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Procedure Enhancements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
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Overview

SAS High-Performance Statistics 13.2 includes infrastructure enhancements, two new procedures, and
enhancements to several procedures.

Infrastructure Enhancements

BY Processing with Predistributed Data

BY processing support that is available in selected high-performance analytical procedures is now also
provided for data that are predistributed in databases, Hadoop, SAS LASR Analytic Servers, and SAP
HANA.
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GRIDDATASERVER= Option in the PERFORMANCE Statement No Longer
Needed

When you run high-performance analytical procedures alongside databases, you no longer need to specify
the GRIDDATASERVER= option in the PERFORMANCE statement or set the GRIDDATASERVER
environment variable. Any values that you specify are ignored.

GRIDMODE= Option in the PERFORMANCE Statement No Longer Needed

With one exception, which is described in the GRIDMODE= option section of the PERFORMANCE
statement documentation in Chapter 3, “Shared Concepts and Topics,” you no longer need to specify the
GRIDMODE= option in the PERFORMANCE statement or set the GRIDMODE environment variable. Any
values that you specify are ignored.

Multiple Data Access Modes Supported in a Single Procedure Step

The modes in which data sets are accessed are determined automatically for each data set that is used in a
single procedure step.

Running Asymmetrically Alongside SAP HANA

High-performance analytical procedures can now read data from and write data to SAP HANA asymmetrically
in parallel.

New Procedures

HPPLS Procedure

The new HPPLS procedure �ts models by using any of several linear predictive methods, including partial
least squares (PLS), to optimally address one or both of these two goals: explaining response variation and
explaining predictor variation.

HPQUANTSELECT Procedure

The new HPQUANTSELECT procedure performs high-performance quantile regression analysis. PROC
HPQUANTSELECT not only �ts quantile regression models but also offers extensive capabilities for
quantile regression model selection, and it supports statistical inferences with or without the assumption of
independently and identically distributed (iid) errors.
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Procedure Enhancements

HPLOGISTIC Procedure

• The PARTITION statement divides the observations in the input data set into disjoint subsets for model
training, validation, and testing. Various �t statistics are displayed in the new “Partition Fit Statistics”
table.

• The new CUTPOINT= option in the MODEL statement enables you to control the classi�cation of
events and nonevents.

• The new CHOOSE=VALIDATE and STOP=VALIDATE options in the SELECTION statement use
the validation data set during the selection process.

• The AIC, BIC, and AICC criteria are added to the SELECT= option in the SELECTION statement.

• The INEST=option in the PROC HPLOGISTIC statement enables you to input your own starting
values for the optimization. The OUTEST option adds a column that contains the parameter names to
the “Parameter Estimates” ODS OUTPUT data set.

• The CTABLE option in the MODEL statement creates data for receiver operating characteristic (ROC)
curves. The PRIOR= option in the MODEL statement speci�es population prevalences that are used to
adjust statistics displayed by the CTABLE option and by the PARTITION statement.

• The POST keyword in the OUTPUT statement outputs the posterior probabilities, and the ROLE
keyword outputs the partition to which the observation is assigned.

HPGENSELECT Procedure

The PARTITION statement speci�es how observations in the input data set are to be logically partitioned into
disjoint subsets for model training, validation, and testing. Models are �t and selected based on the training
data. You can use the validation and test sets to assess how the selected model generalizes on data that played
no role in selecting the model.
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Overview of SAS/STAT High-Performance Procedures

SAS/STAT high-performance procedures provide predictive modeling tools that have been specially developed
to take advantage of parallel processing in both multithreaded single-machine mode and distributed multiple-
machine mode. Predictive modeling methods include regression, logistic regression, generalized linear
models, linear mixed models, nonlinear models, and decision trees. The procedures provide model selection,
dimension reduction, and identi�cation of important variables whenever this is appropriate for the analysis.

In addition to the high-performance statistical procedures described in this book, SAS/STAT includes high-
performance utility procedures, which are described inBase SAS Procedures Guide: High-Performance
Procedures.

You can run the high-performance statistical procedures in single-machine mode without licensing SAS
High-Performance Statistics. However, to run these procedures in distributed mode, you must license
SAS High-Performance Statistics and you must install and con�gure the SAS High-Performance Analytics
infrastructure. For more information, see theSAS High-Performance Analytics Infrastructure: Installation
and Con�guration Guide.

About This Book

This book assumes that you are familiar with Base SAS software and with the booksSAS Language Reference:
ConceptsandBase SAS Procedures Guide. It also assumes that you are familiar with basic SAS System
concepts, such as using the DATA step to create SAS data sets and using Base SAS procedures (such as the
PRINT and SORT procedures) to manipulate SAS data sets.
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Chapter Organization

This book is organized as follows:

Chapter 2, this chapter, provides an overview of SAS/STAT high-performance procedures.

Chapter 3, “Shared Concepts and Topics,” describes the modes in which SAS/STAT high-performance
procedures can execute.

Chapter 4, “Shared Statistical Concepts,” describes common syntax elements that are supported by SAS/STAT
high-performance procedures.

Subsequent chapters describe the individual procedures. These chapters appear in alphabetical order by
procedure name. Each chapter is organized as follows:

• The “Overview” section provides a brief description of the analysis provided by the procedure.

• The “Getting Started” section provides a quick introduction to the procedure through a simple example.

• The “Syntax” section describes the SAS statements and options that control the procedure.

• The “Details” section discusses methodology and other topics, such as ODS tables.

• The “Examples” section contains examples that use the procedure.

• The “References” section contains references for the methodology.

Typographical Conventions

This book uses several type styles for presenting information. The following list explains the meaning of the
typographical conventions used in this book:

roman is the standard type style used for most text.

UPPERCASE ROMAN is used for SAS statements, options, and other SAS language elements when
they appear in the text. However, you can enter these elements in your own SAS
programs in lowercase, uppercase, or a mixture of the two.

UPPERCASE BOLD is used in the “Syntax” sections' initial lists of SAS statements and options.

oblique is used in the syntax de�nitions and in text to represent arguments for which you
supply a value.

VariableName is used for the names of variables and data sets when they appear in the text.

bold is used to for matrices and vectors.

italic is used for terms that are de�ned in the text, for emphasis, and for references to
publications.

monospace is used for example code. In most cases, this book uses lowercase type for SAS
code.
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Options Used in Examples

The HTMLBLUE style is used to create the graphs and the HTML tables that appear in the online documen-
tation. The PEARLJ style is used to create the PDF tables that appear in the documentation. A style template
controls stylistic elements such as colors, fonts, and presentation attributes. You can specify a style template
in an ODS destination statement as follows:

ods html style=HTMLBlue;
. . .
ods html close;

ods pdf style=PearlJ;
. . .
ods pdf close;

Most of the PDF tables are produced by using the following SAS System option:

options papersize=(6.5in 9in);

If you run the examples, you might get slightly different output. This is a function of the SAS System options
that are used and the precision that your computer uses for �oating-point calculations.

Online Documentation

This documentation is available online with the SAS System. To access documentation for the SAS/STAT
high-performance procedures from the SAS windowing environment, selectHelp from the main menu and
then selectSAS Help and Documentation. On theContentstab, expand theSAS Products, SAS/STAT,
andSAS/STAT User's Guide: High-Performance Proceduresitems. Then expand chapters and click on
sections. You can search the documentation by using theSearchtab.

You can also access the documentation by going tohttp://support.sas.com/documentation .

SAS Technical Support Services

The SAS Technical Support staff is available to respond to problems and answer technical questions re-
garding the use of high-performance procedures. Go tohttp://support.sas.com/techsup for more
information.
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Overview

This chapter describes the modes of execution in which SAS high-performance analytical procedures can
execute. If you have SAS/STAT installed, you can run any procedure in this book on a single machine.
However, to run procedures in this book in distributed mode, you must also have SAS High-Performance
Statistics software installed. For more information about these modes, see the next section.

This chapter provides details of how you can control the modes of execution and includes the syntax for the
PERFORMANCE statement, which is common to all high-performance analytical procedures.

Processing Modes

Single-Machine Mode

Single-machine mode is a computing model in which multiple processors or multiple cores are controlled
by a single operating system and can access shared resources, such as disks and memory. In this book,
single-machine mode refers to an application running multiple concurrent threads on a multicore machine
in order to take advantage of parallel execution on multiple processing units. More simply, single-machine
mode for high-performance analytical procedures means multithreading on the client machine.

All high-performance analytical procedures are capable of running in single-machine mode, and this is the
default mode when a procedure runs on the client machine. The procedure uses the number of CPUs (cores)
on the machine to determine the number of concurrent threads. High-performance analytical procedures use
different methods to map core count to the number of concurrent threads, depending on the analytic task.
Using one thread per core is not uncommon for the procedures that implement data-parallel algorithms.

Distributed Mode

Distributed mode is a computing model in which several nodes in a distributed computing environment
participate in the calculations. In this book, the distributed mode of a high-performance analytical procedure
refers to the procedure performing the analytics on an appliance that consists of a cluster of nodes. This
appliance can be one of the following:

• a database management system (DBMS) appliance on which the SAS High-Performance Analytics
infrastructure is also installed

• a cluster of nodes that have the SAS High-Performance Analytics infrastructure installed but no DBMS
software installed
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Controlling the Execution Mode with Environment Variables and
Performance Statement Options

You control the execution mode by using environment variables or by specifying options in the PERFOR-
MANCE statement in high-performance analytical procedures, or by a combination of these methods.

The important environment variables follow:

• grid hostidenti�es the domain name system (DNS) or IP address of the appliance node to which the
SAS High-Performance Statistics software connects to run in distributed mode.

• installation locationidenti�es the directory where the SAS High-Performance Statistics software is
installed on the appliance.

You can set an environment variable directly from the SAS program by using the OPTION SET= command.
For example, the following statements de�ne the grid host and the location where the SAS High-Performance
software is installed on the appliance:

option set=GRIDHOST ="hpa.sas.com";
option set=GRIDINSTALLLOC="/opt/TKGrid";

Alternatively, you can set the parameters in the PERFORMANCE statement in high-performance analytical
procedures. For example:

performance host ="hpa.sas.com"
install ="/opt/TKGrid";

A speci�cation in the PERFORMANCE statement overrides a speci�cation of an environment variable
without resetting its value. An environment variable that you set in the SAS session by using an OPTION
SET= command remains in effect until it is modi�ed or until the SAS session terminates.

The key variable that determines whether a high-performance analytical procedure executes in single-machine
or distributed mode is thegrid host. The installation location is needed to ensure that a connection to the grid
host can be made, given that a host is speci�ed. This book assumes that the installation location has been set
by your system administrator.

The following sets of SAS statements are functionally equivalent:

proc hpreduce;
reduce unsupervised x:;
performance host="hpa.sas.com";

run;

option set=GRIDHOST="hpa.sas.com";
proc hpreduce;

reduce unsupervised x:;
run;
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Determining Single-Machine Mode or Distributed Mode

High-performance analytical procedures use the following rules to determine whether they run in single-
machine mode or distributed mode:

• If a grid host is not speci�ed, the analysis is carried out in single-machine mode on the client machine
that runs the SAS session.

• If a grid host is speci�ed, the behavior depends on whether the execution is alongside the database
or alongside HDFS. If the data are local to the client (that is, not stored in the distributed database or
HDFS on the appliance), you need to use the NODES= option in the PERFORMANCE statement
to specify the number of nodes on the appliance or cluster that you want to engage in the analysis.
If the procedure executes alongside the database or alongside HDFS, you do not need to specify the
NODES= option.

The following example shows single-machine and client-data distributed con�gurations for a data set of
100,000 observations that are simulated from a logistic regression model. The following DATA step generates
the data:

data simData;
array _a{8} _temporary_ (0,0,0,1,0,1,1,1);
array _b{8} _temporary_ (0,0,1,0,1,0,1,1);
array _c{8} _temporary_ (0,1,0,0,1,1,0,1);
do obsno=1 to 100000;

x = rantbl(1,0.28,0.18,0.14,0.14,0.03,0.09,0.08,0.06);
a = _a{x};
b = _b{x};
c = _c{x};
x1 = int(ranuni(1) * 400);
x2 = 52 + ranuni(1) * 38;
x3 = ranuni(1) * 12;
lp = 6. -0.015 * (1-a) + 0.7 * (1-b) + 0.6 * (1-c) + 0.02 * x1 -0.05 * x2 - 0.1 * x3;
y = ranbin(1,1,(1/(1+exp(lp))));
output;

end;
drop x lp;

run;

The following statements run PROC HPLOGISTIC to �t a logistic regression model:

proc hplogistic data=simData;
class a b c;
model y = a b c x1 x2 x3;

run;

Figure 3.1 shows the results from the analysis.
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Figure 3.1 Results from Logistic Regression in Single-Machine Mode

The entries in the “Performance Information” table show that the HPLOGISTIC procedure runs in single-
machine mode and uses four threads, which are chosen according to the number of CPUs on the client
machine. You can force a certain number of threads on any machine that is involved in the computations
by specifying the NTHREADS option in the PERFORMANCE statement. Another indication of execution
on the client is the following message, which is issued in the SAS log by all high-performance analytical
procedures:

NOTE: The HPLOGISTIC procedure is executing in single-machine mode.

The following statements use 10 nodes (in distributed mode) to analyze the data on the appliance; results
appear in Figure 3.2:

proc hplogistic data=simData;
class a b c;
model y = a b c x1 x2 x3;
performance host="hpa.sas.com" nodes=10;

run;
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Figure 3.2 Results from Logistic Regression in Distributed Mode

The speci�cation of a host causes the “Performance Information” table to display the name of the host node
of the appliance. The “Performance Information” table also indicates that the calculations were performed in
a distributed environment on the appliance. Twenty-four threads on each of 10 nodes were used to perform
the calculations—for a total of 240 threads.

Another indication of distributed execution on the appliance is the following message, which is issued in the
SAS log by all high-performance analytical procedures:

NOTE: The HPLOGISTIC procedure is executing in the distributed
computing environment with 10 worker nodes.

You can override the presence of a grid host and force the computations into single-machine mode by
specifying the NODES=0 option in the PERFORMANCE statement:

proc hplogistic data=simData;
class a b c;
model y = a b c x1 x2 x3;
performance host="hpa.sas.com" nodes=0;

run;

Figure 3.3 shows the “Performance Information” table. The numeric results are not reproduced here, but they
agree with the previous analyses, which are shown in Figure 3.1 and Figure 3.2.

Figure 3.3 Single-Machine Mode Despite Host Speci�cation

The “Performance Information” table indicates that the HPLOGISTIC procedure executes in single-machine
mode on the client. This information is also reported in the following message, which is issued in the SAS
log:
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NOTE: The HPLOGISTIC procedure is executing in single-machine mode.

In the analysis shown previously in Figure 3.2, the data setWork.simData is local to the client, and the
HPLOGISTICprocedure distributed the data to 10 nodes on the appliance. The High-Performance Analytics
infrastructure does not keep these data on the appliance. When the procedure terminates, the in-memory
representation of the input data on the appliance is freed.

When the input data set is large, the time that is spent sending client-side data to the appliance might dominate
the execution time. In practice, transfer speeds are usually lower than the theoretical limits of the network
connection or disk I/O rates. At a transfer rate of 40 megabytes per second, sending a 10-gigabyte data set
to the appliance requires more than four minutes. If analytic execution time is in the range of seconds, the
“performance” of the process is dominated by data movement.

