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Overview: TRANSREG Procedure

The TRANSREG (transformation regression) procedure ts linear models, optionally with smooth, spline,
Box-Cox, and other nonlinear transformations of the variables. You can use PROC TRANSREG to ta
curve through a scatter plot or t multiple curves, one for each level of a classi cation variable. You can also
constrain the functions to be parallel or monotone or have the same intercept. PROC TRANSREG can be
used to code experimental designs and classi cation variables prior to their use in other analyses.
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The TRANSREG procedure ts many types of linear models, including the following:

ordinary regression and ANOVA
metric and nonmetric conjoint analysis (Green and Wind 1975; De Leeuw, Young, and Takane 1976)
linear models with Box-Cox (1964) transformations of the dependent variables

regression with a smooth (Reinsch 1967), spline (De Boor 1978; Van Rijckevorsel 1982), monotone
spline (Winsberg and Ramsay 1980), or penalized B-spline (Eilers and Marx 1996) t function

metric and nonmetric vector and ideal point preference mapping (Carroll 1972)

simple, multiple, and multivariate regression with variable transformations (Young, de Leeuw, and
Takane 1976; Winsberg and Ramsay 1980; Breiman and Friedman 1985)

redundancy analysis (Stewart and Love 1968) with variable transformations (Israels 1984)
canonical correlation analysis with variable transformations (Van der Burg and de Leeuw 1983)

response surface regression (Myers 1976; Khuri and Cornell 1987) with variable transformations

The data set can contain variables measured on nominal, ordinal, interval, and ratio scales (Siegel 1956). You

can specify any mix of these variable types for the dependent and independent variables. PROC TRANSREG
can do the following:

transform nominal variables by scoring the categories to minimize squared error (Fisher 1938), or treat
nominal variables as classi cation variables

transform ordinal variables by monotonically scoring the ordered categories so that order is weakly
preserved (adjacent categories can be merged) and squared error is minimized. Ties can be optimally
untied or left tied (Kruskal 1964). Ordinal variables can also be transformed to ranks.

transform interval and ratio scale of measurement variables linearly or nonlinearly with spline (De Boor
1978; Van Rijckevorsel 1982), monotone spline (Winsberg and Ramsay 1980), penalized B-spline
(Eilers and Marx 1996), smooth (Reinsch 1967), or Box-Cox (Box and Cox 1964) transformations. In

addition, logarithmic, exponential, power, logit, and inverse trigonometric sine transformations are
available.

Transformations produced by the PROC TRANSREG multiple regression algorithm, requesting spline
transformations, are often similar to transformations produced by the ACE smooth regression method of
Breiman and Friedman (1985). However, ACE does not explicitly optimize a loss function (De Leeuw 1986),
while PROC TRANSREG explicitly minimizes a squared-error criterion.
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PROC TRANSREG extends the ordinary general linear model by providing optimal variable transformations
that are iteratively derived. PROC TRANSREG iterates until convergence, alternating two major steps:
nding least squares estimates of the model parameters given the current scoring of the data, and nding
least squares estimates of the scoring parameters given the current set of model parameters. This is called the
method of alternating least squares (Young 1981).

For more background on alternating least squares optimal scaling methods and transformation regression
methods, see Young, de Leeuw, and Takane (1976); Winsberg and Ramsay (1980); Young (1981); Gi (1990);
Schiffman, Reynolds, and Young (1981); Van der Burg and de Leeuw (1983); Israels (1984); Breiman and
Friedman (1985); Hastie and Tibshirani (1986). (These are just a few of the many relevant sources.)

Getting Started: TRANSREG Procedure

This section provides several examples that illustrate a few of the more basic features of PROC TRANSREG.

Fitting a Curve through a Scatter Plot

PROC TRANSREG can t curves through data and detect nonlinear relationships among variables. This
example uses a subset of the data from an experiment in which nitrogen oxide emissions from a single
cylinder engine are measured for various combinations of fuel and equivalence ratio (Brinkman 1981). This
gas data set is available from tBashelp library. The following step creates a subset of the data for analysis:

titte Gasoline and Emissions Data ;

data gas;

set sashelp.gas;

if fuel in (Ethanol, 82rongas, Gasohol);
run;

The next step ts a spline or curve through the data and displays the regression results. For information about
splines and knots, see the sections “Smoothing Splines” on page 9754, “Linear and Nonlinear Regression
Functions” on page 9741, “Simultaneously Fitting Two Regression Functions” on page 9745, and “Using

Splines and Knots” on page 9724, as well as Example 119.1. The following statements produce Figure 119.1:

ods graphics on;

* Request a Spline Transformation of Equivalence Ratio;

proc transreg data=Gas solve ss2 plots=(transformation obp residuals);
model identity(nox) = spline(EqRatio / nknots=4);

run;

The SOLVE algorithm option, osi-option, requests a direct solution for both the transformation and the
parameter estimates. For many models, PROC TRANSREG with the S@ldgkon can produce exact
results without iteration. The SS2 (Type Il sums of squaaes)tion requests regression and ANOVA results.

The PLOTS= option requests plots of the variable transformations, a plot of the observed values by the
predicted values, and a plot of the residuals. The dependent vaxi@halevas speci ed with an IDENTITY
transformation, which means that it will not be transformed, just as in ordinary regression. The independent
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variableEqRatio, in contrast, is transformed by using a cubic spline with four knots. The NKNOTS= option is
known as a transformation option, moption. Graphical results are enabled when ODS Graphics is enabled.
The results are shown in Figure 119.1 through Figure 119.5.

Figure 119.1 Iteration, ANOVA, and Regression Results

PROC TRANSREG increases the squared multiple correlation from the original value of 0.00917 to 0.82429.
Iteration O shows the t before the data are transformed, and iteration 1 shows the t after the transformation,
which was directly solved for in the initial iteration. The change values for iteration 0 show the change from
the originalEgRatio variable to the transformefgRatio variable. For this model, no improvement on the
initial solution is possible, so in iteration 1, all change values are zero. The ANOVA and regression results
show that you are tting a model with 7 model parameters, 4 knots plus a degree 3 or cubic spline. The
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overall model tis identical to the test for the spline transformation, since there is only one term in the model

besides the intercept, and the results are signi cant at the 0.0001 level. The transformations are shown next
in Figure 119.2.

Figure 119.2 Transformations

The transformation plots show the identity transformatioNOk and the nonlinear spline transformation

of EgRatio. These plots are requested with the PLOTS=TRANSFORMATION option. The plot on the left
shows thatNOx is unchanged, which is always the case with the IDENTITY transformation. In contrast, the
spline transformation dégRatio is nonlinear. It is this nonlinear transformation&xRatio that accounts for

the increase in tthat is shown in the iteration history table.
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Figure 119.3 Residuals

The residuals plot in Figure 119.3 shows the residuals as a function of the transformed independent variable.

The “Spline Regression Fit” plot in Figure 119.4 displays the nonlinear regression function plotted through
the original data, along with 95% con dence and prediction limits. This plot clearly shows that nitrous oxide
emissions are largest in the middle range of equivalence ratio, 0.08 to 1.0, and are much lower for the extreme
values of equivalence ratio, such as around 0.6 and 1.2.
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Figure 119.4 Fitting a Curve through a Scatter Plot

This plot is produced by default when ODS Graphics is enabled and when there is an IDENTITY dependent
variable and one non-CLASS independent variable. The plot consists of an ordinary scatteiNat of
plotted as a function dfqRatio. It also contains the predicted valueshidx, which are a function of the
spline transformation dtgRatio (or TEgRatio shown previously), and are plotted as a functioEgRatio.
Similarly, it contains con dence limits based oiOx andTEgRatio.

The “Observed by Predicted” values plot in Figure 119.5 displays the dependent variable plotted as a function
of the regression predicted values along with a linear regression line, which for this plot always has a slope
of 1. This plot was requested with the OBP or OBSERVEDBYPREDICTED suboption in the PLOTS=
option. The residual differences between the transformed data and the regression line show how well the
nonlinearly transformed data t a linear-regression model. The residuals look mostly random; however, they
are larger for larger values 6fOx, suggesting that maybe this is not the optimal model. You can also see this
by examining the t of the function through the original scatter plot in Figure 119.4. Near the middle of the
function, the residuals are much larger. You can re t the model, this time requesting separate functions for
each type of fuel. You can request the original scatter plot, without any regression information and before the
variables are transformed, by specifying the SCATTER suboption in the PLOTS= option.
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Figure 119.5 Observed by Predicted

These next statements t an additive model with separate functions for each of the different fuels. The
statements produce Figure 119.6 through Figure 119.9.

* Separate Curves and Intercepts;
proc transreg data=Gas solve ss2 additive plots=(transformation obp);
model identity(nox) = class(Fuel / zero=none) |
spline(EgRatio / nknots=4 after);
run;

The ADDITIVE a-option requests an additive model, where the regression coef cients are absorbed into
the transformations, and so the nal regression coef cients are all one. The speci cation CEASS(
ZERO=NONE) recodes fuel into a set of three binary variables, one for each of the three fuels in this data set.
The vertical bar between the CLASS and SPLINE speci cations request both main effects and interactions.
For this model, it requests both a separate intercept and a separate spline function for each fuel. The original
two variablesFuel andEqgRatio, are replaced by six variables—three binary intercept terms and three spline
variables. The three spline variables are zero when their corresponding intercept binary variable is zero,
and nonzero otherwise. The nonzero parts are optimally transformed by the analysis. The tAdpliER

speci ed with the SPLINE transformation speci es that the four knots should be selected independently for
each of the three spline transformatioafier EqRatio is crossed with the CLASS variable. Alternatively,

and by default, the knots are chosen by examiigBatio before it is crossed with the CLASS variable, and

the same knots are used for all three transformations. The results are shown in Figure 119.6.
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Figure 119.6 Iteration, ANOVA, and Regression Results



Fitting a Curve through a Scatter Plot F 9655

Figure 119.6 continued

The rstiteration history table in Figure 119.6 shows that PROC TRANSREG increases the squared multiple
correlation from the original value of 0.18543 to 0.95870. The remaining iteration histories pertain to

PROC TRANSREG's process of comparing models to test hypotheses. The important thing to look for is
convergence in all of the tables.
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Figure 119.7 Transformations

The transformations, shown in Figure 119.7, show that for all three groups, the transformatigRatib is
approximately quadratic.
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Figure 119.8 Fitting Curves through a Scatter Plot

The t plot, shown in Figure 119.8, shows that there are in fact three distinct functions in the data. The
increase in t over the previous model comes from individually tting each group instead of providing an
aggregate t.



9658 F Chapter 119: The TRANSREG Procedure

Figure 119.9 Observed by Predicted

The residuals in the observed by predicted plot displayed in Figure 119.9 are much better for this analysis.

You could ta model that is “in between” the two models shown previously. This next model provides for
separate intercepts for each group, but calls for a common function. There are still three functions, one per
group, but their shapes are the same, and they are equidistant or parallel. This model is requested by omitting
the vertical bar so that separate intercepts are requested, but not separate curves within each group. The
following statements t the separate intercepts model and create Figure 119.10:

* Separate Intercepts;
proc transreg data=Gas solve ss2 additive;
model identity(nox) = class(Fuel / zero=none)
spline(EgRatio / nknots=4);
run;

The ANOVA table and t plot are shown in Figure 119.10.
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Figure 119.10 Separate Intercepts Only

Figure 119.10 continued

Now, squared multiple correlation is 0.9005, which is smaller than the model with the unconstrained separate
curves, but larger than the model with only one curve. Because of the restrictions on the shapes, these curves
do not track the data as well as the previous model. However, this model is more parsimonious with many

fewer parameters.

There are other ways to t curves through scatter plots in PROC TRANSREG. For example, you could use
smoothing splines or penalized B-splines, as is illustrated next. The following statements t separate curves
through each group by using penalized B-splines and produce Figure 119.11.:
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* Separate Curves and Intercepts with Penalized B-Splines;
proc transreg data=Gas ss2 plots=transformation Iprefix=0;

model identity(nox) = class(Fuel / zero=none) * pbspline(EqRatio);
run;

This example asks for a separate penalized B-spline transformation, PBSPLINE, of equivalence ratio for
each type of fuel. The LPREFIX=8-option is speci ed in the PROC statement so that zero characters of the
CLASS variable name&-{el) are used in constructing the labels for the coded variables. The result is label

components like “Ethanol” instead of the more redundant “Fuel Ethanol”. The results of this analysis are
shown in Figure 119.11.

Figure 119.11 Penalized B-Splines

Figure 119.11 continued
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Figure 119.11 continued
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Figure 119.11 continued

Figure 119.11 continued
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With penalized B-splines, the degrees of freedom are based on the trace of the transformation hat matrix
and are typically not integers. The rst panel of plots shows AICC as a function of lambda, the smoothing
parameter. The smoothing parameter is automatically chosen, and since the smoothing parameters range
from essentially O to almost 800, it is clear that some functions are smoother than others. The plots of the
criterion (AICC in this example) as a function of lambda use a linear scale for the horizontal axis when the
range of lambdas is small, as in the rst and third plot, and a log scale when the range is large, as in the
second plot. The transformation for equivalence ratio for Ethanol required more smoothing than for the other
two fuels. All three have an overall quadratic shape, but for Ethanol, the function more closely follows the
smaller variations in the data. You could get similar results with SPLINE by using more knots.

For other examples of curve tting by using PROC TRANSREG, see the sections “Smoothing Splines”

on page 9754, “Linear and Nonlinear Regression Functions” on page 9741, “Simultaneously Fitting Two
Regression Functions” on page 9745, and “Using Splines and Knots” on page 9724, as well as Example 119.3.
These examples include cases where multiple curves are t through scatter plots with multiple groups. Special
cases include linear models with separate slopes and separate intercepts. Many constraints on the slopes,
curves, and intercepts are possible.

Main-Effects ANOVA

This example shows how to use PROC TRANSREG to code and t a main-effects ANOVA model. PROC
TRANSREG has very extensive and versatile options for coding or creating so-called dummy variables.
PROC TRANSREG is commonly used to code classi cation variables before they are used for analysis in
other procedures. See the sections “Using the DESIGN Output Option” on page 9819 and “Discrete Choice
Experiments: DESIGN, NORESTORE, NOZERO” on page 9823. In this example, the input data set contains
the dependent variablgs factorsx1l andx2, and 12 observations. PROC TRANSREG can be useful for
coding even before running procedures with a CLASS statement because of its detailed options that enable
you to control how the coded variable names and labels are constructed. The following statements perform a
main-effects ANOVA and display the results in Figure 119.12 and Figure 119.13:

title Introductory Main-Effects ANOVA Example ;

data a;

input y x1 $ x2 $;
datalines;

a

TN O NOORFRENDOOTWSANO©
0O 000 cCTcTToTY 99 W
SO 9 cCTO YO TO
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* Fit a main-effects ANOVA model with 1, 0, -1 coding;
proc transreg ss2;

model identity(y) = class(x1 x2 / effects);

output coefficients replace;
run;

* Display TRANSREG output data set;
proc print label,

format intercept -- x2a 5.2;
run;

The SS2a-option requests results based on Type Il sums of squares. The simple ANOVA model is t by
designating as an IDENTITY variable, which speci es no transformation. The independent variables are
speci ed with a CLASS expansion, which replaces them with coded variables. The® atéC.2 1/ D 3

coded variables created by the CLASS speci cation, since the two CLASS variables have 3 and 2 different
values or levels. In this case, the EFFEC&ption is speci ed. This option requests a&ffects coding
(displayed in Figure 119.13), which is also called a deviations from means or O, 1, —1 coding. The OUTPUT
statement requests an output data set with the data and coded variables. The COEFFICIENTS output option,
or o-option, adds the parameter estimates and marginal means to the data set. The RERoADE

speci es that the transformed variables should replace the original variables in the output data set. The output
data set variable names are the same as the original variable name. In an example like this, there are no
nonlinear transformations; the transformed variables are the same as the original variables. The REPLACE
o-option is used to eliminate unnecessary and redundant transformed variables from the output data set. The
results of the PROC TRANSREG step are shown in Figure 119.12.

