Binomial
e Gamma Poisson

e Beta Binomial

Related Information

e “Discrete Fit Distributions” on page 90
e “Fitted Quantiles” on page 92
e “Fit Distribution Options” on page 93

Fit Distribution Options

Each fitted distribution report has a red triangle menu that contains additional options.
Diagnostic Plot Creates a quantile or a probability plot. See “Diagnostic Plot” on page 64.

Density Curve Uses the estimated parameters of the distribution to overlay a density curve
on the histogram.

Goodness of Fit Computes the goodness of fit test for the fitted distribution. See “Goodness
of Fit” on page 65.

Fix Parameters Enables you to fix parameters and re-estimate the non-fixed parameters. An
Adequacy LR (likelihood ratio) Test report also appears, which tests your new parameters
to determine whether they fit the data.

Quantiles Returns the un-scaled and un-centered quantiles for the specific lower probability
values that you specify.

Set Spec Limits for K Sigma Use this option when you do not know the specification limits
for a process and you want to use its distribution as a guideline for setting specification
limits.

Usually specification limits are derived using engineering considerations. If there are no
engineering considerations, and if the data represents a trusted benchmark (well behaved
process), then quantiles from a fitted distribution are often used to help set specification
limits. See “Fit Distribution Options” on page 93.

Spec Limits Computes generalizations of the standard capability indices, based on the
specification limits and target you specify. See “Spec Limits” on page 65.
Save Fitted Quantiles Saves the fitted quantile values as a new column in the current data

table. See “Fitted Quantiles” on page 92.

Save Density Formula Creates a new column in the current data table that contains fitted
values that have been computed by the density formula. The density formula uses the
estimated parameter values.
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Save Spec Limits Saves the specification limits as a column property. See “Fit Distribution
Options” on page 93.

Save Transformed Creates a new column and saves a formula. The formula can transform the
column to normality using the fitted distribution. This option is available only when one
of the Johnson distributions or the Glog distribution is fit.

Remove Fit Removes the distribution fit from the report window.

Diagnostic Plot

The Diagnostic Plot option creates a quantile or a probability plot. Depending on the fitted
distribution, the plot is one of four formats.

The fitted quantiles versus the data

e Weibull with threshold
e Gamma

e DBeta

* Poisson

e GammaPoisson

¢ Binomial

e BetaBinomial

The fitted probability versus the data
* Normal
* Normal Mixtures

e Exponential

The fitted probability versus the data on log scale
e Weibull
e LogNormal

e Extreme Value

The fitted probability versus the standard normal quantile
e Johnson SI
¢ Johnson Sb
¢ Johnson Su

e Glog
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The following options are available in the Diagnostic Plot red triangle menu:
Rotate Reverses the x- and y-axes.

Confidence Limits Draws Lilliefors 95% confidence limits for the Normal Quantile plot, and
95% equal precision bands with a = 0.001 and b = 0.99 for all other quantile plots (Meeker
and Escobar (1998)).

Line of Fit Draws the straight diagonal reference line. If a variable fits the selected
distribution, the values fall approximately on the reference line.

Median Reference Line Draws a horizontal line at the median of the response.

Goodness of Fit

The Goodness of Fit option computes the goodness of fit test for the fitted distribution. The
goodness of fit tests are not Chi-square tests, but are EDF (Empirical Distribution Function)
tests. EDF tests offer advantages over the Chi-square tests, including improved power and
invariance with respect to histogram midpoints.

* For Normal distributions, the Shapiro-Wilk test for normality is reported when the sample
size is less than or equal to 2000, and the KSL test is computed for samples that are greater
than 2000.

e For discrete distributions (such as Poisson distributions) that have sample sizes less than
or equal to 30, the Goodness of Fit test is formed using two one-sided exact Kolmogorov
tests combined to form a near exact test. For details, see Conover 1972. For sample sizes
greater than 30, a Pearson Chi-squared goodness of fit test is performed.

Related Information

e “Fit Distribution Options” on page 93

Spec Limits

The Spec Limits option launches a window requesting specification limits and target, and
then computes generalizations of the standard capability indices. This is done using the fact
that for the normal distribution, 3¢ is both the distance from the lower 0.135 percentile to
median (or mean) and the distance from the median (or mean) to the upper 99.865 percentile.
These percentiles are estimated from the fitted distribution, and the appropriate
percentile-to-median distances are substituted for 3¢ in the standard formulas.

Related Information

e “Fit Distribution Options” on page 93
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Additional Examples of the Distribution Platform

This section contains additional examples using the Distribution platform.

Example of Selecting Data in Multiple Histograms

1
2
3.
4

Select Help > Sample Data Library and open Companies.jmp.
Select Analyze > Distribution.

Select Type and Size Co and click Y, Columns.

Click OK.

You want to see the type distribution of companies that are small.
Click on the bar next to small.

You can see that there are more small computer companies than there are pharmaceutical
companies. To broaden your selection, add medium companies.

Hold down the Shift key. In the Size Co histogram, click on the bar next to medium.

You can see the type distribution of small and medium sized companies. See Figure 3.12 at
left. To narrow your selection, you want to see the small and medium pharmaceutical
companies only.

Hold down the Control and Shift keys (on Windows) or the Command and Shift keys (on
Macintosh). In the Type histogram, click in the Computer bar to deselect it.

You can see how many of the small and medium companies are pharmaceutical
companies. See Figure 3.12 at right.

Figure 3.12 Selecting Data in Multiple Histograms

4 = Type < = Size Co 4= Type 4 = Size Co

Pharmaceutical

small

Pharmaceutical

medium

Computer Computer

big

Narrow the selection using
Broaden the selection using the Control + Shift (Windows) or
Shift key. Command + Shift (Macintosh).
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Examples of the Test Probabilities Option
Initiate a test probability report for a variable with more than two levels:
1. Select Help > Sample Data Library and open VA Lung Cancer.jmp.
2. Select Analyze > Distribution.
3. Select Cell Type and click Y, Columns.
4. Click OK.
5. From the red triangle menu next to Cell Type, select Test Probabilities.
See Figure 3.13 at left.
Initiate a test probability report for a variable with exactly two levels:
1. Select Help > Sample Data Library and open Penicillin.jmp.
2. Select Analyze > Distribution.
3. Select Response and click Y, Columns.
4. Click OK.
5. From the red triangle menu next to Response, select Test Probabilities.
See Figure 3.13 at right.
Figure 3.13 Examples of Test Probabilities Options
4 = Distributions 4 = Distributions
4= Cell Type < ~/Response
Sguamous
Died
Small
Large
Cured
Adenn
[ Frequencies [> Frequencies
4 Test Probabilities 4 Test Probabilities
Level Estim Prob  Hypoth Prob Level Estim Prob Hypoth Prob
Adeno 019708 d Cured 0.53704
Large 013708 Died 0.46296 d
Small 0.35036 d Click then Enter Hypothesized Probahilities
Souamous 0.25547 d
Click then Enter Hypothesized Probabilities. Select an alternative hypaothesis for testing probabilities
(2 probahilities not equal to hypothesized value (two-sided chi-sguare test)
Choose rescaling method to sum probabilities to 1 (O probability greater than hypathesized value (exact one-sided binomial test)
gF\K omitted at estimated values, rescale hypothesis (O probability less than hypothesized value (exact one-sided binomial test)
Fix hypothesized values, rescale omitted Done Hel
report options for a variable report options for a variable

with more than two levels with exactly two levels
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Example of Generating the Test Probabilities Report

To generate a test probabilities report for a variable with more than two levels:

1. Refer to Figure 3.13 at left. Type 0.25 in all four Hypoth Prob fields.

2. Click the Fix hypothesized values, rescale omitted button.

3. Click Done.

Likelihood Ratio and Pearson Chi-square tests are calculated. See Figure 3.14 at left.
To generate a test probabilities report for a variable with exactly two levels:

1. Refer to Figure 3.13 at right. Type 0.5 in both Hypoth Prob fields.

2. Click the probability less than hypothesized value button.

3. Click Done.

Exact probabilities are calculated for the binomial test. See Figure 3.14 at right.

Figure 3.14 Examples of Test Probabilities Reports

4 = Distributions

A=ICell Type 4~ Distributions
4~|Response
Squamous
Sl Died
Large
Adeno Cured

4 Frequencies

Level Count  Prob 4 Frequencies
Adeno 27 019708

Large 27 019708 Level Count  Prob
Small 43 035036 Cured 28 0.53704
Squamous 35 0.25547 Died 25 046296
Total 137 1.00000 Total 54 1.00000
N Missing 0 N Missing 0

4 Levels 2 Levels

4 Test Probabilities

Level Estim Prob  Hypoth Prob

Adeno 019708 0.25000 Cured 053704

Large 019708 0.25000 Died 046296

Small 035036 0.25000 Hypath
Squamous 0.25347 0.25000 inomial Test '\ Level Tested Prob{pl) p-Value
Test ChiSquare  DF Prob>Chisq Ha: Prob(p « pl)/ Died 050000 03417
Likelihood Ratio 8.2299 3 0.0415*

Pearson 8.6058 3 0.0350%

Method: Fix hypothesized values, rescale omitted

4 Test Probabilities

Level Estim Prob Hypoth Prob
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Example of Prediction Intervals

Suppose you are interested in computing prediction intervals for the next 10 observations of
ozone level.

1. Select Help > Sample Data Library and open Cities.jmp.
2. Select Analyze > Distribution.

3. Select OZONE and click Y, Columns.

4. Click OK.

5. From the red triangle next to OZONE, select Prediction Interval.

Figure 3.15 The Prediction Intervals Window

Enter {1-alpha) for prediction interval

Enter number of future samples

(@ Two-sided
(O One-sided lower limit
(O One-sided upper limit

[ OK ][Cance ][ Help ]

6. In the Prediction Intervals window, type 10 next to Enter number of future samples.
7. Click OK.

Figure 3.16 Example of a Prediction Interval Report

4 = Distributions
4~ 0OZONE
0.35

0.3+
0.26
0.2+
014+

0.1+ [

0.05+

[ Quantiles
[/~ Summary Statistics
4 = Prediction Interval

Parameter Future N Lower Pl Upper Pl 1-Alpha
Individual 10 0.013755 0.279995  0.950
Mean 10 0115596 0178154  0.950
Std Dev 10 0.023975 0.069276  0.950
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In this example, you can be 95% confident about the following:
e Each of the next 10 observations will be between 0.013755 and 0.279995.

e The mean of the next 10 observations will be between 0.115596 and 0.178154.
e The standard deviation of the next 10 observations will be between 0.023975 and 0.069276.

Example of Tolerance Intervals

Suppose you want to estimate an interval that contains 90% of ozone level measurements.
Select Help > Sample Data Library and open Cities.jmp.

Select Analyze > Distribution.

Select OZONE and click Y, Columns.

Click OK.

S

From the red triangle menu next to OZONE, select Tolerance Interval.

Figure 3.17 The Tolerance Intervals Window

Computes an interval that contains at least the specified
prapodion of the population with {1-Alpha) confidence.

Specify confidence (1-Alpha):
Specify Proportion to caver:

(@ Two-sided

(O One-sided lower limit
(O One-sided upper limit

[ OK ][Cance ][ Help ]

6. Keep the default selections, and click OK.
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Figure 3.18 Example of a Tolerance Interval Report

4 = Distributions
4~ 0OZONE
0.35

0.3+

0.26

0.2+

014+

—

0.1+

0.05+

[ Quantiles
[/~ Summary Statistics
4= Tolerance Intervals

Proportion Lower Tl Upper Tl 1-Alpha
0.900 0.057035 0.236715  0.950

In this example, you can be 95% confident that at least 90% of the population lie between
0.057035 and 0.236715, based on the Lower TI (tolerance interval) and Upper TI values.

Example of Capability Analysis

Suppose you want to characterize the abrasion levels of the tires your company manufactures.
The lower and upper specification limits are 100 and 200, respectively.

Select Help > Sample Data Library and open Quality Control/Pickles.jmp.
Select Analyze > Distribution.

Select Acid and click Y, Columns.

Click OK.

From the red triangle menu next to Acid, select Capability Analysis.
Type 8 for the Lower Spec Limit.

Type 17 for the Upper Spec Limit.

Keep the rest of the default selections, and click OK.

0 X NN =

From the red triangle menu next to Acid, select Histogram Options > Vertical.
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Figure 3.19 Example of the Capability Analysis Report

4 = | Distributions

4« Acid
. —EH :
8 10 12 14 16
I Quantiles

P =/ Summary Statistics
4 |=|Capability Analysis

Specification Value Portion % Actual

Lower Spec Limit 8 Below LSL 4.1667

Spec Target . Above USL 0.0000

Upper Spec Limit 17 Total Cutside 4.1667

4 Long Term Sigma
Capability
cp
CPK

—_-Ef/ Mean +3s M
1 | CPL

[ CPU

LSL usL
4 g 12 16 Portion
Below LSL
Sigma = 1.67661 Above USL

Total Cutside

Index LowerCI UpperCI

0.895
0.510

0.510
1.279

Percent
6.2901
0.0062
6.2963

0.638
0.311

0.310
0.887

1151
0.709

0.706
1.668
Sigma
PPM  Quality

62000830  3.031
62.2448 5337
62063175  3.030
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The spec limits are added to the histogram so that the data can be visually compared to the
limits. As you can see, some of the acidity levels are below the lower spec limit, and some are
very close to the upper spec limit. The Capability Analysis results are added to the report. The
CPK value is 0.510, indicating a process that is not capable, relative to the given specification

limits.

Statistical Details for the Distribution Platform

This section contains statistical details for Distribution options and reports.

Standard Error Bars

Standard error bars are calculated using the standard error  /np,(1-p;) where p=n;/n.
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Quantiles

This section describes how quantiles are computed.

To compute the pth quantile of n non-missing values in a column, arrange the n values in
ascending order and call these column values y;, y», ..., ¥,,. Compute the rank number for the
pth quantile as p / 100(n + 1).

e If the result is an integer, the pth quantile is that rank’s corresponding value.
¢ If the result is not an integer, the pth quantile is found by interpolation. The pth quantile,
denoted g, is computed as follows:

qy = A-Hy;+ Hy; 41

where:
— nis the number of non-missing values for a variable
— Y1 Y, . Ynrepresents the ordered values of the variable
—  Yp41 is taken to be y,
— iis the integer part and fis the fractional part of (n+1)p.
- (n+lp=i+f
For example, suppose a data table has 15 rows and you want to find the 75th and 90th quantile

values of a continuous column. After the column is arranged in ascending order, the ranks
that contain these quantiles are computed as follows:

D51y =12 and 2 454 1) = 144
100 100

The value y45 is the 75th quantile. The 90th quantile is interpolated by computing a weighted
average of the 14th and 15th ranked values as yq = 0.61/14 + 0.4y5.

Summary Statistics

This section contains statistical details for specific statistics in the Summary Statistics report.

Mean

The mean is the sum of the non-missing values divided by the number of non-missing values.
If you assigned a Weight or Freq variable, the mean is computed by JMP as follows:

1. Each column value is multiplied by its corresponding weight or frequency.

2. These values are added and divided by the sum of the weights or frequencies.
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Std Dev

The standard deviation measures the spread of a distribution around the mean. It is often
denoted as s and is the square root of the sample variance, denoted s.

s = Js?where
N -2
2 Wi (Y;=Yy)
i-1 N1
¥, = weighted mean

Std Err Mean

The standard error mean is computed by dividing the sample standard deviation, s, by the
square root of N. In the launch window, if you specified a column for Weight or Freq, then the
denominator is the square root of the sum of the weights or frequencies.

Skewness

Skewness is based on the third moment about the mean and is computed as follows:

Zw,z,3¢ where , = Jﬁ’;—
FPE(N-1)(N-2) !

NI

and w; is a weight term (= 1 for equally weighted items).

Kurtosis

Kurtosis is based on the fourth moment about the mean and is computed as follows:

n(n+1) ! w2 xX;—X 4_ 3(1171)2
(n-1)(n-2)(n-3) 2 i s (n-2)(n-3)
i=1

where w; is a weight term (= 1 for equally weighted items). Using this formula, the Normal
distribution has a kurtosis of 0. This formula is often referred to as the excess kurtosis.

Normal Quantile Plot

The empirical cumulative probability for each value is computed as follows:

N+1
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where r;is the rank of the ith observation, and N is the number of non-missing (and
nonexcluded) observations.

The normal quantile values are computed as follows:

e
N+1
where @ is the cumulative probability distribution function for the normal distribution.

These normal quantile values are Van Der Waerden approximations to the order statistics that
are expected for the normal distribution.

Wilcoxon Signed Rank Test

The Wilcoxon signed-rank test can be used to test for the median of a single population or to
test matched-pairs data for a common median. In the case of matched pairs, the test reduces to
testing the single population of paired differences for a median of 0. The test assumes that the
underlying population is symmetric.

The Wilcoxon test allows tied values. The test statistic is adjusted for differences of zero using
a method suggested by Pratt. See Lehman (2006), Pratt (1959), and Cureton (1967).

Testing for the Median of a Single Population
® There are N observations:

X1, Xy s XN
¢ The null hypothesis is:

Hy: median=m

* The differences between observations and the hypothesized value m are calculated as
follows:

D]'ZX]'-W!

Testing for the Equality of Two Population Medians with Matched Pairs Data
A special case of the Wilcoxon signed-rank test is applied to matched-pairs data.
* There are N pairs of observations from two populations:
X, Xy o Xyand Y7, Yy, ., Yy
e The null hypothesis is:
Hj: mediany_y=0
* The differences between pairs of observations are calculated as follows:
Dj=X;-Y;
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Wilcoxon Signed-Rank Test Statistic
The test statistic is based on the sum of the signed ranks. Signed ranks are defined as follows:

e The absolute values of the differences, , are ranked from smallest to largest.

D.
]

e The ranks start with the value 1, even if there are differences of zero.

* When there are tied absolute differences, they are assigned the average, or midrank, of the
ranks of the observations.

Denote the rank or midrank for a difference D j by R;. Define the signed rank for D j as
follows:

e If the difference D j is positive, the signed rank is Rj.
e If the difference D f is zero, the signed rank is 0.

e If the difference D f is negative, the signed rank is -R;.

The signed-rank statistic is computed as follows:

N
_1 .
W = 3 > signed ranks
j=1
Define the following:

d is the number of signed ranks that equal zero

R" is the sum of the positive signed ranks

Then the following holds:

+ 1
W =R _Z[N(NJF 1)—d0(d0+1)]

Wilcoxon Signed-Rank Test P-Values
For N <20, exact p-values are calculated.

For N > 20, a Student’s t approximation to the statistic defined below is used. Note that a
correction for ties is applied. See Iman (1974) and Lehmann (1998).

Under the null hypothesis, the mean of W is zero. The variance of W is given by the following:

1 1 '
Var(W) = 2—4[N(N+ DEN+ 1) =dy(dy+ D2dy+ 1) =5 3 di(d;+1)(d;~1)
i>0
The last summation in the expression for Var(W) is a correction for ties. The notation d; fori >0

represents the number of values in the ith group of non-zero signed ranks. (If there are no ties
for a given signed rank, then d;=1 and the summand is 0.)
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The statistic ¢ given by the following has an approximate ¢ distribution with N - 1 degrees of
freedom:

t = W/ JVar(W)

Standard Deviation Test

Here is the formula for calculating the Test Statistic:

(n-1)s>

2
9

The Test Statistic is distributed as a Chi-square variable with # - 1 degrees of freedom when
the population is normal.

The Min PValue is the p-value of the two-tailed test, and is calculated as follows:
2*min(p1,p2)

where p1 is the lower one-tail p-value and p2 is the upper one-tail p-value.

Normal Quantiles

The normal quantile values are computed as follows:
o ! (__r_L_) where:
N+1
* @ is the cumulative probability distribution function for the normal distribution

® r;is the rank of the ith observation

® N is the number of non-missing observations

Saving Standardized Data

The standardized values are computed using the following formula:
XX where:
SX
® X s the original column

e X is the mean of column X

e S X is the standard deviation of column X
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Prediction Intervals

The formulas that JMP uses for computing prediction intervals are as follows:

e For m future observations:

- 1
[ym9ym] _Xit(l—(x/2m;n—1)x 1+EXS for m=1

e For the mean of m future observations:

- 1.1
(YL Y1 = X£tq o0 p1)% /E-s-ﬁxs for m>1.

e For the standard deviation of m future observations:

= 1 f
[Sl,Sl] |:ij ,8 X Fl /- 1 1 (0) § mZZ
(1-0/2;(n-1,m-1)) J (1-0a/2(m-1,n-1))

where m = number of future observations, and n = number of points in current analysis
sample.

® The one-sided intervals are formed by using 1-o. in the quantile functions.

For references, see Hahn and Meeker (1991), pages 61-64.

Tolerance Intervals

This section contains statistical details for one-sided and two-sided tolerance intervals.

One-Sided Interval
The one-sided interval is computed as follows:
Upper Limit =% + ¢'
Lower Limit =5 _ g's
where
g = tl-on—1,0 (p)- Ju)//n

t is the quantile from the non-central t-distribution

@ ! is the standard normal quantile.
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Two-Sided Interval

The two-sided interval is computed as follows:

[TPL’TPU] = 7g(1 —u/Z;pL,n)S . X Jrg(l —u/z;pu,n)s]

where
s = standard deviation

g is a constant.
(1-0/2;p,n)

To determine g, consider the fraction of the population captured by the tolerance interval.
Tamhane and Dunlop (2000) give this fraction as follows:

ofLE) ofte)

where @ denotes the standard normal c.d.f. (cumulative distribution function). Therefore,
g solves the following equation:

P{@(X+f55‘“)—q>(x‘is‘”)21—7} -1-a

where 1-yis the fraction of all future observations contained in the tolerance interval.

More information is given in Tables A.1a, A.1b, A.11a, and A.11b of Hahn and Meeker (1991).

Capability Analysis
All capability analyses use the same formulas. Options differ in how sigma (c) is computed:

* Long-term uses the overall sigma. This option is used for P Pk statistics, and computes
sigma as follows:

Note: There is a preference for Distribution called Ppk Capability Labeling that labels the
long-term capability output with Py, labels. This option is found using File > Preferences,
then select Platforms > Distribution.

* Specified Sigma enables you to type a specific, known sigma used for computing
capability analyses. Sigma is user-specified, and is therefore not computed.

* Moving Range enables you to enter a range span, which computes sigma as follows:
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= R where
dz(n)

R is the average of the moving ranges
dy(n) is the expected value of the range of n independent normally distributed variables
with unit standard deviation.

* Short Term Sigma, Group by Fixed Subgroup Size if r is the number of subgroups of size nj
and each ith subgroup is defined by the order of the data, sigma is computed as follows:

n.

_ 1 ij where iz _ 1 B
o= X p— Xi= o XX
i=1j=1 / Ji=1

¢ This formula is commonly referred to as the Root Mean Square Error, or RMSE.

Capability Index Definitions

Writing T for the target, LSL, and USL for the lower and upper specification limits, and P, for
the a*100™ percentile, the generalized capability indices are as follows:

. Pys—LSL
PL Pos=Pgonss
o _usL-pys
PH Py g9ge5 —Po 5
B USL-LSL
S%=F p
0.99865 ~ £0.00135
. mm{ Pys—LSL  USL—P,s ]
Pk Po5=Pp 00135 P0.99865 P05
1
—(LISL+LSL)7P05’
K=2x Z -
USL-LSL
min( T-LSL USL—T ]
B Po5=Po.00135 P0.99865 = Po.5
Cpm =

()

If the data are normally distributed, these formulas reduce to the formulas for standard
capability indices. See Table 3.2.
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Note: The confidence intervals in the following table are computed using an alpha level of

0.05.

Table 3.2 Descriptions of Capability Indices and Computational Formulas

Index

cp

ClIs for CP

CPK (PPK for
AIAG)

CIs for CPK
See Bissell (1990)

CPM

Index Name

process capability
ratio, Cp

Lower CI on CP

Upper Cl on CP

process capability
index, Cpy

Lower CI

Upper CI

process capability
index, Cpp,

Formula
(USL - LSL)/6s where:
e USL is the upper spec limit

® LSL is the lower spec limit

2
cp [Xa/z,n—l
n-1
2
cp X1-a/2,n-1
n-1

min(CPL, CPU)

- 1 1
Corl 1-07 11 -0/2) |——=+

&l onch 20-T)]
~ [ 1 1
Copl1+ 0 1(1-0a/2) |——+

" oncz, 201

min(Target — LSL, USL — Target)
3A/52 +(x— Target)2

Note: CPM confidence intervals are not
reported when the target is not within the
Lower and Upper Spec Limits range. CPM
intervals are only reported when the target is
within this range. JMP writes a message to the
log to note why the CPM confidence intervals
are missing.




82 Distributions Chapter 3
Statistical Details for the Distribution Platform Basic Analysis

Table 3.2 Descriptions of Capability Indices and Computational Formulas (Continued)

Index Index Name Formula
ClIs for CPM Lower CI on CPM 5
CPM Xo/2.y, where Y

Y
n(l n (5{ — Tsarget)z) 2

+

o 2
140X Target)

S

Upper CI on CPM 3
cpum K1 —5(/2,1/

where y= same as above.

CPL process capability (mean - LSL)/3s
ratio of one-sided
lower spec

CPU process capability (USL - mean)/3s

ratio of one-sided
upper spec

A capability index of 1.33 is considered to be the minimum acceptable. For a normal
distribution, this gives an expected number of nonconforming units of about 6 per 100,000.

Exact 100(1 - o) % lower and upper confidence limits for CPL are computed using a
generalization of the method of Chou et al. (1990), who point out that the 100(1 - o) lower
confidence limit for CPL (denoted by CPLLCL) satisfies the following equation:

Pr{T, ,(8=34n)CPLLCL<3CPLJ/n}=1-a

where T,,1(8) has a non-central ¢-distribution with n - 1 degrees of freedom and
noncentrality parameter 6.

