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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 identification 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 in Base 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 configure the SAS High-Performance Analytics
infrastructure. For more information, see the SAS High-Performance Analytics Infrastructure: Installation
and Configuration Guide.

About This Book

This book assumes that you are familiar with Base SAS software and with the books SAS Language Reference:
Concepts and Base 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 1, this chapter, provides an overview of SAS/STAT high-performance procedures.

Chapter 2, “Shared Concepts and Topics,” describes the modes in which SAS/STAT high-performance

procedures can execute.

Chapter 3, “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
UPPERCASE ROMAN

UPPERCASE BOLD

oblique

VariableName
bold
italic

monospace

is the standard type style used for most text.

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.

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

is used in the syntax definitions and in text to represent arguments for which you
supply a value.

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

is used for terms that are defined in the text, for emphasis, and for references to
publications.

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=HTMLBIue;
.od.s.html close;
ods pdf style=PearlJ;
.od.s.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.

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. Gutpo//support.sas.com/techsup for more
information.


http://support.sas.com/techsup
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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.
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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

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:
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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 thgrid 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 Xx:;
performance host="hpa.sas.com";
run;

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

reduce unsupervised Xx:;
run;

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.
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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 = _bi{x}
c = _c{x}
x1 = int(ranuni(l) * 400);
x2 = 52 + ranuni(l) *38;
x3 = ranuni(l) *12;
Ip = 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(Ip))));
output;

end,

drop x Ip;

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 ¢ x1 x2 x3;
run;

Figure 2.1 shows the results from the analysis.

Figure 2.1 Results from Logistic Regression in Single-Machine Mode
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Figure 2.1 continued

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 2.2:

proc hplogistic data=simData;

class a b c;

model y = a b ¢ x1 x2 x3;

performance host="hpa.sas.com" nodes=10;
run;
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Figure 2.2 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:
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proc hplogistic data=simData;
class a b c;
model y = a b ¢ x1 x2 x3;
performance host="hpa.sas.com" nodes=0;
run;

Figure 2.3 shows the “Performance Information” table. The numeric results are not reproduced here, but they
agree with the previous analyses, which are shown in Figure 2.1 and Figure 2.2.

Figure 2.3 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:

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

In the analysis shown previously in Figure 2.2, the datarw®k.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
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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 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 14.

— 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 23.

— Datain 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 17.

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 20.
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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 rstreason 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
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 NODdgien 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 NODESthen parallel asymmetric access is used.

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 natrearhlgia (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;
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performance host= hpa.sas.com;
data DS2GTF.out;
method run();
set DS2GTF.in;
end;
enddata;
run;

Figure 2.4 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 2.4 Performance Information and Data Access Information Tables

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 datogesimData into themydb database on the
hpa.sas.com appliance. In this example, the appliance houses a Greenplum database.
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option set=GRIDHOST="green.sas.com";
libname applianc greenplm
server ="green.sas.com"
user =XXXXXX
password=YYYYY
database=myadb;

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

proc datasets lib=applianc nolist; delete simData;
proc hpds2 data=simData
out =applianc.simData(distributed_by= distributed randomly );
performance commit=10000 nodes=8;
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.

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 ¢ 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 2.5 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 2.1 and Figure 2.2.
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Figure 2.5 Alongside-the-Database Execution on Greenplum

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
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that the initial transfer of data from the LASR Analytic Server to the high-performance analytical procedure
is @ 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.

Starting a SAS LASR Analytic Server Instance

The following statements create a SAS LASR Analytic Server instance and load it witinibeta 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 theAS 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 19.

Figure 2.6 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.
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Figure 2.6 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:

libname MylLasr 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 tBAS 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 ¢ 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 2.7.
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Figure 2.7 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.

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.
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Running High-Performance Analytical Procedures in
Asymmetric Mode

This section provides examples of how you can run high-performance analytical procedures in asymmetric
mode.

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.

The following statements load témData 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 asymmetrically on distinct
data and computing appliances.

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:
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proc hplogistic data=datalib.simData;

class a b c;

model y = a b ¢ x1 x2 x3;

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

Figure 2.8 shows the “Performance Information” and “Data Access Information” tables.

Figure 2.8 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 2.1 and Figure 2.2.

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 MylLasr sasiola tag="datalLib" port=54345 host="compute_appliance.sas.com" ;

Figure 2.9 show the “Performance Information” and “Data Access Information” tables.
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Figure 2.9 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.
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 ¢ 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 ¢ 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.



Alongside-HDFS Execution F 23

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 23.

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 HDFSithPata data set that was used in the previous
two sections:
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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 theps 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 tB&AS LASR Analytic Server: Reference
Guide

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 2.10 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 2.11 agree with the previous analyses shown in Figure 2.1, Figure 2.2, and Figure 2.5.

Figure 2.10 Alongside-HDFS Execution Performance Information

Figure 2.11 Alongside-HDFS Execution Model Information
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Figure 2.11 continued

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 @AS/ACCESS for Relational Databases: Referehlae 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 HDFSithBata 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.
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proc hplogistic data=hdoopLib.simData;

class a b c;

model y = a b ¢ x1 x2 x3;

performance host = "compute_appliance.sas.com" nodes=8;
run;

Figure 2.12 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 asymmetric mode. The
numeric results shown in Figure 2.13 agree with the previous analyses.

Figure 2.12 Alongside-HDFS Execution by Using the Hadoop Engine

Figure 2.13 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
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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 dBAS/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
tablecsvExample.csv is stored in HDFS in the directoryser/demo/data. Each record in this table consists

of the following elds, in the order shown and separated by commas.

1. astring of at most six characters
2. anumeric eld with values of 0 or 1

3. anumeric eld with real numbers

Suppose you want to t a logistic regression model to these data, where the second eld represents a target
variable name@®uccess, the third eld represents a regressor nanbede, and the rst eld represents a
classi cation variable nameGroup.

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;
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The metadata that are created by PROC HDMD for this table are stored in the direstwfgemo/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
thecsvExample.csv table:

proc hplogistic data=hdoopLib.csvExample;
class Group;
model Success = Dose;

performance host = "compute_appliance.sas.com”
gridmode = asym
nodes = 8;

run;

Figure 2.14 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.

Figure 2.14 Alongside-HDFS Execution with CSV Data
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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 regressiavodnsimData:

proc hplogistic data=simData;

class a b ¢
model y = a b ¢ x1 x2 x3;
id a;

output out=applianc.simData_out pred=p;
performance host="hpa.sas.com" nodes=8;
run;

The output data setpplianc.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 3, “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
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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 tiwgyfile.xml, associate that

le with the le referencemyxml, and pass the le reference with the FMTLIBXML= option in the PROC
HPLOGISTIC statement:

filename myxml Myfmt.xml;

libname myxml XML92 xmltype=sasfmt tagset=tagsets.XMLsuyv;
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.XMLsuyv;
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.
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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 followingerformance-options in the PERFORMANCE statement:

BPC=n
speci es the number of bytes per character that is used in processing character strings in multibyte
encodings. The default is the bytes per character of the encoding. The number of characters in a string
is calculated as the byte length of the string divided by the bytes per character of the encoding. This
will be incorrect when the strings in the multibyte encoding contain one or more single byte characters.
In such cases, setting BPC=1 enables appropriate byte lengths to be used in processing such strings.

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).

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.
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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.

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.

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 16 an@A% 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;
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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 NObBf#on, where

n exceeds the number of physical nodes on the appliance. The SAS High-Performance Statistics
software theroversubscribethe 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:

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=277;
proc hplogistic data=gplib.one;
model y = X;
performance nodes=10 host="hpa.sas.com";
run;
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NTHREADS=nN

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 ¢ 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 edi$i256. 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 ¢ 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 46.

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 variabjgions 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@lfbal-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 variableptions override theglobal-options.

You can specify the following values for either aption 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 bothDEESCENDINGand 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 procedaseirSAS
Procedures Guidand the discussion of BY-group processingiiS 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 REFeption, you can specify thievel of the variable to use as the reference
level. Specify the formatted value of the variable if a format is assigned. For a Rfifen or
global-option, you can use one of the followingywords. 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 variablemp has three levelstfot , warm ,andcold ) 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 lev€ls are
for the variablegender and warm  for the variableaemp, 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 ¢ to the HPREG procedure.

Suppose that the variablemp has three levelsifot , 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
splitinto two effects that are labeled “gender_M" and “gender_F". The effect “gender*temp” is splitinto
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 followinglobal-options:

MISSING
treats missing values (.7, “.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 wariable or set ofvariables in the CLASS statement, or designate
the rst or last ordered value by specifyinggiobal-option. The default is REF=LAST.

For example, suppose that the variabldenp has three levelsiot , warm , and
cold ), that the variablgender 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 fgmder and warm  is used as the reference
level fortemp.

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 49.
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TRUNCATE<=n>
speci es the truncation width of formatted values of CLASS variables when the optiagaaipeci ed.

If nis 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 appeafdimes, wherd 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 threepg;olumns (
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=27z7,
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 followingptions in the SELECTION statement:

METHOD=NONE | method < method-options >
speci es the method used to select the model. You can also speeifpd-options that apply to the
speci ed method by enclosing them in parentheses afteméteod. 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 57.

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
information, see the SPLIT option in the CLASS statement.

Table 3.1 lists the applicableethod-options for each of these methods.
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Table 3.1 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 thenethod-options that you can specify in parentheses after the SELECTION= option
method follows. As described in Table 3.1, not all selectimathod-options are applicable to every
METHOD= 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=L1.

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 method-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 i and the STOP= criterion at any step is better than the stop criterion

at the nexn 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(CANDIDA)ESéN 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. You can specify that only
classi cation effects, or both classi cation and continuous effects, be subject to the hierarchy require-
ment. 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 HHERARCHY=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 thgobal-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 642 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
the sequence of AIC values at steps 1 to 6 of a selection are 10, 7, 4, 6, 5, 2. If STOPHORIZON=2,
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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 ;

Thevariable 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 telenetization

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 3.2. The varaislenteger-valued, and the variabtas
a continuous variable that has a missing value for the fourth observation. The fourth and fth columns of
Table 3.2 apply two different formats to the varialfle

Table 3.2 Example Data for Levelization

Obs A X FORMAT FORMAT
x 3.0 x3.1

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
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Table 3.2 continued

Obs A X FORMAT FORMAT
x 3.0 x3.1

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 3.2 leads
to the level assignment in Table 3.3.

Table 3.3 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 2 226 4 2 2 23 3
6 3 2 248 5 2 2 25 4
7 4 3 334 7 3 3 33 6
8 4 3 3.34 7 3 3 33 6
9 4 3 3.14 6 3 3 31 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 3.4 shows how values of the ORDER= option are interpreted.

Table 3.4 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 3.4 continued

Value of ORDER= Levels Sorted By

FREQ Descending frequency count (levels that have the most
observations come rstin 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 Guided the discussion of BY-group processindSiAS 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 3.5
displays the results of levelizing the values in Table 3.2 when the MISSING option is in effect.

Table 3.5 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 2 226 5 2 3 23 4
6 3 2 248 6 2 3 25 5
7 4 3 3.34 8 3 4 33 7
8 4 3 3.34 8 3 4 33 7
9 4 3 3.14 7 3 4 31 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 varialidat 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 varialglentains missing values, even
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thoughA is not speci ed in the MODEL statement:

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 CZ

The model matriceX 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
(parameterizatiohrules 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 variali#assi 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 46. An independent variable that is not declared in
the CLASS statement is assumed tocoatinuous 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 50.

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 52 and “Reference Parameterization” on
page 56.
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Effect Operators

Table 3.6 summarizes the operators that are available for selecting and constructing effects. These operators
are discussed in the following sections.

Table 3.6 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 Al1l-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 BC AB AC B-C A BxC;

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 examplé B | C is evaluated as follows:

A|B|C ! f A|Bg|C
I f ABA*Bg|C
| A B A*B C A*C B*C A*B*C

Crossed and nested groups of variables are combined. For exa(®léC(D) generates\* C(B D),
among other terms.

Duplicate variables are removed. For exampl&;) | B(C) generateg*B(C C), among other terms,
and the extra 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) generates\*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 AB AC B-C;

More examples of using the bar and at operators follow:

A|C(B) is equivalentto A C(B) A*C(B)

A(B) | C(B) is equivalentto A(B) C(B) A*C(B)
A(B) |B(DE) isequivalentto A(B) B(DE)

A|B(A)|C is equivalentto A B(A) C A*C B*C(A)

A|B(A)|C@2 isequivalentto A B(A) C A*C
A|B|C|D@2 isequivalentto A B A*B C A*C B*C D A*D B*D C*D
A*B(C*D) is equivalentto 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 proceduga&e&AS
Procedures Guideto 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:
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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 3.7 shows the types of effects that are available in high-performance statistical procedures; they are
discussed in more detail in the following sections. AeB, andC represent classi cation variables, and Yet
andZ represent continuous variables.

