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Overview: LOGISTIC Procedure

Binary responses (for example, success and failure), ordinal responses (for example, normal, mild, and
severe), and nominal responses (for example, major TV networks viewed at a certain hour) arise in many
elds of study. Logistic regression analysis is often used to investigate the relationship between these discrete
responses and a set of explanatory variables. Texts that discuss logistic regression include Agresti (2013);
Allison (2012); Collett (2003); Cox and Snell (1989); Hosmer and Lemeshow (2013); Stokes, Davis, and
Koch (2012).

For binary response models, the respoisef an individual or an experimental unit can take on one of two
possible values, denoted for convenience by 1 and 2 (for exaMpld, if a disease is present, otherwiée

2). Suppose is a vector of explanatory variables andD Pr.Y D 1| x/ is the response probability to be
modeled. The linear logistic model has the form

logit. /  log T D c %

LOGISTIC procedure, by default, models the probability ofldveer response levels.

The logistic model shares a common feature with a more general class of linear models: a fymztgpn

of the mean of the response variable is assumed to be linearly related to the explanatory variables. Because
the mean implicitly depends on the stochastic behavior of the response, and the explanatory variables are
assumed to be xed, the functianprovides the link between the random (stochastic) component and the
systematic (deterministic) component of the response vartalhier this reason, Nelder and Wedderburn
(1972) refer tay. / as a link function. One advantage of the logit function over other link functions is that
differences on the logistic scale are interpretable regardless of whether the data are sampled prospectively
or retrospectively (McCullagh and Nelder 1989, Chapter 4). Other link functions that are widely used in
practice are the probit function and the complementary log-log function. The LOGISTIC procedure enables
you to choose one of these link functions, resulting in tting a broader class of binary response models of the
form

g/ D Cc %

For ordinal response models, the respoiYsef an individual or an experimental unit might be restricted to

one of a (usually small) number of ordered values, denoted for convenierige hyk; k C 1. For example,

the severity of coronary disease can be classi ed into three response categories as 1 = no disease, 2 = angina
pectoris, and 3 = myocardial infarction. The LOGISTIC procedure ts a common slopes cumulative model,
which is a parallel lines regression model based on the cumulative probabilities of the response categories
rather than on their individual probabilities. The cumulative model dekessponse functions of the form

g.PrY ijx/iD ;iCc % iD1;::::k

cumulative logit, cumulative probit, and cumulative complementary log-log links. These models have been
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considered by many researchers. Aitchison and Silvey (1957) and Ashford (1959) employ a probit scale
and provide a maximum likelihood analysis; Walker and Duncan (1967) and Cox and Snell (1989) discuss

the use of the log odds scale. For the log odds scale, the cumulative logit model is often referred to as the
proportional oddsmodel.

Besides the three preceding cumulative response models, the LOGISTIC procedure provides a fourth ordinal
response model, the common slopé§acent-categorjogit model. This model uses the adjacent-category
logit link function, which is based on the individual probabilities of the response categories and has the form

PrY Dijx/
PrYDiC1jx/

log D iCc % iD1::::k

You can use this model when you want to interpret results in terms of the individual response categories
instead of cumulative categories.

For nominal response logistic models, wherekhe 1 possible responses have no natural ordering, the logit
model can be extended taraultinomialmodel known as generalizedr baseline-categoriogit model,
which has the form

Pr.Y Dijx/
PrY DKkC1jx/

models are a special case of ttiscrete choic®r conditional logitmodels introduced by McFadden (1974).

The LOGISTIC procedure enables you to relax the parallel lines assumption in ordinal response models, and
apply the parallel lines assumption to nominal response models, by specifying parallel line, constrained, and
unconstrained parameters as in Peterson and Harrell (1990) and Agresti (2010). The linear predictors for
these models have the form

(unconstraineyiparameters, and thes are theconstrainedslope parameters whose constraints are provided

by the diagona€; matrix. To t these models, you specify the EQUALSLOPES and UNEQUALSLOPES
options in the MODEL statement. Models that have cumulative logits and both equal and unequal slopes
parameters are callgzhrtial proportional oddsmodels, and models that have only unequal slope parameters
are calledgeneralmodels.

The LOGISTIC procedure ts linear logistic regression models for discrete response data by the method of
maximum likelihood. It can also perform conditional logistic regression for binary response data and exact

logistic regression for binary and nominal response data. The maximum likelihood estimation is carried

out with either the Fisher scoring algorithm or the Newton-Raphson algorithm, and you can perform the

bias-reducing penalized likelihood optimization as discussed by Firth (1993) and Heinze and Schemper
(2002). You can specify starting values for the parameter estimates.

Any term speci ed in the model is referred to as affiect The LOGISTIC procedure enables you to
specify categorical variables (also knownceassi cationor CLASS variablésand continuous variables as
explanatory effects. You can also specify more complex model terms such as interactions and nested terms
in the same way as in the GLM procedure. You can create congplastructed effectsith the EFFECT
statement. An effect in the model that is not an interaction or a nested term or a constructed effect is referred
to as amain effect
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The LOGISTIC procedure allows either a full-rank parameterization or a less-than-full-rank parameterization
of the CLASS variables. The full-rank parameterization offers eight coding methods: effect, reference,
ordinal, polynomial, and orthogonalizations of these. The effect coding is the same method that is used by
default in the CATMOD procedure. The less-than-full-rank parameterization, often daliechy coding

is the same coding as that used by default in the GENMOD, GLIMMIX, GLM, HPGENSELECT, and
HPLOGISTIC procedures.

The LOGISTIC procedure provides four effect selection methods: forward selection, backward elimination,
stepwise selection, and best subset selection. The best subset selection is based on the likelihood score
statistic. This method identi es a speci ed number of best models containing one, two, three effects, and so
on, up to a single model containing effects for all the explanatory variables.

The LOGISTIC procedure has some additional options to control how to move effects in and out of a model
with the forward selection, backward elimination, or stepwise selection model-building strategies. When there
are no interaction terms, a main effect can enter or leave a model in a single step baseghealdbef the

score or Wald statistic. When there are interaction terms, the selection process also depends on whether you
want to preserve model hierarchy. These additional options enable you to specify whether model hierarchy is
to be preserved, how model hierarchy is applied, and whether a single effect or multiple effects can be moved
in a single step.

Odds ratio estimates are displayed along with parameter estimates. You can also specify the change in the
continuous explanatory main effects for which odds ratio estimates are desired. Con dence intervals for the
regression parameters and odds ratios can be computed based either on the pro le-likelihood function or on
the asymptotic normality of the parameter estimators. You can also produce odds ratios for effects that are
involved in interactions or nestings, and for any type of parameterization of the CLASS variables.

Various methods to correct for overdispersion are provided, including Williams' method for grouped binary
response data. The adequacy of the tted model can be evaluated by various goodness-of- t tests, including
the Hosmer-Lemeshow test for binary response data.

Like many procedures in SAS/STAT software that enable the speci cation of CLASS variables, the LOGIS-
TIC procedure provides a CONTRAST statement for specifying customized hypothesis tests concerning
the model parameters. The CONTRAST statement also provides estimation of individual rows of contrasts,
which is particularly useful for obtaining odds ratio estimates for various levels of the CLASS variables.
The LOGISTIC procedure also provides testing capability through the ESTIMATE and TEST statements.
Analyses of LS-means are enabled with the LSMEANS, LSMESTIMATE, and SLICE statements.

You can perform a conditional logistic regression on binary response data by specifying the STRATA
statement. This enables you to perform matched-set and case-control analyses. The number of events and
nonevents can vary across the strata. Many of the features available with the unconditional analysis are also
available with a conditional analysis.

The LOGISTIC procedure enables you to perform exact logistic regression, also known as exact conditional
logistic regression, by specifying one or more EXACT statements. You can test individual parameters or
conduct a joint test for several parameters. The procedure computes two exact tests: the exact conditional
score test and the exact conditional probability test. You can request exact estimation of speci ¢ parameters
and corresponding odds ratios where appropriate. Point estimates, standard errors, and con dence intervals
are provided. You can perform strati ed exact logistic regression by specifying the STRATA statement.
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Further features of the LOGISTIC procedure enable you to do the following:

control the ordering of the response categories

compute a generalized R-square measure for the tted model

reclassify binary response observations according to their predicted response probabilities

test linear hypotheses about the regression parameters

create a data set for producing a receiver operating characteristic (ROC) curve for each tted model
specify contrasts to compare several receiver operating characteristic curves

create a data set containing the estimated response probabilities, residuals, and in uence diagnostics
score a data set by using a previously tted model

store the model for input to the PLM procedure

The LOGISTIC procedure uses ODS Graphics to create graphs as part of its output. For general information
about ODS Graphics, see Chapter 21, “Statistical Graphics Using ODS.” For more information about the
plots implemented in PROC LOGISTIC, see the section “ODS Graphics” on page 5428.

The remaining sections of this chapter describe how to use PROC LOGISTIC and discuss the underlying
statistical methodology. The section “Getting Started: LOGISTIC Procedure” on page 5296 introduces
PROCLOGISTICwith an example for binary response data. The section “Syntax: LOGISTIC Procedure” on
page 5303 describes the syntax of the procedure. The section “Details: LOGISTIC Procedure” on page 5370
summarizes the statistical technique employed by PROC LOGISTIC. The section “Examples: LOGISTIC
Procedure” on page 5430 illustrates the use of the LOGISTIC procedure.

For more examples and discussion on the use of PROC LOGISTIC, see Stokes, Davis, and Koch (2012);
Allison (1999); SAS Institute Inc. (1995).

Getting Started: LOGISTIC Procedure

The LOGISTIC procedure is similar in use to the other regression procedures in the SAS System. To
demonstrate the similarity, suppose the response varaisidinary or ordinal, ancl andx2 are two
explanatory variables of interest. To t a logistic regression model, you can specify a MODEL statement
similar to that used in the REG procedure. For example:

proc logistic;
model y=x1 x2;
run;

The response variablecan be either character or numeric. PROC LOGISTIC enumerates the total number
of response categories and orders the response levels according to the response variable option ORDER=in
the MODEL statement.

You can also input binary response data that are grouped. In the following statemesyisesents the
number of trials and represents the number of events:

proc logistic;
model r/n=x1 x2;
run;
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The following example illustrates the use of PROC LOGISTIC. The data, taken from Cox and Snell (1989, pp.
10-11), consist of the number,of ingots not ready for rolling, out of tested, for a number of combinations
of heating time and soaking time.

data ingots;

input Heat Soak r n @@;

datalines;

0010 1410031 2710156 51 1.0 3
7017 14 1.7 043 27 1.7 4 44 51170
20 7 1422233 2722021 51220
8012 14 28 031 2728122 51400
00 9 14 40019 27 40 1 16

The following invocation of PROC LOGISTIC ts the binary logit model to the grouped data. The continuous
covariatedHeat andSoak are speci ed as predictors, and the bar notation (“|”) includes their interaction,
Heat* Soak. The ODDSRATIO statement produces odds ratios in the presence of interactions, and a graphical
display of the requested odds ratios is produced when ODS Graphics is enabled.

ods graphics on;
proc logistic data=ingots;
model r/n = Heat | Soak;
oddsratio Heat / at(Soak=1 2 3 4);
run;

The results of this analysis are shown in the following gures. PROC LOGISTIC rst lists background
information in Figure 72.1 about the tting of the model. Included are the name of the input data set, the
response variable(s) used, the number of observations used, and the link function used.

Figure 72.1 Binary Logit Model

The “Response Pro le” table (Figure 72.2) lists the response categories (which are Event and Nonevent when
grouped data are input), their ordered values, and their total frequencies for the given data.
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Figure 72.2 Response Pro le with Events/Trials Syntax

The “Model Fit Statistics” table (Figure 72.3) contains Akaike's information criterion (AIC), the Schwarz
criterion (SC), and the negative of twice the log likelihood (-2 Log L) for the intercept-only model and the
tted model. AIC and SC can be used to compare different models, and the ones with smaller values are
preferred. Results of the likelihood ratio test and the ef cient score test for testing the joint signi cance of the
explanatory variablesspak, Heat, and their interaction) are included in the “Testing Global Null Hypothesis:

BETA=0" table (Figure 72.3); the smallvalues reject the hypothesis that all slope parameters are equal to
zero.

Figure 72.3 Fit Statistics and Hypothesis Tests

The “Analysis of Maximum Likelihood Estimates” table in Figure 72.4 lists the parameter estimates, their
standard errors, and the results of the Wald test for individual parameters. Note tHaatf&oak parameter
is not signi cantly different from zerog=0.727), nor is th&oak variable £=0.6916).

Figure 72.4 Parameter Estimates
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The “Association of Predicted Probabilities and Observed Responses” table (Figure 72.5) contains four
measures of association for assessing the predictive ability of a model. They are based on the number of pairs
of observations with different response values, the number of concordant pairs, and the number of discordant
pairs, which are also displayed. Formulas for these statistics are given in the section “Rank Correlation of
Observed Responses and Predicted Probabilities” on page 5386.

Figure 72.5 Association Table

The ODDSRATIO statement produces the “Odds Ratio Estimates and Wald Con dence Intervals” table
(Figure 72.6), and a graphical display of these estimates is shown in Figure 72.7. The differences between
the odds ratios are small compared to the variability shown by their con dence intervals, which con rms the
previous conclusion that th¢eat* Soak parameter is not signi cantly different from zero.

Figure 72.6 Odds Ratios of Heat at Several Values of Soak
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Figure 72.7 Plot of Odds Ratios of Heat at Several Values of Soak

Because theéleat* Soak interaction is nonsigni cant, the following statements t a main-effects model:

proc logistic data=ingots;
model r/n = Heat Soak;
run;

The results of this analysis are shown in the following gures. The model information and response pro les
are the same as those in Figure 72.1 and Figure 72.2 for the saturated model. The “Model Fit Statistics” table
in Figure 72.8 shows that the AIC and SC for the main-effects model are smaller than for the saturated model,
indicating that the main-effects model might be the preferred model. As in the preceding model, the “Testing
Global Null Hypothesis: BETA=0" table indicates that the parameters are signi cantly different from zero.
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Figure 72.8 Fit Statistics and Hypothesis Tests

The “Analysis of Maximum Likelihood Estimates” table in Figure 72.9 again shows tha&dhle parameter

is not signi cantly different from zero=0.8639). The odds ratio for each effect parameter, estimated

by exponentiating the corresponding parameter estimate, is shown in the “Odds Ratios Estimates” table
(Figure 72.9), along with 95% Wald con dence intervals. The con dence interval fostizé parameter
contains the value 1, which also indicates that this effect is not signi cant.

Figure 72.9 Parameter Estimates and Odds Ratios

Using these parameter estimates, you can calculate the estimated logitof

5:5592C 0:082 Heat C 0:0568 Soak
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For example, iHeat=7 andSoak=1, then logith D 4:9284 Using this logit estimate, you can calculate
b as follows:

b D 1=.1C €*9%84/ D 0:0072

This gives the predicted probability of the event (ingot not ready for rollingjtet=7 andSoak=1. Note that
PROC LOGISTIC can calculate these statistics for you; use the OUTPUT statement with the PREDICTED=
option, or use the SCORE statement.

To illustrate the use of an alternative form of input data, the following program creategtitedata set

with the new variableslotReady andFreq instead ofr andr. The variableNotReady represents the response

of individual units; it has a value of 1 for units not ready for rolling (event) and a value of O for units ready
for rolling (nonevent). The variablereq represents the frequency of occurrence of each combination of

Heat, Soak, andNotReady. Note that, compared to the previous data NetReady=1 impliesFreq=r, and
NotReady=0 impliesFreq=n—.

data ingots;
input Heat Soak NotReady Freq @@;
datalines;

14 1.0 0 31
14 1.7 0 43
14 221 2
14 22 0 31
14 28 0 31

14 4.0 0 19
27101 1
27 1.0 0 55
27 171 4
27 1.7 0 40

27 22 0 21
27 281 1
27 28 0 21
27401 1
27 40 0 15

The following statements invoke PROC LOGISTIC to t the main-effects model by using the alternative
form of the input data set:

proc logistic data=ingots;
model NotReady(event=1) = Heat Soak;
freq Freq;

run;

Results of this analysis are the same as the preceding single-trial main-effects analysis. The displayed output
for the two runs are identical except for the background information of the model t and the “Response
Pro le” table shown in Figure 72.10.

Figure 72.10 Response Pro le with Single-Trial Syntax

By default, Ordered Values are assigned to the sorted response values in ascending order, and PROC
LOGISTIC models the probability of the response level that corresponds to the Ordered Value 1. There
are several methods to change these defaults; the preceding statements specify the response variable option
EVENT= to model the probability dflotReady=1 as displayed in Figure 72.10. For more information, see

the section “Response Level Ordering” on page 5370.
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Syntax: LOGISTIC Procedure

The following statements are available in the LOGISTIC procedure:

PROC LOGISTIC <options > ;
BY variables ;
CLASS variable < (options) > <variable <(options)> ... > </ options > ;
CODE <options > ;
CONTRAST label effect values<, effect values, ... > </ options > ;
EFFECT name=effect-type(variables </ options >) ;
EFFECTPLOT < plot-type < (plot-de nition-options ) >> </ options > ;
ESTIMATE < label > estimate-speci cation </ options>;
EXACT < label > <INTERCEPT > <effects > </ options > ;
EXACTOPTIONS options ;
FREQ variable ;
ID variables ;
LSMEANS < model-effects > </ options > ;
LSMESTIMATE model-effect Ismestimate-speci cation </ options > ;
<label: > MODEL variable < (variable_options) > = <effects > </ options > ;
<label: > MODEL events/trials = <effects > </ options > ;
NLOPTIONS options ;
ODDSRATIO < label >variable </ options> ;
OUTPUT <OUT=SAS-data-set > < keyword=name <keyword=name ... >> </ option > ;
ROC < label > <specication > </ options > ;
ROCCONTRAST < label > <contrast> </ options > ;
SCORE <options > ;
SLICE model-effect </ options > ;
STORE <OUT=>item-store-name </ LABEL= label >;
STRATA effects </ options > ;
<label: > TEST equationl <,equation2, ... > </ option> ;
UNITS <independentl=listl <independent2=list2 ... >> </ option > ;
WEIGHT variable </ option> ;

The PROC LOGISTIC and MODEL statements are required. The CLASS and EFFECT statements (if
speci ed) must precede the MODEL statement, and the CONTRAST, EXACT, and ROC statements (if
speci ed) must follow the MODEL statement.

The PROC LOGISTIC, MODEL, and ROCCONTRAST statements can be speci ed at most once. If a FREQ
or WEIGHT statement is speci ed more than once, the variable speci ed in the rst instance is used. If a BY,
OUTPUT, or UNITS statement is speci ed more than once, the last instance is used.

The rest of this section provides detailed syntax information for each of the preceding statements, beginning
with the PROC LOGISTIC statement. The remaining statements are covered in alphabetical order. The CODE,
EFFECT, EFFECTPLOT, ESTIMATE, LSMEANS, LSMESTIMATE, SLICE, and STORE statements are
also available in many other procedures. Summary descriptions of functionality and syntax for these
statements are provided, but you can nd full documentation on them in the corresponding sections of
Chapter 19, “Shared Concepts and Topics.”
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PROC LOGISTIC Statement
PROC LOGISTIC <options> ;

The PROC LOGISTIC statement invokes the LOGISTIC procedure. Optionally, it identi es input and output
data sets, suppresses the display of results, and controls the ordering of the response levels. Table 72.1
summarizes theptions available in the PROC LOGISTIC statement.

Table 72.1 PROC LOGISTIC Statement Options

Option Description

Input/Output Data Set Options

CovouT Displays the estimated covariance matrix in the OUTEST= data set
DATA= Names the input SAS data set

INEST= Speci es the initial estimates SAS data set

INMODEL= Speci es the model information SAS data set

NOCOV Does not save covariance matrix in the OUTMODEL= data set
OUTDESIGN= Speci es the design matrix output SAS data set
OUTDESIGNONLY  Outputs the design matrix only

OUTEST= Speci es the parameter estimates output SAS data set
OUTMODEL= Speci es the model output data set for scoring

Response and CLASS Variable Options

DESCENDING Reverses the sort order of the response variable

NAMELEN= Speci es the maximum length of effect names

ORDER= Speci es the sort order of the response variable

TRUNCATE Truncates class level names

Displayed Output Options

ALPHA= Speci es the signi cance level for con dence intervals
NOPRINT Suppresses all displayed output

PLOTS Speci es options for plots

SIMPLE Displays descriptive statistics

Large Data Set Option

MULTIPASS Does not copy the input SAS data set for internal computations
Control of Other Statement Options

EXACTONLY Performs exact analysis only

EXACTOPTIONS Speci es global options for EXACT statements
ROCOPTIONS Speci es global options for ROC statements
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ALPHA=number
speci es the level of signi cance for 100.1 / % con dence intervals. The valueimber must be
between 0 and 1; the default value is 0.05, which results in 95% intervals. This value is used as the
default con dence level for limits computed by the followingtions:

Statement Options

CONTRAST ESTIMATE=

EXACT ESTIMATE=

MODEL CLODDS= CLPARM=
ODDSRATIO CL=

OUTPUT LOWER= UPPER=

PROC LOGISTIC PLOTS=EFFECT(CLBAR CLBAND)
ROCCONTRAST ESTIMATE=

SCORE CLM
You can override the default in most of these cases by specifying the ALPHA= option in the separate
statements.
COvouT

adds the estimated covariance matrix to the OUTEST= data set. For the COVOUT option to have
an effect, the OUTEST= option must be speci ed. See the section “OUTEST= Output Data Set” on
page 5412 for more information.

DATA=SAS-data-set
names the SAS data set containing the data to be analyzed. If you omit the DATA= option, the
procedure uses the most recently created SAS data set. The INMODEL= option cannot be speci ed
with this option.

DESCENDING

DESC
reverses the sort order for the levels of the response variable. If boBFBBEENDINGand ORDER=
options are speci ed, PROC LOGISTIC orders the levels according to the ORDER= option and then
reverses that order. This option has the same effect as the response variable option DESCENDING in
the MODEL statement. See the section “Response Level Ordering” on page 5370 for more detail.

EXACTONLY
requests only the exact analyses. The asymptotic analysis that PROC LOGISTIC usually performs is
suppressed.
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EXACTOPTIONS (options)
speci es options that apply to every EXACT statement in the program. The avadatibes are
summarized here, and full descriptions are available in the EXACTOPTIONS statement.

Option Description

ABSFCONV Speci es the absolute function convergence criterion

ADDTOBS Adds the observed suf cient statistic to the sampled exact distribution
BUILDSUBSETS Builds every distribution for sampling

EPSILON= Speci es the comparison fuzz for partial sums of suf cient statistics
FCONV Speci es the relative function convergence criterion

MAXTIME= Speci es the maximum time allowed in seconds

METHOD= Speci es the DIRECT, NETWORK, NETWORKMC, or MCMC algorithm
N= Speci es the number of Monte Carlo samples

ONDISK Uses disk space

SEED= Speci es the initial seed for sampling

STATUSN= Speci es the sampling interval for printing a status line
STATUSTIME= Speci es the time interval for printing a status line

XCONV Speci es the relative parameter convergence criterion

INEST=SAS-data-set
names the SAS data set that contains initial estimates for all the parameters in the model. If BY-group
processing is used, it must be accommodated in setting up the INEST= data set. See the section
“INEST= Input Data Set” on page 5414 for more information.

INMODEL=SAS-data-set
speci es the name of the SAS data set that contains the model information needed for scoring new
data. This INMODEL= data set is the OUTMODEL= data set saved in a previous PROC LOGISTIC
call. The OUTMODEL= data set should not be modi ed before its use as an INMODEL= data set.

The DATA= option cannot be speci ed with this option; instead, specify the data sets to be scored
in the SCORE statements. FORMAT statements are not allowed when the INMODEL= data set is
speci ed; variables in the DATA= and PRIOR= data sets in the SCORE statement should be formatted
within the data sets.

You can specify the BY statement provided that the INMODEL= data set is created under the same
BY-group processing.

The CLASS, EFFECT, EFFECTPLOT, ESTIMATE, EXACT, LSMEANS, LSMESTIMATE, MODEL,
OUTPUT, ROC, ROCCONTRAST, SLICE, STORE, TEST, and UNIT statements are not available
with the INMODEL= option.

MULTIPASS
forces the procedure to reread the DATA= data set as needed rather than require its storage in memory
or in a temporary le on disk. By default, the data set is cleaned up and stored in memory or in a
temporary le. This option can be useful for large data sets. All exact analyses are ignored in the
presence of the MULTIPASS option. If a STRATA statement is speci ed, then the data set must rst
be grouped or sorted by the strata variables.
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NAMELEN=number
speci es the maximum length of effect names in tables and output data setsumber characters,
wherenumber is a value between 20 and 200. The default length is 20 characters.

NOCQV
speci es that the covariance matrix not be saved in the OUTMODEL= data set. The covariance matrix
is needed for computing the con dence intervals for the posterior probabilities in the OUT= data set in
the SCORE statement. Specifying this option will reduce the size of the OUTMODEL= data set.

NOPRINT
suppresses all displayed output. Note that this option temporarily disables the Output Delivery System
(ODS); see Chapter 20, “Using the Output Delivery System,” for more information.

ORDER=DATA | FORMATTED | FREQ | INTERNAL

RORDER=DATA | FORMATTED | INTERNAL
speci es the sort order for the levels of the response variable. See the response variable option
ORDER= in the MODEL statement for more information. For ordering of CLASS variable levels, see
the ORDER= option in the CLASS statement.

OUTDESIGN=SAS-data-set
speci es the name of the data set that contains the design matrix for the model. The data set contains
the same number of observations as the corresponding DATA= data set and includes the response
variable (with the same format as in the DATA= data set), the FREQ variable, the WEIGHT variable,
the OFFSET= variable, and the design variables for the covariates, including the Intercept variable of
constant value 1 unless the NOINT option in the MODEL statement is speci ed.

OUTDESIGNONLY
suppresses the model tting and creates only the OUTDESIGN= data set. This option is ignored if the
OUTDESIGN= option is not speci ed.

OUTEST=SAS-data-set
creates an output SAS data set that contains the nal parameter estimates and, optionally, their estimated
covariances (see the preceding COVOUT option). The output data set also includes a variable named
_LNLIKE_, which contains the log likelihood. See the section “OUTEST= Output Data Set” on
page 5412 for more information.

OUTMODEL=SAS-data-set
speci es the name of the SAS data set that contains the information about the tted model. This data
set contains suf cient information to score new data without having to re t the model. It is solely used
as the input to the INMODEL= option in a subsequent PROC LOGISTIC call. The OUTMODEL=
option is not available with the STRATA statement. Information in this data set is stored in a very
compact form, so you should not modify it manually.

NOTE: The STORE statement can also be used to save your model. See the section “STORE Statement”
on page 5366 for more information.
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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 onlylanequest, you can
omit the parentheses from around thet-request. For example:

PLOTS = ALL
PLOTS = (ROC EFFECT INFLUENCE(UNPACK))
PLOTS(ONLY) = EFFECT(CLBAR SHOWOBS)

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

ods graphics on;

proc logistic plots=all;
model y=x;

run;

For more information about enabling and disabling ODS Graphics, see the section “Enabling and
Disabling ODS Graphics” on page 609 in Chapter 21, “Statistical Graphics Using ODS.”

If the PLOTS option is not speci ed or is speci ed with not-requests, then graphics are produced
by default in the following situations:

If the INFLUENCE or IPLOTS option is speci ed in the MODEL statement, then the INFLU-
ENCE plots are produced unless the MAXPOINTS= cutoff is exceeded.

If you specify the OUTROC= option in the MODEL statement, then ROC curves are produced.
If you also specify a SELECTION= method, then an overlaid plot of all the ROC curves for each
step of the selection process is displayed.

If the OUTROC-= option is speci ed in a SCORE statement, then the ROC curve for the scored
data set is displayed.

If you specify ROC statements, then an overlaid plot of the ROC curves for the model (or the
selected model if a SELECTION= method is speci ed) and for all the ROC statement models is
displayed.

If you specify the CLODDS= option in the MODEL statement or if you specify the ODDSRATIO
statement, then a plot of the odds ratios and their con dence limits is displayed.

For general information about ODS Graphics, see Chapter 21, “Statistical Graphics Using ODS.”

The following global-plot-options are available:

LABEL
displays a label on diagnostic plots to aid in identifying the outlying observations. This option
enhances the plots produced by the DFBETAS, DPC, INFLUENCE, LEVERAGE, and PHAT
options. If an ID statement is speci ed, then the plots are labeled with the ID variables. Otherwise,
the observation number is displayed.
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MAXPOINTS=NONE | number

suppresses the plots produced by the DFBETAS, DPC, INFLUENCE, LEVERAGE, and PHAT
options if there are more thammber observations. Also, observations are not displayed on the
EFFECT plots when the cutoff is exceeded. The default is MAXPOINTS=5000. The cutoff is
ignored if you specify MAXPOINTS=NONE.

ONLY

speci cally requesteglot-requests are displayed.

UNPACKPANELS | UNPACK

suppresses paneling. By default, multiple plots can appear in some qatpels Specify
UNPACKPANEL to display each plot separately.

The followingplot-requests are available:

ALL

produces all appropriate plots. You can specify other options with ALL. For example, to display
all plots and unpack the DFBETAS plots you can spepifys=(all dfbetas(unpack))

DFBETAS < (UNPACK) >

displays plots of DFBETAS versus the case (observation) number. This displays the statistics
generated by the DFBETAS=_ALL_option in the OUTPUT statement. The UNPACK option
displays the plots separately. See Output 72.6.5 for an example of this plot.

DPC< (dpc-options) >

displays plots of DIFCHISQ and DIFDEYV versus the predicted event probability, and displays
the markers according to the value of the con dence interval displacete3ge Output 72.6.8
for an example of this plot. You can specify the followitigc-options:

MAXSIZE=Smax
species the maximum size when TYPE=BUBBLE or TYPE=LABEL. For
TYPE=BUBBLE, the size is the bubble radius and MAXSIZE=21 by default; for
TYPE=LABEL, the size is the font size and MAXSIZE=20 by default. Tdyis-option is
ignored if TYPE=GRADIENT.

MAXVALUE=Cmax
displays all observations for which Cmaxat the value of the MAXSIZE= option when
TYPE=BUBBLE or TYPE=LABEL. By defaultCmax=max;.C;/. This dpc-option is
ignored if TYPE=GRADIENT.

MINSIZE=Smin
speci es the minimum size when TYPE=BUBBLE or TYPE=LABEL. Any observation
that maps to a smaller size is displayed at this size. For TYPE=BUBBLE, the size is the
bubble radius and MINSIZE=3.5 by default; for TYPE=LABEL, the size is the font size and
MINSIZE=2 by default. Thiglpc-option is ignored if TYPE=GRADIENT.



5310 F Chapter 72: The LOGISTIC Procedure

TYPE=BUBBLE | GRADIENT | LABEL
speci es how theC statistic is displayed. You can specify the following values:

BUBBLE displays circular markers whose areas are proportior@2ktnd whose colors
are determined by their response.

GRADIENT  colors the markers according to the valueCof

LABEL displays the ID variables (if an ID statement is speci ed) or the observation
number. The colors of the ID variable or observation numbers are determined
by their response, and their font sizes are proportion%.

By default, TYPE=GRADIENT.

UNPACKPANELS | UNPACK
displays the plots separately.

EFFECT< (effect-options) >
displays and enhances the effect plots for the model. For more information about effect plots and
the availablesffect-options, see the section “PLOTS=EFFECT Plots” on page 5313.

NoTE: The EFFECTPLOT statement provides much of the same functionality and more options
for creating effect plots. See Outputs 72.2.11, 72.3.5, 72.4.8, 72.7.4, and 72.16.4 for examples of
effect plots.

INFLUENCE< (UNPACK | STDRES) >
displays index plots of RESCHI, RESDEV, leverage, con dence interval displacements C and
CBar, DIFCHISQ, and DIFDEV. These plots are produced by default wheplatigequest is
speci ed and the MAXPOINTS= cutoff is not exceeded. The UNPACK option displays the plots
separately. The STDRES option also displays index plots of STDRESCHI, STDRESDEV, and
RESLIK. See Outputs 72.6.3 and 72.6.4 for examples of these plots.

LEVERAGE< (UNPACK) >
displays plots of DIFCHISQ, DIFDEV, con dence interval displacement C, and the predicted
probability versus the leverage. The UNPACK option displays the plots separately. See Out-
put 72.6.7 for an example of this plot.

NONE
suppresses all plots.

ODDSRATIO < (oddsratio-options) >
displays and enhances the odds ratio plots for the model. For more information about odds ratio
plots and the availableddsratio-options, see the section “Odds Ratio Plots” on page 5316. See
Outputs 72.7,72.2.9, 72.3.3, and 72.4.5 for examples of this plot.

PHAT< (UNPACK) >
displays plots of DIFCHISQ, DIFDEV, con dence interval displacement C, and leverage ver-
sus the predicted event probability. The UNPACK option displays the plots separately. See
Output 72.6.6 for an example of this plot.
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ROC< (ID< =keyword >) >
displays the ROC curve. If you also specify a SELECTION= method, then an overlaid plot
of all the ROC curves for each step of the selection process is displayed. If you specify ROC
statements, then an overlaid plot of the model (or the selected model if a SELECTION= method
is speci ed) and the ROC statement models is displayed. If the OUTROC= option is speci ed in
a SCORE statement, then the ROC curve for the scored data set is displayed.

The ID= option labels certain points on the ROC curve. Typically, the labeled points are closest
to the upper left corner of the plot, and points directly below or to the right of a labeled point are
suppressed. This option is identical to, and has the $agveords as, the ID= suboption of the
ROCOPTIONS option.

You can de ne the following macro variables to modify the labels and titles on the graphic:

_ROC_ENTRY_ID sets the note for the ID= option on the ROC plot.
_ROC_ENTRYTITLE sets the rst title line on the ROC plot.
_ROC_ENTRYTITLE2 sets the second title line on the ROC plot.

_ROC_XAXISOPTS_LABEL sets the X-axis label on the ROC and overlaid ROC plots.
_ROC_YAXISOPTS_LABEL sets the Y-axis label on the ROC and overlaid ROC plots.
_ROCOVERLAY_ENTRYTITLE sets the title on the overlaid ROC plot.

To revert to the default labels and titles, you can specify the macro variables in a %SYMDEL
statement. For example:

%let _ROC_ENTRYTITLE=New Title;
Submit PROC LOGISTIC statement
%symdel _ROC_ENTRYTITLE;

See Output 72.7.3 and Example 72.8 for examples of these ROC plots.

ROCOPTIONS (options)
speci es options that apply to every model speci ed in a ROC statement. Some ofdtises also
apply to the SCORE statement. The followingtions are available:

ALPHA=number
sets the signi cance level for creating con dence limits of the areas and the pairwise differences.
The ALPHA= value speci ed in the PROC LOGISTIC statement is the default. If neither
ALPHA= value is speci ed, then ALPHA=0.05 by default.

CROSSVALIDATE | X

uses cross validated predicted probabilities instead of the model-predicted probabilities for
all ROC and area under the ROC curve (AUC) computations; for more information, see the

section “Classi cation Table” on page 5388. The cross validated probabilities are also used in

computations for the “Association of Predicted Probabilities and Observed Responses” table.
If you use a SCORE statement, then the OUTROC= data set and the AUC statistic from the
FITSTAT option use the cross validated probabilities only when you score the original data set;

otherwise, the model-predicted probabilities are used.
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EPS=value
is an alias for the ROCEPS= option in the MODEL statement. This value is used to determine
which predicted probabilities are equal. The default value is the square root of the machine
epsilon, which is about 1E-8.

ID< =keyword >
displays labels on certain points on the individual ROC curves and also on the SCORE statement's
ROC curve. This option overrides the ID= suboption of the PLOTS=ROC option. If several
observations lie at the same place on the ROC curve, the value for the last observation is displayed.
If you specify the ID option with nd&eyword, any variables that are listed in the ID statement
are used. If no ID statement is speci ed, the observation number is displayed. The following
keywords are available:

PROB displays the model predicted probability.

OBS displays the (last) observation number.

SENSIT displays the true positive fraction (sensitivity).

1MSPEC displays the false positive fraction (1-speci city).

FALPOS displays the fraction of nonevents that are predicted as events.
FALNEG displays the fraction of events that are predicted as nonevents.

POSPRED  displays the positive predictive value (1-FALPOS).
NEGPRED  displays the negative predictive value (1-FALNEG).
MISCLASS  displays the misclassi cation rate.

ID displays the ID variables.

The SENSIT, IMSPEC, FALPOS, and FALNEG statistics are de ned in the section “Receiver
Operating Characteristic Curves” on page 5393. The misclassi cation rate is the number of
events that are predicted as nonevents and the number of nonevents that are predicted as events
as calculated by using the given cutpoint (predicted probability) divided by the number of
observations. If the PEVENT= option is also speci ed, then FALPOS and FALNEG are computed
using the rst PEVENT= value and Bayes' theorem, as discussed in the section “False Positive,
False Negative, and Correct Classi cation Rates Using Bayes' Theorem” on page 5389.

NODETAILS
suppresses the display of the model tting information for the models speci ed in the ROC
statements.

OUT=SAS-data-set-name
is an alias for the OUTROC= option in the MODEL statement.

