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Overview of Base SAS High-Performance Procedures

This book describes Base SAS high-performance utility procedures that are included when you install one or
more of the traditional SAS products that are shown in the following table:

Traditional Product SAS High-Performance Analytics Product

SAS/STAT SAS High-Performance Statistics
SAS/ETS SAS High-Performance Econometrics
SAS/OR SAS High-Performance Optimization
SAS High-Performance Forecasting SAS High-Performance Forecasting
SAS Enterprise Miner SAS High-Performance Data Mining
SAS Text Miner SAS High-Performance Text Mining

You can run high-performance utility procedures in single-machine mode without licensing any of the SAS
High-Performance Analytics products that are listed in the preceding table. However, to run these procedures
in distributed mode, you must license at least one of the High-Performance Analytics products. For more
information about single-machine mode and distributed mode, see Chapter 2, “Shared Concepts and Topics.”

About This Book

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

This book is organized as follows:

Chapter 1, this chapter, provides an overview of high-performance utility procedures.

Chapter 2, “Shared Concepts and Topics,” describes the modes in which SAS high-performance utility
procedures can execute.

Subsequent chapters describe the high-performance utility 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 functinality provided by the procedure.

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

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

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

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

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

Typographical Conventions

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

roman is the standard type style used for most text.

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

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

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

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

bold is used to for matrices and vectors.

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

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

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

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

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

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

options papersize=(6.5in 9in);

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

SAS Technical Support Services

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

This chapter describes the modes of execution in which SAS high-performance analytical procedures can
execute. If you have Base SAS 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
Server Distributed Mode 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 Server Distributed Mode software connects to run in distributed mode.

� installation locationidenti�es the directory where the SAS High-Performance Server Distributed Mode
software is installed on the appliance.

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

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

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

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

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

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

The following sets of SAS statements are functionally equivalent:

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

run;

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

reduce unsupervised x:;
run;

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

end;
drop x lp;

run;

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

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

run;

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

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

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

Data Access Modes

Single-Machine Data Access Mode

When high-performance analytical procedures run in single-machine mode, they access data in the same
way as traditional SAS procedures. They use Base SAS to access input and output SAS data sets on the
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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 16.

– 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 25.

– Data in a SAS LASR Analytic Server that is collocated with the computational nodes. This access
mode is also called alongside-LASR mode. For more information, see the section “Running
High-Performance Analytical Procedures Alongside a SAS LASR Analytic Server in Distributed
Mode” on page 19.

� 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 22.
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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 �rst reason is that for a particular data set, the required SAS Embedded
Process is not installed on the appliance that houses the data. In such cases, access to those data reverts to
through-the-client access, and a note like the following is reported in the SAS log:

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

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

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

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

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

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

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

proc hpds2 data=hdatlib.neuralgia out=neuralgia;
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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 data setWork.simData 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=mydb;

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 c x1 x2 x3;

run;

The subtle differences are as follows:

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

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

Figure 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 a memory-to-memory operation that is faster than the disk-to-memory operation when the procedure runs
alongside a DBMS or HDFS. When the cost of preloading a table into a LASR Analytic Server is amortized
by multiple uses of these data in separate runs of high-performance analytical procedures, using the LASR
Analytic Server can result in improved performance.

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

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

Starting a SAS LASR Analytic Server Instance

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

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

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

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

The NODES=ALL option in the PERFORMANCE statement speci�es that the LASR Analytic Server run
on all the nodes on the appliance. You can start a LASR Analytic Server on a subset of the nodes on an
appliance, but this might affect whether high-performance analytical procedures can run alongside the LASR
Analytic Server. For more information, see the section “Alongside-LASR Distributed Execution on a Subset
of the Appliance Nodes” on page 21.

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 MyLasr sasiola port=54545 host="hpa.sas.com";

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

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

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

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

run;

Because you previously speci�ed the GRIDHOST= environment variable and the input data are held in
distributed form in the associated server instance, this PROC HPLOGISTIC step runs in distributed mode
alongside the LASR Analytic Server, as indicated in the “Performance Information” table shown in Figure 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
Server Distributed Mode 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 Server Distributed Mode 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 thesimData data set of the preceding sections onto the data appliance:

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

data dataLib.simData;
set simData;

run;

NOTE : You can provision the appliance with data even if SAS High-Performance Server Distributed Mode
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
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potential performance bottleneck can be overcome with appropriately provisioned hardware. The following
statements show how this is done:

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

run;

Figure 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 MyLasr sasiola tag="dataLib" 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 c x1 x2 x3;
output out=MyLasr.myOutputData pred=myPred;
performance host = "compute_appliance.sas.com";

run;

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

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

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

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

run;

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

NOTE: The data set DATALIB.myOutputData has 100000 observations and 1 variables.
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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 25.

Alongside-HDFS Execution

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

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

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

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

Alongside-HDFS Execution by Using the SASHDAT Engine

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

Before you can run a procedure alongside HDFS, you must distribute the data to the cluster. The following
statements use the SASHDAT engine to distribute to HDFS thesimData data set that was used in the previous
two sections:
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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 thehps directory in HDFS, it is overwritten because the REPLACE=YES
data set option is speci�ed. For more information about using this LIBNAME statement, see the section
“LIBNAME Statement for the SAS Data in HDFS Engine” in theSAS LASR Analytic Server: Reference
Guide.

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

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

data hdoopLib.simData;
set simData;

run;

After you have loaded data or if you are accessing preexisting data in HDFS that have metadata in Hive,
you can access this data alongside HDFS by using high-performance analytical procedures. The following
HPLOGISTIC procedure statements perform the analysis in alongside-HDFS mode. These statements are
similar to the PROC HPLOGISTIC example in the previous sections.
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proc hplogistic data=hdoopLib.simData;
class a b c;
model y = a b c 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 ofSAS/ACCESS for Relational Databases: Reference.

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

1. a string of at most six characters

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

3. a numeric �eld with real numbers

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

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

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

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

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

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

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

run;

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

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

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

� variables that are explicitly created by the statement

� variables that are listed in the ID statement, as described in Chapter 3, “Shared Statistical Concepts”
(SAS/STAT User's Guide: High-Performance Procedures)

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

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

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

run;

The next group of SAS statements create the XML stream for the formats in the �leMyfmt.xml, associate that
�le with the �le referencemyxml, and pass the �le reference with the FMTLIBXML= option in the PROC
HPLOGISTIC statement:

filename myxml �Myfmt.xml�;
libname myxml XML92 xmltype=sasfmt tagset=tagsets.XMLsuv;
proc format cntlout=myxml.allfmts;
run;

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

run;

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

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

%mend;

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

%mend;

If you do not pass an XML stream to a high-performance analytical procedure that supports the
FMTLIBXML= option, the procedure generates an XML stream as needed when it is invoked.
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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 followingperformance-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 18 and theSAS LASR Analytic
Server: Reference Guide.

NODES=ALL | n

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

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

proc hplogistic data=one;
model y = x;

run;
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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 NODES=n option,
wheren exceeds the number of physical nodes on the appliance. The SAS High-Performance Server
Distributed Mode software thenoversubscribesthe nodes and associates nodes with multiple units of
work. For example, on a system that has 16 appliance nodes, the following statements oversubscribe
the system by a factor of 3:

proc hplogistic data=one;
model y = x;
performance nodes=48 host="hpa.sas.com";

run;

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

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

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

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

run;
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NTHREADS=n

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

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

NOTE : The SAS system options THREADS | NOTHREADS apply to the client machine on which the
SAS high-performance analytical procedures execute. They do not apply to the compute nodes in a
distributed environment.
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Overview: HPBIN Procedure

Binning is a common step in the data preparation stage of the model-building process. You can use binning
to classify missing variables, reduce the impact of outliers, and generate multiple effects. The generated
effects are useful and contain certain nonlinear information about the original interval variables.

The HPBIN procedure conducts high-performance binning by using binning methods that are described in
the following subsections. The HPBIN procedure can also calculate the weight of evidence (WOE) and
information value (IV) based on binning results.

The HPBIN procedure runs in either single-machine mode or distributed mode.

NOTE : Distributed mode requires SAS High-Performance Server Distributed Mode.

Bucket Binning

Bucket binning creates equal-length bins and assigns the data to one of these bins. You can choose the
number of bins during the binning; the default number of bins (the binning level) is 16.

Winsorized Binning

Winsorized binning is similar to bucket binning except that both tails are cut off to obtain a smooth binning
result. This technique is often used to remove outliers during the data preparation stage.