Table 3.7 Available Types of Effects

Effect Example  Description

Intercept Default Intercept (unless NOINT)

Regression XZ Continuous variables

Polynomial X*Z Interaction of continuous variables

Main AB 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 3.8 shows some examples of MODEL statements that use various types of effects.

Table 3.8 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 XxA; Homogeneity-of-slopes regression
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Intercept

By default, high-performance statistical linear models automatically include a column ofxXLsThis

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 exaxple,
expands toX X*X X*X* X, which is a cubic model.

Main Effects

If a classi cation variable ham levels, the GLM parameterization generatesolumns 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 3.9 is an example wherg denotes the intercept ardandB are classi cation variables that have two
and three levels, respectively.

Table 3.9 Example of Main Effects

Data I A B
A B 0 Al A2 Bl 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 effectsiisgular.

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. ThBsA become#\*B if A precede® 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 3.10).

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 3.10 Example of Interaction Effects

Data | A B A*B

A B 0 Al A2 Bl B2 B3 AlB1 A1B2 Al1B3 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 exaBp@,
expands tA 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 exampg,B | C | D@2 expands té 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 AxB;

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 3.11).

Table 3.11 Example of Nested Effects

Data I A B(A)

Al A2 B1A1 B2A1 B3Al1 B1A2 B2A2 B3A2
1 0 0 0 0 0

NNNRE R PR D>
WNPFP WN PR
PR R RPRRo
OCO0OO0OR R
PR, R, OOO
cNoNeoNeNo)
cNeoNeNalH
cNeoNeN=Ne
OoOr oo
Or ooo

R OOOoOOo
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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 3.12).

Table 3.12 Example of Continuous-Nesting-Class Effects

Data I A X(A)
X A 0 Al A2 X(Al) 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 slopeitbin each level ofA.

Continuous-by-Class Effects

Continuous-by-class effects generate the same design columns as continuous-nesting-class effects. Table 3.13
shows the construction of the A effect. The two columns for this effect are the same as the columns for the
X(A) effect in Table 3.12.

Table 3.13 Example of Continuous-by-Class Effects

Data I X A X*A
X A 0 X Al A2 X*Al 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 effectxXis* 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 exgmgieD) might be
renamed\*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 effe@gisB; 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

A1B1CiD1 ! A1B,C1D ! A>B1C1D1 ! A2B,C1D !
A1B1C1D> ! A1B2C1D5 ! AsB1C1D> ! A2B2C1D5 !
A1B1CoD1 ! A1BoCoD1 ! AB1CoDy ! AzB2CoD1 !
A1B1CyD> ! A1B>,CyD, ! AoB1CoD5 ! A>B,CyD >

Note that rst the crossed effec& and A are sorted in the order in which they appear in the CLASS
statement so tha precede® in the parameter list. Then, for each combination of the nested effects in turn,
combinations oA andB appear. Th® effect changes fastest because it is rightmost in the cross list. Ahen
changes next fastest, abdchanges next fastest. Theeffect 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 vavidiaiehas 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 vakiabdeas

shown in Table 3.14.
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Table 3.14 Reference Coding

Design Matrix

A Al 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 ¢
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 ¢ procedure.

Full Model Fitted

When METHOD=NONE, the complete model that is speci ed in the MODEL statement is used to tthe
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 atrtiséepext
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 Mallow€ .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 Mallb\w$' statistic, but

the selection terminates when t@ep/ 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=AlC);

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 57.

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 57.

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 thatlabkthe

LAR algorithm, the model has 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

let y denote the response, where the have been centered and scaled to have unit standard deviation
and mean zero anglhas mean zero. Then for a given paramétéhe LASSO regression coef cients

D. 1; 2;:::; ml arethe solution to the following constrained optimization problem:
xn

minimizgjy X jj2  subjectto it
iD1

Provided that the LASSO parameteis 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 of
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 57. 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 regressoege scaled to have mean 0 and common standard deviation. Furthermore,
suppose that you can nd a suitable estimaféof the parameters in the true model and you de ne a weight
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vector byw D 15 Cj) , Where 0. Then the adaptive lasso regression coefcient® . 1; 2;:::; m/
are the solution to the following constrained optimization problem:

X
minimizdjy X jj?>  subjectto jw, )t
jD1

PROC HPREG uses the solution to the unconstrained least squares problem as the eSifai®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: GAMPL Procedure

The GAMPL procedure is a high-performance procedure that ts generalized additive models that are based
on low-rank regression splines (Wood 2006). This procedure provides powerful tools for nonparametric
regression and smoothing.

Generalized additive models are extensions of generalized linear models. They relax the linearity assumption
in generalized linear models by allowing spline terms in order to characterize nonlinear dependency structures.
Each spline term is constructed by the thin-plate regression spline technique (Wood 2003). A roughness
penalty is applied to each spline term by a smoothing parameter that controls the balance between goodness
of t and the roughness of the spline curve. PROC GAMPL ts models for standard distributions in the
exponential family, such as normal, Poisson, and gamma distributions.

PROC GAMPL runs in either single-machine mode or distributed mode.

NoOTE: Distributed mode requires SAS High-Performance Statistics.

PROC GAMPL Features
PROC GAMPL offers the following basic features:

estimates the regression parameters of a generalized additive model that has xed smoothing parameters
by using penalized likelihood estimation

estimates the smoothing parameters of a generalized additive model by using either the performance
iteration method or the outer iteration method

estimates the regression parameters of a generalized linear model by using maximum likelihood
techniques

tests the total contribution of each spline term based on the Wald statistic

provides model-building syntax in the CLASS statement and effect-based parametric effects in the
MODEL statement, which are used in other SAS/STAT analytic procedures (in particular, the GLM,
LOGISTIC, GLIMMIX, and MIXED procedures)

provides response-variable options
enables you to construct a spline term by using multiple variables

provides control options for constructing a spline term, such as xed degrees of freedom, initial
smoothing parameter, xed smoothing parameter, smoothing parameter search range, user-supplied
knot values, and so on

provides multiple link functions for any distribution
provides a WEIGHT statement for weighted analysis

provides a FREQ statement for grouped analysis
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provides an OUTPUT statement to produce a data set that has predicted values and other observation-
wise statistics

produces graphs via ODS Graphics
Because the GAMPL procedure is a high-performance analytical procedure, it also does the following:

enables you to run in distributed mode on a cluster of machines that distribute the data and the
computations

enables you to run in single-machine mode on the server where SAS is installed

exploits all the available cores and concurrent threads, regardless of execution mode

For more information, see the section “Processing Modes” on page 6.

PROC GAMPL Contrasted with PROC GAM

Both the GAMPL procedure and the GAM procedure in SAS/STAT software t generalized additive models.
However, the GAMPL procedure uses different approaches for constructing spline basis expansions, tting
generalized additive models, and testing smoothing components. The GAMPL procedure focuses on
automatic smoothing parameter selection by using global model-evaluation criteria to nd optimal models.
The GAM procedure focuses on constructing models by tting partial residuals against each smoothing
term. In general, you should not expect similar results from the two procedures. The following subsections
summarize the differences. For more information about the GAM procedure, see Chapter 42, “The GAM
Procedure” 8AS/STAT User's Guijle

Constructing Spline Basis Expansions

The GAMPL procedure uses thin-plate regression splines to construct basis expansions for each spline term,
and each term allows multiple variables. The GAM procedure uses univariate or bivariate smoothing splines
to construct basis expansions, and each term allows only one or two variables. The thin-plate regression
splines that PROC GAMPL uses are low-rank approximations to multivariate smoothing splines. The GAM
procedure also allows loess smoothers.

Fitting Generalized Additive Models

The GAMPL procedure ts a generalized additive model that has xed smoothing parameters by using a
global design matrix and a roughness penalty matrix. The GAM procedure uses partial residuals to t against
single smoothing terms. For models that have unknown smoothing parameters, the GAMPL procedure
estimates smoothing parameters simultaneously by optimizing global criteria such as generalized cross
validation (GCV) and the unbiased risk estimator (UBRE). The GAM procedure estimates each smoothing
parameter by optimizing the local criterion GCV one spline term at a time.
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Distribution Families and Link Functions

The GAMPL procedure supports all the distribution families and all the link functions that the GAM procedure
supports. In addition, PROC GAMPL ts models in the negative binomial family. PROC GAMPL supports

any link function for each distribution, whereas PROC GAM supports only the canonical link for each
distribution.

Testing Smoothing Components

The GAMPL procedure tests the total contribution for a spline term, including both linear and nonlinear
trends. The GAM procedure tests the existence of nonlinearity for a spline term beyond the linear trend.

Model Inference

A global Bayesian posterior covariance matrix is available for models that are tted by the GAMPL procedure.
The con dence limits for prediction of each observation are available, in addition to componentwise con -
dence limits. For generalized additive models that are tted by the GAM procedure, only the componentwise
con dence limits are available, and they are based on the partial residuals for each smoothing term. The
degrees of freedom for generalized additive models that are tted by the GAMPL procedure is de ned as
the trace of the degrees-of-freedom matrix. The degrees of freedom for generalized additive models that

are tted by the GAM procedure is approximated by summing the trace of the smoothing matrix for each
smoothing term.

Getting Started: GAMPL Procedure

This example concerns the proportions and demographic and geographic characteristics of votes that were
cast in 3,107 counties in the United States in the 1980 presidential election. You can use the data set
sashelp.Vote1980 directly from theSASHELP library or download it from the StatLib Datasets Archive
(Vlachos 1998). For more information about the data set, see Pace and Barry (1997).

The data set contains 3,107 observations and seven variables. The dependentiayi@d®Rate is the
logarithm transformation of the proportion of the county population who voted for any candidate. The six
explanatory variables are the number of people in the county 18 years of age oRolgertiie number

of people in the county who have a 12th-grade or higher educédtidu),(the number of owned housing

units Houses), the aggregate income¢ome), and the scaled longitude and latitude of geographic centroids
(Longitude andLatitude).

The following statements produce the plotL.ofjVoteRate with respect to the geographic locatidrsgitude
andLatitude:

%let off0 = offsetmin=0 offsetmax=0
linearopts=(thresholdmin=0 thresholdmax=0);
proc template;
define statgraph surface;
dynamic _title _z;
begingraph / designwidth=defaultDesignHeight;
entrytitle _title;
layout overlay / xaxisopts=(&offQ) yaxisopts=(&off0);
contourplotparm z=_z y=Latitude x=Longitude / gridded=FALSE;
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endlayout;
endgraph;
end;
run;

proc sgrender data=sashelp.Votel980 template=surface;
dynamic _title = US County Vote Proportion in the 1980 Election
z = LogVoteRate ;

run;

Figure 4.1 shows the map of the logarithm transformation of the proportion of the county population who
voted for any candidate in the 1980 US presidential election.

Figure 4.1 US County Vote Proportion in the 1980 Election

The objective is to explore the nonlinear dependency structure between the dependent variable and de-
mographic variablesPpp, Edu, Houses, andincome), in addition to the spatial variations on geographic

variables (ongitude and Latitude). The following statements use thin-plate regression splines to t a
generalized additive model:
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ods graphics on;

proc gampl data=sashelp.Votel1980 plots seed=12345;
model LogVoteRate = spline(Pop ) spline(Edu) spline(Houses)
spline(Income) spline(Longitude Latitude);
id Longitude Latitude;
output out=VotePred;
run;

With ODS Graphics enabled by the rst statement, the PLOTS option in the PROC GAMPL statement
requests a smoothing component panel of tted spline terms. The SEED option speci es the random seed so
that you can reproduce the analysis.

The default output from this analysis is presented in Figure 4.2 through Figure 4.10.

The “Performance Information” table in Figure 4.2 shows that PROC GAMPL executed in single-machine
mode (that is, on the server where SAS is installed). When high-performance procedures run in single-
machine mode, they use concurrently scheduled threads. In this case, four threads were used.

Figure 4.2 Performance Information

Figure 4.3 displays the “Model Information” table. The response variatg®oteRate is modeled by using

a normal distribution whose mean is modeled by an identity link function. The GAMPL procedure uses the
performance iteration method and the GCV criterion as the tting criterion. PROC GAMPL searches for the
optimum smoothing parameters by using the Newton-Raphson algorithm to optimize the tting criterion. The
random number seed is set to 12,345. Random number generation is used for sampling from observations to
form spline knots and truncated eigendecomposition. Changing the random number seed might yield slightly
different model ts.