WEIGHTED
uses frequencyweight in the ROC computations (Izrael et al. 2002) instead of just frequency.
Typically, weights are considered in the t of the model only, and hence are accounted for in the
parameter estimates. The “Association of Predicted Probabilities and Observed Responses” table
uses frequency (unless the BINWIDTH=0 option is also speci ed on the MODEL statement), and
is suppressed when ROC comparisons are performed. This option also affects SCORE statement
ROC and area under the ROC curve (AUC) computations.
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SIMPLE
displays simple descriptive statistics (mean, standard deviation, minimum and maximum) for each
continuous explanatory variable. For each CLASS variable involved in the modeling, the frequency
counts of the classi cation levels are displayed. The SIMPLE option generates a breakdown of the
simple descriptive statistics or frequency counts for the entire data set and also for individual response

categories.

TRUNCATE
determines class levels by using no more than the rst 16 characters of the formatted values of CLASS,
response, and strata variables. When formatted values are longer than 16 characters, you can use this
option to revert to the levels as determined in releases previous to SAS 9.0. This option invokes the
same option in the CLASS statement.

PLOTS=EFFECT Plots

Only one PLOTS=EFFECT plot is produced by default; you must specify effeat-options to produce
multiple plots. For binary response models, the following plots are produced when an EFFECT option is
speci ed with noeffect-options:

If you only have continuous covariates in the model, then a plot of the predicted probability versus
the rst continuous covariate xing all other continuous covariates at their means is displayed. See
Output 72.7.4 for an example with one continuous covariate.

If you only have classi cation covariates in the model, then a plot of the predicted probability versus
the rst CLASS covariate at each level of the second CLASS covariate, if any, holding all other CLASS
covariates at their reference levels is displayed.

If you have CLASS and continuous covariates, then a plot of the predicted probability versus the rst
continuous covariate at up to 10 cross-classi cations of the CLASS covariate levels, while xing all
other continuous covariates at their means and all other CLASS covariates at their reference levels, is
displayed. For example, if your model has four binary covariates, there are 16 cross-classi cations of
the CLASS covariate levels. The plot displays the 8 cross-classi cations of the levels of the rst three
covariates while the fourth covariate is xed at its reference level.

For polytomous response models, similar plots are produced by default, except that the response levels are
used in place of the CLASS covariate levels. Plots for polytomous response models involving OFFSET=
variables with multiple values are not available.

The following effect-options specify the type of graphic to produce:

AT (variable=value-list | ALL< ...variable=value-list | ALL >)
speci es xed values for a covariate. For continuous covariates, you can specify one or more numbers
in thevalue-list. For classi cation covariates, you can specify one or more formatted levels of the
covariate enclosed in single quotes (for exampiesat' 'dog’ ), or you can specify the keyword
ALL to select all levels of the classi cation variable. You can specify a variable at most once in the
AT option. By default, continuous covariates are set to their means when they are not used on an
axis, while classi cation covariates are set to their reference level when they are not used as an X=,
SLICEBY=, or PLOTBY= effect. For example, for a model that includes a classi cation variable
A={cat,dog} and a continuous covariate specifyingAT(A='cat’ X=7 9)  will setA to “cat' whenA
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does not appear in the plot. Wh&rdoes not de ne an axis it rst produces plots settdég 7 and
then produces plots setting= 9. Note in this example that specifying( A=ALL ) is the same as
specifying the PLOTBY=A option.

FITOBSONLY
computes the predicted values only at the observed data. If the FITOBSONLY option is omitted and the
X-axis variable is continuous, the predicted values are computed at a grid of points extending slightly
beyond the range of the data (see the EXTEND= option for more information). If the FITOBSONLY
option is omitted and the X-axis effect is categorical, the predicted values are computed at all possible
categories.

INDIVIDUAL
displays the individual probabilities instead of the cumulative probabilities. This option is available
only with cumulative models, and it is not available with the LINK option.

LINK
displays the linear predictors instead of the probabilities on the Y axis. For example, for a binary
logistic regression, the Y axis will be displayed on the logit scale. The INDIVIDUAL and POLYBAR
options are not available with the LINK option.

PLOTBY=effect
displays an effect plot at each unique level of the PLOTBY= effect. You can speftafy as one
CLASS variable or as an interaction of classi cation covariates. For polytomous-response models, you
can also specify the response variable as the lone PLOTBY= effect. For nonsingular parameterizations,
the complete cross-classi cation of the CLASS variables speci ed in the effect de ne the different
PLOTBY= levels. When the GLM parameterization is used, the PLOTBY= levels can depend on the
model and the data.

SLICEBY=effect
displays predicted probabilities at each unique level of the SLICEBY= effect. You can spéedfy
as one CLASS variable or as an interaction of classi cation covariates. For polytomous-response
models, you can also specify the response variable as the lone SLICEBY= effect. For nonsingular
parameterizations, the complete cross-classi cation of the CLASS variables speci ed in the effect
de ne the different SLICEBY= levels. When the GLM parameterization is used, the SLICEBY= levels
can depend on the model and the data.

X=effect

X=(effect. .. effect)
speci es effects to be used on the X axis of the effect plots. You can specify several different X axes:
continuous variables must be speci ed as main effects, while CLASS variables can be crossed. For
nonsingular parameterizations, the complete cross-classi cation of the CLASS variables speci ed in
the effect de ne the axes. When the GLM parameterization is used, the X= levels can depend on the
model and the data.

NOTE: Any variable not speci ed in a SLICEBY= or PLOTBY= option is available to be displayed on the X
axis. A variable can be speci ed in at most one of the SLICEBY=, PLOTBY=, and X= options.

The following effect-options enhance the graphical output:
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ALPHA=number
speci es the size of the con dence limits. The ALPHA= value speci ed in the PROC LOGISTIC
statement is the default. If neither ALPHA= value is speci ed, then ALPHA=0.05 by default.

CLBAND<=YES | NO>
displays con dence limits on the plots. This option is not available with the INDIVIDUAL option.
If you have CLASS covariates on the X axis, then error bars are displayed (see the CLBAR option)
unless you also specify the CONNECT option.

CLBAR
displays the error bars on the plots when you have CLASS covariates on the X axis; if the X axis is
continuous, then this invokes the CLBAND option. For polytomous-response models with CLASS
covariates only and with the POLYBAR option speci ed, the stacked bar charts are replaced by
side-by-side bar charts with error bars.

CLUSTER< =percent >
displays the levels of the SLICEBY= effect in a side-by-side fashion instead of stacking them. This
option is available when you have CLASS covariates on the X axis. You can speaiBnt as a
percentage of half the distance between X levels. gdreent value must be between 0.1 and 1; the
defaultpercent depends on the number of X levels and the number of SLICEBY= levels. Default
clustering can be removed by specifying the NOCLUSTER option.

CONNECT<=YES | NO >

JOIN<=YES | NO >
connects the predicted values with a line. This option is available when you have CLASS covariates on
the X axis. Default connecting lines can be suppressed by specifying the NOCONNECT option.

EXTEND=value
extends continuous X axes by a factowalue=2in each direction. By default, EXTEND=0.2.

MAXATLEN=length
speci es the maximum number of characters used to display the levels of all the xed variables. If
the text is too long, it is truncated and ellipses (“...") are appended. By ddtauth is equal to its
maximum allowed value, 256.

NOCLUSTER
prevents clustering of the levels of the SLICEBY= effect. This option is available when you have
CLASS covariates on the X axis.

NOCONNECT
removes the line that connects the predicted values. This option is available when you have CLASS
covariates on the X axis.

POLYBAR
replaces scatter plots of polytomous response models with bar charts. This option has no effect on
binary-response models, and it is overridden by the CONNECT option. By default, the X axis is chosen
to be a crossing of available classi cation variables so that there are no more than 16 levels; if no such
crossing is possible then the rst available classi cation variable is used. You can override this default
by specifying the X= option.
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SHOWOBS<=YES | NO >
displays observations on the plot when the MAXPOINTS= cutoff is not exceeded. For events/trials
notation, the observed proportions are displayed; for single-trial binary-response models, the observed
events are displayed gdD 1 and the observed nonevents are displayg®@t 0. For polytomous
response models the predicted probabilities at the observed values of the covariate are computed and
displayed.

YRANGE=(< min ><,max >)
displays the Y axis asijin,max]. Note that the axis might extend beyond your speci ed values. By
default, the entire Y axis, [0,1], is displayed for the predicted probabilities. This option is useful if
your predicted probabilities are all contained in some subset of this range.

Odds Ratio Plots

The odds ratios and con dence limits from the default “Odds Ratio Estimates” table and from the tables
produced by the CLODDS= option or the ODDSRATIO statement can be displayed in a graphic. If you have
many odds ratios, you can produce multiple graphicqamels by displaying subsets of the odds ratios.

Odds ratios that have duplicate labels are not displayed. See Outputs 72.2.9 and 72.3.3 for examples of odds
ratio plots.

The following oddsratio-options modify the default odds ratio plot:

CLDISPLAY=SERIF | SERIFARROW | LINE | LINEARROW | BAR< width >
controls the look of the con dence limit error bars. The default CLDISPLAY=SERIF displays the
con dence limits as lines with serifs, and the CLDISPLAY=LINE option removes the serifs from
the error bars. The CLDISPLAY=SERIFARROW and CLDISPLAY=LINEARROW options display
arrowheads on any error bars that are clipped by the RANGE= option; if the entire error bar is cut from
the graphic, then an arrowhead is displayed that points toward the odds ratio. The CLDISPLAY=BAR
<width > option displays the limits along with a bar whose width is equal to the size of the marker.
You can control the width of the bars and the size of the marker by specifyingidtrevalue as a
percentage of the distance between the barswidth 1.

NOTE: Your bar might disappear if you have small valuesvifth.

DOTPLOT
displays dotted gridlines on the plot.

GROUP
displays the odds ratios in panels that are de ned by the ODDSRATIO statements. The NPANELPOS=

option is ignored when this option is speci ed.

LOGBASE=2 | E | 10
displays the odds ratio axis on the speci ed log scale.

NPANELPOS=number
breaks the plot into multiple graphics that have at mashper| odds ratios per graphic. tiimber
is positive, then the number of odds ratios per graphic is balancedmiber is negative, then no
balancing of the number of odds ratios takes place. By defawutiber = 0 and all odds ratios are
displayed in a single plot. For example, suppose you want to display 21 odds ratios. Then specifying
NPANELPOS=2@isplays two plots, the rst with 11 odds ratios and the second with 10; but specifying
NPANELPOS=-20displays 20 odds ratios in the rst plot and only 1 odds ratio in the second plot.
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ORDER=ASCENDING | DESCENDING
displays the odds ratios in sorted order. By default the odds ratios are displayed in the order in which
they appear in the corresponding table.

RANGE=(< min><,max >) | CLIP
speci es the range of the displayed odds ratio axis. Specifying the RANGE=CLIP option has the same
effect as specifying the minimum odds rationais and the maximum odds ratio asx. By default,
all odds ratio con dence intervals are displayed.

TYPE=HORIZONTAL | HORIZONTALSTAT | VERTICAL | VERTICALBLOCK
controls the look of the graphic. The default TYPE=HORIZONTAL option places the odds ratio values
on the X axis, while the TYPE=HORIZONTALSTAT option also displays the values of the odds ratios
and their con dence limits on the right side of the graphic. The TYPE=VERTICAL option places the
odds ratio values on the Y axis, while the TYPE=VERTICALBLOCK option (available only with the
CLODDS= option) places the odds ratio values on the Y axis and puts boxes around the labels.

BY Statement
BY variables ;

You can specify a BY statement with PROC LOGISTIC 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 LOGISTIC procedure.
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).

If a SCORE statement is speci ed, then de ne ttraining data setto be the DATA= data set or the
INMODEL= data set in the PROC LOGISTIC statement, and de nesitwring data seto be the DATA=

data set and PRIOR= data set in the SCORE statement. The training data set contains all of the BY variables,
and the scoring data set must contain either all of them or none of them. If the scoring data set contains all
the BY variables, matching is carried out between the training and scoring data sets. If the scoring data set
does not contain any of the BY variables, the entire scoring data set is used for every BY group in the training
data set and the BY variables are added to the output data sets that are speci ed in the SCORE statement.

CAUTION : The order of the levels in the response and classi cation variables is determined from all the data
regardless of BY groups. However, different sets of levels might appear in different BY groups. This might
affect the value of the reference level for these variables, and hence your interpretation of the model and the
parameters.

For more information about BY-group processing, see the discussiA$Language Reference: Concepts
For more information about the DATASETS procedure, see the discussionBat&eSAS Procedures Guide
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CLASS Statement

CLASS variable < (options) > . .. <variable < (options) >> </ global-options > ;

The CLASS statement names the classi cation variables to be used as explanatory variables in the analysis.
Response variables do not need to be speci ed in the CLASS statement.

The CLASS statement must precede the MODEL statement. Most options can be speci ed either as individual
variableoptions or asglobal-options. You can specifyptions for each variable by enclosing the options in
parentheses after the variable name. You can also spgeifyl-options for the CLASS statement by placing

them after a slash (/\zlobal-options are applied to all the variables speci ed in the CLASS statement. If you
specify more than one CLASS statement, dglubal-options speci ed in any one CLASS statement apply to

all CLASS statements. However, individual CLASS variatiions override theglobal-options. You can

specify the following values for either aption or aglobal-option:

CPREFIX=n
speci es that, at most, the rst characters of a CLASS variable name be used in creating names for
the corresponding design variables. The defalBis min.32; max.2;f// , wheref is the formatted
length of the CLASS variable.

DESCENDING

DESC
reverses the sort order of the classi cation variable. If bothDEESCENDINGand ORDER= options
are speci ed, PROC LOGISTIC orders the categories according to the ORDER= option and then
reverses that order.

LPREFIX=n
speci es that, at most, the rst characters of a CLASS variable label be used in creating labels for the
corresponding design variables. The defau36 min.256;max.2;f// , wheref is the formatted
length of the CLASS variable.

MISSING
treats missing values (., ._, .A, ..., .Z for numeric variables and blanks for character variables) as valid
values for the CLASS variable.

ORDER=DATA | FORMATTED | FREQ | INTERNAL
speci es the sort order for the levels of classi cation variables. This ordering determines which
parameters in the model correspond to each level in the data, so the ORDER= option can be useful when
you use the CONTRAST statement. By default, ORDER=FORMATTED. For ORDER=FORMATTED
and ORDER=INTERNAL, the sort order is machine-dependent. When ORDER=FORMATTED is in
effect for numeric variables for which you have supplied no explicit format, the levels are ordered by
their internal values.

The following table shows how PROC LOGISTIC interprets values of the ORDER= option.
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Value of ORDER= Levels Sorted By

DATA Order of appearance in the input data set

FORMATTED External formatted values, except for numeric
variables with no explicit format, which are sorted
by their unformatted (internal) values

FREQ Descending frequency count; levels with more
observations come earlier in the order
INTERNAL Unformatted value

For more information about sort order, see the chapter on the SORT procedureBasheSAS
Procedures Guidand the discussion of BY-group processingiaS Language Reference: Concepts

PARAM=keyword
speci es the parameterization method for the classi cation variable or variables. You can specify any
of thekeywords shown in the following table;

the default is PARAM=EFFECT. Design matrix columns are created from CLASS variables according
to the corresponding coding schemes:

Value of PARAM= Coding

EFFECT Effect coding

GLM Less-than-full-rank reference cell coding (this
keyword can be used only in a global option)

ORDINAL Cumulative parameterization for an ordinal

THERMOMETER CLASS variable

POLYNOMIAL Polynomial coding

POLY

REFERENCE Reference cell coding

REF

ORTHEFFECT Orthogonalizes PARAM=EFFECT coding

ORTHORDINAL Orthogonalizes PARAM=0ORDINAL coding

ORTHOTHERM

ORTHPOLY Orthogonalizes PARAM=POLYNOMIAL coding

ORTHREF Orthogonalizes PARAM=REFERENCE coding

All parameterizations are full rank, except for the GLM parameterization. The REF= option in the
CLASS statement determines the reference level for EFFECT and REFERENCE coding and for their
orthogonal parameterizations. It also indirectly determines the reference level for a singular GLM
parameterization through the order of levels.

If PARAM=ORTHPOLY or PARAM=POLY and the classi cation variable is numeric, then the
ORDER= option in the CLASS statement is ignored, and the internal unformatted values are used. See
the section “Other Parameterizations” on page 395 in Chapter 19, “Shared Concepts and Topics,” for
further details.
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REF='level' | keyword
speci es the reference level for PARAM=EFFECT, PARAM=REFERENCE, and their orthogonaliza-
tions. For PARAM=GLM, the REF= option speci es a level of the classi cation variable to be put at
the end of the list of levels. This level thus corresponds to the reference level in the usual interpretation
of the linear estimates with a singular parameterization.

For an individual variable REF= option (but not for a global REF= option), you can specifgviie

of the variable to use as the reference level. Specify the formatted value of the variable if a format is
assigned. For a global or individual variable REF= option, you can use one of the follkgyiwgrds.

The default is REF=LAST.

FIRST designates the rstordered level as reference.
LAST designates the last ordered level as reference.

TRUNCATE<=n>
speci es the lengtm of CLASS variable values to use in determining CLASS variable levels. The
default is to use the full formatted length of the CLASS variable. If you specify TRUNCATE without
the lengthn, the rst 16 characters of the formatted values are used. When formatted values are longer
than 16 characters, you can use this option to revert to the levels as determined in releases before SAS
9. The TRUNCATE option is available only as a global option.

Class Variable Naming Convention

Parameter names for a CLASS predictor variable are constructed by concatenating the CLASS variable name
with the CLASS levels. However, for the POLYNOMIAL and orthogonal parameterizations, parameter
names are formed by concatenating the CLASS variable name and keywords that re ect the parameterization.
See the section “Other Parameterizations” on page 395 in Chapter 19, “Shared Concepts and Topics,” for
examples and further details.

Class Variable Parameterization with Unbalanced Designs

PROC LOGISTIC initially parameterizes the CLASS variables by looking at the levels of the variables across
the complete data set. If you haveambalancedeplication of levels across variables or BY groups, then

the design matrix and the parameter interpretation might be different from what you expect. For instance,
suppose you have a model with one CLASS variabigith three levels (1, 2, and 3), and another CLASS
variableB with two levels (1 and 2). If the third level & occurs only with the rst level oB, if you use the
EFFECT parameterization, and if your model contains the effg&)and an intercept, then the design for

within the second level d8 is not a differential effect. In particular, the design looks like the following:

Design Matrix
A(B=1) A(B=2)

B A Al A2 Al A2

1 1 1 0 0O O
1 2 0 1 0O O
1 3 -1 -1 0O O
2 1 0 0 1 O
2 2 0 0 0 1
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PROC LOGISTIC detects linear dependency among the last two design variables and sets the parameter for
A2(B=2) to zero, resulting in an interpretation of these parameters as if they were reference- or dummy-coded.
The REFERENCE or GLM parameterization might be more appropriate for such problems.

CODE Statement
CODE <options> ;

The CODE statement writes SAS DATA step code for computing predicted values of the tted model either
to a le or to a catalog entry. This code can then be included in a DATA step to score new data.

Table 72.2 summarizes tlptions available in the CODE statement.

Table 72.2 CODE Statement Options

Option Description

CATALOG= Names the catalog entry where the generated code is saved

DUMMIES Retains the dummy variables in the data set

ERROR Computes the error function

FILE= Names the le where the generated code is saved

FORMAT= Speci es the numeric format for the regression coef cients

GROUP= Speci es the group identi er for array names and statement labels

IMPUTE Imputes predicted values for observations with missing or invalid
covariates

LINESIZE= Speci es the line size of the generated code

LOOKUP= Speci es the algorithm for looking up CLASS levels

RESIDUAL Computes residuals

For details about the syntax of the CODE statement, see the section “CODE Statement” on page 399 in
Chapter 19, “Shared Concepts and Topics.”

CONTRAST Statement

CONTRAST label row-description<, ..., row-description > </ options > ;
where arow-description is de ned as follows:
effect values<, ..., effect values >

The CONTRAST statement provides a mechanism for obtaining customized hypothesis tests. It is similar to
the CONTRAST and ESTIMATE statements in other modeling procedures.

The CONTRAST statement enables you to specify a mdtrixor testing the hypothesls D 0, where

is the vector of intercept and slope parameters. You must be familiar with the details of the model
parameterization that PROC LOGISTIC uses (for more information, see the PARAM= option in the section
“CLASS Statement” on page 5318). Optionally, the CONTRAST statement enables you to estimate each
row, Ii0 ,of L and test the hypothesliS D 0. Computed statistics are based on the asymptotic chi-square
distribution of the Wald statistic.
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There is no limit to the number of CONTRAST statements that you can specify, but they must appear after
the MODEL statement.

The following parameters are speci ed in the CONTRAST statement:

label

effect

identi es the contrast in the displayed output. A label is required for every contrast speci ed, and
it must be enclosed in quotation marks.

identi es an effect that appears in the MODEL statement. The name INTERCEPT can be used as
an effect when one or more intercepts are included in the model. You do not need to include all
effects that are included in the MODEL statement.

values  are constants that are elements of theatrix associated with the effect. To correctly specify

your contrast, it is crucial to know the ordering of parameters within each effect and the variable
levels associated with any parameter. The “Class Level Information” table shows the ordering
of levels within variables. The E option, described later in this section, enables you to verify the
proper correspondence wlues to parameters. If too many values are speci ed for an effect, the
extra ones are ignored. If too few values are speci ed, the remaining ones are set to 0.

Multiple degree-of-freedom hypotheses can be tested by specifying muttipléescriptions; the rows of
L are speci ed in order and are separated by commas. The degrees of freedom is the number of linearly
independent constraints implied by the CONTRAST statement—that is, the rank of

More details for specifying contrasts involving effects with full-rank parameterizations are given in the
section “Full-Rank Parameterized Effects” on page 5323, while details for less-than-full-rank parameterized
effects are given in the section “Less-Than-Full-Rank Parameterized Effects” on page 5324.

You can specify the followingptions after a slash (/):

ALPHA=number

speci es the level of signi cance forthe100.1 / % con dence interval for each contrast when the
ESTIMATE option is speci ed. The value afumber must be between 0 and 1. By defanlimber is
equal to the value of the ALPHA= option in the PROC LOGISTIC statement, or 0.05 if that option is
not speci ed.

displays thd. matrix.

ESTIMATE=keyword

estimates and tests each individual contrast (that is, eacHi?oy\of L ), exponentiated contrast

(e 3 ), or predicted probability for the contragy (1.Iio /). PROC LOGISTIC displays the point
estimate, its standard error, a Wald con dence interval, and a Wald chi-square test. The signi cance
level of the con dence interval is controlled by the ALPHA= option. You can estimate the individual
contrast, the exponentiated contrast, or the predicted probability for the contrast by specifying one of
the followingkeywords:

PARM  estimates the individual contrast.

EXP estimates the exponentiated contrast.

BOTH estimates both the individual contrast and the exponentiated contrast.

PROB  estimates the predicted probability of the contrast.

ALL estimates the individual contrast, the exponentiated contrast, and the predicted probability
of the contrast.
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For more information about the computations of the standard errors and con dence limits, see the
section “Linear Predictor, Predicted Probability, and Con dence Limits” on page 5387.

SINGULAR=number
tunes the estimability check. This option is ignored when a full-rank parameterization is speci ed. If
v is a vector, de neABS. v/ to be the largest absolute value of the elements. dfor a row vector
| 9 of the contrast matrix., de ne c D ABS.1/ if ABS.I/ is greater than 0; otherwise,= 1. If
ABS.I? |0T/is greater thaw number, thenl is declared nonestimable. Thematrix is the Hermite
form matrix|ly 1o, wherel ; represents a generalized inverse of the (observed or expected) information
matrix | o of the null model. The value farumber must be between 0 and 1; the default value is 1E—4.

Full-Rank Parameterized Effects

If an effect involving a CLASS variable with a full-rank parameterization does not appear in the CONTRAST
statement, then all of its coef cients in thematrix are set to 0.

If you use effect coding by default or by specifying PARAM=EFFECT in the CLASS statement, then all
parameters are directly estimable and involve no other parameters. For example, suppose an effect-coded
CLASS variableA has four levels. Then there are three parameters (; 3) representing the rst three
levels, and the fourth parameter is represented by

1 2 3

To test the rst versus the fourth level &f you would test

1D 1 2 3
or, equivalently,
2,C ,C 3DO
which, intheformL D O, is
2 3

1
2 114 ,5D0
3
Therefore, you would use the following CONTRAST statement:

contrast 1 vs. 4 A2 1 1,
To contrast the third level with the average of the rst two levels, you would test
1C 2
2
or, equivalently,

1C 2 23DO
Therefore, you would use the following CONTRAST statement:

D 3

contrast 1&2 vs. 3 A1 1 -2;
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Other CONTRAST statements are constructed similarly. For example:

contrast 1 vs. 2 A 1-1 0
contrast 1&2 vs. 4 A 3 3 2
contrast 1&2 vs. 3&4¢ A 2 2 O0;
contrast Main Effect A 1 0 O,
A 0 1 0
A 0 0 1

Less-Than-Full-Rank Parameterized Effects

When you use the less-than-full-rank parameterization (by specifying PARAM=GLM in the CLASS state-
ment), each row is checked for estimability; see the section “Estimable Functions” on page 59 in Chapter 3,
“Introduction to Statistical Modeling with SAS/STAT Software,” for more information. If PROC LOGISTIC

nds a contrast to be nonestimable, it displays missing values in corresponding rows in the results. PROC
LOGISTIC handles missing level combinations of classi cation variables in the same manner as PROC GLM:
parameters corresponding to missing level combinations are not included in the model. This convention
can affect the way in which you specify thematrix in your CONTRAST statement. If the elementd of

are not speci ed for an effect that contains a speci ed effect, then the elements of the speci ed effect are
distributed over the levels of the higher-order effect just as the GLM procedure does for its CONTRAST and
ESTIMATE statements. For example, suppose that the model contains effects A and B and their interaction
A*B. If you specify a CONTRAST statement involving A alone, thematrix contains nonzero terms for

both A and A*B, because A*B contains A. For more information, see rule 4 in the section “Construction of
Least Squares Means” on page 3629 in Chapter 46, “The GLM Procedure.”

EFFECT Statement

EFFECT name=effect-type (variables </ options >) ;

The EFFECT statement enables you to construct special collections of columns for design matrices. These
collections are referred to @snstructed effect® distinguish them from the usual model effects that are
formed from continuous or classi cation variables, as discussed in the section “GLM Parameterization of
Classi cation Variables and Effects” on page 391 in Chapter 19, “Shared Concepts and Topics.”

You can specify the followingffect-types:

COLLECTION speci es a collection effect that de nes one or more variables as a single
effect with multiple degrees of freedom. The variables in a collection are
considered as a unit for estimation and inference.

LAG speci es a classi cation effect in which the level that is used for a particular
period corresponds to the level in the preceding period.

MULTIMEMBER | MM speci es a multimember classi cation effect whose levels are determined by
one or more variables that appear in a CLASS statement.

POLYNOMIAL | POLY speci es a multivariate polynomial effect in the speci ed numeric variables.

SPLINE speci es a regression spline effect whose columns are univariate spline ex-

pansions of one or more variables. A spline expansion replaces the original
variable with an expanded or larger set of new variables.
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Table 72.3 summarizes thptions available in the EFFECT statement.

Table 72.3 EFFECT Statement Options

Option Description

Collection Effects Options

DETAILS Displays the constituents of the collection effect

Lag Effects Options

DESIGNROLE= Names a variable that controls to which lag design an observation
is assigned

DETAILS Displays the lag design of the lag effect

NLAG= Speci es the number of periods in the lag

PERIOD= Names the variable that de nes the period. This option is required.

WITHIN= Names the variable or variables that de ne the group within which

each period is de ned. This option is required.

Multimember Effects Options

NOEFFECT Speci es that observations with all missing levels for the
multimember variables should have zero values in the
corresponding design matrix columns

WEIGHT= Speci es the weight variable for the contributions of each of the
classi cation effects

Polynomial Effects Options

DEGREE= Speci es the degree of the polynomial

MDEGREE= Speci es the maximum degree of any variable in a term of the
polynomial

STANDARDIZE= Speci es centering and scaling suboptions for the variables that

de ne the polynomial

Spline Effects Options

BASIS= Speci es the type of basis (B-spline basis or truncated power
function basis) for the spline effect

DEGREE= Speci es the degree of the spline effect

KNOTMETHOD= Speci es how to construct the knots for the spline effect

For more information about the syntax of thesfect-types and how columns of constructed effects are
computed, see the section “EFFECT Statement” on page 401 in Chapter 19, “Shared Concepts and Topics.”
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EFFECTPLOT Statement

EFFECTPLOT < plot-type < (plot-de nition-options) >> </ options > ;

The EFFECTPLOT statement produces a display of the tted model and provides options for changing and
enhancing the displays. Table 72.4 describes the avaidditeéypesand theirplot-de nition-options

Table 72.4  Plot-Types and Plot-De nition-Options

Plot-Type and Description Plot-De nition-Options

BOX

Displays a box plot of continuous response data at edehOTBY= variable or CLASS effect
level of a CLASS effect, with predicted values X= CLASS variable or effect

superimposed and connected by a line. This is an
alternative to the INTERACTIONlot-type

CONTOUR
Displays a contour plot of predicted values against tWeLOTBY= variable or CLASS effect
continuous covariates. X= continuous variable

Y= continuous variable
FIT
Displays a curve of predicted values versus a PLOTBY= variable or CLASS effect
continuous variable. X= continuous variable
INTERACTION

Displays a plot of predicted values (possibly with errdPLOTBY= variable or CLASS effect
bars) versus the levels of a CLASS effect. The SLICEBY= variable or CLASS effect
predicted values are connected with lines and can b&X= CLASS variable or effect
grouped by the levels of another CLASS effect.

MOSAIC

Displays a mosaic plot of predicted values using up tBLOTBY= variable or CLASS effect
three CLASS effects. X= CLASS effects

SLICEFIT

Displays a curve of predicted values versus a PLOTBY= variable or CLASS effect
continuous variable grouped by the levels of a SLICEBY=variable or CLASS effect
CLASS effect. X= continuous variable

For full details about the syntax and options of the EFFECTPLOT statement, see the section “EFFECTPLOT
Statement” on page 420 in Chapter 19, “Shared Concepts and Topics.”

See Outputs 72.2.11, 72.2.12, 72.3.5, 72.4.8, 72.7.4, and 72.16.4 for examples of plots produced by this
statement.
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ESTIMATE Statement

ESTIMATE < label > estimate-speci cation <(divisor=n)>
<, ...< label > estimate-speci cation <(divisor=n)>>
</ options > ;

The ESTIMATE statement provides a mechanism for obtaining custom hypothesis tests. Estimates are
formed as linear estimable functions of the fotm. You can perform hypothesis tests for the estimable
functions, construct con dence limits, and obtain speci ¢ nonlinear transformations.

Table 72.5 summarizes thptions available in the ESTIMATE statement.

Table 72.5 ESTIMATE Statement Options

Option

Description

Construction and Computation of Estimable Functions

DIVISOR= Speci es a list of values to divide the coef cients

NOFILL Suppresses the automatic Il-in of coef cients for higher-order
effects

SINGULAR= Tunes the estimability checking difference

Degrees of Freedom angb-values

ADJUST= Determines the method for multiple comparison adjustment of
estimates

ALPHA= Determines the con dence level ()

LOWER Performs one-sided, lower-tailed inference

STEPDOWN Adjusts multiplicity-correcteglvalues further in a step-down
fashion

TESTVALUE= Speci es values under the null hypothesis for tests

UPPER Performs one-sided, upper-tailed inference

Statistical Output
CL

Constructs con dence limits

CORR Displays the correlation matrix of estimates

cov Displays the covariance matrix of estimates

E Prints theL matrix

JOINT Produces a joirft or chi-square test for the estimable functions
PLOTS= Requests ODS statistical graphics if the analysis is sampling-based
SEED= Speci es the seed for computations that depend on random

numbers

Generalized Linear Modeling

CATEGORY= Speci es how to construct estimable functions with multinomial
data

EXP Exponentiates and displays estimates

ILINK Computes and displays estimates and standard errors on the inverse

linked scale
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For details about the syntax of the ESTIMATE statement, see the section “ESTIMATE Statement” on
page 448 in Chapter 19, “Shared Concepts and Topics.”

EXACT Statement
EXACT < label > <INTERCEPT > <effects > </ options > ;

The EXACT statement performs exact tests of the parameters for the speffeed and optionally estimates

the parameters and outputs the exact conditional distributions. You can specify the keyword INTERCEPT
and anyeffects in the MODEL statement. Inference on the parameters of the speci ed effects is performed
by conditioning on the suf cient statistics of all the other model parameters (possibly including the intercept).

You can specify several EXACT statements, but they must follow the MODEL statement. Each statement can
optionally include an identifyingpbel. If several EXACT statements are speci ed, any statement without

a label is assigned a label of the form “Exattvheren indicates theith EXACT statement. The label is
included in the headers of the displayed exact analysis tables.

If a STRATA statement is also speci ed, then a strati ed exact logistic regression is performed. The model
contains a different intercept for each stratum, and these intercepts are conditioned out of the model along
with any other nuisance parameters (parameters for effects speci ed in the MODEL statement that are not in
the EXACT statement).

If the LINK=GLOGIT option is speci ed in the MODEL statement, then the METHOD=DIRECT option is
invoked in the EXACTOPTIONS statement by default and a generalized logit model is t. Since each effect
speci ed in the MODEL statement ad#igparameters to the model (whete 1 is the number of response
levels), exact analysis of the generalized logit model by using this method is limited to rather small problems.

The CONTRAST, ESTIMATE, LSMEANS, LSMESTIMATE, ODDSRATIO, OUTPUT, ROC, ROCCON-
TRAST, SCORE, SLICE, STORE, TEST, and UNITS statements are not available with an exact analysis;
results from these statements are based on the asymptotic results. Exact analyses are not performed when you
specify a WEIGHT statement, a link other than LINK=LOGIT or LINK=GLOGIT, an offset variable, the
NOFIT option, or a model selection method. Exact estimation is not available for ordinal response models.

For classi cation variables, use of the reference parameterization is recommended.

The followingoptions can be speci ed in each EXACT statement after a slash (/):

ALPHA=number
speci es the level of signi cance for 100.1 / % con dence limits for the parameters or odds
ratios. The value ofiumber must be between 0 and 1. By defaultmber is equal to the value of the
ALPHA= option in the PROC LOGISTIC statement, or 0.05 if that option is not speci ed.

CLTYPE=EXACT | MIDP
requests either the exact or nmpdton dence intervals for the parameter estimates. By default, the exact
intervals are produced. The con dence coef cient can be speci ed with the ALPHA= option. The
mid-p interval can be modi ed with the MIDPFACTOR= option. See the section “Exact Conditional
Logistic Regression” on page 5408 for details.
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ESTIMATE <=keyword >
estimates the individual parameters (conditioned on all other parameters) for the effects speci ed in the
EXACT statement. For each parameter, a point estimate, a standard error, a con dence interval, and a
p-value for a two-sided test that the parameter is zero are displayed. Note that the twp-gadee is
twice the one-sideg-value. You can optionally specify one of the followikeywords:

PARM  speci es that the parameters be estimated. This is the default.

ODDS  speci es that the odds ratios be estimated. If you have classi cation variables, then you
must also specify the PARAM=REF option in the CLASS statement.

BOTH  speci es that both the parameters and odds ratios be estimated.

JOINT
performs the joint test that all of the parameters are simultaneously equal to zero, performs individual
hypothesis tests for the parameter of each continuous variable, and performs joint tests for the parame-
ters of each classi cation variable. The joint test is indicated in the “Conditional Exact Tests” table by
the label “Joint.”

JOINTONLY
performs only the joint test of the parameters. The test is indicated in the “Conditional Exact Tests”
table by the label “Joint.” When this option is speci ed, individual tests for the parameters of each
continuous variable and joint tests for the parameters of the classi cation variables are not performed.

MIDPFACTOR= 1 |( 1; 2)
sets the tie factors used to produce the mhipothesis statistics and the mcton dence intervals.
1 modi es both the hypothesis tests and con dence intervals, whilaffects only the hypothesis
tests. By default,; D 0:5and » D 1:0. See the section “Exact Conditional Logistic Regression” on
page 5408 for details.

ONESIDED
requests one-sided con dence intervals gadhlues for the individual parameter estimates and odds
ratios. The one-sideptvalue is the smaller of the left- and right-tail probabilities for the observed
suf cient statistic of the parameter under the null hypothesis that the parameter is zero. The two-sided
p-values (default) are twice the one-sidedalues. See the section “Exact Conditional Logistic
Regression” on page 5408 for more details.

OUTDIST=SAS-data-set
names the SAS data set that contains the exact conditional distributions. This data set contains all of
the exact conditional distributions that are required to process the corresponding EXACT statement.
This data set contains the possible suf cient statistics for the parameters of the effects speci ed
in the EXACT statement, the counts, and, when hypothesis tests are performed on the parameters,
the probability of occurrence and the score value for each suf cient statistic. When you request an
OUTDIST= data set, the observed suf cient statistics are displayed in the “Suf cient Statistics” table.
See the section “OUTDIST= Output Data Set” on page 5415 for more information.