Exact 100(1 - o) % lower and upper confidence limits for CPU are also computed using a
generalization of the method of Chou et al. (1990), who point out that the 100(1 - o) lower
confidence limit for CPU (denoted CPULCL) satisfies the following equation:

Pr{T, ;(8=34n)CPULCL>3CPUJn}=1-0

where T,,1(8) has a non-central ¢-distribution with # - 1 degrees of freedom and

noncentrality parameter 6.
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Note: Because of a lack of supporting research at the time of this writing, computing
confidence intervals for capability indices is not recommended, except for cases when the
capability indices are based on the standard deviation.

¢ Sigma Quality is defined as the following

% outside) 15

Sigma Quality = Normal Quantile(l 700

% above

Sigma Quality Above = Normal Quantile(l ~ 100 ) +1.5

% below} ‘15

Sigma Quality Below = Normal Quantile(l ~ 700

For example, if there are 3 defects in #=1,000,000 observations, the formula yields 6.03, or a
6.03 sigma process. The results of the computations of the Sigma Quality Above USL and
Sigma Quality Below LSL column values do not sum to the Sigma Quality Total Outside
column value because calculating Sigma Quality involves finding normal distribution
quantiles, and is therefore not additive.

e Here are the Benchmark Z formulas:
Z USL = (USL-Xbar)/sigma = 3 * CPU
Z LSL = (Xbar-LSL)/sigma =3 * CPL
Z Bench = Inverse Cumulative Prob(1 - P(LSL) - P(USL))
where:
P(LSL) = Prob(X < LSL) = 1 - Cum Prob(Z LSL)
P(USL) = Prob(X > USL) = 1 - Cum Prob(Z USL).

Continuous Fit Distributions

This section contains statistical details for the options in the Continuous Fit menu.

Normal

The Normal fitting option estimates the parameters of the normal distribution. The normal
distribution is often used to model measures that are symmetric with most of the values
falling in the middle of the curve. Select the Normal fitting for any set of data and test how well
a normal distribution fits your data.

The parameters for the normal distribution are as follows:

e U (the mean) defines the location of the distribution on the x-axis

* ¢ (standard deviation) defines the dispersion or spread of the distribution
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The standard normal distribution occurs when u = 0 and ¢ = 1. The Parameter Estimates
table shows estimates of L and o, with upper and lower 95% confidence limits.

2
pdf 1 expl:_@:l for —co L X < oo —oo<l_1<oo; O<o
J2n6? 202
E(x)=n
Var(x) = o?
LogNormal

The LogNormal fitting option estimates the parameters [ (scale) and ¢ (shape) for the
two-parameter lognormal distribution. A variable Y is lognormal if and only if X = In(Y) is
normal. The data must be greater than zero.

. 2
exp[ (log(x) u)}
pdf: j_ xzc for g<x; —co < L < o0 0<o
CAJ2T

E(x) = exp(u + 62/2)

Var(x) “exp(2(n+ 62)) —exp(2u + (52)

Weibull, Weibull with Threshold, and Extreme Value

The Weibull distribution has different shapes depending on the values of o (scale) and 3
(shape). It often provides a good model for estimating the length of life, especially for
mechanical devices and in biology. The Weibull option is the same as the Weibull with
threshold option, with a threshold (0) parameter of zero. For the Weibull with threshold
option, JMP estimates the threshold as the minimum value. If you know what the threshold
should be, set it by using the Fix Parameters option. See “Fit Distribution Options” on page 63.

The pdf for the Weibull with threshold is as follows:

pdf: BB(X—G)B_lexp[—(J%e)BJ for 0,>0; @<y

o

E(x) =6 + ocl"(l + %)

Var(x) =az{r(1 2 r2(1+ %)}
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where 1°(.) is the Gamma function.

The Extreme Value distribution is a two parameter Weibull (o, B) distribution with the
transformed parameters =1/ and A = In(ov).

Exponential

The exponential distribution is especially useful for describing events that randomly occur
over time, such as survival data. The exponential distribution might also be useful for
modeling elapsed time between the occurrence of non-overlapping events, such as the time
between a user’s computer query and response of the server, the arrival of customers at a
service desk, or calls coming in at a switchboard.

The Exponential distribution is a special case of the two-parameter Weibull when f=1and o=
o, and also a special case of the Gamma distribution when .= 1.

pdf: (lsexp(—x/c) for 0<0; 0<x

E(x)=0c
Var(x) = o’

Devore (1995) notes that an exponential distribution is memoryless. Memoryless means that if
you check a component after ¢ hours and it is still working, the distribution of additional
lifetime (the conditional probability of additional life given that the component has lived until
t) is the same as the original distribution.

Gamma

The Gamma fitting option estimates the gamma distribution parameters, o> 0 and ¢ > 0. The
parameter o, called alpha in the fitted gamma report, describes shape or curvature. The
parameter o, called sigma, is the scale parameter of the distribution. A third parameter, 6,
called the Threshold, is the lower endpoint parameter. It is set to zero by default, unless there
are negative values. You can also set its value by using the Fix Parameters option. See “Fit
Distribution Options” on page 63.

pdf: L (x-0)% Texp(-(x—0)/c) for g<x; 0<ao
I'(o)c*

E(x)=0c+6

Var(x)=0c62

® The standard gamma distribution has ¢ = 1. Sigma is called the scale parameter because
values other than 1 stretch or compress the distribution along the x-axis.

® The Chi-square X(ZV) distribution occurs when 6 =2, oo =v/2, and 6 =0.
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* The exponential distribution is the family of gamma curves that occur when oo =1 and
0=0.

The standard gamma density function is strictly decreasing when a<1. When o >1, the
density function begins at zero, increases to a maximum, and then decreases.

The standard beta distribution is useful for modeling the behavior of random variables that
are constrained to fall in the interval 0,1. For example, proportions always fall between 0 and
1. The Beta fitting option estimates two shape parameters, o. > 0 and > 0. There are also 6 and
o, which are used to define the lower threshold as 6, and the upper threshold as 6 + . The
beta distribution has values only for the interval defined by 6 <x < (6 + ). The 0 is estimated
as the minimum value, and 6 is estimated as the range. The standard beta distribution occurs
when08=0and c=1.

Set parameters to fixed values by using the Fix Parameters option. The upper threshold must
be greater than or equal to the maximum data value, and the lower threshold must be less
than or equal to the minimum data value. For details about the Fix Parameters option, see “Fit
Distribution Options” on page 63.

pdf: ;(x,e)ocfl(eJrc,x)Bfl for g<x<9+o; 0<oc0B
B(a, B)o* " P-1

E(x) = o

(x) 6+0(x+[3

Var(x) = o2ap
(o+B)2(o+B+1)

where B(.) is the Beta function.

Normal Mixtures

The Normal Mixtures option fits a mixture of normal distributions. This flexible distribution is
capable of fitting multi-modal data.

Fit a mixture of two or three normal distributions by selecting the Normal 2 Mixture or Normal
3 Mixture options. Alternatively, you can fit a mixture of k normal distributions by selecting
the Other option. A separate mean, standard deviation, and proportion of the whole is
estimated for each group.

k _
pdf: 25 {x uij
. G'q)

=1 "1

G;
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E(x) =

Var(x) = k k

2 2y —

2 o) T X mm,
i=1 i-1

where 1, 6;, and T, are the respective mean, standard deviation, and proportion for the i

group, and ¢(-) is the standard normal pdf.

Smooth Curve

The Smooth Curve option fits a smooth curve using nonparametric density estimation (kernel
density estimation). The smooth curve is overlaid on the histogram and a slider appears
beneath the plot. Control the amount of smoothing by changing the kernel standard deviation
with the slider. The initial Kernel Std estimate is calculated from the standard deviation of the
data.

Johnson Su, Johnson Sb, Johnson SI

The Johnson system of distributions contains three distributions that are all based on a
transformed normal distribution. These three distributions are the following;:

¢ Johnson Su, which is unbounded.
® Johnson Sb, which has bounds on both tails defined by parameters that can be estimated.

¢ Johnson Sl, which is bounded in one tail by a parameter that can be estimated. The
Johnson Sl family contains the family of lognormal distributions.

The S refers to system, the subscript of the range. Although we implement a different method,
information about selection criteria for a particular Johnson system can be found in Slifker and
Shapiro (1980).

Johnson distributions are popular because of their flexibility. In particular, the Johnson
distribution system is noted for its data-fitting capabilities because it supports every possible
combination of skewness and kurtosis.

If Z is a standard normal variate, then the system is defined as follows:

Z = y+8f(Y)

where, for the Johnson Su:

fY) = 1n(Y+A/1+y2) = sinh 'Y
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Y = —— —0 < X < oo

where, for the Johnson Sb:

o0 = ()

Y:Z(—é—g 0<X<0+o

and for the Johnson Sl, where 5 = +7.

fY) = In(Y)
Y:X_e 0<X<o ifo=1
(¢ —o<X<0 if o0 =-1

Johnson Su

df: 8 (x=9 2]*1/2 [ 1 ﬂ] fOr oo w; 0<6,8

p G[1+( - ) 0|y + dsinh ( - ) <x,0,v<
Johnson Sb

df: x—6 ] 3o for 6<x<6+0; 0<o

pte ofv+oin( ) (oe o)
Johnson Sl

df. 9% ’_‘;@J for 6<xifo=1, 0>xifo=-1
p |xie|¢[y+81n( - )

where ¢(.) is the standard normal pdf.

Note: The parameter confidence intervals are hidden in the default report. Parameter
confidence intervals are not very meaningful for Johnson distributions, because they are
transformations to normality. To show parameter confidence intervals, right-click in the report
and select Columns > Lower 95% and Upper 95%.

Generalized Log (Glog)

This distribution is useful for fitting data that are rarely normally distributed and often have
non-constant variance, like biological assay data. The Glog distribution is described with the
parameters | (location), 6 (scale), and A (shape).
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All

df: 1 x+ AJx2+ A2 x+ Jx2+ A2
Pt o E[k’g( 2 ) *“]
o(x2+ A2+ x4x2 +22)

for g<); 0<o; —o0 < L < o0

The Glog distribution is a transformation to normality, and comes from the following
relationship:

If z = 1[10g(ﬁ__ sz”»Z) B u} ~N(0,1), then x ~ Glog(i,6,)).
c 2

When A =0, the Glog reduces to the LogNormal (u,0).

Note: The parameter confidence intervals are hidden in the default report. Parameter
confidence intervals are not very meaningful for the GLog distribution, because it is a
transformation to normality. To show parameter confidence intervals, right-click in the report
and select Columns > Lower 95% and Upper 95%.

In the Compare Distributions report, the ShowDistribution list is sorted by AICc in ascending
order.

The formula for AICc is as follows:

AlCc=2]ogL +2v + nz—i((\:/trll))

where:

— logL is the log-likelihood

— nis the sample size

— v is the number of parameters
If the column contains negative values, the Distribution list does not include those
distributions that require data with positive values. Only continuous distributions are listed.

Distributions with threshold parameters, such as Beta and Johnson Sb, are not included in the
list of possible distributions.
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Discrete Fit Distributions

This section contains statistical details for the options in the Discrete Fit menu.

Poisson

The Poisson distribution has a single scale parameter A > 0.

pmf: f_k'&ic for g<h<oo; x=012,..
x!

E(x)=A

Var(x) = A

Since the Poisson distribution is a discrete distribution, the overlaid curve is a step function,
with jumps occurring at every integer.

Gamma Poisson

This distribution is useful when the data is a combination of several Poisson(u) distributions,
each with a different . One example is the overall number of accidents combined from
multiple intersections, when the mean number of accidents (1) varies between the
intersections.

The Gamma Poisson distribution results from assuming that x | follows a Poisson
distribution and p follows a Gamma(a,t). The Gamma Poisson has parameters A = at and

6 = 7+1. The parameter ¢ is a dispersion parameter. If 6 > 1, there is over dispersion, meaning
there is more variation in x than explained by the Poisson alone. If 6 =1, x reduces to

Poisson(A).
A
F(x + 51 1) 51

T'(x+ 1)1—‘((?%) ©

A
c-1

pmf: for g<); 1<o; x=01.2,..

x
)'o
E(x) =\

Var(x) = Ac

where 1°(.) is the Gamma function.

Remember that x |u ~ Poisson(it), while p~ Gamma(o,t). The platform estimates A = ot and
6 = 7+1. To obtain estimates for o and 7, use the following formulas:

T=06-1
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o =

asi>

If the estimate of ¢ is 1, the formulas do not work. In that case, the Gamma Poisson has
reduced to the Poisson(A), and }, is the estimate of A.

If the estimate for o is an integer, the Gamma Poisson is equivalent to a Negative Binomial
with the following pmf:

pw) = (V7 pra-py for o<y

withr=oand (1-p)/p =1.

Run demoGammaPoisson.jsl in the JMP Samples/Scripts folder to compare a Gamma Poisson
distribution with parameters A and ¢ to a Poisson distribution with parameter A.

Binomial

The Binomial option accepts data in two formats: a constant sample size, or a column
containing sample sizes.

pmf: (Z)Px(l—p)”*x for 0<p<1; x=0,12,..,n

E(x)=np
Var(x) = np(1-p)

where n is the number of independent trials.

Note: The confidence interval for the binomial parameter is a Score interval. See Agresti
(1998).

Beta Binomial

This distribution is useful when the data is a combination of several Binomial(p) distributions,
each with a different p. One example is the overall number of defects combined from multiple
manufacturing lines, when the mean number of defects (p) varies between the lines.

The Beta Binomial distribution results from assuming that x| w follows a Binomial(n,)
distribution and = follows a Beta(c,f3). The Beta Binomial has parameters p = o/(0+f) and

8 =1/(a+P+1). The parameter 0 is a dispersion parameter. When & > 0, there is over dispersion,
meaning there is more variation in x than explained by the Binomial alone. When 6 <0, there is
under dispersion. When 6 =0, x is distributed as Binomial(n,p). The Beta Binomial only exists
when n2>2.
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r(%f 1)r[x +p(% - 1Hr[n _x+(1 7p)(% - 1”
T

for 0<p<1; max(—nizil,—nigi;)ﬁsu x=012,..,n

pmf: /”)

E(x) =np
Var(x) = np(1-p)[1+(n-1)9]

where 1°(.) is the Gamma function.

Remember that x| ~ Binomial(n,r), while & ~ Beta(a, 8). The parameters p = o/(0+f) and
& =1/(0+B+1) are estimated by the platform. To obtain estimates of o and B, use the following
formulas:

B - (113)(158)

If the estimate of 8 is 0, the formulas do not work. In that case, the Beta Binomial has reduced
to the Binomial(n,p), and p is the estimate of p.

The confidence intervals for the Beta Binomial parameters are profile likelihood intervals.

Run demoBetaBinomial.jsl in the JMP Samples/Scripts folder to compare a Beta Binomial
distribution with dispersion parameter 8 to a Binomial distribution with parameters p and
n=20.

Fitted Quantiles

The fitted quantiles in the Diagnostic Plot and the fitted quantiles saved with the Save Fitted
Quantiles command are formed using the following method:

1. The data are sorted and ranked. Ties are assigned different ranks.
2. Compute the pp;; = rankg;/(n+1).

3. Compute the quantilef; = Quantiley(pf;;) where Quantiley is the quantile function for the
specific fitted distribution, andi=1,2,...n.
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Fit Distribution Options

This section describes Goodness of Fit tests for fitting distributions and statistical details for
specification limits pertaining to fitted distributions.

Goodness of Fit

Table 3.3 Descriptions of JMP Goodness of Fit Tests

Distribution Parameters Goodness of Fit Test
Normal? | and G are unknown Shapiro-Wilk (for n < 2000)
Kolmogorov-Smirnov-Lillefors
(for n >2000)
u and ¢ are both known Kolmogorov-Smirnov-Lillefors
either | or 6 is known (none)
LogNormal U and ¢ are known or Kolmogorov's D
unknown
Weibull o and  known or Cramér-von Mises W?
unknown
Weibull with threshold o, B and 6 known or Cramér-von Mises W2

Extreme Value

unknown

o and  known or

Cramér-von Mises W2

unknown

Exponential 6 is known or unknown Kolmogorov's D

Gamma o and ¢ are known Cramér-von Mises W?
either o or ¢ is unknown (none)

Beta o and B are known Kolmogorov's D
either o or B is unknown (none)

Binomial p is known or unknown Kolmogorov's D (for n < 30)

Beta Binomial

Poisson

and 7 is known

p and & known or
unknown

A known or unknown

Pearson 2 (for n > 30)

Kolmogorov's D (for n < 30)
Pearson y? (for n > 30)

Kolmogorov's D (for n < 30)
Pearson 2 (for n > 30)
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Table 3.3 Descriptions of JMP Goodness of Fit Tests (Continued)

Distribution Parameters Goodness of Fit Test

Gamma Poisson A or 6 known or unknown  Kolmogorov's D (for n < 30)
Pearson 2 (for n > 30)

a. For the three Johnson distributions and the Glog distribution, the data are transformed to
Normal, then the appropriate test of normality is performed.

Set Spec Limits for K Sigma

Type a K value and select one-sided or two-sided for your capability analysis. Tail
probabilities corresponding to K standard deviations are computed from the Normal
distribution. The probabilities are converted to quantiles for the specific distribution that you
have fitted. The resulting quantiles are used for specification limits in the capability analysis.
This option is similar to the Quantiles option, but you provide K instead of probabilities. K
corresponds to the number of standard deviations that the specification limits are away from
the mean.

For example, for a Normal distribution, where K=3, the 3 standard deviations below and
above the mean correspond to the 0.00135t quantile and 0.99865 quantile, respectively. The
lower specification limit is set at the 0.00135t quantile, and the upper specification limit is set
at the 0.99865™ quantile of the fitted distribution. A capability analysis is returned based on
those specification limits.
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Introduction to Fit Y by X

Examine Relationships Between Two Variables

The Fit Y by X platform analyzes the pair of X and Y variables that you specify, by context,

based on modeling type.

Here are the four types of analyses:
* Bivariate fitting

¢ One-way analysis of variance

* Logistic regression

¢ Contingency table analysis

Figure 4.1 Examples of Four Types of Analyses

Bivariate ; Oneway

. Continuous Y

I :
|Cont|ngen(=

s> I
£g L
£ 5 [
20 -_
= — —

| Continuous X il A Nominal or Ordinal X
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Overview of the Fit Y by X Platform

The Fit Y by X platform is a collection of four specific platforms (or types of analyses).

Specific Modeling Types
Platform
Bivariate Continuous Y by continuous X
Oneway Continuous Y by nominal
or ordinal X
Logistic Nominal or ordinal Y by

continuous X

Contingency  Nominal or ordinal Y by

nominal or ordinal X

Description

Analyzes the relationship between two
continuous variables. See “Bivariate Analysis”.

Analyzes how the distribution of a continuous
Y variable differs across groups defined by a
categorical X variable. See “Oneway Analysis”.

Fits the probabilities for response categories to a
continuous X predictor. See “Logistic Analysis”.

Analyzes the distribution of a categorical
response variable Y as conditioned by the
values of a categorical X factor. See
“Contingency Analysis”.

Launch the Fit Y by X Platform

Launch the Fit Y by X platform by selecting Analyze > Fit Y by X.

Figure 4.2 The Fit Y by X Launch Window

Distribution of ¥ for each X. Modeling types determine analysis.

Select Columns

~ 4 Columns Y, Response| require

ADose optional

WhResponse

dcount

Aln{dose) X, Factor | require
V| —

|__£ o0

Bivariate | Oneway Block | optional
ik ] Weight optional numeric
i ==

Count
Legistic |Contingency E' oun
] [ By | optional

Cast Selected Columns into Roles

Action
oK |
Cancel |

Rermove |
Recall |
Help |

Bivariate, Oneway, Logistic, Contingency This grid shows which analysis results from the
different combinations of data types. Once you have assigned your columns, the
applicable platform appears as a label above the grid.



Chapter 4
Basic Analysis

Block (Optional, for Oneway and Contingency only):

— For the Oneway platform, identifies a second factor, which forms a two-way analysis
without interaction. The data should be balanced and have equal counts in each block
by group cell. If you specify a Block variable, the data should be balanced and have
equal counts in each block by group cell. In the plot, the values of the Y variable are

centered by the Block variable.

Introduction to Fit Y by X
Launch the Fit Y by X Platform

— For the Contingency platform, identifies a second factor and performs a
Cochran-Mantel-Haenszel test.

For more information about launch windows, see the Get Started chapter in the Using JMP

book.

Launch Specific Analyses from the JMP Starter Window

From the JMP Starter window, you can launch a specific analysis (Bivariate, Oneway, Logistic,
or Contingency). If you select this option, specify the correct modeling types (Y and X

variables) for the analysis. See Table 4.1.

To launch a specific analysis from the JMP Starter Window, click the Basic category, and select

a specific analysis.

Most of the platform launch options are the same. However, the naming for some of the Y and

X platform buttons is tailored for the specific analysis that you are performing.

Table 4.1 Platforms and Buttons

Platform or Analysis
FitY by X
Bivariate

Oneway

Logistic

Contingency

Y Button

Y, Response

Y, Response

Y, Response

Y, Categorical Response

Y, Response Category

X Button

X, Factor

X, Regressor

X, Grouping

X, Continuous Regressor

X, Grouping Category
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Bivariate Analysis
Examine Relationships between Two Continuous Variables

The Bivariate platform shows the relationship between two continuous variables. It is the
continuous by continuous personality of the Fit Y by X platform. The word bivariate simply
means involving two variables instead of one (univariate) or many (multivariate).

The Bivariate analysis results appear in a scatterplot. Each point on the plot represents the X
and Y scores for a single subject; in other words, each point represents two variables. Using
the scatterplot, you can see at a glance the degree and pattern of the relationship between the
two variables. You can interactively add other types of fits, such as simple linear regression,
polynomial regression, and so on.

Figure 5.1 Example of Bivariate Analysis
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3
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Example of Bivariate Analysis

This example uses the SAT.jmp sample data table. SAT test scores for students in the 50 U.S.
states, plus the District of Columbia, are divided into two areas: verbal and math. You want to
find out how the percentage of students taking the SAT tests is related to verbal test scores for
2004.

1. Select Help > Sample Data Library and open SAT.jmp.

2. Select Analyze > Fit Y by X.

3. Select 2004 Verbal and click Y, Response.

4. Select % Taking (2004) and click X, Factor.

5. Click OK.

Figure 5.2 Example of SAT Scores by Percent Taking
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You can see that the verbal scores were higher when a smaller percentage of the population
took the test.

Launch the Bivariate Platform

You can perform a bivariate analysis using either the Fit Y by X platform or the Bivariate
platform. The two approaches give equivalent results.

e To launch the Fit Y by X platform, select Analyze > Fit Y by X.
or

* Tolaunch the Bivariate platform, from the JMP Starter window, click on the Basic category
and click Bivariate.
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Figure 5.3 The Bivariate Launch Window

The distribution of the response as X varies continucusly
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For information about this launch window, see “Introduction to Fit Y by X” chapter on
page 95.

After you click OK, the Bivariate plot appears. See “The Bivariate Plot” on page 101.

The Bivariate Plot

To produce the plot shown in Figure 5.4, follow the instructions in “Example of Bivariate
Analysis” on page 100.

Figure 5.4 The Bivariate Plot
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The Bivariate report begins with a plot for each pair of X and Y variables. Replace variables in
the plot by dragging and dropping a variable, in one of two ways: swap existing variables by
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dragging and dropping a variable from one axis to the other axis; or, click on a variable in the
Columns panel of the associated data table and drag it onto an axis.

You can interact with this plot just as you can with other JMP plots (for example, resizing the
plot, highlighting points with the arrow or brush tool, and labeling points). For details about
these features, see the JMP Reports chapter in the Using JMP book.

You can fit curves on the plot and view statistical reports and additional menus using the
fitting commands that are located within the red triangle menu. See “Fitting Commands and
Options” on page 102.

Fitting Commands and Options

Note: The Fit Group menu appears if you have specified multiple Y or multiple X variables.
Menu options allow you to arrange reports or order them by RSquare. See the Standard Least
Squares chapter in the Fitting Linear Models book for more information.

The Bivariate Fit red triangle menu contains display options, fitting options, and control
options.

Show Points Hides or shows the points in the scatterplot. A check mark indicates that points
are shown.

Histogram Borders Attaches histograms to the x- and y-axes of the scatterplot. A check mark
indicates that histogram borders are turned on. See “Histogram Borders” on page 105.

Note: When you apply only the Hidden row state to rows in the data table, the
corresponding points do not appear in the scatterplot. However, the histograms are
constructed using the hidden rows. If you want to exclude rows from the construction of
the histograms and from analysis results, apply the Exclude row state and select Redo >
Redo Analysis from the Bivariate red triangle menu.

Group By Lets you select a classification (or grouping) variable. A separate analysis is
computed for each level of the grouping variable, and regression curves or ellipses are
overlaid on the scatterplot. See “Group By” on page 121.

See the JMP Reports chapter in the Using JMP book 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.

Fit Mean Options

Each fitting command adds the following;:
* aline, curve, or distribution to the scatterplot
¢ ared triangle menu to the report window

* aspecific report to the report window

Figure 5.5 Example of the Fit Mean Fitting Command
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Std Dev [RMSE] 33.84617
Std Error 4.739412
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The following Fit Mean options are available:

Fit Mean Adds a horizontal line to the scatterplot that represents the mean of the Y response
variable.See “Fit Mean” on page 105.

Fit Line Adds straight line fits to your scatterplot using least squares regression. See “Fit Line
and Fit Polynomial” on page 106.