Figure 119.12 ANOVA Example Output from PROC TRANSREG
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Figure 119.12 continued

Figure 119.12 shows the ANOVA results, t statistics, and regression tables. The output data set, with the
coded design, parameter estimates and means, is shown in Figure 119.13. For more information about PROC
TRANSREG for ANOVA and other codings, see the section “ANOVA Codings” on page 9761.

Figure 119.13 Output Data Set from PROC TRANSREG
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The output data set has three kinds of observations, identi ed by values&E_ as follows:

When_TYPE_='SCORE!', the observation contains the following information about the dependent
and independent variables:

— y is the original dependent variable.

— x1 andx2 are the independent classi cation variables, anditiercept throughx2 a columns
contain the main-effects design matrix that PROC TRANSREG creates. The variable names are
Intercept, x1a, x1b, andx2a. Their labels are shown in the listing.

When_TYPE_='M COEFFI', the observation contains coef cients of the nal linear model (parameter
estimates).

When_TYPE_='MEAN', the observation contains the marginal means.
The observations withTYPE_='SCORE' form the score or data partition of the output data set, and the

observations with TYPE_='M COEFFI' and_TYPE_='MEAN' form the output statistics partition of the
output data set.

Syntax: TRANSREG Procedure

The following statements are available in the TRANSREG procedure:

PROC TRANSREG < DATA=SAS-data-set>
<PLOTS=(plot-requests) >
<OUTTEST=SAS-data-set > < a-options > < 0-options > ;
MODEL <transform(dependents </ t-options>)>
<transform(dependents </ t-options>)...=>
transform(independents </ t-options >)
<transform(independents </ t-options >)... > </ a-options > ;
OUTPUT <OUT=SAS-data-set > <o0-options > ;
ID variables ;
FREQ variable ;
WEIGHT variable ;
BY variables ;

To use PROC TRANSREG, you need both the PROC TRANSREG and MODEL statements. To produce an
OUT= output data set, the OUTPUT statement is required. PROC TRANSREG enables you to specify the
same options in more than one statement. All of the MODEL statemeptions (algorithm options) and

all of the OUTPUT statememi-options (output options) can also be speci ed in the PROC TRANSREG
statement. You can abbreviate @lbptions, o-options, andt-options (transformation options) to their rst

three letters. This is a special feature of PROC TRANSREG and is not generally true of other SAS/STAT
procedures. See Table 119.1 for a list of options available in the PROC TRANSREG statement.

The PROC TRANSREG statement starts the TRANSREG procedure. Optionally, this statement identi es an
input and an OUTTEST= data set, speci es the algorithm and other computational details, requests displayed
output, and controls the contents of the OUT= data set (which is created with the OUTPUT statement). The
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DATA= and OUTTEST= options can appear only in the PROC TRANSREG statemerd-ofptions and
o-options are described in the sections on either the MODEL or OUTPUT statement, in which these options
can also be speci ed.

The rest of this section provides detailed syntax information for each of the preceding statements, beginning
with the PROC TRANSREG statement. The remaining statements are described in alphabetical order.

PROC TRANSREG Statement

PROC TRANSREG < DATA=SAS-data-set >
<PLOTS=(plot-requests) >
<OUTTEST=SAS-data-set > < a-options > < 0-options > ;

The PROC TRANSREG statement invokes the TRANSREG procedure. Optionally, this statement identi es
an input and an OUTTEST= data set, speci es the algorithm and other computational details, requests
displayed output, and controls the contents of the OUT= data set (which is created with the OUTPUT
statement). The DATA=, OUTTEST=, and PLOTS= options can appear only in the PROC TRANSREG
statement. Table 119.1 summarizes the options available in the PROC TRANSREG statemerupfidns

are also available in the MODEL statement, anddfuptions are also available in the OUTPUT statement.

Table 119.1 Options Available in the PROC TRANSREG

Statement
Option Description
Data Set Options (PROC Statement)
DATA= Speci es input SAS data set
OUTTEST= Speci es output test statistics data set
ODS Graphics (PROC Statement)
PLOTS= Speci es ODS Graphics selection
Input Control (PROC or MODEL)
REITERATE Restarts the iterations
TYPE= Speci es input observation type
Method and Iterations (PROC or MODEL)
CCONVERGE= Speci es minimum criterion change
CONVERGE= Speci es minimum data change
MAXITER= Speci es maximum number of iterations
METHOD= Speci es iterative algorithm
NCAN= Speci es number of canonical variables
NSR Speci es no restrictions on smoothing models
SINGULAR= Speci es singularity criterion
SOLVE Attempts direct solution instead of iteration
Missing Data Handling (PROC or MODEL)
INDIVIDUAL Fits each model individually (METHOD=MORALS)
MONOTONE= Includes monotone special missing values

NOMISS Excludes observations with missing values
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Table 119.1 continued

Option Description

UNTIE= Unties special missing values

Intercept and CLASS Variables (PROC or MODEL)

CPREFIX= Speci es CLASS coded variable name pre x
LPREFIX= Speci es CLASS coded variable label pre x
NOINT Speci es no intercept or centering
ORDER= Speci es order of CLASS variable levels
REFERENCE= Controls output of reference levels
SEPARATORS= Controls CLASS coded variable label separators
Control Displayed Output (PROC or MODEL)

ALPHA= Speci es con dence limits alpha

CL Displays parameter estimate con dence limits
DETAIL Displays model speci cation details
HISTORY Displays iteration histories

NOPRINT Suppresses displayed output
PBOXCOXTABLE Prints the Box-Cox log likelihood table
RSQUARE Displays the R square

SHORT Suppresses the iteration histories

SS2 Displays regression results

TEST Displays ANOVA table

TSUFFIX= Shortens transformed variable labels
UTILITIES Displays conjoint part-worth utilities
Standardization (PROC or MODEL)

ADDITIVE Fits additive model

NOZEROCONSTANT Does not zero constant variables
TSTANDARD= Speci es transformation standardization
Predicted Values, Residuals, Scores (PROC or OUTPUT)
CANONICAL Outputs canonical scores

CLI Outputs individual con dence limits

CLM Outputs mean con dence limits

DESIGN= Speci es design matrix coding

DREPLACE Replaces dependent variables

IREPLACE Replaces independent variables
LEVERAGE Outputs leverage

NORESTOREMISSING Does not restore missing values
NOSCORES Suppresses output of scores
PREDICTED Outputs predicted values
REDUNDANCY= Outputs redundancy variables

REPLACE Replaces all variables

RESIDUALS Outputs residuals

Output Data Set Coef cients (PROC or OUTPUT)
COEFFICIENTS Outputs coef cients
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Table 119.1 continued

Option

Description

COORDINATES=

MEANS

MREDUNDANCY

Outputs ideal point coordinates
Outputs marginal means
Outputs redundancy analysis coef cients

Output Data Set Variable Name Pre xes (PROC or OUTPUT)

ADPREFIX= Speci es dependent variable approximations
AIPREFIX= Speci es independent variable approximations
CDPREFIX= Speci es canonical dependent variables
CILPREFIX= Speci es conservative individual lower CL
CIPREFIX= Speci es canonical independent variables
CIUPREFIX= Speci es conservative-individual-upper CL
CMLPREFIX= Speci es conservative-mean-lower CL
CMUPREFIX= Speci es conservative-mean-upper CL
DEPENDENT= Speci es METHOD=MORALS untransformed dependent
LILPREFIX= Speci es liberal-individual-lower CL
LIUPREFIX= Speci es liberal-individual-upper CL
LMLPREFIX= Speci es liberal-mean-lower CL

LMUPREFIX= Speci es liberal-mean-upper CL

PPREFIX= Speci es predicted values

RDPREFIX= Speci es residuals

RPREFIX= Speci es redundancy variables

TDPREFIX= Speci es transformed dependents
TIPREFIX= Speci es transformed independents

Macros Variables (PROC or OUTPUT)

MACRO

Creates macro variables

Other Options (PROC or OUTPUT)

APPROXIMATIONS

Outputs dependent and independent approximations

CCC Outputs canonical correlation coef cients
CEC Outputs canonical elliptical point coordinates
CPC Outputs canonical point coordinates

CQcC Outputs canonical quadratic point coordinates

DAPPROXIMATIONS
IAPPROXIMATIONS

Outputs approximations to transformed dependents
Outputs approximations to transformed independents

MEC Outputs elliptical point coordinates
MPC Outputs point coordinates

MQC Outputs quadratic point coordinates
MRC Outputs multiple regression coef cients

DATA=SAS-data-set
speci es the SAS data set to be analyzed. If you do not specify the DATA= option, PROC TRANSREG
uses the most recently created SAS data set. The data set must be an ordinary SAS data set; it cannot
be a special TYPE= data set.
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OUTTEST=SAS-data-set
speci es an output data set to contain hypothesis tests results. When you specify the OUTTEST=
option, the data set contains ANOVA results. When you specify theaS$#on, regression tables are
also output. When you specify the UTILITIESoption, conjoint analysis part-worth utilities are also
output. For more information about the OUTTEST= data set, see the section “OUTTEST= Output
Data Set” on page 9804.

PLOTS <(global-plot-options) > < = plot-request < (options) > >

PLOTS <(global-plot-options) > < = (plot-request < (options) > < ... plot-request < (options) > >) >
controls the plots produced through ODS Graphics. When you specify only one plot request, you can
omit the parentheses around the plot request. Here are some examples:

plots=none

plots=(residuals transformation)

plots(unpack)=boxcox

plots(unpack)=(transformation boxcox(p=0))
plots=(residuals(unpack) transformation(dep unp) boxcox(t rmse))

ODS Graphics must be enabled before plots can be requested. For example:

ods graphics on;

proc transreg plots=all;
model identity(y) = pbspline(x);
run;

ods graphics off;

For more information about enabling and disabling ODS Graphics, see the section “Enabling and
Disabling ODS Graphics” on page 607 in Chapter 21, “Statistical Graphics Using ODS.”

If ODS Graphics is enabled, but you do not specify the PLOTS= option, then PROC TRANSREG
produces a default set of plots. The t, scatter, residual, and observed-by-predicted plots are available
with METHOD=MORALS and also with METHOD=UNIVARIATE when there is only one dependent
variable. When no method is speci ed and there is more than one dependent variable, and when
regression plots are requested, the default method is set to METHOD=MORALS. When there is more
than one dependent variable, when METHOD= is not speci ed, or when METHOD=MORALS is
speci ed and PLOTS=ALL is speci ed, the plots that are produced might be different from those you
would see with METHOD=UNIVARIATE and PLOTS=ALL. Certain plots appear by default when
ODS Graphics is enabled and certain combinations of options are speci ed. The Bdx-Ooi®

and log-likelihood plots appear when a BOXCOX dependent variable transformation is speci ed.
The regression t plot appears for models with a single dependent variable that is not transformed
(for example, IDENTITYY)), a single quantitative independent variable that might or might not be
transformed, and at most one CLASS independent variable. Preference mapping plots appear when the
COORDINATESo-option is used.

The global plot options include the following:
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INTERPOLATE

INT
uses observations that are excluded from the analysis for interpolation in the t and transformation
plots. By default, observations with zero weight are excluded from all plots. These include
observations with a zero, negative, or missing weight or frequency and observations excluded
due to missing and invalid values. You can specify PLOTS(INTERPOLAT)=(equests) to
include some of these observations in the plots. You might want to use this option, for example,
with sparse data sets to show smoother functions over the range of the data (see the section “The
PLOTS(INTERPOLATE) Option” on page 9828). Observations with missing values in CLASS
variables are excluded from the plots even when PLOTS(INTERPOLATE) is speci ed.

ONLY

ONL
suppresses the default plots. Only plots speci cally requested are displayed.

UNPACKPANEL
UNPACK

UNP
suppresses paneling. By default, multiple plots can appear in some output panels. Specify
UNPACKPANEL to get each plot in a separate panel. You can specify PLOTS(UNPACKPANEL)
to unpack the default plots. You can also specify UNPACKPANEL as a suboption with TRANS-
FORMATION, RESIDUALS, PBSPLINE, and BOXCOX.

The plot requests include the following:

ALL
produces all appropriate plots. You can specify other options with ALL; for example, to request
all plots and unpack only the residuals, specify PLOTS=(ALL RES(UNP)).

BOXCOX < (options ) >

BOX < (options ) >
requests a display of the results of the Box-Cox transformation. These results are displayed by
default when there is a Box-Cox transformation. The BOXCOX plot request has the following
options:

P=n
addst or F D t? curves to the legend for the functions wher&/ < n , wheret is thet
statistic corresponding to the optimal lambda. You can specify P=0 to suppress the legend
and P=1 to see all curves in the legend. The default value comes from the BOXCOX(variable
| ALPHA=p) speci cation, which by default is 0.05.

RMSE

RMS
plots the root mean square error as a function of lambda.

plotst statistics rather thaR D t? statistics.
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UNPACKPANEL
UNPACK

UNP
plots thet or F D t2 and log-likelihood plots in separate panels.

FIT <(options ) >
requests a regression t plot. This plot is produced by default whenever it is appropriate. Itis
produced when the dependent variable is speci ed with the IDENT#&¥sform, and when
there is one quantitative independent variable (for example, IDENTITY for linear t, SPLINE
or one of the other transformations for a nonlinear t, or PSPLINE) and at most one CLASS
variable. When there is a CLASS variable, separate ts are produced within levels based on your
model. You would specify the FIT plot request only to specify a FIT option or with the ONLY
global plot option. The FIT plot request has the following options:

FORMULA

FOR
displays the t function as an equation in regression t plots. This option is valid when
a tplotis produced and either an IDENTIT¥ansform or a PSPLINEexpansion with
degree less than ten and no knots is speci ed for a single independent variable. When
this option is speci ed, you can output the formula to a data set by usinggtheutput
formula= SAS-data-set statement. This is the formula, complete with Unicode speci ca-
tions for polynomials, that is used in the t plot template to make the formula.

NOCLM
suppresses the con dence limits in regression t plots.

NOCLI
suppresses the individual prediction limits in regression t plots.

NOOBS
suppresses the observations showing only the t function and optionally the con dence and
prediction limits.

NONE
suppresses all plots.

OBSERVEDBYPREDICTED
OBP

OBS
plots the transformed dependent variable as a function of the regression predicted values.

PBSPLINE < (UNPACKPANEL) >

PBS < (UNPACK) >
requests the penalized B-spline criterion plots. You would specify the PBSPLINE plot request
only to specify a PBSPLINE option or with the ONLY global plot option. The PBSPLINE plot
request has the following option:
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UNPACKPANEL
UNPACK

UNP
plots each criterion plot in a separate panel.

PREFMAP

PRE
plots ideal point or vector preference mapping results when either two IDENTITY or two POINT
independent variables are speci ed along with the COORDINATES option.

RESIDUALS < (options) >

RES < (options) >
plots the residuals as a function of each of the transformed independent variables, except coded
CLASS variables. The RESIDUALS plot request has the following options:

CLASS

CLA
plots the residuals as a function of each of the transformed independent variables, including
coded CLASS variables. Note that the ALL plot request, which you use to request all plots,
speci es the RESIDUALS plot request without the CLASS option.

UNPACKPANEL
UNPACK

UNP
plots the residuals in separate plots, not several per panel.

SMOOTH

SMO
adds a LOESS smooth function to the residuals plots.

SCATTER

SCA
plots the scatter plot of observed data, before the transformations, for models with a single
guantitative dependent variable, a single quantitative independent variable, and at most one
CLASS independent variable.

TRANSFORMATION < (options) >
TRA < (options) >
plots the variable transformations. The TRANSFORMATION plot request has the following
options:

DEPENDENTS

DEP
plots only the dependent variable transformations.
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INDEPENDENTS

IND
plots only the independent variable transformations.

UNPACKPANEL
UNPACK

UNP
plots the transformations in separate plots, not several per panel.