EXACT Statement Examples

In the following example, two exact tests are computed: oneif@nd the other fok2. The test foix1 is
based on the exact conditional distribution of the suf cient statistic foxthparameter given the observed
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values of the suf cient statistics for the intercex®, andx3 parameters; likewise, the test & is conditional
on the observed suf cient statistics for the interceqit,andx3.

proc logistic;
model y= x1 x2 x3;
exact x1 x2;

run;

PROC LOGISTIC determines, from all the speci ed EXACT statements, the distinct conditional distributions
that need to be evaluated. For example, there is only one exact conditional distribution for the following two
EXACT statements:

exact One x1 / estimate=parm;
exact Two x1 / estimate=parm onesided;

For each EXACT statement, individual tests for the parameters of the speci ed effects are computed unless
the JOINTONLY option is speci ed. Consider the following EXACT statements:

exact E12 x1 x2 / estimate;
exact E1 x1 | estimate;
exact E2 x2 | estimate;
exact J12 x1 x2 / joint;

In the E12 statement, the parametersdbandx2 are estimated and tested separately. Specifying the E12
statement is equivalent to specifying both the E1 and E2 statements. In the J12 statement, the joint test for
the parameters ofl andx2 is computed in addition to the individual tests fdrandx2.

EXACTOPTIONS Statement
EXACTOPTIONS options ;

The EXACTOPTIONS statement speci estions that apply to every EXACT statement in the program.
The followingoptions are available:

ABSFCONV=value
speci es the absolute function convergence criterion. Convergence requires a small change in the
log-likelihood function in subsequent iterations,

j|i li 1j < value
wherel; is the value of the log-likelihood function at iteration

By default, ABSFCONV=1E-12. You can also specify the FCONV= and XCONV= criteria; optimiza-
tions are terminated as soon as one criterion is satis ed.

ADDTOBS
adds the observed suf cient statistic to the sampled exact distribution if the statistic was not sampled.
This option has no effect unless the METHOD=NETWORKMC or METHOD=MCMC option is
speci ed and the ESTIMATE option is speci ed in the EXACT statement. If the observed statistic
has not been sampled, then the parameter estimate does not exist; by specifying this option, you can
produce (biased) estimates.
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BUILDSUBSETS
builds every distribution for sampling. By default, some exact distributions are created by taking
a subset of a previously generated exact distribution. When the METHOD=NETWORKMC or
METHOD=MCMC option is invoked, this subsetting behavior has the effect of using fewer than the
desiredn samples; see the N= option for more details. Use the BUILDSUBSETS option to suppress
this subsetting.

EPSILON=value =
controls how the partial sums‘iDl YiXj are comparedvalue must be between 0 and 1; by default,
value=1E-8.

FCONV=value
speci es the relative function convergence criterion. Convergence requires a small relative change in
the log-likelihood function in subsequent iterations,

i L4

— - < value
jli 1jC 1E-6

wherel; is the value of the log likelihood at iteration

By default, FCONV=1E-8. You can also specify the ABSFCONV= and XCONV= criteria; if you
specify more than one criterion, then optimizations are terminated as soon as one criterion is satis ed.

MAXSWAP=nN

MAXR=n
speci es the maximum number of swaps for each sample that PROC LOGISTIC makes when you
specify the METHOD=MCMC option. If an intercept or a stratum is conditioned out, tl@maps are
performed: one event is changed to a nonevent, and one nonevent is changed to an event. Although
you might need large values ofin order to transition between any two points in the exact distribution,
such values quickly increase computation time. By default, MAXSWAP=2.

MAXTIME=seconds
speci es the maximum clock time (in seconds) that PROC LOGISTIC can use to calculate the exact
distributions. If the limit is exceeded, the procedure halts all computations and prints a note to the SAS
log. The default maximum clock time is seven days.

METHOD=keyword
speci es which exact conditional algorithm to use for every EXACT statement speci ed. You can
specify one of the followindseywords:

DIRECT invokes the multivariate shift algorithm of Hirji, Mehta, and Patel (1987). This method
directly builds the exact distribution, but it can require an excessive amount of memory in its
intermediate stages. METHOD=DIRECT is invoked by default when you are conditioning
out at most the intercept, or when the LINK=GLOGIT option is speci ed in the MODEL
statement.

NETWORK invokes an algorithm described in Mehta, Patel, and Senchaudhuri (1992). This method
builds a network for each parameter that you are conditioning out, combines the networks,
then uses the multivariate shift algorithm to create the exact distribution. The NETWORK
method can be faster and require less memory than the DIRECT method. The NETWORK
method is invoked by default for most analyses.
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N=n

NETWORKMC invokes the hybrid network and Monte Carlo algorithm of Mehta, Patel, and Sen-
chaudhuri (1992). This method creates a network, then samples from that network; this
method does not reject any of the samples at the cost of using a large amount of memory
to create the network. METHOD=NETWORKMC is most useful for producing parameter
estimates for problems that are too large for the DIRECT and NETWORK methods to
handle and for which asymptotic methods are invalid—for example, for sparse data on a
large grid.

MCMC invokes the Markov chain Monte Carlo (MCMC) algorithm of Forster, McDonald, and
Smith (2003). This method uses a Metropolis-Hastings algorithm to generate samples from
the exact distribution by repeatedly perturbing the response vector to obtain a new response
vector while maintaining the suf cient statistics for the nuisance parameters. You must
also condition out the intercept or the strata. (Using notation from Zamar et al. 2007, the
current implementation samples frovn, does not explicitly sample for = 0, allows
candidates and -v, allowsd < 0, and limitsr by the number of observations.) The sampling
is divided into parallel threads, where the number of threads is the value of the SAS system
option CPUCOUNT=. The MCMC method is most useful for problems for which the
NETWORKMC method has dif culty generating the network and for which asymptotic
results are suspect; however, to make sure you are sampling from the equilibrium distribution,
you should run your program multiple times and increase the N= and MAXSWAP= values
until you believe that your results are stable. The MCMC method can take a large amount
of time, depending on the number of observations in your data set, the number of samples,
and the number of swaps.

speci es the number of Monte Carlo samples to take when you specify the METHOD=NETWORKMC
or METHOD=MCMC option. By defaultn = 10,000. If PROC LOGISTIC cannot obtainsamples
because of a lack of memory, then a note is printed in the SAS log (the number of valid samples is also
reported in the listing) and the analysis continues.

The number of samples used to produce any particular statistic might be smallar frarexample,

let X1 andX2 be continuous variables, denote their joint distributiorf ¢1,X2), and letf (X1 | X2=

x2) denote the marginal distribution &1 conditioned on the observed valueXi. If you request

the JOINT test oX1 andX2, thenn samples are used to generate the estirfn@l&,XZ) of f(X1,X2),

from which the test is computed. However, the parameter estima€lfisrcomputed from the subset

of f @X1,X2) that hasx2 = x2, and this subset need not contaisamples. Similarly, the distribution

for each level of a classi cation variable is created by extracting the appropriate subset from the joint
distribution for the CLASS variable.

In some cases, the marginal sample size can be too small to admit accurate estimation of a particular
statistic; a note is printed in the SAS log when a marginal sample size is less than 100. Inareasing
increases the number of samples used in a marginal distribution; however, if you want to control the
sample size exactly, you can either specify the BUILDSUBSETS option or do both of the following:

Remove the JOINT option from the EXACT statement.

Create dummy variables in a DATA step to represent the levels of a CLASS variable, and specify
them as independent variables in the MODEL statement.
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NBI=n

BURNIN=N
speci es the number of burn-in samples that are discarded when you specify the METHOD=MCMC
option. By default, NBI=0.

NOLOGSCALE
speci es that computations for the exact conditional models be computed by using normal scaling.
Log scaling can handle numerically larger problems than normal scaling; however, computations in the
log scale are slower than computations in normal scale.

NTHIN=n
controls the thinning rate of the sampling when you specify the METHOD=MCMC option. Exiry
sample is kept and the rest are discarded. By default, NTHIN=1.

ONDISK
uses disk space instead of random access memory to build the exact conditional distribution. Use this
option to handle larger problems at the cost of slower processing.

SEED=seed
speci es the initial seed for the random number generator used to take the Monte Carlo samples when
you specify the METHOD=NETWORKMC or METHOD=MCMC option. The value of the SEED=
option must be an integer. If you do not specify a seed, or if you specify a value less than or equal to 0,
then PROC LOGISTIC uses the time of day from the computer's clock to generate an initial seed.

STATUSN=number
prints a status line in the SAS log after evenymber of Monte Carlo samples when you specify the
METHOD=NETWORKMC or METHOD=MCMC option. When you specify METHOD=MCMC, the
actualnumber that is used depends on the number of threads used in the computations. The number
of samples that are taken and the current egactlue for testing the signi cance of the model are
displayed. You can use this status line to track the progress of the computation of the exact conditional
distributions.

STATUSTIME=seconds
speci es the time interval (in seconds) for printing a status line in the SAS log. You can use this
status line to track the progress of the computation of the exact conditional distributions. The time
interval that you specify is approximate; the actual time interval varies. By default, no status reports
are produced.

XCONV=value
speci es the relative parameter convergence criterion. Convergence requires a small relative parameter
change in subsequent iterations,

max j j"/j < value
i

where

‘ < j.|/ j.l 1/ jj.l 1/j<0101
‘.|/ D il Rt
J . L—L—  otherwise
j

and j'” is the estimate of thgh parameter at iteratian
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By default, XCONV=1E—4. You can also specify the ABSFCONV= and FCONV= criteria; if more
than one criterion is speci ed, then optimizations are terminated as soon as one criterion is satis ed.

FREQ Statement
FREQ variable ;

The FREQ statement identi es\ariable that contains the frequency of occurrence of each observation.
PROC LOGISTIC treats each observation as if it appadimes, where is the value of the FREQ variable

for the observation. If it is not an integer, the frequency value is truncated to an integer. If the frequency
value is less than 1 or missing, the observation is not used in the model tting. When the FREQ statement is

not speci ed, each observation is assigned a frequency of 1. If you specify more than one FREQ statement,
then the rst statement is used.

If a SCORE statement is speci ed, then the FREQ variable is used for computing t statistics and the ROC
curve, but they are not required for scoring. If the DATA= data set in the SCORE statement does not contain
the FREQ variable, the frequency values are assumed to be 1 and a warning message is issued in the LOG.
If you ta model and perform the scoring in the same run, the same FREQ variable is used for tting and
scoring. If you ta model in a previous run and input it with the INMODEL= option in the current run, then

the FREQ variable can be different from the one used in the previous run. However, if a FREQ variable was
not speci ed in the previous run, you can still specify a FREQ variable in the current run.

ID Statement
ID variable<variable,. .. > ;

The ID statement speci es variables in the DATA= data set that are used for labeling ROC curves and in uence
diagnostic plots. If more than one ID variable is speci ed, then the plots are labeled by concatenating the ID
variable values together. For more information, see the PLOTS(LABEL) and ROCOPTIONS(ID) options in
the PROC LOGISTIC statement.

LSMEANS Statement
LSMEANS <model-effects > </ options > ;

The LSMEANS statement computes and compares least squares means (LS-means) of xed effects. LS-means
arepredicted population marginsthat is, they estimate the marginal means over a balanced population. In a
sense, LS-means are to unbalanced designs as class and subclass arithmetic means are to balanced designs.

Table 72.6 summarizes thtions available in the LSMEANS statement.
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Table 72.6 LSMEANS Statement Options

Option Description

Construction and Computation of LS-Means

AT Modi es the covariate value in computing LS-means

BYLEVEL Computes separate margins

DIFF Requests differences of LS-means

OM= Speci es the weighting scheme for LS-means computation as
determined by the input data set

SINGULAR= Tunes estimability checking

Degrees of Freedom angb-values

ADJUST= Determines the method for multiple-comparison adjustment of
LS-means differences

ALPHA= Determines the con dence level ()

STEPDOWN Adjusts multiple-comparisqavalues further in a step-down
fashion

Statistical Output

CL Constructs con dence limits for means and mean differences

CORR Displays the correlation matrix of LS-means

cov Displays the covariance matrix of LS-means

E Prints theL matrix

LINES Produces a “Lines” display for pairwise LS-means differences

MEANS Prints the LS-means

PLOTS= Requests graphs of means and mean comparisons

SEED= Speci es the seed for computations that depend on random
numbers

Generalized Linear Modeling

EXP Exponentiates and displays estimates of LS-means or LS-means
differences

ILINK Computes and displays estimates and standard errors of LS-means
(but not differences) on the inverse linked scale

ODDSRATIO Reports (simple) differences of least squares means in terms of

odds ratios if permitted by the link function

For details about the syntax of the LSMEANS statement, see the section “LSMEANS Statement” on page 464
in Chapter 19, “Shared Concepts and Topics.”

NoOTE: If you have classi cation variables in your model, then the LSMEANS statement is allowed only if
you also specify the PARAM=GLM option.



5336 F Chapter 72: The LOGISTIC Procedure

LSMESTIMATE Statement

LSMESTIMATE model-effect < label > values <divisor=n>
<, ...< label >values <divisor=n>>
</ options > ;

The LSMESTIMATE statement provides a mechanism for obtaining custom hypothesis tests among least
sguares means.

Table 72.7 summarizes tloptions available in the LSMESTIMATE statement.

Table 72.7 LSMESTIMATE Statement Options

Option

Description

Construction and Computation of LS-Means

AT Modi es covariate values in computing LS-means

BYLEVEL Computes separate margins

DIVISOR= Speci es a list of values to divide the coef cients

OM= Speci es the weighting scheme for LS-means computation as
determined by a data set

SINGULAR= Tunes estimability checking

Degrees of Freedom angb-values

ADJUST= Determines the method for multiple-comparison adjustment of
LS-means differences

ALPHA= Determines the con dence level ()

LOWER Performs one-sided, lower-tailed inference

STEPDOWN Adjusts multiple-comparisgavalues further in a step-down
fashion

TESTVALUE= Speci es values under the null hypothesis for tests

UPPER Performs one-sided, upper-tailed inference

Statistical Output
CL

Constructs con dence limits for means and mean differences

CORR Displays the correlation matrix of LS-means

cov Displays the covariance matrix of LS-means

E Prints theL matrix

ELSM Prints theKk matrix

JOINT Produces a joirf or chi-square test for the LS-means and
LS-means differences

PLOTS= Requests graphs of means and mean comparisons

SEED= Speci es the seed for computations that depend on random

numbers

Generalized Linear Modeling

CATEGORY= Speci es how to construct estimable functions with multinomial
data
EXP Exponentiates and displays LS-means estimates
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Table 72.7 continued
Option Description

ILINK Computes and displays estimates and standard errors of LS-means
(but not differences) on the inverse linked scale

For details about the syntax of the LSMESTIMATE statement, see the section “LSMESTIMATE Statement”
on page 480 in Chapter 19, “Shared Concepts and Topics.”

NoTE: If you have classi cation variables in your model, then the LSMESTIMATE statement is allowed
only if you also specify the PARAM=GLM option.

MODEL Statement

<label:> MODEL variable< (variable_options) > = <effects > </ options > ;
<label: > MODEL events/trials = < effects > </ options > ;

The MODEL statement names the response variable and the explanatory effects, including covariates, main
effects, interactions, and nested effects; see the section “Speci cation of Effects” on page 3593 in Chapter 46,
“The GLM Procedure,” for more information. If you omit the explanatory effects, PROC LOGISTIC ts an
intercept-only model. You must specify exactly one MODEL statement. The optab&himust be a valid

SAS name; it is used to identify the resulting output when you specify the ROC statement or the ROCCI
option.

Two forms of the MODEL statement can be speci ed. The rst form, referred teiggle-trial syntax, is
applicable to binary, ordinal, and nominal response data. The second form, referrexvémesdtrialssyntax,

is restricted to the case of binary response data. The single-trial syntax is used when each observation in
the DATA= data set contains information about only a single trial, such as a single subject in an experiment.
When each observation contains information about multiple binary-response trials, such as the counts of the
number of subjects observed and the number responding, then events/trials syntax can be used.

In the events/trials syntax, you specify two variables that contain count data for a binomial experiment. These
two variables are separated by a slash. The value of the rst variaets, is the number of positive
responses (or events). The value of the second variaiale, is the number of trials. The values of both
eventsaand (rials—events must be nonnegative and the valudridils must be positive for the response to be
valid.

In the single-trial syntax, you specify one variable (on the left side of the equal sign) as the response variable.
This variable can be character or numeric. Variable_options speci c to the response variable can be speci ed
immediately after the response variable with parentheses around them.

For both forms of the MODEL statement, explanateffgcts follow the equal sign. Variables can be either
continuous or classi cation variables. Classi cation variables can be character or numeric, and they must be
declared in the CLASS statement. When an effect is a classi cation variable, the procedure inserts a set of
coded columns into the design matrix instead of directly entering a single column containing the values of
the variable.
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Response Variable Options

DESCENDING | DESC
reverses the order of the response categories. If botRERCENDINGand ORDER= options are
speci ed, PROC LOGISTIC orders the response categories according to the ORDER= option and then
reverses that order. See the section “Response Level Ordering” on page 5370 for more detail.

EVENT="category' | keyword
speci es the event category for the binary response model. PROC LOGISTIC models the probability
of the event category. The EVENT= option has no effect when there are more than two response
categories. You can specify the value (formatted if a format is applied) of the event category in
guotation marks, or you can specify one of the followkagwords:

FIRST designates the rst ordered category as the event. This is the default.
LAST designates the last ordered category as the event.

One of the most common sets of response levels is {0,1}, with 1 representing the event for which the
probability is to be modeled. Consider the example whetakes the values 1 and 0 for event and
nonevent, respectively, afitkposure is the explanatory variable. To specify the value 1 as the event
category, use the following MODEL statement:

model Y(event=1) = Exposure;

ORDER= DATA | FORMATTED | FREQ | INTERNAL
speci es the sort order for the levels of the response variable. The following table displays the available
ORDER= options:

ORDER= Levels Sorted By

DATA Order of appearance in the input data set

FORMATTED External formatted value, except for numeric
variables with no explicit format, which are sorted
by their unformatted (internal) value

FREQ Descending frequency count; levels with the most
observations come rst in the order

INTERNAL Unformatted value

By default, ORDER=FORMATTED. For ORDER=FORMATTED and ORDER=INTERNAL, the
sort order is machine-dependent. When ORDER=FORMATTED is in effect for numeric variables for
which you have supplied no explicit format, the levels are ordered by their internal values.

For more information about sort order, see the chapter on the SORT procedureBashesAS
Procedures Guidand the discussion of BY-group processingiiS Language Reference: Concepts

REFERENCE="category' | keyword

REF='category' | keyword
speci es the reference category for the generalized logit model and the binary response model. For the
generalized logit model, each logit contrasts a nonreference category with the reference category. For
the binary response model, specifying one response category as the reference is the same as specifying
the other response category as the event category. You can specify the value (formatted if a format
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is applied) of the reference category in quotation marks, or you can specify one of the following
keywords:

FIRST designates the rst ordered category as the reference.
LAST designates the last ordered category as the reference. This is the default.

Model Options

Table 72.8 summarizes thptions available in the MODEL statement. Thesgions can be speci ed after a
slash (/).

Table 72.8 Model Statement Options

Option Description

Model Speci cation Options
EQUALSLOPES Speci es equal slope parameters

LINK= Speci es the link function

NOFIT Suppresses model tting

NOINT Suppresses the intercept

OFFSET= Speci es the offset variable
SELECTION= Speci es the effect selection method

UNEQUALSLOPES Speci es unequal slope parameters
Effect Selection Options

BEST= Controls the number of models displayed for SCORE
selection

DETAILS Requests detailed results at each step

FAST Uses the fast elimination method

HIERARCHY= Speci es whether and how hierarchy is maintained and

whether a single effect or multiple effects are allowed to
enter or leave the model per step

INCLUDE= Speci es the number of effects included in every model

MAXSTEP= Speci es the maximum number of steps for STEPWISE
selection

SEQUENTIAL Adds or deletes effects in sequential order

SLENTRY= Speci es the signi cance level for entering effects

SLSTAY= Speci es the signi cance level for removing effects

START= Speci es the number of variables in the rst model

STOP= Speci es the number of variables in the nal model

STOPRES Adds or deletes variables by the residual chi-square
criterion

Model-Fitting Speci cation Options

ABSFCONV= Speci es the absolute function convergence criterion

FCONV= Speci es the relative function convergence criterion

FIRTH Speci es Firth's penalized likelihood method

GCONV= Speci es the relative gradient convergence criterion

MAXFUNCTION=  Speci es the maximum number of function calls for the
conditional analysis
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Table 72.8 continued

Option Description

MAXITER= Speci es the maximum number of iterations

NOCHECK Suppresses checking for in nite parameters

RIDGING= Speci es the technique used to improve the log-likelihood
function when its value is worse than that of the previous
step

SINGULAR= Speci es the tolerance for testing singularity

TECHNIQUE= Speci es the iterative algorithm for maximization

XCONV= Speci es the relative parameter convergence criterion

Con dence Interval Options

ALPHA= Species forthel00.1 / % con dence intervals

CLODDS= Computes con dence intervals for odds ratios

CLPARM= Computes con dence intervals for parameters

PLCONV= Speci es the pro le-likelihood convergence criterion

Classi cation Options

CTABLE Displays the classi cation table

PEVENT= Speci es prior event probabilities

PPROB= Speci es probability cutpoints for classi cation

Overdispersion and Goodness-of-Fit Test Options

AGGREGATE= Determines subpopulations for Pearson chi-square and
deviance

LACKFIT Requests the Hosmer and Lemeshow goodness-of- t test

SCALE= Speci es the method to correct overdispersion

ROC Curve Options

OUTROC= Names the output ROC data set

ROCCI Computes con dence intervals for the AUC

ROCEPS= Speci es the probability grouping criterion

Regression Diagnostics Options

INFLUENCE Displays in uence statistics

IPLOTS Displays in uence statistics

Display Options

CORRB Displays the correlation matrix

CcovB Displays the covariance matrix

EXPB Displays exponentiated values of the estimates

ITPRINT Displays the iteration history

NODUMMYPRINT  Suppresses the “Class Level Information” table
NOODDSRATIO Suppresses the default “Odds Ratio” table

ORPVALUE Displaysp-values in tables produced by the CLODDS=
option and ODDSRATIO statement

PARMLABEL Displays parameter labels

PCORR Displays the partial correlation statistic

RSQUARE Displays the generalized R-square

STB Displays standardized estimates
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Table 72.8 continued

Option Description

Computational Options

BINWIDTH= Speci es the bin size for estimating association statistics
NOLOGSCALE Performs calculations by using normal scaling

The following list describes thesgptions.

ABSFCONV=value
speci es the absolute function convergence criterion. Convergence requires a small change in the
log-likelihood function in subsequent iterations,

ili i 1j < value

wherel; is the value of the log-likelihood function at iteratiarnSee the section “Convergence Criteria”
on page 5376 for more information.

AGGREGATE< =(variable-list) >
speci es the subpopulations on which the Pearson chi-square test statistic and the likelihood ratio
chi-square test statistic (deviance) are calculated. Observations with common values in the given
list of variables are regarded as coming from the same subpopulation. Variables in the list can be
any variables in the input data set. Specifying the AGGREGATE option is equivalent to specifying
the AGGREGATE= option with a variable list that includes all explanatory variables in the MODEL
statement. The deviance and Pearson goodness-of- t statistics are calculated only when the SCALE=
option is speci ed. Thus, the AGGREGATE (or AGGREGATE=) option has no effect if the SCALE=
option is not speci ed.

See the section “Rescaling the Covariance Matrix” on page 5390 for more information.

ALPHA=number
sets the level of signi cance for 100.1 / % con dence intervals for regression parameters or odds
ratios. The value ofiumber must be between 0 and 1. By defauldmber is equal to the value of
the ALPHA= option in the PROC LOGISTIC statement, or 0.05 if the option is not speci ed. This
option has no effect unless con dence limits for the parameters (CLPARM= option) or odds ratios
(CLODDS= option or ODDSRATIO statement) are requested.

BEST=number
speci es thathumber models with the highest score chi-square statistics are to be displayed for each
model size. It is used exclusively with the SCORE model selection method. If the BEST= option
is omitted and there are no more than 10 explanatory variables, then all possible models are listed
for each model size. If the option is omitted and there are more than 10 explanatory variables, then
the number of models selected for each model size is, at most, equal to the number of explanatory
variables listed in the MODEL statement.

BINWIDTH=width
speci es the size of the bins used for estimating the association statistics. For more information, see
the section “Rank Correlation of Observed Responses and Predicted Probabilities” on page 5386.
Valid values ard  width < 1 (for polytomous response models< width < 1). In releases before
SAS/STAT 14.1, the defaultidth is 0.002. Beginning in SAS/STAT 14.1, if you have a binary response
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and fewer than 5,000,000 observations, the default is BINWIDTH=0; this means that no binning is
performed and the exact values of the statistics are computed using the trapezoidal area described in
the section “ROC Computations” on page 5395. This method is a bit slower and might require more
memory than the binning approach.

If a nonzerowidth does not evenly divide the unit interval, it is reduced to a valid value and a message
is displayed in the SAS log. The number of bins is also constrained by the amount of memory available
on your machine; if a nonzergidth is so small that you cannot allocatev@dth bytes of memory for

the bins, thenwvidth is adjusted to a value for which memory can be allocated and a note is displayed in
the SAS log.

The BINWIDTH= option is ignored and no binning is performed when a ROC statement is speci ed,
when ROC graphics are produced, or when the SCORE statement computes an ROC area.

CLODDS=PL | WALD | BOTH
produces con dence intervals for odds ratios of main effects not involved in interactions or nestings.
Computation of these con dence intervals is based on the pro le likelihood (CLODDS=PL) or based on
individual Wald tests (CLODDS=WALD). By specifying CLODDS=BOTH, the procedure computes
two sets of con dence intervals for the odds ratios, one based on the pro le likelihood and the other
based on the Wald tests. The con dence coef cient can be speci ed with the ALPHA= option. The
CLODDS=PL option is not available with the STRATA statement. Classi cation main effects that
use parameterizations other than REF, EFFECT, or GLM are ignored. If you need to compute odds
ratios for an effect involved in interactions or nestings, or using some other parameterization, then you
should specify an ODDSRATIO statement for that effect.

CLPARM=PL | WALD | BOTH
requests con dence intervals for the parameters. Computation of these con dence intervals is based
on the pro le likelihood (CLPARM=PL) or individual Wald tests (CLPARM=WALD). If you specify
CLPARM=BOTH, the procedure computes two sets of con dence intervals for the parameters, one
based on the pro le likelihood and the other based on individual Wald tests. The con dence coef cient
can be speci ed with the ALPHA= option. The CLPARM=PL option is not available with the STRATA
statement.

See the section “Con dence Intervals for Parameters” on page 5382 for more information.

CORRB
displays the correlation matrix of the parameter estimates.

CcovB
displays the covariance matrix of the parameter estimates.

CTABLE

classi es the input binary response observations according to whether the predicted event probabilities
are above or below some cutpoint valui@ the range0; 1/. An observation is predicted as an event if

the predicted event probability exceeds or eqaaiou can supply a list of cutpoints other than the
default list by specifying the PPROB= option (page 5349). Also, false positive and negative rates can
be computed as posterior probabilities by using Bayes' theorem. You can use the PEVENT= option to
specify prior probabilities for computing these rates. The CTABLE option is ignored if the data have
more than two response levels. The CTABLE option is not available with the STRATA statement.

For more information, see the section “Classi cation Table” on page 5388.



MODEL Statement F 5343

DETAILS
produces a summary of computational details for each step of the effect selection process. It produces
the “Analysis of Effects Eligible for Entry” table before displaying the effect selected for entry for
forward or stepwise selection. For each model tted, it produces the “Joint Tests” or “Type 3 Analysis
of Effects” table if the tted model involves CLASS variables, the “Analysis of Maximum Likelihood
Estimates” table, and measures of association between predicted probabilities and observed responses.
For the statistics included in these tables, see the section “Displayed Output” on page 5420. The
DETAILS option has no effect when SELECTION=NONE.

EQUALSLOPES< =effect | (effect-list) >
speci es one or more effects that have the same parameters for each response function in a polytomous
response model. If you specify more than one effect, enclose the effects in parentheses. The effects
must be explanatory effects that are speci ed in the MODEL statement.

If you do not specify this option, the generalized logit model (LINK=GLOGIT) makes the unequal
slopes assumptiom,.Pr.Y D i// D ; C x° ;, where the response functions have different slope
parameters . If you specify this option without aeffect or effect-list, all slope parameters are
shared across the response functions, resulting in the rgoBlelY D i// D ; C x° . Specifying an

effect or effect-list enables you to choose which effects have the same parameters across the response
functions. For any speci ed selection method, equal slope parameters can contain and be contained in
only other equal slope parameters; for more information, see the HIERARCHY= option.

You can specify the EQUALSLOPES option along with the UNEQUALSLOPES option to create an
effect that has both equal and unequal slopes. In this case, the parameters that have equal slopes model
the mean effect across the response functions, whereas the parameters that have unequal slopes model
deviations from the mean. For more information, see the UNEQUALSLOPES option.

For an example that uses this option, see Example 72.18. If you specify the EQUALSLOPES option,
you cannot specify any of the EFFECTPLOT, ESTIMATE, EXACT, LSMEANS, LSMESTIMATE,
ROC, ROCCONTRAST, SLICE, STORE, and STRATA statements, and you cannot specify the follow-
ing options: CTABLE, FIRTH, OUTROC=, PEVENT=, PPROB=, RIDGING=, and TECHNIQUE-=.

EXPB

EXPEST
displays the exponentiated valuegi()eof the parameter estimat@;; in the “Analysis of Maximum
Likelihood Estimates” table for the logit model. These exponentiated values are the estimated odds
ratios for parameters corresponding to the continuous explanatory variables, and for CLASS effects
that use reference or GLM parameterizations.

FAST
uses a computational algorithm of Lawless and Singhal (1978) to compute a rst-order approximation
to the remaining slope estimates for each subsequent elimination of a variable from the model. Variables
are removed from the model based on these approximate estimates. The FAST option is extremely
ef cient because the model is not re tted for every variable removed. The FAST option is used when
SELECTION=BACKWARD and in the backward elimination steps when SELECTION=STEPWISE.
The FAST option is ignored when SELECTION=FORWARD or SELECTION=NONE.
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FCONV=value
speci es the relative function convergence criterion. Convergence requires a small relative change in
the log-likelihood function in subsequent iterations,

i

— < value
il 1jC 1E—6 "2

wherel; is the value of the log likelihood at iteration See the section “Convergence Criteria” on
page 5376 for more information.

FIRTH
performs Firth's penalized maximum likelihood estimation to reduce bias in the parameter estimates
(Heinze and Schemper 2002; Firth 1993). This method is useful in cases of separability, as often occurs
when the event is rare, and is an alternative to performing an exact logistic regression. See the section
“Firth's Bias-Reducing Penalized Likelihood” on page 5376 for more information.

NOTE: The intercept-only log likelihood is modi ed by using the full-model Hessian, computed with

the slope parameters equal to zero. When tting a model and scoring a data set in the same PROC
LOGISTIC step, the model is t using Firth's penalty for parameter estimation purposes, but the
penalty is not applied to the scored log likelihood.

GCONV=value
speci es the relative gradient convergence criterion. Convergence requires that the normalized predic-
tion function reduction is small,

gioli 1gi

— — — < value
jlijC 1E-6

wherel; is the value of the log-likelihood functiom; is the gradient vector, ang is the negative
(expected) Hessian matrix, all at iteratiormhis is the default convergence criterion, and the default
value is 1E-8. See the section “Convergence Criteria” on page 5376 for more information.

HIERARCHY=keyword

HIER=keyword
speci es whether and how the model hierarchy requirement is applied and whether a single effect or
multiple effects are allowed to enter or leave the model in one step. You can specify that only CLASS ef-
fects, or both CLASS and interval effects, be subject to the hierarchy requirement. The HHERARCHY=
option is ignored unless you also specify one of the followdptons: SELECTION=FORWARD
SELECTION=BACKWARD, or SELECTION=STEPWISE.

Model hierarchy refers to the requirement that, for any term to be in the model, all effects contained
in the term must be present in the model. For example, in order for the interaction A*B to enter the
model, the main effects A and B must be in the model. Likewise, neither effect A nor B can leave the
model while the interaction A*B is in the model.

Thekeywords you can specify in the HHERARCHY= option are as follows:

NONE indicates that the model hierarchy is not maintained. Any single effect can enter or leave
the model at any given step of the selection process.

SINGLE indicates that only one effect can enter or leave the model at one time, subject to the model
hierarchy requirement. For example, suppose that you specify the main effects A and B
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and the interaction A*B in the model. In the rst step of the selection process, either A
or B can enter the model. In the second step, the other main effect can enter the model.
The interaction effect can enter the model only when both main effects have already been
entered. Also, before A or B can be removed from the model, the A*B interaction must rst
be removed. All effects (CLASS and interval) are subject to the hierarchy requirement.

SINGLECLASS is the same as HHERARCHY=SINGLE except that only CLASS effects are subject
to the hierarchy requirement.

MULTIPLE indicates that more than one effect can enter or leave the model at one time, subject
to the model hierarchy requirement. In a forward selection step, a single main effect can
enter the model, or an interaction can enter the model together with all the effects that are
contained in the interaction. In a backward elimination step, an interaction itself, or the
interaction together with all the effects that the interaction contains, can be removed. All
effects (CLASS and continuous) are subject to the hierarchy requirement.

MULTIPLECLASS is the same as HIERARCHY=MULTIPLE except that only CLASS effects are
subject to the hierarchy requirement.

The default value is HIERARCHY=SINGLE, which means that model hierarchy is to be maintained
for all effects (that is, both CLASS and continuous effects) and that only a single effect can enter or
leave the model at each step.

INCLUDE=number | EQUALSLOPES
speci es effects in the MODEL statement to include in every model during model selection. You can
specify the following values:

number requests that the ratumber effects be included in every model.

EQUALSLOPES enables you to include all the equal slope effects in every model and perform the
selection process on the unequal slope effects.

By default, INCLUDE=0. The INCLUDE= option has no effect when SELECTION=NONE. You
cannot specify the INCLUDE=EQUALSLOPES option if you specify SELECTION=SCORE.

If you specify the same effect in both the EQUALSLOPES and UNEQUALSLOPES options, then
that effect is treated as two separate effects. For example, suppose you specify the following MODEL
statement:

model Y=X1 X2 / equalslopes unequalslopes selection=forward;

The X1 and X2 variables both generate an equal slope effect and an unequal slope effect. Specifying IN-
CLUDE=1 includes the equal slope effect for X1 in every model; specifying INCLUDE=2 includes both
the equal and unequal slope effects for X1 in every model; specifying INCLUDE=EQUALSLOPES
includes the equal slope effects for X1 and for X2 in every model.

Note that the INCLUDE= and START= options perform different tasks: INM@LUDE= option
includes effects in every model, whereas the START= option requires only that the effects appear in
the rst model.
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INFLUENCE< (STDRES) >
displays diagnostic measures for identifying in uential observations in the case of a binary response
model. For each observation, the INFLUENCE option displays the case number (which is the sequence
number of the observation), the values of the explanatory variables included in the nal model, and
the regression diagnostic measures developed by Pregibon (1981). The STDRES option includes
standardized and likelihood residuals in the display.

For a discussion of these diagnostic measures, see the section “Regression Diagnostics” on page 5397.
When a STRATA statement is speci ed, the diagnostics are computed following Storer and Crowley
(1985); for more information, see the section “Regression Diagnostic Details” on page 5406.

IPLOTS
produces an index plot for the regression diagnostic statistics developed by Pregibon (1981). An index
plot is a scatter plot with the regression diagnostic statistic represented on the Y axis and the case
number on the X axis. See Example 72.6 for an illustration.

ITPRINT
displays the iteration history of the maximum-likelihood model tting. The ITPRINT option also
displays the last evaluation of the gradient vector and the nal change in the —2 Log Likelihood.

LACKFIT< (number) >
performs the Hosmer and Lemeshow goodness-of- t test (Hosmer and Lemeshow 2000) for the case of
a binary response model. The subjects are divided into approximately 10 groups of roughly the same
size based on the percentiles of the estimated probabilities. The discrepancies between the observed
and expected number of observations in these groups are summarized by the Pearson chi-square
statistic, which is then compared to a chi-square distribution idérgrees of freedom, whetés the
number of groups minusumber By default,number= 2. A smallp-value suggests that the tted
model is not an adequate model. The LACKFIT option is not available with the STRATA statement.
See the section “The Hosmer-Lemeshow Goodness-of-Fit Test” on page 5392 for more information.

LINK=keyword

L=keyword
speci es the link function linking the response probabilities to the linear predictors. You can specify
one of the followingkeywords. The default is LINK=LOGIT.

ALOGIT is the adjacent-category logit function. PROC LOGISTIC ts the adjacent-category logit
model, in which each category is contrasted with the following category.

CLOGLOG is the complementary log-log function. PROC LOGISTIC ts the binary complementary
log-log model when there are two response categories and ts the cumulative complemen-
tary log-log model when there are more than two response categories. The aliases are
CCLOGLOG, CCLL, and CUMCLOGLOG.

GLOGIT is the generalized logit function. PROC LOGISTIC ts the generalized logit model, in
which each nonreference category is contrasted with the reference category. You can use
the response variable option REF= to specify the reference category.

LOGIT s the log odds function. PROC LOGISTIC ts the binary logit model when there are
two response categories and ts the cumulative logit model when there are more than two
response categories. The aliases are CLOGIT and CUMLOGIT.
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PROBIT s the inverse standard normal distribution function. PROC LOGISTIC ts the binary probit
model when there are two response categories and ts the cumulative probit model when
there are more than two response categories. The aliases are NORMIT, CPROBIT, and
CUMPROBIT.