Fit Polynomial Fits polynomial curves of a certain degree using least squares regression. See
“Fit Line and Fit Polynomial” on page 106.
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Fit Special Transforms Y and X. Transformations include: log, square root, square, reciprocal,
and exponential. You can also turn off center polynomials, constrain the intercept and the
slope, and fit polynomial models. See “Fit Special” on page 113.

Flexible Provides options that enable you to control the smoothness of the estimated
regression curve. See “Flexible” on page 114.

Fit Orthogonal Provides options for orthogonal regression fits, which are useful when Xis
assumed to vary. This option provides sub-options that reflect various assumptions about
the variances of X and Y. See “Fit Orthogonal” on page 117.

Robust Provides options that reduce the influence of outliers in your data set on the fitted
model. See “Robust” on page 118.

Density Ellipse Plots density ellipsoids for the bivariate normal distribution fit to the X and Y
variables. See “Density Ellipse” on page 119.

Nonpar Density Plots density contours based on a smoothed surface. The contours describe
the density of data points. See “Nonpar Density” on page 120.

Note: You can remove a fit using the Remove Fit command. For details, see “Fitting Menu

Options” on page 122.

Fitting Command Categories

Fitting command categories include regression fits and density estimation.

Category Description Fitting Commands
Regression Fits Regression methods fit a curve to the observed Fit Mean
data points. The fitting methods include least Fit Line
squares fits as well as spline fits, kernel smoothing, ~ Fit Polynomial
orthogonal fits, and robust fits. Fit Special
Flexible
Fit Orthogonal
Robust
Density Density estimation fits a bivariate distribution to Density Ellipse
Estimation the points. You can either select a bivariate normal =~ Nonpar Density

density, characterized by elliptical contours, or a
general nonparametric density.
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Fit the Same Command Multiple Times

You can select the same fitting command multiple times, and each new fit is overlaid on the
scatterplot. You can try fits, exclude points and refit, and you can compare them on the same

scatterplot.

To apply a fitting command to multiple analyses in your report window, hold down the Ctrl
key and select a fitting option.

Histogram Borders

The Histogram Borders option appends histograms to the x- and y-axes of the scatterplot. You
can use the histograms to visualize the marginal distributions of the X and Y variables.

Figure 5.6 Example of Histogram Borders

Bivariate Analysis
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Fit Mean

Using the Fit Mean command, you can add a horizontal line to the scatterplot that represents
the mean of the Y response variable. You can start by fitting the mean and then use the mean
line as a reference for other fits (such as straight lines, confidence curves, polynomial curves,

and so on).
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Figure 5.7 Example of Fit Mean
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Fit Mean Report

The Fit Mean report shows summary statistics about the fit of the mean.

Mean Mean of the response variable. The predicted response when there are no specified
effects in the model.

Std Dev [RMSE] Standard deviation of the response variable. Square root of the mean square
error, also called the root mean square error (or RMSE).

Std Error Standard deviation of the response mean. Calculated by dividing the RMSE by the
square root of the number of values.

SSE Error sum of squares for the simple mean model. Appears as the sum of squares for
Error in the analysis of variance tables for each model fit.

Related Information

¢ “Fitting Menus” on page 122

Fit Line and Fit Polynomial

Using the Fit Line command, you can add straight line fits to your scatterplot using least
squares regression. Using the Fit Polynomial command, you can fit polynomial curves of a
certain degree using least squares regression.
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Figure 5.8 Example of Fit Line and Fit Polynomial
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Figure 5.8 shows an example that compares a linear fit to the mean line and to a degree 2
polynomial fit.

Note the following information:

¢ The Fit Line output is equivalent to a polynomial fit of degree 1.

¢ The Fit Mean output is equivalent to a polynomial fit of degree 0.

Linear Fit and Polynomial Fit Reports

The Linear Fit and Polynomial Fit reports begin with the equation of fit.

Figure 5.9 Example of Equations of Fit

4 Linear Fit

( 2004 Verhal = 75.62538 - 101.32814*% Taking (2004))
Summary of Fit

Lack Of Fit
Analysis of Variance

Parameter Estimates
<4 Polynomial Fit Degree=2

2004 Verbal = 56247113 - 111.07875%% Taking (2004) +
196.95725%(% Taking (2004)-0.39706)"2

Note: You can edit the equation by clicking on it.
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Each Linear and Polynomial Fit Degree report contains at least three reports. A fourth report,
Lack of Fit, appears only if there are X replicates in your data.

Summary of Fit Report

The Summary of Fit reports show the numeric summaries of the response for the linear fit and
polynomial fit of degree 2 for the same data. You can compare multiple Summary of Fit
reports to see the improvement of one model over another, indicated by a larger RSquare
value and smaller Root Mean Square Error.

Figure 5.10 Summary of Fit Reports for Linear and Polynomial Fits

<4 Polynomial Fit Degree=2

4 Linear Fit
2004 Verbal = 575.62539 - 101.32814*%Taking (2004) 2004 Verbal = 562.47113 - 111.07875% Taking (2004) +
4'Summary of Fit 196.85726*(% Taking (2004)-0.39706)'2
RSquare 0.790274 4 Summary of Fit
RSquare Adj 0.785994 RSquare 0.878413
Root Mean Square Error 15.65752 RSquare Adj 0.874389
Mean of Response 5353922 Root Mean Sguare Error 11.99566
Ob=ervatin={oSumiVor] il Mean of Response 5353922

Obszervations {or Sum Wats) a1

The Summary of Fit report contains the following columns:

RSquare Measures the proportion of the variation explained by the model. The remaining
variation is not explained by the model and attributed to random error. The RSquare is 1 if
the model fits perfectly.

Note: A low RSquare value suggests that there may be variables not in the model that
account for the unexplained variation. However, if your data are subject to a large amount
of inherent variation, even a useful regression model may have a low RSquare value. Read
the literature in your research area to learn about typical RSquare values.

The RSquare values in Figure 5.10 indicate that the polynomial fit of degree 2 gives a small
improvement over the linear fit. See “Summary of Fit Report” on page 134.

RSquare Adj Adjusts the RSquare value to make it more comparable over models with
different numbers of parameters by using the degrees of freedom in its computation. See
“Summary of Fit Report” on page 134.

Root Mean Square Error Estimates the standard deviation of the random error. It is the
square root of the mean square for Error in the Analysis of Variance report. See Figure 5.12.

Mean of Response Provides the sample mean (arithmetic average) of the response variable.
This is the predicted response when no model effects are specified.

Observations Provides the number of observations used to estimate the fit. If there is a
weight variable, this is the sum of the weights.
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Lack of Fit Report

Note: The Lack of Fit report appears only if there are multiple rows that have the same x
value.

Using the Lack of Fit report, you can estimate the error, regardless of whether you have the
right form of the model. This occurs when multiple observations occur at the same x value.
The error that you measure for these exact replicates is called pure error. This is the portion of
the sample error that cannot be explained or predicted no matter what form of model is used.
However, a lack of fit test might not be of much use if it has only a few degrees of freedom for
it (few replicated x values).

Figure 5.11 Examples of Lack of Fit Reports for Linear and Polynomial Fits

4 Linear Fit 4 Polynomial Fit Degree=2

2004 Verbal = 57562538 - 101.32814%% Taking (2004) 2004 Verhal = 56247113 - 111.07875%% Taking (2004) +
Summary of Fit 196.957 25%(% Taking (2004)-0.39708)"2

4 Lack Of Fit SLIE A

Sum of F Ratio 4 Lack Of Fit
Source DF Squares Mean Square 1.4850 Sum of F Ratio
Lack Of Fit 36 9,662.983 268.416  Prob>F Source DF Squares Mean Square 0.7204
Fure Error 13 2,349.750 180,750 0.2252 Lack Of Fit 35 4,557.2473 130207 Prob>F
Total Errar 43 12012733 Max RSq Pure Error 13 2,349.7400 180,750 07862
0.95580 Total Error 48 B,906.9973 Max RSq

0.9540

The difference between the residual error from the model and the pure error is called the lack
of fit error. The lack of fit error can be significantly greater than the pure error if you have the
wrong functional form of the regressor. In that case, you should try a different type of model
fit. The Lack of Fit report tests whether the lack of fit error is zero.

The Lack of Fit report contains the following columns:
Source The three sources of variation: Lack of Fit, Pure Error, and Total Error.

DF The degrees of freedom (DF) for each source of error.

— The Total Error DF is the degrees of freedom found on the Error line of the Analysis of
Variance table (shown under the “Analysis of Variance Report” on page 110). It is the
difference between the Total DF and the Model DF found in that table. The Error DF is
partitioned into degrees of freedom for lack of fit and for pure error.

— The Pure Error DF is pooled from each group where there are multiple rows with the
same values for each effect. See “Lack of Fit Report” on page 135.

— The Lack of Fit DF is the difference between the Total Error and Pure Error DF.
Sum of Squares The sum of squares (SS for short) for each source of error.

— The Total Error SS is the sum of squares found on the Error line of the corresponding
Analysis of Variance table, shown under “Analysis of Variance Report” on page 110.
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— The Pure Error SS is pooled from each group where there are multiple rows with the
same value for the x variable. This estimates the portion of the true random error that is
not explained by model x effect. See “Lack of Fit Report” on page 135.

— The Lack of Fit SS is the difference between the Total Error and Pure Error sum of
squares. If the lack of fit SS is large, the model might not be appropriate for the data.
The F-ratio described below tests whether the variation due to lack of fit is small
enough to be accepted as a negligible portion of the pure error.

Mean Square The sum of squares divided by its associated degrees of freedom. This
computation converts the sum of squares to an average (mean square). F-ratios for
statistical tests are the ratios of mean squares.

F Ratio The ratio of mean square for lack of fit to mean square for Pure Error. It tests the
hypothesis that the lack of fit error is zero.

Prob > F The probability of obtaining a greater F-value by chance alone if the variation due to
lack of fit variance and the pure error variance are the same. A high p value means that
there is not a significant lack of fit.

Max RSq The maximum R? that can be achieved by a model using only the variables in the
model. See “Lack of Fit Report” on page 135.

Analysis of Variance Report

Analysis of variance (ANOVA) for a regression partitions the total variation of a sample into
components. These components are used to compute an F-ratio that evaluates the
effectiveness of the model. If the probability associated with the F-ratio is small, then the
model is considered a better statistical fit for the data than the response mean alone.

The Analysis of Variance reports in Figure 5.12 compare a linear fit (Fit Line) and a second
degree (Fit Polynomial). Both fits are statistically better from a horizontal line at the mean.

Figure 5.12 Examples of Analysis of Variance Reports for Linear and Polynomial Fits

4 Linear Fit <4 Polynomial Fit Degree=2
2004 Verhal = 75.62538 - 101.32814*% Taking (2004) 2004 Verhal = 62.47113- 111.07875*% Taking (2004) +
Summary of Fit 196.95725%(% Taking (2004)-0.397 062
Lack Of Fit Summary of Fit
Lack Of Fit

4 Analysis of Variance
4 Analysis of Variance

Sum of
Source DF Squares Mean Square F Ratio Sum of
Maodel 1 45265424 452664 18463749 Source DF Squares Mean Square F Ratio
Errar 43 12012733 2452  Prob>F Madel 2 80,371.160 251856 175.0265
C. Total 50 57,278.1487 =.0001* Errar 48 £,906.997 14389 Prob>F

C. Tatal 50 &7,278.147 =.0001*

The Analysis of Variance Report contains the following columns:

Source The three sources of variation: Model, Error, and C. Total.
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DF The degrees of freedom (DF) for each source of variation:

— A degree of freedom is subtracted from the total number of non missing values (N) for
each parameter estimate used in the computation. The computation of the total sample
variation uses an estimate of the mean. Therefore, one degree of freedom is subtracted
from the total, leaving 49. The total corrected degrees of freedom are partitioned into
the Model and Error terms.

— One degree of freedom from the total (shown on the Model line) is used to estimate a
single regression parameter (the slope) for the linear fit. Two degrees of freedom are
used to estimate the parameters (; and B, ) for a polynomial fit of degree 2.

— The Error degrees of freedom is the difference between C. Total df and Model df.
Sum of Squares The sum of squares (SS for short) for each source of variation:

— In this example, the total (C. Total) sum of squared distances of each response from the
sample mean is 57,278.157, as shown in Figure 5.12. That is the sum of squares for the
base model (or simple mean model) used for comparison with all other models.

— For the linear regression, the sum of squared distances from each point to the line of fit
reduces from 12,012.733. This is the residual or unexplained (Error) SS after fitting the
model. The residual SS for a second degree polynomial fit is 6,906.997, accounting for
slightly more variation than the linear fit. That is, the model accounts for more
variation because the model SS are higher for the second degree polynomial than the
linear fit. The C. total SS less the Error SS gives the sum of squares attributed to the
model.

Mean Square The sum of squares divided by its associated degrees of freedom. The F-ratio
for a statistical test is the ratio of the following mean squares:

— The Model mean square for the linear fit is 45,265.4. This value estimates the error
variance, but only under the hypothesis that the model parameters are zero.

— The Error mean square is 245.2. This value estimates the error variance.

F Ratio The model mean square divided by the error mean square. The underlying
hypothesis of the fit is that all the regression parameters (except the intercept) are zero. If
this hypothesis is true, then both the mean square for error and the mean square for model
estimate the error variance, and their ratio has an F-distribution. If a parameter is a
significant model effect, the F-ratio is usually higher than expected by chance alone.

Prob >F The observed significance probability (p-value) of obtaining a greater F-value by
chance alone if the specified model fits no better than the overall response mean. Observed
significance probabilities of 0.05 or less are often considered evidence of a regression
effect.
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Parameter Estimates Report

The terms in the Parameter Estimates report for a linear fit are the intercept and the single x
variable.

For a polynomial fit of order k, there is an estimate for the model intercept and a parameter
estimate for each of the k powers of the X variable.

Figure 5.13 Examples of Parameter Estimates Reports for Linear and Polynomial Fits

4 Linear Fit 4| Polynomial Fit Degree=2

2004 Verbal= 875.62539 - 101.32814%% Taking (2004) 2004 verhal = 562.47113 - 111.07875%% Taking (2004) +
Summary of Fit 196,957 25%(% Taking (2004)-0.39706)42
Lack Of Fit Summary of Fit
Analysis of Variance Lack Of Fit

4 Parameter Estimates Analysis of Variance
Term Estimate StdError tRatio Prob>(t| 4 Parameter Estimates
Intercept 57562538 3624288 15624 =0001* Term Estimate StdError tRatio Prob=ft|
% Taking {2004) -101.3281 7.457094 1388 <0001* Intercept 96247113 3583843 15695 =.0001*

% Taking (2004) -111.0788 5942967 -18.68 =.0001*

(% Taking (2004)-0.39706)"2 19695725 33.064587 546 =0001"

The Parameter Estimates report contains the following columns:

Term Lists the name of each parameter in the requested model. The intercept is a constant
term in all models.

Estimate Lists the parameter estimates of the linear model. The prediction formula is the
linear combination of these estimates with the values of their corresponding variables.

Std Error Lists the estimates of the standard errors of the parameter estimates. They are used
in constructing tests and confidence intervals.

t Ratio Lists the test statistics for the hypothesis that each parameter is zero. It is the ratio of
the parameter estimate to its standard error. If the hypothesis is true, then this statistic has
a Student’s t-distribution.

Prob>|t| Lists the observed significance probability calculated from each t-ratio. It is the
probability of getting, by chance alone, a t-ratio greater (in absolute value) than the
computed value, given a true null hypothesis. Often, a value below 0.05 (or sometimes
0.01) is interpreted as evidence that the parameter is significantly different from zero.

To reveal additional statistics, right-click in the report and select the Columns menu. Statistics
not shown by default are as follows:

Lower 95% The lower endpoint of the 95% confidence interval for the parameter estimate.
Upper 95% The upper endpoint of the 95% confidence interval for the parameter estimate.

Std Beta The standardized parameter estimate. It is useful for comparing the effect of X
variables that are measured on different scales. See “Parameter Estimates Report” on
page 135.
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VIF The variance inflation factor.

Design Std Error The design standard error for the parameter estimate. See “Parameter

Estimates Report” on page 135.

Related Information

e “Fit Line” on page 133

¢ “Fitting Menus” on page 122

Fit Special

Using the Fit Special command, you can transform Y and X. Transformations include the
following: log, square root, square, reciprocal, and exponential. You can also constrain the
slope and intercept, fit a polynomial of specific degree, and center the polynomial.

The Specify Transformation or Constraint Window contains the following options:
Y Transformation Use these options to transform the Y variable.

X Transformation Use these options to transform the X variable.

Degree Use this option to fit a polynomial of the specified degree.

Centered Polynomial To turn off polynomial centering, deselect the Centered Polynomial
check box. See Figure 5.19. Note that for transformations of the X variable, polynomial
centering is not performed. Centering polynomials stabilizes the regression coefficients
and reduces multicollinearity.

Constrain Intercept to  Select this check box to constrain the model intercept to be the
specified value.

Constrain Slope to Select this check box to constrain the model slope to be the specified
value.

Fit Special Reports and Menus

Depending on your selections in the Fit Special window, you see different reports and menus.
The flowchart in Figure 5.14 shows you what reports and menus you see depending on your
choices.
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Figure 5.14 Example of Fit Special Flowchart
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The Transformed Fit report contains the reports described in “Linear Fit and Polynomial Fit
Reports” on page 107. However, if you transformed Y, the Fit Measured on Original Scale
report appears. This shows the measures of fit based on the original Y variables, and the fitted

model transformed back to the original scale.

Related Information

e “Example of the Fit Special Command” on page 126
* “Linear Fit and Polynomial Fit Reports” on page 107

¢ “Fitting Menus” on page 122

Flexible

Use the options in the Flexible menu to control the smoothness of the estimated regression

curve.

e Fit Spline uses a penalized least squares approach. Adjust the degree of smoothness using

the parameter lambda.

e Kernel Smoother is based on locally weighted fits. Control the influence of local behavior
using the parameter alpha.

e Fit Each Value calculates the mean response at each X value.
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Fit Spline

Using the Fit Spline command, you can fit a smoothing spline that varies in smoothness (or
flexibility) according to the lambda (A) value. The lambda value is a tuning parameter in the
spline formula. As the value of A decreases, the error term of the spline model has more
weight and the fit becomes more flexible and curved. As the value of A increases, the fit
becomes stiff (less curved), approaching a straight line.

Note the following information:

e The smoothing spline can help you see the expected value of the distribution of Y across X.

¢ The points closest to each piece of the fitted curve have the most influence on it. The
influence increases as you lower the value of A, producing a highly flexible curve.

e If you want to use a lambda value that is not listed on the menu, select Fit Spline > Other. If
the scaling of the X variable changes, the fitted model also changes. To prevent this from
happening, select the Standardize X option. Note that the fitted model remains the same
for either the original X variable or the scaled X variable.

* You might find it helpful to try several A values. You can use the Lambda slider beneath
the Smoothing Spline report to experiment with different A values. However, A is not
invariant to the scaling of the data. For example, the A value for an X measured in inches, is
not the same as the A value for an X measured in centimeters.

Smoothing Spline Fit Report

The Smoothing Spline Fit report contains the R-Square for the spline fit and the Sum of
Squares Error. You can use these values to compare the spline fit to other fits, or to compare
different spline fits to each other.

R-Square Measures the proportion of variation accounted for by the smoothing spline
model. For more information, see “Smoothing Fit Reports” on page 136.

Sum of Squares Error Sum of squared distances from each point to the fitted spline. It is the
unexplained error (residual) after fitting the spline model.

Change Lambda Enables you to change the A value, either by entering a number, or by
moving the slider.

Related Information

¢ “Fitting Menus” on page 122

e “Fit Spline” on page 133
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Kernel Smoother

The Kernel Smoother command produces a curve formed by repeatedly finding a locally
weighted fit of a simple curve (a line or a quadratic) at sampled points in the domain. The
many local fits (128 in total) are combined to produce the smooth curve over the entire
domain. This method is also called Loess or Lowess, which was originally an acronym for
Locally Weighted Scatterplot Smoother. See Cleveland (1979).

Use this method to quickly see the relationship between variables and to help you determine
the type of analysis or fit to perform.

Local Smoother Report

The Local Smoother report contains the R-Square for the smoother fit and the Sum of Squares
Error. You can use these values to compare the smoother fit to other fits, or to compare
different smoother fits to each other.

R-Square Measures the proportion of variation accounted for by the smoother model. For
more information, see “Smoothing Fit Reports” on page 136.

Sum of Squares Error Sum of squared distances from each point to the fitted smoother. It is
the unexplained error (residual) after fitting the smoother model.

Local Fit (lambda) Select the polynomial degree for each local fit. Quadratic polynomials can
track local bumpiness more smoothly. Lambda is the degree of certain polynomials that
are fitted by the method. Lambda can be 0, 1 or 2.

Weight Function Specify how to weight the data in the neighborhood of each local fit. Loess
uses tri-cube. The weight function determines the influence that each xi and yi has on the
fitting of the line. The influence decreases as xi increases in distance from x and finally
becomes zero.

Smoothness (alpha) Controls how many points are part of each local fit. Use the slider or
type in a value directly. Alpha is a smoothing parameter. It can be any positive number,
but typical values are 1/4 to 1. As alpha increases, the curve becomes smoother.

Robustness Re-weights the points to de-emphasize points that are farther from the fitted
curve. Specify the number of times to repeat the process (number of passes). The goal is to
converge the curve and automatically filter out outliers by giving them small weights.

Related Information

¢ “Fitting Menus” on page 122
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Fit Each Value

The Fit Each Value command fits a value to each unique X value. The fitted values are the
means of the response for each unique X value.

Fit Each Value Report

The Fit Each Value report shows summary statistics about the model fit.
Number of Observations Gives the total number of observations.
Number of Unique Values Gives the number of unique X values.
Degrees of Freedom Gives the pure error degrees of freedom.

Sum of Squares Gives the pure error sum of squares.

Mean Square Gives the pure error mean square.

Related Information

e “Fitting Menus” on page 122

Fit Orthogonal

The Fit Orthogonal command fits linear models that account for variability in X as well as Y.

Fit Orthogonal Options

Select one of the following options to specify a variance ratio.

Univariate Variances, Prin Comp Uses the univariate variance estimates computed from the
samples of X and Y. This turns out to be the standardized first principal component. This
option is not a good choice in a measurement systems application since the error variances
are not likely to be proportional to the population variances.

Equal Variances Uses 1 as the variance ratio, which assumes that the error variances are the
same. Using equal variances is equivalent to the non-standardized first principal
component line. Suppose that the scatterplot is scaled the same in the X and Y directions.
When you show a normal density ellipse, you see that this line is the longest axis of the
ellipse.

Fit XtoY Uses a variance ratio of zero, which indicates that Y effectively has no variance.

Specified Variance Ratio Lets you enter any ratio that you want, giving you the ability to
make use of known information about the measurement error in X and response error in
Y.
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Orthogonal Regression Report

The Orthogonal Regression report shows summary statistics about the orthogonal regression
model.

Variable Gives the names of the variables used to fit the line.
Mean Gives the mean of each variable.

Std Dev Gives the standard deviation of each variable.
Variance Ratio Gives the variance ratio used to fit the line.
Correlation Gives the correlation between the two variables.
Intercept Gives the intercept of the fitted line.

Slope Gives the slope of the fitted line.

LowerCL Gives the lower confidence limit for the slope.
UpperCL Gives the upper confidence limit for the slope.

Alpha Enter the alpha level used in computing the confidence interval.

Related Information

¢ “Fitting Menus” on page 122

e “Fit Orthogonal” on page 133

e “Example Using the Fit Orthogonal Command” on page 128

Robust

The Robust option provides two methods to reduce the influence of outliers in your data set.
Outliers can lead to incorrect estimates and decisions.

Fit Robust

The Fit Robust option reduces the influence of outliers in the response variable. The Huber
M-estimation method is used. Huber M-estimation finds parameter estimates that minimize
the Huber loss function, which penalizes outliers. The Huber loss function increases as a
quadratic for small errors and linearly for large errors. For more details about robust fitting,
see Huber (1973) and Huber and Ronchetti (2009).

Related Information
e “Fitting Menus” on page 122
¢ “Example Using the Fit Robust Command” on page 129
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Fit Cauchy

Assumes that the errors have a Cauchy distribution. A Cauchy distribution has fatter tails
than the normal distribution, resulting in a reduced emphasis on outliers. This option can be
useful if you have a large proportion of outliers in your data. However, if your data are close
to normal with only a few outliers, this option can lead to incorrect inferences. The Cauchy
option estimates parameters using maximum likelihood and a Cauchy link function.

Density Ellipse

Using the Density Ellipse option, you can draw an ellipse (or ellipses) that contains the
specified mass of points. The number of points is determined by the probability that you select
from the Density Ellipse menu).

Figure 5.15 Example of Density Ellipses
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The density ellipsoid is computed from the bivariate normal distribution fit to the X and Y
variables. The bivariate normal density is a function of the means and standard deviations of
the X and Y variables and the correlation between them. The Other selection lets you specify
any probability greater than zero and less than or equal to one.

These ellipses are both density contours and confidence curves. As confidence curves, they
show where a given percentage of the data is expected to lie, assuming the bivariate normal
distribution.

The density ellipsoid is a good graphical indicator of the correlation between two variables.
The ellipsoid collapses diagonally as the correlation between the two variables approaches
either 1 or —1. The ellipsoid is more circular (less diagonally oriented) if the two variables are
less correlated.
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Correlation Report

The Correlation report that accompanies each Density Ellipse fit shows the correlation
coefficient for the X and Y variables.

Note: To see a matrix of ellipses and correlations for many pairs of variables, use the
Multivariate command in the Analyze > Multivariate Methods menu.

Variable Gives the names of the variables used in creating the ellipse
Mean Gives the average of both the X and Y variable.
Std Dev  Gives the standard deviation of both the X and Y variable.