Figure 4.3 Model Information

Figure 4.4 displays the “Number of Observations” table. All 3,107 observations in the data set are used in the
analysis. For data sets that have missing or invalid values, the number of used observations might be less
than the number of observations read.
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Figure 4.4 Number of Observations

Figure 4.5 displays the convergence status of the performance iteration method.

Figure 4.5 Convergence Status

Figure 4.6 shows the “Fit Statistics” table. The penalized log likelihood and the roughness penalty are
displayed. You can use effective degrees of freedom to compare generalized additive models with generalized
linear models that do not have spline transformations. Information criteria such as Akaike's information
criterion (AIC), Akaike's bias-corrected information criterion (AICC), and Schwarz Bayesian information
criterion (BIC) can also be used for comparisons. These criteria penalize the -2 log likelihood for effective
degrees of freedom. The GCV criterion is used to compare against other generalized additive models or
models that are penalized.

Figure 4.6 Fit Statistics

The “Parameter Estimates” table in Figure 4.7 shows the regression parameter and dispersion parameter esti-
mates. In this model, the intercept is the only regression parameter because (1) all variables are characterized
by spline terms and no parametric effects are present and (2) the intercept absorbs the constant effect that is
extracted from each spline term to make tted splines identi able. The dispersion parameter is estimated by
maximizing the likelihood, given other model parameters.

Figure 4.7 Regression Parameter Estimates
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The “Estimates for Smoothing Components” table is shown in Figure 4.8. For each spline term, the
effective degrees of freedom, the estimated smoothing parameter, and the corresponding roughness penalty

are displayed. The table also displays additional information about spline terms, such as the number of
parameters, penalty matrix rank, and number of spline knots.

Figure 4.8 Estimates for Smoothing Components

Figure 4.9 displays the hypothesis testing results for each smoothing component. The null hypothesis for

each spline term is whether the total dependency on each variable is 0. The effective degrees of freedom for
both tand test is displayed.

Figure 4.9 Tests for Smoothing Components

Figure 4.10 displays the “Smoothing Component Panel” for all the spline terms used in the model. It displays
predicted spline curves and 95% Bayesian posterior con dence bands for each univariate spline term.
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Figure 4.10 Smoothing Component Panel

The preceding program contains an ID statement and an OUTPUT statement. The ID statement transfers the
speci ed variablesl{ongitude andLatitude) from the input data setashelp.Vote1980, to the output data
set,VotePred. The OUTPUT statement requests the prediction for each observation by default and saves the
results in the data s#&btePred. The following run of the SGRENDER procedure produces the tted surface

of the log vote proportion in the 1980 presidential election:

proc sgrender data=VotePred template=surface;
dynamic _title= Predicted US County Vote Proportion in the 1980 Election
4 =Pred;
run;

Figure 4.11 shows the map of predictions of the logarithm transformation of the proportion of county

population who voted for any candidates in the 1980 US presidential election from the tted generalized
additive model.
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Figure 4.11 Predicted US County Vote Proportion in the 1980 Election

Compared to the map of the logarithm transformations of the proportion of votes cast shown in Figure 4.1,
the map of the predictions of the logarithm transformations of the proportion of votes cast has a smoother
surface.
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Syntax: GAMPL Procedure

The following statements are available in the GAMPL procedure:

PROC GAMPL <options> ;
CLASS variable < (options) >: : : <variable <(options) > > </ global-options > ;
MODEL response < (response-options) > = < PARAM( effects) >
< spline-effects > </ model-options > ;
MODEL events / trials = < PARAM( effects) > < spline-effects > </ model-options > ;
OUTPUT <OUT=SAS-data-set> < keyword <=name >>...<keyword <=name >> </ options > ;
PERFORMANCE performance-options ;
FREQ variable ;
ID variables ;
WEIGHT variable ;

The PROC GAMPL statement and at least one MODEL statement are required. The CLASS statement
can appear multiple times. If a CLASS statement is speci ed, it must precede the MODEL statements.
The following sections describe the PROC GAMPL statement and then describe the other statements in
alphabetical order.

PROC GAMPL Statement
PROC GAMPL <options > ;

The PROC GAMPL statement invokes the procedure. Table 4.1 summarizes the available options in the
PROC GAMPL statement by function. The options are then described fully in alphabetical order.

Table 4.1 PROC GAMPL Statement Options

Option Description

Basic Options

ALPHA= Speci es a global signi cance level

DATA= Speci es the input data set

NAMELEN= Limits the length of effect names

SEED= Sets the seed for pseudorandom number generation
Display Options

ITDETAILS Displays the “Iteration History” table

NOCLPRINT Limits or suppresses the display of classi cation variable levels
NOPRINT Suppresses ODS output

PLOTS= Controls plots that are produced through ODS Graphics

Optimization Subject Options
PLIKEOPTIONS Sets optimization parameters for likelihood estimation
SMOOTHOPTIONS Sets optimization parameters for smoothing parameter estimation
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Table 4.1 continued

Option Description

Tolerance Options

SINGCHOL= Tunes the singularity criterion for Cholesky decompositions
SINGSWEEP= Tunes the singularity criterion for the sweep operator
SINGULAR= Tunes the general singularity criterion

User-De ned Format Options
FMTLIBXML= Speci es the le reference for a format stream

You can specify the followingptions in the PROC GAMPL statement.

ALPHA=number
speci es a global signi cance level for the hypothesis testing of smoothing components and the
construction of Bayesian con dence bands of predictions. The con dence level imihber. The
value ofnumber must be between 0 and 1; the default is 0.05. You can override this global signi cance
level for Bayesian con dence bands of predictions by specifying the ALPHA= option in the OUTPUT
statement.

DATA=SAS-data-set
names the input SAS data set for PROC GAMPL to use. The default is the most recently created data
set.

If the procedure executes in distributed mode, the input data are distributed to memory on the appliance
nodes and analyzed in parallel, unless the data are already distributed in the appliance database. In
that case, PROC GAMPL reads the data alongside the distributed database. For information about the
various execution modes, see the section “Processing Modes” on page 6. For information about the
alongside-the-database model, see the section “Alongside-the-Database Execution” on page 14.

FMTLIBXML= le-ref
speci es the le reference for the XML stream that contains user-de ned format de nitions. User-
de ned formats are handled differently in a distributed computing environment than they are in other
SAS products. For information about how to generate an XML stream for your formats, see the section
“Working with Formats” on page 29.

ITDETAILS
adds to the “Iteration History” table the current values of the parameter estimates and their gradients.
If the optimization algorithm is used to determine at least one smoothing parameter, the table lists
values for smoothing parameters. If all smoothing parameters are xed or a parametric generalized
linear model is speci ed, the table lists values for regression parameters. These quantities are reported
only for parameters that participate in the optimization.

NAMELEN=number
speci es the length to which long effect names are shortened. The valuenbler must be an integer
greater than or equal to 20. By default, NAMELEN=20.
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NOCLPRINT<=number >
suppresses the display of the “Class Level Information” table if you do not spegifiger. If you
specifynumber, the values of the classi cation variables are displayed for only those variables whose
number of levels is less thaiumber. Specifying anumber helps reduce the size of the “Class Level
Information” table if some classi cation variables have a large number of levels.

NOPRINT
suppresses the generation of ODS output.

PLIKEOPTIONS(optimization-parameters)
sets optimization parameters for either maximum or penalized likelihood estimation. For more
information about how to specifyptimization-parameters, see the section “Optimization Parameters”
on page 80.

PLOTS < (global-plot-option) > < = plot-requests < (option) > >
controls the plots that are produced through ODS Graphics. When ODS Graphics is enabled, PROC

GAMPL produces by default a panel of plots of partial prediction curves or surfaces of smoothing
components.

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

ods graphics on;

proc gampl plots;
model y=spline(x1) spline(x2);
run;

ods graphics off;

You can specify the followinglobal-plot-option, which applies to the smoothing component plots that
the GAMPL procedure generates:

UNPACK | UNPACKPANEL

suppresses paneling. By default, multiple smoothing component plots can appear in some output
panels. Specify UNPACK to get each plot individually.

You can specify the followinglot-requests:

ALL
requests that all default plots be produced.

COMPONENTS < (component-option) >

plots a panel of smoothing components of the tted model. You can specify the following
component-option:

COMMONAXES
requests that the smoothing component plots use a common vertical axis except for bivariate
contour plots. This option enables you to visually judge the relative effect size.
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NONE
suppresses all plots.

SEED=number
speci es an integer that is used to start the pseudorandom number generator for subset sampling from
observations to form knots if necessary and for truncated eigendecomposition. If you do not specify
this option, or ifnumber 0, the seed is generated from the time of day, which is read from the

computer's clock.

SINGCHOL=number
tunes the singularity criterion in Cholesky decompositions. The default is 1E4 times the machine

epsilon; this product is approximately 1E—12 on most computers.

SINGSWEEP=number
tunes the singularity criterion in sweep operations that determine collinearity between spline basis

expansions. The default is 1E-8.

SINGULAR=number
tunes the general singularity criterion that is applied in sweep and inversion operations. The default is
1E4 times the machine epsilon; this product is approximately 1E—12 on most computers.

SMOOTHOPTIONS(optimization-parameters)
speci es optimization parameters for smoothing parameter estimation. For more information about
how to specifyoptimization-parameters, see the section “Optimization Parameters” on page 80.

Optimization Parameters

You can specifypptimization-parameters for both the PLIKEOPTIONS and SMOOTHOPTIONS options.
Depending on the modeling context, some optimization parameters might have no effect. For parametric gen-
eralized linear models or generalized additive models that have xed smoothing parameters, any optimization
parameters that you specify in the SMOOTHOPTIONS option are ignored. For the performance iteration
method, only the ABSFCONV=, FCONV=, and MAXITER= options are effective for PLIKEOPTIONS.
The optimization algorithm is considered to have converged when any one of the convergence criteria that
are speci ed inoptimization-parameters is satis ed. Table 4.2 lists the available optimization parameters for
both the PLIKEOPTIONS and SMOOTHOPTIONS options.

Table 4.2 Optimization Parameters

Option Description

ABSCONV= Tunes the absolute function convergence criterion

ABSFCONV= Tunes the absolute function difference convergence criterion
ABSGCONV= Tunes the absolute gradient convergence criterion

FCONV= Tunes the relative function difference convergence criterion

GCONV= Tunes the relative gradient convergence criterion

MAXFUNC= Speci es the maximum number of function evaluations in any optimization
MAXITER= Chooses the maximum number of iterations in any optimization
MAXTIME= Speci es the upper limit of CPU time (in seconds) for any optimization
MINITER= Speci es the minimum number of iterations in any optimization

TECHNIQUE= Selects the optimization technique
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You can specify the followingptimization-parameters:

ABSCONV=r
ABSTOL=r

speci es an absolute function convergence criterion. For minimization, termination refjuire /
r, where is the vector of parameters in the optimization dnd is the objective function. The
default value of is the negative square root of the largest double-precision value, which serves only as

a protection against over ow.
ABSFCONV=r <n>
ABSFTOL=r <n>

speci es an absolute function difference convergence criterion. For all techniques BRXEHVIP,
termination requires a small change of the function value in successive iterations,

[P B P A

where denotes the vector of parameters that participate in the optimizatioh ahid the objective
function. The same formula is used for the NMSIMP technique, hidf is de ned as the vertex that
has the lowest function value and® !/ is de ned as the vertex that has the highest function value in
the simplex. The optional integer valuespeci es the number of successive iterations for which the
criterion must be satis ed before the process terminates. By default, ABSFCONV=0.
ABSGCONV=r <n>
ABSGTOL=r <n>

speci es an absolute gradient convergence criterion. Termination requires the maximum absolute
gradient element to be small,

maxjg; . ¥ /j r
j

where denotes the vector of parameters that participate in the optimizatiog;arids the gradient
of the objective function with respect to tith parameter. This criterion is not used by the NMSIMP
technique. The default value is= 1E-8. The optional integer valuespeci es the number of
successive iterations for which the criterion must be satis ed before the process terminates.
FCONV=r <n>
FTOL=r <n>

speci es a relative function difference convergence criterion. For all techniques exXtpMP,
termination requires a small relative change of the function value in successive iterations,

jit. Kot kY
if. k 1//j

where denotes the vector of parameters that participate in the optimizatioh ahis the objective
function. The same formula is used for the NMSIMP technique, bkt is de ned as the vertex that

has the lowest function value and® !/ is de ned as the vertex that has the highest function value in
the simplex.