The LINK= option is not available with the STRATA statement.

For more information, see the section “Link Functions and the Corresponding Distributions” on
page 5372.

MAXFUNCTION=number
speci es the maximum number of function calls to perform when maximizing the conditional likelihood.
This option is valid only when you specify an EQUALSLOPES or UNEQUALSLOPES option, or you
specify a STRATA statement. The default values are as follows:

125 when the number of parameters: 40
500 wherd0 p <400
1,000 whemp 400

Because the optimization is terminated only after completing a full iteration, the number of function
calls that are actually performed can exceathber. If convergence is not attained, the displayed
output and all output data sets that PROC LOGISTIC creates contain results that are based on the last
maximum likelihood iteration.

MAXITER=number
speci es the maximum number of iterations to perform. By default, MAXITER=25. If convergence is
not attained imumber iterations, the displayed output and all output data sets created by the procedure
contain results that are based on the last maximum likelihood iteration.

MAXSTEP=number
speci es the maximum number of times any explanatory variable is added to or removed from the
model when SELECTION=STEPWISE. The default number is twice the number of explanatory
variables in the MODEL statement. When the MAXSTEP= limit is reached, the stepwise selection
process is terminated. All statistics displayed by the procedure (and included in output data sets) are
based on the last model tted. The MAXSTEP= option has no effect when SELECTION=NONE,
FORWARD, or BACKWARD.

NOCHECK
disables the checking process to determine whether maximum likelihood estimates of the regression
parameters exist. If you are sure that the estimates are nite, this option can reduce the execution time
if the estimation takes more than eight iterations. For more information, see the section “Existence of
Maximum Likelihood Estimates” on page 5376.

NODUMMYPRINT
NODESIGNPRINT

NODP

suppresses the “Class Level Information” table, which shows how the design matrix columns for the
CLASS variables are coded.
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NOINT
suppresses the intercept for the binary response model, the rstintercept for the ordinal response model
(which forces all intercepts to be nonnegative), or all intercepts for the generalized logit model. This
can be particularly useful in conditional logistic analysis; see Example 72.11.

NOFIT
performs the global score test without tting the model. The global score test evaluates the joint
signi cance of the effects in the MODEL statement. No further analyses are performed. If the NOFIT
option is speci ed along with other MODEL statement options, NOFIT takes effect and all other
options except FIRTH, LINK=, NOINT, OFFSET=, and TECHNIQUE= are ignored. The NOFIT
option is not available with the STRATA statement.

NOLOGSCALE
speci es that computations for the conditional and exact logistic regression models should be computed
by using normal scaling. Log scaling can handle numerically larger problems than normal scaling;
however, computations in the log scale are slower than computations in normal scale.

NOODDSRATIO

NOOR
suppresses the default “Odds Ratio” table.

OFFSET=name
names the offset variable. The regression coef cient for this variable will be xed at 1. For an example
that uses this option, see Example 72.14. You can also use the OFFSET= option to restrict parameters to
a xed value. For example, if you want to restrict the parameter for varigble 1 and the parameter
for X2 to 2, computeRestrictD X1 C 2 X2 in a DATA step, specify the optiooifset=Restrict ,
and leavex1 andX2 out of the model.

ORPVALUE
displaysp-values in tables produced by the CLODDS= option and the ODDSRATIO statement. A
value for an odds ratio corresponds to the signi cance level such that the two-sided con dence interval
for the odds ratio has “1” as one of its endpoints. Computing pro le-likelihpadlues requires
optimizing restricted log-likelihood equations; for more information, see the section “Con dence
Intervals for Parameters” on page 5382. This option is not available with the FIRTH option.

OUTROC=SAS-data-set

OUTR=SAS-data-set
creates, for binary response models, an output SAS data set that contains the data necessary to produce
the receiver operating characteristic (ROC) curve. The OUTROC= option is not available with the
STRATA statement. See the section “OUTROC= Output Data Set” on page 5417 for the list of variables
in this data set.

PARMLABEL
displays the labels of the parameters in the “Analysis of Maximum Likelihood Estimates” table.

PCORR r

2
2;0—;_0 for each parametdr where ? is the
Wald chi-square statistic for the parameter &oglL ¢ is the log-likelihood of the intercept-only model
(Hilbe 2009, p. 101). If |2 < 2 then the partial correlation is set to 0. The partial correlation for the

intercept terms is set to missing.

computes the partial correlation statissign. /
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PEVENT=value| (list)
speci es one prior probability or a list of prior probabilities for the event of interest. The false positive
and false negative rates are then computed as posterior probabilities by Bayes' theorem. The prior
probability is also used in computing the rate of correct prediction. For each prior probability in the
given list, a classi cation table of all observations is computed. By default, the prior probability is
the total sample proportion of events. The PEVENT= option is useful for strati ed samples. It has no
effect if the CTABLE option is not speci ed. For more information, see the section “False Positive,
False Negative, and Correct Classi cation Rates Using Bayes' Theorem” on page 5389. Also see the
PPROB= option for information about how thst is speci ed.

PLCL
is the same as specifying CLPARM=PL.

PLCONV=value
controls the convergence criterion for con dence intervals based on the pro le-likelihood function.
The quantitywalue must be a positive number, with a default value of 1E—4. The PLCONV= option
has no effect if pro le-likelihood con dence intervals (CLPARM=PL) are not requested.

PLRL
is the same as specifying CLODDS=PL.

PPROB=value | (list)
speci es one critical probability value (or cutpoint) or a list of critical probability values for classifying
observations with the CTABLE option. Eaghlue must be between 0 and 1. A response that has a
cross validated predicted probability greater than or equal to the current PPROB= value is classi ed as
an event response. The PPROB= option is ignored if the CTABLE option is not speci ed.

A classi cation table for each of several cutpoints can be requested by specifying a list. For example,
the following statement requests a classi cation of the observations for each of the cutpoints 0.3, 0.5,
0.6,0.7,and 0.8:

pprob= (0.3, 0.5 to 0.8 by 0.1)

If the PPROB= option is not speci ed, the default is to display the classi cation for a range of
probabilities from the smallest estimated probability (rounded down to the nearest 0.02) to the highest
estimated probability (rounded up to the nearest 0.02) with 0.02 increments.

RIDGING=ABSOLUTE | RELATIVE | NONE
speci es the technique used to improve the log-likelihood function when its value in the current
iteration is less than that in the previous iteration. If you specify the RIDGING=ABSOLUTE option,
the diagonal elements of the negative (expected) Hessian are in ated by adding the ridge value. If you
specify the RIDGING=RELATIVE option, the diagonal elements are in ated by a factor of 1 plus the
ridge value. If you specify the RIDGING=NONE option, the crude line search method of taking half a
step is used instead of ridging. By default, RIDGING=RELATIVE.
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RISKLIMITS
RL

WALDRL
is the same as specifying CLODDS=WALD.

ROCCI
displays standard errors and con dence limits for the area under the ROC curve (AUC) statistic when
you have a binary response variable. This option replaces the “Association of Predicted Probabilities
and Observed Responses” table with the “ROC Association Statistics” table.

ROCEPS=number
speci es a criterion for the ROC curve used for grouping estimated event probabilities that are close
to each other. In each group, the difference between the largest and the smallest estimated event
probabilities does not exceed the given value. The valuadmber must be between 0 and 1; the
default value is the square root of the machine epsilon, which is about 1E-8 (in releases prior to
9.2, the default was 1E—4). The smallest estimated probability in each group serves as a cutpoint for
predicting an event response. The ROCEPS= option has no effect unless the OUTROC= option, the
BINWIDTH=0 option, or a ROC statement is speci ed.

RSQUARE
RSQ

requests a generalized R-square measure for the tted model. For more information, see the section
“Generalized Coef cient of Determination” on page 5379.

SCALE=scale
enables you to supply the value of the dispersion parameter or to specify the method for estimating
the dispersion parameter. It also enables you to display the “Deviance and Pearson Goodness-of-Fit
Statistics” table. To correct for overdispersion or underdispersion, the covariance matrix is multiplied
by the estimate of the dispersion parameter. Valid valuescie are as follows:

D | DEVIANCE speci es that the dispersion parameter be estimated by the deviance divided by its
degrees of freedom.

P | PEARSON speci es that the dispersion parameter be estimated by the Pearson chi-square
statistic divided by its degrees of freedom.

WILLIAMS < (constant) > speci es that Williams' method be used to model overdispersion. This
option can be used only with the events/trials syntax. An optiomadtant can be speci ed
as the scale parameter; otherwise, a scale parameter is estimated under the full model. A
set of weights is created based on this scale parameter estimate. These weights can then be
used in tting subsequent models of fewer terms than the full model. When tting these
submodels, specify the computed scale parametesrasant. See Example 72.10 for an
illustration.

N | NONE speci es that no correction is needed for the dispersion parameter; that is, the dispersion
parameter remains as 1. This speci cation is used for requesting the deviance and the
Pearson chi-square statistic without adjusting for overdispersion.

constant sets the estimate of the dispersion parameter to be the square of theaisemt. For
example, SCALE=2 sets the dispersion parameter to 4. The wahstant must be a
positive number.
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You can use the AGGREGATE (or AGGREGATE=) option to de ne the subpopulations for calcu-
lating the Pearson chi-square statistic and the deviance. In the absence of the AGGREGATE (or
AGGREGATE-=) option, each observation is regarded as coming from a different subpopulation. For
the events/trials syntax, each observation consistsBefrnoulli trials, wheren is the value of thérials
variable. For single-trial syntax, each observation consists of a single response, and for this setting it is
not appropriate to carry out the Pearson or deviance goodness-of- t analysis. Thus, PROC LOGISTIC
ignores speci cations SCALE=P, SCALE=D, and SCALE=N when single-trial syntax is speci ed
without the AGGREGATE (or AGGREGATE=) option.

The “Deviance and Pearson Goodness-of-Fit Statistics” table includes the Pearson chi-square statistic,
the deviance, the degrees of freedom, the ratio of each statistic divided by its degrees of freedom, and
the corresponding-value. The SCALE= option is not available with the STRATA statement. For
more information, see the section “Overdispersion” on page 5390.

SELECTION=BACKWARD | B
| FORWARD | F
| NONE | N
| STEPWISE | S
| SCORE

speci es the method used to select the variables in the model. BACKWARD requests backward
elimination, FORWARD requests forward selection, NONE ts the complete model speci ed in the

MODEL statement, and STEPWISE requests stepwise selection. SCORE requests best subset selection.
By default, SELECTION=NONE.

For more information, see the section “Effect-Selection Methods” on page 5377.

SEQUENTIAL

SEQ
forces effects to be added to the model in the order speci ed in the MODEL statement or eliminated
from the model in the reverse order of that speci ed in the MODEL statement. The model-building
process continues until the next effect to be added has an insigni cant adjusted chi-square statistic or

until the next effect to be deleted has a signi cant Wald chi-square statistic. The SEQUENTIAL option
has no effect when SELECTION=NONE.

SINGULAR=value
speci es the tolerance for testing the singularity of the Hessian matrix (Newton-Raphson algorithm) or
the expected value of the Hessian matrix (Fisher scoring algorithm). The Hessian matrix is the matrix
of second partial derivatives of the log-likelihood function. The test requires that a pivot for sweeping
this matrix be at least this number times a norm of the matrix. Values of the SINGULAR= option must
be numeric. By defaulijalue is the machine epsilon times 1E7, which is approximately 1E-9.

SLENTRY=value

SLE=value
speci es the signi cance level of the score chi-square for entering an effect into the model in the FOR-
WARD or STEPWISE method. Values of the SLENTRY= option should be between 0 and 1, inclusive.

By default, SLENTRY=0.05. The SLENTRY= option has no effect when SELECTION=NONE,
SELECTION=BACKWARD, or SELECTION=SCORE.
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SLSTAY=value
SLS=value

speci es the signi cance level of the Wald chi-square for an effect to stay in the model in a back-
ward elimination step. Values of the SLSTAY= option should be between 0 and 1, inclusive. By
default, SLSTAY=0.05. The SLSTAY= option has no effect when SELECTION=NONE, SELEC-
TION=FORWARD, or SELECTION=SCORE.

START=number | EQUALSLOPES

STB

speci es which effects in the MODEL statement are included in the initial model. You can specify the
following values:

number requests that the rshumber effects be included in the initial model. The
value of number ranges from 0 tes, wheres is the total number of effects
that are speci ed in the MODEL statement. The default valuewhber is
s when SELECTION=BACKWARD and 0 when SELECTION=FORWARD
or SELECTION=STEPWISE. When SELECTION=SCORE, STARUimber
speci es that the smallest models containmber effects, whereaumber ranges
from 1 tos; the default value is 1.

EQUALSLOPES enables you to begin the model selection process with all the equal slope effects
in the model.

The START= option has no effect when SELECTION=NONE. You cannot specify the
START=EQUALSLOPES option if you specify SELECTION=SCORE.

If you specify the same effect in both the EQUALSLOPES and UNEQUALSLOPES options, then
that effect is treated as two separate effects. For example, suppose you specify the following MODEL
statement:

model Y=X1 X2 / equalslopes unequalslopes selection=forward;

The X1 and X2 variables both generate an equal slope effect and an unequal slope effect. Specifying
START=1 includes the equal slope effect for X1 in the initial model; specifying START=2 includes both
the equal and unequal slope effects for X1 in the initial model; specifying START=EQUALSLOPES
includes the equal slope effects for X1 and for X2 in the initial model.

Note that the INCLUDE= and START= options perform different tasks: IME@LUDE= option
includes effects in every model, whereas the START= option requires only that the effects appear in
the rst model.

displays the standardized estimates for the parameters in the “Analysis of Maximum Likelihood
Estimates” table. The standardized estimate;df given bybi =.s=%/, wheres is the total sample
standard deviation for thi¢gh explanatory variable and

< = P 3 Logistic
sD 1 Normal
= 6 Extreme-value
The sample standard deviations for parameters associated with CLASS and EFFECT variables are

computed using their codings. For the intercept parameters, the standardized estimates are set to
missing.
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STOP=number

speci es the maximum (SELECTION=FORWARD) or minimum (SELECTION=BACKWARD)
number of effects to be included in the nal model. The effect selection process is stopped when
number effects are found. The value oiimber ranges from 0O t®, wheresis the total number of
effects in the MODEL statement. The default valuenoiber is sfor the FORWARD method and

0 for the BACKWARD method. For the SCORE method, ST@&mnber speci es that the largest
models contaimumber effects, wher@umber ranges from 1 t@; the default value ofiumber is s.

The STOP= option has no effect when SELECTION=NONE or STEPWISE.

STOPRES

SR

speci es that the removal or entry of effects be based on the value of the residual chi-square. If
SELECTION=FORWARD, then the STOPRES option adds the effects into the model one at a time
until the residual chi-square becomes insigni cant (until prealue of the residual chi-square exceeds
the SLENTRY=valug. If SELECTION=BACKWARD, then the STOPRES option removes effects
from the model one at a time until the residual chi-square becomes signi cant (unpivialele of the
residual chi-square becomes less than the SLST¥dae). The STOPRES option has no effect when
SELECTION=NONE or SELECTION=STEPWISE.

TECHNIQUE=FISHER | NEWTON
TECH=FISHER | NEWTON

speci es the optimization technique for estimating the regression paramiEVETON (or NR) is

the Newton-Raphson algorithm and FISHER (or FS) is the Fisher scoring algorithm. Both techniques
yield the same estimates, but the estimated covariance matrices are slightly different except for the case
when the LOGIT link is speci ed for binary response data. By default, TECHNIQUE=FISHER. If
you specify the LINK=GLOGIT or LINK=ALOGIT option, then Newton-Raphson is the default and
only available method. The TECHNIQUE= option is not applied to conditional and exact conditional
analyses. This option is not available when the EQUALSLOPES or UNEQUALSLOPES option is
speci ed. For more information, see the section “Iterative Algorithms for Model Fitting” on page 5374.

UNEQUALSLOPES< = effect >
UNEQUALSLOPES< =( effect-list) >

speci es one or more effects in a model for which you want a different set of parameters for each
response function. If you specify more than one effect, enclose the effects in parentheses. The effects
must be explanatory effects that are speci ed in the MODEL statement. Each membeefiéthést

can have one of the following forms:

effect
effect=numberlist
_C_=numberlist

where thenumberlist enables you to specifyonstrainedparameters (Peterson and Harrell 1990). To
assign a defautiumberlist for all the explanatory effects in this option, specify th@ =numberlist
form.

For example, suppose your ordinal response variglilas three levels, {0, 1, 2}, so that you have two
cumulative response functions. Let the CLASS variagblave three levels, {a, b, ¢}, with reference
coding. The following table shows how thamberlist is distributed across the models:
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If You Specify Then You Fit This Model

unequalslopes=(A=1 2 3 4) g.PrYDO/ID oClAD'a/ 1C3.AD'/ 2
gPrY 1/D C2AD"4a/ 1C4AD'D/

unequalslopes=(_C_=1 2) g.PrYDO/ID oClAD'a/ 1C1LAD'/ 5
gPrY 1/D C2AD"4a/ 1C2AD'D/

If you do not specify this option, the cumulative response models (and the adjacent-category logit
model) make the parallel lines assumptignPr.Y i/ D ; C x° , where each response function

has the same slope parameterdf you specify this option without aaffect or effect-list, all slope
parameters vary across the response functions, resulting in the m&deY i/ D ; C x° ;.
Specifying aneffect or effect-list enables you to choose which effects have different parameters
across the response functions, and whether the parameters are constrained or unconstrained. For
any speci ed selection method, unconstrained parameters can contain and be contained in only other
unconstrained parameters, and constrained parameters can contain and be contained in only other
constrained parameters; for more information, see the HIERARCHY= option. If you select thxg rst
parameters to have equal slopes and the remaigimpgrameters to have unequal slopes, the model

can be writtenag.Pr.Y i// D ;C x‘l’ 1C x(z’ i . Such a model that uses the CLOGIT link is

called apartial proportional odds moddPeterson and Harrell 1990).

You can specify this option along with the EQUALSLOPES option to create an effect that has both
equal and unequal slopes. In this case, the parameters that have equal slopes model the mean effect
across the response functions, whereas the parameters that have unequal slopes model deviations from
the mean. To distinguish between these two types of parameters, the unconstrained unequal slope
parameters are pre xed with “U_" and the constrained parameters are pre xed with “C_". You can use

the “Joint Tests” or “Type 3 Analysis of Effects” table to test whether the unequal slope parameters are
zero.

For an example that uses this option, see Example 72.18. If you specify the UNEQUALSLOPES option,
you cannot specify any of the EFFECTPLOT, ESTIMATE, EXACT, LSMEANS, LSMESTIMATE,
ROC, ROCCONTRAST, SLICE, STORE, and STRATA statements, and you cannot specify the follow-
ing options: CTABLE, FIRTH, OUTROC=, PEVENT=, PPROB=, RIDGING=, and TECHNIQUE-=.

WALDCL

CL
is the same as specifying CLPARM=WALD.

XCONV=value
speci es the relative parameter convergence criterion. Convergence requires a small relative parameter
change in subsequent iterations,

maxj j"/j < value
j

where

- < J_.|/ j.l 1/ jj.l l/j<0:01
Al D LTI
J 41— otherwise

i

and j'” is the estimate of thgh parameter at iteratian See the section “Convergence Criteria” on
page 5376 for more information.
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NLOPTIONS Statement
NLOPTIONS <options > ;

The NLOPTIONS statement controls the optimization process for conditional analyses (which result from
specifying a STRATA statement) and for partial parallel slope models (which result from specifying the
EQUALSLOPES or UNEQUALSLOPES option in the MODEL statement). An option that is speci ed in the
NLOPTIONS statement takes precedence over the same option speci ed in the MODEL statement.

The default optimization techniques are chosen according to the number of parapetsi®llows:

Newton-Raphson with ridging whegm< 40
quasi-Newton when 40 p < 400
conjugate gradient whem 400

The availableoptions are described in the section “NLOPTIONS Statement” on page 492 in Chapter 19,
“Shared Concepts and Topics.”

ODDSRATIO Statement
ODDSRATIO < label > variable </ options > ;

The ODDSRATIO statement produces odds ratios/éoiable even when the variable is involved in inter-
actions with other covariates, and for classi cation variables that use any parameterization. You can also
specify variables on which constructed effects are based, in addition to the names of COLLECTION or
MULTIMEMBER effects. You can specify several ODDSRATIO statements.

If variable is continuous, then the odds ratios honor any values speci ed in the UNITS statemeniatife

is a classi cation variable, then odds ratios comparing each pairwise difference between the |eagéblaf

are produced. Ifariable interacts with a continuous variable, then the odds ratios are produced at the mean
of the interacting covariate by default.Vdriable interacts with a classi cation variable, then the odds ratios

are produced at each level of the interacting covariate by default. The computed odds ratios are independent
of the parameterization of any classi cation variable.

The odds ratios are uniquely labeled by concatenating the following termasible:

1. If this is a polytomous response model, then pre x the response variable and the level describing the
logit followed by a colon; for example, “Y 0:".

2. If variable is continuous and the UNITS statement provides a value that is not equal to 1, then append
“Units=value”; otherwise, if/ariable is a classi cation variable, then append the levels being contrasted;
for example, “cat vs dog”.

3. Append all interacting covariates preceded by “At”; for example, “At X=1.2 A=cat”.
If you are also creating odds ratio plots, then this label is displayed on the plots (see the PLOTS option for

more information). If you specify dabel in the ODDSRATIO statement, then the odds ratios produced by
this statement are also labeleldbel, label 2, label 3,..., and these are the labels used in the plots. If there
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are any duplicated labels across all ODDSRATIO statements, then the corresponding odds ratios are not
displayed on the plots.

The followingoptions are available:

AT(covariate=value-list | REF | ALL<... covariate=value-list | REF | ALL >)
speci es xed levels for covariates. These levels are used in the odds ratio computation when the
covariate interacts withariable. The speci ed levels fovariable are used whemariable constructs a
SPLINE or POLYNOMIAL effect.

For continuous covariates, you can specify one or more numbers valtkeelist. For classi cation
covariates, you can specify one or more formatted levels of the covariate enclosed in single quotes
(for example A="cat' 'dog' ), you can specify the keyword REF to select the reference-level, or you
can specify the keyword ALL to select all levels of the classi cation variable. By default, continuous
covariates are set to their means, while CLASS covariates are set to ALL. For a model that includes
a classi cation variableéz={cat,dog} and a continuous covariaXg specifyingAT(A="cat’ X=7 9)

will set A to 'cat’, andX to 7 and then 9.

CL=WALD | PL | BOTH
speci es whether to create Wald or pro le-likelihood con dence limits, or both. By default, Wald
con dence limits are produced.

DIFF=REF | ALL
speci es whether the odds ratios for a classi catiariable are computed against the reference level,
or all pairs ofvariable are compared. By default, DIFF=ALL. The DIFF= option is ignored when
variable is continuous.

PLCONV=value
controls the convergence criterion for con dence intervals based on the pro le-likelihood function.
The quantitywalue must be a positive number, with a default value of 1E—4. The PLCONV= option
has no effect if pro le-likelihood con dence intervals (CL=PL) are not requested.

PLMAXITER=number
speci es the maximum number of iterations to perform. By default, PLMAXITER=25. If conver-
gence is not attained mumber iterations, the odds ratio or the con dence limits are set to missing.
The PLMAXITER= option has no effect if pro le-likelihood con dence intervals (CL=PL) are not
requested.

PLSINGULAR=value
speci es the tolerance for testing the singularity of the Hessian matrix (Newton-Raphson algorithm) or
the expected value of the Hessian matrix (Fisher scoring algorithm). The test requires that a pivot for
sweeping this matrix be at least this number times a norm of the matrix. Values of the PLSINGULAR=
option must be numeric. By defaulialue is the machine epsilon times 1E7, which is approximately
1E-9. The PLSINGULAR= option has no effect if pro le-likelihood con dence intervals (CL=PL) are
not requested.
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OUTPUT Statement
OUTPUT <OUT=SAS-data-set>/ <options > ;

The OUTPUT statement creates a new SAS data set that contains all the variables in the input data set and,
optionally, the estimated linear predictors and their standard error estimates, the estimates of the cumulative
or individual response probabilities, and the con dence limits for the cumulative probabilities. Regression
diagnostic statistics and estimates of cross validated response probabilities are also available for binary
response models. If you specify more than one OUTPUT statement, only the last one is used. Formulas for
the statistics are given in the sections “Linear Predictor, Predicted Probability, and Con dence Limits” on
page 5387 and “Regression Diagnostics” on page 5397, and, for conditional logistic regression, in the section
“Conditional Logistic Regression” on page 5405.

If you use the single-trial syntax, the data set also contains a variable name@#L_, which indicates the

level of the response that the given row of output is referring to. For instance, the value of the cumulative
probability variable is the probability that the response variable is as large as the corresponding value of
_LEVEL_. For more information, see the section “OUT= Output Data Set in the OUTPUT Statement” on
page 5414.

The estimated linear predictor, its standard error estimate, all predicted probabilities, and the con dence
limits for the cumulative probabilities are computed for all observations in which the explanatory variables
have no missing values, even if the response is missing. By adding observations with missing response values
to the input data set, you can compute these statistics for new observations or for settings of the explanatory
variables not present in the data without affecting the model t. Alternatively, the SCORE statement can be
used to compute predicted probabilities and con dence intervals for new observations.

Table 72.9 summarizes tlptions available in the OUTPUT statement. Thegsions can be speci ed

after a slash (/). The statistic and diagnostic options specify the statistics to be included in the output data
set and name the new variables that contain the statistics. If a STRATA statement is speci ed, only the
PREDICTED=, RESCHI=, STDRESCHI=, DFBETAS=, and H= options are available; for more information,
see the section “Regression Diagnostic Details” on page 5406.

Table 72.9 OUTPUT Statement Options

Option Description

ALPHA= Species forthel00.1 / % con dence intervals
OouT= Names the output data set

Statistic Options

LOWER= Names the lower con dence limit

PREDICTED=  Names the predicted probabilities
PREDPROBS= Requests the individual, cumulative, or cross validated predicted probabili-

ties
STDXBETA= Names the standard error estimate of the linear predictor
UPPER= Names the upper con dence limit

XBETA= Names the linear predictor
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Table 72.9 continued

Option Description

Diagnostic Options for Binary Response

C= Names the con dence interval displacement

CBAR= Names the con dence interval displacement
DFBETAS= Names the standardized deletion parameter differences
DIFCHISQ= Names the deletion chi-square goodness-of- t change
DIFDEV= Names the deletion deviance change

H= Names the leverage

RESCHI= Names the Pearson chi-square residual

RESDEV= Names the deviance residual

RESLIK= Names the likelihood residual

STDRESCHI=  Names the standardized Pearson chi-square residual

STDRESDEV= Names the standardized deviance residual

The following list describes thesgptions.

ALPHA=number
sets the level of signi cance for 100.1 / % con dence limits for the appropriate response
probabilities. The value afumber must be between 0 and 1. By defaultmber is equal to the value
of the ALPHA= option in the PROC LOGISTIC statement, or 0.05 if that option is not speci ed.

C=name
speci es the con dence interval displacement diagnostic that measures the in uence of individual
observations on the regression estimates.

CBAR=name
speci es the con dence interval displacement diagnostic that measures the overall change in the global
regression estimates due to deleting an individual observation.

DFBETAS=_ALL_ | var-list
speci es the standardized differences in the regression estimates for assessing the effects of individual
observations on the estimated regression parameters in the tted model. You can specify a list of up
to s C 1 variable names, wheeis the number of explanatory variables in the MODEL statement,
or you can specify just the keyword _ALL_. In the former speci cation, the rst variable contains
the standardized differences in the intercept estimate, the second variable contains the standardized
differences in the parameter estimate for the rst explanatory variable in the MODEL statement,
and so on. In the latter speci cation, the DFBETAS statistics are named DFBERKAwWherexxx
is the name of the regression parameter. For example, if the model contains two variables X1 and
X2, the speci cation DFBETAS=_ALL_ produces three DFBETAS statistics: DFBETA _Intercept,
DFBETA_X1, and DFBETA_X2. If an explanatory variable is not included in the nal model, the
corresponding output variable named in DFBETA&Hist contains missing values.

DIFCHISQ=name
speci es the change in the chi-square goodness-of- t statistic attributable to deleting the individual
observation.
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DIFDEV=name
speci es the change in the deviance attributable to deleting the individual observation.

H=name
speci es the diagonal element of the hat matrix for detecting extreme points in the design space.

LOWER=name

L=name
names the variable containing the lower con dence limits fowhere is the probability of the event
response if events/trials syntax or single-trial syntax with binary response is speci ed; for a cumulative
model, is the cumulative probability (that is, the probability that the response is less than or equal
to the value of LEVEL_); for the generalized logit model, it is the individual probability (that is, the
probability that the response category is represented by the value of LEVEL ). See the ALPHA=
option to set the con dence level.

OUT=SAS-data-set
names the output data set. If you omit the OUT= option, the output data set is created and given a
default name by using the DATAconvention.

PREDICTED=name

PRED=name

PROB=name

P=name
names the variable containing the predicted probabilities. For the events/trials syntax or single-trial
syntax with binary response, it is the predicted event probability. For a cumulative model, it is the
predicted cumulative probability (that is, the probability that the response variable is less than or equal
to the value of LEVEL_); and for the generalized logit model, it is the predicted individual probability
(that is, the probability of the response category represented by the valuEiEL ).

PREDPROBS=(keywords)
requests individual, cumulative, or cross validated predicted probabilities. Descriptionkejlueds
are as follows.

INDIVIDUAL | I requests the predicted probability of each response level. For a response wariable
with three levels, 1, 2, and 3, the individual probabilities arert(), Pr{r=2), and Pr¢=3).

CUMULATIVE | C requests the cumulative predicted probability of each response level. For a
response variable with three levels, 1, 2, and 3, the cumulative probabilities arg P1j,
Pr(y 2),and Pr¢ 3). The cumulative probability for the last response level always has
the constant value of 1. For generalized logit models, the cumulative predicted probabilities
are not computed and are set to missing.

CROSSVALIDATE | XVALIDATE | X  requests the cross validated individual predicted probability
of each response level. These probabilities are derived from the leave-one-out principle—
that is, dropping the data of one subject and reestimating the parameter estimates. PROC
LOGISTIC uses a less expensive one-step approximation to compute the parameter estimates.
This option is valid only for binary response models; for nominal and ordinal models, the
cross validated probabilities are not computed and are set to missing.

For more information, see the section “Details of the PREDPROBS= Option” on page 5360 at the end
of this section.
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RESCHI=name
speci es the Pearson (chi-square) residual for identifying observations that are poorly accounted for by
the model.

RESDEV=name
speci es the deviance residual for identifying poorly tted observations.

RESLIK=name
speci es the likelihood residual for identifying poorly tted observations.

STDRESCHI=name
speci es the standardized Pearson (chi-square) residual for identifying observations that are poorly
accounted for by the model.

STDRESDEV=name
speci es the standardized deviance residual for identifying poorly tted observations.

STDXBETA=name
names the variable containing the standard error estimates of XBETA. For more information, see the
section “Linear Predictor, Predicted Probability, and Con dence Limits” on page 5387.

UPPER=name

U=name
names the variable containing the upper con dence limits fowhere is the probability of the event
response if events/trials syntax or single-trial syntax with binary response is speci ed; for a cumulative
model, is cumulative probability (that is, the probability that the response is less than or equal to
the value of LEVEL_); for the generalized logit model, it is the individual probability (that is, the
probability that the response category is represented by the value of LEVEL ). See the ALPHA=
option to set the con dence level.

XBETA=name
names the variable containing the estimates of the linear predic®r %, wherei is the corresponding
ordered value of LEVEL _.

Details of the PREDPROBS= Option

You can request any of the three types of predicted probabilities. For example, you can request both the
individual predicted probabilities and the cross validated probabilities by specifying PREDPROBS=(I X).

When you specify the PREDPROBS= option, two automatic variabROM_ and_INTO_, are included
for the single-trial syntax and only one variabl&\TO_, is included for the events/trials syntax. The variable
_FROM_ contains the formatted value of the observed response. The varl&idi@_ contains the formatted
value of the response level with the largest individual predicted probability.

If you specify PREDPROBS=INDIVIDUAL, the OUT= data set contakadditional variables representing
the individual probabilities, one for each response level, wkésgéhe maximum number of response levels
across all BY groups. The names of these variables have thelforxrx wherexxxrepresents the particular
level. The representation depends on the following situations:

If you specify events/trials syntaxxxis either "Event' or "Nonevent'. Thus, the variable containing
the event probabilities is namé®_Event and the variable containing the nonevent probabilities is
namedP_Nonevent.
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If you specify the single-trial syntax with more than one BY groxyxis 1 for the rst ordered level

of the response, 2 for the second ordered level of the response, and so forth, as given in the “Response
Pro le” table. The variable containing the predicted probabilitiesrBd() is namedP_1, whereY is

the response variable. Similarl?_2 is the name of the variable containing the predicted probabilities
Pr(v=2), and so on.

If you specify the single-trial syntax with no BY-group processixxxis the left-justi ed formatted
value of the response level (the value might be truncated séRthatxdoes not exceed 32 characters).
For example, ify is the response variable with response levels "None', "Mild', and “Severe', the
variables representing individual probabilitiesYr(None"), P(Y='"Mild"), and P(Y='Severe') are
namedP_None, IP_Mild, andIP_Severe, respectively.

If you specify PREDPROBS=CUMULATIVE, the OUT= data set contdimslditional variables representing

the cumulative probabilities, one for each response level, whé&rehe maximum number of response
levels across all BY groups. The names of these variables have the€frrxx wherexxxrepresents the
particular response level. The naming convention is similar to that given by PREDPROBS=INDIVIDUAL.
The PREDPROBS=CUMULATIVE values are the same as those output by the PREDICT= option, but are
arranged in variables on each output observation rather than in multiple output observations.

If you specify PREDPROBS=CROSSVALIDATE, the OUT= data set contkiadditional variables repre-
senting the cross validated predicted probabilities okthesponse levels, whekes the maximum number

of response levels across all BY groups. The names of these variables have thé@fooxw wherexxx
represents the particular level. The representation is the same as that given by PREDPROBS=INDIVIDUAL
except that for the events/trials syntax there are four variables for the cross validated predicted probabilities
instead of two:

XP_EVENT_RI1E is the cross validated predicted probability of an event when a single event is removed
from the current observation.

XP_NONEVENT_R1E is the cross validated predicted probability of a nonevent when a single event is
removed from the current observation.

XP_EVENT_RI1N isthe cross validated predicted probability of an event when a single nonevent is removed
from the current observation.

XP_NONEVENT_RIN is the cross validated predicted probability of a nonevent when a single nonevent is
removed from the current observation.

The cross validated predicted probabilities are precisely those used in the CTABLE option. For more
information about the computation, see the section “Predicted Probability of an Event for Classi cation” on
page 5389.

ROC Statement
ROC < label > <specication > </ options > ;

The ROC statements specify models to be used in the ROC comparisons. You can specify more than one
ROC statement. ROC statements are identi ed by tlabiel—if you do not specify dabel, theith ROC
statement is labeled “RQC Additionally, the speci ed or selected model is labeled with the MODEL
statement label or “Model” if the MODEL label is not present. Bpeci cation can be either a list of effects
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that have previously been speci ed in the MODEL statement, or PREBable, where thevariable does not

have to be speci ed in the MODEL statement. The PRED= option enables you to input a criterion produced
outside PROC LOGISTIC; for example, you can t a random-intercept model by using PROC GLIMMIX
or use survey weights in PROC SURVEYLOGISTIC, then use the predicted values from those models to
produce an ROC curve for the comparisons. If you do not malei cation , then an intercept-only model

is tto the data, resulting in a noninformative ROC curve that can be used for comparing the area under
another ROC curve to 0.5.

You can specify a ROCCONTRAST statement and a ROCOPTIONS option in the PROC LOGISTIC
statement to control how the models are compared, while the PLOTS=ROC option controls the ODS Graphics
displays. See Example 72.8 for an example that uses the ROC statement.

If you specify anyoptions, then a “ROC Model Information” table summarizing the new ROC model is
displayed. Theptions are ignored for the PRED= speci cation. The followingtions are available:

NOINT
suppresses the intercept for the model. Note that specifying the NOINT option in the MODEL
statement does not affect the ROC model.

NOOFFSET
does not include an offset variable if the OFFSET= option is speci ed in the MODEL statement.
A constant offset has no effect on the ROC curve, although the cutpoints might be different, but a
nonconstant offset can affect the parameter estimates and hence the ROC curve.

LINK=keyword
speci es the link function to be used in the model. The available keywords are LOGIT, NORMIT, and
CLOGLOG. The logit link is the default. Note that the LINK= option in the MODEL statement is
ignored.

ROCCONTRAST Statement
ROCCONTRAST < label > <contrast> </ options > ;

The ROCCONTRAST statement compares the different ROC models. You can specify only one ROCCON-
TRAST statement. The ROCOPTIONS options in the PROC LOGISTIC statement control how the models
are compared. You can specify one of the followengtrast speci cations:

REFERENCE< (MODEL | 'roc-label") >
produces a contrast matrix of differences between each ROC curve and a reference curve. The MODEL
keyword speci es that the reference curve is that produced from the MODEL statemeni;iabel
speci es the label of the ROC curve that is to be used as the reference curve. If neither the MODEL
keyword nor theoc-label label is speci ed, then the reference ROC curve is either the curve produced
from the MODEL statement, the selected model if a selection method is speci ed, or the model from
the rst ROC statement if the NOFIT option is speci ed.