BY Statement

BY variables ;

You can specify a BY statement with PROC TRANSREG to obtain separate analyses of observations in
groups that are de ned by the BY variables. When a BY statement appears, the procedure expects the input
data set to be sorted in order of the BY variables. If you specify more than one BY statement, only the last
one speci ed is used.

If your input data set is not sorted in ascending order, use one of the following alternatives:

Sort the data by using the SORT procedure with a similar BY statement.

Specify the NOTSORTED or DESCENDING option in the BY statement for the TRANSREG proce-
dure. The NOTSORTED option does not mean that the data are unsorted but rather that the data are
arranged in groups (according to values of the BY variables) and that these groups are not necessarily
in alphabetical or increasing numeric order.

Create an index on the BY variables by using the DATASETS procedure (in Base SAS software).

For more information about BY-group processing, see the discussiALanguage Reference: Concepts
For more information about the DATASETS procedure, see the discussionBat&eSAS Procedures Guide

FREQ Statement
FREQ variable ;

If one variable in the input data set represents the frequency of occurrence for other values in the observation,
specify the variable's name in a FREQ statement. PROC TRANSREG then treats the data set as if each
observation appearattimes, wheran is the value of the FREQ variable for the observation. Noninteger
values of the FREQ variable are truncated to the largest integer less than the FREQ value. The observation is
used in the analysis only if the value of the FREQ statement variable is greater than or equal to 1.
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ID Statement
ID variables ;

The ID statement includes additional character or numeric variables in the OUT= data set. The variables
must be contained in the input data set. The rst variable is used to label points in PREFMAP plots. These
variables are also used in some plots as tip variables.

MODEL Statement

MODEL <transform(dependents </ t-options>)>
<transform(dependents </ t-options>)...=>
transform(independents </ t-options >)
<transform(independents </ t-options >)... > </ a-options > ;

The MODEL statement speci es the dependent and independent varidbfehents andindependents,
respectively) and speci es the transformatiararfsform) to apply to each variable. Only one MODEL
statement can appear in PROC TRANSREG. fFbgtions are transformation options, and th@ptions are
algorithm options. Theoptions provide details for the transformation; these depend omréiheform chosen.
Thet-options are listed after a slash in the parentheses that enclose the variable listdejtéedents or
independents). Thea-options control the algorithm used, details of iteration, details of how the intercept
and coded variables are generated, and displayed output detaila-opliens are listed after the entire
model speci cation (thelependents, independents, transformations, andoptions) and after a slash. You

can also specify the algorithm options in the PROC TRANSREG statement. When you specify the DESIGN
o-option, dependents and an equal sign are not required. The operators *, |, and @ from the GLM procedure
are available for interactions with the CLASS expansion and the IDENTITY transformation. They are used
as follows:

Class(a * b ..
d ..
f..@ n)
b ..
d ..
f..@ n

D O

I

I
Identity(a *
I
I

c
e
In addition, transformations and spline expansions can be crossed with classi cation variables as follows:

transform(var) * class(group)
transform(var) | class(group)

See the section “Types of Effects” on page 3671 in Chapter 47, “The GLM Procedure,” for a description
of the @, *, and | operators and see the section “Model Statement Usage” on page 9712 for information
about how to use these operators in PROC TRANSREG. Note that nesting is not implemented in PROC
TRANSREG.

The next three sections discuss the transformations availabtaforms) (see the section “Families of
Transformations” on page 9676), the transformation optiengtjons) (see the section “Transformation
Options (t-options)” on page 9682), and the algorithm opti@asptions) (see the section “Algorithm

Options (a-options)” on page 9693).
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Families of Transformations

In the MODEL statementransform speci es a transformation in one of the following ve families:

Variable expansions preprocess the speci ed variables, replacing them with more variables.

Nonoptimal transformations preprocess the speci ed variables, replacing each one with a single new
nonoptimal, nonlinear transformation.

Nonlinear t transformations preprocess the speci ed variable, replacing it with a smooth transformation,
tting one or more nonlinear functions through a scatter plot.

Optimal transformations replace the speci ed variables with new, iteratively derived optimal transfor-
mation variables that t the speci ed model better than the original variable
(except for contrived cases where the transformation ts the model exactly as
well as the original variable).

Other transformations are the IDENTITY and SSPLINE transformations. These do not t into the
preceding categories.

The transformations and expansions listed in Table 119.2 are available in the MODEL statement.

Table 119.2 Transformation Families

Transformation Description

Variable Expansions

BSPLINE B-spline basis

CLASS set of coded variables

EPOINT elliptical response surface

POINT circular response surface & PREFMAP
PSPLINE piecewise polynomial basis
QPOINT guadratic response surface
Nonoptimal Transformations

ARSIN inverse trigonometric sine

EXP exponential

LOG logarithm

LOGIT logit

POWER raises variables to speci ed power
RANK transforms to ranks

Nonlinear Fit Transformations

BOXCOX Box-Cox

PBSPLINE penalized B-splines
SMOOTH noniterative smoothing spline
Optimal Transformations

LINEAR linear

MONOTONE monotonic, ties preserved
MSPLINE monotonic B-spline
OPSCORE optimal scoring

SPLINE B-spline
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Table 119.2 continued

Transformation Description

UNTIE monotonic, ties not preserved
Other Transformations

IDENTITY identity, no transformation
SSPLINE iterative smoothing spline

You can use any transformation with either dependent or independent variables (except the SMOOTH and
PBSPLINE transformations, which can be used only with independent variables, and BOXCOX, which can
be used only with dependent variables). However, the variable expansions are usually more appropriate for
independent variables.

Thetransform is followed by a variable (or list of variables) enclosed in parentheses. Here is an example:

model log(y) = class(x);

This example nds a LOG transformation pfand performs a CLASS expansionxofOptionally, depending
on thetransform, the parentheses can also contadptions, which follow the variables and a slash. Here is
an example:

model identity(y) = spline(x1 x2 / nknots=3);

The preceding statement nds SPLINE transformationgloindx2. The NKNOTS=t-option used with the
SPLINE transformation speci es three knots. Titientity(y) transformation speci es thatis not to be
transformed.

The rest of this section provides syntax details for members of the ve families of transformations listed at
the beginning of this section. Theptions are discussed in the section “Transformation Options (t-options)”
on page 9682.

Variable Expansions

PROC TRANSREG performs variable expansions before iteration begins. Variable expansions expand the
original variables into a typically larger set of new variables. The original variables are those that are listed in
parentheses aft@ransform, and they are sometimes referred to by the name afdhsform. For example,

in CLASS{1 x2), x1 andx2 are sometimes referred to as CLASS expansion variables or simply CLASS
variables, and the expanded variables are referred to as coded or sometimes “dummy” variables. Similarly, in
POINT([Dim1 Dim2), Dim1 andDim2 are sometimes referred to as POINT variables.

The resulting variables are not transformed by the iterative algorithms after the initial preprocessing. Obser-
vations with missing values for these types of variables are excluded from the analysis.

The POINT, EPOINT, and QPOINT variable expansions are used in preference mapping analyses (also called
PREFMAP, external unfolding, ideal point regression) (Carroll 1972) and for response surface regressions.
These three expansions create circular, elliptical, and quadratic response or preference surfaces (see the
section “Point Models” on page 9785 and Example 119.6). The CLASS variable expansion is used for
main-effects ANOVA.

The following list provides syntax and details for the variable expansimsforms.
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BSPLINE

BSP

expands each variable to a B-spline basis. You can specify the DEGREE=, KNOTS=, NKNOTS=, and
EVENLY= t-options with the BSPLINE expansion. When DEGREREE by default) withk knots (0

by default),n C k C 1 variables are created. In addition, the original variable appears in the OUT= data
set before the ID variables. For exampispline(x)  expands intox_0x_1 x_2 x_3 and outputx

as well. Thex_: variables contain the B-spline basis vectors (which are the same basis vectors that the
SPLINE and MSPLINE transformations use internally). The columns of the BSPLINE expansion sum
to a column of ones, so an implicit intercept model is t when the BSPLINE expansion is speci ed.
If you specify the BSPLINE expansion for more than one variable, the model is less than full rank.
Variables speci ed in a BSPLINE expansion must be numeric, and they are typically continuous. See
the sections “SPLINE and MSPLINE Transformations” on page 9791 and “SPLINE, BSPLINE, and
PSPLINE Comparisons” on page 9793 for more information about B-splines.

CLASS

CLA

expands the variables to a set of coded or “dummy” variables. PROC TRANSREG uses the val-
ues of the formatted variables to determine class membership. The speci catisftl x2)

ts a simple main-effects modetjass(x1 | x2) ts a main-effects and interactions model, and
class(x1|x2|x3|x4@2 x1 *x2+x3) ts a model with all main effects, all two-way interactions, and

one three-way interaction. Variables speci ed with the CLASS expansion can be either character or
numeric; numeric variables should be discrete. See the section “ANOVA Codings” on page 9761 for
more information about CLASS variables. See the section “Model Statement Usage” on page 9712 for
information about how to use the operators @, *, and | in PROC TRANSREG.

EPOINT

EPO

expands the variables for an elliptical response surface regression or for an elliptical ideal point
regression. Specify the COORDINATEBSoption to output PREFMAP ideal elliptical point model
coordinates to the OUT= data set. Each axis of the ellipse (or ellipsoid) is oriented in the same direction
as one of the variables. The EPOINT expansion creates a new variable for each original variable. The
value of each new variable is the square of each observed value for the corresponding original variable.
The regression analysis then uses both sets of variables (original and squared). Variables speci ed with
the EPOINT expansion must be numeric, and they are typically continuous. See the section “Point
Models” on page 9785 and Example 119.6 for more information about point models.

POINT

POI

expands the variables for a circular response surface regression or for a circular ideal point regression.
Specify the COORDINATE$-option to output PREFMAP ideal point model coordinates to the OUT=

data set. The POINT expansion creates a new variable having a value for each observation that is the
sum of squares of all the POINT variables. This new variable is added to the set of variables and is
used in the regression analysis. For more information about ideal point regression, see Carroll (1972).
Variables speci ed with the POINT expansion must be numeric, and they are typically continuous. See
the section “Point Models” on page 9785 and Example 119.6 for more information about point models.
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PSPLINE

PSP

expands each variable to a piecewise polynomial basis. You can specify the DEGREE=, KNOTS=,
NKNOTS=, and EVENLYt-options with PSPLINE. When DEGREBE*(3 by default) withk knots

(0 by default),n C k variables are created. In addition, the original variable appears in the OUT=
data set before the ID variables. For exampégline(x / nknots=1) expandxintox_1x 2x_3

x_4 and outputx as well. Unlike BSPLINE, an intercept is not implicit in the columns of PSPLINE.
Variables speci ed with the PSPLINE expansion must be numeric, and they are typically continuous.
See the sections “SPLINE, BSPLINE, and PSPLINE Comparisons” on page 9793 and “Using Splines
and Knots” on page 9724 for more information about splines. Also see Smith (1979) for a good
introduction to piecewise polynomial splines.

QPOINT

QPO

expands the variables for a quadratic response surface regression or for a quadratic ideal point regression.
Specify the COORDINATE$-option to output PREFMAP quadratic ideal point model coordinates to

the OUT= data set. Fan QPOINT variablesm.m C 1/=2 new variables are created containing the
squares and crossproducts of the original variables. The regression analysis uses both sets (original
and crossed). Variables speci ed with the QPOINT expansion must be numeric, and they are typically
continuous. See the section “Point Models” on page 9785 and Example 119.6 for more information
about point models.

Nonoptimal Transformations

The nonoptimal transformations, like the variable expansions, are computed before the iterative algorithm
begins. Nonoptimal transformations create a single new transformed variable that replaces the original
variable. The new variable is not transformed by the subsequent iterative algorithms (except for a possible
linear transformation with missing value estimation). The following list provides syntax and details for
nonoptimal variable transformations.

ARSIN

ARS

EXP

LOG

nds an inverse trigonometric sine transformation. Variables speci ed in the AR&itd¢form must
be numeric and in the interval 1:0 x  1:0/, and they are typically continuous.

exponentiates variablex is transformed t@* ). To specify the value dd, use the PARAMETER=
t-option. By default,a is the mathematical constamt 2.718. ... Variables speci ed with the EXP
transform must be numeric, and they are typically continuous.

transforms variables to logarithmsi€ transformed tdog, .x/ ). To specify the base of the logarithm,
use the PARAMETER=+option. The default is a natural logarithm with base 2.718. ... Variables
speci ed with the LOGtransform must be numeric and positive, and they are typically continuous.

LOGIT

nds a logit transformation on the variables. The logibas log.x=.1  x//. Unlike other transforma-
tions, LOGIT does not have a three-letter abbreviation. Variables speci ed with the L&@&isform
must be numeric and in the interval (0.&k< 1.0), and they are typically continuous.
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POWER

POW

raises variables to a speci ed poweri$ transformed tx?). You must specify the power parameger
by specifying the PARAMETER<+option following the variables. Here is an example:

power(variable / parameter=number)

You can use POWER for squaring variables (PARAMETER=2), reciprocal transformations
(PARAMETER=-1), square roots (PARAMETER=0.5), and so on. Variables speci ed with the
POWERtransform must be numeric, and they are typically continuous.

RANK

RAN

transforms variables to ranks. Ranks are averaged within ties. The smallest input value is assigned the
smallest rank. Variables speci ed in the RANKansform must be numeric.

Nonlinear Fit Transformations

Nonlinear t transformations, like nonoptimal transformations, are computed before the iterative algorithm
begins. Nonlinear t transformations create a single new transformed variable that replaces the original
variable and provides one or more smooth functions through a scatter plot. The new variable is not trans-
formed by the subsequent iterative algorithms. The nonlinear t transformations, unlike the nonoptimal
transformations, use information in the other variables in the model to nd the transformations. The nonlinear

t transformations, unlike the optimal transformations, do not minimize a squared-error criterion. The
following list provides syntax and details for nonoptimal variable transformations.

BOXCOX

BOX

nds a Box-Cox (1964) transformation of the speci ed variables. The BOXCOX transformation can
be used only with dependent variables. The ALPHA=, CLL=, CONVENIENT, GEOMETRICMEAN,
LAMBDA=, and PARAMETER=t-options can be used with the BOXCOX transformation. Variables
speci ed in the BOXCOXtransform must be numeric, and they are typically continuous. See the
section “Box-Cox Transformations” on page 9715 and Example 119.2 for more information about
Box-Cox transformations.

PBSPLINE

PBS

is a noniterative penalized B-spline transformation (Eilers and Marx 1996). The PBSPLINE transfor-
mation can be used only with independent variables. By default with PBSPLINE, a cubic spline is t
with 100 evenly spaced knots, three evenly spaced exterior knots, and a difference matrix of order three
(DEGREE=3 NKNOTS=100 EVENLY=3 PARAMETER=3). Variables speci ed in the PBSPLINE
transform must be numeric, and they are typically continuous. See the section “Penalized B-Splines”
on page 9751 and Example 119.3 for more information about penalized B-splines.
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SMOOTH

SMO
is a noniterative smoothing spline transformation (Reinsch 1967). You can specify the smoothing
parameter with either the SM= or the PARAMETEReption. The default smoothing parameter is
SM=0. The SMOOTH transformation can be used only with independent variables. Variables speci ed
with the SMOOTHtransform must be numeric, and they are typically continuous. See the sections
“Smoothing Splines” on page 9754 and “Smoothing Splines Changes and Enhancements” on page 9758
for more information about smoothing splines.

Optimal Transformations

Optimal transformations are iteratively derived. Missing values for these types of variables can be optimally
estimated (see the section “Missing Values” on page 9779). The following list provides syntax and details for
optimal transformations.

LINEAR

LIN
nds an optimal linear transformation of each variable. For variables with no missing values, the
transformed variable is the same as the original variable. For variables with missing values, the
transformed nonmissing values have a different scale and origin than the original values. Variables
speci ed in the LINEARtransform must be numeric. See the section “OPSCORE, MONOTONE,
UNTIE, and LINEAR Transformations” on page 9789 for more information about optimal scaling.