Quantile Binning

Quantile binning aims to assign the same number of observations to each bin, if the number of observations
is evenly divisible by the number of bins. As a result, each bin should have the same number of observations,
provided that there are no tied values at the boundaries of the bins. Because PROC HPBIN always assigns
observations that have the same value to the same bin, quantile binning might create unbalanced bins if any
variable has tied values. For more information, see the section “Binning Computation and Formulas” on
page 47.
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Pseudo–Quantile Binning

The HPBIN procedure offers pseudo–quantile binning, which is an approximation of quantile binning. The
pseudo–quantile binning method is very ef�cient, and the results mimic those of the quantile binning method.

PROC HPBIN Features

The HPBIN procedure has the following features:

� provides a bucket (equal-length) binning method

� provides a Winsorized binning method and Winsorized statistics

� provides a quantile binning method and a pseudo–quantile binning method

� provides a mapping table for the selected binning method

� provides a basic statistical table that contains the minimum, maximum, mean, median, and so on

� computes the quantiles of the binning variables

� calculates the weight of evidence (WOE) and information value (IV) based on binning results

� reads input data in parallel and writes output data in parallel when the data source is in a database on
the appliance

Because the HPBIN 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 8 in Chapter 2, “Shared Concepts and
Topics.”
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Getting Started: HPBIN Procedure

This example shows how you can use the HPBIN procedure to perform pseudo–quantile binning. Consider
the following statements:

data bindata;
do i=1 to 1000;

x=rannorm(1);
output;

end;
run;

proc rank data=bindata out=rankout group=8;
var x;
ranks rank_x;

run;

ods graphics on;
proc univariate data=rankout;

var rank_x;
histogram;

run;

These statements create a data set that contains 1,000 observations, each generated from a random normal
distribution. The histogram for this data set is shown in Figure 3.1.
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Figure 3.1 Histogram for Rank X

The pseudo–quantile binning method in the HPBIN procedure can achieve a similar result by using far less
computation time. In this case, the time complexity isC � O.n/ , whereC is a constant andn is the number
of observations. When the algorithm runs on the grid, the total amount of computation time is much less. For
example, if a cluster has 32 nodes and each node has 24 shared-memory CPUs, then the time complexity is
.C � O.n//=.32 � 24/.

The following statements bin the data by using the PSEUDO_QUANTILE option in the PROC HPBIN
statement and generate the histogram for the binning output data. (See Figure 3.2.) This histogram is similar
to the one in Figure 3.1.

proc hpbin data=bindata output=binout numbin=8 pseudo_quantile;
input x;

run;

ods graphics on;
proc univariate data=binout;

var bin_x;
histogram;

run;
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Figure 3.2 Histogram for Binning X

Syntax: HPBIN Procedure

The following statements are available in the HPBIN procedure:

PROC HPBIN < options > ;
CODE FILE=�lename ;
FREQ variable ;
ID variables ;
INPUT variables < / option > ;
PERFORMANCE < performance-options > ;
TARGET variable / LEVEL=level ORDER=order ;

The PROC HPBIN statement is required. You can specify multiple INPUT statements. The following sections
describe the PROC HPBIN statement and then describe the other statements in alphabetical order.
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PROC HPBIN Statement

PROC HPBIN < options > ;

The PROC HPBIN statement invokes the procedure. Table 3.1 summarizes importantoptions in the PROC
HPBIN statement by function.

Table 3.1 PROC HPBIN Statement Options

Option Description

Basic Options
DATA= Speci�es the input data set
OUTPUT= Speci�es the output data set
NOPRINT Overwrites the ODS output

Binning Level Options
NUMBIN= Speci�es the global number of bins for all binning variables

Binning Method Options
BUCKET Speci�es the bucket binning method
PSEUDO_QUANTILE Speci�es the pseudo–quantile binning method
QUANTILE Speci�es the quantile binning method
WINSOR Speci�es the Winsorized binning method and the rate that it uses
WINSORRATE=

Statistics Options
COMPUTESTATS Computes the basic statistics of the binning variables

COMPUTEQUANTILE Compute the quantiles of the binning variables

Weight-of-Evidence Options
BINS_META= Speci�es the BINS_META input data set, which contains the bin-

ning results
WOE Computes the weight of evidence and information values
WOEADJUST= Speci�es the adjustment factor for the weight-of-evidence

calculation

You can specify the following optional arguments:

BINS_META=SAS-data-set
speci�es the BINS_META input data set, which contains the binning results. The BINS_META data
set contains six variables: variable name, binned variable name, lower bound, upper bound, bin, and
range. The mapping table that is generated by PROC HPBIN can be used as the BINS_META data set.

BUCKET | QUANTILE | PSEUDO_QUANTILE | WINSOR WINSORRATE= number
speci�es which binning method to use. If you specify BUCKET, then PROC HPBIN uses equal-
length binning. If you specify QUANTILE, then PROC HPBIN uses quantile binning. If you
specify PSEUDO_QUANTILE, then PROC HPBIN generates a result that approximates the quantile
binning. If you specify WINSOR, PROC HPBIN uses Winsorized binning, and you must specify the
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WINSORRATE option with a value from 0.0 to 0.5 exclusive fornumber . You can specify only one
option. The default is BUCKET.

However, when a BINS_META data set is speci�ed, PROC HPBIN does not do binning and ignores
the binning method options, binning level options, and INPUT statement. Instead, PROC HPBIN
takes the binning results from the BINS_META data set and calculates the weight of evidence and
information value.

COMPUTEQUANTILE
computes the quantile result. If you specify COMPUTEQUANTILE, PROC HPBIN generates the
quantiles and extremes table, which contains the following percentages: 0% (Min), 1%, 5%, 10%, 25%
(Q1), 50% (Median), 75% (Q3), 90%, 95%, 99%, and 100% (Max).

COMPUTESTATS
computes the statistic result. If you specify COMPUTESTATS, basic statistical information is computed
and ODS output can be provided. The output table contains six variables: the mean, median, standard
deviation, minimum, maximum, and number of bins for each binning variable.

DATA=SAS-data-set
speci�es the input SAS data set or database table to be used by PROC HPBIN.

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 this
case, PROC HPBIN reads the data alongside the distributed database.

For single-machine mode, the input must be a SAS data set.

NOPRINT
suppresses the generation of ODS outputs.

NUMBIN=integer
speci�es the global number of binning levels for all binning variables. The value ofinteger can be any
integer between 2 and 1,000, inclusive. The default number of binning levels is 16.

The resulting number of binning levels might be less than the speci�edinteger if the sample size is
small or if the data are not normalized. In this case, PROC HPBIN provides a warning message.

You can specify a different number of binning levels for each different variable in an INPUT statement.
The number of binning levels that you specify in an INPUT statement overwrites the global number of
binning levels.

OUTPUT=SAS-data-set
creates an output SAS data set in single-machine mode or a database table that is saved alongside the
distributed database in distributed mode. The output data set or table contains binning variables. To
avoid data duplication for large data sets, the variables in the input data set are not included in the
output data set.

WOE
computes the weight of evidence (WOE) and information value (IV).
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WOEADJUST=number
speci�es the adjustment factor for the weight-of-evidence calculation. You can specify any value from
0.0 to 1.0, inclusive, fornumber . The default is 0.5.

CODE Statement

CODE FILE=�lename ;

The CODE statement is optional in PROC HPBIN. If you use a CODE statement, score code is generated
and stored in a �le that can be used for scoring purposes. Only one CODE statement is processed. If you
specify multiple CODE statements, only the �rst one is used.

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. The HPBIN procedure treats each observation as if it appearedn times,
wheren is the value of thevariable for the observation. Ifn is not an integer, it is truncated to an integer. If
n is less than 1 or is 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 optional ID statement lists one or more variables from the input data set to be transferred to the output
data set. The ID statement accepts both numeric and character variables. The variables in an ID statement
can also appear in an INPUT statement.

To avoid data duplication for large data sets, the HPBIN procedure does not include any variables from the
input data set in the output data set by default. Therefore, the ID statement can be used to copy variables
from the input data set to the output data set.

INPUT Statement

INPUT variables < / option > ;

The INPUT statement names one or morevariables as input variables for binning. The speci�edvariables
must be interval variables. If classi�cation variables are provided, PROC HPBIN stops with an error message.
PROC HPBIN does not support duplicate variables. If the INPUT statement contains a duplicate variable,
PROC HPBIN takes only the �rst variable and provides a warning message. You can specify the following
option in each INPUT statement:
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NUMBIN=integer
speci�es the number of binning levels for all the binning variables in the current INPUT statement.
The value ofinteger can be any integer between 2 and 1,000, inclusive.