ADJACENTPAIRS
produces a contrast matrix of each ROC curve minus the succeeding curve.
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matrix
speci es the contrast in the formw1,row2,... , Where eachow contains the coef cients used to
compare the ROC curves. Eagw must contain the same number of entries as there are ROC curves
being compared. The elements of ean refer to the ROC statements in the order in which they are
speci ed. However, the rst element of eachw refers either to the tted model, the selected model
if a SELECTION= method is speci ed, or the rst speci ed ROC statement if the NOFIT option is
speci ed.

If no contrast is speci ed, then the REFERENCE contrast with the default reference curve is used. See the
section “Comparing ROC Curves” on page 5394 for more information about comparing ROC curves, and see
Example 72.8 for an example.

The followingoptions are available:

E
displays the contrast.

ESTIMATE <= ROWS | ALLPAIRS >
produces estimates of each row of the contrast when ESTIMATE or ESTIMATE=ROWS is speci ed.
If the ESTIMATE=ALLPAIRS option is speci ed, then estimates of every pairwise difference of ROC
curves are produced.

The row contrasts are labeled “ModelLabell — ModelLabel2”, where the model labels are as described
in the ROC statement; in particular, for the REFERENCE contrast, ModelLabel2 is the reference model
label. If you specify your own contrast matrix, then iklecontrast row estimate is labeled “Ridw

cov
displays covariance matrices used in the computations.

SCORE Statement
SCORE <options > ;

The SCORE statement creates a data set that contains all the data in the DATA= data set together with
posterior probabilities and, optionally, prediction con dence intervals. Fit statistics are displayed on request.

If you have binary response data, the SCORE statement can be used to create a data set containing data for
the ROC curve. You can specify several SCORE statements. FREQ, WEIGHT, and BY statements can be
used with the SCORE statements. Weights do not affect the computation of predicted probabilities, their
con dence limits, or the predicted response level. Weights affect some t statistics as described in “Fit
Statistics for Scored Data Sets” on page 5401. The SCORE statement is not available with the STRATA
statement.

If a SCORE statement is speci ed in the same run as tting the model, FORMAT statements should be
speci ed after the SCORE statement in order for the formats to apply to all the DATA= and PRIOR= data
sets in the SCORE statement.

See the section “Scoring Data Sets” on page 5400 for more information, and see Example 72.16 for an
illustration of how to use this statement.

Table 72.10 summarizes thetions available in the SCORE statement.
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Table 72.10 SCORE Statement Options

Option Description

ALPHA= Speci es the signi cance level

CLM Outputs the Wald-test-based con dence limits

CUMULATIVE Outputs the cumulative predicted probabilities

DATA= Names the SAS data that you want to score

FITSTAT Displays t statistics

OouT= Names the SAS data set that contains the predicted information
OUTROC= Names the SAS data set that contains the ROC curve

PRIOR= Names the SAS data set that contains the priors of the response categories
PRIOREVENT= Speci es the prior event probability

ROCEPS= Speci es the criterion for grouping estimated event probabilities

You can specify the followingptions:

ALPHA=number
speci es the signi cance level for 100.1 / % con dence intervals. By default, the value of
number is equal to the ALPHA= option in the PROC LOGISTIC statement, or 0.05 if that option is
not speci ed. This option has no effect unless the CLM option in the SCORE statement is requested.

CLM

outputs the Wald-test-based con dence limits for the predicted probabilities. This option is not available
when the INMODEL= data set is created with the NOCOV option.

CUMULATIVE

outputs the cumulative predicted probabilitlssY  i/;i D 1;:::;k C 1, to the OUT= data set.
This option is valid only when you have more than two response levels; otherwise, the option is ignored

and a note is printed in the SAS log. These probabilities are namel@&® | wherelevel _iis theith
response level.

If the CLM option is also speci ed in the SCORE statement, then the Wald-based con dence limits for
the cumulative predicted probabilities are also output. The con dence limits are named @vEL i
and CUCL level_i In particular, for the lowest response level, the cumulative values (CP, CLCL,

CUCL) should be identical to the individual values (P, LCL, UCL), and for the highest response level
CP=CLCL=CUCL=1.

DATA=SAS-data-set

names the SAS data set that you want to score. If you omit the DATA= option in the SCORE statement,

then scoring is performed on the DATA= input data set in the PROC LOGISTIC statement, if speci ed;
otherwise, the DATA=_LAST _data set is used.

It is not necessary for the DATA= data set in the SCORE statement to contain the response variable
unless you are specifying the FITSTAT or OUTROC= option.

Only those variables involved in the tted model effects are required in the DATA= data set in the
SCORE statement. For example, the following statements use forward selection to select effects:
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proc logistic data=Neuralgia outmodel=sasuser.Model,
class Treatment Sex;
model Pain(event=Yes )= Treatment|Sex Age
| selection=forward sle=.01;
run;

Supposdreatment andAge are the effects selected for the nal model. You can score a data set that
does not contain the variabBex because the effe@ex is not in the model that the scoring is based
on. For example, the following statements scoreNheralgia data set after dropping tigex variable:

proc logistic inmodel=sasuser.Model;
score data=Neuralgia(drop=Sex);
run;

FITSTAT
displays t statistics for the data set you are scoring. The data set must contain the response variable.
For more information, see the section “Fit Statistics for Scored Data Sets” on page 5401.

OUT=SAS-data-set
names the SAS data set that contains the predicted information. If you omit the OUT= option, the
output data set is created and given a default name by using the&divention.

OUTROC=SAS-data-set
names the SAS data set that contains the ROC curve for the DATA= data set. The ROC curve is
computed only for binary response data. See the section “OUTROC= Output Data Set” on page 5417
for the list of variables in this data set.

PRIOR=SAS-data-set
names the SAS data set that contains the priors of the response categories. The priors can be values
proportional to the prior probabilities; thus, they do not necessarily sum to one. This data set should
include a variable named _PRIOR _ that contains the prior probabilities. For events/trials MODEL
statement syntax, this data set should also include an _OUTCOME__ variable that contains the values
EVENT and NONEVENT; for single-trial syntax, this data set should include the response variable
that contains the unformatted response categories. See Example 72.16 for an example.

PRIOREVENT=value
speci es the prior event probability for a binary response model. If both PRIOR= and PRIOREVENT=
options are speci ed, the PRIOR= option takes precedence.

ROCEPS=value
speci es the criterion for grouping estimated event probabilities that are close to each other for the ROC
curve. In each group, the difference between the largest and the smallest estimated event probability
does not exceed the given value. Ma&ie must be between 0 and 1; the default value is the square
root of the machine epsilon, which is about 1E-8 (in releases prior to 9.2, the default was 1E-4). The
smallest estimated probability in each group serves as a cutpoint for predicting an event response. The
ROCEPS= option has no effect if the OUTROC= option is not speci ed in the SCORE statement.
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SLICE Statement

SLICE model-effect </ options > ;

The SLICE statement provides a general mechanism for performing a partitioned analysis of the LS-means
for an interaction. This analysis is also known as an analysis of simple effects.

The SLICE statement uses the saoptions as the LSMEANS statement, which are summarized in Ta-
ble 19.21. For details about the syntax of the SLICE statement, see the section “SLICE Statement” on
page 509 in Chapter 19, “Shared Concepts and Topics.”

NOTE: If you have classi cation variables in your model, then the SLICE statement is allowed only if you
also specify the PARAM=GLM option.

STORE Statement
STORE <OUT=>item-store-name </ LABEL= label >;

The STORE statement requests that the procedure save the context and results of the statistical analysis. The
resulting item store has a binary le format that cannot be modi ed. The contents of the item store can be
processed with the PLM procedure. For details about the syntax of the STORE statement, see the section
“STORE Statement” on page 512 in Chapter 19, “Shared Concepts and Topics.”

STRATA Statement

STRATA variable <(option) > ... <variable < (option) >> </ options > ;

The STRATA statement names thariables that de nestrataor matched set® use instrati ed logistic
regressiorof binary response data.

Observations that have the samiable values are in the same matched set. For a strati ed logistic model,
you can analyze 1:1, 4, m:n, and generain; :n; matched sets where the number of cases and controls
varies across strata. At least one variable must be speci ed to invoke the strati ed analysis, and the usual
unconditional asymptotic analysis is not performed. The strati ed logistic model has the form

|Og|t hi/ D ,C Xgi

where ,; is the event probability for thgh observation in straturh with covariates,; and where the
stratum-speci ¢ intercepts;, are the nuisance parameters that are to be conditioned out.

STRATA variables can also be speci ed in the MODEL statement as classi cation or continuous covariates;
however, the effects are nondegenerate only when crossed with a nonstrati cation variable. Specifying several
STRATA statements is the same as specifying one STRATA statement that contains all the strata variables.
The STRATA variables can be either character or numeric, and the formatted values of the STRATA variables
determine the levels. Thus, you can also use formats to group values into levels; see the discussion of the
FORMAT procedure in th8ase SAS Procedures Guide

The “Strata Summary” table is displayed by default. For an exact logistic regression, it displays the number
of strata that have a speci c number of events and non-events. For example, if you are analyzing a 1:5
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matched study, this table enables you to verify that every stratum in the analysis has exactly one event and
ve non-events. Strata that contain only events or only non-events are reported in this table, but such strata
are uninformative and are not used in the analysis.

If an EXACT statement is also speci ed, then a strati exlactlogistic regression is performed.

The EFFECTPLOT, SCORE, and WEIGHT statements are not available with a STRATA statement. The
following MODEL options are also not supported with a STRATA statement: CLPARM=PL, CLODDS=PL,
CTABLE, FIRTH, LACKFIT, LINK=, NOFIT, OUTMODEL=, OUTROC=, ROC, and SCALE-=.

The followingoption can be speci ed for a strati cation variable by enclosing tipgion in parentheses after
the variable name, or it can be speci ed globally for all STRATA variables after a slash (/).

MISSING
treats missing values (".', ._, .A, ..., .Z for numeric variables and blanks for character variables) as
valid STRATA variable values.

The following stratabptions are also available after the slash:

CHECKDEPENDENCY | CHECK=keyword
speci es which variables are to be tested for dependency before the analysis is performed. The available
keywords are as follows:

NONE  performs no dependence checking. Typically, a message about a singular information matrix
is displayed if you have dependent variables. Dependent variables can be identi ed after the
analysis by noting any missing parameter estimates.

COVARIATES checks dependence between covariates and an added intercept. Dependent covariates
are removed from the analysis. However, covariates that are linear functions of the strata
variable might not be removed, which results in a singular information matrix message
being displayed in the SAS log. This is the default.

ALL checks dependence between all the strata and covariatesptibiscan adversely affect
performance if you have a large number of strata.

NOSUMMARY
suppresses the display of the “Strata Summary” table.

INFO
displays the “Strata Information” table, which includes the stratum number, levels of the STRATA
variables that de ne the stratum, the number of events, the number of non-events, and the total
frequency for each stratum. Since the number of strata can be very large, this table is displayed only
by request.

TEST Statement

<label:> TEST equationl <, equation2, ... > </ option > ;

The TEST statement tests linear hypotheses about the regression coef cients. The Wald test is used to
perform a joint test of the null hypothesegWViL D c speci ed in a single TEST statement, wheres the
vector of intercept and slope parameters. Wo&n 0 you should specify a CONTRAST statement instead.
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Eachequation speci es a linear hypothesis (a row of thematrix and the corresponding element of the
vector). Multipleequations are separated by commas. Thkel, which must be a valid SAS name, is used
to identify the resulting output and should always be included. You can submit multiple TEST statements.

The form of anequation is as follows:
term< term:::><D term< term:.::>>

whereterm is a parameter of the model, or a constant, or a constant times a parameter. Intercept and CLASS
variable parameter names should be speci ed as described in the section “Parameter Names in the OUTEST=
Data Set” on page 5413. For multinomial response models, this form enables you to construct tests of
parameters from speci ¢ logits. When no equal sign appears, the expression is set to 0. The following
statements illustrate possible uses of the TEST statement:

proc logistic;
model y= al a2 a3 a4;
testl: test intercept + .5 * a2 = 0;
test2: test intercept + .5 * a2,

test3: test al=a2=a3;
test4: test al=a2, a2=a3;
run;

Note that the rst and second TEST statements are equivalent, as are the third and fourth TEST statements.

You can specify the followingption in the TEST statement after a slash(/):

PRINT
displays intermediate calculations in the testing of the null hypotl¢gidl. D c. These calculations
includeL®.b/L%bordered byLb ¢/ and®R.b/L% 1 bordered byER.b/L% 1.LD ¢/, where
b is the maximum likelihood estimator of and®.b/ is the estimated covariance matrixtof

For more information, see the section “Testing Linear Hypotheses about the Regression Coef cients”
on page 5396.

UNITS Statement
UNITS <independentl=listl <independent2=list2::: >> </ option> ;

The UNITS statement enables you to specify units of change for the continuous explanatory variables so
that customized odds ratios can be estimated. If you specify more than one UNITS statement, only the last
one is used. An estimate of the corresponding odds ratio is produced for each unit of change speci ed for
an explanatory variable. The UNITS statement is ignored for CLASS variables. Odds ratios are computed
only for main effects that are not involved in interactions or nestings, unless an ODDSRATIO statement is
also speci ed. If the CLODDS= option is speci ed in the MODEL statement, the corresponding con dence
limits for the odds ratios are also displayed, as are odds ratios and con dence limits for any CLASS main
effects that are not involved in interactions or nestings. The CLASS effects must use the GLM, reference, or
effect coding.

The UNITS statement also enables you to customize the odds ratios for effects speci ed in ODDSRATIO
statements, in which case interactions and nestings are allowed, and CLASS variables can be speci ed with
any parameterization.
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The termindependent is the name of an explanatory variable distrepresents a list of units of change,

separated by spaces, that are of interest for that variable. Each unit of change in a list has one of the following
forms:

number
SD or-SD
number* SD

wherenumberis any nonzero number, and SD is the sample standard deviation of the corresponding
independent variable. For exampe,D 2 requests an odds ratio that represents the change in the odds
when the variabl& is decreased by two unitX D 2 SD requests an estimate of the change in the odds
whenX is increased by two sample standard deviations.

You can specify the followingption in the UNITS statement after a slash(/):

DEFAULT=list
gives a list of units of change for all explanatory variables that are not speci ed in the UNITS statement.
Each unit of change can be in any of the forms described previously. If the DEFAULT= option is not
speci ed, PROC LOGISTIC does not produce customized odds ratio estimates for any continuous
explanatory variable that is not listed in the UNITS statement. For more information, see the section
“Odds Ratio Estimation” on page 5383.

WEIGHT Statement
WEIGHT variable </ option> ;

When a WEIGHT statement appears, each observation in the input data set is weighted by the value of the
WEIGHT variable. Unlike a FREQ variable, the values of the WEIGHT variable can be nonintegral and are
not truncated. Observations with negative, zero, or missing values for the WEIGHT variable are not used
in the model tting. When the WEIGHT statement is not speci ed, each observation is assigned a weight
of 1. The WEIGHT statement is not available with the STRATA statement. If you specify more than one
WEIGHT statement, then the rst WEIGHT variable is used.

If a SCORE statement is speci ed, then the WEIGHT variable is used for computing t statistics (see the
section “Fit Statistics for Scored Data Sets” on page 5401) and the ROC curve (see the WEIGHTED option
of the ROCOPTIONS option), but it is not required for scoring. Weights do not affect the computation of
predicted probabilities, their con dence limits, or the predicted response level. If the DATA= data set in the
SCORE statement does not contain the WEIGHT variable, the weights are assumed to be 1 and a warning
message is issued in the SAS log. If you t a model and perform the scoring in the same run, the same
WEIGHT variable is used for tting and scoring. If you ta model in a previous run and input it with the
INMODEL-= option in the current run, then the WEIGHT variable can be different from the one used in the
previous run; however, if a WEIGHT variable was not speci ed in the previous run, you can still specify a
WEIGHT variable in the current run.

CAUTION : PROC LOGISTIC does not compute the proper variance estimators if you are analyzing survey
data and specifying the sampling weights through the WEIGHT statement. The SURVEYLOGISTIC
procedure is designed to perform the necessary, and correct, computations.

The followingoption can be added to the WEIGHT statement after a slash (/):
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NORMALIZE

NORM
causes the weights speci ed by the WEIGHT variable to be normalized so that they add up to the
actual sample size. Weightg are normalized by multiplying them by— wheren is the sample
size. With this option, the estimated covariance matrix of the parameter estimators is invariant to the
scale of the WEIGHT variable.

Details: LOGISTIC Procedure

Missing Values

Any observation with missing values for the response, offset, strata, or explanatory variables is excluded
from the analysis; however, missing values are valid for variables speci ed with the MISSING option in the
CLASS or STRATA statement. Observations with a nonpositive or missing weight or with a frequency less
than 1 are also excluded. The estimated linear predictor and its standard error estimate, the tted probabilities
and con dence limits, and the regression diagnostic statistics are not computed for any observation with
missing offset or explanatory variable values. However, if only the response value is missing, the linear
predictor, its standard error, the tted individual and cumulative probabilities, and con dence limits for the
cumulative probabilities can be computed and output to a data set by using the OUTPUT statement.

Response Level Ordering

Response level ordering is important because, by default, PROC LOGISTIC models the probability of
response levels wittower Ordered ValueOrdered Values are assigned to response levels in ascending sorted
order (that is, the lowest response level is assigned Ordered Value 1, the next lowest is assigned Ordered
Value 2, and so on) and are displayed in the “Response Pro les” table. If your response Vériakéss

values infl;:::;k C 1g then, by default, the functions modeled with the binary or cumulative model are

logit.Pr.Y ijx/l; i D1;:::;k

and for the generalized logit model the functions modeled are

o Pr.Y D ijx/ iDL K
9 PrYDKkC X

where the highest Ordered Vali¥eD k C 1is the reference level. You can change which probabilities are
modeled by specifying the EVENT=, REF=, DESCENDING, or ORDER= response variable options in the
MODEL statement.

For binary response data with event and nonevent categories, if your event category has a higher Ordered
Value, then by default the nonevent is modeled. Because the default response function modeled is

logit. / D log 1
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where is the probability of the response level assigned Ordered Value 1, and because
logit. / D logit.l /

the effect of modeling the nonevent is to change the signsasfd in the model for the evenlpgit. / D
c %

For example, suppose the binary response varightgkes the values 1 and 0 for event and nonevent,
respectively, an@xposure is the explanatory variable. By default, PROC LOGISTIC assigns Ordered Value

1 to response leved=0, and Ordered Value 2 to response lexel. As a result, PROC LOGISTIC models

the probability of the nonevent (Ordered Value=1) category, and your parameter estimates have the opposite
sign from those in the model for the event. To model the event without using a DATA step to change the
values of the variabl¥, you can control the ordering of the response levels or select the event or reference
level, as shown in the following list:

Explicitly state which response level is to be modeled by using the response variable option EVENT=
in the MODEL statement:

model Y(event=1) = Exposure;

Specify the nonevent category for the response variable in the response variable option REF=in the
MODEL statement. This option is most useful for generalized logit models where the EVENT= option
cannot be used.

model Y(ref=0) = Exposure;

Specify the response variable option DESCENDING in the MODEL statement to assign the lowest
Ordered Value tor=1:

model Y(descending)=Exposure;

Assign a format tor such that the rst formatted value (when the formatted values are put in sorted
order) corresponds to the event. In the following examyde, is assigned the formatted value “event'
andY=0 is assigned the formatted value ‘nonevent'. Because ORDER=FORMATTED by default,
Ordered Value 1 is assigned to response l&edl, so the procedure models the event.

proc format;
value Disease 1=event 0=nonevent;
run;
proc logistic;
format Y Disease.;
model Y=Exposure;
run;
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Link Functions and the Corresponding Distributions

Five link functions are available in the LOGISTIC procedure. The logit function is the default. To specify
a different link function, use the LINK= option in the MODEL statement. The link functions and the
corresponding distributions are as follows:

The logit function
g.p/ D log.p=.1 p/l
is the inverse of the cumulative logistic distribution function, which is

F.x/ D 1=.1C exp. x/l D exp.x/=.1 C exp.x//

The probit (or normit) function

gp/ D~ lp/

is the inverse of the cumulative standard normal distribution function, which is
Z X

Fx/ D"x/ D.2/ 12 exp. z2=2/dz
1

Traditionally, the probit function contains the additive constant 5, but throughout PROC LOGISTIC,
the terms probit and normit are used interchangeably.

The complementary log-log function
g.p/ D log. log.l1 p/l

is the inverse of the cumulative extreme-value function (also called the Gompertz distribution), which
IS

Fx/ D1 exp expx//

The generalized logit function extends the binary logit link to a vector of lepals.: :; pxc1/ by
contrasting each level with a xed level:

g.pi/ D log.pi=pkci/ 1 D 1;::::k

The adjacent-category logit function extends the binary logit link to a vector of lgqvels::; pxc1/
by contrasting each level with the following level:

g.pi/ D log.pi=pic1/ i D1;:::;k

The variances of the normal, logistic, and extreme-value distributions are not the same. Their respective
means and variances are shown in the following table:
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Distribution Mean Variance

Normal 0 1
Logistic 0 2=3
Extreme-value 2=6

Here is the Euler constant. In comparing parameter estimates from different link functions, you need to
take into account the different scalings of the corresponding distributions and, for the complementary log-log
function, a possible shift in location. For example, if the tted probabilities gre in the neighborhood of 0.1 to
0.9, then the parameter estimates from the logit link function should be abouB larger than the estimates

from the probit link function.

Determining Observations for Likelihood Contributions

If you use events/trials MODEL statement syntax, split each observation into two observations. One has
response value 1 with a frequency equal to the frequency of the original observation (which is 1 if the FREQ
statement is not used) times the value ofelientssariable. The other observation has response value 2 and

a frequency equal to the frequency of the original observation times the valtrals{events These two
observations will have the same explanatory variable values and the same FREQ and WEIGHT values as the
original observation.

For either single-trial or events/trials syntax,jletdex all observations. In other words, for single-trial syntax,

j indexes the actual observations. And, for events/trials syptadexes the observations after splitting (as
described in the preceding paragraph). If your data set has 30 observations and you use single-trial syntax,
has values from 1 to 30; if you use events/trials synitéuas values from 1 to 60.

Suppose the response variable in a cumulative response model can take on the orderédd:valuek C 1,
wherek is an integer 1. The likelihood for thejth observation with ordered response vajyeand
explanatory variables vectay is given by

< F. ;C (B(j/ yi D1
Li D . F.;C g(j/ F.; 1C 0Xj/ 1<iji k
1 F. (C Oxj / yj DkC1
whereF. / is the logistic, normal, or extreme-value distribution functioft,: ::; | are ordered intercept

parameters, and is the common slope parameter vector.

For the adjacent-category logit model, the likelihood forjtheobservation with ordered response vajye
and explanatory variables vectgr is given by

P

e iDyj iCX'O

]

1y Kk
P P j
1Cc’ K e iom iCX
1

N2> 00

Lj D Pr.Y Dyijj/D

LIPS D 2]

yjDkC1

g 0

P K ]
1C° fpie om 1
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For the generalized logit model, letting theC 1st level be the reference level, the intercepis:::;  are
unordered and the slope vectqrvaries with each logit. The likelihood for thth observation with response
valuey; and explanatory variables vectqr is given by

A0
D
o
<

Pk m C X!
L DPrY Dy;jx /D, 1€ lele j

Iterative Algorithms for Model Fitting

This section describes the two iterative maximum likelihood algorithms that are available in PROC LOGISTIC
for tting an unconditional logistic regression. For information about available optimization techniques for
conditional logistic regression and models that specify the EQUALSLOPES or UNEQUALSLOPES options,
see the section “NLOPTIONS Statement” on page 5355. Exact logistic regression uses a special algorithm,
which is described in the section “Exact Conditional Logistic Regression” on page 5408.

The default maximum likelihood algorithm is the Fisher scoring method, which is equivalent to tting

by iteratively reweighted least squares. The alternative algorithm is the Newton-Raphson method. For
generalized logit models, adjacent-category logit models, and models that specify the EQUALSLOPES or
UNEQUALSLOPES options, only the Newton-Raphson technique is available. Both algorithms produce the
same parameter estimates. However, the estimated covariance matrix of the parameter estimators can differ
slightly because Fisher scoring is based on the expected information matrix whereas the Newton-Raphson
method is based on the observed information matrix. For a binary logit model, the observed and expected
information matrices are identical, resulting in identical estimated covariance matrices for both algorithms.
You can specify the TECHNIQUE= option to select a tting algorithm, and you can specify the FIRTH option

to perform a bias-reducing penalized maximum likelihood t.

Iteratively Reweighted Least Squares Algorithm (Fisher Scoring)

Consider the multinomial variab® D .Z j ;11"ch1,/ such that
1 ifY, Di
zj D 0 otherwise

With j denoting the probability that thh obﬁgrvatlon has response vaiuthe expected value &;

is j D. g,z kClJ/ where ycq; D1 ,Dl j . The covariance matrix &; isV;, which is
the covariance matrix of a multinomial random variable for one trial with parameter vgctdret be
the vector of regression parameters; in other word®, . 1;:::; «; 1;:::; /9 Let Dj be the matrix of

partial derivatives of j with respect to . The estimating equation for the regression parameters is
0
Dj Wi .Z; i/DO
]
whereW; D w;f;V;, w; andf; are the weight and frequency of tih observation, an¥; is a

generalized inverse &fj . PROC LOGISTIC chooseg; as the inverse of the diagonal matrix with as
the diagonal.
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With a starting value of ‘¥ | the maximum likelihood estimate ofis obtained iteratively as

X X
me¥p mc. plwjp/t DPwy.zp
i i
whereD; , W;, and ; are evaluated at™ . The expression after the plus sign is the step size. If the
likelihood evaluated at'™ Y is less than that evaluated af”™ , then ‘™ CY is recomputed by step-halving
or ridging as determined by the value of the RIDGING= option. The iterative scheme continues until

convergence is obtained—that is, unti" € is suf ciently close to ‘™ . Then the maximum likelihood
estimate of isb D mCY/,

The covariance matrix ¢¥ is estimated by
X
Bubio* bow b/ 1ob
i
whereD; andW; are, respectivelyD; andW; evaluated a@ . is the information matrix, or the negative
expected Hessian matrix, evaluate® at

By default, starting values are zero for the slope parameters, and for the intercept parameters, starting
values are the observed cumulative logits (that is, logits of the observed cumulative proportions of response).
Alternatively, the starting values can be speci ed with the INEST= option.

Newton-Raphson Algorithm

For cumulative models, let the parameter vectorde . 1;:::; «; 1;:::; ¢/% and for the generalized

logit model let D . 1;:::; «; 8; b E/O. The gradient vector and the Hessian matrix are given,
respectively, by

X |
g D ijj%
X @|.
H D ,fj—@lz

wherel; D logL; is the log likelihood for thgth observation. With a starting value of” , the maximum
likelihood estimat® of is obtained iteratively until convergence is obtained:

.mC1/ D .m/ H lg

whereH andg are evaluated at™ . If the likelihood evaluated at™ ¢ is less than that evaluated af" ,
then ‘™C1 js recomputed by step-halving or ridging.

The covariance matrix d¥ is estimated by

SR

where the observed information ma®#i® Pl is computed by evaluating atb.
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Firth's Bias-Reducing Penalized Likelihood

Firth's method is currently available only for binary logistic models. It replaces the usual score (gradient)
equation

X
g. j/D Yi ilXj DO j D1;:::;p/
iD1

wherep is the number of parameters in the model, with the modi ed score equation
g. j/ D fyi i Chi.05 /xj DO .j D1;:::;p/

where theh;s are theith diagonal elements of the hat mati'=2X. XWX/ 1XW*2 andwW D

diag .1 i/g The Hessian matrix is not modi ed by this penalty, and the optimization method is
performed in the usual manner.

Convergence Criteria

Four convergence criteria are available;: ABSFCONV=, FCONV=, GCONV=, and XCONV=. If you specify
more than one convergence criterion, the optimization is terminated as soon as one of the criteria is satis ed.
If none of the criteria is speci ed, the defaultis GCONV=1E-8.

If you specify a STRATA statement or the EQUALSLOPES or UNEQUALSLOPES options in the MODEL
statement, all unspeci ed (or nondefault) criteria are also compared to zero. For example, specifying only the
criterion XCONV=1E-8 but attaining FCONV=0 terminates the optimization even if the XCONV= criterion

is not satis ed, because the log likelihood has reached its maximum. More convergence criteria are also
available; for more information, see the section “NLOPTIONS Statement” on page 5355.

Existence of Maximum Likelihood Estimates

The likelihood equation for a logistic regression model does not always have a nite solution. Sometimes
there is a nonunique maximum on the boundary of the parameter space, at in nity. The existence, niteness,
and unigueness of maximum likelihood estimates for the logistic regression model depend on the patterns of
data points in the observation space (Albert and Anderson 1984; Santner and Duffy 1986). Existence checks
are not performed for conditional logistic regression.

Consider a binary response model. etbe the response of theh subject, and lex; be the vector of
explanatory variables (including the constant 1 associated with the intercept). There are three mutually

exclusive and exhaustive types of data con gurations: complete separation, quasi-complete separation, and
overlap.

Complete Separation There is a complete separation of data points if there exists a uethat correctly
allocates all observations to their response groups; that is,
b% >0 Y; D1
b% <0 Y; D2
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This con guration gives nonunigue in nite estimates. If the iterative process of maximizing the
likelihood function is allowed to continue, the log likelihood diminishes to zero, and the dispersion
matrix becomes unbounded.

Quasi-complete Separation The data are not completely separable, but there is a viectoch that

b% 0 YD1
b% 0 Y D2

and equality holds for at least one subject in each response group. This con guration also yields
nonunique in nite estimates. If the iterative process of maximizing the likelihood function is
allowed to continue, the dispersion matrix becomes unbounded and the log likelihood diminishes
to a nonzero constant.

Overlap If neither complete nor quasi-complete separation exists in the sample points, there is an overlap
of sample points. In this con guration, the maximum likelihood estimates exist and are unique.

Complete separation and quasi-complete separation are problems typically encountered with small data sets.
Although complete separation can occur with any type of data, quasi-complete separation is not likely with
truly continuous explanatory variables.

The LOGISTIC procedure uses a simple empirical approach to recognize the data con gurations that lead
to in nite parameter estimates. The basis of this approach is that any convergence method of maximizing
the log likelihood must yield a solution giving complete separation, if such a solution exists. In maximizing

the log likelihood, there is no checking for complete or quasi-complete separation if convergence is attained

in eight or fewer iterations. Subsequent to the eighth iteration, the probability of the observed response is
computed for each observation. If the predicted response equals the observed response for every observation,
there is a complete separation of data points and the iteration process is stopped. If the complete separation of
data has not been determined and an observation is identi ed to have an extremely large probdh8&y (

of predicting the observed response, there are two possible situations. First, there is overlap in the data set,
and the observation is an atypical observation of its own group. The iterative process, if allowed to continue,
will stop when a maximum is reached. Second, there is quasi-complete separation in the data set, and the
asymptotic dispersion matrix is unbounded. If any of the diagonal elements of the dispersion matrix for the
standardized observations vectors (all explanatory variables standardized to zero mean and unit variance)
exceeds 5000, quasi-complete separation is declared and the iterative process is stopped. If either complete
separation or quasi-complete separation is detected, a warning message is displayed in the procedure output.

Checking for quasi-complete separation is less foolproof than checking for complete separation. The
NOCHECK option in the MODEL statement turns off the process of checking for in nite parameter
estimates. In cases of complete or quasi-complete separation, turning off the checking process typically
results in the procedure failing to converge.

To address the separation issue, you can change your model, specify the FIRTH option to use Firth's penalized
likelihood method, or for small data sets specify an EXACT statement to perform an exact logistic regression.

Effect-Selection Methods

Five effect-selection methods are available by specifying the SELECTION= option in the MODEL statement.
The simplest method (and the default) is SELECTION=NONE, for which PROC LOGISTIC ts the complete
model as speci ed in the MODEL statement. The other four methods are FORWARD for forward selection,
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BACKWARD for backward elimination, STEPWISE for stepwise selection, and SCORE for best subsets
selection. Intercept parameters are forced to stay in the model unless the NOINT option is speci ed.

When SELECTION=FORWARD, PROC LOGISTIC rst estimates parameters for effects forced into the
model. These effects are the intercepts and thenmstplanatory effects in the MODEL statement, whare

is the number speci ed by the START= or INCLUDE= option in the MODEL statemei gero by default).

Next, the procedure computes the score chi-square statistic for each effect not in the model and examines the
largest of these statistics. If it is signi cant at the SLENTRY= level, the corresponding effect is added to the
model. Once an effect is entered in the model, it is never removed from the model. The process is repeated
until none of the remaining effects meet the speci ed level for entry or until the STOP= value is reached.

When SELECTION=BACKWARD, parameters for the complete model as speci ed in the MODEL statement
are estimated unless the START= option is speci ed. In that case, only the parameters for the intercepts and
the rst n explanatory effects in the MODEL statement are estimated, whisréhe number speci ed by

the START= option. Results of the Wald test for individual parameters are examined. The least signi cant
effect that does not meet the SLSTAY= level for staying in the model is removed. Once an effect is removed
from the model, it remains excluded. The process is repeated until no other effect in the model meets the
speci ed level for removal or until the STOP= value is reached. Backward selection is often less successful
than forward or stepwise selection because the full model tin the rst step is the model most likely to
result in a complete or quasi-complete separation of response values as described in the section “Existence of
Maximum Likelihood Estimates” on page 5376.

The SELECTION=STEPWISE option is similar to the SELECTION=FORWARD option except that effects
already in the model do not necessarily remain. Effects are entered into and removed from the model in such
a way that each forward selection step can be followed by one or more backward elimination steps. The
stepwise selection process terminates if no further effect can be added to the model or if the current model is
identical to a previously visited model.

For SELECTION=SCORE, PROC LOGISTIC uses the branch-and-bound algorithm of Furnival and Wilson
(1974) adapted to nd a speci ed number of models with the highest likelihood score (chi-square) statistic
for all possible model sizes, from 1, 2, 3 effect models, and so on, up to the single model containing all of the
explanatory effects. The number of models displayed for each model size is controlled by the BEST= option.
You can use the START= option to impose a minimum model size, and you can use the STOP= option to
impose a maximum model size. For instance, with BEST=3, START=2, and STOP=5, the SCORE selection
method displays the best three models (that is, the three models with the highest score chi-squares) containing
2, 3, 4, and 5 effects. The SELECTION=SCORE option is not available for models with CLASS variables.

The options FAST, SEQUENTIAL, and STOPRES can alter the default criteria for entering or removing
effects from the model when they are used with BE@ERWARD,BACKWARD, or STEPWISE selection
method.

Model Fitting Information
For thejth observation, leb; be the estimated probability of the observed response. The three criteria
displayed by the LOGISTIC procedure are calculated as follows:
-2 log likelihood:

X wi
2logLD 2 VLszj log.bj /
i
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wherew; andf; are the weight and frequency values of jtreobservation, and? is the dispersion
parameter, which equals 1 unless the SCALE= option is speci ed. For binary response models that use
events/trials MODEL statement syntax, this is

!

X N

2logLD 2 —f;dBg ) Crjlog.bj/C.nj rj/log.l bj/e
- i
j

wherer; is the number of events; is the number of trialdy; is the estimated event probability, and
the statistic is reported both with and without the constant term.

Akaike's information criterion:
AICD 2LogLC2p

wherep is the number of parameters in the model. For cumulative response mpd2I&, C s, where
k is the total number of response levels minus onesiadhe number of explanatory effects. For the
generalized logit modep D k.s C 1/.

Schwarz (Bayesian information) criterion:

X
SCD 2LogLCplog. fjn;/

J

wherep is the number of parameters in the moargl,is the number of trials when events/trials syntax
is speci ed, anch; D 1 with single-trial syntax.

The AIC and SC statistics give two different ways of adjusting the —2 Log L statistic for the number of terms

in the model and the number of observations used. These statistics can be used when comparing different
models for the same data (for example, when you use the SELECTION=STEPWISE option in the MODEL
statement). The models being compared do not have to be nested; lower values of the statistics indicate a
more desirable model.

The difference in the —2 Log L statistics between the intercepts-only model and the speci ed model has a
p k degree-of-freedom chi-square distribution under the null hypothesis that all the explanatory effects
in the model are zero, whepeis the number of parameters in the speci ed model kiglthe number of
intercepts. The likelihood ratio test in the “Testing Global Null Hypothesis: BETA=0" table displays this
difference and the associatpdialue for this statistic. The score and Wald tests in that table test the same
hypothesis and are asymptotically equivalent; for more information, see the sections “Residual Chi-Square”
on page 5380 and “Testing Linear Hypotheses about the Regression Coef cients” on page 5396.

Generalized Coef cient of Determination

Cox and Snell (1989, pp. 208—-209) propose the following generalization of the coef cient of determination
to a more general linear model:

2
n2pq L0
L.b/
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wherlgL. 0/ is the likelihood of the intercept-only mode, b/ is the likelihood of the speci ed model,
nD ; fjn; isthe sample sizé, is the frequency of thgh observation, and; is the number of trials
when events/trials syntax is speci edigr D 1 with single-trial syntax.