A discussion of the mean and standard deviation are in the section “The Summary
Statistics Report” on page 42 in the “Distributions” chapter.

Correlation The Pearson correlation coefficient. If there is an exact linear relationship
between two variables, the correlation is 1 or -1 depending on whether the variables are
positively or negatively related. If there is no relationship, the correlation tends toward
Zero.

For more information, see “Correlation Report” on page 136.

Signif. Prob Probability of obtaining, by chance alone, a correlation with greater absolute
value than the computed value if no linear relationship exists between the X and Y
variables.

Number Gives the number of observations used in the calculations.

Related Information
e “Fitting Menus” on page 122
¢ “Example of Group By Using Density Ellipses” on page 131

Nonpar Density

When a plot shows thousands of points, the mass of points can be too dark to show patterns in
density. Using the Nonpar Density (nonparametric density) option makes it easier to see the
patterns.

Nonpar Density estimates a smooth nonparametric bivariate surface that describes the density
of data points. The plot adds a set of contour lines showing the density (Figure 5.16). The
contour lines are quantile contours in 5% intervals. This means that about 5% of the points
generated from the estimated nonparametric distribution are below the lowest contour, 10%
are below the next contour, and so on. The highest contour has about 95% of the points below
it.
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Figure 5.16 Example of Nonpar Density
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You can change the size of a nonparametric density contour grid to create smoother contours.
The default value is 51 points, which can create jagged contours around dense points.

Press Shift and select Nonpar Density from the Bivariate red triangle menu. Enter a larger
value than the default 51 points.

Nonparametric Bivariate Density Report

The nonparametric bivariate density report shows the standard deviations used in creating
the nonparametric density.

Related Information

¢ “Fitting Menus” on page 122

Group By

Using the Group By option, you can select a classification (grouping) variable. When a
grouping variable is in effect, the Bivariate platform computes a separate analysis for each
level of the grouping variable. Regression curves or ellipses then appear on the scatterplot.
The fit for each level of the grouping variable is identified beneath the scatterplot, with
individual popup menus to save or remove fitting information.

The Group By option is checked in the Fitting menu when a grouping variable is in effect. You
can change the grouping variable by first selecting the Group By option to remove (uncheck)
the existing variable. Then, select the Group By option again and respond to its window as
before.

You might use the Group By option in these different ways:

* An overlay of linear regression lines lets you compare slopes visually.

* An overlay of density ellipses can show clusters of points by levels of a grouping variable.
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Fitting Menus

Related Information

“Example of Group By Using Density Ellipses” on page 131
“Example of Group By Using Regression Lines” on page 132

Chapter 5
Basic Analysis

Fitting Menus

In addition to a report, each fitting command adds a fitting menu to the report window. The

following table shows the fitting menus that correspond to each fitting command.

Fitting Command

Fit Mean
Fit Line
Fit Polynomial

Fit Special

Fit Spline
Smoother

Fit Each Value
Fit Orthogonal
Fit Robust

Fit Cauchy
Density Ellipse

Nonpar Density

Fitting Menu
Fit Mean

Linear Fit

Polynomial Fit Degree=X*

Linear Fit

Polynomial Fit Degree=X*
Transformed Fit X*

Constrained Fits

Smoothing Spline Fit, lambda=X*

Local Smoother

Fit Each Value

Orthogonal Fit Ratio=X*

Robust Fit

Cauchy Fit

Bivariate Normal Ellipse P=X*

Quantile Density Colors

*X=variable character or number

Fitting Menu Options

The Fitting menu for the option that you have selected contains options that apply to that fit.

“Options That Apply to Most Fits” on page 123.
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e “Options That Apply to Multiple Fits” on page 123.
* “Options That Apply to Bivariate Normal Ellipse” on page 124.
* “Options That Apply to Quantile Density Contours” on page 124.

Options That Apply to Most Fits

Line of Fit Displays or hides the line or curve describing the model fit. For the Bivariate
Normal Ellipse report, this option shows or hides the ellipse representing the contour
border. Not applicable for Quantile Density Colors.

Line Color Lets you select from a palette of colors for assigning a color to each fit. Not
applicable for Quantile Density Colors.

Line Style Lets you select from the palette of line styles for each fit. Not applicable for
Quantile Density Colors.

Line Width Gives three line widths for the line of fit. The default line width is the thinnest
line. Not applicable for Quantile Density Colors.

Report Turns the fit’s report on and off. Does not modify the Bivariate plot.

Remove Fit Removes the fit from the graph and removes its report.

Options That Apply to Multiple Fits

Confid Curves Fit Displays or hides the confidence limits for the expected value (mean). This
option is not available for the Fit Spline, Density Ellipse, Fit Each Value, and Fit
Orthogonal fits and is dimmed on those menus.

Confid Curves Indiv Displays or hides the confidence limits for an individual predicted value.
The confidence limits reflect variation in the error and variation in the parameter
estimates. This option is not available for the Fit Mean, Fit Spline, Density Ellipse, Fit Each
Value, and Fit Orthogonal fits and is dimmed on those menus.

Save Predicteds Creates a new column in the current data table called Predicted colname
where colname is the name of the Y variable. This column includes the prediction formula
and the computed sample predicted values. The prediction formula computes values
automatically for rows that you add to the table. This option is not available for the Fit
Each Value and Density Ellipse fits and is dimmed on those menus.

You can use the Save Predicteds and Save Residuals commands for each fit. If you use
these commands multiple times or with a grouping variable, it is best to rename the
resulting columns in the data table to reflect each fit.

Save Residuals Creates a new column in the current data table called Residuals colname
where colname is the name of the Y variable. Each value is the difference between the
actual (observed) value and its predicted value. Unlike the Save Predicteds command, this
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command does not create a formula in the new column. This option is not available for the
Fit Each Value and Density Ellipse fits and is dimmed on those menus.

You can use the Save Predicteds and Save Residuals commands for each fit. If you use
these commands multiple times or with a grouping variable, it is best to rename the
resulting columns in the data table to reflect each fit.

Mean Confidence Limit Formula Creates a new column in the data table containing a formula
for the mean confidence intervals.

Indiv Confidence Limit Formula Creates a new column in the data table containing a formula
for the individual confidence intervals.

Plot Residuals (Linear, Polynomial, and Fit Special Only) Produces four diagnostic plots:
residual by predicted, actual by predicted, residual by row, and a normal quantile plot of
the residuals. See “Diagnostics Plots” on page 125.

Seta Level Enables you to set the alpha level used in computing confidence bands for
various fits.

Confid Shaded Fit Draws the same curves as the Confid Curves Fit command and shades the
area between the curves.

Confid Shaded Indiv Draws the same curves as the Confid Curves Indiv command and shades
the area between the curves.

Save Coefficients Saves the spline coefficients as a new data table, with columns called X, A,
B, C, and D. The X column gives the knot points. A, B, C, and D are the intercept, linear,
quadratic, and cubic coefficients of the third-degree polynomial. These coefficients span
from the corresponding value in the X column to the next highest value.

Options That Apply to Bivariate Normal Ellipse

Shaded Contour Shades the area inside the density ellipse.
Select Points Inside Selects the points inside the ellipse.

Select Points Outside Selects the points outside the ellipse.

Options That Apply to Quantile Density Contours

Kernel Control Displays a slider for each variable, where you can change the standard
deviation that defines the range of X and Y values for determining the density of contour
lines.

5% Contours Shows or hides the 5% contour lines.
Contour Lines Shows or hides the 10% contour lines.
Contour Fill Fills the areas between the contour lines.

Select Points by Density Selects points that fall in a user-specified quantile range.
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Color by Density Quantile Colors the points according to density.

Save Density Quantile Creates a new column containing the density quantile each point is in.

Mesh Plot Is a three-dimensional plot of the density over a grid of the two analysis variables.
See Figure 5.17.

Modal Clustering Creates a new column in the current data table and fills it with cluster
values.

Note: If you save the modal clustering values first and then save the density grid, the grid
table also contains the cluster values. The cluster values are useful for coloring and
marking points in plots.

Save Density Grid Saves the density estimates and the quantiles associated with them in a
new data table. The grid data can be used to visualize the density in other ways, such as

with the Scatterplot 3D or the Contour Plot platforms.

Figure 5.17 Example of a Mesh Plot

Density

% Taking (2004)

Diagnostics Plots
The Plot Residuals option creates residual plots and other plots to diagnose the model fit. The
following plots are available:

Residual by Predicted Plot is a plot of the residuals vs. the predicted values. A histogram of
the residuals is also created.

Actual by Predicted Plot is a plot of the actual values vs. the predicted values.
Residual by Row Plot is a plot of the residual values vs. the row number.
Residual by X Plot is a plot of the residual values vs. the X variable.

Residual Normal Quantile Plot is a Normal quantile plot of the residuals.
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Additional Examples of the Bivariate Platform

This section contains additional examples using the fitting commands in the Bivariate
platform.

Example of the Fit Special Command

To transform Y as log and X as square root, proceed as follows:

Select Help > Sample Data Library and open SAT.jmp.
Select Analyze > Fit Y by X.

Select 2004 Verbal and click Y, Response.

Select % Taking (2004) and click X, Factor.

Click OK.

A A

Figure 5.18 Example of SAT Scores by Percent Taking
600

-3
580 *

560
540
520
500 © ., -

480
0 01 02 03 04 05 06 07 08 09

6. From the red triangle menu for Bivariate Fit, select Fit Special. The Specify Transformation
or Constraint window appears. For a description of this window, see “Fit Special” on
page 113.

Figure 5.19 The Specify Transformation or Constraint Window
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7. Within Y Transformation, select Natural Logarithm: log(y).
8. Within X Transformation, select Square Root: sqrt(x).
9. Click OK.

Figure 5.20 Example of Fit Special Report
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<4 Transformed Fit Log to Sqrt
Log(2004 Verbal) = 6.4095983 - 0.223274*Sqrt(3 Taking (2004)

< Summary of Fit
RSquare 0.843p%4
RSquare Adj 0.840504
Root Mean Square Error 0.025112
Mean of Response 6.281054
Observations (or Sum Wagts) 51
I Lack Of Fit
< Analysis of Variance
Sum of
Source DF Squares Mean Square  F Ratio
Medel 1 0.16673913 0.166789 264.4873
Error 49 0.03090004 0.000631 Prob > F
C. Total 50 0.19768916 <,0001*
4 Parameter Estimates
Term Estimate Std Error tRatio Prob:|t]
Intercept 64005083 0.008651 74001 - Ik

Sgri(% Taking (2004)) -0.223274 0.013729 -16.26

£ Fit Measured on Original Scale

Sum of Squared Error 86842196
Root Mean Square Error  13.312737
RSquare 0.8483851
Sum of Residuals 8.4357902

Figure 5.20 shows the fitted line plotted on the original scale. The model appears to fit the data
well, as the plotted line goes through the cloud of points.
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Example Using the Fit Orthogonal Command

This example involves two parts. First, standardize the variables using the Distribution
platform. Then, use the standardized variables to fit the orthogonal model.

Standardize the Variables

1.

2
3
4.
5

Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Distribution.

Select height and weight and click Y, Columns.

Click OK.

Hold down the Ctrl key. On the red triangle menu next to height, select Save >
Standardized.

Holding down the Ctrl key broadcasts the operation to all variables in the report window.
Notice that in the Big Class.jmp sample data table, two new columns have been added.

Close the Distribution report window.

Use the Standardized Variables to Fit the Orthogonal Model

AN

From the Big Class.jmp sample data table, select Analyze > Fit Y by X.

Select Std weight and click Y, Response.

Select Std height and click X, Factor.

Click OK.

From the red triangle menu, select Fit Line.

From the red triangle menu, select Fit Orthogonal. Then select each of the following:
— Equal Variances

- FitXtoY

— Specified Variance Ratio and type 0.2.

— Specified Variance Ratio and type 5.
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Figure 5.21 Example of Orthogonal Fitting Options
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The scatterplot in Figure 5.21 shows the standardized height and weight values with various
line fits that illustrate the behavior of the orthogonal variance ratio selections. The standard
linear regression (Fit Line) occurs when the variance of the X variable is considered to be very
small. Fit X to Y is the opposite extreme, when the variation of the Y variable is ignored. All
other lines fall between these two extremes and shift as the variance ratio changes. As the
variance ratio increases, the variation in the Y response dominates and the slope of the fitted
line shifts closer to the Y by X fit. Likewise, when you decrease the ratio, the slope of the line
shifts closer to the X by Y fit.

Example Using the Fit Robust Command

The data in the Weight Measurements.jmp sample data table shows the height and weight
measurements taken by 40 students.

Select Help > Sample Data Library and open Weight Measurements.jmp.
Select Analyze > Fit Y by X.

Select weight and click Y, Response.

Select height and click X, Factor.

Click OK.

From the red triangle menu, select Fit Line.

N o gl L=

From the red triangle menu, select Robust > Fit Robust.
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Figure 5.22 Example of Robust Fit
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4 Linear Fit
weight=2,.1466733 + 1.5244337*height
4 Summary of Fit
RSquare 0.062319
RSquare Adj 0.037643
Root Mean Square Error 25.41387
Mean of Response 97.5
Observations (or Sum Wagts) 40
P Lack Of Fit
4 Analysis of Variance
Sum of
Source DF Squares Mean Square  F Ratio
Medel 1 1631144 163114 2,5255
Error 38 24542856 64586 Prob>F
C. Total 39 26174000 0.1203
4 Parameter Estimates
Term Estimate Std Error tRatio Prob:|t|

Intercept 2.1466733 60.13567 0.04 09717
height 1.5244337 0.959253 1.59 01203

4 Robust Fit
Sigma ChiSquare PValue LogWorth
10,0537 3.88052 0.0488* 131114
Robust
Parameter Estimate Std Error
Intercept -2862 62,5811
height 205316 1.04226

If you look at the standard Analysis of Variance report, you might wrongly conclude that
height and weight do not have a linear relationship, since the p-value is 0.1203. However,
when you look at the Robust Fit report, you would probably conclude that they do have a
linear relationship, because the p-value there is 0.0489. It appears that some of the
measurements are unusually low, perhaps due to incorrect user input. These measurements
were unduly influencing the analysis.
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Example of Group By Using Density Ellipses

This example uses the Hot Dogs.jmp sample data table. The Type column identifies three
different types of hot dogs: beef, meat, or poultry. You want to group the three types of hot
dogs according to their cost variables.

Select Help > Sample Data Library and open Hot Dogs.jmp.

Select Analyze > Fit Y by X.

Select $/0z and click Y, Response.

Select $/Ib Protein and click X, Factor.

Click OK.

From the red triangle menu, select Group By.

From the list, select Type.

Click OK. If you look at the Group By option again, you see it has a check mark next to it.

0 X NG wh =

From the red triangle menu, select Density Ellipse > 0.90.
To color the points according to Type, proceed as follows:

10. Right-click on the scatterplot and select Row Legend.
11. Select Type in the column list and click OK.

Figure 5.23 Example of Group By
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¥~ Bivariate Normal Ellipse P=0.800 Type==Beef
¥~ Bivariate Normal Ellipse P=0.900 Type==Meat
*— Bivariate Normal Ellipse P=0.900 Type==Poultry

The ellipses in Figure 5.23 show clearly how the different types of hot dogs cluster with
respect to the cost variables.
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Example of Group By Using Regression Lines

Another use for grouped regression is overlaying lines to compare slopes of different groups.

Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Fit Y by X.

Select height and click X, Factor.

1
2
3. Select weight and click Y, Response.
4
5. Click OK.

To create the example on the left in Figure 5.24:
6. Select Fit Line from the red triangle menu.
To create the example on the right in Figure 5.24:
7. From the Linear Fit menu, select Remove Fit.
8. From the red triangle menu, select Group By.
9. From the list, select sex.

10. Click OK.

11. Select Fit Line from the red triangle menu.

Figure 5.24 Example of Regression Analysis for Whole Sample and Grouped Sample
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The scatterplot to the left in Figure 5.24 has a single regression line that relates weight to
height. The scatterplot to the right shows separate regression lines for males and females.



Chapter 5 Bivariate Analysis 133
Basic Analysis Statistical Details for the Bivariate Platform

Statistical Details for the Bivariate Platform

This section contains statistical details for selected commands and reports.

Fit Line

The Fit Line command finds the parameters 8, and B, for the straight line that fits the points
to minimize the residual sum of squares. The model for the ith row is written

y; = Byt Byx;te; .
A polynomial of degree 2 is a parabola; a polynomial of degree 3 is a cubic curve. For degree k,
the model for the ith observation is as follows:

k
vi= X Bt

j=0

Fit Spline

The cubic spline method uses a set of third-degree polynomials spliced together such that the
resulting curve is continuous and smooth at the splices (knot points). The estimation is done
by minimizing an objective function that is a combination of the sum of squares error and a
penalty for curvature integrated over the curve extent. See the paper by Reinsch (1967) or the
text by Eubank (1988) for a description of this method.

Fit Orthogonal

Standard least square fitting assumes that the X variable is fixed and the Y variable is a
function of X plus error. If there is random variation in the measurement of X, you should fit a
line that minimizes the sum of the squared perpendicular differences. See Figure 5.25.
However, the perpendicular distance depends on how X and Y are scaled, and the scaling for
the perpendicular is reserved as a statistical issue, not a graphical one.

Figure 5.25 Line Perpendicular to the Line of Fit
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The fit requires that you specify the ratio of the variance of the error in Y to the error in X. This
is the variance of the error, not the variance of the sample points, so you must choose carefully.
The ratio (62)/ (ci) is infinite in standard least squares because 032( is zero. If you do an

orthogonal f]/it with a large error ratio, the fitted line approaches the standard least squares line
of fit. If you specify a ratio of zero, the fit is equivalent to the regression of X on Y, instead of Y

on X.

The most common use of this technique is in comparing two measurement systems that both
have errors in measuring the same value. Thus, the Y response error and the X measurement
error are both the same type of measurement error. Where do you get the measurement error
variances? You cannot get them from bivariate data because you cannot tell which
measurement system produces what proportion of the error. So, you either must blindly
assume some ratio like 1, or you must rely on separate repeated measurements of the same
unit by the two measurement systems.

An advantage to this approach is that the computations give you predicted values for both Y
and X; the predicted values are the point on the line that is closest to the data point, where
closeness is relative to the variance ratio.

Confidence limits are calculated as described in Tan and Iglewicz (1999).

Summary of Fit Report

RSquare

Using quantities from the corresponding analysis of variance table, the RSquare for any
continuous response fit is calculated as follows:

Sum of Squares for Model

Sum of Squares for C. Total

RSquare Adj

The RSquare Adj is a ratio of mean squares instead of sums of squares and is calculated as
follows:

1- Mean Square for Error

Mean Square for C. Total

The mean square for Error is in the Analysis of Variance report. See Figure 5.12. You can
compute the mean square for C. Total as the Sum of Squares for C. Total divided by its
respective degrees of freedom.
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Lack of Fit Report

Pure Error DF

For the Pure Error DF, consider the multiple instances in the Big Class.jmp sample data table
where more than one subject has the same value of height. In general, if there are g groups
having multiple rows with identical values for each effect, the pooled DF, denoted DF,, is as
follows:

g
DF, = ¥ (n;-1)
i=1

n; is the number of subjects in the ith group.

Pure Error SS

For the Pure Error SS, in general, if there are g groups having multiple rows with the same x
value, the pooled SS, denoted SSP, is written as follows:

where SS;is the sum of squares for the ith group corrected for its mean.

Max RSq

Because Pure Error is invariant to the form of the model and is the minimum possible variance,
Max RSq is calculated as follows:

SS(Pure error)
1- SS(Total for whole model)

Parameter Estimates Report

Std Beta

Std Beta is calculated as follows:

B(sx/sy)

where B is the estimated parameter, sx and sy are the standard deviations of the X and Y
variables.
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Design Std Error

Design Std Error is calculated as the standard error of the parameter estimate divided by the
RMSE.

Smoothing Fit Reports
R-Square is equal to 1-(SSE/C.Total SS), where C.Total SS is available in the Fit Line ANOVA
report.

Correlation Report

The Pearson correlation coefficient is denoted r, and is computed as follows:

2

r = Sxy_ where 2 _ 20 X)W 7 Yy)
Xy 22 xy af
5SSy

Where w, is either the weight of the ith observation if a weight column is specified, or 1if no

weight column is assigned.
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Oneway Analysis

Examine Relationships between a Continuous Y and a Categorical X
Variable

Using the Oneway or Fit Y by X platform, you can explore how the distribution of a
continuous Y variable differs across groups defined by a single categorical X variable. For
example, you might want to find out how different categories of the same type of drug (X)
affect patient pain levels on a numbered scale (Y).

The Oneway platform is the continuous by nominal or ordinal personality of the Fit Y by X
platform. The analysis results appear in a plot, and you can interactively add additional
analyses, such as the following;:

® aone-way analysis of variance to fit means and to test that they are equal
* nonparametric tests

¢ atest for homogeneity of variance

¢ multiple-comparison tests on means, with means comparison circles

¢ outlier box plots overlaid on each group

* power details for the one-way layout

Figure 6.1 Oneway Analysis

4~ Oneway Analysis of pain By drug
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Overview of Oneway Analysis

A one-way analysis of variance tests for differences between group means. The total
variability in the response is partitioned into two parts: within-group variability and
between-group variability. If the between-group variability is large relative to the
within-group variability, then the differences between the group means are considered to be
significant.

Example of Oneway Analysis

This example uses the Analgesics.jmp sample data table. Thirty-three subjects were
administered three different types of analgesics (A, B, and C). The subjects were asked to rate
their pain levels on a sliding scale. You want to find out if the means for A, B, and C are
significantly different.

1. Select Help > Sample Data Library and open Analgesics.jmp.
2. Select Analyze > Fit Y by X.

3. Select pain and click Y, Response.

4. Select drug and click X, Factor.

5. Click OK.

Figure 6.2 Example of Oneway Analysis

4~ Oneway Analysis of pain By drug

You notice that one drug (A) has consistently lower scores than the other drugs. You also
notice that the x-axis ticks are unequally spaced. The length between the ticks is proportional
to the number of scores (observations) for each drug.

Perform an analysis of variance on the data.

6. From the red triangle menu for Oneway Analysis, select Means/Anova.
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Note: If the X factor has only two levels, the Means/Anova option appears as
Means/Anova/Pooled t, and adds a pooled t-test report to the report window.

Figure 6.3 Example of the Means/Anova Option

£ ~|Oneway Analysis of pain By drug

15

Oneway Analysis
Example of Oneway Analysis

- 10 .
m -
a  —
=1l - 1 —
—— -
L) -
-
. .
C A B C
drug
< Oneway Anova

< Summary of Fit

Rsquare 0.295046

Adj Rsquare 0.248049

Root Mean Square Error 2.820631

Mean of Response 8.533515

Observations (or Sum Wagts) 33
< Analysis of Variance

Sum of

Source DF Squares Mean Square FRatio Prob>F

drug 2 09,80450 40,0473 £.2780

Error 30 238.67877 7.9560

C. Total 32 33857335

< Means for Oneway Anova

Level MNumber Mean StdError Lower 95% Upper 95%

A 18 6.9791 0.6648 5.6214
B 7 9.8318 1.0661 7.6545
C & 10.8048 0.9972 8.8582

Std Error uses a pocled estimate of error variance

Note the following observations:

¢ Mean diamonds representing confidence intervals appear.

8.337
12.009
12,931
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— The line near the center of each diamond represents the group mean. At a glance, you

can see that the mean for each drug looks significantly different.

— The vertical span of each diamond represents the 95% confidence interval for the mean

of each group.

See “Mean Diamonds and X-Axis Proportional” on page 150.

® The Summary of Fit table provides overall summary information about the analysis.
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* The Analysis of Variance report shows the standard ANOVA information. You notice that

the Prob > F (the p-value) is 0.0053, which supports your visual conclusion that there are
significant differences between the drugs.

e The Means for Oneway Anova report shows the mean, sample size, and standard error for
each level of the categorical factor.

Launch the Oneway Platform

You can perform a Oneway analysis using either the Fit Y by X platform or the Oneway
platform. The two approaches are equivalent.

e To launch the Fit Y by X platform, select Analyze > Fit Y by X.
or

e Tolaunch the Oneway platform, from the JMP Starter window, click on the Basic category
and click Oneway.

Figure 6.4 The Oneway Launch Window

Distribution of ¥ for each X. Modeling types determine analysis.

Select Columns Cast Selected Columns into Roles Action
= 5‘Columns ¥, Response|| require oK |
name optional
alage Cancel |
thasex
ﬁ::igg:i X, Factor | r‘Eq‘_u < Remove |
Help |

V| —
|_ Z | [t
Bivariate | Oneway
Legistic |Contingency
y ha

[ .

For more information about this launch window, see “Introduction to Fit Y by X” chapter on
page 95.

After you click OK, the Oneway report window appears. See “The Oneway Plot” on page 140.

The Oneway Plot

The Oneway plot shows the response points for each X factor value. You can compare the

distribution of the response across the levels of the X factor. The distinct values of X are
sometimes called levels.
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Replace variables in the plot in one of two ways: swap existing variables by dragging and
dropping a variable from one axis to the other axis; or, click on a variable in the Columns
panel of the associated data table and drag it onto an axis.

You can add reports, additional plots, and tests to the report window using the options in the
red triangle menu for Oneway Analysis. See “Oneway Platform Options” on page 141.

To produce the plot shown in Figure 6.5, follow the instructions in “Example of Oneway

Analysis” on page 138.

Figure 6.5 The Oneway Plot

4~ Oneway Analysis of pain By drug

Note: Any rows that are excluded in the data table are also hidden in the Oneway plot.

Oneway Platform Options

Note: The Fit Group menu appears if you have specified multiple Y or X variables. Menu
options allow you to arrange reports or order them by RSquare. See the Standard Least
Squares chapter in the Fitting Linear Models book for more information.