MONOTONE

MON
nds a monotonic transformation of each variable, with the restriction that ties are preserved. The
Kruskal (1964) secondary least squares monotonic transformation is used. This transformation weakly
preserves order and category membership (ties). Variables speci ed with the MONO&Tr&isfarm
must be numeric, and they are typically discrete. See the section “OPSCORE, MONOTONE, UNTIE,
and LINEAR Transformations” on page 9789 for more information about optimal scaling.

MSPLINE

MSP
nds a monotonically increasing B-spline transformation with monotonic coef cients (De Boor 1978;
De Leeuw 1986) of each variable. You can specify the DEGREE=, KNOTS=, NKNOTS=, and
EVENLY= t-options with MSPLINE. By default, PROC TRANSREG ts a quadratic spline with
no knots. Variables speci ed with the MSPLINEansform must be numeric, and they are typically
continuous. See the section “SPLINE and MSPLINE Transformations” on page 9791 for more
information about monotone splines.

OPSCORE

OPS
nds an optimal scoring of each variable. The OPSCORE transformation assigns scores to each class
(level) of the variable. The Fisher (1938) optimal scoring method is used. Variables speci ed with the
OPSCOREHransform can be either character or numeric; numeric variables should be discrete. See the
sections “Character OPSCORE Variables” on page 9784 and “OPSCORE, MONOTONE, UNTIE, and
LINEAR Transformations” on page 9789 for more information about optimal scaling.
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SPLINE

SPL
nds a B-spline transformation (De Boor 1978) of each variable. By default, PROC TRANSREG ts a
cubic spline with no knots. You can specify the DEGREE=, KNOTS=, NKNOTS=, and EVENLY=
t-options with SPLINE. Variables speci ed with the SPLINansform must be numeric, and they
are typically continuous. See the sections “SPLINE and MSPLINE Transformations” on page 9791,
“Specifying the Number of Knots” on page 9792, and “SPLINE, BSPLINE, and PSPLINE Comparisons”
on page 9793, and “Using Splines and Knots” on page 9724 for more information about splines.

UNTIE

UNT
nds a monotonic transformation of each variable without the restriction that ties are preserved. PROC
TRANSREG uses the Kruskal (1964) primary least squares monotonic transformation method. This
transformation weakly preserves order but not category membership (it might untie some previously
tied values). Variables speci ed with the UNTHansform must be numeric, and they are typically
discrete. See the section “OPSCORE, MONOTONE, UNTIE, and LINEAR Transformations” on
page 9789 for more information about optimal scaling.

Other Transformations

IDENTITY

IDE
speci es variables that are not changed by the iterations. Typically, the IDENTITY transformation is
used with a simple variable list, suchiasntity(x1-x5) . However, you can also specify interaction
terms. For examplégentity(x1 | x2) createxd, x2, and the product1*x2; andidentity(x1
| x2 | x3) createxl, x2, x1*x2, x3, x1*x3, x2*x3, andx1*x2*x3. See the section “Model Statement
Usage” on page 9712 for information about how to use the operators @, *, and | in PROC TRANSREG.
Variables speci ed in the IDENTIT Yransform must be numeric.

The IDENTITY transformation is used for variables when no transformation and no missing data estima-
tion are desired. However, the REFLEG®ption, the ADDITIVE a-option, and the TSTANDARD=Z,

and TSTANDARD=CENTER options can linearly transform all variables, including IDENTITY vari-
ables, after the iterations. Observations with missing values in IDENTITY variables are excluded from
the analysis, and no optimal scores are computed for missing values in IDENTITY variables.

SSPLINE

SSP
nds an iterative smoothing spline transformation of each variable. The SSPLINE transformation
does not generally minimize squared error. You can specify the smoothing parameter with either the
SM=t-option or the PARAMETER=t-option. The default smoothing parameter is SM=0. Variables
speci ed with the SSPLINHransform must be numeric, and they are typically continuous.

Transformation Options (t-options)

If you use a nonoptimal, nonlinear t, optimal, or other transformation, you can-options, which specify
additional details of the transformation. Theptions are speci ed within the parentheses that enclose
variables and are listed after a slash. You cantuggions with both the dependent and the independent
variables. Here is an example of using just coetion:
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proc transreg;
model identity(y)=spline(x / nknots=3);
output;

run;

The preceding statements nd an optimal variable transformation (SPLINE) of the independent variable, and
they use a-option to specify the number of knots (NKNOTS=). The following is a more complex example:

proc transreg;
model mspline(y / nknots=3)=class(x1 x2 / effects);
output;

run;

These statements nd a monotone spline transformation (MSPLINE with three knots) of the dependent
variable and perform a CLASS expansion with effects coding of the independents.

Table 119.3 summarizes theptions available in the MODEL statement.

Table 119.3 Transformation Options

Option Description

Nonoptimal Transformation
ORIGINAL Uses original mean and variance

Parameter Speci cation
PARAMETER= Speci es miscellaneous parameters
SM= Speci es smoothing parameter

Penalized B-Spline

AIC Uses Akaike's information criterion

AlCC Uses corrected AIC

CVv Uses cross validation criterion

GCV Uses generalized cross validation criterion
LAMBDA= Speci es smoothing parameter list or range
RANGE Speci es a LAMBDA= range, not a list
SBC Uses Schwarz's Bayesian criterion

Spline

DEGREE= Speci es the degree of the spline
EVENLY= Spaces the knots evenly

EXKNOTS= Speci es exterior knots

KNOTS= Speci es the interior knots or break points
NKNOTS= Creates knots

CLASS Variable

CPREFIX= Speci es CLASS coded variable name pre x
DEVIATIONS Speci es a deviations-from-means coding
EFFECTS Speci es a deviations-from-means coding
LPREFIX= Speci es CLASS coded variable label pre x
ORDER= Speci es order of CLASS variable levels
ORTHOGONAL Speci es an orthogonal-contrast coding
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Table 119.3 continued

Option Description

SEPARATORS= Speci es CLASS coded variable label separators
STANDORTH Speci es a standardized-orthogonal coding
ZERO= Controls reference levels

Box-Cox

ALPHA= Speci es con dence interval alpha

CLL= Speci es convenient lambda list

CONVENIENT Uses a convenient lambda

GEOMETRICMEAN
LAMBDA=

Other t-options

Scales transformation using geometric mean
Speci es power parameter list

AFTER Speci es operations occur after the expansion
CENTER Speci es center before the analysis begins
NAME= Renames variables

REFLECT Re ects the variable around the mean
TSTANDARD= Speci es transformation standardization

Z Standardizes before the analysis begins

The following sections discuss theptions available for nonoptimal, nonlinear t, optimal, and other

transformations.

Nonoptimal Transformation t-options

ORIGINAL
ORI

matches the variable's nal mean and variance to the mean and variance of the original variable. By

default, the mean and variance are based on the transformed values. The ORItdptih is
available for all of the nonoptimal transformations.

Parameter t-options

PARAMETER=number
PAR=number

speci es the transformation parameter. The PARAMETERption is available for the BOXCOX,

EXP, LOG, POWER, SMOOTH, SSPLINE, and PBSPLINE transformations. For BOXCOX, the
parameter is the value to add to each value of the variable before a Box-Cox transformation. For EXP,
the parameter is the value to be exponentiated; for LOG, the parameter is the base value; and for
POWER, the parameter is the power. For SMOOTH and SSPLINE, the parameter is the raw smoothing
parameter. (See the SM= option for an alternative way to specify the smoothing parameter.) The
default for the PARAMETER=-option for the BOXCOX transformation is 0 and for the LOG and
EXP transformations is= 2.718.... The default parameter for SMOOTH and SSPLINE is computed
from SM=0. For the POWER transformation, you must specify the PARAMETEéion; there is

no default. For PBSPLINE, the parameter is the order of the difference matrix, which provides some
control over the smoothness of the transformation. The default order parameter with PBSPLINE is
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the maximum of the DEGREEtoption, and 1. With PBSPLINE, the default is DEGREE=3 and
PARAMETER=3, which works well for most problems.

SM=n
speci es a smoothing parameter in the range 0 to 100, just like PROC GPLOT uses. For example,
SM=50 in PROC TRANSREG is equivalent to I=SM50 in the SYMBOL statement with PROC
GPLOT. You can specify the SM=option only with the SMOOTH and SSPLINE transformations.
The smoothness of the function increases as the value of the smoothing parameter increases. By default,
SM=0.

Spline t-options

The followingt-options are available with the SPLINE, MSPLINE and PBSPLINE transformations and with
the PSPLINE and BSPLINE expansions.

DEGREE=n
DEG=n
speci es the degree of the spline transformation. The degree must be a nonnegative integer. The defaults

are DEGREE=3 for SPLINE, PSPLINE, and BSPLINE variables and DEGREE=2 for MSPLINE
variables.

The polynomial degree should be a small integer, usually 0, 1, 2, or 3. Larger values are rarely useful.
If you have any doubt as to what degree to specify, use the default.

EVENLY<=n>
EVE<=n>

is used with the NKNOTS#option to space the knots evenly. The differences between adjacent knots
are constant.

If you specify NKNOTSk and EVENLY,k knots are created at

minimumcC i.. maximum minimum/=.k C 1//

spline(x / nknots=2 evenly)

When the variabl& has a minimum of 4 and a maximum of 10, then the two interior knots are 6 and 8.
Without the EVENLYt-option, the NKNOTS=t-option places knots at percentiles, so the knots are not
evenly spaced. By default for the BSPLINE expansion and the SPLINE and MSPLINE transformations,
the smaller exterior knots are all the same and all just a little smaller than the minimum. Similarly, by
default, the larger exterior knots are all the same and all just a little larger than the maximum. However,

if you specify EVENLY=, then then exterior knots are evenly spaced as well. The number of exterior
knots must be greater than or equal to the degree. You can specify values larger than the degree when
you want to interpolate slightly beyond the range or your data. The exterior knots must be less than the
minimum or greater than the maximum; hence the knots across all sets are not precisely equally spaced.
For example, with data ranging from 0 to 10, and with EVENLY=3 and NKNOTS=4, the rst exterior
knots are-4.0000000000Q1-2.0000000000Q1and—-0.0000000000Qkhe interior knots are 2, 4, 6,

and 8, and the second exterior knots are 10.000000000001, 12.000000000001, and 14.000000000001.
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With the BSPLINE and PSPLINE expansions and the SPLINE and MSPLINE transformations, evenly
spaced knots are not the default. With the PBSPLINE transformation, evenly spaced interior and
exterior knots are the default. If you want unevenly spaced knots with PBSPLINE, you must use the
KNOTS=t-option.

EXKNOTS=number-list

EXK=number-list
speci es exterior knots for SPLINE and MSPLINE transformations and BSPLINE expansions. Usually,
thist-option is not needed; PROC TRANSREG automatically picks suitable exterior knots. The only
time you need to use this option is when you want to ensure that the exact same basis is used for
different splines, such as when you apply coef cients from one spline transformation to a variable in a
different data set (see the section “Scoring Spline Variables” on page 9736).

Specify one or two values. If the minimum EXKNOTS= value is less than the minimum data value, itis
used as the exterior knot. If the maximum EXKNOTS= value is greater than the maximum data value,
itis used as the exterior knot. Otherwise these values are ignored. When EXKNOTS= is speci ed with
the CENTER or Z-options, the knots apply to the original variable, not to the centered or standardized
variable.

The B-spline transformations and expansions use a knot list consisting of exterior knots (values just
smaller than the minimum), the speci ed (interior) knots, and exterior knots (values just larger than the
minimum). You can use the DETAIlk-option to see all of these knots. If you use different exterior
knots, you get different but equivalent B-spline bases. You can specify exterior knots in either the
KNOTS= or EXKNOTS=t-options; however, for the BSPLINE expansion, the KNOTSeption

creates extra all-zero basis columns, whereas the EXKN@DbBgtion gives you the correct basis. See

the EVENLY=t-option for an alternative way to specify exterior knots.

KNOTS=number-list | n TO m BY p

KNO=number-list | n TO m BY p
speci es the interior knots or break points. By default, there are no knots. The rst time you specify
a value in the knot list, it indicates a discontinuity in thté (from DEGREE) derivative of the
transformation function at the value of the knot. The second mention of a value indicates a discontinuity
in the (h— 1) derivative of the transformation function at the value of the knot. Knots can be repeated
any number of times for decreasing smoothness at the break points, but the values in the knot list can
never decrease.

You cannot use the KNOT S=option with the NKNOT S=t-option. You should keep the number of
knots small (see the section “Specifying the Number of Knots” on page 9792).

NKNOTS=n

NKN=n
creates knots, the rst at thel0OO=n C 1/th percentile, the second at tB80=n C 1/th percentile, and
so on. Knots are always placed at data values; there is no interpolation. For example, if NKNOTS=3,
knots are placed at the 25th percentile, the median, and the 75th percentile. You can use the EVENLY=
t-option along with NKNOTS= to get evenly spaced knots. By default, with the BSPLINE and
PSPLINE expansions and the SPLINE and MSPLINE transformations, NKNOTS=0. By default, with
the PBSPLINE transformation, NKNOTS=100.

The value speci ed for the NKNOT St=option must be 0.
You cannot use the NKNOT Stoption with the KNOT S=t-option.
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You should keep the number of knots small (see the section “Specifying the Number of Knots” on
page 9792).

Penalized B-Spline t-options

The followingt-options are available with the PBSPLINE transformation.

AIC
speci es that the procedure should select the smoothing parameteat minimizes the (Akaike
1973) information criterion (AIC). By default, the (AICC) criterion is minimized.

AICC
speci es that the procedure should select the smoothing parametbgt minimizes the corrected
Akaike information criterion (Hurvich, Simonoff, and Tsai 1998). This is the default criterion unless
the AIC, CV, GCV, or SBG-option is speci ed.

Ccv
speci es that the procedure should select the smoothing parametdrat minimizes the cross
validation criterion (CV). By default, the (AICC) criterion is minimized.

GCV

speci es that the procedure should select the smoothing parametkat minimizes the generalized
cross validation criterion (Craven and Wahba 1979). By default, the (AICC) criterion is minimized.

LAMBDA= number-list

LAM=number-list
speci es a list of penalized B-spline smoothing parameters. By default, PROC TRANSREG considers
lambdas in the range 0 to 1E6. Alternatively, you can specify the RANGdHon with LAMBDA=,
such as LAMBDA=1E3 1E5 RANGE, to only consider lambdas in a narrower range. Note that the
algorithm might not actually evaluate the criterion at the minimum and maximum if it does not have
to. In particular, it avoids evaluating the criterion at LAMBDA=0 (no smoothing) unless it is the only
LAMBDA-= value speci ed. You can also specify a list of lambdas, such as LAMBDA=1 TO 10, and
the procedure selects the best lambda from the list. In all cases, the lambda that minimizes the speci ed
criterion (or AICC by default) is chosen.

RANGE

RAN
speci es that the LAMBDA=-option speci es two lambdas that de ne a range of values, from which

an optimal lambda is selected. By default, PROC TRANSREG considers lambdas in the range 0 to
1ES6.

SBC
speci es that the procedure should select the smoothing parametdrat minimizes Schwarz's
Bayesian criterion (Schwarz 1978; Judge et al. 1980). By default, the (AICC) criterion is minimized.
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Class Variable t-options

CPREFIX=n | number-list

CPR=n | number-list
speci es the number of rst characters of a CLASS expansion variable's name to use in constructing
names for coded variables. When you specify CPREFIX= as@mion or ano-option, it speci es the
default for all CLASS variables. When you specify CPREFIX= a®ption, it overrides the default
only for selected variables. A different CPREFIX= value can be speci ed for each CLASS variable by
specifying the CPREFIX=number-lisbption, like the ZERO=ormatted-value t-option.

