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Tree Map Examples

Figure 58.12 Tree Map of Left Leg Deceleration

Figure 58.12 shows a map resulting from Make and Model as Categories, Wt (weight) as Sizes, and 
L Leg (a measurement of the deceleration speed of the left leg, where more deceleration causes more 
injury) as Coloring.

The map shows that there are a few cars that seem to suffer from large values of left leg deceleration, 
most strongly the Club Wagon and the S10 Pickup. 

You can quickly examine the other safety measurements by selecting Change Color Column from the 
platform drop-down menu and selecting another color column. Using this command lets you make 
comparisons among the measurements. For example, although the S10 had a bad rating for leg 
deceleration, it has a better measurement for head injuries. The Trooper II 4x4 suffers from just the 
opposite problem, seen when comparing Figure 58.12 with Figure 58.13 (where the coloring column is 
Head IC).

Figure 58.13 Tree Map of Potential Head Injury
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Statistical Details

Models in JMP

This appendix discusses the different types of response models, their factors, their design coding, and 
parameterization. It also includes many other details of methods described in the main text.

The JMP system fits linear models to three different types of response models that are labeled 
continuous, ordinal, and nominal. Many details on the factor side are the same between the different 
response models, but JMP only supports graphics and marginal profiles on continuous responses—not 
on ordinal and nominal.

Different computer programs use different design-matrix codings, and thus parameterizations, to fit 
effects and construct hypothesis tests. JMP uses a different coding than the GLM procedure in the SAS 
system, although in most cases JMP and SAS GLM procedure produce the same results. The following 
sections describe the details of JMP coding and highlight those cases when it differs from that of the 
SAS GLM procedure, which is frequently cited as the industry standard.
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The Response Models

The Response Models
JMP fits linear models to three different kinds of responses: continuous, nominal, and ordinal. 

Continuous Responses

JMP models continuous responses in the usual way through fitting a linear model by least squares. 
Continuous responses are much more richly supported than the other response types. Continuous 
responses are reported with leverage plots, least squares means, contrasts, and output formulas. None of 
these features has a corresponding feature for nominal or ordinal responses. Computationally, 
continuous responses are the easiest to fit.

Nominal Responses

Nominal responses are analyzed with a straightforward extension of the logit model. For a binary 
(two-level) response, a logit response model is

which can be written

where  is the cumulative distribution function of the standard logistic distribution

The extension for r responses is to relate each response probability to the rth probability and fit a 
separate set of design parameters to these  models.

 for 

The fit is done with maximum likelihood using a modified Newton-Raphson iterative algorithm.

Ordinal Responses

Ordinal responses are modeled by fitting a series of parallel logistic curves to the cumulative 
probabilities. Each curve has the same design parameters but a different intercept and is written

 for 

where r response levels are present and  is the standard logistic cumulative distribution function
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Another way to write this is in terms of an unobserved continuous variable, z, that causes the ordinal 
response to change as it crosses various thresholds

where z is an unobservable function of the linear model and error

and ε has the logistic distribution.

These models are attractive in that they recognize the ordinal character of the response, they need far 
fewer parameters than nominal models, and the computations are fast even though they involve 
iterative maximum likelihood calculation.

Continuous Factors
Continuous factors are placed directly into the design matrix as regressors. If a column is a linear 
function of other columns, then the parameter for this column is marked zeroed or nonestimable. 
Continuous factors are centered by their mean when they are crossed with other factors (interactions 
and polynomial terms). Centering is suppressed if the factor has a Column Property of Mixture or 
Coding, or if the centered polynomials option is turned off when specifying the model. If there is a 
coding column property, the factor is coded before fitting.

Nominal Factors
Nominal factors are transformed into indicator variables for the design matrix. SAS GLM constructs an 
indicator column for each nominal level. JMP constructs the same indicator columns for each nominal 
level except the last level. When the last nominal level occurs, a one is subtracted from all the other 
columns of the factor. For example, consider a nominal factor A with three levels coded for GLM and 
for JMP as shown below.

In GLM, the linear model design matrix has linear dependencies among the columns, and the least 
squares solution employs a generalized inverse. The solution chosen happens to be such that the A3 
parameter is set to zero. 

y

r αr 1– z≤

j αj 1– z αj<≤

1 z α1≤⎝
⎜
⎜
⎜
⎛

=

z Xβ ε+=

Figure A.1
GLM JMP

A A1 A2 A3 A13 A23

A1 1 0 0 1 0

A2 0 1 0 0 1

A3 0 0 1 –1 –1
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Nominal Factors

In JMP, the linear model design matrix is coded so that it achieves full rank unless there are missing 
cells or other incidental collinearity. The parameter for the A effect for the last level is the negative sum 
of the other levels, which makes the parameters sum to zero over all the effect levels. 

Interpretation of Parameters

Note: The parameter for a nominal level is interpreted as the differences in the predicted response for 
that level from the average predicted response over all levels.

The design column for a factor level is constructed as the zero-one indicator of that factor level minus 
the indicator of the last level. This is the coding that leads to the parameter interpretation above. 

Interactions and Crossed Effects

Interaction effects with both GLM and JMP are constructed by taking a direct product over the rows of 
the design columns of the factors being crossed. For example, the GLM code

PROC GLM;
CLASS A B;
MODEL A B A*B;

yields this design matrix:

Using the JMP Fit Model command and requesting a factorial model for columns A and B produces 
the following design matrix. Note that A13 in this matrix is A1–A3 in the previous matrix. However, 
A13B13 is A13*B13 in the current matrix.

Figure A.2
JMP Parameter Report How to Interpret Design Column Coding

Intercept mean over all levels 1´

A[1] (A==1) – (A==3)

A[2] (A==2) – (A==3)

α1 1 3⁄ α1 α2 α3+ +( )–

α2 1 3⁄ α1 α2 α3+ +( )–

Figure A.3
A B AB

A B 1 2 3 1 2 3 11 12 13 21 22 23 31 32 33
A1 B1 1 0 0 1 0 0 1 0 0 0 0 0 0 0 0
A1 B2 1 0 0 0 1 0 0 1 0 0 0 0 0 0 0
A1 B3 1 0 0 0 0 1 0 0 1 0 0 0 0 0 0
A2 B1 0 1 0 1 0 0 0 0 0 1 0 0 0 0 0
A2 B2 0 1 0 0 1 0 0 0 0 0 1 0 0 0 0
A2 B3 0 1 0 0 0 1 0 0 0 0 0 1 0 0 0
A3 B1 0 0 1 1 0 0 0 0 0 0 0 0 1 0 0
A3 B2 0 0 1 0 1 0 0 0 0 0 0 0 0 1 0
A3 B3 0 0 1 0 0 1 0 0 0 0 0 0 0 0 1
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The JMP coding saves memory and some computing time for problems with interactions of factors 
with few levels.

Nested Effects

Nested effects in GLM are coded the same as interaction effects because GLM determines the right test 
by what isn’t in the model. Any effect not included in the model can have its effect soaked up by a 
containing interaction (or, equivalently, nested) effect.

Nested effects in JMP are coded differently. JMP uses the terms inside the parentheses as grouping 
terms for each group. For each combination of levels of the nesting terms, JMP constructs the effect on 
the outside of the parentheses. The levels of the outside term need not line up across the levels of the 
nesting terms. Each level of nest is considered separately with regard to the construction of design 
columns and parameters.

Figure A.4
A B A13 A13 A23 A23

A B 13 23 13 23 B13 B23 B13 B23
A1 B1 1 0 1 0 1 0 0 0
A1 B2 1 0 0 1 0 1 0 0
A1 B3 1 0 –1 –1 –1 –1 0 0
A2 B1 0 1 1 0 0 0 1 0
A2 B2 0 1 0 1 0 0 0 1
A2 B3 0 1 –1 –1 0 0 –1 –1
A3 B1 –1 –1 1 0 –1 0 –1 0
A3 B2 –1 –1 0 1 0 –1 0 –1
A3 B3 –1 –1 –1 –1 1 1 1 1

Figure A.5
B(A)
A1 A1 A2 A2 A3 A3 

A B A13 A23 B13 B23 B13 B23 B13 B23
A1 B1 1 0 1 0 0 0 0 0
A1 B2 1 0 0 1 0 0 0 0
A1 B3 1 0 –1 –1 0 0 0 0
A2 B1 0 1 0 0 1 0 0 0
A2 B2 0 1 0 0 0 1 0 0
A2 B3 0 1 0 0 –1 –1 0 0
A3 B1 –1 –1 0 0 0 0 1 0
A3 B2 –1 –1 0 0 0 0 0 1
A3 B3 –1 –1 0 0 0 0 –1 –1
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Nominal Factors

Least Squares Means across Nominal Factors

Least squares means are the predicted values corresponding to some combination of levels, after setting 
all the other factors to some neutral value. The neutral value for direct continuous regressors is defined 
as the sample mean. The neutral value for an effect with uninvolved nominal factors is defined as the 
average effect taken over the levels (which happens to result in all zeroes in our coding). Ordinal factors 
use a different neutral value in “Ordinal Least Squares Means,” p. 1181. The least squares means might 
not be estimable, and if not, they are marked nonestimable. JMP’s least squares means agree with 
GLM’s (Goodnight and Harvey 1978) in all cases except when a weight is used, where JMP uses a 
weighted mean and GLM uses an unweighted mean for its neutral values.

The expected values of the cells in terms of the parameters for a three-by-three crossed model are:

Effective Hypothesis Tests

Generally, the hypothesis tests produced by JMP agree with the hypothesis tests of most other trusted 
programs, such as SAS PROC GLM (Hypothesis types III and IV). The following two sections 
describe where there are differences.

In the SAS GLM procedure, the hypothesis tests for Types III and IV are constructed by looking at the 
general form of estimable functions and finding functions that involve only the effects of interest and 
effects contained by the effects of interest (Goodnight 1978). 

In JMP, the same tests are constructed, but because there is a different parameterization, an effect can 
be tested (assuming full rank for now) by doing a joint test on all the parameters for that effect. The 
tests do not involve containing interaction parameters because the coding has made them uninvolved 
with the tests on their contained effects.

If there are missing cells or other singularities, the JMP tests are different than GLM tests. There are 
several ways to describe them:

• JMP tests are equivalent to testing that the least squares means are different, at least for main effects. 
If the least squares means are nonestimable, then the test cannot include some comparisons and, 
therefore, loses degrees of freedom. For interactions, JMP is testing that the least squares means 
differ by more than just the marginal pattern described by the containing effects in the model.

• JMP tests an effect by comparing the SSE for the model with that effect with the SSE for the model 
without that effect (at least if there are no nested terms, which complicate the logic slightly). JMP 
parameterizes so that this method makes sense.

• JMP implements the effective hypothesis tests described by Hocking (1985, 80–89, 163–166), 
although JMP uses structural rather than cell-means parameterization. Effective hypothesis tests 

Figure A.6
B1 B2 B3

A1

A2

A3

µ α1 β1 αβ11+ + + µ α1 β2 αβ12+ + + µ α1 β1– β2– αβ11– αβ12–+

µ α2 β1 αβ21+ + + µ α2 β2 αβ22+ + + µ α2 β1– β2– αβ21– αβ22–+

µ α1– α2 β1+–
αβ11– αβ21–

µ α1– α2 β2+– αβ12–
αβ22–

µ α1 α2– β1– β2– αβ11–
αβ12

–
β21 αβ22

+
+ +
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start with the hypothesis desired for the effect and include “as much as possible” of that test. Of 
course, if there are containing effects with missing cells, then this test will have to drop part of the 
hypothesis because the complete hypothesis would not be estimable. The effective hypothesis drops 
as little of the complete hypothesis as possible.

• The differences among hypothesis tests in JMP and GLM (and other programs) that relate to the 
presence of missing cells are not considered interesting tests anyway. If an interaction is significant, 
the test for the contained main effects are not interesting. If the interaction is not significant, then it 
can always be dropped from the model. Some tests are not even unique. If you relabel the levels in a 
missing cell design, then the GLM Type IV tests can change.

The following section continues this topic in finer detail.

Singularities and Missing Cells in Nominal Effects

Consider the case of linear dependencies among the design columns. With JMP coding, this does not 
occur unless there is insufficient data to fill out the combinations that need estimating, or unless there 
is some kind of confounding or collinearity of the effects.

With linear dependencies, a least squares solution for the parameters might not be unique and some 
tests of hypotheses cannot be tested. The strategy chosen for JMP is to set parameter estimates to zero 
in sequence as their design columns are found to be linearly dependent on previous effects in the 
model. A special column in the report shows what parameter estimates are zeroed and which parameter 
estimates are estimable. A separate singularities report shows what the linear dependencies are.

In cases of singularities the hypotheses tested by JMP can differ from those selected by GLM. 
Generally, JMP finds fewer degrees of freedom to test than GLM because it holds its tests to a higher 
standard of marginality. In other words, JMP tests always correspond to tests across least squares means 
for that effect, but GLM tests do not always have this property.

For example, consider a two-way model with interaction and one missing cell where A has three levels, 
B has two levels, and the A3B2 cell is missing

Figure A.7

The expected values for each cell are:

A B A1 A2 B1 A1B1 A2B1
A1 B1 1 0 1 1 0
A2 B1 0 1 1 0 1
A3 B1 –1 –1 1 –1 –1
A1 B2 1 0 –1 –1 0
A2 B2 0 1 –1 0 –1
A3 B2 –1 –1 –1 1 1 suppose this 

missing
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Nominal Factors

Obviously, any cell with data has an expectation that is estimable. The cell that is missing has an 
expectation that is nonestimable. In fact, its expectation is precisely that linear combination of the 
design columns that is in the singularity report

Suppose that you want to construct a test that compares the least squares means of B1 and B2. In this 
example, the average of the rows in the above table give these least squares means.

LSM(B1) = 

LSM(B2) = 

LSM(B1) – LSM(B2) = 

Note that this shows that a test on the β1 parameter is equivalent to testing that the least squares means 
are the same. But because β1 is not estimable, the test is not testable, meaning there are no degrees of 
freedom for it.

Now, construct the test for the least squares means across the A levels.

LSM(A1) = 

LSM(A2) = 

LSM(A3) = 

LSM(A1) – LSM(A3) = 

LSM(A2) – LSM(A3) = 

Neither of these turn out to be estimable, but there is another comparison that is estimable; namely 
comparing the two A columns that have no missing cells.