When you select a platform option, objects might be added to the plot, and a report is added
to the report window.

Table 6.1 Examples of Options and Elements

Platform Option Object Added to Plot Report Added to Report Window
Quantiles Box plots Quantiles report

Means/Anova Mean diamonds Oneway ANOVA reports
Means and Std Dev  Mean lines, error bars, and Means and Std Deviations

standard deviation lines report
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Table 6.1 Examples of Options and Elements (Continued)

Platform Option Object Added to Plot Report Added to Report Window
Compare Means Comparison circles Means Comparison reports

(except Nonparametric
Multiple Comparisons option)

The red triangle menu for Oneway Analysis provides the following options. Some options
might not appear unless specific conditions are met.

Quantiles Lists the following quantiles for each group:
- 0% (Minimum)
- 10%
- 25%
— 50% (Median)
- 75%
- 90%
- 100% (Maximum)
Activates Box Plots from the Display Options menu. See “Quantiles” on page 146.

Means/Anova Fits means for each group and performs a one-way analysis of variance to test
if there are differences among the means. See “Means/Anova and Means/Anova/Pooled t”
on page 147.

If the X factor has two levels, the menu option changes to Means/Anova/Pooled t.

Means and Std Dev Gives summary statistics for each group. The standard errors for the
means use individual group standard deviations rather than the pooled estimate of the
standard deviation.

The plot now contains mean lines, error bars, and standard deviation lines. For a brief
description of these elements, see “Display Options” on page 144. For more details about
these elements, see “Mean Lines, Error Bars, and Standard Deviation Lines” on page 151.

ttest Produces a t-test report assuming that the variances are not equal. See “The t-test
Report” on page 148.

This option appears only if the X factor has two levels.

Analysis of Means Methods Provides five commands for performing Analysis of Means
(ANOM) procedures. There are commands for comparing means, variances, and ranges.
See “Analysis of Means Methods” on page 152.

Compare Means Provides multiple-comparison methods for comparing sets of group means.
See “Compare Means” on page 155.
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Nonparametric Provides nonparametric comparisons of group locations. See
“Nonparametric Tests” on page 161.

Unequal Variances Performs four tests for equality of group variances. Also gives the Welch
test, which is an ANOVA test for comparing means when the variances within groups are
not equal. See “Unequal Variances” on page 167.

Equivalence Test Tests that a difference is less than a threshold value. See “Equivalence Test”
on page 170.

Robust Provides two methods for reducing the influence of outliers on your data. See
“Robust” on page 170.

Power Provides calculations of statistical power and other details about a given hypothesis
test. See “Power” on page 171.

The Power Details window and reports also appear within the Fit Model platform. For
further discussion and examples of power calculations, see the Statistical Details appendix
in the Fitting Linear Models book.

Set o Level You can select an option from the most common alpha levels or specify any level
with the Other selection. Changing the alpha level results in the following actions:

— recalculates confidence limits

— adjusts the mean diamonds on the plot (if they are showing)

— modifies the upper and lower confidence level values in reports

— changes the critical number and comparison circles for all Compare Means reports
— changes the critical number for all Nonparametric Multiple Comparison reports

Normal Quantile Plot Provides the following options for plotting the quantiles of the data in
each group:

— Plot Actual by Quantile generates a quantile plot with the response variable on the
y-axis and quantiles on the x-axis. The plot shows quantiles computed within each
level of the categorical X factor.

— Plot Quantile by Actual reverses the x- and y-axes.

— Line of Fit draws straight diagonal reference lines on the plot for each level of the X
variable. This option is available only once you have created a plot (Actual by Quantile
or Quantile by Actual).

CDF Plot Plots the cumulative distribution function for all of the groups in the Oneway
report. See “CDF Plot” on page 173.

Densities Compares densities across groups. See “Densities” on page 173.

Matching Column Specify a matching variable to perform a matching model analysis. Use
this option when the data in your Oneway analysis comes from matched (paired) data,
such as when observations in different groups come from the same subject.
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The plot now contains matching lines that connect the matching points. See “Matching
Column” on page 173.

Save Saves the following quantities as new columns in the current data table:

— Save Residuals saves values computed as the response variable minus the mean of the
response variable within each level of the factor variable.

— Save Standardized saves standardized values of the response variable computed
within each level of the factor variable. This is the centered response divided by the
standard deviation within each level.

— Save Normal Quantiles saves normal quantile values computed within each level of the
categorical factor variable.

— Save Predicted saves the predicted mean of the response variable for each level of the
factor variable.

Display Options Adds or removes elements from the plot. See “Display Options” on
page 144.

See the JMP Reports chapter in the Using JMP book for more information about the following
options:

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.

Display Options
Using Display Options, you can add or remove elements from a plot. Some options might not
appear unless they are relevant.
All Graphs Shows or hides all graphs.
Points Shows or hides data points on the plot.

Box Plots Shows or hides outlier box plots for each group. For an example, see “Conduct the
Oneway Analysis” on page 200.

Mean Diamonds Draws a horizontal line through the mean of each group proportional to its
x-axis. The top and bottom points of the mean diamond show the upper and lower 95%
confidence points for each group. See “Mean Diamonds and X-Axis Proportional” on
page 150.
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Mean Lines Draws a line at the mean of each group. See “Mean Lines, Error Bars, and
Standard Deviation Lines” on page 151.

Mean Cl Lines Draws lines at the upper and lower 95% confidence levels for each group.

Mean Error Bars Identifies the mean of each group and shows error bars one standard error
above and below the mean. See “Mean Lines, Error Bars, and Standard Deviation Lines”
on page 151.

Grand Mean Draws the overall mean of the Y variable on the plot.

Std Dev Lines Shows lines one standard deviation above and below the mean of each group.
See “Mean Lines, Error Bars, and Standard Deviation Lines” on page 151.

Comparison Circles Shows or hides comparison circles. This option is available only when
one of the Compare Means options is selected. See “Comparison Circles” on page 202. For
an example, see “Conduct the Oneway Analysis” on page 200.

Connect Means Connects the group means with a straight line.
Mean of Means Draws a line at the mean of the group means.

X-Axis proportional Makes the spacing on the x-axis proportional to the sample size of each
level. See “Mean Diamonds and X-Axis Proportional” on page 150.

Points Spread Spreads points over the width of the interval

Points Jittered Adds small spaces between points that overlay on the same y value. The
horizontal adjustment of points varies from 0.375 to 0.625 with a 4"(Uniform—0.5)5
distribution.

Matching Lines (Only appears when the Matching Column option is selected.) Connects
matching points.

Matching Dotted Lines (Only appears when the Matching Column option is selected.) Draws
dotted lines to connect cell means from missing cells in the table. The values used as the
endpoints of the lines are obtained using a two-way ANOVA model.

Histograms Draws side-by-side histograms to the right of the original plot.

Robust Mean Lines (Appears only when a Robust option is selected.) Draws a line at the
robust mean of each group.

Legend Displays a legend for the Normal Quantile Plot, CDF Plot, and Densities options.
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Quantiles
The Quantiles report lists selected percentiles for each level of the X factor variable. The
median is the 50th percentile, and the 25th and 75th percentiles are called the quartiles.
The Quantiles option adds the following elements to the plot:

* the grand mean representing the overall mean of the Y variable

* outlier box plots summarizing the distribution of points at each factor level

Figure 6.6 Outlier Box Plot and Grand Mean

154 / outlier box plot

: I — grand mean

Note: To hide these elements, click the red triangle next to Oneway Analysis and select
Display Options > Box Plots or Grand Mean.

Outlier Box Plots

The outlier box plot is a graphical summary of the distribution of data. Note the following
aspects about outlier box plots (see Figure 6.7):

¢ The horizontal line within the box represents the median sample value.

* The ends of the box represent the 75th and 25th quantiles, also expressed as the 3rd and 1st
quartile, respectively.

¢ The difference between the 1st and 3rd quartiles is called the interquartile range.

e Each box has lines, sometimes called whiskers, that extend from each end. The whiskers

extend from the ends of the box to the outermost data point that falls within the distances
computed as follows:

3rd quartile + 1.5*(interquartile range)
1st quartile - 1.5*(interquartile range)

If the data points do not reach the computed ranges, then the whiskers are determined by
the upper and lower data point values (not including outliers).
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Figure 6.7 Examples of Outlier Box Plots
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Means/Anova and Means/Anova/Pooled t

The Means/Anova option performs an analysis of variance. If the X factor contains exactly two
levels, this option appears as Means/Anova/Pooled t. In addition to the other reports, a ¢-test

report assuming pooled (or equal) variances appears.

Mean diamonds are added to the Oneway plot See “Display Options” on page 144 and “Mean

Diamonds and X-Axis Proportional” on page 150.

Reports See “The Summary of Fit Report” on page 147, “The Analysis of Variance Report”
on page 149, “The Means for Oneway Anova Report” on page 150, “The t-test Report” on

page 148, and “The Block Means Report” on page 150.
— The t-test report appears only if the Means/Anova/Pooled t option is selected.

— The Block Means report appears only if you have specified a Block variable in the

launch window.

The Summary of Fit Report

The Summary of Fit report shows a summary for a one-way analysis of variance.

Rsquare Measures the proportion of the variation accounted for by fitting means to each
factor level. The remaining variation is attributed to random error. The R? value is 1 if

fitting the group means account for all the variation with no error. An R? of 0 indicates that
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the fit serves no better as a prediction model than the overall response mean. For more
information, see “Summary of Fit Report” on page 204.

R?is also called the coefficient of determination.
Note: A low RSquare value suggests that there may be variables not in the model that
account for the unexplained variation. However, if your data are subject to a large amount

of inherent variation, even a useful ANOVA model may have a low RSquare value. Read
the literature in your research area to learn about typical RSquare values.

Adj Rsquare Adjusts R? to make it more comparable over models with different numbers of
parameters by using the degrees of freedom in its computation. For more information, see
“Summary of Fit Report” on page 204.

Root Mean Square Error Estimates the standard deviation of the random error. It is the
square root of the mean square for Error found in the Analysis of Variance report.

Mean of Response Overall mean (arithmetic average) of the response variable.

Observations (or Sum Wgts) Number of observations used in estimating the fit. If weights are
used, this is the sum of the weights. See “Summary of Fit Report” on page 204.

The t-test Report

Note: This option is applicable only for the Means/Anova/Pooled t option.

There are two types of t-Tests:

* Equal variances. If you select the Means/Anova/Pooled t option, a t-Test report appears.
This t-Test assumes equal variances.

¢ Unequal variances. If you select the t-Test option from the red triangle menu, a ¢-Test
report appears. This t-Test assumes unequal variances.

The t-test report contains the following columns:

t Test plot Shows the sampling distribution of the difference in the means, assuming the null
hypothesis is true. The vertical red line is the actual difference in the means. The shaded
areas correspond to the p-values.

Difference Shows the estimated difference between the two X levels. In the plots, the
Difference value appears as a red line that compares the two levels.

Std Err Dif Shows the standard error of the difference.
Upper CL Dif Shows the upper confidence limit for the difference.

Lower CL Dif Shows the lower confidence limit for the difference.
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Confidence Shows the level of confidence (1-alpha). To change the level of confidence, select
anew alpha level from the Set o Level command from the platform red triangle menu.

t Ratio Value of the t-statistic.

DF The degrees of freedom used in the t-test.

Prob > |t| The p-value associated with a two-tailed test.
Prob >t The p-value associated with a lower-tailed test.

Prob <t The p-value associated with an upper-tailed test.

The Analysis of Variance Report

The Analysis of Variance report partitions the total variation of a sample into two components.
The ratio of the two mean squares forms the F ratio. If the probability associated with the F
ratio is small, then the model is a better fit statistically than the overall response mean.

Note: If you specified a Block column, then the Analysis of Variance report includes the Block
variable.

Source Lists the three sources of variation, which are the model source, Error, and C. Total
(corrected total).

DF Records an associated degrees of freedom (DF for short) for each source of variation:

— The degrees of freedom for C. Total are N - 1, where N is the total number of
observations used in the analysis.

— If the X factor has k levels, then the model has k - 1 degrees of freedom.

The Error degrees of freedom is the difference between the C. Total degrees of freedom and
the Model degrees of freedom (in other words, N - k).

Sum of Squares Records a sum of squares (SS for short) for each source of variation:

— The total (C. Total) sum of squares of each response from the overall response mean.
The C. Total sum of squares is the base model used for comparison with all other
models.

— The sum of squared distances from each point to its respective group mean. This is the
remaining unexplained Error (residual) SS after fitting the analysis of variance model.

The total SS minus the error SS gives the sum of squares attributed to the model. This tells
you how much of the total variation is explained by the model.

Mean Square Is a sum of squares divided by its associated degrees of freedom:

— The Model mean square estimates the variance of the error, but only under the
hypothesis that the group means are equal.
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— The Error mean square estimates the variance of the error term independently of the
model mean square and is unconditioned by any model hypothesis.

F Ratio Model mean square divided by the error mean square. If the hypothesis that the
group means are equal (there is no real difference between them) is true, then both the
mean square for error and the mean square for model estimate the error variance. Their
ratio has an F distribution. If the analysis of variance model results in a significant
reduction of variation from the total, the F ratio is higher than expected.

Prob>F Probability of obtaining (by chance alone) an F value greater than the one calculated
if, in reality, there is no difference in the population group means. Observed significance
probabilities of 0.05 or less are often considered evidence that there are differences in the
group means.

The Means for Oneway Anova Report
The Means for Oneway Anova report summarizes response information for each level of the
nominal or ordinal factor.
Level Lists the levels of the X variable.
Number Lists the number of observations in each group.
Mean Lists the mean of each group.

Std Error Lists the estimates of the standard deviations for the group means. This standard
error is estimated assuming that the variance of the response is the same in each level. It is
the root mean square error found in the Summary of Fit report divided by the square root
of the number of values used to compute the group mean.

Lower 95% and Upper 95% Lists the lower and upper 95% confidence interval for the group
means.

The Block Means Report

If you have specified a Block variable on the launch window, the Means/Anova and
Means/Anova/Pooled t commands produce a Block Means report. This report shows the
means for each block and the number of observations in each block.

Mean Diamonds and X-Axis Proportional

A mean diamond illustrates a sample mean and confidence interval.
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Figure 6.8 Examples of Mean Diamonds and X-Axis Proportional Options

overlap marks

95%
confidence
interval

X-axis proportional X-axis not proportional 9roup mean

Note the following observations:

* The top and bottom of each diamond represent the (1-alpha)x100 confidence interval for
each group. The confidence interval computation assumes that the variances are equal
across observations. Therefore, the height of the diamond is proportional to the reciprocal
of the square root of the number of observations in the group.

e If the X-Axis proportional option is selected, the horizontal extent of each group along the
x-axis (the horizontal size of the diamond) is proportional to the sample size for each level
of the X variable. Therefore, the narrower diamonds are usually taller, because fewer data
points results in a wider confidence interval.

¢ The mean line across the middle of each diamond represents the group mean.

® Overlap marks appear as lines above and below the group mean. For groups with equal
sample sizes, overlapping marks indicate that the two group means are not significantly
different at the given confidence level. Overlap marks are computed as group
mean % (4/2)/2x CI/2. Overlap marks in one diamond that are closer to the mean of
another diamond than that diamond’s overlap marks indicate that those two groups are
not different at the given confidence level.

® The mean diamonds automatically appear when you select the Means/Anova/Pooled t or
Means/Anova option from the platform menu. However, you can show or hide them at
any time by selecting Display Options > Mean Diamonds from the red triangle menu.

Mean Lines, Error Bars, and Standard Deviation Lines

Show mean lines by selecting Display Options > Mean Lines. Mean lines indicate the mean of
the response for each level of the X variable.

Mean error bars and standard deviation lines appear when you select the Means and Std Dev
option from the red triangle menu. See Figure 6.9. To turn each option on or off singly, select
Display Options > Mean Error Bars or Std Dev Lines.
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Figure 6.9 Mean Lines, Mean Error Bars, and Std Dev Lines
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Analysis of Means Methods

Analysis of means (ANOM) methods compare means and variances and other measures of

location and scale across several groups. You might want to use these methods under these
circumstances:

® to test whether any of the group means are statistically different from the overall (sample)
mean

® to test whether any of the group standard deviations are statistically different from the
root mean square error (RMSE)

® to test whether any of the group ranges are statistically different from the overall mean of
the ranges

Note: Within the Contingency platform, you can use the Analysis of Means for Proportions
when the response has two categories. For details, see the “Contingency Analysis” chapter on
page 209.

For a description of ANOM methods and to see how JMP implements ANOM, see the book by
Nelson et al. (2005).

Analysis of Means for Location
You can test whether groups have a common mean or center value using the following
options:
¢ ANOM
* ANOM with Transformed Ranks
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ANOM

Use ANOM to compare group means to the overall mean. This method assumes that your
data are approximately normally distributed. See “Example of an Analysis of Means Chart”
on page 174.

ANOM with Transformed Ranks

This is the nonparametric version of the ANOM analysis. Use this method if your data is clearly
non-normal and cannot be transformed to normality. ANOM with Transformed Ranks
compares each group’s mean transformed rank to the overall mean transformed rank. The
ANOM test involves applying the usual ANOM procedure and critical values to the
transformed observations.

Transformed Ranks

Suppose that there are n observations. The transformed observations are computed as follows:

* Rank all observations from smallest to largest, accounting for ties. For tied observations,
assign each one the average of the block of ranks that they share.
* Denote the ranks by Ry, R), ..., R,

e The transformed rank corresponding to the i observations is:

R.

_ . i
Transformed R; = Normal Quanilee[(znJr 1) +O.5}

The ANOM procedure is applied to the values Transformed R;. Since the ranks have a uniform
distribution, the transformed ranks have a folded normal distribution. For details, see Nelson
et al. (2005).

Analysis of Means for Scale

You can test for homogeneity of variation within groups using the following options:

e ANOM for Variances
e ANOM for Variances with Levene (ADM)
¢ ANOM for Ranges

ANOM for Variances

Use this method to compare group standard deviations (or variances) to the root mean square
error (or mean square error). This method assumes that your data is approximately normally
distributed. To use this method, each group must have at least four observations. For details
about the ANOM for Variances test, see Wludyka and Nelson (1997) and Nelson et al. (2005).
For an example, see “Example of an Analysis of Means for Variances Chart” on page 175.
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ANOM for Variances with Levene (ADM)

This method provides a robust test that compares the group means of the absolute deviations
from the median (ADM) to the overall mean ADM. Use ANOM for Variances with Levene
(ADM) if you suspect that your data is non-normal and cannot be transformed to normality.
ANOM for Variances with Levene (ADM) is a nonparametric analog of the ANOM for
Variances analysis. For details about the ANOM for Variances with Levene (ADM) test, see
Levene (1960) or Brown and Forsythe (1974).

ANOM for Ranges

Use this test to compare group ranges to the mean of the group ranges. This is a test for scale
differences based on the range as the measure of spread. For details, see Wheeler (2003).

Note: ANOM for Ranges is available only for balanced designs and specific group sizes. See
“Restrictions for ANOM for Ranges Test” on page 154.

Restrictions for ANOM for Ranges Test

Unlike the other ANOM decision limits, the decision limits for the ANOM for Ranges chart
uses only tabled critical values. For this reason, ANOM for Ranges is available only for the
following:

e groups of equal sizes
* groups specifically of the following sizes: 2-10, 12, 15, and 20
* number of groups between 2 and 30

* alpha levels of 0.10, 0.05, and 0.01

Analysis of Means Charts

Each Analysis of Means Methods option adds a chart to the report window that shows the
following:

¢ anupper decision limit (UDL)

¢ alower decision limit (LDL)

* ahorizontal (center) line that falls between the decision limits and is positioned as follows:
— ANOM: the overall mean
— ANOM with Transformed Ranks: the overall mean of the transformed ranks
— ANOM for Variances: the root mean square error (or MSE when in variance scale)

— ANOM for Variances with Levene (ADM): the overall absolute deviation from the
mean

— ANOM for Ranges: the mean of the group ranges
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If a group’s plotted statistic falls outside of the decision limits, then the test indicates that there
is a statistical difference between that group’s statistic and the overall average of the statistic
for all the groups.

Analysis of Means Options

Each Analysis of Means Methods option adds an Analysis of Means red triangle menu to the
report window.

Set Alpha Level Select an option from the most common alpha levels or specify any level with
the Other selection. Changing the alpha level modifies the upper and lower decision limits.

Note: For ANOM for Ranges, only the selections 0.10, 0.05, and 0.01 are available.

Show Summary Report The reports are based on the Analysis of Means method:

For ANOM, creates a report showing group means and decision limits.

For ANOM with Transformed Ranks, creates a report showing group mean
transformed ranks and decision limits.

For ANOM for Variances, creates a report showing group standard deviations (or
variances) and decision limits.

For ANOM for Variances with Levene (ADM), creates a report showing group mean
ADMs and decision limits.

For ANOM for Ranges, creates a report showing group ranges and decision limits.

Graph in Variance Scale (Only for ANOM for Variances) Changes the scale of the y-axis from
standard deviations to variances.

Display Options Display options include the following:

Show Decision Limits shows or hides decision limit lines.
Show Decision Limit Shading shows or hides decision limit shading.
Show Center Line shows or hides the center line statistic.

Point Options: Show Needles shows the needles. This is the default option. Show
Connected Points shows a line connecting the means for each group. Show Only Points
shows only the points representing the means for each group.

Compare Means

Note: Another method for comparing means is ANOM. See “Analysis of Means Methods” on
page 152.
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Use the Compare Means options to perform multiple comparisons of group means. All of
these methods use pooled variance estimates for the means. Each Compare Means option
adds comparison circles next to the plot and specific reports to the report window. For details
about comparison circles, see “Using Comparison Circles” on page 157.

Option

Each Pair,
Student’s t

All Pairs, Tukey
HSD

With Best, Hsu
MCB

With Control,
Dunnett’s

Description

Computes individual pairwise
comparisons using Student’s ¢-tests.
If you make many pairwise tests,
there is no protection across the
inferences. Therefore, the
alpha-size (Type I error rate) across
the hypothesis tests is higher than
that for individual tests. See “Each
Pair, Student’s t” on page 158.

Shows a test that is sized for all
differences among the means. This
is the Tukey or Tukey-Kramer HSD
(honestly significant difference)
test. (Tukey 1953, Kramer 1956).
This test is an exact alpha-level test
if the sample sizes are the same,
and conservative if the sample sizes
are different (Hayter 1984). See “All
Pairs, Tukey HSD” on page 158.

Tests whether the means are less
than the unknown maximum or
greater than the unknown
minimum. This is the Hsu MCB test
(Hsu, 1996 and Hsu, 1981). See

“With Best, Hsu MCB” on page 159.

Tests whether the means are
different from the mean of a control
group. This is Dunnett’s test
(Dunnett 1955). See “With Control,
Dunnett’s” on page 160.

Nonparametric Menu Option

Nonparametric > Nonparametric
Multiple Comparisons > Wilcoxon
Each Pair

Nonparametric > Nonparametric
Multiple Comparisons >
Steel-Dwass All Pairs

none

Nonparametric > Nonparametric
Multiple Comparisons > Steel With
Control

Note: If you have specified a Block column, then the multiple comparison methods are
performed on data that has been adjusted for the Block means.
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Related Information

e “Example Contrasting All of the Compare Means Tests” on page 182

Using Comparison Circles

Each multiple comparison test begins with a comparison circles plot, which is a visual
representation of group mean comparisons. Figure 6.10 shows the comparison circles for the

All Pairs, Tukey HSD method. Other comparison tests lengthen or shorten the radii of the
circles.

Figure 6.10 Visual Comparison of Group Means
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Compare each pair of group means visually by examining the intersection of the comparison
circles. The outside angle of intersection tells you whether the group means are significantly
different. See Figure 6.11.

¢ Circles for means that are significantly different either do not intersect, or intersect
slightly, so that the outside angle of intersection is less than 90 degrees.

e [f the circles intersect by an angle of more than 90 degrees, or if they are nested, the means
are not significantly different.

Figure 6.11 Angles of Intersection and Significance
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If the intersection angle is close to 90 degrees, you can verify whether the means are
significantly different by clicking on the comparison circle to select it. See Figure 6.12. To
deselect circles, click in the white space outside the circles.

Figure 6.12 Highlighting Comparison Circles
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Related Information

¢ “Comparison Circles” on page 202

Each Pair, Student’s t

The Each Pair, Student’s t test shows the Student’s ¢-test for each pair of group levels and tests
only individual comparisons.
Related Information

* “Example of the Each Pair, Student’s t Test” on page 176

All Pairs, Tukey HSD

The All Pairs, Tukey HSD test (also called Tukey-Kramer) protects the significance tests of all
combinations of pairs, and the HSD intervals become greater than the Student’s t pairwise
LSDs. Graphically, the comparison circles become larger and differences are less significant.

The q statistic is calculated as follows: g* = (1/sqrt(2)) * q where q is the required percentile of
the studentized range distribution. For more details, see the description of the T statistic by
Neter, Wasserman, and Kutner (1990).

Related Information

e “Example of the All Pairs, Tukey HSD Test” on page 178
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With Best, Hsu MCB

The With Best, Hsu MCB test determines whether the mean for a given level exceeds the
maximum mean of the remaining levels, or is smaller than the minimum mean of the
remaining levels. See Hsu, 1996.

The quantiles for the Hsu MCB test vary by the level of the categorical variable. Unless the
sample sizes are equal across levels, the comparison circle technique is not exact. The radius of
a comparison circle is given by the standard error of the level multiplied by the largest
quantile value. Use the p-values of the tests to obtain precise assessments of significant
differences. See “Comparison with Max and Min” on page 159.

Note: Means that are not regarded as the maximum or the minimum by MCB are also the
means that are not contained in the selected subset of Gupta (1965) of potential maximums or
minimum means.

