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Abstract

SAS/STAT 9 delivers a wealth of tools and function-
ality for statistical modeling and data analysis. Areas
covered by new or enhanced software include mul-
tiple imputation, conditional logistic regression, ro-
bust regression, general linear models for propor-
tional hazards, regression diagnostics, survey data
analysis, power and sample size analysis, statistical
distance computations, statistical graphics, and par-
allelization.

Introduction

This presentation overviews facilities and enhance-
ments for statistical modeling and data analysis in
SAS/STAT 9. These developments were motivated by
three factors: requests from SAS users; advances in
the field of statistics; and challenges posed by large
data sets and complex data.

In order to respond to this spectrum of requirements,
the development for each new release of SAS/STAT is
balanced across a combination of experimental pro-
cedures, procedures which are achieving production
status for the first time, and incorporation of new fea-
tures in standard procedures. Experimental software
provides a vehicle for introducing new functionality.

The features and syntax of experimental software are
subject to change based on user feedback, and they
are documented in papers which are available for
download at http://www.sas.com/statistics. Typically,
experimental procedures attain production status in
the following release through additional development
and testing, as well as standard documentation.

Note: At the time of this writing, complete information
concerning experimental features in SAS/STAT 9.1
was not available. This information will be provided
in the final version of this paper, which is planned for
download availability at http://www.sas.com/statistics
at the time of this conference.

Multiple Imputation

Multiple imputation provides a useful strategy for deal-
ing with missing values. Instead of filling in a single
value for each missing value, Rubin’s (1987) multi-
ple imputation procedure replaces each missing value
with a set of plausible values that represent the un-
certainty about the right value to impute. These mul-
tiply imputed data sets are then analyzed by using
standard procedures for complete data and combin-
ing the results from these analyses. No matter which
complete-data analysis is used, the process of com-
bining results from different imputed data sets is es-
sentially the same. This results in statistically valid
inferences that properly reflect the uncertainty due to
missing values.

Version 8 of SAS/STAT introduced the experimen-
tal MI and MIANALYZE procedures for creating and
analyzing multiply imputed data sets for incomplete
multivariate data. The MI procedure creates multi-
ply imputed data sets for incomplete p-dimensional
multivariate data. It uses methods that incorporate
appropriate variability across m imputations. Once
the m complete data sets are analyzed using stan-
dard SAS/STAT procedures, PROC MIANALYZE can
be used to generate valid statistical inferences about
these parameters by combining the results.

The MI procedure provides three methods for imput-
ing missing values and the method of choice depends
on the type of missing data pattern. For monotone
missing data patterns, you can use a parametric re-
gression method that assumes multivariate normal-
ity or a nonparametric method based on propensity
scores. For an arbitrary missing data pattern, you can
use a Markov chain Monte Carlo (MCMC) method that
assumes multivariate normality.

In SAS/STAT 9.1, the MI procedure includes predic-
tive mean matching for the MCMC and monotone
methods. For the monotone methods, a separate im-
putation model can be used for each imputed variable.



In addition, classification variables can be used either
as covariates or as imputed variables for the mono-
tone methods. The logistic and discrimination meth-
ods can be used to impute classification variables.

MIANALYZE procedure updates for SAS 9.1 include
a simplification of the input data sets. The proce-
dure allows the use of the PARMS= option without
the associated COVB= or XPXI= option when the
PARMS= data set contains parameter estimates and
associated standard errors computed from imputed
data sets. The procedure can also read the param-
eter estimates and associated standard errors from a
DATA= data set. In addition, the updates also include
a TEST statement for assessing the significance of
linear combinations of the parameters.

Conditional Logistic Regression

Conditional logistic regression has often been used
in epidemiology where a retrospective study matches
subjects, or cases, having an event of interest with
similar subjects, or controls, who do not have the
event. More recently, conditional logistic regression
has also been applied to highly stratified data and
crossover studies. With highly stratified data, there
may be a small number of subjects per stratum, and
thus a small number of subjects relative to the number
of estimated parameters. Consequently, the sample
size requirements for unconditional logistic regression
based on maximum likelihood estimation may not be
met.

SAS 9 brings conditional logistic regression to the
LOGISTIC procedure via a new STRATA statement.
In the past, the PHREG procedure, which is intended
for proportional hazards regression analysis, was of-
ten used for conditional logistic regression by tak-
ing advantage of special computational equivalences.
This workaround is no longer necessary.

Robust Regression

Modern robust regression provides powerful tech-
niques for dealing with outliers in regression analysis.
Robust regression produces stable estimates in the
presence of outliers, but it is more commonly used to
detect and remove outliers, so that the analysis can
proceed using traditional methods.