The quantityR? achieves a maximum of less than one for discrete models, where the maximum is given by

2
RZ., D1 f L 0Og

Nagelkerke (1991) proposes the following adjusted coef cient, which can achieve a maximum value of one:

RZ
2D

2
Rmax

Specifying the NORMALIZE option in the WEIGHT statement makes these coef cients invariant to the
scale of the weights.

Like the AIC and SC statistics described in the section “Model Fitting Information” on page B37hd

K2 are most useful for comparing competing models that are not necessarily nested—Ilarger values indicate
better models. More properties and interpretatioRéfand 2 are provided in Nagelkerke (1991). In

the “Testing Global Null Hypothesis: BETA=0" tabl&2 is labeled as “RSquare” arf@ is labeled as
“Max-rescaled RSquare.” Use the RSQUARE option to reqRésand 2.

Score Statistics and Tests

To understand the general form of the score statisticg, let be the vector of rst partial derivatives of the
log likelihood with respect to the parameter vectorand letH. / be the matrix of second partial derivatives
of the log likelihood with respect to. Thatis,g. / is the gradient vector, antd. / is the Hessian matrix.
Letl. / be either H. [/ orthe expected value ofH. /. Consider a null hypotheslid,. LetbHO be the
MLE of underHg. The chi-square score statistic for testiig is de ned by

g®by, /1 by rgby s
and it has an asymptotic® distribution withr degrees of freedom undery, wherer is the number of

restrictions imposed on by Hy.

Residual Chi-Square

When you use SELECTION=FORWARD, BACKWARD, or STEPWISE, the procedure calculates a residual

chi-square score statistic and reports the statistic, its degrees of freedom, grdatbe. This section
describes how the statistic is calculated.

Suppose there aeexplanatory effects of interest. The full cumulative response model has a parameter
vector



Score Statistics and Tests F 5381

where j is the slope parameter for tih effect in theith logit.

Consider the null hypothesidgWic1 D D ¢ D 0, wheret < s for the cumulative response model, and
HoWitc1 D D is DO;t<s;i D 1;:::;k, for the generalized logit model. For the reduced model

be the MLEs of the unknown slope parameters, anfl i‘i’g,t D.b, ;b /i D 1;:::k, be those for the
generalized logit model. The residual chi-square is the chi-square score statistic testing the null hypothesis
Ho; that is, the residual chi-square is

by, /1 by, rgby s

where for the cumulative response moﬂqa.l0 D .by;:i:;b; 0D, 0;::1; 0/ and for the generalized
: 0 0

logit modelP ;D .by;::iiby; Py 502 5Py 0% /0% whereOs y denotes a vector of  t

zeros.

The residual chi-square has an asymptotic chi-square distributiorswithdegrees of freedonk(s t/ for

the generalized logit model). A special case is the global score chi-square, where the reduced model consists
of thek intercepts and no explanatory effects. The global score statistic is displayed in the “Testing Global
Null Hypothesis: BETA=0" table. The table is not produced when the NOFIT option is used, but the global
score statistic is displayed.

Testing Individual Effects Not in the Model

These tests are performed when you specify SELECTION=FORWARD or STEPWISE, and are displayed
when the DETAILS option is speci ed. In the displayed output, the tests are labeled “Score Chi-Square” in
the “Analysis of Effects Eligible for Entry” table and in the “Summary of Stepwise (Forward) Selection”
table. This section describes how the tests are calculated.

distribution with one degree of freedodegrees of freedom for the generalized logit model).

Testing the Parallel Lines Assumption

For an ordinal response, PROC LOGISTIC performs a test of the parallel lines assumption. In the displayed
output, this test is labeled “Score Test for the Equal Slopes Assumption” when the LINK= option is NORMIT
or CLOGLOG. When LINK=LOGIT, the test is labeled as “Score Test for the Proportional Odds Assumption”
in the output. For small sample sizes, this test might be too liberal (Stokes, Davis, and Koch 2000, p. 249).
This section describes the methods used to calculate the test.

For this test the number of response lev&l§; 1, is assumed to be strictly greater than 2. Ydte the
response variable taking valugs. : :; k; k C 1. Suppose there agexplanatory variables. Consider the
general cumulative model without making the parallel lines assumption

g.PrY ijxiD.1;x¥i; 1 i k
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Under the null hypothesis of paralleliskhyW1m D 2y D D m;1 m s thereis a single

and the chi-square score statigh® , /1 .by, /9.0 / has an asymptotic chi-square distribution with
s.k 1/ degrees of freedom. This tests the parallel lines assumption by testing the equality of separate slope
parameters simultaneously for all explanatory variables.

Con dence Intervals for Parameters

There are two methods of computing con dence intervals for the regression parameters. One is based on the
pro le-likelihood function, and the other is based on the asymptotic normality of the parameter estimators.
The latter is not as time-consuming as the former, because it does not involve an iterative scheme; however, it
is not thought to be as accurate as the former, especially with small sample size. You use the CLPARM=
option to request con dence intervals for the parameters.

Likelihood Ratio-Based Con dence Intervals

The likelihood ratio-based con dence interval is also known as the pro le-likelihood con dence interval.
The construction of this interval is derived from the asymptofidistribution of the generalized likelihood

you want to compute a con dence interval for. The pro le-likelihood function for ; D is de ned as

./ D max I /
28B; ./
whereB; . / is the set of all with thejth element xed at , andl. / is the log-likelihood function for .
If Imax D 1. b/ is the log likelihood evaluated at the maximum likelihood estinﬁ’atmenz.lmax Ij !
has a limiting chi-square distribution with one degree of freedom ifs the true parameter value. Let
loD lmax 0:5 3.1 /,where 21 / isthel00.1 / th percentile of the chi-square distribution with
one degree of freedom. 200.1 / % con dence interval for ; is

£ W./ log

The endpoints of the con dence interval are found by solving numerically for values dhat satisfy
equality in the preceding relation. To obtain an iterative algorithm for computing the con dence limits, the
log-likelihood function in a neighborhood of is approximated by the quadratic function

QR c /DI /C OgC%O\/
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whereg D g. / is the gradient vector aid D V. / is the Hessian matrix. The incrementor the next
iteration is obtained by solving the likelihood equations

diﬂQ C/C.¢ /gDO
where is the Lagrange multiplieg; is thejth unit vector, and is an unknown constant. The solution is
D V lgC ¢/
By substituting this into the equatiof? C / D lg, you can estimate as

20 I. ICigV tg 2

D
1
eV ‘g

The upper con dence limit for j is computed by starting at the maximum likelihood estimate ahd
iterating with positive values of until convergence is attained. The process is repeated for the lower
con dence limit by using negative values of

Convergence is controlled by the valuspeci ed with the PLCONV= option in the MODEL statement (the
default value of is 1E—4). Convergence is declared on the current iteration if the following two conditions
are satis ed:

i1 o]

and

gC g/% tgC ¢/

Wald Con dence Intervals

Wald con dence intervals are sometimes called the normal con dence intervals. They are based on the
asymptotic normality of the parameter estimators. T6@.1 / % Wald con dence interval for ; is given
by

bj Z1 =2 bj

wherez, is the 10@th percentile of the standard normal distributiBJn, is the maximum likelihood estimate
of j,andb; is the standard error estimateth.

Odds Ratio Estimation

Consider a dichotomous response variable with outcawestandnoneventConsider a dichotomous risk
factor variable X that takes the value 1 if the risk factor is present and 0 if the risk factor is absent. According
to the logistic model, the log odds function, lagit , is given by

Pr.eventj X/

logit.X/ lo .
g g Pr.noneventj X/

CX
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The odds ratio is de ned as the ratio of the odds for those with the risk fack¥r(1) to the odds for those
without the risk factorX = 0). The log of the odds ratio is given by

log. / log. X D 1;XDO/DlogitX D1/ logitX DO/D. C1 / . CO [/ D

In general, the odds ratio can be computed by exponentiating the difference of the logits between any two
population pro les. This is the approach taken by the ODDSRATIO statement, so the computations are
available regardless of parameterization, interactions, and nestings. However, as shown in the preceding
equation follog. / , odds ratios of main effects can be computed as functions of the parameter estimates,
and the remainder of this section is concerned with this methodology.

The parameter,, associated with X represents the change in the log oddsXrdnOto X D 1. So the

odds ratio is obtained by simply exponentiating the value of the parameter associated with the risk factor.
The odds ratio indicates how the odds of the event change as you ckdrage 0 to 1. For instance, D 2

means that the odds of an event whén 1 are twice the odds of an event whér= 0. You can also express

this as follows: the percent change in the odds of an event Xen toX =1 is. 1/100% D 100%.

Suppose the values of the dichotomous risk factor are coded as corstanuls instead of 0 and 1. The
odds wherX D a becomeexp. C a/ , and the odds wheX D b becomeexp. C b/ . The odds ratio
corresponding to an increaseXrfromato b is

DexpE.b a/s D @p./+ > 2 @p. /o °©

Note that for anyaandbsuchthac D b aD 1; D exp./ . Sothe odds ratio can be interpreted as the
change in the odds for any increase of one unit in the corresponding risk factor. However, the change in
odds for some amount other than one unit is often of greater interest. For example, a change of one pound in
body weight might be too small to be considered important, while a change of 10 pounds might be more
meaningful. The odds ratio for a changeXrrom ato b is estimated by raising the odds ratio estimate for a

unit change irX to the power ot D b a as shown previously.

For a polytomous risk factor, the computation of odds ratios depends on how the risk factor is parameterized.
For illustration, suppose th&ace is a risk factor with four categories: White, Black, Hispanic, and Other.

For the effect parameterization scheme (PARAM=EFFECT) with White as the reference group
(REF="White"), the design variables fétace are as follows:

Design Variables
Race Xi X2 X3

Black 1 0 0
Hispanic 0 1 0
Other O 0 1
White -1 -1 -1

The log odds for Black is

Iogit.BIack/ D C.X]_Dl/ 1C.X2DO/ 2C.X3D0/ 3
D C 1

The log odds for White is

|OgItWhIte/ D C .X]_ D 1/ 1 C .X2 D 1/ 2 C .X3 D 1/ 3

D 1 2 3
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Therefore, the log odds ratio of Black versus White becomes

log. . Black White// D logit.Black/ logit. White/
D 2:C ,C 3

For the reference cell parameterization scheme (PARAM=REF) with White as the reference cell, the design
variables for race are as follows:

Design Variables
Race X3 X2 X3

Black 1 0
Hispanic 0 1
Other 0 0
White 0O 0

O R o O

The log odds ratio of Black versus White is given by

log. . Black White// D logit.Black/ logit. White/

D . CX1D1 1C.X2D0/ 2C.X3DO0/ 3/

C.X1DO0O 1C .XoDO0O/ ,C.X3DO0/ 3/
D 1

For the GLM parameterization scheme (PARAM=GLM), the design variables are as follows:

Design Variables
Race X1 X» X3 Xa

Black 1 O 0
Hispanic 0O 1 0
Other 0 O 1
White 0 O O

oo o

The log odds ratio of Black versus White is

log. . Black White// D logit.Black/ logit. White/

D . CX1D1 1C.X2D0/ 2C.X3D0/ 3C.X4D 0/ 4/

C.X1DO/l 1C.XoD0/ ,C.X3DO0/ 3C .X4D 1/ 4/
D 1 4

Consider the hypothetical example of heart disease among race in Hosmer and Lemeshow (2000, p. 56). The
entries in the following contingency table represent counts:

Race
Disease Status White Black Hispanic Other
Present 5 20 15 10

Absent 20 10 10 10
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The computation of odds ratio of Black versus White for various parameterization schemes is tabulated in
Table 72.11.

Table 72.11 Odds Ratio of Heart Disease Comparing Black to White

Parameter Estimates

PARAM= b, b, b, b, Odds Ratio Estimates

EFFECT 0.7651 0.4774 0.0719 exp.2 0:7651C 0:4774C 0:0719/D 8
REF 2.0794 1.7917 1.3863 exp.2:0794/D 8
GLM 2.0794 1.7917 1.3863 0.0000 exp.2:0794/D 8

Because the log odds ratitng. / ) is a linear function of the parameters, the Wald con dence interval
forlog. / can be derived from the parameter estimates and the estimated covariance matrix. Con dence
intervals for the odds ratios are obtained by exponentiating the corresponding con dence limits for the log
odd ratios. In the displayed output of PROC LOGISTIC, the “Odds Ratio Estimates” table contains the odds
ratio estimates and the corresponding 95% Wald con dence intervals. For continuous explanatory variables,
these odds ratios correspond to a unit increase in the risk factors.

To customize odds ratios for speci ¢ units of change for a continuous risk factor, you can use the UNITS
statement to specify a list of relevant units for each explanatory variable in the model. Estimates of these
customized odds ratios are given in a separate tableLLetJ; / be a con dence interval folog. / . The
corresponding lower and upper con dence limits for the customized oddsespic j/ areexp.cL/
andexp.cU; /, respectively (foc > 0), orexp.cU; / andexp.cL j /, respectively (foc < 0). You use the
CLODDS= option or ODDSRATIO statement to request the con dence intervals for the odds ratios.

For a generalized logit model, odds ratios are computed similarly, ekamits ratios are computed for each
effect, corresponding to tHelogits in the model.

Rank Correlation of Observed Responses and Predicted Probabilities

The predicted mean score of an observation is the sum of the Ordered Values (shown in the “Response
Pro le” table) minus one, weighted by the corresponding predicted probabilities for that observation; that is,
the predicted means scdbe :‘Dclll 1/bi, wherek C 1is the number of response levels d@ndis the

predicted probability of théh (ordered) response.

A pair of observations with different observed responses is said ¢toherdantf the observation with the

lower ordered response value has a lower predicted mean score than the observation with the higher ordered
response value. If the observation with the lower ordered response value has a higher predicted mean score
than the observation with the higher ordered response value, then thegiagdedant If the pair is neither
concordant nor discordant, it isti@. If you have more than two response levels, enumeration of the total
numbers of concordant and discordant pairs is carried out by categorizing the predicted mean score into
intervals of lengttk=500and accumulating the corresponding frequencies of observations. You can change
the length of these intervals by specifying the BINWIDTH= option in the MODEL statement.

Let N be the sum of observation frequencies in the data. Suppose there are atptaleivith different
responsesn. of them are concordany of them are discordant, atd n; ng of them are tied. PROC
LOGISTIC computes the following four indices of rank correlation for assessing the predictive ability of a
model:
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C D .n.CO0O5t nc ngl/=t
Somers'D (Gini coefcient) D .ng ng/=t
Goodman-Kruskalgamma D .n; ng/=.n; C ng/
Kendall's taua D .n¢ ng/=.05N.N 1/

If there are no ties, then Some3'(Gini's coef cient) D 2c 1. Note that the concordance indexalso

gives an estimate of the area under the receiver operating characteristic (ROC) curve when the response is
binary (Hanley and McNeil 1982). See the section “ROC Computations” on page 5395 for more information
about this area.

For binary responses, the predicted mean score is equal to the predicted probability for Ordered Value 2. As
such, the preceding de nition of concordance is consistent with the de nition used in previous releases for
the binary response model.

These statistics are not available when the STRATA statement is speci ed.

Linear Predictor, Predicted Probability, and Con dence Limits

This section describes how predicted probabilities and con dence limits are calculated by using the maximum
likelihood estimates (MLESs) obtained froPROC LOGISTIC.For a speci c example, see the section
“Getting Started: LOGISTIC Procedure” on page 5296. Predicted probabilities and con dence limits can be
output to a data set with the OUTPUT statement.

Binary and Cumulative Response Models
For a vector of explanatory variablgsthe linear predictor
iDg.PrY ijxiD ;Cx® 1 i k
is estimated by
Q@Db; Cxb

whereb; andP are the MLEs of ; and . The estimated standard error gfis O Q/, which can be
computed as the square root of the quadratic fdrmolvb.l; x99 WhereWb is the estimated covariance
matrix of the parameter estimates. The asymptt@i@.1  / % con dence interval for ; is given by

Q Z=p 0O Q/
wherez -, isthel00.1 =2/ th percentile point of a standard normal distribution.

The predicted probability and tH€0.1  / % con dence limits for ; D Pr.Y i j x/ are obtained by
back-transforming the corresponding measures for the linear predictor, as shown in the following table:

Link Predicted Probability 100(1— )% Con dence Limits
LOGIT 1=.1C exp. O;/I 1=1Cexp. O z-, OQ/
PROBIT e T z, 00/

CLOGLOG 1 exp. exp.Q/f 1 exp. exp.Q z-, OQ/

The CONTRAST statement also enables you to estimate the exponentiated cefftrade corresponding
standard error i8 ®O @/, and the con dence limits are computed by exponentiating those for the linear
predictor:expfQ z-, O Q/g
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Generalized Logit Model

For a vector of explanatory variablgsde ne the linear predictors; D ; C x° ;, and let ; denote the
probability of obtaining the response value

g kc1€' 1 i k
. 1
D p-— iDkC1
1C jpie!
By thedelta method
0
2 @i @i
. i/lD — V. |—
' @ @

A 100(1 )% con dence level for ; is given by
bi z-, Obj/

whereb; is the estimated expected probability of respansed Ob;/ is obtained by evaluating ;/ at
Db,

Note that the contragh and exponentiated contras?, their standard errors, and their con dence intervals
are computed in the same fashion as for the cumulative response models, replagihg ; .

Classi cation Table

For binary response data, the response is eithewantor anoneventin PROC LOGISTICthe response

with Ordered Value 1 is regarded as the event, and the response with Ordered Value 2 is the nonevent.
PROC LOGISTIC models the probability of the event. From the tted model, a predicted event probability
can be computed for each observation. A method to compute a reduced-bias estimate of the predicted
probability is given in the section “Predicted Probability of an Event for Classi cation” on page 5389. If the
predicted event probability exceeds or equals some cutpoint ze2ue&0; 1she observation is predicted to

be an event observation; otherwise, it is predicted as a nonevent. Afrequency table can be obtained

by cross-classifying the observed and predicted responses. The CTABLE option produces this table, and
the PPROB= option selects one or more cutpoints. Each cutpoint generates a classi cation table. If the
PEVENT= option is also speci ed, a classi cation table is produced for each combination of PEVENT= and
PPROB= values.

The accuracy of the classi cation is measured bysissitivity(the ability to predict an event correctly) and
speci city (the ability to predict a nonevent correcthBensitivityis the proportion of event responses that
were predicted to be eventSpeci city is the proportion of nonevent responses that were predicted to be
nonevents. PROC LOGISTIC also computes three other conditional probabifitiss positive ratefalse
negative rateandrate of correct classi cation Thefalse positive ratés the proportion of predicted event
responses that were observed as noneventsfal$enegative ratés the proportion of predicted nonevent
responses that were observed as events. Given prior probabilities speci ed with the PEVENT= option, these
conditional probabilities can be computed as posterior probabilities by using Bayes' theorem.
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Predicted Probability of an Event for Classi cation

When you classify a set of binary data, if the same observations used to t the model are also used to estimate
the classi cation error, the resulting error-count estimate is biased. One way of reducing the bias is to
remove the binary observation to be classi ed from the data, reestimate the parameters of the model, and
then classify the observation based on the new parameter estimates. However, it would be costly to t the
model by leaving out each observation one at a time. The LOGISTIC procedure provides a less expensive
one-step approximation to the preceding parameter estimateB. heethe MLE of the parameter vector

.. 1.::1; </°based on all observations. Lté]j, denote the MLE computed without tlith observation.

The one-step estimate ij, is given by

bt pb WiYi Pilyp, 1

L 1 h X;
where
Y is 1 for an observed event response and 0 otherwise
W is the weight of the observation
b; is the predicted event probability basedton
h; is the hat diagonal element (de ned on page 5398) wjttD 1andr; D y;

b/ isthe estimated covariance matrixtbf

False Positive, False Negative, and Correct Classi cation Rates Using Bayes' Theorem

Supposea; of nindividuals experience an event, such as a disease. Let this group be denGiecubg let

the group of the remaining, D n  n; individuals who do not have the disease be denote@by hejth
individual is classi ed as giving a positive response if the predicted probability of disbggs¢ (s large.

The probabilityp ;, is the reduced-bias estimate based on the one-step approximation given in the preceding
section. For a given cutpoiat thejth individual is predicted to give a positive response jf ~ z.

Let B denote the event that a subject has the disease, aB¥denote the event of not having the disease. Let
A denote the event that the subject responds positively, antidenote the event of responding negatively.
Results of the classi cation are represented by two conditional probabiltiea,jB/ andPr.AjBY, where
Pr.AjB/ is the sensitivity andPr.AjBY is one minus the speci city.

These probabilities are given by

P
Pr.AjB/ D i2q by 2
P M1
Pr.AjBY D 2Py 2

Nz

wherel. / is the indicator function.
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Bayes' theorem is used to compute several rates of the classi cation. For a given prior protiabBityof
the disease, the false positive r&@ec, the false negative raf®- , and the correct classi cation raf:
are given by Fleiss (1981, pp. 4-5) as follows:

Pr.AjfNEL Pr.B/e

Pr.AjBY C Pr.B/@r.AjB/ Pr.AjBNe
E1 Pr.AjB/sPr.B/

1 PrAjBY Pr.B/@r.AjB/ Pr.AjBs
Pc D Pr.BjA/ C Pr.BYAY D Pr.AjB/Pr.B/ C Pr.AYBNE1 Pr.B/e

Pec D Pr.BNA/ D

P DPrBjAM D

The prior probabilityPr.B/ can be speci ed by the PEVENT= option. If the PEVENT= option is not
speci ed, the sample proportion of diseased individuals is used; that.iB/ D n;=n. In such a case, the
false positive rate and the false negative rate reduce to

=]

Pec D P jzczl-bly z/
jZCll'bI,y zIC g lby 2z

P D P jzcll'bly <zl
j2c I-bj <2/ C 5510y <2/

n

Note that for a strati ed sampling situation in which andn, are chosen a priom1=nis not a desirable
estimate oPr.B/. For such situations, the PEVENT= option should be speci ed.

Overdispersion

For a correctly speci ed model, the Pearson chi-square statistic and the deviance, divided by their degrees of
freedom, should be approximately equal to one. When their values are much larger than one, the assumption
of binomial variability might not be valid and the data are said to exhibit overdispersion. Underdispersion,
which results in the ratios being less than one, occurs less often in practice.

When tting a model, there are several problems that can cause the goodness-of- t statistics to exceed their
degrees of freedom. Among these are such problems as outliers in the data, using the wrong link function,
omitting important terms from the model, and needing to transform some predictors. These problems should
be eliminated before proceeding to use the following methods to correct for overdispersion.

Rescaling the Covariance Matrix

One way of correcting overdispersion is to multiply the covariance matrix by a dispersion parameter. This
method assumes that the sample sizes in each subpopulation are approximately equal. You can supply the
value of the dispersion parameter directly, or you can estimate the dispersion parameter based on either the
Pearson chi-square statistic or the deviance for the tted model.
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The Pearson chi-square statist& and the deviance% are given by

2 D I

P . . nibij
iD1jD1

2 X b L

b D 2 rj log
. . nibij
iD1jD1

wherem is the number of subpopulation pro lek,C 1is the number of response levelg, is the total
weight (sum of Igwe product of the frequencies and the weights) associatefthwliighiel responses in the
ith prole, nj D JDlr.J ,andbj isthe tted probability for theth level at theth pro le. Each of these
chi-square statistics hask p degrees of freedom, whepds the number of parameters estimated. The
dispersion parameter is estimated by

8

< 2=mk p/ SCALE=PEARSON
C2p  2=mk p/ SCALE=DEVIANCE

" .constant/2 SCALE=constant

In order for the Pearson statistic and the deviance to be distributed as chi-square, there must be suf cient
replication within the subpopulations. When this is not true, the data are sparse, padathes for these
statistics are not valid and should be ignored. Similarly, these statistics, divided by their degrees of freedom,
cannot serve as indicators of overdispersion. A large difference between the Pearson statistic and the deviance
provides some evidence that the data are too sparse to use either statistic.

You can use the AGGREGATE (or AGGREGATE=) option to de ne the subpopulation pro les. If you do not
specify this option, each observation is regarded as coming from a separate subpopulation. For events/trials
syntax, each observation represenBernoulli trials, wheren is the value of thérials variable; for single-trial

syntax, each observation represents a single trial. WitholAB@REGATE (or AGGREGATES option,

the Pearson chi-square statistic and the deviance are calculated only for events/trials syntax.

Note that the parameter estimates are not changed by this method. However, their standard errors are adjusted
for overdispersion, affecting their signi cance tests.
Williams' Method

Suppose that the data consisihdfinomial observations. For thth observation, letj=n; be the observed
proportion and lek; be the associated vector of explanatory variables. Suppose that the response probability
for theith observation is a random variali¥e with mean and variance

E.Pi/D i and V.Pi/D il i/

wherep; is the probability of the event, andis a nonnegative but otherwise unknown scale parameter. Then
the mean and variance pf are

Exri/Dni ; and V.ri/Dn; ;.1 i/ETC .nj 1/

Williams (1982) estimates the unknown parametday equating the value of Pearson's chi-square statistic
for the full model to its approximate expected value. Suppeseés the weight associated with tlith
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observation. The Pearson chi-square statistic is given by

X Wi I nibi/Z

2
D
nbi.1 b/

iD1

LetgC / be the rst derivative of the link functiog. /. The approximate expected value dfis

xo
E:D w; .1 w Vvidi/€C .n; 1/
iD1
wherev; D ni=. {.1  /EQ ;/*/ andd; is the variance of the linear predictor C x. The scale

parameter is estimated by the following iterative procedure.

and approximated probabilities t¢ andE - and then equate them, an initial estimate d§

2 n pl
DP
q i-Ni 1/.1  vid;/

wherep is the total number of parameters. The initial estimates of the weights ba@gniz EC .n;

1/ Q- 1. After a weighted t of the model, thb; andb are recalculated, and so i€. Then a revised
estimate of is given by

2 Ile w. Vi d;/
Q i Wi - i Vidi

W; .Nj 1/.1 W; v di/

The iterative procedure is repeated unfilis very close to its degrees of freedom.

Once has been estimated @under the full model, weights oL C .n; 1/ ® 1canbeusedto t models
that have fewer terms than the full model. See Example 72.10 for an illustration.

NoTE: If the WEIGHT statement is speci ed with the NORMALIZE option, then the initigl values are

set to the normalized weights, and the weights resulting from Williams' method will not add up to the actual
sample size. However, the estimated covariance matrix of the parameter estimates remains invariant to the
scale of the WEIGHT variable.

The Hosmer-Lemeshow Goodness-of-Fit Test

Suf cient replication within subpopulations is required to make the Pearson and deviance goodness-of- t
tests valid. When there are one or more continuous predictors in the model, the data are often too sparse to
use these statistics. Hosmer and Lemeshow (2000) proposed a statistic that they show, through simulation, is
distributed as chi-square when there is no replication in any of the subpopulations. This test is available only
for binary response models.

First, the observations are sorted in increasing order of their estimated event probability. The event is the
response level speci ed in the response variable option EVENT=, or the response level that is not speci ed in
the REF= option, or, if neither of these options was speci ed, then the event is the response level identi ed in
the “Response Pro les” table as “Ordered Value 1”. The observations are then divided into approximately 10
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groups according to the following scheme. Debe the total number of subjects. Ldtbe the target number
of subjects for each group given by

M D EO0:1 N C 0:5

whereExrepresents the integral valuexflf the single-trial syntax is used, blocks of subjects are formed
of observations with identical values of the explanatory variables. Blocks of subjects are not divided when
being placed into groups.

Suppose there arg subjects in the rst block and, subjects in the second block. The rst block of subjects
is placed in the rst group. Subjects in the second block are added to the rst group if

nn<M and ni C E05n,s M

Otherwise, they are placed in the second group. In general, suppose subjects efithblock have been
placed in thekth group. Lefc be the total number of subjects currently in #tle group. Subjects for thigh
block (containingn; subjects) are also placed in tki group if

c<M and cCE&05njs M

Otherwise, tha; subjects are put into the next group. In addition, if the number of subjects in the last group
does not excee@0:05 N« (half the target group size), the last two groups are collapsed to form only one

group.

Note that the number of groups, can be smaller than 10 if there are fewer than 10 patterns of explanatory
variables. There must be at least three groups in order for the Hosmer-Lemeshow statistic to be computed.

The Hosmer-Lemeshow goodness-of- t statistic is obtained by calculating the Pearson chi-square statistic
from the2 g table of observed and expected frequencies, whés¢he number of groups. The statistic is
written

- X 0, N;N/?

M o NiNLO N/
whereN; is the total frequency of subjects in thte group,O; is the total frequency of event outcomes in the
ith group, andN is the average estimated predicted probability of an event outcome fahtbeup. (Note
that the predicted probabilities are computed as shown in the section “Linear Predictor, Predicted Probability,
and Con dence Limits” on page 5387 and are not the cross validated estimates discussed in the section
“Classi cation Table” on page 5388.) The Hosmer-Lemeshow statistic is then compared to a chi-square
distribution with.g  n/ degrees of freedom, where the valuenafan be speci ed in the LACKFIT option
in the MODEL statement. The defaultris= 2. Large values of ﬁl_ (and smalp-values) indicate a lack of
t of the model.

Receiver Operating Characteristic Curves

Receiver operating characteristic (ROC) curves are used to evaluate and compare the performance of
diagnostic tests; they can also be used to evaluate model t. An ROC curve is just a plot of the proportion of
true positives (events predicted to be events) versus the proportion of false positives (nonevents predicted to
be events).
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In a sample of individuals, supposa; individuals are observed to have a certain condition or event. Let
this group be denoted 1§, and let the group of the remainimg D n  nq individuals who do not have

the condition be denoted 1. Risk factors are identi ed for the sample, and a logistic regression model is
tted to the data. For théth individual, an estimated probability; of the event of interest is calculated. By
default, theb; are computed as shown in the section “Linear Predictor, Predicted Probability, and Con dence
Limits” on page 5387; you can use the cross validated probabilities (discussed in the section “Classi cation
Table” on page 5388) by specifying the CROSSVALIDATE suboption of the ROCOPTIONS option.

Suppose the individuals undergo a test for predicting the event and the test is based on the estimated
probability of the event. Higher values of this estimated probability are assumed to be associated with the
event. You can construct an ROC curve by varying the cutpoint that determines which estimated event
probabilities are considered to predict the event. For each cutpdhé following measures can be output to

a data set by specifying the OUTROC= option in the MODEL statement or the OUTROC= option in the
SCORE statement:

X
_POS.z/ D I.b; z/
|>%Cl
_NEG.z/ D I.bj <z/
IiOz
_FALPOS.z/ D b z/
I)%Oz
_FALNEG_.z/ D I.bi <z/
20
SENSIT.z/ D =05
Ny
_1MSPEC.z/ —M"zﬂ
2

wherel. / is the indicator function.

Note that _POS Z is the number of correctly predicted event responses, _NBG (the number of
correctly predicted nonevent responses, _FALP@Ss the number of falsely predicted event responses,
_FALNEG_ (@) is the number of falsely predicted nonevent responses, SENIF tkie sensitivity of the
test, and _1MSPECZ)is one minus the speci city of the test.

The ROC curve is a plot of sensitivity (_SENSIT_) against 1-speci city ( IMSPEC ). The plot can be
produced by using the PLOTS option or by using the GPLOT or SGPLOT procedure with the OUTROC= data
set. See Example 72.7 for an illustration. The area under the ROC curve, as determined by the trapezoidal
rule, is estimated by the concordance indexn the “Association of Predicted Probabilities and Observed
Responses” table.

Comparing ROC Curves

ROC curves can be created from each model tin a selection routine, from the speci ed model in the MODEL
statement, from speci ed models in ROC statements, or from input variables whichkaéhdbke preceding
discussion. Association statistics are computed for these models, and the models are compared when the
ROCCONTRAST statement is speci ed. The ROC comparisons are performed by using a contrast matrix to
take differences of the areas under the empirical ROC curves (DeLong, DeLong, and Clarke-Pearson 1988).
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For example, if you have three curves and the second curve is the reference, the contrast used for the overall
testis

1

0
0 1

19 1
L, D I g D 1
and you can optionally estimate and test each row of this contrast, in order to test the difference between
the reference curve and each of the other curves. If you do not want to use a reference curve, the global test
optionally uses the following contrast:

19 1 1 0
L2D 19 P o 1 1
You can also specify your own contrast matrix. Instead of estimating the rows of these contrasts, you can
request that the difference between every pair of ROC curves be estimated and tested. Demler, Pencina, and
D'Agostino (2012) caution that testing the difference in the AUC between two nested models is not a valid
approach if the added predictor is not signi cantly associated with the response; in any case, if you use this
approach, you are more likely to fail to reject the null.

By default for the reference contrast, the speci ed or selected model is used as the reference unless the
NOFIT option is speci ed in the MODEL statement, in which case the rst ROC model is the reference.

In order to label the contrasts, a name is attached to every model. The name for the speci ed or selected
model is the MODEL statement label, or “Model” if the MODEL label is not present. The ROC statement
models are named with their labels, or as “ROfor the ith ROC statement if a label is not speci ed.

The contrast ; is labeled as “Reference = ModelName”, where ModelName is the reference model name,
while L, is labeled “Adjacent Pairwise Differences”. The estimated rows of the contrast matrix are labeled
“ModelNamel — ModelName?2”. In particular, for the rowslof, ModelName2 is the reference model name.

If you specify your own contrast matrix, then the contrast is labeled “Speci ed” anitliteontrast row
estimates are labeled “Rdw

If ODS Graphics is enabled, then all ROC curves are displayed individually and are also overlaid in a nal
display. If a selection method is speci ed, then the curves produced in each step of the model selection
process are overlaid onto a single plot and are labeled i'Stpd the selected model is displayed on a
separate plot and on a plot with curves from speci ed ROC statements. See Example 72.8 for an example.

ROC Computations

The trapezoidal area under an empirical ROC curve is equal to the Mann-Whitney two-sample rank measure

in general any criterion could be used. Denote the frequency of observati@h asf ,; , and denote the
total frequency irG, asF,. The WEIGHTED option replacefs,; with f; wy; , wherew,; is the weight of
observation in groupG;. The trapezoidal area under the curve is computed as

XY gty
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sothatE. € D Pr.Y <X/ C %Pr.Y D X/. Note that the concordance index,n the “Association of
Predicted Probabilities and Observed Responses” table does not use weights unless both the WEIGHTED
and BINWIDTH=0 options are in effect.

To compareK empirical ROC curves, rst compute the trapezoidal areas. Asymptotic normality of the
estimated area follows frord-statistic theory, and a covariance mat8xan be computed; For more
information, see DelLong, DeLong, and Clarke-Pearson (1988). A Wald con dence interval foh taea,

1 r K, canbe constructed as

& z 5 Snr

wheres;, is therth diagonal ofS.

For a contrast of ROC curve are&s;, the statistic
© dALoLSL® 'L o

has a chi-square distribution with df=rah§L Y. For a row of the contrast%,

1% 1%

has a standard normal distribution. The corresponding con dence interval is

1=2
1% z, _1%

Testing Linear Hypotheses about the Regression Coef cients

Linear hypotheses for are expressed in matrix form as
HoWW Dc

whereL is a matrix of coef cients for the linear hypotheses, arid a vector of constants. The vector of
regression coef cients includes slope parameters as well as intercept parameters. The Wald chi-square
statistic for testindd o is computed as

ZD.Lb %l b/Le b ¢

whereR.b/ is the estimated covariance matrix. Undtty, \2/v has an asymptotic chi-square distribution
with r degrees of freedom, wheras the rank ofL.

Joint Tests and Type 3 Tests

For models that use less-than-full-rank parameterization (as speci ed by the PARAM=GLM option in the
CLASS statement), a Type 3 test of an effect of interest (main effect or interaction) is a test of the Type Il
estimable functions that are de ned for that effect. When the model contains no missing cells, the Type 3 test
of a main effect corresponds to testing the hypothesis of equal marginal means. For more information about
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Type Il estimable functions, see Chapter 46, “The GLM Procedure,” and Chapter 15, “The Four Types of
Estimable Functions.” Also see Littell, Freund, and Spector (1991).

For models that use full-rank parameterization, all parameters are estimable when there are no missing
cells, so it is unnecessary to de ne estimable functions. The standard test of an effect of interest in this
case is the joint test that the values of the parameters associated with that effect are zero. For a model that
uses effects parameterization (as speci ed by the PARAM=EFFECT option in the CLASS statement), the
joint test for a main effect is equivalent to testing the equality of marginal means. For a model that uses
reference parameterization (as speci ed by the PARAM=REF option in the CLASS statement), the joint test

is equivalent to testing the equality of cell means at the reference level of the other model effects. For more
information about the coding scheme and the associated interpretation of results, see Muller and Fetterman
(2002, Chapter 14).

If there is no interaction term, the Type 3 test of an effect for a model that uses GLM parameterization is the

same as the joint test of the effect for the model that uses full-rank parameterization. In this situation, the
joint test is also called the Type 3 test. For a model that contains an interaction term and no missing cells,
the Type 3 test of a component main effect under GLM parameterization is the same as the joint test of the
component main effect under effect parameterization. Both test the equality of cell means. But this Type 3
test differs from the joint test under reference parameterization, which tests the equality of cell means at the
reference level of the other component main effect. If some cells are missing, you can obtain meaningful
tests only by testing a Type Il estimation function, so in this case you should use GLM parameterization.

The results of a Type 3 test or a joint test do not depend on the order in which you specify the terms in the
MODEL statement.