Figure A.8
B1 B2

A1

A2

A3

µ α1 β1 αβ11+ + + µ α1 β1– αβ11–+

µ α2 β1 αβ21+ + + µ α2 β1– αβ21–+

µ α1– α2 β1+– αβ11– αβ21– µ α1– α2 β1–– αβ11 αβ21+ +

µ α1– α2 β1–– αβ11 αβ21+ +

1 3⁄( ) µ α1 β1 αβ11
µ α2 β1 αβ21
µ α1– α2– β1 αβ11– αβ21–

+ + + +
+ + + +

+

(

)
µ β1+=

1 3⁄( ) µ α1 β1– α– β11
µ α2 β1– α– β21
µ α1– α2– β1– αβ11 αβ21

+ + +
+ + +

+ +

(

)
µ β1–=

2β1

1 2⁄( ) µ α1 β1 αβ11 µ α1 β1– αβ11–+ + + + +( )
µ α1+=

1 2⁄( ) µ α2 β1 αβ21 µ α2 β1– αβ21–+ + + + +( )
µ α2+=

1 2⁄( ) µ α1– α2– β1 αβ11– αβ21–
µ α1– α2– β1– αβ11 αβ21

+ +
+ +

(
)

µ α1– α2–=

2α1 α2+

2α2 α1+
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LSM(A1) – LSM(A2) = 

This combination is indeed tested by JMP using a test with 1 degree of freedom, although there are two 
parameters in the effect.

The estimability can be verified by taking its inner product with the singularity combination, and 
checking that it is zero:

It turns out that the design columns for missing cells for any interaction will always knock out degrees 
of freedom for the main effect (for nominal factors). Thus, there is a direct relation between the 
nonestimability of least squares means and the loss of degrees of freedom for testing the effect 
corresponding to these least squares means.

How does this compare with what GLM does? GLM and JMP do the same test when there are no 
missing cells. That is, they effectively test that the least squares means are equal. But when GLM 
encounters singularities, it focuses out these cells in different ways, depending on whether they are Type 
III or Type IV. For Type IV, it looks for estimable combinations that it can find. These might not be 
unique, and if you reorder the levels, you might get a different result. For Type III, it does some 
orthogonalization of the estimable functions to obtain a unique test. But the test might not be very 
interpretable in terms of the cell means.

The JMP approach has several points in its favor, although at first it might seem distressing that you 
might lose more degrees of freedom than with GLM:

1 The tests are philosophically linked to LSMs.

2 The tests are easy computationally, using reduction sum of squares for reparameterized models.

3 The tests agree with Hocking’s “Effective Hypothesis Tests”.

4 The tests are whole marginal tests, meaning they always go completely across other effects in 
interactions. 

The last point needs some elaboration: Consider a graph of the expected values of the cell means in the 
previous example with a missing cell for A3B2.

Figure A.9
singularity combination

parameters combination to be tested
m 1 0
a1 –1 1
a2 –1 –1
b1 –1 0
ab11 1 0
ab21 1 0

α1 α2–
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Nominal Factors

The graph shows expected cell means with a missing cell. The means of the A1 and A2 cells are profiled 
across the B levels. The JMP approach says you can’t test the B main effect with a missing A3B2 cell, 
because the mean of the missing cell could be anything, as allowed by the interaction term. If the mean 
of the missing cell were the higher value shown, the B effect would likely test significant. If it were the 
lower, it would likely test nonsignificant. The point is that you don’t know. That is what the least 
squares means are saying when they are declared nonestimable. That is what the hypotheses for the 
effects should be saying too—that you don’t know. 

If you want to test hypotheses involving margins for subsets of cells, then that is what GLM Type IV 
does. In JMP you would have to construct these tests yourself by partitioning the effects with a lot of 
calculations or by using contrasts.

Example of JMP and GLM differences

GLM works differently than JMP and produces different hypothesis tests in situations where there are 
missing cells. In particular, GLM does not recognize any difference between a nesting and a crossing in 
an effect, but JMP does. Suppose that you have a three-layer nesting of A, B(A), and C(A B) with 
different numbers of levels as you go down the nested design.

Table A.1 “Comparison of GLM and JMP Hypotheses,” p. 1177, shows the test of the main effect A in 
terms of the GLM parameters. The first set of columns is the test done by JMP. The second set of 
columns is the test done by GLM Type IV. The third set of columns is the test equivalent to that by 
JMP; it is the first two columns that have been multiplied by a matrix 

to be comparable to the GLM test. The last set of columns is the GLM Type III test. The difference is 
in how the test distributes across the containing effects. In JMP, it seems more top-down hierarchical. 
In GLM Type IV, the test seems more bottom-up. In practice, the test statistics are often similar.

Table A.1 Comparison of GLM and JMP Hypotheses
Parameter JMP Test for A GLM-IV Test for A JMP Rotated Test GLM-III Test for A
u 0 0 0 0 0 0 0 0
a1 0.6667 -0.3333 1 0 1 0 1 0
a2 –0.3333 0.6667 0 1 0 1 0 1
a3 –0.3333 -0.3333 -1 -1 -1 -1 -1 -1

a1b1 0.1667 -0.0833 0.2222 0 0.25 0 0.2424 0

A1 A2 A3

B1

B2

A3B2?

A3B2?

2 1

1 2
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Ordinal Factors
Factors marked with the ordinal modeling type are coded differently than nominal factors. The 
parameters estimates are interpreted differently, the tests are different, and the least squares means are 
different.

a1b2 0.1667 -0.0833 0.3333 0 0.25 0 0.2727 0
a1b3 0.1667 -0.0833 0.2222 0 0.25 0 0.2424 0
a1b4 0.1667 -0.0833 0.2222 0 0.25 0 0.2424 0

a2b1 -0.1667 0.3333 0 0.5 0 0.5 0 .5
a2b2 -0.1667 0.3333 0 0.5 0 0.5 0 .5

a3b1 -0.1111 -0.1111 -0.3333 -0.3333 -0.3333 -0.3333 -0.3333 -0.3333
a3b2 -0.1111 -0.1111 -0.3333 -0.3333 -0.3333 -0.3333 -0.3333 -0.3333
a3b3 -0.1111 -0.1111 -0.3333 -0.3333 -0.3333 -0.3333 -0.3333 -0.3333

a1b1c1 0.0833 -0.0417 0.1111 0 0.125 0 0.1212 0
a1b1c2 0.0833 -0.0417 0.1111 0 0.125 0 0.1212 0
a1b2c1 0.0556 -0.0278 0.1111 0 0.0833 0 0.0909 0
a1b2c2 0.0556 -0.0278 0.1111 0 0.0833 0 0.0909 0
a1b2c3 0.0556 -0.0278 0.1111 0 0.0833 0 0.0909 0
a1b3c1 0.0833 -0.0417 0.1111 0 0.125 0 0.1212 0
a1b3c2 0.0833 -0.0417 0.1111 0 0.125 0 0.1212 0
a1b4c1 0.0833 -0.0417 0.1111  0 0.125 0 0.1212 0
a1b4c2 0.0833 -0.0417 0.1111 0 0.125 0 0.1212 0

a2b1c1 -0.0833 0.1667 0 0.25 0 0.25 0 0.25
a2b1c2 -0.0833 0.1667 0 0.25 0 0.25 0 0.25
a2b2c1 -0.0833 0.1667 0 0.25 0 0.25 0 0.25
a2b2c2 -0.0833 0.1667 0 0.25 0 0.25 0 0.25

a3b1c1 -0.0556 -0.0556 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667
a3b1c2 -0.0556 -0.0556 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667
a3b2c1 -0.0556 -0.0556 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667
a3b2c2 -0.0556 -0.0556 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667
a3b3c1 -0.0556 -0.0556 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667
a3b3c2 -0.0556 -0.0556 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667 -0.1667

Table A.1 Comparison of GLM and JMP Hypotheses (Continued)
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Ordinal Factors

The theme for ordinal factors is that the first level of the factor is a control or baseline level, and the 
parameters measure the effect on the response as the ordinal factor is set to each succeeding level. The 
coding is appropriate for factors with levels representing various doses, where the first dose is zero:

From the perspective of the JMP parameterization, the tests for A are

So from JMP’s perspective, the GLM test looks a little strange, putting a coefficient on the a1b24 
parameter.

The pattern for the design is such that the lower triangle is ones with zeros elsewhere.

For a simple main-effects model, this can be written

noting that µ is the expected response at ,  is the expected response at , and 
 is the expected response at . Thus,  estimates the effect moving from  to 

 and  estimates the effect moving from  to . 

Figure A.10
Term Coded Column
A a2 a3
A1 0 0 control level, zero dose
A2 1 0 low dose
A3 1 1 higher dose

Figure A.11
parameter GLM–IV test JMP test
m 0 0 0 0
a13 2 1 1 0
a23 1 2 0 1
a1:b14 0 0 0 0
a1:b24 0.11111 0 0 0
a1:b34 0 0 0 0
a2:b12 0 0 0 0
a3:b13 0 0 0 0
a3:b23 0 0 0 0
a1b1:c12 0 0 0 0
a1b2:c13 0 0 0 0
a1b2:c23 0 0 0 0
a1b3:c12 0 0 0 0
a1b4:c12 0 0 0 0
a2b1:c13 0 0 0 0
a2b2:c12 0 0 0 0
a3b1:c12 0 0 0 0
a3b2:c12 0 0 0 0
a3b3:c12 0 0 0 0

y µ α2X a 2≤( ) α3X a 3≤( ) ε+ + +=

A 1= µ α2+ A 2=
µ α2 α3+ + A 3= α2 A 1=
A 2= α3 A 2= A 3=
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If all the parameters for an ordinal main effect have the same sign, then the response effect is 
monotonic across the ordinal levels.

Ordinal Interactions

The ordinal interactions, as with nominal effects, are produced with a horizontal direct product of the 
columns of the factors. Consider an example with two ordinal factors A and B, each with three levels. 
JMP’s ordinal coding produces the design matrix shown next. The pattern for the interaction is a block 
lower-triangular matrix of lower-triangular matrices of ones. 

Hypothesis Tests for Ordinal Crossed Models

To see what the parameters mean, examine this table of the expected cell means in terms of the 
parameters, where µ is the intercept, α2 is the parameter for level A2, and so forth.

Note that the main effect test for A is really testing the A levels holding B at the first level. Similarly, the 
main effect test for B is testing across the top row for the various levels of B holding A at the first level. 
This is the appropriate test for an experiment where the two factors are both doses of different 
treatments. The main question is the efficacy of each treatment by itself, with fewer points devoted to 
looking for drug interactions when doses of both drugs are applied. In some cases it may even be 
dangerous to apply large doses of each drug.

Figure A.12
A*B
A2 A3

A B A2 A3 B2 B3 B2 B3 B2 B3
A1 B1 0 0 0 0 0 0 0 0
A1 B2 0 0 1 0 0 0 0 0
A1 B3 0 0 1 1 0 0 0 0
A2 B1 1 0 0 0 0 0 0 0
A2 B2 1 0 1 0 1 0 0 0
A2 B3 1 0 1 1 1 1 0 0
A3 B1 1 1 0 0 0 0 0 0
A3 B2 1 1 1 0 1 0 1 0
A3 B3 1 1 1 1 1 1 1 1

Figure A.13
B1 B2 B3

A1

A2

A3

µ µ αβ2 αβ12+ + µ β2 β3+ +

µ α2+ µ α2 β2 αβ22+ + + µ α2 β2 β3 αβ22 αβ23+ + + + +

µ α2 α3+ + µ α2 α3 β2 αβ22
αβ32 αβ23 αβ32 αβ33

+ + + + +
+ + +

µ α2 α3 β2 β3 αβ22
αβ23 β32 αβ33

+ + + + + +
+ +
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Ordinal Factors

Note that each cell’s expectation can be obtained by adding all the parameters associated with each cell 
that is to the left and above it, inclusive of the current row and column. The expected value for the last 
cell is the sum of all the parameters.

Though the hypothesis tests for effects contained by other effects differs with ordinal and nominal 
codings, the test of effects not contained by other effects is the same. In the crossed design above, the 
test for the interaction would be the same no matter whether A and B were fit nominally or ordinally.

Ordinal Least Squares Means

As stated previously, least squares means are the predicted values corresponding to some combination of 
levels, after setting all the other factors to some neutral value. JMP defines the neutral value for an effect 
with uninvolved ordinal factors as the effect at the first level, meaning the control or baseline level.

This definition of least squares means for ordinal factors maintains the idea that the hypothesis tests for 
contained effects are equivalent to tests that the least squares means are equal.

Singularities and Missing Cells in Ordinal Effects

With the ordinal coding, you are saying that the first level of the ordinal effect is the baseline. It is thus 
possible to get good tests on the main effects even when there are missing cells in the interactions—
even if you have no data for the interaction.

Example with Missing Cell

The example is the same as above, with two observations per cell except that the A3B2 cell has no data. 
You can now compare the results when the factors are coded nominally with results when they are 
coded ordinally. The model as a whole fits the same as seen in tables shown in Figure A.15.

Figure A.14
Y A B

12 1 1 

14 1 1 

15 1 2 

16 1 2 

17 2 1 

17 2 1 

18 2 2 

19 2 2 

20 3 1 

24 3 1 
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Figure A.15 Comparison of Summary Information for Nominal and Ordinal Fits

The parameter estimates are very different because of the different coding. Note that the missing cell 
affects estimability for all the nominal parameters but for none of the other ordinal parameters.

Figure A.16 Comparison of Parameter Estimates for Nominal and Ordinal Fits

The singularity details show the linear dependencies (and also identify the missing cell by examining 
the values).

Figure A.17 Comparison of Singularity Details for Nominal and Ordinal Fits

The effect tests lose degrees of freedom for nominal. In the case of B, there is no test. For ordinal, there 
is no loss because there is no missing cell for the base first level.