The alongside-the-database execution model, unique to high-performance analytical procedures, enables you
to read and write data in distributed form from the database that is installed on the appliance.

Data Access Modes

Single-Machine Data Access Mode

When high-performance analytical procedures run in single-machine mode, they access data in the same
way as traditional SAS procedures. They use Base SAS to access input and output SAS data sets on the
client machine, and they use the relevant SAS/ACCESS interface to bring data from other sources, such as
third-party databases, Hadoop, and SAS LASR servers, to the client.

Distributed Data Access Mode

When high-performance analytical procedures run in distributed mode, input data must be brought to the
computation that is performed on the nodes of the grid, and output data must be sent from the computational
nodes. This can be accomplished in several ways:

• Client-data (local-data) mode: The input and output data for the analytic task are stored on the client
machine where the high-performance procedure is invoked. When the procedure runs, the SAS High-
Performance Analytics infrastructure sends input data from the client to the distributed computing
environment and sends output data from the distributed computing environment to the client.

• Parallel symmetric mode: Input and output data are stored on the same nodes that are used for the
distributed computation, and the data move in parallel from the data store to the computational nodes
without crossing node boundaries. Parallel symmetric mode is available with the following distributed
data sources:

– Data in Greenplum or Teradata databases that are collocated with the computational nodes. This
access mode is also called alongside-the-database mode. For more information, see the section
“Alongside-the-Database Execution” on page 18.
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– Data in SASHDAT format in the Hadoop Distributed File System (HDFS) that is collocated
with the computational nodes. This access mode is also called alongside-HDFS mode. For more
information, see the section “Alongside-HDFS Execution by Using the SASHDAT Engine” on
page 29.

– Data in a SAS LASR Analytic Server that is collocated with the computational nodes. This access
mode is also called alongside-LASR mode. For more information, see the section “Running
High-Performance Analytical Procedures Alongside a SAS LASR Analytic Server in Distributed
Mode” on page 20.

• Parallel asymmetric mode: The primary reason for providing this mode is to enable you to manage and
house data on appliances (the data appliances) and to run high-performance analytical procedures on a
different appliance (the computing appliance). The high-performance analytical procedures run in a
SAS process on the computing appliance. For each data source that is accessed in parallel asymmetric
mode, a SAS Embedded Process must run on the associated data appliance. Data are requested by a
SAS data feeder that runs on the computing appliance and communicates with the SAS Embedded
Process on the data appliance. The SAS Embedded Process transfers the data in parallel to the SAS
data feeder that runs on each of the nodes of the computing appliance. This mode is called asymmetric
mode because the number of nodes on the data appliance does not need to match the number of nodes
on the computing appliance. Parallel asymmetric mode is supported for data in Teradata, Greenplum,
and Oracle databases and for data in HDFS and SAP HANA. In these cases, the parallel asymmetric
access is somewhat loosely described as being asymmetric alongside access, even though the data
storage and computation can occur on different appliances. For more information, see the section
“Running High-Performance Analytical Procedures in Asymmetric Mode” on page 23.

• Through-the-client mode: When data can be accessed through a SAS/ACCESS interface but the data
reside in a �le system or in a distributed data source on which a SAS Embedded Process is not running,
those data cannot be accessed in parallel in either symmetric or asymmetric mode. The SAS/ACCESS
interface is used to transfer input data from the data source to the client machine on which the high-
performance procedure is invoked, and the data are then sent to the distributed computing environment
by the SAS High-Performance Analytics infrastructure. The data path is reversed for output data. This
mode of data access is referred to as through-the-client access.

Determining the Data Access Mode

High-performance analytical procedures determine the data access mode individually for each data set that
is used in the analysis. When high-performance analytical procedures run in distributed mode, parallel
symmetric or parallel asymmetric mode is used whenever possible. There are two reasons why parallel
access might not be possible. The �rst reason is that for a particular data set, the required SAS Embedded
Process is not installed on the appliance that houses the data. In such cases, access to those data reverts to
through-the-client access, and a note like the following is reported in the SAS log:

NOTE: The data MYLIB.MYDATA are being routed through the client because a
SAS Embedded Process is not running on the associated data server.

The second reason why parallel data access might not be possible for a particular data set is that the required
driver software might not be installed on the compute nodes. In this case, the required data feeder that
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moves the data from the compute nodes to the data source cannot be successfully loaded, and a note like the
following is reported in the SAS log:

NOTE: The data MYLIB.MYDATA are being routed through the client because
the ORACLE data feeder could not be loaded on the specified grid host.

For distributed data in SASHDAT format in HDFS or data in a SAS LASR Analytic Server, parallel symmetric
access is used when the data nodes and compute nodes are collocated on the same appliance. For data in a
LASR Analytic Server that cannot be accessed in parallel symmetric mode, through-the-client mode is used.
Through-the-client access is not supported for data in SASHDAT format in HDFS.

For data in Greenplum databases, parallel symmetric access is used if the compute nodes and the data nodes
are collocated on the same appliance and you do not specify the NODES=n option in a PERFORMANCE
statement. In this case, the number of nodes that are used is determined by the number of nodes across which
the data are distributed. If you specify NODES=n, then parallel asymmetric access is used.

For data in Teradata databases, parallel asymmetric mode is used by default. If your data and computation
are collocated on the same appliance and you want to use parallel symmetric mode, then you need to
specify GRIDMODE=SYM in the PERFORMANCE statement or you need to set the GRIDMODE='SYM'
environment variable by using an OPTION SET statement.

High-performance analytical procedures produce a “Data Access Information” table that shows you how
each data set that is used in the analysis is accessed. The following statements provide an example in which
PROC HPDS2 is used to copy a distributed data set namedNeuralgia (which is stored in SASHDAT format
in HDFS) to a SAS data set on the client machine:

libname hdatlib sashdat
host=�hpa.sas.com�;
hdfs_path="/user/hps";

proc hpds2 data=hdatlib.neuralgia out=neuralgia;
performance host=�hpa.sas.com�;
data DS2GTF.out;

method run();
set DS2GTF.in;

end;
enddata;

run;

Figure 3.4 shows the output that PROC HPDS2 produces. The “Performance Information” table shows that
PROC HPDS2 ran in distributed mode on a 13-node grid. The “Data Access Information” table shows that
the input data were accessed in parallel symmetric mode and the output data set was sent to the client, where
the V9 (base) engine stored it as a SAS data set in the Work directory.

Figure 3.4 Performance Information and Data Access Information Tables
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Figure 3.4 continued

Alongside-the-Database Execution

High-performance analytical procedures interface with the distributed database management system (DBMS)
on the appliance in a unique way. If the input data are stored in the DBMS and the grid host is the appliance
that houses the data, high-performance analytical procedures create a distributed computing environment in
which an analytic process is collocated with the nodes of the DBMS. Data then pass from the DBMS to the
analytic process on each node. Instead of moving across the network and possibly back to the client machine,
the data pass locally between the processes on each node of the appliance.

Because the analytic processes on the appliance are separate from the database processes, the technique is
referred to as alongside-the-database execution in contrast to in-database execution, where the analytic code
executes in the database process.

In general, when you have a large amount of input data, you can achieve the best performance from
high-performance analytical procedures if execution is alongside the database.

Before you can run alongside the database, you must distribute the data to the appliance. The following
statements use the HPDS2 procedure to distribute the data setWork.simData into themydb database on the
hpa.sas.com appliance. In this example, the appliance houses a Greenplum database.

option set=GRIDHOST="green.sas.com";
libname applianc greenplm

server ="green.sas.com"
user =XXXXXX
password=YYYYY
database=mydb;

proc datasets lib=applianc nolist; delete simData;
proc hpds2 data=simData

out =applianc.simData(distributed_by=�distributed randomly�);
performance commit=10000 nodes=all;
data DS2GTF.out;

method run();
set DS2GTF.in;

end;
enddata;

run;

If the output tableapplianc.simData exists, the DATASETS procedure removes the table from the Greenplum
database because a DBMS does not usually support replacement operations on tables.
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Note that the libref for the output table points to the appliance. The data set option informs the HPDS2
procedure to distribute the records randomly among the data segments of the appliance. The statements that
follow the PERFORMANCE statement are the DS2 program that copies the input data to the output data
without further transformations.

Because you loaded the data into a database on the appliance, you can use the following HPLOGISTIC
statements to perform the analysis on the appliance in the alongside-the-database mode. These statements
are almost identical to the �rst PROC HPLOGISTIC example in a previous section, which executed in
single-machine mode.

proc hplogistic data=applianc.simData;
class a b c;
model y = a b c x1 x2 x3;

run;

The subtle differences are as follows:

• The grid host environment variable that you speci�ed in an OPTION SET= command is still in effect.

• The DATA= option in the high-performance analytical procedure uses a libref that identi�es the data
source as being housed on the appliance. This libref was speci�ed in a prior LIBNAME statement.

Figure 3.5 shows the results from this analysis. The “Performance Information” table shows that the
execution was in distributed mode, and the “Data Access Information” table shows that the data were
accessed asymmetrically in parallel from the Greenplum database. The numeric results agree with the
previous analyses, which are shown in Figure 3.1 and Figure 3.2.

Figure 3.5 Alongside-the-Database Execution on Greenplum
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Figure 3.5 continued

Alongside-LASR Distributed Execution

You can execute high-performance analytical procedures in distributed mode alongside a SAS LASR Analytic
Server. When high-performance analytical procedures run in this mode, the data are preloaded in distributed
form in memory that is managed by a LASR Analytic Server. The data on the nodes of the appliance
are accessed in parallel in the process that runs the LASR Analytic Server, and they are transferred to the
process where the high-performance analytical procedure runs. In general, each high-performance analytical
procedure copies the data to memory that persists only while that procedure executes. Hence, when a
high-performance analytical procedure runs alongside a LASR Analytic Server, both the high-performance
analytical procedure and the LASR Analytic Server have a copy of the subset of the data that is used by the
high-performance analytical procedure. The advantage of running high-performance analytical procedures
alongside a LASR Analytic Server (as opposed to running alongside a DBMS table or alongside HDFS) is
that the initial transfer of data from the LASR Analytic Server to the high-performance analytical procedure
is a memory-to-memory operation that is faster than the disk-to-memory operation when the procedure runs
alongside a DBMS or HDFS. When the cost of preloading a table into a LASR Analytic Server is amortized
by multiple uses of these data in separate runs of high-performance analytical procedures, using the LASR
Analytic Server can result in improved performance.

Running High-Performance Analytical Procedures Alongside
a SAS LASR Analytic Server in Distributed Mode

This section provides an example of steps that you can use to start and load data into a SAS LASR Analytic
Server instance and then run high-performance analytical procedures alongside this LASR Analytic Server
instance.



Associating a SAS Libref with the SAS LASR Analytic Server Instance F 21

Starting a SAS LASR Analytic Server Instance

The following statements create a SAS LASR Analytic Server instance and load it with thesimData data
set that is used in the preceding examples. The data that are loaded into the LASR Analytic Server persist
in memory across procedure boundaries until these data are explicitly deleted or until the server instance is
terminated.

proc lasr port=54545
data=simData
path="/tmp/";

performance host="hpa.sas.com" nodes=ALL;
run;

The PORT= option speci�es a network port number to use. The PATH= option speci�es the directory in
which the server and table signature �les are to be stored. The speci�ed directory must exist on each machine
in the cluster. The DATA= option speci�es the name of a data set that is loaded into this LASR Analytic
Server instance. (You do not need to specify the DATA= option at this time because you can add tables to
the LASR Analytic Server instance at any stage of its life.) For more information about starting and using a
LASR Analytic Server, see theSAS LASR Analytic Server: Reference Guide.

The NODES=ALL option in the PERFORMANCE statement speci�es that the LASR Analytic Server run
on all the nodes on the appliance. You can start a LASR Analytic Server on a subset of the nodes on an
appliance, but this might affect whether high-performance analytical procedures can run alongside the LASR
Analytic Server. For more information, see the section “Alongside-LASR Distributed Execution on a Subset
of the Appliance Nodes” on page 23.

Figure 3.6 shows the “Performance Information” and “Data Access Information” tables, which show that
the LASR procedure ran in distributed mode on 13 nodes and that the data were sent from the client to the
appliance.

Figure 3.6 Performance and Data Access Information

Associating a SAS Libref with the SAS LASR Analytic Server Instance

The following statements use a LIBNAME statement that associates a SAS libref (named MyLasr) with
tables on the server instance as follows:
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libname MyLasr sasiola port=54545 host="hpa.sas.com";

The SASIOLA option requests that the MyLasr libref use the SASIOLA engine, and the PORT= value
associates this libref with the appropriate server instance. For more information about creating a libref that
uses the SASIOLA engine, see theSAS LASR Analytic Server: Reference Guide.

Running a High-Performance Analytical Procedure Alongside the SAS
LASR Analytic Server Instance

You can use the MyLasr libref to specify the input data for high-performance analytical procedures. You can
also create output data sets in the SAS LASR Analytic Server instance by using this libref to request that the
output data set be held in memory by the server instance as follows:

proc hplogistic data=MyLasr.simData;
class a b c;
model y = a b c x1 x2 x3;
output out=MyLasr.simulateScores pred=PredictedProbabliity;

run;

Because you previously speci�ed the GRIDHOST= environment variable and the input data are held in
distributed form in the associated server instance, this PROC HPLOGISTIC step runs in distributed mode
alongside the LASR Analytic Server, as indicated in the “Performance Information” table shown in Figure 3.7.

Figure 3.7 Performance and Data Access Information

The “Data Access Information” table shows that both the input and output data were read and written,
respectively, in parallel symmetric mode.

The preceding OUTPUT statement creates an output table that is added to the LASR Analytic Server instance.
Output data sets do not have to be created in the same server instance that holds the input data. You can use a
different LASR Analytic Server instance to hold the output data set. However, in order for the output data to
be created in parallel symmetric mode, all the nodes that are used by the server instance that holds the input
data must also be used by the server instance that holds the output data.
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Terminating a SAS LASR Analytic Server Instance

You can continue to run high-performance analytical procedures and add and delete tables from the SAS
LASR Analytic Server instance until you terminate the server instance as follows:

proc lasr term port=54545;
run;

Alongside-LASR Distributed Execution on a Subset of the
Appliance Nodes

When you run PROC LASR to start a SAS LASR Analytic Server, you can specify the NODES= option in a
PERFORMANCE statement to control how many nodes the LASR Analytic Server executes on. Similarly,
a high-performance analytical procedure can execute on a subset of the nodes either because you specify
the NODES= option in a PERFORMANCE statement or because you run alongside a DBMS or HDFS
with an input data set that is distributed on a subset of the nodes on an appliance. In such situations, if a
high-performance analytical procedure uses nodes on which the LASR Analytic Server is not running, then
running alongside LASR is not supported. You can avoid this issue by specifying the NODES=ALL in the
PERFORMANCE statement when you use PROC LASR to start the LASR Analytic Server.

Running High-Performance Analytical Procedures in
Asymmetric Mode

This section provides examples of how you can run high-performance analytical procedures in asymmetric
mode. It also includes examples that run in symmetric mode to highlight differences between the modes. For
a description of asymmetric mode, see the section “Distributed Data Access Mode” on page 15.