Regression Diagnostics

For binary response data, regression diagnostics developed by Pregibon (1981) can be requested by specifying
the INFLUENCE option. For diagnostics available with conditional logistic regression, see the section
“Regression Diagnostic Details” on page 5406. These diagnostics can also be obtained from the OUTPUT
statement.

This section uses the following notation:

rj ;N rj is the number of event responses ouhpftrials for thejth observation. If events/trials syntax
is usedy; is the value okventsandn; is the value otrials. For single-trial syntaxy; D 1, and
ri D lifthe ordered response is 1, andD 0 if the ordered response is 2.

W is the weight of thgth observation.

i is the probability of an event response for jtfeobservation givenby; D F. C 05(,- /, where
F. / is the inverse link function de ned on page 5372.

b is the maximum likelihood estimate (MLE) of 1;:::; /0
fy by is the estimated covariance matrixkbf
©;® [ is the estimate of; evaluated d®,and) D 1 @ .

Pregibon (1981) suggests using the index plots of several diagnostic statistics to identify in uential ob-
servations and to quantify the effects on various aspects of the maximum likelihood t. In an index plot,
the diagnostic statistic is plotted against the observation number. In general, the distributions of these
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diagnostic statistics are not known, so cutoff values cannot be given for determining when the values are
large. However, the IPLOTS and INFLUENCE options in the MODEL statement and the PLOTS option in
the PROC LOGISTIC statement provide displays of the diagnostic values, allowing visual inspection and
comparison of the values across observations. In these plots, if the model is correctly speci ed and ts all
observations well, then no extreme points should appear.

The next ve sections give formulas for these diagnostic statistics.

Hat Matrix Diagonal (Leverage)

The diagonal elements of the hat matrix are useful in detecting extreme points in the design space where they
tend to have larger values. Tftha diagonal element is

@ .1;x° /.11, x0/° Fisher scoring

hi D
! v, .1;xj°/*J.b/.l; x°/% Newton-Raphson
where
Wi n
@ D ]
J D G EYIP /-2
W D wcl NPEOIH/C.Q @/g°m0r

G PEYEP /-3
andg® / andg®? / are the rst and second derivatives of the link functgr/, respectively.
For a binary response logit model, the hat matrix diagonal elements are

hj D wjnj @@.1;x°/9.0/ !

If the estimated probability is extreme (less than 0.1 and greater than 0.9, approximately), then the hat
diagonal might be greatly reduced in value. Consequently, when an observation has a very large or very small
estimated probability, its hat diagonal value is not a good indicator of the observation's distance from the

design space (Hosmer and Lemeshow 2000, p. 171).

Residuals

Residuals are useful in identifying observations that are not explained well by the model. Pearson residuals
are components of the Pearson chi-square statistic and deviance residuals are components of the deviance.
The Pearson residual for thih observation is

D pWL.I’j n; @/
r.l—
nj M

The Pearson chi-square statistic is the sum of squares of the Pearson residuals.

The deviance residual for thjh observation is

8
< Z 2w nj log. G/ if rj DO
[ ny r; .
d D - 2w; &rlog. A ‘p@/ C.nj rj/log. W/- ifO<rj <nj
2w n; log. @/ ifrjy Dn
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where the plus (minus) in is used ifrj =n; is greater (less) tha®. The deviance is the sum of squares of
the deviance residuals.

The STDRES option in the INFLUENCE and PLOTS=INFLUENCE options computes three more residuals
(Collett 2003). The Pearson and deviance residuals are standardized to have approximately unit variance:

The likelihood residuals, which estimate components of a likelihood ratio test of deleting an individual
observation, are a weighted combination of the standardized Pearson and deviance residuals

q
e, D signry n@/ he C.1 hj/egj

DFBETAS

For each parameter estimate, the procedure calculates a DFBETAS diagnostic for each observation. The
DFBETAS diagnostic for an observation is the standardized difference in the parameter estimate due to
deleting the observation, and it can be used to assess the effect of an individual observation on each estimated
parameter of the tted model. Instead of reestimating the parameter every time an observation is deleted,
PROC LOGISTIC uses the one-step estimate. See the section “Predicted Probability of an Event for
Classi cation” on page 5389. For thth observation, the DFBETAS are given by

DFBETAS; D« {P'=0

the one-step difference
.leWj Ny n; I@/K?b/ 1
J j Xj
. bjl is the approximate chang@ ( bjl) in the vector of parameter estimates due to the omission gftthe

observation. The DFBETAS are useful in detecting observations that are causing instability in the selected
coef cients.

C and CBAR

C and CBAR are con dence interval displacement diagnostics that provide scalar measures of the in uence
of individual observations oR. These diagnostics are based on the same idea as the Cook distance in
linear regression theory (Cook and Weisberg 1982), but use the one-step estimate. C and CBARfor the
observation are computed as

G D fhj=1 h/?
and

CjD ?hj=1 hj/
respectively.

Typically, to use these statistics, you plot them against an index and look for outliers.



5400 F Chapter 72: The LOGISTIC Procedure

DIFDEV and DIFCHISQ

DIFDEV and DIFCHISQ are diagnostics for detecting ill- tted observations; in other words, observations
that contribute heavily to the disagreement between the data and the predicted values of the tted model.
DIFDEYV is the change in the deviance due to deleting an individual observation while DIFCHISQ is the
change in the Pearson chi-square statistic for the same deletion. By using the one-step estimate, DIFDEV
and DIFCHISQ for thgth observation are computed as

DIFDEV D d? C C;
and

DIFCHISQD C; =h

Scoring Data Sets

Scoring a data setwhich is especially important for predictive modeling, means applying a previously tted
model to a new data set in order to compute the conditiongpsterior, probabilities of each response
category given the values of the explanatory variables in each observation.

The SCORE statement enables you to score new data sets and output the scored values and, optionally, the
corresponding con dence limits into a SAS data set. If the response variable is included in the new data set,
then you can request t statistics for the data, which is especially useful for test or validation data. If the
response is binary, you can also create a SAS data set containirg#iver operating characteristidgROC)

curve. You can specify multiple SCORE statements in the same invocation of PROC LOGISTIC.

By default, the posterior probabilities are based on implicit prior probabilities that are proportional to the
frequencies of the response categories inttaming data(the data used to t the model). Explicit prior
probabilities should be speci ed with the PRIOR= or PRIOREVENT= option when the sample proportions

of the response categories in the training data differ substantially from the operational data to be scored. For
example, to detect a rare category, it is common practice to use a training set in which the rare categories
are overrepresented; without prior probabilities that re ect the true incidence rate, the predicted posterior
probabilities for the rare category will be too high. By specifying the correct priors, the posterior probabilities
are adjusted appropriately.

The model t to the DATA= data set in the PROC LOGISTIC statement is the default model used for the
scoring. Alternatively, you can save a model tin one run of PROC LOGISTIC and use it to score new
data in a subsequent run. The OUTMODEL= option in the PROC LOGISTIC statement saves the model
information in a SAS data set. Specifying this data set in the INMODEL= option of a new PROC LOGISTIC
run will score the DATA= data set in the SCORE statement without re tting the model.

The STORE statement can also be used to save your model. The PLM procedure can use this model to score
new data sets; see Chapter 87, “The PLM Procedure,” for more information. You cannot specify priors in
PROC PLM.
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Fit Statistics for Scored Data Sets

Specifying the FITSTAT option displays the following t statistics when the data set being scored includes
the response variable:

Statistic Description

Total frequency FD 'I;i fin

Total weight W D i|:f i Wi N

Log likelihood logL D fiw; log.b;/
Full log likelihood legL+ D constanC logL

CAfF Y, o | Yiofin
Misclassi cation (error) rate | = _Yidini

F

AIC 2logL; C 2p
2
AICC 2logL; ¢ — PN
n 1

BIC 2logL¢ C plog.n/
SC 2logLs C plog.F/

L 2=F
R-square R?2D 1 TO

RZ
Maximum-rescaled R-square —
1 Ly

AUC Arqg underlghe ROC curve
Brier score (polytomous response) % pi fiwi j.yj bj /?
Brier score (binary response) @ pifiwiri.l bi/2C.nj ri/b?/

Brier reliability (events/trials syntax) % i fiwiri=n bi/?

In the preceding tablé,; is tq§ frequency of thih observation in the data set being scomgdijs the weight

of the observation, and D  ; f;. The number of trials when events/trials syntax is speci ed; isand
with single-trial syntaxy; D 1. The values-_Y; andl_Y; are described in the section “OUT= Output Data
Set in a SCORE Statement” on page 5415. The indicator funéfidgyis 1 if Ais true and 0 otherwise. The
likelihood of the model id., andL o denotes the likelihood of the intercept-only model. For polytomous
response modely; is the observed polytomous response lelgl,is the predicted probability of thigh
response level for observationandy; D 1fy; D j g For binary response models, is the predicted
probability of the observatiom; is the number of events when you specify events/trials syntaxi;abdy;
when you specify single-trial syntax.

The log likelihood, Akaike's information criterion (AIC), and Schwarz criterion (SC) are described in the
section “Model Fitting Information” on page 5378. The full log likelihood is displayed for models speci ed

with events/trials syntax, and the constant term is described in the section “Model Fitting Information”
on page 5378. The AICC is a small-sample bias-corrected version of the AIC (Hurvich and Tsai 1993;
Burnham and Anderson 1998). The Bayesian information criterion (BIC) is the same as the SC except when
events/trials syntax is speci ed. The area under the ROC curve for binary response models is de ned in
the section “ROC Computations” on page 5395. The R-square and maximum-rescaled R-square statistics,
de ned in “Generalized Coef cient of Determination” on page 5379, are not computed when you specify
both an OFFSET= variable and the INMODEL= data set. The Brier score (Brier 1950) is the weighted
squared difference between the predicted probabilities and their observed response levels. For events/trials
syntax, the Brier reliability is the weighted squared difference between the predicted probabilities and the
observed proportions (Murphy 1973).
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Posterior Probabilities and Con dence Limits
Let F be the inverse link function. That is,
8 1 .
< Tcewp U logistic
Ft/ D . "t/ normal
"1 exp. expt// complementary log-log

The rst derivative ofF is given by

8

e U -
0 < TICexp. tIi2 logistic
Fb Y normal

exp.t/ exp. exp.t// complementary log-log

Suppose there akeC 1 response categories. Leébe the response variable with levéts::;k C 1. Let
x D .Xo;X1;:::;Xs/Obe a.s C 1/-vector of covariates, withy 1. Let be the vector of intercept and
slope regression parameters.

Posterior probabilities are given by

Po.Y D ijx/8X BV
p.Y Dijx/ D p— PoYD/__ ipq::iikC 1

j Po.Y Dj jX/pe(;\.(Y%jj//

response categories of the training data, and the new pgoYsD i/;i D 1;:::;k C 1) are speci ed in the
PRIOR= or PRIOREVENT= option. To simplify notation, absorb the old priors into the new priors; that is
. e.Y Di/
YDi/lD——— D1;:::;kC1
P Doy D i/

Note if the PRIOR=and PRIOREVENT= options are not speci ed, theh D i/ D 1.

The posterior probabilities are functions ofand their estimates are obtained by substitutifgy its MLE
b The variances of the estimated posterior probabilities are given leftemethodas follows:

N @p.YD ijx/ © @p.YD ijx/
Varp.Y Dijx/ D —— == Vvarby =/ =%
b j @ @
where
@YD ijx _ Wp.Y D i/ Po.Y Dijx/p.Y Dil Wp.Y Djl
@ " Po.Y Djjxip.Y Djl E; po.Y Djjx/p.Y Dj/?

and the old posterior probabilitigs,.Y D ijx/ are described in the following sections.

A 1001 )% con dence interval fop.Y D ijx/ is

q
pb.Y Dijx/ 'z -, ¥ar.p.Y Dijx/l

wherez is the upper 100th percentile of the standard normal distribution.
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Binary and Cumulative Response Models

The predicted probabilities of the responses are

8
< F.Q/ iD1
Po.Y Dijx) DBrYDi/D F.Q/ F.Q 1/ iD2:::;k
1 F.Q/ iDkC1
Fori D 1;:::;k,let j.x/ be ak+ 1) column vector withith entry equal to 1k + 1 entry equal tx, and all
other entries 0. The derivative pf,.Y D ijx/ with respectto are
Y Diix/ EFO.]_CXOS/]_.X/ i D1
@B'—IJXD CFO i Cx¢ixt FO o 1CxXPg/ i 1x! i D2k
@ CORO L Cx0 o X iDkC1

The cumulative posterior probabilities are

P . ] _

Y "/D,..J'Dlpo-Y Djjxp.Y Dj/ X

p. 1]X Plc1 D ey D
jp1Po- J ix/p. j iD1

Their derivatives are

@.Y_ijxl X @p.YDjjx/
@ . @

jD1

In the delta-method equation for the variance, repfade D jx/ withp.Y | X/.

Finally, for the cumulative response model, use

po.Y ijx) D F.Q/ iD1;:::;k
po.Y kCiljx/ D 1
@p.Y ijx/
@
@p.Y kC 1x/
@

D FO ,cx®¢ ;.x/ iD1::::k

D O
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Generalized Logit Model

parameter vectors for the rétlogits, respectively. Denote D . 9;:::; /9% Let D . 1;::1; /Owith

The predicted probabilities are

1
pPo.Y DKC1x/ PrYDKC1x/ D Pt
1C  |ppexp.Q/

Po.Y Dijx/ PrYDijxl D po.Y DKkClx/exp. i/;i D1;:::;k
The derivative 0po.Y D ijx/ with respectto are

@p.Y D ijx/ D @@Q.Y D ijx/
@ @ @

@p.Y Dijx/.  @p.Y Dijx/ °
@1 C @k

D .1k x/

where

@p.Y D ijx/ D Po.Y Dijx/.1 po.Y Dijx// j Di
@; Po.Y D ijx/po.Y D jjx/ otherwise

Special Case of Binary Response Model with No Priors
Let be the vector of regression parameters. Let

D. /DX
The variance ofOis given by
Var. © D x%ar.b/x

A 100(1 ) percent con dence interval foris

q
O zz -, Va0

Estimates op,.Y D 1jx/ and con dence intervals for the,.Y D 1jx/ are obtained by back-transforming
Oand the con dence intervals for, respectively. That is,

Po.Y D 1jx/ DF.D

and the con dence intervals are
q
F O zz -, Var. O
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Conditional Logistic Regression

The method of maximum likelihood described in the preceding sections relies on large-sample asymptotic
normality for the validity of estimates and especially of their standard errors. When you do not have a large
sample size compared to the number of parameters, this approach might be inappropriate and might result
in biased inferences. This situation typically arises when your data are strati ed and you t intercepts to
each stratum so that the number of parameters is of the same order as the sample size. For example, in
a 1:1 matched pairs study withpairs andp covariates, you would estimate 1 intercept parameters

andp slope parameters. Taking the strati cation into account by “conditioning out” (and not estimating)
the stratum-speci ¢ intercepts gives consistent and asymptotically normal MLEs for the slope coef cients.
See Breslow and Day (1980) and Stokes, Davis, and Koch (2012) for more information. If your nuisance
parameters are not just stratum-speci ¢ intercepts, you can perform an exact conditional logistic regression.

Computational Details

.29:::Z, 1° DenoteX D .ZjX)andx,; D .z jx% /% Arrange the observations in each stratiisp

frequency.

Consider the binary logistic regression model on page 5293 written as

logit. / D X
where the parameter vectorD . ¢ 9%consistsof D . 1;:::; u/% p is the intercept for stratum
h;hD 1;:::;H, and is the parameter vector for thgecovariates.

@Yhi Xp; °

1C e

wherey,; D 1when the response takes Ordered Value 1,ygnd 0 otherwise.
The full likelihood is

Lyi. /D

Y ¥n o™X
hD1iD1 EDl in[h>1 1C e

Unconditional likelihood inference is based on maximizing this likelihood function.

When your nuisance parameters are the stratum-speci ¢ intercefits.:; /% and the slopes are
your parameters of interest, “conditioning out” the nuisance parameters produces the conditional likelihood
(Lachin 2000)

Y Y QimDhl exp.x2 /
L. /D Lh. /D PQ jm !
hD1 hD1 i Dhjl exp.x% /
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tions in straturrh. Note that the nuisance parameters have been factored out of this equation.

For conditional asymptotic inference, maximum likelihood estimBtes the regression parameters are
obtained by maximizing the conditional likelihood, and asymptotic results are applied to the conditional
likelihood function and the maximum likelihood estimators. A relatively fast method of computing this
conditional likelihood and its derivatives is given by Gail, Lubin, and Rubinstein (1981) and Howard (1972).
The optimization techniques can be controlled by specifying the NLOPTIONS statement.

Sometimes the log likelihood converges but the estimates diverge. This condition is agged by having
inordinately large standard errors for some of your parameter estimates, and can be monitored by specifying
the ITPRINT option. Unfortunately, broad existence criteria such as those discussed in the section “Existence
of Maximum Likelihood Estimates” on page 5376 do not exist for this model. It might be possible to
circumvent such a problem by standardizing your independent variables before tting the model.

Regression Diagnostic Details

Diagnostics are used to indicate observations that might have undue in uence on the model t or that might
be outliers. Further investigation should be performed before removing such an observation from the data set.

The derivations in this section use an augmentation method described by Storer and Crowley (1985), which
provides an estimate of the “one-step” DFBETAS estimates advocated by Pregibon (1984). The method
also provides estimates of conditional stratum-speci ¢ predicted values, residuals, and leverage for each
observation. The augmentation method can take a lot of time and memory.

Following Storer and Crowley (1985), the log-likelihood contribution can be written as

l, D log.L /D y®° a. o/ where
h 92h .yhh h?»

X
a. o/ D log4 exp. /9
iDj1
and theh subscript on matrices indicates the submatrix for the stratyn) . nq;:::; hnhlo, and , D

xﬂi . Then the gradient and information matrix are

@l " 0
g/ D — D X"y /
@ 1p1
H
f./l D @y D X%iagUy;:::;Un /X

2
@ hD1
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where
P Qjmh /
p @an/ i ), ®Pn
hi @ PQ Tmp
hi i Dj, EXP. h !
h D v ottt g/
@a n/ @a. h/
U, D D Dfajg
@2 @i @y :
P kah
k.izj/ kDkj exp. hk/ @a.h/ @a.h/
4 b —pox, @. @, D hoonion
thkl exp. k! hi hi

To produce the true one-step estimaﬂg, start at the MLEP, delete thehith observation, and use this
reduced data set to compute the next Newton-Raphson step. Note that if there is only one event or one
nonevent in a stratum, deletion of that single observation is equivalent to deletion of the entire stratum. The
augmentation method does not take this into account.

The augmented model is

logit.Pr.yni D 1jxni // D x2.  C 2.

for. ¢ /0 The gradient and information matrix before the step are

e 0
0
. 71 D . / D
J Zﬂi Y Yhi hi
X0 f.l XUz
0 hi
. °1 D UE z,°D
f 2 hi 2. UX 20 Uz,

Inserting the © and. X zgi /%into the Gail, Lubin, and Rubinstein (1981) algorithm provides the appropriate
estimates o). °/ andf . 9/. Indicate these estimates withD .b/, & D U.b/ iy, andP .

DFBETA is computed from the information matrix as

" D
D b1 %g 9
D P Lbix®z/Mm L.y b/

where
M D .20z, .20x/p 1b/ x®z,/

For each observation in the data set, a DFBETA statistic is computed for each paraméterj p, and
standardized by the standard error pffrom the full data set to produce the estimate of DFBETAS.



5408 F Chapter 72: The LOGISTIC Procedure

The estimated leverage is de ned as

5 tracd.z0 BX/P 1.0/ XWz, /g

tracé 20, Bz, g

hi

This de nition of leverage produces different values from those de ned by Pregibon (1984); Moolgavkar,
Lustbader, and Venzon (1985); Hosmer and Lemeshow (2000); however, it has the advantage that no extra
computations beyond those for the DFBETAS are required.

The estimated residuats; D y,,; bp; are obtained frory. ©/, and the weights, or predicted probabilities,
aretherb; D yn &, . The residuals are standardized and reported as (estimated) Pearson residuals:

_ Thi  Npi by,
r.'
Nhibhi.1 byl

wherery; is the number of events in the observation apdis the number of trials.
The STDRES option in the INFLUENCE option computes the standardized Pearson residual:
€hi

w D
€s:hi W

For events/trials MODEL statement syntax, treat each observation as two observations (the rst for the
nonevents and the second for the events) with frequehgigs 1 D ny;  ry; andf o D ry,;, and augment

the model with a matrip; D @i 12zn.; *instead of a single,; vector. Writing ; D xﬂi fhi inthe
preceding section results in the following gradient and information matrix:

2 3
0
9 % D 4 fhoi 1.Yn2i 1 ha2i 1/ °
fhioi Y2 h:2i /
£.9 D f.l X%iag f/Udiag f/Zp;

z2. diag f/Udiag f/X Z9.diag f/Udiagf/Zy,

The predicted probabilities are thbR; D yp.oi  €n.2i =fh2i , While the leverage and the DFBETAS are
produced frony . °/ in a fashion similar to that for the preceding single-trial equations.

Exact Conditional Logistic Regression

The theory of exact logistic regression, also known as exact conditional logistic regression, was originally
laid out by Cox (1970), and the computational methods employed in PROC LOGISTIC are described in Hirji,
Mehta, and Patel (1987); Hirji (1992); Mehta, Patel, and Senchaudhuri (1992). Other useful references for
the derivations include Cox and Snell (1989); Agresti (1990); Mehta and Patel (1995).

Exact conditional inference is based on generating the conditional distribution for the suf cient statistics of
the parameters of interest. This distribution is calledgeemutationor exact conditionadistribution. Using
the notation in the section “Computational Details” on page 5405, follow Mehta and Patel (1995) and rst

X] -
T, D vyixj; jJ D1inp
iD1
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The probability density function (PDF) fdar can be created by summing over all binary sequepdbat
generate an observalieand lettingC.t/ D jjf y Wy% D t%jj denote the number of sequengethat
generate

0
PrTDt/ D QnC.t/ exp.t /0
i1 EC exp.xy’ /o

In order to condition out the nuisance parameters, partition the parameter vdotor 0. IO/O, where y is

apn 1vector of the nuisance parameters, ands the parameter vector for the remainingD p  pn
parameters of interest. Likewise, partitigrinto Xy andX;, T into Ty andT,, andt intoty andt;. The
nuisance parameters can be removed from the analysis by conditioning on their suf cient statistics to create
the conditional likelihood of| givenTy D ty,

Pr.T D t/
Pr.Tn D tn/
C.tN;t|/exp.tP W/
u C.tn;ul exp.ud /

Pr. T, D t|jTN D tN/ D

Df ,.tjjty/ D P

whereC.ty; u/ is the number of vectorg such thaty®y D ty andy®; D u. Note that the nuisance
parameters have factored out of this equation, anddhig; t,/ is a constant.

The goal of the exact conditional analysis is to determine how likely the observed regpdaseith respect

yXn D tn, and count the number of vectordor whichy%X, is equal to each uniqug. Generating the
conditional distribution from complete enumeration of the joint distribution is conceptually simple; however,
this method becomes computationally infeasible very quickly. For example, if you had only 30 observations,
you would have to scan througfP differenty vectors.

Several algorithms are available in PROC LOGISTIC to generate the exact distribution. All of the algorithms

based on theserows ast?/ D yfi’/ X . Arecursion relation results;; 1y D tj; CVyiciXic1.

The following methods are available:

Themultivariate shift algorithndeveloped by Hirji, Mehta, and Patel (1987), which steps through the
recursion relation by adding one observation at a time and building an intermediate distribution at each
step. If it determines thdt;, for the nuisance parameters could eventually etjuhlent ;; is added

to the intermediate distribution.

An extension of the multivariate shift algorithm to generalized logit models by Hirji (1992). Because
the generalized logit model ts a new set of parameters to each logit, the number of parameters in the
model can easily get too large for this algorithm to handle. Note for these models that the hypothesis
tests for each effect are computed across the logit functions, while individual parameters are estimated
for each logit function.

A network algorithm described in Mehta, Patel, and Senchaudhuri (1992), which builds a network for
each parameter that you are conditioning out in order to identify feagidte they vector. These
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networks are combined and the set of feasyhlés further reduced, and then the multivariate shift
algorithm uses this knowledge to build the exact distribution without adding as many intermediate
t i c 1y as the multivariate shift algorithm does.

A hybrid Monte Carlo and network algorithm described by Mehta, Patel, and Senchaudhuri (2000),
which extends their 1992 algorithm by sampling from the combined network to build the exact
distribution.

A Markov chain Monte Carlo algorithm described by Forster, McDonald, and Smith (2003), which
generates the exact distribution by repeatedly perturbing the response vector to obtain a new response
vector while maintaining the suf cient statistics for the nuisance parameters, and the resalting

added to the exact distribution.

The bulk of the computation time and memory for these algorithms is consumed by the creation of the
networks and the exact joint distribution. After the joint distribution for a set of effects is created, the
computational effort required to produce hypothesis tests and parameter estimates for any subset of the effects
is (relatively) trivial. See the section “Computational Resources for Exact Logistic Regression” on page 5418
for more computational notes about exact analyses.

NOTE: An alternative to using these exact conditional methods is to perform Firth's bias-reducing penalized
likelihood method (see the FIRTH option in the MODEL statement); this method has the advantage of being
much faster and less memory intensive than exact algorithms, but it might not converge to a solution.

Hypothesis Tests

Consider testing the null hypothesigW, D 0 against the alternatiid o W, @ 0, conditional onTy D ty.
Under the null hypothesis, the test statistic for éxact probability tests justf pg.t;jtn/, while the
corresponding-value is the probability of getting a less likely (more extreme) statistic,

X
p.t|th/ D fo.thN/

uze p
wheres , D fuWhere exisy with y’X, D u, yy D ty, andf o.ujtn/  fo.tjtn/g

The exact probability test is not necessarily a sum of tail areas and can be in ated if the distribution is skewed.
The more robuséxact conditional scores teit a sum of tail areas and is usually preferred to the exact
probability test. To compute the exact conditional scores test, the conditional meaua variance matrix

T of theT, (conditional onTy D ty) are calculated, and the score statistic for the observed value,

sD .t |/0T| 1.t| W/
is compared to the score for each member of the distribution
ST/D.T, J/%,LT

The resultingp-value is

X
p.t|th/ D Pr.S s/D fO-thN/

uz2e ¢

wheres s D f uWthere exisy with y°X; D u, yy D ty, andS.u/  sg
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The midp statistic, de ned as
) 1 )
p.tijtn/ Ef o-tijtn/

was proposed by Lancaster (1961) to compensate for the discreteness of a distribution. See Agresti (1992) for
more information. However, to allow for more exibility in handling ties, you can write the mitatistic as
(based on a suggestion by LaMotte (2002) and generalizing \Vollset, Hirji, and A (1991))

X X
fo.thN/C 1f0.t|th/C 2 fQ.thN/

uz2e < u22e p

where, fori 2 fp;sg ¢ < is ¢ j using strict inequalities, andp is ¢ ; using equalities with the added
restriction thau o t,. Letting. 1; 2/ D .0:5;1:0/yields Lancaster's migb:

CAUTION: When the exact distribution has ties and you specify METHOD=NETWORKMC or
METHOD=MCMC, the sampling algorithm estimatpstjty/ with error, and hence it cannot determine
precisely which values contribute to the repontedalues. For example, if the exact distribution has densities
f0:2;0:2;0:2; 0:4 and if the observed statistic has probability 0.2, then the exact probgbiligjue is
exactly 0.6. Under Monte Carlo sampling, if the densities dftsamples ar€0:18; 0:21; 0:23; 0:3@and the
observed probability is 0.21, then the resultprgalue is 0.39. Therefore, the exact probability {gstlue

for this example uctuates between 0.2, 0.4, and 0.6, and the repoetatlies are actually lower bounds

for the truep-values. If you need more precise values, you can specify the OUTDIST= option, determine
appropriate cutoff values for the observed probability and score, and then copstalae estimates from

the OUTDIST= data set and display them in the SAS log by using the following statements:

data _null_;
set outdist end=end;
retain pvalueProb 0 pvalueScore O;
if prob < ProbCutOff then pvalueProb+prob;
if score > ScoreCutOff then pvalueScore+prob;
if end then put pvalueProb= pvalueScore=;
run;

Because the METHOD=MCMC samples are correlated, the covariance that is computed for the exact
conditional scores test is biased. Specifying the NTHIN= option might reduce this bias.
Inference for a Single Parameter
Exact parameter estimates are derived for a single parametey regarding all the other parameters
ND . o101 iciiii pNCp|/0aS nuisance parameters. The appropriate suf cient statistics are
t. Hence, the conditional PDF used to create the parameter estimaieigor

C.tn;ti/ expti i/

f .tijtn/ D B
N u2. C.tn;ulexpu i/

fore D fuWhere exisy with T; D uandTy D tnG

The maximum exact conditional likelihood estimate is the quaﬁtiityNhich maximizes the conditional
PDF. A Newton-Raphson algorithm is used to perform this search. However, if the obseat&ins
either its maximum or minimum value in the exact distribution (that is, eith& minfu Wi 2 « gor
ti D maxfu Wi 2 « g), then the conditional PDF is monotonically increasing jrand cannot be maximized.
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In this case, a median unbiased estimate (Hirji, Tsiatis, and Mehta P98ig)produced that satis es
fp -tijtn/ D 0:5 and a Newton-Raphson algorithm is used to perform the search.

The standard error of the exact conditional likelihood estimate is just the negative of the inverse of the second
derivative of the exact conditional log likelihood (Agresti 2002).

Likelihood ratio tests based on the conditional PDF are used to test thd gl D 0 against the alternative
HaW,; > 0. The critical region for this UMP test consists of the upper tail of value§ifan the exact
distribution. Thus, th@-valuepc .tj 1 0/ for a one-tailed test is

X
pc.til0/ D fo.Ujtn/

u t

Similarly, thep-valuep .t;10/ for the one-tailed test dfi p againstHaW; <0 is
X
p .tjl0/ D fo.ujtn/

u
Thep-valuep.t;10/ for a two-tailed test oH againstHoW; & Ois
p.ti10/ D 2min@Ep.t;10/;pc .tj1 O/

The p-value that is reported for a single parameter in the “Exact Parameter Estimates” table is for the
two-tailed test.

An upperl00.1 2 /% exact con dence limit fopi corresponding to the observids the solution  .t;/

of Dp .tj; u.ti//, while the lower exact con dence limit is the solution .tj/ of D pc.ti; L.tj//.

Again, a Newton-Raphson procedure is used to search for the solutions. Note that one of the con dence
limits for a median unbiased estimate is set to in nity, but the other is still computedTdtis results in the
display of a one-sideti00.1 /% con dence interval; if you want th2 limit instead, you can specify the
ONESIDED option.

Specifying the ONESIDED option displays only operalue and one con dence interval, because small
values ofpc .tj 10/ andp .t; 10/ support different alternative hypotheses and only one of thesdues can
be less than 0.50.

The midp con dence limits are the solutions tainfp .tj; .t i//;pc.ti; .t i//g .1 1/f + ,.tijtn/ D

for D =2;1 =2 (\Wollset, Hirji, and A 1991). ; D 1 produces the usual exact (max-p con dence
interval, 1 D 0:5yields the midp interval, and 1 D 0 gives themin-pinterval. The mean of the endpoints
of the maxp and minp intervals provides thenean-pinterval as de ned by Hirji, Mehta, and Patel (1988).

Estimates and con dence intervals for the odds ratios are produced by exponentiating the estimates and
interval endpoints for the parameters.

Input and Output Data Sets
OUTEST= Output Data Set

The OUTEST= data set contains one observation for each BY group containing the maximum likelihood
estimates of the regression coef cients. If you also use the COVOUT option in the PROC LOGISTIC
statement, there are additional observations containing the rows of the estimated covariance matrix. If you
specify SELECTION=FORWARD, BACKWARD, or STEPWISE, only the estimates of the parameters and
covariance matrix for the nal model are output to the OUTEST= data set.
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Variables in the OUTEST= Data Set
The OUTEST= data set contains the following variables:

any BY variables speci ed

_LINK_, a character variable of length 8 with four possible values: CLOGLOG for the complementary
log-log function, LOGIT for the logit function, NORMIT for the probit (alias normit) function, and
GLOGIT for the generalized logit function

_TYPE_, a character variable of length 8 with two possible values: PARMS for parameter estimates
or COV for covariance estimates. If an EXACT statement is also speci ed, then two other values are
possible: EPARMMLE for the exact maximum likelihood estimates and EPARMMUE for the exact
median unbiased estimates.

_NAME_, a character variable containing the name of the response variable when _TYPE_=PARMS,
EPARMMLE and EPARMMUE, or the name of a model parameter when _TYPE_=COV

_STATUS_, a character variable that indicates whether the estimates have converged
one variable for each intercept parameter

one variable for each slope parameter and one variable for the offset variable if the OFFSET= option if
speci ed. If an effect is not included in the nal model in a model building process, the corresponding
parameter estimates and covariances are set to missing values.

_LNLIKE_, the log likelihood

Parameter Names in the OUTEST= Data Set

If there are only two response categories in the entire data set, the intercept parameter ismeaceed

If there are more than two response categories in the entire data set, the intercept parameters are named
Intercept_xxx, wherexxx is the value (formatted if a format is applied) of the corresponding response
category.

For continuous explanatory variables, the names of the parameters are the same as the corresponding variables.
For CLASS variables, the parameter names are obtained by concatenating the corresponding CLASS variable
name with the CLASS category; for more information, see the section “Class Variable Naming Convention”

on page 5320. For interaction and nested effects, the parameter names are created by concatenating the names
of each effect.

For multinomial response functions, names of unconstrained unequal slope parameters that correspond to
each nonreference response category contaix as the suf X, wherexx is the value (formatted if a format

is applied) of the corresponding nonreference response category. For example, suppose thé&egiable
represents the television network (ABC, CBS, and NBC) that is viewed at a certain time. The following
statements t a generalized logit model that usge andGender (a CLASS variable that has values Female

and Male) as explanatory variables:

proc logistic;

class Gender;

model Net3 = Age Gender / link=glogit;
run;
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There are two logit functions, one that contrasts ABC with NBC and one that contrasts CBS with NBC.
For each logit, there are three parameters: an intercept parameter, a slope paramgtgradiod a slope
parameter foGender (because there are only two gender levels and the EFFECT parameterization is used by
default). The names of the parameters and their descriptions are as follows:

Intercept ABC intercept parameter for the logit that contrasts ABC with NBC
Intercept_CBS intercept parameter for the logit that contrasts CBS with NBC
Age_ABC Age slope parameter for the logit that contrasts ABC with NBC
Age_CBS Age slope parameter for the logit that contrasts CBS with NBC

GenderFemale_ ABC Gender=Female slope parameter for the logit that contrasts ABC with NBC
GenderFemale_CBS Gender=Female slope parameter for the logit that contrasts CBS with NBC

In a polytomous response model, if you specify an effect in both the EQUALSLOPES and UNEQUAL-
SLOPES options, then its unequal slope parameter names are pre xed with “U_" if they are unconstrained or
“C_"if they are constrained.

INEST= Input Data Set

You can specify starting values for the iterative algorithm in the INEST= data set. The INEST= data set has
the same structure as the OUTEST= data set but is not required to have all the variables or observations that
appear in the OUTEST= data set. A previous OUTEST= data set can be used as, or modi ed for use as, an
INEST= data set.

The INEST= data set must contain the intercept variables (named Intercept for binary response models and
Intercept, Intercept_2, Intercept_3, and so forth, for ordinal and nominal response models) and all explanatory
variables in the MODEL statement. If BY processing is used, the INEST= data set should also include the
BY variables, and there must be one observation for each BY group. If the INEST= data set also contains the
_TYPE_ variable, only observations withTYPE_ value 'PARMS' are used as starting values.

OUT= Output Data Set in the OUTPUT Statement

The OUT= data set in the OUTPUT statement contains all the variables in the input data set along with
statistics you request by specifyikgyword=name options or the PREDPROBS= option in the OUTPUT
statement. In addition, if you use the single-trial syntax and you request any of the XBETA=, STDXBETA=,
PREDICTED=, LCL=, and UCL= options, the OUT= data set contains the automatic varisbeL_.

The value of LEVEL_ identi es the response category upon which the computed values of XBETA=,
STDXBETA=, PREDICTED=, LCL=, and UCL= are based.

When there are more than two response levels, only variables named by the XBETA=, STDXBETA=,
PREDICTED=, LOWER=, and UPPER= options and the variables given by PREDPROBS=(INDIVIDUAL
CUMULATIVE) have their values computed; the other variables have missing values. If you t a generalized
logit model, the cumulative predicted probabilities are not computed.

When there are only two response categories, each input observation produces one observation in the OUT=
data set.



Input and Output Data Sets F 5415

If there are more than two response categories and you specify only the PREDPROBS= option, then each
input observation produces one observation in the OUT= data set. However, if you t an ordinal (cumulative)
model and specify options other than the PREDPROBS= options, each input observation generates as many
output observations as one fewer than the number of response levels, and the predicted probabilities and their
con dence limits correspond to the cumulative predicted probabilities. If you t a generalized logit model
and specify options other than the PREDPROBS= options, each input observation generates as many output
observations as the number of response categories; the predicted probabilities and their con dence limits
correspond to the probabilities of individual response categories.