Figure A.18 Comparison of Effects Tests for Nominal and Ordinal Fits

The least squares means are also different. The nominal LSMs are not all estimable, but the ordinal 
LSMs are. You can verify the values by looking at the cell means. Note that the A*B LSMs are the same 
for the two. Figure A.19 shows least squares means for an nominal and ordinal fits.
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Leverage Plot Details

Figure A.19 Least Squares Means for Nominal and Ordinal Fits

Leverage Plot Details
Leverage plots for general linear hypotheses were introduced by Sall (1980). This section presents the 
details from that paper. Leverage plots generalize the partial regression residual leverage plots of Belsley, 
Kuh, and Welsch (1980) to apply to any linear hypothesis. Suppose that the estimable hypothesis of 
interest is

The leverage plot characterizes this test by plotting points so that the distance of each point to the 
sloped regression line displays the unconstrained residual, and the distance to the x-axis displays the 
residual when the fit is constrained by the hypothesis. 

Of course the difference between the sums of squares of these two groups of residuals is the sum of 
squares due to the hypothesis, which becomes the main ingredient of the F-test.

The parameter estimates constrained by the hypothesis can be written

where b is the least squares estimate 

and where lambda is the Lagrangian multiplier for the hypothesis constraint, which is calculated

Compare the residuals for the unconstrained and hypothesis-constrained residuals, respectively.

Lβ 0=

b0 b X'X( ) 1–
L'λ–=

b X'X( ) 1–
X'y=

λ L X'X( ) 1–
L'( )

1–
Lb )=
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To get a leverage plot, the x-axis values vx of the points are the differences in the residuals due to the 
hypothesis, so that the distance from the line of fit (with slope 1) to the x-axis is this difference. The 
y-axis values vy are just the x-axis values plus the residuals under the full model as illustrated in 
Figure A.20. Thus, the leverage plot is composed of the points

 and 

Figure A.20 Construction of Leverage Plot

Superimposing a Test on the Leverage Plot

In simple linear regression, you can plot the confidence limits for the expected value as a smooth 
function of the regressor variable x

Upper (x) = 

Lower (x) = 

where x = [1 x] is the 2-vector of regressors. 

This hyperbola is a useful significance-measuring instrument because it has the following nice 
properties:

• If the slope parameter is significantly different from zero, the confidence curve will cross the 
horizontal line of the response mean (left plot in Figure A.21).

• If the slope parameter is not significantly different from zero, the confidence curve will not cross the 
horizontal line of the response mean (plot at right in Figure A.21).

• If the t-test for the slope parameter is sitting right on the margin of significance, the confidence 
curve will have the horizontal line of the response mean as an asymptote (middle plot in 
Figure A.21).

This property can be verified algebraically or it can be understood by considering what the confidence 
region has to be when the regressor value goes off to plus or minus infinity.

r y Xb–=

r0 r X X'X( ) 1–
L'λ+=

vx X X'X( ) 1–
L'λ= vy r vx+=

xb tα 2⁄ s x X'X( ) 1–
x'+

xb tα 2⁄ s x X'X( ) 1–
x'–
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Multivariate Details

Figure A.21 Cases of Significant, Borderline, and Nonsignificant Confidence Curves.

Leverage plots make use of the same device by calculating a confidence function with respect to one 
variable while holding all other variables constant at their sample mean value.

For general hypothesis tests, JMP can display a curve with the same properties: the confidence function 
shows at the mean value in the middle, with adjusted curvature so that it crosses the horizon if the 
F-test is significant at some α-level like 0.05.

Consider the functions

Upper(z) = 

and

Lower (z) = 

where F is the F-statistic for the hypothesis,  is the reference value for significance α, and 

, where  is the regressors at a suitable middle value, such as the mean. 

These functions serve the same properties listed above. If the F-statistic is greater than the reference 
value, the confidence functions cross the x-axis. If the F-statistic is less than the reference value, the 
confidence functions do not cross. If the F-statistic is equal to the reference value, the confidence 
functions have the x-axis as an asymptote. And the range between the confidence functions at the 
middle value is a valid confidence region of the predicted value at the point.

Multivariate Details
The following sections show computations used for multivariate tests and related, exact and 
approximate F-statistics, canonical details, and discriminant functions. In the following sections, E is 
the residual cross product matrix and  estimates the residual covariance matrix. Diagonal elements 
of E are the sum of squares for each variable. In discriminant analysis literature, this is often called W, 
where W stands for within.

Significant Borderline Not Significant

confidence curve
crosses horizontal
line

confidence curve
asymptotic to
horizontal line

confidence curve
does not cross
horizontal line

z s
2
tα 2⁄
2

h
Fα

F
------z2++

z s
2
tα 2⁄
2

h
Fα

F
------z2

+–

Fα

h x X'X( ) 1–
x'= x

E
n 1–
------------
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Multivariate Tests

Test statistics in the multivariate results tables are functions of the eigenvalues λ of . The 
following list describes the computation of each test statistic.

Note: After specification of a response design, the initial E and H matrices are premultiplied by  
and postmultiplied by M.

The whole model L is a column of zeros (for the intercept) concatenated with an identity matrix having 
the number of rows and columns equal to the number of parameters in the model. L matrices for 
effects are subsets of rows from the whole model L matrix.

 Approximate F-Test

To compute F-values and degrees of freedom, let p be the rank of . Let q be the rank of 
, where the L matrix identifies elements of  associated with the effect being tested. Let 

v be the error degrees of freedom and s be the minimum of p and q. Also let  and 
. 

Table A.2 “Approximate F-statistics,” p. 1186, gives the computation of each approximate F from the 
corresponding test statistic.

Figure A.22
Wilk’s Lambda

Pillai’s Trace

Hotelling-Lawley Trace

Roy’s Max Root
, the maximum eigenvalue of .

E
1–
H

M'

Λ det E( )
det H E+( )
--------------------------- 1

1 λi+
--------------
⎝ ⎠
⎛ ⎞

i 1=

n

∏= =

V Trace H H E+( ) 1–[ ] λi
1 λi+
--------------

i 1=

n

∑= =

U Trace E
1–
H( ) λi

i 1=

n

∑= =

Θ λ1= E
1–
H

Table A.2 Approximate F-statistics
Test Approximate F Numerator DF Denominator DF
Wilk’s Lambda

Pillai’s Trace

H E+
L X'X( ) 1–

L' X'X
m 0.5 p q– 1–( )=

n 0.5 v p– 1–( )=

F
1 Λ1 t⁄

–

Λ1 t⁄
---------------------
⎝ ⎠
⎜ ⎟
⎛ ⎞ rt 2u–

pq
----------------⎝ ⎠
⎛ ⎞=

pq rt 2u–

F V
s V–
-----------
⎝ ⎠
⎛ ⎞ 2n s 1+ +

2m s 1+ +
------------------------
⎝ ⎠
⎛ ⎞=

s 2m s 1+ +( ) s 2n s 1+ +( )
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Multivariate Details

Canonical Details

The canonical correlations are computed as

The canonical Y’s are calculated as

where Y is the matrix of response variables, M is the response design matrix, and V is the matrix of 
eigenvectors of . Canonical Y’s are saved for eigenvectors corresponding to eigenvalues larger 
than zero.

The total sample centroid is computed as

Grand = 

where V is the matrix of eigenvectors of .

The centroid values for effects are calculated as

 where 

and the vs are columns of V, the eigenvector matrix of ,  refers to the multivariate least squares 
mean for the jth effect, g is the number of eigenvalues of  greater than 0, and r is the rank of the 
X matrix. 

The centroid radii for effects are calculated as

where g is the number of eigenvalues of  greater than 0 and the denominator L’s are from the 
multivariate least squares means calculations.

Discriminant Analysis 

The distance from an observation to the multivariate mean of the ith group is the Mahalanobis 
distance, D2, and computed as

Hotelling-Lawley 
Trace

Roy’s Max Root

Table A.2 Approximate F-statistics

F 2 sn 1+( )U

s
2

2m s 1+ +( )
----------------------------------=

s 2m s 1+ +( ) 2 sn 1+( )

F Θ v max p q,( ) q+–( )
max p q,( )

--------------------------------------------------=
max p q,( ) v max p q,( )– q+

ρi

λi
1 λi+
--------------=

Ỹ YMV=

E
1–
H

yMV

E
1–
H

m c'1xj c'2xj … c'gxj, , ,( )= ci v'i
E

N r–
------------⎝ ⎠
⎛ ⎞ vi⎝ ⎠

⎛ ⎞ 1 2⁄–
vi=

E
1–
H xj

E
1–
H

d
χg

2
0.95( )

L X'X( ) 1–
L'

------------------------------=

E
1–
H
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where 

In saving discriminant columns, N is the number of observations and M is the identity matrix.

The Save Discrim command in the popup menu on the platform title bar saves discriminant scores 
with their formulas as columns in the current data table. SqDist[0] is a quadratic form needed in all the 
distance calculations. It is the portion of the Mahalanobis distance formula that does not vary across 
groups. SqDist[i] is the Mahalanobis distance of an observation from the ith centroid. SqDist[0] and 
SqDist[i] are calculated as

SqDist[0] = 

and

SqDist[i] = SqDist[0] - 

Assuming that each group has a multivariate normal distribution, the posterior probability that an 
observation belongs to the ith group is

Prob[i] = 

where

Prob[0] = 

Power Calculations
The next sections give formulas for computing LSV, LSN, power, and adjusted power.

Computations for the LSV

For one-degree-freedom tests, the LSV is easy to calculate. The formula for the F-test for the hypothesis 
 is:

Solving for Lb, a scalar, given an F for some α-level, like 0.05, and using a t as the square root of a 
one-degree-of-freedom F, making it properly two-sided, gives

D
2 y yi–( )'S 1–

y yi–( ) y'S 1–
y 2y'S 1–

yi– yi'S
1–
yi+= =

S E
N 1–
-------------=

y'S 1–
y

2y'S 1–
yi yi'S

1–
yi+

Dist[i]( )exp

Prob 0[ ]
-----------------------------

e
0.5Dist[i]–

∑

Lβ 0=

F
Lb( )' L X'X( ) 1–

L'( )
1–

Lb( ) r⁄

s
2

-------------------------------------------------------------------------=

Lb( )LSV
tα 2⁄ s L X'X( ) 1–

L'=
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Power Calculations

For L testing some , this is

which can be written with respect to the standard error as

If you have a simple model of two means where the parameter of interest measures the difference 
between the means, this formula is the same as the LSD, least significant difference, from the literature

In the JMP Fit Model platform, the parameter for a nominal effect measures the difference to the 
average of the levels, not to the other mean. So, the LSV for the parameter is half the LSD for the 
differences of the means.

Computations for the LSN

The LSN solves for n in the equation:

where 

ProbF is the central F-distribution function 

dfH is the degrees of freedom for the hypothesis

 is the squared effect size, which can be estimated by 

When planning a study, the LSN serves as the lower bound.

Computations for the Power

To calculate power, first get the critical value for the central F by solving for FC in the equation

Then obtain the probability of getting this critical value or higher

Power = 

The last argument to ProbF is the noncentrality value 

βi

bi
LSV

tα 2⁄ s X'X( ) 1–( )ii=

bi
LSV

tα 2⁄ stderr bi( )=

LSD tα 2⁄ s 1
n1
----- 1

n2
-----+=

α 1 ProbF
n

δ2

dfH
α2

--------------- dfH n dfH– 1–, ,–=

δ2 SS(H)
n

--------------

α 1 ProbF FC dfH n dfH– 1–, ,[ ]–=

1( ) ProbF FC dfH n dfH– 1–
nδ2

σ2
---------, , ,–
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, which can be estimated as  for retrospective power.

Computations for Adjusted Power

The adjusted power is a function a noncentrality estimate that has been adjusted to remove positive bias 
in the original estimate (Wright and O’Brien 1988). Unfortunately, the adjustment to the noncentrality 
estimate can lead to negative values. Negative values are handled by letting the adjusted noncentrality 
estimate be

where N is the actual sample size, dfH is the degrees of freedom for the hypothesis, dfR is the degrees of 
freedom for regression in the whole model, Fs is Fsample, and FC is FCrit. 

The adjusted power is

Poweradj = 

where Fcrit is calculated as above.

Confidence limits for the noncentrality parameter are constructed according to Dwass (1955) as

Lower CL for λ = 

Upper CL for λ =

where Fsample is the F-value reported in the effect test report and Fcrit is calculated as above. Power 
confidence limits are obtained by substituting confidence limits for λ into

Power = 1 - ProbF[FC, dfH, n - dfH - 1, λ]

Inverse Prediction with Confidence Limits
Inverse prediction estimates values of independent variables. In bioassay problems, inverse prediction 
with confidence limits is especially useful. In JMP, you can request inverse prediction estimates of a 
single effect for continuous, nominal, and ordinal response models. If the response is a nominal variable 
and there is a single continuous effect, you can also request confidence limits for the inverse prediction 
estimate.

The confidence limits are computed using Fieller’s theorem, which is based on the following logic. The 
goal is predicting the value of a single regressor and its confidence limits given the values of the other 
regressors and the response. 

Let b estimate the parameters β so that we have b distributed as N(β,V). 

Let x be the regressor values of interest, with the ith value to be estimated.

λ nδ2

σ2
---------=

SS(H)

σ
ˆ 2

--------------

λ̂adj Max 0 λ̂ N dfR– 1– 2–( )
N dfH– 1–

--------------------------------------------- dfH–,=

1( ) ProbF FC dfH n dfH– 1– λ̂adj, , ,[ ]–

dfH Max 0 Fs FC–,[ ]( )
2

dfH Fs FC–( )
2
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Details of Random Effects

Let y be the response value. 

We desire a confidence region on the value of x[i] such that  with all other values of x given.

The inverse prediction is just

where the parenthesized-subscript “(i)” means that the ith component is omitted. A confidence interval 
can be formed from the relation:

with specified confidence if . A quadratic equation results of the form

where

It is possible for the quadratic equation to have only imaginary roots, in which case the confidence 
interval becomes the entire real line and missing values are returned.

Note: JMP uses t values when computing the confidence intervals for inverse prediction. SAS uses z 
values, which can give different results.

Details of Random Effects
The variance matrix of the fixed effects is always modified to include a Kackar-Harville correction. The 
variance matrix of the BLUPs and the covariances between the BLUPs and the fixed effects are not 
Kackar-Harville corrected because the corrections for these can be quite computationally intensive and 
use lots of memory when there are lots of levels of the random effects. In SAS, the Kackar-Harville 
correction is done for both fixed effects and BLUPs only when the DDFM=KR is set, so the standard 
errors from PROC MIXED with this option will differ from all the other options.