DEVIATIONS

DEV
requests a deviations-from-means coding of CLASS variables. The coded design matrix has values
of 0, 1, and -1 for reference levels. This coding is referred to as “deviations-from-means,” “effects,”
“center-point,” or “full-rank” coding. For example, here is the coding for two-, three-, four-, and

ve-level factors:

Number of Levels
Two Three Four Five

a 1 1 0 1 0 O 1 0 0 O

b -1 0 1 0 1 O 0O 1 0 O

c -1 -1 0 0 1 0O 0 1 O

d -1 -1 -1 0O 0 0 1

e -1 -1 -1 -1
EFFECTS

EFF
See the DEVIATIONS-option.

LPREFIX=n | number-list

LPR=n | number-list
speci es the number of rst characters of a CLASS expansion variable's label (or name if no label
is speci ed) to use in constructing labels for the coded variables. When you specify LPREFIX=
as ana-option or ano-option, it speci es the default for all CLASS variables. When you specify
LPREFIX= as &-option, it overrides the default only for selected variables. A different LPREFIX=
value can be speci ed for each CLASS variable by specifying the LPREFIX=numbeslisibn, like
the ZERO=ormatted-value t-option.

ORDER=DATA | FREQ | FORMATTED | INTERNAL

ORD=DAT | FRE | FOR | INT
speci es the order in which the CLASS variable levels are to be reported. The default is OR-
DER=INTERNAL. For ORDER=FORMATTED and ORDER=INTERNAL, the sort order is machine
dependent. When you specify ORDER= asaasption or ano-option, it speci es the default ordering
for all CLASS variables. When you specify ORDER= asaption, it overrides the default ordering
only for selected variables. You can specify a different ORDER= value for each CLASS speci cation.

ORTHOGONAL

ORT
requests an orthogonal-contrast coding of CLASS variables. For example, here is the orthogonal-

contrast coding for two-, three-, four-, and ve-level factors:



Two
a 1
b -1
c
d
e

Three
1 -1
0 2

-1

Number of Levels

1
0
0
-1

Four
-1
2
0
-1

-1
-1

3
-1

1
0
0
0
-1

-1

-1

Five
-1
2 -1
0 3
0 O
-1

-1
-1
-1

4
-1
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The sum of the coded values within each column is zero, all columns within a factor are orthogonal,
and theith column represents a contrast betweenitihéevel and the combination of all preceding
levels and the last level. Thé matrix is orthogonal anX %X is diagonal with this coding only if the

experimental design is orthogonal.

SEPARATORS='string-1' <'string-2'>
SEP='string-1' <'string-2'>
speci es separators for creating CLASS expansion variable labels. By default, SEPARATORS="""*"
(“blank™ and “blank asterisk blank”). When you specify SEPARATORS= as-aption or ano-option,
it speci es the default separators for all CLASS variables. When you specify SEPARATORS= as a
t-option, it overrides the default only for selected variables. You can specify a different SEPARATORS=

value for each CLASS speci cation.

STANDORTH
STA
ORTHEFFECT

requests a standardized-orthogonal coding of CLASS variables. For example, here is the standardized-
orthogonal coding for two-, three-, four-, and ve-level factors:

Number of Levels

Two Three Four Five
a 1 1.22 -0.71 141 -0.82 -0.58 158 -0.91 -0.65 -0.50
b -1 0.00 141 0.00 1.63 -0.58 0.00 1.83 -0.65 -0.50
c -1.22 -0.71 0.00 0.00 1.73 0.00 0.00 194 -0.50
d -1.41 -0.82 -0.58 0.00 0.00 0.00 2.00
-1.58 -0.91 -0.65 -0.50

e
The sum of the coded values within each column is zero, the sum of squares of the coded values within

each column is equal to the number of levels, all columns within a factor are orthogonal, atid the
column represents a contrast betweenithéevel and the combination of all preceding levels and the
last level. TheX matrix is orthogonal an¥ %X is diagonal X°X D nl, the number of observations
times an identity matrix) with this coding only if the experimental design is orthogonal.

ZERO=FIRST | LAST | NONE | SUM
ZER=FIR | LAS | NON | SUM
ZERO='formatted-value' <'formatted-value'... >

is used with CLASS variables. The default is ZERO=LAST.

The speci cation CLASS(variable / ZERO=FIRST) sets to missing the coded variable for the rst of
the sorted categories, implying a zero coef cient for that category.

The speci cation CLASS(variable / ZERO=LAST) sets to missing the coded variable for the last of
the sorted categories, implying a zero coef cient for that category.
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The speci cation CLASS(variable / ZEROfarmatted-value') sets to missing the coded variable

for the category with a formatted value that matctesratted-value', implying a zero coef cient

for that category. With ZERCermatted-value, the rst formatted value applies to the rst variable

in the speci cation, the second formatted value applies to the next variable that was not previously
mentioned, and so on. For exampliess(a a *b b b*c ¢ / zero='x''y' 'z speci es that

the reference level foa is 'x', for b is'y', and for ¢ is 'z'. With ZERO="formatted-value', the
procedure rstlooks for exact matches between the formatted values and the speci ed value. If none
are found, leading blanks are stripped from both and the values are compared again. If zero or two or
more matches are found, warnings are issued.

The speci cations ZERO=FIRST, ZERO=LAST, and ZER@watted-value' are used for reference
cell models. Thentercept parameter estimate is the marginal mean for the reference cell, and the other
marginal means are obtained by adding the intercept to the coded variable coef cients.

The speci cation CLASS(variable / ZERO=NONE) sets to missing none of the coded variables. The
columns of the expansion sum to a column of ones, so an implicit intercept model is t. If you specify
ZERO=NONE for more than one variable, the model is less than full rank. In the madel
identity(y) = class(x / zero=none) , the coef cients are cell means.

The speci cation CLASS(variable / ZERO=SUM) sets to missing none of the coded variables, and the
coef cients for the coded variables created from the variable sum to 0. This creates a less-than-full-rank
model, but the coef cients are uniquely determined due to the sum-to-zero constraint.

In the presence of iterative transformations, hypothesis tests for ZERO=NONE and ZERO=SUM levels
are not exact; they are liberal because a model with an explicit intercept is t inside the iterations.
There is no provision for adjusting the transformations while setting to 0 a parameter that is redundant
given the explicit intercept and the other parameters.

Box-Cox t-options

The followingt-options are available only with the BOXCOX transformation of the dependent variable (see
the section “Box-Cox Transformations” on page 9715 and Example 119.2).

ALPHA=p

ALP=p
speci es the Box-Cox alpha for the con dence interval for the power parameter. By default, AL-
PHA=0.05.

CLL=number-list

speci es the Box-Cox convenient lambda list. The defaultis CLL=1 0 0.5-1-0.52 -2 3 -3. By
default, a linear transformatian D 1/ is preferred overlog D 0/, square root D 0:5/, inverse

D 1/, inverse square root D 0:5/, quadratic D 2/, inverse quadratic D 2/, cubic

D 3/, and inverse cubic D 3/ transformations. A value in the CLL= list is considered only
if it is also in the LAMBDA-= list! When the con dence interval for the power parameter includes
one of the parameters in the CLL= list, PROC TRANSREG reports it. In addition, if you specify the
CONVENIENT t-option, then PROC TRANSREG uses the rst convenient power parameter in the
CLL=number-list that is in the con dence interval. For example, if the optimal power parameter is
0.25 and 0.0 is in the con dence interval but 1.0 is not, then the convenient power parameter is 0.0.

1This is a new feature in SAS/STAT 14.1. If you want other values from the CLL= list to be considered as in previous releases,
you must specify those values in the LAMBDAption.
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CONVENIENT

CON

requests that PROC TRANSREG use a power parameter from the Gition for the nal transfor-
mation instead of using the optimal LAMBDAt=option value if a CLL= power parameter is in both
the con dence interval and the LAMBDAmumber-list. For more information, see the CLlt=option.

GEOMETRICMEAN

GEO

divides the Box-Cox transformation yfy 1, whereyPis the geometric mean of the variable to be
transformed. This form of the Box-Cox transformation essentially converts the transformation back to
original units, and hence it permits direct comparison of the residual sums of squares for models with
different power parameters.

LAMBDA= number-list

LAM=

number-list

speci es a list of Box-Cox power parameters. By default, LAMBDA=-3 TO 3 BY 0.25. PROC
TRANSREG evaluates the log likelihood for each power parameter in the list and chooses the best one.
However, when the CONVENIEN#option is speci ed, PROC TRANSREG can choose a convenient
parameter from the con dence interval instead of choosing the optimal power parameter from the
LAMBDA-= list. For example, if the optimal power parameter is 0.25 and 0.0 is in the con dence
interval but 1.0 is not, then the convenient power parameter 0.0 (log transformation) is chosen instead
of the more optimal parameter 0.25. You can specify the convenient power parameters by using the
CLL= t-option.

Other t-options
AFTER

AFT

requests that certain operations occur after the expansiont-ojisn affects the NKNOTS=-option

when the SPLINE or MSPLINE transformation is crossed with a CLASS speci cation. For example, if
the original spline variable (123456 7 8 9) is expanded into the three variables (123000000), (0
00456000),and (0000007 89), then, by default, NKNOTS=1 would use the overall median of

5 as the knot for all three variables. When you specify the AFtaRion, the knots for the three
variables are 2, 5, and 8. Note that the structural zeros are ignored when the internal knot list is created,
but they are not ignored for the exterior knots.

You can also specify the AFTERoption with the RANK, SMOOTH, and PBSPLINE transformations.
The following speci cations compute ranks and smooth transformations within groups, after crossing,
ignoring the structural zeros:

class(x / zero=none) | rank(z / after)
class(x / zero=none) | smooth(z / after)

CENTER

CEN

centers the variables before the analysis begins (in contrast to the TSTANDARD=CENTER option,
which centers after the analysis ends). The CENTHRion can be used instead of running PROC
STANDARD before PROC TRANSREG (see the section “Centering” on page 9824). When the
KNOTS=t-option is speci ed with CENTER, the knots apply to the original variable, not to the
centered variable. PROC TRANSREG centers the knots.
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NAME=(variable-list)

NAM=(variable-list)
renames variables as they are used in the MODEL statementt-djftisn lets you use a variable more
than once.

For example, i is a character variable, then the following step stores both the original character
variablex and a numeric variabbec that contains category numbers in the OUT= data set:

proc transreg data=a;
model identity(y) = opscore(x / name=(xc));
output;
id x;

run;

With the CLASS and IDENTITY transformations, which can contain interaction effects, the rst name
applies to the rst variable in the speci cation, the second name applies to the next variable that was
not previously mentioned, and so on. For examigktity(a a * bbb * cc/ name=(g h

i)) species that the new name faris g, for b is h, and forc isi. The same assignment is used for

the (not useful) speci catioitentity(a a b b ¢ ¢ / name=(g h i)) . For alltransforms other

than CLASS and IDENTITY (all those in which interactions are not supported), repeated variables
are not handled specially. For exampgiine(a a b b ¢ ¢ / name=(a g b h ¢ i) creates

six variables: a copy o nameda, another copy o namedy, a copy ofb namedb, another copy ob
namech, a copy ofc namedc, and another copy af named.

REFLECT

REF
re ects the transformation

yD y N/CW

after the iterations are completed and before the nal standardization and results calculations. This
t-option is particularly useful with the dependent variable in a conjoint analysis. When the dependent
variable consists of ranks with the most preferred combination assigned 1.0, the REFbRi@h

re ects the transformation so that positive utilities mean high preference. (See Example 119.4.)

TSTANDARD=CENTER | NOMISS | ORIGINAL | Z

TST=CEN | NOM | ORI | Z
speci es the standardization of the transformed variables for the hypothesis tests and in the OUT= data
set (see the section “Centering” on page 9824). By default, TSTANDARD=ORIGINAL. When you
specify TSTANDARD= as am-option or ano-option, it determines the default standardization for
all variables. When you specify TSTANDARD= as-aption, it overrides the default standardization
only for selected variables. You can specify a different TSTANDARD= value for each transformation.
For example, to perform a redundancy analysis with standardized dependent variables, specify the
following:

model identity(yl-y4 / tstandard=z) = identity(x1-x10);
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centers and standardizes the variables to variance one before the analysis begins (in contrast to the
TSTANDARD=Z option, which standardizes after the analysis ends). Thepfion can be used

instead of running PROC STANDARD before PROC TRANSREG (see the section “Centering” on
page 9824). When the KNOT S=option is speci ed with Z, the knots apply to the original variable,

not to the standardized variable. PROC TRANSREG standardizes the knots.

Algorithm Options (a-options)

This section discusses the options that can appear in the PROC TRANSREG or MODEL statement as
a-options. They are listed after the entire model speci cation and after a slash. Here is an example:

proc transreg;
model spline(y / nknots=3)=log(x1 x2 / parameter=2)
/ nomiss maxiter=50;
output;
run;

In the preceding statements, NOMISS and MAXITER=a@ptions. (SPLINE and LOG ar&ansforms,
and NKNOTS= and PARAMETER= atteoptions.) The statements nd a spline transformation with 3 knots
ony and a base 2 logarithmic transformationxdrandx2. The NOMISSa-option excludes all observations
with missing values, and the MAXITER=option speci es the maximum number of iterations.

Table 119.4 summarizes theoptions available in the PROC TRANSREG or MODEL statement.

Table 119.4 Options Available in the PROC TRANSREG or
MODEL Statement

Option Description

Input Control

REITERATE Restarts iterations

TYPE= Speci es input observation type

Method and Iterations

CCONVERGE= Speci es minimum criterion change
CONVERGE= Speci es minimum data change

MAXITER= Speci es maximum number of iterations
METHOD= Speci es iterative algorithm

NCAN= Speci es number of canonical variables

NSR Speci es no restrictions on smoothing models
SINGULAR= Speci es singularity criterion

SOLVE Attempts direct solution instead of iteration
Missing Data Handling

INDIVIDUAL Fits each model individually (METHOD=MORALS)
MONOTONE= Includes monotone special missing values
NOMISS Excludes observations with missing values
UNTIE= Unties special missing values

Intercept and CLASS Variables
CPREFIX= Speci es CLASS coded variable name pre x
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Table 119.4 continued

Option Description

LPREFIX= Speci es CLASS coded variable label pre x
NOINT Speci es no intercept or centering
ORDER= Speci es order of CLASS variable levels
REFERENCE= Controls output of reference levels
SEPARATORS= Speci es CLASS coded variable label separators
Control Displayed Output

ALPHA= Speci es con dence limits alpha

CL Displays parameter estimate con dence limits
DETAIL Displays model speci cation details
HISTORY Displays iteration histories

NOPRINT Suppresses displayed output
PBOXCOXTABLE Prints the Box-Cox log likelihood table
RSQUARE Displays the R square

SHORT Suppresses the iteration histories

SS2 Displays regression results

TEST Displays ANOVA table

TSUFFIX= Shortens transformed variable labels
UTILITIES Displays conjoint part-worth utilities
Standardization

ADDITIVE Fits additive model

NOZEROCONSTANT Does not zero constant variables
TSTANDARD= Speci es transformation standardization

The following list provides details about theaeoptions. The a-options are available in the PROC
TRANSREG or MODEL statement.

ADDITIVE

ADD
creates an additive model by multiplying the values of each independent variable (after the TSTAN-
DARD= standardization) by that variable's corresponding multiple regression coef cient. This process
scales the independent variables so that the predicted-values variable for the nal dependent variable
is simply the sum of the nal independent variables. An additive model is a univariate multiple
regression model. As a result, the ADDITI\é=option is not valid if METHOD=CANALS, or if
METHOD=REDUNDANCY or METHOD=UNIVARIATE with more than one dependent variable.

ALPHA=number

ALP=number
speci es the level of signi cance for all of the con dence limits. By default, ALPHA=0.05.

CCONVERGE=n

CCO=n
speci es the minimum change in the criterion being optimized (squared multiple correlation for
METHOD=MORALS and METHOD=UNIVARIATE, average squared multiple correlation for
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METHOD=REDUNDANCY, average squared canonical correlation for METHOD=CANALS) that is
required to continue iterating. By default, CCONVERGE=0.0.

requests con dence limits on the parameter estimates in the displayed output.