The defaultvalueis=2 , where isthe machine precision. The optional integer valspeci es the
number of successive iterations for which the criterion must be satis ed before the process terminates.
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GCONV=rr <n>
GTOL=r <n>

speci es a relative gradient convergence criterion. For all techniques except CONGRA and NMSIMP,
termination requires that the normalized predicted function reduction be small,

g. Kkl jogK . 1g_ Ky
if. ki /j

where denotes the vector of parameters that participate in the optimizdtianis the objective
function, andg. / is the gradient. For the CONGRA technique (where a reliable Hessian estithate,
is not available), the following criterion is used:

kg, ¥/K ks [k
kg, ¥/ g * Uik jf. ¥

This criterion is not used by the NMSIMP technique. The default valuesidE-8. The optional
integer valuen speci es the number of successive iterations for which the criterion must be satis ed
before the process terminates.

MAXFUNC=n
MAXFU=n
speci es the maximum number of function calls in the optimization process. The default values are as

follows, depending on the optimization technique that you specify in the TECHNIQUE= option:
TRUREG, NRRIDG, NEWRAPn = 125
QUANEW, DBLDOG:n =500
CONGRA:n =1,000
NMSIMP: n = 3,000

The optimization can terminate only after completing a full iteration. Therefore, the number of function
calls that are actually performed can exceed

MAXITER=n
MAXIT=n
speci es the maximum number of iterations in the optimization process. The default values are as

follows, depending on the optimization technique that you specify in the TECHNIQUE option:
TRUREG, NRRIDG, NEWRAPN =50
QUANEW, DBLDOG:n =200
CONGRA:n =400
NMSIMP: n = 1,000

These default values also apply wheis speci ed as a missing value.
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MAXTIME=r
speci es an upper limit of seconds of CPU time for the optimization process. The default value is the
largest oating-point double representation of your computer. The time that you specify in this option
is checked only once at the end of each iteration. Therefore, the actual running time can be longer than
r.

MINITER=n

MINIT=n
speci es the minimum number of iterations. If you request more iterations than are actually needed for
convergence to a stationary point, the optimization algorithms might behave strangely. For example,
the effect of rounding errors can prevent the algorithm from continuing for the required number of
iterations. By default, MINITER=O.

TECHNIQUE=keyword

TECH=keyword
speci es the optimization technique for obtaining smoothing parameter estimates and regression
parameter estimates. You can choose from the following techniques:

CONGRA performs a conjugate-gradient optimization.

DBLDOG performs a version of double-dogleg optimization.
NEWRAP performs a Newton-Raphson optimization with line search.
NMSIMP performs a Nelder-Mead simplex optimization.

NONE performs no optimization.

NRRIDG performs a Newton-Raphson optimization with ridging.
QUANEW performs a dual quasi-Newton optimization.

TRUREG performs a trust-region optimization

By default, TECHNIQUE=NEWRAP for the performance iteration (METHOD=PERFORMANCE),
and TECHNIQUE=QUANEW for the outer iteration (METHOD=OUTER).

For more information, see the section “Choosing an Optimization Technique” on page 106.

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.
The CLASS statement must precede the MODEL statement. You can list the response variable for binary
models in the CLASS statement, but this is not necessary.

The CLASS statement is documented in the section “CLASS Statement” on page 36.
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FREQ Statement
FREQ variable ;

Thevariable in the FREQ statement identi es a numeric variable in the data set that contains the frequency
of occurrence of each observation. PROC GAMPL treats each observation as if it appteres] where

the frequency valuéis the value of the FREQ variable for the observatiod. if not an integer, thehis
truncated to an integer. ffis less than 1 or missing, the observation is not used in the analysis. When you do
not specify the FREQ statement, 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 to be transferred to the output
data set that you specify in the OUTPUT statement.

For more information, see the section “ID Statement” on page 40.

MODEL Statement

MODEL response < (response-options) > = < PARAM( effects) > < spline-effects > </ model-options > ;
MODEL events / trials = < PARAM( effects) > < spline-effects > </ model-options > ;

The MODEL statement speci es the response (dependent or target) variable and the predictor (independent
or explanatory) effects of the model. You can specify the response in the form of a single variable or in the
form of a ratio of two variables, which are denotents/trials. The rst form applies to all distribution
families; the second form applies only to summarized binomial response data. When you have binomial data,
theevents variable contains the number of positive responses (or events) atréhtheariable contains the
number of trials. The values of botlvents and (rials — events) must be nonnegative, and the valuerafls

must be positive. If you specify a singlesponse variable that is in a CLASS statement, then the response is
assumed to be binary.

You can specify parametric effects that are constructed from variables in the input data set and include the
effects in the parentheses of a PARAM() option, which can appear multiple times. For information about
constructing the model effects, see the section “Speci cation and Parameterization of Model Effects” on
page 49.

You can specifyspline-effects by including independent variables inside the parentheses of the SPLINE()
option. Only continuous variables (not classi cation variables) can be speci agline-effects. Each
spline-effect can have at least one variable and optionally sepfiee-options. You can specify any number

of spline-effects. The following table shows some examples.
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Spline Effect Speci cation Meaning

Spline(x) Constructs the univariate spline withand uses
the observed data points as knots. The maximum
degrees of freedom is 10. PROC GAMPL uses an
optimization algorithm to determine the optimal
smoothing parameter.

Spline(x1/knots=list(1 to 10)) Constructs the univariate spline by usiigand a
supplied list of knots from 1 to 10. PROC GAMPL
uses an optimization algorithm to determine the
optimal smoothing parameter.

Spline(x2 x3/smooth=0.3) Constructs the bivariate spline by usix@yandx3
and a xed smoothing parameter 0.3.
Spline(x4 x5 x6/maxdf=40) Constructs the trivariate spline by usirg, x5,

andx6 and a maximum of 40 degrees of freedom.
PROC GAMPL uses an optimization algorithm to
determine the optimal smoothing parameter.

Both parametric effects and spline effects are optional. If none are speci ed, a model that contains only an
intercept is tted. If only parametric effects are present, PROC GAMPL ts a parametric generalized linear
model by using the terms inside the parentheses of all PARAM( ) terms. If only spline effects are present,
PROC GAMPL ts a nonparametric additive model. If both types of effects are present, PROC GAMPL ts

a semiparametric model by using the parametric effects as the linear part of the model.

There are three sets of options in the MODEL statement.rdgmnse-options determine how th&AMPL
procedure models probabilities for binary data. Epkne-options controls how each spline term forms
basis expansions. Theodel-options control other aspects of model formation and inference. Table 4.3
summarizes these options.

Table 4.3 MODEL Statement Options

Option Description

Response Variable Options for Binary Models
DESCENDING Reverses the response categories
EVENT= Speci es the event category
ORDER= Speci es the sort order

REF= Speci es the reference category

Smoothing Options for Spline Effects

DETAILS Requests detailed spline information

DF= Speci es the xed degrees of freedom

INITSMOOTH= Speci es the starting value for the smoothing parameter

KNOTS= Speci es the knots to be used for constructing the spline

M= Speci es polynomial orders for constructing the spline

MAXDF= Speci es the maximum degrees of freedom

MAXKNOTS= Speci es the maximum number of knots to be used for constructing the spline

MAXSMOQOTH= Speci es the upper bound for the smoothing parameter
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Table 4.3 continued

Option Description
MINSMOOTH= Speci es the lower bound for the smoothing parameter
SMOOTH= Speci es a xed smoothing parameter

Model Options
ALLOBS

CRITERION=
DISPERSION | PHI=
DISTRIBUTION | DIST=
FDHESSIAN
INITIALPHI=

LINK=

NORMALIZE
MAXPHI=
METHOD=
MINPHI=

OFFSET=

RIDGE=

SCALE=

Requests all nonmissing values of spline variables for constructing spline
basis functions regardless of other model variables
Speci es the model evaluation criterion
Speci es the xed dispersion parameter
Speci es the response distribution
Requests a nite-difference Hessian for smoothing parameter selection
Speci es the starting value of the dispersion parameter
Speci es the link function
Requests normalized spline basis functions for model tting
Speci es the upper bound for searching the dispersion parameter
Speci es the algorithm for selecting smoothing parameters
Speci es the lower bound for searching the dispersion parameter
Speci es the offset variable
Speci es the ridge parameter
Speci es the method for estimating the dispersion parameter

Response Variable Options

Response variable options determine how the GAMPL procedure models probabilities for binary data.

You can specify the followingesponse-options by enclosing them in parentheses afterrfponse variable.

DESCENDING
DESC

reverses the order of the response categories. If you specify both the DESCENDING and ORDER=
options, PROC GAMPL orders the response categories according to the ORDER= option and then

reverses that order.

EVENT="category' | FIRST | LAST

speci es the event category for the binary response model. PROC GAMPL models the probability
of the event category. The EVENT= option has no effect when there are more than two response

categories.

You can specify any of the following:

‘category’

speci es that observations whose value matatesgory (formatted, if a format is applied) in

guotation marks represent events in the data. For example, the following statements specify that
observations that have a formatted value of "1' represent events in the data. The probability that

is modeled by the GAMPL procedure is thus the probability that the variaflakes on the
(formatted) value "1'.
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proc gampl data=MyData;

class A B C;

model def(event =1) = param(A B C) spline(x1 x2 x3);
run;

FIRST
designates the rst ordered category as the event.

LAST
designates the last ordered category as the event.

By default, EVENT=FIRST.

ORDER=DATA | FORMATTED | INTERNAL

ORDER=FREQ | FREQDATA | FREQFORMATTED | FREQINTERNAL
speci es the sort order for the levels of thesponse variable. When ORDER=FORMATTED (the
default) for numeric variables for which you have supplied no explicit format (that is, for which there
is no corresponding FORMAT statement in the current PROC GAMPL run or in the DATA step that
created the data set), the levels are ordered by their internal (numeric) value. Table 4.4 shows the
interpretation of the ORDER= option.

Table 4.4 Sort Order

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 unformat-
ted (internal) value

FREQ Descending frequency count (levels that have the most ob-
servations come rstin the order)

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

FREQFORMATTED Order of descending frequency count; within counts by for-
matted value when counts are tied

FREQINTERNAL Order of descending frequency count; within counts by un-
formatted value when counts are tied

INTERNAL Unformatted value

By default, ORDER=FORMATTED. For the FORMATTED and INTERNAL orders, the sort order is
machine-dependent.

For more information about sort order, see the chapter about the SORT procedaseirSAS
ProceduresGuideand the discussion of BY-group processingiiS Language Reference: Concepts
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REF="category' | FIRST | LAST
speci es the reference category for the binary response model. Specifying one response category as
the reference is the same as specifying the other response category as the event category. You can
specify any of the following:

‘category’
speci es that observations whose value matateegory (formatted, if a format is applied) are
designated as the reference.

FIRST
designates the rst ordered category as the reference

LAST
designates the last ordered category as the reference.

By default, REF=LAST.

Spline Options

DETAILS
requests a detailed spline speci cation information table.

DF=number
speci es a xed degrees of freedom. When you specify this option, no smoothing parameter selection
is performed on the spline term.dtimber is not an integer, thenumber is truncated to an integer.

INITSMOOTH=number
speci es the starting value for a smoothing parameter. fAumber must be nonnegative.

KNOTS=method
speci es themethod for supplying user-de ned knot values instead of using data values for constructing
basis expansions. You can use the followingthods for supplying the knots:

LIST(list-of-values)
speci es a list of values as knots for the spline construction. For a multivariate spline term, the
listed values are taken as multiple row vectors, where each vector has values that are ordered
by speci ed variables. If the last row vector of knots contains fewer values than the number of
variables, then the last row vector is ignored. For example, the following speci cation of a spline
term produces two actual knot vectoks (@andk,) and the value 5 is ignored.

spline(x1 x2/knots=list(1 2 3 4 5))

Table 4.5 Knot Values for a Bivariate Spline with a Supplied List

x1l X2
ki 1 2
ko 3 4
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EQUAL(N)
speci es the number of equally spaced interior knots for every variable in a spline term. Two
boundary knots are automatically added to the knot list for each variable such that the total
number of knots isn C 2/, whered is the number of variables in the spline term. For a
multivariate spline term, knot values for each variable are determined independently from the
corresponding boundary values. For example, if the boundary pointg fme 1 and 5 and the
boundary points fox2 are 2 and 6, then the following speci cation of a spline term produces
nine actual knotsk(; — kg), which consist of two boundary knots and one interior knot for each
variable.

spline(x1 x2/knots=equal(1))

Table 4.6 Knot Values for a Bivariate Spline with One Interior Knot

x1 x2
kp, 1 2
ko 1 4
ks 1 6
kg 3 2
ks 3 4
ke 3 6
k; 5 2
ks 5 4

5 6

M=number
speci es the order of the derivative in the penalty term. hhmber must be a positive integer. The
default ismax.2; int.d=2/ C 1/, whered is the number of variables in the spline term.