This implies:

• Standard errors for linear combinations involving only fixed effects parameters will match PROC 
MIXED DDFM=KR, assuming that one has taken care to transform between the different 
parameterizations used by PROC MIXED and JMP.

• Standard errors for linear combinations involving only BLUP parameters will match PROC MIXED 
DDFM=SATTERTH.

• Standard errors for linear combinations involving both fixed effects and BLUPS do not match PROC 
MIXED for any DDFM option if the data are unbalanced. However, these standard errors are between 

β'x y=

x i[ ]
y β' i( )x i( )–

β i[ ]
----------------------------=

y b'x–( )2
t
2x'Vx<

y β'x=

z
2
g zh f+ + 0=

g b i[ ]2
t
2V i i,[ ]–=

h 2yb– i[ ] 2b i[ ]b' i( )x i( ) 2t
2V i i,[ ]'x i( )–+=

f y
2

2yb' i( )x i( )– b i( )x i( )( )2
t
2x i( )'V i( )x i( )–+=
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what you get with the DDFM=SATTERTH and DDFM=KR options. If the data are balanced, JMP 
matches SAS for balanced data, regardless of the DDFM option, since the Kackar-Harville correction 
is null.

The degrees of freedom for tests involving only linear combinations of fixed effects parameters are 
calculated using the Kenward and Roger correction, so JMP's results for these tests match PROC MIXED 
using the DDFM=KR option. If there are BLUPs in the linear combination, JMP uses a Satterthwaite 
approximation to get the degrees of freedom. So, the results follow a pattern similar to what is described 
for standard errors in the preceding paragraph.

For more details of the Kackar-Harville correction and the Kenward-Roger DF approach, see Kenward 
and Roger(1997). The Satterthwaite method is described in detail in the SAS PROC MIXED 
documentation.
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Symbols
$SAMPLE_DATA 4
% of Total 891
&LogVariance 403
&Random 372
(Mean-Mean0)/Std0 137
? tool 5
^, redundant leaf labels 821
_LimitsKey 78

Numerics
2 Factors Crossed.jmp 1057
2D Gaussian Process Example.jmp 867
–2LogLikelihood 847
-2loglikelihood 696
3D Correspondence Analysis 163
5% Contours 104
95% bivariate normal density ellipse 532

A
Accept Current Estimates 503
Across Groups 190
Across Subjects 190
Actual by Predicted 400
Actual by Predicted Plot 823
actual vs. regressor plot see Leverage Plot
Add 202–204, 219, 291
Add Column 262
Add Multivariate Noise 339
Add Random Noise 339
Add Random Weighted Noise 339
added variable plot 233
Additional Roles 893
additive model 144
ADF tests 853
Adjusted Power and Confidence Interval 143, 

268–269, 271, 1188–1190
agglomerative clustering 561
Aggregation Options 1106

Agreement Comparisons 1073
Agreement Counts 1076
Agreement Report 1073
Agreement Statistic 159, 631
Agreement within raters 1073
AIAG Labels 1060
AIC 846
AIC 417
AICc 696
Akaike’s Information Criterion 846
algorithms 1167–1192
Aligned Responses 622
All 67
All Graphs 118
All Labels 1105
All Pairs, Tukey HSD 125
All Pairs, Tukey Kramer 115
Alpha 142, 267
Alt-click 304, 1145
Alter Linear Constraints 308, 336
alternative methods 19
Aluminum Pins Historical.jmp 1045
Analgesics.jmp 111–112
analyses overview 7–23
analysis of covariance example 247–253
analysis of variance example 245
Analysis of Variance table 94, 113, 122, 221, 

226–227, 293, 435
Analyze menu overview 9–23
Angular Frequency 843
Animals.jmp 6, 372
Animation Controls, Bubble Plot 1103
Annual 837
ANOVA table see Analysis of Variance table
Append Settings to Table 307
Appliance.jmp 766
Approx. F 464
approximate F test 1186
ApproxStdErr 508
AR Coefficients 835, 841
ArcBall 967
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ARIMA 835, 849–851, 860
Arrange Plots 916
Arrhenius 208
Arrhenius model 779
ArrheniusInv 208
Ascending 934
aspect ratio 30
assess validity 19
assign columns to roles 12–13
assumptions 18–19
Attribute data 1070
Attribute gauge analysis 1070
Attribute Gauge.jmp 159
AttributeGage.jmp 633, 1070–1071
Augmented Dickey-Fuller test 853
Autocorrelation 839, 845
autocorrelation 838, 840
Autocorrelation Lags 837
Automatic Histogram Update 340
Automatic Recalc 23, 36
autoregressive coefficients see AR coefficients
Autoregressive Order 850
Average Linkage 573

B
Backward 415, 418
Baltic.jmp 589
Bar Chart 887, 898, 903
bar chart 37, 885–902
bar chart of correlations 535
Bar Style 944
Bar Style

Interval 947
Bartlett’s Kolmogorov-Smirnov 843
Bartlett’s test 115, 138, 140
Baseball.jmp 370
Bayes Plot 279–281
Bayesian variance components 1063
Best comparison see Hsu’s MCB
Beta 65
Beta Binomial 69
Beta Binomial fit 69
Beta distribution fit 65
between-subject 372, 468
BFGS 608
Bias Report 1060, 1067
biased mean estimate 756
bibliographic references 1193–1204
BIC 696, 846
Big Class.jmp 56, 88, 93, 135, 153, 172, 228, 234, 

263, 267
binary outcome 179
Binomial 68
Binomial distribution fit 68
Biplot 577
biplot 1137
Biplot 3D 577
Biplot Options 577
Biplot Ray Position 577, 679
Biplot Rays 1142
biplot rays 554
Biquartimax 555
Biquartimin 556
Birth Death Subset.jmp 563
bivariate density estimation 103
bivariate normal density ellipse 102–103, 532
Bivariate platform 85–108

display options 107–108
fitting commands 88–106
launch 87–88

Bladder Cancer.jmp 806
Blenders.jmp 704
Block role 88, 111, 125, 141, 185
blsPriceData.jmp 1109
boldface style convention 6

also see Helvetica
Borehole Latin Hypercube.jmp 871
Bounded 860
Box Cox Y Transformation 285, 294–295
Box Plots 114, 118–119
Box Plots

Outlier 44
Quantile 46

Box-Jenkins model see ARIMA
Box-Meyer Bayesian analysis 279
Braces.jmp 1023
Brown smoothing 861
Brown-Forsythe test 115, 138–139
Brown-Mood median test 115, 136
brush tool 1145
Bubble Plot 1099–1108
Bubble Plot 1101
By role 36, 105, 502, 524, 686

C
C. Total 95, 121–122, 226–227
calculation details 1167–1192
calibration 263–265
Candidates report, Partition platform 812
Candy Bars.jmp 938
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Canonical 3D Plot 680
canonical axis 473
Canonical Corr 472
canonical correlation 455, 473–475, 1187
Canonical Curvature report 293
canonical dimensions 163
Canonical Options 679
canonical variables 471
Capability Analysis 1015

capability indices 72
command 57
Spec Limits 72
with Control Charts 984

Capability Animation 61
Capability Indices Report 83
Capability Platform 75
Car Poll.jmp 158, 632, 812, 893
Cars.jmp 933, 1164
Categorical Profiler 612
Categories role 896
Categories(X) 896
Category Legend 1123–1124
Cause 777
Cause role 1122
Cause Summary 707
Causes 1123–1124
c-Chart 1025
CDF Plot 116
CDF Plot 47
Cell ChiSq 156
Cell Labeling 155
Cell Plot 1096
Censor 776, 786
censor data 747, 749, 792, 796
Censor Indicator 705
Censor role 686, 750, 776, 786
CensorLabels.jmp 702
Center at Zero 1092, 1096
Center Polynomials 212, 260
Centered Polynomial 98
Centers 575, 584
centroid 537, 545, 1187
Centroid Method 573
Centroid Plot 471–472
Centroid Val 472
Change Color Column 1162, 1165
Change Confidence Level 696
Change Confidence Level 726
Change Contours 975
Change to 929
Change Type in Diagram 1082

Chart
Additional Roles 893
Coloring Bars 897

Chart platform 885–902
example 903–904
launch 887–904
options 900–902

Cheese.jmp 161, 448
Chemical Kinetics.jmp 511
Chi Square 140, 149, 167, 436, 786
Chi-Square 137, 176–177, 436, 756
Choice Modeling 635–670
Choice Platform

Launch Platform 640
Response Data 641
Segmentation 656
Single Table Analysis 653
subject effects 644

Cholesterol.jmp 469
Circle Size 1104
circles 145
citations 1193–1204
classification variable 475

also see Group By
Clips1.jmp 1018, 1020
Close All Below (Partition Platform) 822
Closest 820
Cluster platform 12, 559–585

compare methods 561
example 563–565, 570–572, 583–585
hierarchical 563–574
introduction 561–562
k-means 574–578, 583–585
launch 562–563
normal mixtures 581, 583–584

Cluster Summary table 576
Cluster the Correlations 535
Clustering History table 564
Coating.jmp 1007, 1009, 1011, 1015, 1017
Cochran-Mantel-Haenszel test 167
Coding column property 260
coefficient of variation 892
Col Score by Row Categories 167
Col% 155
collinearity 235
Color Clusters 571
Color Clusters and Mark Clusters 567
Color Map 568
Color Map On Correlations 535
Color Map On p-values 535
Color or Mark by Column 1145
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Color Points 679, 821
Color Theme 155, 974, 1162
Color while clustering 576
Coloring 1102
Coloring Bars in a Chart 897
Colors 972, 1125
Column Contributions 820
Column Info 243, 1094
column property

Coding 260
column role 12–13
Combine 1104
Combine 422–423
Combine All 1105
Combine Causes 1125
Common Factor Analysis 555
Companies.jmp 32, 106, 902–903
comparative Pareto chart 1121, 1128
Compare Densities 116
Compare Distributions 688
Compare distributions 67
compare JMP vs. SAS 3
Compare Means 114–115
comparison circle 125, 134, 145–147
Comparison Circles 115, 118
Comparison Criterion 696
Comparison Criterion 698
Competing Causes 704
Competing Causes 760, 766–769
Complete Linkage 574
Composition of Densities 116
compositional data 1147
Compound 461, 470
compound multivariate example 469–471
comptime.jmp 773
computational details 1167–1192
conceptual background 7–23
Conditional Confidence CI 377
Conditional Mean CI 377
Conditional Pred Formula 377
Conditional Pred Values 377
Conditional Predictions 308, 377
Conditional Residuals 377
conditional risk ratio 785
Confid Curves Fit 89–90, 107
Confid Curves Indiv 89–90, 107
Confid Quantile 127, 129
Confid Shaded Fit 108
Confid Shaded Indiv 108
Confidence Intervals 495
Confidence Intervals 41, 50, 305, 438, 647, 778, 

850, 860
Confidence Limits 71, 494, 502, 508, 521, 524, 

795–797, 799
Confidence Limits Button 495
Conformance Report 1076
Connect Cell Means 1059
Connect Color 917
Connect Means 118
Connect Points 898, 917, 1140
Connect Quantile Points 758
Connect Thru Missing 916
Connecting Letters Report 127
Connecting Lines 839
Connecting Lines Report 241
constant estimate 847
Constrain fit 851
constrain resize 30
Constraints 317
Construct Model Effects 200
contaminating 279
Contents tab of Help window 5
Contingency platform 149–167

Cochran-Mantel-Haenszel 167
correspondence analysis 160–166
example 153–154, 161, 164–166
launch 151

Contingency table 155
Continue 211
continuous 10
continuous by continuous fit see Bivariate 

platform
continuous by nominal/ordinal fit see Oneway 

platform
continuous factor model 17
continuous response model 14, 1169
Contour Fill 1150
Contour Grid 322, 327
Contour Label 322
Contour Plot platform 969–975

color 972–974
example 971–972
launch 971–974
options 974–975

Contour Profiler 285–286, 319–357, 399, 408, 
504, 617

Contour Specification dialog 972
Contrast 481
Contrast 398, 461, 466, 468, 471
contrast 238
contrast M matrix 461, 468, 1186
Control Charts
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c 1025
Cusum 1029–1040
EWMA 1020
Individual Measurement 1012
Moving Average 1017
Moving Range 1012
np 1022
p 1022
Presummarize 1015
R 1007
S 1007
Shewhart 1005
u 1023
UWMA 1017
XBar 1007

control group 133
Control Panel 414–416, 491, 493, 574, 582, 794, 

799
Control-click 33, 165, 203, 380, 582, 972–973
Converge Criterion 608
converge see iteration
Cook’s D Influence 244
Copy Settings Script 307
corrected Akaike’s Information Criterion 417
correlated responses 192
Correlation 103
correlation 527–546
correlation matrix 530
Correlation of Estimates 274, 399, 647, 778
Correlation of Scores 167
Correlation Type 867
Correlations Multivariate 531
Correspondence Analysis 160–166
Cosine 843
Cost, End-of-Service 803
Count 32, 137, 139, 155, 1127
Count Analysis 1124
Count Axis 37
count data 454
covariance 527–546
Covariance Matrix 534
Covariance of Estimates 399, 778
covariate 17, 771, 794
Covarimin 556
Cox’s method see Proportional Hazards
Cp 60, 417
Cp 417
Cpk 60
Cpm 60
CrabSattelites.jmp 389
Create SAS Job 849

Creating SOMs 579
Criterion 819
Cronbach’s alpha 540–541, 546
Cross 202–204, 291
Cross Correlation 853
Cross Validation 590
crossed term 379, 1055
crosshair tool 263
cross-product term 302, 420
Crosstab 630
Crosstab Report 241
Crosstab Transposed 631
cross-validation 587
cross-validation report 591
Cube Plots 285, 290–291
Cubic 867
cubic spline 98
Cum Percent Axis 1124
Cum Percent Curve Color 1124
Cum Prob 33
CumPercent 551
cumulative frequency chart 1119–1131
cumulative logistic probability plot 172, 441
current data table 9
Current Estimates table 414, 416
current predicted value 286, 301
Current Value 305, 502
current value 286, 301
Custom 461, 860
Custom Estimate 505
Custom Inverse Prediction 505
custom loss function 489, 493, 513–514, 795
Custom Profiler 335
Custom Test 207, 261–262, 267, 398, 471
custom tests 463
Cusum Control Charts 1029–1040
CV 35, 892
CV for variance components 380
Cytometry.jmp 574