The resulting number of binning levels might be less than the speci�edinteger if the sample size is
small or if the data are not normalized. In these cases, PROC HPBIN provides a warning message.

The number of binning levels that you specify in an INPUT statement overwrites the global number of
binning levels. If you do not specify the NUMBIN= option in the INPUT statement, PROC HPBIN
uses the global number of binning levels, which is 16 by default but can be speci�ed in the NUMBIN=
option in the PROC HPBIN statement.

When a BINS_META data set is speci�ed, PROC HPBIN does not do binning and ignores the INPUT
statement. Instead, PROC HPBIN takes the binning results from the BINS_META data set and calculates the
weight of evidence and information value for the interval variables in the BINS_META data set.

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 the HPBIN procedure.

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

The PERFORMANCE statement is documented further in the section “PERFORMANCE Statement” on
page 33 of Chapter 2, “Shared Concepts and Topics.”

TARGET Statement

TARGET variable / LEVEL=level ORDER=order ;

The TARGET statement names thevariable that PROC HPBIN uses to calculate the weight of evidence and
information value. You can specify the following arguments:

LEVEL=level
speci�es the level of the target variable. The values oflevel can be BINARY or NOMINAL. The
default is NOMINAL.

ORDER=order
speci�es the order of the target variable. The values oforder can be ASCENDING or DESCENDING.
The default is DESCENDING.
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Details: HPBIN Procedure

Computing the Quantiles (Percentiles)

PROC HPBIN computes the 0% (minimum), 1%, 5%, 10%, 25%, 50%, 75%, 90%, 95%, 99%, and 100%
(maximum) percentiles of each binning variable.

Let m be the number of nonmissing values for a variable, and letx1, x2, . . . ,xm represent the ordered values
of the variable. Let thetth percentile bey, setp D t

100 , and letmp = j + g, wherej is the integer part ofmp
andg is the fractional part ofmp. Then thetth percentile is described as:

y D

(
xj if g D 0

xj C 1 if g > 0

NOTE : To avoid the time-consuming sorting process, the HPBIN procedure uses an iterative projection
method to compute percentiles according to the preceding formula.

Binning Computation and Formulas

For variablex , assume that the data set is {xi }, wherei D 1; 2; : : : ; n. Let min.x/ D mini 2f 1::n g f xi g, and
let max.x/ D maxi 2f 1::n g f xi g. The range of the variable isrange.x/ D max.x/ � min.x/ .

The computations for the various binning methods are as follows:

� For bucket binning, the length of the bucket is

L D
max.x/ � min.x/

n
The split points are

sk D min.x/ C L � k

wherek D 1; 2; : : : ;numbin � 1, andnumbin is the value of the NUMBIN= option in the PROC
HPBIN statement.

When the data are evenly distributed on the SAS appliance, the time complexity for bucket binning is
O.n/=. nodes� cpus/, wheren is the number of observations,nodesis the number of computer nodes
on the appliance, andcpusis the number of CPUs on each node.

� For quantile binning, PROC HPBIN calculates a quantile tableP. Let P D f pk g, wherek D
1; 2; : : : ;numbin. Thenpk is described as

pk D

8
<̂

:̂

1:0=numbin if k D 0

1:0=numbin C pk � 1 if 0 < k < numbin

1:0 if k D numbin

Quantile binning often requires data to be sorted in a particular way, and the sorting process usually
consumes a signi�cant amount of CPU time and memory. When the input data set is larger than the
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available memory, the sorting algorithm becomes more complicated. In distributed computing, data
communications overhead also increases the sorting challenge. To avoid the time-consuming sorting
process, the HPBIN procedure uses an iterative projection method for quantile binning, which runs
much faster than sorting-based quantile binning method in most cases.

After calculating the quantile table, PROC HPBIN uses an iterative projection method to compute
quantiles (percentiles) according to the formula that is described in the section “Computing the
Quantiles (Percentiles)” on page 47.

Quantile binning aims to assign the same number of observations to each bin, if the number of
observations is evenly divisible by the number of bins. As a result, each bin should have the same
number of observations, provided that there are no tied values at the boundaries of the bins. Because
PROC HPBIN always assigns observations that have the same value to the same bin, quantile binning
might create unbalanced bins if any variable has tied values. For example, if an observation whose
value isx is assigned to bink, then every observation whose value isx is assigned to bink for this
variable, and no observation whose value isx is assigned to the next bin, bink C 1. Therefore, bink
might have more observations than bink C 1, because the tied values at the boundaries between bink
and bink C 1 are all assigned to bink. That is, tied values at the boundaries between two bins are
always assigned to the lower-numbered bin.

� For pseudo–quantile binning and Winsorized binning, the sorting algorithm is more complex to describe
but very ef�cient to execute. For variablex, PROC HPBIN uses a simple bucket sorting method to
obtain the basic information. LetN = 10,000 be the number of buckets, ranging frommin.x/ to
max.x/ . For each bucketBi , i D 1; 2; : : : ; N, PROC HPBIN keeps following information:

– ci : count ofx in Bi

– mini : minimum value ofx in Bi

– maxi : maximum value ofx in Bi

–
P

i : sum ofx in Bi

–
P

2i : sum ofx2 in Bi

To calculate the quantile table, letP D f 0:00; 0:01; 0:05; 0:10; 0:25; 0:50; 0:75; 0:90; 0:95; 0:99; 1:00g.
For eachpk 2 P , k D 1; 2; : : : ; 11, �nd the smallestI k such that

P I k
i D 1 ci � pk � n. Therefore, the

quantile valueQk is obtained,

Qk D

(
minI k if

P I k
i D 1 ci > p k � n

maxI k if
P I k

i D 1 ci D pk � n

wherek D 1; 2; : : : ; 11.

PROC HPBIN calculates the split points as follows:
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� For pseudo–quantile binning, let the base countbc D ceil. n
numbin / . PROC HPBIN �nds those integers

f I k jk D 1; 2; : : :gsuch that

� I kX

i D 1

ci �
I k � 1X

i D 1

ci C bc or
I kX

i D 1

ci �
n

numbin
� k

�

and
I kX

i D 1

ci >
I k � 1X

i D 1

ci

and
I kX

i D 1

ci < n

wherek is thekth split.

The split value is

sk D min.x/ C
max.x/ � min.x/

N
� I k

wherek D 1; 2; : : :, andk < numbin.

The time complexity for pseudo–quantile binning isCO.n/=. nodes� cpus/, whereC is a constant
that depends on the number of sorting bucketN, n is the number of observations,nodesis the number
of computer nodes on the appliance, andcpusis the number of CPUs on each node.

� For Winsorized binning, the Winsorized statistics are computed �rst. After the minimum and maximum
have been found, the split points are calculated the same way as in bucket binning.

Let the tail countwc beceil.WinsorRate � n/ , and �nd the smallestI such that
P I

i D 1 ci � wc. Then,
the left tail count islwc D

P I
i D 1 ci . Find the nextI l such that

P I l
i D 1 ci > lwc . Therefore, the

minimum value isWinsorMin D minI l . Similarly, �nd the largestI such that
P N

i D I ci � wc. The
right tail count isrwc D

P N
i D I ci . Find the nextI r such that

P N
i D I r

ci > rwc. Then the maximum
value isWinsorMax D maxI r . The mean is calculated by the formula

WinsorMean D
lwc � WinsorMin C

P I r
i D I l

sumi C rwc � WinsorMax

n

The trimmed mean is calculated by the formula

trimmedMean D

P I r
i D I l

sumi

n � lwc � rwc

NOTE : PROC HPBIN prints an error or a warning message when the results might not be accurate.

NOTE : PROC HPBIN does not allow empty bins. If an empty bin is detected because of an insuf�cient
number of nonmissing observations, PROC HPBIN issues an error and exits.

NOTE : If PROC HPBIN detects an empty bin followed by a bin that is not empty, it skips the empty bin and
does not assign a number to it. In this case, the number of bins that PROC HPBIN generates is less than the
speci�ed number of bins.
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Computing the Weight of Evidence and Information Value

PROC HPBIN can compute the weight of evidence and the information value.

Weight of evidence (WOE) is a measure of how much the evidence supports or undermines a hypothesis.
WOE measures the relative risk of an attribute of binning level. The value depends on whether the value of
the target variable is a non-event or an event. An attribute's WOE is de�ned as follows:

WOEat t r ibute D ln
pnon � event

at t r ibute

pevent
at t r ibute

D ln

N at t r ibute
non � event

N total
non � event

N at t r ibute
event

N total
event

The de�nitions of the quantities in the preceding formula are as follows:

� N at t r ibute
non � event : the number of non-event records that exhibit the attribute

� N total
non � event : the total number of non-event records

� N at t r ibute
event : the number of event records that exhibit the attribute

� N total
event : the total number of event records

To avoid an unde�ned WOE, an adjustment factor,x, is used:

WOEat t r ibute D ln

N at t r ibute
non � event C x
N total

non � event

N at t r ibute
event C x

N total
event

You can use the WOEADJUST= option to specify a value between [0, 1] forx. By default,x is 0.5.