Confidence Quantile

This report gives the quantiles for each level of the categorical variable. These correspond to
the specified value of Alpha.

Comparison with Max and Min

The report shows p-values for one-sided Dunnett tests. For each level other than the best, the
p-value given is for a test that compares the mean of the sample best level to the mean of each
remaining level treated as a control (potentially best) level. The p-value for the sample best
level is obtained by comparing the mean of the second sample best level to the mean of the
sample best level treated as a control.

The report shows three columns.
Level The level of the categorical variable.

with Max p-Value For each level of the categorical variable, this column gives a p-value for a
test that the mean of that level exceeds the maximum mean of the remaining levels. Use
the tests in this column to screen out levels whose means are significantly smaller than the
(unknown) largest true mean.

with Min p-Value For each level of the categorical variable, this column gives a p-value for a
test that the mean of that level is smaller than the minimum mean of the remaining levels.
Use the tests in this column to screen out levels whose means are significantly greater than
the (unknown) smallest true mean.
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LSD Threshold Matrix

The first report shown is for the maximum and the second is for the minimum.

For the maximum report, a column shows the row mean minus the column mean minus the
LSD. If a value is positive, the row mean is significantly higher than the mean for the column,
and the mean for the column is not the maximum.

For the minimum report, a column shows the row mean minus the column mean plus the LSD.
If a value is negative, the row mean is significantly less than the mean for the column, and the
mean for the column is not the minimum.

Related Information

e “Example of the With Best, Hsu MCB Test” on page 180

With Control, Dunnett’s

The With Control, Dunnett’s test compares a set of means against the mean of a control group.
The LSDs that it produces are between the Student’s t and Tukey-Kramer LSDs, because they
are sized to refrain from an intermediate number of comparisons.

In the Dunnett’s report, the |d| quantile appears, and can be used in a manner similar to a
Student’s t-statistic. The LSD threshold matrix shows the absolute value of the difference
minus the LSD. If a value is positive, its mean is more than the LSD apart from the control
group mean and is therefore significantly different.

Related Information

e “Example of the With Control, Dunnett’s Test” on page 181

Compare Means Options
The Means Comparisons reports for all four tests contain a red triangle menu with
customization options.
Difference Matrix Shows a table of all differences of means.

Confidence Quantile Shows the t-value or other corresponding quantiles used for confidence
intervals.

LSD Threshold Matrix Shows a matrix showing if a difference exceeds the least significant
difference for all comparisons.

Connecting Letters Report Shows the traditional letter-coded report where means that are
not sharing a letter are significantly different.

Note: Not available for With Best, Hsu MCB and With Control, Dunnett’s.
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Ordered Differences Report Shows all the positive-side differences with their confidence
interval band overlaid on the plot. Confidence intervals that do not fully contain their
corresponding bar are significantly different from each other.

Note: Not available for With Best, Hsu MCB and With Control, Dunnett’s.

Detailed Comparisons Report Shows a detailed report for each comparison. Each section
shows the difference between the levels, standard error and confidence intervals, t-ratios,
p-values, and degrees of freedom. A plot illustrating the comparison appears on the right
of each report.

Note: Not available for All Pairs, Tukey HSD, With Best, Hsu MCB, and With Control,
Dunnett’s.

Nonparametric Tests

Nonparametric tests are useful when the usual analysis of variance assumption of normality is
not viable. The Nonparametric option provides several methods for testing the hypothesis of
equal means or medians across groups. Nonparametric multiple comparison procedures are
also available to control the overall error rate for pairwise comparisons. Nonparametric tests
use functions of the response ranks, called rank scores. See Hajek (1969) and SAS Institute
(2008).

Note: If you specify a Block column, the nonparametric tests are conducted on data values
that are centered using the block means.

Wilcoxon Test Performs a test based on Wilcoxon rank scores. The Wilcoxon rank scores are
the simple ranks of the data. The Wilcoxon test is the most powerful rank test for errors
with logistic distributions. If the factor has more than two levels, the Kruskal-Wallis test is
performed. For information about the report, see “The Wilcoxon, Median, and Van der
Waerden Test Reports” on page 162. For an example, see “Example of the Nonparametric
Wilcoxon Test” on page 183.

The Wilcoxon test is also called the Mann-Whitney test.

Median Test Performs a test based on Median rank scores. The Median rank scores are either
1 or 0, depending on whether a rank is above or below the median rank. The Median test is
the most powerful rank test for errors with double-exponential distributions. For
information about the report, see “The Wilcoxon, Median, and Van der Waerden Test
Reports” on page 162.

van der Waerden Test Performs a test based on Van der Waerden rank scores. The Van der
Waerden rank scores are the ranks of the data divided by one plus the number of
observations transformed to a normal score by applying the inverse of the normal
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distribution function. The Van der Waerden test is the most powerful rank test for errors
with normal distributions. For information about the report, see “The Wilcoxon, Median,
and Van der Waerden Test Reports” on page 162.

Kolmogorov Smirnov Test Performs a test based on the empirical distribution function, which
tests whether the distribution of the response is the same across the groups. Both an
approximate and an exact test are given. This test is available only when the X factor has
two levels. For information about the report, see “Kolmogorov-Smirnov Two-Sample Test
Report” on page 163.

-I',"ﬂ’o Exact Test Provides options for performing exact versions of the Wilcoxon, Median,
van der Waerden, and Kolmogorov-Smirnov tests. These options are available only when

the X factor has two levels. Results for both the approximate and the exact test are given.

For information about the report, see “ 2-Sample, Exact Test” on page 163. For an example
involving the Wilcoxon Exact Test, see “Example of the Nonparametric Wilcoxon Test” on
page 183.

The Wilcoxon, Median, and Van der Waerden Test Reports

For each test, the report shows the descriptive statistics followed by the test results. Test
results appear in the 1-Way Test, ChiSquare Approximation report and, if the X variable has
exactly two levels, a 2-Sample Test, Normal Approximation report also appears. The
descriptive statistics are the following:

Level The levels of X.
Count The frequencies of each level.
Score Sum The sum of the rank score for each level.

Expected Score The expected score under the null hypothesis that there is no difference
among class levels.

Score Mean The mean rank score for each level.

(Mean-Mean0)/Std0 The standardized score. Mean0 is the mean score expected under the
null hypothesis. Std0 is the standard deviation of the score sum expected under the null
hypothesis. The null hypothesis is that the group means or medians are in the same
location across groups.

2-Sample Test, Normal Approximation

When you have exactly two levels of X, a 2-Sample Test, Normal Approximation report
appears. This report gives the following:

S Gives the sum of the rank scores for the level with the smaller number of observations.
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Z Gives the test statistic for the normal approximation test. For details, see “Two-Sample
Normal Approximations” on page 207.

Prob>|Z| Gives the p-value, based on a standard normal distribution, for the normal
approximation test.

1-Way Test, ChiSquare Approximation

This report gives results for a chi-square test for location. For details, see Conover (1999).

ChiSquare Gives the values of the chi-square test statistic. For details, see “One-Way
ChiSquare Approximations” on page 207.

DF Gives the degrees of freedom for the test.

Prob>ChiSq Gives the p-value for the test. The p-value is based on a ChiSquare distribution
with degrees of freedom equal to the number of levels of X minus 1.

JVP D_

PRO 2-Sample, Exact Test
If your data are sparse, skewed, or heavily tied, exact tests might be more suitable than
approximations based on asymptotic behavior. When you have exactly two levels of X, JMP
computes test statistics for exact tests. Select Nonparametric > Exact Test and select the test of
your choice. A 2-Sample: Exact Test report appears. This report gives the following:

S Gives the sum of the rank scores for the observations in the smaller group. If the two levels
of X have the same numbers of observations, then the value of S corresponds to the last
level of X in the value ordering.

Prob< S Gives a one-sided p-value for the test.

Prob > |S-Mean| Gives a two-sided p-value for the test.

Kolmogorov-Smirnov Two-Sample Test Report

The Kolmogorov-Smirnov test is available only when X has exactly two levels. The report
shows descriptive statistics followed by test results. The descriptive statistics are the
following:

Level The two levels of X.
Count The frequencies of each level.

EDF at Maximum For a level of X, gives the value of the empirical cumulative distribution
function (EDF) for that level at the value of X for which the difference between the two
EDFs is a maximum. For the row named Total, gives the value of the pooled EDF (the EDF
for the entire data set) at the value of X for which the difference between the two EDFs is a
maximum.
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Deviation from Mean at Maximum For each level, gives the value obtained as follows:

— Compute the difference between the EDF at Maximum for the given level and the EDF
at maximum for the pooled data set (Total).

— Multiply this difference by the square root of the number of observations in that level,
given as Count.

Kolmogorov-Smirnov Asymptotic Test

This report gives the details for the test.

KS A Kolmogorov-Smirnov statistic computed as follows:

1 2
Ks - max J;Zniu:i(xj)—ﬂxj))
1

The formula uses the following notation:
X j=1, ..., n are the observations
— n;is the number of observations in the ith level of X
— Fis the pooled cumulative empirical distribution function
~  Fjis the cumulative empirical distribution function for the i level of X

This version of the Kolmogorov-Smirnov statistic applies even when there are more than
two levels of X. Note, however, that JMP only performs the Kolmogorov-Smirnov analysis
when X has only two levels of X.

KSa An asymptotic Kolmogorov-Smirnov statistic computed as ks,/;; , where n is the total
number of observations.

D=max|F1-F2| The maximum absolute deviation between the EDFs for the two levels. This is
the version of the Kolmogorov-Smirnov statistic typically used to compare two samples.

Prob >D The p-value for the test. This is the probability that D exceeds the computed value
under the null hypothesis of no difference between the levels.

D+ = max(F1-F2) A one-sided test statistic for the alternative hypothesis that the level of the
tirst group exceeds the level of the second group.

Prob > D+ The p-value for the test of D+.

D- = max(F2-F1) A one-sided test statistic for the alternative hypothesis that the level of the
second group exceeds the level of the first group

Prob > D- The p-value for the test of D-.



Chapter 6 Oneway Analysis 165
Basic Analysis Nonparametric Tests

f,"ﬂ’o Kolmogorov-Smirnov Exact Test

For the Kolmogorov-Smirnov exact test, the report gives the same statistics as does the
asymptotic test, but the p-values are computed to be exact.

Nonparametric Multiple Comparisons

This option provides several methods for performing nonparametric multiple comparisons.
These tests are based on ranks and, except for the Wilcoxon Each Pair test, control for the
overall experimentwise error rate. For details about these tests, see See Dunn (1964) and Hsu
(1996). For information about the reports, see “Nonparametric Multiple Comparisons
Procedures” on page 165.

For the Wilcoxon, Median, and Van der Waerden tests, if the X factor has more than two levels,
a chi-square approximation to the one-way test is performed. If the X factor has two levels, a
normal approximation to the two-sample test is performed, in addition to the chi-square
approximation to the one-way test.

Tip: While Friedman'’s test for nonparametric repeated measures ANOVA is not directly
supported in JMP, it can be performed as follows: Calculate the ranks within each block.
Define this new column to have an ordinal modeling type. Enter the ranks as Y in the Fit Y by
X platform. Enter one of the effects as a blocking variable. Obtain Cochran-Mantel-Haenszel
statistics.

Nonparametric Multiple Comparisons Procedures

Wilcoxon Each Pair  Performs the Wilcoxon test on each pair. This procedure does not control
for the overall alpha level. This is the nonparametric version of the Each Pair, Student’s t
option found on the Compare Means menu. See “Wilcoxon Each Pair, Steel-Dwass All
Pairs, and Steel with Control” on page 166.

Steel-Dwass All Pairs Performs the Steel-Dwass test on each pair. This is the nonparametric
version of the All Pairs, Tukey HSD option found on the Compare Means menu. See
“Wilcoxon Each Pair, Steel-Dwass All Pairs, and Steel with Control” on page 166.

Steel With Control Compares each level to a control level. This is the nonparametric version
of the With Control, Dunnett’s option found on the Compare Means menu. See “Wilcoxon
Each Pair, Steel-Dwass All Pairs, and Steel with Control” on page 166.

Dunn With Control for Joint Ranks Compares each level to a control level, similar to the Steel
With Control option. The Dunn method computes ranks for all the data, not just the pair
being compared. The reported p-Value reflects a Bonferroni adjustment. It is the
unadjusted p-value multiplied by the number of comparisons. If the adjusted p-value
exceeds 1, it is reported as 1. See “Dunn All Pairs for Joint Ranks and Dunn with Control
for Joint Ranks” on page 167.
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Dunn All Pairs for Joint Ranks Performs a comparison of each pair, similar to the Steel-Dwass
All Pairs option. The Dunn method computes ranks for all the data, not just the pair being
compared. The reported p-value reflects a Bonferroni adjustment. It is the unadjusted
p-value multiplied by the number of comparisons. If the adjusted p-value exceeds 1, it is
reported as 1. See “Dunn All Pairs for Joint Ranks and Dunn with Control for Joint Ranks”
on page 167.

Wilcoxon Each Pair, Steel-Dwass All Pairs, and Steel with Control

The reports for these multiple comparison procedures give test results and confidence
intervals. For these tests, observations are ranked within the sample obtained by combining
only the two levels used in a given comparison.

g* The quantile used in computing the confidence intervals.

Alpha The alpha level used in computing the confidence interval. You can change the
confidence level by selecting the Set o. Level option from the Oneway menu.

Level The first level of the X variable used in the pairwise comparison.
- Level The second level of the X variable used in the pairwise comparison.

Score Mean Difference The mean of the rank score of the observations in the first level
(Level) minus the mean of the rank scores of the observations in the second level (-Level),
where a continuity correction is applied.

Denote the number of observations in the first level by 7; and the number in the second
level by n,. The observations are ranked within the sample consisting of these two levels.
Tied ranks are averaged. Denote the sum of the ranks for the first level by ScoreSum; and
for the second level by ScoreSum,.

If the difference in mean scores is positive, then the Score Mean Difference is given as
follows:

Score Mean Difference = (ScoreSum; - 0.5)/n; - (ScoreSum, + 0.5)/n,

If the difference in mean scores is negative, then the Score Mean Difference is given as
follows:

Score Mean Difference = (ScoreSumy + 0.5)/n; - (ScoreSum, -0.5)/n,
Std Error Dif The standard error of the Score Mean Difference.

Z The standardized test statistic, which has an asymptotic standard normal distribution
under the null hypothesis of no difference in means.

p-Value The p-value for the asymptotic test based on Z.

Hodges-Lehmann The Hodges-Lehmann estimator of the location shift. All paired
differences consisting of observations in the first level minus observations in the second
level are constructed. The Hodges-Lehmann estimator is the median of these differences.
The bar graph to the right of Upper CL shows the size of the Hodges-Lehmann estimate.
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Lower CL The lower confidence limit for the Hodges-Lehmann statistic.

Note: Not computed if group sample sizes are large enough to cause memory issues.
Upper CL  The upper confidence limit for the Hodges-Lehmann statistic.

Note: Not computed if group sample sizes are large enough to cause memory issues.

~Difference A bar graph showing the size of the Hodges-Lehmann estimate for each
comparison.

Dunn All Pairs for Joint Ranks and Dunn with Control for Joint Ranks

These comp are based on the rank of an observation in the entire data set. For the Dunn with
Control for Joint Ranks tests, you must select a control level.

Level The first level of the X variable used in the pairwise comparison.
- Level he second level of the X variable used in the pairwise comparison.

Score Mean Difference The mean of the rank score of the observations in the first level
(Level) minus the mean of the rank scores of the observations in the second level (-Level),
where a continuity correction is applied. The ranks are obtained by ranking the
observations within the entire sample. Tied ranks are averaged. The continuity correction
is described in “Score Mean Difference” on page 166.

Std Error Dif The standard error of the Score Mean Difference.

Z The standardized test statistic, which has an asymptotic standard normal distribution
under the null hypothesis of no difference in means.

p-Value The p-value for the asymptotic test based on Z.

Unequal Variances

When the variances across groups are not equal, the usual analysis of variance assumptions
are not satisfied and the ANOVA F test is not valid. J]MP provides four tests for equality of
group variances and an ANOVA that is valid when the group sample variances are unequal.
The concept behind the first three tests of equal variances is to perform an analysis of variance
on a new response variable constructed to measure the spread in each group. The fourth test is
Bartlett’s test, which is similar to the likelihood ratio test under normal distributions.

Note: Another method to test for unequal variances is ANOMYV. See “Analysis of Means
Methods” on page 152.
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The following Tests for Equal Variances are available:

O’Brien Constructs a dependent variable so that the group means of the new variable equal
the group sample variances of the original response. An ANOVA on the O’Brien variable
is actually an ANOVA on the group sample variances (O’'Brien 1979, Olejnik, and Algina
1987).

Brown-Forsythe Shows the F test from an ANOVA where the response is the absolute value
of the difference of each observation and the group median (Brown and Forsythe 1974).

Levene Shows the F test from an ANOVA where the response is the absolute value of the
difference of each observation and the group mean (Levene 1960). The spread is measured
as z;; = |yij’37i‘ (as opposed to the SAS default zij = W=7 )-

Bartlett Compares the weighted arithmetic average of the sample variances to the weighted
geometric average of the sample variances. The geometric average is always less than or
equal to the arithmetic average with equality holding only when all sample variances are
equal. The more variation there is among the group variances, the more these two
averages differ. A function of these two averages is created, which approximates a
Xz—distribution (or, in fact, an F distribution under a certain formulation). Large values
correspond to large values of the arithmetic or geometric ratio, and therefore to widely
varying group variances. Dividing the Bartlett Chi-square test statistic by the degrees of
freedom gives the F value shown in the table. Bartlett’s test is not very robust to violations
of the normality assumption (Bartlett and Kendall 1946).

If there are only two groups tested, then a standard F test for unequal variances is also
performed. The F test is the ratio of the larger to the smaller variance estimate. The p-value
from the F distribution is doubled to make it a two-sided test.

Note: If you have specified a Block column, then the variance tests are performed on data after
it has been adjusted for the Block means.

Tests That the Variances Are Equal Report

The Tests That the Variances Are Equal report shows the differences between group means to
the grand mean and to the median, and gives a summary of testing procedures.

If the equal variances test reveals that the group variances are significantly different, use
Welch's test instead of the regular ANOVA test. The Welch statistic is based on the usual
ANOVA F test. However, the means are weighted by the reciprocal of the group mean
variances (Welch 1951; Brown and Forsythe 1974b; Asiribo, Osebekwin, and Gurland 1990). If
there are only two levels, the Welch ANOVA is equivalent to an unequal variance ¢-test.

Description of the Variances Are Equal Report

Level Lists the factor levels occurring in the data.
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Count Records the frequencies of each level.

Std Dev Records the standard deviations of the response for each factor level. The standard
deviations are equal to the means of the O’Brien variable. If a level occurs only once in the
data, no standard deviation is calculated.

MeanAbsDif to Mean Records the mean absolute difference of the response and group mean.
The mean absolute differences are equal to the group means of the Levene variable.

MeanAbsDif to Median Records the absolute difference of the response and group median.
The mean absolute differences are equal to the group means of the Brown-Forsythe
variable.

Test Lists the names of the tests performed.

F Ratio Records a calculated F statistic for each test. See “Tests That the Variances Are Equal”
on page 204.

DFNum Records the degrees of freedom in the numerator for each test. If a factor has k levels,
the numerator has k - 1 degrees of freedom. Levels occurring only once in the data are not
used in calculating test statistics for O’Brien, Brown-Forsythe, or Levene. The numerator
degrees of freedom in this situation is the number of levels used in calculations minus one.

DFDen Records the degrees of freedom used in the denominator for each test. For O’Brien,
Brown-Forsythe, and Levene, a degree of freedom is subtracted for each factor level used
in calculating the test statistic. If a factor has k levels, the denominator degrees of freedom
isn-k.

p-Value Probability of obtaining, by chance alone, an F value larger than the one calculated if
in reality the variances are equal across all levels.

Description of the Welch’s Test Report

F Ratio Shows the F test statistic for the equal variance test. See “Tests That the Variances Are
Equal” on page 204.

DFNum Records the degrees of freedom in the numerator of the test. If a factor has k levels,
the numerator has k - 1 degrees of freedom. Levels occurring only once in the data are not
used in calculating the Welch ANOVA. The numerator degrees of freedom in this situation
is the number of levels used in calculations minus one.

DFDen Records the degrees of freedom in the denominator of the test. See “Tests That the
Variances Are Equal” on page 204.

Prob>F Probability of obtaining, by chance alone, an F value larger than the one calculated if
in reality the means are equal across all levels. Observed significance probabilities of 0.05
or less are considered evidence of unequal means across the levels.

tTest Shows the relationship between the F ratio and the t Test. Calculated as the square root
of the F ratio. Appears only if the X factor has two levels.
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Related Information

e “Example of the Unequal Variances Option” on page 186
e “Tests That the Variances Are Equal” on page 204

Equivalence Test

Equivalence tests assess whether there is a practical difference in means. You must pick a
threshold difference for which smaller differences are considered practically equivalent. The
most straightforward test to construct uses two one-sided #-tests from both sides of the
difference interval. If both tests reject (or conclude that the difference in the means differs
significantly from the threshold), then the groups are practically equivalent. The Equivalence
Test option uses the Two One-Sided Tests (TOST) approach.

Related Information

e “Example of an Equivalence Test” on page 187

Robust

Outliers can lead to incorrect estimates and decisions. The Robust option provides two
methods to reduce the influence of outliers in your data set: Robust Fit and Cauchy Fit.

Robust Fit

The Robust Fit option reduces the influence of outliers in the response variable. The Huber
M-estimation method is used. Huber M-estimation finds parameter estimates that minimize
the Huber loss function, which penalizes outliers. The Huber loss function increases as a
quadratic for small errors and linearly for large errors. For more details about robust fitting,
see Huber (1973) and Huber and Ronchetti (2009).

Related Information

¢ “Example of the Robust Fit Option” on page 188

Cauchy Fit

The Cauchy fit option assumes that the errors have a Cauchy distribution. A Cauchy
distribution has fatter tails than the normal distribution, resulting in a reduced emphasis on
outliers. This option can be useful if you have a large proportion of outliers in your data.
However, if your data are close to normal with only a few outliers, this option can lead to
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incorrect inferences. The Cauchy option estimates parameters using maximum likelihood and
a Cauchy link function.

Power

The Power option calculates statistical power and other details about a given hypothesis test.

e LSV (the Least Significant Value) is the value of some parameter or function of parameters
that would produce a certain p-value alpha. Said another way, you want to know how
small an effect would be declared significant at some p-value alpha. The LSV provides a
measuring stick for significance on the scale of the parameter, rather than on a probability
scale. It shows how sensitive the design and data are.

® LSN (the Least Significant Number) is the total number of observations that would
produce a specified p-value alpha given that the data has the same form. The LSN is
defined as the number of observations needed to reduce the variance of the estimates
enough to achieve a significant result with the given values of alpha, sigma, and delta (the
significance level, the standard deviation of the error, and the effect size). If you need more
data to achieve significance, the LSN helps tell you how many more. The LSN is the total
number of observations that yields approximately 50% power.

* Power is the probability of getting significance (p-value < alpha) when a real difference
exists between groups. It is a function of the sample size, the effect size, the standard
deviation of the error, and the significance level. The power tells you how likely your
experiment is to detect a difference (effect size), at a given alpha level.

Note: When there are only two groups in a one-way layout, the LSV computed by the power
facility is the same as the least significant difference (LSD) shown in the multiple-comparison
tables.

Power Details Window and Reports

The Power Details window and reports are the same as those in the general fitting platform
launched by the Fit Model platform. For more details about power calculation, see the
Statistical Details appendix in the Fitting Linear Models book.

For each of four columns Alpha, Sigma, Delta, and Number, fill in a single value, two values,
or the start, stop, and increment for a sequence of values. See Figure 6.31. Power calculations
are performed on all possible combinations of the values that you specify.

Alpha (o) Significance level, between 0 and 1 (usually 0.05, 0.01, or 0.10). Initially, a value of
0.05 shows.

Sigma (0) Standard error of the residual error in the model. Initially, RMSE, the estimate from
the square root of the mean square error is supplied here.
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Delta () Raw effect size. For details about effect size computations, see the Standard Least
Squares chapter in the Fitting Linear Models book. The first position is initially set to the
square root of the sums of squares for the hypothesis divided by the square root of #; that

is, 8 = ./SS/n.
Number (1) Total sample size across all groups. Initially, the actual sample size is put in the

first position.

Solve for Power Solves for the power (the probability of a significant result) as a function of
all four values: a, o, §, and n.

Solve for Least Significant Number Solves for the number of observations needed to achieve
approximately 50% power given a, o, and d.

Solve for Least Significant Value Solves for the value of the parameter or linear test that
produces a p-value of a.. This is a function of 0, 6, n, and the standard error of the estimate.
This feature is available only when the X factor has two levels and is usually used for
individual parameters.

Adjusted Power and Confidence Interval When you look at power retrospectively, you use
estimates of the standard error and the test parameters.

— Adjusted power is the power calculated from a more unbiased estimate of the
non-centrality parameter.

— The confidence interval for the adjusted power is based on the confidence interval for
the non-centrality estimate.

Adjusted power and confidence limits are computed only for the original Delta, because
that is where the random variation is.
Related Information

¢ “Example of the Power Option” on page 190

* “Power” on page 203

Normal Quantile Plot

You can create two types of normal quantile plots:

* Plot Actual by Quantile creates a plot of the response values versus the normal quantile
values. The quantiles are computed and plotted separately for each level of the X variable.

* Plot Quantile by Actual creates a plot of the normal quantile values versus the response
values. The quantiles are computed and plotted separately for each level of the X variable.