D
Daganzo Trip.jmp 663
Daily 837
damped-trend linear exponential 

smoothing 862
Danger.jmp 540
Data 891
Data Filter 308
data table of frequencies 454
Data Table Window 36
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Decathlon.jmp 1091
decision trees 809
Default N Levels 308
Defect Parametric Profile 340, 348
Defect per Unit 1131
Defect Profiler 344
Defect Profiler 340, 347
Defect Rate Contour 80
degenerate interval 264
Degree 201
Degree box 204
degrees of freedom 93, 227
Delete Last Column 461
Delta 142–143, 268
DenDF 464
dendrogram 561, 564
Dendrogram Scale command 568
Densities 116
Density Axis 38
Density Curve 63, 71
Density Ellipse 102–103, 532–533
Density Ellipses 1116
Density Estimates 89
density estimation 103
derivative 521–523
design code 1167
design matrix 1180
desirability confidence curve 286, 301
Desirability Functions 306, 309
desirability trace 309
Detailed Comparisons Report 129, 241
Details table 163, 165
Detergent.jmp 445
Devalt.jmp 779
deviance 388
Deviance Residuals by Predicted 400
Deviation 156
DF 93, 95, 121–122, 138, 156, 175, 227–228, 231, 

436, 756, 846
DFDen 140–141
DFE 416, 508
DFNum 140–141
diagnostic for SLS fit 228
Diagnostics Plots 599
Diagram 616
diamond plot 113, 123, 125, 188
Difference 121, 436, 844
Difference Matrix 127, 129
Differencing Order 850
dimensionality 549
Direction 415

Discriminant 12
discriminant analysis 12, 169, 455, 475–476, 1187
Discrimination Ratio 1060, 1070
Discrimination Ratio table 1070
Dispersion Effects 401–410
Display Options 37, 114
distance column 475
Distance Graph 568
Distance Scale 568
Distribution Fit 61
Distribution Platform

Alt key 31
Distribution platform 11, 19, 27, 185, 799, 1145

launch 29
options 35–52

Distribution Profiler 691
divided bar chart 153
DOE menu overview 9–23, 272
Dogs.jmp 186, 466, 1091, 1095
Dose Response.jmp 439
Dose Response.jmp 175
dose-response data 169
double arrow cursor 30
double exponential smoothing 861
double-click 270, 1145
double-decker plot 811
DPU 1131
drag 29–30, 87, 286, 290, 292, 301–302, 310, 321, 

534, 564, 571, 837
Drop Lines 1140
Drug.jmp 219, 245, 247, 250, 259
dummy coding 230, 250, 258, 794, 1170
Dunnett’s test 125, 133–134
Durbin-Watson Test 243

E
E matrix 459, 461, 463, 475, 1186
Each Pair, Student’s t 115, 125, 129
each-population response probability 156
economics model 796
EDF tests 71
Edit Formula 243
effect 1170–1183
Effect Attributes 202
Effect Attributes and 

Transformations 206–209
Effect Leverage 211, 219, 223
Effect Leverage Pairs 244
Effect Leverage Plot 220
Effect Likelihood-Ratio Tests table 787
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Effect Macros 201–205, 291
Effect Marginals 647, 652
Effect Screening 211, 224, 242, 255, 260, 

275–277, 279–282
Effect Screening table 275
effect sparsity 275, 479
Effect Test table 199, 231
effective hypothesis tests 1173
Effectiveness Report 1075–1076
EigenValue 472
eigenvalue decomposition 293, 549–550, 1187
Eigenvectors 551
Eigvec 472
Ellipse alpha 534
Ellipse Color 534
Ellipses Coverage 1116
Ellipses Transparency 534, 1116
Ellipsoid Coverage 1141
Ellipsoid Transparency 1141
EM algorithm 574
Emphasis 210, 223
Empirical Distribution Function tests 71
EMS (Traditional) 370
EMS method 262
Engine Valve Seat.jmp 804
Enter All 415, 418
Entered 416
epsilon adjustment 465
Equal Variances 100
equality of group means 140
Equamax 556
Equivalence Test 115, 135, 241
Error 93, 95–96, 122, 226–227
Error Bars 115
error bars

also see Mean Error Bars
error matrix 463
error terms 373
Estimate 96, 177, 230, 277, 416, 508, 848, 850, 

860
Estimate Nugget Parameter 867
Estimate Survival Probability 760, 778
Estimate Survival Probabillities 782
Estimate Time Quantile 760, 775, 778
Estimates 242, 255, 259, 261, 263, 267, 274–282
Even Spacing 568
Event Plot 687
Event Plot 806
Event plot 805
event-time data 747, 749
evolution 859

EWMA Chart 1020
Exact F 464
example see tutorial examples
Excluded Effect 206
excluded rows 226
Exercise.jmp 474
Expand Intermediate Formulas 300, 317
Expand Into Categories, selecting 

column 499
Expand into categories, selecting 

columns 215
Expanded Estimates 258–259
Expectation Maximization algorithm 574
expectation step 561
Expected 155
expected value 10
Exponential 716
Exponential 64, 776
exponential distribution 749
Exponential distribution fit 64
Exponential Fit 758
exponential loss function 792–798
Exponential Parameters table 758
Exponential Plot 758
exponential regression example 491–495
exponential smoothing see Smoothing Models
Expression 339
Extended Generalized Gamma 

(GenGamma) 716
Extreme Value 63
extreme value loss function 797–798
Extreme Value Parameter Estimates table 758

F
F Ratio 139
F Ratio 94, 96, 122, 140, 227, 229, 231
F Ratio

in quotes 416
F test, joint 262
Factor 847
factor analysis 540, 549–558
factor model 16–18, 1170–1183
Factor Profiling 237, 242, 286, 289–290, 

294–295
Factor role 88
Factor Rotation 554
Factor Settings 307, 336
Factorial Sorted 205
Factorial to Degree 204
Factorparsimax 556



1212 Index 

Failure Cause role 686
failure data 747
Failure Plot 757
Failure Raw Data.jmp 1122
Failure.jmp 1121–1122
Failure2.jmp 1128
Failure3.jmp 1129, 1164
failure3Delimited.jmp 625
Failure3Freq.jmp 624
failure3Freq.jmp 632
failure3ID.jmp 626
failure3Indicators.jmp 625
failure3MultipleField.jmp 627
Failures Size.jmp 1133
false-positive/true-positive ratio 180
Fan.jmp 685, 797
fiducial confidence limits 264
Fieller’s method 264
Fill Above 1150
Fill Areas 973–974
Fill Below 1150
Filled 1104
Filtered Monte Carlo 308
Financial.jmp 902
First 522
Firth Bias-adjusted Estimates 661
Fish Patty.jmp 328
Fisher’s Exact Test 157
Fisher’s Kappa 842
Fit All Distributions 695
Fit All Distributions 726
Fit All Non-negative 695
Fit Distribution 61
Fit Distribution 38–73
Fit Each Value 99
Fit Frechet 726
Fit Line 90, 95, 107
Fit Loglogistic 726
Fit Lognormal 725
Fit Mean 89, 107
Fit Model

Transformations 208
Fit Model dialog 197–213
Fit Model platform 11, 115, 144, 197, 373, 414, 

424, 452, 457, 473–476, 771, 785, 1171
analysis of covariance 201, 247–253
analysis of variance 201, 219–222, 245
dialog overview 197–213, 219
effects attributes 206–209
effects buttons 202–204
effects macros 204

Emphasis 210, 223–224
example 199–200, 263–265, 272–274, 286, 

292–294, 312–314, 319–323, 370–371
examples 245–253
expanded estimates 258–259
fitting personality 209–210
launch 199–213
logistic regression 431–454
Manova 201
multiple regression 201
multiple response 455–476
nested model 201–202
other options 212–213
polynomial regression 200–201
power analysis 266
prediction equation 295
random effects 367–382
repeated measures 201–202
response buttons 202
response surface 201–202
row diagnostics 241–243
Save 243–244
simple regression 200–201
SLS estimates 255–282
SLS introduction 217–253
SLS prediction equation 283
split-plot 201–202
stepwise regression 411–425

categorical terms 422–423
validity check 211

Fit Orthogonal 100
Fit Parametric Survival 771, 773, 776
Fit Polynomial 90, 95, 107
Fit Proportional Hazards 771, 785
Fit Separately 212
Fit Special 97, 492
Fit Spline 98
Fit Weibull 725
Fit X to Y 100
Fit Y by X platform 11, 85, 125–182, 431, 449, 475, 

570, 576
also see Bivariate, Oneway, Contingency, 

Logistic platforms
Fitness.jmp 199, 263, 413, 417
FitNom ROC 178
FitOrd 181
Fitted Distribution Plots 759
Fitted Failure CI 758
Fitted Normal 63
Fitted Quantile 758
Fitted Quantile CI Lines 758
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Fitted Quantile CI Shaded 758
Fitted Survival CI 758
fitting commands 88–106
fitting machines 20–23
fitting personality 197, 199, 209–210, 771
fitting principles 13–16
Five Factor Mixture.jmp 330
Fix Parameters 64–65, 70
Fixed 337
Fixed 860
Flash 1106
Flash object 305
Football.jmp 422
forecast 835, 844–863
Forecast Periods 837, 848
Forecast plot 848
formula

editor 491–492
loss function 493
model 493
nonlinear fit 489
nonlinear parametric survival 794

formulas used in JMP calculations 1167–1192
Forward 415, 417
Fréchet 713
Fréchet with threshold 718
Freq role 13, 88, 202, 272, 434, 441, 493, 686, 

750, 776, 786, 1121–1122
Frequencies 37
Frequencies table 32, 37
Frequency 843
frequency chart 1119–1131
frequency counts 151

also see Contingency platform
frequency data table 454
frequency sort 1119–1131
F-test for variances 139
Full 436
Full Factorial 201, 204, 445
full factorial Anova see Fit Model platform
Full Quadratic Model 214
Function Plot 917

G
Gamma 64
Gamma distribution fit 64
Gamma Poisson 68
Gamma Poisson fit 68
Gauge R&R analysis 1055, 1059, 1064–1066

Attribute 1070

Gauge RR 1065
Gauge RR Plots 1060
Gauge Std Dev 1060
Gauge Studies 1060
Gauss Newton 608
Gaussian 867
Gaussian Process 865
Gaussian Process 867
Gauss-Newton method 489, 513
General Assoc. of Categories 167
general fitting platform 11, 197
Generalized Linear Model 210
Generalized Log 67
Generalized Log distribution fit 67
Generate Grid 975
Geometric Spacing 568
Get Targets 1043
G-G 465
Glog 67
Glog distribution fit 67
Go 279, 415, 417–418, 493, 501–502, 504, 507, 

511, 521, 524, 575–576, 582, 584, 794–795, 
828

Goal Plot Labels 80
goal SSE 510
Golf Balls.jmp 457
Goodness of Fit 71
Goodness of Fit test 436
grabber tool 30
Gradient Between Ends 155
Gradient Between Selected Points 154
Grand Mean 118
Graph 839, 845
Graph Builder 919–950
Graph menu overview 9–23
Graph Updating 322
Greenhouse-Geisser 465
Grid Density 322
Group By 105–106, 1116
group mean comparison 125
Group Means of Std Dev 1060
group similar rows see Cluster platform
Group X 921
Group Y 921
grouped regression 106
Grouping 803
Grouping role 188–189, 750, 893, 1057, 1128–1129
Growth.jmp 207
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H
H matrix 459, 461, 463, 475, 1186
Half Normal plot 481, 483
hand tool 30
Hardware Acceleration 967
Hats 244
hazard function 785

also see Proportional Hazards
hazard ratio 785
Helmert 461, 466
Help 5
help 5
Helvetica bold style convention 6
Helvetica roman style convention 6
Hessian 513
H-F 465
hidden column 406
Hidden Nodes 607
Hierarchical 562
hierarchical effects 424
Histogram 37
Histogram Borders 104
Histogram Options 37
Histograms 119
Hoeffding’s D 537, 544
holdback sample 605
Holt smoothing 861
homogeneity of slopes 250
homogeneity of variance test 138–141
honestly significant difference 125
Horizontal 887, 901
Horizontal Layout 37, 42
Horizontal Mosaic 152
Hot dogs.jmp 105, 167
Hotelling-Lawley Trace 464
Hourly 837
Hsu’s MCB test 125, 132–133
Huynh-Feldt 465
hypothesis 21
hypothesis SSCP matrix 463
hypothesis test 1173–1178, 1180

I
icdevice02.jmp 783
ID 1101
Identity 461, 473
Ignore Group Hierarchy 1162
Import Spec Limits 77
Import Spec Limits() 78

Imputes 813
Index tab of Help window 5
Indicator Group 623
Indiv Confidence Inteval 407
Individ Confidence Interval 244
Individual Causes Report 709
Individual Measurement Chart 1012
Inertia 163
Ingots.jmp 433, 440, 454
Ingots2.jmp 454, 518
InjectionMolding.jmp 403
Interaction 189
interaction effect 228, 302, 420, 1171
Interaction Plots 237, 289–290
Interaction plots 285
Interaction Profiler 309
Interactions Model 214
Intercept 850
intercept 847
interquartile range 45, 119
Interval-Censored model 783
interval-censoring 703
Inverse Corr table 531
inverse correlation 531, 545
Inverse Prediction 178, 263–265, 440
inverse prediction 177, 1190–1192
InvertExpr 506
Invertible 847
InvPred 506
Iris.jmp 472, 475, 581, 673, 828
IRLS 515–518
IRLS Example.jmp 516
Ishikawa diagram 1079
Isosurface 958
italics style convention 6
Item Direction 942
item reliability 540–541
Item Wrap 942
Iter 849
Iteration Control Panel 491, 493
Iteration History 849
Iteration History report 15, 435, 786, 849
Iteration Log 503
iteratively reweighted least squares 515–518

J
jackknife 538
Jackknife Distances 537
Jitter 929
JMP limitations 3
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JMP vs. SAS 3
Johnson distribution fit 66
Johnson Sb 66
Johnson Su 66
joint F test 262
Joint Factor Tests 647, 652
JSL 41, 212, 523, 975