MAXDF=number
speci es the maximunmumber of degrees of freedom. When a thin-plate regression spline is formed,
the speci ednumber is used for constructing a low-rank penalty matrix to approximate the penalty
matrix via the truncated eigendecomposition. Aheber must be greaterthar’i“C(;j 1 wheremis
the derivative order that is speci ed in the M= option. The defaultds d. For more information,
see the section “Thin-Plate Regression Splines” on page 95.

MAXKNOTS=number
speci es the maximunmumber of knots if data points are used to form knots. If KNOTS=LI&E{
of-values) is not speci ed, PROC GAMPL forms knots from unique data points. If the number of
unique data points is greater thammber, a subset of sizeumber is formed by random sampling
from all unique data points. Theimber cannot exceed the largest integer that can be stored on the
given machine. By default, MAXKNOTS=2000.

MAXSMOOTH=number
speci es the upper bound for the smoothing parameter. The default is the largest double-precision
value.
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MINSMOOTH=number
speci es the lower bound for the smoothing parameter. By default, MINSMOOTH=0.

SMOOTH=number

speci es a xed smoothing parameter. When you specify this option, no smoothing parameter selection
is performed on the spline term.

Model Options

ALLOBS

requests that all nonmissing values of the variables be speci ed in a spline term for constructing the
spline basis functions, regardless of whether other model variables are missing.

CRITERION=criterion

speci es the model evaluation criterion for selecting smoothing parametesslfiog-effects. You can
specify the following values:

GACV< (FACTOR=number | GAMMA=number) >
uses the generalized approximate cross validation (GACV) criterion to evaluate models.

GCV< (FACTOR=number | GAMMA=number) >
uses the generalized cross validation (GCV) criterion to evaluate models.

UBRE< (FACTOR=number | GAMMA=number) >
uses the unbiased risk estimator (UBRE) criterion to evaluate models.

The defaultcriterion depends on the value of the DISTRIBUTION= option. For distributions that
involve dispersion parameters, GCV is the default. For distributions without dispersion parameters,
UBRE is the default. For all three criteria, you can optionally use the FACTOR= option to specify an
extra tuning parameter in order to penalize more for model roughness. The valualdr must

be greater than or equal to 1. For more information about the model evaluation criteria, see “Model
Evaluation Criteria” on page 100.

DISPERSION=number
speci es a xed dispersion parameter for distributions that have a dispersion parameter. The dispersion
parameter that is used in all computations is xedhanber; it is not estimated.

DISTRIBUTION=keyword

speci es the response distribution for the model. khgwords and their associated distributions are
shown in Table 4.7.
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Table 4.7 Built-In Distribution Functions

Distribution
DISTRIBUTION= Function
BINARY Binary
BINOMIAL Binary or binomial
GAMMA Gamma

INVERSEGAUSSIAN | IG Inverse Gaussian
NEGATIVEBINOMIAL | NB  Negative binomial
NORMAL | GAUSSIAN Normal
POISSON Poisson

If you do not specify a link function in the LINK= option, a default link function is used. The default

link function for each distribution is shown in Table 4.8. You can use any link function shown in
Table 4.9 by specifying the LINK= option. Other commonly used link functions for each distribution
are shown in Table 4.8.

Table 4.8 Default and Commonly Used Link Functions

Default Other Commonly Used
DISTRIBUTION= Link Function Link Functions
BINARY Logit Probit, complementary log-log, log-log
BINOMIAL Logit Probit, complementary log-log, log-log
GAMMA Reciprocal Log

INVERSEGAUSSIAN | IG Reciprocal square Log
NEGATIVEBINOMIAL | NB  Log

NORMAL | GAUSSIAN Identity Log
POISSON Log

FDHESSIAN
requests that the second-order derivatives (Hessian) be computed using nite-difference approximations
based on evaluation of the rst-order derivatives (gradient). This option might be useful if the analytical
Hessian takes a long time to compute.

INITIALPHI=number
speci es a starting value for iterative maximum likelihood estimation of the dispersion parameter for
distributions that have a dispersion parameter.

LINK=keyword
speci es the link function for the model. Theywords and the associated link functions are shown
in Table 4.9. Default and commonly used link functions for the available distributions are shown in
Table 4.8.
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Table 4.9 Built-In Link Functions

Link
LINK= Function g./ D D
CLOGLOG |CLL  Complementary log-log log. log.1 //
IDENTITY | ID Identity
INV | RECIP Reciprocal 1=
INV2 Reciprocal square 1= 2
LOG Logarithm log. /
LOGIT Logit log. =.1 I
LOGLOG Log-log log. log.//
PROBIT Probit ~ol

L./ denotes the quantile function of the standard normal distribution.

MAXPHI=number
speci es an upper bound for maximum likelihood estimation of the dispersion parameter for distribu-

tions that have a dispersion parameter.

METHOD=OUTER | PERFORMANCE
speci es the algorithm for selecting smoothing parametersjidne-effects. You can specify the
following values:

OUTER speci es the outer iteration method for selecting smoothing parameters. For more
information about the method, see the section “Outer Iteration (Experimental)” on
page 101.

NOTE: The outer iteration method is experimental in this release.

PERFORMANCE speci es the performance iteration method for selecting smoothing parameters.
For more information about the method, see the section “Performance Iteration” on
page 102.

By default, METHOD=PERFORMANCE.

MINPHI=number
speci es a lower bound for maximum likelihood estimation of the dispersion parameter for distributions

that have a dispersion parameter.

NORMALIZE
requests normalized spline basis functions for model tting. After the regression spline basis functions
are computed, each column is standardized to have a unit standard error. The corresponding penalty
matrix is also scaled accordingly. This option might be helpful when you have badly scaled data.

OFFSET=variable
speci es avariable to be used as an offset to the linear predictor. An offset plays the role of an effect
whose coef cient is known to be 1. The offset variable cannot appear in the CLASS statement or
elsewhere in the MODEL statement. Observations that have missing values for the offset variable are
excluded from the analysis.
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RIDGE=number

allows a ridge parameter such that a diagonal matri¥H;; D number is added to the optimization
problem with respect to regression parameters:

min.y X /%y X /C % C %  withrespectto

By default, RIDGE=0. Specifying a small ridge parameter might be helpful if the model matrix
XX C S s close to singular.

SCALE=DEVIANCE | MLE | PEARSON

speci es the method for estimating the scale and dispersion parameters. You can specify the following
values:

DEVIANCE
estimates the dispersion parameter by using the deviance statistic.

MLE
computes the dispersion parameter by maximizing the likelihood or penalized likelihood.

PEARSON
estimates the dispersion parameter by using Pearson's statistic.

By default, SCALE=MLE.

OUTPUT Statement

OUTPUT <OUT=SAS-data-set>
<keyword <=name >>...<keyword <=name >> </ options > ;

The OUTPUT statement creates a data set that contains observationwise statistics that are computed after the
model is tted. The variables in the input data set actincluded in the output data set in order to avoid data
duplication for large data sets; however, variables that are speci ed in the ID statement are included.

If the input data set is distributed (so that accessing data in a particular order cannot be guaranteed), the
GAMPL procedure copies the distribution or partition key to the output data set so that its contents can be
joined with the input data.

The computation of the output statistics is based on the nal parameter estimates. If the model t does not
converge, missing values are produced for the quantities that depend on the estimates.

You can specify the following syntax elements in the OUTPUT statement before the slash (/).

OUT=SAS-data-set

DATA=SAS-data-set

speci es the name of the output data set. If you omit this option, PROC GAMPL us&sAliAe
convention to name the output data set.

keyword <=name >
speci es a statistic to include in the output data set and optionally assigaaato the variable. If
you do not provide aame, the GAMPL procedure assigns a default name based oretherd.

You can specify the followingeywords for adding statistics to the OUTPUT data set:
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LINP | XBETA
requests the linear predictorD x° . For observations in which only the response variable is
missing, values of the linear predictor are computed even though these observations do not affect
the model t. The defaulhame is Xbeta.

LOWER

requests a lower Bayesian con dence band value for the predicted value. The defagilis
Lower.

PEARSON | PEARS | RESCHI

. P— : . .
requests the Pearsonresidugl, /= V./ ,where isthe estimate of the predicted response
mean and/./ is the response distribution variance function. The defaartte is Pearson.

PREDICTED | PRED | P
requests predicted values for the response variable. For observations in which only the response
variable is missing, the predicted values are computed even though these observations do not
affect the model t. The defaulhame is Pred.

RESIDUAL | RESID | R

requests the raw residugl, , where is the estimate of the predicted mean. The default
name is Residual.

STD
requests a standard error for the linear predictor. The defanlé is Std.

UPPER

requests an upper Bayesian con dence band value for the predicted value. The refevis
Upper.

You can specify the followingptions in the OUTPUT statement after the slash (/):

ALPHA=number

speci es the signi cance level for the construction of Bayesian con dence bands in the OUTPUT data
set. The con dence level i number.

COMPONENT

requests componentwise statistics for all spline terms if LINP, LOWER, STD, or UPPER is speci ed
as akeyword.

PERFORMANCE Statement
PERFORMANCE < performance-options > ;

You can use the PERFORMANCE statement to control whether the procedure executes in single-machine or
distributed mode. The default is single-machine mode.

You can also use this statement to de ne performance parameters for multithreaded and distributed computing,
and you can request details about performance results.

The PERFORMANCE statement is documented in the section “PERFORMANCE Statement” on page 31.
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WEIGHT Statement
WEIGHT variable ;

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

Details: GAMPL Procedure

Missing Values

Any observation that has missing values for the response, frequency, weight, offset, or explanatory variables
is excluded from the analysis; however, missing values are valid for response and explanatory variables if
you specify the MISSING option in the CLASS statement. Observations that have a nonpositive weight or a
frequency less than 1 are also excluded. For Poisson and negative binomial distributions, observations that
have a negative response value are excluded. For gamma and inverse Gaussian distributions, observations
that have a nonpositive response value are excluded.

The estimated linear predictor and the tted means are not computed for any observation that has missing
offset or explanatory variable values. However, if only the response value is missing, the linear predictor and
the tted means can be computed and output to a data set by using the OUTPUT statement.

Thin-Plate Regression Splines

The GAMPL procedure uses thin-plate regression splines (Wood 2003) to construct spline basis expansions.
The thin-plate regression splines are based on thin-plate smoothing splines (Duchon 1976, 1977). Compared
to thin-plate smoothing splines, thin-plate regression splines produce fewer basis expansions and thus make
direct tting of generalized additive models possible.

Thin-Plate Smoothing Splines

Consider the problem of estimating a smoothing functiaf x with d covariates fromm observations. The
model assumes

Then the thin-plate smoothing splines estimate the smoothing furfcbgminimizing the penalized least
squares function:

Yi f.x/1?C I g fl
iD1
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The penalty termJ .4 .f/ includes the function that measures roughness oh éséimate:
z z X mS a@f 2

dx;  dxg
1C C 4Dm

The parametem (which corresponds to the M= option for a spline effect) speci es how the penalty is applied
to the function roughness. Function derivatives whose order is lessrithagmnot penalized. The relation
2m >d must be satis ed.

The penalty term also includes the smoothing parameKEQ, /, which controls the trade-off between the
model's delity to the data and the function smoothnes$.aVhen D 0, the function estimate corresponds
to an interpolation. When ! 1 | the function estimate becomes the least squares t. By using the de ned
penalized least squares criterion and a xedalue, you can explicitly express the estimate of the smooth
functionf in the following form:

X X
f x/'D j j.X/C im;d-kx Xi k/
iD1 i

In the expression of .x/, i and ; are coef cients to be estimated. The functions x/ correspond
to unpenalized polynomials of with degrees up ton 1. The total number of these polynomials is
M D mcé’ 1 The function m:d Models the extra nonlinearity besides the polynomials and is a function
of the Euclidean distanaebetween anx value and an observed value:

8

IS _ ymcicd=2
<m 1 02 .m 18m d=2/%

m:d x/ D .
zznf:'dd+_n:n/1,gr2m d if d is odd

r2m dog.r/ if dis even

De ne the penalty matribE such that each entiigj D ,,.q .kX;  Xj K/, lety be the vector of the response,
let T be the matrix where each row is formed by.x/, and let and be vectors of coef cients; and ;.
Then you can obtain the function estimétefrom the following minimization problem:

mnky T E K*C % subjectto T° DO

For more information about thin-plate smoothing splines, see Chapter 118, “The TPSPLINE Procedure”
(SAS/STAT User's Guijle

Low-Rank Approximation

Given the representation of the thin-plate smoothing spline, the estimbiawafives as many parameters as
the number of unique data points. Solving / with an optimum becomes dif cult for large problems.