The information value (IV) is a weighted sum of the WOE of the characteristic's attributes. The weight is the
difference between the conditional probability of an attribute given an event and the conditional probability
of that attribute given a non-event. In the following formula of IV,m is the number of bins of a variable:

IV D
mX

i D 1

.
N at t r ibute

non � event

N total
non � event

�
N at t r ibute

event

N total
event

/ � WOEi

An information value can be any real number. Generally speaking, the higher the information value, the more
predictive a characteristic is likely to be.

Data Output

The HPBIN procedure can write an output table back to the database. If the input data are from the appliances
and the processing is alongside the database, PROC HPBIN writes the output table back to each appliance
in parallel. For single-machine mode, the output table is a SAS data set. In this case, you can still take
advantage of multithreading, which performs parallel computation on a single node.
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If you do not specify the OUTPUT option in the PROC HPBIN statement, the write-back process is skipped.
This is useful when only the basic statistical tables are computed.

By default, the output table contains the new binned variables. If you specify an ID statement, the output
table contains the IDs and the binned variables.

NOTE : If an input variable value is missing, then the binning output level value is 0.

ODS Tables

Each table that the HPBIN procedure creates has a name associated with it. You must use this name to refer
to the table in ODS statements. These table names are listed in Table 3.2.

Table 3.2 ODS Tables Produced by PROC HPBIN

Table Name Description Statement Options

BinInfo Basic binning information and
parameters

PROC HPBIN Default

InfoValue Information value for each variable PROC HPBIN WOE

Mapping Level mapping information PROC HPBIN Default

NObs Number of observations read and
used

PROC HPBIN WOE

PerformanceInfo Information about the
high-performance computing
environment

PROC HPBIN Default

Quantile Quantiles and extremes PROC HPBIN COMPUTEQUANTILE

Summary Summary statistics for the given
variables

PROC HPBIN COMPUTESTATS

Trim Trimmed statistics for the given
variables

PROC HPBIN WINSOR,
WINSORRATE

Winsor Winsor statistics for the given
variables

PROC HPBIN WINSOR,
WINSORRATE

WOE Weight of evidence for each bin PROC HPBIN WOE

Timing Timing PERFORMANCEDETAILS

The following list provides more information about these tables:

BinInfo By default, PROC HPBIN generates the “Binning Information” table in its ODS output.
This table displays some procedure parameters and data information, which includes the
binning method, the number of bins, and the number of variables.

InfoValue PROC HPBIN generates the “Information Value” table if you specify the WOE option in
the PROC HPBIN statement. This table provides the information value for each variable.
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Mapping By default, PROC HPBIN generates a “Mapping” table in its ODS output. This table
provides the level mapping for the input variables. The level starts at 1 and increases to
the value that you specify in the NUMBIN= option. In the mapping table, a missing value
for the lower bound indicates negative in�nity, and a missing value for the upper bound
indicates positive in�nity.

The �nal bin level can be less than the NUMBIN value if the input data are small or the
binning variable is discrete. In this case, a warning message is printed in the log.

NObs PROC HPBIN generates the “Nobs” table if you specify the WOE option. This table
provides the number of observations that are read and used.

PerformanceInfo By default, PROC HPBIN produces the “Performance Information” table. 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 number of compute
nodes and the number of threads per node.

Quantile PROC HPBIN generates the “Quantiles and Extremes” table if you specify the COM-
PUTEQUANTILE option. This table contains the following quantile levels for each
variable: 0% (Min), 1%, 5%, 10%, 15%, 25% (Q1), 50% (Median), 75% (Q3), 90%, 95%,
99%, and 100% (Max).

Summary PROC HPBIN generates the “Summary Statistics” table if you specify the COMPUTES-
TATS option. This table displays the variable name, number of nonmissing observations,
number of missing observations, mean, median, standard deviation, minimum, maximum,
and number of bins.

Trim PROC HPBIN also generates the “Trimmed Statistics” table if you specify the WINSOR
option. This table contains the trimmed minimum, maximum, mean, standard error mean,
left tail, left tail percentage, right tail, and right tail percentage, and the degrees of freedom
(DF).

Winsor PROC HPBIN generates the “Winsor Statistics” table if you specify the WINSOR option.
The “Winsor Statistics” table contains the Winsorized minimum, maximum, mean, stan-
dard error mean, left tail, left tail percentage, right tail, and right tail percentage, and the
degrees of freedom (DF).

WOE PROC HPBIN generates the “Weight of Evidence” table if you specify the WOE option in
the PROC HPBIN statement. This table provides the level mapping information, binning
information, weight of evidence, and information value for each bin.

When the “Weight of Evidence” table is printed, the “Mapping” table is not printed
because the level mapping information is the same in both tables.

In addition to the level mapping information, the “Weight of Evidence” table contains
some other information such as the non-event count, non-event rate, event count, event
rate, weight of evidence, and information value for each bin.
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Examples

Example 3.1: Bucket Binning in Single-Machine Mode

This example shows how you can use PROC HPBIN in single-machine mode.

The following DATA step creates the SAS data set as the input for the example:

data ex12;
length id 8;
do id=1 to 1000;

x1 = ranuni(101);
x2 = 10 * ranuni(201);
x3 = 100 * ranuni(301);
output;

end;
run;

The following statements show the basic usage:

proc hpbin data=ex12 output=out numbin=10 bucket ;
input x1-x3;

run;

proc print data=out(obs=10); run;

PROC HPBIN generates several ODS tables, which are shown in Output 3.1.1 through Output 3.1.2.

Output 3.1.1 PROC HPBIN Binning Information Display
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Output 3.1.2 PROC HPBIN Mapping Table

In this example, PROC HPBIN also generates the output table. The �rst 10 observations of the table are
shown in Output 3.1.3.
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Output 3.1.3 First 10 Observations in the Output Table

Example 3.2: Pseudo–Quantile Binning in Distributed Mode

This example shows pseudo–quantile binning that is executed in distributed mode. The following DATA step
generates 1,000,000 observations:

data ex12;
length id 8;
do id=1 to 1000000;

x1 = ranuni(101);
x2 = 10 * ranuni(201);
output;

end;
run;

You can run PROC HPBIN in distributed mode by specifying valid values for the NODES=, INSTALL=,
and HOST= options in the PERFORMANCE statement. An alternative to specifying the INSTALL= and
HOST= options in the PERFORMANCE statement is to set appropriate values for the GRIDHOST and
GRIDINSTALLLOC environment variables by using OPTIONS SET commands. See the section “Processing
Modes” on page 8 in Chapter 2, “Shared Concepts and Topics,” for details about setting these options or
environment variables.

The following statements provide an example. To run these statements successfully, you need to set the
macro variablesGRIDHOST andGRIDINSTALLLOC to resolve to appropriate values, or you can replace the
references to macro variables with appropriate values.

ods output BinInfo=bininfo;
ods output PerformanceInfo=perfInfo;
ods output Mapping=mapTable;
ods output Summary=Summary;
ods output Quantile=Quantile;
ods listing close;
proc hpbin data=ex12 output=out numbin=10 pseudo_quantile

computestats computequantile ;
input x1-x2;
performance nodes=4 nthreads=8
host="&GRIDHOST" install="&GRIDINSTALLLOC";

run;
ods listing;
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The “Performance Information” table in Output 3.2.1 shows the grid setting.

Output 3.2.1 PROC HPBIN Performance Information

The “Binning Information” table in Output 3.2.2 shows the binning method, number of bins, and number of
variables.

Output 3.2.2 PROC HPBIN Binning Information

The “Mapping” table in Output 3.2.3 shows the level mapping of the input variables.

Output 3.2.3 PROC HPBIN Mapping
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The “Summary Statistics” table in Output 3.2.4 displays the basic statistical information, including the
number of observations, number of missing observations, mean, median, and so on.

Output 3.2.4 PROC HPBIN Summary Statistics Table

The “Quantiles and Extremes” table in Output 3.2.5 shows the quantile computation of the variables. The
ODS table is generated only when the COMPUTESTATS option is speci�ed in the PROC HPBIN statement.