The types of outliers which can be addressed with
robust regression include problems in the response
direction, problems in the covariate space (leverage
points), and problems in both directions. Three gen-
eral methods of robust regression are commonly em-
ployed. Huber M-estimation (Huber 1973) is the sim-
plest approach and is appropriate when you can as-
sume that the outliers are mainly in the response
direction; it is not robust with respect to leverage

points. Least Trimmed Squares (LTS) is a high
breakdown method introduced by Rousseeuw (1984).
Rousseeuw and Yohai (1984) introduced another high
breakdown method that can be more efficient than
LTS estimation. Finally, MM-estimation, introduced by
Yohai (1987), combines both high breakdown estima-
tion and M-estimation. All of these methods are avail-
able in the ROBUSTREG procedure, which is pro-
duction software in SAS/STAT 9.1. For more details
concerning the ROBUSTREG procedure, see Chen
(2002).

General Linear Models for Proportional Hazards

For many years, users have requested that a CLASS
statement be implemented in the PHREG procedure.
In SAS 9, a CLASS statement is included in the
TPHREG procedure, which is a test version of the
PHREG procedure. This means that you can spec-
ify interaction terms for your model as in the GLM
procedure. In addition, the CLASS statement sup-
ports various nonsingular parameterizations as in the
LOGISTIC procedure.

The PHREG procedure has been enhanced with new
model-checking techniques due to Lin et al. (1993,
2002), which provide assessments of the functional
form of a covariate and the validity of the proportional
hazards assumption. This functionality, which is ex-
perimental in SAS 9.1, is described by Johnston and
So (2003a).

In SAS 9.1, the PHREG procedure can be used to fit
a proportional means regression model for the mean
cumulative number (or cost) of events up to time t in
the analysis of data from recurrent events. This appli-
cation is described by Johnston and So (2003b).

Regression Diagnostics for Generalized Linear
Models

In SAS 9.1, new model-checking methods based
on the cumulative residuals approach of Lin et al.
(1993,2002), are available in the GENMOD proce-
dure for assessing the functional form of a covariate
in the linear predictor and the form of the link func-
tion in generalized linear models and marginal models
for dependent responses (GEEs). This functionality is
described by Johnston and So (2003a).

Survey Data Analysis

Many researchers use sample surveys to collect
their information, relying on probability-based com-
plex sample designs such as stratified selection, clus-
tering, and unequal weighting. To make statistically
valid inferences, the analysis of the data must ac-
count for the design of the study. Traditional SAS pro-
cedures, such as the MEANS and GLM procedures,



are inappropriate for this purpose because they com-
pute statistics under the assumption of simple random
sampling from an infinite population.

In Version 8, SAS/STAT introduced three procedures
for sample survey selection and survey data anal-
ysis. The SURVEYSELECT procedure selects a
probability-based sample and produces an output
data set with selected units, selection probabilities,
and sampling weights. The SURVEYMEANS pro-
cedure computes estimates of survey population to-
tals and means, estimates of their variances, con-
fidence limits, and other descriptive statistics. The
SURVEYREG procedure performs regression analy-
sis for sample survey data, fitting linear models and
computing regression coefficients and the covariance
matrix.

SAS/STAT 9 provides two new procedures for the
analysis of sample survey data. The SURVEYFREQ
procedure produces one-way to n-way frequency and
crosstabulation tables for survey data. Like the other
survey procedures, PROC SURVEYFREQ computes
variance estimates based on the sample design used
to obtain the survey data. The design can be a com-
plex sample survey design with stratification, cluster-
ing, and unequal weighting. PROC SURVEYFREQ
also provides design-based tests of association be-
tween variables. And for 2x2 tables, the procedure
computes estimates of risk differences, odds ratios,
relative risks, and their confidence limits.

The experimental SURVEYLOGISTIC procedure per-
forms logistic regression for categorical responses in
sample survey data. The analysis, which incorpo-
rates design aspects such as stratification and clus-
tering, is based on theoretical work by Binder (1981,
1983) and Roberts, Rao, and Kumar (1987). The
SURVEYLOGISTIC procedure provides much of the
general flexibility of the LOGISTIC procedure.

Power and Sample Size Analysis

Comprehensive facilities for power and sample size
computation are provided in SAS/STAT 9 in the form
of two new procedures and a web application. The
POWER procedure performs power analysis for a
variety of statistical tests; it determines the sample
size required to get a significant result with adequate
probability and characterizes the power of a study
to detect a meaningful effect. Analyses covered by
PROC POWER include means, proportions, correla-
tion, regression, ANOVA, and survival analysis. The
GLMPOWER procedure provides similar functionality
for linear models.