K
K Fold Crossvalidation 821
Kaplan-Meier see Survival, Univariate
Kappa statistic 159
Kendall’s Tau 537
Kendall’s tau-b 544
Kernel Control 104
key cell 1130
key concepts 20–23
keyboard-mouse chords 4
KMeans 562, 574, 582
K-Means Clustering Platform

Creating SOMs 579
SOMs 578

Technical Details 581
Knotted Spline Effect 207
Knotted Splines

test for curvature 207
Kruskal-Wallis 19, 115, 136
Kurtosis 35

L
L matrix 1186
Label 1125
Label by Percent of Total Values 902
Label By Row 902
Label by Value 902
Label Contours 974
Label Cum Percent Points 1124
Label Format 899
Label Options 902
Label role 686
Label, System ID 804
Lack of Fit 94
lack of fit error 93, 228, 248, 250
Lack of Fit SS 94
Lack of Fit table 93, 228–229, 436, 449
Lag 848
Laptop Profile.jmp 648
Laptop Runs.jmp 649
Laptop Subjects.jmp 650

Largest Extreme Value (LEV) 715
Latin Square design 379
launch a platform 9, 11–12

also see each platform
layered design 367, 379
LD50 177
Leaf Report 820
learn about JMP 5
least significant difference 132, 134, 145
least significant number 141, 266, 271–272, 

1188–1190
least significant value 141, 266, 270–272, 

1188–1190
Least Sq Mean 237
least squares fit

estimates 255–282
introduction 14, 217–253
prediction equation 283, 295

least squares means 221, 1173, 1181
Least Squares Means table 222, 236, 251, 458
Left Scale/Right Scale  button 911
left-censor 796
left-censoring 703
Legend 568, 921
Legend Settings 941
Lenth’s method 275
Lenth’s PSE 481, 484
Lenth’s t-ratio 482
lethal dose 177
Level 32, 123, 137, 139, 237
Level Midpoints 51
Level Numbers 41, 51
Level Options 902
level smoothing weight 859
Levene F 138, 140
Levene’s test 115
Leverage Plot 219, 233–236, 249, 251, 1183–1185

confidence curves 235
interpret 235–236

Levey-Jennings 983
Life Distribution

Statistical Details 711
Lifetime Distribution Platform 683–719
Lift Curve 180, 826
Lift Curves 826
likelihood confidence intervals 508
Likelihood Ratio 156
Likelihood Ratio test 437, 449
Likelihood Ratio Tests 643
Likelihood Ratio Tests 437, 647, 778
limitations of JMP 3
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limitations of techniques 18–19
Limits Data Table 78
Line Chart 887, 898, 903
line chart 885–902
Line Color 107, 175
Line of Fit 71, 107, 116
Line Style 107, 918
Line Width 107, 918
linear combination 549
Linear Constraints 327
Linear Constraints 317
linear dependence 1174–1177
linear exponential smoothing 861
Linear Model 214
linear rank tests 19
linear regression see Bivariate platform, Fit 

Model platform
Linearity Study 1060, 1068
Lines Only 1150
Link Profilers 307
Little Pond.jmp 971
Load Version 3 Model 213
Loading Plot 552
Loading Plots 597
Lock 416, 823
Lock Columns

Partition platform 820
Lock Factor Setting 305, 308
Lock Z Scale 961
Locomotive.jmp 798
Log 503
Log Iterations 336
Log the estimates 608
Log the iteration 608
Log the tours 608
Log Variance Effect 206
Logistic 715
Logistic platform 431–454

example 172–177, 445–454, 514–515
launch 171
response function 431
simple 169–182
also see Fit Model platform, Fit Y by X 

platform
Logistic Stepwise Regression 425
Logistic w Loss.jmp 514
-LogLike 156
–LogLikelihood 176, 436
Log-Linear Variance 401
LogLinear Variance 210
Loglinear Variance 403

LogLinear Variance Model 401, 403–410
Loglogistic 713
loglogistic loss function 793
Loglogistic with threshold 719
LogNormal 63, 776
Lognormal 711
lognormal distribution 749
LogNormal distribution fit 63
Lognormal Fit 759
lognormal loss function 793–796, 798–799
Lognormal Plot 759
Lognormal with threshold 718
Log-Rank 756
log-variance effect 403
LogWorth 819
longitudinal data 465
Long-term sigma 58
Loss 514, 795–797
loss column 793
loss function 489, 493, 792, 796

custom 489, 513–514
Lost DFs 231
Lower 95% and Upper 95% 123
Lower CL and Upper CL 508
Lower Spec Limit 57
lower specification limit 1065
LS Means Plot 222
LSD 132, 134
LSD Threshold Matrix 127, 129
LSL 1065
LSL Chop 348
LSMeans 238
LSMeans Contrast 222, 238–240, 246
LSMeans Plot 221, 237
LSMeans Student’s t 240
LSMeans Tukey’s HSD 240
LSN 141, 266, 271–272, 1188–1190
LSV 141, 266, 270–272, 1188–1190
Lung Cancer Responses.jmp 660
Lung Cancer.jmp 662

M
M matrix 461, 468, 1186
Machine.jmp 381
machines of fit 20–23
Macros 204, 292, 445
MAE 847
Mahalanobis distance 537, 545

plot 537
Mail Messages.jmp 164
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Make Formula 496
Make into Data Table 582
Make Model 416, 420, 424, 481
Make Summary Table 83
Make Table 162, 340, 342
Mallow’s Cp criterion 417
Mann-Whitney 115
Manova 209, 455
MANOVA 190, 201, 210, 367, 464
MANOVA Fit table 190
Manova test tables 464
MAPE 847
Mark Clusters 577
Markers 1125
marquee tool 1145
Matched Pairs platform 11, 144, 183, 188–193

example 186–188
launch 185–191

Matched Pairs plot 187
Matching Column 117, 144
Matching Dotted Lines 119
Matching Lines 119
matching model analysis 144
Matching.jmp 144
Mauchly criterion 465
Max 504, 892
Max Iterations 607
Max RSq 94, 229
Maximization Options 306
maximization step 562
Maximize 310
Maximize Desirability 306
Maximize for Each Grid Point 306
Maximize for each Grid Point 646
Maximize Significance 819
Maximize Split Statistic 819
maximum likelihood 14, 433, 792, 796, 799
Maximum Value 305
MCA test 125
MCB test 125
MCC test 125
MCF Confid Limits 806
MCF Plot 806
MCF Plot, Table 805
Mean 34, 90, 103, 123, 237, 461, 466, 892
mean 10, 14
Mean CI Lines 118
Mean Confid Diamond 45
Mean Confidence Interval 244, 407
Mean Diamonds 1060
Mean Difference 190

Mean Error Bars 118, 124
Mean Line 839
Mean Lines 115, 118, 125
Mean Mean 190
Mean Mean 190
mean model 403, 410
Mean of Means 118
Mean of Response 92, 121, 226
Mean of Std Dev 1060
Mean Plots 1060
Mean Reference Line 71
mean shift 348
Mean Square 94, 96, 122, 227, 229
Mean0 137
MeanAbsDif to Mean 139
MeanAbsDif to Median 139
(Mean-Mean0)/Std0 137
Means and Std Dev 115
Means Diamonds 114, 118, 123
Means for Oneway Anova table 113, 123
Means/Anova 112
Means/Anova/Pooled t 114, 121
Means/Anova/t Test 114, 120, 124
Means/Std Dev/Std Err 114, 125
Measure tab 1055
measurement study 367–382
Median 115, 892
Median rank scores 136
memoryless distribution 64
Mesh 966
Mesh Plot 104
Method 370, 608
MicroprocessorData.jmp 700
Midstep Quantile Points 758
Min 504, 891
Min PValue 50
Minimal Report 211, 224
Minimize 311
Minimum Setting 305
Minimum Size Split 820
Minimum Theta Value 867
Minute 837
Misclassification Probabilities 1066
missing cells 1174–1177, 1181

nominal vs. ordinal factor 1181–1183
missing value 530
Missing Value Rule 820
missing values 535
missing values (Fit Model) 211
mission of JMP 1–3
Mixed 415
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Mixed Censoring Example 700
mixed model 365, 367
mixture data 1147
Mixture Effect 206
Mixture Profiler 323
Mixture Response Surface 205
Modal Clustering 104
Model 93, 95–96, 122, 175, 212, 226–227, 436
Model Comparison table 846
Model Dialog 647
Model effects 199
model effects buttons 202–204
model formula 493
Model Library 495
model significance 233
Model Summary table 846, 851
Modeling  menu 11
modeling type 9–10
Moments 42
Moments table 34
Monte Carlo simulation 479
Monthly 837
More Moments 42
mortality rate 756
Mosaic Plot

Macro 154
Mosaic Plot 38
mosaic plot 153
mouse-keyboard chords 4
Move to First 1125
Move to Last 1125
Moving Average Chart 1017
Moving Average Order 850
Moving Range Chart 1012
MSALinearity.JMP 1067, 1069
MSE 416, 508
multiple comparisons 125–135, 147
Multiple Delimited 623
multiple inference 18
multiple regression example 413–420
Multiple Response 623
Multiple Response by ID 623
multiple response fitting 302, 312, 455–476
multivar chart see Variability Chart platform
Multivariate 339
Multivariate 103, 474, 527, 529
multivariate analysis of variance see Fit Model 

platform
Multivariate Control Chart 1043–1052
multivariate estimates 462
multivariate least-squares means 471

multivariate mean 455, 537, 545
multivariate outliers 538
Multivariate platform 11, 527–546, 1185–1188

example 540–541
principal components 540–558

multivariate regression 455–476
Multivariate Tools 11

N
N 35, 891
N Legend 1123
N Missing 35, 891
N Runs 340
N Strata 340, 363
navigation basics 7–23
nDF 416
Needle 916–917
Needle Chart 887, 898
needle plot see Overlay Plot platform
Negative Exponential.jmp 521
negative log-likelihood 21, 435
negative variance components 369
Nest 202–204
nested effect 373, 379, 1055, 1172, 1177
Neural Nets 606

Control Panel 607
disadvantages 605
Example 606
Profiler 610
Reports and Graphs 608

Neural Platform 11
neutral values 236
New Column 239
New Parameter dialog 491
Newton 503, 608
Newton-Raphson method 489, 513
No Center 590
No Noise 339
No Rules 422
No Scale 590
Noah Decay.jmp 272
Noise Factors 357–362
Noise Factors 300
Nominal 436
nominal 10
nominal factor 17, 1170, 1173–1177
Nominal Logistic 210
nominal logistic regression see Logistic platform
nominal response model 14–15, 1169
nominal/ordinal by continuous fit see Logistic 
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platform
nominal/ordinal by nominal/ordinal fit see 

Contingency platform
nonconforming unit 60
nonestimable 1170
Nonlinear 495
Nonlinear 796
Nonlinear Fit platform

example 796–798
survival models 785–799

Nonlinear Model Library 495
Customizing 499

Nonlinear platform 11, 489, 511, 514, 516, 
521–526, 771, 792–797

control panel 794, 799
derivatives 521–523
example 511–512, 794–799
launch 492
survival models 792

Nonlinear Templates folder 796
nonmodal dialog box 199
NonPar Density 103
Nonpar Density Contour 1141
Nonparametric 711
Nonparametric 115
Nonparametric Correlations 537
nonparametric density estimation 103
Nonparametric Estimates 690
Nonparametric Measures of Association 

table 537
nonparametric tests 135–138
nonstationary time series 844
Norm KHC 376
Normal 714
Normal 62
Normal censored 338
Normal Contour Ellipsoids 1141
normal curve 62
normal density ellipse 532
normal density function 793
Normal Distribution 793
normal distribution 21, 368, 793, 799
Normal distribution fit 62
Normal Plot 278
Normal Quantile 52
Normal Quantile Plot 43, 116
Normal Quantiles 52
Normal Truncated 338
Normal Weighted 362
Normal weighted 338, 342
Nparm 231

np-Chart 1022
Nugget parameters 869
null hypothesis 266
Number 123, 142, 268
Number of Clusters 568, 575
Number of Forecast Periods 844
Number of Levels... 925
Number of Plots Across 880
Number of Plotted Points 305
Number of Points 504
Number of Tours 607
NumDeriv 522
Numeric Derivatives Only 503

O
O’Brien’s test 115, 138–139
Obbiquartimax 556
Obequamax 556
Obfactorparsimax 556
Obj-Criterion 849
Oblimin 556
Obparsimax 556
Obquartimax 556
Observations 92, 121, 176, 226, 436
Obvarimax 556
Odds Ratio 177
Odds Ratio 157, 160, 439
Odds Ratio Example 439
Odor Control Original.jmp 292
Offset 392
offset variable 391
Oil Use.jmp 942
Oil1 Cusum.jmp 1034
Omit Causes 767
Omitted Causes 709
one-way Anova see Oneway platform
one-way comparative Pareto chart 1128
Oneway platform 109–147, 185, 1055

display options 118
example 112–113, 144–145
launch 111–113
plot 112

Optimal Value 822
Option-click 304, 1145
Ordered Differences Report 128, 241
ordinal 10
ordinal crossed model 1180
ordinal factor 18, 1181
ordinal interaction 1180
ordinal least squares means 1181
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Ordinal Logistic 210
ordinal logistic regression 448
ordinal response model 15–16, 1169
organization of analyses 7–23
Orthog Coded 277
Orthog t-Ratio 277, 279
Orthogonalize 461
Orthomax 556
orthonormal response design matrix 464
Other 534
Outlier Analysis 537–539
Outlier Box Plot 45
outlier box plots 119
Outlier Distance plot 545
outliers 44
Output Grid Table 308
Output Random Table 308
Output Split Table 822
outside interval 264
Overfit Penalty 607
overfit penalty 605
Overlay 895, 900, 903, 915, 921
Overlay Color 898
Overlay Marker 898, 917
Overlay Marker Color 918
Overlay Plot platform 909

example 911
launch 911
options 914

overview of analyses (platforms) 7–23
overview of documentation, help 5
Owl Diet.jmp 584

P
p, d, q parameters 850
paired data see Matched Pairs platform
Paired Responses role 188
paired t test see Matched Pairs platform
paired t-test 183
Pairwise Correlations 530
Pairwise Correlations table 535
Parallel Coord Plots 577
Parallel Coordinate Plot 541
Parallel Coordinate Plots 1091
parallel coordinate plots 144
Parallel Plot