Output 3.2.5 PROC HPBIN Quantile Computation
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Example 3.3: Quantile Binning in Distributed Mode

This example shows quantile binning that is executed in distributed mode. Most of this example is the same
as the pseudo–quantile binning example (see “Example 3.2: Pseudo–Quantile Binning in Distributed Mode”
on page 55), so you can easily compare these two binning methods. The following DATA step generates
1,000,000 observations:

data ex12;
length id 8;
do id=1 to 1000000;

x1 = ranuni(101);
x2 = 10 * ranuni(201);
output;

end;
run;

You can run PROC HPBIN in distributed mode by specifying valid values for the NODES=, INSTALL=,
and HOST= options in the PERFORMANCE statement. An alternative to specifying the INSTALL= and
HOST= options in the PERFORMANCE statement is to set appropriate values for the GRIDHOST and
GRIDINSTALLLOC environment variables by using OPTIONS SET commands. See the section “Processing
Modes” on page 8 in Chapter 2, “Shared Concepts and Topics,” for details about setting these options or
environment variables.

The following statements provide an example. To run these statements successfully, you need to set the
macro variablesGRIDHOST andGRIDINSTALLLOC to resolve to appropriate values, or you can replace the
references to macro variables with appropriate values.

ods output BinInfo=bininfo;
ods output PerformanceInfo=perfInfo;
ods output Mapping=mapTable;
ods listing close;
proc hpbin data=ex12 output=out numbin=10 quantile;

input x1-x2;
performance nodes=4 nthreads=8
host="&GRIDHOST" install="&GRIDINSTALLLOC";

run;
ods listing;

The “Performance Information” table in Output 3.3.1 shows the grid setting.

Output 3.3.1 PROC HPBIN Performance Information
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The “Binning Information” table in Output 3.3.2 shows the binning method, number of bins, and number of
variables.

Output 3.3.2 PROC HPBIN Binning Information

The “Mapping” table in Output 3.3.3 shows the level mapping of the input variables. As you can see from
this table, when the binning method is quantile, PROC HPBIN assigns the same number of observations to
each bin for the input variables if possible.

Output 3.3.3 PROC HPBIN Mapping
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Example 3.4: Winsorized Binning

For Winsorized binning, PROC HPBIN provides bucket binning and basic Winsorized statistical information
for the input data. The following statements include the WINSOR and WINSORRATE=0.05 options and
generate tables for Winsor and trimmed statistics.

data ex12;
length id 8;
do id=1 to 10000;

x1 = ranuni(101);
x2 = 10 * ranuni(201);
x3 = 100 * ranuni(301);
output;

end;
run;

ods output Winsor=Winsor;
ods output Trim=Trim;
ods listing close;
proc hpbin data=ex12 NUMBIN=10 WINSOR WINSORRATE=0.05;

input x1-x2;
run;
ods listing;

The preceding statements generate Output 3.4.1 and Output 3.4.2.

Output 3.4.1 PROC HPBIN Winsorized Statistics

Output 3.4.2 PROC HPBIN Trimmed Statistics
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Example 3.5: Bucket Binning and Weight-of-Evidence Computation

This example shows bucket binning and weight-of-evidence (WOE) computation in two steps. In the �rst
step, PROC HPBIN does bucket binning and generates the mapping table. In the second step, PROC HPBIN
takes the mapping table that is generated in the �rst step as the BINS_META data set and computes the WOE
and the information value (IV).

data ex12;
input cl1 $ x0 x1 x2 y $ freq id;
datalines;

a 2 . 7 n 2 1
a 2 2 6 . 3 2
a 3 0 1 o 0 3
c 2 3 7 y . 4
c 2 . 4 n -5 5
a 3 6 7 n 3 6
b 1 4 4 y 4 7
b 2 5 6 y 3 8
b 1 6 4 o 1 9
b 2 3 2 n 3 10
;

proc hpbin data=ex12 numbin=5;
input x1/numbin=4;
input x2;
ods output Mapping=Mapping;

run;

proc hpbin data=ex12 WOE BINS_META=Mapping;
target y/level=nominal order=desc;

run;

Output 3.5.1 Number of Observations Table
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Output 3.5.2 Weight-of-Evidence Table

Output 3.5.3 Variable Information Value Table
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Overview: HPCORR Procedure

The HPCORR procedure computes Pearson correlation coef�cients and the probabilities associated with
these statistics. The Pearson product-moment correlation is a parametric measure of a linear relationship
between two variables.

A related type of correlation, polychoric correlation, measures the correlation between two unobserved
variables that have a bivariate normal distribution. Information about these variables is obtained through two
corresponding observed ordinal variables that are derived from the unobserved variables by classifying their
values into �nite sets of discrete, ordered values. Polychoric correlation is not available in the HPCORR
procedure, but it is available in the FREQ procedure.

When only one set of analysis variables is speci�ed, the default correlation analysis includes descriptive
statistics for each analysis variable and pairwise Pearson correlation statistics for these variables.
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When two sets of analysis variables are speci�ed, the default correlation analysis includes descriptive statistics
for each analysis variable and pairwise Pearson correlation statistics between the two sets of variables.

When the relationship between two variables is nonlinear or when outliers are present, the correlation
coef�cient might incorrectly estimate the strength of the relationship.

You can save the correlation statistics in a SAS data set for use with other statistical and reporting procedures.

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

NOTE : Distributed mode requires SAS High-Performance Server Distributed Mode.

PROC HPCORR Features

The HPCORR procedure is a high-performance procedure that offers the following functionality:

� It can perform analysis on a massively parallel SAS high-performance appliance.

� It reads input data in parallel and writes output data in parallel when the data source is the appliance
database.

� It is highly multithreaded during all phases of analytic execution.

Because the HPCORR 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 8 in Chapter 2, “Shared Concepts and
Topics.”

Getting Started: HPCORR Procedure

This example creates a simple data set and then uses PROC HPCORR to produce simple Pearson correlations
by executing on the client machine.

The following statements create the data setFitness, which has been altered to contain some missing values:

* ----------------- Data on Physical Fitness ----------------- *
| These measurements were made on men involved in a physical |
| fitness course at N.C. State University. |
| The variables are Age (years), Weight (kg), |
| Runtime (time to run 1.5 miles in minutes), and |
| Oxygen (oxygen intake, ml per kg body weight per minute) |
| Certain values were changed to missing for the analysis. |
* ------------------------------------------------------------ * ;
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data Fitness;
input Age Weight Oxygen RunTime @@;
datalines;

44 89.47 44.609 11.37 40 75.07 45.313 10.07
44 85.84 54.297 8.65 42 68.15 59.571 8.17
38 89.02 49.874 . 47 77.45 44.811 11.63
40 75.98 45.681 11.95 43 81.19 49.091 10.85
44 81.42 39.442 13.08 38 81.87 60.055 8.63
44 73.03 50.541 10.13 45 87.66 37.388 14.03
45 66.45 44.754 11.12 47 79.15 47.273 10.60
54 83.12 51.855 10.33 49 81.42 49.156 8.95
51 69.63 40.836 10.95 51 77.91 46.672 10.00
48 91.63 46.774 10.25 49 73.37 . 10.08
57 73.37 39.407 12.63 54 79.38 46.080 11.17
52 76.32 45.441 9.63 50 70.87 54.625 8.92
51 67.25 45.118 11.08 54 91.63 39.203 12.88
51 73.71 45.790 10.47 57 59.08 50.545 9.93
49 76.32 . . 48 61.24 47.920 11.50
52 82.78 47.467 10.50
;

The following statements invoke the HPCORR procedure and request a correlation analysis:

proc hpcorr data=Fitness;
run;

The “Performance Information” table in Figure 4.1 shows that the procedure executes in single-machine
mode—that is, the data reside and the computation executes on the machine where the SAS session executes.
This run of the HPCORR procedure was performed on a multicore machine; one computational thread was
spawned for each core.

The “Simple Statistics” table in Figure 4.1 displays univariate statistics for the analysis variables.

Figure 4.1 Performance Information and Univariate Statistics

By default, all numeric variables not listed in other statements are used in the analysis. Observations that
have nonmissing values for each variable are used to derive the univariate statistics for that variable.

The “Pearson Correlation Coef�cients” table in Figure 4.2 displays the Pearson correlation, thep-value under
the null hypothesis of zero correlation, and the number of nonmissing observations for each pair of variables.
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Figure 4.2 Pearson Correlation Coef�cients

By default, Pearson correlation statistics are computed from observations that have nonmissing values for
each pair of analysis variables. Figure 4.2 displays a correlation of� 0.86843 betweenRuntime andOxygen,
which is signi�cant with ap-value less than 0.0001. That is, an inverse linear relationship exists between
these two variables. AsRuntime (time in minutes to run 1.5 miles) increases,Oxygen (oxygen intake in
milliliters per kilogram body weight per minute) decreases.