Asymmetric mode is commonly used when the data appliance and the computing appliance are distinct
appliances. In order to be able to use an appliance as a data provider for high-performance analytical
procedures that run in asymmetric mode on another appliance, it is not necessary that SAS High-Performance
Statistics be installed on the data appliance. However, it is essential that a SAS Embedded Process be installed
on the data appliance and that SAS High-Performance Statistics be installed on the computing appliance.

The following examples use a 24-node data appliance named “data_appliance.sas.com,” which houses a
Teradata DBMS and has a SAS Embedded Process installed. Because SAS High-Performance Statistics
is also installed on this appliance, it can be used to run high-performance analytical procedures in both
symmetric and asymmetric modes.
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The following statements load thesimData data set of the preceding sections onto the data appliance:

libname dataLib teradata
server ="tera2650"
user =XXXXXX
password=YYYYY
database=mydb;

data dataLib.simData;
set simData;

run;

NOTE : You can provision the appliance with data even if SAS High-Performance Statistics software is not
installed on the appliance.

The following subsections show how you can run the HPLOGISTIC procedure symmetrically and asymmet-
rically on a single data appliance and asymmetrically on distinct data and computing appliances.

Running in Symmetric Mode

The following statements run the HPLOGISTIC procedure in symmetric mode on the data appliance:

proc hplogistic data=dataLib.simData;
class a b c;
model y = a b c x1 x2 x3;
performance host = "data_appliance.sas.com"

nodes = 10
gridmode = sym;

run;

Figure 3.8 shows the results of this analysis.

Figure 3.8 Alongside-the-Database Execution in Symmetric Mode on Teradata
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Figure 3.8 continued

The “Performance Information” table shows that the execution occurs in symmetric mode on the 24 nodes of
the data appliance. In this case, the NODES=10 option in the PERFORMANCE statement is ignored because
the number of nodes that are used is determined by the number of nodes across which the data are distributed,
as indicated in the following warning message in the SAS log:

WARNING: The NODES=10 option in the PERFORMANCE statement is ignored because
you are running alongside the distributed data source
DATALIB.simData.DATA. The number of compute nodes is determined by the
configuration of the distributed DBMS.

Running in Asymmetric Mode on One Appliance

By default, the HPLOGISTIC procedure runs in asymmetric mode, as shown Figure 3.9, which is produced
by the following statements:

proc hplogistic data=dataLib.simData;
class a b c;
model y = a b c x1 x2 x3;
performance host = "data_appliance.sas.com"

nodes = 10;
run;
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Figure 3.9 Alongside-Teradata Execution in Asymmetric Mode

The “Performance Information” table con�rms that the NODES=10 option that you speci�ed in the PER-
FORMANCE statement was honored, and the “Data Access Information” table shows that the data were
accessed in parallel asymmetric mode. The data were moved in parallel from the 24 nodes on which the data
were stored to the 10 nodes on which the execution occurred. The numeric results are not reproduced here,
but they agree with the previous analyses.

Running in Asymmetric Mode on Distinct Appliances

Usually, there is no advantage to executing high-performance analytical procedures in asymmetric mode
on one appliance, because data might have to be unnecessarily moved between nodes. The following
example demonstrates the more typical use of asymmetric mode. In this example, the speci�ed grid host
“compute_appliance.sas.com” is a 142-node computing appliance that is different from the 24-node data
appliance “data_appliance.sas.com,” which houses the Teradata DBMS where the data reside.

The advantage of using different computing and data appliances is that the data appliance is not affected by
the execution of high-performance analytical procedures except during the initial parallel data transfer. A
potential disadvantage of this asymmetric mode of execution is that the performance can be limited by the
bandwidth with which data can be moved between the appliances. However, because this data movement
takes place in parallel from the nodes of the data appliance to the nodes of the computing appliance, this
potential performance bottleneck can be overcome with appropriately provisioned hardware. The following
statements show how this is done:

proc hplogistic data=dataLib.simData;
class a b c;
model y = a b c x1 x2 x3;
performance host = "compute_appliance.sas.com" nodes=30;

run;

Figure 3.10 shows the “Performance Information” and “Data Access Information” tables.
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Figure 3.10 Asymmetric Mode with Distinct Data and Computing Appliances

PROC HPLOGISTIC ran on 30 nodes of the computing appliance, even though the data were partitioned
across the 24 nodes of the data appliance. The numeric results are not reproduced here, but they agree with
the previous analyses shown in Figure 3.1 and Figure 3.2.

Every time you run a high-performance analytical procedure in asymmetric mode that uses different comput-
ing and data appliances, data are transferred between these appliances. If you plan to make repeated use of
the same data, then it might be advantageous to temporarily persist the data that you need on the computing
appliance. One way to persist the data is to store them as a table in a SAS LASR Analytic Server that runs on
the computing appliance. By running PROC LASR in asymmetric mode, you can load the data in parallel
from the data appliance nodes to the nodes on which the LASR Analytic Server runs on the computing
appliance. You can then use a LIBNAME statement that associates a SAS libref with tables on the LASR
Analytic Server. The following statements show how you do this:

proc lasr port=54345
data=dataLib.simData
path="/tmp/";

performance host ="compute_appliance.sas.com" nodes=30;
run;

libname MyLasr sasiola tag="dataLib" port=54345 host="compute_appliance.sas.com" ;

Figure 3.11 show the “Performance Information” and “Data Access Information” tables.

Figure 3.11 PROC LASR Running in Asymmetric Mode

By default, all the nodes on the computing appliance would be used. However, because NODES=30 was
speci�ed in the PERFORMANCE statement, PROC LASR ran on only 30 nodes of the computing appliance.
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The data were loaded asymmetrically in parallel from the 24 data appliance nodes to the 30 compute nodes
on which PROC LASR ran.

After the data are loaded into a LASR Analytic Server that runs on the computing appliance, you can run
high-performance analytical procedures alongside this LASR Analytic Server as shown by the following
statements:

proc hplogistic data=MyLasr.simData;
class a b c;
model y = a b c x1 x2 x3;
output out=MyLasr.myOutputData pred=myPred;
performance host = "compute_appliance.sas.com";

run;

The following note, which appears in the SAS log, con�rms that the output data set is created successfully:

NOTE: The table DATALIB.MYOUTPUTDATA has been added to the LASR Analytic Server
with port 54345. The Libname is MYLASR.

You can use the dataLib libref that you used to load the data onto the data appliance to create an output data
set on the data appliance.

proc hplogistic data=MyLasr.simData;
class a b c;
model y = a b c x1 x2 x3;
output out=dataLib.myOutputData pred=myPred;
performance host = "compute_appliance.sas.com";

run;

The following note, which appears in the SAS log, con�rms that the output data set is created successfully on
the data appliance:

NOTE: The data set DATALIB.myOutputData has 100000 observations and 1 variables.

When you run a high-performance analytical procedure on a computing appliance and either read data from
or write data to a different data appliance on which a SAS Embedded Process is running, the Read and Write
operations take place in parallel without any movement of data to and from the SAS client.

When you no longer need the data in the SAS LASR Analytic Server, you should terminate the server instance
as follows:

proc lasr term port=54345;
performance host="compute_appliance.sas.com";

run;

If you con�gured Hadoop on the computing appliance, then you can create output data tables that are stored
in the HDFS on the computing appliance. You can do this by using the SASHDAT engine as described in the
section “Alongside-HDFS Execution” on page 29.
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Alongside-HDFS Execution

Running high-performance analytical procedures alongside HDFS shares many features with running along-
side the database. You can execute high-performance analytical procedures alongside HDFS by using either
the SASHDAT engine or the Hadoop engine.

You use the SASHDAT engine to read and write data that are stored in HDFS in a proprietary SASHDAT
format. In SASHDAT format, metadata that describe the data in the Hadoop �les are included with the
data. This enables you to access �les in SASHDAT format without supplying any additional metadata.
Additionally, you can also use the SASHDAT engine to read data in CSV (comma-separated value) format,
but you need supply metadata that describe the contents of the CSV data. The SASHDAT engine provides
highly optimized access to data in HDFS that are stored in SASHDAT format.

The Hadoop engine reads data that are stored in various formats from HDFS and writes data to HDFS in
CSV format. This engine can use metadata that are stored in Hive, which is a data warehouse that supplies
metadata about data that are stored in Hadoop �les. In addition, this engine can use metadata that you create
by using the HDMD procedure.

The following subsections provide details about using the SASHDAT and Hadoop engines to execute
high-performance analytical procedures alongside HDFS.

Alongside-HDFS Execution by Using the SASHDAT Engine

If the grid host is a cluster that houses data that have been distributed by using the SASHDAT engine, then
high-performance analytical procedures can analyze those data in the alongside-HDFS mode. The procedures
use the distributed computing environment in which an analytic process is collocated with the nodes of the
cluster. Data then pass from HDFS to the analytic process on each node of the cluster.

Before you can run a procedure alongside HDFS, you must distribute the data to the cluster. The following
statements use the SASHDAT engine to distribute to HDFS thesimData data set that was used in the previous
two sections:

option set=GRIDHOST="hpa.sas.com";

libname hdatLib sashdat
path="/hps";

data hdatLib.simData (replace = yes) ;
set simData;

run;

In this example, the GRIDHOST is a cluster where the SAS Data in HDFS Engine is installed. If a data set that
is namedsimData already exists in thehps directory in HDFS, it is overwritten because the REPLACE=YES
data set option is speci�ed. For more information about using this LIBNAME statement, see the section
“LIBNAME Statement for the SAS Data in HDFS Engine” in theSAS LASR Analytic Server: Reference
Guide.
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The following HPLOGISTIC procedure statements perform the analysis in alongside-HDFS mode. These
statements are almost identical to the PROC HPLOGISTIC example in the previous two sections, which
executed in single-machine mode and alongside-the-database distributed mode, respectively.

Figure 3.12 shows the “Performance Information” and “Data Access Information” tables. You see that the
procedure ran in distributed mode and that the input data were read in parallel symmetric mode. The numeric
results shown in Figure 3.13 agree with the previous analyses shown in Figure 3.1, Figure 3.2, and Figure 3.5.

Figure 3.12 Alongside-HDFS Execution Performance Information

Figure 3.13 Alongside-HDFS Execution Model Information
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Alongside-HDFS Execution by Using the Hadoop Engine

The following LIBNAME statement sets up a libref that you can use to access data that are stored in HDFS
and have metadata in Hive:

libname hdoopLib hadoop
server = "hpa.sas.com"
user = XXXXX
password = YYYYY
database = myDB
config = "demo.xml" ;

For more information about LIBNAME options available for the Hadoop engine, see the LIBNAME topic in
the Hadoop section ofSAS/ACCESS for Relational Databases: Reference. The con�guration �le that you
specify in the CONFIG= option contains information that is needed to access the Hive server. It also contains
information that enables this con�guration �le to be used to access data in HDFS without using the Hive
server. This information can also be used to specify replication factors and block sizes that are used when the
engine writes data to HDFS.

The following DATA step uses the Hadoop engine to distribute to HDFS thesimData data set that was used
in the previous sections. The engine creates metadata for the data set in Hive.

data hdoopLib.simData;
set simData;

run;

After you have loaded data or if you are accessing preexisting data in HDFS that have metadata in Hive,
you can access this data alongside HDFS by using high-performance analytical procedures. The following
HPLOGISTIC procedure statements perform the analysis in alongside-HDFS mode. These statements are
similar to the PROC HPLOGISTIC example in the previous sections.

proc hplogistic data=hdoopLib.simData;
class a b c;
model y = a b c x1 x2 x3;
performance host = "compute_appliance.sas.com";

run;

Figure 3.14 shows the “Performance Information” and “Data Access Information” tables. You see that
the procedure ran in distributed mode and that the input data were read in parallel asymmetric mode. The
numeric results shown in Figure 3.15 agree with the previous analyses.

Figure 3.14 Alongside-HDFS Execution by Using the Hadoop Engine
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Figure 3.14 continued

Figure 3.15 Alongside-HDFS Execution by Using the Hadoop Engine

The Hadoop engine also enables you to access tables in HDFS that are stored in various formats and that are
not registered in Hive. You can use the HDMD procedure to generate metadata for tables that are stored in
the following �le formats:

• delimited text

• �xed-record length binary

• sequence �les

• XML text

To read any other kind of �le in Hadoop, you can write a custom �le reader plug-in in Java for use with
PROC HDMD. For more information about LIBNAME options available for the Hadoop engine, see the
LIBNAME topic in the Hadoop section ofSAS/ACCESS for Relational Databases: Reference.

The following example shows how you can use PROC HDMD to register metadata for CSV data independently
from Hive and then analyze these data by using high-performance analytical procedures. The CSV data in the
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tablecsvExample.csv is stored in HDFS in the directory/user/demo/data. Each record in this table consists
of the following �elds, in the order shown and separated by commas.

1. a string of at most six characters

2. a numeric �eld with values of 0 or 1

3. a numeric �eld with real numbers

Suppose you want to �t a logistic regression model to these data, where the second �eld represents a target
variable namedSuccess, the third �eld represents a regressor namedDose, and the �rst �eld represents a
classi�cation variable namedGroup.

The �rst step is to use PROC HDMD to create metadata that are needed to interpret the table, as in the
following statements:

libname hdoopLib hadoop
server = "hpa.sas.com"
user = XXXXX
password = YYYYY
HDFS_PERMDIR = "/user/demo/data"
HDFS_METADIR = "/user/demo/meta"
config = "demo.xml"
DBCREATE_TABLE_EXTERNAL=YES;

proc hdmd name=hdoopLib.csvExample data_file=�csvExample.csv�
format=delimited encoding=utf8 sep = �,�;

column Group char(6);
column Success double;
column Dose double;

run;

The metadata that are created by PROC HDMD for this table are stored in the directory/user/demo/meta
that you speci�ed in the HDFS_METADIR = option in the preceding LIBNAME statement. After you create
the metadata, you can execute high-performance analytical procedures with these data by using the hdoopLib
libref. For example, the following statements �t a logistic regression model to the CSV data that are stored in
csvExample.csv table.

proc hplogistic data=hdoopLib.csvExample;
class Group;
model Success = Dose;
performance host = "compute_appliance.sas.com"

gridmode = asym;
run;

Figure 3.16 shows the results of this analysis. You see that the procedure ran in distributed mode and that
the input data were read in parallel asymmetric mode. The metadata that you created by using the HDMD
procedure have been used successfully in executing this analysis.
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Figure 3.16 Alongside-HDFS Execution with CSV Data

Output Data Sets

In the alongside-the-database mode, the data are read in distributed form, minimizing data movement for
best performance. Similarly, when you write output data sets and a high-performance analytical procedure
executes in distributed mode, the data can be written in parallel into the database.

For example, in the following statements, the HPLOGISTIC procedure executes in distributed mode by using
eight nodes on the appliance to perform the logistic regression onwork.simData:

proc hplogistic data=simData;
class a b c;
model y = a b c x1 x2 x3;
id a;
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output out=applianc.simData_out pred=p;
performance host="hpa.sas.com" nodes=8;

run;

The output data setapplianc.simData_out is written in parallel into the database. Although the data are fed
on eight nodes, the database might distribute the data on more nodes.