Examples 1092
Parallel Plot 1091
Parameter 262, 416, 504, 508
Parameter Bounds 502

Parameter Contour Profiler 504
Parameter Estimate Population table 276–278
Parameter Estimates Population table 278
Parameter Estimates table 96, 176, 199, 229, 292, 

391, 458, 786, 847
parameter interpretation 1171
Parameter Power 266–267
Parameter Profiler 504
Parameter Surface Profiler 504
Parameters 491
parameters in loss function 514
Parametric Regression 773–779
Parametric Survival 210, 773
Pareto Chart platform 1119–1131

before/after chart ??–1129
example ??–11291129–1131
launch 1121–1124
options 1125–1126
two-way comparative chart 1129–1131

Pareto Plot 281
Parsimax 556
Partial Autocorrelation 840, 845
partial autocorrelation 838
Partial Corr table 459, 532
partial correlation 532
partial-regression residual leverage plot 233
Partition 809

Imputes 813
Partition Graph 811
Partition Platform 11, 809–833
Paste Settings Script 307
PCA 540, 549–558
p-Chart 1022
Pearson 157
Pearson correlation 535, 543
Pearson Residuals By Predicted 400
Pen Style 898
Per Mouse Move 322
Per Mouse Up 322
Per Unit Rates 1131
Percent 551
% of Total 891
Percent Scale 1123–1124
Percent Variance Explained 591
Period 843
periodicity 851
Periodogram 843
periodogram 842
Periods Per Season 851, 860
personality 197, 199, 413
Phase Detection 1050
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Pickles.jmp 1012
Pie 905, 1126
Pie Chart 905
Pie Chart 887, 901, 1123
pie chart 885–902
Pillai’s Trace 464
Pizza Choice Example 639–659
Pizza Combined.jmp 654
Pizza Profiles.jmp 641, 656
Pizza Responses.jmp 641, 656
Pizza Subjects.jmp 644, 656
platforms overview 7–23
Plot 503
Plot Actual by Predicted 242, 407
Plot Actual by Predicted (Partition) 820
Plot Actual by Quantile 116
Plot Dif by Mean 191
Plot Dif by Row 191
Plot Effect Leverage 242
Plot MCF Differences 806–807
Plot Options 757
Plot Quantile by Actual 116
Plot Residual By Predicted 242
Plot Residual By Row 242
Plot Residuals 107
Plot Studentized Residual by Predicted 407
Plot Studentized Residual by Row 407
PLS 12, 587–601

components 587
latent vectors 587
Missing Values 601
Platform Options 596
Statistical Details 601

Pogo Jumps.jmp 1149
Point Chart 887, 898
Points 118
Points Jittered 118, 1060, 1116
Points Spread 118
Poisson 68
Poisson distribution fit 68
Poisson loss function 520–521
Polynomial 461, 466
Polynomial Centering 98
polynomial regression see Bivariate platform
Polynomial to Degree 201, 205
PopAgeGroup.jmp 1108
Popcorn.jmp 237, 935, 946
population of levels 365
Portion 163
posterior probability 280, 476
Power 115, 141–144

power 266, 271–272
Power Analysis 266–267, 272–282, 1188–1190
Power animation 49
Power Details dialog 143
Power Plot 270
Ppk Capability Labeling 58
Predicted Value Histograms 612
Predicted Values 243
prediction column 793, 796
Prediction Column role 491
prediction equation 249, 283, 295
Prediction Formula 243, 249, 293, 407
prediction formula 16–18, 443, 491
Prediction Interval 56
Prediction Intervals 408
Prediction Profiler 285, 301
Predictor role 514–516, 521, 794–796
Press 242
Press Residuals 594
pressure cylinders fitting machine 22–23
Pre-summarize 1015
Presummarize 983
Presummarize Chart 1015
Prev 1104
Principal 550
Principal Components 555, 1050, 1141–1142
principal components analysis 540, 549–558
Principal Components/ Factor Analysis 551
prior probability 279
Prob 49–50
Prob Axis 38
Prob Scores 51
Prob to Enter 415
Prob to Leave 415
Prob>|t| 49, 97, 121, 230, 278, 848
Prob>|Z| 137
Prob>ChiSq 50, 138, 157, 176–177, 436, 756
Prob>F 94, 96, 123, 140–141, 227, 229, 231, 464
Prob>F

in quotes 416
Prob>t 49
Probability 32
probit analysis 169
probit example 518–520
process capability ratio 60
process disturbance 835
Process role 1121
Product-Limit Survival Fit 755
product-moment correlation 535, 543
Profile 461, 466
profile confidence limits 510
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Profile data 638
profile likelihood confidence intervals 508
profile trace 301
Profiler

and saved standard error formulas 244
Profiler 285, 301, 399, 408, 445, 503, 617, 647
Profilers 297–362
Prop of Error Bars 305, 314
proportion data 1147
Proportional Hazards 210–785
Proportional Hazards

also see Fit Model platform
proportions 151
prospective power analysis 272–274
Prune Below 822
Prune button 815
Prune Worst 819, 822
pseudo standard error 275
purchase-choice data 169
Pure Error 93–94
pure error 93, 228
purpose of JMP 1–3
PValue animation 49

Q
quadratic equation 1191
quadratic ordinal logistic regression 451
Quantile Box Plot 46
Quantiles 42, 72, 114, 119, 892
Quantiles table 33, 119, 755
Quartimax 556
Quartimin 557
QuasiNewton BFGS 503
QuasiNewton SR1 503
questionnaire analysis 540–541

R
R 416
R&R see Gauge R&R
&Random 372
Random 338
Random 202, 820
Random Effect 206, 372–373, 413
random effects 262, 367–382

introduction 367
Random Seed (Neural Net) 609
Range 892
Range Chart 906
Range Chart 901

Range Odds Ratios 439
Range Plot 916
range plot see Overlay Plot platform
Ranks 51
Ranks Averaged 51–52
Rate 1127
Rater Agreement 622
Rats.jmp 753, 785–786
R-Chart 1007
Reactor.jmp 232, 277–278, 285, 289, 295, 420
Receiver Operating Characteristic curve 178
Recurrence 801–806
reduce dimensions 549
Reduced 436
Ref Labels 326, 1150
Ref Lines 326, 1150
Reference Frame 191
references 1193–1204
Regression Fits 89
regressors 17
relative frequency chart 1119–1131
Relative Risk 157
relative significance 18
reliability analysis 540–541

also see Survival platform
Remember Settings 307, 333
Remember Solution 505, 509
REML (Recommended) 370
REML method 262

results 375–376
Remove 88, 202, 837, 927
Remove All 415
Remove Contour Grid 327
Remove Fit 73, 108
Remove Labels 902
Remove Order 934
Remove Prin Comp 1142
Remove Test 49
Reorder Horizontal 1124, 1130
Reorder Vertical 1124, 1130
Repeated Measures 461, 622
repeated measures design 183, 367–382, 455

example 465, 469–471
replicated points 228
Report 107
report layout emphasis 223
Reset 493–494, 501–502, 524
Reset Factor Grid 307
residual 95, 99, 122, 227
residual matrix 463
Residual Quantile Plot 778
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Residual Statistics 849
residual/restricted maximum 

likelihood 375–376
Residuals 243, 407
residuals 14, 367, 849
resize graph 30
Response data 638
Response Frequencies 623
Response Grid Slider 335
Response Limits 341
response models 13–16, 1169
Response role 88, 492, 1057
Response Specification dialog 460
Response Surface 202, 205, 291, 450
response surface 291–294
Response Surface Effect 206
Response Surface table 293
Restrict 422–424
restricted vs. unrestricted parameterization 368
Retrieve 973
retrospective power analysis 266
Reverse Colors 974
Reverse Y Axis command 757
Revert Legend 942
Revert to Old Colors 155
rho see loss function
right-censoring 703, 749
Right-click 33, 165, 582, 914, 972–973
right-click 376, 380
right-click on Mac 4
Risk Difference 157, 159
RMSE 142, 268, 280
RMSE 508
Robust Engineering 357–362
ROC 443
ROC Curve 824
ROC Curve 679, 824
ROC curve 178
ROC Curves 823
role for platform 13
role of column 12–13
Root Mean Square Error 92, 121, 226
Rotate 71
Rotated Components 1142
Rotated Components table 557
Row Diagnostics 242
row diagnostics 241–243
Row Order Levels 888
Row Score by Col Categories 167
Row State 1145
row state 973, 1145

Row% 155
Rows 1145
Roy’s Maximum Root 464
RSquare 92, 99, 120, 226, 417, 846
RSquare (U) 156, 176, 436
Rsquare (U) 175
RSquare Adj 92, 121, 226, 417, 847
Rules 422, 424
Run 264
Run Charts 983
Run Model 199, 211, 219, 263, 414, 434, 451, 457, 

469, 473, 481, 777
Run Script 212

S
S 137
S Control Limits 1060
Salt in Popcorn.jmp 452
sample autocorrelation function 839
Sample Data Directory 4
Sample Data location 4
sample of effects 365
Sample Scripts location 4
Sample Size and Power 272
Sampled 338
SAS GLM procedure 1167, 1169–1178
SAS vs. JMP 3
SAT By Year.jmp 1103
SATByYear.jmp 1106
saturated 228
Save 19, 41, 51, 59, 118, 242, 443, 506, 845, 975
Save As Flash (SWF) 305
Save as SWF 1106
Save Best Transformation 295
Save Canonical Scores 471, 473, 680
Save Cause Coordinates 768
Save Cluster Hierarchy 568
Save Clusters 568, 571, 577, 582
Save Coding Table 244
Save Coefficients 99
Save Colors to Column 155
Save Columns 293, 400, 820, 849
Save Contours 975
Save Density Formula 73, 578
Save Density Grid 104
Save Desirabilities 306
Save Desirability Formula 307
Save Discrim 475, 1188
Save Display Order 568
Save Estimates 502, 517, 524, 760, 794, 799
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Save Expanded Formulas 317
Save Expected Values 443
Save Fitted Quantiles 73
Save Formulas 617
Save Gradients by Subject 647, 656
Save Hidden and Scaled Cols 618
Save Indiv Confid Limits 506
Save Inverse Prediction Formula 506
Save Leaf Label Formula 821
Save Leaf Labels 821
Save Leaf Number Formula 821
Save Leaf Numbers 821
Save Linear Constraints 308, 336
Save Loadings 600
Save Mixture Formulas 578, 582–583
Save Mixture Probabilities 578, 582
Save Normal Quantiles 118
Save Percent Variation Explained for X 

Variables 600
Save Percent Variation Explained for Y 

Variables 600
Save Pred Confid Limits 506
Save Predicted 118, 617, 821
Save Predicted and Limits 617
Save Predicted Values 243
Save Predicteds 107–108
Save Prediction Formula 506, 600, 821
Save Prin Components 1142
Save Principal Components 558, 1050
Save Principal Components with 

Imputation 558
Save Probability Formula 443
Save Profile Formulas 618
Save Quantiles 443
Save Residual Formula 506
Save Residuals 107–108, 118, 778, 821
Save Rotated Components 558, 1142
Save Rotated Components with 

Imputation 558
Save Scores and Distance 600
Save Script 36, 42
Save Spec Limits 73, 79
Save Spec Limits in New Table 79
Save Specific Solving Formula 507
Save Specific Transformation 295
Save Spectral Density 843
Save Standardized 118
Save Std Error of Individual 506
Save Std Error of Predicted 244, 506
Save Summaries 991
Save T Square 1050

Save T Square Formula 1050
Save Target Statistics 1044, 1050
Save to Data Table 212
Save to Script window 212
Save Triangulation 975
Save Utility Formula 647
Save Value Ordering 162
Save X Residuals 600
Save Y Residuals 600
SBC 846
Scale Uniformly 1092, 1096
Scaled Estimates 260, 275
scatterplot 88, 576

also see Multivariate, Overlay Plot, Spinning 
Plot platforms

Scatterplot 3D 1137, 1139
Scatterplot 3D platform

options 1142
Scatterplot Matrix 532, 1113
scatterplot matrix 530
S-Chart 1007
Schwartz’s Bayesian Criterion 846
score 41
Score Mean 137
Score Options 678
Score Plot 552
Score Sum 137
Scores Plot 591
Scores Plots 598
Scree Plot 551
screening analysis see Fit Model platform
Screening and Response Surface 

Methodology 209
screening design 275
Script 35, 41, 902, 916, 975, 1059, 1061, 1142, 1151
Script to Log 52
Search tab of Help window 5
Seasonal ARIMA 835
Seasonal ARIMA 851
seasonal exponential smoothing 862
seasonal smoothing weight 859
Second 837
Second Deriv Method 503
Second Deriv. Method 513
Second Derivatives 515, 519
Seed with Selected Rows 577
select data table row 154
select histogram bin 31
Select Points Inside 103
Select Points Outside 103
select row in data table 31
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Select Rows 822
select rows 564, 1145
select rows in data table 527
Selectable Across Gaps 1105
Semiconductor Capability.jmp 77
sensitivity 179
Sensitivity Indicator 305
Separate Axes 915
Separate Bars 37
Separate Causes 1125
Separate Response 632
Separate Responses 622
Sequence of Fits 617
Sequential Tests 261
Seriesg.jmp 837
seriesJ.jmp 851
Set Alpha Level 108, 115, 1050
Set alpha Level 192
Set Bin Width 43
Set Colors 154
Set Desirabilities 306, 310
Set Iteration Log Options 608
Set Random Seed 340, 613, 618
Set Script 307
Set Spec Limits for K Sigma 72
Set Time Acceleration Baseline 726
Set To Data in Row 307
Shade Cpk Levels 80
Shaded Contour 103
Shaded Ellipses 533, 1116
Shadowgram 43
Shapiro-Wilk test 62
Shewhart Control Charts 1005
Shift distances using sampling rates 576
shift histogram bins 30
Shift-click 203, 292, 1142, 1145
Ship 391
Ship Damage.JMP 391
Ship Damage.jmp 520
Shirts.jmp 1025
Short Term, Grouped by fixed subgroup size 58
shortest half 45
Shortest Half Bracket 45
Show 305
Show Bias Line 1060
Show Biplot Rays 577, 679
Show Boundary 974
Show Box Plots 1060
Show Canonical Details 679
Show Cell Means 1059
Show Center Line 1012