Because the matrik is symmetric and nonnegative de nite, the eigendecomposition can be taken as
E D UDU° whereD is the diagonal matrix of eigenvaluds of E, andU is the matrix of eigenvectors that
corresponds td; . The truncated eigendecomposition forf8s which is an approximation t& such that

& D UgDyUY

whereDy is a diagonal matrix that contains tkenost extreme eigenvalues in descending order of absolute
values:dej > > jd%j. Uy is the matrix that is formed by columns of eigenvectors that correspond to the
eigenvalues iy .
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The approximatior}, not only reduces the dimension fram nof Eton k but also is optimal in two
senses. First&} minimizes the spectral norkE  F ko betweerE and all rankk matricesF, . Secondf&
also minimizes the worst possible change that is introduced by the eigenspace truncation as de ned by

ax °E G/
a0 k k2

whereGy is formed by anyk eigenvalues and corresponding eigenvectors. For more information, see Wood
(2003).

Now givenE & and&), D U,D,U?, and letting , D U? , the minimization problem becomes
minky T  UcDy (k*C D¢ « subjectto TU, DO

You can turn the constrained optimization problem into an unconstrained one by using any orthogonal column
basisZ. One way to fornZ is via the QR decomposition cbjck’T:

R
URT D @1Q20
LetZ D Q,. Thenitis veri ed that

TU.Z D RQIQ, D0

So for  such thatTU, D 0, itis true that , D ZQ Now the problem becomes the unconstrained
optimization,

minky T UD:z@®>c &P, zQ

Let

0 0

D o: XD®EWLDcZ+ and SD 20, 7

The optimization is simpli ed as

minky X k®C %  withrespectto

Generalized Additive Models
Generalized Linear Models

All probability distributions that the GAMPL procedure ts are members of an exponential family of
distributions. For the speci cation of an exponential family, see the section “Generalized Linear Models
Theory” in Chapter 45, “The GENMOD ProcedureSAS/STAT User's Guijle

Table 4.10 lists and de nes some common notation that is used in the context of generalized linear models
and generalized additive models.
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Table 4.10 Common Notation

Notation Meaning

Log-likelihood
o Penalized log-likelihood
D Deviance
Dp Penalized deviance
g Link function
g ! Inverse link function

ResponsemeanD g 1. /
Linear predictor D X
Dispersion parameter
z Column of adjusted response variable
Column of response variance
i Prior weight for each observation
Wi Adjusted weight for each observation
w Diagonal matrix of adjusted weights

The GAMPL procedure supports the following distributions: binary, binomial, gamma, inverse Gaussian,
negative binomial, normal (Gaussian), and Poisson.

For forms of log-likelihood functions for each of the probability distributions, see the section “Log-Likelihood
Functions” in Chapter 45, “The GENMOD Procedur&AS/STAT User's GuidleFor forms of the deviance

for each of the probability distributions, see the section “Goodness of Fit” in Chapter 45, “The GENMOD
Procedure” AS/STAT User's Guijle

Generalized Additive Models

Generalized additive models are extensions of generalized linear models (Nelder and Wedderburn 1972). For
each observation that has a respovisand a row vector of the model matrix, both generalized additive
models and generalized linear models assume the model additivity

g. i/ Df1.xi1/C  Cfp.Xxp/

where ; D E.Y;/ andY; is independently distributed in some exponential family. Generalized linear
models further assume model linearityfgy.x; / D x; ; forj D 1;:::;p. Generalized additive models

relax the linearity assumption by allowing some smoothing functign® characterize the dependency.

The GAMPL procedure constructs the smoothing functions by using thin-plate regression splines. For more
information about generalized additive models and other type of smoothing functions, see Chapter 42, “The
GAM Procedure” SAS/STAT User's Guijle

Consider a generalized additive model that has some linear drnvgath coef cients | andp smoothing
functionsf ; . Each smoothing function can be constructed by thin-plate regression splines with a smoothing
parameter j . Using the notations described in the section “Low-Rank Approximation” on page 96, you can
characterize each smoothing function by

0 0

i D (JP; Xj D & W) Dy Zj+ and § D 0 szDk,-z,-
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Notice that each smoothing function representation contains a zero-degree polynomial that corresponds to a
constant. Having multiple constant terms makes the smoothing functions unidenti able. The solution is to
include a global constant term (that is, the intercept) in the model and enforce the centering constraint to each
smoothing function. You can write the constraint as

1%; ;DO

By using a similar approach as the linear constraint for thin-plate regression splines, you obtain the orthogonal
column basig/; via the QR decomposition ()(J-Ol such thatt®; V; D 0. Each smoothing function can be

reparameterized 8§ D X; V; .

LetX D ®& W W M-and °D & WIW V- Then the generalized additive model can be
represented ag. / D X . The roughness penalty matrix is represented as a block diagonal matrix:

2 3
0 0 0
0 1S 0
S D
iS
0 0 oS

Then the roughness penalty is measured in the quadratic fé&8m .

Penalized Likelihood Estimation

Given a xed vector of smoothing parametersP @& ::: < you can tthe generalized additive models by
the penalized likelihood estimation. In contrast to the maximum likelihood estimation, penalized likelihood
estimation obtains an estimate foby maximizing the penalized log likelihood,

1
b ID. 1 2 %S
P 2
Any optimization technique that you can use for maximum likelihood estimation can also be used for

penalized likelihood estimation. If rst-order derivatives are required for the optimization technique, you can
compute the gradient as

@ . @
—D— S
@ @
If second-order derivatives are required for the optimization technique, you can compute the Hessian as
@ ° D @ s
@@’ @@

In the gradient and Hessian forn® =@and@ =.@ @Y are the corresponding gradient and Hessian,
respectively, for the log-likelihood for generalized linear models. For more information about optimization
techniques, see the section “Choosing an Optimization Technique” on page 106.
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Model Evaluation Criteria

Given a xed set of smoothing parametersn which each ; controls the smoothness of each spline term,

you can t a generalized additive model by the penalized likelihood estimation. There are in nitely many
sets of smoothing parameters. In order to search optimum models, some model evaluation criteria need to be
de ned to quantify the model goodness-of- t. The GAMPL procedure uses the following model evaluation
criteria:

generalized cross validation (GCW)g (Craven and Wahba 1979)
unbiased risk estimator (UBREY, (Craven and Wahba 1979)

generalized approximate cross validation (GACWY),(Xiang and Wahba 1996)

Consider the optimization problem
min.y X /% X /C %  withrespectto
The parameter estimate forcan be represented as
Op . xXcs/ xYy
And the smoothing matrix (also called the in uence matrix or hat matrix) is thus represented as

H DX.XXcs/ 1x°

With the de ned smoothing matrix, you can form the model evaluation criteria as follows:

nky H yk?
Va- !/ .l H /2

1 2 2 2
V. I D ﬁky H yk - tr.l H/C

tr.H /

1
Vo. /| D “ky Hyk® 1C2 ——
a n'Y y tr.l H/

In the equations, 1 (which corresponds to the GAMMA= suboption of the CRITERION= option) is the
tuning parameter that is sometimes used to enforce smoother models.

The GAMPL procedure uses tting algorithms that involve minimizing the model evaluation criterion with
respect to unknown smoothing parameters

Fitting Algorithms

For models that assume a normally distributed response variable, you can minimize the model evaluation
criteria directly by searching for optimal smoothing parameters. For models that have nonnormal distributions,
you cannot use the model evaluation criteria directly because the involved statistics keep changing between
iterations. The GAMPL procedure enables you to use either of two tting approaches to search for optimum
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models: the outer iteration method and the performance iteration method. The outer iteration method modi es
the model evaluation criteria so that a global objective function can be minimized in order to nd the best
smoothing parameters. The performance iteration method minimizes a series of objective functions in an
iterative fashion and then obtains the optimum smoothing parameters at convergence. For large data sets, the
performance iteration method usually converges faster than the outer iteration method.

Outer Iteration (Experimental)

The outer iteration method is outlined in Wood (2006). The method uses modi ed model evaluation criteria,
which are de ned as follows:

nD . /
Ve. /| D ————
9 n o tr.H /2
D./ 2
Ve. | D ~2%r0 HI/C 2
n n
D . 2 tr.H /P
Vo. / D ! r-H

n ntr.l H /

By replacingky H yk? with model devianc® . /,the modi ed model evaluation criteria relate to the
smoothing parameter in a direct way such that the analytic gradient and Hessian are available in explicit
forms. The Pearson's statistt is used in the GACV criterioW2. / (Wood 2008). The algorithm for the
outer iteration is thus as follows:

1. Initialize smoothing parameters by taking one step of performance iteration based on adjusted response
and adjusted weight except for spline terms with initial values that are speci ed in the INITSMOOTH=
option.

2. Search for the best smoothing parameters by minimizing the modi ed model evaluation criteria.
The optimization process stops when any of the convergence criteria that are specied in the
SMOOTHOPTIONS option is met. At each optimization step:

parameter if necessary.

b) Search for the best regression parametetsy minimizing the penalized deviand, (or
maximizing the penalized likelihood, for negative binomial distribution). The optimization
process stops when any of the convergence criteria that are speci ed in the PLIKEOPTIONS
option is met.

c) At convergence, evaluate derivatives of the model evaluation criteria with respetiytosing
@R=@,@D,=.@ @Y%, @=@; ,and@ =.@; @\/.

Step2b usually converges quickly because it is essentially penalized likelihood estimation given that
DpD2. max /C S 0 Step2c contains involved computation by using the chain rule of derivatives.
For more information about computing derivatives/fgfandVy, see Wood (2008, 2011).
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Performance Iteration

The performance iteration method is proposed by Gu and Wahba (1991). Wood (2004) modi es and stabilizes
the algorithm for tting generalized additive models. The algorithm for the performance iteration method is
as follows:

Set the initial dispersion parameter if necessary.

2. Repeat the following steps until any of these three conditions is met: (1) the absolute function change
in penalized likelihood is suf ciently small; (2) the absolute relative function change in penalized
likelihood is suf ciently small; (3) the number of iterations exceeds the maximum iteration limit.

a) Form the adjusted response and adjusted weight frdng . /. For each observation,
zD iClyi il={ wbD! F=

b) Search for the best smoothing parameters for the current iteration based on valid adjusted response
values and adjusted weight values.

¢) Use the smoothing parameters to construct the linear predictor and the predicted means.

d) Obtain an estimate for the dispersion parameter if necessary.

In step2b, you can use different optimization techniques to search for the best smoothing parameters.
The Newton-Raphson optimization is ef cient in nding the optimunwhere the rst- and second-order
derivatives are available. For more information about computing derivativég ahdV,, with respectto ,

see Wood (2004).

Degrees of Freedom

Let W be the adjusted weight matrix at convergence, an8 lete the roughness penalty matrix with selected
smoothing parameters. The degrees of freedom matrix is de ned as in Wood (2006):

FD .XWx cCcs / Ixdwx

Given the adjusted responsethe parameter estimate is shown to® . XWX/ X%z for the model
without penalization, and the parameter estimat®z . XWX C S / 1XWz D F Qwith penalizationF
is thus the matrix that projects or maps the unpenalized parameter estimates to the penalized ones.

The model degrees of freedom is given as
df D tr.F/
And the degrees of freedom for error is given as

dfy Dn 2df Ctr.FF/
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For thejth spline term, the degrees of freedom for the component is de ned to be the trace of the submatrix
of F that corresponds to parameter estimates

dfj D tI’.Fj /
The degrees of freedom for the smoothing component test ¢fttherm is de ned similarly as

df} D 2df; tr..FF/;/

Model Inference

Wahba (1983) proposes a Bayesian covariance matrix for parameter estintgté@sterpreting a smoothing
spline as a posterior mean. Nychka (1988) shows that the derived Bayesian posterior con dence limits work
well from frequentist viewpoints. The Bayesian posterior covariance matrix for the parameters is

vV D.XWxcs/1t?
The posterior distribution for is thus
jy N.Ov/

For a particular point whose design row is vectothe prediction isx Gand the standard errorl?sxv x0,
The Bayesian posterior con dence limits are thus

xO z_, xV x0

wherez -, isthel =2 quantile of the standard normal distribution.