CONVERGE=n
CON=n

speci es the minimum average absolute change in standardized variable scores that is required to
continue iterating. By default, CONVERGE=0.00001. Average change is computed over only those
variables that can be transformed by the iterations; that is, all LINEAR, OPSCORE, MONOTONE,
UNTIE, SPLINE, MSPLINE, and SSPLINE variables and nonoptimal transformation variables with
missing values.

CPREFIX=n

CPR=

n
speci es the number of rst characters of a CLASS expansion variable's name to use in constructing
names for coded variables. Coded variable names are constructed from thehatacters of the
CLASS expansion variable's name and the 8 n characters of the formatted CLASS expansion
variable's value. For example, if the varialiitassVariable has values 1, 2, and 3, then, by default,

the coded variables are name@lssVariablel, ClassVariable2, andClassVariable3. However, with
CPREFIX=5, the coded variables are nan@abs1, Class2, andClass3. When CPREFIX=0, coded
variable names are created entirely from the CLASS expansion variable's formatted values. Valid
values range from —1 to 31, where —1 indicates the default calculation and 0 to 31 are the number of
pre x characters to use. The default, -1, set® 32 — min(32, max(2,)), where is the format

length. When you specify CPREFIX= as afoption or ano-option, it speci es the default for all
CLASS variables. When you specify CPREFIX= asogtion, it overrides the default only for selected
variables.

DETAIL

DET

reports on details of the model speci cation. For example, it reports the knots and coef cients for
splines, reference levels for CLASS variables, Box-Cox results, the smoothing parameter, and so on.
The DETAIL option can take two optional suboptions, NOCOEFFICIENTS and NOKNOTS (or NOC
and NOK). To suppress knots from the details listing, specify DETAIL(NOKNOTS). To suppress
coef cients from the details listing, specify DETAIL(NOCOEFFICIENTS). To suppress both knots
and coef cients from the details listing, specify DETAIL(NOKNOTS NOCOEFFICIENTS).

SOLVE

SOL

DUMMY

DUM

provides a canonical initialization. When there are no monotonicity constraints, when there is at most
one canonical variable in each set, and when there is enough available memory, PROC TRANSREG
(with the SOLVEa-option) can usually directly solve for the optimal solution in only one iteration.
The initialization iteration is number 0, which is slower and uses more memory than other iterations.
However, for some models, specifying the SOL¥aption can greatly decrease the amount of time
required to nd the optimal transformations. During iteration 0, each variable is replaced by an
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expanded variable and the model is t to the larger, expanded set of variables. For example, an
OPSCORE variable is expanded into coded (or “dummy”) variables, as if CLASS were speci ed, and
a SPLINE variable is expanded into a B-spline basis, as if BSPLINE were speci ed. Then for each
expanded variable, the results of iteration zero are constructed by multiplying the expanded basis times
the subvector to get the optimal transformation. Tésption can be useful even in models where a
direct solution is not possible, because it provides good initial transformations of all the variables.

HISTORY

HIS
displays the iteration histories even when the NOPRé&\ption is speci ed.

INDIVIDUAL

IND
ts each model for each dependent variable individually. This means, for example, that when INDI-
VIDUAL is speci ed, missing values in one dependent variable will not cause that observation to be
deleted for the other models with the other dependent variables. In contrast, by default, missing values
in any variable in any model can cause the observation to be deleted for all models. The INDIVIDUAL
a-option can be speci ed only with METHOD=MORALS.

This a-option also affects the order of the output. By default, the number of observations table is
printed once at the beginning of the output. With INDIVIDUAL, a number of observations table
appears for each model.

LPREFIX=n

LPR=n
speci es the number of rst characters of a CLASS expansion variable's label (or name if no label
is speci ed) to use in constructing labels for coded variables. Coded variable labels are constructed
from the rst n characters of the CLASS expansion variable's name and the rst X2Gharacters
of the formatted CLASS expansion variable's value. Valid values range from —1 to 127. Values of O
to 127 specify the number of name or label characters to use. The default is —1, which speci es that
PROC TRANSREG should pick a value depending on the length of the pre x and the formatted class
value. When you specify LPREFIX= as aroption or ano-option, it determines the default for all

CLASS variables. When you specify LPREFIX= asaption, it overrides the default only for selected
variables.

MAXITER=n
MAX=n
speci es the maximum number of iterations (see the section “Controlling the Number of Iterations”

on page 9781). By default, MAXITER=30. You can specify MAXITER=0 to save time when no
transformations are requested.

METHOD=CANALS | MORALS | REDUNDANCY | UNIVARIATE
MET=CAN | MOR | RED | UNI
speci es the iterative algorithm. By default, METHOD=UNIVARIATE, unless you specify options that

cannot be handled by the UNIVARIATE algorithm. Speci cally, the default is METHOD=MORALS
for the following situations:

if you specify LINEAR, OPSCORE, MONOTONE, UNTIE, SPLINE, MSPLINE, or SSPLINE
transformations for the independent variables



MODEL Statement F 9697

if you specify the ADDITIVEa-option with more than one dependent variable

if you specify the IAPPROXIMATIONS-option

if you specify the INDIVIDUAL a-option

if ODS Graphics is enabled, regression plots are produced, and there is more than one dependent

variable
CANALS speci es canonical correlation with alternating least squares. This jointly transforms
all dependent and independent variables to maximize the average of the rst
squared canonical correlations, wharis the value of the NCAN=a-option.
MORALS speci es multiple optimal regression with alternating least squares. This transforms

each dependent variable, along with the set of independent variables, to maximize
the squared multiple correlation.

REDUNDANCY jointly transforms all dependent and independent variables to maximize the average
of the squared multiple correlations (see the section “Redundancy Analysis” on
page 9786).

UNIVARIATE transforms each dependent variable to maximize the squared multiple correlation,
while the independent variables are not transformed.

MONOTONE=two-letters
MON=two-letters

speci es the rstand last special missing value in the list of those special missing values to be estimated
with within-variable order and category constraints. By default, there are no order constraints on
missing value estimates. Theo-letters value must consist of two letters in alphabetical order. For
example, MONOTONE=DF means that the estimate of .D must be less than or equal to the estimate of
.E, which must be less than or equal to the estimate of .F; no order constraints are placed on estimates
of . , .Athrough .C, and .G through .Z. For details, see the section “Missing Values” on page 9779.

NCAN=nN
NCA=n

speci es the number of canonical variables to use in the METHOD=CANALS algorithm. By default,
NCAN=1. The value of the NCAN=a-option must be 1.

When canonical coef cients and coordinates are included in the OUT= data set, the N&&Non

also controls the number of rows of the canonical coef cient matrices in the data set. If you specify
an NCAN= value larger than the minimum of the number of dependent variables and the number of
independent variables, PROC TRANSREG displays a warning and sets the N&Apiion to the
maximum value.

NOINT

NOI

omits the intercept from the OUT= data set and suppresses centering of data. You cannot specify the
NOINT a-option with iterative transformations since there is no provision for optimal scaling without

an intercept. The NOIN&-option can be speci ed only when there is no implicit intercept and when

all of the data in a BY group absolutely will not change during the iterations.
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NOMISS

NOM

excludes all observations with missing values from the analysis, but does not exclude them from the
OUT= data set. If you omit the NOMIS&option, PROC TRANSREG simultaneously computes

the optimal transformations of the nonmissing values and estimates the missing values that minimize
squared error. For details, see the section “Missing Values” on page 9779.

Casewise deletion of observations with missing values occurs when the NOMbpton is

speci ed, when there are missing values in expansions, when there are missing values in
METHOD=UNIVARIATE independent variables, when there are weights less than or equal to 0,
or when there are frequencies less than 1. Excluded observations are output with a blank value for the
_TYPE_ variable, and they have a weight of 0. They do not contribute to the analysis but are scored
and transformed asupplementargr passive observations.

See the section “Passive Observations” on page 9785 for more information about excluded observations.

NOPRINT

NOP

suppresses the display of all output unless you specify the HIST&&)fion. The NOPRINTa-option
without the HISTORYa-option disables the Output Delivery System (ODS), including ODS Graphics,
for the duration of the procedure run. The NOPRI&dption with the HISTORYa-option disables all
output except the iteration history, again including ODS Graphics, for the duration of the procedure
run. For more information, see Chapter 20, “Using the Output Delivery System.”

NOZEROCONSTANT
NOZERO

NOZ

NSR

speci es that constant variables are expected and should not be zeroed. By default, constant variables
are zeroed. This option is useful when PROC TRANSREG is used to code experimental designs
for discrete choice models (see the section “Discrete Choice Experiments: DESIGN, NORESTORE,
NOZERO” on page 9823). When these designs are very large, it might be more ef cient to use the
DESIGN=n a-option. It might be that attributes are constant within a block@bservations, so you

need to specify the NOZEROCONSTANiFoption to get the correct results. You can specify this
option in the PROC TRANSREG, MODEL, and OUTPUT statements.

speci es that no restrictions are placed on the use of SMOOTH and SSPLINE and the ordinary least
squares is used to nd the coef cients and predicted values. By default, only certain types of models
can be speci ed with SMOOTH and ordinary least squares is not used to nd the coef cients and
predicted values. See the section “Smoothing Splines Changes and Enhancements” on page 9758 for
more information about the NSR option and smooth transformations.

ORDER=DATA | FREQ | FORMATTED | INTERNAL
ORD=DAT | FRE | FOR | INT

speci es the order in which the CLASS variable levels are to be reported. The default is OR-
DER=INTERNAL. For ORDER=FORMATTED and ORDER=INTERNAL, the sort order is machine
dependent. When you specify ORDER= asaapption or ano-option, it determines the default
ordering for all CLASS variables. When you specify ORDER= agjgtion, it overrides the default
ordering only for selected variables.
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DATA sorts by order of appearance in the input data set.
FORMATTED sorts by formatted value.
FREQ sorts by descending frequency count; levels with the most observations appear rst.
INTERNAL sorts by unformatted value.
PBOXCOXTABLE

PBO
prints the Box-Cox table with the log likelihood displayed as a function of lambda. The important
information in this table is displayed in the Box-Cox plot, so when ODS Graphics is enabled and the
plot is produced, the table is not produced by default. When ODS Graphics is not enabled or when the
plot is not produced, the table is produced by default. Specify the PBOXCOXTABLE option if you
want to see the table in addition to the plot.

REFERENCE=NONE | MISSING | ZERO

REF=NON | MIS | ZER
speci es how reference levels of CLASS variables are to be treated. The options are REFER-
ENCE=NONE, the default, in which reference levels are suppressed; REFERENCE=MISSING,
in which reference levels are displayed and output with missing values; and REFERENCE=ZERQO, in
which reference levels are displayed and output with zeros. You can specify the REFERENCE= option
in the PROC TRANSREG, MODEL, or OUTPUT statement, and you can specify it independently for
the OUT= data set and the displayed output. When you specify it in only one statement, it sets the
option for both the displayed output and the OUT= data set.

REITERATE

REI
enables PROC TRANSREG to use previous transformations as starting points. The REITERATE
a-option affects only variables that are iteratively transformed (speci ed as LINEAR, OPSCORE,
MONOTONE, UNTIE, SPLINE, MSPLINE, and SSPLINE). For iterative transformations, the REIT-
ERATE a-option requests a search in the input data set for a variable that consists of the value of the
TDPREFIX= or TIPREFIX=0-option followed by the original variable name. If such a variable is
found, it is used to provide the initial values for the rstiteration. The nal transformation is a member
of the transformation family de ned by the original variable, not the transformation family de ned by
the initialization variable. See the section “Using the REITERATE Algorithm Option” on page 9782
for more information about the REITERATE option.

RSQUARE

RSQ
prints a table with only the model R square.

SEPARATORS='string-1' <'string-2'>
SEP='string-1' <'string-2'>
speci es separators for creating CLASS expansion variable labels. By default, SEPARATORS="""*
' ("blank” and “blank asterisk blank™). The rst value is used to separate variable names and values
in interactions. The second value is used to separate interaction components. For example, the label
for the coded variable for the=1 andB=2 cell is, by default,'A 1 * B 2'. If SEPARATORS="="'
'X' is speci ed, then the label is 'A=1xB=2". When you specify SEPARATORS= asaaoption
or ano-option, it determines the default separators for all CLASS variables. When you specify
SEPARATORS= as toption, it overrides the default only for selected variables.
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SHORT

SHO
suppresses the iteration histories.

SINGULAR=nN

SIN=n
speci es the largest value within rounding error of zero. By default, SINGULAR=1E-12. PROC
TRANSREG uses the value of tfB#INGULAR= a-option for checkingl ~R? when constructing
full-rank matrices of predictor variables, checking denominators before dividing, and so on. PROC
TRANSREG computes the regression coef cients by sweeping with rational pivoting.

SS2
produces a regression table based on Type Il sums of squares. Tests of the contribution of each
transformation to the overall model are displayed and output to the OUTTEST= data set when you
specify the OUTTEST= option. When you specify the SSibtion, the TESTa-option is automatically
speci ed for you. See the section “Hypothesis Tests” on page 9794 for more information about the
TEST and SS2 options. You can suppress the variable labels in the regression tables by specifying the
NOLABEL option in the OPTIONS statement.

TEST

TES
generates an ANOVA table. PROC TRANSREG tests the null hypothesis that the vector of scoring
coef cients for all of the transformations is zero. See the section “Hypothesis Tests” on page 9794 for
more information about the TEST option.

TSUFFIX=n

TSU=n
speci es the number of characters in “Transformation” to append to variable labels for transformed
variables. By default, all characters are used.

TSTANDARD=CENTER | NOMISS | ORIGINAL | Z

TST=CEN | NOM | ORI | Z
speci es the standardization of the transformed variables for the hypothesis tests and in the OUT= data
set. By default, TSTANDARD=ORIGINAL. When you specify TSTANDARD= asanption or an
o-option, it determines the default standardization for all variables. When you specify TSTANDARD=
as at-option, it overrides the default standardization only for selected variables.

CENTER centers the output variables to mean zero, but the variances are the same as the variances
of the input variables.

NOMISS sets the means and variances of the transformed variables in the OUT= data set,
computed over all output values that correspond to nonmissing values in the input data
set, to the means and variances computed from the nonmissing observations of the
original variables. The TSTANDARD=NOMISS speci cation is useful with missing
data. When a variable is linearly transformed, the nal variable contains the original
nonmissing values and the missing value estimates. In other words, the nonmissing
values are unchanged. If your data have no missing values, TSTANDARD=NOMISS
and TSTANDARD=ORIGINAL produce the same results.
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ORIGINAL sets the means and variances of the transformed variables to the means and variances
of the original variables. This is the default.

Z standardizes the variables to mean zero, variance one.

The nal standardization is affected by other options. If you also specify the ADDITd\dption,

the TSTANDARD= option speci es an intermediate step in computing the nal means and variances.
The nal independent variables, along with their means and standard deviations, are scaled by the
regression coef cients, creating an additive model with all coef cients equal to one.

For nonoptimal variable transformations, the means and variances of the original variables are actually
the means and variances of the nonlinearly transformed variables, unless you specify the ORIGINAL
nonoptimal-option in the MODEL statement. For example, if a variakleith no missing values is

speci ed as LOG, then, by default, the nal transformatiorxaé simply the log ofk, not the log ofx
standardized to the mean:xofnd variance of.

TYPE="text'|name
TYP='"text'|name

speci es the valid value for theTYPE_ variable in the input data set. If PROC TRANSREG nds

an input_TYPE_ variable, it uses only observations with aYPE_ value that matches the TYPE=
value. This enables a PROC TRANSREG OUT= data set containing coef cients to be used as input to
PROC TRANSREG without requiring a WHERE statement to exclude the coef cients. TI¥&E_
variable is not in the data set, all observations are used. The default is TYPE='"SCORE!, so if you do
not specify the TYPE=-option, only observations withTYPE_='SCORE' are used. Do not confuse

this a-option with the data set TYPE= option. The DATA= data set must be an ordinary SAS data set.