When a high-performance analytical procedure executes in single-machine mode, all output objects are
created on the client. If the libref of the output data sets points to the appliance, the data are transferred to the
database on the appliance. This can lead to considerable performance degradation compared to execution in
distributed mode.

Many procedures in SAS software add the variables from the input data set when an observationwise output
data set is created. The assumption of high-performance analytical procedures is that the input data sets can
be large and contain many variables. For performance reasons, the output data set contains the following:

• variables that are explicitly created by the statement

• variables that are listed in the ID statement, as described in Chapter 4, “Shared Statistical Concepts”

• distribution keys or hash keys that are transferred from the input data set

Including this information enables you to add to the output data set information necessary for subsequent
SQL joins without copying the entire input data set to the output data set.

Working with Formats

You can use SAS formats and user-de�ned formats with high-performance analytical procedures as you can
with other procedures in the SAS System. However, because the analytic work is carried out in a distributed
environment and might depend on the formatted values of variables, some special handling can improve the
ef�ciency of work with formats.

High-performance analytical procedures examine the variables that are used in an analysis for association with
user-de�ned formats. Any user-de�ned formats that are found by a procedure are transmitted automatically
to the appliance. If you are running multiple high-performance analytical procedures in a SAS session and
the analysis variables depend on user-de�ned formats, you can preprocess the formats. This step involves
generating an XML stream (a �le) of the formats and passing the stream to the high-performance analytical
procedures.

Suppose that the following formats are de�ned in your SAS program:

proc format;
value YesNo 1=�Yes� 0=�No�;
value checkThis 1=�ThisisOne� 2=�ThisisTwo�;
value $cityChar 1=�Portage� 2=�Kinston�;

run;

The next group of SAS statements create the XML stream for the formats in the �leMyfmt.xml, associate that
�le with the �le referencemyxml, and pass the �le reference with the FMTLIBXML= option in the PROC
HPLOGISTIC statement:
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filename myxml �Myfmt.xml�;
libname myxml XML92 xmltype=sasfmt tagset=tagsets.XMLsuv;
proc format cntlout=myxml.allfmts;
run;

proc hplogistic data=six fmtlibxml=myxml;
class wheeze cit age;
format wheeze best4. cit $cityChar.;
model wheeze = cit age;

run;

Generation and destruction of the stream can be wrapped in convenience macros:

%macro Make_XMLStream(name=tempxml);
filename &name �fmt.xml�;
libname &name XML92 xmltype=sasfmt tagset=tagsets.XMLsuv;
proc format cntlout=&name..allfmts;
run;

%mend;

%macro Delete_XMLStream(fref);
%let rc=%sysfunc(fdelete(&fref));

%mend;

If you do not pass an XML stream to a high-performance analytical procedure that supports the
FMTLIBXML= option, the procedure generates an XML stream as needed when it is invoked.

PERFORMANCE Statement

PERFORMANCE < performance-options > ;

The PERFORMANCE statement de�nes performance parameters for multithreaded and distributed comput-
ing, passes variables that describe the distributed computing environment, and requests detailed results about
the performance characteristics of a high-performance analytical procedure.

You can also use the PERFORMANCE statement to control whether a high-performance analytical procedure
executes in single-machine or distributed mode.

You can specify the followingperformance-options in the PERFORMANCE statement:

COMMIT=n
requests that the high-performance analytical procedure write periodic updates to the SAS log when
observations are sent from the client to the appliance for distributed processing.

High-performance analytical procedures do not have to use input data that are stored on the appliance.
You can perform distributed computations regardless of the origin or format of the input data, provided
that the data are in a format that can be read by the SAS System (for example, because a SAS/ACCESS
engine is available).
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In the following example, the HPREG procedure performs LASSO variable selection where the input
data set is stored on the client:

proc hpreg data=work.one;
model y = x1-x500;
selection method=lasso;
performance nodes=10 host=�mydca� commit=10000;

run;

In order to perform the work as requested using 10 nodes on the appliance, the data set Work.One
needs to be distributed to the appliance.

High-performance analytical procedures send the data in blocks to the appliance. Whenever the number
of observations sent exceeds an integer multiple of the COMMIT= size, a SAS log message is produced.
The message indicates the actual number of observations distributed, and not an integer multiple of the
COMMIT= size.

DETAILS
requests a table that shows a timing breakdown of the procedure steps.

GRIDHOST=“name”

HOST=“name”
speci�es the name of the appliance host in single or double quotation marks. If this option is speci�ed,
it overrides the value of the GRIDHOST environment variable.

GRIDMODE=SYM | ASYM

MODE=SYM | ASYM
is a deprecated option that speci�es whether to run the high-performance analytical procedure in
symmetric (SYM) mode or asymmetric (ASYM) mode. This option overrides the GRIDMODE
environment variable.

The only time you need to specify this option is when you want to run in symmetric mode alongside a
Teradata database. In all other cases, this option is not needed and the value that you specify is ignored.

GRIDTIMEOUT=s

TIMEOUT=s
speci�es the time-out in seconds for a high-performance analytical procedure to wait for a connection
to the appliance and establish a connection back to the client. The default is 120 seconds. If jobs
are submitted to the appliance through workload management tools that might suspend access to the
appliance for a longer period, you might want to increase the time-out value.

INSTALL= “name”

INSTALLLOC= “name”
speci�es the directory in which the shared libraries for the high-performance analytical procedure
are installed on the appliance. Specifying the INSTALL= option overrides the GRIDINSTALLLOC
environment variable.
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LASRSERVER=“path”

LASR=“path”
speci�es the fully quali�ed path to the description �le of a SAS LASR Analytic Server instance. If
the input data set is held in memory by this LASR Analytic Server instance, then the procedure runs
alongside LASR. This option is not needed to run alongside LASR if the DATA= speci�cation of the
input data uses a libref that is associated with a LASR Analytic Server instance. For more information,
see the section “Alongside-LASR Distributed Execution” on page 20 and theSAS LASR Analytic
Server: Reference Guide.

NODES=ALL | n

NNODES=ALL | n
speci�es the number of nodes in the distributed computing environment, provided that the data are not
processed alongside the database.

Specifying NODES=0 indicates that you want to process the data in single-machine mode on the client
machine. If the input data are not alongside the database, this is the default. The high-performance
analytical procedures then perform the analysis on the client. For example, the following sets of
statements are equivalent:

proc hplogistic data=one;
model y = x;

run;

proc hplogistic data=one;
model y = x;
performance nodes=0;

run;

If the data are not read alongside the database, the NODES= option speci�es the number of nodes
on the appliance that are involved in the analysis. For example, the following statements perform the
analysis in distributed mode by using 10 units of work on the appliance that is identi�ed in the HOST=
option:

proc hplogistic data=one;
model y = x;
performance nodes=10 host="hpa.sas.com";

run;

If the number of nodes can be modi�ed by the application, you can specify a NODES=n option, where
n exceeds the number of physical nodes on the appliance. The SAS High-Performance Statistics
software thenoversubscribesthe nodes and associates nodes with multiple units of work. For example,
on a system that has 16 appliance nodes, the following statements oversubscribe the system by a factor
of 3:
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proc hplogistic data=one;
model y = x;
performance nodes=48 host="hpa.sas.com";

run;

Usually, it is not advisable to oversubscribe the system because the analytic code is optimized for
a certain level of multithreading on the nodes that depends on the CPU count. You can specify
NODES=ALL if you want to use all available nodes on the appliance without oversubscribing the
system.

If the data are read alongside the distributed database on the appliance, specifying a nonzero value
for the NODES= option has no effect. The number of units of work in the distributed computing
environment is then determined by the distribution of the data and cannot be altered. For example, if
you are running alongside an appliance with 24 nodes, the NODES= option in the following statements
is ignored:

libname GPLib greenplm server=gpdca user=XXX password=YYY
database=ZZZ;

proc hplogistic data=gplib.one;
model y = x;
performance nodes=10 host="hpa.sas.com";

run;

NTHREADS=n

THREADS=n
speci�es the number of threads for analytic computations and overrides the SAS system option
THREADS | NOTHREADS. If you do not specify the NTHREADS= option, the number of threads is
determined based on the number of CPUs on the host on which the analytic computations execute. The
algorithm by which a CPU count is converted to a thread count is speci�c to the high-performance
analytical procedure. Most procedures create one thread per CPU for the analytic computations.

By default, high-performance analytical procedures run in multiple concurrent threads unless mul-
tithreading has been turned off by the NOTHREADS system option or you force single-threaded
execution by specifying NTHREADS=1. The largest number that can be speci�ed forn is 256. In-
dividual high-performance analytical procedures can impose more stringent limits if called for by
algorithmic considerations.

NOTE : The SAS system options THREADS | NOTHREADS apply to the client machine on which the
SAS high-performance analytical procedures execute. They do not apply to the compute nodes in a
distributed environment.
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Common Features of SAS High-Performance Statistical
Procedures

SAS high-performance statistical procedures behave in many ways like other procedures in the SAS System.
This chapter provides details about and describes common syntax elements that are supported by many
high-performance statistical procedures. Any deviation by a high-performance statistical procedure from the
common syntax is documented in the speci�c chapter for the procedure.

Syntax Common to SAS High-Performance Statistical
Procedures

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.
These variables enter the analysis not through their values, but through levels to which the unique values
are mapped. For more information about these mappings, see the section “Levelization of Classi�cation
Variables” on page 52.

If a CLASS statement is speci�ed, it must precede the MODEL statement in high-performance statistical
procedures that support a MODEL statement.

If the procedure permits a classi�cation variable as a response (dependent variable or target), the response
does not need to be speci�ed in the CLASS statement.

You can specify options either as individual variableoptions or asglobal-options. You can specifyoptions
for each variable by enclosing the options in parentheses after the variable name. You can also specify
global-options for the CLASS statement by placing them after a slash (/).Global-options are applied to all
the variables that are speci�ed in the CLASS statement. If you specify more than one CLASS statement,
theglobal-options that are speci�ed in any one CLASS statement apply to all CLASS statements. However,
individual CLASS variableoptions override theglobal-options.

You can specify the following values for either anoption or aglobal-option (except for the HPLMIXED
procedure, which does not support options in this statement):

DESCENDING

DESC
reverses the sort order of the classi�cation variable. If both theDESCENDINGand ORDER= options
are speci�ed, high-performance statistical procedures order the categories according to the ORDER=
option and then reverse that order.
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ORDER=DATA | FORMATTED | INTERNAL

ORDER=FREQ | FREQDATA | FREQFORMATTED | FREQINTERNAL
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. 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 high-performance statistical procedures interpret values of the ORDER=
option.

Value of ORDER= Levels Sorted By

DATA Order of appearance in the input data set
FORMATTED External formatted values, except for numeric

variables that have no explicit format, which are
sorted by their unformatted (internal) values

FREQ Descending frequency count (levels that have
more observations come earlier in the order)

FREQDATA Order of descending frequency count, and within
counts by order of appearance in the input data set
when counts are tied

FREQFORMATTED Order of descending frequency count, and within
counts by formatted value when counts are tied

FREQINTERNAL Order of descending frequency count, and within
counts by unformatted (internal) value when
counts are tied

INTERNAL Unformatted value

For more information about sort order, see the chapter about the SORT procedure inBase SAS
Procedures Guideand the discussion of BY-group processing inSAS Language Reference: Concepts.

REF='level' | keyword

REFERENCE='level' | keyword
speci�es the reference level that is used when you specify PARAM=REFERENCE. For an individual
(but not a global) variable REF=option, you can specify thelevel of the variable to use as the reference
level. Specify the formatted value of the variable if a format is assigned. For a REF=option or
global-option, you can use one of the followingkeywords. The default is REF=LAST.

FIRST designates the �rst ordered level as reference.

LAST designates the last ordered level as reference.

If you choose a reference level for any CLASS variable, all variables are parameterized in the reference
parameterization for computational ef�ciency. In other words, high-performance statistical procedures
apply a single parameterization method to all classi�cation variables.

Suppose that the variabletemp has three levels (�hot� , �warm� , and�cold� ) and that the variable
gender has two levels (�M� and�F� ). The following statements �t a logistic regression model:
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proc hplogistic;
class gender(ref=�F�) temp;
model y = gender gender * temp;

run;

Both CLASS variables are in reference parameterization in this model. The reference levels are�F�
for the variablegender and�warm� for the variabletemp, because the statements are equivalent to the
following statements:

proc hplogistic;
class gender(ref=�F�) temp(ref=last);
model y = gender gender * temp;

run;

SPLIT
requests that the columns of the design matrix that correspond to any effect that contains a split
classi�cation variable can be selected to enter or leave a model independently of the other design
columns of that effect. This option is speci�c to the HPREG procedure.

Suppose that the variabletemp has three levels (�hot� , �warm� , and�cold� ), that the variable
gender has two levels (�M� and �F� ), and that the variables are used in a PROC HPREG run as
follows:

proc hpreg;
class temp gender / split;
model y = gender gender * temp;

run;

The two effects in the MODEL statement are split into eight independent effects. The effect “gender” is
split into two effects that are labeled “gender_M” and “gender_F”. The effect “gender*temp” is split into
six effects that are labeled “gender_M*temp_hot”, “gender_F*temp_hot”, “gender_M*temp_warm”,
“gender_F*temp_warm”, “gender_M*temp_cold”, and “gender_F*temp_cold”. The previous PROC
HPREG step is equivalent to the following:

proc hpreg;
model y = gender_M gender_F

gender_M * temp_hot gender_F * temp_hot
gender_M * temp_warm gender_F * temp_warm
gender_M * temp_cold gender_F * temp_cold;

run;

The SPLIT option can be used on individual classi�cation variables. For example, consider the
following PROC HPREG step:
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proc hpreg;
class temp(split) gender;
model y = gender gender * temp;

run;

In this case, the effect “gender” is not split and the effect “gender*temp” is split into three effects,
which are labeled “gender*temp_hot”, “gender*temp_warm”, and “gender*temp_cold”. Furthermore,
each of these three split effects now has two parameters that correspond to the two levels of “gender.”
The PROC HPREG step is equivalent to the following:

proc hpreg;
class gender;
model y = gender gender * temp_hot gender * temp_warm gender * temp_cold;

run;

You can specify the followingglobal-options:

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

If you do not specify the MISSING option, observations that have missing values for CLASS variables
are removed from the analysis, even if the CLASS variables are not used in the model formulation.

PARAM=keyword
speci�es the parameterization method for the classi�cation variable or variables. You can specify the
following keywords:

GLM speci�es a less-than-full-rank reference cell coding. This parameterization is used in, for
example, the GLM, MIXED, and GLIMMIX procedures in SAS/STAT.

REFERENCE speci�es a reference cell encoding. You can choose the reference value by specifying
an option for a speci�cvariable or set ofvariables in the CLASS statement, or designate
the �rst or last ordered value by specifying aglobal-option. The default is REF=LAST.

For example, suppose that the variabletemp has three levels (�hot� , �warm� , and
�cold� ), that the variablegender has two levels (�M� and�F� ), and that the variables are
used in a CLASS statement as follows:

class gender(ref=�F�) temp / param=ref;

Then�F� is used as the reference level forgender and�warm� is used as the reference
level for temp.

The GLM parameterization is the default. For more information about how parameterization of
classi�cation variables affects the construction and interpretation of model effects, see the section
“Speci�cation and Parameterization of Model Effects” on page 55.
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TRUNCATE< =n >
speci�es the truncation width of formatted values of CLASS variables when the optionaln is speci�ed.