Syntax: HPCORR Procedure

The following statements are available in PROC HPCORR:

PROC HPCORR < options > ;
FREQ variable ;
PERFORMANCE performance-options ;
VAR variables ;
WEIGHT variable ;
WITH variables ;

The FREQ statement speci�es the variable that represents the frequency of occurrence for other values in the
observation.

The VAR statement lists the numeric variables to be analyzed and their order in the correlation matrix. If you
omit the VAR statement, all numeric variables not listed in other statements are used.

The WEIGHT statement identi�es the variable whose values weight each observation to compute Pearson
product-moment correlation.

The WITH statement lists the numeric variables with which correlations are to be computed.

The PROC HPCORR statement is the only required statement for the HPCORR procedure.

The rest of this section provides detailed syntax information for each of these statements, beginning with the
PROC HPCORR statement. The remaining statements are presented in alphabetical order.
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PROC HPCORR Statement

PROC HPCORR < options > ;

Table 4.1 summarizes theoptions available in the PROC HPCORR statement.

Table 4.1 Summary of PROC HPCORR Options

Option Description

Data Sets
DATA= Speci�es the input data set
OUTP= Speci�es the output data set with Pearson correlation statistics
Statistical Analysis
EXCLNPWGT Excludes from the analysis observations that have nonpositive weight values
NOMISS Excludes from the analysis observations that have missing analysis values
Pearson Correlation Statistics
COV Computes covariances
CSSCP Computes corrected sums of squares and crossproducts
SSCP Computes sums of squares and crossproducts
Printed Output
BEST= Displays the speci�ed number of ordered correlation coef�cients
NOCORR Suppresses Pearson correlations
NOPRINT Suppresses all printed output
NOPROB Suppressesp-values
NOSIMPLE Suppresses descriptive statistics
RANK Displays ordered correlation coef�cients

You can specify the followingoptions in the PROC HPCORR statement:

BEST=n
prints then highest correlation coef�cients for each variable. The value ofn must be greater than or
equal to 1. Correlations are ordered from highest to lowest in absolute value. If you do not specify this
option, PROC HPCORR prints correlations in a rectangular table, using the variable names as row and
column labels.

COV
displays the variance/covariance matrix. When you specify this option, the Pearson correlations are
also displayed. If you specify the OUTP= option, the output data set also contains the covariance
matrix with the corresponding _TYPE_ variable value�COV� .

CSSCP
displays a table of the corrected sums of squares and crossproducts. When you specify this option,
the Pearson correlations are also displayed. If you specify the OUTP= option, the output data set also
contains a CSSCP matrix with the corresponding _TYPE_ variable value�CSSCP� .
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DATA=SAS-data-set
names the SAS data set to be analyzed by PROC HPCORR. If you do not specify this option, PROC
HPCORR uses the most recently created SAS data set.

EXCLNPWGT

EXCLNPWGTS
excludes from the analysis observations that have nonpositive weight values. If you do not specify this
option, PROC HPCORR treats observations with negative weights like those with zero weights and
counts them in the total number of observations.

NOCORR
suppresses the display of the Pearson correlations. If you specify the OUTP= option, the data set
_TYPE_ remains�CORR� . To change the data set type to COV, CSSCP, or SSCP, use the (TYPE=)
data set option.

NOMISS
excludes from the analysis observations that have missing values. If you do not specify this option,
PROC HPCORR computes correlation statistics by using all of the nonmissing pairs of variables.
Using this option is computationally more ef�cient.

NOPRINT
suppresses all displayed output. Use this option if you only want to create an output data set.

NOPROB
suppresses the display of the probabilities that are associated with each correlation coef�cient.

NOSIMPLE
suppresses the printing of simple descriptive statistics for each variable. However, if you request an
output data set, the output data set still contains simple descriptive statistics for the variables.

OUTP=output-data-set

OUT=output-data-set
creates an output data set that contains Pearson correlation statistics. This data set also includes means,
standard deviations, and the number of observations. The value of the _TYPE_ variable is�CORR� .

RANK
displays the ordered correlation coef�cients for each variable. Correlations are ordered from highest to
lowest in absolute value.

SSCP
displays a table of the sums of squares and crossproducts. When you specify this option, the Pearson
correlations are also displayed. If you specify the OUTP= option, the output data set contains a SSCP
matrix and the corresponding _TYPE_ variable value is�SSCP� .

VARDEF=DF | N | WDF | WEIGHT | WGT
speci�es the variance divisor in the calculation of variances and covariances. The default is
VARDEF=DF.

Table 4.2 shows the available values and associated divisors for the VARDEF= option, wheren is
the number of nonmissing observations andwj is the weight associated with thejth nonmissing
observation.
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Table 4.2 Possible Values for the VARDEF= Option

Value Description Divisor

DF Degrees of freedom n � 1
N Number of observations n
WDF Sum of weights minus one

P n
j wj � 1

WEIGHT | WGT Sum of weights
P n

j wj

FREQ Statement

FREQ variable ;

The FREQ statement speci�es a numericvariable whose value represents the frequency of the observation.
If you use the FREQ statement, PROC HPCORR assumes that each observation representsn observations,
wheren is the value of the FREQvariable. If n is not an integer, SAS truncates it. Ifn is less than 1 or is
missing, the observation is excluded from the analysis. The sum of the frequency variables represents the
total number of observations.

The effects of the FREQ and WEIGHT statements are similar except when the degrees of freedom are
calculated.

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 the HPCORR procedure.

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

The PERFORMANCE statement is documented further in the section “PERFORMANCE Statement” on
page 33.

VAR Statement

VAR variables ;

The VAR statement lists variables for which correlation coef�cients are to be computed. If the VAR statement
is not speci�ed, PROC HPCORR computes correlations for all numeric variables that are not listed in other
statements.
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WEIGHT Statement

WEIGHT variable ;

The WEIGHT statement lists weights to use in the calculation of Pearson weighted product-moment correla-
tion.

Observations that have missing weights are excluded from the analysis. By default, for observations that
have nonpositive weights, weights are set to 0 and the observations are included in the analysis. You can use
the EXCLNPWGT option to exclude observations with negative or zero weights from the analysis.

WITH Statement

WITH variables ;

The WITH statement lists variables with which correlations of the VAR statement variables are to be
computed. The WITH statement requests correlations of the formr.X i ; Yj / , whereX1; : : : ; Xm are analysis
variables that you specify in the VAR statement andY1; : : : ; Yn are variables that you specify in the WITH
statement. The correlation matrix has a rectangular structure of the form

2

6
4

r.Y1; X1/ � � � r .Y1; Xm /
:::

: : :
:::

r .Yn ; X1/ � � � r .Yn ; Xm /

3

7
5

For example, the statements

proc corr;
var x1 x2;
with y1 y2 y3;

run;

produce correlations for the following combinations:

2

4
r.Y1; X1/ r.Y1; X2/
r.Y 2; X1/ r.Y 2; X2/
r.Y 3; X1/ r.Y 3; X2/

3

5

Details: HPCORR Procedure

Pearson Product-Moment Correlation

The Pearson product-moment correlation is a parametric measure of association for two variables. It measures
both the strength and the direction of a linear relationship. If one variableX is an exact linear function of
another variableY, a positive relationship exists if the correlation is 1, and a negative relationship exists if the
correlation is� 1. If there is no linear predictability between the two variables, the correlation is 0. If the
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two variables are normal with a correlation 0, the two variables are independent. Correlation does not imply
causality because, in some cases, an underlying causal relationship might not exist.

The formula for the population Pearson product-moment correlation, denoted� xy , is

� xy D
Cov.x; y/

p
V.x/ V.y/

D
E. .x � E.x//.y � E.y// /

p
E.x � E.x// 2 E.y � E.y// 2

The sample correlation, such as a Pearson product-moment correlation or weighted product-moment correla-
tion, estimates the population correlation. The formula for the sample Pearson product-moment correlation is
as follows, whereNx is the sample mean ofx is the sample mean ofy:

rxy D

P
i . .x i � Nx/.y i � Ny/ /

p P
i .x i � Nx/ 2

P
i .y i � Ny/ 2

The formula for a weighted Pearson product-moment correlation is as follows, wherewi is the weight,Nxw is
the weighted mean ofx, and Nyw is the weighted mean ofy:

rxy D

P
i wi .x i � Nxw /.y i � Nyw /

p P
i wi .x i � Nxw /2

P
i wi .y i � Nyw /2

Probability Values

Probability values for the Pearson correlation are computed by treating the following equation as if it came
from at distribution with.n � 2/ degrees of freedom, wherer is the sample correlation:

t D .n � 2/1=2
�

r 2

1 � r 2

� 1=2

The partial variance-covariance matrix is calculated with the variance divisor (speci�ed in the VARDEF=
option). PROC HPCORR then uses the standard Pearson correlation formula on the partial variance-
covariance matrix to calculate the Pearson partial correlation matrix.