PROC TRANSREG displays a note when it reads observations with blank valug¥eE_, but

it does not automatically exclude those observations. Data sets created by the TRANSREG and
PRINQUAL procedures have blank'YPE_ values for those observations that were excluded from the
analysis due to nonpositive weights, nonpositive frequencies, or missing data. When these observations
are read again, they are excluded for the same reason that they were excluded from their original
analysis, not because theifYPE_ value is blank.

UNTIE=two-letters
UNT=two-letters

speci es the rst and last special missing values in the list of those special missing values that are
to be estimated with within-variable order constraints but no category constraintswd-festers

value must consist of two letters in alphabetical order. By default, there are category constraints but no
order constraints on special missing value estimates. For details, see the sections “Missing Values” on
page 9779 and “Optimal Scaling” on page 9789.

UTILITIES

UTI

produces a table of the part-worth utilities from a conjoint analysis. Utilities, their standard errors, and
the relative importance of each factor are displayed and output to the OUTTEST= data set when you
specify the OUTTEST= option. When you specify the UTILITIESption, the TESTa-option is
automatically speci ed for you. See Example 119.4 and Example 119.5 for more information about
conjoint analysis.
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OUTPUT Statement
OUTPUT OUT=SAS-data-set <o0-options > ;

The OUTPUT statement creates a new SAS data set that contains coef cients, marginal means, and informa-
tion about the original and transformed variables. The information about original and transformed variables
composes the score partition of the data set; observations iaWweE_='SCORE'. The coef cients and
marginal means compose the coef cient partition of the data set; observationsTéRe_='M COEFFI' or
_TYPE_='MEAN'. Other values of TYPE_ are possible; for details, se&YPE_ and_NAME_ Variables”

later in this chapter. For details about data set structure, see the section “Output Data Set” on page 9796. To
specify the name of the output data set, use the OUT= option.

OUT=SAS-data-set
speci es the output data set for the data, transformed data, predicted values, residuals, scores, coef -
cients, and so on. When you use an OUTPUT statement but do not use the OUT= speci cation, PROC
TRANSREG creates a data set and useDiAN convention. If you want to create a SAS data set
in a permanent library, you must specify a two-level name. For more information about permanent
libraries and SAS data sets, seAS Language Reference: Concepts

To control the contents of the data set and variable names, use one or more-optleds. You can also
specify these options in the PROC TRANSREG statement.

Output Options (0-options)

Table 119.5 summarizes the options available in the OUTPUT statement. These options include the OUT=
option and all of the-options. Many of the statistics created in the OUTPUT statement are exactly the same
as statistics created by PROC REG. More details are given in the sections “Predicted and Residual Values”
on page 8039, “Model Fit and Diagnostic Statistics” on page 8046 in Chapter 99, “The REG Procedure,” and
Chapter 4, “Introduction to Regression Procedures.”

Table 119.5 Options Available in the OUTPUT Statement

Option Description

Identify output data set

OouUT= Outputs data set

Predicted Values, Residuals, Scores

CANONICAL Outputs canonical scores

CLI Outputs individual con dence limits
CLM Outputs mean con dence limits
DESIGN= Speci es design matrix coding
DREPLACE Replaces dependent variables
IREPLACE Replaces independent variables
LEVERAGE Outputs leverage
NORESTOREMISSING Does not restore missing values
NOSCORES Suppresses output of scores
PREDICTED Outputs predicted values
REDUNDANCY= Outputs redundancy variables
REPLACE Replaces all variables

RESIDUALS Outputs residuals
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Table 119.5 continued

Option

Description

Output Data Set Coef cients

COEFFICIENTS
COORDINATES=

MEANS

MREDUNDANCY

Outputs coef cients

Outputs ideal point coordinates
Outputs marginal means
Outputs redundancy analysis coef cients

Output Data Set Variable Name Pre xes

ADPREFIX= Speci es dependent variable approximations
AIPREFIX= Speci es independent variable approximations
CDPREFIX= Speci es canonical dependent variables
CILPREFIX= Speci es conservative individual lower CL
CIPREFIX= Speci es canonical independent variables
CIUPREFIX= Speci es conservative-individual-upper CL
CMLPREFIX= Speci es conservative-mean-lower CL
CMUPREFIX= Speci es conservative-mean-upper CL
DEPENDENT= Speci es METHOD=MORALS untransformed dependent
LILPREFIX= Speci es liberal-individual-lower CL
LIUPREFIX= Speci es liberal-individual-upper CL
LMLPREFIX= Speci es liberal-mean-lower CL

LMUPREFIX= Speci es liberal-mean-upper CL

RDPREFIX= Speci es residuals

PPREFIX= Speci es predicted values

RPREFIX= Speci es redundancy variables

TDPREFIX= Speci es transformed dependents
TIPREFIX= Speci es transformed independents

Macros Variables

MACRO
Other Options

APPROXIMATIONS

Creates macro variables

Outputs dependent and independent approximations

CCC Outputs canonical correlation coef cients
CEC Outputs canonical elliptical point coordinates
CPC Outputs canonical point coordinates

cQcC Outputs canonical quadratic point coordinates

DAPPROXIMATIONS
IAPPROXIMATIONS

Outputs approximations to transformed dependents
Outputs approximations to transformed independents

MEC Outputs elliptical point coordinates
MPC Outputs point coordinates

MQC Outputs quadratic point coordinates
MRC Outputs multiple regression coef cients

For the coef cients partition, the COEFFICIENTS, COORDINATES, and MEAMN&ptions provide the
coef cients that are appropriate for your model. For more explicit control of the coef cient partition, use the
options that control details and pre xes. The following list provides details about these options.
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ADPREFIX=name

ADP=name
speci es a pre x for naming the dependent variable predicted values. The default is ADPREFIX=
when you specify the PREDICTE®option; otherwise, it is ADPREFIXA. When you specify the
ADPREFIX=0-option, the PREDICTEDp-option is automatically speci ed for you. The ADPREFIX=
o-option is the same as the PPREFIX=option.

AIPREFIX=name

AlP=name
speci es a pre x for naming the independent variable approximations. The default is AIPREEFIX=
When you specify the AIPREFIX®-option, the IAPPROXIMATIONSo0-option is automatically
speci ed for you.

APPROXIMATIONS

APPROX

APP
is equivalent to specifying both the DAPPROXIMATIONS and the IAPPROXIMATION&ptions.
If you specify METHOD=UNIVARIATE, then the APPROXIMATION®-option speci es only the
DAPPROXIMATIONS o-option.

CANONICAL
CAN
outputs canonical variables to the OUT= data set. When you specify METHOD=CANALS, the
CANONICAL o-option is automatically speci ed for you. The CDPREFIX=option speci es a pre X
for naming the dependent canonical variables (defaatid), and the CIPREFIX=-option speci es a
pre x for naming the independent canonical variables (defaeti).

CCC
outputs canonical correlation coef cients to the OUT= data set.

CDPREFIX=name

CDP=name
provides a pre x for naming the canonical dependent variables. The default is CDPRE&X=
When you specify the CDPREFIXa=option, the CANONICAL o-option is automatically speci ed for
you.

CEC
outputs canonical elliptical point model coordinates to the OUT= data set.

CILPREFIX=name

ClL=name
speci es a pre x for naming the conservative-individual-lower con dence limits. The default pre x is
CIL. When you specify the CILPREFIXs-option, the CLIo-option is automatically speci ed for you.
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CIPREFIX=name
CIP=name

provides a pre x for naming the canonical independent variables. The default is CIPRE&K=
When you specify the CIPREFIXe-option, the CANONICAL o-option is automatically speci ed for
you.

CIUPREFIX=name
ClU=name

CLI

CLM

speci es a pre x for naming the conservative-individual-upper con dence limits. The default pre x is
CIU. When you specify the CIUPREFIXe-option, the CLI 0-option is automatically speci ed for
you.

outputs individual con dence limits to the OUT= data set. The names of the con dence limits
variables are constructed from the original dependent variable names and the pre xes speci ed in the
following o-options: LILPREFIX= (defaultLIL for liberal individual lower), CILPREFIX= (default

CIL for conservative individual lower), LIUPREFIX= (defawltyu for liberal individual upper), and
CIUPREFIX= (defaultCIU for conservative individual upper). When there are no monotonicity
constraints, the liberal and conservative limits are the same.

outputs mean con dence limits to the OUT= data set. The names of the con dence limits variables
are constructed from the original dependent variable names and the pre xes speci ed in the following
o-options: LMLPREFIX= (defaultLML for liberal mean lower), CMLPREFIX= (defautML for
conservative mean lower), LMUPREFIX= (defaulU for liberal mean upper), and CMUPREFIX=
(defaultCMU for conservative mean upper). When there are no monotonicity constraints, the liberal
and conservative limits are the same.

CMLPREFIX=name

CML=

name
speci es a pre x for naming the conservative-mean-lower con dence limits. The default preCME.
When you specify the CMLPREFIXg-option, the CLM o-option is automatically speci ed for you.

CMUPREFIX=name
CMU=name

speci es a pre x for naming the conservative-mean-upper con dence limits. The default pr€xils.
When you specify the CMUPREFIXe-option, the CLM o-option is automatically speci ed for you.

COEFFICIENTS

COE

outputs either multiple regression coef cients or raw canonical coef cients to the OUT= data set.
If you specify METHOD=CANALS (in the MODEL or PROC TRANSREG statement), then the
COEFFICIENTSo-option outputs the rstn canonical variables, whereis the value of the NCAN=
a-option (speci ed in the MODEL or PROC TRANSREG statement). Otherwise, the COEFFICIENTS
o-option includes multiple regression coef cients in the OUT= data set. In addition, when you
specify the CLASS expansion for any independent variable, the COEFFICIBMpSon also outputs
marginal means.
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COORDINATES<=n>
COO<=n>

CPC

CQcC

outputs either ideal point or vector model coordinates for preference mapping to the OUT= data set.
When METHOD=CANALS, these coordinates are computed from canonical coef cients; otherwise,
the coordinates are computed from multiple regression coef cients. For details, see the section “Point
Models” on page 9785.

When ODS Graphics is enabled and vector model coordinates are requested, a plot is produced with
points for each row and vectors for each column. If the vectors are plotted based on the actual
computed coordinates, then often the vectors are short. A better graphical display is produced when
the vectors are stretched. The absolute lengths of each vector can optionally be changed by specifying
COORDINATES=. Then the vector coordinates are all multipliedrbyJsually,n is a value such as

2, 2.5, or 3. The default is 2.5. Specify COORDINATES=1 if you want to see the vectors without any
stretching. The relative lengths of the different vectors are important and interpretable, and these are
preserved by the stretching.

outputs canonical point model coordinates to the OUT= data set.

outputs canonical quadratic point model coordinates to the OUT= data set.

DAPPROXIMATIONS

DAP

outputs the approximations of the transformed dependent variables to the OUT= data set. These
are the target values for the optimal transformations. With METHOD=UNIVARIATE and
METHOD=MORALS, the dependent variable approximations are the ordinary predicted values from
the linear model. The names of the approximation variables are constructed from the ADPREFIX=
o-option (defaultA) and the original dependent variable names. For ordinary predicted values, use the
PREDICTEDo-option instead of the DAPPROXIMATIONS$-option, since the PREDICTED-option

uses a more relevant pre x " instead of ‘A”) and a more relevant variable label suf x (“Predicted
Values” instead of “Approximations”).

DESIGN<=n>
DES<=n>

speci es that your primary goal is design matrix coding, not analysis. Specifying the DE&\phbn

makes the procedure run faster. The DESI&Gbption sets the default method to UNIVARIATE and

the default MAXITER= value to zero. It suppresses computing the regression coef cients, unless they
are needed for some other option. Furthermore, when the DES!IGdton is speci ed, the MODEL
statement is not required to have an equal sign. When no MODEL statement equal sign is speci ed, all
variables are considered independent variables, all options that require dependent variables are ignored,
and the IREPLACE-option is automatically speci ed for you.

You can use DESIGN=for coding very large data sets, wherés the number of observations to code

at one time. For example, to code a data set with a large number of observations, you can specify
DESIGN=100 or DESIGN=1000 to process the data set in blocks of 100 or 1000 observations. If
you specify the DESIGMN-option rather than DESIGNs, PROC TRANSREG tries to process all
observations at once, which might not work with very large data sets. Specify the NOZEROCON-
STANT a-option with DESIGN=n to ensure that constant variables within blocks are not zeroed. See
the sections “Using the DESIGN Output Option” on page 9819 and “Discrete Choice Experiments:
DESIGN, NORESTORE, NOZERQO” on page 9823 for more information about the DESIGN option.
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DEPENDENT=name

DEP=name
speci es the untransformed dependent variable for OUT= data sets with METHOD=MORALS when
there is more than one dependent variable. The defaultis DEPENDHENIREND _.

DREPLACE

DRE
replaces the original dependent variables with the transformed dependent variables in the OUT= data
set. The names of the transformed variables in the OUT= data set correspond to the names of the
original dependent variables in the input data set. By default, both the original dependent variables
and the transformed dependent variables (with names constructed from the TDPREFIX= {gefault
o-option and the original dependent variable names) are included in the OUT= data set.

IAPPROXIMATIONS

IAP
outputs the approximations of the transformed independent variables to the OUT= data set. These
are the target values for the optimal transformations. The names of the approximation variables are
constructed from the AIPREFIXg-option (defaultA) and the original independent variable names.
When you specify the AIPREFIXs-option, the IAPPROXIMATIONSo0-option is automatically
speci ed for you. The IAPPROXIMATIONS-option is not valid when METHOD=UNIVARIATE.

IREPLACE

IRE
replaces the original independent variables with the transformed independent variables in the OUT=
data set. The names of the transformed variables in the OUT= data set correspond to the names of the
original independent variables in the input data set. By default, both the original independent variables
and the transformed independent variables (with names constructed from the TIPRE6&j¥en
(defaultT) and the original independent variable names) are included in the OUT= data set.

LEVERAGE<=name >

LEV<=name >
creates a variable with the speci ed name in the OUT= data set that contains leverages. Specifying the
LEVERAGE o-option is equivalent to specifying LEVERAGH=verage.

LILPREFIX=name

LIL=name
speci es a pre x for naming the liberal-individual-lower con dence limits. The default pre xik.
When you specify the LILPREFIXs-option, the CLIo-option is automatically speci ed for you.

LIUPREFIX=name

LIU=name
speci es a pre x for naming the liberal-individual-upper con dence limits. The default pre klig.
When you specify the LIUPREFIXs-option, the CLIo-option is automatically speci ed for you.
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LMLPREFIX=name

LML=name
speci es a pre x for naming the liberal-mean-lower con dence limits. The default pre kN&.. When
you specify the LMLPREFIX=o-option, the CLM o-option is automatically speci ed for you.

LMUPREFIX=name

LMU=name
speci es a pre x for naming the liberal-mean-upper con dence limits. The default pre X\,
When you specify the LMUPREFIXs-option, the CLM o-option is automatically speci ed for you.

MACRO(keyword=name...)

MAC (keyword=name...)
creates macro variables. Most of the options available within the MAGRf@ion are rarely needed.
By default, PROC TRANSREG creates a macro variable nanTegind with a complete list of
independent variables created by the procedure. When PROC TRANSREG is being used for design
matrix creation prior to running a procedure without a CLASS statement, this macro provides a
convenient way to use the results from PROC TRANSREG. For example, a PROC LOGISTIC step
that uses a design matrix coded by PROC TRANSREG can use the following MODEL statement:

model y=& trgind;

PROC TRANSREG, also by default, creates a macro variable nameithdN, which contains the
number of variables in theTrgind list. These macro variables can be used in an ARRAY statement as
follows:

array indvars[&_trgindn] &_trgind,;

See the sections “Using the DESIGN Output Option” on page 9819 and “Discrete Choice Experiments:
DESIGN, NORESTORE, NOZERQ” on page 9823 for examples of using the default macro variables.