If n is not speci�ed, the TRUNCATE option requests that classi�cation levels be determined by using
no more than the �rst 16 characters of the formatted values of CLASS variables.

FREQ Statement

FREQ variable ;

Thevariable in the FREQ statement identi�es a numeric variable in the data set that contains the frequency of
occurrence for each observation. High-performance statistical procedures that support the FREQ statement
treat each observation as if it appearedf times, wheref is the value of the FREQ variable for the observation.
If the frequency value is not an integer, it is truncated to an integer. If the frequency value is less than 1
or missing, the observation is not used in the analysis. When the FREQ statement is not speci�ed, each
observation is assigned a frequency of 1.

ID Statement

ID variables ;

The ID statement lists one or more variables from the input data set that are transferred to output data sets
that are created by high-performance statistical procedures, provided that the output data set contains one
(or more) records per input observation. For example, when an OUTPUT statement is used to produce
observationwise scores or prediction statistics, ID variables are added to the output data set.

By default, high-performance statistical procedures do not include all variables from the input data set
in output data sets. In the following statements, a logistic regression model is �t and then scored. The
input and output data are stored in the Greenplum database. The output data set contains three columns (p,
account, trans_date) wherep is computed during the scoring process and the account and transaction date
are transferred from the input data set. (High-performance statistical procedures also transfer any distribution
keys from the input to the output data.)

libname GPLib greenplm server=gpdca user=XXX password=YYY
database=ZZZ;

proc hplogistic data=gplib.myData;
class a b;
model y = a b x1-x20;
output out=gplib.scores pred=p;
id account trans_date;

run;
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SELECTION Statement

SELECTION < options > ;

High-performance statistical procedures that support model selection use the SELECTION statement to
control details about the model selection process. This statement is supported in different degrees by
the HPGENSELECT, HPREG, and HPLOGISTIC procedures. The HPREG procedure supports the most
complete set of options.

You can specify the followingoptions in the SELECTION statement:

METHOD=NONE | method< method-options >
speci�es the method used to select the model. You can also specifymethod-options that apply to the
speci�ed method by enclosing them in parentheses after themethod . The default selection method
(when the METHOD= option is not speci�ed) is METHOD=STEPWISE.

The followingmethods are available and are explained in detail in the section “Methods” on page 63.

NONE speci�es no model selection.

FORWARD speci�es forward selection. This method starts with no effects in the model and
adds effects.

BACKWARD speci�es backward elimination. This method starts with all effects in the model and
deletes effects.

STEPWISE speci�es stepwise regression. This method is similar to the FORWARD method
except that effects already in the model do not necessarily stay there.

FORWARDSWAP speci�es forward-swap selection, which is an extension of the forward selection
method. Before any addition step, all pairwise swaps of one effect in the model and
one effect out of the current model that improve the selection criterion are made.
When the selection criterion is R square, this method is the same as the MAXR
method in the REG procedure in SAS/STAT software. The high-performance
statistical procedure that supports this method is the HPREG procedure.

LAR speci�es least angle regression. Like forward selection, this method starts by
adding effects to an empty model. The parameter estimates at any step are “shrunk”
when they are compared to the corresponding least squares estimates. If the model
contains classi�cation variables, then these classi�cation variables are split. See
the SPLIT option in the CLASS statement for details. The only high-performance
statistical procedure that supports this method is the HPREG procedure.

LASSO adds and deletes parameters by using a version of ordinary least squares in which
the sum of the absolute regression coef�cients is constrained. If the model contains
classi�cation variables, then these classi�cation variables are split. For more infor-
mation, see the SPLIT option in the CLASS statement. The only high-performance
statistical procedure that supports this method is the HPREG procedure.

Table 4.1 lists the applicablemethod-options for each of these methods.
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Table 4.1 Applicable method-options by method

method-option FORWARD BACKWARD STEPWISE FORWARDSWAP LAR LASSO

ADAPTIVE x
CHOOSE = x x x x x
COMPETITIVE x
CRITERION = x x x x
FAST x
LSCOEFFS x x
MAXEFFECTS = x x x x x
MAXSTEPS = x x x x x x
MINEFFECTS = x x
SELECT = x x x x
SLENTRY = x x x x
SLSTAY = x x x
STOP = x x x x x x

The syntax of themethod-options that you can specify in parentheses after the SELECTION= option
method follows. As described in Table 4.1, not all selectionmethod-options are applicable to every
SELECTION=method .

ADAPTIVE < (GAMMA= nonnegative number) >
requests that adaptive weights be applied to each of the coef�cients when METHOD=LASSO.
Ordinary least squares estimates of the model parameters are used to form the adaptive weights.
You use the GAMMA= option to specify the power transformation that is applied to the parameters
in forming the adaptive weights. The default value is GAMMA=1.

CHOOSE=criterion
chooses from the list of models (at each step of the selection process) the model that yields the
best value of the speci�ed criterion. If the optimal value of the speci�ed criterion occurs for
models at more than one step, then the model that has the smallest number of parameters is
chosen. If you do not specify the CHOOSE= option, then the selected model is the model at the
�nal step in the selection process. The criteria that are supported depend on the type of model
that is being �t. For the supported criteria, see the chapters for the relevant high-performance
statistical procedures.

COMPETITIVE
is applicable only as amethod-option when METHOD=STEPWISE and the SELECT criterion
is not SL. If you specify the COMPETITIVE option, then the SELECT= criterion is evaluated
for all models in which an effect currently in the model is dropped or an effect not yet in the
model is added. The effect whose removal from or addition to the model yields the maximum
improvement to the SELECT= criterion is dropped or added.

CRITERION=criterion
is an alias for the SELECT option.
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FAST
implements the 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. When applied in backward selection, this option essentially leads to
approximating the selection process as the selection process of a linear regression model in which
the crossproducts matrix equals the Hessian matrix in the full model under consideration. The
FAST option is available only when METHOD=BACKWARD in the HPLOGISTIC procedure.
It is computationally ef�cient in logistic regression models because the model is not �t after
removal of each effect.

LSCOEFFS
requests a hybrid version of the LAR and LASSO methods, in which the sequence of models is
determined by the LAR or LASSO algorithm but the coef�cients of the parameters for the model
at any step are determined by using ordinary least squares.

MAXEFFECTS=n
speci�es the maximum number of effects in any model that is considered during the selection
process. This option is ignored with METHOD=BACKWARD. If at some step of the selection
process the model contains the speci�ed maximum number of effects, then no candidates for
addition are considered.

MAXSTEPS=n
speci�es the maximum number of selection steps that are performed. The default value
of n is the number of effects in the MODEL statement when METHOD=FORWARD,
METHOD=BACKWARD, or METHOD=LAR. The default is three times the number of ef-
fects when METHOD=STEPWISE or METHOD=LASSO.

MINEFFECTS=n
speci�es the minimum number of effects in any model that is considered during backward
selection. This option is ignored unless METHOD=BACKWARD is speci�ed. The backward
selection process terminates if, at some step of the selection process, the model contains the
speci�ed minimum number of effects.

SELECT=SL | criterion
speci�es the criterion that the procedure uses to determine the order in which effects enter or
leave at each step of the selection method. The criteria that are supported depend on type of
model that is being �t. See the chapter for the relevant high-performance statistical procedure for
the supported criteria.

The SELECT option is not valid when METHOD=LAR or METHOD=LASSO. You can use
SELECT=SL to request the traditional approach, where effects enter and leave the model based
on the signi�cance level. When the value of the SELECT= option is not SL, the effect that is
selected to enter or leave at any step of the selection process is the effect whose addition to or
removal from the current model yields the maximum improvement in the speci�ed criterion.

SLENTRY=value

SLE=value
speci�es the signi�cance level for entry when STOP=SL or SELECT=SL. The default is 0.05.
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SLSTAY=value

SLS=value
speci�es the signi�cance level for staying in the model when STOP=SL or SELECT=SL. The
default is 0.05.

STOP=SL | NONE | criterion
speci�es a criterion that is used to stop the selection process. The criteria that are supported
depend on the type of model that is being �t. For information about the supported criteria, see
the chapter about the relevant high-performance statistical procedure.

If you do not specify the STOP= option but do specify the SELECT= option, then the criterion
speci�ed in the SELECT= option is also used as the STOP= criterion.

If you specify STOP=NONE, then the selection process stops if no suitable add or drop candidates
can be found or if a size-based limit is reached. For example, if you specify STOP=NONE
MAXEFFECTS=5, then the selection process stops at the �rst step that produces a model with
�ve effects.

When STOP=SL, selection stops at the step where the signi�cance level of the candidate for
entry is greater than the SLENTRY= value for addition steps when METHOD=FORWARD or
METHOD=STEPWISE and where the signi�cance level of the candidate for removal is greater
than the SLSTAY= value when METHOD=BACKWARD or METHOD=STEPWISE.

If you specify a criterion other than SL for the STOP= option, then the selection process stops
if the selection process produces a local extremum of this criterion or if a size-based limit is
reached. For example, if you specify STOP=AIC MAXSTEPS=5, then the selection process
stops before step 5 if the sequence of models has a local minimum of the AIC criterion before
step 5. The determination of whether a local minimum is reached is made on the basis of a stop
horizon. The default stop horizon is 3, but you can change it by using the STOPHORIZON=
option. If the stop horizon isn and the STOP= criterion at any step is better than the stop criterion
at the nextn steps, then the selection process terminates.

DETAILS=NONE | SUMMARY | ALL

DETAILS=STEPS< (CANDIDATES(ALL | n)) >
speci�es the level of detail to be produced about the selection process. The default is DE-
TAILS=SUMMARY.

The DETAILS=ALL and DETAILS=STEPS options produce the following output:

• tables that provide information about the model that is selected at each step of the selection
process.

• entry and removal statistics for inclusion or exclusion candidates at each step. By default, only
the top 10 candidates at each step are shown. If you specify STEPS(CANDIDATES(n)), then the
bestn candidates are shown. If you specify STEPS(CANDIDATES(ALL)), then all candidates
are shown.

• a selection summary table that shows by step the effect that is added to or removed from the
model in addition to the values of the SELECT, STOP, and CHOOSE criteria for the resulting
model.

• a stop reason table that describes why the selection process stopped.
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• a selection reason table that describes why the selected model was chosen.

• a selected effects table that lists the effects that are in the selected model.

The DETAILS=SUMMARY option produces only the selection summary, stop reason, selection reason,
and selected effects tables.

HIERARCHY=NONE | SINGLE | SINGLECLASS
speci�es whether and how the model hierarchy requirement is applied. This option also controls
whether a single effect or multiple effects are allowed to enter or leave the model in one step. You
can specify that only classi�cation effects, or both classi�cation and continuous effects, be subject to
the hierarchy requirement. The HIERARCHY= option is ignored unless you also specify one of the
following options: METHOD=FORWARD, METHOD=BACKWARD, or METHOD=STEPWISE.

Model hierarchy refers to the requirement that, for any term to be in the model, all model effects that
are 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 effect
B can leave the model while the interaction A*B is in the model.

You can specify the following values:

NONE speci�es that model hierarchy not be maintained. Any single effect can enter or
leave the model at any given step of the selection process.

SINGLE speci�es that only one effect enter or leave the model at one time, subject to the
model hierarchy requirement. For example, suppose that the model contains the
main effects A and B and the interaction A*B. 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 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 HIERARCHY=SINGLE except that only CLASS effects are subject
to the hierarchy requirement.

The default value is HIERARCHY=NONE.

SCREEN < (global-screen-options) > < = screen-options >
requests that a subset of the effects speci�ed in the MODEL statement be chosen as candidate effects
for model selection. You use theglobal-screen-options andscreen-options to specify how such a
subset is chosen and to control the detail level of the associated output. The SCREEN option is
fully documented in the section “SELECTION Statement” on page 556 in Chapter 14, “The HPREG
Procedure,” which is the only high-performance statistical procedure that supports the SCREEN option.

SELECTION=NONE | BACKWARD | FORWARD | FORWARDSWAP | STEPWISE | LAR | LASSO
is an alias for the METHOD= option.

STOPHORIZON=n
speci�es the number of consecutive steps at which the STOP= criterion must worsen in order for a
local extremum to be detected. The default value is STOPHORIZON=3. The stop horizon value is
ignored if you also specify STOP=NONE or STOP=SL. For example, suppose that STOP=AIC and
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the sequence of AIC values at steps 1 to 6 of a selection are 10, 7, 4, 6, 5, 2. If STOPHORIZON=2,
then the AIC criterion is deemed to have a local minimum at step 3 because the AIC value at the next
two steps are greater than the value 4 that occurs at step 3. However, if STOPHORIZON=3, then the
value at step 3 is not deemed to be a local minimum because the AIC value at step 6 is lower than the
AIC value at step 3.

VAR Statement

VAR variable-list ;

Some high-performance statistical procedures (in particular procedures that do not support a MODEL
statement) use a VAR statement to identify numerical variables for the analysis.

WEIGHT Statement

WEIGHT variable ;

The variable in the WEIGHT statement is used as a weight to perform a weighted analysis of the data.
Observations with nonpositive or missing weights are not included in the analysis. If a WEIGHT statement is
not included, all observations that are used in the analysis are assigned a weight of 1.

Levelization of Classi�cation Variables

A classi�cation variable enters the statistical analysis or model not through its values but through its levels.
The process of associating values of a variable with levels is termedlevelization.

During the process of levelization, observations that share the same value are assigned to the same level.
The manner in which values are grouped can be affected by the inclusion of formats. The sort order of the
levels can be determined by specifying the ORDER= option in the procedure statement. In high-performance
statistical procedures, you can also control the sorting order separately for each variable in the CLASS
statement.

Consider the data on nine observations in Table 4.2. The variableA is integer-valued, and the variableX is
a continuous variable that has a missing value for the fourth observation. The fourth and �fth columns of
Table 4.2 apply two different formats to the variableX.

Table 4.2 Example Data for Levelization

Obs A x FORMAT
x 3.0

FORMAT
x 3.1

1 2 1.09 1 1.1
2 2 1.13 1 1.1
3 2 1.27 1 1.3
4 3 . . .
5 3 2.26 2 2.3



Levelization of Classi�cation Variables F 53

Table 4.2 continued

Obs A x FORMAT
x 3.0

FORMAT
x 3.1

6 3 2.48 2 2.5
7 4 3.34 3 3.3
8 4 3.34 3 3.3
9 4 3.14 3 3.1

By default, levelization of the variables groups the observations by the formatted value of the variable, except
for numerical variables for which no explicit format is provided. Numerical variables for which no explicit
format is provided are sorted by their internal value. The levelization of the four columns in Table 4.2 leads
to the level assignment in Table 4.3.

Table 4.3 Values and Levels

A X FORMAT x 3.0 FORMAT x 3.1
Obs Value Level Value Level Value Level Value Level

1 2 1 1.09 1 1 1 1.1 1
2 2 1 1.13 2 1 1 1.1 1
3 2 1 1.27 3 1 1 1.3 2
4 3 2 . . . . . .
5 3 2 2.26 4 2 2 2.3 3
6 3 2 2.48 5 2 2 2.5 4
7 4 3 3.34 7 3 3 3.3 6
8 4 3 3.34 7 3 3 3.3 6
9 4 3 3.14 6 3 3 3.1 5

The sort order for the levels of CLASS variables can be speci�ed in the ORDER= option in the CLASS
statement.