For observations in which only the response variable is missing, values of the XBESIAXXBETA=,
PREDICTED=, UPPER=, LOWER=, and tiRREDPROBS=options are computed even though these
observations do not affect the model t. This enables, for instance, predicted probabilities to be computed for
new observations.

OUT= Output Data Set in a SCORE Statement

The OUT= data set in a SCORE statement contains all the variables in the data set being scored. The data
set being scored can be either the input DATA= data set in the PROC LOGISTIC statement or the DATA=
data set in the SCORE statement. The DATA= data set in the SCORE statement does not need to contain the
response variable.

If the data set being scored contains the response variable, then denmerttadizedevels (left-justi ed,
level, the OUT= data set also contains the following:
F_Y, the normalized levels of the response variabla the data set being scored. If the events/trials

syntax is used, the FY variable is not created.

|_Y, the normalized levels that the observations are classi ed into. Note that an observation is classi ed
into the level with the largest probability. If the events/trials syntax is used, the INTO_ variable is
created instead, and it contains the values EVENT and NONEVENT.

P_Y;, the posterior probabilities of the normalized response vel
If the CLM option is speci ed in the SCORE statement, the OUT= data set also includes the following:

— LCL_Y;, the lower 100 )% con dence limits for PY;
— UCL_Y;, the upper 10A( )% con dence limits for PY;

OUTDIST= Output Data Set

The OUTDIST= data set contains every exact conditional distribution necessary to process the corresponding
EXACT statement. For example, the following statements create one distribution fdr plaeameter and
another for thex2 parameters, and produce the datadésttshown in Table 72.12:
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data test;

input y x1 x2 count;
datalines;

01

PR RPRRRPRRLRORO
NNNRFRORERLROO

NRONNRERRO
PNWR WERE NP

proc logistic data=test exactonly;
class x2 / param=ref;
model y=x1 x2;
exact x1 x2/ outdist=dist;
run;
proc print data=dist;
run;

Table 72.12 OUTDIST= Data Set

Obs x1 x20 x21 Count Score Prob
3 5.81151 0.03333

[EEN
o
o

2 0 1 15 1.66031 0.16667
3 0 2 9 3.12728 0.10000
4 1 0 15 1.46523 0.16667
5 1 1 18 0.21675 0.20000
6 1 2 6 4.58644 0.06667
7 2 0 19 1.61869 0.21111
8 2 1 2 3.27293 0.02222
9 3 0 3 6.27189 0.03333
10 2 6 3.03030 0.12000
11 3 12 0.75758 0.24000
12 4 11 0.00000 0.22000
13 5 18 0.75758 0.36000
14 6 3 3.03030 0.06000

The rst nine observations in thdist data set contain an exact distribution for the parameters ofzhe
effect (hence the values for tlké@ parameter are missing), and the remaining ve observations are for the
x1 parameter. If a joint distribution was created, there would be observations with values for beth the
andx2 parameters. For CLASS variables, the corresponding parametersdisttilata set are identi ed by
concatenating the variable name with the appropriate classi cation level.

The data set contains the possible suf cient statistics of the parameters for the effects speci ed in the EXACT
statement, and th@ount variable contains the number of different responses that yield these statistics. In
particular, there are six possible response vegtdos which the dot producg®1 was equal to 2, and for
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whichy%20, y%21, andy® were equal to their actual observed values (displayed in the “Suf cient Statistics”
table).

When hypothesis tests are performed on the parameteRdh®ariable contains the probability of obtaining
that statistic (which is just the count divided by the total count), andtivee variable contains the score for
that statistic.

The OUTDIST= data set can contain a different exact conditional distribution for each speci ed EXACT
statement. For example, consider the following EXACT statements:

exact O1 x1 / outdist=01;
exact OJ12 x1 x2 / jointonly outdist=0j12;
exact OA12 x1 x2 / joint outdist=0al2;

exact OE12 x1 x2 / estimate outdist=0el2;

The O1 statement outputs a single exact conditional distribution. The OJ12 statement outputs only the joint
distribution forx1 andx2. The OA12 statement outputs three conditional distributions: onelfane forx2,

and one jointly forxl andx2. The OE12 statement outputs two conditional distributions: ongifand the

other forx2. Data sebel2 contains both thel andx2 variables; the distribution forl has missing values

in thex2 column while the distribution fox2 has missing values in thel column.

OUTROC= Output Data Set
The OUTROC= data set contains data necessary for producing the ROC curve, and can be created by
specifying the OUTROC= option in the MODEL statement or the OUTROC= option in the SCORE statement:
It has the following variables:
any BY variables speci ed

_STEP_, the model step number. This variable is not included if model selection is not requested.

_PROB_, the estimated probability of an event. These estimated probabilities serve as cutpoints for
predicting the response. Any observation with an estimated event probability that exceeds or equals
_PROB_is predicted to be an event; otherwise, it is predicted to be a nonevent. Predicted probabilities
that are close to each other are grouped together, with the maximum allowable difference between the
largest and smallest values less than a constant that is speci ed by the ROCEPS= option. The smallest
estimated probability is used to represent the group.

_POS_, the number of correctly predicted event responses
_NEG_, the number of correctly predicted nonevent responses
_FALPOS _, the number of falsely predicted event responses
_FALNEG_, the number of falsely predicted nonevent responses

_SENSIT_, the sensitivity, which is the proportion of event observations that were predicted to have an
event response

_1MSPEC_, one minus speci city, which is the proportion of nonevent observations that were predicted
to have an event response
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Note that none of these statistics are affected by the bias-correction method discussed in the section “Classi -
cation Table” on page 5388. An ROC curve is obtained by plott®ENSIT_ against IMSPEC_.

For more information, see the section “Receiver Operating Characteristic Curves” on page 5393.

Computational Resources

The memory needed to t an unconditional model is approximasely C 2/ C 24.p C 2/? bytes, where

is the number of parameters estimated amlthe number of observations in the data set. For cumulative
response models with more than two response levels, a test of the parallel lines assumption requires an
additional memory of approximate#4k?.m C 1/2 C 24.m C 2/? bytes, wheré is the number of response

levels andmis the number of slope parameters. However, if this additional memory is not available, the
procedure skips the test and nishes the other computations. You might need more memory if you use the
SELECTION= option for model building.

The data that consist of relevant variables (including the design variables for model effects) and observations
for tting the model are stored in a temporary utility le. If suf cient memory is available, such data will also

be kept in memory; otherwise, the data are reread from the utility le for each evaluation of the likelihood
function and its derivatives, with the resulting execution time of the procedure substantially increased.
Specifying the MULTIPASS option in the MODEL statement avoids creating this utility le and also does

not store the data in memory; instead, the DATA= data set is reread when needed. This saves approximately
8n.p C 2/ bytes of memory but increases the execution time.

If a conditional logistic regression is performed, then approximatety> C m C 4/ max,.my/ C .8sy C

36/H C 125y additional bytes of memory are needed, whamgis the number of events in stratum

h, H is the total number of strata, arsg is the number of variables used to de ne the strata. If the
CHECKDEPENDENCY=ALL option is speci ed in the STRATA statement, then an e4taC H/.m C

H C 1/ bytes are required, and the resulting execution time of the procedure might be substantially increased.

Computational Resources for Exact Logistic Regression

Many problems require a prohibitive amount of time and memory for exact computations, depending on the
speed and memory available on your computer. For such problems, consider whether exact methods are
really necessary. Stokes, Davis, and Koch (2012) suggest looking atpexalctes when the sample size is

small and the approximagevalues from the unconditional analysis are less than 0.10, and they proléde

of thumbfor determining when various models are valid.

A formula does not exist that can predict the amount of time and memory necessary to generate the exact
conditional distributions for a particular problem. The time and memory required depends on several
factors, including the total sample size, the number of parameters of interest, the number of nuisance
parameters, and the order in which the parameters are processed. To provide a feel for how these factors

uniform binary covariates{l,. .. XN) and a binary response variab¥ @re generated, and the following
statements create exact conditional distributionsxtbiconditional on the other covariates by using the
default METHOD=NETWORK. Figure 72.11 displays results that were obtained on a 64-bit, 3.4GHz PC
with 16GB RAM running Microsoft Windows 7.
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data one;
do obs=1 to HalfNobs ;
do Y=0 to 1;

X1=round(ranuni(0));

XN=round(ranuni(0));
output;
end;
end;
options fullstimer;
proc logistic exactonly;
exactoptions method=network maxtime=1200;
class X: / param=ref;
model Y=X:;
exact X1 / outdist=dist;
run;

Figure 72.11 Mean Time and Memory Required

At any time while PROC LOGISTIC is deriving the distributions, you can terminate the computations by
pressing the system interrupt key sequence (see the SAS Companion for your system) and choosing to stop

computations. If you run out of memory, see the SAS Companion for your system to see how to allocate
more.

You can use the EXACTOPTIONS option MAXTIME= to limit the total amount of time PROC LOGISTIC

uses to derive all of the exact distributions. If PROC LOGISTIC does not nish within that time, the procedure
terminates.
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Calculation of frequencies are performed in the log scale by default. This reduces the need to check for
excessively large frequencies but can be slower than not scaling. You can turn off the log scaling by specifying

the NOLOGSCALE option in the EXACTOPTIONS statement. If a frequency in the exact distribution

is larger than the largest integer that can be held in double precision, a warning is printed to the SAS log.
Because inaccuracies due to adding small numbers to these large frequencies might have little or no effect on
the statistics, the exact computations continue.

You can monitor the progress of the procedure by submitting your program with the EXACTOPTIONS option
STATUSTIME-=. If the procedure is too slow, you can try another method by specifying the EXACTOPTIONS
option METHOD-=, you can try reordering the variables in the MODEL statement (note that CLASS variables
are always processed before continuous covariates), or you can try reparameterizing your classi cation
variables as in the following statement:

class class-variables | param=ref ref=first order=freq;

If you condition out CLASS variables that use reference or GLM coding but you are not using the STRATA
statement, then you can speed up the analysis by specifying one of the nuisance CLASS variables in the
STRATA statement. This performance gain occurs because STRATA variables partition your data set into
smaller pieces. However, moving two (or more) nuisance CLASS variables into the STRATA statement
results in a different model, because the suf cient statistics for the second CLASS variable are actually
computed across the levels of the rst CLASS variable.

Displayed Output

If you use the NOPRINT option in the PROC LOGISTIC statement, the procedure does not display any
output. Otherwise, the tables displayed by the LOGISTIC procedure are discussed in the following section
in the order in which they appear in the output. Some of the tables appear only in conjunction with certain
options or statements; for more information, see the section “ODS Table Names” on page 5425.

NoTE: The EFFECT, ESTIMATE, LSMEANS, LSMESTIMATE, and SLICE statements also create tables,
which are not listed in this section. For information about these tables, see the corresponding sections of
Chapter 19, “Shared Concepts and Topics.”

Table Summary

Model Information and the Number of Observations

See the section “Missing Values” on page 5370 for information about missing-value handling, and the
sections “FREQ Statement” on page 5334 and “WEIGHT Statement” on page 5369 for information about
valid frequencies and weights.

Response Pro le
Displays the Ordered Value assigned to each response level. For more information, see the section “Response
Level Ordering” on page 5370.

Class Level Information
Displays the design values for each CLASS explanatory variable. For more information, see the section
“Other Parameterizations” on page 395 in Chapter 19, “Shared Concepts and Topics.”
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Simple Statistics Tables
The following tables are displayed if you specify the SIMPLE option in the PROC LOGISTIC statement:

Descriptive Statistics for Continuous Explanatory Variables
Frequency Distribution of Class Variables

Weight Distribution of Class Variables
Displays if you also specify a WEIGHT statement.

Strata Tables for (Exact) Conditional Logistic Regression
The following tables are displayed if you specify a STRATA statement:

Strata Summary
Shows the pattern of the number of events and the number of nonevents in a stratum. See the section
“STRATA Statement” on page 5366 for more information.

Strata Information
Displays if you specify the INFO option in a STRATA statement.

Maximum Likelihood Iteration History

Displays if you specify the ITPRINT option in the MODEL statement. For more information, see the sections
“Iterative Algorithms for Model Fitting” on page 5374, “Convergence Criteria” on page 5376, and “Existence
of Maximum Likelihood Estimates” on page 5376.

Deviance and Pearson Goodness-of-Fit Statistics

Displays if you specify the SCALE= option in the MODEL statement. Srpalhlues reject the null
hypothesis that the tted model is adequate. For more information, see the section “Overdispersion” on
page 5390.

Score Test for the Equal Slopes (Proportional Odds) Assumption

Tests the parallel lines assumption if you t an ordinal response model with the LINK=CLOGLOG or
LINK=PROBIT options. If you specify LINK=LOGIT, this is called the “Proportional Odds” assumption.

The table is not displayed if you specify the EQUALSLOPES or UNEQUALSLOPES option in the MODEL
statement. Smafl-values reject the null hypothesis that the slope parameters for each explanatory variable
are constant across all the response functions. For more information, see the section “Testing the Parallel
Lines Assumption” on page 5381.

Model Fit Statistics

Computes various t criteria based on a model with intercepts only and a model with intercepts and
explanatory variables. If you specify the NOINT option in the MODEL statement, these statistics are
calculated without considering the intercept parameters. For more information, see the section “Model Fitting
Information” on page 5378.
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Testing Global Null Hypothesis: BETA=0

Tests the joint effect of the explanatory variables included in the model. $nvalues reject the null
hypothesis that all slope parameters are equal to #5§@/ D 0. For more information, see the sections
“Model Fitting Information” on page 5378, “Residual Chi-Square” on page 5380, and “Testing Linear
Hypotheses about the Regression Coef cients” on page 5396. If you also specify the RSQUARE option
in the MODEL statement, two generalized R-square measures are included; for more information, see the
section “Generalized Coef cient of Determination” on page 5379.

Score Test for Global Null Hypothesis

Displays instead of the “Testing Global Null Hypothesis: BETA=0" table if the NOFIT option is speci ed in
the MODEL statement. The global score test evaluates the joint signi cance of the effects in the MODEL
statement. Smafl-values reject the null hypothesis that all slope parameters are equal tdéig&koD O.

For more information, see the section “Residual Chi-Square” on page 5380.

Model Selection Tables
The tables in this section are produced when the SELECTION= option is speci ed in the MODEL statement.
See the section “Effect-Selection Methods” on page 5377 for more information.

Residual Chi-Square Test

Displays if you specify SELECTION=FORWARD, BACKWARD, or STEPWISE in the MODEL
statement. Smaft-values reject the null hypothesis that the reduced model is adequate. For more
information, see the section “Residual Chi-Square” on page 5380.

Analysis of Effects Eligible for Entry

Displays if you specify the DETAILS option and the SELECTION=FORWARD or STEPWISE option
in the MODEL statement. Smabtvalues rejecH o W; @ 0. The score chi-square is used to determine
entry; for more information, see the section “Testing Individual Effects Not in the Model” on page 5381.

Analysis of Effects Eligible for Removal

Displays if you specify the SELECTION=BACKWARD or STEPWISE option in the MODEL state-
ment. Smallp-values rejecHoW; D 0. The Wald chi-square is used to determine removal; for
more information, see the section “Testing Linear Hypotheses about the Regression Coef cients” on
page 5396.

Analysis of Effects Removed by Fast Backward Elimination

Displays if you specify the FAST option and the SELECTION=BACKWARD or STEPWISE option in
the MODEL statement. This table gives the approximate chi-square statistic for the variable removed,
the corresponding-value with respect to a chi-square distribution with one degree of freedom, the
residual chi-square statistic for testing the joint signi cance of the variable and the preceding ones, the
degrees of freedom, and thevalue of the residual chi-square with respect to a chi-square distribution
with the corresponding degrees of freedom.

Summary of Forward, Backward, and Stepwise Selection

Displays if you specify SELECTION=FORWARD, BACKWARD, or STEPWISE in the MODEL
statement. The score chi-square is used to determine entry; for more information, see the section
“Testing Individual Effects Not in the Model” on page 5381. The Wald chi-square is used to determine
removal; for more information, see the section “Testing Linear Hypotheses about the Regression
Coef cients” on page 5396.
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Regression Models Selected by Score Criterion

Displays the score chi-square for all models if you specify the SELECTION=SCORE option in the
MODEL statement. Smaf-values reject the null hypothesis that the tted model is adequate. For
more information, see the section “Effect-Selection Methods” on page 5377.

Joint Tests or Type 3 Analysis of Effects

Displays if the model contains a CLASS variable and performs Wald chi-square tests of the joint effect of the
parameters for each CLASS variable in the model. Spradilues rejecHoW; D 0. The title of this table

for main-effects models or models that use GLM parameterization is “Type 3 Analysis of Effects”; for all
other models the title is “Joint Tests.” For more information, see the sections “Testing Linear Hypotheses
about the Regression Coef cients” on page 5396 and “Joint Tests and Type 3 Tests” on page 5396.

Analysis of Maximum Likelihood Estimates
CLASS effects are identi ed by their (nonreference) level. For generalized logit models, a response variable
column displays the nonreference level of the logit. The table includes the following:

the estimated standard error of the parameter estimate, computed as the square root of the corresponding
diagonal element of the estimated covariance matrix

the Wald chi-square statistic, computed by squaring the ratio of the parameter estimate divided by its
standard error estimate. For more information, see the section “Testing Linear Hypotheses about the
Regression Coef cients” on page 5396.

the p-value tests the null hypothedilpW; D 0; small values reject the null.

the standardized estimate for the slope parameter, if you specify the STB option in the MODEL
statement. For more information, see the STB option on page 5352.

exponentiated values of the estimates of the slope parameters, if you specify the EXPB option in the
MODEL statement. For more information, see the EXPB option on page 5343.

the label of the variable, if you specify the PARMLABEL option in the MODEL statement and if
space permits. Due to constraints on the line size, the variable label might be suppressed in order to
display the table in one panel. Use the SAS system option LINESIZE= to specify a larger line size to
accommodate variable labels. A shorter line size can break the table into two panels allowing labels to
be displayed.

Odds Ratio Estimates

Displays the odds ratio estimates and the corresponding 95% Wald con dence intervals for variables that are
not involved in nestings or interactions. For continuous explanatory variables, these odds ratios correspond
to a unit increase in the risk factors. For more information, see the section “Odds Ratio Estimation” on
page 5383.

Association of Predicted Probabilities and Observed Responses
For more information, see the section “Rank Correlation of Observed Responses and Predicted Probabilities”
on page 5386.
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Parameter Estimates and Pro le-Likelihood or Wald Con dence Intervals
Displays if you specify the CLPARM= option in the MODEL statement. For more information, see the
section “Con dence Intervals for Parameters” on page 5382.

Odds Ratio Estimates and Pro le-Likelihood or Wald Con dence Intervals

Displays if you specify the ODDSRATIO statement for any effects with any class parameterizations. Also
displays if you specify the CLODDS= option in the MODEL statement, except odds ratios are computed
only for main effects not involved in interactions or nestings, and if the main effect is a CLASS variable, the

parameterization must be EFFECT, REFERENCE, or GLM. For more information, see the section “Odds
Ratio Estimation” on page 5383.

Estimated Covariance or Correlation Matrix
Displays if you specify the COVB or CORRB option in the MODEL statement. For more information, see
the section “Iterative Algorithms for Model Fitting” on page 5374.

Contrast Test Results

Displays the Wald test for each speci ed CONTRAST statement. Spaadlues rejecHoVIL D 0. The

“Coef cients of Contrast” table displays the contrast matrix if you specify the E option, and the “Contrast
Estimation and Testing Results by Row” table displays estimates and Wald tests for each row of the contrast
matrix if you specify the ESTIMATE= option. For more information, see the sections “CONTRAST
Statement” on page 5321, “Testing Linear Hypotheses about the Regression Coef cients” on page 5396, and
“Linear Predictor, Predicted Probability, and Con dence Limits” on page 5387.

Linear Hypotheses Testing Results
Displays the Wald test for each speci ed TEST statement. For more information, see the sections “Testing
Linear Hypotheses about the Regression Coef cients” on page 5396 and “TEST Statement” on page 5367.

Hosmer and Lemeshow Goodness-of-Fit Test

Displays if you specify the LACKFIT option in the MODEL statement. Snallalues reject the null
hypothesis that the tted model is adequate. The “Partition for the Hosmer and Lemeshow Test” table
displays the grouping used in the test. For more information, see the section “The Hosmer-Lemeshow
Goodness-of-Fit Test” on page 5392.

Classi cation Table

Displays if you use the CTABLE option in the MODEL statement. If you specify a list of cutpoints with the
PPROB= option, then the cutpoints are displayed in the Prob Level column. If you specify the prior event
probabilities with the PEVENT= option, then the probabilities are displayed in the Prob Event column. The
Correct column displays the number of correctly classi ed events and nonevents, the Incorrect Event column
displays the number of nonevents incorrectly classi ed as events, and the Incorrect Nonevent column gives
the number of events incorrectly classi ed as nonevents. For more information, see the section “Classi cation
Table” on page 5388.

Regression Diagnostics

Displays if you specify the INFLUENCE option in the MODEL statement. See the section “Regression
Diagnostics” on page 5397 for more information about diagnostics from an unconditional analysis, and the
section “Regression Diagnostic Details” on page 5406 for information about diagnostics from a conditional
analysis.
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Fit Statistics for SCORE Data
Displays if you specify the FITSTAT option in the SCORE statement. For more information, see the section
“Scoring Data Sets” on page 5400.

ROC Association Statistic and Contrast Tables

Displayed if a ROC statement, a ROCCONTRAST statement, or the ROCCI option is speci ed. For more
information, about the Mann-Whitney statistics and the test and estimation computations, see the section
“ROC Computations” on page 5395. For more information about the other statistics, see the section “Rank
Correlation of Observed Responses and Predicted Probabilities” on page 5386.

Exact Conditional Logistic Regression Tables

The tables in this section are produced when the EXACT statement is specied. If the
METHOD=NETWORKMC option is speci eq, the test and estimate tables are renamed “Monte Carlo”
tables and a Monte Carlo standard error colummp(l  p/=n) is displayed.

Suf cient Statistics
Displays if you request an OUTDIST= data set in an EXACT statement. The table lists the parameters
and their observed suf cient statistics.

(Monte Carlo) Conditional Exact Tests
For more information, see the section “Hypothesis Tests” on page 5410.

(Monte Carlo) Exact Parameter Estimates

Displays if you specify the ESTIMATE option in the EXACT statement. This table gives individual
parameter estimates for each variable (conditional on the values of all the other parameters in the
model), con dence limits, and a two-sidgsvalue (twice the one-sideptvalue) for testing that

the parameter is zero. For more information, see the section “Inference for a Single Parameter” on
page 5411.

(Monte Carlo) Exact Odds Ratios
Displays if you specify the ESTIMATE=0ODDS or ESTIMATE=BOTH option in the EXACT statement.
For more information, see the section “Inference for a Single Parameter” on page 5411.

ODS Table Names

PROC LOGISTIC assigns a name to each table it creates. You can use these names to reference the table
when using the Output Delivery System (ODS) to select tables and create output data sets. These names are
listed in Table 72.13. For more information about ODS, see Chapter 20, “Using the Output Delivery System.”

The EFFECT, ESTIMATE, LSMEANS, LSMESTIMATE, and SLICE statements also create tables, which
are not listed in Table 72.13. For information about these tables, see the corresponding sections of Chapter 19,
“Shared Concepts and Topics.”
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Table 72.13 ODS Tables Produced by PROC LOGISTIC

ODS Table Name Description Statement Option
Association Association of predicted = MODEL Default

probabilities and observed (without STRATA)

responses
BestSubsets Best subset selection MODEL SELECTION=SCORE
ClassFreq Frequency breakdown of PROC Simple

CLASS variables (with CLASS vars)
ClassLevellnfo CLASS variable levels and MODEL Default

design variables (with CLASS vars)
Classi cation Classi cation table MODEL CTABLE
ClassWgt Weight breakdown of PROC, WEIGHT Simple

CLASS variables (with CLASS vars)
CLOddsPL Odds ratio estimates and MODEL CLODDS=PL

pro le-likelihood con dence

intervals
CLOddsWwald Odds ratio estimates and MODEL CLODDS=WALD

Wald con dence intervals
CLParmPL Parameter estimates and MODEL CLPARM=PL

pro le-likelihood con dence

intervals
CLParmWald Parameter estimates and MODEL CLPARM=WALD

Wald con dence intervals
ContrastCoeff L matrix from CONTRAST CONTRAST E
ContrastEstimate Estimates from CONTRAST CONTRAST ESTIMATE=
ContrastTest Wald test for CONTRAST CONTRAST Default
ConvergenceStatus Convergence status MODEL Default
CorrB Estimated correlation matrix MODEL CORRB

of parameter estimators
CovB Estimated covariance matrixMODEL CcovB

CumulativeModelTest

EffectinModel
EffectNotinModel
ExactOddsRatio

ExactParmEst

ExactTests
FastElimination
FitStatistics
GlobalScore
GlobalTests

of parameter estimators
Test of the cumulative model MODEL
assumption

Test effects in model MODEL
Test for effects not in model MODEL
Exact odds ratios EXACT
Parameter estimates EXACT
Conditional exact tests EXACT
Fast backward elimination MODEL
Model t statistics MODEL
Global score test MODEL
Test for global null MODEL

hypothesis

(Cumulative response)

SELECTION=S|B
SELECTION=S|F
ESTIMATE=0DDS,
ESTIMATE=BOTH
ESTIMATE,
ESTIMATE=PARM,
ESTIMATE=BOTH
Default
SELECTION=B,FAST
Default
NOFIT
Default
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Table 72.13 continued

ODS Table Name Description Statement Option

GoodnessOfFit Pearson and deviance MODEL SCALE
goodness-of- t tests

IndexPlots Batch capture of the index MODEL IPLOTS
plots

In uence Regression diagnostics MODEL INFLUENCE

IterHistory Iteration history MODEL ITPRINT

LackFitChiSq Hosmer-Lemeshow MODEL LACKFIT
chi-square test results

LackFitPartition Partition for the Hosmer- MODEL LACKFIT
Lemeshow test

LastGradient Last evaluation of gradient MODEL ITPRINT

Linear Linear combination PROC Default

LogLikeChange Final change in the log MODEL ITPRINT
likelihood

ModelANOVA Joint or Type 3 tests of MODEL Default
effects (with CLASS variables)

ModelBuildingSummary Summary of model building MODEL SELECTION=B|F|S

Modellnfo Model information PROC Default

NObs Number of observations PROC Default

OddsEst Adjusted odds ratios UNITS Default

OddsRatios Odds ratio estimates MODEL Default

OddsRatiosWald Odds ratio estimates and ODDSRATIOS CL=WALD
Wald con dence intervals

OddsRatiosPL Odds ratio estimates and PODDSRATIOS CL=PL
con dence intervals

ParameterEstimates Maximum likelihood MODEL Default
estimates of model
parameters

RSquare R-square MODEL RSQUARE

ResidualChiSq Residual chi-square MODEL SELECTION=F|B

ResponsePro le Response pro le PROC Default

ROCAssociation Association table for ROC ROC Default
models MODEL ROCCI

ROCContrastCoeff L matrix from ROCCONTRAST E
ROCCONTRAST

ROCContrastCov Covariance of ROCCONTRAST CoVv
ROCCONTRAST rows

ROCContrastEstimate Estimates from ROCCONTRAST  ESTIMATE=
ROCCONTRAST

ROCContrastTest Wald test from ROCCONTRAST  Default
ROCCONTRAST

ROCCov Covariance between ROC ROCCONTRAST COV
curves

ScoreFitStat Fit statistics for scored data SCORE FITSTAT




5428 F Chapter 72: The LOGISTIC Procedure

Table 72.13 continued

ODS Table Name Description Statement Option

SimpleStatistics Summary statistics for PROC SIMPLE
explanatory variables

StrataSummary Number of strata with STRATA Default
speci c response frequencies

Stratalnfo Event and nonevent STRATA INFO
frequencies for each stratum

SuffStats Suf cient statistics EXACT OUTDIST=

TestPrintl L[Cov(b)]L'and Lb-c TEST PRINT

TestPrint2 Ginv([Cov(b)]L") and TEST PRINT
Ginv(L[Cov(b)]L")(Lb-c)

TestStmts Linear hypotheses testing TEST Default
results

ODS Graphics

Statistical procedures use ODS Graphics to create graphs as part of their output. ODS Graphics is described
in detail in Chapter 21, “Statistical Graphics Using ODS.”

Before you create graphs, ODS Graphics must be enabled (for example, by specifying the ODS GRAPH-
ICS ON statement). For more information about enabling and disabling ODS Graphics, see the section
“Enabling and Disabling ODS Graphics” on page 609 in Chapter 21, “Statistical Graphics Using ODS.”

The overall appearance of graphs is controlled by ODS styles. Styles and other aspects of using ODS
Graphics are discussed in the section “A Primer on ODS Statistical Graphics” on page 608 in Chapter 21,
“Statistical Graphics Using ODS.”

You must also specify theptions in the PROC LOGISTIC statement that are indicated in Table 72.14.

When ODS Graphics is enabled, then the EFFECT, EFFECTPLOT, ESTIMATE, LSMEANS, LSMESTI-
MATE, and SLICE statements can produce plots that are associated with their analyses. For information
about these plots, see the corresponding sections of Chapter 19, “Shared Concepts and Topics.”

PROC LOGISTIC assigns a hame to each graph it creates using ODS. You can use these names to reference
the graphs when using ODS. The names are listed in Table 72.14.

Table 72.14 Graphs Produced by PROC LOGISTIC

ODS Graph Name Plot Description Statement or Option
DfBetasPIlot Panel of dfbetas by case number PLOTS=DFBETAS
or MODEL / INFLUENCE or IPLOTS
Effect dfbetas by case number PLOTS=DFBETAS(UNPACK)
DPCPlot Difchisq and/or difdev by predicted PLOTS=DPC

probability by CI displacement C
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Table 72.14 continued

ODS Graph Name Plot Description Statement or Option
EffectPlot Predicted probability PLOTS=EFFECT
In uencePlots Panel of in uence statistics by casePLOTS=INFLUENCE
number or MODEL / INFLUENCE or IPLOTS
CBarPlot Cl displacement Cbar by case PLOTS=INFLUENCE(UNPACK)
number
CPlot Cl displacement C by case number  PLOTS=INFLUENCE(UNPACK)
DevianceResidualPlot Deviance residual by case number PLOTS=INFLUENCE(UNPACK)
DifChisgPlot Difchisq by case number PLOTS=INFLUENCE(UNPACK)
DifDeviancePlot Difdev by case number PLOTS=INFLUENCE(UNPACK)
LeveragePlot Hat diagonal by case number PLOTS=INFLUENCE(UNPACK)
LikelihoodResidualPlot Likelihood residual by case numbdPLOTS=INFLUENCE(UNPACK
STDRES)
PearsonResidualPlot Pearson chi-square residual by c&eOTS=INFLUENCE(UNPACK)
number
StdDevianceResidualPlot Standardized deviance residual bR LOTS=INFLUENCE(UNPACK
case number STDRES)
StdPearsonResidualPlot  Standardized Pearson chi-squaré®LOTS=INFLUENCE(UNPACK
residual by case number STDRES)
LeveragePlots Panel of in uence statistics by PLOTS=LEVERAGE
leverage
LeverageCPIlot Cl displacement C by leverage PLOTS=LEVERAGE(UNPACK)
LeverageDifChisgPlot Difchisq by leverage PLOTS=LEVERAGE(UNPACK)
LeverageDifDevPlot Difdev by leverage PLOTS=LEVERAGE(UNPACK)
LeveragePhatPlot Predicted probability by leverage PLOTS=LEVERAGE(UNPACK)
ORPIot Odds ratios Default or
PLOTS=ODDSRATIO and
MODEL / CLODDS=
or ODDSRATIO
PhatPlots Panel of in uence by predicted PLOTS=PHAT
probability
PhatCPlot Cl displacement C by predicted PLOTS=PHAT(UNPACK)
probability
PhatDifChisqgPIlot Difchisq by predicted probability PLOTS=PHAT(UNPACK)
PhatDifDevPIot Difdev by predicted probability PLOTS=PHAT(UNPACK)
PhatLeveragePlot Leverage by predicted probability PLOTS=PHAT(UNPACK)
ROCCurve Receiver operating characteristics PLOTS=ROC
curve or MODEL / OUTROC=
or SCORE OUTROC=
or ROC
ROCOverlay ROC curves for comparisons PLOTS=ROC and
MODEL / SELECTION=

or ROC
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Examples: LOGISTIC Procedure

Example 72.1: Stepwise Logistic Regression and Predicted Values

Consider a study on cancer remission (Lee 1974). The data consist of patient characteristics and whether or
not cancer remission occurred. The following DATA step creates the daResetsion containing seven
variables. The variablemiss is the cancer remission indicator variable with a value of 1 for remission and

a value of 0 for nonremission. The other six variables are the risk factors thought to be related to cancer
remission.

data Remission;

input remiss cell smear infil li blast temp;
label remiss= Complete Remission ;
datalines;

8 83 66 19 1.1 .996

9 36 .32 14 .74 .992

.8 .88 7 .8 .176  .982

1 .87 .87 .7 1.053 .986
9 75 .68 1.3 .519 .98
1 .65 .65 .6 .519 .982

95 97 92 1 1.23 .992
95 87 .83 19 1354 1.02

1 45 45 .8 322 .999
95 36 34 5 0 1.038
.85 .39 .33 7 .279 .988
Ve .76 .53 1.2 .146 .982
.8 46 .37 A4 .38 1.006
2 .39 .08 .8 114 .99

1 9 .9 1.1 1.037 .99

1 .84 84 19 2064 1.02
.65 42 .27 5 114 1.014
1 g5 75 1 1.322 1.004
5 A4 .22 .6 114 .99
1 .63 63 1.1 1.072 .986

1 .33 .33 A4 A76  1.01
.9 .93 .84 .6 1591 1.02

1 58 .58 1 531 1.002
95 32 3 1.6 .886 .988

1 .6 .6 17 .964 .99

1 .69 .69 9 .398 .986

1 73 .73 e .398 .986

T ORPPOPRPOOPFRPOOORPROO0OO0OO0CDO0OO0OO0OO0ORFRPRORFRPOOREPR

The following invocation of PROC LOGISTIC illustrates the use of stepwise selection to identify the
prognostic factors for cancer remission. A signi cance level of 0.3 is required to allow a variable into

the model (SLENTRY=0.3), and a signi cance level of 0.35 is required for a variable to stay in the model
(SLSTAY=0.35). A detailed account of the variable selection process is requested by specifying the DETAILS
option. The Hosmer and Lemeshow goodness-of- t test for the nal selected model is requested by specifying
the LACKFIT option. The OUTEST= and COVOUT options in the PROC LOGISTIC statement create a
data set that contains parameter estimates and their covariances for the nal selected model. The response
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variable option EVENT= choosesmiss=1 (remission) as the event so that the probability of remission is
modeled. The OUTPUT statement creates a data set that contains the cumulative predicted probabilities and
the corresponding con dence limits, and the individual and cross validated predicted probabilities for each
observation. The ODS OUTPUT statement writes the “Association” table from each selection step to a SAS
data set.

title Stepwise Regression on Cancer Remission Data;
proc logistic data=Remission outest=betas covout;
model remiss(event=1)=cell smear infil li blast temp
| selection=stepwise
slentry=0.3
slstay=0.35
details
lackfit;
output out=pred p=phat lower=Icl upper=ucl
predprob=(individual crossvalidate);
ods output Association=Association;
run;

proc print data=betas;
titte2 Parameter Estimates and Covariance Matrix ;
run;

proc print data=pred,;
title2 Predicted Probabilities and 95% Confidence Limits;
run;

In stepwise selection, an attempt is made to remove any insigni cant variables from the model before adding
a signi cant variable to the model. Each addition or deletion of a variable to or from a model is listed as a
separate step in the displayed output, and at each step a new model is tted. Details of the model selection
steps are shown in Outputs 72.1.1 through 72.1.5.

Prior to the rst step, the intercept-only model is t and individual score statistics for the potential variables
are evaluated (Output 72.1.1).

Output 72.1.1 Startup Model
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Output 72.1.1 continued

In Step 1 (Output 72.1.2), the variabliés selected into the model because it is the most signi cant variable
among those to be chosgmn D 0:0049 < 0:3. The intermediate model that contains an interceptliaad
then tted. li remains signi cantp D 0:0146 < 0:33 and is not removed.

Output 72.1.2 Step 1 of the Stepwise Analysis
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Output 72.1.2 continued

In Step 2 (Output 72.1.3), the varialitenp is added to the model. The model then contains an intercept and
the variabledi andtemp. Bothli andtemp remain signi cant at 0.35 level; therefore, neithiemortemp is
removed from the model.

Output 72.1.3 Step 2 of the Stepwise Analysis
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Output 72.1.3 continued

In Step 3 (Output 72.1.4), the variakdell is added to the model. The model then contains an intercept and
the variabledi, temp, andcell. None of these variables are removed from the model because all are signi cant
at the 0.35 level.
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Output 72.1.4 Step 3 of the Stepwise Analysis
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Output 72.1.4 continued

Finally, none of the remaining variables outside the model meet the entry criterion, and the stepwise selection
is terminated. A summary of the stepwise selection is displayed in Output 72.1.5.

Output 72.1.5 Summary of the Stepwise Selection

Results of the Hosmer and Lemeshow test are shown in Output 72.1.6. There is no evidence of a lack of tin
the selected modegb D 0:5054/

Output 72.1.6 Display of the LACKFIT Option
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