The Power and Sample Size Application (PSS) is a
web application that provides power and sample size
computations via a point-and-click interface. A vari-

ety of statistical tasks are covered, including t-tests,
ANOVA, confidence intervals, proportions, equiva-
lence testing, linear models, and survival analysis.
The application provides multiple input parameter op-
tions, stores results in a project format, displays power
curves, and produces appropriate narratives for the
results. PSS can be run locally or from a server.

Statistical Distances

Distance matrices are used frequently in data min-
ing, genomics, marketing, financial analysis, manage-
ment science, education, chemistry, psychology, biol-
ogy, and various other fields. The new DISTANCE
procedure, production in SAS 9.1, computes vari-
ous measures of distance, dissimilarity, or similar-
ity between the observations (rows) of a SAS data
set. These proximity measures are stored as a lower
triangular matrix or a square matrix in an output
data set (depending on the SHAPE= option) that can
then be used as input to the CLUSTER, MDS, and
MODECLUS procedures. The input data set may
contain numeric or character variables, or both, de-
pending on which proximity measure is used.

Statistical Graphics

Effective graphical displays are essential in modern
data analysis, statistical modeling, and data min-
ing. Traditionally, SAS users have produced statistical
graphics by modifying output data sets from statistical
procedures and using generic graphics procedures.
This forces the user to reconstruct analytical context
that is available within the procedures.

SAS/STAT 9.1 and SAS/ETS 9.1 introduce an ex-
tension to the Output Delivery System (ODS) which
enables procedures to automatically create graphical
displays. This approach is analogous to the way in
which procedures create tables with ODS. The ODS
template language is being extended with statements
which control the layout and appearance of displays
such as scatter plots, histograms, contour plots, and
box-and-whisker plots. As with tables, statistical pro-
cedures create output objects which are bound with
statistical graphics templates written by the procedure
developer. The displays–which are integrated with
tabular output–can then be rendered in several ODS
destinations, including HTML. Although the primary
goal of this work is to completely automate the pro-
duction of displays which are commonly needed in
statistical analysis, the user can customize the dis-
plays by modifying the templates or by changing the
attributes of graph style elements.

SAS 9.1 represents the first major step toward com-
prehensive support for automated statistical graphics
using ODS. The subsets of SAS/STAT and SAS/ETS
procedures which will offer this functionality in SAS



9.1 will be described in the final version of this paper.

Parallelization

The Threaded Kernel (TK) architecture introduced in
SAS System 9 enables SAS to incorporate high per-
formance parallel computing enhancements. SAS
procedures have traditionally been single-threaded,
meaning that computational steps are processed
strictly sequentially and one at a time. In contrast,
TK-enabled SAS can run in multiple threads, allowing
different pieces of code to run simultaneously, or in
parallel. With several threads executing concurrently,
a single program can divide its work between several
processors, and thus run faster.

Replacing single-threaded computational algorithms
with multi-threaded algorithms requires subtle re-
source management and complex task coordination.
However, if this is done well, then multi-threading can
deliver dramatic performance improvements. Among
the critical procedures that take advantage of TK in
SAS System 9 are the REG and GLM procedures
in SAS/STAT, as well as the DMREG procedure in
SAS Enterprise Miner. For more details, see Cohen
(2002).

Enhancements to Existing SAS/STAT Procedures

Many of of the updates in each new release of
SAS/STAT are enhancements to existing procedures
in response to customer suggestions and feedback.
In SAS/STAT 9.1, these enhancements include the
following:

• CLASS statement extension in PROC
GENMOD comparable to the CLASS statement
in PROC LOGISTIC

• SCORE statement in PROC LOGISTIC for scor-
ing new data, which computes posterior proba-
bilities and fit statistics

• performance enhancements for exact logistic
computations in PROC LOGISTIC

• improved confidence intervals for the survivor
function in PROC LIFETEST, which are based
on transformations

• exact p-values for multivariate tests in PROC
GLM

• exact confidence intervals for 2 × 2 tables in
PROC FREQ

• exact confidence limits for the common odds ra-
tion in PROC FREQ

• PARAM=REFERENCE option and improved
syntax in PROC CATMOD

• sparse method of computing degrees of free-
dom in PROC LOESS

• stratified k-sample test in PROC LIFETEST us-
ing the GROUP= option in the STRATA state-
ment

• new tests in PROC LIFETEST (Tarone-Ware,
Peto-Peto, Fleming-Harrington G-ρ in addition to
logrank and Wilcoxon tests)

• trend tests in PROC LIFETEST for detecting or-
dered alternatives of hazard rates
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