When ORDER=FORMATTED (which is the default) is in effect for numeric variables for which you have
supplied no explicit format, the levels are ordered by their internal values. To order numeric class levels that
have no explicit format by their BEST12. formatted values, you can specify the BEST12. format explicitly
for the CLASS variables.

Table 4.4 shows how values of the ORDER= option are interpreted.

Table 4.4 Interpretation of Values of ORDER= Option

Value of ORDER= Levels Sorted By

DATA Order of appearance in the input data set

FORMATTED External formatted value, except for numeric variables
that have no explicit format, which are sorted by their
unformatted (internal) value
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Table 4.4 continued

Value of ORDER= Levels Sorted By

FREQ Descending frequency count (levels that have the most
observations come �rst in the order)

INTERNAL Unformatted value

FREQDATA Order of descending frequency count, and within counts
by order of appearance in the input data set when counts
are tied

FREQFORMATTED Order of descending frequency count, and within counts
by formatted value when counts are tied

FREQINTERNAL Order of descending frequency count, and within counts
by unformatted (internal) value when counts are tied

For FORMATTED, FREQFORMATTED, FREQINTERNAL, and INTERNAL values, the sort order is
machine-dependent. For more information about sort order, see the chapter about the SORT procedure in
theBase SAS Procedures Guideand the discussion of BY-group processing inSAS Language Reference:
Concepts.

When the MISSING option is speci�ed in the CLASS statement, the missing values (`.' for a numeric
variable and blanks for a character variable) are included in the levelization and are assigned a level. Table 4.5
displays the results of levelizing the values in Table 4.2 when the MISSING option is in effect.

Table 4.5 Values and Levels with the MISSING Option

A X FORMAT x 3.0 FORMAT x 3.1
Obs Value Level Value Level Value Level Value Level

1 2 1 1.09 2 1 2 1.1 2
2 2 1 1.13 3 1 2 1.1 2
3 2 1 1.27 4 1 2 1.3 3
4 3 2 . 1 . 1 . 1
5 3 2 2.26 5 2 3 2.3 4
6 3 2 2.48 6 2 3 2.5 5
7 4 3 3.34 8 3 4 3.3 7
8 4 3 3.34 8 3 4 3.3 7
9 4 3 3.14 7 3 4 3.1 6

When the MISSING option is not speci�ed, it is important to understand the implications of missing values
for your statistical analysis. When a high-performance statistical procedure levelizes the CLASS variables,
an observation for which any CLASS variable has a missing value is excluded from the analysis. This is true
regardless of whether the variable is used to form the statistical model. For example, consider the case in
which some observations contain missing values for variableA but the records for these observations are
otherwise complete with respect to all other variables in the statistical models. The analysis results from the
following statements do not include any observations for which variableA contains missing values, even
thoughA is not speci�ed in the MODEL statement:
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class A B;
model y = B x B * x;

High-performance statistical procedures print a “Number of Observations” table that shows the number of
observations that are read from the data set and the number of observations that are used in the analysis. Pay
careful attention to this table—especially when your data set contains missing values—to ensure that no
observations are unintentionally excluded from the analysis.

Speci�cation and Parameterization of Model Effects

High-performance statistical procedures that have a MODEL statement support the formation of effects. An
effectis an element in a linear model structure that is formed from one or more variables. At some point the
statistical representations of these models involve linear structures such as

X�

or

X� C Z


The model matricesX andZ are formed according to effect construction rules.

Procedures that also have a CLASS statement support the rich set of effects that is discussed in this section.
In order to correctly interpret the results from a statistical analysis, you need to understand how construction
(parameterization) rules apply to regression-type models, whether these are linear models in the HPREG
procedure or generalized linear models in the HPLOGISTIC and HPGENSELECT procedures.

Effects are speci�ed by a special notation that uses variable names and operators. There are two types
of variables: classi�cation (or CLASS) variables and continuous variables.Classi�cation variablescan
be either numeric or character and are speci�ed in a CLASS statement. For more information, see the
section “Levelization of Classi�cation Variables” on page 52. An independent variable that is not declared in
the CLASS statement is assumed to becontinuous. For example, the heights and weights of subjects are
continuous variables.

Two primary operators (crossing and nesting) are used for combining the variables, and several additional
operators are used to simplify effect speci�cation. Operators are discussed in the section “Effect Operators”
on page 56.

High-performance statistical procedures that have a CLASS statement support a general linear model (GLM)
parameterization and a reference parameterization for the classi�cation variables. The GLM parameterization
is the default for all high-performance statistical procedures. For more information, see the sections “GLM
Parameterization of Classi�cation Variables and Effects” on page 58 and “Reference Parameterization” on
page 62.
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Effect Operators

Table 4.6 summarizes the operators that are available for selecting and constructing effects. These operators
are discussed in the following sections.

Table 4.6 Available Effect Operators

Operator Example Description

Interaction A*B Crosses the levels of the effects
Nesting A(B) Nests A levels within B levels
Bar operator A | B | C Speci�es all interactions
At sign operator A | B | C@2 Reduces interactions in bar effects
Dash operator A1-A10 Speci�es sequentially numbered variables
Colon operator A: Speci�es variables with common pre�x
Double dash operator A- -C Speci�es sequential variables in data set order

Bar and At Sign Operators

You can shorten the speci�cation of a large factorial model by using the bar operator. For example, two ways
of writing the model for a full three-way factorial model follow:

model Y = A B C A* B A* C B* C A* B* C;

model Y = A|B|C;

When the bar (|) is used, the right and left sides become effects, and the cross of them becomes an effect.
Multiple bars are permitted. The expressions are expanded from left to right, using rules 2–4 given in Searle
(1971, p. 390).

• Multiple bars are evaluated from left to right. For example,A | B | C is evaluated as follows:

A | B | C ! f A | B g| C

! f A B A*B g| C

! A B A*B C A*C B*C A*B*C

• Crossed and nested groups of variables are combined. For example,A(B) | C(D) generatesA*C(B D),
among other terms.

• Duplicate variables are removed. For example,A(C) | B(C) generatesA*B(C C), among other terms,
and the extraC is removed.

• Effects are discarded if a variable occurs on both the crossed and nested parts of an effect. For example,
A(B) | B(D E) generatesA*B(B D E), but this effect is eliminated immediately.

You can also specify the maximum number of variables involved in any effect that results from bar evaluation
by specifying that maximum number, preceded by an at sign (@), at the end of the bar effect. For example,
the following speci�cation selects only those effects that contain two or fewer variables:
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model Y = A|B|C@2;

The preceding example is equivalent to specifying the following MODEL statement:

model Y = A B C A* B A* C B* C;

More examples of using the bar and at operators follow:

A | C(B) is equivalent to A C(B) A*C(B)

A(B) | C(B) is equivalent to A(B) C(B) A*C(B)

A(B) | B(D E) is equivalent to A(B) B(D E)

A | B(A) | C is equivalent to A B(A) C A*C B*C(A)

A | B(A) | C@2 is equivalent to A B(A) C A*C

A | B | C | D@2 is equivalent to A B A*B C A*C B*C D A*D B*D C*D

A*B(C*D) is equivalent to A*B(C D)

Colon, Dash, and Double Dash Operators

You can simplify the speci�cation of a large model when some of your variables have a common pre�x by
using the colon (:) operator and the dash (-) operator. The dash operator enables you to list variables that are
numbered sequentially, and the colon operator selects all variables with a given pre�x. For example, if your
data set contains the variables X1 through X9, the following MODEL statements are equivalent:

model Y = X1 X2 X3 X4 X5 X6 X7 X8 X9;

model Y = X1-X9;

model Y = X:;

If your data set contains only the three covariates X1, X2, and X9, then the colon operator selects all three
variables:

model Y = X:;

However, the following speci�cation returns an error because X3 through X8 are not in the data set:

model Y = X1-X9;

The double dash (- -) operator enables you to select variables that are stored sequentially in the SAS data
set, whether or not they have a common pre�x. You can use the CONTENTS procedure (seeBase SAS
Procedures Guide) to determine your variable ordering. For example, if you replace the dash in the preceding
MODEL statement with a double dash, as follows, then all three variables are selected:



58 F Chapter 4: Shared Statistical Concepts

model Y = X1--X9;

If your data set contains the variables A, B, and C, then you can use the double dash operator to select these
variables by specifying the following:

model Y = A--C;

GLM Parameterization of Classi�cation Variables and Effects

Table 4.7 shows the types of effects that are available in high-performance statistical procedures; they are
discussed in more detail in the following sections. LetA, B, andC represent classi�cation variables, and letX
andZ represent continuous variables.

Table 4.7 Available Types of Effects

Effect Example Description

Intercept Default Intercept (unless NOINT)
Regression X Z Continuous variables
Polynomial X*Z Interaction of continuous variables
Main A B CLASS variables
Interaction A*B Crossing of CLASS variables
Nested A(B) Main effect A nested within CLASS effect B
Continuous-by-class X*A Crossing of continuous and CLASS variables
Continuous-nesting-class X(A) Continuous variable X1 nested within CLASS variable A
General X*Z*A(B) Combinations of different types of effects

Table 4.8 shows some examples of MODEL statements that use various types of effects.

Table 4.8 Model Statement Effect Examples

Speci�cation Type of Model

model Y=X; Simple regression
model Y=X Z; Multiple regression
model Y=X X* X; Polynomial regression

model Y=A; One-way analysis of variance (ANOVA)
model Y=A B C; Main-effects ANOVA
model Y=A B A* B; Factorial ANOVA with interaction
model y=A B(A) C(B A); Nested ANOVA

model Y=A X; Analysis of covariance (ANCOVA)
model Y=A X(A); Separate-slopes regression
model Y=A X X* A; Homogeneity-of-slopes regression
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Intercept

By default, high-performance statistical linear models automatically include a column of 1s inX. This
column corresponds to an intercept parameter. In many procedures, you can use the NOINT option in the
MODEL statement to suppress this intercept. For example, the NOINT option is useful when the MODEL
statement contains a classi�cation effect and you want the parameter estimates to be in terms of the mean
response for each level of that effect.

Regression Effects

Numeric variables or polynomial terms that involve them can be included in the model as regression effects
(covariates). The actual values of such terms are included as columns of the relevant model matrices. You
can use the bar operator along with a regression effect to generate polynomial effects. For example,X | X | X
expands toX X*X X*X*X, which is a cubic model.

Main Effects

If a classi�cation variable hasm levels, the GLM parameterization generatesm columns for its main effect in
the model matrix. Each column is an indicator variable for a given level. The order of the columns is the sort
order of the values of their levels and can be controlled by the ORDER= option in the CLASS statement.

Table 4.9 is an example where� 0 denotes the intercept andA andB are classi�cation variables that have two
and three levels, respectively.

Table 4.9 Example of Main Effects

Data I A B

A B � 0 A1 A2 B1 B2 B3
1 1 1 1 0 1 0 0
1 2 1 1 0 0 1 0
1 3 1 1 0 0 0 1
2 1 1 0 1 1 0 0
2 2 1 0 1 0 1 0
2 3 1 0 1 0 0 1

There are usually more columns for these effects than there are degrees of freedom to estimate them. In other
words, the GLM parameterization of main effects issingular.

Interaction Effects

Often a model includes interaction (crossed) effects to account for how the effect of a variable changes along
with the values of other variables. With an interaction, the terms are �rst reordered to correspond to the order
of the variables in the CLASS statement. Thus,B*A becomesA*B if A precedesB in the CLASS statement.
Then, the GLM parameterization generates columns for all combinations of levels that occur in the data. The
order of the columns is such that the rightmost variables in the interaction change faster than the leftmost
variables (Table 4.10).

In the HPLMIXED procedure, which supports both �xed- and random-effects models, empty columns (that
is, columns that would contain all 0s) are not generated for �xed effects, but they are generated for random
effects.
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Table 4.10 Example of Interaction Effects

Data I A B A*B

A B � 0 A1 A2 B1 B2 B3 A1B1 A1B2 A1B3 A2B1 A2B2 A2B3
1 1 1 1 0 1 0 0 1 0 0 0 0 0
1 2 1 1 0 0 1 0 0 1 0 0 0 0
1 3 1 1 0 0 0 1 0 0 1 0 0 0
2 1 1 0 1 1 0 0 0 0 0 1 0 0
2 2 1 0 1 0 1 0 0 0 0 0 1 0
2 3 1 0 1 0 0 1 0 0 0 0 0 1

In the preceding matrix, main-effects columns are not linearly independent of crossed-effects columns. In
fact, the column space for the crossed effects contains the space of the main effect.

When your model contains many interaction effects, you might be able to code them more parsimoniously by
using the bar operator ( | ). The bar operator generates all possible interaction effects. For example,A | B | C
expands toA B A*B C A*C B*C A*B*C. To eliminate higher-order interaction effects, use the at sign (@) in
conjunction with the bar operator. For example,A | B | C | D@2 expands toA B A*B C A*C B*C D A*D B*D
C*D.

Nested Effects

Nested effects are generated in the same manner as crossed effects. Hence, the design columns that are
generated by the following two statements are the same (but the ordering of the columns is different):

model Y=A B(A);

model Y=A A* B;

The nesting operator in high-performance statistical procedures is more of a notational convenience than
an operation that is distinct from crossing. Nested effects are typically characterized by the property that
the nested variables do not appear as main effects. The order of the variables within nesting parentheses is
made to correspond to the order of these variables in the CLASS statement. The order of the columns is such
that variables outside the parentheses index faster than those inside the parentheses, and the rightmost nested
variables index faster than the leftmost variables (Table 4.11).

Table 4.11 Example of Nested Effects

Data I A B(A)

A B � 0 A1 A2 B1A1 B2A1 B3A1 B1A2 B2A2 B3A2
1 1 1 1 0 1 0 0 0 0 0
1 2 1 1 0 0 1 0 0 0 0
1 3 1 1 0 0 0 1 0 0 0
2 1 1 0 1 0 0 0 1 0 0
2 2 1 0 1 0 0 0 0 1 0
2 3 1 0 1 0 0 0 0 0 1
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Continuous-Nesting-Class Effects

When a continuous variable nests or crosses with a classi�cation variable, the design columns are constructed
by multiplying the continuous values into the design columns for the classi�cation effect (Table 4.12).

Table 4.12 Example of Continuous-Nesting-Class Effects

Data I A X(A)

X A � 0 A1 A2 X(A1) X(A2)
21 1 1 1 0 21 0
24 1 1 1 0 24 0
22 1 1 1 0 22 0
28 2 1 0 1 0 28
19 2 1 0 1 0 19
23 2 1 0 1 0 23

This model estimates a separate intercept and a separate slope forX within each level ofA.

Continuous-by-Class Effects

Continuous-by-class effects generate the same design columns as continuous-nesting-class effects. Table 4.13
shows the construction of theX*A effect. The two columns for this effect are the same as the columns for the
X(A) effect in Table 4.12.

Table 4.13 Example of Continuous-by-Class Effects

Data I X A X*A

X A � 0 X A1 A2 X*A1 X*A2
21 1 1 21 1 0 21 0
24 1 1 24 1 0 24 0
22 1 1 22 1 0 22 0
28 2 1 28 0 1 0 28
19 2 1 19 0 1 0 19
23 2 1 23 0 1 0 23

You can use continuous-by-class effects together with pure continuous effects to test for homogeneity of
slopes.