The Line of Fit option shows or hides the lines of fit on the quantile plots.
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Related Information

e “Example of a Normal Quantile Plot” on page 191

CDF Plot

A CDF plot shows the cumulative distribution function for all of the groups in the Oneway
report. CDF plots are useful if you want to compare the distributions of the response across
levels of the X factor.

Related Information

e “Example of a CDF Plot” on page 192

Densities

The Densities options provide several ways to compare the distribution and composition of
the response across the levels of the X factor. There are three density options:

* Compare Densities shows a smooth curve estimating the density of each group. The
smooth curve is the density estimate for each group.

* Composition of Densities shows the summed densities, weighted by each group’s counts.
At each X value, the Composition of Densities plot shows how each group contributes to
the total.

* Proportion of Densities shows the contribution of the group as a proportion of the total at
each X level.

Related Information

e “Example of the Densities Options” on page 193

Matching Column

Use the Matching Column option to specify a matching (ID) variable for a matching model
analysis. The Matching Column option addresses the case when the data in a one-way analysis
come from matched (paired) data, such as when observations in different groups come from
the same subject.

Note: A special case of matching leads to the paired t-test. The Matched Pairs platform
handles this type of data, but the data must be organized with the pairs in different columns,
not in different rows.
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The Matching Column option performs two primary actions:

e It fits an additive model (using an iterative proportional fitting algorithm) that includes
both the grouping variable (the X variable in the Fit Y by X analysis) and the matching
variable that you select. The iterative proportional fitting algorithm makes a difference if
there are hundreds of subjects, because the equivalent linear model would be very slow
and would require huge memory resources.

¢ It draws lines between the points that match across the groups. If there are multiple
observations with the same matching ID value, lines are drawn from the mean of the
group of observations.

The Matching Column option automatically activates the Matching Lines option connecting the
matching points. To turn the lines off, select Display Options > Matching Lines.

The Matching Fit report shows the effects with F tests. These are equivalent to the tests that
you get with the Fit Model platform if you run two models, one with the interaction term and
one without. If there are only two levels, then the F test is equivalent to the paired ¢-test.

Note: For details about the Fit Model platform, see the Model Specification chapter in the
Fitting Linear Models book.

Related Information

e “Example of the Matching Column Option” on page 194

Additional Examples of the Oneway Platform

This section contains additional examples of selected options and reports in the Oneway
platform.

Example of an Analysis of Means Chart

Select Help > Sample Data Library and open Analgesics.jmp.
Select Analyze > Fit Y by X.

Select pain and click Y, Response.

Select drug and click X, Factor.

Click OK.

From the red triangle menu, select Analysis of Means Methods > ANOM.

AL N O
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Figure 6.13 Example of Analysis of Means Chart
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For the example in Figure 6.13, the means for drug A and C are statistically different from the
overall mean. The drug A mean is lower and the drug C mean is higher. Note the decision
limits for the drug types are not the same, due to different sample sizes.

Example of an Analysis of Means for Variances Chart

This example uses the Spring Data.jmp sample data table. Four different brands of springs
were tested to see what weight is required to extend a spring 0.10 inches. Six springs of each
brand were tested. The data was checked for normality, since the ANOMYV test is not robust to
non-normality. Examine the brands to determine whether the variability is significantly
different between brands.

Select Help > Sample Data Library and open Spring Data.jmp.

Select Analyze > Fit Y by X.

Select Weight and click Y, Response.

Select Brand and click X, Factor.

Click OK.

From the red triangle menu, select Analysis of Means Methods > ANOM for Variances.

NS ol L=

From the red triangle menu next to Analysis of Means for Variances, select Show Summary
Report.
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Figure 6.14 Example of Analysis of Means for Variances Chart
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4 Analysis of Means for Variances Summary
Group Limit

Level Group N Lower Limit Std Dev Upper Limit  Exceeded
Brand 1 4 3.07047 126248 14.66183

Brand 2 4 3.07047 2.6B6583 1466183  Lower
Brand 3 4 3.07047  7.91547 14.66183

Brand 4 4 3.07047 10.63982 14.66183

From Figure 6.14, notice that the standard deviation for Brand 2 exceeds the lower decision
limit. Therefore, Brand 2 has significantly lower variance than the other brands.

Example of the Each Pair, Student’s t Test

This example uses the Big Class.jmp sample data table. It shows a one-way layout of weight by
age, and shows the group comparison using comparison circles that illustrate all possible
t-tests.

1. Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Fit Y by X.

Select weight and click Y, Response.

Select age and click X, Factor.

Click OK.

From the red triangle menu, select Compare Means > Each Pair, Student’s t.

SANERC LI N T
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Figure 6.15 Example of Each Pair, Student’s t Comparison Circles
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The means comparison method can be thought of as seeing if the actual difference in the

177

means is greater than the difference that would be significant. This difference is called the LSD
(least significant difference). The LSD term is used for Student’s t intervals and in context with

intervals for other tests. In the comparison circles graph, the distance between the circles’
centers represent the actual difference. The LSD is what the distance would be if the circles

intersected at right angles.
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Figure 6.16 Example of Means Comparisons Report for Each Pair, Student’s ¢

4 Means Comparisons
4 (x| Comparisons for each pair using Student's t

4 Confidence Quantile

t  Alpha
203224 005

4 LSD Threshold Matrix
Abs(Dif)-LSD

17 16 15 14 12 13
17 -33140 -10307 4373 13634 14189 17.944
16 -10.807 -33140 -17.961 -8.699 -8.145 -4.389
15 4373 17961 -21.695 -11851 -11.720 -8.124
14 13634 -8699 -11.851 -16.570 -16692 -13.184
12 14189 -8145 -11.720 -16692 -20294 -16.720
13 17.944 -4.389 -8124  -13184 -16720 -21.695

Positive values show pairs of means that are significantly different.

4 Connecting Letters Report

Level Mean
17 A 14066667
16 AB 11833333
15 B 10828571
14 B 10083333
12 B 99.00000
13 B 9471429

Levels not connected by same letter are significantly different.

4 Ordered Differences Report

Level - Level Difference Std Err Dif Lower CL Upper CL p-Value

17 13 4595238 1378194 179441 7396066 1 / ;
17 12 4166667 1352106 141886 6914477 : .
17 14 3983333 1289183 136340 6603268 I
17 15 3238005 1378194 43727 6038923 N I
16 13 2361005 1378104  -4.3802 5162733 o
17 16 2233333 1630702 -108065 5547318
16 12 1933333 1352106 -81443 4681144
16 14 17.50000 1289183  -8.6003 43560935
15 13 1357143 1067545  -81237 3526655
16 15 1004762 1378194 -17.9607 3805590
15 12 928571 1033646 117205 30.29192
15 14 745238 949855 -118510 26.75576
14 13 611905 949855 -131843 2542242
12 13 428571 1033646 167205 2529192

14 12 183333 911590 -16.6924  20.35907

In Figure 6.16, the LSD threshold table shows the difference between the absolute difference in
the means and the LSD (least significant difference). If the values are positive, the difference in
the two means is larger than the LSD, and the two groups are significantly different.

Example of the All Pairs, Tukey HSD Test

Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Fit Y by X.

Select weight and click Y, Response.

Select age and click X, Factor.

Click OK.

From the red triangle menu, select Compare Means > All Pairs, Tukey HSD.

A A
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Figure 6.17 Example of All Pairs, Tukey HSD Comparison Circles
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Figure 6.18 Example of Means Comparisons Report for All Pairs, Tukey HSD

4 Means Comparisons

4= Comparisons for all pairs using Tukey-Kramer HSD

4 Confidence Quantile

14 12

1k}

-9.216 0923 0.857 4.355

q*  Alpha
3.01825 0.05
4 LSD Threshold Matrix
Abs(Dif)-HSD
17 16 15
17 -49.219 -26885

16 -26.885 -49.219 -31.550
15 -9216 -31.550 -32211
14 0923 -21411 -21.217
12 0857 -21477 -21.912
13 4355 17978 -18.650

Positive values show pairs of means that are significantly different.

4 Connecting Letters Report

Level
17

B
B

Mean
14066667
11833333
108.28571
10083333

99.00000
9471429

Levels not connected by same letter are significantly different.

4 Ordered Differences Report

Level - Level Difference Std Err Dif Lower CL Upper CL

13
12
14
15
1k}
16
12
14
13
15
12
14
13
1k}
12

4595238
41 66667
39.83333
32.38095
2361905
2233333
19.33333
17.50000
13.57143
10.04762
9.28571
745238
6.11905
428571
183333

1378194
13.52106
1289183
1378194
13.78194
16.30702
13.52106
1289183
1067545
1378194
10.33646

9.49855

9.49855
10.33646

911590

43551  &7.54968

0.8568 8247657

09226 7874404

-9.2163 7397825
-17.9783  65.21635
-26,8853  71.55192
-21.4766 6014323
-21.4107 5641071
-18,6497 4579256
-31.5497 5164492
-219123 4048369
-21.2166 3612134
-22.549% 3473801
-26.09123 3548369
-256807 2934736

-21411  -2477  -17978
-21.217  -19812 18650
-24609 -25681  -22.550
-25681 -30140 -26912
-22550 -26912 3221

p-Value
0.0233*
0.0431*
0.0423%
0.2029
0.5325
0.7443
07091
07512
0.7982

09769 <

09442
0.9683
0.9867
0.9983
1.0000

i

B
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In Figure 6.18, the Tukey-Kramer HSD Threshold matrix shows the actual absolute difference
in the means minus the HSD, which is the difference that would be significant. Pairs with a
positive value are significantly different. The q* (appearing above the HSD Threshold Matrix
table) is the quantile that is used to scale the HSDs. It has a computational role comparable to
a Student’s ¢.

Example of the With Best, Hsu MCB Test

Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Fit Y by X.

Select weight and click Y, Response.

Select age and click X, Factor.

Click OK.

From the red triangle menu, select Compare Means > With Best, Hsu MCB.

AL i A

Figure 6.19 Examples of With Best, Hsu MCB Comparison Circles
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Figure 6.20 Example of Means Comparisons Report for With Best, Hsu MCB

£ =/ Comparisons with the best using Hsu's MCB

< Confidence Quantile
d  Alpha
0.05

2.23157
2.23157
2.34056
2.38159
2.35278
2.34056

< Comparisons with Max and Min

with Max with Min

Level p-Value p-Value
17 0.9863 0.0035*
16 0.2219 0.1304
15 0.0491* 03172
14 0.6599
12 0.7216
13 0.0046 0.9408
4 LSD Threshold Matrix
Mean[i]-Mean[j]-LSD
17 16
17 -36.390 -14.057
16 -58724 -36.390
15 -63.136 -40.803
14 -6B.602  -46.260
12 -71.840  -49.507
13 -76.708 -54.374

If a column has any pesitive values, the mean is significantly less

than the max.

Mean[i]-Mean[j]+LSD

17
17 36.390
16 14.057
15 -1.626
14 -11.064
12 -11.493
13 -15.197

16
58.724
36.390
20.708
11.269
10.840

7.136

15
0.124

-22.210
-24.987
-20.684
-33.479
-38.558

15
64.638
42305
24,987
14.780
14.907
11415

14
9.130

-13.203
-15.169
-19.418
-23.54
-28.741

14
70.536
48.203
30.074
19.418
19.877
16.503

12
9.855

-12.479
-15.034
-19.614
-23.495
-28.605

12
73.479
51.145
33.605
23.281
23.495
20.034

If a column has any negative values, the mean is significantly
greater than the min.

13
13.695
-8.638

-11.415
~16.313
-19.907
-24.987

13
78.210
55.876
38.558
28.351
28.479
24,987
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The Comparison with Max and Min report compares the mean of each level to the maximum

and the minimum of the means of the remaining levels. For example, the mean for age 15
differs significantly from the maximum of the means of the remaining levels. The mean for
age 17 differs significantly from the minimum of the means of the remaining levels. The

maximum mean could occur for age 16 or age 17, because neither mean differs significantly
from the maximum mean. By the same reasoning, the minimum mean could correspond to

any of the ages other than age 17.

Example of the With Control, Dunnett’s Test

1
2
3.
4

Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Fit Y by X.

Select weight and click Y, Response.

Select age and click X, Factor.



182 Oneway Analysis Chapter 6
Additional Examples of the Oneway Platform Basic Analysis

5. Click OK.
From the red triangle menu, select Compare Means > With Control, Dunnett’s.
7. Select the group to use as the control group. In this example, select age 12.

Alternatively, click on a row to highlight it in the scatterplot before selecting the Compare
Means > With Control, Dunnett’s option. The test uses the selected row as the control
group.

8. Click OK.

Figure 6.21 Example of With Control, Dunnett’s Comparison Circles
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< Means Comparisons
£ = Comparisons with a control using Dunnett's Method
Control Group= 12
4 Confidence Quantile

Idd] Alpha
2.66336 0.05

4 LSD Threshold Matrix
Level Abs{Dif)-LSD p-Value

17 5.655 0.0181%
16 -16.7 05072
14 -18.2 0.8562
14 -22.4 0.9993
12 -26.6 1.0000
13 -23.2 094936

Fositive values show pairs of means that are significantly different.

Using the comparison circles in Figure 6.21, you can conclude that level 17 is the only level
that is significantly different from the control level of 12.

Example Contrasting All of the Compare Means Tests

1. Select Help > Sample Data Library and open Big Class.jmp.
2. Select Analyze > Fit Y by X.

3. Select weight and click Y, Response.

4

Select age and click X, Factor.
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5. Click OK.

6. From the red triangle menu, select each one of the Compare Means options.

Although the four methods all test differences between group means, different results can
occur. Figure 6.22 shows the comparison circles for all four tests, with the age 17 group as the
control group.

Figure 6.22 Comparison Circles for Four Multiple Comparison Tests
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From Figure 6.22, notice that for the Student’s t and Hsu methods, age group 15 (the third
circle from the top) is significantly different from the control group and appears gray. But, for
the Tukey and Dunnett method, age group 15 is not significantly different, and appears red.

Example of the Nonparametric Wilcoxon Test

Suppose you want to test whether the mean profit earned by companies differs by type of
company. In Companies.jmp, the data consist of various metrics on two types of companies,
Pharmaceutical (12 companies) and Computer (20 companies).

Select Help > Sample Data Library and open Companies.jmp.
Select Analyze > Fit Y by X.

Select Profits (M) and click Y, Response.

Select Type and click X, Factor.

Click OK.

AL

From the red triangle menu, select Display Options > Box Plots.
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Figure 6.23 Computer Company Profit Distribution
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The box plots suggest that the distributions are not normal or even symmetric. There is a very

large value for the company in row 32 that might affect parametric tests.

7. From the red triangle menu, select Means/ANOVA/Pooled t.

Figure 6.24 Company Analysis of Variance

4 [~|Oneway Analysis of Profits ($M) By Type
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[> Summary of Fit
"t Test
< Analysis of Variance
Sum of
Source DF Squares Mean Square
Type 1 1513422 1513422
Error 30 17360863 578695
C. Total 31 18874286

[* Means for Oneway Anova

Pharmaceutical

FRatio Prob=> F
2.6152 0.1163

The F test shows no significance because the p-value is large (p = 0.1163). This might be due
to the large value in row 32 and the possible violation of the normality assumption.
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8. From the red triangle menu, select t Test.

Figure 6.25 t-Test Results

AtTest

Pharmaceutical-Computer
Assuming unequal variances

Difference 44921 tRatic 1.902649
Std Err Dif 236.10 DF 28.98322
Upper CL Dif 93210 Prob > [t| 0.0671
Lower CL Dif -3368 Prob >t 0.0335*
Coenfidence 0.95 Prob <t 0.9665

The Prob > |t| for a two-sided test is 0.0671. The t Test does not assume equal variances,
but the unequal variances t-test is also a parametric test.

9. From the red triangle menu, select Nonparametric > Wilcoxon Test.

Figure 6.26 Wilcoxon Test Results

4 Wilcoxon / Kruskal-Wallis Tests (Rank Sums)

Expected
Level Count Score Sum Score Score Mean (Mean-Mean0)/5td0
Computer 20 245000  330.000 12.2500 -3.289
Pharmaceutical 12 283000 198.000 23.5833 3.280
£ 2-Sample Test, Normal Approximation
S Z Prob=|Z|
283 3.28916 0*

£ 1-Way Test, ChiSquare Approximation
ChiSquare DF Prob=ChiSq
10.9470 1 0.0009*

The Wilcoxon test is a nonparametric test. It is based on ranks and so is resistant to
outliers. Also, it does not require normality.

Both the normal and the chi-square approximations for the Wilcoxon test statistic indicate
significance at a p-value of 0.0010. You conclude that there is a significant difference in the
location of the distributions, and conclude that mean profit differs based on company
type.

The normal and chi-square tests are based on the asymptotic distributions of the test
statistics. If you have JMP Pro, you can conduct an exact test.

10. f;"ﬂ’o From the red triangle menu, select Nonparametric > Exact Test > Wilcoxon Exact Test.
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Figure 6.27 Wilcoxon Exact Test Results

4 Wilcoxon / Kruskal-Wallis Tests (Rank Sums)

Expected
Level Count Score Sum Score Score Mean (Mean-Mean0)/5td0
Computer 20 245000  330.000 12.2500 -3.289
Pharmaceutical 12 283000 198.000 23.5833 3.280
£ 2-Sample Test, Normal Approximation
S Z Prob=|Z|
283 3.28916 0*

£ 1-Way Test, ChiSquare Approximation
ChiSquare DF Prob=ChiSq
10.9470 1 0.0009*
£ 2-Sample: Exact Test
S ProbzS Probz|5-Mean]|
283 0.0003*

The observed value of the test statistic is S = 283. This is the sum of the midranks for the
level of Type with the smaller sample size (pharmaceuticals). The probability of observing
an absolute difference from the mean midrank that exceeds the absolute value of S minus
the mean of the midranks is 0.0005. This is a two-sided test for a difference in location and
supports rejecting the hypothesis that profits do not differ by type of company.

In this example, the nonparametric tests are more appropriate than the normality-based
ANOVA test and the unequal variances t-test. The nonparametric tests are resistant to the
large value in row 32 and do not require the underlying normality of Profits ($M) for each
group.

Example of the Unequal Variances Option

Suppose you want to test whether two variances (males and females) are equal, instead of two
means.

AL

Select Help > Sample Data Library and open Big Class.jmp.
Select Analyze > Fit Y by X.

Select height and click Y, Response.

Select sex and click X, Factor.

Click OK.

From the red triangle menu, select Unequal Variances.
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Figure 6.28 Example of the Unequal Variances Report

£ =/ Oneway Analysis of height By sex

70 .
-
-
.
- -
65 . .
. .
- . .
=
=) . .
2 60 . .
. .
.
.
55 .
.
-
& F M
sex
< Tests that the Variances are Equal
5
.
N 4 ...................... . ..................................................................
A 3
T 2
1
C F M
sex
MeanAbsDif MeanAbsDif
Level Count Std Dev to Mean  to Median
F 18 3.611830 2,502503 2,555556
M 22 4308453 3.115702 3.000009
Test FRatio DFNum DFDen p-Value
C'Brien[.5] 0.3018 1 38 0.5860
Brown-Forsythe 0.3615 1 38 0.5512
Levene 0.3716 1 38 0.5458
Bartlett 0.5593 1 . 04545
F Test 2-sided 14229 21 17 0.4644

< Welch's Test

Welch Anova testing Means Equal, allowing Std Devs Mot Equal
FRatio DFNum DFDen Prob:> F
5.8154 1 37.967 0.0208*
t Test
24115

Since the p-value from the 2-sided F-Test is large, you cannot conclude that the variances are
unequal.

Example of an Equivalence Test
This example uses the Big Class.jmp sample data table. Examine if the difference in height
between males and females is less than 6 inches.

1. Select Help > Sample Data Library and open Big Class.jmp.
2. Select Analyze > Fit Y by X.
3. Select height and click Y, Response.
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4. Select sex and click X, Factor.

5. Click OK.

6. From the red triangle menu, select Equivalence Test.

7. Type 6 as the difference considered practically zero.

8. Click OK.

Figure 6.29 Example of an Equivalence Test

£ =/ Oneway Analysis of height By sex

70

65

height

55

50

SEX

< Practical Equivalence between M and F

Specified Practical Difference Threshold 6

Actual Difference in Means 3.020202

Std Error of Difference 1.275037

Test t Ratio p-Value |

Lower Threshold -2.33703 0.0124°

Upper Threshold 7.074461 <.00017 _ ~ (: ~
Max over both 0.0124* r -_ L

-10 -5 0 5 10

From Figure 6.29, notice the following:
¢ The test at the Lower Threshold is the upper one-tailed test for the null hypothesis that the
mean difference is -6.

* The test at the Upper Threshold is the lower one-tailed test for the null hypothesis that the
mean difference is 6.

* For both tests, the p-value is small. Therefore, you can conclude that the difference in
population means is significantly located somewhere from 6 to -6. For your purposes, you
can declare the means to be practically equivalent.

Example of the Robust Fit Option

The data in the Drug Toxicity.jmp sample data table shows the toxicity levels for three different
formulations of a drug.
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Select Analyze > Fit Y by X.

Select Toxicity and click Y, Response.
Select Formulation and click X, Factor.
Click OK.

From the red triangle menu, select Means/Anova.

NS ol L=

From the red triangle menu, select Robust > Robust Fit.

Figure 6.30 Example of Robust Fit

£ =/ Oneway Analysis of Toxicity By Formulation

25
L
20
.
= 15 .
o=
3
T 10
L]
-
. _ _ :__'__: —_— ‘T_ ———
— I__"‘_—‘-__ ‘I’
L
-
C 1 2 3
Formulation
< Oneway Anova
< Summary of Fit
Rsquare 0.045786
Adj Rsquare 0.032803
Root Mean Square Error 2.128216
Mean of Response 5.460866
Observations (or Sum Wagts) 150
< Analysis of Variance
Sum of
Source DF Squares Mean Square FRatio Prob>F
Formulation 2 3194736 159737  3.5267 0.0319*
Error 147 665.80744 45203
C. Total 149 697.75480

< Means for Oneway Anova
Level MNumber Mean StdError Lower 95% Upper 95%

1 50 5.01002 0.30008 44152 5.6048
2 50 5.27760  0.30008 4.6828 5.8724
3] 50 6.00498  0.30008 5.5002 6.6898
Std Error uses a pocled estimate of error variance

4 Robust Fit

Sigma ChiSquare PValue LogWorth
1.01391 3.05069 0.2175 0.66245

Level Robust Mean Std Error
1 5.04222  0.12241
2 5.27785 0.15014
3 5.39175  0.17766

Select Help > Sample Data Library and open Drug Toxicity.jmp.

189
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If you look at the standard Analysis of Variance report, you might wrongly conclude that
there is a difference between the three formulations, since the p-value is 0.0319. However,
when you look at the Robust Fit report, you would not conclude that the three formulations
are significantly different, because the p-value there is 0.21755. It appears that the toxicity for a
few of the observations is unusually high, creating the undue influence on the data.

Example of the Power Option

Select Help > Sample Data Library and open Typing Data.jmp.

Select Analyze > Fit Y by X.

Select speed and click Y, Response.

Select brand and click X, Factor.

Click OK.

From the red triangle menu, select Power.

Within the From row, type 2 for Delta (the third box) and type 11 for Number.
Within the To row, type 6 for Delta, and type 17 in the Number box.

Within the By row, type 2 for both Delta and Number.

10. Select the Solve for Power check box.

0 X N A wh =

Figure 6.31 Example of the Power Details Window

£~ Oneway Analysis of speed By brand
an

&0

REGAL 'SPEEDYTYFEWORD-0-M
brand

< Power Details window

brand

Click and Enter 1, 2 or a sequence of values far each:
a [ @ Number

From:| 0.050] 4.27033 2 11

To: . . 4 17

By . . 2 2

[Flsalve for Power
[Csalve for Least Significant Murmber

[Cadjusted Power and Confidence Interval

[ Done ] [ Cancel ] [ Help ]
Calculations will be done an all combinations of sequences.
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11. Click Done.
Note: The Done button remains dimmed until all of the necessary options are applied.

Power is computed for each combination of Delta and Number, and appears in the Power
report.

To plot the Power values:

12. From the red triangle menu at the bottom of the report, select Power Plot.

Figure 6.32 Example of the Power Report

4| =|Power Details
Test brand
4| Power
Number Power
11 0.1946
13 02372
18 0.2800

a o [
0.0500  4.27033 2
0.0500  4.27033 2
00500  4.27033 2
0.0500  4.27033 2 17 0.3226
0.0500  4.27033 4 11 06239
00500  4.27033 4 13 0.7368
0.0500  4.27033 4
0.0500  4.27033 4
00500  4.27033 B
0.0500  4.27033 B
0.0500  4.27033 B
00500  4.27033 B

<4 Power Plot

1.00-] e =6
- o =k

0.80]

_ "

S 00|

&
0.40] e 2
20| "
0.00

T T T T T T
g 10 12 14 16 18 20 22
Mumber

brand
u=0.05 0=4.27033

13. You might need to click and drag vertically on the Power axis to see all of the data in the
plot.

Power is plotted for each combination of Delta and Number. As you might expect, the power
rises for larger Number (sample sizes) values and for larger Delta values (difference in
means).

Example of a Normal Quantile Plot

1. Select Help > Sample Data Library and open Big Class.jmp.
2. Select Analyze > Fit Y by X.

3. Select height and click Y, Response.

4

Select sex and click X, Factor.
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5. Click OK.

6. From the red triangle menu, select Normal Quantile Plot > Plot Actual by Quantile.

Figure 6.33 Example of a Normal Quantile Plot

4 = Oneway Analysis of height By sex

-1.641.28 067 oo 067 128 1_.5ﬁ‘1
o4

G5

height

60

55

a0 T

MNormal Quantile

From Figure 6.33, notice the following:

e The Line of Fit appears by default.

e The data points track very closely to the line of fit, indicating a normal distribution.