The availablékeywords are as follows.

DN=name speci es the name of a macro variable that contains the number of dependent
variables. By default, a macro variable namdegDepN is created. This is the
number of variables in the DL= list and the number of macro variables created by
the DV=and DE= speci cations.

IN=name speci es the name of a macro variable that contains the number of independent
variables. By default, a macro variable namddgindN is created. This is the
number of variables in the IL= list and the number of macro variables created by
the IV=and |IE= speci cations.

DL=name speci es the name of a macro variable that contains the list of the dependent
variables. By default, a macro variable namd&eyDep is created. These are the
variable names of the nal transformed variables in the OUT= data set. For example,
if there are three dependent variablgk;y3, then_TrgDep contains, by default,

Tyl Ty2 Ty3 (or y1 y2 y3 if you specify the REPLACH-option).
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IL=name speci es the name of a macro variable that contains the list of the independent
variables. By default, a macro variable namdeyind is created. These are the
variable names of the nal transformed variables in the OUT= data set. For example,
if there are three independent variabbets;x3, then_Trgind contains, by default,

Tx1 Tx2 Tx3 (or x1 x2 x3 if you specify the REPLACb-option).

DV=pre x speci es a pre x for creating a list of macro variables, each of which contains
one dependent variable name. For example, if there are three dependent variables,
y1-y3, and you specifynacro(dv=Dep) , then three macro variable3epl, Dep2,
andDep3, are created, containinyl, Ty2, andTy3, respectively (oy1, y2, andy3
if you specify the REPLACE-option). By default, no list is created.

IV=pre x speci es a pre x for creating a list of macro variables, each of which contains one
independent variable name. For example, if there are three independent variables,
x1-x3, and you specifynacro(iv=Ind)  , then three macro variablesdi, Ind2,
andind3, are created, containinix1, Tx2, andTX3, respectively (ox1, x2, andx3
if you specify the REPLACHb-option). By default, no list is created.

DE=pre x speci es a pre x for creating a list of macro variables, each of which contains one
dependent variable effect. This list shows the origin of each model term. Each
effect consists of two or more parts, and each part consists of a value in 32 columns
followed by a blank. For example, if you specifyacro(de=d) , then a macro
variabled1 is created foidentity(y) . Thedl macro variable is shown next,
wrapped onto two lines:

4 TY
IDENTITY Y

The rst part is the number of parts (4), the second part is the transformed variable
name, the third part is the transformation, and the last part is the input variable
name. By default, no list is created.

IE=pre x speci es a pre x for creating a list of macro variables, each of which contains one
independent variable effect. This list shows the origin of each model term. Each
effect consists of two or more parts, and each part consists of a value in 32 columns
followed by a blank. For example, if you specifacro(ie=l) , then three macro
variables |1, 12, andI3, are created fotlass(x1 | x2) when bothx1 andx2
have values of 1 and 2. These macro variables are shown next, with extra white
space removed:

5 Tx11 CLASS x1 1
5 Tx21 CLASS X2 1
8 Tx11x21 CLASS x1 1 CLASS X2 1

For CLASS variables, the formatted level appears after the variable name. The rst
two effects are the main effects, and the last is the interaction term. By default, no
listis created.
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MEANS
MEA

outputs marginal means for CLASS variable expansions to the OUT= data set.
MEC

outputs multiple regression elliptical point model coordinates to the OUT= data set.
MPC

outputs multiple regression point model coordinates to the OUT= data set.
MQC

outputs multiple regression quadratic point model coordinates to the OUT= data set.
MRC

outputs multiple regression coef cients to the OUT= data set.
MREDUNDANCY
MRE

outputs multiple redundancy analysis coef cients to the OUT= data set.

NORESTOREMISSING

NORESTORE

NOR
speci es that missing values should not be restored when the OUT= data set is created. By default, the
coded CLASS variable contains a row of missing values for observations in which the CLASS variable
is missing. When you specify the NORESTOREMISSINGption, these observations contain a row
of zeros instead. This is useful when PROC TRANSREG is used to code experimental designs for
discrete choice models and there is a constant alternative indicated by a missing value.

NOSCORES

NOS
excludes original variables, transformed variables, predicted values, residuals, and scores from the
OUT= data set. You can use the NOSCOR&Sption with various other options to create an
OUT= data set that contains only a coef cient partition (for example, a data set consisting entirely of
coef cients and coordinates).

PREDICTED

PRE

P
outputs predicted values, which for METHOD=UNIVARIATE and METHOD=MORALS are the
ordinary predicted values from the linear model, to the OUT= data set. The names of the predicted
values' variables are constructed from the PPREFbption (defaultP) and the original dependent
variable names. When you specify the PPREFbXeption, the PREDICTEDo-option is automatically
speci ed for you.

PPREFIX=name

PDPREFIX=name

PDP=name
speci es a pre x for naming the dependent variable predicted values. The default is PPRE®DEN
you specify the PREDICTED-option; otherwise, it is PPREFIX&. When you specify the PPREFIX=
o-option, the PREDICTEDo-option is automatically speci ed for you. The PPREFIX=option is the
same as the ADPREFIXe-option.
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RDPREFIX=name

RDP=name
speci es a pre x for naming the residual (dependent) variables to the OUT= data set. The default is RD-
PREFIX=R. When you specify the RDPREFIXs=option, the RESIDUAL So-option is automatically
speci ed for you.

REDUNDANCY<=STANDARDIZE | UNSTANDARDIZE >

RED<=STA | UNS >
outputs redundancy variables to the OUT= data set, either standardized or unstandardized. Speci-
fying the REDUNDANCY o-option is the same as specifying REDUNDANCY=STANDARDIZE.
The results of theREDUNDANCY o-option depends on the TSTANDARD= option. You
must specify TSTANDARD=Z to get results based on standardized data. The TSTANDARD=
option controls how the data that go into the redundancy analysis are scaled, and REDUN-
DANCY=STANDARDIZE|UNSTANDARDIZE controls how the redundancy variables are
scaled. The REDUNDANCYo-option is automatically speci ed for you when you specify the
METHOD=REDUNDANCY a-option. The RPREFIX=0-option speci es a pre x (defauliRed) for
naming the redundancy variables.

REFERENCE=NONE | MISSING | ZERO

REF=NON | MIS | ZER

speci es how reference levels of CLASS variables are to be treated. The options are REFER-
ENCE=NONE, the default, in which reference levels are suppressed; REFERENCE=MISSING,
in which reference levels are displayed and output with missing values; and REFERENCE=ZERQO, in
which reference levels are displayed and output with zeros. You can specify the REFERENCE= option
in the PROC TRANSREG, MODEL, or OUTPUT statement, and you can specify it independently for
the OUT= data set and the displayed output. When you specify it in only one statement, it sets the
option for both the displayed output and the OUT= data set.

REPLACE

REP
is equivalent to specifying both the DREPLACE and the IREPLAEptions.

RESIDUALS
RES
R
outputs the differences between the transformed dependent variables and their predicted values. The

names of the residual variables are constructed from the RDPRE#-bgtion (defaultR) and the
original dependent variable names.

RPREFIX=name

RPR=name
provides a pre x for naming the redundancy variables. The default is RPREFX=When you
specify the RPREFIX®-option, the REDUNDANCY o-option is automatically speci ed for you.

TDPREFIX=name

TDP=name
speci es a pre x for naming the transformed dependent variables. By default, TDPREFe
TDPREFIX=0-option is ignored when you specify the DREPLA®Eoption.
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TIPREFIX=name
TIP=name

speci es a pre x for naming the transformed independent variables. By default, TIPREF M
TIPREFIX=o0-option is ignored when you specify the IREPLAGEoption.

WEIGHT Statement

WEIGHT variable ;

When you use a WEIGHT statement, a weighted residual sum of squares is minimized. The WEIGHT
statement has no effect on degrees of freedom or number of observations, but the weights affect most other

calculations. The observation is used in the analysis only if the value of the WEIGHT statement variable is
greater than 0.

Details: TRANSREG Procedure

Model Statement Usage

MODEL <transform(dependents </ t-options>)>
<transform(dependents </t-options>)...=>
transform(independents </ t-options >)
<transform(independents </ t-options >)... > </ a-options > ;

Here are some examples of model statements:
linear regression

model identity(y) = identity(x);

a linear model with a nonlinear regression function

model identity(y) = spline(x / nknots=5);

multiple regression

model identity(y) = identity(x1-x5);

multiple regression with nonlinear transformations

model spline(y / nknots=3) = spline(x1-x5 / nknots=3);

multiple regression with nonlinear but monotone transformations

model mspline(y / nknots=3) = mspline(x1-x5 / nknots=3);



Model Statement Usage F 9713

multivariate multiple regression

model identity(y1l-y4) identity(x1-x5);

canonical correlation

model identity(yl-y4) = identity(x1-x5) / method=canals;

redundancy analysis

model identity(y1l-y4) identity(x1-x5) / method=redundancy;

preference mapping, vector model (Carroll 1972)

model identity(Attrib1-Attrib3) = identity(Dim1-Dim2);
preference mapping, ideal point model (Carroll 1972)
model identity(Attrib1-Attrib3) = point(Dim1-Dim2);

preference mapping, ideal point model, elliptical (Carroll 1972)

model identity(Attrib1-Attrib3) = epoint(Dim1-Dim2);
preference mapping, ideal point model, quadratic (Carroll 1972)

model identity(Attrib1-Attrib3) = gpoint(Dim1-Dim2);

metric conjoint analysis

model identity(Subj1-Subj50)

class(a b ¢ d e f / zero=sum);

nonmetric conjoint analysis

model monotone(Subjl-Subj50) = class(a b ¢ d e f / zero=sum);

main effects, two-way interaction

model identity(y) = class(a|b);

less-than-full-rank model—main effects and two-way interaction are constrained to sum to zero

model identity(y) = class(alb / zero=sum);

main effects and all two-way interactions

model identity(y) = class(alb|c@2);
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main effects and all two- and three-way interactions

model identity(y) = class(alb|c);
main effects and only thie* c two-way interaction

model identity(y) = class(a b ¢ b *C);

seven main effects, three two-way interactions

model identity(y) = class(a b c d e f g a *b axc axd);

deviations-from-means (effects dr; 0; 1/) coding, with ara reference level of '1' and & reference
level of '2'

model identity(y) = class(alb / deviations zero=1 2);

cell-means coding (implicit intercept)

model identity(y) = class(a *b / zero=none);

reference cell model

model identity(y) = class(alb / zero=1 1);

reference line with change in line parameters

model identity(y) = class(a) | identity(x);

reference curve with change in curve parameters

model identity(y) = class(a) | spline(x);

separate curves and intercepts

model identity(y) = class(a / zero=none) | spline(x);

guantitative effects with interaction

model identity(y) = identity(x1 | x2);

separate quantitative effects with interaction within each cell

model identity(y) = class(a * b / zero=none) | identity(x1 | x2);
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Box-Cox Transformations

Box-Cox (1964) transformations are used to nd potentially nonlinear transformations of a dependent variable.
The Box-Cox transformation has the form

y 1/= a0
log.y/ DO

This family of transformations of the positive dependent varightecontrolled by the parameter Trans-
formations linearly related to square root, inverse, quadratic, cubic, and so on are all special cases. The limit
as approaches 0 is the log transformation. More generally, Box-Cox transformations of the following form
can be t:

2y Ccl  1l=.g/ o 0
log.y C c/=g DO

By default,c = 0. The parameter can be used to rescaeso that it is strictly positive. By defaulty = 1.
Alternatively,g can beP !, whereyPis the geometric mean of

The BOXCOX transformation in PROC TRANSREG can be used to perform a Box-Cox transformation
of the dependent variable. You can specify a list of power parameters by using the LAMB&pAisn.

By default, LAMBDA=-3 TO 3 BY 0.25. The procedure chooses the optimal power parameter by using a
maximum likelihood criterion (Draper and Smith 1981, pp. 225-226). You can specify the PARAMETER=
transformation option when you want to shift the valuey,afsually to avoid negatives. To divide § 1!,
specify the GEOMETRICMEAN-option.

Here are three examples of using the LAMBDAgption:

model BoxCox(y / lambda=0) = identity(x1-x5);
model BoxCox(y / lambda=-2 to 2 by 0.1) = identity(x1-x5);
model BoxCox(y) = identity(x1-x5);

Here is the rst example:

model BoxCox(y / lambda=0) = identity(x1-x5);
LAMBDA=0 speci es a Box-Cox transformation with a power parameter of 0. Since a single value of 0 was
speci ed for LAMBDA-=, there is no difference between the following models:

model BoxCox(y / lambda=0) = identity(x1-x5);

model log(y) = identity(x1-x5);
Here is the second example:

model BoxCox(y / lambda=-2 to 2 by 0.1) = identity(x1-x5);
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LAMBDA-= speci es a list of power parameters. PROC TRANSREG tries each power parameter in the list
and picks the best transformation. A maximum likelihood approach (Draper and Smith 1981, pp. 225-226)
is used. With Box-Cox transformations, PROC TRANSREG nds the transformation before the usual
iterations begin. Note that this is quite different from PROC TRANSREG's usual approach of iteratively
nding optimal transformations with ordinary and alternating least squares. It is analogous to SMOOTH and
PBSPLINE, which also nd transformations before the iterations begin based on a criterion other than least

squares.
Here is the third example:
model BoxCox(y) = identity(x1-x5);

The default LAMBDA-= list of =3 TO 3 BY 0.25 is used.

The procedure prints the optimal power parameter, a con dence interval on the power parameter (based on
the ALPHA=t-option), a “convenient” power parameter (selected from the Clloption list), and the log
likelihood for each power parameter tried (see Example 119.2).

To illustrate how Box-Cox transformations work, data were generated from the model

y D &€

where N.O; 1/. The transformed data can be t with a linear model

log.y/ D xC

The following statements produce Figure 119.14 through Figure 119.15:
titte Basic Box-Cox Example;

data x;
do x = 1 to 8 by 0.025;
y = exp(x + normal(7));
output;
end;
run;

ods graphics on;
titte2 Default Options;
proc transreg data=x test;

model BoxCox(y) = identity(x);
run;
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Figure 119.14 Basic Box-Cox Example, Default Output

Figure 119.14 shows that PROC TRANSREG correctly selects the log transformdlidp with a narrow
con dence interval. Thé& D t2 plot shows thaF is at its largest in the vicinity of the optimal Box-Cox

transformation.
The rest of the output, which contains the ANOVA results, is shown in Figure 119.15.

Figure 119.15 Basic Box-Cox Example, Default Output
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Figure 119.15 continued

This next example uses several options. The LAMBDAgption speci es power parameters sparsely
from -2 to —0.5 and 0.5 to 2 just to get the general shape of the log-likelihood function in that region.
Between —0.5 and 0.5, more power parameters are tried. The CONVENHeMiBN is speci ed so that if a
power parameter like D 1 or D 0is found in the con dence interval, it is used instead of the optimal
power parameter. PARAMETER=2 is speci ed to add 2 to epblefore performing the transformations.
ALPHA=0.00001 speci es a wide con dence interval.

These next statements perform the Box-Cox analysis and produce Figure 119.16 and Figure 119.17:
titte2 Several Options Demonstrated ;

proc transreg data=x ss2 details
plots=(transformation(dependent) scatter
observedbypredicted);
model BoxCox(y / lambda=-2 -1 -0.5 to 0.5 by 0.05 1 2
convenient parameter=2 alpha=0.00001) =
identity(x);
run;

Figure 119.16 Basic Box-Cox Example, Several Options Demonstrated
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The results in Figure 119.16 and Figure 119.17 show that the optimal power parameter is —0.1, but O is in
the con dence interval, and hence a log transformation is chosen. The actual Box-Cox transformation, the
original scatter plot, and observed by predicted values plot are shown in Figure 119.17.

Figure 119.17 Basic Box-Cox Example, Several Options Demonstrated
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