General Effects

An example that combines all the effects isX1*X2*A*B*C(D E). The continuous list comes �rst, followed
by the crossed list, followed by the nested list in parentheses. You should be aware of the sequencing of
parameters when you use statements that depend on the ordering of parameters. Such statements include
CONTRAST and ESTIMATE statements, which are used in a number of procedures to estimate and test
functions of the parameters.

Effects might be renamed by the procedure to correspond to ordering rules. For example,B*A(E D) might be
renamedA*B(D E) to satisfy the following:
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• Classi�cation variables that occur outside parentheses (crossed effects) are sorted in the order in which
they appear in the CLASS statement.

• Variables within parentheses (nested effects) are sorted in the order in which they appear in the CLASS
statement.

The sequencing of the parameters that are generated by an effect is determined by the variables whose levels
are indexed faster:

• Variables in the crossed list index faster than variables in the nested list.

• Within a crossed or nested list, variables to the right index faster than variables to the left.

For example, suppose a model includes four effects—A, B, C, andD—each having two levels, 1 and 2. If the
CLASS statement is

class A B C D;

then the order of the parameters for the effect B*A(C D), which is renamed
A*B(C D), is

A1B1C1D 1 ! A1B2C1D 1 ! A2B1C1D 1 ! A2B2C1D 1 !
A1B1C1D 2 ! A1B2C1D 2 ! A2B1C1D 2 ! A2B2C1D 2 !
A1B1C2D 1 ! A1B2C2D 1 ! A2B1C2D 1 ! A2B2C2D 1 !
A1B1C2D 2 ! A1B2C2D 2 ! A2B1C2D 2 ! A2B2C2D 2

Note that �rst the crossed effectsB andA are sorted in the order in which they appear in the CLASS
statement so thatA precedesB in the parameter list. Then, for each combination of the nested effects in turn,
combinations ofA andB appear. TheB effect changes fastest because it is rightmost in the cross list. ThenA
changes next fastest, andD changes next fastest. TheC effect changes most slowly because it is leftmost in
the nested list.

Reference Parameterization

Classi�cation variables can be represented in the reference parameterization in high-performance statistical
procedures. Only one parameterization applies to the variables in the CLASS statement.

To understand the reference representation, consider the classi�cation variableA that has four values, 1, 2, 5,
and 7. The reference parameterization generates three columns (one less than the number of variable levels).
The columns indicate group membership of the nonreference levels. For the reference level, the three dummy
variables have a value of 0. If the reference level is 7 (REF='7'), the design columns for variableA are as
shown in Table 4.14.
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Table 4.14 Reference Coding

Design Matrix
A A1 A2 A5

1 1 0 0
2 0 1 0
5 0 0 1
7 0 0 0

Parameter estimates of CLASS main effects that use the reference coding scheme estimate the difference in
the effect of each nonreference level compared to the effect of the reference level.

Model Selection

Methods

The model selection methods implemented in high-performance statistical procedures are speci�ed in the
METHOD= option in the SELECTION statement. The following methods are available, although speci�c
procedures might support only a subset of these methods. Furthermore, the examples in this section refer to
�t criteria that might not be supported by a speci�c procedure.

Full Model Fitted

When METHOD=NONE, the complete model that is speci�ed in the MODEL statement is used to �t the
model, and no effect selection is done.

Forward Selection

METHOD=FORWARD speci�es the forward selection technique, which begins with just the intercept and
then sequentially adds the effect that most improves the �t. The process terminates when no signi�cant
improvement can be obtained by adding any effect.

In the traditional implementation of forward selection, the statistic that is used to determine whether to add
an effect is the signi�cance level of a hypothesis test that re�ects an effect's contribution to the model if it is
included. At each step, the effect that is most signi�cant is added. The process stops when the signi�cance
level for adding any effect is greater than some speci�ed entry signi�cance level.

An alternative approach to address the critical problem of when to stop the selection process is to assess the
quality of the models that are produced by the forward selection method and choose the model from this
sequence that “best” balances goodness of �t against model complexity. You can use several criteria for this
purpose. These criteria fall into two groups—information criteria and criteria that are based on out-of-sample
prediction performance.

You use the CHOOSE= option to specify the criterion for selecting one model from the sequence of models
produced. If you do not specify a CHOOSE= criterion, then the model at the �nal step is the selected model.
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For example, if you specify the following statement, then forward selection terminates at the step where no
effect can be added at the 0.2 signi�cance level:

selection method=forward(select=SL choose=AIC SLE=0.2);

However, the selected model is the �rst one that has the minimum value of Akaike's information criterion. In
some cases, this minimum value might occur at a step much earlier than the �nal step. In other cases, the AIC
might start increasing only if more steps are performed—that is, a larger value is used for the signi�cance
level for entry. If you want to minimize AIC, then too many steps are performed in the former case and too
few in the latter case. To address this issue, high-performance statistical procedures enable you to specify
a stopping criterion by using the STOP= option. When you specify a stopping criterion, forward selection
continues until a local extremum of the stopping criterion in the sequence of models generated is reached. To
be deemed a local extremum, a criterion value at a given step must be better than its value at the nextn steps,
wheren is known as the “stop horizon.” By default, the stop horizon is three steps, but you can change this
by specifying the STOPHORIZON= option.

For example, if you specify the following statement, then forward selection terminates at the step where
the effect to be added at the next step would produce a model that has an AIC statistic larger than the AIC
statistic of the current model:

selection method=forward(select=SL stop=AIC) stophorizon=1;

In most cases, provided that the entry signi�cance level is large enough that the local extremum of the named
criterion occurs before the �nal step, specifying either of the following statements selects the same model,
but more steps are done in the �rst case:

selection method=forward(select=SL choose=CRITERION);

selection method=forward(select=SL stop=CRITERION);

In some cases, there might be a better local extremum that cannot be reached if you specify the STOP= option
but can be found if you use the CHOOSE= option. Also, you can use the CHOOSE= option in preference to
the STOP= option if you want to examine how the named criterion behaves as you move beyond the step
where the �rst local minimum of this criterion occurs.

You can specify both the CHOOSE= and STOP= options. You can also use these options together with
options that specify size-based limits on the selected model. You might want to consider models that are
generated by forward selection and have at most some �xed number of effects, but select from within this set
based on a criterion that you specify. For example, specifying the following statements requests that forward
selection continue until there are 20 effects in the �nal model and chooses among the sequence of models the
one that has the largest value of the adjusted R-square statistic:

selection method=forward(stop=none maxeffects=20 choose=ADJRSQ);

You can also combine these options to select a model where one of two conditions is met. For example,
the following statement chooses whatever occurs �rst between a local minimum of the sum of squares on
validation data and a local minimum of the corrected Akaike's information criterion (AICC):
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selection method=forward(stop=AICC choose=VALIDATE);

It is important to keep in mind that forward selection bases the decision about what effect to add at any
step by considering models that differ by one effect from the current model. This search paradigm cannot
guarantee reaching a “best” subset model. Furthermore, the add decision is greedy in the sense that the effect
that is deemed most signi�cant is the effect that is added. However, if your goal is to �nd a model that is best
in terms of some selection criterion other than the signi�cance level of the entering effect, then even this
one step choice might not be optimal. For example, the effect that you would add to get a model that has
the smallest value of the Mallows'C.p/ statistic at the next step is not necessarily the same effect that is
most signi�cant based on a hypothesis test. High-performance statistical procedures enable you to specify
the criterion to optimize at each step by using the SELECT= option. For example, the following statement
requests that at each step the effect that is added be the one that produces a model that has the smallest value
of the Mallows'C.p/ statistic:

selection method=forward(select=CP);

In the case where all effects are variables (that is, effects with one degree of freedom and no hierarchy), using
ADJRSQ, AIC, AICC, BIC, CP, RSQUARE, or SBC as the selection criterion for forward selection produces
the same sequence of additions. However, if the degrees of freedom contributed by different effects are not
constant or if an out-of-sample prediction-based criterion is used, then different sequences of additions might
be obtained.

You can use the SELECT= option together with the CHOOSE= and STOP= options. If you specify only the
SELECT= criterion, then this criterion is also used as the stopping criterion. In the previous example where
only the selection criterion is speci�ed, not only do effects enter based on the Mallows'C.p/ statistic, but
the selection terminates when theC.p/ statistic has a local minimum.

You can �nd discussion and references to studies about criteria for variable selection in Burnham and
Anderson (2002), along with some cautions and recommendations.

Examples of Forward Selection Speci�cations
The following statement adds effects that at each step produce the lowest value of the SBC statistic and stops
at the step where adding any effect would increase the SBC statistic:

selection method=forward stophorizon=1;

The following statement adds effects based on signi�cance level and stops when all candidate effects for
entry at a step have a signi�cance level greater than the default entry signi�cance level of 0.05:

selection=forward(select=SL);

The following statement adds effects based on signi�cance level and stops at a step where adding any effect
increases the error sum of squares computed on the validation data:

selection=forward(select=SL stop=validation) stophorizon=1;

The following statement adds effects that at each step produce the lowest value of the AIC statistic and stops
at the �rst step whose AIC value is smaller than the AIC value at the next three steps:
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selection=forward(select=AIC);

The following statement adds effects that at each step produce the largest value of the adjusted R-square
statistic and stops at the step where the signi�cance level that corresponds to the addition of this effect is
greater than 0.2:

selection=forward(select=ADJRSQ stop=SL SLE=0.2);

Backward Elimination

METHOD=BACKWARD speci�es the backward elimination technique. This technique starts from the full
model, which includes all independent effects. Then effects are deleted one by one until a stopping condition
is satis�ed. At each step, the effect that shows the smallest contribution to the model is deleted.

In the traditional implementation of backward selection, the statistic that is used to determine whether to
drop an effect is signi�cance level. At any step, the least signi�cant predictor is dropped and the process
continues until all effects that remain in the model are signi�cant at a speci�ed stay signi�cance level (SLS).

Just as with forward selection, you can use the SELECT= option to change the criterion that is used to assess
effect contributions. You can also specify a stopping criterion in the STOP= option and use a CHOOSE=
option to provide a criterion for selecting among the sequence of models produced. For more information,
see the discussion in the section “Forward Selection” on page 63.

Examples of Backward Selection Speci�cations
The following statement removes effects that at each step produce the largest value of the Schwarz Bayesian
information criterion (SBC) statistic and stops at the step where removing any effect increases the SBC
statistic:

selection method=backward stophorizon=1;

The following statement bases removal of effects on signi�cance level and stops when all candidate effects
for removal at a step are signi�cant at the default stay signi�cance level of 0.05:

selection method=backward(select=SL);

The following statement bases removal of effects on signi�cance level and stops when all effects in the model
are signi�cant at the 0.1 level. Finally, from the sequence of models generated, the chosen model is the one
that produces the smallest average square error when scored on the validation data:

selection method=backward(select=SL choose=validate SLS=0.1);

The following statement applies in logistic regression models the fast backward technique of Lawless and
Singhal (1978), a �rst-order approximation that has greater numerical ef�ciency than full backward selection:

selection method=backward(fast);
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The fast technique �ts an initial full logistic model and a reduced model after the candidate effects have been
dropped. On the other hand, full backward selection �ts a logistic regression model each time an effect is
removed from the model.

Stepwise Selection

METHOD=STEPWISE speci�es the stepwise method, which is a modi�cation of the forward selection
technique that differs in that effects already in the model do not necessarily stay there.

In the traditional implementation of stepwise selection method, the same entry and removal signi�cance
levels for the forward selection and backward elimination methods are used to assess contributions of effects
as they are added to or removed from a model. If, at a step of the stepwise method, any effect in the model is
not signi�cant at the SLSTAY= level, then the least signi�cant of these effects is removed from the model and
the algorithm proceeds to the next step. This ensures that no effect can be added to a model while some effect
currently in the model is not deemed signi�cant. Only after all necessary deletions have been accomplished
can another effect be added to the model. In this case the effect whose addition is the most signi�cant is
added to the model and the algorithm proceeds to the next step. The stepwise process ends when none of the
effects outside the model is signi�cant at the SLENTRY= level and every effect in the model is signi�cant at
the SLSTAY= level. In some cases, neither of these two conditions for stopping is met and the sequence of
models cycles. In this case, the stepwise method terminates at the end of the cycle.

Just as you can in forward selection and backward elimination, you can use the SELECT= option to change
the criterion that is used to assess effect contributions. You can also use the STOP= option to specify a
stopping criterion and use a CHOOSE= option to provide a criterion for selecting among the sequence of
models produced. For more information, see the section “Forward Selection” on page 63.

For selection criteria other than signi�cance level, high-performance statistical procedures optionally support
a further modi�cation in the stepwise method. In the standard stepwise method, no effect can enter the model
if removing any effect currently in the model would yield an improved value of the selection criterion. In the
modi�cation, you can use the COMPETITIVE option to specify that addition and deletion of effects should
be treated competitively. The selection criterion is evaluated for all models that are produced by deleting
an effect from the current model or by adding an effect to this model. The action that most improves the
selection criterion is the action taken.

Examples of Stepwise Selection Speci�cations
The following statement requests stepwise selection based on the SBC criterion:

selection method=stepwise;

First, if removing any effect yields a model that has a lower SBC statistic than the current model, then the
effect that produces the smallest SBC statistic is removed. If removing any effect increases the SBC statistic,
then provided that adding some effect lowers the SBC statistic, the effect that produces the model that has the
lowest SBC is added.

The following statement requests the traditional stepwise method:

selection=stepwise(select=SL)
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First, if the removal of any effect in the model is not signi�cant at the default stay level of 0.05, then the
least signi�cant effect is removed and the algorithm proceeds to the next step. Otherwise, the effect whose
addition is the most signi�cant is added, provided that it is signi�cant at the default entry level of 0.05.

The following statement requests the traditional stepwise method, where effects enter and leave based on
signi�cance levels, but with the following extra check: if any effect to be added or removed yields a model
whose SBC statistic is greater than the SBC statistic of the current model, then the stepwise method terminates
at the current model.

selection method=stepwise(select=SL stop=SBC) stophorizon=1;

In this case, the entry and stay signi�cance levels still play a role because they determine whether an effect is
deleted from or added to the model. This extra check might result in the selection terminating before a local
minimum of the SBC criterion is found.

The following statement selects effects to enter or drop as in the previous example except that the signi�cance
level for entry is now 0.1 and the signi�cance level to stay is 0.08. From the sequence of models produced,
the selected model is chosen to yield the minimum AIC statistic:

selection method=stepwise(select=SL SLE=0.1 SLS=0.08 choose=AIC);

The following statement requests stepwise selection that is based on the AICC criterion and treats additions
and deletions competitively:

selection method=stepwise(select=AICC competitive);

Each step evaluates the AICC statistics that correspond to the removal of any effect in the current model
or the addition of any effect to the current model and chooses the addition or removal that produced the
minimum value, provided that this minimum is lower than the AICC statistic of the current model.

The following statement requests stepwise selection that is based on the SBC criterion, treats additions and
deletions competitively, and stops based on the average square error over the validation data:

selection=stepwise(select=SBC competitive stop=VALIDATE);

At any step, SBC statistics that correspond to the removal of any effect from the current model or the addition
of any effect to the current model are evaluated. The addition or removal that produces the minimum SBC
value is made. The average square error on the validation data for the model with this addition or removal is
evaluated. The selection stops when the average square error so produced increases for three consecutive
steps.