Example of a CDF Plot

Select Help > Sample Data Library and open Analgesics.jmp.
Select Analyze > Fit Y by X.

Select pain and click Y, Response.

Select drug and click X, Factor.

Click OK.

AL A

From the red triangle menu, select CDF Plot.
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Figure 6.34 Example of a CDF Plot

4~ Oneway Analysis of pain By drug

< CDF Plot

1.00 —A
—B
—C

0.75+

Cum Prob
o]
(5, ]
o]
1

0.256+

0.00 -t
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The levels of the X variables in the initial Oneway analysis appear in the CDF plot as different

curves. The horizontal axis of the CDF plot uses the y value in the initial Oneway analysis.

Example of the Densities Options

Select Analyze > Fit Y by X.

Select height and click Y, Response.
Select sex and click X, Factor.

Click OK.

A

Select Help > Sample Data Library and open Big Class.jmp.

From the red triangle menu, select Densities > Compare Densities, Densities >

Composition of Densities, and Densities > Proportion of Densities.
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Figure 6.35 Example of the Densities Options

4 Compare Densities
0.14 —r
—M
0.12

0.10

0.08

Density

0.06

50 55 50 65 70
height

4 Composition of Densities

40 - —F

35 | N ‘ M contribution of

20 £ __ males to height
5 25 density
g 20 [N " contribution of
S 1s I/ N\ females to

g height density

50 55 50 65 70
height

4 Proportion of Densities
1.00 —F
—_—M
females contributed
L about 61% to height
""" density at this X level

Proportion
=)
n
8

50 55 50 65 70
height

Example of the Matching Column Option

This example uses the Matching.jmp sample data table, which contains data on six animals and
the miles that they travel during different seasons.

Select Help > Sample Data Library and open Matching.jmp.
Select Analyze > Fit Y by X.

Select miles and click Y, Response.

Select season and click X, Factor.

Click OK.

From the red triangle menu, select Matching Column.

NS ol L=

Select subject as the matching column.
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8. Click OK.
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Figure 6.36 Example of the Matching Column Report

4| =/ Oneway Analysis of miles By season

74 []

B~ j—\.
» 51 //F
24 HEOTES = =
£ 2J l‘b}(, 3 % g

2+ wCOYATE, 4

14 WFOR2

0 w01 u

1 winter 2 spring "3summer’ 4 fall

4 Matching Fit

Source ss

VWhole Model  79.00000

season 4212500

subject 36.87500

Errort 21 62500

Interaction 21.62500

Error2 0.00000
Intercept
4125

season Estimate

1 winter -1.79167

2 spring 1.70833

3 summer 0.70833

4 1all -0.62500

subject  Estimate
-2.12500
-0.87500
-0.37500
1.12500
1.12500
1.12500

oo B W R =

0 lterations

season

Ms
987500
14.04167
7.37500
144167
1.44167

F Ratio
B.850
9.740
5116

Prob=F
n.onoT*
0.0008
0.0062
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The plot graphs the miles traveled by season, with subject as the matching variable. The labels
next to the first measurement for each subject on the graph are determined by the species and

subject variable

S.

The Matching Fit report shows the season and subject effects with F tests. These are

equivalent to the tests that you get with the Fit Model platform if you run two models, one
with the interaction term and one without. If there are only two levels, then the F test is

equivalent to the paired t-test.

Note: For details about the Fit Model platform, see the Model Specification chapter in the

Fitting Linear Models book.

Example of Stacking Data for a Oneway Analysis

When your data are in a format other than a JMP data table, sometimes they are arranged so

that a row contains information for multiple observations. To analyze the data in JMP, you
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must import the data and restructure it so that each row of the JMP data table contains
information for a single observation. For example, suppose that your data are in a
spreadsheet. The data for parts produced on three production lines are arranged in three sets
of columns. In your JMP data table, you need to stack the data from the three production lines
into a single set of columns so that each row represents the data for a single part.

Description and Goals

This example uses the file Fill Weights.xIsx, which contains the weights of cereal boxes
randomly sampled from three different production lines. Figure 6.37 shows the format of the
data.

e The ID columns contain an identifier for each cereal box that was measured.

¢ The Line columns contain the weights (in ounces) for boxes sampled from the
corresponding production line.

Figure 6.37 Data Format

Weights
1D Line A 1D Line B 1D Line C
215 12.42 705 13.63 254 11.73
287 12.49 670 12.56 282 11.40
381 12.80 715 12.87 938 12.78
683 13.09 597 12.19
514 13.31 179 12.25
517 12.64
946 12.75

The target fill weight for the boxes is 12.5 ounces. Although you are interested in whether the
three production lines are meeting the target, initially you want to see whether the three lines
are achieving the same mean fill rate. You can use Oneway to test for differences among the
mean fill weights.

To use the Oneway platform, you need to do the following;:

1. Import the data into JMP. See “Import the Data” on page 196.

2. Reshape the data so that each row in the JMP data table reflects only a single observation.
Reshaping the data requires that you stack the cereal box IDs, the line identifiers, and the
weights into columns. See “Stack the Data” on page 198.

Import the Data

This example illustrates two ways to import data from Microsoft Excel into JMP. Select one
method or explore both:
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Use the File > Open option to import data from a Microsoft Excel file using the Excel
Import Wizard. See “Import the Data Using the Excel Import Wizard” on page 197. This
method is convenient for any Excel file.

Copy and paste data from Microsoft Excel into a new JMP data table. See “Copy and Paste
the Data from Excel” on page 197. You can use this method with small data files.

For more information on how to import data from Microsoft Excel, see the Import Your Data
chapter in the Using JMP book.

Import the Data Using the Excel Import Wizard

1.

4.

Select Help > Sample Data Library and open Fill Weights.xIsx located in the Samples/Import
Data folder.

The file opens in the Excel Import Wizard.
Type 3 next to Column headers start on on row.

In the Excel file, row 1 contains information about the table and row 2 is blank. The
column header information starts on row 3.

Type 2 for Number of rows with column headers.
In the Excel file, rows 3 and 4 both contain column header information.
Click Import.

Figure 6.38 JMP Table Created Using Excel Import Wizard

q

-

Weights-ID  Weights-Line A Weights-ID 2 | Weights-Line B | Weights-ID 3 | Weights-Line C

1 215 1242 705 13.63 254 11.73
2 287 12.49 670 12.56 282 114
3 381 12.8 715 12.87 938 12.78
4 . . 683 13.09 597 12,19
5 514 1331 179 12.25
6 517 12.64 .

7 946 1275

The data are placed in seven rows and multiple IDs appear in each row. For each of the
three lines, there are an ID and Weight column, giving a total of six columns.

Notice that the “Weights” part of the ID column name is unnecessary and misleading. You
could rename the columns now, but it will be more efficient to rename the columns after
you stack the data.

Proceed to “Stack the Data” on page 198.

Copy and Paste the Data from Excel

1.
2.

Open Fill Weights.xlIsx in Microsoft Excel.
Select the data inside the table but exclude the unnecessary “Weights” heading.
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Right-click and select Copy.
4. In JMP, select File > New > Data Table.

Select Edit > Paste with Column Names.

The Edit > Paste with Column Names option is used when you have column names
included in the selection on the clipboard.

Figure 6.39 JMP Table Created Using Paste with Column Names

q -

- 1D Line A D2 Line B D3 Line C
1 215 1242 705 13.63 254 11.73
2 287 12.49 670 12.56 282 114
3 381 12.8 715 12.87 938 12.78
4 . . 683 13.09 597 12,19
5 514 1331 179 12.25
6 517 12.64 .
7 946 1275

6. Proceed to “Stack the Data” on page 198.

Stack the Data

Use the Stack option to place one observation in each row of a new data table. For more
information on the Stack option, see the Reshape Data chapter in the Using JMP book.

1. In the JMP data table, select Tables > Stack.
2. Select all six columns and click Stack Columns.
3. Select Multiple Series Stack.

You are stacking two series, ID and Line, so you do not change the Number of Series,
which is set to 2 by default. The columns that contain the series are not contiguous. They
alternate (ID, Line A, ID, Line B, ID, Line C). For this reason, you do not check Contiguous.

Deselect Stack By Row.

Select Eliminate Missing Rows.

Enter Stacked next to Output table name.
Click OK.

In the new data table, Data and Data 2 are columns containing the ID and Weight data.

N o e

8. Right-click the Label column heading and select Delete Columns.

The entries in the Label column were the column headings for the box IDs in the imported
data table. These entries are not needed.

9. Rename each column by double-clicking on the column header. Change the column names
as follows:

— DatatoID
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— Label 2 to Line
— Data 2 to Weight
10. In the Columns panel, click on the icon to the left of ID and select Nominal.

Although ID is given as a number, it is an identifier and should be treated as nominal when
modeling. This is not an issue in this example, but it is good practice to assign the
appropriate modeling type to a column.

11. (Only applies if you imported the data from Excel using File > Open.) Do the following;:
1. Click the Line column header to select the column and select Cols > Recode.

2. Change the values in the New Values column to match those in Figure 6.40 below.

Figure 6.40 Recode Column Values

£ = |Line : Done = |
Count Old Values (3) New Values (3) E|
3 Weights-Line A Line A
7 Weights-Line B Line B Undo
5 Weights-Line C Line C FI:|

Show only Grouped
Show only Ungrouped

- Help |

3. Click Done > In place.

Your new data table is now properly structured for JMP analysis. Each row contains data for a
single cereal box. The first column gives the box ID, the second gives the production line, and
the third gives the weight of the box (Figure 6.41).

Figure 6.41 Recoded Data Table

4 -

- 1D Line | Weight
1 215 Line A 1242
2 287 LineA 1249
3 381 Line A 128
4 705 LineB 13.63
5 670 LineB 1256
6 715 LineB 12.87
7 683 LineB 13.00
g 514 LineB 1331

[r=}

517 LineB 12.64
946 LineB 1275
254 LineC 11.73
282 LineC 114
938 LineC 12.78
597 LineC 12,19
179 LineC 12.25

i i i
W bSO
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Conduct the Oneway Analysis

For this part of the example, you will:

Conduct a Oneway Analysis of Variance to test for differences in the mean fill weights
among the three production lines.

Obtain Comparison Circles to explore which lines might differ.

Label points by ID in case you want to reweigh or further examine their boxes.

Before beginning, verify that you are using the Stacked data table.

A

Select Analyze > Fit Y by X.

Select Weight and click Y, Response.

Select Line and click X, Factor.

Click OK.

From the red triangle menu, select Means/Anova.

The mean diamonds in the plot show 95% confidence intervals for the production line
means. The points that fall outside the mean diamonds might seem like outliers, however
they are not. To see this, add box plots to the plot.

From the red triangle menu, select Display Options > Box Plots.
All points fall within the box plots boundaries, therefore they are not outliers.
From the data table, in the Columns panel, right-click ID and select Label/Unlabel.

In the plot, hover over the points with your mouse to see their ID values, as well as their
Line and Weight data. See Figure 6.42.

From the red triangle menu, select Compare Means > All Pairs, Tukey HSD.

Comparison circles appear in a panel to the right of the plot.

10. Click the bottom comparison circle.
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Figure 6.42 Oneway Analysis of Weight by Line

4 |~ Oneway Analysis of Weight By Line

135
%= ID: 683

A Line: Line B
= e Weight: 12.09
"' *, [—a— p—
§ 125N kg /
12 v
115
Line A Line B Line C All Pairs
Line Tukey-Kramer
0.05

< Oneway Anova

< Summary of Fit
Rsquare 0.534629
Adj Rsquare 0.457068
Root Mean Square Error 0.418009
Mean of Response 12594
Observations (or Sum Wagts) 15
< Analysis of Variance
Sum of
Source DF Squares MeanSquare FRatio Prob>F
Line 2 24098743 1.20484  6.8930 0.0102*
Error 12 2.0976857 0.17481
C. Total 14 4.5075600

< Means for Oneway Anova
Level Number Mean Std Error Lower 95% Upper 95%

Line A 3 125700 0.24139 12.04 13.096
Line B 7 129786 0.15803 12.634 13.323
LineC 5 12,0700 0.18698 11.663 12477

Std Error uses a pocled estimate of error variance

[" Welch's Test
[* Means Comparisons

In the Analysis of Variance report, the p-value of 0.0102 provides evidence that the means are
not all equal. In the plot, the comparison circle for Line C is selected and appears red (in JMP
default colors). Since the circle for Line B appears as thick gray, the mean for Line C differs
from the mean for Line B at the 0.05 significance level. The means for Lines A and B do not
show a statistically significant difference.

The mean diamonds shown in the plot span 95% confidence intervals for the means. The
numeric bounds for the 95% confidence intervals are given in the Means for Oneway ANOVA
report. Both of these indicate that the confidence intervals for Lines B and C do not contain the
target fill weight of 12.5: Line B appears to overfill and Line C appears to underfill. For these
two production lines, the underlying causes that result in off-target fill weights must be
addressed.
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Statistical Details for the Oneway Platform

The following sections provide statistical details for selected options and reports.

Comparison Circles

One approach to comparing two means is to determine whether their actual difference is
greater than their least significant difference (LSD). This least significant difference is a Student’s
t-statistic multiplied by the standard error of the difference of the two means and is written as
follows:

LSD = tq/ZStd(“’l —LL2)

The standard error of the difference of two independent means is calculated from the
following relationship:

[std(y - 1p)1° = [std(uy)]1” + [std (1)1
When the means are un correlated, these quantities have the following relationship:
2 o 2 ~ 2 ~2
LSD™ = [ta/zstd((ul -wNl = [ta/2std(u1)] + [ta/zstduz]

These squared values form a Pythagorean relationship, illustrated graphically by the right
triangle shown in Figure 6.43.

Figure 6.43 Relationship of the Difference between Two Means

tg . Std(ul)
2

to - std iy —p)
2

t(l . Std(uz)
2

The hypotenuse of this triangle is a measuring stick for comparing means. The means are
significantly different if and only if the actual difference is greater than the hypotenuse (LSD).

Suppose that you have two means that are exactly on the borderline, where the actual
difference is the same as the least significant difference. Draw the triangle with vertices at the
means measured on a vertical scale. Also, draw circles around each mean so that the diameter
of each is equal to the confidence interval for that mean.
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Figure 6.44 Geometric Relationship of ¢-test Statistics

M1

to - std(ig —Ho)
2

The radius of each circle is the length of the corresponding leg of the triangle, which is
t(x/ZStd(p'i) .

The circles must intersect at the same right angle as the triangle legs, giving the following
relationship:

e If the means differ exactly by their least significant difference, then the confidence interval
circles around each mean intersect at a right angle. That is, the angle of the tangents is a
right angle.

Now, consider the way that these circles must intersect if the means are different by greater
than or less than the least significant difference:

e If the circles intersect so that the outside angle is greater than a right angle, then the means
are not significantly different. If the circles intersect so that the outside angle is less than a
right angle, then the means are significantly different. An outside angle of less than 90
degrees indicates that the means are farther apart than the least significant difference.

e If the circles do not intersect, then they are significantly different. If they nest, they are not
significantly different. See Figure 6.11.

The same graphical technique works for many multiple-comparison tests, substituting a
different probability quantile value for the Student’s t.

Power

To compute power, you make use of the noncentral F distribution. The formula (O’'Brien and
Lohr 1984) is given as follows:

Power = Prob(F > F ., V1, Vo, 1C)
where:

e Fis distributed as the noncentral F(nc, (Y ) and Fop= F(l o, 01, 02) isthel-a
quantile of the F distribution with v{ and v, éegrees of freedom.

e v;=r-1is the numerator df.
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e vy =r(n-1)is the denominator df.
* nis the number per group.
* ris the number of groups.

e nc=n(CSS)/c? is the non-centrality parameter.

r
CSS = 3 (Hg—)
g=1

2 is the corrected sum of squares.

® gis the mean of the gth group.

® | is the overall mean.

o o’ is estimated by the mean squared error (MSE).

Summary of Fit Report

Rsquare

Using quantities from the Analysis of Variance report for the model, the R? for any continuous
response fit is always calculated as follows:

Sum of Squares (Model)
Sum of Squares (C Total)

Adj Rsquare

Adj Rsquare is a ratio of mean squares instead of sums of squares and is calculated as follows:

1 _ -Mean Square (Error)
Mean Square (C Total)

The mean square for Error is found in the Analysis of Variance report and the mean square for
C. Total can be computed as the C. Total Sum of Squares divided by its respective degrees of
freedom. See “The Analysis of Variance Report” on page 149.

Tests That the Variances Are Equal

F Ratio

O’Brien’s test constructs a dependent variable so that the group means of the new variable
equal the group sample variances of the original response. The O’Brien variable is computed
as follows:
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— 2 2
_ (”ij_l'S)nij(yijk_y{f) _O'Ssij(”ij_l)
(nijfl)(nij72)

Tijk

where 1 represents the number of y;; observations.

Brown-Forsythe is the model F statistic from an ANOVA on z, ;= |v; = gz\ where y, is the
median response for the ith level.

The Levene F is the model F statistic from an ANOVA on z;; = ‘y i~ y; ‘ where y. is the mean
response for the ith level.

Bartlett’s test is calculated as follows:

Yo 2
vlog Z;Si = v;log(s?)
i i

T = where v; = m-1 andv

1.1 -2
Zvi 4 i
1
35D

and n; is the count on the ith level and s? is the response sample variance on the ith level. The
Bartlett statistic has a x>-distribution. Dividing the Chi-square test statistic by the degrees of
freedom results in the reported F value.

Welch’s Test F Ratio

The Welch’s Test F Ratio is computed as follows:

- .2
2w yi—y)
i

k-1 w;Yi.

u

7

F =

h k! i -y

werewi:_z’u:Zwi’y..:
w2 i i i

22| (17T

R P

k2_1 . n,—1

1 1

and n; is the count on the ith level, y; is the mean response for the ith level, and s? is the
response sample variance for the ith level.

Welch’s Test DF Den

The Welch approximation for the denominator degrees of freedom is as follows:
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where w;, n;, and u are defined as in the F ratio formula.

Nonparametric Test Statistics

This section provides formulas for the test statistics used in the Wilcoxon, Median, and van
der Waerden tests.

Notation
The tests are based on scores and use the following notation.
j=1,.,n The observations in the entire sample.
ny, Ny, ..., N The numbers of observations in each of the k levels of X.

R; The midrank of the j™ observation. The midrank is the observation’s rank if it is not tied
and its average rank if it is tied.

a A function of the midranks used to define scores for the various tests.
o(R;) The function o applied to the midrank of the j™ observation.
The function o defines scores as follows:
Wilcoxon scores
o(R,) = R;
( ) ) ]

Median scores

1 ifR].>(n+1)/2
OL(R]-) =1 0if R].<(n+1)/2
t if R]. =median

Let n; denote the number of observations tied at the median. Then 7, is given by the
following:

(n,/2) if n, is even

(n,+1)/(2n,) if n,is odd

van der Waerden scores
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OL(R]-) = Standard Normal Quantile(R]./(n +1))

Two-Sample Normal Approximations

Tests based on the normal approximation are given only when X has exactly two levels. The
notation used in this section is defined in “Notation” on page 206. The statistics that appear in
the Two-Sample Normal Approximation report are defined below.

$ The statistic S is the sum of the values a(R;) for the observations in the smaller group. If the
two levels of X have the same numbers of observations, then the value of S corresponds to
the last level of X in the value ordering.

Z The value of Z is given as follows:
Z = (S—E(S))/Var(S)

Note: The Wilcoxon test adds a continuity correction. If (S - E(S)) is greater than zero, then
0.5 is subtracted from the numerator. If (S - E(S)) is less than zero, then 0.5 is added to the
numerator.

E(S) The expected value of S under the null hypothesis. Denote the number of
observations in the smaller level, or in the last level in the value ordering if the two
groups have the same number of observations, by n;:

n
n
l
E(S) = — R.
() = =3 a(R))
j=1
Var(S) Define ave to be the average score across all observations. Then the variance of S is
given as follows:

Ny
nn-1)

n
Var(S) = > (a(Ey)——uve)z

j=1
One-Way ChiSquare Approximations

Note: The ChiSquare test based on the Wilcoxon scores is knows as the Kruskal-Wallis test.

The notation used in this section is defined in “Notation” on page 206. The following
quantities are used in calculating the ChiSquare statistic:

T; The total of the scores for the i level of X.
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E(T;)) The expected value of the total score for level i under the null hypothesis of no
difference in levels, given as follows:
n
_
E(T) = P > oc(R]-)
j=1

Var(T) Define ave to be the average score across all observations. Then the variance of T is
given as follows:

n
S S _ ave)?
Var(T) = 1) z (oc(R]-) ave)
j=1
The value of the test statistic is given below. This statistic is asymptotically ChiSquare on k - 1

degrees of freedom.

k
C=| S (T,~E(T))*/n;|/Var(T)
i=1



Chapter 7

Contingency Analysis
Examine Relationships between Two Categorical Variables

The Contingency or Fit Y by X platform lets you explore the distribution of a categorical
(nominal or ordinal) variable Y across the levels of a second categorical variable X. The
Contingency platform is the categorical by categorical personality of the Fit Y by X platform. The
analysis results include a mosaic plot, frequency counts, and proportions. You can
interactively perform additional analyses and tests on your data, such as an Analysis of Means
for Proportions, a correspondence analysis plot, and so on.

Figure 7.1 Example of Contingency Analysis

4| = Contingency Analysis of size By country
4 Mosaic Plot

Small

Medium

7Large I

American Eura

country

Japanese

4| =IContingency Table

size
Count Large  Medium |Small

Total %

Col %

Row %

American 36 53 26 115
11.88 1744 858 37095
8a.71 4274 18.98
31.300 46.08) 2281

European 4 17 149 40

1.32 5.61 627 13.20
952 1371 1387
10.00] 42500 4760
Japanese 2 54 92 148
066 17.82) 3036 4884
476 4386 ET16
1.35| 3649 6216
42 124 137 303
1386 40067 4521

country

4 Tests
N DF -LogLike RSquare (U}
303 4 36309616 0.1z00
Test ChiSquare Prob=ChiSq
Likelihood Ratio 72619 =.0001*

Pearson 66.313 =.0001%
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Example of Contingency Analysis

This example uses the Car Poll.jmp sample data table, which contains data collected from car
polls. The data include respondent attributes: sex, marital status, and age. The data also
include attributes of the respondent’s car: country of origin, the size, and the type. Examine
the relationship between car sizes (small, medium, and large) and the cars’ country of origin.

1.

Figure 7.2 Example of Contingency Analysis

4| ~/Contingency Analysis of size By country
4 Mosaic Plot

2
3
4.
5

American

ELHP

country

4| =IContingency Table

Count
Total %
Col %
Row %
Arnerican

European

country

Japanese

4 Tests

303

Test

Likelihood Ratio

Pearsan

Large

36
11.88
85.71
31.30

1.32
952
10.00
2

066
476
1.35
13.86

DF
4

size

53
17.48
42.74
46.09

5.61
131
42.50

17.82
43.55
36.49

124
40.92

Japanese

Wedium |Small

26
8.48
18.98
2261

B.27
1387
47.50

3036
67.15
62.16

137
45.21

115
37.95

40
13.20

148
4884

303

-LoglLike RSquare (U)

36.309616

0.1200

ChiSquare Prob>ChiSq
=.0001*
=.0001*

72619
fifi.313

Select Help > Sample Data Library and open Car Poll.jmp.
Select Analyze > Fit Y by X.
Select size and click Y, Response.
Select country and click X, Factor.
Click OK.

Small

Medium

Large I
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Contingency Analysis
Launch the Contingency Platform

From the mosaic plot and legend in Figure 7.2, notice the following;:

* Very few Japanese cars fall into the Large size category.

* The majority of the European cars fall into the Small and Medium size categories.

¢ The majority of the American cars fall into the Large and Medium size categories.

211

Launch the Contingency Platform

You can perform a contingency analysis using either the Fit Y by X platform or the
Contingency platform. The two approaches are equivalent.

e To launch the Fit Y by X platform, select Analyze > Fit Y by X.

or

¢ Tolaunch the Contingency platform, from the JMP Starter window, click on the Basic

category and click Contingency.

Figure 7.3 The Contingency Launch Window

The categorical distribution of the response across groups

Select Columns Cast Selected Columns into Roles
6 Columns

e ||| optiona
Whamarital status
dzge

:Eicz):ntr}r ¥, Grouping Category|| requt

thtype

Action
oK |
Cancel |

Rermove |
Recall |
Help |

For more information about this launch window, see “Introduction to Fit Y by X” chapter on

page 95.

After you click OK, the Contingency report window appears. See “The Contingency Report”

on page 212.
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The Contingency Report

To produce the plot shown in Figure 7.4, follow the instructions in “Example of Contingency
Analysis” on page 210.

Figure 7.4 Example of a Contingency Report

4| ~/Contingency Analysis of size By country

4 Mosaic Plot

American

Eurg
country

4| =IContingency Table

Count
Total %
Col %
Row %
Arnetican

Euraopean

country

Japanese

4 Tests

303

Test

Large

36
11.88
85711
31.30

1.32
9.52
10.00
2
0.66

4.76
1.35

13.66

DF
4

size

Wedium |Small

53
17.49
4274
46.08

A61
13.1
42.50

17.82
43.55
36.49

124
40,92

26
858
1858
2261

627
13.87
47.50

30.36
67.15
G216

137
45.21

Japanese

115
37.95

40
13.20

148
48.84

303

LogLike RSquare {U)

36.309616

0.1200

ChiSquare Prob=ChiSq

Likelihood Ratio

Fearson

72619
66.313

=.0001*
=.0001

Small

Medium

Large I

Note: Any rows that are excluded in the data table are also hidden in the Mosaic Plot.

The Contingency report initially shows a Mosaic Plot, a Contingency Table, and a Tests report.
You can add other analyses and tests using the options that are located within the red triangle
m