For thejth spline term, the prediction for the component is formeokjb)Q wherex; is a row vector of zeros
except for coajmns that correspond to basis expansions gtitlspline term. And the standard error for the

componentis x; V x?.

Dispersion Parameter

Some distribution families (Gaussian, gamma, inverse Gaussian, and negative binomial) have a dispersion
parameter that you can specify in the DISPERSION= option in the MODEL statement or you can estimate
from the data. The following three suboptions for the SCALE= option in the MODEL statement correspond
to three ways to estimate the dispersion parameter:

DEVIANCE
estimates the dispersion parameter by the deviance, given the regression parameter estimates:
=]
Diyis il
OD i | s 1
n df
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MLE
estimates the dispersion parameter by maximizing the penalized likelihood, given the regression
parameter estimates:

OD argmax™p. Q /

The MLE option is the only option that you can use to estimate the dispersion parameter for the
negative binomial distribution.

PEARSON
estimatelss the dispersion parameter by Pearson's statistic, given the regression parameter estimates:

YR ./2:.
OD |-|-y| i i
n df

If the dispersion parameter is estimated, it contributes one additional degree of freedom to the tted model.

Tests for Smoothing Components

The GAMPL procedure performs a smoothing component test on the null hypothe&e9 for thejth
component. In contrast to the analysis of deviance that is used in PROC GAM (which tests existence of
nonlinearity for each smoothing component), the smoothing component test used in PROC GAMPL tests for
the existence of a contribution for each smoothing component.

The hypothesis test is based on the Wald statistic. D&Xpes the matrix of all zeros except for columns that
correspond to basis expansions of jtiespline term. Then the column vector of prediction@iﬁ) X; 0

and the covariance matrix for the prediction¥jsD X; V XJQ. The Wald statistic for testing is

T, DRV KD KX v X" X O
whereV/ is the rankr pseudo-inverse of; . If R; is the Cholesky root foX?X; such thaRPR D X?X; ,
then the test statistic can be written as
T. D OR).RjV RY/" R; O
Wood (2012) proposes using ttjqt degrees of freedom for test (which is de ned in the section “Degrees of
Freedom” on page 102) as the ranlBecause spline terms in tted models often have noninteger degrees of
freedom, the GAMPL procedure uses a rounded valuﬁjtohs the rank:
(
bdfjt c if df} b dfjt c<D 0:050rdf} <1
ddff e otherwise

LetK be a symmetric and nonnegative de nite matrix, and let its eigenvalues be soded-ak, >
then the rank- pseudo-inverse df is formed by

’

2 3

K' D ukﬁ . L u?
d !
whereU, are formed by columns of eigenvectors that correspond to gigenvalues.
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Under the null hypothesis, the Wald statislicapproximately follows the chi-square distributidn 2,
For an observed test statistjc thep-value for rejecting the null hypothesis is computedPas? >t/ if
the dispersion parameter is constantPoF . ¢, >t/ with df, error degrees of freedom if the dispersion

parameter is estimated.

Be cautious when you interpret the results of the smoothing component test bpealises are computed
by approximation and the test does not take the smoothing parameter selection process into account.

Computational Method: Multithreading

Threading is the organization of computational work into multiple tasks (processing units that can be
scheduled by the operating system). Each task is associated with a thread. Multithreading is the concurrent
execution of threads. When multithreading is possible, you can realize substantial performance gains
compared to the performance you get from sequential (single-threaded) execution.

The number of threads that the GAMPL procedure spawns is determined by the number of CPUs on a
machine and can be controlled in the following ways:

You can specify the number of CPUs in the CPUCOUNT= SAS system option. For example, if you
specify the following statement, the GAMPL procedure determines threading as if it were executing
on a system that had four CPUs, regardless of the actual CPU count:

options cpucount=4;

You can specify the NTHREADS= option in the PERFORMANCE statement to control the number of
threads. This speci cation overrides the CPUCOUNT= system option. Specify NTHREADS=1 to
force single-threaded execution.

The GAMPL procedure allocates one thread per CPU by default.

The tasks that are multithreaded by the GAMPL procedure are primarily de ned by dividing the data that are
processed on a single machine among the threads—that is, the GAMPL procedure implements multithreading
through a data-parallel model. For example, if the input data set has 1,000 observations and PROC GAMPL
is running with four threads, then 250 observations are associated with each thread. All operations that
require access to the data are then multithreaded. These operations include the following:

variable levelization

effect levelization

formation of the initial crossproducts matrix
truncated eigendecomposition

formation of spline basis expansions
objective function calculation

gradient calculation
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Hessian calculation
scoring of observations

computing predictions for smoothing component plots

In addition, operations on matrices such as sweeps can be multithreaded if the matrices are of suf cient size
to realize performance bene ts from managing multiple threads for the particular matrix operation.

Choosing an Optimization Technique
First- or Second-Order Techniques

The factors that affect how you choose an optimization technique for a particular problem are complex.
Although the default technique works well for most problems, you might occasionally bene t from trying
several different techniques.

For many optimization problems, computing the gradient takes more computer time than computing the
function value. Computing the Hessian sometimes takashmore computer time and memory than
computing the gradient, especially when there are many decision variables. Unfortunately, optimization
techniques that do not use some kind of Hessian approximation usually require many more iterations than
techniques that use a Hessian matrix; as a result, the total run time of these techniques is often longer.
Techniques that do not use the Hessian also tend to be less reliable. For example, they can terminate more
easily at stationary points than at global optima.

Table 4.11 shows which derivatives are required for each optimization technique.

Table 4.11 Derivatives Required

Technigue First-Order Second-Order
TRUREG X X
NEWRAP X X
NRRIDG X X
QUANEW X -
DBLDOG X -
CONGRA X -
NMSIMP - -

The second-order derivative techniques (TRUREG, NEWRAP, and NRRIDG) are best for small problems for
which the Hessian matrix is not expensive to compute. Sometimes the NRRIDG technigue can be faster than
the TRUREG technique, but TRUREG can be more stable. The NRRIDG technique requires only one matrix
with p.p C 1/=2double words, wherp denotes the number of parameters in the optimization. TRUREG
and NEWRAP require two such matrices.

The QUANEW and DBLDOG rst-order derivative techniques are best for medium-sized problems for
which the objective function and the gradient can be evaluated much faster than the Hessian. In general, the
QUANEW and DBLDOG techniques require more iterations than TRUREG, NRRIDG, and NEWRAP, but
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each iteration can be much faster. The QUANEW and DBLDOG techniques require only the gradient to
update an approximate Hessian, and they require slightly less memory than TRUREG or NEWRAP.

The CONGRA rst-order derivative technique is best for large problems for which the objective function
and the gradient can be computed much faster than the Hessian and for which too much memory is required
to store the (approximate) Hessian. In general, the CONGRA technigue requires more iterations than
QUANEW or DBLDOG, but each iteration can be much faster. Because CONGRA requires only a factor of

p double-word memory, many large applications can be solved only by CONGRA.

The no-derivative technique NMSIMP is best for small problems for which derivatives are not continuous or
are very dif cult to compute.

Each optimization technique uses one or more convergence criteria that determine when it has converged. A
technique is considered to have converged when any one of the convergence criteria is satis ed. For example,
under the default settings, the QUANEW technique converges if the value of the ABSGCONV= option is
less than 1E-5, the value of the FCONV= option is less than, or the value of the GCONV= option is

less than 1E-8.

By default, the GAMPL procedure applies the NEWRAP technique to optimization for selecting smoothing
parameters by using the performance iteration method. For the outer iteration method, the GAMPL procedure
applies the QUANEW technique for selecting smoothing parameters.

Technigue Descriptions

The following subsections provide details about each optimization technique and follow the same order as
Table 4.11.

Trust Region Optimization (TRUREG)

The trust region technique (TRUREG) uses the gradient®’ / and the Hessian matrid. ¥ /; thus,

it requires that the objective functidn / have continuous rst- and second-order derivatives inside the
feasible region.

The trust region technique iteratively optimizes a quadratic approximation to the nonlinear objective function
within a hyperelliptic trust region that has radiusand constrains the step size that corresponds to the quality

of the quadratic approximation. The trust region technique that PROC GAMPL uses is based on Dennis, Gay,
and Welsch (1981); Gay (1983); Moré and Sorensen (1983).

The trust region technique performs well for small- to medium-sized problems, and it does not need many
function, gradient, and Hessian calls. However, if the computation of the Hessian matrix is computationally
expensive, either the QUANEW technique or the CONGRA technique might be more ef cient.

Newton-Raphson Optimization with Line Search (NEWRAP)

The Newton-Raphson optimization with line search (NEWRAP) technique uses the gdiefit’ and the
Hessian matrixd. K /: thus, it requires that the objective function have continuous rst- and second-order
derivatives inside the feasible region.

If second-order derivatives are computed ef ciently and precisely, the NEWRAP technique can perform well
for medium-sized to large problems, and it does not need many function, gradient, and Hessian calls.

This technique uses a pure Newton step when the Hessian is positive-de nite and when the Newton step
reduces the value of the objective function successfully. Otherwise, a combination of ridging and line search
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is performed to compute successful steps. If the Hessian is not positive-de nite, a multiple of the identity
matrix is added to the Hessian matrix to make it positive-de nite (Eskow and Schnabel 1991).

In each iteration, a line search is performed along the search direction to nd an approximate optimum of the
objective function. The line-search technique uses quadratic interpolation and cubic extrapolation.

Newton-Raphson Ridge Optimization (NRRIDG)

The Newton-Raphson ridge optimization (NRRIDG) technique uses the gragdiefit / and the Hessian
matrixH. - /: thus, it requires that the objective function have continuous rst- and second-order derivatives
inside the feasible region.

This technique uses a pure Newton step when the Hessian is positive-de nite and when the Newton step
reduces the value of the objective function successfully. If at least one of these two conditions is not satis ed,
a multiple of the identity matrix is added to the Hessian matrix.

Because the NRRIDG technique uses an orthogonal decomposition of the approximate Hessian, each iteration
of NRRIDG can be slower than an iteration of the NEWRAP technique, which works with a Cholesky
decomposition. However, NRRIDG usually requires fewer iterations than NEWRAP.

The NRRIDG technique performs well for small- to medium-sized problems, and it does not require many
function, gradient, and Hessian calls. However, if the computation of the Hessian matrix is computationally
expensive, either the QUANEW technique or the CONGRA technique might be more ef cient.

Dual Quasi-Newton Optimization (QUANEW)

The dual quasi-Newton (QUANEW) technique uses the gradjent’ /, and it does not need to compute
second-order derivatives, because they are approximated. It works well for medium-sized to moderately
large optimization problems, where the objective function and the gradient can be computed much faster
than the Hessian. However, the QUANEW technique requires more iterations in general than the TRUREG,
NEWRAP, and NRRIDG techniques, which compute second-order derivatives. The QUANEW technique
provides an appropriate balance between the speed and stability that are required for most generalized linear
model applications.

The QUANEW technique that PROC GAMPL uses is the dual quasi-Newton technique, which updates the
Cholesky factor of an approximate Hessian.

In each iteration, a line search is performed along the search direction to nd an approximate optimum. The
line-search technique uses quadratic interpolation and cubic extrapolation to obtain a stefhatzstis es

the Goldstein conditions (Fletcher 1987). One of the Goldstein conditions can be violated if the feasible
region de nes an upper limit of the step size. Violating the left-side Goldstein condition can affect the
positive-de niteness of the quasi-Newton update. In that case, either the update is skipped or the iterations
are restarted by using an identity matrix, resulting in the steepest descent or ascent search direction.

Double-Dogleg Optimization (DBLDOG)
The double-dogleg optimization (DBLDOG) technique combines the ideas of the quasi-Newton and trust
region techniques. In each iteration, the double-dogleg technique computes tis# stepthe linear

combination of the steepest descent or ascent search dire#ficand a quasi-Newton search direct'ugH :
kI kI
s D 15" C 35

The step must remain within a prespeci ed trust region radius (Fletcher 1987, p. 107). Thus, the DBLDOG
subroutine uses the dual quasi-Newton update but does not perform a line search.
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The double-dogleg optimization technique works well for medium-sized to moderately large optimization
problems, where the objective function and the gradient can be computed much faster than the Hessian.
The implementation is based on Dennis and Mei (1979) and Gay (1983), but it is extended for dealing
with boundary and linear constraints. The DBLDOG technique generally requires more iterations than the
TRUREG, NEWRAP, and NRRIDG technigues, which require second-order derivatives; however, each of the
DBLDOG iterations is computationally cheap. Furthermore, the DBLDOG technique requires only gradient
calls for updating of the Cholesky factor of an approximate Hessian.