Forward-Swap Selection

METHOD=FORWARDSWAP speci�es the forward-swap selection method, which is an extension of the
forward selection method. The forward-swap selection method incorporates steps that improve a model by
replacing an effect in the model with an effect that is not in the model. When the model selection criterion is R
square, this method is the same as the maximum R-square improvement (MAXR) method that is implemented
in the REG procedure in SAS/STAT software. You cannot use the effect signi�cance level as the selection
criterion for the forward-swap method.
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The forward-swap selection method begins by �nding the one-effect model that produces the best value of
the selection criterion. Then another effect (the one that yields the greatest improvement in the selection
criterion) is added. After the two-effect model is obtained, each of the effects in the model is compared to
each effect that is not in the model. For each comparison, the forward-swap method determines whether
removing one effect and replacing it with the other effect improves the selection criterion. After comparing
all possible swaps, the forward-swap method makes the swap that produces the greatest improvement in the
selection criterion. Comparisons begin again, and the process continues until the forward-swap method �nds
that no other swap could improve the selection criterion. Thus, the two-variable model that is produced is
considered the “best” two-variable model that the technique can �nd. Another variable is then added to the
model, and the comparing-and-swapping process is repeated to �nd the “best” three-variable model, and so
on.

The difference between the stepwise selection method and the forward-swap selection method is that all
swaps are evaluated before any addition is made in the forward-swap method. In the stepwise selection
method, the “worst” effect might be removed without considering what adding the “best” remaining effects
might accomplish. Because the forward-swap method needs to examine all possible pairwise effect swaps at
each step of the selection process, the forward-swap method is much more computationally expensive than
the stepwise selection method; it might not be appropriate for models that contain a large number of effects.

Least Angle Regression

METHOD=LAR speci�es least angle regression (LAR), which is supported in the HPREG procedure. LAR
was introduced by Efron et al. (2004). Not only does this algorithm provide a selection method in its own
right, but with one additional modi�cation, it can be used to ef�ciently produce LASSO solutions. Just
like the forward selection method, the LAR algorithm produces a sequence of regression models in which
one parameter is added at each step, terminating at the full least squares solution when all parameters have
entered the model.

The algorithm starts by centering the covariates and response and scaling the covariates so that they all
have the same corrected sum of squares. Initially all coef�cients are zero, as is the predicted response. The
predictor that is most correlated with the current residual is determined, and a step is taken in the direction of
this predictor. The length of this step determines the coef�cient of this predictor and is chosen so that some
other predictor and the current predicted response have the same correlation with the current residual. At this
point, the predicted response moves in the direction that is equiangular between these two predictors. Moving
in this direction ensures that these two predictors continue to have a common correlation with the current
residual. The predicted response moves in this direction until a third predictor has the same correlation
with the current residual as the two predictors already in the model. A new direction is determined that is
equiangular among these three predictors, and the predicted response moves in this direction until a fourth
predictor, which has the same correlation with the current residual, joins the set. This process continues until
all predictors are in the model.

As in other selection methods, the issue of when to stop the selection process is crucial. You can use the
CHOOSE= option to specify a criterion for choosing among the models at each step. You can also use the
STOP= option to specify a stopping criterion. These formulas use the approximation that at stepk of the
LAR algorithm, the model hask degrees of freedom. See Efron et al. (2004) for a detailed discussion of this
so-called simple approximation.

A modi�cation of LAR selection that is suggested in Efron et al. (2004) uses the LAR algorithm to select the
set of covariates in the model at any step, but it uses ordinary least squares regression with just these covariates
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to obtain the regression coef�cients. You can request this hybrid method by specifying the LSCOEFFS
suboption of METHOD=LAR.

Lasso Selection

Method=LASSO speci�es the least absolute shrinkage and selection operator (LASSO) method, which
is supported in the HPREG procedure. LASSO arises from a constrained form of ordinary least squares
regression where the sum of the absolute values of the regression coef�cients is constrained to be smaller
than a speci�ed parameter. More precisely letX D .x 1; x2; : : : ; xm / denote the matrix of covariates and
let y denote the response, where thexi s have been centered and scaled to have unit standard deviation
and mean zero andy has mean zero. Then for a given parametert, the LASSO regression coef�cients
� D .� 1; � 2; : : : ; � m / are the solution to the following constrained optimization problem:

minimizejj y � X� jj 2 subject to
mX

j D 1

j� j j � t

Provided that the LASSO parametert is small enough, some of the regression coef�cients are exactly
0. Hence, you can view the LASSO as selecting a subset of the regression coef�cients for each LASSO
parameter. By increasing the LASSO parameter in discrete steps, you obtain a sequence of regression
coef�cients in which the nonzero coef�cients at each step correspond to selected parameters.

Early implementations (Tibshirani 1996) of LASSO selection used quadratic programming techniques to
solve the constrained least squares problem for each LASSO parameter of interest. Later Osborne, Presnell,
and Turlach (2000) developed a “homotopy method” that generates the LASSO solutions for all values oft.
Efron et al. (2004) derived a variant of their algorithm for least angle regression that can be used to obtain a
sequence of LASSO solutions from which all other LASSO solutions can be obtained by linear interpolation.
This algorithm for METHOD=LASSO is used in PROC HPREG. It can be viewed as a stepwise procedure
with a single addition to or deletion from the set of nonzero regression coef�cients at any step.

As in the other selection methods that are supported by high-performance statistical procedures, you can
use the CHOOSE= option to specify a criterion to choose among the models at each step of the LASSO
algorithm. You can also use the STOP= option to specify a stopping criterion. For more information, see
the discussion in the section “Forward Selection” on page 63. The model degrees of freedom that PROC
GLMSELECT uses at any step of the LASSO are simply the number of nonzero regression coef�cients in the
model at that step. Efron et al. (2004) cite empirical evidence for doing this but do not give any mathematical
justi�cation for this choice.

A modi�cation of LASSO selection suggested in Efron et al. (2004) uses the LASSO algorithm to select the
set of covariates in the model at any step, but it uses ordinary least squares regression and just these covariates
to obtain the regression coef�cients. You can request this hybrid method by specifying the LSCOEFFS
suboption of SELECTION=LASSO.

Adaptive Lasso Selection

Adaptive lasso selection is a modi�cation of lasso selection; in adaptive lasso selection, weights are applied to
each of the parameters in forming the lasso constraint (Zou 2006). More precisely, suppose that the response
y has mean 0 and the regressorsx are scaled to have mean 0 and common standard deviation. Furthermore,
suppose that you can �nd a suitable estimatorO� of the parameters in the true model and you de�ne a weight
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vector byw D 1=j O� j 
 , where
 � 0. Then the adaptive lasso regression coef�cients� D .� 1; � 2; : : : ; � m /
are the solution to the following constrained optimization problem:

minimizejj y � X� jj 2 subject to
mX

j D 1

jwj � j j � t

PROC HPREG uses the solution to the unconstrained least squares problem as the estimatorO� . This is
appropriate unless collinearity is a concern. If the regressors are collinear or nearly collinear, then Zou (2006)
suggests using a ridge regression estimate to form the adaptive weights.
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Overview: HPCANDISC Procedure

The HPCANDISC procedure is a high-performance procedure that performs canonical discriminant analysis.
It is a high-performance version of the CANDISC procedure in SAS/STAT software. PROC HPCANDISC
runs in either single-machine mode or distributed mode.
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NOTE : Distributed mode requires SAS High-Performance Statistics.

Canonical discriminant analysis is a dimension-reduction technique related to principal component analysis
and canonical correlation. The methodology that is used in deriving the canonical coef�cients parallels
that of a one-way multivariate analysis of variance (MANOVA). MANOVA tests for equality of the mean
vector across class levels. Canonical discriminant analysis �nds linear combinations of the quantitative
variables that provide maximal separation between classes or groups. Given a classi�cation variable and
several quantitative variables, the HPCANDISC procedure derivescanonical variables, which are linear
combinations of the quantitative variables that summarize between-class variation in much the same way that
principal components summarize total variation.

The HPCANDISC procedure performs a canonical discriminant analysis, computes squared Mahalanobis
distances between class means, and performs both univariate and one-way multivariate analyses of variance.
Two output data sets can be produced: one that contains the canonical coef�cients and another that contains,
among other things, scored canonical variables. You can rotate the canonical coef�cients output data set by
using the FACTOR procedure. It is customary to standardize the canonical coef�cients so that the canonical
variables have means that are equal to 0 and pooled within-class variances that are equal to 1. PROC
HPCANDISC displays both standardized and unstandardized canonical coef�cients. Correlations between
the canonical variables and the original variables in addition to the class means for the canonical variables
are also displayed; these correlations, sometimes known as loadings, are calledcanonical structures.

When you have two or more groups of observations that have measurements on several quantitative variables,
canonical discriminant analysis derives a linear combination of the variables that has the highest possible
multiple correlation with the groups. This maximal multiple correlation is called the�rst canonical correlation.
The coef�cients of the linear combination are thecanonical coef�cientsor canonical weights. The variable
that is de�ned by the linear combination is the�rst canonical variableor canonical component. The second
canonical correlation is obtained by �nding the linear combination uncorrelated with the �rst canonical
variable that has the highest possible multiple correlation with the groups. The process of extracting canonical
variables can be repeated until the number of canonical variables equals the number of original variables or
the number of classes minus one, whichever is smaller.

The �rst canonical correlation is at least as large as the multiple correlation between the groups and any
of the original variables. If the original variables have high within-group correlations, the �rst canonical
correlation can be large even if all the multiple correlations are small. In other words, the �rst canonical
variable can show substantial differences between the classes, even if none of the original variables do.
Canonical variables are sometimes calleddiscriminant functions, but this usage is ambiguous because the
DISCRIM procedure produces very different functions for classi�cation that are also called discriminant
functions.

For each canonical correlation, PROC HPCANDISC tests the hypothesis that it and all smaller canonical
correlations are zero in the population. AnF approximation (Rao 1973; Kshirsagar 1972) is used that
gives better small-sample results than the usual chi-square approximation. The variables should have an
approximate multivariate normal distribution within each class, with a common covariance matrix in order
for the probability levels to be valid.

Canonical discriminant analysis is equivalent to canonical correlation analysis between the quantitative
variables and a set of dummy variables coded from the class variable. Performing canonical discriminant
analysis is also equivalent to performing the following steps:

1. Transform the variables so that the pooled within-class covariance matrix is an identity matrix.
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2. Compute class means on the transformed variables.

3. Perform a principal component analysis on the means, weighting each mean by the number of
observations in the class. The eigenvalues are equal to the ratio of between-class variation to within-
class variation in the direction of each principal component.

4. Back-transform the principal components into the space of the original variables to obtain the canonical
variables.

An interesting property of the canonical variables is that they are uncorrelated whether the correlation is
calculated from the total sample or from the pooled within-class correlations. However, the canonical
coef�cients are not orthogonal, so the canonical variables do not represent perpendicular directions through
the space of the original variables.

PROC HPCANDISC Features

The main features of the HPCANDISC procedure are as follows:

• performs a canonical discriminant analysis, computes squared Mahalanobis distances between class
means, and performs both univariate and multivariate one-way analyses of variance

• can perform analysis on a massively parallel SAS high-performance appliance

• reads input data in parallel and writes output data in parallel when the data source is the appliance
database

• is highly multithreaded during calculations of the within-class sum-of-squares-and-crossproducts
(SSCP) matrix and the canonical variable scores

• supports a FREQ statement for grouped analysis

• supports a WEIGHT statement for weighted analysis

• displays both standardized and unstandardized canonical coef�cients

• displays correlations between the canonical variables and the original variables

• displays class means for the canonical variables

• produces two output data sets: one that contains the canonical coef�cients and another that contains
scored canonical variables

PROC HPCANDISC Compared with PROC CANDISC

The HPCANDISC procedure and the CANDISC procedure in SAS/STAT have the following similarities and
differences:
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• All the statements that are available in PROC CANDISC are supported in the HPCANDISC procedure.

• As input, PROC CANDISC can accept ordinary SAS data set and other types of special SAS data sets.
In the HPCANDISC procedure, only the ordinary SAS data set (raw data) can be used as input.

• The HPCANDISC procedure supports an ID statement that is not available in PROC CANDISC.

• The HPCANDISC procedure is speci�cally designed to operate in the high-performance distributed
environment. By default, PROC HPCANDISC performs computations on multiple threads. The
CANDISC procedure executes on a single thread.

Getting Started: HPCANDISC Procedure

The data in this example are measurements of 159 �sh caught in Finland's Lake Laengelmaevesi; this data set
is available from the Puranen. For each of the seven species (bream, roach, white�sh, parkki, perch, pike, and
smelt), the weight, length, height, and width of each �sh are tallied. Three different length measurements are
recorded: from the nose of the �sh to the beginning of its tail, from the nose to the notch of its tail, and from
the nose to the end of its tail. The height and width are recorded as percentages of the third length variable.
The �sh data set is available from theSashelp library.

The following step uses PROC HPCANDISC to �nd the three canonical variables that best separate the
species of �sh in theSashelp.Fish data and create the output data setoutcan. When the NCAN=3 option is
speci�ed, only the �rst three canonical variables are displayed. The ID statement adds the variableSpecies
from the input data set to the output data set. The ODS EXCLUDE statement excludes the canonical structure
tables and most of the canonical coef�cient tables in order to obtain a more compact set of results. The
TEMPLATE and SGRENDER procedures create a plot of the �rst two canonical variables. The following
statements produce Figure 5.1 through Figure 5.6:

title �Fish Measurement Data�;

proc hpcandisc data=sashelp.fish ncan=3 out=outcan;
ods exclude tstruc bstruc pstruc tcoef pcoef;
id Species;
class Species;
var Weight Length1 Length2 Length3 Height Width;

run;

proc template;
define statgraph scatter;

begingraph;
entrytitle �Fish Measurement Data�;
layout overlayequated / equatetype=fit

xaxisopts=(label=�Canonical Variable 1�)
yaxisopts=(label=�Canonical Variable 2�);
scatterplot x=Can1 y=Can2 / group=species name=�fish�;
layout gridded / autoalign=(topright);

discretelegend �fish� / border=false opaque=false;
endlayout;

endlayout;
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endgraph;
end;

run;

proc sgrender data=outcan template=scatter;
run;

PROC HPCANDISC begins by displaying performance information, data access information, and summary
information about the variables in the analysis, as shown in Figure 5.1.

The “Performance Information” table shows the procedure executes in single-machine mode; that is, the data
reside and the computation is conducted on the machine where the SAS session executes. This run of the
HPCANDISC procedure took place on a multicore machine that had four CPUs; one computational thread
was spawned per CPU.

The “Data Access Information” table shows that the input data set and the output data set are both accessed
with the V9 (base) engine on the client machine where the MVA SAS session executes.

The summary information includes the number of observations, the number of quantitative variables in the
analysis (speci�ed using the VAR statement), and the number of class levels in the classi�cation variable
(speci�ed using the CLASS statement). The value and frequency of each class level are also displayed.

Figure 5.1 Fish Data: Performance, Data Access, and Summary Information
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