When a correlation matrix is positive de�nite, the resulting partial correlation between variablesx andy after
adjusting for a single variablez is identical to that obtained from the following �rst-order partial correlation
formula, whererxy , rxz , andryz are the appropriate correlations:

rxy:z D
rxy � rxz ryzq

.1 � r 2
xz /.1 � r 2

yz /

The formula for higher-order partial correlations is a straightforward extension of the preceding �rst-order
formula. For example, when the correlation matrix is positive de�nite, the partial correlation betweenx and
y that controls for bothz_1 andz_2 is identical to the following second-order partial correlation formula,
whererxy:z 1 , rxz 2 :z1 , andryz 2 :z1 are �rst-order partial correlations among variablesx, y, andz_2 givenz_1:

rxy:z 1 z2 D
rxy:z 1 � rxz 2 :z1 ryz 2 :z1q
.1 � r 2

xz 2 :z1
/.1 � r 2

yz 2 :z1
/
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Multithreading

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

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

� You can specify the CPU count with the CPUCOUNT= SAS system option. For example, if you
specify the following statements, the HPCORR procedure schedules threads as if it executed on a
system with four CPUs, regardless of the actual CPU count:

options cpucount=4;

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

The number of threads per machine is displayed in the “Performance Information” table, which is part of the
default output. The HPCORR procedure allocates one thread per CPU.

The HPCORR procedure implements a data-parallel model. For example, if the input data set has 1,000
observations and you are running with four threads, then 250 observations are associated with each thread.
All operations that require access to the data are then multithreaded.

Output Tables

By default, PROC HPCORR prints a report that includes descriptive statistics and correlation statistics for
each variable. The descriptive statistics include the number of observations that have nonmissing values, the
mean, the standard deviation, the minimum, and the maximum.

If a nonparametric measure of association is requested, the descriptive statistics include the median. Otherwise,
the sample sum is included. If a Pearson partial correlation is requested, the descriptive statistics also include
the partial variance and partial standard deviation.

If variable labels are available, PROC HPCORR labels the variables. If you specify the CSSCP, SSCP, or
COV option, the appropriate sums of squares and crossproducts and covariance matrix appear at the top of
the correlation report. If the data set contains missing values, PROC HPCORR prints additional statistics for
each pair of variables.

These statistics, calculated from the observations that have nonmissing row and column variable values,
might include the following:

� SSCP(`W',`V'), uncorrected sums of squares and crossproducts
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� USS(`W'), uncorrected sums of squares for the row variable

� USS(`V'), uncorrected sums of squares for the column variable

� CSSCP(`W',`V'), corrected sums of squares and crossproducts

� CSS(`W'), corrected sums of squares for the row variable

� CSS(`V'), corrected sums of squares for the column variable

� COV(`W',`V'), covariance

� VAR(`W'), variance for the row variable

� VAR(`V'), variance for the column variable

� DF(`W',`V'), divisor for calculating covariance and variances

For each pair of variables, PROC HPCORR prints the correlation coef�cients, the number of observations
that are used to calculate the coef�cient, and thep-value.

Output Data Sets

PROC HPCORR creates an output data set that contains statistics for Pearson correlation. By default, the
output data set is a special data set type (TYPE=CORR) that is recognized by many SAS/STAT procedures,
including the REG and FACTOR procedures. When you specify the NOCORR option and the COV, CSSCP,
or SSCP option, use the (TYPE=) data set option to change the data set type to COV, CSSCP, or SSCP.

The output data set includes the following variables:

� _TYPE_ variable, which identi�es the type of observation

� _NAME_ variable, which identi�es the variable that corresponds to a given row of the correlation
matrix

� INTERCEPT variable, which identi�es variable sums when the SSCP option is speci�ed

� VAR variables, which identify the variables listed in the VAR statement

You can use a combination of the _TYPE_ and _NAME_ variables to identify the contents of an observation.
The _NAME_ variable indicates which row of the correlation matrix the observation corresponds to. The
values of the _TYPE_ variable are as follows:

� SSCP, uncorrected sums of squares and crossproducts

� CSSCP, corrected sums of squares and crossproducts

� COV, covariances

� MEAN, mean of each variable
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� STD, standard deviation of each variable

� N, number of nonmissing observations for each variable

� SUMWGT, sum of the weights for each variable when using a WEIGHT statement

� CORR, correlation statistics for each variable

If you specify the SSCP option, the OUTP= data set includes an additional observation that contains intercept
values.

ODS Table Names

PROC HPCORR assigns a name to each table it creates. These names are listed in Table 4.3. You must use
these names to refer to tables when you use the Output Delivery System (ODS). For more information about
ODS, see Chapter 20, “Using the Output Delivery System” (SAS/STAT User's Guide).

Table 4.3 ODS Tables Produced by PROC HPCORR

ODS Table Name Description Option

Cov Covariances COV
Csscp Corrected sums of squares and crossproducts CSSCP
PearsonCorr Pearson correlations
SimpleStats Simple descriptive statistics
Sscp Sums of squares and crossproducts SSCP
VarInformation Variable information
PerformanceInfo Information about high-performance computing environment

Examples: HPCORR Procedure

Example 4.1: Computing the Pearson Measure of Association in
Single-Machine Mode

The Fitness data set created in the section “Getting Started: HPCORR Procedure” on page 64 contains
measurements from a study of physical �tness of 31 participants. The following statements request the
Pearson measure of association for the variablesWeight, Oxygen, andRuntime:

title �Measures of Association for a Physical Fitness Study�;
proc hpcorr data=Fitness pearson;

var Weight Oxygen RunTime;
run;
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The “Simple Statistics” table in Output 4.1.1 displays univariate descriptive statistics for the analysis variables.
By default, observations that have nonmissing values for each variable are used to derive the univariate
statistics for that variable.

Output 4.1.1 Simple Statistics

The “Pearson Correlation Coef�cients” table in Output 4.1.2 displays the Pearson correlation statistics for
pairs of analysis variables. The Pearson correlation is a parametric measure of association for two continuous
random variables. When the data have missing values, the number of observations used to calculate the
correlation can vary.

Output 4.1.2 Pearson Correlation Coef�cients

The table shows that the Pearson correlation betweenRuntime andOxygen is � 0.86843, which is signi�cant
with a p-value less than 0.0001. This indicates a strong negative linear relationship between these two
variables. AsRuntime increases,Oxygen decreases linearly.
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Example 4.2: Computing the Pearson Measure of Association in Distributed
Mode

The real power of PROC HPCORR is when the computation is solved with multiple threads or in a distributed
environment.

You can switch to running in distributed mode simply by specifying valid values for the NODES=, INSTALL=,
and HOST= options in the PERFORMANCE statement.

An alternative to specifying the INSTALL= and HOST= options in the PERFORMANCE statement is to set
appropriate values for the GRIDHOST and GRIDINSTALLLOC environment variables by using OPTIONS
SET commands. For more information about setting these options or environment variables, see the section
“Processing Modes” on page 8 in Chapter 2, “Shared Concepts and Topics.”

The following statements provide an example. To run these statements successfully, you need to set the
macro variablesGRIDHOST andGRIDINSTALLLOC to resolve to appropriate values, or you can replace the
references to macro variables with appropriate values.

The macro variableBRECLIB is the name of a libref to a billion-record database.

title �PROC HPCORR Processing Billion-Record Database�;
proc hpcorr data=&BRECLIB;

var x1-x5;
performance host=&GRIDHOST install=&GRIDINSTALLLOC;

run;

The execution mode in the “Performance Information” table shown in Output 4.2.1 indicates that the
calculations were performed in a distributed environment that uses 16 nodes; the data are predistributed using
a Greenplum parallel database.

Output 4.2.1 Performance Information in Distributed Mode

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

NOTE: The HPCORR procedure is executing in the distributed
computing environment with 16 worker nodes.