Conjugate Gradient Optimization (CONGRA)

Second-order derivatives are not required by the CONGRA technique and are not even approximated. The
CONGRA technique can be expensive in function and gradient calls, but it require® quilymemory

for unconstrained optimization. In general, the technique must perform many iterations to obtain a precise
solution, but each of the CONGRA iterations is computationally cheap.

The CONGRA technique should be used for optimization problems that havepldrge the unconstrained or
boundary-constrained case, the CONGRA technique requiresply bytes of working memory, whereas

all other optimization techniques require ord@mp 2/ bytes of working memory. During successive
iterations that are uninterrupted by restarts or changes in the working set, the CONGRA technique computes
a cycle ofp conjugate search directions. In each iteration, a line search is performed along the search
direction to nd an approximate optimum of the objective function. The line-search technique uses quadratic
interpolation and cubic extrapolation to obtain a step sitleat satis es the Goldstein conditions. One of the
Goldstein conditions can be violated if the feasible region de nes an upper limit for the step size.

Nelder-Mead Simplex Optimization (NMSIMP)

The Nelder-Mead simplex technique does not use any derivatives and does not assume that the objective
function has continuous derivatives. The objective function itself needs to be continuous. This technique is
quite expensive in the number of function calls, and it might be unable to generate precise regults #0.

The original Nelder-Mead simplex technique is implemented and extended to boundary constraints. This
technique does not compute the objective for infeasible points, but it changes the shape of the simplex and
adapts to the nonlinearities of the objective function. This change contributes to an increased speed of
convergence and uses a special termination criterion.

Displayed Output

The following sections describe the output that the GAMPL procedure produces by default. The output is
organized into various tables, which are discussed in the order of their appearance.

Performance Information

The “Performance Information” table is produced by default. It displays information about the execution
mode. For single-machine mode, the table displays the number of threads used. For distributed mode, the
table displays the grid mode (symmetric or asymmetric), the number of compute nodes, and the number of
threads per node.

If you specify the DETAILS option in the PERFORMANCE statement, PROC GAMPL also produces a
“Timing” table, which displays elapsed times (absolute and relative) for the main tasks of the procedure.
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Data Access Information

The “Data Access Information” table is produced by default. For the input and output data sets, it displays
the libref and data set name, the engine that was used to access the data, the role (input or output) of the data
set, and the path that the data followed to reach the computation.

Model Information

The “Model Information” table displays basic information about the model, such as the response variable,
frequency variable, link function, and model category that the GAMPL procedure determines based on
your input and options. The “Model Information” table also displays the distribution of the data that
PROC GAMPL assumes. For information about the supported response distributions, see the section
“DISTRIBUTION=keyword” on page 90.

Number of Observations

The “Number of Observations” table displays the number of observations that are read from the input data
set and the number of observations that are used in the analysis. If a FREQ statement is present, the sum of
the frequencies read and used is displayed. If the events/trials syntax is used, the number of events and trials
is also displayed.

Response Pro le

The “Response Pro le” table displays the ordered values from which the GAMPL procedure determines the
probability that is modeled as an event in binary models. For each response category level, the frequency
that is used in the analysis is reported. You can affect the ordering of the response values by specifying
response-options in the MODEL statement. For binary models, the note that follows the “Response Pro le”
table indicates which outcome is modeled as the event in binary models and which value serves as the
reference category.

The “Response Pro le” table is not produced for binomial (events/trials) data. You can nd information
about the number of events and trials in the “Number of Observations” table.

Class Level Information

The “Class Level Information” table lists the levels of every variable that is speci ed in the CLASS statement.
You should check this information to make sure that the data are correct. You can adjust the order of the
CLASS variable levels by specifying the ORDER= option in the CLASS statement. You can suppress the

“Class Level Information” table completely or partially by specifying the NOCLPRINT= option in the PROC
GAMPL statement.

If the classi cation variables use reference parameterization, the “Class Level Information” table also displays
the reference value for each variable.

Speci cations for Spline(  spline-variables)

The “Speci cations for Splinefpline-variables)” table displays basic information (such as number of
variables, speci ed degrees of freedom, search range for the smoothing parameter, and so on) about how
to construct a spline term that the GAMPL procedure uses to construct basis expansions and search for the
smoothing parameter. PROC GAMPL generates the “Speci cations for Sghiire{-variables)” table only

when you specify the DETAILS option for a spline term.
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Optimization Iteration History

For each iteration of the optimization, the “Iteration History” table displays the number of function evaluations
(including gradient and Hessian evaluations), the value of the objective function, the change in the objective
function from the previous iteration, and the absolute value of the largest (projected) gradient element.
The objective function that PROC GAMPL uses in the optimization is normalized by default to enable
comparisons across data sets that have different sampling intensity.

If you specify the ITDETAILS option in the PROC GAMPL statement, information about the parameter
estimates and gradients in the course of the optimization is added to the “Iteration History” table.

For a parametric generalized linear model or for a generalized additive model that has xed smoothing
parameters, the “lteration History” table displays information about regression parameter estimates and
gradients. For a generalized additive model that has unknown smoothing parameters, the “Iteration History”
table displays information about smoothing parameter estimates and gradients. If the performance iteration
method is used, a column of performance iteration steps is added to the table.

Convergence Status

The convergence status table is a small ODS table that follows the “Iteration History” table in the default
output. In the listing, this table appears as a message that indicates whether the optimization succeeded and
which convergence criterion was met. If the optimization fails, the message indicates the reason for the
failure. If you save the convergence status table to an output data set, a n8tatiscvariable is added that

enables you to programmatically assess convergence. The valuesStdtiievariable encode the following:

0 Convergence was achieved, or an optimization was not performed because TECHNIQUE=NONE
was speci ed.
1 The objective function could not be improved.

Convergence was not achieved because of a user interrupt or because a limit (such as the maximum
number of iterations or the maximum number of function evaluations) was reached. To modify
these limits, see the MAXITER=, MAXFUNC=, and MAXTIME= options in the PROC GAMPL
statement.

3 Optimization failed to converge because function or derivative evaluations failed at the starting
values or during the iterations or because a feasible point that satis es the parameter constraints
could not be found in the parameter space.

Fit Statistics
The “Fit Statistics” table displays a variety of likelihood-based measures of t in addition to the model
roughness measurement. All information criteria are presented in “smaller is better” form.

The calculation of the information criteria uses the following formulas, whéenotes the model degrees
of freedom,f denotes the number of frequencies used, aistthe log likelihood that is evaluated at the
converged estimates:

AIC D 2 C 2df

2" C 2dff=f df 1/ whenf > dfC 2
2" C 2df.df C 2/ otherwise

BIC D 2" Cdflog.f/
If no FREQ statement is speci ed, thérequalsn, the number of observations that are used.

AICC D
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Parameter Estimates
The “Parameter Estimates” table displays the regression parameter estimates, their estimated (asymptotic)
standard errors, chi-square statistics, pralues for the hypothesis that the parameter is 0.

Estimates for Smoothing Components

The “Estimates for Smoothing Components” table displays a summary of the tted spline terms, including
effective degrees of freedom, smoothing parameters, roughness penalty values, number of parameters, rank
of penalty matrix, and number of knots.

Tests for Smoothing Components

The “Tests for Smoothing Components” table displays effective degrees of freedom, effective degrees of
freedom for testl/ » statistics, angb-values for rejecting the hypothesis that the smoothing component has
zero contribution.

ODS Table Names

Each table that the GAMPL procedure creates has a name that is associated with it, and you must use this
name to refer to the table when you use ODS statements. These names are listed in Table 4.12.

Table 4.12 ODS Tables Produced by PROC GAMPL

Table Name Description Statement Option
ClassLevels Level information from the CLASS CLASS
statement

ConvergenceStatus Status of optimization at conclusionDefault output
of optimization

DataAccessinfo Information about modes of data acbefault output

cess
FitStatistics Fit statistics Default output
LikelihoodHist Iteration history for maximum likeli- PROC GAMPL ITDETAILS

hood estimation or penalized likeli-
hood estimation

Modellnfo Information about the modeling envi-Default output
ronment

NObs Number of observations read andefault output
used, and number of events and trials,
if applicable

ParameterEstimatesSolutions for the parameter estimateBefault output
that are associated with effects in
MODEL statements

Performancelnfo  Information about the high-Default output
performance computing environment
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Table 4.12 continued

Table Name Description Statement Option

ResponsePro le Response categories and the categoBefault output
that is modeled in models for binary
and multinomial data
SmoothingEstimatesinformation for spline terms after Default output
model tting
SmoothingHist Iteration history for smoothing pa-PROC GAMPL ITDETAILS
rameter estimation

SmoothingTests Smoothing components test result Default output

SplineDetails Information about spline construcMODEL SPLINEvariables
tion and smoothing parameter search / DETAILS)

Timing Absolute and relative times for taskPERFORMANCEDETAILS

performed by the procedure

By referring to the names of such tables, you can use the ODS OUTPUT statement to place one or more of
these tables in output data sets.

ODS Graphics

Statistical procedures use ODS Graphics to create graphs as part of their output. ODS Graphics is described
in detail in Chapter 21, “Statistical Graphics Using ODSAS/STAT User's Guijle

Before you create graphs, ODS Graphics must be enabled (for example, with the ODS GRAPHICS ON
statement). For more information about enabling and disabling ODS Graphics, see the section “Enabling and
Disabling ODS Graphics” in that chapter.

The overall appearance of graphs is controlled by ODS styles. Styles and other aspects of using ODS
Graphics are discussed in the section “A Primer on ODS Statistical Graphics” in that chapter.

When ODS Graphics is enabled, the GAMPL procedure by default produces plots of the partial predictions
for each spline term in the model. Use the PLOTS option in the PROC GAMPL statement to control aspects
of these plots.

PROC GAMPL assigns a name to each graph that it creates by using ODS. You can use these names to refer
to the graphs when using ODS. The names are listed in Table 4.13.

Table 4.13 Graphs Produced by PROC GAMPL

ODS Graph Name Plot Description PLOTS= Option

SmoothingComponentPanel Panel of multiple prediction curvesDefault
COMPONENTS

SmoothingComponentPlot Unpacked prediction curves PLOTS(UNPACK)

PLOTS=COMPONENTS(UNPACK)
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By default, prediction plots for each spline component are displayed in panels that contain at most six plots.
If you specify more than six smoothing components, multiple panels are used. Use the PLOTS(UNPACK)
option in the PROC GAMPL statement to display these plots individually.

Examples: GAMPL Procedure

Example 4.1: Scatter Plot Smoothing
This example shows how you can use PROC GAMPL to perform scatter plot smoothing.

The example uses the LIDAR data set (Ruppert, Wand, and Carroll 2003). This data set is used in many
books and journals to illustrate different smoothing techniques. Scientists use a technique known as LIDAR

(light detection and ranging), which uses laser re ections to detect chemical compounds in the atmosphere.
The following DATA step creates the data &étar:

titte Scatter Plot Smoothing ;
data Lidar;

input Range LogRatio @@;

datalines;
390 -0.05035573 391 -0.06009706 393 -0.04190091 394  -0.0509847
396 -0.05991345 397 -0.02842392 399 -0.05958421 400 -0.03988881
402 -0.02939582 403 -0.03949445 405 -0.04764749 406 -0.06038
408 -0.03123034 409 -0.03816584 411 -0.07562269 412 -0.05001751
414 -0.0457295 415 -0.07766966 417 -0.02460641 418 -0.07133184

. more lines ...

702  -0.4716702 703  -0.7801088 705  -0.6668431 706  -0.5783479
708  -0.7874522 709  -0.6156956 711 -0.8967602 712 -0.7077379
714 -0.672567 715 -0.6218413 717 -0.8657611 718 -0.557754
720  -0.8026684

In this data setRange records the distance that light travels before it is re ected back to the sdurgRatio

is the logarithm of the ratio of light that is received from two laser sources. The objective is to use scatter
plot smoothing to discover the nonlinear pattern in the data set. SAS provides different methods (for example
local regression) for scatter plot smoothing. You can perform scatter plot smoothing by using the SGPLOT
procedure, as shown in the following statements:

proc sgplot data=Lidar;
scatter x=Range y=LogRatio;
loess x=Range y=LogRatio / nomarkers;
pbspline x=Range y=LogRatio / nomarkers;
run;

Output 4.1.1 shows the scatter plotRdnge andLogRatio and the smoothing curves that are tted by local
regression and penalized B-splines smoothing techniques.
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