Show Combined 758
Show Confid Interval 758
Show Confidence Area 696
Show Confidence Interval 848–849
Show Confidence Lines 596
Show Constraints 327
Show Contours 974
Show Correlation 1050
Show Correlations 533
Show Counts 38, 155
Show Covariance 1050
Show Cum Percent Axis 1124
Show Cum Percent Curve 1124
Show Cum Percent Points 1124–1125
Show Current Value 327
Show Data Points 974
Show Derivatives 503, 522
Show Distances to each group 679
Show Formulas 305
Show Grand Mean 1059
Show Grand Median 1059
Show Graph 496, 818
Show Group Means 1059
Show Hazard Functions 695
Show Histogram 533
Show Inverse Correlation 1050
Show Inverse Covariance 1050
Show Kaplan Meier 758
Show Labels 155, 902
Show Level Legend 902
Show Lines 117
Show Means 1050
Show Means CL Ellipses 679
Show Normal 50% Contours 679
Show Percents 38, 155
Show Points 695
Show Points 89, 174, 326, 497, 533, 596, 679, 

726, 758, 818, 839, 848–849, 898, 917, 1059, 
1116, 1140, 1150

Show Prediction Expression 257, 507
Show Probabilities to each group 679
Show Quantile Functions 695
Show Range Bars 1059
Show Rate Curve 174
Show Roles 1105
Show Row Labels 155
Show Separate Axes 902
Show Separators 1059
Show Simultaneous CI 758
Show Split Bar 819
Show Split Candidates 818–819
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Show Split Prob 819
Show Split Stats 818–819
Show Statistics 696
Show Surface Plot 726
Show Tree 818
Show Y Legend 902
ShrinkageResidual 408
side-by-side bar chart 153, 890
Sigma 314
Sigma 142, 268
sigma 58
Sigma Quality 59
Signed-Rank 49
Signif. Prob 103
significance of model 233
significance probability 535

stepwise regression 411
simple exponential smoothing 861
Simulate 346
Simulate Mixtures 578
Simulation Experiment 340
Simulator 308, 336
Simulator 308
Sine 843
Single Linkage 573
Singular Value 163
singularity 1174–1177, 1181
Size 1101
Skewness 35
SLS fit see Fit Model platform
Small Tree View 817, 820
Smallest Extreme Value (SEV) 714
Smooth Curve 65
Smooth Curve fit 65
Smoothing Model dialog 860
smoothing models 835, 859–863
smoothing spline 98
Smoothing Spline Fit table 99
smoothing weight 859
Snapdragon.jmp 128
Solubility.jmp 550, 565, 1113, 1139, 1145
Solution table 293, 502, 508
Solve for Least Significant Number 143, 268
Solve for Least Significant Value 143, 268
Solve for Power 142, 268
SOM Technical Details 581
SOMs 578
Sort Spit Candidates 818
Source 93, 95, 122, 226, 228, 231
sources 1193–1204
Spearman’s Rho 543

Spearman’s Rho 537
Spec Limits 52, 59, 72, 340–341
Spec Limits() 77
Specificity 179
Specified Sigma 58
Specified Value 822
Specified Variance Ratio 101
Specify 972
Specify Differencing dialog 844
Specify Grid 974
Spectral Density 842–843
spectral density plots 835
Speed 1104
sphericity 464–465
Sphericity Test table 465
Spin Principal Components 553
Spinning Plot platform 19

axis scale 1145
example 1145
spin 1142

spline 98
Split 1104
Split 185
Split All 1105
Split Best 819, 822
Split button 813
Split Here 822
Split History 821
split plot design 367–382

example 372–375
Split Specific 822
spring fitting machine 21–22
Spring.jmp 911
SS 416
SSE 90, 227, 295, 416, 502, 508
SSE Grid 504, 512
SSR 227
SST 227
Stable 847
Stable Invertible 860
Stack 35, 454
Stack Bars 901, 904
Stacked Daganzo.jmp 664
staircase 44
Standard Deviation 846
standard deviation chart 1058
standard gamma distribution 64
standard least squares 209, 219

estimates 255–282
introduction 217–253
prediction equation 283, 295
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also see Fit Model platform
Standardize Data 562, 576
Standardize data by Std Dev 575
Standardized 52
Standardized Estimate 278
statistical capabilities overview 7–23
statistical details 1167–1192
Statistics role 889, 903
Std Beta 230
Std Dev 34, 103, 139, 892
Std Dev [RMSE] 90
Std Dev Chart 1060
Std Dev Formula 407
Std Dev Lines 115, 118, 124
Std Err 892
Std Err Bars 37
Std Err Mean 34
Std Err Scale 280
Std Error 90, 96, 123, 177, 230, 237, 848
Std Error Bars 898
Std Error of Individual 244, 407
Std Error of Predicted 244, 407
Std Error of Residual 244
Std Narrow 348
Std Prin Components 1142
Std0 137
StdErr Pred Formula 244
StdError Fitted 506
StdError Indiv 506
StdErrProb 33
Steam Turbine Current.jmp 1044
Steam Turbine Historical.jmp 1043
Stem and Leaf 47
Step 1104
Step 415, 417–418, 501, 511, 575, 849, 917
Step History table 414
stepwise regression 209, 411, 414, 424–425

categorical terms 422–423
Control panel 414–416
example 417–421
Logistic 425

Stochastic Optimization.jmp 350
Stock Prices.JMP 912
Stock Prices.jmp 899
Stop 415, 501
Stop At Boundaries 317
Student’s paired t test see Matched Pairs platform
Student’s t statistic 145
Studentized Deviance Residuals by 

Predicted 399
Studentized Pearson Residuals by 

Predicted 399
Studentized Residuals 244, 407
Students.jmp 922
Subject data 638
Submit to SAS 212, 849
Subsets in Histograms 31
substitution effect 249
subunit effect 367
Sum 35, 461, 466, 468, 892
sum M matrix 468
Sum of Squared Errors 846
Sum of Squares 94–95, 122, 227, 229, 231
sum of squares 227
Sum of Squares Corrected Total 226
Sum of Squares Error 99
Sum of Squares partition 122
Sum of Weights 226
Sum Wgt 892
Sum Wgts 35, 176, 436
Summary of Fit table 91, 113, 120, 199, 225–226
Summary table 755
Suppress Box Frames 1162
Surface Fill 966
Surface Plot 951

Constants 967
Control Panel 960
Dependent Variables 962
Variables 961

Surface Plot 322
Surface Profiler 334
Surface Profiler 285, 399, 408, 504, 617, 953
Survival and Reliability  Menu 12
Survival platform 747–806

example 753–760, 766, 776–785, 804
introduction 749
nonlinear parametric 785, 792–799
parametric 773–779
proportional hazards ??–785785
Recurrence 801–806
univariate 749, 769

Survival Plot 757
survival regression see Fit Model platform
Survival/Reliability 747, 749, 801
Survival/Reliability platform 12
Swap 925
symbolic derivative 521
synthetic denominator, effect 379

T
t Ratio 96, 121, 230, 277, 848
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T Square Partitioned 1050
t Test 49
t test 115
T2 Chart 1050
T2 Statistic 537
Tabbed Report 696, 699
Tabbed Report 726
Table Format 630
Table of Estimates 295
Table Transposed 631
Taguchi 401
Target 57, 311
Term 96, 177, 230, 847
Ternary Plot platform 1147

example 1149–1151
launch 1149–1151
options 1150

Test 139, 156, 464, 756
Test Details 471–473
Test Each Column Separately Also 460
Test Each Response 631–632
Test Mean 48
Test Probabilities 39
Test Rate Within Groups 1133
Test Rates Across Groups 1133
Test Reponse Homogeneity 632
Test Response Homogeneity 631
test set 596
Test Slices 241
Test Std Dev 49
Tests Between Groups table 756
Tests Report 156
Tests that the Variances are Equal table 138–139
Thick Connecting Line 902
three-dimensional plot 969–975
three-part compositional data 1147
Threshold of Combined Causes 1127
Threshold Parameters 717
tilted square plot 188
Time 1101
Time Frequency 837
Time ID role 837
Time Series 11
Time Series Graph 839
Time Series platform 835, 837–863

ARIMA 849–851
commands 838–845
example 837–838
launch 837–838
modeling report 845–849
Seasonal ARIMA 851

smoothing models 859–863
Time Series Plot 838
Time Series role 837
Time to Event 776, 786
Time to Event 786
Tiretread.jmp 608
Tiretread.jmp 302, 347, 358, 955–956
tiretread.jmp 312
Title Position 942
tobit example 796
Tobit2.jmp 784, 796
Tolerance Interval 55
Tools 5, 1122, 1145
TOST approach 102, 135
Total 93
Total Error 93–94
Total% 155
Traditional statistics 209
Trail Lines 1105
Trails 1104
training set 596, 605
Transfer Function 856
Transfer Function Models 851
Transfer Function Models 835
transform covariate 248
Transformations 206–209
Transformations 208
Transition Report 631
transmitted variation 357
tree diagram 564
Tree Map 1153
trend 859
t-test see Means/Anova/t Test
Tukey multiple comparisons 130
Tukey-Kramer HSD 125
Turn At Boundaries 317
tutorial examples

analysis of covariance 247–253
analysis of variance 219–222
chart 903–904
compound multivariate model 469–471
Contingency 164–166
contour plot 971–972
contour profiler 286, 319–323
correlation 540–541
correspondence analysis 161
desirability profile 312–314
exponential regression 491–495
Fit Model 199–200, 245–253
hierarchical clustering 563–565, 570–572
inverse prediction 263–265
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IRLS 515–518
k-means clustering 583–585
logistic regression 172–177, 445–454, 514–515
matching model 144–145
mosaic plot 153–154
multiple regression 413–420
nonlinear parametric survival 794–799
nonlinear regression 511–512
Oneway 112–113
one-way Anova 245
Overlay Plot 911
paired data 186–188
parametric survival 776–779
Pareto chart ??–11291129–1131
probit 518–520
proportional hazards survival ??–785785
random effects 370–371
recurrence 804
repeated measures 465, 469–471
response surface 292–294
retrospective power 272–274
Spinning Plot 1145
split plot design 372–375
stepwise regression 417–421
ternary plot 1149–1151
time series 837–838
tobit model 796
unbalanced design 381–382
univariate (K-M) survival 753–760, 766

Tutorials 5
Two One-Sided Tests approach 102, 135
Two way clustering 568
Two-by-two table 157
two-way comparative Pareto chart 1129
two-way frequency table 153
Type I sums of squares 261
Types III and IV hypotheses 1173
Typing Data.jmp 141

U
u-Chart 1023
unbalanced design

example 381–382
uncertainty 20–23
Unconstrained 860
unequal variance t test 139
Unequal Variances 115
Ungroup Charts 902
Ungroup Plots 916, 1124
Uniform Scaling 35

Uniform Y Scale 916
Unit Odds Ratios 439
Univariate 530
Univariate Tests Also 460, 465, 467
Univariate Variances, Prin Comp 100
unrestricted vs. restricted parameterization 368
unstable 174
Unthreaded 503
Up Dots 322, 327
upper 95% Mean and lower 95% Mean 34
Upper Spec Limit 57
upper specification limit 1065
US Population.jmp 491, 505
Use Cross Validation 590
Use Median 1012
Use Table Values 974
Use within-cluster std deviations 576
User Specified 590
USL 1065
USL Chop 349
usual assumptions 18–19
UWMA Chart 1017

V
VA Lung Cancer.jmp 776, 794
validation set 605
validity 19
Value 464
Value Colors 155, 1094
Value Colors column property 154
Value Ordering 888
Van der Waerden 115, 136
Variability Chart Platform

variance components 1061–1062
Variability Chart platform 365, 1055–1070

Gauge R&R 1064–1066
launch 1057–1061
options 1059

Variability Summary Report 1060
Variability/ Gauge Chart 1071
Variability/Gauge Chart platform 1057
Variance 892
Variance (the sample variance) 35
Variance Components 1060, 1062
variance components 367–368, 1055, 1061–1062
Variance Effect Likelihood Ratio Tests 406
Variance Estimate 846
Variance Formula 407
Variance Parameter Estimates 406
Varimax 555
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Variogram 835, 841, 845
Vertical 37, 887, 901
Vertical Charts 1059
VIF 230
vital few 1130

W-Z
Wald test 437, 449
Ward’s 573
Washers.jmp 1022
Weekly 837
WeiBayes Analysis 765
Weibull 712
Weibull 63, 776
Weibull distribution 749, 761
Weibull distribution fit 63
Weibull Fit 758
Weibull loss function 793–798
Weibull Parameter Estimates table 759
Weibull Plot 758
Weibull with threshold 717
Weibull with threshold 63
weight decay 605, 607
Weight role 13, 88, 202, 493, 515, 517
Welch ANOVA 115, 138, 140
Weld-Repaired Castings.jmp 485
Westgard Rules 994
Where 36
whiskers 45
Whole Effects 422
Whole Model Leverage Plot 220, 234
Whole Model table 224–225, 435, 463
Whole Model Test table 175, 182, 786–787
whole-population response probability 156
Wilcoxon 756
Wilcoxon rank scores 136
Wilcoxon rank-sum 19
Wilcoxon Signed Rank 191
Wilcoxon Test 115
Wilk’s Lambda 464
Winter’s method 862
With Best, Hsu’s MCB 115
With Control, Dunnett’s 115
within-subject 372, 465, 468
Wrap 921
X role 13, 88, 151, 171, 188–189, 514–516, 521, 

794–796, 837, 896, 911, 971, 1057, 
1128–1129

X, Predictor Formula 492
X-Axis Proportional 118, 123

XBar Chart 1007
XBar Chart Limits 1060
Y Options 902, 914, 916
Y role 13, 88, 151, 171, 188, 199, 202, 491–492, 562, 

685, 750, 837, 911, 971, 1057, 1122
Y, Age at Event 803
Y, Prediction Formula 300
Y, Time to Event role 686
Z 137
Z Bench 61
Z role 971, 974
Z statistics 61
z Test 49
zero eigenvalue 293
Zero To One 860
zeroed 1170
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