Because the sample database uses random data, the results are not meaningful. The power of high-
performance analytics is that this test can be completed in a matter of minutes instead of hours.
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The HPDMDB Procedure
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Overview: HPDMDB Procedure

The HPDMDB procedure is a high-performance version of the DMDB procedure, which creates summaries
of the input data source. PROC HPDMDB creates two output data sets: the VAROUT data set, which
contains a summary of the numeric variables, and the CLASSOUT data set, which contains a summary of the
classi�cation variables.

PROC HPDMDB is high-performance in that it takes advantage of distributed and multicore computing
environments when the input data are stored on the SAS appliance.

You can use PROC HPDMDB to create a data mining database (DMDB) that is compatible with the DMDB
from PROC DMDB, although this feature of PROC HPDMDB might not be supported in future versions.

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

NOTE : Distributed mode requires SAS High-Performance Server Distributed Mode.

Because the HPDMDB 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
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� 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 8 in Chapter 2, “Shared Concepts and
Topics.”

Getting Started: HPDMDB Procedure

The HPDMDB procedure summarizes data. The following example uses theSampsio.Hmeq data set, which
includes information about 5,960 �ctitious mortgages. Each case represents an applicant for a home equity
loan, and all applicants have an existing mortgage. The binary target variableBAD indicates whether an
applicant eventually defaulted or was ever seriously delinquent. There are 10 numeric input variables and
three classi�cation input variables.

proc hpdmdb data=Sampsio.Hmeq
classout=cout varout=vout;

var loan derog mortdue value yoj delinq
clage ninq clno debtinc;

class bad(desc) reason(ascending) job;
run;

proc print data=cout;run;
proc print data=vout;run;

The data setcout (shown in Figure 5.1) contains the class summary table with levels sorted according to
the sort option in the CLASS statement of PROC HPDMDB. You can see that the levels forBAD are in
descending order and the levels forREASON are in ascending order. The levels forJOB are in the default
ascending order.

Figure 5.1 Summaries of Classi�cation Variables in Sampsio.Hmeq Data Set
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Figure 5.1 continued


	Contents
	Credits
	Documentation
	Software
	Testing
	Internationalization Testing
	Technical Support

	Acknowledgments

	Introduction
	Overview of Base SAS High-Performance Procedures
	About This Book
	Chapter Organization
	Typographical Conventions
	Options Used in Examples

	SAS Technical Support Services

	Shared Concepts and Topics
	Overview
	Processing Modes
	Single-Machine Mode
	Distributed Mode
	Controlling the Execution Mode with Environment Variables and Performance Statement Options
	Determining Single-Machine Mode or Distributed Mode

	Data Access Modes
	Single-Machine Data Access Mode
	Distributed Data Access Mode
	Determining the Data Access Mode

	Alongside-the-Database Execution
	Alongside-LASR Distributed Execution
	Running High-Performance Analytical Procedures Alongside a SAS LASR Analytic Server in Distributed Mode
	Starting a SAS LASR Analytic Server Instance
	Associating a SAS Libref with the SAS LASR Analytic Server Instance
	Running a High-Performance Analytical Procedure Alongside the SAS LASR Analytic Server Instance
	Terminating a SAS LASR Analytic Server Instance

	Alongside-LASR Distributed Execution on a Subset of the Appliance Nodes
	Running High-Performance Analytical Procedures in Asymmetric Mode
	Running in Asymmetric Mode on Distinct Appliances

	Alongside-HDFS Execution
	Alongside-HDFS Execution by Using the SASHDAT Engine
	Alongside-HDFS Execution by Using the Hadoop Engine

	Output Data Sets
	Working with Formats
	PERFORMANCE Statement

	The HPBIN Procedure
	Overview: HPBIN Procedure
	Bucket Binning 
	Winsorized Binning
	Quantile Binning
	Pseudo–Quantile Binning
	PROC HPBIN Features

	Getting Started: HPBIN Procedure
	Syntax: HPBIN Procedure
	PROC HPBIN Statement
	CODE Statement
	FREQ Statement
	ID Statement
	INPUT Statement
	PERFORMANCE Statement
	TARGET Statement

	Details: HPBIN Procedure
	Computing the Quantiles (Percentiles)
	Binning Computation and Formulas
	Computing the Weight of Evidence and Information Value
	Data Output
	ODS Tables

	Examples
	Example 3.1: Bucket Binning in Single-Machine Mode
	Example 3.2: Pseudo–Quantile Binning in Distributed Mode
	Example 3.3: Quantile Binning in Distributed Mode
	Example 3.4: Winsorized Binning
	Example 3.5: Bucket Binning and Weight-of-Evidence Computation


	The HPCORR Procedure
	Overview: HPCORR Procedure
	PROC HPCORR Features

	Getting Started: HPCORR Procedure
	Syntax: HPCORR Procedure
	PROC HPCORR Statement
	FREQ Statement
	PERFORMANCE Statement
	VAR Statement
	WEIGHT Statement
	WITH Statement

	Details: HPCORR Procedure
	Pearson Product-Moment Correlation
	Multithreading
	Output Tables
	Output Data Sets
	ODS Table Names

	Examples: HPCORR Procedure
	Example 4.1: Computing the Pearson Measure of Association in Single-Machine Mode
	Example 4.2: Computing the Pearson Measure of Association in Distributed Mode

	References

	The HPDMDB Procedure
	Overview: HPDMDB Procedure
	Getting Started: HPDMDB Procedure
	Syntax: HPDMDB Procedure
	PROC HPDMDB Statement
	CLASS Statement
	FREQ Statement
	PERFORMANCE Statement
	VAR Statement
	WEIGHT Statement

	Details: HPDMDB Procedure
	Examples: HPDMDB Procedure
	Example 5.1: Running PROC HPDMDB on the Client
	Example 5.2: Running with Client Data on the SAS appliance
	Example 5.3: Running with Data on the SAS appliance


	The HPDS2 Procedure
	Overview: HPDS2 Procedure
	PROC HPDS2 Features
	Single-Machine and Distributed Execution Modes

	Getting Started: HPDS2 Procedure
	Syntax: HPDS2 Procedure
	PROC HPDS2 Statement
	DATA Statement
	ENDDATA Statement
	PERFORMANCE Statement
	QUIT Statement
	RUN Statement
	RUN CANCEL Statement

	Details: HPDS2 Procedure
	Parallel Execution of DS2 Code
	Limitations and Issues
	Packages
	Threads
	PERFORMANCE Statement Options
	Data Input/Output
	Data Types and Declarations
	Error Messages


	Examples: HPDS2 Procedure
	Example 6.1: Compute Mandelbrot Set
	Example 6.2: Aggregate Result Data Set


	The HPIMPUTE Procedure
	Overview: HPIMPUTE Procedure
	PROC HPIMPUTE Features
	Single-Machine and Distributed Execution Modes

	Getting Started: HPIMPUTE Procedure
	Syntax: HPIMPUTE Procedure
	PROC HPIMPUTE Statement
	CODE Statement
	FREQ Statement
	ID Statement
	IMPUTE Statement
	INPUT Statement
	PERFORMANCE Statement

	Details: HPIMPUTE Procedure
	Obtaining the Statistics for Imputation
	Random Imputation
	Displayed Output
	ODS Table Names

	Examples: HPIMPUTE Procedure
	Example 7.1: Running Client Data on the Client
	Example 7.2: Running Client Data on the SAS Appliance


	The HPSAMPLE Procedure
	Overview: HPSAMPLE Procedure
	Getting Started: HPSAMPLE Procedure
	Syntax: HPSAMPLE Procedure
	PROC HPSAMPLE statement
	CLASS statement
	PERFORMANCE statement
	TARGET statement
	VAR statement

	Details: HPSAMPLE Procedure
	Class Level
	Displayed Output
	ODS Table Names

	Examples: HPSAMPLE Procedure
	Example 8.1: Running PROC HPSAMPLE on the Client
	Example 8.2: Running with Client Data on the SAS Appliance
	Example 8.3: Running with Client Data on the SAS Appliance


	The HPSUMMARY Procedure
	Overview: HPSUMMARY Procedure
	PROC HPSUMMARY Features
	Single-Machine and Distributed Execution Modes
	PROC HPSUMMARY Contrasted with Other Procedures

	Getting Started: HPSUMMARY Procedure
	Syntax: HPSUMMARY Procedure
	PROC HPSUMMARY Statement
	Statistic Keywords
	CLASS Statement
	FREQ Statement
	OUTPUT Statement
	PERFORMANCE Statement
	TYPES Statement
	VAR Statement
	WAYS Statement
	WEIGHT Statement

	Details: HPSUMMARY Procedure
	How PROC HPSUMMARY Groups Data
	Computational Resources
	Statistical Computations
	Results
	Keywords and Formulas

	References

	Subject Index
	Syntax Index

